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Abstract

Self-organization is a process in which individual calleangen a higher-level order of
structure and patternsThis dissertation bridges spatial scales in multicellular signaling
dynamics and multicellular organizatiorhefirst chaptelinvestigates endothelial cell
monolayers' calcium synchronization in response to mechanical stifeilised information
theory to quantify thasymmetric informationtransfer between pairs of cells and defined
guantitative measured how single cellseceive or transmit information in the multicellular
network.We revealed that collective synchronization emerged through gradual information
spread, driven by heterogeneous communication properties among leelsecond chapter
introduces Contextlependenldentification of Spatial Motifs (CISM), a method for identifying
modular cellular interactions at a fine spatial scale of a few cells. Applied to melandma
triple-negative breastancer (TNBC}patial single cell proteomics data, CISM predicts disease
states effectively and uncovers specific cellular compositions and sylligdr organization
that characterize different disease conditions. These stediesl the modular components and
emerging dynamics that lead to collective belhaviorfor understanding multicellulaself

organizatiorandassociatingnodular componentsith disease states.

Keywords

cell-cell communication, live cell imaging, calcium dynamics, multicellular synchronization,
mechanosensing, Granger causalpatialsingle cell proteomics, tumor microenvironment,

network motifs triple negative breast cancer, melanoma
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Introduction

Cell biological processes cross scales in space and time: molecules organize within cells, and
cells organize within tissues. The architecture and functiatdof a healthy tissueelieson
individual cells using basic cellular machineries to influence and respond to neighboring cells
through a complex interplay of chemical and physical cues. Dysfunctional regulation of
molecular and cellular processgwderlieshe defected tissue organization and function in
disease. How local interactions at the &nzpll scale are integrated in space and time to induce
function or loss of function at the tissue scale is yet to be fully resdiésidissertation
investigateshefundamental questioof howdo cellular heterogeneity and noisy interactions

between cells converge to regulate the emergence of tissue scale architecture and function?

Progress in this area has been confounded by the technical challenges in systematically
characterizing heterogeneity and bridging scales in space and time. Traditional approaches of
perturbing the cells and measuring alterations in the collective tisgu@nsee cannot explain the
bottomup process of coordinating groups of cells at the tissue scale because population averages
mask the single cell heterogeneity and the spatiotemporal integration of information across
scales, i.e., from the scale of orgaesglvithin cells to single cells to the multicellular collective

that enablea biological function. Thus, elucidating emergent physiological tissue state requires
systematic and integrated quantitative evalua
cells and their composition, as waiof how single cells interact with one another to contribute

to the collective tissue outcome. This dissertation investigates two bogenodular

characterizations of tissue state: following the bottgorcolledive signaling synchronization

process of an endothelial monolayer in response to shear stress and identifying multicellular
modular components as an intermediate scale of multicellular organization in melanoma and

triple-negative breast cancer patients (fFig.
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Collective Behavior

A
Spatial (Spatiotemporal) Structures
Bridging
Scale
Cell-Cell Communication
v Individual Cell

Figure 11. Bridging the scale between single and collective cell behavior and organization.
lllustration of different modular perspectives between individual cell analysis aratgetfized
multicellular system. Bottorap: single cell, pairwise analysis, spatial modular components, and self
organized multicellular system.

In the first chapter of my dissertation, we quantitatively characterized the dynamics of
multicellular synchronization at the singtell level usinga datadrivenapproachtand tools from
information theory. We quantitatively characterized the process of mechanically stimulated
multicellular calcium synchronization by applying Grangausality and network analysis to

live calcium imaging of endothelial cell monolayehs$ the cellular scale, we found that
increased connectivity, heterogeneity, and memory were associated with the emergence of
synchronization across a multicellular networkagyradual transition from local to global
information spread. We propose that cells gradually learn their local environment, adjust, and
reinforce their internal state to stabilize the mullidar network architecture to support
information flow from local to global scales toward multicellular synchronization. A full version

was published in the Cell System journal in 2022.

The seconahapter introducea new methodermedContextdependent Identification of Spatial

Motifs (CISM) that captures recurrent patterns in cell type organization within the tissue to

identify modular components at the spatial scale of a few. &istial motifs are defined as sub
networks that occur more than expected in the cellular network that is composed of cells (nodes),
cell types (node col or ), aQCISM extracts alcneotifdfrend s pat i

each tissue and then filters them according to a specific cuuealy,asvhat madifs are

12



discriminative between different tissue clinical disease stahesmethodenables biological
insight at the spatial scale of a few cells and their composienapplied thenethod to infer
differences in the microenvironment of different disease states in the conkéetasfoma and
TNBC using singe cefproteomicamaging CISM can be used for hypothesis generation and
explanatory modeling. This study will very soon be releaséibixiv and submitted for

publication.

Cumulatively my research demonstrates bottamapproaches for bridging the scales between
singlecell and multicellular information processing and decisiwaking, an innovation

necessary for a more holistic and complete understanding of how multicellular systeats. ope
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Summary

Multicellular synchronization is a ubiquitous phenomenon in living systems. However, how

noisy and heterogeneous behaviors of individual cells are integrated across a population toward
multicellular synchronization is unclear. Here we study the proceassiltitellular calcium

synchronization of endothelial cell monolayer in response to mechanical stimuli. We applied
informationtheory to quantify the asymmetric informatitiansfer between pairs of cells and

defined quantitative measures to how singlesagteive or transmit information within a

multicellular network. Our analysis revealed that multicellular synchronization was established

by gradual enhancement of information spread from the single cell to the multicellular scale.
Synchronizatonwasassc i at ed with heterogeneity in the c:¢
reinforcement of the cellsbdé state and i nfor ma
phenomenological model where cells gradually learn their local environment, adjust and

reinforce their interal state to stabilize the multicellular network architecture to support

information flow from local to global scales toward multicellular synchronizafaecord of

this paperés Transparent Peer Review process
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Introduction

Synchronized multicellular dynamics is the basis of many critical physiological processes, such
as the rhythmic beating of cardiomyocytes, planar cell polarity, and brain activities. The human
endothelium, for instance, consists of a staggering over idientendothelial cells which

constantly monitor environmental cues such as shear stress, in order to collectively regulate the
vasculature tonfDavies, 2008; Wolinsky, 1980However, a fundamental question remains
elusive: how synchronization in the group emerges from the interactions of individual cells, each

making stochastic decisions based on noisy cues from their local environment?

A major challenge toward establishing multicellular synchronization lays at how single cells
translate environment information to intracellular signaling respqRsgkins Peter S., 2009)
Signaling in celloftenrely on low copy numbers of proteifiduang et al., 2007%nd diffusion
limited intracellular transpoBrangwynne et al., 2009T hese effects, often considered as
intrinsic noises, lead to variable single cell signaling dynamics even in response to identical
external stimul(Elowitz et al., 2002; Swain et al., 2002el+to-cell variation, or intercellular
heterogeneity, is present even for cells originating from the same genetic background, also
complicates our understanding of multicellular synchronization processes. Stichoetll
variation, or norgenetic inercellular heterogeneity, may arise from differences in gene
expression levels (also terms as extrinsic noise), alternative splicing, as well as post translation
modifications(Bintu et al., 2016; Elowitz et al., 2002; Gut et al., 2018; Ng et al., 2018; Raj and
van Oudenaarden, 2008ytercellular heterogeneity implies that individual cells take different
states, or phenotypes, which mayrélated withintrinsic noises such as by varying the copy
number of receptors to modulate the probability of activafimung et al., 2008)intercellular
heterogeneity also modulates the propensity of cells to interact with their peers, as the
communication between cells depend on specialized molecular channels such as gap junctions
(Calderon and Retamal, 2016; Nicholson and Bruzzone, 1B@wWever, it is not known

whether norgeneticintercellular heterogeneity can play a constructive role in information
transfer between cells in multicellular systems. As such, we ask whether some cells within a
group function as leaders or followers, promoting the spread of information throughubpe gro
while others act individually, and whether such heterogeneity is important for the

synchronization of multicellular dynamics.
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Previously, we demonstrated that ez#ll communication through gap junctioffujii et al.,
2017)modulated ATFinduced calcium signaling in monolayers of fibroblast a@8isn et al.,

2012) Tuning the levels of intercellular communications, by varying cell densities, inserting
weakly-communicating cells, and by pharmacologically inhibiting gap junctions, controlled the
temporal coordination of calcium signaling in neighboring d@ltstter et al., 2016; Sun et al.,
2012) Others have also highlighted the role of local-gagetion mediated celtell

communication in functional multicellular connectivity of neural progenitor cells at the vascular
interface(Lacar et al., 2011)n neural stem cell reactivation in the blewmchin barrie(Spéder

and Brand, 2014)n neural progenitors cell proliferation during embryonic development
(Malmersjo et al., 2013)nd in coordinated fate decisioft$o et al., 2021)

To elucidate how information transfer between single cells is integrated to synchronize
populationlevel cellular responses, we study the physiological process where monolayers of
endothelial cells collectively sense and respond to external shear Etrésthelial cells line the
interior surface of blood vessels and form a monolayer that experiences varying levels of shear
stress from blood flowHill et al., 2010; Yin et al., 2007YJpon changing the flow rate (e.g.,

during acute wound), endothelial cells detect the change in shear stress, inform other cells such
as smooth muscle cells, and adjust their internal signaling accordingly. Central to the cascade of
events, shear stresalls to downstream ATP activation which modulates calcium signaling at

the subcellular scal@aehling et al., 2002; Kohn et al., 1995; Rubanyi and Vanhoutte,.1888)

a group, the endothelial cells must coordinate their signaling dynamics to achieve a coherent and
collective response. Specifically, intercellular calcium levels are synchronized via gap junction
mediated celtell communicatiofKumar and Gilula, 1996; Sun et al., 2012uch

synchronized calcium signaling is instrumental in modulating reepithelialization, angiogenesis,
and extracellular matrix remodeling, which are essential processes in woundAdyzam et al.,

2013; Eming et al., 2014; Handly and Wollman, 2017; Lee et al., 2019; Shannon et al., 2017)

In this study we developed an integrated experimautadputational approach to quantitatively
evaluate the roles that single cells take during the emergence of multicellular synchronization.
Using this platform, we identified three key functions wherebgls cells contribute to

collective information processing that ultimately leads to multicellular synchronizBinision

of labor, where single cells take differentiated functional roles in collective information

processingCell memorywhere single ells maintain and reinforce their specified functional

17



roles in cellcell communication in response to repeated external stimulij#adnation flow
where the information gradually propagates spatially from the scale of single cells to eventually

synchronize the collective.
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Results

Endothelial cells in a monolayer adapt their calcium dynamics in response to external

shear stress

We employed a microfluidics system that can precisely control the temporal profile of the shear
stress that the cells experience (RidA top). We grew confluent monolayers of HUVEC

(Human Umbilical Vascular Endothelial Cell) cells on the bottom surface of the flow channels
(Fig. 1.1A bottom). A computer interfaced flow switch regulated input pressure to induce smooth
flow profiles in the microfluidic channel as verified by particle image velocimetry (Fig).

The shear stressduced calcium signalféhe HUVEC cells was imaged with the fluorescent
calcium indicator Calbryt®20 at single cell resolution (Fifj.1A inset, Video S1). We

manually marked each cell center (FdLA inset), recorded the intracellular calcium signal as a
tmeseri es of fluorescent intensity for every
calcium signal correlated with the magnitude of the applied flow shear stress.1Eig.
Methods). This setting enabled us to investigate the collective mechanosensing of ldENsE

to fluid shear stresses, a scenario that mimics the physiological function of the endothelium.
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Figure 1.1. Collective calcium signaling of mechanosensing as a model to investigate the emergence

of multicellular synchronization at the single cell resolution(A) In a typical experiment, a monolayer

of HUVEC was cultured in a microfluidic device where fluid flow applied shear stress on the cells. Top:
Schematics of the setup. The input pressure that drives a laminar flow in the single channel microfluidics
is cortrolled by a computer interface. The pressure is regulated in real time via a PID loop consisting of a
pressure regulator and a flow sensor. Bottom: A monolayer of HUVEC loaded with the fluorescent
calcium indicator Calbryt®20 as a readout of the cellular response to flow shear stress. Scale bar = 50
em. Il nset: manual hRatideanagdewaitociretry verifien that #he regelatdd s .
input pressure produces a smooth flow profile in the microfluidics chgi@)eCells respond to step

increase in the flow shear stress. Relative intensity is the relative change of the fluorescentye intensi
from the basal cell level (Methods). Colored lines: individual cell calcium responses. Black line: mean
response of over 400 cells in the field of vi&yashed horizontal lines indicate the time interval of 0, 0.2,
0.3 Pa shear stress correspondindy.Nulticellular calcium dynamics is synchronized over time in
response to external mechanical stimuli. The flow shear stress is applied from the onset of imaging (t =
0). The calcium dynamics of each cell was represented by thelémetive of its reldve fluorescent

intensity. Black: mean calciuRi(t) dynamics; Green: standard deviation. Top insetan (black) and
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standard deviation (green) of single cell calcium relative intensity (Methods) over time. Bottom Inset:
standard deviation of calcium dynamics over tifi9.Depiction of the adaption rate measure overlayed
on the plot of the standard deviation of calcium dynamics overtime. There are two solid lines; the black
represents faster adaptation compared to blue. Adaption rate of the black / blue solid lineifgsrleem
ratio between the area under the curve for 400 seconds (200 frames, purple / yellowe arpajmnd

the area of the rectangle whose height is set by the maximum variations of individual cell dynamics
(yellow + orange + purple aregee Methods for full descriptio(f) Multicellular adaption rate for
increasing shear stress levels. Each observation represents a biological replica. N =47 biological
replicates: n =6 (0.1 Pa), n=13 (0.2 Pa), n =8 (0.6 Pa), n =10 (1 Pa), n = 10 (1.6 Pa).

Upon exposing the cells to a stidge increase in shear stresd).2 Pa, which is similar to those

that an endothelial cell experiesaiiring acute bleedinAlbuquerque et al., 2000hhe
variability in the cell s6 t e mpcalciamtdymhreicsi vati ve
annotatedY 0 (Methods)) increased and then gradually reduced tinatitellsadapted to the

external stress and converged to a steady statel(Fig). We defined thadaptation rateas

p - - , Where, 0 is the populatiofevel standard deviation of single cell

calcium dynamics’ 0 attimet, ando Wi "Qa,0w 0 isthe time of the peak

variability in calcium dynamicéMethods, Figl.1E). The adaptation rate &nonparametric
measurement for the speed that the multicellular system adapts to the externaVbeass

system rapidly synchronizes, adaptation rate approaxtee€onverselyif a system maintaina

large deviatiorbetween the dynamics of individual cells, adaptation rate is close to zero. In
general, higheadaptation rate implies faster multicellular adaptation to the external stress (Fig.
1.1E blackcurveadapts faster thamue curve. The endothelial monolayer adapted to increasing
levels of shear stress ranging from 0.1 to 1.6 Pa {(F§, Fig. 9.1 - parametric exponential

model) demonstrating the robustness of the multicellular system in adaptation to varying
physiologicairelevant levels of external mechanical stinf@harbonier et al., 2019)

Altogether, these results suggested that the cells gradually adapted despite the vast variability in

single cell calcium response at the onset of shear stress.
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The interplay between information flow, heterogeneity and multicellular adaptation

We hypothesized that integrating and propagating information from the local scale, between
single cells, to the global scale, drove the adaptation of an inherently heterogeneous multicellular
system to external mechanical stimuli. To investigate this hgsat, we defined quantitative
measures for celiell communication. If two cells communicate, we expect the past calcium
dynamics of one cell to contain information regarding the future calcium dynamics of the other
cell. Defined in this way, celtell canmunications can be bidirectional and asymméteell A

can influence its neighbor B differently from how cell B influences A (EgA). To quantify
asymmetric celtell communication, we used Granger Causd{&yanger, 1969)GC), a classic
statistical method from the field of information theory, to infer caeffect relationships

between cell pairs from their fluctuating calcium dynamics. Granger Causality uses linear
regression to quantify the extent to which the predictibvalues in one time series can be

improved by including information from another time series. This provides us with an

established framework to extract feedback and

fluctuating timeseries.
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Figure 1.2. Correlating information flow, collective and local heterogeneity in single cell

information transfer and multicellular adaptation . (A) Schematics of celtell communication.

Generic estimation of the asymmetric mutual influence between a pair dreelltheir fluctuating time

series. The influence of cell i on cell j is defined as the extent to which theigreatof cell i improve

the prediction of cell jés signal beyond the past
asymmetric Granger Causality statistical t€8t) Visualization of the spatial single cell heterogeneity of

the degree rank (idegree + outlegreg. The color scale is lineatC} Heterogeneity in degree rank
distribution.The Kernel Density EstimatiofiKkDE) of the degree rank distributions 1@ null models that
considered random shuffling of GC edges while preserving the probability for an edge (green) versus the
experimentallyobserved degree rank distribution (réthe raw distribution (input to KDE) is shown in

Fig. SL.3A, with Rinku index ~29 versus ~25 for the observed and null model correspondigly. (

Example of collective (top) and locddottom) heterogeneity for three different network structures.

Networks are ordered from lefb-right according to their heterogeneity levels measured (débtob et

al., 2017)(collective) andEstrada, 2010)ocal). Graph (I) node degree ranks are (2,2,2,2,2,2): local
heterogeneity = 0, collective heterogeneity = 0. Graph (ll) node degree ranks are (1, 4, 2, 2, 3): local
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heterogeneity & 0.38, <collective heterogeneity &
heterogeneity = 1, collective he(EpPaiwgeassedatiops & 0. 5
between two heterogeneity measures (local heterogeneity, collective heterogeneity), adaptation rate and

GC edge probability. Edges color represents the level of association, as quantified by the magnitude of
correlation coefficientsColor scale is linear. Note that some edges reflect positivelatons (e.g.,

collective heterogeneityGC edge probability) while others reflect negative correlations (e.g., local
heterogeneity adaptation rate). N = 23 biological replicates, across shear stress levels, that passed the
stationarity criterion wer considered to calculate correlations. See full data (with signed correlations) in

Fig. SL4.

To avoid spurious caussffect relations, Granger Causality requires the is@@es being

analyzed to be stationary, i.e., fluctuating signals with a consistent mean and variability.

Therefore, we excluded experiments where less than 85% of the cefid pagsstationary tests
(Kwiatkowskir Phillipsi Schmidt Shin(Kwiatkowski et al., 1992and Augmented Dické&yruller

(Cheung and Lai, 1995kig. SL.2A, Methods) and in the remainiegperiments we analyzed

only the cells that passed both stationary te
contributed to the accurate prediction of ano
from the first cell to the other (Metheg For every cell in thenonolayerwe calculated the

degreeranla s a measurement for the cell ds -bynvol vem
cells in its local vicinity-- cells with topological distance up two (nearest neighbor cells and
nextto-nearest neighbor cellsethods, Fig. $.2B-C). Cells took different roles in the

multicellular communication network as indicated by the spatial heterogeneity in their degree

ranks (Fig.1.2B), which was higher than a null model that considered random shuffling of GC

edges (Figl.2C, Fig. SL.3A-B, Methods), and was only associated very weakly with the number

of cell neighbors (Fig. 52D).

To quantitatively explore the r otogelatefourhet er og
metrics that characterizediaptation, information flongollectiveand local heterogeneity

respectively (1) The adaptation rate measures the dynamics of the multicellular adaptation to
external mechanical stimuli (Fig.1E). (2) TheGC edge probabilityor P(GC edge)is the

probability of a GC edge from all potential edges, a proxy for the overall information flow within

the multicellular network. (3) Theollective heterogeneiig a measurement for the variability of

t he cel | s @lacdeeyal.,2@L7Theacoll&csve heterogeneity is calculated directly

from the networkodos degree distri binodepemdentchnd pr
the networ kés t o38,lseedigthodsriod fulldetailsy. For €&xanple, a S
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network in which all the nodes having the same degree is considered as completely
homogeneous while a more complex network such as-Bealthathas a degree distribution
approximats as a powetaw (Amaral et al., 20005 considereé more heterogeneous network
(Fig.1.2D1 top). (4) Thelocal heterogeneityor theEstrada indexmeasures the degrees
differences between all paiof communicating cells capturing the heterogeneity in the local
net wor k 0 éEstrada,r2010)see Methods for full details). The Estrada indexqisad to
zero forregular networg, where all neighboring cells hatlee same degreand equal to one for
star graphs (FigL.2D - bottom). The observetbcal heterogeneityf all experimentspatially
shuf f | e deightoe whiledresesving the same degree (stadthods)implying higher
local homogeneity (Fig.153C). Thus, in response to stiige increase in shear stress the

multicellular network was characterized eyllectiveheterogeneity and local homogéwge

We pooled together the 23 experiments across the shear stress rangk®P& hnd correlated

the four measurements (Table S1). Collective heterogeneity was correlated with the GC edge
probability while the local heterogeneity was negatively assocratbdhe adaptation rate as

well as with the GC edge probability. The pairwise correlations are depicted ihZggand

detailed in Fig. $.4. Cumulatively, our results suggest a transition from local to global scales in
the multicellular network orgarazion. Rapid adaptatias associated witlocal homogeneity

but has a marginalorrelation withthe collective heterogeneity. Active information flow is
associated with both collective heterogeneity and local homogeneity in communication. The
scaledependent dynamics suggest propagation and integration of information from nearby cells

into a decentlized network architecture, a mechanism we further investigate.

Gap-junction mediated multicellular synchronization to periodic mechanical stimuli

After characterizing the communication networks exhibited by endothelial cell monolayers to
shear stress, we asked if the network could be trained to adapéetdependent external

stimuli. To this end, we extended our assay to multiple rounds of repeated mechanical stimuli
(Video S2). By treating each round as an independahé,and comparing single cell responses
across cycles, we could focus on the evolution of synchronization in the multicgylsiam

(Fig. 1.3A, Methods). We found that the HUVEC monolayer reinforced synchronization as
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observed by the gradual decrease in the stand

» 0 (Fig. 1.3B). To confirm the role of intercellular communication in multicellular

synchronization, we inhibited gap junctions or reduced cell density (Methods). In both cases the

multicellular networkfailed toeffectively synchronize (Figl.3C-D, S1.5A-B).
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Figure 1.3. Information flow and collective heterogeneity are associated with multicellular
synchronization to periodic mechanical stimuli The shear stress was applied from the onset of the
experiment (t = 0).A) Depiction of the periodic mechanical stimuli experiment setupribhided 13

cycles of continuous shear stress in 10 biological replicates (MethBii$jufticellular calcium

dynamics is synchronized over time to periodic external mechanical stimuli. In total there are 13 cycles.
Black: mean calcium dynamics; Green: standard deviation; Red dashed lines: shear stress onsets. Inset:
standard deviation ofatcium dynamics over timeCj) Gap junctions are required for multicellular
synchronization. The calcium dynamics fail to synchronize followingjgagtion inhibition.

Representative of two experiments. Black: mean calcium dynamics; Green: standard deviation; Red dash
lines: shear stress onsets. Inset: standard deviation of calcium dynamics ove)tikhelticellular

calcium dynamics synchronized over time for control (ré&a¢son coefficient .7067, pvalue <

0.007)but not for gagunction inhibited (cyan) monolayerB¢arson coefficient = 0.6442vplue <

0.0325) (E) Information flow increased over time for control (reBeérson coefficient = 0.9054vplue

< 0.0000207put not for gagunction inhibited (cyan) monolayePéarson coefficient #.3726, pvalue
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< 0.25898) (F) Collective heterogeneity increased over time for control (freexison coefficient =
0.8836, pvalue < 0.000062)ut not for gagunction inhibited (cyan) monolayePéarson coefficient =
0.2376, pvalue < 0.4818)

Synchroni zation coincided with a gradual i ncr
GC edge probability (Figl.3E), and with the collective heterogeneity (FA@F) in intercellular
communication. These relations were not measured upejugegton inhibition and sparser cell

seeding (Figl.3E-F, Fig. 3 .5C-D, Fig. SL..6). We did not observe a clear pattern in the local
homogeneity measure (Figl3). These results, summarized in Table S2, indicate the

multicellular network gradually synchmizes to cycles of external mechanical stimuli in a local

mechanism that is consistent withj@mction mediated communication.

Functional cell memory: cells maintain theirstatesin the communication network and

reinforce them over time

To characterize the asymmetric communication roles that single cells take during the
multicellular synchronization we calculated for each cell the transmission score and the receiver
score as measures for being influential or influermgdells in its loal vicinity (up to

topological distance of two). We defined the transmission score as the probability of outgoing
GC edges, and the receiver score as the probability of ingoing GC edgds4&jdMethods).

The observed trend of improved synchronization coincided with a gradual increase of the
(population) mean receiver and transmission scores over timel @gy.Video .3, Video

S1.4).
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Figure 1.4. Functional cell memory is reinforced over time(A) The transmission and the receiver

scores were calculated as the probability for a significant outgoing (respectively, ingoing) Granger
Causality edge at topological distance of up to two (nearest (yellow polygons) afid-neatest

neighbor cells (greepolygons)). For example, the red cell in the center has total of 15 neighbors, 5 in
topological distance 1 (yellow) and 10 in topological distance 2 (green). The transmission score of the red
cell is 3(outgoing edges)/15 and receiver score is 3(ingoing edge8)THhd mean transmission and

receiver scores increased over the cycles. Shown are the cells color coded according to their transmission
(top, blue) and receiver (bottom, red) scores. The color scale is ([@G@&ells transmission and receiver
scores were correlated across consecutive cycles (solid lines), reinforced over time (Pearson coefficient =
0.7512, p < 0.0001), and were a local cell property as validated with permutatigsisarghuffling the

cells in the next cycle and calculating correlation (dashed line, see Methadd)eHor the significance

of the memory O 0. 0 ovdluepferansnesgidn and reeeiver $coresOt021caydd 5% : p
correspondingly,and he t hi rd cycl e-&aueof.Gln BignB8&®)si on score p

We next asked to what extent the communication properties of cells were intrinsic cellular
properties. To this end we correlated single
repeated mechanical stimulus cycles while testing the null hypothasihese scores were
assigned randomly between consecutive cycl es.
receiver scores were strongly correlated between consecutive stimulus cycles, that this

correlation gradually increased as cells underweditiadal stimulus cycles (FidL4C, Fig.

S1.8A) , and could not be explained by the autono

stimuli (Fig.S1.9). Measuring single cell correlation between larger temporal gapd af/2les
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did not show a dramatic diminishing pattern suggesting that the cellular memory is stable for
time scales of at least&8minutes which is beyond the timescale required for the multicellular
system to recover (Figl.8B). These results suggest tlealls maintain and gradually reinforce
memory regarding their role in the multicellular communication network at the timescales

relevant for collective synchronization.

Stability in single cell communication stateand increased information flow lead to
enrichment of highly communicating cellscoinciding with the establishment of

synchronization

We next aimed to characterize how single cell communication properties and memory contribute
to multicellular synchronization. First, we normalized the transmission and receiver scores across
the population and cycles by calculating the respects@re- the number of standard

deviations away from the mean (Fig5A, Methods). The normalized scores allowed

comparison of cell communication properties across different cycles in the same experiment as
well as between different experiments. Next, we part#d the normalized transmissigateiver

space into five regions and empirically assigned the cells to states according to the region they
occupiedlIndividual cells,whose calcium dynamics were independent of cells in their local
vicinity, have normalized transmission and receiver scores both b@lsvCommon cellswith

average communication propertiegader cellswith high transmission scores (transmission

score > 0.5 and receiver score < Of8ljpwer cells with high receiver score (receiver see

0.5 and transmission score < 0.5), anchmunication hub cellgharacterized by both

transmission and receiver normalized scores above 0.51(b#y. Methods). This datdriven
partitioning defined five distinct states that cells take in terms of information transfer in the
multicellular communication network and enabled us to follow their evolution throughout the
synchronization process (Figg5B-C, Video .5, Video 3.6). The combined effect of the
increasing information flow and cell memory leda gradual increase in the fraction of cells
actively participating in communication: followers, leaders and communication hubs, along with
decreased fraction of cells with reduced level of communication: common and individual (Fig.
15C).
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(A) Kernel density estimate plotsualization of the normalized transmission and receiver score over the
cycles (blue gradient contours). Left: partitioning of thecare normalized transmissioeceiver space to

five regions (blue dashed lines), each cell (yellow dot) was assignegito@au p or f@Astateo (r e
according to the region they resided at. Individual: transmission and recsieerez<-0.5, Common:
transmission &core in the range of(.5, 0.5) and receiverstore < 0.5 or receiverscore in the range

of (-0.5,-0.5)and transmission-gcore < 0.5. Leader: transmissioscore > 0.5 and receiveiszore <

0.5. Follower: receiver-gcore > 0.5 and transmissioseore < 0.5. Hub: transmission and receiver z
score>0.5(B)Vi sual i zi commuhidaton state$ dves e cycles with color c@@eFraction

of cells at each communication state over the cy@®sEnrichment factors of cellular state transition.
Depiction of the single cell transitions between states that were enriched beyond the expected values of a
null model. The null model was based on the marginal distribution of the statesl(E®. dethods).

Shown are edges with fold increase over 1 (linear color)code
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To follow the dynamic trajectory of single cells between communication states we analyzed the
probability of transitioning from one state to another in consecutive cycles. In particular, we
computed the enrichment factatransition probabilities betweemy two states and normalized
the quantity by the fully random transition probabilities (Methods, FidL.(§. As expected from
our earlier observation of functional memory (FigiC), we found that cells tended to maintain

t heir st at e ss,asnefledied bymdifdnsitioroenriehmant factors above one (Fig.
15D, Fig. 9.10). Generally, single cells followed a temporal trajectory from the states
characterized with less communication capacity to states with increased communication (Fig.
15D - showing edges only for enrichment factors >\ alsofound symmetric transition folds
between the followeand leader states, and the transition from communication hub to the
follower/leader state was enriched compared to the opposite transiticotmaunication hub

(Fig. 1.5D, Fig. 9.10).

We next focused our attention to the fraction
fraction of communication hubs at the onset of the experiment rapidly increased to become a
frequent state in later cycles (FIg5C) coinciding with the gradual increase in information flow

(Fig. 1.4B). Moreover, the communication hub state was found to be much more stable than

other states or transitions (2.4 fold dwell probability compared with a fully random process),
underpinning their rapid spread in the population (E5C). Altogether, increased information

flow along with stable functional memory led to enrichment of communication hubs that

contribute to effective spread of information in the multicellular network.

Information gradually propagates from the (local) single cell to the (global) multicellular

scale

Our data suggests multicellular synchronization is associated with various single cell properties
such as communication state and memory. This led us to the hypothesis that the synchronization
process is driven by effectively propagating information froenlbcal scale (between single

cells), to the global (collective) scale. To test this hypothesis, we measured to what extent local
cell properties explained the information flow in the multicellular network. First, we computed

the neighboring pair crossmelation coefficients for direct observations and spatially permuted
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data. We found that the spatial permutation always decreased the cross correlation, therefore
cross correlation was maintained as a local cell property throughout the experiment even in the
presence of common external stimuli (FAggA, upperleft inset).Spatial permutation decreased

the GC edge probability in early cycles but increased the edge probabilities in later cycles (Fig.
1.6A main panel and the loweight inset). These results indicate that once neighboring cells
reach sufficient synchronizatidheir ability to influence each other is less effective than cell

pairs far apart. We validated these observations more systematically by correlating the
topological distance between pairs of cells to their GC edge probability (Methods). This analysis
edablished that at the onset of the experiment, the information flow is dominated by local cell

cell interactions and is gradually transitioning to the global scale as the multicellular network

synchronizes (FiglL.6B).
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Figure 1.6. Gradual local to global transition in information spreading. (A) Main panel: the observed
versus permuted Granger causality edge probability, P(GC edge), over the cycles. Upper left panel: the
mean observed versus mean permuted neighbor cross correlation over the cycles. For both panels the red
horizontal line is thexperimental observation, while each blue dot is the result of one of ten independent
spatial cell permutations. Bottom right inset: experimental GC edge probability subtracted from the mean
permuted GC edge probability using the same data as in the amah Pphrough cycles 0 to 12 Pearson
coefficient = 0.94, value < 0.0001.RK) In the main panel each dot represents the Pearson correlation
between the topological distances of pairs of cells to the corresponding GC edge probability in a given
cycle. Through cycles 0 to 12 Pearson coefficient = 0.9&4Jye < 0.0001. *** p-value < 0.0001, *

p-value < 0.05, for Pearson correlation significance test. Insets show the P(GC edge) as a function of the
topological distance between cell pairs for the fiositiom right) and last (top left) cycles. For this
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analysis, we randomly selected for each cell at each topological distance at most ten neighboring cells due
to computational cost and performed FDR multiple hypotheses correction (see Methods for full details).
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Discussion

The emergence of robust multicellular behaviors from heterogeneous single cell dynamics is a
poorly understood, but fundamentally important phenomenon in living sy§fenmer et al.,

2020) Here we provide insights in bridging the scales between locateletommunication

and global multicellular synchronization. This was achieved by measuring asymmetric
information transfer at single cell resolution in multicellular monolayers undemety applied
mechanical stimuli. By employing Granger Causality to systematically quantify the
communication of a cell with other cells in their local environment, we defined for each cell its
capacity to transmit and to receive information in the roeiltilar communication network. Our
method relies on local pairwise analysis of cell dynamicsdefides single cell communication
properties without requiringxplicit construction othe network or committing to a specific
network architecture. This modfske datadriven approach can be applied to a broad set of
biological systems from synchronized beating of cardiomyodiitésan et al., 2016)

intercellular communication through the microenvironn{®&a&hum et al., 2023)rain activity
(Seth et al., 2015molecular signalingGoglia et al., 2020and coordinated cell migration
(Malinverno et al., 2017)

We showed the cells were actively communicating with one another locally, and that physical
cell-cell contacts via gapunctions were required for multicellular synchronization. These
conclusions were supported by multiple lines of evidence throughostualy. First, we

reported that gapunctions and sufficient cell confluence were required for multicellular
synchronization (Figl.3B versus Figl.3C or Fig. 3.5 and Table £2). Second, we

demonstrated that both local and collective heterogeneity depended on the spatial organization of
cells in their vicinity (Fig. $3) . Third, we found that the acti
response to the external stress, was not associated with the transmission or receiver score (Fig.
S1.9A), which would also be conflicting with tlggadual increase fractiasf communication

hubs (which are both | eaders and foll owers).
roles in the multicellular communication network over time, as a local, spaiggndent

property (Figl4C,Fig.98) , but di d not Aremembero their a
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(Fig. SL.9B). Fifth, neighbor pair cross correlation was a local cell property throughout the
experiment (Figl.6A). Together, our data established the decoupling of the locailakll
communication from the external stimuli, and established that the emergence of multicellular

synchronization required ggpnction mediated local cetlell communication.

Our data reveal that single cells take different roles inccell | | communication (Ad
| aboro), which we defined as communication st
Cells gradually reinforce dndiecrease thetcanheetivifyif unct
(Ainformation flowo) in the multicellular net

facilitate the emergence of multicellular synchronization. Our results suggest that while cell
heterogeneity expands the dynamicgeef mechanoresponses, functional memory stabilizes
the dynamics against intrinsic and extrinsic noise and that information flow sustains and

reinforces the multicellular dynamics.

We found that heterogeneity in cellsd communi
convergence to synchronization (FIQRE, Fig.1.3F). We also observed that the fractions of

cells at each functional state, excluding individuals, became more balanced through periodic
cycles (Fig.1.5C), in agreement with our conclusion that heterogeneity constructively

contributes to the synchronization of a noisy multicellular system. Heterogeneity among cells
could arise from stochastic gene expression lesglaaling kinetics, physiological states such

as cell cycle, and/or microenvironmental c(@keng et al., 2015; Gut et al., 2018; Gut et al.,

2015; Muldoon et al., 2020; Hasenauer et al., 2011; Paszek et al., 2010; Tay et al., 2010)
Although our data does not exclude a particular source of heterogeneity, the alteration of cellular
communication state at a short time scale (~10 minutes) suggests pathway kinetics, such as the
crosstalk between gap junction and mechanotransductiog,reamportant factors to determine

both local and global heterogeneities.

Previous studies have reported multiple sources of microenvirordepenhdent cell memory.

For instance, cells can remember past mechanical properties of their substrate, which influence

their differentiation(Yang et al., 2014)Cells can also sense changes in their extracellular signal

by remembering past extracellular stimulation via a receptatiated mechanisfi.yashenko et

al., 2020) and pastgrowtp r omot i ng st i mul i can affect cell s
(Spinosa et al., 2019 the context of collective cell migration, a recent study showed that cells
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remembered their polarized state independently afaalljunctions(Jain et al., 2020\nd

another study revealed associative memory of electric field and chemoattractant at stimuli in a
unicellular organism migration patter(i@e la Fuente et al., 2019 our study, single cell

memory of communication properties contributes to the temporal evolution of the multicellular
network to its synchronized state. The dissoc
functional role in information processimgderpins the dynamic nature of memory, which is also
consistent with the unidirectional evolution of the multicellular network (Rigs6). While

further investigations are required to reveal the molecular mechanisms of the cellular memory,

we suspecslowed gap junction turnover, as well as the continuouslyiped calcium

dynamics from fully relaxation, may contributed to the reinforced functional role of cells.

Our study reveals a seadirganized multicellular network that supports information flow from

local to global scales. Such information may be carried by two main signaling mechanisms,
juxtacrine (contaetiependent) and autocrine (secretiegpendentjFancher and Mugler, 2017)

A juxtacrine channel allows a cell to establish conversation with its (physically touching)
immediate neighbors without interference from extracellular space. For HUVEC cells such
communication can be realized by gap juncti@@kamoto et al., 2017Pn the other hand, an
autocrine channel allows a cell to broadcast its information through diffusive messengers in the
extracellular space. For HUVEC cells stréisggered ATP release and Adilduced calcium
dynamics constitute an autocrine pathyWégmamoto et al., 2011yVhile both mechanisms

could contribute to the information flow within the multicellular network, we suggpst

junction andcontactdependent signaling as the dominant mechaf#g 1.3B versus Figl.3C

or Fig. 9.5). While a recent study suggested that positive feedback of a diffusive signaling
mechanism can drive accelerated, loagge information transmissi¢Dieterle et al., 2020Yhe
external flow in our system is likely to rapidly dilute the diffusive messef@@gor et al.,

2010) The contactlependent information flow hypothesis is also supported by our previous
studies where we demonstrated that blocking gap junctions, or inserting weakly communicating

cellsimpairedthe information flow(Potter et al., 2016; Sun et al., 2012)

Altogether, our results suggest the following phenomenological model for multicellular
synchroni zati on. Cells are gradually dAlearnin
(heterogeneity), adjusting their internal state, reinforcing it (memory), asdtahilizing the

network architecture. This stabilized network structure reduces conflicting communication
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interferences and thus promotes enhanced spread of information from the local to the global

scale to eventually synchronize the group.
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Main tables and legends

Shear Information
stress Stationarity flow (P(GC Local Collective  std_lengt t_max_st adaptation_rat

Index Tag (Pa) level Adaptaion rate K Edge)) heterogeneity heterogeneity h d e_eow
step_shear_data_1_mk

0 r_2016_10_12_Exp_Ot 0.1 0.93715342  0.692624934 0.006140391 0.348634454 0.056993983 0.240203442 1170 298 698
step_shear_data_1_mkt

1 r_2016_10_12_Exp_0: 0.1 0.909090909  0.61304193  0.005902869 0.353039785 0.055284062 0.231127128 1170 34 434
step_shear_data_1_mk

2 r_2016_10_12_Exp_O0: 0.1 0.990176817 0.627121604 0.005417284 0.24814775 0.05242682  0.226925513 1170 752 1152
step_shear_data_1_mkt

3 r_2016_10_12_Exp_0: 0.1 0.977739726 0.597913552 0.005768709 0.306559821 0.046027945 0.215776206 1170 104 504
step_shear_data_1_mk

4 r_2016_10_12_Exp_O- 0.1 0.911858974 0.649075447 0.006212594 0.333240145 0.051548545 0.216277776 1170 252 652
step_shear_data_1_mkt

5 r_2016_10_12_Exp_0' 0.1 0.93418259 0.607828648 0.004919776 0.280601723 0.060495673 0.244814568 1170 154 554
step_shear_data_2_mkt

6 r_2016_08_15_Exp_0: 0.2 0.993065187 0.502713762 0.000305813 0.075363399 0.069039626 0.140354321 1170 166 566
step_shear_data_2_mkt

7 r_2016_08_15_Exp_0: 0.2 0.955223881 0.602952628 0.002065015 0.131702939 0.073783469 0.148050358 1170 256 656
step_shear_data_2_mkt

8 r_2016_08_15_Exp_O0: 0.2 0.950540958 0.37301204 0.001075519 0.507400313 0.059334239 0.246192534 1170 128 528
step_shear_data_2_mkt

9 r_2016_07_24_Exp_0: 0.2 0.855696203 0.551251537 0.005044173 0.345339652 0.066505894 0.294684506 1170 84 484
step_shear_data_2_mkt

10 r_2016_07_24_Exp_0! 0.2 0.957792208 0.740846352 0.006949409 0.3857512 0.05065111  0.292253208 1170 418 818
step_shear_data_2_mk

11 r_2016_08_24_Exp_0: 0.2 0.888257576  0.423498884 0.002848752 0.159711075 0.080955874 0.180373461 1170 78 478
step_shear_data_2_mkt

12 r_2016_07_24_Exp_O0:. 0.2 0.859060403 0.652434561 0.001303614 0.607826457 0.053116282 0.349556566 1170 424 824
step_shear_data_2_mkt

13 r_2016_08_24_Exp_0' 0.2 0.907246377 0.794099388 0.021710105 0.55177717 0.042020167 0.235310541 1170 522 922
step_shear_data_6_mkt

14 r_2016_07_28_Exp_0: 0.6 0.962219599 0.405864233 0.00111814 0.52390206 0.059172836 0.236060298 1170 478 878
step_shear_data_6_mkt

15 r_2016_07_28_Exp_0- 0.6 0.997047244 0.335411279  0.00153647 0.230186906 0.081415846 0.201366956 1170 194 594
step_shear_data_6_mkt

16 r_2016_08_12_Exp_0. 0.6 0.886885246 0.334795914 0.001644794 0.442371883 0.091916326 0.247003392 1170 36 436
step_shear_data_6_mkt

17 r_2016_08_12_Exp_0- 0.6 0.993966817 0.525408922 0.009795871 0.133842281 0.080528039 0.194999581 1170 504 904
step_shear_data_6_mkt

18 r_2016_08_12_Exp_0. 0.6 0.907630522 0.403074369 0.001417176 0.122998829 0.069614714 0.147110323 1170 390 790
step_shear_data_6_mkt

19 r_2016_07_28_Exp_0: 0.6 0.982995951 0.336648715 0.001400486 0.236709081 0.081282448 0.178042683 1170 458 858
step_shear_data_10_m

20 ar_2016_08_17_Exp_C 1 0.92173913  0.368680141 0.001622162 0.085397366 0.083629721 0.115041099 1170 254 654
step_shear_data_10_m

21 ar_2016_08_17_Exp_C 1 0.939271255 0.374059506 0.002307977 0.57177015 0.037480058 0.230001223 1170 380 780
step_shear_data_16_m

22 ar_2016_08 10 Exp C 1.6 0.853161844 0.729553891 0.008461452 0.121990262 0.056346402 0.127436678 1170 36 436

Table S1 Step experimental data table.

Included are 28#&periments that passed the

stationarity criteria (see Methods) across a shear stress rangeld @4. The following

readouts were recordedrfeach experiment: shear stress (Pa), stationarity level (fraction of cells
passing the stationarity criteria), adaptation rate -pemametric and parametric), K (coefficient

of theparametric exponential modeipformation flow (P(GC edge)), local heterogeneity
(Estrada index), collective heterogeneity, std_length (the standard deviation in seconds),

t _max_std (the peak time of standard deviation), and adaptation_rate_eow (the end of window
time of the adaption rate: t_max_std + 400, see Methods)
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Max
shear corr_prob_gc corr_collectiv mean_collect|
stress corr_async_v mean_prob_g _edge_vs_cy: corr_mem_tr corr_mem_re mean_local_he_heterogene ve_heteroger
Index Tag Treatment (Pa) # cycles s_cycle _mean_async __ c_edge le _vs_cycle _max_mem_tr __vs_cycle max_mem_re eterogeneity _ity_vs_cycle eity
oscillatory_shear_
data_1_mbar_20
16_11_10_Exp_(

0 3 control 0.1 13 -0.81387606¢ 0.001470369 0.064211871 0.750468304 0.653312396 0.143189997 0.866893389 0.121625413 0.062621072 0.524200171 0.052096426|
oscillatory_shear_
data_1_mbar_20
16_11_10_Exp_(

1 4 control 0.1 13 -0.97332709Zz 0.002761506 0.064924541 0.932818277 0.489364533 0.11784741 0.773781743 0.108997819 0.06731085 0.932632268 0.075205862

oscillatory_shear_

data_2_mbar_20

16_11_10_Exp_(
1

control 0.2 13 -0.980176261 0.001790963 0.069045235 0.887429552 0.839644409 0.172848707 0.477148851 0.085757629 0.066391774 0.872910854 0.057985931}
oscillatory_shear.
data_2_mbar_20
16_11_10_Exp_(

3 2 control 0.2 13 -0.929862531 0.001527613 0.080481273 0.934836706 0.465177984 0.157153815 0.139020592 0.126276511 0.066042594 0.711974324 0.060681375
oscillatory_shear.
data_1_mbar_20
16_25_10_Exp_(

4 1 control 0.1 13 -0.97513278 0.002353781 0.168055624 0.086741779 0.94688912 0.177094755 0.952595405 0.15846461 0.084703591 -0.049088934 0.092527147|

oscillatory_shear_

data_1_mbar_20

16_25_10_Exp_(

2 control 0.1 13 -0.879508414 0.001959371 0.125031348 0.915085524 0.316705068 0.087501343 -0.222441542 0.070769837 0.102135834 0.692054587 0.093600152
oscillatory_shear_
data_2_mbar_20
16_25_10_Exp_(

6 3 control 0.2 13 -0.93943971¢ 0.001239794 0.18987109 0.863796506 0.166951894 0.110089679 0.076248782 0.092473473 0.092308171 0.788426282 0.083026629
oscillatory_shear_
data_2_mbar_20
16_25_10_Exp_(

7 4 control 0.2 13 -0.963107165 0.001138419 0.230657917 0.806824163 -0.684485864 0.1164812 -0.295834181 0.040086956 0.077443342 0.680942711 0.081860833}

oscillatory_shear_

data_2_mbar_20

18_08_05_Exp_(

2 control 0.2 13 -0.70671864¢ 0.001465374 0.219930632 0.92484268 0.732863548 0.302751545 0.833962816 0.308651313 0.077427469 0.883686504 0.196427445

oscillatory_shear_

data_2_mbar_20

18_11_10_Exp_(

2 control 0.2 13 -0.79186681€ 0.002523907 0.183647543 0.252357028 0.582201098 0.206573806 0.55357875 0.317148809 0.083250485 0.417820144 0.100915864}
HUVEC_10uM_p
Imitolei_acid_60s
_2_mbar_HUVE!(
_10uM_Palmitole

10 ic_acid_60s_exg palmitoleic_acid 0.2 11 0.644202479 0.003825205 0.049929252 -0.37269041 0.189845863 0.096088215 -0.29684402 0.075912421 0.057790419 -0.23761750€ 0.09982720]
HUVEC_10uM_p
Imitolei_acid_60s
_2_mbar_HUVE(
_10uM_Palmitole

11 ic_acid_60s_exp: palmitoleic_acid 0.2 11 0.659997726 0.004522818 0.04790104 0.88048978 0.744582726 0.076945615 0.615300834 0.093670811 0.056931751 0.831145464 0.098927966)
HUVEC_10uM_p
Imitolei_acid_60s
_2_mbar_HUVE(
_reducedensity_¢

12 Osonoff_exp low_density 0.2 11 -0.856353665 0.00515809 0.041522578 -0.758139524 0.249537366 0.102525476 0.17061119 0.111699086 0.052136651 -0.651718994 0.119822805
HUVEC_10uM_p
Imitolei_acid_60s
_2_mbar_HUVE(
_reduced_density

13 _60s_exp2 low_density 0.2 11 -0.68311712€ 0.003746724 0.046666053 -0.734306442 0.566127528 0.18433915 0.817198443 0.157552667 0.052001841 -0.51707047¢ 0.117336578}

Table S2.Cycleexperimental data table. Included are 15 cycles experiments that include control
n=4(1Pa),n=6 (2Pa),gapunct i on i nhibition n = 2 (dApal mit
2 (Al ow_densityo). The foodathexperiment:tremedto ut s wer
maximal shear stress (Pa), number of cycles, async_vs_cycle (the Pearson correlation

coefficient of the asynchronization over cycles), mean_async (the mean value of the
asynchronization over cycles), mean_prob_gc_edge (the mean prolulBiG/edge over

cycles), corr_prob_gc_edge _vs_cycle (the Pearson correlation coefficient of GC edge over

cycles), corr_mem_tr/re_vs_cycle (the Pearson correlation coefficient of the

transmission/receiver memory score over cycles, where the memory atisyttle Pearson

correlation between the transmission/receiver scoramdi+1), max_mem_tr/re (the maximum

value of the transmission/receiver memory score across cycles), mean_local_heterogeneity (the

me an Vv al u eindexfovelEcygcles), aardcsllective_heterogeneity vs_cycle (the Pearson
correlation coefficient of the collective heterogeneity over cycles),

mean_collective_heterogeneity (the mean value of the collective heterogeneity over cycles).

Note that onegapjunction inhibition experiment
(HUVEC_10uM_palmitolei_acid_60s_2 mbar HUVEC_ 10uM_Palmitoleic_acid_60s_exp2)

had high collective heterogeneity because it was dominated by cells without edges (see Methods)

- 50% of the cells had a zedmgree rank.
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STAR® Methods

Key resources table

REAGENT or RESOURCE \ SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

TrypLE Select Life Technologies Cat#12604021

Palmitoleic acid Sigma-Aldrich Cat#76169

Di met hyl sul f oxMutti<on®éndial, 9.% | VWR Cat#BDH1115-4LP

Baker®

Krayden Dow Sylgard 184 Silicone Elastometer Kit Fisher scientific Cat#NC9285739

(1.1lb)

EGMTM-2 Endothelial Cell Growth Medium-2 BulletKit Lonza Cat#CC-3162

ReagentPackTM Subculture Reagents, 100 mL Lonza Cat#CC-5034

Deposited data

Raw and analyzed data This work https://doi.org
/10.5281/zeno0do.65
68945

Raw data of gap-junction inhibition experiments This work https://figshare.com/
s/2e2ba004102bdd9
6f414

Raw data of step function This work https://doi.org/10.60
84/m9.figshare.1980
7864.v1

Raw data of step function This work https://doi.org/10.60
84/m9.figshare.1980
7870.v1

Raw data of cyclic pressure This work https://doi.org/10.60
84/m9.figshare.1980
7873.v2

Experimental models: Cell lines

HUVEC i Human Umbilical Vein Endothelial Cells, Lonza C2517A

Single Donor, in EGME -2

Software and algorithms

Source code and test data This work https://doi.org/10.52

81/zen0do.6589859

Other

Fluorescent calcium dye, Calbryte 520 AAT Bioquest Cat#21130

CMOS camera Hamamatsu Flash 2.8

PID-regulated pressure pump Elveflow OB-1

flow sensor Elveflow BFS

NE-1000 One Channel Programmable Syringe Pump New Era Pump Model#NE-1000
Systems

Corning BioCoat Collagen I-coated Flasks T-25 50/cs VWR Cat#12777-072
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https://doi.org/10.6084/m9.figshare.19807864.v1
https://doi.org/10.6084/m9.figshare.19807864.v1
https://doi.org/10.6084/m9.figshare.19807864.v1
https://doi.org/10.6084/m9.figshare.19807870.v1
https://doi.org/10.6084/m9.figshare.19807870.v1
https://doi.org/10.6084/m9.figshare.19807870.v1
https://doi.org/10.6084/m9.figshare.19807873.v2
https://doi.org/10.6084/m9.figshare.19807873.v2
https://doi.org/10.6084/m9.figshare.19807873.v2
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Resource availability

Lead contact

Further information and requests for resourcesraagents should be directed to and will be

fulfilled by the Lead Contact, Assaf Zaritsky (assafza@bgu.ac.il)

Materials availability

This study did not generate new materials.

Data and code availability

A Rawimagingdatafrom a few representative experimefgtep, cyclic, cyclic with gap
junction inhibition) andall theprocessedata have been depositedZainodoandis
publicly available Therest of therawimaging data will be available from the Lead
ContactuponrequestDOils are listed in the keysources table.

A All original code has been deposited at GitHub and is publicly available. DOIs are listed
in the key resources table.

A Scripts used to generate the figures presented in this paper are not provided in this paper
but are available from the Lead Contapbnrequest.

A Any additional information required to reproduce this work is available from the Lead
Contactupon request

Experimental model and subject details section

Cell culture

Human Umbilical Vascular Endothelial Cells (HUVEC) were purchased from Lonza and were
cultured following the vendoroés instructions.
culture dishes using TrypLE Select (Life Technologies) and suspended in gnediims
before being pipetted into the microfluidics devices at cell density of approximateh20800
cells/mnt at 100% confluence (66800 cells/mrat 30%50% confluence in the lower density
experiments) allowing the cells to form monolayers. After overnight incubation, fluorescent
calcium dye (Calbryte 520, AAT Bioquest) was loaded for 40 minutes prior to imaging.
Palmitoleic acid (Sigm&ldrich, MO) was used as gap junction inhibitor in our experiments.
Palmitoleic acid was first dissolved in DMSO and then diluted to 10uM in growth medium.

Before experiment, cells were treated with 10uM palmitoleic acid for 8 tma& while seeding

41



into the PDMS device. Then, 10uM palmitoleic acid was added to growth medium used for

shearstree experiments.

Methodsdetails

Microfluidics

The organic elastomer polydimethylsiloxane (PDMS, Sylgard 184 -Dorming) used to create

the microfluidic devices was comprised of a two part mixt@aédase and curing agerthat

were mixed in a 10:1 ratio, degassed, and poured over a stainlessatebefore curing at

65UC overnight. Once cured, the microfluidic
were punched, and the device was affixed to a No. 1.5 coverslip via corona treatment. The cross

section of the flow chambers was rectdag@ mm X 1 mm). See Fid.1A for depiction.
Applying controlled shear stress on the cells

The microfluidics flow rate was controlled by a Pi€gulated pressure pump and was monitored
using an inline flow sensor (Elveflow). To verify the stability of the flow profile we mixed 1
micrometer fluorescent particles in the solution and used partielge velocimetry to quantify

the flow rate (Figl.1B). To calculate the shear stress, we approximated the flow profile in the
flow chamber as loweynolds number pipe flow. We considered the cells in the field of view to
experience uniform shear stresdculated at the center of the flow chamber. This was possible

because the imaging window was narrow (470 &em

I n the Astepo exper i men tlike shear stress pf0.5,0.2, 0.6, haea cel |
1.6 Pa for approximately 20 minutes. Il n the i
2 minute long global external periodic mechanical stinMik. limited the number of cycles for

analysis to 1&t most, because of gradaaicumulation of stagdrifting and photedamaging
effects.Furtherexperiments were performed to evaluate single cell calcium signal at the

stimulation onset and its relaxatiomg after a single puls€&i@g. SL.11).
Live cell imaging

We imaged the calcium dynamics of HUVEC cells using a 20X magnification oil immersion
objective lens (for steptress experiments) and a 10X dry lens (for cystiiess experiments, to

avoid flow-induced focus drift). The fluorescent images were captuigdaxCMOS camera
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(Hamamatsu Flash 2.8) at 0.5 Hz and 1 sec exposure time. The images were stored as tif files of
960 X 720 pixels with physical pi xel size of
X 1.2 em (10X magnification) .

Measuring single cell calcium signaling

We manually annotated every cell center (EigA inset), and recorded the mean fluorescent
intensity of & arpunddhe cefsaceneet ag a ptoy oftime intracellular calcium

signal timeseries of each cell. We normalized the calcium signal according to the approach
described ifSunetal.,2013) ir esponse curve normalizationo).

was defined a¥ 0 — , where’'O0 was calculated as the mean fluorescent

intensity at time t, The baselifi® was calculated as the mean of the first 5 frames (10 seconds)

of "00 before the mechanical stimulation was turned on. Temporalgass filter smoothed the

R(t) time series to reduce the effects of outliers. Temporal smoothing was performed using
Pythonds | owess function from st astlevess)avithl s ( st
the parameter frac=0.01. R(t) provides us with a dimensionless measure for the intracellular

calcium magnitude relative to the cell és basa

To evaluate the change in the calcium signal in response to external mechanical stimulus we

derived the cell sYocatodi wm o0 where@t 0O disrthe méame :

value of— 0,and— owas <calcul ated by Pythonds numpy ¢

time series with the parameter values80mMpde=0s
-1] where the result was divided by ctvastant o

'Y 0 was termed calcium dynamics.

The differentiation is necessary since both the exchange of IP3 ahig&hto a change of
calcium concentration. Hendie derivative is quantity directly related with communication
(Sun et al., 2013; Sun et al., 201R) addition, thederivative has properties such as: independent
of basal level of signal, independent of slow systematic errors such as photo bleaching, and

stationarity.
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Measuring adaptation rate in Astepo experimen

The adaptation rate is a nparametric measurement for the speed that the multicellular system

adapts to external stre8¥e defined thedaptation rateasp , Where

z

. 0 is the populatiofievel standard deviation of singtell calcium dynamic% 0 at time

t after applying Hampel smooth functiGdampel, 1974jo remove outliers with the parameters

of window size of 10 anthreshold of 3, ando Wi "Qa,H0w 0 isthe time of the peak

variability in calcium dynamics (Methods, FIB1E). When a system rapidly synchronizes, the
adaptation rate approaches one. Conversely, if a system maintains a large deviation between the
dynamics of individual cells, the adaptation rate is close to zero. In general, a higher adaptation
rate implies fater multicellular adaptation to the external stress (Eide blackcurveadapts

faster than blue curve). which measured the ratio between the area under the gurve @f )

from the peak variability in calcium dynamics over 400 seconds 1Hif, the area marked in

purple area or yellow + purple area for black and purple curve accordingly) with respect to the
theoretical upper bound where the relative variability is zero {Fif, the combined areas

marked in yellow, orange, and purple).

We choose a temporal window size of 400 seconds (200 frames) since several experiments had
late peak times defining an upper bound on the temporal window (i.e., this was the maximal

time-frame without excluding experiments, Table 1).
Measuring multicellular calcium adaption using a parametric exponential model

We devised aexponential parametric model to complement the pemametric adaption rate
measurement/Ve fitted the exponential modelz Q 0, to the standard deviation curve of
the cell 6s cal ci ulmeadeassquaresenetiood (Levenbettgigeiardh o n
algorithm(Levenberg, 1944) The initial coefficients values were setto A = 0.05, K=0.01, C =
0. In experiments where the parameters failed to converge, we applied a linesqueass fit to
the logarithm of the signal. The coefficient K of the fitted model was used asrdmqiac

measure for the adaptation rate.
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Measuring synchronization in ficycleo experi me

We defined th@synchronizatioras a measure to quantify multicellular synchronization that

relied on the standard deviation of single cell calcium dynamics at different time poirits$ (
in Acycledo experi meha sB +e whamnisithe numbeeof ctlésf i n e d

as the mean calcium dynamic of all the cells at tined,, 0 function as the standard
deviation of the cell s,6 ®aMasccalaulateddwentreeritre. The

cycle time. Low values implied improved synchronization across the entire group.
Granger causality

Granger causality (GC) is a statistical method to quantify the information flow among multiple

v ar i ab lserisg@ramger,i@69)intuitively, timeseries B is said to be "Granger causal” of
time-series A, if the variability of A can be better explained by previous values of B and A,
compared to using only previous values of A.
entr opyo and under the assumption o fBarfRthetalsi an d
2010)

Formally, given twetime serieso 6 ando 0, whereQ' : . The autoregressive modelfis:

1) wo B | wo Q -0
Where, p is the lag order, the number of previous observations used for predici®the

coefficient ofw and- is the prediction error at time t. The autoregressive modsllwdsed also

on the previous observations®fis:

~

2 wo B | w6 Q B | wo Q - o

Where, p is the lag order, is the coefficientofo 6 "Q,| s the coefficientofo 6 Q
and- 0 is the joint error ofo andw predictingw.

Stationarity test

To avoid spurious causality connectiomandw both must comply with a stationary process

before applying the granger causality test. Intuitively, stationary means that the statistical
characteristics such as average and variance of a time series are independent of time. For each

c e I'Y @ tme series we applied two statistical tests for stationarity. First, Kwiatkbwski
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Phillipsi Schmidi Shin (KPSS)Kwiatkowski et al., 1992)ests the null hypothesis of

stationarity against the alternative of unit root. Second, Augmented Diekigr (ADF)

(Cheung and Lai, 199%)as applied as a complementary test for KPSS and tests the null
hypothesis for unit root against the alternat
experiments where less than 85% of the cells passed both the KPSS and the ADF stationary tests
with significance of below 0.05 (Fig12A). From the remaining experiments we considered

only cells with timeseries that passed both stationarity statistical tests.

Pairwise calibration of the lag order

Granger Causality is based on linear regression and thus sensitive to the lag order, i.e., the
number of past time frames used to make future predictions. In the context ofsetiese the
autoregressive (AR) model is the estimator of the next time palne based on its own

previous values. Higher lagrder reduces the bias but increases the variance while lower lag
order reduces the variance but increases thgWaseldridge, 2016)We selected the lag order,
for each cell pair independently, as the minimal lag derived from four methods: Akaike
information criterion(Akaike, 1973) Bayesian information criteriofschwarz, 1978)Final
Prediction ErroAkaike, 1970)and HannainQuinn information criteriofHannan and Quinn,
1979) The minimum lag was selected to avoid overfitting without losing information backup by
using Portmanteau test which checks for whiteness (i.e, the error does not contain a pattern)
(Lutkepohl, 2005)

Granger causality statistical test

We applied a statistical test to infer granger causality betweelY twotime seriesv andw
(denoted,® ) (Granger, 1969)GC tests the null hypothesis thais not contributing to
the explained variance af (Equation (2)) in relation to the model derived solely from past

values ofw (Equation (1)). This null hypothesis is rejected when at least one of the coefficients

in equation (2) is different from zero. The statistic is based on the distribution:

@ © —
Where, YY is the sum of square residuals of the model which take into account only
selfprevious observation of the random variable (Equation (1)), &M is the sum

of square residuals of the other model which also takes into account the previous observation of
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the second random variable (Equation (Z)js the sample size (humber of observations in the

time series used for predictiom)is the number of variables which was removed from the
unrestricted model, in our case, the lag order kaadhe number of variables, in our case, twice

the lag order. The null hypothesis is rejected wherrthe:is larger thanth&s t at i st i ¢ (i

critical value) to conclude th&@ . We derived thealue from the Fstatistic instead of

directly using the F statistic to set up a global acceptance threshold.
Measuring collective heterogeneity

We measure the collective heterogena#ing the degree distribution of the netw@iacob et
al., 2017) The measureharacterizes the variabilityet ween t he cel |l 6s degr e

thevariationof the probabilityfor cells witheach degrek, denoted P(k). Formally, the

—B
collective heterogeneityeasure is defined & — , Wwhere N is the overall

number of cells, and the numer@QomThes consi de
denominator is the approximate upper bound faeMs. The collective heterogeneityeasure is
bounded between 0 and 1 for large netwof®s. 1, when all cells have the same degree
(minimal heterogeneity)O p, f or a specific network structut
converges tanfinity, see(Jacob et al., 2017pr details. H could exceed the value of 1 for
extremely small networks (see Fig2D). This measure is skewed for networks containing many
vertices with zero degree becawsé Tt is high and the probability for other degrees
Q1 is low, maximizing the numerator (see gapction inhibition experiments in Table
S2).
We defined the null model for the collective heterogeneity by random shuffling the GC edges
(Fig. SL.3A). Formally, given a graph G and binary assignment of GCledgé b s! 0
WOMEMND p 0 ¢ O | B& , wherel Q are the cells at topological
distanced for cellv,| N T1ip is a binary edge assignment for all cell pairs at topological
di stance O 2 Dosmd o meO ¢aentd th epr © O ¢ ,andsis the
number of such pairs. A random permutation was performed by shuffling the binary

assignments. Observed collective heterogeneity was systematically higher than the null model
(Fig. SL.3B).
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Measuring local heterogeneity

We measure the local heterogeneity using the Estrada's index m&ssirtada, 2010)The
measure focuses on the more | ocal structur al
index score that is commonly used in chemistry for describing the molecule st{@Gitmean et

al., 2018) In contrast to the global collective heterogeneity that measures, Estrada index is based

on the degree difference between all pairs of neighboring cells, thus capturing the heterogeneity

B AN N N
in local network structure. Formally, the Estrada index is defin€s — where

n is the number of cells ard is the degree rank of céDThe Estrada index is bounded between
0 and 1. E = 0, when all cells have the same degree, and E = 1, for star topological structure,

where one node has a degre@-dfand the other cells have a degiee

We defined the null model for the | ocal heter
whil e preserving the same degree rank. We shu
preserving their degree. Formally, giventwo ed@es 0 b andQ 6 b , asingle

rewiring is transformin@fiQ edges t@ 0 M andQ 6 ) . The rewiring function
repeateds—SZ I T-Ctimes where the repeated fagtois p 1 following the rule of thumb

termination criteria for generating independent random gfRpi et al., 2015)

Calculating the transmission and receiver scores
The transmission and the receiver scores were calculated as the probability for an outgoing
(respectively, i ngoing) edge adnedarestpeghboryi c a l d

where the topological distance was calculated using the Delauswagutiation.

The transmission (denoted Tr) and receiver (denoted Re) scores were calculated independently

for each celto using its cell neighbours at topological distance one anditwp “ 0 ¢ :

B . : B,
"Yiw ( and’Y '

We treat each cell as an independent observatiorcttaracterizing the role of each cell in the
multicellular network without specifically committing on the exact network edges. To fix

spurious edges due to multiple hypothesis testing we applied the strict Bonferroni correction that
defines the edge sigretince threshold based on the number of edges cons({@&enaf@rroni,
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1936) In our case, with a significance threshold of 0.05 andumber of potential edges we get
a new significance threshold of 0.05/n. Edges passing this strict statistical test were@€rmed

edges

The reason for using topological distances of up to two in calculating the transmission and
receiver score is twofold. First, for analytic reasons and second due to irregularity in cell shape.
Calculating the transmission and receiver score based on lansimidder of neighbors will

increase the uncertainty. These neighborhood sizes were determined empirically for sufficient
observations for statistics, and the expected shoge communication between the cells.
Topological distance of two is a sweet spoterms of reducing the falgmositive errors.

Specifically, increasing the number of neighbors makes the statistical test for determining GC
edges stricter (from ~0.008 for topological distance of one to 0.003 for topological distance of
two) because we use Bonferroni correction to determine statistgmificance (Fig. $2B).

This way, the statistical test also becomes less variable between cells since the variability in the

number of neighbors also decreases.

A second reason for choosing to include Aextearest neighbor in the analysis due to the
irregular shapes of the cells (FigL.3C). Gap junctions often connect cells that are-t@xt
nearest neighbors as defined by Delaunay Trianguld&tieverthelesgshe main results regarding
heterogeneity, memory, and logatglobal information propagatiomeld alsovhen considering

topological distance cfizeone Fig. SL.12).

Note that the variance in the transmission and receiver scores gradually inoreasade(Fig.
S1.13). This result is in agreement with our results associating collective heterogeneity and

synchronization.
Partitioning the normalized transmission-receiver space

The transmission and receiver scores of each cell were normalized across the pdpwdton

direct comparison of single cell heterogeneity between cycles and between expeWaents.

calculated the receiver and transmissigtare for each celb, the variation from the mean in

units of standard deviations: Tr_norm(ci) = (Tr{gi)) / G , where € is the mear
across the popul ation over al/l cycles, and @
was applied for the receiver@me. Kernel Density Estimatidi®cott, 2015was used for the

visualization of the 2limensional normalized transmission and receiver score spacé.gGAY.
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We patrtitioned the normalized transmissieaeiver space to five regions, and assigned each cell
to one of these regions. Individual: transmission and receiseorz <-0.5. Common:

transmission &core in the range ofd.5, 0.5) and receiversrore <0.5 or receiver-score in

the range of-0.5, 0.5) and transmissiorseore < 0.5. Leader: transmissiescore > 0.5 and
receiver zscore < 0.5. Follower: receiverszore > 0.5 and transmissiorseore < 0.5. Hub:
transmission and receiverszore > (6. The zscore threshold of 0.5 was selected to maintain

sufficient number of cells in each role for statistical analysis.

Measuring information flow

GC edge probabilityvas defined as the probability of a GC edge in the experiment. This was
calculated as the ratio between the total number of GC edges and the total number of potential
edges in the experiment (defined by dgepol ogi c
probability is a proxy for the information flow within the multicellular network, we also used the

terminformation flowto refer to the GC edge probability in the manuscript text.
Enrichment factor of cellular state transitions

We calculated the enrichment factor, the fold change in the observed transition probabilities of
single cells from one state (functional role) to another cell state in consecutive cycles in relation
to a null model derived from the expected transitionglths on t he mar gi nal di st

functional roles.

First, we constructed the single cell transition mairix "G@Q (Equation 1), where the
"@Q bin holds the total number of transitions of the single®ll0 between stat&nd state
Qn consecutive cyclesjo pN & observed throughout an experiment, and whéjid

indicates the state of cédlin cyclec.

v e ph'yQ @Y 0 1
l. a (31(p]0)] Hoai O

Second, we accumulated all transitions over all cells in the accumulated transitior’ Wi@ifix
(Equation II).

o

Il. "YAQ BE¥BR g "AHQ
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Third, we normalized each row of the accumulated maxilQ phs F8 to compute the
Markov transition matrixY " @Q (Equation I11), the observed probability for a cell to transition

from statéQo stateQhroughout the experiment (Figl 30 topleft).
. "Y'HQ

Finally, we calculated the enrichment factor matfs@Q, the fold change isingle cell

transition from stat&o stateQin consecutive cycles in respect to the expected probability from
a null model assuming random transitions drawn from the marginal state distriOuf
(Equation IMAVI, Fig. S1.10 bottomleft and right).

e B§ S B§ S
IV QQ B§$B§§B$$
V. oda = L6 "QQ p M AQQ 9
VL. YAQ YHQZ —

Measuring cell memory

To measure the cell memory we calculated the Pearson correlation of the cells transmission or
receiver scores between conselddlCti wdg Oy cdl én Wi
S1.8B). We evaluated the significance of our results using a permutation test by shuffling the
cellsdé spatial | ocations with over 1000 per mu
concatenating the vector scor egsplttogbacktoewocycl es
vectors, and calculating the absolueafon correlation. Theyaluewasset as the fraction of
permutations where the shuffled correlation surpassed the observed experimental cotrelation.
this analysis, each stimulus cycle was consid
calcium dynamicsY 0) never reachdequilibrium between cycles because the shear str@ss

periodic and continuou$Ve performed an additional experiment with rest time between the
applications of sheastress periodic cycles. Even though the systehmot synchronize well (in

a single replicate), positive correlations were measured between cycles, specifically before and

after the idle (i.e., pause in shear stress) cycle providing further evidence that the memory is a

cell property that is indepenaieacross cycles (Fig.1394).
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Activation Time

The activation time of a cell in a given cycle is the time where its calcium dynamics exceeds a
threshold value dgf within a cycle. The threshold is parametrized bn the range of 0.1, 0.2 or
0.3 from the calcium dynamics rangthe initial value subtracted from the maximal vahithin

the cycle.

Y o m 1z 1Ay Y o0 T

The initial time was shifted by 60 seconds (30 frames) from the onset of the cycle to the time
where the mean value of the cellsbé calcium dy

signal is on the rise for the vast majority of the cells.
Correlating the topological distance between pairs of cells to their GEdge probability

In Fig. 1.6B we correlated the topological distance to the corresponding GC edge probabilities.
For each topological distance, for each cell, we randomly selected ten (or less in topological
distances with smaller numbers) cells and calculated the GC statistical esstHarell pair in

both directions. We evaluated the critical value (i.ezalpe correction) using FDR, to correct

for multiple hypothesis testing. Finally, we calculated the probability for GC significant edge as

the total number of significant edgesidied by total GC tests performed.

Data
N = 47 Dbiological replicates for the fAistepo e
Pa),n=10(1Pa),n=10(16Pd). = 14 bi ol ogi cal replicates fo

controln =4 (0.1 Pa) and n = 6 (0.2 Pa), low density n = 2 (0.2 Pajymeton inhibition n = 2
(0.2 Pa).
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Supplemental Figures
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Figure S1.1: Parametric exponential model for multicellular calcium adaption.
(A) Fitting an exponential model A*eKt + ¢ (black) to experimental multicellular calcium dynamics

(red o6+6

mar ker s) . Il nset :

calcium dynamics

considered the temporal range from the maximal signal until the end of the experiment (orange
rectangle, Methods).
(B) The exponential model coefficient K for each pressure level. Each data point reports the K

coefficient of the model fit for a single experiment. 4/47 experiments with K > 0.1 were excluded for

visualization purposes.

(C) Correlation between tredaptation rate and K. N = 47 experiments pooled across all shear stress
levels, Pearson correlation = 0.5166;g0ue = 0.0002. Pearson correlation = 0.7140,@ 1 u e
when excluding the 4 outlier experiments where the data did not fit the exponential model (K > 0.1).

t hroug

O 0.0001

(D) Exponential curves fitted for the N = 46 experiments across all shear stress levels. Color code
(linear) encodes the K coefficient of the corresponding exponential fit. The curves were partitioned to 3
sualization pur pos ed.008(0ne
experiment was filtered (because the coefficient A was < 0).

subpanel s

for

Vi

K

53

<

0.

00/



A © G
w0 39
[ 2 = == = g~ Threshold
« $
. =
g - Pa
[
] .
2 . ©0.6
© ®10 50 pm
n : @16 —
o DAPI Cx43
B ° D _
ol V0 :
-—
C)_ § C’:I . . e o o
o S . oo
() K]
= 2
(0] ©
S g
o =]
© 5]
(&) Q 00  eccccccccccecscee o .
: B . 0000 000000000000
'C - Ll 0 © 0000 & 0000 o
) % L_'z 2 " e eee o o0 e o o
- é ‘ 8 o . " co:oo:o: B .0 "
H*

<= =2 =8 = <SS Degree Rank =

Figure S1.2: Stationarity and using topological distances of up to two in calculating the transmission and
receiverscore.

(A) Fraction of cells passing stationarity test per experiment. Each observation represents a biological
replica. N = 47 biological replicates: n =6 (0.1 Pa), n=13 (0.2 Pa), n=8 (0.6 Pa),n=10 (1 Pa), n =

10 (1.6 Pa). In 23/47 experiments at least 85% of the cells passed both the KPSS and the ADF
stationary tests with statistical significance levels below 0.05 (see Methods).

(B) Topological distance of two is a sweet spot in terms of reducing thepiadsive errors

(representative of ten experiments). Critical value range after Bonferroni correction for each

topological distance upper bound (see Methods for details).

(C) Topological distance of two to reduce the effect of irregular shapes of the cells. Typical
immunofluorescent image with dual labeling of cell nucleus (DAPI, blue) and gap junction proteins
(Cx43, green). The thin red lines connect nuclei of nearest neighbor cells (defined with Delaunay
Triangulation). In the low density region (e.g., white circle), gap junctions only appear between nearest
neighbors. In the high density region (e.g., orange circle), gap junctions also connect cells that are nextto
nearest neighbors (see example pairs indicated by orange lines). Otstedssaexperiments were

mostly high cell density, with confluence greater than 85%. Our -siessms experiments were mostly

high cell density, with confluence greater than 85%.

O)The number of neighbors at topological distance
(accumulation ofn-degree and otdegree edges). N = 295 cells from one experiment (representative

of ten experiments). Pearson coefficien0-1678, pvalue =0.0039.
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Figure S1.3: The multicellular network was characterized by collective heterogeneity and local
homogeneity in its degree ranks.

(A) The degree rank distribution of n = 10 null model simulations (green, see Methods) and the
observed network (red). The mean collective heterogeneity score as measured with (Jacob et al., 2017)
(~0.29) is higher than the mean heterogeneity in the null models that considered random shuffling of
GC edges while preserving the probability for an edge (~ 0.25, Methods). Representative of ten
experiments.

(B) Collective heterogeneity across experiments. Observed collective heterogeneity (black) was higher
than the null model (blue). N = 23 biological replicates, across shear stress levels, that passed the
stationarity criterion.

(©) Local heterogeneity (Estradadés index (Estrada,
heterogeneity (black) was lower (more homogeneous) than the null model (green) that rewired the
edges while preserving the degree distribution of the original network. N = 23 biological replicates,
across shear stress levels, that passed the stationarity criterion.
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Figure S1.4: Correlating four measurements across experiments: multicellular adaptation, information
flow, collective and local heterogeneity. N = 23 biological replicates, across shear stress levels, that
passed the stationarity criterion weansidered to calculate correlations.

(A) Local heterogeneity versus P(GC Edge). Pearson correlation = &&kiep= 0.006.

(B) Collective heterogeneity versus P(GC edge). Pearson correlation =-9a0ep=0.000.

(C) Adaptation rate versus P(GC edge). Pearson correlation = evallygo= 0.615.

(D) Collective heterogeneity versus local heterogeneity. Pearson correla@igil=pvalue = 0.052.

(E) Adaptation rate versus local heterogeneity. Pearson correlatib6x; pvalue = 0.002.

(F) Adaptation rate versus collective heterogeneity. Pearson correlation =-@&8ep=0.200.

Collective heterogeneity was correlated with the GC edge probability while the local heterogeneity was
negatively associated with the adaptation rate as well as with the GC edge probability (and statistically
marginally with the collective degree heterogeneity). The remaining measurement pair correlations
were not statistically significant, but showed consistency in the correlation sign associating adaptation
rate, GC edge probability, collective heterogeneity, and local homogeneity. One reason for the lack of
statistical power could be the variability between experiments, including the varying shear stress
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Figure S1.5: Sufficient cell density isequired for multicellular synchronization. Shown are results for
an experiment with sparse cell seeding. Representative of two experiments.

(A) Multicellular calcium dynamics over time in response to external mechanical stimuli. The calcium
dynamics of each cell was represented by the-tiarezative of its relative fluorescent intensity. Black:
mean calciunRi(t) dynamics; Green: standard deviation.

(B) Multicellular calcium dynamics synchronized over time for sparsely seeded cells. Pearson
correlation =0.8563, pvalue = 0.0007. However, synchronization was less effective than in our
baseline density experiments (compare to E8B and full results in Table S2).

(C) Information flow did not increase over time for sparsely seeded cells. Pearson correlation =

-0.7581, pvalue = 0.0068.

(D) Collective heterogeneity did not increase over time for sparsely seeded cells. Pearson correlation =

-0.6517, pvalue = 0.0298.
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Figure S1.6: Asynchronization and GC edge probability. Contrepresentative of 10 experiments

(red): asynchronization was negatively associated with GC edge probability (Pearson correlation =
0.8933,pv al ue O 0 .-jonetroiribition, re@esentative of two experiments (cyan):
asynchronization is not associated with GC edge probability (Pearson correlation = 0:08ld@,

0.9829). Low density, representative of two experiments (purple): asynchronization is positively
associated (i.e., cells are not synchronizing over time) with GC edge probability (Pearson correlation =
0.8151, pvalue = 0.0040). This analysis considered 12 (control), 10j(gagtion inhibition), 10 (low
density) cycles. The first cycle was an outlier and was excluded from this analysis.
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Figure S1.7: Local heterogeneity over time

(A) Control experiment, representative of ten experiments (red) (Pearson correk@ti6h27, pvalue

= 0.0450), gap junction inhibition experiment, representative of two experiments (Pearson correlation =
-0.2973, pvalue = 0.3744) (cyan) and low density experiment, representative of two experiments
(purple) (Pearson correlation-6.6688, pvalue = 0.0244).

(B) Each point represents the difference between a single permutation of the null model that spatially
shuffles the cellsd neighbors while preserving
local heterogeneity (see Methods) over all the cycle experiments replication. Control experiments (red,
n=10). Gap junction inhibition experiments (cyan, n=2). Low density experiments (purple, n=2). There
is no clear separation between the control;jgaption inhibited, and lovdensity experiments.
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Figure S1.8: Single cell communication memory. Representative of ten control experiments.
(A) Pvalueofthec or r el ati on between the cell sb
(x-axis), values correspond to the correlations inlF4d@. The color scale is linear.

B) Longer term memory. The temporal <correlations
receiver (bottom) scores with time gaps ef tycles (yaxis). The xaxis indicate time (cycle #) and

the yaxis indicates the number of cycles considered when calculating the correlation. The color scale is
linear.
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Figure S1.10: Calculating the enrichment factor of cellular state transitions. Representative of ten control
experiments. Top left: Markov transition matrix based on the observed sélgiele transition over the
cycles. Bottom |l eft: The expected transition prob
frequency over the cycles. Right: The enrichment transition matrix was followed by normalizing (scalar
division) the Markov transition matrix with the expected transition matrix. The enrichment factor from

hub to hub is higher than any other enrichment factor. (see only transitions above the expected, Fig.

15D).

The color scale is linear.
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Figure S1.11: Analysis of stimulation onset and relaxation time after a single pulse of shear stress.
Representative of two experiments. To assess single cell relaxation time we performed a new experiment

(2 replicates) where, after 130 seconds without stimulation, we applied a psisaotress (0.2 Pa) for

60 seconds and then released the stress and followed the relaxation.

(A-B) The raw (A) and normalized (B) calcium intensity tymefile of 20 randomly selected responding

cells. For each cell, the calcium peak near the time to the pulse of shear stress application and the time
where the cell settled (or fArelaxedo) were manual
marks the time of the stimuli onset and stop. Single cells reached a steady stat® s&bonds after

their peak (mean 72.25 seconds, standard deviation 25.3 seconds) and full collective relaxation was
achieved after approximately 285 seconds. The fluorescent intensity usually did not return to the

prestimuli

level, but the cells settled to a new basal level that is slightly higher than the original, and do not

show changes in the intensity beyond short noise fluctuations (in fact, this is one of our reasons to analyze
the temporal derivatives).

(C) Derivative of the normalized calcium intensity of a representative cell. The red solid line indicates the
beginning of the pulse and the red dashed line the end of the pulse. The black solid line indicates the start
of the manually annotated cell 6s rtmneponse and bl a
(D) Multicellular calcium dynamics (blackmean calcium dynamics, greestandard deviation). The 60s

of shear stress application is marked in red and the relaxation time is marked in blue.
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Figure S1.12: Replication of main results witlopological distance of one. Representative of ten control
experiments.

(A) Asynchronization was negatively associated with GC edge probability (Pearson correlati®®ir2,
p-value = 0.0002). The first cycle was an outlier and was excluded from this analysis. The color scale is
linear.

(B) Cells transmission and receiver scores were correlated across consecutive cycles (solid lines),
reinforced over time (Pearson coefficient = 0.5620, p < 0.0044), and were a local cell property as
validated with permutation analysishuffling the cells in the next cycle and calculating correlation
(dashed line, see Methods).

(C) The enrichment transition matriXhe enrichment factor from hub to hub is higher than any other
enrichment factor. The color scale is linear.

(D) Gradual local to global transition in information spreading. The observed versus permuted Granger
causality edge probability, P(GC edge), over the cycles. The red horizontal line is the experimental
observation, while each blue dot is the result of one of ten independent spatial cell permutations.
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Figure S1.13 Vari ance in the cellsé raw (i.e., before n
scores for each cycle. Representative of ten control experiments. The variancesised over time in

the transmission score (Pearson coefficient = 0.9541, p < 0.0001) and in the receiver score (Pearson
coefficient = 0.9442, p < 0.0001).
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Figure S1.14: Cycle experiment were the shear stress was turned off for one cycle (cycle #4) showed
weak
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memory.

(A) Multicellular calcium dynamic. Black indicates the mean calcium dynamics, and green the standard
deviation. Numbers indicate periodic shear stress cycles, horizontal pink lines mark rounds of 4

consecutive cycles, and horizontal blue lines marks times were the shear stress was turned off.

(B) Cells transmission and receiver scores were marginally but positively correlated across consecutive
cycles (solid lines), and slightly increased over time (Pearson coefficient = 0.6092, p < 0.0616). Shown

are correlations with time delay of two cycles. This specifically included the positive correlation at cycle
#3(xaxi s, between cycle 3 and 5) that involved the
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Supplemental video and .csv table titles and legends

VideoSL1:A vi deo of a representative fAstepo e
https://www.cell.com/cms/10.1016/j.cels.2022.07.002/attachment/05d#a&84209ba0d
f540d31a00c3/mmc5.mp4

Video SL.2: A video of a cyclic experiment of shear stress of 0.2 Pa.
https://www.cell.com/celbystems/fulltext/S2408712(22)00292Z#mmc6

VideoSl3: A video depicting the transmission
with shear stress of 0.2 Pa. Each region represents a single cell.
https://www.cell.com/cms/10.1016/j.cels.2022.07.002/attachment/ce55c%24de38605
781a53f1d87e/mmc7 pd

VideoSl4 A video depicting the receiver scor
shear stress of 0.2 Pa. Each region represents a single cell.
https://www.cell.com/cms/10.1016/j.cels.2022.07.002/attachment/27 68234 782a9¢c8
08ea96c575e2/mmc8.mp4

Video S1.5: A video depicting the evolution of the transmission and receiver scores of a
representative Acyclesodo experiment with s
estimate plot visualization of the normalized transmission and receiver scotbeugcles.
Partitioning of the zscore normalized transmissioeceiver space to five regions (blue dashed
lines), each cell (yellow dot) was assigned to a state or role (red text) according to the region
they resided at.
https://www.cell.com/ms/10.1016/j.cels.2022.07.002/attachment/1faati&8542729d6d
470d6f6409c3/mmc9.mp4

Video SL.6: A video depicting the single cell evolution in communication properties of a
representative Acycleso experi ment. Each
roles are color coded.
https://lwww.cell.com/cms/10.1016/j.cels.2022.07.002/attartf@4b52b86ce46e68c7d
a056d4abc88a/mmc10.mp4
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Chapter 2Contextdependent spatial multicellular

network motifs for singleell spatial biology

Amos Zamir, Yael Amitay, Yuval Tamir, Leeat Keren Assaf Zaritsky

Department oSoftware and Information Systems Engineering,-Bemion University of the
Negev, BeeiSheva, Israel

:Department of Molecular Cell Biology, Weizmann Institute of Science
‘Correspondenceissafzar@gmail.com

Summary

The clinical state ofliseased tissue is caused by complex intercellular processes that go beyond
pairwise celcell interactions andre difficult to infer due to the combinatorial explosion of such
high-dimensionality. We present conted¢pendent identification of spatial motifs (CISM), a
two-step method to identify local interconnected cell structures associated with a disease state
single cell spatial proteomics data. First, for each tissue, CISM enumerates structures of enriched
reoccurring multicellular patternstha#¢d i ne t he modul ar components
multicellular network. Second, discriminative motifs are selected according to the cahtsxt
presence in patients at different clinical disease states. By applying CISM, we show that modular
structures comosed of as little as-3 cells and their relative spatial organization can encode
differences in clinical disease states in cohorts of trlgative breast cancer (TNBC) and
melanoma patients. Machine learning validation indicated that discriminativis owtperform
stateof-the-art methods for disease state prediction while enabling interpretation of which
interactions in what spatial context are associated with these predictions.det&fed

discriminative motifs may define a higher layer of abstradioth modularity in multicellular
organization and function with broad applicability in the domain of spatial single cell omics and

beyond.

68


mailto:assafzar@gmail.com

Introduction

The architecture and functional state of a healthy tissue relies on individual cells using their basic
cellularmachineryto influence and respond to neighboring cells through a complex interplay of
chemical and physical cues. Dysfunctional regulation of molecular and cellular processes

underlies the defected tissue organization and function in disease. How local interactions

between single cells are integrated in space to contribute to function or loss of function at the

tissue scale is yet to be resolved. Traditional tissiade bulk readouts cannot explain tissue

scale cell organization because population averages masikge cell types and cell states
heterogeneity. Single cell 6o manadt @solvegslehni ques
i nformati on r egpaialagamzgtiont hRRe ¢ @ rsts usepdast i al singl e
techniques enable to determine for every cell its cell type and state and to map it back to its
physiological tissue context in sifiMarx, 2021) These advances bring on the next technical
challenges of systematically representing and bridging the different spatial scales of tissue

organizatiorfrom individualcellsto physiological meaningful tissue state.

Most analysis efforts are currently focused on measuring cell type proportions, pairwise
interactions between cell typésli et al., 2024; Dayao et al., 2023a; Keren et al., 2018; Risom et
al., 2022; Samorodnitsky et al., 2024; Seal et al., 26&4)lar microenvironment®ayao et al.,
2023b; Jackson et al., 2020; Tamiakt 2024; Wu et al., 2022; Wu & Zou, 2022)d graph
modeling approachdg\li et al., 2024; Jackson et al., 2020; Tamir et al., 2024; Wu et al., 2022;
Wu & Zou, 2022) We hypothesize the existence of an intermediate spatial scale of tissue
organization involving a few locally interacting cells that define modular components of
different clinicalstatesof diseasedissuesSuch modular components can define a new layer of
abstraction that can help reveal biologically meaningful higihéer intercellular interactions

that are associated with tissue state, thus bridging the gap between pairwise interactions and
tissue organizatiorHowever, thenumber ofpotentialhigh-dimensional intercellular interactions
grows exponentiallyas a function othe number of cellgwolved in these interactionandthus

aredifficult to explicitly infer systematically

Here, we adapt and ext en deodclirg schmetworlestpat of fAnet
def ibmeé @i ng bl ometveks(Miw et alg200R)td chaxacterize thigne-scale

organization of multicellular spatial networks of human disease tisSagsnal studies starting
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at the beginning of the millenniugstablishednotifsin transcription networks of multiple
experimental systems and organissuggestive of their role as modular and universal building
blocks of transcription networks that are repeatedly selected by evolution for their biological
function(Alon, 2007) Motifs also appeared in other biological and4bawogical networks

(Milo et al., 2004) We introduce a new method nanf@dntextdependentdentification of
SpatialMotifs (CISM) thatidentifiesfAdiscriminatived motifsin the spatial network that are
associated with human disease sta@gplied to investigate future metastasis in melanoma and
short versus longerm patient survival in tripl@egative breast cancer, we demonstrated that
CISM discriminative motifof 3-5 cells represent a signatdoe tissuediseasestate These
discriminative motifs were used as featuresaforuratanachine learning predictipand their
localization in the tissueevealedhe spatialcontextsfor which motifs were associateslith the
disease stat&Ve also revealed that the speciftativespatial organization of cells within the

motif contributes to thdisease discriminatome y ond t he moti fsd cel |l tyq
demonstrated how the same patidatived motifs can be differentially analyzed under varying
disease contexts. Specifically, in (metastaee)sentinellymph nodes of stage Il melanoma
patients, CISM identified discriminative motifs consisting of B cells and CD8 T cells that appear
in the layer of B cells surrounding the germioahters of tumaefree lymph nodes that

progressed in five years to remote metastdseENBC patients, CISM identified discriminative
motifs consisting of interactions between tumor cells and CD8 T cells or CD4 T cells that were
associated wittong-termsurvival. CISMderived discriminative motifs may definenawlayer

of abstraction and modularity in a multicellular function with broad applicability in the domain

of spatial single cell and beyond.
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Results

Context-dependentl dentification of Spatial M otifs (CISM)

We introduce contextiependent identification of spatial motifs (CISM) as a bottgonmethod

for grouping cells into fine grained spatial/l
provide meaningful information regarding physiological tissue s{aigs2.1). Following

single cell segmentation and cell type classification (Fig. 2.1A), we defipat&l multicellular
networkrepresenting the spatial organization of a tissue, where the nodes of the network are

single cells with an edge between gvpair of adjacent cells according to the Delaunay
triangulation (Fig. 2.1B, Il eft). This process
according to its corresponding cell type. Network motifs are defined agraphs (i.e., a set of

celsand edges) that occur more than expected in
determined according to a statistical significance test. Intuitively, a subgraph is considered a

motif if its frequency in the observed graph precedes its frequencydomagraphs generated

by edgeswitching that preserves the degree distribution (Methods). Existing methods for motif
identification in Acoloredodo graphs are bounde
motifsod size. Thi sorsimleeell mullifdlexed datatthataslIchardaatenzed at i o
by multiple cell types. Thus, we adjusted an existing implementation of a method called

FANMOD (Wernicke & Rasche, 2006) define FANMOD+ (see Methods). Our

implementations can suppanp to128-colored networksgoing well beyond existing motif

detection tools that support at most 15 colors for motifs at stze84olors for motifs of size 7

and 0 colors for motifs of size(&moly et al., 2017)Given a motif siza (i.e., number of cells),

for each patientds tissue sampl e, Cl SM extrac
calculates for each motif its frequeneith respect to the total number of corresponding

subgraphs of sizein the patient's sample (Fig. 2.1B, right). To identify motifs that are

associated with a clinical outcome, CISM selects the motifs that appear in at least a

predetermined fraction of the patients with the corresponding clinical outcome and that do not
appear in any patients with otheirgtal outcomes; we term theseamtextdependent

discriminative motifsThese discriminative motifs can provide concrete discriminative and
biologically-meaningful interpretable information, at the spatial scale of a few cells, and of their
potential local interactions. Notably, the same motifs, with different codepg&nént inclusion

criteria, can be used to tackle different questions. Altogether, the motifs are generated in an
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unsupervised fashigand then selected, with supervision, according to the cedépdndent

discrimination criteria, such as disease state or clinical treatment.

CISM contextdependent discriminative motifs can be used to formulate a machine learning
based prediction of the tissueds disease stat
its discriminative motifs frequencies. Since patient cohorts@ramnonly limited to tens of

patientswe evaluated the models in leaweepatientout cross validation: multiple rounds of

training and testing, each round with one patient designateddst, and all other patients are

used as the training set. Morgesifically, each iteration followed the processes depicted in Fig.

2.1C (leftto-right): (1) keep one patient out, (2) extrdetcriminativemotifs from all patients

excluding the one that was left out, (e the most frequedtscriminative motifsas

representation® train a machine learning model to predict the tissue diseaseg(4japply the

model on the kept out patient. Importantly, in this setting, the training process is fully

independent of the patientthetest(Jones, 2019)This process was repeated for all patients

and the different model sd prediction probabil
evaluated with tharea under the receiver operating characteristic curve {AUC
ROC).Discriminativemotifs can be evaluated based on their prevalence across patieriés
motifs-induced pairwise interactions disease signatanegor based on their contribution to the
model s 6 panddambe mapped kacktheir spatial context within the tissue for

biological interpretation (Fig2.1D).
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Figure 2.1. Extraction of spatial motifs, contextbased selection, machinéarning evaluation, and
visualization. (A) Singlecell type classification (tofo-bottom): multichannel spatial proteomics data at
singlecell resolution, cell segmentation, cell type classificatiB).Extract motifsusing FANMOD+

from each patient and record the relative frequency of each n@jtiDiscriminative motifs and machine
learning evaluation. Lefio-right: leave one patient out, extract motifs, select discriminativgfs, train

D

a machine learning model to predict the disease tissue state using discriminative motifs as features, and

evaluate the model on the leftit patient. Repeat this process for all patients and calculate the ROC
according to the pooled predim probabilities. D) Moving back to space and interpreting. Overlaying
the motifs on the spatial multicellular netwark he mot i f sé | ocali zation i
contexts associating a motif to a disease state.

CISM classification of melanoma disease state

We were interested in the loitgrm metastatic propensity of early melanoma (stadigs |

defined as a primary tumor with no signs of spreading to nearby lymph nodes or to distant
organs. Specifically, can we predict future widespread metastases inemikipnt organs from
the single cell spatial organization of the (turr@e) sentinel lymph node? We applied CISM to
analyze a subcellular resolution 36 channels MIBIFacquired human cohort consisting of 76
tissue sections from lymph nodes of 38 st melanoma patients. Five years following
treatment, the patientsd clinical out come
metastases in distant organs (Fig. 2.28patient with tumoifree lymph nodes and rehstant

metastases in five years was defined as negaggative (NN). Correspondingly, those patients
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with remote metastases five years following diagnosis were defined as nemsithee (NP).

We segmented single cells using Deep(&ikeenwald et al., 20223pplied CellSighter for cell

type classifiedAmitay et al., 2023)assigning each cell to oneId nortumor lymph node
microenvironment cell types according to their lineage relationskhigs$2.1 Methods), and
defined thecorresponding spatial multicellular network. The cell type distribution, defined by
pooling all cells from all patients, was similar between NN and NP whiglzer fraction of CD4
T-cells, Macrophages in NN and Germinal Center B cells, and Memory @f24slin NP (Fig.
2.2B). We applied FANMOD+ to extract hundreds to-tleousands of-3 4-, and 5cell motifs
correspondingly. Next, we performed contdepenént motif selection according to the
discrimination stringency parameter, which is the fraction of patients of a given clinical outcome
(i.e., NN versus NP) that share a discriminating motif. This analysis showed similar numbers of
discriminative motifs ilNN and NP that exponentially decayed as a function of the fraction of

the patients (with the corresponding clinical outcome) that shared the motif (Fig. 2.2C).

To systematically test whether discriminative motifs can provide a rich representation of the
tissue disease state, we turned to machine learning validation. Specifically, we performed
Random Foredbased leavw®nepatientout crossvalidation where eachapient was represented
by a (sparse) feature vector of its discriminative motifs frequencies. Gradually increasing the
discrimination stringency parameter revealed a trend of enhanced classification performance for
discriminative motifs that appear in mgyatients for 3and 4cell motifs (Fig.2.2D). The
classification score reached a maximal AUC score of 0.88 withdés discriminative motifs

that appeared in at least 46% of patients from one clinical outcome (and did not appear in
patients from the other clinical outcom8gtting the discrimination stringency paramébed 46
has an additionddenefit inlimiting the number otliscriminativemotifs for downstream
interpretationFig. 2.1D andDiscussion)Motifs of size three led to inferior classification
performance due to a lack of sufficient numbers of discriminative motifsZRi@-D), and 5

cell motifs reached an AUC score of 0.81 (discrimination stringency parameter = 0.2) that
dropped for more stringent discrimination criteria due to training overfittingfestrmotifs per
leaveoneout iteration Fig. S2.3. CISM surpassed the alternative classification approaches of
whole graph neural networkFamir et al., 2024xand pairwise cell type machine learning that
reached a near random AUC of 0.53 (std = 0.02,F&p 7 cyan horizontal line) and 0.56 (std =
0.02, Fig.2.2D1 pink horizontal line) correspondingly (Methods for full details). To confirm
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that these results were not due to overfittin
and performed the full CISM classification pipeline. Repeating this permutation test 100 times
produced AUC scores that were distributed around random (m&&i-20 std=0.2138,-p

value=0.01Fig. S2.3. Cumulatively, CISM showed remarkable melanoma clinical outcome

prediction, indicating that discriminative motifs can serve as multicellular modular signatures of

adisease state with the fine spatial resolutbfour cells and their spatial adjacencies.
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Figure 2.2. Contextdependent identification of spatial motifs (CISM) can predict melanoma disease
state.(A) The melanomaohort includes 38 patients diagnosed with a primary tumor with no apperant
tumor cells spreading to the lymph node (i.e., melanoma si#g0 of these patients were not
diagnosed with widespread melanoma metastasis five years following treatmeati@&iggative,

NN), while the remaining 18 patients were diagnosed with widespread metastases in distant organs
(NegativePositive,NP). B) Cell type distribution for NN and NP patient grougs) The number of 3

cell (green) and-4ell (purple) contextlependent discriminative motifs-gxis, log scale) over the
discrimination stringency parametergxis)- a fraction of patients of a given clinical outcome that share
a discriminating motif whenone of the patients with the other clinical outcome shar®jtM@achine

|l earning validation of melanoma di sease state dis
representation. Leavwone patient out crosalidation (LOOCV) model performance (AUC)-&xis) over

the discrimination stringency parameterais) (green 3-cell motifs, purple 4-cell motifs). The pink,

cyan, and black dashed horizontal lines represent the LOOCV AUE stpairwise, GNN, and a

random null model, correspondingly. The discriminative motifs derived fromil4notifs with the
discrimination stringency parameter of 0.46 for discriminative motifs selectoaused for further

analysis. The sensitivity thi¢ discrimination stringency parameter and to the number of motifs is shown
in Fig. S2.4andFig. S2.5correspondingly.
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Discriminative motifs-induced pairwise celicell interactions

Can we use the discriminative motifs to learn discriminativeaadIpairwise interactions that

can not be obtained by direct analysis? To extract potential pairwise interactions from the motifs
we examinedhe 19 discriminative motifs /11 motifs associated witNN/NP correspondingly)

that appeared most frequently in the machine learning andbjis@iminative motifshased

pairwise interactions were measured according to the probability of two cellgies

connected with an edge in the pooled sehsances ofliscriminative motifs appearances
associated wittNN or NP across th patient sample@-ig. 2.3A, Method3. This analysis

revealed several potential pairwise interactiassociated with one disease state and not the

other The topthreehighly rankedmotifs-inducedpairwiseinteractionsgdiseasesignaturesn NN

and in NP arelepicted inFig. 2.3B. NN wasassociated witdominantinteractionsof

Neutrophilswith CD4 T-cells, Macrophagewith CD8 T-cells and CD8 Fcellswith NK cells

while NP wasassociatedavith dominant interactionsf B cellswith CD8 T-cells CD8 T-cells

with CD8 T-cells, and Macrophagegth CD8 T-cells. Thesedisease statassociategairwise
interactions weraot sensitive tadhestringencyof themo t i f s 6 d icrdedan(FigaB4h at i o n
Importantly, explicitly enumerating the distribution of pairwise interactiomfdrversusNP

patients according to the probability of two cell types being connected with an edge in the
multicellular networkwithout using thealiscriminative motifsdid not show a clear distinction in

the context of disease state (RRBC). This result suggestthatthe strict contextiependent
discriminative motif selection refined the noisy landscape ofoadllinteractions in the full

spatial multicellular network by focusing on the discriminative localized network motifs.
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A Motifs-induced pairwise interactions disease signature
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Figure 2.3. Context-dependentmotifs-induced pairwise interactionsmelanoma disease stat¢A)
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A motif is defined according to its cell types and the edges between them. We next asked

whetherthedl i s c r i mi n adl fype eomposition, f.es the cell types without considering
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their relative spatial organization to one another, is sufficient to discriminate between the NN
and NP disease states in other wordg whether the spatial structurediscriminativemo t i f s 6
matterfor disease state classification® answer this question, we repeated the steps of context
dependent motifsd selecti adnsteadofdsingn@c hi ne | earn
discriminative motifsve usedhediscriminativecell type compositiorepresentations. The cell

type composition of a motifasrepresented as a sparse vector that encodes the number of
occurrences of each cell type in the motif. For examplecal4notif that includetwo edges

from a HEV to two memory CD4-tells and two edges from ad#ll to the same two memory

CD4 T-cells is transformed to a sparse vector encoding a singéd Bone HEV celland two

memory CD4 Tcells (Fig.2.4A). This cell type composition representation was less specific and
thusinducedmuchfewerdiscriminativecell typecompositionswith respect tadhe (more
specific)discriminative motifsfig. S2.@\). Machine learning evaluation confirméuatthe cell

type composition representatitailed to generalizéo discriminate between NN and Nisease
stateqFig. S2.®).

To directly assess which of téscriminativemo t i f s6 spati al organizatic
with the disease statee devised an approach that measures the gain in classification

performance attributed to the inclusion of edidtriminativemo t i f 6 s spati al orga
instead of itcorrespondingell type composition. First, we transformed the representation from

the discriminative motifs space to the cell type composition space by replacing each
discriminativemotif with its corresponding cell type composition (R2giB). Note that multiple
discriminative motifs can be mapped to the same cell type compositidrihat a cell type
compositioncaninclude instancesf motifs that didnot meet the strict discrimination stringency
parameter used to determine the discriminative motifs. This discriminative ‘tetited cell

type composition representation reached a reduced AUC score of 0.655, which was used as a
baseline (Fig2.4B, middle). Spedfically, in this case each discriminative motif was mapped to

one cell type compositioisecond, beginning from this cell type composition representation, we
iteratively introducedack the spatial information feachcell type composition byeplacingit

with discriminative motifghat induced itThis replacemerdreatedca hybrid representation that

contained both cell type composition and discriminative motif featuresZB®j, right). This

hybrid representatiowas used for machine learning assessment, whepathiebution of the
correspondi ng mot iwasatbibuteditatheiclaskificaiiagegnavithirezspadt to o0 n
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the cell type composition baselirhe classification gaifor each cell type compositiomas

ranked showing thathe vasimajority (17/19)of themo t isdatglGtructureontributecto

diseasestate prediction (Fig2.4C). The three highest ranked cell type compositions included

Auni dent i fsjie, debls witheut d specificiassificationand thus were not further

analyzed. The®highest ranked cell type composition contributed 0.11 ta¢Heype

composition baselinAUC, and was composed of one B cell, tingh-endothelial venule

(HEVS) cell, and two memory CD4 T cells (FR)4C motif #1in green this motif was used as

an example in Fig2 4A-B). The 3" highest ranked cell type composition contributed 0.09 to the

baseline AUC and was composed of a CD4 T cell, a pair of Macrophage cells, and a vessel cell

(Fig. 2.4B motif #ll in orangethis motif was used an example in Fig2.4B). To furtherverify

thatthe spatialstructuref thesemotifs aremore discriminate thatheir corresponding cell type

compositionswe counted thaumber ofinstance®f these motifs and theaorresponding cell

typecompositionsacross the o h opatierissWhile the number of instances of the cell type

compositions inducedy motifs land Ildid not show cleadiscrimination betweethedisease

states (Fig2.4D, top), the prevalenceof motifs land Il clearly discriminatedhetweerNN and

NP (Fig. 2.4D, bottom).Thus distilling thecontributionof thediscriminativemo t ispgat&alo

structuresndicates thathe specifiantra-motif directcell-cell interactionsaremoresensitive as

markerdfor diseasestatewith respect to theorrespondingno t icdil fypmecomposition
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