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Figure 4. Influence of local neighborhood density on primary human endothelial cell
(HUVEC) morphology. (a) Distribution of cell circularity values grouped under different
levels of closeness centrality; sample size, n=786 cells (group 1; ¢, < 0.025), 741 cells (group
2; 0.025 < ¢, < 0.05) and 782 cells (group 3; cn> 0.05); Cohen’s d effect size: groups (1, 2) =
0.34, groups (1, 3) = 0.62 (b) Sample immunofluorescence image with graph representation
overlaid; scale bar = 50 um. (¢) Heatmap depicting closeness centrality of each cell, with
circularity values overlaid in text. (d) Representative cells from cluster analysis, highlighted in
magenta. (e) Cell size, closeness centrality and circularity distribution plots for each cluster. (f)
Bar plot of variance explained by growth factor treatment and local network metrics. (g) Box
plot of cell size as a function of growth factor treatment. (h) Box plot of mean actin intensity as
a function of growth factor treatment. Legends and axes in (f-h) contain information on
treatment (BDNF, VEGF), concentration (50ng/ml, 100ng/ml) and time of treatment (6 hours
and 12 hours). Cohen’s d effect size for (f-h) is shown in Supplementary Table 2.
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Figure 5. Spatial Analysis of the Pericapillary Niche in Adipose Tissue. Example confocal images of wild type (a) and knock
out (b) adipose tissue and the corresponding output graph for the wild type image (e). Red = lectin (capillaries). Green = Bodipy
(adipocytes). Yellow: integrin a7 positive cells. Violin plots of cell properties comparing wild-type and knockout (c, d, f-h).
Distances are measured between the closest border pixels of pairs of objects. Figure 5f is adapted from reference (1). Error bars
are mean +/- standard deviation. p-values were computed using the Wilcoxon rank sum test (***: p <0.001).
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Table 1. Software tools for spatial analysis

Software Platform Input Output Reference
histoCAT MATLAB, Imaging mass User-guided cell neighborhood for (50)
standalone cytometry selected cells, enrichments/depletion of
program cell-cell interactions based on comparison
to spatially randomized data
Pelkmans lab  Module Cell cultures Local cell density, population size, cell (34, 49, 51, 52)
compatible with islet edges
CellProfiler
Cell-graph Standalone tool H&E stained tissue Multiple graph metrics, e.g. clustering (15)
samples coefficient, network diameter s
PySpacell Python Cell cultures Statistical tests of magnitude and scale of  (53) Q
spatial effects §
SpatialDE Python Spatial transcriptomics  Statistical tests of genes with spatial (54) 53
datasets variation, spatial gene-clustering »
trendsceek R Spatial transcriptomics ~ Statistical tests of genes with spatial (55) 2
datasets variation ]
cytoMAP MATLAB Histo-cytometry data ~ Multi-scale characterization of tissue (56) 2
structure 3
MuSIC Cytoscape Immunofluorescence Intracellular protein positions and 57) 5
and affinity distances 2

purification mass
spectrometry data
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654  Table 2. Software tools for calcium signal analysis.

Software  Platform Input Output Reference
unnamed MATLAB Images Segmentation, signal extraction, stimulus response analysis, (58)
assembly detection, network dynamics analysis
CalmAn Python Images Motion correction, source extraction, deconvolution, registration (59)
EZcalcium MATLAB Images Motion correction, segmentation, signal extraction, deconvolution (60)
NA? Imagel, R Images Total activity value, variance area (61)
CAVE MATLAB Images Motion correction, AF/F calculation, cell detection, calcium trace (62)
analysis
CaSiAn Java Signal Peak and nadir detection, interspike interval and average period (63)
data regression, signal correlation
SIMA Python Images Motion correction, segmentation, signal extraction, ROI registration  (64) <
Suite2p MATLAB, Images Image registration, ROI detection, cell determination, activity and (65) &
Python neuropil extraction, spike deconvolution 2
CNMF-E MATLAB Images Contour detection, signal extraction (66) g
ABLE MATLAB Images Contour detection, neuropil correction, signal extraction (67) :
SCALPEL R Images Segmentation, signal extraction (68) 2
MINI1PIPE MATLAB Images Motion correction, segmentation, signal extraction, deconvolution (69) g
SamuROI  Python Images Image stabilization, event detection (70) 2
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Table 3. Local neighborhood metrics calculated at the individual cell level

Graph Metrics Symbol Definition

Degree k Number of neighbors one link away from cell of interest

Average Neighbor Degree kn Average degree of all neighboring cells

Clustering Coefficient C Number of edges in local neighborhood of a cell, divided by total possible connections
Local Efficiency E Average shortest path length in local neighborhood

Node Closeness Centrality Cn Sum of reciprocal distances in number of links to all other nodes

Node Betweenness Centrality Wy, Number of shortest paths that pass through a node

Shared Cell Border' Sy Total number of pixels shared with neighbors

! Relevant only for type | graphs
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Table 4. Global graph metrics and their normalization to account for network size. n = number of nodes, m = number of edges.

Graph Metrics Symbol Definition

Node Count n Number of nodes

Edge Count m Number of edges

Fraction Area Cells A Fraction of total surface area in field of view covered by cells

Average Degree avgeK Average number of connections for a node in the network

Variance in Degree varK Variance of node degree sequence

Network Heterogeneity NetworkHeterogeneity Standard deviation of node degree sequence divided by mean of degree sequence
— reflects tendency of network to contain hub nodes

Average Neighbor Degree avgeNeighborK Average degree of local neighborhood, averaged across all nodes

Variance in Neighbor Degree varNeighborK Variance of the average neighbor degree sequence

Network Efficiency E The average reciprocal of shortest path length across all pairs of nodes, E

Average Clustering Coefficient C Fraction of total possible links among the neighbors of a node that are actually
present, averaged across all nodes, C

Number of connected nConnectedComponents Number of disconnected sub-graphs in main graph

components

Average Size of Connected avgeComponentSize Average number of nodes in each connected component

Components

Variance in size of connected varComponentSize Variance in component size sequence

components

Network Diameter networkDiameter Longest shortest path length of network

Isolated Node Count nlsolatedNodes Number of nodes with no neighbors

Pair Node Count nPairNodes Number of independent pairs of nodes

Triangular loop count nLoops3 Number of loops of 3 nodes

4-star motif Count nStar4 Number of star motifs with one hub and three spokes

5-star motif count nStar5 Number of star motifs with one hub and four spokes

6-star motif count nStar6 Number of star motifs with one hub and five spokes

Rich-Club Metric Average avgeRichClubMetric Measure of the tendency of nodes with high number of links to be well connected
among each other (71); Computed for threshold degrees between 1 and (n-1)

Rich-Club Metric Variance varRiceClubMetric Variance in rich-club metric for thresholds from 1 to (n-1)

Assortativity Assortativity Pearson correlation coefficient of degrees between pairs of linked nodes(72).
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