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Supplemental Figures

Figure S1: Shared nearest neighbor graph visualization of vector types. Graphs shown are generated using k=3
in k-nearest neighbor calculation which uses the weight_norm edge attribute of all ligand-receptor mechanisms as
features. Each node is a vector type, and an edge is drawn between two nodes that share at least one neighbor. The
weights of the edges that reflect the similarity between two nodes are calculated using the rank scheme defined by
(21). Nodes in the upper left graph are colored in two parts, with the left color representing the sending celltype
and the right color representing the receiving. The upper right shows a Louvain clustering of this same graph. As a
demonstration, the lower panels emphasize those vectortypes originating only from endothelial cells and landing
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only on endothelial cells, respectively. Note (i.e. in Cluster 2) that two vectortypes can be highly similar even
though they do not all originate from, or land on, the same cell types. This is indicative of substantial overlap in the
ligand-receptor mechanism weighting between those two cell types.
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Figure S2: Runtime for connectome computation with and without statistical analysis. Simulation was run on
the panc8 dataset from SeuratData, with and without calculation of p-values for each ligand and receptor, on each
edge, via a system-wide Wilcoxon Rank Sum test. In both cases, runtime is dependent on both parcellation number
and cell number. This simulation was run on a 2.9 GHz 8-core MacBook Pro laptop.
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expression of ligand and receptor plus 1. In (B), the size of the dot represents the negative log of the permutation-test
p-value of each mechanism, while the color represents the log of the mean of the normalized expression of ligand
and receptor. Note that the color of the dots in panel A (Connectome weightscaie) closely correlates with the size of the

dots in panel B (CellPhoneDB p-values). These plots are intended to convey that the two mappings and statistical

the normalized expression of ligand and receptor plus 1, while the color represents the log of the mean of the scaled
weightings are similar and that both approaches reveal similar biological patterns.

the two software packages use very different means of calculating cell-cell interaction relevance; we have attempted
to make nonetheless comparable visualizations here. In (A), the size of the dot represents the log of the product of

NOTCH4 to the beta — endothelial vector, the specificity of ANGPT2-TEK to the endothelial — endothelial vector, and
the specificity of DLL4-NOTCH3 to the two endothelial — stellate cell vectors. The two plots are not identical because

mappings and edgeweight calculations performed by Connectome are accurate, we compared A) selected outputs

Figure S3: Comparison of outputs from Connectome with outputs from CellPhoneDB. To validate that the
from the application of Connectome to the panc8 dataset to B) those generated through the application of

CellPhoneDB (6) to the same dataset and with the same ground-truth list of ligand-receptor mechanisms (see
Methods). Note the high similarity of findings across all columns and rows, in particular the specificity of DLK1-
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Supplemental Data D1: R scripts to replicate all figures in manuscript

All software is available at https://github.com/msraredon/Connectome. Detailed vignettes and
instructions for use are published at https://msraredon.github.io/Connectome/. For ease of
reproduction, the exact scripts used to generate the analysis in this paper are copied below.

#Set WD

setwd("~/Box Sync/Connectome Paper/Figures")

#Libraries

library(Seurat)

library(SeuratData)

library(Connectome)

library(ggplot2)

library(cowplot)

####Load Pancreas Data (Used in Fig 1 & 2) ####

data('panc8')

table(ldents(panc8))

Idents(panc8) <- panc8[['celltype']]

table(ldents(panc8))

#Make Connectome

panc8 <- NormalizeData(panc8)

connectome.genes <-
union(Connectome::ncomms8866_human$Ligand.ApprovedSymbol,Connectome::ncomms8866_human$Receptor.A
pprovedSymbol)

genes <- connectome.genes[connectome.genes %in% rownames(panc8)]
panc8 <- ScaleData(panc8,features = genes)

panc8.con <- CreateConnectome(panc8,species = 'human',min.cells.per.ident = 75,p.values = T,calculate.DOR = F)

#Embed

pancreas.list <- SplitObject(panc8, split.by = "tech")

pancreas.list <- pancreas.list[c("celseq", "celseq2", "fluidigmc1", "smartseq2")]

for (i in 1:length(pancreas.list)) {
pancreas.list[[i]] <- NormalizeData(pancreas.list[[i]], verbose = FALSE)
pancreas.list[[i]] <- FindVariableFeatures(pancreas.list[[i]], selection.method = "vst",

nfeatures = 2000, verbose = FALSE)
}

reference.list <- pancreas.list[c("celseq", "celseq2", "smartseq2")]

pancreas.anchors <- FindIntegrationAnchors(object.list = reference.list, dims = 1:30)
pancreas.integrated <- IntegrateData(anchorset = pancreas.anchors, dims = 1:30)
DefaultAssay(pancreas.integrated) <- "integrated"

pancreas.integrated <- ScaleData(pancreas.integrated, verbose = FALSE)
pancreas.integrated <- RunPCA(pancreas.integrated, npcs = 30, verbose = FALSE)
pancreas.integrated <- RunUMAP(pancreas.integrated, reduction = "pca", dims = 1:30)
#Save

DefaultAssay(pancreas.integrated) <- "RNA"

save(pancreas.integrated, file = 'pancreas.integrated.Robj'")

load("~/Box Sync/Connectome Paper/Figures/pancreas.integrated.Robj")

#### Plotting Figure 1 #####

#UMAP

png(‘panc8_UMAP.png',width = 5.5,height = 4,units = 'in',res = 300)
DimPlot(pancreas.integrated,reduction = 'umap',group.by = "celltype")
dev.off()

#colors~

gg_color_hue <- function(n) {
hues = seq(15, 375, length =n + 1)
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hcl(h = hues, | = 65, ¢ = 100)[1:n]
}
cell.types <- sort(as.character(names(table(ldents(panc8)))))
cols.use <- gg_color_hue(length(cell.types))
names(cols.use) <- cell.types

# x1 Interactome
png(‘interactome_circos.png',width = 7,height = 4.5,units = 'in',res = 300)
CircosPlot(panc8.con,

mechanisms.include = c('DLL4 - NOTCH3'),

weight.attribute = 'weight_norm’,

min.z = NULL,

min.pct = 0.1,

lab.cex = 0.01, max.p = 0.05,

gap.degree = 5,

cols.use = cols.use,

title = 'Single Interactome (DLL4 -> NOTCHS3)")
dev.off()

# x1 Vector
png('vector_circos.png',width = 7,height = 4.5,units = 'in',res = 300)
CircosPlot(panc8.con,

sources.include = 'endothelial’,

targets.include = 'activated_stellate',

min.z =0,

min.pct = 0.1,

lab.cex = 0.3, max.p = 0.05,

weight.attribute = 'weight_sc',

cols.use = cols.use,

title = 'Single Vector (Endothelial -> Activated Stellate)')
dev.off()

# x1 Niche
png('niche_circos.png',width = 7,height = 4.5,units = 'in',res = 300)
CircosPlot(panc8.con,

targets.include = 'activated_stellate',

min.pct = 0.1,

lab.cex = 0.3,

min.z = 1,max.p = 0.05,

weight.attribute = 'weight_sc',

cols.use = cols.use,

title = 'Single Niche (Activated Stellate)’)
dev.off()

#### Plotting Figure 2 ####

# Big connectome

png('Big_Connectome_v2.png',width = 10*.82,height = 8*.82,units = 'in',res = 300)
CircosPlot(panc8.con,min.pct = 0.2,max.p = 0.05,lab.cex = 0.01,gap.degree = 0.01,cols.use = cols.use)
dev.off()

png('Single_mode_connectome.png',width = 10*.8,height = 8*.8,units = 'in',res = 300)
CircosPlot(panc8.con,modes.include = 'VEGF',min.pct = 0.05,max.p = 0.05,lab.cex = 0.01,gap.degree =
0.01,cols.use = cols.use)

dev.off()
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# Centrality categorization

Centrality(panc8.con,weight.attribute = 'weight_norm',cols.use = cols.use,min.pct = 0.05,max.p = 0.05)

epi.auth <- c('ADAM',' Transferrin','MET', TNF','Ephrins','NEGF',MMP",'Laminins','FGF','EGF', 'Intracellular
trafficking','Matrix glycoproteins','UNCAT','Neurotrophins','APOE')

ec.auth <- c('Interleukins','CXCL','VEGF',KIT','Collagens','SLIT','Semaphorins','TGFB','Fibronectin','IGF', WNT','Matrix
(assorted)','NOTCH',/ANGPT','BMP')

mes.auth <- c('Vasoactive','Lysophosphatidic acid','/PDGF','Protease inhibition")

imm.auth <- ¢('RARRES','MHC','Cell-cell adhesion','CC','CSF','Complement', TLR','Chemotaxis')

pdf(‘Centrality.Mes.pdf',width = 12,height = 3)

Centrality(panc8.con,weight.attribute = 'weight_norm',cols.use = cols.use,
modes.include = mes.auth,min.pct = 0.05,max.p = 0.05)

dev.off()

pdf(‘Centrality.Epi.pdf',width = 12,height = 4)

Centrality(panc8.con,weight.attribute = 'weight_norm',cols.use = cols.use,
modes.include = epi.auth,min.pct = 0.05,max.p = 0.05)

dev.off()

pdf(‘Centrality.Imm.pdf',width = 12,height = 4)

Centrality(panc8.con,weight.attribute = 'weight_norm',cols.use = cols.use,
modes.include = imm.auth,min.pct = 0.05,max.p = 0.05)

dev.off()

pdf(‘Centrality.Endo.pdf',width = 12,height = 5)

Centrality(panc8.con,weight.attribute = 'weight_norm',cols.use = cols.use,
modes.include = ec.auth,min.pct = 0.05,max.p = 0.05)

dev.off()

#### Load IFN Data (Used in Fig 3) ####
InstallData('ifnb")
data('ifnb")
table(ldents(ifnb))
Idents(ifnb) <- ifnb[['seurat_annotations']
table(ldents(ifnb))
# Make differential connectomes:
# First identify ligands and receptors which have mapped in the dataset:
connectome.genes <-
union(Connectome::ncomms8866_human$Ligand.ApprovedSymbol,Connectome::ncomms8866_human$Receptor.A
pprovedSymbol)
genes <- connectome.genes[connectome.genes %in% rownames(ifnb)]
# Spilit the object by condition:
ifnb.list <- SplitObject(ifnb,split.by = 'stim’)
# Normalize, Scale, and create Connectome:
ifnb.con.list <- list()
for (i in 1:length(ifnb.list)X
ifnb.list[[i]] <- NormalizeData(ifnb.list[[i]])
ifnb.list[[i]] <- ScaleData(ifnb.list[[i]],features = rownames(ifnb.list[[i]]))
ifnb.con.list[[i]] <- CreateConnectome(ifnb.list[[i]],species = 'human',p.values = F)

names(ifnb.con.list) <- names(ifnb.list)

diff <- DifferentialConnectome(ifnb.con.list[[1]],ifnb.con.list[[2]])

# Stat sig:

# Stash idents and make new identities which identify each as stimulated vs. control
celltypes <- as.character(unique(ldents(ifnb)))

celltypes.stim <- paste(celltypes, 'STIM', sep ="_")

celltypes.ctrl <- paste(celltypes, 'CTRL', sep ="'_)

ifnb$celltype.condition <- paste(ldents(ifnb), ifnb$stim, sep ="_")

ifnb$celltype <- Idents(ifnb)

Idents(ifnb) <- "celltype.condition"
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# Identify which ligands and receptors, for which cell populations, have an adjusted p-value < 0.05 based on a
Wilcoxon rank test
diff.p <- data.frame()
for (i in 1:length(celltypes)){
temp <- FindMarkers(ifnb,
ident.1 = celltypes.stim[i],
ident.2 = celltypes.ctrl[i],
verbose = FALSE,
features = genes,
min.pct = 0,
logfc.threshold = 0)
temp2 <- subset(temp, p_val_adj < 0.05)
if (nrow(temp2)>0){
temp3 <- data.frame(genes = rownames(temp?2),cells = celltypes]i])
diff.p <- rbind(diff.p, temp3)
}

}
diff.p$cell.gene <- paste(diff.p$cells,diff.p$genes,sep = ".")

# Filter differential connectome to only include significantly perturbed edges

diff$source.ligand <- paste(diff$source,diff$ligand,sep = ")

diff$target.receptor <- paste(diff$target,diff$receptor,sep = ')

diff.sub <- subset(diff,source.ligand %in% diff.p$cell.gene & target.receptor %in% diff.p$cell.gene)

#### Plotting Figure 3 ####

pdf('diff.score.small.pdf',width = 12,height=3.25)

DifferentialScoringPlot(diff.sub,min.score = 1.5,min.pct = 0.1,infinity.to.max = T,aligned = F)
dev.off()

pdf('diff.score.big.pdf',width = 22 ,height=4.5)

DifferentialScoringPlot(diff.sub,min.score = 1.5,min.pct = 0.1,infinity.to.max = T,aligned = F)
dev.off()

pdf('diff.score.small.2.pdf',width = 12*0.9,height=3.25"0.9)
DifferentialScoringPlot(diff.sub,min.score = 2,min.pct = 0.2,infinity.to.max = T,aligned = F)
dev.off()

pdf('diff.score.big.2.pdf',width = 22*0.9 ,height=4.5*0.9)
DifferentialScoringPlot(diff.sub,min.score = 2,min.pct = 0.2,infinity.to.max = T,aligned = F)
dev.off()

## Ligand and receptor are both **UP**:

diff.up.up <- subset(diff.sub,ligand.norm.Ifc > 0 & recept.norm.lfc >0 )
diff.up.down <- subset(diff.sub,ligand.norm.lfc > 0 & recept.norm.lfc <0 )
diff.down.up <- subset(diff.sub,ligand.norm.lfc < 0 & recept.norm.Ifc >0 )
diff.down.down <- subset(diff.sub,ligand.norm.lfc < 0 & recept.norm.lfc <0)
png('up.up.png',width = 8.5,height = 4.5,units = 'in',res = 300)
CircosDiff(diff.up.up,min.score = 2,min.pct = 0.1,lab.cex = 0.8)

dev.off()

png('up.down.png',width = 8.5,height = 4.5,units = 'in',res = 300)
CircosDiff(diff.up.down,min.score = 2,min.pct = 0.1,lab.cex = 0.8)
dev.off()

png('down.up.png',width = 8.5,height = 4.5,units = 'in',res = 300)
CircosDiff(diff.down.up,min.score = 2,min.pct = 0.1,lab.cex = 0.8)
dev.off()

png('down.down.png',width = 8.5,height = 4.5,units = 'in',res = 300)
CircosDiff(diff.down.down,min.score = 2,min.pct = 0.1,lab.cex = 0.8)
dev.off()
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#### Load Muscle Injury Data (Used in Fig 4) ####

GSE143437_DeMicheli_MuSCatlas_metadata <-
read.delim("~/Documents/GitHub/Connectome/vignettes/GSE143437_DeMicheli_MuSCatlas_metadata.txt")
GSE143437_DeMicheli_MuSCatlas_rawdata <-
read.delim("~/Documents/GitHub/Connectome/vignettes/GSE143437_DeMicheli_MuSCatlas_rawdata.txt")
raw.data <- GSE143437_DeMicheli_MuSCatlas_rawdata

meta.data <- GSE143437_DeMicheli_MuSCatlas_metadata
rm(GSE143437_DeMicheli_MuSCatlas_rawdata)

rm(GSE143437_DeMicheli_MuSCatlas_metadata)

# Reformat rownames

raw.data.2 <- raw.data[,-1]

rownames(raw.data.2) <- raw.data[,1]

meta.data.2 <- meta.data[,-1]

rownames(meta.data.2) <- meta.data[,1]

# Create Seurat Object

musc <- CreateSeuratObject(counts = raw.data.2)

musc <- AddMetaData(musc,metadata = meta.data.2)

Idents(musc) <- musc]['cell_annotation']]

# ldentify ligands and receptors which have mapped in the dataset:

connectome.genes <-
union(Connectome::ncomms8866_mouse$Ligand.ApprovedSymbol,Connectome::ncomms8866_mouse$Receptor.A
pprovedSymbol)

genes <- connectome.genes[connectome.genes %in% rownames(musc)]

# Split by timepoint
data <- SplitObject(musc, split.by = 'injury’)
for (i in 1:length(data)){

data[[i]] <- ScaleData(data[[i]])

# Normalize, Scale, and create Connectome:
musc.con <- list()
for (i in 1:length(data)){
data[[i]] <- NormalizeData(data[[i]])
data[[i]] <- ScaleData(data][[i]],features = genes)
musc.con[[i]] <- CreateConnectome(data][[i]],species = 'mouse',p.values = F)

names(musc.con) <- names(data)

#### Plotting Figure 4 ####

library(reshape?2)

library(ggthemes)

require(RColorBrewer)

# Colors

col.names <- names(table(ldents(musc)))

pal <- c('yellow','red','blue','orange’,'purple','green’)
cols.use <- colorRampPalette(pal)(length(col.names))
names(cols.use) <- col.names

# Facet Plot

mich <- table(ldents(musc),musc@meta.data$injury)
mich <- as.matrix(mich)

mich[,1] <- mich[,1)/sum(mich[,1])

mich[,2] <- mich[,2])/sum(mich[,2])

mich[,3] <- mich[,3])/sum(mich[,3])

michl[,4] <- mich[,4])/sum(mich[,4])

mich <- data.frame(mich)
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colnames(mich) <- ¢('Celltype’, Timepoint','Fraction’)
mich$color <- cols.use[mich$Celltype]

pdf('mich.fraction.pdf',width =14,height = 5.5)
ggplot(mich,aes(x=Timepoint, y=Fraction,fill = Celltype)) +
geom_bar(stat = 'identity") +
#geom_line(aes(group = 'Celltype"))+
facet_wrap(~ Celltype, nrow = 2 labeller = label_wrap_gen())+
scale_fill_manual(values = cols.use)+
#scale_colour_identity()+
theme_hc() +
theme(axis.text.x = element_text(angle = 45, vjust = 1, hjust=1,size = 16),
axis.text = element_text(size = 14),
axis.title = element_text(size = 16, face = "bold"),
legend.position="none",
strip.text = element_text(size = 14,face = 'bold"))
dev.off()

pdf('Day 0.pdf',width = 10,height = 5)

CircosPlot(musc.con[[1]],features = 'Vegfa',min.pct = 0.1,cols.use = cols.use,title = 'Day 0')
dev.off()

pdf('Day 2.pdf',width = 10,height = 5)

CircosPlot(musc.con[[2]],features = 'Vegfa',min.pct = 0.1,cols.use = cols.use,title = 'Day 2')
dev.off()

pdf('Day 5.pdf',width = 10,height = 5)

CircosPlot(musc.con[[3]],features = 'Vegfa',min.pct = 0.1,cols.use = cols.use,title = 'Day 5')
dev.off()

pdf('Day 7.pdf',width = 10,height = 5)

CircosPlot(musc.con[[4]],features = 'Vegfa',min.pct = 0.1,cols.use = cols.use,title = 'Day 7')
dev.off()

pdf('ColorKey.pdf',width = 10,height = 5)

VInPlot(musc,features = 'Vegfa',cols = cols.use,pt.size = 0)

dev.off()

pdf(‘'vegfa.centrality.pdf',width = 11*0.9,height = 6*0.9)
CompareCentrality(musc.con,

weight.attribute = 'weight_norm’,

features = 'Vegfa',cols.use = cols.use,normalize = T)
dev.off()

# Define a function:
Longitudinal <- function(con.list,LOI,ROl,use.scaled = F,cols.use = NULL,...X
data <- data.frame()
for (i in 1:length(con.list)){
con.list[[i]]$sample.name <- names(con.list)[i]
data <- rbind(data,con.list[[i]])
}

temp <- subset(data,ligand == LOI & receptor == ROI)

if(use.scaled == FY{
temp$ligand.plot <- temp$ligand.expression
temp$recept.plot <- temp$recept.expression
Jelse{
temp$ligand.plot <- temp$ligand.scale
temp$recept.plot <- tempS$recept.scale

}

p1 <- ggplot(temp,aes(x = factor(sample.name, levels = names(con.list)),

30


https://doi.org/10.1101/2021.01.21.427529

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.21.427529; this version posted January 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

y = ligand.plot,group = source,color = source)) +
geom_line() +
geom_point() +
xlab('Sample') +
ylab('Ligand Expression')+
ggtitle(LOI)+
theme(plot.title = element_text(hjust = 0.5,face = 'bold’),
axis.text.x = element_text(angle = 45,vjust = 1, hjust=1))

p2 <- ggplot(temp,aes(x = factor(sample.name, levels = names(con.list)),
y = recept.plot,group = target,color = target)) +
geom_line() +
geom_point() +
xlab('Sample') +
ylab('Receptor Expression')+
ggtitie(ROI)+
theme(plot.title = element_text(hjust = 0.5,face = 'bold’),
axis.text.x = element_text(angle = 45,vjust = 1, hjust=1))

if (lis.null(cols.use)){
p1 <- p1 + scale_colour_manual(values = cols.use)
p2 <- p2 + scale_colour_manual(values = cols.use)

}
plot_grid(p1,p2,ncol=2)

pdf('longitudinal.pdf',width=14*0.8,height = 4*0.8)
Longitudinal(musc.con,LOI = 'Vegfa',ROI = 'Kdr',cols.use = cols.use)
dev.off()

#### Comparison with CellPhoneDB (Figure S3) ####
#Load CellPhoneDB data

pvalues <- read.delim("pvalues.txt")

means <- read.delim("means.txt")

#Alphabetize factor order
panc8.con$vector <- factor(panc8.con$vector, levels = sort(unique(panc8.con$vector)))

#Change naming of pairs
panc8.con$pair <- paste(panc8.con$ligand,panc8.con$receptor,sep ='_")

#ldentify some interesting and potentially comparable edges

temp <- subset(panc8.con,pair %in% meansS$interacting_pair)

temp.set <- FilterConnectome(temp,min.pct = 0.1,max.p = 0.05,min.z = 1)

temp.set <- temp.set %>% group_by(vector) %>% top_n(1,weight_sc) %>% arrange(vector)
mechs <- as.character(unique(temp.set$pair))

# Make an EdgeDotPlot plot with Connectome
pdf('DotPlot.temp.set.pdf',width = 20,height = 8)
EdgeDotPlot(temp,mechanisms.include = mechs)
dev.off()

# Make a plot with the similar CellPhoneDB function (from repo online)
temp2 <- temp

temp2$vector1 <- paste(temp2$source,temp2$target,sep = ".')
temp2$vector2 <- paste(temp2$source,temp2$target,sep = 'I')
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columns <- unique(temp2[temp2$vector1 %in% colnames(pvalues),]$vector2)
dot_plot(selected_rows = sort(mechs),

selected_columns = sort(columns),
width = 20,height = 8)
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