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1 Notes before start
1. Please cite the original report: Schyns, J., Bai, Q., Ruscitti, C. et al. Non-classical tissue monocytes

and two functionally distinct populations of interstitial macrophages populate the mouse lung. Nat
Commun 10, 3964 (2019). https://doi.org/10.1038/s41467-019-11843-0

2. The original analysis was made with old version of R, Bioconductor and packages which might be
included or not included in Bioconductor. Here below is a revisiting analysis with lattest system
configuration (see System Configuration for details).

3. For intermediate data:

i) To facilitate the analysis, we will start with intermediate data, two Seurat objects that contains all
metadata information, a loom file which collected all spliced/unspliced RNA counts for all cells used in
this analysis.

ii) All the intermediate data were generated with default parameters with CellRangers1 and Seurat2 for
QC. Further information could be obtained by addressing to qiang.bai@uliege.be.

1https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/what-is-cell-ranger
2https://satijalab.org/seurat/index.html
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2 Load data and packages

library(Seurat)
library(dplyr)
library(Matrix)
library(ggplot2)

2.1 Data availability
Download the Seurat objects from here

https://www.gigaimmunophysiology.uliege.be/cms/c_6819797/en/imss-monocytes-filtered

and here

https://www.gigaimmunophysiology.uliege.be/cms/c_6819798/en/imss-combined-sub
load("../IMss_combined_sub.v3")
load("../IMss_monocytes_filtered.v3")

For RNA velocity analysis, the Loom files which contain the counts for spliced/unspliced transcripts can be
found here:

https://www.gigaimmunophysiology.uliege.be/cms/c_6830034/en/ldat-filtered

We used also a modified function in velocyto.R package, which can be downloaded here:

https://www.gigaimmunophysiology.uliege.be/cms/c_6830066/en/show-velocity-on-embedding-cor-new
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3 Figure 1c: newly defined CD16.2 IM precursors.
The data used in Figure 1 were from 2 different experiments in which mice of different ages were used. The
first replicate (Rep#1) was spiked with alveolar macrophages(AM). This analysis was designed to illustrate
the transcripmic differences in single-cell resolution between AMs, and subsets of IMs.

3.1 For merged data from two dupliates:

col.palette.rep <- c(
`AM`="#BFBFBF", # "AM"
`CD16.2 MI`= "#00008B", # "CD16.2 IM"
`CD206 MI`="#FF7F00", # "CD206 IM"
`MHCII MI`="#00BFFF" # "MHC-II IM"
)

tsne.IMss_combined_sub.v3 <- as.data.frame(Embeddings(IMss_combined_sub.v3,
reduction = "tsne"))

tsne.IMss_combined_sub.v3$plot_group <- as.character(Idents(IMss_combined_sub.v3))

ggplot(tsne.IMss_combined_sub.v3, mapping = aes(x = tSNE_1, y = tSNE_2)) +
geom_point( mapping = aes( fill = plot_group), shape = 21, size = 2) +
scale_fill_manual(values = col.palette.rep) +
theme_classic() +
ggtitle("Merged cells")
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3.2 Equal distribution of cell types from two replicates:
Mark all the cells from Rep#2.
cellnames.IMss <- colnames(IMss_combined_sub.v3)
pop.IM.rep1.highlight <- as.character(Idents(IMss_combined_sub.v3))
pop.IM.rep1.highlight[startsWith(cellnames.IMss, prefix = "Rep#2")] <- "Rep#2"
# Cellnames have been prefixed with Rep#1 and Rep#2 depending on duplicate number.

col.palette.IM_rep1 <- c(
`AM`="#BFBFBF", # "AM"
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`CD16.2 MI`= "#00008B", # "CD16.2 IM"
`CD206 MI`="#FF7F00", # "CD206 IM"
`MHCII MI`="#00BFFF", # "MHC-II IM"
`Rep#2`="#E8E8E8" # black for another "Rep"
)

tsne.IMss_combined_sub.v3 <- as.data.frame(Embeddings(IMss_combined_sub.v3,
reduction = "tsne"))

tsne.IMss_combined_sub.v3$plot_group <- pop.IM.rep1.highlight

tsne.IMss_combined_sub.v3 <-
tsne.IMss_combined_sub.v3[rev(order(tsne.IMss_combined_sub.v3$plot_group)), ]

# put the Rep# cells to the top in order to plot them first in the next step.

ggplot(tsne.IMss_combined_sub.v3, mapping = aes(x = tSNE_1, y = tSNE_2)) +
geom_point( mapping = aes( fill = plot_group, color = plot_group),

shape = 21, size = 2) +
scale_fill_manual(values = col.palette.IM_rep1) +
scale_color_manual(values = c(rep("black",

length(col.palette.IM_rep1)-1),
"#E8E8E8"))+

# remove the Rep# cells' contour
theme_classic() +
ggtitle("Rep#1 cells (in colors)")
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The same for Rep#2
pop.IM.rep2.highlight <- as.character(Idents(IMss_combined_sub.v3))
pop.IM.rep2.highlight[startsWith(cellnames.IMss, prefix = "Rep#1")] <- "Rep#1"
# Cellnames have been prefixed with Rep#1 and Rep#2 depending on duplicate number.
table(pop.IM.rep2.highlight)

## pop.IM.rep2.highlight
## CD16.2 MI CD206 MI MHCII MI Rep#1
## 71 546 1065 1914
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col.palette.IM_rep2 <- c(
# `AM`="#BFBFBF", # "AM" here we don't have AM cells in Rep#1.
`CD16.2 MI`= "#00008B", # "CD16.2 IM"
`CD206 MI`="#FF7F00", # "CD206 IM"
`MHCII MI`="#00BFFF", # "MHC-II IM"
`Rep#1`="#E8E8E8" # black for another "Rep"
)

tsne.IMss_combined_sub.v3 <- as.data.frame(Embeddings(IMss_combined_sub.v3,
reduction = "tsne"))

tsne.IMss_combined_sub.v3$plot_group <- pop.IM.rep2.highlight

tsne.IMss_combined_sub.v3 <-
tsne.IMss_combined_sub.v3[rev(order(tsne.IMss_combined_sub.v3$plot_group)), ]

# put the Rep# cells to the top in order to plot them first in the next step.

ggplot(tsne.IMss_combined_sub.v3, mapping = aes(x = tSNE_1, y = tSNE_2)) +
geom_point( mapping = aes( fill = plot_group, color = plot_group),

shape = 21, size = 2) +
scale_fill_manual(values = col.palette.IM_rep2)+
scale_color_manual(values = c(rep("black", length(col.palette.IM_rep1)-2),

"#E8E8E8")) +
# remove the Rep# cells' contour
theme_classic() +
ggtitle("Rep#2 cells (in colors)")
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4 Fig 1d: DotPlot for IM subsets markers.
The CD16.2 IM subset was identified with other two main subsets: CD206 hi and MHC-II hi IM subsets.
Each of three IM subsets had distinct transcriptomic signatures.
DotPlot(IMss_combined_sub.v3,

features = c("H2-Eb1", "Ccrl2", "Cd74", "Cd72", "Mrc1", "Folr2",
"Lyve1", "Cd163", "Fcgr4", "Ace", "Plac8", "Treml4"),

idents = setdiff(levels(IMss_combined_sub.v3), "AM"),
cols = c("dark blue","dark red"),
dot.scale = 10) +

theme(axis.text.x = element_text(angle = 90),
axis.title.x = element_blank(),
axis.title.y = element_blank())
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5 Fig 6: analysis with classical patrolling monocytes
To validate the hypothesis that IM cells had origin of patrolling monocytes, some more monocytes are included
into analysis: Ly6C hi classical monocytes and Ly6C lo patrolling monocytes. By analyzing both IMs and
monocytes, we found CD16.2 IM precursors overlaid with monocytes, especially the patrolling monocytes
(Fig 6a).

5.1 Fig 6a: co-plot IMs and monocytes

tsne.IMss_monocytes_filtered.v3 <-
as.data.frame(Embeddings(IMss_monocytes_filtered.v3,

reduction = "tsne"))
tsne.IMss_monocytes_filtered.v3$plot_group <- as.character(

IMss_monocytes_filtered.v3$population
)

tsne.IMss_monocytes_filtered.v3 <- tsne.IMss_monocytes_filtered.v3[rev(
order(tsne.IMss_monocytes_filtered.v3$plot_group)
), ]

# put the Rep# cells to the top in order to plot them first in the next step.

pal.IM.mono <- c(`AM`="#BFBFBF", # "AM"
`CD16.2 IM`="#00008B", # "CD16.2 IM"
`CD206 IM`="#FF7F00", # "CD206 IM"
`Classical Mono`="#7E893D", # "Classical Mono"
`MHC-II IM`="#00BFFF", # "MHC-II IM"
`Patrolling Mono`="#DDCC99") # "Patrolling Mono"

ggplot(tsne.IMss_monocytes_filtered.v3, mapping = aes(x = tSNE_1, y = tSNE_2)) +
geom_point( mapping = aes( fill = plot_group), shape = 21, size = 2) +
scale_fill_manual(values = pal.IM.mono) +
theme_classic() +
theme(legend.title = element_blank()) +
ggtitle("Co-plot IMs with monocytes")
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5.2 Fig 6b: RNA velocity analysis with IM and monocytes.
As CD16.2 IM subset seems to be close to monocytes, they could be transiting cells that from differentiate
from monocytes to macrophages. If that’s true, we should observe their transiting state by RNA velocity.
library("velocyto.R")
ldat.filtered <- readRDS(file = "../../loom/ldat_filtered.loom")

RNA velocity estimation:
# here use splice and unsplice data.
emat <- ldat.filtered$spliced
nmat <- ldat.filtered$unspliced

# use Seurat embedding:
emb <- Embeddings(IMss_monocytes_filtered.v3, reduction = "tsne")

# use cell types from Seurat:
cluster.label <- IMss_monocytes_filtered.v3$population

# create cell colors for cluster label:
cell.col <- as.character(factor(cluster.label, labels = pal.IM.mono))
names(cell.col) <- colnames(IMss_monocytes_filtered.v3)

# use PCA distance created in Seurat object:
cell.dist <- as.dist(1-armaCor(t(Embeddings(IMss_monocytes_filtered.v3,

reduction = "pca"))))

# Calculate velocity from spliced/unspliced expression:
emat <- filter.genes.by.cluster.expression(emat,

cluster.label,
min.max.cluster.average = 0.5)

nmat <- filter.genes.by.cluster.expression(nmat,
cluster.label,
min.max.cluster.average = 0.05)

# number of cells to analysis:
length(intersect(rownames(emat),rownames(emat)))

## [1] 1591

This is the cell number for RNA velocity estimation.
# parameters for velocity estimation:
fit.quantile <- 0.02
rvel.cd <- gene.relative.velocity.estimates(emat,nmat,deltaT=1,kCells=20,

cell.dist=cell.dist,
fit.quantile=fit.quantile)

## calculating cell knn ... done
## calculating convolved matrices ... done
## fitting gamma coefficients ... done. succesfful fit for 821 genes
## filtered out 54 out of 821 genes due to low nmat-emat correlation
## filtered out 77 out of 767 genes due to low nmat-emat slope
## calculating RNA velocity shift ... done
## calculating extrapolated cell state ... done

Here’s plot of RNA velocity estimation in grid (Fig 6b):
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show.velocity.on.embedding.cor(emb,rvel.cd,n=300,scale='sqrt',
cell.colors=ac(cell.col,alpha=0.8),
cex=0.8,arrow.scale=5,
show.grid.flow=TRUE,
min.grid.cell.mass=0.5,
grid.n=40,arrow.lwd=1,do.par=F,
cell.border.alpha = 0.1)
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## delta projections ... sqrt knn ... transition probs ... done
## calculating arrows ... done
## grid estimates ... grid.sd= 1.498619 min.arrow.size= 0.02997238 max.grid.arrow.length= 0.03069711 done

And RNA velocity estimation plot for individual cells.
show.velocity.on.embedding.cor(emb,rvel.cd,n=300,scale='sqrt',

cell.colors=ac(cell.col,alpha=0.8),
cex=0.8,arrow.scale=5,
show.grid.flow=FALSE,
min.grid.cell.mass=0.5,
grid.n=40,arrow.lwd=1,do.par=F,
cell.border.alpha = 0.1)
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## delta projections ... sqrt knn ... transition probs ... done
## calculating arrows ... done

5.3 Fig 6c: Presentation of differentiation speed for each cells.
In the figure above we can visualize directly RNA velocity each cells. But to quantify them, or to have a
global view of RNA velocity of subsets, we have to find ways to present each cell’s velocity. One way to show
the velocity difference can be realized by show spliced/unspliced ratio in cells.
velocity.genes_valid <- intersect(rownames(emat),rownames(nmat))
velocity.genes_valid.SU_ratio <-

log1p(rvel.cd$conv.emat.norm[velocity.genes_valid,]) -
log1p(rvel.cd$conv.nmat.norm[velocity.genes_valid, ])
# This dataset should contain all the RNA spliced/unspliced ratio for
# each gene and for each cell. We didn't use this dataset in our report
# but nothing will stop you from trying this with your own analysis.

Another way is to calculate the global transition possibility for each cell using RNA velocity results. >Note:
velocito.R allows exporting calculate details by return.details=TRUE. But original function doesn’t al-
low us to obtain intermediate results, such as arrow lengths for plotting. So the original function of
show.velocity.on.embedding.cor was modified to export all the intermediate results. The new function
called show.velocity.on.embedding.cor.new, in which arsd is the arrow lengths. A copy of this function
can be downloaded from (https://www.gigaimmunophysiology.uliege.be/cms/c_6830066/en/show-velocity-
on-embedding-cor-new)
source('~/Desktop/velocyto/Script/show.velocity.on.embedding.cor.new.R')
# here customize for your path.

environment(show.velocity.on.embedding.cor.new) <- asNamespace('velocyto.R')
# in order to use internal functions of velocyto.R package.

x.detail <- show.velocity.on.embedding.cor.new(emb,
rvel.cd, n=300, scale='sqrt',
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arrow.scale=3,
arrowhead.angle = 20,
arrowhead.length = 0.02,
arrow.lwd = 0.25,
return.details = TRUE)
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## delta projections ... sqrt knn ... transition probs ... done
## calculating arrows ... done
# here we collect results into x.detail.

IMPORTANT: A cell velocity (probability to move) is defined as a vector, Rho(c). Rho(c) is the
vector sum of all possibiities to move to i cells, thus Rho(c) = Rho(1) + Rho(2) + Rho(3) +. . . +
Rho(i). Thus the norm (length) of Rho(c) is |Rho(c)| = sqr [ Rho(1) ˆ2 + Rho(2) ˆ2 + Rho(3)
ˆ2 +. . . + Rho(i) ˆ2 ]

tp.cells <- as.matrix(x.detail$tp)
tp.cell.norm <- sqrt(rowSums(tp.cells^2))
IMss_monocytes_filtered.v3 <- AddMetaData(object = IMss_monocytes_filtered.v3,

metadata = tp.cell.norm,
col.name = "transition.prob.norm")

Idents(IMss_monocytes_filtered.v3) <- "population"
Idents(IMss_monocytes_filtered.v3) <- factor(Idents(IMss_monocytes_filtered.v3),

levels = c("Patrolling Mono",
"CD16.2 IM",
"MHC-II IM",
"AM",
"CD206 IM",
"Classical Mono"))

VlnPlot(IMss_monocytes_filtered.v3, features = "transition.prob.norm",
idents = c("Patrolling Mono", "CD16.2 IM", "MHC-II IM"),
cols = pal.IM.mono)
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The transition probabilities seem not to be able to reflect the cell differentiation speed, but a probability of
each cell in transitioning state. So we would like to use direct plotting arrow lengths to present the cell
differentiation speed.
arrow.length <- sqrt(rowSums(x.detail$arsd^2))
IMss_monocytes_filtered.v3 <- AddMetaData(object = IMss_monocytes_filtered.v3,

metadata = arrow.length,
col.name = "arrow.length")

VlnPlot(IMss_monocytes_filtered.v3, features = "arrow.length",
idents = c("Patrolling Mono", "CD16.2 IM", "MHC-II IM"),
cols = pal.IM.mono)
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5.4 Fig 6e: Trajectory analysis on monocyte-macrophage differentiation.
To study the potential differentiation trajectory, we analyzed scRNAseq data with higher resolution (a
resolution=0.25 was used in findCluster function). The clustering information is the Idents of each
cells.
# start with Seurat object.
load("../IMss_monocytes_filtered.v3")
DimPlot(IMss_monocytes_filtered.v3, label = T) +

NoLegend() + ggtitle("Hi resolution clustering")
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Here we can see the trajectory from monocytes to macrophages is from patrolling monocytes to MHC-II hi
macrophages, which passes clusters “4”, “17”, “16”, “13” and “6”. We will focus on these clusters.
transition.C4toC6 <- subset(IMss_monocytes_filtered.v3,

idents = c("4", "17", "16", "13", "6"))
transition.C4toC6

## An object of class Seurat
## 16199 features across 1032 samples within 1 assay
## Active assay: RNA (16199 features, 2514 variable features)
## 2 dimensional reductions calculated: pca, tsne
# slingshot analysis needs SCE object:
transition.C4toC6.sce <- as.SingleCellExperiment(transition.C4toC6)

slingshot analysis:
library(slingshot, quietly = TRUE)
library(HSMMSingleCell, quietly = TRUE)
library(splatter, quietly = TRUE)

TSNE.transition.C4toC6 <- Embeddings(transition.C4toC6, reduction = "tsne")
lin.C4toC6 <- getLineages(

TSNE.transition.C4toC6,
Idents(transition.C4toC6))

lin.C4toC6@lineages <- rev(lin.C4toC6@lineages)
sce.C4toC6 <- slingshot(transition.C4toC6.sce,

lineages = lin.C4toC6,
clusterLabels = 'res.2.5',
reducedDim = "TSNE")

require(RColorBrewer)
col.C4toC6 <- factor(colData(transition.C4toC6.sce)$res.2.5,
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labels = brewer.pal(5,"Blues"))
cols <- colorRampPalette(brewer.pal(11,'BrBG')[-6])(100)
plot(reducedDims(sce.C4toC6)$TSNE, col = "black", bg = cols[cut(sce.C4toC6$slingPseudotime_1,breaks=100)], pch=21)
lines(SlingshotDataSet(sce.C4toC6), lwd=2)
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Draw ellipses for each subsets:
library("car")
cellnames.pat.mono <- WhichCells(transition.C4toC6,

expression = population == "Patrolling Mono")
cellnames.CD16.2_MI <- WhichCells(transition.C4toC6,

expression = population =="CD16.2 IM")
cellnames.MHCII_MI <- WhichCells(transition.C4toC6,

expression = population == "MHC-II IM")

plot(TSNE.transition.C4toC6, col = "black", bg = cols[cut(sce.C4toC6$slingPseudotime_1,breaks=100)], pch=21, cex = 1)
lines(SlingshotDataSet(sce.C4toC6), lwd=3, col = "black")
dataEllipse(TSNE.transition.C4toC6[cellnames.pat.mono,],

levels=0.80, add = TRUE,
plot.points = FALSE, col = "#DDCC99",
lwd = 2, lty = 5, center.pch = FALSE)

dataEllipse(TSNE.transition.C4toC6[cellnames.CD16.2_MI,],
levels=0.80, add = TRUE,
plot.points = FALSE, col = "#00008B",
lwd = 2, lty = 5, center.pch = FALSE)

dataEllipse(TSNE.transition.C4toC6[cellnames.MHCII_MI,],
levels=0.80, add = TRUE,
plot.points = FALSE, col = "#00BFFF",
lwd = 2, lty = 5, center.pch = FALSE)
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Pseudotime calculate:
require(gam)
t.C4toC6 <- sce.C4toC6$slingPseudotime_1

# only look at the 1,000 most variable genes
Y <- GetAssayData(transition.C4toC6, assay = "RNA", slot = "counts")
var1K <- names(sort(apply(Y,1,var),decreasing = TRUE))[1:1000]
Y.C4toC6 <- Y[var1K,]

# fit a GAM with a loess term for pseudotime
gam.pval.C4toC6 <- apply(Y.C4toC6,1,function(z){

d <- data.frame(z=z, t=t.C4toC6)
# attention here: should be consistent in cell number.
tmp <- gam(z ~ lo(t), data=d)
p <- summary(tmp)[4][[1]][1,5]
p

})

Note: the current vignette proposes some other ways in this step3.

See the DE genes:
require(clusterExperiment)
# give only top 100 genes.
topgenes.C4toC6 <- names(sort(gam.pval.C4toC6, decreasing = FALSE))[1:100]

heatdata <- as.matrix(Y[topgenes.C4toC6, order(t.C4toC6, na.last = NA)])
heatclus <- colData(transition.C4toC6.sce)$res.2.5[order(t.C4toC6, na.last = NA)]
ce <- ClusterExperiment(heatdata, heatclus, transformation = log1p)

3https://bioconductor.org/packages/release/bioc/vignettes/slingshot/inst/doc/vignette.html
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plotHeatmap(ce, clusterSamplesData = "orderSamplesValue",
visualizeData = 'transformed')
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Top 100 genes:
topgenes.C4toC6

## [1] "Cd74" "H2-Eb1" "H2-Aa" "H2-Ab1" "Cd83"
## [6] "C1qb" "C1qa" "C1qc" "H2-DMa" "H2-DMb1"
## [11] "Cd81" "Gngt2" "Cd14" "Tmem176b" "Pglyrp1"
## [16] "Msrb1" "Hexb" "Ly6e" "Cebpb" "Tmem176a"
## [21] "Itgal" "Lst1" "Cxcl16" "Ace" "Sftpc"
## [26] "Sepp1" "C3ar1" "Gsr" "Rgs10" "Lmna"
## [31] "Junb" "Lgmn" "Ctss" "Ctsh" "Ctsc"
## [36] "Treml4" "Prr13" "Unc93b1" "Hexa" "Creb5"
## [41] "Adgre4" "Gpx1" "Ifitm6" "Gadd45b" "Ly86"
## [46] "Timp2" "Eno3" "Spn" "Limd2" "Cxcl2"
## [51] "Gpcpd1" "Ubb" "Itm2b" "Vim" "Psap"
## [56] "Socs3" "Maff" "Lilrb4a" "Trem3" "Ifitm3"
## [61] "Cd63" "C5ar1" "Fosb" "Rab7b" "Fth1"
## [66] "Ms4a7" "Anxa5" "Rgs1" "Sqstm1" "Ctsz"
## [71] "Clec4a2" "Klf3" "Nlrp3" "Ddx5" "Ubc"
## [76] "Fcgr3" "Emp1" "Axl" "Lilr4b" "Bcl2a1b"
## [81] "Slamf9" "Marcksl1" "Npc2" "Dab2" "Tgfbi"
## [86] "Pou2f2" "Klf6" "Adgre1" "Itm2c" "Dusp1"
## [91] "Il1b" "Ccrl2" "Cd86" "Rab20" "Clic4"
## [96] "Dusp16" "Skil" "Rpl13a-ps1" "Rps27rt" "Tlr2"
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6 Endnote
Due to the time constraint, this vignette only presented the main parts of bioinformatics analysis in the
report. The bulk RNAseq analyses and scRNAseq analyses in supplementary figures are available upon
request. For any further information or request for bioinformatics analysis, please contact:

BAI Qiang, PhD

qiang.bai@uliege.be
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7 System Configuration

sessionInfo()

## R version 4.0.3 (2020-10-10)
## Platform: x86_64-pc-linux-gnu (64-bit)
## Running under: Ubuntu 20.04.2 LTS
##
## Matrix products: default
## BLAS: /usr/lib/x86_64-linux-gnu/openblas-pthread/libblas.so.3
## LAPACK: /usr/lib/x86_64-linux-gnu/openblas-pthread/liblapack.so.3
##
## locale:
## [1] LC_CTYPE=en_US.UTF-8 LC_NUMERIC=C
## [3] LC_TIME=en_GB.UTF-8 LC_COLLATE=en_US.UTF-8
## [5] LC_MONETARY=en_GB.UTF-8 LC_MESSAGES=en_US.UTF-8
## [7] LC_PAPER=en_GB.UTF-8 LC_NAME=C
## [9] LC_ADDRESS=C LC_TELEPHONE=C
## [11] LC_MEASUREMENT=en_GB.UTF-8 LC_IDENTIFICATION=C
##
## attached base packages:
## [1] splines parallel stats4 stats graphics grDevices utils
## [8] datasets methods base
##
## other attached packages:
## [1] clusterExperiment_2.11.2 gam_1.20
## [3] foreach_1.5.1 car_3.0-10
## [5] carData_3.0-4 RColorBrewer_1.1-2
## [7] splatter_1.14.1 SingleCellExperiment_1.12.0
## [9] SummarizedExperiment_1.20.0 Biobase_2.50.0
## [11] GenomicRanges_1.42.0 GenomeInfoDb_1.26.2
## [13] IRanges_2.24.1 S4Vectors_0.28.1
## [15] BiocGenerics_0.36.0 MatrixGenerics_1.2.1
## [17] matrixStats_0.58.0 HSMMSingleCell_1.10.0
## [19] slingshot_1.8.0 princurve_2.1.6
## [21] velocyto.R_0.6 ggplot2_3.3.3
## [23] Matrix_1.3-2 dplyr_1.0.4
## [25] SeuratObject_4.0.0 Seurat_4.0.0
##
## loaded via a namespace (and not attached):
## [1] reticulate_1.18 tidyselect_1.1.0 RSQLite_2.2.3
## [4] AnnotationDbi_1.52.0 htmlwidgets_1.5.3 grid_4.0.3
## [7] BiocParallel_1.24.1 Rtsne_0.15 RNeXML_2.4.5
## [10] munsell_0.5.0 codetools_0.2-18 ica_1.0-2
## [13] future_1.21.0 miniUI_0.1.1.1 withr_2.4.1
## [16] colorspace_2.0-0 knitr_1.31 uuid_0.1-4
## [19] zinbwave_1.12.0 ROCR_1.0-11 tensor_1.5
## [22] listenv_0.8.0 NMF_0.23.0 labeling_0.4.2
## [25] GenomeInfoDbData_1.2.4 polyclip_1.10-0 bit64_4.0.5
## [28] farver_2.0.3 rhdf5_2.34.0 parallelly_1.23.0
## [31] vctrs_0.3.6 generics_0.1.0 xfun_0.20
## [34] R6_2.5.0 doParallel_1.0.16 rsvd_1.0.3
## [37] locfit_1.5-9.4 rhdf5filters_1.2.0 cachem_1.0.3
## [40] bitops_1.0-6 spatstat.utils_2.0-0 DelayedArray_0.16.1
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## [43] assertthat_0.2.1 promises_1.1.1 scales_1.1.1
## [46] gtable_0.3.0 phylobase_0.8.10 beachmat_2.6.4
## [49] globals_0.14.0 goftest_1.2-2 rlang_0.4.10
## [52] genefilter_1.72.1 lazyeval_0.2.2 checkmate_2.0.0
## [55] yaml_2.2.1 reshape2_1.4.4 abind_1.4-5
## [58] backports_1.2.1 httpuv_1.5.5 tools_4.0.3
## [61] gridBase_0.4-7 ellipsis_0.3.1 ggridges_0.5.3
## [64] Rcpp_1.0.6 plyr_1.8.6 progress_1.2.2
## [67] zlibbioc_1.36.0 purrr_0.3.4 RCurl_1.98-1.2
## [70] prettyunits_1.1.1 rpart_4.1-15 deldir_0.2-9
## [73] pbapply_1.4-3 cowplot_1.1.1 zoo_1.8-8
## [76] haven_2.3.1 ggrepel_0.9.1 cluster_2.1.0
## [79] magrittr_2.0.1 data.table_1.13.6 scattermore_0.7
## [82] openxlsx_4.2.3 lmtest_0.9-38 RANN_2.6.1
## [85] pcaMethods_1.82.0 fitdistrplus_1.1-3 hms_1.0.0
## [88] patchwork_1.1.1 mime_0.9 evaluate_0.14
## [91] xtable_1.8-4 XML_3.99-0.5 rio_0.5.16
## [94] readxl_1.3.1 gridExtra_2.3 compiler_4.0.3
## [97] tibble_3.0.6 KernSmooth_2.23-18 crayon_1.4.1
## [100] htmltools_0.5.1.1 mgcv_1.8-33 later_1.1.0.1
## [103] tidyr_1.1.2 howmany_0.3-1 DBI_1.1.1
## [106] MASS_7.3-53 ade4_1.7-16 igraph_1.2.6
## [109] forcats_0.5.1 pkgconfig_2.0.3 rncl_0.8.4
## [112] registry_0.5-1 locfdr_1.1-8 foreign_0.8-81
## [115] plotly_4.9.3 xml2_1.3.2 annotate_1.68.0
## [118] rngtools_1.5 pkgmaker_0.32.2 XVector_0.30.0
## [121] stringr_1.4.0 digest_0.6.27 sctransform_0.3.2
## [124] RcppAnnoy_0.0.18 softImpute_1.4 spatstat.data_2.0-0
## [127] rmarkdown_2.6 cellranger_1.1.0 leiden_0.3.7
## [130] edgeR_3.32.1 uwot_0.1.10 curl_4.3
## [133] kernlab_0.9-29 shiny_1.6.0 lifecycle_0.2.0
## [136] nlme_3.1-152 jsonlite_1.7.2 Rhdf5lib_1.12.1
## [139] viridisLite_0.3.0 limma_3.46.0 pillar_1.4.7
## [142] lattice_0.20-41 fastmap_1.1.0 httr_1.4.2
## [145] survival_3.2-7 glue_1.4.2 zip_2.1.1
## [148] spatstat_1.64-1 png_0.1-7 iterators_1.0.13
## [151] bit_4.0.4 HDF5Array_1.18.1 stringi_1.5.3
## [154] blob_1.2.1 BiocSingular_1.6.0 memoise_2.0.0
## [157] irlba_2.3.3 future.apply_1.7.0 ape_5.4-1
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