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Our second example shows the analysis of the mESC dataset presented in Buettner et al (2015), which
contains cells for which the cell cycle phase is known (G1, S and G2M). To start the analysis, the following
data must be dowloaded and stored in data.path directory.

e Expression counts. Files ‘G1_dech_83c_counttable.txt’, ‘G2M__dec5_89c counttable.txt’ and
‘S _dec6_73c_counttable.txt’.

Additionally, the following R libraries must be loaded before performing the analysis

library(BASiCS)
library(data.table) # For fast pre-processing of large datasets

Data pre-processing

Loading the data

# Reading the expression counts
dataGl=fread(file.path(data.path,"Gl_dec5_83c_counttable.txt"))
dataS=fread(file.path(data.path,"S_dec6_73c_counttable.txt"))
dataG2M=fread(file.path(data.path,"G2M_dec5_89c_counttable.txt"))

# Genes 1d
genes.id=dataGl$EnsemblGenelID

# Removing information that is not required

dataGl[,EnsemblTranscriptID:=NULL]; dataG1l[,AssociatedGeneName:=NULL]; dataGl[,GeneLength:=NULL]
dataS[,EnsemblTranscriptID:=NULL]; dataS[,AssociatedGeneName:=NULL]; dataS[,GeneLength:=NULL]
dataG2M[,EnsemblTranscriptID:=NULL]; dataG2M[,AssociatedGeneName:=NULL]; dataG2M[,GeneLength:=NULL]

# Creating an idicator of spike-in genes
TechAux=rep(F,times=length(genes.id))

TechAux [grep ("ERCC",genes.id)]=T

table(TechAux) # 38293 endogenous genes, 92 spike-in genes

Filtering cells

Firstly, we remove the same poor quality control samples as in Buettner et al (2015). The indexes of these
cells are contained in the vectors RemoveG1, RemoveS and RemoveG2M. Additionally, as in Buettner et al
(2015), we filter cells based on the ratio between endogenous reads and total mapped reads.



RatioGl=colSums(dataGl[!TechAux,-1,with=F])/colSums(dataGi[,-1,with=F])
RatioS=colSums(dataS[!TechAux,-1,with=F])/colSums(dataS[,-1,with=F])
RatioG2M=colSums (dataG2M[!TechAux,-1,with=F])/colSums(dataG2M[,-1,with=F])

IncludeGl=which(abs(RatioGl-median(RatioG1)) < mad(RatioG1l))
IncludeS=which(abs(RatioS-median(RatioS)) < mad(RatioS))
IncludeG2M=which(abs (RatioG2M-median (RatioG2M)) < mad(RatioG2M))

# Merging all three datasets into ome.
setkey(dataGl,EnsemblGenelID); setkey(dataG2M,EnsemblGeneID); setkey(dataS,EnsemblGenelD);
Counts=merge(dataGli[,c(1,IncludeGl+1) ,with=F],
dataG2M[,c(1,IncludeG2M+1) ,with=F],all=T)
setkey (Counts,EnsemblGenelD) ;
Counts=merge (Counts,dataS[,c(1,IncludeS+1) ,with=F],all=T)
Counts=Counts[,EnsemblGeneID:=NULL]
Counts=as.matrix(Counts)

Filtering of transcripts (removing the low signal genes)
For the analysis, we only include transcripts with

o More than 20 RPM (on average), across all cells
CountsRPM=1000000*Counts/colSums (Counts)

# Filtering of genes

Include = which(rowMeans (CountsRPM)>20)
CountsFilter <- Counts[ Include, ]
Genes.ids=genes.id[Include]
Tech=rep(F,times=dim(CountsFilter) [1])
Tech[grep("ERCC",Genes.ids)]=T
rownames (CountsFilter) <- Genes.ids

The input data contains 5687 genes and 182 cells.

BASiICS analysis

The input dataset

Spike-in genes information

# Creating indicator of technical genes
Tech=grepl ("ERCC",Genes.ids)
table(Tech)

## Tech
## FALSE TRUE
## 5634 53



# Input number of molecules for spike-in genes
SpikesInfo=read.table(file.path(data.path,"ERCC_controls.txt"),header=T)
Spikes.ids=Genes.ids[grep("ERCC",Genes.ids)]
SpikesMolecules=as.data.table(SpikesInfo [SpikesInfo$ERCC_ID %in% Spikes.ids,])
SpikesMolecules=SpikesMolecules [order (ERCC_ID),]
SpikesMolecules=as.data.frame(SpikesMolecules)

Re-ordering of genes

Counts=rbind (CountsFilter[!Tech,],CountsFilter[Tech,])
Genes.ids = c(Genes.ids[!Tech], Genes.ids[Tech])
Tech=c(Tech[!Tech] ,Tech[Tech])

Separating expression counts for each condition

Counts.Gl <- Counts[, grep("Gl_dec", colnames(Counts))]
Counts.S <- Counts[, grep("S_dec", colnames(Counts))]
Counts.G2M <- Counts[, grep("G2M_dec", colnames(Counts))]

Cell.Colour <- c(rep("lightpink3",ncol(Counts.G1)),
rep("darkolivegreen3" ,ncol(Counts.S)),
rep("darkgoldenrodl", ncol(Counts.G2M)))

Counts <- cbind(Counts.G1, Counts.S, Counts.G2M)

Final processed data contains 59 cells in the G1 group, 58 cells in the S group and 65 cells in the G2M group.

Creating the input object

To use BASICS, we need to create a BASiCSDV_Data object containing the expression counts, a vector of
spike-in gene indicators (TRUE/FALSE) and the input number of mRNA molecules for each spike-in gene.

Data.Gl = newBASiCS_Data(Counts = Counts.G1,
Tech = Tech,
SpikeInfo = SpikesMolecules)

## An object of class BASiCS_Data

## Dataset contains 5687 genes (5634 biological and 53 technical) and 59 cells.
## Elements (slots): Counts, Tech, SpikeInput, GeneNames and BatchInfo.

## The data contains 1 batch.

#i#

## NOTICE: BASiCS requires a pre-filtered dataset

## - You must remove poor quality cells before creating the BASiCS data object

## - We recommend to pre-filter very lowly expressed transcripts before creating the object.
## Inclusion criteria may vary for each data. For example, remove transcripts

## - with very low total counts across of all of the samples

## - that are only expressed in a few cells

## (by default genes expressed in only 1 cell are not accepted)



## - with very low total counts across the samples where the transcript is expressed
##
## BASiCS_Filter can be used for this purpose

Data.S = newBASiCS_Data(Counts = Counts.S,
Tech = Tech,
SpikeInfo = SpikesMolecules)

## An object of class BASiCS_Data

## Dataset contains 5687 genes (5634 biological and 53 technical) and 58 cells.
## Elements (slots): Counts, Tech, SpikeInput, GeneNames and BatchInfo.

## The data contains 1 batch.

#it

## NOTICE: BASiCS requires a pre-filtered dataset

## - You must remove poor quality cells before creating the BASiCS data object

## - We recommend to pre-filter very lowly expressed transcripts before creating the object.
## Inclusion criteria may vary for each data. For example, remove transcripts

## - with very low total counts across of all of the samples

## - that are only expressed in a few cells

#i# (by default genes expressed in only 1 cell are not accepted)

## - with very low total counts across the samples where the transcript is expressed
#i#

## BASiCS_Filter can be used for this purpose

Data.G2M = newBASiCS_Data(Counts = Counts.G2M,
Tech = Tech,
SpikeInfo = SpikesMolecules)

## An object of class BASiCS_Data

## Dataset contains 5687 genes (5634 biological and 53 technical) and 65 cells.
## Elements (slots): Counts, Tech, SpikeInput, GeneNames and BatchInfo.

## The data contains 1 batch.

##

## NOTICE: BASiCS requires a pre-filtered dataset

## - You must remove poor quality cells before creating the BASiCS data object

## - We recommend to pre-filter very lowly expressed transcripts before creating the object.
## Inclusion criteria may vary for each data. For example, remove transcripts

#H# - with very low total counts across of all of the samples

## - that are only expressed in a few cells

## (by default genes expressed in only 1 cell are not accepted)

## - with very low total counts across the samples where the transcript is expressed
#it

## BASiCS_Filter can be used for this purpose

Fitting the BASiCS model
To run the MCMC algorithm, we use the function BASiCS_MCMC.
N = 20000; Thin = 10; Burn = 10000

RunNameG1l = paste0("CellCycle_G1_",N)
RunNameS = paste0("CellCycle_S_",N)



RunNameG2M = pasteO("CellCycle_G2M_",N)

MCMC_Output.Gl <- BASiCS_MCMC(Data.Gl, N = N, Thin = Thin, Burn = Burn,
PrintProgress = TRUE, StoreChains = TRUE,
StoreDir = chains.path, RunName = RunNameG1)

MCMC_Output.S <- BASiCS_MCMC(Data.S, N = N, Thin = Thin, Burn = Burn,
PrintProgress = TRUE, StoreChains = TRUE,
StoreDir = chains.path, RunName = RunNameS)

MCMC_Output.G2M <- BASiCS_MCMC(Data.G2M, N = N, Thin = Thin, Burn = Burn,
PrintProgress = TRUE, StoreChains = TRUE,
StoreDir = chains.path, RunName = RunNameG2M)

Loading pre-computed chains
Loading pre-computed chains for which a2.mu = 0.5 and a2.delta = 0.5.

ChainMuGl = as.matrix(fread(file.path(chains.path, "chain_mu_CellCycle_G1_20000.txt")))
ChainMuS = as.matrix(fread(file.path(chains.path, "chain_mu_CellCycle_S_20000.txt")))
ChainMuG2M = as.matrix(fread(file.path(chains.path, "chain_mu_CellCycle_G2M_20000.txt")))

ChainDeltaGl = as.matrix(fread(file.path(chains.path, '"chain_delta_CellCycle_G1_20000.txt")))
ChainDeltaS = as.matrix(fread(file.path(chains.path, "chain_delta_CellCycle_S_20000.txt")))
ChainDeltaG2M = as.matrix(fread(file.path(chains.path, "chain_delta_CellCycle_G2M_20000.txt")))

ChainPhiGl = as.matrix(fread(file.path(chains.path, "chain_phi_CellCycle_G1_20000.txt")))
ChainPhiS = as.matrix(fread(file.path(chains.path, "chain_phi_CellCycle_S_20000.txt")))
ChainPhiG2M = as.matrix(fread(file.path(chains.path, "chain_phi_CellCycle_G2M_20000.txt")))

ChainSGl = as.matrix(fread(file.path(chains.path, "chain_s_CellCycle_G1_20000.txt")))
ChainSS = as.matrix(fread(file.path(chains.path, "chain_s_CellCycle_S_20000.txt")))
ChainSG2M = as.matrix(fread(file.path(chains.path, "chain_s_CellCycle_G2M_20000.txt")))

ChainNuGl = as.matrix(fread(file.path(chains.path, "chain_nu_CellCycle_G1_20000.txt")))
ChainNuS = as.matrix(fread(file.path(chains.path, "chain_nu_CellCycle_S_20000.txt")))
ChainNuG2M = as.matrix(fread(file.path(chains.path, "chain_nu_CellCycle_G2M_20000.txt")))

ChainThetaGl = fread(file.path(chains.path, "chain_theta_CellCycle_G1_20000.txt"))$Batchl
ChainThetaS = fread(file.path(chains.path, "chain_theta_CellCycle_S_20000.txt"))$Batchl
ChainThetaG2M = fread(file.path(chains.path, "chain_theta_CellCycle_G2M_20000.txt"))$Batchl

MCMC_Outputl <- newBASiCS_Chain(mu = ChainMuG1,
delta = ChainDeltaGl1,
phi = ChainPhiG1,
nu = ChainNuG1,
s = ChainSG1,
theta = as.matrix(ChainThetaG1))

## An object of class BASiCS_Chain

## 1000 MCMC samples.

## Dataset contains 5634 biological genes and 59 cells (1 batch).
## Elements (slots): mu, delta, phi, s, nu and theta.



MCMC_Output2 <- newBASiCS_Chain(mu = ChainMuS,
delta = ChainDeltaS,
phi = ChainPhiS§,
nu = ChainNuS,
s = ChainSS,
theta = as.matrix(ChainThetaS))

## An object of class BASiCS_Chain

## 1000 MCMC samples.

## Dataset contains 5634 biological genes and 58 cells (1 batch).
## Elements (slots): mu, delta, phi, s, nu and theta.

MCMC_Output3 <- newBASiCS_Chain(mu = ChainMuG2M,
delta = ChainDeltaG2M,
phi = ChainPhiG2M,
nu = ChainNuG2M,
s = ChainSG2M,
theta = as.matrix(ChainThetaG2M))

## An object of class BASiCS_Chain

## 1000 MCMC samples.

## Dataset contains 5634 biological genes and 65 cells (1 batch).
## Elements (slots): mu, delta, phi, s, nu and theta.

## Not the right thing to do, but helpful for some things
MCMC_Output <- newBASiCS_Chain(mu = cbind(ChainMuGl, ChainMuS, ChainMuG2M),
delta = cbind(ChainDeltaGl, ChainDeltaS, ChainDeltaG2M),
phi = cbind(ChainPhiG1, ChainPhiS, ChainPhiG2M),
nu = cbind(ChainNuG1, ChainNuS, ChainNuG2M),
s = cbind(ChainSG1, ChainSS, ChainSG2M),
theta = cbind(ChainThetaGl, ChainThetaS, ChainThetaG2M))

## An object of class BASiCS_Chain

## 1000 MCMC samples.

## Dataset contains 16902 biological genes and 182 cells (3 batches).
## Elements (slots): mu, delta, phi, s, nu and theta.

Convergence diagnostics

To assess convergence of the chain, the convergence diagnostics provided by the package coda can be used.
Additionally, a visual inspection is provided by traceplots. First, for some selected parameters.

par(mgp = c(5,1,0)); par(mar = c(7,9,4,0.5)); par(mfrow = c(6,3))
par(cex.lab = 2, cex.axis = 1.5)
plot(apply(ChainMuG1,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",mul[il])), xlab = "Iteration")
plot(apply(ChainMuS,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",mu[i2])), xlab
plot(apply (ChainMuG2M, 1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",mu[i3])), xlab

"Tteration")

"Tteration")



plot(apply(ChainDeltaGl,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",deltal[il])), xlab

plot(apply(ChainDeltaS,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",deltal[i2])), xlab

plot(apply(ChainDeltaG2M,1,median), type = "1", cex.lab = 2
ylab = expression(paste("Median of ",deltal[i3])), xlab

plot(apply(ChainPhiG1,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",phi[j[1]1])), xlab

plot(apply(ChainPhiS,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",phi[j[2]])), xlab

plot(apply(ChainPhiG2M, 1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",phi[j[3]]1)), xlab

plot(apply(ChainSG1,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",s[j[1]])), xlab =

plot(apply(ChainSS,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",s[j[2]])), xlab

plot(apply(ChainSG2M,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",s[j[3]1])), xlab =

plot(apply(ChainNuG1,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",nu[j[1]])), xlab

plot(apply(ChainNuS,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",nul[j[2]])), xlab

plot(apply(ChainNuG2M,1,median), type = "1", cex.lab = 2,
ylab = expression(paste("Median of ",nul[j[3]])), xlab

plot(ChainThetaGl, type = "1", cex.lab = 2,

ylab = expression(theta[1]), xlab "Tteration")
plot(ChainThetaS, type = "1", cex.lab = 2,

ylab = expression(theta[2]), xlab = "Iteration")
plot(ChainThetaG2M, type = "1", cex.lab = 2,

ylab = expression(theta[3]), xlab = "Iteration")
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ModelOffSet31 = median(rowSums(Chain3@mu)/rowSums(Chainl@mu))
cat(paste("Model offset 2 vs 1:", ModelOffSet21, "\n"))
cat(paste("Model offset 3 vs 1:", ModelOffSet31, "\n"))

list("0ffSet21"
"0ffSet31"

ModelOffSet21,
ModelOffSet31)

}

0ffSetComparison <- function(Datal, Data2, Data3,
Chainl, Chain2, Chain3)
{

# Postertior medians without correction
MedianMul = apply(Chainl@mu, 2, median)
MedianMu2 = apply(Chain2@mu, 2, median)
MedianMu3 = apply(Chain3@mu, 2, median)

MedianDeltal = apply(Chainl@delta, 2, median)
MedianDelta2 = apply(Chain2@delta, 2, median)
MedianDelta3 = apply(Chain3@delta, 2, median)

nl = ncol(Chainl@phi); n2 = ncol(Chain2@phi); n3 = ncol(Chain3@phi)
n = nl+n2+n3

MuBase = (MedianMul * nl + MedianMu2 * n2 + MedianMu3 * n3)/n
DeltaBase = (MedianDeltal * nl + MedianDelta2 * n2 + MedianDelta3 * n3)/n

# Log-fold change chains and estimates
ChainTaul2 = log(Chainl@mu / Chain2@mu)
ChainTaul3 = log(Chainl@mu / Chain3@mu)
ChainTau23 = log(Chain2@mu / Chain30@mu)
ChainOmegal2 = log(Chainl@delta / Chain2@delta)
ChainOmegal3 = log(Chainl@delta / Chain3@delta)
ChainOmega23 = log(Chain2@delta / Chain3@delta)

MedianTaul2 = apply(ChainTaul2, 2, median)
MedianTaul3 = apply(ChainTaul3, 2, median)
MedianTau23 = apply(ChainTau23, 2, median)
MedianOmegal2 = apply(ChainOmegal2, 2, median)
MedianOmegal3 = apply(ChainOmegal3, 2, median)
MedianOmega23 = apply(ChainOmega23, 2, median)

ModelOffSet21 = median(rowSums(Chain2@mu)/rowSums(Chainl@mu))
ModelOffSet31 = median(rowSums(Chain3@mu)/rowSums(Chainl@mu))

par(mfrow = c(2,3))

par(cex.lab = 3, cex.main = 3, cex.axis
par(mar = c(7, 10, 4, 2) + 0.1)

par (mgp=c(5,2,0))

par(lwd = 4)

3)

plot (MuBase, MedianTaul2, pch = 16, col "grey", bty = "n", log = "x",



xlab "Expression rate", cex.lab = 2,
ylab = expression(paste("LFC in overall expression (",log(hat(mu) [iG1]/hat(mu) [iS]), ") ")),
main = "G1 vs S")
abline(h = c(0, -log(ModelOffSet21)), 1ty = c(1,2),
col = c("black", "blue"))
legend('bottomright', c("Offset"),
col = c("blue"), 1ty = 2, cex = 3, bty = "n")

plot(MuBase, MedianTaul3, pch = 16, col = '"grey", bty = "n", log = "x",
xlab = "Expression rate", cex.lab = 2,
ylab = expression(paste("LFC in overall expression (",log(hat(mu) [iG1]/hat(mu) [iG2M]), ")")),
main = "Gl vs G2M")
abline(h = c(0, -log(ModelOffSet31)), 1ty = 1:2,
col = c("black", "blue"))

plot(MuBase, MedianTau23, pch = 16, col = "grey", bty = "n", log = "x",

xlab = "Expression rate'", cex.lab = 2,
ylab = expression(paste("LFC in overall expression (",log(hat(mu) [iS]/hat(mu) [iG2M]), ") ")),
main = "S vs G2M")

abline(h = c(0, -log(ModelOffSet31) + log(ModelOffSet21)), lty = 1:2,
col = c("black", "blue"))

Group <- c(rep(l, times = ncol(Datal@Counts)),
rep(2, times = ncol(Data2@Counts)),
rep(3, times = ncol(Data3@Counts)))

MedianPhil <- apply(Chainl@phi, 2, median)
MedianPhi2 <- apply(Chain2@phi, 2, median)
MedianPhi3 <- apply(Chain3@phi, 2, median)

boxplot(c(MedianPhil, MedianPhi2, MedianPhi3) ~ Group,
names = c("G1", "S", "G2M"),
col = unique(Cell.Colour),
ylab = expression(paste("mRNA content (", hat(phi) [j[pll,")")),
main = "Before offset correction",
frame = FALSE)

boxplot(c(MedianPhil, MedianPhi2 * ModelOffSet21,
MedianPhi3 * ModelOffSet31) ~ Group,
names = c("G1", "S", "G2M"),
col = unique(Cell.Colour),
ylab = expression(paste("mRNA content (", hat(phi) [j[pll,")")),
main = "After offset correction",
frame = FALSE)

plot(c(0, 1), c(0, 1), ann = F, bty = 'n', type = 'n',

xaxt = 'n', yaxt = 'n')
text(x = 0.5, y = 0.5, paste("Offset S vs G1:", round(ModelOffSet21, 2),
0, \m®
"Offset G2M vs G1:", round(ModelOffSet31, 2),
"\n",
"Offset G2M vs S:", round(ModelOffSet31/ModelOffSet21, 2),
"“.\n"),

10



cex = 2.7, col = "black")

0ffSet = 0ffSetCorrection(MCMC_Outputl, MCMC_Output2, MCMC_Output3)

## Model offset 2 vs 1: 1.13830480959853
## Model offset 3 vs 1: 2.33066673306469

0ffSetComparison(Data.Gl, Data.S, Data.G2M,
MCMC_QOutputl, MCMC_Output2, MCMC_Output3)
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MCMC_Outputl_1 <- newBASiCS_Chain(mu = ChainMuGl1,
delta = ChainDeltaGl,
phi = ChainPhiGl1,
nu = ChainNuG1,
s = ChainSG1,
theta = as.matrix(ChainThetaG1))

## An object of class BASiCS_Chain
## 1000 MCMC samples.
## Dataset contains 5634 biological genes and 59 cells (1 batch).

## Elements (slots): mu, delta, phi, s, nu and theta.

MCMC_Output2_1 <- newBASiCS_Chain(mu = ChainMuS / OffSet$0ffSet21,
delta = ChainDeltaS,
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phi = ChainPhiS * 0ffSet$0ffSet21,
nu = ChainNuS,

s = ChainSS,

theta = as.matrix(ChainThetaS))

## An object of class BASiCS_Chain

## 1000 MCMC samples.

## Dataset contains 5634 biological genes and 58 cells (1 batch).
## Elements (slots): mu, delta, phi, s, nu and theta.

MCMC_Output3_1 <- newBASiCS_Chain(mu = ChainMuG2M / 0ffSet$0ffSet31,
delta = ChainDeltaG2M,
phi = ChainPhiG2M * O0ffSet$0ffSet31,
nu = ChainNuG2M,
s = ChainSG2M,
theta = as.matrix(ChainThetaG2M))

## An object of class BASiCS_Chain

## 1000 MCMC samples.

## Dataset contains 5634 biological genes and 65 cells (1 batch).
## Elements (slots): mu, delta, phi, s, nu and theta.

MCMC_Output_1 <- newBASiCS_Chain(mu = cbind(ChainMuGl, ChainMuS / 0ffSet$0ffSet21,

ChainMuG2M / OffSet$0ffSet31),

delta = cbind(ChainDeltaG1l, ChainDeltaS, ChainDeltaG2M),

phi = cbind(ChainPhiG1l, ChainPhiS * 0ffSet$0ffSet21,
ChainPhiG2M * OffSet$0ffSet31),

nu = cbind(ChainNuG1, ChainNuS, ChainNuG2M),

s = cbind(ChainSG1, ChainSS, ChainSG2M),

theta = cbind(ChainThetaGl, ChainThetaS, ChainThetaG2M))

## An object of class BASiCS_Chain

## 1000 MCMC samples.

## Dataset contains 16902 biological genes and 182 cells (3 batches).
## Elements (slots): mu, delta, phi, s, nu and theta.

Summarizing the model fit To summarize the results, the function Summary calculates posterior medians
and the High Posterior Density (HPD) intervals for each model parameter. As a default option, HPD intervals
contain 0.95 probability

MCMC_Summary <- Summary(MCMC_QOutput_1)

To display posterior medians of §; (the parameters controlling the strength of the biological cell-to-cell
expression heterogeneity of a gene ¢ across the population of cells under study) againts overall gene-specific
expression levels p; use:

par (mfrow = c(3,3))

par(mar = c(7, 10, 4, 2) + 0.1, oma=c(0,0,3,0))
par(mgp = c(5, 2, 0))

par(cex.lab = 2.5, cex.axis = 2)
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liml = c(min(apply (MCMC_Outputl_1@mu, 2, median),
apply (MCMC_Output2_1@mu, 2, median),

apply (MCMC_Output3_10mu, 2, median)),
max (apply (MCMC_Outputi_1@mu, 2, median),
apply (MCMC_QOutput2_1@mu, 2, median),
apply (MCMC_QOutput3_1@mu, 2, median)))

lim2 = c(min(apply(MCMC_Outputl_1@delta, 2, median),
apply(MCMC_Output2_1@delta, 2, median),

apply (MCMC_Output3_1i@delta, 2, median)),

max (apply (MCMC_Outputl_1i@delta, 2, median),

apply (MCMC_Output2_1@delta, 2, median),

apply (MCMC_Output3_1@delta, 2, median)))

plot(c(0, 1), c(0, 1), ann = F, bty = 'n', type = 'n',
xaxt = 'n', yaxt = 'n', bg = unique(Cell.Colour)[1])
rect(0, 0, 1, 1, col = unique(Cell.Colour) [1])

1
text(x = 0.5, y = 0.5, paste("G1"), cex = 10, col = "white", lwd = 2)

plot (apply (MCMC_Output2_1@mu, 2, median),
apply (MCMC_QOutputl_1@mu, 2, median), pch = 16, col = 8, bty = "n", log = "xy",
xlab = expression(paste("Overall expression S cells (",hat(mu)[i2],")")),
ylab = expression(paste("Overall expression G1 cells (",hat(mu)[i1],")")),
xlim = liml, ylim = liml, cex = 2)

abline(a = 0, b = 1, 1ty = 2, 1lwd = 3)

plot (apply (MCMC_Output3_1@mu, 2, median),
apply (MCMC_QOutputl_10mu, 2, median), pch = 16, col = 8, bty = "n", log = "xy",
xlab = expression(paste("Overall expression G2M cells (",hat(mu)[i2],")")),
ylab = expression(paste("Overall expression Gl cells (",hat(muw)[i1],")")),
xlim = liml, ylim = 1liml, cex = 2)

abline(a = 0, b = 1, 1ty = 2, 1lwd = 3)

plot(apply (MCMC_Outputl_1l@delta, 2, median),
apply (MCMC_Output2_1@delta, 2, median), pch = 16, col = 8, bty = "n", log = "xy",
xlab = expression(paste("Over-dispersion G1 cells (",hat(delta)[i1],")")),
ylab = expression(paste("Over-dispersion S cells (",hat(delta)[i2],")")),
xlim = lim2, ylim = lim2, cex = 2)
abline(a = 0, b = 1, 1ty = 2, 1lwd = 3)

plot(c(0, 1), c(0, 1), ann = F, bty = 'n', type = 'n',
xaxt = 'n', yaxt = 'n')
rect(0, 0, 1, 1, col = unique(Cell.Colour) [2])
text(x = 0.5, y = 0.5, paste("S"), cex = 10, col = "white", lwd = 2)

plot(apply(MCMC_Output3_10mu, 2, median),
apply (MCMC_Output2_1@mu, 2, median), pch = 16, col = 8, bty = "n", log = "xy",
xlab = expression(paste("Overall expression G2M cells (",hat(mu)[i2],")")),
ylab = expression(paste("Overall expression S cells (",hat(mu)[i1],")")),
xlim = liml, ylim = liml, cex = 2)

abline(a = 0, b = 1, 1ty = 2, lwd = 3)

plot (apply (MCMC_Outputl@delta, 2, median),
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apply (MCMC_Output3@delta, 2, median), pch = 16, col = 8, bty = "n", log = "xy",
xlab = expression(paste("Over-dispersion G1 cells (",hat(delta)[il],")")),
ylab = expression(paste("Over-dispersion G2M cells (",hat(delta)[i2],")")),
xlim = 1lim2, ylim = 1im2, cex = 2)

abline(a = 0, b = 1, 1ty = 2, lwd = 3)

plot(apply (MCMC_Output2@delta, 2, median),
apply (MCMC_Output3@delta, 2, median), pch = 16, col = 8, bty = "n", log = "xy",
xlab = expression(paste("Over-dispersion S cells (",hat(delta)[i1],")")),
ylab = expression(paste("Over-dispersion G2M cells (",hat(delta)[i2],")")),
xlim = lim2, ylim = lim2, cex = 2)

abline(a = 0, b = 1, 1ty = 2, 1lwd = 3)

plot(c(0, 1), c(0, 1), ann = F, bty = 'n', type = 'n',
xaxt = 'n', yaxt = 'n')
rect(0, 0, 1, 1, col = unique(Cell.Colour) [3])
text(x = 0.5, y = 0.5, paste("G2M"), cex = 10, col = "white", lwd = 2)

title("(d)", outer=TRUE, cex.main = 3)
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par(mfrow = c(1,3))

par(cex.lab = 3, cex.main = 3, cex.axis = 3)

par(mar = c(7, 10, 4, 2) + 0.1)
par (mgp=c(5,2,0))
par(lwd = 4)

GroupCells <- c(rep(l, times = ncol(Counts.G1)),
rep(2, times = ncol(Counts.S)),
rep(3, times = ncol(Counts.G2M)))

boxplot (displaySummaryBASiCS (MCMC_Summary, Param
names = c("G1", "S", "G2M"), col =

ylab = expression(paste("mRNA content (",
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GroupGenes <- c(rep(l, times = sum(!Tech)),
rep(2, times = sum(!Tech)),
rep(3, times = sum(!Tech)))

boxplot (displaySummaryBASiCS (MCMC_Summary, Param = "mu")[,1] ~ GroupGenes, main = "(b)",
names = c("G1", "S", "G2M"), col = unique(Cell.Colour), log = "y", frame = FALSE,
ylab = expression(paste("Overall expression (",hat(mu)[ip],")")))

boxplot (displaySummaryBASiCS(MCMC_Summary, Param = "delta")[,1] ~ GroupGenes, main = "(c)",
names = c("G1", "S", "G2M"), col = unique(Cell.Colour), frame = FALSE,
ylab = expression(paste("Biological over-dispersion (",hat(delta)[ip],")")))
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Differential expression (mean and over-dispersion)

Datal2 <- newBASiCS_DV_Data(CountsTest = Counts.G1,
CountsRef = Counts.S,
Tech = Tech,
SpikeInputTest = SpikesMolecules$Molecules_per_cell,
SpikeInputRef = SpikesMolecules$Molecules_per_cell)

## An object of class BASiCS_DV_Data

## Dataset contains 5687 genes (5634 biological and 53 technical) and 117 cells.

## - 59 cells in the test sample

#i# - 58 cells in the reference sample

## Elements (slots): CountsTest, CountsRef, Tech, SpikeInputTest and SpikeInputRef.
##

## NOTICE: BASiCS_D requires a pre-filtered dataset

## - You must remove poor quality cells before creating the BASiCS data object

## - We recommend to pre-filter very lowly expressed transcripts before creating the object.
## Inclusion criteria may vary for each data. For example, remove transcripts

## - with very low total counts across of all cells

## - that are only expressed in few cells

## (by default genes expressed in only 1 cell are not accepted)

## - with very low total counts across the cells where the transcript is expressed

##

## BASiCS_DV_Filter can be used for this purpose
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Datal3 <- newBASiCS_DV_Data(CountsTest = Counts.G1,
CountsRef = Counts.G2M,
Tech = Tech,
SpikeInputTest = SpikesMolecules$Molecules_per_cell,
SpikeInputRef = SpikesMolecules$Molecules_per_cell)

## An object of class BASiCS_DV_Data

## Dataset contains 5687 genes (5634 biological and 53 technical) and 124 cells.

## - 59 cells in the test sample

## - 65 cells in the reference sample

## Elements (slots): CountsTest, CountsRef, Tech, SpikeInputTest and SpikeInputRef.
##

## NOTICE: BASiCS_D requires a pre-filtered dataset

## - You must remove poor quality cells before creating the BASiCS data object

## - We recommend to pre-filter very lowly expressed transcripts before creating the object.
## Inclusion criteria may vary for each data. For example, remove transcripts

## - with very low total counts across of all cells

## - that are only expressed in few cells

#i#t (by default genes expressed in only 1 cell are not accepted)

## - with very low total counts across the cells where the transcript is expressed

#i#

## BASiCS_DV_Filter can be used for this purpose

Data23 <- newBASiCS_DV_Data(CountsTest = Counts.S,
CountsRef = Counts.G2M,
Tech = Tech,
SpikeInputTest = SpikesMolecules$Molecules_per_cell,
SpikeInputRef = SpikesMolecules$Molecules_per_cell)

## An object of class BASiCS_DV_Data

## Dataset contains 5687 genes (5634 biological and 53 technical) and 123 cells.

## - 58 cells in the test sample

## - 65 cells in the reference sample

## Elements (slots): CountsTest, CountsRef, Tech, SpikeInputTest and SpikeInputRef.
##

## NOTICE: BASiCS_D requires a pre-filtered dataset

## - You must remove poor quality cells before creating the BASiCS data object

## - We recommend to pre-filter very lowly expressed transcripts before creating the object.
#H# Inclusion criteria may vary for each data. For example, remove transcripts

## - with very low total counts across of all cells

## - that are only expressed in few cells

#Hit (by default genes expressed in only 1 cell are not accepted)

## - with very low total counts across the cells where the transcript is expressed

#i#

## BASiCS_DV_Filter can be used for this purpose

MCMC_Outputl2 <- newBASiCS_DV_Chain(muTest = ChainMuGl1,
muRef = ChainMuS / OffSet$0ffSet21,
deltaTest = ChainDeltaG1,
deltaRef = ChainDeltaS,
phi = cbind(ChainPhiG1,
ChainPhiS * OffSet$0ffSet21),
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##
##
##
#

nu = cbind(ChainNuG1, ChainNuS),
s = cbind(ChainSG1, ChainSS),
thetaTest = ChainThetaGl1l,
thetaRef = ChainThetaS)

An object of class BASiCS_DV_Chain

1000 MCMC samples.

Dataset contains 5634 biological genes and 117 cells (in total across both samples).
Elements (slots): muTest, muRef, deltaTest, omegaRef, phi, s, nu, thetaTest and thetaRef.

MCMC_Outputl3 <- newBASiCS_DV_Chain(muTest = ChainMuGl1,

##
##
#
#

muRef = ChainMuG2M / OffSet$0ffSet31,
deltaTest = ChainDeltaG1,
deltaRef = ChainDeltaG2M,
phi = cbind(ChainPhiG1,
ChainPhiG2M * OffSet$0ffSet31),
nu = cbind(ChainNuG1, ChainNuG2M),
s = cbind(ChainSG1, ChainSG2M),
thetaTest = ChainThetaG1,
thetaRef = ChainThetaG2M)

An object of class BASiCS_DV_Chain

1000 MCMC samples.

Dataset contains 5634 biological genes and 124 cells (in total across both samples).
Elements (slots): muTest, muRef, deltaTest, omegaRef, phi, s, nu, thetaTest and thetaRef.

MCMC_Output23 <- newBASiCS_DV_Chain(muTest = ChainMuS / 0ffSet$0ffSet21,

##
##
##
##

muRef = ChainMuG2M / OffSet$0ffSet31,

deltaTest = ChainDelta$S,

deltaRef = ChainDeltaG2M,

phi = cbind(ChainPhiS * 0ffSet$0ffSet21,
ChainPhiG2M * OffSet$0ffSet31),

nu = cbind(ChainNuS, ChainNuG2M),

s = cbind(ChainSS, ChainSG2M),

thetaTest = ChainThetasS,

thetaRef = ChainThetaG2M)

An object of class BASiCS_DV_Chain

1000 MCMC samples.

Dataset contains 5634 biological genes and 123 cells (in total across both samples).
Elements (slots): muTest, muRef, deltaTest, omegaRef, phi, s, nu, thetaTest and thetaRef.

Test12_0 <- BASiCS_DV_TestDE(Datal2, MCMC_Outputl2,

GeneNames = Genes.ids[!Datal2@Tech],
EpsilonM = 0, EpsilonD = O,

EFDR_M = 0.05, EFDR_D = 0.05,

OrderVariable = "Genelndex",

GroupLabelRef = "S", GroupLabelTest = "G1",

= FALSE)



## 2307 genes with a change on the overall expression:

## - Higher expression in G1 group: 882

## - Higher expression in S group: 1425

## - Fold change tolerance = 0 7%

## - Evidence threshold = 0.82675

#i# - EFDR = 4.96 %

## - EFNR = 45.02 %

## --———--————— -
#i#

2
## 5228 genes with a change on the cell-to-cell biological over dispersion:
## - Higher over dispersion in G1 group: 5142

## - Higher over dispersion in S group: 86

## - Fold change tolerance = 0 %

## - Evidence threshold = 0.50075

## - EFDR = 4.9 %

## - EFNR = 27.79 %

Test12_40 <- BASiCS_DV_TestDE(Datal2, MCMC_Outputl2,
GeneNames = Genes.ids[!Datal2@Tech],
EpsilonM = 0.4, EpsilonD = 0.4,
EFDR_M = 0.05, EFDR_D = 0.05,
OrderVariable = "Genelndex",
GroupLabelRef = "S", GroupLabelTest = "G1",
0ffSet = FALSE)

## 343 genes with a change on the overall expression:

## - Higher expression in G1 group: 110

## - Higher expression in S group: 233

## - Fold change tolerance = 40 7

## - Evidence threshold = 0.88025

## - EFDR = 5.01 %

## - EFNR = 26.88 7

# -
##

## -
## 3197 genes with a change on the cell-to-cell biological over dispersion:
## - Higher over dispersion in G1 group: 3189

## - Higher over dispersion in S group: 8

## - Fold change tolerance = 40 7

## - Evidence threshold = 0.8015

## - EFDR = 5

## - EFNR = 45.55 J,

Test13_0 <- BASiCS_DV_TestDE(Datal3, MCMC_Outputl3,
GeneNames = Genes.ids[!Datal3@Tech],
EpsilonM = 0, EpsilonD = O,
EFDR_M = 0.05, EFDR_D = 0.05,
OrderVariable = "Genelndex",
GroupLabelRef = "G2M", GroupLabelTest = "G1",
0ffSet = FALSE)
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## 2613 genes with a change on the overall expression:

## - Higher expression in G1 group: 1206

## - Higher expression in G2M group: 1407

## - Fold change tolerance = 0 7%

## - Evidence threshold = 0.81475

## - EFDR = 5

## - EFNR = 43.81 J,

#H -
##

# -
## 3872 genes with a change on the cell-to-cell biological over dispersion:
## - Higher over dispersion in G1 group: 3706

## - Higher over dispersion in G2M group: 166

## - Fold change tolerance = 0 7%

## - Evidence threshold = 0.74075

## - EFDR = 5

## - EFNR = 40.88 %

Test13_40 <- BASiCS_DV_TestDE(Datal3, MCMC_Outputl3,
GeneNames = Genes.ids[!Datal2@Tech],
EpsilonM = .4, EpsilomnD = .4,
EFDR_M = 0.05, EFDR_D = 0.05,
OrderVariable = "Genelndex",
GroupLabelRef = "G2M", GroupLabelTest = "G1",
0ffSet = FALSE)

## 545 genes with a change on the overall expression:
## - Higher expression in G1 group: 229

## - Higher expression in G2M group: 316

## - Fold change tolerance = 40 %

## - Evidence threshold = 0.85925

## - EFDR = 5.03 %

## - EFNR = 27.73 %

## 1550 genes with a change on the cell-to-cell biological over dispersion:
## - Higher over dispersion in G1 group: 1535

## - Higher over dispersion in G2M group: 15

Fold change tolerance = 40 %

## - Evidence threshold = 0.84725

## - EFDR = 4.99 %

## - EFNR 37.84 %,

H*
HH+
|

Test23_0 <- BASiCS_DV_TestDE(Data23, MCMC_Output23,
GeneNames = Genes.ids[!Data23@Tech],
EpsilonM = 0, EpsilonD = O,
EFDR_M = 0.05, EFDR_D = 0.05,
OrderVariable = "Genelndex",
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GroupLabelRef = "G2M", GroupLabelTest = "S",
0ffSet = FALSE)

## 2038 genes with a change on the overall expression:

## - Higher expression in S group: 1166

## - Higher expression in G2M group: 872

## - Fold change tolerance = 0 %

## - Evidence threshold = 0.83875

## - EFDR = 5.02 %

#i# - EFNR = 45.06 %

## - -
##

## -
## 2676 genes with a change on the cell-to-cell biological over dispersion:
## - Higher over dispersion in S group: 323

## - Higher over dispersion in G2M group: 2353

## - Fold change tolerance = 0 %

## - Evidence threshold = 0.82275

## - EFDR = 5.02 %
## - EFNR = 46.92 %
T

Test23_40 <- BASiCS_DV_TestDE(Data23, MCMC_Output23,
GeneNames = Genes.ids[!Data23@Tech],
EpsilonM = .4, EpsilonD = .4,
EFDR_M = 0.05, EFDR_D = 0.05,
OrderVariable = "Genelndex",
GroupLabelRef = "G2M", GroupLabelTest = "S",
0ffSet = FALSE)

## 209 genes with a change on the overall expression:

## - Higher expression in S group: 126

## - Higher expression in G2M group: 83

## - Fold change tolerance = 40 7

## - Evidence threshold = 0.88525

## - EFDR = 4.99 %

## - EFNR = 20.77 %

#Hf ——— oo
#i#t

## -
## 593 genes with a change on the cell-to-cell biological over dispersion:
## - Higher over dispersion in S group: 62

## - Higher over dispersion in G2M group: 531

## - Fold change tolerance = 40 7

## - Evidence threshold = 0.87925

## - EFDR = 4.99 %

## - EFNR = 35.81 %
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ColourBarplotl2 = c(rep(unique(Cell.Colour) [1], 3),
rep('"grey", 3),

rep(unique(Cell.Colour) [2], 3))

ColourBarplot13 = c(rep(unique(Cell.Colour) [1], 3),
rep("grey", 3),
rep(unique(Cell.Colour) [3], 3))

ColourBarplot23 = c(rep(unique(Cell.Colour) [2], 3),
rep("grey", 3),
rep(unique(Cell.Colour) [3], 3))

par(mfrow = c(1,3))

par(mar = c(6, 7, 4, 5) + 0.1)

par(mgp = c(5, 1, 0))

par(cex.main = 3.5, cex.axis = 2, cex.lab = 2.5)

barplot(table(Test12_40$Table$ResultDiffOverDisp,
Test12_40$Table$ResultDiffExp) + 1,
col = unique(ColourBarplotl2), beside = TRUE, cex.names = 2.5,

ylim = c(1, 15000), log = "y", xlab = "Changes in overall expression",
main = expression(paste(tau[0], "= 0.4, ", omegalO], "= 0.4")),

ylab = "Number of genes", axes = FALSE,

names.arg = c("G1l +", "No diff.", "S +"))

text(x = c(1.5, 2.5, 3.5, 5.3, 6.7, 7.5, 9.5, 10.5, 11.5),
y = pmax(6, 1.9 * as.vector(table(Test12_40$Table$ResultDiff0verDisp,
Test12_40$Table$ResultDiffExp))),
as.vector(table(Test12_40$Table$ResultDiff0verDisp,
Test12_40$Table$ResultDiffExp)),
cex = 2, col = "black")

barplot(table(Test13_40$Table$ResultDiff0OverDisp,
Test13_40$Table$ResultDiffExp) [c(1,3,2), c(1,3,2)] + 1,
col = unique(ColourBarplot13), beside = TRUE, cex.names = 2.5,

ylim = c(1, 15000), log = "y", xlab = "Changes in overall expression",
main = expression(paste(tau[0], "= 0.4, ", omegalO], "= 0.4")),

ylab = "Number of genes", axes = FALSE,

names.arg = c("G1 +", "No diff.", "G2M +"))

text(x = ¢(1.5, 2.5, 3.5, 5.1, 6.7, 7.5, 9.5, 10.5, 11.5),
y = pmax(6, 1.9 * as.vector(table(Test13_40$Table$ResultDiff0verDisp,
Test13_40$Table$ResultDiffExp) [c(1,3,2), c(1,3,2)]1)),
as.vector(table(Test13_40$Table$ResultDiff0verDisp,
Test13_40$Table$ResultDiffExp) [c(1,3,2), <(1,3,2)1),
cex = 2, col = "black")

barplot (table(Test23_40$Table$ResultDiffOverDisp,
Test23_40$Table$ResultDiffExp) [c(3,2,1), c(3,2,1)] + 1,
col = unique(ColourBarplot23), beside = TRUE, cex.names = 2.5,
ylim = c(1, 15000), log = "y", xlab = "Changes in overall expression",
main = expression(paste(taul[0], "= 0.4, ", omegalO], "= 0.4")),
ylab "Number of genes", axes = FALSE,
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names.arg = c("S +", "No diff.", "G2M +"))

text(x = c¢(1.5, 2.5, 3.5, 5.3, 6.5, 7.7, 9.5, 10.5, 11.5),
y = pmax(6, 1.9 * as.vector(table(Test23_40$Table$ResultDiff0verDisp,
Test23_40$Table$ResultDiffExp) [c(3,2,1), c(3,2,1)]1)),
as.vector(table(Test23_40$Table$ResultDiff0verDisp,
Test23_40$Table$ResultDiffExp) [c(3,2,1), c(3,2,1)]1),
cex = 2, col = "black")
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GO enrichment analysis

Finally, we perform a GO enrichment analysis of those genes identified as differentially expressed (mean and
over-dispersion). For this, we first transform gene names into the required format.

# GO enrichment analysis ####

# Transforming ENSMUSG to gene names (using Biomart as a source)
GenesTransform = fread(file.path(data.path,"mart_export.txt"), sep = ",")
setkey (GenesTransform, "EnsemblGenelID")

GenesTransforml = unique(GenesTransform)

GenesTransform2 = subset(GenesTransforml, EnsemblGeneID %in% Genes.ids)
setnames (GenesTransform2 , names(GenesTransform2),

c("GeneNames", "EnsemblTranscriptID", "AssociatedGeneName"))
sum(!Tech) - nrow(GenesTransform2)

## [1]1 21

# The following 21 ENSMUSG ids were not found in ensembl.org Biomark
#Genes. vds[which(! (Genes.ids[!Tech] JinJ GenesTransform2$EnsemblGeneID) )]

Test12_0_DT = merge(as.data.table(Test12_0%$Table), GenesTransform?2,
by = "GeneNames", all.x = TRUE)
Test13_0_DT = merge(as.data.table(Test13_0$Table), GenesTransform?2,

by = "GeneNames", all.x = TRUE)
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Test23_0_DT = merge(as.data.table(Test23_0%Table), GenesTransform?2,
by = "GeneNames", all.x = TRUE)

Test12_40_DT

merge(as.data.table(Test12_40$Table), GenesTransform?2,
by = "GeneNames", all.x = TRUE)

merge (as.data.table(Test13_40$Table), GenesTransform?2,
by = "GeneNames", all.x = TRUE)

Test23_40_DT = merge(as.data.table(Test23_40$Table), GenesTransform?2,

by = "GeneNames", all.x = TRUE)

Test13_40_DT

The following function is used to perform the enrichment analysis. It have been adapted from the code
provided by Brennecke et al (2013)

require( topGO ) # To perform GO enrichment analysis
require( org.Mm.eg.db ) # To perform GO enrichment analystis (map of Musmusculus genes)
require(GO.db) # To perform GO enrichment analystis

annFUN.symbol <- function (whichOnto, feasibleGenes = NULL, mapping)
annFUN.org(whichOnto, feasibleGenes, mapping, ID = 'symbol')
topGOAnalysis <- function( geneIDs, inUniverse, inSelection ) {
f <- function( ont ) {
alg <- factor( as.integer( inSelection[inUniverse] ) )
names (alg) <- genelDs[inUniverse]
tgd <- new( "topGOdata", ontology=ont, allGenes = alg, nodeSize=5,
annot=annFUN.symbol, mapping="org.Mm.eg.db" )
resultTopGO <- runTest(tgd, algorithm = "elim", statistic = "Fisher" )
GenTable( tgd, resultTopGO, topNodes=15 ) }

sapply( c( "MF", "BP", "CC" ), f, simplify=FALSE )
}

Differentially expressed genes (mean)

goEnrichDE12_40<-topGOAnalysis(Test12_40_DT$AssociatedGeneName[!is.na(Test12_40_DT$AssociatedGeneName)]
rep(T,sum(!is.na(Test12_40_DT$AssociatedGeneName))),
Test12_40_DT$ResultDiffExp != "NoDiff")

goEnrichDE13_40<-topGOAnalysis(Test13_40_DT$AssociatedGeneName[!is.na(Test13_40_DT$AssociatedGeneName)]
rep(T,sum(!is.na(Test13_40_DT$AssociatedGeneName))),
Test13_40_DT$ResultDiffExp != "NoDiff")

goEnrichDE23_40<-topGOAnalysis(Test23_40_DT$AssociatedGeneName[!is.na(Test23_40_DT$AssociatedGeneName)]
rep(T,sum(!is.na(Test23_40_DT$AssociatedGeneName))),
Test23_40_DT$ResultDiffExp != "NoDiff")

# Changes in mean between G1 and S phases
goEnrichDE12_40$BP

## GO.ID Term Annotated
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GO
GO
GO
GO
GO
GO
GO
GO
GO
GO
GO
GO
GO
GO
GO

:0070527
10042772
:0050881
:0070306
:00215622
:0050885
:0006878
:0071277
:0006200
:0030218
:0015936
:0018205
:0007040
:0061041
10043967

Significant

W wWwowwww-N
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platelet aggregation

DNA damage response, signal transduction...

musculoskeletal movement

lens fiber cell differentiation

spinal cord motor neuron differentiation
neuromuscular process controlling balanc...
cellular copper ion homeostasis
cellular response to calcium ion

ATP catabolic process

erythrocyte differentiation
coenzyme A metabolic process
peptidyl-lysine modification

lysosome organization

regulation of wound healing

Expected resultl

0

NOO®MONOWMODOH OO OO

.99 2.5e-05
.29 0.0018
.29 0.0018
.35 0.0034
.35 0.0034
.11 0.0039
.41 0.0058
.41 0.0058
.11 0.0066
.33 0.0076
.47 0.0088
.42 0.0111
.93 0.0118
.93 0.0118
.10 0.0166

histone H4 acetylation

# Changes in mean between G1 and G2M phases
goEnrichDE13_40$BP
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G0.ID

:0007052
:0061640
:0007067
:0031145
:0000712
:0021537
:0032465
:0007059
:0034644
:0050878
:0006376
:0021695
:0051653
:0046916
:00025621

17

o O

19

139
40

110
16
16
36

Term Annotated
mitotic spindle organization
cytoskeleton-dependent cytokinesis

mitotic nuclear division

anaphase-promoting complex-dependent pro...
resolution of meiotic recombination inte...

telencephalon development
regulation of cytokinesis
chromosome segregation
cellular response to UV

regulation of body fluid levels
mRNA splice site selection
cerebellar cortex development

spindle localization

cellular transition metal ion homeostasi...

Significant Expected resultl

9
7

2.
1.

75 0.0010
90 0.0017

leukocyte differentiation
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14
14
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22.17 0.0021
1.04 0.0021
0.66 0.0022
5.21 0.0045
2.27 0.0054

12.60 0.0065
2.37 0.0070
4.83 0.0071
1.33 0.0073
1.33 0.0073
1.90 0.0086
1.90 0.0086
9.19 0.0089

# Changes in mean between S and G2M phases
goEnrichDE23_40$BP
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GO
GO
GO
GO
GO
GO
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GO
GO
GO
GO
GO
GO
GO

GO0.ID

10032465
:0010038
:0051783
10045471
:0031145
:0051304
10043968
GO:
10051488
:0071715
10032309
:0010894
: 0045939
:0015711
:0006310

1901571

Term Annotated

regulation of cytokinesis

response to metal ion

regulation of nuclear division

response to ethanol

anaphase-promoting complex-dependent pro...
chromosome separation

histone H2A acetylation

fatty acid derivative transport

activation of anaphase-promoting complex...
icosanoid transport

icosanoid secretion

negative regulation of steroid biosynthe...
negative regulation of steroid metabolic...
organic anion transport

DNA recombination

Significant Expected resultl

5
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0.88 0.0015
1.54 0.0039
2.09 0.0044
0.40 0.0064
0.40 0.0064
0.44 0.0083
0.44 0.0083
0.18 0.0124
0.18 0.0124
0.18 0.0124
0.18 0.0124
0.18 0.0124
0.18 0.0124
2.53 0.0125
3.77 0.0126
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11
11
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Differentially expressed genes (over-dispersion only)

goEnrichDoDnotDE12_G1_40<-topGOAnalysis(Test12_40_DT$AssociatedGeneName[!is.na(Test12_40_DT$AssociatedG
rep(T,sum(!is.na(Test12_40_DT$AssociatedGeneName))),
paste0(Test12_40_DT$ResultDiffExp,
Test12_40_DT$ResultDiffOverDisp) == "NoDiffG1+")

goEnrichDoDnotDE12_S_40<-topGOAnalysis(Test12_40_DT$AssociatedGeneName[!is.na(Test12_40_DT$AssociatedGe:
rep(T,sum(!is.na(Test12_40_DT$AssociatedGeneName))),
paste0(Test12_40_DT$ResultDiffExp,
Test12_40_DT$ResultDiffOverDisp) == "NoDiffS+")

goEnrichDoDnotDE13_G1_40<-topGOAnalysis(Test13_40_DT$AssociatedGeneName[!is.na(Test13_40_DT$AssociatedG
rep(T,sum(!is.na(Test13_40_DT$AssociatedGeneName))),
paste0(Test13_40_DT$ResultDiffExp,
Test13_40_DT$ResultDiffOverDisp) == "NoDiffG1+")

goEnrichDoDnotDE13_G2M_40<-topGOAnalysis(Test13_40_DT$AssociatedGeneName['!is.na(Test13_40_DT$Associated
rep(T,sum(!is.na(Test13_40_DT$AssociatedGeneName))),
paste0(Test13_40_DT$ResultDiffExp,
Test13_40_DT$ResultDiffOverDisp) == "NoDiffG2M+")

goEnrichDoDnotDE23_S_40<-topGOAnalysis(Test23_40_DT$AssociatedGeneName[!is.na(Test23_40_DT$AssociatedGe:
rep(T,sum(!is.na(Test23_40_DT$AssociatedGeneName))),
paste0(Test23_40_DT$ResultDiffExp,
Test23_40_DT$ResultDiffOverDisp) == "NoDiffS+")

goEnrichDoDnotDE23_G2M_40<-topGOAnalysis(Test23_40_DT$AssociatedGeneName[!is.na(Test23_40_DT$Associated
rep(T,sum(!is.na(Test23_40_DT$AssociatedGeneName))),
paste0(Test23_40_DT$ResultDiffExp,
Test23_40_DT$ResultDiffOverDisp) == "NoDiffG2M+")

# Change in over-dispersion between GI1 and S (G1+)
goEnrichDoDnotDE12_G1_40$BP

## GO0.ID Term Annotated
## 1 GO:0048511 rhythmic process 69
## 2 G0:0006470 protein dephosphorylation 66
## 3 GO0:0090287 regulation of cellular response to growt... 43
## 4 G0:0051188 cofactor biosynthetic process 48
## 5 G0:0006760 folic acid-containing compound metabolic... 12
## 6 G0:0072350 tricarboxylic acid metabolic process 12
## 7 GO:0042559 pteridine-containing compound biosynthet... 8
## 8 G0:0009148 pyrimidine nucleoside triphosphate biosy... 8
## 9 GO0O:0006511 ubiquitin-dependent protein catabolic pr... 211
## 10 GO:0006766 vitamin metabolic process 15
## 11 GD:0043648 dicarboxylic acid metabolic process 41
## 12 G0O:0050808 synapse organization 27
## 13 G0D:0000209 protein polyubiquitination 7
## 14 GO:0045638 negative regulation of myeloid cell diff... 21
## 15 GO:0071560 cellular response to transforming growth... 45

#H# Significant Expected resultl
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49
47
32
35
11
11

131
13
30
21
52
17
32

37.07 0.0024
35.45 0.0026
23.10 0.0042
25.78 0.0049
6.45 0.0065
6.45 0.0065
4.30 0.0069
4.30 0.0069
113.35 0.0076
8.06 0.0082
22.02 0.0084
14.50 0.0087
41.36 0.0092
11.28 0.0092
24.17 0.0128

# Change in over-dispersion between G1 and S (S+)
goEnrichDoDnotDE12_S_40$BP
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G0.ID

:0022600
: 0045777
:0003073
:0032941
:0007589
:0010923
:0051048
:0071901
: 0046777
:0051241
:0044057
:0006811
:0051239
:0035556
:0007165

Term Annotated

digestive system process

positive regulation of blood pressure
regulation of systemic arterial blood pr...
secretion by tissue

body fluid secretion

negative regulation of phosphatase activ...
negative regulation of secretion

negative regulation of protein serine/th...
protein autophosphorylation

negative regulation of multicellular org...
regulation of system process

ion transport

regulation of multicellular organismal p...
intracellular signal transduction

signal transduction

Significant Expected resultl

1
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0.00 0.0015
0.00 0.0017
0.00 0.0026
0.00 0.0028
0.00 0.0032
0.00 0.0038
0.01 0.0051
0.01 0.0064
0.01 0.0109
0.01 0.0117
0.01 0.0119
0.05 0.0453
0.09 0.0910
0.11 0.1133
0.19 0.1859
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58
62
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240
482
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# Change in over-dispersion between G1 and G2M (G1+)
goEnrichDoDnotDE13_G1_40$BP
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GO0.ID
:0003081
:0000076
:0030177
:0051702
:0050852
:0000338
:0030888
:0046782
12001237
:0051497
:0051817
:0035821
:0070372
12000008
:0001889

Term Annotated

regulation of systemic arterial blood pr...
DNA replication checkpoint

positive regulation of Wnt signaling pat...
interaction with symbiont

T cell receptor signaling pathway

protein deneddylation

regulation of B cell proliferation
regulation of viral transcription

negative regulation of extrinsic apoptot...
negative regulation of stress fiber asse...
modification of morphology or physiology...
modification of morphology or physiology...
regulation of ERK1 and ERK2 cascade
regulation of protein localization to ce...
liver development

Significant Expected resultl
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1.40 0.00016
1.40 0.00328
6.28 0.00397
2.56 0.00490
3.26 0.00645
2.09 0.00683
2.09 0.00683
3.96 0.00750
8.15 0.00787
1.63 0.00929
3.49 0.01104
3.49 0.01104
7.68 0.01122
1.16 0.01190
6.28 0.01211

# Change in over-dispersion between G1 and G2M (G2M+)
goEnrichDoDnotDE13_G2M_40$BP
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G0.ID
:0006662
:0046825
:0033158
:0043388
:0046823
:0090317
10045454
:0051224
:0009314
:0019725
:0000122
:0009628

6
6
27
11
14
9
9
17
35
7
15
15
33
5
27

Term Annotated

glycerol ether metabolic process

regulation of protein export from nucleu...
regulation of protein import into nucleu...
positive regulation of DNA binding

negative regulation of nucleocytoplasmic...
negative regulation of intracellular pro...
cell redox homeostasis

negative regulation of protein transport
response to radiation

cellular homeostasis

negative regulation of transcription fro...
response to abiotic stimulus
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##
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13 G0:0045892 negative regulation of transcription, DN...
14 G0:1902679 negative regulation of RNA biosynthetic ...

15 GO:
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.0500
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.1204
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oxidation-reduction process
Significant Expected resultl
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# Change in over-dispersion between S and G2M (S+)
goEnrichDoDnotDE23_S_40$BP
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GO0.ID

:0000281
:0051052
:0000737
:0007059
:0000280
10034622
:0031060
:0033044
12001251
:0007067
GO:
:0006304
:0051235
:0043623
:0000724 double-strand break repair via homologou...

0044728

316
325
329

Term Annotated

mitotic cytokinesis

regulation of DNA metabolic process
DNA catabolic process, endonucleolytic

chromosome segregation
nuclear division

cellular macromolecular complex assembly
regulation of histone methylation
regulation of chromosome organization

negative regulation of chromosome organi...

mitotic nuclear division

DNA methylation or demethylation

DNA modification
maintenance of location

cellular protein complex assembly

Significant Expected resultl
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# Change in over—-dispersion between S and G2M (G2M+)
goEnrichDoDnotDE23_G2M_40$BP
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GO:
:0019233
10044724
10016226
:0015695
:0030010
:0010611
GO:
:0061180
:0005977
:0006283
10034976
:0061136
:0071158
:0006760

GO
GO
GO
GO
GO
GO

GO
GO
GO
GO
GO
GO
GO

GO0.ID
0006984

1903050

Term Annotated

ER-nucleus signaling pathway

sensory perception of pain

single-organism carbohydrate catabolic p...
iron-sulfur cluster assembly

organic cation transport

establishment of cell polarity

regulation of cardiac muscle hypertrophy
regulation of proteolysis involved in ce...
mammary gland epithelium development
glycogen metabolic process
transcription-coupled nucleotide-excisio...
response to endoplasmic reticulum stress
regulation of proteasomal protein catabo...
positive regulation of cell cycle arrest
folic acid-containing compound metabolic...

Significant Expected resultl
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2.09 0.00067
1.00 0.00191
3.67 0.00275
0.75 0.00429
0.42 0.00508
2.84 0.00575
0.83 0.00668
5.51 0.00756
1.84 0.00766
1.33 0.00796
0.50 0.00953
3.75 0.01063
5.09 0.01099
1.00 0.01377
1.00 0.01377
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