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Method test: FPCA

We applied the FPCA code on another EGF data set (GSE34228) with dense longitudinal
replication. Figure S8 A left shows a good fit of the original data for one highly significant
gene. As a control we included the original data by ourselves and did not trust the original
data displayed by FPCA. We saw strong differences between our original values and original
values displayed by FPCA shown in Figure S1 A right. Also in our data set we observed
differences between the fit and our original data as shown in Figure S1 B. We applied FPCA
to a further data set of NSCLC cells stimulated with HGF and TGFf. The PCR measurement of
a known target gene (Figure S1 C left) exhibits specific dynamics which are no longer
present after applying FPCA (Figure S1 C right). Also the p-value of 0.53 is not what we
expected for a target gene after stimulation.
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Figure S1: A) FPCA application on data set GSE34228. Left: Seemingly good function fit to the “original” values displayed by
FPCA. Right: Unprocessed original data with function fit by FPCA. B) Typical stiff function fit by FPCA with our data set and
with our original measurement points. C) Left: Target gene of interest which is measured with PCR. Right: Output of FPCA
shows “original” measurement data and function fit. P-value of known target gene is considered as not significant by FPCA.



Method comparison: Overview

Table S1: Method overview. Summarizes methods with comments about their applicability.

METHOD CITE PROBLEM

SAM [1] Only contrast, no time course analysis

ANOVA [2] Only contrast, no time course analysis

LIMMA [3] Only contrast, no time course analysis, time course analysis possible
using regression spline or a polynomial (not published time course
method), our data set was processed in 1.65 seconds.

EDGE [5,6] Our data set was processed in 22 seconds, however, expected genes
were not detected.

MASIGPRO [7] Expected genes are not detected, provides separate p-values: one for
single time course and one for contrast. Detect significant genes for
subsequent gene cluster analysis. Our data set was processed in 6.3
minutes.

SOHN ET AL [8,9] P-value granularity. Expected genes are not detected. Paper describes
quantile regression with penalty term, but in practice the simpler
function rqg() without penalty term is used for quantile regression.
Quantil regression with penalty term is implemented in function rgss()
in Quantreg package. Method becomes computational too expensive
using the correct function.

R PACKAGE [10] No significance threshold. Requires time point replicates.

TIMECOURSE

BETR [11] Requires time point replicates.

NETWORK- [12] Coded in C++ only. Tested with four time point replicates.

BASED

METHODS

NETWORK- [13] NACEP is coded in C and can be used in R. Requires time courses with

BASED the same number of time points. NACEP clusters genes as first step and

METHODS the detection of a particular genes depends on other genes. Focus is on
gene regulated networks, transcription factors and differentiation
processes: http://systemsbio.ucsd.edu/NACEP/

GAUSSIAN [15] One channel experiments, two sample time course, tested with 4

PROCESSES biological replicates. At least 2 replicates required to build a normally
distributed random variable. R-package gprege; Python code
http://www.inference.phy.cam.ac.uk/0s252/projects/GPTwoSample/

GAUSSIAN [16] At least 2 replicates required, two channel experiments, one sample

PROCESSES time course

BATS [17,18] Two channel experiments, one sample time course, link to matlab file
does not work. Requires at minimum 5—6 time points.

METHOD [19] No code or software package provided

BASED ON PCA

METHOD [23] Calculates the dynamics of only one time course. Strong deformation of

BASED ON original time courses, time expensive (>1.5h) and requires the same

FPCA

time-point sampling for both conditions. To compare two time courses
one has to subtract one from the other. Applied on data sets for
changes in immune system over days. Code not accessible anymore.



SLIDING [4]
WINDOW

MEASURING [26, 27]

DISTANCES
OR AREAS
BETWEEN THE

CURVES

Requires equidistant time sampling

Method comparison: Top 100 expected genes

We used the number of publications in PubMed that contain the term epidermal growth
factor and the gene name of interest as a criterion for expected genes and list in Table S2
the related detection ranking for the methods: TTCA, EDGE, Limma and MaSigPro. Empty

fields represent not detected genes.

Table S2: We applied TTCA, EDGE, Limma and MaSigPro to our EGF data set and display the resulting ranking.
We searched the number of publications in PubMed that include EGF and the gene name. Genes with the

most publications with respective to EGF are ranked high.
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Method comparison: Top ranked genes

We display in Table S3 the top ranked gene names for the EGF stimulated data set.
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Table S3: Method comparison of TTCA, EDGE, Limma and MaSigPro, showing the top 100 ranked genes.
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Method test: EDGE

EDGE delivered no results with the given experimental design using the most recent
method: “optimal discovery procedure”. We excluded measurement points that were only
sampled for one condition but not for the other, and we averaged the available replicates.
We applied the bootstrap approach. The top 10 ranking is shown in Figure S2 and S3. EDGE
has problems with the data set, as shown in the conservative p-value distribution in Figure S
4, automatically produced by EDGE. The best ranked gene is background noise as
measurement values are negative. SCAN pre-processing subtract background noise from
original values. EDGE prefers genes with low expression levels, because the variance is then
very low as well. In contrast, TTCA removes negative values and takes the effect size into
account.

EDGE result rank 1: OTTHUMG00000166293 EDGE result rank 3: CEP55
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Figure S2: EDGE ranking 1 to 4. Shows gene expression profiles of top selected genes. Points represent measurement data. Solid
lines are step wise interpolations of measurement points only for graphical purposes. Red: Stimulation with EGF. Blue: Control.



EDGE result rank 5: ENTPD3 EDGE result rank 8: PCDHB14
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Method test: Limma

We applied Limma to our data set shown in Figure S5 and S6.

Limma result rank 1: VTCN1 Limma result rank 3: LOC646862
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Figure S5: Limma ranking 1 to 4: Shows gene expression profiles of top selected genes. Points represent measurement data.
Solid lines are step wise interpolations of measurement points only for graphical purposes. Red: Stimulation with EGF. Blue:
Control.



Limma result rank 5: ATG9B Limma result rank 8: HIST2H2BF
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Figure S6: Limma ranking 5 to 10: Shows gene expression profiles of top selected genes. Points represent measurement data. Solid
lines are step wise interpolations of measurement points only for graphical purposes. Red: Stimulation with EGF. Blue: Control.



Method test: MaSigPro

We applied MaSigPro to our data set shown in Figure S7 and S8.

MaSigPro result rank 1: LINC00685

MasSigPro result rank 3: FMNL2
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Figure S7: MaSigPro ranking 1 to 4: Shows gene expression profiles of top selected genes. Points represent measurement
data. Solid lines are step wise interpolations of measurement points only for graphical purposes. Red: Stimulation with

EGF. Blue: Control



MaSigPro result rank 5: HIST2ZH2BF MaSigPro result rank 8: PLLP
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Figure S8: MaSigPro ranking 5 to 10: Shows gene expression profiles of top selected genes. Points represent measurement
data. Solid lines are step wise interpolations of measurement points only for graphical purposes. Red: Stimulation with
EGF. Blue: Control



R-Code

HAHHH AR HHHH AR AR

#it## Gene-analysis

load("C:/Users/Marco
Albrecht/Documents/CompBioSys/Affymetrix/PreprocessAndQC/Breuhahnexpression_SCAN_NetaffixTranscr_34.RData")
rownames(resultB)<-resultB[,1]

Hit#HHH

load("C:/Users/Marco Albrecht/Documents/CompBioSys/Affymetrix/PreprocessAndQC/Annotation_Transkript_changed_Netaff.RData")
annotation<-annotation[,c("probeset_id", "gene_name","transkript_id","GO_BP","GO_CC","GO_mf")]
rownames(annotation)<-annotation[,1]

annotation<-annotation[,-1]

annot  <- resultB[,c("probeset_id","gene_name")]

HEHAHE

EGF<-resultB[,
¢("B_C_2_0""B_C_3_0","B_EGF_1_0.5","B_EGF_3_0.5","B_EGF_1_1","B_EGF_3_2","B_EGF_1_4","B_EGF_1_6","B_EGF_1_8","B_EGF 2_1
2""B_EGF_2_18","B_EGF_1_24","B_EGF_3_24","B_EGF_1_48","B_EGF_2_48","B_EGF_3_48")]

EGF.time <- ¢(0,0,0.5,0.5,1,2,4,6,8,12,18,24,24,48,48,48)

BControl<-resultB[,

¢("B_C_2_0""B_C_3_0""B_C_2 0.5","B_C_1 1","B_C_3_4","B_C_2_6","B_C_1_24","B_C_3_24","B_C_1_48""B_C_2_48","B_C_3_48")]
BControl.time <- ¢(0,0,0.5,1,4,6,24,24,48,48,48)

HEHEHEH T

HHEHH
HHHHH

### TTCA

HHHHHH
HHHHHH A

install.packages("tcltk2")
install.packages("TTCA")
library("TTCA")
TTCA(grp1=EGF, grpl.time=EGF.time, grp2=BControl , grp2.time=BControl.time, lambda = 0.6, annot = annot, annotation = "annotation",
timelnt = c(4,12), pVal = 0.05, codetest = FALSE, file = "C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison",
MaxPics = 10000, Stimulusl = "epidermal+growth+factor”,

Stimulus2 ="", S = "gene", mapGO ="", PeakMode = "norm")

B e e
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### Limma
B s e e
HHBHEHHHHHHRH]

ptmL <- proc.time()

#Create an expression set

library("Biobase")

colnames(EGF)[1:2]<- ¢("B_EGF_2_0", "B_EGF_3_0")

Bind<-cbind(EGF,BControl)

exprs <- as.matrix(Bind)

eset <- ExpressionSet(assayData=exprs)

HHBHHHHH R A R
#source("https://bioconductor.org/biocLite.R")

#biocLite("limma")

library("limma")

library("splines")

X <- ns(c(EGF.time, BControl.time),df=5)

Group <- factor(c(rep("EGF", times = length(EGF.time)), rep("Ctrl", times = length(BControl.time))))
design <- model.matrix(~Group*X)

fit <- ImFit(eset, design)

fit <- eBayes(fit)

TT<-topTable(fit, coef=8:12, number=500000)

TT<-TT[TTS$P.Value<0.05,]

Result<-merge(TT,annot,by="row.names",all.x=TRUE)

ResultFin<-Result[,c("gene_name", "P.Value", "adj.P.Val","probeset_id")]
ResultFin<-ResultFin[order(ResultFinSP.Value),]



ResultFin<-ResultFin[complete.cases(ResultFin),]
head(ResultFin)
LimmaTimeConsum<-proc.time() - ptmL
LimmaTimeConsum

for(iin 1:10){

yli<-as.numeric(EGF[ rownames(EGF)==ResultFinSprobeset_id[i], ])
x11<-EGF.time

y22<-as.numeric(BControl[ rownames(BControl)==ResultFinSprobeset_id([i], ])
x22<-BControl.time

x1<-approx(x11, y11, xout = unique(x11), method = "constant")$x

yl<-approx(x11, y11, xout = unique(x11), method = "constant")Sy

x2<-approx(x22, y22, xout = unique(x22), method = "constant")$x

y2<-approx(x22, y22, xout = unique(x22), method = "constant")Sy

## Plot

png(filename = paste0("C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method
comparison/LimmaRank_",as.character(i),".png"),width = 3.25, height =3.25,units="in",res = 1200, pointsize = 6)
plot(x1, y1, ylim=c(min(c(y1,y2))-(0.1*(max(c(y1,y2))-min(c(y1,y2)))),max(c(yl,y2),na.rm = TRUE)),type="1",
col="red", lwd=2,ylab="Intensity", xlab="time [h]", xaxt="n")

points(x11,y11,col="red")

lines(x2, y2,col="blue",lwd=2)

points(x22,y22 ,col="blue",pch=4)

axis(side=1, at=round(unique(x1,y1)))

title(main = list(pasteO("Limma result rank ",as.character(i),": ",ResultFinSgene_nameli]), cex = 1.2))
legend('bottom’,'groups',c("EGF", "Control"), pch=c(15,15),col=c('red’,"blue"),ncol=2,bty ="n")

dev.off()

}

## end Plot

write.table(ResultFin, "C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison/RESULT_Limma.txt", sep="\t")
rm(ResultFin)

HEHHH A S S A A
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### EDGE
B s s e
HHBHEHHHHHHRH]

ptmE <- proc.time()

#source("https://bioconductor.org/biocLite.R")
#biocLite("edge")

library("edge")

library("splines")

# data(endotoxin)

# endoexpr <- endotoxinSendoexpr
# class <- endotoxinSclass

#ind <- endotoxinSind

# time <- endotoxinStime

#because the method doesn’t work with gaps and unbalanced replicated data we removed unmatched arrays and averaged the replicates
EGFred<-cbind(as.data.frame(rowMeans(resultB[,c("B_C_2_0","B_C_3_0")], na.rm = TRUE)),
as.data.frame(rowMeans(resultB[,c("B_EGF_1_0.5","B_EGF_3_0.5")], na.rm = TRUE)),
resultB[,c("B_EGF_1_1","B_EGF_1_4","B_EGF_1_6")],
as.data.frame(rowMeans(resultB[,c("B_EGF_1_24","B_EGF_3_24")], na.rm = TRUE)),
as.data.frame(rowMeans(resultB[,c("B_EGF_1_48","B_EGF_2_48","B_EGF_3_48")], na.rm = TRUE))
)

Controlred<-cbind(as.data.frame(rowMeans(resultB[,c("B_C_2_0","B_C_3_0")], na.rm = TRUE)),
resultB[,c("B_C_2_0.5","B_C_1_1","B_C_3_4","B_C_2_6")],
as.data.frame(rowMeans(resultB[,c("B_C_1_24","B_C_3_24")], na.rm = TRUE)),
as.data.frame(rowMeans(resultB[,c("B_C_1_48","B_C_2_48","B_C_3_48")], na.rm = TRUE))

)

Bind<-cbind(EGFred,Controlred)

endoexpr<- as.matrix(Bind)



colnames(endoexpr) <- NULL
rownames(endoexpr) <- NULL

timeC=c(0,0.5,1,4,6,24,48)

ind<-c(rep(1, times = length(timeC)),rep(2, times = length(timeC)) )

time <-c(timeC,timeC)

class <- factor(c(rep("EGF", times = length(timeC)), rep("Ctrl", times = length(timeC))))

# colnames(EGF)[1:2]<- c("B_EGF_2_0", "B_EGF_3_0")

# Bind<-cbind(EGF,BControl)

# endoexpr<- as.matrix(Bind)

# colnames(endoexpr) <- NULL

# rownames(endoexpr) <- NULL

# head(endoexpr)
#ind<-c(1,2,1,2,1,1,1,1,1,1,1,1,2,1,2,3,3,4,3,2,2,2,3,4,4,5,6)

# time <-c(EGF.time,BControl.time)

# class <- factor(c(rep("EGF", times = length(EGF.time)), rep("Ctrl", times = length(BControl.time))))
## tried to order the columns to follow the design of the example
# ORD<-order(ind)

# ind<-ind[ORD]

# endoexpr<-endoexpr[,ORD]

# time<-time[ORD]

# class<-class[ORD]

## Possibility 1

#cov <- data.frame(ind = ind, tme = time, grp = class)

#null_model <- ~grp + ns(tme, df = 2, intercept = FALSE)

#null_model <- ~grp + ns(tme, df = 2, intercept = FALSE) + (grp):ns(tme, df = 2, intercept = FALSE)
#de_obj <- build_models(data = endoexpr, cov = cov, full.model = null_model, null.model = null_model)
## Possibility 2

de_obj <- build_study(data = endoexpr, grp = class, tme = time, ind = ind, sampling = "timecourse")

slotNames(de_obj)
gibexpr <- exprs(de_obj)
head(gibexpr)

cov <- pData(de_obj)
cov

ef_obj <- fit_models(de_obj, stat.type = "Irt")
head(betaCoef(ef_obj))

alt_res <- resFull(ef_obj)
head(alt_res)

null_res <- resNull(ef_obj)
head(null_res)

alt_fitted <- fitFull(ef_obj)
head(alt_fitted)

null_fitted <- fitNull(ef_obj)
head(null_fitted)

#de_lIrt <- Irt(de_obj, nullDistn = "normal")

de_lIrt <- Irt(de_obj, nullDistn = "bootstrap")

#it#t "Error with optimal discovery procedure" leads to error
#de_odp <- odp(de_obj, bs.its = 50, verbose = TRUE, n.mods = 50)

summary(de_lrt)

sig_results <- qvalueObj(de_Irt)
names(sig_results)

hist(sig_results)



pvalues <- sig_resultsSpvalues
qgvalues <- sig_resultsSqvalues
Ifdr <- sig_resultsSIfdr

pi0 <- sig_resultsSpi0

gvalues|2]

fdr.level <- 0.1
sigGenes <- qvalues < fdr.level

EDGEres<-as.data.frame(cbind(pvalues,qvalues))
rownames(EDGEres)<-rownames(EGF)

Result<-merge(EDGEres,annot,by="row.names",all.x=TRUE)
ResultFin<-Result[,c("gene_name", "pvalues", "qvalues","probeset_id")]
ResultFin<-ResultFin[order(ResultFinSpvalues),]
ResultFin<-ResultFin[complete.cases(ResultFin),]
head(ResultFin)
EDGETimeConsum<-proc.time() - ptmE
EDGETimeConsum
for(i in 1:10){
yll<-as.numeric(EGF[ rownames(EGF)==ResultFinSprobeset_id[i], ])
x11<-EGF.time
y22<-as.numeric(BControl[ rownames(BControl)==ResultFinSprobeset_id([i], ])
x22<-BControl.time

x1<-approx(x11, y11, xout = unique(x11), method = "constant")$x
yl<-approx(x11, y11, xout = unique(x11), method = "constant")Sy

x2<-approx(x22, y22, xout = unique(x22), method = "constant")$x

y2<-approx(x22, y22, xout = unique(x22), method = "constant")Sy

## Plot

png(filename = paste0("C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method
comparison/EDGERank_",as.character(i),".png"),width = 3.25, height = 3.25,units="in",res = 1200, pointsize = 6)

plot(x1, y1, ylim=c(min(c(y1,y2))-(0.1*(max(c(y1,y2))-min(c(y1,y2)))),max(c(y1,y2),na.rm = TRUE)),type="1",
col="red",lwd=2,ylab="Intensity", xlab="time [h]", xaxt="n")

points(x11,y11,col="red")

lines(x2, y2,col="blue",lwd=2)

points(x22,y22 ,col="blue",pch=4)

axis(side=1, at=round(unique(x1,y1)))

title(main = list(pasteO("EDGE result rank ",as.character(i),": ",ResultFinSgene_nameli]), cex = 1.2))

legend('bottom’,'groups’,c("EGF", "Control"), pch=c(15,15),col=c('red’,"blue"),ncol=2,bty ="n")

dev.off()

write.table(ResultFin, "C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison/RESULT_EDGE.txt", sep="\t")
rm(ResultFin)

HHHHHHH
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### MaSigPro

HHBHEHHHHH IR
ptmM <- proc.time()
library("Biobase")
colnames(EGF)[1:2]<- ¢("B_EGF_2_0", "B_EGF_3_0")
Bind<-cbind(BControl,EGF)

exprs <- as.matrix(Bind)

colnames(EGF)[1:2]<- ¢("B_EGF_2_0", "B_EGF_3_0")
M<-as.data.frame(cbind(c(BControl.time,EGF.time),



c(1,1,2,3,4,5,6,6,7,7,7,8,8,9,9,10,11,12,13,14,15,16,17,17,18,18,18),
c(rep(1, 11), rep(0, 16) ),
c(rep(0, 11), rep(1, 16) )) )
colnames(M)<-c("Time", "Replicate", "control", "EGF")
rownames(M)<-(c(colnames(BControl),colnames(EGF)))

#source("https://bioconductor.org/biocLite.R")
#biocLite("maSigPro")

library("maSigPro")

#maSigProUsersGuide()

design <- make.design.matrix(M, degree = 2)

designSgroups.vector

fit <- p.vector(exprs, design, Q = 0.05, MT.adjust = "BH", min.obs = 20)

fitSi # returns the number of significant genes

fitSalfa # gives p-value at the Q false discovery control level

fitSSELEC # is a matrix with the significant genes and their expression values
tstep <- T.fit(fit, step.method = "backward", alfa = 0.05)

sigs <- get.siggenes(tstep, rsq = 0.6, vars = "groups")

N<-sigsSsig.genesSEGFvscontrolSsig.pvalues
head(N)

Result<-merge(N[, c("p-value","p.valor_EGFvscontrol")],annot,by="row.names",all.x=TRUE)

ResultFin<-Result[,c("gene_name", "p-value", "p.valor_EGFvscontrol","probeset_id")]

ResultFin<-ResultFin[order(ResultFinSp.valor_EGFvscontrol),]
ResultFin<-ResultFin[complete.cases(ResultFin),]
head(ResultFin)

MaSigProTimeConsum<-proc.time() - ptmM

MaSigProTimeConsum

for(i in 1:10){
yli<-as.numeric(EGF[ rownames(EGF)==ResultFinSprobeset_id[i], ])
x11<-EGF.time
y22<-as.numeric(BControl[ rownames(BControl)==ResultFinSprobeset_id([i], ])
x22<-BControl.time

x1<-approx(x11, y11, xout = unique(x11), method = "constant")$x
yl<-approx(x11, y11, xout = unique(x11), method = "constant")Sy

x2<-approx(x22, y22, xout = unique(x22), method = "constant")$x
y2<-approx(x22, y22, xout = unique(x22), method = "constant")Sy
## Plot

png(filename = paste0("C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method

comparison/MaSigPro_EGFvsCon_Rank_",as.character(i),".png"),width = 3.25, height

=3.25,units="in",res = 1200, pointsize = 6)

plot(x1, y1, ylim=c(min(c(y1,y2))-(0.1*(max(c(y1,y2))-min(c(y1,y2)))),max(c(yl,y2),na.rm = TRUE)),type="1",

col="red",lwd=2,ylab="Intensity", xlab="time [h]", xaxt="n")
points(x11,y11,col="red")
lines(x2, y2,col="blue",lwd=2)
points(x22,y22 ,col="blue",pch=4)
axis(side=1, at=round(unique(x1,y1)))

title(main = list(pasteO("Limma result rank ",as.character(i),": ",ResultFinSgene_name(i]), cex = 1.2))
legend('bottom’,'groups',c("EGF", "Control"), pch=c(15,15),col=c('red’,"blue"),ncol=2,bty ="n")

dev.off()



write.table(ResultFin, "C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison/RESULT_MaSigPro_EGFvsCon.txt",
sep="\t")

Result<-merge(N[, c("p-value","p.valor_EGFvscontrol")],annot,by="row.names",all.x=TRUE)
ResultFin<-Result[,c("gene_name", "p-value", "p.valor_EGFvscontrol","probeset_id")]
ResultFin<-ResultFin[order(ResultFinSp-value),]
ResultFin<-ResultFin[complete.cases(ResultFin),]

head(ResultFin)

for(i in 1:10){
yll<-as.numeric(EGF[ rownames(EGF)==ResultFinSprobeset_id[i], ])
x11<-EGF.time
y22<-as.numeric(BControl[ rownames(BControl)==ResultFinSprobeset_id([i], ])
x22<-BControl.time

x1<-approx(x11, y11, xout = unique(x11), method = "constant")$x
yl<-approx(x11, y11, xout = unique(x11), method = "constant")Sy

x2<-approx(x22, y22, xout = unique(x22), method = "constant")$x
y2<-approx(x22, y22, xout = unique(x22), method = "constant")Sy
## Plot
png(filename = paste0("C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method
comparison/MaSigPro_pval_Rank_",as.character(i),".png"),width = 3.25, height = 3.25,units="in",res = 1200, pointsize = 6)
plot(x1, y1, ylim=c(min(c(y1,y2))-(0.1*(max(c(y1,y2))-min(c(y1,y2)))),max(c(y1,y2),na.rm = TRUE)),type="1",
col="red", lwd=2,ylab="Intensity", xlab="time [h]", xaxt="n")
points(x11,y11,col="red")
lines(x2, y2,col="blue",lwd=2)
points(x22,y22 ,col="blue",pch=4)
axis(side=1, at=round(unique(x1,y1)))
title(main = list(pasteO("MaSigPro result rank ",as.character(i),": ",ResultFinSgene_nameli]), cex = 1.2))
legend('bottom’,'groups',c("EGF", "Control"), pch=c(15,15),col=c('red’,"blue"),ncol=2,bty ="n")
dev.off()
}
write.table(ResultFin, "C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison/RESULT_MaSigPro_pval.txt",
sep="\t")

rm(ResultFin)

HUHHEHH R
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### Data merging

HUHHEHH R
HHHHHHH S

EDGEdata <- read.table("C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison/RESULT_EDGE.txt", header=TRUE)
EDGEdata <- EDGEdata[order(EDGEdataSpvalues),]

EDGEdata[,5]<-1:length(EDGEdata$Spvalues)

colnames(EDGEdata) <- c("gene_name", "EDGE_pvalues", "EDGE_qvalues", "probeset_id","EDGE_rank")

Limmadata <- read.table("C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison/RESULT_Limma.txt",
header=TRUE)

Limmadata <- Limmadata[order(Limmadata$P.Value),]

Limmadata[,5]<-1:length(LimmadataSP.Value)

colnames(Limmadata) <- c¢("gene_name", "Limma_pvalues", "Limma_qvalues", "probeset_id","Limma_rank")

MaSigProdata <- read.table("C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method
comparison/RESULT_MaSigPro_EGFvsCon.txt", header=TRUE)

MasSigProdata <- MaSigProdata[order(MaSigProdata$Sp.valor_EGFvscontrol),]
MaSigProdata[,5]<-1:length(MaSigProdataSp.valor_EGFvscontrol)

colnames(MaSigProdata) <- c("gene_name", "MaSigPro_pvalues", "MaSigPro_pvalues_EGFvscontrol", "probeset_id","MaSigPro_rank")

TTCAdata <- read.table("C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison/RESULT_EGF-vs-
BControl_Pval.tsv", header=TRUE, sep="\t")

TTCAdata <- TTCAdata[ ,c("gene_name", "ConsensusScore" , "Pval_ConsensusScore" , "PubMed" , "probeset_id")]

TTCAdatal,6] <- 1:length(TTCAdataSPval_ConsensusScore)

colnames(TTCAdata) <- c("gene_name", "TTCA_ConsensusScore", "TTCA_Pval_ConsensusScore", "PubMed","probeset_id","TTCA_rank")



M1<-merge(EDGEdata,Limmadata, by = "probeset_id" , all = TRUE)
M2<-merge(MaSigProdata, TTCAdata, by = "probeset_id" , all = TRUE)
Result<-merge(M1,M2, by = "probeset_id" , all = TRUE)

Result <- Result[order(-ResultSPubMed),]

head(Result)

write.table(Result, "C:/Users/Marco Albrecht/Desktop/Pup_Master_MA_V3/method comparison/RESULT_AllMethods.tsv", sep="\t")



