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1 Introduction

Paired-end sequencing was performed on primary cultures from parathyroid tumors of 4 patients at 2
time points over 3 conditions (control, treatment with diarylpropionitrile (DPN) and treatment with 4-
hydroxytamoxifen (OHT)). DPN is a selective estrogen receptor agonist and OHT is a selective estrogen
receptor modulator. One sample (patient 4, 24 hours, control) was omitted by the paper authors due to low
quality. Data, the count table and information on the experiment is available at http://www.ncbi.nlm.nih.
gov/geo/query /acc.cgi?acc=GSE37211.

#Count data and meta data


https://statomics.github.io
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE37211
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE37211

data("parathyroidGenesSE", package="parathyroidSE")
sel <- parathyroidGenesSE
rm(parathyroidGenesSE)
dupExps <- colData(sel) %>’
as.data.frame() %>%
filter(duplicated(experiment)) %>%
pull (experiment)

counts <- assays(sel)$counts

newCounts <- counts

cd <- colData(sel)

for(ss in 1:length(dupExps)){
# check which samples are duplicates
relevantId <- which(colData(sel)$experiment == dupExps[ss])
# sum counts
newCounts[,relevantId[1]] <- rowSums(counts[,relevantId])
# keep which columns / rows to Temove.

if(ss == 1){

toRemove <- relevantId[2]
} else {

toRemove <- c(toRemove, relevantId[2])
}

}

# remove after summing counts (otherwise IDs get mized up)
newCounts <- newCounts[,-toRemove]
newCD <- cd[-toRemove,]

# Create new SummarizedExperiment
se <- SummarizedExperiment(assays = list("counts" = newCounts),
colData = newCD,

metadata = metadata(sel))
rm(sel)

2 Data analysis

2.1 Count object

dge <- DGEList(counts=assay(se))

dge$sample

## group lib.size norm.factors
## Samplel 1 9102683 1
## Sample2 1 10827109 1
## Sample3 1 5217761 1
## Sampled 1 9706035 1
## Sampleb 1 5700022 1
## Sample6 1 7854568 1
## Sample7 1 8610014 1
## Sample8 1 6844144 1



## Sample9 1 24584280 1
## SamplelO 1 8267977 1
## Samplell 1 23590411 1
## Samplel2 1 8247122 1
## Samplel3 1 7341000 1
## Sampleld 1 8064268 1
## Samplelb 1 12481958 1
## Samplel6 1 16310090 1
## Samplel7 1 23697329 1
## Samplel8 1 7642648 1
## Samplel9 1 7701432 1
## Sample20 1 7135899 1
## Sample21 1 13818393 1
## Sample22 1 6099942 1
## Sample23 1 15825211 1
2.2 Design

There can be an effect of agent, time interaction and agent x time interaction. We also expect blocking for
patient. We can assess all effects of interest within patient.

design <- model.matrix(~time*treatment+patient,colData(se))
rownames (design) = colnames(dge)
design

## (Intercept) time48h treatmentDPN treatmentOHT patient2 patient3
## Samplel 1 0 0 0 0
## Sample2
## Sample3
## Sampled
## Sampleb
## Sample6
## Sample7
## Sample8
## Sample9
## SamplelO
## Samplell
## Samplel2
## Samplel3
## Samplel4d
## Samplelb
## Samplel6
## Samplel7
## Samplel8
## Samplel9
## Sample20
## Sample2l
## Sample22
## Sample23 1 1 0 1

## patient4 time48h:treatmentDPN time48h:treatmentOHT
## Samplel 0 0 0
## Sample2 0 0 0
## Sample3 0 0 0
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## Sampled
## Sampleb
## Sample6
## Sample7
## Sample8
## Sample9
## SamplelO
## Samplell
## Samplel2
## Samplel3
## Sampleld
## Samplelb
## Samplel6
## Samplel7
## Samplel8
## Samplel9
## Sample20
## Sample21
## Sample22
## Sample23
## attr(,"assign")
## [1] 01 2233344
## attr(,"contrasts")

## attr(,"contrasts")$time
## [1] "contr.treatment"
##

## attr(,"contrasts")$treatment
## [1] "contr.treatment"
##

## attr(,"contrasts")$patient
## [1] "contr.treatment"
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ExploreModelMatrix: :VisualizeDesign(colData(se),~ time*treatment + patient)$plotlist

## $time = 24h°
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2.3 Filtering

keep <- filterByExpr(dge,design)

table (keep)

## keep
## FALSE TRUE
## 46629 16564

dge <- dgelkeep,

2.4 Normalisation

dge <- calcNormFactors(dge)
dge$samples

#i# group lib.size norm.
## Samplel 1 9089191 0.
## Sample2 1 10811574 0.
## Sample3d 1 5210162 0.

, keep.lib.sizes=FALSE]

factors
9811632
9707108
9768753



## Sampled 1 9691321 0.9927766
## Sampleb 1 5691477 0.9740861
## Sample6 1 7843482 0.9831290
## Sample7 1 8598294 0.9316231
## Sample8 1 6834621 0.9436520
## Sample9 1 24548167 0.9421338
## SamplelO 1 8256710 0.9324177
## Samplell 1 23556262 0.9349302
## Samplel2 1 8235902 0.9306290
## Samplel3 1 7326632 1.0573853
## Sampleld 1 8048185 1.0477621
## Samplelb 1 12458057 1.0616393
## Samplel6 1 16279311 1.0416439
## Samplel7 1 23652574 1.0441526
## Samplel8 1 7628292 1.0367185
## Samplel9 1 7687278 1.0449427
## Sample20 1 7122747 1.0561330
## Sample2l 1 13792983 1.0382934
## Sample22 1 6088410 1.0629288
## Sample23 1 15795813 1.0415665

2.5 Data exploration
An MDS plot shows the leading fold changes (differential expression) between the 23 samples.

plotMDS (dge, labels=paste(colData(se)$treatment,colData(se)$time,colData(se)$patient,sep="-"),col=as.dou
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There is a very strong patient effect! To further assess the treatment effects we can make MDS plots per
patient

for (i in 1:4)
plotMDS(dge[,colData(se) $patient==i], col=as.double(colData(se)$treatment) [colData(se)$patient==i],
labels=paste(colData(se)$treatment [colData(se)$patient==1i],

colData(se)$time[colData(se) $patient==1i],

colData(se)$patient,sep="-") [colData(se)$patient==1i])



Leading logFC dim 2 (21%)
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Leading logFC dim 2 (21%)
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Leading logFC dim 2 (19%)
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2.6 Parameter estimation

We will use the default Quasi likelihood approach of edgeR.

For quasi-likelihood we do not specify the full distribution, only the first two moments: the mean and the
variance, which is sufficient to do inference on the mean.

E[yig |Xig} = Mg
log(piig) = Nig
Nig = PBo+ Bixi2i + BpPNTDPN,: + BOPN:2ZDPN,i%¢2,i

+BoHTTOHT,; + BOHT:(2TOHT,iTt2,i
+Bp2p2,i + Bp3Tps,i + BpaTpa; +log N;
Var[yig|xig] = 0’3 (Mz‘g + ¢l%2g)

with 02 an additional dispersion parameter the scales the negative binomial variance function, zppn,
TDPN,i, Tt2,i, Tp.; dummy variables that is 1 if cell line was treated with DPN, OHT, incubated for 48 h,
from patient p., respectively and is 0 otherwise, and, log N; a normalisation offset to correct for sequencing
depth. Note, that Sppy is the main effect for the DPN treatment, and corresponds to the average log
fold change between treated and control mice after 24h. The interaction Sppn.t2 can be interpreted as the
average change in log2 FC between DPN treated and control cell lines at the late and early timepoint. The
researchers are also interested in a assessing third contrast: the effect of the DPN treatment at the late time
point.

log, FCBHPN - ¢ = BppN + Bopnse
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For the OHT treatment we will assess similar contrasts.

log, FCHT - ¢ = Bonr

log, FC%%T -c = Pour + PouTr.i2

log, Fcéglng - ¢ — log, FC%%T -c = BoHT 2
Finally, we also have to assess if there is a difference between DPN and OHT treatment

24h
logs FCouT - pPN = BonT — BDPN

48h
logy FCour - ¢ = BorT + Bour,2 — Bopn — Bpopn,i2

48h 24h
log, FConr - ppny — logs FConT - ppN = BonT,t2 — BoPN 12

dge <- estimateDisp(dge, design)

plotBCV(dge)
@ _
O -
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o

Biological coefficient of variation

Average log CPM

The quasi-negative binomial model can be fitted using the function glmQLFit

fit <- glmQLFit(dge,design)
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2.7 Contrasts

We now implement all 9 contrasts of interest

L <- msqrob2::makeContrast(

c("treatmentDPN = 0",
"treatmentOHT = 0",
"treatmentOHT - treatmentDPN = 0",
"treatmentDPN + time48h:treatmentDPN o",
"treatmentOHT + time48h:treatmentOHT o",
"treatmentOHT + timed8h:treatmentOHT - treatmentDPN - time48h:treatmentDPN = 0",
"time48h:treatmentDPN = 0",
"time4d8h:treatmentOHT = 0",
"time48h:treatmentOHT - time48h:treatmentDPN = 0"),

parameterNames = colnames(design))

## treatmentDPN treatmentOHT treatmentOHT - treatmentDPN
## (Intercept) 0 0 0
## time48h 0
## treatmentDPN

## treatmentOHT

## patient2

## patient3

## patient4d

## time4d8h:treatmentDPN
## time4d8h:treatmentOHT 0 0

## treatmentDPN + time48h:treatmentDPN
## (Intercept)

## timed8h

## treatmentDPN

## treatmentOHT

## patient2

## patient3

## patient4d

## time4d8h:treatmentDPN
## time4d8h:treatmentOHT
## treatmentOHT + time48h:treatmentOHT
## (Intercept)

## time48h

## treatmentDPN

## treatmentOHT

## patient2

## patient3

## patient4

## timed8h:treatmentDPN
## timed8h:treatmentOHT
## treatmentOHT + time48h:treatmentOHT - treatmentDPN - time48h:treatmentDPN
## (Intercept) 0
## time48h 0
## treatmentDPN -1
## treatmentOHT 1
## patient2 0
## patient3 0

O OO O O O
O O O O r OO
O O O O O - =

Orr OO OO oo

O OO O O OO

[
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## patient4d

## time48h:treatmentDPN

## time4d8h:treatmentOHT

## time4d8h:treatmentDPN time48h:treatmentOHT
## (Intercept)

## time48h

## treatmentDPN

## treatmentOHT

## patient2

## patient3

## patient4d

## timed8h:treatmentDPN
## time48h:treatmentOHT
## time4d8h:treatmentOHT - time48h:treatmentDPN
## (Intercept)
## time48h

## treatmentDPN
## treatmentOHT
## patient2

## patient3

## patient4

## timed8h:treatmentDPN -1
## timed8h:treatmentOHT 1
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[

O O O O O O o

2.8 Tests

We have to perform a quasi- F-test for each contrast. The quasi F-test involves fitting a different model for
each contrast so that we can compare the full model with a reduced model that implies that one specific
contrast is zero.

2

; using a sum of squared deviance residuals:

Because we estimated the additional dispersion parameter o
i.e.

eid = 2(li (Y yi) — Li(pis yi)
and

CXinfa 2(ly.y) = U, y)]

n—p n—p

%
With edgeR we will then further adopt empirical Bayes to borrow strength across genes to stabilise the

parameter estimator, which will also increase the degrees if this gene wise dispersion parameter estimator

which we refer to as dfEB.

We can use a quasi F -test that can also correct for the degrees of freedom that have been used to estimate
mean model parameters and the residual degrees of freedom that were available for estimating the additional
dispersion parameter. The quasi F test will thus perform better in a small sample setting. It is defined as:

LRTy, tull - reduced

_ dfLrT
F=—0
g
which follows an F - distribution with df;rr degrees of freedom in the nominator and dfZZ degrees of

freedom in the denominator under the null hypothesis that the full and reduced model are equivalent and
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that the assessed contrasts are thus equal to zero. Indeed, the dispersion estimator in the denominator

follows a scaled x? distribution with dfEZ degrees of freedom.

We perform all tests and loop over the columns of L for this purpose.

testsF <- apply(L, 2, function(fit,contrast)
glmQLFTest (fit,contrast=contrast),
fit = fit)

topTablesF<- lapply(testsF, topTags, n=nrow(dge))

sapply (topTablesF, function(x) sum(x$table$FDR <0.05))

## treatmentDPN
#it 0
## treatmentOHT
## 0
## treatmentOHT - treatmentDPN
## 0
## treatmentDPN + time48h:treatmentDPN
## 0
## treatmentOHT + time48h:treatmentOHT
## 4
## treatmentOHT + time48h:treatmentOHT - treatmentDPN - time48h:treatmentDPN
## 0
## time48h:treatmentDPN
## 0
## time48h:treatmentOHT
## 0
## time48h:treatmentOHT - time48h:treatmentDPN
#it 0

We only find significant fold changes for very few genes between OHT and the control treatment at the late
time point. We also did not find significant interactions.

3 Plots

3.1 Volcano plots

for (i in 1:ncol(L))
{

volcano<- ggplot(topTablesF[[i]]$table,aes(x=1ogFC,y=-1ogl0(PValue),color=FDR < 0.05)) + geom_point(
print (volcano)

}
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contrast treatmentOHT

FALSE
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—log10(PValue)

contrast treatmentOHT - treatmentDPN
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contrast treatmentDPN + time48h:treatmentDPN

FDR < 0.05
FALSE

(enfend)otbol-

logFC
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—log10(PValue)

contrast treatmentOHT + time48h:treatmentOHT

° [ ]
o°. o®
° *® e o © FDR < 0.05
[ ]
. . ® FALSE
[ ]
% ® TRUE
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contrast treatmentOHT + time48h:treatmentOHT - treatmentDPN - time48h:

)
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o
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L
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—log10(PValue)

contrast time48h:treatmentDPN
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—log10(PValue)

contrast time48h:treatmentOHT

° FDR < 0.05
® FALSE

25 0.0 25
logFC
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contrast time48h:treatmentOHT — time48h:treatmentDPN

®
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3.2 Histograms of p-values

histsP <- lapply(topTablesF, function(x)
x$table %>%
ggplot (aes(x=PValue)) +
geom_histogram(breaks =seq(0,1,.1) ,col=1)
)

for (i in 1:ncol(L))
histsP[[i]] <- histsP[[i]] +

ggtitle(paste("contrast",names(topTablesF) [i]))
histsP

## $treatmentDPN
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contrast treatmentDPN
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contrast treatmentOHT
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##
## $‘treatmentOHT - treatmentDPN¢
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contrast treatmentOHT — treatmentDPN
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<
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PValue

##
## $‘treatmentDPN + time48h:treatmentDPN¢
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contrast treatmentDPN + time48h:treatmentDPN

2000 -
I=
5
(@)
[&]
1000 -
0-
0.00 0.25 0.50
PValue
44

## $‘treatmentOHT + time48h:treatmentOHT*
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contrast treatmentOHT + time48h:treatmentOHT

2000 -
1500 -
I=
5
3 1000 -
[&]
500 -
0-
0.00 0.25 0.50 0.75 1.00
PValue

##
## $‘treatmentOHT + timed8h:treatmentOHT - treatmentDPN - time48h:treatmentDPN¢
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contrast treatmentOHT + time48h:treatmentOHT — treatmentDPN — time4:

2000 -
1500 -
c
3
O 1000~
500 -
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0.00 0.25 0.50 0.75 1.00
PValue

##
## $‘timed8h:treatmentDPN°¢
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contrast time48h:treatmentDPN
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contrast time48h:treatmentOHT

1500 -
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5
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##
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contrast time48h:treatmentOHT - time48h:treatmentDPN

2000 -
1500 -
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5
8 1000-
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0.00 0.25 0.50 0.75 1.00
PValue

3.3 heatmaps

for (i in 1:ncol(L))

{
sigID <- topTablesF[[i]l]$table %>’
filter (FDR<0.05) %>%
rownames
if (length(sigID)>0)
heatmap(dge$counts[sigID,], main = colnames(L) [i], cex.main=.2)
}
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4 EdgeR traditional

fitGlm <- glmFit(dge,design)

testLRT2 <- apply(L, 2, function(fit,contrast)

glmLRT(fit,contrast=contrast),
fit = fitGlm)

topTablesLRT2 <- lapply(testLRT2, topTags, n=nrow(dge))

sapply (topTablesLRT2, function(x) sum(x$table$FDR <0.05))

##

##

##

##

## treatmentOHT -

##

## treatmentDPN + time48h:

##

## treatmentOHT + time48h:

##

## treatmentOHT + time48h:treatmentOHT - treatmentDPN - time48h:

##

## time48h:

##
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## time48h:treatmentOHT

## 0
## time48h:treatmentOHT - time48h:treatmentDPN
## 0

We find more genes for the traditional edgeR workflow, however, it is known that this workflow is often too
liberal.
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