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## R version 3.3.2 (2016-10-31)

## Platform: x86_64-apple-darwinl3.4.0 (64-bit)
## Running under: 0S X Yosemite 10.10.5

#i#t

## locale:

## [1] en_US.UTF-8/en_US.UTF-8/en_US.UTF-8/C/en_US.UTF-8/en_US.UTF-8

##
## attached base packages:

## [1] stats4 grid parallel stats graphics

grDevices utils
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options(stringsAsFactors=FALSE)
library(pace); library(SummarizedExperiment); Llibrary(minfi); Llibrary(IHW);
library(RColorBrewer); library(colorspace)

Load methylation data

data(list=c("meth", "dmrs"))

#drug group colors
bp <- brewer.pal(12,"Paired")
col_drug_groups =
c(sequential_hcl(12, h
sequential_hcl(12, h
sequential_hcl(12, h
"grey")

coords( as(hex2RGB(bp[2]), "polarLUV") )[1, "H"]1)[4],
coords( as(hex2RGB(bp[4]), "polarLUV") )[1, "H"])[2],
coords( as(hex2RGB(bp[10]), "polarLUV") )[1, "H"]1)[2],

Figure 3l

2.1

2.2

Top 1000 mad CpG sites in full CLL study set

meth_cll = meth[,colData(meth)$Diagnosis=="CLL"]
beta = assay(meth_cll); rowData(meth_cll)$mad = sapply(l:nrow(beta),

function(x) mad(betalx,]))
topl000 = meth_cll[order(rowData(meth_cll)$mad,decreasing = TRUE)[1:1000], ]

mut_status = colData(meth)[,2]
mut_status[is.na(mut_status)] = "n.d."

PCA

pca = prcomp(t(assay(topl000)))
pca_var =pca$sdev”2 / sum(pca$sdev”2)*100

plot(pca$x[,1],pca$x[,2],ylim=c(-4.4,3.8),
col=c("brown", "tan2","steelblue")[as.factor(colData(topl000)$meth_group)],
pch=c(16,10,1)[as.factor(mut_status)],
xlab="PCl (23.3% of variance)",ylab="PC2 (2.7% of variance)")
legend("bottomright",legend=c("HP","IP","LP","M","U","n.d."),

col=c("brown","tan2","steelblue", "grey", "grey","grey"),
pch=c(16,16,16,16,1,10),cex=0.8,ncol=2)
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2.3 Barplot

barplot(table(factor(colData(meth_cll)$meth_group,levels=c("LP","IP","HP")),
factor(colData(meth_cll)$new_drug_group,
levels=c("mTOR", "MEK", "BTK", "WEAK"))),
col=c("steelblue", "tan2","brown"),
ylab="number of samples")
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3 Supplemental figure S12

3.1 Design matrices

mTOR_435M = meth[,colData(meth)$Diagnosis=="CLL"&
(colData(meth)[,2]=="M"&(!is.na(colData(meth)[,2])))&
((colbata(meth)$new_drug_group=="mTOR" |
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colData(meth)$new_drug_group=="none")&
(!is.na(colbata(meth)$new_drug_group)))]
mTOR_435M_design = model.matrix(~ factor(colData(mTOR_435M)$new_drug_groups,
levels=c("none", "mTOR")))

BTK_435M = meth[,colData(meth)$Diagnosis=="CLL"&
(colData(meth)[,2]=="M"&('is.na(colData(meth)[,2])))&
((colbata(meth)$new_drug_group=="BTK" |

colData(meth)$new_drug_group=="none")&
(!is.na(colbata(meth)$new_drug_group)))]l

BTK_435M_design = model.matrix(~ factor(colData(BTK_435M)$new_drug_groups,

levels=c("none", "BTK")))

MEK_435M = meth[,colData(meth)$Diagnosis=="CLL"&
(colData(meth)[,2]=="M"&(!is.na(colData(meth)[,2])))&
((colData(meth)$new_drug_group=="MEK" |

colData(meth)$new_drug_group=="none")&
(!is.na(colData(meth)$new_drug_group)))]

MEK_435M_design = model.matrix(~ factor(colData(MEK_435M)$new_drug_groups,

levels=c("none", "MEK")))

BTK_435U = meth[,colData(meth)$Diagnosis=="CLL"&
(colData(meth)[,2]=="U"&(!is.na(colData(meth)[,2]1)))&
((colbata(meth)$new_drug_group=="BTK" |

colData(meth)$new_drug_group=="none")&
(!is.na(colData(meth)$new_drug_group)))]

BTK_435U_design = model.matrix(~ factor(colData(BTK_435U)$new_drug_groups,

levels=c("none", "BTK")))

MEK_435U = meth[,colData(meth)$Diagnosis=="CLL"&
(colData(meth) [,2]=="U"&('!is.na(colData(meth)[,2])))&
((colbata(meth)$new_drug_group=="MEK" |
colData(meth)$new_drug_group=="none")&
(!is.na(colbData(meth)$new_drug_group)))]l
MEK_435U_design = model.matrix(~ factor(colData(MEK_435U)$new_drug_groups,
levels=c("none", "MEK")))

Identification of DMRs

The identification of differentially methylated regions (DMRs) using the minfi package requires
multithreading and is time-consuming. Hence, the following chunks are not executed.

library(doParallel)
registerDoParallel(cores = 20)

dmrs_mTOR_435M = bumphunter(assay(mTOR_435M),
chr=as.vector(seqnames (rowRanges (mTOR_435M))),
pos=start(rowRanges(mTOR_435M)),
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design=mTOR_435M_design, maxGap=300,
nullMethod="bootstrap", smooth=FALSE,
cutoff=0.1, B=100)
dmrs_BTK_435M = bumphunter(assay(BTK_435M),
chr=as.vector(seqnames (rowRanges (BTK_435M))),
pos=start(rowRanges (BTK_435M)),
design=BTK_435M_design, maxGap=300,
nullMethod="bootstrap", smooth=FALSE,
cutoff=0.1, B=100)
dmrs_MEK_435M = bumphunter(assay(MEK_435M),
chr=as.vector(segnames (rowRanges (MEK_435M))),
pos=start(rowRanges (MEK_435M)),
design=MEK_435M_design, maxGap=300,
nullMethod="bootstrap", smooth=FALSE,
cutoff=0.1, B=100)

dmrs_BTK_435U

bumphunter(assay (BTK_435U),
chr=as.vector(seqnames (rowRanges (BTK_435U))),
pos=start(rowRanges (BTK_435U)),
design=BTK 435U _design, maxGap=300,
nullMethod="bootstrap", smooth=FALSE,
cutoff=0.1, B=100)

bumphunter(assay (MEK_435U),
chr=as.vector(seqnames (rowRanges (MEK_435U))),
pos=start(rowRanges (MEK 435U)),
design=MEK 435U _design, maxGap=300,
nullMethod="bootstrap", smooth=FALSE,
cutoff=0.1, B=100)

dmrs_MEK_435U

3.3 Explore DMRs

explore.dmrs = function(dmrs, meth){
message (" [explore.dmrs] add gene info.")
x = dmrs$table
y = rowData(meth)
genes = vector("list",nrow(x))
for (i in l:nrow(x)){
genes[[1i]] = y[x[i,]$indexStart:x[1i,]$indexEnd,22]
}
genes = sapply(sapply(sapply(sapply(l:nrow(x),function(i)
strsplit(genes[[i]],";")),unlist),table),names)
dmrs$table$gene = sapply(l:nrow(x), function(i)
paste(genes[[i]],collapse = ";"))

message(" [explore.dmrs] add genomic locus.")

TSS = (grepl("TSS1500",y$UCSC_RefGene_Group) |
grepl("TSS2000",y$UCSC_RefGene_Group) |
grepl("5"UTR",y$UCSC_RefGene_Group))
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CGI = y$Relation_to_Island=="Island"

CGI_TSS = TSS & CGI; sum(CGI_TSS)
nonCGI_TSS = TSS & !CGI; sum(nonCGI_TSS)
CGI_gb = ITSS & CGI; sum(CGI_gb)
nonCGI_gb = !TSS & !CGI; sum(nonCGI_gb)

genomic_loc = rep(NA,length(CGI))
genomic_loc[CGI_TSS] = "CGI_TSS"
genomic_loc[nonCGI_TSS] = "nonCGI_TSS"
genomic_loc[CGI_gb] = "CGI gb"
genomic_loc[nonCGI_gb] = "nonCGI gb"

genomic_locus = vector("list",nrow(x))
for (1 in 1l:nrow(x)){
genomic_locus[[i]] = genomic_loc[x[i,]$indexStart:x[i,]1$indexEnd]

}
genomic_locus = sapply(genomic_locus,table)
genomic_locus_max = sapply(l:nrow(x),function(i)

which(genomic_locus[[i]]==max(genomic_locus[[i]]))[1])
dmrs$table$genomic_locus = names(genomic_locus_max)

return(dmrs)
dmrs_BTK_435M explore.dmrs(dmrs_BTK 435M,meth435k

)
dmrs_BTK_ 435U = explore.dmrs(dmrs_BTK_ 435U, meth435k)
dmrs_MEK_435M = explore.dmrs(dmrs_MEK_435M,meth435k)
)
5

dmrs_MEK_ 435U explore.dmrs(dmrs_MEK 435U, meth435k
dmrs_mTOR_435M = explore.dmrs(dmrs_mTOR_435M,meth435k)

3.4  Retrieve top DMRs

top_dmrs = function(dmrs){
dmrs dmrs$table[dmrs$table$l>2, ]
dmrs = dmrs[adj pvalues(ihw(dmrs$p.value,covariates = dmrs$L,
alpha = 0.05,nbins = 2))<0.05, ]
dmrs = dmrs[!dmrs$chr=="chrx",]
dmrs = dmrs[!dmrs$chr=="chrY",]
dmrs

top_dmrs_BTK 435M=top_dmrs(dmrs_BTK_435M)
## We recommend that you supply (many) more than 1000 p-values for meaningful data-driven hypothesis weighti
top_dmrs_BTK 435U=top_dmrs(dmrs_BTK_435U)
## We recommend that you supply (many) more than 1000 p-values for meaningful data-driven hypothesis weighti
top_dmrs_MEK _435M=top_dmrs (dmrs_MEK_435M)
## We recommend that you supply (many) more than 1000 p-values for meaningful data-driven hypothesis weighti
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top_dmrs_MEK _435U=top_dmrs (dmrs_MEK _435U)

## We recommend that you supply (many) more than 1000 p-values for meaningful data-driven hypothesis weighti
top_dmrs_mTOR_435M=top_dmrs (dmrs_mTOR_435M)

## We recommend that you supply (many) more than 1000 p-values for meaningful data-driven hypothesis weighti

Waterfall plot

par(mfrow=c(2,3),mar=c(1,3,3,1))

barplot(top_dmrs_BTK_435M$valuel[order(top_dmrs_BTK 435M$value,decreasing=T)],
col=col_drug_groups[1l],border=col_drug_groups[1l],space = 0.5,
ylim=c(-0.25,0.25),main="M-CLL 174 DMRs")

barplot(top_dmrs_MEK 435M$value[order(top_dmrs_MEK 435M$value,decreasing=T)],
col=col_drug_groups[2],border=col _drug_groups[2],space = 0.5,
ylim=c(-0.25,0.25), main="M-CLL 283 DMRs")

barplot(top_dmrs_mTOR_435M$valuel[order(top_dmrs_mTOR _435M$value,decreasing=T)],
col=col_drug_groups[3],border=col_drug_groups[3],space = 0.5,
ylim=c(-0.25,0.25),main="M-CLL 153 DMRs")

barplot(top_dmrs_BTK 435U$value[order(top_dmrs_BTK 435U$value,decreasing=T)],
col=col_drug_groups[1],border=col_drug_groups[1l],space = 0.5,
ylim=c(-0.25,0.25),main="U-CLL 107 DMRs")

barplot(top_dmrs_MEK 435U$valuel[order(top_dmrs_MEK 435U$value,decreasing=T)],
col=col_drug_groups[2],border=col_drug_groups[2],space = 0.5,
ylim=c(-0.25,0.25),main="U-CLL 229 DMRs")

plot.new()

legend("center",legend=c("BTK vs WEAK","MEK vs WEAK","mTOR vs WEAK"),
fill=col_drug_groups, title="Difference in methylation")

M-CLL 174 DMRs M-CLL 283 DMRs M-CLL 153 DMRs
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Reproducibility of the drug screening platform

1 Introduction

In this vignette we show the reproducibility of the drug response measurements from the
screening platform. We tested two replicates of the three samples, and here we compare the
readouts between these replicates.

1.1 Set document options & load the libraries

options(stringsAsFactors=FALSE)
library(pace)

1.2 Load objects

data(list=c("day23rep"))

2 Arranging the data and calculating correlations

Prepare data frame for plotting.

maxXY = 125

plottingDF = do.call(rbind, lapply(c("day2","day3"), function(day) {
tmp = merge(
meltWholeDF (assayData(day23rep) [ [paste®(day, "repl")1]1),
meltWholeDF (assayData(day23rep) [ [pasteO(day, "rep2")11),
by=c("X","Y"))
colnames (tmp) = c("PatientID", "DrugID", "ViabX", "ViabY")
tmp[,c("ViabX", "ViabY")] = tmp[,c("ViabX", "ViabY")] * 100
tmp$Day = ifelse(day=="day2", "48h", "72h")
tmp
)

plottingDF$Shape = ifelse(plottingDF$ViabX > maxXY |
plottingDF$ViabY > maxXY, "B", "A")

Calculate the Pearson correlation coefficient.

annotation = do.call(rbind, tapply(
l:nrow(plottingDF),paste(plottingDF$PatientID, plottingDF$Day, sep="_"),
function(idx) {
data.frame(X=110, Y=10, Shape="A", PatientID=plottingDF$PatientID[idx[1]],
Day=plottingDF$Day[idx[1]], Cor=cor(plottingDF$ViabX[idx],
plottingDF$ViabY[idx],
method="pearson"))
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Plot the correlations together with coefficients (in a bottom-right corner).
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% viability - replicate 1

The reproducibility of the measurements is very good (mean 0.84).

End of session

## R version 3.3.2

(2016-10-

31)

parallel

base

Platform: x86_64-apple-darwinl3.4.0 (64-bit)

stats graphics

infotheo_ 1.2.0
AnnotationDbi _1.36.2
gridextra_2.2.1
IHW_1.2.0
bumphunter_1.14.0
iterators_1.0.8
XVector_0.14.0
dplyr_0.5.0
maps_3.1.1
Hmisc_4.0-2
lattice 0.20-34

##

## Running under: 0S X Yosemite 10.10.5
it

## locale:

#i#

#i#

## attached base packages:
## [1] stats4 grid

## [8] datasets methods
#i#t

## other attached packages:
## [1] pace_0.1.33

## [3] org.Hs.eg.db_3.4.0
## [5] cowplot 0.7.0

## [7] piano_1.14.5

## [9] minfi_1.20.2

## [11] locfit_1.5-9.1

## [13] Biostrings_2.42.1
## [15] Rtsne_0.11

## [17] fields_8.10

## [19] spam_1.4-0

## [21] Formula_1.2-1

[1] en_US.UTF-8/en_US.UTF-8/en_US.UTF-8/C/en_US.UTF-8/en_US.UTF-8

grDevices utils
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##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

[23]
[25]
[27]
[29]
[31]
[33]
[35]
[37]
[39]
[41]
[43]
[45]
[47]
[49]
[51]
[53]
[55]
[571]
[59]
[61]

ipflasso_0.1
glmnet_2.0-5
Matrix_1.2-8

SummarizedExperiment_1.4.0

GenomeInfoDb_1.10.2
S4Vectors_0.12.1
abind_1.4-5
R.00.1.21.0
scales_0.4.1
limma_3.30.10
vsn_3.42.3
forestplot_1.7
magrittr_1.5
survival 2.40-1
colorspace_1.3-2
futile.logger_1.4.3
beeswarm_0.2.3
ggdendro_0.1-20
Biobase 2.34.0
BiocStyle_2.3.30

pheatmap_1.0.8
foreach_1.4.3
DESeq2 1.14.1
GenomicRanges_1.26.2
IRanges_2.8.1
reshape2_1.4.2
R.utils_2.5.0
R.methodsS3_1.7.1
gplots_3.0.1
genefilter_1.56.0
LSD_3.0
checkmate_1.8.2
maxstat_0.7-24
ggtern_2.2.0
VennDiagram_1.6.17
gtable_0.2.0
RColorBrewer_1.1-2
ggplot2_2.2.1
BiocGenerics_0.20.0

loaded via a namespace (and not attached):

[1]

[31]

[5]

[7]

[91]
[11]
[13]
[15]
[17]
[19]
[21]
[23]
[25]
[27]
[29]
[31]
[33]
[35]
[37]
[39]
[41]
[43]
[45]
[47]
[49]
[51]
[53]
[55]
[57]

backports_1.0.5
igraph_1.0.1
lazyeval 0.2.0
BiocParallel 1.8.1
digest 0.6.12
htmltools_0.3.5
memoise 1.0.0
annotate_1.52.1
matrixStats_0.51.0
RCurl_1.95-4.8
registry_0.3
compositions_1.40-1
futile.options_1.0.0
relations_0.6-6
rngtools_1.2.4
xtable_1.8-2
foreign_0.8-67
mclust 5.2.2
httr_1.2.1
fgsea_1.0.2
reshape_0.8.6
nnet_7.3-12
tools_3.3.2
fdrtool 1.2.15
stringr_1.1.0
knitr_1.15.1
robustbase _0.92-7
nlme_3.1-130
slam_0.1-40

fastmatch_1.1-0
plyr_1.8.4
splines_3.3.2
lpsymphony 1.2.0
BiocInstaller_1.24.0
gdata_2.17.0
cluster_2.0.5
bayesm_3.0-2
siggenes_1.48.0
GEOquery_2.40.0
zlibbioc_1.20.0
DEoptimR_1.0-8
mvtnorm_1.0-5
DBI 0.5-1
Rcpp_0.12.9
htmlTable_ 1.9
latex2exp_0.4.0
preprocessCore_1.36.0
htmlwidgets_ 0.8
acepack 1.4.1
XML_3.98-1.5
munsell_0.4.3
RSQLite_1.1-2
evaluate_0.10
yaml_2.1.14
beanplot_1.2
caTools_1.17.1
doRNG_1.6
norlmix_1.2-2
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##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

[59]
[61]
[63]
[65]
[67]
[69]
[71]
[73]
[75]
[77]
[79]
[81]
[83]
[85]
[87]
[89]
[91]
[93]
[95]

biomaRt_2.30.0
marray_1.52.0
geneplotter_1.52.0
GenomicFeatures_1.26.2
multtest _2.30.0
bitops_1.0-6
R6_.2.2.0
affy_1.52.0
KernSmooth_2.23-15
lambda.r_1.1.9
energy_1.7-0
gtools_3.5.0
assertthat 0.1
openssl_0.9.6
rprojroot_1.2
Rsamtools_1.26.1
rpart_4.1-10
rmarkdown_1.3
sets_1.0-16

affyio_1.44.0

tibble 1.2
stringi_1.1.2
tensorA_0.36
data.table_1.10.4
rtracklayer_1.34.1
latticeExtra_0.6-28
bookdown_0.3.9
codetools_0.2-15

boot 1.3-18
MASS_7.3-45
exactRankTests 0.8-28
proto_1.0.0
pkgmaker_0.22
GenomicAlignments_1.10.0
quadprog_1.5-5
base64_2.0
illuminaio_0.16.0
base64enc_0.1-3
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1 Introduction

In this vignette we compute associations between survival times, genetic factors and drug
responses.

1.1 Set document options & load the libraries

options(stringsAsFactors=FALSE)
library(pace)

1.2  Load and prepare objects

data(list=c("lpdAll", "conctab", "patmeta", "drugs", "mutCOM"))

lpdCLL <- 1pdAll[ , lpdAll$Diagnosis=="CLL" ]

survT <- patmeta[ colnames(lpdCLL),c("T5", "T6", "treated", "treatedAfter",
"died", "IC50beforeTreatment")]

survT$ibr45 <- 1l-exprs(lpdCLL)[ "D_002_4:5", rownames(survT) ]
survT$ide45 <- 1l-exprs(lpdCLL)[ "D_003_4:5", rownames(survT) ]
survT$prtd5 <- 1l-exprs(lpdCLL)[ "D_166_4:5", rownames(survT) ]
survT$selud45 <- 1l-exprs(lpdCLL)[ "D_012_4:5", rownames(survT) ]
survT$everd5 <- l-exprs(lpdCLL)[ "D_063_4:5", rownames(survT) ]

survT$nutl5 <- l-exprs(lpdCLL)[ "D_010_1:5", rownames(survT) 1]
survT$dox15 <- 1l-exprs(lpdCLL)[ "D_159_1:5", rownames(survT) ]
survT$flul5 <- 1-exprs(lpdCLL)[ "D_006_1:5", rownames(survT) ]

survT$SF3B1 <- exprs(lpdCLL)[ "SF3B1", rownames (survT) ]
survT$NOTCH1 <- exprs(lpdCLL)[ "NOTCH1", rownames (survT) ]
survT$BRAF <- exprs(lpdCLL)[ "BRAF", rownames (survT) 1
survT$TP53 <- exprs(lpdCLL)[ "TP53", rownames (survT) 1
survT$dell7pl3 <- exprs(lpdCLL)[ "dell7pl3", rownames (survT) 1]
survT$delllq22.3 <- exprs(lpdCLL)[ "delllg22.3", rownames(survT) ]
survT$trisomyl2 <- exprs(lpdCLL)[ "trisomyl2", rownames(survT) ]

survT$IGHV <- exprs(lpdCLL)[ "IGHV Uppsala U/M", rownames(survT) 1]
survT$IGHV_cont <- patmeta[ rownames(survT) ,"IGHV Uppsala % SHM"]

# competinting risk endpoint fpr

survT$compE <- ifelse(survT$treatedAfter == TRUE, 1, 0)

survT$compE <- ifelse(survT$treatedAfter == FALSE & survT$died==TRUE, 2,
survT$compE )

survT$T7 <- ifelse(survT$compE == 1, survT$T5, survT$T6 )
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Survival univariate

2.1

Define the forest function

Define the forest function for OS and TTT together in one plot

Impact of genetic factors on survival (S46)

TForest plots are computed for the impact of selected genetic factors on time to treatment
and overall survival. Hazard ratios (HR) were calculated for presence vs. absence of the
genetic feature. The right panels show exemplary Kaplan-Meier plots for IGHV status and
TP53 mutation status. For IGHV the blue line represents patients with mutated IGHV- and
purple wild type IGHV-status. For TP53 the purple line represents wild type patients and the
blue line patients with a TP53 mutation.

d <-c("SF3B1", "NOTCH1", "BRAF", "TP53", "dell7pl3", "delllg22.3", "trisomyl2",
"IGHV")
drug_names <- c("SF3B1", "NOTCH1", "BRAF", "TP53", "dell7pl3", "delllg22.3",
"Trisomyl2" ,"IGHV")

fp(sub=99, d=d, drug_names=drug_names, split="IGHV", title="", a=0, b=10,
scaleX=1.1)

## Warning in " [<-.factor’ (" *tmpx', iseq, value = c("", "", "",B "n, v, o,

## invalid factor level, NA generated

## Warning: Transformation introduced infinite values in continuous y-axis

## Warning: Removed 9 rows containing missing values (geom_pointrange).

## Warning: Removed 9 rows containing missing values (geom_text).
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The panels show exemplary Kaplan-Meier plots for IGHV status and TP53 mutation status. For
IGHV the blue line represents patients with mutated IGHV- and purple wild type IGHV-status.
For TP53 the purple line represents wild type patients and the blue line patients with a TP53
mutation.

par(mfcol=c(2,2), mar=c(5,5,2,0.9))
for (fac in paste(c("IGHV", "TP53"))) {

pace: ::survplot(
Surv(survT$T5, survT$treatedAfter == TRUE) ~ as.factor(survT[,fac]),

snames=c("wt", "mut"),

lwd=1.5, cex.axis = 1, cex.lab=1, col= c("darkmagenta", "dodgerblue4"),
show.nrisk = FALSE,

legend.pos = FALSE, stitle = "", hr.pos= "topright",

main = paste(fac),

xlab = 'Time (Years)', ylab = 'Time to treatment')

for (fac in paste(c("IGHV", "TP53"))) {

pace:::survplot( Surv(survT$T6, survT$died == TRUE) ~ as.factor(survT[,fac]),
snames=c("wt", "mut"),
lwd=1.5, cex.axis = 1.0, cex.lab=1.0, col= c("darkmagenta", "dodgerblue4"),
show.nrisk = FALSE,

legend.pos = FALSE, stitle = "", hr.pos= "bottomleft",
main = paste(fac),
xlab = 'Time (Years)', ylab = 'Overall survival')
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2.2

IGHV IGHV

HR = 0.36 (0.24 - 0.55)
legrank P = 1.2e-06

1.0
1.0

HR =023 (0.13 - 0.67)

Time to treatment
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| | |
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o o
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HR =28(1.3-63)
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o o
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Ex vivo drug response and outcome (Figure 6A)

Impact of drug responses on time from sample to treatment (TTT; n=162) and overall survival
(OS; n=172) assessed by univariate Cox regressions. Shown are estimated hazard ratios (HR)
and 95% confidence intervals. Drug response data are as in Fig. 5, fitted coefficients were
scaled with respect to 10% change of cell viability.

d <- c("flul5", "nutl5", "dox15", "ibr45", "ide45", "prt45", "selu45",

"ever45")
drug_names <- c("Fludarabine", "Nutlin-3", "Doxorubicine", "Ibrutinib",
"Idelalisib", "PRT062607 HCLl", "Selumetinib" ,"Everolimus")
fp(sub=99, d=d, drug_names=drug_names, split="TP53", title="", a=0, b=5,
scaleX=10)

## Warning in " [<-.factor® (" xtmpx', iseq, value = c("", "", "", B "v, oov,owe
## invalid factor level, NA generated

## Warning: Transformation introduced infinite values in continuous y-axis
## Warning: Removed 9 rows containing missing values (geom_pointrange).

’
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## Warning: Removed 9 rows containing missing values (geom_text).
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2.3  Exvivo drug response and outcome (Figure 6B)

Kaplan-Meier plots of overall survival for patient groups defined by ex vivo drug responses
dichotomized using maximally selected rank statistics(Hothorn and Lausen, 2002).

km2 <- function(drug, title) {

surv <- survT
k <- exprs(lpdCLL)[ drug, rownames(surv) ]

ms6 <- maxstat.test(Surv(T6, died) ~ k,
data = surv,
smethod = "LogRank",
minprop = 0.2,
maxprop = 0.8,
alpha = NULL)

surv$cutA <- surv$cuts <- ifelse(k >= ms6$estimate, "weak", "good")
drName <- toCaps(drugs[stripConc(drug), "name"])

sp <- function(...)
pace:::survplot(...,

lwd=1.5, cex.axis = 1, cex.lab=1, col= c("darkmagenta", "dodgerblue4"),
show.nrisk = FALSE,

legend.pos = FALSE, stitle = "", hr.pos="bottomleft",

xlab = 'Time (Years)')

yl <- "Fraction overall survival"
sp(Surv(surv$T6, surv$died) ~ surv$cutA, subset = rep(TRUE, nrow(surv)),
ylab = yl, main = drName)

par(mfcol=c(1,2), mar=c(5,5,2,0.9))

pace:::survplot( Surv(survT$T6,
survT$died == TRUE) ~ as.factor(survT[,"TP53"]),

snames=c("wt", "mut"),

lwd=1.5, cex.axis = 1, cex.lab=1, col= c("darkmagenta", "dodgerblue4"),
show.nrisk = FALSE,

legend.pos = FALSE, stitle = "", hr.pos= "bottomleft",

main = "TP53 mut vs. TP53 wt",
xlab = 'Time (Years)', ylab = 'Time to treatment')

km2(drug = "D_010_1:5", title=c( "Nutlin" ) )
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2.4

Time to treatment

km2(drug =
km2(drug =

"D_006_1:5", title=c(

00 02 04 06 08 1.0

TP53 mut vs. TP53 wt

S——__

HR=28(1.3-86.3)
logrank F = 0.0071

T T T T
0 1 2 3 4
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)

"D_159_1:5", title=c( "Doxorubicine"
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1.0
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logrank P = 0.0024

! ! !
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e
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Doxorubicine

HR =3.9(1.7-9.0)
logrank P = 0.00057

0 1 2 3 4

Time (Years)

Ex vivo drug response and outcome (Figure 6B - wt TP53

only)

Only TP53 wt patients were considered. Drug responses contained outcome-related information
beyond that implied by TP53 status: within TP53 wild type cases, response to doxorubicine
provided further stratification.

km3 <- function(drug, title, split, feature) {

surv <- survT[!(is.na(survT[, feature])),

surv <- surv[surv$TP53==split, ]

k <- exprs(lpdCLL)[ drug,

ms6 <- maxstat.test(Surv(T6, died) ~ Kk,

data = surv,

rownames (surv)

10
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2.5

smethod = "LogRank",
minprop = 0.2,
maxprop = 0.8,
alpha = NULL)

surv$cutA <- surv$cuth <- ifelse(k >= ms6$estimate, "weak", "good")
drName <- toCaps(drugs[stripConc(drug), "name"])

sp <- function(...)
pace:::survplot(...,
lwd=1.5, cex.axis = 1, cex.lab=1, col= c("darkmagenta", "dodgerblue4"),
show.nrisk = FALSE,
legend.pos = FALSE,
stitle = "", hr.pos="bottomleft",
xlab = 'Time (Years)')

yl <- "Fraction overall survival"
sp(Surv(surv$T6, surv$died) ~ surv$cutA,
subset = rep(TRUE, nrow(surv)),
ylab = yl, main = title)

par(mfrow=c(1,2), mar=c(5,5,2,0.9))

km3(drug = "D_006_1:5", title="Fludarabine (TP53 wt)", split = 0,
feature="TP53")

km3(drug = "D_159_1:5", title="Doxorubicine (TP53 wt)", split = 0,
feature="TP53")

Fludarabine (TP53 wt) Doxorubicine (TP53 wt)
(=T = |
] ]
= =
E S E S
F F
= e = e
T o T o
: = : =
g S g S
= 5
T 0™ T 0™
g = HR = 1.98 (0.72 - 5.47) g = HRE= 7.1{2.3-21.9)
o logrank P = 0.18 o logrank P = 8.1e-05
= T T | 1 = T T | 1
o 1 2 3 4 0 1 2 3 4
Time (Years) Time (Years)

Association of drug response with time to treatment (S47)

The panels on the left side show forest plots for the impact of targeted drugs on time
to treatment. Univariate Cox regression modeling was performed using drug response as
a continuous variable (average of the 2 lowest concentrations). Hazard ratios (HR) were
calculated for a viability effect of 10%. Within the subgroup of M-CLL patients, response to

11
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B-cell receptor inhibitors (ibrutinib, idelalisib, PRT062607) was predictive for shorter time
to treatment. This trend was not observed within the subset of U-CLL. The panels on the
right show exemplary Kaplan-Meier plots for ibrutinib response and time to treatment. The
optimized cut point for ibrutinib response was calculated by maximized log-rank statistics (R
package maxstat). The blue curve represents patients with good response to ibrutinib and
the red curve represents patients with a weak response to ibrutinib.

par(mfrow=c(3,1), mar=c(5,5,2,0.9))
km(drug = "D_002_4:5", split = "IGHV", t="TTT",

title=c("", "(U-CLL)" , "(M-CLL)"), hr="tr", c="maxstat" )
## Ibrutinib cutpoint for TTT: 1

12
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sdrugs <- c(Ibrutinib = "ibr45", Idelalisib = "ide45",
"PRT062607 HCl® = "prt45", Selumetinib = "selu45",
Everolimus = "ever45")

par(mfrow=c(3,1), mar=c(5,5,2,0.9))

forest(sdrugs = sdrugs, split = "IGHV", sub = "none", Time = "T5",
endpoint = "treatedAfter", title = "Time to treatment")

Time to treatment

p-value

[brutinib 0.0007 -
Idelalisib 0.0021 8 =
PETOB2607 HCI  0.0015 -
Selumetinib 0.0400 ——
Everolimus 0.7572 ——

|

0.50 1015

forest(sdrugs = sdrugs, split = "IGHV", sub = 1, Time = "T5",
endpoint = "treatedAfter", title = "Time to treatment (M-CLL)")

Time to treatment (M-CLL)

p-value
[brutinib 0.0214 — —
Idelalisib 0.0689 ——
PRTO82607 HCI  0.0420 ——
Selumetinib 08752 —m—
Everclimus 0.2566 ——
11
0.50 1.0
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2.6

forest(sdrugs = sdrugs, split = "IGHV", sub = 0, Time = "T5",
endpoint = "treatedAfter", title = "Time to treatment (U-CLL)")

Time to treatment (U-CLL)
p-value
|brutinib 0.8326 ——
|delalisib 0.8574 ——
PRTO62607 HCI  0.5401 ——
Selumetinib 0.9837 ——
Everolimus 0.4188 ——
1 1
0.50 1.01.5

Impact of TP53 mutation clone size on drug response (S37).

Viability effect of fludarabine and nutlin-3 for wild type and TP53 mutant CLL (n=164). We
excluded samples with more than one TP53 mutation. Mutant allele frequency is shown by
color saturation. The size of the TP53 mutant clone correlates with response to nutlin-3 and
fludarabine (Pearson correlation coefficients between clone size and drug response: 0.53 to
0.76 for nutlin-3 and 0.28 to 0.48 for fludarabine).

# get clone size
survT$TP53cs <- fData(mutCOM)[rownames(survT), "TP53cs"]

# cutoff by maxstat
ms6 <- maxstat.test(Surv(T6, died) ~ exprs(lpdCLL)[ "D_010_1:5",
rownames (survT) 1],
data = survT, #subset=(TP53==1),
smethod = "LogRank",
minprop = 0.2,
maxprop = 0.8,
alpha = NULL)

survT$cut <- as.factor(
ifelse(exprs(lpdCLL)[ "D_010_1:5", rownames(survT) ] < ms6%$estimate,
"Responder", "Non-responder") )

# t.test for responder vs. nonresponder ~ TP53 clone size

t.test( survT[survT$TP53==1, "TP53cs"] ~ survT[survT$TP53==1, "cut"])
##

15
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## Welch Two Sample t-test

##

## data: survT[survT$TP53 == 1, "TP53cs"] by survT[survT$TP53 == 1, "cut"]
## t = 4.1134, df = 33.33, p-value = 0.0002402

## alternative hypothesis: true difference in means is not equal to 0

## 95 percent confidence interval:

## 0.1601905 0.4735032

## sample estimates:

## mean in group Non-responder mean in group Responder

#it 0.5232391 0.2063923

# plot beeswarm and KM
par(mfrow=c(1,2), mar=c(5,5,2,0.9))
pace:::survplot(Surv(survT$T6, survT$died == TRUE) ~ cut ,
data = survT, snames=c("good", "weak"), subset=TP53==1, show.nrisk = FALSE,

lwd=3, cex.axis = 1.5, cex.lab=1.5, col= c("royalblue", "red"), cex=1l.2,
legend.pos = FALSE, stitle = "", hr.pos= "bottomleft",

#main = 'Nutlin responder vs. weak-responder',

xlab = 'Time (Years)', ylab = 'Fraction overall survival')

#par( mar=c(7.4,5,2,0.9))

boxplot(TP53cs[which(survT$TP53==1)] ~ cut[which(survT$TP53==1)], data = survT,
outline = FALSE,
#main = "Allele frequencies TP53 (p<0.001)",
ylab="Allele frequencies", cex.lab=1.5, cex=2)

beeswarm(TP53cs[which(survT$TP53==1)] ~ cut[which(survT$TP53==1)], data = survT,
cex.lab=1,
pwbg = ifelse(survT$cut[which(survT$TP53==1) ]=="Non-responder",
"royalblue", "red"), pch = 21, cex=1.5, add = TRUE)
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o ®
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Session info

sessionInfo()

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

R version 3.3.2 (2016-10-31)
Platform: x86_64-apple-darwinl3.4.0 (64-bit)
Running under: 0S X Yosemite 10.10.5

locale:

[1] en_US.UTF-8/en_US.UTF-8/en_US.UTF-8/C/en_US.UTF-8/en_US.UTF-8

attached base packages:
[1] stats4 grid parallel stats graphics
[8] datasets methods base

other attached packages:

[1] pace_0.1.33 infotheo_ 1.2.0

[3] org.Hs.eg.db_3.4.0 AnnotationDbi 1.36.2
[5] cowplot_0.7.0 gridExtra_2.2.1

[7] piano_1.14.5 IHW_1.2.0

[9] minfi 1.20.2 bumphunter_1.14.0
[11] locfit_1.5-9.1 iterators_1.0.8
[13] Biostrings_2.42.1 XVector_0.14.0

[15] Rtsne_0.11 dplyr_0.5.0

[17] fields_8.10 maps_3.1.1

[19] spam_1.4-0 Hmisc 4.0-2

[21] Formula_1.2-1 lattice_0.20-34
[23] ipflasso_0.1 pheatmap_1.0.8

[25] glmnet_2.0-5 foreach_1.4.3

[27] Matrix_1.2-8 DESeq2_1.14.1

[29] SummarizedExperiment_1.4.0 GenomicRanges_1.26.2
[31] GenomeInfoDb_1.10.2 IRanges_2.8.1

[33] S4Vectors_0.12.1 reshape2_1.4.2

[35] abind_1.4-5 R.utils_2.5.0

[37] R.00_1.21.0 R.methodsS3_1.7.1
[39] scales 0.4.1 gplots_3.0.1

[41] limma_3.30.10 genefilter_1.56.0
[43] vsn_3.42.3 LSD_3.0

[45] forestplot_ 1.7 checkmate_1.8.2
[47] magrittr_1.5 maxstat_0.7-24

[49] survival_ 2.40-1 ggtern_2.2.0

[51] colorspace_1.3-2 VennDiagram_1.6.17
[53] futile.logger_1.4.3 gtable_0.2.0

[55] beeswarm_0.2.3 RColorBrewer_1.1-2
[57] ggdendro_0.1-20 ggplot2_2.2.1

[59] Biobase_2.34.0 BiocGenerics_0.20.0

[61] BiocStyle_2.3.30

loaded via a namespace (and not attached):
[1] backports_1.0.5 fastmatch_1.1-0
[3] igraph_1.0.1 plyr_1.8.4

grDevices utils
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##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

[5]

[7]

[91]
[11]
[13]
[15]
[17]
[19]
[21]
[23]
[25]
[27]
[29]
[31]
[33]
[35]
[37]
[39]
[41]
[43]
[45]
[47]
[49]
[51]
[53]
[55]
[571]
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[63]
[65]
[67]
[69]
[71]
[73]
[75]
[77]
[79]
[81]
[83]
[85]
[87]
[89]
[91]
[93]
[95]

lazyeval _0.2.0
BiocParallel 1.8.1
digest 0.6.12
htmltools_0.3.5
memoise 1.0.0
annotate_1.52.1
matrixStats_0.51.0
RCurl_1.95-4.8
registry_0.3
compositions_1.40-1
futile.options_1.0.0
relations_0.6-6
rngtools_1.2.4
xtable_1.8-2
foreign_0.8-67
mclust 5.2.2
httr_1.2.1
fgsea_1.0.2
reshape_0.8.6
nnet_7.3-12
tools_3.3.2
fdrtool 1.2.15
stringr_1.1.0
knitr_1.15.1
robustbase_0.92-7
nlme_3.1-130
slam_0.1-40
biomaRt_2.30.0
marray_1.52.0
geneplotter_1.52.0

GenomicFeatures_1.26.2

multtest 2.30.0
bitops_1.0-6
R6.2.2.0
affy_1.52.0
KernSmooth_2.23-15
lambda.r_1.1.9
energy_1.7-0
gtools_3.5.0
assertthat 0.1
openssl _0.9.6
rprojroot_1.2
Rsamtools_1.26.1
rpart_4.1-10
rmarkdown_1.3
sets_1.0-16

splines_3.3.2
lpsymphony_1.2.0
BiocInstaller_1.24.0
gdata_2.17.0
cluster_2.0.5
bayesm_3.0-2
siggenes_1.48.0
GEOquery_2.40.0
zlibbioc 1.20.0
DEoptimR_1.0-8
mvtnorm_1.0-5

DBI 0.5-1
Rcpp_0.12.9
htmlTable 1.9
latex2exp_0.4.0
preprocessCore_1.36.0
htmlwidgets 0.8
acepack_1.4.1
XML_3.98-1.5
munsell_0.4.3
RSQLite 1.1-2
evaluate 0.10
yaml_2.1.14
beanplot_1.2
caTools_1.17.1
doRNG_1.6
norlmix_1.2-2
affyio_1.44.0
tibble 1.2
stringi_1.1.2
tensorA _0.36
data.table 1.10.4
rtracklayer_1.34.1
latticeExtra_0.6-28
bookdown_0.3.9
codetools_0.2-15
boot 1.3-18
MASS_7.3-45
exactRankTests 0.8-28
proto_1.0.0
pkgmaker_0.22

GenomicAlignments_1.10.0

quadprog_1.5-5
base64_2.0
illuminaio_0.16.0
base64enc_0.1-3
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y

Introduction

1.1

1.2

In this vignette we show how TP53 mutation influences drug response of fludarabine and
nutlin-3 in CLL and MCL samples. Moreover, in CLL we take into consideration the size of
the mutated clone within sample.

Set document options & load the libraries

options(stringsAsFactors=FALSE)
library(pace)

Load objects

data(list=c("drpar", "conctab", "patmeta", "drugs", "mutCOM"))

Additional processing functions and parameters

# select drugs
drs = c("D_010","D_006") # fludarabine and nutlin

# function which cuts out appropriate viability data for given patients and drugs
prepareViab = function(dr=drs, pt) {
do.call(cbind, lapply(paste0("c",1:5), function(conc) {
labs = paste(dr, conctab[dr, conc], sep="-")
tmp = t(assayData(drpar)[[pasteO("viaraw.",
substring(conc, 2, 2))11[dr, ptl)
colnames (tmp) = labs
tmp*x100
1)
b

Influence of TP53mt on drug response in CLL

We divide CLL samples into three categories:

1. TP53wt
2. TP53mt with only one clone present
3. TP53mt with multiple clones present

# subselect patients only to CLL
patCLL = rownames (mutCOM) [patmeta[rownames (mutCOM), "Diagnosis"]=="CLL"]
# and the ones for which we have main screen data for
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patCLL = patCLL[patCLL %in% colnames(drpar)]

cs = fData(mutCOM) [patCLL, "TP53 %", drop=FALSE]
wtidx = which(assayData(mutCOM)$binary[rownames(cs), "TP53"]==0)
cs[wtidx, "TP53_%"] = "0"

# use regex to match samples into categories
catlidx = grepl("~0$", cs$"TP53_%")

cat3idx = grepl(";", cs$"TP53_%")

cat2idx = !catlidx & 'cat3idx & !'is.na(cs$"TP53_%")

Number of samples within each category:

cat 1l | cat 2 | cat 3
142 22 14

In the case of the third category, when multiple clones are present, it is ambigous whether
their populations coexist together in a cell or in the separate cells. Therefore for the further
analysis we discard the third category.

Define color palette for clone size.

cols = rev(brewer.pal(11l, "RdGy")[1:6])
cols = colorRampPalette(cols) (101)

Prepare data in a proper format for plotting.

muts = data.frame(cloneSize=as.numeric(cs[catlidx | cat2idx, "TP53_%"]),
row.names=rownames(cs) [catlidx | cat2idx])
muts$mutationStatus = factor(ifelse(muts$cloneSize==0, 0, 1), levels=c(0,1))
# sanity check
stopifnot(identical(as.numeric(as.character(muts$mutationStatus)),
unname (assayData(mutCOM) $binary[ rownames (muts), "TP53"]1)))

# define color for each clone size
muts$color = cols[round(muts$cloneSize)+1]

# prepare accordingly the drug response data
viab = prepareViab(dr=drs, pt=rownames(muts))

And now plot the bee swarm plots for each selected drug-concentration pair stratifying CLL
samples based on TP53 mutation status.
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Clone size
100%:

79%
50%
25%

0%

4 Influence of TP53mt on drug response in MCL

Regarding MCL samples we first stratify them based on TP53 mutation status (0 = wt; 1 =
mt). The number of samples we have in each category is:

# subselect patients only to CLL

patMCL = rownames (mutCOM) [patmeta[rownames(mutCOM), "Diagnosis"]=="MCL"]
# and the ones for which we have main screen data for

patMCL = patMCL[patMCL %in% colnames(drpar)]

muts = data.frame(mutationStatus=factor(
assayData(mutCOM)$binary[patMCL, "TP53"], levels=c(0,1)))

# prepare accordingly the drug response data
viab = prepareViab(dr=drs, pt=rownames(muts))

# colour
bg = c("0 ="azure3", 1 ="corall")

# group sizes

(groups = table(muts$mutationStatus))
##

## 0 1

## 3 7

And now plot the bee swarm plots for each selected drug-concentration pair stratifying MCL
samples based on TP53 mutation status. Assesment of significance of the difference in the
drug response between the two groups (TP53 wt and TP53 mt) is done using Student t-test
with equal variance. p-value from the test is placed in the second line of each plot title.
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5 Session info

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

R version 3.3.2 (2016-10-31)
Platform: x86_64-apple-darwinl3.4.0 (64-bit)
Running under: 0S X Yosemite 10.10.5

locale:

[1] en_US.UTF-8/en_US.UTF-8/en_US.UTF-8/C/en_US.UTF-8/en_US.UTF-8

attached base packages:
[1] stats4 grid parallel stats graphics
[8] datasets methods base

other attached packages:

[1] pace_0.1.33 infotheo 1.2.0

[3] org.Hs.eg.db_3.4.0 AnnotationDbi 1.36.2
[5] cowplot 0.7.0 gridExtra_2.2.1
[7] piano_1.14.5 IHW_1.2.0

[9] minfi_ 1.20.2 bumphunter_1.14.0
[11] locfit_1.5-9.1 iterators_1.0.8
[13] Biostrings_2.42.1 XVector_0.14.0
[15] Rtsne_0.11 dplyr_0.5.0

[17] fields_8.10 maps_3.1.1

[19] spam_1.4-0 Hmisc_4.0-2

[21] Formula_1.2-1 lattice_0.20-34
[23] ipflasso_0.1 pheatmap_1.0.8
[25] glmnet_2.0-5 foreach_1.4.3

[27] Matrix_1.2-8 DESeq2_1.14.1

[29] SummarizedExperiment_1.4.0 GenomicRanges_1.26.2
[31] GenomeInfoDb_1.10.2 IRanges_2.8.1

[33] S4Vectors_0.12.1 reshape2_1.4.2
[35] abind_1.4-5 R.utils_2.5.0

[37] R.00_1.21.0 R.methodsS3_1.7.1
[39] scales_0.4.1 gplots_3.0.1

[41] limma_3.30.10 genefilter_1.56.0
[43] vsn_3.42.3 LSD_3.0

[45] forestplot 1.7 checkmate_1.8.2
[47] magrittr_1.5 maxstat_0.7-24
[49] survival_2.40-1 ggtern_2.2.0

[51] colorspace_1.3-2 VennDiagram_1.6.17
[53] futile.logger_1.4.3 gtable_0.2.0

[55] beeswarm_0.2.3 RColorBrewer_1.1-2
[57]1 ggdendro_0.1-20 ggplot2.2.2.1

[59] Biobase_2.34.0 BiocGenerics_0.20.0
[61] BiocStyle 2.3.30

loaded via a namespace (and not attached):

[1] backports_1.0.5 fastmatch_1.1-0
[3] igraph_1.0.1 plyr_1.8.4
[5] lazyeval 0.2.0 splines_3.3.2

grDevices utils
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[71]
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[81]
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[95]

BiocParallel 1.8.1
digest 0.6.12
htmltools_0.3.5
memoise 1.0.0
annotate_1.52.1
matrixStats_0.51.0
RCurl_1.95-4.8
registry_0.3
compositions_1.40-1
futile.options_1.0.0
relations_0.6-6
rngtools_1.2.4
xtable_1.8-2
foreign_0.8-67
mclust 5.2.2
httr_1.2.1
fgsea_1.0.2
reshape_0.8.6
nnet_7.3-12
tools_3.3.2
fdrtool _1.2.15
stringr_1.1.0
knitr_1.15.1
robustbase _0.92-7
nlme_3.1-130
slam_0.1-40
biomaRt_2.30.0
marray_1.52.0
geneplotter_1.52.0

GenomicFeatures_1.26.2

multtest 2.30.0
bitops_1.0-6
R6.2.2.0
affy_1.52.0
KernSmooth_2.23-15
lambda.r_1.1.9
energy_1.7-0
gtools_3.5.0
assertthat 0.1
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