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About this course

I Common types of plot; What makes a good plot? (Sarah)
I Creating basic plots in R (Mark)
I Practical
I Customising a plot (Mark)
I Tea / Coffee / Biscuits
I Practical
I Manipulating data (Mark)
I Practical



What the course is not

I Introduction to R from scratch
I Advanced / specialised graphics
I ‘Programming’ in R



Other resources

I A course manual
I An R package; crukCIMisc
I An online support forum; bioinf-qa001/



Plotting Basics

Mark Dunning
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Introducing the plot function



Introducing the dataset

Data describing weather conditions in New York City in 1973 were
obtained from the supplementary data to Biostatistics: A
Methodology for the Health Sciences

You can load these data into Excel for reference

http://faculty.washington.edu/heagerty/Books/Biostatistics/index-chapter.html


Reading the data
Like other programs, we need to specify some details about the file
when we read it in



Reading the data

I File location
I Column separator
I Use column headings in file?
I Skip any rows?



Word of caution

Leo Tolstoy:

Happy families are all alike; every unhappy family is
unhappy in its own way.

Hadley Wickham:

Like families, tidy datasets are all alike but every messy
dataset is messy in its own way

http://vimeo.com/33727555

http://vimeo.com/33727555


Reading the data

To import these data into R we use the read.csv function, which
will create a data-frame representation

I Many examples of reading data given in the course manual

data <- read.csv("data/ozone.csv")



Reading the data

If we don’t know where the file is located, we can use the
file.choose function

myfile <- file.choose()
data <- read.csv(myfile)



Exploring the data
You should always check that the data have been imported
correctly by previewing and checking the dimensions.

head(data)

## Ozone Solar.R Wind Temp Month Day
## 1 41 190 7.4 67 5 1
## 2 36 118 8.0 72 5 2
## 3 12 149 12.6 74 5 3
## 4 18 313 11.5 62 5 4
## 5 NA NA 14.3 56 5 5
## 6 28 NA 14.9 66 5 6

dim(data)

## [1] 153 6



Exploring the data
summary(data)

## Ozone Solar.R Wind Temp
## Min. : 1.0 Min. : 7 Min. : 1.70 Min. :56.0
## 1st Qu.: 18.0 1st Qu.:116 1st Qu.: 7.40 1st Qu.:72.0
## Median : 31.5 Median :205 Median : 9.70 Median :79.0
## Mean : 42.1 Mean :186 Mean : 9.96 Mean :77.9
## 3rd Qu.: 63.2 3rd Qu.:259 3rd Qu.:11.50 3rd Qu.:85.0
## Max. :168.0 Max. :334 Max. :20.70 Max. :97.0
## NA's :37 NA's :7
## Month Day
## Min. :5.00 Min. : 1.0
## 1st Qu.:6.00 1st Qu.: 8.0
## Median :7.00 Median :16.0
## Mean :6.99 Mean :15.8
## 3rd Qu.:8.00 3rd Qu.:23.0
## Max. :9.00 Max. :31.0
##

str(data)

## 'data.frame': 153 obs. of 6 variables:
## $ Ozone : int 41 36 12 18 NA 28 23 19 8 NA ...
## $ Solar.R: int 190 118 149 313 NA NA 299 99 19 194 ...
## $ Wind : num 7.4 8 12.6 11.5 14.3 14.9 8.6 13.8 20.1 8.6 ...
## $ Temp : int 67 72 74 62 56 66 65 59 61 69 ...
## $ Month : int 5 5 5 5 5 5 5 5 5 5 ...
## $ Day : int 1 2 3 4 5 6 7 8 9 10 ...



Data representation

The data are stored in a data frame. These are subset using square
brackets []

e.g. print rows 1 to 10 from the first column

data[1:10,1]

## [1] 41 36 12 18 NA 28 23 19 8 NA



Data representation
We can get entire columns and rows by omitting the row or column
index. The result is a vector

data[1,]

## Ozone Solar.R Wind Temp Month Day
## 1 41 190 7.4 67 5 1

data[,1]

## [1] 41 36 12 18 NA 28 23 19 8 NA 7 16 11 14 18 14 34
## [18] 6 30 11 1 11 4 32 NA NA NA 23 45 115 37 NA NA NA
## [35] NA NA NA 29 NA 71 39 NA NA 23 NA NA 21 37 20 12 13
## [52] NA NA NA NA NA NA NA NA NA NA 135 49 32 NA 64 40 77
## [69] 97 97 85 NA 10 27 NA 7 48 35 61 79 63 16 NA NA 80
## [86] 108 20 52 82 50 64 59 39 9 16 78 35 66 122 89 110 NA
## [103] NA 44 28 65 NA 22 59 23 31 44 21 9 NA 45 168 73 NA
## [120] 76 118 84 85 96 78 73 91 47 32 20 23 21 24 44 21 28
## [137] 9 13 46 18 13 24 16 13 23 36 7 14 30 NA 14 18 20



Data representation
The data frame is not altered

dim(data)

## [1] 153 6

data[1,]

## Ozone Solar.R Wind Temp Month Day
## 1 41 190 7.4 67 5 1

dim(data)

## [1] 153 6



About NA

I You may have noticed some NA entries in the vector
I This is R’s way of denoting missing values
I They can cause problems when we try and calculate averages.

Most functions have an na.rm option
I Can also use na.omit



Thinking about the data

What variables do we have?

I Ozone, Wind, Temp (Continuous)
I Month, Day (Discrete)

What are we interested in?

I Trend
I Relationship



Thinking about the plot



Thinking about the plot
A figure consists of

I Data points; each defined by an x and y coordinate
I Axes; defining the range of the data and a label
I Title



Assignment to a variable

I We can extract named columns from a data frame using the $
operator

I The result is a vector

ozone <- data$Ozone



Scatter plots
Suppose we want to look at the change in Ozone level (continuous)

I plot is the general-purpose plotting function in R
I Given a vector it will plot the values in the vector on the y axis,

and index on the x axis
I It will create axes and labels automatically

plot(data$Ozone)
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Scatter plots

I We have 153 points on the plot
I Axis labels, points, title and colours can be altered (see later)

plot(data$Ozone)
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Data visualisation

I Can plot one vector against another
I First argument is plotted on the x axis, second argument on

the y axis

plot(data$Ozone,data$Temp)
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Other ways of visualising a vector
If we were interested in the distribution of the data, we could use a
histogram

hist(data$Ozone)
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Visualising Distributions



The dataset
We have made some observations of cell in different conditions

I Three different groups (categories) in the dataset
I Repeated measurements for each group
I Are the data distributed differently in the different groups?

data <- read.delim("data/plasma.txt")
data

## Untreated Placebo Treated
## 1 3.4 2.3 4.2
## 2 4.3 5.2 7.8
## 3 3.0 4.5 5.9
## 4 3.9 3.1 6.4
## 5 4.1 5.0 7.6



The boxplot

If given a data frame, boxplot will summarize each column
separately and construct the box from the quantiles. Again, the
axes and labels are automatically decided

boxplot(data)
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Plotting individual points

The stripchart or dotchart functions can be used to visualise
individual points

stripchart(data)
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Plotting individual points

The stripchart or dotchart functions can be used to visualise
individual points

dotchart(as.matrix(data))
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Plotting individual points

I vertical = TRUE ensures the plot is in the same orientation
as the boxplot

stripchart(data,vertical=TRUE)
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Plotting individual points

I We can stack or jitter points if required

stripchart(data,vertical=TRUE,method="jitter")
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Plotting individual points

I We can stack or jitter points if required

stripchart(data,vertical=TRUE,method="stack")
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Overlaying points

I add=TRUE argument overlays the stripchart on an existing plot

boxplot(data)
stripchart(data,vertical=TRUE,add=TRUE)
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Summarising the data

summary(data)

## Untreated Placebo Treated
## Min. :3.00 Min. :2.30 Min. :4.20
## 1st Qu.:3.40 1st Qu.:3.10 1st Qu.:5.90
## Median :3.90 Median :4.50 Median :6.40
## Mean :3.74 Mean :4.02 Mean :6.38
## 3rd Qu.:4.10 3rd Qu.:5.00 3rd Qu.:7.60
## Max. :4.30 Max. :5.20 Max. :7.80



Bar plots

To display the data as a barplot, we need to compute the mean of
each column. The colMeans function is convenient for this.

barplot(colMeans(data))
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Calculating error bars

To add error bars we need to calculate the standard deviations

sd(data$Untreated)

## [1] 0.532

sd(data$Placebo)

## [1] 1.264

sd(data$Treated)

## [1] 1.457



Adding error bars
Possible, but recall earlier discussion

dpPlot(data)
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We can still overlay points
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Histograms

You can also make a histogram - (not very useful in this case)

hist(data$Untreated)
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About data formats

I We produce boxplots from data in this format
I Each group of interest is in a different column

data <- read.delim("data/plasma.txt")
data

## Untreated Placebo Treated
## 1 3.4 2.3 4.2
## 2 4.3 5.2 7.8
## 3 3.0 4.5 5.9
## 4 3.9 3.1 6.4
## 5 4.1 5.0 7.6



About data formats
I Given what we know so far, what format should the data for

this plot be in?
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## Month1 Month2 Month3
## 1 41 NA 135
## 2 36 NA 49
## 3 12 NA 32



A note about ‘long data’
I Recall our weather data
I We do not have separate columns for each month
I Ozone observations are stacked on top of each other
I There is an indicator variable to tell us the month
I This is know as ‘long data’

data <- read.csv("data/ozone.csv")
head(data)

## Ozone Solar.R Wind Temp Month Day
## 1 41 190 7.4 67 5 1
## 2 36 118 8.0 72 5 2
## 3 12 149 12.6 74 5 3
## 4 18 313 11.5 62 5 4
## 5 NA NA 14.3 56 5 5
## 6 28 NA 14.9 66 5 6



Boxplot of long data
I Month is a variable in the data frame
I We use formula syntax with the ~ symbol. e.g. y ~ x

boxplot(data$Ozone~data$Month)
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Boxplot of long data

boxplot(data$Temp~data$Month)
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stripchart of long data

stripchart(data$Ozone~data$Month,vertical=TRUE)
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Boxplot of long data
boxplot(data$Ozone~data$Month)
stripchart(data$Ozone~data$Month,vertical=TRUE,add=TRUE)
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Boxplot of long data
I This is equivalent and a bit more concise

boxplot(Ozone~Month,data)
stripchart(Ozone~Month,data,vertical=TRUE,add=TRUE)
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Count data



Making a barplot
I Often we have to make a table before constructing a bar plot

clinical <- read.delim("data/NKI295.pdata.txt")
table(clinical$ER)

##
## Negative Positive
## 69 226

barplot(table(clinical$ER))
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Stacking
counts <- table(clinical$ER,clinical$grade)
counts

##
## Intermediate Poorly diff Well diff
## Negative 11 53 5
## Positive 90 66 70

barplot(counts, legend = rownames(counts))
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Grouping

counts <- table(clinical$ER,clinical$grade)
barplot(counts,beside=TRUE,legend=rownames(counts))
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Curves



Survival curves



Survival curves

To perform a survival analysis we need the following pieces of
information

I Time to Event
I Event (e.g. dead or alive)
I Group



Example data

clinical <- read.delim("data/NKI295.pdata.txt")

Event <- clinical$event_death
Time <- clinical$survival.death.
Group <- clinical$ER



The survival package

library(survival)

## Loading required package: splines

survData <- Surv(Time, Event)
survData[1:10]

## [1] 12.997+ 11.157+ 10.138+ 8.802+ 10.294+ 5.804+ 7.858+ 8.167+
## [9] 8.233+ 7.866+



Making the Survival curve

plot(survfit(survData ~ Group))
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Survival data in Prism

I Prism uses a special format to represent survival data
I See practical for details

sdata <- read.delim("data/Two groups.txt")
head(sdata)

## Days.elapsed Control Treated
## 1 46 1 NA
## 2 46 0 NA
## 3 64 0 NA
## 4 78 1 NA
## 5 124 1 NA
## 6 130 0 NA



Growth Curve

Goal is to produce following



Growth Curve

data <- read.delim("PrimerExamples/Linear regression.txt")
head(data)

## Minutes Control Control.1 Control.2 Treated Treated.1 Treated.2
## 1 1 34 29 28 31 29 44
## 2 2 38 49 53 61 NA 89
## 3 3 57 NA 55 78 99 77
## 4 4 65 65 50 93 111 109
## 5 5 76 91 84 NA 109 141
## 6 6 79 93 98 134 145 129



Procedure

I Gather columns together according to group
I Calculate avearge values for each time point
I Calculate a variability measurement (e.g. standard deviation)
I Plot averages with error bars
I Smooth curve through the points



Shortcut

I We have implemented this in the crukCIMisc package that
accompanies this course - prismTimeSeries

I See practical for example

install.packages("devtools")
library(devtools)
install_github(repo = "crukCIMisc",

username = "markdunning")
library(crukCIMisc)



Dose response

Goal is to produce following



Another shortcut

I Data are similar format as previous example
I see prismDoseResponse in crukCIMisc
I See package drc for more in-depth analysis
I install.packages(drc)



Break for practical



Customising a Plot

Mark Dunning

12/12/2014



Changing how a plot is created



Specifying extra arguments to plot

I The plot function creates a very basic plot
I Many optional arguments can be specified See ?plot
I Other plots e.g. boxplot, hist, barplot are special instances

of plot so can accept the same arguments



Lets re-visit the ozone dataset

The default plots are ugly; No title, un-helpful labels, No colour

data <- read.csv("data/ozone.csv")
plot(data[,1],data[,2])
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Adding a title
plot(data[,1],

main="Relationship between ozone level and Solar Radiation")
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Axis labels

plot(data[,1], xlab="Ozone level")
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Axis labels

plot(data[,1], ylab="Solar Radiation")
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Axis limits

plot(data[,1], ylim=c(50,150))
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Defining a colour

I R can recognise various strings "red",
"orange","green","blue","yellow". . . .

I Or more exotic ones springgreen2, gray91, grey85, khaki3,
maroon, darkred, mediumspringgreen, tomato3. . . .. See
colours().

I See http:
//www.stat.columbia.edu/~tzheng/files/Rcolor.pdf

I Can also use Red Green Blue , hexadecimal, values

http://www.stat.columbia.edu/~tzheng/files/Rcolor.pdf
http://www.stat.columbia.edu/~tzheng/files/Rcolor.pdf


Use of colours
Changing the col argument to plot changes the colour that the
points are plotted in

plot(data[,1],col="red")
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Plotting characters
I R can use a variety of plotting characters
I Each of which has a numeric code

plot(data[,1], pch=16)

0 50 100 150

0
50

10
0

15
0

Index

da
ta

[, 
1]



Plotting characters
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Plotting characters
I Or you can specify a character

plot(data[,1], pch="X")
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Size of points
Character expansion

plot(data[,1], cex=2)
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Size of points
Character expansion

plot(data[,1], cex=0.2)
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Multiple options at the same time

plot(data[,1], pch=16,col="red",
main="Relationship between ozone level and Solar",
xlab="Ozone level",
ylab="Solar")



Multiple options at the same time
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Applicable to other types of plot

data <- read.delim("data/plasma.txt")
data
boxplot(data, main="Cell counts",xlab="Cell type",

ylab="Count",col="red")



Applicable to other types of plot
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What about multiple colours?
I The col, pch and cex arguments are vectors
I Previously we used a vector of length one that was recycled

boxplot(data, main="Cell counts",xlab="Cell type",
ylab="Count",col=c("red","blue","green"))
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Applicable to other types of plot

plot(survfit(SurvData ~ Group),
col=c(CRUKcol("Pink"),CRUKcol("Blue")))
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Don’t get carried away

I Each point can have a unique colour, plotting character, size.
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Can modify specific points
I Suppose we know that observations 117, 62, 99, 121 and 30

were the highest ozone level
I We may wish to plot them a different colour
I a Solution: Create a vector of colours the required length and

modify the appropriate entries

mycols <- rep("black", 153)
mycols[c(117,62,99,121,30)] <- "red"

plot(data[,1], pch=16, col=mycols)
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Using a palette
I The RColorBrewer package has various ready-made colour

schemes

library(RColorBrewer)
display.brewer.all()

BrBG
PiYG

PRGn
PuOr
RdBu
RdGy

RdYlBu
RdYlGn
Spectral

Accent
Dark2
Paired

Pastel1
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Set1
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Set3

Blues
BuGn
BuPu
GnBu

Greens
Greys

Oranges
OrRd
PuBu

PuBuGn
PuRd

Purples
RdPu
Reds
YlGn

YlGnBu
YlOrBr
YlOrRd



Creating a palette
I brewer.pal function creates a vector of the specified length

comprising colours from the named palette

mypal <- brewer.pal(3, "Set1")
boxplot(data, main="Cell counts",xlab="Cell type",

ylab="Count",col=mypal)

Untreated Placebo Treated

3
4

5
6

7
8

Cell counts

Cell type

C
ou

nt



Modifying an existing plot



Initial plot
data <- read.csv("data/ozone.csv")
plot(data$Ozone, data$Solar.R,pch=16)
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The points function

I points can be used to set of points to an existing plot
I it requires a vector of x and y coordinates
I Note that axis limits of the existing plot are not altered



Adding points
data <- read.csv("data/ozone.csv")
plot(data$Ozone, data$Solar.R,pch=16)
points(data$Ozone, data$Wind)
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Adding points
points can also use the pch, col arguments. Useful for
distinguishing between variables

data <- read.csv("data/ozone.csv")
plot(data$Ozone, data$Solar.R,pch=16)
points(data$Ozone, data$Wind,pch=15,col="red")
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Adding points
I Each set of points can have a different colour and shape
I Axis labels and title and limits are defined by the plot
I You can add points ad-nauseum. Try not to make the plot

cluttered!
I A call to plot will start a new graphics window

data <- read.csv("data/ozone.csv")
plot(data$Ozone, data$Solar.R,pch=16)
points(data$Ozone, data$Wind,pch=15)
points(data$Ozone, data$Temp,pch=17)
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Adding points

I Be careful about the order in which you add points

plot(data$Ozone, data$Wind,pch=16)
points(data$Ozone, data$Solar.R,pch=15)
points(data$Ozone, data$Temp,pch=17)
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Adding points

I Can define suitable axis limits in initial plot

plot(data$Ozone, data$Wind,pch=16,ylim=c(0,350))
points(data$Ozone, data$Solar.R,pch=15)
points(data$Ozone, data$Temp,pch=17)
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Adding a legend

plot(data$Ozone, data$Wind,pch=16,ylim=c(0,350))
points(data$Ozone, data$Solar.R,pch=15)
points(data$Ozone, data$Temp,pch=17)
legend("topright", legend=c("Solar","Wind","Temp"),

col="black", pch=c(16,15,17))
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Adding text

mycols <- rep("black", 153)
mycols[c(117,62,99,121,30)] <- "red"

plot(data[,1], pch=16, col=mycols)
text(c(117,62,99,121,30), data[c(117,62,99,121,30),1],

labels=LETTERS[1:5])
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Adding lines

mycols <- rep("black", 153)
mycols[c(117,62,99,121,30)] <- "red"

plot(data[,1], pch=16, col=mycols)
abline(h = 115)
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Adding lines

plot(data[,1], pch=16, col=mycols)
grid(col="steelblue")
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Adding lines
I abline can take a gradient and intercept argument
I for y = x use a=0 and b=1
I Can be used to draw a line of best fit in conjunction with a

linear model

plot(1:10, jitter(1:10))
abline(0,1)
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Adding lines
Lines can also be added to other plots

boxplot(data, main="Cell counts",xlab="Cell type",
ylab="Count",col="red")

abline(h=c(4,5,6),col="steelblue")
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Adding lines

Lines can also be added to other plots

barplot(colMeans(data))
abline(h=c(4,5,6),col="steelblue")
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See also

I rect example(rect)
I polygon example(polygon)
I segments example(segments)



Plot layout options



The par function

I Using the par function prior to creating a plot allows several
plot defaults to be set

I ?par for details



Multiple figures
I We can have multiple figures per row using mfrow
I e.g. one row and three columns
I each new call to plot is added in a new panel
I see also mfcol

par(mfrow=c(1,3))
plot(data[,1],data[,2])
plot(data[,1],data[,3])
plot(data[,1],data[,4])
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Margin size

I the mar vector specifies that amount of space around each
edge of the plot

I c(bottom, left, top, right)
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Exporting a plot



As a png

I png function prior to code to create plot
I file is created in your working directory (doesn’t need to exist)
I dev.off() afterwards
I can also make jpeg in similar fashion

png("mycoolplot.png")
plot(data[,1],data[,2])
dev.off()

## pdf
## 2



As a pdf

I As before, except use pdf

pdf("mycoolplot.pdf")
plot(data[,1],data[,2])
dev.off()

## pdf
## 2



As a pdf

I However, a pdf can have multiple pages
I Can annotate by program such as Photoshop
I Can specify dimensions, dpi etc

pdf("mycoolmultipageplot.pdf")
plot(data[,1],data[,2])
plot(data[,1],data[,3])
dev.off()

## pdf
## 2



Break for practical



Data Manipulation

Mark Dunning

12/12/2014



Data in R are not static

I We can add new variables and observations
I Re-order / sort the existing data
I Create subsets
I Create copies of our data
I Remove old copies using rm



Calculating new variables

data <- read.csv("data/ozone.csv")
TempCelc <- (data$Temp - 32)/1.8
data$TempCelc <- TempCelc
head(data)

## Ozone Solar.R Wind Temp Month Day TempCelc
## 1 41 190 7.4 67 5 1 19.44
## 2 36 118 8.0 72 5 2 22.22
## 3 12 149 12.6 74 5 3 23.33
## 4 18 313 11.5 62 5 4 16.67
## 5 NA NA 14.3 56 5 5 13.33
## 6 28 NA 14.9 66 5 6 18.89



Appending columns

data <- read.csv("data/ozone.csv")
TempCelc <- (data$Temp - 32)/1.8
newdata <- data.frame(TempCelc,

MonthName = month.name[data$Month])
head(cbind(data, newdata))

## Ozone Solar.R Wind Temp Month Day TempCelc MonthName
## 1 41 190 7.4 67 5 1 19.44 May
## 2 36 118 8.0 72 5 2 22.22 May
## 3 12 149 12.6 74 5 3 23.33 May
## 4 18 313 11.5 62 5 4 16.67 May
## 5 NA NA 14.3 56 5 5 13.33 May
## 6 28 NA 14.9 66 5 6 18.89 May



Adding new observations

I We can add new rows (observations) to a dataset
I Useful if data are spread across multiple files
I Take care that columns are the same

newobs <- c(50, 140, 8, 67, 10,1,19.4)
data2 <- rbind(data,newobs)
tail(data2)

## Ozone Solar.R Wind Temp Month Day
## 149 30 193 6.9 70 9 26
## 150 NA 145 13.2 77 9 27
## 151 14 191 14.3 75 9 28
## 152 18 131 8.0 76 9 29
## 153 20 223 11.5 68 9 30
## 154 50 140 8.0 67 10 1



Re-ordering and sorting

I At the moment, these data are in date-order

data <- read.csv("data/ozone.csv")
head(data)

## Ozone Solar.R Wind Temp Month Day
## 1 41 190 7.4 67 5 1
## 2 36 118 8.0 72 5 2
## 3 12 149 12.6 74 5 3
## 4 18 313 11.5 62 5 4
## 5 NA NA 14.3 56 5 5
## 6 28 NA 14.9 66 5 6

I We might want to know the hottest days



Re-ordering and sorting

sort(data$Temp)

## [1] 56 57 57 57 58 58 59 59 61 61 61 62 62 63 64 64 65 65 66 66 66 67 67
## [24] 67 67 68 68 68 68 69 69 69 70 71 71 71 72 72 72 73 73 73 73 73 74 74
## [47] 74 74 75 75 75 75 76 76 76 76 76 76 76 76 76 77 77 77 77 77 77 77 78
## [70] 78 78 78 78 78 79 79 79 79 79 79 80 80 80 80 80 81 81 81 81 81 81 81
## [93] 81 81 81 81 82 82 82 82 82 82 82 82 82 83 83 83 83 84 84 84 84 84 85
## [116] 85 85 85 85 86 86 86 86 86 86 86 87 87 87 87 87 88 88 88 89 89 90 90
## [139] 90 91 91 92 92 92 92 92 93 93 93 94 94 96 97



Re-ordering and sorting

sort(data$Temp,decreasing = TRUE)

## [1] 97 96 94 94 93 93 93 92 92 92 92 92 91 91 90 90 90 89 89 88 88 88 87
## [24] 87 87 87 87 86 86 86 86 86 86 86 85 85 85 85 85 84 84 84 84 84 83 83
## [47] 83 83 82 82 82 82 82 82 82 82 82 81 81 81 81 81 81 81 81 81 81 81 80
## [70] 80 80 80 80 79 79 79 79 79 79 78 78 78 78 78 78 77 77 77 77 77 77 77
## [93] 76 76 76 76 76 76 76 76 76 75 75 75 75 74 74 74 74 73 73 73 73 73 72
## [116] 72 72 71 71 71 70 69 69 69 68 68 68 68 67 67 67 67 66 66 66 65 65 64
## [139] 64 63 62 62 61 61 61 59 59 58 58 57 57 57 56



Re-ordering and sorting
I What is the difference between the output of sort and order?

tempOrder <- order(data$Temp, decreasing = TRUE)
length(tempOrder)

## [1] 153

tempOrder

## [1] 120 122 121 123 42 126 127 43 69 70 102 125 75 124 40 100 101
## [18] 71 99 68 89 119 39 41 80 98 128 85 88 90 96 103 104 118
## [35] 36 63 81 86 97 35 62 65 79 129 61 66 67 91 38 44 72
## [52] 78 84 87 95 105 143 29 64 74 77 83 92 93 94 117 134 146
## [69] 45 59 76 106 130 30 37 46 107 109 116 32 57 111 112 131 139
## [86] 47 52 60 108 113 136 150 31 51 53 54 55 110 135 141 152 56
## [103] 115 132 151 3 11 33 82 22 50 58 73 133 2 48 114 137 138
## [120] 145 149 10 12 147 14 19 142 153 1 28 34 140 6 13 17 7
## [137] 49 16 144 148 4 20 9 23 24 8 21 15 26 18 25 27 5



Re-ordering and sorting
I sort gives the values in sorted order
I order gives indices
I we can use the result of order to subset the data

tempOrder[1:5]

## [1] 120 122 121 123 42

data[tempOrder[1:5],]

## Ozone Solar.R Wind Temp Month Day
## 120 76 203 9.7 97 8 28
## 122 84 237 6.3 96 8 30
## 121 118 225 2.3 94 8 29
## 123 85 188 6.3 94 8 31
## 42 NA 259 10.9 93 6 11



Writing a new file

I At this point, we might want to write our re-ordered data to a
file

newData <- data[tempOrder,]
dim(newData)

## [1] 153 6

write.csv(newData, file="reorderedWeather.csv")



General Subsetting

I We have already seen how to subset using numeric indexes
I We can also subset using logical vectors
I i.e. a vector of TRUE or FALSE values

myvec <- 1:10
myvec

## [1] 1 2 3 4 5 6 7 8 9 10

myvec[c(TRUE, TRUE, FALSE,FALSE,TRUE,TRUE,
FALSE, FALSE,FALSE,TRUE)]

## [1] 1 2 5 6 10



General Subsetting

I The TRUE or FALSE values can be derived from a test such as
I <, >, ==, !=
I Mulitple conditions can be tested using & (and) | (or)
I Also is.na, is.infinite and more. . . ..



Adding points
I Suppose we are interested in days with Ozone level over 100
I Use the > function
I Get a TRUE or FALSE for every observation

data$Ozone > 100

## [1] FALSE FALSE FALSE FALSE NA FALSE FALSE FALSE FALSE NA FALSE
## [12] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
## [23] FALSE FALSE NA NA NA FALSE FALSE TRUE FALSE NA NA
## [34] NA NA NA NA FALSE NA FALSE FALSE NA NA FALSE
## [45] NA NA FALSE FALSE FALSE FALSE FALSE NA NA NA NA
## [56] NA NA NA NA NA NA TRUE FALSE FALSE NA FALSE
## [67] FALSE FALSE FALSE FALSE FALSE NA FALSE FALSE NA FALSE FALSE
## [78] FALSE FALSE FALSE FALSE FALSE NA NA FALSE TRUE FALSE FALSE
## [89] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE
## [100] FALSE TRUE NA NA FALSE FALSE FALSE NA FALSE FALSE FALSE
## [111] FALSE FALSE FALSE FALSE NA FALSE TRUE FALSE NA FALSE TRUE
## [122] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
## [133] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
## [144] FALSE FALSE FALSE FALSE FALSE FALSE NA FALSE FALSE FALSE



Adding points

I Get the TRUE indices using the which function

highOzone <- which(data$Ozone > 100)
highOzone

## [1] 30 62 86 99 101 117 121



Adding points

I Now do the subset

data[highOzone,]

## Ozone Solar.R Wind Temp Month Day
## 30 115 223 5.7 79 5 30
## 62 135 269 4.1 84 7 1
## 86 108 223 8.0 85 7 25
## 99 122 255 4.0 89 8 7
## 101 110 207 8.0 90 8 9
## 117 168 238 3.4 81 8 25
## 121 118 225 2.3 94 8 29

I Could write this to a file if we wish. . . .



Adding points

I The points funtion is used to add points to an existing plot
I We need to give it a set of x and y coordinates
I The x values are the indices we’ve just computed.
I y values are obtained by subsetting the Ozone variable

newX <- highOzone
newY <- data$Ozone[newX]



Adding points

highOzone <- which(data$Ozone > 100)
plot(data$Ozone)
abline(h=100)
points(newX, newY,col="red",pch=16)
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Subsetting by text

We now consider the clinical characteristics of a breast cancer cohort

clinical <- read.delim("data/NKI295.pdata.txt")
table(clinical$ER)

##
## Negative Positive
## 69 226



Subsetting by text
We might wish to know the identity of ER negative samples

I Note the double ==

clinical$ER == "Negative"

## [1] FALSE FALSE TRUE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE
## [12] FALSE TRUE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE TRUE
## [23] FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE TRUE TRUE TRUE
## [34] FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
## [45] FALSE FALSE FALSE FALSE FALSE TRUE TRUE FALSE FALSE FALSE TRUE
## [56] TRUE FALSE FALSE FALSE FALSE TRUE FALSE TRUE FALSE FALSE TRUE
## [67] FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE FALSE
## [78] FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE
## [89] FALSE TRUE FALSE TRUE FALSE TRUE FALSE TRUE FALSE FALSE TRUE
## [100] FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE
## [111] FALSE TRUE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE
## [122] FALSE FALSE TRUE FALSE FALSE TRUE TRUE FALSE FALSE FALSE FALSE
## [133] TRUE FALSE TRUE FALSE TRUE FALSE TRUE FALSE FALSE FALSE TRUE
## [144] TRUE TRUE FALSE FALSE TRUE FALSE FALSE TRUE FALSE TRUE FALSE
## [155] FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE
## [166] FALSE TRUE FALSE FALSE TRUE TRUE TRUE FALSE FALSE FALSE FALSE
## [177] FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
## [188] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
## [199] FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE TRUE
## [210] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
## [221] FALSE TRUE FALSE TRUE FALSE FALSE FALSE TRUE FALSE TRUE TRUE
## [232] FALSE TRUE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE TRUE
## [243] FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE
## [254] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE
## [265] FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE
## [276] FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
## [287] FALSE FALSE TRUE FALSE TRUE FALSE TRUE FALSE FALSE



Returning indices

which(clinical$ER == "Negative")

## [1] 3 4 7 13 19 22 28 31 32 33 35 38 50 51 55 56 61
## [18] 63 66 68 71 76 82 90 92 94 96 99 101 110 112 117 124 127
## [35] 128 133 135 137 139 143 144 145 148 151 153 160 167 170 171 172 178
## [52] 206 209 222 224 228 230 231 233 236 239 242 248 262 267 273 289 291
## [69] 293



Potential trap number 1.

which(clinical$ER == "negative")

## integer(0)



Potential trap number 2.

which(clinical$er == "Negative")

## integer(0)



Potential trap number 3.

match("Negative", clinical$ER)

## [1] 3



Use in subsetting
clinical[which(clinical$ER == "Negative"),]

## sampleNames Label_Traing_and_Validation event_death
## 3 NKI295_7 Training 0
## 4 NKI295_8 Validation 0
## 7 NKI295_12 Training 0
## 13 NKI295_28 Training 0
## 19 NKI295_48 Validation 1
## 22 NKI295_57 Training 1
## 28 NKI295_71 Training 1
## 31 NKI295_75 Validation 1
## 32 NKI295_76 Training 1
## 33 NKI295_103 Validation 1
## 35 NKI295_109 Training 0
## 38 NKI295_113 Validation 1
## 50 NKI295_130 Training 0
## 51 NKI295_131 Validation 1
## 55 NKI295_135 Validation 0
## 56 NKI295_136 Validation 1
## 61 NKI295_141 Validation 1
## 63 NKI295_144 Training 0
## 66 NKI295_147 Validation 1
## 68 NKI295_149 Validation 0
## 71 NKI295_153 Training 1
## 76 NKI295_158 Training 1
## 82 NKI295_164 Training 0
## 90 NKI295_175 Training 1
## 92 NKI295_177 Validation 1
## 94 NKI295_179 Validation 0
## 96 NKI295_181 Training 0
## 99 NKI295_184 Validation 1
## 101 NKI295_186 Training 1
## 110 NKI295_195 Training 0
## 112 NKI295_197 Training 0
## 117 NKI295_202 Validation 1
## 124 NKI295_212 Validation 1
## 127 NKI295_215 Training 0
## 128 NKI295_217 Training 1
## 133 NKI295_222 Training 1
## 135 NKI295_226 Training 0
## 137 NKI295_228 Training 1
## 139 NKI295_230 Training 1
## 143 NKI295_236 Training 0
## 144 NKI295_237 Training 1
## 145 NKI295_238 Validation 1
## 148 NKI295_241 Training 1
## 151 NKI295_246 Validation 0
## 153 NKI295_248 Validation 0
## 160 NKI295_257 Validation 1
## 167 NKI295_265 Training 0
## 170 NKI295_268 Validation 0
## 171 NKI295_269 Training 1
## 172 NKI295_270 Training 1
## 178 NKI295_276 Validation 1
## 206 NKI295_307 Training 1
## 209 NKI295_310 Validation 0
## 222 NKI295_324 Training 0
## 224 NKI295_326 Training 0
## 228 NKI295_330 Validation 0
## 230 NKI295_332 Training 0
## 231 NKI295_333 Validation 0
## 233 NKI295_335 Validation 0
## 236 NKI295_338 Training 0
## 239 NKI295_341 Training 1
## 242 NKI295_344 Training 0
## 248 NKI295_350 Training 0
## 262 NKI295_364 Validation 0
## 267 NKI295_369 Training 1
## 273 NKI295_377 Training 1
## 289 NKI295_396 Training 0
## 291 NKI295_398 Validation 0
## 293 NKI295_402 Training 0
## Distant_metastasis_as_first_event.MCR. survival.death. timerecu.MCR.
## 3 0 10.1383 10.1383
## 4 0 8.8022 8.8022
## 7 0 7.8576 7.8576
## 13 0 6.2450 6.2450
## 19 1 2.1726 1.0267
## 22 1 5.1508 2.2971
## 28 1 2.6083 1.9822
## 31 1 2.2905 2.2094
## 32 1 3.7370 2.1273
## 33 1 5.7796 4.9528
## 35 1 3.2252 3.1951
## 38 1 3.2416 0.9966
## 50 0 7.2964 7.2964
## 51 0 4.6626 1.1143
## 55 0 9.3306 9.3306
## 56 1 3.8220 3.4387
## 61 1 2.0643 1.4018
## 63 0 14.1273 14.1273
## 66 1 2.7077 1.6099
## 68 0 17.2402 17.2402
## 71 1 3.0363 1.1773
## 76 1 3.9069 2.8118
## 82 0 5.6646 5.6646
## 90 1 7.6742 7.5948
## 92 1 9.7112 8.9254
## 94 0 12.7639 12.7639
## 96 0 11.8001 10.8172
## 99 1 4.4052 1.2101
## 101 0 11.7399 11.7399
## 110 0 11.5455 2.0507
## 112 0 11.0472 11.0472
## 117 1 4.8460 3.3784
## 124 0 12.1451 12.1451
## 127 0 10.3518 10.3518
## 128 1 1.9466 1.7166
## 133 0 3.3073 2.2533
## 135 0 8.7912 8.7912
## 137 1 1.4346 1.2238
## 139 1 0.7118 0.2710
## 143 0 2.4832 2.4832
## 144 1 1.3169 1.1526
## 145 0 2.1520 1.0075
## 148 1 2.1328 2.0041
## 151 0 11.4497 4.1780
## 153 0 4.9336 4.9336
## 160 0 2.5873 1.7166
## 167 0 6.7899 6.7899
## 170 0 7.0883 7.0883
## 171 1 1.3525 0.9363
## 172 0 2.9624 2.9624
## 178 1 1.0732 0.6489
## 206 1 2.8063 1.9658
## 209 0 9.0979 9.0979
## 222 0 8.8597 8.8597
## 224 0 8.2984 8.2984
## 228 0 5.1992 5.1992
## 230 0 7.9918 7.9918
## 231 0 8.4956 8.4956
## 233 0 7.4771 7.4771
## 236 0 6.3436 6.3436
## 239 1 2.3628 1.7331
## 242 0 6.8747 6.8747
## 248 0 3.2854 3.2854
## 262 0 18.0808 18.0808
## 267 1 6.5708 3.2580
## 273 1 9.5305 8.5284
## 289 0 10.2313 10.2313
## 291 0 8.4244 8.4244
## 293 0 7.3785 7.3785
## diameter.mm. size node grade ER Age.years. X70_genes
## 3 20 <=2cm negative Well diff Negative 46 Good
## 4 28 2-5cm negative Poorly diff Negative 48 Poor
## 7 22 2-5cm negative Poorly diff Negative 46 Poor
## 13 15 <=2cm negative Poorly diff Negative 40 Good
## 19 32 2-5cm negative Poorly diff Negative 30 Poor
## 22 25 2-5cm negative Poorly diff Negative 28 Poor
## 28 30 2-5cm negative Poorly diff Negative 48 Poor
## 31 28 2-5cm negative Poorly diff Negative 52 Poor
## 32 30 2-5cm negative Intermediate Negative 52 Poor
## 33 30 2-5cm negative Poorly diff Negative 42 Poor
## 35 20 <=2cm negative Poorly diff Negative 41 Poor
## 38 12 <=2cm negative Intermediate Negative 47 Poor
## 50 18 <=2cm positive Poorly diff Negative 47 Poor
## 51 17 <=2cm negative Poorly diff Negative 39 Poor
## 55 20 <=2cm positive Poorly diff Negative 45 Poor
## 56 40 2-5cm positive Poorly diff Negative 31 Poor
## 61 30 2-5cm negative Poorly diff Negative 33 Poor
## 63 30 2-5cm negative Poorly diff Negative 38 Poor
## 66 17 <=2cm positive Intermediate Negative 38 Poor
## 68 30 2-5cm positive Intermediate Negative 44 Poor
## 71 50 2-5cm negative Poorly diff Negative 37 Poor
## 76 28 2-5cm positive Poorly diff Negative 49 Poor
## 82 30 2-5cm negative Poorly diff Negative 50 Poor
## 90 15 <=2cm negative Intermediate Negative 48 Poor
## 92 25 2-5cm positive Poorly diff Negative 48 Poor
## 94 30 2-5cm negative Poorly diff Negative 40 Poor
## 96 20 <=2cm negative Poorly diff Negative 35 Poor
## 99 23 2-5cm positive Poorly diff Negative 44 Poor
## 101 24 2-5cm positive Intermediate Negative 47 Poor
## 110 20 <=2cm positive Intermediate Negative 45 Poor
## 112 10 <=2cm positive Well diff Negative 37 Poor
## 117 39 2-5cm negative Poorly diff Negative 47 Poor
## 124 20 <=2cm negative Intermediate Negative 42 Poor
## 127 27 2-5cm negative Poorly diff Negative 49 Poor
## 128 25 2-5cm positive Poorly diff Negative 43 Poor
## 133 15 <=2cm negative Poorly diff Negative 34 Poor
## 135 10 <=2cm negative Poorly diff Negative 49 Poor
## 137 35 2-5cm negative Poorly diff Negative 39 Poor
## 139 20 <=2cm negative Poorly diff Negative 28 Poor
## 143 20 <=2cm positive Poorly diff Negative 49 Poor
## 144 25 2-5cm negative Poorly diff Negative 50 Poor
## 145 26 2-5cm negative Poorly diff Negative 42 Poor
## 148 25 2-5cm negative Poorly diff Negative 41 Poor
## 151 14 <=2cm negative Poorly diff Negative 35 Poor
## 153 15 <=2cm negative Poorly diff Negative 40 Poor
## 160 25 2-5cm positive Poorly diff Negative 32 Good
## 167 45 2-5cm positive Poorly diff Negative 41 Poor
## 170 35 2-5cm negative Poorly diff Negative 38 Poor
## 171 35 2-5cm positive Poorly diff Negative 38 Poor
## 172 34 2-5cm negative Poorly diff Negative 50 Poor
## 178 35 2-5cm positive Poorly diff Negative 37 Poor
## 206 30 2-5cm positive Poorly diff Negative 44 Poor
## 209 15 <=2cm positive Poorly diff Negative 45 Poor
## 222 40 2-5cm positive Poorly diff Negative 46 Poor
## 224 28 2-5cm negative Poorly diff Negative 39 Poor
## 228 15 <=2cm positive Poorly diff Negative 26 Poor
## 230 21 2-5cm positive Poorly diff Negative 49 Poor
## 231 21 2-5cm negative Poorly diff Negative 44 Poor
## 233 42 2-5cm positive Poorly diff Negative 48 Poor
## 236 18 <=2cm negative Poorly diff Negative 49 Poor
## 239 30 2-5cm positive Intermediate Negative 45 Poor
## 242 13 <=2cm negative Well diff Negative 44 Poor
## 248 15 <=2cm positive Well diff Negative 46 Poor
## 262 19 <=2cm negative Intermediate Negative 49 Poor
## 267 20 <=2cm negative Intermediate Negative 39 Poor
## 273 20 <=2cm positive Poorly diff Negative 52 Poor
## 289 25 2-5cm positive Poorly diff Negative 51 Poor
## 291 25 2-5cm negative Poorly diff Negative 34 Poor
## 293 15 <=2cm negative Well diff Negative 47 Poor
## Sorlie_Corr_5 Sorlie_cor_CutOff_0.1 Cor.Normal Cor.ERBB2 Cor.LumA
## 3 Normal 0.0529052 0.03269 -0.23406
## 4 Basal Basal -0.0889397 -0.00735 -0.38653
## 7 Basal Basal 0.0801998 0.18294 -0.46805
## 13 Normal Normal 0.3020332 0.03976 -0.31978
## 19 Basal Basal 0.0297498 0.16049 -0.55994
## 22 Basal Basal -0.0710760 0.06715 -0.47689
## 28 Basal Basal 0.0858239 0.14447 -0.46739
## 31 Basal Basal 0.1088717 0.17697 -0.57733
## 32 HER2 HER2 -0.2051795 0.45104 -0.47902
## 33 Basal Basal -0.0510155 0.17273 -0.53642
## 35 HER2 HER2 -0.2170709 0.39705 -0.39376
## 38 HER2 -0.1040121 0.07087 -0.26285
## 50 HER2 HER2 -0.1270278 0.33403 -0.40794
## 51 Basal Basal -0.0393959 0.16213 -0.45186
## 55 Basal Basal -0.0726022 0.08519 -0.48820
## 56 HER2 HER2 -0.1963300 0.29059 -0.27849
## 61 HER2 HER2 -0.2766166 0.36191 -0.45885
## 63 Basal Basal -0.1484261 0.07606 -0.35493
## 66 HER2 HER2 -0.2144365 0.43962 -0.45854
## 68 HER2 HER2 -0.0207055 0.29272 -0.25278
## 71 HER2 HER2 -0.1240435 0.10261 -0.22092
## 76 HER2 HER2 -0.0522177 0.32017 -0.43512
## 82 Basal Basal -0.0336396 0.20029 -0.57274
## 90 Basal Basal -0.0612231 0.14650 -0.52745
## 92 Basal Basal -0.1136858 0.12840 -0.45257
## 94 HER2 HER2 0.0138360 0.36128 -0.55246
## 96 LuminalB LuminalB -0.3093903 0.23858 -0.24987
## 99 Basal Basal -0.1007169 0.15255 -0.56954
## 101 Basal Basal 0.0691141 0.15774 -0.53300
## 110 Basal Basal -0.0707432 0.16465 -0.47140
## 112 HER2 HER2 -0.0596202 0.17222 -0.30153
## 117 Basal Basal 0.0003245 0.37419 -0.55478
## 124 Basal Basal 0.1362482 0.24973 -0.62012
## 127 Basal Basal -0.0263734 0.11467 -0.53962
## 128 HER2 HER2 -0.1079308 0.22165 -0.29572
## 133 Basal Basal -0.0323945 0.09888 -0.53374
## 135 Basal Basal -0.1139285 0.12652 -0.44186
## 137 Basal Basal 0.0518453 0.23438 -0.60139
## 139 HER2 HER2 -0.0711219 0.39500 -0.61229
## 143 LuminalB LuminalB -0.2620338 0.31367 -0.35790
## 144 Basal Basal -0.1218118 0.13575 -0.25158
## 145 Basal Basal -0.0190170 0.14205 -0.58416
## 148 Basal Basal 0.0752095 0.23155 -0.54831
## 151 HER2 HER2 -0.1141820 0.34174 -0.34372
## 153 Basal Basal 0.1919070 0.18998 -0.54051
## 160 HER2 HER2 -0.1074449 0.32256 -0.43517
## 167 Basal Basal -0.1212165 0.18962 -0.50163
## 170 Basal Basal -0.0131717 0.07410 -0.49879
## 171 Basal Basal 0.1110954 0.08923 -0.47540
## 172 Basal Basal -0.0553740 0.13879 -0.52921
## 178 Basal Basal -0.0136254 0.23388 -0.49742
## 206 Basal Basal -0.0203031 0.19962 -0.51784
## 209 Basal Basal -0.0142238 0.17088 -0.49286
## 222 Basal Basal 0.0784802 0.12290 -0.46062
## 224 Basal Basal -0.0626846 0.18834 -0.62337
## 228 Basal Basal -0.0602868 0.16697 -0.55610
## 230 Basal Basal -0.0211998 0.22886 -0.58294
## 231 HER2 HER2 -0.3486373 0.21989 -0.31510
## 233 Basal Basal -0.0818119 0.16367 -0.53095
## 236 Basal Basal -0.0295261 0.21974 -0.55332
## 239 HER2 HER2 -0.2042691 0.27253 -0.36272
## 242 Basal Basal -0.0499572 0.25172 -0.55496
## 248 LuminalB LuminalB -0.1815342 0.12692 -0.24969
## 262 HER2 -0.0027119 0.07903 -0.06136
## 267 HER2 HER2 -0.1949604 0.23919 -0.24786
## 273 Basal Basal -0.0468200 0.22260 -0.58601
## 289 LuminalB LuminalB -0.3211997 0.16610 -0.28477
## 291 Basal Basal -0.0053926 0.16270 -0.44118
## 293 Basal Basal -0.0758707 0.09055 -0.35700
## Cor.LumB Cor.Basal Fan.nearest.centroid
## 3 -0.010105 -0.009652 Normal
## 4 0.215609 0.391075 Basal
## 7 0.040508 0.483677 Basal
## 13 -0.044473 0.147230 Normal
## 19 0.041250 0.607591 Basal
## 22 0.138199 0.499892 Basal
## 28 -0.023234 0.416117 Basal
## 31 0.034621 0.551417 Basal
## 32 0.175930 0.204586 Basal
## 33 0.152593 0.560624 Basal
## 35 0.197719 0.114608 HER2
## 38 0.038740 0.022895 Normal
## 50 0.109804 0.145252 HER2
## 51 0.144606 0.424562 Basal
## 55 0.156097 0.543075 Basal
## 56 0.230154 0.054799 HER2
## 61 0.303297 0.205446 HER2
## 63 0.134012 0.356288 Basal
## 66 0.231562 0.164621 HER2
## 68 0.037117 0.057618 HER2
## 71 0.086037 0.051005 HER2
## 76 0.140192 0.236541 HER2
## 82 0.143577 0.530891 Basal
## 90 0.122479 0.534706 Basal
## 92 0.141249 0.374828 Basal
## 94 0.059478 0.244939 Basal
## 96 0.340117 0.027375 HER2
## 99 0.192379 0.541222 Basal
## 101 0.077111 0.493470 Basal
## 110 0.187612 0.374308 Basal
## 112 0.038864 0.145200 Normal
## 117 0.133469 0.414534 Basal
## 124 0.023896 0.498064 Basal
## 127 0.133654 0.557817 Basal
## 128 0.218420 0.083212 HER2
## 133 0.125552 0.538840 Basal
## 135 0.246084 0.438542 Basal
## 137 0.127606 0.591659 Basal
## 139 0.145795 0.392337 Basal
## 143 0.333461 0.090429 HER2
## 144 0.086603 0.187314 Basal
## 145 0.082378 0.553361 Basal
## 148 0.080353 0.574261 Basal
## 151 0.178806 0.098129 HER2
## 153 -0.015143 0.520344 Basal
## 160 0.161667 0.022710 HER2
## 167 0.271628 0.455121 Basal
## 170 0.131224 0.523034 Basal
## 171 0.032922 0.533419 Basal
## 172 0.103952 0.547695 Basal
## 178 0.043766 0.372322 Basal
## 206 0.132197 0.471987 Basal
## 209 0.069893 0.494354 Basal
## 222 0.090019 0.459114 Basal
## 224 0.123203 0.581324 Basal
## 228 0.132952 0.526423 Basal
## 230 0.104559 0.522585 Basal
## 231 0.216271 -0.009739 HER2
## 233 0.155952 0.483129 Basal
## 236 0.084046 0.481367 Basal
## 239 0.026724 0.056925 HER2
## 242 0.037891 0.451748 Basal
## 248 0.185558 0.165636 Basal
## 262 -0.004418 -0.007248 Normal
## 267 0.071914 0.019765 HER2
## 273 0.112501 0.329134 Basal
## 289 0.267085 0.003648 HER2
## 291 0.091472 0.404080 Basal
## 293 0.101833 0.290824 Basal



Alternative
I grep finds indices of all entries that match

clinical[grep("Negative",clinical$ER),]

## sampleNames Label_Traing_and_Validation event_death
## 3 NKI295_7 Training 0
## 4 NKI295_8 Validation 0
## 7 NKI295_12 Training 0
## 13 NKI295_28 Training 0
## 19 NKI295_48 Validation 1
## 22 NKI295_57 Training 1
## 28 NKI295_71 Training 1
## 31 NKI295_75 Validation 1
## 32 NKI295_76 Training 1
## 33 NKI295_103 Validation 1
## 35 NKI295_109 Training 0
## 38 NKI295_113 Validation 1
## 50 NKI295_130 Training 0
## 51 NKI295_131 Validation 1
## 55 NKI295_135 Validation 0
## 56 NKI295_136 Validation 1
## 61 NKI295_141 Validation 1
## 63 NKI295_144 Training 0
## 66 NKI295_147 Validation 1
## 68 NKI295_149 Validation 0
## 71 NKI295_153 Training 1
## 76 NKI295_158 Training 1
## 82 NKI295_164 Training 0
## 90 NKI295_175 Training 1
## 92 NKI295_177 Validation 1
## 94 NKI295_179 Validation 0
## 96 NKI295_181 Training 0
## 99 NKI295_184 Validation 1
## 101 NKI295_186 Training 1
## 110 NKI295_195 Training 0
## 112 NKI295_197 Training 0
## 117 NKI295_202 Validation 1
## 124 NKI295_212 Validation 1
## 127 NKI295_215 Training 0
## 128 NKI295_217 Training 1
## 133 NKI295_222 Training 1
## 135 NKI295_226 Training 0
## 137 NKI295_228 Training 1
## 139 NKI295_230 Training 1
## 143 NKI295_236 Training 0
## 144 NKI295_237 Training 1
## 145 NKI295_238 Validation 1
## 148 NKI295_241 Training 1
## 151 NKI295_246 Validation 0
## 153 NKI295_248 Validation 0
## 160 NKI295_257 Validation 1
## 167 NKI295_265 Training 0
## 170 NKI295_268 Validation 0
## 171 NKI295_269 Training 1
## 172 NKI295_270 Training 1
## 178 NKI295_276 Validation 1
## 206 NKI295_307 Training 1
## 209 NKI295_310 Validation 0
## 222 NKI295_324 Training 0
## 224 NKI295_326 Training 0
## 228 NKI295_330 Validation 0
## 230 NKI295_332 Training 0
## 231 NKI295_333 Validation 0
## 233 NKI295_335 Validation 0
## 236 NKI295_338 Training 0
## 239 NKI295_341 Training 1
## 242 NKI295_344 Training 0
## 248 NKI295_350 Training 0
## 262 NKI295_364 Validation 0
## 267 NKI295_369 Training 1
## 273 NKI295_377 Training 1
## 289 NKI295_396 Training 0
## 291 NKI295_398 Validation 0
## 293 NKI295_402 Training 0
## Distant_metastasis_as_first_event.MCR. survival.death. timerecu.MCR.
## 3 0 10.1383 10.1383
## 4 0 8.8022 8.8022
## 7 0 7.8576 7.8576
## 13 0 6.2450 6.2450
## 19 1 2.1726 1.0267
## 22 1 5.1508 2.2971
## 28 1 2.6083 1.9822
## 31 1 2.2905 2.2094
## 32 1 3.7370 2.1273
## 33 1 5.7796 4.9528
## 35 1 3.2252 3.1951
## 38 1 3.2416 0.9966
## 50 0 7.2964 7.2964
## 51 0 4.6626 1.1143
## 55 0 9.3306 9.3306
## 56 1 3.8220 3.4387
## 61 1 2.0643 1.4018
## 63 0 14.1273 14.1273
## 66 1 2.7077 1.6099
## 68 0 17.2402 17.2402
## 71 1 3.0363 1.1773
## 76 1 3.9069 2.8118
## 82 0 5.6646 5.6646
## 90 1 7.6742 7.5948
## 92 1 9.7112 8.9254
## 94 0 12.7639 12.7639
## 96 0 11.8001 10.8172
## 99 1 4.4052 1.2101
## 101 0 11.7399 11.7399
## 110 0 11.5455 2.0507
## 112 0 11.0472 11.0472
## 117 1 4.8460 3.3784
## 124 0 12.1451 12.1451
## 127 0 10.3518 10.3518
## 128 1 1.9466 1.7166
## 133 0 3.3073 2.2533
## 135 0 8.7912 8.7912
## 137 1 1.4346 1.2238
## 139 1 0.7118 0.2710
## 143 0 2.4832 2.4832
## 144 1 1.3169 1.1526
## 145 0 2.1520 1.0075
## 148 1 2.1328 2.0041
## 151 0 11.4497 4.1780
## 153 0 4.9336 4.9336
## 160 0 2.5873 1.7166
## 167 0 6.7899 6.7899
## 170 0 7.0883 7.0883
## 171 1 1.3525 0.9363
## 172 0 2.9624 2.9624
## 178 1 1.0732 0.6489
## 206 1 2.8063 1.9658
## 209 0 9.0979 9.0979
## 222 0 8.8597 8.8597
## 224 0 8.2984 8.2984
## 228 0 5.1992 5.1992
## 230 0 7.9918 7.9918
## 231 0 8.4956 8.4956
## 233 0 7.4771 7.4771
## 236 0 6.3436 6.3436
## 239 1 2.3628 1.7331
## 242 0 6.8747 6.8747
## 248 0 3.2854 3.2854
## 262 0 18.0808 18.0808
## 267 1 6.5708 3.2580
## 273 1 9.5305 8.5284
## 289 0 10.2313 10.2313
## 291 0 8.4244 8.4244
## 293 0 7.3785 7.3785
## diameter.mm. size node grade ER Age.years. X70_genes
## 3 20 <=2cm negative Well diff Negative 46 Good
## 4 28 2-5cm negative Poorly diff Negative 48 Poor
## 7 22 2-5cm negative Poorly diff Negative 46 Poor
## 13 15 <=2cm negative Poorly diff Negative 40 Good
## 19 32 2-5cm negative Poorly diff Negative 30 Poor
## 22 25 2-5cm negative Poorly diff Negative 28 Poor
## 28 30 2-5cm negative Poorly diff Negative 48 Poor
## 31 28 2-5cm negative Poorly diff Negative 52 Poor
## 32 30 2-5cm negative Intermediate Negative 52 Poor
## 33 30 2-5cm negative Poorly diff Negative 42 Poor
## 35 20 <=2cm negative Poorly diff Negative 41 Poor
## 38 12 <=2cm negative Intermediate Negative 47 Poor
## 50 18 <=2cm positive Poorly diff Negative 47 Poor
## 51 17 <=2cm negative Poorly diff Negative 39 Poor
## 55 20 <=2cm positive Poorly diff Negative 45 Poor
## 56 40 2-5cm positive Poorly diff Negative 31 Poor
## 61 30 2-5cm negative Poorly diff Negative 33 Poor
## 63 30 2-5cm negative Poorly diff Negative 38 Poor
## 66 17 <=2cm positive Intermediate Negative 38 Poor
## 68 30 2-5cm positive Intermediate Negative 44 Poor
## 71 50 2-5cm negative Poorly diff Negative 37 Poor
## 76 28 2-5cm positive Poorly diff Negative 49 Poor
## 82 30 2-5cm negative Poorly diff Negative 50 Poor
## 90 15 <=2cm negative Intermediate Negative 48 Poor
## 92 25 2-5cm positive Poorly diff Negative 48 Poor
## 94 30 2-5cm negative Poorly diff Negative 40 Poor
## 96 20 <=2cm negative Poorly diff Negative 35 Poor
## 99 23 2-5cm positive Poorly diff Negative 44 Poor
## 101 24 2-5cm positive Intermediate Negative 47 Poor
## 110 20 <=2cm positive Intermediate Negative 45 Poor
## 112 10 <=2cm positive Well diff Negative 37 Poor
## 117 39 2-5cm negative Poorly diff Negative 47 Poor
## 124 20 <=2cm negative Intermediate Negative 42 Poor
## 127 27 2-5cm negative Poorly diff Negative 49 Poor
## 128 25 2-5cm positive Poorly diff Negative 43 Poor
## 133 15 <=2cm negative Poorly diff Negative 34 Poor
## 135 10 <=2cm negative Poorly diff Negative 49 Poor
## 137 35 2-5cm negative Poorly diff Negative 39 Poor
## 139 20 <=2cm negative Poorly diff Negative 28 Poor
## 143 20 <=2cm positive Poorly diff Negative 49 Poor
## 144 25 2-5cm negative Poorly diff Negative 50 Poor
## 145 26 2-5cm negative Poorly diff Negative 42 Poor
## 148 25 2-5cm negative Poorly diff Negative 41 Poor
## 151 14 <=2cm negative Poorly diff Negative 35 Poor
## 153 15 <=2cm negative Poorly diff Negative 40 Poor
## 160 25 2-5cm positive Poorly diff Negative 32 Good
## 167 45 2-5cm positive Poorly diff Negative 41 Poor
## 170 35 2-5cm negative Poorly diff Negative 38 Poor
## 171 35 2-5cm positive Poorly diff Negative 38 Poor
## 172 34 2-5cm negative Poorly diff Negative 50 Poor
## 178 35 2-5cm positive Poorly diff Negative 37 Poor
## 206 30 2-5cm positive Poorly diff Negative 44 Poor
## 209 15 <=2cm positive Poorly diff Negative 45 Poor
## 222 40 2-5cm positive Poorly diff Negative 46 Poor
## 224 28 2-5cm negative Poorly diff Negative 39 Poor
## 228 15 <=2cm positive Poorly diff Negative 26 Poor
## 230 21 2-5cm positive Poorly diff Negative 49 Poor
## 231 21 2-5cm negative Poorly diff Negative 44 Poor
## 233 42 2-5cm positive Poorly diff Negative 48 Poor
## 236 18 <=2cm negative Poorly diff Negative 49 Poor
## 239 30 2-5cm positive Intermediate Negative 45 Poor
## 242 13 <=2cm negative Well diff Negative 44 Poor
## 248 15 <=2cm positive Well diff Negative 46 Poor
## 262 19 <=2cm negative Intermediate Negative 49 Poor
## 267 20 <=2cm negative Intermediate Negative 39 Poor
## 273 20 <=2cm positive Poorly diff Negative 52 Poor
## 289 25 2-5cm positive Poorly diff Negative 51 Poor
## 291 25 2-5cm negative Poorly diff Negative 34 Poor
## 293 15 <=2cm negative Well diff Negative 47 Poor
## Sorlie_Corr_5 Sorlie_cor_CutOff_0.1 Cor.Normal Cor.ERBB2 Cor.LumA
## 3 Normal 0.0529052 0.03269 -0.23406
## 4 Basal Basal -0.0889397 -0.00735 -0.38653
## 7 Basal Basal 0.0801998 0.18294 -0.46805
## 13 Normal Normal 0.3020332 0.03976 -0.31978
## 19 Basal Basal 0.0297498 0.16049 -0.55994
## 22 Basal Basal -0.0710760 0.06715 -0.47689
## 28 Basal Basal 0.0858239 0.14447 -0.46739
## 31 Basal Basal 0.1088717 0.17697 -0.57733
## 32 HER2 HER2 -0.2051795 0.45104 -0.47902
## 33 Basal Basal -0.0510155 0.17273 -0.53642
## 35 HER2 HER2 -0.2170709 0.39705 -0.39376
## 38 HER2 -0.1040121 0.07087 -0.26285
## 50 HER2 HER2 -0.1270278 0.33403 -0.40794
## 51 Basal Basal -0.0393959 0.16213 -0.45186
## 55 Basal Basal -0.0726022 0.08519 -0.48820
## 56 HER2 HER2 -0.1963300 0.29059 -0.27849
## 61 HER2 HER2 -0.2766166 0.36191 -0.45885
## 63 Basal Basal -0.1484261 0.07606 -0.35493
## 66 HER2 HER2 -0.2144365 0.43962 -0.45854
## 68 HER2 HER2 -0.0207055 0.29272 -0.25278
## 71 HER2 HER2 -0.1240435 0.10261 -0.22092
## 76 HER2 HER2 -0.0522177 0.32017 -0.43512
## 82 Basal Basal -0.0336396 0.20029 -0.57274
## 90 Basal Basal -0.0612231 0.14650 -0.52745
## 92 Basal Basal -0.1136858 0.12840 -0.45257
## 94 HER2 HER2 0.0138360 0.36128 -0.55246
## 96 LuminalB LuminalB -0.3093903 0.23858 -0.24987
## 99 Basal Basal -0.1007169 0.15255 -0.56954
## 101 Basal Basal 0.0691141 0.15774 -0.53300
## 110 Basal Basal -0.0707432 0.16465 -0.47140
## 112 HER2 HER2 -0.0596202 0.17222 -0.30153
## 117 Basal Basal 0.0003245 0.37419 -0.55478
## 124 Basal Basal 0.1362482 0.24973 -0.62012
## 127 Basal Basal -0.0263734 0.11467 -0.53962
## 128 HER2 HER2 -0.1079308 0.22165 -0.29572
## 133 Basal Basal -0.0323945 0.09888 -0.53374
## 135 Basal Basal -0.1139285 0.12652 -0.44186
## 137 Basal Basal 0.0518453 0.23438 -0.60139
## 139 HER2 HER2 -0.0711219 0.39500 -0.61229
## 143 LuminalB LuminalB -0.2620338 0.31367 -0.35790
## 144 Basal Basal -0.1218118 0.13575 -0.25158
## 145 Basal Basal -0.0190170 0.14205 -0.58416
## 148 Basal Basal 0.0752095 0.23155 -0.54831
## 151 HER2 HER2 -0.1141820 0.34174 -0.34372
## 153 Basal Basal 0.1919070 0.18998 -0.54051
## 160 HER2 HER2 -0.1074449 0.32256 -0.43517
## 167 Basal Basal -0.1212165 0.18962 -0.50163
## 170 Basal Basal -0.0131717 0.07410 -0.49879
## 171 Basal Basal 0.1110954 0.08923 -0.47540
## 172 Basal Basal -0.0553740 0.13879 -0.52921
## 178 Basal Basal -0.0136254 0.23388 -0.49742
## 206 Basal Basal -0.0203031 0.19962 -0.51784
## 209 Basal Basal -0.0142238 0.17088 -0.49286
## 222 Basal Basal 0.0784802 0.12290 -0.46062
## 224 Basal Basal -0.0626846 0.18834 -0.62337
## 228 Basal Basal -0.0602868 0.16697 -0.55610
## 230 Basal Basal -0.0211998 0.22886 -0.58294
## 231 HER2 HER2 -0.3486373 0.21989 -0.31510
## 233 Basal Basal -0.0818119 0.16367 -0.53095
## 236 Basal Basal -0.0295261 0.21974 -0.55332
## 239 HER2 HER2 -0.2042691 0.27253 -0.36272
## 242 Basal Basal -0.0499572 0.25172 -0.55496
## 248 LuminalB LuminalB -0.1815342 0.12692 -0.24969
## 262 HER2 -0.0027119 0.07903 -0.06136
## 267 HER2 HER2 -0.1949604 0.23919 -0.24786
## 273 Basal Basal -0.0468200 0.22260 -0.58601
## 289 LuminalB LuminalB -0.3211997 0.16610 -0.28477
## 291 Basal Basal -0.0053926 0.16270 -0.44118
## 293 Basal Basal -0.0758707 0.09055 -0.35700
## Cor.LumB Cor.Basal Fan.nearest.centroid
## 3 -0.010105 -0.009652 Normal
## 4 0.215609 0.391075 Basal
## 7 0.040508 0.483677 Basal
## 13 -0.044473 0.147230 Normal
## 19 0.041250 0.607591 Basal
## 22 0.138199 0.499892 Basal
## 28 -0.023234 0.416117 Basal
## 31 0.034621 0.551417 Basal
## 32 0.175930 0.204586 Basal
## 33 0.152593 0.560624 Basal
## 35 0.197719 0.114608 HER2
## 38 0.038740 0.022895 Normal
## 50 0.109804 0.145252 HER2
## 51 0.144606 0.424562 Basal
## 55 0.156097 0.543075 Basal
## 56 0.230154 0.054799 HER2
## 61 0.303297 0.205446 HER2
## 63 0.134012 0.356288 Basal
## 66 0.231562 0.164621 HER2
## 68 0.037117 0.057618 HER2
## 71 0.086037 0.051005 HER2
## 76 0.140192 0.236541 HER2
## 82 0.143577 0.530891 Basal
## 90 0.122479 0.534706 Basal
## 92 0.141249 0.374828 Basal
## 94 0.059478 0.244939 Basal
## 96 0.340117 0.027375 HER2
## 99 0.192379 0.541222 Basal
## 101 0.077111 0.493470 Basal
## 110 0.187612 0.374308 Basal
## 112 0.038864 0.145200 Normal
## 117 0.133469 0.414534 Basal
## 124 0.023896 0.498064 Basal
## 127 0.133654 0.557817 Basal
## 128 0.218420 0.083212 HER2
## 133 0.125552 0.538840 Basal
## 135 0.246084 0.438542 Basal
## 137 0.127606 0.591659 Basal
## 139 0.145795 0.392337 Basal
## 143 0.333461 0.090429 HER2
## 144 0.086603 0.187314 Basal
## 145 0.082378 0.553361 Basal
## 148 0.080353 0.574261 Basal
## 151 0.178806 0.098129 HER2
## 153 -0.015143 0.520344 Basal
## 160 0.161667 0.022710 HER2
## 167 0.271628 0.455121 Basal
## 170 0.131224 0.523034 Basal
## 171 0.032922 0.533419 Basal
## 172 0.103952 0.547695 Basal
## 178 0.043766 0.372322 Basal
## 206 0.132197 0.471987 Basal
## 209 0.069893 0.494354 Basal
## 222 0.090019 0.459114 Basal
## 224 0.123203 0.581324 Basal
## 228 0.132952 0.526423 Basal
## 230 0.104559 0.522585 Basal
## 231 0.216271 -0.009739 HER2
## 233 0.155952 0.483129 Basal
## 236 0.084046 0.481367 Basal
## 239 0.026724 0.056925 HER2
## 242 0.037891 0.451748 Basal
## 248 0.185558 0.165636 Basal
## 262 -0.004418 -0.007248 Normal
## 267 0.071914 0.019765 HER2
## 273 0.112501 0.329134 Basal
## 289 0.267085 0.003648 HER2
## 291 0.091472 0.404080 Basal
## 293 0.101833 0.290824 Basal



Match multiple strings
clinical[which(clinical$Fan.nearest.centroid %in%

c("Basal", "HER2")),]

## sampleNames Label_Traing_and_Validation event_death
## 4 NKI295_8 Validation 0
## 6 NKI295_11 Validation 0
## 7 NKI295_12 Training 0
## 19 NKI295_48 Validation 1
## 22 NKI295_57 Training 1
## 27 NKI295_62 Validation 1
## 28 NKI295_71 Training 1
## 31 NKI295_75 Validation 1
## 32 NKI295_76 Training 1
## 33 NKI295_103 Validation 1
## 35 NKI295_109 Training 0
## 37 NKI295_111 Training 1
## 50 NKI295_130 Training 0
## 51 NKI295_131 Validation 1
## 55 NKI295_135 Validation 0
## 56 NKI295_136 Validation 1
## 61 NKI295_141 Validation 1
## 63 NKI295_144 Training 0
## 66 NKI295_147 Validation 1
## 68 NKI295_149 Validation 0
## 70 NKI295_151 Validation 0
## 71 NKI295_153 Training 1
## 76 NKI295_158 Training 1
## 80 NKI295_162 Training 0
## 82 NKI295_164 Training 0
## 88 NKI295_172 Validation 1
## 90 NKI295_175 Training 1
## 92 NKI295_177 Validation 1
## 94 NKI295_179 Validation 0
## 96 NKI295_181 Training 0
## 99 NKI295_184 Validation 1
## 101 NKI295_186 Training 1
## 104 NKI295_189 Validation 0
## 110 NKI295_195 Training 0
## 114 NKI295_199 Training 0
## 117 NKI295_202 Validation 1
## 121 NKI295_208 Training 0
## 123 NKI295_210 Training 0
## 124 NKI295_212 Validation 1
## 127 NKI295_215 Training 0
## 128 NKI295_217 Training 1
## 133 NKI295_222 Training 1
## 135 NKI295_226 Training 0
## 137 NKI295_228 Training 1
## 138 NKI295_229 Validation 1
## 139 NKI295_230 Training 1
## 143 NKI295_236 Training 0
## 144 NKI295_237 Training 1
## 145 NKI295_238 Validation 1
## 148 NKI295_241 Training 1
## 150 NKI295_245 Training 0
## 151 NKI295_246 Validation 0
## 153 NKI295_248 Validation 0
## 154 NKI295_249 Training 0
## 156 NKI295_251 Training 0
## 160 NKI295_257 Validation 1
## 167 NKI295_265 Training 0
## 169 NKI295_267 Training 0
## 170 NKI295_268 Validation 0
## 171 NKI295_269 Training 1
## 172 NKI295_270 Training 1
## 178 NKI295_276 Validation 1
## 187 NKI295_286 Validation 0
## 189 NKI295_288 Validation 1
## 206 NKI295_307 Training 1
## 207 NKI295_308 Validation 0
## 209 NKI295_310 Validation 0
## 217 NKI295_319 Validation 1
## 218 NKI295_320 Validation 0
## 222 NKI295_324 Training 0
## 224 NKI295_326 Training 0
## 228 NKI295_330 Validation 0
## 230 NKI295_332 Training 0
## 231 NKI295_333 Validation 0
## 233 NKI295_335 Validation 0
## 236 NKI295_338 Training 0
## 239 NKI295_341 Training 1
## 242 NKI295_344 Training 0
## 248 NKI295_350 Training 0
## 249 NKI295_351 Validation 0
## 265 NKI295_367 Training 1
## 267 NKI295_369 Training 1
## 272 NKI295_375 Validation 0
## 273 NKI295_377 Training 1
## 285 NKI295_392 Validation 0
## 289 NKI295_396 Training 0
## 291 NKI295_398 Validation 0
## 293 NKI295_402 Training 0
## Distant_metastasis_as_first_event.MCR. survival.death. timerecu.MCR.
## 4 0 8.8022 8.8022
## 6 0 5.8042 5.8042
## 7 0 7.8576 7.8576
## 19 1 2.1726 1.0267
## 22 1 5.1508 2.2971
## 27 1 2.7096 0.8077
## 28 1 2.6083 1.9822
## 31 1 2.2905 2.2094
## 32 1 3.7370 2.1273
## 33 1 5.7796 4.9528
## 35 1 3.2252 3.1951
## 37 1 3.2526 1.2704
## 50 0 7.2964 7.2964
## 51 0 4.6626 1.1143
## 55 0 9.3306 9.3306
## 56 1 3.8220 3.4387
## 61 1 2.0643 1.4018
## 63 0 14.1273 14.1273
## 66 1 2.7077 1.6099
## 68 0 17.2402 17.2402
## 70 1 17.5743 14.0123
## 71 1 3.0363 1.1773
## 76 1 3.9069 2.8118
## 80 0 15.3128 15.3128
## 82 0 5.6646 5.6646
## 88 0 1.6345 1.2211
## 90 1 7.6742 7.5948
## 92 1 9.7112 8.9254
## 94 0 12.7639 12.7639
## 96 0 11.8001 10.8172
## 99 1 4.4052 1.2101
## 101 0 11.7399 11.7399
## 104 0 12.0739 12.0739
## 110 0 11.5455 2.0507
## 114 0 10.9076 10.9076
## 117 1 4.8460 3.3784
## 121 0 10.6749 10.6749
## 123 0 11.2033 11.2033
## 124 0 12.1451 12.1451
## 127 0 10.3518 10.3518
## 128 1 1.9466 1.7166
## 133 0 3.3073 2.2533
## 135 0 8.7912 8.7912
## 137 1 1.4346 1.2238
## 138 1 2.8583 1.6181
## 139 1 0.7118 0.2710
## 143 0 2.4832 2.4832
## 144 1 1.3169 1.1526
## 145 0 2.1520 1.0075
## 148 1 2.1328 2.0041
## 150 0 11.5455 11.5455
## 151 0 11.4497 4.1780
## 153 0 4.9336 4.9336
## 154 0 5.3169 5.3169
## 156 0 9.4073 9.4073
## 160 0 2.5873 1.7166
## 167 0 6.7899 6.7899
## 169 0 6.9295 6.9295
## 170 0 7.0883 7.0883
## 171 1 1.3525 0.9363
## 172 0 2.9624 2.9624
## 178 1 1.0732 0.6489
## 187 0 4.9446 4.9446
## 189 1 1.8672 0.3532
## 206 1 2.8063 1.9658
## 207 0 9.3224 9.3224
## 209 0 9.0979 9.0979
## 217 1 6.4997 6.3710
## 218 0 9.8946 9.8946
## 222 0 8.8597 8.8597
## 224 0 8.2984 8.2984
## 228 0 5.1992 5.1992
## 230 0 7.9918 7.9918
## 231 0 8.4956 8.4956
## 233 0 7.4771 7.4771
## 236 0 6.3436 6.3436
## 239 1 2.3628 1.7331
## 242 0 6.8747 6.8747
## 248 0 3.2854 3.2854
## 249 0 6.5270 6.5270
## 265 1 0.9747 0.5722
## 267 1 6.5708 3.2580
## 272 0 17.4209 17.4209
## 273 1 9.5305 8.5284
## 285 0 6.1711 6.1711
## 289 0 10.2313 10.2313
## 291 0 8.4244 8.4244
## 293 0 7.3785 7.3785
## diameter.mm. size node grade ER Age.years. X70_genes
## 4 28 2-5cm negative Poorly diff Negative 48 Poor
## 6 22 2-5cm negative Poorly diff Positive 37 Poor
## 7 22 2-5cm negative Poorly diff Negative 46 Poor
## 19 32 2-5cm negative Poorly diff Negative 30 Poor
## 22 25 2-5cm negative Poorly diff Negative 28 Poor
## 27 25 2-5cm negative Poorly diff Positive 36 Poor
## 28 30 2-5cm negative Poorly diff Negative 48 Poor
## 31 28 2-5cm negative Poorly diff Negative 52 Poor
## 32 30 2-5cm negative Intermediate Negative 52 Poor
## 33 30 2-5cm negative Poorly diff Negative 42 Poor
## 35 20 <=2cm negative Poorly diff Negative 41 Poor
## 37 25 2-5cm negative Poorly diff Positive 50 Poor
## 50 18 <=2cm positive Poorly diff Negative 47 Poor
## 51 17 <=2cm negative Poorly diff Negative 39 Poor
## 55 20 <=2cm positive Poorly diff Negative 45 Poor
## 56 40 2-5cm positive Poorly diff Negative 31 Poor
## 61 30 2-5cm negative Poorly diff Negative 33 Poor
## 63 30 2-5cm negative Poorly diff Negative 38 Poor
## 66 17 <=2cm positive Intermediate Negative 38 Poor
## 68 30 2-5cm positive Intermediate Negative 44 Poor
## 70 40 2-5cm positive Poorly diff Positive 42 Poor
## 71 50 2-5cm negative Poorly diff Negative 37 Poor
## 76 28 2-5cm positive Poorly diff Negative 49 Poor
## 80 30 2-5cm positive Poorly diff Positive 50 Poor
## 82 30 2-5cm negative Poorly diff Negative 50 Poor
## 88 30 2-5cm positive Poorly diff Positive 46 Poor
## 90 15 <=2cm negative Intermediate Negative 48 Poor
## 92 25 2-5cm positive Poorly diff Negative 48 Poor
## 94 30 2-5cm negative Poorly diff Negative 40 Poor
## 96 20 <=2cm negative Poorly diff Negative 35 Poor
## 99 23 2-5cm positive Poorly diff Negative 44 Poor
## 101 24 2-5cm positive Intermediate Negative 47 Poor
## 104 25 2-5cm negative Intermediate Positive 39 Poor
## 110 20 <=2cm positive Intermediate Negative 45 Poor
## 114 15 <=2cm negative Poorly diff Positive 39 Poor
## 117 39 2-5cm negative Poorly diff Negative 47 Poor
## 121 30 2-5cm positive Poorly diff Positive 45 Poor
## 123 30 2-5cm positive Well diff Positive 50 Poor
## 124 20 <=2cm negative Intermediate Negative 42 Poor
## 127 27 2-5cm negative Poorly diff Negative 49 Poor
## 128 25 2-5cm positive Poorly diff Negative 43 Poor
## 133 15 <=2cm negative Poorly diff Negative 34 Poor
## 135 10 <=2cm negative Poorly diff Negative 49 Poor
## 137 35 2-5cm negative Poorly diff Negative 39 Poor
## 138 30 2-5cm negative Poorly diff Positive 45 Poor
## 139 20 <=2cm negative Poorly diff Negative 28 Poor
## 143 20 <=2cm positive Poorly diff Negative 49 Poor
## 144 25 2-5cm negative Poorly diff Negative 50 Poor
## 145 26 2-5cm negative Poorly diff Negative 42 Poor
## 148 25 2-5cm negative Poorly diff Negative 41 Poor
## 150 35 2-5cm positive Poorly diff Positive 48 Poor
## 151 14 <=2cm negative Poorly diff Negative 35 Poor
## 153 15 <=2cm negative Poorly diff Negative 40 Poor
## 154 12 <=2cm positive Intermediate Positive 44 Good
## 156 16 <=2cm negative Poorly diff Positive 49 Poor
## 160 25 2-5cm positive Poorly diff Negative 32 Good
## 167 45 2-5cm positive Poorly diff Negative 41 Poor
## 169 25 2-5cm positive Poorly diff Positive 49 Poor
## 170 35 2-5cm negative Poorly diff Negative 38 Poor
## 171 35 2-5cm positive Poorly diff Negative 38 Poor
## 172 34 2-5cm negative Poorly diff Negative 50 Poor
## 178 35 2-5cm positive Poorly diff Negative 37 Poor
## 187 15 <=2cm negative Intermediate Positive 41 Poor
## 189 25 2-5cm positive Poorly diff Positive 35 Poor
## 206 30 2-5cm positive Poorly diff Negative 44 Poor
## 207 20 <=2cm positive Intermediate Positive 41 Good
## 209 15 <=2cm positive Poorly diff Negative 45 Poor
## 217 30 2-5cm negative Poorly diff Positive 48 Poor
## 218 15 <=2cm positive Poorly diff Positive 44 Poor
## 222 40 2-5cm positive Poorly diff Negative 46 Poor
## 224 28 2-5cm negative Poorly diff Negative 39 Poor
## 228 15 <=2cm positive Poorly diff Negative 26 Poor
## 230 21 2-5cm positive Poorly diff Negative 49 Poor
## 231 21 2-5cm negative Poorly diff Negative 44 Poor
## 233 42 2-5cm positive Poorly diff Negative 48 Poor
## 236 18 <=2cm negative Poorly diff Negative 49 Poor
## 239 30 2-5cm positive Intermediate Negative 45 Poor
## 242 13 <=2cm negative Well diff Negative 44 Poor
## 248 15 <=2cm positive Well diff Negative 46 Poor
## 249 14 <=2cm positive Poorly diff Positive 41 Poor
## 265 30 2-5cm negative Intermediate Positive 49 Poor
## 267 20 <=2cm negative Intermediate Negative 39 Poor
## 272 30 2-5cm positive Poorly diff Positive 52 Poor
## 273 20 <=2cm positive Poorly diff Negative 52 Poor
## 285 13 <=2cm positive Intermediate Positive 51 Poor
## 289 25 2-5cm positive Poorly diff Negative 51 Poor
## 291 25 2-5cm negative Poorly diff Negative 34 Poor
## 293 15 <=2cm negative Well diff Negative 47 Poor
## Sorlie_Corr_5 Sorlie_cor_CutOff_0.1 Cor.Normal Cor.ERBB2 Cor.LumA
## 4 Basal Basal -0.0889397 -0.00735 -0.38653
## 6 LuminalB LuminalB -0.3036385 0.13341 -0.08358
## 7 Basal Basal 0.0801998 0.18294 -0.46805
## 19 Basal Basal 0.0297498 0.16049 -0.55994
## 22 Basal Basal -0.0710760 0.06715 -0.47689
## 27 HER2 HER2 -0.1046831 0.26263 -0.25231
## 28 Basal Basal 0.0858239 0.14447 -0.46739
## 31 Basal Basal 0.1088717 0.17697 -0.57733
## 32 HER2 HER2 -0.2051795 0.45104 -0.47902
## 33 Basal Basal -0.0510155 0.17273 -0.53642
## 35 HER2 HER2 -0.2170709 0.39705 -0.39376
## 37 LuminalB LuminalB -0.3003921 0.04071 -0.19660
## 50 HER2 HER2 -0.1270278 0.33403 -0.40794
## 51 Basal Basal -0.0393959 0.16213 -0.45186
## 55 Basal Basal -0.0726022 0.08519 -0.48820
## 56 HER2 HER2 -0.1963300 0.29059 -0.27849
## 61 HER2 HER2 -0.2766166 0.36191 -0.45885
## 63 Basal Basal -0.1484261 0.07606 -0.35493
## 66 HER2 HER2 -0.2144365 0.43962 -0.45854
## 68 HER2 HER2 -0.0207055 0.29272 -0.25278
## 70 LuminalB LuminalB -0.2617732 0.06860 -0.28970
## 71 HER2 HER2 -0.1240435 0.10261 -0.22092
## 76 HER2 HER2 -0.0522177 0.32017 -0.43512
## 80 LuminalB LuminalB -0.1958037 -0.07213 -0.17233
## 82 Basal Basal -0.0336396 0.20029 -0.57274
## 88 LuminalB LuminalB -0.2715330 0.11049 -0.20965
## 90 Basal Basal -0.0612231 0.14650 -0.52745
## 92 Basal Basal -0.1136858 0.12840 -0.45257
## 94 HER2 HER2 0.0138360 0.36128 -0.55246
## 96 LuminalB LuminalB -0.3093903 0.23858 -0.24987
## 99 Basal Basal -0.1007169 0.15255 -0.56954
## 101 Basal Basal 0.0691141 0.15774 -0.53300
## 104 HER2 HER2 -0.1799031 0.22066 -0.39033
## 110 Basal Basal -0.0707432 0.16465 -0.47140
## 114 HER2 HER2 -0.0050409 0.21710 -0.31462
## 117 Basal Basal 0.0003245 0.37419 -0.55478
## 121 HER2 HER2 -0.1769474 0.15836 -0.29442
## 123 HER2 HER2 -0.2038135 0.17602 -0.26725
## 124 Basal Basal 0.1362482 0.24973 -0.62012
## 127 Basal Basal -0.0263734 0.11467 -0.53962
## 128 HER2 HER2 -0.1079308 0.22165 -0.29572
## 133 Basal Basal -0.0323945 0.09888 -0.53374
## 135 Basal Basal -0.1139285 0.12652 -0.44186
## 137 Basal Basal 0.0518453 0.23438 -0.60139
## 138 LuminalB LuminalB -0.2333547 0.01136 -0.19019
## 139 HER2 HER2 -0.0711219 0.39500 -0.61229
## 143 LuminalB LuminalB -0.2620338 0.31367 -0.35790
## 144 Basal Basal -0.1218118 0.13575 -0.25158
## 145 Basal Basal -0.0190170 0.14205 -0.58416
## 148 Basal Basal 0.0752095 0.23155 -0.54831
## 150 Basal Basal -0.0003454 -0.03162 -0.05353
## 151 HER2 HER2 -0.1141820 0.34174 -0.34372
## 153 Basal Basal 0.1919070 0.18998 -0.54051
## 154 HER2 HER2 -0.1481069 0.26107 -0.30076
## 156 HER2 HER2 -0.1370643 0.19249 -0.25615
## 160 HER2 HER2 -0.1074449 0.32256 -0.43517
## 167 Basal Basal -0.1212165 0.18962 -0.50163
## 169 LuminalB LuminalB -0.1303213 0.15583 -0.37589
## 170 Basal Basal -0.0131717 0.07410 -0.49879
## 171 Basal Basal 0.1110954 0.08923 -0.47540
## 172 Basal Basal -0.0553740 0.13879 -0.52921
## 178 Basal Basal -0.0136254 0.23388 -0.49742
## 187 HER2 HER2 -0.2496423 0.24699 -0.18483
## 189 HER2 HER2 -0.1441827 0.29325 -0.33089
## 206 Basal Basal -0.0203031 0.19962 -0.51784
## 207 HER2 HER2 -0.1404150 0.17118 -0.31829
## 209 Basal Basal -0.0142238 0.17088 -0.49286
## 217 LuminalB LuminalB -0.2413202 0.03961 -0.22672
## 218 LuminalB LuminalB -0.1426413 -0.02891 -0.25562
## 222 Basal Basal 0.0784802 0.12290 -0.46062
## 224 Basal Basal -0.0626846 0.18834 -0.62337
## 228 Basal Basal -0.0602868 0.16697 -0.55610
## 230 Basal Basal -0.0211998 0.22886 -0.58294
## 231 HER2 HER2 -0.3486373 0.21989 -0.31510
## 233 Basal Basal -0.0818119 0.16367 -0.53095
## 236 Basal Basal -0.0295261 0.21974 -0.55332
## 239 HER2 HER2 -0.2042691 0.27253 -0.36272
## 242 Basal Basal -0.0499572 0.25172 -0.55496
## 248 LuminalB LuminalB -0.1815342 0.12692 -0.24969
## 249 LuminalB LuminalB -0.2939730 0.24476 -0.13716
## 265 HER2 HER2 -0.0589921 0.30307 -0.29803
## 267 HER2 HER2 -0.1949604 0.23919 -0.24786
## 272 HER2 HER2 -0.0644572 0.16342 -0.32604
## 273 Basal Basal -0.0468200 0.22260 -0.58601
## 285 HER2 HER2 -0.2636977 0.30280 -0.31543
## 289 LuminalB LuminalB -0.3211997 0.16610 -0.28477
## 291 Basal Basal -0.0053926 0.16270 -0.44118
## 293 Basal Basal -0.0758707 0.09055 -0.35700
## Cor.LumB Cor.Basal Fan.nearest.centroid
## 4 0.215609 0.3910748 Basal
## 6 0.140045 -0.1544640 HER2
## 7 0.040508 0.4836775 Basal
## 19 0.041250 0.6075915 Basal
## 22 0.138199 0.4998923 Basal
## 27 0.068674 0.0873450 HER2
## 28 -0.023234 0.4161166 Basal
## 31 0.034621 0.5514166 Basal
## 32 0.175930 0.2045862 Basal
## 33 0.152593 0.5606238 Basal
## 35 0.197719 0.1146077 HER2
## 37 0.222799 0.0515568 HER2
## 50 0.109804 0.1452516 HER2
## 51 0.144606 0.4245616 Basal
## 55 0.156097 0.5430749 Basal
## 56 0.230154 0.0547989 HER2
## 61 0.303297 0.2054462 HER2
## 63 0.134012 0.3562885 Basal
## 66 0.231562 0.1646209 HER2
## 68 0.037117 0.0576179 HER2
## 70 0.159501 0.0483186 Basal
## 71 0.086037 0.0510047 HER2
## 76 0.140192 0.2365415 HER2
## 80 0.251290 0.0945691 Basal
## 82 0.143577 0.5308911 Basal
## 88 0.137788 -0.0465001 HER2
## 90 0.122479 0.5347056 Basal
## 92 0.141249 0.3748277 Basal
## 94 0.059478 0.2449390 Basal
## 96 0.340117 0.0273750 HER2
## 99 0.192379 0.5412218 Basal
## 101 0.077111 0.4934700 Basal
## 104 0.156569 0.1309140 Basal
## 110 0.187612 0.3743080 Basal
## 114 0.213311 0.0464104 HER2
## 117 0.133469 0.4145344 Basal
## 121 0.047319 0.0004321 HER2
## 123 0.028183 -0.0661742 HER2
## 124 0.023896 0.4980636 Basal
## 127 0.133654 0.5578168 Basal
## 128 0.218420 0.0832122 HER2
## 133 0.125552 0.5388402 Basal
## 135 0.246084 0.4385421 Basal
## 137 0.127606 0.5916588 Basal
## 138 0.214298 0.0761295 HER2
## 139 0.145795 0.3923369 Basal
## 143 0.333461 0.0904292 HER2
## 144 0.086603 0.1873136 Basal
## 145 0.082378 0.5533613 Basal
## 148 0.080353 0.5742608 Basal
## 150 -0.001076 0.1557100 Basal
## 151 0.178806 0.0981290 HER2
## 153 -0.015143 0.5203442 Basal
## 154 0.056831 -0.0031390 HER2
## 156 0.091404 0.0279862 HER2
## 160 0.161667 0.0227100 HER2
## 167 0.271628 0.4551207 Basal
## 169 0.246723 0.1587921 HER2
## 170 0.131224 0.5230342 Basal
## 171 0.032922 0.5334188 Basal
## 172 0.103952 0.5476950 Basal
## 178 0.043766 0.3723217 Basal
## 187 0.152817 -0.0432831 HER2
## 189 0.143929 0.0749130 HER2
## 206 0.132197 0.4719870 Basal
## 207 0.106963 -0.0071785 HER2
## 209 0.069893 0.4943540 Basal
## 217 0.251875 0.0472439 HER2
## 218 0.152180 0.0821199 Basal
## 222 0.090019 0.4591144 Basal
## 224 0.123203 0.5813243 Basal
## 228 0.132952 0.5264226 Basal
## 230 0.104559 0.5225849 Basal
## 231 0.216271 -0.0097390 HER2
## 233 0.155952 0.4831287 Basal
## 236 0.084046 0.4813668 Basal
## 239 0.026724 0.0569252 HER2
## 242 0.037891 0.4517482 Basal
## 248 0.185558 0.1656357 Basal
## 249 0.246802 -0.0462980 HER2
## 265 0.107052 0.0605550 Basal
## 267 0.071914 0.0197645 HER2
## 272 0.108438 0.0331606 HER2
## 273 0.112501 0.3291337 Basal
## 285 0.210594 0.0261416 HER2
## 289 0.267085 0.0036484 HER2
## 291 0.091472 0.4040805 Basal
## 293 0.101833 0.2908236 Basal



Useful functions for manipulating text

I substr

substr(clinical$sampleNames,1,3)[1:5]

## [1] "NKI" "NKI" "NKI" "NKI" "NKI"

substr(clinical$sampleNames,1,3)[1:5] == "NKI"

## [1] TRUE TRUE TRUE TRUE TRUE



Useful functions for manipulating text

I strtrim

strtrim(clinical$sampleNames,3)[1:5]

## [1] "NKI" "NKI" "NKI" "NKI" "NKI"



Useful functions for manipulating text
I strsplit

strsplit(as.character(clinical$sampleNames), "_")[[1]]

## [1] "NKI295" "4"

matrix(unlist(strsplit(as.character(clinical$sampleNames), "_"))
,ncol=2,byrow=TRUE)

## [,1] [,2]
## [1,] "NKI295" "4"
## [2,] "NKI295" "6"
## [3,] "NKI295" "7"
## [4,] "NKI295" "8"
## [5,] "NKI295" "9"
## [6,] "NKI295" "11"
## [7,] "NKI295" "12"
## [8,] "NKI295" "13"
## [9,] "NKI295" "14"
## [10,] "NKI295" "17"
## [11,] "NKI295" "26"
## [12,] "NKI295" "27"
## [13,] "NKI295" "28"
## [14,] "NKI295" "29"
## [15,] "NKI295" "36"
## [16,] "NKI295" "38"
## [17,] "NKI295" "39"
## [18,] "NKI295" "45"
## [19,] "NKI295" "48"
## [20,] "NKI295" "51"
## [21,] "NKI295" "56"
## [22,] "NKI295" "57"
## [23,] "NKI295" "58"
## [24,] "NKI295" "59"
## [25,] "NKI295" "60"
## [26,] "NKI295" "61"
## [27,] "NKI295" "62"
## [28,] "NKI295" "71"
## [29,] "NKI295" "72"
## [30,] "NKI295" "73"
## [31,] "NKI295" "75"
## [32,] "NKI295" "76"
## [33,] "NKI295" "103"
## [34,] "NKI295" "107"
## [35,] "NKI295" "109"
## [36,] "NKI295" "110"
## [37,] "NKI295" "111"
## [38,] "NKI295" "113"
## [39,] "NKI295" "117"
## [40,] "NKI295" "118"
## [41,] "NKI295" "120"
## [42,] "NKI295" "122"
## [43,] "NKI295" "123"
## [44,] "NKI295" "124"
## [45,] "NKI295" "125"
## [46,] "NKI295" "126"
## [47,] "NKI295" "127"
## [48,] "NKI295" "128"
## [49,] "NKI295" "129"
## [50,] "NKI295" "130"
## [51,] "NKI295" "131"
## [52,] "NKI295" "132"
## [53,] "NKI295" "133"
## [54,] "NKI295" "134"
## [55,] "NKI295" "135"
## [56,] "NKI295" "136"
## [57,] "NKI295" "137"
## [58,] "NKI295" "138"
## [59,] "NKI295" "139"
## [60,] "NKI295" "140"
## [61,] "NKI295" "141"
## [62,] "NKI295" "142"
## [63,] "NKI295" "144"
## [64,] "NKI295" "145"
## [65,] "NKI295" "146"
## [66,] "NKI295" "147"
## [67,] "NKI295" "148"
## [68,] "NKI295" "149"
## [69,] "NKI295" "150"
## [70,] "NKI295" "151"
## [71,] "NKI295" "153"
## [72,] "NKI295" "154"
## [73,] "NKI295" "155"
## [74,] "NKI295" "156"
## [75,] "NKI295" "157"
## [76,] "NKI295" "158"
## [77,] "NKI295" "159"
## [78,] "NKI295" "160"
## [79,] "NKI295" "161"
## [80,] "NKI295" "162"
## [81,] "NKI295" "163"
## [82,] "NKI295" "164"
## [83,] "NKI295" "165"
## [84,] "NKI295" "166"
## [85,] "NKI295" "167"
## [86,] "NKI295" "169"
## [87,] "NKI295" "170"
## [88,] "NKI295" "172"
## [89,] "NKI295" "174"
## [90,] "NKI295" "175"
## [91,] "NKI295" "176"
## [92,] "NKI295" "177"
## [93,] "NKI295" "178"
## [94,] "NKI295" "179"
## [95,] "NKI295" "180"
## [96,] "NKI295" "181"
## [97,] "NKI295" "182"
## [98,] "NKI295" "183"
## [99,] "NKI295" "184"
## [100,] "NKI295" "185"
## [101,] "NKI295" "186"
## [102,] "NKI295" "187"
## [103,] "NKI295" "188"
## [104,] "NKI295" "189"
## [105,] "NKI295" "190"
## [106,] "NKI295" "191"
## [107,] "NKI295" "192"
## [108,] "NKI295" "193"
## [109,] "NKI295" "194"
## [110,] "NKI295" "195"
## [111,] "NKI295" "196"
## [112,] "NKI295" "197"
## [113,] "NKI295" "198"
## [114,] "NKI295" "199"
## [115,] "NKI295" "200"
## [116,] "NKI295" "201"
## [117,] "NKI295" "202"
## [118,] "NKI295" "203"
## [119,] "NKI295" "205"
## [120,] "NKI295" "207"
## [121,] "NKI295" "208"
## [122,] "NKI295" "209"
## [123,] "NKI295" "210"
## [124,] "NKI295" "212"
## [125,] "NKI295" "213"
## [126,] "NKI295" "214"
## [127,] "NKI295" "215"
## [128,] "NKI295" "217"
## [129,] "NKI295" "218"
## [130,] "NKI295" "219"
## [131,] "NKI295" "220"
## [132,] "NKI295" "221"
## [133,] "NKI295" "222"
## [134,] "NKI295" "224"
## [135,] "NKI295" "226"
## [136,] "NKI295" "227"
## [137,] "NKI295" "228"
## [138,] "NKI295" "229"
## [139,] "NKI295" "230"
## [140,] "NKI295" "231"
## [141,] "NKI295" "233"
## [142,] "NKI295" "235"
## [143,] "NKI295" "236"
## [144,] "NKI295" "237"
## [145,] "NKI295" "238"
## [146,] "NKI295" "239"
## [147,] "NKI295" "240"
## [148,] "NKI295" "241"
## [149,] "NKI295" "243"
## [150,] "NKI295" "245"
## [151,] "NKI295" "246"
## [152,] "NKI295" "247"
## [153,] "NKI295" "248"
## [154,] "NKI295" "249"
## [155,] "NKI295" "250"
## [156,] "NKI295" "251"
## [157,] "NKI295" "252"
## [158,] "NKI295" "254"
## [159,] "NKI295" "256"
## [160,] "NKI295" "257"
## [161,] "NKI295" "258"
## [162,] "NKI295" "259"
## [163,] "NKI295" "260"
## [164,] "NKI295" "261"
## [165,] "NKI295" "263"
## [166,] "NKI295" "264"
## [167,] "NKI295" "265"
## [168,] "NKI295" "266"
## [169,] "NKI295" "267"
## [170,] "NKI295" "268"
## [171,] "NKI295" "269"
## [172,] "NKI295" "270"
## [173,] "NKI295" "271"
## [174,] "NKI295" "272"
## [175,] "NKI295" "273"
## [176,] "NKI295" "274"
## [177,] "NKI295" "275"
## [178,] "NKI295" "276"
## [179,] "NKI295" "277"
## [180,] "NKI295" "278"
## [181,] "NKI295" "280"
## [182,] "NKI295" "281"
## [183,] "NKI295" "282"
## [184,] "NKI295" "283"
## [185,] "NKI295" "284"
## [186,] "NKI295" "285"
## [187,] "NKI295" "286"
## [188,] "NKI295" "287"
## [189,] "NKI295" "288"
## [190,] "NKI295" "290"
## [191,] "NKI295" "291"
## [192,] "NKI295" "292"
## [193,] "NKI295" "293"
## [194,] "NKI295" "294"
## [195,] "NKI295" "295"
## [196,] "NKI295" "296"
## [197,] "NKI295" "297"
## [198,] "NKI295" "298"
## [199,] "NKI295" "300"
## [200,] "NKI295" "301"
## [201,] "NKI295" "302"
## [202,] "NKI295" "303"
## [203,] "NKI295" "304"
## [204,] "NKI295" "305"
## [205,] "NKI295" "306"
## [206,] "NKI295" "307"
## [207,] "NKI295" "308"
## [208,] "NKI295" "309"
## [209,] "NKI295" "310"
## [210,] "NKI295" "311"
## [211,] "NKI295" "312"
## [212,] "NKI295" "313"
## [213,] "NKI295" "314"
## [214,] "NKI295" "315"
## [215,] "NKI295" "317"
## [216,] "NKI295" "318"
## [217,] "NKI295" "319"
## [218,] "NKI295" "320"
## [219,] "NKI295" "321"
## [220,] "NKI295" "322"
## [221,] "NKI295" "323"
## [222,] "NKI295" "324"
## [223,] "NKI295" "325"
## [224,] "NKI295" "326"
## [225,] "NKI295" "327"
## [226,] "NKI295" "328"
## [227,] "NKI295" "329"
## [228,] "NKI295" "330"
## [229,] "NKI295" "331"
## [230,] "NKI295" "332"
## [231,] "NKI295" "333"
## [232,] "NKI295" "334"
## [233,] "NKI295" "335"
## [234,] "NKI295" "336"
## [235,] "NKI295" "337"
## [236,] "NKI295" "338"
## [237,] "NKI295" "339"
## [238,] "NKI295" "340"
## [239,] "NKI295" "341"
## [240,] "NKI295" "342"
## [241,] "NKI295" "343"
## [242,] "NKI295" "344"
## [243,] "NKI295" "345"
## [244,] "NKI295" "346"
## [245,] "NKI295" "347"
## [246,] "NKI295" "348"
## [247,] "NKI295" "349"
## [248,] "NKI295" "350"
## [249,] "NKI295" "351"
## [250,] "NKI295" "352"
## [251,] "NKI295" "353"
## [252,] "NKI295" "354"
## [253,] "NKI295" "355"
## [254,] "NKI295" "356"
## [255,] "NKI295" "357"
## [256,] "NKI295" "358"
## [257,] "NKI295" "359"
## [258,] "NKI295" "360"
## [259,] "NKI295" "361"
## [260,] "NKI295" "362"
## [261,] "NKI295" "363"
## [262,] "NKI295" "364"
## [263,] "NKI295" "365"
## [264,] "NKI295" "366"
## [265,] "NKI295" "367"
## [266,] "NKI295" "368"
## [267,] "NKI295" "369"
## [268,] "NKI295" "370"
## [269,] "NKI295" "371"
## [270,] "NKI295" "373"
## [271,] "NKI295" "374"
## [272,] "NKI295" "375"
## [273,] "NKI295" "377"
## [274,] "NKI295" "378"
## [275,] "NKI295" "379"
## [276,] "NKI295" "380"
## [277,] "NKI295" "381"
## [278,] "NKI295" "383"
## [279,] "NKI295" "385"
## [280,] "NKI295" "387"
## [281,] "NKI295" "388"
## [282,] "NKI295" "389"
## [283,] "NKI295" "390"
## [284,] "NKI295" "391"
## [285,] "NKI295" "392"
## [286,] "NKI295" "393"
## [287,] "NKI295" "394"
## [288,] "NKI295" "395"
## [289,] "NKI295" "396"
## [290,] "NKI295" "397"
## [291,] "NKI295" "398"
## [292,] "NKI295" "401"
## [293,] "NKI295" "402"
## [294,] "NKI295" "403"
## [295,] "NKI295" "404"



Useful functions for manipulating text

Not an extensive list

I toupper, tolower - convert upper / lower case
I gsub - substitute text
I paste - combine text
I intersect, setdiff see which is in common



Combining data from files
I Now look at typical gene expression matrix
I Each row corresponds to a gene
I Each column is a sample

evalues <- read.delim("data/NKI295.exprs.txt")
dim(evalues)

## [1] 24481 296

evalues[1:5,1:5]

## X NKI295_4 NKI295_6 NKI295_7 NKI295_8
## 1 16 -0.7130 0.23551 0.6052 -1.1407
## 2 17 -0.6884 0.18337 0.2555 1.0043
## 3 18 -0.5237 -0.03184 0.1948 0.5602
## 4 19 -2.7191 -1.30018 -2.0737 -1.7526
## 5 20 -0.8871 -1.02838 -0.3982 -1.4834



Clinical data
I Each row is a sample
I Each column is a different clinical variable
I Can have as many columns as you like
I e.g. first five rows in sample information are first five columns

in expression matrix

clindata <- read.delim("data/NKI295.pdata.txt")
clindata[1:5,1:5]

## sampleNames Label_Traing_and_Validation event_death
## 1 NKI295_4 Training 0
## 2 NKI295_6 Validation 0
## 3 NKI295_7 Training 0
## 4 NKI295_8 Validation 0
## 5 NKI295_9 Training 0
## Distant_metastasis_as_first_event.MCR. survival.death.
## 1 0 12.997
## 2 0 11.157
## 3 0 10.138
## 4 0 8.802
## 5 0 10.294



Matching-up the columns
I Good to check that columns of expression matrix match the

clinical data

length(intersect(colnames(evalues), clindata[,1]))

## [1] 295

setdiff(colnames(evalues), clindata[,1])

## [1] "X"

setdiff(clindata[,1],colnames(evalues))

## character(0)

all(clindata[,1] == colnames(evalues)[-1])

## [1] TRUE



Matching-up the columns

I Find columns in the clinical data that match the clinical data

neword <- match(clindata[,1], colnames(evalues))
evalues.reorder <- evalues[,neword]



Clinical data

I Can also go from clinical to gene expression matrix
I e.g. if we know what rows in the clinical matrix correspond to

ER negatives, we will what columns they are in the gene
expression matrix

which(clindata$ER == "Negative")[1:4]

## [1] 3 4 7 13

I Columns 3,4,7,13 are all ER negative samples



Gene annotation
I Each row is a gene in the experiment
I Each column is annotation about that gene
I e.g. Rows 1 to 5 in the annotation matrix tell us about rows 1

to 5 in the expression matrix

annodata <- read.delim("data/NKI295.fdata.txt")
annodata[1:5,1:5]

## probeID symbol
## 1 16 GREM2
## 2 17 ZNF280B
## 3 18
## 4 19 FGB
## 5 20 SCARA5
## description accession
## 1 Gremlin 2, cysteine knot superfamily, homolog (Xenopus laevis) AI151500
## 2 Zinc finger protein 280B AI279346
## 3 MRNA, clone: RES4-16 D25272
## 4 Fibrinogen beta chain J00129
## 5 Scavenger receptor class A, member 5 (putative) AI277612
## ensg
## 1
## 2 ENSG00000198477
## 3 <NA>
## 4 ENSG00000171564
## 5 ENSG00000168079



Gene annotation

I e.g. row 1 in the expression matrix is the gene expression values
for GREM2

annodata[1,]

## probeID symbol
## 1 16 GREM2
## description accession
## 1 Gremlin 2, cysteine knot superfamily, homolog (Xenopus laevis) AI151500
## ensg unigene
## 1 Hs.98206

I



Example analyses

I Extract the expression values for a given gene
I Extract the arrays representing a particular clinical subgroup
I Plot gene expression against particular clinical variables
I Compare expression of one gene against another



Wrap-up



Things we didn’t mention

I loops, if / else etc
I apply, lapply
I writing functions
I ggplot2 http://ggplot2.org/
I Bioconductor http://bioconductor.org/

http://ggplot2.org/
http://bioconductor.org/


Don’t be a stranger!

I Email if you need help mark.dunning@cruk.cam.ac.uk
I Internal online support forum. Go to bioinf-qa001/ in

web-browser
I http:

//www.meetup.com/Cambridge-R-Users-Group-Meetup/

mailto:mark.dunning@cruk.cam.ac.uk
http://www.meetup.com/Cambridge-R-Users-Group-Meetup/
http://www.meetup.com/Cambridge-R-Users-Group-Meetup/


Other references

I R cookbook http://www.cookbook-r.com/
I Quick-R http://www.statmethods.net/
I UC Riverside guide http://manuals.bioinformatics.ucr.

edu/home/R_BioCondManual
I Course Manual

http://www.cookbook-r.com/
http://www.statmethods.net/
http://manuals.bioinformatics.ucr.edu/home/R_BioCondManual
http://manuals.bioinformatics.ucr.edu/home/R_BioCondManual


Practice!

I Lots of example datasets are available online

http://vincentarelbundock.github.io/Rdatasets/
datasets.html

http://vincentarelbundock.github.io/Rdatasets/datasets.html
http://vincentarelbundock.github.io/Rdatasets/datasets.html


Break for final practical


