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1 Introduction

The simpleaffy package is part of the Bioconductorf] project. It it was written to provide
a starting point for exploring Affymetrix data, and to provide functions for some of the
most common tasks we found ourselves doing over and over again. It is based on the
affy package, which does does most of the hard work.

affy provides a variety of functions for processing Affymetrix data, with many more
in affycomp. Even so, some tasks (such as computing t-tests and fold changes between
replicate groups, plotting scatter-plots and generating tables of annotated ’hits’) require
a bit of coding, and some of the most commonly used functions can be a bit slower than
we would like. This package aims to provide high-level methods to perform these routine
analysis tasks, and many of them have been re-implemented in C for speed.

Since simpleaffy is written over the top of the affy package, a basic understand-
ing of the library and its vignette is a good idea. We also assume that the reader
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knows how the Affymetrix system works. If not, a brief introduction can be found
at bttp://bioinf.picr.man.ac.uk/; a more detailed description is in the Affymetrix MAS
manual at http://www.affymetrix.com.

2 Reading in data and generating expression calls

The first thing you need to do is to get R to use the simpleaffy package by telling it to
load the library:

R> library(simpleaffy) ##the affy package also gets loaded

(NB: The examples in the vignette are hypothetical - we are putting together a data
package containing a complete experimental dataset, when that’s done, we will use these
as the basis for the example code in this document).

Affymetrix data is generated by processing an image of the microarray (stored in a
.DAT file) to produce a .CEL file, which contains, for each probe on the array, a single
number defining its intensity. These are combined for each probeset using an algorithm
such as RMA or MAS 5.0, to generate an expression level call for each transcript repre-
sented on the chip. Both the affy and simpleaffy packages work on the data in .CEL files,
so we need to load them into R. In order to compute means, fold changes and t-tests,
simpleaffy needs to know about the replicates in your experiment, so we must also load
some descriptive data that says which arrays were replicates and also something about
the different experimental conditions you were testing. This means that simpleaffy needs
two things:

1. your .CEL files, and
2. a white-space delimited file describing the samples that went on them.

By default, this file is called covdesc. The first column should have no header, and
contains the names of the .CEL files you want to process. Each remaining column is
used to describe something in the experiment you want to study. For example you might
have a set of chips produced by treating a cell line with two drugs. Your covdesc file
might look like something like this:


h
h

treatment
ctrll.cel
ctrl2.cel
ctrl3.cel
al.cel
a2.cel
ad.cel
bl.cel
b2.cel
b3.cel
abl.cel a.b
ab2.cel a.b
So000, the easiest way to get going is it:
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1. Create a directory, move all the relevant CFEL files to that directory
2. Create a covdesc file and put it in the same directory
3. If using linux/unix, start R in that directory.

4. If using the Rgui for Microsoft Windows make sure your working directory contains
the Cel files (use “File -> Change Dir” menu item).

5. Load the library.

R> library(simpleaffy) ##load the simpleaffy package
##(which loads the affy package too)

6. Read in the data and generate expression calls, (using RMA), for example.

R> library(simpleaffy)

R> raw.data <- read.affy() ##read data in working directory

R> x.rma <- call.exprs(raw.data,"rma")

R> # alternatively, use MAS 5.0: x.mas <- call.exprs(raw.data, "mas5")

Take a look at the help files for a more detailed description of these functions:

R> 7read.affy
R> 7call.exprs

The function justMAS provides a faster implementation of the MAS 5.0 expression
summary algorithm written in C. By default, this is used justMAS by call.exprs, to use
the expresso version specify 'mash-R’ instead of 'mas5’” when you invoke call.exprs.

justMAS has not been tested on every chip type available - the majority of devel-
opment has been on HGU95A arrays and newer. For more details of what chips it has
been tested on, how the testing was done, and the results of the comparisons, see our
website: http://bioinformatics.picr.man.ac.uk/simpleaffy.
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3 Quality Control

One of the nice things about the Affymetrix platform is the collection of QC metrics
(and accomanying guidelines) that are available. These may help flag up arrays that may
have problems, and are described in detail in the Affymetrix Data Analysis Fundamentals
manual, which can be found on their website at http://www.affymetrix.com.

The function qc generates the most commonly used metrics:

1. Average background
2. Scale factor

3. Number of genes called present (see the note on detection p-values) described
below.

4. 3’ to 5’ ratios

All of these stats are parameters computed for/from the MAS 5.0 algorithm. Affy’s
QC requires that the Scale Factor for all chips are within 3-fold of one another, and
that the average background and percent present calls for each chip are ’similar’. Affy
chips also use probes at the 3’ and 5 ends of the GAPDH and beta-actin genes to
measure RNA quality, and additional probes spiked in during the latter stages of the
sample preparation process are used to verify hybridisation efficiency. These probes
(BioB,BioC,BioD,and CreX) should be present in increasing intensity.

The function gqc produces an object of class 'QCStats’ containing QC metrics for
each array in a project. It takes both processed and raw data, since it makes use of
numbers generated during the mas 5.0 expression calling algorithm. Alternatively, it
can be called with just the raw data, in which case it calls call.exprs(x,"mas5")
internally. For example,

R> x <- read.affy("covdesc");
R> x.masb <- call.exprs(x,"mas5");
R> gc <- qgc(x,x.mas5);

Note that we have used call.exprs(x,"mas5") to normalise the data using the mas
5.0 algorithm. This is important because call.exprs stores some additional data in the
AffyBatch object’s description@preprocessing slot:

R> x.masb@description@preprocessing

sfs is a list of scale factors for each chip, tgt, the target intensity they were scaled
to.

qc returns an object containing scale-factors, GAPDH 3’ /5", GAPDH 3’ /M, beta.actin
3’/5’, beta.actin 3'/M, target intensity, % present, average, mininimum, maximum and


h

mean background intensities, and bioB, bioC, bioD and creX present calls (1=present;0=not
present). See ?qc for more details.

For some arrays, there are more than one probeset that target the gapdh and beta-
actin genes. In this situation, we’ve attempted to make a sensible choice as to which
probeset to use. To find out which probesets are used for your arrays use the methods
getGapdh3, getGapdhM, getGapdh5, getActinb3, getActinbM, getActinbb, getBioB,
getBioC, getBioD, and getCreX.

R> getGapdh3(cleancdfname (cdfName(x))) #where x is an exprSet object

A summary figure of QC data can be produced using plot:
R> plot(qc,label=sampleNames (x))

A lot of information is presented in this one figure. The dotted circles correspond to
fold-change - the outer one, labelled "+3’, corresponds to a 3-fold up-scaling, the middle
to no change, and the inner to a 3-fold down-scaling. The blue circle represents the
region in which all arrays have scale factors within three-fold of each other. Its position
is found by calculating the mean scale factor for all chips and positioning the center of
the region so that the borders are -1.5 fold up or down from the mean value.

Each array is plotted as a line from the 0-fold circle to the point that corresponds to
its scale factor. If the ends of all of the lines are in the blue region, their scale-factors
are compatible. The lines are coloured blue if OK, red if not.

The figure also shows GAPDH and beta-actin 3’/5’ ratios. These are represented as
a pair of points for each chip. Affy state that they should be within 3, although you
should generally expect far better than this. Any that fall outside the three-fold line are
coloured red; the rest are blue.

Written around the edge of the figure are the number of genes called present on
each array and the average background. These will vary according to the samples being
processed, and Affy’s QC suggests simply that they should be similar. If any chips have
significantly different values this is flagged in red, otherwise the numbers are displayed
in blue. By default, ’significant’ means that %-present are within 10% of each other;
background intensity, 20 units. These last numbers are somewhat arbitrary and may
need some tweaking to find values that suit the samples you're dealing with, and the
overall nature of your Affymetrix setup.

Finally, if BioB is not present on a chip, this will be flagged by printing 'BioB’ in red
next to the scale-factor for that chip.

In short, everything in the figure should be blue - red highlights a potential problem!

4 Filtering by expression measures

When R loaded the .CEL files, it also used the data in the covdesc file to define which
experimental groups the chips belonged to. The get.array.subset function makes it
easy to select a subest of arrays from the experiment. For example,



R> get.array.subset (x.rma, "treatment",c("a","n"))

will return an exprSet containing just the chips corresponding to treatment with
drug ’a’ or or with no drug at all.

The function pairwise.comparison allows you to take a subset of chips and perform
the following analyses on it:

1. find means of the data,
2. compute log2 fold changes between the means,
3. compute a t-test between the groups,

4. possibly compute MAS5.0 style detection p values and Present/Marginal/Absent
calls.

it returns a 'PairComp’ object containing the results of the analysis:

R> results <- pairwise.comparison(

X.rma, ## processed data
"treatment", ## the factor in covdesc
## to use to group arrays
c("n","a"), ## groups to compare
raw.data ## for PMA calls
)

This function is implemented in C for speed - and does everything in one go. There
are no individual functions for fold-change and p-value, because it works out quicker
simply to get everything and to discard the stuff you don’t need.

Note that detection p values are computed using the function detection.p.val.
This makes use of two parameters (alphal and alpha2) that are, like the control probes
described above, dependent on the array type you're analysing. Use getAlphal and
getAlpha?2 to find out what values are being used for your array.

If you only have two groups of replicates - a simple control v. treatment experiment,
for example, things are even easier, you do not have to specify the members to compare
since the function can work it out from the group:

R> results <- pairwise.comparison(

x.rma, ## processed data
"treatment", ## the factor in covdesc
spots=raw.data ## for PMA calls

)

R> ## Find the 100 most changing genes
R> sort(abs(fc(results)),decreasing=TRUE) [1:100]



Since call.exprs always returns logged data, pairwise.comparison expects logged
data by default — this can be changed with the logged parameter.
Averages can be calculated 3 ways:

1. From the unlogged values — i.e. log2(mean(replicates)).
2. From the logged values — i.e. mean(log2(replicates)).
3. From the median — i.e log2(median(replicates))

..and then the log2(fold change) values are simply worked out from these.

By default, unlogged values are used, but the parameter, method, allows you to
change this by specifying method="unlogged’,’logged’ or 'median’.

Note that if you have no replicates in one or both of your experimental groups - so
that you have only one control or treatment chip, for example, the function returns a
p-score of 0.0 for each t-test comparison rather than generating an error complaining
that there are not enough observations.

The function pairwise.filter takes the output of pairwise.comparison and filters
it for significantly changing genes:

R> # find genes expressed with an intensity
R> # greater than 10 on at least 6 chips,
R> # that show a fold change greater than 1.5
R> # and are significantly different
R> # between groups with a t-test p.value
R> # of 0.001 or better
R> significant <- pairwise.filter(
results,min.exp=log2(10),
min.exp.no=6, fc=log2(1.5),
tt= 0.001)

4.1 Paired replicates

In the above example, we simply lumped all the replicates together when we calculated
the t-tests. Ideally, we would like to design experiments so that each treatment is
matched by a control sample that mirrors the protocols and processes it was subjected
to as closely as possible.

This is particularly important if we are going to be processing replicates on separate
days, or perhaps with different operators. A protocol that requires incubation on the
bench for a couple of hours, say, might behave differently on a hot day and we would
like the control samples to pick this sort of thing up.

The pairwise.comparison function lets us do a t-test with paired replicates, by
specifying the ordering of replicates within groups.



R> results <- pairwise.comparison(

x.rma, ## processed data
"treatment", c("n","a"),## groups to compare
raw.data,

a.order=c(1,3,2), ## a.l1 matches b.1
b.order=c(1,2,3)) ## a.3 matches b.2 etc...

R> ## Find the 100 most changing genes
R> sort(abs(fc(results)),decreasing=TRUE) [1:100]

Here, we have specified the order the replicate samples should be compared to each
other - so that replicate 3 in group a is compared to replicate 2 in group b, and so on.

Again, the help pages for these functions explain more about them and the values
they return.

5 Viewing results

The function trad.scatter.plot does a scatter plot between a pair of vectors:

R> trad.scatter.plot(exprs(x.rma)[,1],exprs(x.rma)[,3],
fc.line.col="lightblue",col="blue");
R> trad.scatter.plot (exprs(x.rma)[,2],exprs(x.rma)[,4],
add=T,col="red");
R> legend(2,12,c("Control v. treatment rep 1","Control v. treatment rep 2"),
col=c("blue", "red"),pch=20)

Another thing that can sometimes be tricky is producing figures for papers and pre-
sentations. Two utility functions, journalpng and screenpng make it easy to generate
.png files at 300dpi (huge) and 72dpi. Most journals accept .pngs, and they can be
converted into other formats using a decent graphics package.

R uses the concept of a device to deal with graphics. When you start to plot a graph,
it looks for a graphics device to print it on. If it can’t find one that’s already there, it
opens a new one, which by default corresponds to a window on the screen. In order to
generate a file (rather than a window) containing our figure, we can use journalpng and
screenpng to create a new graphics device that R can use instead. This device results
in our graph being plotted to a file on disk - when you type something like:

R> journalpng(file="results/figurel.png");
R> trad.scatter.plot(exprs(x.rma)[,1],exprs(x.rma)[,3],fc.line.col="1ightblue");
R> dev.off();

a new png file is created, the scatterplot is printed into that file and then, when
dev.off() is called, the data is saved. Note that because R is plotting to our journalpng
device rather than the screen, we won’t see any pictures (or anything happen at all).
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5.1 Generating a table of results

It would also be nice to know what our changing genes actually do. The function
get.annotation takes a list of probe set names along with a string specifying the type
of array we are looking at, and uses these to look up annotation for our data. The
resulting dataframe, when saved as a tab delimited .XLS file, loads into excel, with
hyperlinks to the NCBI’s Unigene and LocusLink databases.

Two functions results.summary and write.annotation are also useful - the former
generates a summary table with expression data and associated annotation, the latter
spits it out in tab delimited format (see ?get.annotation for more details)

R> x <- read.affy()

R> x.rma <- call.exprs(x,"rma")

R> pw <- pairwise.comparison(x.rma, "drug",c("formulaX", "nothing"))
R> pw.filtered <- pairwise.filter (pw)

R> summary <- results.summary(pw.filtered, "hgui33a")

R> write.annotation(file="spreadsheet.x1ls",summary)
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