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Bioconductor
Open source bioinformatics using R

by Robert Gentleman and Vincent Carey

Introduction

One of the interesting statistical challenges of the
early 21st century is the analysis of genomic data.
This field is already producing large complex data
sets that hold the promise of answering important
questions about how different organisms function.
Of particular interest is the ability to study diseases
at a new level of resolution.

While the rewards appear substantial there are
large hurdles to overcome. The size and complex-
ity of the data may prevent many statisticians from
getting involved. The need to understand a reason-
able (or unreasonable) amount of biology in order to
be effective will also be a barrier to entry for some.

We have recently begun a new initiative to de-
velop software tools to make the analysis of these
data sets easier and we hope to substantially lower
the barrier to entry for statisticians. The project
is called Bioconductor, www.bioconductor.org. We
chose the name to be suggestive of cooperation and
we very much hope that it will be a collaborative
project developed in much the same spirit as R.

In this article we will consider three of the Bio-
conductor packages and the problems that they were
designed to address. We will concentrate on the anal-
ysis of DNA microarray data. This has been the focus
of our initial efforts. We hope to expand our offerings
to cover a much wider set of problems and data in the
future. The problems that we will consider are:

• data complexity: the basic strategy here is
to combine object oriented programming with
appropriate data structures. The package is
Biobase.

• utilizing biological meta data: the basic strat-
egy here is to use databases and hash tables to
link symbols. The package is annotate.

• gene selection: given a set of expression data
(generally thousands of genes) how do we se-
lect a small subset that might be of more in-
terest? This is equivalent to ranking genes or
groups of genes in some order. The package is
genefilter.

• documentation: as we build a collection of in-
terdependent but conceptually distinct pack-
ages, how do we ensure durable interopera-
tion? We describe a vignette documentation
concept, implemented using Sweave (a new
function in R contributed by F. Leisch).

An overview of this area, provided by the Eu-
ropean Bioinformatics Institute, may be found at
http://industry.ebi.ac.uk/~brazma/Biointro/
biology.html Also, a recent issue of the Journal of
the American Medical Association (November 14,
2001) has a useful series of pedagogic and interpre-
tive papers.

Handling data complexity

Most microarray experiments consists of some num-
ber of samples, usually less than 100, on which ex-
pression of messenger RNA (mRNA) has been mea-
sured. While there are substantial interesting statis-
tical problems involving the design and processing
of the raw data we will concentrate on the data that
have been processed to the point that we have com-
parable expression data for a set of genes for each
of our samples. For simplicity of exposition we will
consider a clinical setting where the samples corre-
spond to patients.

Our primary genomic data resource then consists
of an expression array which has several thousand
rows (representing genes) and columns represent-
ing patients. In addition we have data on the pa-
tients, such as age, gender, disease status, duration
of symptoms and so on. These data are conceptually
and often administratively distinct from the expres-
sion data (which may be managed in a completely
different database). We will use the term phenotypic
data to refer to this resource, acknowledging that it
may include information on demographics or ther-
apeutic conditions that are not really about pheno-
type.

What are efficient approaches for coordinating ac-
cess to genomic and phenotypic data as described
here? It is possible to couple the genomic and phe-
notypic data for each patient as a row in a single
data frame, but this seems unnatural. We recog-
nize that the general content and structure of expres-
sion data and phenotype data may evolve in differ-
ent ways as biological technology and research direc-
tions also change, and that the corresponding types
of information will seldom be treated in the sym-
metric fashion implied by storing them in a com-
mon data frame. Our approach to data structure de-
sign for this problem preserves the conceptual inde-
pendence of these distinct information types and ex-
ploits the formal methods and classes in the package
methods which was developed by J. M. Chambers.

Class exprSet and its methods

The methods package provides a substantial ba-
sis for object-oriented programming in R. Object-
oriented programming has long been a tool for deal-
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ing with complexity. If we can find a suitable repre-
sentation for our data then we can think of it as an
object. This object is then passed to various routines
that are designed to deal with the special structure in
the objects.

An object has slots that represent its different
components. To coordinate access to the genomic
and phenotypic data generated in a typical microar-
ray experiment, we defined a class of objects called
exprSet. An instance of this class has the following
slots:

exprs An array that contains the estimated expres-
sion values, with columns representing sam-
ples and rows representing genes.

se.exprs An array of the same size as exprs con-
taining estimated standard errors. This may be
NULL.

phenoData An instance of the phenoData class
which contains the sample level variables for
this experiment. This class is described subse-
quently.

description A character variable describing the ex-
periment. This will probably change to some
form of documentation object when and if we
adopt a more standard mechanism for docu-
mentation.

annotation This is a character string indicating the
name of the annotation data that can be used
for this exprSet.

notes A character string for notes regarding the
analysis or for any other purpose.

Once we have defined the class we may create in-
stances of it. A particular data set stored in this for-
mat would be called an instance of the class. While
we should technically always say something like: x is
an instance of the exprSet class, we will often simply
say that x is an exprSet.

We have implemented a number of methods for
the exprSet and phenoData classes. Most of these
are preliminary and some will evolve as our under-
standing and the data analytic processing involved
mature. The reader is directed to the documentation
in our packages for definitive descriptions.

We would like to say a few words here about the
subsetting methods. By implementing special sub-
setting methods we are able to ensure that the data
remain correctly aligned. So, if x is an instance of
an exprSet, we may ask for x[,1:5]. The second
index in this subscripting expression refers to tissue
samples. The value of this expression is an exprSet
whose contents are restricted to the first five sam-
ples in x. The new exprSet’s exprs element con-
tains the first five columns of x’s expr array. The new
exprSet’s se.exprs array is similarly restricted. But
the phenoData must also have a subset made and for

it we want the first five rows of x’s phenoData data
frame, since it is in the more standard format where
columns are variables and rows are cases.

Notice that by representing our data with a for-
mal class we have removed a great deal of the com-
plexity associated with the data. We believe that this
representation relieves the data analyst of complex
tasks of coordination and checking of diverse data
resources and makes working with exprSets much
simpler than working with the raw data.

We have also defined the $ operator to work on
exprSets. This operator selects variables of the ap-
propriate name from the phenoData component of
the exprSet.

The phenoData class was designed to hold the
phenotypic (or sample level) data. Instances of this
class have the following slots:

pData This is a data.frame with samples as the
rows and the phenotypic variables as the
columns.

varLabels This is a list with one element per pheno-
typic variable. Names of list elements are the
variable names; list element values are charac-
ter strings with brief textual descriptions of the
associated variables.

We find it very helpful to keep descriptions of the
variables associated with the data themselves. Such
a construct could be helpful for all data.frames.

Example

The golubEsets package includes exprSets embody-
ing the leukemia data of the celebrated Science pa-
per of T. Golub and colleagues (Science 286:531-537,
1999). Upon attaching the golubTrain element of the
package, we perform the following operations.

Show the data. This gives a concise report.

> golubTrain

Expression Set (exprSet) with

7129 genes

38 samples

phenoData object with 11 variables and 38 cases

varLabels

Samples: Sample index

ALL.AML: Factor, indicating ALL or AML

BM.PB: Factor, sample from marrow or \

peripheral blood

T.B.cell: Factor, T cell or B cell leuk.

FAB: Factor, FAB classification

Date: Date sample obtained

Gender: Factor, gender of patient

pctBlasts: pct of cells that are blasts

Treatment: response to treatment

PS: Prediction strength

Source: Source of sample
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Subset expression values. This gives a matrix.
Note the gene annotation, in Affymetrix ID format.

> exprs(golubTrain)[1:4,1:3]

[,1] [,2] [,3]

AFFX-BioB-5_at -214 -139 -76

AFFX-BioB-M_at -153 -73 -49

AFFX-BioB-3_at -58 -1 -307

AFFX-BioC-5_at 88 283 309

Tabulate stratum membership. This exploits the
redefined $ operator.

> table(golubTrain$ALL.AML)

ALL AML

27 11

Restrict to the ALL patients. We obtain the dimen-
sions after restriction to patients whose phenoData
indicates that they have acute lymphocytic leukemia.

> print(dim(exprs(golubTrain[ ,

golubTrain$ALL.AML=="ALL"])))

[1] 7129 27

Other tools for working with exprSets are pro-
vided, including methods for iterating over genes
with function application, and sampling from pa-
tients in an exprSet (with or without replacement).
The latter method returns an exprSet.

Annotation

Relating the genes to various biological data re-
sources is essential. While there is much to be
learned and many of the biological databases are
very incomplete it is never the less essential to start
employing these data. Again our approach is quite
simple but it has proven effective and we are able to
both analyse the data we encounter and to provide
resources to others.

Our approach has been to divide the process into
two components. One process is the building and
collation of annotation data from public databases,
and the other process is the extraction and formatting
of the collated data for analysis reporting. Data ana-
lysts using Bioconductor will typically simply obtain
a set of annotation tables for the chip data they are
using. Given the appropriate tables they can select
genes according to certain conditions such as func-
tional group, or biological process or chromosomal
location.

The process of building annotation data sets is
carried out by the AnnBuilder package. We dis-
tribute this but most users will not want to build
their own annotation. They will want instead to
have access to specific annotation for their chip.
AnnBuilder relies on several R packages (available

from CRAN) including D. Temple Lang’s XML and
T. Keitt’s RPgSQL.

Typically the annotation data available are a com-
plete set for all genomes or a complete set for a spe-
cific genome, such as yeast or humans. Since this is
typically much larger than what is currently avail-
able on any microarray and in the interest of perfor-
mance we have found that producing annotation col-
lections at the level of a chip has been quite success-
ful.

The data analyst simply needs to ensure that they
have an annotation collection suitable for their chip.
A number of these are available from the Biocon-
ductor web page and given the appropriate reference
data we can provide custom made collections within
a few days.

Currently these collections arrive as a set of
comma separated files. The first entry in each row
is the identification name or label for the gene. This
should correspond to the row names of the expr
value in the exprSet that is being analysed. The an-
notation filenames should have their first five letters
identical to the value in the annotation slot of the
exprSet since this is used to align the two. This pack-
age will become more object oriented in the near fu-
ture and the distribution mechanism will change.

Affymetrix Inc. produces several chips for the
human genome. The most popular in current use
are the U95v2 chips (with version A being used
most often). The probes that are arrayed here have
Affymetrix identifiers. We provide functions that
map the Affymetrix identifiers to a number of other
identifiers such as the Locus Link value, the Gen-
Bank value. In addition we have mapped most
probes to their Genome Ontology (GO) values http:
//www.geneontology.org. GO is an attempt to pro-
vide standardized descriptions of the biological rele-
vance of genes into the following three categories:

• Biological process

• Cellular component

• Molecular function

Within a category the set of terms forms a directed
acyclic graph. Genes typically get a specific value for
each of these three categories. We trace each gene to
the top (root node) and report the last three nodes in
its path to the root of the tree. These top three nodes
provide general groupings that may be used to ex-
amine the data for related patterns of expression.

Additional data, such as chromosomal location,
is also available. As data become available we will
be adding it to our offerings. Readers with knowl-
edge of data that we have not included are invited to
submit this information to us.

The annotation files are read in to R as environ-
ments and used as if they were hash tables. Typ-
ically the name they are stored under is the iden-
tifier (but that does not need to be the case). The
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value is can then be accessed using get. Since we
often want to get or put multiple values (if we have
100 genes we would like to get chromosome loca-
tion for all of them) there are functions multiget and
multiassign.

Often researchers are interested in finding out
more about their genes. For example they would like
to look at the different resources at NCBI. We can eas-
ily produce HTML pages with active links to the dif-
ferent online resources. ll.htmlpage is an example
of a function designed to provide links to the Locus
Link web page for a list of genes.

It is also possible using connections and the XML
package to open http connections and read the data
from the web sites directly. It could then be pro-
cessed using other R tools. For example if ab-
stracts or full text searchable articles were available
these could be downloaded and searched for rele-
vant terms.

The remainder of this section involves reference
to Web sites and R functionality that may change in
the future. This portion of the project and the un-
derlying data are in a state of near constant change.
An up-to-date version of the material in this sec-
tion, along with relevant scripts and data images,
will be maintained at http://www.bioconductor.
org/rnews0102.html. If you have problems with
any of the commands described below, please con-
sult this URL.

To illustrate how one can get started analyzing
publicly distributed expression data with R, the fol-
lowing commands lead to a matrix numExprs con-
taining the Golub training data, and a character vec-
tor of Affymetrix expression tags accTags:

golURL <-

url(paste("http://www-genome.wi.mit.edu/",

"mpr/data_set_ALL_AML_train.txt",

sep = ""),

"r")

golVec <- scan(golURL, sep = "\t", what = "")

## next command patches up a missing blank

golVec <- c(golVec[1:78], "", golVec[-(1:78)])

golMat <- t(matrix(golVec, nr = 79))

accTags <- golMat[-1, 2]

cExprs <- golMat[-1, seq(3, 78, 2)]

numExprs <- t(apply(cExprs, 1, as.numeric))

Let’s see what the Affymetrix tags look like:

t(t(accTags[c(10,20,30)]))

[,1]

[1,] "AFFX-BioB-5_st"

[2,] "AFFX-DapX-5_at"

[3,] "AFFX-ThrX-M_at"

Using the annotate package of Bioconductor, we can
map these tags to GenBank identifiers:

library(annotate)

library(Biobase)

HGu952genBank() # set up map

multiget(accTags[c(10,20,30)],

env=HGu95togenBank)

The result is a list of GenBank identifiers:

$"AFFX-BioB-5_st"

[1] "J04423"

$"AFFX-DapX-5_at"

[1] "L38424"

$"AFFX-ThrX-M_at"

[1] "X04603"

Upon submitting the tag "J04423" to GenBank, we
find that this gene is from E. coli, and is related to
biotin biosynthesis.

A long range objective of the Bioconductor
project is to facilitate the production and collation of
interpretive biological information of this sort at any
stage of the process of filtering and modeling expres-
sion data.

Gene filtering

In this section we consider the process of selecting
genes that are associated with clinical variables of in-
terest. The package genefilter is one approach to this
problem. We think of the selection process as the se-
quential application of filters. If a gene passes all of
the filters then we deem it interesting and select it.

For example, genes are potentially interesting if
they show some variation across the samples that we
have. They are potentially interesting if they have es-
timated expression levels that are high enough for us
to believe that the gene is actually expressed. These
are both examples of non-specific filters; we have not
made any reference to a covariate. Covariate-based
filters specify conditions of magnitude or variation
in expression within or between strata defined by co-
variates that must be satisfied by a gene in order that
it be retained for subsequent filtering and analysis.

Closures for non-specific filters

A filter function will usually have some context-
specific parameters to define its behavior. To make
it easy to associate the correct settings with a filter
function we have used R lexical scoping rules. Here
is the function kOverA that filters genes by requiring
that at least k of the samples have expression values
larger than A.

kOverA <- function(k, A=100, na.rm = TRUE) {

function(x) {

if(na.rm)

x <- x[!is.na(x)]

sum( x > A ) > k

}

}

To define a filter that requires a minimum of five
samples to have expression level at least 150, we sim-
ply evaluate the expression
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myK <- kOverA(5, 150)

Now myK is a function, since that is what kOverA re-
turns. myK takes a single argument, x, which will
be a vector of gene expressions (one expression level
for each sample) and evaluates the body of the inner
function in kOverA. In that body A, k and na.rm are
unbound symbols. They will obtain their values as
those that we specified when we created the closure
(the coupling of the function body with its enclosing
environment) myK. If es is an exprSet, the result of
apply(exprs(es),1,myK) is a logical vector with gth
element TRUE if gene g (with expression levels stored
in row g of the exprs slot of es) has expression level
at least 150 in 5 of the samples, and FALSE otherwise.

Another more interesting non-specific filter is the
gap filter. It selects genes using a function that has
three parameters. The first is the gap, the second
is the IQR and the third is a proportion. To apply
this filter the (positive) expression levels for the gene
are sorted and the proportion indicated are removed
from both tails. If in the remainder of the data there is
a gap between adjacent values of at least the amount
specified by the gap parameter then the gene will
pass the filter. Otherwise, if the IQR based on all val-
ues is larger than the specified IQR the gene passes
the filter. The purpose of this filter is to select genes
that have some variation in their expression values
and hence might have something interesting to say.

Covariate-dependent filters

An advantage to this method is that any statisti-
cal test can be implemented as a filter. Functions
implementing covariate-dependent filters are built
through closures, have the same appearance as sim-
pler non-specific filters, and are apply’d to expres-
sion level data in precisely the same way as described
above.

Here is a filter-building function that uses the par-
tial likelihood ratio to test for an association between
a censored survival time and gene expression levels.

coxfilter <- function (surt, cens, p)

{

autoload("coxph", "survival")

function(x) {

srvd <- try(coxph(Surv(surt, cens) ~ x))

if (inherits(srvd, "try-error"))

return(FALSE)

ltest <- -2 * (srvd$loglik[1] -

srvd$loglik[2])

pv <- 1 - pchisq(ltest, 1)

if (pv < p)

return(TRUE)

return(FALSE)

}

}

To use this method, we must create the closure by
establishing bindings for the survival time, censor-
ing indicator, and significance level for declaring an

association. Ordinarily, the survival data will be cap-
tured in the phenoData slot of an expression set, say
es, so we will see something like

myCox <- coxfilter( es$stime, es$event, 0.05 )

Now apply(exprs(es), 1, myCox) is a logical vec-
tor with element TRUE at index g whenever gene g is
associated with survival, and FALSE otherwise.

We have provided other simple filters such as a
t-test filter and an ANOVA filter. One can simply
set up the test and require that the p-value of the
test when applied to the appropriate covariate (from
the phenoData slot) is smaller than some prespeci-
fied value.

In one designed experiment we used testing
within gene-specific non-linear mixed effects models
to measure the association between gene expression
and a continuous outcome. The amount of program-
ming required was minimal. Filtering in this sim-
ple way provides us with a very natural paradigm
and tool in which to carry out gene selection. Note
however, that in some situations we will need to deal
with more than one gene at a time.

Equipped with the lexical scoping rules, we have
separated the processes of generic filter specifica-
tion (filter building routines supplied in the gene-
filter package), selection of detailed filter parameters
(binding of parameters when the closure is obtained
from the filter builder), and application of filters over
large numbers of genes. For the latter process we
have given examples of “manual” use of apply, but
more efficient tools for sequential filtering are sup-
plied through the filterfun and genefilter func-
tions in the package.

A word of warning is in order for those who have
not worked extensively with function closures. It is
easy to forget that the function is a closure and has
some variables captured. Seemingly correct results
can obtain if you are not careful. The alternative is
to specify all parameters and strata at filtering time.
But we find that makes the filtering code much more
complicated and less intuitive.

Documentation

We are embarked on the production of packages and
protocols to facilitate greater involvement of statisti-
cians in bioinformatics, and to support smoother col-
laboration between statisticians, biologists and pro-
grammers when working with genomic data. Docu-
mentation of data structures, methods, and analysis
procedures must be correct, thorough, and accessible
if this project is to succeed.

R has a number of unique and highly effective
protocols for the creation (prompt) and use of doc-
uments at the function and package level that facili-
tate simple interactive demonstration of function be-
haviors (the example function, which applies to help
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topics) and unit testing of functions and packages at
build time (the testing carried out by R CMD check).

We have introduced two new documentation
protocols as we grow the Bioconductor project.

promptClass

A revised promptClass function has been developed
which produces a template that illustrates instantia-
tion of classes (using the new function) and searches
through the searchlist to obtain information on for-
mal methods that apply to the class being docu-
mented. Thus the creator of a new class is motivated
to describe not only the structure of the class being
created, but also the family of methods that may be
used to work with this class.

The vignette protocol

The intent of the CMD check unit testing protocols of
R is to establish that the elements of a package func-
tion in accordance with the description in the manual
pages. The Bioconductor project has two additional
unit testing requirements. First, packages must work
together in well-defined ways: examples involving
multiple packages and diverse data structures must
interoperate correctly and continuously while evolv-
ing. Second, users will require ‘higher-level’ views of
programming processes than are typically afforded
by package man pages. Users will need to be taken
through the steps of data structure creation, search-
list extension, and then through the details of any
particular data processing or inference procedure,
with considerable narrative guidance.

Sweave allows integrated session narration, shell
monitoring, and graphics incorporation in docu-
ments that are specified in LATEX and are render-
able using PDF. We propose that Sweave documents
(with suffix ‘.Rnw’) and PDF compilations of them
be kept in the ‘inst/doc’ subdirectory of packages re-
lated to the Bioconductor project.

Conclusions

Analytical computing for bioinformatics has been
characterized to date by the proliferation of sepa-
rated binaries or scripts that implement various anal-
ysis methods in very easy to use formats (e.g., Mi-
croSoft Excel modules, Java applets). This paradigm
has a number of drawbacks, including frequent re-
liance upon idiosyncratic data input and output for-
mats, high costs of establishing interoperability, diffi-
culties of incorporating new methodological insights

into existing programs, minimal infrastructure to
verify procedure portability, and non-standard doc-
umentation.

The Bioconductor project is based on the award-
winning interactive programming language S, as de-
ployed in the open-source statistical computing en-
vironment R. An interactive programming language
provides an ideal platform for prototyping imple-
mentations of new ideas and comparing the new ap-
proaches to well-established older approaches. The
language basis confers well-defined paths to exten-
sion and interoperation of any routines. Procedures
that are too intensive to work routinely in the inter-
active environment may be coded in any higher-level
language and loaded dynamically in R for higher
performance with no change to the user interface.
The object-oriented programming facilities provide
access to state-of-the-art methods in data structure
and software design that help to control code com-
plexity and reduce obstacles to smooth interoper-
ation of diverse procedures. The intersystems in-
terfacing initiative at www.omegahat.org provides
tools to permit smooth interoperation of Bioconduc-
tor routines with completely foreign systems such as
relational databases, browsers, or other virtual ma-
chines.

The role of R in bioinformatics research has been
substantial, with contributions already present on
CRAN (sma, GeneSOM, etc.) and its use in many
projects for functional genomics. It is our hope that
the Bioconductor project will aid in the federation
of programming efforts to support progress in many
different areas of biology and clinical research. Those
who are interested in this project should visit our
web site and consider subscribing to the bioconduc-
tor mailing list.
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