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1 Introduction

Public repositories such as the Gene Expression Omnibus (GEO) (Barrett et al. 2013) and
ArrayExpress (Rustici et al. 2013) provide a large amount of functional genomics data from
a wide range of studies performed in different organisms and on different (microarray) plat-
forms. However, collecting and maintaining datasets for a specific domain of study to extract
meaningful biological information from these repositories is often challenging. Several tools
and web-based resources have been developed (Bareke et al. 2010; Cheng et al. 2010; Coletta
et al. 2012; Kilpinen et al. 2008; Lacson et al. 2010; Liu et al. 2011; Petryszak et al. 2014;
Planey and Butte 2013; Taminau et al. 2011; Xia et al. 2009) to facilitate the aggregation of
data from functional genomics data repositories. While very useful, most of these resources do
not enable easy integration with the rich collection of R/Bioconductor packages available for
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Figure 1: Workflow of the compendiumdb package: GEO records are downloaded from GEO
and stored in a MySQL database. Data can be extracted from the compendium database using
R functions included in the package.

follow-up analyses. A partial solution is offered by the GEOquery package (Davis and Meltzer
2007) that provides a bridge between GEO and R which enables downloading GEO records and
storing expression data as an ExpressionSet. However, when using GEOquery systematically
maintaining a large collection of EzpressionSets remains problematic.

We developed the R package compendiumdb to provide a homogeneous framework to re-
trieve and store a large number of functional genomics datasets from different studies and
profiling platforms using a MySQL database (Figure 1). The compendiumdb package consists
of a number of R functions developed to access the database either locally or remotely. The
database schema has been designed to be rich enough to store most of the information provided
by MIAME-compliant expression databases such as GEO. The package provides R functions
to (i) download data from GEO given the identifier of the experiment, (i¢) load the expression
data and probe annotation to a relational database, and (4i) retrieve the expression data from
the compendium database as an EzpressionSet. These and addtional functions are described
in the rest of this vignette.

2 Installation of compendiumdb package

Before installing compendiumdb itself recent distributions of MySQL and Perl (and some of its
modules) have to be installed. Below the steps to take when using a version of the Windows
operating system are outlined, but a similar sequence of steps also works for Linux or MacOSX.

1. Install the most recent version of MySQL:



(a) Download the MySQL Installer from http://dev.mysql.com/downloads/installer/;

(b) Open the MySQL Installer by clicking on the MSI (MicroSoft Installer) file you just
downloaded;

(¢) Use the default settings. For a minimal installaton choose ‘Server only’ under Setup
Type;

(d) Create a root account by entering a password under Configuration (Accounts and
Roles).

2. Add the path to your MySQL bin directory (e.g.,
C:\Program Files\MySQL\MySQL Server 5.6\bin) to the PATH environment variable
(see http://dev.mysql.com/doc/mysql-windows-excerpt/5.6/en/mysql-installation-
windows-path.html).

3. (a) Open a Command Prompt window and log in to your MySQL account by typing
mysql -u root -p and entering your password for the root account;

(b) On the MySQL prompt create a database named compendium using CREATE DATABASE
compendium;. You are free to choose another database name, but compendium is
the default name assumed by compendiumdb and will therefore save some typing
when using the package.

4. Install a recent version of Perl:

(a) Go to ActiveState’s ActivePer]l home page http://www.activestate.com/activeperl;

(b) Click on ‘Download Now’ to download the installer for ActivePerl for Windows.
There is no need to fill out any of the contact information on the next page in order
to download ActivePerl;

(c) Install ActivePerl by clicking on the MSI file you just downloaded and accepting
the default options (in particular, the option to add Perl to the PATH environment
variable);

(d) Go to the Command Prompt and type ppm. This will open the Perl Package Manager
(or open it via the Start Menu). Check if the following Perl required modules are
already installed: DateTime-Format-DateManip, DBD-mysql. If not, install them;

(e) (Optional) See the INSTALL file provided with the package for some operating
system specific recommendations on installing Perl and required modules.

5. Install the most recent version of compendiumdb from CRAN:

install.packages ("compendiumdb")

Required packages from Bioconductor (Biobase, GEOquery) are automatically installed
when also selecting the Bioconductor repository via setRepositories().

6. Add the path to your R installation (e.g.,
C:\Program Files\R\R-3.2.2\bin) to the PATH environment variable and start a new
R session.



3 Commonly used functions

3.1 Connecting to and creating the compendium database

We start by loading compendiumdb in the current R session:
library (compendiumdb)

One first has to connect to the MySQL database using the function connectDatabase. Before
calling this function, a MySQL server should be running on the host machine and an (empty)
database has to be created on the MySQL server (see Section 2, Step 3). We assume that the
MySQL database is called compendium:

conn <- connectDatabase(user = "root", password = "root", host = "localhost",
dbname = "compendium")

Here we connected to a database running on a local machine, but the host argument can
also be used to connect to a database on a remote server. Once the connection to the database
has been established, load the database schema of the MySQL compendium database using
the function loadDatabaseSchema (default value updateSchema=FALSE):

loadDatabaseSchema(conn, updateSchema = TRUE)

Note that in general one should set updateSchema=TRUE only once, i.e., before filling
the database with expression data, or if one explicitly wants to delete all the records of the
database and reload the schema.

3.2 Downloading data from GEO

First one has to download the expression datasets of interest from GEO (http://www.ncbi.
nlm.nih.gov/geo/). For this purpose, the package provides the function download GEOdata.
GEO contains the following types of records (see also http://www.ncbi.nlm.nih.gov/geo/
info/overview.html):

e Platform record (GPL): describes properties of the microarray, e.g., cDNA or oligonu-
cleotide probesets, or sequencing machine. Each platform has a unique identifier (GPLxxx);

e Sample record (GSM): describes the conditions under which an individual Sample in the
experiment was handled, the manipulations it underwent, and the abundance measure-
ment (for example, level of fluorescence) of each element derived from it. It refers to only
one platform and can be part of multiple series. Each sample record is assigned a unique
identifier (GSMxxx);

e Series record (GSE): links a number of related samples together and provides a description
of the whole study, obtained data, analysis and conclusions. Each series has a unique
identifer (GSExxx);



e Dataset record (GDS): GEO samples that are processed using the same platform and
are biologically and statistically comparable are reassembled by GEO staff into GEO
Datasets (GDSxxx). In assembling a GDS, special attention is given to the sample
annotation and information about the different experimental factors is provided through
DataSet subsets.

The function downloadGEOdata downloads SOFT (Simple Omnibus Format in Text) files from
GEO to the user’s local machine for the GSE, GPLs, GSMs, and GDSs corresponding to the
GSE identifier provided by the user. Here we download the series record GSE18290 and its
associated GPLs and GSMs from GEO. GSE18290 contains time course expression data from
early bovine, human, and mouse embryos (Xie et al. 2010):

downloadGEOdata(GSEid = "GSE18290", destdir = getwd())

The function downloadGEOdata creates a data directory called BigMac (Bloinformatics
Group MicroArray Compendium) in a directory destdir specified by the user. The BigMac
directory contains several subdirectories: annotation, COMPENDIUM, data and log. The data
directory contains further subdirectories to store the downloaded SOFT files corresponding
to the GSE, GSMs, GPLs, and GDSs downloaded from GEO. More information about the
structure of the BigMac directory can be found at http://wiki.bioinformaticslaboratory.
nl/foswiki/bin/view/BioLab/CompendiumDB.

3.3 Loading data into the compendium database

Data downloaded from GEO to the BigMac directory can be loaded in the compendium
database using the function loadDataTo Compendium:

loadDataToCompendium(conn, "GSE18290")

The current contents of the compendium database can be inspected using the function
GSEinDB:

GSEinDB(conn)

##  id_Compendium Experiment experimentDesign Chip Samples
## 1 1  GSE18290 SC GPL2112 16
## 2 1 GSE18290 SC GPL339 18
## 3 1 GSE18290 SC GPL570 18
Hit Tag OrganismNCBIid OrganismName DatelLoaded

## 1 <NA> 9913 Bos taurus 2015-10-09 10:03:18

## 2 <NA> 10090 Mus musculus 2015-10-09 10:03:18

## 3 <NA> 9606 Homo sapiens 2015-10-09 10:03:18

## GDS

## 1 GDS3960
## 2 GDS3958
## 3 GDS3959



Since a different platform was used for each of the three species assayed in GSE18290 the
table contains three entries, one for each species.

3.4 Creating ExpressionSets

Once a dataset has been loaded into the compendium database, one would generally like
to further analyze the dataset using other packages provided by R/Bioconductor. For this
purpose the package provides the function create ESET that creates an FxpressionSet given a
GSE identifier:

esets <- createESET(conn, "GSE18290")

## Creating ExpressionSet for 3 GPL(s): GPL2112,GPL570,GPL339

Since in GSE18290 a different platform was used for each of the three species, three different
EzxpressionSets were created and assembled in a list esets. The EzpressionSet for the bovine
microarrays (GPL2112) can be accessed as follows:

esets$esetGSE18290_GPL2112

## ExpressionSet (storageMode: lockedEnvironment)
## assayData: 24128 features, 16 samples

#Hit element names: exprs

## protocolData: none

## phenoData

##  rowNames: GSM456627 GSM456628 ... GSM456642 (16
#it total)

##  varLabels: development stage GPL

H#H# varMetadata: labelDescription

## featureData

##  featureNames: AFFX-BioB-5_at AFFX-BioB-M_at

#i#t Bt.19900.1.A1_at (24128 total)
## fvarLabels: ID Gene title ... GenBank Accession (10
## total)

##  fvarMetadata: labelDescription
## experimentData: use 'experimentData(object)'
## Annotation: GPL2112

The numerical data contained in the assayData slot is identical to the normalized expression
data provided by GEO. The featureData slot is based upon the most recent (probe) annotation
provided by GEO for those platforms listed on ftp://ftp.ncbi.nlm.nih.gov/pub/geo/DATA/
annotation/ (in general those platforms with a GDS). For the other platforms, the annotation
is provided by the submitter of the GPL record.



4 Sample annotation

It is a well-known problem that the annotation of individual samples in public expression data
repositories is often inconsistent or even non-existent (Pitzer et al. 2009). The compendiumdb
package offers various ways to obtain a more consistent sample annotation.

4.1 Using createESET

As an example, consider GSE35547 containing gene expression data on the role of Notch in
CD4+ T cell response (Helbig et al. 2012):

downloadGEQOdata ("GSE35547")
loadDataToCompendium(conn, "GSE35547")

The function GSMdescriptions provides a convenient overview of the sample title, sample
characteristics, and sample source fields provided by GEO and stored in the compendium
database for each sample.

head (GSMdescriptions(conn, "GSE35547"), n = 4)

##
##
##
##
##
#i#t
##
#it
##
##
##
##
##
##
##
##
#i#t
##
#Hit
##

GSM870390
GSM870391
GSM870392
GSM870393

GSM870390
GSM870391
GSM870392
GSM870393

GSM870390
GSM870391
GSM870392
GSM870393

GSM870390
GSM870391
GSM870392
GSM870393

sampletitle

"C-Ig dayl_mousel"
"C-Ig_day3_mousel"
"DLL4_dayl_mousel"

"C-Ig_day3_mousel (technical replicate)"
samplesource

"naive CD4+ T cells, control, day 1"
"naive CD4+ T cells, control, day 3"
"naive CD4+ T cells, Delta4-Ig, day 1"
"naive CD4+ T cells, control, day 3"
samplechar

"strain: C57BL6/NCrl;;tissue: inguinal,
"strain: C57BL6/NCrl;;tissue: inguinal,
"strain: C57BL6/NCrl;;tissue: inguinal,
"strain: C57BL6/NCrl;;tissue: inguinal,
GPL

"GPL6885"

"GPL6885"

"GPL6885"

"GPL6885"

axillary
axillary
axillary
axillary

and brachial lymph
and brachial lymph
and brachial lymph
and brachial lymph

According to GEO guidelines (see http://www.ncbi.nlm.nih.gov/geo/info/spreadsheet.
html#samples_tab) the sample characteristics field should contain detailed sample annotation.
For GSE35547 this is indeed the case, and for each sample the variables strain, tissue, cell type,
stimulus, timepoint, and mouse are defined. In the output of GSMdescriptions these variables
are separated by a semicolon. The function create ESET with its argument parsing set to TRUE
enables splitting the sample characteristics into separate columns for each of the variables:

nodes
nodes
nodes
nodes

and
and
and
and

sp
sp
sp



esets <- createESET(conn, "GSE35547", parsing = TRUE)

## Creating ExpressionSet for 1 GPL(s): GPL6885

head(pData(esets$esetGSE35547_GPL6885), n = 4)

##
##
##
##
##
##
##
##t
##
#Hit
##
##
##
##
##
##
##
##
#i#t
##
#Hit
##
##
##
##

GSM870390
GSM870391
GSM870392
GSM870393

GSM870390
GSM870391
GSM870392
GSM870393

GSM870390
GSM870391
GSM870392
GSM870393

GSM870390
GSM870391
GSM870392
GSM870393

GSM870390
GSM870391
GSM870392
GSM870393

With the resulting FxpressionSet it is straightforward to perform follow-up analyses, for

strain

C57BL6/NCr
C57BL6/NCr
C57BL6/NCr
C57BL6/NCr

inguinal,
inguinal,
inguinal,
inguinal,
@
CD4+
CD4+
CD4+
CD4+

naive
naive
naive
naive

1
1
1
1

axillary
axillary
axillary
axillary
ell_type
T cells
cells
cells

T
T
T cells

and
and

and brachial lymph nodes
and brachial lymph nodes
and brachial lymph nodes
and brachial lymph nodes

stimulus timepoint mouse

and
and

control Ig day 1 1
control Ig day 3 1
Delta4-Ig day 1 1
control Ig day 3 1
sampletitle

C-Ig dayl_mousel
C-Ig_day3_mousel
DLL4_dayl_mousel

C-Ig_day3_mousel (technical replicate)

samplesource GPL

naive CD4+ T cells, control, day 1 GPL6885
naive CD4+ T cells, control, day 3 GPL6885
naive CD4+ T cells, Deltad4-Ig, day 1 GPL6885
naive CD4+ T cells, control, day 3 GPL6885

example, testing for differential expression using limma.

4.2 Using the inSilicoDb package

Often data uploaded to GEO does not conform with the guidelines. As an example, consider
GSE18931 containing gene expression data in human normal mammary stem cells (Pece et al.

2010):

downloadGEOdata("GSE18931")
loadDataToCompendium(conn, "GSE18931")
GSMdescriptions(conn, "GSE18931")

##

sampletitl

e

tissue
spleen
spleen
spleen
spleen



##
##
##
##
##
##
#i#t
##
#Hit
##
##
##
##
##
##
##
##
##
##
#Hit

GSM468802
GSM468803
GSM468804
GSM468805
GSM468806
GSM468807

GSM468802
GSM468803
GSM468804
GSM468805
GSM468806
GSM468807

GSM468802
GSM468803
GSM468804
GSM468805
GSM468806
GSM468807

"Mammary
"Mammary
"Mammary
"Mammary
"Mammary
"Mammary

epithelial
epithelial
epithelial
epithelial
epithelial
epithelial

samplesource

"Epithelial
"Epithelial
"Epithelial
"Epithelial
"Epithelial
"Epithelial

cells,
cells,
cells,
cells,
cells,
cells,

samplechar

"cell
"cell
"cell
"cell
"cell
"cell

type:
type:
type:
type:
type:
type:

Mammary
Mammary
Mammary
Mammary
Mammary
Mammary

FACS
FACS
FACS
FACS
FACS
FACS

cells,
cells,
cells,
cells,
cells,
cells,
from dissoci
from dissoci
from dissoci
from dissoci
from dissoci
from dissoci
Epithelial
Epithelial
Epithelial
Epithelial
Epithelial
Epithelial

sorted, PKH-Negative, Pool 1"
sorted, PKH-Positive, Pool 1"
sorted, PKH-Negative, Pool 2"
sorted, PKH-Positive, Pool 2"
sorted, PKH-Negative, Pool 3"
sorted, PKH-Positive, Pool 3"
ated mammospheres obtained from
ated mammospheres obtained from
ated mammospheres obtained from
ated mammospheres obtained from
ated mammospheres obtained from
ated mammospheres obtained from
GPL

Cells; ;" "GPL570"

Cells;;" "GPL570"

Cells; ;" "GPL570"

Cells; ;" "GPL570"

Cells; ;" "GPL570"

Cells;;" "GPL570"

reductive
reductive
reductive
reductive
reductive
reductive

Here the essential information of a sample being either PKH positive or PKH negative is not
provided in the sample characteristics field but in the sample title field. In this case, one can use
curated sample annotation accessible via the package inSilicoDB (Taminau et al. 2011). This
package is a command-line front-end to the InSilico DB (https://insilicodb.com, accessed
March 16, 2015), a web-based database containing close to 250,000 expert-curated Affymetrix
and Illumina expression profiles compiled from almost 8,000 GEO series records in human,
mouse, and rat (Coletta et al. 2012).

library(inSilicoDb)

sample.annot <- getAnnotations(dataset =

pdata <- pData(sample.annot)

head(pdata, n

##

## GSM468802 mammary
## GSM468803 mammary
## GSM468804 mammary
## GSM468805 mammary

= 4)

Cell

Type PKH26

Label

epithelial cells PKH-negative
epithelial cells PKH-positive
epithelial cells PKH-negative
epithelial cells PKH-positive

"GSE18931", platform

= "GPL570")

The current annotation of all samples can then easily be updated using the function up-
datePhenoData:

mammopl
mammopl
mammopl
mammopl
mammopl
mammopl



updatePhenoData(conn, "GSE18931", data = as.matrix(pdata))

head (GSMdescriptions(conn, "GSE18931"), n = 4)

## PKH26 Label Cell Type

## GSM468807 "PKH-positive" "mammary epithelial cells"
## GSM468806 "PKH-negative" "mammary epithelial cells"
## GSM468805 "PKH-positive" "mammary epithelial cells"
## GSM468804 "PKH-negative" "mammary epithelial cells"
## GPL

## GSM468807 "GPL570"

## GSM468806 "GPL570"

## GSM468805 "GPL570"

## GSM468804 "GPL570"

Here the sample annotation was imported from InSilico DB. Of course, a user can also
create a character matrix with curated sample annotation, for example with fiz, and use
updatePhenoData to store the updated sample annotation in the compendium database.

4.3 Using GEO Datasets

When downloading a GSE, the function downloadGEOData checks whether the GSE has been
curated by GEO staff and been made available as a GDS. If this is the case, the corresponding
GDS is also downloaded and when loading the data to the compendium database the curated
sample annotation provided by the GDS is stored. For GSE18290 loaded above this is indeed
the case:

GDSforGSE(conn, "GSE18290")

##  id_Compendium Experiment experimentDesign Chip Samples
## 1 1 GSE18290 SC GPL2112 16
## 2 1 GSE18290 SC GPL339 18
## 3 1 GSE18290 SC GPL570 18
Hit Tag OrganismNCBIid OrganismName DateLoaded

## 1 <NA> 9913 Bos taurus 2015-10-09 10:03:18

## 2 <NA> 10090 Mus musculus 2015-10-09 10:03:18

## 3 <NA> 9606 Homo sapiens 2015-10-09 10:03:18

## GDS

## 1 GDS3960
## 2 GDS3958
## 3 GDS3959

GSE18290 has actually been split into three different GDSs, one for each species. If a GDS
is available, the individual samples are in general well annotated:
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head (GSMdescriptions(conn, "GSE18290"))

## development stage GPL

## GSM456627 "oocyte" "GPL2112"
## GSM456628 "oocyte" "GPL2112"
## GSM456629 "1-cell embryo" "GPL2112"
## GSM456630 "1-cell embryo" "GPL2112"
## GSM456631 "2-cell embryo" "GPL2112"
## GSM456632 "2-cell embryo" "GPL2112"

5 Querying the compendium database

Of course, the MySQL compendium database provided with the package can also be queried di-

rectly (see http://wiki.bioinformaticslaboratory.nl/foswiki/bin/view/BioLab/CompendiumDB
for the entity relationship schema of the MySQL database). As a first example, we use a
database query to retrieve all GPL IDs and related information corresponding to a given plat-

form provider (Affymetrix in this case) loaded in the compendium database:

query <- pasteO("select db_platform_id, idorganism, provider,distribution from ",
"chip where provider = 'Affymetrix'")

res <- dbSendQuery(conn$connect, query)

fetch(res, n = -1)

##  db_platform_id idorganism provider distribution

## 1 GPL2112 563 Affymetrix  commercial
## 2 GPL570 549 Affymetrix  commercial
## 3 GPL339 576 Affymetrix  commercial

Next we limit the query to retrieve all Affymetrix-based GPL IDs corresponding to “Homo
sapiens”:

query <- pasteO("select db_platform_id, organism.officialname, provider from ",
"chip JOIN organism ON chip.idorganism=organism.idorganism WHERE ",
"chip.provider like 'Affy’' and organism.officialname like 'Homo%'")

res <- dbSendQuery(conn$connect, query)

fetch(res, n = -1)

##  db_platform_id officialname  provider
## 1 GPL570 Homo sapiens Affymetrix

Similarly we can also retrieve all Illumina-based GSE IDs and related information from the
compendium database:
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query <- pasteO("select distinct db_platform_id, title, experiment.expname, ",
"provider from chip JOIN expressionset ON ",
"chip.idchip=expressionset.idchip JOIN experiment ON ",
"expressionset.idExperiment=experiment.idExperiment WHERE ",
"chip.provider like 'Illuminaj'")

res <- dbSendQuery(conn$connect, query)

fetch (res, n= -1)

##  db_platform_id

## 1 GPL6885
#Hit title expname
## 1 Illumina MouseRef-8 v2.0 expression beadchip GSE35547
#Hit provider

## 1 Illumina Inc.

6 Use case: building a small tissue-resident memory T cell
compendium

The compendiumdb package provides a convenient framework to store and analyze a large
number of expression datasets from a specific domain of study. Here we create a small tissue-
resident memory CD8 T cell compendium.

We first use the GEOmetadb package to find microarray-based studies of tissue-resident
memory CD8 T cell gene expression in mouse:

library (GEOmetadb)
if(!file.exists('GEOmetadb.sqlite')) getSQLiteFile()
con.geometadb <- dbConnect (SQLite(),'GEOmetadb.sqlite')
sql <- paste("SELECT DISTINCT gse.title,gse.gse",
"FROM" ,
" gsm JOIN gse_gsm ON gsm.gsm=gse_gsm.gsm",
" JOIN gse ON gse_gsm.gse=gse.gse",
" JOIN gse_gpl ON gse_gpl.gse=gse.gse",
" JOIN gpl ON gse_gpl.gpl=gpl.gpl",
"WHERE",
" gse.type like 'JExpression profiling by array’' AND",
" gsm.molecule_chl like 'Ytotal RNAY' AND",
" gse.title LIKE 'Yresident memory’ %CD8+ T cells})' AND",
" gpl.organism LIKE 'Y%Mus musculus’'",sep=" ")
rs <- dbGetQuery(con.geometadb,sql)

rs
#i# title
## 1 Molecular signature of brain resident memory CD8+ T cells

12



## 2 Development pathway for skin resident memory CD103+CD8+ T cells
#Hit gse
## 1 GSE39152
## 2 GSE47045

The listed GSE records were measured using Affymetrix Mouse Gene 1.0 ST Arrays, i.e.,
the GPL6246 platform. First download the selected datasets from GEO using their GSE
identifiers:

## GSE39152: Wakim et al., GSE47045: Mackay et al.
gselIDs <- rs$gse
for (i in gseIDs) {
downloadGEOdata (i)
}

Then load the data to the compendium database using loadDataToCompendium:
for (i in gseIDs) {
loadDataToCompendium(con = conn, GSEid = i)
}
The datasets loaded to the compendium database can be tagged with a specific label such
as “tissue resident” using tagFxperiment:
for (i in gseIDs) {
tagExperiment(con = conn, GSEid = i, tag = "tissue resident")
}
## GSE record GSE39152 has been tagged
## GSE record GSE47045 has been tagged

GSEinDB(conn, gseIDs)

## id_Compendium Experiment experimentDesign Chip Samples
## 1 4 GSE39152 SC GPL6246 13
## 2 5  GSE47045 SC GPL6246 24
Hit Tag OrganismNCBIid OrganismName

## 1 tissue resident 10090 Mus musculus

## 2 tissue resident 10090 Mus musculus

## DatelLoaded GDS

## 1 2015-10-09 10:10:42 <NA>
## 2 2015-10-09 10:12:42 <NA>

Such a tag can, for example, be used to retrieve datasets of the user’s interest from the
compendium database. FxpressionSets can be created using the create ESET function:

13



tab <- GSEinDB(conn)

compendiumDatasets <- tab[which(tab$Tag == "tissue resident"),
]

esets <- 1list()

for (i in compendiumDatasets$Experiment) {
esets[[i]] <- createESET(con = conn, GSEid = i, GPLid = "GPL6246") [[1]]
annotation(esets[[i]]) <- "mogenelOsttranscriptcluster"

6.1 Gene set enrichment analysis

To better understand transcriptional differences between tissue-resident memory T cells (Tru
cells) in various tissues and circulating T cells, we perform a gene set enrichment analysis.

The EzxpressionSets generated earlier contain expression data at the probeset level. In
order to perform an unbiased enrichment analysis, one has to select a single probe if multiple
probes map to the same gene. This can be achieved by using the nsFilter from the genefilter
package:

library(genefilter)
for (i in 1:length(esets)) {

esets[[i]] <- nsFilter(esets[[i]])$eset
}

From GSE39152 (Wakim et al. 2012) we select the brain CD103" Tgy samples and the
spleen CD103" memory samples; from GSE47045 (Mackay et al. 2013) we select the gut, lung,
and skin CD103" Tgry samples and the spleen memory samples:

trmsets <- list()
trmsets [["Brain"]] <- esets[["GSE39152"]1][, -which(pData(esets[["GSE39152"]])$tissue ==

"Brain" & pData(esets[["GSE39152"]])8$cell_type == "CD103-")]

indx <- pData(esets[["GSE47045"]1])$cell_type == "memory CD62L high CD8+ T cells" |
pData(esets[["GSE47045"]])$tissue == "Gut"

trmsets[["Gut"]] <- esets[["GSE47045"]] [, indx]

indx <- pData(esets[["GSE47045"]])8$cell_type == "memory CD62L high CD8+ T cells" |
pData(esets[["GSE47045"]])$tissue == "Lung"

trmsets[["Lung"]] <- esets[["GSE47045"]][, indx]

indx <- pData(esets[["GSE47045"]1])$cell_type == "memory CD62L high CD8+ T cells" |
(pData(esets[["GSE4A7045"]])$tissue == "Skin" & pData(esets[["GSE47045"]1])$cell_type ==

"memory gB-T CD8+. CD103+ T cells")
trmsets[["Skin"]] <- esets[["GSE47045"]][, indx]

We then use the GSVA package to transform gene by sample matrices into gene set by
sample matrices. Gene sets are based on a mouse version of the C2 collection of the Molec-
ular Signatures Database (MSigDB, http://www.broadinstitute.org/gsea/msigdb/) from
which we select only those derived from the BioCarta pathway database:
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download.file("http://bioinf.wehi.edu.au/software/MSigDB/mouse_c2_v4.rdata",
destfile = "mouse_c2_v4.rdata", mode = "wb")

load("mouse_c2_v4.rdata")

Mm.c2.Biocarta <- Mm.c2[grep("BIOCARTA", names(Mm.c2))]

library(GSVA)
library (mogenelOsttranscriptcluster.db)
eset_es = list()
for (i in names(trmsets)) {
featureNames (trmsets[[i]]) <- select(mogenelOsttranscriptcluster.db,
featureNames (trmsets[[i]]), columns = "ENTREZID")$ENTREZID
eset_es[[1]] <- gsva(exprs(trmsets[[i]]), Mm.c2.Biocarta,
min.sz = 10, max.sz = 500, verbose = FALSE)$es.obs

Now perform a differential expression analysis (Tgry cells versus spleen T cells) at the gene
set level on the common pathways:

indx <- intersect(rownames(eset_es[[1]]), rownames(eset_es[[2]]))
for (i in names(eset_es)) {

eset_es[[i]] <- eset_es[[i]l] [indx, ]
}

library(limma)

tstats <- c()

DEgeneSets <- list()

for (i in names(eset_es)) {
tissue <- factor(pData(trmsets[[i]])$tissue)
tissue <- relevel(tissue, "Spleen")
design <- model.matrix(~tissue)
fit <- 1mFit(eset_es[[i]], design)
tstats <- cbind(tstats, eBayes(fit)$t[, 21)
DEgeneSets[[i]] <- topTable(eBayes(fit), coef = 2, n = Inf,

sort = "none")

A heatmap of the moderated t-statistics of the differentially expressed gene sets illustrates
that the molecular signature of tissue resident memory T cells isolated from lung is largely
conserved in the other tissues, but less pronounced (Figure 2).

library(gplots)

library (RColorBrewer)

adjPvalueCutoff <- 0.025

colors <- colorRampPalette(c("blue", "white", "red")) (255)

indx <- union(rownames(subset(DEgeneSets[["Brain"]], adj.P.Val <
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Count

BIOCARTA_TPO_PATHWAY
BIOCARTA_EGF_PATHWAY
BIOCARTA_GH_PATHWAY
BIOCARTA_GLEEVEC_PATHWAY
BIOCARTA_TID_PATHWAY
BIOCARTA_CTLA4_PATHWAY
BIOCARTA_PYK2_PATHWAY
BIOCARTA_ECM_PATHWAY
BIOCARTA_BCELLSURVIVAL_PATHWAY
BIOCARTA_MET_PATHWAY
BIOCARTA_CXCR4_PATHWAY
BIOCARTA_CERAMIDE_PATHWAY
BIOCARTA_BIOPEPTIDES_PATHWAY
BIOCARTA_EPO_PATHWAY
BIOCARTA_AT1R_PATHWAY
BIOCARTA_SPRY_PATHWAY
BIOCARTA_PPARA_PATHWAY
BIOCARTA_IL3_PATHWAY
BIOCARTA_CDMAC_PATHWAY
BIOCARTA_CSK_PATHWAY
BIOCARTA_IGF1_PATHWAY
BIOCARTA_ETS_PATHWAY
BIOCARTA_DREAM_PATHWAY
BIOCARTA_CCR3_PATHWAY
BIOCARTA_AGR_PATHWAY
BIOCARTA_INTEGRIN_PATHWAY
BIOCARTA_CARM_ER_PATHWAY
BIOCARTA_CTL_PATHWAY
BIOCARTA_ERKS5_PATHWAY
BIOCARTA_PROTEASOME_PATHWAY
BIOCARTA_MCALPAIN_PATHWAY

—: BIOCARTA_CYTOKINE_PATHWAY
BIOCARTA_ATRBRCA_PATHWAY

Lung Gut Brain Skin

Figure 2: Heatmap of the moderated t-statistics of gene sets differentially expressed
(Benjamini-Hochberg adjusted p-value < 0.025) between Tgry cells and spleen T cells.

adjPvalueCutoff)), union(rownames(subset(DEgeneSets[["Gut"]],
adj.P.Val < adjPvalueCutoff)), union(rownames(subset(DEgeneSets[["Lung"]],
adj.P.Val < adjPvalueCutoff)), rownames(subset(DEgeneSets[["Skin"]],
adj.P.Val < adjPvalueCutoff)))))

heatmap.2(tstats[indx, ], labCol = c("Brain", "Gut", "Lung",
"Skin"), cexCol = 1, cexRow = 0.6, scale = "none", margins = c(2,

11), srtCol = 0, col = colors, key.title = NA)
## NULL
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sessionInfo()

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

R version 3.2.2 (2015-08-14)
Platform: x86_64-w64-mingw32/x64 (64-bit)
Running under: Windows 7 x64 (build 7601) Service Pack 1

locale:

[1] LC_COLLATE=English_United Kingdom.1252
[2] LC_CTYPE=English_United Kingdom.1252
[3] LC_MONETARY=English_ United Kingdom.1252
[4] LC_NUMERIC=C

[6] LC_TIME=English_United Kingdom.1252

attached base packages:
[1] stats4 parallel stats graphics grDevices
[6] utils datasets methods base

other attached packages:
[1] RColorBrewer_1.1-2
[2] gplots_2.17.0
[3] limma_3.24.15
[4] GSVA_1.16.0
[6] mogenelOsttranscriptcluster.db_8.3.1
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##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

(6]

7]

(8]

(9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]
[23]
[24]

loaded via a namespace (and not attached):

(1]
(3]
(5]
(7]
(o]
[11]
[13]
[15]
[17]

org.Mm.eg.db_3.1.2
AnnotationDbi_1.30.
GenomeInfoDb_1.4.3
IRanges_2.2.7
S4Vectors_0.6.6
genefilter_1.50.0
GEOmetadb_1.28.0
RSQLite_1.0.0
inSilicoDb_2.4.1
RCurl_1.95-4.7
bitops_1.0-6
rjson_0.2.15
compendiumdb_1.0.2
RMySQL_0.10.6
DBI_0.3.1
GEOquery_2.34.0
Biobase_2.28.0
BiocGenerics_0.14.0
knitr_1.11

formatR_1.2.1
tools_3.2.2
evaluate_0.8
stringr_1.0.0
gtools_3.5.0
XML_3.98-1.3
gdata_2.17.0
splines_3.2.2
KernSmooth_2.23-15

1

highr 0.5.1
annotate_1.46.1
graph_1.46.0
caTools_1.17.1
GSEABase_1.30.2
survival_2.38-3
magrittr_1.5
xtable_1.7-4
stringi_0.5-5

19



