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Abstract

Background: The main research tool for identifying microRNAs involved in specific cellular processes is gene
expression profiling using microarray technology. Agilent is one of the major producers of microRNA arrays, and
microarray data are commonly analyzed by using R and the functions and packages collected in the Bioconductor
project. However, an analytical package that integrates the specific characteristics of microRNA Agilent arrays has
been lacking.

Results: This report presents the new bioinformatic tool AgiMicroRNA for the pre-processing and differential
expression analysis of Agilent microRNA array data. The software is implemented in the open-source statistical
scripting language R and is integrated in the Bioconductor project (http://www.bioconductor.org) under the GPL
license. For the pre-processing of the microRNA signal, AgiMicroRNA incorporates the robust multiarray average
algorithm, a method that produces a summary measure of the microRNA expression using a linear model that
takes into account the probe affinity effect. To obtain a normalized microRNA signal useful for the statistical
analysis, AgiMicroRna offers the possibility of employing either the processed signal estimated by the robust
multiarray average algorithm or the processed signal produced by the Agilent image analysis software. The
AgiMicroRNA package also incorporates different graphical utilities to assess the quality of the data. AgiMicroRna
uses the linear model features implemented in the limma package to assess the differential expression between
different experimental conditions and provides links to the miRBase for those microRNAs that have been declared
as significant in the statistical analysis.

Conclusions: AgiMicroRna is a rational collection of Bioconductor functions that have been wrapped into specific
functions in order to ease and systematize the pre-processing and statistical analysis of Agilent microRNA data. The
development of this package contributes to the Bioconductor project filling the gap in microRNA array data
analysis.

Background
MicroRNAs are a family of small single-stranded
non-coding RNAs which regulate gene expression [1].
Functional studies show that microRNAs participate in
virtually every cellular process investigated, and changes
in their expression might underlie many human diseases
[2]. One of the commercial microarrays for microRNA
profiling has been developed by Agilent Technologies.
Agilent microarrays use a single-color array protocol

and combine a direct labelling method with innovatively
designed, in situ-synthesized probes that have minimal
sequence bias [3]. The efficient labelling method means
that the Agilent platform only requires 100 ng of input
total RNA and does not require size fractionation or
amplification steps that could introduce bias during
microRNA profiling. This results in optimal sensiti-
vity and specificity for both sequence and size discri-
mination, even between highly homologous mature
microRNAs.
For each microRNA, the Agilent microRNA microar-

ray platform makes measurements with a number of dif-
ferent oligonucleotide probes that are replicated a
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number of times across the array surface. These repli-
cate signals are summarized into a total gene signal
(TGS) with the proprietary Agilent Feature Extraction
(AFE) image analysis algorithm [4], which makes use of
the background corrected signals. This TGS could be
used for the differential expression analysis without
further pre-processing adjustments; however, different
studies indicate that normalization of the microRNA
data between arrays improves both sensitivity and speci-
ficity in comparison with non-normalized data. For
example, Rao et al. [5] studied the performance of dif-
ferent normalization methods, using custom single-color
microRNA data, and concluded that the quantile
method [6,7] works much better than no normalization
in terms of bias. Pradervand et al. [8] carried out a simi-
lar investigation using the Agilent microRNA microarray
platform and the summarized TGS obtained with the
AFE image analysis software provided by the vendor.
These authors proposed a novel normalization method
based on the selection of invariant microRNAs that
were subsequently used to normalize the arrays. This
invariant normalization method was compared with
other normalization routines such as scale, quantile [6,7]
and VSN [9], and the authors concluded that all nor-
malization methods performed better than no normali-
zation, with invariant and quantile normalization being
the most robust [8]. In addition to the availability of dif-
ferent methods for data normalization between arrays,
another pre-processing step that can be tackled in dif-
ferent ways is the summarization of probe level data
into a single microRNA signal. For example, one alter-
native to the TGS computed by AFE is the robust multi-
array average (RMA) proposed by Irizarry et al. [10] for
the pre-processing of Affymetrix microarray data [11].
The RMA algorithm estimates a total gene signal by fit-
ting a linear model to the probe data that takes into
account the probe affinity effect. When applied to Affy-
metrix microarray data, the RMA protocol improved the
accuracy and precision of expression measurements
compared with other methods that summarized the
multiple probe level data into a gene expression mea-
sure [10].
We previously applied the RMA algorithm to Agilent

microRNA array data and compared the total gene sig-
nal estimated by RMA and by AFE algorithms, with
both RMA-TGS and AFE-TGS signals normalized
between arrays by quantile [12]. In that work we con-
cluded that the RMA of the non background-corrected
signal and the AFE-TGS normalized by quantiles were
almost equally precise, although the RMA seemed to
produce signals of lower variability at low intensity
values, so the use of the RMA algorithm might be
advantageous for the detection of low expressed genes,
if it used with a non-background corrected signal.

According to [12], either TGS using quantiles or RMA
with no background correction are reasonable alterna-
tives for the pre-processing of the microRNA Agilent
data. We have included these pre-processing algorithms
in AgiMicroRna, a new library of functions that have
been conceived for the pre-processing and differential
expression analysis of Agilent microRNA array data.
A complete manual explaining all the technical details and
guidelines to test the package functionality is provided
with the software, so here we give a general description of
its capabilities.

Implementation
AgiMicroRna includes functions that wrap around
already existing Bioconductor functions as well as new
specific functions that have been collected and inte-
grated into a library to facilitate the pre-processing and
differential expression analysis of Agilent microRNA
microarray data in a systematic and easy way. The pack-
age is written in R [13], open-source software for statis-
tical computing, and is integrated in the Bioconductor
project [14] under the GPL license.
To use the AgiMicroRna package, first download and

start R 2.12.0 (or a more recent version) and install the
Bioconductor basic libraries. Then we need to install
the AgiMicroRna 2.0.1 or a more recent version of the
library. This installation can be done by opening an R
command window and entering the following com-
mands: source(”http://bioconductor.org/biocLite.R“) and
biocLite("AgiMicroRna”). Finally, to load the package
into the current R session, type library("AgiMicroRna”).
It might be advisable at this point to use the R com-
mand sessionInfo() to check that actually we have loaded
the AgiMicroRna 2.0.1 library version (or a more recent
version). AgiMicroRna includes a complete example data
set together with a manual that provides full technical
details of the functions included in the package and
helps users to become familiar with its utilities. The
functionality of the package can also be tested with
other data sets deposited in the Gene Expression Omni-
bus (GEO) data base [15] with accession numbers
GSE16444 and GSE15144. Both of these data sets are
based on the Agilent Human microRNA Microarray 2.0
G4470B platform. As Additional file 1, we have included
two R scripts to assist potential users with the use of
the package.

Input files
Target file
AgiMicroRna has been designed primarily to process
data for analysis with the limma package [16], and a tar-
get file is needed in order to assign each scanned data
file to its corresponding experimental group. The target
file should be a tab delimited text format file, created by
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the user, in which the factors to be used in the statistical
analysis are specified. The target file must contain the
following columns: a first column FileName, including
the image data file names; a second column Treatment,
including the treatment effect or experimental group;
and a third column GErep that assigns an integer to
each treatment effect. Users can include additional col-
umns containing information about other explanatory
variables related to the specific experimental design.
Once the library has been loaded in the R session, the
target file associated with the example data included in
the library can be accessed by typing data(targets.micro)
in a command window. The target file for this example
is shown in Table 1.
Data files
AgiMicroRna typically reads the scanned data exported
by the AFE image analysis software into R, and stores all
the relevant information needed for the pre-processing
steps in a specific R object of a class uRNAList
specifically designed by the AgiMicroRna library. This
uRNAList is a new defined R class similar to the class
RGList that is used by the limma library [16], which uses
names that are more appropriate to the Agilent micro-
RNA data. In order to illustrate the functionality of the
package, AgiMicroRna includes a typical uRNAList object
that contains a data example with all the information
that is needed for the data pre-processing and subsequent
differential expression analysis using the AgiMicroRna
package. This particular data example includes informa-
tion from 6 human microRNA Agilent arrays (Agilent
Human microRNA Microarray 2.0 G4470B, Agilent
Technologies) and reproduces exactly what AgiMicroRna
would read into R from the AFE output data files. These
data have been obtained from the GEO data base [15]
(accession number GSE19232) (see Results section for a
more detailed description). Typing data(dd.micro) in the
R command window loads the uRNAList containing the
data example into the current R session, allowing inspec-
tion of the information that is loaded from the AFE out-
put files into a uRNAList object. The components stored
in this uRNAList object are shown in Table 2, and a

detailed description is given in the help files included in
the package.

Data quality assessment tools
Plotting Functions
The quality of the data can be evaluated using standard
graphics utilities included in AgiMicroRna, such as box-
plots, density plots, MA plots and relative log expression
plots [17]. The MA plots represent the fold-change (M)
in the y-axis against the average log expression (A) for
two given arrays. To reduce the number of pairwise
comparisons, AgiMicroRNA compares all arrays with a
reference array. The signal for each spot on the refer-
ence array is computed as the median of the corre-
sponding spots in all arrays. The relative log expression
plot displays, for each sample, a boxplot of the relative
log expression (RLE). The RLE for every spot in the
array is computed as the difference between that spot
and the same spot in the reference array. Since the
majority of the spots are expected not to be differen-
tially expressed, the RLE boxplots should be centred on
zero and show approximately the same dispersion. Agi-
MicroRna also hierarchically clusters the samples using
the hclust function of the R stats package. This hier-
archical clustering can use either the whole set of genes
or a reduced set defined by the user. Some caution
must be taken in the interpretation of these clusters.
The variables that distinguish the experimental condi-
tions from one another are mainly the differentially
expressed genes, and the number of these genes relative
to the full set of genes in the data set is normally low.
Therefore cluster analysis will often not reflect the influ-
ence of these relevant genes in the grouping of the sam-
ples, and the cluster plot will mainly show other
grouping aspects, or simply random noise.
Array reproducibility
In the Agilent microRNA platforms each microRNA
gene is normally interrogated by 16 probes, using either
2 probes replicated 8 times or 4 probes replicated
4 times. AgiMicroRna uses this probe replication to
compute the coefficient of variation (CV) for each array.
A lower CV-array indicates better reproducibility.

Data pre-processing
Agilent microRNA microarrays interrogate each micro-
RNA gene with different probe sets. To make statistical
inferences, a summary expression measure for each
microRNA, possibly normalized between arrays, is
needed. AgiMicroRna includes two alternative strategies
for pre-processing the raw probe level data to yield a
summarized and normalized microRNA gene signal (Fig-
ure 1). The first approach is based simply on normaliza-
tion of the AFE-processed TGS between arrays. The

Table 1 Target file associated with the data example
included in AgiMicroRna

FileName Treatment GErep Subject

mscA1.txt A 1 1

mscA2.txt A 1 2

mscB1.txt B 2 1

mscB2.txt B 2 2

mscC1.txt C 3 1

mscC2.txt C 3 2
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AFE-processed TGS is a background-subtracted signal
and hence might contain negative values. Therefore to
obtain positive values before log transformation, AgiMi-
croRna either adds a small positive constant to all TGS
signals or sets all negative TGS values to 0.5. This TGS
signal can be used to make statistical inferences after a
normalization step, either using the quantile or scale
methods integrated in AgiMicroRna or any normalization
method implemented in another Bioconductor package.
The other approach incorporated in AgiMicroRna yields
a summary microRNA gene measure using the RMA
algorithm [10,12]. In the RMA algorithm implemented in
AgiMicroRna, the signal can be first background cor-
rected by fitting a normal + exponential convolution
model to the vector of observed intensities [18]. When
using the RMA algorithm, it might be a better option to
omit background correction [12]. Whether or not the sig-
nal has been background corrected, the arrays are then
normalized by quantile, and finally an estimate of the
microRNA gene signal is obtained by fitting a linear
model to the log2 transformed probe intensities. This
model produces an estimate of the microRNA gene signal
corrected for the probe effect.
Filtering Probes
The AFE image analysis software attaches a flag to each
gene feature that identifies different signal quantification
issues that can eventually be used to filter out micro-
RNAs. AgiMicroRna includes filter functions to remove

control features and to remove genes not detected in
any of the experimental conditions under study. The fil-
tering is done after normalization, and different arbitrary
criteria can be established to be more or less demanding
on the filtering of the genes. If the number of replicates
is low it might be necessary to set more restrictive filter-
ing limits to ensure that the comparisons between
experimental conditions are done with a minimal
amount of reliable information. For instance, each fea-
ture i in the sample j, xij, has a corresponding FLAG fij,
that equals 1 xij if is detected by AFE and 0 otherwise.
For the filtering step, we set a limit L, which is the mini-
mum percentage detection of a feature required in at
least one experimental group for each feature. The fil-
tering algorithm runs through all the features in the
data set, and retains for further analysis features whose
percentage of detection, under at least one experimental
condition, is greater or equal than L. If for example, we
have 4 replicates per experimental group, and we want
to have at least 3 replicates for every feature detected
in any of the experimental groups then we would set
L = 75.
Differential expression analysis tools
The AgiMicroRna package makes statistical inferences
about differential expression by using the linear model
features implemented in the limma package [16]. The
flow chart in Figure 2 indicates how differentially
expressed genes are identified once the processed

Table 2 Variables stored in the uRNAList object retrieved from the AFE scanned data files

Variable Name Description

gMeanSignal Raw signal.

gProcessedSignal Signal obtained after all the AFE processing steps (background correction) have been completed. Typically it contains the
Multiplicatively Detrended BackgroundSubtracted Signal or the BackgroundSubtractedSignal.

gTotalProbeSignal Average of all the background corrected signals (gProcessedSignal) for each replicated probe (features with the same sequence)
multiplied by the total number of probe replicates.

gTotalGeneSignal Sum of the TotalProbeSignal over the number of probes per gene.

targets Contains the name of the AFE scanned data files as specified in the target file.

ProbeName Agilent-assigned identifier for the probe synthesized on the microarray.

GeneName Systematic name for the gene for which the probe provides expression information.

ControlType Specifies whether the feature is a microRNA gene or a control (0 = gene feature, +1 = positive control, -1 = negative control)

gIsGeneDetected Boolean variable that informs if the gene was detected on the microarray. A feature is considered detected if the signal is three
fold greater than the error. If one probe of the probe set for a gene is detected, the gene is considered detected (1 = is
detected 0 = is not detected).

gIsSaturated Boolean flag. 1 indicates that the feature is saturated, i.e. at least half of the inlier pixels in the feature have intensities above the
saturation threshold defined by AFE.

gIsFeatNonUnifOL Boolean flag. 1 indicates that the feature is a non-uniformity outlier; the measured feature pixel variance is greater than the
expected feature pixel variance plus the confidence interval.

gIsFeatPopnOL Boolean flag. 1 indicates that the feature is a population outlier.

gBGMedianSignal Median raw signal of the local background calculated from intensities of all inlier pixels that represent the local background of
the feature.

gBGUsed Background signal used by AFE algorithms to obtain the background corrected signal. Usually the gBGUsed is the sum of the
local background plus the spatial detrending surface value. The spatial detrend surface value estimates the noise due to a
systematic gradient on the array.
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microRNA data have been generated. AgiMicroRna inte-
grates different functions to extract useful information
from the objects generated by limma, such as the list of
microRNAs and associated statistics obtained from the
differential expression analysis. The information given
for each gene is shown in Table 3. The genes declared
as significant are also listed in an html file that contains
links to miRBase (http://microrna.sanger.ac.uk/) [19].
MA plots highlighting the differentially expressed genes
are also generated.

Results
RNA samples and experimental design
To demonstrate and test all the library functionalities we
have created a data example using human microRNA
expression data acquired from the GEO base [15] (acces-
sion number GSE19232). To obtain this expression data,
and according to the information given by GEO, 100 ng of
Cy3 labelled RNA were hybridized to Human miRNA V2
Microarray 8 × 15K (G4470B, Agilent Technologies)
according to manufacturer’s instructions (miRNA Micro-
array System Protocol, Agilent Technologies). Arrays were

scanned at 5 um resolution on an Agilent DNA Microar-
ray Scanner (G2565BA, Agilent Technologies) using the
default settings for miRNA Microarray v2.0 (miRNA
Microarray System Protocol, Agilent Technologies).
Images provided by the scanner were analyzed using Agi-
lent’s software Feature Extraction version 9.5.3.1. [4], with
default settings. The data example used in the library
assumes three experimental conditions replicated two
times and the goal is to compare two experimental treat-
ments, MSC_B and MSC_C, with a control treatment
MSC_A, assuming that each treatment was applied to
cells obtained from the same subject (paired design). This
example is used for illustrative purposes and is not
intended to make any substantive biological sense.

Agilent microRNA microarray
Agilent microRNA assays integrate eight individual
microarrays on a single glass slide. Each microarray
includes approximately 15 k features containing probes
sourced from the miRBASE public database [19]. The
probes are 60-mer oligonucleotides directly synthesized
on the array. Agilent Human microRNA Microarray

Figure 1 Pre-processing steps. AgiMicroRna includes two distinct pre-processing protocols for transforming the raw probe level data into the
processed data that contain the summarized and normalized microRNA gene signals. The first protocol comprises the following steps:
1) acquisition of the TGS processed by AFE, and 2) normalization between arrays by scale or quantile methods. The second option uses the RMA
algorithm via the following steps: 1) the raw mean signal can be background corrected (optional, see recommendations in the text); 2) the
signal is normalized between arrays by quantile normalization, and 3) the probe level data is summarized into a single microRNA measure.
Selected microRNAs can be filtered out according to the Flags assigned to each probe by the Agilent Extraction Software.
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v2.0 contains 723 human and 76 human viral micro-
RNAs, each of them replicated 16 times. There are 362
microRNAs interrogated by 2 different oligonucleotides,
45 microRNAs interrogated by 3, and 390 microRNAs
interrogated by 4. Only 2 microRNAs are interrogated
by a single oligonucleotide. The array also contains a set
of positive and negative controls that are replicated a
variety of times. Some of the positive controls are
probes for non-microRNA human RNAs. These are
replicated 20 times using 4 probes and the signals can

be bright or dim depending on the sample. According
to Agilent they do not appear to behave consistently
enough to be used for normalization purposes.

Array coefficient of variation
AgiMicroRna identifies the replicated probes (excluding
control probes) for each feature in the array and com-
putes the coefficient of variation (CV) for every probe
set. The median CV for each probe set is reported as
the array reproducibility.

Figure 2 Differential expression. AgiMicroRna wraps the linear model features implemented in the limma package. The target file is used to
define the factors to be used in the linear model that we are going to fit to each gene using the processed data. To specify the linear model
we need to define a design matrix (step 1). A contrast matrix (step 2) is also needed to obtain the estimates of the contrast of interest.
Moderated statistics are then obtained and the results are stored in a specific R object (step 3). Finally, specific functions implemented in
AgiMicroRna are used to extract the results into separate output files (step 4).

Table 3 Statistics extracted after the differential expression analysis for every microRNA gene

Statistic Description

Probe Probe name (one of the probes interrogating the gene)

Gene microRNA gene name.

M Fold change in log2 scale.

A Mean of the intensity for that microRNA

t Moderated t statistic of the contrast obtained by the limma function eBayes()

pval p value of the t value. Degrees of freedom of the t distribution under the null hypothesis computed by eBayes()

adj.pval p value adjusted by the selected MTestmethod option. If “none” were selected, this column will be the same as pval. If we have selected
“BH”, then, this column will be the same as in fdr.pval.

fdr.pval p value adjusted by BH method
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Agilent total gene signal
The AFE algorithms estimate a single intensity measure
for each microRNA, referred to as total gene signal
(TGS). This AFE-TGS is estimated as the total probe sig-
nal multiplied by the number of probes per gene. The
total probe signal is the average of all the background
subtracted signals for each replicated probe multiplied by
the total number of probe replicates. Usually the back-
ground signal is the sum of the median local background
signal plus the spatial detrending surface value computed
by AFE, which estimates the noise due to a systematic
gradient on the array. After this background correction,
some microRNAs might show negative TGS values.

Signal pre-processing
AgiMicroRna can use two protocols to generate the pro-
cessed microRNA signal. The first uses the TGS computed
by the AFE image analysis software, which is stored in the
RGList as gTotalGeneSignal (table 2). The second proce-
dure uses the RMA algorithm [10,12] to convert the raw
probe level data, stored in the RGList as gMeanSignal
(table 2), into a summarized microRNA gene signal. Data
pre-processing in the first protocol is accomplished by the
following steps: 1) acquisition of the TGS processed by
AFE; 2) normalization between arrays using the scale or
quantile (default) methods. The AFE-TGS normally con-
tains negative values for a few microRNAs, and these are
converted before log transformation into positive signals,
either by rounding up smaller values to 0.5 (default) or by
adding the quantity |min (AFE-TGS)| + offset, where
ddTGS$R is the matrix that contains the TGS and offset is
an arbitrary positive constant chosen by the user. The
RMA estimates a unique signal for each microRNA gene
by fitting a linear model that takes into account the probe
affinity effect. Robust estimates in the linear model are
obtained by using the median polish algorithm. The RMA
algorithm is applied in the following steps. 1) The raw
mean signal is background corrected (optional) using the
exponential + normal convolution model [18] in the rma.
background.correct function of the Bioconductor prepro-
cessCore package [20]. 2) The signal is normalized between
arrays by quantile normalization; 3) The signals are log 2
transformed; 4) The median of the replicated probes (fea-
tures with the same sequence) are obtained, normally
resulting in 2, 3 or 4 different measures (probe level data)
interrogating the same microRNA; 5) the probe level data
are summarized into a single microRNA gene measure
using the rma_c_complete_copy function of the affy pack-
age [21]. In both protocols, normalization between arrays
is done with the normalizeBetweenArrays function from
the limma package [16].
After obtaining the normalized total gene signal by

using either of the two protocols, genes can be
removed from the analysis by using the quality flags

that AFE attaches to each feature (table 2). AgiMi-
croRna removes genes that are not expressed in any
experimental condition. For a given feature xi across
replicates, we set the minimum percentage (L) of fea-
tures that must remain in at least one experimental
condition with a flag indicating that the gene has been
detected (AFE-flag = 1). Additionally, for a more strin-
gent selection, all microRNAs can be removed whose
expression level is close to that of the negative control
features. As before, we set a limit for the percentage of
microRNAs that must have a signal above a threshold
expression value in at least one of the experimental
conditions. This threshold expression value is defined
internally in AgiMicroRna as the mean expression of
the negative controls + 1.5 times the standard devia-
tion of the negative control signals. Finally, the pro-
cessed signal to be used for making statistical
inferences is stored in an ExpressionSet object [14].

Differential expression analysis
AgiMicroRna uses the linear model features implemented
in the limma package [16] to fit a linear model to each
microRNA, and thereby assesses the differential expression
between different experimental conditions. The AgiMi-
croRna function significantMicroRna summarizes the
results of the differential expression analysis and extracts
information from the MArrayLM and TestResults objects
generated by the limma functions. The function signifi-
cantMicroRna creates a list of the genes with their related
statistics (table 3). When multiple contrasts are made, the
method used to select the significant genes in limma can
be either separated or nestedF (see decideTests in the
limma user guide for a detailed description on these two
methods). When separated is plugged into the significant-
MicroRna function a list of all the genes that have been
analyzed is generated for each contrast. These lists include
the statistics obtained from the differential expression ana-
lysis. The html output files only include the links to the
miRBase http://microrna.sanger.ac.uk/ for the microRNAs
that have been declared as significant.

Discussion
AgiMicroRna eases the progress of reading the scanned
Agilent microRNA array data exported by AFE image
analysis software into R for pre-processing (background
correction, normalization, probe summarization, probe
filtering, and quality control) and differential expression
analysis. A key issue for potential users is likely to be
the choice among the different data pre-processing
alternatives included in the package. In this regard, Iri-
zarry et al. (personal communication) compared the per-
formance of different microRNA array platforms and
found that background correction can increase the false
positive detection of fold changes in low expressed
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microRNAs. Therefore the RMA method implemented
in AgiMicroRna was designed to be used with or with-
out background correction. In a related study [12], we
showed that, for Agilent microRNA data, the use of the
RMA algorithm without background correction reduced
signal variability, especially for genes expressed at low
intensity. However, the overall difference in variability
between TGS and RMA was not large [12]. Therefore
both the TGS normalized by quantiles and the RMA
signal estimated without background correction are
plausible options for the pre-processing of Agilent
microRNA array data with the AgiMicroRna package.

Conclusions
In this paper we present AgiMicroRna, a library of func-
tions for the pre-processing and differential expression
analysis of Agilent microRNA array data. AgiMicroRna
allows the use of either the TGS processed by the Agilent
image analysis software or the signal estimated by the
RMA algorithm. Either TGS normalized by quantiles or
the RMA algorithm used without background correction
are reasonable alternatives for the pre-processing of Agi-
lent microRNA data [12]. The program also includes a
variety of graphics utilities to assess data quality. Differen-
tial expression is analyzed using functions from the Bio-
conductor limma package [16] and significant differential
expression is assigned on the basis of the multiplicity of
the tests. The package is integrated in the Bioconductor
project [14] and uses standard objects to ensure compat-
ibility with other packages. The software is provided with
a manual containing full technical details and a set of
guidelines to enable users to test the package functionality.

Availability and requirements
The software is implemented as open-source and is accessi-
ble at the Bioconductor web site (http://www.bioconductor.
org) under the GPL license.

Additional material

Additional file 1: Supplementary material. In this supplementary file
we give the R code that can be used for the pre-processing and
differential expression of your Agilent microRNA data files.

Acknowledgements
The author is grateful to S. Callejas (CNIC) for microarray hybridization, M.A.
Gónzalez (CNIC) for biological data acquisition, R. Irizarry (Johns Hopkins
School of Public Health) for interesting discussion and suggestions while
implementing the package and S. Bartlett (CNIC) for English editing. This
study has been supported by the Spanish Ministry of Science and
Innovation and the Pro-CNIC Foundation.

Competing interests
The authors declare that they have no competing interests.

Received: 13 July 2010 Accepted: 26 January 2011
Published: 26 January 2011

References
1. Ambros V: microRNAs: tiny regulators with great potential. Cell 2001,

107:823-826, (2001).
2. Kloosterman WP, Plasterk RH: The diverse functions of microRNAs in

animal development and disease. Dev Cell 2006, 11:441-450.
3. Wang H, Ach RA, Curry B: Direct and sensitive microRNA profiling from

low-input total RNA. RNA 2007, 13:151-159.
4. Agilent Technologies: Agilent Feature Extraction Software (v.9.5)

Reference Guide. 2007 [http://www.chem.agilent.com/Library/usermanuals/
Public/ReferenceGuide_050416.pdf].

5. Rao Y, Lee Y, Jarjoura D, Ruppert AS, Liu C, Hsu JC, Hagan JP: A
comparison of normalization techniques for microRNA microarray data.
Stat Appl Genet Mol Biol 2008, 7(1), 2008 Article 22.

6. Bolstad BM: Probe level quantile normalization of high density
oligonucleotide array data. 2001 [http://bmbolstad.com/stuff/qnorm.pdf].

7. Bolstad BM, Irizarry R, Åstrand M, Speed TP: A comparison of normalization
methods for high density oligonucleotide array data based on variance
and bias. Bioinformatics 2003, 19:185-193.

8. Pradervand S, Weber J, Thomas J, Bueno M, Wirapati P, karine Lefort K,
Dotto GP, Harshman K: Impact of normalization on miRNA microarray
expression profiling. RNA 2009, 15:493-501.

9. Huber W, von Heydebreck A, Sueltmann H, Poustka A, Vingron M: Variance
Stabilization Applied to Microarray Data Calibration and to the
Quantification of Differential Expression. Bioinformatics 2002, 18(Suppl. 1):
S96-S104.

10. Irizarry R, Wu Z, Jaffee H: Comparison of Affymetrix GeneChip expression
measures. Bioinformatics 2006, 22:789-794.

11. Lockhart DJ, Dong H, Byrne MC, Follettie MT, Gallo MV, Chee MS,
Mittmann M, Wang C, Kobayashi M, Horton H, Brown EL: Expression
monitoring by hybridization to high-density oligonucleotide arrays. Nat
Biotechnol 1996, 14:1675-1680, (1996).

12. López-Romero P, González MA, Callejas S, Dopazo A, Irizarry RA: Processing
of Agilent microRNA arrays data. BMC Research notes 2010, 3:18, (2010).

13. R Development Core Team: R: A language and environment for statistical
computing. R Foundation for Statistical Computing, Vienna, Austria; 2006
[http://www.R-project.org], ISBN 3-900051-07-0.

14. Gentleman R, et al: Bioconductor: Open software development for
computational biology and bioinformatics. Genome Biology 2004, 5:R80.

15. Barrett T, Troup DB, Wilhite SE, Rudnev PLD, Evangelista CF, Kim IF,
Soboleva A, Tomashevsky M, Marshall KA, Phillippy KH, Sherman PM,
Muertter RN, Edgar R: NCBI GEO: archive for high-throughput functional
genomic data. Nucleic Acids Research 2009, , 37 Database: D885-D890.

16. Smyth GK: Limma: linear models for microarray data. In ’Bioinformatics
and Computational Biology Solutions using R and Bioconductor’. Edited by:
Gentleman R, Carey V, Dudoit S, Irizarry R, Huber W. Springer, New York;
2005:397-420.

17. Bolstad B, Collin F, Brettschneider J, Simpson K, Cope L, Irizarry R, Speed TP:
Quality Assesement of Affymetrix GeneChip Data. In ’Bioinformatics and
Computational Biology Solutions using R and Bioconductor’. Edited by:
Gentleman R, Carey V, Dudoit S, Irizarry R, Huber W. Springer, New York;
2005:33-48.

18. Irizarry R, Hobbs B, Collin F, Beazer-Barclay Y, Antonellis K, Scherf U,
Speed T: Exploration, normalization, and summaries of high density
oligonucleotide array probe level data. Biostatistics 2003, 4:249-264.

19. Griffiths-Jones S, Saini HK, van Dongen S, Enright AJ: miRBase: tools for
microRNA genomics. NAR 2008, 36:D154-D158.

20. Bolstad BM: preprocessCore: A collection of pre-processing functions., R
package version 1.4.0.

21. Gautier L, Cope L, Bolstad BM, Irizarry R: affy-analysis of affymetrix
genechip data at the probe level. Bioinformatics 2004, 20(3):307-315, 2004.

doi:10.1186/1471-2164-12-64
Cite this article as: López-Romero: Pre-processing and differential
expression analysis of Agilent microRNA arrays using the AgiMicroRna
Bioconductor library. BMC Genomics 2011 12:64.

López-Romero BMC Genomics 2011, 12:64
http://www.biomedcentral.com/1471-2164/12/64

Page 8 of 8

http://www.bioconductor.org
http://www.bioconductor.org
http://www.biomedcentral.com/content/supplementary/1471-2164-12-64-S1.DOC
http://www.ncbi.nlm.nih.gov/pubmed/11779458?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17011485?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17011485?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17105992?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17105992?dopt=Abstract
http://www.chem.agilent.com/Library/usermanuals/Public/ReferenceGuide_050416.pdf
http://www.chem.agilent.com/Library/usermanuals/Public/ReferenceGuide_050416.pdf
http://www.ncbi.nlm.nih.gov/pubmed/18673291?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18673291?dopt=Abstract
http://bmbolstad.com/stuff/qnorm.pdf
http://www.ncbi.nlm.nih.gov/pubmed/12538238?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12538238?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12538238?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19176604?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19176604?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12169536?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12169536?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12169536?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16410320?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16410320?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/9634850?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/9634850?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20205787?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20205787?dopt=Abstract
http://www.R-project.org
http://www.ncbi.nlm.nih.gov/pubmed/15461798?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15461798?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18940857?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18940857?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12925520?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12925520?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17991681?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17991681?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/14960456?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/14960456?dopt=Abstract

	Abstract
	Background
	Results
	Conclusions

	Background
	Implementation
	Input files
	Target file
	Data files

	Data quality assessment tools
	Plotting Functions
	Array reproducibility

	Data pre-processing
	Filtering Probes
	Differential expression analysis tools


	Results
	RNA samples and experimental design
	Agilent microRNA microarray
	Array coefficient of variation
	Agilent total gene signal
	Signal pre-processing
	Differential expression analysis

	Discussion
	Conclusions
	Availability and requirements
	Acknowledgements
	Competing interests
	References

