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a b s t r a c t
In this note, we propose an R function named NqA (Normalization qPCR Array, where qPCR is quantitative
real-time polymerase chain reaction) suitable for the identiﬁcation of a set of microRNAs (miRNAs) to be
used for data normalization in view of subsequent validation studies with qPCR data. NqA is available
through the website of the Fondazione IRCCS Istituto Nazionale dei Tumori of Milan (http://www.
istitutotumori.mi.it/modules.php?name=Content&pa=showpage&pid=812) with a dedicated user’s guide.
We applied our function on a qPCR dataset downloaded from the Gene Expression Omnibus (GEO)
database. Results show that NqA provides a functional subset of reference miRNAs and a set of promising
signiﬁcantly modulated miRNAs for subsequent validation studies.
Ó 2014 Elsevier Inc. All rights reserved.

MicroRNAs (miRNAs)1 are small noncoding RNAs involved in
tumorigenesis and in the development of various cancers [1].
Quantitative real-time polymerase chain reaction (qPCR) is the most
commonly used tool to investigate miRNA expression, and qPCR
low-density arrays are increasingly being used for the identiﬁcation
of potentially relevant miRNAs. In this context, one crucial pre-processing step is data normalization, aimed at reducing nonbiological
sources of variation. Data normalization strategies used with qPCR
high-throughput data generally take advantage of the huge amount
of data and are often based on their mean expression value [2–4].
However, data-driven methods are preferentially used during the
discovery phase and are almost never applicable in subsequent
validation studies that are mainly focused on a limited number of
miRNAs. To overcome this issue, we developed a comprehensive
procedure that, starting from high-throughput qPCR data, identiﬁes
a small set of miRNAs to use as reference for data normalization in
view of subsequent validation studies. In this note, we propose an
R function, named NqA (Normalization qPCR Array), developed by
updating the procedure we recently published [5].
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Details of the procedure are presented in Fig. 1. Brieﬂy, by considering the N miRNAs expressed in all of the samples, a subset of G
candidate reference miRNAs is identiﬁed according to appropriate
selection criteria such as variability (coefﬁcient of variation, CV),
coregulation (Spearman correlation coefﬁcient, SCC) [6], and
invariance between comparison groups (Kruskal–Wallis test, KW)
[7]. This comparison is performed on the log2 relative quantity
(RQ) of each ith (i = 1, 2, . . ., N) miRNA computed according to
the comparative cycle threshold (Ct) method [8] as RQi = 2 DCt_Ni,
with DCt_Ni = Cti m_N, where m_N is the mean of the N miRNAs
(overall mean). Subsequently, the identiﬁed G miRNAs are ranked
in terms of stability evaluated through both geNorm [9] and NormFinder [10] software. The G miRNAs are then forwardly combined
into S sets (S = G, where S – 1) according to their stability. Once
computed for each jth set (j = 2, . . ., S) the speciﬁc mean (m_Sj),
the relative quantity of each ith miRNA is calculated as log2RQji =
–DCt_Sji, where DCt_Sji = Cti m_Sj. Then the log2RQji distribution
is compared between groups by means of Kruskal–Wallis test.
Finally, the smallest set of reference miRNAs showing results with
the highest agreement with that obtained when considering the
relative quantity computed by using the overall mean is identiﬁed
as the best subset of reference miRNAs.
Output printed in R console by running the NqA function consists of frequency distribution of evaluated miRNAs according to
the comparison group (cases and controls), list of the N miRNAs
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Fig.1. Procedure developed for identiﬁcation of the best subset of reference miRNAs.

expressed in all of the samples and of those with a CV value lower
than the pre-ﬁxed threshold (20th centile of the distribution of the
CV of the N miRNAs). In addition, the output reports the list of
miRNAs with a statistically different relative quantity computed
according to the overall mean between cases and controls (KW P
value < 0.05). These miRNAs are excluded from the subsequent
steps. Furthermore, the possible pairs of highly correlated miRNAs
(lower limit of the SCC conﬁdence interval (CI) P 0.80) as well as
the speciﬁc miRNAs excluded within each pair (i.e., with the higher
CV) are reported. Regarding the stability evaluation, the output
provides the list of the G candidate reference miRNAs sorted
according to the sum of the ranks obtained by jointly considering
geNorm and NormFinder. Subsequently, the best subset of reference miRNAs showing the highest agreement in terms of the kappa
statistic [11] and its relative CI is reported. In addition, some
descriptive statistics related to each miRNA are provided in the
ﬁnal section of the output.
As an illustration of the algorithm, we applied the NqA function to data downloaded from the Gene Expression Omnibus
(GEO) database (http://www.ncbi.nlm.nih.gov/gds) regarding the
assessment of the Applied Biosystems TaqMan Array Human
MicroRNA Cards (A+B Card Set, version 3) in plasma samples from

hepatocellular carcinoma (HCC) patients and healthy donors
(GSE50013) [12]. Starting from 257 miRNAs detected in a total
of 40 plasma samples (20 from individuals with HCC [cases]
and 20 from healthy donors [controls]), N = 38 miRNAs were
detected in all samples and, among them, G = 7 miRNAs were
selected. The best subset of reference miRNAs was found to be
composed of miR-30c and miR-30b. An overview of the graphical
output provided by NqA is represented in Fig. 2. Speciﬁcally,
Fig. 2A reports the kappa statistic values for each set of candidate
reference miRNAs. The best set of miRNAs is indicated by an
arrow to immediately visualize its performance in comparison
with that of the others. In Fig. 2B, the Volcano plot obtained by
using miR-30c and miR-30b as reference is reported. Fig. 2C to
2E report box plots of normalized data according to different
approaches, giving an immediate picture of their appropriateness
in the considered scenario. In conclusion, we have presented in
this note the NqA function as a suitable tool for selection of a
subset of reference miRNAs and for evaluation of promising miRNAs during the discovery phase based on qPCR high-throughput
data. This represents the ﬁrst step of a workﬂow, moving from
the discovery to the validation, which should produce reliable
results to be applied in the clinical scenario.
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Fig.2. Graphical output provided by NqA. (A) Kappa statistic values for each set of candidate reference miRNAs. (B) Volcano plot obtained by normalizing data using the best
subset of reference miRNAs identiﬁed by NqA. This plot is generated by plotting the log10(KW P value) on the y axis versus the fold change [difference between the median
value of the log2(RQ) in cases and controls] on the x axis. (C–E) Box plots reporting the log2(RQ) distributions in cases and controls computed according to the overall mean
(C), the mean of the best subset of reference miRNAs provided by NqA (D), and the mean of the reference miRNAs chosen by the user (in this example, the two endogenous
controls suggested by the producer’s platform, U6-snRNA and MammU6, are chosen) (E).
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