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Abstract

Use of internal reference gene(s) is necessary for adequate quantification of target gene expression by RT-PCR. Herein, we elaborated
a strategy of control gene selection based on microarray data and illustrated it by analyzing endomyocardial biopsies with acute cardiac
rejection and infection. Using order statistics and binomial distribution we evaluated the probability of finding low-varying genes by
chance. For analysis, the microarray data were divided into two sample subsets. Among the first 10% of genes with the lowest standard
deviations, we found 14 genes common to both subsets. After normalization using two selected genes, high correlation was observed
between expression of target genes evaluated by microarray and RT-PCR, and in independent dataset by RT-PCR (r = 0.9,
p < 0.001). In conclusion, we showed a simple and reliable strategy of selection and validation of control genes for RT-PCR from micro-
array data that can be easily applied for different experimental designs and tissues.
� 2005 Elsevier Inc. All rights reserved.
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In studies of target gene expression by RT-PCR, the use
of one or more internal reference genes is necessary to con-
trol for RNA quality, reverse transcription efficiency, and
overall transcriptional activity in samples. For this pur-
pose, housekeeping genes, such as glycerol-3-phosphate
dehydrogenase (GAPDH), b-actin, and 28S or 18S ribo-
somal RNAs, are commonly employed [1,2]. However, sev-
eral studies have demonstrated that expression of these
genes might vary as a result of tissue type, experimental
conditions or pathological state [3–6]. In addition, the pres-
ence of intron-lacking pseudogenes for most housekeeping
genes might interfere with the mRNA quantification
unless the samples are treated with DNAse. This treatment,
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however, is often incomplete, leaving trace amounts of
DNA and may also affect RNA, complicating the quantifi-
cation of medium and low expressed target genes [7]. Ribo-
somal 28S or 18S RNAs, which reflect the total RNA
levels, besides requiring DNAse treatment, are not repre-
sentative of the mRNA fraction. Therefore, instead of the
simple use of any housekeeping gene, a careful selection
of internal reference genes is necessary. Indeed, different
authors tried to make such selection among some house-
keeping/maintenance genes [4,5,8,9]. However, microarray
studies containing information on the expression of huge
amount of potential control transcripts allow a more com-
prehensive and unbiased selection of genes appropriate for
normalization.

In the present study, we elaborated a new algorithm for
the selection and validation of control genes for quantita-
tive RT-PCR based on microarray results and illustrated
it by the study of gene expression in endomyocardial biop-
sies during acute cardiac rejection and infection.
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Methods

Samples. Seventy-five endomyocardial biopsies with known cases of
acute rejection (n = 24), non-rejection (n = 44), or post-transplant Try-

panosoma cruzi infection (Chagas� disease) reactivation (n = 7) were ob-
tained during routine biopsy procedures within the first six months after
transplantation from 32 adult cardiac transplant recipients. The protocol
was approved by the Ethics Committee of Universidade Federal de São
Paulo and informed consent was obtained from all subjects under study.

Microarrays. Microarrays were performed in two independent sets
of samples at two different time points and therefore constituted two
subsets (first and second) in order to increase the statistical power of
the analysis. Total RNA was isolated with the TRIzol reagent
(Invitrogen) and amplified in two rounds [10] with aminoallyl-UTP
(Ambion) incorporation during the second round of in vitro tran-
scription and then labeled with Cy5 or Cy3 fluorophores (Amersham)
and hybridized on 14K oligonucleotide microarrays. Oligos were de-
signed and synthesized by Qiagen/Operon and printed onto the slides
at NIAID Microarray Facility, NIH. All test RNAs were Cy5 labeled
and competitively hybridized with the reference RNA sample that
consisted of a pool of amplified RNAs from 92 non-rejection and 35
rejection biopsies. The images were scanned and expression values
were obtained with the GenePix Scanner and Software (Axon
Instruments). Differentially expressed genes (manuscript submitted)
were revealed using BRB ArrayTools (version 3.0) developed by
Dr. Richard Simon and Amy Peng.

We searched for control genes among those that passed the following
spot filtering criteria: spots with a diameter between 10 and 300 lm; sig-
nal-to-background ratio >2; >50% of spot pixels are one standard devi-
ation (SD) above background; present in at least 90% of arrays. Global
normalization was used to median the center of the log-ratios on each
array. The data discussed in this work have been deposited in NCBI�s
Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/)
under GEO Series Accession No. GSE2596.

Real-time RT-PCR. After reverse transcription of 1 lg of total
RNA with oligo(dT) primer and SuperScript II reverse transcriptase
using a common procedure described elsewhere [11], we applied the
SYBR Green I real-time PCR technique using an ABI PRISM 7700
Sequence Detection System (Applied Biosystems). Primers (available
upon request) were constructed using Primer Express software (Ap-
plied Biosystems) based on reference mRNA sequences. PCR was
performed in a total volume of 11 ll containing 5.5 ll SYBR Green
PCR Master Mix, 125 nM of sense and antisense primers, and 1 ll
cDNA. We used the default cycling conditions of the ABI Prism
Software (Applied Biosystems). Using a pool of 30 individual geno-
mic DNAs, we checked for the absence of pseudogenes and con-
Fig. 1. Schematic representation of the model designed for selection of candid
by increasing standard deviations values in each subset. R is the arbitrary percen
than or equal to R in both subsets are denoted by circles, squares or triangle
subset.
taminant genomic DNA amplifications. For quantification we used a
cycle threshold (Ct) value against a standard curve constructed by
amplification of the known copy number of target DNA in 10-fold
serial dilutions.

Normalization index. Since we used two genes (HK1, hexokinase 1
and DDOST, dolichyl-diphosphooligosaccharide-protein glycosyltrans-
ferase) as controls, we wanted to combine their expression levels in a
single value with an equal contribution by each gene independently of
its level of expression. For this, expression values of one gene in each
sample should be scaled in relation to the other. Therefore, we built a
scatter-plot graph of HK1 and DDOST expression values and estimated
the linear regression coefficients (Fig. 2). Next, using these coefficients
we ‘‘scaled’’ DDOST levels to the HK1 levels as follows:
DDOST# = 0.4692 DDOST + 2.1876. Finally, a normalization index
was calculated as a mean of DDOST# and HK1 values.

Theory and statistical analysis. The data can be represented by two
tables fnð1Þij g and fnð2Þij g, where nðrÞij is the level of expression of the ith gene
in the jth sample in the rth experimental table (i = 1, . . .,N, j = 1, . . .,Mr,
and r = 1,2). Note that the number of samples M1 and M2 can differ
between the tables. For any gene i in the rth experimental table we cal-
culate the standard deviation SD (i, r) of its expression level
ðnðrÞi1 ; n

ðrÞ
i2 ; . . . ; n

ðrÞ
iMr

Þ:

ðnð1Þi1 ; n
ð1Þ
i2 ; . . . ; n

ð1Þ
iM1

Þ ! SDði; 1Þ;
ðnð2Þi1 ; n

ð2Þ
i2 ; . . . ; n

ð2Þ
iM2

Þ ! SDði; 2Þ.

We chose a value of standard deviation as a measure of variation of
gene expression. For each table we ranked genes according to their stan-
dard deviations in increasing order. Denote (i)1 and (i)2 to be the order
numbers of gene i in these two ordered subsets. We construct an under-
lying random model, supposing that for each gene i its orders (i)1 and (i)2
are independent and have a uniform distribution in the set {1,2, . . .,N},
where N is the total number of genes.

We chose arbitrary q% of genes with the lowest standard deviations in
each group. Denote R to be a q% of total number of genes (N). Let G1 and
G2 be the sets of these selected genes

G1 ¼ fgenes i; such that ðiÞ1 6 Rg;
G2 ¼ fgenes i; such that ðiÞ2 6 Rg.

ð1Þ

We are interested in the event that the order numbers of some genes are
less than R in both groups simultaneously. Denote G1,2 to be a set of over-
lapping genes

G1;2 ¼ G1 \ G2 ¼ fgenes i; such that ðiÞ1 6 R and ðiÞ2 6 Rg. ð2Þ

Let s1 be the maximal order number among overlapping genes in the first
group and s2 in the second group:
ate control genes. The two scales represent order numbers of genes ranked
tage (q%) of the total number of genes (N). Genes with order numbers less

s. s1 and s2 represent highest order numbers of overlapping genes in each

http://www.ncbi.nlm.nih.gov/geo/
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s1 ¼ maxfðiÞ1: gene i belongs to the set G1;2g;
s2 ¼ maxfðiÞ2: gene i belongs to the set G1;2g.

ð3Þ

Note that usually a gene with order number s1 in the first group and a gene
with order number s2 in the second group are not the same. Let K = |G1,2|
be the number of genes in the G1,2 set. See Fig. 1 for a graphic illustration
of denotations and model design.

Consider the event A (s1, s2; K) where at least K (0 6 K 6 R) genes
appear in the G1,2 set with the maximal order numbers s1 and s2 for the
corresponding subsets:

Aðs1; s2; KÞ ¼ fexists at least K genes i1; . . . ; iK ; such as ðilÞ1 6 s1
and ðilÞ2 6 s2 for any l ¼ 1; . . . ;Kg; ð4Þ

where s1 and s2 are equal to or less than R by definition (3). The probabil-
ity of the event (4) gives us a P value for our observed number of genes K

PfAðs1; s2;KÞg ¼
Xminðs1 ;s2Þ

l¼K

N

l

� �
s1!s2!ðN � s1Þ!ðN � s2Þ!ðN � lÞ!

ðs1 � lÞ!ðs2 � lÞ!N !N !ðN � s1 � s2 þ lÞ! .

Note that there is an individual probability (s1s2/N
2) for one gene to

have its order number no more than s1 in the first group and no more
than s2 in the second. We can consider (4) as an event where at least
K successes occurred in the Bernoulli model with N trials, with a suc-
cess probability s1s2/N

2. Considering this approximation model we
obtain

PfAðs1; s2;KÞg ffi
XN
l¼K

N

l

� �
s1s2
N 2

� �l

1� s1s2
N 2

� �N�l

. ð5Þ

Choosing q% sufficiently small, for example less than or equal to 10%, the
probability (5) gives us a good approximation of the P value.

Note. The probability (5) can be calculated with Microsoft Excel in the
following form

¼ 1� BINOMDIST ðK � 1;N ; s1 � s2=ðN � NÞ; TRUEÞ; ð6Þ

where parameter TRUE means that function BINOMDIST is the cumula-
tive distribution.

For other analyses we employed Spearman correlation and the Mann–
Whitney test.
Results

Algorithm

Stage 1. Microarray filter. Apply spot and gene quality
filters in order to select genes whose expression is reli-
ably detected in most arrays.
Stage 2. Statistical analysis.

(1) obtain two subsets of microarrays (randomly or as
the result of the two stage experimental design, e.g.,
training and test groups);

(2) calculate standard deviation (SD) of expression for
each gene in each subset of experiments and rank
genes in each subset based on SD;

(3) among the first 10% of genes with lowest SD, find
genes overlapping in both subsets;

(4) determine the maximum order number (position) of
an overlapping gene in each subset and calculate
the probability of finding this number of genes by
chance using Eq. (6).

(5) select genes whose expression evaluated in microarray
experiments does not differ between the groups of
samples under study.
Stage 3. Bioinformatics.

(1) verify gene sequence information in GenBank in order
to design adequate RT-PCR (avoid genomic DNA
amplification: check for the absence of processed pseu-
dogenes, locate primers in different exons);

(2) if possible, select candidate control genes with levels
of expression similar to those of target genes;

Stage 4. RT-PCR verification.

(1) perform RT-PCR for selected control gene(s);
(2) compare control genes expression levels obtained by

RT-PCR between groups of the samples under study
and select those without differences;

(3) calculate normalization index (see above) and use it
for normalization of target gene expression.

Illustration of the algorithm

After applying the filtering criteria, as described un-
der Methods, to the microarrays from endomyocardial
biopsies, 591 genes (N) entered the next analysis step.
In each subset of arrays, we ranked the genes accord-
ing to their expression SDs. Among the first 10% (q%)
of the genes with lowest SDs, we found 14 genes (K)
common to both subsets (Table 1). Note that the same
gene is usually found in different positions in each sub-
set. For example, hexokinase 1 is the 29th gene in the
first subset and the 21st in the second one. Next, we
calculated the probability of finding by chance 14 genes
common to both subsets of arrays in the 10% interval
with positions s1 = 58 and s2 = 45. Using Eq. (6) in
this case we obtain the following P value
P ¼ 1� BINOMDIST ð14� 1; 591; 58 � 45=ð591 � 591Þ; TRUEÞ
¼ 0:0002.

To define for which genes quantitative RT-PCR could
easily be designed and set up, we analyzed reference
mRNA sequences for the 14 genes. Eight genes were reject-
ed because of incomplete gene/mRNA sequence informa-
tion or presence of pseudogenes that would greatly
complicate adequate primer design.

The next criterion for gene selection was the absence
of differences in expression between the groups ana-
lyzed, i.e., between rejection and non-rejection and be-
tween rejection and infection (Chagas� disease
reactivation) (Table 2). Among the six remaining genes,
three (MYBPC3, CRIP2, and ACTC) presented differ-
ence of expression in at least one comparison and were
excluded from further analysis (Table 1).

Among the remaining three genes (DDOST, HK1, and
MYL2), the first two presented expression levels similar
to those of targets genes, whileMYL2 expression was much
higher (many of the spots for MYL2 were saturated). Both
of the selected genes code for ubiquitously expressed mol-
ecules. DDOST encodes an intracellular enzyme that cata-
lyzes N-glycosylation of newly formed peptides and HK1 is
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Table 2
Median values of expression of six candidate control genes in endomyo-
cardial biopsies evaluated by microarray and comparisons between them
in the groups of samples analyzed

Gene symbol Rejection
(R)

Non-rejection
(NR)

Infection
(I)

Pa

R vs. NR R vs. I

DDOST 0.76 0.77 0.69 0.41 0.21
MYBPC3 0.86 0.54 0.97 0.31 0.01*

HK1 0.94 1.02 0.83 0.21 0.73
CRIP2 0.66 0.84 0.85 0.02* 0.33
MYL2 0.90 0.93 0.90 0.44 0.48
ACTC 1.34 0.78 0.82 0.05* 0.03*

Values are expressed as ratios between signal intensities in sample and
reference RNAs.
a Mann–Whitney test.
* <0.05.
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a glucose-phosphorylating enzyme that is involved in the
first step of several metabolic pathways.

We evaluated expression of DDOST and HK1 by RT-
PCR in 46 biopsy samples previously analyzed by micro-
array. As expected, the comparison of absolute number of
transcript copies in 1 ll of cDNA between different clinical
groups did not show any difference for any of the two con-
trol genes, with median values of 725, 640, and 503 forHK1
and 1769, 1415, and 1393 for DDOST in non-rejection,
rejection, and Chagas� reactivation groups, respectively.

The normalization index was calculated (see Methods)
for all samples based on linear regression between DDOST

and HK1 expression (Fig. 2) and used for the normaliza-
tion of target gene expression. For 10 target genes selected
from differentially expressed genes revealed by microarray,
we observed similar differences for microarray and RT-
PCR results between compared groups (fold change),
r = 0.94, p < 0.0001 (Fig. 3A). Moreover, we performed
RT-PCR for the same genes in the independent group of
biopsy samples (n = 30). The differences detected in two
sets of RT-PCR experiments also showed a high correla-
tion with r = 0.90, p < 0.0001 (Fig. 3B).

Discussion

Currently, the use of real-time RT-PCR is a highly rec-
ommended approach for the validation of microarray re-
sults [12]. Therefore, it is very convenient to select
internal control gene(s) for RT-PCR based on the existing
microarray results. Moreover, microarrays containing a
large number of genes have a much higher chance to reveal
transcripts acceptable as internal controls than the evalua-
tion of ‘‘traditional’’ housekeeping gene(s). In fact, genes
with small variations across the arrays and not showing
difference in expression between compared groups of sam-
ples are candidate control genes.

Some studies have explored microarrays as a source of
potential control genes [13–16]. Each of them selects candi-
dates for control genes among those with the lowest varia-
tion. Andersen et al. [13] proposed a model for gene
ranking that incorporates intra- and intergroup variation



Fig. 3. Correlation between results obtained by microarray and RT-PCR (A) and between two independent groups of samples evaluated by RT-PCR (B).
Each symbol represents the fold difference between expression levels in two clinical situations for one target gene.

Fig. 2. Linear regression between HK1 and DDOST gene expressions. Open circles represent absolute values of expression in copy number per microliter
of cDNA. Filled circles represent values of expression after recalculation of DDOST levels using the equation: DDOST# = 0.4692 * DDOST + 2.1876.
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estimates. Unfortunately, we could not analyze our data
using their software (NormFinder) because it does not ac-
cept data with missing values. Since missing values are very
common in microarray results, this will preclude a wide use
of NormFinder, at least in its current version. Furthermore,
none of the previous reports evaluated the probability of
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finding candidate genes by chance. Consequently, genes
found in these studies could be used for normalization of
samples previously analyzed by microarray but might not
be suitable for independent datasets. In fact, the probabil-
ity estimate is critical to decide whether the applicability of
selected genes is restricted to the same dataset from which
these genes were selected (if probability > 0.05) or could be
extended to new independent experiments with a similar
design/question (if probability < 0.05).

The two set approach used in our study allows both
obtaining genes with a low probability of finding them by
chance and selection genes with uniform low expression
variation. The benefit of such approach can be clearly illus-
trated by our data concerning the myoglobin gene, which
would have been ranked as the second low-varying gene
if data had not been divided into two subsets. However,
this gene was not present among the overlapping genes be-
tween the two subsets in the first 10% of low-varying genes
and, consequently, could not be considered as a candidate
for control gene.

Although in our study only two genes satisfied all the
adopted criteria, one could find a larger number of candi-
date control genes. The amount of control genes necessary
for adequate normalization depends on several factors such
as magnitude of expected differences for target genes, tissue
type, RNA quality, and other practical and economical
implications [6,13].

If the number of candidates satisfying the above cited cri-
teria is greater than desired, an additional selection could be
applied based on the level of variation (e.g., sum of order
numbers in our case) and the probability of a difference be-
tween the groups studied (e.g., selecting genes with the high-
est P values for inter-group comparisons). Another
important issue is how to combine gene expression if more
than one gene is used for normalization. Vandesompele
et al. [6] chose the geometrical mean to combine expression
of several genes for normalization purposes. However, this
approach leads to non-proportional contribution of differ-
ent genes depending on their expression levels. In the pres-
ent study, we re-scaled the expression level of one gene to
the expression level of the second one before calculating
the mean, thus allowing equal input of the two selected
genes into the process of normalization, independently of
their expression levels. Similarly, this could be applied to
a larger amount of genes by re-scaling the levels of expres-
sion of all these genes to the expression level of anyone of
them before mean or geometrical mean calculation.

Finally, with the objective to explore how well we can
normalize gene expression using our control genes and
whether their applicability could be extended to new exper-
iments we evaluated the expression of candidate control
genes and target genes by quantitative real-time RT-PCR
in the group of samples previously analyzed by microarray
and in a new independent group. The high correlation ob-
served between fold differences of target gene expression
obtained by microarray and RT-PCR, and in two sets of
RT-PCR experiments is important evidence of consistency
of our strategy. Furthermore, in our recent work on uterine
cervical cancer (manuscript in preparation) we successfully
applied this strategy to the analysis of gene expression in
relation to the response to treatment.

In conclusion, we showed a simple and reliable strategy
for the selection and validation of control genes for
RT-PCR from microarray data that can be easily applied
to different experimental designs and tissues. HK1 and
DDOST are the genes that can be used as internal controls
for RT-PCR in endomyocardial biopsies when analyzing
acute cardiac rejection and Chagas� disease reactivation.
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