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Genomic technologies such as cDNA or
oligonucleotide microarrays and quantitative
reverse-transcription PCR (QRT–PCR) are
quickly becoming standard exploratory tools
in drug discovery, drug development and
clinical trials. Unlike previous technologies,
these genomic techniques, particularly mi-
croarrays, yield a bewildering amount of
noisy data. The analysis and interpretation of
the results from these new technologies is
complicated by the lack of standardization of
both the collection of these data and the sta-
tistical procedures that are used to assess the
significance of observed gene expression
patterns. The interpretation of microarray
data is further complicated by our incomplete
knowledge of the complexity of biological
systems (e.g. the multitude of possible gene
interactions) and our lack of a comprehensive
understanding of the organization of life at

the molecular level (e.g. the relationship be-
tween mRNA levels and protein abundance).
What is exciting about these technologies is
that it is now possible to collect the data
necessary to begin the examination of the
complexity of life at the genetic and mol-
ecular level. 

This review presents one strategy to conduct
pharmacogenomic studies. A two-tier approach
is used. The first level uses one set of flexible
statistical tools (permutation analyses) to
identify a list of significantly altered genes
from microarray experiments. In the second
step, real-time QRT–PCR is used to verify and
extend the analysis of these new gene targets
for drug discovery and development.

Microarrays and drug discovery
DNA microarrays [1–3] are now widely avail-
able from several commercial vendors and
university core facilities, or can be fabricated
on site. Densities of gene targets on a single
array can range from tens to well over ten
thousand cDNAs or oligonucleotides, providing
an estimate of gene expression ranging from
nearly the entire transcriptome to smaller
pathway-specific groups of genes. The hy-
bridization of labeled cDNAs or RNAs to the
arrays is relatively straightforward and can be
carried out in most laboratories with minimal
equipment. The methodologies used in the
analysis of microarray data largely reflect
early microarrays that consisted of PCR-
derived gene targets printed on prepared glass
slides. These arrays are probed simultaneously
with labeled cDNAs reverse-transcribed from
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two different mRNA pools (e.g. treatment and control or
two different time points). Using different fluorescent dyes
for each mRNA pool on the same array provides a straight-
forward method to control for experimental errors associ-
ated with the hybridization process. Results of these array
experiments consist of image files containing intensity
values (minus some assessment of background) resulting
from the hybridization of labeled cDNAs to spots (genes)
on the array. Before any comparative analysis of the data
spots, intensities are typically normalized on each array to
remove errors associated with experimental methodol-
ogies, such as starting RNA quality or quantity, differences
in reverse-transcription efficiencies and labeling and
hybridization kinetics [4–6]. Normalization methods vary
[7–10], but the basic aim is to remove bias within each
array by normalizing spot intensities to some subset of
spots on the array ranging from all or nearly all spots
(global normalization) to identified ‘house-keeping genes’
or control spots. Traditionally, data for each gene are
reported as a ratio (often log2) of the two signals, with
some arbitrary threshold set as indicative of a significant
change in gene expression. This paradigm for array analysis
has become standard even though many arrays, if not most
arrays that are currently being used, do not allow for the
hybridization of two labeled probes to a single array.
Rather, many microarray experiments use a single array for
each experimental treatment; thus there is no commonal-
ity between any two samples and therefore no rationale for
calculating ratios before statistical analysis. More impor-
tantly, this paradigm of array analysis has continued even
though many experimental designs do not lend themselves
easily to two-sample comparative approaches. Recently,
many researchers have pointed out the crucial need for
appropriate experimental designs and the application of
classical statistical techniques [11–15].

Microarray analyses: significant gene identification or
data-mining
There exists a large and rapidly growing body of literature
dealing with statistical issues regarding microarrays, with
several excellent reviews of general statistical methodol-
ogies [11,16–22]. The statistical methods applied to
microarray analyses can be divided into two broad classifi-
cations reflecting two different desired outcomes. The first
group of analyses concerns the identification of a subset of
genes from the many thousands assayed in an experiment
that exhibit significantly altered gene expression because
of the experimental conditions. The second broad group of
analyses, which are often referred to as ‘data-mining’, use
intensive computational methods to identify patterns of
gene expression. Within this second group there are generally

two different types of analysis representing distinctly
different outcomes. In many cases, the goal is to classify or
cluster genes into groups showing similar patterns of ex-
pression. Because these techniques do not provide any ad-
ditional information to the computational algorithm other
than the normalized intensities values, they are referred to
as ‘unsupervised approaches’. Examples include cluster
analysis [23], k-means clustering [24] and self-organizing
maps [25]. In contrast to these clustering methods, re-
searchers often seek to group samples into functional
classes (e.g. diseased versus normal tissues) based on gene
expression patterns. The ultimate goal is to identify a
subset of genes that will enable the researcher to make pre-
dictions or assignments of unknown samples based on
gene expression patterns. Because the algorithms are
provided with intensity data, as well as additional data in
terms of classification groups, such methods are referred to
as ‘supervised approaches’ [26].

Identifying significant genes
We will consider only the first level of analysis; that is,
identifying those genes that exhibit significant differences
in gene expression. Often this analysis must be completed
before mining the data for patterns. The goal is to produce
a list of genes where expression differs significantly among
two or more sets of samples. In most cases, it is preferable
to base decisions concerning membership in this ‘signifi-
cant’ gene list on criteria other than some arbitrary thresh-
old change in gene expression. In addition to the lack of
statistical rigor [27], simple comparisons of fold change
unfortunately mask information concerning the absolute
levels of gene expression and limit the number of statisti-
cal tests available to assess the level of confidence in the
inclusion of a particular gene in the significant gene list.
There is a large number of parametric and nonparametric
[28–34] tests available to assess gene significance if actual
spot intensities rather than ratios are used in the analysis.
The more pernicious problem with the statistical analysis
of microarray data is the issue of multiple testing. Problems
arise when any statistical test is used to evaluate the signif-
icance of a change in gene expression for hundreds to
thousands of genes. For example, a statistical test to evalu-
ate a significant change in gene expression at a P value of
0.05 might falsely reject the null hypothesis (i.e. no change
in gene expression) for 250 genes from an array experiment
assaying 5000 genes. As the number of hypotheses tested
increases, the probability of rejecting a true null hypothe-
sis (type 1 error) increases (Figure 1). This is not a new
problem in statistics [35,36]; however, the massive number
of genes tested in a typical array experiment makes this
problem completely unavoidable. Standard methods to
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deal with the multiple-testing problem include procedures
such as the Bonferroni adjustment. In its simplest form,
this procedure multiplies the nominal P value obtained
from each treatment by the number of independent tests
being conducted. This solution is less than ideal for mi-
croarray analysis because the adjustment in significance
levels comes at a cost in terms of a high loss of statistical

power; that is, adjustments such as the Bonferroni that
seek to control the family-wise error rate (FWER, Box 1)
greatly increase the probability of committing a type 2
error (accepting a truly false null hypothesis). Thus, in
seeking to obtain a list of genes that are all significant with
the probability of 0.05, several genes that are most cer-
tainly significant will be removed from the list. Because
microarray experiments are exploratory in nature, it is
probably more desirable to include a number of false posi-
tives rather than discard some truly significant events. In
addition, the Bonferroni procedure assumes that the
multiple tests are independent of one another. This
assumption is probably invalid given the known interde-
pendence of many gene pathways.

Here, the statistical methods using permutation-based
procedures to assess significance in microarray experi-
ments are reviewed. These resampling or bootstrapping
approaches are a significant addition to traditional statistical
methods that typically control the overall type 1 error rate,
such as the Bonferroni, and are appropriate for such mas-
sive and correlated datasets. Permutation-based procedures
or bootstrapping techniques have been used extensively in
other fields of biology (evolutionary biology, phyloge-
netics and population genetics [37]) and have wide appli-
cation at all levels of microarray analysis. These techniques
allow for the estimation and control of the false discovery
rate (FDR, Box 1) [38–43] in assessing the significance of
individual genes.

Permutation analysis
Among the many methods of analyzing microarray data
are a class of nonparametric statistical techniques that are
based on permutation analysis. The basic methodology
consists of comparing a chosen test statistic calculated
from the data against a null distribution of the same text
statistic constructed using random permutations of the
data itself. This methodology has several advantages over
standard parametric procedures in that these methods do
not require the usual assumptions of a parametric test and
such permutation-based tests take advantage of the large,
often poorly replicated, microarray datasets. Briefly,
the dataset is reordered randomly to create a ‘new’ dataset
from which a new test statistic can be calculated
(Figure 2). For microarray experiments, this is generally
accomplished by reordering the columns of data where
each column represents either treatment or control, or
some different time point (different arrays). A single col-
umn would consist of the intensity values for each gene
on the array and is thus anywhere from hundreds to thou-
sands of entries in length. In reordering the columns to
construct the permutation dataset, the order of the genes
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Figure 1. The multiple tests problem. The probability of
obtaining a significant result by chance alone as a function of
the number of genes examined in a microarray experiment 
and chosen significance level. With most arrays having a
minimum of 100–1000 gene probes, the probability of finding
a significant gene in any experiment is nearly assured, even at
traditionally stringent α-levels of 0.01.
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Box 1. Family-wise error rates versus false
discovery rates

Family-wise error rate (FWER)
FWER seeks to control the probability of erroneously
accepting an outcome as significant that is truly not
significant (type 1 error). When conducted multiple
times, the probability threshold indicates the chance of
committing even one type 1 error. All statistical proce-
dures that control FWER yield a list of genes in which it
can be assumed with confidence that at the given
probability level there are no false positives. This is
achieved at the cost of excluding some genes that
might actually be significant. In many cases in array
experiments, researchers are willing to allow for the in-
clusion of a few false positives rather than exclude genes
that are truly significantly altered in their expression.

False discovery rate (FDR)
FDR procedures seek to control the proportion of false
positives among the list of genes identified as being
significantly altered in expression. FDR is distinct from
the false positive rate, which is the proportion of truly
non-significant outcomes identified as significant. Unlike
FWER, FDR is calculated after the list of significant genes
has been generated. Generally, the FDR is estimated
using the gene permutations of the gene expression
data to determine the number of false positives.



is maintained and therefore the dependency of the genes
with one another. This process of permutation can be
repeated as many times as there are unique permutations.
For datasets with limited replication, the number of
unique permutations with which to build the null distrib-
ution is small. For example, for the example shown in
Figure 2, there are 70 possible permutations, 35 of which
are unique; the other 35 permutations are simply the in-
verse of the first 35. The null distribution that can be con-
structed using these data would have only 35 values. This
is often the major limitation to this methodology [42,44].
This simple procedure was employed to identify a list of
significant genes that had been altered in expression as a
result of nitrate exposure using an array with 5531 genes
[45] and a second pathway-specific array with only 100
genes [46]. In the larger study, there were four treatment
samples and four controls. Standard t-tests with unequal
variance identified 447 genes that were altered in their ex-
pression by the nitrate treatment. Given a P value of 0.05,
it could be expected that there would be 276 significant
outcomes by chance alone (type 1 errors) when conduct-
ing a statistical test 5531 times. We used the 35 unique
permutations to build null distributions for each gene. On
average, each permutation of the data yielded 149 false
positives; that is, genes that were ‘significant’ at the
P <0.05 level using randomized data. Using the simple
criteria of accepting as significant any gene for which the
t-statistic was significant at P <0.05 and for which the
t-statistic was at the tail of the constructed null distribu-
tion (largest t-value among the 35 permuted t-values for
each gene), we reduced the list of significant genes (as
identified by traditional t-tests) to 290. Thus, for the 447
genes originally identified as significant, 157 (447 – 290 =
157) yielded higher t-values using randomized data. These
genes were removed from the list of significant genes as
probable false positives. Westfall and Young [47] have
used permutation-based procedures combined with
‘Bonferroni-like’ step-down adjustments to control the
FWER for multiple testing, and propose that the procedure
takes into account the dependence between genes. This
technique yields significance values with the traditional
interpretation; that is, the probability of committing at
least one type 1 error in the entire dataset does not in-
crease with the number of tests. However, the Westfall and
Young procedure is conservative. When applied to our
data above, the list of significant genes is reduced to 80.
However, this strong control of the family-wise type 1
error rate, results in increased type 2 errors. Among the
367 genes (447 – 80 = 367) now removed from the list of
significant genes, there is a high probability of some being
significant.

One final permutation-based statistical procedure for
which the software is now readily available is the statistical
analysis of microarrays (SAM [44,48]). SAM is based on
permutations of the dataset using a modified t-statistic (a
regularizing constant is added to the denominator of the
t-statistic to remove biases associated with small variances).
Columns of data are reordered randomly with each permu-
tation to yield a distribution of t-values from which an
‘expected’ t-value can be calculated to compare with the
‘real’ t-value for each gene. SAM outputs a list of signifi-
cant genes based on user-defined rejection rules. SAM also
estimates the FDR when the specified rejection rules are
inputted. The user can then adjust the rejection rules to
increase or decrease the FDR (and the list of significant
genes) depending on the objectives of the study. This is
one of the major advantages of permutation-based proce-
dures. The ability to estimate and adjust the FDR allows
researchers to assess significant gene lists given different
tolerance levels for false positives. Often the inclusion of
some small number of false positives might be far less
detrimental to an analysis where the goal is to identify
gene expression patterns than it is to remove some truly
significant genes to control the FWER.

Comparisons among permutation-based methods, para-
metric tests and traditional nonparametric tests indicate
good concordance [30,42,45,49]. Although permutation-
based tests are nonparametric, such methods are only as
good as the null statistics constructed using the permuta-
tions. Improvements on permutation-based methods have
recently been proposed to improve the fit between test and
null distributions [31,32,50]. One of the major limitations
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Figure 2. One method of generating permutations of a
microarray dataset. In this example, there are four treatment
arrays (T1–T4) and four control arrays (C1–C4). Each array
represents a column of intensity values for each of the genes 
on the array. Permutations are built by randomly reassigning
arrays into treatment and control groups. For each permutation,
a new set of test statistics is calculated to build a distribution of
values with which to compare the ‘real’ test statistic.
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of permutation-based methodologies is the granularity of
P values that arises when the number of permutations is
small because of limited sample size. This results in analy-
ses for which the number of genes identified as significant
changes sharply with small changes in the FDR. This is a
particular problem when the number of samples in each
group is less than five.

Permutation-based procedures enable researchers to
assess the robustness of the conclusions by increasing or
decreasing the FDR. Finally, permutation-based methods
are extremely adaptable. Virtually any statistic, including
clustering algorithms and other data-mining procedures,
can be tested using random permutations of the data.

Quantitative real-time PCR: validating and extending
microarray results
Microarray experiments by their nature are exploratory
exercises. The extreme complexity of the processes of life,
combined with the many sources of error associated with
the microarray technology itself, yield data that, even
under the most controlled conditions, are fuzzy. Researchers
have reported good agreement for specific genes identified
by microarrays and subsequent testing with northern blot
analyses [51] and quantitative PCR [52]. Of course, the re-
lationship between assessed mRNA levels as identified in
microarray experiments and the concentrations of the
respective proteins is much more complex and less clear
[53,54]. More troubling is the reported lack of concordance
of microarray data generated from different platforms
(oligonucleotides, cDNA arrays) and manufacturers
[55–58], although Yuen et al. [52] found good concordance
between two different oligonucleotide array platforms and
with quantitative PCR. These papers point out the need for
standardization among microarray providers in their
methods of image collection, validation, normalization
and analysis. These issues of indistinct results and the lack
of concordance suggest, first, that extreme caution should
be used in any meta-analysis of gene expression patterns
across different studies, and, second, that microarray
results should always be validated using more quantitative
methods before conclusions should be drawn for any
specific gene.

Methods for assessing specific mRNA levels for individ-
ual genes have been available for several years. Recent
techniques have been based on the use of PCR to amplify
specific gene targets from a heterogeneous pool of tran-
scripts. All procedures begin with the use of the enzyme
reverse transcriptase to convert the mRNA pool into a
hopefully representative pool of cDNAs. The use of RT–PCR
has significant advantages over older technologies, not
least of which is that mRNA expression can be assayed

from minute samples, even single cells [59]. Although
quantitative gene expression analysis using RT–PCR is rela-
tively easy to perform and scalable to large numbers of
samples, it has one serious limitation in that stochastic
errors that are inherent in the methodology are amplified
to the same extent as the target gene of interest [60–62]. This
is particularly the case in competitive or end-point analysis
PCR where the quantity of a given gene transcript is esti-
mated by comparing PCR product yields with carefully de-
veloped internal standards. A more recent technique that
enables researchers to view PCR amplification with each
cycle is faster and easier, and allows for the quantification
of the target gene at a point where the synthesis of PCR
product is limited only by the amount of starting material
rather than by other factors such as decreasing primer
concentrations and enzyme stability, as is the case for end-
point analysis [63]. Through the use of fluorogenic probes
[64] or intercalating DNA dyes, the amplification process
can be monitored in real-time, enabling the initial concen-
tration of a given gene target to be estimated based on the
amplification profiles. Initial copy numbers of mRNA tar-
gets are quantified during real-time PCR analysis based on
a comparison with some threshold cycle (Ct), defined as
the cycle at which fluorescence is determined to be above
background signal and the PCR product is increasing expo-
nentially. The threshold cycle is inversely proportional to
the log of the initial copy number (Figure 3).

Compared with other QRT–PCR techniques, real-time
quantitative PCR requires shorter development times, less
post-PCR processing and is less variable and more repro-
ducible [65]. The easiest and least expensive entry into this
technology is via the use of DNA dyes such as SYBR®

Green I [66]. This methodology is quick to implement, re-
quiring only the addition of the dye to an already opti-
mized PCR protocol. The major disadvantage of DNA dyes
such as SYBR® Green I is that they are nonspecific. Any PCR
product (including primer dimers) will result in a signal,
thus additional steps must be included in the protocol to
ensure that only the PCR product of interest is being syn-
thesized and quantified. This can be done by post-PCR gel
analysis of the PCR products or the inclusion of a dissocia-
tion (melt) curve analysis. In addition, because there is only
a single dye, only one gene can be assayed with each PCR
reaction. The use of gene-specific fluorogenic probes cor-
rects both of these shortcomings. Fluorogenic probes can
be designed to anneal to only a specific gene target and, by
using different fluorescent dyes, a single PCR can be multi-
plexed to assay for 2–4 distinct gene targets. There is now a
variety of fluorogenic probe designs available. Most probes
are designed with two dyes, one of which reduces or elimi-
nates (quencher dye) the fluorescent signal of the second
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dye (reporter dye) when they are held in close molecular
proximity to one another. This can be accomplished by
placing the two dyes on either end of a single oligonu-
cleotide that then hybridizes to the appropriate gene target
within the region being amplified. Fluorescence increases
with each amplification cycle as the fluorescent probe is
either cleaved into single nucleotides by the DNA polym-
erase, thus freeing the dyes (TaqMan assay [67–69]), or dis-
rupts the hairpin loop conformation when bound to the PCR
product (molecular beacons [70,71]). More recent techniques
incorporate the dyes into an additional sequence on one
end of one of the PCR primers, which are designed to hy-
bridize to the target as the PCR products are synthesized
(scorpion primers [72]). Finally, self-quenching primers can
be designed that require only one fluorophore attached to one
of the primers (LUX primers [73]). Databases are now avail-
able with fluorogenic probe and primer sequences for a vari-
ety of genes in humans, mice, rats and other species [74,75].

As is the case for microarrays and other single gene as-
says, it is useful to normalize the data for differences in
mRNA quality, concentrations, RT efficiencies and other
experimental errors [62,65,76,77]. The data from real-time
QRT–PCR for two samples are by nature relative to one
another, although with the development of standards
absolute copy numbers for each sample can be estimated.
Standard curves can then be constructed using known
amounts of the cloned PCR product [78,79].

Applications of QRT–PCR
Uses of real-time quantitative PCR are constantly expand-
ing, but a brief scan of the literature yields studies ranging
from assessments of the kinetics of gene expression in
response to specific drugs, including prednisolone [80],
dexamethasone [81] and ciprofloxacin [82], to examining
the role of gene expression for transporters [83–87] and/or
metabolizing enzymes [88–91] in drug distribution. Real-
time PCR is also rapidly becoming an important means of
genotyping for single nucleotide polymorphisms [92–94]. In
our laboratory, the working procedure has been to design
gene-specific PCR primers and fluorogenic probes for each
gene to be assayed. Initially, the real-time PCR is carried out
using just the forward and reverse primers and SYBR® Green
I dye. The gene-specific fluorogenic probes can be synthe-
sized for those genes confirmed to exhibit differential gene
expression. The use of the fluorogenic probes allows for mul-
tiplexing as well as eliminating the need for gel analysis of
PCR products, because the fluorescent probe reports only
the accumulation of specific product. The PCR products are
then cloned into a standard plasmid vector. Cloned PCR prod-
ucts are used to establish standard curves of known concen-
trations for absolute quantitation of gene expression levels.

Conclusion
In summary, we have combined two genomic technologies
as tools in drug discovery and drug development. Initially,
microarrays are used to examine large numbers of poten-
tial gene targets. Permutation analysis methods are then
used to identify those genes that are altered significantly
by our experimental treatments. The use of these statistical
methods enables us to adjust our list of significant genes
based on our concerns with dealing with false positives.
Finally, real-time quantitative PCR is then employed to val-
idate our microarray results for specific genes of interest
and, because PCR is fast and inexpensive, we can then expand
our studies to include more replication and other impor-
tant parameters such as differing dosage regimens and
additional time points.

References
1 Schena, M. et al. (1995) Quantitative monitoring of gene 

expression patterns with a complementary DNA microarray. Science
270, 467–470

2 Lockhart, D.J. et al. (1996) Expression monitoring by hybridization to
high-density oligonucleotide arrays. Nat. Biotechnol. 14, 1675–1680

843

DDT Vol. 9, No. 19 October 2004 reviewsresearch focus

www.drugdiscoverytoday.com

Figure 3. Real-time PCR amplification plot for a series of
standards for human cytochrome P450 1A2. Each curve shows
increasing fluorescence with each amplification cycle for a
dilution series ranging from 10−2 to 10−7. The resultant standard
curve, which is linear over six orders of magnitude (r2=0.975),
is based on the critical threshold (Ct) values. Ct is determined for
each curve as the fractional amplification cycle at which the
baseline-corrected normalized fluorescence is determined to be
statistically significant above background signal.



3 Brown, P.O. and Botstein, D. (1999) Exploring the new world of the
genome with DNA microarrays. Nat. Genet. 21, 33–37

4 Eickhoff, B. et al. (1999) Normalization of array hybridization experiments
in differential gene expression analysis. Nucleic Acids Res. 27, e33

5 Tseng, G.C. et al. (2001) Issues in cDNA microarray analysis: quality
filtering, channel normalization, models of variations and assessment
of gene effects. Nucleic Acids Res. 29, 2549–2557

6 Bolstad, B.M. et al. (2003) A comparison of normalization methods for
high-density oligonucleotide array data based on variance and bias.
Bioinformatics 19, 185–193

7 Hoffmann, R.T. et al. (2002) Profound effect of normalization on
detection of differentially expressed genes in oligonucleotide
microarray data analysis. Genome Biol. 14, research0033

8 Wilson, D.L. et al. (2003) New normalization methods for cDNA
microarray data. Bioinformatics 19, 1325–1332

9 Yang, Y.H. et al. (2002) Normalization for cDNA microarray data:
a robust composite method addressing single and multiple slide
systematic variation. Nucleic Acids Res. 30, e15

10 Vandesompele, J.K. et al. (2002) Accurate normalization of real-time
quantitative RT–PCR data by geometric averaging of multiple internal
control genes. Genome Biol. 3, research0034

11 Kerr, M. and Churchill, G.A. (2000) Analysis of variance for gene
expression microarray data. J. Comput. Biol. 7, 819–837

12 Parmigiani, G. et al., eds (2003) The Analysis of Gene Expression. Methods
and Software (Statistics for Biology and Health), Springer

13 Brazma, A. and Vilo, J. (2000) Gene expression data analysis. FEBS Lett.
480, 17–24

14 King, H.C. and Sinha, A.A. (2001) Gene expression profile analysis by
DNA microarrays: promises and pitfalls. J. Am. Med. Assoc. 286, 2280–2288

15 Lee, M-L.T. et al. (2000) Importance of replication in microarray gene
expression studies: statistical methods and evidence from repetitive
cDNA hybridizations. Proc. Natl. Acad. Sci. U. S. A. 97, 9834–9839

16 Quackenbush, J. (2001) Computational analysis of microarray data.
Nat. Rev. Genet. 2, 418–427

17 Smyth, G.K. et al. (2003) Statistical Issues in cDNA Microarray Data
Analysis. In Functional Genomics: Methods and Protocols (Brownstein, M.J.
and Khodursky, A.B., eds), pp. 111–136, Humana Press

18 Kerr, M.K. and Churchill, G.A. (2001) Statistical design and the analysis
of gene expression. Genet. Res. 77, 123–128

19 Miller, R.A. et al. (2001) Interpretation, design, and analysis of gene
array expression experiments. J. Gerontol. A Biol. Sci. Med. Sci. 56,
B52–B57

20 Draghici, S. (2003) Data Analysis Tools for DNA Microarrays, Chapman
and Hall

21 Speed, T. (2003) Statistical Analysis of Gene Expression Data, Chapman
and Hall

22 Dudoit, S. et al. (2000) Statistical models for identifying differentially
expressed genes in replicated cDNA microarray experiments. 
Technical Report 578, pp. 111–139, University of California, Berkeley

23 Eisen, M.B. et al. (1998) Cluster analysis and display of genome-wide
expression patterns. Proc. Natl. Acad. Sci. U. S. A. 95, 14863–14868

24 Tavazoie, S. et al. (1999) Systematic determination of genetic network
architecture. Nat. Genet. 22, 281–285

25 Toronen, P. et al. (1999) Analysis of gene expression data using self-
organizing maps. FEBS Lett. 451, 142–146

26 Ringner, M. et al. (2002) Analyzing array data using supervised
methods. Pharmacogenomics 3, 403–415

27 Cui, X. and Churchill, G.A. (2003) Statistical tests for differential
expression in cDNA microarray experiments. Genome Biol. 4, 210

28 Troyanskaya, O.G. et al. (2002) Nonparametric methods for identifying
differentially expressed genes in microarray data. Bioinformatics 18,
1454–1461

29 Efron, B. and Tibshirani, R. (2002) Empirical Bayes methods and false
discovery rates for microarrays. Genet. Epidemiol. 23, 70–86

30 Pan, W. (2003) On the use of permutation in and the performance of a
class of nonparametric methods to detect differential gene expression.
Bioinformatics 19, 1333–1340

31 Broberg, P. (2003) Statistical methods for ranking differentially
expressed genes. Genome Biol. 4, R41

32 Zhao, Y. et al. (2003) Modified nonparametric approaches to detecting
differentially expressed gene in replicated microarray experiments.
Bioinformatics 19, 1046–1054

33 Brody, J.P. et al. (2002) Significance and statistical errors in the analysis
of DNA microarray data. Proc. Natl. Acad. Sci. U. S. A. 99, 12975–12978

34 Xu, R. and Li, X. (2003) A comparison of parametric versus
permutation methods with applications to general and temporal
microarray gene expression data. Bioinformatics 19, 1284–1289

35 Shaffer, J.P. (1986) Modified sequentially rejective multiple test
procedures. J. Am. Stat. Assoc. 81, 826–831

36 Hochberg, Y. and Tamhane, A.C. (1987) Multiple Comparison Procedures,
Wiley

37 Felsenstein, J. (1985) Confidence limits on phylogenies: an approach
using bootstrap. Evolution 39, 783–791

38 Benjamini, Y. and Hochberg, Y. (1995) Controlling the false discovery
rate: a practical and powerful approach to multiple testing. J. Roy.
Statist. Soc. B 57, 289–300

39 Storey, J.D. and Tibshirani, R. (2001) Estimating false discovery rate
under dependence with application to DNA microarrays. Technical
Report 28, pp. 1–24, Department of Statistics, Stanford University

40 Storey, J.D. (2002) A direct approach to false discovery rates. J. Roy.
Statist. Soc. B. 64, 479–498

41 Storey, J.D. and Tibshirani, R. (2003) Statistical significance for
genome-wide studies. Proc. Natl. Acad. Sci. U. S. A. 100, 9440–9445

42 Reiner, A. et al. (2003) Identifying differentially expressed genes
using false discovery rate controlling procedures. Bioinformatics 19,
368–375

43 Benjamini, Y. and Yekutieli, D. (2001) The control of the false discovery
rate in multiple tests under dependency. Ann. Stat. 29, 1165–1188

44 Storey, J.D. and Tibshirani, R. (2003) SAM Thresholding and False
Discovery Rates for Detecting Differential Gene Expression in DNA
Micorarrays. In The Analysis of Gene Expression. Methods and Software
(Parmigiani, G. et al., eds), pp. 272–290, Springer

45 Wang, E.Q. et al. (2002) cDNA microarray analysis of vascular gene
expression after nitric oxide donor infusions in rats: implications for
nitrate tolerance mechanisms. AAPS PharmSci 4, E10

46 Tran, D.C. et al. (2003) Inhalant nitrite exposure alters mouse hepatic
angiogenic gene expression. Biochem. Biophys. Res. Commun. 310,
439–445

47 Westfall, P.H. and Young, S.S. (1993) Resampling-Based Multiple Testing:
Examples and Methods for p-Value Adjustment, Wiley

48 Tusher, V.G. et al. (2001) Significance analysis of microarrays applied
to the ionizing radiation response. Proc. Natl. Acad. Sci. U. S. A. 98,
5116–5121

49 Pan, W. (2002) A comparative review of statistical methods for
discovering differentially expressed genes in replicated microarray
experiments. Bioinformatics 18, 546–554

50 Pan, W. et al. (2003) A mixture model approach to detecting
differentially expressed genes with microarray data. Funct. Integr.
Genomics 3, 117–124

51 Taniguchi, M. et al. (2001) Quantitative assessment of DNA
microarrays: comparison with northern blots. Genomics 71, 34–39

52 Yuen, T. et al. (2002) Accuracy and calibration of commercial
oligonucleotide and custom cDNA microarrays. Nucleic Acids Res.
30, e48

53 Chen, G. et al. (2002) Discordant protein and mRNA expression in
lung adenocarcinomas. Mol. Cell. Proteomics 1, 304–313

54 Gygi, S.P. et al. (1999) Correlation between protein and mRNA
abundance in yeast. Mol. Cell. Biol. 19, 1720–1730

55 Li, J. et al. (2002) Differential gene expression patterns revealed by
oligonucleotide versus long cDNA arrays. Toxicol. Sci. 69, 383–390

56 Kothapalli, R. et al. (2002) Microarray results: how accurate are they?
BMC Bioinformatics 3, 22–32

57 Kuo, W.P. et al. (2002) Analysis of matched mRNA measurements from
two different microarray technologies. Bioinformatics 18, 405–412

844

DDT Vol. 9, No. 19 October 2004reviews research focus

www.drugdiscoverytoday.com



58 Tan, P.K. et al. (2003) Evaluation of gene expression measurements from
commercial microarray platforms. Nucleic Acids Res. 31, 5676–5684

59 Liss, B. (2002) Improved quantitative real-time RT–PCR for expression
profiling of individual cells. Nucleic Acids Res. 30, e89

60 Zimmermann, K. and Mannhalter, W. (1996) Technical aspects of
quantitative competitive PCR. Biotechniques 21, 268–279

61 Freeman, W.M. et al. (1999) Quantitative RT–PCR: pitfalls and
potential. Biotechniques 26, 112–125

62 Bustin, S.A. (2002) Quantification of mRNA using real-time reverse
transcription (PCR) (RT–PCR): trends and problems. J. Mol. Endocrinol.
29, 23–39

63 Heid, C. et al. (1996) Real time quantitative PCR. Genome Res. 6,
986–994

64 Didenko, V.V. (2001) DNA probes using fluorescence resonance energy
transfer (FRET): designs and applications. Biotechniques 31, 1106–1121

65 Wall, S.J. and Edwards, D.R. (2002) Quantitative reverse transcription-
polymerase chain reaction (RT–PCR): a comparison of primer-dropping,
competitive, and real-time RT–PCRs. Anal. Biochem. 300, 269–273

66 Lekanne Deprez, R.H. et al. (2002) Sensitivity and accuracy of
quantitative real-time polymerase chain reaction using SYBR green I
depends on cDNA synthesis conditions. Anal. Biochem. 307, 63–69

67 Livak, K. et al. (1995) Oligonucleotides with fluorescent dyes at opposite
ends provide a quenched probe system useful for detecting PCR
products and nucleic acid hybridization. PCR Methods Appl. 4, 357–362

68 Holland, P.M. et al. (1991) Detection of specific polymerase chain
reaction product by utilizing the 5′ to 3′ exonuclease activity of
Thermus aquaticus. Proc. Natl. Acad. Sci. U. S. A. 88, 7276–7280

69 Bonnet, G. et al. (1999) Thermodynamic basis of the enhanced
specificity of structured DNA probes. Proc. Natl. Acad. Sci. U. S. A. 96,
6171–6176

70 Tyagi, S. and Kramer, F.R. (1996) Molecular beacons: probes that
fluoresce upon hybridization. Nat. Biotechnol. 14, 303–308

71 Tyagi, S. et al. (1998) Multicolor molecular beacons for allele
discrimination. Nat. Biotechnol. 16, 49–53

72 Whitcombe, D. et al. (1999) Detection of PCR products using self-
probing amplicons and fluorescence. Nat. Biotechnol. 17, 804–807

73 Nazarenko, I. et al. (2002) Multiplex quantitative PCR using self-
quenched primers labeled with a single fluorophore. Nucleic Acids Res.
30, e37

74 Pattyn, F. et al. (2003) RTPrimerDB: the real-time PCR primer and probe
database. Nucleic Acids Res. 31, 122–123

75 Wang, X. and Seed, B. (2003) A PCR primer bank for quantitative gene
expression analysis. Nucleic Acids Res. 31, e154

76 Ke, L.D. et al. (2000) A reliability test of standard-based quantitative
PCR: exogenous vs endogenous standards. Mol. Cell. Probes 14, 127–135

77 Vandesompele, J. et al. (2002) Accurate normalization of real-time
quantitative RT–PCR data by geometric averaging of multiple internal
control genes. Genome Biol. 3, research0034 

78 Pfaffl, M.W. (2001) A new mathematical model for relative
quantification in real-time RT–PCR. Nucleic Acids Res. 29, e45

79 Pfaffl, M. et al. (2002) Relative expression software tool (REST) for

group-wise comparison and statistical analysis of relative expression
results in real-time PCR. Nucleic Acids Res. 30, e36

80 Rioja, I. et al. (2004) Joint cytokine quantification in two rodent arthritis
models: kinetics of expression, correlation of mRNA and protein levels
and response to prednisolone treatment. Clin. Exp. Immunol. 137, 65–73

81 Vermeer, H. et al. (2003) Glucocorticoid-induced increase in
lymphocytic FKBP51 messenger ribonucleic acid expression: a potential
marker for glucocorticoid sensitivity, potency, and bioavailability.
J. Clin. Endocrinol. Metab. 88, 277–284

82 Xie, H.J. et al. (2003) Alteration of pharmacokinetics of
cyclophosphamide and suppression of the cytochrome p450 genes by
ciprofloxacin. Bone Marrow Transplant. 31, 197–203

83 Cisternino, S.C. et al. (2004) Expression, upregulation, and transport
activity of the multidrug-resistance protein Abcg2 at the mouse
blood–brain barrier. Cancer Res. 64, 3296–3301

84 Denk, G.U. et al. (2004) Downregulation of the organic cation
transporter 1 of rat liver in obstructive cholestasis. Hepatology 39,
1382–1389

85 Schaarschmidt, T.J. et al. (2004) Expression of multidrug resistance
proteins in rat and human chronic pancreatitis. Pancreas 28, 45–52

86 Cummings, J.G. et al. (2002) Factors influencing the cellular
accumulation of SN-38 and camptothecin. Cancer Chemother.
Pharmacol. 49, 194–200

87 Steinbach, D. et al. (2003) The multidrug resistance-associated protein 3
(MRP3) is associated with a poor outcome in childhood ALL and may
account for the worse prognosis in male patients and T-cell
immunophenotype. Blood 102, 4493–4498

88 DeLozier, T.C. et al. (2004) CYP2C44, a new murine CYP2C that
metabolizes arachidonic acid to unique stereospecific products.
J. Pharmacol. Exp. Ther. DOI; 10.1124/jpet.104.067819 (E-pub ahead of
print; http://jpet.aspetjournals.org)

89 Kogure, T.Y. et al. (2004) The efficacy of the combination therapy of
5-fluorouracil, cisplatin and leucovorin for hepatocellular carcinoma
and its predictable factors. Cancer Chemother. Pharmacol. 53, 296–304

90 Wilkening, S. and Bader, A. (2003) Influence of culture time on the
expression of drug-metabolizing enzymes in primary human
hepatocytes and hepatoma cell line HepG2. J. Biochem. Mol. Toxicol. 17,
207–213

91 Smith, G.R.S. et al. (2003) Quantitative real-time reverse
transcription–polymerase chain reaction analysis of drug metabolizing
and cytoprotective genes in psoriasis and regulation by ultraviolet
radiation. J. Invest. Dermatol. 121, 390–398

92 Weise, A.S. et al. (2004) Development and evaluation of a rapid and
reliable method for cytochrome P450 2C8 genotyping. Clin. Lab. 50,
141–148

93 Saito, K.S. et al. (2003) Detection of the four sequence variations of MDR1
gene using TaqMan MGB probe-based real-time PCR and haplotype
analysis in healthy Japanese subjects. Clin. Biochem. 36, 511–518

94 Hiratsuka, M.Y. et al. (2002) Allele and genotype frequencies of CYP2B6
and CYP3A5 in the Japanese population. Eur. J. Clin. Pharmacol. 58,
417–421

845

DDT Vol. 9, No. 19 October 2004 reviewsresearch focus

www.drugdiscoverytoday.com

Conference reports

Drug Discovery Today Publications is pleased to publish the highlights from international conferences. Conference partici-

pants who wish to cover a particular meeting should contact:

Dr Jayne Carey, Drug Discovery Group, Elsevier, 84 Theobald’s Road, London, UK  WC1X 8RR

e-mail: DDT@drugdiscoverytoday.com

http://jpet.aspetjournals.org

	Combining genome-wide and targeted gene expression profiling in drug discovery: microarrays and real-time PCR
	Microarrays and drug discovery
	Microarray analyses: significant gene identification or data-mining
	Identifying significant genes

	Permutation analysis
	Quantitative real-time PCR: validating and extending microarray results
	Applications of QRT–PCR

	Conclusion
	References


