
J. Appl. Genet. 43(3), 2002, pp. 269-278

Review article

Statistical methods for microarray assays
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Abstract: The paper shortly reviews statistical methods used in the area of DNA
microarray studies. All stages of the experiment are taken into account: planning, data
collection, data preprocessing, analysis and validation. Among the methods of data
analysis, the algorithms for estimating differential expression, multivariate approaches,
clustering methods, as well as classification and discrimination are reviewed. The need
is stressed for routine statistical data processing protocols and for the search of links of
microarray data analysis with quantitative genetic models.
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Introduction

DNA microarrays are now increasingly used to obtain data concerning gene ex-
pression in various organisms (KAMIÑSKI 2002). There is a chance that after a pe-
riod of basic methodological research they will make an important diagnostic tool
in biological research and in medicine. It is now understood that this ingenious
technology must be supplemented with appropriate statistical, computational and
data storage facilities, in order to be useful for researchers. This paper provides
a short review of existing statistical methods of microarray data processing. For
other reviews of the subject of computational and statistical problems
in microarrays see, e.g., QUACKENBUSH (2001) or SMYTH et al. (2002).

A typical microarray experiment consists of all stages that characterise any
good empirical investigation. It must be planned in such a way that the available
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resources are used optimally to provide desirable data. The data must be collected,
stored, labelled and preprocessed, and then analysed, in a confirmatory or explor-
atory way, with respect to the existing a priori or data-generated hypotheses.
At this stage, statistical methods seem to be the most appropriate tool. Then,
the results of the analysis must be critically checked and validated. In our paper
we proceed in this order, sketching the problems connected with planning and
analysis of microarray experiments.

Designing experiments

The modern design of experiments adopts the three principles introduced by R.A.
Fisher: replication, randomization and local control. It is unlikely that microarray
experiments can be properly designed without observing these rules. After a pe-
riod of drawing conclusions on the basis of single slides, attention is now turned
towards more complicated schemes. LEE et al. (2000) and NOVAK et al. (2002)
presented results on the inherent variability in gene expression data and the role of
replication. Their studies involved genes of known expression and checking
the profiles on the same, replicated RNA samples, that is, they used the model of
a dummy experiment. Both studies stressed the need for replicated experiments,
which can decrease the chance of misleading results. KERR and CHURCHILL

(2001b) and GLONEK and SOLOMON (2002) addressed the problem of selection of
the experimental design, suited for the situation at hand. Their aim was to replace
the naive usage of the method of all possible comparisons or reference sample
comparisons with more sophisticated, possibly optimal, designs, which would as-
sure efficient usage of resources.

Data collection

In any microarray experimental setup the basic unit is a plate (slide), typically
containing several thousands genes. After the chemical part of the experiment, it is
subjected to image analysis. Data are collected by the scanner, digitized and
stored. Several important problems are connected with this stage.

The task of the image processing hardware and software is to locate spots on
the slide and to segment them, that is, to separate into the pixels bearing the signal
and the pixels belonging to the background. Several existing methods do so. Com-
mercial products utilize, for example, the histogram method, which estimates
the distribution of pixels within the spot, and recognizes pixels in the upper tail
and in the lower tail of the distribution as the signal and background, respectively.
The method provides, by definition, positive observations of the spot intensity;
this feature is not possessed by several other methods (fixed circle, adaptive, for
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details see BOCIANOWSKI et al. 2002). New spot finding and segmentation meth-
ods are being developed. BUHLER et al. (2000) considered a method of locating
the spots which utilizes all available morphological information and is able to
properly find even spots with low intensity and of irregular shape. The same au-
thors suggested that spot finding should provide the experimenter with a measure
of slide quality (see also WANG et al. 2001, BROWN et al. 2001). Several image
analysis methods were critically compared by YANG et al. (2002). New research
in this area is represented by the paper by BOZINOV and RAHNENFÜHRER (2002),
who used clustering techniques to find signal and background pixels.

Irrespective of the method of spot location and segmentation, the outcome of
this stage is observation, for each spot, of the signal intensity for two colour chan-
nels, and of the background intensity. The intensities can be obtained by different
methods: as a mean, mode, median or total of the intensity of pixels recognized as
belonging to the spot or to the background.

Data preprocessing

Raw data are transformed into measures of differential expression, usually by cal-
culating the ratio of the (background corrected) intensity of one channel to
the other and taking the logarithm of that ratio. Some other measures of differen-
tial expression were discussed by TSODIKOV et al. (2002). The data should also be
normalized in order to eliminate effects and variation caused by using different
slides, dyes or some other experimental conditions, and also within-slide effects.
Some methods in this area were described by YANG et al. (2001). Complete sys-
tems are devised to correct, filter and normalize raw microarray data (FIELDEN et
al. 2002). Pre-processing may involve imputation of missing values
(TROYANSKAYA et al. 2001). SHMULEVICH and ZHANG (2002) argue that at this
stage the data should be transformed to binary values.

Data analysis

The form of the data obtained from microarrays depends on the structure of the ex-
periment. In the case of comparison of just two tissues, e.g. from a mutant and
a wild type, possibly on replicated slides, the slides constitute a simple sample.
If more cases (tissues, treatments, time points) are compared, slides have a one- or
multi-factorial structure. Usually each gene is seen as corresponding to one vari-
able (trait). The data analysis amounts to the estimation of differential expression
or to more complicated procedures such as clustering; some of the possibilities in
this area are described below.
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Estimating differential expression

For a simple sample, the analysis is usually aimed at finding the genes with dif-

ferent expression in two compared tissues. Genes can be easily ranked according

to the expression ratio, possibly averaged over replications, but the decision con-

cerning the significance of the ratios is not so easy. The simplest approach would

be to base the test for ratios on replicated plates and a t statistic. CHEN et al. (1997)

found an approximation of the exact distribution of the ratios that can improve the

test. Three widely used testing methods, the t-test, the regression method of

THOMAS et al. (2001) and the method based on Normal mixture models of PAN et

al. (2001), were compared by PAN (2002). It can also be argued that the simple ra-

tio of two intensities is not the best measure of differential expression; along this

line, NEWTON et al. (2001) used the Gamma distribution model to improve the ac-

curacy of identification of interesting genes.

A more complicated situation occurs if the plates can be divided into two

sub-samples, each used to measure the expression of genes for a subject in com-

parison to a common reference sample. For this situation, DUDOIT et al. (2002b)

used the t statistic on a gene by gene basis, and then some simultaneous testing

procedures to correctly control the family-wise (plate-wise) error rates. They

stressed the usefulness of the Holm’s sequential testing procedure, which is less

conservative than the simple Bonferroni correction. The p-values valid for the si-

multaneous testing for many genes can also be obtained by permutation algo-

rithms; this, however, may cause a substantial computation cost.

Finally, there is a general situation of comparing several treatments in one ex-
periment. As an approximation, some version of analysis of variance with usual
normality assumptions could probably be used for such data. KERR et al. (2000)
argued that a better approach would be to use raw intensities (not their ratios) and
a linear ANOVA model, but with a bootstrap analysis of the residuals allowing to
get confidence intervals for comparisons of treatments without the normality as-
sumption.

Multivariate approaches

Although the basic methods treat genes as traits, which is consistent with the gen-
eral rules of experimental designs, several approaches have been developed by
viewing, in the data set of expression ratios, the genes as cases and the plates as
variables. The algebra of this approach was described by KURUVILLA et al.
(2002). Most of the well-known methods based on the singular value decomposi-
tion have been used: principal components analysis (WALL et al. 2001, YEUNG

and RUZZO 2001), correspondence analysis (FELLENBERG et al. 2001) and biplots
(CHAPMAN et al. 2002). The concept of the minimum spanning tree has been uti-
lized by XU et al. (2002). A Mahalanobis distance based method of detection of
differentially expressed genes was described by CHILINGARYAN et al. (2002).
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Clustering methods

Existing clustering algorithms were applied to gene expression data in many
ways. For example, EISEN et al. (1998) used the hierarchical grouping of genes
based on the Pearson-like similarity measure. GETZ et al. (2000) analysed differ-
ent aspects of two-way clustering methods (that is, clustering applied to both
genes and samples) under several specifications of the clustering algorithm and
similarity measures. Model-based clustering methods, using the Normal mixture
distribution, have been considered by YEUNG et al. (2001a), GHOSH and
CHINNAIYAN (2002) and MCLACHLAN et al. (2002).

Some interesting propositions concerning clustering have been made by
HASTIE et al. (2000, 2001). They considered the situation in which observations of
some additional traits are made in the experiment for each plate. This leads to
a possibility of trying to link the obtained clusters of samples to external data of
different type, quantitative or qualitative. It should also be noted that the method
of self-organizing maps has been applied to microarray data by TAMAYO et al.
(1999); they claimed its superiority over ordinary hierarchical grouping.

Classification and discrimination

The analysis of microarray data can also be directed towards classifying samples
into two or more classes, based on the expression level of several genes. The area
of classification seems to be very appealing in the context of microarray data for
the following reason: in addition to classical methods, e.g. discriminant functions,
several new approaches can be applied, which are based on additional available
biological knowledge. In this way the so-called supervised techniques arise.

Some classical and knew methods were described and compared by DUDOIT

et al. (2000a): the nearest neighbour methods, linear discrimination and classifica-
tion trees. A knowledge-based method, with the ability to assign genes to multiple
groups of similar expression, was described by MOLOSHOK et al. (2002).

Promising methods seem to emerge from the application of support vector ma-
chines (SVMs) to the analysis of microarray data (BROWN et al. 2000,
GAASTERLAND et al. 2000). An SVM is a classification algorithm that works
iteratively, starting from groups of genes of common function. This feature in
an obvious way supports the idea of accumulating and extending the knowledge
about gene functions stored in several databases.

Post-processing and validation

It is correctly recognized by many authors that the role of statistics in the analysis
of microarray data is not just to give optimal solutions. As the amount of data in-
creases, the statistical findings should be validated and compared with findings
from other experiments. Thus, KERR and CHURCHILL (2001a) considered check-

Statistical methods for microarray assays 273



ing the reliability of gene clusters, obtained on the basis of ANOVA estimates of
gene expression, by bootstrapping. Similar approaches were described by YEUNG

et al. (2001b) and AZUAJE (2002). The aspect of the problem connected with
the estimation of the number of clusters was considered by TIBSHIRANI et al.
(2001). Finally, a very practical aspect of validation, that is, comparing the results
of a microarray assay to standard clinical predictors, was considered by
TIBSHIRANI and EFRON (2002).

Discussion

Our survey shows that the area of microarray experiments turned out and should
continue to be very attractive both for specialists in the field of experiment design
and statisticians. Firstly, it seems that the days are over in which simple
dye-swapped experiments were thought to provide an antidote to all sources of er-
rors. It is expected that the role of good experimental practice with microarrays
will not be diminished by progress in their manufacturing. More and more sam-
ples are now compared in one experiment. The samples represent experimental
treatments, sometimes with a factorial structure. The theory of experimentation
knows designs that are appropriate for such situations. For example, in the field of
weighing designs (BANERJEE 1975) a situation is considered in which several
samples are compared using a device which can relatively measure only two sam-
ples at a time, like a microarray.

It is also obvious that the data collection stage plays a very important role in
the whole experiment. Once measured, the slide pictures (scans) will probably be
discarded, as the storage of numerical data is easier and cheaper. One
of the microarray software systems, Quantarray®, offers to the user twelve combi-
nations of methods of spot segmentation and intensity calculation. Within each
combination, there are several parameters, which can be left with default values or
changed by the user with the effect of changing the observations. Although
the manual contains remarks on the features of some methods, we doubt that
the experimenter would fully understand what aspects of his conclusions might be
affected by decisions at this stage.

As to the statistical data analysis itself, it seems that the supervised techniques,
taking into account additional biological knowledge about the experimental mate-
rial, will probably successfully compete with the unsupervised ones. After all,
microarrays are a great hope for functional genomics; in this field, the link be-
tween existing, accumulated information on gene functions and newly designed
experiments must be exceptionally strong.

The microarrays will probably remain a diagnostic tool in medicine. We do not
know if the same will happen in other biological investigations, on plants or ani-
mals. Certainly, such diagnostic tools will not be complete without corresponding
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statistical protocols, into which currently developed methods must be trans-
formed.

We were not able to give in our survey any account of software tools, which are
necessary for performing the statistical analyses described. It must be stressed
that, in principle, most of the classical methods, such as the analysis of variance,
clustering or principal component analysis, can be programmed for microarray
data using leading commercial statistical packages such as Genstat, SAS or
S-Plus. Of course, the specialized, compiled software may have the advantage
of speed in dealing with large amounts of data; links to some products with that
feature can by found at http://genome-www5.stanford.edu/MicroArray/
SMD/restech.html. We also were not able to discuss the data storage aspect of
the problem. Databases for microarrays were discussed by BRAZMA et al. (2000);
an exemplary solution was described by SHERLOCK et al. (2001).

Finally, it should be noted that it is possible that the links of functional
genomics will be strengthened, when supported by microarray applications, with
the classical (quantitative) genetics. A possibility in this direction was sketched
by JANSEN and NAP (2001). To some extent, the situation may in the future resem-
ble the one already met in the field of marker data analysis, where the investiga-
tion of segregating material led to new interesting models and applications.
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