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Genomic technologies have evolved from a minority interest to
a set of generally applicable, powerful tools. Recent studies
have demonstrated that such tools are of great use in studies
of neural development, particularly when allied to advances in
data analysis and methods for analyzing gene function.
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Abbreviations
2D two-dimensional
GFP green fluorescent protein
FACS fluorescence activated cell sorting
IMAGE integrated molecular analysis of genomes and their 

expression
MPSS massively parallel signal sequencing
SAGE serial analysis of gene expression

Introduction
Genomics commonly refers to any genome-scale approach
to studying biological problems, most notably expression
profiling, whereby one studies the expression of many, if
not all, genes or proteins in a given cell or tissue type.
Within developmental neurobiology, genomic technologies
can be used as gene discovery tools — whether cell-specific,
tissue-specific or stage-specific — or can be used to 
investigate the transcriptional or translational contribu-
tions to processes as diverse as neurogenesis, cell fate
determination, differentiation, axon guidance and synapse
formation. For instance, expression profiling can be 
used to classify cells, tissues or tumor types [1,2] and to 
investigate signal transduction pathways [3]. Genomics
technologies have been used in invertebrate development
to profile gene expression in the developing nematode
[4,5] and in various sorted green fluorescent protein
(GFP)-marked cell populations in Drosophila melanogaster
[6,7•]. In the developing mammalian nervous system,
these approaches have been used to study maturation of
the hippocampus [8], photoreceptor differentiation in the
retina [9] and neural progenitor differentiation [10•].

Genomics technologies have become widely available in
recent years. The intellectual problems of interest in devel-
opmental biology have not changed dramatically over the
same period, so why has there been a recently increased
interest in genomic technologies? The main reason, perhaps,
is that these technologies have proven to be robust, 
accurate and, perhaps most importantly, comprehensive

tools that can be used in any laboratory. In principle, with
the availability of complete genome sequences from several
organisms and the development of comprehensive expres-
sion tools, it is now possible to get definitive answers to the
gene expression aspects of developmental neurobiology
questions. However, powerful as these technologies are, we
are just leaving the proof-of-principle stage of the applica-
tion of these approaches to biological questions. As they
become more widely used, there are both practical and 
scientific concerns that are useful to keep in mind when
considering a study using these approaches. This review
will attempt to shed light on some of these issues. 

Choosing the right technology
Expression profiling can be divided into those technologies
profiling mRNA levels and those profiling protein 
expression. The latter — proteomics — holds considerable
promise, although is not currently in general use in many
labs. However, powerful gel electrophoresis-based and
microarray-based technologies have been developed and
are becoming more widely used in non-specialist environ-
ments [11,12••]. RNA expression profiling technologies are
either sequencing-based, such as Serial Analysis of Gene
Expression (SAGE) [13], or hybridization-based approach-
es, such as microarrays [14] (Table 1). The groundbreaking
work carried out by Velculescu et al. [13] and Schena et al.
[14] forms the basis of most genomic technologies in use
today. In addition to those listed in Table 1, there are 
several profiling technologies under development that
should dramatically increase throughput, such as the 
massively parallel signal sequencing (MPSS) technology
[15,16]. Rather like SAGE, this emerging technology uses a
novel approach to sequence short signature sequences from
millions of cDNAs in a sample in parallel.

Choosing the most appropriate technology is a mixture of
the pragmatic and the scientific. Making cDNA microarrays
within a lab or institution can involve a significant 
degree of investment in infrastructure, including liquid 
handling systems for managing clones, PCR products or
oligo-nucleotides, array printers and optical scanners, and
personnel. The use of commercial microarrays removes
many of these needs, although access to an optical 
scanner/reader is usually still necessary. SAGE does 
not require a large investment in new equipment, as it
depends on library construction and DNA sequencing, but
does require high-throughput DNA sequencing, which can
be rate limiting and expensive, particularly for large-scale
studies. There are now commercially available resources
for all of these techniques (Table 1). 

Scientifically, there may be a need to use sequencing-based
or hybridization-based approaches, as each method has 
specific advantages and disadvantages. Sequencing-based
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approaches, such as SAGE, allow datasets generated at 
different times and places to be readily compared and 
distributed. Datasets generated by hybridization-based
approaches, such as microarrays, have proven to be very 
difficult to compare between laboratories. Aside from 
technology differences, it is also likely that the comparisons
made in a given experiment, although essential for answer-
ing a particular biological question, are not generally useful
to the entire community. However, array experiments can
be carried out very quickly, with many replicates, to provide
robust statistical analyses under different experimental 
conditions. Sequencing-based technologies are limited, in
terms of the number of replicate datasets and experiments,
and by the speed and costs of library construction and
sequencing. A final consideration for sequencing-based
technologies is that large numbers of ESTs or genomic
sequence must be available to allow ready identification of
genes corresponding to the sequences or tags obtained, a
factor that limits use of these approaches in non-model
organisms. An alternative approach that we and others have
successfully used for several non-model organisms, is to 
construct microarrays of random clones from cDNA libraries
of interest (e.g. certain tissues or developmental stages)
[17,18]. These are used in the same way as sequenced-clone
arrays, but, following experiments and data analysis, a set 
of clones of interest is then sequenced to identify the 
corresponding genes. 

Great expectations: study design and
data analysis
Expression profiling studies that are well designed with
appropriate controls generate data that can be successfully
interpreted and yield the most useful information. Initially,

this basic principle has been somewhat overlooked, 
perhaps due to cost concerns and the limited availability of
genomics technologies, although this is now changing. One
of the most powerful applications of expression profiling in
mammalian systems has been comparing gene expression
between mutant and wild-type embryos or tissues [9,19].
This approach has several attractive features, including the
existence of internal controls, consisting of littermates that
are very closely matched to experimental animals in terms
of developmental age, environment, genetic background,
time of tissue harvesting, RNA extraction and so on.
Minimizing as many variables as possible reduces the 
likelihood of detecting gene expression differences that
are unrelated to the variable under study. This is generally
true for all genomics studies, regardless of the nature of the
starting material. In addition, replicated independent
experiments are essential to allow critical statistical analysis
of the data generated, particularly for genes expressed at
low levels and for smaller changes in gene expression. 

Aside from the availability of microarrays and the costs of
sequencing, the most talked about issue surrounding
expression profiling is data analysis. For labs with their 
origins in classical developmental and molecular biology,
much of the rhetoric surrounding this topic may appear 
forbidding. Many different laboratories, institutions and
companies have developed a variety of useful tools for 
analyzing large gene expression datasets [20,21]. These
methods fall into two broad classes: exploratory statistical
methods, such as hierarchical cluster analysis [20], and 
confirmatory statistics, such as the significance analysis of
microarrays approach [22•]. Each approach is very useful
for analyzing expression data and clustering methods are

Table 1

Genomics technologies available for the study of neural development.

Method Resources Sources Advantages Disadvantages

Sequencing
SAGE Library construction, Library construction kit – Few infrastructure needs; uses  Labour intensive and relatively 

high-throughput Invitrogen proven, common techniques; slow; sequencing costs
sequencing data are easily compared 

between studies, labs etc.
Hybridization
cDNA microarrays Printed arrays Many companies and array sizes: No investment in equipment Arrays may not include 

examples include Mergen, or array production required genes relevant to study; can 
NEN, Clontech, Stratagene, be expensive; organism may
Agilent, Motorola. not be represented

Clone sets Research Genetics (Invitrogen); Extensive; physical resource Inserts must be amplified
National Institute on Aging; useful for further studies; and purified for printing;
RIKEN; Drosophila (see organism or tissues may be clone-tracking is error-
www.bdgp.org) represented prone

Oligonucleotide sets Operon, Compugen, Ready to print; specific to genes Organism may not be
MWG-Biotech of interest represented; current sets 

are relatively small

Affymetrix chips Affymetrix wash  Affymetrix Proven, reliable technology; data Requires specific 
station and scanner can be easily compared equipment

between studies, labs etc.
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particularly useful for identifying interesting features 
within large or complex datasets. For studies comparing a
small number of different conditions, such as mutant–wild-
type comparisons, there has been a noticeable shift away
from studies using small numbers of experiments in a
given dataset accompanied by cluster analysis, to replicated
experiments (with several different control or reference
samples or datasets) and critical statistical analyses
[23•,24•]. Before beginning a study, researchers should
establish a simple data-archiving system — with the help
of publicly available databases, such as AMAD (Another
Microarray Database; www.microarrays.org) — and design
experiments with future statistical analysis in mind. There
are several publicly available tools which allow statistical
analysis of single and replicate experiments, paired 
experiments or across multiple experiments, including the
statistical analysis of microarrays (SAM) and statistics for
microarray analysis (SMA) packages [22•,25•,26•]. In addi-
tion to calculating the significance of observed differences
and the reproducibility of experiments, these approaches
also provide estimates of false discovery rates at different
significance thresholds, a useful feature when setting 
criteria for follow-up studies.

Closing out: verification and function
Identification of large numbers of genes whose expressions
change in correlation with a particular event or process, or
that appear in a tissue-specific manner, is only the begin-
ning of the process for a genomics study. It is imperative
that researchers undertake a cycle of benchmarking to
assess the rate of false positive discovery and how the gene
expression measurements generated by their chosen 
technology correlate with those generated by a second,
independent technology. As discussed above, estimates of
false positives can be made from statistical analyses of
replicated experiments. However, given that the focus of a
single study is to identify a number of key genes that are
central to a given process, it is necessary to independently
confirm those findings most central to the conclusions of
the study and to eliminate false positives.

Techniques used to verify expression data will vary
depending on the process studied. Quantitative confirma-
tion of relative gene expression can be carried out by
real-time PCR, RNase protection or northern blotting,
although the dynamic range of the latter is narrow and can
overestimate or underestimate gene expression differences.
Furthermore, the cellular heterogeneity of the nervous 
system clouds the interpretation of expression data obtained
by the use of homogenized tissue preparations. The 
simplest way of doing this in a complex, multicellular tissue,
such as the nervous system, is by high-throughput in situ
hybridization to confirm cellular localization and obvious
differences in gene expression. This method can distin-
guish between marked differences in gene expression in
small subsets of cells and lower differences in gene expres-
sion across a large proportion of cells, a distinction lost when
whole tissue samples are analyzed. The use of tissue

microarrays, in which samples from many tissues or 
developmental stages are arranged on the same slide and
probed simultaneously, can considerably expand the power
and scope of more traditional in situ approaches [27,28].
High throughput in situ hybridization is made increasingly
straightforward by the availability of large numbers of
sequence-verified ESTs, from the IMAGE (Integrated
Molecular Analysis of Genomes and their Expression,
http://image.llnl.gov/) and BMAP (Brain Molecular
Anatomy Project, http://brainest.eng.uiowa.edu) projects
[29]. However, because in situ hybridization is not quantita-
tive, it is not appropriate for benchmarking changes
observed with a given technology, or for confirming 
relatively small differences in gene expression.

Depending on the nature of the genomics study, a final
consideration is the functional analysis of differentially
expressed genes. The large number of differentially
expressed genes observed in any given experiment is
sometimes unanticipated, even in well controlled genomic
studies. Depending on the organism or system used, this
can overwhelm even a very large lab that uses conventional
technologies. Thus, before designing an experiment, it is
essential to develop a clear set of criteria for prioritizing
genes, on the basis of function or expression pattern, and
to choose as high-throughput as possible a system for 
carrying out gain or loss of function analysis. This is partic-
ularly true of studies in mammals, although gain of
function studies in mammals have been made considerably
more straightforward by the availability of full-length
mammalian cDNAs via the Mammalian Gene Collection
effort of the IMAGE consortium [29]. For vertebrate 
studies, depending on the question addressed, cell-based
or explant-based studies and gene misexpression by 
electroporation, transfection or viral transduction can allow
misexpression of many more genes in a given time than
can whole animal studies. Emerging RNA interference-
based approaches may also allow medium-throughput loss
of function studies in these systems [30,31••]. A final con-
sideration, again depending on the question studied, is for
first-pass functional studies to be carried out in another
organism, such as the zebrafish or Caenorhabditis elegans, so
that the initial functional studies can take advantage of the
powerful functional tools that are available in these systems.

How much is enough: sensitivity and starting
material
Perhaps the most significant issue for genomics studies of
neural development is the amount and purity of RNA or
protein. Given the small amounts of tissue available for
many neural development studies, this can be a real problem.
Immunosorting or fluorescence-activated cell sorting
(FACS) to increase cellular purity may be used if appropriate
antibodies or marked strains are available, although care
must be taken not to overly damage cells and degrade RNA
during isolation [6,7•,32]. There are currently no methods
available for protein amplification, although detection
thresholds for signal, be it from a two-dimensional (2D) gel
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or a mass spectrophotometer, are constantly dropping.
Therefore, for proteomics, the technical limits of detection
will dictate the nature of the study performed. 

SAGE has been optimized for library production from less
than 100,000 cells, with no RNA amplification needed 
[32]. There are currently several methods available for
RNA/cDNA amplification from tens of thousands of cells
and others that allow gene expression profiling studies using
microarrays to achieve single cell resolution [33,34]. cDNA
amplification methods depend on either PCR (exponential)
or RNA polymerase (linear) amplification. However, there
are significant limitations and shortcomings to RNA 
amplification technologies that should be kept in mind
when designing studies that depend on these technologies.
In both cases, the two concerns are: the representation of all
transcripts present in the starting material in the final,
amplified material (i.e. loss of transcripts); and the preserva-
tion of the relative abundances of the different transcripts.
All of the available technologies compromise these features
to some degree, most notably relative abundance. In our
experience, many amplification technologies have a normal-
izing effect on transcript abundance that becomes
particularly noticeable with increasing amplification. To cor-
rect for this in a study, it is imperative that data be generated
by comparing material prepared using the same method and
independently verified, as previously discussed.

Conclusions and future prospects
The near future will see the generation of many different
datasets for a range of processes and regions of the nervous
system, and the free sharing of data, obtained via SAGE 
or through use of common microarrays, throughout the 
neurobiological community. Anticipated developments
include not only substantial improvements in current
RNA-based technologies, but also the applications of pro-
teomics and its allied technologies — such as large-scale
2D gel electrophoresis coupled with protein fingerprinting
via mass spectrometry or the use of protein arrays — to 
the study of neural development. An exciting area is in 
the detection and profiling of small metabolites, or
metabolomics, which will focus more attention on this very
important category of molecules in neural development
and function [35]. Finally, it is worth noting that these
approaches are not simply a logical step forward in scale
compared to previous tools in developmental biology, in
which the expression of small numbers of genes were 
studied by in situ hybridization or northern blotting.
Instead, they open up new ways of thinking about neural
development. Most notably, they can enable a shift away
from reductionism to a more systems-level approach, in
which complex gene and protein expression networks are 
delineated and studied directly.
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