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cancer1 that are controlled by many genes.
Compounding the complexity is the fact that
many of the so-called oncogenes or tumour-
suppressor genes are signalling molecules
themselves, each of which functions to control
the expression of a subset of downstream
genes2,3. So, the analysis of differential gene
expression  — known as expression genetics or
functional genomics — has become one of the
most widely used strategies for discovering and
understanding the molecular circuitry under-
lying cancer. Throughout this review, we pro-
vide examples of gene discovery in cancer
research made by studying differential gene
expression mainly at the mRNA level, with a
special emphasis on genes that are regulated by
the tumour suppressor p53.

Over the past two decades, several meth-
ods have been developed to allow comparative
studies of gene expression between normal
and cancer cells. Starting with simple
approaches that used gel electrophoresis to
compare protein expression, methods that
focus on mRNA analysis have evolved and
become increasingly sophisticated, as a result
of the inventions of recombinant DNA,
DNA sequencing and PCR technologies (see
TIMELINE)4. To better understand the princi-
ples behind some of the main methods, we
can group them into six categories.

Protein gel electrophoresis
Perhaps the earliest and arguably the most
successful example of studying differential
gene expression in cancer was the discov-
ery of the p53 tumour-suppressor protein
in the late 1970s. The protein was found to

be overexpressed on a one-dimensional pro-
tein gel when normal cells were compared
with those that were infected with simian
virus 40 (SV40) DNA tumour virus5. It
turned out that the increase in the expres-
sion of the p53 protein was caused by the
stabilization of the protein through its inter-
action with SV40 large T antigen.

The development, by Patrick O’Farrell, of
two-dimensional (2D) protein gel elec-
trophoresis, which separates proteins by both
size and charge, allowed a more complete
visualization of cellular protein expression6.
Later, Robert Croy and Arthur Pardee found
that a transformed cell differs from its normal
parental cell in expression of only a few of the
more than 1,000 proteins that are detected on
2D protein gels. One of these proteins, named
p68, was shown to be expressed at a much
higher level in carcinogen-transformed
murine fibroblasts7. This result reinforced the
notion that subtle changes in gene expression
might hold the key to the understanding of
cancer. However, frustration often followed
such studies, owing to the inability to recover
sufficient amounts of the differentially
expressed protein species for further molecu-
lar characterization. Also, it became clear that
this method was not sensitive enough, detect-
ing only about 2,000 of the estimated 10,000
or more different proteins that are expressed
in a cell. Newer techniques for the analysis of
protein expression — collectively known as
proteomics — have been developed in recent
years and are mainly powered by the use of
mass spectrometry to greatly improve sensi-
tivity and allow the characterization of small
quantities of protein.

Differential hybridization
With the advent of recombinant DNA tech-
nology in the late 1970s, studies of compara-
tive gene expression quickly shifted from
looking at proteins to the analysis of mRNA
expression using complementary DNA. The
earliest approach was differential hybridiza-
tion, in which the pair of mRNA samples to
be compared (for example, from normal

Analysis of messenger RNA and proteins is
widely used to compare patterns of gene
expression between cells or tissues of
different kinds and under different
conditions; for example, between normal
and cancer cells. The goal of the individuals
who are developing these methods has
been to enable faster, simpler, more
sensitive and systematic analyses, and over
the past few decades techniques have
become increasingly more sophisticated.
This timeline article reviews the evolution of
these technologies as well as strategies for
identifying differentially expressed genes in
normal and cancer cells. It also highlights
their use for the search for target genes of
the tumour suppressor p53.

In the past 50 years, we have made remark-
able progress in understanding genetics.
Although the central genetic dogma is
defined as the flow of genetic information
from DNA to messenger RNA and then to
protein, the complete sequencing of the 
3-billion base-pair human genome has shed
little light so far on precisely how such unidi-
rectional information flow from tens of
thousands of genes is programmed in a cell.
Decoding such information from the human
genome is likely to be even more challenging
and time-consuming than the sequencing of
the genome. Although classical genetics has
been a powerful tool for dissecting molecular
diseases that are affected by the gain or loss of
function of a protein encoded by a single
gene, such a strategy has proved to be less
fruitful for understanding diseases such as
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expressed genes (FIG. 2). The resulting cDNA
probes with reduced complexity were then
individually checked by northern blot for
confirmation. The discovery of T-cell
receptors in the mid 1980s by Mark Davis
and colleagues — when they compared the
differences in mRNA expression between 
T and B cells using such strategies — is one
of the best examples of gene discovery
through the analysis of differential gene
expression12. Dr. Davis recalled in his accep-
tance speech for his General Motor Cancer
Research Award that he would not have
achieved the feat had he relied on differen-
tial hybridization of dot blots with complex
cDNA probes13.

This exciting discovery fuelled a flood of
biomedical research using gene-expression
analysis as a basic strategy to understand a
wide variety of biological systems. The dis-
covery of the cyclin-dependent kinase
inhibitor WAF1 (also known as p21) as a tar-
get gene of p53 by Bert Vogelstein’s group
provided another great example of the power
of this conceptually simple and logical
method14. Since then, several PCR-based sub-
tractive-hybridization strategies have been
developed, including representational differ-
ence analysis (RDA) and suppression PCR,
which allow a smaller amount of mRNA
samples to be analysed.

Differential display
To speed up the identification of differen-
tially expressed genes, we developed differ-
ential display (DD) in the early 1990s, with
the aim of overcoming the limitations of
previous methods15. John Welsh and
Michael McClelland invented a related
method known as RNA arbitrarily primed
PCR (RAP-PCR) using only primers of
random sequence16. A sensitive method was
required so that it could be applied to 
systems for which scarce biological samples

versus cancer cells) were radioactively
labelled as cDNA probes with 32P by reverse
transcription with oligo-dT primers that
anneal to the polyadenylic chains (polyA
tails) present at the 3′ termini of all eukary-
otic mRNAs. The resulting two cDNA
probes were then differentially hybridized
to duplicate filters, which had on them tens
of thousands of plaques from a phage
cDNA library 8. Comparison of the
hybridization pattern to cDNA-containing
phage plaques between two mRNA probes
allowed the identification of genes that
were uniquely expressed in one but not the
other RNA sample (FIG. 1). Although this
strategy has implicated several differentially
expressed genes that are involved in the
hormone responsiveness of human breast
cancer cells9 and that are overexpressed
during infection by human T-cell
leukaemia/lymphoma virus10, it was soon
realized that such a ‘reverse northern’
approach of using complex cDNA probes
(BOX 1) would not be able to detect most
genes, which are expressed at a low level8. As
a result, differential screening quickly gave
way to hybridization methods that use
cDNA probes with reduced complexity after
a ‘subtraction’ process.

Subtractive hybridization
Realizing the problems with cDNA-probe
complexity for differential hybridization, in
the early 1980s C. Zimmermann and col-
leagues devised an ingenious approach
known as subtractive hybridization to
enrich for cDNA probes that represent
mRNAs that are uniquely expressed in one
cell but not the other11. This method
removed most of the cDNAs that repre-
sented the genes that are commonly
expressed in both cells being compared,
and left behind only single-stranded
cDNAs that represented a few differentially
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Figure 1 | Differential hybridization. 
All messenger RNAs that are expressed in the
cells being compared are first labelled either
radioactively or fluorescently by copying them
into single-stranded complementary DNAs 
(ss cDNAs) using reverse transcriptase. The
resulting complex cDNA probes (BOX 1) are then
used to hybridize to the cDNA phage plaques
that are lifted onto duplicate nylon membranes.
The key difference between differential screening
and microarrays (FIG. 4) is that phage cDNA
plaques contain some degree of redundancy in
sequences (for example, a highly expressed gene
might be represented by more than one plaque
on a filter), whereas microarrays usually strive to
minimize such redundancy.

Studies began with
differential hybridization
using recombinant
DNA technology.

Zimmermann and Timberlake
overcame some of the problems
with DNA-probe complexity with
their subtractive hybridization
technique.

2D protein gel electrophoresis
was developed by Patrick
O’Farrell6.

Expressed sequence tag (EST)
sequencing was developed by Craig
Venter 50. This technique has had a
significant role in gene discovery.

Peng Liang and Arthur Pardee
developed the differential display (DD)
technique15 — an ‘open system’ that
requires no previous knowledge of
messenger RNA or gene sequences.

The complementary DNA
microarray was pioneered
by Patrick Brown and
David Botstein27.

John Welsh and Michael
McClelland invented a method
that is related to DD called RNA
arbitrarily primed PCR16.

GeneChip oligo
microarrays were
developed by Affymetrix 28.

The beads-based EST sequencing
approach was developed by
Sydney Brenner 54.

Serial analysis of gene expression was
developed by Kenneth Kinzler and Bert
Volgstein’s group51.
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Timeline | Techniques that are used to study differential gene expression in cancer
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are available, and by which all mRNAs,
whether scarce or abundant, can be repre-
sented. Also, the method needed to be sys-
tematic, so that a complete search of all the
expressed genes in a cell was possible. Based
on these crucial criteria, differential display
was developed by integrating two of the
most simple, powerful and commonly used
molecular biological methods; namely, PCR
and DNA sequencing by gel electrophore-
sis15. In essence, DD works by systematically
amplifying the 3′ termini of eukaryotic
mRNA by reverse transcription-PCR using
one of the three anchored oligo-dT primers
(that is, the run of Ts ending with a C, G 
or A) in combination with a set of short
primers of arbitrary sequences (FIG. 3). Based
on the finding that each arbitrary primer
would recognize its corresponding mRNA
targets with a minimum of seven matching
bases, mathematical models have been pro-
posed to predict the relation between the
number of arbitrary primers and the cover-
age of expressed genes in any given eukary-
otic cell17. One of the main advantages of
DD is its technical simplicity and accessibil-
ity, which makes it and several related
methods the most widely used approaches
for studying differential gene expression18.
Unlike microarrays, DD does not require
any previous knowledge of mRNA or gene
sequences, making it an ‘open’ system that
is applicable to any eukaryotic organism.
Many oncogene targets have been identified
by DD, including genes that are regulated by
RAS19,20, v-REL21 and ERBB22. One of the RAS
target genes was shown to be a new cytokine,
now known as interleukin-24 (IL-24) (REF. 23).
Many important target genes of the p53
tumour suppressor have also been discov-
ered by DD, which will be discussed in
more detail below.

Initially, DD suffered from a high rate of
‘false positives’ (also known as ‘noise’ in ref-
erence to microarrays), but technical
improvements as well as care in experimen-
tal design24 have greatly reduced the 
number of false positives to allow truly dif-
ferentially expressed genes to be steadily
identified18. Despite the great impact of the
method on biomedical research, most work
involving DD has used limited PCR reac-
tions to take a ‘shot-gun’ approach that
identifies only a few genes at a time, giving
DD a low-tech, low-precision and low-
throughput image. It is only recently that
efforts have been made for the automation
of DD technology with fluorescent digital
data acquisition and analysis to increase its
throughput and accuracy for systematic
gene-expression analysis25,26.
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Box 1 | cDNA probe complexity

This term is used to specify the number of complementary DNA species (or messenger RNA
species) and their relative concentrations within a cDNA probe. For differential screening and
micoarrays, a cDNA probe is made by reverse transcription of all the mRNAs that are expressed
in a cell or within a tissue specimen using an oligo-dT primer, which targets the polyA tails that
are present in most eukaryotic mRNAs. In fact, such a cDNA probe is so complex that it consists
of as many as 10,000 different species, each ranging from a few to thousands of copies per cell —
this approach is used in both differential hybridization (FIG. 1) and microarrays (FIG. 4). For
subtractive hybridization, the complexity of a subtracted cDNA probe is greatly reduced by
removing most of the commonly expressed mRNAs for a pair of RNA samples being compared
(FIG. 2), whereas differential display displays 50–100 mRNAs at a time using different primer
pairs (FIG. 3) and serial analysis of gene expression (SAGE) counts 25–75 mRNAs during each
sequencing run of SAGE tags (FIG. 5).

Clearly, when so complex a cDNA probe is used, one of the main challenges during microarray
analysis is to be certain that a hybridization signal is specific and quantitative to a known gene
sequence that is laid on a ‘chip’. One simple control experiment could clearly illustrate the potential
problems in hybridization with a complex cDNA probe; instead of labelling all the mRNAs by
reverse transcription with oligo-dT primers, only one mRNA at a time could be labelled for several
genes that are highly or rarely expressed that are represented on an array with a corresponding
gene-specific primer (for example, a primer that anneals just upstream of the polyA of a gene of
interest). These single gene-specific probes, when hybridized to the microarrays individually, will
provide an accurate glimpse of the actual sensitivity and specificity of microarrays, in comparison
with complex cDNA probes labelled with an oligo-dT primer. If an experiment fails to detect only
one gene specifically at a time on an array that contains tens of thousands of other genes when a
gene-specific cDNA probe is used, how can we be certain that all the ‘colourful’ signals seen on an
array or ‘chip’ truly reflect an accurate and sensitive snapshot of global gene expression within a cell?

Normal cells Tumour cells

Reverse transcription and labelling with
fluorescent dyes or radioactivity 

Matching mRNA and cDNA 
molecules are allowed to hybridize

Double-stranded cDNA/RNA 
hybrids are isolated and 
discarded

Subtracted cDNAs are used as probes
to isolate tumour-associated gene(s)

mRNA

cRNAmRNA
Fluorescent dye

Figure 2 | Subtractive hybridization. All messenger RNAs that are expressed in a cell are first converted
to single-stranded complementary DNAs (ss cDNAs), which are then hybridized to an excess of all the
mRNAs that are expressed in the other cell type being compared. Genes that are commonly expressed 
in both cells will form cDNA/mRNA double-stranded duplexes, whereas cDNA that is uniquely expressed
in the first cell will be in single-stranded form, which can be separated from most double-stranded
cDNA/mRNA species. The resulting ‘subtracted cDNAs’ are then further characterized to determine if
they indeed represent genes that are uniquely expressed in the first cell.
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into more easily interpretable biological path-
ways for the understanding and classification
of cancer. Indeed, DNA microarrays have
been used to profile gene-expression patterns
of almost all of the main cancers — including
leukaemia31,32, lymphoma33, adenocarcinoma
of the lung34,35, breast36 and prostate37 — and
promise to change the way cancer is diagnosed,
classified and treated in the clinic. However, the
realization of these potentials will be a consid-
erable challenge, as the differences between
studies of the same tumour types can often be
more striking than their similarities38–41. The
best such examples are two large microarray
studies on lung cancer34,35.

One of the greatest advantages of
microarrays over other methods, including
DD, is that each spot on a microarray con-
tains a known sequence. So, once a signal is
detected, the nature of the gene is known.
However, the hidden catch of such a benefit
is that it also makes array-based methods
‘closed’ systems that are only able to cover
known gene sequences. This might be best
exemplified by the fact that more than 80%
of the more well-documented p53 tumour-
suppressor gene targets were identified by
other, open-system-based methods such as
DD and serial analysis of gene expresion
(SAGE), which can identify both known and
novel genes (TABLE 1).

The inherent complexity of the cDNA
probes that are used in differential-
hybridization strategies remains the root
cause of the lack of signal sensitivity and
specificity for most low-abundance
mRNAs8,42,43. Without a doubt, all human
genes can eventually be condensed on a
single array or ‘chip’, but uncertainty
remains as to whether each of these tens of
thousands of cDNA probes will hybridize
to only their corresponding target template
and to nothing else on the chip. Not sur-
prisingly, more and more researchers are
cautious about the accuracy of microarray
data, but most studies place the blame only
on inadequate bioinformatical and statisti-
cal tools for ‘data mining’ (the analysis of
noisy data)42–49, rather than on the funda-
mental problem of the complexity of
cDNA probes (BOX 1). Therefore, as with
any other method for the analysis of differ-
ential gene expression, data from micro-
array experiments should be considered
with caution, unless each data point can be
verified by an independent method such as
northern-blot analysis.

Expressed sequence tags and SAGE. In the
early 1990s, when the human genome project
was taking shape, Craig Venter realized that

cDNA plaques are replaced with spotted
cDNAs or oligos, and radioactive labels are
replaced with fluorescent ones. The promises
of these methods29,30 are based on their poten-
tial in being able to simultaneously analyse
the expression of mRNAs from tens of thou-
sands of genes, which can then be further
analysed using computers, in the hope that
gene-expression patterns can be transformed

Microarrays
More than a decade after differential
hybridization was introduced came two 
‘hot’ technologies — cDNA microarrays,
pioneered by Patrick Brown and David
Botstein27, and GeneChip arrays (oligo
arrays), developed at Affymetrix28 (FIG. 4).

These techniques are, in essence, based on the
differential-hybridization strategy, in which
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Figure 3 | Differential display. In this approach the 3′ termini of eukaryotic messenger RNA are
systematically amplified by reverse transcription-PCR using one of the three anchored oligo-dT primers 
(in this example, 5′-AAGCTTTTTTTTTTTG -3′) in combination with a set of short primers of arbitrary
sequences (in this example, 5′-AAGCTTGATTGCC-3′). The length of the arbitrary primers is designed
such that each will recognize about 50–100 mRNAs under a given PCR condition. As a result, mRNA 
3′ tails, defined by any given pair of anchored primer and arbitrary primer, are amplified. By changing
primer sequences, different subsets of mRNA can be analysed and displayed by denaturing
polyacrylamide gel electrophoresis. Side-by-side comparisons of such complementary DNA patterns
between or among relevant RNA samples indicate differences in gene expression. Differentially expressed
cDNA bands can be retrieved and sequenced for further molecular characterization.
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A p53 profile
Cancer research has taken a great leap for-
ward in terms of the number of cancer-
related genes that have been identified by the
different methods for analysing differential
gene expression. To provide a glimpse of the
progress that has been made over the past
decade in the understanding of cancer
through the study of differential gene
expression, we summarize the identification
of key p53 target genes that have been func-
tionally characterized, as well as the methods
that were used for their identification.

As mentioned earlier, p53 was discovered
more than 20 years ago using one-dimen-
sional protein gel electrophoresis. However,
it was not until a decade later that Bert
Vogestein’s group showed that p53 is a
nuclear-DNA-binding protein and that it
functions as a transcription factor55. Since
then, the search for p53 target genes has
intensified. The p21 cyclin-dependent kinase
2 inhibitor was the first prototype p53 target
to be identified using the subtractive-
hybridization technique14. Proof that p21
alone was not sufficient to mediate the
tumour-suppressor function of p53 came
when mice with a p21 knockout failed to
show a tumour-prone phenotype56. This rev-
elation fuelled the search for additional p53
target genes, especially those that might
mediate the apoptotic function of p53.
Increasing numbers of such candidate p53
target genes are being identified57 (TABLE 1),
but, so far, no single gene has been shown to
be the bona fide p53 target based on either
human or mouse genetic evidence 3. An
emerging thought has been that p53 might
control a network of tissue-specific genes,
rather than a single target, which, together,
carry out the full p53 tumour-suppressor
functions3. Most of the newer potential p53
target genes listed in TABLE 1 have been 
partially characterized and their expression
confirmed, at least, by the ‘gold’ standard —
northern-blot analysis. Functionally, these
p53 target genes fall mainly into four cate-
gories: cell-cycle or growth regulators (such
as p21); proapoptotic factors (such as BAX);
DNA-damage repair proteins (such as
GADD45 and TP53TG1); and negative regu-
lators of p53 (such as MDM2 and PIRH2).
About half of these better understood p53
target genes were identified by DD, and the
other half by SAGE and subtractive
hybridization (TABLE 1). Using a human gene
chip from Affymetrix that contained 6,000
genes, Arnold Levine’s group identified 107
upregulated and 54 downregulated p53 tar-
get genes58. This result extrapolates to at least
500 upregulated and 260 downregulated p53

sequencing expressed genes (cDNA),
instead of the whole genome (in which up
to 98% of DNA sequences are non-coding
‘junk’ sequences), would be a more sensible
approach. His strategy, by a single run of
sequencing of the 3′ ends of randomly
picked cDNA clones from a cDNA library,
generated a comprehensive collection of
such expressed sequence tags (ESTs)50. The
EST sequencing not only resulted in the
discovery of many novel genes but also pro-
vided information on the relative abun-
dance in expression of each gene based on
the number of times a corresponding
cDNA sequence was represented in a cDNA
library from either normal or tumour cells.
The EST sequencing strategy has had a key
role in gene discovery and cataloging for

the National Institutes of Health (NIH)
Cancer Genome Anatomy Program, which
provides a convenient source of cDNA
clones for functional studies of genes that
have been identified by methods for com-
parative analysis of gene expression. Because
of the high cost and labour-intensive nature
of comprehensive EST sequencing, the
method itself is rarely used directly to 
identify differentially expressed genes.

In the mid 1990s, SAGE was developed
by Kenneth Kinzler and Bert Vogelstein’s
group51. Unlike the original EST sequencing
strategy, in which cDNA clones were ran-
domly picked from cDNA libraries, SAGE
technology measures the level of gene
expression based on the frequency of
occurrence of the 3′ signature SAGE tags of
10–14 bases in length that might be unique
to each transcript (FIG. 5). Because of the
minimal sequence information that is nec-
essary to define an expressed gene or
mRNA, a dozen or more SAGE tags from
different genes can be obtained and
sequenced at a time, which greatly speeds
up the EST counting process. Like DD,
SAGE is an open-system-based gene-
discovery tool. However, because of the
limited sequence information that is con-
tained in 10–14-base SAGE tags, adequate
gene assignment using SAGE methods still
requires an extensive bioinformatic sup-
port, such as an extensive collection of
cDNA sequences for the biological system
under investigation. The NIH Cancer
Genome Project (CGAP) now maintains a
comprehensive SAGE database for various
normal and cancer cell lines and tissues,
with a web interface known as SAGE
Genie52,53, which allows a quick glimpse of
the expression pattern for a gene of interest.

Beads-based EST sequencing is a recent
method that was developed by Sydney
Brenner and marketed by Lynx Therapeutics.
The method, also known as massively 
parallel signature sequencing (MPSS) com-
bines non-gel-based signature sequencing
with in vitro cloning of millions of templates
on separate 5-micron-diameter microbeads54.
MPSS captures and identifies transcript
sequences and analyses the level of expression
of expressed genes in a sample by counting
the number of individual mRNA molecules
that represent each gene. Individual mRNAs
are identified through the generation of a
17–20-base signature sequence, immediately
adjacent to the 3′ end of the 3′-most Sau3A
restriction site in cDNA sequences. (For a
more detailed description of this methodol-
ogy, see Beads-based EST sequencing in
online links box) 
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Figure 4 | DNA micrarrays. All messenger
RNAs that are expressed in the cells being
compared are first labelled fluorescently by
copying them into complementary DNAs using a
reverse transcriptase. The resulting complex
cDNA probes (BOX 1) are then used to hybridize
to the cDNA templates or gene-specific oligos
either directly synthesized or spotted on a glass
surface to determine the expression of
thousands of genes simultaneously. Red and
green spots represent cDNAs that are only
expressed in normal or tumours cells,
respectively. Yellow fluorescence indicates
cDNAs that are expressed in both samples. 
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No matter which gene-discovery meth-
ods  are used for hunting down the mecha-
nisms of cancer, ultimately it will be the
functional characterization of each gene —
identified by genetic, cell-biological and
biochemical methods — that will shed light
on the its true relevance. However, these
processes can be painstakingly long and
hard. Remember that the p53 tumour-
suppressor gene was discovered more than
two decades ago and has been worked on
since by tens of thousands of laboratories
throughout the world. For nearly 10 years
after its discovery, p53 was believed to be a
culprit oncogene. Only later was it vindi-
cated as a tumour-suppressor gene and the
‘guardian of the genome’. Although much
progress has been made in understanding
the function of p53 as a transcription factor
that controls the cell-cycle progression and

Future directions
We now have an arsenal of gene-expression
analysis technologies at our disposal to study
differential gene expression. New methods,
such as beads-based EST sequencing, are con-
tinually being invented and tested4. Among
these, however, two fundamentally different
approaches and schools of thought are diverg-
ing. The traditional reductionist approach
with hypothesis-driven research that focuses
on one gene at a time is now being challenged
by high-technology, hypothesis-generating
genomic approaches. Two Nobel laureates
have been so concerned about this genomic
approach — which requires huge resources
and generates enormous amounts of data that
are hard to analyse60 — that one, Sydney
Brenner, dubbed it ‘Sillycon valley fever’61, and
the other, Walter Gilbert, called the ‘omics’ era
the death of molecular biology62.

target genes, given a minimum estimate of
30,000 genes in the human genome.
Another recent cDNA microarray screening
for p53 target genes that used more than
33,000 unique human cDNAs or ESTs
implicated more than 1,500 potential p53
targets59. It is interesting to note that
although many candidate p53 target genes
have been isolated by microarrays, few of
these genes have been confirmed by north-
ern-blot analysis or further characterized
functionally, which could take some time to
sort out. Without further confirmation and
functional characterization of these genes,
it is not yet clear whether the large number
of p53 target genes that have been identi-
fied by arrays are in fact ‘noise’ (false 
positives) of the method, or whether the
screenings by other methods were not 
comprehensive enough.

Table 1 | Key potential p53 target genes identified by different technologies and further characterized 

Gene Definition/function Method* References

MDM2 p53 negative regulator Candidate 64

WAF1 CDK2 inhibitor SH, SAGE 14

14-3-3 σ Growth inhibition SAGE 57

GADD45 DNA repair SH 57

BAX Apoptosis Candidate 65

Cyclin G Cell-cycle regulator DD 66

IGFBP3 IGF binding protein, growth inhibition SH 67

PIG3 NADPH-quinone oxidoreductase SAGE 68 

KILLER/DR5 Apoptosis SH, SAGE 69

EI24/PIG8 Novel gene, apoptosis DD, SAGE 68,70

PAG608 Novel zinc-finger protein, apoptosis DD 71

DDA3 Novel gene, growth inhibition DD 72

TP53TG1 Novel gene, DNA damage DD 73

TP53TG3 Novel gene, cell-cycle checkpoint DD 74

p53R2 Ribonucleotide reductase DD 75

PERP Novel gene, pro-apoptotic SH 76

PIR121 Novel gene, RNA binding Array 77

NOXA Novel gene, pro-apoptotic BH3 protein DD 78

PIDD Novel gene, death-domain protein DD 79

p53AIP1 Novel gene, apoptosis, p53 phosphorylation DD 80

p53DINP1 Novel gene, apoptosis, p53 phosphorylation DD 81

PUMA Novel gene, pro-apoptotic BH3-protein SAGE, Array 82,83

PIRH2 Ubiquitin ligase, p53 negative regulator DD 84

PAC1 Protein phosphatase, pro-apoptotic Array 85

FAS/APO1 Cell-death receptor Candidate 86

APAF1 Apoptosis Array 87

PTEN Tumour suppressor Candidate 88

BID Apoptosis Array 89

*Differential display (DD), DNA-microarray (Array), serial analysis of gene expression (SAGE), subtractive hybridization (SH) and candidate gene approach
(Candidate), which evaluates an individual gene of an investigator’s choosing. APAF1, apoptotic protease activating factor; BAX, BCL2-associated X protein; BID,
BH3 interacting domain death agonist; CDK2, cyclin-dependent kinase 2; DDA3, differential display and activated by p53; GADD45, growth arrest and DNA-
damage-inducible; IGF, insulin-like growth factor; IGFBP3, insulin-like growth factor binding protein 3; PAG608, p53-activated gene 608; PTEN, phosphatase and
tensin homologue.
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apoptosis in response to DNA damage, the
exact molecular nature of how p53 acts as
this crucial tumour suppressor still remains
elusive. The recently developed RNA inter-
ference techniques should help to speed up
gene characterizations.

Any gene-expression profiling studies,
whether they are carried out by DD, SAGE,
DNA microarrays or proteomics, should be
considered prone to error without further
confirmation of the expression of each gene
by methods that are independent of the
original study — in other words, guilt
should not be assumed without a true asso-
ciation being corroborated. As a judiciary
analogy, guilt by association, racial profiling
and the assumption of guilt until innocence
is proven are all flawed legal practices.
Similarly, we believe that identifying the cul-
prit genes for cancer through the analysis of
differential gene expression should be held
to the same standard. Like a crime suspect,
each gene should be treated as innocent
until proven guilty by further biological and
functional studies. The profiling of only
candidate gene sequences followed by ‘clus-
ter analysis’, without any subsequent confir-
mation, should be considered to be as prone
to error as racial profiling.

In the preface to a method book on pro-
tein purification, Nobel Laureate Arthur
Kornberg quoted an admonition of Efraim
Racker — “Don’t waste clean thinking on
dirty enzymes” — to illustrate the impor-
tance of good biochemical practice in enzy-
mology 63. A similar doctrine — “Don’t
waste clear thinking on dirty data” — will
certainly continue to help produce a better
quality of science and contribute to steady
progress in the field of gene-expression
analysis of cancer. Let’s move beyond gene
listing and get down to the biology.
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