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Ki67-labelling index
Immunohistochemisty is 
performed on paraffin-
embedded tumour samples for 
the nuclear antigen Ki67. The 
percentage of tumour cells that 
are positive for nuclear Ki67 
labelling is determined, and 
this percent-positive frequency 
is typically predictive of patient 
outcomes. In general, Ki67-
high patients show poor 
outcomes and Ki67-low 
patients show better 
outcomes. 

Common markers of proliferation
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Abstract | When normal tissue and tumour samples are compared by microarray analysis, the 
biggest differences most often occur in the expression levels of genes that control cell 
proliferation. However, this difference is detected whenever mRNA samples that are taken 
from two cell populations with different proliferation rates are compared. Although the exact 
genes that comprise this ‘proliferation signature’ often differ, they are almost always genes 
that are involved in the fundamental process of cell proliferation. Can the proliferation 
signature be used to improve our understanding of the cell cycle and cancer pathogenesis, as 
well as being used as a biomarker for cancer diagnosis and prognosis?

DNA microarrays are used to measure the transcript 
abundance, or levels of ‘gene expression’, of mRNA tran-
scribed from each gene in the genome. This technology 
has provided a window into the genome-wide expres-
sion patterns of different cancers. Because defects in 
cell-cycle regulation are a fundamental feature of cancer 
pathogenesis, it is not surprising that genes involved in 
cell growth and proliferation have been observed to be 
expressed at high levels in almost all tumour microar-
ray datasets. In most cases, increased expression of these 
genes is associated with poor outcomes in patients1–4. 
One study showed a correlation between this gene set 
and the proliferation rate of cells in culture5, whereas 
a second study reported an association with tumour 
mitotic grade and proliferation-associated genes6. The 
large number of published results from tumour-profil-
ing studies has allowed the comprehensive comparison 
of the expression patterns of these cell-cycle-associated 
genes across different tumour types, and has shown that 
the ‘proliferation signature’ — genes whose expression 
correlates with tumour mitotic grade, cell-cycle status, or 
doubling times — is a common and conserved pattern of 
expression in cancer cells7. In fact, this signature is one 
of the most prominent gene-expression patterns 
observed in tumour datasets, regardless of the tissue 
from which the tumour was derived. It is our hope and 
expectation that we can we use this signature as a defined 
marker of cell proliferation to better understand cancer 
pathogenesis and ultimately to improve therapeutics.

Proliferation-associated genes
The proliferation signature was first identified through 
both the gene expression profiling of human tumour 
samples and through a comparison of normal cell lines 
that had undergone cell-cycle arrest with those that were 
proliferating. This signature was found to be characterized 

by genes whose increased expression was correlated with 
increased proliferation rates in the cells under analysis. 
In 1999, the high level of expression of a specific group of 
genes was identified in highly proliferative breast tumour 
cells that were compared with samples of normal breast 
tissue. This analysis revealed a set of genes (which included 
the cell cycle transcriptional regulator E2F1 as well as the 
replication-initiation complex proteins minichromosome 
maintenance 2–6 (MCM2–MCM6)), whose increased 
expression patterns were correlated with tumour cell 
proliferation rates, as assessed by the Ki67-labelling index6. 
Soon after, a study that analysed the gene expression pro-
files of diffuse large B-cell lymphomas identified a large 
set of genes that also included many cell-cycle-regulated 
genes8; later, it was shown that this gene set could be used 
to predict outcomes in patients with diffuse large B-cell 
lymphoma and mantle-cell lymphoma3,9. At the same 
time, microarray analysis showed that a similar group of 
genes was correlated with the doubling times of the 60 
distinct cell lines used by the National Cancer Institute 
(NCI) (the NCI60 panel of cell lines) to screen for anti-
cancer drugs5. Also, the simultaneous analysis of primary 
breast tumours and cell-line samples showed that the 
proliferation gene set was shared across tumours and cell 
lines, demonstrating its conserved nature (Supplementary 
information S1 (figure))5,10.

Since these initial publications, examples of the 
proliferation signature have been identified in many 
different tumour datasets derived from distinct cell 
types. The proliferation signature is now commonly 
associated with the expression of a core set of genes 
(MYBL2, BUB1 and polo-like kinase 1 (PLK1)), 
along with other cell-cycle-regulated genes such as 
CCNE1, CCND1 and CCNB1(the genes that encode 
cyclin E1, cyclin D1 and cyclin B1, respectively). 
There will probably be differences in the exact genes 
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Fourier analysis
A mathematical analysis of 
waves, discovered by the 
French mathematician and 
physicist Joseph Fourier 
(1768–1830). The 
mathematical technique can 
represent the data from a time 
series as a set of mathematical 
coefficients that are the 
amplitudes of a set of sine 
waves of different frequencies. 
Using such computational 
methods, one can select genes 
that show sinusoidal patterns 
as cells traverse multiple cell 
cycles.

that are included in the proliferation signatures found 
in different tumours. These differences might be 
a function of the cell or tissue type analysed or the 
microarray platform used, but in all cases there is a 
core set of genes whose highest levels of expression 
always correlate with rapid cell proliferation. Using 
these criteria and a scan of the literature, we found 
that the proliferation signature was present in tumours 
of the breast6,10,11, lung12,13, ovary14, prostate15,16, liver17 
and stomach18, as well as gliomas19, lymphomas3,8, and 
head and neck squamous cell carcinomas20.

Further evidence for the universal nature of this 
pattern comes from the simultaneous analysis of mul-
tiple tumour data sets. In a simple comparison of the 
gene expression patterns of breast and lung carcinoma 
samples that were profiled using the same platform, 
Chung et al. showed that the proliferation signature 
— as defined by the cluster of genes that contained 
forkhead box M1 (FOXM1), BUB1, topoisomerase IIα 
(TOP2A) and PLK1 — was present in both of these dis-
tinct tumour types. The signature was most commonly 
found in lung squamous cell carcinomas and basal-like 
tumours of the breast, which have many phenotypic 
similarities21.

The most convincing demonstration, so far, of the 
universal nature of the proliferation signature comes 
from a meta-analysis of 40 published cancer microarray 
data sets that represents approximately 3,700 cancer sam-
ples7 (see the Oncomine web site). These authors showed 
that the proliferation signature was present in tumour 
cell samples when compared with normal cell samples, 
and in high-grade tumour samples when compared with 
low-grade tumour samples. In addition, these authors 
extended the analysis to include a computational analy-
sis of the promoter regions of the proliferation-associ-
ated genes. As expected, many of these genes contained 
binding sites for the transcription factor E2F1 (REF. 7), 
which (in part) controls the start of the cell-cycle pro-
gramme. E2F1 itself is also a member of the proliferation-
associated gene-expression pattern, which indicates that 
transcription factors and their transcriptional targets 
are often co-regulated and therefore group together in a 
hierarchical clustering analysis22,23.

Cell-cycle-regulated genes
The systematic characterization of the cell cycle on a 
genome-wide scale by microarray analysis has identified 
genes that are regulated during cell division in organisms 
that range from bacteria to humans22–29, and many of 
these genes are also found in the proliferation signature. 
Therefore, an important question to be addressed is 
what types of genes comprise a proliferation signature 
and what is their relationship to the cell-cycle genes? 
To answer this question, the genes that are regulated 
during the cell division cycle in vitro were systemati-
cally characterized, directly comparing their expression 
levels to those of genes that are expressed in tumour and 
normal samples22. We will refer to these as ‘cell-cycle-
regulated’ genes. Microarray-based screens to identify 
cell-cycle-regulated genes have taken several differ-
ent forms, although a single type of experimental 
design now seems to predominate. The most common 
design makes use of the observation that a cell-cycle-
regulated gene’s expression levels should peak only 
once each cell division cycle. So, when mRNA expres-
sion levels or protein concentrations are measured 
across multiple cell cycles (FIG. 1), the expression of a 
cell-cycle-regulated gene would oscillate with a period 
that corresponds to the length of the cell cycle.

In preparing mRNA samples for analysis of cell-
cycle-regulated genes, cells are typically collected at 
time intervals as cells traverse multiple, synchronous cell 
cycles, and RNA is then isolated and hybridized to DNA 
microarrays or analysed using traditional methods that 
measure the expression level of individual genes. This 
produces gene expression patterns that oscillate (FIG. 1). 
This property of the genes can be exploited to select 
genes mathematically by using Fourier analysis, which 
can be used to identify genes that show periodicity in 
expression. Using this approach, genes can be sorted 
based on the point in the cell cycle in which they show 
peak levels of gene expression (for example, the temporal 
order in which they are expressed across the cell cycle), 
and we are presented with a ‘rolling wave’ of gene expres-
sion. Genes that are found to be periodically expressed 
are considered to be cell-cycle-regulated by virtue of 
their expression levels peaking at the same point during 
multiple, repeated cell cycles.

Microarray analysis experiments pioneered in the 
budding yeast, Saccharomyces cerevisiae, provided 
the first look into the genes that are expressed dur-
ing each cell division cycle in a eukaryotic organ-
ism25,27. These studies identified approximately 800 
genes (out of 6,000) that were periodically expressed 
during the cell cycle, and showed that they were 
involved in essential, basic cell-cycle processes such 
as DNA replication, chromosome segregation, spindle 
assembly and bud formation25,27. Recently, several 
studies identified cell–cycle-regulated genes in the 
fission yeast, Schizosaccharomyces pombe, by DNA 
microarray analysis28,30,31. The study by Rustici et al. 
identified 407 periodically expressed genes28, Peng 
et al. identified 747 cell-cycle-regulated genes31 and 
Oliva et al. found 750 periodically expressed genes30. 
A comparison of the genes that were regulated in all 

At a glance

• The genes that are most often found when tumour and normal tissues are compared 
by gene expression are those involved in proliferation.

• Increased expression of the proliferation genes in tumours is often associated with 
poor prognoses in cancer patients.

• Cell-cycle-regulated genes have been identified by microarray analysis of cells in 
culture. Contained in this list are genes that are expressed in each cell cycle phase: 
G1/S, S, G2 and M phases.

• Comparing the proliferation genes found in tumours and cell-cycle-regulated genes 
found in cultured cells in vitro shows that there is a significant overlap between these 
two signatures.

• The cell-cycle-regulated genes identified by microarray analysis provide biomarkers 
of proliferation in both normal cells and tumours. The observation that the 
proliferation signature is so clearly identifiable indicates that it could be a component 
of genomic-based clinical diagnostics for cancer patients. 
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G2 DNA damage 
checkpoint
DNA damage checkpoints exist 
to monitor the accuracy of 
replication fidelity and genome 
instability that might be caused 
by errors in replication, 
metabolic by-products, 
exogenous agents or extrinsic 
sources such as ultraviolet light 
or ionizing radiation. The 
checkpoint delays cell-cycle 
progression to allow the cell 
time for repair of the damaged 
DNA. The G2 DNA damage 
checkpoint arrests cells in G2 
phase, stopping the cells from 
entering mitosis. 

of the three S. pombe datasets found 170 genes that 
were cell-cycle-regulated30. Based on a comparison of 
genes that were found to be cell-cycle-regulated in both 
S. pombe and S. cerevisiae31, the number of genes that 
regulate ‘core’ cell-cycle machinery in yeast might 
include 140–170 genes.

The identification of cell-cycle-regulated genes in 
mammalian cells has proven more difficult than in yeast. 
In yeast, convenient, temperature-sensitive mutants, as 
well as drugs and physical methods, can be used to study 
cell-cycle genes. In mammalian cells, less physiologi-
cally relevant methods are used to study cell-cycle-gene 
regulation. The first glimpse into the gene expression 
patterns associated with cell division in human cells 
came from serum stimulation experiments using fibro-
blasts29. These cells were first induced to enter a resting 
state, termed G0, through culture in low growth-factor 
conditions, and were then stimulated to re-enter the cell 
cycle by the addition of growth factors or serum. mRNA 
was then collected at different time points and expres-
sion levels were analysed by microarray hybridization. 

Although this method did synchronize cells, serum 
stimulation induces additional biological processes, 
such as a prominent wound-healing response. This 
makes it difficult to differentiate genes that are regulated 
by the cell cycle from those that are involved in other 
cell functions29,32. However, recent studies have shown 
that the expression of serum-induced genes that are not 
cell-cycle-regulated can also be associated with tumour 
progression, so various markers that have been identi-
fied through this method of cell synchronization have 
been useful predictors of cancer prognosis32,33.

Several groups have performed studies of cell-cycle-
regulated gene expression using serum-independent 
methods. Cells can be synchronized using drugs that 
induce arrest at specific points in the cell cycle, followed 
by release of the cells back into the cell cycle and the 
collection of samples as they progress through multi-
ple, synchronous cell cycles (FIG. 1; BOX 1). These drugs 
include metabolic inhibitors that arrest cells in S phase, 
such as thymidine34, hydroxyurea35 or aphidicolin36; 
drugs that arrest cells in mitosis, such as nocodazole37; 
and physical methods that are used to select cells at 
specific points in the cell cycle, such as mitotic selec-
tion38,39 or centrifugal elutriation40 (BOX 1). These meth-
ods of synchronization avoid the confounding responses 
generated by serum stimulation. It has been suggested, 
however, that these methods do not actually synchronize 
cells, and the oscillatory gene-expression patterns that 
result are artificial and are not physiologically relevant 
— this topic has been extensively debated in the litera-
ture41–45. Nevertheless, the correlation between the genes 
that were identified as cell-cycle-regulated and those that 
were found to be highly expressed in rapidly growing 
tumours is remarkable and will probably be explained 
by a common and important biology22.

How many and which genes are cell-cycle-regulated 
in mammalian cells? A study of gene expression patterns 
that oscillate during the cell division cycle in the cervical 
carcinoma cell line HeLa identified more than 850 genes 
that show periodic expression across multiple, synchro-
nous cell cycles22 (FIG. 1). Additionally, approximately 700 
cell-cycle-regulated genes were identified in human fore-
skin fibroblasts26, and 578 cell-cycle-regulated genes were 
identified in mouse embryonic fibroblasts23. Surprisingly, 
there is little overlap between the genes identified in the 
HeLa epithelial cancer cell line22 and those identified 
in normal human fibroblasts26; this could result from 
differences in cell-type-specific cell-cycle-regulated 
gene expression, differences in the analysis methods, 
or differences in the microarray platform used. A study 
of the G2 DNA damage checkpoint in HeLa cells found 
a delay in the expression of G2-phase genes, probably 
resulting from a delay of entry into mitosis by the cells 
under study46. Many of the genes affected by the ionizing 
radiation treatment were expressed at G2/M phase in 
the study of HeLa cells22. A comprehensive re-analysis 
of all of these gene expression datasets using the same 
computational algorithm is needed.

Each of the cell-cycle-regulated genes identified in 
the above studies show peak expression during a spe-
cific phase of the cell cycle, such as during G1/S phase, 

Figure 1 | The identification of cell-cycle-regulated genes. This diagram outlines 
the experimental design scheme used for the identification of cell-cycle-regulated 
genes. Cells in culture are synchronized using a cell-cycle-arrest agent (BOX 1), 
released from the synchronizing arrest, and collected at intervals. RNA is prepared 
and hybridized to DNA microarrays. Genes that are cell-cycle-regulated (sinusoidal 
patterns of expression levels over time), such as those that are upregulated during 
G2/M phase (red) or S phase (blue), are selected mathematically using Fourier analysis 
and autocorrelations. To estimate a false-positive rate, the data is randomized and the 
entire analysis repeated to establish the number of genes that would receive similar 
scores by chance, and a cutoff is established that gives a 1–5% false-positive rate. The 
genes are then sorted in a table and organized by which phase of the cell cycle their 
expression is at its highest level. Because it is difficult for the human eye to spot 
trends in this table, each gene expression value is converted to a coloured intensity 
value (highest expression levels in red, lowest expression levels in green). Using this 
format, expression of a gene that is cell-cycle-regulated can be easily observed to 
‘oscillate’, peaking once each cell division cycle. When the data are displayed in the 
pseudo-colour format, we observe a banding pattern that is indicative of cell-cycle-
regulated genes The 1,134 cell cycle-regulated genes that were identified by 
Whitfield et al.22 are shown. The exact position of each gene can be found in the 
supplemental material of REF. 22 (the Human HeLa Cell-Cycle Study)
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S phase, G2 phase or G2/M phase. A novel group of genes 
showed peak expression during M/G1 phase22,25 (FIG. 1). 
In each phase, genes are expressed that are involved in 
the essential and basic processes necessary to duplicate 
a cell, such as cell-cycle control, DNA replication, DNA 
repair, spindle assembly and chromosome segregation. 
There are also genes that are periodically expressed but 
are not involved in these basic cell-cycle processes. In 
human epithelial cells, these genes are involved in other 
aspects of cell division such as cell adhesion, cell motility 
and vesicle transport. For example, adherent epithelial 
cells lose contact with their substrate or with other cells 
during M phase; this trait is exploited in mitotic shake-
off synchronization experiments (BOX 1). Genes that 
regulate cell adhesion therefore show peak expression 
during M phase47,48. This observation indicates that such 
cell-type-specific cell-cycle regulation might be more 
significant than previously realized.

Comparing cell-cycle and proliferation genes
With a list of cell-cycle-regulated genes, it is possible to 
directly test the hypothesis that tumour-proliferation-
associated genes are cell-cycle-regulated. A comparison 
of cell-cycle-regulated genes, identified by microarray 
analysis of cells grown in culture, versus the proliferation 
signature found in tumours (Supplementary information 
S1 (figure)) showed a significant overlap between the two 
groups of genes22 (FIG. 2). The overlap between these gene 
sets clearly shows that proliferation-associated genes 
expressed by tumours are mainly cell-cycle-regulated, 
and therefore, the cell-cycle-regulated gene set is not 
only valuable for in vitro analysis of proliferation, but is 
also a marker of the proliferation of tumour cells in vivo. 
The number of genes in this list is large and cannot be 
easily conveyed in the space constraints of this review. 
Nevertheless, important genes that have been included in 
both lists include Ser/Thr kinase 6 (STK6), PLK1, E2F1, 

FOXM1, MKI67 and the MCM genes. Supplementary 
information S1 (figure) shows the expression patterns 
associated with these genes in breast tumours10.

Although the comparison of HeLa cell-cycle-regulated 
genes with the breast tumour profiles was based on a hier-
archical clustering analysis, other statistical methods can 
be used to examine relationships between gene sets. For 
example, it is possible to determine whether specific gene 
ontology (GO) terms are statistically over-represented 
using software such as GO::TermFinder (REF. 49). As 
shown in FIG. 2, we used this tool to calculate the biological 
processes most commonly associated with the products of 
the genes included in the proliferation signature of breast 
tumour samples10 (FIG. 2, Supplementary information S2 
(table)). It is also possible to compare a list of genes to pro-
liferation signatures identified in breast tumours6,10 or lung 
tumours13, or to the cell-cycle-regulated-gene signature22,26 
set using analytical tools such as Gene Set Enrichment 
Analysis. This tool allows researchers to determine if there 
is a statistically significant enrichment of a particular gene 
set in a list of genes that has been ordered by statistical 
significance50,51.

These findings have several important implications. 
First, cell-cycle genes are probably regulated in such a 
way that they are expressed only when cells have entered 
the cell division programme and not at any other time. 
So, their prominent levels of expression in tumours might 
simply be a consequence of the fact that tumours contain 
more cycling cells relative to other tumours or to normal 
tissues. This is not surprising, as during transformation 
to malignancy, control of the cell cycle is deregulated; 
by its inherent nature, a tumour contains more cycling 
cells than normal tissue. This same scenario presents 
itself when proliferating cells and resting cells grown 
in vitro are compared. When one examines a population 
of proliferating cells, the proliferation genes are highly 
expressed; and when one examines a population of 

Box 1 | Identification of cell-cycle-regulated genes

To identify cell-cycle-regulated genes, cells must first be synchronized, and then collected for analysis at different time 
points. Multiple methods exist to synchronize mammalian cells, and these are different from those used to synchronize 
yeast cells. In mammalian cells, serum starvation, which puts cells into G0 (shown in diagram), is followed by stimulation 
with serum or growth factors that induce cells to re-enter 
the cell cycle. Serum stimulation, however, also induces 
expression of genes that are associated with processes 
other than cell-cycle progression, such as the wound-
healing response. Other methods can be used to 
synchronize cells that avoid this confounding serum 
response. Agents such as thymidine, aphidicolin and 
hydroxyurea arrest cells in S phase (shown in diagram), 
whereas drugs such as nocodazole or colchicine arrest 
cells in mitosis (shown in diagram). Physical methods can 
also be used to arrest cells, including mitotic detachment 
(mitotic selection), and do not involve the application of 
drugs. During mitosis, adherent epithelial cells detach 
from their substrate before undergoing cytokinesis — 
mitotic cells can be isolated during this brief window of 
time and re-plated as a synchronous population of cells. 
The synchrony of a cell population can be determined 
through the use of flow cytometry, propidium iodide 
staining or bromodeoxyuridine labelling.
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resting cells or a population with fewer cycling cells in 
which the non-cycling cells are in G0, the expression of 
these genes is turned off.

As might be expected, not all cell-cycle-regulated 
genes are correlated with tumour cell proliferation. 
Inspection of the gene expression patterns of all the 
genes identified as cell-cycle-regulated in HeLa cells22 
in the same study of breast tumours described above6 
showed that some cell-cycle-regulated genes were 
expressed in a non-correlated, or even anti-correlated, 
manner; these include genes for cell adhesion (for 
example, CNN2, the gene that encodes calponin 2, and 
VCL, the gene that encodes vinculin), growth control 
(for example, CDKN2C, the gene that encodes cyclin-
dependent kinase inhibitor 2C (also known as p18)) and 
apoptosis (for example, CASP3, the gene that encodes 
caspase 3). These results indicate that the regulation of 
some genes is more complex than the simple restric-
tion of transcription to certain phases of the cell cycle 
and could reflect cell line- or cell type-specific patterns 
of expression. Nonetheless, a significant fraction of 
in vitro-defined cell-cycle-regulated genes are present 
in the tumour-proliferation-associated profiles.

Clinical implications
Because the proliferation signature is easy to identify, 
it could be a component of genomic-based clinical 
diagnostics for cancer patients. A histologically based 
proliferation test has been a standard part of many 
pathologists’ routine clinical assessment. In fact, the 
grading of breast cancers as low grade versus high grade 
is in part based on the number of mitotic cells present 
within a given sample, although this can be a subjective 
assay with significant levels of inter-observer variation2. 
Gene expression analysis therefore provides some 
significant advantages over the pathological assess-
ment of proliferation, including the fact that it is more 
quantitative, objective, and can be automated. The use 
of cell-cycle-regulated genes as prognostic markers is 
not new. The Ki67-based labelling index is commonly 
used in clinical assessment, and the expression levels of 
proliferating cell nuclear antigen (PCNA) can also be 
used. Proteins encoded by the MCM genes have also 
been proposed as useful markers of proliferation, and 
high levels of expression of these genes is indicative of 
poor prognosis52–55. All of these genes are cell-cycle-
regulated and are found among the genes associated 
with proliferation in tumours.

If measuring the expression level of a single cell-cycle-
regulated gene (MKI67 or the MCM genes) is a useful 
prognostic indicator and marker of proliferation, might 
measuring all of the genes associated with proliferation 
make the assay more robust? As expected, in almost all 
studies in which a multi-gene proliferation signature 
was correlated with patient outcome, it predicted poor 
patient outcome based on endpoints such as overall sur-
vival, relapse-free survival and/or the presence of metas-
tases1–4,9. A recent study reported that the proliferation 
signature was a better predictor of outcome in patients 
with breast cancer than a tumour grade assay used by 
pathologists2. An 11 gene ‘stem cell/BMI1-oncogene-
associated’ expression pattern has been identified in 
metastatic prostate cancer cells that contains a subset of 
the proliferation signature, including increased expres-
sion of MKI67. This pattern was associated with poor 
outcomes in patients with a variety of tumour types56. 
Gene expression analysis has therefore shown that the 
proliferation signature is a common feature of tumours 
and might provide a robust and objective assay for pro-
liferation in the clinic3,4,9,57.

In terms of therapy, almost all cytotoxic chemo-
therapeutic drugs arrest dividing cells by causing DNA 
damage or targeting products of proliferation-signature 
genes (TABLE 1). Some arrest cells in S phase by interfer-
ing with ribonucleotide synthesis or disrupting the basic 
DNA replication machinery. Others, such as cisplatin, 
cause DNA damage, which leads to the arrest of cycling 
cells in G1 or early S phase. Drugs that arrest cells in 
mitosis, such as the taxanes, interfere with mitotic spin-
dle organization. Some drugs have been designed to 
target the CDKs that, along with their cyclin partners, 
are required to drive the cell through the various stages 
of the cycle58,59. Genes that encode CDKs are transcribed 
constitutively and post-translational processes regulate 
their activity, so the CDKs tend to be absent from the 

Figure 2 | The proliferation-associated genes are cell-cycle-regulated. a | A 
comparison of the cell-cycle-regulated genes22 that were identified in HeLa cells 
with genes included in the breast tumour proliferation signature10 shows that 62% 
(69/112) of the breast-tumour-proliferation-signature genes are cell-cycle-
regulated. b | Through analysis of the Gene Ontology Biological Process 
annotations, 92 of the 112 genes in the proliferation cluster were examined using 
GO::TermFinder (see REF. 49). Forty-two terms were significantly enriched with 
Bonferroni-corrected p-values less than 0.01 (percentage enrichment indicated in 
brackets)49. Based on this analysis, the 15 gene ontology biological process terms 
that had the most statistically significant alterations in the breast tumour 
proliferation signature are graphed in the pie chart. Each section of the pie chart 
represents the number of genes that map to each term. All significantly enriched 
biological process annotations can be found in Supplementary information S2 
(table). The definitions of all terms can be found on the Gene Ontology web site. 
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proliferation signature. Any drug that targets gene 
products of the proliferation signature or products of 
cell-cycle-regulated transcripts will probably affect not 
only cancer cells but also any normal dividing cell, which 
leads to the side effects of traditional chemotherapeu-
tics. So, drugs developed against genes or products of 
the proliferation cluster could also result in toxicity to 
normal tissues. As targeted therapies become more spe-
cific for particular features of tumours, considerations 
for the presence of these targets in normal cells must be 
taken into account.

The number of microarray datasets of gene expres-
sion in tumours is increasing rapidly, and a complete 
comparison of all cell-cycle-regulated genes versus 
those that are deregulated in tumours is beyond the 
scope of this review. Which tumour-suppressor genes 
and oncogenes are present in the proliferation sig-
nature? A strictly curated census of cancer genes has 
recently been published that carefully examined the 
evidence that somatic mutation, amplification or chro-
mosomal translocation in a particular gene resulted in 
cancer development60 (see the Cancer Gene Census 
web site). Comparison of the genes in that database 
with proliferation signature genes, or with cell-cycle-
regulated genes, shows that oncogenes or tumour-
suppressor genes are not necessarily differentially 
expressed. For example, the tumour suppressors 
breast cancer 1 (BRCA1) and TP53 are notably absent 
from the list of proliferation signature genes. This is 
probaby because tumour-suppressor gene expression 
or function is typically lost during tumour growth 
and progression, and are therefore not included in 
the proliferation signature. Alternatively, the genetic 
alterations that activate oncogenes typically result in 
expression of the proliferation genes — so even though 
oncogene mutations can upregulate the proliferation 
signature, these genes are not usually included in it.

Future directions
The proliferation signature of tumour cells is com-
prised of cell-cycle-regulated genes whose pattern of 
expression is altered because a tumour contains more 
proliferating cells than normal. The challenge lies in 
using this expression pattern to better understand how 
these genes become upregulated in cancer cells and the 
biological function of these gene products. Studies of 
the proliferation signature might also identify new drug 
targets as well as new diagnostic and prognostic uses. 
Compared with the assays for tumour cell prolifera-
tion rates performed by pathologists, gene expression 
analysis could result in clinical diagnostic assays that are 
more objective, quantitative and automated. In fact, the 
first gene-expression-based clinical assay that contains a 
proliferation-gene-expression profile has recently made 
it to the clinical setting as an assay for diagnosing patients 
with breast cancer2.

It will also be important to uncover the roles of 
the more than 450 cell-cycle-regulated genes whose 
functions have not been identified that are included 
in the proliferation signature. It might be possible to 
identify a ‘core set’ of cell-cycle-regulated genes that 
is required for cell-cycle progression in all eukaryotic 
cells. Many cell-cycle genes are functionally conserved 
across eukaryotic organisms. For example, CDC28 
(cell division cycle 28) from S. cerevisiae61 and CDC2 
from humans can both complement the phenotype 
of a cdc2-null strain of S. pombe62, demonstrating the 
functional conservation of such core cell-cycle genes. 
Computational methods are being developed that can 
predict the function of gene products, based on expres-
sion patterns, analysis of the gene promoter sequence, 
and protein–protein interactions of gene products63. 
Using these types of experimental and computational 
approaches in model systems, we might be able to bet-
ter understand the roles of proliferation-signature-gene 

Table 1 | Proliferation targets of chemotherapeutic agents

Drug Target Mechanism of action Phase 
affected

References

5-fluorouracil Thymidylate synthetase Ribonucleotide depletion S 64

Hydroxyurea Ribonucleotide reductase Ribonucleotide depletion S 64

Methotrexate Dihydrofolate reductase Ribonucleotide depletion S 64

Doxorubicin Topoisomerase II Stabilization of Topoisomerase II–
DNA complex, which leads to 
replication arrest 

S 65

Etoposide Topoisomerase II Stabilization of Topoisomerase 
II–DNA complex, which leads 
to replication arrest and strand 
breakage

S or G2/M 65,66

Cisplatin DNA Intra-strand crosslinking, which leads 
to replication arrest

G1/S and 
G2/M

67

Taxol Tubulin Stabilization of microtubules G2/M 58

Flavopiridol CDK1, CDK2, CDK4, 
CDK6 and CDK7

Inhibition of CDKs by interfering with 
ATP-binding

Several 59

Staurosporine
(UCN-01)

CDK1 Inappropriate activation of CDK1 by 
phosphorylation

G2/M 
abrogated

58,59

CDK, cyclin-dependent kinase
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products in tumour biology and, ultimately, design 
improved anticancer treatments.

Most importantly, analysis of proliferation signa-
tures has revealed a striking commonality between 
cell-cycle-regulated genes and genes that are com-
monly upregulated in cancer cells. These analyses 
reiterate a common theme in genomic research — that 
there is an amazing conservation of genes and gene 

product function across organisms and among dis-
eases. The continued systematic characterization of 
tumours and other diseases by microarray analysis, 
combined with the analysis of pathways in cell culture 
and model systems, will provide rich sets of data for 
further analysis. The proliferation signature will prob-
ably continue to be an important feature of cancer 
biology.
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