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Global gene expression profiling with DNA microarrays has been widely 
applied to human cancer, leading to the elucidation of complex gene-
expression programs activated and repressed in various types and sub-
types of cancer, a ‘molecular taxonomy’ of cancer. We and others have 
attempted to characterize large collections of cancer gene-expression 
data in terms of common ‘signatures’ of activation1,2 or in terms of 
coordinately regulated processes or ‘modules’3. But such efforts have 
not focused on the regulatory mechanisms responsible for observed 
gene-expression alterations in cancer. Some gene-expression patterns 
observed from microarray data probably represent a downstream read-
out of a few genetic aberrations (mutations, amplifications, deletions, 
translocations, etc.) that led to the activation or inactivation of a few 
transcription factors. In some cases, cancer-causing genetic aberrations 
may not be directly apparent from these downstream gene-expression 
read-outs. For example, a mutation in the Rb tumor suppressor that 
leads to dissociation and activation of E2F1 would manifest not in the 
differential gene-expression of Rb or E2F1, but in the coordinate activa-
tion of E2F target genes. Global methods for inferring transcriptional 
regulatory mechanisms from gene-expression data have been widely 
applied to yeast gene expression and also to the human cell cycle4 but not 
yet to human cancer. We searched for cancer regulatory programs that 
link transcription factors to target genes that are conditionally activated 
in specific cancer types and subtypes (Fig. 1).

We began by defining gene-expression signatures characteristic of a 
wide variety of cancer types and subtypes represented in the Oncomine 
database5. We used data from 65 independent studies including 6,732 
microarray experiments and 70.8 million gene-expression measure-

ments to derive 265 gene-expression signatures (Supplementary Table 
1 online). Signatures were defined as sets of genes with statistically 
significant (Q < 0.10) differential expression in cancer, either relative 
to normal tissue or relative to other types or subtypes of cancer. We also 
derived normal tissue signatures as sets of genes differentially expressed 
in a single normal tissue type relative to other normal tissue types. 
Gene-expression signatures ranged in size from 20 genes to 2,200 genes 
and represented nearly every major type of cancer and normal tissue.

Next, we constructed a database of transcriptional regulatory sig-
natures, relating transcription factors to candidate target genes by 
identifying putative transcription factor binding sites in the promoter 
sequences of human genes. We submitted all 1-kb human promoter 
sequences to the MATCH software program, which identifies and scores 
sequence matches to transcription factor binding site position weight 
matrices from the TRANSFAC database6. Although a high-scoring 
match does not constitute a definitive transcription factor binding site 
and regulatory interaction, we reasoned that the sets of genes with the 
highest scoring matches are likely to be enriched for true target genes. 
After we applied a match threshold and rank filter, our database con-
tained 361 regulatory signatures, comprising 466,491 potential regula-
tory interactions that represent putative transcription factor binding 
sites in the promoters of candidate target genes (Supplementary Table 
2 online). There are several limitations to this approach, and we concede 
that our database is incomplete and probably contains false interac-
tions. But the database is sufficient for large-scale enrichment analysis 
as well as initial hypothesis generation.

With a database of gene-expression signatures and transcriptional 
regulatory signatures in place, we sought to identify conditional regula-
tory programs (CRPs), consisting of a transcription factor that coor-
dinately regulates a set of target genes in a particular tissue type. We 
identified candidate CRPs by searching for disproportionate overlap 
of regulatory signatures with gene-expression signatures. We reasoned 
that if a transcription factor is responsible for the coordinate regulation 
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of a set of genes in a given tissue type, then the candidate target genes of 
the transcription factor should be disproportionately over-represented 
in the gene-expression signature. We compared 265 gene expression 
signatures with 366 regulatory signatures. We counted the degree of 
overlap between all signature pairs and computed the significance of 
the overlaps by the binomial distribution. From this analysis, we defined 
311 regulatory programs that showed highly significant overlap (P < 
0.00033) between a gene-expression signature and a regulatory signa-
ture (Supplementary Tables 3–6 online). Given the total number of 
hypotheses tested, we would expect only 31 signature pairs to have such 
significant overlap by chance (Q < 0.10; Fig. 2a).

We first examined the 81 CRPs specific to normal human tissues. 
Several of the programs validated our method by specifically linking a 
transcription factor to the tissue type in which it is known to act. For 
example, CRPs 11 and 58 are composed of genes activated in normal 
liver tissue that have promoter binding sites for HNF4α and HNF1, 
respectively, two hepatocyte nuclear factors known to control liver-spe-
cific processes7,8 (Fig. 2b). CRP 222 is composed of genes activated in 
muscle tissue that have promoter binding sites for MEF2A (also called 
RSRFC4), a transcription factor with a known role in myocyte differen-
tiation9. CRP 24 is composed of genes activated in normal brain tissue 
that have promoter binding sites for the EGR (also called KROX) family 
of transcription factors10. CRPs 32, 136 and 307 are composed of genes 
activated in normal blood cells that have binding sites for IRF family of 
transcription factors, which are activated in white blood cells and have 
a role in host defense11. Similarly, binding sites for NF-κB, which has a 
central role in immune function, are also enriched in genes expressed 
in blood cells (CRPs 178 and 264)12. The gene-expression signature for 
early progenitor cells showed an enrichment for Oct/POU family tran-

scription factors, which function in pluripotent stem cells13,14. Taken 
together, these results show that our approach can identify regulatory 
mechanisms responsible for gene regulation in human tissue. They also 
suggest sets of target genes for each of these tissue-specific regulatory 
programs. Other normal tissue CRPs may link transcription factors to 
tissue types in which they were not previously known to act. The full 
list of normal tissue CRPs is provided in Supplementary Table 4 online 
and can be explored in detail at Oncomine.

Next, we examined the 232 CRPs involving human cancer. More than 
half (126) of these relate one of several variant E2F binding sites to tar-
get genes in one of many cancer types, including follicular lymphoma, 
Burkitt lymphoma, diffuse large B-cell lymphoma (DLBCL), acute 
lymphoblastic leukemia, glioblastoma, medulloblastoma, leiomyosar-
coma, small cell lung cancer (SCLC), squamous cell lung cancer, hepa-
tocellular carcinoma, salivary adenoid cystic carcinoma, adrenocortical 
carcinoma, high-grade astrocytoma and high-grade breast carcinoma. 
These results reaffirm that activation of the E2F pathway is a prevalent 
event in human cancer15,16 and provide hundreds of putative E2F tar-
gets activated in specific human tumors. As others have found, we show 
through a second layer of enrichment analysis that E2F CRPs include 
genes involved in several cellular proliferation related processes such as 
the cell cycle, DNA replication and mRNA splicing. We also show that 
several E2F cancer regulatory programs, including those activated in 
high-grade breast cancer (CRP 99) and small cell lung cancer (CRP 96), 
are enriched for proteins involved in chromatin modification, including 
EZH2, JJAZ1 (SUZ12), CBX3, HMGA1 and BAF53A. The E2F path-
way regulates EZH2 (ref. 17); perhaps its role in regulating chromatin 
modifying genes is more widespread. Regulatory programs linking 
NF-Y binding sites to cancer signatures were also common and usually 
coincided with E2F cancer regulatory programs. This is not surprising 
as the binding of the NF-Y transcription factor to certain promoters 
is necessary for E2F activity16. NF-Y transactivation is dependent on 
phosphorylation by CDK2, suggesting a potential therapeutic approach 
for repressing NF-Y and thus E2F cancer regulatory programs18.

To confirm that the E2F cancer regulatory programs represent gene 
sets truly activated by E2F, we collected data from an independent study 
that identified transcriptional targets of the E2F family in an inducible 
cell line system19. In total, 558 genes were significantly overexpressed 
upon E2F activation. We reasoned that if at least a fraction of these 
results represented a physiologically relevant E2F signature, and if our 
E2F cancer regulatory programs represented valid programs activated 
by E2F in human cancer in vivo, then we should find substantial overlap 
between the two. To test this, we selected a representative E2F binding 
site and its ten respective cancer regulatory programs. In nine of the ten 
CRPs, we found a significant enrichment of genes from the in vitro E2F 
signature (P < 0.005), suggesting that our approach identified valid E2F 
targets activated in human cancers (Supplementary Table 7 online).

To select the most promising candidate E2F targets among our CRPs, 
we identified target genes that are activated by E2F in the inducible cell 
culture system and are most common in E2F CRPs. Among the nine 
CRPs that showed significant overlap with the in vitro signature, eight 
contained three known E2F targets, including CCNE2, RRM2 (ref. 20) 
and EZH2 (ref. 17). Other known E2F targets activated in many cancer 
CRPs include TFDP1, CDC25, RPA1 and USP13. The near universal 

Figure 1  Overview of the method used to elucidate CRPs. Data were 
integrated from three sources: TRANSFAC6, the University of California 
Santa Cruz (UCSC) genome browser and Oncomine5. Putative transcription 
factor regulatory signatures were compared with gene-expression signatures, 
and their overlap was assessed using the binomial distribution to derive 
CRPs.
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activation of these genes by E2F in cancer suggests that they are crucial 
mediators of carcinogenesis. For example, the observed activation of 
cyclin E2 by E2F is part of an autoregulatory loop, as cyclin E2 activates 
CDKs, which further activate E2F21. Most of these E2F target genes have 
a role in cellular proliferation; therefore, their importance in E2F-medi-
ated tumorigenesis is not surprising. Notably, however, EZH2 functions 
as a chromatin-modifying transcriptional repressor and is important in 
embryogenesis22. Functional studies showed that EZH2 promotes inva-
sion in breast cancer cells23 and is associated with a lethal phenotype in 
prostate cancer24. EZH2 is also associated with poorly differentiated can-
cers relative to their well-differentiated counterparts2. Perhaps the hyper-
activated E2F pathway leads to EZH2 overexpression and concomitant 
repression of prodifferentiation genes, thus locking cells into an undif-
ferentiated invasive phenotype. This raises the possibility that the E2F 
pathway is responsible for both cancer growth and dedifferentiation.

Our analysis uncovered several other cancer regulatory programs 
involving transcription factors other than E2F. For example, CRP 120 
suggests that c-Rel activates hundreds of target genes in DLBCL, and 
CRP 45 suggests that c-Rel activity is most apparent in de novo DLBCL 
relative to transformed DLBCL (Fig. 2c). The enrichment of c-Rel bind-
ing sites in the promoters of genes activated in DLBCL is consistent 
with the observation of c-Rel amplification in DLBCL25. Although one 
report failed to find a link between c-Rel amplification status and down-
stream gene-expression changes26, our results suggest that c-Rel activity 
is evident from DLBCL gene-expression patterns. Transformed and 
de novo DLBCL are markedly different at the gene-expression level27, 
though morphologically indistinguishable. Our work suggests that a 
key difference may be the specific activation of the c-Rel regulatory 
program in de novo DLBCL. Upon examination of the target genes in 
the c-Rel–DLBCL program, we found an enrichment of genes involved 
in both cell proliferation and apoptosis. We found that E2F1 was among 
the target gene set; our analysis also identified an E2F1-DLBCL regula-

tory program. These results suggested that there may be a two-tiered 
regulatory mechanism beginning with c-Rel activation of target genes, 
which include E2F1, and then E2F1 activation of its target genes, many 
of which have a role in cellular proliferation (Fig. 2c).

Another regulatory program (CRP 240) details an abundance of c-
Myc–Max binding sites among genes overexpressed in SCLC. This is 
consistent with the known amplification and overexpression of the 
Myc family of transcription factors in SCLC28,29. Enrichment analysis 
of this program identified a preponderance of genes involved in DNA 
metabolism and the cell cycle. Furthermore, we found that this program 
significantly overlapped with the E2F1-SCLC regulatory program (CRP 
96; P = 0.01), suggesting that several genes are dually activated by E2F1 
and Myc in SCLC. Myc binding sites were also common among genes 
activated in normal umbilical endothelial cells (CRP 186) as well as 
in adreocortical carcinoma (CRP 320). The final regulatory program 
that we explored suggested that ATF activates target genes in salivary 
carcinoma, of which a disproportionate number are involved in cell 
migration (CRP 177). ATF1 is activated as a fusion protein in meta-
static melanoma30, but no link between ATF and salivary carcinoma 
currently exists. If the ATF program is indeed overactivated in salivary 
carcinoma, then therapies targeting ATF in melanoma31 may be useful. 
We observed that many of the transcription factors involved in cancer 
regulatory programs have oncogenic activity, suggesting that their pre-
dicted regulatory function in CRPs may be important in carcinogen-
esis. Transcription factors identified by our analysis with a causative 
role in cancer include E2F1 (ref. 32), Myc33, c-Rel34, ATF1 (ref. 30) and 
C-ETS-1 (ref. 35). All regulatory programs and their target genes can be 
explored through our web-based data-mining platform, Oncomine.

The identification of a CRP implies that a specific transcription factor 
is active in a specific tissue type and is responsible for the observed gene 
regulation or deregulation. Activation of a transcription factor can occur 
either as a downstream effect of a signaling cascade (e.g., phosphoryla-
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tion, nuclear translocation) or by overexpression of the transcription 
factor itself. To identify those CRPs that may be regulated by the latter 
mechanism, we searched for concomitant overexpression of the tran-
scription factors that bind to the enriched binding sites. We found over-
expression of a respective transcription factor for 79 of the 311 identified 
CRPs (25%). This analysis may provide a level of validity to some CRPs 
and, in some cases, may identify the specific transcription factor among 
a family that is responsible for the target gene regulation. For example, 
the CREB-ATF binding site is enriched among genes overexpressed in 
salivary carcinoma (CRP 250). We found that both CREB1 and ATF5 
are significantly overexpressed in salivary carcinoma, suggesting that 
they may be responsible for the CREB-ATF CRP (Supplementary Fig. 
1 online). We also observed concomitant overexpression of the expected 
transcription factor with several of the normal tissue CRPs, including 
HNF4A in liver, MEF2A in muscle, EGR3 and EGR4 in brain and mul-
tiple IRFs in blood (Supplementary Table 8 online).

In summary, integrative bioinformatics analyses similar to those 
carried out by Segal et al.3, our group and others1,36 will generate new 
hypotheses about cancer progression. Previously, by carefully main-
taining clinical annotations of the specific tissue specimens analyzed, 
we were able to identify gene alterations that were common to cancer 
regardless of tissue of origin as well as gene signatures characteristic of 
more aggressive dedifferentiated cancers2. In this report, our integrative 
approach of analyzing gene-expression signatures in the context of can-
didate regulatory signatures identified hundreds of normal tissue and 
cancer CRPs, of which we have highlighted only a few. Several of these 
regulatory programs link a transcription factor to a tissue type in which 
the transcription factor is thought to act, whereas several others suggest 
new regulatory mechanisms in cancer and normal tissue, such as ATF 
pathway activation in salivary carcinoma. Furthermore, the regulatory 
programs uncovered by our analysis suggest candidate target genes, 
such as E2F1 activation by c-Rel in de novo DLBCL and chromatin-
modifying genes by E2F in high-grade breast cancer. Though powerful, 
our approach has several limitations: (i) the number of characterized 
transcription factor binding sites, (ii) the accuracy of the binding sites, 
(iii) the facts that we only scanned 1-kb promoters and that binding 
sites are likely to occur outside this region and (iv) the number of genes 
profiled in the microarray studies and the sensitivity of the various 
microarray platforms. Despite these limitations, we were able to discern 
several regulatory mechanisms encoded in gene-expression signatures. 
We anticipate that our approach will become more valuable as the accu-
racy and coverage of transcription factor target databases improves.

METHODS
Cancer signatures. We derived cancer signatures from the Oncomine 
cancer microarray database. We used 65 independent data sets compris-
ing 6,348 samples (arrays) and 70.9 million gene-expression measure-
ments. The samples spanned 26 normal and cancer tissue types. The 65 
data sets measured an average of 6,376.5 (range 507–15,294) unique 
genes as determined by Entrez Gene. We analyzed differential expres-
sion with Student’s t-test and false discovery rates to identify genes with 
significant differential expression between two classes of samples. We 
defined gene-expression signatures from analyses that resulted in 20 or 
more significant genes (Q < 0.10, mean difference > 0.5 Z-score units), 
for a total of 234 gene-expression signatures with an average size of 
398 genes (range 20–2,997). Twenty-nine were normal human tissue 
signatures, and 205 were cancer signatures, of which 68 were derived 
from comparisons of a cancer type and other cancer types, 50 from 
comparisons of a cancer type and the respective normal tissue, 22 from 
comparisons of various molecular subtypes of cancer and 12 from com-
parisons of histologic subtypes of cancer.

Regulatory signatures. We defined regulatory signatures by scanning 
human gene promoter sequences for the presence of experimentally 
defined transcription factor binding sites. We downloaded 1-kb pro-
moter sequences from 20,647 RefSeq reference sequences from the 
University of California Santa Cruz genome browser (August 2004). 
These reference sequences mapped to 15,665 unique genes (Entrez 
Gene). In cases with multiple reference sequences per gene, we ana-
lyzed each promoter sequence independently. We submitted sequences 
sequentially to MATCH, a component of the TRANSFAC Professional 
Suite, which scans a sequence for the presence of transcription factor 
binding sites as determined by a database of position weight matrices. 
We applied the following settings: ‘group of matrices’ was set to ‘verte-
brates’; ‘use high quality matrices’ was selected; ‘cut-off selection’ was 
set to 0.8 and 0.85 ‘as mat. sim and core sim. cutoff.’ For each promoter 
sequence, the program output ‘hits’ designated by matrix identifier and 
factor name. For each hit, the position, strand, core match and matrix 
match were provided. In total, 366 distinct matrices were identified in 
the promoters of human genes, although many of the matrices represent 
variants of the same transcription factor binding site. With the afore-
mentioned settings, 16,159,457 million hits were identified. Because in 
some cases, our lenient match threshold identified hits in nearly every 
promoter sequence, we filtered the hit list to contain only the top 2,000 
hits per matrix sorted by the matrix similarity score. Five matrices with 
greater than 2,000 perfect matches (score = 1.0) were removed from the 
analysis. To ensure that our results would be robust to the selected hit 
threshold, the analysis was rerun with 1,500 and 2,500 hit thresholds. 
As expected, we obtained largely overlapping results (data not shown). 
After mapping reference sequences to Entrez Gene, we defined 466,491 
potential regulatory interactions. Transcription factor matrices had an 
average of 1,292.2 potential gene targets (range 4–1,554).

Enrichment analysis. We assessed each gene-expression signature (SG) 
for the significant enrichment of each regulatory signature (SR). The 
possible set for each gene-expression signature (PG) was defined as the 
set of measured genes in each respective data set. The possible set for 
regulatory signatures (PR) was defined as the set of genes with available 
promoter sequences. We counted the number of genes intersecting a 
gene-expression signature and a regulatory signature: n = c(SG ∩ SR), 
where c(A) denotes the number of elements in set A. We counted the 
number of genes in both the regulatory signature and the possible set 
for the gene-expression signature: N = c(SR∩PG). Next, we computed 
the background probability of observing a gene in a gene-expression 
signature by dividing the number of genes in both the gene-expression 
signature and the possible set for the regulatory signature by the number 
of genes in both possible sets: 

Finally, we calculated the probability of observing an equal or larger 
intersection between the gene-expression signature and regulatory sig-
nature by chance by summing the binomial distribution probabilities 
for all intersections of equal or larger size: 

We applied the method of false discovery rates to adjust P values for 
multiple hypothesis testing. We calculated Q values as: 
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where N is the number of regulatory signatures tested against each 
gene-expression signature and R is the ascending order rank of the 
respective P value. We also calculated global Q values where N is the 
total number of hypotheses tested (all gene-expression signatures by 
all regulatory signatures). We used the global Q value to assess the sig-
nificance of our entire study and used the signature-specific Q values 
to interpret the significance of the observed enrichments per gene-
expression signature.

In vitro E2F analysis. We collected target genes for E2F1, E2F2 and 
E2F3 from an in vitro E2F profiling study19. We created a composite 
signature of 588 target genes by combining all genes that were induced 
by any one of the E2F family members. We selected ten CRPs that cor-
responded to a single representative E2F binding site (V$E2F_Q4_01) 
for enrichment analysis. We carried out enrichment analysis by the 
binomial distribution exactly as described in the preceding section.

URLs. The Oncomine database is available at http://www.oncomine.
org/.  Promoter sequences from the University of California Santa Cruz 
genome browser are available at http://hgdownload.cse.ucsc.edu/gold-
enPath/hg17/bigZips/.

Note: Supplementary information is available on the Nature Genetics website.
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