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Oncogenic pathway signatures in human cancers as
a guide to targeted therapies
Andrea H. Bild1,2, Guang Yao1,2, Jeffrey T. Chang1,2, Quanli Wang1, Anil Potti1,4, Dawn Chasse1,2,
Mary-Beth Joshi3, David Harpole3, Johnathan M. Lancaster7, Andrew Berchuck5, John A. Olson Jr1,3,
Jeffrey R. Marks3, Holly K. Dressman1,2, Mike West6 & Joseph R. Nevins1,2
The development of an oncogenic state is a complex process
involving the accumulation of multiple independent mutations
that lead to deregulation of cell signalling pathways central to the
control of cell growth and cell fate1–3. The ability to define cancer
subtypes, recurrence of disease and response to specific therapies
using DNA microarray-based gene expression signatures has been
demonstrated in multiple studies4. Various studies have also
demonstrated the potential for using gene expression profiles
for the analysis of oncogenic pathways5–11. Here we show that
gene expression signatures can be identified that reflect the
activation status of several oncogenic pathways. When evaluated
in several large collections of human cancers, these gene
expression signatures identify patterns of pathway deregulation
in tumours and clinically relevant associations with disease outcomes. Combining signature-based predictions across several
pathways identifies coordinated patterns of pathway deregulation
that distinguish between specific cancers and tumour subtypes.
Clustering tumours based on pathway signatures further defines
prognosis in respective patient subsets, demonstrating that
patterns of oncogenic pathway deregulation underlie the development of the oncogenic phenotype and reflect the biology and
outcome of specific cancers. Predictions of pathway deregulation
in cancer cell lines are also shown to predict the sensitivity to
therapeutic agents that target components of the pathway. Linking
pathway deregulation with sensitivity to therapeutics that target
components of the pathway provides an opportunity to make use
of these oncogenic pathway signatures to guide the use of targeted
therapeutics.
We used human primary mammary epithelial cell cultures
(HMECs) to develop a series of pathway signatures. Recombinant
adenoviruses were used to express various oncogenic activities in an
otherwise quiescent cell, thereby specifically isolating the subsequent
events as defined by the activation/deregulation of that single pathway. Various biochemical measures demonstrate pathway activation
(Supplementary Fig. 1). RNA from multiple independent infections
was collected for DNA microarray analysis using Affymetrix Human
Genome U133 Plus 2.0 Array. Gene expression signatures that
reflect the activity of a given pathway are identified using supervised
classification methods of analysis previously described12. The
analysis selects a set of genes for which the expression levels are
most highly correlated with the classification of HMEC samples
into oncogene-activated/deregulated versus control (green fluorescent protein, GFP). The dominant principal components from such
a set of genes then defines a relevant phenotype-related metagene,
and regression models assign the relative probability of pathway
deregulation in tumour or cell line samples.

It is clear from Fig. 1a that the various signatures distinguish cells
expressing the oncogenic activity from control cells. Given the
potential for overlap in the pathways, we also examined the extent
to which the signatures distinguish one pathway from another. Use of
the first three principal components from each signature, evaluated
across all experimental samples, demonstrates that the patterns of
expression in each signature are specific to each pathway; the gene
expression patterns accurately distinguish the individual oncogenic
effects despite overlapping downstream consequences (Fig. 1b).
The genes identified as comprising each signature are listed in
Supplementary Table 1. To evaluate more formally the predictive
validity and robustness of the pathway signatures, a leave-oneout cross validation study was applied to the set of pathway
predictors. This analysis demonstrates that these signatures of
oncogenic pathways can accurately predict the cells expressing the
oncogenic activity from the control cells (Supplementary Fig. 2). The
analysis clearly distinguishes and predicts the state of an oncogenic
pathway.
Further verification of the capacity of oncogenic pathway signatures to predict accurately the status of pathways made use of tumour
samples derived from various mouse cancer models. Pathway signatures were regenerated from the genes common to both human and
mouse data sets; the analysis was trained on the HMEC-derived
signatures and then used to predict the pathway status of all tumours.
These studies were carried out using three of the pathway signatures
for which we had matching mouse models that could be used for
validation: Myc, Ras and E2F3. Across the set of mouse tumours, this
analysis evaluates the relative probability of pathway deregulation of
each tumour—that is, the predicted status of the pathway in each
mouse tumour based only on the signatures developed in HMECs.
These predictions are displayed as a colour map: red indicates a
high probability of pathway deregulation and blue indicates a low
probability, with predictions sorted by the relative probability of
pathway deregulation. As shown in Fig. 2a, the pathway predictions
exhibit close correlation with the molecular basis for tumour
induction. For instance, the five mouse mammary tumour virus
(MMTV)-MYC tumours exhibit the highest probability of Myc
pathway deregulation, whereas the six Rb null tumours exhibit the
highest probability of E2F3 deregulation. The probability of Ras
pathway activation was highest in the MMTV-HRAS animals
and MMTV-MYC tumours; this indication of Ras pathway activation in the MMTV-MYC tumours is consistent with past results
demonstrating a selection for Ras mutations in these tumours6,13.
Further substantiation and validation was obtained from a series of
tumours in which Ras activity was spontaneously activated
by homologous recombination in adult animals, more closely
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Figure 1 | Gene expression patterns that predict oncogenic pathway
deregulation. a, Image intensity display of the expression levels of genes
most highly weighted in the predictor differentiating GFP-expressing
control cells from cells expressing the indicated oncogenic activity.
Expression levels are standardized to zero mean and unit variance across
samples, displayed with genes as rows and samples as columns, and colour
coded to indicate high (red) or low (blue) expression levels. b, Scatter plots

depicting the classification of samples based on the first three principal
components (expression patterns) derived from each signature, as shown in
a. The gene expression values for each signature were extracted from all
experimental samples and mean centred, then single value decomposition
analysis was applied across all samples. Colour coding for samples is as
follows: Myc, blue; Ras, green; E2F3, purple; Src, yellow; b-catenin, red.
Samples representing the specific pathway being examined are circled.

mimicking pathway deregulation in human tumours14. There was a
consistent prediction of Ras pathway deregulation within these
tumours when compared to the set of samples from control lung
tissue (Fig. 2b). Taken together, these results strongly support the
conclusion that the various oncogenic pathway signatures do reliably
reflect pathway status under a variety of circumstances, and thus can
serve as useful tools to probe the status of these pathways.
Previous work has linked Ras activation with the development of
adenocarcinomas of the lung15,16. We made use of a set of nonsmall cell lung carcinoma (NSCLC) samples to predict the pathway
status and then sorted according to predicted Ras activity. As shown
in Fig. 2c, Ras pathway status very clearly correlates with the
histological subtype—most of the adenocarcinoma samples exhibit
a high probability of Ras deregulation relative to the squamous cell
carcinoma samples. Prediction of the status of the other pathways
revealed a less distinct pattern, although each tended to be more
active in the squamous cell carcinoma samples (Supplementary
Fig. 3). This pattern becomes more evident in the analysis shown
in Fig. 3. An examination of Ras mutation identified 11 samples with
K-Ras mutations, all confined to the adenocarcinomas (indicated by
an asterisk in the figure) (Supplementary Table 2). Overall, 14% of
NSCLC tumours and 29% of the adenocarcinomas had K-Ras
mutations in codon 12. Because nearly all of the adenocarcinomas
exhibited Ras pathway deregulation, it seems that deregulation of
the Ras pathway is indeed a characteristic of development of
adenocarcinoma of the lung, and that this can occur as a result of
Ras mutations as well as following other events that deregulate the
pathway.
Whereas the analysis of pathway deregulation as shown in Fig. 2c
depicts the status of an individual pathway, the real power in this
approach is the ability to identify patterns of pathway deregulation,
using hierarchical clustering, much the same as identifying patterns
of gene expression. We started with an analysis of the lung cancer
samples (Fig. 3a, left panel). This analysis distinguished adenocarcinomas from squamous cell carcinomas, driven in part by the
Ras pathway distinction. It is also evident that the tumours predicted
as exhibiting relatively low Ras activity are generally predicted at
higher levels of Myc, E2F3, b-catenin and Src activity (clusters 1–3).
Conversely, the tumours with relatively elevated Ras activity exhibited relatively lower levels of these other pathways (clusters 4–7).
Independent of the tumour histopathology, concerted deregulation

Figure 2 | Validation of pathway predictions in tumours. a, Mouse
mammary tumours derived from mice transgenic for the MMTV-MYC (five
samples), MMTV-HRAS (three samples) or MMTV-HER2 (seven samples)
oncogenes, tumours dependent on loss of Rb (six samples), or seven samples
of normal mammary tissue were used to verify accuracy and specificity of
our signatures. The predicted probability of Myc, E2F3 and Ras activity in
mouse tumours was sorted from low (blue) to high (red), and displayed as a
colour bar. b, Prediction of pathway status in mouse lung cancer model. A
set of previously published mouse Affymetrix expression data comparing
normal and tumour lung tissue with spontaneous activating KRAS
mutations14 was used to validate the predictive capacity of the Ras pathway
signature. The predicted probability of Ras activity in the normal and
tumour tissue was sorted from low (blue) to high (red), and displayed as a
colour bar. c, Relationship of Ras pathway status in NSCLC samples to cell
type of tumour origin. The corresponding tumour cell type is indicated as
either squamous (S) or adenocarcinoma (A). Ras mutation status is
indicated by an asterisk.
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of Ras with b-catenin, Src and Myc (cluster 8) identified a population
of patients with poor survival—a median survival of 19.7 months
versus 51.3 months for all other clusters (Fig. 3a, right panel).
Furthermore, this subpopulation of patients exhibited worse survival
than any of the groups of patients identified based on the status of any
single pathway deregulation (Supplementary Fig. 4). This analysis
demonstrates the ability of integrated pathway analysis, based on
multiple signatures of component pathway deregulation, to define
improved categorization of lung cancer patients.
Two additional examples made use of large sets of breast cancer
samples (Fig. 3b) and ovarian cancer samples (Fig. 3c). Again, there
were evident patterns of pathway deregulation, distinct from that
seen in the lung samples, which characterized the breast and ovarian
tumours. For breast cancer, there were two clusters of patients with
good prognosis (clusters 2 and 4), and two clusters with poor
prognosis (clusters 1 and 3). Furthermore, clusters 2 and 3, which
both contain oestrogen receptor (ER)-positive tumours (and no
discernable differences in HER2 status or other clinical parameters),
show distinct survival rates (P-value ¼ 0.07). Patients defined
by cluster 5 (in which higher than average b-catenin and Myc
activities were predicted, and E2F3 activity was lower than average)
exhibited very poor survival, again illustrating the importance of
co-deregulation of multiple oncogenic pathways as a determinant
of clinical outcome. A final analysis made use of an advanced stage
(III or IV) ovarian cancer data set. The ovarian samples exhibited a
dominant pattern of b-catenin and Src deregulation, either elevated
(cluster 1 and 2) or diminished (clusters 3-6). Notably, the coderegulation of Src and b-catenin defined by clusters 1 and 2 identifies

a population of patients with very poor survival compared to other
pathway clusters (median survival: 29.0 months versus 91.0 months)
(Fig. 3c, right panel). Once again, for these cases, individual pathway
status did not stratify patient subgroups as effectively as patterns of
multiple pathway deregulation (Supplementary Fig. 4).
Given the capacity of the gene expression signatures to predict
deregulation of oncogenic signalling pathways, we have also
addressed the extent to which this could predict sensitivity to a
therapeutic agent that targets that pathway. To explore this, we
predicted pathway deregulation in a series of breast cancer cell lines
to be screened against potential therapeutic drugs. The results using
the set of five pathway predictors, together with an initial collection
of breast cancer cell lines, are shown in Fig. 4a. Biochemical
characteristics of the cell lines relevant for pathway analysis are
summarized in Supplementary Table 3 and Supplementary Fig. 5.
In each case, the relative probabilities of pathway activation are
predicted from the signature in a manner completely analogous to
the prediction of pathway status in tumours. In most cases, there is
a good correlation between biochemical measures of pathway activation and prediction based on gene expression signatures. An
exception is with Ras, where there is not a significant correlation
between the biochemical measure of pathway activation and pathway
prediction, presumably reflecting additional events not measured in
the biochemical assay. Clearly, the critical issue is whether the gene
expression signature predicts drug sensitivity —this point is
addressed by the dose–response assays in Fig. 4b.
In parallel with mapping the pathway status, the cell lines were
assayed with drugs known to target specific activities within given

Figure 3 | Patterns of pathway deregulation in human cancers.
a, Hierarchical clustering of predictions of pathway deregulation in samples
of human lung tumours (left panel). Prediction of Ras, Myc, E2F3, b-catenin
and Src pathway status for each tumour sample was independently
determined using supervised binary regression analysis, as described. Red
indicates high probability of pathway activation, with blue indicating a low
probability. Patterns in the tumour pathway predictions were identified by

hierarchical clustering, and separate clusters are indicated by coloured
dendograms. Kaplan–Meier survival analysis for lung cancer patients based
on pathway clusters (right panel). Patient clusters with correlative pathway
deregulation shown in the left panel correspond to clusters comprising each
independent survival curve. Black tick marks represent censored patients.
b, Breast cancer. Same as for a. c, Ovarian cancer. Same as for a.
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oncogenic pathways. The assays involve growth inhibition measurements using standard colorimetric assays17,18. The result of testing the
sensitivity of the cell lines to inhibitors of the Ras pathway using both
a farnesyl transferase inhibitor (L-744,832) and a farnesylthiosalicylic
acid (FTS) is shown in Fig. 4b. In addition, a Src inhibitor (SU6656)
was also used for these assays. In each case, the results show a close
concordance and correlation between the probability of Ras and Src
pathway deregulation based on the gene expression prediction, and
the extent of cell proliferation inhibition by the respective drugs

(Fig. 4b). Furthermore, comparison of the drug inhibition results
with predictions of other pathways failed to demonstrate a significant
correlation (Supplementary Fig. 6). These results confirm the ability
of the defined ‘pathway deregulation signatures’ to also predict
sensitivity to therapeutic agents that target the corresponding
pathways.
In most instances, the consequence of mutations in protooncogenesor inactivation of tumour suppressor genes is the deregulation of cellular signalling pathways, which ultimately affects the
expression of a variety of genes. Our use of gene expression signatures
that reflect the action of oncogenic pathway deregulation provides a
strategy for measuring the functional consequence of these events.
Undoubtedly, an ability to distinguish the deregulation of additional
subpathways, as well as pathways reflective of additional aspects of
tumorigenesis (apoptosis, DNA repair, and so on), will help to
categorize further and understand the complexity of tumour
development and the oncogenic process.
Although the development of targeted biological agents holds the
promise of a more precise matching of therapy with disease mechanism, it is nevertheless true that the success rate of single agents as
well as the selection of combination therapies could be improved.
The ability to predict the deregulation of various oncogenic pathways
through gene expression analysis offers an opportunity to identify
new therapeutic options for patients by providing a potential basis
for guiding the use of pathway-specific drugs. The major value of this
approach may be the capacity to direct combinations of therapies—
multiple drugs that target multiple pathways—based on information
that specifies the activation state of the pathways.
METHODS

Figure 4 | Pathway deregulation in breast cancer cell lines predicts drug
sensitivity. a, Pathway predictions in breast cancer cell lines. The results
plotted show the predicted probability of pathway activation (red indicates
high probability; blue indicates low probability). b, Sensitivity to pathwayspecific drugs. Top: cells were treated with 3.75 mM of farnesyltransferase
inhibitor (L-744,832) for 96 h. Proliferation was assayed using a standard
MTS tetrazolium colorimetric method. The degree of proliferation
inhibition was plotted as a function of probability of Ras pathway activation
as determined in a. Middle: same as for the top panel but using FTS
(200 mM). Bottom: same as for the top panel but using the Src pathway
inhibitor SU6656 (1.5 mM), and with the degree of proliferation inhibition
plotted as a function of Src pathway activation.
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Cell and RNA preparation. Human mammary epithelial cells from a breast
reduction surgery at Duke University were isolated and cultured according to
previously published protocols19. These cells were a gift from G. Huper. Cells are
brought to quiescence, and then infected with adenovirus expressing either
human c-Myc, activated H-Ras, human c-Src, human E2F3, or activated
b -catenin (we thank J. Kitajewski, W. El-Deiry, Z. German and
D. Kuppuswamy for DNA constructs and adenovirus). Eighteen hours after
infection, cells were collected and expression of oncogenes and their secondary
targets was determined by a standard western blotting protocol (see Supplementary Information). Activation status of kinase pathways for the breast cancer cell
lines was determined for growing cells using the following methods. Ras
activation is measured using a Ras activation assay kit (Upstate Biotechnology).
c-Src activation was determined by western blotting using a phospho-Tyr 416 Src
antibody. E2F3, Myc and b-catenin activity was measured by isolating nuclear
extracts from cells as previously described, and performing western blotting
analysis using antibodies specific for each oncoprotein. Total RNA was extracted
for cell lines using the Qiashredder and Qiagen RNeasy Mini kit. Quality of the
RNA was checked by an Agilent 2100 Bioanalyser.
Tumour analyses. Tumour tissue from breast, ovarian and lung cancer patients
was .60% tumour, and was selected for by stage and histology. Total RNA was
extracted as previously described20.
DNA microarray analysis. Samples were prepared according to the manufacturer’s instructions and as previously published21,22. Experiments to generate
signatures use Human U133 2.0 Plus GeneChips. Breast tumours were hybridized
to Hu95Av2 arrays, ovarian tumours to Hu133A arrays, and lung tumours to
Human U133 2.0 plus arrays (Affymetrix). All microarray data are available at
http://data.cgt.duke.edu/oncogene.php and on GEO.
Cross-platform Affymetrix GeneChip comparison. To map the probe sets
across various generations of Affymetrix GeneChip arrays, we used an in-house
program: Chip Comparer (http://tenero.duhs.duke.edu/genearray/perl/chip/
chipcomparer.pl). Details are in Supplementary Information.
Statistical analysis methods. Analysis of expression data is as previously
described12. Briefly, before statistical modelling, gene expression data are filtered
to exclude probe sets with signals present at background noise levels, and probe
sets that do not vary significantly across samples. Each signature summarizes its
constituent genes as a single expression profile, and is here derived as the top
principal components of that set of genes. When predicting the pathway
activation of cancer cell lines or tumour samples, gene selection and identification is based on the training data, and then metagene values are computed
using the principal components of the training data and additional cell line or
tumour expression data. Bayesian fitting of binary probit regression models to
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the training data then permits an assessment of the relevance of the metagene
signatures in within-sample classification, and estimation and uncertainty
assessments for the binary regression weights mapping metagenes to probabilities of relative pathway status. Predictions of the relative pathway status of the
validation cell lines or tumour samples are then evaluated, producing estimated
relative probabilities—and associated measures of uncertainty—of activation/
deregulation across the validation samples. Hierarchical clustering of tumour
predictions was performed using Gene Cluster 3.0 (ref. 23). Genes and tumours
were clustered using average linkage with the uncentred correlation similarity
metric. Standard Kaplan–Meier mortality curves and their significance levels
were generated for clusters of patients with similar patterns of oncogenic
pathway deregulation using GraphPad software. For the Kaplan–Meier survival
analyses, the survival curves are compared using the logrank test. For full details,
see Supplementary Information.
Cell proliferation assays. Growth curves and dosing ranges for the breast cancer
cell lines were carried out as described in Supplementary Information. Sensitivity to a farnesyl transferase inhibitor (L-744,832), FTS and an Src inhibitor
(SU6656) was determined by quantifying the percentage reduction in growth
(versus DMSO controls) at 96 h using a standard MTS (3-(4,5-dimethylthiazol2-yl)-5-(3-carboxymethoxyphenyl)-2-(4-sulphophenyl)-2H-tetrazolium) colorimetric assay (Promega). Concentrations used were from 100 nM to 10 mM
L-744,832, 10 to 200 mM FTS, and 300 nM to 10 mM SU6656. All experiments
were repeated at least three times.
K-Ras mutation assay. K-Ras mutation status was determined using restriction
fragment length polymorphism and sequencing as previously described24. See
Supplementary Information for additional details.
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