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A molecular signature of metastasis in primary
solid tumors
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Metastasis is the principal event leading to death in individuals
with cancer, yet its molecular basis is poorly understood1. To
explore the molecular differences between human primary
tumors and metastases, we compared the gene-expression profiles of adenocarcinoma metastases of multiple tumor types to
unmatched primary adenocarcinomas. We found a geneexpression signature that distinguished primary from metastatic adenocarcinomas. More notably, we found that a subset of
primary tumors resembled metastatic tumors with respect to
this gene-expression signature. We confirmed this finding by
applying the expression signature to data on 279 primary solid
tumors of diverse types. We found that solid tumors carrying
the gene-expression signature were most likely to be associated with metastasis and poor clinical outcome (P < 0.03). These
results suggest that the metastatic potential of human tumors
is encoded in the bulk of a primary tumor, thus challenging the
notion that metastases arise from rare cells within a primary
tumor that have the ability to metastasize2.

The prevailing model of metastasis holds that most primary
tumor cells have low metastatic potential, but rare cells (estimated at less than one in ten million) within large primary
tumors acquire metastatic capacity through somatic mutation2.
The metastatic phenotype includes the ability to migrate from
the primary tumor, survive in blood or lymphatic circulation,
invade distant tissues and establish distant metastatic nodules.
This model is primarily supported by animal models in which
poorly metastatic cell lines can spawn highly metastatic variants
if the process is facilitated by the isolation of rare metastatic nodules, expansion of the cells in vitro and injection of these selected
cells into secondary recipient mice3,4. No direct evidence of this
genetic selection model has, however, been documented in
human tumors.
To study the molecular nature of metastasis, we analyzed the
gene-expression profiles of 12 metastatic adenocarcinoma nodules of diverse origin (lung, breast, prostate, colorectal, uterus,
ovary) and compared them with the expression profiles of 64 primary adenocarcinomas representing the same spectrum of
tumor types obtained from different individuals. This comparison identified an expression pattern of 128 genes that best distinguished primary and metastatic adenocarcinomas (Fig. 1).
Notably, this gene-expression pattern associated with metastases
also seemed to be present in some primary tumors, resulting in

these tumors being misclassified as metastases (see Web Note A
and Web Table A). This observation suggested the hypothesis
that a gene-expression program of metastasis may already be present in the bulk of some primary tumors at the time of diagnosis.
To test this hypothesis, we analyzed the metastases-derived
gene-expression program in several large gene-expression data
sets containing molecular profiles of primary solid tumors. First,
we analyzed 62 stage I/II primary lung adenocarcinomas5 for
expression of the metastases-associated genes defined above.
Hierarchical clustering in the space of these 128 genes identified
two main clusters of primary tumors with gene-expression profiles that were highly correlated with the original primary-tumor
versus metastases distinction (P = 0.002; Fig. 2a and see Web
Note A and Web Table A online). This finding confirmed that the
gene-expression program associated with metastasis was
detectable in a subset of primary lung tumors.
If the presence of the metastasis program in a primary lung
tumor is biologically significant, one might expect the clinical
outcome of individuals with that gene-expression profile to be
worse, as death from lung adenocarcinoma is in most cases
attributable to metastasis6. Indeed, individuals whose primary
tumors bore the metastases-associated gene-expression program
had significantly shorter survival times compared with individuals whose tumors lacked it (P = 0.009; Fig. 2b).
We next sought to refine the metastases-associated geneexpression signature to a smaller set of genes that reflected the
structure of the 128-gene set, reasoning that many of these 128
genes might not contribute greatly to the observed distinction. A
reduced set of 21 probes representing 17 unique genes nearest the
centroids of the two lung cancer clusters largely recapitulated the
observed outcome distinction (P = 0.010; Fig. 2c). Notably, we
found that random sets of 17 genes did not generate such distinctions (P = 0.004; see Web Note A and Web Table A online), indicating that the distinction was probably not achieved by chance
alone. Similarly, clustering the primary lung cancers in the space
of all genes on the microarray did not yield an outcome distinction (P = 0.8; Fig. 2d). These results support the idea that some
primary tumors are pre-configured to metastasize, and that this
propensity is detectable at the time of initial diagnosis.
To explore the generality of the refined gene-expression signature
associated with metastasis, we applied it to other tumor types. In 78
small stage I primary breast adenocarcinomas7, tumors bearing the
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Fig. 1 Genes associated with metastases. Columns represent human tumor samples (64 primary and 12 metastatic adenocarcinomas); rows represent the 128
genes (64 overexpressed and 64 underexpressed in metastases) that best distinguished primary from metastatic tumors using a weighted-voting algorithm in
leave-one-out cross-validation28 (cross-validation accuracy = 80%, P = 0.012 by permutation testing; see Web Note A and Web Table A online). Colorgram depicts
high (red) and low (blue) relative levels of gene expression. A ‘striped’ pattern was observed in some primary tumors (arrow), indicating the presence of a geneexpression program associated with metastases.
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gene-expression signature at diagnosis were more likely to develop γ2, myosin heavy chain, myosin light chain kinase and calponin
distant metastases than those lacking this signature (P = 0.024; Fig. (markers of smooth muscle), MHC class II DP-β1 and the tran3a). We observed a similar result in 21 prostate adenocarcinomas8 scription factor RUNX1 (unique to hematopoietic cells). The
(P = 0.022; Fig. 3b). This result was also observed in a series of 60 upregulation of collagen genes in primary tumors with metastatic
medulloblastomas9 (P = 0.029; Fig. 3c), despite that fact that these potential is consistent with recent observations that
tumors are not adenocarcinomas. Collectively, these results argue epithelial–mesenchymal interactions are critical determinants of
for generic gene-expression programs related to metastasis rather tumor cell behavior16,17. High levels of type 1 collagen in metastathan distinct mechanisms of metastasis in different tumor types. tic lesions and in the serum of individuals with metastatic disease
Notably, the refined metastasis signature did not predict outcome have also been reported18,19. Similarly, the downregulation of
in diffuse large B-cell lymphoma10 (P = 0.497; Fig. 3d), consistent expression of MHC class II in primary tumors that metastasize
with the idea that hematopoietic tumors have specialized mecha- probably reflects lower numbers of infiltrating professional antinisms for navigating the hematologic and lymphoid compart- gen-presenting cells (for example, dendritic cells and
ments. It is important to note that the use of clustering as the macrophages) that are critical for effective anti-tumor immune
analytical method allowed us to define a metastasis signature on responses20. RUNX1 is also downregulated in metastasis-prone
one microarray platform (Affymetrix HU-6800 and HU-35k subA) tumors and is both a putative tumor suppressor21 and regulator
and apply it to samples analyzed using different microarray designs of MHC class II expression in hematopoietic cells (T.R.G., unpub(Rosetta inkjet arrays and Affymetrix U95A arrays).
lished data). The gene-expression signature associated with
The refined gene-expression signature associated with metas- metastasis may thus arise from both malignant and stromal eletasis contained eight upregulated and nine downregulated genes ments in primary tumors. Notably, the large stromal component
(Table 1). None of these genes represent individual markers of of the signature would have been missed had only malignant
metastasis; rather, it was the signature taken as a whole that epithelial cells been isolated (for example, by laser capture
seemed to contain predictive information (see Web Note A and microdissection) before expression profiling.
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nature associated with metastasis seems to be derived from Fig. 2 Hierarchical clustering and Kaplan–Meier survival analysis in lung adenocarcinoma. a, Hierarchical clustering of 62
non-epithelial components of primary lung adenocarcinomas using 128 metastases-derived genes defined two predominant primary-tumor groups in
the tumor. Specifically, these the resulting dendrogram. Colorgram depicts high (red) and low (blue) relative levels of gene expression. Vertical bar
indicates genes that were originally expressed in primary tumors (black) or metastases (red). Horizontal bar (top)
include the genes encoding the (left)
indicates samples from individuals whose cancer was observed to be non-recurrent (black) or recurrent (red).
type I collagens (COL1A1 and b, Kaplan–Meier survival analysis of clusters of individuals defined by 128 genes. c, Kaplan–Meier survival analysis of
COL1A2), whose expression is clusters of individuals defined by the refined 17-gene signature. d, Kaplan–Meier survival analysis of clusters of individrestricted to fibroblasts, actin uals defined by 9,248 highly varying genes in the data set.
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The gene-expression signature associated with metastasis
Fig. 3 Broad diagnostic utility of the signature associated with metastasis in solid tumors. Kaplan–Meier analyses of clus- described here was probably
ter-defined primary-tumor subsets using the 17-gene signature associated with metastasis in a, breast adenocarcinoma
(78 individuals); b, prostate adenocarcinoma (21 individuals); c, medulloblastoma (60 individuals); and d, large B-cell identifiable only because the
primary and metastatic tumors
lymphoma (58 individuals).
in this analysis were unmatched.
The inclusion of tumors of different anatomical origin probThe data presented here support a model in which the propen- ably also enabled the definition of a tissue-independent signature
sity to metastasize reflects the predominant genetic state of a pri- associated with metastasis. Although this signature has the
mary tumor rather than the emergence of rare cells with the potential to be developed as a clinical diagnostic test, larger nummetastatic phenotype. Such a model has recently been suggested bers of samples will be required to refine it and to determine if it
on theoretical grounds, but firm genetic data supporting this view is sufficiently robust for clinical implementation.
Our findings should be distinguished from recent reports that
has been lacking22. The prevailing model predicts that the incidence of metastasis is related to the number of cells susceptible to primary tumors and metastases from the same individual are more
metastasis-promoting mutations, and hence to tumor size. similar to each other than either is to tumors from other individuMicro-metastases have, however, been observed in many individ- als25. These observations probably reflect the fact that metastases
harbor many random genetic
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aspects of tumor cell biology. The fact that the gene-expression
signature described herein is predictive of metastasis argues that
the clinical behavior of solid tumors is governed at least in part
by the intrinsic biological behavior of tumor cells rather than
simply by differential chemo- or radiosensitivity. In addition, no
previous study has provided evidence for a molecular signature
that is biologically informative in multiple tumor types. The
gene-expression signature described here may represent a composite of multiple, tissue-specific metastasis programs. The
findings are also consistent with the existence of a molecular
program of metastasis that is shared by multiple solid-tumor
types, suggesting the possible existence of therapeutic targets
common to different cancers.

Methods
Cross-platform gene mapping. Analyzing the prognostic value of genes
associated with metastasis required defining common genes present on
multiple distinct microarray platforms. We carried out the initial primarytumor versus metastases comparison on Affymetrix Hu6800 and Hu35KsubA oligonucleotide microarrays (16,063 genes; ref. 27). Primary-tumor
gene-expression outcome data sets were initially created using Affymetrix
U95A (12,600 genes; lung5 and prostate8 adenocarcinoma), Affymetrix
Hu6800 (6,817 genes; medulloblastoma9 and large B-cell lymphoma10) and
Rosetta inkjet (24,479 genes; breast adenocarcinoma7) oligonucleotide
microarrays. We carried out cross-platform mapping of genes using UniGene build #147. We considered all genes that fell into the same UniGene
clusters from both platforms to be ‘mapped’ genes (for example, there were
9,376 common mapped genes between the Hu6800/Hu35KsubA and U95A
platforms; see Web Note A and Web Table A online).

Pre-processing of data. We re-scaled each data set to account for different
microarray intensities in a given set. We multiplied each column (sample)
in the data set by 1/slope of a least-squares linear fit of the sample versus a
reference (the first sample in the data set). We did this linear fit using only
genes that had ‘Present’ calls in both the sample being re-scaled and the
reference. We chose a typical sample (that is, one with the closest number
of ‘Present’ calls to the average over all samples in the data set) as reference.
Pre-processing of the data consisted of a thresholding step and then a filtering step. We did thresholding using a ceiling of 16,000 units and a floor of
20 units. We then subjected gene-expression values to a variation filter that
excluded genes with minimal variation across the samples being analyzed
by testing for a fold-change and absolute variation over samples, comparing max/min and max – min with predefined values and excluding genes
not obeying both conditions. We used a max/min < 3 and max – min < 100
(for example, 8,176 of 9,376 genes passed this variation filter for the initial
lung adenocarcinoma analysis).
Supervised prediction. We first compared 64 primary adenocarcinomas
(breast, prostate, lung, colon, uterus and ovary) to 12 metastatic adenocarcinomas (from the same spectrum of sites but resected from a variety of
end-organs) in the mapped and filtered gene space using the signal-tonoise (Sx) statistic (see Web Note A and Web Table A online). We defined
primary tumors and metastases as classes 0 and 1, respectively. We identified the genes that best distinguished metastases from primary tumors
using a signal-to-noise metric: Sx = (µclass0 – µclass1 / σclass0 + σclass1) where,
for each gene, µclass0 represents the mean value and σclass0 represents the
standard deviation for that gene in all samples of class 0. We then applied a
weighted-voting classification algorithm as previously described and tested
it by ‘leave-one-out’ cross-validation28. Briefly, the weighted-voting algorithm makes a weighted linear combination of relevant ‘marker’ or ‘informative’ genes obtained in the training set to provide a classification scheme
for new samples after marker-gene selection using the signal-to-noise statistic (Sx). In addition to computing Sx, the algorithm also finds the decision boundaries (halfway) between the class means: bx = (µclass0 + µclass1)/2
for each gene. To predict the class of a test sample y, each gene x in the feature set casts a vote: Vx = Sx (gxy – bx) and the final vote for class 0 or 1 is
sign (Σx Vx). We calculated the total number of prediction errors in crossvalidation (for the primary-tumor versus metastases distinction) using
graded numbers of genes, and found that a final 128-gene model yielded
nature genetics • volume 33 • january 2003

the minimal cross-validation error rate (see Web Note A and Web Table A
online). We used these 128 genes for analysis.
Hierarchical clustering. We used the Cluster and TreeView software to
carry out average linkage clustering, which organizes all of the data elements into a single tree with the highest levels of the tree representing the
discovered classes29. For pre-processing, we median-centered the genes
and arrays twice (median-polished) and then normalized the genes. We
used a weighted centered correlation for arrays to carry out clustering.
Selection of the 17-gene signature associated with metastasis. The 128
genes identified by supervised learning for the metastases versus primarytumor distinction (on the Affymetrix Hu6800/Hu35KsubA oligonucleotide
microarray set) had 169 analogs on the Affymetrix U95A oligonucleotide
microarray (owing to probe-set redundancy). We used the signal-to-noise
metric to determine the individual correlation for each of these 169 probe sets
with the two primary lung tumor clusters defined through hierarchical clustering. We selected the top 21 probe sets with Sx > 0.4, which corresponded to
17 unique genes (see Web Note A and Web Table A online).
Permutation testing of the 17-gene signature associated with metastasis.
We selected 1,000 random sets of 17 genes from the pool of 11,388 highly
varying genes. We then used these gene sets to carry out 1,000 independent
clusterings of the primary lung adenocarcinomas, and subjected each clustering to Kaplan–Meier survival analysis.
Statistical analysis. We created Kaplan–Meier survival curves using SPlus. We used the Mantel–Haenszel log-rank test to calculate the statistical significance (P value) of differences between survival curves. We carried out two-tailed t-tests using S-Plus to determine the correlation
between individual genes in the signature associated with metastasis and
clinical outcome in each solid-tumor data set to determine whether any
single gene was solely capable of yielding statistically significant clinical
outcome differences.
URLs. Further details on data sets and analysis are available at http://wwwgenome.wi.mit.edu/cancer/solid_tumor_metastasis. Information about SPlus is available at http://www.insightful.com.

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