
 

Abstract.

 

In order to identify key biological pathways that
can distinguish between primary breast cancers and their
lymph node metastases, we employed gene expression profiling
together with gene function-based clustering analysis. We
first acquired gene expression profiles of 9 matched primary
tumors and the corresponding metastases that contained at
least 75% of tumor cells. Then, we applied a clustering
algorithm to the preprocessed data. In order to focus on the
most informative genes, we ranked all the genes individually
based on their abilities to separate the primary breast
tumor and metastases samples. Further, we separated these
genes into six functional groups according to the Stanford
SOURCE database: ‘cell cycle,’ ‘apoptosis,’ ‘metabolism,’
‘cell adhesion and migration,’ ‘signal transduction,’ and
‘transcriptional factor and DNA binding molecules.’
Unsupervised clustering analysis using all of the 2,303 genes
on the microarrays was not able to separate the primary
and metastases samples. Clustering analysis using the most
informative genes revealed that primary tumors were more
tightly clustered, whereas the metastases samples were
relatively heterogeneous. The clustering analysis with the
genes belonging to different functional groups showed that
different functional gene sets varied in their abilities to separate

primary tumors and their metastases. Marked separations
were found with genes involved in metabolism, signal trans-
duction, cell cycle, and transcriptional factor and DNA
binding molecules. In contrast, apoptosis and cell adhesion and
migration genes did not provide a clear separation of the two
groups of samples. These results suggest that metastatic cells
have different metabolism and signal transduction activities,
regulated by transcriptional events, from the primary tumor
cells. The results also suggest that the altered cell adhesion and
migration potentials that are required for tumors to metastasize
already exist in the primary tumors as a whole.

Introduction

Breast cancer is a major health problem for women worldwide.
Early detection of a local tumor before metastasis is a key to
effective response to therapy by surgery and adjuvant chemo-
and hormone treatment (1). The presence of lymph node
metastases is often the first step of the disease progression
from a more local and contained stage to a more aggressive
stage, eventually leading to distant metastasis. Breast cancers
with distant metastasis are poorly responsive to any therapy
currently in use (2). Therefore, detection of sentinel lymph
node metastases represents a major effort in breast cancer
prognosis and disease management. Comparative molecular
and genomic studies of primary breast cancers and their
lymph node metastases, thus, may offer insight into the key
events that underlie this important transition of the disease.

The development of genomic biology together with
informatics has provided powerful tools for investigating the
changes at gene levels in the disease progression. Because
the disease is highly heterogeneous and multifaceted, involving
many different cellular activities and genes, high-throughput
gene expression profiling approaches have been used in
recent years to identify the sets of genes that have diagnostic
and/or prognostic value in breast cancers (2-4). Different
computational methods, such as multidimensional scaling
(MDS) (5), have been frequently used to illustrate the
separation of different groups of disease based on gene
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expression patterns. Using these techniques, normal breast
epithelium and cancer or breast cancers that have or do not
have mutations in BRCA gene have been successfully
separated (6,7). Breast cancers with different subtypes
such as luminal or basal types are also proposed to have
different ‘molecular portraits’ (8). Further, using supervised
statistical methods, 70 genes have recently been found to
be informative for predicting breast cancer prognosis (2,3).
In a similar fashion, Ramaswamy et al compared gene
expression profiles of unmatched primary tumors and
metastases from several cancer types and identified 17
signature genes for metastases containing eight upregulated
and nine downregulated genes (4).

There are several motivations for comparing the gene
expression profiles between paired primary breast cancer
cells and their metastases. First, the results may reveal the
key gene expression events that transform the primary
local tumor into a systemic metastasis. Second, scrutiny of
the differentially expressed genes may provide insight into
the different cellular states between primary tumors and
metastases. This is clinically pertinent because cellular
status such as cell cycle and metabolism may affect how
cells respond to certain chemotherapy drugs. Many drugs
such as 5-fluorouracil and cisplatin preferentially kill
proliferating cells (9). Finally, the use of matched primary
and metastases samples from the same patients reduces the
variability introduced by inter-patient heterogeneity and thus,
improves the specificity and sensitivity of the analysis.

Several early studies have used all the genes included in
the microarray for clustering analysis. Although this method
can be successful for separating very distinct groups, such
as normal and tumor, high-grade and low-grade tumors, or
different sub-types of tumors, clustering analysis based on all
genes may fail to separate groups with more subtle differences.
An alternative approach is to first select informative genes (or
the intrinsic gene set) based on differences in gene expression
and then use this set of genes for clustering analysis (10). In
this study, we moved one step further. We first used all genes
followed by the informative genes for clustering. Then, we
classified the informative genes into six functional groups
based on known gene ontology information and used the
functionally informative genes in the clustering analysis.
Discrimination approaches utilizing similar knowledge-based
methods have also been used by others (11). Using this
knowledge-based approach, we identified the functional
groups of genes that best separate primary breast cancers and
their lymph node metastases.

Materials and methods

Breast cancer tissues. The primary and lymph node metastases
tissues were surgically removed from the patients as part of
the treatment. A fraction of the tissues were snap-frozen in
liquid nitrogen immediately after surgical resection. The
procedure of tissue collection and use of the material for
research were approved by institutional reviewing committee
of Tianjin Cancer Hospital. The tissues were evaluated with
H&E staining by a pathologist (B. Sun). Only tissues with
>75% tumor cells by pathological evaluation were used for
microarray studies. Because of this stringent criterion, 9

paired samples obtained initially for this study were excluded
for this analysis and 9 paired primary breast cancer (P) and
metastases (M) were used in this study.

Microarray assay. RNA isolation, microarray production,
hybridization, and image analysis were carried out as
previously described (12-15). Each matched primary breast
tumor and the corresponding metastases sample were
hybridized on the same array, the samples being labeled with
Cy3 and Cy5, respectively. A cDNA microarray generated
by the Cancer Genomics Core Laboratory, M.D. Anderson
Cancer Center, was used in this study. The array contains
2,303 known genes and ESTs printed in duplicate. The data
set consisted of 9 matched primary breast tumor (P) and
metastases (M) samples, resulting in 18 gene expression
profiles in total. Each gene activity profile, a measurement
from either P or M, contains the gene expression value for
2303 genes. All the measurements are replicated twice.

Preprocessing. The data set was preprocessed as follows:
First, the replicated background-subtracted signal intensities

, for each sample 1≤j≤18 and each gene 1≤i≤2303,
were combined by averaging. The averaged expression values

were log-transformed (base 2):
arithmic-domain values were further processed. Since the
data is from a two-color microarray system, the dye bias
effect was corrected using the standard ‘lowess’ smoothing-
based normalization with smoothing parameter f=20%
(16). All genes were used in the local robust fits. Shift and
scale normalization between different arrays was done for
each array separately by subtracting the median and dividing
by the mad (median absolute deviation from the median), i.e., 

Informative gene selection. Since we aim to distinguish
between primary breast cancers and their corresponding
metastases, based on the gene expression profiles only, we
focused on the most informative genes for class prediction.
For that purpose, we ranked the genes based on the standard
paired two-sample t-test (or t-statistic). (Note that the standard
paired two-sample t-test reduces to the one sample t-test of
paired differences, with the null hypothesis being that the
mean of the differences is zero.) The 25 most informative
genes are shown in Fig. 1.

Before performing the knowledge-based clustering analysis,
we should decide which genes are selected to be informative.
In order to have a large enough number of genes in further
clustering analysis, which would provide us the general
picture of the selected biological processes, we define the
informative genes to be the ones whose significance value
does not exceed 0.1. We found in total 446 genes in our data
set satisfying the above criterion.

Gene function-based analysis. Our exploratory data analysis
showed that the expression values of the 5th sample, both
from P and M, were significantly different from the expression
values of the other samples. Since results of clustering
algorithms may be significantly distorted by outliers, we
excluded the 5th sample from further analysis.
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Figure 1. The 25 most informative genes as obtained by the paired t-statistic-based gene ranking. The normalized expression values of each candidate gene are
plotted on the horizontal axis. Symbols: stars, primary breast tumor; and squares, corresponding metastases. Gene names (or accession no. if no standard gene
name was found) are shown on the left. The corresponding t-test-based significance values are shown on the right.

Figure 2. Clustering results for the primary and metastasis samples using principal component analysis (PCA). The number of genes used: (a), all the 2,303
genes, (b), the 446 informative genes (see text for details), (c), only the 255 most informative genes, and (d), the 72 most significant genes based on the paired
two-sample t-statistic. Symbols: stars, primary breast tumor; and squares, corresponding metastases.



First, the primary and metastases samples were subjected
to principal component analysis (PCA) (17). PCA-based
clustering results using all the genes and using the set of
informative genes for which the significance value is ≤0.1,
≤0.05, and ≤0.01 (see above) are shown in Fig. 3a, b, c, and d,
respectively. Since the number of measurements is far smaller
than the number of genes, we use a standard approach

when solving the eigenvalue-eigenvector problem for the
sample covariance matrix of the measurements xi, i=1,..., N. Let

eigenvalues of the original sample covariance matrix ∑=ATA,

by multiplying them by AT.
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Figure 3. Knowledge-based clustering results for the primary and metastasis samples using all genes from one of the six functional categories at a time. (a), ‘cell
cycle’ (65); (b), ‘apoptosis’ (44); (c), ‘metabolism’ (106); (d), ‘cell adhesion and migration’ (86); (e), ‘signal transduction’ (289); and (f), ‘transcriptional
factor and DNA binding molecules’ (253). The number of genes in each category is shown in parentheses. Symbols: stars, primary breast tumor; and squares,
corresponding metastases.

and . Instead of finding the
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The clustering significance values were obtained by a
simple permutation test (18). For the test statistic, we used
the trace of the within-cluster scatter matrix. Let c1,..., cN/2 and
cN/2+1,..., cN be the configurations of the primary breast cancer
and the corresponding metastases samples after the clustering
(i.e. in the eigenvector space), and 

The scatter matrices for both classes are 
, the within-cluster scatter matrix is S=SP+SM,

and the actual scatter criterion itself is trace (S) (see ref.
17 for further details). Permutation distribution of the test
statistic was computed based on 10,000 times repeated
random permutation of the class labels and the significance
value was taken to be the fraction of samples not exceeding
the test statistic for the original sample.

The same discrimination as described above was then
repeated, but now using only genes from a certain functional
group at a time. Genes were categorized into functional
groups using the SOURCE database (online-service of the
Genetics Department in Stanford University) (19). Table I
shows the number of genes in each functional category for all
the 2,303 genes (the first column) and for the informative
genes (the second column). Note that some genes may
belong to more than one functional category. In further
analysis, we allow genes to belong to several categories,
partly because the decision of the main biological process is
ambiguous for some genes. This results in a type of fuzzy
memberships. The final knowledge-based discrimination
results are shown in Figs. 3 and 4. In Fig. 3, all the 2,303 genes
are categorized into functional groups and used in the analysis,
whereas in Fig. 4 only the informative genes are categorized
into functional groups and used in the PCA analysis.

Results

The informative genes were identified using the standard
paired t-statistic. The results are shown in Fig. 1. The

normalized expression values of each candidate gene are
plotted on the horizontal axis. Expression values of the
primary breast tumor and the corresponding metastases are
shown as stars and squares, respectively. The most promising
genes for class separation are on the top of the graph.

In order to decide which genes to use in further analyses,
we looked at the t-test-based significance values of the genes.
One would like the number of identified ‘informative’ genes
to be high enough to see the general picture of the differences
in the expression profiles between the two classes (P and M),
and especially to identify the biological processes that exhibit
major divergence at the transcriptome level. The subsequent
clustering methods based on only a few genes would not
provide the general picture of the biological processes, but
merely reflect the behavior of only a few differentially
expressed genes. Thus, we define the ‘informative’ genes to
be the ones whose significance values do not exceed 0.1. We
found 446 genes in our data set satisfying this criterion.

Using all the genes, principal component analysis
(PCA)-based clustering did not reveal a clear separation
between the primary breast cancer and the corresponding
metastases samples (Fig. 2a). However, when the same
method was applied to the set of 446 informative genes
selected as described above, a better separation between the
two groups of samples was observed, as expected, due to
the supervised nature of the gene selection. More distinct
separation was achieved when using only the genes for which
the significance value is ≤0.05 (Fig. 2c) and ≤0.01 (Fig. 2d).
In the latter cases, there are 255 and 72 genes, respectively.
Moreover, the primary samples form a fairly tight cluster
whereas the metastases samples are relatively more spread
out. In order to get a more quantitative picture, a significance
value of the clustering result was computed by randomly
permuting the class labels (primary breast tumor and the
corresponding lymph node metastases) for each gene set (for
details, see Materials and methods). The significance values
for the gene sets are 0.5547, 0.0039, 0.0017 and 0.0004,
respectively. Because the set of informative genes separate
P and M better than the set including all genes, we expect
that the same holds when the gene function-based clustering
is applied.

The same clustering analysis was carried out incorporating
prior biological information. That is, the genes were first
categorized into six functional groups, ‘cell cycle,’ ‘apoptosis,’
‘metabolism,’ ‘cell adhesion and migration,’ ‘signal trans-
duction,’ and ‘transcriptional factor and DNA binding
molecules,’ and each of the six functional gene sets was then
used to perform knowledge-based clustering analysis. The
numbers of genes in each functional category are shown in
Table I. Note that some genes may belong to more than
one functional category. In Fig. 3, all of the 2,303 genes are
categorized into functional groups and used for discrimination,
whereas in Fig. 4, only the 446 informative genes categorized
into functional groups are used for clustering. As expected,
the gene function-based clustering results using only the
informative genes reveal clearer separation between P and
M than that obtained when all of the 2,303 genes were
used. Also, it is worth noting that none of the functional
categories provide a ‘perfect’ separation between the two
classes; the results in Fig. 4 only give a general picture of the
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Table I. The number of genes in each functional group.a

–––––––––––––––––––––––––––––––––––––––––––––––––
Functional category No. of genes  No. of genes 

among all the among all the
2,303 genes ‘informative’ 

(446) genes
–––––––––––––––––––––––––––––––––––––––––––––––––
‘Cell cycle’ 65 11
‘Apoptosis’ 44 7
‘Metabolism’ 106 19
‘Cell adhesion and migration’ 86 12
‘Signal transduction’ 289 52
‘Transcriptional factor and 253 51
DNA binding molecules’
–––––––––––––––––––––––––––––––––––––––––––––––––
aThe first column shows the number of genes in each functional
group when all the 2,303 genes are considered. The second column
shows the number of genes in each functional group when only the
informative 446 genes are counted.
–––––––––––––––––––––––––––––––––––––––––––––––––

where (similarly for the metastases samples).
and

...



underlying differences between primary breast tumors and
the corresponding lymph node metastases for each functional
group of genes. The significance values for the knowledge-
based discrimination results in Fig. 3 are: ‘cell cycle’ (0.3706),
‘apoptosis’ (0.3529), ‘metabolism’ (0.4991), ‘cell adhesion’
and migration’ (0.6981), ‘signal transduction’ (0.6208),
and ‘transcriptional factor and DNA binding molecules’
(0.6450). The same significance values for the corresponding
knowledge-based discrimination, when incorporating only

the informative genes, are (Fig. 4): ‘cell cycle’ (0.0227),
‘apoptosis’ (0.1571), ‘metabolism’ (0.0107), ‘cell adhesion
and migration’ (0.3465), ‘signal transduction’ (0.0118), and
‘transcriptional factor and DNA binding molecules’ (0.0049).

In order to test the discrimination between the two classes
(P and M) at a finer level of abstraction, we also applied
the same methods to the subcategories of the ‘cell cycle’
genes, namely ‘cell cycle regulation,’ ‘cell cycle arrest’ and
‘mitotic cell cycle.’ The obtained significance values for the

LÄHDESMÄKI et al:  BREAST CANCERS AND THEIR METASTASES1594

Figure 4. Knowledge-based clustering results for the primary and metastasis samples using the informative genes from one of the six functional categories
at a time. (a), ‘cell cycle’ (11); (b), ‘apoptosis’ (7); (c), ‘metabolism’ (19); (d), ‘cell adhesion and migration’ (12); (e), ‘signal transduction’ (52); and
(f), ‘transcriptional factor and DNA binding molecules’ (51). The number of genes in each category is shown in parentheses. Symbols: stars, primary breast
tumor; and squares, corresponding metastases.



separateness were 0.0504, 0.0154 and 0.0165, respectively,
indicating that all the subcategories could play an important
role. (The significance value for the group ‘mitotic cell
cycle’ is based on the paired t-test because there is only one
gene in that subcategory). An issue to be taken into account
is, however, that the number of genes in each subcategory
gets fairly small (8, 3, 1) which may no longer provide a
general picture of those finer functional groups.

Finally, genes for functional groups ‘transcriptional
factor and DNA binding molecules,’ ‘metabolism,’ ‘signal
transduction’ and ‘cell cycle,’ exhibit a perspicuous separation
(Fig. 4a, c, e and f). On the other hand, ‘apoptosis’ and ‘cell
adhesion and migration’ provides practically no separation
between P and M (Fig. 4b and d).

Discussion

Understanding of metastasis is very important in cancer
biology because metastasis represents a turning point in
cancer progression. With metastasis, a local disease becomes
a systemic disease and a relatively stationary disease becomes
a moving target in terms of treatment (1). Thus, metastatic
tumors invariably represent more aggressive tumors with
much less response to treatment. A fundamental question is:
what occurs at the molecular level, enabling cancer cells to
leave their original environment and move to other sites in
the body? Using transcriptome profiling technologies, we are
beginning to acquire some valuable information. Ramaswamy
et al, found 17 signature genes for the metastases in their
recent study (4). For comparison purposes, we looked at
those genes in our data set. Only four of those 17 genes
were printed on our arrays, but none of them were found to
be significantly differentially expressed. Van't Veer et al
compared gene expression profiles of non-metastatic breast
cancers and metastatic breast cancers and identified a set of
70 genes that show differential expression between the two
groups (2). Only 6 of those 70 identified genes are found
among our set of genes, and 5 of them are differentially
expressed, although the 5 genes are not ranked at the top.
Among the 70 genes is MMP9, which is known to be involved
in metastasis. Although such an approach can identify some
specific target genes, we are lacking methods for understanding
this process through a more global and functional perspective.
Thus, an important question is: which cellular pathways are
most affected when cancer cells become metastatic?

In the present study, we attempted to address this issue.
Our results shed some light on the cellular processes that
may be crucial for breast cancer metastasis. There are several
key features in our experimental design. First, because of the
tremendous heterogeneity involved in different cancers of
different patients, we believe that paired tissue samples of
primary breast cancer and lymph node metastasis from the
same patients are likely to provide more informative results.
We also recognize the potential problem of different cell
populations in different samples because surgically removed
cancer tissues often contain normal surrounding tissues and
some tissues are filled with infiltrating lymphocytes. All
those factors will increase the ‘noise’ and potentially make
the data less interpretable. Thus, among the initial 18
paired samples we accumulated, a pathologist first evaluated

the tissues and removed the tissues that have less than 75%
of tumor cells. Although we only have 9 paired samples
subsequent to this analysis, we believe the results that we
obtained with this sample set are more reliable than if we
were to use all 18 paired samples.

Second, it was not our intention to find the best classifier
genes that separate the primary breast cancers and their
metastases, although this is a valuable aim addressed in other
studies. We focused on a systems perspective and explored
the most affected molecular pathways before and after the
cancer cells moved to the lymph node. To do so, we first
identified a set of informative genes that exhibited a statistical
difference between the two groups. Although the trend of
change can be different in different samples, the fact that
the expression levels were significantly changed suggests
the molecular pathways involving these genes are perturbed
and those genes can be informative as regards the alterations
in the biological processes.

A third feature of our approach is that we incorporate
prior biological knowledge of genes into the data analysis.
Clustering analysis has been widely used to gain a global
picture of the groupings of the biological specimens used
in transcriptome studies. However, this analysis is typically
affected by ‘noise’ or non-informative genes. Therefore,
some pre-screening approach is usually needed, especially
when the differences in the informative genes are subtle. Our
studies clearly showed that the use of informative gene
sets provide much better separation between primary breast
cancers and their metastases. Looking at the 446 informative
genes, some have very little information regarding their
cellular functions whereas others have clear functional ontology
information. To gain more insight, we separated the 446
informative genes into different functional groups and used
each group of genes in the further analysis. This knowledge-
based analysis provides us with additional insight. Among
the six functional groups, ‘apoptosis’ and ‘cell adhesion and
migration’ genes did not separate primary breast cancers and
their lymph-node metastases. In contrast, ‘transcriptional
factor and DNA binding factor’ ‘metabolism,’ ‘signal
transduction’ and ‘cell cycle,’ groups all separated the
primary breast cancer and metastases much better, although
the separation was never complete. This heterogeneity may
reflect the different stages of the metastasis of different patient
cancers.

The fact that apoptosis genes did not separate the two
groups is consistent with the fact that there is no evidence in
the literature showing that apoptosis status of primary breast
cancer and their lymph node metastases are different. However,
it is intriguing that cell migration and invasion genes as a
group did not separate two groups of tissues because one
might envision that cells that migrate to the second site would
have different gene activities in migration and invasion. This
would particularly be true if only a small clone of cells in the
primary tumors is metastatic. Therefore, this result would
argue that the primary tumors at the metastasis stage have
systematically gained the potential to invade and metastasize
to other sites.

The results show that metabolism and signal transduction
genes separate primary tumors and their metastases.
Because the tumors cells are located in two different cellular
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environments, it is not surprising for them to have two
different gene activities in signal transduction. The difference
in metabolism is also meaningful. The cells that have to trek
through circulation and grow in a foreign environment must
have perhaps enhanced metabolism to achieve such a feat. Of
note, metabolism has long been suspected to be a key cellular
process involved in cancer. In the middle of the last century,
Warburg proposed a hypothesis that the cause of cancer is
primarily a defect in energy metabolism (20).

In summary, our gene function-based computational
analysis has revealed some important cellular pathways that
are important or affected when primary cells become lymph
node metastases.
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