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Abstract

Breast cancer comprises a group of distinct subtypes that
despite having similar histologic appearances, have very
different metastatic potentials. Being able to identify the
biological driving force, even for a subset of patients, is crucially
important given the large population of women diagnosed with
breast cancer. Here, we show that within a subset of patients
characterized by relatively high estrogen receptor expression for
their age, the occurrence of metastases is strongly predicted by a
homogeneous gene expression pattern almost entirely consist-
ing of cell cycle genes (5-year odds ratio of metastasis, 24.0; 95%
confidence interval, 6.0-95.5). Overexpression of this set of genes
is clearly associated with an extremely poor outcome, with the
10-year metastasis-free probability being only 24% for the poor
group, compared with 85% for the good group. In contrast, this
gene expression pattern is much less correlated with the
outcome in other patient subpopulations. The methods de-
scribed here also illustrate the value of combining clinical
variables, biological insight, and machine-learning to dissect
biological complexity. Our work presented here may contribute
a crucial step towards rational design of personalized treat-
ment. (Cancer Res 2005; 65(10): 4059-66)

Introduction

Being able to predict outcome and to understand the biological
mechanisms leading to poor outcome are two key objectives in
cancer research. Recently, important new diagnostic and prognos-
tic information for various cancers has been provided by gene
expression profiling studies (1–14). However, a major challenge
raised by these studies is to develop appropriate strategies for
integrating gene expression data with clinical and histopathologic
variables to further improve predictive power and provide deeper
insights into disease mechanisms that will have clinical impact.
We previously established a 70-gene–based prognostic classifier

(3) for breast cancers diagnosed before age 55. This classifier
outperformed clinical predictors and showed good potential in
selecting good outcome patients and thereby minimizing overtreat-
ment (15). However, the group of patients that were predicted to
have a poor outcome did not have uniform outcomes, with many
(52%) patients not developing metastases (mean follow-up of
f8 years). Moreover, the 70 prognostic genes are involved in a

variety of biological processes and thus provided limited insight into
biological mechanisms that affect clinical outcome. The uniform
gene expression pattern for good outcome patients and heteroge-
neous patterns for the poor outcome patients in refs. (3, 15) suggest
that the biological processes associatedwith good outcome aremore
homogeneous than those associated with poor outcome. These
observations led to two topics that are the focus of the current study:
(a) identifying a subset of patients with high risk to poor outcome
and (b) identifying a coherent set of genes that provide biological
insight into the mechanisms responsible for poor outcome.
Gene expression alone is likely to identify a subset of patients that

are dominated by poor outcome only if the relevant patient groups
have a distinctive gene expression pattern. When this is not the case, it
may be possible to use clinical measures and existing understanding
(even if incomplete) of the disease process to impose specific patient
stratification to guide the machine-learning phase of gene expression
analysis to develop a prognostic classifier. Such an integrated approach
to find optimal prognostic classifiers is the subject of this study.
Specifically, we used the estrogen receptor (ER) level and its

variation with age at diagnosis to subdivide the patients. ER status
has a marked influence on the gene expression in breast cancer,
affecting the expression of >10% of the genes in breast tumors (2, 3, 5,
16, 17), and is generally thought to have an important impact on
survival (15, 18–20). Age is also prognostic, with breast cancer in
younger patients having a poorer outcome (21). These two variables
have been previously used as independent prognostic factors, and
interestingly, it has recently been reported that the percentage of
ER+ breast carcinomas increases with patient age (22).
The current study shows that using this combination of clinical

variables, a subgroup of patients is identified in which expression
of proliferation-associated genes is a very strong predictor of
outcome. In contrast, proliferation index and tumor grade (a
histologic assessment about the aggressiveness of cell growth) have
only limited predictive power when used without preselection of
patients (see, e.g., refs. 15, 23–27).

Materials and Methods

Tumor samples
Three hundred and eleven breast carcinoma samples that satisfied the

selection criteria defined in ref. (15), and described in recent publications

(3, 15), were included in the analysis. Specially, these samples include 295
samples from our cohort study (15) and 16 nonredundant samples from our

initial study (3). All clinical data are shown in Table S1 of the Supplementary

Information.

Data analysis
Estrogen receptor level. ER level was measured by a 60-mer oligo-

nucleotide on our human microarray. Because every individual sample

Note: Supplementary data for this article are available at Cancer Research Online
(http://cancerres.aacrjournals.org/).
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was compared with a pool of all samples, the ratio to pool was used to
measure the relative expression level. We used the same threshold of �0.65

on log10 (ratio) to separate the ER+ group from the ER� group as previously

established in ref. (3).

Classification method. The basic algorithms for classification used
here are the same as previously used in ref. (3), except for changes listed

below.

Feature selection and performance evaluation. For the prognosis in

each group, we started by filtering noninformative genes as described in
ref. (3). The second step involved a double loop of leave-one-out cross-

validation procedure, with the first loop to select the ‘‘training samples’’

(see section below), and the second loop to evaluate the performance.

Prognostic features were selected based on the training samples by
their correlation to outcome and were reselected during each step of

leave-one-out cross-validation. See Supplementary Information for more

details.
Identifying homogeneous patterns and dominant mechanism by

iterative training sample selection. We developed a method called

‘‘iterative training sample selection’’, or ‘‘homogeneous pattern’’ in order to

reveal the dominant mechanisms. In the first step, only the samples of
those patients who had metastases within 5 years or who were

metastases-free with more than 5 years of follow-up time were used as

the training set. Based on these training samples, a complete leave-one-

out cross-validation (including reselecting features) process was done.
During this step, the number of features was fixed at 50 genes (the

number is chosen to provide a stable classifier by our algorithm). The

training samples that were not correctly classified (poor samples
correlating more to the average good, or vice versa) by this leave-one-

out cross-validation process were further removed from the training set in

the second round of leave-one-out cross-validation (see Fig. S6 in

Supplementary Information for training samples used for current study).
This is the opposite of the ‘‘boost’’ algorithm (28). The boost algorithm

increases the weight of the misclassified samples in the training for

improving the accuracy of the classifier. The current algorithm focuses on

the most common prediction rule (mechanism) within the data set by
excluding the ‘‘unpredictable’’ from the training set for robust feature

selection. With this method, we selected a very homogeneous group of

genes which happened to all be associated with the cell cycle. Due to the
homogeneous expression pattern, the classifier accuracy is relatively

insensitive to the number of features included in the classifier. Even

though improved classifier accuracy is not the objective of this algorithm,

it resulted in an improved accuracy in this study, probably due to the
identification of a robust feature set.

Error rate and odds ratio, threshold in the final leave-one-out cross-
validation. Unless otherwise stated, the error rate is the average error rate
from two populations: poor outcome samples misclassified as good divided
by total poor samples, and good outcome samples misclassified as poor

over total good samples. We report two odds ratios for a given threshold:

the overall odds ratio and 5-year odds ratio (5-year odds ratio was

calculated from those samples with more than 5-year metastases-free or
metastasized within 5 years). The threshold was applied to cor1 � cor2,

where ‘‘cor1’’ is the correlation to the ‘‘average good profile’’ in the training

set, and ‘‘cor2’’ is the correlation to the ‘‘average poor profile’’ in the training
set. The threshold in the final round of leave-one-out cross-validation was

determined by a method described in Supplementary Information to avoid

overestimating the performance.

Correlation calculation. The correlation between each gene’s expres-

sion log(ratio) and the end point data ( final outcome) was calculated using

the Pearson correlation coefficient. The correlation between each patient’s

profile and the average good profile and average poor profile is the cosine

product (without mean subtraction).
Kaplan-Meier plot. Only the patients belonging to the original 295

cohort samples were used for the Kaplan-Meier plot. Overall survival was

defined by death from any cause. In the analysis of distant metastasis-free
probabilities, patients whose first event was distant metastases were

counted as failures; all other patients were censored at the date of their last

follow-up, non–breast cancer death, local-regional recurrence or second

primary malignancy, including contralateral breast cancer. Time was
measured from the date of surgery. Metastasis-free curves were drawn

using the method of Kaplan and Meier and compared using the log-rank

test.

Results

Estrogen receptor level dependence on age and sample
stratification based on this dependence. Because the ER level is
a dominant factor in breast cancers at the molecular level (3,
16, 29), and age is a prognostic factor (25, 30), we grouped patients
based on these two characteristics. When the ER level obtained
from the microarray measurements was plotted versus age
(Fig. 1C) for the ER-positive patients, we noticed that the patients
were not evenly distributed. There seems to be a paucity of
samples in the top left and bottom right corners, suggesting a
general trend of ER expression increasing with age. This trend is
further supported by including patients with age at diagnosis
greater than 55 years from a separate data set [see Fig. S1 of
Supplementary Information, where the lack of samples in the
bottom right is more obvious (P = 1.1 � 10�9), and the ER
expression level of ER+ patients relative to the ER� population is
even higher]. In addition to this general trend, we also observed
indications of two subpopulations as separated by the yellow line
in Fig. 1C and D . A bimodality test based on Monte-Carlo
simulation shows that the probability of observing such a
separation by chance is <0.01% (see Supplementary Information).
This division of patients based on the combination of ER

expression and age triggered further investigations. As shown in
Fig. 1, we stratified the breast cancer samples based on their ER
expression level and age. The samples above the yellow line are
termed ‘‘ER/age high’’ group (which means high ER expression
for their age; 83 patients, all from the 295-patient cohort in
ref. 15), and the samples below the yellow line as ‘‘ER/age
low’’ group (156 patients, 143 from the 295 patient cohort in
ref. 15).
Overall outcome is poor in the ER/age high group. The

fraction of patients who developed metastases was 43% in the ER/
age high group, and 24% in the ER/age low group. The probability
of observing such an asymmetry in metastases rate by chance is
3 � 10�11. This drastic difference in metastasis rate provides
additional evidence of two subpopulations within the ER+
patients.
Cell cycle genes are strongly prognostic in ER/age high

group, but less or nonprognostic in other groups. Within the
ER/age high group, we identified a group of 50 prognostic
reporter genes that were highly correlated with the outcome (see
Materials and Methods and Table S3 in Supplementary Informa-
tion). Moreover, the expression of these prognostic genes is
relatively homogeneous as indicated by high similarity in
expression patterns among those genes as shown in Fig. 2A .
Leave-one-out cross-validation, including reporter selection,
yielded an odds ratio for metastasis of 14.6 [95% confidence
interval (CI) 4.7-45.4] and 5-year odds ratio (see Materials and
Methods) of 24.0 (95% CI, 6.0-95.5; see Table 1 for summary
information). In the group of patients predicted to have a poor
outcome, 31 out of 45 (69%) developed metastases (mean follow-
up time, 7.1 years). The 10-year metastasis-free probability is only
24% ( for Kaplan-Meier plots, the leave-one-out cross-validation
was used to predict samples into ‘‘good’’ and ‘‘poor’’ prognosis
groups, Fig. 2C). In contrast, in the group predicted to have a good
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Figure 1. ER level versus age for ER-positive breast
cancer patients at primary diagnosis. A, ER level
distribution for the breast tumors in current study. The
ER level was measured relative to the average level
of all samples using microarrays. B, age (years)
distribution of all samples in current study. C, scatter
plot of ER level versus age. The yellow line is used to
stratify the ER+ samples [characterized by ER
log(ratio) > �0.65] into ER/age (years) high (above
the line) and ER/age low (below the line) groups. The
ER� patients characterized by ER log(ratio) < �0.65
were not shown in this plot. (Red dots) patients who
developed metastases; (blue dots) good outcome
patients who were metastases-free within follow-up
time interval. D, histogram of metastasis patients
when projected along the yellow line with age + 10 �
log(ER) [‘‘ER-corrected age’’, or simply, the ages
where the line crosses the ER log(ratio) = 0].

Proliferation Strongly Predicts Breast Cancer Metastasis in Subpopulations
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outcome, only 5 out of 38 patients (13%) developed metastases,
and the 10-year metastasis-free probability is 85%. It is
noteworthy that the overall survival rate at 10 years is only 46%
for the poor prognosis group, in comparison with 96% for the
good prognosis group (Fig. 2D).
Examination of molecular functions and biological processes of

the 50 prognostic genes reveals that many of the highly expressed
genes in tumors of poor outcome are cell cycle-associated genes
( for example, STK6 , STK12 , CCNB2 , CCNE2 , BUB1 , CDC6 ,
CDC25A , CDC45L , MAD2L1 , RBL2 , E2F1 , KNSL5 , UBE2C , UBCH10 ,
PKMYT1 , and BIRC5). Further examination of these genes in
synchronized HCT116 colon cancer cell line reveals that 16 genes
are G1 phase specific (overexpressed in G1 phase) and 25 genes
are G2-M specific (see Supplementary Information). Thirty of the

50 prognostic genes are also supported by a previous study (31)
as cell cycle–related genes.
Overexpression of cell cycle genes is indicative of cell

proliferation, which in turn is known to be associated with poor
outcome. Patients whose tumors have a high proliferation rate
have an increased risk (10-20%) of metastasis or death (see, for
example, refs. 32, 33). This relatively small difference in outcome
may be due primarily to the fact that cell proliferation has less of
an impact on outcome in the ER/age low patients (Fig. 3A) and
essentially no impact on outcome in the ER� patients (Fig. 3D).
When the same classifier was applied to the ER/age low group
(the ER+ patients not included in the ER/age high group), the
overall odds ratio for metastasis is 1.59 (95% CI, 0.74-3.41) and
5-year odds ratio is 3.51 (95% CI, 1.24-10.0). To construct a

Figure 2. Prognosis genes and their performance
in the ER/age high group. A, the heatmap of
log10 (ratio) represents 50 reporter genes in 83
patients; (rows) patients, (columns) genes.
Individuals below the yellow line were classified
as poor outcome patients based on the gene
expression pattern. Magenta in the heatmap
indicates overexpression (relative to the average)
and cyan indicates underexpression. Panel
immediately right of the heatmap indicates
metastasis time (for patients that developed
metastasis,.) or follow-up time (for patients that did
not develop metastasis, o). B, tumor grade (as
measured by histology) in the same sample order
as (A). C and D, Kaplan-Meier curves for
metastasis-free probability and overall survival for
all 83 samples belonging to our previous cohort
study (15). Thirty-eight samples were predicted to
have a good outcome and 45 samples with poor
outcome by leave-one-out cross-validation. For
poor versus good groups, 10-year metastasis-free
probability is 24% versus 85% (P = 1.5 � 10�7) and
10-year overall survival probability is 46% versus
96% (P = 3.0 � 10�6), respectively. Also shown is
the number of patients in each group at various time
points (0, 2, 4, 6, 8, 10, and 12 years).
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classifier, a threshold is used to separate poor outcome from
good outcome predictions. Even with a threshold reoptimized for
the ER/age low group, the overall odds ratio is only 2.79 (95% CI,
1.31-5.95) and the 5-year odds ratio is 5.29 (2.04-13.7), far less
than those for the ER/age high group. This limited power is
shown in the Kaplan-Meier plots in Fig. 3B and C . With the
reoptimized threshold, the separation between the predicted
good and poor group measured by the metastasis-free probability
and overall survival probability is only approximately 20% at 10
years. In the ER� group (Fig. 3D), almost all of the patients have
evidence of high proliferation, yet only 43% of patients develop
metastases. The error rate for predicting metastasis is approx-
imately 50% (no predictive value), no matter what threshold is
chosen for the classifier. Figure 3E and F show that almost all
samples were predicted to have a poor outcome due to the high
expression of proliferation genes.
Tumor grade correlates with the microarray findings. If we

select relatively young patients with breast cancer with relatively
high ER levels in their tumors (i.e., ‘‘ER+:ER/age high’’ group), we
find that histologic tumor grade alone has strong prognostic power
(Fig. 2B). Low grade (grade = 1) is associated with low risk of
metastasis, and high grades (grades = 2 or 3) are associated with
poor outcome. The overall odds ratio for metastasis is 5.9 (95% CI,
2.0-18.0), and 5-year odds ratio is as high as 12.5 (95% CI, 2.6-59.3).
These predictions are not as strong as those based on the gene
expression classifier, but much better than the predictions by
clinical variables for the entire patient populations, where the
hazard ratio is typically around 2 (refs. 25, 32, 34). Figure 4
compares the metastasis-free probability and overall survival rate
for low (grade = 1) and high grades (grade = 2 or 3) in the ER/age
high group and ER/age low, respectively. As shown in Fig. 4A and
B , high grades in the ER/age high group accurately predict poor
outcome (10-year metastasis-free probability is 38%, overall
survival rate is 53%), and the separation between the predicted
poor and good group is significant (P < 0.001). However, in the ER/
age low group (Fig. 4C and D), high grades are no longer associated
with very poor (10-year metastasis-free probability is 70%, overall
survival rate is 78%), and the separation between the predicted
poor and good group is not significant (P > 0.1). The poor
performance of tumor grade in the ER/age low group explains why
grade is only a limited prognostic variable for the entire patient
population. The good performance of grade in the ER/age high
group, on the other hand, provides independent support for the
rules learned from the gene expression data. Thus, the performance
of a well-known prognostic indicator such as tumor grade can be
refined and improved by combination with the ER/age variable.
Additionally, the gene expression analysis provided mechanistic
insight into the well known prognostic indicator of tumor grade,
suggesting that in the ER/age high group, proliferation is
associated with elevated grade.

Results are robust in the training and validation fashion.We
used 3-fold cross-validation to show the robustness of our process.
We randomly selected two-thirds of the samples (54 out of 83 in the
ER/age high group) as the training set, and the remaining one-third
(29 samples) were used as the validation set. The classifier
(including reselecting features) was built based on the training
samples only. To avoid the arbitrariness in dividing samples into
‘‘training’’ and ‘‘validation’’, we repeated the procedure >800 times
with a different division each time. The overall odds ratio for the
ER/age high group in the validation samples is 9.1 (95% CI, 3.0-27.7)
and the 5-year odds ratio is 21.9 (95% CI, 4.6-104.7). These numbers
agree well with the performance estimated by the leave-one-out
cross-validation process, demonstrating the robustness of our
current approach.
Results are robust to the choice of exact division of patient

groups. To gain more confidence that these are truly two distinct
subgroups, it is important to examine whether the loss of prog-
nostic power from the ER/age high group to the ER/age low group
occurs at a relatively discrete boundary, or is continuous. Thus,
we developed a classifier for all ER+ samples. Due to the homo-
geneous pattern method we used (see Materials and Methods),
the prognostic genes are again almost entirely cell cycle–related
(see Fig. S7 and ‘‘Prediction accuracy versus dividing line position
in the ER/age plot’’ in the Supplementary Information). We then
determined the prediction accuracy for the population of patients
above the yellow line of Fig. 1C as we moved the yellow line
position (in parallel to the line in the figure). As shown in Fig. 5,
the error rate increased continuously as the yellow line shifted
from left to right, but interestingly, became constant after it
passed the position indicated in Fig. 1C (see also Fig. S8 of Sup-
plementary Information for more details). This result suggests
that (a) the strong prognostic power of the cell cycle genes in
the ER/age high group is robust to the choice of exact division
of patient groups, and (b) the ER/age low group is not simply
a continuum of the ER/age high group because the error rate did
not continue to increase as one moved through the ER/age
low group.

Discussion

We have observed that for patients with breast cancer with
relatively high ER expression level for their age (i.e., the ER/age high
group), cell proliferation is a strong predictor for metastasis. This
predictive power is greatly reduced for other groups of patients
with breast cancer.
Although the present study is based on patients less than 55

years of age, our conclusions are unlikely to change when older
patients are included. As shown in Fig. 1C , the lack of patients with
ages greater than 50 years in the ER/age high group indicates that
an additional number of older patients will not affect the

Table 1. Performance of cell cycle genes in predicting outcome

Overall odds ratio

(95% CI)

5-year odds ratio

(95% CI)

10-year metastasis-free

probability

10-year overall survival

probability

P value of log-rank test

(metastasis-free)

ER/age high 14.6 (4.7-45.4) 24.0 (6.0-95.5) 85% versus 24% 96% versus 46% 1.5 � 10�7

ER/age low 2.79 (1.31-5.95) 5.29 (2.04-13.7) 82% versus 62% 92% versus 70% 0.006

ER� 2.37 (0.23-23.9) 2.61 (0.26-26.6) 75% versus 47% 75% versus 45% 0.46

Proliferation Strongly Predicts Breast Cancer Metastasis in Subpopulations
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Figure 3. Cell cycle genes have reduced or
nonprognostic power in other groups of patients
with breast cancer. Prognosis genes in the ER/age
low group (A ) and ER� group (D ). The color codes
and symbols are the same as Fig. 2. The solid
yellow line in (A) corresponds to the classifier
threshold set by the ER/age high group in Fig. 2,
and the dashed yellow line corresponds to a
reoptimized threshold for this ER/age low group.
B and C, Kaplan-Meier curves for metastasis-free
probability and overall survival for 143 samples in
the ER/age low group. Eighty-five samples were
predicted to have a good outcome and 58 samples
with poor outcome by the reoptimized threshold
within this group. For poor versus good groups,
10-year metastasis-free probability is 62% versus
82% (P = 0.006) and 10-year overall survival
probability is 70% versus 92% (P = 0.002),
respectively. Both curves show that proliferation
genes have reduced prediction power. E and F,
Kaplan-Meier curves for metastasis-free probability
and overall survival for 69 samples in the
‘‘ER�’’ group. Sixty-five were predicted to have a
poor outcome due to high expression of
proliferation genes. Both curves show proliferation
genes have no predictive power in the ‘‘ER�’’ group.
For poor versus good groups, 10-year
metastasis-free probability is 47% versus 75%
(P = 0.46) and 10-year overall survival probability is
45% versus 75% (P = 0.36), respectively.
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performance of proliferation genes in this group. The inclusion of
older age patients is unlikely to change the reduced prognostic
power in other groups either, because the prognostic value of
tumor grade for the entire patient population (the majority are
older aged) is not as strong as that for the ER/age high subgroup
we observed.
The different degrees of association between cell proliferation

and poor outcome in different groups of patients confirms the
concept that breast cancer pathogenesis and tumor maintenance is
heterogeneous, with different subtypes likely having independent
pathways of tumor progression. Previous prognostic factors for
metastases are limited by their applications to all patients, but can
be improved when applied to the right subgroup of patients as
shown in the current paper.
It is worth noting that even though the patients in the ER/age

high group are clinically heterogeneous, the incidence of distant
metastases is strongly predicted by a biologically uniform set of
genes, indicating that proliferation is the prime driving force for
disease progression. In contrast, in other breast cancer subgroups,
factors in addition to tumor cell proliferation may also be
important in determining outcome.
The results revealed by the expression data in the ER/age high

group has important clinical implications. In particular, the
prognosis of patients in this group may be predicted solely
using the combination of particular clinical and histopathologic
variables. For example, one can use an immunohistochemical
measurement of ER level if it has enough accuracy (the immuno-
histochemical measure of ER correlates with mRNA level of ER,
see, for example, ref. 3). Otherwise, PCR measure of mRNA
abundance of ER and patients’ age at diagnosis can be used to
select the ER/age high patients and to test whether tumor grade
has a significant prognostic power. If validated, this would have
a significant impact on the treatment decisions for these
patients.

Biologically, the fact that grouping patients based on ER
expression level and age yielded good results might imply that
there is an important mechanism governing the relationship
between ER expression level and patient age. After seeing good
performance with such stratification, we assessed the error rate
using various stratifications along the ER axis or age axis
independently. None of them did as well as the approach using
the ER and age dependence (see Supplementary Information).

Figure 4. Tumor grade is a strong prognostic variable in the ER/age high group, but not in the ER/age low group. A and B, Kaplan-Meier curves for metastasis-free
probability and overall survival by using tumor grade as a prognostic predictor in the ER/age high group. Twenty-eight samples were predicted to have a good outcome
(grade = 1) and 55 samples with poor outcome (grade = 2 or 3). For poor versus good groups, 10-year metastasis-free probability is 38% versus 79% (P = 0.001)
and 10-year overall survival is 53% versus 100% (P = 0.0001), respectively. Both curves show that tumor grade has strong prediction power in this group. C and D,
Kaplan-Meier curves for metastasis-free probability and overall survival by using tumor grade as a prognostic predictor in the ER/age low group. Forty-two samples
were predicted to have a good outcome (grade = 1) and 101 samples with poor outcome (grade = 2 or 3). For poor versus good groups, 10-year metastasis-free
probability is 71% versus 70% (P = 0.14) and 10-year overall survival is 78% versus 95% (P = 0.26), respectively. Both curves show that tumor grade has next to
no prediction power in this group.

Figure 5. The leave-one-out cross-validation error rate versus patient
stratification. A line parallel to the yellow line in Fig. 1C was considered. As one
moves this line from left to right, the number of patients above the line
increases. The leave-one-out cross-validation error rate for the patients above
the line (cumulative error rate) is plotted as a function of the line position. The
line position is indicated by the X-position (in age) where the line crosses
log(ER ratio) = 0. The vertical line in this figure is in the same position as the
yellow line in Fig. 1C . This figure shows that the error rate increases
continuously as the line moves from left to right, and becomes constant after it
passes the vertical line.
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From a data mining point of view, combining gene expression
with other types of information represents a promising new
direction. Gene expression data obtained from clinical samples
are generally difficult to interpret because they provide only a
snapshot of a complicated disease state. Integrating clinical
information with gene expression is crucial for the interpretation
of this rich and complicated information. From a model
prediction point of view, Pittman et al. (35) made good progress
in improving prediction accuracy by including gene expression
and clinical variables in a decision tree. In this study, instead of
equally mixing clinical data with gene expression data in a
machine-learning model, we used clinical variables to stratify the
patients.
It is not clear why patients with high ER/age seem to be so

biologically distinct. It is possible that tumors in young pa-
tients with high ER have a unique propensity to depend on
the identified proliferation-associated genes. It is noteworthy
that a homotgeneous prognostic gene expression pattern was
identified in this group, and confirmation in independent
populations would support the significance of this unexpected
finding.

In conclusion, by combining ER expression level and age, we
identified a group of patients with relatively poor outcome. Within
this group, a gene expression classifier identifies a subgroup of
patients with an almost 70% chance of metastasis. Importantly, this
gene expression classifier suggests that cell proliferation is the
driving mechanism associated with poor outcome. These results
suggest that further refinements of diagnostic predictors may more
often be generated by combining different informative clinical and
molecular variables. The integrative approach used in this study
also shows the value of moving beyond single-variable statistical
comparisons when introducing new prognostic markers.
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