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Abstract
PURPOSE—We recently developed a malignancy-risk gene signature that was shown to identify
histologically-normal tissues with a cancer-like profile. Because the signature was rich with
proliferative genes, we postulated it might also be prognostic for existing breast cancers. We
evaluated the malignancy risk gene signature to see its clinical association with cancer relapse/
progression, and cancer prognosis using six independent external datasets.

EXPERIMENTAL DESIGN—Six independent external breast cancer datasets were collected and
analyzed using the malignancy risk gene signature designed to assess normal breast tissues.

RESULTS—Evaluation of the signature in external datasets suggested a strong clinical association
with cancer relapse/progression, and prognosis with minimal overlap of signature gene sets.

CONCLUSION—These results suggest a prognostic role for the malignancy risk gene signature in
the assessment of existing cancer. Proliferative biology dominates not only the earliest stages of
tumor development but also later stages of tumor progression and metastasis.

Introduction
Predicting breast cancer risk in histologically-benign breast tissue has always been a challenge
that has been relegated to the pathologist who must judge the risk of breast cancer based on
the presence of histological abnormalities such as atypical ductal hyperplasia (ADH) and
lobular carcinoma in situ (LCIS). Unfortunately, many breast cancers do not seem to be
preceded by these characteristic lesions, and even when present, these are not uniformly
predictive of cancer risk. For this reason, we developed a malignancy risk signature that
identified histologically-normal, but molecularly-abnormal breast tissues with a invasive
ductal cancer-like gene expression profile. The signature was found to show increased
prevalence of expression from histolgically-normal tissue to ductal carcinoma in situ (DCIS)
to invasive ductal carcinoma (IDC). Moreover, the signature was composed of genes markedly
enriched for cell cycle and proliferative gene functions. For this reason, we postulated that the
signature might be prognostic for existing breast cancers.
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In this study, we evaluated the malignancy risk gene signature to see its clinical association
with cancer relapse/progression, and cancer prognosis using 7 independent external datasets.
To accomplish this goal, we had to identify microarray datasets with curated longitudinal
clinical endpoints. We were able to then test the proficiency of the malignancy risk gene
signature in predicting outcomes such as recurrence and survival using these datasets. We were
also able to determine the degree of overlap of the malignancy risk gene set with any published
gene sets prognostic for similar clinical endpoints, finding surprisingly little overlap amongst
genes.

There is a need to better stratify breast cancer patients in order to better apply potentially toxic
therapies for best therapeutic outcome. It is rational to predict that the genes linked to
identifying patients at risk for harboring breast cancer may be the same as those predicting the
progression of cancer.

Materials and Methods
Malignancy Risk Signature

We previously identified a malignancy risk gene signature that is capable of discerning
molecularly-abnormal breast tissues that appear histologically-normal (1). One hundred and
seventeen genes (140 probe sets: Table 1 and Supplementary Table 1) composed the signature
that was principally proliferative in function, indicating a role in the earliest stages of breast
tumor development. Its clinical association with cancer risk was validated by RTPCR and
evaluated in two independent datasets. This signature has a number of potential clinical
applications such as judging risk of breast cancer development following routine breast biopsy,
judging the need for adjuvant radiotherapy after lumpectomy, and determining the need for
completion mastectomy following lumpectomy for the breast cancer patient.

Evaluation of clinical association
We assessed the prognostic potential of the malignancy-risk score on six external independent
data sets characterized with carefully annotated clinical data and longitudinal endpoints.
Because each data set had a different set of available genes based on a number of different
microarray platforms, we used whatever genes were in common with the malignancy gene
signature to evaluate each data set (essentially a subset of the original malignancy risk gene
signature). For binary clinical outcome (e.g., cancer relapse or relapse-free), the malignancy
risk score based on the 1st PCA was used for comparison in two ways: (1) the continuous risk
score and (2) a dichotomized risk score using the median risk score as a cutoff to dichotomize
patients into two risk groups: (high risk with score >median and low risk with score<median).
Statistical analysis included logistic regression, response operating characteristic (ROC) curve,
support vector machine (SVM), as well as the univariate analysis. For survival outcome (e.g.,
time to metastasis), we used the continuous malignancy risk score and the median-cutoff binary
risk score for data analysis. The Cox proportional hazard model was used to analyze the
continuous risk score and the univariate analysis. Log-rank test and KM survival curves were
used to compare two risk groups from the binary risk score. Supervised principal components
method (SuperPCA): (2) was used to compare performance of various PCAs. This method
calculated a standardized Cox score for each gene to rank its relevance to survival. For a given
threshold of the Cox score, a subset of genes was selected to generate the first three PCAs as
covariates for survival analysis. For this study, cross-validation was performed to compare
these three PCAs to examine if the 1st PCA is sufficient to represent the malignancy-risk score.
For ordinal clinical variables (e.g., from ADH, ductal carcinoma in situ (DCIS), to IDC), the
continuous malignancy-risk score was used to correlate with cancer severity using Pearson
correlation to evaluate the trend of the malignancy-risk gene signature with cancer progression.
Analysis of variance was used to test the differences among the groups with the Tukey method
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(3) to adjust for p value for pair-wise comparison. We also used SVM analysis to evaluate the
prediction performance.

Results
We assessed the malignancy-risk score on six external independent datasets. Statistical
procedures were described in Methods Section. These external datasets permitted the
evaluation of a number of properties of the malignancy-risk signature including differentiation
of normal versus IDC, cancer relapse, progression, and cancer prognosis. (Table 2) is the
summary analysis results for these datasets.

Malignancy-risk gene signature association with IDC
Turashvili et al.’s IDC study (4)—This study examined 5 IDC samples with 2 paired
normal samples for each IDC (a total of 10 normal samples). Because this study used the same
microarray platform (1), all malignancy-risk gene probe sets were available in this data set to
calculate the malignancy risk score for the 5 IDCs and the associated 10 normal breast tissues.
Since this was a matched design (paired normal with IDC), conditional logistic regression was
initially used, but failed to converge due to strong separation of the risk score between the
normal and IDC groups. For this reason, the random effect model was used to test a difference
of the risk score between IDC versus normal tissues while adjusting for pairing information
(i.e., subject variation). Data analysis showed the malignancy risk score was higher in IDC
than in normal tissue within the same patient (p value=0.029) (Figure 1). Univariate analysis
also yielded 25 malignancy-risk genes with p values<0.05 (Supplementary Figure 1). These
data support a strong association of the malignancy risk score with IDC. Note that the use of
other PCAs (the 2nd PCA and the 3rd PCA) to calculate the risk score did not show
differentiation of the risk score between normal versus IDC samples (Supplementary Figure
1).

Cancer relapse/progression
Chanrion et al’s relapse study (5)—There were 155 patients (52 patients with relapse
(R) and 103 patients who were relapse-free (RF)) who received adjuvant tamoxifen. The
primary tumors from these patients were analyzed for expression profiles and a 36-gene
signature was developed. In this study, we examined the malignancy-risk gene signature to see
if it had comparable performance to the 36-gene signature to classify patients with relapse. The
study used 70-mer oligonucleotide microarrays (22,656 genes) for expression profiles.

There were 61 genes in common with the platform for the malignancy risk gene signature.
Among these 61 malignancy-risk genes, there were only six genes in common with the
Chanrion et al’s 36-gene signature. We compared the malignancy-risk gene signature (61 genes
in common), the top 36 malignancy-risk genes (based on univariate analysis), Chanrion et al’s
36-gene signature, and the six malignancy-risk genes (in common with the Chanrion et al’s
36-gene signature).

The four gene signatures showed a statistically significant association with the relapse of breast
cancer in the logistic regression model (Table 2 and Supplementary Figure 2). The continuous
risk score yielded a statistically significant coefficient estimate (0.14–0.35 with p<0.0005).
The area under curve (AUC) for ROC curve ranged 0.60 to 0.83 with p<0.05 (Figure 2). The
accuracy rate by SVM was similar, 72%–74% (Supplementary Figure 2). The two sample t-
test also showed a statistically significant difference of risk score between relapse group versus
relapse-free group (p≤0.005) (Figure 2). For the dichotomized risk score, the odds ratio (OR)
ranged 2.99 to 11.67 with p<0.005 for the first three gene signatures. Evaluation of other PCAs
in the malignancy-risk gene signature showed that inclusion of the 2nd PCA and the 3rd PCA
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in the model showed little improvement in AUC and accuracy rate (Supplementary Figure 2).
In the univariate analysis based on two-sample t-test, there were 50 out of the 61 malignancy-
risk genes (50/61=82%) with p<0.05 (in contrast to 60% genes with p<0.05 when using all the
22,656 genes; see Supplementary Figure 2).

Ma et al’s breast cancer study (6)—The study collected 8 ADH, 30 DCIS, and 23 IDC
samples. There were 21 genes profiled in this study that were in common with the malignancy-
risk gene signature, and were used to calculate the malignancy risk genes. Correlation analysis
showed an increasing pattern of the risk score with cancer progression from ADH to IDC
(Figure 3). Pearson or Spearman correlation coefficient was 0.5, with a significant p
value<0.0001 by ranking the cancer status from 1 to 3 for ADH to IDC. Pair-wise comparison
showed that the risk score was significantly different between IDC/DCIS and ADH (adjusted
p value=0.0001, and 0.0147 for IDC and DCIS, respectively; Figure 3). Further analysis using
logistics regression model (with the ADH group as the control group) demonstrated a strong
association of the risk score with cancer status (OR=2.28 and 3.31 for DCIS and IDC with p
value=0.016 and 0.008, respectively). In addition, we evaluated the prediction performance on
the DCIS samples. A SVM classifier was built with an accuracy rate of 81% by leave-one-out-
cross-validation. The classifier predicted most of the 30 DCIS samples to be in the IDC category
(26/30) and a few DCIS cases favoring to ADH group (4/30) (Supplementary Figure 3). We
also compared the malignancy risk score generated by PCA1 (1st PCA) versus other PCAs
(2nd PCA and 3rd PCA). In contrast to PCA1 showing a cancer progression pattern, the 2nd

PCA and the 3rd PCA did not demonstrate cancer progression from ADH to IDC
(Supplementary Figure 3). Univariate analysis by Pearson correlation yielded 16 malignancy-
risk genes with a p value <0.05 (Supplementary Figure 3).

Cancer Prognosis
van ‘t Veer et al’s breast metastasis dataset (7)—This study collected one training set
(a total of 78 breast cancer patient samples) and one test set (n= 295 patients, including 32
patients from the training set), with the time to metastasis as the clinical outcome, to develop
a 70 gene signature. In our study, we used the training set (n=78) and the test set which excluded
the 32 patients from the training set (n=263) to examine if the malignancy-risk genes could
predict metastasis.

There were 117 features that could be utilized to test with the malignancy-risk gene signature.
Among them, there were 7 genes in common (Supplementary Figure 4) between the reported
70 gene signature and the malignancy risk gene signature. We compared performance of
survival analysis for the 3 gene signatures (malignancy-risk signature, 70 gene signature, and
7 genes in common) based on the malignancy risk score. For the dichotomized risk score, we
used median of the risk score as cutoff to dichotomize the 78 patients (training set) into two
risk groups. The median cutoff of the risk score from the training set was also used to
dichotomize the patients into two risk groups for the test set (n=263). Log-rank test and KM
survival curves were used to compare the two risk groups for both datasets (training and test
sets). The risk score was calculated in the same way for the 70 gene signature and 7 common
genes, respectively.

The three gene signatures showed a statistical association with metastasis in both training and
test sets (Table 2). For example, the three gene signatures performed well to separate survival
curves of the two risk groups (Figure 4 and Supplementary Figure 4) for both datasets (training
and test sets). The 70 gene signature performed the best because the signature was derived
from the dataset (Figure 4). However, the performance for the malignancy-risk signature was
comparable to the 70 gene signature, especially in the test set (χ2=12.2 with p=0.0005 for the
training data; and χ2=22.4 with p<0.0001 for the test data). Even when limited to the 7 genes
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in common, it also had a comparable performance (Supplementary Figure 4). For comparison
of various PCAs, analysis by SuperPCA showed that the model with the 1st PCA outperformed
the other two models (2 PCAs and 3 PCAs), suggesting the 1st PCA was sufficient to represent
the malignancy-risk score (Supplementary Figure 4). Univariate analysis by the Cox
proportional hazards model showed 48 malignancy-risk genes with a p value<0.05 in both
training and test sets (Supplementary Figure 4).

Wang et al’s breast cancer relapse free survival study (8)—The dataset includes 286
lymph-node negative breast patients with metastasis-free survival as clinical endpoint. A 76
gene signature was derived from this dataset (7) to predict distant metastasis. There were 102
probe sets (from the ~20K probe sets) in common with the malignancy risk gene signature.
There were only 4 genes in common (Supplementary Table 1 and Supplementary Figure 5)
between the 76 gene signature and the malignancy risk gene signature. We compared the 3
gene signatures (malignancy-risk signature, 76 gene signature, and 4 genes in common) based
on the malignancy risk score.

Results: The three gene signatures performed well to show their statistically significant
association with breast cancer relapse free survival either in the continuous risk score or in the
dichotomized risk score (Table 2 and Supplementary Figure 5). For example, survival curves
of the two risk groups were well separated (Figure 5 and Supplementary Figure 5) for the
dichotomized risk score. The 76 gene signature performed the best because the signature was
derived from this dataset. However, the performance for the malignancy-risk signature
(χ2=12.6; p=0.0004) was almost comparable to the 76 gene signature. Even for the 4 genes in
common, it also had a comparable performance (Supplementary Figure 5). For comparison of
various PCAs, analysis by SuperPCA showed that a cross-validation curve by the 1st PCA
reached above the statistically significant level (Supplementary Figure 5). While inclusion of
the 2nd PCA and the 3rd PCA in the model also showed statistical significance, most was
contributed by the 1st PCA (Supplementary Figure 5). Univariate analysis yielded 64
malignancy-risk genes (of the 102 genes) with p value <0.05 (Supplementary Figure 5).

Huang et al’s breast lymph node study (9)—This breast cancer microarray data included
18 patients with positive lymph node (LN) and 19 patients with negative LN. There were 112
probe sets from this dataset in common with the IDC-like normal gene signature. The
malignancy risk score was generated using the 1st PCA from the 112 probe sets. Results:
Logistic regression model showed both a statistically significant association of the malignancy
risk score with the LN status (Table 2). The continuous risk score yielded a statistically
significant coefficient estimate, 0.20, with p=0.0107. The area under curve (AUC) for ROC
curve was 0.75 (Figure 6). For the dichotomized risk score, the odds ratio was 7.29 with
p=0.007 and an accuracy rate of 73%. SVM gave the same accuracy rate (Supplementary
Figure 6). Similarly, two sample t-test showed a statistically significant difference of risk score
between positive LN versus negative LN (p= 0.004) (Figure 6). In addition, we included the
2nd PCA and the 3rd PCA in the model for analysis. Results showed little improvement in AUC,
but had some improvement in accuracy rate for the first 3 PCAs (from 73% to 84%)
(Supplementary Figure 6). Univariate analysis by two-sample t-test showed 34 probe sets
(34/122=30%) with p<0.05 (Note that three genes, CDC2, NME1, and TOP2A, had three probe
sets per gene with p<0.05) Supplementary Table 1 and Supplementary Figure 6). In contrast,
there were only 7% genes (912 out of 12625 probe sets) with p<0.05 when using all probe sets.
Fisher exact test showed a highly statistical significance (p<0.0001), indicating that it is
unlikely by chance to have such large proportion of significant genes (30%).
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Discussion
While the malignancy-risk gene signature may be principally useful to assess cancer risk, we
explored its property in a broader scope. Evaluation on the six external independent datasets
demonstrated the clinical relevance of the malignancy-risk gene signature not only to cancer
risk, but also to cancer relapse/progression, and prognosis.

In the Turashvili et al. study (3), we verified that the malignancy-risk genes identified in the
‘IDC-like’ normal tissues were highly associated with invasive ductal carcinomas (IDC). Our
results showed that the malignancy-risk gene signature was able to differentiate the IDC and
normal tissues not linked to cancer, confirming the malignancy-risk genes as a subset of IDC
tumor associated genes.

In the Chanrion et al’s study (5), we tested the malignancy-risk gene signature for its prediction
ability on primary breast cancer relapse. Evaluation results showed that the malignancy-risk
gene signature had comparable performance to the Chanrion et al’s 36-gene signature to
classify patients with cancer relapse. Interestingly, there were only six malignancy-risk genes
in common with the 36-gene signature. In contrast, many significant malignancy-risk genes
not in the 36-gene signature were proliferative genes (e.g., BUB1B, CCNB1, MCM2, and
TOP2A).

We tested the malignancy risk gene signature on Ma et al’s data (6) to evaluate its clinical
relevance to cancer progression. We considered cancer risk as a continuous spectrum with
normal tissue in the lower end and IDC tissue at the higher end. Since ADH and DCIS have
been shown as precursors of IDC, we ascertained whether the malignancy risk gene signature
exhibited a progressive trend from normal to IDC with ADH and DCIS as intermediate stages
in the cancer risk spectrum. The existence of a strong trend with these features would provide
a compelling evidence for the application of this signature on early prevention of cancer
development. Results showed an increasing pattern of the malignancy-risk score with cancer
progression from ADH to IDC. There were 16 malignancy-risk genes with an increasing
expression pattern from ADH to IDC. Perhaps not surprisingly, the majority of these genes are
known to be involved in the cell cycle. Since these genes were highly associated with cell
proliferation and exhibited expression changes that were proportional to disease stage, these
genes might be risk genes (precursor genes) useful in predicting cancer development and
recurrence.

The last validation assessment of the malignancy-risk gene signature was to test its prognostic
feature. Since patients with high cancer risk are likely to develop metastasis, the malignancy-
risk genes may play a key role for cancer development. Validation results of the three datasets
(van ‘t Veer et al’s breast metastasis study (7), Wang et al’s breast cancer relapse free survival
study (8), Huang et al’s breast lymph node study (9)) supported the hypothesis. The
malignancy-risk gene signature performed well to show the statistically significant association
with metastasis and lymph node development. The performance was comparable to the van ‘t
Veer et al’s and Wang et al’s gene signatures. Again, there were only a few malignancy-risk
genes in common with the two gene signatures.

In summary, we have developed a gene signature that has value in predicting both risk of cancer
development as well as risk of cancer progression and metastasis. The signature hinges on
genes with proliferative function, suggesting that the cell cycle plays a role both early and late
in the spectrum of cancer.

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Classification of normal and IDC tissues in Turashvili et al’s study

Chen et al. Page 8

Breast Cancer Res Treat. Author manuscript; available in PMC 2011 February 1.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Figure 2. Classification of relapse of tamoxifen-treated primary breast cancers
(A) Comparison of ROC curve of the malignancy risk score among the four gene signatures.
(B) Distribution of the malignancy-risk scores among the two groups, relapse and relapse-free.
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Figure 3. Cancer progression in Ma et al’s study by comparison of the malignancy-risk score among
AHD, DCIS, and IDC
The first panel displayed distribution of the malignancy-risk score among the three groups:
ADH, DCIS, and IDC. The 2nd panel was 95% confidence interval of pair-wise comparison
for the risk score among the three groups with adjusted p value in the right-hand side’s y axis.
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Figure 4. Prognostic feature in van ‘t Veer et al’s breast metastasis dataset
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Figure 5. Prognostic feature in breast cancer relapse free survival
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Figure 6. Evaluation of the malignancy-risk gene signature for breast lymph node development in
Huang’s breast study
(A) Area Under Curve (AUC) Calculation for Response Operating Characteristic Curve for
the first PCA (p=0.0041). (B) Difference of the malignancy risk score between positive LN
versus negative LN (p=0.0041).
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