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Gene expression profiles were studied by microarray analysis in 2
sets of archival breast cancer tissues from patients with distinct
clinical outcome. Seventy-seven differentially expressed genes
were identified when comparing 30 cases with relapse and 30 cases
without relapse within 72 months from surgery. These genes had a
specific ontological distribution and some of them have been
linked to breast cancer in previous studies: AIB1, the two keratin
genes KRT5 and KRT15, RAF1, WIF1 and MSH6. Seven out of 77
differentially expressed genes were selected and analyzed by qRT-
PCR in 127 cases of breast cancer. The expression levels of
6 upregulated genes (CKMT1B, DDX21, PRKDC, PTPN1, SLPI,
YWHAE) showed a significant association to both disease-free and
overall survival. Multivariate analysis using the significant factors
(i.e., estrogen receptor and lymph node status) as covariates con-
firmed the association with survival. There was no correlation
between the expression level of these genes and other clinical pa-
rameters. In contrast, SERPINA3, the only downregulated gene
examined, was not associated with survival, but correlated with
steroid receptor status. An indirect validation of our genes was
provided by calculating their association with survival in 3 pub-
licly available microarray datasets. CKMT1B expression was an
independent prognostic marker in all 3 datasets, whereas other
genes confirmed their association with disease-free survival in at
least 1 dataset. This work provides a novel set of genes that could
be used as independent prognostic markers and potential drug
targets for breast cancer.
' 2008 Wiley-Liss, Inc.
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The heterogeneous nature of breast cancer reflects the complex-
ity of the molecular alterations that underlie the development and
progression of this disease and poses serious problems to clinical
management, also due to the lack of reliable pathological or
molecular markers.

There are a number of major open questions, such as the evalua-
tion of risk of distant metastasis in cases characterized by the pres-
ence of favorable indicators (negative axillary lymph nodes and/or
positive estrogen receptors), the prediction of response to chemo-
therapy and/or antiestrogenic therapy and the prediction of metasta-
ses sites for high-risk cancers. Moreover, the principal molecular
alterations leading to aggressive clinical behavior, representing
potential therapeutic targets, still need to be identified in addition to
the well-known factor ERBB2 and the estrogen receptor pathways.

Molecular profiling using DNA microarrays have provided
sound advancements in this field. The expression profile of gene
clusters were useful in classifying breast tumors in biological sub-
groups with clinical relevance,1 or in low- versus high-risk classes
for relapse,2–5 or to predict responsiveness to either hormonal- or
chemo-therapy.6,7 In a well-known study, van’t Veer et al.
addressed the risk of relapse in node-negative patients,2 one of the
most clinically relevant problems in breast cancer. One-third of

these cases will progress and have poor outcome, but they cannot
be distinguished on the basis of the most classical clinicopatholog-
ical criteria. Microarray analysis of archival frozen tissues pro-
vided a 70-gene profile able to identify relapsing cases, outper-
forming traditional clinical prognostic factors. This signature
maintained its prognostic power in larger cohorts of patients,
including node-positive cases as well.3 van de Vijver et al. data-
set3 is today largely used for data analysis and a published meta-
nalysis reported that other gene signatures, such as the wound-
response model,8 the intrinsic subtype model1,9,10 and the rationale
recurrence score model proposed by Paik et al.,11 worked accept-
ably well in estimating the risk of relapse in this dataset.12

The first remarkable conclusion from these and other studies is
that the primary tumor already possesses the hardwiring required
to invade and metastasize.13 The second, unexpected, conclusion
is that the ‘‘signatures’’ obtained by other studies have impressive
little overlap, still showing good power in other’s datasets. Sets of
genes identified in hierarchical cluster analysis showing the high-
est grade of internal coherence within the experiment are not nec-
essary correlated in terms of biological significance. It has been
recently demonstrated that the expression profile of any randomly
selected set of genes with a sufficient width (around 100) can cor-
rectly identify the kind of human tissue or organ from which the
RNA was extracted.14

Another unexpected conclusion is that these prognostic signa-
tures very rarely include known progression-associated genes or
clearly point to novel pathways or molecules associated with can-
cer progression. Therefore their exceptional prognostic and pre-
dictive value does not parallel an equal power to identify new
potential targets for therapy and drug development.

Taking into account these results, we undertook a different
approach, by directly comparing gene expression of high-risk ver-
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sus low-risk patients from a cohort of archival breast cancer tis-
sues, by microarray analysis of pooled samples, in order to mini-
mize small and infrequent variations. These differentially
expressed genes were found to associate individually with risk,
when analyzed using quantitative fluorogenic RT-PCR (qRT-
PCR) in a larger cohort, indicating new genes and pathways poten-
tially associated with breast cancer progression.

Material and methods

Patients and samples

130 frozen tumor samples were selected from the Tumor Bank
of the Department of Obstetrics and Gynecology, University of
Turin. They were obtained from patients who underwent primary
surgical treatment between 1988 and 2001 at a median age of
53 years (25–79). Eligibility criteria were the following: diagnosis
of invasive breast cancer, all T and N stages, no distant metastasis
at diagnosis (M0), complete clinical-pathological data and updated
follow up. All patients were treated with radical modified mastec-
tomy or quadrantectomy and axillary dissection plus breast irradi-
ation. High-risk node-negative and node-positive patients received
adjuvant treatments (generally 6 cycles of CMF, 600 mg/m2 cy-
clophosphamide, 40 mg/m2 Metotrexate, 600 mg/m2 5-Fluoroura-
cil) and/or 20 mg tamoxifen daily for 5 years in ER1 cases. ER
and PgR status were determined by immunohistochemical stain-
ing, patient stage distribution was assessed as prescribed by the
UICC clinical staging guidelines and tumor grading was per-
formed according to Elston and Ellis. Study design was approved
by our medical ethical committee.

RNA isolation

After surgical removal, samples were macro-dissected by path-
ologists, quickly frozen and stored at 280�C. RNA was isolated
with Concert Cytoplasmic RNA Reagent (Invitrogen, Carlsbad,
CA) from 20 to 50 mg tumor tissues, according to the manufac-
turer’s guidelines. Frozen tumors were placed in this reagent and
homogenized using a ball mill (MM200, Retsch, D€usseldorf, Ger-
many). The suspension was centrifuged at 14,000g for 5 min at
4�C, then lysed with 0.1 ml of 10% SDS followed by 0.3 ml of 5
M sodium chloride and 0.2 ml of chloroform per ml of reagent.
The lysate was centrifuged at 14,000g for 15 min at 4�C and the
upper aqueous phase was removed and combined with 0.8 vol of
isopropyl alcohol for 10 min at room temperature. The RNA was
recovered by centrifugation, washed with 75% ethanol and finally
dissolved in RNase-free water. Ten-microgram aliquots of total
RNA was treated with DNase I, using the ‘‘DNA free’’ kit
(Ambion, Austin, TX) to eliminate genomic DNA contamination.
The quantity and quality of the RNA samples were determined
using the Agilent 2100 Bioanalyzer and the RNA 6000 Nano
Assay kit (Agilent Technologies, Palo Alto, CA). Only high-qual-
ity RNA, having a 28S/18S rRNA band intensity ratio of 1.5–2
and an A260/280 absorbance ratio of 1.8–2, was used for subse-
quent analysis. RNA of optimal quality and quantity was recov-
ered from 127 samples. The clinical characteristics of the respec-
tive patient set are summarized in Table I.

Microarray analysis of pooled samples

Thirty cases of ductal invasive carcinoma with recurrence
within 72 months from surgery (high-risk) and 30 without recur-
rence (low-risk) were selected for microarray analysis. From each
group, 6 RNA pools of 5 samples each were prepared and ana-
lyzed on GeneChip Human Genome U133A oligonucleotide
microarrays (HG-U133A, Affymetrix, Santa Clara, CA). Detailed
information about the clinical characteristics of samples in the
composed pools, including ER or lymph node status, are provided
in the Supplementary Information, Table SI. Labeling was per-
formed using 8 lg of total RNA with the One-Cycle Target Label-
ing Assay kit (Affymetrix), according to manufacturer’s instruc-
tions. Double-stranded cDNA was purified and biotin-labeled by
in vitro transcription. The biotinylated cRNA targets were then

purified and fragmented to a length of 35–200 bases. The quality
of in vitro transcription and fragmentation products was assessed
using the Agilent 2100 Bioanalyzer. Hybridization to HG-U133A
GeneChips (Affymetrix) and arrays scanning was carried out
according to Affymetrix protocols. Hybridizations were performed
in technical duplicates in 2 experimental sessions.

Microarray data analysis

Data analysis was performed using the R statistical package
(http://www.bioconductor.org). Array quality control was carried
out using the affy library and the affyPLM package of R. Expres-
sion values were calculated from the raw.CEL files as GC Robust
Multichip Analysis (gcRMA). Filtering procedure was done
employing IQR filtering function using as cut an interquantile
range within the various samples lower than 0.25. The first selec-
tion step of differentially expressed genes was done using a
Bayesian t-test, implemented for DNA microarray data with a low
replicate number.15 The second step was made by the Significance
Analysis of Microarrays program16 and a two-dimensional unsu-
pervised hierarchical clustering based on a centered Pearson corre-
lation coefficient algorithm (TIGR MeV, www.tigr.org). The fold
change threshold for SAM plot calculator was 2 and the median
false discovery rate was lower than 5.0%. Statistical analyses of
gene ontology (GO) terms was performed using the web-based
tool DAVID Resource (http://david.abcc.ncifcrf.gov/); this tool
provides GO terms and their significant probabilities of enrich-
ment (p-values from Fisher Exact test) compared to the reference
gene list (HG-U133A GeneChip Affymetrix list). Raw data and
GCRMA intensity values are available in GEO (http://
www.ncbi.nlm.nih.gov/geo/, accession number GSE9662).

Comparison among discrimination power of different gene
lists4,17–20 was performed using support vector machine (SVM)
and partial decision trees, used to train and classify pooled sam-
ples (Weka software Version 3.4.821).

Quantitative real time RT-PCR assays

The RNA expression levels of individual genes (CKMT1B,
DDX21, PRKDC, PTPN1, SERPINA3, SLPI and YWHAE) were

TABLE I – CLINICAL CHARACTERISTICS OF PATIENTS

Characteristics
All patients Array set

No. % No. %

No. of patients 127 60
Age (years)

Median 54 53
Menopausal status

Premenopausal 53 42 30 50
Postmenopausal 74 58 30 50

T stage
1 35 28 13 22
2 80 63 42 70
3/4 12 9 5 8

Grade
Poor 58 45 32 53
Good to moderate 63 50 26 43
Unknown 6 5 2 3

ER1

Positive 78 61 40 67
Negative 49 39 20 33

PgR1

Positive 66 52 32 53
Negative 61 48 28 47

LN
Positive 86 68 41 68
Negative 41 32 19 32

ER, estrogen receptor; PgR, progesterone receptor; LN, lymph node
status.

1ER and PgR are defined as positive when tumors contain more
than 10 fmol/mg protein or less than 10% positive tumor cells.
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assayed using qRT-PCR with TaqMan1 gene expression assays
(Applied Biosystems, Foster City, CA) on the total set of 127 sam-
ples, including the 60 samples used for pooled microarray analy-
sis. One microgram of total RNA was retrotranscribed in a 20 ll
final reaction volume, using random decamer primers and the M-
MLV Reverse Transcriptase (Ambion). Reaction conditions were
recommended by the manufacturer. The amount of cDNA corre-
sponding to 10 ng of RNA was used in 10 ll reactions with the
TaqMan Universal PCR Master Mix (Applied Biosystems) and
the corresponding sequence-specific primers/probes assay mix
(Applied Biosystems). Six independent cDNA syntheses for each
sample were made and each of them PCR amplified in single;
analysis was performed on average values after filtering for out-
liers. Fluorescence detection was measured using an ABI Prism
7900 platform (Applied Biosystems) on 384-well plates. As refer-
ence sample we used human breast total RNA (Stratagene, La
Jolla, CA) and, after the assessment of several constitutively
expressed genes (Table SII), we chose the 18s ribosomal RNA as
endogenous normalizer (Eukaryotic 18S rRNA Endogenous Con-
trol, VIC/TAMRA Probe, Primer Limited, Applied Biosystems).
TaqMan gene expression assays are listed in the Supplementary
Information, Table SII. Fold difference between samples was cal-
culated for each gene by means of the Comparative CT Method
(DDCt), using the median normalized value as calibrator.

Statistics

Statistical analysis was performed using the SPSS 13.0 statisti-
cal software (SPSS, Chicago, IL). The rank nonparametric statisti-
cal tests of Mann–Whitney and Kruskal–Wallis were used to
examine associations between gene expression and clinicopatho-
logical data because no evidence of normal distribution was avail-
able (Kolmogorov–Smirnov p < 0.0001).

To compare mRNA expression level distribution among high-risk
and low-risk samples in qRT-PCR, the Mann–Whitney nonparamet-
ric statistical test was used. Kaplan–Meier survival curves were used
to estimate time-to-event models in the presence of censored cases.
Risk differences between the 2 groups were assessed using the Man-
tel–Haenszel Log-rank test. Survival analysis was carried out in both
univariate and multivariate setting using Cox’s proportional hazard
model. Variables that were significant at univariate level (p < 0.05)
were considered to build multivariate model.

Analysis of published microarray datasets

Genes analyzed by qRT-PCR were evaluated in 3 independent
datasets available on line. Miller et al. dataset18 and Sotiriou et al.
dataset20 were downloaded from Gene Expression Omnibus
database (http://www.ncbi.nlm.nih.gov/geo/; accession numbers
GSE3494 and GSE2990). For these datasets expression values
were calculated from the raw.CEL files with gcRMA bioconductor
function and intensities were scaled on median values for each
gene; results were divided in 2 categories according to a cut-off
value obtained from the Sensibility-Specificity ROC curve. van de
Vijver et al. dataset3 was downloaded from http://www.rii.com/
publications/2002/nejm.html and, for each analyzed gene, the val-
ues of the column entitled ‘‘Log Ratio’’ in the array data file were
divided in 2 categories according to a cut-off value obtained from
the sensibility–specificity ROC curve.

Results

Identification of genes potentially associated with
breast cancer relapse

Genes and pathways responsible for a more invasive and
aggressive phenotype should be consistently activated in breast
tumors which relapse within a few years from surgical treatment.

As a first step, we wanted to identify a group of genes showing
consistently altered expression in tumors from patients relapsing
within 72 months, as compared to tumors from relapse-free
patients. With this aim we performed a gene expression analysis

with a subpooling approach. We reasoned that genes showing a
very wide range of expression or genes that are overexpressed
only in rare cases should be ‘‘masked’’ by combining the samples
in pools. The size of the pools was fixed in 5 because larger pool
size will possibly completely smooth the differences among
groups. This choice was also supported by literature evidence. By
recalculating data from microarray analysis, it was shown that
pooling samples by 5 gave similar sensitivity with the analysis of
single samples.22

From a cohort of 127 cases of primary breast carcinomas with a
median follow-up of 87 months, 2 groups of 30 samples each,
showing or not disease recurrence within 72 months (high-risk
and low-risk), with similar distribution of relevant prognostic fac-
tors, were selected (Supplementary Information, Table SI). As
lobular carcinomas show a very distinctive expression profile1 that
could be prevalent and confounding, only carcinomas of the ductal
histological type were included. Pools of 5 samples each were
used for gene expression analysis by Affymetrix HG-U133A Gen-
eChips. Detailed information about the clinical characteristics of
samples in the composed pools, including ER or lymph node sta-
tus, are provided in the Supplementary Information, Table SI. Dif-
ferential expression was assessed by comparing pools from high-
risk versus low-risk patients. Expression data from 2 analytical
sessions were treated separately using a modified t test15 and 2
gene sets were identified with a p-value cut-off of 0.05. A list of
genes common to these 2 sets was then obtained and analyzed by
applying a two-dimensional unsupervised hierarchical clustering
and the Significance Analysis of Microarrays program,16 80 Affy-
metrix probe-sets representing 77 genes, whose expression pat-
terns best distinguished high-risk from low-risk pools, with a false
discovery rate <5% and a fold change threshold of 2.0, were iden-
tified. Unsupervised hierarchical clustering is shown in Figure 1
and the complete probe list is shown in Figure 2, together with
fold changes and Affymetrix IDs.

As expected, in this set only 6 downregulated genes in high-risk
pools were present. More advanced tumors showed ranges of gene
expression wider than less advanced tumors or normal tissues. The
comparison of arithmetical averages, intrinsic to the pooling
approach, is expected to enhance detection of upregulated genes.

We looked for evidence of association with breast cancer in the
literature. As shown in Figure 2 (column 5), 21 genes had some
reported link to breast cancer, in agreement with their differential
expression in high-risk versus low-risk tumors.23–43 Some of them
had also previously demonstrated to be independent prognostic
factors, i.e., RAF1,24 KRT15,25 WIF1,26 KRT5,40 MSH631 and
NCOA3/AIB-1.42 A GO analysis demonstrated significant proba-
bility of enrichment in biosynthetic and metabolic processes with
an overrepresentation of amine metabolism classes, while pathway
analysis showed significant enrichment in the urea cycle and in
the amino group or proline metabolisms, in agreement with class
representation (Table II). A borderline level of significance was
also attained by cell cycle and insulin signaling pathways.

The function of some of these genes could be found to play a
part in novel pathways involved in cancer. Several genes are in
fact related to Acetyl-CoA and NAD1 metabolism (ACLY,
ACACA, KYNU) and others to methyl group metabolism (AHCY),
including the AOF2 gene, also known as LSD1, the first discov-
ered histone demethylase enzyme, whose function is strictly
linked to chromatin remodeling as well as steroid receptor func-
tion.44

As recently reported by other authors, there is a very low con-
cordance among gene-expression-based predictors for breast can-
cer.12 Therefore we examined the presence of our genes in several
published signatures, including the 231 prognostic reporter genes
of van de Vijver et al.2,3 the wound response signature of 677
genes,45 the Oncotype DX assay list of 21 genes,11 the intrinsic
subtype gene group of 552 genes1,9,10 and 2 signatures related to
metastases sites, obtained from tumor cell lines with increased
metastatic ability.17,19 Twenty-six/77 genes were present in at
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FIGURE 1 – Expression pattern of
the 80-gene signature obtained by
unsupervised two-dimensional hier-
archical clustering using TIGR MeV
software and Pearson correlation. The
data are shown in a table format in
which each row represents a gene and
each column corresponds to a pooled
sample. The color in each cell reflects
the expression level of the correspond-
ing gene in the corresponding pooled
sample; red color indicates a transcrip-
tion level above the median expression
of genes across all samples, green
color indicates a transcription level
below the median expression. Pool
IDs are those provided in Table SI and
each pool is represented by the 2 ex-
perimental replicates (a) and (b).
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least 1 expression profile. Only 1 gene (SLPI) is shared by 3 pub-
lished signatures9,45,46 (Fig. 2). The general overlap was very low
and proportional to the number of genes of each signature. Despite

this little overlap, the combination of functional annotation and
available literature is congruent with the involvement of the genes
in our selection in breast cancer progression.

FIGURE 2 – List of genes differentially
expressed between high-risk and low-risk sam-
ples. For each gene, Affymetrix IDs and fold
changes are shown. Gene symbols shown are
those provided by Affymetrix. Breast cancer
related column represents results of literature
searching for correlation with breast cancer;
each finding is indicated by a blue cell with the
respective reference number. Breast cancer
related signature overlap columns represent
intersection with the published breast cancer
signatures indicated by the column headers;
shared genes are labeled as orange cells. Gene
names are available in the Supplementary In-
formation, Table SIII.
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To investigate whether the gene signatures identified by other
authors discriminate between high-risk and low-risk pools as does
our gene list, we performed a classification analysis using the
SVMs, a set of related supervised learning methods used for clas-
sification and regression. We analyzed only signatures obtained
using Affymetrix microarrays in order not to alter their composi-
tion, due to an imperfect platform overlap. Sotiriou grading signa-
ture,20 Miller gene list,18 Minn genes associated to lung metasta-
sis19 and Kann bone signature17 correctly classified each pool of
ours, while Wang gene list4 misclassified 1 pool out of 12. Con-
cluding 4 out of the 5 analyzed signatures classified our samples
correctly.

Individual prognostic value of selected genes

Next, we set out to ascertain if some of the selected genes could
have the characteristics of individual prognostic markers. After
exclusion of genes that were previously studied for association
with survival in breast cancer, as discussed earlier, 6 upregulated
genes were randomly selected: CKMT1B (CKMT1B creatine ki-
nase, mitochondrial 1B), SLPI (secretory leukocyte peptidase in-
hibitor), DDX21 (DEAD box polypeptide 21), YWHAE (tyrosine
3-monooxygenase/tryptophan 5-monooxygenase activation pro-
tein, epsilon polypeptide), PTPN1 (protein tyrosine phosphatase,
non-receptor type 1) and PRKDC (protein kinase, DNA-activated,
catalytic polypeptide). Among the small group of downregulated
genes in high-risk samples, the SERPINA3 (serpin peptidase in-
hibitor, clade A, alpha-1 antiproteinase, antitrypsin, member 3)
gene was chosen because of conflicting literature data regarding
breast cancer association.43,47 mRNA expression level of these
genes was analyzed by qRT-PCR in all 127 individual tumor sam-
ples (Table I). Six independent cDNA preparations were used for
each sample and the values averaged.

qRT-PCR results related to the 60 samples employed for micro-
array analysis gave an indirect validation of microarray data. Fold
changes among high- and low-risk samples was calculated and
compared to those obtained from microarray data. In all case,
comparable values were found, although qRT-PCR derived fold
changes were generally wider (data not shown).

Next, we investigated whether these genes were also differen-
tially expressed in the whole set of 127 samples, of which 55 were
classified as low-risk (disease-free at 72 months) and 72 as high-
risk (relapsing within 72 months). Distribution analysis of mRNA
expression levels was performed with the Mann–Whitney non-
parametric statistical test, and gave significant results for the 6
upregulated genes, as shown in Figure 3. Comparable results were
obtained limiting the analysis to the 60 samples used for microar-
rays. Contrarily, the downregulated gene SERPINA3 was not sig-
nificant in both groups.

Next, the possible association of gene expression with survival
was studied by the Kaplan–Meier estimate and Log-rank test. For
each gene, ‘‘low’’ and ‘‘high’’ expression was defined by using the
median as cut-off value.

For all 6 upregulated genes, high gene expression was signifi-
cantly associated with early death (Fig. 4a) and a shorter disease-
free survival (Fig. 4b), in keeping with microarray results. On the
other hand, in both analyses, SERPINA3 did not show any signifi-
cant association with survival, in contrast with its lower expres-
sion found in poor prognosis pools by microarray analysis.

The 7 gene expression values were then subjected to statistical
analysis to reveal significant associations with other clinicopatho-
logical data, using the Mann-Whitney and Kruskal–Wallis non-
parametric statistics. No significant correlation with any parameter
was observed, with the exception of SLPI and SERPINA3 expres-
sion that correlated with steroid receptor status (SLPI: negative
correlation, p5 0.02; SERPINA3: positive correlation, p5 0.02).

The association of gene expression with survival was further
studied using Cox’s proportional hazard model. In univariate anal-
ysis, expression values for each gene were significantly associated
with survival (Table III), with the exception of SERPINA3. In a
multivariate model that included as covariates the variables that
were significant at univariate level (ER and lymph node status), all
previously significant genes kept their statistical significance
(Table III). This result confirmed that the analyzed genes are novel
independent prognostic markers.

In conclusion, the analysis of association with survival showed
that all upregulated genes examined correlated with progression,

TABLE II – GO ENRICHMENT ANALYSIS OF DIFFERENTIALLY EXPRESSED GENES

Count1 %2 p-value3

Biological process
Biosynthesis 13 18.06 0.007
Amino acid and derivative metabolism 6 8.33 0.010
Carboxylic acid metabolism 7 9.72 0.018
Organic acid metabolism 7 9.72 0.019
Amine metabolism 6 8.33 0.022
Biogenic amine metabolism 3 4.17 0.023
Cellular biosynthesis 11 15.28 0.024
Nitrogen compound metabolism 6 8.33 0.029
Amino acid derivative metabolism 3 4.17 0.031
Polyamine biosynthesis 2 2.78 0.037
Amine biosynthesis 3 4.17 0.043
Nitrogen compound biosynthesis 3 4.17 0.043
Polyamine metabolism 2 2.78 0.052
Primary metabolism 36 50.00 0.070
Aromatic compound metabolism 3 4.17 0.092
Amino acid metabolism 4 5.56 0.098

Molecular function
Catalytic activity 32 44.44 0.015
Prenylated protein tyrosine phosphatase activity 3 4.17 0.039
Protein tyrosine phosphatase activity 3 4.17 0.068
Structural constituent of cytoskeleton 3 4.17 0.091

Pathways
Arginine and proline metabolism 4 5.56 0.005
Urea cycle and metabolism of amino groups 3 4.17 0.011
Cell cycle 4 5.56 0.043
Insulin signaling pathway 4 5.56 0.078

1Observed number of gene with a given GO annotation.–2Percentage of gene with a given GO annota-
tion.–3p value for significance of GO term enrichment.
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and in particular DDX21 and PRKDC which displayed a very sig-
nificant value also in Cox’s multivariate analysis.

Validation of selected genes on independent data sets

One drawback of our study is that the 60 samples used for dif-
ferential expression analysis were included in the 127-sample
cohort used for validation. To reduce this problem, the prognostic
significance of the genes studied by qRT-PCR was addressed on
different patient cohorts. Three publicly available datasets were
considered.3,18,20 Expression data of each gene were obtained
from these datasets and subjected to Kaplan–Meier and Cox
analysis.

As shown in Figure 5a, in van de Vijver dataset results,3 an
association between poor prognosis and high expression of
CKMT1B and PRKDC was revealed. Notably, only SERPINA3
was found to be associated with long-term survival, as expected
from our microarray results. By Cox univariate analysis, these 3
genes were significantly associated with survival (CKMT1B, p 5
0.004; PRKDC, p 5 0.000; SERPINA3, p 5 0.000) and main-
tained the association in multivariate analysis adding as covariate
the ER status (CKMT1B, p 5 0.037; PRKDC, p 5 0.000; SER-
PINA3, p 5 0.001). We did not use lymph node status as covariate
as it was not significant in univariate analysis (p 5 0.561). A
Kaplan Meier analysis was carried out sorting samples for estro-
gen receptor expression or lymph node invasion. PTPN1 exhibited
association with poor prognosis in node-positive samples (p 5
0.010), while SLPI associated with shorter disease-free survival in
node-negative samples (p 5 0.041).

A Kaplan–Meier analysis of dataset from Sotirou et al.20 (Fig.
5b) revealed significant correlation with a short disease-free sur-
vival for CKMT1B expression and PRKDC expression and this
was confirmed by univariate Cox analysis (CKMT1B, p 5 0.002;
PRKDC, p 5 0.033). Noteworthy, a high expression of SLPI was
associated to long-term survival by both Kaplan–Meier and uni-
variate Cox’s models, contrary to our findings. Furthermore node-
positive samples showed a correlation with short disease-free sur-
vival for YWHAE expression (p 5 0.005).

Finally, the entire dataset of Miller18 showed an association
between an increased risk of relapse and CKMT1B expression
(Fig. 5c), also confirmed by Cox’s univariate model (p 5 0.022)
and multivariate analysis, with nodal status and p53 mutation as
covariates (p5 0.059). According to Kaplan–Meier, the risk of re-
currence was associated with PTPN1 expression in node-positive
cases (p5 0.016).

In conclusion, CKMT1B was identified as a prognostic factor in
3 independent cohorts of breast cancer patients for the first time in
our study.

Discussion

A direct comparison of gene expression in 2 balanced groups of
breast tumors with different risk of relapse identified a novel
group of genes that showed significant association with both dis-
ease-free and overall survival, when tested individually by a quan-
titative method. Some of these genes are novel independent prog-
nostic markers and they represent novel genes linked to breast
cancer as well, indicating pathways and targets that can be further
studied and exploited for therapy.

To identify a set of genes differentially expressed in low- ver-
sus high-risk tumors by microarray analysis, the pooling strategy
was preferred, for several reasons. First, since our goal was to
identify novel genes rather than a prognostic signature, more
resources were spent to guarantee high accuracy for the quantita-
tive evaluation than for microarray detection step. Second, pool-
ing RNAs will shield and reduce detection of genes showing
small variations between groups but high variation between indi-
vidual samples, as in the case of genes that are activated or
repressed only in a small percentage of tumors (e.g. the ERBB2
gene). Conversely, this will enhance detection of genes that are
consistently upregulated or downregulated in 1 group. Thirdly,
by measuring gene expression in pools, the average of individual
values is measured. Since distribution of gene expression in tu-
mor samples is often not Gaussian but follows a Poisson’ distri-
bution, this will possibly favor detection of upregulated genes in
high-risk tumors.

It has been predicted that this approach would produce quite
different results from those obtained by profiling a series of con-
secutive, unselected breast cancer cases individually.22 Indeed, in
our study, most of the genes are associated with the risk of relapse
per se, rather than being part of a signature, as is often found in
other studies.

This conclusion was justified not only by the fact that 6 out of
the 7 genes individually tested by qRT-PCR displayed significant
association with survival in our cohort of patients, but also
because additional genes in this group had already been associated
to prognosis. By inference, it is most likely that, within the
77-gene set, a number of other genes with similar characteristics
will be found.

FIGURE 3 – Distribution analysis of mRNA expression levels analyzed by box-and-whiskers plot. DDCts obtained from the 2 risk categories
of samples (LR, low risk; HR, high risk) are compared for each gene analyzed by qRT-PCR (lower DDCts value means higher expression).
Circles label outliers (cases with values between 1.5 and 3 interquartile range) and asterisks mark extreme values (cases with values more than 3
interquartile range). Shown p-values were obtained applying the Mann–Whitney nonparametric statistical test.
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FIGURE 4 – Kaplan–Meier analysis of
the probability of overall survival (a) and
of the probability that patients would
remain free of disease (b) among all
patients, as calculated on the expression
of genes analyzed by qRT-PCR. Low
expression and high expression are
defined using the median value as cut-off.
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A critical point in our study regards the 60 samples used for the
detection step by microarray analysis, also part of the overall
cohort where individual associations with survival were calcu-
lated. The association with survival, however, was clear when the
expression of these genes was extrapolated from 3 very popular
publicly available datasets, i.e., the Amsterdam study,3 Miller
et al. study18 and the Sotiriou et al. study.20 This was true in spite
of these facts, e.g., (i) microarray expression data of single genes
are definitely less quantitative than real-time RT-PCR data, (ii)
regions targeted by microrray probes in different platforms and in
TaqMan assays do not always correspond, (iii) patient cohorts dif-
fer in many regards, including N2/N1 ratio, age, treatment and
other. Indeed it is noteworthy that at least 2 genes discovered by
our study still show a significant association with both relapse-free
and overall survival in at least 2 out of 3 studies, even in multivar-
iate analysis, definitely confirming that these genes are novel inde-
pendent prognostic markers for breast cancer.

The function of the 7 individually studied genes also suggests
that they deserve further studies. The CKMT1B gene, which gave
the most consistent results also in metanalysis, encodes a protein
that transfers high energy phosphate from mitochondria to cyto-
solic creatine. It was overexpressed in cancers with poor prognosis
and correlated to the high energy turnover that characterizes grow-
ing tumor tissue.48 Moreover, in the octameric state, CKMT1B
interacts with porin of mitochondrial membrane pore, reducing the
probability of pore opening, thus interfering with the induction of
apoptosis dependent on cytochrome c release.49

DDX21 is a putative nucleolar ATP-dependent RNA helicase
which plays an important role in ribosomal RNA biogenesis, RNA
editing and RNA transport.50 When it moves to the nuclear com-

partment, it interacts with the c-jun oncogene and acts as a tran-
scriptional coactivator.51

The 14-3-3e protein encoded by the YWHAE gene binds to
phosphoserine-containing proteins and mediates signal transduc-
tion. For example, 14-3-3 binding is required for the stabilization
of active RAF-152 and CDC25-mediated cell cycle control,53

whereas its interaction with BAD and BAX prevents their proa-
poptotic release to mitochondrial membrane.54,55

The PRKDC protein belongs to the PI3-K related kinase family
and represents a key complex for DNA repair. It is involved in the
nonhomologous end-joining process corresponding to the major
activity responsible for cell survival when double strand breaks in
the DNA are produced, after ionizing radiation or chemotherapeu-
tic treatments.56

PTPN1 is a nonreceptor protein-tyrosine phosphatase that mod-
ulates protein phosphorylation in cell signaling networks. It is
involved in leptin and insulin signaling and in several other signal-
ing pathways such as growth factor and integrin mediated pro-
cesses.57 Several studies demonstrated that changes in abundance
and distribution of PTPases could impair insulin signal transduc-
tion, causing insulin resistance.58 Aberrant insulin signaling,
which leads to insulin resistance, hyperinsulinaemia and increased
concentrations of endogenous estrogen and androgen, was linked
to high breast cancer risk by clinical and experimental evidence.59

The above mentioned functions confirmed the expression
behavior of selected genes, in tumor samples of our study and in
metanalysis results. A quite different situation was observed for
the remaining upregulated gene, SLPI. SLPI is a secreted serine
proteinase inhibitor that protects epithelial tissues from inflamma-
tion-induced damage caused by endogenous proteolytic enzymes
and it exerts its activity against neutrophil elastase, cathepsin G,
trypsin and chymotrypsin.60 SLPI also exhibits proliferative
effects, although its mechanism remains unknown.61 Several stud-
ies demonstrated that SLPI is altered in cancer; it was found upre-
gulated in ovarian and in lung carcinomas, and its serum level cor-
related with tumor stage and response to therapy.62,63 The exact
mechanism by which SLPI promotes malignancy is not yet
known: in addition to tumor growth support, the enhancement of
malignancy could be due to its effects on angiogenesis. In fact,
SLPI prevents the formation of the antiangiogenic factor endosta-
tin, by inhibiting elastase, its activator.64

In our cohort, qRT-PCR clearly indicated that high SLPI
expression was correlated with high-risk of relapse and death.
However, in the Sotiriou dataset, we observed a positive correla-
tion of SLPI expression with low-risk patients and, in another
study, a protective effect against liver metastasis was reported,
explained through a reduced inflammatory response.65 The SLPI
effect in reducing the inflammatory response could also explain
the results obtained in Sotiriou dataset. In fact, in this study the
only adjuvant treatment used was tamoxifen and it is known that
inflammation is linked to resistance to endocrine treatments.66

The only downregulated gene found by microarrays in high-risk
patients studied by qRT-PCR was SERPINA3, because of uncer-
tain results in the literature.43,47 SERPINA3 or Alpha-1-antichy-
motrypsin (ACT) is a well-known serine protease inhibitor
that regulates the activity of cathepsin G in neutrophils67 and is
an estrogen-induced gene.43 In breast cancer, SERPINA3 mRNA
expression was reported as an indicator of good prognosis,
but only in ER-positive tumors,43 while SERPINA3 protein
expression was reported as unfavorable factor.47 Our qRT-PCR
results did not confirm a prognostic role for SERPINA3, con-
trary to pooled microarray results, whereas metanalysis of the
van de Vijver dataset confirmed a positive correlation with favor-
able prognosis. Nevertheless, our qRT-PCR data confirmed a
positive correlation with steroid receptor status. Certainly, differ-
ences in the cohorts studied, as well as in the adjuvant treat-
ments used in different studies could account for the observed dis-
crepancies.

TABLE III – UNIVARIATE AND MULTIVARIATE ANALYSIS
OF ANALYZED GENE EXPRESSION, LYMPH NODE STATUS AND

ESTROGEN RECEPTOR STATUS (N 5 127)

Characteristic HR1 CI2 p-value3

Univariate analysis
DDX21 1.8 1.4–4.2 0.019
CKMT1 2.4 1.1–3.1 0.001
SLPI 1.9 1.1–3.2 0.010
YWHAE 2.0 1.2–3.5 0.007
PTPN1 1.7 1.0–2.8 0.050
PRKDC 2.3 1.3–4.0 0.002
SERPINA3 1.2 0.7–1.9 0.517

LN 2.0 1.1–3.7 0.019
ER 1.7 1.0–2.8 0.045

Multivariate analysis
DDX21 2.2 1.2–3.8 0.004

LN 2.0 1.1–3.7 0.018
ER 1.7 1.0–2.8 0.036

CKMT1 1.8 1.0–3.1 0.022
LN 2.1 1.2–4.0 0.010
ER 1.8 1.1–3.0 0.017

SLPI 1.6 0.9–2.7 0.072
LN 2.0 1.1–3.7 0.022
ER 1.6 0.9–2.7 0.056

YWHAE 1.9 1.1–3.3 0.012
LN 2.1 1.1–3.9 0.011
ER 1.8 1.1–3.0 0.021

PTPN1 1.6 0.9–3.8 0.055
LN 2.1 1.1–3.9 0.011
ER 1.8 1.1–3.1 0.014

PRKDC 2.0 1.2–3.6 0.007
LN 2.1 1.1–3.8 0.015
ER 1.6 1.0–2.7 0.049

SERPINA3 1.0 0.6–1.8 0.755
LN 2.1 1.1–4.0 0.012
ER 1.8 1.1–3.0 0.017

LN5 positive lymph node risk; ER 5 negative receptor status risk.
1Variable hazard ratio in the model.–295% confidence inter-

val.–3Based on Cox regression.
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In conclusion, we have performed a profiling experiment
with some unusual characteristics, as compared to published
breast cancer profiling studies. As expected, our approach
allowed for the discovery of a number of verified or potential

new prognostic markers and biological targets, rather than pre-
dictive signatures. Many of the genes found are novel, and as
inferred from the results obtained on some of them, deserve
further studies.

FIGURE 5 – The association with survival of the 7 risk-associated genes was evaluated by Kaplan–Meier method in 3 datasets available online.
Only genes showing significant or borderline association are shown. Panel (a) shows results from van de Vijver et al. dataset.3 Panel (b) illus-
trates results of Sotiriou et al. dataset.20 Panel (c) shows results obtained from Miller et al. dataset.18
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