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Background & Aims: Although approximately 50% of
Dukes’ C colorectal cancer patients are surgically cured,
it is currently not possible to distinguish these patients
from those at high risk of recurrence. The recent advent
of routine adjuvant chemotherapy for these patients has
greatly complicated the identiﬁcation of new markers
predicting the response to surgery, which is now reliant
on archived materials. Microarray analysis allows ﬁne
tumor classiﬁcation but cannot be used with parafﬁnembedded archival samples. Methods: We used microarray analysis of a unique set of fresh-frozen tumor
samples from Dukes’ C patients who had surgery as the
only form of treatment to identify molecular signatures
that characterize tumors from patients with good and
bad prognosis. Results: Unsupervised hierarchical clustering and a K-nearest neighbors– based classiﬁer
identiﬁed groups of patients with signiﬁcantly different survival (P ⴝ .019 and P ⴝ .0001). Expression
proﬁling outperformed previously reported genetic
markers of prognosis such as TP53 and K-RAS mutational status and allelic imbalance in chromosome
18q, which were of limited prognostic power in this
study. Functional categories signiﬁcantly enriched in
gene-expression differences included protein transport and folding. The prognostic potential of the RAS
homologue RHOA, one of the most differentially expressed genes, was further investigated using immunohistochemistry and a tissue microarray containing
137 independent Dukes’ C tumor samples. Reduced
RHOA expression was associated with signiﬁcantly
shorter survival (P ⴝ .01). Conclusions: This study
shows that gene-expression proﬁling of surgical tumor
samples can predict recurrence in Dukes’ C patients.
Therefore, this approach could be used to guide decisions concerning the clinical management of these
patients.

olorectal cancer is one of the leading causes of cancer-related death in the Western world, and a large
proportion of these patients are diagnosed with locally
advanced disease with regional lymph node metastasis
(Dukes’ C stage). Despite the high incidence of this
disease, the clinical management of Dukes’ C colorectal
cancer patients is far from optimal. Surgical resection
prevents recurrence in approximately 50% of Dukes’ C
patients. Because of the relatively high risk of recurrence
in these patients, several large multi-institutional clinical trials have been performed in the last 2 decades to
investigate the beneﬁts of adjuvant chemotherapy. 5-Fluorouracil (5-FU)– based therapy was found to prevent
recurrence in 10%–20% of patients.1,2 However, because
it is currently not possible to accurately distinguish
surgically cured patients from those at high risk of
recurrence, the great majority of Dukes’ C patients are
administered adjuvant chemotherapy; this results in a
large number of surgically cured patients undergoing
chemotherapeutic treatment without beneﬁt. In addition, routine administration of adjuvant chemotherapy to
these patients greatly complicates the identiﬁcation of
surgically cured patients, because it is not possible to
distinguish patients cured by surgery from those with a
good response to the adjuvant treatment. Therefore, experiments addressing this question heavily rely on archived materials collected before adjuvant treatment was
incorporated into routine clinical practice.
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The potential of several markers, such as TP53 or
K-RAS mutational status and loss of heterozygosity in
chromosome 18q, to identify patients who vary in their
probability of recurrence after surgery has been previously investigated.3–12 However, the accuracy of these
markers is limited, and conﬂicting reports can be found
in the literature.3–12 As a result, these markers have not
become routinely used in the clinical management of
these patients. Identiﬁcation of additional means of distinguishing patients with good and poor prognosis after
surgery would allow targeting aggressive chemotherapeutic treatment to patients who can potentially beneﬁt
from it and would spare surgically cured patients the side
effects, toxicity, and cost associated with such treatment.
Microarray analysis allows assessment of the level of
expression of thousands of genes simultaneously,13–16 and
the potential of expression proﬁling as a tool to predict
the prognosis of cancer patients has been previously
realized for different types of cancer, including lymph
node–negative Dukes’ B colorectal cancer.17–20 In addition, microarray analysis can provide signiﬁcant insight
into biological differences between tumors from patients
with good and bad prognosis and can be used as a
screening tool to ﬁnd individual markers that could
identify groups of patients who differ in their prognosis.
However, it is currently not possible to use microarray
analysis with RNA extracted from archived parafﬁnembedded tumor samples.
In this study, we used high-density oligonucleotide
microarray analysis and a unique set of fresh-frozen tumor samples from Dukes’ C colorectal cancer patients
who had surgery as the only form of treatment, to
identify patterns of gene expression that characterize
tumors from patients with good and bad prognosis.
Moreover, we compared the accuracy of these proﬁles of
expression with that of other genetic markers of prognosis and found that expression proﬁling outperformed
other markers tested. In addition, the level of protein
expression of the RAS homologue RHOA, one of the
genes with the most signiﬁcantly different expression at
the messenger RNA level in tumors from patients with
good and bad prognosis, was identiﬁed as a useful immunohistochemical marker capable of predicting the
prognosis of an independent set of 137 tumor samples
from Dukes’ C colorectal cancer patients.

Materials and Methods
Patients, Samples, and RNA Extraction
Among the 1042-fresh frozen colorectal cancer samples
available in our tumor bank (collected from 1994 to 1998), we
selected samples from Dukes’ C patients (281 patients) who
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had surgery as the only form of treatment (91 patients).
Patients who died of causes unrelated to colorectal cancer were
excluded. These samples were collected before adjuvant chemotherapy became standard practice for these patients and
constitute, therefore, a unique set of samples to investigate
response to surgery. Moreover, complete follow-up was available for all these patients for at least 6 years (mean follow-up,
8.9 years), thus allowing analysis of long-term survival. Informed consent for genetic analysis of the tumor sample was
obtained from each patient according to the Human Investigations and Ethical Committee–approved research proposal.
Frozen sections from OCT-embedded samples (Tissue-Tek,
Zoeterwoude, The Netherlands) of these 91 tumors were cut,
and after toluidine blue staining and histological veriﬁcation,
47 of them were found to contain at least 70% tumor cells.
Frozen tissue samples were macrodissected from the selected
areas of the frozen OCT blocks and homogenized by using a
tissue homogenizer (Ultra-Turrax T8; IKA Labortechnik,
Staufen, Germany) in 1 mL of TRIzol reagent (Invitrogen,
Carlsbad, CA). Total RNA was extracted with TRIzol as
recommended by the manufacturer, followed by an RNeasy
cleanup step (Qiagen, Germantown, MD). The RNA quality
of these 47 samples was then assessed with a 2100 Bioanalyzer
(Agilent Technologies, Palo Alto, CA), and 25 of them showed
optimal quality for oligonucleotide microarray analysis, as
shown the integrity of the observed 18S and 28S ribosomal
RNA bands. Of these, 10 had disease recurrence within 5 years
of surgery (poor prognosis), and 15 had at least 5 years of
disease-free survival after surgical treatment (good prognosis)
(Table 1).

Microarray Analysis
Target preparation and hybridization. Eight micrograms of total RNA was reverse-transcribed, and the resulting complementary DNA template was used for the in
vitro transcription reaction. This resulted in biotin-labeled
chromosomal RNA as described in the Supplementary Materials (http://research.med.helsinki.ﬁ/cancerbio/gastro). Microarrays were scanned with a GeneChip Scanner GA2500, and
MAS 5.0 software (both from Affymetrix, Santa Clara, CA) was
used to obtain quantitative expression information for all
22,283 probe sets in the HG-U133A microarrays. Detection
call cutoff values used for present and marginal genes were ␣1
⫽ 0.05 and ␣2 ⫽ 0.065, respectively. The percentage of
present and marginal calls ranged from 37% to 52%, and the
3=/5= ratio of ␤-actin and glyceraldehyde phosphate dehydrogenase control genes was ⬍2.8. All chips were then scaled to
the average gene expression of all 25 chips, and the expression
of each probe set was divided by the mean expression of that
probe across all the samples so that the resulting mean expression for every probe was 1.
Identiﬁcation of differentially expressed genes.
Only genes with detectable expression levels in at least 50% of
the samples (10,035 genes) were included in this analysis.
Gene expression for samples with absent calls was substituted
with the gene average expression across all samples to allow
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Table 1. Clinical Features of Patients in the Study and Results of the K-Nearest Neighbors Classiﬁer
Patient no.

MSI
status

Gradea

Age (y)

Dukes’

DFS (y)

True
prognosisb

Predicted
prognosisc

367
176
146
616
981
707
416
931
986
463
2000
988
917
939
711
634
613
482
476
466
381
330
280
259
117

MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS
MSS

3
2
2
2
2
2
2
2
2
2
2
2
2
1
2
1
2
1
3
1
2
2
1
2
2

88
63
61
55
56
86
63
63
83
58
68
55
72
64
72
86
74
84
59
70
83
81
66
70
84

C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C

0.5
0.5
0.6
0.7
0.9
1.1
1.2
2.2
2.5
2.6
5.5
6.0
6.2
6.4
7.0
7.0
7.1
7.2
7.5
7.7
8.0
8.1
8.2
8.2
9.1

Bad
Bad
Bad
Bad
Bad
Bad
Bad
Bad
Bad
Bad
Good
Good
Good
Good
Good
Good
Good
Good
Good
Good
Good
Good
Good
Good
Good

Bad
Good
Bad
Bad
Bad
Good
Bad
Bad
Bad
Bad
Good
Good
Good
Good
Good
Good
Good
Bad
Good
Good
Good
Good
Good
Good
Good

MSI, microsatellite instability; MSS, microsatellite stable; DFS, disease-free survival.
grade.
bObserved prognosis.
cPrognosis predicted by the 5-nearest neighbors (NN) classiﬁer using 17 genes. Bad, recurrence within 5 years of surgery; good, no recurrence
within 5 years of surgery.
aHistological

class permutation analysis (see below) as previously described.21 Genes differentially expressed in patients with good
and bad prognosis were identiﬁed by using a Student t test.
The class labels were then randomly permuted, and a new t test
was run with the new groupings for every gene. This process
was repeated 1 million times, and the percentage of times was
scored in which a P value was lower than the true P value
initially calculated. We selected as differentially expressed
those genes that were found to have a P value lower than the
initial P value in ⬍1% of the permutations.
Functional group enrichment analysis. Gene ontology terms (http://www.geneontology.org) were used to annotate all genes with present calls in at least 50% of samples
(10,035 genes). A total of 1384 partially overlapping functionally related categories of genes were identiﬁed. Categories
with ⬍5 genes or ⬎500 genes were removed from this analysis, because they were considered to be too speciﬁc or too
general to be useful. Using the list of 218 unique genes
differentially expressed, we identiﬁed categories that were
signiﬁcantly enriched in the number of genes with different
expression in tumors from patients with good and bad prognosis (P ⬍ .01). These analyses were implemented using
GoMiner software,22 and a Fisher exact test was used to
identify signiﬁcantly enriched categories.
Unsupervised hierarchical clustering. The 5102
genes that were expressed at detectable levels (present and

marginal calls) in all 25 samples were selected, and then all
data were log2-transformed and the intensity of both the arrays
and the genes were centered on the median. These data were
used to hierarchically cluster all 25 samples by using Cluster
software and were visualized by using TreeView software.23
Classiﬁcation of tumors from patients with good
and bad prognosis. The 5102 genes with present or marginal calls in all 25 samples were used for these analyses. Each
gene proﬁle was discretized independently to binary values
across the samples by applying the Lloyd algorithm.24 The
Lloyd algorithm minimizes the average discretization error,
which represents the distance between the data and the discrete representation. Also, the Lloyd algorithm can be understood as a particular case for 1-dimensional data of the Kmeans clustering method. These data were then used to
generate a K-nearest neighbors classiﬁer capable of using the
expression proﬁle of these 25 samples to distinguish patients
with good and bad prognosis. These analyses were implemented as previously described by using GeneCluster II software.17 The number of genes used in this classiﬁer varied from
1 to 100, and the number of neighbors varied from 1 to 10.
The predictions of the results of every classiﬁer tested were
then validated using a leave-one-out cross-validation approach
as previously described.17,25,26 Brieﬂy, 1 sample is initially
removed from the analysis, and the remaining 24 samples are
used to build a classiﬁer. The generated classiﬁer is then
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applied to the sample initially left out, and the class call is
recorded. This cross-validation loop is iteratively repeated 25
times each time leaving out a different sample, and the ﬁnal
result is 25 true class/predicted class pairs. The accuracy of the
predictor can thus be assessed by the number of correct calls
made by the classiﬁer.17,25,26 As an additional control, the
sample class labels were randomly permuted 200 times, and
the average prediction accuracy of the classiﬁer for these random groupings was computed. Using a leave-one-out approach
minimizes the bias that could occur when trying to validate a
classiﬁer with the sample set used for training of the classiﬁer.

Quantitative Real-Time ReverseTranscription Polymerase Chain Reaction
Aliquots of RNA (100 ng) were reverse-transcribed
using Superscript II according to the manufacturer’s recommendations (Invitrogen). Five microliters of the undiluted
reverse transcriptase reaction were used to polymerase chain
reaction (PCR)-amplify RHOA, CLTC, MTMR1, ARCN1,
and IDH3G by using Assays-on-Demand TaqMan primers and
probes and TaqMan Universal PCR Master Mix in a GeneAmp
5700 Sequence Detection System (all from Applied Biosystems, Branchburg, NJ). Relative gene-expression levels were
quantiﬁed with the ⌬⌬CT method with ␤-actin as a housekeeping standard control, as previously described.26 –28

TP53, K-RAS, and RHOA Sequencing and
Assessment of 18q Allelic Imbalance
An extended set of 46 fresh-frozen colorectal cancer
samples were screened for K-RAS and TP53 mutations and
were assessed for allelic imbalance in chromosome 18q. The
mutation hotspots of K-RAS (codons 12, 13, and 61) were
PCR-ampliﬁed as described previously.29,30 Exons 2–11 of
TP53 were PCR-ampliﬁed as previously described.25,31 The
complete coding sequences of RHOA (exons 2–5) were sequenced in 5 of the tumor samples that showed the highest
RHOA protein levels and in 5 of the tumors with the lowest
expression, as described at http://research.med.helsinki.ﬁ/
cancerbio/gastro. Two polymorphic microsatellite markers in
18q21 (D18S1110 and D18S1156) were used to assess the
allelic imbalance in this region, as previously reported.28,32
The size of the ampliﬁed PCR products was assessed by using
an Applied Biosystems ABI3730 Automatic DNA sequencer.
Allelic imbalance was scored if there was a difference ⬎40% in
the abundance of an allele between normal and tumor samples.32,33

Tissue Microarray and
Immunohistochemistry
An independent set of formalin-ﬁxed, parafﬁn-embedded samples from 137 Dukes’ C colorectal tumors and 16
lymph node metastases was used for immunohistochemical
assessment of RHOA expression levels using a tissue microarray. All 137 tumor samples were from patients with Dukes’ C
colorectal cancer: 61 of them had surgery as the only form of
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treatment, and 76 received also 5-FU– based adjuvant chemotherapy. After histological examination of H&E-stained tumor
sections, areas containing a high proportion of tumor cells were
selected. Triplicate 0.6-mm cores from every sample were
arrayed in a fresh parafﬁn block using a Beecher Instruments
tissue arrayer (Silver Spring, MD).
Unstained 4-m sections from the tissue microarray were
mounted on slides coated with 3-aminopropyl-triethoxy-silane
(Sigma, St Louis, MO). The sections were treated with 3%
H2O2 solution for 10 minutes to block endogenous peroxidase
activity. Sections were then treated in a microwave oven in 10
mmol/L sodium citrate buffer (pH 6) for 5 minutes at 800 W
and 10 minutes at 450 W. For immunohistochemical analysis,
the commercial PowerVision Poly-HRP IHC detection kit was
used (ImmunoVision Technologies, Brisbane, CA), as previously reported.28,32 An anti-RHOA monoclonal antibody
raised against a peptide corresponding to amino acids 120 –
150 of RHOA of human origin was used at a 1:1000 dilution
for 1 hour at room temperature (RHOA clone 26C4; Santa
Cruz Biotechnology Inc, Santa Cruz, CA). The speciﬁcity of
this antibody has been previously tested in formalin-ﬁxed
parafﬁn-embedded samples.34 RHOA expression was evaluated
in the 137 triplicate tumor samples and 16 lymph node
metastases with the investigator blinded to the clinical data. A
semiquantitative scale from 0 to 4 was used to measure the
intensity of the staining.
To investigate how survival differences in the high- and
low-RHOA groups change as a function of the staining cutoff
level selected, we systematically calculated the mean survival
in both groups, as well as the hazard ratio and the log-rank P
value for every possible grouping resulting from increasing the
number of patients allocated to the low-RHOA group from 1
to 137, starting with the patient with the lowest RHOA
tumor level (see Supplementary Materials, Table 4; available at
http://research.med.helsinki.ﬁ/cancerbio/gastro).

Results
Genes Differentially Expressed in Tumors
From Patients With Good and Bad
Prognosis
A total of 236 sequences (2.3% of the total), representing 218 unique genes, were identiﬁed as differentially
expressed between tumors from patients with or without
recurrence within 5 years of initial surgery (poor and good
prognosis, respectively) among the 10,035 sequences with
present calls in at least 50% of the samples (Supplementary
Materials, Table 1; available at http://research.med.helsinki.
ﬁ/cancerbio/gastro). Of these, 160 had lower expression and
58 had higher expression in tumors from patients with poor
prognosis compared with tumors from patients with good
prognosis. The relative expression of 5 genes showing signiﬁcant expression differences and used in all 25 iterations
of the K-nearest neighbors– based classiﬁer (see below;
RHOA, CLTC, MTMR1, ARCN1, and IDH3G) was inde-
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pendently determined using quantitative real-time reversetranscription PCR in the 22 tumors for which sufﬁcient
RNA was available and could be optimally PCR-ampliﬁed.
A highly signiﬁcant correlation was observed between the
110 determinations made by real-time reverse-transcription
PCR and oligonucleotide microarray analysis (Pearson’s r ⫽
.4, P ⬍ .0001; Supplementary Materials, Figure 1; available
at http://research.med.helsinki.ﬁ/cancerbio/gastro).
Functional Group Enrichment Analysis
Gene ontology terms were used to classify all
10,035 genes with a present call in at least 50% of the
tumors into 1385 biological processes, cellular components, and molecular functions. Functional group enrichment analysis22,35 was used to identify categories with a
signiﬁcant enrichment in the number of genes differentially expressed in tumors from patients with good and
bad prognosis (see Materials and Methods). Using a
Fisher exact test, we identiﬁed 24 partially overlapping
subcategories with a P value ⬍.01 among the 1385 gene
categories tested (Supplementary Materials, Table 2;
available at http://research.med.helsinki.ﬁ/cancerbio/
gastro). These overlapping subcategories can be grouped
into 6 main functional groups: protein transport, protein
folding, transfer RNA (tRNA) ligase activity, chemotaxis, muscle contraction, and negative regulation of
enzyme activity (Supplementary Materials, Table 2;
available at http://research.med.helsinki.ﬁ/cancerbio/gastro).
Use of Microarray Analysis to Identify
Patients With Good and Bad Prognosis
We next used gene-expression proﬁling of the
tumor samples obtained at the time of surgery to distinguish patients with good and bad long-term prognosis.
Unsupervised hierarchical clustering using the expression levels of the 5102 sequences that were expressed at
detectable levels in all 25 samples in the study showed
that most (7 of 10) tumors from patients who had
recurrence within 5 years after surgery (bad prognosis)
clustered together in 1 of the 3 main sub-branches
generated and that 12 of the 15 tumors from patients
with good prognosis clustered in the other 2 subbranches (Figure 1A). Moreover, a signiﬁcant difference
(P ⬍ .019) was observed in the disease-free survival of
patients in the sub-branch dominated by patients with
bad prognosis and the 2 sub-branches with mainly patients with good prognosis (Figure 1B).
The expression of these 5102 genes was then used to
build a K-nearest neighbors– based supervised classiﬁer
capable of discriminating with higher accuracy tumors
from patients with good and bad prognosis (see Materials

Figure 1. Hierarchical clustering. (A) Results of an unsupervised
hierarchical clustering of all 25 Dukes’ C colorectal tumors with the
5102 genes expressed at detectable levels in all samples. Each
column represents a sample, and each row, a gene. Gene expression
above and below the median is depicted in red and green, respectively. The blue and yellow squares in the top bar indicate tumors from
patients with bad prognosis and good prognosis, respectively. (B)
Disease-free survival of patients in the sub-branch dominated by bad
prognosis patients (right) and the other 2 main sub-branches (Kaplan–
Meier plot). The log-rank P value is shown.

and Methods). We used a leave-one-out approach to
minimize the possible bias created when trying to validate a classiﬁer by using the sample set used to train it.
With this supervised approach, 1 sample is initially
removed from the analysis, and the remaining 24 samples are used to identify the N genes that are most
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sinki.ﬁ/cancerbio/gastro). The sensitivity and speciﬁcity
of this classiﬁer to identify patients with poor prognosis
were 80% and 93.3%, respectively, and this was significantly different from what would be expected by chance
(P ⬍ .0003). As an additional control, the class labels
were randomly permuted 200 times. As expected, and in
contrast with what was observed with the true sample
labels, the average accuracy of the classiﬁer in these
random groupings was not signiﬁcantly different from
what would be expected by chance (mean accuracy,
53.7%; SD, 15.0%) and was always below the 88%
observed with the real class labels. Importantly, this
classiﬁer was able to identify 2 groups of patients with
signiﬁcantly different (P ⬍ .0001) disease-free survival
after surgery (Figure 2B).
TP53 and K-RAS Mutational Status and
Allelic Imbalance in 18q Were Not
Predictive of Recurrence

Figure 2. Supervised K-nearest neighbors (KNN) classiﬁer. (A) Accuracy of a KNN classiﬁer with 5 neighbors as a function of the number
of genes used by the classiﬁer. (B) Disease-free survival of patients
predicted to have good and bad long-term prognosis by a classiﬁer
based on the 5 nearest neighbors and 17 genes (Kaplan–Meier plot).
The log-rank P value is shown.

differentially expressed in tumors from patients with
good and bad prognosis. The expression of these N genes
in the sample that was initially left out of the analysis is
used to identify the 5 samples with the closest expression
proﬁle. The predominant class label (good or bad prognosis) in these 5 nearest neighbors is then given to the
sample initially left out and is then compared with the
actual class label to assess the accuracy of the classiﬁer.
This process is iteratively repeated 25 times, each time
leaving out a different sample, and then the observed and
predicted prognosis of all 25 patients can be compared.
We varied the number of genes used to build the
classiﬁer from 1 to 100 and found that when 17 genes
were used, the prognosis of 22 of the 25 samples (88%)
was correctly predicted (Figure 2A and Table 1). Because
every iteration of the cross-validation procedure uses a
slightly different group of 17 genes, a total of 72 genes
were used at least once in this procedure (Supplementary
Materials, Table 3; available at http://research.med.hel-

We next wanted to compare the accuracy of this
prognostic marker with that of other genetic makers
previously investigated, such as losses of genetic material
in chromosome 18q and the mutational status of TP53
and K-RAS3–12 in an extended sample set that included
the samples entered into the microarray experiments. As
shown in Figure 3A, no differences in survival were
observed in patients whose tumors had a mutant or
wild-type p53 gene. In agreement with previous reports,4,6 – 8 patients with tumors that had a mutant KRAS gene or with an allelic imbalance in chromosome
18q showed a trend toward a worse prognosis compared
with patients who had wild-type K-RAS or tumors with
no 18q allelic imbalance, respectively, but the differences
in survival were not signiﬁcant (Figure 3B and C).
Role of RHOA as a Prognostic Marker in
Dukes’ C Colorectal Cancer
Our expression microarray experiments identiﬁed
58 genes with higher and 160 genes with lower expression levels in tumors from patients with poor prognosis
compared with tumors from patients with good prognosis (Supplementary Materials, Table 1; available at http://
research.med.helsinki.ﬁ/cancerbio/gastro). The RAS homologue RHOA was one of the genes with the most
signiﬁcant difference in expression between tumors from
patients with good and bad prognosis (Supplementary
Materials, Table 1; available at http://research.med.helsinki.ﬁ/cancerbio/gastro). Because RAS signaling is one
of the processes that is most frequently deregulated in
colorectal tumorigenesis, we decided to investigate the
potential of this RAS homologue as a prognostic marker
in Dukes’ C colorectal cancer by using an immunohis-
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To investigate possible survival differences in patients
with tumors with high and low RHOA levels as a
function of the intensity cutoff selected to deﬁne the
groups, we systematically analyzed the survival curves for
every possible grouping resulting from increasing the
number of patients allocated to the low-RHOA-expression group from 1 to 137. The mean disease-free survival
in the group with high RHOA was higher than in the
low-RHOA group for 131 of the 137 groupings (Supplementary Materials, Table 4; available at http://research.med.helsinki.ﬁ/cancerbio/gastro). This difference
reached statistical signiﬁcance (log-rank test; P ⬍ .05)
for 28 of these groupings. The dependence of this result
on the cutoff selected to allocate samples to the high- and
low-RHOA groups will need conﬁrmation in an independent-sample set. Analysis of Kaplan–Meier survival
curves generated with a staining intensity threshold of
1.4 showed that patients with tumors expressing low
levels of RHOA had signiﬁcantly worse overall (P ⫽ .03)
and disease-free (P ⫽ .01) survival than patients with
tumors with high RHOA levels (Figure 4B). No significant associations were observed between RHOA protein
levels and other clinicopathologic parameters such as
patient sex, age, histological grade, and tumor location
(Supplementary Materials, Table 5; available at http://
research.med.helsinki.ﬁ/cancerbio/gastro).
To investigate the possible role of genomic RHOA
mutations in the levels of protein expression, 5 of the
tumor samples showing the highest RHOA protein levels and 5 of the tumors with the lowest expression were
screened for mutations in the complete RHOA coding
sequences. Consistent with previous studies,36,37 no mutations were found in these 10 selected tumors.

Discussion

Figure 3. Genetic markers of prognosis. Disease-free survival of
Dukes’ C colorectal cancer patients by (A) TP53 and (B) K-RAS mutational status and (C) allelic imbalance in chromosome 18q (Kaplan–
Meier plots). Log-rank P values are shown.

tochemical approach and a completely independent set of
samples. For this purpose, we constructed a tissue microarray that contained triplicate formalin-ﬁxed, parafﬁn-embedded tumor samples from 137 unselected colorectal cancer patients and 16 lymph node metastases.
Sections of this tissue microarray were immunostained
with a RHOA monoclonal antibody, and RHOA levels
were assessed with a semiquantitative scale (Figure 4A).

Although histopathologic staging of colorectal
tumors provides a useful tool to identify groups of patients who vary in their prognosis, considerable variability exists in the long-term survival of patients within
each class. Approximately 50% of the Dukes’ C patients
will have disease recurrence and die as a result of their
disease after potentially curative surgery, whereas the
other half are surgically cured, and it is currently not
possible to distinguish between these 2 subgroups of
patients.1,2 The advent of routine adjuvant treatment for
these patients over the last decade has signiﬁcantly improved the survival of 10%–20% of these patients. However, it has also complicated the study of prognostic
factors that predict recurrence after surgery, because chemotherapy confuses the interpretation of results obtained
with recent tumor collections. Future progress in iden-
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Figure 4. RHOA immunohistochemical staining. (A) Representative examples of normal colon samples (1) and tumors showing low (2),
intermediate (3 and 4), or high (5) RHOA immunostaining (original magniﬁcation, 200⫻). Higher-power magniﬁcation is shown in the lower part.
(B) Overall and disease-free survival of 137 Dukes’ C colorectal cancer patients with high and low RHOA tumor levels (Kaplan–Meier plots).
Log-rank P values are shown.

tifying new markers capable of predicting the probability
of disease recurrence after surgery heavily relies on archived tumor samples from patients who did not receive
adjuvant treatment. Microarray analysis is a powerful
new technique that allows the molecular characterization
of tumors, but parafﬁn-embedded archival materials are
currently not suitable for this type of analysis. In this
study, we used a unique collection of fresh-frozen tumor
samples collected from 1994 to 1998 (minimum followup, 6 years; mean, 8.9 years) and used high-density
oligonucleotide microarray analysis to assess the level of
expression of 22,283 sequences to identify proﬁles of
expression that characterize Dukes’ C colorectal tumors
from patients at high risk of recurrence. Starting from
the 1042 tumors available in our tumor collection, we

selected tumors from Dukes’ C patients (218 patients)
who had surgery as the only form of treatment (91
patients). Optimal-quality RNA could be extracted from
25 of the 47 tumor samples that had at least 70% tumor
cells.
A total of 218 distinct genes showed a signiﬁcant
difference in expression in tumors from patients with
good and bad prognosis. Gene ontology annotations were
used to classify genes into functionally related categories,
and a functional group enrichment analysis was used to
identify biologically relevant categories enriched in the
number of genes differentially expressed. This approach
found a signiﬁcant difference between tumors from patients with good and bad prognosis in the level of
expression of 20 genes involved in protein transport. Of
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these 20 genes, 17 showed higher expression levels in
tumors from patients with good prognosis, and the remaining 3 genes had higher levels in tumors from patients who had disease recurrence within 5 years of
surgery (Supplementary Materials, Table 2; available at
http://research.med.helsinki.ﬁ/cancerbio/gastro). Most of
these genes (ARCN1, ARF1, ARF4, CLTA, CLTC,
GDI2, RHOA, SDCBP, SEC24D, VCP, and VPS16) are
involved in vesicle trafﬁcking, a process that regulates
multiple signaling mechanisms and has previously been
linked to tumorigenesis.38,39 The remaining genes in this
category are involved in nuclear transport (KPNA2,
KPNB1, RAN, and RANBP2), mitochondrial transport
(HSPD1 and TIMM23), or endoplasmic reticulum trafﬁcking (SSR1). All these are processes previously shown
to be deregulated in colorectal cancer.40 – 42 Protein folding is a related category in which a coordinate underexpression of at least 10 genes was observed in tumors from
patients with poor prognosis. Genes such as HSPD1,
PPID, and CALR are key to ensuring that proteins are
correctly folded to be functionally active and play an
important role in tumorigenesis.43– 45
Another category with a signiﬁcant enrichment in the
number of genes differentially expressed between patients with good and bad prognosis was tRNA aminoacylation for protein translation. At least 4 of the enzymes that charge tRNAs with their cognate amino acids
showed lower expression levels in tumors from patients
with poor prognosis (AARS, EPRS, NARS, and TARS).
This family of proteins is essential in protein synthesis
but has recently been realized to have important additional functions in key processes such as tRNA processing, RNA splicing and trafﬁcking, ribosomal RNA synthesis, apoptosis, angiogenesis, and inﬂammation.46,47
Remarkably, unsupervised hierarchical clustering of
all tumor samples identiﬁed an expression signature associated with tumors from patients with bad prognosis.
Seven of the 10 patients with poor prognosis clustered
together within 1 of the main 3 sub-branches of the tree.
The survival of the patients in this sub-branch was
signiﬁcantly (P ⫽ .019) worse than that of the patients
in the other 2 sub-branches. This indicates that primary
Dukes’ C colorectal tumors from patients at high risk of
recurrence have a distinct gene-expression signature at
the time of surgery that determines the course of disease.
To better discriminate patients with good and bad prognosis, we used a supervised K-nearest neighbors approach. A classiﬁer using the 5 nearest neighbors and 17
genes, correctly classiﬁed 88% (22 of 25) of the patients
as having a high or low probability of recurrence. A
leave-one-out cross-validation approach was able to distinguish 2 subgroups of patients who had a highly
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signiﬁcant difference in their long-term disease-free survival (P ⬍ .0001). Moreover, microarray-based expression proﬁling outperformed other genetic markers previously investigated, such as TP53 and K-RAS status or
allelic imbalance in chromosome 18q,3–12 which in this
study showed limited prognostic power in an extended
sample set. Collectively, these results formally show for
the ﬁrst time the potential of gene-expression proﬁling to
predict the probability of recurrence of Dukes’ C colorectal cancer after surgery.
The RAS family of small guanosine triphosphate–
binding proteins regulates cell growth and the actin
cytoskeleton, and RAS signaling deregulation is a common early event in colorectal cancer progression.48,49 One
of the genes with the most signiﬁcantly reduced expression in tumors from patients with bad prognosis compared with tumors from good-prognosis patients was the
RAS homologue gene RHOA. This gene has been shown
to regulate a signal transduction pathway that links
plasma membrane receptors to the assembly of focal
adhesions and actin stress ﬁbers.50 Recently it has been
reported that high levels of RHOA can inhibit cell
motility.51,52 This led us to investigate the potential of
RHOA as a prognostic marker in Dukes’ C colorectal
cancer. Using immunohistochemistry and a tissue microarray, we assessed the level of expression of RHOA in
an independent set of 137 formalin-ﬁxed parafﬁnembedded tumor samples from Dukes’ C patients. Patients with low RHOA tumor levels had signiﬁcantly
worse overall (P ⫽ .03) and disease-free (P ⫽ .01)
survival compared with patients whose tumors had high
RHOA protein levels. In agreement with this, lymph
node metastases showed signiﬁcantly (P ⫽ .017) lower
levels of RHOA protein than the primary tumors; this
further suggests that reduced RHOA expression could
favor tumor spread. Moreover, the shorter survival of
patients with low RHOA tumor protein levels could be
observed in patients who had surgery as the only form of
treatment and in those who, in addition, received 5-FU–
based adjuvant chemotherapy. These results indicate that
RHOA tumor expression levels can be a useful marker
for predicting the probability of recurrence of Dukes’ C
patients treated with or without 5-FU– based chemotherapy. Therefore, RHOA could be used to identify a subset
of patients with a higher probability of recurrence and for
whom a more aggressive treatment may be justiﬁed.
Although adjuvant treatment with 5-FU has become
standard treatment of Dukes’ C colorectal cancer, Irinotecan and oxaliplatin have now clearly been shown to be
effective alternative agents.53–57 Reduced RHOA levels
could therefore identify a group of patients who could
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beneﬁt from combined treatment with 5-FU and
CPT-11 and/or oxaliplatin.
In conclusion, in this study we show that primary
Dukes’ C colorectal tumors that are likely to form distant
metastases display a distinctive expression signature;
high-density oligonucleotide microarray analysis accurately distinguished patients with good and bad prognosis after surgery. Moreover, we show that microarraybased genome-wide screening for genes with different
levels of expression at the messenger RNA level can be
used to identify single prognostic markers for these
patients. RHOA was found to be one such marker that
could be used to identify a subset of patients with poor
prognosis who could beneﬁt from more aggressive treatment.
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