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BACKGROUND:

STUDY DESIGN:

RESULTS:

CONCLUSIONS:

Despite expected excellent outcomes of surgical resection for early stage rectal cancers, 20% of
stage I and II rectal cancers recur. Identifying biologic factors that predict the subset prone to
recur could allow more directed therapy. This study identifies a tumor gene expression profile
that accurately predicts disease recurrence.

Stage I/11 rectal cancer patients treated by surgery alone at a single institution were included and
classified as having recurrent or nonrecurrent cancer. Tumor mRNA was isolated from frozen
tissue and evaluated for total genome gene expression by microarray analysis. Background-
corrected and normalized microarray data were analyzed using BAMarray software. Selected
genes were further analyzed using unsupervised clustering and nearest-centroid classification. A
balanced K-fold scoring-pair algorithm using 1,000 independent replications was used for gene
signature development.

Sixty-nine patients with disease-free survival and 31 patients with recurrent disease were in-
cluded at a median follow-up of 105 months (interquartile range 114 months) and 32 months
(interquartile range 25 months), respectively. Demographics and tumor characteristics between
groups were similar. Fifty-two genes from 43,148 probes were differentially expressed, and a
36-gene signature was found to be statistically associated with recurrence using a scoring-pair
algorithm. Accuracy to identify recurrence as measured by area under the receiver operating
characteristic curve was 0.803.

Differential gene expression within rectal cancers is associated with recurrence of early stage
disease. A 36-gene signature correlates with an increased risk of more or less aggressive tumor
behavior. This information obtainable at biopsy may assist in determining treatment decisions.

(J Am Coll Surg 2010;211:187-195. © 2010 by the American College of Surgeons)

Despite clinical advances, rectal cancer remains a signifi-
cant cause of cancer-related death.' Treatment strategies
and clinical outcomes are determined by cancer stage as
defined by local tumor penetration and spread to lymph
nodes or distant organs. Although patients with early stage
rectal cancers generally enjoy excellent outcomes with sur-
gery as the sole treatment,” advanced tumors have a worse
prognosis and are additionally treated with neoadjuvant or
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adjuvant chemotherapy and/or radiation.”* In spite of es-
tablished treatment protocols, a significant number of early
stage rectal cancer patients still develop recurrent cancer
and die from their disease.

Unfortunately, there is no accurate means to predict
which patients with early stage disease will suffer recur-
rence, so there is no way of identifying which patients
should be targeted for neoadjuvant treatment. An accurate
prognostic model could identify which patients might ben-
efit from neoadjuvant therapy while sparing risks for those
who would not benefit. Although various molecular mark-
ers involved in colorectal cancer etiology have been
identified,>"* the process of oncogenesis and cancer metas-
tasis is likely a complex chain of events with multiple in-
tertwined pathways, most of which remain unknown.

The search for new factors has been boosted by develop-
ment of technologies capable of high-throughput analysis
such as microarrays for gene expression.”"”> Broad molec-
ular and genetic analyses using these techniques have been
performed and validated for various tumors including

ISSN 1072-7515/10/$36.00
doi:10.1016/j.jamcollsurg.2010.03.035


mailto:kaladym@ccf.org

188 Kalady et al

Rectal Cancer Recurrence Gene Signature

J Am Coll Surg

colorectal cancer.'®" This study uses a well-defined rectal
cancer population along with microarray technology to
develop a gene signature that accurately predicts recurrence
or nonrecurrence of early stage rectal cancer.

METHODS

Patient selection and outcomes

The Cleveland Clinic Department of Colorectal Surgery
has an IRB-approved database that collects clinical infor-
mation and follow-up for colorectal cancer patients. This
database was queried for patients with stage I or II rectal
cancer who were treated by surgery alone. Any patients
receiving pre- or postoperative chemotherapy and/or radi-
ation were excluded to avoid the confounding influence on
tumor composition and clinical outcomes. The study end-
point was disease recurrence. Only patients with recurrent
disease or those without recurrence and at least 3-year
follow-up were included. Time to recurrence or disease-free
interval was defined as the time from the date of surgery to
the date of confirmed tumor relapse for patients with re-
currence, and from the date of surgery to the date of last
follow-up for disease-free patients. Disease-free survival
was defined as being alive without any evidence of recur-
rent disease as of the latest clinical follow-up. From these
groups, patients with available fresh frozen tumor samples
comprised the final study population. Charts were re-
viewed to validate the clinical endpoints of recurrent or
nonrecurrent cancer from the database. Basic demo-
graphic, clinical, and tumor characteristics were analyzed.

Fresh frozen tissue samples

Tumor tissue was obtained according to Institutional Re-
view Board-approved protocols using frozen tumor speci-
mens from patients treated at the Cleveland Clinic. Tumor
tissues were obtained through a dedicated tissue procure-
ment team within the Department of Anatomic Pathology.
A portion of the tumor was snap frozen and banked at
—80°C. A gastrointestinal pathologist confirmed the his-
topathology diagnosis of each specimen independently.
Specimens chosen for analysis contained at least 60% tu-
mor cells.

RNA isolation from frozen tissue samples

RNA was extracted from fresh frozen tumor tissue. Frozen
tissue blocks stored at -80°C were cut on a microtome into
5 X 10 wm-thick samples and resuspended in 100 nL of
tissue lysis buffer, 16 wL 10% sodium dodecyl sulfate
(SDS) and 80 uL Proteinase K. Samples were vortexed and
incubated in a thermomixer set at 400 revolutions per
minute for 3 hours at 55°C. Subsequent steps of sample pro-
cessing were performed according to manufacturer’s protocol.

RNA samples were quantified by optical density 260/280
readings using a spectrophotometer and diluted to a final con-
centration of 50 ng/ L. To assure RNA quality, the mRNA of
each specimen was run on a gel to assure lack of degradation

before being hybridized for the microarray.

Total genome gene expression analysis

Isolated total genome RNA was tested for total genome
expression using >46,000 transcript—speciﬁc sequences on
the Sentrix Human-6 Expression BeadChip (Illumina).
Briefly, 100 ng of total RNA was amplified by an in vitro
transcription amplification kit (Ambion) and hybridized to
the platform using commercially available kits (Illumina).
[lumina BeadStation 500 software was used for imaging
and normalization of data.

Statistical analysis

Quantitative variables are summarized by mean * stan-
dard deviation or median with interquartile ranges. Cate-
gorical variables are summarized by frequency. Demo-
graphic and tumor differences between recurrent and
nonrecurrent populations were assessed using chi-square or
Fisher’s exact test for categorical variables and Wilcoxon
rank sum test for quantitative variables. Because recurrence
occurred at various follow-up times and not all patients
were observed with equal follow-up, factors associated with
recurrence were best assessed using the log-rank estimates
and Kaplan-Meier analyses for recurrence-free survival.

Microarray statistical analysis
Microarray data (43,148 probes per sample) were back-
ground corrected and median baseline normalized using
the Beadarray R-software package for Bioconductor.”
Normalized data were analyzed using Bayesian Analysis of
Variance for Microarrays (BAM) methodology.*"** Com-
putations were implemented using BAMarray 2.0 soft-
ware™ under the no-baseline option assuming unequal
variances across cancer (phenotype) groups, with variance
clustering® set to 2 clusters. To invoke the no-baseline
option, normalized data were transformed by baseline cen-
tering.”” For each sample (69 nonrecurrent and 31 recur-
rent tissues), expression values were subtracted from the
corresponding probeset for all patients in the opposing
phenotype class. So, each probeset for the 69 nonrecurrent
samples had 31 baseline expression values, and each probe-
set for the 31 recurrent samples had 69 baseline expression
values. This resulted in 4,278 observations (69 X 31 +
31 X 69) for each probeset, and a total of 184,587,144
(4,278 X 43,148) data values.

Computations were implemented on an Altix 350 Sili-
con Graphics multiprocessor server. A total of 52 genes
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from the 43,148 probes were found to be differentially
expressed using the automatic thresholding rule used by
BAMarray.”? Subsequent analyses focused on these 52
genes. The first method used to further condense the gene
signature included nearest shrunken centroid classifica-
tion.”® Using normalized expression data for the 52 genes, a
nearest shrunken centroid classifier was derived. Compu-
tations were implemented using the pamr R-software pack-
age.”” Misclassification error rate for the classifier was esti-
mated using 5-fold cross-validation.

A second method to develop the gene signature using a
scoring-pair algorithm was derived using control genes.
Candidate control genes were defined by removing the 52
differentially expressing genes, as well as all genes with
BAM test statistics exceeding a nominal cut-off value, from
the 43,148 probes. All Illumina specific probesets that
could not be annotated using data from National Center
for Biotechnology Information (http://www.ncbi.nlm.nih.
gov) were also removed. This left a total of 2,325 candidate
control probe sets.

Balanced K-fold validation (K = 6) was used in the gene
signature development. The classifier was trained using 4
folds of the data (training folds). To train the classifier, a
control gene from the candidate pool was found for each of
the 52 differentially expressing genes. A control gene (Cg)
for a gene (g) was defined as that gene with the maximum
number of expression values lying between the mean ex-
pressions for the 2 phenotype groups for g. The classifier
was defined by assigning the value +1 to a gene g if the
mean expression for g for the recurrent tissues was larger
than Cg, otherwise it was defined to be —1. The overall
score for the classifier was the sum total over the 52 genes.
The trained classifier was tuned on the fifth-fold (tuning-
fold) of the data. This was done by varying the number of
genes in the signature. The classifier with highest area un-
der the receiver operator characteristic (ROC) curve was
chosen. The accuracy of the tuned classifier was estimated
by calculating its area under the ROC curve using the sixth-
fold (test-fold) of the data. This process was repeated 1,000
times independently. The final classifier was defined by
using only genes that appeared more than 70% of the time
with the same +1 or —1 score. This resulted in a gene
signature comprising 36 genes and 36 matched control
genes (“scoring-pair” signature). Accuracy of this classifier
was estimated by the area under the ROC curve using the
1,000 test-fold datasets.

RESULTS
Patient and tumor characteristics

Fresh frozen tumors from 100 patients were available to
build the predictive model: 69 rectal cancers from patients

Table 1. Patient Demographics and Tumor Characteristics

Variable Nonrecurrent Recurrent p Value
n 69 31
Mean age (y), SD 64.5 = 11 65.6*+9 0.79
Gender, male/female 49/20 19/12 0.34
Time to recurrence
(mo), mean =SD NA 37 = 26 NA
Median follow-up,
mo (IQR) 105 (114) 32(25)  <0.001
Distance from anal
verge (cm),
mean +SD 9.3+ 3.6 8.7 4.0 0.47
Tumor size (cm),
mean *SD 43+1.2 47+ 1.8 0.27
Lymph nodes
examined (n),
mean * SD 23 + 23 16 = 11 0.04
Cancer stage, n (%) 0.03
I 43 (62) 12 (39)
i 26 (38) 19 (61)
T stage, n (%) 0.04
T1 8 (12) 0 (0)
T2 35 (51) 13 (42)
T3 26 (38) 17 (55)
T4 0 (0) 1(3)
Differentiation, n (%) 0.34
Well 9 (13) 1(3)
Moderately 52 (75) 27 (87)
Poorly 8 (12) 3 (10)

IQR, interquartile range.

with nonrecurrent disease and 31 rectal cancers from pa-
tients who subsequently developed recurrence. All cancers
were from pathologic early stage, node-negative, rectal can-
cer patients who were treated by surgical resection alone
with curative intent. Eighty patients underwent low ante-
rior resection, 18 underwent abdominoperineal resection,
and 2 underwent total proctocolectomy. Patients undergo-
ing local excision were not included in this study. No pa-
tients received preoperative chemoradiation or adjuvant
treatment before recurrence. Mean follow-ups for nonre-
current and recurrent patients were 120 and 66.9 months,
respectively. The median follow-up for nonrecurrent pa-
tients was 104.6 months, with 25%, 50, and 75 percen-
tiles of 58.3, 104.6, 172.7, respectively (interquartile range
114.4 months). The mean time to recurrence was 37.1
months. There were 24 patients with distant recurrence, 6
patients with local recurrence, and 1 patient with both
distant and local recurrence.

Demographics and tumor characteristics are shown in
Table 1. Patients with nonrecurrent cancer had higher
mean and median numbers of lymph nodes evaluated than
those with recurrent disease: 23 versus 16, and 20 versus
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12, respectively (p = 0.04, Wilcoxon rank sum test). There
were 2 significant outliers in terms of number of lymph
nodes evaluated. One patient with nonrecurrent disease
had 180 lymph nodes evaluated. One patient with recur-
rent disease had no lymph nodes evaluated. This case was
re-reviewed by Pathology at the time of resection and still
no lymph nodes were found. If these 2 outliers are removed
from the data purely to evaluate the number of nodes ex-
amined, the difference is no longer significant (p = 0.10).
Regardless, evaluation of at least 12 lymph nodes has been
shown to be accurate for staging rectal cancer®® and both
groups met this requirement. In addition, a log-rank esti-
mate was performed to evaluate the influence of lymph
node harvest on disease-free survival in our study popula-
tion using 12 as the cut-off for number of nodes evaluated.
There was no significant difference in recurrence-free sur-
vival (p = 0.23).

Not unexpectedly, there was a higher percentage of stage
IT rectal cancers among the group of patients who devel-
oped recurrence. However, this did not statistically influ-
ence recurrence-free survival in this study population based
on the log-rank test (p = 0.53).

Gene expression

A total of 52 genes from the 43,148 probes were found to
be differentially expressed using the automatic threshold-
ing rule used by BAMarray.> Unsupervised hierarchical
clustering of BAM test statistics for the 52 differentially
expressing genes identified 2 distinct populations corre-
sponding to patients with nonrecurrent or recurrent rectal
cancer (Fig. 1). BAM test statistics (1 statistic for each gene
and each sample) measured distance for a patient’s gene
expression to the gene expression for all other patients from
the alternate phenotype. The large clustering patches of
green and red in Figure 1 showed consensus among the 52
genes in delineating cancer outcome status.

Nearest shrunken centroid gene sighature

In an attempt to further condense the 52 differentially
expressed genes, nearest shrunken centroid classification
was used.”® Error rates using 5-fold validation for nearest
centroid classification were flat as a function of threshold-
shrinkage value (Supplemental Fig. 1, online only). This
demonstrated that the 52 nearest centroid gene signature
could not be improved by removing genes. Centroids for
recurrent and nonrecurrent data were relatively large for all
genes (Supplemental Fig. 2, online only). Five-fold valida-
tion error rate for the classifier was 29% (Supplemental Fig.
1, online only). Error rates were significantly lower for
nonrecurrent data. Predicted class probabilities also
showed that the nearest centroid classifier was better over
nonrecurrent data (Supplemental Fig. 3, online only).
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Figure 1. Unsupervised hierarchical clustering of genes and sam-
ples using 52 genes found differentially expressing from a Bayes-
ian Analysis of Variance for Microarrays (BAM) analysis. Heatmap
values are BAM test statistics measuring distance of a given
patient to all patients in the opposing class. Rows correspond to
patients, columns to genes. Nonrecurrent patients are indicated
by an “n” to the left of the rows (some values obscured due to
resolutlon). Large clustering patches of green and red delineate
2 distinct populations corresponding to patients with nonrecur-
rent or recurrent rectal cancer.

Scoring-pair gene signature

Using an alternative method, a scoring-pair algorithm, a
36-gene signature was derived. Hierarchical unsupervised
clustering of the scoring-pair 36-gene signature identified 2
subsets of genes that delineated between recurrent and
nonrecurrent cancer groups (Fig. 2). A complete gene list is
shown in Table 2. Twenty-two genes were underexpressed
and 14 were overexpressed in recurrent rectal cancers in
relation to nonrecurrent rectal cancers. The direction of
expression is shown in Table 2.

Overall accuracy of the 36 scoring-pair signature, as
measured by area under the ROC curve, was 0.803 (Fig.
3). This was significantly better than the 52 nearest cen-
troid gene signature. Distribution of the scores for the
36-gene signature over the 1,000 testfold datasets
showed good separation between recurrent and nonre-
current data (Fig. 4).

DISCUSSION

This study introduces a novel means to identify early stage
rectal cancer patients who are at risk for recurrence by using
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Figure 2. Hierarchical clustering of the 36-gene scoring pair signa-
ture. The pink and blue dendritograms represent clustering of recur-
rent and nonrecurrent genes, respectively. Rows correspond to
patients and columns correspond to genes. Nonrecurrent patients

are denoted by an “n” next to the row. Clustering was performed on

genes (columns) but not samples (rows). Again, distinct patterns
between cancer outcomes are seen. The bottom panel displays
centroid values for recurrent patients from the nearest shrunken
centroid classifier. Note that only 32 of the 36 genes are shown
here. Four genes with lllumina-specific probesets were discontinued
on the National Center for Biotechnology Information bank and
these were not included.

a predictive gene signature that can be assessed by tumor
tissue analysis at the time of diagnosis or resection. The
model was built on a well-characterized patient population
treated by total mesorectal excision and used robust statis-
tical methods that yield an overall accuracy of 80%.
Despite best practices, the staging system and associated
treatment protocols for rectal cancer still remain flawed.
Although early stage cancers are treated by surgery alone,
distal disease recurrence still occurs in approximately 20%
of cases. Identifying this subset of patients could allow for
an opportunity to intervene with neoadjuvant or adjuvant
therapy. For example, patients with stage I rectal cancer
with a high probability of recurrence based on the gene
expression profile could theoretically be offered neoadju-
vant or adjuvant chemotherapy. The signature may also
assist in a more directed therapy for stage II tumors. Cur-

rent standards dictate neoadjuvant chemoradiation for
stage II or III adenocarcinoma in the middle or lower third
of the rectum.” Patients with clinical or pathologic lymph
node involvement usually also receive subsequent further
adjuvant chemotherapy. However, the added benefit for
adjuvant therapy for all stage II patients receiving neoadju-
vant chemoradiation is controversial. Patients whose tu-
mors fit the gene signature for recurrence could potentially
benefit from adjuvant treatments. Conversely, patients
with stage II rectal cancer whose gene profile is consistent
with nonrecurrent disease could possibly forgo neoadju-
vant chemoradiation because total mesorectal surgery
alone provides long-term cure in the majority of cases.>*?!
So, directed selection of patients to receive neoadjuvant or
adjuvant therapy could minimize unnecessary treatment.

One unique aspect of this signature is the paired-scoring
concept. Unsupervised approaches (eg, hierarchical clus-
tering) tend to find statistical separation in outcomes un-
related to biology; semisupervised approaches (eg, nearest-
centroid classification) find valid biologic class separation
but tend to be accurate over only select phenotype groups.
Unlike these approaches, we sought to use a strongly super-
vised approach that separated both outcome groups equally
well, both statistically and biologically. To do so, we used a
scoring-pair approach that allowed each differentially ex-
pressed gene to be scored individually as —1, +1, or zero,
relative to a control gene. A non-zero value was assigned
only when one could find a control gene whose expression
value consistently lay between expression values for the 2
outcome groups, ensuring that differential expression was
not only statistically significant but also biologically con-
sistent. Each of these values for the 36 genes was summed
to derive a score for that particular patient. So, any one
patient can have a score from -36 to +36 that is associated
with a particular risk. The histogram of these scores is
shown in Figure 4. Although there is overlap in the middle
range of these scores, the model is particularly useful for
patients scoring at the extremes of the scale, where there is
a nearly 100% chance of either recurrence or nonrecur-
rence of disease.

This work is the first to report a gene signature to predict
recurrence of rectal cancer treated by surgery alone. The
Memorial Sloan Kettering group studied predictors of re-
currence for early stage rectal adenocarcinoma by evaluat-
ing tissue microarray expression of several known molecu-
lar markers. However, the given set of known markers did
not accurately correlate with recurrence,” underscoring
the need for better ways of predicting outcomes. Other
groups have used tumor microarray platforms to predict
response to preoperative radiation in Japanese rectal cancer
patients® and response to neoadjuvant chemoradiation in
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Table 2. Genes Included in the 36-Gene Predictive Signature
Expression in

Gen Bank ID Gene name recurrent Description/annotation

NM_000111 SLC26A3 Decreased Chloride anion exchanger (Protein DRA)

NM_006890 CEACAM7 Decreased Carcinoembryonic antigen-related cell adhesion molecule 7 precursor
(Carcinoembryonic antigen CGM2)

NM_001216 CA9 Increased Carbonic anhydrase 9 precursor (EC 4.2.1.1) (Carbonic anhydrase IX)

(Carbonate dehydratase IX) (CA-IX) (CAIX) (Membrane antigen
MN) (P54/58N) (Renal cell carcinoma-associated antigen G250)
(RCC- associated antigen G250) (pMW1).

NM_002644 PIGR Decreased Polymeric-immunoglobulin receptor precursor (Poly-Ig receptor)
(PIGR) (Hepatocellular carcinoma-associated protein TB6)

NM_017678 FAMS55D Decreased Protein FAMS55D precursor

NM_000612 IGF2 Increased Insulin-like growth factor II precursor (IGF-II) (Somatomedin A)

NM_001062 TCNI1 Increased Transcobalamin-1 precursor (Transcobalamin I)

XM_940969 LOC651751 Decreased

NM_000422 KRT17 Increased Keratin

NM_000095 COMP Increased Cartilage oligomeric matrix protein precursor (COMP)

NM_003944 SELENBP1 Decreased Selenium-binding protein 1 (56 kDa selenium-binding protein)
(SP56)

NM_015894 STMN3 Decreased Stathmin-3 (SCG10-like protein)

XM_939003 LOC649923 Decreased

NM_005218 DEFBI1 Decreased Beta-defensin 1 precursor (BD-1) (Defensin)

NM_020420 DAZ1 DAZ4 Decreased Deleted in azoospermia protein 4

NM_021983 HLA-DRB4 Decreased

NM_002546 TNFRSF11B Increased Tumor necrosis factor receptor superfamily member 11B precursor
(Osteoprotegerin) (Osteoclastogenesis inhibitory factor).

NM_014579 SLC39A2 Decreased Zinc transporter ZIP2 (Eti-1) (6A1) (hZIP2) (Solute carrier family 39
member 2)

NM_080629 COLI11A1 Increased Collagen alpha-1(XI) chain precursor

NM_019111 HLA-DRA Decreased major histocompatibility complex

NM_024016 HOXBS8 Increased Homeobox protein Hox-B8 (Hox-2D) (Hox-2.4)

NM_001013629 FAM23 Decreased Protein FAM23A, Protein FAM23B

NM_005940 MMPI11 Increased Stromelysin-3 precursor (EC 3.4.24.-) (ST3) (SL-3) (Matrix
metalloproteinase-11) (MMP-11)

NM_002969 MAPK12 Decreased Mitogen-activated protein kinase 12 (EC 2.7.11.24) (Extracellular

signal-regulated kinase 6) (ERK-6) (ERK5) (Stress-activated protein
kinase 3) (Mitogen-activated protein kinase p38 gamma) (MAP
kinase p38 gamma)

NM_020436 SALL4 Increased Sal-like protein 4 (Zinc finger protein SALL4)

NM_153259 MCOLN2 Decreased Mucolipin-2

NM_017716 MS4A12 Decreased Membrane-spanning 4-domains subfamily A member 12

NM_004598 SPOCKI1 Increased Testican-1 precursor (Protein SPOCK)

XM_941444 LOC652113 Decreased

NM_022912 REEP1 Decreased Receptor expression-enhancing protein 1

NM_016522 HNT Increased Neurotrimin precursor (hNT)

XM_945536 LOC652470 Increased

NM_002639 SERPINB5 Increased Serpin B5 precursor (Maspin) (Protease inhibitor 5)

NM_080387 CLEC4D Decreased C-type lectin domain family 4 member D (C-type lectin superfamily
member 8) (C-type lectin-like receptor 6) (CLEC-6)

NM_000870 HTR4 Decreased 5-hydroxytryptamine 4 receptor (5-HT-4) (Serotonin receptor 4) (5-
HT4)

NM_001010925 ANKRD19 Decreased
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Figure 3. Receiver operator characteristic (ROC) curve for tuned
scoring-pair classifier. ROC curve was calculated using test-fold
data from K-fold validation. Data are based on 1,000 indepen-
dent replications.

the German Rectal Cancer Trial.>* Gene profiles in these
studies are influenced by treatment interventions and can-
not be extrapolated for patients treated by surgery alone.
Gene signatures have been developed for predicting recur-
rence of colon cancers.””*® One group reported on 70 genes
associated with recurrence of stage II and III colon can-
cers.”® None of the genes overlapped with those reported in
this study, but similar genes within a common family such
as insulin-like growth factor and tumor necrosis factor were
found to be increased in recurrent patients in both Barrier’s
work and this study. A multi-institutional group reported a
7-gene signature to predict stage II colon cancer recur-
rence.”” Similarly, there was no overlap with the current
study gene signature. These findings are not surprising due
to genetic and molecular differences between colon and
rectal cancers,” heterogeneity of patients used between the
studies, and differences in methodology in developing the
signatures.

Microarray technology is increasingly being used to
identify and define genes associated with subclasses of dis-
ease. However, there are challenges to building an accurate
gene signature model. Hurdles that impede the success of a
clinically applicable signature include the lack of unifor-
mity of patients studied, difficulty with quality procure-
ment specimens, and lack of good clinical follow-up.*®
These potential pitfalls have been addressed in the design of
this study. We included a stringently defined patient pop-
ulation of pathologically defined stage I and II rectal cancer

-40 0 40

20
scoring—pair gene signature

Figure 4. Histogram for individual patient score values for the 36-
gene signature. Each of the 36 genes in the signature was com-
pared with a control gene and given a score of —1, O, or +1
depending on decreased, similar, or increased expression, respec-
tively. The 36 values for each patient were summed, allowing a
possible range of scores from -36 to +36. Red bars represent
patients who developed recurrent disease and blue bars represent
patients without recurrent disease. Data are based on test-fold
data. Scores on the extremes of this histogram are highly predictive
for either recurrence or nonrecurrence.

patients who were treated by formal resection (no local
excision). Patients receiving neoadjuvant therapy were ex-
cluded to avoid the influence of medical treatment on gene
expression or recurrence. All operations were done with
curative intent and performed by colorectal surgeons at a
tertiary care center using techniques of vessel high ligation
and sharp total mesorectal excision. So we have tried to we
create a model for which tumor biology trumps any surgi-
cal factors on cancer recurrence. Although this study in-
cluded 6 patients whose recurrence was local, adequate
lymph node harvest, intact mesorectum on the surgical
specimen, and clear margins minimize the impact of tech-
nique over biology on tumor recurrence. Each tumor sample
was freshly frozen from the operating room and procured for
tissue banking. Detailed clinical databases allowed for close
clinical follow-up and the median follow-up for nonrecurrent
patients was 8.7 years.

One may argue that excluding patients who received
neoadjuvant or adjuvant therapy to build the model creates
selection bias because theoretically, stage II patients who
are considered higher risk based on clinical evaluation
might receive additional therapy, so the signature would
not be broadly applicable. However, reasons for not giving
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neoadjuvant treatment to this group included the time pe-
riod when the patient was treated, surgeon prevailing atti-
tudes regarding the benefit of additional therapy, and pa-
tient comorbidities. Regardless of this, the signature is still
associated with a group of patients who develop recurrence,
and even more so in patients who would not be expected to
have recurrence. A prospective signature validation study
will eliminate any such bias.

In addition to identifying a gene signature, this work has
identified individual genes that may be important to un-
derstanding the biologic process of cancer. Not all genes
have a known biologic process nor are they linked to cancer.
However, multiple genes in the signature are involved with
cell adhesion and signaling, cellular proliferation, angio-
genesis, and apoptosis, among others. A detailed discussion
about each of the individual genes and their potential sig-
nificance is beyond the scope of this article, but several of
these genes are worth mentioning briefly.

Downregulation of CEA cellular adhesion molecule-7
(CEACAM-7), a regulator of normal cellular differentia-
tion, has been demonstrated in aberrant crypt foci and
adenomas.””*® Large decreases, as seen in this signature,
could be associated with more aggressive disease. Loss of
selenium-binding protein 1 (SELENBP1), which is de-
creased in our recurrent patients, is associated with a worse
overall prognosis for stage II and III colorectal cancer pa-
tients.”! Expression of collagen matrix protein COL11AL1 is
seen in adenomas and sporadic colon cancers, but not nor-
mal colonic epithelium.*>* This gene is overly expressed in
recurrent patients compared with nonrecurrent patients in
this study. Matrix metalloproteinase 11 (MMP11), a pro-
tein instrumental in degradation of extracellular matrix
and whose increased expression portends metastatic dis-
ease, is elevated in our signature for recurrent disease pa-
tients, as might be expected. Each of these genes is under
further laboratory investigation.

The authors acknowledge that this is an early model that
needs validation before serious discussion about it being
used as a clinical tool. Expression of each gene identified as
significant in the microarray will be validated separately
using quantitative real-time polymerase chain reaction
techniques, which are relatively inexpensive and readily
available. Genes that pass this test can then be used to
evaluate prognosis in an independent set of rectal cancers.
Data gained from that validation could provide informa-
tion to be used in consultation with patients in discussing
clinical algorithms. Ideally, successful validation could pro-
vide the basis for a potential prospective randomized clin-
ical trial regarding the use adjuvant therapy to prevent dis-
ease recurrence.

Appendix
Supplementary data
Supplementary data associated with this article can be

found ,in the online version, at doi:10.1016/j.jamcollsurg,.
2010.03.035.
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