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Background: Timely diagnosis and classification of colorectal cancer (CRC) are hindered by unsatisfactory clinical assays. Our aim
was to construct a blood-based biomarker series using a single assay, suitable for CRC detection, prognostication and staging.

Methods: Serum metabolomic profiles of adenoma (N=231), various stages of CRC (N=2320) and healthy matched controls
(N=254) were analysed by gas chromatography-mass spectrometry (GC-MS). A diagnostic model for CRC was derived by
orthogonal partial least squares-discriminant analysis (OPLS-DA) on a training set, and then validated on an independent data set.
Metabolomic models suitable for identifying adenoma, poor prognosis stage Il CRC and discriminating various stages were
generated.

Results: A diagnostic signature for CRC with remarkable multivariate performance (RPY=0.46, Q°Y=0.39) was constructed, and
then validated (sensitivity 85%; specificity 86%). Area under the receiver-operating characteristic curve was 0.91 (95% Cl, 0.87-0.96).
Adenomas were also detectable (R*Y=0.35, Q°Y=0.26, internal AUROC = 0.81, 95% Cl, 0.70-0.92). Also of particular interest, we
identified models that stratified stage Il by prognosis, and classified cases by stage.

Conclusions: Using a single assay system, a suite of CRC biomarkers based on circulating metabolites enables early detection,
prognostication and preliminary staging information. External population-based studies are required to evaluate the repeatability
of our findings and to assess the clinical benefits of these biomarkers.

Colorectal cancer (CRC) is the third highest cause of cancer deaths
in the world. Early detection and diagnosis makes cure possible.
Therefore, substantial efforts have been made to devise and
implement screening strategies. Currently, colonoscopy represents
the gold standard screening test. However, colonoscopy is invasive,
inconvenient and expensive. To enhance the effectiveness of
screening strategies, stool-based tests for occult blood have been
used to triage low-risk individuals for colonoscopy. However, CRC

screening remains below target (Smith et al, 2015). Therefore, a
blood-based screening test used in this manner could have an
important clinical role.

Treatment for CRC depends on accurate staging. More
advanced locoregional disease requires the addition of systemic
therapy to surgery alone, and disseminated disease is typically
managed by systemic therapy alone. In recent years, numerous
efforts have been made to identify patients with apparent
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early-stage disease who might benefit from systemic therapy. For
example, a number of groups have devised methods to identify
occult lymph node metastases with the intent of identifying a
subgroup of stage II patients who might benefit from adjuvant
therapy (André et al, 2009; Croner ef al, 2014). Others have taken
the approach of identifying stage II patients with an adverse
prognosis using various molecular profiling techniques, including
proteomics and transcriptomics (Salazar et al, 2010; Kennedy et al,
2011; Roth et al, 2012).

Metabolomics is capable of characterising individuals by disease
state. Moreover, in cancer the metabolome is a close molecular
representation of tumour phenotype (Bathe and Farshidfar, 2014),
thus it is possible to identify clinically relevant metabolomic
subgroups. In recent years, several groups have attempted to
characterise the metabolomic changes associated with CRC
(Bertini et al, 2012; Farshidfar et al, 2012; Ma et al, 2012;
Mal et al, 2012; Nishiumi et al, 2012). However, all of these studies
lack a large validation cohort, and there have been few attempts at
exploring potential clinical applications. The primary aim of this
study was to identify and validate a metabolomic signature for
CRC using blood samples from a large patient cohort. Our
secondary aim was to explore the potential usefulness of
metabolomic profiling for screening, prognostication and staging.
Our approach involved the identification of important discrimi-
natory metabolites with targeted analysis of these metabolites in
independent validation sets.

MATERIALS AND METHODS

Sample collection. This study was approved by the Conjoint Health
Research Ethics Board at the University of Calgary (Ethics ID
E21805) and conforms to the Declaration of Helsinki (2008). Serum
samples and clinical information were collected in a prospective
cohort of consented CRC patients, treated at the Foothills Medical
Center (Calgary, AB, Canada) between 2006 and 2013. Patients with
extrahepatic metastases, any acute inflammatory state, sepsis and any
hereditary adenomatosis syndrome (including family history with a
first-degree relative with CRC) were excluded. Colorectal adenoma
samples and control samples were collected prospectively by the
Forzani and MacPhail Colon Cancer Screening Centre at the
University of Calgary. Disease-free controls consisted of healthy
individuals who had a normal screening colonoscopy. Controls were
matched for age and sex with cancer and adenoma patients; ages
were within 2 years, except in patients older than 75 years, where
matches were within 5 years of age. Individuals were all fasting for at
least 8h before blood collection. Sera were collected in gold top
Vacutainer tubes (BD Biosciences, Mississauga, ON, Canada).
Samples were processed within 6h of collection and were stored at
—20°C until the day of analysis (Hollander and Wolfe, 1999;
Saeed et al, 2003).

Metabolomic analysis. Sera were divided into training sets and
validation sets, and then analysed by gas chromatography-time of
flight-mass spectrometry. Samples were arranged in batches that
included all comparator groups, randomly distributed. That is,
each batch had approximately equal representation of all stages of
CRC and also contained matched disease-free controls; there was a
random distribution based on sex and date of collection.

Gas chromatography-mass spectrometry. Gas chromatography-
mass spectrometry methods have been previously described
(Farshidfar et al, 2012). For metabolite extraction, we used a
modified Bligh and Dyer extraction and purification method (Bligh
and Dyer, 1959). Gas chromatography-mass spectrometry was
performed using an autosampler equipped Agilent 7890A
chromatograph (Agilent Technologies Canada Inc., Mississauga,
ON, Canada) coupled with a Waters GCT Premier Orthogonal

Acceleration/Time-of-Flight Mass Spectrometer (Waters Corp.,
Milford, MA, USA). An MS range of 50-800 m/z was used for
scanning. Acquired spectra were processed using Metabolite-
Detector software (ver. 2.IN; Technische Universitit Carolo-
Wilhelmina zu Braunschweig, Braunschweig, Germany). For
metabolite identification, an in-house library based on the GOLM
metabolome database (Hummel et al, 2007) and NIST 2011 (Stein,
1995) library, and MassBank mass spectral database (Horai et al,
2010) were used. Named metabolites are Metabolomics Standards
Initiative (MSI) level 2 (putatively annotated compounds); the
remainder of the compounds would be classified as MSI level 4
(unknown compounds). Retention time, retention indices, and the
ions are reported for each compound. Identified peak intensities
were normalised for each sample using median fold-change
normalisation (Dieterle et al, 2006). Missing values were imputed
with the smallest value in the data set.

Data analysis. Student’s ¢-test was used for statistical comparison
of pairs of groups, and Fisher’s exact test was used to compare
proportions. All univariate tests were two-sided, and a P-value
<0.05 was considered a priori to be statistically significant. Where
applicable, the significance threshold was adjusted for multiple
testing, using the Holm-Bonferroni correction method. In the
univariate analysis of stage-dependent variations, we took a
nonparametric approach (Hollander and Wolfe, 1999) (Kruskal-
Wallis test) with a Bonferroni correction in Multi-Experiment
Viewer, version 4.9 (The TM4 Software Development Team,
http://mev.tm4.org/) (Saeed et al, 2003). The Spearman’s rank
correlation metric was used for hierarchical clustering, using
complete linkage as the linkage method for generating heatmaps.
To correct for analytical batch variation in GC-MS, we used the
ComBat approach, originally designed for batch correction in
microarray experiments and available through the ‘sva’ package
(Leek et al, 2012) in Bioconductor (Gentleman et al, 2004) in R
environment (ver. 3.0.2) (R Core Team, 2014). Calculated values
were used as preprocessed data.

Preprocessed GC-MS data were log-transformed, centered and
unit-variance scaled before being imported to SIMCA multivariate
analytical software (version 14.0.0; Umetrics AB, Malmo, Sweden).
Compounds with skewedness over 2.5 were further checked for
analytical quality, including confirmation of correct compound
identification and examination for outliers. A preliminary principal
component analysis (PCA) was generated for each comparison
with up to three components per PCA. Thus, intrinsic clustering
and distinct patterns arising from specific metabolites’ distribu-
tions, as well as potential outlier samples, could be detected by
PCA. Potentially significant subsets of metabolites were selected by
using two-sample t-test assuming unequal variances (Welch’s
t-test). Metabolites with a P-value < 0.30 were deemed informative
(Weljie et al, 2007) and were used for subsequent orthogonal
partial least-squares discriminate analyses (O-PLS-DA) or
02-PLS-DA. Compounds with variable importance on projection
(VIP) of less than a defined threshold were further filtered. For
each analysis, the VIP threshold was set so that R%*Y and QZY are
maximised, and their difference is minimised. Based on our prior
work, this variable selection approach can be used reliably for
multivariate statistical comparisons, such as O-PLS-DA Further,
this variable selection method has been successfully used to
generate the most informative and parsimonious classification
models (Weljie et al, 2007; Bathe et al, 2011; Farshidfar et al, 2012).

In assessment and comparison of O-PLS-DA models, R?*Y and
QY scores were used to assess the variance coverage by predictive
component, and predictability of the model in a seven times cross-
validation, respectively (Farshidfar et al, 2012). A difference of
>0.2 between R*Y and QY scores was re-evaluated in each case.
Fitted models were checked for a potential effect of confounders as
described in the Results section. To inspect the validity and
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potential overfit in the PLS-based models, a 999 times permutation
test was used for the outcomes of interest (Egdington, 1987).
Results are presented as Q2 intercept. A Q2 intercept of zero or
below demonstrates the stability and non-randomness of the
model, and therefore strongly supports the validity of the model
(Triba et al, 2015; UmetricsAB, 2015).

To evaluate the predictive performance of the constructed
signatures in external validations, the area under the receiver-
operating characteristic curves (AUROC) was calculated by
GraphPad Prism (version 6.01 for Windows; GraphPad Software,
La Jolla, CA USA; http: //www.graphpad.com).

Pathway analysis. We used QIAGEN’s Ingenuity Pathway
Analysis (IPA; QIAGEN Redwood City, http: //www.qiagen.com/
ingenuity) for pathway analyses of metabolites studied and
identified. HMDB identifiers (Wishart et al, 2007) were used
along with KEGG identifiers (Kanehisa and Goto, 2000).
Metabolites identified to be of significance in the O-PLS-DA
analyses were selected and a data set containing their identifiers
were uploaded to the IPA. Meticulous effort was made to make
sure of exact assignment from IPA’s Knowledge Base of
endogenous chemicals. We then projected these metabolites onto
the IPA global metabolite networks. The connectivity networks of
eligible metabolites were created using the metabolomic and core
analyses in IPA (using experimentally observed connections).

RESULTS

The characteristics of the study cohort are summarised in Table 1.
Samples were randomly assigned to training set and validation set.
In patients with stage IVa disease, 50 (35%) received chemotherapy
within 3 months before sampling, 32 patients (20%) with non-
metastatic disease received chemotherapy before sampling. None

of the patients had chemotherapy within 4 weeks of sampling. In
all of the analyses described below, chemotherapy did not have a
measurable effect on metabolomic profile. While this may be
because any effects of chemotherapy had diminished in the 4-week
washout period, the lack of any systematic changes in the
metabolome may also be because of the diversity of chemother-
apeutic drugs used.

Identification of metabolites associated with CRC. The training
set consisted of 222 CRC cases (including each stage of disease)
and 156 controls. Principal component analysis showed no specific
clustering in relation to clinical factors; no batch-dependent effect
was seen. However, there was some non-random separation
between CRC and control samples (explained variance,
R*X=0.25) (Figure 1A). In a supervised exploration, 41 out of
212 metabolites passed the filtering procedure before the final
refinement of the metabolomic model (Supplementary Table 1).
The final metabolomic model diagnostic of CRC clearly separated
cases of CRC from disease-free controls: R?Y was 0.46 and Q*Y was
0.39 (cross-validation analysis of variance (CV-ANOVA) P-value
<0.00001) (Figures 1B and C). The permutation test Q2 intercept
was — 0.12, which demonstrates that the model is stable and non-
random.

Metabolomic profiles are known to vary with sex (Griffin
and Nicholls, 2006; Slupsky et al, 2007). Similarly, we identified
sex-specific patterns (Figure 2). In males, the metabolomic model
could be reduced to 48 metabolites: R*Y was 0.49 and Q*Y was 0.38
(CV-ANOVA P-value <0.00001, permutation Q2-intercept = — 0.17).
In females, the model could be reduced to only 17 metabolites: R*Y
was 0.51 and Q®Y was 0.43 (CV-ANOVA P-value <0.00001,
permutation Q2 intercept = —0.17).

The general metabolomic signature diagnostic for CRC was then
subjected to validation in an independent training set consisting of
98 CRCs (with the representation from all stages) and 67 matched

Table 1. Demographics and clinical factors of patients and controls

Subgroup Control Adenoma Stage | Stage Il Stage Il Stage IVa
N 254 31 47 60 71 142
Age, mean (s.d.) 61.7 (9.3) 59.5 (6.0) 68.6 (10.6) 68.6 (12.4) 64.9 (13.1) 63.1 (11.5)
Presampling chemotherapy — — 13 (28) 8 (13) 11 (15) 50 (35)
Sex

Male 148 (58) 21(68) 32 (68) 31(52) 41 (58) 97 (68)

Female 106 (42) 10 (32) 15 (32) 29 (48, 30 (42) 45 (32
Primary site

Colon — — 15 29 41 —

Rectum — — 30 19 29 —

Unknown — — 2 12 1 —
Differentiation

Poor — — 2 7 9 7

Moderate — — 27 39 42 50

Well — — 11 6 17 16

Unspecified — — 7 8 3 69
Staging T

T — — 9 — 4 —

T2 — — 32 — 13 —

T3 — — — 45 34 —

T4 — — — 9 11 —
Staging N

N1 — — — — 39 (N1a=21) 22

(N1b=18)
N2 — — — — 22 (N2a=13) 25
(N2b=09)

Tumour dimension (cm)

Largest dimension, mean (s.d.) — — 3.44 (1.96) 5.10 (1.95) 4.62 (2.12) 2.99 (1.91)

Min—Max 0.5-12 2-10 0.3-10.1 0.5-9.9
Numbers within parentheses represent percent, unless otherwise noted.
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Figure 1. The metabolomic profile of CRC patients as determined by GC-MS is distinct from disease-free controls. (A) Principal component
analysis scores scatter plot of CRC and matched controls. (B) Supervised (O2PLS-DA) analysis scores scatter plot of CRC and matched controls.
(C) Coefficient column plot for OPLS-DA of CRC vs matched control, illustrating changes in individual compounds. (D) Receiver-operating
characteristic curve curve for validation of metabolomic classification of CRC and control, in an independent sample set (NM, not matched

(unidentified)).

controls. The diagnostic signature had a promising sensitivity of
85% and a specificity of 86%. Overall, the precision of the model
(positive predictive value) was over 89%. The AUROC was 0.91
(95% CI, 0.87-0.96) (Figure 1D).

Using the metabolites perturbed in CRC to populate a model,
we performed a pathway analysis using IPA. The metabolic
perturbations were related to a number of diseases in addition to
CRC, including other digestive system cancers and hepatocellular
carcinoma, as well as other epithelial neoplasias. Metabolic
functions include uptake of L-alanine, D-glucose transport,
threonine degradation, glycine biosynthesis, tyrosine biosynthesis
and phenylalanine aerobic degradation. Highly correlated func-
tions were growth of organism, proliferation of cells, metabolism of
carbohydrate, synthesis of carbohydrate and proliferation of
tumour cells. Anticorrelated functions were cell death in tumour
cell lines, metabolism of proteins, necrosis, apoptosis of tumour
cell lines, peroxidation of lipid, necrosis of epithelial tissue and
binding of cells. The network generated on the perturbed pathways
showed increased involvement of the NF-«xB, PI3K, AKT-ERK1/2,
MAPK and insulin-related pathways (Supplementary Figure 1).
This pattern is a very similar to what we have reported previously
(Farshidfar et al, 2012).

Detection of very early-stage disease. Adenoma is the preneo-
plastic state in the majority of sporadic colorectal adenocarci-
nomas. We sought to characterise the metabolomic state in
the sera of average risk patients with the very early disease. For
30 out of 31 adenoma cases, only one adenoma >6mm was
found on endoscopy, and one case had two adenomas. The
patients were all in the age range of 50-70 years old, and sex
distribution was representative of the population distribution
(Table 1).

Sera from adenoma and control cases were analysed using
GC-MS. After exclusion of compounds that were not consistently
detected, 147 compounds were selected for further examination.
Seventy-eight (53%) of the compounds could be identified using
the GOLM and NIST reference libraries. All 147 compounds were
subjected to multivariate analysis. In PCA, there was no clustering
related to age, sex or diagnosis (Figure 3A). After filtration,
38 metabolites were incorporated into a supervised multivariate
analysis (OPLS-DA). The refined fitted model included 14
compounds (RY =0.35; Q*Y = 0.26; CV-ANOVA P-value = 0.0002,
permutation Q2 intercept= — 0.20) (Figure 3B and Supplementary
Table 2). The model was able to discriminate between the control and
disease states, although there was some overlap. In estimating
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Figure 2. Gender-specific variations in metabolomic profile. The column plot consists of individual metabolites comprising the diagnostic model
for CRC. Column length is related to the degree of statistical significance (expressed as negative log of P-value) based on univariate analysis.

the performance of the model in cross-validation, the AUROC was
0.81 (95% CI, 0.70-0.92) (Figure 3C).

Finally, we performed a targeted analysis of metabolites that
were found to be progressively more perturbed as tumour burden
increased, speculating that these same metabolites are also
minimally altered with very early disease. Using this approach,
we were not able to improve on the classifier model derived from
the non-targeted analysis.

Mapping stage-related changes in the metabolome. We have
previously identified that some metabolomic features are stage-
related and organ-specific (Farshidfar et al, 2012). However, there
is little understanding of how the circulating serum metabolome
changes as CRC advances, as it invades successive layers of the
bowel wall and spreads to regional lymph nodes. Although it was
possible to separate stages I, II and III disease (data not shown), the
seven metabolites that changed with stage did not change in a
single direction with successive stages. This may be due to the fact
that stage III is defined only by positive lymph node status, with

heterogeneous T-stages. For this reason, the effects of primary
tumour extent and lymph node status were considered separately.
First, we wanted to identify metabolites that become progres-
sively more perturbed as the disease burden increases. T1 and
T2 clustered together and were separable from T3 and T4 tumours
(Figures 4A and B). The metabolomic model that separated
T-stages consisted of 40 metabolites (Supplementary Table 3 and
Figure 4C). In addition to identifying metabolites that change with
increasing T-stage (as a categorical variable), we identified
metabolites that changed progressively with increasing primary
tumour dimension (analysed as a continuous variable), because
T-stage may not be the best reflection of disease burden related to
the primary tumour. We identified 23 metabolites that were altered
in proportion to tumour size (Supplementary Table 4). These
metabolites would be targeted for analysis of very early disease
(adenoma), where minute changes in these same metabolites may
be present. Finally, N-stage could be categorised as a metabolomic
model based on 17 compounds (Figure 4D). The compounds that
are included in this model are listed in Supplementary Table 5.
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Figure 3. Metabolomic profile of colorectal adenoma, as determined by GC-MS (A-C). (A) Principal component analysis comparison of the
GC-MS spectra of colorectal adenomas and disease-free controls. (B) Supervised (OPLS-DA) analysis scores scatter plot of adenomas and controls,
from GC-MS spectra. (C) Receiver-operating characteristic curve curve of the GC-MS-derived biomarker for adenoma, from internal cross-

validation.

Prognostication of stage II disease. It is well known that a
subgroup of patients with stage II disease has a higher risk of
recurrence. This has been related to the molecular features of the
tumour (Kennedy et al, 2011; Marisa et al, 2013). We wanted to
explore whether the metabolomic profile could also be used to
identify patients who are at high risk of recurrence. Pre-treatment
of sera from 50 patients with stage II disease were analysed, based
on a minimum follow-up of 36 months for patients who remained
disease-free. Median follow-up was 60.3 months (range, 7.3-101.3
months). There were 12 recurrences within 36 months of resection
(24% recurrence rate). The clinical features of stage II patients are
summarised in Supplementary Table 6.

The metabolomic profiles of patients who recurred were
markedly different from the profile of patients who did not recur
(Figure 5A). The model consisted of 31 metabolites
(Supplementary Table 7), which separated the group by one
predictive component (R*Y=0.60; Q*Y=0.41; CV-ANOVA
P<0.0001, permutation Q2 intercept= — 0.24). Age, sex, degree
of differentiation, tumour dimension and T-stage each had some
measurable effect on the metabolome when considered in a
univariate manner. However, when analysed in a multivariate
model (O2PLS), sex, degree of differentiation, tumour dimension
and T-stage did not have a significant influence on the model. Age
was the only factor that independently had a minor effect on the
separation of recurrence vs no recurrence stage II patients
(R*VY=0.21).

Others have shown that some patients deemed stage II may be
understaged. One reason for this may be an inadequate number of

lymph nodes sampled (Sarli et al, 2005; Gleisner et al, 2013).
Therefore, we examined whether any of the stage II patients had a
metabolomic profile that resembled the profile of a patient with
node-positive disease (Figure 5B). Although there were individuals
with stage II disease who had profiles that resembled stage III
disease, these were not the individuals who had recurrent disease.
Therefore, we do not believe that this contributed to our
observations.

DISCUSSION

Recent studies have reported on the molecular features of CRC
at the genetic, epigenetic, transcriptional and protein levels
(The Cancer Genome Atlas Network, 2012). An integrated analysis
has provided an important means to characterise subgroups of
CRC, although no data are available to integrate associated
metabolomic features, which might be considered a reflection of
the phenotype. We have studied a large group of patients with
various stages of CRC to identify and validate the metabolomic
features that generally characterise CRC, and we have explored the
utility of harnessing the metabolome to find a biomarker profile for
various applications in domains currently lacking a satisfactory
diagnostic approach.

Using GC-MS, we have identified an accurate and repeatable
metabolomic biomarker diagnostic for CRC. The effect of each
individual metabolite was not great. However, the metabolomic

www.bjcancer.com | DOI:10.1038/bjc.2016.243

853


http://www.bjcancer.com

BRITISH JOURNAL OF CANCER

Serum metabolomic biomarkers for colorectal cancer

A e ... B
T2
AT3
4 e 2 v E O
— ° 7 ) ® g O
T ° ¢ o 8 @ K]
g 2 1m . & ot £
2 o . = 2 (= 0}
S A F o & v 8
Q ] A Q
E o it 821 a 4 £
S T L —— i 5
o v v A al = & “ A o
> v Yaax a WA A =
k3 A A v AL L4 at a “a M S
1 N v 3
o v = 2 v o
& A * A “ i -4 T T T T
A T T2 T3 T4
—4 | 28D R?Y=022
Q°v=0.18
-3SD P-value < 0.0001
0 50 100 150 200 250 300 350 400 450 500 550 600
Sample number
g g 200 -0.223759 0.609168
P_
—
-
=
—!
=
—
—
I SIS atrontesoiomm 0.
=

g7 NEEHENENENEIEENITY
]

R

D @ No lymph node involvement A Lymph node involvement
35D &
A
4 A
25D A N A N
— A
— A A A A aal A
= 2 Ay £ o A A
A A Al
< Aa 4 A A A AA QAL 4 A,
8 A oA A
@ A ° A
A A,
Q Ot 02— @ 20— —
= ’ o 900 o o @Aie® ® o @ e ©
o o ®a, ) ) ° o9 © el
3 ° (P ° o 40 © @ o f ]
[ ) f.~ ) Y LINE) ..‘ ° O
o 21e ° o pa ° [ S ® e &
° o ® e %o °
25D
-4 {8 R%Y=0.68
Q°v=065
~38D PAvaliis < 0:00001

0 10 20 30 40 50 60 70

80 90 100 110 120 130 140 150 160 170

Sample number

Figure 4. Metabolomic changes related to disease stage. (A) Scores scatter plot of supervised (OPLS-DA) analysis illustrating that the
metabolomic profile of locoregional CRC is dependent on its T-staging status. (B) Box and whisker plot of OPLS-DA scores for each of four
different T statuses. Points shown are out of the range of 2.5-97.5%. (C) Heatmap representing relative concentrations for each of the 45
compounds composing the OPLS-DA model for differentiation of T status. (D) Supervised OPLS-DA scores scatter plot representing the alterations
in the metabolomic profile of lymph node-positive vs lymph node-negative CRC.

biomarker for CRC consists of multiple corelated metabolites
perturbed as a result of pathophysiologic changes. In essence, a
metabolomic biomarker is a ‘meta-biomarker’. External validation
demonstrated that this pattern of change is characteristic of the
disease state, and it is reproducible.

Other groups have made similar efforts in characterising the
metabolomic features of CRC with varying results. Qiu et al (2009)
determined metabolomic profiles in a small group of patients

with CRC and healthy controls using GC-MS and liquid
chromatography-mass spectrometry. In a follow-up study on a
larger patient cohort, 249 metabolites were analysed using the two
analytical platforms. Alterations in metabolites related to TCA
cycle, urea cycle, glutamine metabolism and gut flora metabolism
were reported (Tan et al, 2013). Nishiumi et al (2012) reported on
a cohort of 60 Japanese individuals with CRC compared with
healthy controls; sera were analysed by GC-MS. When the
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metabolomes from the two studies using GC-MS were compared
with the present study, only one metabolite, hydroxybutyrate, was
found to be consistently increased. Leichtle et al (2012) evaluated
amino acids using MS/MS in 59 German patients with CRC and
disease-free controls. Eleven amino acids were decreased in CRC,
which differs from the amino-acid profile in our CRC patients,
although we also found methionine and valine to be decreased in
CRC. In summary, the metabolomic signatures generated by
various investigators differ.

The variation in metabolomic signature reported by various
investigators is related to a number of factors. Variations are partly
related to population-based diversity (i.e., differences in genetics,
environmental differences including diet, as well as differences in
disease stage and molecular subtype). In addition, there are technical
variations, including the analytic platforms and the actual instru-
mentation used. Even when the same analytical platform is used,
investigators may optimise the settings differently under a standar-
dised protocol. Therefore, it is imperative that downstream
biomarker studies be accompanied by well-controlled, standardised
methods to ensure repeatable results. As quantitative and targeted
assays are developed, technical causes of any variability of signatures
will be minimised. Finally, to address issues related to the effects of a
test population on the biomarker, it will be important to perform
external validation using diverse patient cohorts when metabolomic
biomarkers are developed (Zhu et al, 2014).

From a diagnostic biomarker perspective, perhaps the most
advanced effort was reported by Tan et al (2013). As in our study,
this team reported a discovery group and a validation cohort.
The top 10 metabolites identified in their study were used to
generate a model that yielded a sensitivity of 83.7% and a
specificity of 91.7%. However, their biomarker profile consisted of
metabolites identified on two separate analytical platforms. Our
best diagnostic model was derived from a single analytical
modality, and it compared favorably.

Perhaps, the most exciting aspect of this work is the
demonstrated capability to detect very early colorectal neoplasia
in serum samples. Classifiers distinguishing solitary adenoma from
disease-free controls derived from GC-MS had an AUROC of 0.81.
Patients with adenoma and disease-free controls were collected
uniformly, from average risk individuals undergoing screening
colonoscopy. The identification of metabolomic changes associated
with the size of tumour and depth of invasion enabled a targeted
analysis of these same metabolites in patients with adenoma.

However, this did not improve the performance of the biomarker
for adenoma. While external validation is needed to fully
appreciate the performance of the metabolomic blood test
for adenoma (i.e., sensitivity and specificity), our findings are
intriguing. As a comparison, fecal occult blood test detects 7-11%
of adenomas, and fecal immunoassay test (FIT) has a sensitivity of
22-61% (Heitman et al, 2010). However, more recent studies have
shown lower performance for detection of advanced neoplasm and
larger adenomas by FIT (20-67%) and even lower accuracy for
FOBT assays (Whitlock et al, 2008; Cubiella et al, 2014). The FIT
AUROC for advanced neoplasms is about 0.7 in an average risk
population (Cubiella et al, 2014). We are therefore quite
encouraged by our findings. Moreover, because blood tests are
more convenient than fecal tests, it is conceivable that patients will
be more agreeable to serial, repeated tests, which may further
enhance the detection rate.

Gas chromatography-mass spectrometry is a potentially a very
attractive analytical platform for development of biomarkers
destined for the clinic, for it is accurate and sufficiently sensitive
(Dunn et al, 2011). Importantly, it is easy to implement and takes
up a small footprint the size of a desktop, making it applicable in a
clinical laboratory. Our GC-MS-based biomarker for CRC is
therefore poised for continued development. The weakness of
GC-MS as used here is that it is only semiquantitative. To enhance
its performance (and the fidelity of biomarkers based on GC-MS),
assays containing internal controls will have to be devised. This will
become essential to apply this tool clinically.

Previously, we reported that some metabolites vary with disease
stage (Farshidfar et al, 2012). Indeed, we have replicated the
metabolomic profile characterising metastatic CRC. In addition to
reproducing our earlier observation, we demonstrated other
metabolomic characteristics of CRC progression. Specifically, we
identified a number of metabolomic features that accompanied
lymphatic spread and also features that were associated with local
tumour growth (as measured in terms of size or depth of invasion).
These observations enabled exploration of some more defined
applications of metabolomic biomarkers.

The identification of metabolic changes associated with nodal
disease enabled an analysis of stage II tumours for possible occult
nodal metastases. This was based on the observation that
pathological nodal examination was an imperfect means of
identifying nodal disease because of inadequate sampling by the
surgeon or the pathologist (Cserni et al, 2002; Baxter et al, 2005;
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Doekhie et al, 2006). We were unable to identify individuals in the
stage II cohort who had metabolomic features of stage III disease.
This may be because the patients were accurately staged based on
the traditional pathological examination (on average, 19.42 + 9.80
lymph nodes were examined), or because the metabolomic
biomarker was not sufficiently sensitive to identify incorrectly
staged individuals.

We also explored whether it was possible to prognosticate in
stage II disease. This is important because it is known that some
stage II CRCs recur early, and this has been attributed to the
molecular features of these cancers (Zhou et al, 2002; Gray et al,
2011; Kennedy et al, 2011; Salazar et al, 2011). We were successful
in identifying metabolomic features that characterised stage II
tumours that recurred within 36 months. Further external
validation will be required to determine whether this biomarker
profile is independently predictive of survival. Moreover, the
underlying biology related to this poor prognosis signature requires
further interrogation. A convenient blood-based test that reliably
prognosticates stage II patients may be useful for identifying a
subgroup that would benefit from adjuvant chemotherapy.

Ideally, any biomarker would reflect some underlying biology.
Using pathway analysis, we attempted to delineate how the
diagnostic biomarker for CRC might inform our understanding of
biology. While the pathways identified did reflect hallmarks of
cancer (increased proliferation, decreased cell death, altered
carbohydrate metabolism), the ability to extrapolate on tumour
biology is limited when blood samples are used. Multiple processes
contribute to the metabolomic profile of blood, including the
effects of tumour, the response of the host to malignancy, effects of
the gut microbiome and effects of other environmental exposures.
Therefore, to generate truly informative information from
metabolomics, separate analysis of tumour, host and microbiome
will be required.

In conclusion, using GC-MS, we were able to identify and
validate a diagnostic biomarker for CRC, and even adenomas were
detectable in blood. Further testing in a screening population
(where prevalence is much lower) will instruct on the utility of
these diagnostic biomarkers for screening. We also have made
some intriguing observations that point to future applications of
related biomarkers for prognostication of stage II disease and for
screening. These CRC biomarkers are poised for further develop-
ment, which will entail external validation. Gas chromatography-
mass spectrometry has substantial potential for application in a
clinical laboratory because of its reproducibility and because GC-
MS units are relatively compact. Importantly, because these
biomarkers were all determined using a single analytical modality,
it will be possible to devise a single assay that will simultaneously
determine a range of diagnostic and prognostic biomarkers
applicable to CRC. Future efforts will be directed at development
of a quantitative assay, as well as further external validation using
samples from multiple centres. In addition, further biomarker
development will be important in hereditary forms of CRC, as well
as CRC associated with inflammatory bowel disease.
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