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Abstract: The progress in the discovery and validation of metabolite biomarkers for the detection of
colorectal cancer (CRC) has been hampered by the lack of reproducibility between study cohorts.
The majority of discovery-phase biomarker studies have used patient blood samples to identify
disease-related metabolites, but this pre-validation phase is confounded by non-specific disease
influences on the metabolome. We therefore propose that metabolite biomarker discovery would
have greater success and higher reproducibility for CRC if the discovery phase was conducted in
tumor tissues, to find metabolites that have higher specificity to the metabolic consequences of the
disease, that are then validated in blood samples. This would thereby eliminate any non-tumor
and/or body response effects to the disease. In this study, we performed comprehensive untargeted
metabolomics analyses on normal (adjacent) colon and tumor tissues from CRC patients, revealing
tumor tissue-specific biomarkers (n = 39/group). We identified 28 highly discriminatory tumor tissue
metabolite biomarkers of CRC by orthogonal partial least-squares discriminant analysis (OPLS-DA)
and univariate analyses (VIP > 1.5, p < 0.05). A stepwise selection procedure was used to identify nine
metabolites that were the most predictive of CRC with areas under the curve (AUCs) of >0.96, using
various models. We further identified five biomarkers that were specific to the anatomic location of
tumors in the colon (n = 236). The combination of these five metabolites (S-adenosyl-L-homocysteine,
formylmethionine, fucose 1-phosphate, lactate, and phenylalanine) demonstrated high differentiative
capability for left- and right-sided colon cancers at stage I by internal cross-validation (AUC = 0.804,
95% confidence interval, CI 0.670–0.940). This study thus revealed nine discriminatory biomarkers of
CRC that are now poised for external validation in a future independent cohort of samples. We also
discovered a discrete metabolic signature to determine the anatomic location of the tumor at the
earliest stage, thus potentially providing clinicians a means to identify individuals that could be
triaged for additional screening regimens.
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1. Introduction

Colorectal cancer (CRC) is the second most common cause for cancer deaths worldwide, with
an annual mortality of 862,000 [1]. The survival rate for CRC patients is dependent on American
Joint Committee on Cancer (AJCC) stage, where longer survival is seen in those with earlier stage
tumors [2]. Therefore, it is of the utmost importance to identify lesions at an early stage so that patients
can receive appropriate treatment expeditiously. In the U.S., screening is currently recommended
for those aged >50 years, however, the American Cancer Society has recommended lowering this
age to 45, due to the recent increase in advanced-stage early-onset CRC cases before the age of 50 [3].
Current screening methods utilized globally include: fecal occult blood tests (FOBTs) (which include
fecal immunochemical test (FIT) or guaiac FOBT), stool DNA testing (FIT-DNA), sigmoidoscopy,
or standard colonoscopy. Patients that follow the recommended screening guidelines have a lowered
risk of death from CRC, however, there are barriers to screening, and <50% of individuals are
up-to-date with the recommendations. Some of these self-reported barriers include fear or worry of the
procedure, financial hardship, and logistical challenges such as transportation to medical providers [4].
Therefore, the utilization of alternative, less-invasive screening methods such as blood-based biomarker
tests would alleviate some of these barriers and identify those that may require further screening
or treatment.

A number of studies have attempted to use untargeted metabolomics to identify serum, plasma
and urinary metabolite biomarkers for CRC, with the ultimate aim being to develop a blood or
urine-based diagnostic test for screening [5,6]. However, these studies have not resulted in identifying
a panel of biomarkers that can be reproducibly validated between laboratories or sample cohorts.
Levels of some of the biomarkers have even been contradictory between studies; for example, alanine
was demonstrated to be increased in urine and serum in two studies [7,8], but it was reported to be
decreased in serum in another study [9]. This problem of reproducibility for biomarker discovery
is not only contained within CRC studies, but throughout the field of biomarker discovery using
metabolomics. In fact, the only clinical application of a blood-based clinical biomarker identified
by metabolomics is trimethylamine-N-oxide (TMAO). TMAO is a metabolite co-metabolized from
gut bacteria, and it can be measured in blood or urine. It has been linked to the development of
atherosclerosis and heart disease complications [10,11]. The lack of clinical applicability stems from
lack of study reproducibility. This is because of the difficulty in controlling physiological confounding
variables, such as body mass index (BMI), age, gender, and also differences in sample collection and
preparation, analytical instrumentation, and data analysis, which have been carried out in biofluids.
However, a major problem often discussed, but not addressed, is confounding non-tumor related
metabolites that are derived from the diet (fasting vs. fed, type of food), or are related to the effects
of circadian rhythm, exercise, and possible co-morbidities. Also, a large dilution effect can occur
to the tumor-originating metabolites once they enter the circulatory system, due to the larger pool
of non-tumor originating metabolites at higher concentrations in the blood. It may therefore be
difficult to find predictive metabolites from blood without ascertaining their levels in the tumors first.
Therefore, looking at the localized tumor-specific metabolites first, then extrapolating to measure the
same metabolites in blood or urine from CRC patients, would result in a higher likelihood of finding
specific and functional clinical biomarkers.

Limited studies have investigated the anatomic differences in the colon that could affect the
metabolism of the primary tumor [12,13]. Within the colon, tumors can form in different anatomic
regions. Lesions that develop on the proximal side of the colon (cecum, ascending colon and hepatic
flexure) are defined as right-sided colon cancers (RCCs), and those that develop on the distal side of the
colon (splenic flexure, descending, sigmoid and rectosigmoid) are left-sided colon cancers (LCCs) [14].
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Mounting evidence from epidemiologic studies have shown that clinical outcomes differ for patients
with RCCs compared with LCCs [15,16]. A recent meta-analysis comprising 66 studies and more than
1.4 million patients demonstrated that patients with RCC have worse overall prognosis than those with
LCC, even after stage matching [6]. Moreover, having a tumor originating in the left side of the colon
was associated with a 19% reduced risk of death from the disease [17]. Therefore, identifying anatomic
location-specific metabolite biomarkers could help indicate whether an individual may have the disease
and direct colonoscopy screening protocols to diagnose the patient. From a clinical perspective, RCC is
difficult to diagnose early, as patients do not present with symptoms such as rectal bleeding or anemia
until later stages, and the survival rate decreases as stage of diagnosis increases. Therefore, it reinforces
the need to find molecular biomarkers for early diagnosis. Previous in vitro metabolomics studies have
observed differences in the cholesterol biosynthesis pathway when comparing cell lines originating
from patients with RCC (HCT 116) and LCC (DLD-1), treated with calcitriol [18]. The results
suggested separate mechanisms of tumorigenesis for RCC and LCC. In addition, plasma metabolomics
analysis from RCC and LCC in CRC patients recently reported six potential biomarkers (anserine,
trimethylamine N-oxide, arginine, gamma-glutamyl-gamma-aminobutyraldehyde, indoxyl sulfate,
and pyridoxal 5′-phosphate), however these, again, suffer from the issue of plasma biomarker discovery
and subsequent validation [19].

In this study, a retrospective metabolomics data analysis was conducted on colon tissues (healthy
tissue and tumor) from CRC patients, to identify the tissue-specific biomarkers of CRC. An additional
focus was to examine the influence of anatomic location of the primary tumors. Initially, an untargeted
metabolomics data analysis was performed on normal colon tissues (n = 39) and primary colon
tumor tissues (n = 39, stage I–III), collected from CRC patients to discover tissue-specific metabolic
signatures. Then, comparative analyses were applied on a large cohort of RCC and LCC patients
(n = 236), to further find potential anatomic location-specific metabolic biomarkers.

2. Results

2.1. Metabolic Differences between Colon Cancer and Normal Controls

Untargeted metabolomics were initially performed on normal adjacent colon (n = 39) and primary
colon tumor tissues (n = 39, stage I–III), collected from CRC patients. The rationale for this analysis
was to identify metabolites that were dysregulated with respect to tumor tissues. Detailed information
on the clinical cohort is shown in Table S1. The data generated was subjected to principal components
analysis (PCA) and demonstrated a high level of analytical reproducibility, as revealed by the tight
clustering of QC samples (Figure S1). A supervised multivariate method using orthogonal partial
least-squares discriminant analysis (OPLS-DA) was subsequently applied to reveal global differences
in the metabolome between normal and tumor tissues. The OPLS-DA model revealed an excellent
separation of samples that were classified as either normal or tumor (R2Y = 0.96, Q2 = 0.77) (Figure 1a).
Permutation tests were carried out by comparing the goodness of fit (R2 and Q2) of the OPLS-DA
models with the goodness of fit of 200 Y-permutated models and demonstrated the validity of our
constructed supervised model (Q2 intercept −0.08) (Figure S2). Univariate analyses by Wilcoxon
Mann–Whitney U test with false discovery rate (FDR) adjustment was also applied to find significantly
altered features between normal colon and colon tumor tissues. Twenty-eight metabolites were
identified that met with three criteria, a variable importance projection (VIP) >1.5 from the OPLS-DA
analysis, with a FDR-corrected p-value < 0.05, and fold change > 1.2 or < 0.8 from univariate analysis,
and are considered as potential metabolic biomarkers for CRC (Figure 1b,c). Of note, large metabolic
differences were shown to exist between normal and tumor tissues; there, a stringent threshold of
VIP >1.5 was applied to identify the most discriminatory metabolites, to use as potential clinical
biomarkers. The metabolomics standards initiative (MSI) identification level and detailed information
on the 28 tissue metabolites are shown in Table S2.
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Figure 1. Metabolic differences in colon cancer revealed by untargeted metabolome profiling. (a) 
Orthogonal partial least-squares discriminant analysis (OPLS-DA) scores plot assessing variance of 
features between normal colon and colon tumors (n = 39/group). Dotted circle in the plot indicates the 
95% confidence interval. For the OPLS-DA model, R2Y = 0.96, Q2 = 0.77. (b) The 28 identified 
metabolites from OPLS-DA analysis ranked by variable importance in the projection (VIP) values. (c) 
Heatmap showing significantly different expression levels of metabolites in cancer (vs. normal, n = 
39) colon tissues (n = 39). Scale is z-score. (d) Receiver operating curve (ROC) plots of predictive 
models, based on 28 metabolic biomarkers, using partial least-squares (PLS), random forest (RF), and 
support vector machine (SVM), respectively. 

2.2. Distinct Metabolomic Signatures Associated with Anatomic Location 

To investigate the influence of tumor location on the metabolome, we analyzed a larger number 
of colon tumor tissues from CRC patients (n = 197), which included the 39 tumor samples analyzed 
in the previous section. The detailed information on this clinical cohort is shown in Table S3. The 
PCA conducted on the patient samples and QCs showed tightly clustered QC samples (Figure S5). 
OPLS-DA models were used to examine tumor stage-specific differences between RCCs from LCCs. 
In addition, the stage II model was constructed by taking tumor size into account; since differences 
in tumor size were observed between RCC and LCC, larger tumors may exhibit areas of hypoxia 
which could affect metabolism (Table S3). As the OPLS-DA plots demonstrate in Figure 2, distinct 
metabolic profiles were observed between RCC and LCC patients when stratified by stage. 
Meanwhile, permutation tests demonstrated that all three OPLS-DA models were well fitted, as the 

Figure 1. Metabolic differences in colon cancer revealed by untargeted metabolome profiling.
(a) Orthogonal partial least-squares discriminant analysis (OPLS-DA) scores plot assessing variance of
features between normal colon and colon tumors (n = 39/group). Dotted circle in the plot indicates
the 95% confidence interval. For the OPLS-DA model, R2Y = 0.96, Q2 = 0.77. (b) The 28 identified
metabolites from OPLS-DA analysis ranked by variable importance in the projection (VIP) values.
(c) Heatmap showing significantly different expression levels of metabolites in cancer (vs. normal,
n = 39) colon tissues (n = 39). Scale is z-score. (d) Receiver operating curve (ROC) plots of predictive
models, based on 28 metabolic biomarkers, using partial least-squares (PLS), random forest (RF),
and support vector machine (SVM), respectively.

To further evaluate the predictive performance of the 28 potential biomarkers, three different
models were used with a seven-fold cross validation strategy; partial least-squares (PLS), random
forest (RF), and support vector machine (SVM) models. These models were constructed, and the
area under the curve (AUC) from the receiver operating characteristic (ROC) curves were computed.
Notably, all three models exhibited excellent discriminative performance for CRC based on the
28 biomarkers (Figure 1d). The AUC values were 0.96 (95% confidence interval, CI 0.91–1.00), 0.96 (95%
confidence interval, CI 0.92–1.00), and 0.95 (95% confidence interval, CI 0.90–1.00), for PLS, RF, and SVM,
respectively. Notably, creatinine [7,8], taurine [20], lactate [8,21], glutamate [19], CDP-choline [20],
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and glycerol-3-phosphate [22] have been previously reported as correlated to colon cancer from the
analysis of urine, serum, or plasma samples from colon cancer patients.

Given that a biomarker panel of 28 metabolites would be challenging to use for clinical application,
we carried out stepwise selection on the 28 potential metabolic biomarkers to identify a discrete number
that are predictive. The 28 metabolites were sorted according to their VIP values, then, the backward
stepwise regression procedure was performed by removing the metabolite with the smallest VIP in
each step. In each step, a PLS prediction model was constructed using the remaining metabolites.
The bootstrap method was used to sample the dataset [23]. In brief, 63% randomly selected patients
from the dataset were selected as discovery data to build the prediction model, and the remaining
37% patients were used as validation data. This random sampling with model construction and
validation procedure was repeated 1000 times, and the AUCs were calculated and recorded (Figure
S3a). The combination of the top nine metabolites ranked by VIP values (Table S2; taurine, glutamate,
CDP-choline, fructose 6-phosphate, hypoxanthine, phenylalanine, phosphoethanolamine, creatinine,
and GDP-glucose) was able to construct predictive models and had an excellent AUC value of 0.98
(95% confidence interval, CI 0.95–1.00), 0.97 (95% confidence interval, CI 0.93–1.00), and 0.96 (95%
confidence interval, CI 0.91–1.00) for RF, PLS, and SVM, respectively (Figure S3b). Of note, the top
nine metabolites resulted in the highest AUC value, and increasing the number of biomarkers did
not improve the AUC value. To validate the nine CRC metabolic markers, we further assessed their
predictive performance in another set of CRC tumor samples, using PLS, RF, and SVM models (Table
S1). The results demonstrated that all three models exhibited excellent discriminative performance for
CRC based on the nine biomarkers (Figure S4). The AUC values were 0.86 (95% confidence interval, CI
0.76–0.96), 0.93 (95% confidence interval, CI 0.88–0.99), and 0.91 (95% confidence interval, CI 0.84–0.98),
for PLS, RF, and SVM, respectively.

2.2. Distinct Metabolomic Signatures Associated with Anatomic Location

To investigate the influence of tumor location on the metabolome, we analyzed a larger number
of colon tumor tissues from CRC patients (n = 197), which included the 39 tumor samples analyzed in
the previous section. The detailed information on this clinical cohort is shown in Table S3. The PCA
conducted on the patient samples and QCs showed tightly clustered QC samples (Figure S5). OPLS-DA
models were used to examine tumor stage-specific differences between RCCs from LCCs. In addition,
the stage II model was constructed by taking tumor size into account; since differences in tumor size
were observed between RCC and LCC, larger tumors may exhibit areas of hypoxia which could affect
metabolism (Table S3). As the OPLS-DA plots demonstrate in Figure 2, distinct metabolic profiles were
observed between RCC and LCC patients when stratified by stage. Meanwhile, permutation tests
demonstrated that all three OPLS-DA models were well fitted, as the permutated R2 and Q2 values
were both smaller than the experimentally-derived values, meaning that the models are significant
and predictive (Figure S6a,c). Although separation between RCCs and LCCs was also seen visually
by integrating tumors across stages I–III, the statistical model was not validated by the permutation
test in which the permutated R2 value was larger when experimentally calculated (Figure S7). The Q2

value in the PLS model is often used to assess predictive ability and is calculated using a blindfolded
procedure, and a model with Q2 > 0 is regarded as having predictive relevance [24]. Among the
three OPLS-DA models, the resulting model from stage I tumors had the best predictive ability, with
a Q2 value of 0.45. The stage II model had a lower Q2 value of 0.23, and stage III has a Q2 value of
−120.27; the latter therefore showing poor predictive ability. The R2Y values, which are the fraction of
the variation of Y variables explained by the models, are 0.96, 0.87, and 0.91 for stage I, and stage II,
and stage III, respectively. The results indicate that the metabolomics profiles for stage I patients can
discriminate between those with early-stage RCC and LCC, indicating potential biomarkers for early
stage CRC by lesion location.
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Figure 2. Distinct metabolomic fingerprints of left-sided colon cancer (LCC) and right-sided colon
cancer (RCC). The supervised OPLS-DA plots for metabolic fingerprints of (a) stage I LCCs (n = 25)
and stage I RCCs (n = 22) (b) stage II LCCs (n = 42) and stage II RCCs (n = 44), and (c) stage III LCCs
(n = 32) and stage III RCCs (n = 32). Dotted circle in the plot indicates the 95% confidence interval.

2.3. Potential Metabolic Biomarkers for Early-Stage LCC and RCC

To identify metabolic biomarkers for early-stage (stage I) LCC and RCC, we next incorporated
normal controls into the biomarker discovery procedure. This was to ensure that the markers were not
only markers of tissue location, but were also markers of cancer in these different regions. The criteria
for the selection of potential metabolic biomarkers were set as follows: (1) VIP value (OPLS-DA) > 1.0;
(2) p value (LCCs vs. RCCs) < 0.05; (3) p value (normal colon tissues from left-side vs. normal colon
tissues from right-side) >0.05; (4) p value (normal colon tissues from left-side vs. LCCs) < 0.05 or p
value (normal colon tissues from right-side vs. RCCs) < 0.05. The VIP criteria (>1.0) was different
from above one (>1.5), ascribing to a large difference between normal colon and tumor, and relative
smaller difference between RCC and LCC. A total of five metabolites met with above-mentioned
criteria and were selected as potential metabolic biomarkers for LCCs and RCCs. These metabolites are
S-adenosyl-L-homocysteine (SAH), formylmethionine, fucose 1-phosphate, lactate, and phenylalanine.
The detailed information is displayed in Table 1.

Table 1. Potential metabolic biomarkers discriminate LCCs from RCCs at stage I.

Metabolite m/z RT FC a VIP b p c p d p e p f

SAH 385.1282 363.2 0.29 1.8 0.028 0.001 0.026 N.S.
Formylmethionine 176.0393 188.9 0.64 1.9 0.010 <0.001 0.033 N.S.

Fucose 1-phosphate 243.0285 438.0 0.38 1.3 0.026 0.001 0.010 N.S.
Lactate 89.0233 218.2 0.75 2.1 0.008 0.046 N.S. N.S.

Phenylalanine 207.1130 252.0 0.53 2.3 0.003 0.019 N.S. N.S.
a FC: median value in RCCs divided by median value in LCCs. b VIP: variable importance in the projection
from OPLS-DA models. c p: Wilcoxon Mann–Whitney U test, LCCs vs. RCCs, FDR-corrected. d p: Wilcoxon
Mann–Whitney U test, left-sided normal colon vs. LCCs, FDR-corrected. e p: Wilcoxon Mann–Whitney U test,
right-sided normal colon vs. RCCs, FDR-corrected. f p: Wilcoxon Mann–Whitney U test, left-sided normal colon vs.
right-sided normal colon, FDR-corrected.

As shown in Figure 3a, three metabolites (SAH, formylmethionine, and fucose 1-phosphate)
were consistently upregulated in tumor tissues compared to normal tissues from the same side of the
colon, and could be considered as potential biomarker candidates of stage I CRC for either LCC or
RCC. However, two additional metabolites were only increased in LCCs, lactate and phenylalanine.
Of note, no difference (p > 0.05) was observed between left-sided normal colon and right-sided normal
colon for the five discovered potential biomarkers (Table 1). We further developed a random forest
model with the five potential biomarkers, to investigate the predictive performance in determining
whether a tumor is stage I LCC or RCC. The combination of these five metabolites demonstrated
a good differentiative capability (Figure 3b). The AUC value of the five metabolites combined is
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0.804 (95% confidence interval, CI 0.670−0.940), with a sensitivity of 86.4% and specificity of 68.0%
for stage I LCC. It is worthy to note that these five metabolites are also general potential biomarkers
for colon cancer, regardless of stage or anatomic location, as we demonstrated in our comparison of
normal colon to colon tumor tissues. However, as can be seen here, some caution may be needed
when delving into specific subgroups such as stage I RCC, as the markers may have lower specificity.
Therefore, we performed an additional examination. A further stratification by tumor stages (stage I,
stage II, and stage III) and anatomic location were conducted on the five anatomic-specific metabolic
biomarkers. Among them, SAH, formylmethionine, and fucose 1-phosphate were up-regulated in
patients with LCC and RCC across all stages, (p < 0.05) (Figure 4). Lactate was increased only in LCCs
at stage I, and it was not changed in LCCs at stages II and III, compared with normal control tissues
from the left side of the colon. However, lactate was up-regulated in stage III RCCs compared to
normal right-sided colon tissues. A similar difference was seen for the essential aromatic amino acid
phenylalanine; this metabolite was only increased in LCCs at stage I, and not changed in RCCs at any
stages compared to normal tissues.
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Figure 3. Potential metabolic biomarkers for stage I LCC and RCC. (a) Abundance of
S-adenosylhomocysteine (SAH), formylmethionine, fucose 1-phosphate, lactate, and phenylalanine in
left-sided normal colon (Normal Left, n = 17), left-sided colon cancer (LCC, n = 25), right-sided normal
colon (Normal Right, n = 22), and right-sided colon cancer (RCC, n = 22). Nonparametric Kruskal–Wallis
rank sum test with pairwise Wilcoxon Mann–Whitney U test, p values adjusted for false discovery rates
(FDR) (Benjamini–Hochberg). * p < 0.05, ** p < 0.01, *** p < 0.001, NS. = not significant. (b) ROC curve
plot of predictive model, based on five metabolic biomarkers using random forest (RF), differentiating
LCC from RCC.



Metabolites 2020, 10, 257 8 of 13

Metabolites 2020, 10, x FOR PEER REVIEW 8 of 14 

 

Figure 3. Potential metabolic biomarkers for stage I LCC and RCC. (a) Abundance of S-
adenosylhomocysteine (SAH), formylmethionine, fucose 1-phosphate, lactate, and phenylalanine in 
left-sided normal colon (Normal Left, n = 17), left-sided colon cancer (LCC, n = 25), right-sided normal 
colon (Normal Right, n = 22), and right-sided colon cancer (RCC, n = 22). Nonparametric Kruskal–
Wallis rank sum test with pairwise Wilcoxon Mann–Whitney U test, p values adjusted for false 
discovery rates (FDR) (Benjamini–Hochberg). * p < 0.05, ** p < 0.01, *** p < 0.001, NS. = not significant. 
(b) ROC curve plot of predictive model, based on five metabolic biomarkers using random forest (RF), 
differentiating LCC from RCC. 

 
Figure 4. Levels of potential metabolic biomarkers in normal colon and in LCC and RCC across stages 
I–III. Abundance of S-adenosyl-L-homocysteine (SAH), formylmethionine, fucose 1-phosphate, 
lactate, and phenylalanine in left-sided normal colon (Normal Left, n = 17), left-sided colon cancer 
across stages I–III (LCC, S I: n = 25, S II: n = 42, S III: n = 32), right-sided normal colon (Normal Right, 
n = 22), and right-sided colon cancer across stages I–III (RCC, S I: n = 25, S II: n = 44, S III: n = 32). 
S=stage. Nonparametric Kruskal–Wallis rank sum test with pairwise Wilcoxon Mann–Whitney U test, 
p values adjusted for false discovery rates (FDR). * p < 0.05, ** p < 0.01, *** p < 0.001, NS. = not significant. 

3. Discussion 

Altered metabolism is a significant feature of CRC, and dysregulated metabolites are associated 
with colon cancer development, prognosis, and recurrence [9,25–27]. A number of studies have used 
untargeted metabolomics to identify metabolite biomarkers for CRC from various accessible 
biofluids collected from patients, such as plasma, serum, and urine [5,6]. The most commonly 
identified metabolite biomarkers for CRC from these studies were amino acids (alanine, glutamine, 
glutamate etc.), carbohydrates (lactate, pyruvate etc.), and fatty acids (butyrate, propionate etc.) 
Generally, a panel of metabolite biomarkers demonstrated better diagnostic performance than a 
single biomarker. However, these studies have been hampered by lack of reproducibility, and in 
some cases, results are contradictory. In our previous work, an untargeted metabolomics analysis 
was performed on normal colon and primary colon tumor tissues collected from a large cohort of 
CRC patients, to identify sex-associated differences in colon cancer metabolism [13]. In this study, we 
carried out a retrospective metabolomics data analysis to identify tissue-specific biomarkers of CRC 
from this cohort. Our first aim was to identify highly specific CRC biomarkers through the 
examination of normal colon and primary colon tumor tissues. In total, we identified 28 metabolites 
which demonstrated excellent discriminative performance by machine learning based PLS, SVM and 
RF models. We then used a backward stepwise regression method to identify the nine most 
discriminatory metabolites that could be used as a biomarker panel for testing in the blood or urine 
from CRC patients. 

Of note, four out of nine metabolites we identified are perfectly consistent with the results from 
various metabolomics studies using biofluid or tissue samples. Taurine and glutamate, which are 
with the highest VIP values in the OPLS-DA model, are consistently upregulated in different CRC 
study cohorts with tumor tissue derived from tissue, plasma, and serum [20,28–30]. Additionally, our 

Figure 4. Levels of potential metabolic biomarkers in normal colon and in LCC and RCC across stages
I–III. Abundance of S-adenosyl-L-homocysteine (SAH), formylmethionine, fucose 1-phosphate, lactate,
and phenylalanine in left-sided normal colon (Normal Left, n = 17), left-sided colon cancer across
stages I–III (LCC, S I: n = 25, S II: n = 42, S III: n = 32), right-sided normal colon (Normal Right, n = 22),
and right-sided colon cancer across stages I–III (RCC, S I: n = 25, S II: n = 44, S III: n = 32). S = stage.
Nonparametric Kruskal–Wallis rank sum test with pairwise Wilcoxon Mann–Whitney U test, p values
adjusted for false discovery rates (FDR). * p < 0.05, ** p < 0.01, *** p < 0.001, NS. = not significant.

3. Discussion

Altered metabolism is a significant feature of CRC, and dysregulated metabolites are associated
with colon cancer development, prognosis, and recurrence [9,25–27]. A number of studies have used
untargeted metabolomics to identify metabolite biomarkers for CRC from various accessible biofluids
collected from patients, such as plasma, serum, and urine [5,6]. The most commonly identified
metabolite biomarkers for CRC from these studies were amino acids (alanine, glutamine, glutamate
etc.), carbohydrates (lactate, pyruvate etc.), and fatty acids (butyrate, propionate etc.) Generally,
a panel of metabolite biomarkers demonstrated better diagnostic performance than a single biomarker.
However, these studies have been hampered by lack of reproducibility, and in some cases, results
are contradictory. In our previous work, an untargeted metabolomics analysis was performed on
normal colon and primary colon tumor tissues collected from a large cohort of CRC patients, to identify
sex-associated differences in colon cancer metabolism [13]. In this study, we carried out a retrospective
metabolomics data analysis to identify tissue-specific biomarkers of CRC from this cohort. Our first
aim was to identify highly specific CRC biomarkers through the examination of normal colon and
primary colon tumor tissues. In total, we identified 28 metabolites which demonstrated excellent
discriminative performance by machine learning based PLS, SVM and RF models. We then used a
backward stepwise regression method to identify the nine most discriminatory metabolites that could
be used as a biomarker panel for testing in the blood or urine from CRC patients.

Of note, four out of nine metabolites we identified are perfectly consistent with the results from
various metabolomics studies using biofluid or tissue samples. Taurine and glutamate, which are with
the highest VIP values in the OPLS-DA model, are consistently upregulated in different CRC study
cohorts with tumor tissue derived from tissue, plasma, and serum [20,28–30]. Additionally, our study
identified CDP-choline, a dispensable intermediate for the synthesis of structural phospholipids of cell
membranes, and had a VIP of 2.22. This metabolite is also increased in plasma samples from other
CRC studies [20]. The down-regulation of creatinine which we identified, is in accordance with other
studies using urine, plasma, and serum samples [8,20,31]. Given that these potential biomarkers were
readily measured and validated in biofluid samples, it is highly plausible that the metabolites our study
identified is of potential value to develop clinically applicable markers for CRC diagnosis with further
validation in different bio-fluid sample cohorts. In addition, further studies that include controls from
other intestinal diseases such as colitis, Crohn’s disease, diverticulitis, and also from other types of
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tumor, are required to demonstrate the specificity of metabolite biomarkers for colorectal tumorigenesis.
Moreover, it is highly recommended to investigate the specificity of metabolite biomarkers in a newly
collected biobank, since one limitation of the current study might be that metabolite degradation could
happen during long-term storage.

Since anatomic tumor location is associated with symptoms, screening efficacy, and patient
survival, we carried out metabolomics analysis, stratified by AJCC stage, on a large cohort of patients
with either RCC or LCC, to identify metabolic biomarkers that differentiate tumors based on location.
We identified five metabolites (SAH, formylmethionine, fucose 1-phosphate, lactate, and phenylalanine)
which are specific for stage I LCC. This combination of these five biomarkers demonstrated a good
predictive power for differentiating between stage I RCCs and LCCs with AUC value 0.804 (95%
confidence interval, CI 0.670–0.940). Importantly, these metabolites were specific for cancer tissue,
and were not different when comparing healthy right-sided colon and left-sided colon.

Patients with RCC have worse prognosis than those with LCC, and RCC is less likely to be
diagnosed at an early stage. Thus, the clinical applicability of the panel of five biomarkers identified
in our study may prove to be useful for medical providers. To explore the clinical application of the
five metabolites, their abundance level and limits of detection in blood or urine samples need to be
further examined, because of the dilution effect in biofluids. Furthermore, validation in independent
cohorts with biofluid samples, comparing patients with RCC and LCC at early stages, is required.
Finally, future survival analyses could be valuable, to reveal the association between the five metabolite
biomarkers identified in our study and the prognosis of patients with RCC or LCC.

In conclusion, our data has revealed a biomarker panel of nine metabolites specific for CRC.
We also identified tumor location-specific biomarkers for stage I CRC with potential clinical implications.
Future studies examining the clinical utility of these biomarkers in biofluids for the non-invasive
screening of early stage colon cancer are underway.

4. Materials and Methods

4.1. Chemicals

Ammonium acetate and formic acid were purchased from Fisher Scientific (Morris Plains, NJ,
USA). Ammonium hydroxide was purchased from Honeywell (Muskegon, MI, USA). Water (H2O),
methanol (MeOH) and acetonitrile (ACN) were LC-MS grade and were purchased from Fisher Scientific
(Morris Plains, NJ, USA).

4.2. Sample Collection

Colon tumor and normal colon tissue (away from the tumor at the resection margin) were acquired
from surgical colectomy specimens and prospectively collected on 736 stage I–IV CRC patients in
the period 1991–2001 at Memorial Sloan-Kettering Cancer Center (MSKCC, New York, NY, USA).
Clinical data were recorded and updated retrospectively. Each sample was snap frozen in liquid nitrogen
and immediately stored at −80 ◦C. Pre-operative intravenous antibiotics (cefazolin/metronidazole,
clindamycin/gentamicin or ciprofloxacin/metronidazole) were administered within 60 min prior to
resection. All patients received a standard mechanical bowel preparation (polyethylene glycol (PEG)
solution) 24 h before scheduled surgery. For this study, samples were selected from patients that
were ≥55 years old, to reduce the confounding effects of estrogen signaling on metabolism before
menopause. All normal colon tissues were selected from stage I–IV CRC patients (n = 39), and tumor
tissue samples were selected from RCCs and LCCs stage I–III (n = 197). Stage IV tumor samples
were not included, as their metabolism may be affected by the presence of metastases in the liver or
other site, therefore we cannot rule out this confounder. Normal adjacent tissues were from stage I–IV
patients. Normal colon tissue samples were taken from stage IV patients, as their metabolic profiles
were not significantly different from the normal ones taken from stage I–III (Figure S8), and they were
markedly different from the tumor samples. The Yale University Institutional Review Board (IRB)
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determined that the study conducted in this publication was not considered to be Human Subjects
Research and did not require an IRB review (IRB/HSC# 1612018746).

4.3. Tissue Metabolite Extraction

First, 50 ± 1 mg of each tissue was homogenized using 500 µL of UPLC-grade H2O. A Cryolys
Evolution homogenizer (Bertin Corporation, Rockville, MD, USA) was used with 2 mL lysing tube
(Bertin Corporation) and 1.4 mm ceramic zirconium oxide beads (Bertin Corporation) to homogenize
the tissues. Each sample was processed six times for 20 s, at 6000 rpm with 5 s intervals. Dry ice
was used to keep the temperature <10 ◦C during homogenization. From the homogenized solution,
100 µL was taken and added to 1.5 mL polypropylene microcentrifuge tubes for subsequent metabolite
extraction. A volume of 400 µL ice cold MeOH:ACN (1:1, v/v) was added to each sample as the
extraction solvent. The samples were vortexed for 30 s, and sonicated for 10 min. To precipitate
proteins, the samples were incubated for 2 h at −20 ◦C, followed by centrifugation at 13,000 rpm
(15,000× g) and 4 ◦C for 15 min. The resulting supernatant was removed and evaporated to dryness for
12 h using a vacuum concentrator (Thermo Fisher Scientific, Waltham, MA, USA). The dry extracts were
then reconstituted in 100 µL of ACN:H2O (1:1, v/v), sonicated for 10 min, and centrifuged at 13,000 rpm
(15,000× g) and 4 ◦C for 15 min, to remove insoluble debris. The supernatant was transferred to UPLC
autosampler vials (Thermo Scientific, Waltham, MA, USA). A pooled quality control (QC) sample was
prepared by mixing 5 µL of extracted solution from each sample into a UPLC autosampler vial. All the
vials were capped and stored at −80 ◦C prior to UPLC-MS analysis.

4.4. UPLC-MS Analysis

Both hydrophilic interaction chromatography mass spectrometry (HILIC-MS) and reverse phase
liquid chromatography mass spectrometry (RPLC-MS) approaches were used for a comprehensive
analysis of the tissue metabolome. A UPLC system (H-Class ACQUITY, Waters Corporation, Milford,
MA, USA), coupled to a quadrupole time-of flight (QTOF) mass spectrometer (Xevo G2-XS QTOF,
Waters Corporation, Milford, MA, USA), was used for MS data acquisition. A Waters ACQUITY UPLC
BEH Amide column (particle size, 1.7 µm; 100 mm (length) × 2.1 mm (i.d.)) and Waters ACQUITY
UPLC BEH C18 column (particle size, 1.7 µm; 50 mm (length) × 2.1 mm (i.d.)) were used for the
UPLC-based separation of metabolites. The column temperature was kept at 25 ◦C for HILIC-MS
analysis and 30 ◦C for RPLC-MS analysis. The solvent flow rate was 0.5 mL/min, and the sample
injection volume was 1 µL. For HILIC-MS analysis, mobile phase A was 25 mM NH4OH and 25 mM
NH4OAc in water, while the mobile phase B was can, for both electrospray ionization (ESI), positive
and negative mode, respectively. The linear gradient was set as follows: 0~0.5 min: 95% B; 0.5~7 min:
95% B to 65% B; 7~8 min: 65% B to 40% B; 8~9 min: 40% B; 9~9.1 min: 40% B to 95% B; 9.1~12 min:
95% B. For RPLC-MS analysis, the mobile phases A was 0.1% formic acid in H2O, while the mobile
phases B was 0.1% formic acid in ACN, respectively, for both ESI+ and ESI−. The linear gradient was
set as follows: 0~1 min: 1% B; 1~8 min: 1% B to 100% B; 8~10 min: 100% B; 10~10.1 min: 100% B to
1% B; 10.1~12 min: 1% B. Pooled samples were analyzed every eight injections during the UPLC-MS
analysis to monitor the stability of the data acquisition, and used for subsequent data normalization.

QTOF scan data (300 ms/scan; mass scan range 50–1000 Da) were initially acquired for each
biological sample for metabolite quantification. Then, both DDA (data-dependent acquisition) data
(QTOF scan time: 50 ms/scan, MSMS scan time 50 ms/scan, collision energy 20 eV, top 5 most intense
ions were selected for fragmentation, exclude former target ions (4 s after 2 occurrences)) and MSE data
(low energy scan: 200 ms/scan, collision energy 6 eV; high energy scan: 100 ms/scan, collision energy
20 eV, mass scan range 25–1000 Da) were acquired for QC samples to enable metabolite identification.
ESI source parameters on the Xevo GS-XS QTOF were set as the following: capillary voltage 1.8 kV,
sampling cone 40 V, source temperature 50 ◦C, desolvation temperature 550 ◦C, cone gas flow 40 L/h,
desolvation gas flow 900 L/h.
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4.5. UPLC-MS Data Processing

The raw MS data (.raw) were converted to mzML files using ProteoWizard MSConvert (version
3.0.6150, www.proteowizard.sourceforge.net/). The parameters of min SNR and min peak spacing were
set as 0.1 for peak picking in ProteoWizard. The files were then processed in R (version 3.4.3), using the
XCMS package for feature detection, retention time correction, and alignment. The XCMS processing
parameters were optimized and set as follows: mass accuracy for peak detection = 25 ppm; peak width
c = (2, 30); snthresh = 6; bw = 10; mzwid = 0.015; minfrac = 0.5. The CAMERA package was used for
subsequent peak annotation. The resulting data were normalized using the support vector regression
algorithm in R, to remove an unwanted system error that occurred among intra- and inter-batches.
Initial metabolite identification was performed using the MetDNA algorithm. Metabolites were further
identified by matching retention time with an in-house metabolite standard library. In addition,
metabolite identification was carried out by matching accurate mass and experimental MS/MS data
against online databases (METLIN and HMDB).

4.6. Statistical Analysis

All statistical analyses were performed on the R platform (version 3.4.3). Orthogonal partial
least-squares discriminant analysis (OPLS-DA) was used to discover global metabolic changes
between colon cancer and healthy matched tissue controls, and also between right-sided colon
cancer (RCC) and left-sided colon cancer (LCC), based on R package “plsdepot”. The corresponding
variable importance in the projection (VIP values) was calculated in the OPLS-DA model.
Meanwhile, the Wilcoxon Mann–Whitney U test, with Benjamini–Hochberg-based false discovery rates
(FDR) adjust, was performed, using the R function “p.adjust” for differential analysis between colon
cancer and healthy controls. For multiple groups comparisons, the nonparametric Kruskal–Wallis
rank sum test was performed to determine the significance of each metabolite, and the relevant
false discovery rates (FDR) based on the p values were estimated in the context of multiple testing.
Internal cross validations of selected potential biomarkers were performed by using random forest (RF)
model, partial least-squares (PLS) model, and supported vector machine (SVM) model in R. To evaluate
the classification performance, the area under the receiver operating characteristic curve (AUC) value
and 95% confidence interval (CI) were computed, using the pROC package on the R platform.

Supplementary Materials: The following are available online at http://www.mdpi.com/2218-1989/10/6/257/s1.
Figure S1: PCA scores plot on normal control, colon cancer, and QC samples. Figure S2: Validation plot obtained
from 200 permutation tests Figure S3: (a) AUC values of PLS prediction models with different number of metabolic
biomarkers. (b) ROC plots of predictive models based on 9 metabolic biomarkers using random forest (RF), partial
least-squares (PLS), and support vector machine (SVM), respectively. Figure S4: Stage stratified PCA score plots
on left-sided colon cancer (LCC), right-sided colon cancer (RCC), and QC samples. Figure S5: Validation plots
obtained from 200 permutation tests for (a) stage I LCC (n = 25) and stage I RCC (n = 22) (b) stage II LCC (n = 42)
and stage II RCC (n = 44), and (c) stage III LCC (n = 32) and stage III RCC (n = 32). Figure S6: (a) OPLS-DA plot for
metabolic fingerprints of stages I–III LCC (n = 99) and stages I–III RCC (n = 98). (b) The validation plots obtained
from 200 permutation tests. Figure S7: (a) OPLS-DA plot for metabolic signatures of stages I–III LCC (n = 99) and
stages I–III RCC (n = 98). (b) Validation plots obtained from 200 permutation tests. Figure S8: PCA scores plot of
normal colon tissues from stage I–III patients and stage IV. Table S1. Demographics of colon cancer patients from
samples used for discovery of metabolic differences between colon cancer and normal controls. Table S2. List of
identified 28 potential metabolic biomarkers for colon cancer. Table S3. Demographics of colon cancer patients
from samples used for discovery of metabolic differences between RCC and LCC. Right-sided colon cancer = RCC,
Left-sided colon cancer = LCC.

Author Contributions: Y.C.: Conceptual design, Metabolomics analysis, statistical analysis, data interpretation,
manuscript preparation; N.J.W.R.: Conceptual design, specimen collection, metabolomics analysis, data
interpretation, manuscript preparation; Q.Z.: Data interpretation, manuscript preparation; V.M.: data
interpretation, manuscript preparation; A.S.-N.: metabolomics analysis, data interpretation, manuscript
preparation; E.M.: Data collection, data interpretation; A.K.R.V.: Data interpretation; K.-S.H.: Specimen collection,
manuscript preparation; Z.R.: data interpretation, manuscript preparation; J.R.C.: Specimen collection; Y.Z.:
Data interpretation, manuscript preparation; P.B.P.: Patient recruitment, surgical resection and establishment of
specimen cohort, manuscript preparation; S.A.K.: Conceptual design, specimen collection, data interpretation,
manuscript preparation, supervision of study; C.H.J.: Conceptual design, specimen collection, data interpretation,

www.proteowizard.sourceforge.net/
http://www.mdpi.com/2218-1989/10/6/257/s1


Metabolites 2020, 10, 257 12 of 13

manuscript preparation, supervision of study. All authors have read and agreed to the published version of
the manuscript.

Funding: This work was funded by Women’s Health Research at Yale (CHJ, SAK), NIH 1R21CA223686-01 (CHJ,
SAK), Yale Cancer Center (CHJ, SAK), and was also made possible by CTSA Grant Number UL1 TR001863 from
the National Center for Advancing Translational Science (NCATS), components of the National Institutes of Health
(NIH), and the NIH roadmap for Medical Research (SAK). Its contents are solely the responsibility of the authors
and do not necessarily represent the official view of NIH. A.S.N.’s research fellowship abroad (BPE) was funded
by grant #2018/01448-9, from São Paulo Research Foundation (FAPESP).

Acknowledgments: Q.Z. was supported by a grant from the China Scholarship Council (201808230083).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Siegel, R.L.; Miller, K.D.; Jemal, A. Cancer Statistics, 2018. CA Cancer J. Clin. 2018, 68, 7–30. [CrossRef]
[PubMed]

2. Crooke, H.; Kobayashi, M.; Mitchell, B.; Nwokeji, E.; Laurie, M.; Kamble, S.; McKenna, M.; Masood, A.;
Korytowsky, B. Estimating 1- and 5-year relative survival trends in colorectal cancer (CRC) in the United
States: 2004 to 2014. J. Clin. Oncol. 2018, 36, 587. [CrossRef]

3. Wolf, A.M.D.; Fontham, E.T.H.; Church, T.R.; Flowers, C.R.; Guerra, C.E.; LaMonte, S.J.; Etzioni, R.;
McKenna, M.T.; Oeffinger, K.C.; Shih, Y.T.; et al. Colorectal cancer screening for average-risk adults:
2018 guideline update from the American Cancer Society. CA Cancer J. Clin. 2018, 68, 250–281. [CrossRef]
[PubMed]

4. Muthukrishnan, M.; Arnold, L.D.; James, A.S. Patients’ self-reported barriers to colon cancer screening in
federally qualified health center settings. Prev. Med. Rep. 2019, 15, 100896. [CrossRef]

5. Zhang, F.; Zhang, Y.Y.; Zhao, W.W.; Deng, K.; Wang, Z.Z.; Yang, C.Y.; Ma, L.B.; Openkova, M.S.; Hou, Y.; Li, K.
Metabolomics for biomarker discovery in the diagnosis, prognosis, survival and recurrence of colorectal
cancer: A systematic review. Oncotarget 2017, 8, 35460–35472. [CrossRef]

6. Erben, V.; Bhardwaj, M.; Schrotz-King, P.; Brenner, H. Metabolomics Biomarkers for Detection of Colorectal
Neoplasms: A Systematic Review. Cancers 2018, 10, 246. [CrossRef]

7. Cheng, Y.; Xie, G.; Chen, T.; Qiu, Y.; Zou, X.; Zheng, M.; Tan, B.; Feng, B.; Dong, T.; He, P.; et al. Distinct urinary
metabolic profile of human colorectal cancer. J. Proteome Res. 2012, 11, 1354–1363. [CrossRef]

8. Zhu, J.J.; Djukovic, D.; Deng, L.L.; Gu, H.W.; Himmati, F.; Chiorean, E.G.; Raftery, D. Colorectal Cancer
Detection Using Targeted Serum Metabolic Profiling. J. Proteome Res. 2014, 13, 4120–4130. [CrossRef]

9. Qiu, Y.; Cai, G.; Zhou, B.; Li, D.; Zhao, A.; Xie, G.; Li, H.; Cai, S.; Xie, D.; Huang, C.; et al. A distinct metabolic
signature of human colorectal cancer with prognostic potential. Clin. Cancer Res. 2014, 20, 2136–2146.
[CrossRef]

10. Koeth, R.A.; Wang, Z.; Levison, B.S.; Buffa, J.A.; Org, E.; Sheehy, B.T.; Britt, E.B.; Fu, X.; Wu, Y.; Li, L.; et al.
Intestinal microbiota metabolism of L-carnitine, a nutrient in red meat, promotes atherosclerosis. Nat. Med.
2013, 19, 576–585. [CrossRef]

11. Tang, W.H.; Wang, Z.; Levison, B.S.; Koeth, R.A.; Britt, E.B.; Fu, X.; Wu, Y.; Hazen, S.L. Intestinal microbial
metabolism of phosphatidylcholine and cardiovascular risk. N. Engl. J. Med. 2013, 368, 1575–1584. [CrossRef]
[PubMed]

12. Sun, Y.; Mironova, V.; Chen, Y.; Lundh, E.P.F.; Zhang, Q.; Cai, Y.; Vasiliou, V.; Zhang, Y.; Garcia-Milian, R.;
Khan, S.A.; et al. Molecular Pathway Analysis Indicates a Distinct Metabolic Phenotype in Women With
Right-Sided Colon Cancer. Transl. Oncol. 2020, 13, 42–56. [CrossRef] [PubMed]

13. Cai, Y.; Rattray, N.J.W.; Zhang, Q.; Mironova, V.; Santos-Neto, A.; Hsu, K.S.; Rattray, Z.; Cross, J.R.; Zhang, Y.;
Paty, P.B.; et al. Sex Differences in Colon Cancer Metabolism Reveal A Novel Subphenotype. Sci. Rep. 2020,
10, 4905. [CrossRef]

14. Bufill, J.A. Colorectal-cancer-evidence for distinct genetic categories based on proximal or distal tumor
location. Ann. Intern. Med. 1990, 113, 779–788. [CrossRef] [PubMed]

15. Loupakis, F.; Yang, D.Y.; Yau, L.; Feng, S.B.; Cremolini, C.; Zhang, W.; Maus, M.K.H.; Antoniotti, C.; Langer, C.;
Scherer, S.J.; et al. Primary tumor location as a prognostic factor in metastatic colorectal cancer. JNCI J. Nat.
Cancer Inst. 2015, 107. [CrossRef] [PubMed]

http://dx.doi.org/10.3322/caac.21442
http://www.ncbi.nlm.nih.gov/pubmed/29313949
http://dx.doi.org/10.1200/JCO.2018.36.4_suppl.587
http://dx.doi.org/10.3322/caac.21457
http://www.ncbi.nlm.nih.gov/pubmed/29846947
http://dx.doi.org/10.1016/j.pmedr.2019.100896
http://dx.doi.org/10.18632/oncotarget.16727
http://dx.doi.org/10.3390/cancers10080246
http://dx.doi.org/10.1021/pr201001a
http://dx.doi.org/10.1021/pr500494u
http://dx.doi.org/10.1158/1078-0432.CCR-13-1939
http://dx.doi.org/10.1038/nm.3145
http://dx.doi.org/10.1056/NEJMoa1109400
http://www.ncbi.nlm.nih.gov/pubmed/23614584
http://dx.doi.org/10.1016/j.tranon.2019.09.004
http://www.ncbi.nlm.nih.gov/pubmed/31760268
http://dx.doi.org/10.1038/s41598-020-61851-0
http://dx.doi.org/10.7326/0003-4819-113-10-779
http://www.ncbi.nlm.nih.gov/pubmed/2240880
http://dx.doi.org/10.1093/jnci/dju427
http://www.ncbi.nlm.nih.gov/pubmed/25713148


Metabolites 2020, 10, 257 13 of 13

16. Gervaz, P.; Usel, M.; Rapiti, E.; Chappuis, P.; Neyroud-Kaspar, I.; Bouchardy, C. Right colon cancer: Left
behind. Eur. J. Surg. Oncol. 2016, 42, 1343–1349. [CrossRef] [PubMed]

17. Petrelli, F.; Tomasello, G.; Borgonovo, K.; Ghidini, M.; Turati, L.; Dallera, P.; Passalacqua, R.; Sgroi, G.;
Barni, S. Prognostic survival associated with left-sided vs right-sided colon cancer a systematic review and
meta-analysis. JAMA Oncol. 2017, 3, 211–219. [CrossRef]

18. Schroll, M.M.; Ludwig, K.R.; Bauer, K.M.; Hummon, A.B. Calcitriol supplementation causes decreases in
tumorigenic proteins and different proteomic and metabolomic signatures in right versus left-sided colon
cancer. Metabolites 2018, 8, 5. [CrossRef]

19. Gu, J.; Xiao, Y.; Shu, D.; Liang, X.; Hu, X.; Xie, Y.; Lin, D.; Li, H. Metabolomics analysis in serum from patients
with colorectal polyp and colorectal cancer by (1)H-NMR spectrometry. Dis. Mark. 2019, 2019, 3491852.
[CrossRef]

20. Zha, H.; Cai, Y.; Yin, Y.; Wang, Z.; Li, K.; Zhu, Z.J. SWATHtoMRM: Development of high-coverage targeted
metabolomics method using SWATH technology for biomarker discovery. Anal. Chem. 2018, 90, 4062–4070.
[CrossRef]

21. Ikeda, A.; Nishiumi, S.; Shinohara, M.; Yoshie, T.; Hatano, N.; Okuno, T.; Bamba, T.; Fukusaki, E.; Takenawa, T.;
Azuma, T.; et al. Serum metabolomics as a novel diagnostic approach for gastrointestinal cancer. Biomed.
Chromatogr. 2012, 26, 548–558. [CrossRef]

22. Farshidfar, F.; Weljie, A.M.; Kopciuk, K.A.; Hilsden, R.; McGregor, S.E.; Buie, W.D.; MacLean, A.; Vogel, H.J.;
Bathe, O.F. A validated metabolomic signature for colorectal cancer: Exploration of the clinical value of
metabolomics. Br. J. Cancer 2016, 115, 848–857. [CrossRef] [PubMed]

23. Efron, B.; Tibshirani, R. Improvements on cross-validation: The.632+ bootstrap method. J. Am. Stat. Assoc.
1997, 92, 548–560. [CrossRef]

24. Peng, D.X.; Lai, F.J. Using partial least squares in operations management research: A practical guideline
and summary of past research. J. Oper. Manag. 2012, 30, 467–480. [CrossRef]

25. Cross, A.J.; Moore, S.C.; Boca, S.; Huang, W.Y.; Xiong, X.; Stolzenberg-Solomon, R.; Sinha, R.; Sampson, J.N.
A prospective study of serum metabolites and colorectal cancer risk. Cancer 2014, 120, 3049–3057. [CrossRef]

26. Liesenfeld, D.B.; Grapov, D.; Fahrmann, J.F.; Salou, M.; Scherer, D.; Toth, R.; Habermann, N.; Bohm, J.;
Schrotz-King, P.; Gigic, B.; et al. Metabolomics and transcriptomics identify pathway differences between
visceral and subcutaneous adipose tissue in colorectal cancer patients: The ColoCare study. Am. J. Clin. Nutr.
2015, 102, 433–443. [CrossRef]

27. Rattray, N.J.W.; Charkoftaki, G.; Rattray, Z.; Hansen, J.E.; Vasiliou, V.; Johnson, C.H. Environmental influences
in the etiology of colorectal cancer: The premise of metabolomics. Curr. Pharmacol. Rep. 2017, 3, 114–125.
[CrossRef]

28. Chan, E.C.Y.; Koh, P.K.; Mal, M.; Cheah, P.Y.; Eu, K.W.; Backshall, A.; Cavill, R.; Nicholson, J.K.; Keun, H.C.
Metabolic profiling of human colorectal cancer using high-resolution magic angle spinning nuclear
magnetic resonance (HR-MAS NMR) spectroscopy and gas chromatography mass spectrometry (GC/MS).
J. Proteome Res. 2009, 8, 352–361. [CrossRef]

29. Jimenez, B.; Mirnezami, R.; Kinross, J.; Cloarec, O.; Keun, H.C.; Holmes, E.; Goldin, R.D.; Ziprin, P.; Darzi, A.;
Nicholson, J.K. 1H HR-MAS NMR spectroscopy of tumor-induced local metabolic “field-effects” enables
colorectal cancer staging and prognostication. J. Proteome Res. 2013, 12, 959–968. [CrossRef]

30. Mirnezami, R.; Jimenez, B.; Li, J.V.; Kinross, J.M.; Veselkov, K.; Goldin, R.D.; Holmes, E.; Nicholson, J.K.;
Darzi, A. Rapid diagnosis and staging of colorectal cancer via high-resolution magic angle spinning nuclear
magnetic resonance (HR-MAS NMR) spectroscopy of intact tissue biopsies. Ann. Surg. 2014, 259, 1138–1149.
[CrossRef]

31. Qiu, Y.; Cai, G.; Su, M.; Chen, T.; Liu, Y.; Xu, Y.; Ni, Y.; Zhao, A.; Cai, S.; Xu, L.X.; et al. Urinary metabonomic
study on colorectal cancer. J. Proteome Res. 2010, 9, 1627–1634. [CrossRef] [PubMed]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.ejso.2016.04.002
http://www.ncbi.nlm.nih.gov/pubmed/27178778
http://dx.doi.org/10.1001/jamaoncol.2016.4227
http://dx.doi.org/10.3390/metabo8010005
http://dx.doi.org/10.1155/2019/3491852
http://dx.doi.org/10.1021/acs.analchem.7b05318
http://dx.doi.org/10.1002/bmc.1671
http://dx.doi.org/10.1038/bjc.2016.243
http://www.ncbi.nlm.nih.gov/pubmed/27560555
http://dx.doi.org/10.2307/2965703
http://dx.doi.org/10.1016/j.jom.2012.06.002
http://dx.doi.org/10.1002/cncr.28799
http://dx.doi.org/10.3945/ajcn.114.103804
http://dx.doi.org/10.1007/s40495-017-0088-z
http://dx.doi.org/10.1021/pr8006232
http://dx.doi.org/10.1021/pr3010106
http://dx.doi.org/10.1097/SLA.0b013e31829d5c45
http://dx.doi.org/10.1021/pr901081y
http://www.ncbi.nlm.nih.gov/pubmed/20121166
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Results 
	Metabolic Differences between Colon Cancer and Normal Controls 
	Distinct Metabolomic Signatures Associated with Anatomic Location 
	Potential Metabolic Biomarkers for Early-Stage LCC and RCC 

	Discussion 
	Materials and Methods 
	Chemicals 
	Sample Collection 
	Tissue Metabolite Extraction 
	UPLC-MS Analysis 
	UPLC-MS Data Processing 
	Statistical Analysis 

	References

