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Despite the fact that colorectal cancer (CRC) is one of the most prevalent and deadly cancers in
the world, the development of improved and robust biomarkers to enable screening, surveillance,
and therapy monitoring of CRC continues to be evasive. In particular, patients with colon polyps
are at higher risk of developing colon cancer; however, noninvasive methods to identify these
patients suffer from poor performance. In consideration of the challenges involved in identifying
metabolite biomarkers in individuals with high risk for colon cancer, we have investigated NMR-
based metabolite profiling in combination with numerous demographic parameters to investigate
the ability of serum metabolites to differentiate polyp patients from healthy subjects. We also
investigated the effect of disease risk on different groups of biologically related metabolites. A
powerful statistical approach, seemingly unrelated regression (SUR), was used to model the
correlated levels of metabolites in the same biological group. The metabolites were found to be
significantly affected by demographic covariates such as gender, BMI, BMIZ2, and smoking status.
After accounting for the effects of the confounding factors, we then investigated potential of
metabolites from serum to differentiate patients with polyps and age matched healthy controls.
Our results showed that while only valine was slightly associated, individually, with polyp
patients, a number of biologically related groups of metabolites were significantly associated with
polyps. These results may explain some of the challenges and promise a novel avenue for future
metabolite profiling methodologies.
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INTRODUCTION

Colorectal cancer (CRC) is one of the most prevalent types of cancer worldwide, and a
major cause of human morbidity and mortality.! As the third most common type of cancer in
the U.S. according to the American Cancer Society, over 136 000 new CRC cases and 50
000 deaths are estimated for 2015.2 Several preventive screening and detection methods are
suggested for CRC, including the fecal occult blood test (FOBT), fecal immunochemical test
(FIT), colonoscopy/sigmoidoscopy, and family-history-based risk assessment.3 More
recently, population-wide studies have investigated the repeated use of the faecal
immunochemical test (FIT) to measure hemoglobin and the detection of altered DNA
associated with colorectal cancer for colorectal cancer screening. Patients with colon
polyps are at high risk for the development of colon cancer; however, only colonoscopy has
suffcient sensitivity to detect polyps. While colonoscopy and sigmoidoscopy remain the
gold standards for screening and detection of CRC and polyps, they have major
disadvantages, which include invasiveness, potential risks of complications, and high cost.
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Thus, compliance rates are far less than ideal (~48%);° as a result many patients needlessly
develop CRC. Of these CRC patients, only 40% are diagnosed and treated with early stage,
localized disease (Stages I-11), which have relatively high (80-90%) 5-year survival rates.®
Therefore, the development of new screening methods that are highly sensitive, specific, and
noninvasive is critically needed for the early diagnosis and timely treatment of CRC.

An important characteristic of cancer is its abnormal metabolism (i.e., the Warburg effect),
which causes altered levels of numerous cellular metabolites. Perturbations in important
metabolic pathways have therefore been the focus of many cancer studies.2 Metabolomics,
the comprehensive study of small molecular weight metabolites and their dynamic changes
in biological systems, provides advanced methods to identify changing metabolism and in
particular metabolite levels, that has resulted in rapid progress in disease biomarker
discovery over the past decade.® While numerous studies have focused on detecting
CRC,10-14 only a few studies have focused on identifying metabolite biomarkers for polyp
patients. For instance, a recent study investigated urine specimens combining nuclear
magnetic resonance (NMR) spectroscopy and machine learning focused on the prediction of
patients with colonic polyps showed a low to moderate sensitivity and specificity of 64%
and 65%, respectively.1> A recent study by our group investigated serum from polyp
patients along with the samples from CRC and healthy controls using targeted LC-MS
analysis and found similar results.16

In this study, we have utilized NMR-based metabolomics combined with a powerful
statistical approach, seemingly unrelated regression (SUR),17-1° to investigate differential
metabolites between serum samples from polyp patients and healthy controls. Multivariate
statistical analysis methods such as logistic regression and partial least-squares discriminant
analysis (PLS-DA) offer outstanding capabilities for identifying specific differences in
spectral signatures from different sample groups or classes. However, the construction of
metabolomic signatures is challenged by the low statistical power due to a large number of
metabolites and confounding factors such as gender, age, BMI, diet, smoking status, and so
forth. On the other hand, analysis of covariance or linear regression models may be used to
model metabolite levels affected by disease risks and confounding demographic factors. An
overriding challenge is that the metabolic differences between patients with polyps and
healthy controls are typically subtle compared to the more dominant confounding effects.
Here, we pool the models of metabolites in biologically related groups, and acknowledge the
potential correlation between these metabolites, with the analysis by SUR, which, to our
knowledge, has not previously been applied to metabolite profiling. SUR allows the
simultaneous investigation and thus aggregation of disease risk effects on metabolites in the
same group, and therefore empowers the detection of subtle disease risk effects. Using SUR
analysis, we explored several covariates which were statistically significant for all the
metabolites and identified several biological groups of metabolites with altered levels that
are significantly associated with a polyp diagnosis.
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MATERIALS AND METHODS

Chemicals

Deuterium oxide (D50, 99.9%D) was purchased from Cambridge Isotope Laboratories, Inc.
(Andover, MA). Trimethylsilylpropionic-2,2,3,3-d4 acid sodium salt (TSP) and sodium
azide were purchased from Sigma-Aldrich (Milwaukee, W1).

Serum Samples

Serum samples from patients with polyps (n = 44) and age matched healthy controls (n = 58)
were obtained from the Indiana University School of Medicine. Following the IRB protocol
approved by both Indiana and Purdue Universities, patients undergoing colonoscopy for
CRC screening were evaluated and blood from the consented patients was obtained after
overnight fasting and bowel preparation but prior to colonoscopy. Blood samples were
allowed to clot at room temperature for 45 min and then centrifuged at 2000 rpm for 10 min.
The sera were collected, and aliquoted into separate vials, then transported to Purdue
University over dry ice and stored at =80 °C until used for analysis. Polyp patients were
compared to age-matched healthy controls. The summary of demographic data for the
patients and healthy controls included in this study are shown in Table 1.

1H NMR Spectroscopy

Each frozen serum sample was thawed and vortexed; 530 pL aliquots were mixed with 5 puL
sodium azide solution (5% in H,0). The resulting solution was centrifuged, and 530 pL was
transferred to a 5 mm NMR tube. A coaxial capillary containing 60 uL TSP (20.9 nmol) in
D,0 was placed into the NMR tube to serve as a chemical shift and quantitative reference.
The samples were randomized before performing the NMR experiments. All 1H NMR
experiments were carried out at 25 °C on a Bruker DRX 500-MHz NMR spectrometer
equipped with an HCN cryogenic probe. 'H NMR data for each sample was acquired using
both one-dimensional NOESY and CPMG (Carr—Purcell-Meiboom-Gill) pulse sequences.
The water signal was suppressed using a presaturation pulse. For each spectrum, 128
transients were collected and 16K data points were acquired using a spectral width of 6000
Hz. An exponential weighting function corresponding to 0.5 Hz line broadening was applied
to the free-induction decay before Fourier transformation. Phasing and baseline correction
were applied using Bruker Xwinnmr software version 3.5.

Data Preprocessing

The NMR spectra obtained using the CPMG sequence were devoid of broad peaks from
macromolecules and hence were more suitable for investigating altered levels of
metabolites. The 1D NOESY spectra were very complex due to contributions from
metabolites as well as abundant macromolecules, and hence, 1D NOESY spectra were not
used in the analysis. The data sets from CPMG spectra were aligned with reference to the
alanine peak at 1.46 ppm using KnowlItAll software version 7.8 (Bio-Rad Laboratories Inc.,
Hercules, CA). Each CPMG NMR spectrum was binned to 4096 frequency buckets of equal
size (0.003 ppm). TSP could not be used to align the spectra since it was separately
contained in a coaxial capillary tube to avoid TSP’s known interaction with proteins. Thus,
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TSP’s peak position does not account for small spectral shifts from sample to sample due to
variations in bulk magnetic susceptibility.

Subsequent analysis was focused on selected metabolite regions as we have utilized in
earlier studies.?0 Integrals for 24 regions were obtained and the resulting data were
normalized using the total spectral integral (10.0 > 8 > 5.2 and 4.7 > § > 0.40 ppm). Peak
integrals were then each standardized to a mean of 0 across the different spectra and their
standard deviations normalized to 1 to avoid any signal magnitude bias (autoscaling). In
addition, detected signals from 1,2-propanediol were excluded from the analysis since this
molecule is one of the ingredients used for bowel preparation prior to colonoscopy. The 24
metabolite signals (see Supporting Information Table S1 for chemical shift ranges) detected
in the entire polyp patient and healthy control samples were then subjected to statistical
analysis. It may be noted that leucine was not integrated, although it was easily identifiable,
since the characteristic peaks of leucine around 1 ppm were masked by broad residual peaks
from lipids, which prevented accurate quantitation of leucine.

The original data set was filtered to obtain samples that had values for all of the clinical
variables under investigation (i.e., no missing values) (see Supporting Information Figure S1
and Table S2). To eliminate any effect of race on the data, only Caucasian subjects were
considered, due to the small number of individuals from other populations in the study. The
two subject cohorts were age matched by limiting the subject ages to be between 45 and 65.
These restrictions reduced the number of samples such that 44 from the polyp group and 58
from the healthy control group were used for further analysis.

Seemingly Unrelated Regression

SUR was proposed by Zellner in 196217 to generalize linear regression models for multiple
response variables. SUR consists of multiple regression equations, each equation provides
one response variable, and incorporates a correlated error matrix that gives rise to its name.
In the current context, SUR assumes that error terms of the same individual (in different
response variables) are likely correlated, but error terms of different individuals are
independent. Specifically, we assume that p covariates are investigated for their effects on
each of m metabolites, with serum samples from n individuals in total. Let Yj; denote the
level of the j-th metabolite for the i-th individual, and X denote the level of the k-th
covariate of the i-th individual, i=1,2,...,n;j=1,2,...,m;k=1, 2, ..., p. The SUR model
for each of the m metabolites is,

Yij=00;+51;Xi1+02; Xio+ . .. Brj Xig+ - . +5pj Xipteij (1)

where gjj is the error term which follows N(0, ozj), and cov(gjj, £ik) = ojk. Note that for
different individuals i # I, and ojk = 0. The possible correlation between error terms of
different response variables makes the SUR model different from a simple pool of linear
regression models.

In our study, all equations of the same SUR model include the same set of covariates. With n
> p, estimates of the regression coeffcients are equivalent to the Ordinary Least Squares
(OLS) estimates.1” However, our primary purpose of using SUR is to test the significance of
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the identical covariate(s) involved in all equations of the same SUR model. The effcient
likelihood ratio test was utilized for this purpose. For example, to investigate the effects of a
single covariate (say Xj;) on the levels of m metabolites, we can construct a likelihood ratio
test which follows a 32, distribution under the following null hypothesis,

Hy:p11=P12=...=b1m=0 (2

When the effects of a group of covariates, for example k covariates, on the levels of m
metabolites are simultaneously investigated for their significance, the likelihood ratio test
statistic follows a x2,m distribution under the null hypothesis that all these effects are zero.
Such likelihood ratio tests are presumably more powerful than any test based on a single
regression equation as they aggregate the power of multiple regression equations.

Statistical Analysis

Y;;=00;+081; X Gi+ B2 X B;+33; XBz‘2+54j X S;+0B5; X Di+B6; X Gy X Di+Br; X By x D+ 8, x B? X Di+B9; X S;x Di+¢€;5  (5)

Figure 1 shows the flowchart for the analysis of metabolomics data using SUR. A SUR
modell’-19 was built to investigate how the levels of 24 metabolites were influenced by the
demographic variables including age, age?, gender, BMI, BMIZ2, smoking status, alcohol
status, diagnosis, as well as the interactions between diagnosis and the other covariates,
leading to a total of 15 covariates in each of 24 regression equations involved in the SUR
model. Backward elimination?! was performed to remove insignificant covariates (i.e., those
with p-value = 0.05). For the demographic covariates having significant interactions with
diagnosis, we kept their main effects in the model. For explanatory purposes immediately
below, and as the results of our analysis will show (see Results section), the selected four
demographic covariates (gender, BMI, BMI2, smoking status) are included in all linear
regression models on each of the 24 metabolites and in SUR models using groups of
biologically related metabolites in the subsequent analysis.

We first employed the following multiple linear regression to study the differential profile of
each metabolite, i.e., for the i-th individual,

Yi=Lo+P1 X Gi+PBax Bi+B3x B+ B4 % Si+5 % Di+B6 X Gy X Di+B7 X Bix Di+Ps x B2 x Di+ P9 x Six Di+e;  (3)

where Y; refers to the metabolite level of the i-th individual; G;, B;, Sj, and D; represent,
respectively, gender, BMI, smoking status, and diagnosis (0 for controls and 1 for polyps) of
the i-th individual. We then tested the hypothesis

Ho:B5=086=P7=F3=Fo=0 (4)

to investigate whether levels of the metabolite were different among polyps and control
groups. Likelihood ratio tests were employed to calculate the p-values.

We further applied SUR analysis to 15 different groups of biologically related metabolites.
For each group, the SUR model consists of multiple regression equations, one for each
metabolite following eq 3. Specifically, for the j-th metabolite of the i-th individual,
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We studied the differential profile of the grouped metabolites by testing the hypothesis
Hy:B5j=06j=07;=P3j=F0;=0, for all j (g)

to investigate whether levels of the metabolites were different among polyps and control
groups. Likelihood ratio tests were again utilized to calculate the p-values. We used the
Benjamini-Hochberg procedure to control the false discovery rate (FDR)22 and calculated
adjusted p-values accordingly. The FDR was controlled at 0.05.

RESULTS

In the SUR analysis of all 24 metabolites, we started with the following demographic
variables: age, age?, gender, BMI, BMI2, smoking status, alcohol status, diagnosis, as well
as the interactions between diagnosis and the 7 covariates. Cubic terms of age and BMI were
not significant, and thus were ignored. Following backward elimination to remove
insignificant covariates (see detailed information presented in Supporting Information), we
selected four demographic covariates, i.e., gender, BMI, BMI2, and smoking status (Table
2). The covariates were then grouped and used in combination with the 24 metabolites to
differentiate polyp patients from healthy controls. As shown in Table 3, metabolite profiles
are significantly different between males and females (with a p-value of 2.2 x 1077 for
testing both gender and its interaction with diagnosis); indeed, the p-value for testing the
main effect of gender is 9.9 x 1078 (Table 2). BMI also significantly affects the metabolite
profiles (with a p-value of 2.8 x 107> for testing BMI, BMI2, diagnosis x BMI, and
diagnosis x BMI2 simultaneously), while metabolite profiles are also significantly different
between smokers and nonsmokers (with a p-value of 0.041 for testing both smoking and
diagnosis x smoking, and a p-value of 0.0049 for diagnosis x smoking only).

The SUR analysis of all 24 metabolites also suggests that metabolite profiles are
significantly different between patients with polyps and healthy controls with a p-value of
0.0012 for testing diagnosis and its interaction with all other demographic covariates (Table
3). We therefore proceeded to analyze each of the 24 metabolites separately with a multiple
linear regression as shown in eq 3, using the same covariates as in the aforementioned SUR
model. The p-values for testing diagnosis and its interaction with other demographic
covariates are shown in Table 4. The levels of valine are slightly different (with an
uncorrected p-value of 0.010), and none of the other individual metabolites show
significantly different levels between the patients with polyps and healthy controls as a
result of the SUR modeling. The insignificance of diagnosis in the multiple linear regression
analysis of each metabolite is due in part to our somewhat limited sample numbers.

On the other hand, the analysis of grouped metabolites can enhance the power of hypothesis
tests by combining related metabolites in terms of the effects of diagnosis and its interaction
with other demographic covariates. We therefore employed the SUR model in eq 5 to
investigate 15 different groups of biologically related metabolites, and test whether levels of
all metabolites in the same group were different among patients with polyps and healthy
controls. Each metabolite group was chosen based on known or inferred biological
relationships among the measured metabolites. In particular, we used the KEGG metabolic
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pathways?3 to map the links among different metabolites detected by NMR. Metabolites that
shared a common metabolic pathway or pathways that are connected to each other were
considered biologically related and grouped together for analysis. Mainly, the metabolites
were grouped in terms of glucose metabolism, amino acid metabolism and lipid metabolism.
For example, NMR detected metabolites of group 1 represent glucose metabolism, both
glycolysis and gluconeogenesis; group 2 metabolites are part of branched chain amino acid
metabolism; and group 3 metabolites are part of alanine and glutamate metabolism (Table
5). Separately, NMR detected metabolites were also grouped by combining two or more
groups of metabolites. See groups 10, 13 and 14, for example, in Table 5.

The results of hypothesis tests on diagnosis and its interaction with other demographic
covariates are summarized in Table 5, in which the adjusted p-values were calculated for
controlling the overall FDR at 0.05. Eleven groups of metabolites (all but group 3, 5, 6, and
8) show significant profiles between patients with polyps and healthy controls. Indeed,
metabolites in Group 10 and Group 14 show extremely strong evidence (with adjusted p-
values of 2.3 x 1078 and 9.1 x 107>, respectively) that levels of the grouped metabolites are
very different between patients with polyps and healthy controls.

DISCUSSION

Significantly altered metabolic reprogramming in CRC is reflected in major changes to
metabolite levels; as a result, a high classification accuracy relative to healthy controls can
be achieved.10-14.16 However, it is more challenging to distinguish high risk polyps patients
and healthy controls because of the subtle metabolic differences between the two cohorts.
This challenge becomes more severe when the effects of confounding variables such as age,
BMI, etc., are comparable or larger than the differences between the two cohorts of samples.
Focusing on this challenge, we have employed NMR spectroscopy, a highly reproducible
and quantitative method for analyzing metabolites in complex biological mixtures, with
SUR analysis that represents a powerful approach to take such confounding variables into
account. Originally developed for economic analysis, SUR has been previously applied to
genomic and nutrition analysis, 2425 but not previously to metabolomics. Given the inherent
correlations observed among many metabolites as well as clinical variables, SUR may
provide a good model to capture the relationships among measured variables as well as
residual, unmeasured components or confounding factors that may also contribute to the
model or even error rates in the model.

With blood samples collected from healthy controls and patients with colorectal polyps, we
investigated how the levels of individual metabolites and groups of metabolites are affected
by clinical variables including age, age?, gender, BMI, BMI2, smoking status, alcohol status,
and diagnosis. Exploratory data analysis showed that several clinical covariates, including
gender, BMI, BMI2, and smoking status are significantly associated with the levels of many
metabolites. Each of the 24 metabolites was fitted using multiple linear regression to
identify metabolites that are significantly associated with diagnosis. The results indicate that
while only one of the individual metabolites (valine) is slightly associated with diagnosis
(Table 4), the effects of diagnosis on the metabolic activities of several groups of
biologically related metabolites are indeed quite significant. A better understanding of these
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differences is expected to provide new insight into the early development of CRC and
potentially provide new targets for therapy.

The groups of metabolites found to significantly distinguish (p < 0.05) polyps patients from
healthy subjects represent numerous metabolic pathways including glycolysis, the Krebs
cycle, as well as amino acid and lipid metabolism (see Table 5). Numerous metabolomics
investigations have shown that metabolites associated with these pathways are significantly
altered in CRC,11.16.26 |t js well-known that altered glycolysis is the hallmark of virtually all
types of cancer and altered glycolysis in CRC has been shown in a number of earlier studies
including our own recent investigation.1® The Warburg effect in cancer,’ the phenomenon of
a high rate of conversion of glucose to lactate even in the presence of oxygen (aerobic
glycolysis), is associated with metabolic reprogramming, which involves utilizing
alternative metabolite sources as substrates for the Krebs cycle. Amino acids including
glutamine, glutamic acid, alanine, histidine, isoleucine, lysine, phenylalanine, tyrosine,
valine, and threonine all fuel the Krebs cycle either directly by their conversion to Krebs
cycle metabolites such as a-keto glutarate, succinyl CoA, fumarate, and oxaloacetate or
indirectly through pyruvate and acetyl CoA. Correlation of these amino acids with the
detection of polyps patients in this study indicates their potential association with CRC.
Utilization of amino acids as energy sources in cancer is well-known,2” and a recent study
found that a majority of these amino acids are altered significantly in CRC.26:28 The
catabolism of amino acids is associated with conversion of their amino groups to ammonia,
which is used for the synthesis of urea. Thus, in addition to the many altered amino acid
levels, the association of urea with polyp patients in this study appears to agree with this
phenomenon. The association of choline/phosphocholine with polyps also agrees with the
altered lipid metabolism observed in CRC. It is well-known that altered lipid metabolism is
observed in many cancers and recent metabolomics investigations of CRC have indeed
shown altered lipid metabolism.11:13

In conclusion, a powerful SUR modeling approach that combines the result of NMR based
metabolomics and the analysis of confounding factors has resulted in the identification of a
number of metabolic pathways that are significantly associated with the presence of colon
polyps. While the data were collected from a limited number of subjects, and thus further
investigations are needed to validate the findings, the results show that the modeling of
metabolite levels using confounding variables has potential for developing improved
diagnostic tests and for better understanding disease development. Additional analyses
including the colon cancer group will be carried out when more samples are available.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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NMR and Clinical Data from Healthy
Controls and Patients with Polyps
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Backward Elimination for Covariates

Backward Elimination for

a Group of Metabolites

Significance Tests for
Biological Groups

Significance Tests for
Selected Metabolites

Figure 1.
Flowchart for the analysis of metabolomics data using seemingly unrelated regression.
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Table 1
Summary of Demographic Data for Participantsin the Study
total polyps healthy controls
n =102 n=44 n=58
Age Mean 62.4 59.7
SD 6.3 6.6
Gender Male 29 24
Female 15 34
BMI Mean 29.1 27.9
SD 5.6 6.5
Ever Smoked Yes 22 25
No 22 33
Alcohol Status  Alcohol 29 43
No Alcohol 15 15
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Table 2
Results of Backward Elimination for PredictorsIncluding Age, Age?, Gender, BMI,
BM 2, Smoking Status, Alcohol Status, Diagnosis, as Well asthe I nter actions between
Diagnosisand Other Covariates

selected effects p-value
Gender 9.9x1078
BMI 0.0023
BMI2 0.15
Smoking 0.56
Diagnosis 0.39
Diagnosis x Gender 0.045
Diagnosis x BMI 0.012
Diagnosis x BMI? 0.17

Diagnosis x Smoking  0.0049
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Table 3
Significance of Grouped Covariatesin Evaluating Differential Profiles of All 24
M etabolites
adjusted p-
selected effects p-value value
Gender, Diagnosis x Gender 22x107 15x107
BMI, BMI2 17x10* 4.0x10™*
BMI?, Diagnosis x BMI? 0.066 0.066
Diagnosis x BMI, Diagnosis x BMI? 0.010 0.014
BMI, BMI?, Diagnosis x BMI, Diagnosis x ~ 2.8x 10 9.8x107°
BMI2

Smoking, Diagnosis x Smoking 0.041 0.048
Diagnosis, Diagnosis x Gender, Diagnosis x  0.0012 0.0021

BMI, Diagnosis x BMI2, Diagnosis x
Smoking
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Overall p-Valuefor Diagnosisfor Each Individual Metabolite

metabolite p-value adjusted p-value
3-Hydroxybutyric acid 0.59 0.95
Acetic acid 0.98 0.98
Acetoacetate 0.66 0.95
Acetone 0.22 0.95
Alanine 0.35 0.95
Choline/Phosphocholine  0.78 0.95
Citric acid 0.75 0.95
Creatinine 0.46 0.95
Dimethylglycine 0.91 0.95
Formate 0.91 0.95
Glucose 0.070 0.78
Glutamic acid 0.84 0.95
Glutamine 0.86 0.95
Glycine 0.60 0.95
Histidine 0.67 0.95
Isoleucine 0.54 0.95
Lactate 0.81 0.95
Lysine 0.51 0.95
Phenylalanine 0.26 0.95
Threonine 0.78 0.95
Tyrosine 0.55 0.95
Unsaturated-Lipids 0.39 0.95
Urea 0.098 0.78
Valine 0.010 0.24
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Table 5
Results of Testing the Effects of Diagnosis on 15 Groups of Biologically Related
M etabolites
adjusted p-
biological groups associated metabolic pathway(s) p-value value
Group 1: acetate, glucose, lactate Glycolysis/gluconeogenesis 0.014 0.023
Group 2: isoleucine, valine Valine/Leucine/lsoleucine biosynthesis 0.0046 0.012
Group 3: alanine, glutamic acid, glutamine Alanine/Aspartate/Glutamate metabolism 0.060 0.069
Group 4: creatinine, glutamine, urea Arginine/Proline metabolism 0.0010 0.0050
Group 5: glutamic acid, histidine Histidine metabolism 0.058 0.072
Group 6: acetoacetate, acetone, lactate Propionate metabolism 0.33 0.33
Group 7: acetoacetate, citric acid, tyrosine Tyrosine metabolism 0.0011 0.0041
Group 8: citric acid, formate, glutamic acid, Glyoxalate and Dicarboxylate metabolism 0.23 0.25
glutamine
Group 9: phenylalanine, tyrosine Phenylalanine/Tyrosine/Tryptophan metabolism 0.0021 0.0063
Group 10: alanine, glutamic acid, glutamine, Combination of Alanine/Aspartate/Glutamate, Glycine/Serine/ 15x107 23x107°®
glycine, Threonine,
histidine, isoleucine, lysine, phenylalanine, Valine/Leucine/lsoleucine, Phenylalanine/Tyrosine/Tryptophan,
threonine, Histidine
tyrosine, valine and Lysine metabolism
Group 11: alanine, citric acid, glucose, lactate Glycolysis/TCA cycle 0.021 0.032
Group 12: glycine, threonine Glycine/Serine/Threonine metabolism 0.0051 0.011
Group 13: alanine, glutamic acid, glycine, Combination of Glycolysis, TCA cycle and Glycine/Serine/ 0.031 0.042
threonine Threonine
metabolism
Group 14: alanine, glutamic acid, glycine, Combination of Glycolysis, TCA cycle, Glycine/Serine/ 1.2x10° 9.1x10°°
isoleucine, Threonine and
threonine, valine Valine/Leucine/lsoleucine metabolism
Group 15: choline/phosphocholine, glycine, Glycine/Serine/Threonine metabolism 0.0057 0.011
threonine
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