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Abstract

Pancreatic cancer is the third leading cause of cancer deaths in the United States with more
than 53,000 expected to be diagnosed with the disease in 2018. The median survival time
after diagnosis is four to six months. The poor survival statistics are due in part to the fact
that pancreatic cancer is typically asymptomatic until it reaches advanced stages of the dis-
ease. Although surgical resection provides the best chance of survival, pancreatic cancer is
rarely detected when surgery is still possible due, in part, to lack of effective biomarkers for
early detection. The goal of the research reported here was to determine if it was possible to
identify metabolic biomarkers for detection of pre-cancerous pancreatic intraepithelial neo-
plasia (PanIN) that precede pancreatic adenocarcinoma. The transgenic Ptf1a-Cre; LSL-
KrasG12D mouse strain was used as a model of pancreatic cancer progression. Nuclear
magnetic resonance (NMR) spectroscopy was employed to compare metabolic profiles of
urine, sera, fecal extracts, and pancreatic tissue extracts collected from control and study
mice aged 5, 11, and 15 months, including 47 mice with tumors. We were able to identify the
following potential biomarkers: decreased 3-indoxylsulfate, benzoate and citrate in urine,
decreased glucose, choline, and lactate in blood, and decreased phenylalanine and benzo-
ate and increased acetoin in fecal extracts. Potential biomarkers were validated by p-values,
PLS-DA VIP scores, and accuracies based on area under ROC curve analyses. Essentially,
all of the metabolic profiling changes could be explained as being associated with the conse-
quences of bicarbonate wasting caused by a complete substitution of the normal pancreatic
acinar tissue by tissue entirely composed of PanIN. Given the nature of the mouse model
used here, our results indicate that it may be possible to use NMR-based metabolic profiling
to identify biomarkers for detection of precancerous PanlIN that immediately precede pan-
creatic cancer.

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018

1/51


https://doi.org/10.1371/journal.pone.0200658
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0200658&domain=pdf&date_stamp=2018-07-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0200658&domain=pdf&date_stamp=2018-07-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0200658&domain=pdf&date_stamp=2018-07-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0200658&domain=pdf&date_stamp=2018-07-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0200658&domain=pdf&date_stamp=2018-07-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0200658&domain=pdf&date_stamp=2018-07-17
https://doi.org/10.1371/journal.pone.0200658
https://doi.org/10.1371/journal.pone.0200658
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.6084/m9.figshare.6768479
https://doi.org/10.6084/m9.figshare.6768479

@° PLOS | ONE

NMR-based metabolic profiling of a transgenic mouse model of pancreatic cancer

Program and the Miami University Doctoral
Undergraduate Opportunity for Scholarship
Program. The funders had no role in study design,
data collection and analysis, decision to publish, or
preparation of the manuscript.

Competing interests: The authors have declared
that no competing interests exist.

Introduction

Pancreatic cancer is the third leading cause of cancer related deaths in the United States with a
median survival time between four to six months and a five-year survival of about nine percent
[1-8]. Despite great advances in cancer treatment therapies, physicians and researchers remain
unable to detect pancreatic ductal adenocarcinoma (PDAC) in patients until the disease has
progressed to advanced stages. Pancreatic cancer occurs in exocrine tissue in nearly 95% of all
patients [9] and is usually asymptomatic until advanced stages of the disease [10, 11]. Surgical
resection of the tumor is rarely effective, although it provides the greatest chance of survival.

In the rare cases when the detected cancer is localized to the pancreas prior to metastasis,
removal of the tumor by resection can increase the 5-year survival rate to 25%-40% [12, 13].
Unfortunately, pancreatic cancer is usually advanced to the point that resection is not possible
at the time of diagnosis, which is the case in ~85% of patients [6, 14]. Current diagnostic meth-
ods are extremely invasive and no tests for early detection and diagnosis of pancreatic cancer
are dependable at this time [14, 15].

Metabolic profiling, also referred to as “metabonomics” [16], is still an emerging field of
research that can potentially be used to identify new metabolic biomarkers for early detection
of pancreatic cancer, and possibly even to detect precancerous PanIN. Metabonomics is based
on quantification and comparison of metabolite concentrations in biological samples, includ-
ing urine, blood, fecal extracts and tissue extracts, among others [17-27]. Comparison of meta-
bolic profiles of control and study populations can lead to the identification of potential
biomarkers for disease. Multiple signaling networks have been implicated in pancreatic cancer
[28], which underlies the potential for finding metabolic biomarkers associated with pancre-
atic cancer. Metabonomics has been used to search for novel metabolites in serum samples of
patients diagnosed with pancreatic cancer [29]. In that study, sera samples from healthy
patients, patients with pancreatic cancer, and patients with chronic pancreatitis could be dis-
tinguished using metabolic profiling. Urine and fecal extracts have also been shown to contain
potentially useful biomarkers for detection of pancreatic cancer [30].

In this study, NMR based metabonomics has been used to explore the potential of meta-
bolic profiling for identification of potential biomarkers for detection of precancerous pancre-
atic intraepithelial neoplasia (PanIN) that precede pancreatic cancer [4, 31-33]. The
transgenic Ptfla-Cre; LSL-KrasG12D mouse model used in this study has been extensively
characterized and shown to display extensive PanIN that eventually progress to PDAC [4, 31-
33]. The Ptfla-Cre; LSL-KrasG12D mouse model of pancreatic cancer is considered to recapit-
ulate important characteristics of human pancreatic cancer, including spontaneous pancreatic
tumor formation that is preceded by a precancerous PanIN stage [4, 31, 33]. Another common
feature is that mutations of the Kras gene are found in > 90% of human pancreatic adenocarci-
noma tumors [34-36] as well as in > 95% of PanINs have been reported to have Kras muta-
tions [37] and the Ptfla-Cre; LSL-KrasG12D mouse model was constructed to cause activation
of PanIN initiation and pancreatic tumor formation based on the introduction of the G12D
Kras mutation with activation restricted to expression in the pancreatic tissue [4], presumably
mimicking spontaneous somatic cell Kras mutations that occur in the initiation of human pan-
creatic cancer [28, 37]. Based on the genetic alterations common to both human pancreatic
cancer and in the Ptfla-Cre; LSL-KrasG12D mouse model, and based on the common pro-
gression through a precancerous PanIN phase that proceeds to prancreatic adenocarcinoma, it
is commonly assumed that the Ptfla-Cre; LSL-KrasG12D mouse strain is a good model for
what is observed in the human clinical scenario. Here, the Ptfla-Cre; LSL-KrasG12D mouse
model was used to enable NMR-based metabolic profiling of urine, fecal, serum, and pancre-
atic tissue samples from healthy mice and mice in different PanIN stages, plus 47 mice with
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pancreatic tumors. Changes in the metabolite concentrations detected in each biological sam-
ple group are listed, validated, interpreted, and discussed. The accuracy of biomarkers from
urine, serum and fecal extract samples for detection of precancerous PanIN and pancreatic
tumors is also discussed.

Materials and methods
Mouse care and use

The procedures described below and carried out in this study have been approved by the Insti-
tutional Animal Care and Use Committee (IACUC) at Miami University through protocol
numbers: 854 and 855. The protocols were approved by both the ethics committee and
IACUC of Miami University (Animal Welfare Assurance Number: D16-00100). All proce-
dures and dissections were conducted as previously described [32].

In-house breeding and experiments were conducted over a period of 36 months to enable
generation of the number of mice needed for each age category. Initial breeding mice were
acquired from the Jackson Laboratory (https://www.jax.org/strain/000664). After mice were
anesthetized using isoflurane, blood samples were collected using a terminal heart puncture
procedure followed by cervical dislocation to ensure euthanasia. Sacrifice dates were estab-
lished for each mouse based on date of birth and fulfillment of age categories from 5 to 16
months. Mice determined to be too sick to continue in the study prior to their established sac-
rifice dates were considered to have reached a humane endpoint and were immediately sacri-
ficed to minimize suffering and discomfort. A mouse was considered to have reached a
humane endpoint when it displayed abnormal inactivity, failure to intake food or water, severe
increase in body weight due to a large tumor, discomfort, excretion of diarrhea-like discharge
from the anal region, or displaying any abnormal features like exhibiting a dome head charac-
teristic, blindness, or malocclusion. Daily health monitoring of mice was conducted by the
Miami University’s Animal Resources and Care Facility. Researchers were notified if immedi-
ate action needed to be taken. Out of 1024 mice included in the study (as described below), 14
mice were euthanized prior to their established sacrifice dates and 44 mice were found dead
due to quick progression of the disease or other complications.

Mice breeding

Breeding pairs were established based on genotyping results described below. The KrasG12D
mouse strain, B6.129-Kras<tm4Tyj>, contained a mutated Kras gene encoding G12D-Kras
silenced by a Lox-Stop-Lox cassette. The Cre mouse strain, B6.Ptfla(tm1.1(cre)Cvw), con-
tained cre-recombinase introduced by a cre knockin at the Ptfla-p48 locus, that is primarily
expressed in the pancreas [4]. Crossbreeding KrasG12D mice with Ptfla-Cre mice resulted off-
spring that statistically consisted of 25% control mice (Ptfla“"LSL-Kras“'*""), 25% study
mice (Ptfla“"*;LSL-Kras®'*®*), and 50% of the mice that carried one of the two genes
(Ptf1a“"*/5LSL-Kras“'*P* and Ptf1a“"**;LSL-Kras“'*"""). Mice were continuously bred until
there were groups of 24 mice from both genders and at every month from 5 to 16 months of
age to ensure sufficient statistical power for metabolic profiling analysis.

Mouse genotyping

Ear punches were used to identify mice. Mice were restrained prior to ear clipping and ear
clippings were carried out using an animal ear-tag punch (Fisher Scientific, Hampton, NH).
Tissue obtained from ear punches was used to extract DNA for PCR-based genotyping of con-
trol and study mice. Tissue from the ear punches of the mice were stored at -80°C until
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performing the DNA extraction procedure. To extract DNA from the ear punch tissue sam-
ples, the tissue samples were transferred into a PCR tube, 25 pL of 25 mM NaOH/0.2 mM
EDTA solution was added to the tube, and then tubes were placed in the Gene Amp PCR Sys-
tem 9700 thermocycler at 94.0°C for an hour to release the DNA, and then the temperature
was returned to, and held at, 4°C when finished. After the DNA extraction cycle was complete,
25 uL mM of Tris-HCl solution was added to neutralize the pH in preparation for PCR ampli-
fication. A control PCR test was performed to ensure that DNA was present in the solution.
After confirmation of the presence of DNA, the PCR-based genotyping procedure was con-
ducted. The Kras and Cre primers were used according to the manufacturer’s protocols (The
Jackson Laboratory, Bar Harbor, ME) to probe for the presence of the Kras or Cre genes using
Gene Amp PCR System 9700 thermocycler. PCR amplification products were analyzed using
agarose gel electrophoresis to identify the presence or absence of mice containing the Kras
mutation, Cre-recombinase, and wildtype mice lacking both gene elements. An Alphalmager
(Alpha Innotech, San Leandro, CA) was used to visualize the amplified DNA on agarose gels
stained with ethidium bromide.

Histological analysis of tissue sections

Mice pancreata were examined histologically to allow comparison of normal tissue in the con-
trol mice with the presence and abundance of PanIN and tumor burden in the study mice.
Following dissection, pancreata were stored in formalin overnight and transferred to 70% eth-
anol. Tissues were processed using a Leica TP 1020 benchtop tissue processer (Leica Biosys-
tems, Buffalo Grove, IL, USA) and embedded using a Shandon Histocenter (Thermo Fisher
Scientific, Waltham, MA). Tissues were processed into 5 pum sections using a Thermo-Shan-
don Finesse ME Microtome (Thermo Fisher Scientific, Waltham, MA). Tissue sections were
stained with hematoxylin and eosin and images were taken using an Olympus AX70 Light
Microscope (Olympus, Tokyo, Japan) in the Center for Advanced Microscopy and Imaging at
Miami University.

Preparation of urine samples for metabolic profiling

Urine samples were collected using custom-built metabolism cages [17] designed to minimize
cross contamination of urine and feces. The metabolism cages contained a metal base that sup-
ported the mouse and an inverted sink strainer enclosed in a funnel below. When urine is
released, it flowed through the strainer and was collected into a container below containing
mineral oil, while the fecal samples fell to the sides of the inverted strainer. After 12 hours of
collection, the urine samples were separated from the mineral oil by pipet, placed into centri-
fuge tubes, and stored at -80°C. The samples were thawed and adjusted to pH 7.4 followed by
centrifugation at 10000 x g for 10 minutes at 4°C. 540 uL of processed urine was transferred
into new centrifuge tubes with 60 uL D,0O and 66 uL of PBS buffer containing 0.1% w/v
sodium azide and 1 mM trimethylsilylpropanoic acid (TSP). The mixture was centrifuged
again at 10000 x g for 10 minutes at 4°C and then transferred to a 5 mm NMR tube for NMR
analysis.

Preparation of serum samples for metabolic profiling

Serum samples were collected from female control and study mice from ages 5-, 11-, and
15-months. After mice were anesthetized using isoflurane, blood was collected from each
mouse at the time of pancreas removal with a 21G syringe via heart puncture [32]. Blood was
placed in an untreated centrifuge tube after removal and allowed to coagulate for 30 minutes.
The coagulated blood samples were then centrifuged to achieve separation and collection of
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sera. Sera samples were stored at -80°C until further use. In preparation for NMR analysis,
sera were thawed on ice and passed through a 3K filter (Thermo Fisher Scientific, Waltham,
MA USA) to remove protein and other larger molecular weight components. D,O containing
PBS buffer and 0.58 mM TSP as a chemical shift reference and concentration standard were
added to sera samples and the final prepared sera samples were placed into 3 mm NMR tubes
for NMR analysis.

Preparation of fecal extracts for metabolic profiling

The previously described metabolism cages were used to collect fecal samples from study and
control mice. Fecal samples were collected using sterilized forceps, placed into centrifuge
tubes, and stored at -80°C until processed. For each sample, 0.14 g of fecal sample was added
to a 1:7 (fecal to water) ratio of deionized water and vortexed for 10 minutes. The mixtures
were centrifuged for 10 minutes at 15,000 x g at 4°C. Supernatants were transferred to new
centrifuge tubes by pipette, pH adjusted to 7.4, and centrifuged again. 540 pl of fecal extract
supernatant were removed and added to 60 pL D20 and 66 uL of PBS buffer, containing 0.1%
w/v sodium azide and 1 mM TSP. The pH was measured again and, if needed, adjusted to 7.4
then centrifuged again. 600 pl of final process sample was transferred to a 5 mm NMR tube for
NMR analysis.

Preparation of pancreatic tissues and pancreatic tumors for metabolic
profiling

After pancreas removal at the time of dissection, a 0.14 g section was taken, placed into a cen-
trifuge tube and snap frozen in liquid nitrogen. Tissues were stored at -80°C until further use.
In preparation for NMR analysis, tissues were transferred into tubes prefilled with ceramic
beads (Precellys, Ann Arbor, MI) and 4 ml/g cold methanol and 0.85ml/g cold deionized
water was added to the tube. The tubes were placed in the Precellys 24 Lysis and Homogeniza-
tion system (Precellys, Ann Arbor, MI) with an attached Cryolys temperature controller and
samples were homogenized at 6400 rpm for 20 seconds separated by a 30 second break.
Homogenates were transferred into new centrifuge tubes and 4 mL/g chloroform and 4.4 mL/
g deionized water added. Mixtures were vortexed for 60 seconds and set on ice for 10 minutes
to allow partitioning. Samples were centrifuged for 20 minutes at 17,949 x g allowing separa-
tion of hydrophilic (top) and lipophilic (bottom) layers separated by a precipitated protein
layer. Hydrophilic and lipophilic layers were isolated and placed into new separate centrifuge
tubes. Hydrophilic layers were dried by lyophilization and lipophilic layers were placed into a
ventilated cold room until dry. To prepare for NMR analysis, 450 uL of deionized water and
50 uL PBS was added to the dry hydrophilic sample and placed into a 5 mm NMR tube con-
taining 0.58 mM TSP. Lipophilic samples were stored at -80°C for later use.

NMR data collection

NMR data for all samples were collected on a Bruker AVANCE at 600 MHz using Topspin 3.2.
(Bruker Biospin, Billerica, MA USA). Standard 1D 'H presaturation (ZGPR), a 1D 'H
NOESY, and a 1D "H CPMG NMR experiments all collected at 298 K using a spectral width of
20.0 ppm. The ZGPR experiment was collected for every sample to ensure that the presatura-
tion and shimming were sufficient. To ensure acceptable shimming for each sample, the line-
width of the internal TSP standard added to every sample was monitored. Shimming was
considered acceptable when the TSP peak’s full width at half height was below 0.9 Hz. The
ZGPR was collected using 8 transients with 2 dummy scans at 65 K points per spectrum for
2.73 seconds with 0.30 Hz line broadening. Once the shimming was judged to be acceptable,
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the other two experiments were collected. The 1D 1* increment of the "H NOESY was col-
lected using 64 transients with 4 dummy scans at 65 K points per spectrum using 2.73 seconds
of acquisition time and apodized with 0.30 Hz line broadening. The CPMG experiment was
collected to obtain high quality NMR spectra of metabolites free from the interference of
broad peaks of any high molecular weight molecules. CPMG spectra were collected using 64
transients with 4 dummy scans at 65 K points per spectrum for 2.66 seconds acquisition time
with 0.30 Hz line broadening.

Statistical significance analysis

NMR spectra were processed, phase adjusted, baseline corrected, and the internal TSP refer-
ence peak set to 0.0 ppm using Topspin 3.2. (Bruker Biospin, Billerica, MA USA). Spectra were
manually bucketed using the AMIX software package (Bruker Biospin, Billerica, MA USA).
All discernable peaks were individually bucketed to generate bucket tables containing peak
areas. The bucket tables were exported to excel for further statistical analysis. A Welch’s t-test
was used to determine statistically significant differences between buckets of control and study
groups. A critical alpha value of 0.5 was used as the most generous level of significance testing.
In addition, a Bonferroni correction to the critical alpha value was used to define the most con-
servative value for significance testing [38]. The Bonferroni correction was applied by dividing
the uncorrected critical alpha value by the number of NMR peaks that were included in the
bucket table, used for both statistical significance testing and the subsequent PCA and PLS-DA
described below. The proper correction to the critical alpha value for multiple testing is com-
plicated in the case of NMR metabolic profiling analysis since the Bonferroni correction
assumes that all of the significance tests are independent, whereas the intensities of multiple
peaks that belong to the same metabolite will behave in a dependent manner, thus decreasing
the Bonferroni correction factor below the number of NMR peaks being considered from the
same dataset. Therefore, the results are discussed both in terms of their significance relevant to
the uncorrected critical alpha value and the Bonferroni corrective alpha value, that will be too
conservative since many of the metabolites have multiple resonances that will behave in a
dependent manner, thus violating the underlying assumption of the Bonferroni correction.
Principal component analysis (PCA) was used to visualize global differences between control
and study groups through analysis of the scores and loading plots. An F-test was used to deter-
mine if cluster separations in PCA scores plots between control vs. study populations were sig-
nificantly different [39]. PCA loadings plots combined with statistical analysis were used to
quantify the statistical significance of differences in metabolic profiles [38]. Partial least
squares—discriminant analysis (PLS-DA) was conducted using the SIMCA-P software pack-
age (Umetrics, Sartorious Stedim, Sweden). R? values, measures of quality of the model fit, and
Q* values, measure of predictive power the data, were reported for each analysis [40].

Volcano plot analyses

The volcano plots were made using R Project for Statistical Computing (R). The calibrate soft-
ware package within R allowed for labeling of values within the plot. Volcano plots allow for
the easy identity of changes within datasets by plotting significance vs. fold change. In these
plots, the unknown peaks that were significant by either p-value or VIP number were included.
Values with both a significant p-value and fold change of over 1 were labeled and colored dif-
ferently to from other values. Values with a significant p-value were colored differently from
other values, but not labeled. Volcano plots were made for each biological sample and are
shown in the results section.
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Metabolite identification

ChenomX Profiler (Edmonton, Alberta, CA) (https://www.chenomx.com/about/) was used to
identify peaks with statistically significant differences between groups. Metabolite identifica-
tions were confirmed using the Biological Magnetic Resonance Data Bank (BMRB) [41] and
the Human Metabolome Database (HMDB) [42-45]. If a metabolite was considered to be
present in the spectra, a concentration was recorded and identity was further confirmed using
2D spectra and ranked according to an ordinal ranking system developed in our laboratory
[46]. The ranking system can be used to assign confidence levels to all metabolite identifica-
tions. The rank levels range from 1 to 5, with 1 being the lowest confidence and 5 being the
highest confidence in the metabolite identification. Assignment of rank levels of confidence to
metabolite identifications is guided by a detailed decision tree as previously described [46].

Pathway analysis

The MetaboAnalyst 3.0 software package [47-51] (www.metaboanalyst.ca) was used to investi-
gate the pathways implicated by the identified metabolites. Metabolome view plots were gener-
ated to allow identification and analysis of the most significantly impacted pathways [50, 52].

ROC analyses

The area under the curve of the receiver operating characteristic (AUROC) was conducted
using the MetaboAnalyst 3.0 software suite (www.metaboanalyst.ca). All spectra were
uploaded into the database and all peaks, identified and unidentified, were analyzed. The
receiver operating characteristic (ROC) analysis allows for the measurement of sensitivity (the
true positive rate) and specificity (the true negative rate) of the putative biomarker. In addition,
the AUROC, which measures the area under the curve for a plot of the sensitivity versus the
false positive rate (i.e. 1 —specificity), defines the accuracy of a putative biomarker. The AUC is
a single number between 0-1, with a value of 0.5 indicating no better accuracy than a random
prediction and values approaching a value of 1 indicating a near perfect biomarker with 100%
sensitivity and 0% false positive rate.

Heat map generation

Heat maps were generated using Excel. The shading intensity of the cells was based on the p-val-
ues and VIP scores for a given metabolite calculated in the following way. If a fold change was
positive, then the shading was a function of -Log(p) + VIP. The maximum value of -Log(p)

+ VIP was set as the upper limit for the shading gradient. The minimum of the shading gradient
was set as -Log(0.05) + 1.0 = 2.3. This sum was based on the critical o-value used to determine a
significant p-value and the threshold of a VIP score = 1. Sums of -Log(p) + VIP < 2.3 were not
shaded. If the fold change was negative, then the shading was a function of +Log(p)—VIP. The
lower limit for shading for negative fold changes using this algorithm was -2.3. Red shading
indicated a study/control fold change greater than 1, i.e. the metabolite concentration was
higher in the study group, and these values were reported as positive fold changes. Blue shading
indicated a study/control fold change less than 1, i.e. the metabolite concentration was higher in
the control group, and these values were reported as negative fold changes.

Results and discussion
Genotyping analysis

Mice of the KrasG12D mouse strain, B6.129-Kras<tm4Tyj>, that contained a mutated Kras
gene were bred with mice of the Cre mouse strain, B6.Ptfla(tm1.1(cre)Cvw), that contained
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cre-recombinase at the Ptfla-p48 locus. By crossbreeding these two strains of mice, three types
of pups were produced, mice positive for both (Ptf1a“"*;LSL-Kras“'*"'*), mice negative

for both (Ptf1la“"*/;LSL-Kras“'*""), and mice positive for one or the other (Ptf1a“"'*;LSL-
Kras®'*P" or Ptf1a“"*/5LSL-Kras“'?”/"). Fig 1 shows an example of an ethidium bromide
stained agarose gel used to determine the genotyping of offspring. A control gel was run to
ensure that DNA was successfully extracted from the ear clipping (Fig 1A). For each lane for
which the presence of genomic DNA was confirmed, it was then possible to interpret the PCR
results probing for the presence of either the LSL-KrasG12D mutation (Fig 1B) or the Ptfla-
Cre knock-in (Fig 1C). For example, when a sample was positive for both KrasG12D and
Ptfla-Cre (lane 1, Fig 1B and 1C) the mouse was determined to be a study mouse (Ptf1 aCre’,
LSL-Kras®'*P’*). When the sample was negative for both KrasG12D and Ptfla-Cre (lane 2,
Fig 1B and 1C) the mouse was determined to be a control mouse (Ptf1a“";LSL-Kras®2P").
When the sample was positive for Ptfla-Cre but negative for KrasG12D (lane 3, Fig 1B and
1C) the mouse was determined to be a (Ptf1a®**;LSL-Kras®!?P") breeding mouse. Finally,
when the sample was positive for KrasG12D but negative for Ptfla-Cre (lane 3, Fig 1B and
1C), the mouse was determined to be a (Ptf1a“™;LSL-Kras®'*/") breeding mouse. Just over
3,200 mice were genotyped to identify ~512 male and female study mice (Ptf1la“"/*;LSL-
Kras®'?P’*), ~512 male and female control mice (Ptf1a®™;LSL-Kras®'?"""), and ~1024 mice
that carried one or the other gene modification (Ptf1a“"*;LSL-Kras®'*"" or Ptf1a“"*’;
LSL-Kras®'*P"*) that were used for further breeding.

Histological analyses of pancreas tissue sections

Histological analysis was used to characterize pancreas tissue in both healthy control mice and
in study mice. Representative histology images of a normal healthy pancreas obtained from a
female control mouse are shown in Fig 2 illustrating normal acinar tissue (Ac), islets (Is), pan-
creatic ducts (Pd) and blood vessels (Bv). Representative sections are shown at low magnifica-
tion (Fig 2A) and increasing magnification in Fig 2B-2E. Histology sections were analyzed to
determine the extent of PanIN present in study mice. Representative histology sections from a
15-month old female study mouse are shown in Fig 3. At low magnification (Fig 3A), it can be
seen that virtually the entire pancreas tissue has been transformed by a process of acinar-to-duc-
tal metaplasia that results in effectively complete replacement of normal acinar tissue with
PanIN (Pin). With increasing magnification, one can look more closely at the cellular organiza-
tion of the PanIN (Fig 3B-3E). As expected, the PanIN burden on the pancreatic tissue
increased dramatically with age, with pancreatic tissue from 5-month old study mice showed
the lowest PanIN burden (typically on the order of 25% of the total tissue) and was mostly com-
posed of normal acinar tissue, the pancreatic tissue from 11-month old mice showed increased
PanIN (typically on the order of 65% of the total tissue) compared to 5-month mice with a
decrease in the amount of normal acinar tissue, and the 15 month mice pancreatic tissue consis-
tently exhibited almost completely transitioned PanIN tissue (typically near 100% of the total
tissue) with very minimal amounts of normal acinar tissue, as can be seen in Fig 3A. Histology
images for the other gender and age categories can be seen in Figures A-J in S1 File. Histological
analysis was also used as an independent method to ensure that no mice were misidentified due
to a genotyping error and mistakenly misclassified either into the control or study groups.

Metabolic profiling analysis of urine samples from precancerous 15-month
old male control and study mice

Representative 1D 1H NMR spectra of 15-month old male control and study mice are shown
in Figure K in S1 File. NMR spectra of 15-month old male control and study mice urine
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Fig 1. Example of ethidium bromide stained agarose gels used for genotyping. (A) Control gel to ensure DNA was
present. (B) Gel screening for the LSL-KrasG12D mutation at 550 bp. (C) Gel screening for the Ptfla-Cre knock-in at
250 bp.

https://doi.org/10.1371/journal.pone.0200658.9001
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Fig 2. Representative hematoxylin and eosin stained images from a 15-month old female control mouse.
Magnification of the images are at (A) 4X, (B) 10X, (C) 20X, (D) 40X and (E) 60X. Length bars are included in each

image as a guide. Pancreas structures are labeled as follows: normal acinar tissue (Ac), islets of Langerhans (Is),
pancreatic duct (Pd), blood vessel (Bv), attached spleen (Sp).

https://doi.org/10.1371/journal.pone.0200658.9002

samples did not separate into distinct clusters in the PCA scores plot (Mahalanobis dis-
tance = 0.77, F-statistic = 3.05, F-critical = 3.24) (Figure L in S1 File). Statistical significance
indicated 276 potentially significant buckets based on p-values < 0.05 43 of which could be
identified and 18 buckets significant based on a Bonferroni-corrected alpha value = 1.03E-4,
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Fig 3. Representative hematoxylin and eosin stained images from a 15-month old female study mouse.
Magnification of the images are at (A) 4X, (B) 10X, (C) 20X, (D) 40X and (E) 60X. Length bars are included in each
image as a guide. The following structures are labeled in the images: PanIN (Pin) and islets (Is).

https://doi.org/10.1371/journal.pone.0200658.9g003

five of which could be identified. Potentially significant metabolites included 2-oxoglutarate,
3-indoxylsulfate, benzoate, citrate, creatinine, fructose, glucose, hippuric acid, methylamine,
taurine, and trans-aconitate. PLS-DA of 15-month old male control and study mice produced
a scores plot (Fig 4A) in which group separation was statistically significant (Mahalanobis dis-
tance = 1.93, F-statistic = 19.0, F-critical = 3.24). Cross-validation of the PLS-DA model using
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Fig 4. PLS-DA of urine samples obtained from 15-month old male control and study mice. (A) PLS-DA scores plot
calculated using the first two principal components. The blue points indicate the control mice and the red points indicate
the study mice. (B) Plot of R?Y and Q for the first three principal components. The green bars indicate the accumulated
R?Y values and the blue bars indicated the accumulated Q? values.

https://doi.org/10.1371/journal.pone.0200658.g004

three principal components yielded R* = 0.68 indicating good fit with the model, and Q* =
0.43, indicating weak predictive capability (Fig 4B). PLS-DA yielded 208 significant buckets
based on a VIP score > 1, 43 of which were identified. Significant metabolites based on VIP
scores > 1 included 2-oxoglutarate, 3-indoxylsulfate, benzoate, creatine, creatinine, fructose,
glucose, hippuric acid, methylamine, taurine, trans-aconitate, and trigonelline. Concentrations
and fold changes for the metabolites are reported in Table 1. Potentially important buckets
that could not be identified were evaluated using volcano plot analysis (Fig 5A). Buckets with
p-values < 0.05 and fold changes greater than 2-fold, i.e. a log, (fold change) > 1 are colored
green in Fig 5A and listed in Table 2. Buckets with p-values < 0.05 but less than a two-fold
changes were colored red in Fig 5A and listed in Table A in S2 File. Intensity distribution plots
for the two most significant buckets are shown in Figure M in S1 File.

Metabolic profiling analysis of urine samples from precancerous 15-month
old female control and study mice

Representative 'H NMR CPMG spectra of urine from 15-month control and study female
mice are shown in Figure N in S1 File. Female control and study mice did not separate into
distinct clusters in the PCA scores plot (Mahalanobis distance = 0.081, F-Statistic = 0.034,
F-Critical = 3.24) (Figure O in S1 File). Statistical significance analysis indicated 30 buckets
significant based on a p-value < 0.05, 16 of which could be identified, but none were signifi-
cant based on a Bonferroni-corrected alpha value = 1.03E-4. Potentially significant metabolites
based on a p-value < 0.05 included 3-indoxylsulfate, benzoate, citrate, creatinine, and hippuric
acid. PLS-DA produced a scores plot (Figure P in S1 File) in which group separation was statis-
tically significant (Mahalanobis distance = 2.14, F-statistic = 23.41, F-critical of 3.24. Cross-val-
idation of the PLS-DA model yielded R* = 0.74 indicating good data agreement with the
model, and Q* = 0.46, indicating weak model predictive power (Figure P in S1 File). PLS-DA
analysis yielded 208 buckets with VIP scores > 1 (Figure P in S1 File) from which 21 metabo-
lites could be identified including benzoate, citrate, creatine, fructose, hippuric acid, pseudour-
idine, and trigonelline. Concentrations and fold changes for significant metabolites based
either on p-values or VIP scores are reported in Table 3. Potential importance of buckets that
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Table 1. Significant metabolites identified in urine samples from precancerous 15-month old male study mice.

ppm

VIP

p-value

Identification

Rank

Control Concentration mM (StDev)

Study Concentration mM (StDev)

Fold Change (Error)

AUC

2.446 | 1.29 | 9.20E-01 | 2-oxoglutarate 19.69 (24.74) 14.06 (15.21) 4 -1.03 (1.77) 0.54
2435 | 1.28 | 8.53E-01 | 2-oxoglutarate 19.69 (24.74) 14.06 (15.21) 4 -1.05 (1.70) 0.58
2426 | 0.97 | 4.19E-03 | 2-oxoglutarate 19.69 (24.74) 14.06 (15.21) 4 -1.36 (0.40) 0.74
2982 | 0.96 | 2.17E-03 | 2-oxoglutarate 19.69 (24.74) 14.06 (15.21) 4 -1.43 (0.41) 0.78
2.42 0.90 | 8.64E-03 | 2-oxoglutarate 19.69 (24.74) 14.06 (15.21) 4 -1.50 (0.37) 0.73
3.543 1.18 | 2.40E-01 fructose 60.31 (105.51) 113.76 (195.19) 2 1.48 (2.27) 0.52
4.124 | 1.17 | 2.10E-02 fructose 60.31 (105.51) 113.76 (195.19) 2 4.98 (9.63) 0.68
3.814 | 1.15 | 2.50E-02 fructose 60.31 (105.51) 113.76 (195.19) 2 4.97 (10.36) 0.65
3.554 | 1.15 | 4.65E-02 fructose 60.31 (105.51) 113.76 (195.19) 2 4.19 (9.29) 0.57
3.896 | 1.15 | 2.83E-02 fructose 60.31 (105.51) 113.76 (195.19) 2 4.99 (10.38) 0.60
3.789 1.15 | 3.40E-02 fructose 60.31 (105.51) 113.76 (195.19) 2 3.91 (9.02) 0.57
3.779 1.14 | 4.95E-02 fructose 60.31 (105.51) 113.76 (195.19) 2 2.35 (5.69) 0.54
3.549 | 1.12 | 2.95E-02 fructose 60.31 (105.51) 113.76 (195.19) 2 4.76 (28.35) 0.52
4.107 | 1.11 | 6.22E-02 fructose 60.31 (105.51) 113.76 (195.19) 2 1.62 (3.47) 0.59

4.041 2.60E-02 8.19 (6.38) 7.4 (5.28) 4.47 (9.10)

1.329 1.18E-01 1.85 (1.10) 5.26 (9.21) 1.78 (7.84)

(Continued)
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Table 1. (Continued)

ppm | VIP | p-value | Identification Rank AUC

Control Concentration mM (StDev) | Study Concentration mM (StDev) Fold Change (Error)

https://doi.org/10.1371/journal.pone.0200658.t001

could not be identified was evaluated using volcano plot analysis (Fig 5B). Buckets that had p-
values < 0.05 and fold changes greater than 2 are highlighted (colored green) in Fig 5B and
listed in Table 4. Buckets that had a p-value < 0.05 but less than a two-fold changes are colored
red in Fig 5B. Unidentified buckets indicated in Fig 5B are listed in Table B in S2 File. Inten-
sity distribution plots for the two most significant buckets are shown in Figure Q in SI File.
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Fig 5. Volcano plot analysis of unidentified buckets in urine samples from 15-month male study mice. The
volcano plots are presented (A) male and (B) female sample analysis. Buckets are plotted as points with the Log,(Fold
Change) along the x-axis and -Log(p-value) along the y-axis. Buckets with |Log,(Fold Change)|>1 and -Log(p-value)
>1.3, ie. p <0.05, are colored green. Buckets with |Log,(Fold Change)|<1 and -Log(p-value) >1.3, i.e. p <0.05, are
colored red.

https://doi.org/10.1371/journal.pone.0200658.9005
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Table 2. Significant unassigned buckets identified from the volcano plot analysis of urine samples from precan-
cerous 15-month old male study mice.

VvIP p-value Fold Change (Error) AUC

https://doi.org/10.1371/journal.pone.0200658.t002

Metabolic profiling analysis of urine samples collected from male and
female mice with pancreatic tumors

Urine samples were collected from 17 male and 25 female mice with pancreatic tumors.
Urine samples from an equal number of gender matched male and female control mice were
selected as control samples. PLS-DA produced a scores plot (Fig 6A) in which group separa-
tion was statistically significant (Mahalanobis distance = 1.87, F-statistic = 24.23, F-criti-

cal = 3.15). Cross-validation of the PLS-DA model using three principal components yielded
R? = 0.62 indicating good fit with the model, and Q* = 0.37, indicating weak predictive capa-
bility (Fig 6B). Significant metabolites based on VIP scores > 1 included 3-indoxylsulfate,
benzoate, fructose, glucose, creatinine, taurine, citrate, trigonelline, pseudouridine, 2-oxo-
glutarate, and creatine. Concentrations and fold changes for the metabolites are reported in
Table 5. Potentially important buckets that could not be identified were evaluated using vol-
cano plot analysis. Buckets with p-values < 0.05 and fold changes greater than 2-fold are
listed in Table 6.
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Table 3. Significant metabolites identified in urine samples from precancerous 15-month old female study mice.

ppm | VIP | p-value Identification Control Concentration mM (StDev) | Study Concentration mM(StDev) | Rank | Fold Change (Error) | AUC
3967 @ 2.10 1.35E-03 hippuric acid 58.48 (85.43) 176.34 (173.51) 5 1.25 (0.36) 0.77
7.643 | 2.01 | 1.93E-03 hippuric acid 58.48 (85.43) 176.34 (173.51) 5 1.24 (0.38) 0.77
7.838 | 2.00 | 2.18E-03 hippuric acid 58.48 (85.43) 176.34 (173.51) 5 1.24 (0.38) 0.77
7.556 | 1.94 | 3.79E-03 hippuric acid 58.48 (85.43) 176.34 (173.51) 5 1.23 (0.40) 0.77
7.630 | 1.77 | 1.46E-02 hippuric acid 58.48 (85.43) 176.34 (173.51) 5 1.21 (0.51) 0.76
7.590 | 1.54 | 3.56E-02 hippuric acid 58.48 (85.43) 176.34 (173.51) 5 1.19 (0.49) 0.67
3961 | 1.43 | 6.36E-02 hippuric acid 58.48 (85.43) 176.34 (173.51) 5 1.14 (0.24) 0.68
7.699 1.69 8.88E-03  3-indoxylsulfate 6.08 (7.38) 5.92 (9.16) 2 -1.34 (0.24) 0.75
7.282 1.64 7.23E-03  3-indoxylsulfate 6.08 (7.38) 5.92 (9.16) 2 -1.46 (0.43) 0.76
7.207 1.62 7.89E-03  3-indoxylsulfate 6.08 (7.38) 5.92 (9.16) 2 -1.49 (0.52) 0.76
7271 151 1.63E-02 3-indoxylsulfate 6.08 (7.38) 5.92 (9.16) 2 -1.35 (0.52) 0.75
4.107 1.65 1.13E-01 fructose 64.41 (105.05) 153.81 (209.16) 2 1.15(0.33) 0.70
3.543 1.19 6.90E-01 fructose 64.41 (105.05) 153.81 (209.16) 2 1.07 (0.35) 0.69
2.684 | 1.19 | 2.95E-01 citrate 25.50 (50.32) 74.97 (212.80) 5 -1.84 (3.62) 0.59
2.535 | 1.19 | 2.85E-01 citrate 25.50 (50.32) 74.97 (212.80) 5 -1.87 (3.42) 0.59
2.563 | 1.18 | 2.89E-01 citrate 25.50 (50.32) 74.97 (212.80) -1.98 (3.54)

9.19E-01

creatinine

19.58 (22.26)

33.96 (39.53)

https://doi.org/10.1371/journal.pone.0200658.t003

ROC analysis of potential urinary biomarkers distinguishing control and
study groups from precancerous 15-month old male and female mice and
mice with pancreatic tumors

The accuracy of the potential urinary biomarkers for distinguishing between control and pre-
cancerous 15-month old study mice was evaluated using area under the receiver operator char-
acteristic (AUROC) curve analysis (Tables 1 and 3). Inspection of the AUCs listed in Tables 1
and 3 indicated that some of the most significant metabolites that distinguished between con-
trol mice and 15-month old precancerous study mice based on p-value and PLS-DA VIP
scores were common to both male and female mice, and that some of these metabolites had
very high AUC values as well. For example, 3-indoxylsulfate was the most significant metabo-
lite identified in the male group comparison by both p-value and VIP score (Table 1), and it
also had 2" highest accuracy with an AUC value of 90%. 3-indoxylsulfate was also the 2™
most significant metabolite identified in the female group of mice and had the highest accuracy
of 75% (Table 3). As another example, benzoate was the highest accuracy urine biomarker in
the male group with an accuracy of 91%, which corresponded to the 2% most significant
metabolite by p-value (Table 1), and benzoate was the 3" highest accuracy biomarker in the
female group at 74%. In addition to the identified metabolites, there were 11 unidentified
peaks in the male group comparison that had accuracies >85% (Table 2), however none of the
unidentified metabolites in the female groups comparison had an accuracy > 73.9% (Table 4).
Evaluation of the urine obtained from mice with pancreatic tumors yielded very similar
results. For example, 3-indoxylsulfate was again the most significant urinary metabolite distin-
guishing between healthy control mice and mice with pancreatic tumors based on VIP scores,
p-values and accuracy followed by benzoate (Table 5), which was consistent with the results
from the comparisons made with precancerous 15-month old mice. It is important to note
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Table 4. Significant unassigned buckets identified from the volcano plot analysis of urine samples from precan-
cerous 15-month old female study mice.

VIP p-value Fold Change (Error) AUC

https://doi.org/10.1371/journal.pone.0200658.t004

that the urine samples obtained from the mice with pancreatic tumors were analyzed
completely independently from the urines of the precancerous 15-month old mice, and yet the
list of significant metabolites distinguishing between the healthy controls and mice with pan-
creatic tumors was essentially identical.

Metabolic profiling of serum samples from precancerous 15-month old
female control and study mice

Representative 'H NMR spectra of sera samples from a control mouse and a study mouse in
the 15-month age group are shown in Figure R in S1 File. Analysis of the PCA scores plot
(Figure S in S1 File) indicated that the NMR spectra of the control mice and the diseased mice
did not separate into statistically distinct clusters (Mahalanobis distance = 0.24, F-statis-

tic = 0.26, F-critical of 3.24). Statistical significance analysis indicated 22 buckets with p< 0.05
out of 64 binned), 11 of which were significant by the Bonferroni corrected alpha value of
2.09E-4. Significant compounds included 1,3-dihydroxyacetone, choline, citrate, glucose,
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Fig 6. PLS-DA of urine samples from male and female mice with pancreatic tumors. (A) PLS-DA scores plot
calculated using the first two principal components. The blue points indicate the control mice and the red points
indicate the study mice. (B) Plot of R*Y and Q? for the first three principal components. The green bars indicate the
accumulated R?Y values and the blue bars indicated the accumulated Q? values.

https://doi.org/10.1371/journal.pone.0200658.g006

glycerol, lactate, and pyruvate. PLS-DA produced a scores plot with statistically significant
group separation (Mahalanobis distance = 4.31, F-statistic = 83.5, F-critical = 3.2) (Fig 7A).
PLS-DA cross-validation (40) indicated excellent goodness of fit (R? = 0.867) and moderate
predictive power (Q*=0.508) (Fig 7B). 78 buckets had VIP scores > 1 from which 23 metabo-
lites were identified. These compounds included 1,3-dihydroxyacetone, choline, citrate, glu-
cose, glycerol, lactate, and pyruvate. These metabolite concentration and fold changes are
reported in Table 7. Potential importance of buckets that could not be identified was evaluated
using volcano plot analysis (Figure T in S1 File). Buckets that had p-values < 0.05 and fold
changes greater than two are highlighted (colored green) in Figure T in S1 File and listed in
Table 8. Buckets that had a p-value < 0.05 but less than a two-fold changes are colored red in
Figure T in S1 File and are listed in Table C in S2 File. Bucket intensity distribution plots for
the two most significant buckets are shown in Figure U in S1 File. The most significant bucket,
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Table 5. Significant metabolites identified in urine samples from male and female mice containing pancreatic tumors.

ppm |VIP | p-value Identification | Control Concentration mM (StDev) | Study Concentration mM (StDev) | Rank |Fold Change(Error) | AUC

4124 | 1.31 | 2.76E-02 fructose 62.36 (105.28) 159.9 (330.10) 2 2.52 (6.77) 0.74
3.896 | 1.30 | 3.31E-02 fructose 62.36 (105.28) 159.9 (330.10) 2 2.75(8.17) 0.73
3.814 | 1.30 | 2.76E-02 fructose 62.36 (105.28) 159.9 (330.10) 2 2.62 (7.72) 0.73
3.779 | 1.30 | 4.27E-02 fructose 62.36 (105.28) 159.9 (330.10) 2 1.75 (4.21) 0.68
4.107 | 1.25 | 1.70E-02 fructose 62.36 (105.28) 159.9 (330.10) 2 1.39 (2.19) 0.68
3.789 | 1.29 | 3.90E-02 fructose 62.36 (105.28) 159.9 (330.10) 2 2.45 (8.20) 0.66
3.554 | 1.28 | 6.56E-02 fructose 62.36 (105.28) 159.9 (330.10) 2 2.50 (7.91) 0.65
3.543 | 1.20 | 2.72E-01 fructose 62.36 (105.28) 159.9 (330.10) 2 1.24 (1.45) 0.59
3.549 | 1.24 | 2.67E-02 fructose 62.36 (105.28) 159.9 (330.10) 2 2.63 (17.95) 0.58

4.08E-02 taurine 62.69 (45.49) 118.03 (183.04) 3.30 (10.24)
2.25E-02 taurine 62.69 (45.49) 118.03 (183.04) 2.53 (6.72)

https://doi.org/10.1371/journal.pone.0200658.t005

which corresponded to an unidentified metabolite (Figure U in S1 File), had a p-value equal to
1.71 x10°°. The mean intensity of the control group occurred just outside the 95% confidence
interval of the study group. The second most significant bucket (Figure U in S1 File) belonged
to choline and had a p-value equal to 1.22 x10™, This bucket intensity distribution of the con-
trol group again was slightly outside the 95% confidence interval of the study group.
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Table 6. Significant unassigned buckets identified from the volcano plot analysis of urine samples from male and female mice with pancreatic tumors.

https://doi.org/10.1371/journal.pone.0200658.t006

Metabolic profiling of serum samples from precancerous 15-month old
male control and study mice

The serum samples of the 15-month old study mice were reserved for proteomics analysis and
were not subjected to metabolic profiling analysis.
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Fig 7. PLS-DA of serum samples from precancerous 15-month old female control and study mice. (A) PLS-DA scores plot
calculated using the first two principal components. The blue points indicate the control mice and the red points indicate the
study mice. (B) Plot of R*Y and Q for the first three principal components. The green bars indicate the accumulated R*Y values
and the blue bars indicated the accumulated Q values.

https://doi.org/10.1371/journal.pone.0200658.9g007
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Table 7. Significant metabolites identified from serum samples from precancerous 15-month old female study mice.

ppm | VIP | p-value Identification Control Concentration mM (StDev) | Study Concentration mM (StDev) | Rank | Fold Change (Error) | AUC
3.522 | 2.37 | 9.44E-07 glucose 88.33 (19.58) 74.79 (26.31) 4 -1.54 (0.27) 0.91
3.380 | 1.47 | 6.71E-03 glucose 88.33 (19.58) 74.79 (26.31) 4 -1.93 (0.24) 0.71
3.398 | 1.12 | 4.62E-02 glucose 88.33 (19.58) 74.79 (26.31) 4 -1.44 (0.27) 0.67
4.073 | 2.21 | 1.34E-05 choline 5.44 (2.30) 0.76 (0.30) 2 -1.52 (0.17) 0.89
4.065 | 2.09 @ 4.94E-05 choline 5.44 (2.30) 0.76 (0.30) 2 -1.43 (0.17) 0.85
4.077 2.12 3.38E-05 lactate 182.09 (32.99) 169.34 (26.46) 4 -1.54 (0.16) 0.88
4.081 1.82 4.33E-04 lactate 182.09 (32.99) 169.34 (26.46) 4 -1.38 (0.18) 0.84
2.555 | 1.76 = 5.84E-04 citrate 2.12 (0.36) 2.46 (0.62) 2 1.33 (0.77) 0.85
4.426 | 1.25 | 4.18E-02 | 1,3-dihydroxyacetone 0.43 (0.45) 0.18 (0.12) 1 -2.18 (0.31) 0.65
2.359 | 1.21 | 4.00E-02 pyruvate 4.06 (0.99) 3.95 (1.06) 1 -1.31 (0.21) 0.67
3.572 | 1.13 | 4.02E-02 glycerol 23.01 (4.78) 5.11 (0.87) 4 -1.15 (0.17) 0.68

https://doi.org/10.1371/journal.pone.0200658.t007

Metabolic profiling of serum samples collected from mice with pancreatic
tumors

Sera samples were collected from 20 male and 27 female mice with pancreatic tumors. Sera
samples from an equal number of gender matched male and female control mice were selected
as control samples. PLS-DA produced a scores plot (Fig 8A) in which group separation was
statistically significant (Mahalanobis distance = 3.45, F-statistic = 85.06, F-critical = 3.14).
Cross-validation of the PLS-DA model using three principal components yielded R* = 0.81
indicating excellent fit with the model, and Q* = 0.51, indicating moderate predictive capabil-
ity (Fig 8B). Significant metabolites based on VIP scores > 1 included glucose, glycerol, lactate,
choline and citrate. Concentrations and fold changes for the metabolites are reported in

Table 9. Potentially important buckets that could not be identified were evaluated using vol-
cano plot analysis. Buckets with p-values < 0.05 and fold changes greater than 2-fold, are listed
in Table 10.

ROC analysis of 15-month female serum samples and serum samples
obtained from mice with pancreatic tumors

Four metabolites stood out as having promising accuracy for distinguishing between the con-
trol and study groups. At the top of the list was increased glucose, which had VIP scores as
high as 2.37, p-values as low as 9.44E-07, and an accuracy of 91%. Next in line was choline, for
which all its peaks had VIP scores > 2, p-values on the order of 107, and accuracies between
85 and 90%. Lactate was also promising with VIP scores ranging from 1.8 to 2.1, p-values rang-
ing from 10~* to 107>, and accuracies ranging from 84 to 88%. Finally, citrate was also

Table 8. Significant unassigned buckets identified from the volcano plot analysis of serum samples from the pre-
cancerous 15-month old female study mice.

ppm VIP ‘

p-value Fold Change (Error) AUC

https://doi.org/10.1371/journal.pone.0200658.t008
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Fig 8. PLS-DA of sera samples from male and female mice with pancreatic tumors. (A) PLS-DA scores plot
calculated using the first two principal components. The blue points indicate the control mice and the red points
indicate the study mice. (B) Plot of R*Y and Q” for the first three principal components. The green bars indicate the
accumulated R?Y values and the blue bars indicated the accumulated Q? values.

https://doi.org/10.1371/journal.pone.0200658.g008

promising with VIP = 1.75, a p-value of 5.8 x10, and an accuracy of 85%. Among the uniden-
tified buckets, three displayed exceptional scores (Table 8). For example, one peak at

1.173 ppm had a VIP = 2.77, p-value = 1.71x10”® and an accuracy of 100%. Two other peaks
(1.183 ppm and 3.205 ppm) had fold changes > 2.3, p-values on the order of 107, and accura-
cies ranging from 92-94%.

Table 9. Significant metabolites identified from urine samples from male and female mice containing pancreatic tumors.

Study Concentration mM(StDev) | Rank | Fold Change(Error) | AUC

VIP p-value Identification | Control Concentration mM (StDev)

https://doi.org/10.1371/journal.pone.0200658.t1009
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Table 10. Significant unassigned buckets identified from the volcano plot analysis of urine samples from male and female mice with pancreatic tumors.

https://doi.org/10.1371/journal.pone.0200658.t010

Evaluation of the serum obtained from mice with pancreatic tumors again yielded very sim-
ilar results to blood obtained from precancerous mice at age 15 months old. Glucose was the
most significant serum metabolite distinguishing between healthy control mice and mice with
pancreatic tumors based on VIP scores as high as 2.64, p-values as low as 10~ and
accuracy > 90% (Table 9), consistent with the results from the comparisons made with sera of
precancerous 15-month old mice. Lactate and choline were also among the five significant
metabolites, both of which had accuracies > 90% (Table 9), and both which were among the
top four candidate biomarkers identified from the sera of precancerous mice at age 15 months.
In addition to the metabolites just discussed, there was one unassigned NMR resonance peak
that had an accuracy of 95% and a p-value on the order of 10”7 (Table 10), indicating that it
may be important to identify this peak in future studies.

Metabolic profiling analysis of 15-month fecal extracts from female mice

Representative '"H NMR CPMG spectra from the 15-month female control and diseased mice
are shown in Figure V in S1 File. A scores plot analysis of the first two PCs from 15-month
female, shown in Figure W in S1 File, indicated that the NMR spectra of the control and dis-
eased mice did not separate into two distinct clusters in the PCA scores plot (Mahalanobis dis-
tance = 0.45, F-statistic = 1.03, F-critical = 3.24). Statistical significance analysis indicated 136
potentially significant buckets based on a p-value < 0.05, of which 29 were identified, and 7
that were significant based on a Bonferroni corrected alpha value = 1.21E-4. These metabolites
included 2-oxoisocaproate, benzoate, glucose, glutamate, lactate, phenylalanine, and valine.
Control and study group separation was statistically significant in the PLS-DA scores plot
(Mahalanobis distance = 2.55, F-statistic = 33.37, F-critical = 3.24) (Fig 9A). Cross-validation

1.0
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Fig 9. PLS-DA of fecal samples from precancerous 15-month old female control and study mice. (A) PLS-DA scores plot
calculated using the first two principal components. The blue points indicate the control mice and the red points indicate the
study mice. (B) Plot of R*Y and Q? for the first three principal components. The green bars indicate the accumulated R?Y values
and the blue bars indicated the accumulated Q* values.

https://doi.org/10.1371/journal.pone.0200658.9g009
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of the PLS-DA (Fig 9B) yielded an R* = 0.83 indicating excellent fit of the data to the model
and a Q* = 0.59 indicating moderate predictive power of the model. In the PLS-DA analysis,
157 significant buckets were identified with VIP > 1, of which 29 were identified, including
acetate, acetoin, benzoate, glucose, glutamate, L-Alanine, lactate, phenylalanine, propionic
acid, taurine, and valine. The concentration and fold changes for each metabolite are reported
in Table 11. Potential importance of buckets that could not be identified was evaluated using
volcano plot analysis (Figure X in S1 File). Buckets that had p-values < 0.05 and fold changes
greater than two are highlighted (colored green) in Figure X in S1 File and listed in Table 12.
Buckets that had a p-value < 0.05 but less than a two-fold changes are colored red in Figure X
in S1 File and are listed in Table D in S2 File. Intensity distribution plots of the two most sig-
nificant buckets are shown in Figure Y in S1 File.

Metabolic profiling analysis of 15-month fecal extracts from male mice

Representative NMR spectra of fecal extracts from 15-month old male control and study mice
are shown in Figure Z in S1 File. PCA indicated that the control and study mice did not sepa-
rate into distinct clusters (Mahalanobis distance = 0.47, F-statistic = 1.18, F-critical = 3.2)
(Figure AA in S1 File). Statistical significance analysis indicated 89 potentially significant
buckets. With p < 0.05, 24 of which were identified, and 1 significant bucket based a Bonfer-
roni-corrected alpha value = 1.17E-4. These metabolites corresponded to 2-oxoisocaproate,
acetoin, glutamate, L-alanine, L-methionine, phenylalanine, and valine. Group separation in
the PLS-DA scores plot (Fig 10A) was statistically significant (Mahalanobis distance = 1.93, F-
statistic = 20.04, F-critical = 3.22). PLS-DA cross-validation (Fig 10B) yielded an R*=0.70
indicating good data fit with the model and a Q of 0.51 indicating moderate predictive power.
173 buckets were considered significant based on VIP scores > 1, of which 50 were identified.
The corresponding metabolites included 2-oxoisocaproate, acetoin, fructose, glucose, gluta-
mate, glycine, L-methionine, phenylalanine, and valine. Concentration and fold changes for
each known compound are reported in Table 13. Potential importance of buckets that could
not be identified was evaluated using volcano plot analysis (Figure AB in S1 File). Buckets that
had p-values < 0.05 and fold changes greater than 2 are highlighted (colored green) in

Figure AB in S1 File and listed in Table 14. Buckets that had a p-value < 0.05 but less than a
two-fold changes are colored red in Figure AB in S1 File and are listed in Table E in S2 File.
Intensity distribution plots of the two most significant buckets are shown in Figure AC in S1
File.

Metabolic profiling analysis of fecal extracts from male and female mice
with pancreatic tumors

Fecal extract samples were collected from 19 male and 25 female mice with pancreatic tumors.
Fecal extract samples from an equal number of gender matched male and female control mice
were selected as control samples. PLS-DA of fecal extracts produced a scores plot [Fig 11A] in
which group separation was statistically significant (Mahalanobis distance = 2.23, F-statis-

tic = 36.16, F-critical = 3.14). Cross-validation of the PLS-DA model using three principal
components yielded R* = 0.73 indicating excellent fit with the model, and Q* = 0.53, indicating
moderate predictive capability [Fig 11B]. Significant metabolites based on VIP scores > 1
included glucose, acetoin, propionic acid, phenylalanine, L-methionine, glutamate, L-alanine,
and taurine. Concentrations and fold changes for the metabolites are reported in Table 15.
Potentially important buckets that could not be identified were evaluated using volcano plot
analysis. Buckets with p-values < 0.05 and fold changes greater than 2-fold, are listed in

Table 16.
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Table 11. Significant metabolites identified from fecal samples of precancerous 15-month old female study mice.

ppm | VIP | p-value Identification Rank AUC
Control Concentration mM (StDev) | Study Concentration mM (StDev) Fold Change (Error)

3.262 1.40E-01 6.03 (7.72) 15.89 (40.76) 1.29 (1.07)

7.476 = 1.19 5.06E-03 benzoate 2.63 (1.84) 2.74 (3.44) 4 -1.81 (1.06) 0.77
7.489 @ 1.13  6.59E-03 benzoate 2.63 (1.84) 2.74 (3.44) 4 -1.87 (1.17) 0.77
7.869 @ 1.09 7.97E-03 benzoate 2.63 (1.84) 2.74 (3.44) 4 -1.92 (1.31) 0.75
7.558 |« 1.02 | 1.29E-02 benzoate 2.63 (1.84) 2.74 (3.44) 4 -1.74 (0.77) 0.72
7.545 @ 0.84 | 1.32E-02 benzoate 2.63 (1.84) 2.74 (3.44) 4 -1.41 (0.70) 0.72
2.152 | 1.19 | 9.62E-01 propionic Acid 4.47 (2.79) 13.45 (21.63) 3 1.01 (0.70) 0.53
1.904 1.17 3.76E-01 acetate 74.29 (35.81) 210.81 (337.72) 3 1.11 (1.22) 0.51
3.779 | 1.04 @ 6.42E-01 L-alanine 9.75 (5.10) 19.44 (32.10) 4 -1.05 (0.82) 0.50
2.346 1.03 = 8.43E-03 glutamate 17.84 (9.94) 10.50 (4.82) 1 -1.496 (0.63) 0.71
2.118  0.99 @ 1.71E-02 glutamate 17.84 (9.94) 10.50 (4.82) 1 -1.34 (0.69) 0.69
2.141 0.93 1.85E-02 glutamate 17.84 (9.94) 10.50 (4.82) 1 -1.39 (0.91) 0.70
2.038 0.90 1.44E-02 glutamate 17.84 (9.94) 10.50 (4.82) 1 -1.31 (0.64) 0.71
2.13 | 090 4.01E-02 glutamate 17.84 (9.94) 10.50 (4.82) 1 -1.28 (0.81) 0.66
2.33  0.88 1.33E-02 glutamate 17.84 (9.94) 10.50 (4.82) 1 -1.35(0.73) 0.71
2.359 0.84 @ 2.04E-02 glutamate 17.84 (9.94) 10.50 (4.82) 1 -1.37 (0.82) 0.68
2.369 0.81 @ 2.90E-02 glutamate 17.84 (9.94) 10.50 (4.82) 1 -1.32(0.72) 0.67
0.869 @ 0.98 | 9.42E-04 butyrate 2.55 (2.03) 6.73 (9.69) 4 -1.42 (0.52) 0.77
0.932 | 0.93 | 7.65E-03 & 2-oxoisocaproate 0.98 (0.35) 1.14 (1.30) 4 -1.36 (0.72) 0.73
2.593 | 0.82 | 1.17E-02 @ 2-oxoisocaproate 0.98 (0.35) 1.14 (1.30) 4 -1.339 (0.64) 0.72
(Continued)
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Table 11. (Continued)

ppm | VIP | p-value Identification Rank AUC
Control Concentration mM (StDev) | Study Concentration mM (StDev) Fold Change (Error)

2.608 | 0.82 | 2.23E-02 @ 2-oxoisocaproate 0.98 (0.35) 1.14 (1.30) 4 -1.31 (1.11) 0.72

1.311 | 0.85 | 1.52E-02 lactate 10.10 (5.61) 52.85 (147.99) 3 -1.50 (0.27) 0.72

4.089 | 0.81 @ 3.71E-02 lactate 10.10 (5.61) 52.85 (147.99) 3 -1.246 (0.67) 0.67

https://doi.org/10.1371/journal.pone.0200658.t011

ROC analysis of fecal extracts obtained pre-cancerous 15-month old mice
and from mice with pancreatic tumors

The highest accuracy biomarker distinguishing control and study mice in the female group
was phenylalanine (Table 13), which had 84% accuracy along with maximum VIP score of
only 1.2 but significant p-values with a minimum value of 5.84E-04. Phenylalanine turned out
to also be the top ranked biomarker distinguishing control and study mice in the male group
(Table 13) with a top accuracy equal to 75% along with VIP scores as high as 1.65 and some
peaks with p-values less than 0.05. Acetoin was also near the top for both female and male
mice. Acetoin was 70% accurate in female mice with a reasonably high VIP score of 1.69 and
p-value = 0.057, whereas in male mice, acetoin had an accuracy as high as 67% with a maxi-
mum VIP score of 1.47 and lowest p-value of 0.019. Other metabolites that reached at least
70% accuracy in both the male and female groups included valine, glutamate, methionine, and
2-oxoisocaproate. Other metabolites that reached 70% accuracy in the female comparison
included benzoate, lactate and butyrate. Other promising biomarkers that distinguished con-
trol and study groups in the male mice included an unidentified bucket at 0.167 ppm which
had an accuracy of 93% supported by a strong VIP score of 3.25 and a good p-value of 1.80E-
07. Three additional buckets at 1.26 ppm, 1.39 ppm and 1.76 ppm had p-values less than .001
and accuracies ranging from 67 to 87% (Table 13).

Evaluation of the fecal extracts obtained from mice with pancreatic tumors again yielded
very similar results to fecal extracts obtained from precancerous male and female mice at age
15 months old. Phenylalanine had the highest accuracy for distinguishing between healthy
control mice and mice with pancreatic tumors with and AUC as high as 78% (Table 15). Sev-
eral other metabolites had AUC values between 70 and 80%, including methionine, glutamate,
valine, 2-oxoisocaproate, and benzene, all of which were identified in the list of top metabolites
distinguishing between fecal extracts of healthy control mice and precancerous 15-month old
male and female mice (Table 13), and both which were among the top four candidate bio-
markers identified from the sera of precancerous mice at age 15 months. In addition to the
metabolites just discussed, there were five unidentified NMR resonances that had
accuracies > 77%, with the two highest accuracy peaks having AUC values between 89% and
93% and these had p-values on the order of 107 and 107%, respectively, (Table 16), indicating
that the metabolites corresponding to these unassigned peaks may be of significant interest
warranting future identification.

Table 12. Significant unassigned buckets identified from the volcano plot analysis of fecal samples from precan-
cerous 15-month old female study mice.

ppm VIP p-value Fold Change (Error) AUC

https://doi.org/10.1371/journal.pone.0200658.t012
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Fig 10. PLS-DA of fecal samples from precancerous 15-month old male control and study mice. (A) PLS-DA scores plot
calculated using the first two principal components. The blue points indicate the control mice and the red points indicate the study
mice. (B) Plot of R*Y and Q? for the first three principal components. The green bars indicate the accumulated R?Y values and the
blue bars indicated the accumulated Q? values.

https://doi.org/10.1371/journal.pone.0200658.g010

Metabolic profiling of pancreas tumor extracts

Representative "H NMR CPMG spectra of extracts from the pancreatic tissue of a control
mouse and from the extract of a tumor from a study mouse is shown in Figure AD in S1 File.
31 tumor extracts (6 male and 25 female) and 14 control tissue samples were subjected to mul-
tivariate statistical data analysis to identify differences in metabolic profiles. Control and study
mice grouped into distinct clusters in the PCA scores plot (Mahalanobis distance = 1.06, F-sta-
tistic = 5.35, F-critical = 3.25) (Figure AE in S1 File). 19 buckets were potentially significant
based on p-values < 0.05, three of which were significant based on a Bonferroni corrected
alpha value = 2.08E-4. Significant metabolites included glucose, taurine, and tyrosine. The
PLS-DA scores plot (Fig 12A) produced statistically significant group separation (Mahalanobis
distance = 2.31, F-statistic = 25.17, F-critical = 3.25). Cross-validation of the PLS-DA (Fig
12B) yielded R* = 0.69 indicating moderately good data agreement with the model and Q* =
0.40 indicating weak predictive power. PLS-DA indicated 81 VIP significant buckets, 19 of
which could be identified, including asparagine, aspartate, cytidine, glucose, lactate, niacin-
amide, o-phosphocholine, phenylalanine, taurine, tyrosine, and xanthine. Concentrations and
fold changes for identified metabolites are reported in Table 17. Potential importance of buck-
ets that could not be identified was evaluated using volcano plot analysis (Figure AF in S1
File). Buckets that had p-values < 0.05 and fold changes greater than 2 are highlighted (colored
green) in Figure AF in S1 File and listed in Table 18. One bucket at 5.398 ppm had a p-

value < 0.05 but less than a two-fold changes in Figure AF in S1 File with a VIP score of 1.31,
p-value of 3.95E-02 and AUC = 0.69. Intensity distribution plots for the two most significant
buckets are shown in Figure AG in S1 File.

ROC analysis of pancreas tumor extracts

The highest accuracy biomarker distinguishing control and study tissues was tyrosine which
had a maximum accuracy of 83%, VIP score of 2.4 and p-value of 3.41E-04 (Table 16). Other
promising biomarkers included taurine and glucose, which reached accuracies as high as 78%

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018 27 /51


https://doi.org/10.1371/journal.pone.0200658.g010
https://doi.org/10.1371/journal.pone.0200658

®'PLOS | one

NMR-based metabolic profiling of a transgenic mouse model of pancreatic cancer

Table 13. Significant metabolites identified from fecal samples from precancerous 15-month old male study mice.

ppm VIP p-value Identification Control Concentration mM Study Concentration mM Rank Fold Change (Error) AUC

(StDev) (StDev)

4.429 1.47 1.93E-02 acetoin 0.88 (0.73) 4.13 (3.50) 3 1.63 (1.50) 0.67
1.375 1.1 5.61E-02 acetoin 0.88 (0.73) 4.13 (3.50) 1.55(2.17) 0.60
2.101 1.22 4.95E-01 glutamate 10.51 (6.06) 8.99 (6.33) 4 -1.13 (0.74) 0.56
3.737 1.09 5.21E-01 glutamate 10.51 (6.06) 8.99 (6.33) 4 1.19 (1.35) 0.52
2.328 1.07 2.08E-02 glutamate 10.51 (6.06) 8.99 (6.33) 4 -1.36 (0.52) 0.72
2.359 1.06 1.79E-02 glutamate 10.51 (6.06) 8.99 (6.33) 4 -1.52 (0.63) 0.73
2.346 1.05 1.92E-02 glutamate 10.51 (6.06) 8.99 (6.33) 4 -1.50 (0.63) 0.74
3.747 1.04 6.05E-01 glutamate 10.51 (6.06) 8.99 (6.33) 4 1.11 (1.14) 0.52
2.141 1.04 2.27E-02 glutamate 10.51 (6.06) 8.99 (6.33) 4 -1.51 (0.81) 0.74
2.369 1.04 2.30E-02 glutamate 10.51 (6.06) 8.99 (6.33) 4 -1.46 (0.61) 0.72
2.117 1.02 3.64E-02 glutamate 10.51 (6.06) 8.99 (6.33) 4 -1.39 (0.64) 0.70
2.336 0.97 4.82E-02 glutamate 10.51 (6.06) 8.99 (6.33) 4 -1.28 (0.51) 0.69
3.46 1.21 4.86E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.32 (1.88) 0.56
3.232 1.19 3.76E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.30 (1.64) 0.56
3.409 1.18 4.61E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.36 (2.09) 0.54
3.393 1.18 4.54E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.34 (1.89) 0.57
3.249 1.17 3.68E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.39 (1.90) 0.57
3.424 1.16 4.41E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.35 (1.93) 0.55
3.496 1.16 4.12E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.28 (1.67) 0.55
3.469 1.15 3.88E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.37 (1.85) 0.59
3.514 1.13 5.39E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.14 (1.41) 0.50
3.476 1.13 3.73E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.31 (1.50) 0.61
3.727 1.12 4.48E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.29 (1.62) 0.55
3.719 1.12 4.48E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.30 (1.70) 0.58
3.465 1.11 3.43E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.40 (1.91) 0.61
4.644 1.11 5.07E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.31 (1.94) 0.58
3.536 1.1 4.44E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.16 (1.10) 0.58
3.418 1.08 4.22E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.28 (1.57) 0.56
3.438 1.08 3.59E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.22 (1.18) 0.60
3.452 1.05 2.05E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.36 (1.68) 0.62
3.699 1.05 5.28E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.16 (1.26) 0.50
3.712 1.03 5.73E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.25 (1.90) 0.51
3.529 1.02 6.25E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.08 (1.06) 0.51
3.217 1.00 5.00E-01 glucose 11.73 (19.84) 28.07 (32.97) 4 1.08 (0.97) 0.55
2.608 1.12 1.23E-02 2-oxoisocaproate 1.15 (0.43) 0.49 (0.34) -1.32 (0.70) 0.69
0.932 0.97 4.28E-02 2-oxoisocaproate 1.15 (0.43) 0.49 (0.34) 3 -1.25 (0.38) 0.70
2.262 1.02 3.54E-02 valine 7.61 (4.10) 6.94 (5.29) 4 -1.30 (0.48) 0.71
2.275 1.02 4.09E-02 valine 7.61 (4.10) 6.94 (5.29) 4 -1.34 (0.50) 0.69
(Continued)
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Table 13. (Continued)

ppm VIP p-value Identification Control Concentration mM Study Concentration mM Rank Fold Change (Error) AUC
(StDev) (StDev)
2.281 1.02 3.21E-02 valine 7.61 (4.10) 6.94 (5.29) 4 -1.31 (0.52) 0.72
2.269 1.01 4.17E-02 valine 7.61 (4.10) 6.94 (5.29) 4 -1.29 (0.48) 0.68
1.038 1.01 2.79E-02 valine 7.61 (4.10) 6.94 (5.29) 4 -1.46 (0.66) 0.73
0.987 0.97 3.85E-02 valine 7.61 (4.10) 6.94 (5.29) 4 -1.42 (0.60) 0.72
0.975 0.96 4.20E-02 valine 7.61 (4.10) 6.94 (5.29) 4 -1.43 (0.89) 0.73
1.477 0.96 3.34E-02 L-alanine 11.53 (5.25) 10.57 (9.54) 4 -1.36 (0.39) 0.66

https://doi.org/10.1371/journal.pone.0200658.t013

(Table 16). Another handful of unidentified peaks had accuracies exceeding 80% and associ-
ated significant p-values on the order of 10™* and VIP scores exceeding 1.7 (Table 17).

Identification of earliest urine metabolic profiling changes that predict
mice with pancreatic tumors

Based on the ROC analysis of the 15-month urine samples of male and female study mice,
3-indoxylsulfate and benzoate were the highest accuracy potential biomarkers common to
both male and female mice. Given that the mice were generally in a complete precancerous
PanIN phase at this stage, these biomarkers appear to be good urinary biomarkers of precan-
cerous PanIN transformation accompanying acinar to ductal metaplasia. The question then
becomes what is the earliest time point at which the biomarkers become detectable in the ear-
lier stages of acinar to ductal metaplasia? To address this question, we evaluated urine samples
of control and study mice from 5-month old mice (Figures AH-AO in S1 File) and 11-month
old mice (Figures AP-AW in S1 File) using the analytical procedures described above for the
15-month old mice. We summarize the changes in metabolic profiles using a heat map repre-
sentation (Fig 13). As can be seen in Fig 13, the presence of 3-indoxylsulfate is significantly
decreased in the urine of both male and female study mice even as early as 5-months of age,
making this a potentially useful biomarker to detect even the earliest PanIN stage in these
mice. It is quite encouraging that 3-indoxylsulfate is also significantly decreased in the urine of
mice that have established tumors, also indicated in Fig 13, especially since the urine samples
were analyzed completely independently of the precancerous age group samples. Similarly,
benzoate was significantly decreased in the urine of precancerous male and female mice at an
age of 15 months, and decreased benzoate was also observed as early as 11-months of age in
female mice (Fig 13) and was significantly decreased in male mice at 5-months of age. Again,
as can be seen in Fig 13, benzoate was also significantly decreased in the urine of male and
female mice that had undergone the transition from the precancerous PanIN state to having

Table 14. Significant unassigned buckets identified from the volcano plot analysis of the precancerous 15-month
old male fecal samples.

VIP p-value Fold Change (Error) AUC

https://doi.org/10.1371/journal.pone.0200658.1014
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Fig 11. PLS-DA of fecal extracts from male and female mice with pancreatic tumors. (A)PLS-DA scores plot
calculated using the first two principal components. The blue points indicate the control mice and the red points
indicate the study mice. (B) Plot of R*Y and Q for the first three principal components. The green bars indicate the
accumulated R?Y values and the blue bars indicated the accumulated Q2 values.

https://doi.org/10.1371/journal.pone.0200658.9011

significant tumor burden. The consistent behavior in terms of decreased concentrations of
benzoate in the urine at the earliest PanIN stages also indicates the potential value of benzoate
as a biomarker of early PanIN stages that precede pancreatic cancer. Other changes in metabo-
lite concentrations that were consistent with those observed in PanIN stages by not as dramatic
included increases in urine concentrations of fructose, glucose, creatinine, taurine and trigo-
nelline (Fig 13).

Identification of earliest serum metabolic profiling changes that predict
mice with pancreatic tumors

The serum samples of female control and study mice from 5-month old mice (Figures AX-BA
in S1 File) and 11-month old mice (Figures BB-BE in S1 File) using the analytical procedures
described above for the 15-month old mice. The ROC analysis indicate that the accuracy of
glucose decreased concentrations in the blood reached as high as 91% accuracy in distinguish-
ing between control and study mice. Inspection of the heat map for concentration changes of
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Table 15. Significant metabolites identified in fecal extracts from male and female mice containing pancreatic tumors.

ppm | VIP | p-value Identification | Control Concentration mM (StDev) | Study Concentration mM (StDev) | Rank | Fold Change (Error) | AUC

7.352 | 1.17 | 2.28E-03 phenylalanine 2.10 (0.96) 2.13 (1.96) 3 -1.62 (0.38) 0.78
7.323 | 0.995 | 3.02E-02 phenylalanine 2.10 (0.96) 2.13 (1.96) 3 -1.29 (0.81) 0.66
7.420 | 0.89 | 2.50E-03 phenylalanine 2.10 (0.96) 2.13 (1.96) 3 -1.39 (1.11) 0.75
7.433 | 0.89 | 3.72E-02 phenylalanine 2.10 (0.96) 2.13 (1.96) 3 -1.26 (1.42) 0.68
7.310 | 0.83 | 3.31E-02 phenylalanine 2.10 (0.96) 2.13 (1.96) 3 -1.29 (0.51) 0.62
3.737 | 1.15 | 7.42E-01 glutamate 14.80 (8.00) 31.00 (26.86) 1 1.04 (1.07) 0.50
3.747 | 1.12 | 6.59E-01 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.04 (1.14) 0.58
2.038 | 0.96 | 1.58E-02 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.26 (0.59) 0.67
2.101 | 0.95 | 3.48E-02 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.37 (0.64) 0.66
2.118 | 0.95 | 1.69E-02 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.30 (0.74) 0.70
2.346 | 093 | 9.69E-03 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.42 (0.67) 0.71
2.330 | 0.90 | 1.04E-02 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.31 (0.65) 0.71
2.141 | 0.88 | 1.09E-02 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.36 (1.00) 0.73
2.359 | 0.87 | 1.78E-02 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.32 (0.85) 0.69
2.369 | 0.87 | 3.15E-02 glutamate 14.80 (8.00) 31.00 (26.86) 1 -1.27 (0.79) 0.68
3262 | 1.03 | 1.77E-01 taurine 6.03 (7.72) 3.3.8 (5.25) 2 1.26 (1.21) 0.61
1.037 | 0.97 | 1.63E-03 valine 7.01 (4.10) 7.21 (9.45) 3 -1.47 (0.77) 0.76
2.262 = 0.97 | 9.20E-03 valine 7.01 (4.10) 7.21 (9.45) 3 -1.31 (0.50) 0.71
0.987 = 0.96 | 2.11E-03 valine 7.01 (4.10) 7.21 (9.45) 3 -1.47 (0.79) 0.75
0.975 = 0.96 | 6.25E-03 valine 7.01 (4.10) 7.21 (9.45) 3 -1.43 (0.90) 0.72
2269 @ 091 | 1.88E-02 valine 7.01 (4.10) 7.21 (9.45) 3 -1.26 (0.55) 0.70
2.608 097 @ 2.77E-03 2-oxoisocaproate 1.07 (0.39) 0.87 (0.94) 3 -1.30 (0.65) 0.71
2593 093  3.69E-03 2-oxoisocaproate 1.07 (0.39) 0.87 (0.94) 3 -1.33 (0.49) 0.72
0932 091 506E-03 2-oxoisocaproate 1.07 (0.39) 0.87 (0.94) 3 -1.31 (0.61) 0.74
(Continued)
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Table 15. (Continued)

ppm | VIP p-value Identification | Control Concentration mM (StDev) | Study Concentration mM (StDev) | Rank | Fold Change (Error) | AUC

https://doi.org/10.1371/journal.pone.0200658.t015

the significant metabolites (Fig 14) indicated that significant decreases in serum glucose con-
centration could be detected as early as 11-months of age. The fact that the serum glucose con-
centrations continued to strongly decrease in male and female mice with established tumors
(Fig 14) indicate that detection of a growing decrease in serum glucose concentration could a
potentially useful biomarker of formation of precancerous PanINs following by early stages of
tumor formation. Choline was next in line reaching accuracies in the range of 85-90% for pre-
dicting mice belonging to the precancerous PanIN group. Inspection of the heat map in Fig 14
indicates that significant decreased in serum choline could be detected even in 5-month old
mice. Again, it is important that this trend was strongly maintained in the sera of mice that
went on to form pancreatic tumors as can be seen in Fig 14, again indicating that detection of
decreasing serum choline levels may a marker of the precancerous PanIN state and the trend
continues up to the point the pancreatic tumors become established. Finally, the observed
decreased levels of serum lactate had promising accuracies in the range 84-88% for predicting
that mice had established the PanIN state. Decreased serum lactate levels were even more
strongly apparent in mice that went on to form pancreatic tumors, indicating that detection of
this pattern may be useful for early detection of the precancerous state preceding pancreatic
cancer. Again, inspection of the heat map indicates that decreased levels of serum lactate could
be detected as early as 5-months of age.

Identification of earliest fecal metabolic profiling changes that predict mice
with pancreatic tumors

Fecal samples of 5-month old female control and study mice (Figures BF-BI in S1 File),
11-month old female control and study mice (Figures B]-BM in S1 File), 5-month old male
control and study mice (Figures BN-BQ in S1 File) and 11-month old male control and study
mice (Figures BR-BU in S1 File) were using the analytical procedures described above for the
15-month old mice. The ROC analysis indicated that phenylalanine was one of the highest
accuracy biomarkers distinguishing control and study mice. The heat map analysis indicated
that phenylalanine was detected in the 15-month female study mice, and can be detected as
early as 5-months in the male study mice (Fig 15). This trend was consistent with decreased

Table 16. Significant unassigned buckets identified in fecal extracts from male and female mice containing pancreatic tumors.

https://doi.org/10.1371/journal.pone.0200658.t016
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Fig 12. PLS-DA of healthy pancreatic tissue extracts and tumor extracts from male and female control and study mice. (A)
PLS-DA scores plot calculated using the first two principal components. The blue points indicate the control mice and the red

points indicate the study mice. (B) Plot of R*Y and Q? for the first three principal components. The green bars indicate the

accumulated R?Y values and the blue bars indicated the accumulated Q? values.

https://doi.org/10.1371/journal.pone.0200658.g012

phenylalanine in the fecal extracts of male and female mice with established pancreatic tumors
(Fig 15). The heat map analysis indicated that 2-oxoisocaproate was significantly decreased in
15-month old male and female mice, but this decrease was not significant in 5- and 11-month
old mice. Albeit that the decrease in 2-oxoisocaproate in the fecal extracts was only detectable
at 15 months of age, this trend persisted in a strong manner in male and female mice that had

Table 17. Significant metabolites identified in pancreas tumor extracts of male and female study mice.

ppm | VIP | p-value Identification Rank AUC
Control Concentration mM (StDev) | Study Concentration mM (StDev) Fold Change (Error)

3.041 | 2.4 3.41E-04 tyrosine 2.16 (3.41) 2.28 (1.51) 4 2.465 (1.07) 0.83

3934 | 1.35 | 1.30E-01 tyrosine 2.16 (3.41) 2.28 (1.51) 4 1.55 (0.60) 0.72

3.058 | 1.11 1.63E-01 tyrosine 2.16 (3.41) 2.28 (1.51) 4 1.60 (1.02) 0.73

3.237  1.87 | 3.44E-03 taurine 21.35 (20.00) 22.50 (14.35) 3 2.20 (1.17) 0.78

3.391  1.28 | 8.65E-02 taurine 21.35 (20.00) 22.50 (14.35) 3 1.68 (0.93) 0.71

aspartate

9.93 (11.26)

3.00 (1.88)

-1.83 (0.29)

1.07 | 4.27E-01

aspartate

9.93 (11.26)

https:/doi.org/10.1371/journal.pone.0200658.t017

3.00 (1.88)

-1.50 (0.31)
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Table 18. Significant unassigned buckets identified from the volcano plot analysis of pancreas tumor extract
samples.

ppm VIP p-value Fold Change (Error) AUC

https://doi.org/10.1371/journal.pone.0200658.1018

established pancreatic tumors (Fig 15). L-methionine and valine were also significantly
decreased in the fecal extracts of male and female mice at 15 months of age, but not before,
and this trend was strongly consistent with decreased L-methionine and valine observed in the
fecal extracts of male and female mice with established pancreatic tumors (Fig 15). Benzoate
was significantly decreased in mice ranging from 5-months to 15 months. Decreased benzoate
in the fecal extracts of 15-month old mice was also found to have an accuracy of 72% to 77%
by the ROC analysis, and decreased benzoate was also persistent in the fecal extracts of mice
with established pancreatic tumors (Fig 15). Acetoin increased in the 15-month male study
mice, and can be detected as early as 5-months in the male study mice, and increased acetoin
was also observed in the fecal extracts of male and female mice with pancreatic tumors

(Fig 15).

Altered pathways in urine samples from study mice

Pathway analysis using the combined list of significant metabolites from all age and gender
categories is shown in Fig 16. The top five pathways included starch and sucrose metabolism,
citrate cycle (TCA cycle), D-Glutamine and D-glutamate metabolism, taurine and hypotaurine
metabolism, and arginine and proline metabolism. Table 19 displays the metabolic pathway
and corresponding metabolites identified within that pathway.

Interpretation of altered urine pathway relationships

The changes in urinary 3-indoxylsulfate, which decreased in the urine of 15-month study
mice, was supported by VIP scores > 1.5, p-values on the order of 107> and accuracies ~90%,
thus validating its importance for consideration as a potential biomarker distinguishing con-
trol and study mice. 3-indoxylsulfate in urine originates from degradation of tryptophan to
indole by intestinal microbiota followed by microsomal oxidation to indoxyl and sulfonation
in the liver followed by excretion [53]. Decreased 3-indoxylsulfate in the urine of 15-month
old study mice suggests either a reduced gut microbial degradation of tryptophan due to gut
microbial dysbiosis or reduced availability of dietary tryptophan due to reduced digestion
associated with bicarbonate wasting [54].

Benzoate, which also decreased in the urine of 15-month study mice, was supported by VIP
scores ranging from 1-2-1.4, p-values on the order of 107~107° and accuracies in the range
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5mo 11 mo 15mo Tumor
Identification Female Male Female Male Female Male
1-methylnicotinamide
2-oxoglutarate
3-indoxylsulfate
benzoate

citrate

creatine

creatinine

fructose

glucose

hippuric acid
methylamine
phosphocreatine
sumiki's Acid

taurine

trans-aconitate
trigonelline

Fig 13. Heat map analysis of temporal changes in significant urine metabolite concentrations. Metabolites considered significant by either the p-value or
VIP score for at least one age group comparison are included in the table. Red shading indicated a study/control fold change > 1, i.e. the metabolite
concentration was higher in the study group, and these values were reported as positive fold changes. Blue shading indicated a study/control fold change < 1,
i.e. the metabolite concentration was higher in the control group, and these values were reported as negative fold changes. Calculation of the shading
intensities is described in the Materials and Methods section.

https://doi.org/10.1371/journal.pone.0200658.g013

Identification
1,3-dihydroxyacetone
3-hydroxybutyrate
choline

citrate
dimethylamine
glucose

glycerol

glycine

lactate

L-valine

methanol
pyruvate

pyruvic acid
tyrosine

Fig 14. Heat map analysis of temporal changes in significant serum metabolite concentrations. Metabolites
considered significant by either the p-value or VIP score for at least one age group comparison were included in the
table. Red shading indicated a study/control fold change > 1, i.e. the metabolite concentration was higher in the study
group, and these values were reported as positive fold changes. Blue shading indicated a study/control fold change < 1,
i.e. the metabolite concentration was higher in the control group, and these values were reported as negative fold
changes. Calculation of the shading intensities is described in the Materials and Methods section.

https://doi.org/10.1371/journal.pone.0200658.g014
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5mo 11 mo 15mo Tumor
Identification Female Male Female Male Female Male
2-oxoisocaproate
acetate

acetoin

benzoate
butyrate
fructose
galactose
glucose
glutamate
lactate

L-alanine
L-methionine
phenylalanine -
propionic acid
taurine
tyrosine
valine

Fig 15. Heat map analysis of temporal changes in significant fecal metabolite concentrations. Metabolites considered significant by either the p-value or
VIP score for at least one age group comparison were included in the table. Red shading indicated a study/control fold change > 1, i.e. the metabolite
concentration was higher in the study group, and these values were reported as positive fold changes. Blue shading indicated a study/control fold change < 1,
i.e. the metabolite concentration was higher in the control group, and these values were reported as negative fold changes. Calculation of the shading
intensities is described in the Materials and Methods section.

https://doi.org/10.1371/journal.pone.0200658.9015

80-90%, also validating its importance for consideration as a potential biomarker distinguish-
ing control and study mice. Benzoate levels in the urine reflect a balance of benzoate produc-
tion in the intestine from gut bacterial deamination of phenylalanine [55] and consumption of
benzoate in the body through conjugation with glycine to form hippurate [55], which occurs
primarily in the kidney [56], but also occurs in the liver and intestines [56]. Microbial hydroly-
sis of hippurate is also a source of production of benzoic acid and glycine [57]. Altered urinary
levels of benzoate are also known to report on abnormalities in gut microbial dysbiosis [55,
58]. Reduced benzoate levels detected in the urine of 15-month old study mice could either be
due to gut microbial dysbiosis that lowers urinary benzoate production in the intestines. How-
ever, hippurate increased in the urine of 15-month old male and female study mice. As just
mentioned, hippurate is formed via conjugation of benzoate with glycine primarily in the kid-
ney, liver and intestines [56]. On the one hand, the amount of hippurate conjugated from ben-
zoate depends on the amount of available benzoate taken up across the intestinal epithelia.
Increased hippurate and decreased benzoate in the urine of 15-month study mice could reflect
efficient conjugation of available benzoate in the kidney, which effectively depletes benzoate
excretion. Essentially, the benzoate supply lags behind hippurate synthesis. Again, the lag in
benzoate supply could be caused as a side effect of biocarbonate wasting which leads to gut
microbial dysbiosis that results in reduced benzoate production by gut microbes [57].

Citrate also decreased significantly in the urine of 15-month female and male study mice
compared to control mice having accuracies in the range 75-77% in the female group. Low
levels of citrate in the urine, a condition known as hypocitraturia, can be caused by bowel dys-
function [59]. Intestinal malabsorption syndrome is a form of bowel dysfunction associated
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https://doi.org/10.1371/journal.pone.0200658.9016

Table 19. Identified pathways from Metaboanalyst 3.0 pathway analysis of the 5-, 11-, and 15-month female and
male urine samples and the corresponding pathway-associated metabolites.

Pathway Name

Metabolites

starch and sucrose metabolism

beta-D-fructose, D-glucose

citrate cycle (TCA cycle)

oxoglutaric acid, citric acid

D-glutamine and D-glutamate metabolism

oxoglutaric acid

taurine and hypotaurine metabolism

taurine

arginine and proline metabolism

creatine, phosphocreatine

valine, leucine and isoleucine biosynthesis

4-methyl-2-oxopentanoate

caffeine metabolism

paraxanthine

nicotinate and nicotinamide metabolism

1-methylnicotinamide

glyoxylate and dicarboxylate metabolism

citric acid

butanoate metabolism

oxoglutaric acid

pyruvate metabolism

L-lactic acid

alanine, aspartate and glutamate metabolism

oxoglutaric acid

glycolysis or gluconeogenesis

L-lactic acid

galactose metabolism

D-glucose

glycine, serine and threonine metabolism

creatine

amino sugar and nucleotide sugar metabolism

beta-D-fructose

valine, leucine and isoleucine degradation

4-methyl-2-oxopentanoate

primary bile acid biosynthesis

taurine

https://doi.org/10.1371/journal.pone.0200658.t019
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with low urinary citrate excretion [60] that has been linked to bicarbonate wasting [59, 61, 62].
Bicarbonate wasting occurs when bicarbonate is no longer secreted at adequate levels by the
pancreas. The normal healthy pancreas is known to secrete high concentrations of bicarbonate
to neutralize the highly acidic environment of the stomach to preserve the function of digestive
enzymes [63]. Bicarbonate wasting can be caused by loss of pancreas tissue [64] leading to
reduced digestion, nutrient absorption and gastrointestinal malabsorption [54]. The appear-
ance of the pancreas sections in the 15-month study mice indicates virtually total loss of nor-
mal acinar tissue, consistent with loss of pancreas tissue that would cause bicarbonate wasting.
Bicarbonate wasting also causes acidification of the pancreatic juice that can cause premature
activation of proteases inside the pancreas and development of pancreatitis [54]. The pancreas
sections of the 15-month study mice strongly resemble the morphology of a pancreas exhibit-
ing chronic pancreatitis [65]. Bicarbonate wasting and resulting acidification of the pancreatic
juice decreases its antimicrobial activity which can also cause gut microbial dysbiosis.

Altered pathways in serum samples from study mice

Pathway analysis for metabolic profiling changes measured in sera from a combination of all
age categories and their given metabolites identified is shown in Fig 17. The top five pathways
were valine, leucine, and isoleucine biosynthesis, glycine, serine, and threonine metabolism,
phenylalanine, tyrosine, and tryptophan biosynthesis, aminoacyl-tRNA biosynthesis, and
methane metabolism. Table 20 displays the metabolic pathway and corresponding metabolites
identified within that pathway.
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Table 20. Pathways identified from analysis of serum samples and corresponding pathway-associated metabolites.

Pathway Name

pyruvate metabolism

starch and sucrose metabolism

glycolysis or gluconeogenesis

primary bile acid biosynthesis

porphyrin and chlorophyll metabolism
galactose metabolism

tyrosine metabolism

valine, leucine and isoleucine degradation
glycine, serine and threonine metabolism
glutathione metabolism

glyoxylate and dicarboxylate metabolism
phenylalanine metabolism

phenylalanine, tyrosine and tryptophan biosynthesis
valine, leucine and isoleucine biosynthesis
aminoacyl-tRNA biosynthesis

synthesis and degradation of ketone bodies
butanoate metabolism

amino sugar and nucleotide sugar metabolism
ubiquinone and other terpenoid-quinone biosynthesis
cysteine and methionine metabolism

alanine, aspartate and glutamate metabolism
glycerolipid metabolism

cyanoamino acid metabolism
glycerophospholipid metabolism

citrate cycle (TCA cycle)

pantothenate and CoA biosynthesis

nitrogen metabolism

methane metabolism

https://doi.org/10.1371/journal.pone.0200658.t1020

Metabolites

pyruvic acid, L-lactic acid
beta-D-fructose, D-glucose

pyruvic acid, L-lactic acid

glycine

glycine

D-glucose, glycerol

L-tyrosine, p-hydroxyphenylacetic acid
L-valine, L-isoleucine

choline, betaine, glycine, pyruvic acid
glycine

citric acid

L-phenylalanine, L-tyrosine
L-phenylalanine, L-tyrosine

L-valine, L-isoleucine, pyruvic acid
L-phenylalanine, glycine, L-valine, L-isoleucine, L-tyrosine
(r)-3-hydroxybutyric acid
(r)-3-hydroxybutyric acid, pyruvic acid
beta-D-fructose

L-tyrosine

pyruvic acid

pyruvic acid

dihydroxyacetone, glycerol

glycine

choline

citric acid, pyruvic acid

L-valine

glycine

glycine, methanol

Interpretation of altered serum pathway relationships

The most significant change in the serum metabolic profiles in 15-month study mice based
was decreased concentrations of glucose (VIP scores 1.12-2.37, p-values 107~1077, and accu-
racies 67%-91%). Decrease blood glucose was consistent with reduced digestion of consumed
food resulting in lower absorption of glucose into the blood stream. Reduced digestion of con-
sumed food would be caused either by loss of digestive enzyme activity associated with loss of
acinar tissue mass, loss of digestive enzyme activity associated with reduced neutralization of
the acidic environment of the gut caused by reduced bicarbonate secretion, and altered gut
microbial contribution to digestion associated with gut microbial dysbiosis caused by bicar-
bonate wasting.

The next most significant serum metabolite was choline, which decreased in serum of
15-month study mice (VIP scores 2.1-2.2, p-values 10>, accuracies 85-89%). Choline is an
essential nutrient that is present in some foods. The body needs choline to synthesize phospha-
tidylcholine and sphingomyelin, two major phospholipids vital for cell membranes, and there-
fore animal cells require choline to preserve structural integrity [66]. The most common
sources of choline in foods are fat-soluble phospholipids, water soluble phosphocholine and
glycerolphosphocholine, and free choline [66]. When these compounds are ingested,
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pancreatic and mucosal enzymes liberate free choline from some of the fat-soluble and water-
soluble ingested forms [67]. Reduced serum choline levels in 15-month study mice are consis-
tent with reduced digestion of ingested choline derivatives caused by inhibited digestive
enzymes associated with bicarbonate wasting.

Lactate decreased in sera of 15-month study mice (VIP scores 1.82-2.12, p-values 10~
107>, accuracies 84%-88%). Blood lactate levels originate as a product of anaerobic glycolysis
blood lactate levels in normal ranges reflect a homeostatic level of glycolytic activity in cells.
During periods of intense exercise or in the presence of certain diseases, blood lactate levels
are known to increase, for example it is known that pancreatitis can cause of metabolic acidosis
that can increase blood lactate levels [68]. Since normal blood lactate levels reflect a normal
homeostatic level of activity and associated glycolytic activity, it is possible that the reduced
blood lactate in 15-month-old mice reflected a below normal glycolytic activity associated with
reduced activity in the 15-month-old study group in comparison to the control group. Inter-
estingly, lactate levels decreased in the pancreata of rats with chronic pancreatitis [69].

Altered pathways in fecal extracts from study mice

Pathway analysis for all combined age (5-, 11-, and 15-months) and gender (female and male)
groups is shown in Fig 18. The top five pathways identified were aminoacyl-tRNA biosynthe-
sis, phenylalanine, tyrosine, and tryptophan biosynthesis, phenylalanine metabolism, valine,
leucine, and isoleucine biosynthesis, and starch and sucrose metabolism. Table 21 lists the
metabolic pathway and corresponding metabolites identified within that pathway.
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Fig 18. Pathway analysis from fecal samples. The “metabolome view” from MetaboAnalyst 3.0 showing the pathway
impact on the x-axis versus the negative log(p-values) on the y-axis for the metabolic pathways. Pathway names have
been added.

https://doi.org/10.1371/journal.pone.0200658.g018
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Table 21. Pathways identified from 5-, 11-, and 15-month female and male fecal samples and the pathway-associ-

ated metabolites.

Pathway Name

tyrosine metabolism

taurine and hypotaurine metabolism

galactose metabolism

amino sugar and nucleotide sugar metabolism
pantothenate and CoA biosynthesis

starch and sucrose metabolism

beta-alanine metabolism

ubiquinone and other terpenoid-quinone biosynthesis

aminoacyl-tRNA biosynthesis

valine, leucine and isoleucine biosynthesis
histidine metabolism

pyruvate metabolism

primary bile acid biosynthesis

pentose and glucuronate interconversions
methane metabolism

glycolysis or Gluconeogenesis

glutathione metabolism

Arginine and proline metabolism
phenylalanine metabolism

glycine, serine and threonine metabolism
nitrogen metabolism

porphyrin and chlorophyll metabolism
phenylalanine, tyrosine and tryptophan biosynthesis
valine, leucine and isoleucine degradation
propanoate metabolism

butanoate metabolism

selenoamino acid metabolism

cysteine and methionine metabolism
alanine, aspartate and glutamate metabolism
D-glutamine and D-glutamate metabolism

cyanoamino acid metabolism

https://doi.org/10.1371/journal.pone.0200658.t021

Metabolites
L-tyrosine
taurine
D-galactose, D-glucose
D-galactose, beta-D-fructose
L-valine
beta-D-fructose, D-glucose
L-aspartic acid
L-tyrosine
L-phenylalanine, glycine, L-aspartic acid, L-methionine,
L-valine, L-alanine, L-threonine, L-tyrosine

L-valine, 4-methyl-2-oxopentanoate
L-aspartic acid

L-lactic acid, acetic acid
glycine, taurine

D-xylose

glycine

L-lactic acid, acetic acid
glycine

L-aspartic acid
L-phenylalanine, L-tyrosine
glycine, L-threonine
glycine

glycine

L-phenylalanine, L-tyrosine
L-valine, 4-methyl-2-oxopentanoate
propionic acid

butyric acid

L-alanine

L-methionine

L-aspartic acid, L-alanine
D-glutamic acid

glycine

Interpretation of altered pathway relationships in fecal extracts

One of the most significant changes in the metabolic profiles of fecal extracts in 15-month
study mice was decreased phenylalanine in both male and female mice (VIPs ranging from
0.94-1.65, p-values 10~1-10"%, and accuracies 54%-84%). Digestion of dietary proteins pro-
vides a source of amino acids in the intestine. One explanation for reduced phenylalanine in
fecal extracts would be reduced enzymatic digestion of proteins into their free amino acid
building blocks caused by inactivation of digestive enzymes due to bicarbonate wasting. One
fate of phenylalanine generated by digestion of dietary protein can be absorption across the
intestine as a nutrient. Phenylalanine is also known to be degraded in the intestine by gut
microbiota [70] by deamination producing benzoate. However, benzoate levels in the fecal
extracts were also lower than in controls, suggesting that a reduced supply of phenylalanine
due to reduced enzymatic digestion of dietary protein was a better explanation of lower

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018 41/51


https://doi.org/10.1371/journal.pone.0200658.t021
https://doi.org/10.1371/journal.pone.0200658

@° PLOS | ONE

NMR-based metabolic profiling of a transgenic mouse model of pancreatic cancer

phenylalanine levels rather than elevated gut microbial degradation of dietary derived phenyl-
alanine associated with gut microbial dysbiosis.

Among the most significant changes in the metabolic profile in the fecal extracts of
15-month male and female study mice was increased acetoin (VIP ranging from 1.1-1.7, p-val-
ues on the order 1072, and accuracies ranging from 60%-70%). Acetoin, also known as
3-hydroxybutanone, is used as an external energy store by many fermentative bacteria and is
an important physiological metabolite excreted by many microorganisms [71]. It is natural
that we would find acetoin in the fecal extracts given the abundance of microbes in the mouse
gut. The increase in acetoin in 15-month study mice again indicates increased gut microbial
secretion of acetoin associated with an altered gut microbiome.

Benzoate significantly decreased in 15-month fecal extracts from female study mice (VIP
ranging from 0.84-1.19, p-values on the order 107>~10">, and accuracies ranging from 72%-
77%). Benzoate is primarily produced in the intestine from gut bacterial deamination of phe-
nylalanine [55]. Phenylalanine occurs as a product of protein digestion in the intestines. There
was no detected decrease in dietary consumption over the course of the study. Therefore,
reduced benzoate production in the feces was consistent with reduced deamination of phenyl-
alanine by gut microbes in the intestines. This result is also consistent with the reduced levels
of phenylalanine observed in the fecal extracts (see above). This result was also consistent with
the reduced levels of benzoate observed in the urine of 15-month study mice. All of these
observations could be explained by reduced enzymatic digestion of dietary protein into indi-
vidual amino acids caused by inactivation of digestive enzymes caused by bicarbonate wasting.

Altered pathways in pancreas tissue extracts from study mice

Pathway analysis indicated 19 metabolic pathways (Fig 19). The top five pathways were phe-
nylalanine, tyrosine, and tryptophan biosynthesis, aminoacyl-tRNA biosynthesis, phenylala-
nine metabolism, alanine, aspartate and glutamate metabolism, ubiquinone and other
terpenoid-quinone biosynthesis. The complete list of metabolic pathways and corresponding
metabolites identified within that pathway are included in Table 22.

Interpretation of altered pathway relationships in pancreas tissue extracts

The most significant difference between the metabolic profiles of normal acinar pancreas tissue
extracts and extracts of pancreata from 15-month study mice was increased tyrosine (VIP rang-
ing from 1.1-2.4, p-values on the order 107'-10"%, and accuracies ranging from 72%-83%).
Amino acids are normally imported as monomers to support cell growth, but alternative routes
can include uptake of proteins via micropinocytosis and subsequent lysosomal degradation of
the proteins as a source of amino acids [72]. A simple relationship between the disease state of
the pancreas and the concentrations of free amino acids in the tissue is not clear, as it has been
reported that in pancreatic cancer, the tumor tissue deficient in glutamine and serine, but accu-
mulated essential amino acids [72]. Since the PanIN present in the study mice tissue represents
a precancerous state that resembles that of chronic pancreatitis, it is impossible to relate the
alteration of tyrosine levels in the PanIN tissues to that present in pancreas tumor tissue.

Taurine levels were also significantly elevated in 15-month pancreas tissue extracts from
study mice (VIP ranging from 1.28-1.87, p-values on the order 107>~1077, and accuracies
ranging from 71%-78%). This result is consistent with elevated levels of taurine reported in
early pancreatic cancer using high resolution magic angle spinning to probe pancreatic tissue
samples taken from the same mouse model studied here [73]. In this same study, lactate levels
were also reported to be elevated in the study mice tissues, consistent with elevated lactate
observed in 15-month study mice pancreas tissue extracts reported here.
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Fig 19. Pathway analysis from pancreas tissue samples. The “metabolome view” from MetaboAnalyst 3.0 showing
the pathway impact on the x-axis versus the negative log(p-values) on the y-axis for the metabolic pathways. Pathway
names have been added.

https://doi.org/10.1371/journal.pone.0200658.9019

Table 22. Pathways altered in pancreatic tissue samples and the corresponding pathway-associated metabolites.

Pathway Name Metabolites
glycolysis or gluconeogenesis L-lactic acid
purine metabolism xanthine

pyruvate metabolism

L-lactic acid

nicotinate and nicotinamide metabolism

niacinamide

alanine, aspartate and glutamate metabolism

L-aspartic acid, L-asparagine

glycerophospholipid metabolism

phosphorylcholine

primary bile acid biosynthesis

taurine

beta-alanine metabolism

L-aspartic acid

galactose metabolism D-glucose
pyrimidine metabolism cytidine
tyrosine metabolism L-tyrosine

phenylalanine, tyrosine and tryptophan biosynthesis

L-phenylalanine, L-tyrosine

aminoacyl-tRNA biosynthesis

L-asparagine, L-phenylalanine, L-aspartic acid, L-tyrosine

arginine and proline metabolism

L-aspartic acid

taurine and hypotaurine metabolism

taurine

histidine metabolism

L-aspartic acid

starch and sucrose metabolism

D-glucose

phenylalanine metabolism

L-phenylalanine, L-tyrosine

ubiquinone and other terpenoid-quinone biosynthesis

L-tyrosine

https://doi.org/10.1371/journal.pone.0200658.1022
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Glucose levels were increased in the pancreatic tissue of 15-month-old mice (VIP ranging
from 1.35-1.80, p-values on the order 107>~10">, and accuracies ranging from 73%-78%).
One possible explanation for the increased glucose levels in the PanIN tissue was reduced con-
sumption of glucose by PanIN tissue cells in comparison to the normal functioning acinar
cells that dominate the healthy pancreas.

Conclusions

This study represents one of the largest systematic and comprehensive histological and meta-
bolic profiling investigations of the most well characterized mouse model of pancreatic cancer,
namely the Ptfla-Cre; LSL-KrasG12D transgenic mouse model, reported to date. Aspects of
the study that stand out include the substantial range of mouse ages, from 5-months to
16-months, included in the study, and the strong statistical power supporting the comparisons
of the age-matched and gender-matched samples over the entire age range. The fact that the
exact status of the pancreas was established by histological analysis for every mouse from
which samples were collected for metabolic profiling also increased the power of the study.

One of the most remarkable results is the dramatic transformation that takes place in the
pancreas morphology as the study mice age, starting from a healthy normal looking pancreas
and changing to a morphology characterized by complete substitution of healthy acinar tissue
by a universal PanIN morphology [33] by 15-16 months of age. It is well established that the
morbidity of pancreatic cancer is strongly associated with the type of pancreatic cancer, e.g.
endocrine versus exocrine [9], and that histological analysis plays a critical role in the diagnosis
of the type of pancreatic cancer [9, 33]. While the histological analysis of each pancreas
matched with urine, fecal and blood samples was originally intended to enable a precise stag-
ing of the disease in each mouse, it became apparent early on in the study that it would be diffi-
cult to assign precise percentages of each PanIN stage to each mouse, since large fractions of
each pancreas were generally transformed into what we broadly refer to as the PanIN state,
and that generally all PanIN stages were observed in each tissue actively undergoing transfor-
mation. Indeed, many of the histological features observed in the pancreata were difficult or
impossible to classify using the existing PanIN definitions, which is an issue that we have
addressed in a separate publication [33]. Part of the difficulty in making PanIN staging assign-
ments using the original classification scheme [74, 75] originates from the assumption that
PanINs represent a deformation or transformation of an existing pancreatic duct into a
PanIN, whereas our data reported in this paper and in our previous work, as well as that of oth-
ers [76], illustrates that rather than PanINs being derived from individuals duct, there is a
wholesale replacement of acinar tissue with structures that take on the appearance of PanINs.
These structures, while still classified as PanINs, appear to be largely derived from acinar-to-
ductal metaplasia [76], and so many of the histological features observed in the pancreata sec-
tions defy a simple classification using the existing and recognized PanIN stages. Rather, the
structures involved in acinar-to-ductal metaplasia seem more appropriately defined by the
model more recently introduced by Chuvin et al. [76] than the PanIN-1 through PanIN-3 con-
vention that has long been used [74, 75]. Therefore, interpretation of the metabolic profiling
results reported here is more appropriate in the context of the more recent PanIN terminology
associated with acinar-to-ductal metaplasia [76].

Another preliminary observation that may be relevant to interpretation of these data is the
status of the endocrine function of the pancreas in the presence of acinar to ductal metaplasia.
Based on a preliminary histological of endocrine function using fluorescent antibodies to
detect insulin and glucagon production by beta and alpha cells, respectively, we were able to
detect the presence of both functioning alpha and beta cells even in the presence of mostly
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PanlIN tissue, albeit that the islets appeared to be disorganized, no longer spherical, and the
islet cells appeared to be organizing along the PanIN epithelial cells. While these preliminary
observations indicate persistent pancreatic endocrine function even in mice that had fully
transitioned to a PanIN phenotype, a more thorough investigation of the endocrine function
in these mice will be the subject of a future investigation.

While the morphological changes in the pancreata of the study mice were remarkable, the
pancreas transformation proceeded to adenocarcinoma in only about 50 of the study mice.
This means that metabolic profiling changes reported in this study largely reflect changes asso-
ciated with the transformation of the healthy pancreas to the precancerous PanIN state. The
morphology of the transformed pancreata of the study mice strongly resembles that of human
patients diagnosed with chronic pancreatitis [65]. It is perhaps remarkable that the mice con-
tinue to thrive after the entire pancreas has undergone a transformation to a PanIN morphol-
ogy that is devoid of acinar tissue. Given the well-known function that the acinar cells secrete
critical digestive enzymes along with a substantial amount of bicarbonate to prevent denatur-
ation of the digestive enzymes by neutralizing the highly acidic environment of the stomach, it
is perhaps not surprising that the metabolic profiling changes that were observed could largely
be explained as being caused by, or a consequence of, bicarbonate wasting due to loss of bicar-
bonate production. Given the dramatic gross morphological changes observed in the pancreas
tissue, it was surprising that more dramatic changes in the metabolic profiles of the urine and
blood from these animals were not observed. Nonetheless, the statistical power allowed detec-
tion of significant changes in the metabolic profiles of each of the biological fluids analyzed,
and because of the longitudinal nature of the study, it was possible to identify changes in the
metabolic profiles that were present in male and female mice that had established pancreatic
tumors, and to look backwards in time to younger mice with a smaller PanIN burden to deter-
mine the earliest time at which the particular metabolic biomarkers were useful in predicting
the precancerous PanIN state. The absence of more dramatic changes in the metabolic profiles
of these biofluids may be an indicator of at least one reason why it has been so difficult to iden-
tify biomarkers for early detection of pancreatic cancer. Indeed, the absence of visible signs of
distress in the mice as their pancreata progressed towards a complete transformation to the
precancerous PanIN state may be representative of the indolent state of the disease of pancre-
atic cancer in asymptomatic humans, or at least its precancerous PanIN phase, which is insidi-
ous in that the indolent and asymptomatic state remains impossible to detect using any
existing biomarkers.

The substantial statistical power provided by the experimental design was leveraged by
employing multiple independent methods to validate the significance of the metabolic changes
including p-values, VIP scores, and accuracies. Our confidence in identifying important meta-
bolic changes in the study group was increased when a putative metabolite was strongly sup-
ported by all three of these metrics. Focusing on the three biofluids that can be obtained by
minimally invasive means, i.e. urine, blood, and feces, we were able to identify the following
putative biomarkers: decreased 3-indoxylsulfate, benzoate and citrate in urine, decreased glu-
cose, choline, and lactate in blood, and decreased phenylalanine and benzoate and increased
acetoin in fecal extracts. Again, it should be emphasized that these changes in the metabolic
profiles were independently validated in these biofluids from mice that had established pancre-
atic tumors, and then it was possible to confirm not only that these same changes occurred in
male and female mice in the precancerous PanIN stages, but it was also possible to determine
at what age it was possible to detect the change the putative biomarker. It should be also noted
that some of the top scoring peaks in the NMR spectra remained unidentified. However, we
subjected all of the unidentified peaks to the same rigor of analysis and reported all of the anal-
ysis either in the main body of the manuscript or within the supporting supplementary
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material. This information should be valuable for comparison with future studies allowing for
confirmation of important changes that occurred within the NMR spectra of the study mice,
but that could not be associated with a specific metabolite at this time. Due to the nature of the
design study, the important metabolites and NMR resonances were only identified post-hoc,
and therefore it was not possible to conduct a time-dependent modeling analysis regarding
these potential biomarkers, however, such an investigation would be valuable to further vali-
date these biomarkers in a future study.

As with any study, there were certain limitations of this study. For example, we were limited
to studying a transgenic mouse model of pancreatic cancer, whereas the obvious application is
intended to be applied to spontaneous human cancers. It is equally obvious that it is impossible
to conduct a comprehensive longitudinal study of pancreatic cancer, or for that matter, pro-
gression of the precancerous phase that occurs prior to adenocarcinoma, in a human study.
So, while this limitation exists in our study, it is insurmountable given that it is not possible to
conduct a comparable study in humans. Notwithstanding, the results from this study have led
to identification of certain metabolic profiling patterns that can be investigated in human
patients for further validation when appropriate samples are available.

As far as future work is concerned, this study was also limited in that only NMR based met-
abolic profiling was conducted. An obvious next step could be to expand to technology to
include LC/MS based profiling to complement the information established from the NMR
based data analysis. Another aspect that requires addition research is to complete the identifi-
cation of the peaks that showed great promise as potential biomarkers, but remain
unidentified.

An intriguing aspect of our study is that the results report on the precancerous phase prior
to initiation of adenocarcinoma. This means that the putative metabolic biomarkers could
potentially be useful for identification of a precancerous stage of pancreatic cancer progression
in humans. Given the promising accuracy of the biomarkers identified in this study, one can
imagine a future diagnostic metabolic profiling-based test that assays for a combined analysis
of urine, blood, and feces that could potentially be used identify individuals at risk for develop-
ing pancreatic cancer prior to the disease.

In closing, improving the prognosis for pancreatic cancer patients is obviously a multi-
faceted problem with many challenges. One important requirement to achieving this goal is
that much more effective means of treating pancreatic cancer once it has been detected are
urgently needed. However, given the significant improvement in survival associated with
catching the disease when it can still be treated by surgical resection, there must also be a per-
sistent effort to discover more effective means for early detection of the disease. The results
reported in this manuscript demonstrate that metabolic profiling results obtained from multi-
ple biological fluids obtained non-invasively can be used to identify biomarkers with high
accuracy for identifying the precancerous stage of pancreatic cancer. The next challenge is to
design an experimental study in humans that can be used to confirm the results obtained from
this study.

Supporting information

S1 File. This supplementary material file contains 73 supplementary figures labeled from
Fig A to Fig BU.
(PDF)

S2 File. This supplementary material file contains five supplementary tables.
(PDF)

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018 46/51


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0200658.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0200658.s002
https://doi.org/10.1371/journal.pone.0200658

@° PLOS | ONE

NMR-based metabolic profiling of a transgenic mouse model of pancreatic cancer

Acknowledgments

The work conducted in this study was supported by a grant from the NIH/NCI
(IR15CA152985) to MAK. The authors would like to acknowledge support from the Miami
University Undergraduate Research Award Program, the Miami University Undergraduate
Summer Scholars Program and the Miami University Doctoral Undergraduate Opportunity
for Scholarship Program. We would like to thank the following Miami University undergradu-
ate students who assisted in one way or another on this project from 2011-2018: William Wil-
son, Grant Sefton, Hannah Dempsey, Laura LoBuglio, Joseph Nowatzske, Tori Alexander,
Sami Leslie, Connor Hoban, Taylor Martin, Lauren Martyn, Anna Capre, Seth Yoder, Sydney
Wagner, Sonia Bhati, Amnjot Hothi, Pierce Kurek, Ann Ansah, Christiana Gyamfi, Katherine
Tenbarge, Natalie Bata, Hollie Schaffer, Neal Naveen, Katie Orr, Kayla Hawkins, Amelia
Adams, Brian Byrne, JT Corcoran, Maria McNurlen, Jenna Greve, Ethan Elshoff, Alyson Mon-
agan, Craig Mathews, Taylor Boll, and Christina Ebenroth.

Author Contributions
Conceptualization: Michael A. Kennedy.
Data curation: Michelle J. Schmahl, Michael A. Kennedy.

Formal analysis: Michelle J. Schmahl, Daniel P. Regan, William C. Joesten, Michael A.
Kennedy.

Funding acquisition: Michael A. Kennedy.

Investigation: Michelle J. Schmahl, Daniel P. Regan, Adam C. Rivers, Michael A. Kennedy.
Methodology: Michelle J. Schmahl, Daniel P. Regan, Adam C. Rivers, Michael A. Kennedy.
Project administration: Michael A. Kennedy.

Resources: Michael A. Kennedy.

Software: William C. Joesten, Michael A. Kennedy.

Supervision: Michael A. Kennedy.

Validation: Michelle J. Schmahl, Michael A. Kennedy.

Visualization: Michael A. Kennedy.

Writing - original draft: Michelle ]. Schmahl, Michael A. Kennedy.

Writing - review & editing: Michelle J. Schmahl, Michael A. Kennedy.

References

1. Ottenhof NA, Milne AN, Morsink FH, Drillenburg P, Ten Kate FJ, Maitra A, et al. Pancreatic intraepithe-
lial neoplasia and pancreatic tumorigenesis: of mice and men. Arch Pathol Lab Med. 2009; 133(3):375—
81. https://doi.org/10.1043/1543-2165-133.3.375 PMID: 19260743

2. Jemal A, Siegel R, Ward E, Murray T, Xu J, Smigal C, et al. Cancer statistics, 2006. CA Cancer J Clin.
2006; 56(2):106—30. PMID: 16514137

3. Warshaw AL, Fernandez-del Castillo C. Pancreatic carcinoma. N Engl J Med. 1992; 326(7):455—-65.
https://doi.org/10.1056/NEJM199202133260706 PMID: 1732772

4. Hingorani SR, Petricoin EF, Maitra A, Rajapakse V, King C, Jacobetz MA, et al. Preinvasive and inva-
sive ductal pancreatic cancer and its early detection in the mouse. Cancer Cell. 2003; 4(6):437-50.
PMID: 14706336

5. Siegel R, Naishadham D, Jemal A. Cancer statistics, 2012. CA Cancer J Clin. 2012; 62(1):10-29.
https://doi.org/10.3322/caac.20138 PMID: 22237781

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018 47/51


https://doi.org/10.1043/1543-2165-133.3.375
http://www.ncbi.nlm.nih.gov/pubmed/19260743
http://www.ncbi.nlm.nih.gov/pubmed/16514137
https://doi.org/10.1056/NEJM199202133260706
http://www.ncbi.nlm.nih.gov/pubmed/1732772
http://www.ncbi.nlm.nih.gov/pubmed/14706336
https://doi.org/10.3322/caac.20138
http://www.ncbi.nlm.nih.gov/pubmed/22237781
https://doi.org/10.1371/journal.pone.0200658

@° PLOS | ONE

NMR-based metabolic profiling of a transgenic mouse model of pancreatic cancer

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

Vincent A, Herman J, Schulick R, Hruban RH, Goggins M. Pancreatic cancer. Lancet. 2011; 378
(9791):607—-20. https://doi.org/10.1016/S0140-6736(10)62307-0 PMID: 21620466

Siegel RL, Miller KD, Jemal A. Cancer statistics, 2018. CA Cancer J Clin. 2018; 68(1):7-30. https://doi.
org/10.3322/caac.21442 PMID: 29313949

Hidalgo M. Pancreatic cancer. N Engl J Med. 2010; 362(17):1605—17. https://doi.org/10.1056/
NEJMra0901557 PMID: 20427809

Fesinmeyer MD, Austin MA, Li Cl, De Roos AJ, Bowen DJ. Differences in survival by histologic type of
pancreatic cancer. Cancer Epidemiol Biomarkers Prev. 2005; 14(7):1766-73. https://doi.org/10.1158/
1055-9965.EPI-05-0120 PMID: 16030115

Halfdanarson TR, Rubin J, Farnell MB, Grant CS, Petersen GM. Pancreatic endocrine neoplasms: epi-
demiology and prognosis of pancreatic endocrine tumors. Endocr Relat Cancer. 2008; 15(2):409-27.
https://doi.org/10.1677/ERC-07-0221 PMID: 18508996

Farrell JJ, van Rijnsoever M, Elsaleh H. Early detection markers in Pancreas Cancer. Cancer Biomark-
ers. 2005; 1((2-3)):157-75. PMID: 17192037

Cameron JL, He J. Two thousand consecutive pancreaticoduodenectomies. J Am Coll Surg. 2015; 220
(4):530-6. https://doi.org/10.1016/j.jamcollsurg.2014.12.031 PMID: 25724606

Hurton S, MacDonald F, Porter G, Walsh M, Molinari M. The current state of pancreatic cancer in Can-
ada: incidence, mortality, and surgical therapy. Pancreas. 2014; 43(6):879-85. https://doi.org/10.1097/
MPA.0000000000000147 PMID: 24763076

Li D, Xie K, Wolff R, Abbruzzese JL. Pancreatic cancer. Lancet. 2004; 363(9414):1049-57. https://doi.
org/10.1016/S0140-6736(04)15841-8 PMID: 15051286

Eser S, Messer M, Eser P, von Werder A, Seidler B, Bajbouj M, et al. In vivo diagnosis of murine pancre-
atic intraepithelial neoplasia and early-stage pancreatic cancer by molecular imaging. Proc Natl Acad
SciU S A. 2011; 108(24):9945-50. https://doi.org/10.1073/pnas.1100890108 PMID: 21628592

Nicholson JK, Lindon JC, Holmes E. ’Metabonomics’: understanding the metabolic responses of living
systems to pathophysiological stimuli via multivariate statistical analysis of biological NMR spectro-
scopic data. Xenobiotica. 1999; 29(11):1181-9. https://doi.org/10.1080/004982599238047 PMID:
10598751

Romick-Rosendale LE, Goodpaster AM, Hanwright PJ, Patel NB, Wheeler ET, Chona DL, et al. NMR-
based metabonomics analysis of mouse urine and fecal extracts following oral treatment with the
broad-spectrum antibiotic enrofloxacin (Baytril). Magn Reson Chem. 2009; 47 Suppl 1:5S36—46.

Watanabe M, Sheriff S, Ramelot TA, Kadeer N, Cho J, Lewis KB, et al. NMR Based Metabonomics
Study of DAG Treatment in a C2C12 Mouse Skeletal Muscle Cell Line Myotube Model of Burn-Injury.
IntJ Pept Res Ther. 2011; 17(4):281-99.

Watanabe M, Sheriff S, Kadeer N, Cho J, Lewis KB, Balasubramaniam A, et al. NMR based metabo-
nomics study of NPY Y5 receptor activation in BT-549, a human breast carcinoma cell line. Metabolo-
mics. 2012; 8(5):854—68.

Romick-Rosendale LE, Brunner HI, Bennett MR, Mina R, Nelson S, Petri M, et al. Identification of Uri-
nary Metabolites That Distinguish Proliferative From Membranous Lupus Nephritis by NMR-Based
Metabonomics. Arthritis Research and Therapy 2011; 13:R199. https://doi.org/10.1186/ar3530 PMID:
22152586

Romick-Rosendale LE, Schibler KR, Kennedy MA. A Potential Biomarker for Acute Kidney Injury in Pre-
term Infants from Metabolic Profiling. J Mol Biomark Diagn. 2012;Suppl 3.

Watanabe M, Sheriff S, Lewis KB, Cho J, Tinch SL, Balasubramaniam A, et al. Metabolic profiling com-
parison of human pancreatic ductal epithelial cells and three pancreatic cancer cell lines using NMR
based metabonomics Journal of Molecular Biomarkers and Diagnosis. 2012; S3:1-17.

Morrow AL, Lagomarcino AJ, Schibler KR, Taft DH, Yu Z, Wang B, et al. Early microbial and metabolo-
mic signatures predict later onset of necrotizing enterocolitis in preterm infants. Microbiome. 2013; 1
(1):13. https://doi.org/10.1186/2049-2618-1-13 PMID: 24450576

Romick-Rosendale LE, Legomarcino A, Patel NB, Morrow AL, Kennedy MA. Prolonged antibiotic use
induces intestinal injury in mice that is repaired after removing antibiotic pressure: implications for
empiric antibiotic therapy. Metabolomics. 2014; 10(1):8—-20. https://doi.org/10.1007/s11306-013-0546-
5 PMID: 26273236

Shi ZQ, Wang B, Chihanga T, Kennedy MA, Weber GF. Energy Metabolism during Anchorage-Inde-
pendence. Induction by Osteopontin-c. Plos One. 2014; 9(8).

Wang B, Sheriff S, Balasubramaniam A, Kennedy MA. NMR based metabonomics study of Y2 Recep-
tor activation by neuropeptide Y in the SK-N-BE2 human neuroblastoma cell line. Metabolomics. 2015;
11(5):1243-52.

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018 48/51


https://doi.org/10.1016/S0140-6736(10)62307-0
http://www.ncbi.nlm.nih.gov/pubmed/21620466
https://doi.org/10.3322/caac.21442
https://doi.org/10.3322/caac.21442
http://www.ncbi.nlm.nih.gov/pubmed/29313949
https://doi.org/10.1056/NEJMra0901557
https://doi.org/10.1056/NEJMra0901557
http://www.ncbi.nlm.nih.gov/pubmed/20427809
https://doi.org/10.1158/1055-9965.EPI-05-0120
https://doi.org/10.1158/1055-9965.EPI-05-0120
http://www.ncbi.nlm.nih.gov/pubmed/16030115
https://doi.org/10.1677/ERC-07-0221
http://www.ncbi.nlm.nih.gov/pubmed/18508996
http://www.ncbi.nlm.nih.gov/pubmed/17192037
https://doi.org/10.1016/j.jamcollsurg.2014.12.031
http://www.ncbi.nlm.nih.gov/pubmed/25724606
https://doi.org/10.1097/MPA.0000000000000147
https://doi.org/10.1097/MPA.0000000000000147
http://www.ncbi.nlm.nih.gov/pubmed/24763076
https://doi.org/10.1016/S0140-6736(04)15841-8
https://doi.org/10.1016/S0140-6736(04)15841-8
http://www.ncbi.nlm.nih.gov/pubmed/15051286
https://doi.org/10.1073/pnas.1100890108
http://www.ncbi.nlm.nih.gov/pubmed/21628592
https://doi.org/10.1080/004982599238047
http://www.ncbi.nlm.nih.gov/pubmed/10598751
https://doi.org/10.1186/ar3530
http://www.ncbi.nlm.nih.gov/pubmed/22152586
https://doi.org/10.1186/2049-2618-1-13
http://www.ncbi.nlm.nih.gov/pubmed/24450576
https://doi.org/10.1007/s11306-013-0546-5
https://doi.org/10.1007/s11306-013-0546-5
http://www.ncbi.nlm.nih.gov/pubmed/26273236
https://doi.org/10.1371/journal.pone.0200658

@° PLOS | ONE

NMR-based metabolic profiling of a transgenic mouse model of pancreatic cancer

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

Chihanga T, Ma Q, Nicholson JD, Ruby HN, Edelmann RE, Devarajan P, et al. NMR spectroscopy and
electron microscopy identification of metabolic and ultrastructural changes to the kidney following ische-
mia-reperfusion injury. Am J Physiol Renal Physiol. 2018; 314(2):F154—F66. https://doi.org/10.1152/
ajprenal.00363.2017 PMID: 28978534

Jones S, Zhang X, Parsons DW, Lin JC, Leary RJ, Angenendt P, et al. Core signaling pathways in
human pancreatic cancers revealed by global genomic analyses. Science. 2008; 321(5897):1801-6.
https://doi.org/10.1126/science.1164368 PMID: 18772397

Kobayashi T, Nishiumi S, Ikeda A, Yoshie T, Sakai A, Matsubara A, et al. A novel serum metabolomics-
based diagnostic approach to pancreatic cancer. Cancer Epidemiol Biomarkers Prev. 2013; 22(4):571—
9. https://doi.org/10.1158/1055-9965.EPI-12-1033 PMID: 23542803

Haug U, Wente MN, Seiler CM, Jesenofsky R, Brenner H. Stool testing for the early detection of pancre-
atic cancer: rationale and current evidence. Expert Rev Mol Diagn. 2008; 8(6):753-9. https://doi.org/10.
1586/14737159.8.6.753 PMID: 18999925

Veite-Schmahl MJ, Joesten WC, Kennedy MA. HMIGA1 expression levels are elevated in pancreatic
intraepithelial neoplasia cells in the Ptf1a-Cre; LSL-KrasG12D transgenic mouse model of pancreatic
cancer. BrJ Cancer. 2017; 117(5):639-47. https://doi.org/10.1038/bjc.2017.216 PMID: 28697176

Veite-Schmahl MJ, Regan DP, Rivers AC, Nowatzke JF, Kennedy MA. Dissection of the Mouse Pan-
creas for Histological Analysis and Metabolic Profiling. J Vis Exp. 2017(126).

Veite-Schmahl MJ, Rivers AC, Regan DP, Kennedy MA. The Mouse Model of Pancreatic Cancer Atlas
(MMPCA) for classification of pancreatic cancer lesions: A large histological investigation of the
Ptf1aCre/+;LSL-KrasG12D/+ transgenic mouse model of pancreatic cancer. PLoS One. 2017; 12(11):
e0187552. https://doi.org/10.1371/journal.pone.0187552 PMID: 29121082

Ying H, Kimmelman AC, Lyssiotis CA, Hua S, Chu GC, Fletcher-Sananikone E, et al. Oncogenic Kras
maintains pancreatic tumors through regulation of anabolic glucose metabolism. Cell. 2012; 149
(3):656-70. https:/doi.org/10.1016/j.cell.2012.01.058 PMID: 22541435

Macgregor-Das AM, lacobuzio-Donahue CA. Molecular pathways in pancreatic carcinogenesis. J Surg
Oncol. 2013; 107(1):8—14. https://doi.org/10.1002/js0.23213 PMID: 22806689

di Magliano MP, Logsdon CD. Roles for KRAS in pancreatic tumor development and progression.
Gastroenterology. 2013; 144(6):1220-9. https://doi.org/10.1053/j.gastro0.2013.01.071 PMID: 23622131

Kanda M, Matthaei H, Wu J, Hong SM, Yu J, Borges M, et al. Presence of Somatic Mutations in Most
Early-Stage Pancreatic Intraepithelial Neoplasia. Gastroenterology. 2012; 142(4):730-U129. https://
doi.org/10.1053/j.gastro.2011.12.042 PMID: 22226782

Goodpaster AG, Romick-Rosendale LE, Kennedy MA. Statistical Significance of NMR-Based Metabo-
nomics Data. Analytical Biochemistry. 2010; 401:134—43. https://doi.org/10.1016/j.2b.2010.02.005
PMID: 20159006

Goodpaster AM, Kennedy MA. Quantification and statistical significance analysis of group separation in
NMR-based metabonomics studies. Chemometr Intell Lab Syst. 2011; 109(2):162—-70. https://doi.org/
10.1016/j.chemolab.2011.08.009 PMID: 26246647

Worley B, Powers R. Multivariate Analysis in Metabolomics. Curr Metabolomics. 2013; 1(1):92—107.
https://doi.org/10.2174/2213235X11301010092 PMID: 26078916

Ulrich EL, Akutsu H, Doreleijers JF, Harano Y, loannidis YE, Lin J, et al. BioMagResBank. Nucleic
Acids Res. 2008; 36(Database issue):D402-8. https://doi.org/10.1093/nar/gkm957 PMID: 17984079

Wishart DS, Watson MS, Boyko RF, Sykes BD. Automated 1H and 13C chemical shift prediction using
the BioMagResBank. J Biomol NMR. 1997; 10(4):329-36. PMID: 9460240

Wishart DS, Tzur D, Knox C, Eisner R, Guo AC, Young N, et al. HMDB: the Human Metabolome Data-
base. Nucleic Acids Res. 2007; 35(Database issue):D521-6. https://doi.org/10.1093/nar/gkl923 PMID:
17202168

Wishart DS, Knox C, Guo AC, Eisner R, Young N, Gautam B, et al. HMDB: a knowledgebase for the
human metabolome. Nucleic Acids Res. 2009; 37(Database issue):D603-10. https://doi.org/10.1093/
nar/gkn810 PMID: 18953024

Wishart DS, Jewison T, Guo AC, Wilson M, Knox C, Liu Y, et al. HMDB 3.0—The Human Metabolome
Database in 2013. Nucleic Acids Res. 2013; 41(Database issue):D801—7. https://doi.org/10.1093/nar/
gks1065 PMID: 23161693

Joesten WC, Kennedy MA. A new ranking scheme for assigning confidence levels to metabolite assign-
ments in NMR-based metabolomics studies. Metabolomics. 2018;in review.

Xia J, Psychogios N, Young N, Wishart DS. MetaboAnalyst: a web server for metabolomic data analysis
and interpretation. Nucleic Acids Res. 2009; 37(Web Server issue):W652—-60. https://doi.org/10.1093/
nar/gkp356 PMID: 19429898

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018 49/51


https://doi.org/10.1152/ajprenal.00363.2017
https://doi.org/10.1152/ajprenal.00363.2017
http://www.ncbi.nlm.nih.gov/pubmed/28978534
https://doi.org/10.1126/science.1164368
http://www.ncbi.nlm.nih.gov/pubmed/18772397
https://doi.org/10.1158/1055-9965.EPI-12-1033
http://www.ncbi.nlm.nih.gov/pubmed/23542803
https://doi.org/10.1586/14737159.8.6.753
https://doi.org/10.1586/14737159.8.6.753
http://www.ncbi.nlm.nih.gov/pubmed/18999925
https://doi.org/10.1038/bjc.2017.216
http://www.ncbi.nlm.nih.gov/pubmed/28697176
https://doi.org/10.1371/journal.pone.0187552
http://www.ncbi.nlm.nih.gov/pubmed/29121082
https://doi.org/10.1016/j.cell.2012.01.058
http://www.ncbi.nlm.nih.gov/pubmed/22541435
https://doi.org/10.1002/jso.23213
http://www.ncbi.nlm.nih.gov/pubmed/22806689
https://doi.org/10.1053/j.gastro.2013.01.071
http://www.ncbi.nlm.nih.gov/pubmed/23622131
https://doi.org/10.1053/j.gastro.2011.12.042
https://doi.org/10.1053/j.gastro.2011.12.042
http://www.ncbi.nlm.nih.gov/pubmed/22226782
https://doi.org/10.1016/j.ab.2010.02.005
http://www.ncbi.nlm.nih.gov/pubmed/20159006
https://doi.org/10.1016/j.chemolab.2011.08.009
https://doi.org/10.1016/j.chemolab.2011.08.009
http://www.ncbi.nlm.nih.gov/pubmed/26246647
https://doi.org/10.2174/2213235X11301010092
http://www.ncbi.nlm.nih.gov/pubmed/26078916
https://doi.org/10.1093/nar/gkm957
http://www.ncbi.nlm.nih.gov/pubmed/17984079
http://www.ncbi.nlm.nih.gov/pubmed/9460240
https://doi.org/10.1093/nar/gkl923
http://www.ncbi.nlm.nih.gov/pubmed/17202168
https://doi.org/10.1093/nar/gkn810
https://doi.org/10.1093/nar/gkn810
http://www.ncbi.nlm.nih.gov/pubmed/18953024
https://doi.org/10.1093/nar/gks1065
https://doi.org/10.1093/nar/gks1065
http://www.ncbi.nlm.nih.gov/pubmed/23161693
https://doi.org/10.1093/nar/gkp356
https://doi.org/10.1093/nar/gkp356
http://www.ncbi.nlm.nih.gov/pubmed/19429898
https://doi.org/10.1371/journal.pone.0200658

@° PLOS | ONE

NMR-based metabolic profiling of a transgenic mouse model of pancreatic cancer

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Xia J, Wishart DS. Metabolomic data processing, analysis, and interpretation using MetaboAnalyst.
Curr Protoc Bioinformatics. 2011;Chapter 14:Unit 14 0.

Xia J, Wishart DS. Web-based inference of biological patterns, functions and pathways from metabolo-
mic data using MetaboAnalyst. Nat Protoc. 2011; 6(6):743-60. https://doi.org/10.1038/nprot.2011.319
PMID: 21637195

Xia J, Sinelnikov IV, Han B, Wishart DS. MetaboAnalyst 3.0—making metabolomics more meaningful.
Nucleic Acids Res. 2015; 43(W1):W251-7. https://doi.org/10.1093/nar/gkv380 PMID: 25897128

Xia J, Mandal R, Sinelnikov 1V, Broadhurst D, Wishart DS. MetaboAnalyst 2.0—a comprehensive
server for metabolomic data analysis. Nucleic Acids Res. 2012; 40(Web Server issue):W127-33.
https://doi.org/10.1093/nar/gks374 PMID: 22553367

Booth SC, Weljie AM, Turner RJ. Computational tools for the secondary analysis of metabolomics
experiments. Comput Struct Biotechnol J. 2013; 4:e2013010083. https://doi.org/10.5936/csbj.
201301003 PMID: 24688685

Weber D, Oefner PJ, Hiergeist A, Koestler J, Gessner A, Weber M, et al. Low urinary indoxyl sulfate lev-
els early after transplantation reflect a disrupted microbiome and are associated with poor outcome.
Blood. 2015; 126(14):1723-8. https://doi.org/10.1182/blood-2015-04-638858 PMID: 26209659

Melamed P, Melamed F. Chronic metabolic acidosis destroys pancreas. JOP. 2014; 15(6):552—60.
https://doi.org/10.6092/1590-8577/2854 PMID: 25435570

Lord RS, Bralley JA. Clinical applications of urinary organic acids. Part 2. Dysbiosis markers. Altern
Med Rev. 2008; 13(4):292-306. PMID: 19152477

Geng WP, Pang KS. Differences in excretion of hippurate, as a metabolite of benzoate and as an
administered species, in the single-pass isolated perfused rat kidney explained. J Pharmacol Exp Ther.
1999; 288(2):597—-606. PMID: 9918564

Lees HJ, Swann JR, Wilson ID, Nicholson JK, Holmes E. Hippurate: the natural history of a mamma-
lian-microbial cometabolite. J Proteome Res. 2013; 12(4):1527—46. https://doi.org/10.1021/pr300900b
PMID: 23342949

Bralley AA, Lord RS. Urinary Organic Acids Profiling for Assessment of Functional Nutrient Deficien-
cies, Gut Dysbiosis, and Toxicity. In: Pizzorno JE, Murray MT, editors. Textbook of Natural Medicine.
St. Louis, MO USA: Elsevier Churchill Livingston; 2013. p. 224-33.

Zuckerman JM, Assimos DG. Hypocitraturia: pathophysiology and medical management. Rev Urol.
2009; 11(3):134—44. PMID: 19918339

Rudman D, Dedonis JL, Fountain MT, Chandler JB, Gerron GG, Fleming GA, et al. Hypocitraturia in
patients with gastrointestinal malabsorption. N Engl J Med. 1980; 303(12):657—61. https://doi.org/10.
1056/NEJM198009183031201 PMID: 7402252

Sakhaee K, Williams RH, Oh MS, Padalino P, Adams-Huet B, Whitson P, et al. Alkali absorption and cit-
rate excretion in calcium nephrolithiasis. J Bone Miner Res. 1993; 8(7):789-94. https://doi.org/10.1002/
jomr.5650080703 PMID: 8352061

Usui Y, Matsuzaki S, Matsushita K, Shima M. Urinary citrate in kidney stone disease. Tokai J Exp Clin
Med. 20083; 28(2):65—-70. PMID: 14714831

Park HW, Lee MG. Transepithelial bicarbonate secretion: lessons from the pancreas. Cold Spring Harb
Perspect Med. 2012; 2(10).

Hackert T, Schutte K, Malfertheiner P. The Pancreas: Causes for Malabsorption. Viszeralmedizin.
2014; 30(3):190-7. https://doi.org/10.1159/000363778 PMID: 26288593

Jain D. Chronic pancreatitis. 2018 [Available from: http://www.pathologyoutlines.com/topic/
pancreaschronic.html.

Dietary Reference Intakes for Thiamin, Riboflavin, Niacin, Vitamin B6, Folate, Vitamin B12, Pantothenic
Acid, Biotin, and Choline. The National Academies Collection: Reports funded by National Institutes of
Health. Washington (DC)1998.

Hollenbeck CB. An introduction to the nutrition and metabolism of choline. Cent Nerv Syst Agents Med
Chem. 2012; 12(2):100—13. PMID: 22483274

Kota SK, Krishna SV, Lakhtakia S, Modi KD. Metabolic pancreatitis: Etiopathogenesis and manage-
ment. Indian J Endocrinol Metab. 2013; 17(5):799-805. https://doi.org/10.4103/2230-8210.117208
PMID: 24083160

Fang F, He X, Deng H, Chen Q, Lu J, Spraul M, et al. Discrimination of metabolic profiles of pancreatic
cancer from chronic pancreatitis by high-resolution magic angle spinning 1H nuclear magnetic reso-
nance and principal components analysis. Cancer Sci. 2007; 98(11):1678-82. https://doi.org/10.1111/].
1349-7006.2007.00589.x PMID: 17727683

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018 50/51


https://doi.org/10.1038/nprot.2011.319
http://www.ncbi.nlm.nih.gov/pubmed/21637195
https://doi.org/10.1093/nar/gkv380
http://www.ncbi.nlm.nih.gov/pubmed/25897128
https://doi.org/10.1093/nar/gks374
http://www.ncbi.nlm.nih.gov/pubmed/22553367
https://doi.org/10.5936/csbj.201301003
https://doi.org/10.5936/csbj.201301003
http://www.ncbi.nlm.nih.gov/pubmed/24688685
https://doi.org/10.1182/blood-2015-04-638858
http://www.ncbi.nlm.nih.gov/pubmed/26209659
https://doi.org/10.6092/1590-8577/2854
http://www.ncbi.nlm.nih.gov/pubmed/25435570
http://www.ncbi.nlm.nih.gov/pubmed/19152477
http://www.ncbi.nlm.nih.gov/pubmed/9918564
https://doi.org/10.1021/pr300900b
http://www.ncbi.nlm.nih.gov/pubmed/23342949
http://www.ncbi.nlm.nih.gov/pubmed/19918339
https://doi.org/10.1056/NEJM198009183031201
https://doi.org/10.1056/NEJM198009183031201
http://www.ncbi.nlm.nih.gov/pubmed/7402252
https://doi.org/10.1002/jbmr.5650080703
https://doi.org/10.1002/jbmr.5650080703
http://www.ncbi.nlm.nih.gov/pubmed/8352061
http://www.ncbi.nlm.nih.gov/pubmed/14714831
https://doi.org/10.1159/000363778
http://www.ncbi.nlm.nih.gov/pubmed/26288593
http://www.pathologyoutlines.com/topic/pancreaschronic.html
http://www.pathologyoutlines.com/topic/pancreaschronic.html
http://www.ncbi.nlm.nih.gov/pubmed/22483274
https://doi.org/10.4103/2230-8210.117208
http://www.ncbi.nlm.nih.gov/pubmed/24083160
https://doi.org/10.1111/j.1349-7006.2007.00589.x
https://doi.org/10.1111/j.1349-7006.2007.00589.x
http://www.ncbi.nlm.nih.gov/pubmed/17727683
https://doi.org/10.1371/journal.pone.0200658

@° PLOS | ONE

NMR-based metabolic profiling of a transgenic mouse model of pancreatic cancer

70.

71.

72.

73.

74.

75.

76.

Elsden SR, Hilton MG, Waller JM. The end products of the metabolism of aromatic amino acids by Clos-
tridia. Arch Microbiol. 1976; 107(3):283-8. PMID: 1275638

Xiao Z, Xu P. Acetoin metabolism in bacteria. Crit Rev Microbiol. 2007; 33(2):127—40. https://doi.org/
10.1080/10408410701364604 PMID: 17558661

Kamphorst JJ, Nofal M, Commisso C, Hackett SR, Lu W, Grabocka E, et al. Human pancreatic cancer
tumors are nutrient poor and tumor cells actively scavenge extracellular protein. Cancer Res. 2015; 75
(3):544-53. https://doi.org/10.1158/0008-5472.CAN-14-2211 PMID: 25644265

Wang AS, Lodi A, Rivera LB, Izquierdo-Garcia JL, Firpo MA, Mulvihill SJ, et al. HR-MAS MRS of the
pancreas reveals reduced lipid and elevated lactate and taurine associated with early pancreatic can-
cer. NMR Biomed. 2014; 27(11):1361-70. https://doi.org/10.1002/nbm.3198 PMID: 25199993

Hruban RH, Adsay NV, Albores-Saavedra J, Compton C, Garrett ES, Goodman SN, et al. Pancreatic
intraepithelial neoplasia: a new nomenclature and classification system for pancreatic duct lesions. Am
J Surg Pathol. 2001; 25(5):579-86. PMID: 11342768

Hruban RH, Takaori K, Klimstra DS, Adsay NV, Albores-Saavedra J, Biankin AV, et al. An illustrated
consensus on the classification of pancreatic intraepithelial neoplasia and intraductal papillary mucin-
ous neoplasms. Am J Surg Pathol. 2004; 28(8):977-87. PMID: 15252303

Chuvin N, Vincent DF, Pommier RM, Alcaraz LB, Gout J, Caligaris C, et al. Acinar-to-Ductal Metaplasia
Induced by Transforming Growth Factor Beta Facilitates KRAS(G12D)-driven Pancreatic Tumorigene-
sis. Cell Mol Gastroenterol Hepatol. 2017; 4(2):263-82. https://doi.org/10.1016/j.jcmgh.2017.05.005
PMID: 28752115

PLOS ONE | https://doi.org/10.1371/journal.pone.0200658 July 17,2018 51/51


http://www.ncbi.nlm.nih.gov/pubmed/1275638
https://doi.org/10.1080/10408410701364604
https://doi.org/10.1080/10408410701364604
http://www.ncbi.nlm.nih.gov/pubmed/17558661
https://doi.org/10.1158/0008-5472.CAN-14-2211
http://www.ncbi.nlm.nih.gov/pubmed/25644265
https://doi.org/10.1002/nbm.3198
http://www.ncbi.nlm.nih.gov/pubmed/25199993
http://www.ncbi.nlm.nih.gov/pubmed/11342768
http://www.ncbi.nlm.nih.gov/pubmed/15252303
https://doi.org/10.1016/j.jcmgh.2017.05.005
http://www.ncbi.nlm.nih.gov/pubmed/28752115
https://doi.org/10.1371/journal.pone.0200658

