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ABSTRACT
Background: Cranberry products were tested in many clinical trials on their efficacy to
prevent urinary tract infections, however, low compliance and high dropout have plagued
these trials due to cranberries’ bitterness, astringency, and lack of method to verify
consumption. It is possible to use predictive multivariate models built upon validated
biomarkers to verify human consumption of a food using a nutrimetabolomics approach.

Objectives: 1) to validate previously identified cranberry juice intake biomarkers, 2) to build
predictive OPLS-DA models to classify cranberry juice consumers, and 3) discover additional
discriminant metabolites.

Methods: A 21-day double blinded, randomized, placebo-controlled, cross-over study was
conducted among healthy young women aging 18-29. Plasma were collected at baseline and
after 3-day and 21-day consumption of cranberry or placebo juice. Plasma metabolome
were analyzed using UHPLC-Q-Orbitrap-HRMS.

Results: 18 discriminant metabolites in positive mode and 18 discriminant metabolites in
negative mode from a previous 3-day open-label study were re-discovered in the present
blinded study. Predictive OPLS-DA models was built to identify cranberry juice consumers
and non-consumers. The models were able to identify cranberry juice consumers over
placebo juice group with 96.9% correction rates after 3-day consumption at both positive
and negative mode. This present study revealed 84 and 109 additional discriminant
metabolites in positive and negative mode respectively. Twelve of them were tentatively
identified.
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Conclusion: Cranberry juice consumers were classified with high correction rates using
predictive OPLS-DA models built upon validated plasma biomarkers. Additional biomarkers
were tentatively identified. These OPLS-DA models and biomarkers provided an objective
approach to verify participant compliance in future clinical trials.
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INTRODUCTION

Cranberries have many health benefits but are best known for their ability to prevent the
urinary tract infections which affect 50-60% of women in their lifetime [1]. However, clinical
trials on the effectiveness of cranberry products against the occurrence and recurrence of
urinary tract infection yield conflicting results. Some trials showed positive outcome while
results from others were negative. Results from the same research group sometime were
contradictive [2]. The 2012 Cochrane review concluded that low compliance and high
dropout were common problems in clinical trials of cranberry products due to their
bitterness and astringency [3].

There is no objective method to evaluate cranberry

consumption. Currently, self-reporting by participant is used to verify the compliance of
cranberry consumptions in all clinical trials and human intervention studies.
Nutrimetabolomics is a rapidly growing field which applies integrative metabolomic analysis
in nutritional studies [4]. There is a trend to replace traditional dietary assessment method
with metabolomic techniques using specific food intake biomarkers. Metabolomics studies
have been done to identify plasma or urinary biomarkers after consumption of pea, almond,
or certain type of diet [5-7]. Data mining methods like principle component analysis (PCA),
and partial least squares discriminant analysis (PLS-DA) and it’s variant orthogonal PLS-DA
(OPLS-DA) are commonly used to build multivariate models for biomarker identification.
However, any statistical differences should be validated with independent studies, which
were rarely done partially due to high cost of metabolomic research, leaving question marks
on the repeatability of identified biomarkers and model performance.

This article is protected by copyright. All rights reserved.

www.mnf-journal.com

Page 6

Molecular Nutrition & Food Research

A previous untargeted metabolomic study from our lab reported that consumption of
cranberry juice for three days significantly altered plasma metabolome in 18 women in an
open-label cross-over intervention. This study revealed 39 and 42 discriminant metabolic
features in plasma in negative mode and positive mode, respectively, as potential
biomarkers of cranberry juice consumption [8]. The current independent study was
conducted to test the reproductivity of previously found metabolic features and the
performance of predictive OPLS-DA models to classify cranberry juice consumers and nonconsumers. Both biomarker validity and the predictability of the predictive OPLS-DA models
were evaluated in 16 women using placebo-controlled double-blinded crossover design.

MATERIALS AND METHODS

Chemicals and materials

Acetonitrile, methylene chloride, methanol, acetic acid, formic acid and acetone were
purchased from Fischer Scientific Co. (Pittsburgh, PA, USA). Creatine-D3, L-leucine-D10, Ltryptophan-2, 3, 3-D3, caffeine-D3 were from CDN Isotopes (Pointe-Claire, Quebec, Canada).
Dosage information
Cranberry juice cocktail (double strength, 54% juice) and placebo juices in 250-mL bottles
were provided by Ocean Spray Cranberries (Lakeville-Middleboro, MA, USA). Both types of
juice were coded in 3-digit random numbers by Ocean Spray. Placebo juice was 100% apple
juice with colorant. One cannot tell the difference between placebo and cranberry juice by
appearance. Procyanidin, anthocyanin, and sugar content of cranberry juice and placebo
juice are shown in supplemental Table S1. Participants were asked to drink two bottles of
cranberry juice or placebo per day for 21 days then after 14-day wash-out, switched to
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alternative regimen and repeated the protocol. This dosage was matched previous openlabeled study and could be achieved by consuming single strength cranberry juice cocktail
(27%) sold in the market [8].
Subjects and study design
The human study was approved by Institutional Review Boards at the University of Florida.
The experimental design is depicted in Figure 1 and Figure S1. Twenty-two healthy female
college students between 21–29 years old with BMI of 18.5–25.0 were recruited in
Gainesville, Florida. The sample size matched a previous open-label study [8]. Each subject
was provided with a list of foods that contained significant amount of procyanidins, including
cranberries, apples, grapes, blueberries, chocolate and plums. They were advised to avoid
these foods during the 1st –10th day and the rest of the study. The study was randomized,
double-blinded, placebo-controlled. On the morning of the 10th day, a baseline blood was
drawn from all human subjects after an overnight fast. Participants were then randomly
assigned into two groups (n=11 for each group) and asked to consume either cranberry juice
or placebo. Complete randomization was applied to randomly assign participant with
cranberry juice or placebo [9]. Both participants and researchers were blinded. Each
participant had equal chance to receive cranberry juice or placebo. Six bottles (250
ml/bottle) of juice were given to participants to drink in the morning and evening of the 10 th,
11th and 12th days. On the morning of 13th day, all subjects returned to the clinical unit and a
blood sample was collected from participants after fasting overnight. Another supply of
either cranberry juice or placebo were given to participants to drink in the morning and
evening from the 13th to 30th day. Appointments were scheduled weekly from the 14th -29th
day for juice distribution and feedback collection. On the 30 th day morning, a blood was
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drawn from all participants after an overnight fast. After a two-week wash out, participants
switched to the alternative regimen and repeated the protocol. Blood samples were
centrifuged at 2000 g for 10 min at 4 °C to obtain plasma. All plasma samples were aliquoted
and kept in a −80 °C freezer until analysis. One participant was removed from the study due
to missed appointments. Seventeen participants completed all six blood collections and
plasma from these 17 participants were analyzed.
Multiple strategies were applied to ensure high compliance in the present study. All
participants were undergraduate and graduate students from University of Florida. Each
participant was well educated about the scientific merit of this study and the importance of
compliance before the treatment. During the study, reminders of drinking juice were sent at
least twice per week to help with the compliance. Questionnaires collecting the information
of how many bottles missed during each session were completed by participants. According
to the questionnaire, more than 95% compliance were reached for both 3-day and 21-day
consumption. Therefore, after removing the outlier sample points from one participant due
to low compliance, we assumed 100% compliance of the rest 16 participants, which enabled
us to test the model predictability with this dataset.
UHPLC-Q-Orbitrap-HRMS analyses
Plasma sample preparation and UHPLC-Q-Orbitrap-HRMS analyses followed published
method [8]. Briefly, plasma sample was mixed with acetonitrile: acetone: methanol (8:1:1, v:
v: v) and centrifuged to precipitate protein. Supernatant was dried by nitrogen stream and
reconstituted with 0.1% formic acid water. L-leucine-D10, L-tryptophan-2, 3, 3-D3, creatineD3 and caffeine-D3 were added as internal standards. All 80 samples were prepared in the
same manner. Quality control (QC) samples, which were pooled plasma from American Red
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Cross, were prepared and analyzed with experimental samples to monitor the stability and
validity of instrumental acquisition.
Data pre-processing
UHPLC-HRMS data were converted to mzXML using MSConvert from ProteoWizard [10] and
then processed using MZmine 2.12 [11]. Peaks in each sample were extracted,
deconvoluted, and deisotoped. Alignment using join aligner algorithm was conducted with a
10-ppm tolerance for m/z values and 0.2 min tolerance for retention time. Gap filling using
peak finder algorithm was performed to fill in missing peaks. The resultant data set was
imported into SIMCA (Version 14.0, Umetrics, Umea, Sweden) for multivariate statistical
analysis.
Statistical analysis
Data mining strategy is depicted in supplemental Figure S2. Data acquired using positive and
negative ionization were pareto scaled/mean centered and log-transformed before
multivariate statistical analyses. VIP was used to summarize the importance of X-variables
on models and top 1500 VIP (VIP >1) variables of PLS-DA model were selected to build OPLSDA model [12]. Validation of the model was tested using sevenfold internal cross-validation
and permutation tests for 200 times using SIMCA.
Identification of discriminant metabolites
Discriminant metabolic features were identified based on their accurate masses and/or
product ion spectra in negative and positive mode. HMDB was searched to assist metabolite
identification [13]. Confidence level of identification was based on definitions by SchrimpeRutledge et al [14].
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RESULTS AND DISCUSSION
A schematic study flow is depicted in Figure 1. Twenty-two participants were recruited at
the beginning of the study. One participant was removed due to the missing of more than
two appointments. Seventeen participants completed all six blood collections and plasma
from these 17 participants were analyzed. One participant was evaluated to have low
compliance based on questionnaire response. Data from the rest sixteen participants were
included in the results. Nine of them received cranberry juice for the first treatment session,
the rest 7 received placebo. All of them switched to the other type of juice for the second
treatment session. Characteristics of participants including weight, BMI and age were
presented in Table S2. There was no significant difference between groups.
All QC samples clustered on the PCA score plots (Figure S3), indicating the consistency and
stability of UHPLC-Q-Orbitrap-HRMS analyses. L-leucine-D10, L-tryptophan-2, 3, 3-D3,
creatine-D3 and caffeine-D3 in injected standards had low relative standard deviation shown
in supplemental Table S3, suggesting the stability and validity of instrumental and data
acquisition.
Multivariate analysis

Separation of two treatment groups were observed after both 3 days and 21 days juice
consumption in OPLS-DA models (Figure 2A, 2B and 3A, 3B). Parameters of OPLS-DA from
positive and negative ionization were listed in Table 1. With 1500 X-variables R2Y are over
0.9 for both positive and negative ionization 3-day and 21-day treatment, indicating at least
90% of the variance of Y variables was explained by these OPLS-DA models. Q2 calculated
from sevenfold cross-validation indicated goodness of prediction of OPLS-DA models. The
cross-validated score plots showed a clear separation for two groups (Figure 2C, 2D and 3C,
This article is protected by copyright. All rights reserved.
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3D). The results after 3-days juice consumption were consistent with a previous open-label
study. A 200-time permutation test was conducted to evaluate the goodness of fit of
models (Figure 4). X-axis is the correlation coefficient between permuted and original
response variables (denoted as “r”), which represents the degree of randomization of
response variable y. At r = 0, y variables are completely randomized; while at r = 1, there is
no permutation of y variables. Decrease of Q2 was observed along with the decrease of r,
suggesting the model did not overfit [15]. R2 remained nearly unchanged with r, which is a
normal phenomenon when there are large number of predictors and small number of
observations in the models in biological sciences [16].

Predictive models comparing cranberry juice with placebo consumers

S-plots were applied to identify discriminant metabolites (Figure 5 and 6). Eighty-two
discriminant metabolites were found in 3-day positive ionization model while 55
discriminant metabolites were found in 21-day model. Among them, 18 discriminant
metabolites observed in the present study were shared with a previous 3-day open label
study in positive ionization (Table 2) [8]. Fifteen of 18 shared discriminant metabolites
increased after cranberry juice consumption in previous open labeled study, therefore were
selected to build OPLS-DA model with better specificity for cranberry juice.

One hundred and seven discriminant metabolites were found in 3-day model and 85 in 21day model from negative ionization. Among them, eighteen discriminant metabolites from
current study were shared with those identified in a previous 3-day open-label study (Table
3). All these metabolites were found to increase after cranberry juice consumption.
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For 21-day juice consumption groups, 9 shared discriminant metabolites increased after
cranberry consumption were observed in positive ionization and another 12 shared
discriminant metabolites were found in negative ionization. All these metabolites were
included in Table 2 and 3. There was no new shared discriminant metabolites discovered in
21-day juice consumption groups. It is reasonable since previous data was obtained on 3day juice consumption trial, which matched better with the present 3-day consumption
data.

Predictive OPLS-DA models were built with the shared discriminant metabolites mentioned
above using data from previous study. Cranberry juice consumers and apple juice
consumers clustered on the right and left side of OPLS-DA score plots. For predictive OPLSDA models with 15 and 18 X-variables (Model PvC15+ and PvC18-), Q2 were larger than 0.7
for both positive and negative ionization models, indicating good predictability (Table 1). A
200-time permutation test was conducted to investigate the validity and predictability of
OPLS-DA model (Figure 7A, 7B). The regression lines of R2 and Q2 dramatically decreased
when the correlation coefficients between permuted and original response variables
decreased, suggesting that the predictive OPLS-DA models did not overfit. Classification
scatters (Figure 8) showed the prediction results of the present study data by the predictive
models. Previous 3-day open labeled study data was used as training set, and current study
data was used as test set. Cranberry juice group was classified as cranberry juice group (on
the right side) while placebo group was classified as apple juice group (on the left side).
Correct classification rates were 96.9% for 3-day juice consumption data acquired by
positive and negative ionization, 93.8% for 21-day juice consumption data acquired by
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positive ionization. The 21-day juice consumption data acquired by negative ionization had a
correct classification rate of 90.6%.

Predictive models comparing cranberry consumers with baseline

Multivariate data analysis was done between cranberry juice group and baseline group
using the same strategy used between placebo and cranberry juice groups. Seventy-five
discriminant metabolites were identified after 3-day juice consumption in positive
ionization, among them, 14 were shared with previous study and were used to build the
predictive model in positive ionization (Figure 9A). All these 14 metabolites were included in
Table 2. Seventy-eight discriminant metabolites were putatively identified after 21-day juice
consumption (Figure 9B). In negative ionization, 92 discriminant metabolites were
tentatively identified after 3-day juice consumption and 65 discriminant metabolites were
identified after 21-day juice consumption (Figure 10). Fifteen metabolites were shared with
those in previous study and was used to build the predictive model in negative ionization, all
these 15 were included in Table 3. Therefore, no new shared discriminant metabolites were
identified in the analysis between baseline samples and cranberry juice consumers.
Predictive OPLS-DA models were built up with these 15 shared discriminant metabolites
mentioned above using data from previous 3-day open label study with the baseline group
on the left side and cranberry juice consumption group on the right. Parameters of the
above two models were listed in Table 1 as models BvC14+ and BvC15-. A 200-time
permutation test was conducted and proved the validity and predictability of OPLS-DA
model (Figure 7C, 7D). According to the classification scatters (Figure 11), both positive and
negative ionization models showed better performance when classifying samples after 3day cranberry juice consumption with correct classification rate of 93.8%. For the

This article is protected by copyright. All rights reserved.

www.mnf-journal.com

Page 14

Molecular Nutrition & Food Research

classification of samples after 21-day cranberry juice consumption, the correct classification
rates were 84.4% for negative ionization and 90.6% for positive ionization. The lower correct
classification rates of the models BvC14+ and BvC15- between baseline and cranberry juice
consumer were not surprising. With less variables used, these models might not perform as
well as models PvC15+ and PvC18-.

To help evaluating the general classification ability, models PvC15+, BvC14+, PvC18- and
BvC15- were used to classify all samples. For model PvC15+ and PvC18-, baseline samples
were classified into apple juice consumption group (on the left side), the total correct
classification rate of all 80 samples was 93.8% for both models (Figure 12A, 12B). For
models BvC14+ and BvC15-, placebo group was classified as baseline (on the left), the total
classification rate of 80 samples was 88.8% for positive ionization (Figure 12C) and 93.8% for
negative ionization (Figure 12D).

Differences in study design and participants might explain some discriminant metabolites
observed in previous study were not identified as discriminant metabolites in present study.
Discriminant metabolites found in open label study consist of intake and effect biomarkers
according to the FoodBALL consortium [17]. The effect biomarkers refer to the functional
responses of human body to an exposure of food compounds which is influenced by the
heterogeneity in biotransformation. Effect biomarkers were not expected in a doubleblinded study design because placebo effect was minimized. Different sets of participants
would also result in variation of discriminant metabolites. Other than a few procyanidin-rich
foods, participants were not asked to avoid other foods during both studies. The diet
differences may also contribute to variation of discriminant metabolites. Juices used in
previous and present studies were prepared by the same manufacturer using same
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protocol. However, Table 1S showed that cranberry juice used the present study contained
less procyanidins and anthocyanins compared to the juices used in open-label study because
phenolic content is affected by cultivar, growth location, and year of harvesting [18].
Nevertheless, the shared discriminant metabolites observed across studies had significant
importance and could be used as biomarkers for future cranberry clinical studies. Our study
showed the probability that cranberry consumers can be correctly identified by monitoring
discriminant metabolites only instead of using global metabolomic approaches, which save
time and cost.

Discriminant metabolites identification

Numbers of discriminant metabolites tentatively identified, unidentified, and used in the
predictive models were summarized in Table S4. Discriminant metabolites were identified
using accurate mass and/ or product ion spectrum and database searching according to a
recommended approach [4]. Among 15 metabolites used in the PvC15+ model (Table 2), 10
metabolites were putatively identified (4 were identified previously, 6 were newly
identified). They included exogenous metabolites from cranberry consumption: quinic acid,
3-(hydroxyphenyl) propionic acid, (S)-Homostachydrine, ethyl (methylthio)methyl disulfide;
and endogenous metabolites from cranberry consumption: glycerol 3-phosphate,
dihydroxyquinoline, hippuric acid, hydroxypyruvic acid, 3,4-dihydroxyphenylglycol and
guanidoacetic acid. Six metabolites were putatively identified (5 were identified previously,
1 were newly identified) among 18 metabolites used in the PvC18- model (Table 3). Quinic
acid, catechol sulfate and vanilloloside were exogenous metabolites increased after
cranberry consumption, while 2-chloromaleylacetate, 2-phenylacetamide, hippuric acid, and
tyrosine were increased endogenous metabolites after cranberry consumption. Twelve
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additional discriminant metabolites found in the present study (but not in previous study)
were putatively identified via mass spectral analysis and database searching on HMDB.
These metabolites were listed in Table 4. For positive ionization, pyroglutamic acid, as an
endogenous metabolite was found to increase after apple juice consumption. For negative
ionization, S-acetyl dihydroasparagusic acid, pyrocatechol, guaiacol were found to increase
after

cranberry

consumption

as

exogenous

metabolites.

3-isopropylmalate,

2-

chloromaleylacetate, lanthionine ketimine, prolyl-hydroxyproline, tyramine-O-sulfate,
(3,4,5,6-tetrahydroxyoxan-2-yl)methyl

4-hydroxybenzoate

and

{4-[2,3-dioxo-3-(2,4,6-

trihydroxy-3-methoxyphenyl)propyl]-2-hydroxy-6-methoxyphenyl}oxidanesulfonic

acid

increased after cranberry consumption as endogenous metabolites. 4-deoxythreonic acid
was found to increase after apple consumption as an endogenous metabolite. Additional
discriminant metabolites not identified were listed in Table S5 and S6.

Interestingly, among the shared discriminant metabolites (with previous open label study),
four of them: 3-(hydroxyphenol) propionic acid, hippuric acid, hydroxyhippuric acid and
catechol sulfate were from the microbial catabolism of procyanidins. This indicates that
potentially there might be a very important role of gut microbiota on the degradation of
procyanidins and these metabolites “stayed” as discriminant metabolites for both studies
suggesting the consistence of microbial catabolism of procyanidins. There were 19 new
discriminant metabolites putatively identified.

Catechol, also known as pyrocatechol,

naturally occur in fruits and vegetables, but also found to be a metabolite in some bacteria
including Escherichia, Mycobacterium and Pseudomonas [19, 20]. Guaiacol, as a
monomethyl ether of catechol, has the property of inducing cell proliferation by being a
potent scavenger of reactive oxygen radical s[21]. Both were exogenous metabolites
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increased after cranberry consumption. Anthocyanins contained a catechol ring in its
structure and account for 50% of the oxygen radical scavenging capacity of cranberries [22].
It was unknown whether the increase of guaiacol was a result of anthocyanin metabolism,
but our finding might reveal a potential mechanism of cranberries’ antioxidant effect in vivo.
Cranberry consumption increased 3,4-dihydroxyphenylglycol, which was a normal
endogenous

metabolite

of

norepinephrine,

a

catecholamine

[23].

Free

3,4-

dihydroxyphenylglycol was observed to decrease along with aging. One study also suggested
the plasmatic level of 3,4-dihydroxyphenylglycol decreased among depressed patients [24].
Lanthionine ketimine is thought to possibly serve as a neurochemicals by binding specifically
to brain membrane with high affinity [25]. Some recent study even suggested its ethyl ester
derivative might play a neuroprotective role against neurodegenerative diseases like
Alzheimer's disease [26]. Some endogenous metabolites were involved in amino acid
metabolism like hydroxypyruvic acid, guanidoacetic acid, 3-isopropylmalate, prolylhydroxyproline and 2-phenylacetamide, which were intermediates in glycine, serine,
glutamic acid and threonine metabolism. Tyrosine was found to increase after cranberry
consumption in both studies. Along with the increase of tyrosine, tyramine-O-sulfate, which
was formed from decarboxylation of tyrosine was found to increase as well. S-acetyl
dihydroasparagusic acid was tentatively identified because it was the only match in the
HMDB database by molecular ion. Ethyl (methylthio)methyl disulfide has been detected but
not quantified in fruits making it a potential biomarker for fruit consumption according to
the FooDB database (www.FooDB.ca). (S)-Homostachydrine is found in the fruits and seeds
making it a potential marker of fruit consumption [13, 27]. 2-Chloromaleylacetate is a
derivative of medium-chain Keto Acids [13]. (3,4,5,6-tetrahydroxyoxan-2-yl)methyl 4hydroxybenzoate was generated by enzyme via glycoside-hydrolysis, and {4-[2,3-dioxo-3-
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(2,4,6-trihydroxy-3-methoxyphenyl)propyl]-2-hydroxy-6-methoxyphenyl}

oxidanesulfonic

acid was generated by enzyme via 4-O-sulfation of phenolic compounds [13]. Both were
predicted metabolites by BioTransformer [28]. Quinic acid, glycerol 3-phosphate,
dihydroxyquinoline, vanilloloside, hippuric acid were identified and discussed in previous
study. It is somehow too early to draw conclusions that any discriminant metabolite related
to cranberry juice consumption contributed to health benefits, since all identifications were
putative. However, these findings may provide information about the metabolic pathways
impacted by cranberry juice consumption.

Hippuric acid was proposed as a potential biomarker of fruits and vegetable consumption
[29, 30]. Exogenous metabolites derived from microbial catabolism of procyanidins found in
the current study were not exclusive of the cranberry because they were also found after
consumption of other foods such as cocoa [31]. Identification of biomarkers specific to
cranberry juice intake remain a difficult task to be addressed in future research. Without
specific biomarkers, specificity and prediction accuracy was achieved by multivariate
predictive models built upon multiple metabolomic features.

CONCLUSIONS

The present study demonstrated for the first time that predictive models could be built with
a small number of plasma metabolites to identify cranberry juice consumers and nonconsumers. The high correct rate of identification suggested the possibility of using these
models to evaluate the compliance of cranberry consumption among clinical trial
participants. The objective evaluation of compliance may significantly improve the reliability
of cranberry clinical trial results by excluding data from participants who did not consume
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cranberry juices. Additional discriminant metabolites were putatively identified and could
serve as key pieces in a puzzle to explore the mechanisms of cranberries to mitigate urinary
tract infections. The discriminant metabolites identified in the present also provided clues
on degradation of procyanidins and oligosaccharides in cranberries by gut microbiota in
colon.
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Table 1. Summary of parameters for OPLS-DA for human plasma after drinking cranberry
juice and placebo juice.
Name
and type
of model

Number
Time and
Na
R2X(cum)b R2Y(cum)b
of xgroups
variables
OPLS-DA models built upon the present double-blinded study

Ionization
mode

Q2(cum) c

Placebo vs.
1Pd+1Oe
0.253
0.950
0.815
Cranberry 3day
BLD PvC
Placebo vs.
1Pd+1Oe
0.186
0.984
0.844
21D+
Cranberry 21day
BLD BvC
Baseline vs.
1Pd+1Oe
0.248
0.970
0.859
3D+
Cranberry 3day
BLD BvC
Baseline vs.
1Pd+1Oe
0.239
0.950
0.837
21D+
Cranberry 21day
BLD PvC
Negative
1500
Placebo vs.
1Pd+1Oe
0.254
0.965
0.860
3DCranberry 3day
BLD PvC
Placebo vs.
1Pd+1Oe
0.227
0.968
0.829
21DCranberry 21day
BLD BvC
Baseline vs.
1Pd+1Oe
0.286
0.948
0.853
3DCranberry 3day
BLD BvC
Baseline vs.
1Pd+1Oe
0.221
0.962
0.850
21DCranberry 21day
Predictive models built upon an open-label study using discriminant metabolites shared with
double-blinded study
OPL
Positive
15
Placebo vs.
1Pd+1Oe
0.929
0.767
0.725
PvC15+
Cranberry
juice
OPL
Negative
18
Placebo vs.
1Pd+1Oe
0.778
0.902
0.870
PvC18Cranberry
juice
OPL
Positive
14
Baseline vs.
1Pd+1Oe
0.890
0.825
0.772
BvC14+
Cranberry
juice
OPL
Negative
15
Baseline vs.
1Pd+1Oe
0.839
0.891
0.862
BvC15Cranberry
juice
BLD PvC
3D+

Positive

1500

a

Number of components; b R2X and R2Y are the cumulative modeled variations in the X and Y
matrix, respectively; c Q2 is the cumulative predicted variation in the Y matrix; d Predictive
component; e Orthogonal component.
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Codes of models: “BLD PvC 3D+” denotes OPLS-DA model built upon the present doubleblinded study with metabolites after 3-day juice consumption from positive ionization. “BLD
BvC 3D-” represents OPLS-DA model built upon the present double-blinded study with
metabolites after 3-day juice consumption from negative ionization. “OPL PvC15+” denotes
predictive OPLS-DA models built upon an open-label study using discriminant metabolites
shared with double-blinded study found increased after cranberry juice consumption from
positive ionization mode. “OPL BvC14+” represents predictive OPLS-DA models built upon
an open-label study using discriminant metabolites shared with double-blinded study from
negative ionization. Shared discriminant metabolites were found in the present doubleblinded study and a previous open-label study.
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Table 2. List of shared discriminant metabolites in positive ionization; Metabolites No. 1 and
4-18 were used in predictive OPLS-DA models to identify cranberry juice consumers; Shared
discriminant metabolites were found in the present double-blinded study and a previous
open-label study.
N
o
.

Retenti
on time
(min)

1

0.82

2

1.47

3

1.48

4

1.48

Detecte
d Mass
[M-H]193.070
5
118.525
8
220.973
7
205.001
5

5.52

167.069
3

6

6.24

158.117
3

7

7.92

8

7.92

9

7.92

5

1
0
1
1
1
2
1
3
1
4
1
5
1
6

7.92
7.92
7.92
7.92
7.92
7.92
7.92

159.541
5
292.014
0
173.023
1
219.551
8
162.054
7
155.012
4
196.039
0
180.065
2
105.033
7
150.536
2

a

p(corr)[1]
(confiden
ce)b

Increased after
cranberry/placebo
juice consumption

Putative
identification in
the present
study

Identifi
cation
level c

-0.086

-0.717

Cranberry

Quinic Acid*

level 2

0.075

0.818

Placebo

No match

0.086

0.839

0.077

0.822

p[1]
(contri
bution)

-0.109

-0.880

Placebo
Placebo

Cranberry
Cranberry

-0.066

-0.596

-0.070

-0.641

-0.055

-0.624

-0.061

-0.645

-0.119

-0.622

-0.084

-0.678

-0.061

-0.624

-0.060

-0.611

-0.084

-0.655

-0.081

-0.655

-0.057

-0.606

Cranberry
Cranberry
Cranberry
Cranberry
Cranberry

Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry

1
7

7.92

171.049
4

-0.062

-0.615

1

7.92

118.065

-0.080

-0.669

Cranberry

No match
No match
3(Hydroxyphenyl)
propionic acid*
(S)Homostachydrin
e

level 2

level 2

No match
No match
Glycerol 3phosphate

level 2

No match
Dihydroxyquinoli
ne*
Ethyl
(methylthio)met
hyl disulfide

level 2
level 2

No match
Hippuric acid*

level 2

Hydroxypyruvic
acid

level 2

No match
3,4Dihydroxyphenyl
glycol
Guanidoacetic

This article is protected by copyright. All rights reserved.

level 2
level 2

www.mnf-journal.com

8

Page 26

Molecular Nutrition & Food Research

2

acid

a

Number inside the parentheses is the p[1] value obtained from OPLS-DA model based on
cranberry juice vs. placebo.
b
Number inside the parentheses is the p (corr)[1] value obtained from OPLS-DA model
based on cranberry juice vs. placebo.
c
Confidence levels of identification based on Schrimpe-Rutledge et al. [14].
*Identified in a previous study [8].
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Table 3. List of shared discriminant metabolites in negative ionization; All were used in
predictive OPLS-DA model to identify cranberry juice consumers; Shared discriminant
metabolites were found in the present double-blinded study and a previous open-label
study.
No.

Retention
time

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

0.83
1.90
2.69
4.71
6.60
6.60
6.60
6.60
6.60
7.82
7.92
7.92
7.92
7.92
7.92
7.92
8.00
8.28

Detected
Mass
[M-H]191.0553
159.0662
159.0662
161.9865
272.9385
256.9737
400.9611
190.9819
188.9861
315.1083
276.0271
179.0555
379.0906
134.0610
178.0505
224.0557
180.0664
182.0819

p[1]
(contribution)a

p(corr)[1]
(confidence)b

-0.061
-0.075
-0.061
-0.117
-0.064
-0.063
-0.085
-0.057
-0.057
-0.055
-0.054
-0.058
-0.070
-0.058
-0.058
-0.061
-0.058
-0.055

-0.697
-0.798
-0.752
-0.857
-0.805
-0.804
-0.698
-0.790
-0.790
-0.635
-0.765
-0.752
-0.722
-0.756
-0.752
-0.762
-0.698
-0.642

Increased after
cranberry/placebo
juice consumption
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry
Cranberry

a

Putative identification in
the present study
Quinic acid*
No match
No match
No match
No match
No match
No match
No match
Catechol sulfate*
Vanilloloside*
No match
No match
No match
2-Phenylacetamide
Hippuric acid*
No match
Tyrosine*
No match

Number inside the parentheses is the p[1] value obtained from OPLS-DA model based on
cranberry juice vs. placebo.
b
Number inside the parentheses is the p (corr)[1] value obtained from OPLS-DA model
based on cranberry juice vs. placebo.
c
Confidence level of identification based on Schrimpe-Rutledge et al. [14].
*Identified in a previous study [8].
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Table 4. Tentatively identified additional discriminant metabolites from present study (but
not in previous study).

Ret
N enti
o on
. tim
e

1

1.0
0

2

1.4
7

3

1.7
2

4

2.4
7

5

6.6
0

6

6.6
0

7

6.6
0

8

7.5
0

9

7.6
4

m
/z

17
5.
06
09
13
0.
03
36
11
9.
03
53
19
0.
96
53
18
7.
97
87
19
2.
98
63
10
9.
02
87
22
7.
09
11
12
3.

Identification

a

Increased after
cranberry/plac
ebo juice
consumption

3-Isopropylmalate

Cranberry

Pyroglutamic acid

Placebo

4-Deoxythreonic acid

Placebo

2-Chloromaleylacetate

Cranberry

Lanthionine ketimine

Cranberry

S-Acetyl dihydroasparagusic
acid

Cranberry

Pyrocatechol

Cranberry

Prolyl-Hydroxyproline

Cranberry

Guaiacol

Cranberry

Io
niz
ati
on

ne
ga
tiv
e
po
sit
iv
e
ne
ga
tiv
e
ne
ga
tiv
e
ne
ga
tiv
e
ne
ga
tiv
e
ne
ga
tiv
e
ne
ga
tiv
e
ne
ga

Placeb
o vs.
Cranbe
rry
juice
3-day

Pl
ac
eb
o
vs.
Cr
an
be
rry
jui
ce
21
da
y

Baselin
e vs.
Cranbe
rry
juice
3-day

Ba
sel
in
e
vs.
Cr
an
be
rry
jui
ce
21
da
y

1b

1

1

1

1

1

0

0

1

1

0

0

0
0b

0
1

1

0

0

0

1

0

0

0

1

0

0

0

1

0

1

0

1

0

0

0
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1
0

7.9
2

1
1

8.0
3

1
2

8.1
7

04
49
21
6.
02
47
29
9.
07
71
44
3.
00
95
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Tyramine-O-sulfate

Cranberry

(3,4,5,6-tetrahydroxyoxan-2yl)methyl 4-hydroxybenzoate

Cranberry

{4-[2,3-dioxo-3-(2,4,6trihydroxy-3methoxyphenyl)propyl]-2hydroxy-6methoxyphenyl}+oxidanesulfon
ic acid

Cranberry

Molecular Nutrition & Food Research

tiv
e
ne
ga
tiv
e
ne
ga
tiv
e
ne
ga
tiv
e

1

1

1

1

1

1

1

1

1

0

1

1

a

All were level 2 identification.
1 denotes detection of a discriminant metabolite in a model. 0 indicates the absence of a
discriminant metabolite in a model.
b
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Figure 1. Study flow diagram.
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Figure 2. The score plots (A, B) and cross-validated score plots (C, D) acquired by positive
ionization derived from OPLS-DA models of plasma after cranberry juice or placebo
consumption. Panel A and C: Plasma after drinking juice for 3 days; Panel B and D: Plasma
after drinking juice for 21 days. Red dots: plasma after drinking cranberry juice. Blue dots:
plasma after drinking placebo juice.
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Figure 3. The score plots (A, B) and cross-validated score plots (C, D) acquired by negative
ionization derived from OPLS-DA models of plasma after cranberry juice or placebo
consumption. Panel A and C: Plasma after drinking juice for 3 days; Panel B and D: Plasma
after drinking juice for 21 days. Red dots: plasma after drinking cranberry juice. Blue dots:
plasma after drinking placebo juice.
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Figure 4. Validation plots obtained from 200 permutation tests for the OPLS-DA models with
1500 X variables detected in plasma after cranberry or placebo consumption. 3-day, 21-day
consumption acquired by positive ionization (A, B); 3-day, 21-day consumption acquired by
negative ionization (C, D).
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A

B

Figure 5. S-plots associated with the OPLS-DA score plot of data derived from UHPLC-HRMS
of human plasma after cranberry juice or placebo consumption by positive ionization (A.
after 3-day consumption; B. after 21-day consumption). p[1] is the loading vector of
covariance in the first principal component. p(corr)[1] is loading vector of correlation in the
first principal component. Variables with |p| ≥ 0.05 and |p(corr)| ≥ 0.5 are considered
statistically significant. Statistically significant variables were hollow blue squares. Filled
orange boxes were metabolites increased after cranberry juice consumption in previous
study. Filled light blue boxes were metabolites increased after apple juice consumption in a
previous study (numbers labeled are corresponded to the numbers of discriminant
metabolites in Table 2).
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A

B

Figure 6. S-plots associated with the OPLS-DA score plot of data derived from UHPLC-HRMS
of human plasma after cranberry juice or placebo consumption by negative ionization (A.
after 3-day consumption; B. after 21-day consumption). p[1] is the loading vector of
covariance in the first principal component. p(corr)[1] is loading vector of correlation in the
first principal component. Variables with |p| ≥ 0.05 and |p(corr)| ≥ 0.5 are considered
statistically significant. Statistically significant variables were hollow blue squares. Filled
orange boxes were metabolites increased after cranberry juice consumption in a previous
study (numbers labeled are corresponded to the numbers of discriminant metabolites in
Table 3).
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Figure 7. Validation plots obtained from 200 permutation tests for the predictive OPLS-DA
models OPL PvC15+ (A), OPL PvC18- (B), OPL BvC14+(C), OPL BvC15-(D).
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Figure 8. Classification scatters of cranberry juice and placebo consumer identification with
plasma metabolites. According to the predictive model, plasma samples after drinking
cranberry were classified to cranberry juice consumer (orange dots), plasma samples after
drinking placebo were classified to apple juice consumer (light blue dots). In positive
ionization mode, 15 discriminant metabolites listed in Table 2 were used to identify placebo
and cranberry juice consumer after 3 days consumption with 96.9% correct rate (A); after 21
days consumption with 93.8% correct rate (C). In negative ionization mode, 18 discriminant
metabolites listed in Table 3 were used to identify placebo and cranberry juice consumer
after 3 days consumption with 96.9% correct rate (B); after 21 days consumption with 90.6%
correct rate (D).
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A

B

Figure 9. S-plots associated with the OPLS-DA score plot of data derived from UHPLC-HRMS
of human plasma after cranberry juice consumption and baseline by positive ionization (A.
after 3-day consumption; B. after 21-day consumption). p[1] is the loading vector of
covariance in the first principal component. p(corr)[1] is loading vector of correlation in the
first principal component. Variables with |p| ≥ 0.05 and |p(corr)| ≥ 0.5 are considered
statistically significant. Statistically significant variables were hollow purple squares. Filled
orange boxes were metabolites increased after cranberry juice consumption in a previous
study (numbers labeled are corresponded to the numbers of discriminant metabolites in
Table 2).
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A

B

Figure 10. S-plots associated with the OPLS-DA score plot of data derived from UHPLC-HRMS
of human plasma after cranberry juice consumption and baseline by negative ionization (A.
after 3-day consumption; B. after 21-day consumption). p[1] is the loading vector of
covariance in the first principal component. p(corr)[1] is loading vector of correlation in the
first principal component. Variables with |p| ≥ 0.05 and |p(corr)| ≥ 0.5 are considered
statistically significant. Statistically significant variables were hollow purple squares. Filled
orange boxes were metabolites increased after cranberry juice consumption in previous
study (numbers labeled are corresponded to the numbers of discriminant metabolites in
Table 3).
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Figure 11. Classification scatters of cranberry juice consumer and non-consumer
identification with plasma metabolites. According to the predictive model, plasma samples
after drinking cranberry were classified to cranberry juice consumer (orange dots), plasma
samples at baseline were classified to non-consumer (black dots). In positive ionization
mode, 15 discriminant metabolites were used to identify cranberry juice consumer and nonconsumer after 3 days consumption with 93.8% correct rate (A); after 21 days consumption
with 90.6% correct rate (C). In negative ionization mode, 15 discriminant metabolites were
used to identify cranberry juice consumer and non-consumer after 3 days consumption with
91.2% correct rate 93.8% (B); after 21 days consumption with 84.4% correct rate (D).
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Figure 12. Classification scatters of all samples by Model PC. Positive ionization (A); Negative
ionization (B). Classification scatters of all samples by Model BC. Positive ionization (C);
Negative ionization (D).
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This double-blinded study was aimed to build models with validated biomarkers to verify
human consumption of cranberry juice. Discriminant metabolites from a previous 3-day
open-label study were re-discovered and predictive OPLS-DA models were built to identify
cranberry juice consumers and non-consumers. The models were able to identify cranberry
juice consumers over placebo juice group with up to 96.9% correction rates.
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