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Although some polyphenol biomarkers in serum or urine have been identiﬁed by untargeted metabolomics and proved to reﬂect
dietary polyphenol intake, only a few of them have been validated in diﬀerent studies and populations with simple and reliable
targeted methods. In the present study, a targeted metabolomics method by LC/MS/MS for the measurement of twenty-two
polyphenol biomarkers in urine samples was established and validated to eﬀectively assess the habitual polyphenol intake in
free-living healthy Chinese subjects. Multivariate logistic regression models were used to assess relationships of biomarkers with
overweight and obesity after adjusting for potential confounders. The levels of urinary polyphenol biomarkers, especially gut
microbial metabolites of polyphenols, were inversely associated with overweight and obesity, and this association was more
pronounced in the inﬂammatory groups, suggesting that it is of great importance to maintain polyphenol biomarkers at high
levels or intake-suﬃcient polyphenols in obesity with chronic inﬂammation than others. The measurement of these biomarkers
may oﬀer a valid alternative or complementary addition to self-reported survey for the evaluation of polyphenol intake and
investigation into their relationships with chronic disease-related endpoints in large-scale clinical and epidemiologic studies.

1. Introduction
Polyphenols composed of a wide variety of phytochemicals
abundant in plants, ranging from simple phenolic acids to
ﬂavonoid polymers, are commonly consumed through a diet
rich in fruit, vegetables, tea, wine, and soy-based foods [1].
Habitual consumption of dietary polyphenols has been consistently linked with a wide spectrum of potential health beneﬁts in humans, including anti-inﬂammatory, antiobesity,
gastroprotective, and anticarcinogenic eﬀects [2–4].
Despite advances in nutritional epidemiological study
design and analytical strategies, precise estimation of polyphenol intake in free-living populations remains a major
challenge [5], because polyphenols are abundant, wide-spanning, and diverse in the human diet, and their quantity in
foods is heavily inﬂuenced by a food’s growth and processing

conditions [6]. Most epidemiologic studies rely on selfreported dietary assessment methods that might suﬀer from
systematic and random errors related to the variability in
the polyphenol content of foods, bias in dietary misreporting
(especially underreporting of bias towards unhealthy foods
and overreporting of bias towards fruits and vegetables),
and diﬀerences in absorption and metabolism between individuals [7–9]. Moreover, underreporting of intake of
unhealthy foods is particularly common in an obesity population [10], which is a major concern considering the increasing prevalence of obesity worldwide.
Therefore, there is a pressing need for dietary polyphenol
biomarkers to precisely evaluate polyphenol intake. Dietary
biomarkers have the potential to improve the measurement
of dietary exposures by validating diet questionnaires [11]
or by replacing inadequate dietary data [12]. Metabolomics,
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the measurement of small molecules, including metabolic
parent compounds, substrates, and products, in biospecimens, may more precisely quantify dietary exposures and
thus provide better estimates of disease risk in epidemiologic
studies [13]. Metabolites may better reﬂect “true exposure”
and also capture exposure to nonnutritive substances, such
as compounds generated by cooking or gut microbiota,
which may play important roles in disease etiology [14, 15].
Recent studies have shown that metabolomics can be successfully applied to dietary research and can identify some
novel potential dietary polyphenol biomarkers, but most
studies were small dietary interventions [16–19]. Although
most of these studies calculated the half-life using single
doses of polyphenols or polyphenol-rich foods, in fact, the
intake of polyphenol is usually chronic; thus, biomarkers
identiﬁed may not perform well as proxies for usual food
intake [7, 14]. A case in point is that a recent citrus feeding
study identiﬁed more than 600 metabolites associated with
acute citrus consumption; however, only 12 metabolites were
related to regular dietary citrus consumption in a free-living
population [19].
Considering that polyphenols or polyphenol-rich foods
are generally consumed almost daily, it would be advantageous to identify biomarkers of chronic intakes and apply
these biomarkers in epidemiological studies, with chronic
nutritional doses, using the usual bioﬂuids collected in epidemiological studies, such as plasma or morning urine. A
recent untargeted metabolomics study proved that metabolic
proﬁles of urine samples developed in a highly controlled
environment reﬂect dietary intake and can be used to model
and classify dietary patterns of free-living populations [20].
The untargeted metabolomics could discover new biomarkers and often oﬀer qualitative concentrations (i.e., relative concentration), while the targeted metabolomics allows
us to obtain a “real” quantiﬁcation (i.e., absolute concentration) of these biomarkers. Accordingly, these biomarkers
can be easily applied in epidemiological studies. Despite the
relatively high number of polyphenol biomarkers, only a
few of them have been validated in diﬀerent studies and populations with simple and reliable targeted methods. Most of
the related studies mainly involved North American and
European people. Thus, the relationships need to be further
validated in external independent populations, especially in
Asian people of whose category and content of foods for dietary polyphenol intake and food cooking methods are very
diﬀerent from those in the West.
Therefore, we proposed to use a cross-sectional study of
free-living Chinese subjects to investigate and validate the
eﬀect of urinary polyphenol biomarkers measured by liquid
chromatography tandem mass spectrometry (LC/MS/MS)
on the assessment of polyphenol intake and their association
with overweight and obesity.

2. Materials and Methods
2.1. Study Population. This is a cross-sectional study conducted on Chinese subjects. A total of 123 apparently healthy
participants (52 males and 71 females, 42 3 ± 15 2 years old)
were recruited at random from a group of Beijing residents
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attending an annual physical examination at Beijing Hospital
in December 2013. Participants were excluded if they had
malignant tumors, blood system diseases, chronic obstructive
pulmonary disease, autoimmune diseases, infectious diseases, or other clinically signiﬁcant illnesses, if they were taking prescription medication or nutritional supplements, or if
they presented any abnormalities on physical examination,
electrocardiography, or screening blood tests. Women were
ineligible if they were pregnant or breastfeeding. The participants were required to complete a questionnaire with the
help of an investigator. The sera from fasting blood samples
obtained from subjects were isolated and stored at -80°C until
being analyzed. The ﬁrst-void urine samples were collected in
0.5% HCl, and after centrifugation, ten 600 μL aliquots were
stored at -80°C before analysis. This study was approved by
the Ethics Committee of the Beijing Hospital of the Ministry
of Health, and written informed consents were obtained from
all participants.
2.2. Measurement of Urinary Total Polyphenol and 22
Polyphenol Biomarkers. Total polyphenols in urine (uTP)
were measured by the Folin-Ciocalteu method modiﬁed by
Medina-Remon et al. [21]. Brieﬂy, urine samples were
applied to the Plexa PAX solid phase extraction cartridge;
after washing, the polyphenols were eluted, evaporated, and
reconstituted. Total polyphenols were measured by FolinCiocalteu colorimetric assay, calculated by gallic acid standard curve, and corrected by urine creatinine levels. uTP
was expressed as mg gallic acid equivalent (GAE)/g of Crea.
A targeted metabolomics method by LC/MS/MS was
developed and applied to the measurement of 22 polyphenol
biomarkers in urine samples. Standards of 22 polyphenol
biomarkers, HPLC grade acetonitrile, and ammonium acetate were obtained from Sigma-Aldrich (St. Louis, MO,
USA). Generally, aliquots of 500 μL calibrators and urine
samples were respectively applied to the Plexa PCX solid
phase extraction cartridge. After extraction and puriﬁcation,
the reconstituted solutions were injected into an LC/MS/MS
system. LC-MS/MS analysis was performed using an Applied
Biosystems Sciex API 5500 QTRAP tandem mass spectrometer (Framingham, MA, USA) equipped with an Agilent 1260 Series HPLC system (Santa Clara, CA, USA).
The LC separation was performed by an XTerra MS C18
(2 1 mm × 100 mm, 3.5 μm) column. The injection volume
was 10 μL, and the ﬂow rate was 300 μL/min. Gradient elution was carried out with 5 mmol/L ammonium acetate as
mobile phase A and acetonitrile as mobile phase B. We
applied a gradient proﬁle with the following proportions
(v/v) of phase B [t (min), %B]: (0, 0), (5, 15), (8, 50), (9,
100), (14, 100), and (15, 0). The column was reequilibrated
for 20 min. MS detection was performed with negative electronic spray ionization (ESI) in a multiple reaction monitoring (MRM) mode at a source temperature of 600°C
and a voltage of -4000 V. The dwell times were 0.08 s for
MRM. Nitrogen was used as the curtain, nebulizer, and
collision gas at pressures of 30, 80, and 80 psi, respectively.
Ion transition of each polyphenol biomarker was presented
in Supplementary Table 3). The calibration curve was
established using a regression of peak areas (y) of each
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polyphenol to the corresponding concentrations (x) of the
calibrators. The calculated concentrations of the polyphenols
were corrected by urine Crea levels. And by using the
PCX extraction column, most of the 22 polyphenols
had recoveries of >80%. All polyphenols were separated
and analyzed within 14 min. Imprecision analysis
showed that the established LC/MS/MS method had
intra-assay and total imprecisions of 1.00%~10.62% and
3.70%~17.09%, respectively.
2.3. Dietary and Covariate Assessment. Covariate data of
demographic and lifestyle variables were ascertained by a
questionnaire. Usual dietary intake over the 6 months before
the survey was measured by a short self-administered food
frequency questionnaire (FFQ). The survey provided information on frequency of consumption and category of
polyphenol-rich foods in Chinese dietary habits. The levels
of consumption of fruits, vegetables, coﬀee, and tea were categorized as binary (low or high). The levels of polyphenol
content in various consumption fruits were estimated by
the Phenol-Explorer 3.6 database [22] and categorized as
binary [low (bottom and middle tertiles) or high (top tertile)]. Subjects with four or more of the ﬁve dietary conditions, including consumption of high levels of fruits,
vegetables, coﬀee, or tea and high level of polyphenol content
of consumption fruits, were assigned to the polyphenol-rich
diet group.
Height, body weight, and sitting blood pressure (BP)
were measured. The serum samples were tested for fasting
blood glucose (FBG), total cholesterol (TC), triglyceride
(TG), high-density lipoprotein cholesterol (HDL-C), lowdensity lipoprotein cholesterol (LDL-C), and C-reactive protein (CRP), using assay kits from Sekisui Medical Technologies (Osaka, Japan) on a Hitachi 7180 chemistry analyzer.
Serum concentrations of 8-isoprostane (IsoP) were determined by the commercial EIA kit (Cayman Chemical Company, USA). The diagnoses of overweight/obesity and other
components of MetS were made according to the criteria
provided by the Chinese Diabetes Society (2004) [23].
2.4. Statistical Analysis. The main continuous variables were
all tested for normality. Normally distributed data were
expressed as means ± SD, whereas variables obeying a
skewed distribution were shown as the median (interquartile
range). Count data were reported as frequencies and percentages. We constructed the mean SD score (z score) [24] of 22
urinary polyphenol biomarkers for subjects with complete
data to reduce the large number of correlated variables into
uncorrelated factors [25]. The z score of 22 urinary polyphenol biomarkers was computed by the summary of z score of
each biomarker/22. For quantitative data, the variance analysis was conducted to compute the diﬀerence across the tertile of the z score of urinary polyphenol biomarkers, whereas
for count data, the chi-square test was used. Correlation
coeﬃcients between levels of z scores of each urinary polyphenol biomarker and metabolic traits were calculated by
Spearman’s correlation. The nonparametric Mann-Whitney
test was used to evaluate the diﬀerences of z scores of urinary
polyphenol biomarkers between two diet groups or the nor-
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mal and overweight/obesity groups. Principal component
analysis (PCA) was also conducted for 22 urinary polyphenol biomarkers to determine the variation in attributes
between polyphenol-rich and normal diet groups. Multivariate logistic regression models were used to estimate the
odds ratios (ORs) and 95% conﬁdence intervals (CIs), which
adopted the entry method and the maximum likelihood
ratio test for overweight/obesity. Potential confounding variables, including age, gender, FBG, UA, CREA, CRP, IsoP,
hypertension, dyslipidemia, smoking and alcohol drinking
status, high levels of physical activity, and polyphenol-rich
diet were controlled in the regression models. The performance of the z score of urinary polyphenol biomarkers for
classifying overweight/obesity was assessed by logistic
regression and receiver operating characteristic analysis.
Stratiﬁed and interaction analyses were performed according
to serum CRP levels [<0.7 (median) and ≥0.7 mg/L]. To
further explore the nonlinear interaction of polyphenol biomarkers and serum CRP concentration for overweight/obesity, we treated the serum CRP by restricted cubic splines
(RCS) with three freedom degrees in the age- and genderadjusted logistic models. Two-sided p values < 0.05 were
considered statistically signiﬁcant. SPSS 21.0 software (SPSS
Inc.) was used for the statistical analysis of the data, and R
packages of “vegan 2.5-4” and “splines 0.2.8” were used for
PCA and RCS analysis.

3. Results
3.1. Characteristics of Population according to the Levels of
Urinary Polyphenol Biomarkers. The concentration of 22
urinary polyphenol biomarkers of 123 subjects had skewed
distribution, and they could not be normally distributed
after natural logarithm, logarithmic transformation of 10,
and square root (SQRT) transformation. The prevalence of
overweight and obesity in our study was 28.5%. As shown
in Table 1, according to the tertile of the z score of 22 urinary polyphenol biomarkers, the subjects with higher levels
of urinary polyphenol biomarkers were more likely to be
older and female (p trend = 0.014 and 0.008, respectively).
With respect to metabolic traits, HDL-C signiﬁcantly
increased with increasing urinary polyphenol biomarker
levels, which had a dose-response relationship (p = 0 017
for trend); in contrast, UA and CREA levels declined notably (p trend = 0.010 and 0.030, respectively). Additionally,
with increasing urinary polyphenol biomarker levels, subjects tended to have habits of high consumption of fruits,
tea, and polyphenol-rich diet (all p trend < 0.05) and have
fewer current drinkers (p trend = 0.031). Expectably, the
concentration of urinary total polyphenol by FolinCiocalteu colorimetric assay increased gradually with increment levels of the z score of 22 urinary polyphenol biomarkers
(p for trend < 0.001).
3.2. Correlations between Levels of Urinary Polyphenol
Biomarkers and Cardiometabolic Risk Factors. As shown
in Figure 1, Spearman’s correlation analysis demonstrated
the correlation between metabolic characteristics and levels
of urinary polyphenol biomarkers. Most of the urinary
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Table 1: Characteristics of the study participants by the z score of 22 urinary polyphenol biomarkers.

Characteristic a
Number

Tertile of z score of 22 urinary polyphenol biomarkers b
T1
T2
T3

p trendc

41
36 3 ± 14 3

41
46 4 ± 14 2

41
44 3 ± 15 5

0.014

BMI (kg/m2)

24 (58.5)
23 0 ± 3 6

16 (39.0)
23 7 ± 3 4

12 (29.3)
22 4 ± 2 5

0.425

SBP (mmHg)

112 2 ± 16 4

119 0 ± 15 6

114 6 ± 13 3

0.482

DBP (mmHg)

73 4 ± 10 3

76 6 ± 7 5

74 1 ± 6 9

0.711

Age (y)
Male, n (%)

0.008

FBG (mmol/L)

5 0±0 5

5 1±0 6

4 9±0 5

0.618

TG (mmol/L)

1.0 (0.8~1.5)
4 5±0 9

1.0 (0.6~1.5)
4 9±1 1

0.9 (0.6~1.3)
4 6±0 8

0.104

1.3 (1.1~1.5)
2.6 (2.3~3.4)
309 4 ± 76 8

1.4 (1.3~1.7)
3.1 (2.4~3.9)
281 5 ± 62 8

1.5 (1.2~1.8)
2.7 (2.3~3.4)
268 5 ± 72 0

0.017
0.911

69 1 ± 13 6

63 8 ± 11 9

62 4 ± 16 0

0.030

13 (31.7)
6 (14.6)
8 (19.5)
1 (2.4)
3 (7.3)
8 (19.5)
14 (34.1)
15 (37.5)
20 (48.8)
11 (26.8)

16 (39.0)
4 (9.8)
7 (17.1)
3 (7.3)
0 (0)
4 (9.8)
6 (14.6)
17 (41.5)
23 (56.1)
18 (43.9)

6 (14.6)
3 (7.3)
8 (19.5)
2 (4.9)
0 (0)
9 (22.0)
6 (14.6)
17 (41.5)
26 (63.4)
29 (70.7)

0.088
0.373e
1.000
0.802e
—
0.884e
0.031
0.719
0.184
<0.001

15 (36.6)

14 (34.1)

16 (39.0)

0.819

3 (7.3)
6 (14.6)
7 (17.1)
0.6 (0.3~1.1)
92.4 (57.8~138.1)
77.4 (63.7~98.4)

2 (4.9)
11 (26.8)
10 (24.4)
0.8 (0.5~1.6)
117.0 (50.0~164.1)
117.8 (95.4~136.7)

2 (4.9)
14 (34.1)
19 (46.3)
0.5 (0.2~1.2)
83.9 (45.3~123.1)
145.8 (120.0~211.1)

0.815e
0.043
0.004
0.609
0.459
<0.001

TC (mmol/L)
HDL-C (mmol/L)
LDL-C (mmol/L)
UA (μmol/L)
CREA (μmol/L)
Overweight/obesityd, n (%)
Hypertensiond, n (%)
Dyslipidemiad, n (%)
Impaired fasting glucosed, n (%)
MetSd, n (%)
Current smoker, n (%)
Current drinker, n (%)
High levels of physical activity, n (%)
High consumption of vegetables, n (%)
High consumption of fruits, n (%)
High levels of polyphenol content of
consumption fruits, n (%)
High consumption of coﬀee, n (%)
High consumption of tea, n (%)
Polyphenol-rich diet, n (%)
CRP (mg/L)
IsoP (ng/L)
uTP (mg GAE/g Crea)

0.646

0.010

BMI: body mass index; SBP: systolic blood pressure; DBP: diastolic blood pressure; FBG: fasting blood glucose; TG: triglyceride; TC: total cholesterol; HDL-C:
high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein cholesterol; UA: uric acid; CREA: creatinine; MetS: metabolic syndrome; CRP: C-reactive
protein; IsoP: 8-isoprostane; uTP: urinary total polyphenol. aData are the mean ± SD, median (interquartile range) for continuous variables, or cases
(percentage) for categorical variables. bThe z score of 22 urinary polyphenol biomarkers was computed by the summary of the z score of each
biomarker/22. cp values for trend. dDeﬁned according to the criteria of metabolic syndrome from Chinese Diabetes Society (CDS) (2004) for Chinese.
e
p values for the Fisher exact test.

polyphenol biomarkers showed remarkable positive correlation with urinary total polyphenol and age. Signiﬁcantly
negative correlations were found respectively between most
of urinary polyphenol biomarkers, especially gut microbial
metabolites, and cardiovascular risk factors, such as TC,
TG, LDL-C, FBG, UA, CRP, and IsoP (p < 0 05), while positive correlation existed between these biomarkers and
HDL-C, respectively.
3.3. Comparison of Levels of Urinary Polyphenol Biomarkers
according to the Presence of Polyphenol-Rich Diet. As shown
in Figure 2(a), subjects with polyphenol-rich dietary habit

have higher levels of most of urinary polyphenol biomarkers
compared with the normal diet group. Ferulic acid (p = 0 048),
coumaric acid (p = 0 048), syringic acid (p = 0 008), kaempferol
(p = 0 029), (3,4)-dihydroxyphenylacetic acid (p = 0 006),
sinapic acid (p = 0 004), hippuric acid (p = 0 044), and z score
of the total 22 urinary polyphenols (p = 0 004) levels in the
polyphenol-rich diet group were signiﬁcantly increased in
comparison with the other groups.
Principal component analysis and biplot (Figure 3)
showed that 22 urinary polyphenol biomarkers can diﬀerentiate eﬀectively the polyphenol-rich diet from the other
one. Six of urinary polyphenol biomarkers, including
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Hydroxycinnamic
acids

Hydroxybenzoic
acids

Caﬀeic acid
Ferulic acid
Chlorogenic acid
Coumaric acid
Cinnamic acid
Syringic acid
Vanillic acid
Protocatechuic acid

⁎

⁎
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⁎
⁎

⁎

⁎
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⁎
⁎
⁎

⁎

⁎
⁎
⁎

⩾ 0.30

0.20

0.10

⁎
0.05

Quercetin
Quercetin 3-glucuronide
Kaempferol

⁎
⁎

Favanones

Naringenin
Hesperetin

⁎

Gut
microbial
metabolites

3-(4-Hydroxyphenyl) propionic acid
Hydroxyhippuric acid
3,4-Dihydroxyphenylacetic acid
Homovanillic acid
3-Hydroxybenzoic acid
3-Hydroxy-4-methoxycinnamic acid
Sinapic acid
Hippuric acid
3-Hydroxyphenylacetic acid

Flavonols

⁎
⁎
⁎
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⁎
⁎

⁎

⁎
⁎
⁎

⁎
⁎
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⁎
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⁎
⁎
⁎
⁎
⁎

⁎
⁎ ⁎
⁎ ⁎

⁎
⁎

⁎

⁎

−0.10

−0.20

⁎
⁎
⁎ ⁎
⁎ ⁎

−0.05

⁎
⁎
⁎

⩽ −0.30

Figure 1: Correlation heatmap illustrating the relationship between urinary polyphenol biomarkers and cardiometabolic quantitative
phenotypes in the study population. Spearman’s correlation coeﬃcients are presented in a blue-white-red color scheme. Dark red indicates
a more positive correlation, and dark blue indicates a more negative correlation; white indicates no correlation. ∗ p < 0 05. BMI: body mass
index; SBP: systolic blood pressure; DBP: diastolic blood pressure; FBG: fasting blood glucose; TG: triglyceride; TC: total cholesterol;
HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein cholesterol; UA: uric acid; CREA: creatinine; CRP:
C-reactive protein; IsoP: 8-isoprostane; uTP: urinary total polyphenol.

ferulic acid, hydroxyhippuric acid, sinapic acid, hippuric
acid, 3-hydroxyphenylacetic acid, and 3-(4-hydroxyphenyl)
propionic acid, contributed the most to distinguishing the
two diet groups.
3.4. Association of Levels of Urinary Polyphenol Biomarkers
with Overweight/Obesity. According to the deﬁnition of
MetS, the population was divided into the control and
case groups, respectively, based on whether the population
had MetS, overweight/obesity, hypertriglyceridemia, dyslipidemia, and impaired fasting glucose. Regarding the patterns of dichotomous cardiometabolic traits, as shown in
Figure 2(b), overweight and obesity subjects have lower
levels of most of urinary polyphenol biomarkers compared
with the normal group. Caﬀeic acid (p = 0 002), ferulic acid
(p = 0 002), 3-hydroxybenzoic acid (p = 0 040), and z score
of the total 22 urinary polyphenol (p = 0 047) levels in the
overweight and obesity groups were signiﬁcantly decreased
in comparison with the normal group. There are no statistical
diﬀerences of z score of urinary polyphenol biomarkers

between diﬀerent groups according to the presence of MetS
and other components of MetS.
Furthermore, the associations between the levels of urinary polyphenol biomarkers and overweight/obesity were
analyzed by multivariate logistic regression (Table 2). After
adjusting for age, gender, FBG, UA, CREA, CRP, IsoP, hypertension, dyslipidemia, smoking and alcohol drinking status,
high levels of physical activity, and polyphenol-rich diet,
the ORs for overweight/obesity were all meaningful no matter whether z score levels of urinary polyphenol biomarkers
were regarded as continuous variables or categorical variables (all p < 0 05). Each 1 score increase of z score levels of
urinary polyphenol biomarkers was associated with approximately a 28-fold decreased risk of overweight/obesity [OR
(95% CI): 0.036 (0.004~0.358), p = 0 005]. Besides, tertile
analyses revealed linear decreases of overweight/obesity risk
with an approximately 8-fold decrease in the risk of overweight/obesity in the top vs. bottom tertile of z score levels
of urinary polyphenol biomarkers [OR (95% CI): 0.133
(0.027~0.666), p trend = 0.015].
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⁎

⁎
2
z score

⁎

⁎

⁎

⁎

⁎
⁎

0

Total

3-Hydroxyphenylacetic acid

Hippuric acid

Sinapic acid

3-Hydroxy-4-methoxycinnamic acid

3-Hydroxybenzoic acid

Homovanillic acid

3,4-Dihydoxyphenylacetic acid

Hydroxyhippuric acid

3-(4-Hydroxyphenyl) propionic acid

Hesperetin

Naringenin

Kaempferol

Quercetin-3-glucuronide

Quercetin

Protocatechuic acid

Vanillic acid

Syringic acid

Cinnamic acid

Coumaric acid

Chlorogenic acid

Ferulic acid

Caﬀeic acid

−2

Normal diet
Polyphenol-rich diet
(a)

3
2
z score

⁎

⁎

1
0

⁎

⁎

−1

Total

3-Hydroxyphenylacetic acid

Hippuric acid

Sinapic acid

3-Hydroxy-4-methoxycinnamic acid

3-Hydroxybenzoic acid

Homovanillic acid

3,4-Dihydoxyphenylacetic acid

Hydroxyhippuric acid

3-(4-Hydroxyphenyl) propionic acid

Hesperetin

Naringenin

Kaempferol

Quercetin-3-glucuronide

Quercetin

Protocatechuic acid

Vanillic acid

Syringic acid

Cinnamic acid

Coumaric acid

Chlorogenic acid

Ferulic acid

Caffeic acid

−2

Normal
Overweight/obesity
(b)

Figure 2: Comparison of z scores of concentration of urinary polyphenol biomarkers according to the presence of (a) polyphenol-rich diet or
(b) overweight/obesity. ∗ p < 0 05. Data are depicted by box plots extending from the 25th to the 75th percentile and whiskers ranging from the
lower limit to the upper limit. The horizontal line in the box plot represents the median. The z score of total 22 polyphenol biomarkers was
computed by the summary of the z score of each polyphenol biomarker/22.

Besides, by means of making an analysis of the ORs of
each type of polyphenol biomarkers for overweight/obesity,
we observed that urinary levels of gut microbial metabolites

of polyphenol had the most remarkable correlation with
overweight/obesity [OR (95% CI): 0.099 (0.019~0.006), p
trend = 0.015] (Table 3).

Oxidative Medicine and Cellular Longevity

7
drinking status, and physical activity); (2) model 1 plus
polyphenol-rich diet; and (3) model 2 plus the z score of 22
urinary polyphenol biomarkers. In Figure 5, the results
showed greater discriminative capability for the clinical
model containing urinary polyphenol biomarkers (AUC
0.884, 95% CI: 0.813~0.956) compared with the model containing clinical variables only (AUC 0.846, 95% CI:
0.775~0.917). The model of clinical factors containing urinary polyphenol biomarkers yielded a sensitivity of 82.8%
and a speciﬁcity of 88.2%.

2.0
1.5

PC 2

1.0
15 21
22

0.5
0.0

9
1213

11
1
10
17
7 14
5
8 18
6
16 3

4

−0.5

4. Discussion

1920
2
−1.0
−1.5

−1.0

−0.5

0.0
PC 1

0.5

1.0

1.5

Normal diet
Polyphenal rich diet

Figure 3: Principal component analysis plot for polyphenol-rich
and normal diets with urinary polyphenol biomarkers. Arabic
numerals of 1-22 represent caﬀeic acid, ferulic acid, chlorogenic
acid, coumaric acid, cinnamic acid, syringic acid, vanillic acid,
protocatechuic acid, quercetin, quercetin 3-glucuronide,
kaempferol, naringenin, hesperetin, (3,4)-dihydroxyphenylacetic
acid, hydroxyhippuric acid, 3-hydroxybenzoic acid, homovanillic
acid, 3-hydroxy-4-methoxycinnamic acid, sinapic acid, hippuric
acid, 3-hydroxyphenylacetic acid, and 3-(4-hydroxyphenyl)
propionic acid, respectively. The ellipses represent the 80%
conﬁdence intervals.

3.5. More Signiﬁcant Association between Urinary Polyphenol
Biomarker Levels and Overweight/Obesity in the
Inﬂammatory Groups. The stratiﬁed analysis of the associations of urinary polyphenol biomarker levels and overweight/obesity was conducted according to a median
concentration (0.7 mg/L) cut-oﬀ point of CRP. The results
showed that the OR (95% CI) between urinary polyphenol
biomarker levels and overweight/obesity was 0.000067
(0.00-0.017) in those participants with higher CRP levels,
whereas in the lower CRP group, the OR (95% CI) was
0.425 (0.0069-29.547), in a multivariable logistic model as
mentioned above. A signiﬁcant interaction was observed
between urinary polyphenol biomarker levels and CRP for
overweight/obesity (p for interaction = 0 033). Furthermore,
we used restricted cubic splines to explore the nonlinear interaction of polyphenol biomarkers and serum CRP concentration for overweight/obesity. In Figure 4, with the increase of
serum CRP concentration, the inverse relationship of polyphenol biomarkers with overweight/obesity gradually
enhanced, until reaching a state of almost inﬁnitely large.
3.6. Assessment of ROC Curves for Overweight/Obesity. We
used ROC analysis to assess the performance of the classiﬁer
models for overweight/obesity classiﬁcation. ROC curves and
measures of the area under the curve (AUC) were presented
for three multivariable models: (1) clinical model inclusive of
traditional risk factors (age, gender, FBG, UA, CREA, CRP,
IsoP, hypertension, dyslipidemia, smoking and alcohol

In the present study, twenty-two polyphenol biomarkers
were simultaneously quantiﬁed by LC/MS/MS analysis using
a reverse-phase column and multiple reaction monitoring
detection. These biomarkers, including hydroxycinnamic
acids, hydroxybenzoic acids, ﬂavonols, favanones, and gut
microbial metabolites, were selected for their native forms
abundant in Chinese dietary habits, for being representative
of the main types of polyphenol metabolites reported to correlate with polyphenol intake by previous studies, and for
being commercially available, on the basis of a literature survey [26–30]. The levels of urinary polyphenol biomarkers
were proved and validated to eﬀectively assess the habitual
polyphenol intake and their associations with overweight/obesity in free-living healthy Chinese subjects. Taken together,
the identiﬁcation of biomarkers of dietary polyphenol exposure would provide an additional tool to investigate relationships with chronic disease-related endpoints.
A few previous studies [14, 20, 31] that related dietary
polyphenol intake to metabolic proﬁles in free-living populations are consistent with our results. Garcia-Perez and colleagues [20] compared urinary metabolic proﬁles after
consumption of diﬀerent diets and found 19 urinary metabolites to be present in higher concentrations after consumption
of healthy diet compared with unhealthy diet. The metabolites reﬂecting higher intake of fruits and vegetables included
hydroxyhippuric acid and hippuric acid, which also showed
the capability to distinguish two diets in our study. To the best
of our knowledge, this is the ﬁrst study to evaluate and verify
the association between targeted urinary polyphenol biomarkers and polyphenol intake with Chinese dietary habits.
Urine, as a biospecimen, less invasively collected than the
blood and more aﬀordable to obtain, oﬀers a greater collection of volumes and thus may turn out to be a potentially
highly useful biological resource for large-scale clinical and
epidemiologic studies. Ideal biomarkers are reliably measured, speciﬁcally exposed, and easily collected [32]. However, owing to the fact that urine metabolite concentrations
can be highly variable because of ionic strength, pH, osmolarity, and variations in polyphenol pharmacokinetics, it is
sometimes assumed that it may inﬂuence the correlations
between polyphenol intake and urinary biomarkers [7].
Therefore, in the current study, the selected polyphenols
are all of explicit pharmacokinetic characteristics [27],
and their absolute concentration in urine is relatively high.
Despite the fact that the half-life of some of them is short
and the concentration in urine may generally reach the
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Table 2: Odds ratios (95% conﬁdence intervals) for overweight/obesitya.
Univariable
OR (95% CI)

Multivariableb
OR (95% CI)

p

Age
1.034 (1.007~1.062)
Female
1.347 (0.603~3.011)
FBG
5.722 (2.250~14.549)
UA
20.619 (6.780~62.707)
CREA
0.993 (0.966~1.022)
CRP
1.220 (1.014~1.467)
IsoP
1.003 (0.999~1.007)
Hypertensiona
2.394 (0.743~7.714)
Dyslipidemiaa
4.609 (1.782~11.924)
Current smoker
0.365 (0.100~1.327)
Current drinker
0.703 (0.256~1.933)
High levels of physical activity
0.737 (0.324~1.677)
Polyphenol-rich diet
1.391 (0.600~3.226)
z score of 22 urinary polyphenol biomarkers as a continuous variable
Per score increment
0.209 (0.056~0.776)
z score of 22 urinary polyphenol biomarkers as a categorical variable
T1
1.0 (referent)
T2
1.378 (0.555~3.421)
T3
0.369 (0.124~1.095)
p value for trend
0.090

p

0.015
0.468
<0.001
0.001
0.646
0.035
0.143
0.144
0.002
0.126
0.495
0.467
0.441

1.068 (1.016~1.123)
1.459 (0.239~8.904)
4.063 (1.299~12.710)
1.007 (0.998~1.017)
0.992 (0.938~1.050)
1.129 (0.916~1.393)
1.002 (0.998~1.007)
0.653 (0.132~3.224)
8.216 (2.090~32.303)
0.206 (0.031~1.392)
1.008 (0.222~4.586)
0.239 (0.064~0.891)
1.182 (0.329~4.241)

0.010
0.682
0.016
0.114
0.791
0.255
0.354
0.601
0.003
0.105
0.992
0.033
0.798

0.019

0.036 (0.004~0.358)

0.005

—
0.489
0.073

1.0 (referent)
0.573 (0.158~2.076)
0.133 (0.027~0.666)
0.015

—
0.397
0.014

FBG: fasting blood glucose; UA: uric acid; CREA: creatinine; CRP: C-reactive protein; IsoP: 8-isoprostane. aDeﬁned according to the criteria of metabolic
syndrome from Chinese Diabetes Society (CDS) (2004) for Chinese. bSet of independent variables: age, gender, FBG, UA, CREA, CRP, IsoP, hypertension,
dyslipidemia, smoking and alcohol drinking status, high levels of physical activity, polyphenol-rich diet, and z score of 22 urinary polyphenol biomarkers as
a continuous or categorical variable.

Table 3: Odds ratios (95% conﬁdence intervals) of each type of
polyphenol biomarkers for overweight/obesitya.

Hydroxycinnamic acidsc
Hydroxybenzoic acidsc
Flavonolsc
Favanonesc
Gut microbial metabolitesc

Multivariableb
OR (95% CI)
0.291 (0.069~1.223)
0.576 (0.225~1.473)
0.516 (0.149~1.792)
0.461 (0.178~1.193)
0.099 (0.019~0.510)

0.4

p
0.092
0.249
0.298
0.110
0.006

Adjusted OR

z score

0.5

0.3

0.2

a

Deﬁned according to the criteria of metabolic syndrome from Chinese
Diabetes Society (CDS) (2004) for Chinese. bSet of independent variables:
age, gender, FBG, UA, CREA, CRP, IsoP, hypertension, dyslipidemia,
smoking and alcohol drinking status, high levels of physical activity,
polyphenol-rich diet, and z score of each type of polyphenol biomarkers as
a continuous variable. cThe z score of each type of polyphenol biomarkers
was computed by the summary of the z score of each polyphenol
biomarker/numbers of biomarkers of each type.

0.1

0.0
0.2

0.4

0.6

0.8

1.0

1.2

CRP (mg/L)

basic level in 48 h, some studies demonstrated that the
concentration in urine may possibly achieve a detectable
stable state when people intake polyphenol-rich foods
daily on a regular basis [7, 28, 33].
The inverse associations between levels of urinary polyphenol biomarkers and overweight/obesity were also
observed after being controlled for multivariates. ROC curves

Figure 4: Adjusted odds ratios (OR) of levels of urinary polyphenol
biomarkers for overweight/obesity by serum CRP concentrations.
Serum CRP concentrations were modeled as restricted cubic
splines with three freedom degrees. Multivariable logistic
regression models (for overweight/obesity) were adjusted for age
(continuous) and gender. The z score of urinary polyphenol
biomarkers at the 25th percentile was used as reference. The
dashed lines represent the 95% conﬁdence intervals.
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1.0

Sensitivity

0.8

0.6

0.4

0.2

0.0
0.0

0.2

0.4
0.6
1 − specificity

0.8

1.0

Model 1
Model 2
Model 3

Figure 5: Receiver operating characteristic (ROC) curves for
overweight/obesity. ROC curves and measures of the area under
the curve (AUC) are presented for three multivariable models: (1)
clinical model inclusive of traditional risk factors (age, gender,
FBG, UA, CREA, CRP, IsoP, hypertension, dyslipidemia, smoking
and alcohol drinking status, and physical activity; black solid
line); (2) model 1 plus polyphenol-rich diet (red line); and (3)
model 2 plus the z score of 22 urinary polyphenol biomarkers
(green line).

to assess the performance of the classiﬁer models for overweight/obesity classiﬁcation showed that using biomarkers
in combination with self-reports could strengthen the discriminative capability of the clinical model. Through analyzing the relationship of each type of polyphenol biomarkers
with overweight/obesity, we observed that urinary levels of
gut microbial metabolites of polyphenol had the most significant and negative association with overweight/obesity. So far
as we know, current thinking considers gut microbiota playing a potential role on the development of obesity and its
related comorbidities [34]. And dietary habits are considered
to be the main contributing factors to the diversity of the
human gut microbiota by altering its composition [35]. A
number of studies have shown long-term dietary patterns
and short-term interventions induce changes in gut microbiota structure and function, and they have also revealed the
fact that metabolic changes ultimately could inﬂuence host
physiological health [36]. Our ﬁndings support these points
of views on the relationship among diet, gut microbiota,
and obesity.
The microbial polyphenol metabolism is kept to a general
pattern, in which the extremely diverse group of plant polyphenols is transformed into a relatively small number of
common metabolites [37]. Because of the complex determination of fecal ﬂora, there is a need for rapid and sensitive

analytical methods that can quantify such metabolites for a
large number of samples with rapid and sensitive targeted
metabolomics analysis [38]. A growing number of studies
have shown concern on the determination of polyphenol
microbial metabolites, especially in urine or plasma, but only
a few have been committed to their accurate quantiﬁcation in
diﬀerent biospecimens [39]. The developed method in the
current study has brought about a possibility of using the
simple method for quantifying or evaluating gut microbiota
and their association with diet and disease or their interaction in the future.
In addition, a signiﬁcant interaction was observed
between urinary polyphenol biomarker levels and CRP for
overweight/obesity. CRP is a marker of chronic inﬂammation and is an independent predictor of all-cause cardiovascular mortality. The negative association of urinary
polyphenol biomarker levels with overweight/obesity was
more pronounced in the inﬂammatory groups in the present study. What’s more, with the increase of serum CRP
concentration, the inverse relationship of polyphenol
biomarkers with overweight/obesity gradually enhanced.
Those consistent ﬁndings showed that the association of
urinary polyphenol biomarker levels with overweight/obesity was more pronounced in participants with a chronic
inﬂammatory status than others. The chronic low-grade
inﬂammatory condition accompanying obesity has been
implicated as a major player in both obesity and its associated pathophysiological consequences [40]. Thus, the current results demonstrate that it is of crucial importance to
maintain polyphenol biomarkers at high levels or intakesuﬃcient polyphenols in obesity with chronic inﬂammation
than others.
There are several limitations. Firstly, results were based
on a short and simple self-reported FFQ that may likely
attenuate the observed correlations. The FFQ provided information on the frequency of consumption of most common
polyphenol-rich foods in Chinese dietary habit, but exclusive
of weight and portion size, because there is no need to estimate the mean daily polyphenol intake as a continuous variable for the lack of a Chinese-speciﬁc food polyphenol
composition database. However, it is because of the reasons
mentioned above; our results proved that urinary polyphenol
biomarkers could oﬀer a valid alternative or complementary
addition to self-reported survey for the evaluation of
polyphenol intake while it is impossible for large-scale epidemiologic studies to collect details of dietary information. Secondly, metabolite concentrations account for the genetic
eﬀect modiﬁcation of metabolic processes. We were unable
to evaluate that, which could inﬂuence the extent to which
a metabolite can act as a universal dietary biomarker.
Thirdly, we cannot rule out the possibility that some ﬁndings
may have been derived by chance, but we attempted to minimize this by controlling for multivariates. Finally, except for
overweight/obese, there are no statistical diﬀerences of levels
of urinary polyphenol biomarkers between diﬀerent groups
according to the presence of other components of MetS.
The limitations of the cross-sectional study design and small
sample size may account for this discrepancy. The ﬁndings
need to be validated in future studies.
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5. Conclusions
A targeted metabolomics method by LC/MS/MS for the measurement of 22 polyphenol biomarkers in urine samples was
established and validated to eﬀectively assess the habitual
polyphenol intake in free-living healthy Chinese subjects.
We also found that the levels of urinary polyphenol biomarkers, especially gut microbial metabolites of polyphenols,
were inversely associated with overweight and obesity, and
this association was more pronounced in the inﬂammatory
groups suggesting that it is of great importance to maintain
polyphenol biomarkers at high levels or intake-suﬃcient
polyphenols in obesity with chronic inﬂammation than
others. The measurement of these biomarkers may oﬀer a
valid alternative or complementary addition to self-reported
survey for the evaluation of polyphenol intake and investigation into their relationships with chronic disease-related endpoints in large-scale clinical and epidemiologic studies.
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