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ABSTRACT

Background: Specific metabolites detected in biofluids after food intake have been proposed as objective markers to address limitations with traditional
dietary assessment methods. Although hundreds of metabolites have been associated with foods or food groups, they require validation.

Objectives: The aim of this study was to develop a panel from the proposed biomarkers of dietary intake reflecting major food groups and compare them
against known and self-reported dietary intakes.

Methods: A randomized crossover trial of 3 interventions, including a day of foods consumed under observation, was performed. Each feeding day was
of 3 food groups (e.g., whole grains, dairy, and fish) with optional snacks (e.g., fruit, chicken, and legumes) but absent of 3 other food groups (e.g., meat,
vegetables, nuts, and seeds). Fasted whole blood and 24-h urine samples were analyzed by liquid chromatography mass spectrometry to detect
previously proposed biomarkers of food intake. Urinary sodium was measured. Pairwise correlation coefficients and generalized linear modeling
(GLM) considered relationships between biomarkers and food groups. Comparisons were drawn between self-reported and known dietary intakes.
Results: Twenty-one participants [mean age 24.8, standard deviation (SD) 6.0 y, body mass index: 24.1; SD: 4.0] completed the trial. GLM coefficients
indicated fish intake was associated with 3-carboxy-4-methyl-5-propyl-2-furanpropanoic acid [62.15 (95% confidence interval: 35.00, 89.29)],
wholegrain intake with 3,5-dihydroxybenzoic acid [87.32 (24.28, 150.35)] and fruit intake with fructose [5.39 (2.53, 8.25)], and s-methylcysteine [5.91
(1.24, 10.58)]. GLM rate ratios indicated chicken intake was associated with 3-methylhistidine [0.19 (0.07, 0.31)], anserine [0.21 (0.05, 0.37)], and
carnosine [0.11 (0.03, 0.19)], legume intake with glycine betaine [0.21 (0.02, 0.40)] and vegetable intake with sulforaphane [0.30 (0.20, 0.47)], S-
methylcysteine [0.23 (0.14, 0.45)], methoxytyramine [0.21 (0.08, 0.35)], and p-carotene [0.05 (0.02, 0.08)]. There was no association between 24-h
urinary sodium and known sodium intake [0.11 (—0.06, 0.28)]. Self-reported dietary intake was associated above acceptable level (» > 0.40) with

known intake.

Concluzions[ We identified some previously reported associations between foods and proposed biomarkers, but not all, outlining the need for
assessing dietary biomarkers across a range of study designs including food intakes within realistic ranges.
This trial was registered at ACTRN as 12622001036707 (https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=384292&isReview=true).
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Introduction

Biomarkers of food intake (BFIs) have been proposed as alterna-
tives or complements to traditional dietary assessment methods [1-3].
Advances in metabolomics, i.e., the science of studying the metab-
olome, have resulted in the detection of a greater number of metabo-
lites in biofluids at relatively low cost and are becoming important

techniques for the identification of objective measures of dietary
intake [4-8]. Most BFIs are single metabolites or a combination of
metabolites found in the body after the intake of the related food [8.9].
There are several classes of BFIs, namely recovery, concentration,
replacement, and predictive biomarkers, although some biomarkers
can fall into more than one of these categories [10]. Ideal BFIs should
be based on exogenous metabolites (i.e., a component of the food) and

Abbreviations: BFI, biomarkers of food intake, CI, confidence interval; C18, octadecyl, GLM, generalized linear modeling; HILIC, hydrophilic interaction liquid chroma-
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specific to individual foods or food groups. There are many factors that
must be considered before confirming candidate metabolites as
objective biomarkers of dietary intake. The range and diversity of
metabolites found in food, as well as how they may be processed in the
human body, are not yet well understood.

Over the past 2 decades, research on metabolite markers has
increasingly focused on the following 3 areas: I) the discovery of
BFlIs, 2) the identification of metabolic pathways altered because of
dietary interventions, and 3) the investigation of the association be-
tween BFIs, nutrition, and health status [6,11,12]. Substantial progress
has been made in discovering potential BFIs with databases now
cataloging hundreds of identified candidate BFIs [13—15]. However,
evaluating their association with diet has been relatively limited, as
few have been considered within controlled feeding studies. Many
dietary biomarker “discovery” studies have used very high intakes to
find metabolites that clearly respond to a particular food [16], and it
can be unclear how well these markers reflect intake within the range
of usual intake. As part of the FoodBall initiative, Dragsted et al. [16]
proposed 8 criteria required for the validation of candidate BFIs;
however, few studies that meet these validation criteria have been
conducted to date. To understand whether proposed objective markers
of dietary intake are useful, further work is required to test methods in
the context of usual dietary intake and different types of dietary in-
terventions. To further gain knowledge in this field toward BFI vali-
dation, we conducted a randomized crossover feeding trial providing
foods of known amounts from all major food groups [17]. We carried
out a targeted assessment of proposed metabolites in blood and urine
to develop a panel reflecting overall diet. We also compared objective
(biomarkers), self-reported (24-h recall), and known (what food was
consumed under observation) intakes to comment on these assessment
methods in this study setting.

Methods

This trial was prospectively registered (ACTRN 12622001036707)
and conducted in Aotearoa New Zealand from September 2022 to
September 2023 with all feeding interventions delivered over the first
5 wk. Ethical consent was obtained from the University of Otago
Human Ethics Committee (UOHEC H22/075) after scientific peer
review, and all participants provided informed consent before
participation.

Study design

This trial used a randomized crossover design with 3 48-h feeding
interventions, each separated by >4-d washout. Day 1 of each inter-
vention was an unmonitored day of ad libitum dietary intake, physical
activity, and sleep behaviors with 24-h urine collection. Participants
were asked on these days to standardize these behaviors, including any
medication or supplement use throughout the study period, so that
each day of the study was similar. Day 2 of each intervention was a
feeding day with all meals provided in known amounts and consumed
under observation with a second 24-h urine collection. A fasted blood
sample was drawn, and 24-h recall was taken in the morning after each
unmonitored standardized day and each feeding day of foods
consumed under observation.

Eligibility criteria
Participants aged 18—40 y were sought through online and paper-
based recruitment materials. These young adults were chosen to
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minimizethe occurrence of unknown diseases or metabolic
conditions thatmight impede metabolite processing (e.g., renal
disease). Participants were included if they were willing to
comply with the study requirementsof each intervention and the
necessary urine collection andblood draw. Individuals were excluded
if they had food allergies, foodsensitivities, or food intolerance,
a history of eating disorders and pre-existinghealth conditions
that impact digestion and metabolism. Enrollment and consenting
were done via Research Electronic Data Capture(REDCap).

Intervention

Each of the 3 feeding days consisted of 3 main meals of
known amountsconsumed under observation, with preweighed
snacks provided tobe consumed ad libitum outside of mealtimes.
All meals were preparedand provided in the same facility, where
participants were required toattend breakfast, lunch, and dinner.
Menus were designed to provide a varietyof foods at a normal
intake level from a selection of 9 major food groups according to
the New Zealand Food Guidelines [17]. Food groupswere
categorized into daily menus according to 3 key criteria: /)
ensuringa balanced daily intake with >1 animal protein source/d; 2)
designing a palatable, satiating, full-day menu; and 3) minimizing
overlapamong food groups with shared BFIs (e.g., flavonoids in
fruits andvegetables). Each feeding day was of meals comprising
select 3 food groups(i.e., red meat, vegetables, nuts, and seeds),
with optional snacks of3 other food groups (i.e., poultry, legumes,
and fruit), and a complete absenceof 3 other food groups (i.e., fish,
dairy, and whole grains). Full interventionmenus are shown in
Table 1.

Participantswere instructed to eat no other foods on feeding days
otherthan the food we provided. Each meal portion was weighed
out andpredefined; however, participants could choose to eat any
number of portions of any meal of their choice, provided they
constipated the full portion each time. The same brand and batch
of foods purchased from the 1 supplier were used over the 5
wk where feeding interventions were delivered, to standardize as
much as possible potential variability in the biomarker or sodium
contents of foods. For seasoning, participants were provided with
preweighed packets of salt that, if used, had to be consumed in
full to obtain an accurate reflection of dietary sodium intake.
Monitoring of all mealtimes, salt packets, empty plates, and empty
snack bags was undertaken to ensure intervention adherence.

Randomization and blinding

Participantswere randomly assigned to intervention order using a
balanced computer-generated protocol with no stratification. The
randomization list was created and uploaded into REDCap by a
researchernot involved with recruitment, participant communication,
datacollection, or data analysis. The randomization list could not
be accessedby study staff enrolling participants. Because of the
nature of dietary feeding studies, blinding of participants was
not possible; however, participants were not informed of their
allocated intervention orderat any time point.

Measurements

Baseline data collection included demographic data, as well
as weight, height, and blood pressure. For self-reported dietary
data, participantsprovided a 24-h recall the morning after each
standard and feedingday using a multipass method [18] for a
total of 6 24-h recalls during the study. Recalls were entered
into FoodWorks 9 (Xyris SoftwareAustralia Pty Ltd) for nutrient
and food group analysis using local food composition tables
[17]. All 24-h urine samples were
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TABLE 1
Full intervention menu.
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Wholegrain, seafood, and dairy

Red meat, vegetables, nuts, and seeds

Chicken, egg, fruit, and legumes

Food item Amount Food item Amount Food item Amount
Breakfast Breakfast Breakfast
Rolled oats 30g Canola oil 25¢g Apple 30g
Milk, full fat 60 g Onion, white 40 g Pear 30g
Honey 5g Potato 70 g Kiwifruit 30¢g
Greek yogurt, full fat 20g Garlic Sg Green grape 30g
Cinnamon, ground 05¢g Tomato 60 g Lemon juice 6g

Red capsicum 40 g Egg, hard boiled 102 g
Lunch Baby spinach 20g Chicken, smoked 50g
Tuna, canned in oil N2eg Tomato paste, NSA 25¢g
Wholegrain bread 88 ¢g Sausage, pork 110 g Lunch
Cheddar cheese 60 g Salt 25¢g Red lentils, dry 110 g
Parsley, dried 025¢ Black pepper 015¢ Chicken breast 8g
Butter, NSA 10g Turmeric 02¢g Soybean oil 25¢
Salt 02g Pumpkin seeds 6g Salt 03g
Black pepper 02g Red kidney beans, canned 50g

Lunch Mayonnaise 20¢g
Dinner Lettuce, iceberg 50g Avocado 45 g
Butter, NSA 15¢g Cauliflower 40¢g Black pepper 0.15¢g
Sole fillet 100 g Broccoli 40g Paprika 0.15¢g
Salt 02g Kumara 50g Turmeric 0.15¢g
Black pepper 0lg Salt 4¢g Orange juice 200 mL
Brown rice, steamed 100 g Beef 70 g
Feta, full fat 25¢g Black pepper 0.15¢g Dinner
Canola oil 5g Canola oil 19¢g Chicken bone broth 140 g

Pumpkin seeds 6g Lentil pasta, boiled 100 g
Dessert Lemon juice 30g Brown lentils, canned 60 g
Cream, full fat 40 g Peanut butter 20g Black pepper 02¢g
Sugar 18g Smoked paprika 0.1g
Cream cheese, full fat 44 ¢ Dinner Soybean oil 25¢g
Vanilla extract lg Lamb 200 g Salt 0.15¢g
Butter, NSA 20g Canola oil 16g Chicken breast 320 g
Rolled oats 25¢g Salt 2g

Garlic powder 25¢g Dessert

Black pepper 0lg Mixed berries, frozen 80 g

Potato 80 g Sugar, white 15¢g

Parsnip 115¢g Lemon juice 5g

Eggplant 50g

Red capsicum 30g

Onion, white 55¢g

Mushroom 50g

Garlic S5g

Turmeric 0lg

Pumpkin seeds 6g

Orange juice (optional) 200 mL

Dessert

Chocolate, dark 17 ¢

Abbreviation: NSA, no salt added.
All meat and vegetable weights are given as raw weight unless specified.

collected following WHO protocols for population-level sodium
determination [19]. All fasted venous blood samples were collected by
a trained phlebotomist the morning of the feeding day and the morning
after feeding day, and then frozen as whole blood at —80°C until
analysis.

Sample preparation

We used the existing literature to select already identified metab-
olites reflecting dietary intake for screening [11-15,20,21] and
included other compounds that are not specific dietary biomarkers but
are related to food intake (e.g., amino acids and vitamins) as potential
BFI. Because the selected potential dietary biomarkers varied widely
in their polarity, 2 types of chromatography were used for our targeted
analysis: hydrophilic interaction liquid chromatography (HILIC) for

separating polar compounds and octadecyl (C18) for separating
semipolar compounds. Analyses were designed to capture the full
spectra of metabolites in each sample (untargeted), whereas the output
from the instruments was processed to detect only the selected BFIs
(targeted) for analysis, in line with our approach to consider known
and proposed markers rather than identify new markers.

Urine was extracted following the protocol of Gonzalez-Dominguez
et al. [7]. In brief, defrosted 1000 pL aliquots of urine samples were
acidified using 20 pL of 4% phosphoric acid and 50 pL of internal
standard mix [fumaric acid-d4, U13C-glucose, L-Dopa-d3, benzoic
acid-d5, cholic acid-d5, choline-d9 (all from Cambridge Isotopes Ltd),
and taxifolin (Sigma Aldrich) each at 1 pg/mL in 10% methanol
(MeOH)]. The urine was mixed using a vortex mixer (10 s), then cleaned
using solid-phase extraction (SPE) (Oasis HLB, Waters). The SPE plate
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was conditioned with MeOH and water (with 0.1% formic acid) and 10
mM ammonium formate. Two fractions were collected for further
analysis; polar compounds were eluted with 1.5 mL of water with 0.1%
formic acid and 10 mM ammonium formate, and semipolar compounds
were eluted with 1.5 mL MeOH with 0.1% formic acid and 10 mM
ammonium formate. All samples were dried in a centrifuge evaporator
(Christ RVC 2-18 CD plus, Martin Christ GmbH) and redissolved in
50% MeOH before analysis. Sample blanks were prepared in parallel to
samples, with water added instead of urine, and quality control samples
were prepared by pooling 10 pL aliquots from all samples.

We adjusted all urine samples for urine density (metabolite value
divided by urine density for each sample). Urine density was measured
using a hand-held refractometer (Milwaukee MA886 Digital Sodium
Chloride Refractometer) calibrated with deionized water and dried with
paper tissue according to the manufacturer’s instructions. Once cali-
brated, 100 pL of sample was transferred onto the refractometer dish, and
the specific gravity value was recorded in duplicate, with temperature also
being noted. The mean of the 2 measures was used as the final density.

Whole blood samples were prepared for running with both C18 and
HILIC chromatography to increase metabolic coverage [7]. Whole
blood samples were prepared for running with both C18 chromatog-
raphy and HILIC. Several solvents were tested to determine the most
appropriate solvent for analysis: MeOH with 1% formic acid, aceto-
nitrile with 1% formic acid, MeOH with 10 mM ammonium formate,
acetone with 10 mM ammonium formate, and acetone with 1% formic
acid. MeOH led to clotting with no supernatant. The remaining 4
extraction solvents were analyzed as per the methodology described in
Supplemental Material 1, and acetone containing 1% formic acid was
selected as the most appropriate solvent for whole blood based on the
number of BFIs detected. All blood samples were thawed and initially
extracted with acetone containing 1% formic acid (100 pL whole
blood to 900 pL of extraction solvent) and dried using vacuum
centrifugation. For analysis of polar compounds, acetone extract was
resuspended in 50% acetonitrile with 0.1% formic acid. For analysis of
semipolar compounds, the method of Dominguez-Fernandez et al. [22]
was followed. Acetone extract was resuspended in 350 pL of water
and cleaned using SPE, using the same method as for urine. The
second extraction method (MeOH elution) was used. Whole blood
samples were analyzed in electrospray ionization positive mode only.
Expanded methodology is described in Supplemental Material 1.

Metabolite analysis

Samples were analyzed using liquid-chromatograph—high-resolu-
tion mass spectrometry (LC-MS, Shimadzu LCMS 9030 quadrupole-
time-of-flight mass spectrometer). Samples were analyzed in ran-
domized order based on individual, with samples from each individual
analysis in a single block randomized based on sample collection time
point. The targeted dietary biomarkers were analyzed before analysis
to confirm that they were detectable, with mass as the primary adduct,
and to determine retention time. Metabolites were subsequently
identified based on retention time, high-resolution mass (<5 ppm), and
isotope pattern matching score (>30%).

Because several metabolites were detected with both HILIC and
C18 chromatography, the column that gave the best peak shape and
intensity was selected for further analysis. Insight Explore (Shimadzu)
was used to extract data. Compounds detected in <90% of samples
were removed from the dataset. Overall variation from sample to
sample was determined based on taxifolin and L-Dopa internal stan-
dards for urine and whole blood, respectively, meaning that the values
obtained were semiquantified values, as full quantification is not
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possible due to the lack of accepted standards for the proposed me-
tabolites we targeted. Expanded methodology is described in Sup-
plemental Material 1.

Urine sodium assessment

Urine sodium was measured for each 24-h urine sample using the
Ion-Selective Electrode module of the Roche/Hitachi Cobas C systems
for the quantitative determination of sodium, potassium, and chloride
in urine according to the manufacturer’s protocols. Standardized
quality control samples were used and spread out in 20-sample in-
tervals between the samples. Any sample with an out-of-range value
was repeated in triplicate. Urinary sodium measures from the 24-h
urine collections were converted to dietary sodium equivalent using
methods previously described [23]. Urinary sodium values were
compared with the recorded sodium intake from provided foods using
the same generalized linear modeling (GLM) steps as other BFIs
described below.

Statistical analysis

As an exploratory study, insufficient data were available from
previous studies to conduct a robust power calculation. We instead
based our sample size on those used in previous studies [24-26] to set
sample size at 21 completing participants, ceasing study recruitment
when this number was reached. All available data of completed in-
terventions were used, even if the participant had not completed all 3
interventions. Missing metabolite data were treated as random.

Data were tested for assumptions of normality and spread using
normal distribution curves. All dietary data were presented per grams for
each food group per feeding day and for the 3 standard days combined.
Measures for energy, water, and sodium intake were also included. To
consider metabolite concentrations in relation to food provided,
exploratory multivariate analyses were carried out using principal
component analyses and partial least square regression to create heat
maps of Pearson correlation coefficients between dietary intake and
potential BFIs in each biological sample on each intervention day.

The analysis to compare the relationship between BFIs and known
dietary intake was completed in several steps using GLM, with the
identity link function used for continuous outcomes and a log link for
count outcomes (i.e., Poisson regression). Metabolite and self-reported
dietary data from standardized days were included as covariates in the
model to provide a baseline level for both diet and BFI amounts before
intervention start. Findings were reported as GLM regression co-
efficients using data from main meals and exclusion days only (i.e., no
snack days). A random effect was included to account for the clus-
tering from repeated measures for participants. To investigate the
linearity assumption multivariable fractional polynomial modeling for
each BFI was used to determine the functional form of each BFI in the
model (e.g., continuous, log, square, and cubic). BFI data (in ppm)
were scaled to allow for comparison with dietary data [in grams (g)],
using z scores for each data point, using the following formula: [var-
iable — mean (variable)]/SD (variable)]. The BFI content in each
biological sample was compared with known dietary intake without
any covariates in the model, and a second analysis was conducted
including previous-day BFI content as covariates for baseline BFI
concentration adjustment. Findings were summarized as regression
coefficients (identity link) or exponentiated rate ratios (Poisson model)
with 95% confidence interval (CI) and P values. Sensitivity analyses
were conducted to compare the effects of complete with incomplete
24-h urine samples on overall primary analysis results, with each
previous step in primary analyses being repeated.
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Analyses exploring the association between self-reported and
known (true) dietary intake by feeding day were conducted by sepa-
rating main meals intake (i.e., foods of known amount provided by the
researchers and consumed under observation) and snack intake.
Pairwise correlation coefficients were calculated using main meals
only to capture known intake compared with self-reported intake for
each food group variable depending on the distributions (Pearson’s for
normally distributed, Spearman’s for nonnormally distributed). A
correlation coefficient >0.40 was considered as acceptable based on
previous literature in dietary validation studies [23,27]. Similar to the
analysis of BFIs as predictors of dietary intake, GLM was conducted
with self-reported intake as predictors of known intake and reported as
regression coefficients. Further analysis comparing self-reported to
known intake without clustering by feeding day was conducted. We
did not adjust for multiple comparisons given that outcomes are
correlated and doing so would increase the type II error rate [28] Data
are presented as mean (SD) unless otherwise stated. Principal
component analyses and partial least square were carried out using
SIMCA 17 (Satorius), and all other analyses were carried out using
StataSE version 17.0 [29].

Results

A total of 120 individuals expressed interest in the study, with 24
(74% female) providing consent and starting the study (Figure 1).
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Mean age was 24.8 (SD: 6.0) y and BMI was 24.1 (SD 4.0) kg/mz.
Participants self-identified as being New Zealand European (70%),
Maori (22%), Chinese (4%), or Dutch (4%). Three (13%) participants
were current smokers, 8 (33%) reported taking a dietary supplement in
the last 3 mo and 5 (21%) were currently taking medications, although
none with obvious metabolic effects. Full intervention menus are
shown in Table 1. No participant reported issues in collecting their
urine and blood samples, with 90% of 24-h urine collections being
reported as all urine produced that day. Mean urine volume of the 131
urine samples was 1.5 (0.8) L. A total of 125 and 123 suggested BFIs
and diet-related compounds were detected in whole blood and urine,
respectively. Of these, 36 metabolites were detected in over 90% of
samples and with a mean peak area >1000 and were included for
further analysis.

Details of the dietary intake from intervention and standardized
days are shown in Table 2. The GLM regression model coefficients
between known dietary intake and BFIs in blood and urine for
continuous variables and count variables, clustered by participant ID
(Table 3) showed evidence of an association between >1 metabolite
and its corresponding food group in 7 of 9 food groups (not for red
meat and nuts and seeds), although the associations between alkylre-
sorcinols in blood and whole grains., between isovalerylglycine in
blood and dairy, and between 3,3’-diindolylmethane and capsaicin in
urine and nonstarchy vegetables were negative. Adjusting for baseline
levels of metabolites impacted the relationship between iso-
valerylglycine in urine and dairy and between methoxytyramine in

Assessed for eligibility (n=120) ‘

(aR——
&
= Excluded (n=96 )
8 Not eligible (n=5)
E Decided not to participate (n=91)
—_— Randomised (n=24)
Withdrawn (n=1)
'
e ! 1
-8 Whole grains, seafood, dairy (n=6) Red meat, vegetables, nuts & seeds (n=7) Chicken, egg, legumes, fruits (n=10)
o~
—

4+ days washout
Discontinued trial (n=2)

ne !

Whole grains, seafood, dairy (n=7)

2days

Red meat, vegetables, nuts & seeds (n=8)

}

Chicken, egg, legumes, fruits (n=6)

4+ days washout ‘

(ol !

Whole grains, seafood, dairy (n=9)

2days

Red meat, vegetables, nuts & seeds (n=6)

, }

Chicken, egg, legumes, fruits (n=6)

y

=

Completed all 3 interventions (n=21)
Analysed (n=22)

FIGURE 1. Flowchart of participants throughout the feeding trial (» = number of participants). 1 participant consumed study foods but did not provide data
needed for analysis and discontinued after 1 intervention period; 1 participant completed 1 full intervention period with full data and was included in analysis

and discontinued after 1 intervention period.
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TABLE 2
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Dietary intake of food groups known intake from intervention days and self-reported 3-d average intake from standard days [mean (SD)].

Nutrients Intervention day: meat,
vegetables, nuts, and

seeds (n = 21)

Intervention day: fish,
seafood, dairy, and whole
grains (n = 22)

Intervention day:
chicken, eggs, legumes,
and fruit (n = 21)

Self-reported 3-standard
days average (n = 64)

Energy (kJ)
Water (g)

Sodium (mg)
Food group serves

10,722.1 (2653.0)
2793.5 (1050.5)
4791.9 (1399.3)

Grains (g) 0.0 (0.0) 3923 (115.4)
Refined grains 0.0 (0.0) 0.0 (0.0)
Whole grains 0.0 (0.0) 3923 (115.4)

Fruits (g) 59.8 (36.4) 0.00 (0.00)
Fruit juice (mL) 111.2 (98.7) 0.00 (0.00)

Vegetables (g) 343.7 (173.7) 58.6 (101.0)
Nonstarchy vegetables 446.5 (140.1) 0.3 (0.1)
Starchy vegetables 146.9 (79.2) 58.4 (101.0)

Red meat (g) 219.6 (114.7) 0.0 (0.0)
Processed meat (g) 47.0 (26.9) 0.0 (0.0)

Poultry (g) 0.0 (0.0) 0.0 (0.0)

Eggs (g) 60.8 (65.4) 0.0 (0.0)

Fish (g) 0.0 (0.0) 279.1 (99.0)

Nuts and seeds (g) 1149 (57.4) 1149 (97.1)

Legumes (g) 0.0 (0.0) 0.0 (0.0)

Dairy (g) 5.6(3.2) 223.8 (75.5)
Milk 56(32) 85.0 (36.7)
Cheese 0.0 (0.0) 102.1 (42.7)
Yogurt 0.0 (0.0) 36.7 (14.5)

Alcoholic beverage (std) 0.0 (0.0) 0.0 (0.0)

12,276.0 (3206.6)
2250.55 (943.6)
3505.7 (1259.5)

12,202.6 (2876.2)
2407.6 (847.4)
3504.7 (1098.5)

9280.1 (3599.0)
2463.8 (1015.4)
3744.0 (2628.0)

130.7 (101.7) 286.7 (154.7)

74.67 (66.4) 197.2 (116.9)
56.1 (52.4) 89.5 (115.1)
91.5 (29.8) 24.1 (33.5)
168.1 (91.0) 5.0 (19.9)
0.0 (0.0) 173.9 (171.3)
0.0 (0.0) 181.5 (251.0)
0.0 (0.0) 75.7 (121.1)
0.0 (0.0) 61.6 (95.0)
0.0 (0.0) 9.0 (20.7)
447.8 (130.2) 46.7 (90.0)
73.0 3L.1) 32.8 (45.0)
0.0 (0.0) 5.6 (19.9)
0.0 (0.0) 9.9 (22.4)
519.2 (131.56) 243 (77.4)
353 (33.0) 2224 (193.7)
0.0 (0.0) 166.7 (154.1)
353 (33.0) 19.3 (26.5)
0.0 (0.0) 36.5 (89.6)
0.1 [0.89 (4.18)] 0.3 (0.8)

Abbreviations: std, standard drink; », number of participants.

urineand fruit, resulting in a a negative association, and choline
in blood andegg, resulting in a positive association. The existing
associations betweenf-carotene in blood and 3,3’-diindolylmethane
and capsaicin in urine with nonstarchy vegetable intake were no
longer observed after baseline adjustment. From the Pearson
correlation coefficients whencomparing all food groups and BFIs
(Supplemental Material 2), therewas also evidence of an association
between whole grains, fish, legume,vegetables, and fruit and their
corresponding BFIs.

Sensitivity analyses when considering only complete 24-h
urine samples (Supplemental Material 2) showed a larger and
positive relationship between 3,5-dihydroxybenzoic acid and whole
grain intake, 3-carboxy-4-methyl-5-propyl-2-furanpropanoate and
trimethylamine N-oxide and fish intake, and sulforaphane, S-
methylcysteineand methoxytyramine, and vegetable intake. There
was also an association between lactose and dairy intake and a
larger but negative association between urinary methoxytyramine
adjusted for baseline levels and fruit intake, with no other
relationship between remaining food groups and their associated
BFIs found when consideringonly complete 24-h urine samples.

Comparisons between known and self-reported dietary intakes
(Table 4) showed a strong positive relationship with correlation
coefficients » > 0.55 between known dietary intake and self-
reported dietaryintake of whole grains, fish, fruit, fruit juice, and
vegetables. GLM regression coefficients showed a relationship
between selfreportedand known intake of all food groups, ranging
from a coeffi-cientof 0.0005-0.6074, except for dairy and nuts and
seeds. There was no association found between the current
reference standard urine sodium excretion and known sodium
intake. When converted to dietarysalt intake, urine sodium showed
a GLM regression coefficient (95%CI) of 0.11 (—0.06, 0.28),
which increased to 0.16 (—0.03, 0.35) whenadjusted for baseline
(i.e., standard day) urine sodium concentrations. Sensitivity analyses
using complete urine samples only did

not improve these associations (Supplemental Material 2). Compari-
sons between known and self-reported dietary intakes without clus-
tering by feeding day showed a positive relationship for all food
groups, with a Pearson’s correlation coefficient  of 0.40 for sodium
and r ranging from 0.55 to 0.94 for all other food groups (Supple-
mental Material 2).

Dose-response considerations between food group and metabolite
are shown in the Figure 2. There were no noticeable dose-response
relationships between dairy and fruits and their associated BFIs.
There was a stepwise increase in urinary anserine and 3-methylhistine
after 400 g of chicken intake and proline betaine after 200 g of fruit
juice intake. Urinary excretion of 3-carboxy-4-methyl-5-propyl-2-fur-
anpropanoate and trimethylamine N-oxide showed a nearly linear
relationship with fish intake, dropping after 4 serves (400 g) of intake.
Urinary sulforaphane and S-methylcysteine increased per 300 g in-
crease in dietary intake of nonstarchy vegetables, seeming to plateau at
600 g of intake. There was also an increase urinary trigonelline and
pipecolic acid between 450 g to 6500 g of dietary intake of legumes.
Finally, urinary carnitine and 1-methylhistidine in blood and urine
increased after 200 g of red meat intake.

Considering BFIs that were found in both urine and whole blood,
pairwise correlation (Supplemental Material 2) illustrates which BFI
had a stronger relationship with a food group depending on the bio-
fluid. Hesperetin and 3-methylhistidine showed a stronger correlation
within blood, although these did not meet the threshold for signifi-
cance. All others had a stronger and positive response in urine, with S-
methylcysteine and trigonelline meeting the threshold for significance.

Examples of the exploration of the relationships between BFIs in
urine and the average self-reported dietary intake of standardization
days were done through scatter plots (Supplemental Material 2). Un-
like the primary analysis, the 3-d average shows that fruit intake had a
relationship with proline betaine in urine with a Pearson’s correlation
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TABLE 4

Self-reported versus known dietary intake on each corresponding feeding day.

Self-reported vs. known

Self-reported vs. known intake

Self-reported intake
mean (SD) (g)

Known intake mean (SD) (g)

Food/ Food groups

intake GLM coefficient (95% CI)

pairwise correlation (95% CI)

Main meals

Snacks

Snacks Main meals Snacks Main meals

Main meals

<0.01

0.5610 (0.3505, 0.7717)
0.0005 (0.0003, 0.0006)
0.0007 (0.0004, 0.0009)
0.6074 (0.3427, 0.8722)

0.06 (—0.37, 0.50)

0.79 (0.48, 1.00)

0.0 (0.0)
0.0 (0.0)
0.0 (0.0)
0.0 (0.0)

251.1 (157.9)
242.8 (126.1)

56.1 (52.4)
0.0 (0.0)
0.0 (0.0)
0.0 (0.0)

3923 (115.4)
447.8 (130.2)
219.6 (114.7)
279.1 (99.0)
223.8 (75.5)
519.2 (131.6)
915 (29.8)

Whole grains (n = 21)
Chicken (n = 22)

<0.01

0.21 (=0.23, 0.64)
0.19 (—0.27, 0.64)

0.55 (0.41, 1.00)

<0.01

1917 (142.9)
233.6 (117.1)

Red meat (n = 21)

Fish (n = 21)

<0.01
0.12

0.1880 (—0.0463, 0.423)
0.0003 (0.0001, 0.0005)

0.65 (0.31, 0.98)

0.34 (—0.08, 0.76)

0.15 (0.09, 0.78)
0.68 (0.36, 0.98)
0.58 (0.23, 0.94)
0.55 (0.16, 0.93)

58.8 (85.8)
0.0 (0.0)

189.0 (136.3)

353 (33.0)
0.0 (0.0

Dairy (n = 21)

<0.01

176.4 (117.4)
103.6 (36.6)

Legume (n = 22)
Fruit (n = 22)

<0.01

0.5719 (0.3177, 0.82614)
0.0026 (0.0023, 0.0029)

~0.07 (—0.53, 0.40)

68.2 (48.2)

0.0 (0.0)
32 (5.6)

59.8 (36.4)
0.0 (0.0)
0.3 (0.1)

<0.01

168.1 (91.0) 241.0 (119.9)

4465 (140.1)

Fruit juice (n = 22)

<0.01
0.61

0.0009 (0.0008, 0.0010)

~0.33 (—0.81,0.14)

0.76 (0.46, 1.00)

1923 (169.3)
49.6 (54.3)

Vegetables (nonstarchy) (n = 21)

Nuts and seeds (n = 21)

~0.1266 (—0.6122, 0.3591)

0.35 (0.20, 0.50)

—0.08 (—0.62, 0.36)

0.40 (0.17, 0.65)

39.9 (38.8)

114.9 (97.1)

114.9 (57.4)
3916.1 (1394.5)

<0.01

2411.4 (1648.6)

Sodium (mg)]

Abbreviations: 7, number of participants; CI, confidence interval; GLM, general linear model; IRR, incidence rate ratio.

! Sodium measures not clustered by feeding day type, accounting for all intervention days’ sodium intake (n = 64).
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coefficient of 0.32 when unscaled and unadjusted for baseline.
Furthermore, the effect size from a Gaussian model was larger than
when BFIs were compared with known intake (although the rela-
tionship with proline betaine was not statistically significant), with
regression coefficients (95% CI) of 45.88 (—9.40, 101.16) and 18.04
(6.91, 29.16) for proline betaine and fructose, respectively. Other BFI
such as carnitine and 1-methylhistidine showed a similar trend where
neither of the BFIs had an association with red meat intake, despite a
positive linear relationship.

Discussion

We have conducted a crossover feeding study to evaluate identified
BFI against known intakes and self-reported intakes. To do this, we
built a panel of metabolite BFI reflecting 9 different food groups and
used this panel to assess biomarker concentrations in both fasted blood
and 24-h urine samples reflecting each feeding day. Our primary focus
was to evaluate the relationships between food-specific biomarkers
and their corresponding food group to increase the plausibility of the
assessment [16]; however, more general food-related biomarkers were
also considered where food-specific markers were not available. We
found significant diet-metabolite associations for 7 of the 9 food
groups our participants consumed under observation with previously
proposed dietary biomarkers. Adjusting for baseline metabolite levels
did little to alter the direction of the relationships observed. Perhaps
most surprisingly, 24-h urinary sodium was not associated with known
dietary sodium intake in this study where foods were consumed under
observation. We observed associations above acceptable level (» >
0.40) [23,27] when comparing self-reported intakes with known in-
takes provided to participants during this study. The accuracy of
self-reported intakes in this feeding study is likely a product of the
study design, where participants knew they would be asked to recall
what they consumed the preceding day, the food consumed was novel
and therefore memorable, and often prepared for consumption in front
of them.

Several previously noted relationships between biomarkers and
food intakes were not identified in the current study. Several studies
have shown proline betaine to be a marker of the habitual consumption
of citrus fruits [30-32] when measured in isolation. The excretion of
proline betaine is known to peak within a few hours of intake and be
completely excreted shortly after that [31,33], indicating a 24-h urine
sample should capture complete or most proline betaine excretion.
This was not observed in the current study. The amount of citrus fruit
provided (36 g fruit per breakfast portion and 200 mL of orange juice)
may have been insufficient to initiate a detectable response in proline
betaine excretion. Contrary to previous works [34-39], the current
study did not find associations between red meat intake and 1-methyl-
histidine, carnosine, or carnitine [34,40]. Although being abundant in
beef and pork, carnitine is almost entirely absent from poultry, fish,
and dairy indicating potential as a specific BFI of red meat [38,39].
Several other intervention studies have found carnosine concentrations
to increase in urine after the ingestion of beef [36,39,41,42], however
not in plasma [41,42]. However, carnosine and carnitine are also
endogenous metabolites, released in blood and urine as part of normal
muscle turnover, which can confound associations with meat intakes.
Finally, trigonelline has been proposed as a general candidate BFI for
legumes, despite being linked to the consumption of other foods [43].
Again, this was not associated with legume intake in our findings
despite an average serving of 519.2 g (SD 131.6) on the relevant
feeding day.
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FIGURE 2. Scattered plots and box plots showing relationship between food groups and their associated Biomarkers of Food Intakes by grams or serves.

There were several notable strengths in this trial. The crossover
study design was most appropriate, given that it allows each partici-
pant to act as their own control, thereby lowering variability associated
with physiology, metabolism, and physical activity [44]. Our devel-
opment of a panel of biomarkers enabled the parallel consideration of a
range of markers of the whole diet, which is a novel strength of this
work. A more complete capture of the dietary profile increases rele-
vance of BFI in nutrition research and clinical settings. To use this
panel, we created a standard sample preparation and detection method
using a combination of published protocols along with high-resolution
mass and retention time to detect proposed BFIs. Other methodologies
covering many BFIs have used multiple reaction monitoring with
tandem MS, which has the advantage of wider dynamic range than a
time-of-flight detector, although high-resolution mass provides a high
degree of specificity, and scanning allows retrospective interrogation
of the data as new BFIs are proposed. Food intake levels in our study
were designed to reflect a full days’ worth of meals and imitate
real-life amounts at normal intake levels, increasing generalizability of
our results for usual intakes.

Although we were able to identify several potential candidate BFIs
within our analysis, there were some potential limitations. Our inter-
vention feeding days were of 1 d duration; however, metabolites with
slower half-lives, such as alkylresorcinols, more reflective of habitual
intakes may require repeat exposures to foods over several days to
show a response relating to dietary intakes. There are also few studies
that have used whole blood as a biological specimen to measure me-
tabolites, with plasma or serum being more routinely assessed [6,7,
45]. Our use of whole blood instead of plasma or serum may have

impacted the sensitivity of detection, particularly due to the high
concentration of phospholipids in whole blood. The foods provided in
the interventions did not have their own compositional analyses un-
dertaken to measure their metabolite concentration. Due to the focus
on a wide range of reported BFIs and a lack of suitable internal
standards, only relative quantitation of detected BFIs has been re-
ported. This tends to lead to higher analytical variance, as would the
large intra- and intervariability of the bioavailability of some of the
proposed metabolites. We did not consider the pharmacokinetics of the
proposed biomarkers, known on unknown, other than to not measure
phase 2 metabolism conjugates of BFIs (e.g., glucuronide or sulfate
conjugates) [7] as we lacked standards for these. The high degree of
compound class variation between different BFIs is a complicating
factor for a universal method, and we chose to use 2 sets of chroma-
tography to cover a wide range of BFIs, especially as many elute
around the solvent front with C18 chromatography [7]. Lastly, par-
ticipants were free-living and could not be controlled for all activities
that may have influenced BFI-dietary intake associations.

There are several limitations of current BFI research that need
acknowledging, namely: moving beyond detecting to quantifying
food-specific metabolites, nonstandardization of sample handling, lack
of dose-response testing, and differing analysis methods. These factors
make it currently challenging to understand how candidate BFIs might
perform in applied settings. Although there have been several recent
reviews summarizing the best quality studies [8,46-49], more work
and greater collaborative approaches to research are needed. Notable
examples of such collaborations include the FoodBall project [14,15],
which provide a start for bridging the gap between researching
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biochemical properties of metabolites and their applications in clinical
research settings. Future research needs to better understand internal
processing of candidate BFIs, such as the impacts of renal function and
microbiome on biomarker presence, half-life, and validity as a marker
of dietary intakes. Future dietary interventions need to use candidate
BFIs as objective measures of compliance and increase the amount of
data available in this topic and our understanding of its use [50]. A
range of research on multiple tissue types needs to be undertaken to
consider cell lines that capture actual and habitual intakes. This current
work supports the need to move the field of BFI from biomarker
discovery to validation using a variety of study designs and
methodologies.

In conclusion, the present feeding study has drawn on previous
work detecting potential BFI to develop and apply a panel of metab-
olites reflecting all main food groups. Our results were similar to
previous research supporting the associations between some candidate
BFIs and the corresponding food group, but not all. Our data suggest
that current proposed biomarkers for red meat and nut and seed intakes
were not associated with intake of these foods, and that new bio-
markers should be evaluated. Further steps needed in this emerging
field include standardized methodologies for targeted metabolomics
and dose-response testing to understand biomarker concentrations on
consumption of realistic amounts. Although the lure of objective
measures of dietary intakes is appealing, with implications for research
and clinical practice, more development work and greater collabora-
tion in the field are needed to assess their potential.
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