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Abstract

Endogenous and exogenous metabolite concentrations may be susceptible to variation over
time. This variability can lead to misclassification of exposure levels and in turn to biased
results. To assess the reproducibility of metabolites, the intra-class correlation coefficient (ICC)
is computed. A literature search in three databases from 2000 until May 2021 was conducted to
identify studies reporting 1ICCs for blood and urine metabolites. This review includes 192
studies, of which 31 studies are included in the meta-analyses. The ICCs of 359 single
metabolites are reported and the ICCs of 10 metabolites were meta-analysed. The
reproducibility of the single metabolites ranges from poor to excellent and is highly compound
dependent. The reproducibility of BPA (bisphenol A), MEP (mono-ethyl phthalate), MnBP
(mono-n-butyl phthalate), MEHP (mono-2-ethylhexyl phthalate), MEHHP (mono(2-ethyl-5-
hydroxyhexyl) phthalate), MBzP (mono-benzyl phthalate), MEOHP (mono-(2-ethyl-5-
oxohexyl) phthalate), methylparaben and propylparaben, is poor to moderate (ICC median:
0.32; range: 0.15-0.49) and for 25-Hydroxyvitamin D (25(OH)D) excellent (ICC: 0.95; 95%
Cl: 0.90, 0.99). Pharmacokinetics, mainly the half-life of elimination and exposure patterns,
can explain reproducibility. This review describes the reproducibility of the blood and urine
exposome, provides a vast dataset of ICC estimates, and hence constitutes a valuable resource

for future reproducibility, clinical and epidemiological studies.

Keywords: reproducibility, reliability, metabolites, intra class correlation coefficient,

variability, exposome
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1 Introduction

The exposome is the totality of all exposures accumulating during a person’s lifetime, including
not only exogenous exposures but also exposures from endogenous processes (1). There is now
a wealth of biomarkers available measuring the exposome, thanks to the progress of mass
spectrometry and the development of metabolomics (2, 3). In metabolomics small molecules
(molecular mass of 50-1500 Da) involved in the metabolism are measured, which are called
metabolites. These biomarkers are intended to be used in epidemiological studies for exposure
assessment (4). Though there is a high demand for biomarkers of exposure, the reproducibility
of these biomarkers is widely unknown. Due to the scattered information regarding the

reproducibility of metabolite concentrations.

There are different sources of variability, specifically: nature of biospecimen, time of sampling,
mode of collection and storage, within-subject variation over time and laboratory error (5).
Epidemiological studies apply predominantly single biomarker measurements to reflect long-
term exposure (6). However, metabolite concentrations may be susceptible to variation over
time. This variability can lead to biased results, namely, non-differential misclassification bias,
which moves the risk estimate towards the null, i.e., no effect is found even though one is
present (5). Hence, the variability of a biomarker must be evaluated, and its sources identified

when assessing the appropriateness of a biomarker to be used in epidemiological studies (7).

Reproducibility, sometimes called reliability, is the term to describe the variation between two
measurements made on the same subject under varying conditions, e.g., repeated measurements
on the same sample, or measurements of samples collected at two different time points (8, 9).
A biomarker needs to be reasonably stable over time, meaning, to show high reproducibility in
an individual. This translates to a smaller within-subject variance over time compared to the
between-subject variance, which should explain most of the variation seen in the measurement

(10, 11). The intra-class correlation coefficient (ICC) is used to assess reproducibility and
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equals the correlation between any two or more measurements made on the same subject (8,
12). It is generally computed by dividing the between-subject variation by the total variation
(sum of the within-subject variation and between-subject variation) (12). The ICC can take any
value between 0 and 1, and is commonly interpreted as < 0.4 poor, > 0.4 moderate, > 0.7 good
and > 0.85 excellent reproducibility (13). The ICC can be an important parameter to increase

understanding of the variability of a given metabolite in a specific type of biospecimen.

Only a few reviews have been conducted, collating studies on the reproducibility of biomarkers.
One systematic review and meta-analyses included 368 studies to assess the reproducibility of
hormone concentrations in blood and other biospecimens (i.e., urine, saliva, faeces etc.) (14).
The authors found moderate (ICC 0.68) reproducibility of hormone levels in human studies.
Another systematic review collected evidence on the reproducibility of whole-grain and cereal
fibre intake biomarkers (15). The authors concluded that the medium- to long-term
reproducibility of these biomarkers was poor and a substantial limitation for their clinical use.
Furthermore, two studies assessed the reproducibility of urinary biomarkers of exposure to non-
persistent chemicals, such as phthalates (16, 17). The authors found most biomarkers to have
low reproducibility (ICCs <0.4) and only 6% of biomarkers showed high reproducibility (ICCs
>0.75) (16). Also, the authors of the other study found low reproducibility of phthalate
biomarkers (ICC ranging from 0.1 to 0.6) (17). Another systematic literature review
summarised the reproducibility of triclosan, where the ICC ranges from 0.3 to 0.9 in the
included studies (18). Additionally, Exposome-Explorer is a database aiming to collect and
summarise comprehensive data on all known biomarkers of exposure, including information on

reproducibility (19, 20).

To our knowledge, no further reviews summarising the reproducibility of metabolite
concentrations were conducted in the past. There is a gap in the literature to extensively

summarise the existing evidence on the reproducibility of urine and blood metabolite
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concentrations constituting the exposome. The increasing number of available/ discovered
biomarkers and interest in using these in clinical settings and research shows the great need to
assess the reproducibility of these biomarkers and summarise possible biological variability
over time. Hence, this review aims to summarise the present literature on the reproducibility of
urinary and blood metabolite concentrations, present meta-analyses of ICC estimates, and

provide useful guidance for future studies.

2 Materials and Methods
2.1 Search Strategy

We searched PubMed, ISI Web of Science and Scopus for relevant articles, from 1st January
2000 to May 5th, 2021. The authors used the following search terms and variations of those:
“reproducibility of results”, “biological variation”, “variability”, “reliability”, “stability”,
“reproducibility”, “within person variation”, “between person variation”, “intra class
correlation coefficient”, “biomarker”, “metabolomics”, “metabolome”, “blood”, “serum”,
“plasma”, “urine” and “metabolites”. Whenever possible, these terms were mapped to Medical

Subject Headings (MeSH) (Supplementary Materials and Methods 1 contains the full search

strategy).

2.2 Study selection for qualitative synthesis

First, two independent reviewers (JG and LY) screened the titles and abstracts of the non-
duplicated references retrieved from the databases. Second, full-text articles of the selected
references were screened for eligibility by one reviewer (JG). The following in- and exclusion
criteria were used during the screening process: (1) studies with assessing reproducibility as

part of the main objectives; (2) at least two measurements taken from a subject; (3) more than
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one time point assessed; (4) metabolites assessed from urine or blood; (5) the study was
conducted in humans; (6) the study had to be published in a peer-reviewed journal and English
language. Conference abstracts, short communications, editorials, or comments were excluded,
due to the limited information available in the text. Any disagreements during the screening
process were resolved by consensus between the two reviewers (JG and LY), or if necessary,
by a third independent reviewer (AF) if the disagreement could not be resolved. This review
was conducted following the PRISMA (Preferred Reporting Items for Systematic Reviews and

Meta-Analyses) guidelines (21). The review protocol was not prior published.

2.3 Data extraction

Data were extracted from each eligible full text by one author (JG). Information collected
includes data source, study population, sample size, subject characteristics, study time, time
points of collection, number of samples taken at each time point, state at collection (fasting,
phase of menstruation cycle, etc.), samples from urine or blood, metabolites collected,
metabolite platform, 1CCs, adjustments made to the ICC, ICC formula, statistical technique
used for ICC calculation, and ICC classification scheme. Information was collected for each
metabolite alone and not a combination/ summary of the study, i.e., studies looking at the same
metabolite under different conditions will have several rows to summarise the information of
the metabolite in each condition. Except if a study assessed the reproducibility of more than 70
metabolites, then only a summary of the study was reported, e.g., average or range of ICCs for
groups of metabolites, classes, or all metabolites. ICCs are reported as adjusted ICCs whenever

possible.

2.4 Quality assessment and risk of bias
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The quality of the included references in this review was assessed by two independent reviewers
(JG and LY). As no adequate quality assessment tool for our purposes was available a
combination of tools from the Biomonitoring, Environmental Epidemiology, and Short-Lived
Chemicals (BEES-C) (22) instrument and the quality assessment tool designed to assess
biomarker-based cross-sectional studies (BIOCROSS) (23) was created and defined for
reproducibility studies of metabolites in humans. Even though no cross-sectional studies are
included in this review, the BIOCROSS tool provides unique issues to consider for studies
including biomarkers. Likewise, the BEES-C tool is developed to assess the quality of
epidemiological studies involving biomonitoring of chemicals with short physiological half-
lives, however, this tool adds additional aspects unique to biomarker studies (Supplementary
Table S1). The total score is 24, the overall study quality is based on the awarded score and is

regarded as <7 poor, >8 - <16 fair, >17 good study quality.

2.5 Study selection for quantitative synthesis

Based on the previous selected studies for the quantitative synthesis, the authors reduced the
number of metabolites available for analysis by selecting only metabolites occurring > 10 times
in the extracted data, i.e., having > 10 ICC estimates available. Furthermore, for the analysis
the exact number of specimens taken, and the number of time points is crucial information,
when not available, the study is excluded from the analysis. If after following these exclusion
criteria the number of ICC estimates is reduced to under 10, then the metabolite is excluded as
well. For urine metabolites the ICC was only included in the analysis when the concentrations

were adjusted for dilution (e.g., specific gravity, creatinine, or osmolality).

2.6 Data analysis
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All analyses were performed in R Studio (Version 4.0.3) (24) and the packages metafor (25),
foreach (26) and ggplot2 (27) were used. Normally when meta-analysing correlation
coefficients, the coefficients are transformed to the Fisher’s z scale. This is done because the
variance depends strongly on the correlation (28). However, no straightforward method exists
to convert z-transformed ICC values back to an interpretable ICC after the meta-analysis.
Hence, we applied a previously tested method, where we did not standardise the ICC estimates
and used the raw estimates (29). For this method, a normal distribution of the ICC estimates is

assumed, and the sample variance could be approximated with the following equation (Eqgn. 1).

Do 2 2XAZICOPX A4 (=D XICO?
aritt = kxnxn—1) (Eqn.1)

Where ICC is the raw ICC estimate extracted from the full text, k is the number of repeated

measures per subject and n is the number of individuals in the study.

Random effects models were carried out to obtain summary ICC estimates for each metabolite
included in the quantitative synthesis. The model is modelled with a random effect for authors
and a second-level random effect, as higher clustering is present since studies reported several
ICCs for one metabolite. Furthermore, to assess heterogeneity, i.e., if the effect sizes are

consistent across studies, we estimated the 1% from the computed random effect models (30).

Publication bias can be present, as studies that report significant effect sizes are more likely to
be published than studies that have smaller effect sizes or no significant findings at all (28). To
evaluate the presence of publication bias we computed Kendall’s Tau and visually assessed the

computed funnel plots.
2.6.1 Visualisation

The metabolites with available reproducibility data were plotted as a similarity network based
on chemical structures. The visualization was accomplished using Cytoscape, a software

dedicated to the visualization and analysis of complex biological networks (31).
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The chemical structures were retrieved from PubChem (32) using the get_cid() and pc_prop()
functions from the R webchem package (33). Compound names were used to get the PubChem
IDs. These IDs were used to retrieve the chemical data (isomeric simplified molecular-input

line-entry system (SMILES)).

The network calculation and figure generation in Cytoscape were automated with the RCy3
package (34, 35). The similarity network was computed with a 0.8 Tanimoto coefficient using

the chemViz2 Cytoscape app (36).

2.7 Data availability

The data generated in this study for the meta-analyses are available upon request from the
corresponding author. The data generated in this study, apart from the data used for the meta-

analyses, are available within the article and its supplementary data files.

3 Results

The literature search resulted in 13,536 records. After duplicate removal 10,185 records were
screened, of which 9,944 were excluded, resulting in 241 records eligible for full-text screening.
15 full-text articles were added to the full-text screening from the database Exposome Explorer
(29, 20). The main reason for exclusion was that no metabolites (e.g., cytokines) were assessed
in the study, followed by reproducibility not being one of the main objectives of the study. In
the end, 192 studies were included in the qualitative synthesis and of these 31 studies were
included in the meta-analyses (Figure 1(21)). The study quality is overall high, indicating a low
risk of bias. The mean score for all included studies is 16.9 (SD= 1.9) and the median score is
17 (range= 10-21). Most studies (N= 119) are in the high quartile with a score of >17 and 73

studies are in the medium quartile with a score of >8 and <17 (Supplementary Materials and
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Methods 2). For the domain “Reliability and reproducibility specific considerations” with max.
3 points, the average for all studies is 2.74. Further, for the domain “Biomarker measurement”
with max. 2 points, the average is 1.63, for the domain “Specimen characteristics and essay
methods” with max. 3 points, the average is 1.32, and for the domain ‘“Laboratory
measurements” with max. 3 points, the average is 1.70. The study quality for the sub-domains
“Reliability” and “Biomarker” is overall good, while for “Specimen” and “Laboratory” the

quality can be considered fair.

The sample size of the included studies ranges from five to 3,455 individuals and the study time
ranges from one day to up to 15 years. Five studies did not sufficiently report the study time.
Almost all studies have a study time below 10 years, only three studies have a study time above
10 years and 106 studies have a study time <6 months. The total number of samples per subject
ranges from two to up to 65, while three studies did not report the total number of samples per
participant. The time points when specimens were collected ranges from two to 46 time points
of the collection over the study period, while three studies did not report the time points. The
included studies based their analysis on diverse study populations such as children, pregnant
women, pre- and postmenopausal women, elderly, and patients with chronic diseases.
Specimens were collected under 13 different sampling conditions, for example, fasting and non-
fasting, or at some (luteal or follicular) phase during the menstrual cycle. The full table of
extracted data for all included studies is presented in Supplementary Materials and Methods 2.
Supplementary Materials and Methods 2 is intended as an interactive dataset, for researchers to
search and select specific metabolites or chemical classes and to explore the corresponding

reproducibility studies.

3.1 Blood and urine metabolites
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In total 359 single metabolites (i.e., no classes/ groups/ > or other summed metabolites) are
analysed in the included studies, and 98 classes and summed metabolites were additionally
recorded. A total of 14 studies either included > 70 metabolites or only reported a median ICC
for groups of metabolites or all analysed metabolites (11, 37-50). Of the 359 single metabolites,
97 were only analysed in blood and 216 only in urine, and 46 were analysed in blood and urine.
Benzene and substituted derivatives (n= 70), fatty acyls (h= 38) and carboxylic acids and
derivatives (n= 25) are the top three of the most common metabolite classes (defined from The
Human Metabolome Database (HMDB) (51-54) and Exposome Explorer). In sum 67 different
metabolite classes are included in this review. Several metabolites (n= 58/ 359) could not be
classified from HMDB or the Exposome Explorer database. The most widely studied
metabolites are bisphenol A (BPA, n= 51 in a total of 33 studies), mono(2-ethyl-5-
hydroxyhexyl) phthalate (MEHHP, n= 49 in a total of 30 studies) and mono-ethyl phthalate
(MEP, n= 48 in a total of 33 studies). 183 metabolites only occur once in the included studies,

i.e., only one ICC estimate is reported.

In Supplementary Table S2, all 359 single metabolites are summarised, providing information
on the chemical class, use, biosample and a list of all available ICC estimates for the specific
metabolite. The classified uses of the metabolites range from oxidative stress markers, dietary
or metal compounds, to environmental toxicants, pesticides/insecticides/herbicides,

plasticizers, or antibiotics. Bringing together a part of the blood and urine exposome.

The metabolites, that could be identified in PubChem and where the chemical class membership
is available (N=352), are visualised in two different figures (Fig. 2-3). The lines connecting
compounds, called edges, represent the similarity between metabolites in the two figures. The
sizes of the nodes are proportional to the number of ICC estimates available for the specific

compound.

10
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In Figure 2 the metabolites are grouped according to chemical class and the colour of the nodes
indicates category membership (diet, endogenous, pollutants and drugs) and their
subcategories. The compounds with the largest number of ICC estimates are pollutants, more
specifically the subcategory phthalates. Also widely studied is the group of dietary compounds,

however, the number of ICC estimates per compound is lower.

In Figure 3 the metabolites are grouped by chemical class and the colours of the node indicate
the mean ICC classification. Where a darker shade indicates a higher average 1CC estimate for
the compound and a lighter shade a lower average 1CC estimate. Only a few nodes, meaning
compounds, have a dark colour. Especially the larger nodes show the lightest shades, and hence,
only low reproducibility. Compounds belonging to the class of fatty acyl have overall the

highest average ICC estimates, followed by steroids and derivatives.

In Supplementary Figure S1 the metabolites are grouped according to the chemical class, while
here the colours of the nodes show the proportion of ICC estimates derived from urine or blood

compounds from the total number of ICC estimates available for the compound.

3.1 ICC calculation and interpretation

The ICC is commonly calculated by the following equation (Eqn. 2), where c?between (%) and

c?within (6%w) are between-subject variance and within-subject variance, respectively.

2

o},
ICC = ———— (Eqn.2

In this review 114 studies apply Eqgn. 2 to calculate ICCs, seven studies employ an alternative
formula, while 71 studies do not report the applied ICC formula. A study (55) only reported the
values for between- and within-subject variance, hence the ICC estimates were manually

calculated by applying Eqn. 2. The required variance estimates for the calculation of the ICC

11
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need to be computed by a statistical model. In total 33 different methods were used, here most
studies applied a linear mixed model (n= 74/ 192), followed by an analysis of variance model
(ANOVA) (n= 44/ 192), and random effects model (n= 26/ 192). Again, some studies (n= 38/
192) do not report the employed statistical method. From the extracted data three types of
adjustments could be identified: urine concentration (creatinine, specific gravity, or osmolality),
time of sampling (fasting/non-fasting, season, etc.) and individual characteristics (age, sex,
body-mass-index, etc.). The adjustments made to the urine concentration, are made before the
calculation of the ICC estimate and should be systematically applied. However, 34 studies did
not report an adjustment made to the urine concentration. Whereas the two other types are made

during the calculation of the ICC estimate.

3.3 Meta-analyses results

In total 10 metabolites from 31 studies were included in the meta-analyses. All metabolites,
except 25-Hydroxyvitamin D (25(OH)D), which belongs to the prenol lipids class and is
measured in blood, belong to the benzene and substituted derivatives class and are measured in
urine. Ten or more creatinine adjusted ICC estimates for BPA, MEP, mono-n-butyl phthalate
(MnBP), mono-2-ethylhexyl phthalate (MEHP), MEHHP, mono-benzyl phthalate (MBzP),
mono-(2-ethyl-5-oxohexyl) phthalate (MEOHP), methylparaben and propylparaben are
available from the included studies. Only unadjusted ICC estimates are reported for 25(OH)D
in the included studies. The reproducibility measurements are mainly based on samples from
women and the longest study time is up to 8 years in the included studies. An overview of the
studies included in the meta-analyses is presented in Supplementary Table S3-21. The results
of the 9 metabolites where creatinine adjusted ICCs were available, and of the one metabolite
of vitamin D are presented in Table 1, the corresponding forest plots are in Supplementary Fig.

S2-38. Visual assessment of the computed funnel plots (Supplementary Fig. S3-39) and

12
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Kendall’s Tau values (Table 1) are indicative of the presence of publication bias for BPA,
MEHHP, MEOHP (adjusted), and 25(OH)D. Furthermore, the results for MEP, MnBP,

MEHHP, MEOHP, and propylparaben are highly inconsistent (12 > 75%, Table 1).

The reproducibility of BPA, MnBP, MEHP, MEHHP, MBzP and MEOHP adjusted for
creatinine can be classified as poor (ICC < 0.4), for MEP, methylparaben and propylparaben

adjusted for creatinine as moderate (ICC > 0.4), and for 25(OH)D as excellent (ICC > 0.9).

Results for the unadjusted concentrations of BPA, MnBP, MEHP, MEHHP, MBzP, BP-3,
MEOHP, MEP, methylparaben and propylparaben can be found in Supplementary Table S4-23
and Fig. S4-43. The meta-analysed ICC estimates are generally higher compared to the adjusted

analyses.

4 Discussion

In this review, we compiled all suitable studies investigating the reproducibility of the blood
and urine exposome. This results in the formation of a dataset containing the ICC estimates for
359 single metabolites and further 98 classes and summed metabolites. Additionally, an
overview of the study and metabolite specific information is provided. The meta-analyses of
the 1ICC estimates of 10 metabolites, showed low to moderate reproducibility for the 9 non-

persistent chemicals and high reproducibility for a persistent metabolite of vitamin D.

4.1 Sources of Variability of ICC estimates

The observed variability between ICC estimates for the blood and urine exposome can have
several sources: the nature of the biospecimen, the time of collection, the time intervals between
the collection, and the population from which biospecimens are collected (10). For example,

two studies compare the reproducibility of metal compound and essential element

13
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measurements in spot, FMV and 24h urine samples collected in adult men (56,57). The
differences in reproducibility estimates between biospecimens were highly dependent on the
nature of the compound. Differences between FMV, spot and 24h urine samples, or blood can
be explained by varying exposures over time and/or half-lives of elimination, i.e., the rate at
which the exposure is cleared from the body. Thus, the observed reproducibility of a specific
metabolite can depend on the timing of collection. Fluctuating variability patterns in
populations over time can further explain differences between ICC estimates. However, the
information on which biospecimen, or sampling time, results in the most reliable metabolite
concentration is highly compound dependent. Hence, it is nearly impossible to give overall
recommendations for (classes of) metabolites. Some metabolite concentrations present low
variability over time, are reproducible in different populations or show limited differences in
variability when measured in blood or urine. On the other hand, some metabolites might show
distinct variabilities in different populations, due to varying exposure patterns, i.e., the source
of exposure is not always present. Another problem could be that the metabolite is rapidly
excreted from the body, resulting in large variability along time, unless the exposure source
frequently reappears. In summary, the reproducibility of metabolite concentrations depends on
two main factors: pharmacokinetics, mainly half-life of elimination, and frequency of exposure.
Another aspect is the adjustment for urine dilution, some studies did not report any adjustments
made to the urine samples during laboratory analysis. It is not clear if these studies did not
adjust for urine dilution or plainly did not report it, all the same, ICC estimates based on adjusted
urine samples tend to be overall lower, as seen in the meta-analyses results. Hence this needs

to be considered when comparing ICC estimates.

It is not possible to give overall statements regarding the reproducibility of all blood or urine
metabolite concentrations. Thus, to meta-analyse 1CC estimates can provide a general idea of
the reproducibility of a specific metabolite. This can offer useful guidance when planning a
study with metabolite-based exposure assessment. However, whenever possible ICC estimates

14
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derived from studies in a similar population should be assessed for the planning of a study
measuring the specific metabolite (for this Supplementary Materials and Methods 2 can be

used).

4.2 ICC formula and calculation

The studies included in this review applied multiple different statistical approaches to compute
ICC estimates. In a recent paper, the authors (12) compare three statistical methods (restricted
maximum likelihood from a linear mixed model, ANOVA and a variance estimate method) to
compute the ICC from synthetic biomonitoring data. They find no major differences between
the three analytical techniques, and the results stay the same even under changing conditions,
i.e., missing values, suboptimal distributions, unbalanced data sets and unusual variance
estimates. Hence there should be no major differences in the ICC estimates computed by
different statistical approaches in the literature. However, there are studies in this review that
applied uncommon statistical techniques or formulas to calculate ICC estimates. A novel
analytical technique to calculate the ICC (58) is employed by one of the included studies (59).
One study (60), calculated the so-called ICC(2,1) (61) and another study (49) included the
technical variance in the ICC formula. Here it is not clear if these estimates are comparable
with ICC estimates derived from standard statistical techniques and the common formula (Eqn.
2). We must point out that these approaches hamper the comparability with other studies.
Similarly, one study (62) refrained from adjusting the ICC for fixed factors such as age and sex,
due to the fear of decreasing comparability. It is possible to adjust for potential covariate
influences and by this remove within-subject variation that arises from individual
characteristics at the time of collection, however unrelated to exposure. Applying a novel
statistical technique to calculate ICC estimates or to adjust for individual characteristics can

enhance the understanding of the variability of metabolite concentrations; however,
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comparability needs to be considered. We recommend when presenting adjusted 1CCs to
display unadjusted values as well. Furthermore, when applying a novel analytical technique,
we advise including, whenever possible, ICC estimates obtained from a standard technique,
e.g., ANOVA. This way comparability can be increased and differences in methods can be

better understood.

4.3 Meta-analyses of ICC estimates

The 25(OH)D metabolite measured in blood is the only metabolite that can be classified as
highly reproducible. MEP, BP-3, MBzP, MiBP, methylparaben and propylparaben, measured
in urine, can be classified as moderately reproducible. BPA, MnBP, MEHP, MEHHP and
MEOHP, measured in urine, are all poorly reproducible. For BPA, MEP, MnBP, MEHHP,
MEOHP, propylparaben, methylparaben and 25(OH)D are either large heterogeneity,
publication bias or both present. Hence, the results for these metabolites need to be interpreted
with caution. One review showed similar results for non-persistent chemicals (including BPA,
MEP, MnBP, MEHP, BP-3, MEHHP, MBzP, MEOHP; MiBP, methylparaben and
propylparaben), most ICCs fall under the categories indicating only poor to moderate
reproducibility (16). Furthermore, the authors also state the great inconsistency in the results of
the included studies and attribute this to different parameters. The low reproducibility of these
chemicals might be due to short half-lives and/or varying exposure patterns. As the authors
already state in their conclusion, these results show the necessity for multiple samples per

subject when measuring these metabolites in a study (16).

4.4 Repeated measurements

For metabolites with higher reproducibility, single measurements can be acceptable to depict

long-term exposure, that is the “usual level” of exposure (6). As these metabolite concentrations
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show higher between-individual variability than within-individual variability. Making single
measurements of these metabolite concentrations adequate at the relative ordering of individual
exposure levels (63). On the other hand, ICC estimates below 0.6 have been found to bias results
(64). Many metabolite concentrations in this review show low ICC estimates, indicating poor
to moderate reproducibility (Fig. 2 and Supplementary Materials and Methods 2). When using
these metabolites as biomarkers of exposure the number of measurements per subject needs to
be increased, to reduce the impact of low reproducibility. Yet, it is not always possible to
increase the specimen collection per subject, due to cost restrictions or strain on the subjects.
Here are three possible, however not exhaustive, approaches to handle this problem: In one
study the authors propose a statistical method to estimate lifetime exposures from spot
biomarkers using ICC estimates (6). The authors present a way to improve spot measurement-
based risk estimates, by using ICC estimates from the literature, or if feasible collecting
repeated measurements for a small subsample and calculating ICCs based on the collected data.
Alternatively, another study presents an approach, when it is possible to collect several repeated
measurements per subject, but cost restrictions are in place (64). The authors propose within-
subject pooling of biospecimen samples before laboratory analysis. This method can reduce
laboratory costs and the authors show, that increasing the measurements per subject and pooling
them, is efficient in decreasing bias and increasing statistical power without affecting assay
costs. Correspondingly, power calculations are often based on time-invariant exposures,
however, this is mostly not the case in observational studies (65). Authors of a study developed
a power calculation method where exposure variability and the costs of repeated measurements
are taken into account (65). This way the number of participants and the number of
measurements, while accounting for the total cost of the study, can be explored to optimize the

power of a study.
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4.5 Strengths and limitations

This review is an extensive summary of the existing literature presenting 1ICC estimates for the
blood and urine exposome. We applied broad inclusion criteria, allowing a comprehensive
collection of available ICC estimates for a great number of metabolite concentrations. However,
there are still more ICC estimates available in the literature, as some studies additionally report
computed ICCs. These studies were mainly excluded as reproducibility was not part of the main
objectives of the study. The presented method to meta-analyse ICC estimates is not optimal,
and some of the results show great heterogeneity and publication bias is present. Further, these
analyses are only carried out for ICC estimates from studies presenting the required
information, where several studies could not be included in the analysis, which could have
potentially reduced heterogeneity and publication bias. This is the first attempt to meta-analyse
ICC estimates from such a variety of metabolite concentrations. Further work into the best

methodology to meta-analyse ICC estimates is needed.

5 Conclusion

This review collected the ICC estimates of 359 single exogenous and endogenous metabolite
concentrations, and of additionally almost 100 classes of (or summed) metabolites. Making this
review one of the first comprehensive reviews summarising the available information about the
reproducibility of the blood and urine exposome. The results from the meta-analyses give a first
indication of the general reproducibility of 9 non-persistent chemicals and one persistent
metabolite of vitamin D. Moreover, further aspects of variability are discussed, and
recommendations to handle low reproducibility are given. The vast dataset of information on
the reproducibility of the exposome can be used by researchers to help interpret findings and to
plan biospecimen collection. This makes this review a useful source for future reproducibility

studies and epidemiological studies planning to use metabolite-based (exposure) assessment.
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Table 1 Results from the meta-analysis for nine urinary metabolite concentrations adjusted

for creatinine and one unadjusted blood metabolite

Metabolite Number | ICC (95% CI) 12 Kendall’s Tau, p value
of studies
BPA 13 0.15(0.10, 0.21) 13.9% 0.67,<0.001
MEP 9 0.43 (0.23, 0.63) 75.3% 0.23,0.37
MnBP 9 0.31(0.17, 0.46) 75.7% 0.2,0.45
MEHP 10 0.32 (0.22,0.42) 29.5% 0.2,0.3
MEHHP 9 0.20 (0.04, 0.36) 91.9% 0.55, 0.01
MBzP 9 0.38 (0.24, 0.52) 43.8% 0.38, 0.16
MEOHP 8 0.21 (0.01, 0.40) 97.8% 0.59, 0.01
Methylparaben | 5 0.44 (0.29, 0.59) 71.2% 0.09, 0.76
Propylparaben | 5 0.49 (0.32, 0.66) 80.1% -0.13, 0.65
25(0H)D 7 0.95 (0.90, 0.99) 37.3% -0.88, < 0.001

NOTE: ClI, confidence interval.

Figure Legends

Figure 1 Flow diagram of selection process for the inclusion in the qualitative synthesis. The
diagram depicts the flow of information throughout the three phases of the systematic literature
review. It provides an overview of the number of identified references from the database search

and other sources, the number of included references and reasons for exclusion.

Figure 2 Classification of single metabolites (N= 352) according to simplified class
membership and visualisation of number of ICC estimates available. All 352 metabolites are
grouped by colour into sub-categories according to overall class, which are indicated by the

grey square. The lines, so called edges symbolise the chemical similarity between metabolites.
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The size of the circle, i.e., node, indicates the number of ICC estimates available for the
metabolite. These results are based on the extracted data from 178 studies (excluding 14 studies

reporting only summary 1CC estimates).

Figure 3 Colour coded classification (low to high reproducibility) of mean ICC estimates of
single metabolites (N= 352) grouped according to chemical class membership. All 352
metabolites are grouped into sub-categories according to overall class, which are indicated by
the grey squares. The lines, so called edges symbolise the chemical similarity between
metabolites. The colour of the circle, i.e., node, indicates poor (< 0.4) to moderate, good, and
excellent (>= 0.85) reproducibility. These results are based on the extracted data from 178

studies (excluding 14 studies reporting only summary ICC estimates).
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