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Chapter 1

Introduction
1.1

General

Over the past century, several factors including inter alia globalization, population growth and rapid
urbanization dramatically increased the world’s need of food and consumer goods. As a result, plastics
production in the world grew from 1.5 million metric tons in 1950 to 359 million tons in 2018 ,including
almost 62 millions only in Europe ([(PEMRG),PlasticsEurope Market Research Group, 2019]). In the
US alone, according to the EPA ([United States Environmental Protection Agency, 2019]), 24530 million
tons of plastics were landfilled for the year 2018 alone. Meanwhile, the increase in food production
became another source of contamination for our environment. As stated by Tilman, ([Tilman et al., 2002])
pesticides production in the world rose up from below 500,000 tons in 1945 to 6,000,000 in 1985, which is
comparable with data presented for 2018 by the FAO ([United Nations, 2020]) with an official value of
5,896,023 tons.

Those developments, in addition to create economic and social imbalances (e.g. easier access to food for
affluent populations), have an impact on the environment and affect human health. Therefore, according
to WHO ([Pruss-Ustun et al., 2017]), 23 % (CI 13-34 %) of global deaths can be imputed to environmental
reasons. According to the same study, among other diseases, 42 % of global strokes, 20 % of cancers
and 39 % of road traffic accidents were linked with environmental causes. Moreover, according to WHO
([WHO, 2017]), limiting the environmental risks by reducing exposure to chemicals during childhood can
reduce children and young adults deaths up to 26 % .

Knowing that humans are exposed to different compounds, at different doses and throughout the day,
several factors have to be considered to properly link pollutant exposure with health effects. Those factors
who impact the exposure assessment include not only the source, but also the level of exposure (using the
dose reconstruction method ([Berthet et al., 2012], [Martinez et al., 2020]), possible interactions between
compounds ([Desbiolles et al., 2020]) or the time of contact with chemicals ([Hashimoto et al., 2018]).
Moreover, several complementary disciplines (chemistry, statistics, immunology ...) are necessary to obtain
a better understanding of the consequences of chemical exposure in the process of developing diseases.
However, there is still a lot of work to be done to properly assess human exposure to chemicals.
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1.2
1.2.1

Route and source of exposure
Source of exposure

The first thing to know when dealing with exposure is how people are exposed to chemicals. In this part,
a non-exhaustive list of contaminants will be developed, with regards to several categories.
Water and soil
As a necessary need for life in general, water would represent a huge vector of contamination to chemicals
([Disner et al., 2020], [Santillan et al., 2020]) whether by ingestion of contaminated water, by contaminating soils or by contaminating animals later eaten by human [Meucci et al., 2021]. According to study from
Sharma [Sharma and Bhattacharya, 2017], there are four different types of water pollution by different
contaminants : inorganic contaminants (calcium because of geographical status, lead or copper through
industrial processes or plumbing system), organic contaminants such as pesticides from agricultural
or domestic use (pentachlorophenol, glyphosate, permethrin), or solvents (toluene or benzene) from
factories, biological contaminants (e.g. bacterai Vibrio cholerae responsible for cholera), and radiological
contaminants through industrial waste.
Diet and food
Many authors consider diet as the main source of exposure to chemicals for general population (i.e.
excluding occupational exposure) [Alves et al., 2014] [Curl et al., 2015] [Rashid et al., 2020] .Food contamination can either be direct, e.g. vegetables treated with pesticides[Chiu et al., 2016], or indirect
(e.g. fish contaminated by ingestion of mercury [Zupo et al., 2019]). In contrast, the human contamination is necessarily direct, by ingestion or contaminated food, with the exception of breast-feeding,
which can be contaminated by heavy metals [WHO, 2011]. Another consequence of the growing demand
for food is the intensive use of pesticides and chemicals. Thus, according to a report from the EFSA
([ European Food Safety Authority, 2018]) searching for 821 different pesticides over 91.015 food samples
, 43.3 % samples presented at least one quantifiable pesticide residues and 4.5 % of samples showed higher
maximum residue level (MRL) than allowed. This intensive use leads to excesses linked to the over-use of
these pesticides, as shown by the scandal of eggs contaminated with fipronil in 16 European countries in
2017 [BBC, 2017].
The contamination of food by chemicals can occur at multiple steps along the supply chain : first, during the
growth of vegetables, pesticides are used to protect the production (Fenitrothion or Diazinon as insecticides,
propiconazole or tricyclazole as fungicide, glyphosate or propanil as herbicide), but contamination can
also occur for the animals, with antibiotics residues remaining in the meat [Soepranianondo et al., 2019],
or with pest control such as fipronil [Gerletti et al., 2020]. Despite having been banned for several
years in Europe (Directive 83/131/EEC, March 1983) and in 150 countries around the world, some
organochlorine pesticides such as DDT (dichlorodiphenyltrichloroethane) were still found in food in 2018
because of their persistence in the environment [European Food Safety et al., 2020] and their atmospheric
transport from tropical regions [Carvalho, 2017]. Contaminations also occur during transport step of
food, mainly fungicide (iprodione concentrations were higher in tomato stored after harvest than fresh
tomatoes [Omirou et al., 2009]), processing and packaging of food (e.g. bisphenol A and phthalate DEHP
16

[Rudel et al., 2011], arsenic in cooked food [Clemente et al., 2021]) and handling food in restaurants
[Marasteanu et al., 2018] or [Bajwa and Sandhu, 2014].

Air

This source of exposure is particularly linked with special exposure such as occupational exposure (gas
from factories([Witter et al., 2014]) and exhaust gas([Doney et al., 2017]). Babies and children are also
especially exposed due to their ability to ingest up to 4 times the adult dose of dust and particles
([Alves et al., 2014]). However, this type of study is subject to a great degree of uncertainty due to various
factors such as the timing of the test, the effectiveness of protective measures (masks, etc...) and the
dilution of particles in the air.

Manufacturated product

As stated by WHO ([WHO, 2014]), in the framework of non-occupational exposure, diverse products
(including personal care products, cosmetics, textiles) were responsible for a large part of exposure to
chemicals, in particular from dermal exposure. For instance, textile in direct contact with the skin for
a long period of time over a large part of the body may represent a huge source of contamination to
chemicals. Moreover, according to European CHemicals Agency([(ECHA), 2016]), Europeans used on
average 7 cosmetics per day, and numerous chemicals such as phthalates are found in personal care
products ([Koniecki et al., 2011]), bisphenols in hair care products or lotions([Liao and Kannan, 2014])
or parabens in eye make-up and mouth wash([Larsson et al., 2014]).
A list of products containing chemicals studied in this work is provided in the Table 1.2

1.2.2

Route of exposure

In the literature, four principle pathways leading to entry of chemicals into the human (or animal) body
were identified : ingestion, dermal absorption, inhalation and injection. In the framework of this
thesis, the injection route was not considered due to reasons beyond the scope of this work (medical
treatments, drugs use ...). Thus, route of exposure can be summarized as the following Figure 1.1 , as
shown by the CDC ([Agency for Toxic Substances and Disease Registry,(ATSDR), 2015]) .
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Figure 1.1: Main routes of exposure to pollutants considered in this work.

On the other hand, it should be noted that there is no universal exposure route for all compounds,
and that different routes allow biomarkers to enter the organism. For example, Alves ([Alves et al., 2014])
stated that ingestion and dermal absorption are the main routes of exposure for phthalate compounds
(based on work from [Wittassek et al., 2011]), and ingestion and inhalation can be considered as the main
entrances for organophosphate esters in the body. However, other behaviours (nail biting, hand-to-mouth
play for children. . . ) can also extend the exposure to chemicals and complicate the exposure assessment
based on biological samples (extrapolation of the internal dose using blood or urine samples for example).
Following substance entry into the body, three processes can occur: metabolism (transformation by the body
of a chemical compound into another more easily excreted [Parke and Williams, 1969] [Koch et al., 2004]),
storage and accumulation [Jackson et al., 2017] [Chen et al., 2020] or direct elimination through different
ways (faeces [Chen et al., 2017] [EFSA, 2007] or urine[Fays et al., 2020]). The biomarkers studied in the
present work were mainly metabolized and excreted in urine.

1.3
1.3.1

Biomonitoring definition
Definition and history

Human biomonitoring (HBM), word coming from the merge of biological and monitoring, can be defined
as “ the assessment of human exposure to chemicals by measuring the chemicals or their metabolites
in human specimens “ ([CDC, 2005]). This term was first used in the field of occupational exposure to
benzene and lead in blood and urine ([Kehoe et al., 1933], [W.P. et al., 1936], [Hardy H.L., 1948]).
This area of epidemiology benefited from technological advances over the last decades (first paper using LC-MS in 1952 [James and Martin, 1952], improvement of the soft ionisation of large bio-molecules
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by Fenn in 1989 [Fenn et al., 1989]) to develop and to establish itself as a fundamental branch of epidemiology to enforce the results of studies. Indeed, these technical advances have made it possible
to detect increasingly smaller concentrations of various pollutants and their metabolites, making the
evaluation of exposure more and more precise. At the same time, the increasingly use of chemicals and
the growing questions about the impact of these pollutants on health have also increased the need to assess exposure accurately,making HBM a necessary tool for epidemiological studies [Grebe and Singh, 2011].

HBM is complementary to another strategy for assessing exposure to pollutants, the ambient monitoring (AM). AM is defined as the analysis of pollutants in environmental samples such as air, dust,
water etc. etc. [Angerer et al., 2007]. While HBM makes it possible to know the concentration of
pollutants actually present in the body of subjects without being able to determine the exact origin of
the contamination (as showed with the example of DEHP [Albertini et al., 2006]), AM has the opposite
role by making it possible to evaluate and determine the main sources of exposure to these pollutants, but does not provide information on the dose that actually enters the body [Angerer et al., 2007]
[Sexton et al., 2004]. It should be noted that biomonitoring only provides information on the concentration
in the matrix analysed (hair, urine, blood...), but this is generally not the organ that is affected by a
possible effect on health. Thus, the dose analysed is only a surrogate of the dose present in the target organ.

Thus, the goals of HBM is to prove the exposure and absorption of chemicals following exposure
(whether chronic or occasional), by detecting and quantifying their concentration in the body using
biological matrices (e.g. urine, blood, saliva, hair, nails). Moreover, HBM can be used to
• Assess exposure to different chemical species (up to 64 compounds in [Iglesias-González et al., 2020]
for example)
• Evaluate the risks potentially associated with exposure to chemicals [Husøy et al., 2019]
• Raise questions about suspected source of exposure [Bastiaensen et al., 2019]
• Identify at-risk populations according to their level of concentration, by stratifying by age for
example [Choi et al., 2017]
• Provide information on population exposure to document the need of implementing restriction
measures [Louro et al., 2019] [Bridbord and Hanson, 2009].
Regarding the last point, the project “HBM4EU” [HBM4EU, 2021] launched by the EU should be mentioned, as an European project gathering 30 countries and their agencies for the environment. HBM is
one of the cornerstones of this project aiming to “provide evidence for chemical policy making”, collecting
knowledge to establish rules and legislations to ensure healthier life. This choice to place HBM at the
centre of exposure assessment strategies to the detriment of other tools (AM) confirms the need to use
biomonitoring in public health policies.
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1.3.2

Biomarkers

To achieve those goals, biomonitoring relies on the analysis of biomarkers ensuing from the exposure.
According to WHO, a biomarker of exposure is “a chemical, its metabolite, or the product of an interaction
between a chemical and some target molecule or cell that is measured in the human body.” [WHO, 2006].
The biomonitoring does not measure directly the exposure to chemicals, but is a surrogate of the internal
dose, often unknown. The internal dose is a crucial piece of information because it is the one responsible
for the appearance and/or development of the health effect studied.
In the literature ([Frederiksen et al., 2007], [Hardy et al., 2015], [Appenzeller et al., 2017]), both parent compounds and metabolites can be used as biomarkers of exposure. Metabolites have the advantage of ensuring that what is detected is actually produced by the body, eliminating the possible external contaminations due to ubiquitous presence of chemicals in lab materials or solvents
([Ramesh Kumar and Sivaperumal, 2016]).
The choice of the appropriate biomarker in an epidemiological study is crucial, as the selected biomarker
should be among others as sensitive, biologically relevant and easy to collect (i.e. in sufficient quantity in
the matrix) as possible ([Sobus et al., 2010]).
For this thesis, the focus was set on compounds with short half-lives, which are listed below with their
corresponding parent compounds in Table 1.1 . Three main families of compounds were investigated,
namely phthalates, pesticides and bisphenols, compounds that are all rapidly eliminated by the human
body after exposure (see Table 1.2 for their estimated half-life).

Table 1.1: Chemicals investigated in the NoStra project and their parent compounds.
Parent compounds
Phthalates
DEHP(Di-2-ethyl-hexyl phthalate)

DINCH(1,2-Cyclohexane dicarboxylic acid diisononyl ester)

DiNP(Diisononyl phthalate )

DMP(di-methyl phtalate)
DEP(Di-ethyl phthalate)
BBzP (Butyl-benzyl phthalate)
DPHP (Di-propyl-heptyl phtalate)
Pesticides
Fipronil
Parathion methyl/ Paration ethyl
Chlorpyrifos
Diazinon
Fenitrothion
Chlorpyrifos/ Chlorpyrifos methyl
Diflufenican
Pyrethroids
Bisphenols
Bisphenol A
Bisphenol B
Bisphenol F
Bisphenol S

Studied metabolites

Usual names

MEHP
5-oxo-MEHP
5-OH-MEHP
2-cx-MMHP
5-cx-MEPP
MINCH
oxo-MINCH
OH-MINCH
cx-MINCH
MINP
OH-MINP
cx-MINP
MMP
MEP
MBzP
OH-MPHP

Mono(2-ethylhexyl) phthalate
5oxo-mono(2-ethylhexyl) phthalate
5OH-mono(2-ethylhexyl) phthalate
mono(2-carboxymethylhexyl)-phthalate
5carboxy-mono(2-ethylhexyl) phthalate
Monoester mono-iso-nonyl-cyclohexane-1,2-dicarboxylate
Cyclohexane-1,2-dicarboxylicmonooxoisononylester
Cyclohexane-1,2-dicarboxylicmonohydroxyisononylester
Cyclohexane-1,2-dicarboxylicmonocarboxyisooctyl ester
Mono-iso-nonyl phthalate
Mono(hydroxy-iso-nonyl)-Phthalate
Mono-carboxy-iso-octyl-phthalate
Mono-methyl-phthalate
Mono-ethyl-phthalate
Mono-benzyl-phthalate
Mono-hydroxy-propyl-heptyl-phthalate

Fipronil
Fipronil Sulfone
PNP
DEP
IMPy
3ME4NP
TCPy
Diflufenican
3-PBA

Fipronil
Fipronil Sulfone
Paranitrophenol
Diethyl phosphate
2-isopropyl-4-méthyl-6-hydroxypyrimidine
3-methyl-4-nitrophenol
3,5,6-trichloro-2-pyridinol
Diflufenican
3-phenoxybenzoic acid

Bisphenol
Bisphenol
Bisphenol
Bisphenol

Bisphenol
Bisphenol
Bisphenol
Bisphenol

A
B
F
S

A
B
F
S

Thus, 16 phthalates metabolites, 9 pesticides biomarkers and 4 bisphenols metabolites were included
in the present work.
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1.3.3

Matrices to assess the exposure

The choice of the matrix is crucial to properly assess the exposure to chemicals. Thus, depending on
numerous factors such as the type of study (longitudinal, transversal), the properties of the studied
chemicals (excretion rate, hydrophilic/hydrophobic...) or the alleged type of exposure (occupational,
through diet. . . ), the most adequate matrix would be to sample the organ directly impacted by the studied
outcome. Unfortunately, it is almost impossible for most of the cases, leading to use different biological
matrices (presented below) as a surrogate for the internal dose.
Blood
One of the most classical matrix used in biomonitoring studies is blood, which is able by its very
nature to be in continuous contact with the entire organism including the organ possibly impacted by
chemicals [WHO, 2015]. Moreover, several components of the blood such as serum [Li et al., 2020a],
plasma [Mancini et al., 2020] or red blood cells [Chen et al., 2012] can be analysed separately for the
research of biomarkers for different purposes. Otherwise, blood also presented drawbacks such as blood
collection, which requires support from medical staff (i.e. invasive technique of sampling, beyond the scope
of this work), and needs special conditions for storage [WHO, 2015], and sampling frail people (elderly
or babies) may cause ethical issues [Alves et al., 2014]. As the NoStra project was focus on non-invasive
biological sampling, no blood samples were collected in this thesis.
Urine
As already shown by [Esteban and Castaño, 2009], urine was the most commonly used matrix in biomonitoring studies for many reasons. Firstly, urine is produced in sufficient quantity to be analysed (only 1mL
needed [Fays et al., 2020], it does not imply qualified staff members to collect it[WHO, 2015], it is suitable
for large spectrum of compounds, from non-persistent ([Khoury et al., 2018], [Martinez et al., 2020]) to
heavy metals [Lee et al., 2018], [Forte et al., 2019]. Moreover, the procedures used for urine analysis were
well-established (one of the first paper on urine analysis published almost 50 years ago[Linch, 1975]),
ensuring veracity of the results from a technical point of view. The assessment of exposure using urine
sampling is usually carried out through 2 different approaches: either the selection of a random spot
sample ([Lassen et al., 2013], [Li et al., 2020b]), either the collection of all the urines excreted over a
period, usually 24 hours ([Bradman et al., 2013], [Frederiksen et al., 2013]). The most classical approach
in epidemiology due to several constraints (financial, time consuming..) is to use one random sample,
assuming that those urinary concentration are reproducible [Hoppin et al., 2002].
On the other hand, urine suffer from a lack of reproducibility of the results due to high variability over time
as shown by numerous authors ([Hauser et al., 2004b], [WHO, 2015], [Barkoski et al., 2018]). The concentration should also be corrected for dilution using different techniques (most used : creatinine correction
([Saieva et al., 2004]), specific gravity ([Kim and Chevrier, 2020]), osmolality ([Frederiksen et al., 2013]),
which may also bring additional bias.

Figure 1.2 (from [Kumar and Sivaperumal, 2015]) summarizes HBM based on urine analysis with the
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example of phthalates. Thus, we can initially see the main sources of exposure to phthalates, via cosmetics
and food in particular, which will enter the body via different routes of exposure (inhalation, ingestion and
dermal contact). Thanks to the blood system, the compounds can be transported to all parts of the body,
and being metabolized by the digestive system and the liver [Albro, 1986]. It should be noted that the
metabolism of phthalates is complex and sometimes results in the production of several metabolites, as
demonstrated for example with DEHP [Koch et al., 2005], or in consecutive metabolizations (e.g. DINCH
metabolized in MINCH metabolized in cx-MINCH [Giovanoulis et al., 2016]).

Figure 1.2: Biomonitoring strategy using urine samples according to Kumar and Sivaperumal,2015.

Hair
More recently, hair matrix emerged as a new reliable matrix for the assessment of exposure as shown
by numerous studies ([Appenzeller and Tsatsakis, 2012],[Beranger et al., 2018] [Tzatzarakis et al., 2015a]
[Lehmann et al., 2018]) . The reasons for the development of this new approach included the easiness of collecting [WHO, 2015], the stability during transport and samples storage [Appenzeller and Tsatsakis, 2012].
In addition, the technological advances during the last decade on analytical techniques such as LC-MSMS
led to significant and needed improvement in methods sensitivity, validating the use of hair for the
detection and quantification of organic pollutants [Appenzeller and Tsatsakis, 2012].
Moreover, hair allows to obtain retrospective information on a larger window of detection about the
exposure. Thus, contrary to urine or blood, which most of the time only allow the detection of chemicals
a few hours after exposure, hair can cover up to several months of exposure assuming a growth rate of 1
cm per month (0.6-1.4 cm [Saitoh et al., 1969]).
The use of a matrix with a large time-detection window (such as hair) provides an average representation
of an exposure over a period of time, which is less likely to be influenced by extreme values, as those
observed in urine. However, this matrix also has shortcomings and uncertainties such as the impact
of hair treatments over results ([Yegles, 2005], colouring hair [Covaci et al., 2002], cosmetics treatment
[Skopp et al., 1997] [Ettlinger and Yegles, 2016]) or the impact of smoking on the results ([Schramm, 2008]
[Van Elsué and Yegles, 2019]).
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Other matrices
While HBM generates growing interests from epidemiologists, several other matrices were also investigated
over the last years. Thus, saliva, as shown in the context of pandemic of Covid-19 [Sapkota et al., 2020],
can become a reliable matrix of interests for experts in biomonitoring due to the ease of collection, the
large amount available (0.5- 1.5 l of saliva produced per day [Iorgulescu, 2009]) and the non-invasive
method used to collect it. However, this matrix is still quite new in the framework of the pollutants
assessment [Michalke et al., 2015] and can only be related to very specific compounds such as some
pesticides [WHO, 2015].

Other matrices can only be linked with maternity and delivery, and are therefore only applicable for
the mother/newborn : amniotic fluid ([Bai et al., 2020], [Liu et al., 2020]), cord blood ([Bocca et al., 2020],
[Liu et al., 2020]), placenta ([Liu et al., 2020], [Bangma et al., 2020]), breast milk ([Hernández et al., 2020]
,[Liu et al., 2020]), meconium([Astolfi et al., 2019],[Lawlor et al., 2019]). On the other hand, semen as
studied matrix in biomonitoring was also investigated ([Caporossi et al., 2020], [Engelsman et al., 2020]),
but suffer from a lack of interest due to several factors (can only be collected from male adults for example)
.
Due to structure proximity with hair, nails were also considered as an interesting matrix for HBM
([Giovanoulis et al., 2016], [Olympio et al., 2020]). But due to uncertainty on the growth rate and on the
direction of nail growth [Yaemsiri et al., 2010], the temporal link between exposure and concentration
detected in nails was hard to establish.
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1.4

Endocrine Disruptors and fast-elimination Endocrine Disruptors

The concept of endocrine disruptors (ED) can be defined in several different ways according to the authors:“
an exogenous substance or mixture that alters function(s) of the endocrine system and consequently causes
adverse health effects in an intact organism, or its progeny, or (sub)populations " as stated by WHO
[WHO, 2002], or "natural or human-made chemicals that may mimic or interfere with the body’s hormones"
for the NIEHS [National Institute of Environmental Health Sciences, 2010]) for example. Thus, there are
notable differences between these two definitions, with the WHO definition taking into account the
impact of endocrine disruptors on several generations or on part of the population. Also, the WHO
considers an ED if it "alters" the functions of the endocrine system, whereas the NIEHS definition is more
precise on the supposed action of these chemical elements ("mimic or interfere"). Due to those numerous
definitions ([Hua et al., 2016], [Kavlock et al., 1996], [Bergman et al., 1997]) and the lack of long-term
follow-up study on the subject, the classification of chemicals as ED remains a complex process involving
both political, economic, scientific and ecological interests.

Thus, a universal definition of endocrine disruptors has not yet been established, leaving room for numerous lists: besides the one from European Chemicals Agency (https://echa.europa.eu/fr/ed-assessment)
which is considered as a regulatory identification of EDs, other database of ED compounds have been
made available such as the one from The Danish Environmental Protection Agency (https://edlists.org/),
the SIN list (https://sinlist.chemsec.org/endocrine-disruptors/) or the one mainly used in the NoStra
project as a reference: the TEDX (https://endocrinedisruption.org/interactive-tools/tedx-list-of-potentialendocrine-disruptors) . According to those lists, almost all the pollutants addressed in the present work
were classified as endocrine disruptors. Actually, only DINCH and diflufenican are not listed by TEDX as
ED. Their absence from the lists should however not be considered as a proof of harmless and could just be
due to lack of data available for these recent chemicals. For example, a new study ([Campioli et al., 2015])
suspect that DINCH would be "a metabolic disruptor and may interfere with the endocrine system in
mammals". For further information, the list of pollutants investigated in this project and their origins or
use in daily life can be found on the next Table 1.2.

Although the definition of ED remains a subject of discussion for the time being, it has already been
proven that compounds can cause many health problems: metabolic issues (bisphenol A[Ehrlich et al., 2016]),
cancers (BPA [Soto and Sonnenschein, 2010], pesticides [Del Pup et al., 2016], DEHP [Zarean et al., 2016]),
immunity issues (bisphenols, phthalates[Bansal et al., 2017]), puberty and reproduction troubles (diethylstilbestrol [Li et al., 2018], lavender oils [Ramsey et al., 2019], bisphenol A[Zhou et al., 2016], MEP, MBzP
and MBP [Swan et al., 2005]). Moreover, some researchers ([Orton et al., 2014], [Delfosse et al., 2015])
investigated the cocktail effect which represents the possibility for chemicals to become harmful for human
body when mixed with others and even at low dose, making it more difficult to link disease and chemicals.
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Table 1.2: Origins of the chemicals investigated in NoStra and their half-lives.
Parent compounds

Metabolites

Half-Life

Origins

Phthalates
DEHP

DINCH

DiNP

MEHP

5 hours [Koch et al., 2005]

5-oxo-MEHP

around 10 hours [Koch et al., 2005]

5-OH-MEHP

around 10 hours [Koch et al., 2005]

2-cx-MMHP

between 10 and 24
[Lorber et al., 2010]

hours

[Koch et al., 2005]

5-cx-MEPP

between 12 and 15 hours [Koch et al., 2005]

MINCH

around 2.5 hours [Koch et al., 2013]

oxo-MINCH

between 3h30 and 4 hours [Koch et al., 2013]

OH-MINCH

4 hours [Koch et al., 2013]

cx-MINCH

between 6h30 and 7 hours [Koch et al., 2013]

MINP

between 3 and 5 hours [Koch and Angerer, 2007]

OH-MINP

between 5 and 12 hours [Koch and Angerer, 2007]

Medications , polyvinyl chloride products including building
products, car products, clothing, foodpackaging, children’s
products , and medical devices such as storage containers, bags,
and flexible tubing ( [Benson, 2009] [Hauser et al., 2004a]
[Earls et al., 2003])

Softener used as substitute of DEHP , tubes, nutrient solution
bags , medical devices, toys and food packaging
([Nagorka et al., 2011] [Schütze et al., 2012] [Sheikh et al., 2016])

PVC toys and childcares products , toys, gloves, straws, garden
hose ([Benson, 2009] [Earls et al., 2003])

cx-MINP

between 5 and 18 hours [Koch and Angerer, 2007]

DMP

MMP

around
8
hours
[Rocha et al., 2017]

DEP

MEP

between 2 and 3 hours [Calafat and McKee, 2006]

Medications [Hauser et al., 2004a],
[Huang et al., 2018]

BBzP

MBzP

5.9 hours in rat [Eigenberg et al., 1986]

Medications [Hauser et al., 2004a], Polyvinyl chloride products
(vinyl tile, food conveyer belts, traffic cones,vinyl gloves)
[Benson, 2009], floor, vinyls, food packaging, synthetic leather,
toys [Braun, 2017]

DPHP

OH-MPHP

around 5 hours [Klein et al., 2018]

plasticizer for PVC products, cables, pool liners, shoes, artificial
leather [Klein et al., 2018]

Fipronil

between 6 and 8 days in rats blood
[Agency, U.S. Environmental Protection, 1996]

"ants, beetles, cockroaches, fleas, ticks, termites, mole crickets,
thrips, rootworms, weevils, and other insects"
[Jackson, D. et al, 2009]

Fipronil Sulfone

between 6 and 8 days in rats blood
[Agency, U.S. Environmental Protection, 1996]

Parathion methyl/
Paration ethyl

PNP

around 8 hours [Feldmann and Maibach, 1974]

Pest controls for garden or home (fleas and ticks collars for
dogs and cats...), agricultural use especially with cotton crop
[Biomonitoring California, 2016]

Chlorpyrifos

DEP

15 hours [Griffin et al., 1999]

Various pest control situations, and can be found on peaches,
cotton, citrus... [Aswathi et al., 2019]

Diazinon

IMPy

between 2h 30 minutes and 5 hours [Timchalk, 2001]

Organophosphorus insecticide, used in soil, plants and fruits/
vegetables crops .[CDC, 2008]

Fenitrothion

3ME4NP

between 1 and 5 hours [Meaklim et al., 2003]

" Insecticides, used in agriculture, horticulture, forestry and public
health against chewing and sucking insects on rice, cereals, fruits,
vegetables, stored grains, cotton, etc., for agriculture and flies,
mosquitoes and cockroaches in public health use" [WHO, 2010]

Chlorpyrifos/
Chlorpyrifos methyl

TCPy

Between 20 and 30 hours [Griffin et al., 1999]
[Nolan et al., 1984]

Various pest control situations, and can be found on peaches,
cotton, citrus... [Aswathi et al., 2019]

Diflufenican

Diflufenican

around 50-60 hours [INRS, 2015]

Herbicide [Hu et al., 2020]

Various pyrethroids
(permethrin, cypermethrin...)

3-PBA

6 hours [Ekman, 2017]

Pyrethroids pesticide used in agriculture, horticulture, health
care settings, and also in textiles (carpeting and clothing)
[Watkins et al., 2016]

Bisphenol A

Bisphenol A

5
hours
[Genuis et al., 2012],
6
hours
[Thayer et al., 2015], between 5 and 6 hours
[Braun and Hauser, 2011]

epoxyresins, toys, cans, eyeglass lenses, medical equipments,
consumer electronics etc etc ...
[Tzatzarakis et al., 2015b]
[Heffernan et al., 2016]

Bisphenol B

Bisphenol B

No information available

Used as a substitute of BPA in food and beverages packaging
[Česen et al., 2018], and in consumer and personal care products
[Heffernan et al., 2016]

Bisphenol F

Bisphenol F

around 8 hours in sheep model [Gingrich et al., 2019]

Used as a substitute of BPA in food and beverages packaging
[Česen et al., 2018], and in consumer and personal care products
[Heffernan et al., 2016]

Bisphenol S

Bisphenol S

around 7 hours [Oh et al., 2018]

Used as a substitute of BPA in food and beverages packaging
[Česen et al., 2018], and in consumer and personal care products
[Heffernan et al., 2016]

[Koch et al., 2017]

Medications
[Braun, 2017],
[Huang et al., 2018]

cosmetics

and

perfume

cosmetics and perfume

Pesticides
Fipronil

Bisphenols

With regards to the toxicity and the potential impact that chemicals may have on the human body, the
assessment of exposure through biomonitoring approaches became a mandatory step for epidemiological
studies. When assessing exposure to pollutants, it is also mandatory to take into account the specific characteristics of the population investigated. Thus, children and teenagers are more likely to be impacted by
the endocrine disruption effect because of their hormonal changes ([Alves et al., 2014] [Valvi et al., 2020],
[Yang et al., 2020]). Moreover, as EDs are able to pass the placenta, fœtus are also considered a highly
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vulnerable group ([Mose et al., 2007] [Nahar et al., 2015], [Nesan and Kurrasch, 2020]). It can therefore
be concluded that a concentration detected in children could have more serious effects than in an adult,
even at equivalent level of exposure.
Unfortunately, this estimation of the level of exposure may not be fully reliable because of several issues.

1.5

Exposure assessment issues

The daily presence of chemicals and particularly EDs in our life ([Roy, 2012],[Sweeney et al., 2015],
[Encarnação et al., 2019]) tends to complicate exposure assessment. Thus, the dose people are exposed to is
non constant and fluctuate from day to day and even within the same day ([Zoeller and Vandenberg, 2015],
[Toppari et al., 2016]).
In addition,the high variability of urinary concentrations for fast-elimination compounds (as shown by
several authors [Shin et al., 2019], [Koch et al., 2017], [Janjua et al., 2008]) makes irrelevant the strategy
of using a simple sample to assess exposure to pollutants, as stated by different studies ([Wielgomas, 2013],
[Ackerman et al., 2014], [Zhou et al., 2016]).
Thus, in the framework of the NoStra project, focus was made on chemicals with relatively rapid elimination time from the body (order of magnitude of several hours). Those fast elimination times result in
higher chances to miss the peak of excretion which complicates exposure assessment. Thus, as highlighted
by Frederiksen [Frederiksen et al., 2013], depending on chemical half-life, the time of sampling necessary
to properly assess the exposure (i.e. not missing the peak) should be taken into account.
The details of the estimated half-life based on the literature of the compounds analyzed in NoStra project
is presented in table 1.2. For example, different authors ([Bradman et al., 2013], [Aylward et al., 2014])
stressed out the impact of the combination of fast-elimination property and constant exposure to chemicals
in the exposure assessment by suggesting new rules for the explanation of variability involving half-life
and the estimated length of exposure to chemicals [Aylward et al., 2014].

To illustrate those issues, an example of simulated concentration of chemicals in blood (representing
the concentration in the whole body) depending to properties of the compound and to the frequency of
the exposure is presented in the following figure 1.3 .
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Figure 1.3: Simulation of different exposure to chemicals scenario and their impact on the blood concentration.

In Figure 1.3 A, where the chemical has a longer elimination time, the difficulty to evaluate the
exposure dose is low. The concentration is stable over time and the time of sampling does not impact the
concentration. On the contrary in Figure 1.3 B, where there is a single exposure to a chemical with fast
elimination time, the impact of the time of sampling is clear. The concentration can easily be assimilated
as low if the sampling is too far from exposure time, or high if it is sampled at the time of the peak. This
assimilation to a group with high or low exposure (i.e. classification according to the level of exposure)
is essential information for the statistical calculations necessary for the study. Indeed, the statistical
conclusions of epidemiological studies are based, among other things, on the observation of the differences
in prevalence obtained in the different groups of exposure to the pollutants, as well as on calculations of
the risks of one group compared to another (odds ratio). A poor evaluation of a population’s exposure
to a pollutant could therefore have serious consequences on the conclusions of a scientific study linking
health problems and exposure to pollutants.
In addition, Figure 1.3 C is a theoretical representation of the biomarker concentration in blood over
time. This representation appears to be the closest to the real situation, with frequent and even simultaneous exposure to different doses of the same compound. As in part B, the impact of the time of
sampling is pretty clear, and it is very difficult to accurately estimate the level of exposure, even with
many samples taken. Lastly, this uncertainty about the classification, based on the level of exposure, and
the evaluation of the exposure arises also from the fact that the real concentration of pollutants over
time is unknown, and it is not possible to know if the sampling occurred during the peak of excretion or not.

Finally, all of those issues constitute the genesis of the NoStra Project and the ensuing thesis. The
objectives of this work are presented in the following part.
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Chapter 2

The NoStra project and the thesis
2.1

Objectives of the NoStra project

As previously showed in the introduction, the current methodologies used in epidemiology to assess
exposure to fast-elimination pollutants do not provide reliable information on such exposure, casting
doubts on the possible links between exposure and health issues. For example, most studies attempt to
link concentrations of pollutants with a low half-life (of the order of a few hours) to biological effects
lasting several weeks or even years (cancer, diabetes, fertility issues, etc...). Moreover, the measurement of
exposure is generally carried out after the onset of the health effect, thus adding an evident problem of
causality [Weuve et al., 2010].
The NoStra project aims at overcoming these limitations in developing novel biomonitoring strategies
based on :
• the optimization of urine sampling strategies
• the use of hair analysis, which already provided promising results with other families of contaminants
• the development of multi-matrices approaches
• the development of a model for the quantitative determination of the level of exposure of human to
ED based on their concentration in hair, based on animal model adjusted to account for interspecies
differences in ED metabolism
The NoStra project required skills in statistics, analytical toxicology, chemistry, pharmacokinetics and
epidemiology and brought together several institutions such as the Luxembourg Institute of Health
(www.lih.lu,Strassen, Luxembourg), The French National Institute for Industrial Environment and
Risks (www.ineris.fr,Verneuil-en-Halatte,France) and the French Agency for Food, Environmental and
Occupational Health and Safety (www.anses.fr,Maison-Alfort, France) as expressed in the Figure 2.1 .

2.2

Role of the PhD student within the NoStra project

The role of the PhD candidate in the project can be defined more precisely by investigating the following
points :
• is raising the number of urine samples can provide better performance in the framework of exposure
assessment? How the variability induced by this higher number of samples does impact the quality
of the assessment?
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• Is the development of a new method based on a hair can improve the exposure assessment through
a better classification of the individuals?
• Establish the relation between hair, urine and the controlled level of exposure using an animal model
and pharmacokinetic (PK) parameters as expressed in the following equation 2.1 :
Chair = fpk parametersanimals (level of exposure)

(2.1)

• Evaluate the exposure classification of each volunteers by estimating the dose responsible for the
concentration detected in the body in a reverse dose logic using the following equation 2.2 :
−1
level of exposure = fpk
animal and humans parameter (Chair )

(2.2)

Thus, the NoStra project, the role of the PhD candidate and the international collaborations is
represented in the following Figure 2.1 :

Figure 2.1: NoStra project and the role of the PhD candidate.
A red box means a work from the PhD student, a green box means a lab work from the LIH engineers, a
blue box means a work conducted by the INERIS team.

Several tools and studies were developed in the framework of the NoStra project, and were presented
in the following part.

30

Chapter 3

Material and methods
In this part, a brief presentation of the population and the concepts developed in this project will be
presented, for more detailed information, all the information available can be found in the different articles
presented in this thesis.

3.1

Human population

In the NoStra project, 16 volunteers (8 women and 8 men) aged 40 years old on average (between 22 and
71 years old ) were enrolled to participate to the human study who lasted for 6 months. The description
of the population can be found in the following Table 3.1 .
Each participants provided a written consent, whereas the project was approved by the National Committee
of ethic and Research of Luxembourg (# 201604/04) . Each participants (i.e. no drop-out) participated
to the two different phases of the NoStra project , the urine samples collection and the hair samples
collection, each one presented in the following part.
Table 3.1: General characteristics of the population.
Characteristics
Sex
Female
Male
40 (18)

Mean age years old (sd)
Activity

N(%)
16
8 (50)
8 (50)

pensioner
employee
student

4 (25)
9 (56)
3 (19)

countryside
city

7 (44)
9 (56)

yes
no
occasionnaly

1 (6)
13 (81)
2 (13)

yes
no

5 (31)
11 (69)

Lille
Luxembourg

5 (31)
11 (69)

Households

Smoking

Presence of pets at home

Location
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In addition, the human experiment can be summarized using the Figure 3.1 , representing a simplified
overview of the 6 months follow-up. This figure illustrates the following part of this thesis.

Figure 3.1: Overview of a 6 month follow-up for human volunteer in the NoStra project.

3.1.1

Urine

The urine analysis can be split into 2 mains part : the follow-up over 6 months and the 24-hours urine
collection.
Follow-up over 6 months
As already stated, each participants gave during a 6 months follow-up between 1 and 3 urine samples
per week according to a pre-established random sampling design. This design was set in order to cover
the numerous possibilities for sampling during a large-scale study: thus, sampling can be collected
by the participants during the morning (with possibility to select first day void) usually until 11:59,
afternoon (from noon to 5:59 PM) and even evening (from 6PM until bedtime). Collection of samples used
pre-weighted glass beaker and a 0.1 g precision balance; the whole samples were weighted using the beaker,
and then an aliquot of 10 to 12 mL was collected in a 15mL Falcon©tube and placed in participants freezer.
Assuming a density of 1g/mL, the weight of the urination will allow to use quantity excreted of chemicals
instead of creatinine- or specific gravity- corrected concentration to take into account the dilution. After
transfer to LIH freezer, the samples were analysed using method developed within the HBRU team.
Information about the sample (including date of sampling, weight and number of the sample) was recorded
both in the collection tube and on a paper sheet provided to the candidate with the samples. For a better
understanding of the process of sampling, the follow-up part of the study was illustrated by the Figure
3.1. A total of 805 urines samples were collected for the follow-up part, with a range of 43 to 57 samples
per individuals.
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24-hours urine collection

In addition of the follow-up collection, 15 out of 16 participants provided over the 6 month three 24 hours
urine collection, in which every urination produced during this period of time was collected. The 3 days
of the 24-hours urine collection were randomly chosen in compliance with volunteers willingness (3.1),
and samples were stored as the urine from the follow-up in the participants freezer. In fact, really similar
in terms of logistics to the follow-up part, the goal of this collection was to obtain data to be able to
calculate human pharmacokinetic parameters, used in the final part of the NoStra project. This part of
the thesis lead to the collection and the analysis of 293 urines samples, the number of urine samples for
each 24-hours collection varying from 4 to 10. In addition, participants were asked to provide a concise
list of what was eaten and drunk 24 hours before the start of the collection and during the collection,
with the time of ingestion.

Urine analysis and protocol

After thawing and homogenization through vortex for at least 10 seconds, 1 mL of urine were aliquoted
to be analysed using the protocol defined in the following Figure 3.2 . After the addition of internal
standards and the β-glucuronidase for the de-conjugation, samples were placed in the incubator shaker
overnight. The day after, aqueous acetic acid solution was added to stop the de-conjugation, the extraction
took place using SPE cartridges conditioned beforehand. After evaporation, samples were split into
different aliquots, the first one directly injected in the LC-MS/MS, the second one derivatizated for
bisphenols A,B and F using a derivative agent (1-methylimidazole-2-sulfonyl chloride), and then injected
in LC-MS/MS.
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Figure 3.2: Protocol used for urine sample analysis.

3.1.2

Hair

Hair collection
In parallel to the collect of urine samples, volunteers were asked to provide each month a 1 cm hair
strand (around 150 mg of hair). This strand was collected as close as possible of the scalp to match date
with urine samples, assuming a growth rate of 1 cm per month. After the cut, the strand was stored in
aluminium paper (with a mark indicating the root) in a -80°C freezer. After weighing , 94 samples were
available for the next step.

Hair analysis and protocol
Before analysis, hair were decontaminated using SDS (sodium dodecyl sulfate) solution to eliminate
possible external pollution, then pulverized and extracted using protocol defined more in details in
Chapter 7 and in the following Figure 3.8, and finally injected and analyzed using different techniques
: GC/MSMS with derivatization for TCP-y and 3-PBA, LC/MSMS with derivation for bisphenol A, B
and F, and LC/MSMS without derivatization for the remaining 24 biomarkers.
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Figure 3.3: Protocol used for hair sample analysis.

3.2

Animal experiment

In addition to the human experiment, aiming to collect pk parameters in a controlled environment,
the animal experiment was launched in a second time of the NoStra project. Based on previous results from the HBRU team [Chata et al., 2019], on statistical computations with R©software, and in
accordance with European Guidelines (3 R’s regulation [Fenwick et al., 2009] / Directive 2010/63/EU
[European Union (EU), 2010]), the number of animals were reduced to the minimal needed: 56 animals
were randomly splitted into 8 different groups, each group representing a dose of chemicals following the
next table 3.2. The dose were expressed here in µg of chemicals per kg of animals. The protocols for the
analysis of urine and hair in rats are the same than for the human.
This study was submitted for internal (LIH Animal Welfare Structure) and external (Ministry of Research
and Agriculture of Luxembourg, #HBRU-2018-01) approval, and was launched during the third year of
the PhD (summer 2019).
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Table 3.2: Dose of pollutants for each groups of animals.
Groups
Control
Group 1
Group 2
Group 3
Group 4
Group 5
Group 6
Group 7

3.2.1

Dose of phthalate in µg/kg
0
0.5
4
10
20
40
100
200

Dose of pesticide in µg/kg
0
0.5
4
10
20
40
100
200

Dose of bisphenols in µg/kg
0
0.5
4
10
20
40
100
200

Design

The planning for the animal experimentation is presented in the following Figure 3.4 :

Figure 3.4: Animal experimentation planning over the 2 months.

The protocol regarding animal experiment was fully detailed in the Chapter 8, and is briefly presented
here. Thus, 56 long Evans female rats (aged 9 weeks on average) were purchased from Janvier Labs (Le
Genest-Saint-Isle, France) and were given mix of compounds 3 times a week over 2 months, through oral
gavage( by pure organic sunflower oil for a better dissolution of chemicals), following the plan 3.4. Rats
were monitored daily for any suspect behaviours, and were weighed 3 times a week to adapt the dose and
to detect eventually abnormal loss of weight. After 1 month of exposure, each rats were shaved, and hair
was collected to link exposure and detection in the matrix. In addition, for 21 rats (group number 2,4,6),
a collection of 26-hours urine excretion using metabolic cages was also conducted at week 1 and week 5 :
rats were fed by oral gave 2 hours after their placement in the cage (and the urine produced over the
2-hours were collected), and over 24 hours urine was collected every 2 hours. After 8 weeks, rats were
shaved and euthanised by anaesthesia, intra-cardiac blood collection was conducted to confirm the death.

3.3

Various mathematical concepts

Throughout the NoStra project, the role played by the variability as a major factor impacting the exposure
did not fade away. As a mathematical concept, variability has to be estimated using several mathematical
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approaches, including the development of algorithm employed on several articles.This part will give a
brief overview of those developments.

3.3.1

Variability, key concept of the thesis

As already showed in the introduction, the assessment of exposure is usually based on the analysis of
biological samples subject to really high variations over time. Variability has to be understood as the most
informative part provided by the data, it discriminates volunteers between their supposed level of exposure
and then helps epidemiologists for their studies. This variability can be split into several components, in
this present work focus was made on only 2 types of variability, the others could be considered as marginal
([Meeker et al., 2005], [Xiao et al., 2014]) :
V ariancerepeated measurement model = W V + BV.

(3.1)

Variability between individuals
The first component assumed in the present work is the most classical one, the between-individuals
variability (BV). Briefly, BV depicts the difference observed between a volunteer concentration and the
general average from the rest of the studied population.
BV is defined by the following equation 5.3:
BV =

N
X
ni
i=1

n

(X

(i)

− X)2

(3.2)

where N corresponds to the total number of participants, n to the total number of samples, ni to the
number of samples for the individual i, X

(i)

to the arithmetic mean of the individual i and X stands for

the arithmetic mean of the whole population.

Thus, BV is the resultant of differences between participants (e.g. sex, age, BMI...) and is susceptible
to explain differences observed between each participants in the results. The higher BV is, the more
easier are participants to discriminate, increasing the chance to get more reliable and significant results in
epidemiological studies.
Variability within individuals
The second component of the variance used in this thesis is a direct result from the use of the multiple
measurement model: by raising the number of samples per volunteers, the total variability is also impacted
by the difference between volunteer samples and their own average for each volunteers. WV can be defined
by the following, with the previous notations used in equation 5.3 :
WV =

N
X
ni
i=1

n

V (i)

(3.3)

with V (i) corresponding to the empirical variance for the individual i :
V

(i)

ni
X
1
(i)
=
(Xi,j − X )2
n
j=1 i

Furthermore, higher WV would indicate very high variation in the concentration of the volunteers, and a
less reliable (or at least more questionable) classification of volunteers.
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In the framework of the thesis, both BV and WV were estimated by either using a linear mixed model
with random effect on the individual via "R" (urine samples, articles 0 and I), or by using "handmade"
calculation through Excel software (hair samples, articles II and III). Finally, a tool is mandatory to
obtain an idea of the reliability of the compound, this is presented in the next part.
ICC
First used by Shrout and Fleiss in 1979 [Shrout and Fleiss, 1979], the Intraclass Correlation Coefficient
(ICC) is a descriptive statistics used inter-alia in random effects model or ANOVA to assess the reliability
or the reproducibility of a compound and defined as the portion of total variance explained by BV :
ICC =

BV
BV
⇐⇒ ICC =
V ar
BV + W V

(3.4)

The ICC allows scientists to discriminate chemicals according to their reliability: thus, according to Rosner
[Rosner, 2015], a compound presenting ICC below 0.4 would indicate a poor reliability leading to high
doubts about the result, an ICC value between 0.4 and 0.75 would mean a fair to good reliability of the
compounds, and a value above 0.75 would indicate excellent reliability and good discrimination of the
subjects.

3.3.2

Algorithms developed

Before presenting the algorithm developed in the present work, it is necessary to present a method used
in both algorithms.
Bootstrap
Originally developed to correct bias due to resampling in the jackknife by Bradley Efron [Efron, 1979],
the bootstrap is a method to correct performances and bias caused by over-estimation. For example, in
statistical model theory, testing the model developed on the same population responsible for developing
it leads to an over-estimation bias (due to optimism) in the parameters who can be attenuate by the
bootstrap method [Stammet et al., 2017].
In the framework of the NoStra project, the BT was used to avoid bias from re-sampling the same samples
over, and to create "new population". Thus, each time a selection of samples was imposed by the algorithm,
the results obtained are stored and averaged over 10,000, to cover a wide scale of possibilities. It would indeed be very complicated in terms of machine time to simulate all the possibilities. Tests were conducted to
determine the needed number of iterations, and it appeared that 10,000 iterations were a good compromise
between the variety needed of the samples and the computer time available. This approach was already used
by several authors ([Attfield et al., 2014], [Philippat and Calafat, 2021],[Newcomb et al., 2019]). The use
of the bootstrap method also facilitates the computation of confidence interval in the following algorithms.

With the concept of variability and the bootstrap method in mind, several different algorithms were
developed in the present work inspired by Attfield’s work [Attfield et al., 2014], and were presented briefly
in the following.
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Algorithm of the reference ranking
In the first one, for each chemicals, a classification of individuals based on the average of a determined
number "n" of urine samples (named MR for "Marginal Ranking") was compared to a classification built
using all the available samples (named GR for "Grand Ranking") : if the classifications matched, score
equal 1 was given, and equal 0 if not. This process was iterated 10,000 times per n, and the results
obtained were the percentage of classification matching for each chemicals and each number of samples,
ranging from 0 to 100 % . The next Figure 3.5 and the article II details the algorithm.

Figure 3.5: Representation of algorithm 1, demonstrating the influence of the number of samples on mean
biomarker concentration, and subject classification into quartile .

Algorithm of the stable classification
The second algorithm compared, using the weighed Cohen’s Kappa presented below, two classification of
volunteers for each compound based on the addition of a lone sample to a previous pool and is explained
in the Figure 3.6. Thus, as in the first algorithm, a classification based on an average calculated after a
random selection of n samples per individuals is compared using Cohen’s kappa to a classification obtained
after adding a randomly chosen sample from the remaining ones. If the kappa does not reach a certain
threshold (κ varying from 0.7 to 0.9) , then the 2 classifications are considered too different and a new
sample is added. On the other hand, if the threshold is reached, the number of samples needed to obtain
this stable classification is recorded and the process is restarted with new samples. Aiming to avoid bias
from sample selection, this process was iterated 10,000 times per chemicals. A more detailed description
of this algorithm can be found in article II.
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Figure 3.6: Representation of algorithm 2, determining the number of urinary samples needed to reach
stable classification of the subjects into quartiles.

Cohen’s Kappa
Aiming to compare the performance obtained with different number of samples, the Cohen’s Kappa was
chosen to compare the different classifications obtained in the different algorithm. First used by Cohen
to compare the agreement between two different raters during the 1960’s ([Cohen, 1960], [Cohen, 1968]),
Cohen’s Kappa is defined by the following :
κ=

Pr (a) − Pr (e)
1 − Pr (e)

(3.5)

with Pr (a) stands for the agreement between the 2 raters and Pr (e) for the probability of an agreement
by chance.
In the framework of this thesis, the definition of the κ has been modified by weighing the kappa following
a quadratic definition, as follows :
κ=
with P00 =

P

wij ∗p0
wmax ;

and Pc0 =

Po0 − Pc0
,
1 − Pc0

(3.6)

P

wij ∗pc
wmax ,

with p0 stands for the proportion of the observed agreement, pc for the expected agreement by chance,
and wi,j the weight selected, here it was wi,j = |i − j|2 , with i and j representing 2 different categories
of classification (i.e. classification as really high exposure vs low exposure would make i=1 and j=3).
The choice to use a quadratic rather than a linear penalty is justified by the desire to penalize large
classification errors more strongly than small ones, It is more serious to consider someone to be very highly
exposed when they are not exposed at all, rather than to consider someone to be very highly exposed
when they are highly exposed. The scale of the Cohen’s kappa, and the implications for the interpretation
of this value can be found in details in article II .
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Algorithm Article III
For the Article III, the algorithm was adapted from the previous algorithm of the reference ranking 3.5.
In fact, instead of using classification based on all the samples, the process will focus on comparing the
relationship between urine and hair samples via the calculation of the R2 coefficient 3.7. Thus, linear
relationship between the average obtained by hair samples (HM) and by a determined "n" number of urine
samples (UM, with n varying) was calculated over the 10,000 iterations per n. More details about this
algorithm can be found in the chapter Article III.

Figure 3.7: Representation of the algorithm determining the correlation between hair and urine samples
depending on the number of urine samples

3.4

Pharmacokinetic introduction

In a second time of the thesis, based only on data from human and animal kinetics (24-hours urine
excretion), the computation of the pk parameters took place with the help of the INERIS [INERIS, 2020].
In this part, a brief presentation of the concept that was calculated and used in the last two articles of
the thesis will be presented, for the purpose to extrapolate the level of exposure for the humans based on
the equation 2.2.

3.4.1

Concepts

The several parameters used in the framework of the NoStra project are presented within this part and
are summarized for most of them in the following figure from [Clinicalinfo HIV, 2020] :
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Figure 3.8: Diagram representing different pharmacokinetic parameters taken from [Clinicalinfo HIV, 2020]

It should be noted that this scheme is based on a controlled intake of chemical compounds, far from
what can be achieved in the real-life, in which frequent exposure and different intensity have an impact on
the representation.
Half-Life
The first concept used here in pharmacokinetic is the half-life, or elimination half-life, usually noted t 21 ,
who represents the needed time to divide Cmax (the maximum concentration) by two in the studied matrix
(usually blood, here urine). In addition, it is usually accepted that after 5 repetitions of t 12 , the initial
dose of pollutants has completely disappeared from the organism, provided that it is not exposed again
[Ito, 2011]. Thus, t 12 depends only on the chemical specificities , it is independent of the dose received
and of the route of administration and it allows other pharmacokinetic parameters calculation such as the
elimination constant. This parameter t 12 is crucial in the present analysis because it justifies that the
compounds studied are indeed rapidly eliminated (t 12 of the order of a few hours as already mentioned in
Table 1.2), unlike other chemicals with a longer half-life (from days until years [Ritter et al., 2011]).
In the present work, half-life was computed with the animal model due to the more controlled environment
in this model (only one dose given at a specific time, little contamination outside the cage etc etc). The
elimination half-life is estimated from the latest measurements of the concentration-time curve using
semi-log regression (log(conc) time) with automatic selection of the calculation points.
AUC
Directly linked with the time and the concentration C(t) detected into the sample, the AUC (Area Under
the Curve) is expressed in µg.h/L and is defined by this equation 3.7 :
Z +∞
AU C =
C(t)dt
0
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(3.7)

The higher the AUC, the longer the compound has been in the body and/or the higher its maximum
concentration.
Cmax and tmax , Cmin and tmin
Cmax (resp. Cmin ) corresponds to the higher (resp. the smaller) concentration detected in samples during
a kinetic. The time at which this maximum (resp. minimum) concentration is reached is called the tmax
(resp. tmin ).
MRT
Mean Residence Time is the average amount of time in which a chemical stays in the body. MRT is
calculated from the AUMC (area under the first moment curve, i.e. the AUC observed for the product of
time and concentration) and the AUC according to the following equation 3.8 :
AU M C
=
M RT =
AU C

3.4.2

R +∞

t ∗ C(t)dt
R +∞
C(t)dt
0

0

(3.8)

Modelling the hair concentration

In the Article IV, several statistical concepts have been used to relate controlled exposure to pollutants to
hair concentration.Thus, in a first time, a linear regression model explaining the concentration in the hair by
the dose given to the animals (launched with the package lme4 for mixed-models in the R software version
3.4.1 ) made it possible to select all the biomarkers presenting a coefficient of determination higher than 0.7.

In a second time, using all the biomarkers selected in the first step, 9 different nested linear models with random effects on the individual aiming to explain concentration in hair were implemented by
adding to the previous one pharmacokinetic parameters,the best model was the one that proposed the
smallest Akaike information criterion (AIC) while maximizing the value of the coefficient of determination
between the true concentration values detected and those predicted by the model.

Regarding the AIC, first developed by Akaike in 1974 [Akaike, 1974] , it is a measure that allows
to select, among several nested models, the one that will make the best compromise by penalizing the
predictions of a model according to the number of parameters. The choice of the optimal model will
therefore be determined by the model minimizing the value of the criterion defined as follows:

AIC = 2 ∗ k − 2ln(L)

(3.9)

where k stands for the number of estimated parameters and L the maximum value of the likelihood
function for the model.

Thanks to this criterion, the best linear model for the prediction of the concentration of biomarkers in the hair was defined, and by extension the most significant variables . However, as the results
showed only a rather low R2 , a third step was added in which the same 9 models were launched only on
a determine family of compounds. Thus, 3 phthalate metabolites (MMP, MEP and MBzP), 3 bisphenols
(BPB, BPF, BPS) and 3 pesticides (IMPy, 3Me4NP and TCPy) were used as new database for each of
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the different models.

Having presented all the different tools as well as the different objectives of the project and the thesis, we
will now be able to present in more detail the different articles composing this thesis work. As already
explained, the manuscript is composed of 4 large articles, numbered from 0 to III. The choice of the
numbering of the first article as being article I results from the writing of the article which is prior
to the launching of the sample collections, and that to mark this difference it was decided to use this
nomenclature. Each of the 4 articles were preceded by a short introduction (named context) presenting
the different concepts developed in the article as well as its place in the thesis.
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Part II

Articles
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Chapter 4

Publications summary
4.1

List of articles
Article I

Variability in biomarkers of exposure in epidemiological studies –
origins and awareness in epidemiological studies.
Faÿs F, Appenzeller B.M.R.

Article II

Is there an optimal sampling time and number of samples for assessing
exposure to fast elimination endocrine disruptors with urinary biomarkers?
Faÿs F, Palazzi P, Hardy E.M., Schaeffer C, Philipat C, Zeimet E,
Vaillant M, Beausoleil C, Rousselle C, Slama R, Appenzeller B.M.R.
Science of the Total Environment . 2020 December
10.1016/j.scitotenv.2020.141185
Reproduced with permission from Elsevier

Article III

Biomonitoring of fast-elimination endocrine disruptors- results from a 6-month
follow up on human volunteers with repeated urine and hair collection
Faÿs F, Hardy E.M., Palazzi P, Haan S, Beausoleil C, Appenzeller B.M.R.
Science of the Total Environment . 2021 July
10.1016/j.scitotenv.2021.146330
Reproduced with permission from Elsevier

Article IV

Incorporation of fast elimination biomarkers of exposure in hair
is governed by pharmacokinetics
Faÿs F, Palazzi P, Hardy E.M., Schaeffer C,Zeman F, Roussel C,
Beausoleil C, Appenzeller B.M.R.
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4.2

Statement of contribution

François Faÿs participated in all the four papers in the thesis, according to the following statement.

Article I

François Faÿs was involved with the co-authors to design and write the paper.
In addition, he conducted the bibliographical researches, computed all
the calculations and produced all the figures .
Dr B.M.R. Appenzeller was responsible for the structure and for the correction

Article II

François Faÿs was involved with the co-authors to design and write the paper.
He was involved in the analysis of the samples produced with Palazzi P,
following a protocol developed by Hardy, E.M. and Zeimet, E.
He was also involved in the reprocessing of the data and on the development
of the algorithms with Vaillant,M., Slama R. and Appenzeller B.M.R.

Article III

François Faÿs was involved in the writing and producing figures of this article.
He helped Hardy E.M. and Palazzi P. for the lab and analytical work of the
protocol developed by Hardy E.M. . François Faÿs also produced statistical
support for this article, including the development of algorithms.

Article IV

François Faÿs was involved in the writing and producing figures of this article.
He also worked in the statistical concepts linking dose and concentration.
With the help of Dr Appenzeller and Palazzi P, he wrote the text of the article.
Palazzi P., Schaeffer C. and Faÿs F. participated to the animal experiment, with
Palazzi P. responsible for the animal gavage and preparation of the solutions.
Zeman F. from Ineris team conducted the computation of the pharmacokinetic
parameters and helped for the development of the manuscript.
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4.3

Other related work

Beside the thesis work, the PhD candidate was also involved in several publications listed below, related
with the question of exposure assessment in epidemiological studies. Those paper are not included in the
thesis.
Article A

Hair analysis for the biomonitoring of pesticide exposure:
comparison with blood and urine in a rat model.
AppenzellerB.M.R. , Hardy E.M., Grova N., Chata C.,
Faÿs F, Briand O., Schroeder H., Duca R.C.
Arch Toxicol. 2017 Aug;91(8):2813-2825.
doi 10.1007/s00204-016-1910-9

Article B

New insights into urine-based assessment of polycyclic aromatic
hydrocarbon-exposure from a rat model:
Identification of relevant metabolites and influence of elimination kinetics.
Grova N., Faÿs F, Hardy E.M.,Appenzeller B.M.R.
Environ Pollut. 2017 Sep;228:484-495.
doi: 10.1016/j.envpol.2017.03.060

Article C

Hair analysis for the biomonitoring of polycyclic aromatic
hydrocarbon exposure: comparison with urinary metabolites
and DNA adducts in a rat model
Grova N., Hardy E.M., Faÿs F,Duca R.C. ,Appenzeller B.M.R.
Arch Toxicol. 2018 Oct;92(10):3061-3075
doi: 10.1007/s00204-018-2298-5
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Chapter 5

Article I
Context
In this article, numerous objectives were pursued:
• To deepen knowledge and bibliographical references within the framework of a review on the state
of science
• Illustrate the variability and problems that result from this and that are overlooked by concrete
examples from the literature.
• Finding factors that can impact variability covering a wide range of possibilities (mathematical,
analytical, epidemiological).
• Present one of the most important variability tools in detail: the ICC.
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5.1

Abstract

Methods to assess human exposure to pollutants often involve the use of biological matrices. In the
particular case of rapidly eliminated chemical compounds such as endocrine disruptors (EDs), urine
concentration may suffer from a lack of reliability and uncertainty responsible for biased results and false
conclusions. This uncertainty is the consequence of data variability, itself resulting from numerous reasons
such as constant exposure, via multiple sources, to these pollutants, as well as the rapid elimination by
the organism of the compounds, which makes it impossible to detect the excretion peak.
The aims of this work are first to discover and study the variability and these potential consequences on
the assessment of exposure to endocrine disruptors. In this regard, numerous peer-reviewed publications
were included in this work, as well as mathematical formulae describing the different components of the
variability.
The Intraclass Correlation Coefficient (ICC), a tool quantifying variability, will be presented in more
detail in a second step. In addition to the mathematical definition of ICC, different values found in the
literature will also be presented.
Finally, the various factors identified in the literature that may impact the value of ICC will be presented
in a final section. Knowledge of these factors is necessary in order to limit as much as possible the biases
linked to the variability of the samples.
To conclude, this study highlights the variability of urinary biomarkers by presenting the ICC in several
peer-reviewed publications and that factors such as type of matrix, study design or the handle of
left-censored data were identified as possible impacting factors for the ICC computation.
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5.2

Introduction

The presence of chemicals in the environment has become a major public health concern in recent years.
Pollutants, and especially endocrine disruptors (EDs), now constitute an economic burden for Western
countries as they increase the risk of disease and decrease quality of life (Trasande, Zoeller et al. 2015).
In the USA, the costs associated with pollutants have been calculated to represent “more than 2% of the
GDP” (Attina, Hauser et al. 2016). In this context, numerous studies have been conducted to explore the
specific impact of pollutants on human health (see (Kissel, Curl et al. 2005, Aylward, Hays et al. 2014,
Xiao, Moore et al. 2014)). Most importantly, these studies have revealed that EDs affect cell metabolism
(Sciences 2010) and have various impact on human being. Not only have EDs been linked to some cancers
(Soto and Sonnenschein 2010), to Parkinson disease (Semchuk, Love et al. 1992), to obesity or diabetes
((Goodman, Lakind et al. 2014),(Lakind, Goodman et al. 2014)), but ED’s have also been shown to
impact every category of age of the population , coming from child (children’s IQ (Factor-Litvak, Insel
et al. 2014)), to elderly people (depression in South Korean elderly population (Lee, Lim et al. 2018))
. A non-exhaustive list of EDs includes pesticide metabolites such as 3-phenoxybenzoic acid (3-PBA)
and 3, 5, 6-trichloro-2-pyridinol (TCPy), phthalate metabolites used in industry for softening plastics
(Di(2-ethylhexyl) phthalate (DEHP) will serve as example in this article) and the family of Bisphenol
(including the well-known Bisphenol A (BPA), but also the Bisphenol F or Bisphenol S). A more detailed
list of ED can be found here (http://endocrinedisruption.org/).

Most of the studies which aimed at establishing a link between a specific pollutant and a given disease have resorted for exposure assessment, to an approach known as Human Biomonitoring (HBM).
According to the Centres for Disease Control and Prevention (CDC), HBM consists in “assessing human
exposure to environmental chemicals by measuring chemicals or their metabolites, or reaction products in
tissue or fluids such as blood and urine” (Prevention 2017). In other words, HBM provides a tool for the
assessment of exposure, sued for studying the causal relationship between doses of pollutants and their
supposed effects on health. Usually, the HBM helps epidemiologists to build logics by using classification
of volunteers based on their supposed level of exposure (e.g. by averaging samples).
One of the main issues with EDs, and by extension with HBM, is that humans can be repeatedly exposed
to different pollutants. The use of surrogates (e.g. urine, blood or others) for the analysis of biomarkers of
exposure is based on the hypothesis that the concentration in the biological sample is representative of the
level of exposure allegedly responsible for the outbreak of the studied disease, assuming that concentration
of pollutants in the body is stable over time. While studies on the health impact of pollution should
therefore control for stability in the concentration of the biomarker over time (to ensure that detected
compound concentrations are representative of true concentrations in the body), an overview of the
literature shows that many fail to do so. For costs and time-effective reasons, studies are usually based
on a single biological sample collected from each subject (Dirtu, Geens et al. 2013, Meza-Montenegro,
Valenzuela-Quintanar et al. 2013, Sun, Cornelis et al. 2014, Bornehag, Carlstedt et al. 2015, Correia-Sa,
Schutze et al. 2017, Philippat, Nakiwala et al. 2017, Buckley, Quiros-Alcala et al. 2018, Pan, Lin et al.
2018). This approach can be justified when dealing with persistent pollutants because of their supposed
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stability in the body, but this hypothesis is not applicable to fast-elimination pollutants, as shown by
several articles (Kissel, Curl et al. 2005, Braun, Smith et al. 2012, Wielgomas 2013). Furthermore,
repeated exposure over short time (and possibly through different routes such as ingestion, dermal contact,
inhalation (Giovanoulis, Bui et al. 2018) tends to making it difficult to assess the levels of pollutants to
which humans are effectively exposed by leading to high variability in biomarkers concentrations. As
a consequence, relying on the use of only one sample (urine) to assess exposure will very likely lead to
unreliable classification of the patients. The subsequent misinterpretation of the results may cast doubt
on the role of exposure in disease onset.

This article discusses the implications of the variability associated with biomarkers concentration in
the biological matrices used for exposure assessment in the study of causal links between pollutants and
diseases and suggests avenues for improving the design and conduct of HBM studies. First, we discussed
the two main component of variability, the within-individual and the between-individuals, and show how
those different types of variability interfere with the measurement of biomarkers concentrations. Second,
we highlighted several peer-reviewed studies that deal with the health effects of pollutants who presented
different values of a tool evaluating the variability, the Intraclass Correlation Coefficient (ICC), for the
same compounds. Lastly, we explore the different parameters that need to be taken into account when
controlling for variability in HBM studies. Overall, this article should help refining the HBM approach
and contribute to improving the reliability of studies that sought to link pollutants to specific diseases.

5.3

Origin of variability and consequence on exposure assessment

Variability is usually defined as the extent to which a distribution of measurements is spread out or
squeezed, and it is often represented by the variance. While variability has long been known to interfere
with data interpretation ((Rijcken, Schouten et al. 1993),(Shrout and Fleiss 1979)), the scientific literature
on the health effects of pollution has largely neglected its importance. To further our understanding of
variability, however, we must first review its main sources and show how it affects the measurement of
biomarkers concentrations in biological matrices.

One of the main sources of variability is due to the pharmacokinetics of pollutants/biomarkers, namely
the speed at which they are eliminated from the body (through urine, sweat, faeces) or transformed and
accumulated in the body, and which is usually assessed by the half-life (HL). The faster chemicals will be
eliminated from blood (and subsequently from urine), the higher their concentration will vary over time. So
as high variability results in poorly reproducible measurements, it can cast doubt on the reliability of study
findings. Variability therefore represents an issue of particular concern for studies focused on the health
effects of non-persistent (short half-life) compounds. A second key source of variability is the frequency of
exposure to pollutants. While continuous exposure would theoretically result in a pseudo-equilibrated
state in detected concentration, time-delimited repeated exposure will on the contrary induce fluctuations
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in biomarker concentrations. As several authors have pointed out (Attfield, Hughes et al. 2014) (Meeker,
Barr et al. 2005), the impact of frequency of exposure on variability is particularly strong in the case of
fast elimination compounds, as these are also associated with high fluctuations in biomarkers concentrations.

The HL of chemical compounds and the frequency of exposure should thus, in turn, be considered
for the choice of the sampling method. One of the most common sampling methods in epidemiological
studies is the collection of a unique spot sampling, generally taking the opportunity of hospitalization,
medical check-up or other reason, but with no specific rational regarding exposure time. Yet because this
method provides only a snapshot of chemical concentrations in time, it tends to produce inaccurate measurements—a problem that is especially acute in the case of short HL compounds and/or time-delimited
exposure. While some authors point out that spot sampling overestimates compound concentrations
(Aylward, Kirman et al. 2012), others consider that spot sampling should never be used to determine
levels of exposure to short HL compounds (Kissel, Curl et al. 2005) (Wielgomas 2013) (Braun, Smith et
al. 2012). Twenty-four-hour urine collection is generally considered to be a more reliable and more stable
sampling method, but inducing higher cost and is more constraining for the patient. In fact, some authors
(Ackerman, Dodson et al. 2014) concur that repeat sampling, which involves increasing the number of
samples per volunteer and using a repeated measurements model, should be the privileged approach to
determine exposure to short HL compounds in a given population. But the use of repeated measurements
model is subject to unsettled issues: determine the optimal numbers of samples to collect to achieve
enough statistical power or the best period of the day to collect samples for example.

On top of providing mean values that can be considered more robust to differentiate individuals,
repeated samplings brings to light variability, both between and within individuals, which in the process
adds a new layer of complexity to data interpretation.

56

57
(a) TCPy amount excreted in urine samples collected from
5 subjects over 3 months (15 urine samples per subject)

(b) TCPy excreted in urine over 6 months for only
one subject.

(c) Detailed values of TCPy amount excreted in urine
over 24h for one subject .
Plain line corresponds to interpolation between
values out of the 24h.

Figure 5.1: Example of excreted quantity of TCPy accross different timeline
Horizontal plain bar represents the mean value (amount of TCPy) for the whole population, and the dotted bars represent the mean value for each subjects. One point
corresponds to one urine sample

The previous three figures (Figures 5.1) illustrate this concept of multiple components in variability
in biomarkers concentrations with between individuals variability (BV) and within individuals variability
(WV) (which are the two main parameters that define the number of samples/individuals necessary to
show significant difference in the exposure).
Figure 5.1a presents a 3 month-follow-up of TCPy (an organophosphate pesticide metabolite) excreted
in urine for 8 volunteers (15 urine samples per subject). As observed on the figure, the amount of TCPy in
urine is highly variable over time for all the subjects (ranging from 10 to 10,000 ng). The global mean (all
the samples from all the subjects) being equal to 1800 ng, BV is directly linked to the difference between
this global mean and the mean of each subject, and defined as in equation 5.3:
BV =

N
X
ni
i=1

n

(X

(i)

− X)2

where N corresponds to the total number of participants, n to the total number of samples, ni to the
number of samples for the individual i, X

(i)

to the arithmetic mean of the individual i and X stands for

the arithmetic mean of the whole population.
In parallel, WV is linked to the differences between different biomarker values in the same subject, as
illustrated on Figure 5.1b for a single individual with a 3 month-follow-up.
WV is defined as as already stated in Equation 5.3 :
WV =

N
X
ni
i=1

n

V (i)

with V (i) corresponding to the empirical variance for the individual i :
V (i) =

ni
X
1
(i)
(Xi,j − X )2
n
j=1 i

As observed on Figure 5.1c, the WV is also observed over one day, where biomarker values fluctuations
are in the same range of what is observed at larger scale on Figure 5.1b .
As illustrated by this example, the mean concentration calculated for each subject is different from the
others and from the global mean. However, for each subject, the individual values (biomarker in each
single sample) can be far different from the mean value (i.e. WV), and many overlaps between the
different subjects can be observed. The direct consequence of high WV is that classification based on a
single sample per subject is unlikely to match with classification based on mean values, highlighting how
variability can make unreliable a classification of subjects based on biomarkers concentration in a unique
urine (or blood) sample. Thus, if the strategy of the use of a unique sample is not reliable enough, the
following questions would be to either determine a number of (urine or blood) samples sufficient to obtain
a representative view of the exposure, or either to use another less-sensitive to high values matrix able to
provide an average such as hair.

5.4

Quantifying variability with the Intraclass Correlation Coefficient (ICC)

The impact of the variability of biomarkers concentration in a biological matrix is often evaluated with
the the Intraclass Correlation Coefficient (ICC), which was first presented by Shrout and Fleiss in 1979
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(Shrout and Fleiss 1979). ICC is usually defined by the following Equation 5.4:
ICC =

BV
V ar

BV + WV = Var, total variability of the model. ICC value is therefore between 0 and 1.

BV higher than WV (i.e. ICC > 0.5) means that the different samples collected from an individual are
more similar between each other regarding biomarkers concentration than they are to samples collected
from other individuals. On the contrary, WV becoming higher than BW indicates the increasing difficulty
to discriminate different individuals based on biomarkers concentration.
From a practical point of view, ICC value is interpreted in epidemiological studies as an indication of a
biomarker’s ability to provide reliable classification of the individuals according to their level of exposure:
high ICC value meaning reliable classification, and low ICC meaning poorly reliable classification. (In
this context, “reliable” means that the use of another biological sample (e.g. urine sample) than the one
chosen for each individual would not impact the classification).

Figure 5.2: ICC’s from peer-reviewed publications for 6 different urinary biomarkers

Thus, Figure 5.2 presents ICC values reported in the literature for 6 urinary biomarkers. As presented
on this figure, huge differences in ICC values can be observed between different studies for the same
biomarker. For instance, the ICC value reported by Teitelbaum (Teitelbaum, Britton et al. 2008) for
mono-ethyl phthalate (MEP) was 0.18, indicating the poor reliability of urinary MEP to classify individuals.
On the contrary, Preau (Preau, Wong et al. 2010) reported for the same biomarker an ICC value of 0.94,
suggesting that individuals can be classified based on one urine sample with excellent reliability.
Similar contradiction were observed even within a single study, such as in the study by Ackerman
(Ackerman, Dodson et al. 2014) who reported ICC values ranging from 0.012 to 0.7 for the phthalate
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metabolite MEHP, or in the study by Wielgomas (Wielgomas 2013) who reported ICC values from 0.35 to
0.85 for 3-PBA, a metabolite of pyrethroid insecticides. The latter results demonstrate that differences in
the population under study or in the geographical area they were selected from is not sufficient to explain
the differences observed in ICC values. This point was also proved by Sexton and Ryan (Sexton and
Ryan 2012), who showed that the ICCs computed for siblings living in the same house (no geographical
inference) and following almost the same diet (no exposition scheme difference) presented important ICC
variations.
Such differences leading to contradictory interpretation cast doubt on the reliability of the biomarkers
considered and on their usefulness in epidemiological studies. Nevertheless, ICC value is an indication of
the number of biological samples that have to be collected and analysed from each individual to calculate
a mean value that allows reliable classification of the subjects. Authors therefore needs to identify which
parameters can influence ICC value in order to know what confidence they can have in it for the design of
future studies.

5.5

Controlling for variability in the design and conduct of human biomonitoring studies

Variability interferes with the measurement of compound concentrations and casts doubt on the reliability of study findings. In addition to the choice of sampling method (number of samples, moment
of sampling. . . ), HBM investigators should be concerned with the type of matrix for the samples, the
handling of data below the limit of detection (LOD), the method used to correct the concentration and
the study design including the mathematical choices.

5.5.1

The choice of the matrix

In parallel to biological fluids (urine and blood) which remain the matrices used in the vast majority of
biomonitoring studies, other “less conventional” specimens have also been considered. Although sweat
(Esteban and Castano 2009, Porucznik, Cox et al. 2015) (Genuis, Birkholz et al. 2017), saliva (Esteban
and Castano 2009, Michalke, Rossbach et al. 2015), and nails (Alves, Koppen et al. 2016, Giovanoulis,
Alves et al. 2016) have been used only marginally, an increasing interest has been observed for hair
analysis for the assessment of pollutant exposure.

As detailed above, the highly variable concentration of biomarkers of exposure in biological fluids,
particularly for fast elimination compounds, represents an important limitation to their use in biomonitoring studies. Information concerning the variability of biomarkers concentration in other matrices
is very limited. A recent study however reported ICC values obtained from the analysis of pesticides
and metabolites in hair samples collected from pregnant women (Beranger, Hardy et al. 2018). The
ICC values, calculated from the analysis of hair samples corresponding to the 3 trimesters of pregnancy,
were clearly higher than the ICC values generally reported for the same biomarkers in urine (Figure
5.3). This difference can be explained by the different windows of detection covered by hair and urine
respectively. Contrary to urine which is generally representative of the few hours before sampling, hair
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provides an integrated information that can cover up to several months depending on the length of
the sample analysed. Results obtained from hair analysis are therefore not affected by the variability
of exposure on the short-term. Consequently, they give rise to higher ICC values than other types of
matrices, as confirmed in this study. While urine (and blood) have the benefit of revealing peak values
after exposure (if collected at the right time), hair analysis provides more reproducible results and seems
to allow more reliable classification of individuals regarding their chronic exposure to pollutants.

Figure 5.3: Comparison of ICC obtained in 2 studies from hair and urine for 3 biomarkers

5.5.2

Handling of non-detects

As previously described, the concentration in urine or blood of pollutants/biomarkers with short HL can
decrease significantly within a short time (few hours) after exposure. On top of inducing high variability,
the concentration can rapidly reach undetectable levels. In the case of repeated/multiple samplings, a
significant part of the samples can thus present biomarker concentration below the limit of detection of
the analytical method. The classification of individuals based on the mean concentration of biomarkers in
biological samples therefore brings the question of the handling of non-detects.

No real consensus exists on that point and different approaches can be adopted. Depending on studies,
only detected values can be considered, or non-detects can be replaced by zero (Leith, Bowerman et al.
2010, Frederiksen, Kranich et al. 2013), by the limit of detection (LOD) divided by 2 (Saieva, Aprea et al.
2004, Kissel, Curl et al. 2005, Leith, Bowerman et al. 2010) or by the square root of 2 (Peck, Sweeney et al.
2010, Li, Romanoff et al. 2013, Wielgomas 2013), with no justification on the rational justifying the choice
of the approach. An illustration of how the handling of non-detects can affect ICC is presented on Figure
4. A dataset of urinary concentration of three metabolites of pesticides with short HL, corresponding to
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all the urine excretions collected from a panel of 31 volunteers over 24h (207 urine samples on total) was
used as a basis (unpublished data). ICC was calculated for each metabolite from the original dataset in
which the three metabolites were detected in 100% of the samples and used as a reference. In parallel,
artificial LOD were applied, censoring 10%, 20% and 40% respectively of the samples with the lowest
concentrations. New ICC were then calculated after the missing data were removed, replaced by “zero”,
√
LOD/2 or LOD/ 2 or replaced by data obtained by multiple imputations.

Figure 5.4: ICC calculated for 6 different biomarkers according to the percentage of non-detects and the
different approaches to handle the missing data.

As observed on Figure 5.4, ICC values may be significantly impacted by non-detects. The different
approaches used to replace the missing-values may have different impact, but a single approach may also
have different impact depending on the biomarker considered. The general tendency highlighted here, is
that ICC calculated with datasets containing non-detects are in the vast majority close or inferior to ICC
values calculated from original datasets (100% of positive detection). This suggests that replacement of
non-detects, whatever the strategy, will not lead to artificially high ICC value which would over-estimate
the capacity of the biomarker to reliably classify individuals. In the present example, replacing non-detects
√
by LOD/2 or LOD/ 2 had the lowest impact on ICC, with limited change when the part of non-detects
increased up to 40%. The calculation of ICCs with percentages of missing data above the 40% threshold
would automatically lead to ICCs that would be too artificial and therefore no longer sufficiently representative of the compound.

Excluding (not considering) the non-detects from ICC calculation seemed to have unpredictable effect
depending on the biomarker, from significant decrease compared to the original ICC value (as observed
here for Br2CA and Cl2CA) to minor effect (for DEP). Not considering the non-detects in ICC calculation
thus appears to be the less recommended approach.

On the whole, the presence of non-detects can clearly impact ICC calculation and the magnitude of
the impact may vary depending on the biomarker considered. Specific attention has to be paid to the
handling of non-detects when interpreting ICC values as an indication of biomarkers ability to provide
62

√
reliable classification of individuals. Replacement by LOD/2 and LOD/ 2 seems to be acceptable to
some extent. Simulations of non-detects replacement by applying artificial LOD might also help authors
to get more robust interpretation of the data.

More complex approaches such as multiple imputation (Leith, Bowerman et al. 2010), likelihoodmaximisation (Helsel 2005) or Kaplan-Meier (Leith, Bowerman et al. 2010, Jaspers, Herzke et al. 2013),
providing dynamic replacements instead of a unique value for all the non-detects, might provide more
realistic distribution of biomarkers values and hence more reliable ICC calculation. Implementing such
approaches however require the use of other parameters (e.g. questionnaire, others biomarkers concentration) which are not always available.

Eventually, since LOD can vary significantly depending on the analytical method, the proportion
of non-detects is directly linked to the analytical sensitivity. Different studies can thus obtain different
ICC values for a single biomarker due to differences in the method performance. ICC as an indication
of a biomarker’s ability to provide reliable classification of the individuals can thus not be extrapolated
between different studies without considering their respective LOD.

5.5.3

Concentration adjustment

Depending on studies, biomarkers concentration can be provided as direct concentration in the matrix –
generally weight of biomarker per volume unit in the case of fluids (e.g. urine, plasma) or per weight of
matrix in the case of solid (e.g. tissue, hair) – or as corrected concentration (e.g. adjusted on creatinine
for urine, or on lipids for plasma).

An equal amount of biomarker excreted in urine can lead to different concentration depending on
urination volume and hence to different interpretation. Since only a fraction of urine is usually collected
for analysis with no information of the total volume of the urination, concentration adjustment (e.g.
creatinine, osmolality, specific gravity) can be applied to compensate for variation in the urine volume.
Creatinine adjustment is the most frequently applied and is based on the assumption that the same
amount of creatinine is excreted no matter the quantity of liquids absorbed by the volunteer. Since
creatinine is directly related to muscle mass and physical activity (Baxmann, Ahmed et al. 2008) and can
be influenced by sex, age or ethnicity, it can however also bring additional complexity and its relevance
adjustment is also questioned by several authors (Frederiksen, Kranich et al. 2013).
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Figure 5.5: Comparison of ICC values calculated from volumetric concentration and creatinine adjusted
concentration for different urinary biomarkers .
In case of two duos per biomarkers, the first one came from voids collected as the first morning voids, and
the second one as spot urine samples.
(Wielgomas et al. 2013; Braun et al. 2011; Dewalque et al. 2015; Fromme et al. 2006).

As observed on Figure 5.5, creatinine adjustment can have different impact on ICC. Whereas ICC
value reported for the pyrethroid metabolite 3-PBA where rather close for first morning void and spot urine
samples (0.551 vs 0.599), creatinine adjustment decrease and increase ICC respectively (0.350 vs 0.846).
For the other urinary biomarkers reported in the literature, creatinine adjustment could decrease ICC (for
bisphenol), increase it (for MEHP and MiBP) or have very limited effect (for MEHP and benzophenone-3)
(Figure 5.5). As proposed by Preau et al., a solution to this problem is to include creatinine as a
co-variable in the model to determine ICC values (Preau, Wong et al. 2010). Ackerman(Ackerman,
Dodson et al. 2014) also used this method on the grounds that volunteers in his study followed a diet that
likely had an impact on creatinine concentrations, which could have led to misinterpretation of results. By
contrast, Frederiksen recommends replacing creatinine with osmolality, which ideally has to be coupled
with BMI.

In short, a correction method must be applied whenever information about quantity and concentration is
unavailable, as it allows to create a surrogate of the real excreted dose of chemical compounds. Nevertheless,
if the protocol of the study provides information on the quantity of urine excreted, there is no need to use
creatinine or other correction methods and the quantity should remain the priority (Fortin, Carrier et al.
2008) .

5.5.4

Study design and data computation

The differences in ICC values reported from different studies for the same biomarkers also seem to be
influenced by the study design as a whole. Thus, with the example of MEP, Frederiksen(Frederiksen,
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Kranich et al. 2013) presented different ICCS depending on the design and on the samples collected :
from 0.33 with only the first urine of the day without any adjustment, to 0.68 with random spot samples
unadjusted whereas the collection of all the urine excreted over 24 hours led to an ICC value of 0.51. The
hypothesis of the impact on the ICC of the type of samples used for calculations is also strengthened
by results from the figure 2, with the difference observed within the same study stem from the study design.

Moreover, another study from Ackerman ((Ackerman, Dodson et al. 2014)) presented higher ICC
values during (0.7, resp 0.67) and after (0.77, resp. 0.87) than before (0.49, resp 0.5) intervention on
the food consumption by 5 different families for MEHP (resp.5-OH-MEHP). One can conclude that diet
and, more globally way of life, can also impact ICC computation and confirm the necessity to collect
information about the participant’s life.

Time of the sample during the day appeared to be another vector of differences observed in ICC values.
Thus, in a follow-up of 16 volunteers who gave between 1 and 3 urine samples per week for 6 months
(Fays, Palazzi et al. 2020), we observed that the ICCs (as well as the quantities of biomarkers excreted)
were affected by the time of sampling. For example, for the phthalate metabolite MINP, the ICCs were
0.23,0.37,0.05 and 0.08 for all the urine collected during the first day voids (FDV), the morning (with
exception of FDV), the afternoon and the evening respectively. No rational can be deducted regarding
the impact of the sampling time, as ICCs appeared to be the highest (e.g. MBzP with 0.46,0.35,0.44,0.37
for FDV, morning, afternoon and evening respectively) similar (DEP with 0.20, 0.23, 0.19, 0.16) , or the
lowest (MEHP with 0.002,0.4,0.02,0.05) with FDV depending of the biomarker.

Lastly, the mathematical choices to compute the ICC may affect its value. The unpublished data
presented in Figure 5.4 with the ANOVA model and the mixed model, with and without the logtransformation, was used to test those hypothesis and results were presented in Table 5.1.
Table 5.1: Impact of log-transformation and choice of the model on the ICC computation for several
biomarkers.

With log transformation

Without log transformation

ANOVA model

Mixed model

ANOVA model

Mixed model

Br2CA

0.38

0.39

0.22

0.24

Cl2CA

0.29

0.27

0.15

0.14

DEP (di-ethyl-phosphate)

0.56

0.53

0.71

0.62

DETP

0.62

0.61

0.47

0.39

DMP

0.31

0.31

0.29

0.30

DMTP

0.48

0.49

0.44

0.45

PCP

0.85

0.83

0.74

0.65

PNP

0.52

0.49

0.21

0.19

TCPy

0.39

0.40

0.38

0.40

Chemicals
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The first hypothesis regarding the impact of the choice of model on ICC values is rejected., as no clear
differences appear between the ANOVA model and the mixed model, as showed for example by the PNP
(metabolite of insecticide) who presented ICC values calculated with log-transformation of the data of
0.52 and 0.49 with ANOVA model and mixed models respectively, and 0.21 and 0.19 respectively without
log-transformation. Those findings were confirmed by results from Pleil (Pleil, Wallace et al. 2018), where
“no discernible differences” were observed for the calculations of ICC using 3 different methods: mixed
models (REML method), ANOVA method and variance estimate method. However, differences do emerge
when comparing the results with and without log transformation of the data prior to analysis. In reality,
log-transformed data are much closer to normal distributions—which is why they are widely used by
statisticians to obtain more stable results, as explained by Keene (Keene 1995). Yet while results vary
significantly depending on whether log transformation is used or not, this transformation does not produce
higher or lower ICC values across the board. Indeed, as can be seen on the Table 1, DEP exhibits higher
values without log transformation (0.71 against 0.56 for data produced with ANOVA model, 0.62 vs 0.53
for mixed model), whereas DETP presents higher ICC values with log transformation (0.62 vs 0.47 for
ANOVA, 0.61 vs 0.39 for mixed model).

Thus, the type of matrix, the method for handling data below the LOD, the method used to correct
water dilution, the study design and some mathematical choices can all generate variability. Indeed, there
is no unique template that can be applied to all HBM studies: HBM investigators should control for
different parameters depending on the topic of their research.

5.6

Conclusion

Studies aimed at assessing exposure to pollutants (especially rapidly eliminated compounds) should
take into account inter-individual as well as intra-individual variability. Neglecting this aspect of the
study could lead to inaccurate or incorrect values, which in turn could lead to misclassification and
misinterpretation of results. By furthering our understanding of variability, this article offers avenues for
improving the design and conduct of HBM studies, and for ensuring the reliability of associations between
pollutants and specific diseases. This is of outmost importance at a time when the impact of pollutants
on human health has become a major public health concern.
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Chapter 6

Article II
Context
After showing the variability for fast-elimination chemicals in urine in the previous article, and proving
that one single urine spot sample is not enough to properly assess the exposure, the next and logical
question would be "how many samples should the study get to obtain a reliable representation of the level
of exposure of the volunteers?".Thus, in this article, emphasis was placed on urine samples, to determine
the optimal number of urine samples needed to answer this question and if it exists. Moreover, numerous
objectives were also pursued within this article :
• To present the study and the urine samples collected .
• To display with real data the variability (between or within individuals) and to show that no pattern
of exposure can be found over 6 month.
• Prove by using real data (i.e. no simulation) that one single urine sample is not enough to properly
assess the exposure.
• If one single is not enough, find a number of samples (below the maximum collected) able to
discriminate volunteers with the same performance as the discrimination made with the entire
samples collection.
• Try to emancipate from the constraint of the number of samples collected, to find another stable (in
terms of classification) way to assess the exposure.
This article was published in the journal Science of the Total Environment .
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• 805 urine samples were collected over
6 months from 16 volunteers.
• 16 phthalate metabolites, 4 bisphenols
and 9 pesticide metabolites were analyzed.
• 21 of the 29 fast elimination biomarkers
were detected in N80% of samples.
• No evidence to prefer a speciﬁc time of
day for sample collection was observed.
• High variability over time was observed
for all the urinary biomarkers.
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a b s t r a c t
In studies investigating the effects of endocrine disruptors (ED) such as phthalates, bisphenols and some pesticides on human health, exposure is usually characterized with urinary metabolites. The variability of biomarkers
concentration, due to rapid elimination from the body combined with frequent exposure is however pointed out
as a major limitation to exposure assessment.
This study was conducted to assess variability of urinary metabolites of ED, and to investigate how sampling time
and number of samples analyzed impacts exposure assessment.
Urine samples were collected over 6 months from 16 volunteers according to a random sampling design, and analyzed for 16 phthalate metabolites, 9 pesticide metabolites and 4 bisphenols. The amount of biomarkers excreted in urine at different times of the day were compared. In parallel, 2 algorithms were developed to
investigate the effect of the number of urine samples analyzed per subject on exposure assessment reliability.
In the 805 urine samples collected from the participants, all the biomarkers tested were detected, and 18 were
present in N90% of the samples. Biomarkers variability was highlighted by the low intraclass correlation coefﬁcients (ICC) ranging from 0.09 to 0.51. Comparing the amount of biomarkers excreted in urine at different time
did not allow to identify a preferred moment for urine collection between ﬁrst day urine, morning, afternoon
and evening. Algorithms demonstrated that between 10 (for monobenzyl (MBzP) phthalate) and 31 (for
bisphenol S) samples were necessary to correctly classify 87.5% of the subjects into quartiles according to their
level of exposure.
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The results illustrate the high variability of urinary biomarkers of ED over time and the impossibility to reliably
classify subjects based on a single urine sample (or a limited number). Results showed that classifying individuals
based on urinary biomarkers requires several samples per subject, and this number is highly different for different biomarkers.
© 2020 Elsevier B.V. All rights reserved.

1. Introduction
Global industrialization has been accompanied with an increasing
amount of synthetic chemicals in direct contact with human. For instance, from 1.5 million tons produced in 1950, the production of plastics reached 359 million tons in 2018 worldwide (PlasticsEurope,
2019). Similarly, the annual use of pesticides, mainly for food production, reached 4.11 million tons in 2017 according to the Food and Agriculture Organization of the United Nations (2020). These synthetic
chemicals have been associated with several adverse effects on health,
and in particular, the endocrine disruptor properties of chemicals such
as bisphenols, phthalates and pesticides have been increasingly pointed
out (Kubo et al., 2003; Kaun-Yu et al., 2004; Kitamura et al., 2005;
Timms et al., 2005; Sciences, 2010; Boberg et al., 2011; Kassotis et al.,
2015; Pérez-Albaladejo et al., 2017; Pelch et al., 2019).
To investigate the possible associations between exposure and
health adverse effects in humans, different approaches can be conducted depending on the type of data (continuous or discrete) and on
the statistical method used. An approach frequently used in epidemiological studies consists in classifying individuals into categories (e.g.
percentiles) corresponding to their level of exposure. Differences across
groups in the intensity (or frequency) of biological outcomes are afterwards analyzed to demonstrate statistical associations with exposure.
When exposure assessment is based on the analysis of biological samples, individuals are classiﬁed according to the concentration of biomarkers of exposure (pollutants or their metabolites) in the sample.
Although different matrices can be tested, biological ﬂuids and particularly urine are by far the most frequently used (Esteban and Castaño,
2009) for short half-life chemicals such as phenols and metabolites of
pesticides and phthalates. The popularity of urine is mainly motivated
by its ease of collection and by the large quantities available for the analysis of biomarkers. Urine is therefore usually used for the detection of
hydrophilic compounds.
Nevertheless, in the case of “fast-elimination” chemicals (i.e. nonpersistent presenting short half-life in the body), the rapid increase of
urinary biomarker concentration following exposure and subsequent
drop when exposure is not prolonged, results in high variability of biomarkers concentration in successive urinations (World Health
Organization, 1986; Preau Jr. et al., 2010a; Vernet et al., 2018; Chata
et al., 2019). This variability is even higher in the case of “pseudo-persistent” chemicals, deﬁned as non-persistent chemicals to which humans
are continuously exposed due to their widespread presence in human
surroundings (homes, personal care products, food, water…)
(Aylward et al., 2014; Mackay et al., 2014; Bui et al., 2016). The successive rises and falls in biomarkers concentration (often covering several
orders of magnitude) increases the risk of inaccurate estimation of the
level of exposure and misclassiﬁcation of the individuals when only
one sample per subject is considered. This has been shown to lead to
bias in dose-response functions, corresponding to attenuation bias in
the case of classical-type error (Perrier et al., 2016a; Vernet et al.,
2019b).
To limit the bias associated with biomarkers variability, different
strategies can be adopted. For instance, some authors preferred the collection of samples at speciﬁc time, such as ﬁrst morning urine of which
higher biomarkers concentration was considered to be representative of
longer window of accumulation (Barr et al., 2005; Kissel et al., 2005;
Scher et al., 2007; Wielgomas, 2013). In other studies, authors increased
the number of samples collected per subject and analyzed them as pools

to obtain an averaged value, or separately to capture biomarkers variability over time (Casas et al., 2018; Dobraca et al., 2018; Verner et al.,
2018; Kim et al., 2019; Li et al., 2019a; Vernet et al., 2019a) and then
apply measurement error models (Lester et al., 2018). In parallel, increasing awareness of the limitation associated with urinary biomarkers
variability has been observed and several studies reported intraclass coefﬁcients (ICC) values, calculated from intra- and inter-individual variability and used as indication of how biomarkers could reliably classify
individuals according to their level of exposure to pollutants (Cox
et al., 2016; Barkoski et al., 2018; Wang et al., 2019b). Nevertheless, to
the best of our knowledge, no solid rationale was proposed neither to
identify an optimal sampling time, nor to determine the number of
samples necessary to get information allowing to reliably classify
individuals.
In the present study, a longitudinal study was conducted on 16 volunteers who regularly provided urine samples over 6 months. The urine
samples were collected at different times of the day according to a random design, and analyzed with liquid chromatography tandem mass
spectrometry (LC-MS/MS) for 16 phthalate metabolites, 9 biomarkers of
pesticides (8 metabolites and 1 parent compound) from different families
(organophosphates, pyrethroids, carboxamides and phenylpyrazoles),
and 4 bisphenols. The amounts of biomarkers excreted in urine and
their variability at different times of the day were compared in order to
identify a possible optimal time for urine sampling. In parallel, 2 algorithms were developed to investigate the reliability of the classiﬁcation
of the individuals into quartiles based on the amount of urinary biomarkers excreted, depending on the number of urine samples considered
per individual.
2. Material and methods
2.1. Study design
16 volunteers (8 men, 8 women) aged 40 years old on average (min
22 to max71 years) provided over 6 months between 1 and 3 urinary
samples per week, according to a random sampling design. The period
of sample collection ran from February to September 2018. Sampling
time was divided into 4 periods: ﬁrst day void (FDV) corresponding to
the ﬁrst urination produced in the day whatever the hour, morning
(after FDV until 11:59 AM), afternoon (from noon to 5:59 PM) and evening (from 6:00 PM to bedtime).
After urination, the void was entirely collected in a glass beaker and
weighed immediately. The precision of the balance was 0.1 g. The exact
weight was recorded by the volunteer in a paper form used during the
entire follow-up, and a volume of 10 to 12 mL of urine was directly
transferred in a 15 mL Falcon© tube and immediately placed at −20
°C in the participants freezers. For each urination, the total weight of
urine was used to calculate the excreted amount of biomarker assuming
density of 1 g/mL. This approach allowing to get the actual value was
preferred instead of surrogates such as creatinine- or speciﬁc gravitycorrected concentration, in order to avoid bias possibly associated
with adjustment (Fortin et al., 2008; Frederiksen et al., 2013; Weaver
et al., 2016). At the end of the experiment, samples were transferred
to the laboratory using dry ice to avoid thawing during transfer and
were stored at −80 °C until analysis. The measured weight, the date
and the exact sampling time (hour, minutes), the number of the sample
and the code of the participant were written on both the tube and in the
paper form. Descriptive statistics of the population are given in Table 1.
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Table 1
General characteristics of the population.
Characteristics

N(%)

Sex

16
8(50)
8(50)

Mean age(sd)
Activity

Female
Male
40(18)
Pensioner
Employee
Student

4(25)
9(56)
3(19)

Countryside
City

7(44)
9(56)

Yes
No
Occasionnaly

1(6)
13(81)
2(13)

Yes
No

5(31)
11(69)

Lille
Luxembourg

5(31)
11(69)

Households

Smoking

Presence of pets at home

Location

Nine of the volunteers were employed, 4 were pensioners and 3 were
students. Nine participants declared living in urban areas, whereas 7 declared living in a rural area. Only 1 volunteer was a regular smoker, 2 deﬁned themselves as occasional smokers and 13 declared to be nonsmokers. Five volunteers had pet(s) at home, and they all had their
pets treated using either spray or pills. Each participant provided a written informed consent and this project was approved by the National
Committee of Ethic and Research of Luxembourg (CNER, approval number 201601/04).
2.2. Chemicals and reagents
Pesti-S grade methanol, ULC/MS grade acetonitrile, ammonium acetate and water were purchased from Biosolve (Dieuze, France). Sodium
bicarbonate, β-glucuronidase from E. coli and 1-methylimidazole-2-sulfonyl chloride were purchased from Sigma Aldrich (Diegem, Belgium).
Acetic acid normapur grade was purchased from VWR (Leuven, Belgium).
Standards of bisphenol A (BPA), bisphenol F (BPF), bisphenol S
(BPS), mono-benzyl-phthalate (MBzP), mono-ethyl-phthalate (MEP),
mono-methyl-phthalate (MMP), mono(2-ethylhexyl) phthalate
(MEHP), 5OH-mono(2-ethylhexyl) phthalate (5OH-MEHP), 5oxomono(2-ethylhexyl) phthalate (5oxo-MEHP), 5carboxy-mono(2ethylhexyl) phthalate (5cx-MEPP), mono(2-carboxymethylhexyl)phthalate (2cx-MMHP), mono-isononyl phthalate (MiNP), mono
(hydroxyisononyl)-Phthalate (OH-MiNP), mono-carboxyisooctylphthalate (cx-MiNP), mono-hydroxypropylheptyl-phthalate (OHMPHP), monoester mono-isononyl-cyclohexane-1,2-dicarboxylate
(MiNCH), cyclohexane-1,2-dicarboxylicmonohydroxyisononylester
(OH-MINCH), cyclohexane-1,2-dicarboxylicmonooxoisononylester
(oxo-MINCH),
cyclohexane-1,2-dicarboxylicmonocarboxyisooctyl
ester (cx-MINCH), diethylphosphate (DEP), diﬂufenican, ﬁpronil,
ﬁpronil sulfone, 2-isopropyl-4-methyl-6-hydroxypyrimidine (IMPy),
3-methyl-4-nitrophenol (3Me4NP), para-nitrophenol (PNP), 3phenoxybenzoic acid (3-PBA), 3,5,6-trichloro-2-pyridinol (TCPy) and
their corresponding stable isotope-labelled analogues (see the detailed
list in Annex 6) were purchased from Sigma Aldrich (Diegem, Belgium),
Toronto Research Chemicals (Toronto, Canada) and Santa Cruz Biotechnology (Heidelberg, Germany).
2.3. Urine analysis
Phthalate metabolites, pesticides and bisphenol S were analyzed directly after extraction with LC-MS/MS while bisphenols A, B and F were
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derivatized to enhance their detection in LC-MS/MS. The analysis of the
two extracts were performed with a Waters Acquity UPLC H-Class ultrahigh performance liquid chromatograph equipped with a BEH C18 column (100 mm, 2.1 mm ID, 1.7 μm particle size) combined with a Waters
Xevo TQ-S tandem mass spectrometer. In order to allow the chromatographic separation, a solvent gradient combining 0.1% of formic acid in
water (mobile phase A) and acetonitrile (mobile phase B) at a ﬂow
rate of 0.35 mL/min was applied on the column maintained at a temperature of 40 °C. The compounds of interest were then detected after
electrospray ionization and with the acquisition of their speciﬁc MRM
transitions. This protocol was developped following several published
studies from different authors (Silva et al., 2007; Koch et al., 2013;
Hardy et al., 2015; Herrero et al., 2015; Myridakis et al., 2015).
First, urine samples (1 mL) were deconjugated with 250 μL of βglucuronidase solution in ammonuim acetate buffer (10 mM, pH 6.7)
at 37 °C overnight under agitation. 667 μL of aqueous acetic acid solution
were then added to stop deconjugation. A solid phase extraction was
performed with Waters OASIS HLB 6 cm3 150 mg columns and compounds were eluted with 6 mL of methanol before evaporation to dryness under nitrogen stream at 37 °C. Samples were reconstituted in
100 μL of acetonitrile before injection.
After the ﬁrst injection, samples were evaporated to dryness and
reconstituted in 250 μL of sodium bicarbonate buffer (100 mM, pH
10.5). 250 μL of 1-methylimidazole-2-sulfonyl chloride solution were
added for derivatization at 60 °C for 5 min. Finally 500 μL of water
were added before injection. Bisphenol B has been added later to the
protocol, with no effect on the detection of the other chemicals. Thus,
bisphenol B has been analyzed only in 44% (N = 351) of all the samples.
To ensure the quality of the results, 3 procedural analytical blanks and a
matrix-matched calibration curve (with 12 levels of concentration)
were prepared for each batch of 32 samples. The inter-batch validation
data obtained are detailed in the Annex 6.
Because analytical background noise is generally absent from the
chromatograms obtained with tandem mass spectrometry, the approaches based on background noise to determine the limit of detection
(e.g. signal/noise N3) were not applicable. The LOD was therefore determined as the lowest concentration that was detected in the samples analyzed during this study. Selectivity was ensured by analyte retention
time and by the quantiﬁcation transition to conﬁrmation transition
ratio that had to be lower than the 20% difference from the ratio obtained with standard compounds.
This approach was already used in several previous articles
(Appenzeller et al., 2017; Béranger et al., 2018, Iglesias-Gonzalez et al.,
2020). LOD ranged from 0.001 ng/mL for ﬁpronil to 0.3 ng/mL for
MMP (Table 2).
2.4. Statistical analyses
Intraclass Correlation Coefﬁcient (ICC), as described by Shrout and
Fleiss (1979), were calculated as following:
ICC ¼

BV
BV þ WV

where BV is the between-individuals variability, and WV the withinindividuals variability. WV and BV were evaluated using a linear mixed
model (with random effect on the individual) through the “lme4” package in “R”. According to Rosner (2015), ICC below 0.4 indicates poor reliability, ICC between 0.4 and 0.75 indicates fair to good reliability, and
ICC above 0.75 as excellent reliability.
To address the impact of the number of samples used to classify the
subjects according to the amount of biomarkers in their urine, 2 algorithms were applied using “R” software version 3.4.1. In these algorithms, the amount of biomarkers excreted in each urine sample was
log-transformed. For each biomarker, non-detected values were replaced by the limit of detection divided by 2.
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Table 2
Urinary biomarkers in the 805 samples collected from the 16 volunteers over 6 months. Results are expressed as total quantity excreted per urination (ng) and as concentration (ng/mL).
Chemicals

LOD

Phthalates
MINP
MMP
MEP
MBzP
MEHP
5-oxo-MEHP
5-OH-MEHP
MINCH
5-cx-MEPP
2-cx-MMHP
OH-MINP
Oxo-MINCH
OH-MINCH
cx-MINP
OH-MPHP
cx-MINCH
Bisphenols
Bisphenol S
Bisphenol F
Bisphenol A
Bisphenol B

b

Pesticides
PNP
DEP
TCPy
3-PBA
IMPy
3-ME4NP
Diﬂufenican
Fipronil
Fipronil sulfone
a
b

(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)
(ng)
(ng/mL)

0.01
0.3
1.4
0.1
0.03
0.2
0.2
0.01
0.03
0.1
0.04
0.01
0.01
0.01
0.01
0.01

0.01
0.01
0.01
0.004

0.03
0.07
0.17
0.01
0.04
0.01
0.01
0.001
0.01

Min

1st Q

Median

Mean

3rd Q

Max

ICCa

b3.6
bLOD
b47.2
bLOD
99.7
1.4
6.1
0.1
b1.5
bLOD
b19.4
bLOD
b10.5
bLOD
b3.0
bLOD
7.3
0.03
b18
bLOD
b1.5
bLOD
b1.3
bLOD
b4.6
bLOD
b9.1
bLOD
b0.8
bLOD
b0.2
bLOD

126.2
0.5
895.4
3.9
3880.9
17.7
294.7
1.4
164.8
0.8
455.9
2.2
527.5
2.6
b3.0
bLOD
638.1
3.1
223.4
1.2
b1.5
bLOD
36.5
0.2
82.8
0.4
162.6
0.8
b0.8
bLOD
31.4
0.1

285.6
1.3
1781.7
7.5
11,028
49.8
689.2
2.9
343.3
1.6
890.6
3.9
1140.6
4.8
7.8
0.03
1268.1
5.4
454
2.0
168.1
0.7
85.7
0.4
203.7
0.9
327.8
1.4
b0.8
bLOD
80.4
0.3

681.1
3.1
6240.3
23.1
38,636
153.7
1282.7
5.2
815.9
2.9
1773.1
6.6
2187.8
7.9
30.6
0.1
2392.3
8.9
808.1
3.0
719.5
2.5
320.2
1.3
799.4
3.1
1190
4.0
2218.2
6.8
378
1.4

656.9
2.9
3786.7
15.5
33,905.5
133.9
1653.3
6.2
681.6
2.8
1786.4
6.8
2046.6
8.2
18.8
0.08
2487.3
9.6
842.5
3.4
345.1
1.5
198
0.8
445.9
1.8
695
2.8
207.5
0.8
175.8
0.8

25,581
222.4
416,545
1659.5
708,012
6679.4
14,741
76.7
139,499
355.9
164,301
419.1
231,869
591.5
1363
4.1
194,037
495.0
46,626
118.9
48,823
132.0
15,659
56.7
51,896
132.4
106,823
212.2
585,927
1494.7
44,641
99.1

0.27

88

0.30

91

0.51

100

0.48

100

0.21

95

0.24

100

0.24

100

0.11

64

0.29

100

0.25

91

0.09

55

0.10

92

0.14

95

0.21

99

0.18

49

0.19

96

b0.1
bLOD
b3.1
bLOD
b2.8
bLOD
b0.5
bLOD

34.1
0.1
92.2
0.4
163.7
0.8
b0.5
bLOD

75.4
0.3
234.3
1.0
360.5
1.5
b0.5
bLOD

518.2
1.8
1218.7
5.6
670.9
2.7
72.9
0.22

172
0.7
695.7
3.0
762.5
3.0
68.8
0.2

145,054
474.0
39,799
175.2
18,565
74.0
1860
3.2

0.15

87

0.34

88

0.17

92

NA

28

b5.9
bLOD
b6.5
bLOD
b13.9
bLOD
b0.9
bLOD
b10.2
bLOD
b0.1
bLOD
b1.3
bLOD
b0.1
bLOD
b0.1
bLOD

171.2
0.8
607.8
2.5
387.6
1.9
110.6
0.5
b10.2
bLOD
15
0.06
b1.3
bLOD
b0.1
bLOD
b0.1
bLOD

357
1.4
1611.3
7.2
883.8
3.7
211.3
0.9
393.5
1.7
32.1
0.12
b1.3
bLOD
b0.1
bLOD
b0.1
bLOD

603.3
2.4
7779.6
20.3
1319.3
5.3
325.1
1.3
791.4
3.6
52.9
0.2
1.3
0.004
4.1
0.03
28.7
0.04

670.2
2.5
4846.9
20.0
1829.7
6.7
388.4
1.6
776.7
3.3
61
0.3
b1.3
bLOD
0.4
0.001
9.5
0.05

15,910
32.5
107,495
707.2
11,580
42.7
8780
35.1
38,808
376.7
1827
4.1
12.2
0.06
1026
8.9
6345
0.4

0.16

99

0.26

92

0.21

99

0.19

95

0.27

75

0.22

95

0.09

21

0.35

48

0.37

40

% of detection

ICC (Intraclass Correlation Coefﬁcient) were calculated after log-transformation and excluding the values below LOD.
(n = 336) Min.

Algorithm 1, “algorithm of the reference ranking” was adapted
from Attﬁeld et al. (2014) (Fig. 1). For each biomarker, the mean
amount excreted in urine was calculated for each subject based on
the 43 urine samples produced over the 6 months of the study
from each participant. These “Grand means” obtained for each subject were used to rank subjects into quartiles and build a “grand
ranking” used as a reference. Next, n measurements were randomly
selected for each subject and used to calculate marginal means

(MM) and rank the subjects into quartiles to build a “marginal ranking” (MR). Marginal ranking was then compared to the grand ranking. Score equal to 1 was given when the two rankings were
identical and score equal to 0 was given when different. In order to
avoid bias due to sample selection, the algorithm was iterated
10,000 times for each value of n ranging from 2 to 43. The percentages of identical rankings depending on the number of measurements (n) is presented in (Annex 1) for all the biomarkers.

75

F. Faÿs et al. / Science of the Total Environment 747 (2020) 141185

5

Fig. 1. Representation of algorithm 1, demonstrating the inﬂuence of the number of samples on mean biomarker concentration, and subject classiﬁcation into quartile.

Algorithm 2, “algorithm of stable classiﬁcation” is presented on
Fig. 2. For each subject and each urinary biomarker, a mean amount of
biomarker was calculated based on the random selection of n samples
(n started at 2). The subjects were then classiﬁed into quartiles according to this mean value.

This process was repeated for n + 1 urine samples (“n” corresponding to the same samples selected in the ﬁrst step). The classiﬁcation
based on n + 1 samples was then compared to the one based on n samples using Cohen's kappa (quadratic weighted) coefﬁcient (Cohen,
1960; Cohen, 1968) deﬁned as follows:

Fig. 2. Representation of algorithm 2, determining the number of urinary samples needed to reach stable classiﬁcation of the subjects into quartiles.
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p00 −p0c
;
1−p0c
P

with p00 ¼

wij  po
; and p0c ¼
wmax

P

wij  pc
;
wmax

where p0 stands for the proportion of observed agreement,pc for the
proportion of agreement expected by chance,wij corresponds to the
weight chosen to separate 2 categories of classiﬁcation i and j (here
wij = [i − j]2) andwmax the weight maximal expected.
The process was repeated until Cohen's kappa reached a speciﬁc
threshold (different thresholds were tested). This weight was used in
order to give more emphasis to classiﬁcation obtained with “small classiﬁcation mistakes” by penalizing more severely classiﬁcation obtained
with bigger errors. For instance, a subject misclassiﬁed into group 4 instead of group 1 will more reduce the quality of the classiﬁcation than a
subject misclassiﬁed into group 4 instead of group 3. Moreover, Cohen's
Kappa between MR and GR was calculated for each iteration in the algorithm 1, and the average value is presented in Annex 5. In addition,
Spearman correlation coefﬁcient between general ranking (based on
the average of the 43 samples) and marginal ranking was calculated
for each iteration. For the latter calculation, subjects were considered individually (not as quartiles) for the ranking. The average of the 10,000
repetitions of both Cohen's kappa and Spearman's coefﬁcient are presented in Annex 5.
In order to avoid the possible bias associated with too many successive selection of non-detects, only the biomarkers with detection rate
above 80% (21 biomarkers) were tested.
This algorithm was launched 10,000 times to cover a large scale of
possibilities. Table 4 presents the average number of urine samples
(n) and 95% conﬁdence intervals necessary to reach the different
Cohen's kappa thresholds tested, and the average number of subjects
who remained classiﬁed in the same quartile with n and n + 1 samples.
For all the statistical tests conducted in this study, p values below
0.05 were considered signiﬁcant.
3. Results
3.1. Samples collected
On the whole, 805 urine samples were collected from the 16 subjects
over the 6 months of the study. The volume of each urination ranged
from 13 mL up to 869 mL, and the average volume was 275 mL.
Among the samples, 198 corresponded to ﬁrst day void (FDV), 51
were collected in the morning (excluding FDV), 241 were collected in
the afternoon, and 315 in the evening. The number of samples collected
from each participant ranged from 43 to 57. All the samples were used
for the descriptive analysis (Table 2) but the algorithms were applied
to a random selection of 43 samples from each subject to ensure identical number for all the subject.
3.2. Urinary biomarker excreted
Eighteen biomarkers (12 phthalate metabolites, 1 bisphenol and 5
pesticide metabolites) were detected in N90% of the urine samples, including 8 (6 phthalate metabolites and 2 pesticide metabolites) in
N99% (Table 2). Three biomarkers (MEP, MBzP and 5-cx-MEPP) were
detected in all the 805 samples. Only 4 biomarkers (OH-MPHP, ﬁpronil,
ﬁpronil sulfone and diﬂufenican) presented a detection rate under 50%.
As mentioned in Section 2.1, the total weight of urine produced in
each urination was used to calculate the exact amount of biomarker excreted. The concentration values were provided in Table 2.
For all the biomarkers, the amount excreted in urine was highly variable between different urinations as shown by small ICC values (range
0.09–0.51; only 4 ICC values were above 0.4, Table 2). For instance,

excreted MEHP per urination ranged from 1.5 to 139,499 ng, and
bisphenol S ranged from 0.1 to 140,553 ng.
Concerning phthalate metabolites, the highest median value was observed for MEP (11,028 ng), and the lowest for OH-MPHP (b0.8 ng). OHMPHP was also the less frequently detected phthalate metabolite, with a
detection rate of 49%. 14 out of the 16 phthalate metabolites presented
ICC values below 0.4 and were therefore considered poorly reliable.
Only MEP (0.51) and MBzP (0.48) were above 0.40 (considered as fairly
reliable (Rosner, 2015)).
For bisphenols, the detection rate was above 87%, except for
bisphenol B (28%). The highest median amount excreted in urine was
observed for bisphenol A (360.5 ng). The highest amount excreted
was observed for bisphenol S (145,054 ng). ICCs were 0.15, 0.34 and
0.17 for bisphenol S, bisphenol F and bisphenol A respectively.
For pesticides, the detection rates ranged from 21% (diﬂufenican) to
99% (PNP). The lowest median value was observed for ﬁpronil and its
metabolite ﬁpronil sulfone (b0.1 ng) and the highest was observed for
DEP (1611.3 ng). ICC values for pesticide biomarkers ranged from 0.09
(diﬂufenican) to 0.37 (ﬁpronil sulfone).
For the biomarkers with relatively low detection rates, ICC values
might have been biased by the high number of identical values (non-detects replaced by LOD/2) included in the calculation, and therefore have
to be considered with caution.
3.3. Inﬂuence of sampling time on the amount of urinary biomarkers and on
the ICC
For 24 out of the 28 biomarkers, the quantity excreted in urine was
signiﬁcantly different depending on sampling time (ﬁrst day void, morning, afternoon and evening) and Tukey tests conducted on the log
transformed data showed that the highest values were observed in FDV
for these 24 biomarkers (Table 3, Annex 2). For instance, the average
amount of bisphenol S excreted in FDV was 1375 ng, compared to 96,
125 and 177 ng for the morning, afternoon and evening respectively (p
value b 0.001). Among the 22 biomarkers that were predominant in
FDV, 12 did not present signiﬁcant differences between morning, afternoon and evening, 4 were equivalent in afternoon and evening and
lower in morning, and 3 were higher in evening than in morning and afternoon (Table 3, Annex 2). For two biomarkers (MINCH and OH-MINP),
FDV was signiﬁcantly higher than afternoon (Tukey tests: p = 0.00027
and p = 0.0012 respectively) and evening (Tukey tests: p = 0.0149 and
p = 0.003074), but the difference between FDV and morning samples
was not signiﬁcant (Tukey tests: p = 0.8548 and p = 0.084 respectively).
Four biomarkers (diﬂufenican, ﬁpronil, ﬁpronil sulfone and OH-MPHP)
did not present signiﬁcant differences regarding the time of sampling
(ANOVA: p value N 0.06).
Intraclass correlation coefﬁcients (ICC) calculated for each sampling
time separately, ranged from b0.0001 up to 0.93, the latter value being
observed for 3-PBA (a metabolite of pyrethroid pesticides) measured
in morning samples (Table 3).
ICCs were usually higher for morning urines. Depending on the biomarkers, the ICC values observed at the different sampling times were
close (e.g. 0.39, 0.52, 0.49, 0.42 for MEP at FDV, morning, afternoon
and evening respectively) or highly different (e.g. OH-MINP, ICC
morning = 0.51 vs b0.0001 for afternoon and FDV). Only seven biomarkers (MEP, OH-MINP, bisphenol F and S, PNP, 3-PBA, 3-ME4NP) presented ICC values above 0.5, all resulted from sampling in the morning.
3.4. Algorithm for the reference ranking (algorithm 1)
A low level of agreement between RR (reference ranking based on
the 43 samples per subject) and MR (marginal rankings based on a
lower number of samples) was observed for the majority of the biomarkers (Fig. 3). For instance, 10 different samples only allowed to
reach 4.3% agreement (for MBzP) or less for all the biomarkers (Annex
1). With 20 samples, only 2 biomarkers (IMPy and 5-cx-MEPP)
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Table 3
Urinary chemicals excreted quantity (in ng) according to the time of sampling. Median ± sd (Intraclass Correlation coefﬁcient).
Biomarker

First day voids (FDV)

Morning without
FDV

Afternoon without
FDV

Evening

N
MINP
MMP
MEP

198
356 ± 1976 (0.23)
2733 ± 37,706 (0.07)
20,291 ± 54,578 (0.39)

MBzP
MEHP
5-oxo-MEHP

1603 ± 1962 (0.46)
515 ± 9891 (0.0023)
1666 ± 11,746
(0.00015)
1837 ± 16,527 (0.013)
6.31 ± 139 (b0.0001)
2354 ± 14,047 (0.011)
778 ± 3665 (0.03)
127 ± 4679 (b0.0001)
145 ± 1593 (0.033)
383 ± 4991 (0.032)
605 ± 7466 (b0.0001)
0.392 ± 41,643 (0.003)
142 ± 4237 (b0.001)
119 ± 10,598 (0.007)
366 ± 4122 (0.07)
572 ± 1643 (0.03)
570 ± 1357 (0.12)
3036 ± 11,554 (0.20)
1787 ± 1629 (0.054)
406 ± 739 (0.06)
594 ± 1557 (0.10)
44 ± 64 (0.08)
0.019 ± 1.39 (0.03)
0.0009 ± 1.6(0.35)
0.06 ± 17.3 (0.24)

51
54.4 ± 349 (0.37)
659 ± 39,867 (0.17)
3931 ± 43,646
(0.52)
210 ± 1789 (0.35)
185 ± 740 (0.40)
547 ± 1686 (0.34)

241
228 ± 1696 (0.05)
1324 ± 6289 (0.21)
8008 ± 107,740
(0.49)
479 ± 1102 (0.44)
271 ± 2422 (0.02)
659 ± 5452 (0.02)

315
233 ± 1244 (0.08)
1413 ± 9489 (0.09)
10,129 ± 77,538
(0.42)
556 ± 1550 (0.37)
288 ± 883 (0.05)
796 ± 3438 (0.05)

520 ± 2071 (0.33)
2.0 ± 69 (b0.0001)
685 ± 2060 (0.39)
326 ± 890 (0.27)
7.93 ± 510 (0.51)
69 ± 717 (0.04)
156 ± 1407 (0.16)
141 ± 2881 (0.48)
0.392 ± 190 (0.45)
65 ± 448 (0.20)
33 ± 164 (0.25)
115 ± 4243 (0.80)
158 ± 593 (0.88)
73 ± 516 (0.67)
537 ± 6195 (0.23)
381 ± 1361 (0.47)
92 ± 325 (0.93)
48 ± 380 (0.43)
5.7 ± 70 (0.66)
0.019 ± 0.19 (0.04)
0.0046 ± 9.4 (0.26)
0.57 ± 5.7 (0.38)

829 ± 5697 (0.01)
1.84 ± 58 (b0.0001)
936 ± 3588 (0.05)
286 ± 961 (0.12)
32 ± 580 (b0.0001)
53 ± 901 (b0.0001)
135 ± 1928 (b0.0001)
227 ± 6908 (0.03)
0.39 ± 4341 (0.06)
50 ± 1314 (0.01)
48 ± 377 (0.002)
138 ± 2131 (0.19)
236 ± 588 (0.06)
284 ± 887 (0.12)
1197 ± 8029 (0.19)
663 ± 1108 (0.06)
148 ± 200 (0.11)
203 ± 2581 (0.01)
24 ± 122 (0.08)
0.019 ± 0.8 (b0.0001)
0.011 ± 2.3 (0.37)
0.063 ± 9.8 (0.11)

1123 ± 4160 (0.03)
2.41 ± 48 (0.08)
1103 ± 4689 (0.07)
346 ± 1332 (0.07)
22 ± 1849 (0.005)
63 ± 959 (0.05)
148 ± 2832 (0.06)
279 ± 3551 (0.02)
5.87 ± 2600 (0.05)
65 ± 806 (0.07)
58 ± 575 (0.02)
161 ± 3314 (0.09)
285 ± 956 (0.01)
296 ± 1032 (0.10)
1173 ± 6956 (0.16)
710 ± 1187 (0.27)
178 ± 319 (0.11)
202 ± 1029 (0.09)
28 ± 110 (0.12)
0.02 ± 0.81 (0.0.01)
0.0009 ± 58 (0.02)
0.063 ± 8.5 (0.25)

5-OH-MEHP
MINCH
5-cx-MEPP
2-cx-MMHP
OH-MINP
oxo-MINCH
OH-MINCH
cx-MINP
OH-MPHP
cx-MINCH
Bisphenol S
Bisphenol F
Bisphenol A
PNP
DEP
TCPy
3-PBA
IMPy
3-ME4NP
Diﬂufenican
Fipronil
Fipronil
Sulfone
a
b

ANOVA on
Ranks
p-value

Tukey result using estimated marginal
meansa

b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001

FDV N Afternoon = Evening N Morning
FDV N All, Evening N Morning
FDV N Afternoon = Evening N
Morningb
FDV N All
FDV N All
FDV N EveningNMorning = Afternoon

b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
0.06
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
0.47
0.32
0.18

FDV N EveningNMorning = Afternoon
FDV N Afternoon, FDV N Evening
FDV N EveningNMorning = Afternoon
FDV N All
FDV N Afternoon, FDV N Evening
FDV N All
FDV N All
FDV N All
no difference
FDV N All
FDV N All
FDV N All, EveningNAfternoon
FDV N All, EveningNMorning
FDV N Afternoon = EveningNMorning
FDV N all
FDV N All
FDV N All
FDV N All
FDV N Afternoon = Evening N Morning
No difference
No difference
No difference

Based on log-transformed data.
Due to some extreme values, average excreted MEP calculated on raw data was higher for afternoon, but was higher in FDV after log-transformation.

presented agreement between MR and RR above 20%. Even with MR
based on 42 different urine samples (the last point before 100% agreement), only 13 biomarkers out of the 28 reached 80% agreement with
RR. The best score was obtained for IMPy, which reached 80% agreement with 30 different samples. Among bisphenols, the best score was
observed for bisphenol F, which reached 80% agreement with 42

samples. For an equivalent number of urine samples, bisphenol A only
presented 5.51% agreement between MR and RR. Among phthalate metabolites, the best score was observed for 5-cx-MEPP, which needed 31
samples to reach 80% agreement.
Different metabolites of a common parent can present different
scores. As observed with the metabolites of DEHP (diethyl hexyl

Fig. 3. Percentage of agreement between the marginal ranking and reference ranking according to the number of samples (algorithm #1).
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phthalates), 5-cx-MEPP reached 50% agreement with 25 samples
whereas its other metabolites were only between 4 and 13% with the
same number of samples (Fig. 3C).
Results obtained with algorithm 1 on concentration values instead of
excreted amount are presented in Annex 3. Although some differences
were sometimes observed depending on the type of data (excreted
amount vs concentration), no general trend allowed to privilege one
of them (Annex 4).
3.5. Algorithm for the stable classiﬁcation with Cohen's kappa (algorithm 2)
The average number of samples needed to reach a Cohen's kappa
threshold of 0.7 ranged from 1.5 (MBzP) to 10.5 (Bisphenol
S) (Table 4). At this threshold, approximately 9 subjects (between
8.88 for TCPy and 9.91 for MBzP) were classiﬁed in the same quartiles
for n versus n + 1 urine samples. The average number of samples
needed to reach a Cohen's kappa threshold of 0.8 ranged from 2.9
(MBzP) to 18 (Bisphenol S). At this threshold, 10.8 subjects on average
(between 10.55 for TCPy and 11.07 for MBzP) were classiﬁed in the
same quartiles for n versus n + 1 urine samples. The average number
of samples needed to reach a Cohen's kappa threshold of 0.9 ranged
from 10.5 (MBzP) to 30.6 (Bisphenol S). At this threshold, approximately 14 subjects (between 14.05 for TCPy and 14.09 for MBzP,
3Me4NP and 3-PBA) were classiﬁed in the same quartiles for n versus
n + 1 urine samples.
The number of samples was negatively correlated with ICC. This correlation was signiﬁcant for Cohen's kappa threshold of 0.7 (rSpearman =
−0.92, p-value b 0.001), 0.8 (rSpearman = −0.87, p-value b 0.001), and
0.9 (rSpearman = −0.62, p-value = 0.0026).
4. Discussion
The rates of detection and the concentration levels observed in
the present study were in line with the results observed in the literature for urinary biomarkers (Table 2). Concerning phthalates metabolites, Philippat et al. reported that MEP, MBzP and metabolites
of DEHP were detected in N90% of urine samples collected in

2002–2006 from 287 French pregnant women (Philippat et al.,
2012). The median concentration were 110.2, 17.7 and 7.1 ng/mL
for MEP, MBzP and MEHP. In urine samples collected in 2014–2015
from 154 pregnant women from different EU regions (Norway,
Spain and France), Casas et al. (2018) reported frequency detection
N90% for MEP, MBzP and MEHP. In the DEMOCOPHES study conducted in Germany on 116 mothers and 120 children (Schwedler
et al., 2017), Schwedler et al. reported a detection rate of 100% for
MEP and MBzP and 93% for MEHP in children and 85% in mothers.
The median concentrations in adults were 34.7 and 4.15 ng/mL for
MEP and MBzP, and 20.2 and 4.15 ng/mL in children respectively.
In a follow-up conducted on 240 German adults over 4 years, Goen
et al. (2011) presented detection rate for MEHP and MBzP of 97.9
and 99.6% respectively. For each year the median concentration
ranged from 3.6 to 7.8 ng/mL for MBzP and from 3.3 to 7 ng/mL for
MEHP. Den Hond et al. (2015) reported detection rates of 98.2 and
95.2% in MEP and MBzP from 1816 children from 17 European countries and 98.3 and 91.8% in MEP and MBzP from 1800 mothers. The
median concentration were 33 ng/mL for MEP in children and 46
ng/mL for their mothers. For MBzP, the median values were 7
ng/mL for the children and 4.5 ng/mL for their mothers.
The detection rates reported for the US population in samples collected in 2007–2012 were 99.9 and 62.8% for MEP and MEHP respectively, compared to 100 and 95.5% in the present work (Odebeatu
et al., 2019). The corresponding median concentration were 72.1 and
1.7 ng/mL in the USA, versus 49.8 and 1.6 ng/mL in this work. In samples
collected in 2014–2016 from Israeli women with infertility issues,
Machtinger et al. (2018) reported a detection rate of 77.2% for MBzP
with and a median value of 1.9 ng/mL compared to 100% and 2.9
ng/mL in the present work.
Concerning bisphenol A, the detection rate reported in the numerous
studies conducted worldwide is usually in the range of 70–98.5% (median
concentration 0.7–8 ng/mL), which was in line with the rate of 92% (median concentration 1.5 ng/mL) observed here (Vandentorren et al., 2011;
Genuis et al., 2012; Philippat et al., 2012; Lassen et al., 2013; Calafat et al.,
2017; Dereumeaux et al., 2017; Haines et al., 2017). For bisphenol F,
Wang et al. (2019a) reported similar results with Chinese men as what

Table 4
Number of urine samples needed to reach stable classiﬁcation of the subjects into quartiles based on algorithm 2.
0.7

Biomarkers

Number of
samplesa (95% IC)

Number of subjects in the
same quartilea,b

Number of
samples (95% IC)

Number of subjects in the
same quartilea,b

Number of
samples (95% IC)

Number of subjects in the
same quartilea,b

MINP
MMP
MEP
MBzP
MEHP
5.oxo.MEHP
5OH.MEHP
5cx.MEPP
2.cx.MMHP
oxo.MINCH
OH.MINCH
cx.MINP
cx.MINP
cx.MINCH
BPS
BPF
BPA
PNP
DEP
TCP.y
3.PBA
3.ME4NP

6.0 (1–17)
8.2 (1−20)
1.8 (1–5)
1.5 (1–4)
5.2 (1–14)
3.5 (1–9)
3.7 (1−11)
2.6 (1–7)
3.8 (1–10)
4.5 (1–11)
3.9 (1–10)
4.4 (1–13)
4.4 (1–13)
3.6 (1–10)
10.5 (1–25)
4.1 (1−12)
8.3 (1–20)
4.6 (1–12)
3.6 (1–10)
4.3 (1–11)
5.3 (1–15)
4.3 (1–12)

9.4
9.0
9.7
9.9
9.4
9.3
9.3
9.5
9.2
8.9
9.0
9.4
9.4
9.1
9.2
9.5
9.2
9.3
9.4
8.9
9.3
9.7

11.6 (2–29)
14.8 (3−31)
3.5 (1−10)
2.9 (1–8)
10.2 (1–24)
6.5 (1–17)
7.6 (1−22)
5.0 (1−13)
7.5 (1–18)
8.4 (2–19)
7.3 (1–17)
8.4 (1−21)
8.4 (1–21)
7.1 (1–17)
18.0 (4–35)
8.1 (1–22)
14.3 (3−30)
8.5 (2−20)
7.1 (1–20)
8.1 (1–19)
10.1 (2–25)
7.7 (1–20)

10.8
10.6
10.9
11.1
10.8
10.8
10.8
10.9
10.7
10.6
10.7
10.9
10.9
10.7
10.8
11.0
10.8
10.9
10.7
10.6
10.9
11.1

25.5 (7–42)
28.9 (10–42)
14.9 (2–39)
10.5 (2–29)
23.7 (7–40)
19.2 (4–40)
21.5 (5–41)
15.2 (3–36)
20.9 (5–40)
21.5 (6–39)
19.0 (6–37)
19.7 (5–37)
19.7 (5–37)
19.6 (5–38)
30.6 (12–42)
21.0 (4–41)
27.6 (10–42)
19.5 (6–39)
21.8 (4–41)
23.1 (6–41)
22.4 (6–40)
18.2 (4–38)

14.1
14.1
14.1
14.1
14.1
14.1
14.1
14.1
14.1
14.1
14.1
14.1
14.1
14.1
14.0
14.1
14.1
14.1
14.1
14.0
14.1
14.1

a
b
c

0.8

ICCc

Cohen's kappa
threshold

0.9

“Number of samples” and “number of subjects in the same quartile” are average values of 10,000 iterations.
Comparison between classiﬁcation based on “n” samples versus “n + 1” samples.
For ICC calculation, values below LOD were replaced by LOD/2.
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0.18
0.19
0.51
0.48
0.20
0.25
0.23
0.29
0.21
0.17
0.20
0.18
0.18
0.22
0.08
0.21
0.08
0.15
0.24
0.20
0.15
0.17

F. Faÿs et al. / Science of the Total Environment 747 (2020) 141185

was obtained here (detection rate of 85% compared to 88%, median value
of 0.09 ng/mL compared to 0.1 ng/mL), but smaller detection rate for
bisphenol S (only 13% detected compared to 87% for this study).
For pesticides, the detection rate reported in different studies
for urinary metabolites ranged from 95.9% (Calafat et al., 2017)
to 100% (Li et al., 2019b) for PNP, from 89% (Calafat et al., 2017)
to 100% (Li et al., 2019b) for TCPy, from 79% (Haines et al., 2017)
to 100% (Li et al., 2019b) for DEP, and from 70.5% (Calafat et al.,
2017) to 99.7% (Dereumeaux et al., 2018) for 3-PBA. All these
values were comparable to the results obtained in this study,
respectively 99.1%, 99.6%, 92.3% and 95.2%. The median concentration observed in the literature were also in line with the present
results (e.g. median value of 1.4 ng/mL compared to 1.3 ng/mL
for PNP (Li et al., 2019b), 0.9 ng/mL compared to 0.46 for 3-PBA
(Calafat et al., 2017)). Only DEP, a metabolite common to several
organophosphate pesticides, presented a slightly higher median
concentration in the present study (7.2 ng/mL) than in most of
the studies previously published (usually 1.8–2.3 ng/mL) (Calafat
et al., 2017; Haines et al., 2017; Li et al., 2019b).
The slightly higher detection rates observed for some biomarkers
(MEHP, MBzP, BPS, DEP, 3-PBA) in the present study compared to
others can be explained by better analytical sensitivity. The median concentration should therefore be more informative for population comparison, provided that non-detected values are taken into account for
its calculation.
Many authors consider that the best approach for assessing daily exposure is the collection of all the urine samples produced over 24-h
(Barr et al., 2005; Kissel et al., 2005; Scher et al., 2007; Wielgomas,
2013). The different urinations can thus be analyzed separately, to capture concentration variability, or as a pool in order to provide an integrated value and to limit the analytical work (Heffernan et al., 2014;
Perrier et al., 2016b; Vernet et al., 2019a).
However the work burden associated with the collection of urine
over a whole day often incites to consider that a single void is more
time- and cost-effective than collection of 24-h samples (Barr et al.,
2005; Scher et al., 2007; Wielgomas, 2013).
In many studies, ﬁrst day voids (FDV) have been preferred for the
analysis of biomarkers of exposure based on the assumption that due to
their longer residence time in the body, FDV are more concentrated
than urine spot samples collected later in the day and represent a longer
window of accumulation (Barr et al., 2005; Kissel et al., 2005).s For instance, Preau Jr. et al. (2010b) reported that the median concentrations
of MEP and MEHHP (phthalate metabolites) were 50.8 and 21.3 μg/L for
spot samples compared to 69 and 36.5 μg/L for ﬁrst morning voids
(FMV). Similarly, median concentration of MBzP and MOiNP were 33.6
ng/mL and 4.23 ng/mL in FMV, compared to 25 ng/mL and 2.55 ng/mL
for spot samples (Frederiksen et al., 2013). Concerning pesticides,
Wielgomas reported for 3-PBA (metabolite of pyrethroids), a geometric
mean concentration of 0.278 ng/mL in spot samples compared to 0.317
ng/mL in FMV (Wielgomas, 2013). These results are in line with the present study, since 24 of the 28 assessed biomarkers actually presented
higher quantity excreted in FDV than in samples collected later in the day.
Nevertheless, although the amount of biomarkers excreted in urine
was higher in FDV, it was also accompanied with higher intraindividual variability (i.e. lower ICC) (Table 3). FDV did therefore not
allow to efﬁciently differentiate the individuals. For most biomarkers,
the highest ICC values were actually observed for morning urine (excluding FDV), which would thus represent the most useful sampling
time for urine collection.
The lower intra-individual variability observed in morning urine
needs however to be considered with caution because the number
of urine samples collected in the morning (n = 51) was lower
than in FDV, afternoon and evening (n = 198, 241 and 315 respectively). In order to check the inﬂuence of the number of samples on
intra-individual variability, 51 samples were randomly selected
from each sampling time of the day and used to re-calculate ICC
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(with 1000 repetitions to limit the bias due to sample selection). Although the newly calculated ICCs were increased compared to the
initial values (e.g. afternoon OH-MINP ICC increased from b0.0001
to 0.21 on average), they however remained inferior to ICC calculated on morning urine. It also has to be mentioned that only 12
out of the 16 subjects provided morning samples (excluding FDV).
This lower number of subjects compared to the other periods
could also partly explain the high ICC value observed for some biomarkers for morning urine and also incites to consider these ICC
with caution.
Moreover, although the highest ICC values were generally observed
for morning urine, these values remained below 0.5 for most biomarkers, meaning a poor capacity to distinguish individuals based on
urinary biomarkers in one sample. In parallel, morning urine also
contained the lowest amount of biomarkers excreted, and might therefore not be considered representative of the daily or average exposure.
Eventually, since neither clear indication regarding the average
amount of biomarker excreted in urine nor their variability suggested
to prefer any of the 4 time periods of the day tested here, a random collection of a sufﬁcient number of urine samples at different times of day
seems to be the best approach to get a reliable information on exposure.
The adequate number of urine samples however remains to be
determined.
Algorithm 1 clearly demonstrates that the amount of biomarker in
one urine sample is not representative of the average level of exposure
(represented here by the mean amount excreted in 43 samples per subject over 6 months used as a reference). Surprisingly, increasing the
number of samples only slowly improved the ability to discriminate
the subjects (estimated by the agreement between the marginal ranking and the reference ranking based on the 43 urine samples). Thus,
with 10 samples per subject, the agreement between MR and RR was
only 4.3% (for MBzP) or below, and only 6 out of the 28 biomarkers
reached an agreement above 1%. With 20 samples, the agreement between MR and RR was 34% (for IMPy) or below, and only 4 biomarkers
reached an agreement above 10% (Annex 1).
The results also demonstrate that the number of urine samples required to get a reliable information on the average amount of urinary
biomarkers can be highly different depending on biomarkers. For instance, the agreement between the reference ranking and the marginal
ranking based on 20 samples, ranged from 0.28% for bisphenol S to 34%
for IMPy (Annex 1).
The present study also showed that several metabolites of the same
parent present different performances to characterize exposure, as observed for the metabolites of DEHP (Fig. 2, part C). In this example, 5cx-MEPP presented better agreement with the reference than the
other metabolites for equivalent number of samples. Surprisingly, 5cx-MEPP also presented better performance than the sum of all DEHP
metabolites.
As reported by Koch and Angerer (2007), 5-cx-MEPP is one of the
major metabolite of DEHP, which could suggest that major metabolites
provide the highest performance to classify individuals. Nevertheless, 5OH-MEHP, which is also a major metabolite of DEHP, presented much
lower agreement between MR and RR. Similarly, OH-MINP, the major
metabolite of DINP (N20% of the applied dose) (Koch and Angerer,
2007; Wittassek and Angerer, 2008) presented lower performance
than cx-MINP (≈10% of the dose) (Annex 1). This suggests that all the
metabolites of one parent pollutant are not equivalent for exposure assessment, and that only the most reliable (not necessarily the major
one) should be considered.
It has to be acknowledged that the approach used in algorithm 1, inspired from the study of Attﬁeld et al. (2014) could be considered too
stringent since any difference between MR and RR, even a single inversion between two subjects in adjacent quartiles, lead to a zero score and
thus to a decrease in the agreement between MR and RR. Less stringent
versions of algorithm 1 were therefore tested: one considering Cohen's
Kappa, and one considering Spearman coefﬁcient correlation between
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classiﬁcation of the 16 subjects based on the mean of the 43 samples
and classiﬁcation based on a lower number of sample was conducted.
Results obtained in these approaches are not further discussed but are
presented for information in Annex 5. The fact that the reference RR
used in algorithm 1 depends on the maximum number of samples
tested for one subject (n = 43 in the present study) can also be considered a limitation. Indeed, the number of samples necessary to reach a
certain level of agreement between RR and MR would be different
with a reference built with a number of samples different from 43. In
that respect, algorithm 2 was developed in order to have less stringent
conditions regarding classiﬁcation of the subjects and not to be biased
by the arbitrary number of samples used to build the reference ranking
and get more quantitative results.
Similar to algorithm 1, this second approach demonstrated how increasing the number of samples allows to classify the individuals into
quartiles with better reliability, and how different were the results depending on the biomarker considered (Table 4). For instance, when
the subjects were classiﬁed according to urinary bisphenol S, N30 samples per subject on average were necessary to reach a Cohen's kappa
of 0.9, whereas only 10 samples were necessary to reach an equivalent
threshold when classiﬁcation concerned urinary MBzP.
As presented in Table 4, a Cohen's kappa value of 0.9 meant that
b2 out of the 16 subjects (i.e. 12.5%) were classiﬁed in different
quartiles between the two last iterations of the algorithm (“n” versus
“n + 1” samples per subject). This indicates that the classiﬁcation of
the subjects is already highly reliable and would only be slightly improved with additional samples. The “price to pay” for reaching such
a high level of quality of classiﬁcation can however be considered
high in terms of number of samples per subject (up to 30.6 on average for bisphenol S). The necessity to reach such a high level of quality for the classiﬁcation of the individuals can be questioned and a
lower Cohen's kappa threshold, meaning less samples per subject,
could possibly be acceptable in some contexts. The decision to accept
lower level of quality for the classiﬁcation of the subjects would depend of the strength of the association between exposure and health
outcome, and would thus have to be decided on a case-by-case basis.
For instance, a Cohen's kappa of 0.8 would mean that on average, approximately 10.8 subjects out of 16 (i.e. 67.5%) would be stably classiﬁed (“stably” meaning here “correctly”). If the association between
health outcome and exposure can be demonstrated signiﬁcantly
with 32.5% (at the maximum) of the subjects possibly classiﬁed in
the wrong quartile, then a 0.8 Cohen's kappa can be accepted.
Based on the results of the present study, the association between
health outcome and exposure could therefore be demonstrated
with a number of samples ranging from approximately 3 for MBzP
up to almost 18 for bisphenol S.
The present results also demonstrated a signiﬁcant correlation
between ICC and the number of urine samples required to reach a
speciﬁc Cohen's kappa threshold (r = −0.87, p-value b 0.001 for
threshold of 0.8 and r = −0.62, p-value = 0.003 for a Kappa's
Cohen of 0.9). This association demonstrates that the number of
samples required to reach a reliable classiﬁcation of the subjects regarding exposure increases with the intra-individual variability of
the amount of biomarker excreted in urine. This suggests that ICC
can be used to determine the number of samples required to classify
the subjects, although further studies would be necessary to get
more quantitative assessment.
Our results cast doubts on the approach of investigating associations between biological outcomes and exposure to fast elimination
pollutants, when exposure assessment is based on a limited number
of urine samples. This approach however remains the most frequently observed in the literature. For instance, in a 2010 study investigating association between endometriosis, leiomyomata and
several phthalates, exposure assessment was based on urinary metabolite concentration in one single sample collected from each participant (Weuve et al., 2010). More recently, increased peri-pubertal

hormone levels in female children was associated with MEP analyzed in 3 urine samples (one per trimester) collected from the
mothers during pregnancy (Watkins et al., 2017). Lim et al. (2017)
associated BPA exposure assessed using one urine sample collected
from the mother with 4-years old child social impairment. Our ﬁndings suggest that the designs used in these studies for exposure assessment cannot provide a reliable classiﬁcation of the individuals
and are therefore not adapted to investigate exposure-associated
health outcomes.
5. Conclusion
Investigating 29 urinary biomarkers of fast elimination endocrine
disruptors in a follow-up conducted on 16 volunteers over 6 months,
this work has no equivalent in the literature regarding the number of
samples collected per subjects and the follow-up duration. The results illustrate the variability of the biomarkers over time and the impossibility to reliably classify subjects based on a single urine sample
(or a limited number). This study demonstrates that reliably classifying individuals according to urinary biomarkers requires several
urine samples per subject, and that the number of samples may be
highly different for different biomarkers. The results showed that
the number of urine samples required for a reliable classiﬁcation is
inversely proportional to intra-individual variability of the biomarker, and that intraclass coefﬁcient (ICC) can therefore provide
relevant information.
The results presented here were based on a limited number of subjects and can therefore not be considered gold standards. Nevertheless,
since both the frequency of detection and the concentration observed
for the urinary biomarkers investigated here are comparable to values
reported from many previous studies, the recommendations presented
here could be relevant to future studies investigating exposureassociated health adverse effects.
Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2020.141185.
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Annex 1: percentage of agreement between reference ranking and marginal ranking depending on the number of samples used to calculate marginal ranking.
Samples number
2
3
4
5
6
7
8
9
10
11
12
13
MINP
0
0.01
0.01
0.02
0.07
0.06
0.17
0.18
0.18
0.28
0.41
0.49
MMP
0
0
0
0.01
0.03
0.02
0.03
0.1
0.06
0.05
0.15
0.17
MEP
0.08
0.24
0.44
0.79
1.24
1.92
2.44
2.6
3.32
4.44
5.43
5.91
MBzP
0.15
0.36
0.77
1.23
1.87
2.66
3.25
4.28
4.3
5.62
6.88
8.21
MEHP
0.01
0.04
0.02
0.02
0.01
0.03
0.07
0.16
0.21
0.18
0.33
0.37
5-oxo-MEHP
0
0.03
0.09
0.15
0.27
0.37
0.67
0.97
1.29
1.47
2.17
2.66
5-OH-MEHP
0.01
0
0.06
0.12
0.11
0.14
0.31
0.45
0.35
0.82
0.93
1.21
MINCH
0
0
0.01
0.01
0.04
0.13
0.11
0.2
0.33
0.52
0.46
0.94
5-cx-MEPP
0
0.1
0.24
0.37
0.74
1.2
1.84
2.53
3.98
5.35
6.52
8.5
2-cx-MMHP
0.02
0
0.02
0.06
0.05
0.17
0.22
0.53
0.57
0.85
0.99
1.07
OH-MINP
0
0
0.03
0.04
0.03
0.06
0.12
0.12
0.19
0.35
0.35
0.51
oxo-MINCH
0
0.02
0.02
0.04
0.11
0.15
0.29
0.37
0.54
0.87
1.16
1.66
OH-MINCH
0
0.03
0.03
0.06
0.13
0.11
0.3
0.54
0.83
1
1.31
2.28
cx-MINP
0
0.01
0.02
0.04
0.08
0.11
0.22
0.33
0.5
0.56
0.65
0.75
OH-MPHP
0
0
0.01
0.06
0.1
0.14
0.26
0.42
0.4
0.48
0.76
1.19
cx-MINCH
0.02
0.02
0.05
0.06
0.11
0.18
0.32
0.54
0.74
0.78
1.25
1.56
Bisphenol S
0
0
0
0
0.01
0.01
0
0.01
0.02
0.03
0.05
0.03
Bisphenol F
0
0
0.05
0.14
0.3
0.28
0.6
0.93
1.02
1.36
1.88
2.49
Bisphenol A
0
0
0
0
0
0.03
0.04
0.04
0.06
0.13
0.07
0.11
PNP
0.01
0.01
0.02
0.07
0.08
0.13
0.3
0.54
0.67
1.05
1.37
1.91
DEP
0.02
0.07
0.02
0.17
0.31
0.34
0.6
0.67
0.74
1.18
1.38
1.75
TCPy
0.01
0.01
0.01
0.05
0.04
0.09
0.12
0.22
0.35
0.45
0.68
0.78
3-PBA
0
0
0
0.02
0.03
0.09
0.19
0.1
0.2
0.27
0.56
0.47
IMPy
0.01
0.03
0.16
0.3
0.64
1.04
1.49
2.28
3.52
4.93
6.52
8.49
3-ME4NP
0
0
0.05
0.04
0.12
0.3
0.34
0.45
0.71
1.12
1.57
1.76
Diflufenican
0
0
0
0
0
0.01
0.03
0
0.04
0.02
0.07
0.12
Fipronil
0
0.01
0
0.02
0.04
0.04
0.02
0.12
0.08
0.14
0.17
0.31
Fipronil Sulfone
0
0
0.07
0.05
0.19
0.31
0.51
0.61
0.74
1.23
1.01
1.45
Sum of DEHP metabolites
0.01
0.03
0.05
0.12
0.23
0.28
0.37
0.68
0.74
1.18
1.59
1.73

14
0.89
0.25
6.83
8.95
0.42
2.8
1.12
1.34
11.2
1.65
0.54
1.98
2.55
1.38
1.54
2.04
0.07
3.1
0.25
2.3
1.83
1.21
0.78
10.61
2.68
0.07
0.32
1.51
2.27

15
0.9
0.22
7.21
9.79
0.54
3.54
1.8
1.79
14.18
2.07
0.62
2.3
3.47
1.77
2.04
2.56
0.12
3.94
0.32
3.02
2.15
1.39
0.87
14.11
2.94
0.11
0.57
1.96
2.86

16
0.91
0.44
8.38
10.46
0.76
4.52
1.75
2.44
16.17
2.43
0.84
3.37
4.74
1.91
2.57
3.48
0.11
4.68
0.33
4.08
2.48
1.77
1.15
16.93
3.82
0.2
0.73
2.43
3.1

17
1.55
0.42
8.86
11.39
1.02
5.07
2.45
2.97
19.94
2.89
1.07
4.15
5.52
1.99
3.11
4.15
0.14
5.25
0.5
4.61
2.9
1.91
1.18
20.17
4.81
0.27
0.91
3.01
4.06

18
1.62
0.65
10.14
12.78
1.23
5.76
2.8
3.73
23.47
3.3
1.31
4.83
7.47
2.46
4.19
4.55
0.19
6.29
0.58
5.7
3.47
2.16
1.49
24.56
5.99
0.25
1.14
3.15
4.62

19
1.66
0.59
10.55
13.86
1.45
6.55
3.22
5.09
27.42
3.64
1.06
5.34
8.31
2.96
4.83
5.53
0.33
7.49
0.74
7.78
4.05
2.47
1.74
28.73
7.3
0.47
1.54
3.6
5.4

20
2.46
0.98
11.26
15.07
2
7.36
3.47
5.83
31.7
3.95
1.68
6
10.4
3.73
6.12
6.23
0.28
8.62
0.75
8.54
5.09
2.82
2.32
34
8.81
0.69
1.86
4.4
6.2

21
2.84
1.09
12.75
15.61
1.77
8.63
3.95
7.73
34.86
4.59
1.81
7.13
11.87
4.28
7.18
7.69
0.39
9.91
0.91
10.67
5.41
3.35
2.68
38.66
10.46
0.58
2.43
4.73
7.3

22
3.18
1.54
14.31
17.4
2.63
9.56
4.24
9.48
39.07
5.27
2.03
8.59
14.26
5.05
8.69
8.35
0.49
10.61
1.29
12.09
6.34
3.75
2.98
44.22
11.62
0.83
3.05
5.35
8.07

23
3.74
1.58
15.29
18.7
2.88
11.21
5.34
11.33
44.78
5.66
2.07
9.42
16.79
5.82
10.36
10.07
0.54
12.5
1.74
14.11
7.24
3.74
3.52
48.43
13.31
1.22
3.16
6.08
9.23

84

24
4.57
2.04
16.51
20.5
3.26
12.19
6.24
13.69
49.05
6.5
2.7
11.03
19.34
6.4
12.08
11.71
0.74
13.36
2.34
16.8
8.61
4.99
3.88
54.24
16.13
1.5
4.51
6.77
10.02

25
5.41
2.26
17.98
21.92
4.05
13
6.91
16.87
53.29
7.32
3.23
12.03
22.31
7.29
14.24
13.23
0.93
15.48
2.29
18.61
8.96
5.18
4.32
60.51
17.92
1.9
4.93
7.51
11.61

26
5.62
3.02
18.61
23.52
4.92
13.73
7.3
19.33
60.11
8.03
3.73
13.54
25.05
8.32
16.54
14.28
1.16
16.85
2.79
20.2
10.4
6.21
5.28
64.75
20.64
2.26
6.28
8.61
12.89

27
6.62
3.14
20.39
24.57
5.32
15.23
8.31
21.62
63.95
9.23
3.81
14.87
29.03
9.54
19.55
16.03
1.51
18.85
3.3
23.87
11.71
6.35
5.81
70.21
23.5
3.05
6.9
8.95
14.83

28
7.61
3.77
22.23
25.26
6.76
16.83
9.31
26.98
68.68
9.95
4.57
16.57
31.16
11.03
22.28
17.54
1.73
20.29
3.84
26.79
13.02
7.85
6.68
75.94
26.68
4.06
7.71
10.53
16.14

29
9.67
4.53
23.53
27.6
7.53
18.53
10.43
28.43
72.88
10.73
5.3
18.45
35.24
11.77
24.67
19.27
1.7
22.53
4.61
28.75
15.01
8.16
7.9
78.78
30.94
4.66
8.94
11.3
18.41

30
10.75
5.34
25.74
28.85
9.23
20.3
11.58
32.6
76.89
11.34
5.89
20.08
39.58
13.79
29.34
21.29
2.28
24.93
5.51
32.41
17.2
8.53
9.33
83.8
33.84
6.08
11.13
12.51
19.68

31
12.06
6.14
27.61
31.55
10.06
22.11
13.6
37.43
81.28
11.61
6.5
21.91
43.13
15.19
31.29
23.46
2.98
26.67
6.85
34.7
19.84
9.78
10.21
87.26
37.36
7.7
12.37
13.49
22.89

32
13.88
7.24
28.8
33.14
12.09
25
15.52
42
85.38
13.14
6.77
23.31
48.22
17.4
36.31
25.35
3.63
29.51
7.67
36.72
21.66
10.9
11.33
90.85
40.81
9.43
15.22
14.86
24.28

33
15.42
8.64
31.23
35.8
14.62
26.52
16.39
46.3
88.68
15.01
7.91
24.7
52.17
20.41
39.44
27.15
4.6
31.58
8.75
40.22
24.62
11.24
12.31
93.25
46.01
11.83
16.73
17.15
26.7

34
17.4
9.59
35.36
38.31
17.8
29.92
18.12
51.03
92.22
16.7
9.07
27.4
58.14
22.57
44.03
30.18
5.62
33.89
10.03
43.39
28.91
13.64
13.82
95.7
50.51
13.88
18.92
18.74
29.57

35
19.28
11.52
37.17
40.85
21.42
33.83
20.63
55.32
94.97
18.01
10.17
28.54
64.52
25.63
48.02
32.06
6.91
38.48
11.69
47.29
31.26
14.07
17.15
97.52
55.98
16.19
21.17
21.32
31.5

36
21.57
13.73
40.92
44.12
25.58
38.2
23.44
61.6
96.77
20.06
11.53
29.7
70.56
30.49
54.41
34.74
8.44
42.37
13.6
49.92
36.19
15.65
18.18
98.72
60.72
20.74
24.26
23.53
35.51

37
25.02
16.51
45.31
47.51
31.3
43.25
25.71
66.44
98.72
22.38
12.99
31.48
76.7
34.42
59.26
36.54
10.4
47.95
15.85
54.01
40.6
16.84
20.71
99.32
66.15
24.07
27.94
28.34
38.15

38
27.91
19.37
49.84
52.06
38.26
49.13
29.01
73.69
99.4
25.59
14.62
34.86
83.77
38.96
64.73
39.38
13.67
52.62
18.77
58.04
46.84
18.73
24.73
99.71
71.84
29.33
30.19
33.01
42.26

39
32.78
24.9
55.56
57.73
45.15
57.32
32.26
81.23
99.88
29.62
19.38
36.52
89.19
45.28
70.83
41.92
17.3
59.28
23.48
63.23
52.87
20.81
29.3
99.9
77.19
36.55
34.77
38.87
47.94

40
37.52
31.24
61.82
65.25
55.46
66.66
37.72
89.29
99.98
35.41
24.76
39.67
93.87
53.3
78.89
45.55
23.14
65.58
28.6
70.41
62.43
23.3
35.09
99.98
82.73
45.5
38.64
48.25
53.3

41
45.85
41.75
70.31
75.22
66.78
79.05
44.17
96.28
100
45.25
33.57
45.73
97.76
63.1
87.48
49.55
31.52
74.59
34.81
80.57
73.54
27.6
42.81
100
90.37
55.99
44.67
61.93
62.49

42
61.96
62.16
78.58
89.89
81.87
93.93
53.03
100
100
61.33
48.31
52.57
99.63
76.88
98.44
58.98
49.53
83.03
51.2
91.83
88.39
36.04
57.58
100
96.67
70.44
57.59
82.06
78.38

43
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100

Annex 2: P-value from the Tukey test of the comparison of chemical excreted quantity in ng according to the time of
sampling
Times

FDV/morning

FDV/afternoon

FDV/ evening Morning/afternoon

Morning/evening

Afternoon/evening

Phthalate
metabolites
MINP

P<0.0001

2.3*10-3

3.9*10-3

0.022

0.01

0.981

MMP

P<0.0001

P<0.0001

P<0.0001

0.074

0.009

0.576

MEP

P<0.0001

P<0.0001

P<0.0001

1.85*10-4

P<0.0001

0.331

MBzP

P<0.0001

P<0.0001

P<0.0001

0.656

0.064

0.084

MEHP

P<0.0001

P<0.0001

P<0.0001

0.474

0.081

5-oxo-MEHP

P<0.0001

P<0.0001

P<0.0001

0.715

0.032

0.014

5-OH-MEHP

P<0.0001

P<0.0001

P<0.0001

0.238

1.51*10-4

1.7*10-4

0.343

0.854

2.7*10-4

0.015

0.338

0.796

0.485

5-cx-MEPP

P<0.0001

P<0.0001

P<0.0001

0.699

0.021

0.007

2-cx-MMHP

P<0.0001

P<0.0001

P<0.0001

0.973

0.415

0.191

OH-MINP

0.083

0.001

0.003

0.998

0.967

0.958

oxo-MINCH

0.005

P<0.0001

P<0.0001

0.267

0.884

0.184

OH-MINCH

P<0.0001

P<0.0001

P<0.0001

0.413

0.979

0.146

cx-MINP

P<0.0001

P<0.0001

P<0.0001

0.973

0.625

0.504

OH-MPHP

0.268

0.187

0.996

0.915

0.287

0.184

cx-MINCH

P<0.0001

P<0.0001

P<0.0001

0.842

0.907

0.032

MINCH

Bisphenols
P<0.0001

P<0.0001

P<0.0001

0.999

0.612

0.195

Bisphenol F

0.0008

P<0.0001

0.001

0.986

0.649

0.032

Bisphenol A

P<0.0001

P<0.0001

P<0.0001

0.488

0.029

0.077

Bisphenol B

0.421

0.08

0.02

0.999

0.999

0.963

PNP

P<0.0001

P<0.0001

P<0.0001

1.3*10-4

P<0.0001

0.123

DEP

P<0.0001

P<0.0001

P<0.0001

0.241

0.253

0.999

TCPy

P<0.0001

P<0.0001

P<0.0001

0.988

0.61

0.368

3-PBA

P<0.0001

P<0.0001

P<0.0001

0.999

0.936

0.608

IMPy

P<0.0001

P<0.0001

P<0.0001

0.984

0.999

0.979

3-ME4NP

P<0.0001

P<0.0001

1.6*10-4

7.4*10-4

P<0.0001

0.067

Diflufenican

0.927

0.423

0.943

0.991

0.989

0.68

Fipronil

0.68

0.999

0.604

0.596

0.97

0.448

Fipronil Sulfone

0.999

0.22

0.317

0.716

0.812

0.987

Bisphenol S

Pesticides
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Annex 3: Percentage of agreement between reference ranking and marginal ranking depending on the number of samples used to calculate marginal ranking (Concentration data).
Samples number 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31
MINP
0 0 0 0 0 0.1 0.2 0.2 0.3 0.29 0.51 0.75 1.11 1.25 1.55 2.1 2.73 3.01 4.18 4.79 6.13 7.49 8.77 10.8 12.6 15.5 18.5 20.8 24.8 29.4
MMP
0 0 0 0 0 0 0 0 0 0.03 0.03 0.1 0.12 0.18 0.14 0.22 0.29 0.39 0.44 0.66 0.64 0.81 1.04 1.4 1.56 2.13 2.61 3.19 3.97 5.13
MEP
0 1 1.3 2 3.4 4.5 5.7 7.4 9.4 10.1 12.9 13.9 16.3 18.4 20.6 23.3 25.2 27.2 29.4 31.6 34.3 37.6 38.9 42.1 44.3 46.1 49.6 53.2 54.7 57.6
MBzP
0 0 0.8 1.3 1.9 2.4 3.5 4.5 5.6 6.6 7.99 9.42 11.2 13.5 15.5 17 19.2 20.6 23.7 27.5 30.1 33 36.6 40.4 44.3 47.9 53.2 57 61 65.6
MEHP
0 0 0 0.1 0 0 0.2 0.2 0.3 0.35 0.61 0.57 0.79 1 1.44 1.42 1.45 1.96 2.23 2.74 2.93 3.27 3.82 4.91 5.41 6.66 6.84 8.31 10.3 10.8
5-oxo-MEHP
0 0 0.3 0.6 1.1 1.8 2.7 3.6 5.2 6.23 8.15 10.2 12.2 14.3 16.5 18.7 21.5 23.1 26.4 27.8 31.4 34.3 36.4 41 43.5 47.1 50.4 52.8 56.4 61.4
5-OH-MEHP
0 0 0.1 0.2 0.4 0.5 0.6 0.9 1.4 1.87 2.13 3.22 3.43 4.46 5.23 6.36 6.42 8.3 8.61 10.2 11.5 12.3 14 16.8 18.6 19.4 22.3 24.5 27.4 30.5
MINCH
0 0 0 0 0 0 0.1 0.1 0.1 0.16 0.29 0.34 0.4 0.57 0.86 0.97 1.44 1.62 2.07 2.15 2.35 3.08 3.97 4.6 5.34 6.08 7.15 8.37 10.7 11.7
5-cx-MEPP
0 0 0.4 0.6 1.1 1.4 2.1 2.8 4.2 5.19 6.4 7.31 8.15 9.43 11.7 12.3 13.9 16 17.2 19.5 21.2 22.8 24.7 27.2 29.1 32 34.7 37.4 38.6 43.4
2-cx-MMHP
0 0 0.1 0.1 0.2 0.3 0.5 0.6 0.8 1.15 1.51 1.79 2.25 2.69 3.28 3.78 4.37 5.05 5.9 6.23 6.65 7.77 8.85 9.47 11.1 12 13.6 14.9 16.6 18.5
OH-MINP
0 0 0 0 0 0.1 0.1 0.2 0.3 0.3 0.54 0.63 0.73 1.31 1.32 1.52 1.87 2.19 2.9 3.47 3.6 4.31 5.08 6.24 6.7 7.62 8.52 9.64 11 12
oxo-MINCH
0 0 0 0.1 0 0.1 0.2 0.2 0.3 0.35 0.57 0.64 0.9 1.02 1.03 1.45 1.79 1.71 2.27 2.17 2.97 2.9 3.27 4.27 4.57 4.88 5.81 6.21 7.12 7.84
OH-MINCH
0 0 0 0.1 0.1 0.3 0.4 0.4 0.7 1.03 1.27 1.67 2.34 2.66 2.92 3.35 3.95 4.69 5.08 6.16 6.73 8.16 9.59 9.9 11.4 13.2 14.4 16.3 18.2 19.7
cx-MINP
0 0 0 0 0.1 0.2 0.2 0.4 0.6 0.7 0.73 1.16 1.32 1.75 1.95 2.09 2.01 2.64 3.18 3.01 3.32 3.62 4.42 4.74 4.51 5.09 5.71 5.92 6.32 6.86
OH-MPHP
0 0 0 0 0.1 0.1 0.1 0.3 0.4 0.43 0.61 0.72 0.95 1.25 1.65 2.32 2.81 3.23 4.15 4.47 5.93 6.21 7.51 9.24 11.2 13.2 14.7 16.3 19.1 20.9
cx-MINCH
0 0 0.1 0.2 0.3 0.4 0.7 1 1.3 1.76 2.48 3.18 4.24 5.34 6.19 7.53 9.68 10.8 13.1 15.4 17 19.8 21.3 25.2 28.7 32 35.3 39.6 44.4 49.2
Bisphenol S
0 0 0 0 0 0 0 0 0 0.04 0.02 0.04 0.07 0.03 0.12 0.17 0.21 0.16 0.32 0.24 0.28 0.54 0.49 0.8 0.77 1.33 1.51 1.74 2.09 2.67
Bisphenol F
0 0 0 0 0.2 0.1 0.2 0.3 0.3 0.7 0.74 0.85 1.08 1.33 1.55 2.03 2.04 2.57 2.78 3.44 3.3 4.22 5.09 5.7 6.14 6.88 7.78 9.11 10.7 12
Bisphenol A
0 0 0 0 0 0 0 0.1 0.1 0.08 0.13 0.2 0.24 0.24 0.39 0.59 0.71 0.77 1.07 1.5 1.81 2.37 2.66 3 3.95 4.43 5.64 6.07 8.19 9.03
PNP
0 0 0 0 0 0.1 0.1 0.2 0.2 0.41 0.51 0.53 0.83 0.84 1.33 1.42 1.54 1.97 2.58 3.21 3.8 4.08 4.63 5.18 6.14 6.7 7.35 8.34 9.67 10.8
DEP
0 0 0.1 0.1 0.1 0.3 0.5 0.7 1 1.03 1.5 1.87 2.49 2.47 3.02 3.97 4.33 4.99 6.01 6.39 7.31 8.25 8.99 10 11.2 12.3 14 15.1 17.5 18.1
TCPy
0 0 0 0 0 0 0.1 0.1 0.1 0.16 0.27 0.3 0.28 0.34 0.52 0.55 0.59 0.77 1.06 1.31 1.36 1.55 1.62 1.96 2.24 2.84 3.15 3.49 4.08 4.5
3-PBA
0 0 0 0 0 0 0 0 0 0.14 0.18 0.26 0.32 0.38 0.47 0.63 0.62 0.77 0.99 0.96 1.24 1.22 1.51 1.7 1.94 2.02 2.62 2.84 3.02 3.44
IMPy
0 0 0.1 0.1 0.2 0.5 0.7 1.2 1.8 2.55 3.29 4.55 5.84 7.09 9.11 11.4 14.4 16.9 20.1 22.8 26.8 31 34.8 38.2 42.9 47.9 53.2 57.8 62.4 66.9
3-ME4NP
0 0 0 0.1 0.1 0.2 0.3 0.5 0.6 0.74 0.92 1.43 1.47 1.79 2.15 2.76 3.2 3.81 4.43 4.73 6.1 7.2 7.48 9.05 10.6 11.4 13 15 17.2 18.4
Diflufenican
0 0 0 0 0 0 0 0 0 0.02 0.05 0.03 0.09 0.14 0.19 0.21 0.25 0.28 0.52 0.73 0.6 0.79 0.96 1.31 1.35 1.82 1.79 2.71 2.66 3.18
Fipronil
0 0 0 0 0.1 0 0.1 0.1 0.2 0.17 0.32 0.36 0.58 0.83 0.93 1.16 1.63 1.9 2.32 2.75 3.47 4.17 5.45 6.15 6.9 8.93 9.75 12.2 14.1 17.6
Fipronil Sulfone 0 0 0 0.1 0.2 0.4 0.4 0.6 0.9 1.18 1.65 1.95 2.29 2.67 2.87 3.53 4.38 4.48 5.17 6.33 6.57 7.43 8.26 8.86 9.7 10.6 12.2 13 14.2 16.2
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Annex 4: Percentage of agreement between the marginal ranking and reference ranking according to the number of samples. Dark dots correspond to
biomarkers concentration in urine (ng/mL) and bright dots correspond to the amount of biomarkers excreted per urination (ng).
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Annex 5: Average and confidence interval of Cohen’s kappa and Spearman correlation coefficient according to the
number of samples in different versions of algorithm 1.
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Annex 6: Validation data obtained for urine analysis

Compound
MINP
MMP
MEP
MBzP
MEHP
5-oxo-MEHP
5-OH-MEHP
MINCH
5-cx-MEPP
2-cx-MMHP
OH-MINP
oxo-MINCH
OH-MINCH
cx-MINP
OH-MPHP
cx-MINCH
BPS
BPF
BPA
BPB
PNP
DEP
TCPy
3-PBA
IMPy
3Me4NP
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MINP-D4
MMP-D4
MEP-D4
MBzP-D4
MEHP-D4
5-oxo-MEHP-D4
5-OH-MEHP-D4
MINP-D4
5-oxo-MEHP-D4
2-cx-MMHP-D4
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cx-MINP-D4
OH-MPHP-D4
3-PBA-13C6
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BPA-D16
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IMPy-13C4
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MEHP-D4
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calibration
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LOQ

Level 3a
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Level 8c

Level 10d

LOQ

Level 3a

Level 5b

Level 8c

Level 10d

0.1
0.5
1
0.05
0.5
0.1
0.1
0.05
0.5
0.5
0.5
0.1
0.05
0.1
0.1
0.5
0.05
0.1
0.5
0.1
0.1
0.5
1
0.05
0.05
0.05
0.05
0.05
0.01

0.1 - 100
0.5 - 1 000
1 - 5 000
0.05 - 1 000
0.5 - 1 000
0.1 - 1 000
0.1 - 1 000
0.05 - 1 000
0.5 - 1 000
0.5 - 1 000
0.5 - 1 000
0.1 - 1 000
0.05 - 1 000
0.1 - 1 000
0.1 - 1 000
0.5 - 1 000
0.05 - 1 000
0.1 - 1 000
0.5 - 1 000
0.1 - 1 000
0.1 - 10
0.5 - 1 000
1 - 1 000
0.05 - 1 000
0.05 - 10
0.05 - 10
0.05 - 10
0.05 - 8
0.01 - 10

106
100
106
110
86
95
97
100
101
105
104
110
100
103
116
93
108
104
107
118
96
104
109
105
99
94
102
77
92

106
N.D.
N.D.
108
N.D.
95
97
122
N.D.
N.D.
N.D.
110
103
103
116
N.D.
106
104
N.D.
118
N.D.
N.D.
N.D.
95
N.D.
N.D.
N.D.
N.D.
75

108
101
106
113
109
109
105
120
98
105
102
124
112
99
107
90
104
109
107
104
96
105
109
102
107
88
95
75
94

104
108
114
117
106
111
101
115
105
120
101
118
108
101
110
97
102
103
104
110
100
100
99
99
108
89
100
82
98

N.D.
105
109
100
102
108
105
101
99
109
100
103
105
102
106
101
103
99
98
99
92
101
99
103
94
89
93
94
93

23
20
17
25
17
18
13
19
10
18
19
23
22
17
21
22
21
25
18
8
16
19
23
11
17
14
11
16
21

23
N.D.
N.D.
22
N.D.
18
13
23
N.D.
N.D.
N.D.
23
22
17
21
N.D.
17
25
N.D.
8
N.D.
N.D.
N.D.
14
N.D.
N.D.
N.D.
N.D.
25

13
29
17
15
25
24
11
18
19
22
25
15
20
17
17
18
15
20
24
21
16
23
23
15
20
21
16
16
21

8
12
12
11
22
20
20
22
21
7
21
5
21
20
20
26
21
15
19
15
17
14
10
20
18
19
13
18
21

N.D.
6
6
22
9
9
7
7
10
9
6
9
10
8
6
7
7
10
19
8
20
13
21
7
19
23
20
25
22

Inter batch

a

0.02 ng/mL for PNP, IMPy, 3Me4NP, diflufenican, fipronil, fipronil sulfone and 0.1 ng/mL for all other compounds
0.1 ng/mL for PNP, IMPy, 3Me4NP, diflufenican, fipronil, fipronil sulfone and 1 ng/mL for all other compounds
1 ng/mL for PNP, IMPy, 3Me4NP, diflufenican, fipronil, fipronil sulfone and 50 ng/mL for all other compounds
d 5 ng/mL for PNP, IMPy, 3Me4NP, diflufenican, fipronil, fipronil sulfone and 500 ng/mL for all other compounds
N.D. : not determined
b
c
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Inter batch

Chapter 7

Article III
Context
This article was the first one to present the use of hair in the framework of the NoStra project and can be
summarized through the following objectives:
• To develop a new multi-component analytical method for the research of phthalates, pesticides and
bisphenols in hair samples.
• Prove that this method is similar in terms of detection rate and concentration detected with previous
published methods based on only few chemicals.
• Compare results obtained in hair to those obtain in urine (e.g. detection rate).
• Assess if there is a correlation between the concentrations obtained in urine and hair samples.
• Check if the correlation between hair and urine can be improved by adding urine samples.
The article was published in March 2021 for the journal Sciences for the Total Environment
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Figure 7.1: Graphical Abstract Article III
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7.1

Abstract

Background
The assessment of human exposure to fast-elimination endocrine disruptors (ED) such as phthalates,
bisphenols or pesticides is usually based on urinary biomarkers. The variability of biomarkers concentration,
due to rapid elimination from the body combined with frequent exposure is however pointed out as a major
limitation to exposure assessment. Other matrices such as hair, less sensitive to short-term variations
in the exposure, have been proposed as a possible alternative. Nevertheless, no studies compared the
information obtained from hair and urine in a follow-up allowing to assess biomarkers variability over
time in these two matrices, and to compare the correlation between them.
Methods
In the present study, hair and urine samples were collected from 16 volunteers over a 6 months follow-up.
All in all, 94 hair samples and 805 urines samples were collected and analysed for the presence of 16
phthalate metabolites, 4 bisphenols and 8 pesticides/metabolites.
Results
All the biomarkers analysed were detected in at least one of the two matrices. 21 biomarkers were more
frequently detected in hair, 6 in urine, and 1 was equivalent. Biomarkers intraclass correlation coefficients
(ICC) ranged from 0.1 to 0.8 (ten above 0.4) in hair, and from 0.09 to 0.51 in urine (two above 0.4). The
concentrations of biomarkers in hair and urine were significantly correlated for only one compound.
Conclusion
This study highlights the complexity of assessing exposure to fast-elimination ED and suggests considering
with caution the specificity of the matrix in data interpretation. The results document the respective
advantages and limitations of urine and hair, and provide new insight in the understanding of the
information provided by these biological matrices and their relevance for the assessment of human
exposure to fast elimination contaminants.
Capsule
92 hair and 805 urine samples collected from 16 volunteers over 6 months, tested for phthalate metabolites,
bisphenols and pesticides. 19 biomarkers (in hair) and 24 (in urine) were detected in >50% of the samples.
Keywords
Biomonitoring ; hair ; urine ; endocrine disruptor ; human exposure
Abbreviations
GC-MS/MS, gas chromatography tandem mass spectrometry; LC-MS/MS, liquid chromatography tandem
mass spectrometry; LOD, limit of detection; LOQ, limit of quantification; BPA, bisphenol A; BPF,
bisphenol F; BPS, bisphenol S; MBzP, monobenzylphthalate; MEP, monoethylphthalate; MMP, monomethylphthalate; MEHP, mono(2-ethylhexyl)phthalate; 5-OH-MEHP, 5-OH-mono(2-ethylhexyl)phthalate;
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5-oxo-MEHP, 5-oxo-mono(2-ethylhexyl)phthalate; OH-MPHP, mono-hydroxypropylheptylphthalate;5cx-MEPP, 5-carboxy-mono(2-ethylhexyl)phthalate; 2-cx-MMHP, mono(2-carboxymethylhexyl)phthalate;
MINP, mono-iso-nonylphthalate; MINP, mono-carboxyisooctylphthalate; OH-MINCH, cyclohexane-1,2dicarboxylicmonohydroxyisononylester; OH-MINP, mono(hydroxyisononyl)phthalate; cx-MINP, monocarboxyisooctylphthalate; oxo-MPHP, mono-oxopropylheptylphthalate; MINCH, monoester mono-isononylcyclohexane-1,2-dicarboxylate; oxo-MINCH, cyclohexane-1,2-dicarboxylicmonooxoisononylester; cx-MINCH,
cyclohexane-1,2-dicarboxylicmonocarboxyisooctylester; IMPy, 2-isopropyl-4-methyl-6-hydroxypyrimidine;
3Me4NP, 3-methyl-4-nitrophenol; PNP, para-nitrophenol; 3-PBA, 3-phenoxybenzoic acid; TCPy, 3,5,6trichloro-2-pyridinol; DEP, diethyl phosphate.
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7.2

Introduction

An endocrine disruptor (ED) is defined as “an exogenous substance or mixture that alters function(s)
of the endocrine system and consequently causes adverse health effects in an intact organism, or its
progeny, or (sub)populations” [WHO, 2002]. Although the first chemicals targeted as ED were mainly
persistent pollutants such as PCBs, dioxins and DDT [Reiter et al., 1998], many other chemicals from
different groups, including for instance non-persistent pesticides, phenols and phthalates, have since
been included in the different lists of ED (Chemsec SIN LIST, the TEDX (The Endocrine Disruption Exchange), [Beausoleil et al., 2018], [Kabir et al., 2015], [Mnif et al., 2011], [Ewence et al., 2015],
[Hafner et al., 2015]). The increasing awareness of ED ubiquitous presence and the possible consequences
on human health has incited to consider ED a public health priority at the international level, and
to intensify research in order to highlight human exposure to ED and better understand their effect
([Reiter et al., 1998], [Beausoleil et al., 2013], [Heindel et al., 2015], [Kabir et al., 2015], [Kahn et al., 2020]).

Among the different approaches adopted to assess exposure to pollutants, biomonitoring, consisting
in the analysis of biomarkers of exposure (the pollutants themselves or their metabolites) directly in
biological matrices collected from individuals, offers the advantage of providing information on the internal
dose and integrating all the sources of exposure including unsuspected ones. For this purpose, urine has
been historically the most used matrix for the biomonitoring of hydrophilic ED such as phenols, phthalates
and some pesticides by targeting their urinary metabolites.

Nevertheless, several studies pointed out that the concentration of these pollutants (or their metabolites) in urine is highly variable on the short term. This high variability is due to both the rapid
elimination of these chemicals (mainly in urine) after exposure, and the frequent re-exposure over time due
to their presence in homes, materials, food, care product ([Aylward et al., 2014], [Giovanoulis et al., 2018],
[Fays et al., 2020]). The successive rises and falls in biomarker concentration, possibly covering several
orders of magnitude within one day, make a single urine sample irrelevant to assess chronic exposure,
and represent the main limitation to classifying individuals according to their level of exposure based on
urinary biomarkers ([Fays et al., 2020]).

In order to circumvent the limitation associated with urinary biomarker variability, two approaches
can be taken. On the one hand, increasing the number of samples collected from each individual over
a defined period is usually considered to improve the quality of exposure assessment over this period
([Kissel et al., 2005], [Wielgomas, 2013], [Xiao et al., 2014], [Fays et al., 2020]). Samples can then be analysed as pools to obtain an averaged value, or separately to capture biomarkers variability over time
([Fays et al., 2020], [Philippat and Calafat, 2021]). The repeated collection of samples however increases
the sampling workload, the effort requested from the participant, and the analytical work and cost
if the samples are analysed separately. Moreover, depending on the biomarker tested, the number
of samples required to obtain a reliable global information on exposure may easily reach several tens
([Fays et al., 2020]). On the other hand, other matrices covering wider temporal windows than urine can be
considered. For this purpose, hair is a promising candidate that has been extensively used in other contexts
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such as forensic and clinical toxicology for the determination of drugs of abuse or biomarkers of alcohol
consumption, doping control, hormone analysis and heavy metals detection ([Appenzeller et al., 2007],
[Kintz et al., 2015], [Thieme and Anielski, 2015], [Staufer and Yegles, 2016], [Grova et al., 2020]). More
recently, several recent studies also validated its relevance for exposure assessment ([Duca et al., 2014],
[Appenzeller et al., 2017]), and demonstrated the possibility to detect in this matrix various contaminants
such as polycyclic aromatic hydrocarbons (PAH), pesticides from different classes and persistent organic pollutants (POPs)([Appenzeller and Tsatsakis, 2012], [Palazzi et al., 2018], [Iglesias-González et al., 2020],
[Peng et al., 2020]). Incorporation of chemicals into hair is considered to occur mainly from blood, in
living hair bulb cells ([Pragst and Balikova, 2006], [Chata et al., 2016]), making the concentration of xenobiotic in hair a reliable surrogate of the level of exposure and the internal dose ([Appenzeller et al., 2017]).
Nevertheless, although many different chemicals classes have been detected in hair, only very few studies
focused on emerging contaminants such as phthalates and bisphenols. In particular, the chemicals most
recently introduced (e.g. bisphenol B, DINCH) as replacement of previous ones submitted to use restriction
(e.g. bisphenol A, DEHP) have not been tested in hair yet.

In parallel, due to differences in the temporal window covered by urine (hours) and hair (weeks to
months) respectively, and different mechanisms of incorporation of the biomarkers of exposure in these
matrices, the results obtained from each of them might not be directly comparable. The choice of the
matrix used for exposure assessment is thus not trivial, and the nature and quality of the information
provided by each of these matrices might be significantly different, particularly for fast-elimination chemicals. Nevertheless, only very few studies compared the results obtained with different types of specimens
collected from the same individuals ([Kokkinaki et al., 2014], [Wang et al., 2018], [Hernandez et al., 2019],
[Kim et al., 2019], [Hardy et al., 2021]). These studies only focused on a limited number of chemicals from
the same class, and relied on a single sample of each matrix per individual, with rather limited relevance
for fast-elimination chemicals. Research is thus still needed to understand which information can be
provided by each matrix respectively, in the framework of repeated samplings over time allowing to assess
the high variability in exposure and internal dose which characterizes fast-elimination endocrine disruptors.

In order to fill this gap, hair and urine samples were collected from 16 volunteers over a 6 monthsfollow up and analysed for 29 biomarkers of exposure to fast-elimination pollutants including phthalates,
bisphenols and pesticides from different classes. In a first step, the variability observed for these biomarkers
in urine on this population has been presented in a previous article ([Fays et al., 2020]). More specifically,
we demonstrated that a single urine sample fails to provide reliable information on exposure, and that
increasing the number of urine samples only slightly improved the quality of exposure assessment. In
the present article, an analytical method based on liquid chromatography tandem mass spectrometry
(LC-MS/MS) and gas chromatography tandem mass spectrometry (GC-MS/MS) was specifically developed and validated to analyse several biomarkers that had never been analysed in hair until now. The
results obtained from the analysis of each matrix were compared regarding biomarkers concentration and
frequency of detection, to better understand which information could be obtained on exposure variability
and chronicity, and how individuals could be classified according to their level of exposure extrapolated
from biomarkers concentration in hair and urine.
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7.3
7.3.1

Material & Methods
Studied population and sample collection

Sixteen volunteers (8 women, 8 men) aged from 22 to 71 years old (average 40) were recruited for a 6
months follow-up, as previously described by Faÿs et al. ([Fays et al., 2020]). Briefly, during this period,
urine samples were randomly collected 1-3 times per week and each void was weighed in order to calculate
the total quantity excreted per urination for each chemical. The number of urine samples collected from
each participant ranged from 43 to 57. Overall, 805 urine samples (including 25% as first day voids, 6%
collected in the morning, 30% in the afternoon and 34% in the evening) were collected. Over the same
period, hair strands were also sampled at the end of each month and only the first proximal centimetre
(close to scalp) was later analysed, to represent the month before sampling. In total, 92 hair samples were
analysed, with a number of samples ranging from 4 to 6 per subject. After collection, hair samples were
stored in aluminium paper at -80°C in the lab freezer until analysis. The date of sampling, participant
code and length of the strand were written both on the aluminium paper and on a paper form. A mark
was also applied on the aluminium paper to indicate which part of the strand was the closest to the scalp
and the foil was folded to immobilize the strand of hair until analysis.
Population characteristics were previously detailed in Faÿs et al. ([Fays et al., 2020]) and presented
in Supplemental data Table 7.2. This study was approved by the National Committee of Ethic and
Research of Luxembourg (CNER, approval number 201601/04).

7.3.2

Biomarkers selection

Since the present study was focused on exposure assessment but did not target biological effects associated
with specific ED or ED class, different families were included in the list of target biomarkers: bisphenols,
phthalates and pesticides, which are among the most intensely investigated currently regarding their
possible effects on human.The list of target biomarkers was defined in agreement with the French Agency
for Food, Environmental and Occupational Health & Safety (ANSES), who was partner of the project.
For pesticide metabolites, we took advantage of previous research conducted by our team and others,
in which we could demonstrated that the biomarkers could actually be detected in both urine and
hair ([Hardy et al., 2015], [Beranger et al., 2018], [Hardy et al., 2021]). For bisphenols and phthalates,
we included metabolites of both “classical” compounds that have already been submitted to restriction
measures (e.g. Bisphenol A and DEHP) but for which important amount of data is available in the
literature regarding exposure and pharmacokinetics, and newly introduced chemicals (e.g. bisphenol
B, F, metabolites of DINCH) that were mainly introduced to replace the previous ones. In parallel,
the final list of biomarkers was also limited by the analytical constraints associated with multi-residue
methods. Although the initial list included a higher number of biomarkers, many had to be removed
because the method did not allow to reach sufficient sensitivity. Namely, pentachlorophenol, Cl2CA
(cis-3-(2,2dichlorovinyl)-2,2-dimethylcyclopropane-carboxylic acid, metabolite of permethrin), DETP
(di-ethyl thiophosphate, metabolite of organophosphate pesticides) and BADGE (Bisphenol A diglycidyl
ether) were included in the initial method but removed because they were not compatible with the final
analytical method. The final list of biomarkers is presented in Table 7.1.
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7.3.3

Preparation and measurement equipment

A New Brunswick G25 orbital incubator shaker and an IKA Vortex Genius 3 were used to perform
agitation steps. Centrifugations of samples were done with a Sigma 4-16KS centrifuge. Hair pulverization
was conducted with a MM200 ball mill from Retsch. The heating chamber used for derivatization reaction
was provided by Binder.

The analyses were performed with two instruments: an Agilent 7890 gas chromatograph system equipped
with a HP-5MS capillary column (30 m, 0.25 mm I.D., 0.25 µm film thickness) coupled to an Agilent
7000A triple quadrupole mass spectrometer operating in negative chemical ionization mode; and a Waters
Acquity UPLC H-Class ultra-high performance liquid chromatograph equipped with a BEH C18 column
(100 mm, 2.1 mm ID, 1.7 µm particle size) combined with a Waters Xevo TQ-S tandem mass spectrometer.

7.3.4

Urine analysis

The protocol and LC-MS/MS parameters used for the analysis of the urine samples were fully detailed
in Faÿs et al. ([Fays et al., 2020]). Briefly, urine samples (1 mL) were de-conjugated with 250 µL
of β-glucuronidase solution in ammonium acetate buffer (10 mM, pH 6.7) at 37 °C overnight under
agitation. 667 µL of aqueous acetic acid solution were then added to stop de-conjugation. A solid phase
extraction was performed with Waters OASIS HLB 6 cm3 150 mg columns and compounds were eluted
with 6 mL of methanol before evaporation to dryness under nitrogen stream at 37 °C. Samples were
reconstituted in 100 µL of acetonitrile before injection. Phthalate metabolites, pesticides and bisphenol S
were analysed directly after extraction with LC-MS/MS while bisphenols A, B and F were derivatized
with 1-methylimidazole-2-sulfonyl chloride to enhance their detection in LC-MS/MS.

7.3.5

Hair analysis

Hair samples preparation protocol
In order to remove external contaminants from hair surface, the strand of hair was decontaminated
according to the previously published procedure ([Duca et al., 2014]) including a first washing of 5 minutes
with 5% SDS aqueous solution and a second one with methanol during 5 minutes. After that, the lock of
hair was dried at ambient temperature with a paper tissue and then pulverized for 5 minutes at 25 Hz
with a ball mill.
An aliquot of 50 mg of hair powder was weighed in a 4-mL screw cap glass vial containing 10 µL of
internal standard solution. Hair powder was then extracted with 1 mL of acetonitrile/HCl 0.6M in water
(80:20, v/v) under overnight agitation at 40°C. After centrifugation of the sample at 5000 rpm for 15
minutes, the supernatant was collected in a 5-mL glass tube. The hair powder residue was rinsed by
an additional 1 mL of extraction solvent, a vortex and a centrifugation. Thereafter, the supernatant
was combined with the first extract obtained. The resulting extract was then evaporated to dryness
under nitrogen flow and reconstituted in 1 mL of 4% NH4OH aqueous solution. The extract was
loaded onto a Waters Oasis® MAX cartridge without vacuum, washed with 2 mL of 4% NH4OH aqueous
solution, and the cartridge was dried with vacuum for 5 min. Elution was conducted with 2 mL of methanol.
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The extract was then evaporated to dryness and reconstituted with 100 µL of 0.1% formic acid in
water/acetonitrile (80:20, v/v).

An aliquot of 20 µL was transferred in another vial, evaporated to dryness and derivatized at 60 °C
for 5 minutes after addition of 50 µL of bicarbonate buffer 100 mM at pH 10.5 and 50 µL of internal
standard at 10 mg/mL in acetone. After reaction, 100 µL of water was added and a volume of 1 µL was
injected for analysis of bisphenols by LC-MS/MS.

Another aliquot of 30 µL was transferred in a 5 mL glass tube, evaporated to dryness and derivatized
at 80°C for 30 minutes with 100 µL of PFBBr/acetonitrile (1:3, v/v) and 1 mL of acetonitrile. After
another evaporation to dryness, the extract was reconstituted with 20 µL of ethyl acetate and 2 µL was
injected in GC-MS/MS to determine TCPy and 3-PBA.
The remaining extract was used to quantify all the other compounds by LC-MS/MS (volume injected: 10
µL).
LC-MS/MS and GC-MS/MS parameters
After sample preparation, extract was split into 3 sub-extracts: two were analyzed by LC-MS/MS, one
injected after SPE and the other one was submitted to derivatization with IS, and the 3rd one was analysed
by GC-MS/MS.

LC-MS/MS

For all types of analysis, the mobiles phases used for separation were: water + 0.1% of formic acid
(mobile phase A) and acetonitrile (mobile phase D). The column temperature and sample compartment
were maintained at a temperature of 40°C and 10°C respectively. The flow rate applied for all methods
was set at 0.35 mL/min.
The solvent gradient applied for the determination of compounds present in the first extract was the
following: initial composition at 98% of A, linear increase of D to 65% until 3.7 min, then linear increase
to 95% of D from 3.7 to 8 min, composition hold during 2 min and back to initial composition for next
injection during 4 min.
The gradient used for bisphenols determination in the IS derivatized extract was defined as follows: initial
composition at 98% of A, linear increase of D to 40% until 1 min, then linear increase to 95 % of D from 1
to 6 min, composition hold during 2 min and back to initial composition for next injection during 4 min.

The tune parameters set for MS/MS acquisition were the same for all types of injection: capillary
voltage at 2 kV, source and desolvation temperatures at 150°C and 650°C respectively, cone gas flow at
150 L/h, desolvation gas flow at 1200 L/h, collision gas flow at 0.15 mL/min and nebulizer set at 6 bar.

The MRM transitions scanned for detection of compounds of interest are detailed in the Supplemental
Data Table 7.10. The validation data obtained for hair analysis are presented in the Supplemental
Data Table 7.11
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GC-MS/MS

The parameters used for GC-MS/MS analysis of the third sub-extract in which pesticide metabolites
were extracted were already detailed in a previously published study (Hardy et al. 2015). In brief, 2
µL of the third sub-extract reconstituted in ethyl acetate were injected into the GC system with the
pulsed splitless injection mode at a pulse pressure of 35 psi. The injector, transfer line and MS source
temperatures were set at 260°C, 250°C and 150°C respectively. Helium was used as carrier gas at a flow of
1.2 mL/min. Inside the MS/MS system, helium, nitrogen and methane were used for quench gas, collision
gas and CI reagent gas respectively. The temperature program of the GC oven was defined as follows: set
at 60°C for 1 min, increase by 20°C/min to reach 180°C, held for 1 min, rise at 4°C/min to 240°C then at
60°C/min to 300°C, final temperature maintained during 11 min plus 4 min more with backflush.
The MS/MS parameters used for detection are detailed in the Supplemental Data Table 7.3. The
results from the method validation for hair determination are detailed in the Supplemental Data Table
7.11 .

7.3.6

Data analysis

Intraclass Correlation Coefficient and variability
Intraclass correlation coefficient (ICC) was first used by Shrout and Fleiss [Shrout and Fleiss, 1979].
Briefly, ICC represents the portion of the total variability explained by difference between individuals,
assuming that only between-individuals variability (BV) and within-individuals variability (WV) composed
the total variance. BV and WV were here calculated using “Excel”. Formulas used for ICC calculation are
detailed in Faÿs et al (2020). All the samples (for both urine and hair) collected over the 6 months-follow
up were used for the calculation of the variability and ICC.
To assess the dispersion around the mean, the coefficient of variation (CV) was computed for each subjects
and each biomarker in hair and urine (Figure 7.2). CV was calculated by dividing the standard deviation
of a population by the mean, and then by multiplying by 100 to obtain a percentage.

Correlation
A bootstrap-based algorithm was developed to address the influence of the number of urinary samples on
the correlation between hair and urine samples (Figure 7.3). In order to limit the bias due to non-detects
replacement, only the 14 biomarkers (7 phthalates, 2 bisphenols and 5 pesticides) with a detection rate
above 60% in both matrices were considered in the algorithm. Data were log-transformed before the start
of the algorithm and for each biomarker, non-detects values were replaced by the LOD divided by 2.
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Figure 7.2: Coefficients of variation calculated for the biomarkers detected in >45% in hair and in urine.
Each circle represents a CV value for one subject.

Figure 7.3: Representation of the algorithm determining the correlation between hair and urine samples
depending on the number of urine samples
For each biomarker, the “hair mean” (HM) was calculated for each volunteer using all available hair
samples collected over 6 months, used as reference. Next, n urine samples per volunteer were randomly
selected to calculate “urinary means” (UM). The correlation between UM and HM for the 16 volunteers
were assessed using Spearman coefficient. The process was iterated 10,000 times per n, with n varying
from 2 to 43 to limit the bias due to sample selection. The average Spearman coefficients over the 10,000
iterations were presented in Figure 7.4.
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Figure 7.4: Spearman correlation coefficient between the concentration of biomarkers in hair and in urine,
depending on the number of urine samples considered in the calculation of the average concentration
The correlation between biomarker concentration in hair and in urine was also tested by taking each
hair sample of 1 cm separately instead of calculating a mean concentration for all the samples (per
subject). The value of urinary biomarker plotted against each hair sample was the mean amount of
biomarker excreted in the urine samples collected over the period theoretically corresponding to hair
growth, considering 1 cm per month: biomarker concentration in 1 cm hair segment (corresponding to 1
month) versus average concentration of urinary biomarker in all the urine samples collected over the same
month.
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7.4
7.4.1

Results
Detection rates and concentrations of biomarkers in hair

Eleven biomarkers (6 phthalates, 1 bisphenol and 4 pesticides) were detected in more than 80% of the
hair samples, including 9 in 90% or more (Figure 7.5, Table 7.1).
Concerning phthalates, the highest detection rate was observed for MEHP with 98%. Six metabolites
were detected in more than 87% of the samples, 3 metabolites were detected in 48 to 68 % of the samples,
and 7 were detected in less than 9%. Three biomarkers (MINP, 2-cx-MMHP, cx-MINCH) were never
detected in this work. The highest median concentrations were observed for MEHP (12.1 pg/mg) and
MEP (7.9 pg/mg), and the maximal value was observed for MEP 18120 pg/mg.

Figure 7.5: Detection rate of the 29 biomarkers in urine and hair samples collected over 6 month follow-up.
For bisphenols, detection rates were 98%, 76%, 52% and 19 % for bisphenol S, A, F and B respectively.
The highest median value for bisphenols was observed for bisphenol A with 6.4 pg/mg, and the lowest for
bisphenol F with 0.05 pg/mg. Since hair samples were extracted under highly acidic conditions, conjugated
bisphenols (if present in hair) were hydrolysed. The values presented here therefore correspond to total
bisphenols.
For pesticides, only fipronil sulfone (metabolite of fipronil), was detected in all the samples. For the other
ones, detection rate ranged from 61% (diflufenican) to 97 % (PNP). Median concentration ranged from
0.04 pg/mg (TCP-y) to 2.8 pg/mg (PNP), with PNP ten times higher than the second highest values
(0.27, 3-PBA).
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Table 7.1: Concentration levels (pg/mg) of phthalate metabolites, bisphenols and pesticide biomarkers in
hair samples from the 6-month follow-up of 16 volunteers
Target biomarker (Corres- LOD
% of
ponding parent)
(ng/mg) detection

Mean

Min

P25

Median P75

Max

Phthalate metabolites
MMP(DMP)

0.13

48

6.9

-

-

<LOD

1.6

62.3

MEP(DEP)

0.5

87

857.2

<LOD

2.5

7.9

31.6

18120

MBzP(BBzP)

0.03

88

0.7

<LOD

0.16

0.4

0.68

5.8

MEHP(DEHP)

0.74

98

50.2

<LOD

5.4

12.1

26.6

692

5-oxo-MEHP (DEHP)

0.004

97

0.28

<LOD

0.05

0.11

0.22

6.74

5-OH-MEHP (DEHP)

0.01

90

0.28

<LOD

0.03

0.1

0.21

1.84

5-cx-MEPP (DEHP)

0.02

67

0.46

-

<LOD

0.06

0.13

8.2

2-cx-MMHP (DEHP)

NA

0

nd

nd

nd

nd

nd

nd

OH-MPHP (DPHP)

0.19

3

0.43

-

-

-

<LOD

2.88

oxo-MPHP (DPHP)

0.004

51

0.07

-

<LOD

0.004

0.017

0.86

MiNP (DiNP)

NA

0

nd

nd

nd

nd

nd

nd

OH-MINP (DiNP)

0.24

8

1.11

-

-

-

<LOD

2.88

cx-MINP (DiNP)

0.01

46

1.52

-

-

<LOD

0.05

35.6

MINCH (DINCH)

0.03

97

1.04

<LOD

0.25

0.49

0.97

27.7

OH-MINCH (DINCH)

0.32

2

0.38

-

-

-

<LOD

0.44

cx-MINCH (DINCH)

NA

0

nd

nd

nd

nd

nd

nd

oxo-MINCH (DINCH)

0.18

2

0.39

-

-

-

<LOD

0.6

Bisphenol Sa

0.16

98

31.3

<LOD

2.3

5.7

15.5

458

Bisphenol Fa

0.05

52

0.42

-

<LOD

0.05

0.1

2.99

a

0.85

76

22.5

<LOD

0.86

6.4

17.2

95.8

Bisphenol Ba

0.01

19

1.72

-

-

-

<LOD

16.2

PNP (parathion)

0.17

97

3.3

<LOD

1.3

2.8

4

16.9

TCPy (chlorpirifos)

0.01

63

0.83

-

<LOD

0.04

0.16

22.3

3-PBA (pyrethroids)

0.03

94

0.6

<LOD

0.13

0.27

0.64

7.5

IMPy (diazinon)

0.02

71

0.2

-

<LOD

0.12

0.16

1.35

3Me4NP (fenitrothion)

0.01

90

0.33

<LOD

0.07

0.18

0.29

1.38

Diflufenicana

0.004

61

0.19

<LOD

<LOD

0.014

0.03

4.9

Fipronila

0.01

78

12.2

<LOD

0.007

0.05

0.18

175

Fipronil sulfone (fipronil)

0.04

100

3.2

0.04

0.14

0.25

0.63

76

Bisphenols

Bisphenol A

Pesticides

a

The biomarker is the parent
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7.4.2

Detection rates and concentrations of biomarkers in urine

Detection rates and concentrations of the urinary biomarkers analysed in this study were fully detailed in
a previous article ([Fays et al., 2020]) and are presented here in supplemental data (Tables 7.12 7.13).
Briefly, the detection rates observed in the 805 urine samples ranged from 28% (bisphenol B) to 100%
(MEP, MBzP, 5-oxo-MEHP, 5-OH-MEHP, 5-cx-MEPP and TCPy).
Twelve out of the 16 phthalate metabolites were detected in >90%. The amount of biomarker excreted per
urination was highly variable, as shown with the example of MEHP which ranged from 1.5 to 139499 ng.
The highest median value was observed for MEP (11028 ng), and the lowest for OH-MPHP (< 0.8 ng).
All the bisphenols were detected in >87% of the samples with the exception of bisphenol B (28%). The
highest amount excreted in one urination was observed for bisphenol S (145054 ng) and the highest median
amount excreted in urine was observed for bisphenol A (360.5 ng). Since urine were hydrolysed before
analysis, these values correspond to total bisphenols.
For pesticides, the detection rates ranged from 21% (diflufenican) to 99% (PNP). The lowest median value
was observed for fipronil and its metabolite fipronil sulfone (<0.1 ng) and the highest was observed for
DEP (1611.3 ng).

7.4.3

Biomarkers variability in hair and in urine

In hair, ICC values ranged from 0.1 (IMPy) to 0.8 (MEP) and ten biomarkers presented ICC values
above 0.4, suggesting fair reliability according to Rosner (Rosner 2015) (Figure 7.6). For the phthalate
metabolites, the highest ICC were observed for MEP with 0.8 in hair and 0.51 in urine, and the lowest for
5-cx-MEPP in hair (0.26) and for MINCH in urine (0.11). For pesticides, the lowest ICC values were 0.1
(IMPy) for hair and 0.16 (PNP) for urine, whereas the highest were calculated for Fipronil in hair (0.75)
and in urine (0.35). For bisphenols, bisphenol F presented the lowest ICC value in hair (0.25) and the
highest in urine (0.34), while bisphenol S had the highest ICC value in hair (0.65) and the lowest in urine
(0.15).

The coefficient of variation (CV) observed for one biomarker was different depending on the subject, but
this difference was much more marked in urine than in hair (Figure 7.2). For instance, the CV calculated
for MINCH for the different subjects ranged from 23% to 102% in hair and from 117% to 530% in urine.
For the phthalate metabolites, the highest CV was observed for cx-MINP (196%) in hair and for MEHP
(535 %) in urine, and the lowest value was 13 % in hair (5-oxo-MEHP) and 49 % in urine (5-cx-MEPP).
For pesticides, TCPy presented the highest CV in hair (220%) and fipronil presented the highest CV in
urine (535%), whereas the lowest values were obtained for IMPy (23%) in hair and PNP (62%) in urine.
For the bisphenols, bisphenol S presented the highest CV in both hair (214%) and urine (621 %), whereas
the smallest CV was observed for bisphenol S in hair (16%) and for bisphenol A in urine (69 %).
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Figure 7.6: Intraclass correlation coefficients (ICC) for biomarkers detected in >45% of the samples in
hair and in urine.
(*) indicates biomarkers detected in less than 60% of the samples.

7.4.4

Correlation between hair and urine

When only one urine sample was considered, only MEP presented a significant correlation between its
concentration in hair and in urine (RSpearman = 0.62, p value = 0.009) (7.4). The correlation increased
to RSpearman = 0.88 when MEP concentration in urine was based on the average of 43 samples.

For the other biomarkers, the correlation between the concentration in hair and in urine ranged from
RSpearman = -0.098 (bisphenol A) to 0.250 when only 1 urine sample was considered, and from -0.26 (for
bisphenol A) to 0.51 (IMPy) when the 43 urine samples were used to calculate the average concentration.
Nevertheless, this correlation was only significant (p value < 0.05) for 2 biomarkers: 5-oxo-MEHP (for 36
samples and more) and IMPy (for 29 samples and more). For all the other biomarkers, the correlation
between concentration in hair and in urine was never significant whatever the number of urine samples
considered to calculate the average concentration.

Considering each hair sample separately (against the urine samples collected over the corresponding period)
instead of a mean value per subject did not improve the correlation between biomarkers concentration
in hair vs urine (Figure 7.7). The value of the R2 ranged from <0.001 (BPS) to 0.53 (MEP) and the
association was only significant for MEP. Removing the non-detects from the correlation analysis did not
change the significance.
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Figure 7.7: Association between biomarker concentration in hair versus urine considering each hair sample
separately (n=92).
Biomarker concentration in each 1 cm-hair segment (corresponding to 1 month) is plotted against the
average amount of urinary biomarker excreted over the corresponding period.
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7.5

Discussion

The few studies that investigated DEHP, DINCH and DPHP metabolites in hair were conducted on
a limited number of subjects ([Chang et al., 2013]; [Yin et al., 2019]). Chang et al. detected MEHP,
5-oxo-MEHP and 5-OH-MEHP in all of the 10 hair samples they tested, which is in line with the high
detection rates observed in the present study (98%, 97%, 90% respectively). Similarly to the present work,
the detection rate of 5-cx-MEPP was also lower than the other metabolites of DEHP, and 2-cx-MMHP
was never detected. However, the concentrations measured by Chang et al. were slightly higher than the
ones observed here, suggesting a difference in DEHP exposure between the two groups tested. Concerning
DPHP metabolites measured by Yin et al.([Yin et al., 2019]), the detection rate of OH-MPHP was slightly
higher than in the present study (11% vs. 3%), and oxo-MPHP was never detected in their study while
we observed this metabolite in 51% of the samples. The latter differences being probably explained by the
difference in analytical sensitivity (0.5 pg/mg vs 0.004 in the present study). Among DINCH metabolites,
even if the detection rate of MINCH was lower in the study of Yin et al. ([Yin et al., 2019]) compared to
the present work (78% vs. 97% here), the median concentration of MINCH (6 times higher than here)
and the higher detection rate observed for OH-MINCH suggests a different level of exposure between the
two groups. In the two studies, cx-MINCH was never detected, suggesting that this metabolite is minor
in hair and would thus be less relevant.

To the best of our knowledge, bisphenol A (BPA) is the only bisphenol previously analysed in hair in
the literature. Two studies conducted on Spanish and Polish general populations ([Martin et al., 2019];
[Nehring et al., 2017]) found median concentrations in hair much higher than in the present study (195.1
pg/mg in Spain, 337.5 pg/mg in Poland, 6.4 pg/mg in the present work). However, two other works
investigating BPA in hair from Greek adults ([Karzi et al., 2018]; [Tzatzarakis et al., 2015a]) were more in
line with our results since the median values presented ranged from <2.9 pg/mg to 13.8 pg/mg. Moreover,
the geometric means reported in the latter publications were in agreement with the mean obtained on
our population of interest (Greece: 16.6-18.4 pg/mg vs. 22.5 pg/mg here). These findings could reflect
differences in BPA exposure between populations although differences in methodology (decontamination
procedures, extraction solvents, determination of free or total BPA for instance) cannot be excluded.

The detection rates of pesticide biomarkers analysed in the present study (61% to 100%) were similar to
rates reported in previous studies conducted on the French population (40-100%) ([Beranger et al., 2018];
[Iglesias-González et al., 2020]). The concentration levels observed here were however in the lower range
compared to these previous studies. For instance, the concentrations of organophosphate metabolites
reported by Béranger et al. (2018), and Iglesias et al. (2020) were 3 to 42 times higher than values observed
in the present work. Similarly, 3-PBA, a pyrethroid metabolite, presented a median concentration of 0.27
pg/mg compared to 1.69-2.36 pg/mg in the previous studies. In like manner, the levels of diflufenican and
fipronil were also lower than in the other studies on French women and children (e.g. fipronil median
concentration value at 0.05 pg/mg while reaching 0.3 pg/mg to 1.62 pg/mg in the literature). These
110

results suggest rather low exposure of the individuals studied in the present work compared to the previous
studies, confirming that no specific exposure leading to extremely high exposure levels (such as occupation)
concerned this population.
The detection rates and concentration levels of the biomarkers in the urine samples collected from the 16
subjects involved in the study were fully detailed in a previous article ([Fays et al., 2020]).

As observed on Figure 7.5, eight out the 28 biomarkers presented less than 10% difference in the
detection rate between hair and urine. For the remaining ones, 15 were more frequently detected in urine
and 5 were more present in hair (MINCH, diflufenican, fipronil, fipronil sulfone and bisphenol S).

The few studies comparing the detection rates between urine and hair samples collected from the same
individuals reported higher detection frequency in hair ([Hernandez et al., 2019]; [Kokkinaki et al., 2014];
[Wang et al., 2018]; [Kim et al., 2019]; [Hardy et al., 2021]). Similarly, a study conducted on rats under
controlled exposure to a mixture of pesticides from different chemical classes also reported that the number
of compounds detected in hair was always higher than in urine ([Appenzeller et al., 2017]).
The difference in biomarker detection between the two matrices can first be explained by the different
time window covered by each of them. On the one hand, most chemicals are transferred in urine within a
few hours after exposure, and their concentration may become undetectable rapidly after exposure stops.
Urine is therefore representative of the few hours before sampling only, and the time of sample collection
has therefore a direct impact on the chemicals present in this matrix. On the other hand, hair may
contain the chemicals that have been present in the body (even for a short time) over a period of weeks to
months, depending of the length of the hair strand. This wide window of detection highly increases the
chances to cover the time of exposure and to detect the corresponding biomarkers, explaining the higher
detection rates observed for some biomarkers in hair compared to urine. In the present work, the high
detection rates observed for most biomarkers in urine (e.g. most phthalate metabolites, TCPy, 3Me4NP,
3-PBA, PNP, and most bisphenols) despite their fast elimination, strongly suggest a frequent exposure
of the subjects to these chemicals. In counterpart, the relatively low detection rates observed for other
biomarkers such as diflufenican and bisphenol B would suggest less frequent exposure.

Physicochemical properties may also influence the transfer of chemicals into urine and hair. As
previously demonstrated, chemicals are mainly incorporated into hair from blood ([Chata et al., 2016]).
The very low detection rate of some biomarkers (e.g. MINP, 2cx-MMHP, cx-MINCH, oxo-MINCH) in
hair, despite their frequent presence in urine, might be explained by a very fast transfer of hydrophilic
chemicals from blood to urine after their formation. This rapid transfer would lead to insufficient residence
time and concentration of the biomarkers in blood to allow their incorporation in hair at detectable
levels. This hypothesis is in line with pharmacokinetic data reported for DiNP metabolites in rat plasma.
After oral administration (750 mg/kg/day), the concentration of MiNP in plasma was immediately
decreasing, whereas the maximal concentration of the oxidized metabolites cx-MiNP and OH-MiNP
was only reached after 2h ([Clewell et al., 2013]), allowing better incorporation from blood into hair.
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Moreover, the concentration of cx-MiNP in plasma was much higher than the one of OH-MiNP, which
is in line with the rates of detection respectively observed for these biomarkers in hair in the present
work. Similarly, although MEHP is not the major metabolite of DEHP in urine compared to the oxidized
metabolites ([Koch and Angerer, 2007]), MEHP however presents the highest concentration in plasma
following exposure ([Lorber et al., 2010]), which would explain its higher frequency of detection in hair.
In parallel, differences in biomarker detection rates between hair and urine due to differences in the
analytical methods between the two matrices cannot be excluded.

On top of demonstrating exposure, one of the main goals of biomonitoring consists in classifying
individuals according to their level of exposure to pollutants. Classification of the individuals is then used
to investigate possible association with health outcome or to identify determinants of exposure. Level
of exposure (or internal dose) is extrapolated from biomarkers concentration in the biological samples
analysed. Consequently, variability in biomarker concentration in samples repeatedly collected from an
individual is considered a key indication of the reliability of exposure assessment: high concentration
variability is associated with poor reliability of the classification ([Fays et al., 2020]). For this purpose,
intraclass correlation coefficient (ICC) is considered a good indicator of biomarker concentration variability
and robustness of the classification of the subjects. A biomarker presenting ICC value ≥ 0.75 is interpreted
as allowing classification with excellent reliability, 0.4≤ ICC≤ 0.75 allows fair to good reliability, whereas
biomarkers with ICC values < 0.4 suggest that classification of the individuals based on biomarker
concentration is poorly reliable ([Rosner, 2015]). Therefore, ICC values calculated for the same biomarker
in hair and in urine respectively represents an interesting approach to compare the information obtained
from each matrix. In the present study, most biomarkers presented much lower ICC value in urine than
in hair (Figure 7.6). Actually, ICC values in urine were all below 0.4 except for MEP and MBzP,
indicating higher intra-individual than inter-individual variability and therefore unreliable classification
([Fays et al., 2020]). In counterpart, eight biomarkers presented ICC values in hair between 0.5 and 0.8,
indicating robust discrimination of the individuals according to biomarker concentration in hair. An
illustration of the influence of biomarkers concentration variability on individual classification is presented
in Figure 7.8, with the example of MEHP, which presented ICC values of 0.21 in urine and 0.71 in hair
respectively. In urine, the high variability in MEHP concentration results in different classification of the
subjects depending on the time point considered. On the contrary, the classification of the subjects based
on MEHP in hair remains unchanged whatever the time point.
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Figure 7.8: Concentration of MEHP in urine (A) and hair (B) samples of three subjects over the 6 months
follow-up.
In order to investigate the link between the information obtained from hair and from urine respectively,
the correlation between biomarker concentration in the two matrices was calculated. As observed in the
few studies comparing paired hair and urine samples, poor correlation was expected when considering
one sample of each matrix per individual because of the different time window covered by hair (months)
and urine (hours) respectively ([Kokkinaki et al., 2014]; [Hernandez et al., 2019]; [Hardy et al., 2021]).
Nevertheless, it is generally considered that increasing the number of urine samples collected from an
individual enables to calculate a mean concentration more representative of the average/chronic level of
exposure ([Fays et al., 2020]; [Kissel et al., 2005]; [Xiao et al., 2014]; [Wielgomas, 2013]).
An algorithm was therefore developed to determine to what extent increasing the number of urine
samples would improve the correlation between urine and hair. As expected, the concentration of biomarkers in hair was poorly correlated with the corresponding concentration in urine when only one urine sample
was considered (Figure 7.4). Surprisingly, increasing the number of urine samples to get an averaged value
of the amount of biomarkers excreted per urination only had a very limited influence on the correlation
between the two matrices. Actually, only MEP concentration presented significant correlation between
urine and hair whatever the number of urine samples considered. Considering a scale of 1 month (each 1
cm hair-segment against the urine samples collected over the corresponding period) instead of the total
follow-up (6 months) did not improve the association between biomarkers in hair and in urine (Figure 7.7).

The lack of correlation between urine and hair can probably be partially explained by the high
variability of biomarkers in urine. For nine biomarkers, the intra-individual variability in urine was above
100% in more than half of the subjects (Figure 7.2). For 12 biomarkers, many subjects even reached
variability values between 200 and 621%. In counterpart, the variability of biomarkers concentration in
hair was much lower. The median intra-individual variability was below 80% for 11 biomarkers, and only
3 subjects presented variability above 200% for one of the biomarkers (2 for TCPy and 1 for bisphenol S
respectively). As a result, the value used for a biomarker concentration in urine cannot be considered
representative of the “real” average concentration, contrary to the concentration of the same biomarker in
hair, and this lack of representativeness of urinary biomarkers concentration is likely to negatively impact
the correlation between urine and hair.
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In parallel, contrary to hair, which covers the entirety of the follow-up period with no “missing window”,
each urination only represents a small part of the total volume excreted over the 6 months. Considering an
average number of 8 urination per day for normal individuals ([ International Continence Society, 2015]),
the number of 43 to 60 urine samples collected during this study only represents 3-4 % of the total amount
of urine excreted over the 6 months-follow-up. The missing 97% of the information concerning urine,
compared to the 100% available for hair can also explain the lack of correlation between the two matrices.

Finally, the present study suggests that urine and hair provide different (and possibly complementary)
information. With the present study design, the results showed that information obtained from urine is
limited to the short-term but fails to be representative of the chronic exposure even with a high number of
samples. As observed with the example of MEHP on 6 of the participants (Figure 7.9), the concentration
in hair provides much more stable information over time than the corresponding biomarker in urine. Urine
can however possibly capture exposure peaks, provided that samples are collected at the right time. As
observed here, several subjects presented some peaks in urinary MEHP, reaching values several orders
of magnitude higher than the “normal” fluctuation (Figure 7.9). Such peaks suggest higher exposure
episodes that could induce different effect than more stable exposure with equivalent total dose.

7.6

Limitations of the study

The limited number of subjects (n=16) involved in the present study does not allow to investigate the
possible influence of parameters such as age or demographic data on biomarker variability. Nevertheless, the
workload and effort requested from the participant associated with repeated sample collection represented
an important limitation, since about a thousand biological samples were collected over this six-month and
required one year for their analysis with up-to-date methods. It thus does not seem realistic to conduct
similar study on larger cohorts of hundreds or thousands of subjects, with large age distribution and
better representativeness of general population.
The results and conclusions presented here are therefore valid for the population under study, which
was however well balanced regarding gender and age, and did not present extreme values of biomarker
detection frequency and concentration that would suggest considering it as an unusual group regarding
exposure.
It also has to be acknowledged that to better understand which information can be obtain from different
matrices respectively regarding exposure assessment, the combination of several different studies, with
different design, conducted on different populations and targeting different biomarkers will be necessary.
The present work therefore only represents a contribution to the total information that will be necessary
to improve future biomonitoring strategies for the assessment of human exposure to pollutants, and
particularly fast-elimination ED.
Finally, since the present study was not focused on the determinants of exposure, no analysis was conducted
on environmental matrices or food.
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Figure 7.9: MEHP in urine (dotted line) and in hair (plain line) samples collected over the 6 months for 6
of the participants
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7.7

Conclusion

The present study is the first one analysing fast elimination endocrine disruptors from different chemical
families in hair and urine samples collected from the same individuals over a follow-up. Moreover, we
provide here the first values of concentration in hair for several phthalate metabolites and bisphenols.

Although most biomarkers were more frequently detected in urine than in hair, the variability of their
concentration was much lower in hair. The lack of correlation in biomarker concentration between hair
and urine illustrates the complexity of biomonitoring and suggests considering with caution the specificity
of the matrix in data interpretation. Hair provides a more stable information than urine, allowing a more
robust classification of the individuals according to their chronic level of exposure. In parallel, urine can
capture peaks in the exposure, provided that samples are collected at the right time.

Highlighting the respective advantages and limitations of urine and hair, the present study provides
new insight in the understanding of the information provided by these biological matrices and in their
relevance for the assessment of human exposure to fast elimination contaminants.
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7.9
7.9.1

Supplemental data
Chemicals, reagents and standard solutions

ULC/MS grade acetonitrile, formic acid, ammonium acetate, water, analytical grade acetone and Pesti-S
grade methanol and ethyl acetate were purchased from Biosolve (Dieuze, France). The derivatization
agents 1-methylimidazole-2-sulfonyl-chloride (IS) and 2,3,4,5,6-pentafluorobenzoyl bromide (PFBBr),
sodium dodecyl sulfate (SDS), potassium carbonate (K2CO3), sodium bicarbonate (NaHCO3) and βglucuronidase from E. coli K 12 were obtained from Sigma-Aldrich (Overijse, Belgium). Hydrochloric acid
(HCl 32%) and ammonia solution (NH4OH 25%) were provided by Merck (Brussels, Belgium). Acetic acid
and sodium hydroxide were supplied by VWR (Leuven, Belgium). Solid-phase extractions (SPE) were
carried out with Oasis® MAX 3 cc 60 mg and Oasis® HLB 6 cc 150 mg cartridges from Waters (Zellik,
Belgium).
Standards of phthalate metabolites, parent pesticides, pesticide metabolites and bisphenols as well as
their isotope-labeled corresponding analogues were purchased from Toronto Research Chemical (Toronto,
120

Canada), Sigma-Aldrich (Overijse, Belgium) and Santa Cruz Biotechnology (Heidelberg, Germany).
Standard purities were higher than 95 % except for mono(2-carboxymethylhexyl)phthalate (2-cx-MMHP)
(90 %).
Stock solutions at 1 g/L were prepared in acetonitrile or methanol and stored in a freezer at -20°C. Working
solutions with concentration levels ranging from 0.001 to 10 mg/L (depending on the compound of interest)
were prepared by mixing stock solutions and 10-fold successive dilutions with acetonitrile. A mixture of all
internal standards was prepared with the following concentrations: 10 mg/L for monoethylphthalate-D4
(MEP-D4); 1 mg/L for monomethylphthalate-D4 (MMP-D4), mono(2-ethylhexyl)phthalate-D4 (MEHPD4), bisphenol A-D16 (BPA-D16), bisphenol S-D8 (BPS-D8); 0.1 mg/L for monobenzylphthalate-D4
(MBzP-D4), cyclohexane-1,2-dicarboxylicmonohydroxyisononylester-D8 (OH-MINCH-D8), 5-OH-mono(2ethylhexyl)phthalate-D4 (5-OH-MEHP-D4), 5-oxo-mono(2-ethylhexyl)phthalate-D4 (5-oxo-MEHP-D4),
mono-hydroxypropylheptylphthalate-D4 (OH-MPHP-D4), mono(2-carboxymethylhexyl)phthalate-D4
(2-cx-MMHP-D4), mono-iso-nonylphthalate-D4 (MINP-D4), mono-carboxyisooctylphthalate-D4 (cxMINP-D4), cyclohexane-1,2-dicarboxylicmonohydroxyisononylester-D8 (OH-MINCH-D8), cyclohexane-1,2dicarboxylicmonooxoisononylester-D8 (oxo-MINCH-D8), 2-isopropyl-4-methyl-6-hydroxypyrimidine-13C4
(IMPy-13C4), para-nitrophenol-D4 (PNP-D4), 3-phenoxybenzoic acid-13C6 (3-PBA-13C6), diflufenicanD3, fipronil-13C6, bisphenol F-D10 (BPF-D10). Compounds for which the stable isotope labeled analogue
was not commercially available were quantified using the internal standard presenting a close retention
time and/or a similar chemical function.
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Table 7.2: General characteristics of the population
Characteristics

N(%)

Sex

16

Age (sd)

Female

8(50)

Male

8(50)

40(18)

Activity
Pensioner

4(25)

Employee

9(56)

Student

3(19)

Countryside

7(44)

City

9(56)

Yes

1(6)

No

13(81)

Occasionnaly

2(13)

Yes

5 (31)

No

11(69)

Lille (France)

5 (31)

Luxembourg

11(69)

Households

Smoking

Presence of pets at home

Location

122

Figure 7.10: MS/MS parameters used for phthalate metabolites, bisphenols, pesticides and their metabolites
detection by LC (RT: retention time; CE: collision energy)
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Table 7.3: MS/MS parameters used for pesticide metabolites detection by GC (RT: retention time; CE:
collision energy)
Compound

RT (min)

Quantification CE (eV)
transition

Confirmation CE (eV)
transition

TCPy

13.67

196.0>35.0

20

198.0>35.0

20

PNP-D4

14.71

142.0>112.0

19

PNP

14.75

138.0>108.0

19

3Me4NP

15.49

152.0>122.0

16

152.0>107.0

16

3-PBA-13 C6

21.76

219.0>99.0

21

3-PBA

21.76

213.0>93.0

21

213.0>169.0

12

Bisphenol A-D16

27.68

421.4>222.0

47

Bisphenol A

27.78

407.4>211.0

47

407.4>226.0

17

Bisphenol S-D8

35.51

437.0>256.0

22

Bisphenol S

35.64

429.0>248.0

22

429.0>184.0

47

Figure 7.11: Validation data obtained for hair analysis
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Figure 7.13: Concentration of biomarkers (ng/mL) excreted in the urine samples (n=805) of the 16
volunteers over 6 months

Figure 7.12: Amount of biomarkers (ng) excreted in the urine samples (n=805) of the 16 volunteers over 6
months
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Chapter 8

Article IV
Context
After the introduction of the hair analysis in the previous article, the conclusion of the lack of correlation
between hair and urine samples appeared. One of the reasons that could explain this lack of correlation
is the frequent exposure to pollutants: for a human model, the dose and frequency exposure are often
unknown. Thus, an animal experiment with collection of urine and hair samples with strict control of the
pollutants doses given to the animals has been launched with rats and presented in the following article.
Moreover, other objectives were pursued such as :
• Prove the link between concentration of biomarkers in hair and the exposure dose in a controlled
experiment for fast-elimination biomarkers.
• Determine the role of the PK parameters in the chemical incorporation in hair.
• Determine the PK parameters in a controlled model for each biomarker.
• Develop statistical models linking the biomarker concentration in hair with other predictors (PK
parameters and the exposure dose).
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Incorporation of fast elimination biomarkers of exposure in hair is governed by pharmacokinetics.
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8.1

Abstract

Background
In biomonitoring studies, the hair matrix allows a more precise evaluation of long-term exposure to various
chemical compounds due to a broader window of detection. In addition, at equivalent exposure levels, the
concentrations of biomarkers detected in biological matrices can be different, suggesting a PK parameters
influence into the biomarker incorporation in hair. This influence was already proved in the literature,
but not for fast-elimination endocrine disruptors such as bisphenols, phthalate metabolites or pesticides.
In addition, only a few studies report PK parameter estimates calculated on an animal model for these
biomarkers, while assessing the relationship between biomarker concentration in hair and exposure dose.
Methods
In the present study, hair and urine samples were collected from 8 different level of exposure (56 rats)
over a 3 months experiment. All in all, 100 hair samples and 546 urines samples were collected and
analysed for the presence of 17 phthalate metabolites, 4 bisphenols and 7 pesticides/metabolites. 5 PK
parameters were calculated using 26-hours urinary follow-up from 3 different exposure groups. The link
between biomarker concentration in hair with other predictors (including exposure dose) was assessed
using multivariable linear models.
Results
All the biomarkers analysed were detected in at least one of the two matrices. Coefficient of determination
(R2 ) between the exposure dose and the biomarker concentration detected in hair ranged from <0.001
to 0.92. The relation between exposure dose and biomarker concentration in hair can be impaired (e.g.
BPA). PK parameters improved the quality of the prediction of biomarkers concentration in hair using a
linear model (R2 from 0.19 (only Dose as predictive variable) to 0.37 (Dose+ all the PK parameters as
predictive variable)). The prediction improvement of the models is stronger when they are conducted
with chemically close compounds.
Conclusion
This study highlights the link between the exposure dose and the biomarkers concentration in hair
for fast-elimination endocrine disruptors. The results provide the estimation of 5 different urinary PK
parameters, and show that these parameters can improve the prediction of biomarkers concentration in
hair. Finally, the present work shows that in the context of predicting the biomarker concentration in
hair, the internal dose appears to be at least as important as the exposure dose, depending on the family
of compounds studied.
Capsule
100 hair samples and 546 urines samples from 56 rats were collected over 2 months, aiming to calculate
the PK for 28 biomarkers, and to study the link between hair concentration and exposure dose. The
degree of importance of PK parameters in improving the prediction of biomarker concentration in hair as
a function of exposure level depends strongly on the biomarker family.
129

Keywords
Biomonitoring; Hair; Urine; biomarkers of exposure; Fast-elimination chemicals.

Abbreviations D30, 30 days after the start of the experiment; D60, 60 days after the start of the
experiment; GC-MS/MS, gas chromatography tandem mass spectrometry; LC-MS/MS, liquid chromatography tandem mass spectrometry; LOD, limit of detection; LOQ, limit of quantification; BPA,
bisphenol A; BPF, bisphenol F; BPS, bisphenol S; MBzP, monobenzylphthalate; MEP, monoethylphthalate; OH-MINCH, cyclohexane-1,2-dicarboxylicmonohydroxyisononylester; MMP, monomethylphthalate;
MEHP, mono(2-ethylhexyl)phthalate; oxo-MINCH, cyclohexane-1,2-dicarboxylicmonooxoisononylester;
5-OH-MEHP, 5-OH-mono(2-ethylhexyl)phthalate; 5-oxo-MEHP, 5-oxo-mono(2-ethylhexyl)phthalate; 5cx-MEPP, 5-carboxy-mono(2-ethylhexyl)phthalate; 2-cx-MMHP, mono(2-carboxymethylhexyl)phthalate;
MINP, mono-iso-nonylphthalate; OH-MINP, mono(hydroxyisononyl)phthalate; cx-MINCH, cyclohexane1,2-dicarboxylicmonocarboxyisooctylester; cx-MINP, mono-carboxyisooctylphthalate; OH-MPHP, monohydroxypropylheptylphthalate; oxo-MPHP, mono-oxopropylheptylphthalate; MINCH, monoester monoisononyl-cyclohexane-1,2-dicarboxylate; IMPy, 2-isopropyl-4-methyl-6-hydroxypyrimidine; 3Me4NP, 3methyl-4-nitrophenol; 3-PBA, 3-phenoxybenzoic acid; TCPy, 3,5,6-trichloro-2-pyridinol; DEP, diethyl
phosphate; PK, pharmacokinetic(s);
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8.2

Introduction

With the increasing presence of chemical compounds in our daily lives, the question of exposure assessment
and the health effects potentially linked to this exposure (for instance the endocrine disruptors effect) has
become crucial, as evidenced by the number of scientific publications on the subject ([Martin et al., 2019],
[Giovanoulis et al., 2018], [Swan et al., 2005] ).
This exposure can be assessed in different ways, either indirectly, using environmental measurements
(air or dust [Doney et al., 2017], [Bastiaensen et al., 2019]) or questionnaires for the volunteers (use of
make-up or personal hygiene products [Larsson et al., 2014], [Bocca et al., 2020]), either directly by research and analysis of pollutants and/or their metabolites taken directly from the individual’s biological
matrices. This second approach is called biomonitoring and became over the last years an essential tool
for epidemiological studies.

Usually conducted on matrices produced in large quantities such as blood or urine, biomonitoring
studies have also investigated in recent years the use of new matrices such as hair, sweat or saliva
([Li et al., 2013a],[Olympio et al., 2020]). In contrast to conventional matrices which are only responsible
for a narrow detection window, hair presents the advantage of providing an overall estimate of the exposure
dose over longer periods of time, on the order of a few weeks to a few months.
Therefore, the use of hair to assess the exposure has intensified in recent years, with studies proving the link between exposure dose and concentration in the hair for several families of compounds
([Appenzeller et al., 2017], [Chata et al., 2016]). Nevertheless, this link had not yet been demonstrated
for families of rapidly eliminated compounds such as phthalate metabolites or bisphenols.

Thus, estimating the concentration of pollutants in a biological matrix can serve different purposes
such as proving exposure to pollutants (forensic research [Yegles et al., 2004]), comparing populations
([Palazzi et al., 2018]), or classifying individuals according to their level of exposure in order to establish
a causal relationship between this exposure and the appearance of health effects ([Fäys et al., 2021]).
However, human biomonitoring is not able to estimate either the exposure dose responsible for the
concentration detected in the sample, nor the internal dose of pollutants actually present in the target
organ.

Furthermore, these 2 doses are needed in epidemiological studies, since they provide complementary
information about the exposure. For instance, the exposure dose is normally subject to regulations from
authorities and can be compared to the acceptable daily intake (ADI). For the internal dose, usually
assimilated to blood concentration, it provides a more precise exposure evaluation by estimating the actual
chemical quantity in the body potentially responsible for the health symptoms onset.
In addition, it has been shown in several animal experiments in which the exposure was controlled, that for
similar exposure levels, different compounds can result in different hair or blood concentrations, making it
very difficult to assess exposure for fast-elimination compounds.
In a previous published paper from our team ([Chata et al., 2016]), it has been showed that physicochemical properties were not responsible for the observed incorporation. In the present work, we therefore
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hypothesized that the observed differences in chemicals incorporation in hair for fast-elimination chemicals
were induced by pharmacokinetic (PK) parameters instead.

These PK parameters were usually deduced from the concentration of pollutants in the blood during
a follow-up generally lasting 24 hours ([Chata et al., 2019]), but in the present work it was decided to
extrapolate those parameters from urinary concentration of biomarkers over a 26 hours follow-up. This
choice was mainly motivated by the absence of invasive techniques needed to collect samples, and the
subsequent decrease in the severity of animal experimentation.

Finally, a 2-month study involving 56 female Long-Evans rats was launched to collect hair and urine
samples to assess the link between exposure and presence in the body of 28 different compounds (4
bisphenols, 7 biomarkers of pesticides and 17 phthalate metabolites). Hair samples were collected every
months for each of the 8 groups of animals, while urine samples were collected only for group 2,4 and
6 30 and 60 days after the start of the experiment. Both samples were analyzed with LC-MS/MS
(liquid chromatography tandem mass spectrometry) and GC-MS/MS (gas chromatography tandem mass
spectrometry).
In addition, for compounds showing a strong relationship, the collection of urine samples allow to calculate
the PK parameters specific to each animal. Several models were fitted to determine if PK parameters can
improve the modelization of the relationship between chemical concentration in hair and exposure dose,
and to determine the role of the PK parameters in the chemicals incorporation into hair.

8.3
8.3.1

Material & Methods
Animal experiment

Protocol validation
The current study was approved by the LIH Animal Welfare Structure committee and by the Ministry of
Agriculture, Viticulture, and Consumer Protection of Luxembourg with the number HBRU-2018-01 and
conformed to the European directive 2010/63/EU regarding the care and treatment of animals in a laboratory. Rat model was chosen for the availability of higher quantities of urine and hair ([Chata et al., 2019]
[Appenzeller et al., 2017]). Population size has been calculated to reduce the number of animals used in
accordance with European regulations. The nQuery Advisor 7.0 software was used and provided 56 rats
for this experiment (statistical power of 90%, alpha type error of 0.05).
Thus, 56 Long Evans female aged 9 weeks were purchased from Janvier Labs (Le Genest-Saint-Isle, France)
and weighed from 187g up to 230g at their arrival. Rats were split in 8 groups in cages hosting between
2 and 3 rats per cage following levels of exposure with ad libitum access to water and food, litter and
cardboard for nesting purposes (Tecnilab-BMI, Someren, the Netherlands). Rats were acclimatized to
facility conditions for 1 week with a 12-h light and 12-h dark cycle, at ambient temperature of 22 ± 2 °C,
and relative humidity of 40 ± 5% before the study.
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Experiment and samples collection
Rats were chronically exposed with a mix of bisphenols, phthalates and pesticides by oral gavage three times
per week during two months with hair and urine collections (Supplemental Figure 8.4). Rats were weighted
before each gavage to adjust the given dose and use weight as one of well-being indicator. Animals were
shaved on one side before the first exposure. After one and two months of exposure, rats were shaved at the
same spot to collect hair to quantify targeted metabolites amount incorporated in hair within these periods.

In parallel, urine samples were collected after the first gavage and after 30 days of exposure for rats
from groups 2, 4 and 6. Rats were placed in metabolic cages (Type 304 stainless steel, Techniplast, Zwaag,
Netherlands) with ad libitum access to food (Dietgel 76A 2 oz cup - BioServices Uden (Netherlands)) and
water for 26 hours. Urine samples were collected in glass screwed tubes two hours before oral gavage, and
every 2 hours after gavage for 24 h. Tubes were stored at -20°C until analysis.
After two months of exposure rats were euthanized by weight-adjusted anaesthesia with intraperitoneal
puncture of a mix of ketamine and medetomidine at 75 and 0,5mg/kg respectively prepared from solutions
at 37.5 and 0.25 mg/mL respectively in phosphate buffered saline solution. Intra-cardiac blood collection
was then conducted to confirm the death.
Gavage solutions
Bisphenols mix, pesticides mix and phthalates mix were prepared at 2 mg/mL by dilutions from individual solutions of diazinon, chlorpyrifos, fenitrothion, permethrin, dimethyl phthalate (DMP), diethyl
phthalate (DEP), bis(2-ethylhexyl) phthalate (DEHP), diisononyl phthalate (DINP), diisononyl 1,2cyclohexanedicarboxylic acid diisononyl ester (DINCH), benzyl butyl phthalate (BBzP) at 20 mg/mL in
sunflower oil, bisphenol A, bisphenol F, bisphenol S, bis(2-propylheptyl) phthalate (DPHP) at 10 mg/mL
in sunflower oil, diflufenican and fipronil at 10 mg/mL in rapeseed oil and bisphenol B at 6mg/mL in
rapeseed oil.
Final gavage solutions were prepared from bisphenols mix, pesticides mix and phthalates mix at 0.5
mg/mL and by successive dilutions at 0.25 mg/mL ; 0.1 mg/mL ; 0.05 mg/mL ; 0.025 mg/mL ; 0.01
mg/mL and 0.00125 mg/mL in organic sunflower oil.
Control group rats were fed with pure organic sunflower oil while other groups were fed with increasing
doses at 0.5 µg/kg for group 1, 4 µg/kg for group 2, 10 µg/kg for group 3, 20 µg/kg for group 4, 40
µg/kg for group 5, 100 µg/kg for group 6 and 200 µg/kg for group 7 basing on doses found in literature
[Chata et al., 2019](supplemental data Table 8.7).

8.3.2

Samples analysis

Chemicals and reagents
ULC/MS grade acetonitrile, formic acid, ammonium acetate, water, analytical grade acetone and Pesti-S
grade methanol and ethyl acetate were purchased from Biosolve (Dieuze, France). The derivatization
agents 1-methylimidazole-2-sulfonyl-chloride (IS) and 2,3,4,5,6-pentafluorobenzoyl bromide (PFBBr),
sodium dodecyl sulfate (SDS), potassium carbonate (K2CO3), sodium bicarbonate (NaHCO3) and betaglucuronidase from E. coli K 12 were purchased from Sigma-Aldrich (Overijse, Belgium). Hydrochloric
acid (HCl 32%) and ammonia solution (NH4OH 25%) were provided by Merck (Brussels, Belgium). Acetic
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acid and sodium hydroxide were supplied by VWR (Leuven, Belgium). Solid-phase extractions (SPE)
Oasis® MAX 3 cc 60 mg and Oasis® HLB 6 cc 150 mg cartridges were purchased from Waters (Zellik,
Belgium).
Benzyl butyl phthalate (BBzP), bis(2-ethylhexyl) phthalate (DEHP), diethyl phthalate (DEP), ,diisononyl phthalate (DINP), dimethyl phthalate (DMP), bisphenol A, bisphenol B, bisphenol F, bisphenol
S, chlorpyrifos, diazinon, diflufenican, fenitrothion, fipronil and permethrin were purchased with purities higher than 96% from Sigma Aldrich (Diegem, Belgium). Bis(2-propylheptyl) Phthalate (DPHP)
was purchased with purity higher than 98% from LGC Standards (Molsheim, France). Diisononyl
1,2-cyclohexanedicarboxylic acid diisononyl ester (DINCH) was purchased from Brenntag (Loosdrecht,
Netherlands).
Standards were stored in a freezer at -20°C. Organic sunflower and rapeseed oils were purchased in an
organic shop (OUNI, Luxembourg) in glass bottles to limit contaminations and stored at room temperature
in the darkness.

Urine analysis
546 urine samples were collected, extracted and analysed with LC-MS/MS using the protocol previously
described in Article II [Fays et al., 2020]. Briefly, urine samples were deconjugated with 250 µL of βglucuronidase solution in ammonuim acetate buffer (10 mM, pH 6.7) at 37°C overnight under agitation.
Aqueous acetic acid solution were then added to stop deconjugation. A SPE extraction was performed with
Waters OASIS® HLB cartridges and samples were eluted with 6mL of methanol and evaporated before
reconstitution in 250 µL of acetonitrile for LC-MS/MS analysis of phthalate metabolites and pesticides.
After injection, a derivatization step was conducted to enhance detection for bisphenols analysis. Samples
were evaporated to dryness and reconstituted in 250 µL of bicarbonate buffer 100 mM at pH 10.5. 250
µL of 1-methylimidazole-2-sulfonyl chloride at 10 mg/mL in acetone were added for derivatization at 60
°C during 5 minutes. Finally 500 µL of ULC MS grade water were added before LC-MS/MS injection.
LC-MS/MS parameters were detailed in the articles II and III ([Fays et al., 2020], [Fäys et al., 2021]).
Hair analysis
49 and 51 hairs samples were collected respectively after one and two months of exposure, extracted
and analysed following the protocol already detailed in article III ([Fäys et al., 2021]) . Briefly, hair
samples were first decontaminated to differentiate compounds biologically incorporated into hair from
those externally deposited on hair surface. A first washing of 5 minutes with 5% SDS aqueous solution
and a second one with methanol during 5 minutes were conducted ([Duca et al., 2014]). Hairs were dried
at ambient temperature with a paper tissue and pulverized for 6 minutes with a ball mill. Samples were
then placed overnight at 40°C with 1mL 0.6M ACN/HCl solution (80/20 , v/v).
The supernatant was collected for each sample and the tubes were rinsed again with the same extraction
solution. Supernatants were combined and evaporated to dryness under nitrogen flow. Samples were
reconstituted with 1mL of 4% ammonia solution and a SPE was conducted with Waters Oasis MAX 3cc
60mg LP columns.
A first elution was performed with 2mL of methanol to collect diflufenican and fipronil, and a second one
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with 2mL of 2% formic acid solution in methanol to collect all other compounds. The samples eluted first
were evaporated to dryness and reconstituted before LC-MS/MS injection for diflufenican and fipronil
analysis.
The samples collected during the second elution were evaporated to dryness and reconstituted as well
(final extract). 20 µL of the final extract were evaporated and derivatized with 50 µL of 2-methylimidazol1-sulfonyl chloride solution at 10mg/L in acetone before LC-MS/MS injection for bisphenols analysis.30
µL of the final extract were evaporated and derivatized with 100 µL of PFBBr/ACN (1/3, v/v) and
reconstituted after evaporation in 200 µL of ethyl acetate before GC-MS/MS injection for TCPy and
3-PBA analysis. Finally, the final extract was injected in LC-MS/MS for the analysis of all the other
compounds.

8.3.3

Data analysis

Dose vs concentration in hair
The hair samples collected after 30 and 60 days of exposure were used to estimate the association between
the exposure dose and the biomarker concentration in hair for the 22 compounds with a detection rate
above 25% (Table 8.1 , Supplemental data Table 8.8). The relationships were estimated using a
linear regression using the "R" software.
Pharmacokinetic parameters
The pharmacokinetic parameters were calculated at the start of the experiment and after 30 days of
exposure using the collection of urine samples from a 26-hours follow-up (Table 8.2). The PK parameters consisted in 5 among the most used in the literature ([Danielsson et al., 2000], [Smith et al., 2010],
[Bendele et al., 1995], [Li et al., 2012], [Huyck et al., 2010], [Aylward et al., 2012]:the area under the curve
(AUC), the maximum concentration (Cmax ) and the time to reach it (tmax ), the mean residence time
(MRT) and the time for terminal elimination (t 12 ).
Only the urine samples from 3 different exposure dose groups (total of 21 rats) were involved in this
computation which was carried out by the INERIS team using the "R" software version 3.4.1 with the
PKNCA package (Perform Pharmacokinetic Non-Compartmental Analysis).
Modelization of biomarker concentration in hair by gavage dose and PK parameters
The concentration of biomarkers in hair was modelled using the dose administered to the animals and
the biomarkers pk parameters as covariables, as suggested by Henderson [Henderson, 1995] . Only the
biomarkers presenting significant correlation between the gavage dose and the concentration in hair
(coefficient of determination above 0.7, Table 8.1) were used to build the models. The PK parameters
considered in the models were the ones determined in urine after the first gavage (D0), and the biomarkers
concentrations in hair were the ones measured in samples collected after 1 month (D30). The quality of
the different models was assessed with the coefficient of determination between the predicted and actual
values, and the Akaike information criterion (AIC) [Akaike, 1974], which is a measure to evaluate the
quality of a model which allows the selection of the best model among nested one (the lower the AIC, the
better the model). Linear mixed models with random effect on the individual (repeated measurements
model) have been implemented using the "R" software version 3.4.1 with the package "lme4".
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The initial database (global model) was composed of 220 observations, corresponding to the 21 rats (3
levels of exposure x 7 animals per level) used in the experiment for each biomarker, multiplied by the 11
biomarkers, and removing 11 observations corresponding to undetected biomarkers.
In a second step, 3 separate databases corresponding to bisphenols, pesticides and phthalate metabolites
respectively have been implemented. For each database, only 3 biomarkers from the same family and
presenting chemical similarities were included: bisphenol B, bisphenol F and Bisphenol S in the bisphenol
model, IMPy, TCPy and 3Me4NP in the pesticide model and MMP, MEP and MBzP in the phthalate
model. 60 observations were used to compute each model.

8.4
8.4.1

Results
Detection rate of biomarkers in hair and urine

At D0, detection rate in urine for biomarkers ranged from 11 to 100% (Supplemental Table 8.8).
Twenty out of 28 biomarkers presented a detection rate above 80%, including 10 in all the 546 urine
samples. Only 3 biomarkers (phthalate metabolites) were detected in less than 30%.
At D30, the detection rate in urine ranged from 12 to 100%. 21 out of 28 biomarkers presented a detection
rate above 80%, including 12 in all the 546 urine samples. Only 2 biomarkers (phthalate metabolites)
were detected in less than 30%.

At D30, detection rates in hair ranged from 0 to 100 % . Sixteen out of the 29 biomarkers (6 phthalate
metabolites, all the 4 bisphenols and 6 pesticide metabolites) were detected in more than 80 % of the hair
samples, including 12 (4 phthalate metabolites, 3 bisphenols and 5 pesticides) in all the 49 samples . Only
6 biomarkers (all phthalate metabolites) were detected in less than 10% of the samples.
At D60, detection rates ranged in hair from 0 to 100 % also. Eighteen biomarkers (6 phthalate metabolites,
all the 4 bisphenols and all the 8 pesticide metabolites) were detected in more than 80 % of the hair
samples, including 13 (4 phthalate metabolites, 3 bisphenols and 6 pesticides) in all the 51 samples. Only
5 biomarkers (all phthalate metabolites) were detected in less than 10% of the samples.

8.4.2

Linear relationship between exposure and biomarker concentration in
hair

Among the 23 biomarkers detected in hair, 19 presented significant association between level of exposure
and concentration in hair (Table 8.1).
For the phthalate metabolites, the strongest associations between exposure dose and biomarker concentration in hair were observed for MEP after both 30 days exposure (R2 = 0.79) and 60 days (R2 = 0.52).
The weakest associations were obtained for oxo-MINCH with a R2 below 0.001 after 30 days of exposure
and 0.01 after 60 days. For bisphenols, the strongest associations were observed for bisphenol F at both
D30 (R2=0.91) and D60 (R2=0.82), while the lowest association was observed for bisphenol A (R2 of 0.04
at D30 and 0.04 at D60). For pesticide metabolites, the strongest associations were observed for 3Me4NP
(R2=0.86) at D30 and IMPy (R2=0.89) at D60, and the weakest were obtained for 3-PBA (R2=0.19 at
D30 and R2=0.39 at D60).
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Three examples (one pesticide, one bisphenol and one phthalate metabolite) of the linear relationship
between the exposure dose and biomarker concentration in hair are presented in Figure 8.1 .
Table 8.1: Linear relationship between hair concentration and level of exposure of 22 biomarkers for 56
rats 30 and 60 days after the start of the experiment.
Biomarker
Phthalate metabolites
MMP
MEP
MBzP
MEHP
5-OH-MEHP
5-cx-MEPP
5-oxo-MEHP
OH-MINP
cx-MINP
MINCH
oxo-MINCH
Bisphenols
BPA
BPB
BPF
BPS
Pesticide metabolites
IMPy
TCPy
3Me4NP
3-PBA
Diflufenican
Fipronil
Fipronil Sulfone

D30

D60
Slope
R2

Slope

R2

59.6*
57.8*
4.9*
-3.3
5.7*
2.1*
4.2*
1.9*
1.0
0.56
-0.002

0.74
0.79
0.50
0.01
0.33
0.43
0.39
0.58
0.22
0.03
<0.001

148.7*
153.9*
12.3*
6.0
11.9*
4.4*
9.8*
3.1
1.3*
0.6
0.1

0.50
0.52
0.36
0.08
0.24
0.26
0.30
0.38
0.19
0.04
0.01

36.4
39.6*
1538.1*
318.7*

0.04
0.71
0.91
0.77

73.8
121*
1226.8*
271.4*

0.04
0.75
0.82
0.80

25.8*
45.1*
69*
1.1*
42.5*
52.4*
492*

0.83
0.79
0.86
0.19
0.77
0.92
0.82

35*
118.4*
148.6*
4.2*
30.5*
52.6*
520.5*

0.89
0.53
0.75
0.39
0.83
0.83
0.82

*: p-value below 0.05
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Figure 8.1: Linear relationship between the given dose (in mg/kg) and the concentration in hair (in pg/mg
of hair) for MEP (top), bisphenol S (middle) and IMPy (low).
Each point represents a rat. Left column presents results obtained with hair samples collected at D30 and
right column with hair samples collected at D60.

8.4.3

Pharmacokinetic parameters

Maximal concentration (Cmax ), time at which Cmax was reached (tmax ), area under the curve (AUC),
mean residence time (MRT) and half-life (t 12 ) of urinary biomarkers are presented in Table 8.2 .
tmax ranged from 2 (MMP in the low-exposed group at D0) to 14 hours (Fipronil in the low-exposure
Group at D30). Nevertheless, for most biomarkers (52 out of 66), the highest concentration was detected
in the urine samples collected 4 hours after gavage.
Cmax ranged from 0.04 µg/L (fipronil sulfone) to 16091.9 µg/L (MMP). As expected, Cmax values usually
were higher in the high-exposure group than in the other ones (e.g. MMP at D0 : 487.5, 3896.4 and 16091
µg/L for low, middle and high exposure group respectively).
Similar to Cmax , AUC values were also usually in agreement with the exposure dose. AUC ranged from
0.05 µg.h/L (fipronil and fipronil sulfone at D0) to more than 86,000 µg.h/L (MMP at D0).
MRT values ranged from 4.3 hours (MMP at D30 for the high-exposure group) to 12.4 hours (diflufenican
at D30 for the low-exposure group) and was only poorly affected by the exposure dose.
t 21 ranged from 2.7 hours (MMP) to 160 hours (fipronil sulfone). Nevertheless, t 12 should be considered
with caution. Actually, t 12 calculation is more easily impacted by atypical biomarkers excretion profile in
urine (e.g. missing value, non-detects, concentration re-increase. . . ) than other PK parameters. As a
result, 38 % (25 out of 66 possible t 12 ) of the t 12 could not be determined.
In a general manner, no significant difference was observed between PK parameters determined after the
first gavage and after 1 month of repeated exposure (Table 8.2 ).
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Table 8.2: Pharmacokinetic parameters (average values) calculated using urine samples for the different
exposure groups for the first gavage and after 30 days of exposure.

Biomarker
MMP

MEP

MBzP

Bisphenol B

Bisphenol F

Bisphenol S

IMPy

TCPy

3Me4NP

Diflufenican

Fipronil

Fipronil
sulfone

Parameters
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)
Tmax (h)
Cmax (µg/L)
AUC (µg.h/L)
MRT (h)
t1/2 (h)

4 µg/kg
2
487.5
2930.7
5.5
3.9
4
340.4
1830.0
4.9
17.3
4
79.1
566.4
6.8
4.8
8
36.8
313.4
8.7
5.2
6
26.8
264.1
9.4
4.9
4
239.3
2650.1
9.3
5.5
4
82.9
479.9
6.1
8.7
4
286.8
1861.5
6.6
11.0
4
339.5
1407.5
4.5
3.2
10
0.8
3.8
10.6
8
0.1
0.5
10.3
6
0.04
0.5
11.5
-

D0
20 µg/kg
4
3896.4
15267.3
4.9
19.3
4
2715.9
10828.0
4.8
6.0
4
554
3028.2
6.6
3.2
6
313.3
3044.5
8.2
4.0
4
193.8
1835.7
8.4
4.3
4
1090.8
9541.4
8.0
4.6
4
610.6
2889.1
6.3
2.7
4
1933.2
11448.2
7.0
3.3
4
1410.2
5979.6
5.3
3.1
4
0.5
3.6
9.7
8
0.2
2.2
9.5
5.9
4
0.1
1.1
10.4
11.2

100 µg/kg
4
16091.9
86378.3
4.8
2.7
4
11457.1
65851.0
5.0
2.8
4
2079.5
16364.2
7.1
3.1
6
1593.2
12314.7
8.0
3.8
6
898.9
6772.2
7.6
4.0
6
3853.6
33063.2
7.9
4.6
4
2308.9
15167.7
2.5
4
9082.3
64321.0
7.1
3.2
4
4186.3
28105.0
5.6
2.8
4
1.5
9.8
7.4
6
2.0
15.7
9.8
3.8
8
0.2
3.0
11.7
20.3

4 µg/kg
4
447.3
2674
6.8
4
312.6
1561.1
6.0
4
75.6
457.9
7.0
4
51.8
395.2
9.4
4
34.9
263.3
9.3
4
307.3
2409.9
9.1
4
118.8
642.0
6.0
4
165.4
841.3
6.8
4
315.9
1316.3
5.2
4
0.1
1.0
12.4
14
0.6
2.6
11.9
7.4
4
0.2
2.3
11.0
-

D30
20 µg/kg
4
1891.8
10654.1
5.0
4.2
4
1372.6
7815.6
5.1
3.8
6
389.4
2211.0
6.9
4.8
4
272.2
1892.7
8.4
4
113.4
919.4
8.8
4
599.5
5076.0
8.9
4
673.8
3200.2
4.6
4
683.5
4181.5
7.5
4
1017.3
4792.0
5.0
3.1
4
0.4
2.4
9.8
4
0.2
2.3
10.4
17.9
4
0.4
5.6
11.6
-

Only biomarkers with R2 between concentration in hair and gavage dose above 0.7 were presented.
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100 µg/kg
4
12986.2
60771.4
4.3
3.7
4
8937
45084.6
4.5
15.5
4
1925.5
10721.5
6.9
8.4
4
1248.1
7514.9
8.6
4
463.7
3054
9.0
4
2128.8
17057.2
8.8
4
2517.6
12399.0
5.5
4.8
4
3296.6
19346.9
7.2
9.6
4
4256.7
19048.6
4.5
4.3
4
1.8
18.0
10.9
4
0.9
9.8
10.2
25.7
4
1.4
24.9
12.1
159.8

Figure 8.2: Urinary concentration of TCpy in ng.mL−1 from 3 differents dose groups (7 rats per group)
collected every 2 hours for 26 hours.
Plain line group 2, dashed line group 4, dotted line group 6. Each curve represents a rat. Left column
presents results obtained with data from D0 and right column with data from D30.

8.4.4

Biomarker concentration in hair modelisation

For the global models including biomarkers from the 3 groups, the agreement between the predicted
biomarkers concentration in hair and the measured values ranged from R2=0.19 (AIC=2107) when only
gavage dose was considered, to R2=0.37 (AIC=1049) when all the PK parameters were included in the
model. Removing the gavage dose from the best model did not decreased the quality of the prediction
(Table 8.3, Figure 8.3).

For the bisphenol models (Table 8.4, Figure 8.3), the agreement between the predicted biomarkers
concentration in hair and the measured values ranged from ranged from R2=0.32 (gavage dose only) to
R2=0.57 (gavage dose and all the PK parameters). The variable dose was significant in all the models,
and with the exception of the model including all the PK parameters, the variable Cmax was also always
significant.
For the pesticide models (Table 8.5, Figure 8.3), the R2 ranged from 0.71 (model with the dose only)
to 0.98 (model with all the PK parameters and without dose). The variable “dose” was always significant
when included in the models.
For the phthalate models (Table 8.6 , Figure 8.3), the R2 ranged from 0.41 (model with the dose only)
to 0.93 (model with the dose and all the PK paramters). The variable dose appeared to be significant in
only 2 models, while Cmax was always significant when included in the model. The models implemented
with biomarkers concentration in hair after 2 months are presented as supplemental material (Figures
8.9, 8.10, 8.11, 8.12).
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Figure 8.3: Agreement between biomarkers concentration measured in animals hair and values predicted
by models including all the PK parameters and exposure dose, for a) 11 biomarkers (MMP,MEP,
BPB,BPF,BPS, IMPy, TCPy, 3Me4NP, Diflufenican, Fipronil, Fipronil Sulfone), b) 3 bisphenols (BPB,
BPF,BPS), c) 3 pesticide metabolites (IMPy,TCPy, 3Me4NP) and d) 3 phthalate metabolites (MMP,
MEP, MBzP).
220 observations for the model with 11 biomarkers, 60 for the others.
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Table 8.3: Biomarker concentration in hair modelisation (global model)
Models
C= f(Dose)
C=0.82+1.62*Dose+

AIC
2107

R2
0.19

C= f(Dose, AUC)
C=0.91+1.15*Dose+3.4*10−4 *AUC+

2115

0.23

C= f(Dose,Cmax)
C=0.73+1.07*Dose+2.4*10−3 *Cmax+

2105

0.25

C= f(Dose,Tmax)
C=2.97+1.63*Dose-0.39*Tmax+

2108

0.19

C= f(Dose,AUC,Cmax)
2121
C=0.62+1.11*Dose - 2.3*10−4 *AUC+3.7*10−3 *Cmax+

0.25

2116
C= f(Dose,AUC,Tmax)
C=1.2+1.15*Dose + 3.4*10−4 *AUC- 0.052*Tmax+

0.23

C= f(Dose,Cmax,Tmax)
2107
C=-0.1+1.1*Dose +0.15*Tmax+2.5*10−3 *Cmax+

0.25

C= f(Dose,AUC,Cmax,Tmax)
2122
C=-0.44+ 1.1*Dose - 2.3*10−4 *AUC+3.7*10−3 *Cmax+0.19*Tmax+

0.25

C= f(Dose,AUC,Cmax,Tmax,AUC, MRT,t 21 )1 1049
0.37
C=-7.7+ 0.14*Dose - 1.3*10−4 *AUC+4.7*10−3 *Cmax+0.11*Tmax+0.99*MRT+0.26*t 12 +
C= f(AUC,Cmax,Tmax,AUC, MRT,t 21 )1
1047
0.37
C=-7.5-1.1*10−4 *AUC+4.9*10−3 *Cmax+0.19*Tmax+1.0*MRT+0.27*t 21 +
1

n=108

AIC: Akaike information criterion, the lowest, the best
Underlined variables were significant
Unless otherwise stated, table was built using 220 observations
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Table 8.4: Biomarker concentration in hair modelisation (bisphenol model).
Models
C= f(Dose)
C=2.73+2.67*Dose+

AIC
594

R2
0.32

C= f(Dose, AUC)
C=3.1+3.24*Dose-6.5*10−4 *AUC+

607

0.35

C= f(Dose,Cmax)
C=3.44+3.62*Dose-9*10−3 *Cmax+

600

0.38

C= f(Dose,Tmax)
C=5.77+2.66*Dose-0.49*Tmax+

593

0.32

C= f(Dose,AUC,Cmax)
599
C=4.84+4.83*Dose + 7.3*10−3 *AUC-0.08*Cmax+

0.51

606
C= f(Dose,AUC,Tmax)
C=4.24+3.23*Dose - 6.5*10−4 *AUC-0.19*Tmax+

0.35

C= f(Dose,Cmax,Tmax)
599
C=4.54+3.62*Dose - 8.9*10−3 *Cmax-0.18*Tmax+

0.38

C= f(Dose,AUC,Cmax,Tmax)
597
C=12.3+4.84*Dose +7.6*10−3 *AUC-8.3*10−2 *Cmax-1.2*Tmax+

0.52

C= f(Dose,AUC,Cmax,Tmax,AUC, MRT,t 12 ) 1 174
0.57
C=-47.4+ 3.38*Dose +3.2*10−3 *AUC+3.6*10−2 *Cmax+8.67*Tmax+1.81*MRT-1.34*t 12 +
C= f(AUC,Cmax,Tmax,AUC, MRT,t 12 ) 1
181
0.29
C=91.5+ 1.8*10−4 *AUC+6.7*10−4 *Cmax+11.3*Tmax-15.3*MRT-1.8*t 21 +
1

n=18

AIC: Akaike information criterion, the lowest, the best
Underlined variables were significant
Unless otherwise stated, table was built using 60 observations
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Table 8.5: Biomarker concentration in hair modelisation (pesticide model)
Models
C= f(Dose)
C=0.062+0.26*Dose+

AIC
237

R2
0.71

C= f(Dose, AUC)
C=0.07+0.24*Dose+1.4*10−5 *AUC+

259

0.74

C= f(Dose,Cmax)
C=0.06+0.25*Dose+3.8*10−5 *Cmax+

256

0.72

C= f(Dose,Tmax)
C=-0.08+0.26*Dose+0.03*Tmax+

242

0.71

C= f(Dose,AUC,Cmax)
274
C=0.1+0.25*Dose + 5.7*10−5 *AUC-3.34*10−4 *Cmax+

0.74

263
C= f(Dose,AUC,Tmax)
C=0.01+0.24*Dose + 1.3*10−5 *AUC+0.01*Tmax+

0.73

C= f(Dose,Cmax,Tmax)
260
C=-0.07+0.25*Dose + 3.7*10−5 *Cmax+0.03*Tmax+

0.72

278
C= f(Dose,AUC,Cmax,Tmax)
C=0.27+0.25*Dose-3.6*10−4 *Cmax-3.9*10−2 *Tmax+6*10−5 *AUC+

0.74

C= f(Dose,AUC,Cmax,Tmax,AUC, MRT,t 12 ) 1 165
0.97
−5
−4
−2
C=-0.04+ 0.43*Dose +2.1*10 *AUC-4.7*10 *Cmax-1.13*10 *Tmax+1.4*10−2 *MRT+3.5*10−2 *t 12 +
C= f(AUC,Cmax,Tmax,AUC, MRT,t 12 ) 1
202
0.98
C=3.62 +2.8*10−5 *AUC-4.2*10−4 *Cmax-5.8*10−3 *Tmax-4.7*10−2 *MRT+5.6*10−2 *t 21 +
1

n=37

AIC: Akaike information criterion, the lowest, the best
Underlined variables were significant
Unless otherwise stated, table was built using 60 observations
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Table 8.6: Biomarker concentration in hair modelisation (phthalate model)
Models
C= f(Dose)
C=0.5+0.22*Dose+

AIC
310

R2
0.41

C= f(Dose, AUC)
C=0.61-2.8*10−2 *Dose+9.1*10−5 *AUC+

307

0.79

C= f(Dose,Cmax)
C=0.49-0.04*Dose+5.4*10−4 *Cmax+

288

0.83

C= f(Dose,Tmax)
C=2.15+0.24*Dose-0.48*Tmax+

310

0.58

C= f(Dose,AUC,Cmax)
308
C=0.46-0.04*Dose+6.3*10−4 *Cmax-2*10−5 *AUC+

0.83

309
C= f(Dose,AUC,Tmax)
C=1.35-9.6*10−4 *Dose-0.22*Tmax+8.5*10−5 *AUC+

0.80

C= f(Dose,Cmax,Tmax)
291
C=1.0-0.03*Dose-0.15*Tmax+5.1*10−4 *Cmax+

0.84

C= f(Dose,AUC,Cmax,Tmax)
311
C=1.03-0.01*Dose-0.16*Tmax+6.2*10−4 *Cmax-2.3*10−5 *AUC+

0.74

C= f(Dose,AUC,Cmax,Tmax,AUC, MRT,t 12 ) 1 269
0.93
C=2.31+ 0.04*Dose -4.1*10−5 *AUC+6*10−4 *Cmax-7.4*10−3 *Tmax-0.21*MRT-0.14*t 12 +
C= f(AUC,Cmax,Tmax,AUC, MRT,t 12 ) 1
264
0.93
C=2.32-3.7*10−5 *AUC+6.1*10−4 *Cmax-5.6*10−3 *Tmax-0.16*MRT-0.15*t 12 +
1

n=50

AIC: Akaike information criterion, the lowest, the best
Underlined variables were significant
Unless otherwise stated, table was built using 60 observations
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8.5

Discussion

Although the comparison with previous studies could only be done for a few biomarkers, the results
observed in the present study were in line with previously published data. For instance, the slopes of the
linear regressions between level of exposure and biomarkers concentration in hair were in line with values
previously reported ([Appenzeller et al., 2017]: 30.5-42.5 compared to 35.94 for diflufenican, 45.1-118.4 vs
85.6 for TCPy, and 52.4-52.6 vs 31.5 for fipronil.
In blood samples collected from 60 rats exposed to pesticides, Chata et al. reported PK parameters
comparable to the values presented here ([Chata et al., 2019]). For TCPy, MRT, tmax and t 12 , Chata et
al. reported values of 9h, 5h and 6h, compared to 6.6-7.5 h, 4h, and 3.2-11 h in the present study. In
rats exposed to equivalent levels of bisphenol S, Waidyanatha et al. ([Waidyanatha et al., 2021]) reported
Cmax in blood between 161 µg/L and 3040 µg/L (compared to 239-3853 µg/L in the present work), AUC
values in the range 1210-27900 h. µg/L (compared to 2409-33063 µg.h/L) and t 12 from 4.41 to 5.69 hours
(compared to 4.6-5.5 h). Although the PK parameters were determined in different matrices (blood vs
urine), values remained comparable.

The present study confirms that the correlation between the level of exposure to pollutants and
their concentration in hair, which was previously observed for pesticides ([Appenzeller et al., 2017]) and
polycyclic aromatic hydrocarbons ([Grova et al., 2018]), can also be observed for most of the chemicals
investigated here (Figure 8.1). These results further support the reliability of hair analysis for the
assessment of exposure in epidemiological studies, including for the analysis of fast elimination chemicals
such as bisphenols and phthalates. As observed for other chemicals, the slope of the linear regression
between exposure and concentration in hair was different depending on the biomarker (Table 8.1),
ranging from 1.1 for 3-PBA to 1551 for bisphenol F in the hair collected after 30 days of exposure.
Actually, only a few biomarkers presented no or poor correlation between exposure and concentration in
hair: OH-MPHP, 2-cx-MMHP, MiNP, OH-MINCH and cx-MINCH (which were not detected in hair at
all), and MEHP, MINCH, oxo-MINCH and bisphenol A (detected in hair but not significantly correlated
with exposure). This surprising lack of correlation might be explained by the combination of several
factors specific to these biomarkers. First, the presence of the parent phthalates (DEHP and DINCH) and
bisphenol A in cages, enrichment material and food might lead to background exposure comparable to or
even higher than the dose administered to the animals through gavage. Although no analysis was conducted
on rats food and surrounding in the present study, previous studies already reported such background
exposure leading to detectable levels of concentration of biomarkers in biological samples collected from
control animals supposedly unexposed ([Chata et al., 2019]). Background contamination, which seems
almost unavoidable for some chemicals, could therefore exceed the dose administered to the animals (at
least for some groups) and therefore hide the relationship between exposure and resulting concentration
in hair. The presence of BPA, DEHP and DINCH metabolites in the hair of the control animals, as well
as in the urine samples collected before gavage strongly supports this hypothesis (Supplemental Data
Figure 8.5).
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Secondly, the specific metabolism of some chemicals may result in particularly low concentration in
blood, and subsequently low transfer from blood to hair. For instance, in vivo experiments demonstrated
that after oral administration of equivalent dose of bisphenol A and bisphenol S, the resulting plasma
concentration (Cmax ) of free bisphenol S was 364 times higher than bisphenol A ([Gayrard et al., 2019]).
According to Gayrard et al., this difference would be due to lower absorption fraction after gavage for
bisphenol A, but also mainly to first-pass glucuronidation of bisphenol A in enterocytes (which was not
observed for bisphenol S) and finally extensive hepatic first-pass glucuronidation which was almost total
for the remaining bisphenol A but only partial for bisphenol S. As previously demonstrated, chemicals
are mainly incorporated into hair from blood ([Chata et al., 2016]). The rapid transfer of chemicals from
blood to urine, as illustrated with bisphenol A, could therefore lead to insufficient residence time and
concentration of the biomarkers in blood to allow their incorporation in hair. This would explain the very
low concentration of some biomarkers in hair (e.g. bisphenol A) or even the absence of some biomarkers
while they were detected in urine (Table 8.1 , Supplemental Data Table 8.8). The results observed
here on rats are totally in line with a previous study conducted on human volunteers, where OH-MPHP,
2-cx-MMHP, MiNP, OH-MINCH and cx-MINCH were not or seldom detected in hair while they were
almost always present in urine ([Fäys et al., 2021]).
An increase in the slope of the linear regression between level of exposure and biomarkers concentration
in hair was observed between D30 and D60 for some biomarkers such as MBzP (slope of 4.9 at D30 and
12.3 at D60) or bisphenol B (39.6 at D30 and 121 at D60) (Table 8.1). This increase could result from
accumulation in the body, due to the repeated administration of pollutants (3 per week) that would not
allow complete elimination between successive gavages, especially for the highest exposure rat groups.
This hypothesis was supported by the relative drops in R2 values observed between D30 and D60, (for
MMP, R2=0.74 at D30 vs 0.5 at D60; for bisphenol F, R2=0.91 at D0 compared to 0.82 at D60), indicating
poorer relationship between the dose administered to the rats and the concentration detected in the hair.
This hypothesis is also supported by the incomplete elimination of biomarkers in urine between successive
gavages, as observed with the example of TCPy (Figure 8.2). Although all the groups presented rather
low and homogeneous urinary TCPy before gavage at the beginning of the experiment, after 30 days,
urinary TCPy before gavage was much higher for the groups with highest level of exposure.

In order to understand the role of pharmacokinetics in the relationship between the level of exposure and
the corresponding biomarker concentration in hair, linear models were fitted with progressive inclusion of
the PK parameters determined in urine as explaining variables. The first approach based on 11 biomarkers
from the 3 groups (bisphenols, pesticides and phthalate metabolites) demonstrated that including PK
parameters in the model improved the prediction from R2=0.19 (without PK) up to 0.37 (with the 5 PK
parameters included) (Table 8.3). Surprisingly, when all the PK parameters were included in the model,
the exposure dose was no more significant and Cmax became the main contributor to the prediction.
Moreover, removing the exposure dose from the model including all the PK parameters did not affect
the prediction, suggesting that PK, and particularly Cmax have a much greater influence on biomarkers
concentration in hair than exposure dose.
Considering that the disparities (e.g. physicochemical, structural) between the different biomarkers could
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negatively impact the modelling, in a second approach, the models were tested on biomarkers from each
group separately. For each group (bisphenols, pesticide metabolites, and phthalate metabolites) only the
three biomarkers presenting the strongest correlation between the level of exposure and the concentration
in hair were considered in the models (Table 8.1, Figure 8.3). The group-specific models provided
much better prediction, particularly for pesticides and phthalate metabolites, for which the correlation
between the predicted and measured concentration in hair reached R2 values of 0.97 and 0.93 respectively.
This approach also confirmed that including the PK parameters in the models significantly improved the
prediction, as well as the significant association between biomarker concentration in hair and Cmax in
urine.
These results strongly suggest that pharmacokinetics mediate the incorporation of biomarkers (and
chemicals as a whole) in hair, explaining why equivalent level of exposure to different chemicals may
result in different concentration in hair, as observed here (Table 8.1) and in previous studies for other
chemicals ([Appenzeller et al., 2017], [Chata et al., 2016]). In the case of fast elimination chemicals, at
equivalent level of exposure, the compounds presenting the highest concentration in blood (extrapolated
here from the concentration in urine) also present the highest concentration in hair.
Although the exposure dose (external dose) is an important information for risk assessment management,
the internal dose, which corresponds to the concentration in blood and organs and depends on chemicals
bioavailability, is much more informative regarding toxicity. Considering that biomarker concentration
in hair was significantly associated with Cmax , which is directly linked to the internal dose, this study
suggests that biomarker concentration in hair would be a good proxy of the internal dose of pollutants.
This conclusion is in line with previous studies demonstrating significant associations between the
concentration of pollutants in hair versus in blood or tissues ([Chata et al., 2016], [Altshul et al., 2004],
[Zheng et al., 2013], [Man et al., 2014], [He et al., 2017]).

8.6

Conclusions

To the best of our knowledge, the present work investigating the link between exposure dose and biomarkers
concentration in hair for 28 biomarkers through biological samples collection has no equivalent in the
literature. For 11 biomarkers, a significant link between concentration in hair after 30 days of experiment
and exposure dose was obtained, confirming the usefulness of the hair matrix in exposure assessment
strategies for fast-elimination chemicals such as bisphenols and phthalate metabolites.
In addition, this study showed also that the pharmacokinetic parameters (determined using urine samples)
can improve the estimation of the relationship between the dose and the concentration in hair, resulting in
better predictive power for modelling the biomarker concentration in hair using the exposure dose. These
results also strongly support the fact that pk parameters have an impact into the chemical incorporation
in hair, as already demonstrated for other compounds.
Finally the models developed here presented more accurate results for predicting the biomarker concentration in hair when obtained with compounds from the same family (pesticide, bisphenol or phthalate).
Moreover, especially for phthalate metabolites, the Cmax variable took higher importance than the
exposure dose to predict hair concentration, suggesting that hair would be a good surrogate for the
internal dose (as Cmax is associated with the internal dose).
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The results presented here were based on a small sample size, whether in terms of the number of animals
or the number of biomarkers involved in the different models, and larger studies would be required to
validate the observed results.
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8.8

Supplemental Data

Figure 8.4: Experimental design to collect the urine and hair samples from 56 rats orally exposed 3 times
a week to 29 fast-elimination compounds.

Table 8.7: Dose of pollutants for each group of animals.
Groups
Control
Group 1
Group 2
Group 3
Group 4
Group 5
Group 6
Group 7

Dose of phthalate in µg/kg
0
0.5
4
10
20
40
100
200

Dose of pesticide in µg/kg
0
0.5
4
10
20
40
100
200
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Dose of bisphenols in µg/kg
0
0.5
4
10
20
40
100
200

Table 8.8: Percentage of detection of biomarkers collected in urine and hair samples at different time
points.
Biomarker

Day 0

Day 30

Day 60

Urine1

Urine1

Hair2

Hair3

MMP

95

0.99

86

85

MEP

100

100

80

90

MBzP

100

100

59

74

MEHP

72

64

76

78

5-OH-MEHP

100

100

100

100

5-cx-MEPP

100

100

100

100

5-oxo-MEHP

100

100

100

100

OH-MPHP

95

99

0

0

2-cx-MMHP

100

100

0

0

oxo-MPHP

NA

NA

10

21

MINP

14

12

0

2

OH-MINP

56

66

35

35

cx-MINP

15

16

53

53

MINCH

26

65

100

100

OH-MINCH

100

100

0

0

cx-MINCH

33

46

0

0

oxo-MINCH

91

94

71

58

BPA

100

100

100

100

BPB

95

100

84

96

BPF

98

100

100

100

BPS

100

100

100

100

IMPy

98

97

100

100

TCPy

100

100

100

100

3Me4NP

97

100

34

100

3-PBA

80

92

100

98

Diflufenican

80

88

100

84

Fipronil

92

96

84

100

Fipronil Sulfone

95

100

100

100

Phthalate metabolites

Bisphenols

Pesticide metabolites

1

252 samples collected

2

49 samples collected

3

51 samples collected
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Figure 8.5: Urinary concentration of BPA in ng.mL−1 from 3 differents dose groups (7 rats per group)
collected every 2 hours for 26 hours.

Table 8.9: Biomarker concentration in hair modelisation (global model using hair samples collected at
D60).
Models
C= f(Dose)
C=11.7+1.25*Dose+

AIC
1553

R2
0.05

C= f(Dose, AUC)
C=12.7+1.7*Dose-1.5*10−3 *AUC+

1564

0.07

C= f(Dose,Cmax)
C=12.5+1.69*Dose-7.7*10−3 *Cmax+

1560

0.08

C= f(Dose,Tmax)
C=15.7+1.2*Dose-0.64*Tmax+

1553

0.05

C= f(Dose,AUC,Cmax)
1572
C=12.3+1.7*Dose-0.01*Cmax+6.2*10−4 *AUC+

0.08

C= f(Dose,AUC,Tmax)
1563
C=19+1.7*Dose-1*Tmax-1.7*10−3 *AUC+

0.08

C= f(Dose,Cmax,Tmax)
1559
C=18.5+1.7*Dose-0.96*Tmax-8.4*10−3 *Cmax+

0.09

C= f(Dose,AUC,Cmax,Tmax)
1571
0.09
C=18.3+1.65*Dose-0.95*Tmax-9.4*10−3 *Cmax+2.5*10−4 *AUC+
C= f(Dose,AUC,Cmax,Tmax, MRT,t 21 ) 1
712
0.11
C=7.81+0.88*Dose-0.40*Tmax-9.3*10−3 *Cmax+1.4*10−3 *AUC+0.28*MRT+0.27*t 21 +
713
0.08
C= f(AUC,Cmax,Tmax, MRT,t 12 ) 1
C=9.89-1.74*Tmax-8.5*10−3 *Cmax+2*10−3 *AUC+1.63*MRT+0.27*t 21 +
1

n=68

Underlined variables were significant
Unless otherwise stated, table was built using 144 rats
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Table 8.10: Biomarker concentration in hair modelisation (phthalate model using hair samples collected
at D60)
Models
C= f(Dose)
C=-0.9+0.71*Dose+

AIC
420

R2
0.62

C= f(Dose, AUC)
C=-0.87+0.25*Dose+2.7*10−4 *AUC+

429

0.74

C= f(Dose,Cmax)
C=-0.73+0.32*Dose+9*10−4 *Cmax+

428

0.74

C= f(Dose,Tmax)
C=0.01+0.69*Dose-0.18*Tmax+

422

0.62

C= f(Dose,AUC,Cmax)
439
C=-1.4+0.11*Dose-3.4*10−3 *Cmax+1.2*10−3 *AUC+

0.76

431
C= f(Dose,AUC,Tmax)
C=-0.45+0.25*Dose-0.09*Tmax+2.7*10−4 *AUC+

0.74

430
C= f(Dose,Cmax,Tmax)
C=-0.23+0.31*Dose-0.1*Tmax+8.9*10−4 *Cmax+

0.74

C= f(Dose,AUC,Cmax,Tmax)
442
0.76
C=-1.17+0.11*Dose-0.05*Tmax-3.3*10−3 *Cmax+1.2*10−3 *AUC+
0.77
C= f(Dose,AUC,Cmax,Tmax, MRT,t 21 ) 1 368
−4
−3
C=15.1+ 0.32*Dose +8.4*10 *AUC-2.4*10 *Cmax-4.1*Tmax-0.62*MRT+0.05*t 21 +
367
0.78
C= f(AUC,Cmax,Tmax, MRT,t 12 ) 1
−3
−3
C=14.3 +1.2*10 *AUC-3.3*10 *Cmax-4*Tmax-0.15*MRT+0.05*t 12 +
1

n=44

Underlined variables were significant
Unless otherwise stated, table was built using 54 rats

155

Table 8.11: Biomarker concentration in hair modelisation (bisphenol model using hair samples collected
at D60).
Models
C= f(Dose)
C=26+2.1*Dose+

AIC
621

R2
0.06

C= f(Dose, AUC)
C=32.2+4.25*Dose-6.2*10−3 *AUC+

626

0.18

C= f(Dose,Cmax)
C=29.1+3.65*Dose-0.03*Cmax+

625

0.14

C= f(Dose,Tmax)
C=14+2.14*Dose+2.84*Tmax+

616

0.07

633
C= f(Dose,AUC,Cmax)
C=32.7+4.26*Dose + 0.01*Cmax-7.9*10−3 AUC+

0.18

C= f(Dose,AUC,Tmax)
622
C=36.4+4.23*Dose - 6.2*10−3 *AUC-0.99*Tmax+

0.18

621
C= f(Dose,Cmax,Tmax)
C=24.4+3.68*Dose - 0.03*Cmax+1.12*Tmax+

0.14

C= f(Dose,AUC,Cmax,Tmax)
629
C=38.9+4.25*Dose -8*10−3 *AUC+0.01*Cmax-1.44*Tmax+

0.18

0.92
C= f(Dose,AUC,Cmax,Tmax, MRT,t 21 ) 1 250
−3
C=39.5-0.53*Dose +1.8*10 *AUC-0.02*Cmax+13.3*Tmax-9.3*MRT+3.3*t 12 +
252
0.92
C= f(AUC,Cmax,Tmax, MRT,t 12 ) 1
−3
C=27.6+1.4*10 *AUC-0.02*Cmax+13.2*Tmax-8.1*MRT+3.1*t 21 +
1

n=23

Underlined variables were significant
Unless otherwise stated, table was built using 54 rats
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Table 8.12: Biomarker concentration in hair modelisation (pesticide model using hair samples collected at
D60).
Models
C= f(Dose)
C=-0.65+0.52*Dose+

AIC
365

R2
0.38

C= f(Dose, AUC)
C=-0.90+0.28*Dose+3.3*10−4 *AUC+

380

0.48

C= f(Dose,Cmax)
C=-0.77+0.41*Dose+7.7*10−4 *Cmax+

378

0.43

C= f(Dose,Tmax)
C=-0.63+0.52*Dose-2.5*10−4 *Tmax+

368

0.39

C= f(Dose,AUC,Cmax)
392
C=-0.91+0.27*Dose -6.1*10−4 *AUC-1.2*10−3 *Cmax+

0.47

C= f(Dose,AUC,Tmax)
383
C=-0.92+0.28*Dose + 3.4*10−4 *AUC+4.7*10−3 *Tmax+

0.48

381
C= f(Dose,Cmax,Tmax)
C=-0.78+0.41*Dose +7.8*10−4 *Cmax+2.2*10−3 *Tmax+

0.44

C= f(Dose,AUC,Cmax,Tmax)
395
0.48
C=-0.93+0.26*Dose-1.2*10−3 *Cmax+3.4*10−3 *Tmax+6.1*10−4 *AUC+
0.40
C= f(Dose,AUC,Cmax,Tmax, MRT,t 12 ) 1 282
−4
−3
C=1.6+ 0.33*Dose +8.6*10 *AUC-2.4*10 *Cmax-1.4*Tmax+1.1*MRT-0.85*t 12 +
281
0.37
C= f(AUC,Cmax,Tmax, MRT,t 12 ) 1
−3
−3
C=2.6 +1.2*10 *AUC-2.6*10 *Cmax-2.1*Tmax+1.5*MRT-0.89*t 12 +
1

n=36

Underlined variables were significant
Unless otherwise stated, table was built using 54 rats
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Table 8.13: Spearman correlation coefficient between the concentration of biomarkers in hair and the
exposure dose, and between the concentration of biomarker in hair and the estimated Cmax for 20 rats at
D30.
ρ hair/exposure dose

ρ hair/Cmax

0.34

0.32

MMP

0.95

0.88

MEP

0.78

0.81

MBzP

0.44

0.34

MEHP

-0.09

0.2

5-OH-MEHP

0.25

0.29

5-cx-MEPP

0.32

0.32

5-oxo-MEHP

0.41

0.51

MINCH

0.08

-0.16

BPA

0.3

0.3

BPB

0.77

0.73

BPF

0.95

0.89

BPS

0.71

0.62

IMPy

0.91

0.88

TCPy

0.66

0.75

3Me4NP

0.9

0.92

3-PBA

0.17

0.24

Diflufenican

0.89

0.64

Fipronil

0.91

0.78

Fipronil Sulfone

0.92

0.82

Biomarker
All compounds
Phthalate metabolites

Bisphenols

Pesticide metabolites

158

Figure 8.6: Agreement between biomarkers concentration measured in animals hair after 60 days of
exposure and values predicted by models including all the PK parameters and exposure dose, for a) 8
biomarkers (MMP,MEP, BPB,BPF,BPS, IMPy, TCPy, 3Me4NP, Diflufenican, Fipronil, Fipronil Sulfone),
b) 3 bisphenols (BPB, BPF,BPS), c) 3 pesticide metabolites (IMPy,TCPy, 3Me4NP) and d) 3 phthalate
metabolites (MMP, MEP, MBzP).
144 observations for the model with 8 biomarkers, 54 for the others.
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Chapter 9

Discussion and conclusions
The main objective of this project was to highlight and quantify the variability of biomarkers of exposure
concentration, to understand the impact of this variability on the reliability of exposure assessment, and
to investigate how the classical biomonitoring approaches could be improved in order to provide more
reliable assessment of the human exposure to fast-elimination pollutants.

The assessment of exposure to non-persistent chemical pollutants (e.g pesticides, phthalates, and
bisphenols) is usually based on urinary biomarkers (the pollutants or their metabolites) analysed in a
unique urine sample collected from each subject, and assuming that the biomarkers concentration is
representative of the level of exposure. However, as demonstrated in the literature review conducted in
article I, the studies that investigated the variability of urinary biomarkers concentration clearly pointed
out the magnitude of this phenomenon and its negative impact on exposure assessment, especially for
fast-elimination pollutants. As a consequence, exposure assessment based on a single urine sample,
which is however still commonly used, clearly appears irrelevant as demonstrated in numerous studies
([Wielgomas, 2013], [Ackerman et al., 2014], [Zhou et al., 2016]).

Although the rapid elimination from the body combined with the frequent (re-)exposure remain the
principal source of variability of biomarkers concentration, this review points out that the ICC values,
generally used to characterize biomarker variability, can highly vary between different studies. We therefore
demonstrated that parameters such as the study design, data computation, concentration adjustment (in
the case of urine), and handling of non-detects can also impact variability. These observations suggest
that ICC values available in the literature cannot always be taken for granted to determine the reliability
of biomarkers for exposure assessment. The importance of the biological matrix on biomarkers variability
was also addressed, and the few results available suggests that hair would present much less variability
than in urine and therefore provide more robust information.

The analysis of the literature conducted in article I therefore points out the limitations of the exposure
assessment approaches used in most studies currently, and highlights the urgent need of novel biomonitoring
strategies in order to provide more reliable information on exposure, and hence better tool for the study
of health effects of pollutants.
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As previously highlighted, the literature suggests the poor reliability of exposure assessment based
on urine analysis, due to the high variability of urinary biomarker concentration. Based on a 6-months
follow-up conducted on 16 volunteers, the second chapter of the thesis (article II) therefore aimed at
providing quantitative assessment of the variability of urinary biomarkers, assessing the influence of the
time of day at which samples were collected, and finally investigating how increasing the number of
urine samples could improve the quality of the exposure assessment Figure 1.3 . The focus was set on
fast-elimination contaminants, and particularly on suspected endocrine disruptors (e.g. some phthalates,
bisphenols and pesticides) and on some of the substitutes proposed as replacement of chemicals submitted
to restriction measures.
As the participants of the study did not have identified or suspected risk of specific exposure to the
pollutants targeted in this work (no workers or farmers exposed to pesticides, no worker in plastic industry),
the high detection frequencies and the concentration levels observed for the different compounds suggest the
ubiquitous presence of these chemicals in human environment, leading to frequent exposure of the general
population. This confirms the contribution of frequent repeated exposure, on top of fast elimination, to the
variability of urinary biomarkers. The successive rise and falls observed within the same day also question
the assumption of “single and repeatable exposure” (e.g. due to meals) often considered in classical
models. The results also shown how non-persistent chemicals are however permanently present in the body.

The results obtained within this experimental work strongly question the frequent approach of using
the First Day Voids (also named First Morning Voids in the literature). Actually, no evidence for an
optimal time of urine collection was observed, and the concentration of biomarkers in samples collected in
the morning, evening or afternoon were not statistically different than in the first day voids. This lack
of optimal time might be related to the ubiquity of chemicals, and to the difficulty to prevent and even
anticipate exposure to these products.

Involving about 50 different urine samples collected from each participant over 6 months, this experiment provides quantitative assessment of biomarkers variability, with a level of refinement that was never
reached before. Moreover, this study provides the first data on variability for several biomarkers. On top
of confirming the poor reliability of exposure assessment based on a unique urine sample, the algorithms
developed in this study also suggest that the assessment is only poorly improved when increasing the
number of urine samples (at least within technically reasonable limits).

These results strongly question the reliability of classification of volunteers regarding their level of
exposure extrapolated from urinary biomarkers, especially in studies where no rationale on biomarkers
variability and on the number of urine samples used is provided. Since collecting high numbers of urine
samples from each subjects (if not all) is generally not compatible with large scale studies, the results of
these study suggest to consider other matrices covering wider window of detection and allowing more
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robust assessment of exposure.

After having demonstrated the limitations of urine analysis for exposure assessment, the next part of
this thesis (presented in article III) was conducted to investigate if hair could provide a more reliable
information on exposure than urine. Hair was selected as a possible alternative to urine because 1) its
non-invasive sampling represents a major advantage for sample collection in large scale studies, and
2) this matrix presents much wider temporal windows of detection than urine (covering up to several
months), making biomarker concentration less sensitive to short-term variations in exposure than in urine.
Nevertheless, many of the biomarkers tested in the NoStra project had never been analysed in hair yet and
their presence in this matrix had to be demonstrated. Moreover, no comparison between the two matrices
collected from the same individuals had been conducted yet to compare the information on exposure to
fast-elimination chemicals that could be obtained from urine and hair respectively.

In this part of the thesis (article III), a new analytical method was therefore developed to analyse
in hair the same biomarkers that were previously analysed in urine. This method was applied to hair
samples repeatedly collected from the same participants over the same 6 months, in parallel to the urine
samples described in the previous part. Among the twenty-nine biomarkers included in this method, eight
had never been analysed in hair samples before the present study, to the best of our knowledge.

Although the frequency of detection was slightly higher in urine than in hair, most of the biomarkers
could however be detected in the hair samples. This demonstrated the possibility to detect such hydrophilic
biomarkers in hair, and the relevance of this matrix for the biomonitoring of these categories of pollutants.
The higher detection frequencies of the biomarkers in urine compared to hair was unexpected and in
contradiction with previous studies ([Hardy et al., 2021], [Appenzeller et al., 2017], [Li et al., 2013a]) .
Actually, the wider temporal windows covered by hair increase the chances to capture biomarker excretion,
contrary to urine, which only covers a short time and can more easily miss the time of exposure.

The high detection frequencies of biomarkers in urine could be specific to the pollutants targeted in this
project, and could be explained by the frequent exposure to phthalates and bisphenols on the daily, leading
to their permanent presence in urine. In parallel, the specific metabolism of these chemicals, but these
differences can also be explained by several hypotheses such as an underestimation of chronic exposure to
chemicals, and their fast-rapid transfer from blood to urine, could result in insufficient concentration in
blood to allow their incorporation in hair at detectable levels.

As expected, the concentrations detected in hair were more repeatable over time than in urine, as shown
by higher ICC values. This suggests that hair analysis would provide a more robust information than
urine, and allow more reliable classification of individuals according to their level of exposure. However,
165

this robustness and more accurate assessment of long-term exposure is achieved at the expense of accuracy
of peak excretion, following episodes of exposure, that may involve different biological effects for which
urine remains the most suitable, provided that samples are collected at the right time after exposure.

The comparison of the concentrations of the biomarkers in hair versus in urine provides another
example of the complexity of assessing exposure to pollutants, and of the influence of the biological matrix
used for the analysis. Indeed, no correlation was observed between the biomarkers concentration in urine
and in hair for the majority of compounds except for MEP. This lack of correlation can probably be
explained by the difference in the temporal detection windows covered by each matrix, since urine only
represents the few hours before sampling, while hair represents up to several weeks. Moreover, the total
number of urine samples collected over the 6 months (approx. 50 per individual) only represents up to 4%
of the total amount of urine excreted over this period. Due to the high variability of urinary biomarkers
concentration, it is very unlikely that their average concentration in such a small proportion of the urine
produced over the follow-up matches with biomarkers concentration in hair samples covering the entirety
of the period, explaining therefore the poor correlation between the two matrices.

Although the follow-up conducted on human volunteers provided relevant results on the information
obtained from urine and hair respectively regarding exposure to fast elimination pollutants in realistic
conditions, other questions targeted in this project required controlled conditions that could only be
obtained from animal experimentation. In particular, this project aimed at investigating the relationship
between the level of exposure to chemicals and the resulting concentration of biomarkers in hair, and
more specifically, how the pharmacokinetics of these biomarkers could mediate their incorporation in this
matrix. The animal experimentation conducted to address these questions is detailed in article IV.

Linear relationship between the level of exposure and the concentration of chemicals in hair had already
been observed in previous works from our team for different compounds (e.g. pesticides, polycyclic aromatic hydrocarbons) ([Appenzeller et al., 2017],[Grova et al., 2018]). Nevertheless, no such information
was available for fast elimination chemicals such as phthalate metabolites and bisphenols. The animal
experiment conducted in the NoStra project (Figure 2.1) demonstrated a linear relationship between
the controlled dose administered to rats and the concentration detected in the hair of the animals for
eleven fast-elimination endocrine disruptors. This observation confirms the usefulness of hair analysis for
the biomonitoring of exposure to phthalates and bisphenols, as well as the relevance of using biomarkers
concentration in hair to classify individuals according to their level of exposure.

The animal experimentation also enabled to demonstrate that including pharmakinetic parameters in
statistical models for modelling the concentration of endocrine disruptors in hair improves the estimation
of the relationship between exposure dose and concentration in hair. These results strongly suggest that
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pharmacokinetics mediate the incorporation of biomarkers (and chemicals as a whole) in this matrix,
explaining why equivalent level of exposure to different chemicals may result in different concentration
in hair, as observed here for phthalate metabolites and bisphenols, and in previous studies for other
chemicals. Thus, in the case of fast elimination chemicals at equivalent level of exposure, the compounds
presenting the highest concentration in blood (extrapolated here from the concentration in urine) also
present the highest concentration in hair.

The models developed to predict the concentration of biomarkers in hair also demonstrated the difficulty
to combine biomarkers from different chemical families in a single model. Actually, predictions were more
accurate when the predictive variables came from the same families of compounds (phthalates, pesticides
or bisphenols). Moreover, we observed that for phthalate metabolites in particular, AUC and Cmax
were more significantly associated with the concentration in hair than with the dose administered to the
animals. Since AUC and Cmax are directly linked to the internal dose, this study suggests that biomarker
concentration in hair would be a good surrogate of the internal dose of pollutants. This observation
further supports the relevance of hair analysis in studies investigating the health effects associated with
pollutant exposure.

Finally,the fact that linear models were better at predicting the chemicals concentration when using
chemically related compounds (e.g. only bisphenols B, F and S) rather than from a global model tends
to indicate that the search for an absolute inverse dosimetry model including all the compounds of the
NoStra project will give lower estimation of the dose actually received compared to models based only on a
few compounds. We can therefore conclude that an inverse dosimetry model with satisfactory performance
in terms of prediction and categorization of individuals as hoped for at the genesis of the project in the
Figure 2.1 cannot be obtained with the present results. However, all the data accumulated over the
4-year span of this thesis would help HBM studies by illustrating the concept of variability and all the
impacting factors that should be taken into account when dealing with fast-elimination compounds.
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Chapter 10

Future perspectives
Within this PhD, we provided new insights in the assessment of the exposure to fast-elimination pollutants,
and we based our argumentation on two main experiments: a 6-months follow-up of 16 human volunteers,
with repeated collection of hair and urine samples, and a 2-months animal experiment with urine and hair
collection. However, this thesis does not allow to cover all the aspects and questions that have emerged
over this 4-year work. Thus, the present chapter presents reflections and openings that could be developed
in future projects, in order to improve the scientific knowledge on the exposure to endocrine disruptors.

Population issues
The first limitation that can be made to our study is the small number of volunteers included in the study.
As the usual methods of sample size calculations are mainly based on expected differences in an health
outcome (efficiency new drugs for Alzheimer disease [Huang et al., 2020] , number of positive cases in a
clinical trial [Ferreira and Patino, 2017], [Jones et al., 2003]) , the lack of outcome induced by the present
observational study did not allow to determine a specific number of participants for the present work.
However, within the framework of a more ambitious project, the recruitment of more individuals would
allow a more accurate representation of the population and therefore can confirm the findings of the
present work. In the present case, 16 people were recruited in the NoStra study, which is an increase from
only 10 originally planned for the project, and the choice was made to follow fewer people for longer rather
than short follow-ups of more volunteers. As the follow-up presented here is the result of 18 months of
work, it would not have been possible to carry out the same work with more individuals over the duration
of a 4-year thesis.

Moreover, it should be pointed out that the present work does not focus on the populations most
likely to be impacted by the effect of these fast-elimination compounds, as the volunteers enrolled in this
study were not part of the populations at risk of endocrine disruptor exposure such as pregnant women
or teenagers ([Monneret, 2017] [Meeker, 2012] [WHO Europe, 2014]). For instance, pregnant women
can expose the fetus to endocrine disruptors via the placenta, and the impact of these products on a
body unaware of these exposures can lead to numerous disorders ([Li et al., 2013b], [Caserta et al., 2018],
[Tang et al., 2020]). It was therefore highly unlikely that any health effects would occur as a result of
exposure to the chemicals in the NoStra project. Nevertheless, a follow-up of pregnant women or newborn
lasting for several years, with regular collection of samples, would allow to detect any suspicious link
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between disease onset and exposure during pregnancy or childhood.
Mini-project "Glasses"
As another result of this too small cohort, as already shown, our population is not among those most
exposed to chemicals. Nevertheless, high concentrations have been detected for certain compounds , and
hypotheses (dermal contamination, drug contamination, outside the scope of the NoStra project) have been
put forward to explain these values. In particular, a mini project was launched as part of a master’s thesis
with the aim of testing the hypothesis of the impact of a new pair of glasses on phthalate concentration.
This project stems from two observations : a sudden and continuous increase in a volunteer’s MEP
concentration following a change of glasses (see Figure 10.1), and the high proportion of volunteers
wearing glasses among the volunteers with the highest MEP excreted quantity Table 10.1.

Figure 10.1: 6 months urinary follow-up of excreted quantity of MEP from the same participant.

Table 10.1: Ranking of the average urinary excreted quantity for MEP biomarkers from the 16 volunteers
during the 6-months follow-up.
Ranking
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
Individuals in red wore glasses regularly
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MEP average in ng
177800
167053
57382
53244
25678
20814
20620
18824
17393
14090
12625
11708
9059
8163
5872
5730

Thus, 6 volunteers (3 women, 3 men) who usually did not wear glasses and were different than the 16
initials subjects, were asked to provide during 5 working days their first-void and living normally, and
then to wear glasses for the weekend and the week after, as showed in the next figure.
Table 10.2: Planning of the samples from the mini-project "Glasses" .
Week 1
Mon Tue Wed Thu
Fri
No glasses, normal life
First-morning voids collected every day

Sat

Sun

Week 2
Mon Tue Wed Thu
Fri
Glasses worn all day long
First-morning voids collected every day

The analysis of the urine collected following the same protocol as the main study were unable to confirm
the role of MEP (or any phthalate metabolites) contamination by glasses, as no statistical differences
were observed in the average of each participants (see Figure 10.2 below).
However, as the dermal exposure is considered as main route of exposure and the glasses can be made
with plastics components [(All about Vision, 2019], the influence of the glasses cannot be totally denied.
Indeed, many parameters such as the manufacturing quality of the glasses (which could influence the
release), the physical activity (with heat and movements the releases could be more important) or the
type of glasses could impact the contamination. A larger studies with different types of glasses could be
launched to determine if the contamination to plastics through glasses can become a real public health
issue.

Figure 10.2: Average of 6 individuals for different phthalate metabolites investigated in the project Glasses

Combination of both urine and hair matrix
Throughout this thesis, there has been a lot of talk about comparing the hair and urine matrices, mainly
due to the fact that hair is a relatively new matrix in biomonitoring, but the idea of associating the two
in a model seems to be promising in the context of epidemiological studies.
This approach was already slightly discussed in publications for pesticides in water [Cruzeiro et al., 2016],
but this idea could be taken a step further: instead of categorizing the volunteers according to their
supposed level of concentration extrapolated from urine or blood as we did in Article II, it would be
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interesting to evaluate through a mathematical model the exposure using hair and urine at the same time.
This model can be for example weighed according to number of available urine samples or the duration of
the follow-up, and would therefore allow to combine the precision of the long-term estimate of exposure
through hair with the sensitivity of the excretion peaks possibly reached through urine.

Another consequence of the small size of our cohort is the absence of health outcomes among the
study volunteers. This lack did not allow us to carry out the classical logistic regression model (used by
Weller for example [Weller et al., 2007]) that predicts the appearance of the health outcome by mixing
hair and urine concentrations with PK parameters as predictive variables. This second multi-matrix
approach could be interesting to develop with a larger cohort and different health outcomes, while being
careful about how these results are interpreted.

Choice of the strategy for the exposure evaluation
If a causal link is proven between the concentration detected in a biological matrix and a health effect,
the next point to be clarified would be to evaluate the type of exposure needed to trigger those biological
effects, and deduce the type of matrix to be used to assess the exposure. Indeed, it would be interesting
to ask whether a very high dose over a very short period of time (in this case, a urine sample taken at the
right time would be appropriate to assess the exposure, would be responsible for the appearance of the
biological effect, or whether a constant diffusion of a low rate (hair would be more appropriate) would be
the cause of the disease onset.

As we have demonstrated throughout this work, the use of a single spot sample does not adequately
assess exposure to pollutants with short half-lives. Increasing the number of samples collected improves
the accuracy of the assessment, while highlighting uncertainty due to intra-individual variability.

Another approach has emerged recently to take into account the variability in epidemiological studies.
This strategy consisted of using pooled samples instead of spot samples to reduce the possible exposure misclassification[Heffernan et al., 2014] [Perrier et al., 2016] [Agier et al., 2020]. Different pooling
strategies can be used, leading to different surrogates of the average concentration of individuals. Thus,
the pooling can either be obtained by using always the same volume from each spot (for example, the
proxy obtained by pooling the same volume from each individual spot named Equal-volume pool (EVP)
in [Philippat and Calafat, 2021]), or by using unequal-volume pool in which the volume taken from each
samples depends on some factors (creatinine-based pool in [Weinberg et al., 2019] based on the creatinine
concentration, the higher the creatinine concentration, the lower the contribution in volume of the sample).
The pooling strategy allows to drastically reduce the number of samples to be analysed to obtain a
representative image of the average exposure level. This strategy is an alternative to the use of hair, as it
does not allow to obtain the information on the extreme values (peaks) that the urine samples can give
individually. However, the use of pooling strategies is still a new subject that requires further study, as
shown by the various scientific studies such as Van Domelen et al. [Van Domelen et al., 2018] (impact of
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pool-associated errors on logistic regression), Vernet et al. [Vernet et al., 2019] (misclassification errors
induced by repeated measurement models and pools) or Philippat et al. [Philippat and Calafat, 2021]
(pooling strategies such as use of correction for the evaluation of the BPA exposure).

Development of automated tools
It should also be noted that research into the number of samples required to establish a meaningful
assessment of exposure to pollutants can lead to the development of software, as shown by the work from
Verner [Verner et al., 2020]. This tool, named the Biomarker Reliability Assessment Tool (BRAT) and
whose interface is presented in the following Figure 10.3, is aimed at researchers, their sponsors and
risk managers and proposes to estimate the internal level of biomarkers, and the resulting number of
samples needed to properly estimate the level of exposure,based on PK models and Monte-Carlo simulation
techniques. However, this program requires knowledge of parameter estimation (such as the number or
intensity of chemical exposures) that is incompatible with our results presented in this work.

Figure 10.3: Interface of the BRAT software, developed by Verner in [Verner et al., 2020].

In the long run, in a context of increasing awareness of the problem generated by the urinary
variability of biomarkers, this type of personalized tool would allow each scientific study to better take
into consideration the variability of the samples, and to improve the robustness of the results and findings.
For instance, the development of this type of interface would allow epidemiologists to estimate before
the launch of the study the number of urine samples they need per volunteers, and therefore to improve
public health policies.
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Hair as matrix for large-scale exposure assessment
As hair was already used in different field for the evaluation of the exposure, whereas in forensic
as stated by [Jurado, 2015] with the example of the research of alcohol [Yegles et al., 2004] or drugs
[Mercurio et al., 2016], or for clinical applications (heavy metals [Liang et al., 2017]), it could be interesting, using the method developed in the present work, to launch tests on large scale populations via a
simple collection of hair strands to assess the exposure of all or a portion of a population. This large-scale
testing could help future scientists in their research in tomorrow’s public health problems, by obtaining a
priori information on the onset of the disease rather than a posteriori information through retrospective
studies. Moreover, this type of large samples collection would also make it possible for example to study
the effects of exposure to chemical compounds according to different strata of the population, or to
compare the levels of exposure (and by extension the political regulations) according to different countries.
This idea is particularly exploited by the work of [Iglesias-González et al., 2020] who are trying to map
and determine the exposure of children to pollutants throughout the world.

To conclude, the study of variability in biological samples for fast-elimination compounds were
neglected for a long time. Within this project, we hope that new strategies based on the use of hair, urine,
pharmacokinetic and animal models will be recognized as improvements in assessing exposure to these
pollutants and become more widely used in public health studies.
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Abstract Urine and plasma have been used to date for
the biomonitoring of exposure to pollutants and are still
the preferred fluids for this purpose; however, these fluids mainly provide information on the short term and
may present a high level of variability regarding pesticide
concentrations, especially for nonpersistent compounds.
Hair analysis may provide information about chronic
exposure that is averaged over several months; therefore,
this method has been proposed as an alternative to solely
relying on these fluids. Although the possibility of detecting pesticides in hair has been demonstrated over the past
few years, the unknown linkage between exposure and
pesticides concentration in hair has limited the recognition of this matrix as a relevant tool for assessing human
exposure. Based on a rat model in which there was controlled exposure to a mixture of pesticides composed of lindane, β-hexachlorocyclohexane, β-endosulfan, p,p′-DDT,

p,p′-DDE, dieldrin, pentachlorophenol, diazinon, chlorpyrifos, cyhalothrin, permethrin, cypermethrin, propiconazole, fipronil, oxadiazon, diflufenican, trifluralin, carbofuran, and propoxur, the current work demonstrates the
association between exposure intensity and resulting pesticide concentration in hair. We also compared the results
obtained from a hair analysis to urine and plasma collected
from the same rats. Hair, blood, and urine were collected
from rats submitted to 90-day exposure by gavage to the
aforementioned mixture of common pesticides at different
levels. We observed a linear relationship between exposure
intensity and the concentration of pesticides in the rats’ hair
(RPearson 0.453–0.978, p < 0.01). A comparison with results
from urine and plasma samples demonstrated the relevance
of hair analysis and, for many chemicals, its superiority
over using fluids for differentiating animals from different groups and for re-attributing animals to their correct
groups of exposure based on pesticide concentrations in the
matrix. Therefore, this study strongly supports hair analysis
as a reliable tool to be used during epidemiological studies
to investigate exposure-associated adverse health effects.
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Introduction
Both the adverse effects of pesticides and the ubiquity of
human exposure to these chemicals have been documented
by an increasing number of data sets (Ntzani et al. 2013).
Although different approaches can be used to assess exposure, biomonitoring (detecting chemicals and/or their
metabolites in biological matrices) often remains as the
preferred approach because it offers the advantage of
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integrating all of the possible sources and routes of exposure and of representing the internal dose from exposure.
Correctly and accurately assessing the level of exposure
to organic pollutants such as pesticides, however, remains
challenging. Indeed, mainly because of logistical and
financial constraints, an exposure assessment most often
relies on a single biological sample per individual, typically blood or urine, the latter being generally preferred
because urine is collected in a noninvasive manner (Esteban and Castaño 2009). Nevertheless, for most compounds,
rapid elimination from urine between successive exposure
episodes results in short temporal windows of detection
[defined as the timeframe within which a compound can
be detected since exposure occurred (i.e., before sampling
takes place and before the measured concentration is determined)] and in high variability in urinary concentration of
chemicals (Attflied et al. 2014; Aylward et al. 2014). For
instance, the within-subjects variability in the concentration
of organophosphorus and pyrethroid urinary metabolites
measured in children from the Seattle, WA, area followed
over 1 year was reported to be 2–11 times higher than the
between-individual variability (Attflied et al. 2014). Moreover, it was demonstrated that a single urine sample was
clearly insufficient to consistently categorize children’s
exposure into quartiles (Attflied et al. 2014). The variability
associated with chemical concentrations in biological fluids, especially for short half-life chemicals, increases the
risk of misclassification of individuals with regard to their
exposure levels, and this results in a dramatic loss in statistical power in a study of associated adverse health effects.
To overcome the limitations associated with conventional
biological matrices, novel approaches based on alternative
matrices such as hair have been suggested. For instance,
a paper (Appenzeller and Tsatsakis 2012) reviewed several publications that reported the possibility of detecting
organic pollutants from different chemical classes in hair,
reflecting individuals’ environmental or occupational exposure. Hair samples can be collected in a noninvasive manner and can be easily stored. However, the main advantage
associated with this matrix lies in the possibility to reach
extended windows of detection that may represent up to
several months of exposure, depending on the length of
the sample. Contrary to biological fluids such as urine and
blood, the concentration of chemicals detected in hair is not
influenced by short-term variations in the exposure. Instead,
the concentration corresponds to an individual’s average
level of exposure, which is the most relevant information
for investigating possible linkages with biological effects.
Although hair was reportedly used during the 1950s through
1970s to analyze for metals and was employed during the
1970s through the 1980s to determine drugs of abuse, using
this matrix for detecting organic pollutants has been delayed
by several limitations. For instance, there was a lack of

sensitive analytical methods to sufficiently and properly
monitor environmental exposure (Appenzeller 2015). This
issue has, however, been resolved because considerable
efforts were made during the past few years that now enable
the methods to reach sensitivity levels that stand between
1000 and 10,000 times below those obtained 10 years ago
(Appenzeller 2015; Salquebre et al. 2012). The influence of
pigmentation on the incorporation of chemicals in hair has
also been investigated, but a consistent conclusion has not
yet been reached on this topic. For instance, although some
studies suggested that melanin influences the concentration of some illicit and medical drugs in human and animal
hair (Appenzeller and Tsatsakis 2012), no or limited influence of pigmentation was observed for ethylglucuronide,
phase II metabolite of ethanol (Appenzeller et al. 2007a;
Kharbouche et al. 2010), and for metabolites of polycyclic
aromatic hydrocarbons (Grova et al. 2013). The main criticism of using hair analysis for the biomonitoring of pollutant exposures involves the representativeness of the level of
exposure. Because qualitative results (presence or absence
of drugs) are often sufficient in medico-legal contexts to
prove consumption, the linkage between intake intensity
and resulting concentration in hair has been poorly investigated in the past. The proportional relationship has, however, been demonstrated between ethanol consumption and
the concentration of its metabolite ethyl glucuronide in hair
for both humans (Appenzeller et al. 2007a) and rats (Kharbouche et al. 2010). Regarding organic pollutants, promising results have already demonstrated that rabbits exposed
to a high dose of pesticides presented higher concentrations
of chemicals in hair than those exposed to a low dose for
organophosphates (Maravgakis et al. 2012; Margariti and
Tsatsakis 2009; Tutudaki et al. 2003) and cypermethrin
(pyrethroid) (Kavvalakis et al. 2014). Nevertheless, studies
investigating the linkage between exposure and pesticide
concentration in hair that cover a wide range of concentration levels of several chemicals are still needed so hair analysis will be recognized as a reliable marker for assessing the
intensity of exposures.
In the current study, we investigated the linkage between
the exposure level and the resulting concentration of pesticides and their metabolites in hair. We used rats during
the study and controlled the exposure to a mixture of 19
pesticides from different chemical classes at eight different
doses over a 90-day period. We compared the association
between exposure level and the concentration of chemicals
in hair collected at the end of the experiment to plasma and
urinary concentrations collected from the same animals.
For the three matrices, we also assessed the difference in
pesticide concentrations between the different groups of
exposure and the possibility to back determine the animals’
level of exposure on the basis of pesticide concentrations in
hair, urine, and plasma.
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Materials and methods

administration in order to adapt the amount of pesticidecontaining mixture to the animals’ weight.

Animal experimentation
Pesticide gavage mixture
Animal housing
Pesticide mixture stock solution was prepared in ethanol every 2 weeks. Gels were prepared by mixing hot
HydraGel and MediGel Sucralose (1/1, v/v, Bio Services,
Uden, Netherlands), pouring the mixture into aluminum
molds, and then allowing it to cool at room temperature.
The gels were supplemented with the appropriate volume
of pesticide mixture stock solution. Ethanol was allowed to
dry at room temperature (~25 °C) until complete evaporation (i.e., minimum of 4 h). A second layer of gel was then
deposited to trap the pesticides inside the gel. The control
rats were fed with the same gel that was free of the pesticides. The optimal evaporation time was previously determined on gels supplemented with ethanol. The ethanol
content was then assessed at different time points by using
a headspace sampler coupled gas chromatography–mass
spectrometry (GC–MS) instrument (Agilent Technologies,
Diegem, Belgium).

Sixty-eight bicolor (white and black hair) female LongEvans rats (180–200 g, Elevage Janvier, St. Berthevin,
France) were housed two per cage in a regulated environment (temperature 22 ± 3 °C; relative humidity
55 ± 10%) under a reversed light–dark cycle (lights on
from 7:00 p.m. to 7:00 a.m.). Food (Teklad Global Diet
2016, Harlan, Gannat, France) and water were available ad libitum. The rats were acclimatized to the animal facility for 2 weeks before the experiment began.
To minimize the external contamination of hair by pesticides from urine excretion, special bedding [with a high
water-binding capacity (372%), Lignocel ¾, Harlan, Gannat, France] was replaced twice per week. Moreover, to
evaluate the potential external contamination because of
urine excretion, the bedding of the highest level exposed
group was placed into a sentinel cage that containing four
non-treated rats, which were analyzed at the end of the
experiment. Feces were removed prior to placing the sentinel rats on the soiled bedding, which was replaced twice
per week for the entire duration of the experiment. The
analysis of the sentinel rats’ hair did not demonstrate contamination of hair because of the bedding material. The
procedures applied were in compliance with the rules
provided by the European Union (2010/63/EU) and were
approved and supervised by the Institutional Ethics Committee of the University of Lorraine (authorization number B 54-547-13).

Samples collection
The animals were shaved before the experiment began to
ensure that the hair collected at the end of the study accurately reflected the 90-day period of exposure. White and
black hairs were collected separately, placed in aluminum
foil, and stored at −20 °C until analysis. Blood was collected in EDTA tube from the tail vein, 3 h after oral
administration on Day 90. Each sampling (500–750 µL)
was immediately centrifuged at 5000×g for 3 min at
room temperature, and plasma was separated and stored at
−80 °C before analysis. For urine collection, the rats were
placed in individual metabolic cages (Type 304 stainless
steel, Techniplast, Zwaag, Netherlands) immediately after
gavage for 24 h (from Day 88 to Day 89). The urine was
collected in refrigerated tubes over a 24-h period and was
weighed before storage at −20 °C.

Animal treatment
Eight rats were randomly assigned to each of the experimental groups. A low-calorie water gel that contained the
pesticides was administered via gavage to these rats three
times per week for 90 days. The doses of the pesticides
mixture used for exposure were 4, 10, 20, 40, 100, 200,
and 400 µg/kg of body weight. The exposure range was set
as follows: The lowest dose was the lowest level allowing
the detection of pesticides in hair after a 90-day exposure,
based on preliminary experiments not detailed here. Testing
lower levels would not have been relevant because some
compounds would not be detected anymore (analytical limitation). In addition, for some other compounds, no differences were detected in the current experiment between the
lowest level of exposure and the background exposure of
the controls. The highest dose was set according to toxicity
of compounds, which corresponded to 1/20 of the lowest
LD50 (carbofuran). The animals were weighed before each

Pesticides and analysis
The list of pesticides to which the animals were exposed
included compounds from different chemical classes (see
Table S1), covering a wide range of different physicochemical properties to confirm that the association between
exposure and the resulting concentration in hair was not
limited to a specific category of chemicals (Chata et al.
2016). The list of pesticides included chemicals classically
investigated in humans (e.g., organochlorines, organophosphates, pyrethroids) in order to allow for a comparison with
data obtained from the literature for humans, as well as
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control animals when the target compounds were detected
in the samples collected from them (e.g., lindane).
Inter-group differences in analyte concentration in the
matrices were furthermore tested with a t test or a Mann–
Whitney Rank Sum test when normality (Shapiro–Wilk) or
equal variance test failed (SigmaPlot 12.0). For the intergroup difference statistical testings, the value of ½ LOD
was attributed to the samples with a non-detected concentration. The differences between groups presented in Figs.
S2 through S4 were tested as follows: top–down, the highest exposure group (400 µg/kg) was compared to the group
just below (200 µg/kg). If a significant difference was
observed, then it was marked with brackets, and the difference was then tested between the 200 and the 100 µg/kg
groups. If no significant difference was observed between
the 400 and the 200 µg/kg groups, then the 400 µg/kg group
was first compared with the 100 µg/kg group, and then with
groups of lower exposure if no difference was observed.
The procedure was then repeated all along the groups and
was then re-applied down–top (starting with the control
group) in order to test all the groups.
To investigate to what extent the results obtained from
hair, urine, and plasma analyses may help to accurately categorize individuals according to their level of exposure, a
reverse classification analysis (RCA) was conducted based
on the approach described for humans (Attflied et al. 2014).
For a set of five randomly selected animals, three ascending
sorts were conducted based on pesticide concentrations in
hair, urine, and plasma, respectively, and then were compared with a classification according to the animals’ level
of exposure used as a reference. For each matrix, one point
was added if matrix-based classification was correct (cases
of equality in doses were also considered), and no point
was added if it was different. The procedure was reiterated
10,000 times, and the percentage of correct classification
for each matrix and each compound is presented in Fig. 2.
RCA was not conducted for chemicals detected in less than
four groups.

pesticides that have been investigated less or not at all in
humans.
Depending on the compounds, only parent pesticides,
only metabolites, or both parent and metabolites were analyzed in the biological matrices. Details about the target
chemicals are provided in Table S1. The chemicals were
analyzed as previously described (Chata et al. 2016; Hardy
et al. 2015). Despite the different nature of the biological
matrices analyzed (liquid vs. solid), method protocols were
developed to ensure similarity so they could be reliably
compared to the information obtained from each matrix,
thereby ensuring that differences were not likely attributable to analytical bias. Moreover, the sensitivity of the
methods used proved to be quite satisfactory with regard
to the literature (comparable to the best performances in
the field); this ensured that the differences between matrices were not because of a lack of sensitivity (Hardy et al.
2015). Because analytical background noise was absent
from the chromatograms because tandem mass spectrometry was used, the approaches based on background noise
for determining the limit of detection (LOD) were not
applicable. The LOD was therefore determined as the lowest concentration that was detected in the samples analyzed
during this study. Selectivity was ensured by analyte retention time and by the quantification transition to confirmation transition ratio that had to be lower than the 20% difference from the ratio obtained with standard compounds.
The LOD ranged from 0.02 pg/mg for β-endosulfan to
2.7 pg/mg for dichlorodiphenyltrichloroethane (p,p′-DDT)
in hair, from 0.2 pg/mL for trifluralin to 13.6 ng/mL for
2-isopropoxyphenol (2-IPP) in urine, and from 2.4 pg/mL
for β-endosulfan to 679 pg/mL for p,p′-DDT in plasma.
Because the analysis of parent pesticides and metabolites
was conducted on the same hair sample, the addition of
parent organophosphate isotope-labeled analog standards
was not possible because their degradation into non-labeled
dialkyl phosphate (DAP) during the analytical procedure
would have hindered the analysis of DAP due to exposure.
In hair, only organophosphate metabolites (not parents)
were therefore quantified, and only qualitative results were
obtained for parents.

Results

Statistical analysis

For all of the chemicals (parent and metabolites) that were
detected in hair or urine, the concentration in the matrix
was significantly associated with the level of exposure
(p < 0.01). In plasma, only diethyl phosphate (DEP) and
diethylthiophosphate (DETP) were not significantly associated with the level of exposure, although these metabolites
were always present. Slopes (linear fit) of analyte concentration in hair (pg/mg) versus level of exposure varied from
1.11 for trifluralin to 612 for β-hexachlorocyclohexane
(β-HCH) (Table 1). Considerable differences in the slope
“concentration in the matrix” versus the “level of exposure”

The association between the level of exposure and the
analyte concentration in the matrix (i.e., hair, urine, and
plasma) was assessed by the Pearson product-moment correlation coefficient (RPearson). The global tendency to present different analyte concentrations in the matrix for different levels of exposure was assessed by the Spearman’s
correlation coefficient on ranks (RSpearman). The values
calculated for slope, RPearson, and RSpearman only took into
account samples with detected concentrations and included
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0.67e–1.25
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0.56b–3.23
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–
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Concentration
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Table 1  Association between the level of exposure and the concentration of chemicals in hair, urine, and plasma
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0.064e–0.086

Concentration
range (ng/mL)

570
976
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1.04
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422
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2039

13.1

289

47.2
199
1.50
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Slopea RPearson RSpearman on
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0.453
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99
–
–

0.12b–0.60

0.32b–3.83
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0.008c–0.049
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Concentration
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–

1.57
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–

0.830
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–
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Slopea RPearson RSpearman on
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ND
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0.51b–15.0

Concentration
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Average concentration measured in animals exposed to 200 µg/kg

Average concentration measured in animals exposed to 10 µg/kg

Average concentration measured in animals exposed to 100 µg/kg

g

d

f

Average concentration measured in animals exposed to 40 µg/kg

c

e

Average concentration measured in animals exposed to 4 µg/kg

Average concentration measured in animals exposed to 20 µg/kg

b

Linear fit. For the calculation of the slope, the level of exposure was expressed as mg/kg per day, and the concentration in the matrix was expressed as pg/mg for hair and as ng/mL for urine
and plasma

a

Slope, RPearson, and RSpearman were calculated from detected values only (from level 40 for cypermethrin and from level 20 for λ-cyhalothrin) and were not calculated when the target compound
was detected in less than four levels of exposure (indicated as “NA”)
NA not applicable, ND not detected
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Fig. 1  Lindane (γ-hexachlorohexane) concentrations in hair (left),
urine (center), and plasma (right) of rats submitted to the different
levels of exposure. The top panels present the proportional x-axes
and provide details about each animal separately. In the urine chart,
a point at 9000 pg/mL for the dosage of 200 µg/kg is not presented
(out of scale) for better visibility. The bottom panels present box
plots, with the bottom of the box representing the 25th quartile and
the top of the box representing the 75th quartile. The line within the

box represents the median, and the whiskers reach at a maximum of
1.5 times the interquartile range. Circles represent outliers. White
boxes mean that there is a significant difference (p ≤ 0.05) in chemical concentrations in hair with the preceding level of exposure. Light
gray denotes that there is a marginally significant difference (p value
slightly greater than 0.05), and dark gray means that there is no significant difference with the preceding level of exposure. *p < 0.05,
**p < 0.01, and ***p < 0.001

between the different pesticides were also observed for
urine and plasma.

exception of β-endosulfan, in which a significant difference
was observed between the high exposure groups only, and
p,p′-DDT and p,p′-DDD, which were only detected from
the exposure levels of 20 and 40 µg/kg per day, respectively
(Fig. S2). In that regard, the behavior of organochlorines
in plasma was very similar to what was observed in hair,
although the inter-group difference was always slightly
poorer in plasma. In urine, both the association between
the level of exposure and the concentration in the matrix
(assessed by RPearson) and the inter-group difference
(assessed by RSpearman on ranks) were systematically lower
than in hair and in plasma (Table 1). At equal levels of
exposure, β-endosulfan presented the lowest concentration
among all the organochlorines in both hair and plasma and
was not detected in urine. The highest concentration was
observed for β-HCH in hair and for pentachlorophenol in
both urine and plasma.

Organochlorines
Organochlorines were detected in both hair and plasma
at most of the levels of exposure, including the controls. In hair, exceptions were only observed for p,p′dichlorodiphenyldichloroethylene
(p,p′-DDE),
which
was not detected in controls, and p,p′-DDT and p,p′dichlorodiphenyldichloroethane
(p,p′-DDD),
which
were only detected from levels of 20 and 40 µg/kg per
day, respectively. In plasma, p,p′-DDT was not detected
in control animals, and its metabolite, p,p′-DDD, was
detected from 40 µg/kg. In contrast, urine presented the
highest rate of “undetected” (Fig. 2), and only γ-HCH
(γ-hexachlorocyclohexane/lindane) and pentachlorophenol were detected in all the groups. In addition, p,p′-DDT
and p,p′-DDE were only detected from the 200 µg/kg
exposure level, and β-endosulfan and p,p′-DDD were not
detected at all in urine. As presented with the example of
lindane (γ-hexachlorohexane) (Fig. 1, box plot), significant
inter-group differences in the concentration in animals’
hair were observed for all of the organochlorines, with the

Organophosphates
As previously mentioned in the “Materials and methods”
section of this manuscript, the methodology allowed the
quantification of parent organophosphates in urine and
plasma, and only provided qualitative results in hair.
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Fig. 2  Pesticides and metabolites detected in hair, urine, and plasma
according to the animals’ levels of exposure (gray cells denote positive detection) and reverse classification analysis (RCA) results,

expressed as the percentage of correct classification based on the concentration in the matrix (Note: NA not applicable, ND not detected)

No parent organophosphates were detected in urine. In
plasma, among the two organophosphates administered to
animals, only chlorpyrifos was detected, with a mean concentration ranging from 0.15 ± 0.01 ng/mL in the control
group to 0.41 ± 0.09 ng/mL in the most exposed group.
Metabolites of organophosphates (DEP, DETP, and TCPy:
3,5,6-trichloro-2-pyridinol) were detected in the three
matrices, whatever the level of exposure, including the
controls. A significant association was always observed
between the metabolite concentration in the matrix and
the level of exposure, with the exception of DEP and
DETP in plasma (Table 1; Fig. S1). DETP, however, presented the best correlation between exposure and concentration in the matrix for both hair and urine (Table 1). As
presented with the example of DEP (Fig. S1), inter-group
differentiation based on metabolite concentration was
best for urine, was acceptable for hair, and was quite poor
for plasma, except for TCPy (Table 1; Figs. S2, S3, S4).
Regarding the equivalent level of exposure, the highest
concentration was observed for TCPy in the three matrices (Table 1).

Pyrethroids
Although no parent pyrethroid was detected in urine, two
out of the three pyrethroids to which animals were exposed
were detected in hair and in plasma (Fig. 2). Cyhalothrin
was detected from the 20 µg/kg exposure level in hair
and from the 4 µg/kg exposure level in plasma. Cypermethrin was detected from the 200 µg/kg exposure level in
hair and from the 10 µg/kg exposure level in plasma. Permethrin was only detected in plasma from 100 µg/kg. At
equal level of exposure, the λ-cyhalothrin concentration in
plasma was approximately 10 times higher than cypermethrin and approximately 100 times higher than permethrin,
which could explain why permethrin was not detected in
hair. The three pyrethroid metabolites tested in the current
study were detected in all the exposure groups in the three
matrices, except for 3-phenoxybenzoic acid (3-PBA) and
3-(2-chloro-3,3,3-trifluoro-1-propenyl)-2,2-dimethylcyclopropane carboxylic acid (ClCF3CA) in the urine of the control animals. Urinary metabolites presented a weaker association with the level of exposure than the hair and plasma
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concentrations, but was almost impossible with urine (Figs.
S2, S3, S4). Diflufenican was detected in the hair of all
of the animals, including the controls, from the 20 µg/kg
exposure level in urine and from the first level of exposure
in plasma. For diflufenican, the inter-group differentiation
was best when it was based on the concentration in hair,
followed by plasma, but it was rather poor when based on
urine. Oxadiazon was detected in hair and plasma of all of
the groups of exposure, with better inter-group differentiation in hair, but it was not detected in urine, whatever the
level of exposure. Propiconazole was detected in the hair
samples of all of the groups of exposure, but significant
differences between adjacent groups were only observed
between the three highest levels of exposure. Propiconazole
was not detected in rat plasma and urine, whatever the level
of exposure.
Adjusting the urinary concentration (ng/mL) with the
volume of urine (mL) to obtain the amount excreted over
24 h (ng) decreased the correlation with the level of exposure for all the chemicals except for TCPy (R2 = 0.7004
vs. 0.6802), DEP (R2 = 0.7069 vs. 0.6712), DETP
(R2 = 0.7412 vs. 0.6845), Cl2CA (R2 = 0.5956 vs. 0.5856),
3-PBA (R2 = 0.6174 vs. 0.5676), and 2-IPP (R2 = 0.6845
vs. 0.6750) for which the correlation was slightly increased.
Similarly, adjusting the urinary concentration with the creatinine concentration had limited effects on both RPearson
and RSpearman.

Number of compounds detected

30
25
20
15
10

Hair
Urine

5

Plasma

0
0.001

0.01

0.1

1

Level of exposure (microgramme per kg)

Fig. 3  Number of chemicals detected in hair, urine, and plasma for
the different levels of exposure

concentrations (RPearson) and comparable inter-groups differences. As for the metabolites of organophosphates, the
urinary concentrations of 3-(2,2-dichlorovinyl)-2,2-dimethylcyclopropane-1-carboxylic acid (Cl2CA) and 3-PBA
were not significantly different between the two highest
levels of exposure. The highest concentration was observed
for Cl2CA in hair and urine and for 3-PBA in plasma.
Carbamates
The two carbamate metabolites, 2-IPP and carbofuran phenol, were detected in all of the animal groups in the three
matrices, except for 2-IPP in the urine of the controls animals. Inter-group differentiation was better in the highest
exposure groups in hair, whereas it was better in the lowest concentration levels in urine, and it was quite poor in
plasma, whatever the level of exposure (Table 1; Figs. S2,
S3, S4).

Reverse classification analysis (RCA) and the number
of detected pesticides
The RCA scores based on pesticide concentration in the
matrix are presented in Fig. 2. Hair provided the best RCA
scores for 13 out of the 27 target compounds: all of the
organochlorines, fipronil, fipronil sulfone, diflufenican,
oxadiazon, and propiconazole. Hair also provided the lowest number of compounds that were never detected, whatever the level of exposure (two out of 27). Urine allowed
reaching the highest RCA scores for eight compounds but
provided a real advantage over hair and plasma only for
four of them: DEP, TCPy, 2-IPP, and carbofuran phenol.
Moreover, urine presented the highest number of undetected compounds (nine out of 27). Plasma provided the
highest RCA scores for three compounds (i.e., chlorpyrifos, cyhalothrin, and trifluralin), although close RCA values were obtained with hair for cyhalothrin and trifluralin.
In plasma, among the 27 target compounds, only propiconazole and diazinon were not detected. The number of target chemicals detected in the biological matrices increased
with increasing exposure, but was always higher in hair and
plasma than in urine (Fig. 3). In control animals, 19 compounds were detected in hair and in plasma, and eight were
detected in urine.

Other pesticides
Fipronil and its metabolite fipronil sulfone were detected
in all of the groups in hair and plasma, but the two compounds were not detected in the urine of the control animals, and fipronil was only detected from the 10 µg/kg
exposure level. The two compounds presented good intergroup differentiation and a significant association between
the concentration in the matrix and the level of exposure in
the three matrices, although both RPearson and RSpearman were
higher for hair (Table 1). In the three matrices, the metabolite presented quite a higher concentration than the parent.
Trifluralin was detected in all of the groups, including controls, in hair, urine, and plasma, but the association between the concentration in the matrix and the
level of exposure was quite better for hair and plasma
than for urine. Similarly, the inter-group differentiation
was quite easy when it was based on the hair and plasma
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Fig. 4  (Left) lindane concentrations in rat hair (the current work) and
in human hair (reported from the literature). (Right) 3-PBA concentration in rat urine (the current work) and in human urine (reported
from the literature). The data that correspond to the rats (circles)
are related to the levels of exposure presented on the x-axis. The
data that correspond to humans (squares) are not related to the level
of exposure and are situated close to similar range of concentration
observed in rats for better visibility. For humans, the upper square
represents the highest concentration detected, and the lower square
represents the lowest concentration detected (Note: When the low-

est value was not detected, it was replaced by a half limit of detection). An intermediate square represents the median or the mean
value (when available); several intermediate squares correspond to
several sub-populations. Data on humans were obtained from many
publications (Attflied et al. 2014; Behrooz et al. 2012; Castorina et al.
2010; Covaci et al. 2002, 2008; McKelvey et al. 2013; Oulhote and
Bouchard 2013; Salquebre et al. 2012; Tsatsakis et al. 2008a, b; Wielgomas 2013; Wielgomas et al. 2012; Zhang et al. 2007) and from personal data

Pigmentation

between the exposure intensity and the concentration of
chemicals in hair was stronger than or comparable to urine
and plasma. Although the association was better for nonpolar compounds such as organochlorines, it also concerned
polar compounds such as metabolites of organophosphate
and pyrethroid pesticides.
The ability to differentiate animals from different groups
of exposure or to reattribute individuals to their correct
group of exposure based on pesticide concentration in a
matrix depended on both the matrix and the chemical.
Hair analysis proved to be a highly efficient method for
organochlorines and other parent pesticides, and also provided relevant results for other compounds, including polar
metabolites of organophosphate pesticides and pyrethroids.
As expected, urine was best adapted for detecting polar
chemicals such as organophosphates and pyrethroid metabolites, and it also allowed acceptable results to be reached
for some parent compounds, including some organochlorine pesticides, although urine is generally not considered
for their analysis (Centers for Diseases Control and Prevention 2009). Urine, however, presented the highest rate of
non-detected compounds compared to the two other matrices. Plasma allowed relevant information to be obtained
regarding exposure to most compounds, with the exception
of dialkyl phosphates for which this matrix proved to be

The influence of hair pigmentation on pesticide incorporation was assessed by comparing the concentration detected
in white hair versus pigmented hair which were collected
and analyzed separately from each animal. A slope close
to the value of 1 indicated a poor influence of pigmentation on the compound concentration in hair (Table S2), as
previously demonstrated in humans for other compounds
(Appenzeller et al. 2007b). For the majority of the chemicals tested during the current study, pigmentation seemed
to have a very limited effect on the concentration in hair,
and only few compounds seemed to be pigmentation
sensitive.

Discussion
The present results definitely demonstrate that the concentration of pesticides and their metabolites in hair is representative of the level of exposure. For all of the chemicals
detected in hair, the association between the exposure and
the concentration in hair was always significant, with the
poorest p value for RPearson equal to 0.000274 (observed
for propiconazole). For most compounds, the association
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unsuitable. Although blood is considered to be the compartment of choice for organochlorine biomonitoring (Centers
for Diseases Control and Prevention 2009), organochlorine
concentration in hair presented a better association with
exposure and allowed better RPearson and RSpearman values
and RCA scores to be reached than with plasma.
The differences in pesticide concentrations observed
between the urine and the plasma compartments are likely
attributable to pesticide metabolism and physicochemical
properties. For instance, the low concentration of dialkyl
phosphate in plasma, whatever the level of exposure of animals, could be explained by the fast metabolization of the
parent compound (0.2 h for chlorpyrifos) (Timchalk et al.
2007) followed by rapid transfer of these highly hydrophilic metabolites to urine. In contrast, the hydrophobic
character of some compounds such as pyrethroids and to
a lesser extent organochlorines (Chata et al. 2016) may
limit their transfer from plasma to urine. In that regard, hair
appears to be less affected by this phenomenon and contains both hydrophilic and hydrophobic compounds.
It has to be noticed that the matrices investigated during the current study actually have different temporal windows of detection. An analysis of biological fluids (i.e.,
urine and blood) is rather representative of recent exposure, especially for chemicals with short life spans such
as pyrethroid metabolites (3-PBA: half-life of 4–5 h in rat
blood after oral dosing of pyrethroid) (Starr et al. 2012) and
organophosphate metabolites (DEP: half-life of 0.2 h for
α-phase in rat blood after oral dosing of chlorpyrifos) (Timchalk et al. 2007). In contrast, hair is representative of periods covering weeks to months (Appenzeller and Tsatsakis
2012; Kintz et al. 2015). As a result, the protocol design
of the current study, with an identical time lapse between
gavage and fluid sampling for all of the animals, increased
the apparent performances of urine and plasma analyses
regarding representativeness of the exposure levels. In the
case of random sampling time over the day, which is more
representative of most epidemiological studies, the association between the pesticide concentration in the matrix and
the level of exposure would have definitely been lower for
plasma and urine because of intra-day variability, whereas
it would not have affected results obtained from hair.
The presence of pesticides in controls was definitely not
due to analytical contamination because the target compounds were always absent from the blank controls (solvent, extract without matrix) and was, therefore, really
attributable to animal exposure (residual from the animal
breeding center or the background level of exposure during experiments due to food, litter, or air), although these
aspects were not further investigated during the current
study. The presence of some chemicals in the control
animals was not surprising because several compounds
were reported to always be detected in humans (general

population without specific exposure) (Salquebre et al.
2012) and also in control laboratory animals (Peiffer et al.
2013). The ability to document background exposure can
be crucial, especially during experiments that are focused
on low dose-related effects, because it may help to demonstrate (1) the exposure to the target compound(s) of controls that are supposedly not exposed and (2) the co-exposure to other chemicals that may induce combined effects.
The two latter aspects may significantly bias interpretation
of the results; therefore, these would need to be controlled.
The current results of the study clearly highlight the relevance of hair, particularly over the choice of using urine for
analysis for this purpose.
Although the influence of pigmentation on pesticide
concentration in hair cannot be excluded, the current
results demonstrated limited effects for most of the investigated pesticides. Because the range of concentrations
of pollutants in hair within a population generally covers
several orders of magnitudes (from the less exposed to the
most exposed individuals), the differences observed during this study between samples of white and black hair are
unlikely to induce significant misclassification of individuals according to their level of exposure. Moreover, the current situation (black hair with a high content of melanin vs.
white hair, meaning absence of melanin) can be considered
as an extreme scenario. The current study is therefore not
representative of studies on humans, in which the percentage of individuals presenting totally non-pigmented hair is
considered to be low, especially in children and pregnant
women, which are favorite target populations for epidemiological studies focused on exposure and exposure-associated outcomes (Attflied et al. 2014; Burns et al. 2012; Castorina et al. 2010; Woodruff et al. 2011).
Although we conducted these experiments on an animal model, which is the only approach that allows for
controlled exposure to pesticides, the purpose of the current study was definitely its transposition to human (with
a view to classify individuals according to their level of
exposure, or internal dose as final objective). We compared the pesticide concentration detected in biological matrices collected from the animals to data that were
available in the literature for humans in the same matrices. Because information was not available for all of
the pesticides tested in the current study, a comparison
between humans and animals was focused on two chemicals for which large amounts of data are available in the
literature. The two chemicals are lindane (organochlorine
pesticide), which is to date among the most frequently
analyzed chemicals in hair, and 3-PBA (pyrethroid metabolite), which is a frequently analyzed pesticide metabolites in urine. The range of concentrations of lindane in
hair and 3-PBA in urine resulting from exposure of the
animals was clearly comparable to concentration levels
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reported in the literature for humans (Fig. 4). We observed
the lowest levels of lindane in human hair for inhabitants of Luxembourg (n = 14) (Salquebre et al. 2012) and
Northern Poland (n = 40) (Wielgomas et al. 2012). The
median (Luxembourg) and mean (Poland) concentration values were in the range of those detected in animals
administered 4 µg/kg of lindane up to 20 µg/kg, three
times a week. The highest concentration of lindane in hair
was observed for a Greek rural population, including possible occupational exposure (Tsatsakis et al. 2008a, b),
with median concentration values above those detected
in animals submitted to the highest level of exposure of
our experiments (400 µg/kg). The lowest concentration of
3-PBA in human urine (Fig. 4) involved a French pregnant
women (unpublished data), with a median value close to
what was detected in animals exposed to 4 µg/kg, three
times a week. The highest concentration reported in the
literature involved pregnant women living in the Salinas
Valley in California (Castorina et al. 2010). The highest
3-PBA concentration in urine was above the concentration
detected in the animals that were exposed to the highest
level during our experiments.
In summary, the results of the current study demonstrate for the first time the significant association between
the levels of exposure to pesticides and their resulting
concentrations in hair. Even though we conducted this
study on rats and used a limited number of pesticides,
the hypothesis of similar behaviors for other chemicals
and other species such as human seems to be reasonable.
Regarding the transposition to humans, although pesticide
concentration in hair does not yet allow for the determination of pesticide intake—at least because of interspecies differences—the current study still demonstrates that
hair analysis allows reliable classification of individuals according to their respective level of exposure. This
proof-of-concept, therefore, represents a step forward in
considering hair analysis as a reliable tool to be used during epidemiological studies to investigate exposure-associated adverse health effects.
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A gas chromatography tandem mass-spectrometry method dedicated to the analysis of 50 metabolites of
polycyclic aromatic hydrocarbons (OH-PAHs) was applied to urine specimens collected from female Long
Evans rats under controlled exposure to a mixture of PAHs (at 7 doses ranging from 0.01 to 0.8 mg/kg, by
gavage, 3 times per week for 90 days). On four occasions (day 1, 28, 60 and 90), urine samples were
collected over a 24 h period. Among these 50 OH-PAHs, 41 were detected in urine samples. Seven
additional OH-PAHs were identiﬁed for the ﬁrst time: 1 corresponding to metabolite of pyrene and 3 of
anthracene.
Strong linear dose versus urinary concentration relationships were observed for 25 of the 41 OH-PAHs
detected in rat urine, conﬁrming their suitability for assessing exposure to their respective parent
compound. In addition, some isomers (e.g. 1-OH-pyrene, 3-OH-/4-OH-chrysene, 10-OH-benz[a]anthracene, 8-OH-benzo[k]ﬂuoranthene, 11-OH-benzo[b]ﬂuoranthene and 3-OH-benzo[a]pyrene) that were
detected starting from the lowest levels of exposure or even in controls were considered particularly
relevant biomarkers compared to metabolites only detected at higher levels of exposure. Finally, on the
basis of the excretion proﬁles (on days 1, 28, 60 and 90) and urinary elimination kinetics of each OH-PAH
detected at days 1 and 60, this study highlighted the fact that sampling time may inﬂuence the measurement of metabolites in urine.
Taken together, these results provide interesting information on the suitability of the analysis of OHPAHs in urine for the assessment of PAH exposure, which could be taken into consideration for the design
of epidemiological studies in the future.
Crown Copyright © 2017 Published by Elsevier Ltd. All rights reserved.
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1. Introduction
On the assumption of relationships between exposure to Polycyclic Aromatic Hydrocarbons (PAHs) and several health disorders
such as respiratory and cardiovascular diseases, neurobehavioral
impairments as well as different types of cancer, several recent
research studies have focused on the assessment of human exposure to these ubiquitous pollutants (Appenzeller and Tsatsakis,
2012; Maitre et al., 2002, 2003; Thai et al., 2016). As part of these
research efforts, numerous analytical techniques were used for the
determination of urinary PAH metabolites, including HPLC with
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ﬂuorescence detection, LCeMS/MS, GCeMS, GCeHRMS and
GCeMS/MS (Hagedorn et al., 2009). In the last decades, several PAH
metabolites have been analyzed in urine, with a special focus on 1OH-pyrene and 3-OH-benzo[a]pyrene (3-OH-B[a]P) which have
sometimes been proposed as the most representative biomarkers
of global exposure to PAHs (Chien and Yeh, 2010; Marie et al., 2010).
In fact, the measurement of 1-OH-pyrene in urine, which is the
pyrene's most abundant metabolite, has for a long time been suggested as an indicator of global exposure to PAHs, due to the
ubiquitous distribution of pyrene into the atmosphere under particulate phase and also to the easiness of its analysis. Nevertheless,
recent research focusing on the internal dose of PAHs in smokers
demonstrated that the urinary concentration of 1-OH-pyrene failed
to correlate with the atmospheric concentration of the 16 PAHs
listed as priorities for their toxicity by international agencies (e.g.
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US-EPA), including B[a]P (Aquilina et al., 2010). In parallel, urinary
3-OH-B[a]P, one of the most abundant metabolites of B[a]P, presented signiﬁcant correlation with biologically-active internal dose
(DNA levels in lungs) in animal models (Barbeau et al., 2011; MarieDesvergne et al., 2010) and thus seemed to be more relevant than 1OH-pyrene. However, the very low amounts of 3-OH-B[a]P excreted
in urine and its highly variable concentration limit its relevance as a
reliable biomarker of exposure (Ariese et al., 1994; Chien and Yeh,
2012; Payan et al., 2009). Since people are generally exposed to
mixtures of PAHs, more comprehensive methods covering a larger
number of chemicals were developed (Buratti et al., 2007;
Chetiyanukornkul et al., 2006; Hollender et al., 2000; Li et al.,
2008; Romanoff et al., 2006; Scinicariello and Buser, 2014;
Tsumura et al., 2011). In addition to the monitoring of the light
PAHs (up to four fused benzene rings) which constitute a major
component in a large number of exposure sources, particular
attention has therefore been paid to the heavy PAHs (more than
four fused benzene rings) which are more stable and more toxic
(Yu, 2015). To achieve this objective, several authors have recommended the direct analysis of parent PAHs in urine, based on the
assumption that the measurement of unmetabolized species in
urine, could be complementary to the analysis of metabolized
species (Campo et al., 2011, 2014). This recommendation was supported by the fact that some parent PAHs, especially the light ones,
contribute signiﬁcantly to the total of PAHþOH-PAHs excreted in
urine. For instance, phenanthrene and pyrene made up 42% and
56%, respectively, of the total PAHþOH-PAH concentration
measured in urine of 9 volunteers under controlled dietary conditions (Motorykin et al., 2013). The analysis of parent PAHs is however accompanied by several drawbacks such as the limited
number of these compounds excreted in urine since faeces appears
as the main route of excretion of heavy PAHs (Bouchard and Viau,
1998; Ramesh et al., 2004), the possibility of external contamination of the biological specimens and loss of the most hydrophobic
compounds which can adsorb on material used to collect and store
specimens (Ramirez et al., 2011; US-EPA, 1999). Nevertheless, in
2011, Campo et al. developed a very speciﬁc method for the analysis
of 13 PAHs in urine, which takes into account all possible sources of
bias. The latter appears particularly suitable for the quantiﬁcation
of carcinogenic 4- to 6-ring PAHs in the urine of subjects with and
without occupational PAH exposure (Campo et al., 2011).
In parallel, several studies still tend to support metabolites as
the most relevant biomarkers in that they provide information on
the different phases of metabolism. Such an approach was for
instance used in the NHANES cohort, in which 22 OH-PAHs urinary
metabolites were analyzed in approximately 2800 volunteers from
US between 1999 and 2000 (Li et al., 2008). On top of highlighting
the wide distribution of OH-PAHs concentration in urine samples
(spanning three to four orders of magnitude), the authors pointed
out that children presented the highest levels, thereby suggesting
higher environmental exposure. In addition, concentration levels of
major PAH metabolites, especially combined concentration of the
metabolites from the same parent PAHs, were highly correlated
with each other, suggesting common sources of exposure to
different parent PAHs and similar metabolic pathways (Li et al.,
2008).
In the last decades, the importance of sampling time for the
analysis of OH-PAHs in urine was clearly established (Biotox, 2016;
Li et al., 2010). For instance, the analysis of urinary 1-OH pyrene
conducted on coke oven workers exposed to a wide range of PAHs
highlighted, despite high intra-individual differences (ranging from
40% to 62%), a signiﬁcant relation between the concentration in the
ﬁrst morning voids and in the 24-h urinary collections (in ng/ml
urine). Similar correlations were also noticed for 8 other OH-PAHs
measured in urine collected from non-occupationally exposed

191

485

subjects (n ¼ 427) (Li et al., 2010). More recently, in order to
properly assess occupational exposure to PAHs with urinary metabolites, the French Institute of Research and Security (INRS) has
therefore recommended 3 different sampling times: at the start of
the shift, after 48 h without any sort of exposure, so as to evaluate
residual concentration; - At the beginning of the second day of
exposure, to evaluate the exposure of the day before;- and ﬁnally at
the end of the ﬁfth day, to evaluate cumulative exposure (Biotox,
2016). Finally, the importance of taking into consideration the
variability in OH-PAHs biological half - life in urine was recently
highlighted by Lutier et al. (2016). In fact, they demonstrated that
by reason of the delay observed for the maximum urinary excretion
rates of 3-OH-B[a]P in humans, the sampling should be performed
in the morning following exposure; unlike 1-OH-pyrene for which
post-shift sampling is recommended. No consensus has been
reached yet on the ideal time of urine sampling and further information is still needed.
In this study, a method based on gas chromatography tandem
mass spectrometry was developed for the analysis of 50 urinary
metabolites of 2- to 6-ring PAHs. This method was then applied to
urine collected from rats exposed to 7 doses of PAHs for 90 days in
order to assess the excretion of the targeted PAH metabolites in
this matrix and to conﬁrm that the method was sufﬁciently sensitive to highlight low levels of exposure and therefore to use them
as biomarkers. On day 90, the association between the dose of
exposure and the level of concentration of hydroxylated metabolites in urine was evaluated to assess the suitability of each
metabolite for the evaluation of the exposure to their respective
parent compound. Finally, the inﬂuence of sampling time was
investigated on the basis of the excretion proﬁle of urinary OHPAHs at different time points (days 1, 28, 60 and 90) and of the
elimination kinetics of each mono-hydroxylated-PAH detected at
days 1 and 60.
2. Material and methods
2.1. Chemicals
The sixteen PAHs naphthalene (napht), ﬂuorene (ﬂuo), acenaphthene, acenaphtylene, anthracene, phenanthrene (phen), ﬂuoranthene (ﬂuoranth), pyrene, benz[a]anthracene (B[a]A),
chrysene (chry), benzo[b]ﬂuoranthene (B[b]F), benzo[k]ﬂuoranthene (B[k]F), benzo[a]pyrene (B[a]P), benzo[g,h,i]perylene
(B(g,h,i)P), indeno[1,2,3-c,d]pyrene (I[1,2,3-c,d]P) and dibenz[a,h]
anthracene (DIB[a,h]A) used for the animal experiment model were
purchased from Sigma Aldrich (Bornem, Belgium). With the
exception of B[a]P and dibenz[a,h]anthracene which presented
purity rates of 96% and 95%, all the other parent compounds were
above 98%. Standard solutions of 1-OH- and 4-OH-phenanthrene
were supplied at 10 mg/L by Dr Ehrenstorfer (Augsburg, Germany).
Stable isotope labeled analogues 1-OH-pyrene-D9 and naphthol-D7
were obtained from Chiron AS (Trondheim, Norway) and Medical
isotopes inc. (Pelham, USA) respectively. 3-OH-ﬂuoranthene-13C6,
1-OH-benz[a]anthracene-13C6 and the 50 OH-PAHs investigated in
this study were purchased in powder form from MRI-Global
(Kansas City, Missouri, USA). The purity rate of the latter metabolite standards was above 98%, except 2-OH-chrysene, 9-OH-benzo
[a]anthracene, 11-OH-benzo[a]anthracene and 8-OH-indeno[1,2,3c,d]pyrene which presented purity rates ranging from 91% to 96%.
The level of purity was taken into account for the preparation of the
standards solutions. ENVI-Chrom P solid-phase extraction columns
(sample volume 1 mL and stationary phase 100 mg) and derivatization
reagent
N-tert-Butyldimethylsilyl-N-methyltriﬂuoroacetamide, 1% TBDMCS (MtBSTFA,  97% purity) were
purchased from Sigma-Aldrich (Bornem, Belgium). A stock solution
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of each compound at 1 g/L, mixed-standard solutions of OH-PAHs
and internal standards were prepared in volumetric ﬂasks at
10 mg/L in acetonitrile. Working solutions were prepared by successive ten-fold dilutions at concentration levels ranging from
1000 mg/L to 10 mg/L and were stored at 20  C. Ultrapure water
was produced by means of an AFS-8 system from Millipore (Brussels, Belgium).

304 Stainless steel, Techniplast, Zwaag, Netherlands) for 24 h. Urine
was then collected on days 1, 28, 60 and 90 in refrigerated tubes
and weighed before storage at e 20  C. Two kinetics assays were
performed: on day 1 and day 60. Each time, urine fractions were
collected after 2 h, 4 h, 6 h, 8 h, 10 h, 12 h and 24 h. At the end of the
90-day experiment, the rats were euthanized 3 h after the last
gavage by using carbon dioxide.

2.2. Animal experimentation

2.3. Analysis of OH-PAHs in urine by GC-MS/MS

2.2.1. Animal housing
Sixty-eight bicolor (white and black hair) Long Evans rats (females of 180e200 g, Elevage Janvier, St Berthevin, France) were
housed in plastic cages under controlled environment (12 h light/
dark cycle, light on at 7 a.m., temperature of 22 ± 2  C and relative
humidity of 40 ± 5%). Food and water were available ad libitum. The
water, food and oil were tested according to NF ISO 15302 to
conﬁrm that all these matrices were PAH-free down to a detection
limit of 10 ng/L of water and 1 ng/g of fat. Rats were acclimatized to
the animal facility for 2 weeks prior to experiment start. To avoid
the possible external contamination by OH-PAHs coming from
urine excretion, special bedding (with a high water-binding capacity e 7099 TEK-Fresh, Harlan) was used and replaced twice a
week. This bedding is nontoxic if eaten by rats and was tested to be
PAH-free. All procedures were in compliance with the European
Communities Council Directive of 22 September 2010 (2010/63/EU)
and authorized by the Ministry of Agriculture, Grand-Duchy of
Luxembourg (agreement 2 October 2012).

2.3.1. Urine analysis
The method developed for the analysis of mono-hydroxylatedPAHs in urine was based on gas chromatography tandem mass
spectrometry and focused on 50 target compounds (2- to 6- aromatic rings) corresponding to the most common metabolized
forms of the 16 PAHs listed as priorities for their toxicity by international agencies (e.g. US-EPA). Urine samples (100 mL) were supplemented with 20 mL of internal standard mix solution (0.1 mg/mL
in acetonitrile) and adjusted to pH 5.6 with 400 mL of 1 M sodium
acetate buffer. The hydrolysis was performed overnight at 37  C
using 5 mL of sulfatase (10 units/mL) and 5 mL of glucuronidase (127
units/mL) from Helix pomatia (Sigma-Aldrich, Bormen, Belgium).
The pH value was then decreased by addition of 10 mL of HCl 32%. A
liquid-liquid extraction was carried out 2 times successively with
ethyl acetate/cyclohexane (EA/CH) (50:50, v/v). The two fractions of
supernatant were collected, pooled and evaporated under N2 at
37  C. The residue was dissolved in 1 mL of CH and applied onto an
Envi-Chrom P SPE cartridge (Sigma-Aldrich, Bormen, Belgium)
previously conditioned with 2 mL of water, 2 mL of methanol and
2 mL of cyclohexane. Columns were then rinsed twice with 1 mL of
cyclohexane successively. OH-PAHs were eluted with EA/CH (50:50,
v/v) and then evaporated. The residue was dissolved in 2 mL CH,
1.6 mL methanol and 0.4 mL water (50:40:10, v/v/v) and the two
layers were separated. The methanol-water layer containing OHPAHs was evaporated to dryness and the extract was reconstituted in 20 mL of MtBSTFA for derivatization for 30 min at 60  C
and then 1 mL was injected into the GC-MS/MS. The limits of
quantiﬁcation (LOQ) ranged from 0.05 to 5 ng/mL. Calibration
curves were performed using urine specimens supplemented with
increasing concentrations of OH-PAHs from 0 to 100 ng/mL of urine.
The calibration curve was linear from the LOQ up to 100 ng/mL with
a coefﬁcient of determination over 0.99 for most of the analytes
tested. The average of precisions and accuracies determined at the
LOQ for the 50 OH-PAHs investigated were evaluated at 11 ± 6.04
and 100 ± 13 respectively.

2.2.2. Animal treatment
In order to be more representative of a subchronic exposure,
eight rats were randomly assigned to each of the experimental
groups receiving respectively 0.01, 0.02, 0.08, 0.2, 0.4 and 0.8 mg/kg
of PAH mixture dissolved in oil, 3 times per week for 90 days. The
exposure range was set as follows: the lowest level was set at the
lowest detectable concentration in hair after 1-month exposure,
based upon our previous experiment (Grova et al., 2013); and the
highest level was set according to a quantitative estimation of
carcinogenic risk induced following a B[a]P oral exposure period
(corresponding to 1/15 of the 36.5 mg/kg/week evaluated by the
US-EPA) (Pichard et al., 2006). PAH stock solution was prepared in
oil every two weeks. PAH stock solutions were prepared in oil every
two weeks by adding the exact quantity of each PAH directly in oil.
The solutions were then placed in a bath sonicator ﬁlled with water
at room temperature overnight in order to ensure complete
dissolution of the compounds of interest. Repeated exposure was
conducted by gavage the animals with oil containing target PAHs,
three times a week for 90 days (0.4 mL/kg of body weight, ISIO4,
Lesieur, Neuilly-sur-Seine, France). The animals were weighed
before each administration in order to adapt the amount of PAH
containing mixture to the weight of the animals.
In parallel, additional experiments were conducted on a limited
number of animals, in order to differentiate OH-PAHs with similar
molecular mass (phenanthrene and anthracene, chrysene and B[a]
A as well as B[b]F, B[k]F and B[a]P). For 28 days, three groups of 2
animals each (180e200 g Long Evans female rats) received daily 1)
a mixture of anthracene, chrysene, B[b]F and I[1,2,3-c,d]P, 2) a
mixture of phenanthrene, pyrene, B[k]F and B(g,h,i)P, and 3) a
mixture of ﬂuoranthene, B[a]A and B[a]P respectively, at 0.8 mg/kg
body weight. Blood was afterwards collected from the animals and
analyzed as previously described (Crepeaux et al., 2014).
2.2.3. Sample collection
Urine samples were collected monthly. Immediately after
gavage, the rats were placed in individual metabolic cages (Type

2.3.2. Instrumentation
Analyses were carried out with an Agilent 7890A gas chromatograph equipped with an HP-5MS capillary column (30 m,
0.25 mm i.d., 0.25 mm ﬁlm thickness), coupled with an Agilent
7000B triple quadrupole mass spectrometer operating in electron
impact ionization mode and an Agilent CTC PAL autosampler. Details of analytical conditions used for chromatography and MS/MS
detection were previously described (Grova et al., 2011).
2.4. Statistical analysis
The comparison of quantity of creatinine excreted in urine (for
24 h) and kidney weight between the groups of rats at day 90 were
ﬁrstly assessed by using a one way ANOVA followed by a parametric
paired Student t-test (Sigma plot version 12.0 software, a p
value < 0.05 was considered statistically signiﬁcant).
All the other statistical analyses were then performed by using R
software (version 3.2.3) with the packages outliers, censReg, data to
perform the computations. Prior to the use of the different
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statistical tests involved in this study, the assumption of normality
on the different sets of data were checked using the Shapiro test.
Regarding the quantity of urine excreted during the experiment
(day 1, day 28, day 60 and day 90), a parametric paired Student ttest was used when all the groups followed a normal distribution. If
not, a Wilcoxon Signed Rank test for paired data was performed to
assess the results.
The association between the level of exposure to PAHs and the
resulting urinary metabolites was evaluated on day 90 using 3
approaches: the concentration of OH-PAHs in urine (expressed in
ng/mL), - the concentration of OH-PAHs in urine adjusted to the
creatinine concentration (expressed in ng/mg of creatinine) and the quantity of OH-PAHs excreted in urine over 24 h (expressed in
ng). A linear regression model using the R package Stats (Linear
Model function) was performed. The doses used for the determination of the latter slopes was determined for each analyte provided that 50% of the rats of the group had detectable urinary
concentration. In the case of urinary concentration values were
measured between the LOD and LOQ, the latter were replaced by
estimated ones corresponding to LOQ/2 of each analyte investigated. Possible outliers were identiﬁed using Grubbs and Dixon
tests. A rat was considered an outlier if and only if the 2 tests were
signiﬁcant.
The statistical analysis conducted on OH-PAH urine excretion
proﬁles at day 1, day 28, day 60 and day 90 was performed on the
values of “OH-PAHs excreted in urine” to “PAHs administered” ratio
by using a paired Student t-test (or Wilcoxon rank test in the case of
non-parametric distribution) in order to assess the difference in the
mean values.
The accumulation of PAHs and/or metabolites in rats' body was
evaluated by measuring the quantity of metabolites excreted over
2 h divided by the quantity of metabolites excreted over 24 h, at day
1 and at day 60. The differences between day 1 and day 60 was
assessed as described above.
2.5. Safety considerations
General guidelines for working with organic solvents, acids and
alkalines were respected. All standard compounds have been
designated as “chemical carcinogen”. This does not necessarily
imply that the sample is a known carcinogen, but merely that it is
intended for use in research involving chemical carcinogens and
that it should be treated as a carcinogen.
3. Results and discussion
3.1. Inﬂuence of PAH exposure on urinary volume excreted
The volume of urine was measured for each animal at all the
different time points (at days 1, 28, 60 and 90) of the experiment.
No difference between the controls and the groups of exposed rats
was observed in the total volume of urine excreted per 24 h over
the whole exposure period. The amount of creatinine excreted
within 24 h ranged from 30 ± 6 to 36 ± 5 mg/kg/24 h with no
signiﬁcant difference between the groups (F(6,49) ¼ 1.215,
p ¼ 0.315). No difference in the relative weight of the kidneys was
observed between the groups after 90 days of PAH administration
(F(6,48) ¼ 1.629, p ¼ 0.160). These results therefore suggest that in
the conditions of the animal experiment, PAH exposure did not
affect kidney function.
3.2. Detection of targeted OH-PAHs in urine
The results of the present study conﬁrm that most of the
monohydroxylated metabolites can be excreted in urine after per os
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administration of the corresponding parents. Forty-one out of the
50 target metabolites were actually detected in urine samples.
Twenty four of these metabolites corresponded to 7 parent compounds with less than 5 aromatic rings (namely naphthalene, ﬂuorene, phenanthrene, pyrene, ﬂuoranthene, B[a]A, chrysene)
whereas 26 of them corresponded to 5 heavy PAHs (B[a]P, B[k]F, B
[b]F, I[1,2,3-c-d]P and DIB[a,h]A) out of the 16 administered to the
rats.
The highest quantities excreted were observed in descending
order for 1-OH-naphthalene, 9-OH-phenanthrene, 1-OH-phenanthrene, 3-OH-ﬂuoranthene, 1-OH-pyrene and 4-OH-phenanthrene
at least at the two highest levels of exposure (Table 1). Several OHmetabolites were also detected in the urine of the control rats (such
as OH-naphthalenes, OH-ﬂuorenes, 1-OH and 2-OH-phenanthrene,
3-OH-ﬂuoranthene and 1-OH-pyrene), suggesting background
exposure of the animals by food, water or inhaled air. This observation is in accordance with several previous studies, which reported that some PAH-metabolites were also detected in control
animals (Crepeaux et al., 2014; Grova et al., 2011, 2013).
Concerning the rats exposed to PAHs, all the monohydroxylated
metabolites of naphthalene, ﬂuorene, phenanthrene, ﬂuoranthene
and pyrene targeted in the current study were detected starting
from the lowest dose (0.01 mg/kg, Table 1), which highlighted their
relevance for assessing exposure to their respective parent compounds (Table 1). Although these PAHs are non-carcinogen, they
are recognized as aggravating factor of common chronic pathologies (such as cardiovascular and respiratory outcomes and
neurotoxicity) (Al-Daghri et al., 2013; Clark Iii et al., 2012; Peiffer
et al., 2013, 2016; Tsien et al., 1997). Their monitoring in both
areas of public health and safety at work seems therefore to be of
primary importance.
Precautions can however be taken with 1-naphthol, which,
although being the predominant metabolite of naphthalene, is also
a direct metabolite of the insecticide carbaryl (n-methylcarbamate)
(Castorina et al., 2010; Meeker et al., 2004; Swetha and Phale,
2005). In contexts of possible exposure to carbaryl, as reported in
several previous studies (Castorina et al., 2010; Meeker et al., 2004;
Swetha and Phale, 2005), 2-naphthol can therefore be preferred, to
avoid misinterpretation in the assessment of exposure to
naphthalene.
Regarding the PAHs with more than 4 aromatic rings, the choice
of the most relevant metabolite to assess the corresponding parent
appeared more critical because some of them were not detected in
urine. By measuring the 12 possible monohydroxylated metabolites
of B[a]P, this work demonstrated that at the highest level of
exposure, 6 of them were quantiﬁed in the urine of the rats exposed
to the parent and only 3-OH-B[a]P and 10-OH-B[a]P were detected
at the intermediate level of exposure (starting from 0.08 mg/kg and
above). Concerning the metabolites of B[b]F, among the 5 metabolites available in supplier tested in urine, only 11-OH-B[b]F was
detected unambiguously (from 0.08 mg/kg and above; Table 1).
Although a signal was also observed at the retention time of 12-OHB[b]F, its co-elution with 8-OH-B[k]F and the common quantiﬁcation and conﬁrmation MS-transitions of the two compounds
required additional experiments to determine the respective
contribution of each metabolite to the signal. Thus, two rats were
administered with B[b]F and B[k]F separately (0.8 mg/kg, 28 days;
see detailed x 2.2). The blood samples collected from the rats
treated with B[k]F contained 8-OH-B[k]F whereas those exposed to
B[b]F did not show any signal at the retention time of 12-OH-B[b]F.
This clearly demonstrated that the signal observed in multiexposed rats was due to 8-OH-B[k]F only (observed at 0.08 mg/kg
and above) and conﬁrmed that 11-OH-B[b]F was the only targeted
metabolite detected in urine after exposure to B[b]F. As regards 3OH-B[k]F and 9-OH-B[k]F, two other metabolites of B[k]F, which
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Table 1
Quantity of OH-PAHs excreted in urine of rat exposed to PAHs (0e0.8 mg/kg, p.o., 3 times/week for 90 days) over 24 h at the end of the exposure period. Results are expressed as
a mean ± SE. B[a]A: benz[a]anthracene; B[b]F: benz[b]ﬂuoranthene; B[a]P: benzo[a]pyrene; B[b]F: benzo[k]ﬂuoranthene; I[1,2,3-c,d]P: Indeno[1,2,3-c,d]pyrene; dibenz[a,h]A:
dibenz[a,h]anthracene. aMetabolites correspond to those coeluted in the validated method but not present in the urine samples. Compounds in bold represent those for which
linear regressions were established in Table 3 n.a: non applicable.

METABOLITES
Quantity excreted in urine for 24h
(ng)
1-OH-naphthalene
2-OH-naphthalene
3-OH-fluorene
2-OH-fluorene
4-OH-phenanthrene
9-OH-phenanthrene
3-OH-phenanthrene
1-OH-phenanthrene
2-OH-phenanthrene
3-OH-fluoranthene
1-OH-pyrene
1-OH-B[a]A
4-OH-chrysene
a
6-OH-chrysene + 11-OH-B[a]A
2-OH- + 5-OH-B[a]A
3-OH-chrysene
a
4-OH-B[a]A + 1-OH-chrysene
10-OH-B[a]A
9-OH + 3-OH-B[a]A
2-OH-chrysene
8-OH-B[b]F
11-OH-B[a]P
2-OH-B[b]F
1-OH- + 7-OH-B[b]F
a
12-OH-B[b]F + 8-OH-B[k]F
10-OH-B[a]P
12-OH- + 6-OH-B[a]P
11-OH-B[b]F
10-OH-B[b]F
a
4-OH-B[a]P + 3-OH-B[k]F
9-OH-B[k]F + 7-OH-B[a]Pa
9-OH-B[a]P
2-OH- + 1-OH-B[a]P
3-OH-B[a]P
8-OH-B[a]P
6-OH-I[1,2,3-c,d]P
1-OH-I[1,2,3-c,d]P
2-OH-I[1,2,3-c,d]P
8-OH-I[1,2,3-c,d]P
3-OH-dibenz[a,h]A

Dose (mg/kg of body weight)
0

0.01

20
25
8.9
2

±
±
±
±

2
2
1
0

4
3
5
1

±
±
±
±

0
0
1
0

85.3
34.3
11.5
13.4
19.1
71.1
1.0
27.1
10.4
13.5
9.8

±
±
±
±
±
±
±
±
±
±
±

6
4
1
1
1
23
0
4
1
1
1

0.02
191.0
36.7
20.2
22.2
40.3
146.9
1.9
74.9
14.6
23.8
27.0

±
±
±
±
±
±
±
±
±
±
±

10
4
4
3
5
26
0
22
1
4
5

8.8 ± 1
3.3 ± 1

20.2 ± 3
7.2 ± 2

3.7 ± 1
1.8 ± 0

6.8 ± 1
4.0 ± 1

0.7 ± 0

1.4 ± 0

0.08
884
85
48
98
173
402
5
287
62
112
112

±
±
±
±
±
±
±
±
±
±
±

142
13
10
7
31
37
1
76
6
19
18

68
20
1
26
14
5
5
9

±
±
±
±
±
±
±
±

7
5
0
3
2
1
1
1

0.2
2058
305
52
299
464
1537
9
516
99
669
617
2
207
50
3
77
42
14
20
23

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.4
240
28
8
20
35
214
1
91
9
78
91
0
29
7
1
8
15
1
2
1

6466
763
132
487
954
2894
19
1384
136
1064
1027
3
385
98
7
166
65
25
26
30

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.8
711
82
7
40
59
218
3
165
6
119
285
0
46
9
1
12
9
3
1
2

11276
1368
213
1043
1565
8819
33
2502
190
2104
2100
5
722
186
22
286
111
53
46
47

±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±
±

1910
205
17
100
62
711
2
198
9
291
495
0
42
17
5
8
13
4
3
3

5 ± 1
7 ± 2

14 ± 2
27 ± 6

21 ± 2
35 ± 4

37 ± 3
54 ± 5

6 ± 1

15 ± 3

21 ± 2

40 ± 4

12 ± 3
5 ± 2

18 ± 2
3 ± 0.4
6 ± 1

41 ± 14

29 ± 3

35
6
10
2
59
5

±
±
±
±
±
±

4
1
1
0.3
7
3

52
569
58
14

±
±
±
±

5
111
3
1

10 ± 3

Value above the LOQ at this level of exposur
Value below LOQ at this level of exposur
Value not detected at this level of exposur

are co-eluted with 4-OH-B[a]P and 7-OH-B[a]P respectively, the
plasma analysis performed on the rats exposed to B[a]P and B[k]F
separately revealed that both peaks observed corresponded to the
metabolites of B[k]F. These observations are in line with previous
results obtained from the same animals and demonstrating that
hair collected from the rats treated with B[k]F tested positive for 3OH-B[k]F (0.5 ± 0.03 pmoL/g of hair) whereas those exposed to B[a]
P did not show any signal for either metabolites (Grova et al.,
2016b).
This study highlights for the ﬁrst time the detection of several
metabolites of B[k]F and B[b]F in urine of rats exposed at concentration levels compatible with human exposure. The results
observed for 8-OH-B[k]F an 11-OH-B[b]F let us to suppose that both
metabolites could be relevant biomarkers of exposure that will be,
in addition to 3-OH-B[a]P, used to assess exposure to their
respective parents.
The same strategy was then used for the identiﬁcation of 11-OHB[a]A and 4-OH-B[a]A which co-eluted with 6-OH-chrysene and 1OH-chrysene respectively. Plasma analysis was carried out on the
rats exposed to B[a]A and chrysene separately and the data

demonstrated that both signals observed were due to chrysene's
metabolites only and that neither 11-OH-B[a]A nor 4-OH-B[a]A
were thus detected in urine following exposure to B[a]A. Six other
metabolites of B[a]A were also detected in urine: 1-OH-B[a]A which
presented the lowest concentration, 2-OH- and 5-OH-B[a]A which
co-eluted and also presented low concentration, 10-OH-B[a]A
which did not co-eluted with other compounds and presented
higher concentration than the previous ones but was only detected
from 0.08 mg/kg, and 9-OH- and 3-OH-B[a]A which co-eluted but
presented a summed concentration close to 10-OH-B[a]A and were
detected from the lowest level of exposure. The 5 metabolites of
chrysene targeted with the current method were all detected in the
urine of the treated rats. Although 1-OH-chrysene, 3-OH-chrysene,
4-OH-chrysene and 6-OH-chrysene were all quantiﬁed from the
lowest level of exposure (0.01 mg/kg), 3-OH- and 4-OH-chrysene
presented the highest concentrations and were not co-eluted with
B[a]A metabolites. They therefore appear as the most suitable
metabolites to assess chrysene exposure. These results support
those recently published by Woudneh et al. who pointed out the
interest of using 3-OH-B[a]A and 3-OH-chry as biomarkers to assess
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B[a]A and chrysene exposure in a mouse model (Woudneh et al.,
2016). The analysis of urine collected from PAH exposed mice
showed an increase in OH-PAH metabolites that was correlated
with increased exposure to the PAH contaminated diet (Woudneh
et al., 2016). These metabolites appear therefore particularly suitable to assess the exposure of their respective parent which due to
their “bay regions” may be further biotransformed to reactive
electrophiles and bind covalently to DNA, leading to mutagenicity
and carcinogenicity. The presence of B[a]A- and chrysene-DNA
adducts in livers of these rats has moreover been recently
demonstrated (Grova et al., 2016a).
Finally, the metabolites of indeno[1,2,3-c,d]pyrene were only
detected at the highest dose (0.8 mg/kg) and 3-OH-dibenz(a,h)
anthracene was not detected at all.

3.3. Identiﬁcation of non-targeted OH-PAHs in urine
The OH-PAHs targeted with the present method was limited to
chemicals commercially available as standards. However, the
presence in the urine of the treated rats of metabolites not targeted
by our method could not be excluded and was therefore investigated. The criteria used for the determination of these potential
metabolites in urine was as follows: 1) analytical signal for both
quantiﬁcation and qualiﬁcation MS-transitions coherent with OHPAH fragment/ions of their targeted isomers 2) signiﬁcant difference in signal intensity between the controls and exposed rats and
3) conﬁrmation of their presence at several levels of exposure with
coherent increased responses. Distinction between different OHPAHs with similar molecular mass (such as phenanthrene and
anthracene, chrysene and B[a]A as well as B[b]F, B[k]F and B[a]P)
was conducted with urine collected from rats exposed to a partial
mixture of PAHs (see detailed x2.2). By using these criteria, 8 metabolites corresponding to 5 parent PAHs were identiﬁed: 1
metabolite of ﬂuorene, - 3 metabolites of anthracene, - 2 metabolites of ﬂuoranthene and - 1 metabolite of B[b]F. The ﬁrst level at
which each of these metabolites was detected ranged from 0.01 to
0.2 mg/kg (Table 2). For all these metabolites, linear relationship
was observed between the level of exposure and the concentration
in urine, with R2 values ranging from 0.57 for OH-B[b]F to 0.98 for
the third OH-anthracene detected (RT: 8.44 min) (Table 2). These
results demonstrated for the ﬁrst time the presence of OHanthracenes in urine and suggest that at least one of these metabolites (RT at 8.44 min) could become a relevant biomarker for
the assessment of anthracene exposure in the future due to its
presence in the urine of the rats at the lowest level of exposure
(Table 2).
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3.4. Association between exposure levels and concentration of
metabolites in urine
The association between the level of exposure to PAHs and the
resulting urinary metabolite concentration was assessed by using 3
variables on day 90: the concentration of OH-PAHs in urine
(expressed as ng/mL), - the concentration of OH-PAHs in urine
adjusted for creatinine concentration (expressed as ng/mg of
creatinine) and - the quantity of OH-PAHs excreted in urine
(expressed as ng) (Table 3). For 26 out of the 41 OH-PAHs detected
in the rat urine samples, signiﬁcant association was observed between urinary metabolites (whether considered as concentration,
creatinine-adjusted concentration, or quantity excreted) and the
level of exposure (Table 3). Slopes (linear ﬁt) of urinary concentration (ng/mL) versus level of exposure varied between 0.3 for 1OH-B[a]A and 758 for 1-OH-naphthalene (Table 3). These intermetabolite differences were still observed even after creatinine or
volume adjustment, thereby demonstrating the preponderance of
certain metabolites in urine.
For ﬂuorene and phenanthrene, the possibility to use all of the
metabolites independently for assessing human exposure was
clearly demonstrated: 1) by strong linear relationships (R2 > 0.85)
observed between the administered doses of the parent compounds and the quantity of their respective metabolites excreted in
urine within 24 h (Table 3) and 2) because the ratio “target
metabolite” to “sum of all the metabolites of the same parent”
excreted within 24 h remained constant whatever the level of
exposure (Table 1).
Even if all the monohydroxylated metabolites of chrysene presented a strong linear relationship between the dose administered
and the quantity excreted in urine, 3-OH-chrysene and 4-OHchrysene showed the highest coefﬁcients of determination
(R2 ¼ 0.962 and R2 ¼ 0.919 respectively, Table 3, Fig. 1) with the
highest metabolites/sum of all metabolites ratio (21% and 53% at
the dose of 0.8 mg/kg, respectively, Table S1). These results conﬁrm
the possibility of using both metabolites to assess human exposure
to chrysene. Similar observations were made for 8-OH-B[k]F and 3OH-B[a]P which showed the highest coefﬁcients of determination
(R2 ¼ 0.81 and R2 ¼ 0.79 respectively, Table 3, Fig. S1) with the
highest metabolites/sum of all metabolites ratio (47% and 46% at
the dose of 0.8 mg/kg, respectively, Table S1).
For each dose of exposure, a rat was considered an outlier and
not considered in the statistical analysis if and only if the 2 Grubbs
and Dixon tests were signiﬁcant. Among the 25 urinary metabolites
which presented linear relationship with the level of exposure
(Table 3), 7 presented outlier rats (up to 2) when metabolite was
expressed as concentration (ng/mL). No outlier was however

Table 2
Determination of non-targeted OH-PAHs in urine of the rats exposed to PAHs (0e0.8 mg/kg, p.o., 3 times/week for 90 days). Linear regressions were established (slope
calculation and R2 determination) between the concentrations (expressed by the ratio of peak aera/peak internal standard) and the level of exposure (mg/kg).
Identification of
unknown metabolite in urine

Dose (mg/kg of body weight)
TR

Slope

R

0

0.01

(linear fit)

OH-fluorene # 1
OH-anthracene # 1
OH-anthracene # 2
OH-anthracene # 3
OH-fluoranthene # 1
OH-pyrene # 1
OH-fluoranthene # 2
OH-B[b]F # 1

7.38
7.85
8.05
8.44
9.70
9.87
9.90
16.60

60
18
32
7
37
0.4
1.2
0.9

0.86
0.86
0.92
0.95
0.87
0.83
0.81
0.57

Detected
Not detected

195

0.02

0.08

0.2

0.4

0.8
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Table 3
a
Linear regression comparisons (slope calculation and R2 determination) were evaluated between the concentrations (ng/mL), the concentration corrected by the creatinine (ng/mg of creatinine), the volume of urine excreted
(ng) and the level of exposure (mg/kg). In addition, the determination of the outliers was conducted by using successively the test of Grubbs and the test of Dixon. Outliers were removed from the group when the both successive
tests performed were signiﬁcant.  A the exception of 3-OH-B[a]P, signiﬁcant linear relationships were noticed for all the metabolites investigated (p < 0.001).

Concentration (ng/mL)

Concentration (ng/mg of creatinine)

contol
0. 2

(5/7)
(3/5)

135
0.3

0.622
0.586

10-OH-B[a]A

0 .2

(3/3)

3.4

0.707

0.707

7.8

8-OH-B[k]F
10-OH-B[a]P
11-OH-B[b]F
3-OH-B[a]P

0.08
0.08
0.08
0.08

(4/4)
(4/4)
(3/4)
(3/4)

2.1
2.9
2.4
2.2

0.561
0.489
0.458
0.46°

0.602
0.489
0.458
0.455

5.1
7.2
5.0
6.9

R2 < 0.700

0.795
0.622
0.717
0.816
0.700 < R2 < 0.800

2

0.800 < R < 0.900

R > 0.900

196

0.795
0.622
0.717
0.816

43
60
46
58

0.805
0.627
0.781
0.788

0.805
0.627
0.781
0.788
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1-OH-pyrene
1-OH-B[a]A

Quantity excreted in 24h (ng)
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Fig. 1. Correlation between a) concentration (ng/mL), b) concentration corrected by creatinine (ng/mg of creatinine) and c) the quantity (ng/24 h) of 2 targeted OH-PAHs (2-OHﬂuorene and 4-OH-chrysene) excreted in urine and the dose (mg/kg) of PAHs administered to rats (n ¼ 8 per group) 3 times per week for 90 days. Results are expressed by the slope
calculation and the R2 determination.

observed when urinary concentration was adjusted for creatinine
or for volume of excretion.
This discrepancy can easily be explained by the variability in the
volume of urine excreted, which ranged from 8.4 mL to 34.2 mL
(data not shown) and thus can signiﬁcantly inﬂuence the concentration of OH-PAHs in the urine samples. These results are in line
with the literature on PAHs, in which adjustment for creatinine is
systematically applied (Buratti et al., 2007; Li et al., 2008, 2010;
Viau et al., 2004). For instance, Viau et al. (2004) evaluated creatinine adjustment in individual urine specimens collected over 24h or longer periods from 50 subjects and demonstrated that
creatinine excretion was correlated with that of 1-OH-pyrene. The
authors concluded that creatinine normalization had a smoothing
effect on 1-OH-pyrene excretion proﬁles and was therefore
necessary for the biomonitoring of exposure to PAHs (Viau et al.,
2004). Another study recently conducted by Li et al. (2010) on individual urine samples (n ¼ 427) collected over one week from 8
non-occupationally exposed adults highlighted that creatinine
adjustment on 9 OH-PAHs in all samples, allowed reducing the
intra-subject coefﬁcients of variation from 45% - 297%e19% - 288%
(p < 0.001; paired t-test) (Li et al., 2010).
The results obtained here after creatinine adjustment were
similar to those obtained after volume-adjustment, which remains
the reference (Fig. 1, Table 3). Under the conditions of this animal
experiment with low and similar levels of activity between rodents
(by reason of the stabulation mode), creatinine adjusted concentration appears as a good surrogate of the total amount of metabolites excreted within 24-h in urine. However, due to high interindividual variability in humans (linked to sex, age, smoking status and physical activity, differences in diet) (Middleton et al.,
2016), creatinine adjustment when used as a tool to evaluate a
24-h urine collection may lead to inaccurate assessment of human
exposure to PAHs. The limitations of using creatinine-adjusted
concentration unit to assess human exposure was already
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described for both organic pollutants (e.g. pyrethroids) and inorganic pollutants (arsenic, lead and cadmium) (Fortin et al., 2008;
Middleton et al., 2016). Therefore, although the total collection of
urine over 24 h presents undeniable constraints, volumeadjustment seems to be more suitable than creatinine correction,
highlighting one of the main limitations of urine for the assessment
of human exposure to PAHs (Koch et al., 2014).
3.5. Inﬂuence of PAH exposure duration on urinary OH-PAH
excretion
The inﬂuence of repeated exposure to PAHs on urinary OH-PAH
excretion was evaluated by placing the animals in individual
metabolic cages for 24 h on days 1, 28, 60 and 90. As observed in
Fig. 2, which displays the ratios “OH-PAH excreted in urine” to “PAH
administered to rats” (expressed as 0/00), signiﬁcant differences
were observed for almost all the compounds (excepted B[b]F, B[k]F
and Dib[a,h]A) between day 1 and the 3 other days. Signiﬁcant
differences were also observed for 4-OH-phenanthrene, 1-OHpyrene, 10 OH-B[a]A, 10-OH- and 3-OH-B[a]P and 1-OH and 2-OH-I
[1,2,3-c,d]pyrene between day 28 and either days 60 or 90. For
instance, an increase of þ59% and þ63% was observed between
days 28 and 60 and days 28 and 90 respectively for 1-OH-pyrene
(Table S1). These results therefore pointed out the inﬂuence of
exposure duration on PAH-exposure assessment based on urine
analysis. The inﬂuence of PAH exposure durations on OH-PAH
urinary excretion proﬁle could prove important since in the case
of 1-OH-pyrene, a 4-fold increase factor was observed between
single exposure (day 1) and repeated exposure (day 90). These
results are in accordance with those observed in rats orally exposed
2 times per weeks to pyrene only or to a mixture of PAHs for 10
consecutive weeks (Bouchard et al., 2002). Regardless of the
administered dose, repeated exposures to pyrene and PAH mixtures resulted in a progressive time-dependent increase in the daily
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Fig. 2. Urine excretion of OH-PAHs after single (day 1) and repeated (day 28, day 60 and day 90) administration of a mixture of PAHs (0.8 mg/kg) to the rats. Results are expressed as
the ratios of OH-PAHs excreted in urine/PAH administered to the rats (expressed as 0/00, n ¼ 8 per group). The statistical analyses were performed by using a paired Student t-test (or
Wilcoxon rank test in the case of non-parametric distribution) in order to assess the differences in means. The differences between day 1 and the other days were reported as
follows: *p < 0.05; **p < 0.01 and ***p < 0.001; differences between day 28/60 and/or day 28/90 days were reported as follows: d p < 0.05.

urinary excretion of 1-OHP. After 10 weeks of treatment, daily
excretion rates were on average 5 times higher than those observed
after the ﬁrst administration (Bouchard et al., 2002). These results
therefore suggest an accumulation of almost of PAHs and/or their
metabolites in the body which should be taken into consideration
in the design of future biomonitoring studies.

3.6. OH-PAHs urinary elimination kinetics
Finally, by following the urinary elimination kinetics of each
mono-hydroxylated-PAH detected, the present study aimed at
evaluating the inﬂuence of sampling time on the suitability of urine
analysis for the determination of exposure. All of the PAHmetabolites investigated here required more than 12 h to be
entirely excreted (Fig. 3 and Fig. S2). On day 1 and day 60, urine
fractions produced by the rats were collected separately at 0e2 h,
2e4 h, 4e6 h, 6e8 h, 8e12 h and 12e24 h after PAH administrations (Fig. 3). With the exception of naphthols for which the highest
concentration was observed in the 0e2 h fraction, 17 metabolites
(corresponding to 50% of the compounds detected) presented the
highest concentration in the 6e8 h urine fraction following the last
gavage (Fig. 3). These results are in accordance with those available
in literature for both 1-OH-pyrene and 3-OH-B[a]P. Indeed, urinary
excretion of 1-OH-pyrene is known to be triphasic with elimination
half-life of 5 h, 22 h and 17 days. The maximum rate of excretion
(Tmax) ranging from 3 to 9 h after exposure for humans (Biotox,
2016), was in line with the results observed for rats in the current
work (Fig. 3). Concerning 3-OH-B[a]P, a single exponential function,
with a half-life of 9.2 h, was observed for the urinary excretion of
this metabolite in rats exposed by a single intravenous injection of
0.05 mg/kg of B[a]P (Payan et al., 2009). The differences in the time
at which the highest urinary excretion rate was observed between
the different metabolites (two compounds at 0e2 h, three at 2 h-4h,

nine at 4e6 h and 17 compounds at 6e8 h) highlight the difﬁculties
in determining a suitable sampling time for all the metabolites
investigated with urine (Fig. S2). Lutier et al. (2016) recently
demonstrated that by reason of the delay observed for the
maximum urinary excretion rates of 3-OH-B[a]P in humans, the
sampling should be performed in the morning following exposure;
unlike 1-OH-pyrene for which post-shift sampling is recommended
(Lutier et al., 2016). However, these ﬁndings are not in line with the
results reported here in that 1-OH-pyrene and 3-OH-B[a]P both
presented the highest concentration in the 6e8 h urine fraction.
These discrepancies could be the result of inter-species variability.
Moreover, the quantities of metabolites excreted in urine
signiﬁcantly increased between day 1 and day 60 for most of the
metabolites (Figs. 2 and 3 and Fig. S2). The general increase in the
quantity of OH-PAHs excreted in urine could be 1) the result of a
gradual release of PAHs which were previously stored in tissues
until an equilibrium was reached or 2) an increase in PAH metabolization following monooxygenase induction, as previously
demonstrated by Chahin et al. in rats submitted to repeated gavage
with PAHs (Chahin et al., 2013).

4. Conclusion
This study demonstrated that among the 50 metabolites of PAHs
investigated, 41 were detected in the urine samples of the rats
under controlled exposure to a mixture of PAHs for 90 days. Seven
non-targeted OH-PAHs were also identiﬁed: 1 metabolite of pyrene
and 3 of anthracene. This study enabled to demonstrate strong
linear dose versus urinary concentration relationships for 25 metabolites out of the 41 detected. Among them 1-OH-pyrene, 3-OH-/
4-OH-chrysene, 10-OH-benz[a]anthracene, 8-OH-benzo[k]ﬂuoranthene, 11-OH-benzo[b]ﬂuoranthene and 3-OH-benzo[a]pyrene
which were detected starting from the lowest levels of exposure or
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Fig. 3. Urine excretion proﬁles of 6 targeted OH-PAHs following a single or repeated (for 60 days) oral administration(s) of rats with a mixture of PAHs at 0.8 mg/kg. Results are
expressed by the excreted quantity expressed in ng/h on the left and by the cumulated quantity per 24 h (ng) on the right.  : for visibility reasons, all values of both naphthols were
divided by 10.
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even in controls were considered particularly reliable biomarkers
to assess their respective parent compounds. On the basis of the
excretion proﬁles (on days 1, 28, 60 and 90) as well as urinary
elimination kinetics of each OH-PAH detected at days 1 and 60, this
study also highlighted the fact that sampling time could impact the
concentration of urinary metabolites. This result should be taken
into consideration for the design of epidemiological studies in the
future.
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Abstract
Alongside the analysis of urinary metabolites which are traditional biomarkers of polycyclic aromatic hydrocarbons (PAH)
exposure, the possibility of detecting PAH as well as their metabolites in hair has also recently been demonstrated. As the
concentration of pollutants detected in hair is not impacted by short-term variations in exposure as can be observed with
urine, it accurately represents an individual’s average level of exposure, which is the most relevant information when investigating possible linkages with biological effects. In the current study, based on a rat model exposed to a mixture of PAHs
for a 90-day period, the linkage between the PAH exposure level and the resulting concentration of their metabolites in
hair was then investigated. The linkage between exposure levels and the concentrations of OH-PAH in hair collected at the
end of the experiment were compared to those obtained using urinary concentration of OH-PAH collected from the same
animals. Linear relationship between levels of exposure and the concentration of OH-PAH in the rats’ hair (R 2 0.722–0.965,
p < 0.001) was observed for 28 OH-PAH out of the 54 investigated. The difference in PAH concentration between the different groups of exposure and the possibility to back determine the animals’ level of exposure on the basis of PAH-metabolite
concentrations in both hair and urine was also demonstrated. In addition to the strong linear relation observed between the
doses of exposure and the levels of concentration of hydroxylated metabolites in hair (p < 0.001), the analysis of a subset
of animals demonstrated a linkage between 3-OH-benzo[a]pyrene concentration levels in hair and the levels of B[a]P-DNA
adduct formed (p < 0.05), thereby suggesting the potential of their analysis to predict genetic alteration.
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Introduction

assess the PAHs. In this context, the usefulness of DNA
adducts as a biomarkers of a biologically effective dose to
assess human exposure to benzo[a]pyrene (B[a]P) has been
firmly established (Sram et al. 2011). Since DNA-adduct
levels are related to daily human exposure to PAHs; therefore, some authors consider them as suitable targets for
the monitoring of human exposure (Godschalk et al. 1998,
2000). DNA adducts might also provide more information
about the mutagenic significance of the exposure because of
their possible involvement in the genesis of specific types
of cancer (Farmer 2004). Most of the DNA-adduct measurements applied to human biomonitoring have been performed with 32P-postlabelling, immunological methods, or
mass spectrometry. The latter method provides an invaluable
tool structurally identify new adducts formed by reactive
carcinogens (Brown 2012; Jones 2012; Lewtas et al. 1997;
Poirier and Weston 1996). Using gas chromatography–tandem mass spectrometry (GC–MS/MS), we recently designed

Exposure to polycyclic aromatic hydrocarbons (PAHs) is
suspected to cause several health issues such as cancer, cardiovascular diseases, and neurological disorders (Burstyn
et al. 2007; Hecht 2002; Perera et al. 2006; Tang et al.
2013); therefore, more sensitive analytical methods need
to be further designed and implemented to identify and
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a method for analyzing four tetrahydroxylated-B[a]P isomers resulting from the hydrolysis of their respective DNA
adduct (Grova et al. 2014). The results obtained from the
analysis of DNA isolated from white blood cells (WBCs)
collected from human volunteers (n = 18) confirmed that this
method was sufficiently sensitive to monitor environmental
levels of exposure. Specifically, all of the specimens analyzed were above the limit of quantification (LOQ) for r-7,t8,9,c-10-tetrahydroxy-7,8,9,10-tetrahydrobenzo[a]pyrene
and were positive for r-7,t-8,c-9,10-tetrahydroxy-7,8,9,10tetrahydrobenzo[a]pyrene (Grova et al. 2014).
In parallel, many analytical techniques were designed for
determining urinary PAH metabolites, including GC-MS/
MS, high-performance liquid chromatography (HPLC) with
fluorescence detection, liquid chromatography–tandem mass
spectrometry (LC–MS/MS), gas chromatography–mass
spectrometry (GC–MS), and gas chromatography–highresolution mass spectrometry (GC–HRMS) (Campo et al.
2011, 2014; Chien and Yeh 2010, 2012; Hagedorn et al.
2009; Lutier et al. 2016; Maitre et al. 2002). Analyses of
OH-PAHs in urine are considered as traditional biomarkers of PAH exposure (Chetiyanukornkul et al. 2006; Scinicariello and Buser 2014). During the past decades, several
PAH metabolites have been analyzed in urine, with a special focus on 1-OH-pyrene and 3-OH-benzo[a]pyrene which
have sometimes been proposed as the most representative
biomarkers of global exposure to PAHs (Barbeau et al. 2014;
Chien and Yeh 2010; Marie-Desvergne et al. 2010; Marie
et al. 2010). However, individuals are generally exposed not
to just one type but to several types of cocktails, depending
on the source of exposure. Significant efforts have, therefore,
been conducted about developing analytical methods that
can be used to assess a large panel of parent compounds/
metabolites in urine (Buratti et al. 2007; Chetiyanukornkul
et al. 2006; Hollender et al. 2000; Li et al. 2008; Romanoff
et al. 2006; Scinicariello and Buser 2014; Tsumura et al.
2011). For instance, 22 OH-PAH metabolites were analyzed
in urine samples collected from approximately 2800 US
volunteers of the National Health and Nutrition Examination Survey (NHANES) cohort in 1999 and 2000 (Li et al.
2008). We recently used a GC–MS/MS method to analyze
54 OH-PAHs in urine and then evaluated the reliability of
the analysis of specific OH-PAHs in urine as biomarker of
PAH exposure in female Long Evans rats under controlled
exposure to a mixture of PAHs at different doses (Grova
et al. 2017). Out of the 54 OH-PAHs, 41 were detected in
urine samples. Strong linkages between linear dose and urinary concentrations were observed for 25 out of the 41 OHPAHs detected in rat urine, confirming the reliability of the
analysis for assessing exposures to their respective parent
compounds. Some metabolites in particular (e.g., 1-OHpyrene, 3-OH-/4-OH-chrysene, 10-OH-benz[a]anthracene,
8-OH-benzo[k]fluoranthene, 11-OH-benzo[b]fluoranthene,

and 3-OH-benzo[a]pyrene) that were detected starting from
0.01 to 0.08 mg/kg or even in controls were considered to be
particularly relevant biomarkers compared with metabolites
only detected at higher exposure levels (0.4 and 0.8 mg/kg)
(Grova et al. 2017). During the past decades, the importance of sampling time when analyzing OH-PAHs in urine
was also clearly established (Biotox 2016; Han et al. 2008;
Li et al. 2010). For instance, the analysis of urinary 1-OHpyrene conducted on coke oven workers who were exposed
to a wide range of PAHs. The results from the analysis
highlighted that, despite high intra-individual differences
(ranging from 40 to 62%), there was a significant linkage
between the concentrations in the first morning voids and the
24-h urinary collections (in ng/mL urine) (Han et al. 2008).
In an attempt to provide guidelines for assessing occupational exposure to PAHs using urinary metabolites, the
French Institute of Research and Security [Institut national
de recherche et de sécurité (INRS)] recently recommended
four different sampling times. These sampling times are as
follows: (1) at the start of the shift; (2) after 48 h without any
type of exposure (to evaluate residual concentration); (3) at
the beginning of day 2 of exposure (to evaluate the exposure
from the previous day); and (4) at the end of day 5 (to evaluate cumulative exposure) (Biotox 2016). No consensus has
been reached yet regarding the ideal time of urine sampling;
therefore, more information is needed.
Alongside the analysis of B[a]P-DNA adducts or urinary
PAH metabolites, the possibility of detecting PAHs as well as
their metabolites in hair has also recently been demonstrated
(Appenzeller and Tsatsakis 2012; Schummer et al. 2009; Toriba et al. 2003). The measurement of pollutants (both parents
and metabolites) in human hair has been described as a useful
tool to assess occupational or environmental exposure to pollutants with the main advantages of supplying the possibility
to reach extended windows of detection (up to several months
of exposure), and of ensuring non-invasive collection and easy
storage (Appenzeller et al. 2017; Appenzeller and Tsatsakis
2012; Poon et al. 2015; Schummer et al. 2009, 2012; Toriba
et al. 2003; Yamamoto et al. 2015). As the concentration of
pollutants detected in hair is not impacted by short-term variations in exposure, unlike blood and urine, the latter is representative of an individual’s average level of exposure, which
is the most relevant information when investigating possible
linkages with biological effects (Appenzeller et al. 2017). In
this context, Schummer et al. (2009) investigated for the first
time human exposure to PAHs by determining the concentration of 12 monohydroxy-PAHs in hair (Appenzeller et al.
2012; Appenzeller and Tsatsakis 2012). This method, based on
GC-MS/MS, was later adapted and extended to the analysis of
52 monohydroxy-PAHs in hair (Grova et al. 2013). The analysis of hairs collected from rats exposed to 16 PAHs confirmed
the incorporation of almost all of the PAH metabolites in hair.
With the exception of 1-OH-pyrene, which is detected more
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weeks before the start of the experiment. Specifically, the
rats, which weighed between 180 and 200 g, were housed
in plastic cages in a controlled environment (i.e., 12 h light/
dark cycle, light on at 7:00 am, temperature of 22 ± 2 °C,
and relative humidity of 40 ± 5%). Food and water were
supplied ad libitum. The water, food, and oil were tested
according to NF ISO 15302 to obtain confirmation that all
of these matrices were PAH –free, down to a detection limit
of 10 ng/L of water and 1 ng/g of fat. To minimize the possibility that the hairs could become contaminate externally
by OH-PAHs during urine excretion, special PAH-free bedding (Tek Fresh 30300, Harlan, Gannat, France) with high
water-binding capacity (three times its weight in liquids)
was replaced twice per week. In addition, to assess whether
external contamination occurred because of urine excretion,
the bedding of the group exposed to the highest level (at
0.8 mg/kg) was placed into a sentinel cage that contained
four non-treated rats. These four rats were analyzed during
the final stage of the experiment. Feces were removed from
the bedding before the sentinel rats were placed on the soiled
bedding, which was also changed twice per week throughout the experiment. The analysis of the sentinel rats’ hairs
did not exhibit contamination of the hairs by reason of the
bedding material for almost all the metabolites investigated
(Table S1). Among the 26 metabolites detected at the dose
0.8 mg/kg, only 11 of them were detected in hairs of the
sentinels. At the exception of the naphthols, 3-OH-chrysene,
and 3-OH-B[a]P, the external contamination by the bedding
did not exceed 25% of the value obtained for the control rats
(Table S1). This percentage corresponds to the variability
of the method. All procedures were followed in compliance
with the European Communities Council Directive of 22
September 2010 (2010/63/EU) as authorized by the Grand
Duchy of Luxembourg’s, Ministry of Agriculture, Viticulture and Consumer Protection.

abundantly in black hair, no influence of pigmentation was
observed for all of the other metabolites investigated (Grova
et al. 2013).
One main concern of using hair analysis for biomonitoring
pollutant exposures involves the representativeness of the levels of exposure. Several studies conducted in both the forensic
(e.g., ethyl glucuronide) (Appenzeller et al. 2007) and environmental (e.g., organophosphate) (Margariti and Tsatsakis 2009)
fields identified proportional linkages between dose intake and
the concentrations of compounds or their respective metabolites in hair. Using a model in which rats were exposed via
gavage to a mixture of 19 pesticides at different dosages for a
90-day period, we recently identified a linear linkage between
exposure intensity and the concentrations of pesticides in the
rats’ hairs (Appenzeller et al. 2017). A comparison of results
from urine and plasma samples highlighted the relevance of
hair analysis and, for many chemicals investigated, its superiority over using urine and blood when it comes to differentiating animals from different groups and for re-attributing
animals to their correct groups of exposure based on pesticide
concentrations in the matrix. In this context, analysis has been
recognized as a reliable marker for assessing the intensity of
pesticide exposures (Appenzeller et al. 2017). Nevertheless,
equivalent studies to investigate the linkage between PAH
intake and OH-PAH concentrations in hair are still needed.
During the current study, we first investigated by the means
of an animal model the linkage between PAH exposure doses
and the resulting concentration levels of their metabolites in
hair. The study involved 64 rats that received controlled exposures to a mixture of 13 PAHs at eight different doses for 90
days. The linkage between the exposure levels and the concentrations of OH-PAHs in hair collected at the end of the experiment were compared to urinary concentration levels collected
at the end of the study from the same rats. For both matrices,
we then assessed the difference in OH-PAH concentration levels between the different groups of exposure and the possibility
to back determine the rats’ level of exposure base on PAH
concentration levels in hair and urine. Finally, the suitability
of these biomarkers to accurately assess the internal effective
dose of PAHs was tested by evaluating the linkage between
the concentrations of 3-OH-B[a]P in hair and urine and the
number of B[a]P-DNA adduct forms in WBCs isolated from
each rat’s blood at day 90.

Animal treatment
The mixture of PAHs used for animal exposure consisted
of the 13 compounds out of 16 pointed out by the USEPA for their toxicity. These compounds are naphthalene,
fluorene, phenanthrene, anthracene, fluoranthene, pyrene,
benz[a]anthracene (B[a]A), chrysene, benzo[b]fluoranthene (B[b]F), benzo[k]fluoranthene (B[k]F), benzo[a]
pyrene (B[a]P), indeno[1,2,3-c,d]perylene (I[1,2,3-c,d]
P), and dibenz[a,h]anthracene (dib[a,h]A). These compounds were all purchased from Sigma-Aldrich (Bornem,
Belgium). The mixture was prepared weekly in vegetable oil (ISIO4, Lesieur, Neuilly-sur-Seine, France). Eight
rats were randomly assigned to each of the 7 groups that
received oral doses (0.01, 0.02, 0.04, 0.08, 0.2, 0.4, or
0.8 mg/kg of body weight) of each compound included
in the mixture, 3 times per week over a 90-day period. In

Materials and methods
Animal experimentation
Animal housing
Sixty-four female Long Evans rats (Elevage Janvier, St
Berthevin, France) were acclimatized to the facility for 2
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parallel, the rats in the control group received only the
vehicle. The PAH stock solution was prepared in vegetable oil every 2 weeks and stored in amber flasks at
room temperature. The animal received repeated exposure doses (via gavage) of the vegetable oil containing the
target PAHs (0.4 mL/kg of body weight, ISIO4, Lesieur,
Neuilly-sur-Seine, France). The animals were weighed
before each administration to adapt the amount of PAH
containing mixture to the weight of the animals.
Regarding the exposure range, the lowest level was
set at the lowest detectable concentration in hair after
1-month exposure, based upon our previous experiment
(Grova et al. 2013). The highest level was set according
to a quantitative estimation of carcinogenic risk induced
following a B[a]P oral exposure period (corresponding to
1/15 of the 36.5 mg/kg per/week evaluated by the U.S.EPA) (Pichard et al. 2006).

Analysis of PAH metabolites
List of monohydroxylated PAHs
1-OH-phenanthrene and 4-OH-phenanthrene standard
solutions were supplied at 10 mg/L by Dr. Ehrenstorfer
(Augsburg, Germany). Stable-isotope-labeled analogues
1-hydroxypyrene-D9 and naphthol-D7 were obtained from
Chiron (Trondheim, Norway) and Medical Isotopes (Pelham, NH, USA), respectively. 3-hydroxyfluoranthene-13C6,
1-hydroxybenz[a]anthracene-13C6, as well as the 52 other
OH-PAHs (1-OH-naphthalene, 2-OH-naphthalene, 9-OHfluorene, 3-OH-fluorene, 2-OH-fluorene, 9-OH-phenanthrene, 3-OH-phenanthrene, 2-OH-phenanthrene, 3-OHfluoranthene, 1-OH-pyrene, 1-OH-B[a]A, 4-OH-chrysene,
6-OH-chrysene, 11-OH-benz[a]anthracene, 2-benz[a]
anthracene 5-OH-benz[a]anthracene, 8-OH-benz[a]anthracene, 3-OH-chrysene, 1-OH-chrysene, 4-OH-benz[a]anthracene, 10-OH-benz[a]anthracene, 3-benz[a]anthracene,
9-OH-benz[a]anthracene, 2-OH-chrysene, 8-OH-benzo[b]
fluoranthene, 2-OH-benzo[b]fluoranthene, 1-OH-benzo[b]
fluoranthene, 7-OH-benzo[b]fluoranthene, 12-OH-benzo[b]
fluoranthene, 8-OH-benzo[k]fluoranthene, 10-OH-benzo[a]
pyrene, 12-OH-benzo[a]pyrene, 6-OH-benzo[a]pyrene,
5-OH-benzo[a]pyrene, 11-OH-benzo[b]fluoranthene,
10-OH-benzo[b]fluoranthene, 4-OH-benzo[a]pyrene,
3-OH-benzo[k]fluoranthene, 4-OH-benzo[a]pyrene, 3-OHbenzo[k]fluoranthene, 9-OH-benzo[k]fluoranthene, 7-OHbenzo[a]pyrene, 9-OH-benzo[a]pyrene, 2-OH-benzo[a]
pyrene, 1-OH-benzo[a]pyrene, 3-OH-benzo[a]pyrene,
8-OH-benzo[a]pyrene, 6-OH-indeno[1,2,3-c,d]pyrene,
1-OH-indeno[1,2,3-c,d]pyrene, 2-OH-indeno[1,2,3-c,d]
pyrene, 8-OH-indeno[1,2,3-c,d]pyrene, 3-OH-dibenz[a,h]
anthracene) investigated in this study were purchased in
powder form from MRI-Global (Kansas City, MO, USA).
The purity of all the standards investigated was above 98%,
except for 2-hydroxychrysene, 9-hydroxybenzo[a]anthracene, 11-hydroxybenzo[a]anthracene, and 8-hydroxyindeno[1,2,3-c,d]pyrene, which had purity ranging from 91
to 96%.

Sample collection
The back of the rats had already been shaved by means
of an electric shaver before the PAH exposure period to
ensure that the analyzed hairs precisely corresponded to
the exposure period. During the final phase of the experiment (i.e., day 90), hairs were collected from all the rats
on the right part of the back of in aluminum foil and
stored at − 20 °C until analysis. Immediately after gavage,
the rats were placed in individual metabolic cages (Type
304 Stainless steel, Techniplast, Zwaag, Netherlands)
for 24 h. Urine was then collected in refrigerated tubes
on days 1, 28, 60, and 90 and weighed before storage
at − 20 °C. Two kinetics assays were performed: on day
1 and day 60. Each time, urine fractions were collected
after 2 h, 4 h, 6 h, 8 h, 10 h, 12 h, and 24 h, in refrigerated tubes and weighed before storage at − 20 °C. On
day 92, 3 h after the last PAH exposure via gavage, the
rats were euthanized using carbon dioxide. Blood was
collected by cardiac puncture carried out just before the
heartbeat stopped. Venous blood (2.5 mL) was collected
into tubes containing ethylene-diamine-tetra-acetic acid
(EDTA) and stored at 4 °C. DNA extraction from white
blood cells was performed within the 24 h of the sampling using a DNA isolation kit for mammalian blood
(Roche-Applied-Science, Prophac, Luxembourg) according to the manufacturer’s instructions. DNA pellets were
suspended in water and stored at − 8 0οC. The concentration and purity of each DNA sample were calculated by
absorbance at 260 nm and the A260-to-/A280 ratio from
triplicate measurements with a NanoDrop ND-1000 spectrophotometer (Termo. and fisher.).

Analysis of OH‑PAHs in hair and urine
The method developed for the analysis of monohydroxylated-PAHs in hair and urine was based on GC-MS/
MS and focused on 54 target compounds (with two to
six aromatic rings) corresponding to the most common
metabolized forms of the 13 PAHs investigated [for details
see two following studies (Grova et al. 2013, 2017)].
Despite the different natures of the biological matrices
analyzed (liquid versus solid), the method protocols were
designed to enable reliable comparison with the information obtained from each matrix, thereby guaranteeing that
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chromatography and MS/MS detection were described in a
previous study (Grova et al. 2011).
The LOQs ranged from 0.05 to 5 ng/mL for urine and 0.1
and 50 pg/mg for hair. Calibration curves were performed
using urine specimens supplemented with increasing concentrations of OH-PAHs from 0 to 100 ng/mL of urine and
from 0 to 100 pg/mg of hair. The calibration curve was linear
from the LOQ up to 100 ng/mL for urine or up to 100 pg/mg
of hair with a coefficient of determination greater than 0.99
for most of the analytes tested. The averages of precisions
determined at the LOQ for the 50 OH-PAHs investigated
were evaluated at 11 ± 6.0 in urine and 18.7 ± 4.5 in hair.
The average of accuracies determined at the LOQ for the 54
OH-PAHs investigated were evaluated at 100 ± 13 in urine
and 96.5 ± 9.8 in hair.

differences were unlikely to be attributable to analytical
bias. Moreover, the sensitivity of the methods used proved
to be satisfactory with regard to the literature (comparable
to the best performances in the field) (Barbeau et al. 2014,
2015; Campo et al. 2014; Lutier et al. 2016; Yu 2015); this
ensured that the differences between matrices were not
caused by a lack of sensitivity.
On one hand, hair samples were washed with two successive 5-min baths of a solution of sodium dodecyl sulfate
at 5% and of methanol at 100% to eliminate the dust on
the surface as described in our previous study (Duca et al.
2014). Hair samples were then supplemented with 20 µL of
internal standard mix solution [0.1 mg/mL of 1-OH-pyrene, D9, naphthol-D7. 3-OH-fluoranthene-13C6, and 1-OHbenz[a]anthracene-13C6 in acetonitrile, for details see (Grova
et al. 2013, 2017)], hydrolysis was performed with 1 mL
of sodium hydroxyde (NaOH) 1N, and samples were incubated all night at 40 °C. Neutralization was carried out with
500 µL of hydrogen chloride (HCl) 2N and 1 mL of ammonium acetate buffer (pH1, 0.2 M). A first liquid/liquid extraction stage was performed two times on the hair samples with
2 mL of ethyl acetate–cyclohexane (EA/CH) (50:50, v/v). On
the other hand, urine samples (100 µL) were supplemented
with 20 µL of internal standard mix solution [0.1 mg/mL
of 1-OH-pyrene, D
 9, naphthol-D7. 3-OH-fluoranthene-13C6,
and 1-OH-benz[a]anthracene-13C6 in acetonitrile, for details
see (Grova et al. 2013, 2017)] and adjusted to pH 5.6 with
400 µL of 1 M sodium acetate buffer. The hydrolysis was
performed overnight at 37 °C using 5 µL of sulfatase (10
units/µL) and 5 µL of glucuronidase (127 units/µL) from
Helix pomatia (Sigma-Aldrich, Bornem, Belgium). The pH
value was then decreased by the addition of 10 µL of HCl
(32%). A liquid–liquid extraction was carried out two times
successively with EA/CH (50:50, v/v). For both matrices,
the residue was then dissolved in 1 mL of CH and placed
onto an Envi-Chrom P SPE cartridge (Sigma-Aldrich, Bornem, Belgium) previously conditioned with 2 mL each of
water, methanol, and CH. Columns were then rinsed twice
with 1 mL of CH successively. OH-PAHs were eluted with
EA/CH (50:50, v/v), and then evaporated. The residue was
dissolved in 2 mL CH, 1.6 mL methanol, and 0.4 mL water
(50:40:10, v/v/v) and the two layers were separated. The
methanol–water layer containing the OH-PAHs was evaporated to dryness and the extract was reconstituted in 20 µL
of N-tert-butyldimethylsilyl-N-methyltrifluoroacetamide
(MtBSTFA) for derivatization for 30 min at 60 °C, and then,
1 µL was injected into the GC–MS/MS instrument. Analyses
were carried out using an Agilent 7890A gas chromatograph
equipped with an HP-5MS capillary column (30 m, 0.25 mm
i.d., and 0.25-µm film thickness), coupled with an Agilent
7000B triple quadrupole mass spectrometer operating in
electron impact ionization mode and an Agilent CTC PAL
autosampler. Details about the analytical conditions used for

Analysis of benzo[a]pyrene DNA adducts
The number of DNA adducts in WBCs was evaluated by
measuring the tetrahydroxylated metabolites, which form
after the hydrolysis of DNA. Before the extraction procedure, 50 µg of each DNA sample extract from WBCs
were supplemented with an internal standard solution of
r-7,t-8,9,c-10-tetrahydroxy-7,8,9,10-tetrahydrobenzo[a]
pyrene-D8 (B[a]P-RTTC-D8), of r-7,t-8,9,10-tetrahydroxy7,8,9,10-tetrahydrobenzo[a]pyrene-D8 (B[a]P-RTTT-D8)
(10 µL at 0.1 mg/L) as described in a previous study (Grova
et al. 2014). Acidic hydrolysis (0.5 mL of HCl 0.1N, 3 h at
90 °C) was performed on the DNA samples. After hydrolysis, the samples were allowed to cool at room temperature
for 10 min. Then, 50 µL of NaOH (1N) and 0.5 mL of phosphate buffer (1M, pH 7.1) were added to the DNA hydrolysate and the mixture was purified on a C
 18 SPE column
previously conditioned with 1 mL of methanol and 1 mL of
water successively. The columns were washed with 2 mL
of water and then dried under vacuum for 20 min. TetraOH-B[a]P isomers were subsequently eluted with two times
0.5 mL of methanol. The SPE extracts were evaporated to
dryness under a steady stream of nitrogen gas at 37 °C and
reconstituted in 10 µL N-methyl-N-(trimethylsilyl)trifluoroacetamide (MSTFA). The derivatization of target analytes
was achieved after 120 min at 60 °C and 2 µL of extract were
injected into the GC–MS/MS instrument. The sample was
then analyzed using gas chromatography–negative chemical ionization–tandem mass spectrometry (GC–NCI–MS/
MS); the analytical parameter is detailed in a study (Grova
et al. 2014).

Statistical analysis
The statistical analyses were then performed using the R software (version 3.2.3) with the packages outliers, censReg, and
data to perform the computations. Before using the different

13
207

3066

Archives of Toxicology (2018) 92:3061–3075

statistical tests involved in this study, the assumption of
normality on the different sets of data was checked using
the Shapiro test. The association linkage between the level
of exposure to PAHs and the resulting metabolites in urine
and hair was evaluated on day 90 using the concentration of
OH-PAHs in urine adjusted to the creatinine concentration,
expressed in ng/mg of creatinine according to a recent study
(Grova et al. 2017) and the concentration of OH-PAHs in
hair (expressed in pg/mg of hair) (Table 1). A linear regression model with the R Stats package (Linear Model function)
was performed. The doses used for determining the latter
slopes were selected for each analyte provided that 50% of
the rats of each group had detectable concentrations in urine
and hairs. Whenever urinary or hair concentration values
were measured between the limit of detection and LOQ, the
latter were replaced with estimated ones corresponding to
half LOQ of each analyte investigated. In case of normal
distribution, possible outliers were identified using Grubbs
and Dixon tests for each metabolites as previously detailed
(Grova et al. 2017). A rat was considered an outlier if and
only if the two tests were significant and, therefore, removed
from the data set corresponding to the analyte investigated.
Inter-group differences in analyte concentration in
the matrices were additionally evaluated with a t test or a
Mann–Whitney rank sum test whenever normality (Shapiro–Wilk) or equal variance test failed (Sigma-Plot 12.0).
Regarding inter-group difference statistical tests, the value of
half LOQ was attributed to the samples with undetected concentrations. The differences between the groups presented
in Figures S1 and S2 (see Supplemental Materials) were

assessed as follows: down–top, the lowest exposure group
(controls) was compared with the group just above (0.01 mg/
kg). Wherever a significant difference was observed, it was
marked with brackets indicating the level of significance,
and the difference was then tested between the 0.01 and the
0.2 mg/kg groups. If no significant difference was observed
between the control and the 0.01 mg/kg groups, the control group was compared with the 0.02 mg/kg group, and
then with more highly exposed groups if no difference was
observed. The procedure was then reiterated all along the
groups and finally applied again top–down (starting with the
highest group 0.8 mg/kg) to all of the groups to be tested.
To investigate the extent to which the results collected
from hair and urine analyses may contribute to an accurate
categorization of individuals according to their level of
exposure, a reverse classification analysis (RCA) was performed based on the approach described for the previous
study conducted on pesticides (Appenzeller et al. 2017). The
RCA was not conducted for PAH metabolites detected in less
than four groups. For a set of five randomly selected animals,
two ascending sorts were done based on the OH-PAH concentration levels in hair and urine, respectively, and were
subsequently compared with a classification based upon the
animals’ level of exposure, which was used as a reference.
For each matrix, if the matrix-based classification was correct (cases of equality in doses were also considered), then
one point was added; if a difference was noticed no point
was added. The procedure was reiterated 10,000 times, and
the percentage of correct classification for each matrix and
each PAH-metabolite is presented in Table 2 and Fig. 3.

Table 1  Linkage between the levels of exposure and the concentrations of OH-PAHs in urine and hair
Metabolites

First detected

1-OH-naphthalene
2-OH-naphthalene
3-OH-fluorene
2-OH-fluorene
4-OH-phenanthrene
9-OH-phenanthrene
3-OH-phenanthrene
1-OH-phenanthrene
2-OH-phenanthrene
3-OH-fluoranthene
1-OH-pyrene
1-OH-B[a]A
4-OH-chrysene
6-OH-chrysene
2-OH-B[a]A + 5-OH-B[a]A
3-OH-chrysene
1-OH-chrysene
10-OH-B[a]A
9-OH-B[a]A + 3-OH-B[a]A
2-OH-chrysene
8-OH-B[k]F
10-OH-B[a]P
11-OH-B[b]F
3-OH-B[k]F
9-OH-B[k]F
3-OH-B[a]P

dose (mg/kg)
contol
contol
contol
contol
0.01
0.01
0.01
contol
contol
contol
contol
0.2
0.01
0.01
0.08
0.01
0.01
0.08
0.01
0.08
0.04
0.08
0.08
0.2
0.2
0.08

Slope
a
(Linear fit )
1729
205
31
151
238
1273
4.8
377
28
315
314
0.7
108
28
3.7
44
330
7.8
6.7
6.7
5.1
7.2
5.0
5.2
0.9
6.9

R

2

Conc entration

without outlier*
0.771
0.813
0.806
0.927
0.926
0.917
0.868
0.888
0.816
0.839
0.614
0.816
0.913
0.867
0.866
0.945
0.777
0.893
0.923
0.866
0.795
0.622
0.717
0.774
0.667
0.816

range (nmol/mg of creatinine)
0.14 - 78.27
0.17 - 9.50
0.05 - 1.17
0.01 - 5.73
0.10 - 8.06
0.37 - 45.44
0.01 - 0.17
0.02 - 12.89
0.02 - 0.98
0.02 - 9.65
0.00 - 9.63
0.01 - 0.02
0.04 - 2.96
0.01 - 0.76
0.00 - 0.09
0.02 - 1.17
0.01 - 0.45
0.02 - 0.22
0.00 - 0.19
0.04 - 0.19
0.02 - 0.14
0.03 - 0.20
0.02 - 0.15
0.04 - 0.13
0.02 - 0.04
0.04 - 0.22

Slope
a
dose (mg/kg) (Linear fit )
contol
8.9
contol
7.7
contol
0.2
0.01
0.3
control
1.3
control
0.7
0.01
0.3
contol
1.5
contol
0.5
0.02
1.4
contol
6.7
0.01
0.9
0.08
0.2
0.02
2.7
0.01
1.0
0.08
0.2
0.04
0.3
0.08
0.4
0.08
0.8
0.2
0.2
0.2
0.1
0.08
1.5

R

First detected

2

Conc entration

without outlier*
0.869
0.864
0.922
0.920
0.967
0.919
0.912
0.964
0.985
0.953
0.963
0.984
0.900
0.939
0.963
0.898
0.896
0.939
0.934
0.762
0.870
0.916

range (pmol/mg)
2.78E-03 - 4.98E-02
4.79E-03 - 4.66E-02
5.49E-05 - 8.79E-04
5.49E-05 - 1.37E-03
1.55E-04 - 5.31E-03
1.03E-04 - 2.99E-03
5.15E-05 - 9.79E-04
1.03E-04 - 5.15E-03
5.15E-05 - 2.06E-03
1.38E-04 - 4.95E-03
9.17E-05 - 2.44E-02
4.10E-05 - 2.83E-03
8.19E-05 - 7.37E-04
1.23E-04 - 9.26E-03
4.10E-05 - 3.28E-03
8.19E-05 - 6.55E-04
8.19E-05 - 9.42E-04
7.46E-05 - 1.16E-03
2.24E-04 - 2.57E-03
2.98E-04 - 6.71E-04
7.46E-05 - 3.36E-04
2.61E-04 - 4.44E-03

2

R 2 < 0.700

0.700 < R < 0.800

2

2

0.800 < R < 0.900

R > 0.900

The slope and the coefficient of determination were calculated from detected values only (when the target metabolite was detected in at least
50% of the rats in the group and for a minimum amount of data available for three levels of exposure). (–) = not detected. The linear regression
mode with the R package Stats revealed *P value < 0.001 for all metabolites showing the conditions previously described
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Safety considerations
The general guidelines for working with organic solvents,
acids, and alkalines were respected. All the standard compounds have been designated as “chemical carcinogens”.
This designation does not necessarily imply that the compound is a known carcinogen, but merely that it is intended
for use in research involving chemical carcinogens and that
it should be treated as a carcinogen.

Results

Fig. 1  Number of PAH metabolites detected in hair and urine for the
different levels of exposure

Detection of targeted OH‑PAHs in hair and urine

from food, water, or inhaled air as already observed during our previous works (Crepeaux et al. 2014; Grova et al.
2011, 2013). An advantage of using the urine matrix can
be observed from the very first dose and remains until the
last one (Fig. 1). Nevertheless, with the exception of three
metabolites of B[a]A, this difference in the total number
of metabolites is essentially because of the appearance of
OH-PAHs with more than five aromatic rings at the two
highest concentration levels (e.g. metabolites of I[1,2,3c,d]P, see Tables 1, 2). At the most elevated level of exposure (0.8 mg/kg), the highest concentration levels in urine
were observed in descending order for 1-OH-naphthalene,
9-OH-phenanthrene, 1-OH-phenanthrene, 3-OH-fluoranthene, 1-OH-pyrene, and 4-OH-phenanthrene, and the
highest concentration levels in hair were 1-OH-naphthalene, 2-OH-naphthalene, 1-OH-pyrene, 3-OH-chrysene,
3-OH-fluoranthene, and 3-OH-B[a]P (Table 1).

The results of the current study confirm that most of the
monohydroxylated PAHs can be incorporated in hair
or excreted in urine after several per os administrations
of their corresponding parents. At the highest dose of
exposure, out of the 50 OH-PAHs investigated, 26 were
detected in hair and 33 were found in urine collected on
day 90 (Fig. 1). The OH-PAH appearance profiles were
similar in both matrices: 22 of these metabolites corresponded to 7 parent compounds with less than 5 aromatic
rings (namely, naphthalene, fluorene, phenanthrene, pyrene, fluoranthene, B[a]A, and chrysene), whereas 11 of
them corresponded to ≥ 5-ring PAHs (B[a]P, B[k]F, B[b]
F, I[1,2,3-c-d]P and diB[a,h]A) out of the 13 administered to the rats. Several hydroxydes–metabolites were
also detected in the hairs and urine of the control rats
(e.g. OH-naphthalenes, OH-fluorenes, 1-OH and 2-OHphenanthrene, 3-OH-fluoranthene, and 1-OH-pyrene),
suggesting that the rats experienced background exposure

Table 2  OH-PAHs detected in hair and urine collected 24 h after gavage, according to the rats’ levels of exposure (grey cells represent positive
detection) and RCA results, expressed as the percentage of correct classification based on the concentration in the matrix

3-OH-D(a,h)A

8-OH-I(1,2,3-c,d)P

2-OH-I(1,2,3-c,d)P

1-OH-I(1,2,3-c,d)P

6-OH-I(1,2,3-c,d)P

8-OH-B[a]P

2+1-OH-B[a]P

79

3-OH-B[a]P

86

9-OH-B[a]P

74

3-OH-B[k]F

81

9-OH-B[k]F

71

11-OH-B[b]F

88

10-OH-B[b]F

95

12+6-OH-B[a]P

88

8-OH-B[k]F

60

10-OH-B[a]P

65

2-OH-B[b]F

90

8-OH-B[b]F

99 ND 92 100 ND 100 91 ND 100 96 ND ND ND ND 100 ND ND 94 ND NA NA NA NA 98 ND ND ND ND ND NA

11-OH-B[a]P

93

9+3-OH-B[a]A

47

2-OH-Chrysene

55

1-OH-chrysene

91

10-OH-B[a]A

1-OH-Pyrene

68

2+5-OH-B[a]A

2-OH-Phenanthrene

3-OH-Fluoranthene

71

3-OH-Chrysene

3-OH-Phenanthrene

1-OH-Phenanthrene

50

6-OH-Chrysene

4-OH-Phenanthrene

9-OH-Phenanthrene

56

4-OH-Chrysene

3-OH-Fluorene

2-OH-Fluorene

43

1-OH-B[a]A

1-OH-naphthalene

61

Urine

Hair

control
0.01
0.02
0.04
0.08
0.2
0.4
0.8
RCA (%)
control
0.01
0.02
0.04
0.08
0.2
0.4
0.8
RCA (%)

2-OH-naphthalene

Dose (mg/kg)

1-OH-B[b]F + 7-OH-B[b]F

Target OH-PAHs

79

79

36

87

78

89

84 ND ND ND ND 49

25 ND ND ND NA 33 NA ND 32 ND ND NA NA NA NA

NA not applicable, ND not detected

13
209

3068

Archives of Toxicology (2018) 92:3061–3075

9-OH-B[k]F and 1729 for 1-OH-naphthalene. The coefficients of determination were greater than 0.900 for 73% of
the metabolites investigated in hair (16 out of the 22 investigated, Table 1) versus only 23% in urine (6 out of the 26
investigated, Table 1). Almost all urinary OH-PAHs presented a significant but weaker association with the level
of exposure than those observed with hair. For instance,
Fig. 2 displays a strong linear relationship between the
dose administered and the concentration of 1-OH-pyrene
in hair determined by R2 of 0.953 (Fig. 2c). However, due
to higher inter-individual variability, this result was more
mitigated in urine with R2 of 0.6137 (Fig. 2a). Moreover,
the statistical analysis performed on 1-OH-pyrene data
to evaluate the inter-group differences in both matrices
confirmed the superiority of the hair matrix to accurately
differentiate two successive doses. Figures S1 and S2 (see
Supplemental Materials) highlight the inter-group differences for all of the metabolites detected in the urine and
hair of rats exposed to PAHs. Urine seems to be a more
suitable matrix for accurately differentiating doses for the
metabolites with less than four aromatic rings (Table S3
in the Supplemental Materials), whereas hair seems to be
a more suitable matrix for those with five aromatic rings
(Table S2 in the Supplemental Materials).

Linkage between exposure levels and concentration
of metabolites in hair and urine
The linkages between the concentration levels in hair and
urine and the doses of exposure were evaluated on the
metabolites detected at a minimum of three levels of exposure, so for 22 and 26 metabolites respectively (Table 1).
One and three out of the 3200 values obtained (64 rats X
50 OH-PAHs measured = 3200 values) were classified as
outliers and removed from urine and hair series, respectively. Regarding urine, only one rat exposed at the dose
0.01 mg/kg was concerned in the case of 1-OH-naphthalene.
As regards hair, one rat exposed at the dose 0.2 mg/kg was
concerned in the case of 1-OH-phenanthrene, another one
exposed at the dose 0.4 mg/kg for 3-OH-B[a]P and one last
at 0.8 mg/kg for 9-+3-OH-B[a]A.
The concentration levels measured in the hair and urine
were significantly associated with the dose of exposure for
almost all of the metabolites tested (p < 0.001, Table 1).
The slope (linear fit) of metabolite concentration in hair
(pg/mg) versus the level of exposure varied from 0.1
for 9-OH-B[k]F to 8.9 for 1-OH-naphthalene. Substantial differences were noticed between the different OHPAHs in urine for which the slope “concentration in the
matrix” versus the “level of exposure” varied from 0.9 for

A

C

B

D

and the top of the box representing the 75th quartile. The line within
the box represents the median, and the whiskers reach a maximum
of 1.5 times the interquartile range. Circles represent outliers. Brackets indicate the significant difference (p ≤ 0.05) in OH-PAH concentration levels in hair or urine with the following levels of exposure.
*p < 0.05, **p < 0.01, and ***p < 0.001

Fig. 2  1-OH-pyrene concentration levels in urine (left), and hair
(right) of rats receiving different levels of exposure three times per
week for 90 days. The results are expressed by slope calculation and
R2 determination. The top panels present the proportional x-axis and
provide details about each rat separately. The bottom panels present
box plots, with the bottom of the box representing the 25th quartile
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These results are all the more remarkable, because by
pooling the urine for a 24 h period, both intra-individual
and inter-individual variabilities observed in the animals
became less visible as described in Fig. 3 in the case of
3-OH-chrysene. This metabolite showed strong relationships between the level of exposure and the concentrations
measured in hair (R2 = 0.939) and in urine (R2 = 0.945).
Both matrices enable a clear distinction between the different groups for almost all of the doses. By scrutinizing the
combined urinary data and going back to the initial data corresponding to the eight individual values collected at eight
different timepoints over 24 h (after 0 h, 2 h, 4 h, 6 h, 8 h,
10 h, 12 h, and 24 h), we can observe a substantial increase
in both intra-variability and inter-variability in comparison
with hair, thus exposing the limitations of urine matrix. The
entire set of kinetic aspects are found in our previous article
(Grova et al. 2017). In addition to these findings, significant
differences were also observed between day 1 and all of the
timepoints (days 28, 60, and 90, p < 0.05).

OH-phenanthrenes) and with hair (ranging from 94 to 100%)
for heavy compounds (i.e., 8-OH-B[k]F, 11-OH-B[b]F, and
3-OH-B[a]P). In the case of intermediate PAHs (i.e., 3-OHfluoranthene, 1-OH-pyrene, OH-B[a]A, and OH-chrysene),
comparable percentages were obtained with the two matrices. After plotting the concentration data in urine versus
hair for one metabolite belonging to each of the three groups
[2-OH-naphthalene for the light group, 3-OH-chrysene for
the intermediate one, and 3-OH-B[a]P for the heavy one
(Fig. 4)], we observed a strong linkage between concentrations in urine and concentrations in hair for 3-OH-chrysene
(R2 = 0.9296), which was not the case for the 2 other groups
(R2 = 0.6571 for the 2-OH-naphthalene and R2 = 0.220 for
3-OH-B[a]P).

Reverse classification analysis (RCA)
Hair provided RCA scores greater than 75% for 12 out of the
20 tested compounds, whereas urine provided such scores
for 13 out of 24 (Table 2). The highest RCA percentages
(ranging from 71 to 90%) were obtained with urine for light
compounds (i.e., OH-naphthalenes, OH-fluorenes, and

A strong linear relationship (R2 = 0.876) exists between the
concentration of 3-OH-B[a]P in hairs and the number of
DNA adducts detected in WBCs collected from the exposed
rats at the highest dose (0.8 mg/kg), as observed in Fig. 5.
The relationship, shown by plotting the concentration of
3-OH-B[a]P in urine with the number of the same DNA
adducts, is weaker, as previously mentioned (R2 = 0.518).

Fig. 3  Analysis of 3-OH-chrysene in hair and urine after a single (day
1) administration and repeated (days 28, 60, and 90) administrations
to the rats of a mixture of PAHs (0.8 mg/kg). Results are expressed by
mean concentrations (n = 8 per group) and standard deviations in both
hair (pg/mg, orange) and urine (ng/mL, blue or black). Regarding the
urine matrix, the means concentration measured on a 24-h period
is represented in black (days 1, 28, 60, and 90), whereas the urine
excretion profiles of 3-OH-chrysene following a single (after day 1)
administration or repeated (after day 60) oral administration to rats

of a mixture of PAHs at 0.8 mg/kg are expressed by the concentration
(in ng/mL) and represented in blue. The intra-variability and intervariability in urine were also evaluated by following both kinetics
performed on days 1 and 60. The statistical analyses were performed
using a paired Student t test (or Mann–Whitney–Wilcoxon rank test
in the case of non-parametric distribution) to assess the differences in
means. The statistical differences in concentration levels between day
1 and the other days for urine and between day 28 and/or days 60/90
for hair were reported as follows: *p < 0.05. (Color figure online)

Linkage between concentrations of 3‑OH‑B[a]P
in hair and urine and the number of DNA adducts
detected in WBCs collected from exposed rats for 90
days
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Fig. 5  Linkage between the concentrations of 3-OH-B[a]P in hair
(in pg/mg) and urine (in ng/mL) and the number of DNA adducts
detected in WBCs (the number of adducts per 1 08 nucleotides) collected from rats exposed for 90 days

highly significant for all of the analytes detected in hair.
For instance, the linear regression model that was utilized
from on the data showed p values between 8.52 × 10−5 for
3-OH-B[k]F and 5.44 × 10−43 for 1-OH-pyrene. These
results are in line with those recently obtained in a study
on pesticides in which, based upon a similar model of rats
under controlled exposure to a mixture of pesticides, we
demonstrated strong linkages between exposure intensity
and resulting pesticide concentration in hairs (Appenzeller
et al. 2017). Although the possibility of detecting PAHs and
their metabolites in hair has been demonstrated (Appenzeller and Tsatsakis 2012; Schummer et al. 2009; Toriba et al.
2003), this current study pointed out for the first time the
suitability of this matrix to assess environmental exposure
to PAHs. For most metabolites investigated, the linkages
between the levels of exposure and the concentrations of
OH-PAHs in hair were stronger or comparable with those
determined in urine (Table 1).

Fig. 4  Linkage between the levels of concentration of 2-OH-naphthalene, 3-OH-chrysene, and 3-OH-B[a]P in hair and their respective
concentration levels in urine. The linear regression model performed
by R showed p < 0.001 only for 3-OH-chrysene

Discussion
Linkage between exposure levels
and concentrations of metabolites in hair and urine
The current study confirmed that the concentrations of
OH-PAHs in hair are representative of the levels of PAH
exposure. The linkages between the levels of PAH exposure and the concentrations of their metabolites in hair were
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The linkages between the levels of PAH exposure and
the concentrations of their metabolites in urine were also
highly significant regardless of the analytes detected in this
matrix (the linear regression model performed showed p values between 2.22 × 10−2 for 3-OH-B[a]P and 2.34 × 10−32
for 1-OH-pyrene). Concerning the number of compounds
detected in both matrices, urine presents a quantitative
advantage of seven metabolites. Urine proves to be the
only matrix that can monitor B[a]A exposure via the follow-up of 1-OH-B[a]A, the sum of 2-OH- and 5-OH-B[a]
A, and 10-OH-B[a]A. The other four metabolites, which
are representative of the 5-aromatic-ring compounds, are
only detected either at the highest or the 2nd highest level
of exposure, thereby not allowing the determination of a
linkage between the dose of exposure and concentration in
urine. The non-detection of OH-B[a]A in hair cannot be the
result of a limit of sensitivity, since the analytical method
designed for their assessment in hair offers suitable sensitivity for the three metabolites investigated with LOQs ranging from 0.02 to 0.03 pg/mg, accuracies ranging from 95
to 100% and RSD (relative standard deviation) below 7%
depending on the concentration levels evaluated (Grova et al.
2013). Nonetheless, if hair analysis cannot be used to assess
B[a]A exposure via the monitoring of their mono-OH-B[a]
A metabolites, recent findings observed in our laboratory
identified the presence of four isomers of tetrahydroxylatedB[a]A metabolites in the hairs of the exposed rats as well as
in hairs collected from volunteers (Grova et al. 2017a, b).
Strong linkages were established between the intensity of
B[a]A exposure and the resulting concentration of tetrahydroxylated-B[a]A in hairs of rats under controlled exposure
to PAHs (Grova et al. 2016).
Discrepancies in terms of the abundance of metabolites
detected can also be observed between hair and urine. In
fact, at the highest dose of exposure (0.8 mg/kg), the most
hydrophilic metabolites with less than five aromatic rings
presented the highest concentration levels in urine (i.e.,
1-OH-naphthalene, 9-OH-phenanthrene, 1-OH-phenanthrene, 3-OH-fluoranthene, 1-OH-pyrene, and 4-OH-phenanthrene). In contrast, the molecular weight did not seem to
influence the incorporation in hair, because two light (i.e.,
1-OH-naphthalene and 2-OH-naphthalene), two medium
(i.e., 1-OH-pyrene and 3-OH-chrysene), and two heavy
(i.e., 3-OH-B[a]P and 3-OH-fluoranthene) metabolites
were defined as the most preponderant in hairs (Table 1).
Taken together, these results highlight the specificity of both
matrices to incorporate or excrete one metabolite rather than
another. Although the linkage between chemical intake and
the resulting concentration in hair remains incompletely elucidated, the transfer from blood to the living cells of hairs is
considered to be the main route of incorporation (Kintz et al.
2015). Recent findings of a study that used on a similar rat
model under controlled exposure to a mixture of pesticides

demonstrated that for most of the target compounds investigated, water solubility, lipophilicity, molecular weight, and
charge did not seem to influence incorporation of chemicals
into hair (Chata et al. 2016). The authors believe that the
concentrations of chemicals in hair mainly depend on the
respective concentrations in plasma and suggest that for
most compounds, the transfer from blood to hair would not
be a limiting step in the incorporation (Chata et al. 2016).

Impacts of the window of detection on assessing
PAH exposure
Hair analysis proved to be a most efficient method for reducing the inter- and intra-individual variabilities (Table 1 and,
Fig. 2). In fact, the concentrations of OH-PAHs detected
in hair are not impacted by short-term variations in exposure as can be observed with urine; this analysis, therefore,
accurately represents an individual’s average level of exposure. This result is all the more remarkable, because by
applying an identical time lapse between gavage and urine
sampling, pooling the urine for a 24-h period, and adjusting
for the concentration of creatinine for all of the animals,
we controlled the intra-individual variability observed. As
a consequence, an increase in the apparent performances
of urine analyses can be observed, especially in the representativeness of the exposure levels. This is illustrated
in Fig. 3, which highlights the analysis of 3-OH-chrysene
in hair and urine after a single (day 1) administration and
repeated (days 28, 60, and 90) administrations of a mixture
of PAHs (0.8 mg/kg) to the rats. At day 1, the simulated 24-h
void average concentration (n = 8) appears to be less variable
[coefficient of variation (CV) evaluated at 43.7%] than those
observed at each timepoint of the kinetics of 3-OH-chrysene
(CVs ranging from 23.7% at 16 h to 90.9% at 12 h after the
dose was administered at day 1, data not shown). Similar
variability of 40.7% was also observed at day 60 for the
simulated 24-h-void concentration measured. These results
obtained from an animal model under controlled conditions
support that in a human biomonitoring context, in which
most of the time, sampling is randomly performed over the
day, the hair matrix would clearly be a more accurate method
for assessing human exposure to PAHs.

Reverse classification analysis
Regardless of the type of matrix tested, the ability to differentiate rats from different groups of exposure (Tables
S2 and S3 in the Supplemental Materials) or to re-attribute individuals to their correct group of exposure based
on PAH concentration in a matrix was clearly demonstrated. Both hair and urine matrices provided correct
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classification scores of more than 75% for more than
50% of the metabolites evaluated (Table 2). Hair analysis
proved to be a highly efficient method for assessing OHPAHs with more than five aromatic rings, whereas the
urine matrix appeared to be more accurate for measuring
OH-PAHs with less than four aromatic rings (Table 2;
Fig. 4). These findings were in line with those observed
in our previous study in which hair also proved to be more
accurate for assessing exposure to hydrophobic pesticides
in a rat model repeatedly exposed to the mixture of pesticides (Appenzeller et al. 2017). Regarding the intermediate compounds with four aromatic rings, both matrices
seem well suited to accurately assess the exposure of their
respective parents (Table 2; Fig. 4).

humans and rats was then focused on two metabolites for
which large amounts of data are available in the literature
(Fig. 6): (1) 2-OH-naphthalene, which was most frequently
detected in hair and (2) 1-OH-pyrene, which is one of the
most frequently detected metabolites in urine. The levels
of 2-OH-naphthalene measured in the three populations
[i.e., Luxembourg adults, French children aged 3–11 years,
and Chinese women (personal unpublished data)] proved
to be in the high range of the results obtained with animals
(Fig. 6a). Regarding the detection of 1-OH-pyrene in urine,
similar results were observed (Fig. 6b). These two observations corroborate that the exposure doses selected for the rats
were realistic regarding exposure levels observed in humans.
Nevertheless, if similar concentrations are corrected for creatinine, we can observe a discrepancy, because the data for
humans fall inside the low range in comparison with animal
results (Figure S1 in the Supplemental Materials). This discrepancy can be attributed to inter-species differences in the
levels of urinary creatinine (Yoshida et al. 1984) and tends
to highlight the limitations of creatinine correction.
We demonstrated that the analysis of OH-PAHs in hair
and urine allows for assessments of PAH exposures on an
animal model under controlled exposure at doses that are
representative of human exposure. We also investigated a
possible linkage between the concentration of 3-OH-B[a]P
in hair and urine and the number of DNA adducts detected in
WBCs collected from exposed rats for 90 days. Finding the

Transposition to humans
Although this study was conducted on an animal model,
which is the only approach that allows controlling exposure to PAHs, the aims of this experiment were definitely
their transposition to humans and, therefore, the classification of individuals according to their level of exposure and/
or internal dose of exposure. Therefore, OH-PAH concentration levels detected in the sample of rat hair and urine
are similar to those observed in the literature pertaining to
humans. Because information was not available for all of the
PAHs evaluated in the current study, a comparison between

B

A

thalene (from left to right: blue squares = adult Luxembourg population; red squares = French children aged 3–11 years; green and yellow squares = Chinese women). For 1-OH-Pyrene, different colored
squares are used to differentiate the studies. From left to right, the
colored squares and what they represent are as follows: p10, median,
and p95 in a U.S. population are purple (Li et al. 2008a, b); and the
highest concentration detected and the geometric mean and lowest
concentration detected in Australian general population are dark grey
(Thai et al. 2016). The highest concentration detected and the geometric mean and lowest concentration detected in pre-shift (orange
squares) and post-shift (green squares) after occupational exposure
(McClean et al. 2012). (Color figure online)

Fig. 6  a 2-OH-naphthalene concentration levels in rat hairs (the current study) and in human hair (reported from the literature). b 1-OHpyrene concentration levels in rat (the current study) and in human
urine (reported from the literature). The data that correspond to the
rats (circles) are related to the levels of exposure presented on the
x-axis. The data that correspond to humans (squares) are not related
to the level of exposure and are situated close to similar range of concentration observed in rats for better visibility. For 2-OH-naphthalene
in human hair, the upper square represents the highest concentration
detected, the intermediate square represents the median value and
the lower square represents the lowest concentration detected. Data
on humans correspond to personal unpublished data for 2-OH-naph-
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answer to this question is crucial in evaluating the internal
effective dose of B[a]P. A statistical analysis conducted on
3-OH-B[a]P demonstrated linear linkage between the doses
of PAHs administered and the number of DNA adducts
formed (p < 0.05) ; or the concentration levels detected
in hair or urine (p < 0.001). A strong linear relationship
(R2 = 0.876) was demonstrated between the concentration
of 3-OH-B[a]P in hair and the number of DNA adducts
detected in WBCs collected from rats exposed at the highest dose (0.8 mg/kg) (Fig. 5). No such linkage was shown
by plotting the concentration of 3-OH-B[a]P in urine with
the number of the same DNA adducts as previously mentioned (R2 = 0.518). The linear relationships highlighted
between the concentration levels of 3-OH-B[a]P in hair and
the DNA-adduct levels in WBCs suggest the potential of this
biomarker to predict genetic alterations and its possible use
as an early marker of effects.
To conclude, this current study demonstrates for the first
time the strong linkage between OH-PAH exposure levels
and PAH concentration levels in hair. Reasonable credit
could be given to the assumption of comparable behaviors
in the case of other chemicals and other species, including humans. With regard to transposition to humans, even
though the measurement of OH-PAHs in hair still does not
allow the assessment of PAH intake—which is at least due
to differences between species—the current research proves
that hair analysis enables reliable classifications of individuals according to their exposure levels. This proof-of-concept,
therefore, achieves a substantial step forward in the perception of using hair analysis as an efficient tool for epidemiological studies, especially for the evaluation of PAH exposure and of internal effective doses.
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