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1

Introduction

1.1 Aims of HEALS internal dosimetry modelling framework

HEALS generic Physiology Based BioKinetic (PBBK) model aims at providing a
comprehensive methodology for internal exposure assessment, by (a) translating external
exposure into internal dosimetry and (b) allowing the identification of external and internal
exposure through the assimilation of biomonitoring data. This provides very significant
opportunities for advancing risk assessment towards exposure based assessments:

Forward estimation of exposure will allow us to translate external exposure data to
Biologically Effective Dose (BED) at the tissue dose; this will allow the interpretation to
mechanism based hazard assessment based metrics such as the Biological Pathway
Altering Dose (BPAD) (Judson et al., 2010; Judson et al., 2011). The quantity that will be
calculated, the biological pathway altering dose (BPAD), is analogous to current risk
assessment metrics in that it combines dose-response data with analysis of uncertainty
and population variability so as to derive exposure limits. The analogy is closest when
perturbation of a pathway is a key event in the mode of action (MOA) leading to a
specified adverse outcome. BPADs are derived from relatively inexpensive, high-
throughput screening (HTS) in vitro data. Use of as detailed as possible PBBK modeling is
the key component so as to estimate the in vivo doses required to achieve the BPAD in
the target tissue. Uncertainty and variability will be incorporated in both the BPAD and the
PBBK parameters and then combined to yield a probability distribution for the dose
required to perturb the critical pathway. Thus, the more confident and explicit we are about
the biokinetic behavior of the compound, the less conservative we have to be when
translating BPAD into external exposure metrics. Information about BPAD for several
chemicals can be easily obtained from the publicly available ToxCastDB (USEPA).
Assimilation of the vast amount of biomonitoring data continuously produced at the
national or international level. Assimilation of biomonitoring data is greatly facilitated by
exposure reconstruction (or reverse dosimetry) techniques, allowing us to estimate the
actual external dose corresponding to the observed biomonitored levels. This will also
allow us the possible identification of route contribution, and consequently to exposure
pathways contribution identification. Also, reconstructing exposure will allow us to re-run
forward our assessment, and to estimate BED, starting actually from biomonitoring data.
Refine overall assessment of exposure, as well as assimilation of biomonitoring data,
taking strongly into account the differences in physiology among different age groups,
capturing the differences in BED for similar exposure situations, as well as to attribute the
appropriate variance of exposure, to significantly varying biomonitoring data.
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1.2 State of the art on internal exposure dosimetry

PBBK models are continuously gaining ground in regulatory toxicology, describing in
gquantitative terms the absorption, metabolism, distribution and elimination (ADME)
processes in the human body, with a focus on the effective dose at the expected target site
(Bois et al., 2010). This trend is further amplified by the continuously increasing scientific and
regulatory interest about aggregate and cumulative exposure; PBBK models translate
external exposures from multiple routes (Yang et al., 2010) into internal exposure metrics,
addressing the effects of exposure route in the overall bioavailability (Sarigiannis and
Karakitsios, 2011; Valcke and Krishnan, 2011) or the dependence on critical developmental
windows of susceptibility, such as pregnancy (Beaudouin et al., 2010), lactation (Verner et
al., 2008) and infancy (Edginton and Ritter, 2009). With regard to cumulative exposure,
PBBK models offer the advantage of calculating the effect of the interactions among the
mixture compounds at the level of metabolism, however due to the inherent difficulties
arising, the existing applications are limited to VOCs (Cheng and Bois, 2011; Haddad et al.,
2000; Sarigiannis and Gotti, 2008) and metals (Sasso et al., 2010). Recently, efforts have
shifted also towards the integration of whole-body physiology, disease biology, and
molecular reaction networks (Eissing et al.,, 2011), as well as integration of cellular
metabolism into multi-scale whole-body models (Krauss et al., 2012).

PBBK models are also used for assimilating biomonitoring data, through exposure
reconstruction, meaning the quantification of exposure components related to the observed
biomarkers concentrations. Several techniques have been developed in this direction with
increased level of complexity, starting from the exposure conversion factor (ECF) (Tan et al.,
2006), up to combined Maximum Likelihood Estimates coupled to PBBK modeling
approaches with synthetic biomarker data under a Bayesian statistics framework
(Georgopoulos et al., 2009). The need for direct risk characterization based on biomonitoring
data, resulted in the establishment of the biomonitoring equivalences (BEs) (Hays and
Aylward, 2009). BEs values represent quantitative benchmarks of safe or acceptable
concentrations of a chemical or its metabolite in biological specimens that are consistent with
selected reference values, such as the ADI, TDI, MRL and RfD, using the knowledge about
the biokinetic properties of the chemical (Boogaard et al., 2011). However, the use of reliable
PBBK models is the most convenient way on translating external exposure reference values
into BEs. Moreover, in order to utilize the capabilities of in vitro testing, PBBK models are
used to identify the Biological Pathway Altering Dose (Judson et al., 2011), is analogous to
current risk assessment metrics in that it combines dose-response data with analysis of
uncertainty and population variability to arrive at conservative exposure limits. The analogy is
closest when perturbation of a pathway is a key event in the mode of action (MOA) leading to
a specified adverse outcome.

Considering the opportunities offered by the use of PBBK models in exposure/risk
characterization, several research groups are developing generic PBBK models, either
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stand-alone models such as PK-Sim (Willmann et al., 2003), Indus-Chem (Jongeneelen and
Berge, 2011) or incorporated within integrated computational platforms for exposure
assessment such as INTERA (Sarigiannis et al., 2011) and MENTOR (Georgopoulos et al.,
2008b). The development of generic PBBK models is substantiated by the recent advances
in quantitative structure—activity relationships (QSARS) and quantitative structure—property
relationships (QSPRs) (Peyret and Krishnan, 2011; Price and Krishnan, 2011), providing the
basis for development of relevant PBBK models regarding data-poor or new chemicals.
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2 Internal exposure modeling framework

2.1 Conceptual description

The model is designed to describe as much as possible the actual ADME processes
occurring in human body, so as to be easily applicable for a broad variety of chemicals under
proper parameterization. The model will include the parent compound and a number of three
potential metabolites. For each compound/metabolite all major organs will be included
(Figure 1) and the link among the compounds and the metabolites will be through the
metabolizing tissues. This is mainly the liver, but also other sites of metabolism might be
considered based on the presence or not of the enzymes involved in the metabolism of the

compound of interest.
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Figure 1. The generic PBTK model (parent compound and 3 metabolites)
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In order to capture the in-utero exposure, the model is also replicated in order to describe the
functional interaction of the mother and the developing fetus through the placenta. The
anthropometric parameters of the models are age dependent, so as to provide a lifetime
internal dose assessment. Details on the mathematical framework so as to describe the
structure of the generic-lifetime PBTK model are given in the following sections.
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Figure 2. Conceptual representation of the Mother-Fetus PBTK model
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2.2 Components of the generic life-time HEALS PBTK model

2.2.1 Formulation describing the generic multi-route PBTK model
The formulation scheme of the developed PBPK model is described below:

For non-eliminating organs:

Red blood cells

dCrbc org
Vrbc_org d—t_ = Qorg -HCT '<Crbc_art _Crbc_org)
Crbc org
+PSrbc_org ’ fu '[Cint_org - K,-;c J
Where Vrbc_org = fvas_org 'Vorg -HCT
Plasma +interstitial
dCin or
Vint_Ofg dtt_ - = Qorg (1_ HCT ) '(Cpls_art _Cint_org)

C
_PSrbc_org : fu '(Cint_org _%j
rbc

—PS . f [C _ Ccell_org ]
cell _org u int_org K

org

Where Vint_org =Vorg I: 1:int_org + fvas_org (l_ HCT ):'

Cellular

cell _org dt cell_org ~ 'u K
org

dC C
V cell _org — PS f '(Cim_org _ cell_orgJ

f \Y/

cell _org ~ Vorg

Where V

cell_org —
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Kidney

For kidney renal plasma clearance (CLpls_kid) is incorporated:

Plasma + Interstitial

dCin i Cr c_liv
Vint_kid s Qkid '(1_ HCT)'(Cpls_art _Cint_kid )_ PSrbc_kid : fu : Cint_kid -
dt K pe
_PS e — Ccell_kid _ CLpIs_kid 'Qkid '(1_ HCT)'Cint_kid
cell _kid u int_kid Kkid |:Qkid . (1_ HCT ) —CLp|S_kid :I
Portal vein

Red blood cells

dCrbc pv
HCT .VPV dt_ = QGI_tract -HCT '(Crbc_GI_tract _Crbc_ pv)

PS f C Crbc_org
+ roc_pv 'u’ pls_pv K

rbc

Plasma + interstitial

dC . .
(1_ HCT ) 'va ) gltfp = QGI_tract '(1_ HCT )'(Cint_Gl _tract _CPV)

Cr c_pv
_PSrbc_pv : fu '(Cpls_pv _%J

rbc



D6.1 - Modelling module for biomonitoring data assimilation

WP6: Physiology based biokinetic
modeling for internal dose and exposure
reconstruction

Security: Public

FP7-ENV-2013-603946

Author(s): Denis A. Sarigiannis et al. Version: 2

12/84

For venous blood

Red blood cells

dCrbc ven
HCT Vign === 2 Qurg "HCT Lo o

org

Crbc ven
+PSrbc_ven : fu ’ Cpls_ven - K -

rbc

—Qung “HCT -C

rbc_ven

Plasma +interstitial

dc
(1-HCT )V, # = Quy -(1-HCT)-Ciy oy

org

Crbc ven
_PSrbc_ven ) fu : Cpls_ven _K—_

rbc

_Qlung ’ (1_ HCT ) ’ C:pISJen

For arterial blood

Red blood cells

dC
HCT 'Vart ' 3;_&1 = _Z Qorg -HCT Crbc_art

org

PS f C _ Crbc_art
+ rbc_art et pls_art K

rbc

+Qlung -HCT - Crbc_art

Plasma +interstitial

dC
(1-HCT)-V,, % ==Y Qy "(1=HCT)-C,,, .

org

PS f C Crbc_art
9 art T Mu” pls_art K

rbc

+Qlung : (1_ HCT ) : Cpls_art
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For liver:
Red blood cells

dCr c_liv
Vrbc_liv dbt_l = HCT .(Qliv ’ Crbc_art + va ) Crbc_pv)

_(an : Crbc_art + va ’ Crbc_ pv )

+PS, o T -(c ——Cr“—"“’j
rbc_org u int_org K

rbc

Plasma + Interstitial

dCin iv
L = (1_ HCT ) ’ (Qliv ’ Cpls_art + va ’ Cpls_ pv ) - (Qliv + va ) ’ (1_ HCT ) : Cint_Iiv

V.. .
int_liv dt
Crbc liv CceII liv
_Psrbc_liv' fu : Cint_liv - K — |~ Psceu_nv‘ fu ) Cint_liv - K -

rbc liv

Cellular

dCceII liv Ccell liv Can met 'Cceu liv " fu
Vel iiv —=PS i fu| G — — |~ = =
-V dt - - K, K

liv

where CL j is the intrinsic clearance and is calculated from the plasma clearance using the
well stirred liver model.

For lungs:
dCin un Cr c_lun
Vint_lung % - Qlung (1_ HCT ) ‘(Cpls_ven _Cint_lung ) N F)Srbc_lung ) f” . [Cint_luﬂg - ;)<_I g J
rbc

—PS f -[c —C°e“—'”“g]+Q .C P
cell _lung u int_lung K vent amb _air air
rbc

C.
_Qvent ( I::t)_lung ' (1_Vds ) + Camb_air 'Vds]

air
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2.2.2 Mother-fetus interaction
For uterus:
Plasma +interstitial

dC

int_uterus
Vint_uterus dt - Quterus ' (1_ HCT ) ' (Cpls_art - Cint_uterus ) - Kd_uterus_ e (Cplacenta - Cuterus_M )
C C
rbc_uterus cell _uterus
_Psrbc_uterus ’ fu ’ Cint_uterus -, |~ I:)Scell_uterus ’ fu ’ Cint_uterus -,
Krbc Krbc

beside the assumption of equal diffusion flow from uterus to placenta and vice-versa during
pregnancy, uterus behaves like other organs.

For placenta:

dC P
int_placenta placenta
Vint_ placenta dt - Kd _uterus_ pla ’ (Cint_ placenta Cint_uterus ) - Kd_ pla_amniot ) Cint_ placenta Camniot
amniot
C Cint_ placenta K C
+Qplacenta_fetus ’ int_art_fetus P glu_deconj ’ Qplacenta_fetus ) int_ placenta_glu
placenta
C C
rbe _ placenta cell _ placenta
_Psrbc_ placenta ’ fu ’ (Cint_ placenta K - Pscell_placenta ’ fu ’ Cint_ placenta K
rbc rbc
For breast:
V dC_breast _ PS . f . C _ C_breast _ L
dt - _cell _breast u _int_breast K excr
_breast
and the related excretion via lactation
_ C_breast P
Lexcr = Q_milk ’ K * T milk/blood
_breast
Kow ’ FI_tissue + FW_tissue

P =
_milk/blood
Kow ’ Fl_blood + FW_bIood
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2.2.3 Lifetime scaling

The parameters related to organ volumes (V) and blood flows (Q) were taken from the ICRP
(ICPR, 2002) report and fitted to time (t in hours) in order to derive continuous time
depended non lineal polynomial formulas in the form of:

V=at’+c-t!+e-t+f

Q=a-t’+c-t+d

for organ volumes

for organ flows

Table 1. Regression coefficients for lifetime scaling (from conception to adulthood)

organ volumes (mL)

organ flows (mL/min)

a b c d e f a b o d

Portal vein 1.00E-01 [1.00E+00 [9.80E-02 [9.96E-01 [0.00E+00 [5.70E+01 6.09E-02 2.61E-02 [1.06E+00 [1.14E+02
Adipose 2.54E-02 [L.OOE+00 [1.88E+01 5.20E-01 [0.00E+00 9.06E+02 [1.17E-01 [1.00E-01 [1.01E+00 [3.00E+01
Bones 5.97E-02 [L.0OE+00 [1.26E+00 .10E-01 [0.00E+00 [4.52E+02 [2.00E-02 [1.04E-02 [1.05E+00 [3.00E+01
Brain 15.03E-02 [1.00E+00 [9.07E-01 [7.69E-01 [0.00E+00 B.95E+02 -3.99E-01 [7.10E-01 9.52E-01 [1.80E+02
Gonads 8.25E-02 [1.00E+00 [8.31E-02 19.99E-01 [0.00E+00 [1.10E+00 [8.57E-02 |3.56E-02 [1.00E+00 [3.00E-01
Heart 1.68E-02 [1.00E+00 |-3.81E-02 [1.01E+00 [0.00E+00 2.80E+01 [4.08E-03 [1.81E-05 [1.41E+00 [2.40E+01
Kidneys 3.17E-02 [1.00E+00 [1.44E-02 [1.06E+00 [0.00E+00 [3.80E+01 3.86E-02 |7.90E-03 [1.11E+00 [1.10E+02
Liver 2.79E-03 [1.00E+00 [1.10E+00 §.03E-01 [0.00E+00 [1.60E+02 8.54E-03 |-3.51E-04 [1.24E+00 [3.90E+01
Gl tract 8.20E-02 [1.00E+00 [4.41E-02 [1.04E+00 [0.00E+00 9.00E+01 |6.09E-02 |2.61E-02 [1.06E+00 [1.14E+02
Muscle 1.26E-01 [1.00E+00 [7.76E-06 [1.76E+00 [0.00E+00 [9.50E+02 [1.00E-01 |1.03E-01 9.92E-01 3.10E+01]
Skin 2.88E-01 [L.OOE+00 P2.71E-01 19.98E-01 [0.00E+00 P.00E+02 [1.06E-02 |2.72E-03 [1.10E+00 [3.00E+01
Lungs 0.74E-02 [1.00E+00 6.33E-02 [1.03E+00 [0.00E+00 8.40E+01 [-4.98E-01 [9.94E-01 [9.48E-01 [5.58E+02
Arterial/venous

1.26E-01 [1.00E+00 [1.25E-01 [9.98E-01 [0.00E+00 [3.80E+01
blood
Total blood 1.15E-01 [1.00E+00 }-1.10E-01 [9.92E-01 [0.00E+00 [1.33E+02
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organ volumes (mL) organ flows (mL/min)
a b c d e f a b c d
Weight 3.90E-01 [1.00E+00 8.40E+01 [3.66E-01 [0.00E+00 [3.21E+03
HCT -1.00E-01 [9.66E-12 |1.00E-01 [1.55E-06 [5.50E-07 5.80E-01

Table 2. Gestation parameters (from conception to birth)

organ volumes (mL)

organ flows (mL/min)

a b C d e f a b (o d
Uterus 3.90E-01[1.00E+00 [8.40E+01 [3.66E-01{0.00E+00 [3.21E+03 [3.57E-02}3.56E-02 [1.00E+003.00E-01
Placenta 3.90E-01[1.00E+00 8.40E+01 [3.66E-010.00E+00 [3.21E+03 [3.57E-02}3.56E-02 [1.00E+00B3.00E-01
Amniotic fluid 3.90E-01[1.00E+00 [8.40E+01 [3.66E-01/0.00E+00 [3.21E+03

2.2.4 Description of absorption through multiple routes

2.2.4.1 Inhalation absorption model description

The ability to describe inhalation exposures is an important consideration for modeling
inhalation pharmacokinetics. By modeling the lungs as a well-mixed compartment with an
average, one-directional airflow in the region of gas exchange (i.e., with air moving through
the lungs with a constant flow rate equal to the alveolar ventilation rate, Qp), and with rapid
equilibration between lung air and blood in the lung alveoli, the concentration in the blood
exiting the lungs, C,, can be described (Ramsey and Andersen, 1984; Reddy et al., 2005):

C :QP'Cin+QC C
T Q+Q /R

BLV

where Cg, v is the chemical concentration in the venous blood compartment, Py is the
blood:air partition coefficient, Q¢ is the cardiac output, and C;, is the inhaled concentration of
chemical during the exposure and zero after the exposure ends.

To determine the concentration of chemical in exhaled air, Cey, the concentration of chemical
in alveolar air, C,y (i.e., C4/Py), must be adjusted for the concentration of chemical in the
dead space of the lungs (i.e., the volume of the lungs where gas exchange does not occur)
as follows:
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Cec = Fos -Gy +(1_ FDS)'Calv
where Fps is the fraction of dead space in the lungs, which is about 0.33 in humans under
typical physiological conditions.

The overall amount of air inhaled by an average adult is equal to about 20 m®. It is clear that
from the above formula that the contribution of the activity pattern clearly affects the overall
intake and distribution within the tissues, through the ventilation rate Qp and the cardiac
output Qc. When exercising, a higher amount of the body's blood rushes to the muscles to
help fuel the physical activity. This surging of blood often results in a need for more oxygen in
the blood than is present, and thus the body's breathing rate increases. Considering that the
daily average respiratory rate for an adult ranges between 12-20 breaths per minute, it
increases to 35-45 breaths per minute, depending on the burden of effort with a subsequent
increase of the overall inhaled air and the corresponding uptake of the contaminants included.

2.2.4.2 Skin absorption model description

The multi-compartmental model is described using a unity of block diagram format. Each
block represent a different compartment, since that type of programming enforces the clear
conceptual divisions of the model's compartments. The skin has been modeled with a two
layer structure: Stratum corneum (SC) and viable epidermis (VE). The stratum corneum has
been described with a “bricks and mortar” structure (Touitou, 2002). The structure is
presented in Figure 3. Current understanding of solute binding to keratin and other
corneocyte constituents of the SC encompasses mostly equilibrium binding, and macro-scale
parameterizations of transient binding for a few solutes. Proposed work leverages the latest
and emerging results on homogenization theory and rates of binding to produce a broad
mechanistic SC model that quantifies transient solute binding in terms of coexisting free and
bound concentration fields, and is parameterized at the microscopic scale. This is critical to
realistically describe actual chemical exposure, in which most of the penetration often occurs
before reaching steady state.

The geometry of the microstructure has been investigated and described by many authors
(Frasch and Barbero, 2003; Johnson et al., 1997; Mitragotri et al., 2011; Wang et al., 2006;
Ya-Xian et al., 1999).

The characteristics of the skin are presented in Table 3.
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Figure 3. Skin multi-compartmental model

Table 3. Skin characteristics

Description Symbol | Value | Unit Reference
(Bronzino, 2000; Ya-Xian et al.,
Number of layer N 15 -
1999)

Length of

d 30 um (Wang et al., 2006)
corneocyte
Thickness of

t 10 Mm (Wang et al., 2006)
corneocyte
Length of path 1 d; 20 gm (Johnson et al., 1997)
Length of path 2 d, 10 gm (Johnson et al., 1997)
Vertical gaps S 0.03 | um (Johnson et al., 1997)
Horizontal gaps g 0.03 | um (Johnson et al., 1997)
High of viable ,

i ) hv 3 mm (Bronzino, 2000)

epidermis
corneocyte edge o _

(0} 90 degrees | (Rim et al., 2007)
angle
Effective Diffusivity 5 _
o) Det 0.002 | cm“/m (Rim et al., 2007)

¢

The effective tortuosity of the stratum corneum has been calculated according to the method
of Johnson et al. (Johnson et al., 1997):

d- > w-(N-1
t=1+2Tg-|n[ij+N d t+( d ja)( )

2s s-h 1+w h-g

Where h is the total thickness of the SC and w is the ratio between path d1 and d2.
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The model uses first order equations for the diffusion. In particular it is assumed that the
layer SC retains its form and the viable epidermis is assumed as a homogenous well-mixed
layer.

dc,
dt

=-D,-C,+D,-Cy. —evap

dCq.
dt

= Dl'Cs _Dz'Csc _Ds'csc +D4'Cve

dcC,,
dt

= DB'CSC _D4'Cve_|vI _Qb 'Cve
Where C; is the solute concentration on the skin surface that permeates through a volume of
skin, Cq is the solute concentration in the SC and depends on its lipid volume, lipid volume is
the layer between the corneocytes and it depends on the geometry of SC, evap is the rate of
the evaporation to atmosphere, C,sis the permeant concentration in the viable skin, M is the
rate of metabolism and Q is the blood flow rate. Moreover, D; and D, are fractions of
permeate, related to the partitioning coefficient between solvent and SC, the permeant
diffusivity, effective diffusivity and the geometry of SC (Nitsche et al., 2006). D; and D, are
functions of the solvent/stratum partitioning coefficient, the permeant diffusivity in the SC lipid
and the thickness of SC and the implementation area. D;and D, are the partition coefficient
between water and SC (Ksw). Ksenw iS given by the volume average (Nitsche et al., 2006):

KSCI\N = ®iip KIip/w + Por Kcor/w & Diip :1_(pcor

Where ¢, and @, denotes the volume fractions of the lipid and corneocyte phases,
respectively, with ¢;,=0.11 for partially hydrated SC (Nitsche et al., 2006).

d

«—— »

e e | -« (]
= .
A S ] [ ] : Jt |h
== — i;( d2 d1 A

Figure 4. a) Micrograph of human stratum corneum expanded in alkaline buffer showing the
stacking of corneocytes layers and the surrounding lipid matrix (Talreja et al., 2001), b) SC
brick and mortal geometrical structure representation.

Also, K. is given by volume exclusion from the fraction of the corneocyte phase occupied
by keratin microfibrils. Under the assumption that there is no solute adsorption to the protein,
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then Kyw=1-¢;, where ¢=0.1928, representing the keratin microfibrils occupied fraction
(Nitsche et al., 2006).

The Kpw has been calculated according to (Nitsche et al., 2006). who have proposed an
approximation for the predicting permeability taking into account the Kq:

— 043 K0.81

lip/w o/w

K

The approximation for the predicting permeability is based on equation of Johnson et al.
(2997):

logk, =0.71-logk

oct

—0.0061- MW —-6.3

Also, the effective lag time for the SC is given by the following relationship (Bunge and
Cleek, 1995; Cleek and Bunge, 1993; Wang et al., 2006):

_
lag = 6Df

Where D is the effective diffusivity and hg. is the thickness of the layer according to the
geometry path length proposed by Talreja et al. (Talreja et al., 2001):

ho=|—92  Lq]|n

L t+g
N -1
where h is the total length of layer according the geometrical assumptions of the skin model.

The flow blood rate (Q) to skin layers is similar to that of a 73-kg person and it is 85.8 I/h
(Abraham et al., 2005; Valentin, 2002).

Metabolism rate is given by (Abraham et al., 2005):

M :( Vmavae j
K, +C,
Where V. is the maximum rate of elimination ug/min and K, is the permeant concentration

(in venous blood) at 50% of V.

Evaporation has been calculated based on the REACH technical guidance and is given by
the following equations:
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B-MW -V,

Evaporation Rate = ———
R-T-10

0.0111-V°®%*. Dg'lg

015y 0.04

Vv

where MW is the molecular weight of the substance, V, is the vapor pressure of the liquid at
skin temperature (in Pascal), R is the gas constant (in J/Mol/K), T is the skin temperature (in
°K), B is the coefficient of mass transfer in the vapour phase (in m/h), V is the velocity of air
(assumed to 0.3 m/s), Dy is the diffusivity of the liquid in the gas phase (0.05 m?/h), v is the
kinematic viscosity of air (0.054 m%h) and X is the length of the area of evaporation in the
direction of the air stream.

2.2.4.3 Oral absorption model description

The gastrointestinal tract is modelled with four compartments: gut, stomach and their
respective lumens. The parameter Kasomacn and Kag,: govern the diffusion of chemicals in the
stomach and in the gut, respectively, and then in the systemic circulation. Absorption takes
place in the stomach lumen (Ratey is the ingestion rate). In gut, chemicals can be
metabolized (QMety):

dQ

—Mumen = Ratelng —(
dt

F +Ka )-c
Sty en stomach SOy, en

dQ it h C t h
zj(;:mac - Kastomach ’ Csmmlumen + Fstomach : C:art + Pcs:omac
stomach
dQ
9Ulymen —
dt - FStoqumen ’ Csmmlumen + Kebile : CIiver - ( Kagut + Fgmlumen ) Cgutlumen
dQ C
WM =Kay, -Cp  +Fu | Cop ——2 |~ QMet
dt gut gmlumen gut art PCgut gut

Outputs of spleen, pancreas, stomach and gut feed liver, as well as an arterial entry. In liver,
chemicals can be eliminated via bile (Keye) or metabolized (QMet;yer).
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aQliver - C + F X Cspleen + F . Cpancreas + F X Cgut
liver, art spleen pancreas gut
ot art I:)Cspleen PC pancreas PCgut
C C,
stomach liver
+Fstomach : PC ~ Mliver PC - Kebile : CIiver _QMetliver
stomach liver

The sorting blood flow in liver is then given by:

I:Iiver = I:Iivera“ + I:gut + Fpancreas+ I:spleen + I:stomach
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3 Biokinetic interaction of mixtures

3.1 General aspects related to mixtures interactions at the level of
metabolism

Single chemical exposure is an exception rather than the rule in the general and
occupational environments. Humans are generally exposed to chemical mixtures resulting in
a combined effect on human health. Biokinetic and toxicodynamic interactions can result
effects beyond simple additivity of the mixture components. For instance, synergistic or
antagonistic effects caused by perturbation of metabolism efficiency may in turn lead to
enhanced or reduced toxicity of chemical mixtures compared to the toxicity expected based
on knowledge of the potency and dose of the single constituents (additivity). Biokinetic
interactions lead to a change in tissue dose of chemicals during exposure to mixtures. They
are the most common type of interaction observed and reported in the literature and the
extent of the change in tissue dose of chemicals resulting from biokinetic interactions during
mixture exposures depends on the concentrations of all components and the mechanism(s)
of interactions.

Table 4 provides definitions of terms used in describing the results of interactions studies
according to the US Agency for Toxic Substances and Disease Registry (ATSDR).

Table 4. Interactions Terminology #°

When the effect of a mixture is different from additivity based on the

Interaction
dose-response.
o When the effect of the mixture can be estimated from the sum of the
Additivity exposure levels (weighted for potency) or the effects of the individual
components.
No apparent When a component which is not toxic to a particular organ system does
influence not influence the toxicity of a second component on that organ system.
Synergism When the effect of the mixture is greater than that estimated for

additivity on the basis of the toxicities of the components.

When a component that does not have a toxic effect on an organ

Potentiation : _
system increases the effect of a second chemical on that organ system.

When the effect of the mixture is less than that estimated for additivity

Antagonism . L
g on the basis of the toxicities of the components.
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o When a component that does not have a toxic effect on a certain organ
Inhibition system decreases the apparent effect of a second chemical on that
organ system.

# Where effect is incidence or measured response, and additivity commonly is dose or response additivity.

® Based on definitions in EPA (2000), Hertzberg et al. (1999), and Mumtaz and Hertzberg (1993).

The feasibility of using PBBK models to describe, predict, and extrapolate the extent and
magnitude of the occurrence of interactions for various dose levels, scenarios, species,
routes, and mixture complexities arises from the very nature and the scientific basis of these
models. The approach we follow to develop generic multi-PBBK models of mixtures is based
on sets of multi-compartment single-chemical models developed and validated that will be
integrated through explicit mathematical description of the interaction processes outlined in
Table 4 above and detailed in the text below.

To this aim a further Extended Literature Search will was out to identify the mechanisms of
action (MoA) so as to allow us to identify the type of mechanism of interactions among the
chemicals constituting the mixture and finally translate it into the appropriate mathematical
formulation.

3.2 Types of interaction

Multiple types of interactions have to be taken into account, based on the combination of
compounds that have to be tackled each time including:

- Physicochemical Interactions

Co-exposures can lead to modification of a chemical’s solubility in lipid or water or even in its
permeability across biological membranes, resulting in changes in distribution or rates of
absorption. For example, some chemicals, such as antacids, can alter the pH of gastric or
intestinal regions and, therefore, influence the ionization state of other acidic or basic
chemicals, leading to altered absorption rates. For some chemicals, their joint presence
leads to formation of complexes which are more lipophilic than any of the individual
chemicals, resulting in an increase in their permeability across membranes (e.g., increased
permeability across blood—brain barrier of lead-dithiocarbamate complexes).

- Reversible Protein Binding Interaction

Mechanisms of interactions at the level of protein binding might involve either competition for
the binding site or induction of binding protein levels. This interaction is described by the
competitive inhibitor effect on the dissociation constant.

- lrreversible Metabolic Inhibition

When an inhibitor binds irreversibly to the enzyme at the active site, it decreases the
concentration of functional enzymes and thus the V.. Briefly, the modeling of this type of
interaction consists of describing the change in Vna Of the substrate by taking into account
the enzyme inactivation in relation to the concentration of the inhibitor. Accordingly, the
concentration of the active enzyme at steady state (i.e., in the absence of inactivator) equals
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the rate of enzyme synthesis (a zero order process) minus the rate of enzyme degradation
(first order process that can be determined experimentally). This steady state is interrupted in
the presence of an enzyme inactivator and the levels of enzyme is reduced by a rate of
enzyme inactivation that is directly related to the concentration of the inactivating chemicals
in the liver and other metabolism sites specific to the compounds of interest.

- Induction

Enzyme induction increases the Vo of its substrate, due to increased enzyme synthesis
and/or decreased enzyme degradation.

- Reversible Metabolic Inhibition

Among all the mixture PBBK models published to date, reversible metabolic inhibition is by
far the most frequently encountered type of interaction. There are three types of reversible
enzyme inhibition, namely competitive, non-competitive, and uncompetitive. Competitive
inhibition occurs when chemicals compete for the enzyme active site, resulting in decreased
apparent affinity (i.e., increased K) and, therefore, reduced rate of metabolism at lower
substrate concentration. Non-competitive inhibition occurs when a chemical binds to the
enzyme (free or complexed with substrate) at a site that is away from the catalytic active site.
This binding changes the conformation of the enzyme, resulting in a decreased catalytic
activity (i.e., decreased V). The less frequently encountered uncompetitive inhibition
occurs when a chemical binds to the enzyme-substrate complex. The catalytic function is
affected without interfering with substrate binding. The inhibitor causes a structural distortion
of the active site and inactivates it. This has the effect of reducing the available enzyme for
the reaction (i.e., lowering Vmax) and also driving the reaction (E+S—ES) to the right (i.e.,
decreasing Kp,).

3.3 Modelling interactions

We shall follow a three-prone approach to the development of TK models for human health
risk assessment of multiple chemicals:

3.3.1 Identifying interaction terms

The first and main approach for modeling biokinetic interactions in mixtures involves
identifying and linking all individual chemical models via interaction terms. In this light PBBK
models for mixtures of any level of complexity can then be created as long as the quantitative
information on the mechanism for each interacting chemical pair is available or can be
hypothesized. According to this methodology, only plausible binary interactions need to be
characterized to model the kinetics of the interactions between components of complex
mixtures. In a mixture of three chemicals, for example, there are three two-way interactions
(Figure 5). The first step will be to properly parameterize the generic model for each
component of the mixture. Then the single-chemical models should be interconnected at the
binary level by modifying the appropriate equations. For example considering competitive
metabolic inhibition as the mechanism of interaction in a quaternary mixture of chemicals A,
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B, C and D, the equation for calculating the rate of the amount metabolized (RAM) of each
component will be modified from the case of a single chemical:

RAM _Vmax,-Cvl,
Km, -Cvl,
to the followings equations:
V max ,-Cvl,

+ C\,IIB + CYIC + C\,IID)+CVIA
Kig, Kig, Kip,

RAM , =

Km, (1

V maxg-Cvlg
+ C\_IIA + C\_IIC + C\_IID)+CVIB

IAB KICB IDB

Kmg - (1

V max-Cvl,
Cvl, Cuvl
4By By

RAM . =

C\_/ID)+CVIC

Km.-(1
© IAC KIBC IDC

V max - Cvl,
+ C\_/IA + C\_IIB + C\_IIC)JerID

IAD KI BD ICD

RAM , =

Km, - (1

where Cvl, is the venous blood concentrations of chemical | leaving liver compartments, Ki;
is the constant describing competitive inhibition of the metabolism of chemical J by chemical
I, Vmax, is the maximal velocity of metabolism of chemical |, Km, is the Michaelis affinity
constant of chemical I.

Logically, this PBBK modeling approach should be applicable to predict higher order
interactions in mixtures of any complexity, invoking various kinds of mechanisms of
interactions among components. It is important to note that all linkages involving mixture
components are of binary nature only.

This approach is where the unique usefulness of PBBK modeling becomes evident. Let us
assume that the binary chemical interaction between A and B has been modeled. Following
the addition of another chemical, C, the PBBK model not only simulates the binary
interactions involving C (i.e., C-A, C-B) but also the modulatory effect of C on the interaction
between A and B. Once we describe for instance the inhibitory effect of C on B, this would
result in a reduction in the rate in which B gets metabolized and consequently an increase in
its concentration in the venous blood leaving the metabolism site (e.g. the liver). Because the
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exposure to chemical increases concentration in venous blood leaving the liver, this
translates into a modification of the magnitude of the interactive effect of B on A. Similarly, C
may also affect the concentration of A, which would then result in a change in the magnitude
of the interactive effect of A on B. The PBBK model framework can also simulate similar
phenomena affecting the concentration of C because all components of the mixture are
linked. Based on this analogy it will be possible to predict the influence of the addition of
another chemical, D, to the ternary mixture, and so forth. When D is added to an existing
ternary mixture PBBK model for chemicals A, B, and C, we need to consider only three
additional binary interactions (Figure 5a). By doing this, the modulating effect of D on the C-A
and B-A interactions will be automatically simulated because all components are linked with
each other within the PBBK framework. The effect of D on the kinetics of A will in turn affect
the kinetics of B, C, and D. Any modulation of a binary interaction will affect the kinetics of
other chemicals that are part of the network of binary interactions present in the mixture. The
same considerations are applicable when another chemical, E, is added to the quaternary
mixture. After adding the four new binary interactions (E-A, E-B, E-C, and E-D), chemical E
will become an integral part of the network of the components of the mixture and any
modulation of a binary interaction involving E will have repercussions on all the others
(Figure 5b). The interesting thing about this approach is that it only requires data on binary
interaction mechanisms for predicting the magnitude and consequence of higher order
interactions within complex mixtures.

KabJKba
A«—8B

A

A
ac s Kca th ’ Kch |
B

(a) (b)
Figure 5: Interactions among the components of a three (a) and a five (b) compound
mixture.

K

Logically, this PBBK modeling approach should be applicable to predict higher order
interactions in mixtures of any complexity, invoking various kinds of mechanisms of
interactions among components. It is important to note that all linkages involving mixture
components are of binary nature only, yet they allow tackling mixtures of increasing
complexity encompassing a relatively large number of constituents (on the order of 20-30
compounds; the actual level of mixture complexity that can be handled with the binary
interaction approach is limited by the computational power of the IT system used).
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3.3.2 Lumping approach

When the mixture involves a larger number of chemicals, which does not easily allow the
application of the framework illustrated above, (i.e. beyond 20-30 compounds) a top-down
approach will be used. The top-down or lumping approach will start with considering the
mixture as a single entity and proceed to splitting out the chemicals for which specific
information is required, such as the biokinetics of a chemical that is the main cause of the
effect of interest. This approach simplifies the problem by isolating specific components for
which a description is helpful and by treating the remaining components as a single, lumped
chemical. This approach has been already applied to a complex mixture of hydrocarbons
(Dennison et al., 2004) showing that although model accuracy is reduced to some extent with
a chemical-lumping approach, the model still provides a good representation of the kinetics
of five isolated chemicals (n-hexane, benzene, toluene, ethylbenzene, and o-xylene) during
exposure to various levels of two different gasoline blends. When appropriate kinetics data
are available for model development, the approach can be applied to other mixtures
especially when the relevant properties of each component are similar enough to be
described as a whole.
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4 Generic PBBK model parameterization

PBBK models are data intensive, requiring several parameters (mainly partition coefficients
and clearance kinetics) for proper parameterization. These parameters are chemical specific,
and they vary among the different chemical classes, as well as among the several chemicals
of the same class. For data-rich chemicals, where human PBPK models exist, data will be
stored in the HEALS database, or the parameters might be retrieved via external databases.
For data poor chemicals, data will be calculated by Quantitative Structure—Activity
Relationship (QSAR models).

4.1 Use of databases

Specific data for PBPK models parameterization could be retrieved from the following
databases:

4.1.1 PoPGen

PopGen aims to generate data that predict realistic anatomical and physiological variation in
human populations. Organ volumes and blood flows are determined for virtual individuals
from both a priori distibutions of anthropometric parameters such as body mass, height, and
body mass index, and from measured data from existing studies. The main aim is to describe
and to incorporate inter-individual variability in the PBPK models.

Link: http://xnet.hsl.gov.uk/popgen/

4.1.2 Simcyp

The free toolbox of SimCyp provides essential information for PBBK models
parameterization, such as

- the concentration at which the maximum intrinsic clearance occurs as well as the ratio of
this intrinsic clearance to the corresponding intrinsic clearance based on Michaelis-Menten
kinetics.

- the fraction of the compound unbound in plasma
- age dependent hepatic scaling factors

Link: http://www.simcyp.com/

4.1.3 EpiSuite

This database includes data on the physicochemical properties of the compounds such as
octanol-water partition coefficient, Henry’s Law constant, vapor pressure. These parameters
are essesntial for QSARs calculation for PBBK models parameterization.

Link: http://www.epa.gov/opptintr/exposure/pubs/episuite.htm
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4.2 Use of Quantitative Structure—Activity Relationship (QSAR models)

4.2.1 Rationale
QSAR models are regression or classification models used in the chemical and biological
sciences and engineering. QSARs form a relationship between biological effects and
chemistry of each chemical and comprise three parts:

= The activity data to be modeled,

= The data with which to model and

= A method to formulate the model.
The biological effects are normally the property to be modeled, which are linked with the
physical or structural chemistry of the molecules. QSAR methods are used particularly for the
estimation of physicochemical properties, biological effects as well as understanding the
physicochemical features governing a biological response.

ik o Activity
ﬁf o S ?  (e.g.: ER binding affinity)

Molecular structure

1 1

Statistical Validation
Analysis of QSAR

170

X Y
Molecular Response
descriptors  variable

Figure 6. Basic methodological scheme for deriving a QSAR

The input parameters required for solving the set of PBBK model equations are either
species- specific or chemical-specific and should reflect biological or mechanistic
determinants of absorption, distribution, metabolism and elimination (ADME) of the chemical
being modeled. The species-specific parameters, for example, relate to alveolar ventilation
rate (Qp), cardiac output (Q.), tissue blood flow rates (Q;) and tissue volumes (V;) should be
within the documented range for the particular species and life stage. The chemical-specific
input include partition coefficients (blood:air (Pyy), tissue:air (Py,) or tissue:blood (Py,)) as well
as metabolic parameters such as the maximal velocity (Vinax) and Michaelis affinity constant
(Km) or the intrinsic clearance (Vmax/Km). These physicochemical parameters should have
been obtained on the basis of independent measurements (in vitro, in vivo) or using
algorithms in the valid domain of application, like QSARs. In particular, in the case of a
chemical for which biokinetic parameter database is either incomplete or lacking, the internal
dose cannot be reliably estimated. The internal dose measure associated with a particular
exposure scenario could vary from anywhere between zero (theoretical minimum) and the
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potential dose (theoretical maximum). This large uncertainty is due to the fact that there is a
lack of precise knowledge regarding the key chemical-specific determinants of ADME. Since
these parameters, together with the physiology of the animal species, determine the
biokinetics of chemicals in biota, integrated QSAR-PBBK models can effectively predict or
identify the possible range of internal dose.

4.3 QSARs models

4.3.1 Peyret, Poulin and Krishnan algorithm for estimating tissue:blood
partition coefficients

A unified algorithm by Peyret, Poulin and Krishnan has been examined, which is applied both
for environmental chemicals and drugs and predict the rat tissue:blood, tissue:plasma water
and tissue:plasma partition coefficients for liver, muscle and adipose tissue (Peyret et al.,
2010). The tissue:blood, tissue:plasma water and tissue:plasma patrtition coefficient can be
computed from matrix:water partition coefficients as follows:

_Pct Fct+Pit F
tb T
|:’p-l:p+|:’e-|:e
Kpuze:t'Fct—f_Plt.Fit
P FutPuoF
Kp: t Pt Ft t
p p

where P is the tissue cell:water partition coefficient, P; is the tissue interstitial fluid:water
partition coefficient, P, is the plasma:water partition coefficient, P is the erythrocyte:water
partition coefficient, F is the fractional content of cells in tissue, F; is the fractional content of
interstitial fluid in tissue, F, is the fractional content of plasma in blood and F. is the fractional
content of erythrocyte in blood.

The matrix:water partition coefficients can be calculated by the following equation:

_ (1+ Im) me + Pow ’ I:nlm + Im ’ IDaplw'FapIm +(1+ Im) I:)prw ’ I:prm
™ @a+1,)

where P, is the matrix:water partition coefficient, I, and |, is the ionization term for the
matrix and water, respectively, F,n is the fractional volume of water equivalent in the matrix,
Fnm is the fractional volume of neutral lipids equivalent in the matrix, Fapm is the fractional
volume of acidic phospholipids in the matrix, F,m is the fractional volume of binding proteins
in the matrix, Paw IS the acidic phospholipids:water partition coefficient, Py, is the
protein:water partition coefficient and P, is the vegetable oil:water, which is calculated using
the n-octanol:water partition coefficient (Bartels et al., 2012):

7.972
109 Py yarer = —4.653+ (0.1175-0.2849-100 Prcrmer )
(1+10 )
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The ionization term |, depends on the category of the chemical, if it is neutral, monoprotic
base, diprotic acid and is calculated by the Henderson-Hasselbach equations, while the
protein:water partition coefficient is equal to zero for tissue cells because it is assumed that
binding to the proteins is of minor relevance.

For interstitial fluid and plasma, it is computed by the equation below:

P,-F
Ppmz[ 1 g Ton “"’}- !
fu, @+1) | F,,

where f,, is the unbound fraction in plasma, F,, is the fractional content of neutral lipids
equivalent in plasma and F, is the fraction of albumin for the acidic compounds and weak
bases or lipoprotein for the neutral compounds in plasma.

For erythrocyte, P, refers to the hemoglobin:water partition coefficient only for relatively
hydrophobic VOCs, with logP,,>1 and a low molecular volume,

I:aple

F aplw
P, = e

Hbw
I:pre

where Py, is the blood:water partition coefficient, which is determined by the ratio between
blood:air partition coefficient and water:air partition coefficient.

The term of acidic phospholipid:water partition coefficient of tissue cells is used only for
strong basic compounds and basic zwitterions with at least one pKa>7 and is computed
using the following equation:

P = p _(1+Ie)'Fwe+Pow'Fnle . l+|p
aplw ew
1+Ip 1 -F

e aple

R,—F P
(“W""j-(u 1) —(@+1,) Fp + Py, - Fyo + 1. - P

The plots of four of the chemicals examined are presented at the following figure. They are
both environmental chemicals, such as Benzene and DEHP and drugs, such as
MeEtBarbiturate and Cyclosporine.
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Figure 7. Partition coefficients of the examined chemicals.

The predicted values are very close to the experimental ones obtained from literature
(Ballard et al., 2003; Keys et al., 1999; Rodgers and Rowland, 2006; Tanaka et al., 2000;
Zhang, 2004). Generally, the algorithm applies quite well to acidic compounds and neutrals.
It should be mentioned that there have to be improvements regarding the prediction of strong
bases’ parameters.

4.3.1.1 QSARs based on molecular fractions for estimating biological
properties

The QSARs coefficients for Vi and K., are determined based on data for 53 volatile organic

compounds (VOCs). Following the methodology proposed by Béliveau et al. (Béliveau et al.,

2003), QSAR fragment contributions (C;) are determined by Artificial Neural Networks (ANN),

using experimental values of V. and K., (Price and Krishnan, 2011), as follows:

109V, e =D fi-C,

where f; is the frequency of occurrence of the fragment i (CHs, CH,, CH, C, C=C, H, CI, Br, F,

benzene ring, and H in benzene ring structure) in a given molecule and C; is the contribution

of each fragment.

In the case of Va, it Should be mentioned that the QSAR modelling is based on the maximal

velocity normalized to the body weight (BW) of the animal, using the following allometric

relationship:

V.. =V._.-BW*®

max
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The average body weight of human was considered equal to 75kg. The experimental and
predicted values of the logarithm of the body weight normalized maximal velocity of enzymic
metabolism, Ve, are presented in Figure 8.

Logarithm of Normalized Maximal Velocity - Beliveau, ANN

2.500
2.000

R*=0.7382
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0.000
0.000 0.500 1.000 1.500 2.000 2.500

Experimental logVmaxc (umol/h/kg)

Figure 8. Experimental vs predicted logarithm of body weight normalized maximal velocity for
selected volatile compounds.

4.3.1.2 Abraham’s solvation equation for estimating biological properties
Abraham’s solvation equation is used to calculate several biological properties for a series of
solutes:

logSP=c+r-R,+s 7, +a-Za, +b-TB' +v-logV,

where SP is a biological property, R, is an excess molar refraction that can be determined

H
simply from a knowledge of the compound refractive index, 72 is the compound

H
dipolarity/polarizability, 24, is the solute effective or summation hydrogen-bond acidity,

B, is the solute effective or summation hydrogen-bond basicity, V, is the McGowan
characteristic volume that can trivially be calculated for any solute simply from a knowledge
of its molecular structure (Abraham, 1993).

Because the constants in Abraham’s equation represent quite specific properties of the
phase or receptor area, they should follow correct chemical principles. Thus, Abraham’s
equation is not simply a statistical fitting procedure, but is substantive equation expressing
not only the effect of solutes on some particular process, but also the properties of the
solvent phase or receptor area involved. QSARs derived from Abraham’s equation have to
be examined with regard to goodness-of-fit, as is the case for any QSAR, but also with
regard to general chemical principles. This latter test is highly unusual in QSAR work, but is
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very important in that strict application of the test leads to QSARSs that are chemically firmly
based, and are not just fitting equations to a given data set (Abraham, 1993).

4.4 Coupled Abraham’s solvation equation parameters to Non Linear
Regression (NLR) and Artificial Neural Networks (ANNs) models

4.4.1 Method description

The Abraham’s equation can be solved by statistical methods to yield the constants c, r, s, a,
b and v. These constants are important and can be used to characterize the receptor area
involved. The r-constant gives the propensity of the phase to interact with solute x; - and n -
electron pairs, the s-constant is the phase-area dipolarity/polarizability, the a-constant is the
phase-area basicity (because a basic phase will interact with acid solutes), similarly the b-
constant is the phase-area acidity, and the v-constant is a measure of the phase-area
lipophilicity.

The chemoinformatic methods used in building QSAR models can be divided into three
groups, i.e., extracting descriptors from molecular structure, choosing those informative in
the context of the analyzed activity, and, finally, using the values of the descriptors as
independent variables to define a mapping that correlates them with the activity in question.
The selected statistical methods include non-linear models, which extend the structure-
activity relationships to non-linear functions of input descriptors. Such models may become
more accurate, especially for large and diverse datasets. However, usually, they are harder
to interpret. Complex, non-linear models may also fall prey to overfitting, i.e., low
generalization to compounds unseen during training (Dudek et al., 2006).

The method of Non Linear Regression (NLR) is used in order to calculate the constants of
Abraham’s equation. In statistics, nonlinear regression is a form of regression analysis in
which observational data are modeled by a function which is a nonlinear combination of the
model parameters and depends on one or more independent variables. The physicochemical
properties of Abraham’s equation, R, ”ZH, Za;*’Zﬂz“ and V,, are obtained from literature for
34 chemical compounds and are estimated as inputs of the model. The experimental values
of the tissue:blood partition coefficients and the kinetic parameters are also found for the
same compounds and are used as targets of the model. The method of least squares (LS) is
chosen in order to find the constants of Abraham’s equation and consequently the predicted
values of the chemical compounds. The LS tries to indirectly obtain knowledge on the latent
variables by decomposing the input matrix of descriptors into two components, the scores
and the loadings. The scores are orthogonal and, while being able to capture the descriptor
information, allow also for good prediction of the activity. The estimation of score vectors is
done iteratively. The first one is derived using the first eigenvector of the activity descriptor
combined variance-covariance matrix. Next, the descriptor matrix is deflated by subtracting
the information explained by the first score vector. The resulting matrix is used in the
derivation of the second score vector, which followed by consecutive deflation, closes the
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iteration loop. In each iteration step, the coefficient relating the score vector to the activity is
also determined (Dudek et al., 2006).

Another examined statistical method is Artificial Neural Networks (ANN), which is biologically
inspired prediction method based on the architecture of a network of neurons. In this
occasion, the whole data set is divided into training and test sets (85% and 15% respectively
of the total number of compounds) and the models developed from training set is externally
validated using the test set. The examined QSAR model has been analyzed with perceptron-
based method, which falls into the category of feed-forward network, in which, during the
prediction, the information flows only in direction from the input descriptors, through a set of
layers, to the output of the network. The Multi-Layer Perceptron (MLP) model consists of a
layered network of interconnected perceptrons, i.e., simple models of a neuron. Each
perceptron is capable of making a linear combination of its input values and, by means of a
certain transfer function, produce a binary or continuous output. A noteworthy fact is that
each input of the perceptron has an adaptive weight specifying the importance of the input. In
training of a single perceptron, the inputs of the perceptron are formed by the molecular
descriptors, while the output should predict the activity of the compound. To achieve this
goal, the perceptron is trained by adjusting the weights, to produce a linear combination of
the descriptors that optimally predicts the activity. The adjusting process relies on the
feedback from comparing the predicted with the expected output. That is, the error in the
prediction is propagated to the weights of the descriptors, altering them in the direction that
counters the error. While a single perceptron is a linear model, a network consisting of layers
of perceptrons, with output of one layer connected to inputs of neurons in consecutive layer,
allows for non-linear prediction. Multi-layer networks contain a single input layer, which
consists simply of the values of molecular descriptors, one or more hidden layers, which
process the descriptors into internal representations and an output layer utilizing the internal
representation to produce the final prediction (Dudek et al., 2006). The statistical qualities are
judged and selected by the square of correlation coefficient (R?).

4.4.2 Results — comparison to existing methods

As mentioned above, the Abraham’s equation is solved by Non Linear Regression (NLR) and
Artificial Neural Networks (ANN), on the basis of experimental values (Balaz and Lukacova,
1999; Paixao et al., 2013; Pelekis and Krishnan, 2004; Price and Krishnan, 2011), in order to
predict the tissue:blood partition coefficients and Michaelis — Menten constants of a large
variety of chemicals. Figure 9 and Figure 10 present the experimental and predicted values
of the logarithm of liver:blood partition coefficients by using NLR and ANN, respectively.
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Figure 9. Experimental vs predicted logarithms of liver:blood partition coefficients for selected
low volatile compounds, using NLR.

Logarithm of Liver:blood partition coefficient - Abraham,
ANN

1.40
2_

120 R?=0.9764
1.00 o
0.80

0.60

0.40 ."C...

0.20 0.0

0.00

o
-0.40 —O.ZO‘.' 0.00 0.20 0.40 0.60 0.80 1.00 1.20
-0.20

Predicted logLiver:blood parttion coefficient

-0.40
Experimental logLiver:blood partition coefficient

Figure 10. Experimental vs predicted logarithms of liver:blood partition coefficients for
selected low volatile compounds, using ANN.
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Figure 11. Experimental vs predicted logarithm of Michaelis - Menten constant for selected low
volatile compounds.

As shown in the figures above, the correlation between the experimental and predicted
values obtained using Artificial Neural Networks is better than that using Non Linear
Regression. Although, both the NLR and ANN give high values of the square of correlation
coefficient, R

In Figure 11, the experimental and predicted values of logarithm of Michaelis - Menten
constant K,,, are presented. Up to now, these QSARs seem to perform well for a number of
chemical families, relevant to the aims of HEALS.

A major breakthrough came from the use of Artificial Neural Networks coupled to Abraham’s
solvation equation for predicting biological/biochemical properties such as tissue:blood
partition coefficients, maximal velocity of enzymic metabolism (Vmax) and Michaelis - Menten
constant (Kn).

This is a remarkable advance, since till now, prediction capability of the Michaelis - Menten
constant was rather poor (R? up to 0.35); with our coupled ANN - Abraham’s solvation
equation method for the investigated group of chemicals R?> went up to 0.87 (Figure 11),
which is by far higher to any other existing methodology.

The improved performance of ANN-Abraham’s equation combination can be ascribed to its
capacity to represent mathematically the complex interactions of biochemical micro-
processes, which are lumped into the Michaelis-Menten constant.

A training set of 33 chemicals is used in order to predict the partition coefficients for four
major parts of the human body, the adipose, kidney, liver and brain tissue. The selected
training set resulted in predicted values with marginal differences compared to the
experimental ones. The square of the correlation factor, R?, ranges from 0.83 for lung to 0.99
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for adipose tissue. The test set is consisted of 150 chemicals, whose experimental

tissue:blood partition coefficients are unknown.

In order to compare the results obtained from Abraham’s equation, a simpler QSAR model is

used (Poulin and Krishnan, 1995):

I:)tissue/blood = POW ' Fltissue i FWtissue
P Flioos + FW,

where P, is the octanol:water partition coefficient, Flyssue iS the fractional content of lipids in

tissue, Fwissue IS the fractional content of water in tissue, Flyooq IS the fractional content of

lipids in blood and Fwy..q is the fractional content of water in blood.

The comparison between the tissue:blood partition coefficients, predicted with a) Pow

equation and b) Abraham’ equation, is presented in Figures 12-15.
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Figure 12. Predicted adipose:blood partition coefficients using Pow equation and Abraham’
equation.
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Figure 13. Predicted kidney:blood partition coefficients using Pow equation and Abraham’
equation.
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Figure 14. Predicted liver:blood partition coefficients using Pow equation and Abraham’
equation.
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Figure 15. Predicted brain:blood partition coefficients using Pow equation and Abraham
equation.

The chemicals of the test set are grouped by their chemical structure. The tissue:blood
partition coefficients for each chemical group are calculated with the two methods described
above. The estimated correlation coefficient for each group is presented in the following
figures (Figures 16-19) for every tissue.
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Figure 16. Correlation coefficient for adipose:blood partition coefficient for several chemical
groups.
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Figure 17. Correlation coefficient for kidney:blood partition coefficient for several chemical
groups.
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Figure 18. Correlation coefficient for liver:blood partition coefficient for several chemical
groups.
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Figure 19. Correlation coefficient for brain:blood partition coefficient for several chemical
groups
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5 Methodological framework for optimal use of HBM data in
assessing population exposure

5.1 Introduction

One particularly well-suited source of information on exposure to environmental agents is
human biomonitoring (HBM). Human biomonitoring can be defined as “the method for
assessing human exposure or their effect to chemicals by measuring these chemicals, their
metabolites or reaction products in human species, such as blood or urine” (CDC, 2009).
HBM includes (1) biomarkers that allow assessment of exposure to a chemical on the basis
of its measurement in a biological matrix (biomarker of exposure) , (2) changes that have
occurred in the biochemical or physiological makeup of an individual because of this
exposure (biomarker of effect), or (3) biomarkers that assess a person’s susceptibility to alter
the progression along the exposure-effect continuum (biomarker of susceptibility) (NRC,
2006).

Most likely the main achievement of HBM data is that it provides an integrated overview of
the pollutant load any participant is exposed to, and hence serves as an excellent
approximation of aggregate exposure. The internal dose of a chemical, following aggregate
exposure has a much greater value for environmental health impact assessment as the
internal body concentration is much more relevant to the impact on human health than mere
exposure data (direct EDR-relationship in Figure 20).
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Figure 20. The Exposure-Dose-Response Triad to evaluate the potential adverse health effects
of exposure to environmental agents (adapted from Smolders and Schoeters (2007))

However, it needs to be stressed that HBM in itself cannot replace environmental monitoring
and modeling data. Most often, environmental monitoring data for different environmental
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compartments (air, water, food, soil, settled dust) provide better insight into potential sources,
hence allowing the development of more informed and appropriate risk reduction strategies.
At the same time, mathematical approaches to describe the pharmacokinetic and
toxicokinetic behavior of environmental agents (generally referred to as Physiologically-
based Toxicokinetic - PBTK models) offer a more mechanistic insight into the behavior and
fate of environmental agents following exposure (Indirect EDR-relationship in Figure 2). As
biomarker data also reflect individual accumulation, distribution, metabolism and excretion
(ADME) characteristics of chemicals, HBM data offer an excellent opportunity for the
validation of these PBTK models. Ultimately, combining both lines of evidence to assess
exposure prove to be optimal for relating complex exposure to environmental agents to
potential adverse health effects assessment.

There are three approaches (Figure 21) for linking biomonitoring data to health outcomes:
direct comparison to toxicity values, forward and reverse dosimetry.
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Figure 21. Interpretation of biomonitoring data

Biomonitoring data can be directly compared to toxicity values in the case where the
relationship of the biomarker to the health effect of concern has been characterized in the
human. In forward dosimetry, pharmacokinetic data in the experimental animal can be used
to support a direct comparison of internal exposure in humans derived through the
application of PBTK models, providing an estimate of the Margin of Safety (MoS) in humans.
It is possible to determine the relationship between biomarker concentration and effects
observed in animal studies. An evolution of this concept is the biomonitoring equivalents.

Alternatively, reverse dosimetry can be performed to estimate the external exposure that is
consistent with the measured biomonitoring data through the backward application of PBTK
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models. In this case the PBTK model is geared with reverse modeling algorithms in order to
reconstruct exposure from human biomonitoring (HBM) data. Assimilation of human
biomonitoring data and their translation into intake distribution amounts to a computational
inversion problem, where the objective is to identify the specific input distributions that best
explain the observed outputs while minimizing the residual error. Inputs involve spatial and
temporal information on micro-environmental media concentrations of xenobiotics and
corresponding information on human activities, food intake patterns or consumer product use
that result in intakes; outputs are the observed biomonitored levels. The error metric can be
defined in terms of population variation (the latter has to be lower than the intra-individual
variation, which may be associated to measurement or other random error source).

More in detail, a computational framework was developed based on Bayesian Markov Chain
Monte Carlo (MCMC) combined with the generic Physiological Based Pharmacokinetic
(PBTK) model aiming at performing accurate exposure reconstruction (ER). The ER
framework developed consists of 3 basic steps:

- At first the prior parameter distribution, the joint probability distribution, the population
model and the determination of the measurement model have to be specified.

- At the next step exposure is calculated using MCMC simulation considering the
observed biomonitoring data.

- Finally, the evaluation of the results is realized using MC simulation, with emphasis to
the comparison of prior and posterior distribution as well as parameter
independence

In a more elaborate scheme, the reconstructed exposure, could be used to run the PBTK
model in forward mode, so as to estimate the Biologically Effective Dose (BED) at the target
tissue. The estimated BED can be evaluated against the respective biological pathway
altering dose (BPAD), which is analogous to current risk assessment metrics in that it
combines dose-response data with analysis of uncertainty and population variability so as to
derive exposure limits (Judson et al., 2010; Judson et al., 2011). The analogy is closest when
perturbation of a pathway is a key event in the mode of action (MoA) leading to a specified
adverse outcome. BPADs are derived from relatively inexpensive, high-throughput screening
(HTS) in vitro data, publicly available from the Toxcast 21 database.

5.2 Exposure reconstruction modelling framework

5.2.1 Methods for Exposure Reconstruction related to Population
Biomonitoring Studies

Because human biomonitoring typically is an integrative measure of different exposure
episodes along various routes and over different time scales, it often is very difficult to
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reconstruct the primary exposure routes from HBM data alone. This uncertainty often limits
the interpretative value of biomarker data. However, several mathematical approaches have
been developed to reconstruct exposures related to population biomonitoring studies, and
can be subdivided in a number of different approaches. Exposure reconstruction techniques
combined with PBBK model can be subdivided into Bayesian and non-Bayesian approaches
(Georgopoulos et al., 2008a). Moreover, the computational inversion techniques (and
exposure reconstruction techniques as well), can be classified as deterministic or stochastic
(Moles et al., 2003) based on the identification of a global minimum of the error metric, the
input parameters and the model setup.

The deterministic methods aim to convergence on a global minimum. The problem is solved
using an “objecting function” based on biomarkers. Additionally, constraints such as bounds,
equalities and inequalities are incorporated. The deterministic models have been used on
several biological applications using different methods. Muzic Jr and Christian (2006) have
applied a regression technique in order to estimate biokinetic parameters. Moreover, a
gradient method has been used by Isukapalli et al. (2000) calculating the uncertainty in
PBBKs. A maximum likelihood method has been carried out for short and long term for
exposure reconstruction using a PBBK for chloroform (Roy et al., 1996).

In contrast, the stochastic methods aim to provide a reasonable solution. A probabilistic
framework for inverse computation problem is the Bayesian approach which is based on
Bayes theorem:

P X)) P(X)
[ py1%)pe9 dx

p(x|y) =

Where x is the possible exposure and y is the amount of the biomarker P(X) which is the
available prior information. The relationship between x and Y and inherently the relationship
between the prior and theoretical knowledge is given by

p(x]y).

Moreover,

Prvcory Y 1 X) = Prnager (¥ [X)

P (Y1X) = Proga (Y X)

The posterior distribution of the biomarker measurements will be

pinf erred (X | y')

and
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pprior (X | yl) = pinferred (X | y) pprior (y')

Hence taken into account,
pprior (X) = J. pprior (X | y) d y = pprior (X)J. ptheory (y | X) d y

Therefore,

P posterior X 1Y) = Ptheory VARY) Porior ()
posterior J. Pineory v'[x) P prior (x)dx

And
ptheory (y | X) = .[ perror (y | m) pmodel (m | X) dm
Where p,. (y|m)is the probability of measuring y when the true value is m.

Therefore,

PO Parror (¥ ] M) Prges (M X) dM
J‘ p(X)dXJ. perror (yl m) pmodel (m | X) dm

p(xly) =

Bayesian MCMC has been used to for the exposure reconstruction of intakes in combination
with PBBK (McNally et al., 2014). Holmes et al. (2000) applied genetic algorithms on PBBK
models for biokinetic of nicotine to optimize the parameters of the model. Also, fast
equivalent operational models (FEOMSs) such as the deconvolution technique has been used
(Sparacino et al., 2002) for exposure reconstruction in a model combined with PBBK.

5.2.2 Bayesian Markov Chain Monte Carlo

Markov Chain Monte Carlo (MCMC) techniques are numerical approximation algorithms.
They originated in statistical physics and they were used in Bayesian inference to sample
from probability distributions by constructing Markov chains. In Bayesian inference, the target
distribution of each Markov chain is a marginal posterior distribution. Each Markov chain
begins with an initial value and the algorithm attempting to maximize the logarithm of the un-
normalized joint posterior distribution and eventually arriving at each target distribution by
multiple iterations. Each iteration is considered a state. A Markov chain is a random process
with a finite state-space where the next state depends only on the current state, not on the
past one.
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The implemented methodologies are based on Bayesian Markov Chain Monde Carlo
(Gelman and Rubin, 1996; Gilks et al.,, 1996). The method requires defining the prior
distributions, the biomonitoring data, as well as a likelihood function defining the likelihood of
the data given a set of forward model parameters. The MCMC approach takes into account
an acceptance criterion that considers the likelihood of the data given parameters. Also, the
MCMC samples using algorithms based on Metropolis Hastings (M-H) or on differential
evolution.

Several studies have used MCMC technigues combined with PBBK models for inverse
modeling (Chen et al., 2010; Georgopoulos et al., 2009; Lyons et al., 2008; McNally et al.,
2012; McNally et al., 2014)

5.2.2.1 Metropolis Hastings (M-H)

The Metropolis Hastings is the sampling algorithm of the MCMC method that has been
selected. Given a target density F that is associated with a working conditional density Q(Y|X),
a Markov kernel K is created with stationary distribution F and according this kernel a Markov
chain (X(T)) is generated. The limiting distribution of the Markov chain is F and integrals can
be approximated according to the Ergodic Theorem. M-H is used for deriving and
constructing of a kernel K that is associated with an arbitrary density F (Robert and Casella,
2010). Thus, the proposed distribution typically depends on the current sample and the
acceptance of the sample depends on the criteria of M-H. Then, the acceptance of the
samples leads the samples to be the next element in the chain, otherwise the previous
element is added again in the chain.

The acceptance probability is calculated according the following ratio:

ooy [ F00aX Y | X)
AKX = m'n{l’ (X0 g(X | x“’)}

Where Q(X"|X) is the Gaussian proposal density and Q(X|X"™?) its equal symmetric, F(X)
and F(X"Y) are the calculated values for the probabilities for the current and for the
candidate point. It has to be mentioned that the Metropolis sampler must have symmetric
proposed distributions because the use of Markov Chain draws samples under the condition
of reversibility (Robert and Casella, 2010).

The process ends when the chain has converged to its stationary distribution or enough
samples have been collected in order to perform the desired statistical analysis. The chain is
expected to eventually converge to the stationary distribution, which is also the target
distribution but typically requires a burn-in period. The burn-in period is the number of
iterations that have to be performed before the collected samples. The determination of
convergence is based on the diagnostic of Gelman-Rubin technique (Gelman and Rubin,
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1992) that examines multiple MCMC chains by dividing each chain up into batches and by
examining the variance between the chains.

The sampling techniques and the generation of the proposed samples used on calculation
are determined by a particular permutation of the update mode, the adaptive proposal and
the delay reduction.

5.2.2.1.1 Update mode

The update mode is based on Multivariate as well as on Component-wise.

A multivariate proposal allows to each iteration the generation of proposed distributions that
take into account the correlation from a multivariate normal distribution and from a proposed
covariance matrix (Genz and Bretz, 2009; Roberts and Rosenthal, 2009). Hence, multivariate
normal sampling proposes the generation of a sample by drawing from a multivariate normal
distribution with dimension equal to the number of parameters, mean equal to the previous
sample and a covariance matrix determined either by a previously converged chain, or by the
computed covariance matrix of the sample chains gathered so far in the run.

Component-wise proposals indicate that a proposal is made for each parameter without
considering correlation and it has to evaluate the model a number of times equal to the
number of parameters, per iteration. Hence, component-wise update mode samples only one
parameter at a time, holding the other fixed (in a Gibbs sampling scheme). The proposed is a
univariate normal with a mean equal to the last sample value and a standard deviation
computed either by sampling the priors, or by adaptive tuning as the run progresses to
achieve the desired acceptance rate.

5.2.2.1.2 Adaptive Proposal Variance
The adaptive MCMC algorithm corresponds to the case where a finite dimensional parameter

8 depends on the whole history of the chain (Xo,...,Xn, 6o,..., 6,) though in practice it is often
the case that the pair process [f(Xn; 6,); n > 0] is Markovian. The adaptive mode provides the
ability of the sample to explore the parameter space and collect samples which are indicative
of the target distribution. The acceptance rate is determined by the variance used in the
proposal distribution. The amount of the variance controls the size of the steps between
points and also it has influence to time of exploration of the parameter space. An effective
proposal distribution using a random walk Metropolis algorithm has been done using the an
Adaptive Proposal Variance (Haario et al., 2001).

5.2.2.1.3 Delayed Rejection
The Metropolis — Hastings algorithm can be improved by the delaying rejection mechanism

(Tierney, 1994) in that the resulting estimates have, uniformly, a smaller asymptotic variance
on a sweep by sweep basis. When a Markov chain retains the same position over
subsequent time and a candidate sample generated from the rejected proposal sample, the
estimates obtained by averaging along the chain trajectory become less efficient. The
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solution to that problem is the reduction of the number of rejected proposals based on Mira
(2001) methodology. In particular, when a sample is rejected by the Metropolis-Hastings
criteria, delaying rejection technique generates a new proposal sample with smaller variance.
Thus, delayed rejection is a technique wherein if a sample is rejected when applying the
Metropolis-Hastings criteria, another sample is immediately generated by using a proposal
with a smaller variance. If this second sample is accepted, it is appended to the chain instead
of a repeat of the previous sample. This technique provides the generation of well-mixed
chains at the expense of more evaluations of the likelihood on each MCMC iteration.
Moreover, it can be used as an alternative technique in case strong correlations exist
between the parameters.

5.2.2.2 MCMC algorithms

The goal of MCMC is to design a Markov chain such that the stationary distribution of the
chain is exactly the distribution that we are interesting in sampling from. The combination of
the sampling technique settings leads to existing Metropolis Hasting techniques. Table 5
presents the available MCMC algorithms based on Metropolis Hasting sampling that can
been used.

Table 5. MCMC algorithms based on Metropolis Hasting

Delayed Rejection Metropolis (DRM)  Multivariate (Mira, 2001)

Delayed . Rejection Adaptive Multivariate (Haario et al., 2006)
Metropolis (DARM)

Adaptive Metropolis(AM) Multivariate (Haario et al., 2001)
Componentwise Metropolis (CHM) Componentwise @ (Haario et al., 2005)
Random-Walk Metropolis (RWM) Componentwise (Gilks and Roberts, 1996)

The Delayed Rejection Metropolis (DRM or DR) algorithm is a Random-Walk Metropolis
(RWM) (Mira, 2001). Whenever a proposal is rejected, the DRM selects one or more
alternate proposals and corrects for the probability of this conditional acceptance. The
delaying rejection enforces the decreased autocorrelation in the chains and the algorithm is
encouraged to move. The additional calculations increase the computational cost of each
iteration of the algorithm in which the first set of proposals is rejected, but the major benefit is
the faster convergence to the optimal solution.

The Delayed Rejection Adaptive Metropolis (DRAM) algorithm is merely the combination of
both Delayed Rejection Metropolis (DRM) and Adaptive Metropolis (AM) (Haario et al., 2006).
DRAM has been demonstrated to be robust in extreme situations where DRM or AM fail
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separately. Haario et al. (2006) present an example involving ordinary differential equations
in which least squares could not find a stable solution, and DRAM did well.

The Adaptive Metropolis (AM) algorithm of Haario et al. (2001) is an extension of Random-
Walk Metropolis (RWM) that adapts based on the observed covariance matrix from the
history of the chains. The algorithm is specified under adaptation and periodicity. Thus, the
beginning of the iteration and the frequency in the periodicity in adaption have to be set. The
adaption has to be controlled and immediate adaption has to be avoided since the algorithm
is based on the observed covariance matrix of historical and accepted samples. Hence, a
valid covariance matrix before adaptation has to be composed with a large number of
samples. However, at the beginning of the algorithm, a small covariance matrix is commonly
used to encourage a high acceptance rate.

The Componentwise Metropolis (CHM) is based on the Single Component Adaptive
Metropolis (SCAM) that has been developed by Hario et al. (2005) and on the single
component Metropolis — Hasting algorithm. In the SCAM the adaption is performed
component by component. The chain is no more Markovian, but it remains ergodic. The
SCAM can be used in many moderately high dimensional problems. Also, the algorithm does
not need detailed prior knowledge of the target distribution and it can be used in numerous
problems typically solved using pre-runs and hand tuning (Haario et al., 2005). Also, the
algorithm resembles basic single component Metropolis algorithm with Gaussian proposal
distributions, the only exception being that the variances of the one-dimensional proposal
distributions depend on time and the variance is been computing by a simple recursive
formula. Moreover, in high dimension the updating of the proposal distribution performed
demands only computations of component-wise variances. Hence, the additional
computation brought in by the adaptiveness is negligible. Additionally, component-wise
proposals usually indicate that a proposal is made for each parameter, without considering
correlation. In case of that parameters are correlated, the problem of the distribution is faced
with the rotation of the proposal distribution. Thus, the covariance matrix of the chain is
computed and the principal vector direction is determined and it is used as sampling
directions in the SCAM-algorithm. After the burn-in period of the algorithm, the proposal
direction is fixed and the sampling is continued by only updating the size of the one-
dimensional Gaussian proposal distribution. Hence, the SCAM is characterized as fully
automatic algorithm. SCAM is widely applicable and general-purpose algorithm. It is
appropriate to be performed to models with a small to medium number of parameters since
the proposal covariance matrix grows with the number of parameters and the computation
cost simultaneous increases.

The random walk algorithm of Metropolis is known to be an effective Markov chain Monte
Carlo method for many diverse problems (Metropolis et al., 1953). The proposed Random-
Walk Metropolis (RWM) is a multivariate extension of Metropolis-within-Gibbs (MWG) (Gilks
and Roberts, 1996). RWM is an algorithm the initials specification are not necessary though
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blockwise sampling. In fact RWM is a generic algorithm to draw a sample from a d-
dimensional target distribution from a probability density function.The optimal scale of the
proposal covariance is based on the asymptotic limit of infinite-dimensional Gaussian target
distributions that are independent and identically-distributed (Gelman et al., 1996). In case of
multiple parameters the existence of correlations occurrences is very common. Hence,
MCMC algorithms attempt to estimate multivariate proposals from a multivariate normal
distribution taking into account correlations through the covariance matrix. The convergence
of the algorithm is related with the proposal density. A small variance leads to slowly
converge and conversely, if the variance is too large, the Metropolis algorithm will reject too
high a proportion of its proposed moves (Roberts et al., 1997).

5.2.3 Differential Evolution Monte Carlo

Differential Evolution (DE) is a genetic algorithm for numerical global optimization and it is a
population Markov Chain Monte Carlo algorithm, in which parallel run for several chains is
applied (Ter Braak, 2006). The combination of DE and MCMC is called Differential Evolution
Monte Carlo (DEMC) and the field has been explored among others by Liang and Wong
(2001) Liang (2002) and Laskey and Myers (2003). DEMC provides solutions to the
choosing and the orientation of the jumping of the distribution that is an important practical
problem in random walk Metropolis. In fact DEMC algorithm is based on a Metropolis Hasting
and it is combined with a genetic algorithm called Differential Evolution (DE) with multiple
chains and each chain learn from another parallel chain. The crucial idea behind DE is an
innovated generation of parameter vectors. DE adds a weighted difference vector between
two population members in order to generate vectors. The vector yields an objective function
value. Then the value is compared with the predetermined population and if the resulting
value is lower than the existent, the new vector replaces the compared vector. Moreover, the
evaluation of each generation can be done with the best parameter vector in order to retain
track of progress during the minimization process. The DE is described in detail by Storn and
Price (1995) (1997) and the adaption of DE in MCMC is described and proofed by Ter Braak
(2006).

5.2.3.1 DEMC algorithms
The applied DEMC algorithm is based on the Ter Braak (2006) algorithm.

Table 6. MCMC algorithms based on Differential Evolution method

Differential Evolution Monte Carlo Multivariate (Ter Braak, 2006)
(DEMC)
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DEMC is similar with Metropolis-within-Gibbs (MWG) but the main different consist in that
DEMC updates by chain. The algorithm is specified under the number of chain that should be
at least three and the thinning factor. The thinning factor provides the reduction of storage
requirements and enhances the convergence of the chain to posterior distribution. In
particular, the sampling is realized randomly and without replacement from a possibly
thinned chain. Moreover, an adaptive step size can be used (ter Braak and Vrugt, 2008) with
the same contribution as it has been described to section 1. Also the snooker update fraction
(Gilks et al., 1994) (Liang and Wong, 2001) (ter Braak and Vrugt, 2008) can been specified
providing to the sampler the ability to update along each coordinate axis in turn one axis at a
time, with the specificity that this axis does not need to run parallel to the coordinate axes.
Finally, it can be set the randomly uniform offset distribution that added to the creation of the
DEMC proposal distribution.

5.2.4 Methodology in HEALS and selected algorithm

The exposure reconstruction approach to be applied in the HEALS methodology and
computational platform relies upon the concepts initially described by Georgopoulos et al.
(2009).
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Figure 22. Optimization-aided exposure reconstruction based on HBM data using time-evolving
PBTK models (figure adapted from Georgopoulos et al. (2009)).

The analysis of the exposure reconstruction problems based on the MCMC and DEMC
technique is realized according to the following steps:

1. The process starts from exposure related data which are fed into the exposure model;
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2. This in turn provides input to the PBTK model, taking into account the duration and
the magnitude of exposure from all the exposure routes (inhalation, skin and oral
route);

3. The result of the PBTK model simulation (taking also into account the distribution of
PBTK parameters, e.g. inter-individual variability in clearance), is then evaluated
against the human biomonitoring data distributions. Based on the outcome of the
comparison, the optimization algorithm changes the exposure model input
parameters following each iteration, so as to achieve the convergence to
biomonitoring data;

4. More detailed information on exposure parameters reduces uncertainty in back-
calculating doses from biomarker information, resulting in faster and more efficient
convergence;

5. Several iterations are repeated, until minimizing the error between the predicted and
the actual biomonitored data.

The framework shown in Figure 22 is not limited to exposure reconstruction. It can also be
used for estimating distributions of physiological and biochemical PBTK model parameters
(under well-defined exposure conditions) for individuals and populations that are consistent
with available biomarker data (typically study-specific data where exposures are adequately
characterized) by combining the data with prior estimates of the parameters.

The Bayesian Markov Chain Monte Carlo technique described above simulates and
calculates the investigated exposure conditions. The sampling is set appropriately according
to the problem and to the available data for the proposal function. The flowchart diagram of
the whole process is shown in Figure 23.
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Figure 23. Exposure reconstruction flowchart procedure

The model has been developed in acsIX®. The user can choose between component wise or
multivariate update mode. The adaptive mode as well as the delay rejection can be set in
the M functions.

5.3 Application

5.3.1 Average daily intake exposure reconstruction starting from spot urine
samples

The described exposure reconstruction methodology has been applied for BPA and DEHP

under 2 realistic exposure scenarios for both chemical substances. The scenarios were

investigated using both the MCMC algorithm with RWM and the DEMC algorithm. The

algorithms have been performed to be adaptive and to have a burn-in period of 50 iterations.

The total number of iteration was set to 1000.

5.3.1.1 Exposure to BPA —single route exposure

Bisphenol A (BPA) (4,4'-(propane-2,2-diyl)diphenol) is one of chemicals with the highest
industrial production volume worldwide (Bailin et al., 2008). The major volume of BPA is used
for the production of polycarbonate plastics as well as a basic component in production of the
epoxy resin (Vandenberg et al., 2009). Various common consumer products contain or are
made using polycarbonate plastics such as household electronics and baby bottles (Liao and

Biomarker
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Kannan, 2011). Epoxy resin is used in the majority of food and beverage cans (Erickson,
2008). Moreover, BPA is commonly used in paper industry and particularly as color
developer in thermal and copy paper (Biedermann et al.,, 2010; Liao and Kannan, 2011,
Mendum et al., 2011, Vifas et al., 2012).

The first scenario referring to BPA is common and usual for adult generic population that is
exposed 3 times per day to BPA. The exposure conditions include three oral doses (dietary
exposure) during breakfast at 7:00 AM (dose 1), lunch at 2:00 PM (dose 2) and dinner at
7:00 PM (dose 3). The exposure concentration doses have been set to 14, 28 and 14 ug
respectively. In addition, the exposure dose boundaries for the prior distributions are ranging
between 10 and 40 ug.

The generic PBBK model developed in the frame of HEALS was parameterized based on
literature data (Edginton and Ritter, 2009). Moreover, the biomonitoring data have been set
up using measurement from morning urine samples. The biomonitoring data referred to BPA-
glucuronide, a common type of metabolite quickly formed by liver metabolism, which is the
only metabolite that has been detected in urine and blood after controlled exposure
(Matthews et al., 2001; Volkel et al., 2002). The prior knowledge of the distribution of the
exposure time is based on the actual dietary schedule of the generic population. The time of
the three basic dietary meals follows normal distribution and in particular, the breakfast is at
7:00 AM and the dinner is at 7:00 PM with standard deviation of 30 minutes for both and the
lunch is at 2:00 PM with standard deviation of 30 minutes. The total time of the iteration was
885 seconds.

The results of the exposure reconstruction (Figure 24 (a), (b) and (c)) show that the posterior
distributions include the actual exposure doses. Moreover, the posterior distributions have a
reduced standard deviation and a mean value closer to the real. However, the MCMC model
using the prior knowledge cannot achieve a posterior distribution with a sufficient confidence
interval (Cl) for actual exposure value. The dose 2 and 3 appear a better prediction and a
high frequency of the predictive closer to the actual exposure value.

The use of the DEMC algorithm demonstrated that the predictions have a similar behavior
compared to the MCMC (Figure 25 (a), (b) and (c)).
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Figure 24. Reconstruction of oral exposure to BPA from urine concentration to metabolite glucuronide for dose 1 (a), dose 2 (b) and
dose 3 (c) through MCMC
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Figure 25. Reconstruction of oral exposure to BPA from urine concentration to metabolite glucuronide for dose 1 (a), dose 2 (b) and
dose 3 (c) through DEMC
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Figure 26. Reconstruction of oral exposure to BPA from urine concentration to metabolite
glucuronide — dose 1 — DEMC (using one additional urine sample taken at 17:00)
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Figure 27. Reconstruction of oral exposure to BPA from urine concentration to metabolite
glucuronide —dose 2 - DEMC (using one additional urine sample taken at 17:00)
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The same scenario has been tested using biomonitoring data of two different spot sample
measurements through the DEMC algorithm. The first one taken at 10:00 AM that is 3 hours
after the first dietary exposure while the second one has been kept the same at 7:00 AM.

A third simulation was realized for exposure reconstruction of BPA using the DEMC
algorithm. The biomonitoring data used in the simulation were increased by adding one
sampling point between the 2™ and the 3" exposure at 17:00. The simulation results of that
the reconstructed distributions of the 1% and 2™ exposure were improved. This is due to the
fact that the new distances of the prior information of the time exposure from the available
biomonitoring data were shorter than the first simulation, as well as the new data point gave
a better determination of the exposure scenario. Hence, the new information between the
second and third exposure gave the ability to the Metropolis Hasting algorithm to create a
better set of covariance matrix, which in turn resulted in improved predictions according to
the prior information. The comparison of Figure 25 (a) with Figure 26 as well as of Figure 25
(b) with Figure 27 confirmed that addition of biomonitoring data enhanced the prediction
capability.

The predictive result distribution of the histograms shows that density of the results is near to
the actual exposure. Moreover, the mean value of the distribution of the second dose in
Figure 27 is almost identical with the mean value of the posterior distribution.

5.3.1.2 Exposure to DEHP — exposure from two exposure routes

DEHP (Bis(2-ethylhexyl) phthalate) is plastic-softening phthalate of widespread use that is

used to enhance the flexibility of rigid polyvinylchloride (PVC) (Lorz et al., 2007). The

content of DEHP in flexible polymer materials varies but is often around 30% (w/w)

(Program, 1982). The DEHP can migrate, leach, or evaporate into indoor air and atmosphere

from building materials, daily and common used products such clothes, accessories, toys

and also inside automobiles from plasticized components leading to exposure of phthalate

esters via ingestion, inhalation and dermal pathways (Becker et al., 2004; Fromme et al.,

2007; Wormuth et al., 2006). Moreover, among 25 different phthalate esters DEHP is the

most common used in the production of medical devices (Tickner et al., 2001) such blood

bags and dialysis equipment. However, human exposure to DEHP is age and lifestyle

dependent (Franco et al., 2007). DEHP is mainly used in PVC products profiles and hoses as

well as in film, wall- and roof covering and flooring. Hence, the wide use of DEHP gives rise

to many possible scenarios of human exposure.

The scenario investigated refers to:

- non-dietary oral exposure from dust (hand to mouth behavior), accounting for DEHP
dust concentration with prior distribution N (400, 70) ug/g dust and range between
200 and 800.
- exposure via inhalation, with a prior distribution of N (3.5, 0.7) ug/kg/day, ranging

between 1 and 6.
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The generic PBBK model developed in the frame of HEALS was parameterized and
validated based on the toxicokinetic data from Cabhill et al. (2003) and Lorber et al. (2010).
Moreover, the biomonitoring data have been taken from morning measurements of urine
samples. The biomonitoring data referred to the metabolite MEHP.

The MCMC analysis shows that the posterior distributions include the actual exposure doses
via inhalation and oral route. Moreover, the posterior distribution has a reduced standard
deviation and a mean value close to the actual exposure value even though in case of
inhalation exposure the movement of the mean value toward the actual one is not at a
sufficient level. The results obtained applying the DEMC algorithm show how the actual
exposure level is very close to the posterior distribution. In addition, the density of the
predictive results from the DEMC shows a peak close to the actual exposure. The results are
presented in Figure 30 and Figure 31.
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Figure 28. Reconstruction of dust exposure to DEHP from urine concentration to metabolite
MEHP — dust - MCMC
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Figure 29. Reconstruction of inhalation exposure to DEHP from urine concentration to
metabolite MEHP - inhalation — MCMC
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Figure 30. Reconstruction of inhalation exposure to DEHP from urine concentration to
metabolite MEHP — inhalation - DEMC
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Figure 31. Reconstruction of inhalation exposure to DEHP from urine concentration to
metabolite MEHP - inhalation — DEMC

5.3.1.3 Exposure reconstruction of trichloromethane (TCM)

Aiming at investigating the effect of domestic cleaning activities on children passive
exposures to trichloromethane from their mere physical presence at home, we evaluated
urinary TCM data from children and matched-mothers. In practice, using the children urinary
chloroform levels, indoor air background chloroform concentrations were reconstructed.
These concentrations were used for estimating mother exposure. Re-running forward the
model using these concentrations levels as exposure for the mothers, their urinary
chloroform was predicted, as well as the respective chloroform blood levels (internal
exposure). Regarding our study on the effect of domestic cleaning activities, our analysis
showed the valid use of urinary chloroform levels as a proxy to internal exposure to
chloroform, but only if background exposure concentrations were considered. Given that
chloroform are metabolized and excreted rather rapidly, their levels in morning urine reflect
primarily indoor air concentration and, to a smaller extent, drinking water levels. Activities
that lead to significant increase in chloroform release into the indoor air such as dishwashing,
bleaching, showering, bathing etc. affect the observed biomarker levels, by raising the
uptake rate of chloroform from the indoor air. Based on the urinary levels and by
reconstructing exposure so as to fit the measured biomonitoring data, blood and exhaled
breath chloroform levels were also calculated for the matched-mothers’ and children (Figure
32).
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Figure 32. Measured vs. predicted urinary chloroform levels for the paired mothers, based on
indoor concentrations derived from exposure reconstruction of paired-children data

5.3.2 Reconstruction of timely variable exposure from multiple biomonitoring
samples

Translating urinary concentration into exposure levels, allowed us to estimate internal

exposure as well. Cleaning activities resulted in chloroform blood concentrations close to 100

ng/L, while mopping seems to be associated to higher internal exposure levels; this is the

result of the higher intensity of activity during mopping, when intake rate is increased due to

increased inhalation rate.
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Figure 33. Measured urinary TCM (blue dots) and modelled chloroform levels in urine (grey
line), blood (red line) and ambient air (dashed line)
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However, potential differences in consumer product-related exposure (amount of product
use, chlorine concentration of the product) and housing conditions (air exchange rate) act as
confounders prohibiting the derivation of robust conclusions about the relative significance of
the respective activities. In any case, we need to highlight that the use of a validated PBBK
model allows us to use a biomarker acquired by a non-invasive technique (urinary
chloroform), which is also one magnitude of order higher than the respective blood
biomarker. This allows us to better differentiate exposure conditions and thus identify the
contribution of cleaning activities in the overall exposure to chloroform.

5.3.2.1 Exposure reconstruction of triclosan

Another application of validating the approach was the estimation of triclosan exposure levels
during teeth brushing. Seven volunteers were writting in a time-activity diary the time of teeth
brushing and the amount of toothpast used, while all day urinary voids were collected and
analyzed. Based on the urinary triclosan concentrations, and knowing the timing that
exposure events occurred, the amount of triclosan intaken per brushing was successfully
estimated. The results of the simulation for a typical individual are illustrated in Figure 34.
Starting from the measured urinary triclosan (black dots) and knowing the moment that the
individual was exposed to triclosan, the dose received in each brushing was estimated
(green dots). The accurate prediction of the dose is shown by the very good fit of the
measured urinary concentrations against the ones predicted by the model. This further
allows us to estimate the actual internal dose, meaning the concentration of triclosan in blood
(red line) and eventually to potential target tissues.
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Figure 34. Measured (black dots) and modelled (grey line) urinary triclosan levels, modelled
levels in blood (red line) and predicted dose (green dots)

5.3.2.2 Exposure reconstruction of bisphenol A
Similarly, diurnal exposure to bisphenol A through food and drink items was estimated
starting from urinary biomonitoring data. The results indicated that overall daily exposure to
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bisphenol A remains below 0.1 pg/kg_bw/d, while internal dose of free plasma bisphenol A
was in the range of few pg/L (Figure 35).

10 - 0.02

E C_BPA_URINE (Modeling)
j b e C BPA URINE
5 8. A 0.016
3 ] = INTAKE DOSE
: —
© b . 5 |
= ] o ¢ ] L] o
5 : £
& 4] ] * . 0.008 2

b ° =
3 ] g
] 4 ® =]
= 21 e 1 T e 0.004 O
= E a4 o, 0 il e e
2 7 b { fe a® 7 ° )

4 ] ® e » ® °

o . ‘ : 0
0 50 100 150

Figure 35. Measured (black dots) and modelled (grey line) urinary bisphenol A levels, and
predicted dose (green dots)
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6 Use of health-based guidance values as screening tool for HBM
data

6.1 The German HBM-I and -Il values

Biomonitoring data can be interpreted by comparing the measured biomarker levels to health
relevant biomonitoring reference values. In this context, the German Human Biomonitoring
Commission has derived health-based guidance values for several compounds (Schulz et al.,
2007). These are HBM values determined either based on exposure-effect relationships (for
cadmium, lead, mercury and pentachlorophenol) or derived from tolerable daily intake values
(as for DEHP). There are two levels of HBM values derived by the German Human
Biomonitoring Commission, namely HBM-I and HBM-II:

e The HBM-I value represents the concentration of a substance in human biological
material below which — according to the knowledge and judgment of the German
HBM Commission — there is no risk for adverse health effects and, consequently, no
need for action;

e The HBM-II value represents the concentration of a substance in a human biological
material above which there is an increased risk for adverse health effects and,
consequently, an acute need for exposure reduction measures and the provision of
biomedical advice. The HBM-Il-value should thus be regarded as an intervention or
action level.

At a concentration level higher than the HBM-I- and lower than the HBM-Il-value the result
should be verified by further measurements. If these measurements confirm the initial result
a search for potential sources of exposure should be undertaken. Exposure to such sources
should be minimized or eliminated where necessary and achievable with an acceptable level
of input. The HBM-I-value should thus be regarded as a verification or control value.

Up to 2014 the derivation of toxicologically founded HBM values was based on studies which
allowed a correlation between the concentration of a substance or its metabolites in human
body fluids und the occurrence of adverse effects. Yet, as such studies are lacking for most
chemicals, the German HBM Commission decided to derive also HBM values on the basis of
toxicologically justified tolerable daily intakes or other suitable parameters from animal
studies. Being well aware of the uncertainties of such derivation and estimates, the HBM
Commission considers this new approach a possibility to derive urgently needed HBM values
for substances or their metabolites for which no appropriate studies on health effects of low
dose environmental exposure are currently available. A comprehensive overview of these
values is given in Table 7.
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Table 7. German Human Biomonitoring Commission reference biomonitoring values for
various compounds (Schulz et al., 2011). The HBM-I value is more of a control value while the
HBM-Il value is defined as an action level

Parameter and|Population group (age range) |HBM | value |HBM Il value

medium

Based on

epidemiological

studies

Cadmium in urine Children and adolescents 0.5 pg/L 2 ug/L
Adults 1 ug/L 4 pg/L

Lead in blood General population i_ncI. children <12 years, Suspended Suspended
women of reproductive age

L . 7 ugll 25 g/l
Mercury in urine Children and adults 5 ug/ g Cr 20 pglg Cr

Children and adults* Derived from women of
Mercury in blood reproductive age. The value is recommended |5 pg/L 15 pg/L
for other groups

Thallium in urine General population 5 pgll /
Pentachlorophenol in serum 40 pg/L 70 pg/L
o General population 25 pglL 40 pglL

Pentachlorophenol in urine 20 pglg Cr 30 pg/g Cr
Sum of PCBs (138+153+180) |Infants, small children and women of child-
; h 3.5 ug/l 7 g/l
in serum bearing age
Based on TDIs
Sum of the metabolites of Children aged 6-13 500 ug/L /
di( 2-ethylhexyl)phthalate -
DEHP: 5-0x0- and 5-OH- Women of reproductive age 300 pg/L /
MEHP in urine Males ~14 years, general population 750 pg/L /

. R Children 1.5 mgl/l
Bisphenol A in urine Adults 2.5 mgll /
Glykolether which are
metabolized to methgoxy General population 0.4 mg MAA/G Cr |1.6 mg MMA/g Cr
acetic acid (MAA)
> DINCH-metabolites (OH- Children 3 mgl/l /
MINCH + cx-MINCH) Adults 4.5 mgll
> DPHP-metabolites OH- Children 1 mg/l /
MPHP + oxo-MPHP Adults 1.5mgl/l

6.2 Biomonitoring equivalents

Biomonitoring Equivalents (BEs) are defined as the concentration of a chemical or metabolite
in a biological matrix (blood, urine, human milk, etc.) consistent with defined exposure
guidance values or toxicity criteria, including reference doses and reference concentrations
(RfD and RfCs), minimal risk levels (MRLs) and tolerable daily intakes (TDI), using the
knowledge about the toxicokinetic properties of the chemical (Boogaard et al.,, 2011). The
application of BEs is based on the assumption that intake and excretion are in equilibrium, in
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order to ensure coherence between the targeted chronic exposure reference value and the
respective estimated BE. However, real life exposure is rarely constant or periodically
repeated, and this requires some additional need for caution in the interpretation of the
biomonitoring data. Requirements for using the above methods involve ensuring the
specificity and sensitivity of the biomarker, quantitative risk evaluation, estimation of the
proper uncertainty factors for translating the external dose that corresponds to the Point of
Departure (PoD) in an animal to a human biomarker concentration (Angerer et al., 2011), as
well as some knowledge of the toxicokinetic behavior of the respective biomarker. Use of
reliable PBTK models is the most convenient way to translate external exposure reference
values into BEs. The biomonitoring equivalents derived for several compounds are presented
in Table 8.

Table 8. Biomonitoring Equivalent values for several compounds

Environmental .
. Matrix Analyte BE value Reference value |[Reference)
Chemical
(DDT only) 30,000 ng/g lipid [FAO/WHO (Kirman et
DDT/DDE/DDD Blood (RDDT/DDE/DDD) ~ |40,000 ng/g lipid (10 pg/kg/day) al., 2011)
Hexachlorobenzene Blood Hexachlorobenzene 16 ng/g lipid geggh“;ig%daay) g?\ylgvoalrg)et
Dioxin TEQ Blood Dioxin TEQ 15 ng/g lipid ’(‘(\)szDr?g}_k(éf(\ji;) g?yl\zl\ga(;g)et
Hexabromocyclododecan [Blood, breast |Hexabromocyclododeca .. |EU Draft (POD) (Aylward and
e milk ne 190,000 ng/g lipid | 5"y v/ g/day) Hays, 2011)
Deltamethrin 20 pg/L* and
Deltamethin Blood oug/L? EC (Aylward et
Uri Dimethylcyclopropane |50 pg/L' and (10 pg/kg/day) al., 2011)
rine I >
carboxylic acid 7ug/L
. US EPA (Krishnan et
PBDE 99 Blood PBDE 99 520 ng/g lipid (0.1 pg/kg/day) al., 2011)
. . 4-fluoro-3- FAO/WHO ADI (Hays et al.,
Cyfluthrin Urine phenoxybenzoic acid 400 g/l (10 pg/kg/day) 2009)

. . total triclosan (free plus EC (Krishnan et
Triclosan Urine conjugates) 2600 pg/L (120 pglkg/day) al., 2010Db)
Bisphenol A Urine BPA-glu 2000 pg/L FS'BS@] /kg/day) gll(rlzgri%r;)et

MEHP, MEHHP, and
MESEPMEHHP 660 ug/l
Di-2(ethylhexyl) phthalate | | . y ’ 1000 pg/L EFSA (Aylward et
- DEHP Urine MEOHP, and 5¢x-MEPP |15 0/ (50 ug/kg/day) al., 2009b)
MEHP, MEHHP, .
MEOHP, 5¢x-MEPP,
and 2cx-MMHP
15 pg/L®
Oxidative (OH-, oxo-,  [10.7 pg/L*
and carboxy-MINP) 12.7 pg/LZ
Diisononyl phthalate - | . metabolites 106 uglL EFSA (Hays et al.,
DiNP 0.7 pg/L® (150 pg/kg/day) 2011)
0.5 pg/L*
MiNP 0.6 ug/L®
0.5 pg/L®
di-n-butyl phthalate - DBP |Urine MBP 0.2 ug/L ﬁlz)slfé/kg/day) g?yz\loa(;gst
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Environmental :
: Matrix Analyte BE value Reference value |Reference)
Chemical
benzylbutyl phthalate - . EFSA (Aylward et
BzBP Urine MBzP 12 gl (500 pg/kg/day) al., 2009a)
. ) . EPA (Aylward et
diethyl phthalate - DEP  |Urine MEP 18 pg/L (800 pg/kg/day) al., 2009a)
Blood benzene 0.15 pg/L USEPA Chronic RfC
Urine Unmetabolized benzene (0.16 pg/L
Blood benzene 1.29 pg/L TCEQ ReV
Urine Unmetabolized benzene (1.42 ug/L
Benzene (for chronic non-|Blood benzene 0.29 pg/L CA REL
cancer exposure) Urine Unmetabolized benzene (0.33 pg/L
Blood benzene 0.04 pg/L ATSDR chronic inh. MRL
Urine Unmetabolized benzene (0.05 pg/L
Blood benzene 0.058-0.204 pg/L [USEPA, risk-specific (Hays et al.,
Urine Unmetabolized benzene (0.125-0.286 pg/L |concentrations (1E-04 risk|2012)
Blood benzene 0.058-0.204 ng/L |- 13.0-45.0 ug/m°)
Urine Unmetabolized benzene [Not calculated USEPA, risk-specific
Blood benzene 0.15 pg/L concentrations (1E-06 risk
Benzene cancer risk- Urine Unmetabolized benzene (0.16 pg/L - 0.13-0.45 pg/m®)
specific exposure levels
Blood benzene 0.204 pg/L TCEQ, ESL cancer (1E-
Urine Unmetabolized benzene (0.286 pg/L 04 risk - 44.6 ug/m?)
Blood benzene 0.204 ng/L TCEQ, ESL cancer (1E-
Urine Unmetabolized benzene |Not calculated 04 risk — 0.446 ug/m®)
USEPA chronic RfC (128
50 g/l mg/m?)
Health Canada chronic
40 pg/L inhalation TDI (150
mg/m?)
3 pg/L WHO air quality guideline
Toluene Blood Toluene (332 mg/m?)
3 pg/L ATSDR chronic inhalation
MRL (132 mg/m®)
30 pg/L ATSDR acute MRL (150
mg/m®)
‘ Urine Cadmium 1.2 pg/L FAO/WHO (Hays et al.,
Cadmium 2008)
(10 pg/kg/day)
Inorganic arsenic,
L . . monomethylated ATSDR (Hays et al.,
Arsenic, inorganic Urine . 6.4 ug/L
arsenic, and 0.3 ua/ka/d 2010)
dimethylated arsenic (0.3 ug/kg/day)

T adults
2 children
® children 6-11 years

* adolescents 11-16 years

® men >16 years
¢ women >16 years
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7 Conclusions

Biomonitoring, which is the measurement of chemicals in human tissues or fluids such as
blood or urine, is being widely used. As a result, concern is growing about the implications of
the presence of these chemicals in the body. A major challenge is that methodologies and
data typically used for linking biomonitoring data to specific health outcomes do not exist for
most of the chemicals being measured. Without sensitive, reliable, and accurate methods for
interpreting biomonitoring data, worst case assumptions about health risk will continue to be
applied, especially by the public.

Additionally, with the emergence of improved analytical techniques that are capable of
detecting an increasing number of chemicals at ever lower concentrations in the human body,
the number of chemicals that are being identified in humans and the sheer volume of
biomonitoring data are growing. The need for methods to interpret and use these data in a
human health risk-based context is becoming critical to responding to public and regulatory
concerns about chemical safety.

Several approaches are emerging to effectively interpret biomonitoring data. Among them
reverse dosimetry represent one of most promising and feasible approaches from both a
scientific and financial perspective as it can be performed to estimate the external exposure
that is consistent with the measured biomonitoring data through the backward application of
PBTK models.

With this approach, biomonitoring data can be effectively linked to an exposure scenario and
compared to regulatory exposure guidance values. This facilitates the consideration of
available biomonitoring data for screening for potential risks of chemicals. Relationships to
the probabilistic distribution of exposure are equally intriguing. For example, typically those
receiving the highest exposure are of greatest interest. The probabilistic modeling allows
investigators to incorporate the inter-personal differences in human biochemistry and the
uncertainty surrounding the duration and intensity of chemical exposures, resulting in a likely
distribution of exposure. In this perspective knowledge of distribution permits a more in-depth
evaluation of their exposure and/or dose, which can then be used to mitigate risk. Reverse
dosimetry can serve as a useful model for how to place expanding biomonitoring information
into a science-based framework that generates meaningful information for risk assessments
and related decisions by regulators, the chemical industry, and the public.

From the methodological point of view, using an integrated exposure framework for linking
mechanistically external and internal exposure, provides a comprehensive overview on how
realistic exposure scenarios are translated into internal dose to humans, accounting for the
age-dependent and route specific bioavailability differences. To this aim a generic PBTK
modelling framework that captures lifetime internal exposure is a valuable tool with many
applications in the modern risk assessment arena, by exploiting the continuously growing
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wealth of in vitro testing and biomonitoring data. In addition, it provides the ground for the
direct association among different types of environmental, exposure, biomonitoring as well as
toxicity data, all of them essential for developing the individual exposome

The developed generic PBTK model includes i) lifespan evolution in physiology, from the
moment of conception till 80 years of life-time and it is differentiated by gender; ii) a detailed
description of pregnancy (mother-foetus interaction) and lactation (toxicants concentration in
milk) periods, iii) a detailed compartmental description of human anatomy and receptor
binding; iv) a detailed description of various exposure rotes (i.e. inhalation, dermal and oral).
Moreover, the generic character of the model is ensured by the capability of assessing new
chemicals or chemicals with limited information. To this aim, the model is linked to
quantitative structure-activity relationships (QSARS), so as to calculate chemical-specific
input parameters of PBTK models (partition coefficients and metabolic parameters such as
the maximal velocity (Vmax) and Michaelis affinity constant (Km) or the intrinsic clearance
(Vmax/Km).

Assessing exposure at multiple scales across the source-to-dose continuum, needs to take
into account the actual complexity of the environmental and biological/physiological
processes that are critical to the proper description of the phenomena involved. This results
in targeted interventions and consequently more cost efficient risk management. In addition,
a comprehensive integrated exposure framework estimating tissue dosimetry for the various
relevant exposure scenarios, could be of great use in exploiting the in vitro HTS results
rapidly produced by ToxCast21, advancing thus both exposure science and toxicology
towards serving the needs of risk assessment in the 21% century.

Starting from the application of PBTK model and /or biomonitoring data collected, next step
will be the quantitative estimation of the effect on human health due to exposure to selected
chemicals.

To this aim internal doses will be coupled to health impacts on the local population through
advanced statistical methods to derive the dose — response functions which account for
differences in exposure patterns, susceptibility differences and inter-individual variation (due
to lifestyle, age, sex or physiological status) in health response. To estimate the health
impact we will use a statistical approach based on survey-weighted logistic multivariate
regression adjusted for different covariates (age, sex, socio-economic status (SES) etc.)
linking internal doses with health effect considering the interdependence of the covariates
(using as metric an analogy of the “linkage disequilibrium” metric used in genome-wide
association studies).

Overall, our comprehensive modelling framework supports the association of a variety of
environmental, exposure and biomonitoring data, as well as the incorporation of recent
advances of in vitro toxicology using high-throughput systems in the risk assessment process
enhancing thus significantly the artillery of environmental health science and chemical safety
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regulators . The necessity for associating these types of data is increased by the world-wide
interest for “exposure based” risk assessment.

A current limitation for further introducing the PBBK models in the risk assessment arena is
the lack of generic character of these models. By introducing a multi-route multi-
compartmental PBBK model with many metabolites, eventually capturing perfusion limited as
well as membrane limited blood flow, the limiting step of describing the ADME process of a
large chemical space is the proper parameterization.

Under this scope, the use of QSARs for predicting the essential parameters for a broad
chemical space is greatly facilitating this effort. Within HEALS, an originally new QSARs
methodology was developed, coupling Abraham’s solvation equation to Artificial Neural
Networks, yielding significantly improved results compared to the existing methodologies.
Predictive capacity of the Abraham’s model for new chemical entities is influenced by
chemical nature of the training set molecules used for development of the model. The test
set molecules predicted very well when are structurally similar to the training set molecules.
However, the methodology, seemed to perform adequately, also when compounds with
different structures were treated as “data poor” chemicals. In any case, enrichment of
databases with experimental data on the required parameters, will allow the better training of
the model, increasing its predicting capability for data poor chemicals, even to the ones that
do not share chemical structure similarities to the ones used in the training set database. The
improved performance of the proposed QSARs methodology, relies on:

- The ability of Abrahams solvation equation to capture the main properties of the
chemical structure that potentially affect the interactions to biological systems

- The “flexibility” of ANNs to represent mathematically the complex interactions of
biochemical micro-processes.

There is also a sufficient number of HBM dataset collected in the frame of currently ongoing
HBM programmes both in Europe and outside Europe which can be used for HEALS across
a broad chemical space. Also for other validation exercises, including the reverse dosimetry
approach, a sufficiently large database can be constructed from existing individual
anonymized biomarker measurements.
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