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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. 

There are three approaches (Figure 1) for linking biomonitoring data to health outcomes: direct 

comparison to toxicity values, forward and reverse dosimetry.  

 

Figure 1. 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 PBPK models. In a more 
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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. 

Exposure reconstruction modelling framework 

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 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 PBTK model can be subdivided into Bayesian and non-Bayesian 

approaches (Georgopoulos et al., 2008). 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 pharmacokinetic  parameters.  Moreover, a gradient method has been used by Isukapalli et al. 

(2000) calculating the uncertainty in PBTKs. A maximum likelihood method has been carried out for short 

and long term for exposure reconstruction using a PBTK 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:  

(y | x) (x)( | y)
(y | x) (x)dx
p pp x
p p

=
∫
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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 

( | y')p x . 

Moreover, 

mod(y | x) (y | x)theory elp p=   

mod(y | x) (y | x)elp p=  

The posterior distribution of the biomarker measurements will be  

inf (x | y')erredp  

and  

infe(x | y') (x | y') (y')prior rred priorp p p=    

Hence taken into account, 

(x) (x | )d (x) ( | x)dprior prior prior theoryp p y y p p y y= =∫ ∫  

Therefore, 

(y' | x) (x)
(x | y')

(y' | x) (x)dx
theory prior

posterior
theory prior

p p
p

p p
=
∫

 

And  

mod(y | x) (y | m) (m | x)dmtheory error elp p p= ∫  

Where ( | )errorp y m is the probability of measuring y when the true value is m. 

Therefore, 

mod

mod

( ) (y | m) (m | x)dm
(x | y)

(x) (y | m) (m | x)dm
error el

error el

p x p p
p

p dx p p
= ∫
∫ ∫

 

Bayesian MCMC has been used to for the exposure reconstruction of intakes in combination with PBTK 

(McNally et al., 2014). Holmes et al. (2000) applied genetic algorithms on PBTK models for 

pharmacokinetics of nicotine to optimize the parameters of the model. Also, fast equivalent operational 
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models (FEOMs) such as the deconvolution technique has been used (Sparacino et al., 2002) for 

exposure reconstruction in a model combined with PBTK.  

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.  

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 techniques combined with PBTK models for inverse modeling  (Chen et 

al., 2010, Georgopoulos et al., 2009, Lyons et al., 2008, McNally et al., 2012, McNally et al., 2014). 

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:  

( 1)
( 1)

( 1) ( 1)

( )q( | )( | ) min 1,
( )q( | )

t
t

t t

f X X Xa X X
f X X X

−
−

− −

⎧ ⎫
= ⎨ ⎬

⎩ ⎭   



 

”Cross-Mediterranean Environment and 
Health Network (CROME)” 

 
LIFE12 ENV/GR/001040 

 

Task Technical Report  

8 
  

Where q(X(t-1)|X) is the Gaussian proposal density and q(X|X(t-1)) its equal symmetric, f(X) and f(X(t-1)) 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, 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. 

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. 

Adaptive Proposal Variance 

The adaptive MCMC algorithm corresponds to the case where a finite dimensional parameter θ depends 

on the whole history of the chain (X0,…,Xn, θ0,…, θn) though	 in practice it is often the case that the pair 

process [f(Xn; θn); 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 
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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). 

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 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.  

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 1 presents the available MCMC 

algorithms based on Metropolis Hasting sampling that can been used. 

Table 1. MCMC algorithms based on Metropolis Hasting 

MCMC algorithms Update mode: Reference 

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

Delayed Rejection Adaptive 

Metropolis (DARM)   
Multivariate (Haario et al., 2006) 

Adaptive Metropolis(AM) Multivariate (Haario et al., 2001) 
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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 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-
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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 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).  

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 
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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 (Storn and Price, 1995, Storn and Price, 1997) and the adaption of DE in MCMC is 

described and proofed by Ter Braak (2006).  

DEMC algorithms 

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

Table 2. MCMC algorithms based on Differential Evolution method 

MCMC algorithms Update mode: Reference 

Differential Evolution Monte Carlo (DEMC)  Multivariate (Ter Braak, 2006) 

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 0. 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.  

Methodology in CROME-LIFE and selected algorithm 

The exposure reconstruction approach to be applied in the CROME-LIFE methodology and computational 

platform relies upon the concepts initially described (Sarigiannis et al., 2014) 
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Figure 2. Optimization-aided exposure reconstruction based on HBM data using time-evolving PBTK models (figure 
adapted from Sarigiannis et al. 2014) 

The analysis of the exposure reconstruction problems based on the MCMC and DEMC technique is 

realized according with the following steps:  

1. The process starts from exposure related data which are fed into the exposure model; 

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 illustrated 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. 
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The Bayesian Markov Chain Monte Carlo technique described above simulates and calculates the 

investigated exposure conditions. The sampling is set appropriately according with the problem and to the 

available data for the proposal function. The flowchart diagram of the whole process is shown in Figure 2. 

The model has been developed in acslX®. 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.  

Quantitative Structure Property Relationship (QSPR)  
The input parameters required for solving the set of Physiologically Based Pharmacokinetic (PBPK) model 

equations are either species-specific or chemical-specific and should reflect biological or mechanistic 

determinants of ADME of the chemical being modeled. The species-specific parameters, for example, 

relate to alveolar ventilation rate (Qp), cardiac output (Qc), tissue blood flow rates (Qt) and tissue volumes 

(Vt) should be within the documented range for the particular species and life stage. The chemical-specific 

input includes partition coefficients (blood:air (Pba), tissue:air (Pta) or tissue:blood (Ptb)) as well as metabolic 

parameters such as the maximal velocity (Vmax) and Michaelis affinity constant (Km) or the intrinsic 

clearance (Vmax/Km).  

Research focuses on the estimation of an expanded Quantitative Structure-Activity Relationship models 

(QSAR) model in order to predict physicochemical parameters of a large group of chemicals. Up to now, 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 (Ptb), tissue:plasma water (Kpu) and 

tissue:plasma (Kp) partition coefficients for liver, muscle and adipose tissue (Peyret et al., 2010). The 

tissue:blood, tissue:plasma water and tissue:plasma partition coefficient can be computed from 

matrix:water partition coefficients as follows: 

 
ct ct it it

tb
p p e e

P F P FP
P F P F
⋅ + ⋅

=
⋅ + ⋅

 (1.1)  

 
pu ct ct it itK P F P F= ⋅ + ⋅  (1.2)  

 
ct ct it it

p
p p

P F P FK
P F
⋅ + ⋅

=
⋅

 
(1.3)  

where, Pct is the tissue cell:water partition coefficient, Pit is the tissue interstitial fluid:water partition 

coefficient, Pp is the plasma:water partition coefficient, Pe
 
is the erythrocyte:water partition coefficient, Fct is 

the fractional content of cells in tissue, Fit is the fractional content of interstitial fluid in tissue, Fp is the 

fractional content of plasma in blood and Fe is the fractional content of erythrocyte in blood. 

The matrix:water partition coefficients can be calculated by the following equation: 
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 (1 ) (1 )
(1 )

m wm ow nlm m aplw aplm m prw prm
mw

w

I F P F I P F I P F
P

I
+ ⋅ + ⋅ + ⋅ ⋅ + + ⋅ ⋅

=
+

 (1.4)  

where, Pmw is the matrix:water partition coefficient, Im
 
and Iw is the ionization term for the matrix and water, 

respectively, Fwm is the fractional volume of water equivalent in the matrix, Fnlm is the fractional volume of 

neutral lipids equivalent in the matrix, Faplm is the fractional volume of acidic phospholipids in the matrix, Fprm 

is the fractional volume of binding proteins in the matrix, Paplw is the acidic phospholipids:water partition 

coefficient, Pprw is the protein:water partition coefficient and Pow is the vegetable oil:water, which is 

calculated using the n-octanol:water partition coefficient (Bartels et al., 2012): 

 
( )( ):

: 0.1175 0.2849 log

7.972log 4.653
1 10 oct water

oil water P
P

− ⋅
= − +

+
 (1.5)  

The ionization term Im 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: 

 1 11
(1 )
ow nlp

prw
p p prp

P F
P

fu I F
⎛ ⎞⋅

= − − ⋅⎜ ⎟⎜ ⎟+⎝ ⎠
 (1.6)  

where, fup is the unbound fraction in plasma, Fnlp is the fractional content of neutral lipids equivalent in 

plasma and Fpr is the fraction of albumin for the acidic compounds and weak bases or lipoprotein for the 

neutral compounds in plasma. 

For erythrocyte, Pprw refers to the hemoglobin:water partition coefficient only for relatively hydrophobic 

VOCs, with logPow>1 and a low molecular volume, 
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F
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− ⋅⎛ ⎞
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⎝ ⎠=  
(1.7)  

where, Pbw 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: 
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Applications 
The CROME-LIFE exposure reconstruction framework was applied to the chemicals presented in Table 3. 

Table 3. Chemical substances tested for exposure reconstruction  

a/a IUPAC Name Chemical 
name 

CAS-number Chemical classification 

1  2,4,4'-Trichlorobiphenyl PCB 28  

 

7012-37-5  

 

Non-dioxin-like polychlorinated 
biphenyls  

2 2,2',5,5'-Tetrachlorobiphenyl  PCB 52 35693-99-3  

 

Non-dioxin-like polychlorinated 
biphenyls  

3 2,2',4,4',5-Pentachlorobiphenyl  PCB 99 38380-01-7  

 

Non-dioxin-like polychlorinated 
biphenyls  

4 2,2',4,5,5'-Pentachlorobiphenyl  PCB 101 37680-73-2  

 

Non-dioxin-like polychlorinated 
biphenyls  

5 2,2',4,4',5,5'-Hexachlorobiphenyl  PCB 153  

 

35065-27-1  

 

Non-dioxin-like polychlorinated 
biphenyls 

6 2,2',3,4,4',5,5'-
Heptachlorobiphenyl  

PCB 180  

 

35065-29-3  Non-dioxin-like polychlorinated 
biphenyls 

7 2,4,4’-Tribromodiphenyl ether BDE 28 41318-75-6 Polybrominated Diphenyl Ethers 

8 2,2’,4,4’-Tetrabromodiphenyl 
ether 

BDE 47 5436-43-1 Polybrominated Diphenyl Ethers 

9 2,2’,4,4’,5,5’-Hexabromodiphenyl 
ether 

BDE 153 68631-49-2 Polybrominated Diphenyl Ethers 

10 2,2’,4,4’,5,6’-Hexabromodiphenyl 
ether 

BDE 154 207122-15-4 Polybrominated Diphenyl Ethers 

11 Hexachlorobenzene  

 

HCB 118-74-1 

 

Organochlorine Pesticide  
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a/a IUPAC Name Chemical 
name 

CAS-number Chemical classification 

12 Dichlorodiphenyltrichloroethanes  p,p’-DDT  

 

50-29-3 Organochlorine Pesticide  

 

13 Arsenic As 7440-38-2 Metal 

14 Methylmercury HgCH3 016056-34-1 Organometalic 

 

Results of the applied exposure reconstruction methodology with regard to the following chemicals: PCB-

153, BDE-47, hexachlorobenzene (HCB), ppDDT, Methylmercury and Arsenic (As) are provided In the next 

paragraphs. For the other chemicals listed in Table 3 results are reported in Annex 1. 

The methodological framework presented in Figure 2 was applied using the generic PBTK model 

developed in the framework of the INTEGRA project (Sarigiannis D.A. et al., 2014). The physico/chemical 

and biochemical properties of the model were parameterized using Quantitative Structure–Activity 

Relationship (QSAR) models.  

The exposure reconstruction simulations were carried out using DEMC algorithm which was performed 

to be adaptive and to have a heurestic burn-in period of 10,000 iterations. DEMC algorithm was selected 

because of its accuracy in exposure reconstruction problems (Sarigiannis et al., 2015). The evaluation of 

DEMC chain convergence was based on the diagnostic of Gelman-Rubin technique (Gelman and Rubin, 

1992). 

Human biomonitoring data from different studies that took placed in the Mediterranean area were used 

as input (prior knowledge) to the exposure reconstruction framework.  

The first study refers to human blood concentrations of POPs collected from participants of two areas of 

Spain, Menorca and Valencia (Vizcaino et al., 2011a) (Figure 12). Menorca is one of the Balearic Islands 

located in the Mediterranean Sea belonging to Spain with a population of approximately 94,383 

inhabitants (2010). In Menorca island data on organochlorine and organobromine compounds in 

newborns (cord blood serum; n = 405) sampled in 1997-1998, venous serum of the same infants at 4 

years of age (n = 285) sampled in 2001 -2002 were collected (Vizcaino et al., 2011b). 

Valencia is the Spain's third largest metropolitan area, with a population ranging from 1.7 to 2.5 million 

and it is located on the eastern coast of the Iberian Peninsula, in the eastern Spain, and the western part 
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of the Mediterranean Sea. In Valencia, data on organochlorine and organobromine compounds in 

newborns (cord blood serum; 499) and venous serum of their mothers (n = 541) were collected. This 

data also includes information on the location of the homes, socio-economic status of the parents, 

personal data of the mother and dietary habits (Vizcaino et al., 2011b). 

A further application made use of human biomonitoring data sampled in Croatia (Miklavčič et al., 2013), 

from participants from the city of Rijeka. Rijeka, is located on northwestern part of Croatia, bordering the 

Adriatic Sea and it has a population of 245,054. The HBM data set includes concentrations of trace 

elements measured in several biological matrices (i.e. hair, blood, cord blood, serum, plasma milk, urine) in 

mother-child pairs (n=234) in the period 2007-2008.  

Human biomonitoring data of Slovenia refers to pregnant and lactating women (Miklavčič et al., 2013) 

from the coastal towns Ankaran, Izola, Piran. Hair samples were collected from 574 women participating 

in this study, while cord blood and breast milk samples were collected from 444 and 183 women, 

respectively.  

The main characteristics of the selected population in the above three studies are that the biomonitoring 

samples refer either to women-newborn pairs or to pregnant woman which were permanent residents in 

the study areas and the age range of the donor women ranges were 18 – 45 year old. The mean age for 

Menorca mothers was 28.5y, for Valencia 31.1y, for Rijeka 31.8y, for Slovenian population 32.4y. 

Finally, human biomonitoring data of PROBE cohort (Alimonti  et al., 2011 ) carried out in a population of 

adults aged between 18 and 65 years living in urban sites were used. The data refer to five urban 

locations (five Regions of Italy: Calabria, Latium, Umbria, Emilia Romagna, Piedmont) that were selected to 

establish representative samples for South, Central and North Italy. About 300 blood samples were 

collected in each region. 

The exposure reconstruction framework was applied with regard to two different exposure scenarios 

(Scenario 1 and 2) according with the characteristics of the selected biomonitoring data set. 

Scenario 1(infant-children) 

The first exposure scenario consisted of one exposure event for newborn until the 4th year of his/her life. 

The main assumption for the newborns until the first six months of age was that they were fed exclusively 

with breast milk. Then, it was assumed that from 6th month until the 18th month the daily diet consisted of 

6 different meals (each one every 2.5 hours) and from the age of 18 months to 4 years it consisted of 

differentiated meals every 3 hours. The starting time of the first meal was set to 7:00 AM. It was also 

assumed that the contribution of each meal to the daily intake dose is the same. This assumption was 

based to the fact that the modelled chemicals have long half-life time,  and consequently they are 

accumulated for years in the human body.  
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Scenario 2 (adult) 

This exposure scenario consisted of one exposure event lasting 30 years assuming a daily food 

consumption based on the actual dietary schedule of the generic European adult population. In this case 

the main assumption was that the generic population consumes 3 daily meals. The time of these three 

basic dietary has been set at 7:00 AM for the breakfast, 2:00 PM for the lunch and 7:00 PM for the 

dinner. It was assumed also that the contribution of the three meals in the daily exposure is respectively 

30%, 50% and 20%. The exposure scenario of the simulation was assumed to start at the age of 15 

years.  

Case: PCB-153 

PCBs are a group of organochlorine compounds that are synthesized by catalyzed chlorination of biphenyl. 

The different position of ring and the position of the chlorine atoms (1-10) can give 209 individual PCB 

congeners. PCBs accumulate in the food chain and are stored in fatty tissues because of their lipophilicity. 

The main issue is that the environmental fate of the congeners may varies because of the various 

transportations and partial eliminations linked to biological metabolisms (Beyer and Biziuk, 2009). PCBs 

can be also classified in two categories according with their toxicological effects: dioxin-like and non-dioxin-

like. More than 90% of human exposure on PCBs is related to the food consumption (Domingo and Bocio, 

2007, Škrbić et al., 2010).  

The simulated exposure scenario for PCB-153 was based on scenario 1 and human biomonitoring data 

from the Valencia cohort was selected as input data for the exposure reconstruction. According with the 

collected biomonitoring data, PCB-153 serum blood concentration levels has average value of 0.21 (s.d. 

0.12) ug/L and follows a log-normal distribution (Figure 3). Results of the exposure reconstruction 

simulations showed that the oral intake dose follows log-normal distribution with a mean value of 1.6 

ng/kgBW/day and s.d. 0.9 ng/kgBW/day (Figure 3). It has to be underlined that the background levels 

of PCB-153 concentrations that the newborns have obtained during the pregnancy of their mothers has 

been taken into account in the reconstruction simulations.  

To validate the CROME-LIFE reconstruction modeling framework we estimated  the intake dose from 

available literature levels of PCB-153 in serum blood of the German population (Pandelova and Schramm, 

2012). In the study of Pandelova and Schramm (2012) the observed levels of PCB-153 in serum blood 

are lower than the value of 0.3 ug/L showing a declining trend after the year of 2004. The participants’ 

age of the study ranged between 19 and 29 years. To reconstruct the intake dose we applied the 

exposure scenario 2 and we set the simulation length to 15 years. Results showed that the predicted 

exposure dose has an average value of 1.6 ng/kgBW/day and s.d. 3.5 ng/kgBW/day following a 

lognormal distribution. The results are in agreement with the study of Darnerud et al. (2006) that found a 

daily intake dose of 1.9 ng/kgBW/day and it is based on the daily Swedish market basket. 
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Figure 3. PCB-153 – Valencia (Spain)  population –  left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

Case: BDE-47 

BDE-47 is Polybrominated diphenyl ethers (PBDEs). PBDEs are a class of synthetic chemicals used for the 

production of padding, textiles or plastics to retard combustion.  PBDEs are generally persistent in the 

environment and have been measured in aquatic sediments as well as in aquatic and terrestrial animals 

and fishes. The main human exposure is occurring thought diet and mother’s milk. 

The exposure scenario for BDE-47 was based on the scenario 2 and the human biomonitoring data 

collected in Valencia was used as input data for the exposure reconstruction. According with the 

biomonitoring data, BDE-47 serum blood concentration levels have an average value 0.034 (s.d 0.049) 

ug/L and follow a log-normal distribution (Figure 4). The results of the exposure reconstruction simulation 

showed that the intake dose follows a lognormal distribution with a mean value of 0.42 ng/kgBW/day 

with s.d. 0.62 ng/kgBW/day (Figure 4). This result is in fully agreement with the study of Darnerud et al. 

(2006) that found a daily intake dose of 0.36 ng/kgBW/day using the Swedish market basket.  

 

Figure 4. BDE-47 –Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  
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Case: Hexachlorobenzene (HCB) 

Hexachlorobenzene (HCB) is an organochlorine pesticides. Organochlorine pesticides, an older class of 

pesticides, are effective against a variety of insects. They enter to the environment after pesticide 

applications, disposal of contaminated wastes into landfills, and releases from manufacturing plants that 

produce these chemicals. Usage restrictions have been associated with a general decrease in serum 

organochlorine levels in the U.S. population and other developed countries (Hagmar et al., 2006). For the 

general population the oral exposure is the main exposure route, primarily through the ingestion of fatty 

foods such as dairy products and fish (Nhanes, 2009). Infants are exposed through breast milk, and 

fetuses can be exposed in utero through the placenta. Workers can be exposed to organochlorines 

pesticides in the manufacture, formulation, or application of these chemicals.  

The exposure scenario for HCB was based on scenario 2 and the human biomonitoring data collected in 

the city of Valencia was selected as input data for the exposure reconstruction. HCB mean value 

concentration in serum blood of the general population was 0.33 ug/L (s.d. 0.53) (Figure 5). Results of 

the exposure reconstruction simulation showed that the intake dose follows a gaussian distribution with 

mean value 1.7 ng/kgBW/day and s.d. 1.9 ng/kgBW/day (Figure 5).  This is in fully agreement with the 

study of Darnerud et al. (2006) that found a daily intake dose of 1.6 ng/kgBW/day based on the Swedish 

market basket.  

Considering the blood concentration of HCB measured in the population of Menorca which showed higher 

levels than the Valencia ones (mean value equal to 0.83 ug/L (s.d. 1.1)) results of the exposure 

reconstruction simulation showed the intake dose through to the oral route was 3.58 ng/kgBW/day. 

The higher predicted oral intake dose is due to the higher level of HCB concentration in serum blood. 

These levels in blood may be related to a daily diet with higher amounts of fish consumption (Welch et al., 

2002) as well as to an exposure to higher levels of HCB through breast milk during the infancy. Indeed, 

the levels of mature milk in Spain and Italy, both located in the eastern Mediterranean basin exceeds the 

value of 51 ng/g lipid (Ribas-Fitó et al., 2005, Abballe et al., 2008) while in Turkey the mean value level is 

in 5.5 	ng/g lipid (Çok et al., 2012). 
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Figure 5. HCB – Valencia (Spain) population –  left: Serum blood concertation probability density function. Right: Predicted 
oral intake dose of Valencia population by reconstruction simulation.  

Case: pp’-DDT 

Dichlorodiphenyltrichloroethane (pp’-DDT) is an organochlorine pesticides. It has been used widely as a 

broad spectrum insecticide in agriculture and for control of vector-borne diseases. The exposure scenario 

for pp’-DDT was based on scenario 2. Two different exposure reconstruction simulations were applied in 

order to evaluate the levels of population exposure: the first one relevant to the HBM data collected in 

Valencia and the second one in Menorca. The mean blood concentration of Valencia’s population was 

equal to 0.059 ug/L (s.d. 0.15) (Figure 6) while for Menorca it was 0.012 (0.019) ug/L (Figure 7). The 

results of the exposure reconstruction simulations showed that the intake dose follows lognormal 

distribution with mean value 0.12 ng/kgBW/day (Figure 6) and 0.26 ng/kgBW/day (Figure 7) for 

Valencia and Menorca respectively. Both are one order of magnitude lower than the acceptable dose 

intake (ADI) (5 ng/kgBW/day)(Gunther, 2012) proposed by World Health Organization.  

 

Figure 6. pp’-DDT – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

 

Figure 7. pp’-DDT – Menorca (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  
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Case: Methylmercury  

The exposure scenario for methylmercury was based on scenario 2 and human biomonitoring data 

collected in Croatia and Slovenia were used as input data for the exposure reconstruction. Measured 

concentrations of methylmercury in hair show an average value of 2.02 (s.d 1.49) ug/g hair and  1.17 

(s.d 0.38) ug/g hair, for Croatia and Slovenia respectively, following a log-normal distribution. Results of 

the reconstruction simulations showed that the intake dose of the Croatian and Slovenian examined 

population follows lognormal distribution with mean value respectively of 850.4 ng/kgBW/day (s.d. 

456.3 ng/kgBW/day) and 201.14 ng/kgBW/day (s.d. 119.12 ng/kgBW/day).  

According with the study of Esteban et al. (2015) methylmercury concentration in hair was equal to 0.38 

ug/g hair which is lower than the Croatian and Slovenian examined HBM data. Moreover,  Panel (2012) 

reports that the methylmercury dietary exposure ranges between 100 and 150 ng/kgBW/day, with a 

median of 40 ng/kgBW/day, and the 95th  percentile ranged between 70 and 4300 ng/kgBW/day, with 

a median of 160 ng/kgBW/day. The higher levels found in our reconstruction simulations may be related 

to the higher consumption of fish species with typically higher methylmercury concentrations as reported 

in Southern European countries (Italy, Spain and Greece)(Welch et al., 2002).  In this regard EFSA (Panel, 

2012) reported that population consuming high level of fish may easily exceed the tolerable weekly intake 

(TWI) of methylmercury of 1.3 mg/kgBW 	

 

Figure 8. Methylmercury – Croatian population –: Hair concertation probability density function. Right: Predicted oral 
intake dose by reconstruction simulation. 
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Figure 9. Methylmercury – Slovenia population –: Hair concertation probability density function. Right: Predicted oral 
intake dose by reconstruction simulation. 
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Case: Arsenic 

Arsenic is an element that is widely distributed in the earth’s surface in small amounts. Arsenic and its 

compounds have had many uses in the past and present as medicines, pesticides, alloys, semiconductors, 

and as homicidal poisons. The exposure to inorganic arsenic can be occurred through consumption of 

drinking water and, to a lesser extent, meats, grain, and produce (Abernathy et al., 2003). 

Inorganic forms of arsenic shows high acute toxicity, with trivalent inorganic arsenic being more toxic than 

pentavalent inorganic arsenic (Hopenhayn, 2006). 

The exposure scenario for arsenic was based on scenario 2 and the human biomonitoring data of the 

Italian and Slovenian cohorts were selected as input data for the exposure reconstruction. Measured 

arsenic blood concentration levels show an average value equal to 1.17 (s.d 0.88) ug/L and 0.72 (s.d 

0.82) ug/L for the Italian and Slovenian populations and it follows a log-normal distribution (Figure 10). 

The exposure reconstruction results showed that the intake dose follows lognormal distribution with 

mean value respectively of 29.4 ng/kgBW/day for the Italian cohort and s.d. 11.6 mg/kgBW/day for 

the Slovenian cohort (Figure 10). This is in good agreement with the study of Darnerud et al. (2006) that 

found a daily intake dose equal to 23.6 ng/kgBW/based on Swedish market basket.  

 

Figure 10. Arsenic – Italian population – left: Serum blood concertation probability density function. Right: Predicted oral 
intake dose by reconstruction simulation.  
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Figure 11. Arsenic – Slovenian population – left: Serum blood concertation probability density function. Right: Predicted 
oral intake dose by reconstruction simulation.  
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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 PBPK models.  

The current report evaluates the application of PBPK modeling in conjunction with Monte Carlo sampling 

technique and probabilistic information to generate distributions of exposures to several POPs and trace 

metals that would be consistent with their concentrations measured in various biological matrices in 

several pre-existing cohorts across the Mediterranean region. The report demonstrated how PBPK 

modeling can be used as a tool to provide reliable estimates of a population distribution of exposures that 

could have resulted in particular biomonitoring results. 

Results of the exposure reconstruction showed that different levels of the biomonitoring data could be 

related to the different lifestyles and exposure patterns of the populations and particularly of any individual 

person. In the case of POPs the major exposure is the oral route. Hence the biomonitoring data as well as 

the calculated intake dose by the exposure reconstruction are related to the dietary habits. The study of 

Gabrio et al. (2000) reports that the population with frequent consumption of fish sea product has higher 

levels of PCBs in blood. According to Darnerud et al. (2006) the level of PCB-153 in the Swedish fish 

exceeds the 1.74 ng/kg (m. 2.18 and s.d. 0.71 ng/kg) while in the meat the mean value was 0.14 ng/kg 

(s.d. 0.02 ng/kg). In the case of Menorca Island, the higher measured biomonitoring data that was 

collected from the local population could be related to the higher amounts consumption of fish. According 

with the study of Sjödin et al. (2000) the plasma concretion levels of PCBs in people who have lower 

consumption of sea food is about half with respect to those who have moderate or high consumption on 

sea food. Moreover, newborns are exposed to higher levels through the maternal milk as well as they 
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accumulate amount of POPs during the pregnancy. In the study of Pandelova and Schramm (2012) the 

amount of PCBs in blood was observed to have a declining trend after the year 2004 and the same trend 

was also illustrated by Nhanes (2009) report. A part of this decline trend could be also related with the 

legislation. The continued concern about the POPs because of their persistence in the environment and 

the accumulation in the biological organism has led to a rigorous reduction or stoppage of their 

production. 

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.  
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Annex 1  

 
Figure 12 Map of Spain. With the cycle is located the Valencia and with rectangle the Menorca  

 
Figure 13. BDE-28 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

 

 
Figure 14. BDE-99 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  
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Figure 15. BDE-153 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

 
Figure 16. BDE-154 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

 
Figure 17. PCB-28 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  
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Figure 18. PCB-101 – Valencia (Spain)  population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

 
Figure 19. PCB-28 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

 
Figure 20. PCB-52 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation. 
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Figure 21. PCB-153 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

 
Figure 22. PCB-180 – Valencia (Spain) population – left: Serum blood concertation probability density function. Right: 
Predicted oral intake dose by reconstruction simulation.  

 


