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Introduction




Chapter 1

Chemical risk assessment

Risk assessment (of chemicals) is defined as the use of the factual base to define the
health effects of exposure of individuals or populations to hazardous materials and
situations (NRC 1983). This assessment is historically organized in several steps
(Figure 1). After the risk assessment case (problem) has been formulated, the
following step is to determine if the chemical of interest is causally linked to particular
health effects, that is the identification of the intrinsic hazard. The hazard
characterization, or dose(exposure)-response assessment, involves assessing the
relation between the magnitude of exposure and the probability of health effect
occurrence. In the exposure assessment step, the extent of exposure in the given
population is studied. Subsequently, the hazard and exposure characterization are
combined in the risk characterization step, which describes the nature and magnitude
of human risk.

Hazard
characterization

(dose-response)
F 3

Problem Hazard Risk
formulation identification characterization
L 4
Exposure
assessment

Figure 1. Chemical risk assessment paradigm (National Academies of Sciences Engineering and Medicine 2017)

Chemical risk assessment evidence streams

There are various types of evidence streams available for studying chemical induced
effects, including observational epidemiology, molecular epidemiology, animal and
mechanistic studies. Figure 2 displays an overview of different evidence streams of
chemical risk assessment and their position in the exposure — disease continuum. The
figure is partly based on the adverse outcome pathway (AOP) concept which links a
molecular initiating event (MIE) to an adverse outcome (AQ) via a set of key events
(KE) (Ankley et al. 2010). The different evidence streams and their use for chemical
risk assessment are discussed below, in order of relevance to human health
outcomes.

Epidemiologic studies measure effects in the population of interest based on realistic
exposures and account for population variability. However these studies often rely on
less accurate exposure estimates, could suffer from potential confounding, and
findings in epidemiological studies can be influenced due to reverse causation and
selection bias (Hernandez et al. 2019; Loomis et al. 2018). In addition, whereas human
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clinical trials are performed to assess efficacy and safety of drugs in development, for
environmental or novel chemicals, it is unethical to perform controlled studies to obtain
safety data in humans.
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Figure 2. Overview of different evidence streams and their position in the exposure — disease continuum. The
figure is partly based on the adverse outcome pathway (AOP) concept which link a molecular initiating event
(MIE) to an adverse outcome (AO) via (a set of ) key events (KE) (Ankley et al. 2010).

Molecular epidemiology bridges epidemiology and molecular biology research by
measuring the internal dose via biomarkers of exposure, and biologic effects via
biomarkers of effect. (Perera and Whyatt 1994). Like epidemiologic studies, molecular
epidemiology studies may account for the differences in target population and
individual susceptibility. It has been proposed that chemical risk assessment will
improve if the relationships between key events along the exposure-health paradigm
are established. Biomonitoring is one such tool that can link external exposure and
biologically effective dose or effects (McNally et al. 2012).

Exposure biomonitoring studies may be used to refine exposure assessment by
accounting for all routes of exposure leading to the absorbed dose. Biomarkers of
effects give an assessment of the effect of a chemical on physiological processes and
can be an indicator of early onset of pathophysiology and/or disease. However, for
compounds with a short half-life, biomonitoring data mostly reflects daily variation,
and, from a risk assessment perspective, it is often unclear to which extent effects
recorded in biomonitoring studies (for either short-lived and the more persistent
compounds) relate to the development of a clinical (chronic) response (Clewell et al.
2008). In addition the interpretation of biomonitoring data for risk assessment is not
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always straightforward given there is a lack of human biomonitoring guidance values
or biomonitoring equivalents (Louro et al. 2019).

Experimental animal studies are generally used for both hazard identification and
hazard characterization. Animal studies typically involve fitting an empirical dose-
response curve to apical responses to derive a point of departure (POD) or benchmark
dose (USEPA 2005). Using pharmacokinetic information on differences between test
species and humans, the POD is subsequently converted to a human-equivalent POD
(Crump, Chen, and Louis 2010). There is detailed guidance for conducting and
reporting animal studies (i.e. the OECD guidelines), and these studies are generally
accepted by risk assessment agencies. However, it is often unclear to which extent
observed effects in animals, such as increased liver weight, can be extrapolated to
human health effects.

In the past decades it has been common practice to use animal toxicity studies for
studying hazardous effects in humans (Knight et al. 2021). However there is an
increasing demand for innovation in chemical hazard and risk assessment. Global
chemical production is continuing at high rates (Persson et al. 2022), while at the same
time there are ongoing efforts to reduce, refine and replace animal use in chemical
toxicity testing (European Union 2010; Térnqvist et al. 2014; Madden et al. 2020). This
has contributed to the development of alternative approaches, including the
consideration of mechanistic assays (Coady et al. 2019; Kavlock et al. 2018; Linkov
et al. 2015). Mechanistic studies include a wide range of studies that examine effects
at the tissue, cellular and molecular level (Carlson et al. 2020). By studying
intermediate key events, these studies can inform on the chemical mode of action or
support biological plausibility (Urban et al. 2020). Mechanistic cell-based assays are
less expensive to perform and require either no or less animals. However, the
extrapolation of in vitro findings to relevant human health effects is perhaps more
difficult in comparison to the other evidence streams depicted in Figure 2.

Evidence synthesis

In this thesis the focus is on combining all available evidence within and across
evidence streams, i.e. evidence synthesis, to strengthen chemical risk assessment.
The starting-point is that different types of evidence streams have different strengths
and limitations, and they may be combined to complement each other. For example,
if information on a health outcome is combined with clear measures of exposure at the
biological site of action (or a surrogate for the site of action such as serum), this can
strengthen causal inference based on epidemiological evidence (National Academies
of Sciences Engineering and Medicine 2017).

To better formalize evidence evaluation for risk assessment within and across
evidence streams, several institutes have published guidance for the consideration
and integration of evidence for chemical risk assessment (i.e. NTP 2019; ANSES



Introduction

2016; IARC 2019). In general these guidance approaches distinguish between
evidence assembly (identify, filter and organize the evidence based on consideration
of relevance and reliability), evidence weighing (assess the relevance and reliability of
evidence) and evidence integration (EFSA 2017).

By rating confidence in qualitative terms such as high, sufficient, or low, a conclusion
can be drawn on the consistency and strength of evidence across evidence streams.
An example is the weight of evidence (WoE) concept developed by the WHO(WHO
2009). In addition the International Agency for Research on Cancer (IARC) hazard
assessment considers and qualitatively integrates three types of evidence of streams
(evidence of cancer in humans, animals and mechanistic studies) in reaching overall
classifications of carcinogenicity (IARC 2019; Samet et al. 2020). Evidence weighting
and rating is particularly useful for hazard identification but to a lesser extent for
deriving a point of departure (POD) for risk characterization, i.e. hazard
characterisation. The European Food Safety Authority (EFSA) provides examples of
quantitative approaches for evidence integration including statistical methods and in
silico tools (EFSA 2017). Examples of in silico tools are quantitative structure—activity
relationships (QSARs) and physiologically based kinetic (PBK) models. QSARs aim
to relate features of physico-chemical structure to a property or biological activity, so
that the biological activity of new or untested chemicals can be inferred from similar
molecular structures (e.g. Schultz et al. 2003). PBK models use differential equations
to describe the absorption, distribution, metabolism and elimination processes that
impact the fate and transport of chemicals (Paini et al. 2019). For a given exposure
scenario, PBK models can predict organ-level concentration-time profiles in target
organs (forward dosimetry). Alternatively, PBK models may be used to reconstruct
external exposure based on internal exposure concentrations (reverse dosimetry). In
silico tools are well reflected in the Integrated Testing Strategies (ITS), which aim to
incorporate multiple data from various evidence streams in a more mathematically
efficient and biologically informed way (Judson et al. 2013). The focus of ITS, however,
is more limited on the development and combination of methods within in vitro cell
non-animal based models. Besides in silico tools for hazard and bioavailability
assessment, other quantitative approaches for evidence synthesis include statistical
methods such as meta-analysis or meta-regression. Both meta-analysis and meta-
regressions are regularly applied when combining either multiple animal or
epidemiologic studies.

The quantitative approaches described above are mostly used to combine evidence
within the same evidence stream. Quantitatively combining evidence across evidence
streams is less common, in particular for regulatory purposes. The National
Academies of Sciences, Engineering, and Medicine (NAS, 2017), concluded that to
date insufficient attention has been given to data integration across multiple streams
of evidence. Specifically, NAS recommended more methodological research and
case-studies to better employ quantitative approaches in evidence integration for risk
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assessment, including the use of meta-analysis, meta-regressions, and Bayesian
statistics.

Aim of this thesis

Various evidence streams can all contribute to chemical risk assessment. The goal of
this thesis is to further develop and test approaches to integrate different types of
evidence for chemical risk assessment in a quantitative and systematic manner, both
within and across evidence streams. Research questions addressed in this thesis
include:

i) How can the large volume of mechanistic data be efficiently summarized?

i) Will exposure assessment and hazard characterization benefit from the
inclusion of human molecular epidemiology studies?

iii) How can data that is inherently different from each other be combined in a
meaningful way?

Most work performed in this thesis is on two exemplary data rich chemicals, benzene
and diisocyanates. The chemicals differ in health outcomes and kinetic behaviors. A
large evidence base is available for both chemicals, including well-known biomarkers
of exposure and effect. As such, benzene and diisocyanates serve as architype
chemicals to evaluate how novel approaches of evidence integration can improve
chemical risk assessment.

Outline of thesis

Below a description is given on the various statistical and biological informed
approaches which have been used in this thesis to integrate different types of
evidence, both within and across evidence streams.

Hazard identification

To be able to evaluate whether the chemical of interest is causally linked to a particular
health effect, available evidence from all evidence streams needs to be organized and
evaluated. This process is particularly labor intensive for mechanistic evidence
because of the high volume and large diversity of study types (Guyton 2018). In
Chapter 2 - Automated network assembly of mechanistic literature for informed
evidence identification to support cancer risk assessment —an approach is presented
to more efficiently and transparently identify and organize mechanistic evidence by
using text mining techniques combined with molecular biological and network
visualization tools.

Exposure assessment

In certain circumstances (for example when measuring external exposure is
technically challenging, or when there are multiple exposure routes), human
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biomonitoring can be the most reliable exposure assessment methodology as it
provides an estimate of the internal exposure, i.e. the absorbed dose, of a chemical
by integrating exposure from all routes (McNally et al. 2014). This also applies for
diisocyanates, and therefore a range of diisocyanate biomonitoring studies have been
undertaken for a variety of industrial applications, exposure scenarios and exposure
biomarkers. The aim of Chapter 3 - Biomonitoring for occupational exposure to
diisocyanates: a systematic review - was to use a systematic review approach to
synthesize all available data on biomarkers of exposure, as to get a comprehensive
overview of diisocyanate exposure levels.

For risk assessment purposes, exposure estimates need to be related to health based
guidance values. These are often based on external exposure estimates. To be able
to interpret biomonitoring data, the relationship between external and internal
exposure has to be characterized, either by deriving correlation formulas, or by using
PBK modeling. An advantage of using PBK models is the possibility of studying and
characterizing the impact of various factors on the external-internal exposure
relationship, such as working conditions (e.g. different respiration rates and exposure
routes) and individual differences in physiology (McNally et al. 2012). The aim of
Chapter 4 - A physiologically-based kinetic (PBK) model for work-related diisocyanate
exposure: relevance for the design and reporting of biomonitoring studies and
opportunities for further improvement — was to develop a PBK model for diisocyanates
and its metabolites and provide insight into relative changes in urinary predictions
upon changing exposure scenarios. Global sensitivity analyses were used to quantify
uncertainty in exposure estimates, and to identify which parameters contributed most
to the uncertainty in simulated biomarker levels. In addition, the model was used to
calculate biological limit values, corresponding to current health based guidance
values.

Hazard characterisation

Chapter 5 and 6 present innovative statistical approaches for hazard characterisation
by summarizing all evidence on exposure-response relations within and across
evidence streams.

Chapter 5 focused on biomarker studies because these may offer more precise
information on the exact shape of the exposure-response relation, especially at low
exposures. For benzene this is important because there is evidence that the exposure-
response relation with cancers might be non-linear (Kim et al. 2006; Rothman et al.
1998; Vlaanderen et al. 2009). However, quantitative meta-analyses that provide
summary estimates for a given change in the continuous variable of exposure are
sparse for the molecular epidemiology/biomarker evidence stream. In Chapter 5 - A
quantitative meta-analysis of the relation between occupational benzene exposure
and biomarkers of cytogenetic damage - an approach is presented to quantitatively
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combine all biomonitoring evidence of benzene induced genotoxicity in a meta-
analysis.

Chapter 6 - Estimation of the benzene-acute myeloid leukemia exposure-response
curve by combining epidemiological, animal and human biomarker data — explored to
which extent integrating heterogenous data from different evidence streams can
enhance chemical risk assessment, i.e. better characterize the exposure response
relationship. This chapter focused on benzene induced acute myeloid leukemia (AML).
For all available animal studies, molecular epidemiology studies, and epidemiological
studies on this topic, results were extracted and summarized using Bayesian meta-
regression models. Estimates of the exposure-response curve (ERC) are compared
when using all available data versus using data from AML epidemiologic studies only.
Moreover, an aim was to explicitly describe the steps required to harmonize data
across evidence streams, including important underlying assumptions.

In Chapter 7 — Discussion — a critical overview is provided with reflections on how
different advanced approaches for evidence synthesis may improve chemical risk
assessment. First the evidence integration approaches applied for benzene and
diisocyanates is considered, followed by a reflection on overarching methodological
issues that emerged over these chapters.
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Chapter 2

Abstract

Background

Mechanistic data is increasingly used in hazard identification of chemicals. However,
the volume of data is large, challenging the efficient identification and clustering of
relevant data.

Objectives

We investigated whether evidence identification for hazard assessment can become
more efficient and informed through an automated approach that combines machine
reading of publications with network visualization tools.

Methods

We chose 13 chemicals that were evaluated by the International Agency for Research
on Cancer (IARC) Monographs program incorporating the key characteristics of
carcinogens (KCCs) approach. Using established literature search terms for KCCs,
we retrieved and analysed literature using Integrated Network and Dynamical
Reasoning Assembler (INDRA). INDRA combines large-scale literature processing
with pathway databases and extracts relationships between biomolecules,
bioprocesses and chemicals into statements (e.g., “benzene activates DNA damage”).
These statements were subsequently assembled into networks and compared with
the KCC evaluation by IARC, to evaluate the informativeness of our approach.

Results

We found, in general, larger networks for those chemicals which the IARC has
evaluated the evidence to be strong for KCC induction. Larger networks were not
directly linked to publication count, given that we retrieved small networks for several
chemicals with little support for KCC activation according to the IARC, despite the
significant volume of literature for these specific chemicals. Additionally, interpreting
networks for genotoxicity and DNA repair showed concordance with the IARC KCC
evaluation.

Discussion

Our method is an automated approach to condense mechanistic literature into
searchable and interpretable networks based on an a prior ontology. The approach is
no replacement of expert evaluation, but, instead, provides an informed structure for
experts to quickly identify which statements are made in which papers and how these
could connect. We focused on the KCCs because these are supported by well-
described search terms. The method needs to be tested in other frameworks as well
to demonstrate its generalizability.
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Automated Network Assembly of Mechanistic Literature

Introduction

Risk assessment of chemicals is commonly based on toxicological or epidemiological
studies. Mechanistic studies can be used to complement animal or epidemiological
data to inform mechanisms of toxicity, dose-response assessment and hazard
identification (National Academies of Sciences Engineering and Medicine 2017).
However, it is generally recognized that summarizing mechanistic data is challenging,
in part because of the large diversity of study types and the high volume of available
studies (EFSA 2018). At present, there is still no generally accepted procedure to
structure, analyse and interpret mechanistic studies in an efficient way (Guyton et al.
2018; Wikoff et al. 2019). Further, the process of evaluating available mechanistic
data, including reading manuscripts and evaluating the associated data, is labor
intensive.

There is growing interest in using machine learning and other approaches to reduce
the human burden in screening studies for relevance and facilitate systematic review
processes (Howard et al. 2016). For example the “Sciome Workbench for Interactive
computer-Facilitated Text-mining” (SWIFT)-review tool has been developed to identify
and visualize whether the currently available data for a chemical of interest is rich or
poor. The Table Builder and Health Assessment Workplace Collaborative (HAWC) are
tools meant to share results of systematic review searches and risk of bias
assessments, and include possibilities for data analyses(Shapiro et al. 2018). Other
researchers have applied a bioinformatics approach to structure and analyse
mechanistic data. Carvaillo et al.(2019), for example, combined text mining and
systems biology by creating a tool, the AOP-helpFinder, that enriches adverse
outcome pathways (AOPs). This tool could assist risk assessors in the identification
of relevant associations between certain chemicals of interest and AOP components.
Guha et al. (2016) combined information on chemical structure with database
integration and automated text mining, and as such prioritized agents for hazard
identification. Here we propose an approach for identification and prioritization of data
and knowledge for use in hazard characterization of chemicals that combines text
mining with network visualization tools. We apply our approach within the context of
the International Agency for Research on Cancer (IARC) Monographs program for the
evaluation of carcinogens, which evaluates mechanistic data using a well-defined
framework and ontology: the 10 key characteristics of carcinogens (KCCs).

The KCCs have been recently identified by a series of IARC workshops (Smith et al.
2016). The IARC has used mechanistic data to strengthen conclusions on carcinogen
classifications since 1991 (IARC 1992) but developed the 10 KCCs to create a more
systematic method for the evaluation of mechanistic data to support hazard
assessment for carcinogens. The KCCs comprise the properties of known human
carcinogens (e.g., having genotoxic or immunosuppressive properties) and data on
these characteristics can support the evidence of carcinogenicity (Smith et al. 2016).
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To retrieve information based on the KCCs from the scientific literature, the IARC
monographs staff developed a working list of search terms for the KCCs (Guyton et
al. 2018) (Table 1). In 2019 the Preamble to the IARC Monographs, which outlines
procedures on scientific review and evaluation of carcinogenic hazards, was updated;
the KCCs are now used as the basis for the evaluation of mechanistic data (Samet et
al. 2020; IARC 2019).

Table 1. Ten key characteristics of carcinogens (KCCs) and corresponding search terms (taken from Guyton et
al. 2018).

KCC Description (label)? Query  Search term®

1 Is electrophilicorcanbe 1 "pharmacokinetics"[MeSH Terms] OR
metabolically activated "pharmacokinetics"[Subheading] OR "absorption"[MeSH
(electrophilic) Terms] OR "distribution"[Title] OR "excretion"

2 Is genotoxic (genotoxic) 2 (“Mutation”[Mesh] OR “Cytogenetic Analysis”[Mesh] OR
Alters DNA repair or “Mutagens”[Mesh] OR “Oncogenes”[Mesh] OR “Genetic

3 causes genomic Processes”[Mesh] OR "genomic instability"[MesH] OR
instability (DNA repair) chromosom* OR clastogen* OR “genetic toxicology” OR

“strand break” OR “unscheduled DNA synthesis” OR “DNA
damage” OR “DNA adducts” OR "SCE" OR "chromatid" OR
micronucle* OR mutagen* OR "DNA repair" OR "UDS" OR
"DNA fragmentation" OR "DNA cleavage")
4 Induces epigenetic 3 "rna"[MeSH] OR "epigenesis, genetic"[MesH] OR rna OR
alterations (epigenetics) "rna, messenger"[MeSH] OR "rna" OR "messenger rna" OR
mrna OR "histones"[MeSH] OR histones OR epigenetic OR
miRNA OR methylation
5 Induces oxidative stress 4 "reactive oxygen species"[MeSH Terms] OR "reactive
(oxidative stress) oxygen species"[All Fields] OR "oxygen radicals"[All Fields]
OR "oxidative stress"[MeSH Terms] OR "oxidative"[All
Fields] OR "oxidative stress"[All Fields] OR "free radicals"[All

Fields]
6 Induces chronic 5 inflamm* or immun* or chemokine or cytokine or leukocyte
inflammation or white blood cell
7 (inflammation)
Is immunosuppressive
(immunosuppressive)
8 Modulates receptor- 6 "Hormones, Hormone Substitutes, and Hormone
mediated effects Antagonists"[Mesh] OR "Endocrine Disruptors"[Mesh] OR
(receptor-mediated) "Thyroid Hormones"[Mesh] OR "Estrogens"[Mesh] OR

"Progesterone"[Mesh] OR "Receptors, Estrogen"[Mesh] OR
"Receptors, Androgen"[Mesh] OR "Receptors,
Progesterone"[Mesh] OR "Receptors, Thyroid
Hormone"[Mesh] OR "Receptors, Aryl Hydrocarbon"[Mesh]
OR "Peroxisome Proliferator-Activated Receptors"[Mesh]
OR "constitutive androstane receptor"[Supplementary
Concept] OR "farnesoid X-activated
receptor"[Supplementary Concept] OR "liver X
receptor"[Supplementary Concept] OR "Retinoid X
Receptors"[Mesh]

9 Causes immortalization 7 "Cell Transformation, Neoplastic"[Mesh] OR "Cell
(immortalization). Proliferation"[Mesh] OR apoptosis OR "necrosis"[MeSH] OR

10 Alters cell proliferation, "DNA Replication"[Mesh] OR "Cell Cycle"[Mesh] OR brdu
cell death or nutrient OR thymidine OR angiogenesis

supply (cell dynamics)
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@ In parenthesis, a label is provided for reference to the specific KCC in this paper.
b Truncated search terms are identified by an asterisk.

We explored the use of the Integrated Network and Dynamical Reasoning Assembler
(INDRA) (Gyori et al. 2017) coupled to the Reach natural language processing system
(Valenzuela-Escarcega et al. 2018). INDRA aims to aggregate claims about causal
biological and chemical mechanisms extracted by text-mining tools into a mechanistic
in silico model. The type of in silico model can be defined a priori based on an
evaluation framework. We imported the results of the literature search based on the
queries by Guyton et al. (2018) into INDRA. INDRA retrieves so called “causal
assertions” (i.e., statements in which an entity such as a small molecule or a protein
interacts with or regulates another entity such as a protein or biological process) from
the literature extracted by Reach, and performs a series of assembly steps to
transform these relationships into networks. It needs to be mentioned that the term
causal in the context of the computational INDRA environment does not automatically
imply biological or toxicological causality, but is related to the strength of a
computationally inferred value between entities (belief score (BS)).

Importantly, we do not present an approach for an automated hazard characterization.
We compared the obtained networks with the IARC’s evaluation to assess the
informativeness of our approach to synthesize the available evidence into a predefined
ontology (i.e., KCCs) and to suggest prioritization of KCCs for certain chemicals. We
interpreted correspondence between the expert evaluation and our automated
approach for informed evidence identification to indicate usefulness of our approach
as a first step in evidence synthesis.

Methods

Figure 1 displays a comparison between our approach (Figure 1A), and the approach
by IARC (Figure 1B), together with a potential application of our approach to aid in
identifying and prioritizing relevant information for full-text review of included studies.
We chose 13 chemicals that have been mechanistically evaluated in IARC
Monographs 112 — 125 and were classified in different IARC carcinogen categories:
benzene (1), pentachlorophenol (1), dichlorodiphenyltrichloroethane (DDT; 2A),
hydrazine (2A), diazinon (2A), glyphosate (2A), malathion (2A), melamine (2B),
parathion (2B), pyridine (2B), allyl chloride (3), B-picoline (3), and coffee (3).

Compounds were selected if they fulfilled the criteria of being evaluated by the IARC,
that is, from Monograph 112 onward, based on the potential for induction of the KCCs
(see “IARC evaluations for evidence of KCC activation” in the Supplemental Material),
hereafter referred to as IARC evidence. After evaluating the assembled data, the IARC
classified the evidence on the basis of collective expert judgment as strong, moderate,
weak, or no evidence. These classifications are based on various criteria, as outlined
in the IARC’s Instructions for Authors (IARC 2017).
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approach |

l Literature search | I Literature search I

*  Use of the seven queries based on search
terms for the agent and KCC of carcinogens
(Guyton et al. 2018)

*  PMID list for each query

*  Retrieve article text from PMIDs

*  Use of the seven queries based
on search terms for the agent and
KCC of carcinogens (Guyton et al.
2018)

*  Additional complementary

= S literature searches
I INDRA statements generation |

*  Process text with INDRA - Reach
*  Process statements

Manual title and abstract screening

l '+ Exclude nonrelevant studies
. Sorting into categories
*  Assemble statements into CX network representing the 10 KCC
*  Filter networks by first neighbors and
BS > 0.86, and by bioprocess

l Networks visualization

Prioritise KCCs, identify relevant literature — | Ellexirevicworthenncludaalctudies I

for further review by expert committee
*  Exclude nonrelevant studies

- Evaluation of strength of evidence

| Results interpretation I

Figure 3. Two different approaches to investigate and summarize mechanistic data.(A) the followed approach
and (B) the IARC approach. Note: BS, belief score; CX, a network exchange format; IARC, International Agency
for Research on Cancer; INDRA, Integrated Network and Dynamical Reasoning Assembler; KCCs, key
characteristics of carcinogens; PMID, PubMed identifier.

I A activates B . Evidence (Sentence from literature, PMID 1)
Raw INDRA A activates B e Evidence (Sentence from literature, PMID 1)
statements A activates B e Evidence (Sentence from literature, PMID 1)

A activates B e Evidence (Sentence from literature, PMID 2)
¢ Evidence (Sentence from literature, PMID 3)

Deduplication of statements
Calculation of Belief Score

|  Evidence 1 (sentence from literature, PMID 1)

Preassembled .  Evidence 2 (sentence from literature, PMID 1)
INDRA A a Ct lva te S B  Evidence 3 (sentence from literature, PMID 1)
 Evidence 4 (sentence from literature, PMID 2)

statement e Evidence 5 (sentence from literature, PMID 3)

Belief Score 1- (re+s): 0.33+ 0.05 = 0.92

Figure 4. Integrated Network and Dynamical Reasoning Assembler (INDRA) preassembly of statements and
calculation of a belief score (BS). The default preassembly function would count in this example 5 evidences (e),
thus the BS would be 1 — (r€ + s) = +0.05 = 0.95. The function that calculates BS starts with empirical estimates
of the prior random (r) and systematic error (s) rates of reading systems. In the present paper Reach was used,
and its default built-in values are r=0.3 and s=0.05. With the correction we applied (referred to as deduplication of
statements), evidence 1,2 and evidence 3 are counted as one, because they were retrieved from the same paper
hence e =3, resulting in a BS of 0.92. Note: AIM2, absent in melanoma 2; Annexin-V-FLUOS, Annexin-V-
fluorescence; Casp1, Caspase 1; DSB, double strand breaks; H2AX, phosphorylated H2AX; r, empirical estimate
of the prior random rate; and s, empirical estimate of the systematic error rates; TET, ten-eleven-translocation.
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We started our approach with a literature search using the PubMed database, based
on the predefined query search terms for the KCCs (Table 1; Guyton et al. 2018). Per
query, the search terms were combined with the chemical name(s), as referred to by
the IARC, contained within the article title and a date limitation from 1 January 1900
to 1 March 2020 in the following format: ‘chemical name[Title] AND (Guyton search
terms) AND (1900/01/01[PDat] : 2020/03/01[PDat])’. Note that three chemicals were
evaluated later (allyl chloride, pentachlorophenol, B-picoline), hence the search term
for these chemicals was extended to October 2021. Each of these searches returned
a list of PubMed identifiers [IDs (PMIDs)], each corresponding to an article. We used
INDRA'’s literature retrieval module to obtain the full-text content or the abstract
corresponding to each PMID returned by these searches. When available, the full-text
was retrieved from PubMed Central or Elsevier [an application programming interface
(API) key was used to get access to this content via the Elsevier Text and Data Mining
API]. For PMIDs, for which the full-text content was not available, the abstract was
retrieved.

The retrieved text content (for each of the chemicals: seven lists of article texts based
on seven searches, spanning the 10 different KCCs) were then processed with Reach,
an opensource natural language processing (NLP) system for the biomedical literature
that is able to read and extract mechanistic descriptions of biological processes from
text (Valenzuela-Escarcega et al. 2018). Reach is a type of “event extraction” system
for biology that can detect and normalize information about putative interactions
among biological entities and processes (Ananiadou et al. 2010). The system can
recognize agents (e.g., proteins, bioprocesses, chemicals), link these to
corresponding identifiers in knowledge bases [including UniProt, InterPro, Human
Metabolome Database (HMDB), PubChem, and Geno Ontology (GO)], and extract
events or interactions (e.g., multiple types of positive or negative regulation). To run
Reach, we used the reach module of INDRA (specifically, the process_text and
process_nxml_str functions) which provides a Python interface to running the Reach
system and processing its extractions into INDRA Statements (see Gyori 2017).
INDRA Statements represent a hypothetical, potentially causal influence relation
between two agents (e.g., a chemical and a bioprocess). For example, for the
sentence “Hydroquinone induces extensive apoptosis in the cells.”, the generated
INDRA Statement reads: “Activation(hydroquinone(PUBCHEM:785), apoptotic
process(G0O:0006915)),” which represents that hydroquinone (recognized with the
database identifier PUBCHEM:785) activates apoptosis (recognized with the database
identifier GO:0006915). ( The assignment of database identifiers to entity texts is
known as named entity normalization or simply as grounding.)

We thus obtained a list of “raw” (i.e., unprocessed) INDRA Statement objects gathered
from Reach after extracting relations from the content of each article’s text retrieved in
the previous step (Figure 2). Every raw statement contains a set of attributes that
includes all information necessary to identify the given putative mechanism and its
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participants being represented. Each statement also has an evidence attribute that
contains additional provenance information and annotations, for instance text content
references (i.e., PMIDs), and the specific sentence from which the statement was
extracted, as well as, for instance, whether the sentence was recognized as a
hypothetical statement. The evidence here and below is referred to as technical
evidence emerging from text mining, which is not automatically and directly equal to
biological/toxicological evidence in the context of hazard assessment.

After obtaining all raw statements from the retrieved text of each query, we applied
several knowledge assembly steps using the assemble_corpus module of INDRA, with
the aim of filtering, improving, deduplicating, and calculating BSs for the statements
before assembling them into a network.

This assembly process consists of the following steps:

1. Filtering out hypothetical statements with the function filter_no_hypothesis():
The Reach system labels a statement as hypothesis when the evidence text for

that statement contains one of the default words likely to belong to a hypothesis
(e.g., test, consider, predict, speculate, suggest, theorize). This step removes
all statements that have been labeled as hypotheses.
Entity renormalization using the function map_grounding():
Entities from reading systems, such as Reach, are often incorrectly normalized
(i.e., an incorrect database ID is assigned to them). INDRA integrates both
expert-curated maps to improve entity normalization and machine-learned
models [calling on thy Puthon package Acromine-based Disambiguation of
Entities From Text context (Adeft) (Steppi, Gyori, and Bachman 2020) to
choose between competing senses of ambiguous acronyms (e.g., “IR” can refer
to the insulin receptor but also to ionizing radiation). INDRA also standardizes
IDs [e.g., when available, it provides equivalent IDs for PubChem compounds
in Chemical Entities of Biological Interest (ChEBI), Chemical Abstracts Service
(CAS), ChEMBL and other databases)] and the names of agents to their
standard names [e.g., HUGO Gene Nomenclature Committee (HGNC) gene
symbols, GO labels]).

2. Filtering out agents without associated database identifiers with the function
filter_grounded_only().

3. Running preassembly with the function run_preassembly():
In the last step of assembly, statements are deduplicated (equivalent
statements are merged into one statement) and the associated evidence is
gathered in an evidence list (Figure 2). Subsequently, the BS are calculated by
INDRA. For each INDRA Statement, the BS is a numerical value between 0
and 1, calculated as a function of the Statement’s supporting evidence. The
function that calculates BS starts with empirical estimates of the prior random
(r) and systematic error (s) rates of reading systems. In the present paper
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Reach was used, and its default built-in values are r = 0.3 and s = 0.05.
Coming from a single source, the error probability and BS are:

errorprobability =r¢ + s,
BeliefScore = 1 — errorprobability

with e being the number of pieces of evidence for that statement. Thus,
assuming an assembled statement has four pieces of evidence, the BS would
be 1 — (0.3* + 0.05) = 0.94 (Figure 2). Hence, the BS is based on the amount
of evidence, that is, the more evidence supporting the statement the higher the
BS (Figure 2). These can be supportive, but do not directly refer to a “belief” by,
for example, toxicological experts in the cumulative scientific community in the
context of KCC hazard assessment.

To avoid counting repeated sentences from the same paper as distinct
appearances of the same assertion, we counted sentences coming from the
same paper as constituting only a single claim for the purpose of BS calculation.
However, if a single paper provided evidence for different KCCs, all these
evidence were taken into account. For each query, the number of PMIDs for
which INDRA statements were obtained, was compared to the total number of
PMIDs retrieved (expressed as percentage in between parenthesis, Table 2).

All programming steps were executed in the environment Spyder (version 3.3.6) and
Python (version 3.7.4). The Python script can be found at:
https://github.com/bernice493/INDRA _hazard. All information related to INDRA was
retrieved from https://indra.readthedocs.io/en/latest/.

Once all the steps of this process were finished, the statements were assembled into
a network using INDRA’s assemblers.cx module. These networks were generated in
CX format and visualized in Cytoscape (version 3.7.2); a bio-informatics software
platform for visualizing molecular interaction networks (https://cytoscape.org/), and
publicly available via National Data Exchange (Table S1). The resulting networks
consist of nodes (rectangles) which represent biological entities, and edges (arrows
between the nodes) which represent proposed biological or chemical
interactions/mechanisms between these entities. Nodes are colored on the basis of
the type of entity they represent: bioprocess (orange), chemicals (green), proteins
(light blue), protein family (dark blue), and others (being nodes not classified into one
of the before mentioned entities, gray). The edges can indicate different events, that
is, activation, inhibition, complex formation, negative amount regulation, positive
amount regulation, and post-translational modification, as implied by the underlying
INDRA statements.

To reduce network complexity for further visual and statistical analysis (addressing
sizes and support of the different networks), the following network filtering steps were
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taken: a) the chemical of interest and its first neighbors (i.e., directly adjacent nodes)
were selected and retained, b) only the nodes connected by edges with a BS = 0.86
(two or more pieces of evidence) were retained (note that this is an arbitrary cut-off),
and c) the nodes or group of nodes not connected to the main network (containing the
chemical of interest as central node) were removed (see “Filtering networks” in the
Supplemental Material). We also filtered the networks on the basis of the classes:
bioprocesses and other processes, for KCC 2 (genotoxic) and KCC 3 (DNA repair),
for example (see “Filtering Networks” in the Supplemental Materials). This filtering
helps to focus the attention on potentially relevant biological processes that are
possibly directly influenced by the chemical in question.

After creating and filtering the networks, additional quantitative descriptive network
information was collected, including the number of nodes and edges. This information
represents numerical values describing the network size. In addition, the sum of the
BSs (sBS) obtained from all statements within each of the networks (seven networks
per chemical, 10 chemicals) was calculated. This provides information on the overall
abundance of claims supporting the edges contained within the network. The Wilcoxon
rank test was used to compare the sBS metric with the IARC Monographs working
group (i.e., IARC evidence) classifications.

Aside from serving as input to the network analyses, all original INDRA Statements
are also collated in al list. After the assembly step, the statements are saved in
JavaScript Object Notation (json) format. These files can be visualized with a json
viewer. We used json2table.com. As such information can be retrieved on, for
example, the PubMed ID and the original sentence of the paper on which the evidence
is based.

Results

The number of analyzed articles for each query, the percentage of articles (i.e.,
PMIDs) for which INDRA Statements were produced in relation to the retrieved
articles, and the percentages of PMIDs with open access, are displayed in Table 2.
INDRA Statements were extracted ~ 30% of all papers retrieved based on the KCC
input, indicating that a reasonable amount of input literature contained information
suited to automated processing.

From the INDRA Statements, 91 networks (i.e., seven networks (KCC 1, 2/3, 4, 5, 6/7,
8, 9/10) for 13 compounds) were created (Table 3). Table 3 provides a comparison
between the KCC network size (i.e., the number of nodes and edges) and network
support (i.e., sBS of the edges), and the actual evaluation for KCC activation by the
IARC (see “IARC evaluations for evidence of KC activation” in the Supplemental
Material).
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A large network represents that there is (potentially) a richer body of mechanistic
literature for that chemical discussed in the context of that KCC. In general, higher
sBS were observed for those compounds for which the IARC has proposed strong
evidence for induction of KCCs (Figure 3). This is also corroborated by Wilcoxon
statistical analysis. Across all chemicals and KCCs, INDRA derived sBS tended to be
significantly higher for KCCs for which the IARC has classified the KCC evaluation as
strong or moderate evidence, than for those for which the IARC evidence was rated
“weak” or “no” [median (interquartile range)= 3.5 [13.7] vs. 0.9 [2.2]; p-value: 0.0003],
but there was considerable overlap.
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Figure 3. Relation of IARC evidence for key characteristics of cancer (KCC) result, vs. sum of the belief scores
(sBS) from all filtered edges of a network. Note: IARC, International Agency for Research on Cancer; DDT,
dichlorodiphenyitrichloroethane; KCC 1: electrophilic, KCC 2: genotoxic, KCC 3: DNA repair, KCC 4: epigenetics,
KCC 5: oxidative stress, KCC 6: inflammation, KCC 7: immunosuppressive, KCC 8: receptor-mediated, KCC 9:
immortalization, KCC 10: cell dynamics; mod, moderate; NA, not applicable; n.i., not sufficient data available for
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Figure 4. Benzene network for key characteristics of carcinogens (KCCs) on genotoxicity (KCC 2) and DNA
repair (KCC 3) , filtered on bioprocess (orange rounded rectangle-shaped box) and other processes (gray ellipse-
shaped box). A darker arrow represents a higher belief score (BS): black: BS 0.95, dark gray: BS 0.94, gray: BS
0.92, light gray: BS 0.86, transparent gray: BS 0.65. Arrows: activation, an arrow with a raised edge: inhibition.
Note: a: activation, i: inhibition
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From Table 3, we did notice for a number of KCCs the evidence was strong according
to the IARC, but that the networks and the sBS were small. In those cases, the number
of PMIDs (Table 2) was also low. Conversely it does not appear that a larger number
of PMIDs, resulting from the KCCs and chemical specific queries, always results in
larger networks, that is, although benzene has the highest number of PMIDs (1,933)
and the largest networks, the networks for pyridine and coffee are considerably smaller
even though these compounds have the second (1,820) and third (1,069) highest
number of PMIDs, respectively. Most compounds show a network for KCC 4
(epigenetic alterations) although the IARC concluded for all compounds but coffee that
there was no sufficient evidence to evaluate the induction of this KCC (Table 3).

By using the filtering option on bioprocesses and other processes, we did not limit
ourselves to the first neighbors of the compound of interest, hence allowing us to
investigate relations between events, also further away from the compound of interest
(see “Filtering networks” in the Supplemental Material, Figure S1). An example is given
for benzene (Figure 4), where benzene activates DNA damage, whereas DNA
damage in turn can activate cell death. Further necrotic cell death is associated with
activation of an inflammatory response. This relation (cell death activates an
inflammatory response) is also described in the AOP wiki databases (ID 1776). In
addition, the process of how the disruption of the cell cycle can lead to apoptotic
processes (Figure 4) is described in the AOP wiki databases (ID 1712).

Figures S2 — S13 show the outcome of “Bioprocess and ‘other’ filtering” for each of
the chemicals for KCC 2 (genotoxicity) and 3 (DNA repair) (originating from Query 2).
We see that for all those compounds (benzene, DDT, hydrazine, diazinon, glyphosate,
malathion, parathion, pentachlorophenol), for which the IARC evaluated the evidence
to be moderate or strong for the activation of this specific KCC, terms (both from
“Bioprocesses” and “other”) related to genotoxicity and DNA repair did appear in the
networks. The terms include, for example, DNA damage and (inhibition of) DNA repair.
Conversely, considering the chemicals for which the IARC evaluated the evidence to
be weak or absent (melamine, pyridine, allyl chloride, B-Picoline and coffee) these two
terms were not observed in the networks for pyridine and coffee, (nor for allyl chloride
and B-Picoline for which no network could be created), but only in the network for
melamine.

Discussion

In this work, we investigated whether evidence identification for chemical hazard
assessment could be supported using an automated, computational approach. As an
example, we explored the use of this approach for identifying KCCs as used in the
evaluation of mechanistic evidence in the IARC Monograph program. Using text
mining and network analysis approaches (i.e., INDRA), we found concordance
between computationally inferred networks strength (high BS) and the IARC KCC
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evaluations, especially for those compounds for which the IARC has evaluated the
evidence to be strong for KCC induction. As such, our example application suggests
that compounds with larger networks and higher sBS scores, could be prioritized for
hazard identification, making the process of evidence identification for hazard
assessment more efficient and transparent.

The output of our approach generates an inventory of available studies, as well as a
categorization of data in the form of networks. These generated networks can further
be filtered to retrieve information on mechanisms of action by filtering only on
bioprocesses (Figure 4; Figures S2-S12). This type of visualization can be used as
tool to assist in the interpretation of the literature for mechanistic evaluation of
compounds within the KCC framework (i.e. informed evidence identification).

Recently Barupal et al. (2021) published a study on prioritizing cancer hazard
assessments for IARC Monographs using an integrated approach of database fusion
and text mining. The authors also used the KCCs as input but, unlike the investigation
we conducted, Barupal et al (2021) mainly looked at publication count, as well as
coverage across 34 different databases relevant to cancer, for an agent. Our approach
is different in that we are not only identifying possibly relevant literature by the sheer
counting of numbers of publications per chemical (Table 2), but that our approach also
uses a systems biology-inspired textmining environment (i.e., INDRA) to extract data
from the individual articles and compile these data into potentially meaningful
biological networks, describing the possible relations between biomolecules and
chemicals, bioprocesses in the context of KCCs (i.e. informed evidence identification).
Thus, our work expands beyond the evaluation of publication density or coverage of
toxicological content in databases. Importantly, we observed that the number of
publications derived from the KCC specific literature queries (which is driven by
general scientific interest in the chemical) proved not to be an accurate indication for
potential KCC activation, at least as inferred here from automated network assembly.

Although promising, using our automated computational approach has several
limitations that should be kept in mind when interpreting the results. Stringent filtering
on BS, for example retaining only results with a BS = 0.86, can exclude relevant results
reported in a single study because only one single study could point out a relevant
result that now might be discarded. For example, if we consider an unfiltered network
for KCC 9, 10 for parathion (KCC9,10 — Query 7; Figure S13), we observe connections
between parathion and apoptotic process, as well as between parathion and cell
population proliferation. Both statements have a BS of 0.65, indicating that single
studies contribute to these statements. Both processes are linked to KCC 9 and 10,
and, according to the IARC, parathion indeed induces KCC 9 and 10; however, this
observation would have gone unnoticed upon more stringent filtering. So for smaller
networks it might thus be worthwhile to also investigate the larger, unfiltered networks.
Conversely, our network analysis does not distinguish between positive and negative
regulation when filtering by BS, so it can occur that a network is large but contains

29



Chapter 2

processes that are actually favorable, for example, inhibition of DNA damage. The
potential directionality can be further investigated by displaying inhibition vs. activation
statements (an example is given for benzene in Figure S14). Last, we applied a filtering
step for hypothetical statements by excluding statements that contain certain signaling
words such as “suggest”. However, using the word “suggest” is sometimes preferred,
particularly in human studies, to avoid the use of causal language. Hence filtering
statements with reference to “suggest” can potentially exclude data from articles that
use the wording “suggest” avoiding the use of causal language, and bias toward
articles that inappropriately use causal language.

In other cases, the network showed potentially relevant findings, however not
specifically for the KCC for which the network was originally created. An example is
parathion, Query 1, which, according to the generated network, can activate cell death,
modify testosterone, or inhibit acetylcholinesterase (Figure S15). Given that KCC1 is
on electrophilicity the findings from Figure S15 would for example “fit” better under
KCC 10 which refers to cell death.

Furthermore, we have not evaluated the selected studies’ informativeness or study
quality after the filtering steps. Relevant questions, such as whether the observed
mechanisms can also operate in humans, in vitro vs. in vivo models, the quality of the
studies, biological significance of mechanistic end points, whether evidence is
consistent within and among KCCs, for example, were not considered yet. Of course,
this can be adopted in the process, that is to modify the initial PubMed query (e.g.
select only human studies) but this requires experts to stratify or limit the evidence
base to a-priori domains or quality assessments.

The composition of the literature query as input, in our case the search terms by
Guyton et al. (2018), is quite influential when retrieving the PMIDs. This was most
notable for KCC 4 (induces epigenetic alterations). For many compounds (all but
coffee) we see that the IARC states that for this specific KCC there is not sufficient
data available for an evaluation. However, we regularly observe large networks for
KCC4 (Table 3, e.g., benzene, DDT). We discovered that this may be due to the
description of Guyton’s queries for Q3/KCC 4: the query includes the terms “rna” or
“rna, messenger” (because non-coding RNAs are recognized epigenetic alterations
(Chappell et al. 2016)). However, this resulted, for our computational approach, mainly
in the activation of events such as DNA damage, DNA damage check or cell survival.
These statements do not match examples of relevant evidence according to the
IARC’s instructions (IARC, 2017), which, for KCC4, should involve, for example, terms
associated with DNA methylation or histone modification. When we adjust the search
term for this specific query by leaving out the ‘rna’ term we see that the adjusted
networks are much smaller together with a reduction in BS (Figure S16).

We noticed that the percentage of PMIDs for which we received INDRA Statements
was moderate (Table 2). A search on a number of PMIDs for which we retrieved no
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INDRA statements showed that some papers (mostly older ones) had no abstract or
the study was non-English. For our particular case study, we retrieved full papers
when open access and relied on abstracts for others. We did this to make the
methodology as open as possible for use by scientists in the hazard assessment
process and we conject that the most important results of a study would be made
available in the abstract and as such the impact of not having full access to all papers
might be limited. However, this does illustrate that although we used the same search
terms as the IARC working group, the evidence base (i.e., the selected studies to
either generate networks [for our approach] or to evaluate the evidence [for the IARC
working group]) was not identical for both approaches. We focused specifically on the
IARC and the KCCs because these provide well-defined search terms for identifying
literature but we recognize other institutes (e.g. National Toxicology Program Report
on Carcinogens, U.S. Environmental Protection Agency) also include mechanistic
data in their hazard assessment on carcinogens, including adaptations of the KCC
literature queries (NTP 2016).

Last, we did not manually annotate papers for which relations are relevant and then
check which of these the reading system (in our case, Reach) can pick up. The closest
relevant evaluation as to the performance of Reach was done by Glavaski and Velicki
(2021), who found a good accuracy of Reach but noted the extraction performance
could be improved.

Our approach does not claim to fully automate and replace manual evaluation of
mechanistic literature as is done in hazard identification, such as the IARC
Monographs program. Instead, it could potentially be helpful in the prioritization of
chemicals in relation to KCCs for further review, that is to identify and create a network-
based inventory of available studies, the content of which is to be further evaluated by
an expert committee. Even though our findings are not directly generalizable outside
the IARC framework, there is no reason to assume that our approach would not work
well in other (noncancer) hazard identification programs using a well-defined
framework for the evaluation of mechanistic data such as the KCCs. Future work
should also focus on strategies to qualitatively or quantitatively assess the strength of
the evidence that is provided in the mechanistic literature. This would require
identifying those study characteristics that are typically used by experts to define study
quality and developing approaches to systematically extract these from identified
publications in an automated way.
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Supplemental Material - Network links

Table S1. Links to NDEX networks for full (unfiltered) networks

Compound

Link to NDEX network

Melamine
Coffee
Benzene
DDT
Malathion
Glyphosate
Diazinon
Hydrazine
Parathion
Pyridine

http://www.ndexbio.org/#/networkset/ca837d12-e205-11ea-99da-0ac135e8bacf
http://www.ndexbio.org/#/networkset/fOfd7ea5-e205-11ea-99da-0ac135e8bacf

http://www.ndexbio.org/#/networkset/aa24c62c-e202-11ea-99da-0ac135e8bacf
http://www.ndexbio.org/#/networkset/832a429d-e205-11ea-99da-0ac135e8bacf
http://www.ndexbio.org/#/networkset/bdb76d31-e205-11ea-99da-0ac135e8bacf
http://www.ndexbio.org/#/networkset/acd07de0-e205-11ea-99da-0ac135e8bacf
http://www.ndexbio.org/#/networkset/9044727e-e205-11ea-99da-0ac135e8bacf
http://www.ndexbio.org/#/networkset/9b77b9ef-e205-11ea-99da-0ac135e8bacf
http://www.ndexbio.org/#/networkset/d4bcd423-e205-11ea-99da-0ac135e8bacf
http://www.ndexbio.org/#/networkset/e6f45f54-e205-11ea-99da-0ac135e8bacf
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Supplemental Material - Filtering networks

A) Filtering on first
neighbors and edges
with BS > 0.86

-
T

B) Filtering on

o
a

N

ool Dﬂ-fa“ o

.
m-S
a.S
i

Figure S1. Different network filtering examples of benzene KC5 network. On top: full network; A: Filtering on first
neighbors and edges with BS > 0.86. B:Filtering on bioprocess and other (node type).
The colors in the networks refer to the following entities: orange: bioprocess, green: chemical, light blue: protein,

dark blue: protein family, grey: other.
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Supplemental Material - Bioprocesses and other processes
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Figure S2. Network for benzene on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange box)
and other processes (grey box).
a: activating event, i: inhibiting event.

a

‘ DNA Damage

Figure S3. Network for pentachlorophenol on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses
(orange box) and other processes (grey box).
a: activating event.

Figure S4. Network for DDT on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange box) and
other processes (grey box).
a: activating event, i: inhibiting event.
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Figure S5. Network for diazinon on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange box)
and other processes (grey box).
a: activating event, i: inhibiting event.
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Figure S6. Network for glyphosate on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange

box) and other processes (grey box).
ool p-ration
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‘

Figure S7. Network for hydrazine on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange
box) and other processes (grey box).
a: activating event, i: inhibiting event.
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Figure S8. Network for malathion on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange

box) and other processes (grey box).
a: activating event, i: inhibiting event.
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Figure S9. Network for melamine on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange

box) and other processes (grey box).

a: activating event, i: inhibiting event.

Figure S10. Network for parathion on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange
box) and other processes (grey box).
a: activating event, i: inhibiting event.
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Figure S11. Network for pyridine on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange
box) and other processes (grey box).
a: activating event, i: inhibiting event.
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Figure S12. Network for caffeine on KC 2 (genotoxicity) and 3 (DNA repair), filtered on bioprocesses (orange

box) and other processes (grey box).
a: activating event, i: inhibiting event.
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Supplemental Material - Parathion Query 7
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Figure S13. Parathion Query 7 — unfiltered network
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Supplemental Material - Bioprocess Inhibition /Activation Graphs
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Figure S14. Figure of (in)activation of bioprocesses by benzene
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Supplemental Material - Parathion —Query 1
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Figure S15. Unfiltered network for parathion — Query 1.
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Supplemental Material - KCC 4 adjustment

Guyton query: benzene[Title] AND ("rna"[MeSH] OR "epigenesis, genetic"[MesH] OR rna OR
"rna, messenger"[MeSH] OR "rna" OR "messenger rna" OR mrna OR "histones"[MeSH] OR
histones OR epigenetic OR miRNA OR methylation)

Adjusted query: benzene[Title] AND ("epigenesis, genetic"[MesH] OR "histones"[MeSH] OR
histones OR epigenetic OR miRNA OR methylation)

Original network Adjusted network

-"“’- . mmm)  NO NETWORK

ool pl-m‘i(m

Figure S16. Three examples of how a change in the description for KC4 results in smaller networks.
Left figures: networks based on original KC4 description by Guyton et al. (2018), right figures: new figure based
on adjusted query description.
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Supplemental Material - IARC evaluations for evidence of KC activation

Benzene

Volume 120

KC1: Strong evidence that benzene is metabolically activated to electrophilic
metabolites

KC2: Strong evidence that benzene is genotoxic

KC3: Strong evidence that benzene alters DNA repair or causes genomic
instability

KC4: No adequate data for an evaluation to be made

KC5: Strong evidence that benzene induces oxidative stress

KC6: No adequate data for an evaluation to be made

KC7: Strong evidence that benzene is immunosuppressive

KC8: Strong evidence that benzene modulates receptor-mediated effects
KC9: No adequate data for an evaluation to be made

KC10:Strong evidence that benzene alters cell proliferation, cell death, or
nutrient supply

Pentachlorophenol

Volume 117

DDT
Volume 113

44

KC1: Strong evidence that pentachlorophenol is metabolically activated to
electrophilic metabolites

KC2: The evidence for genotoxicity of pentachlorophenol is strong

KC3: No adequate data for an evaluation to be made

KC4: No adequate data for an evaluation to be made

KC5: The evidence is strong that pentachlorophenol induces oxidative stress
KC6: There is moderate evidence that pentachlorophenol induces chronic
inflammation

KC7: There is moderate evidence that pentachlorophenol s
immunosuppressive

KC8: There is strong evidence that pentachlorophenol modulates receptor-
mediated effects

KC10: There is strong evidence that pentachlorophenol alters cell proliferation,
cell death, or nutrient supply that can occur in humans

KC1: No adequate data for an evaluation to be made
KC2: The evidence for genotoxicity of DDT is moderate.
KC3: No adequate data for an evaluation to be made
KC4: No adequate data for an evaluation to be made
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KC5: The evidence is strong that DDT induces oxidative stress, and this can
occur in humans

KC6: The evidence that DDT induces inflammation is moderate.

KC7: The evidence is strong that DDT is immunosuppressive, and this can
operate in humans.

KCS8: The evidence is strong that DDT modulates receptor-mediated effects that
can operate in humans

KC9: No adequate data for an evaluation to be made

KC10: The evidence is moderate that DDT alters cell proliferation or cell death.

Diazinon

Volume 112

KC1: No adequate data for an evaluation to be made

KC2: The evidence for the genotoxicity of diazinon is strong and appears to
operate in humans

KC3: No adequate data for an evaluation to be made

KC4: No adequate data for an evaluation to be made

KC5: The evidence that diazinon can induce oxidative stress is strong.

KC6: No adequate data for an evaluation to be made

KC7: Because of the Ilimited available data, the evidence for
immunosuppression as a mechanism of carcinogenicity for diazinon is weak.
KC8: The evidence for receptor-mediated mechanisms in the potential
carcinogenicity of diazinon is weak.

KC9: No adequate data for an evaluation to be made

KC10: Overall, the effects on proliferation are weak.

Glyphosate
Volume 112

KC1: Glyphosate is not electrophilic

KC2: Strong evidence that glyphosate causes genotoxicity

KC3: No adequate data for an evaluation to be made

KC4: No adequate data for an evaluation to be made

KC 5: Strong evidence that glyphosate causes oxidative stress

KC6 and 7: Weak evidence that glyphosate may affect immune system

KC8: Weak evidence that glyphosate induces receptor-mediated effects
(potentially aromatase activity, or ligand for Ahr, PXR)

KC9: No adequate data for an evaluation to be made

KC 10: Weak evidence that glyphosate may affect cell proliferation or death
(several studies reported cytotoxicity and cell death — the latter attributed to the
apoptosis pathway)

Hydrazine

Volume 115

KC1: Strong evidence that hydrazine is electrophilic or can be metabolically
activated
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KC2: Strong evidence that hydrazine is genotoxic

KC3: No adequate data for an evaluation to be made

KC4: No adequate data for an evaluation to be made

KC5: Strong evidence that hydrazine induces oxidative stress

KC6: No adequate data for an evaluation to be made

KC7: No adequate data for an evaluation to be made

KC8: Weak evidence that hydrazine modulates receptor-mediated effects
KC9: No adequate data for an evaluation to be made

KC10: Strong evidence that hydrazine alters cell proliferation, cell death, and
nutrient supply

Malathion

Volume 112

KC1: Malathion is not electrophilic (but its bioactive metabolite, malaoxon, can
covalently modify B-esterases specifically at the active site serine residue;
however, it is unknown whether electrophilicity of malaoxon plays a role in
carcinogenesis)

KC2: There is strong evidence that exposure to malathion-based pesticides is
genotoxic

KC3: No adequate data for an evaluation to be made

KC4: No adequate data for an evaluation to be made

KC5: There is strong evidence that malathion induces oxidative stress

KC6: There is strong evidence that malathion induces inflammation

KC7: The evidence for immunosuppression as an effect of exposure to
malathion is moderate

KC8: There is strong evidence that malathion modulates receptor-mediated
effects

KC9: No adequate data for an evaluation to be made

KC10: There is strong evidence for alteration of cell proliferation

Melamine

Volume 119

46

KC1: No adequate data for an evaluation to be made

KC2: there is evidence that melamine is not genotoxic

KC3: No adequate data for an evaluation to be made

KC4: No adequate data for an evaluation to be made

KC5: No adequate data for an evaluation to be made

KC6: There is strong evidence that melamine induces chronic inflammation in
the urinary tract.

KC7: There is weak evidence that melamine is immunosuppressive
KC8: No adequate data for an evaluation to be made

KC9: No adequate data for an evaluation to be made

KC10: No adequate data for an evaluation to be made



Parathion

Volume 112

KC1:
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Parathion is not electrophilic (but its bioactive metabolite, paraoxon, can

covalently modify B-esterases specifically at the active site serine residue;
however, it is unknown whether the electrophilicity of paraoxon plays a role in
carcinogenesis)

KC2:
KC3:
KC4:
KC5:
KC6:
KC7:
KC8:
KC9:

Moderate evidence that parathion is genotoxic

No adequate data for an evaluation to be made

No adequate data for an evaluation to be made

Weak evidence that parathion induces oxidative stress

Weak evidence that parathion induces chronic inflammation

Weak evidence that parathion is immunosuppressive

Weak evidence that parathion modulates receptor-mediated effects
No adequate data for an evaluation to be made

KC10: Strong evidence that parathion alters cell proliferation, cell death or
nutrient supply

Pyridine

Volume 119

Coffee
Volume 116

KC1:
KC2:
KC3:
KC4:
KC5:
KC6:
KCT7:
KC8:
KC9:

No adequate data for an evaluation to be made

Weak evidence that pyridine is genotoxic

No adequate data for an evaluation to be made

No adequate data for an evaluation to be made

Weak evidence that pyridine induces oxidative stress
Moderate evidence that pyridine induces chronic inflammation
No adequate data for an evaluation to be made

No adequate data for an evaluation to be made

No adequate data for an evaluation to be made

KC10: No adequate data for an evaluation to be made

KC1:
KC2:
KC3:
KC4:
KC5:
KCe6:
KC7:
KC8:
KC9:

No adequate data for an evaluation to be made

Weak evidence that coffee is genotoxic

Weak evidence that coffee alters DNA repair or cause genomic instability
Weak evidence that coffee induces epigenetic alterations

Weak evidence that coffee induces oxidative stress

Weak evidence that coffee induces chronic inflammation

No adequate data for an evaluation to be made

Weak evidence that coffee modulates receptor-mediated effects

No adequate data for an evaluation to be made
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e KC10: Weak evidence that coffee consumption alters cell proliferation /
Moderate evidence that coffee consumption increases cell death through
apoptosis

Allyl chloride
Volume 125

e KC1: Allyl chloride is electrophilic and alkylates DNA

¢ KC2: Evidence on genotoxicity is incoherent across studies
e KC3: No adequate data for an evaluation to be made

o KC4: No adequate data for an evaluation to be made

o KC5: No adequate data for an evaluation to be made

o KC6: No adequate data for an evaluation to be made

o KC7: No adequate data for an evaluation to be made

o KC8: No adequate data for an evaluation to be made

o KC9: No adequate data for an evaluation to be made

e KC10: There is weak (suggestive) evidence that allyl chloride alters cell

proliferation, cell death, or nutrient supply

B-picoline
Volume 122

o KC1: No adequate data for an evaluation to be made
e KC2: No evidence for genotoxicity

e KC3: No adequate data for an evaluation to be made
e KC4: No adequate data for an evaluation to be made
o KC5: No adequate data for an evaluation to be made
o KC6: No adequate data for an evaluation to be made
e KC7: No adequate data for an evaluation to be made
o KC8: No adequate data for an evaluation to be made
o KC9: No adequate data for an evaluation to be made
o KC10: No adequate data for an evaluation to be made
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Chapter 3

Abstract

Diisocyanates are a group of chemicals that are widely used in occupational settings.
They are known to induce various health effects, including skin- and respiratory tract
sensitization resulting in allergic dermatitis and asthma. Exposure to diisocyanates
has been studied in the past decades by using different types of biomonitoring markers
and matrices. The aim of this review as part of the HBM4EU project was to assess: (i)
which biomarkers and matrices have been used for biomonitoring diisocyanates and
what are their strengths and limitations; (ii) what are (current) biomonitoring levels of
the major diisocyanates (and metabolites) in workers; and (iii) to characterize potential
research gaps. For this purpose we conducted a systematic literature search for the
time period 2000-end 2018, thereby focussing on three types of diisocyanates which
account for the vast majority of the total isocyanate market volume: hexamethylene
diisocyanate (HDI), toluene diisocyanate (TDI) and 4,4-methylenediphenyl
diisocyanate (MDI). A total of 28 publications were identified which fulfilled the review
inclusion criteria. The majority of these studies (93%) investigated the corresponding
diamines in either urine or plasma, but adducts have also been investigated by several
research groups. Studies on HDI were mostly in the motor vehicle repair industry [with
urinary hexamethylene diamine results ranging from 0.03 to 146.5 pmol/mol
creatinine]. For TDI, there is mostly data on foam production [results for urinary toluene
diamine (TDA) ranging from ~0.01 to 97 umol/mol creatinine] whereas the available
MDI data are mainly from the polyurethane industry (results for methylenediphenyl
diamine range from 0.01 to 32.7 umol/mol creatinine). About half of the studies
published were prior to 2010 hence might not reflect current workplace exposure.
There is large variability within and between studies and across sectors which could
be potentially explained by several factors including worker or workplace variability,
short half-lives of biomarkers, and differences in sampling strategies and analytical
techniques. We identified several research gaps which could further be taken into
account when studying diisocyanates biomonitoring levels: (i) the development of
specific biomarkers is promising (e.g. to study oligomers of HDI which have been
largely neglected to date) but needs more research before they can be widely applied,
(i) since analytical methods differ between studies a more uniform approach would
make comparisons between studies easier, and iii) dermal absorption seems a
possible exposure route and needs to be further investigated. The use of MDI, TDI
and HDI has been recently proposed to be restricted in the European Union unless
specific conditions for workers’ training and risk management measures apply. This
review has highlighted the need for a harmonized approach to establishing a baseline
against which the success of the restriction can be evaluated.
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Introduction

Diisocyanates are a group of chemicals containing two isocyanate functional groups
(R-N=C=0). These low molecular weight compounds first alter a human protein
before becoming allergenic. As such they are further known to induce various health
effects, including skin and respiratory tract sensitization resulting in allergic dermatitis
and asthma (DECOS, 2018). There is also concern of potential genotoxicity and
carcinogenicity of diisocyanates, with the degradation products and metabolites of
4,4'-methylenediphenyl diisocyanate (MDI) and toluene diisocyanate diisocyanate
(TDI) both being classified as mutagenic and carcinogenic (ECHA, 2005; IARC, 1999;
DECOS, 2018).

The two maijor diisocyanates in the European market are MDI (CAS 101-68-8; 100
000 — 1 000 000 tonnes per annum; ECHA, 2019a) and TDI (CAS 584-84-9 for 2,4-
TDI and CAS 26471-62-5 for the mixture of 2,4-TDI/2,6-TDI; 100 000 — 1 000 000
tonnes per annum, ; ECHA, 2019b, c). A third diisocyanate with widespread use,
especially in vehicle paints, is hexamethylene diisocyanate (HDI; CAS 822-06-0;
10,000 - 100,000 tonnes per annum; ECHA, 2019d). In Europe, MDI, TDI and HDI
account for more than 95% of the volume of diisocyanate production (ECHA, 2017).
Since there are no suitable alternatives for the majority of applications, the usage is
not expected to decline in near future (ECHA, 2017). In addition to these three
compounds, several oligomeric products (e.g. for HDI) and various other diisocyanates
are registered in the European market [e.g. 1,5-naphthalene diisocyanate (NDI), CAS
3173-72-6; isophorone diisocyanate (IPDI), CAS 4098-71-9] and are manufactured
and/or imported in smaller yet notable amounts.

Since diisocyanates are widely used in different applications in industry (including in
the manufacturing of polyurethanes (PURs) and as hardeners in industrial paints,
glues, varnishes and resins), occupational exposure during production and handling
of these materials is a concern (McDonald et al, 2005). Workplace exposure to
diisocyanates has been studied historically by using different types of biomonitoring
markers and matrices. Because of the diversity of industrial usages of diisocyanates,
and the variety of biomarkers, we aimed to systematically identify and report relevant
occupational biomonitoring studies reporting use of diisocyanates published between
2000 and 2018, focussed on addressing the following questions:

i) Which biomarkers and matrices have been used for biomonitoring
diisocyanates; what are their strengths and limitations?
ii) What are (current) biomonitoring levels of the major diisocyanates (and

metabolites) in workers?
iii}) What are potential research gaps with regard to studying diisocyanate
biomonitoring levels?
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Methods

A literature search was conducted according to Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) methodology (Moher et al., 2009)
from year 2000 to end 2018 in PubMed and Web of Science, using the following search
terms for MDI, HDI and TDI: (“Occupational” OR “worker*”) AND (“biomonitor*” OR
“biomarker*” OR “urin*”). The full chemical names were also used.

A total of 161 publications were retrieved. Publications were subsequently evaluated
based on the abstract (independently by two reviewers). Publications were excluded
if published in a language other than English, they reported in-vitro or animal studies,
or were mechanistic papers. Review papers identified from the 161 papers were
screened for potential additional studies that were not retrieved via the systematic
review. This evaluation process resulted in 59 publications being identified for full
review by two reviewers. Upon full review, 31 studies were additionally excluded due
to various criteria such as results being reported in earlier studies, no report of any
biomarker results, volunteer studies or method development papers. One paper by De
Palma et al. (2012), could not be retrieved. One relevant paper, by Jones et al. (2017),
was missed by the predefined search criteria. Twenty-eight publications were then
taken forward to the next stage of the review process.

Data from these publications were extracted by using a bespoke template that
collected information on: study type, study participants, chemicals investigated, type
of biomarker and matrix, measurement techniques and quality assurance. In order to
compare results across studies, we standardized results as far as possible as
pmol/mol creatinine for urine (converting any uncorrected values using an
approximate creatinine value of 12 mmol/L (Cocker et al., 2011) and marking any
approximate corrections as ~), nmol/L for plasma, and pmol/g for haemoglobin (Hb)
and albumin.The publications were reviewed and ranked independently by one of two
reviewers using a modified version of the LaKind scoring criteria (Table 1) (LaKind et
al.,, 2014). The LaKind criteria were developed to assess study quality for non-
persistent biomarker studies and were used here to give an indication of the overall
quality of the study. This considers the specificity of the biomarkers used and the
analytical techniques, the quality of the study design, sample handling and quality
assurance. A sample of papers (15, ~20%) was independently scored by both
reviewers, with the results being compared for quality assurance purposes. Very few
instances were identified where scoring was diametrically opposed (one reviewer
scored Tier 1 (highest quality), the other Tier 3 (lowest quality). Both sets of scoring
for these sample papers were reviewed by a third researcher with discussion on
harmonizing scoring approaches for the remaining papers. Papers were scored
against eight categories with the total score potentially ranging from 8 (highest quality)
to 24 (lowest quality), see Table 1.
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Table 1. Adaptation of LaKind scoring criteria for isocyanates mini-review. Each paper was scored from 1 (Tier 1)
to 3 (Tier 3) for each of the eight components, giving total possible scores from 8 (highest quality) to 24 (lowest
quality).

Assessment
component

TIER1

TIER 2

TIER 3

Study participants

Chemicals under
investigation
Exposure
biomarker and
matrix

Biomarker
specificity

Technique

Method
characteristics —
Any specific
weaknesses in
study design
leading to a TIER
3 score to be
noted.

Quality assurance

Matrix
adjustment

>20 occupationally exposed
individuals

HDI, TDI and/or MDI

Biomarker in a specified
matrix has accurate and
precise quantitative
relationship with external
exposure, internal dose, or
target dose e.g. diamines, Hb-
adducts

Biomarker is derived from
exposure to one parent
chemical.

Instrumentation that provides
unambiguous identification
and quantitation of the
biomarker at the required
sensitivity (e.g., GC-HRMS,
GC-MS/MS, LC-MS/MS).
Acceptable LoD

Samples with a known history
and documented stability data
or those using real-time
measurements.

Samples are contamination-
free from time of collection to
time of measurement (e.g., by
use of certified analyte-free
collection supplies and
reference materials, and
appropriate use of blanks both
in the field and lab). Research
includes documentation of the
steps taken to provide the
necessary assurance that the
study data are reliable.

Study has used external QA
where appropriate

Study includes results for
adjusted and non-adjusted
concentrations if adjustment is
needed. 24 h total urine
collection is considered tier 1.

5-20 occupationally
exposed individuals

IPDI, NDI

Evidence exists for a
relationship between
biomarker in a specified
matrix and external
exposure, internal dose,
or target dose but limited
application e.g. other
protein adducts or
conjugates

Biomarker is derived from
a limited number of
parent chemicals, such as
diamines.
Instrumentation that
allows for identification of
the biomarker with a high
degree of confidence and
the required sensitivity
(e.g., GC-MS, GC-ECD).

Stability not specifically
assessed, but samples
were stored appropriately
and analyzed promptly.
Study not
using/documenting these
procedures.

Some QA used (note
details)

Study only provides
results using one method
(matrix-adjusted or not).

Any other study (<5
occupationally exposed
individuals, volunteers,
general population)
Any other isocyanates

Biomarker in a specified
matrix is a poor surrogate
(low accuracy and precision)
for exposure/dose e.g.
experimental biomarkers,
non-specific markers such as
general effect markers

Biomarker is derived from
multiple parent chemicals
with varying types of
adverse endpoints.
Instrumentation that only
allows for possible
quantification of the
biomarker but the method
has known interferants (e.g.,
GC-FID, spectroscopy).

LoD above current state-of —
the-art

Specific reason to query
stability. E.g. samples with
unknown history or known
issues.

There are known
contamination issues and no
documentation that the
issues were addressed.

No QA

No established method for
adjustment (e.g.,
adjustment for hair, saliva)
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Results

Overview of various biomarkers available

Several biomarkers and matrices have been used to study diisocyanate exposure.
Considering the very high chemical reactivity of diisocyanates molecules due to the
two NCO chemical groups, the direct analysis of the parent compounds in human
matrices, like urine or blood, is not possible. For this reason, the biomonitoring
techniques used to monitor diisocyanates exposure investigate the presence of
products of chemical degradation, such as diamines in urine, or products of
metabolism, such as acetylated amines or protein adducts in urine or blood samples.
Here, we will provide an overview of the available biomarkers, including reported
suitability and half-life.

Amines

The majority of the papers accessed for this review (>90%) studied the corresponding
diamines in either urine or plasma. This is based on analysing isocyanate derived
diamines released by hydrolysis of protein adducts in plasma or urine (Cocker, 2007).
The corresponding diamines for the three diisocyanates in this review are
hexamethylene diamine (HDA) for HDI, toluene diamine (TDA) for TDI (both isomers)
and methylene dianiline (MDA) for MDI. Since the elimination half-lives of these
derived diamines in urine are relatively short (2-5 h), urine samples should be
collected at the end of exposure (i.e. end of workshift for occupational exposure).
Indeed, most of the papers here report post-shift samples (‘spot’ samples in the case
of urine) although some also report pre-shift and others after a weekend. Diamines
are not specific, i.e. diamines themselves can also be common industrial chemicals .
In addition, where the primary exposure is not to the diisocyanate monomer
(particularly HDI exposures), it is unclear whether the diamine method is measuring
only monomer exposure; data suggest that it may be more than just monomer but
unlikely to include all oligomers/pre-polymers (Cocker, 2011).

Protein adducts

Protein adducts, isolated from blood samples, can be divided in two groups: albumin
adducts and Hb adducts (Sabbioni et al., 2007). The first group can be produced by
direct reaction of diisocyanates with the protein, or through an intermediate step where
diisocyanates react with glutathione, in both cases adducts of albumin are formed
(Figure 1). These adducts are considered specific biomarkers of diisocyanates
exposure; only molecules that contain one or more isocyanate (N=C=0) group can
react directly with albumin or through an intermediate step with glutathione (Sabbioni
et al., 2010). For albumin adducts, the most studied molecules are represented by
MDI or acetyl-MDI reacting with lysine residues (MDI-Lys and AcMDI-Lys). It has been
shown that albumin adducts, having a half-life of 20-25 days, could be used for the
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determination of short to medium-term exposure to diisocyanates (Sabbioni et al.,
2010).

X=H: MDA
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Figure 1 — General overview of the metabolic pathway of 4,4-MDI, as proposed by Gries et al. (2013); Sabbioni et
al. (2010); Sabbioni (2017)

The second group of protein adducts, the Hb adducts, are formed through the reaction
between diisocyanates and globin proteins. Hb adducts are also assumed to form
through an intermediate step where diisocyanates react with glutathione (Gries and
Leng, 2013). These Hb adducts can be measured directly (Gries and Leng, 2013) and
are therefore specific, or they can be released by hydrolysis, resulting in diamines and
are therefore non-specific. Hb has a lifetime of 120 days and its adducts therefore
reflect longer-term exposure to diisocyanates (Flack et al. 2011).

Whilst the mechansims of sensitization are still unclear, it seems that glutathione
conjugates may promote immune responses (Wisnewski et al, 2013) and therefore
albumin adducts could potentially be considered biomarkers of effect as well as
exposure.

Biomarker data

For amines data, the presented results focus on post-shift samples as these are most
commonly reported and allow comparison between studies.

HDI

Reported biomonitoring levels

HDI is predominately used in spray paints within the motor vehicle repair (MVR)
industry, see Table 2 for a summary of the studies identified. Seven studies were
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identified as being from the MVR sector, two of these are from European countries
(UK and Netherlands) (Jones et al., 2013; Pronk et al., 2006). The number of workers
in all these studies varies substantially from 45 (Netherlands) to 995 (UK). The
Netherlands study (Pronk et al., 2006) observed urinary HDA levels up to 150.2 ug/g
creatinine (146.5 pmol/mol creatinine). Sampling was carried out at multiple time
points throughout the day with the highest mean exposures occurring between the
early afternoon and evening. Mean exposures for these time points were all ~20
pmol/mol creatinine. This is high compared with the UK study results (Jones et al.,
2013) where the maximum result was ~20 pmol/mol creatinine and to an Australian
study of 196 MVR workers which had almost 100% ‘none detects’ with only three
results above the limit of quantification (LoQ) of 0.5 ymol/mol creatinine (Hu et al.,
2017). Also the Netherlands may be considered high in comparison to results from the
USA (Gaines et al., 2010) that reported post shift urine samples with HDA levels
between <0.04 and 65.9 ug/L (~<0.03 — 47.3 pmol/mol creatinine).

Other industry sectors have not been so well studied, with only two UK studies adding
to the list. These were studies at small and medium sized enterprises (SMEs)
producing polyurethane elastomer (Cocker et al., 2009) and a survey of SMEs with a
variety of uses (Creely et al., 2006). Results were reported as total isocyanates (HDA
+ TDA + MDA + IPDA urine levels) and so it was not possible to compare HDI exposure
with other studies. There were a low number of detects in the polyurethane (PUR)
study (Cocker et al., 2009), with 9 of the 13 positive sample results being above the
UK biological monitoring guidance value of 1 umol/mol creatinine showing potential
for individual exposure in this industry (HSL, 2005).

One of the biomarkers reported for the first time was TAHI (trisaminohexyl
isocyanurate), a specific metabolite to the oligomer HDI isocyanurate (Robbins et al.,
2018). TAHI was detected in a third of the 111 exposed workers. Most of the data in
the retrieved studies from the MVR described exposure to the HDI monomer (due to
methods and standards not being available for oligomer exposure detection in urine
prior to 2018) even though oligomers make up the bulk of 2-pack spray paints
(Rosenberg and Savolainen, 1986; Fent et al., 2008). Pronk et al. (2006) also
demonstrated significantly higher concentrations of HDI oligomers in personal
inhalation samples when compared with HDI monomer. Mean values of NCO
(isocyanate content) exposure for sprayers was 2.1 pg/m3 of NCO from monomer
exposure and 116.3 ug/m?3 of NCO from oligomer exposure.

Correlations

Some studies show a relationship between plasma levels of HDA and air levels of HDI,
such as a US MVR study (Flack et al., 2010) here plasma HDA levels were weakly
correlated (r = 0.22) with personal inhalation exposure samples. A study in the
following year (Flack et al., 2011) from the same researchers showed that plasma
HDA correlated best with inhalation exposure when taking cumulative exposure into
account, r=0.61. This was also observed for Hb adducts, however Hb and plasma
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levels were not correlated, most likely due to the different turnover times of these
proteins in the body. Gaines et al. (2010) and Pronk et al. (2006) reported that dermal,
as well as inhalation exposure, was a significant predictor of urinary biomarker levels.
DI

Reported biomonitoring levels

TDl is a volatile diisocyanate used in foam blowing, glues/adhesives and lacquers, see
Table 3 for a summary of the studies identified.
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Continuous foam production has been the most studied individual process [six papers
from five different European Union (EU) countries], although the number of workers
per study was generally small (N <30) (Table 3). Maximum observed results ranged
from 3.9 pymol/mol creatinine (Swierczynska-Machura et al., 2015) to 97 pmol/mol
creatinine (Geens et al., 2012).

Moulding processes have been studied in larger (n=18 — 90) worker populations than
for continuous foam production (n= 4 - 26) but were only reported in two countries: the
UK (Cocker et al., 2009; Keen et al., 2012) and Sweden (Sennbro et al., 2004;
Tinnerberg et al., 2014). If mixed processes (which include some moulding companies
but results are not reported separately) are included (Littorin et al., 2007; Sakkinen et
al., 2011) then three countries are covered (UK, Sweden and Finland) and maximum
results for urinary TDA range from ~3.2 (Tinnerberg et al., 2014) to ~110 pmol/mol
creatinine (Sennbro et al., 2004). If the Sennbro study (2004) is excluded, the results
are more comparable across studies, with maximum urine TDA levels of ~3.2
(Tinnerberg et al., 2014), >6.5 (Keen et al., 2012), only 90th percentile reported), 15.5
(Cocker et al., 2009), ~29.3 (Littorin et al., 2007) and 39 (Sakkinen et al., 2011) being
reported; all results in umol/mol creatinine.

There were very few studies looking at other uses of TDI, such as glues, spray
adhesives or heat guns; these were sometimes included in “mixed” studies involving
multiple sites but the results were not reported separately. Sakai et al. (2005) reported
on urethane spray painting for lacquering musical instruments. This study showed a
good correlation between urine TDA and airborne TDI (r>0.9 for post-shift creatinine-
corrected urinary 2,6-TDA and 2,6-TDI). Results up to 19 ymol/mol creatinine were
reported. One study (Rosenberg et al., 2002) examined thermal degradation
processes such as cutting, welding and grinding. Airborne levels were generally less
than 5% of the occupational exposure limit (OEL) and urine TDA levels were very low
(all less than 1 pmol/mol creatinine).

Correlations

Except where respiratory protective equipment (RPE) use or skin contact was
significant (and noted), there was generally a strong correlation (r>0.8) between urine
TDA and airborne TDI (Swierczynska-Machura et al., 2015; Geens et al., 2012;
Sennbro et al., 2004; Littorin et al., 2007; Sakai et al., 2005; Sakkinen et al., 2011).
However, the resulting estimates of a urine TDA level from a 5 ppb TDI exposure
varied significantly from 4.1 ymol/mol creatinine (Swierczynska-Machura et al., 2015);
(only based on GM correlations) to ~66 umol/mol creatinine (Sennbro et al., 2004).

Fewer data were presented on correlation with air monitoring in other studies
compared to continuous foam production (Table 3) although Sennbro et al. (2004),
Littorin (2007) and Sakkinen (2011) all report positive correlations (r>0.75).
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No specific albumin adducts of TDI have been measured in plasma samples, only
plasma TDA was assessed after alkaline or acid hydrolysis. Sakkinen et al. (2011)
analysed 2,4-TDA (6 — 270 nmol/L) and 2,6-TDA (3 — 310 nmol/L) in plasma after acid
hydrolysis with sulphuric acid 3M (100° C for 16 h) and found a very good correlation
(r=0.91) between the plasma total TDA and the airborne TDI. Sennbro et al. (2004),
Littorin et al. (2007) and Tinnerberg et al. (2014) used basic hydrolysis with 0.3 M
NaOH (24 h) in order to measure plasma concentration of TDA. Similarly to Sakkinen
et al. (2011), both Sennbro (2004) and Littorin (2007) found same range levels of
plasma TDA as well as good correlations with the air levels of TDI (r=0.50 for 2,4-TDA
and 0.78 for 2,6-TDA; and r=0.72 for 2,4-TDA and 0.86 for 2,6-TDA, respectively).

As for albumin adducts, no direct measure of TDI Hb adducts has been performed.
Sakkinen et al. (2011), after isolation of globin and acid hydrolysis with sulphuric acid
3M (100° C for 16 h), were able to quantify 2,4-TDA (13 - 120 pmol/g) and 2,6-TDA
(12 - 210 pmol/g) in globin, as representative for Hb adducts, but no correlation was
observed between the Hb total TDA and airborne TDI. This might be, amongst others,
due to the relatively low number of detects among the occupationally exposed workers
(n=4 for 2,4-TDA and n= 10 for 2,6-TDA), or Hb total TDA might be a reflection of long-
term exposure unlike airborne TDI measurements.

MDI

Reported biomonitoring levels

Available studies on MDI (Table 4) are mostly from the PUR sector with five papers
classified under PUR production/use (Robert et al., 2007; Sennbro et al., 2006;
Cocker, 2009; Keen et al., 2012; Rosenberg et al., 2002). Exposures reported in
studies from France (Robert et al., 2007) and Sweden (Sennbro et al., 2006) are in
reasonable agreement; urine levels of MDA up to 33.7 ug/g creatinine (19.2 ymol/mol
creatinine) in the Robert (2007) study and 78 ug/L (~32.6 pmol/mol creatinine) in the
Sennbro (2006) study. Low levels were reported in the UK PUR elastomer industry
with only six of the 71 workers sampled having detectable exposures (<0.5 — 0.7
pmol/mol creatinine) in one study (Cocker et al., 2009) and a reported 90th percentile
of 0.5 ymol/mol creatinine in a second study (Keen et al., 2012). A study conducted in
Finland (Rosenberg et al., 2002) examined exposure to thermal degradation products
of PURs in a number of processes including grinding and welding in MVR, milling and
turning of PUR-coated metal cylinders, injection moulding, welding and cutting heating
pipes, joint welding, and heat-flexing of PUR floor covering. Exposures were low
overall (0.01 — 3.1 pmol/mol creatinine) with pipe layers receiving the highest
exposures.

One paper was identified from Sweden (Littorin et al., 2000) in which 150 workers were
using glue containing MDI, with some of these workers using the glue heated.
Maximum MDA urine levels from workers using heated glue were over five times
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higher than those using non-heated glue, 9.4 ug/L (~3.9 ymol/mol creatinine) and 1.8
pg/L (~0.8 ymol/mol creatinine), respectively.

Three papers were identified from the construction industry (Sabbioni et al. 2007,
2010; Henriks-Eckerman et al., 2015). Urine MDA levels were low for both study
groups; 0.017 -16.4 nmol/L (~0.001 — 1.4 ymol/mol creatinine) in a Switzerland study
(Sabbioni et al., 2007) and 0.1 — 0.2 ymol/mol creatinine in a Finnish study (Henriks-
Eckerman et al., 2015). Workers were reported to be involved in a range of activities,
including spray foaming which could generate higher exposures, but RPE was used
in the majority of cases.

In the 2007 study from Sabbioni, MDA in urine from acid hydrolysis correlated well
with acetyl MDA (acMDA), released by alkaline hydrolysis, and Hb-MDA with r = 0.86
and r = 0.39 respectively (p < 0.01). Inhalation and dermal were both identified as
routes of exposure in the study of Finnish workers (Henriks-Eckerman et al., 2015);
this was also the only study to report dermal concentrations (88% workers <2 ug
MDI/10cm? on hand). A French PUR study of 169 workers also noted evidence of
dermal exposure (Robert et al., 2007).

Specific albumin adducts (MDI-Lys and AcMDI-Lys) have been measured by Sabbioni
et al. (2010) in two groups of workers: construction workers (n=65) and workers of a
non-specified MDI plant (n=27). The specific biomarker MDI-Lys, was found in 63%
of the construction workers, in 64% of the plant workers, and in only 15% for the control
group. In Sabbioni et al. (2017) a higher concentration (750 pmol/g) was found in
workers with asthma who had recently worked with MDI compared with asthmatic
workers who had not used MDI for more than 3 months (MDI-Lys 191 pmol/g). These
MDI- Lys biomarkers are more specific than hydrolyzed MDA levels (as they are not
confounded with MDA itself) and can be used as exposure biomarkers. Sabbioni
(2007) found that these biomarkers accumulate in the body over time. Elevated levels
were observed in workers samples after working with MDI over a period of 4 — 7
months.

Gries and Leng (2013) have found a higher concentration of the specific MDI
biomarker ABP-Val-Hyd in exposed workers (0.15-16.2 pmol/g) compared with non-
exposed workers (below LoQ). Sakkinen et al. (2011) measuring MDA after acid
hydrolysis of globin, found the same order of magnitude between exposed and non-
exposed workers; this is most likely due to the hydrolysis releasing non-specific
adducts and converting them to MDA.

Correlations

Although MDI is less volatile than HDI and TDI, correlations with air levels were still
observed. Sennbro et al. (2006) reported weak but significant correlations (r>0.5) with
air levels for both urine (p <0.01) and plasma (p < 0.05) biomarkers. The Finnish study
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from the construction industry (Henriks-Eckerman et al., 2015) observed that the use
of RPE led to lower post shift urine levels of MDA.

Sakkinen et al. (2011) reported urine MDA levels of workers (n = 65) at 0.015 - 1.4
pmol/mol creatinine in post shift samples and plasma concentrations of MDA at 9 — 13
nmol/L. There were insufficient positive plasma results to investigate correlations
between urine and plasma levels of MDA. Tinnerberg et al. (2014) reported MDA urine
levels of workers (n =21) at 0.5 - 8.4 pg/L (~0.2 — 3.5 ymol/mol creatinine) and plasma
concentrations of MDA at 0.4 — 19.4 pg/L (2.0 - 98.0 nmol/L). Significant correlations
(p < 0.01) were seen between plasma MDA and urinary MDA levels (r = 1.000, 0.988,
and 0.986 for unadjusted, specific gravity adjusted and creatinine adjusted urine
respectively) (Tinnerberg et al., 2014).These results cannot be directly compared to
the Sakkinen study as the samples were taken on a Monday morning after a weekend
of no exposure.

Discussion

Biomarkers for biomonitoring of diisocyanates

The majority of the papers (> 90%) assessed for this review studied the corresponding
diamines in either urine or plasma. Where both have been studied, a good correlation
(r>0.85) is generally seen between diamines in urine and plasma (Tinnerberg et al.,
2014; Tinnerberg and Mattsson, 2008; Sennbro et al., 2003) although significant
individual variation was observed and correlations could not be compared between
studies due to sample collection differences or the way the data were reported. Aside
from the diamine biomarkers, the quantity of identified literature published is limited.
The use of adducts has been investigated by several research groups although
different adducts have been used such as diisocyanate-specific Hb adducts, diamine-
specific Hb adducts and diisocyanate-specific albumin adducts. One major benefit of
the adduct biomarkers is the ability to study exposures over the longer-term; amines
are really only representing same day or previous day exposures whereas adducts
can represent exposures over weeks (albumin) and months (Hb). It is probably
necessary to consider both peak and chronic exposures in the assessment of
occupational asthma risk as the exact mechanisms of sensitization and exacerbation
are still unclear. Development of more specific biomarkers (U-TAHI for HDI-
isocyanurate, ABP-Val-Hyd for MDI, MDI-lysine for MDI) is reported by individual
papers. These are yet to be used widely and there are potential issues with standards
(they are not commercially available yet) so demonstrating comparability of results will
be difficult initially. To date there are few data correlating adducts to diamines or
airborne levels so these cannot be interpreted with respect to risk at this time. Although
the LaKind scoring criteria provide useful clarity on the strengths and weaknesses of
papers when considering papers as part of a review, the ‘total score’ is less useful as
papers that have different strengths may have the same ‘total score’. The ‘total score’
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should therefore not be the sole consideration when differentiating papers. Despite
this, the best quality papers can be identified by a low score. From this review, it is
clear that many papers still do not adequately present methodological details (often
citing another paper with no relevant details in the present paper). Other factors, such
as quality assurance and sample handling, are also often not reported although they
may have in fact been done. There is therefore a need for journal reviewers to request
these details more often. Given the widespread facility to submit supplementary data
for papers, more reporting of both corrected and uncorrected urine data should be
encouraged because there is still not always a consensus on whether particular
biomarkers are best reported in one or other format. Some criteria (such as study size)
do not reflect quality per se but rather the generalizability of the study results to other
scenarios.
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Reported biomonitoring levels

With regard to our second aim: we have provided an overview of available studies on
reported exposure in available diisocyanate biomonitoring studies. About half of the
studies were prior to 2010 hence perhaps do not reflect current workplace exposures,
especially given subsequent EU restrictions and more recent product developments
(ECHA, 2010). Also we noticed that a substantial number of studies measured
airborne levels below the OEL. This indicates that secondary exposures such as
cutting, welding and grinding (after curing) are likely to be minimal. Exposure levels
can only be considered for the urinary and plasma diamines where there is a sizeable
body of data. There is large variability within and between studies and across sectors
making it difficult to identify high risk sectors. The observed large variability indicates
that elevated exposures are most likely due to individual (whether worker or
workplace) factors rather than reflecting an industry or a process as a whole.

Austin (2007) observed that “handlers” of foam blocks had much greater urinary TDA
levels (by up to 20 times) for the same airborne TDI exposure as “non-handlers”. This
finding points to the potential for dermal TDI uptake although co-exposure to TDA
(known to be well absorbed through the skin and shown to be generated in foam
blowing processes (Jones et al., 2017) possibly contributed to the body burden.

The short half-lives of amines and the timing of sampling in relation to the activities
are probably also influential and another factor that could contribute to the observed
large variability is the use of RPE; when comparing the studies on HDI in the MVR we
noticed that virtually all sprayers in the UK study wore air-fed visors whereas these
were not used in the Netherlands. Swierczynska-Machura et al.(2015) also stated that
the lack of observed correlation with air levels in their study could be due to the use of
RPE.

Another possibility for the observed variability is the potential issue with comparing
TDI results across studies with regard to the different sample hydrolysis procedures.
Generally, one of three different conditions is applied (acid hydrolysis for 1.5 hours,
acid hydrolysis for 16 hours or alkaline hydrolysis for up to 24 hours). Alkaline
hydrolysis has been reported to give higher results as more adducts are released.
Note, e.g., that Geens et al. (2012) and K&aria et al. (2001) used the higher release
alkaline method in comparison to the other TDI biomonitoring studies (Table 3).

A couple of papers (Sakai et al., 2005; Sennbro et al., 2003) examined different
hydrolysis conditions and concluded that the results from the different techniques are
well correlated but that alkaline hydrolysis can result in ~50% higher results in urine
and ~10% higher in plasma. Such differences are not so extreme as to negate a
comparison of the different studies, processes and exposure risks so we have not
‘corrected’ reported results for hydrolysis method. Furthermore, although methods are
well described and published by respected institutes, the lack of reported external
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quality assurance means that direct equivalence of the studies cannot be assumed.
Although this issue is not specific to diisocyanates, it is an area where journals could
seek to improve reporting. It also highlights the value of studies such as HBM4EU
(www.hbm4eu.eu) and DEMOCOPHES (Casteleyn et al., 2015) where significant
effort has gone into ensuring that results from different studies/countries within the
project are comparable.

Research gaps

We have identified a number of research gaps based on an analysis of the available
data. Firstly, much of the focus of diisocyanate exposure assessment has been,
naturally, inhalation exposure (given it causes occupational asthma) however several
studies (Austin, 2007; Robbins et al., 2018; Robert et al., 2007) indicate the possibility
of dermal absorption or the need to further investigate routes of exposure (Keen et al.,
2012). As these studies have used the diamine biomarkers, it is not certain that any
dermal uptake is from the intact diisocyanates. Obviously one of the primary
advantages of using biomonitoring is that exposures when relying on RPE or where
skin uptake is possible are difficult to assess by other means. Further, in general, we
found that most studies showed a fair correlation between urinary amines levels and
airborne measurements. However, in some cases where dermal exposure was likely
or RPE was used, the correlation was weaker. This also illustrates the added value of
taking biomonitoring samples.

Furthermore, the vast majority of papers discovered were studying HDI, TDI and/or
MDI. There were brief mentions of NDI (Tinnerberg et al., 2014; Tinnerberg and
Mattsson, 2008) and IPDI (Creely et al., 2006) however, these were not a focus of the
review and so not specific search terms in the initial literature search. One of the new
‘innovations’ in isocyanate use has been the introduction of so-called “blocked
isocyanates” into paints and coatings, where the —-NCO group is chemically blocked
until the reaction process (which usually takes place in an enclosed booth or oven).
This is proposed to be a safer use although the diisocyanate is still released during
the reaction process. No papers were found looking specifically at the exposures from
blocked diisocyanates so the assumption of safer use has not been demonstrated and
may warrant investigation.

Lastly, we looked into potential research gaps with regard to industrial sectors studied.
For TDI, there is a reasonable amount of data on flexible foam production (Poland,
Sweden, UK, Belgium, and Finland). Less data are available for the uses of TDI in
rigid PUR manufacture and the use of heated glues. Littorin et al. (2000) suggest that
heated glues may present a greater exposure risk than unheated glues.

The available MDI data are mainly from the PUR industry with just one study looking
at exposure from glues and two concerned with the construction sector where there
are potentially several different sources of exposure such as sprayed insulation. Paint
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spraying in MVR has long been considered potentially high risk due to the very high
concentrations of HDI that have been measured in spray booths (hundreds to
thousands of ug/m?3, well in excess of current exposure limits). Whilst MVR has been
well studied globally (including in the Netherlands and UK in Europe), exposures in
other transport sectors such as aerospace, shipping and large commercial vehicles
have not been widely reported, with data only available from Netherlands (Pronk et
al., 2006). These sectors may present different exposure issues as the use of enclosed
spray booths is impractical. The most relevant industrial uses of diisocyanates have
been reported to be in the manufacturing of: diisocyanate compounds themselves,
PUR and PUR composite materials, foam (spray foam applications), coatings and
adhesives (RAC/SEAC, 2017). The direct manufacture of PUR plastic materials
accounts for more than 90% of the use of diisocyanates. We did not find any European
studies on manufacture of spray adhesives or coatings; hence these sectors might
also be worthwhile investigating.

The use of MDI, TDI and HDI has been recently proposed to be restricted in the EU
unless specific conditions for workers’ training and risk management measures apply
(RAC/SEAC, 2017/ 2018). The aim of the restriction is not, however, to ban the use of
diisocyanates but rather to improve the control of diisocyanate use by obligatory
training for good working practices and risk management. There is evidence that
exposures can be well controlled within a study population e.g. 98% of 196 workers
less than LoQ (Hu, 2017), >90% of 995 workers less than Great Britain guidance value
of 1 umol/mol creatinine (Jones et al., 2013), both for HDI in MVR. However there are
also examples of significantly elevated results of up to 100 ymol TDA/mol creatinine
(Geens et al., 2012; Sennbro et al., 2004), which are well in excess of the American
Conference of Governmental Industrial Hygienists guidance value (ACGIH, 2019) of
4.6 uymol/mol creatinine, meaning that health effects cannot be ruled out. This is the
first time that this type of restriction has been proposed at the EU level and there might
be an interest to follow-up on the effectiveness of the restriction if implemented. This
review has highlighted the wide range of results that can be found within workers,
workplaces and sectors. If the restriction proposal on diisocyanates does come into
force, it should have an impact on the exposure to diisocyanates, but small and
medium enterprises (with the cost implications of the restriction and being traditionally
hard to reach) may still pose a challenge. Therefore, a follow-up on the effectivity
especially in SMEs is of high interest to evaluate whether exposures overall have been
reduced through improved training (the restriction proposal), as has been seen to
some extent in the UK (Piney, 2015).

Conclusion

Based on a systematic review we provide a comprehensive summary on available
biomarkers and matrices for diisocyanate exposure. Further, we summarized available
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occupational diisocyanates biomonitoring studies published since 2000 including
reported exposure levels, and discussed the studies in detail. Although biomonitoring
studies have a number of advantages over external exposure measurements - for
example when dermal exposure is likely or when respiratory protection is used - this
review has highlighted the need for a harmonized approach to study and report
biomonitoring levels; also to provide a baseline against which the success of the
recently proposed restriction can be evaluated. We identified several knowledge gaps
which could further aid studying diisocyanates biomonitoring levels: (i) the
development of specific biomarkers is promising (e.g. to study oligomers of HDI which
have been largely neglected to date) but needs more research before they can be
widely applied, (ii) a more uniform approach of analytical methods would make
comparisons between studies easier, and (iii) dermal absorption seems a possible
exposure route and needs to be further investigated.
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Chapter 4

Abstract

Diisocyanates are highly reactive substances and known causes of occupational
asthma. Exposure occurs mainly in the occupational setting and can be assessed
through biomonitoring which accounts for inhalation and dermal exposure and
potential effects of protective equipment. However the interpretation of biomonitoring
data can be challenging for chemicals with complex kinetic behavior and multiple
exposure routes, as is the case for diisocyanates. To better understand the relation
between external exposure and urinary concentrations of metabolites of
diisocyanates, we developed a physiologically based kinetic (PBK) model for
methylene bisphenyl isocyanate (MDI) and toluene di-isocyanate (TDI). The PBK
model covers both inhalation and dermal exposure, and can be used to estimate
biomarker levels after either single or chronic exposures. Key parameters such as
absorption and elimination rates of diisocyanates were based on results from human
controlled exposure studies. A global sensitivity analysis was performed on model
predictions after assigning distributions reflecting a mixture of parameter uncertainty
and population variability. Although model-based predictions of urinary concentrations
of the degradation products of MDI and TDI (i.e. MDA and TDA) for longer-term
exposure scenarios compared relatively well to empirical results for a limited set of
biomonitoring studies in the peer-reviewed literature, validation of model predictions
was difficult because of the many uncertainties regarding the precise exposure
scenarios that were used. Sensitivity analyses indicated that parameters with a
relatively large impact on model estimates included the fraction of diisocyanates
absorbed and the proportion of diisocyanates that was assumed to bind to albumin
(versus that binding to other macromolecules). We additionally investigated the effect
of timing of exposure and intermittent urination, and found that both had a considerable
impact on estimated urinary levels. This suggests that these factors should be taken
into account when interpreting biomonitoring data and included in the standard
reporting of isocyanate biomonitoring studies.
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Introduction

Diisocyanates are a group of highly reactive substances with two isocyanate functional
groups. Diisocyanates are potent skin and respiratory tract sensitizers and a leading
cause of occupational asthma in many industrial countries (Lockey et al. 2015; Malo
and Chan-Yeung 2009). Exposure occurs mostly in occupational settings where these
chemicals are widely used (RAC 2020a). Measuring diisocyanate exposure is
indispensable for compliance with exposure limits and accurate risk assessment.
However, measuring inhalation exposure to diisocyanates is technically challenging
due to their reactivity (Health Council of the Netherlands 2018). In addition, air
sampling does not provide information on dermal exposure. There is evidence that
dermal exposure to diisocyanates plays a role in the development of respiratory
sensitization and occupational asthma (Bello et al. 2007; Redlich 2010). Air
measurements, typically performed outside the respiratory protective equipment
(RPE) do not take into account the efficacy of RPE that is often used (McNally et al.
2012). However diisocyanates have complex kinetic behavior which hampers
interpretation of biomonitoring data. From controlled human exposure studies after
single diisocyanate exposures (Skarping, Brorson, and Sangd 1991; Torbjorn Brorson,
Skarping, and Sango 1991; Budnik et al. 2011) we know that diisocyanates generally
have a short half-life. As such, the interpretation of biomonitoring data is influenced by
recent temporal factors such as the exposure scenario on that day (i.e. moment of
exposure, exposure duration and exposure route) as well as subject behavior (i.e. use
of PPE, moment of urination). Biomonitoring studies in chronically exposed workers
indicate possible accumulation as elevated urinary amines in samples taken before
the work shift on Monday morning have been reported (Tinnerberg et al. 2014; Geens
et al. 2012). It has been hypothesized that this is due to formation of albumin adducts
which circulate in the blood before being degraded and excreted (Health Council of
the Netherlands 2018; ATSDR 2018). This is referred to as a two phase urinary
elimination pattern, with the first phase being related to the more recent exposure and
a half-life over several hours, and the second much slower one probably related to the
degradation of TDI and MDI conjugates (Lind et al. 1996).

Here we aimed to give quantitative insight on how urinary biomarkers of diisocyanate
exposure are affected by several factors - including potential dermal exposure,
accumulation in chronically exposed workers and differences between diisocyanates
in elimination kinetics. For these purposes physiologically based kinetic (PBK) models
can be applied as they are known to be useful tools in data analysis to interpret the
relation between external and internal exposures (Hoer et al. 2020). PBK models use
differential equations to estimate the concentration of a chemical or its metabolites in
urine or blood. A PBK model can extrapolate across exposure scenarios (thereby
reducing the need for data on specific exposure scenarios), and help understand
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which parameters are most influential for kinetic and dynamic behavior of the chemical
in question.

To that end we developed a PBK model for diisocyanates, focusing on two of the most
commonly used isocyanates: 4,4’-methylene diphenyl diisocyanate (MDI) and toluene
diisocyanate (TDI). To our knowledge there are two published PBK models available
for (degradation products of) diisocyanates. Luu, Hutter, and Bushar (1998) developed
a model to estimate exposure to 2,4-toluenediamine (TDA; a degradation product of
TDI) as released from the degradation of the polyester urethane foam used in silicone
breast implants. The other PBK model was developed to model exposure to 4,4-
methylenedianiline (MDA, a degradation product of MDI) from the potting materials of
hemodialyzers (Luu and Hutter 2000). Until now there is no PBK model available for
diisocyanates that estimates biomarker levels in urine after chronic exposure to TDI or
MDI via both inhalation and dermal exposure, and includes accumulation of metabolite
levels due to the formation of plasma adducts. For deriving diisocyanate biological limit
values based on external health based limit values (i.e. occupational exposure limits
(OEL)), current practice is to derive correlation formulae based on occupational
studies that report both air and urine measurements. We hypothesized that it would
be useful to develop a PBK model to better understand and characterize how factors
such as the exposure scenario and subject behavior have an effect on the presumed
external — internal exposure relation.

Methods

PBK Model
Model structure

Our proposed diisocyanate PBK model (figure 1) includes the following main
compartments: lungs, skin, gut, gut lumen, liver, arterial blood, venous blood, and all
other (“remaining”) parts of the body. Because diisocyanates are known to reside in
the lungs for some time before they are taken up in the blood circulation (ATSDR
2018), we distinguish between a combined alveolar air, epithelial lining fluid and lung
tissue (“interstitial’) compartment and a (“vascular”) compartment that is directly
connected to the systemic circulation. Most diisocyanates are expected to bind rapidly
to albumin and other macromolecules and we therefore distinguish between unbound
(“[ub]”), albumin-bound (“[alb]”), and (other) macro-molecule-bound (“[mcr]”) fractions
within each of the compartments. For MDI, we additionally recognize a metabolized
(“Imet]”) fraction.

The model allows for exposure to diisocyanates through inhalation and through skin
absorption. Following exposure, transport and distribution of diisocyanates across the
different compartments is assumed to be driven by blood flow rates. Elimination of
diisocyanates and their conjugated forms is included in the PBK model via the urine
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or feces. Urinary excretion of absorbed isocyanates is expected to take place
following degradation of albumin and (at least for MDI) after hydrolyzation in the liver
(Schitze et al. 1995). We accommodate the relatively long(er) retention of albumin-
bound diisocyanates by modelling excretion only from the macro-molecule-bound
fraction and using a relatively slow transfer (elimination) from the albumin-bound
fraction into this compartment.
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Figure 1. Schematic picture of physiological based kinetic model for diisocyanates (MDI and TDI).
Differential equations

For each of the compartments shown in figure 1, the amount (in mg) and concentration
(in mg/L) of diisocyanates in each fraction (i.e. unbound, albumin-bound, or macro-
molecule bound) is indicated by Acompartment[f‘raction] and Ccompartment[fraction]
respectively, where the concentration is calculated by dividing the amount by the
compartment volume.

Lungs

The amounts of unbound, albumin-bound, and (other) macro-molecule-bound
diisocyanates in the interstitial lung compartment are described by the following
differential equations:

dt(Aint[ub]) = Qbr * Pgps * Cair - kalb * Aint[ub] - kmcr * Aint[ub] - kvas * Aint[ub]
dt(Aint[alb]) = kalb * Aint[ub] - kelim * Aint[alb] - kvas * Aint[alb]
dt(Aint[mcr]) = Kmer * Aintfup) + keiim * Aint[alb] — kyas * Aint[mcr]
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where Qur is the breathing rate in L/h, Fabs is the fraction absorbed (the non-absorbed
fraction is excreted through the Gl tract, see below), Cair is the inhalation exposure in
mg/L, kaw and kmer are the binding rate constants (unit h™') for binding of unbound
diisocyanates to albumin and other macromolecules, kvas is the transfer rate constant
(unit h™") for transfer from the interstitial to the vascular lung compartment, and keiim is
the elimination rate constant (unit h-') for the degradation of albumin into (smaller)
macromolecules.

The amounts of unbound, albumin-bound, and (other) macro-molecule-bound
diisocyanates in the vascular lung compartment are described by the following
differential equations:

dt(Avastup)) = kvas * Aintfub] — Kaip * Avastub] — kmer * Avastun) + Qc * (Coenfup)
= Cyasfun))
dt(Avasair)) = kvas * Amtfub] + Kap * Avastub] — Ketim * Avastup] + Qc * (Coenfain]
— Cyas(aib])
dt(Avaspmer)) = kvas * Amtimer]) + kmer * Avasfup] + Ketim * Avasfup] + Qc * (Coenfmer]

- Cvas [mer] )

where Q¢ is the cardiac output (in L/h).

Dermal exposure

The amounts of (unbound) diisocyanates on the surface of the skin and stratum
corneum including viable epidermis (scve; see Kruse 2006) are described by the
following equations:

dt(Asurf[ub]) = SAderm * Dderm[ub] - Qscve * (Csurf[ub] - Cscve[ub]) - kevap
* Asu'rf[ub]
dt(Ascve[ub]) = Qscve * (Csurf[ub] - Cscve[ub]) - Kalb[skn] * Ascve[ub] - Pbld[scve]

* Qscpe * Cscve[ub]

with SAderm the exposed surface area of the skin (in cm?), Dderm the dose applied to
the skin (in mg/cm?hour), Clsecve the fat-content adjusted stratum corneum
permeability coefficient transferred into a clearance value (in L/h), kevap the dermal
evaporation rate (unit h''; see below), and pscve the stratum corneum and viable
epidermis to blood partition coefficient. The formula used to calculate the dermal
evaporation rate (Kevap) is loosely based on (ECHA 2009) and includes the molecular
weight (MW) and vapor pressure (VP, unit Pa) of the diisocyanate:

. MW X 8.7 X VP X SAggrm
evap = Cevap X T 539277303.0 » 10

Based on the study by Hamada (2018), the constant cevap Was fixed to achieve an
approximate 50% evaporation rate for MDI.
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The amounts of diisocyanates in the different fractions in the skin compartment are
described by the following equations:

dt(Askn[ub]) = stn * (Ca‘rt[ub] - Cskn[ub]) + Pbld[scve] * Qscve * scvel[ub]

dt(Askn[mcr]) = _stn * LUskn[mer] + Pbld[scve] * Qscve * Qscve[mcr]

where Qskn is the blood flow to and from the skin compartment (in L/h) and K5 iS
the binding rate constant of binding to albumin (and perhaps other macro-molecules)
in the skin. Note that we assume that albumin-bound diisocyanates leave the skin
compartment only after degradation of the albumin (elimination).

General circulation

The arterial and venous blood compartments are subdivided into unbound, albumin
and macromolecule compartments. Because of the high reactivity of diisocyanates,
we assume that no unbound diisocyanates will be available for renal clearance. In
addition, we assumed that only the diisocyanates bound to other macromolecules can
be excreted into urine, so that albumin-bound diisocyanates only become available for
excretion after conjugation (elimination). For simplification, we have modeled renal
clearance via a direct removal from arterial blood rather than including the kidney as
a separate compartment in the PBK model.

The amount of diisocyanates in the different arterial blood sub-compartments is
described by the following differential equations:

dt(Aart[ub]) =Qc* (Cvas[ub] - Cart[ub]) — kap * Aart[ub] — Kmer * Aart[ub]
dt(Aart[alb]) =0Qc* (Cvas[alb] - Cart[alb]) + kap * Aart[ub] — keyim * Aart[alb]
dt(Aart[mcr]) = Qc * (Cvas[mcr] - Cart[mcr]) + kmcr * Aart[ub] + kelim * Aart[alb]

- ngr * art[mecr]
where Q;, is the glomerular filtration rate (in L/h).

The amount of diisocyanates in the different venous blood sub-compartments is
described by the following differential equations:

dt(Aven[ub]) = Qsin * skn[ub] T (Quv + qut) * Cliv[ub] + (Qc — Qskn — Quiv — qut)
* Crem[ub] - Qc * Cven[ub] - kalb * Aven[ub] - kmcr * Aven[ub]
dt(Aven[alb]) =Qc* (Cart[alb] - Cven[alb]) + kalb * Aven[ub] - kelim * Aven[alb]
dt(Aven[mcr]) =0Qc* (Cart[mcr] - Cven[mcr]) + kmcr * Aven[ub] + kelim * Aven[alb]
where Qskn, Qiiv, Qgut, and Qrem are the blood flow rates to and from the skin, liver, gut,
and remaining tissue compartments (in L/h) and Cskn, Civ, and Crem the concentrations

in these compartments. Note that only the unbound fraction is assumed to leave the
circulation and that blood flow from the gut is through the liver.
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Faecal excretion

The fraction of diisocyanates that is inhaled but not absorbed in the lungs is transferred
to the gut lumen compartment. We assume that absorption of diisocyanates from the
lumen into the gut is negligible, so that all diisocyanates in the gut lumen will be
excreted in the feces.

The amounts of unbound diisocyanates in the gut, gut lumen and feces are described
by the following equations:

dt(A_gut[ub]) = qut * (Cart[ub] - Cgut[ub])
dt(Alum[ub) = (1 - Fabs) * Qbr * Cair - kfeces * Alum
dt(Afeces) = kfeces X Apm

where Qgqut is the blood flow into the gut tissue (in L/h) and kreces is the transfer rate
constant (unit h'') of diisocyanates from the gut lumen to the feces.

Liver metabolism

We assume for TDI that all absorbed diisocyanates are conjugated (bound to
macromolecules). This is supported by studies that describe that the majority of TDI
was conjugated to macromolecules in urine after inhalation exposure (Health Council
of the Netherlands 2018; ATSDR 1998). For MDI there is evidence of hydrolysis in
vivo: Schitze et al. (1995) conclude that upon MDI exposure the MDI hydrolysis
product 4,4'-methylenedianiline (MDA) is bioavailable in humans, based on the
presence of free MDA and acetylated MDA hemoglobin adducts (AcMDA) in blood
and urine. Sepai, Henschler, and Sabbioni (1995) also found free MDA and AcMDA in
blood and urine after MDI exposure. We assume that after hydrolysis, metabolized
(“met”) diisocyanate enters the general blood circulation, after which it is excreted in
the urine. Based on the study by Sepai et al. (1995) we expect for MDI that about 10%
of the absorbed dose is excreted in urine as free MDA or AcMDA in urine. We therefore
set the value for the hydrolization rate constant (knyaro) for such that about 10% of
absorbed MDI is hydrolyzed into MDA. In addition, we incorporated a parallel PBK
model for the distribution and urinary elimination of the metabolites after being
generated in the liver compartment.

The amounts of unbound and metabolized diisocyanates in the liver are therefore

described by the following differential equations:

dt(Aliv[ub]) = Qliv * Cart[ub] + qut * Cgutlub] — (Qliv + qut) * Cliv[ub] - khydr
* Aliv[ub]
dt(Aliv[met]) = Quip * Cart[met] + qut * Cgut[met] - (Quw t+ qut) * Cliv[met] + khydr

* Ajipub]

where knydr is the rate constant (unit h-') for hydrolysis of unbound diisocyanates.
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Circulation of metabolized diisocyanates through other compartments and urinary
excretion are modelled using the following differential equations:

dt(Askinfmet]) = Qskn * (Cartimet] — Cskinfmet])

dt(Agut[met]) = Qgut * (Cartimet) — Cqut[met])

dt(Arem[met]) = (Qc = Qskn — Quiv — Qgut) * (Cartmet] — Crem[met])

dt(Aven[met]) = Qskn * Coknimet] T (Quiv + Qgue) * Ciivimer) + (Qc — Qskn — Quiv
= Qgut) * Crem[met] = Qc * Cyen[met]

dt(Aart[met]) = Qc * (Cvas[met] - Cart[met]) - ng‘r * Lart[met]

Remaining compartments

The amount of diisocyanates in the remaining tissues (Arem) is described by the
following equation:

dt(Arem[ub]) = (Qc - stn - qut - Qliv) * (Cart[ub] - Crem[ub])

Urinary excretion

Usually urine samples are treated with bases or acids to hydrolyze the diisocyanate-
protein or diamine-protein conjugates and acetylated diamines, resulting in the
formation of free diamine (Sennbro et al. 2004). With our model we estimate the levels
of conjugates in urine (which are excreted as low-molecular weight conjugates), and
that are ultimately converted to amines. These are TDA and MDA, for TDI and MDI
respectively.

The amount of diisocyanates excreted in urine is determined by the @,/ in L/h and the
amount of diisocyanate in the macromolecule and metabolite compartments of the
arterial blood, and is converted to milligrams of the amine metabolite using the ratio of
molecular weights:

MWapmi
dt(Auri[amine]) = ﬁ * ngr * (Cart[mcr] + Cart[met])

The urinary concentration of diisocyanate amines is then calculated using the following
formula for the urine production rate:

dt(Vuri) = Qupr

Where ¢,,. is the bodyweight specific urinary production rate (unit L/h) (Davies 1993).
We assume at each void that the bladder is fully emptying.

When reporting we use the creatinine adjusted concentrations by dividing the
estimated amines concentrations by the urinary creatinine concentration (parameter
Ccreat)-
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Model parameters

A description of the various parameters and how these are derived or calculated, can
be found in Table 1. Table 2 includes an overview of the hyperparameters that are
used for the calculation or derivation of the parameters from Table 1. Information from
various (clinical) studies was used to determine the central estimates, ranges and
uncertainty of the physiological parameters in the PBK model. Some parameter values
were not readily available in the literature and were therefore calibrated using data
obtained from human experimental exposure studies (Skarping, Brorson, and Sangd
1991; Brorson, Skarping, and Sango 1991; Budnik et al. 2011). For example, the
estimate of the fraction absorbed (“Fabs”) was based on experimental data suggesting
that approximately 20% of diisocyanate is absorbed and excreted in urine. Another
example is the half-life transfer from the lung interstitial to the lung vascular
compartment (Tvas, hr), which is calibrated such that after about 6 hours most of TDI
has been excreted, based on the studies by (Torbjorn Brorson, Skarping, and Sangoé
1991; Budnik et al. 2011). MDI is excreted more slowly (Budnik et al. 2011) and
therefore the Tvas values for TDI and MDI differ. Tvas is subsequently converted to a
transfer rate constant (Kvas, unit h™') (Table 1). A more detailed description of the
controlled human experimental exposure studies can be found in the Appendix
(Appendix A).

Table 1. Description of parameters used for differential equations and corresponding formulas.

Parameter Description Formulae
name
Kvas Transfer rate constant for transfer Log(2)/ Tyas

from the interstitial to the vascular
lung compartment (h1)

Kalb Binding rate constants for binding Falb * Log(2)/ Tapmer
of unbound diisocyanates to
albumin (h?)

Kmer Binding rate constants for binding (1 — Falb) * (Log(2)/ Tapmer)

of unbound diisocyanates to
macromolecules (h)
Kelim Elimination rate constant for the Log(2)/ Keiim
degradation of albumin into
(smaller) macromolecules) (h?)

Khydro Rate constant for hydrolysis of Log(2)/ Thyaro
unbound diisocyanates (h-1)
Kreces Transfer rate constant from the Log(2)/ Treces
gut lumen to the feces
Kalbfskn] Binding rate constant of binding to Log(2)/ Taw(skn)
albumin in the skin
ClLscve Fat-content adjusted stratum (1-Ffatepi +Ffatepi*10"°9)/(1-Ffatpia+Ffatea* 10/°9) *

corneum permeability coefficient 1Q074"logp - 0.006"MW - 2.8 % A 4. /1000)
transferred into a clearance value

(L/h)
Qupr Urine production rate (L/h) UPR * BW
Qgut Blood flow to the gut (L/h) QF gyt * Qc
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Qiv Blood flow to the liver (L/h) QF; * Qc

Qskn Blood flow to the skin (L/h) QFn * Qc
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Table 2. Hyperparameters for PBK model
N: normal (distribution), T N: truncated normal (distribution)

Model Description Default value Uncertainty Reference
parameter distribution
Chemical specific
MW Molecular weight of  174.16 (TDI) -
the parent 250.25 (MDI)
compound
MWmet Molecular weight of 122.17 (TDA) -
the amine 198.26 (MDA)
LogP LogP 3.74 (TDI) - (PubChem 2022)
5.22 (MDI) (USEPA 2011)
VP Vapor pressure (Pa) 2.7 (TDI) - (Health Council of the
4.9 x 10* (MDI) Netherlands, 2018)
Fabs Fraction absorbed 0.2 U Based on the controlled
[0.1-0.3] human exposure study of
Talbmer Half-life of binding TDI: 0.167 TDI: U Budnik et al. (2011) for MDI
to albumin and [0.033-0.3] and TDI, for TDI only the
other MDI: 1.5 MDI: U study by Brorson, Skarping,
macromolecules [0.3-2.7] and Sang6 (1991), and for
(hr) MDI the animal study by
Faib Proportion bound 0.2 u Gledhill et al. (2005).
to albumin (%) [0.04 — 0.36]
Tvas Half-life transfer TDI: 0.083 TDI: U
from lung [0.017 - 0.15]
interstitial to lung MDI: 14 MDI: U
vascular (hr) [2.8 —25]
Thydro Half-life hydrolysis TDI: 4.0 TDI: U
(acetylation) in liver [0.8-7.2]
(hr) MDI: 0.033 MDI: U Based on 10% MDA in urine
[0.007 - 0.06] (Sepai 1995)
Individual
BW Body weight (kg) 75 TN (75, 7.5)
[60 —90]
(volume) fractions
VFbld Volume fraction 0.082 TN (0.082,0.004) The volumes of
blood [0.073-0.09 ] compartments were based
VFiun Volume fraction 0.013 TN (0.013,0.001) on the values reported for
lung [0.012-0.015] adult males (Valentin and
VFskn Volume fraction 0.004 T N (0.004, Streffer 2002)
skin 0.0002)
[0.004 - 0.005]
VFgut Volume fraction gut  0.023 TN (0.023,0.001)
[0.021-0.025]
VFiiv Volume fraction 0.025 TN (0.025, 0.001)
liver [0.022 -0.027]
Viumen Volume gut lumen 0.9 TN (0.9, 0.045)
[0.81-0.99]
Fhem % hematocrit 0.45 T N (0.45, 0.045)
[0.36 —0.54]
Blood flows
QFskn Fractional blood 0.175 TN (0.175, 0.009)
flow to skin [0.158 - 0.193]
QFgut Fractional blood 0.19 TN (0.19, 0.010)
flow to gut [0.171-0.209]
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Model Description Default value Uncertainty Reference
parameter distribution
QFiiv Fractional blood 0.065 T N (0.065, 0.003)
flow to liver [0.059-0.072]
Flow rates
Qur Breathing rate (L/h) 1000 N (1000, 100) (HERAG 2007)
[800,1200]
Qc Cardiac output (L/h) 390 TN (390, 19.5) (Valentin and Streffer 2002)
[351-430]
Qgfr Glomerular 5.5 N (5.5, 0.7) (Redal-Baigorri, Rasmussen,
filtration rate (L/h) [4,7] and Heaf 2014)
Treces Half-life transfer 2.3 u
lumen to feces (/hr) [2.1-2.5]
Excretion
UPR Urine production 0.00125 TN (0.00125,
rate (L/kg/hr) 0.00006)
[0.00113 -
000.138]
Ccreat Creatinine in urine 1.0 TN (1.0, 0.05) (Valentin and Streffer 2002)
(/L) [0.8-2.0]
Telim Half-life elimination 456 TN (456, 45.7) (Reed 1988)
from albumin (hr) [364 — 547]
Skin parameters
SAderm Exposed surface 100 TN (100, 5)
area of skin (cm?) [90-110]
Hscve Height of skin 0.012 TN (0.012, 0.001)
barrier (cm) [0.01 -0.013]
Hsurf Height of skin 0.010 TN (0.01, 0.0001)
surface (cm) [0.009 —0.011]
Fatepi Fraction of fat in 0.02 TN (0.02,0.001)
epidermis [0.018 —0.022]
Fatbid Fraction of fat in 0.07 TN (0.07, 0.004)
blood [0.063 —0.077]
Talbfskn] Half-life of binding 1/100 u
to albumin in skin [0.033-0.3]
(hr)

Exposure scenarios

Short-term and chronic inhalation exposure

As several model parameters were based on information gathered from human
experimental exposure studies, we first confirmed whether our model was able to
mimic the time course of urinary excretion in these studies. Most of these studies used
single, relatively short-term, exposures, and we therefore refer to these as “short-term
exposure” scenarios. However, as our main interest was in modeling urinary excretion
after occupational exposure, our main results are based on a scenario where exposure
occurred continuously for 8 hours a day (from 9:00 to 17:00) on 5 days a week, for a
total of 8 weeks. We refer to this scenario as the “chronic exposure” scenario. For this
scenario, workers were assumed to urinate, at 8:00, 13:00, 18:00, and 23:00.
Reported urinary concentrations relate to the bladder content just prior to the urination
at 18:00.
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Contribution of dermal exposure

For combined inhalation and dermal exposure, we used an exposure scenario that
was based on an observational study by Henriks-Eckerman et al. (2015). The authors
provided information on MDI exposure levels for both inhalation and dermal exposure
for workers in the construction and boat building industry. Cumulative dermal exposure
was assessed using a strip-tape technique and was estimated to average between
0.16 and 1.38 ug/10 cm?, depending on the exact site (on the lower arm) that was
sampled, while inhalation exposure was estimated to be between 0.08 and 0.8 pug/m?.
Tasks involving MDI exposure in this study typically lasted between 15-60 minutes,
with each task repeated 2-20 times per shift. Based on this information, we designed
our dermal exposure scenario to consist of continuous exposure to 0.015 ug
MDI/ecm?/hour for 4 hours, equivalent to a cumulative exposure of 0.6 ug/10 cm?. To
investigate the (potential) impact of dermal exposures on total excreted urinary
diisocyanate levels, we compared the output from our model for dermal exposure
either with or without concurrent inhalation exposure to 0.4 ug/m3 MDI.

Model comparison with published literature

To compare model predictions for chronic exposures with those reported in the
literature we searched for reports from biomonitoring studies that included estimates
of both external exposure and urinary concentrations in workers that were exposed to
diisocyanates for a prolonged time-period. We collected information on urinary
concentrations of diisocyanates, sampling times (i.e. pre-shift or post shift), potential
dermal exposure, use of RPE, and task-based and/or time-weighted-average (TWA)
exposures. Exposures below the limit of detection (LOD) were replaced by half the
reported LOD. In case of task-based estimates of inhalation exposure only, we
estimated TWA exposure under the assumption that there was no exposure outside
the task.

For TDI we extracted five studies that reported post-shift urinary measurements (Carl
J. Sennbro et al. 2004; Maitre et al. 1993; Geens et al. 2012; Austin 2007;
Swierczynska-Machura et al. 2015), and two studies that reported pre-shift urinary
measurements (Geens et al. 2012; Tinnerberg et al. 2014) (Appendix C). For MDI we
extracted three studies that reported post-shift urinary measurements (C. J. Sennbro
et al. 2006; Henriks-Eckerman et al. 2015; A. Bello et al. 2019), and one study that
reported pre-shift urinary measurements (Tinnerberg et al. 2014) (Appendix D). An
overview of estimated exposure levels and urinary diisocyanate concentrations for
these studies is provided in the appendix (tables S1and S2).

Sensitivity analysis

Where applicable, we report 95% uncertainty intervals (95%Ul) that reflect a mix of
true parameter uncertainty and between-worker variability in morphological
parameters. Based on the input parameter distributions shown in Table 1, we

94



A PBK model for work-related diisocyanate exposure

conducted a global sensitivity analysis (GSA) using an extended Fourier Amplitude
Sensitivity Test (eFAST) (McNally 2011). The scenario used for this analysis was the
“long-term exposure” scenario (consisting of 8 weeks exposure for 8 hours a day) with
the focus on post-shift urinary concentrations on the last working-day at the end of this
period.

Most biomonitoring studies provide little information on the timing of task-based
exposures relative to the time of urine sample collection or on the frequency and timing
of any intermediate urination, which could both contribute to increased exposure
misclassification. We therefore investigated the sensitivity of estimated post-shift
urinary diisocyanate concentrations for task-based exposures by varying the timing of
exposure and the frequency and timing of intermediate urination moments.

Software

The PBK model was programmed in MCSim (version 6.2) and the R package PKSensi
(version 1.2.3) was used to perform the global sensitivity analysis.

Results

Urinary biomarker levels following short-term exposure

Estimated urinary concentrations of TDA following a single inhalation exposure to 40
ug/m3 of TDI for 4 hours are shown in the appendix (Figure S1, Appendix B). Excretion
of urinary TDA peaked between 4 to 6 hours after exposure started. Most of the
absorbed dose was eliminated within 10 hours after the end of exposure. This pattern
is qualitatively similar to that described for human volunteers in the studies by
(Skarping, Brorson, and Sangd 1991; Torbjorn Brorson, Skarping, and Sango 1991;
Budnik et al. 2011). In those controlled experimental studies, the peak of excretion
occurred roughly 2 to 6 hours after exposure had started, with most of the TDI excreted
in urine within 24 hours from the end of exposure. The estimated urinary concentration
of MDA after a single inhalation exposure to 40 pg/m3 of MDI for 4 hours is also shown
in the appendix (Figure S2, Appendix B). Excretion of MDA peaked approximately 10
hours after the start of exposure, with excretion continuing long after exposure ceased.
This pattern is similar to that described for human volunteers exposed to MDI in the
study by Budnik et al. (2011), where the authors reported that excretion peaked
approximately 14 hours after exposure and elimination was not complete after 24
hours.

Urinary biomarker levels following chronic inhalation exposure
DI

The evolution of urinary concentrations of TDA over an 8-week period after repeated
exposure to 40 ug/m3 TDI for 8 hours per day and for five days a week is provided in
figure 2a. Levels of urinary TDA after the weekend on Monday morning before the shift
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were estimated to be approximately 1.5 ug TDA/gr creatinine and cumulation of TDI

seemed to level off after about 6 weeks.
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Figure 2. Predicted urinary TDA concentrations (in ug/gr creatinine) following repeated occupational exposure. A)
Time evolution after exposure to 20 ug/m3 TDI. B) Exposure-response curve for urinary concentrations at the
post-shift urination on the last working day. Exposure was assumed to occur on 5 days a week, for 8 hours a day
(from 9:00 to 17:00), for a period of 8 weeks, with daily urination at 8:00, 13:00, 18:00, and 23:00. The red (A)
and grey (B) ribbons show the 95%UI. Panel B additionally shows results from published occupational studies,
with the legend indicating whether the study reported use of respiratory protective equipment (REP) by at least

some of the workers.

A B

MDI (1.25¢-06 mg/L)

15

1.0

0.5
MDA urinary concentration (ug/g creatinin)

0.5

MDA urinary concentration (ug/g creatinin)

0.0

2:5

2.0

1.5

1.0

0.0

® Henriks (2015) [task based, no RPE]
1 ® Sennbro (2006) [full shift, no RPE]
4 Bello (2019) [task based, RPE used]

30
Time (days)

0

0.0 05 10 15
MDI air concentration (ug/m3)

200 255

Figure 3. Predicted urinary MDA concentrations (in ug/gr creatinine) following repeated occupational exposure.
A) Time evolution after exposure to 1.25 ug/m3 MDI. B) Exposure-response curve for urinary concentrations at
the final post-shift urination on the last working day. Exposure was assumed to occur on 5 days a week, for 8
hours a day (from 9:00 to 17:00), for a period of 8 weeks, with daily urination at 8:00, 13:00, 18:00, and 23:00.
The red (A) and grey (B) ribbons show the 95%UI. Panel B additionally shows results from published
occupational studies, with the legend indicating whether the study reported use of respiratory protective

equipment (REP) by at least some of the workers.
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The exposure-response relation between air concentrations of TDI and estimated
post-shift TDA urinary concentrations on the last workday of the 8 weeks exposure
period is shown in figure 2b. There was a linear relation between air exposure and
urinary concentrations, but with significant uncertainty in estimated TDA levels that
included a nearly 5-fold difference between upper and lower boundaries of the
uncertainty interval. Results from published occupational studies are included in the
plot, to allow informal comparison. Model predictions were higher than reported urinary
concentrations for almost all studies, note however that reported values were based
on average exposures and average urinary concentrations for groups of workers and
that respiratory protective equipment had also been used in some of the studies. A
more detailed comparison is provided in the Discussion.

MDI

An overview of the time evolution of urinary concentrations of MDA over an 8-week
period after repeated exposure to 1.25 ug/m® MDI for 8 hours per day and for five days
a week is provided in figure 3a. Levels of urinary MDA after the weekend on Monday
morning before the shift and after the shift on Friday afternoon in week 8 were
estimated to be approximately 0.13 and 0.71 uyg MDA/gr creatinine respectively, and
(limited) accumulation of MDI seemed to occur even after 8 weeks.

The exposure-response relation between air concentrations of MDI and estimated
post-shift MDA urinary concentrations on the last workday of the 8 weeks exposure
period is shown in figure 3b. As for TDI, results from occupational studies were
included for informal comparison. From the results it appears that model predictions
are comparable to results from the Henriks et al. (2015) and Bello et al. (2019) studies,
but not those from the Sennbro et al. (2006) study. A more detailed comparison is
provided in the Discussion.

Impact of (short-term) dermal exposure to MDI/

Our combined inhalation and dermal exposure scenario was based on results reported
in the study by Henriks-Eckerman et al. (2015) and consisted of exposure to MDI in
the air at a concentration of 0.4 ug/m® and a (dermal) deposition rate of 0.015 ug
fem?/hour for 4 hours.

When including both inhalation and dermal exposure (Figure S3a, Appendix D), MDA
urinary levels were estimated to be 0.03 and 0.14 ug/gr creatinine, directly after
exposure and 4 hours later, respectively. Without inhalation exposure, MDA urinary
levels were estimated to be 0.02 and 0.06 ug/gr creatinine, directly after exposure and
4 hours later, respectively (Figure S3b, Appendix D). The relative contribution of
dermal exposure to total urinary excretion within 72 hours after exposure was
approximately 25% and 4.5% of the total dermal dose had been excreted within 72
hours.
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Parameter sensitivity for a fixed exposure scenario

We performed a global sensitivity analysis to assess which parameters contributed
most to the uncertainty in model predictions for the “chronic” inhalation exposure
scenario. For both TDI and MDI, the uncertainty in “fraction absorbed” appeared to
have the largest impact on overall uncertainty, accounting for approximately 25% of
total uncertainty (Figure 4 and 5). Other important contributors to overall uncertainty
in predictions were the binding rate of TDI to albumin and other macro molecules and
the body weight of subjects (which is often not recorded). For MDI, uncertainty in the
rate of transfer for macro-molecule bound MDI from the “interstitial” to the “vascular”
lung compartment was also important.
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Figure 4. Lowry plot of results from the eFAST sensitivitiy analysis for predicted urinary concentrations of TDA (in
Lg/gr creatinine) after exposure to 20 ug/m? TDI at the post-shift urination on the last working day. Exposure was
assumed to occur on 5 days a week, for 8 hours a day (from 9:00 to 17:00), for a period of 8 weeks, with daily
urination at 8:00, 13:00, 18:00, and 23:00. The total effect is comprised of the main effects (black bar) and
possible interactions with other parameters (grey bar) given as the proportion of variance in the output parameter.
The grey ribbon indicates the cumulative proportion of variance explained due to main effects and parameter
interactions.
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Figure 5. Lowry plot of results from the eFAST sensitivity analysis for predicted urinary concentrations of MDA (in
Lg/gr creatinine) after exposure to 1.25 ug/m® MDI at the post-shift urination on the last working day. Exposure
was assumed to occur on 5 days a week, for 8 hours a day (from 9:00 to 17:00), for a period of 8 weeks, with
daily urination at 8:00, 13:00, 18:00, and 23:00. The total effect is comprised of the main effects (black bar) and
possible interactions with other parameters (grey bar) given as the proportion of variance in the output parameter.
The grey ribbon indicates the cumulative proportion of variance explained due to main effects and parameter
interactions.
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Figure 6. Effect of the timing of short-term exposure to TDI (7 ug/m3) on predicted urinary concentrations. For the
early exposure scenario (A) exposure is from 9:00 to 13:00, with urination at 8:00, 13:00, 17:00, and 23:00. For
the late exposure scenario (B) exposure is from 13:00 to 17:00, with the same urination moments. Urination
moments are indicated by dotted lines with predicted urinary concentrations indicated by a blue dot.
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Figure 7. Effect of the frequency of urination on predicted urinary concentrations after 8 hours of exposure to TDI
(7 ug/m3). For the frequent urination scenario (A) urination was at 8:00, 13:00, 17:00, and 23:00, with exposure
from 9:00 to 17:00. For the infrequent urination scenario (B) there was no urination at 13:00. Urination moments
are indicated by dotted lines with predicted urinary concentrations indicated by a blue dot.

Temporal factors in exposure and biomarker collection

The impact of differences in the timing of inhalation exposure relative to that for
biomarker collection on estimated urinary concentrations is shown in Figure 6. Results
were based on a short-term exposure scenario in which workers were exposed to 7
pg TDI/m3 for 4 hours, but where exposure either started in the early morning at 9:00
(“early”) or in the afternoon at 13:00 (“late”). Urination was at 11:00, 15:00, and 17:00
hours for both scenarios. Estimated TDA concentrations in urine obtained at the last
urination moment were approximately 2.7 pg/gr creatinine for the “early” scenario
(figure 6a), and 1.9 ug/gr creatinine for the “late” scenario (Figure 6b).

The impact of differences in the frequency and timing of urination is illustrated in figure
7. In these scenarios workers were exposed to 7 ug TDI/m?3 for 8 hours, but urination
either at 11:00, 15:00, and 17:00 hours (“frequent”), or only at 17:00 (“infrequent”).
Estimated TDA concentrations in urine obtained at the last urination moment were
lower in the “infrequent” urination scenario (4.8 ug/gr creatinine; figure 7b) than in the
“frequent” urination scenario (6.6 ug/gr creatinine , figure 7a).

Figure S4 in the appendix (Appendix F) shows results for the same exposure
scenarios for MDI. Estimated MDA biomarker concentrations in post-shift samples
were considerably higher for the “early” than the “late” scenario and also much higher
for the “frequent” than the “infrequent” urination scenario illustrating that the effect of
different exposure and urination scenarios on biomarker concentrations in post-shift
samples critically depends on the kinetics of the isocyanates involved.
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Discussion

Main findings

In this study we developed a PBK model for MDI and TDI; more specifically we
modelled the renal excretion of MDA and TDA as degradation products. Global
sensitivity analysis was used to assess which parameters contributed most to the
uncertainty in simulated biomarker levels. Highly influential parameters included the
fraction of diisocyanate absorbed, a subject's body weight, the binding rate of
diisocyanates to albumin and other macromolecules, and (for MDI only) the transfer
rate of macro-molecule bound MDI from the interstitial to the vascular lung
compartments. We performed additional sensitivity analyses to investigate the
importance of the timing of exposure and frequency and timing of urination and found
that these had considerable impact on modelled urinary biomarker levels.

Model comparison
Inhalation

To be able to validate our model we compared model predictions with published data
(Figure 4b and 5b). This is not straightforward because PBK models are generally
compared to experimental animal studies with clear exposure regimes, whereas we
aimed to estimate exposure in chronically exposed human workers for a chemical with
both a fast and accumulating excretion pattern. The studies we extracted differed in
terms of measuring exposure (task based versus TWA), the use of RPE (no use, very
strict use, or worn inconsistently) and even in sample hydrolysis procedures. All these
factors could impact urinary amine levels. For example, alkaline hydrolysis has been
reported to give higher results as more adducts are released in comparison to acid
hydrolysis (as reviewed in Scholten et al. 2020). The use of RPE could arguably result
in lower urinary amine concentrations in comparison to our model predictions, unless
the RPE was not very effective or not worn throughout the working period. And
converting a task exposure to a TWA is only reliable if there was no exposure during
the rest of the working period. We could not specify one specific parameter that was
predictive of urinary measurements. For example, the Geens et al. (2012) study
reported nearly the same urinary concentrations as we modelled (Figure 4b) but the
workers in that study did wear RPE (which could have resulted in lower levels), and
reported a task based estimate (which we converted to 8 hours exposure) and used
the higher release alkaline method in comparison to the other TDI biomonitoring
studies. Another difficulty is that levels of predicted urinary levels after longer
exposures are difficult to compare because it is unclear whether exposure levels as
measured on study days were representative for the entire period.

We further estimated accumulation due to binding to protein adducts by modelling
urinary results on Monday morning after a weekend with no exposure. Accumulation

101



Chapter 4

was about 1.5 pg/gr creatinine for TDA (based on chronic exposure to 20 ug/m?3 TDI),
and 0.13 ug/gr creatinine for MDA (based on chronic exposure to 1.25 ug/m?®) (Figure
4a and 5a). A couple of studies measured pre-shift levels. For TDI, Monday morning
urinary concentrations were reported to be 4.5 ug/gr creatinine (with Friday post-shift
air measurements of 39.45 ug/m?) (Geens et al. 2012), and between 0.15 and 4 ug/gr
creatinine with air measurements between 0.52 and 4.1 pug/m? for 2,4-TDI (Tinnerberg,
2014). For MDI, Tinnerberg et al. (2014) reported 0.52 yg MDA/gr creatinine (and air
sample measurements between 0.04 and 9.7 ug 4,4’-MDI/m?3). Based on these studies
our model estimates seem to be in the same range as the published data, considering
the various exposure scenarios.

In general we can conclude that published results are reasonably comparable,
although systematically lower, to our model predictions (Figure 4b and 5b), but
biomonitoring studies for diisocyanates could be more comparable if the studies were
more harmonized and reported all relevant information, including the moment of
exposure when it concerned a task based exposure measurement. Recently a protocol
for measuring and reporting on diisocyanates was published, which is helpful in
harmonizing data collecting and reporting (Jones et al. 2022).

Dermal

The dermal compartment of our model is difficult to evaluate. Henriks-Eckerman et al.
(2014) reported average urinary concentrations of about 0.30 ug/gr creatinine for
workers that did not use either gloves or RPE. We estimated levels of 0.03 and 0.14
pg/gr creatinine, directly after exposure and 4 hours later, when considering the same
inhalation and dermal exposure as reported by Henriks-Eckerman et al. (2014). There
is evidence that most skin absorbed diisocyanate is held in a skin “reservoir’, which
could result in subsequent slower desorption into the circulation (ATSDR 1998). With
our model we estimate a relative contribution of dermal exposure to total urinary
excretion (within 72 hours after exposure) of approximately 25%. Furthermore we
predicted that, from the applied dose, 4.5% of the total dermal dose had been excreted
within 72 hours. This seems much higher in comparison to a controlled human
exposure study by Hamada et al. (2018), who dermally exposed 4 volunteers for 8
hours to MDI. They found very low amounts in urine and plasma of (about 0.01 to 0.2%
of the applied dose). The authors hypothesize that MDI is rapidly absorbed but remain
bound to the upper layers of the skin. Hoffmann et al. (2010) studied dermal
absorption in rats and also found very low dermal absorption of MDI: at or below 1%
of the applied dose. It has been argued that dermal exposure could lead to exposure
via hand-to-mouth behavior. Currently our model assumes that there is no uptake in
the gut after oral exposure, i.e. no systemic availability. To our knowledge there is no
data available on absorption from the gut for MDI. For TDI, a study in orally exposed
male rates found that 81% of the administered 14C- 2,4-TDI was recovered in feces,
and only 8% in urine (Gledhill et al. 2005).
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Strengths and weaknesses of model, and possibilities

The strengths of our model include the potential to model both inhalation and dermal
exposure, and to account for longer exposure histories. The biologically interpretable
parameters can be validated in mechanistical studies. Weaknesses of our model
include the fact that for many parameters there is uncertainty regarding the exact
value, as also reflected in the wide parameter distribution range (e.g. confidence
interval in Figure 4b, 5b). In addition model validation was difficult because often
information on the precise exposure situation was missing, for example on the moment
of exposure when it concerned a TWA, or to which extent PPE was used throughout
the day. For model calibration it would be helpful to have an individual dataset
available with both external exposure estimates (quantitative air and dermal
measures) including data on the exposure scenario (i.e. moment and duration of
exposure) and individual behavior and information (i.e. moment of urination, body
weight), together with well described biomonitoring data. This information could then
be included in the model and as such reduce uncertainty of our common assumptions
on e.g. body weight distribution or moment of urination. In addition if urinary values
are measured over an extended period of time, even during/after a period of non-
exposure, this provides information on the accumulation and binding to albumin, but
also on the fraction absorbed. With a fully validated and calibrated model we have
more certainty with regards to extrapolating across dose levels and exposure
scenarios, and characterizing potential contributions of RPE and/or dermal exposure.
In addition we could apply exposure reconstruction with more precision, when only
urinary data is available. Lastly our model could be used for informing biological limit
values (BLV). The BLV for both TDI and MDI are based on correlation formulas
between air sampling and urinary data (Hartwig and MAK Commission 2021; DFG
2007). These correlations formulas were used to estimate urinary amine levels upon
exposure to available MAKs. We compared the current available BLVs for
diisocyanates to our model predictions. The Deutsche Forschungsgemeinschaft
(DFG) derived a value of 6.13 ug TDA/gr creatinine based on the MAK value of 7
ug/m?3 and proposed a BLV of 5 ug TDA/gr creatinine (Hartwig and MAK Commission
2021). With our model we predicted urinary values of 8.7 ug TDA/gr creatinine, when
modelling the last post-shift urine sample, so comparable to the value based on
correlation formulae. The DFG also used correlation formulae for MDI in air and MDA
in urine and proposed a value of 10 ug MDA/gr creatinine based on exposure to MDI
at the MAK value of 0.05 mg/m?3. With our model we predicted MDA urinary values of
22 ug/gr creatinine, post-shift.

Recently the European Risk Assessment Committee (RAC) concluded that
occupational diisocyanate exposure >0.67 ug/m3 NCO during an entire working life
was likely to result in a more than 5% excess risk of developing bronchial
hyperresponsiveness (BHR) (RAC 2020b). For TDI and MDI our model predicts
urinary levels of 1 and 1.4 ug/gr creatinine for TDI and MDI respectively, at this critical
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exposure level. A purely health based BLV should then accordingly also be lower than
the current values of 5 yg TDA/gr creatinine and 10 yg MDA/gr creatinine.
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Supplemental Material - Background information on model parameters

Several controlled human exposure studies were used to inform on model parameters.
Briefly about these studies: in the study by Brorson, Skarping, and Sango (1991) two
healthy male volunteers were exposed to diisocyanates in a test chamber. Both were
occupational hygienists and had occasional exposure to diisocyanates. The
volunteers remained at physical rest during the exposure, and were exposed for four
hours to various TDI concentrations. All urine was repeatedly collected at 2-h intervals
for up to 14 or 16 h after the start of exposure and then at an 8-h interval during the
following night. In the study by Skarping, Brorson, and Sangé (1991), five healthy male
volunteers were exposed to TDI for 7.5 hours. Urine was collected at 2 hour intervals
up to 15 hours after exposure had started, and then at 8 and 4 hour intervals. Budnik
et al. (2011) exposed workers to several diisocyanates, including MDI and TDI, for 2
hours, with urine collections at 3, 6, 9, 12 and 20 hours.

In the study by Brorson, Skarping, and Sango (1991) the cumulated amount of 2,4-
TDA excreted in the urine over 24 h was ca 15% - 19% of the estimated inhaled dose
of 2,4-TDI, and that of 2,6-TDA was ca 17% - 23% of the estimated inhaled dose of
2,6-TDI. Brorson et al. report that the uptake of TDAs by the blood continues to
increase slightly post exposure. In the study by Skarping, Brorson, and Sangé (1991),
five men were exposed to TDI for 7.5 hours. The cumulative amount of 2,4-TDA
excreted in urine within 28 h ranged from 8% to 14% of the estimated dose of 2,4-TDI,
and the cumulative amount of 2,6-TDA in urine ranged from 14% to 18% of the
estimated 2,6-TDI dose. For MDI there is only one kinetic study in animals (Gledhill et
al. 2008). This inhalation study in rats measured that, after 168 hours exposures to
MDI, approximately 32% of the inhaled dose was systemically available (Gledhill et al.
2008).

Budnik et al. exposed volunteers to different diisocyanates and found, for TDI, that the
major excretion peak was at 4.1 h and 4.8 h (for 2,6- and 2,4-TDA), with a half-life of
about 6 hours. Further Budnik et al. report that the majority of the TDA appeared to be
eliminated after 24 hours. For MDI it was evident that MDI is excreted more slowly (i.e.
there is a peak in excretion after 14 hours and after 24 hours there is still a significant
amount of MDI excreted in urine) when compared to TDI. This is also consistent with
findings from different animal studies (Timchalk, Smith, and Bartels 1994; Gledhill et
al. 2008). Kaaria et al. (2001) monitored MDI exposure and corresponding MDA
urinary levels for two consecutive days in a worker population and reported that due
to the long half-life of urinary MDA exposure of the previous day is reflected in the
slightly higher concentrations in the second day’s morning samples compared with the
noontime samples. The reason for the slower elimination kinetics of MDI in comparison
to TDI is not entirely clear. MDI is a larger chemical with a higher molecular weight.
Gledhill et al. (2008) state that “the reactivity of MDI is such that it may not be directly
absorbed into systemic circulation from the lung, rather, it is highly likely that it reacts
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initially with the high glutathione content of the lung to form glutathione conjugates
which act as a carrier’. Evidence suggests that MDI has a lower reactivity to albumin
when compared to TDI (Hettick and Siegel 2011). Therefore, the difference in
elimination between MDI and TDI could possibly be explained by a difference in the
reactivity towards albumin and other macromolecules at the site of exposure. We
included this information in our model by making a distinction between MDI and TDI
for the half-life transfer from non-blood to blood in lungs (i.e. we assume MDI transfers
more slowly from the lung compartment to the systemic blood circulation) and the half-
life binding to albumin/other macromolecules (i.e. we assume MDI binds less quickly
to albumin than TDI).

110



A PBK model for work-related diisocyanate exposure

Supplemental Material - Single exposure scenario

TDI (4e-05 mg/L / 0 mg/cm2/hr)
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Figure S1. Estimated urinary concentrations of TDA (in ug/g creatinine) after inhalatory exposure to 40 ug/m3 of
TDI for 4 hours, with urination every 4 hours. Urination moments are indicated by dotted lines with predicted

urinary concentrations indicated by a blue dot.
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MDI (4e-05 mg/L / 0 mg/em2/hr)
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Figure S2. Estimated urinary concentrations of MDA (in ug/g creatinine) after inhalatory exposure to 40 ug/m3 of
MDI for 4 hours, with urination every 4 hours. Urination moments are indicated by dotted lines with predicted

urinary concentrations indicated by a blue dot.
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Supplemental Material - Dermal exposure to MDI

A PBK model for work-related diisocyanate exposure
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Figure S3: Predicted urinary concentrations of MDA (in ug/g creatinine) after 4 hours of both dermal (0.015 ug

MDI/cm2/hour) and inhalatory (0.4 ug MDI/m3) exposure to MDI (A), or after dermal exposure only (B).
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Supplemental Material - Temporal factors in exposure, analyses for MDI
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Figure S4. For the early exposure scenario (A), exposure is from 9:00-13:00 and urination at 8:00, 13:00, 18:00,
and 23:00. For the late exposure scenario (B), exposure is from 13:00-17:00 and urination at 8:00, 13:00, 18:00,
and 23:00. For the frequent urination scenario (C), exposure is from 9:00-17:00 and urination is at 8:00, 13:00,
18:00, and 23:00. For the infrequent urination scenario (D) , exposure is from 9:00-17:00 and urination is at 8:00,
18:00, and 23:00.
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Chapter 5

Abstract

Background

The genotoxicity of benzene has been investigated in dozens of biomonitoring studies,
mainly by studying (classical) chromosomal aberrations (CA) or micronuclei (MN) as
markers of DNA damage. Both have been shown to be predictive of future cancer risk
in cohort studies and could, therefore, potentially be used for risk assessment of
genotoxicity-mediated cancers.

Objectives

We sought to estimate an exposure-response curve (ERC) and quantify between-
study heterogeneity using all available quantitative evidence on the cytogenetic effects
of benzene exposure on CAs and MN respectively.

Methods

We carried out a systematic literature review and summarized all available data of
sufficient quality using meta-analyses. We assessed the heterogeneity in slope
estimates between studies and conducted additional sensitivity analyses to assess
how various study characteristics impacted the estimated ERC.

Results

Sixteen CA (1,356 individuals) and 13 MN studies (2,097 individuals) were found to
be eligible for inclusion in a meta-analysis. Studies where benzene was the primary
genotoxic exposure and that had adequate assessment of both exposure and
outcomes were used for the primary analysis. Estimated slope estimates were an
increase of 0.27% CA [(95%CI: 0.08%, 0.47%); based on the results from 4 studies]
and 0.27% MN [(95%ClI: -0.23%, 0.76%); based on the results from 7 studies] per
parts-per-million benzene exposure. We observed considerable between-study
heterogeneity for both endpoints (1>>90%).

Discussion

Our study provides a systematic, transparent, and quantitative summary of the
literature describing the strong association between benzene exposure and accepted
markers of genotoxicity in humans. The derived consensus slope can be used as a
best estimate of the quantitative relationship between real-life benzene exposure and
genetic damage in future risk assessment. We also quantitate the large between-study
heterogeneity that exists in this literature, a factor which is crucial for the interpretation
of single-study or consensus slopes.
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Introduction

Benzene is a well-known environmental contaminant that was classified as a human
carcinogen (IARC group 1) in 1979 (IARC 1979), which was recently reconfirmed
(IARC 2018). Benzene and its metabolites may cause leukemia via genotoxic effects
on the pluripotent hematopoietic stem cells, resulting in chromosomal changes (IARC
2009). A substantial number of cross-sectional studies have demonstrated that
benzene exposure is associated with the occurrence of (classical) chromosomal
aberrations (CA) and micronuclei (MN) that are considered early markers of
genotoxicity (see reviews by Zhang, Eastmond, and Smith 2002; Mchale, Zhang, and
Smith 2012). CA is often defined as the appearance of missing, extra, or irregular
portions of chromosomal DNA (NHGRI 2016), while a micronucleus is considered to
be the small nucleus that forms whenever a chromosome fragment or whole
chromosome is not incorporated into the daughter nuclei after cell division (Fenech
2002). Information on intermediate endpoints is increasingly used in the risk
assessment for many chemicals; e.g. IARC integrated mechanistic evidence with
evidence from other data streams to support conclusions regarding carcinogenicity
(Smith et al. 2016), and recently the Dutch Health Council Committee recommended
a health-based occupational exposure limit for benzene that was (primarily) based on
hematological effects in humans (Health Council of the Netherlands 2014).

To date, however, there have not been many attempts to assess in a systematic and
quantitative way how exposure affects some of these intermediate endpoints, such as
the induction of genetic damage. As an example, Angelini et al. (2016) recently
reviewed the published data on benzene exposure and MN, but the authors restricted
their findings to a non-quantitative comparison between exposed and unexposed
individuals.

We hypothesize that it would be useful to investigate the exposure response curve
(ERC) of benzene-induced CA or MN. An advantage of using biomarkers of effect for
a (more) quantitative risk assessment is that they may offer more precise information
on the exact shape of the exposure-response relation at low exposures, especially
when the clinical outcomes of interest are relatively rare at low exposure levels. For
benzene this is important because there is evidence that the exposure-response
relation with cancers might be non-linear (Kim et al. 2006; Rothman et al. 1998;
Vlaanderen et al. 2009). CAs and MN are additionally relevant to study because both
have been found to be predictive of an increased risk of cancer in large prospective
cohort studies (Bonassi et al. 2008; 2007).

We aimed to summarize all currently available human observational data and use this
information to quantitatively describe the relation between occupational exposure to
benzene and CA and MN frequencies. This would be a first step in the use of pre-
clinical cancer-predictive endpoints in risk assessment. We also assessed the
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between-study heterogeneity effect estimates and conducted sensitivity analyses to
assess how various study characteristics affect the estimated ERC. This information
is important when evidence from this literature (either from a single study or from a
meta-analysis) is interpreted in a risk assessment context.

Methods

Study identification and selection

A literature search was conducted until August 2018 in PubMed and Scopus, using
the following search terms for “benzene” AND chromosomal aberrations:
(“chromosomal aberrations” OR “chromosome*”), and the following search terms for
“benzene” AND micronuclei: (“micronuclei” OR “micronucleus”). References in all
identified publications were checked for additional relevant studies. Publications were
selected for inclusion in the meta-analysis if they had been peer reviewed and when
they fulfilled the following criteria: 1) the study population had been occupationally
exposed to benzene 2) exposure assessment was based on quantitative benzene
exposure estimates in air or relevant benzene biomarker measurements; and 3)
results from cytogenetic tests were available and shown per exposure category.
Studies that were excluded were those that measured general air pollution (e.g.
occupational exposure to traffic air), studies with considerable co-exposure to other
carcinogenic substances (IARC classification 1 or 2a), studies that reported benzene
exposure at levels that reasonably could not be distinguished from general
background levels (~5 ppb; IARC 2018). Case-control studies were also excluded from
further analysis. If more than one publication was published on the same cohort, the
most recent update was included.

We decided to restrict our analyses to classical CA assessments and excluded
fluorescent in situ hybridization (FISH) CA studies. FISH technology is based on
fluorescent DNA probes to allow for the detection of aberrations in specific
chromosomes (e.g. an alteration in the number of specific chromosomes and/or loss
of particular chromosomal regions). FISH has been reported to be more sensitive to
detect the genotoxic effects of benzene, compared to classical CA analysis (Smith et
al. 1998). Eleven publications (of which about half were from a single study) have
employed FISH to report changes in specific chromosomes in relation to quantitatively
assessed benzene exposure. However, the large heterogeneity in the various FISH
protocols used (e.g. in terms of detecting specific chromosomes and/or measuring
specific changes ranging from alterations in the number of specific chromosomes,
acquisition of specific translocations or loss of particular regions of certain
chromosomes, and assessments in different stages of the cell cycle (interphase vs.
metaphase) prohibited the inclusion of these studies into this meta-analysis.
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Study evaluation

Each study to be included in the meta-analysis was evaluated for overall study quality
and for the (expected) quality of the exposure and cytogenetic assessments. For both
endpoints we selected a number of criteria.

Exposure assessment

A tiered approach was used to evaluate exposure assessment quality (Table S1).
First, we assessed whether benzene exposure was the main exposure or if other co-
exposures may have existed. Studies designed primarily to evaluate the effects of
benzene exposure, i.e. in which benzene exposure was the main exposure were
classified as A. These were mostly studies in the shoe-making or petroleum industries.
Studies that were classified as B were studies in jobs where significant co-exposure
to other genotoxic (air) pollutants was not reported, but could not be ruled out, e.g. in
filing station attendants (FSA). Studies that were classified A were further divided
based on the quality of their exposure assessment, with A+ studies assessed
exposure with the specific aim of exposure assessment for the respective study with
at least some (personal or stationary) benzene exposure measurements and/or data
on benzene metabolites that had been measured in blood or urine. All other A studies
were classified as A.

Cytogenic assessment

The ranking of CA and MN assessments focused on the quality of the cytogenetic
analyses. Studies that were classified A met the following requirements: for CA the
number of metaphases counted should be above 100 and the culture time below 50
hours (Carrano and Natarajan 1988). For MN, the number of bi-nucleated cells scored
should be above 1000, and cells had to be incubated initially for 44 hours, followed by
the addition of Cytochalasin B, and subsequently another 24-48 hours of incubation
(Fenech 2007). Classification as an A class study further required that both the
frequency and variability (SE or SD) of CA or MN were reported. All studies not
meeting these criteria were classified as B (Table S1).

Primary study set

Studies that scored an A+ for exposure assessment and an A for cytogenic
assessment were included in the primary analyses. The other studies were included
in sensitivity analyses (the “full study set”). Evaluation of the quality of eligible studies
was evaluated jointly by four reviewers for exposure assessment (R.V., J.V., L.P.,
B.S.) and three reviewers for cytogenetic analysis (J.V., R.S., B.S.).

Extraction and preparation of data from selected papers

The following information was extracted from each relevant publication that was used:
the country where the study was performed, the method used for exposure

127



Chapter 5

assessment and cytogenetic analyses, including culture time and the types of
aberrations included, and the availability of biomonitoring data. For each exposure
group within a study we also extracted: the number of subjects, benzene exposure
level, the recorded CA and/or MN frequencies with either the standard error (SE),
standard deviation (SD), or range of frequencies. We also extracted information on
benzene exposure levels and CA or MN frequencies separately by smoking status
(yes/no) when this information was available.

Several studies lacked quantitative estimates of benzene exposure, but did provide
information on blood or urine levels of benzene or its metabolites. For those studies,
we estimated benzene exposure levels through reverse physiologically based (PBK)
modelling based on the model by Knutsen et al. (2013) . When the publication provided
no benzene exposure levels for controls, we assumed a background level of 5 ppb.

Frequency of CA and MN were expressed as the number of cells with aberrations per
100 cells (%).Reported CA or MN in other units were calculated back to 100 cells. For
studies that did not report the SE for CA or MN frequencies, we calculated the SE
based on the reported SD and sample size. For the studies that did not report either
the SE or SD (and, hence, were not included in the primary study set), we estimated
the SE under the assumption that the SD equaled the median SD for the primary study
set (n= 5 for CA).

Statistical analysis

The main goal of this paper was to summarize the available information on the
exposure-response relation between benzene and markers of cell damage. Because
most of the individual studies report aberration frequencies for only two groups (one
of which is either unexposed or low-exposed), there is very little opportunity to
investigate non-linear exposure response relations using this data, unless one is
willing to make strong assumptions. We therefore decided to perform a meta-analysis
on summary estimates of the available exposure-response information within each
study (i.e., the study-specific slope), rather than attempt to build a (hierarchical) meta-
regression model (for the group-level data).

The information available consisted, for most studies, of two average exposure
estimates (denoted as X0 and X1) and 2 estimates of the average aberration
frequencies (denoted as Y0 and Y1) together with an estimate of the precision of these
latter estimates (denoted as variance VO and V1). Although the aberration frequency
as a proportion could theoretically be modelled as a binomial outcome for an
individual, this was not the case for the reported average aberration frequencies, and
would require quasi-likelihood methods to account for overdispersion even if the
individual level data had been available. We therefore regard the average aberration
frequencies Y0 and Y1 as random variables with known variances. Standard algebra
provides the rules to calculate the expected value and variance of the random variable
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that results from subtraction of YO from Y1 and dividing it by the difference between
X0 and X1 (i.e. the slope factor), without reference to any specific (e.g. normal)
distribution. The expected value of this random variable equals (Y1-Y0)/(X1-X0), with
variance (VO + V1)/(X1 - X0)2.

For example, for Bogadi (1997) the reported average proportion plus or minus the
standard error (SE) of chromosomal aberrations was 1 £ 0.12% in the unexposed and
1.5+ 0.11% in the exposed (with an average exposure of 5.9 ppm). The estimated
slope (B) is then (1.5-1)/5.9 = 0.08 (units %/ppm) with an estimated variance of (0.122
+ 0.112)/(5.92) = 0.0007. This slope factor and associated variance was then used in
the meta-analysis.

Meta-analyses were performed using the metafor package (Viechtbauer 2019) in R
(version 3.6.1; R Development Core Team). Meta-analysis using this approach failed
for the full MN study set as the range of sampling variances was extremely large,
making the results of the algorithm used numerically unstable. We therefore chose to
analyze the MN primary study set only. We calculated the I? statistic to assess the
heterogeneity in slope estimates between studies. Funnel plots, the trim and fill
method and the Egger test were used to investigate potential publication bias.

Several sensitivity analyses were performed to explore the potential bias/variance
trade-off of including all studies (i.e. the full study set) in the analysis, and to evaluate
the impact of individual studies on the estimated meta-slope, or consensus ERC. In
the first sensitivity analysis we allowed the full set of studies to contribute to the
estimation of the consensus ERC. The second (set of) sensitivity analyses was
performed by leaving out one study at a time from the sample set (i.e. jackknifing) for
both the primary- and full study set.

To evaluate potential effect modification by smoking, we restricted the analyses to
data from studies that reported exposure and genotoxic effects by smoking status, and
evaluated the interaction between smoking and benzene exposure on the frequency
of CA and/or MN by including smoking as a moderator variable.

Results

CA

Of the 745 identified studies on CA and benzene exposure, 16 (1,356 individuals) were
considered eligible for inclusion in the meta-analysis. An overview of all eligible studies
and a flow-chart indicating how studies were selected is provided in the appendix
(Figure S1) ). Four studies (477 individuals) were included in the primary study set. Of
the 16 selected studies, the vast majority (n=15), across a range of occupations,
showed higher CA frequencies in jobs involving benzene exposure when compared to
unexposed jobs (see Table S2). Only the benzene exposed fuel-tanker-drivers in
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Lovreglio et al. (2014) had lower CA frequencies in comparison with their control
group.

The individual ERCs for all 16 studies (full study set) are presented in Figure 1, which
clearly shows the large variation across studies in baseline CA frequencies and the
derived benzene ERCs.

A meta-analysis of the slopes on the primary study set confirms that benzene
exposure is positively and significantly associated with an increase in CA [ = 0.27%,
95% CI: 0.08%, 0.47%) but with an 12 of 94% indicating very strong heterogeneity
between studies (Figure 2). Expanding the analysis to include the full study set
resulted in a similar positive but heterogenous association [ = 0.29% (95% CI: 0.16
—0.42), 12: 91.1%].

1 Berlin(1985) 9 Major et al.(1994)
2 Bogadi et al (1997) 10 Picciano et al.(1979)
3 Fracasso et al.(2010) 11 RomaTorres et al.(2006)
4 Gundy (1989) 12 Sarto et al.(1984)
5 Jablonicka et al (1987) 13 Sasiadek et al (1989)
6 Karacic et al.{1995) 14 Sram et al.(2004)
7 Kim et al (2004) 15 Testa et al (2005)
8 Lovreglio et al.(2014) 16 Yardley-Jones et al (1990)
04 — Primary study set - Other studies
0 5 10 15
ppm

Figure 1. Chromosome aberrations (number of aberrations per 100 cells) and benzene exposure (ppm).

The primary study set contained studies where benzene was the primary genotoxic exposure and that had
adequate assessment of both exposure and outcomes. The term other studies refers to studies not meeting
these criteria. The numbers shown with each line indicate the study name. Note: CA, chromosomal aberration.
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Author and Year Slope estimate [95% CI]
Primary study set

Testa et al.(2005) —a— 046[ 025  0.67]
Sram et al.(2004) [ 051[ 023, 079
Kim et al.(2004) Ha- 047[ 011, 023
Bogadi et al.(1997) H 0.08[ 003  0.14]
Estimate for subgroup el 0.27 [0.08, 0.47]

Additional studies in full study set

Berlin{1985) — 098] 062, 133
Fracasso et al.(2010) m 57.25] 7433, 188.82]

F

Gundy(1989) —a— 032] 021, 043
Jablonickd et al.(1987) e 0.09[ -0.02, 0.20]
Karacic et al.(1995) —-— 010[ -0.02 0.21]
Lovreglio et al.(2014) - =  -4.04] -13.44, 5.36]
Major et al.(1994) —_—— 0.85[ 031, 13§
Picciano(1979) - 017[ -0.09, 042]
RomaTorres et al.(2006) - = i 023 -1.28 1.74]
Sarlo et al.(1984) —————— 063[ 013,  1.14]
Sasiadek et al.(1989) - 019[ 0.09, 0.29]
YardleyJones et al.(1990) H—— 010[ -0.04, 0.25]
Estimate for subgroup =i 0.31[0.12, 0.51]
Estimate for full study set - 029] 0186, 0.42]

T T 1

-0.5 1 2

Slope estimate

Figure 2. Meta-analysis of slope estimates (in units%/ppm) of benzene induced chromosomal aberrations.
The primary study set contained studies where benzene was the primary genotoxic exposure and that had
adequate assessment of both exposure and outcomes. The term other studies refers to studies not meeting
these criteria. The 12 of the primary study set was: 94%, the 12 of the full study set was 91.1%. Note: Cl,
confidence interval.

Sensitivity analyses

To assess the sensitivity of the outcome of the meta-analysis, one study at the time
was excluded from both the primary and the full study set using a jackknife approach.
The results are presented in the appendix ( Table S3). These analyses showed that
excluding a single study had a considerable impact on the point estimate of the meta-
slope (range 0.22 - 0.35) when limiting analysis to the primary study set. When
considering all studies, Berlin et al. (1995) was found to be influential on the meta-
slope estimate (i.e. average slope was 0.29, whereas excluding Berlin et al. (1995)
would result in a slope estimate of 0.22, 12: 78%).

Of the selected CA studies from the full study set, four (Jablonicka, Vargova, and
Karelova 1987; Major et al. 1994; Fracasso et al. 2010; Sram et al. 2004), contained
specific information on CA aberrations for smokers and non-smokers in the control
and benzene-exposed group (Figure S2). There was no statistical interaction effect of
smoking (p-value: 0.6).

There was evidence of publication bias for the CA studies (p = 0.02). We attempted to
adjust the results for this bias using the trim-and-fill method (see Figure S3).
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MN

Of the 315 MN studies that were found, 13 (2097 study subjects in total) were
considered eligible for inclusion in the meta-analysis (Table S4). Nine of these studies
(1672 study subjects) were included in the primary study set (Figure S4). The
individual studies (Figure 3) indicate that most studies show higher MN frequencies in
the exposed group (n=9), but the slopes vary considerably.

The meta-slope of the primary study set of MN studies is 0.27% (95% CI: -0.23%,
0.76%) with an 12 of: 99.5% (Figure 4). We were unable to derive a consensus slope
for the full dataset owing to the large range in sampling variances for some of the slope
estimates.

Sensitivity analysis

When applying jackknifing on the primary study set, the range of slopes varied
between 0.17 (when Basso et al. (2011) was excluded) to 1.03 (when Ren et al. (2018)
was excluded) (see Table S5).

Three MN studies from the full study set (Bukvic et al. 1998; Basso et al. 2011; Sha et
al. 2014) contained information on smoking status and corresponding MN frequencies
in both the benzene exposed and unexposed group. There was no statistical
interaction effect of smoking (p-value: 0.5). (Figure S5)

There was evidence of publication bias for the MN studies (p = 0.001). The trim-and-
fill method pooled estimate was 0.24 with a corresponding SE of 0.98, whereas the
meta slope of the primary study set was 0.27 + 0.19. (see Figure S6 )
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30

20 Basso et al.(2011)
Bukvic et al.(1998)
Carere et al.(1998)
Fang et al (2017)
Kim et al.(2008)
Lovreglio et al.(2014)
Pitarque et al.(1996)
Ren et al.(2018)
RomaTorres et al.(2006)
Sha et al.(2014)
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Figure 3. Micronuclei and benzene exposure. The primary study set contains studies where benzene was the
primary genotoxic exposure and that had adequate assessment of both exposure and outcomes. The “other
studies” refer to studies not meeting these criteria. The numbers shown with each line indicate the study name.
The study by Liu et al. (1996) is not displayed in this figure because it was the only study that measured very high
exposure levels (up to 60 ppm).

Author and Year Slope estimate [95% CI]
Testa et al.(2005) L] 0.12[0.07, 0.17]
Surrallés et al (1997) = : -1.04 [-1.77,-0.30]
RomaTorres et al.(2008) —a— 0.6070.28, 0.93]
Ren et al.(2018) im 0.08[0.06, 0.09]
Kim et al.(2008) —— 0.78[0.54, 1.03]
Fang et al.(2017) P 0.1070.06, 0.15]
Basso et al.(2011) - 9.27[4.99, 13.56]
Estimate for primary study set ——————— 0.27 [-0.23, 0.76]

T T 1

-2 -1 1

Slope estimate

Figure 4. Meta-analysis of slope estimates (in units %/ppm) of benzene induced micronuclei based on primary
study set.

The primary study set contains studies where benzene was the primary genotoxic exposure and that had
adequate assessment of both exposure and outcomes. The 12 of the study set was: 99.5%.
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Discussion

A substantial number of occupational studies has been undertaken in the past
decades to study the effect of benzene on genotoxicity, covering a range of
occupations and entailing various co-exposures and different levels of benzene
exposure. Although in the vast majority CA and MN frequencies were associated with
jobs involving benzene exposure (IARC 2018), a consensus quantitative relationship
between exposure levels and CA or MN frequency is not yet defined.

To quantitatively summarize data on occupational benzene exposure and markers of
genetic damage, we conducted a systematic review, followed by a meta-analysis and
a set of sensitivity analyses. We found a positive slope for both CA [ = 0.27% (95%
Cl: 0.08%, 0.47%)] and MN [B = 0.27% (95% CI: -0.23%, 0.76%)] in relation to
benzene exposure for the high quality studies (primary study set), but the between-
study heterogeneity in slope estimates was large with an estimated I? of over 90% for
both endpoints.

Including also studies with less stringent quality criteria (full study set) the slope was
comparable for CA [B =0.29% for all studies (95% CI: 0.16, 0.42, 1. 91.1%)] in
comparison to the primary study set. We were unable to derive a meta-slope for the
full dataset for MN due to the large range in variances for the study-specific slopes.

There are several possible explanations for the observed differences in individual
slopes, including the small number of individuals per study (on average about 40), the
limited dose groups (in most cases there was only one exposure estimate for the
exposed group), differences in exposure assessment methods, and uncertainty in both
exposure levels and CA or MN counts. This latter issue is reflected by the results of
the HUman MicroNucleus project, which was established early 2000 to gather MN
data from 25 labs representative of many countries and populations (Bonassi et al.
2001). An overall median MN frequency in non-exposed subjects of 6.5%. was found
with an interquartile range between 3 and 12%.. The authors conclude that most of the
observed total variance could be explained by laboratory methods. The issue of
uncertainty in measuring DNA damage rates might be even more critical for classical
CA since no harmonized protocol has been developed for this biomarker, and CA are
known to be more difficult to score in comparison to MN (Fenech 2002). Indeed we
found that analyzing and comparing all CA studies included in this meta-analysis was
difficult because the interpretation of “(total) chromosomal aberrations” varied
amongst studies. A range of structural aberrations were included by some studies,
whereas others reported only a specific type of aberration, thereby making
comparisons more difficult. Still, all authors aimed to collect the same information (i.e.,
total classical CAs), whereas this was not the case for the FISH studies, where
different endpoints in different chromosomes were selected in different division stages
of the cells (e.g., interphase or metaphase). Hence, we decided to exclude studies
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based on FISH technology because they could not be sensibly combined. However,
potentially, the observed analytical variance in CA measurements could be less for
FISH-based studies because scoring is easier and can be automated. In addition, a
chromosome-wide aneuploidy study described heterogeneity in monosomy and
trisomy rates for specific chromosomes. (Zhang et al. 2011). Focusing on the more
sensitive chromosomes may then provide a more accurate estimate of benzene’s
genotoxic effect which maybe be partly masked in CA and MN assays where all
chromosomes are considered.

Exposure assessments applied in the different studies were not equivalent. For
example, some studies described the measurement of personal exposure in the
breathing zone of workers, whilst others estimated exposure based on stationary
samples. Although we did take uncertainty in measured CA or MN frequencies into
account in this meta-analysis, this was not possible for the exposure estimates
because information on the exposure assessment error was often missing (as we see
commonly in meta-analyses). This could potentially add to the observed heterogeneity
between studies. Note that it has been reported that I? has a substantial bias when the
number of studies is small; as an alternative confidence intervals could replace the |2
estimates (Von Hippel 2015). We provide both estimates in this paper.

The studies in the meta-analysis were weighed on the corresponding inverse variance.
We did so because we assumed the SD described the variability of counted CA or MN
between individuals; this was confirmed by a number of authors of the studies used
for meta-analysis in this paper (R. Sram and P. Lovreglio, personal communication).
Due to the limited number of studies, the limited number of estimates per study, and
the high heterogeneity between studies, we refrained from explorations on nonlinearity
of the ERC. However, some evidence is available that the deleterious effects of
benzene might, in fact, be nonlinear (Kim et al. 2006; Rothman et al. 1998).

We also investigated the potential interaction effect between smoking and benzene
exposure. The results were not significant for either CA or MN; however, the number
of studies available with information on CA or MN frequencies specifically for smokers
and non-smokers was limited. There was some evidence of publication bias, most
notably for the MN studies where the trim-and-fill method indicated a (relatively small)
change in pooled estimate but a very large increase in the corresponding SE (i.e., the
slope estimate decreased from 0.27 to 0.24, and the corresponding standard error
became much larger (from 0.19 to 0.98). This effect is mainly driven by the study of
Basso et al. (2011), where the observed outcome is much larger for the reported
standard error in comparison to other studies (Figure S6). Publication bias thus
influenced the MN slope estimate, adding to the uncertainty of the meta slope.
Evidence for publication bias for MN was also found by Angelini et al. (2016). Finally,
in the past years, several studies explored possibilities beyond measuring classical
CA or MN frequencies, that is, studying other biomarkers [e.g., telomere length assays
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(Bassig et al. 2014)], or other cell types [e.g., cells closer to acute myeloid leukemia/
myelodysplastic syndrome-related stem cells (Zhang et al. 2012)]. Potentially, these
studies can also be used to derive ERCs but we chose to focus on CA and MN assays
because the evidence base for these studies is larger and their association to benzene
exposure is widely accepted.

We quantitively estimated the relationship between benzene exposure and induced
genetic damage to inform future risk assessments; for example, because both MN and
CA have been found to be predictive of an increase in future cancer risk (although not
for hematopoietic malignancies specific, given the lack of power to investigate these
associations), our derived ERC might be used to inform the shape of the benzene-
leukemia curve in exposure ranges where epidemiological data is limited. One strategy
to include our ERC in a benzene-leukemia risk assessment would involve a Bayesian
approach that uses information on the meta-slope of CA and MN as prior in estimating
the benzene leukemia ERC. We believe the inclusion of biomarkers could potentially
enhance risk assessment because these studies can be informative for early biological
effects (which might not be included in cohort studies on, e.g., cancer occurrence) or
relevant biological pathways, and in addition they can inform the ERC at lower
exposure levels because biomonitoring studies have generally more power than
outcome studies at lower exposure levels.

In conclusion, we summarized all available data on CA and MN frequencies in
benzene exposed workers, and provided a quantitative estimate of the exposure
response relationship. As far as the authors are aware, no other study applied the
quantitative approach used in this paper for other chemicals. We believe that further
insight into the quantitative relationship between real-life benzene exposure and
genetic damage could provide a starting point for further inclusion of this data in
benzene risk assessments; however, the considerable observed heterogeneity
between studies should be carefully considered.
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Supplemental Material - Scoring criteria

Table S1. Scoring criteria exposure and cytogenic assessment for CA and MN studies Note that only for class A
“Exposure” a distinction between A+ and A+ is made. Studies that scored an A+ for exposure assessment and an
A for cytogenic assessment were included in the primary analyses. C studies were excluded from further
analyses. All other studies were included in the full study set.

Class  Sub class Exposure Cytogenic assessment
A A+ Benzene main source of exposure: >100 metaphases (CA), or > 1000
Personal exposure measurements or binucleated cells (MN) scored
multiple air samples, biomonitoring Culture time < 50 hours (CA), cells
studies incubated for 44 hrs and subsequently
A- Not fulfilling criteria of A+ another 24-28 hrs after addition of Cyt B
(MN).
Reporting SD or range
B Co-exposure to other genotoxic Not fulfilling criteria of A
substances
C Studies that scored a B on both

exposure and cytogenic assessment
were ranked C and excluded from
further analyses.
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Supplemental Material -Jackknife CA

Table S3. Jackknifing CA studies

Excluded study Slope estimate (Cl) 12
Primary study set

Bogadi 0.35 (0.13-0.57) 78.4
Kim 0.33 (0.05-0.61) 86.5
Sram 0.22 (0.02-0.41) 94.5
Testa 0.22 (0.008-0.43) 94.8
Full study set

Bogadi 0.32(0.17-0.46) 88.7
Kim 0.31 (0.16-0.46) 90.1
Lovreglio 0.29 (0.16-0.43) 91.7
Sram 0.28 (0.14-0.41) 91.4
Testa 0.28 (0.14-0.42) 91.7
Berlin 0.22 (0.13-0.31) 78.0
Fracasso 0.29 (0.16-0.42) 91.7
Gundy 0.30 (0.15-0.45) 921
Jablonicka 0.32(0.17-0.46) 91.4
Karacic 0.32(0.17-0.46) 91.6
Major 0.27 (0.14-0.39) 90.0
Picciano 0.31(0.16-0.45) 92.5
RomaTorres 0.29 (0.16-0.43) 91.8
Sarto 0.28 (0.15-0.41) 91.3
Sasiadek 0.31(0.16-0.46) 91.8
Yardley Jones 0.31(0.17-0.46) 91.9
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Supplemental Material - Jackknife MN

Table S5. Jackknifing MN studies

Excluded study

Slope estimate (Cl)

Primary study set
Basso

Fang

Kim

Ren

Roma-Torres
Surrallés

Testa

0.17 (-0.24 - 0.58)
1.02 (-0.98 - 3.03)
0.91(-1.12 - 2.94)
1.03 (-0.98 - 3.03)
0.94 (-1.09 - 2.98)
0.36 (0.06 — 0.66)
1.02 (-0.99 — 3.03)

99.68
99.97
99.99
99.96
99.99
99.30
99.98
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Supplemental Material - Flowchart CA

Excluded based on
title/abstract (n= 684):

- Animal studies

- Co-exposure to
carcinogens

- Biological matrices
different from blood
(e.g. sperm, buccal
cells)

- In vitro studies

- Non-English studies

Systematic search in Pubmed and
Scopus until August 2018 (n =745)

A

.

Critical
appraisal of
full-text
articles
(n=61)

Studies considered for
inclusion in meta-
analysis (n=16), further
stratified by study
quality? (primary study
set:5, full study set: 16)

Did not meet inclusion criteria
(n=45)

- Former exposure to benzene!
- Case studies

- Acute short term exposure

- Same cohort 2

- No quantitative information on
exposure and CA

- Non-occupational exposure

- Exposure around background
- FISH studies

- Workers with benzene

Figure S18. Flowchart of selection of studies on benzene exposure and chromosomal aberrations, for inclusion in
meta-analysis. 1: Former exposure describes studies in which workers are tested for CA months or years after
benzene exposure. 2: Same cohort refers to studies that have been conducted in the same cohort but are
published over several publications. 3: It occurred that a study contained more exposed groups with one exposed
group being included in the meta-analysis and another exposed group from the same study not. Therefore the
number of studies stratified by study quality is not identical to the number of studies considered for inclusion in

the meta-analysis.
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Supplemental Material - Smoking interaction CA

P
1
*-----____&

ppm

Figure S2. Individual studies (n=4) on CA for smokers (dashed curves) and non-smokers (solid line). The studies
included: Fracasso et al. (2010), Jablonicka et al. (1987), Major et al. (1994), Sram et al. (2004).
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Supplemental Material - Trim and fill CA

n
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|

Standard Error

— o L]

- T T T —
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G7.133 40349 33566
|

Observed Cutcome

Figure S3. Funnelplot Trim and Fill for CA. The black circles represent the different study outcomes and their
standard error. De open circles represent the imputed studies.
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Supplemental Material - Flowchart MN studies

Systematic search in Pubmed and
Scopus until August 2018 (n =315)

Excluded based on
title/abstract (n= 281):

A

- In vitro studies

- Animal studies v

- Other medium than Critical

blood (e.g. buccal appraisal of ) ) ) o
cells, sperm) full-text articles Did not meet inclusion criteria
- Reviews (n=34) (n=21)

- Other forms of
benzene (e.g.
isomers)

- Case studies

- Non-English studies

- Exposure around
background

- Former exposure 1!
- Same cohort 2

- Job category \ 4 - No quantitative exposure
Studies included in information
meta-analysis (n=13), - No benzene detected
further stratified by - Co-exposure carcinogen

study quality (primary
study set: 9, Full study
set: 13)

Figure S4. Flowchart of selection of studies, on benzene exposure and micro nuclei aberrations, for inclusion in
meta-analysis. 1: Former exposure describes studies in which workers are measured months or years after
benzene exposure. 2: Same cohort refers to studies that have been conducted in the same cohort but are
published over several publications.
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Supplemental Material - Smoking interaction MN

20-

MM

Figure S5. Individual studies (n=3) on MN for smokers (dashed curves) and non-smokers (solid line). The studies
included: Basso et al. (2011), Bukvic et al. (1998), Sha et al. (2014).
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Supplemental Material - Trim and fill MN
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Figure S6. Funnelplot Trim and Fill for MN. The black circles represent the different study outcomes and their
standard error. De open circles represent the imputed studies. The outlier at approximately 80 (for the observed
outcome) represents the Basso et al. (2011) study, where the observed outcome is much larger for the reported
standard error in comparison to the other studies.
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Chapter 6

Abstract

Background

Chemical risk assessment can benefit from integrating data across multiple evidence
bases, especially in exposure-response curve (ERC) modeling when data across the
exposure range is sparse.

Methods

We estimated the ERC for benzene and acute myeloid leukemia (AML), by fitting linear
and spline-based Bayesian meta-regression models that included summary risk
estimates from non-AML and non-human studies as prior information. Our complete
dataset included six human AML studies, three human leukemia studies, ten human
biomarker studies, and four experimental animal studies.

Results

A linear meta-regression model with intercept best predicted AML risks after cross-
validation, both for the full dataset and AML studies only. Risk estimates in the low
exposure range [<40 parts per million (ppm)-years] from this model were comparable,
but more precise, when the ERC was derived using all available data than when using
AML data only. Allowing for between-study heterogeneity, RRs and 95% prediction
intervals [95%PI] at 5 ppm-years were 1.58 [1.01, 3.22]) and 1.44 [0.85, 3.42],
respectively.

Conclusions

Integrating the available epidemiologic, biomarker, and animal data resulted in more
precise risk estimates for benzene exposure and AML, although the large between-
study heterogeneity hampers interpretation of these results. The harmonization steps
required to fit the Bayesian meta-regression model involve a range of assumptions
that need to be critically evaluated, as they seem crucial for successful
implementation.

Impact

By describing a framework for data-integration and explicitly describing the necessary
data harmonization steps, we hope to enable risk assessors to better understand the
advantages and assumptions underlying a data integration approach.

162



The exposure response relation between benzene and acute myeloid leukemia

Introduction

There is international consensus that benzene exposure is causally related to acute
myeloid leukemia (AML) (IARC 2018), but accurate description of the AML-benzene
exposure response curve (ERC) is still needed for impact and risk assessment.
Vlaanderen and colleagues (2009) used meta-regression to derive an ERC for total
leukemia, which includes AML, but also subtypes for which a causal relation to
benzene exposure has not been shown. Derivation of a precise ERC for AML was not
considered possible because of the limited number of studies and low case numbers
at low levels of exposure. Combining human AML data with data from closely related
study domains, for example, human epidemiologic data on leukemia or cancer
biomarkers, and animal experimental data could be used to increase precision of the
estimated ERC in this, and other cases (National Academies of Sciences Engineering
and Medicine 2017).

The aim of this article is to estimate the benzene-AML ERC using data from both
human and animal studies and from both experimental and observational study
designs. We also aim to identify and highlight some of the assumptions underlying the
harmonization steps required for integrating data across these different study
domains. We hypothesize that the shape of the benzene-AML ERC may be estimated
more precisely when using a larger evidence base, but also that it will improve our
ability to address concerns regarding the generalizability of results obtained from a
small set of studies. We focus on the exposure-response relation at relatively low
exposure levels, because the risks at low occupational and environmental benzene
exposure levels are still being debated (Mchale, Zhang, and Smith 2012).

For this purpose, we add to the available epidemiological studies that directly
investigated benzene and AML, i) human studies on benzene induced leukemia, ii)
human biomarker studies in benzene exposed workers on the induction of
chromosomal aberrations (CA) and micronuclei (MN), and (iii) experimental animal
studies on benzene-induced hematopoietic and lymphoid cancers. Biomarker studies
for CA and MN were included because these were found to be associated with
increased risk of cancer in large prospective cohort studies (Bonassi et al. 2008;
2007).

We choose a Bayesian meta-regression approach because it can be readily adapted
to include prior information on likely effect sizes and between-study heterogeneity
(Turner et al. 2015), while also accounting more directly for the imprecisely estimated
between-study heterogeneity than frequentist models (Jackson, Bowden, and Baker
2010).
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Methods

We refer to the Supplementary for a description of how individual studies were
selected for the epidemiologic, human biomarker and animal experimental study
domains (Supplementary Study Selection).

A “reference” ERC for benzene and AML was estimated using a Bayesian version of
the meta-regression model used by Vlaanderen et al.(2011) for estimating the ERC
for benzene and leukemia, and using only data from epidemiologic studies that directly
investigated risk of AML in benzene exposed workers. As usual for this type of (meta-
regression) model, the input data consisted of reported summary risk estimates (i.e.
log-Hazard Ratios) and standard errors for each (AML) study and for each (average)
cumulative benzene exposure level for which it was reported. Additional details on the
structure of the meta-regression model are provided further below.

To estimate an “augmented” ERC, i.e. an ERC that includes information from studies
in some or all of the related study domains, we converted the available exposure-
response information to fit the same format as that used for the AML studies, i.e. into
log relative effect estimates with standard errors at an estimated cumulative benzene
exposure level. Detailed examples of how the available information was processed in
order to fit this format (i.e. the data harmonization steps) are provided in the
Supplementary Data Harmonization (including Supplementary Table S1), but the
approach is also outlined below, separately for each study domain.

Epidemiological studies

For each study, risk estimates were selected from models where cumulative exposure
was entered as a categorical variable, with standard errors estimated from reported
confidence intervals. No distinction was made between rate or hazard ratios (HRs),
standardized mortality ratios (SMRs), or odds ratios (ORs), and we will refer to each
of these using the term “relative risk” (RR) in the remainder of the article. When no
cases were observed in one of the categories [as was the case for the study by Collins
et al. (2015)], we imputed half a case as a continuity correction to allow calculation of
the logRR for the meta-regression. An overview of all included AML or leukemia
studies can be found in the Supplementary AML studies (Supplementary Table S2)
and Supplementary Leukemia studies (Supplementary Table S3), respectively.

Exposure estimates were based either on reported average cumulative exposures or,
when these were not available, by assigning the midpoint of the reported range or, for
open-ended upper categories, the lower category boundary multiplied by 5/3.

Human biomarker studies

The meta-analytical approach of Scholten et al. (2020) (where benzene exposure
effects are estimated on an additive scale) was modified in two ways to allow inclusion
of the study data in our meta-regression framework. First, to quantify effects on a
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multiplicative scale, we log-transformed the reported proportions and used the delta
method to estimate their variance on the log-scale (Oehlert 1992). We then subtracted
the log-transformed proportion of aberrant cells in the unexposed (or low-exposed)
from that in the exposed and estimated its standard error using standard variance
rules. The main assumption underlying this approach is that the ratio of CA (or MN) in
exposed to unexposed categories can be used to inform our prior estimate for the RR
of benzene-induced AML. Second, to harmonize exposure levels in the biomarker
studies to those in the epidemiologic studies, (average) exposure levels were
multiplied by the reported average working histories, as a way to estimate cumulative
exposures. If for a specific study no working history was available (which was the case
for three CA and five MN studies) we assigned the average working history across all
other studies. The main assumption underlying this step is that group-differences in
average exposures calculated from cross-sectional studies are equivalent to the
differences observed in the epidemiologic studies.

Animal experimental studies

Effect estimates for most animal studies were either available as, or could be easily
expressed as, risk ratios. Concordance between experimental animal and human
epidemiologic data for AML is supported by results presented in the recent
International Agency for Research on Cancer (IARC) Monograph on tumor site
concordance and mechanisms of carcinogenesis (IARC 2019). We estimated
cumulative benzene exposure levels by multiplying reported exposure levels (ppm) by
reported exposure durations without applying any further conversion factors. Results
from multiple experiments reported in a single paper (n=2) were considered separate
studies. An overview of all animal studies can be found in the Supplementary file
(Supplementary Table S4).

Bayesian meta-regression model

Our meta-regression model is formulated as a hierarchical two-level random intercept
and slope model. The (level 1) model for the observed (log) relative risks (Y) is:

Y~MVN(E(Y), 5,)

K
E(Y;;) =60 + Zk_15k,i * X ij

Where MVN is the multivariate normal distribution and E(Y) the expected value of Y, i
and j index different studies and exposure levels, §,; and &« are the study-specific
intercept and slope coefficients, and where X, is either the benzene exposure level
itself (for linear models; K=1) or the k" basis of a K-dimensional regression spline.
The covariance matrix of residual errors (ZX,) is assumed to be known and was
estimated using the method proposed by Greenland and Longnecker (1992).

The (level 2) model for the random intercept (5,,;) and slope coefficient(s) (& ;) is:
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60,1‘ ﬂo
~MVN(| |, %)
6 k,i ﬁk

We aimed to specify priors that are strong enough to rule out unreasonable values,
while still allowing the data to dominate the prior when it provides enough information.
We assigned a weakly informative normal prior centered at 0 and with a scale of 1 to
the overall intercept (4,), and normal priors centered at 0 with a scale of 2 to the slope
parameter(s) (B, - B,). This reflects our prior belief that the RR at zero exposure is
likely to be exp(0)=1 and rather unlikely (i.e. with prior probability <20%) to be outside
the range exp(+1.28) = [1/3.6, 3.6] and that the RR per 100 ppm-years is unlikely to
be outside the range exp(x2*1.28) = [1/13, 13] (for the linear model).

For the random effect variances we followed the recommendations by Rover et al.
(2021) in using a half-Cauchy prior for the random effect variances and the prior
suggested by Lewandowski, Kurowicka, and Joe (LKJ) (2009) for the correlations
between random effects. Our main analyses are based on using a half-Cauchy with a
scale of 1. Our choice for this particular prior scale reflects our belief that the between-
study variation in logRRs is likely (i.e. with prior probability >80%) within the range
[0.16, 6.3], but with a mode at 0, and it allows for considerable heterogeneity in RRs
between studies. Based on this prior, and assuming an overall RR of 1, approximately
20% of study-specific RRs (per 100 ppm-years) are expected to be between 0.9 and
1.1, 40% are expected to be between 0.7 and 1.5, 60% are expected to be between
0.4 and 2.4, and 80% are expected to be between and 0.1 and 9.9.

The parameter n of the LKJ prior was set at 2, which mainly serves to exclude very
strong correlations between estimated random effect parameters (e.g. 80% of the
intercept-slope correlations is expected to be in the range [-0.6, +0.6]).

Exposure response models

To assess the shape of the ERC, we fitted a regression spline model using a natural
regression spline basis with interior knots at 10 and 65 ppm-years (the approximate
33% and 67% percentiles of the exposure distribution) and outer knots at 0 and 130
ppm-years (the approximate 0% and 85% percentiles of the exposure distribution).
Alternative exposure-response models included a regression spline model without an
intercept, forcing the ERC through the origin (RR=1) at zero exposure, and linear
models with and without an intercept.

Between-study heterogeneity was accommodated by allowing for study-specific
intercepts and slopes (regression coefficients) as (correlated) random effects. We
additionally present 95% prediction intervals (95%PI) that take into account the
between-study heterogeneity as recommended by Higgins, Thompson, and
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Spiegelhalter (2009). Prediction intervals were calculated using estimates for the
between-study heterogeneity for AML studies.

We evaluated model fit for each individual study by jackknifing (i.e. leaving out one
study at a time), refitting the meta-regression model, and calculating the ratio of the
sum of the differences between observed and predicted values over its estimated
standard error for each held out study as an externally studentized residual. An
absolute value of the ratio exceeding 3 was considered evidence of severe lack of fit.
To compare the quality of posterior predictions from different model structures we
estimated the sum of the expected log pointwise predictive density (ELPD) (Vehtari,
Gelman, and Gabry 2017) using the models fitted during jackknifing. Higher ELPDs
indicate better predictions for the left-out studies and can be calculated for the full set
of studies, but also for a subset (e.g. only studies in the AML set).

Finally, to combine predictions from models with different model structures (i.e.
linear/spline, with/without intercept) we used Bayesian stacking (Yao et al. 2018), with
weights calculated based on the ELPD estimates. We call the resulting model the
“consensus” model and the estimated ERC the “consensus” ERC.

Sensitivity analyses

First, we evaluated the sensitivity of our results to our choice of prior for the between-
study covariance by changing the scale of the half-Cauchy prior to 0.5 and 5.

Second, we investigated the effect of excluding risk estimates for relatively high
exposures (i.e. over 40 ppm-years) from the model on estimated risks at low
exposures.

Third, we used an approach similar to that described in Bartell, Hamra, and Steenland
(2017), reducing the precision of point estimates for a subset of studies, to illustrate
how our approach could be used to selectively downweigh the impact of some studies,
in this case adding an (arbitrary) 10-fold uncertainty factor to results from the
experimental animal studies and a 3-fold uncertainty factor to results from both sets of
biomarker studies.

Impact assessment

To illustrate how our framework could be used for risk assessment, we calculated the
excess risk of AML due to benzene exposure for our "consensus” ERC using a life
table analysis. Background incidence rates for AML in the Netherlands were obtained
from the Dutch Integraal Kanker Centrum (IKC) and combined with Dutch mortality
rates as obtained from Statistics Netherlands. Excess risk of AML was estimated for
workers that were exposed to 0.1 ppm benzene for 40 years (between age 20-60),
assuming a five year lag period, and evaluated at age 80. We also estimated benzene
exposure levels corresponding to the definition of acceptable risk (AR) and maximum
tolerable risk (MTR) levels for occupational settings, i.e. the benzene exposure level
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at which the number of excess cases is either 40 per 1,000,000 or 40 per 10,000
exposed workers.

Software

The Bayesian meta-regression model was implemented in STAN using the brms
package (version 2.10.0). We collected 10,000 samples for each parameter from 4
chains after a burn-in of 5,000 iterations using Markov Chain Monte Carlo (MCMC)
techniques to sample from the posterior distribution. The algorithm was tuned by
increasing adapt.delta to 0.999 to avoid divergent transitions (Stan Development
Team n.d.). The posterior distribution was summarized by calculating the mean,
standard deviation and 2.5, 50, and 97.5 percentiles.

Jackknifing (leave-one-group-out cross-validation) was performed using the R function
kfold from the brms package, which was also used to estimate ELPDs for the held-out
studies. Weights for Bayesian model averaging (model stacking) used to estimate the
“consensus” ERC were estimated using the stacking_weights function from the /oo
package in R.

Results

We removed the MN biomarker study by Surrallés et al. (1997) from all further
analyses because the results of the (first) jackknifing analysis indicated a severe lack
of fit for this study even in our most flexible exposure-response model (i.e. a regression
spline model with intercept; see Supplementary Table S5). Our final study base
therefore consisted of 26 studies: six human epidemiological studies on AML, three
human leukemia studies (that had not reported on AML), 10 biomarker studies (4 CA
and 6 MN), and seven experimental animal studies [from four publications (Cronkite
et al. 1989; Kawasaki et al. 2009; Farris et al. 1996; Li et al. 2006)]. Most of the AML
and leukemia studies, but only a minority of other studies, had estimates for more than
one exposure level.

Table 1 shows estimated RRs at cumulative benzene exposure levels of 0, 5, 10, 20,
and 40 ppm-years based on our spline model with intercept for models fitted to data
from studies in the reference set (i.e. human AML studies), after adding studies from
single additional study domains, and after using all studies from all domains. Using
data from the full set of studies resulted in slightly higher relative risk estimates than
using the reference set only, and these were estimated more precisely with narrower
credible intervals (Cls) and prediction intervals (Pls). There was considerable
between-study heterogeneity in risk estimates however, as evident also from the Pls
that were much wider than the Cls. Using the full set of studies resulted in narrower
Pls than using the reference set only, suggesting that the gain in precision for
population-level risk estimates was not at the expense of increased between-study
heterogeneity.
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Using cross-validation to estimate and compare the quality of model predictions, we
found that the linear model with intercept provided the best predictions (i.e. had lowest
kICs; see Table 2); both for the full set of studies and when considering predictions
only for the AML studies. This was true also when models were fitted using data only
from AML studies. Predictions for AML studies were also better from models fitted
using all available data than from models fitted to the AML data only. As a result,
estimated model weights were highly skewed towards the linear model with intercept,
which was assigned a weight of nearly 1 (versus <1e-5 for any of the other model
structures), making the “consensus” model virtually identical to the linear model with
intercept.

Estimated ERCs using the linear “consensus” model for the AML set only and after
adding studies from different domains are presented graphically in Figure 1. Although
most datapoints from the biomarker and experimental animal studies were in the lower
exposure region, inclusion of these studies had only limited effect on the estimated
ERC.

Table 1. Relative risk estimates and 95% credible and prediction intervals for benzene-induced acute myeloid
leukemia (AML), for benzene exposure at selected exposure levels. Risk estimates are population-level
estimates from a meta-regression model that includes an intercept and allows for non-linear effects of benzene
exposure. Estimates are given for only AML studies, and with inclusion of several data domains, including the full
dataset. Second row in each cell: credible interval, third row: prediction interval.

Benzene AML AML + AML + CA AML + MN AML + All
(ppm-yrs) leukemia biomarker biomarker animal data
0* 1.39 1.40 1.35 1.59 1.44 1.58

(0.77-2.47)  (0.81-2.41) (0.76-2.34) (1.15-2.12) (0.82-2.44) (1.17-2.09)
(0.73-3.67)  (0.76-3.54)  (0.73-3.45) (0.94-3.53) (0.78—3.55) (0.96—3.47)
5 1.40 1.36 1.41 1.60 1.35 1.57
(0.84-2.30) (0.87-2.09) (0.91-2.18) (1.26-1.99) (0.86-2.07) (1.25-1.92)
(0.72-3.89)  (0.73-3.49) (0.78-3.68) (0.92-3.69) (0.73-3.39) (0.93-3.51)
10 1.40 1.32 1.48 1.62 1.28 1.57
(0.79-2.50)  (0.84-2.08)  (0.98-2.19) (1.24-2.09) (0.81-2.03) (1.25-1.90)
(0.60-4.83) (0.61-4.05) (0.71-4.48) (0.78-4.40) (0.58—3.80) (0.81-3.98)
20 1.44 1.32 1.61 1.69 1.23 1.61
(0.66-3.32)  (0.72-2.45)  (0.95-2.52) (1.13-2.45) (0.68—2.28) (1.18-2.05)
(0.43-7.60) (0.45-5.63) (0.57-6.73) (0.60—6.18) (0.41-5.19) (0.65—5.28)
40 1.64 1.56 1.79 1.94 1.37 1.78
(0.70-4.08)  (0.81-3.05)  (1.05-2.86) (1.20-2.97) (0.75-2.63) (1.28-2.34)
(0.43-10.21) (0.47-7.57) (0.57-8.55) (0.60-8.12) (0.40-6.73) (0.63—6.52)

* intercept
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Table 2. Comparison of predictive model quality for models with different model structures. Results are presented
as the sum of expected log pointwise predictive densities (3, ELPD), with higher values indicating better model
predictions. ELPDs were estimated using jackknifing (leave-one-study-out cross-validation). Results are shown
for models fitted to the full set of studies from all study domains for all studies and for AML studies only and for
models fitted to data only from AML studies.

Model Full dataset Full dataset : AML only AML
Linear model without 121.6 54.52 56.82
intercept

Linear model with intercept 85 49.12 52.76
Spline model without 113.2 54.02 58.88
intercept

Spline model with intercept 96 52.16 56.56

Similar to the more flexible regression spline model, estimated RRs at low cumulative
benzene exposure levels were generally lower and less precise when using data only
from the AML studies, when compared to using all available studies (Table 3). As an
example, the risk estimate (95%PI) at 5 ppm-years was 1.44 (95% PI: 0.85,3.42) when
using only AML studies, while it was 1.58 (95% PI: 1.01,3.22) when using all available
studies.

Parameter estimates for the consensus parameters and between-study (co)variance
for the linear model with an intercept fitted to the full dataset are provided in the
Supplemental Materials (Table s6). Between-study variance in slopes was large
relative to the consensus slope estimate. There were no large differences in estimated
between-study variance for slopes for different study domains, but these were
estimated rather imprecisely.

Figure 1A Figure 18
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Figure 1. Benzene exposure and RR of developing acute myeloid leukemia (AML) based on various data
domains. Linear model with intercept. Dark ribbon: Confidence interval for all studies, light ribbon: prediction
interval for all studies. Dashed line represents knots. Left panel: all study points, right panel: zoomed 0 - 40
ppm-yrs.

170



The exposure response relation between benzene and acute myeloid leukemia

Table 3. Risk estimates and 95% prediction intervals for benzene induced acute myeloid leukemia (AML) at
selected exposure levels. Risk estimates are population-level estimates from a linear meta-regression model that
includes an intercept. Estimates are given for only AML studies, and with inclusion of several data domains,
including the full dataset. Second row in each cell: credible interval, third row: prediction interval.

Benzene AML AML + AML + CA AML + MN AML + All
exposure leukemia biomarker biomarker animal data
(ppm-yrs)

0 1.42 1.42 1.54 1.56 1.33 1.55

(intercept) (0.91-2.21) (0.99-2.06)  (1.11-2.12) (1.31-1.90) (0.91-1.93) (1.34-1.80)
(0.84-3.40) (0.86-3.22)  (0.94-3.28) (1.01-3.18) (0.80-3.03) (1.00-3.16)
5 1.44 1.45 1.56 1.60 1.36 1.58
(0.94-2.22) (1.01-2.09) (1.14-2.11) (1.36-1.92) (0.93-1.96) (1.37-1.82)
(0.85-3.42) (0.88-3.29)  (0.97-3.32) (1.03-3.27) (0.82-3.09) (1.01-3.22)
10 1.46 1.48 1.58 1.63 1.38 1.61
(0.95-2.24) (1.04-2.12) (1.17-2.10) (1.39-1.94) (0.96-1.98) (1.40-1.84)
(0.85-3.50) (0.89-3.35)  (0.97-3.38) (1.04-3.35) (0.83-3.17) (1.02-3.30)
20 1.50 1.54 1.63 1.71 1.44 1.67
(0.97-2.31) (1.08-2.19)  (1.23-2.10) (1.43-2.03) (1.01-2.04) (1.46-1.90)
(0.81-3.77) (0.88-3.58)  (0.95-3.58) (1.02-3.68) (0.83-3.40) (1.02-3.51)
40 1.59 1.67 1.72 1.86 1.55 1.80
(0.96-2.55) (1.16-2.38)  (1.29-2.24) (1.44-2.37) (1.10-2.21) (1.56-2.07)
(0.66-4.72) (0.81-4.39)  (0.82-4.37) (0.90-4.86) (0.76—4.21) (0.94—4.21)

Sensitivity analyses
Prior choice for the between-study (co)variance

Detailed results from sensitivity analyses regarding our prior choice for the between-
study (co)variance are presented in the Supplementary file (tables S7-S9).Using a
more diffuse prior had relatively little effect on the width of credible intervals (Cls) for
predicted exposure effects, but resulted in significantly wider posterior prediction
intervals (PlIs). As an example, for the linear model with intercept the Cls for the
predicted exposure effect at 40 ppm-yrs were (1,58 — 2.04) and (1.51 — 2.11) for prior
scales of 0.5 and 5 respectively, while the corresponding Pls were (1.03 — 3.72) and
(0.80 — 5.54).

Prior-posterior plots (Figure S1) suggest that there is no large mismatch between any
of these priors and information provided by the data itself.

Excluding high exposure datapoints

Risk estimates were comparable but less precise after excluding all datapoints with
benzene exposures over 40 ppm-years, with a noticeable drop in risk estimates for
exposures of 40 ppm-years for the regression-spline based models (Supplementary
Table S10).

Uncertainty factors

Estimated risks were marginally lower and considerably less precise when 3-fold
uncertainty factors were used for the biomarker studies and a 10-fold uncertainty factor
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for the experimental animal studies (Supplementary Table S11). The effect was more
pronounced for Cls: risk estimates at 5 ppm-years were reduced from 1.58 (95% CI:
1.37,1.82) to 1.52 (95% ClI: 1.16,2.00) when uncertainty factors were applied.

Impact assessment

Results from the life table analyses that were used to estimate the excess risk of AML
due to benzene exposure using the linear model exposure-response model with
intercept are presented in Table 4. These results indicate that, when workers are
exposed to 0.1 ppm for 40 years, the estimated number of excess cases is higher than
that corresponding to AR levels, except when the most conservative approach (i.e.
subtracting the intercept) is used on the linear model fitted to data from only the
reference set, where it is just slightly lower.

Exposure levels corresponding to AR and the MTR levels are shown in the
Supplementary (Table S12, S13), and range from 0.0003 ppm (for the interpolated
linear model) to 0.098 ppm (for the model with intercept subtracted) when models are
fitted to the full set of studies.

Table 4. Results of a life table analysis for calculating excess cases per 1,000,000 at age 80 when exposed to
benzene at 0.1 ppm for 40 years.

AML AML + AML+ All data <40 ppm.yrs
leukemia
Linear with intercept 1289 1322 1698 1711
Linear with intercept — 30 42 41 3
intercept subtracted
Linear with intercept — 1222 1253 1606 1619
interpolation
Spline no intercept 295 204 379 n.a.
Linear no intercept 64 65 75 184
Discussion

To estimate the benzene-AML ERC, we collected and summarized human and animal
studies. The ERC derived using studies from this broader evidence base was very
similar to that based on data from the human AML studies only, but with more precise
risk estimates. Based on results from cross-validation, prediction of risks observed in
single (held-out) AML studies was improved by using data from other study domains.

We included a detailed description of data harmonization steps and our prior
motivation to improve understanding of the assumptions underlying the use of these
models by risk assessors. The need to harmonize exposure and outcome variables
required us to make strong and mostly untestable assumptions. For human studies,
exposure metrics used in the, mostly cross-sectional, biomarker studies (average
exposure levels) were fundamentally different from those in the long-term prospective
epidemiological studies (cumulative exposure levels). In addition, effects recorded in
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the biomarker studies had to be converted to relative effects to allow combination with
epidemiological data. For the animal data, cumulative exposure could be readily
estimated, but it is unclear whether any inter-species extrapolation factors should have
been applied. Although others [e.g., Bartell, Hamra, and Steenland (2017)] used
conversion factors, there seems to be no general agreement on either use or value.
We chose not to apply any conversion factor, based on the argument that metabolic
rate and cell division are roughly inversely correlated to lifespan(Dutta and Sengupta
2016).

Uncertainties stemming from the extrapolation of risks from animal to human studies
in current risk assessment procedures are typically addressed by using a fixed set of
inter-species extrapolation factors (Jones et al. 2009). In an analogous approach, we
(arbitrarily) used a 10-fold uncertainty factor for the animal studies and a 3-fold
uncertainty factor for the biomarker studies to downweigh evidence from these study
domains, resulting in slightly less precise risk estimates. While safeguarding against
inappropriate over-reliance on animal or biomarker data, this may also result in sub-
optimal use of the available data.

Prior choice for the between study variation is an important ingredient of Bayesian
meta-analyses, and may be crucial when there is little information. There were only
few studies per study domain in the analysis, and we therefore used a half-Cauchy
prior with a scale parameter of 1, to exclude implausible high values for the random
effects variance. We evaluated the sensitivity of our findings to this choice in sensitivity
analyses (Table S7, Figure S1,S2), with the results confirming our prior is broadly
compatible with the data, but also that estimated heterogeneity, which affects precision
of e.g. common slope factors, is quite sensitive to the prior scale. We discuss the
importance of heterogeneity for model inference further below, but note that with more
or more precise data, the meta-regression model could be formulated with hyperpriors
for the half-Cauchy scale. Our approach also allows evaluation and comparison of
study heterogeneity across different study domains. We found no large differences in
heterogeneity between study domains in our study, this could well be due to the fact
that these were estimated rather poorly, as there were only few studies per study
domain.

We used life table calculation to evaluate the impact of our estimated “consensus”
ERC for further risk assessment. It should be noted that, in the presence of significant
between-study heterogeneity, use of an ERC based on consensus (population-level)
parameters may be difficult to justify (Dahabreh et al. 2020). Without knowing, or at
least suspecting, what the reasons for the apparent heterogeneity may be, the mean
parameters may be difficult to interpret. In case of strong heterogeneity, the mean
parameters are also estimated with (near) equal weights for smaller and larger studies,
which could be problematic when smaller studies are more likely to suffer from small-

173



Chapter 6

sample or publication bias (Richardson et al. 2020). Alternatively, the full (random
effects) distribution may be used e.g. to average lifetable results across a random
sample of study-specific ERCs or for choosing an upper quantile of the between-study
distribution under the assumption that the higher risks are observed in better studies
(similar to what is done in benchmark dose modelling; BMDL).

Sobel, Madigan, and Wang (2017) and Dahabreh et al. (2020) recently discussed the
problem of casual interpretation of results from meta-analyses. Both papers stress the
importance of investigating sources of heterogeneity and rely on using additional
individual-level covariate data to account for differential selection and exposure
effects. Our approach is flexible enough to include further covariates as moderators.

We found that a linear model with intercept provided the best predictions. Possible
reasons for this intercept include exposure measurement error, uncontrolled
confounding, and healthy worker selection. Models with an intercept present
considerable interpretational difficulties from a risk assessment perspective, and risk
assessors therefore often prefer (meta-regression) models that do not allow intercepts.
We therefore evaluated risks using a number of different approach to account for the
intercept and also assessed risks based on the regression-spline model without an
intercept. Estimated AR levels from these models estimated using all avalilable data
were in the range 0.0003 — 0.098 ppm, which includes the limit for benzene exposure
that was recently proposed by the Risk Assessment Comittee of 0.05ppm (RAC 2018).

Our approach differs from earlier proposals for using Bayesian methods to integrate
data for risk assessment [e.g.,Dumouchel and Harris (1983;) Bartell, Hamra, and
Steenland (2017)]. Most notably these authors used the additional data to derive a
single prior for a slope coefficient from a linear meta-analytical model. In contrast, we
aimed to include data from several different study domains simultaneously and wanted
to allow for potential non-linear effects using a meta-regression model. Our approach
is more easy to use with more complex model structures and allows more explicit
evaluation of between-study heterogeneity for studies from different study sources.

Our approach can be seen as a first step towards quantitative integration of human
and animal data in risk assessment. It involves a trade-off between a potential gain in
statistical precision that comes with a more complete evaluation of the evidence base,
but it also runs the risk of introducing bias or increasing heterogeneity due to the
harmonization steps that may be required. Risk assessors may therefore choose to
use this approach primarily when evaluating compounds with weak epidemiologic
evidence (i.e. insufficient data) but a large animal or molecular evidence base.
Implementation of our approach in regulatory chemical risk assessment exercises
would require additional knowledge (such as better understanding of toxicokinetics,
better evidence for pre-diagnostic biomarker-cancer associations, better
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understanding of reasonable approaches to extrapolate animal evidence to the human
setting) to reduce the assumptions that had to be made in the current evaluation.

To conclude, we provide a first step towards the quantitative integration of data from
different study domains, into human risk assessment and identified a number of gaps
that need to be addressed in further research.

175



Chapter 6

References Chapter 6

Bartell, Scott M., Ghassan Badri Hamra, and Kyle Steenland. 2017. “Bayesian Analysis of
Silica Exposure and Lung Cancer Using Human and Animal Studies.” Epidemiology.
https://doi.org/10.1097/EDE.0000000000000602.

Bonassi, Stefano, Hannu Norppa, Marcello Ceppi, UIf Strémberg, Roel Vermeulen, Ariana
Znaor, Antonina Cebulska-Wasilewska, et al. 2008. “Chromosomal Aberration
Frequency in Lymphocytes Predicts the Risk of Cancer: Results from a Pooled Cohort
Study of 22 358 Subjects in 11 Countries.” Carcinogenesis.
https://doi.org/10.1093/carcin/bgn075.

Bonassi, Stefano, Ariana Znaor, Marcello Ceppi, Cecilia Lando, Wushou Peter Chang, Nina
Holland, Micheline Kirsch-Volders, et al. 2007. “An Increased Micronucleus Frequency
in Peripheral Blood Lymphocytes Predicts the Risk of Cancer in Humans.”
Carcinogenesis 28 (3): 625-31. https://doi.org/10.1093/carcin/bgl177.

Collins, James J., Steven E. Anteau, Gerard M.H. Swaen, Kenneth M. Bodner, and
Catherine M. Bodnar. 2015. “Lymphatic and Hematopoietic Cancers Among Benzene-
Exposed Workers.” Journal of Occupational and Environmental Medicine.
https://doi.org/10.1097/JOM.0000000000000324.

Cronkite, E. P., R. T. Drew, T. Inoue, Y. Hirabayashi, and J. E. Bullis. 1989. “Hematotoxicity
and Carcinogenicity of Inhaled Benzene.” Environmental Health Perspectives.
https://doi.org/10.1289/ehp.898297.

Dahabreh, 1.J., L.C. Petito, S.E. Robertson, M.A. Hernan, and J.A. Steingrimsson. 2020.
“Toward Causally Interpretable Meta-Analysis: Transporting Inferences from Multiple
Randomized Trials to a New Target Population.” Epidemiology 31 (3): 334—44.

Dumouchel, William H., and Jeffrey E. Harris. 1983. “Bayes Methods for Combining the
Results of Cancer Studies in Humans and Other Species.” Journal of the American
Statistical Association 78 (382): 293-308.
https://doi.org/10.1080/01621459.1983.10477968.

Dutta, Sulagna, and Pallav Sengupta. 2016. “Men and Mice: Relating Their Ages.” Life
Sciences. https://doi.org/10.1016/j.Ifs.2015.10.025.

Farris, G M, S N Robinson, K W Gaido, B A Wong, V A Wong, L Leonard, and R Shah.
1996. “Effects of Low Concentrations of Benzene on Mouse Hematopoietic Cells in
Vivo: A Preliminary Report.” Environmental Health Perspectives 104 Suppl
(December): 1275-76. https://doi.org/10.1289/ehp.961041275.

Greenland, Sander, and Matthew P. Longnecker. 1992. “Methods for Trend Estimation from
Summarized Dose-Response Data, with Applications to Meta-Analysis.” American
Journal of Epidemiology. https://doi.org/10.1093/oxfordjournals.aje.a116237.

Higgins, Julian P.T., Simon G. Thompson, and David J. Spiegelhalter. 2009. “A Re-
Evaluation of Random-Effects Meta-Analysis.” Journal of the Royal Statistical Society.
Series A: Statistics in Society. https://doi.org/10.1111/j.1467-985X.2008.00552.x.

IARC. 2018. “Benzene (IARC Monographs on the Evaluation of Carcinogenic Risks to
Humans).” Vol. 120.

. 2019. “Tumour Site Concordance and Mechanisms of Carcinogenesis. IARC
Scientific Publication No. 165.” http://publications.iarc.fr/578.

Jackson, D, J Bowden, and R Baker. 2010. “How Does the DerSimonian and Laird
Procedure for Random Effects Meta-Analysis Compare with Its More Efficient but

176



The exposure response relation between benzene and acute myeloid leukemia

Harder to Compute Counterparts?” Journal of Statistical Planning and Inference 140
(4): 961-70. https://www.sciencedirect.com/science/article/pii/S0378375809003073.

Jones, David R., Jaime L. Peters, Lesley Rushton, Alex J. Sutton, and Keith R. Abrams.
2009. “Interspecies Extrapolation in Environmental Exposure Standard Setting: A
Bayesian Synthesis Approach.” Regulatory Toxicology and Pharmacology.
https://doi.org/10.1016/j.yrtph.2009.01.011.

Kawasaki, Yasushi, Yoko Hirabayashi, Toyozo Kaneko, Jun Kanno, Yukio Kodama, Yuuko
Matsushima, Yukio Ogawa, et al. 2009. “Benzene-Induced Hematopoietic Neoplasms
Including Myeloid Leukemia in Trp 53-Deficient C57BL/6 and C3H/He Mice.”
Toxicological Sciences. https://doi.org/10.1093/toxsci/kfp107.

Lewandowski, Daniel, Dorota Kurowicka, and Harry Joe. 2009. “Generating Random
Correlation Matrices Based on Vines and Extended Onion Method.” Journal of
Multivariate Analysis. https://doi.org/10.1016/j.jmva.2009.04.008.

Li, Guang Xun, Yoko Hirabayashi, Byung Il Yoon, Yasushi Kawasaki, Isao Tsuboi, Yukio
Kodama, Yuji Kurokawa, Junji Yodoi, Jun Kanno, and Tohru Inoue. 2006. “Thioredoxin
Overexpression in Mice, Model of Attenuation of Oxidative Stress, Prevents Benzene-
Induced Hemato-Lymphoid Toxicity and Thymic Lymphoma.” Experimental
Hematology. https://doi.org/10.1016/j.exphem.2006.08.005.

Mchale, C.M., Luoping Zhang, and M.T. Smith. 2012. “Current Understanding of the
Mechanism of Benzene-Induced Leukemia in Humans: Implications for Risk
Assessment.” Carcinogenesis. https://doi.org/10.1093/carcin/bgr297.

National Academies of Sciences Engineering, and Medicine. 2017. Using 21st Century
Science to Improve Risk-Related Evaluations. National Academies Press.
https://doi.org/10.17226/24635.

Oehlert, Gary W. 1992. “A Note on the Delta Method.” The American Statistician.
https://doi.org/10.2307/2684406.

RAC. 2018. “Opinion on Scientific Evaluation of Occupational Exposure Limits for Benzene.”
https://echa.europa.eu/documents/10162/13641/benzene_opinion_en.pdf/4fec9aac-
9edb5-2aae-7b70-5226705358c7.

Richardson, D, S.R. Cole, R.K Ross, C Poole, H Chu, and A Keil. 2020. “Meta-Analysis and
Sparse-Data Bias.” American Journal of Epidemiology 190 (2): 336—40.

Rover, C, R Bender, S Dias, C.H. Schmid, H Schmidli, S Sturtz, S Weber, and T Friede.
2021. “On Weakly Informative Prior Distributions for the Heterogeneity Parameter in
Bayesian Random-Effects Meta-Analysis.” Res Synth Methods 12 (4): 448-74.
https://doi.org/10.1002/jrsm.1475.

Scholten, B, J Vlaanderen, R Stierum, L Portengen, N Rothman, Q Lan, A Pronk, and R
Vermeulen. 2020. “A Quantitative Meta-Analysis of the Relation between Occupational
Benzene Exposure and Biomarkers of Cytogenetic Damage.” Environmental Health
Perspectives 128 (https://doi.org/10.1289/EHP6404).

Sobel, M, D Madigan, and W Wang. 2017. “Causal Inference for Meta-Analysis and Multi-
Level Data Structures, with Application to Randomized Studies of Vioxx.”
Psychometrika 82 (2): 459-74.

Stan Development Team. n.d. “Brief Guide to Stan’s Warnings.” 2019. Accessed June 22,
2019. https://mc-stan.org/misc/warnings.html.

Surrallés, J., K. Autio, L. Nylund, H. Jarventaus, H. Norppa, T. Veidebaum, M. Sorsa, and K.
Peltonen. 1997. “Molecular Cytogenetic Analysis of Buccal Cells and Lymphocytes from

177



Chapter 6

Benzene-Exposed Workers.” Carcinogenesis. https://doi.org/10.1093/carcin/18.4.817.

Turner, Rebecca M., Dan Jackson, Yinghui Wei, Simon G. Thompson, and Julian P. T.
Higgins. 2015. “Predictive Distributions for Between-Study Heterogeneity and Simple
Methods for Their Application in Bayesian Meta-Analysis.” Statistics in Medicine 34 (6):
984-98. https://doi.org/10.1002/sim.6381.

Vehtari, A, A Gelman, and J Gabry. 2017. “Practical Bayesian Model Evaluation Using
Leave-One-out Cross-Validation and WAIC.” Statistics and Computing 27: 1413-32.

Vlaanderen, Jelle, Nathaniel Rothman, Liitzen Portengen, Qing Lan, Hans Kromhout, and
Roel Vermeulen. 2009. “Flexible Meta-Regression to Assess the Shape of the
Benzene-Leukemia Exposure—Response Curve.” Environmental Health Perspectives.
https://doi.org/10.1289/ehp.0901127.

Yao, Y, A Vehtari, D Simpson, and A Gelman. 2018. “Using Stacking to Average Bayesian
Predictive Distributions (with Discussion).” Bayesian Anal. 13 (3): 917-1007.

178



The exposure response relation between benzene and acute myeloid leukemia

Supplemental Material - Data Harmonization

We provide detailed examples of data harmonization for data from an epidemiological
cancer study (Stenehjem et al. 2015)), a biomarker study (Testa et al. 2005), and an
experimental animal study (Li et al. 2006).

Stenehjem et al. (2015) is part of our primary set of studies that directly investigated
the exposure-response relation between benzene and AML incidence. The authors
examined the incidence of lympho-haematopoietic cancers due to benzene exposure
among 24,917 male offshore oil workers followed during 1999-2011. The authors
provide hazard ratios (HRs) and 95% confidence intervals (95%ClIs) for three
categories of cumulative benzene exposure in ppm-years when compared to
unexposed workers. These can be directly used to calculate estimates for the logRR
and its standard error by log-transforming reported HRs and 95%Cls as is customarily
done for meta-analyses. The (3x3) covariance matrix for the combined set of logRRs
was estimated using the approach outlined by Greenland and Longnecker (1992) and
implemented in the covar.logrr function from the dosresmeta R package. To use this
function, the user is required to provide additional details on the number of cases and
the total number of subjects or person-years of follow-up, which were available from
the paper by Stenehjem et al. (2015). Data harmonization steps for studies included
in the leukemia set were the same as those used for the AML set.

Testa et al. (2005) studied chromosomal aberration frequencies (a cancer biomarker)
in 62 benzene exposed workers. Benzene exposure was monitored using stationary
sampling and expressed as a time-weighted average (TWA) exposure level. The
prevalence of chromosomal aberrations was assessed in (at least) 200 metaphases
and reported as the proportion of aberrations. For the controls this was 1.08% (sd:
0.81%) and for exposed workers 2.52% (sd: 1.58%). Cumulative benzene exposure
was estimated by multiplying the reported average exposure for exposed workers with
the duration of exposure. A IogRR was estimated by subtracting the log-transformed
average proportion of aberrations in unexposed workers (controls) from that in
exposed workers. The SE was estimated by applying the delta rule to standard errors
of the reported average proportions to account for the log-transformation and standard
variance rules for the difference between two independent random variables. Data
harmonization steps for other studies in the CA and MN sets were similar. For the
(few) studies that included multiple exposure levels, the full covariance matrix of
logRRs was estimated using the same approach as for AML and leukemia.

Li et al. (2006) exposed 10 mice to 300 ppm benzene for 6 hours/day, 5 days/week,
for 26 weeks. Six out of 8 animals in the unexposed and 8 out of 10 animals in the
exposed group developed lymphoma’s in haematopoietic and lymphoid tissues.
Cumulative exposure was estimated by multiplying the benzene exposure level by the
exposure duration (in years). The RR [95%CI] was estimated to be 107 [0.64, 1.77]
using standard relative risk calculations and were converted to a logRR and SE using
the same approach as used for the AML and leukemia studies.
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Table S1. Results from the data harmonization step for three selected studies.

Authors (year) Cumulative benzene logRR
exposure (ppm-years)

Covariance matrix

Stenehjem et al. (2015) 0.02 0.34
0.08 -0.16
0.54 1.58
Testa et al. (2005) 43 0.85
Li et al. (2006) 150 0.06

|

1,11 0.54 0.56
0.54 1.49 0.57
0.56 0.57 0.77

[10.03]

[0.07]

|
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Supplemental Material - Study Selection

Epidemiological studies

We used a study selection strategy similar to that used in Vlaanderen et al. (2009).
Briefly, a PubMed and Scopus search was conducted for published peer-reviewed
papers from 2008 onwards, using the key terms “benzene,” “humans,” “leukemia” or
‘“AML”  in combination with either “cohort studies” or “case—control studies”.
Publications were selected if they had been peer reviewed and fulfilled the following
criteria: 1) the study population had been occupationally exposed to benzene and 2)
exposure assessment was based on quantitative benzene exposure measurements
in air.

AML

All publications that had not been considered earlier by Vlaanderen et al. (2009) were
reviewed for information on AML. Studies that included information only on combined
AML and myelodysplastic syndromes (MDS) were included in the AML set, but note
that MDS was classed separately from AML in the recent International Classification
of Diseases 10. We did not consider publications where the authors applied a post hoc
updated or alternative exposure assessment without extended follow-up.

We reviewed 187 studies of which 6 investigated the exposure-response relation
between benzene exposure and AML, and were therefore included in the meta-
regression (Table S2). For the study by Collins et al. (2003), we selected the results
for acute nonlymphocytic leukemia (ANL) because it is considered to be very similar
to AML (National Cancer Institute 2019).

Leukemia

We compiled a dataset of studies that provided information on the ERC between
benzene and leukemia, but that were independent from (i.e. not already included) our
AML study set. We selected 3 leukemia studies for inclusion in the meta-regression
(Table S3).

Human biomarker studies

A review and meta-analysis of studies that investigated chromosomal aberrations (CA)
and micronuclei (MN) in workers occupationally exposed to benzene is provided by
Scholten et al. (2020). In brief, four studies were considered eligible for inclusion in
this meta-analysis for CA, and seven for MN. The authors looked at the exposure-
response relationship between current benzene exposure levels and the number of
CA or the number of bi-nucleated cells with MN on an additive scale. Estimated slope
estimates were an increase of 0.27% CA (95%CI: 0.08% - 0.47%; based on the results
from 4 studies) and 0.27% MN (95%CI: -0.23% - 0.76%; based on the results from 7
studies) per ppm of benzene exposure.
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Animal studies

We identified studies investigating benzene exposure effects in rodents by reviewing
IARC’s Monograph 120 (2018). Selected studies were required to have rodents
exposed through inhalation for a minimum duration of 16 weeks, with tumors studied
in hematopoietic and lymphoid tissues, and with a long observation period (over 22
months). For each study that matched our search criteria we extracted information on
the species, strain, sex, the observation- and exposure period, dose, and endpoint. In
total four studies were considered eligible for further analysis, accounting for 7 entries
(taking into account different strains, sex and species) (Table S4).
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Supplemental Material - Leukemia Studies

Table S3. Overview of human epidemiological studies on benzene exposure and AML or leukemia risk.

Reference (study) in AML dataset in leukemia dataset

(Collins et al. 2003) Yes No

(Collins et al. 2015) Yes No

(Linet et al. 2019) Yes No

(Schnatter et al. 2012) Yes No

(Stenehjem et al. 2015) Yes No

(Wong and Raabe 1995) Yes No

(Constantini et al. 2003) No Yes

(Glass et al. 2003) No No: this study is included Schnatter (2012)

(Hayes et al. 1997) No No: this study is updated by Linet et al. (2019)

(Rinsky et al. 2002) No No: the pliofilm study is already “represented” in
Wong (1994)

(Rushton 1997) No No: this study is included Schnatter (2012)

(Schnatter et al. 1996) No No: this study is included Schnatter (2012)

(Swaen et al. 2005) No Yes

(Wong 1987) No Yes

(Bloemen et al. 2004) No No: updated by Collins et al. (2015)

* Based on Vlaanderen et al. (2009)
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Supplemental Material - Animal Studies

Table S4. Overview of animal (rodent) studies on inhalatory benzene exposure and occurrence of cancer in
haematopoietic and lymphoid tissues.

Reference Observation Dose Species Tumour Notes
period (ppm) Strain (sex) incidence
Exposure period
Cronkite, Life time 300 Mice 7/60, Cases of lymphomatous
(1989) 16 weeks (6 h/d, CBA/Ca BNL (male) 12/57 and myelogenous
(Cronkite  5d/w) 300 Mice 6/60, neoplasms added together
etal. CBA/Ca BNL 10/54
1989) (female)
100 Mice 12/70,
CBA/Ca BNL (male) 9/85
Farris 22 months 300 Mice 2/119, Malignant lymphoma
(1993) 16 weeks (6h/d, CBA/Ca (m) 14/118
(Farriset  5d/w)
al. 1993)
Kawasaki Life time 33 Mice 2/20, Combination of neoplasm
(2009) 26 weeks (6h/d, C57BL/6 4/19 of haematopoietic and
(Kawasaki 5 d/w) (wildtype, male) lymphoid tissues
etal. 100 2/20,
2009) 3/19
300 2/20,
10/18
100 C3H/He (wildtype, 2/23,
male) 6/24
300 2/23,
7/23
Li (2006) Life time 300 Mice 6/8, Thymic and non-thymic
(Lietal. 26 weeks C57BL/6 (wildtype) 8/10 lymphoma added together
2006) (6hr/day, 5
d/w)
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Supplemental Material - Example Parameter Estimates

Table S6. Parameter estimates for the shared parameters and between-study covariance for a linear model with
intercept fitted to the full dataset.

Estimate [95%Cl]

Level 1 Shared parameters
Intercept (Bo) 0.44[0.29, 0.59]
Slope (1) 0.37 [0.06, 0.68]
Level 2 Between study (co)variance
AML c*(Bo)’ 0.05 [0.00, 0.50]
o¥(Ba)? 0.27 [0.02, 2.34]
o(Bo, Ba)* 0.00 [-0.82, 0.81]
Leukemia c2(Bo)” 0.13[0.00, 1.73]
o?(Ba)t 0.13 [0.00, 1.90]
o(Bo, Ba)* -0.07 [-0.86, 0.79]
CA c?(Bo)" 0.31[0.00, 1.85]
c?(B1)* 0.19[0.00, 1.56]
o(Bo, Ba)* -0.04 [-0.82, 0.80]
MN c2(Bo)” 0.05 [0.00, 0.56]
c?(Ba)t 0.22[0.00, 2.17]
o(Bo, Ba)* -0.10 [-0.86, 0.77]
Animal c2(Bo)” 0.02 [0.00, 0.16]
c?(Ba)* 0.31[0.00, 3.69]
o(Bo, Ba)* -0.08 [-0.85, 0.79]

" = between study variation in intercepts
" = between study variation in slopes
*# = correlation between random intercepts and slopes
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Supplemental Material - Different Scales For The Half-Cauchy Prior

Table S7. Summary of the prior-predictive distribution of Relative Risks (per 100 ppm-yrs of benzene exposure)
from a linear model without intercept and assuming an overall (consensus) RR of 1. Random effects were
generated using half-Cauchy priors with different scales and are summarized across different ranges of the RR.

Cumulative distribution

Scale [1/2-2] [1/5-5] [1/10-10] [<1/10 or >10]
0.5 70% 85% 89% 11%
1 54% 73% 80% 20%
5 21% 36% 44% 56%
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Table S8. Predicted Relative Risks for benzene-induced AML, for benzene exposure at selected exposure levels
based on models fitted to the full dataset and using a half-Cauchy prior for the between-study standard deviation
with a scale of 0.5. First row for each benzene exposure: point estimate, second row: 95% credible interval, third
row: 95% prediction interval.

Benzene exposure Linear (no Linear (with Spline (no Spline (with
(ppm-yrs) intercept) intercept) intercept) intercept)
0 n.a. 1.55 n.a. 1.57
(1.35-1.78) (1.20-2.02)
(1.05-2.79) (1.01-3.02)
5 1.03 1.58 1.19 1.57
(1.02 -1.05) (1.39-1.80) (1.09-1.27) (1.30-1.89)
(0.97-1.11) (1.07 —2.86) (0.94-1.53) (1.01 -3.05)
10 1.07 1.61 1.39 1.58
(1.04-1.11) (1.42-1.82) (1.19 - 1.57) (1.32-1.87)
(0.95-1.22) (1.08 —2.92) (0.89 —2.23) (0.92-3.34)
20 1.14 1.67 1.73 1.63
(1.08-1.23) (1.48-1.88) (1.38-2.08) (1.26 —2.00)
(0.90-1.49) (1.08-3.11) (0.86 —3.66) (0.79-4.13)
40 1.30 1.80 2.01 1.80
(1.16 -1.52) (1.58 —2.04) (1.63 -2.45) (1.36 —2.25)
(0.81-2.23) (1.03-3.72) (0.91-4.77) (0.81 —4.90)

Table S9. Predicted Relative Risks for benzene-induced AML, for benzene exposure at selected exposure levels
based on models fitted to the full dataset and using a half-Cauchy prior for the between-study standard deviation
with a scale of 5. First row for each benzene exposure: point estimate, second row: 95% credible interval, third
row: 95% prediction interval.

Benzene exposure  Linear (no Linear (with Spline (no Spline (with
(ppm-yrs) intercept) intercept) intercept) intercept)
0 n.a. 1.55 n.a. 1.60
(1.32-1.82) (1.10-2.19)
(0.99 —3.35) (0.91-3.98)
5 1.03 1.58 1.15 1.57
(1.02 - 1.06) (1.35-1.84) (1.00 -1.31) (1.16 —1.98)
(0.93-1.18) (1.00 - 3.43) (0.71-2.13) (0.81-4.31)
10 1.07 1.61 1.32 1.54
(1.04-1.13) (1.38-1.86) (1.00-1.66) (1.12-1.98)
(0.86 — 1.40) (1.00 - 3.59) (0.53 - 4.14) (0.59 - 5.77)
20 1.15 1.67 1.61 1.55
(1.07 - 1.28) (1.44-1.92) (1.06 —2.28) (0.99 —2.20)
(0.74 - 1.95) (0.95-4.01) (0.38-9.76) (0.38-9.89)
40 1.31 1.80 1.93 1.75
(1.15-1.63) (1.54-2.11) (1.28 -2.78) (1.09 - 2.57)
(0.55 —3.80) (0.80 —5.54) (0.37 —15.47) (0.34-13.62)
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Figure S1. Prior-posterior plots for the estimated between-study variation, for a linear model with intercept, fitted
using only the AML data. We see that the use of the default prior used in our analyses (i.e. a Half-Cauchy of 1) is
sufficient to cover the posterior estimates. However, a value of 0.5 would have also been an option. A Half-
Cauchy of 5 is virtually uninformative.
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Figure S2. Estimated intercept-adjusted relative risks and 95%CI from models fitted to the AML dataset only, and
using different scales for the half-Cauchy prior.
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Supplemental Material - Excluding Exposures > 40 PPM-YRS

Table S10. Predicted Relative Risks for benzene-induced AML, for benzene exposure at selected exposure
levels based on models fitted to a dataset that included only exposures below 40 ppm-yrs and using a half-
Cauchy prior for the between-study standard deviation with a scale of 1. First row for each benzene exposure:
point estimate, second row: 95% credible interval, third row: 95% prediction interval

Benzene exposure Linear (no Linear (with Spline (no Spline (with
(ppm-yrs) intercept) intercept) intercept) intercept)
0 n.a. 1.57 1.60
(1.23-2.02) n.a. (1.11-2.19)
(0.96 —3.57) (0.90-3.82)
1.09 1.58 1.29 1.59
5 (1.02 -1.15) (1.28-1.94) (1.08 —1.46) (1.22-2.01)
(0.89-1.37) (0.94 -3.63) (0.77 - 2.46) (0.80—-4.41)
1.18 1.58 1.58 1.59
10 (1.04-1.32) (1.30-1.89) (1.16 - 1.97) (1.16 —2.11)
(0.79-1.89) (0.88 -3.93) (0.61-5.27) (0.59-6.22)
1.39 1.60 1.88 1.58
20 (1.09 -1.75) (1.20-1.95) (1.27 - 2.48) (1.02 -2.29)
(0.63-3.57) (0.68 —5.13) (0.44 -12.06) (0.38-10.17)
1.94 1.64 1.33 1.53
40 (1.19 -3.08) (0.89 -2.43) (0.70-2.33) (0.67 —3.04)
(0.39-12.76) (0.34-10.75) (0.21 -11.65) (0.25 - 12.94)
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Supplemental Material - Uncertainty Factors

Table S11. Predicted Relative Risks for benzene-induced AML, for benzene exposure at selected exposure
levels based on a linear model with intercept fitted to the full dataset and using a half-Cauchy prior for the
between-study standard deviation with a scale of 1. Uncertainty factors included a 10-fold factor for the animal-
based studies and a 3-fold factor for the CA and MN studies. First row for each benzene exposure: point
estimate, second row: 95% credible interval, third row: 95% prediction interval

Benzene exposure (ppm-yrs) without with
uncertainty factors* uncertainty factors
0 1.55 1.49
(intercept) (1.34-1.80) (1.12-1.97)
(1.00-3.16) (0.94-3.17)
5 1.58 1.52
(1.37-1.82) (1.16 — 2.00)
(1.01-3.22) (0.96 —3.22)
10 1.61 1.55
(1.40-1.84) (1.19-2.03)
(1.02-3.30) (0.97-3.31)
20 1.67 1.61
(1.46 - 1.90) (1.25-2.10)
(1.02-3.51) (0.96 — 3.55)
40 1.80 1.75
(1.56—2.07) (1.35-2.28)
(0.94-4.21) (0.89 —4.45)

* results identical to those in table 3 in the main paper
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Supplemental Material - Impact Assessment

Table S12. Maximum Tolerable™ Levels of benzene exposure (in ppm) based on different exposure-response

models fitted to different datasets.

AML AML + leukemia  All data <40 ppm-yrs
Linear with intercept 4.9 3.4 3.0 35.9
Linear with intercept — 8.1 5.8 6.0 74.9
intercept subtracted
Linear with intercept — 5.0 3.5 31 36.9
interpolation
Spline no intercept 4.0 2.6 3.4 n.a.
Linear no intercept 3.9 3.8 3.0 1.4

* 40 additional cases of AML per 10,000 exposed workers

Table S13. Acceptable* Risk Levels of benzene exposure (in ppm) based on different exposure-response models

fitted to different datasets.

AML AML + AML+ All data <40 ppm.yrs
Leukemia
Linear with intercept n.a. n.a. n.a. n.a.
Linear with intercept — 0.13 0.095 0.098 1.23
intercept subtracted
Linear with intercept — 0.0002 0.0002 0.0003 0.0002
interpolation
Spline no intercept 0.014 0.02 0.011 n.a.
Linear no intercept 0.063 0.062 0.054 0.022

* 40 additional cases of AML per 1,000,000 exposed workers
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Discussion

Evidence integration for risk assessment is commonly done in a qualitative manner.
For more quantitative approaches, the focus on evidence synthesis is typically within
the same stream of scientific evidence. The goal of this thesis was to develop and test
approaches to integrate different types of evidence for chemical risk assessment in a
quantitative and systematic manner, both within and across evidence streams. For this
purpose, advanced statistical and biological informed tools and approaches were used
including meta-analysis, meta-regression, text mining, systematic reviews, systems
biology, physiological based kinetic (PBK) models, and Bayesian inference. The
evidence considered was published data of the following evidence streams:
epidemiologic studies, molecular epidemiology studies, animal studies and
mechanistic assays. Below | first consider how advanced approaches applied in my
thesis improve and facilitate the risk assessment of two proof-of-principle chemicals:
benzene and diisocyanates. Subsequently | will reflect on overarching methodological
issues that emerged over the course of my work.

Implications for the regulatory risk assessment of benzene and diisocyanates

Diisocyanates

Diisocyanates are a group of chemicals containing two isocyanate functional groups.
Most used diisocyanates are 4,4’-methylene diphenyl diisocyanate (MDI), toluene
diisocyanate (TDI) and hexamethylene diisocyanate (HDI). Recently the Risk
Assessment Committee (RAC 2020) identified respiratory health effects as the critical
endpoints related to diisocyanate exposure. Measuring inhalation exposure to
diisocyanates is technically challenging due to their reactivity (The Dutch Health
Council 2018). In addition, air sampling does not provide information on dermal
exposure and cannot account for the efficacy of respiratory protective equipment
(RPE) that is often used. Therefore a substantial number of cross-sectional biomarker
studies have been performed to study diisocyanate exposure, most notably by
measuring diamines in urine. Chapter 3 (Biomonitoring for occupational exposure to
diisocyanates: a systematic review) aimed to systematically summarize all exposure
biomonitoring data in occupational settings to get a better understanding of
diisocyanate exposure levels across various occupations, industries, and countries. |
also identified research gaps which included understudied sectors as well as large
differences in sampling strategies and analytical techniques. This information was
used for the design of a new diisocyanate field study undertaken in 2021 in five
European countries, with particular emphasis on the understudied sectors and using
harmonized study protocols.

Chapter 4 focused on improving the interpretation of diisocyanate exposure
biomonitoring data by developing a PBK model to better characterize the relationship
between external exposure and urinary excretion of diamines. Using PBK sensitivity
analysis, several factors and scenarios were identified and quantified that had an
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impact on the relation between airborne diisocyanate levels and urinary amines. PBK
models can also be used for derivation of biological limit values (BLVs), so | compared
the current available BLVs for diisocyanates to our model predictions. For TDI the
Deutsche Forschungsgemeinschaft (DFG) proposed a BLV based on correlation
formula’s between air TDI and urinary amines (Hartwig and MAK Commission 2021).
The DFG derived a value of 6.13 ug TDA/gr creatinine based on the MAK value of 7
ug/m3 and proposed a BLV of 5 ug TDA/gr creatinine. With our model | predicted
urinary values of 8.7 ug TDA/gr creatinine, when modelling the last post-shift urine
sample, so comparable to the value based on the correlation formulae. The DFG also
used correlation formula’s for MDI in air and MDA in urine, and proposed a value of
10 yg MDA/gr creatinine based on exposure to a MAK value of 0.05 mg/m® (DFG
2007). With our model we predicted MDA urinary values of 22 ug/gr creatinine, post-
shift. Note that recently the Risk Assessment Committee (RAC) proposed a different
assessment (RAC 2020). The Committee conclude that exposures > 0.67 pug/m3 NCO?
in air would result in 5% excess risk for hyperresponsiveness over a working life
period. Given that our model predicts urinary levels of 1 and 1.4 pg/gr creatinine for
TDI and MDI respectively, at this critical exposure level, a purely health based BLV
should also be lower than the current values of 5 ug TDA/gr creatinine and 10 ug
MDA/gr creatinine.

Benzene

Benzene is a human carcinogen with wide industrial applications and a large global
production volume. In 2018 the International Agency for Research on Cancer (IARC)
reaffirmed the classification of benzene as a group 1 human carcinogen and its role in
the etiology of acute myeloid leukemia (AML) (IARC 2018). Occupational exposure to
benzene has been associated with toxicity to the bone marrow and blood. There are
several candidates of human biomarkers for assessing benzene exposure and its
effect. For effect biomarkers, dozens of human biomonitoring studies are available that
studied blood cell counts as well as markers of genetic damage, including micronuclei
(MN) and chromosomal aberrations (CA) (IARC 2018).

In 2014 the Dutch Health Council Committee recommended a health-based
occupational exposure limit of 0.2 ppm for benzene. This exposure limit was primarily
based on biomarker studies focusing on hematological effects in humans (Health
Council of the Netherlands 2014). The Health Council considered benzene as having
an indirect, non-stochastic genotoxic mode of action and applied a threshold approach
based on three studies that found hematological effects below 1 ppm of exposure. The
Health Council focused on hematological effects because they considered studies on

2 |socyanates are characterized by the presence of [NCO] groups. RAC expressed urinary amine concentrations
as NCO group equivalents because diisocyanates share a common mechanism of inducing hypersensitivity
reactions and RAC concludes there is not enough data to assess differences in potency for different diisocyanates.
The conversion from NCO groups to diisocyanates (i.e. pg TDA) and vice versa, is based on the total molecular
weight of the diisocyanates: 174.2, 168.2, 250.3 for TDI, HDI and MDI respectively
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the induction of CA to be limited in design and therefore, could not serve as a basis to
derive a reliable point of departure.

In Chapter 5, | similarly recognize and describe large differences in study quality for
CA, an issue on which | reflect in more detail in the third paragraph below. With regards
to benzene’s mechanisms of action, there is evidence that benzene has direct
genotoxic properties (i.e. DNA double-stranded breaks) (IARC 2018). This is also
illustrated in the benzene network for key characteristics of cancer (KCC) on
genotoxicity and DNA repair in Chapter 2, which was developed using a text mining
approach combined with systems biology. For benzene the preferred choice would be
to derive an ERC for a recognized endpoint, as was done in Chapter 6.

The benzene biomarker studies of the meta-analysis of Chapter 5 were also included
in the meta-regression on benzene induced AML (Chapter 6). AML has a strong causal
link to benzene exposure (IARC 2018). Vlaanderen et al. (2009) used meta-regression
to derive an exposure response curve (ERC) for total leukemia, which includes AML
and other subtypes for which a causal relation to benzene exposure has not been
shown. Since an accurate description of the AML-benzene ERC was still needed for
impact and risk assessment, Chapter 6 aimed to combine human AML data with data
from closely related study domains, e.g. human epidemiological data on leukemia or
cancer biomarkers and animal experimental data.

Using the same model and exposure categorization, our predictions were slightly
higher and more precise when including all available data as opposed to when using
only AML studies. However, as described in detail in Chapter 6 and in the third
paragraph below, it is not easy to understand to which extent our approach resulted in
more precise estimates given the uncertainty introduced by combining different types
of evidence streams.

Implications for risk assessment and evidence integration in general

It is not straightforward to evaluate to which extent the quantitative evidence synthesis

approaches described in this thesis increased precision, but they do improve transparency

Evidence synthesis is widely used for summarizing findings of multiple studies. To
determine which studies should be given more or less weight, studies are typically
evaluated using ranking systems. There is criticism that qualitative weight of evidence
approaches contain too much subjectivity (Linkov et al. 2015). Others claim that
ranking methods can be too rigorous by a priori excluding or down grading
observational studies, because these are often judged to have a high potential for bias
(Steenland et al. 2020).

Throughout the chapters of this thesis, | applied quantitative and systematic methods
for finding and summarizing evidence, using well defined search terms and systematic
review approaches. In addition | used quantitative approaches for quantitatively
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combining data, such as meta-analysis. Meta-analysis are well-known  for
summarizing data and providing more precise effects estimates with enhanced
statistical power compared to individual studies (Hernandez and Tsatsakis 2017). This
is particularly true when evidence on a topic is extensive. In addition, meta-analysis
can help obtain scientific consensus and reduce the risk of a single “best” study
influencing risk assessment and resulting policy decisions (Wittwehr et al. 2020).
However, although the use of meta-analysis can increase transparency, a generally
acknowledged problem is the variation in results across studies (Song et al. 2001).
For the meta-analysis performed to derive exposure-response curves for benzene
exposure in relation to CA and MN induction (Chapter 5), | also found considerable
heterogeneity between studies (even though the majority of studies indicated a
positive association between benzene exposure and cytogenetic endpoints), which
hampered the quantitative interpretation of the retrieved slope estimate. Possible
contributors for the observed heterogeneity in the CA and MN studies included the
limited number of exposure groups, differences in exposure assessment methods, and
uncertainty in both exposure levels and protocols to derive CA or MN counts. Using a
quantitative approach, | provide risk assessors insight into the heterogeneity that
exists in the benzene-cytogenetic damage literature, information that is crucial when
evidence from this literature (either from a single study or from a meta-analysis) is
interpreted in a risk assessment. Furthermore, by carefully investigating heterogeneity
| could identify research gaps and suggest directions for future research. For example,
issues with regards to study design could be (partly) resolved by using more
harmonized protocols. This highlights the value of projects such as HBM4EU, in which
a significant effort was placed on developing and using harmonized standard operating
procedures (SOPs) for sample collection, analysis, and reporting (Galea et al. 2021).

| also attempted to characterize study heterogeneity in Chapter 6, where | used a
meta-regression approach to integrate epidemiology, molecular epidemiology and
animal data. There were no large differences in heterogeneity between the various
evidence streams considered, but this could be because it was difficult to precisely
estimate heterogeneity as there were only a few studies per evidence stream. A
Bayesian approach was used which required the use of a specified prior for between
study heterogeneity. | showed that the choice of this prior is influential while there is
no general guidance on the best prior value. In a commentary on our evidence
integration paper, Keil (2022) argued that heterogeneity should have been further
examined, for example by stratifying studies based on age or gender, rather than
assuming heterogeneity is random. However this is less straightforward for an
evidence integration approach based on different evidence streams. For instance, how
should we stratify information on age from animal and human studies?

| further found that by including all available data for benzene the retrieved exposure-
response curve (ERC) for AML was analytically more precise, but the uncertainty due
to all required harmonization steps could not be quantified. It therefore remains difficult
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to evaluate to which extent the derived ERC is an improvement for the risk assessment
of benzene because it also relies on the assumptions risk assessors are willing to
make, particularly with regards to the use of animal studies to inform on human health
outcomes. For making such decisions it will be helpful if the principles of the methods
chosen can be readily understood by assessors and risk managers (EFSA 2017). This
is what my original aim was, by clearly identifying and highlighting the methodologies
used together with the assumptions underlying the harmonization steps required for
integrating data within and across different evidence streams.

Our evidence synthesis approaches were mostly resource intensive and complex; the use of
artificial intelligence and generic open source tooling should further be explored

For the work described in this thesis on evidence synthesis, several statistical
(systematic reviews, meta-analysis, meta-regression) and in silico chemical-specific
(PBK modelling) approaches were applied to be able to quantitatively use evidence
within and across evidence streams. These approaches are typically resource
intensive. For example, a chemical-centered systematic review takes between 6
months to 2 years to complete, so the work burden limits the scope of what can be
covered (Tsertsvadze et al. 2015; Miake-Lye et al. 2016). At the same time, many
international chemical management policies have increasing demands for data on the
safety of chemicals, and a high number of chemicals remain to be evaluated (Kavlock
et al. 2018).

| explored whether an automated approach using text mining in conjunction with
systems biology could increase efficiency of collecting and organizing mechanistic
evidence (Chapter 2). Although developing the approach was resource intensive, the
tooling can now be readily applied for a more efficient process of evidence
identification for hazard identification, specifically for the identification of key
characteristics of carcinogens, for which the Python programming pipeline was
published.

Text mining is an example of artificial intelligence (Al), which is a set of theories and
techniques used to create machines capable of simulating intelligence, performing
functions that require intelligence when executed by humans (Lavecchia 2019). Al is
considered promising for use in chemical risk assessment (Luechtefeld, Rowlands,
and Hartung 2018; Wittwehr et al. 2020). An example is the establishment of the
International Collaboration for the Automation of Systematic Reviews (ICASR) to
coordinate efforts in natural language processing, text mining and machine learning
for automatic review purposes (Beller et al. 2018). Beller et al. (2018) argued that
many task of a systematic review are amenable for automation - from screening titles
and abstracts to collation of meta-analysis results — but also recognized the need for
manually reviewing and correcting automatically generated results in between
systematic review steps. In addition, there should be attention for integrating evidence
quality in automated approaches (Beller et al. 2018). | did not evaluate the studies

205



Chapter 7

selected by our automated approach for informativeness or study quality after filtering
steps. Although this could be adopted in the process by modifying search queries, it
requires experts to stratify or limit the evidence base.

The most complex and resource intensive endeavor described in this thesis is the
Bayesian evidence integration approach (Chapter 6). The work involved compiling
evidence from all evidence streams, harmonizing data, and developing a Bayesian
meta-regression model including prior elicitation. Perhaps Al tooling may help,
although | foresee considerable more efforts are needed to use automated
approaches for the evidence integration approach described in Chapter 6, given all
required harmonization steps.

With regards to resource intensive endeavors for evidence synthesis, | have put
considerable time and resource efforts in developing a diisocyanate specific PBK
model. An alternative option could have been the use of open access generic PBK
models (Paini et al. 2017). Recently Pletz et al. (2020) investigated the suitability and
limitations of generic PBK models in deriving biological equivalent values for several
compounds. The researchers evaluated two generic models and found high
uncertainties around simulated metabolite concentrations in urine, and conclude that
the approach might be more straightforward for more persistent chemicals that are
analysed as parent compounds in blood. As diisocyanates readily degrade and have
complicated kinetics, and | had specific research aims including exposure
reconstruction for chronic exposures, there seemed to be no generic PBK tooling
alternative available. But in general, the use of generic PBK open source tooling could
be a solution for some applications, such as the derivation of a biological limit value
for a persistent chemical.

Reporting of molecular epidemiological data should be enhanced to increase re-usability of

this type of data stream within chemical risk assessment

In Chapters 4 and 5 where | aimed to quantitatively re-use published data, | regularly
had to omit a molecular biomarker study because information was missing. In some
cases this was because study reporting was not optimal. For example when there was
no data on variation of estimates (i.e. a standard deviation or standard error), or a lack
of adequate information on the used laboratory methods to analyse urine or blood
samples. Those issues are generally covered by reporting guidelines for observational
research such as the STrengthening Reporting of OBservational studies in
Epidemiology (STROBE) initiative (Gallo et al. 2012).

Here | would like to reflect on studies where information was missing because it was
simply outside the scope of that specific study to report specific information. For
example, to be able to use diisocyanate biomarker studies for PBK model validation it
is imperative to have access to contextual exposure information in addition to air and
urine data. | demonstrated this in Chapter 4 where | compared scenarios and found

206



Discussion

that if a worker is exposed for 4 hours in the morning without exposure in the afternoon,
predicted post-shift urine levels after 8 hours were considerably higher compared to a
worker with no morning exposure but 4 hours exposure in the afternoon. Diisocyanate
biomarker studies that did not report when exposure started and/or how long exposure
lasted were thus difficult to use for comparing with model predictions. The same counts
for reporting on the use of personal protective equipment, or working history (to
understand potential accumulation due to binding to protein adducts). Also for Chapter
6 | relied on information reported in molecular epidemiological studies, for example on
working history to be able to convert daily exposure to ppm-years. These specific
information requests are covered by the STROBE guidelines, but implicitly (i.e. “give
characteristics of study participants and information on exposure and potential
confounders”). Perhaps a standard framework with specific guidance on which data to
report might help to re-use data for those studies where information is collected but
not reported. | believe that, if this information is readily available, results from
molecular epidemiology studies could be better re-used for evidence synthesis in
various applications such as PBK model validation, meta-analysis or derivation of
biological limit values from biomarkers of exposure or effect.

Besides data reporting issues for molecular epidemiology studies, | also experienced
text mining approaches rely on study reporting. For example, it is undesirable for a
mining system to report a hypothetical question (e.g. “Here we investigate whether
benzene causes ROS damage”) as a true finding (e.g. “Here we demonstrated that
benzene causes ROS damage”). Our text mining systems tried to remove hypothetical
statements but was not always effective in doing so. Some text mining systems (e.g.
the one by Carvaillo et al. (2019)) give more weight to results which are mentioned
more at the end of a text, so they more likely represent a true finding.

In addition | encountered some issues with regards to annotation of chemicals.
Generally text mining systems ground biochemical entities to IDs of actual entities
through the use of knowledge bases. The text mining system | have used processes
chemicals using the ChEBI database (www.ebi.ac.uk/chebi/) but for one chemical
(lindane) | could not proceed with further network analyses because this chemical was
not well annotated yet and thus not recognized by the text mining system. As entities
can be written in many different forms (i.e. synonyms, acronyms), entity extraction is
a common problem when using text mining approaches for building biomedical
networks (Conceigao et al. 2021).

Both issues (reusing and grounding of data) are of central importance to the FAIR
(Findability, Accessibility, Interoperability, and Reuse) initiative, which was introduced
in 2016 (Wilkinson et al. 2016). The FAIR guidelines on how to find, access,
interoperate, and reuse data are now more generally being acknowledged, for
example by the PARC (European Partnership for the Assessment of Risks from
Chemicals) initiative which was recently launched. Within this program data
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FAIRification is a key activity. The PARC Partnership will promote transparency and
harmonization of data, and facilitate the exchange of data between different disciplines
and the wider reuse of obtained data.

Our quantitative evidence synthesis approaches are data hungry: there is a need for additional
steps for data-poor substances

The methods and tooling introduced in this thesis were mostly tested on benzene and
diisocyanates, which are chemicals with a large evidence base and extensive hazard
and risk assessments, so they could act as proof of principle chemicals to evaluate
the usefulness of the applied tools and approaches. Not all of these approaches are
useful for chemicals with a limited evidence base. For example, although it is
theoretically possible to conduct a meta-analysis with only two studies, conclusion
based on only a few studies might not be received as strong evidence by the research
community (Cheung and Vijayakumar 2016). Since for most chemicals there is little
to no information available (Persson et al. 2022; Wang et al. 2020), there is a need for
complementary approaches for data-poor substances.

One opportunity which could be further explored is the use of quantitative structure-
activity relationships (QSARS). QSARs aim to relate features of physico-chemical
structure to a property or biological activity, so that the biological activity of new or
untested chemical can be inferred from the molecular structure of similar compounds
whose activities have already been assessed (e.g. (Schultz et al. 2003). The concept
of QSARs could be interesting for our text mining approach. Currently only known
chemicals with a chemical identifier are included, but perhaps the INDRA platform
could be expanded with a module on finding chemical similarities. Guha et al. (2016)
for example, combined information on chemical structure with database integration
and automated text mining. Expanding the networks for chemical similarities is
especially relevant for chemicals with a small evidence base.
QSARs could also play a role in PBK modelling, most notably for deriving chemical-
specific data. Zang et al. (2017), for example, generated an open-source quantitative
structure-property relationship workflow to predict a variety of physico-chemical
properties using machine learning.

Furthermore, the amount of high-throughput in vitro data available is rapidly increasing
due to programs such as US EPA ToxCast and US Tox21. Generating toxicity data
for more chemicals at a faster pace helps to address the issue that many chemicals
are not yet well studied. Simultaneously, there is a need for analyzing this type of data,
for example by using in vitro-in vivo extrapolation (IVIVE) approaches based on PBK
modelling (e.g. Cohen Hubal et al. 2018).

Lastly the evidence integration approach (Chapter 6), might be of interest to use when
evaluating compounds with weak epidemiologic evidence (i.e. insufficient data) but a
large animal or molecular evidence base.
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Adverse Outcome Pathways provides a useful framework for evidence synthesis, but more

research is needed for quantitative evidence integration approaches

The focus of chemical risk assessment will increasingly be on perturbations of
biological pathways (National Academies of Sciences Engineering and Medicine
2017). One concept that supports biological network understanding and that has
attracted a large amount of attention in recent years, is adverse outcome pathways
(AOPs) (Ankley et al. 2010). The AOP concept provides a useful framework for
integrating diverse lines of evidence by visualizing the relationships and connections
between different evidence streams (Wittwehr et al. 2020; OECD 2017), and is
therefore interesting to consider in light of the work described in this thesis.

The evidence integration approach in Chapter 6 could also be viewed within the
framework of AOPs since it involved data on intermediate events for predicting an
adverse outcome (AO). | assumed proportionality (i.e. an X increase in CA equals an
X increase in developing AML) for converting information on intermediate events
(biomarker studies on genotoxicity, but also animal studies) to AML outcomes as
typically reported in epidemiological studies. By doing so | harmonized datasets and
could apply meta-regression techniques for sensitivity analysis and disease burden
calculation using life table analysis. Progressing towards the inclusion of more
mechanistic data requires a different set of assumptions that in most cases is even
larger than for animal studies. For instance, if omics data were to be incorporated,
proportionality assumptions such as an X % increase in gene induction equals X%
increased risk of developing AO would be needed.

The AOP framework might further be of interest for our work on text mining and
systems biology in Chapter 2. The focus of this work was on (in) activation of KCCs
based on specific filtering steps. But if | looked further from the compound of interest,
the networks were able to identify relations between additional events. For example,
while benzene activates DNA damage, DNA damage in turn may activate cell death,
and necrotic cell death may be associated with activation of an inflammatory response
(Figure 5, Chapter 2). Thus, the adverse outcome pathway concept may benefit from
Al/textmining approaches.

Concluding remarks

There is a general recognition of the need for innovations in chemical risk assessment.
To progress from the traditional animal-based assays, it is important to consider
additional evidence streams such as molecular epidemiology, toxicogenomics, in silico
data, and mechanistic assays. However, contrary to animal studies, for these evidence
streams there is generally no detailed guidance for conducting and reporting, and
these studies are not yet widely accepted by risk assessment agencies. The use of
evidence streams other than animal studies requires i) a range of computational and
biological informed tools for processing the data (i.e. Al for summarizing the
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abundance of mechanistic studies, or PBK models for forward and reverse
calculations of biomarker data), ii) more advanced statistical methods to account for
uncertainty (i.e. Bayesian methods for defining priors on between study heterogeneity,
global sensitivity analysis based on parameter distributions), iii) knowledge on
relationships between evidence streams (i.e. on the linkage between intermediate
effects and ultimate disease), but also iv) understanding and trust of risk assessors in
the new methods and evidence (i.e. understanding which steps and assumptions are
required when synthesizing evidence from different evidence streams).

In this thesis these issues have been addressed in the various Chapters, which all
aimed to increase the use of various types of evidence streams within the risk
assessment paradigm.

I demonstrated how the process of identifying and summarizing evidence for hazard
identification could be more efficient when using a text mining approach combined with
systems biology, as opposed to manually reading and selecting abstracts and articles
(Chapter 2). Exposure assessment is generally based on air or dermal measures
outside the human body, but can be complemented with biomonitoring studies that
reflect the absorbed dose (Chapter 3). PBK models are tools helpful for the
interpretation of results from biomonitoring studies and understanding variation for
various exposure scenarios (Chapter 4). Biomonitoring studies on intermediate health
effects can be quantitatively meta-analysed to provide summary estimates of
exposure-response curves (Chapter 5) in contrast to qualitatively using these studies
for weight of evidence approaches, or even combined with other evidence streams
including human epidemiology and animal studies (Chapter 6).

Throughout the discussion sections of the various chapters | reflect on the possibilities
and limitations of considering various evidence streams to advance risk assessment.
By using systematic and quantitative methods | was able to quantify uncertainty on the
available evidence, and was forced to be transparent and explicit on the assumptions
that | had to make to combine data. The use of the evidence synthesis methods for
chemical risk assessment is promising but will benefit from the use of more
harmonized methods for either conducting a field study or reporting on results. In
addition for chemicals with a more limited evidence base, | identified various research
areas that could be further explored in conjunction with the approaches and methods
used in this thesis, including the use of QSARS, read across methods and generic
PBK models and the consideration of omics data for evidence synthesis approaches.
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Summary

Summary

Background

Every day, we are surrounded by hundreds to thousands of synthetic chemicals.
Despite their useful properties, we know that many of these substances can have
negative impacts on our health and the environment. Chemical risk assessment is
therefore important for deriving safe levels of exposure. The process of chemical risk
assessment is typically divided into four steps. The first step is hazard identification,
that is an evaluation of all available evidence to determine whether a certain chemical
exposure can cause adverse human health effects; it reflects the intrinsic capacity of
the chemical to cause harm. The second step is exposure assessment, that is
measuring or modelling the degree to which humans are exposed to a chemical.
Subsequently, the relationship between exposure levels and the occurrence of an
adverse health effect should be quantitatively characterized in the third step: hazard
characterization. This provides information at which exposure levels an adverse
health effect can be expected, for example: at X exposure there is an X increased risk
of developing X (a negative health effect). In the fourth step all previous information is
then considered in a risk characterization. Here a comparison is made between
human exposures to chemicals, and the exposure levels at which these chemicals can
cause harm.

Traditionally, mostly animal studies were used for the hazard identification and hazard
characterization step. Since the 1950s-1960s, these studies have been executed and
created general consensus and detailed guidance on how these studies should be
carried out and interpreted. However, animal studies are economically costly and it is
often unclear to which extent observed effects in animals are predictive for humans.
As more-and-more human (observational) studies are becoming available their use is
preferred as it directly provides information on the target population: humans. These
epidemiologic studies investigate for a large group of people if they have a higher risk
of developing a negative health effect, often based on measured or estimated
exposures outside the human body (for example, in the breathing zone of workers).
However, for human studies it is often difficult to adequately characterize exposure.
Another approach to study exposure to chemicals and the induction of negative health
effects, is taking biological samples from human tissues, such as blood or urine or
saliva. This is commonly referred to as molecular epidemiology, or human
biomonitoring. Instead of estimating or measuring external exposure, exposure
biomarkers reflect the concentration of a chemical or its metabolites that is taken up
by the body. And instead of observing the negative health effect, for example cancer,
effect biomarkers reflect the effects that have occurred after a chemical is circulating
inside the human body. In this Thesis | have further considered mechanistic studies,
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which are performed in a laboratory to examine chemical induced effects at the tissue,
cellular and molecular level.

The starting point of this thesis is that all types of evidence (i.e. all data, such as
scientific publications, from the various categories of studies), can be valuable for the
various steps of a chemical risk assessment. However, the consideration of different
types of evidence does require additional methods, tooling and approaches. For
example, the guidance for conducting and evaluating animal studies for chemical risk
assessment, is not applicable for conducting and evaluating human biomonitoring
studies. The goal of this thesis was therefore to further develop and test approaches
to use different heterogeneous types of evidence for chemical risk assessment. Below,
these are explained for different steps in chemical risk assessment.

Hazard identification

To fully evaluate the available evidence on chemical induced health effects it is
important to systematically collect, screen and interpret all available data. This can be
challenging, especially for mechanistic data, because for some chemicals there are
over 1000 studies that report on mechanistic findings for that particular chemical.
Since it takes considerable efforts to collect and screen all these studies manually, the
aim of the research in Chapter 2 was to use computational systems that read text from
scientific publications automatically and very fast (text mining techniques) and
combine these with network visualization tools to show the hazard information from
the publications in a comprehensive ‘network’ manner. This computational approach
was tested for 13 chemicals. The results of the computational approach (in the format
of networks for several chemicals) were compared to reviews on the hazard that were
already performed for those chemicals by human experts from a well-recognized
institute: the International Agency for Research on Cancer (IARC). The results were
comparable, i.e. for those chemicals for which IARC found strong evidence for a
hazard, the computational approach also indicated that the chemical was likely to have
this hazard. Chapter 2 thus provides an example of how text mining tooling can assist
in the process of hazard identification, by quickly condensing available mechanistic
literature into searchable and interpretable networks.

Exposure assessment

For human epidemiology studies it is important to adequately characterize exposure.
However this is not always straightforward, for example when it is technically
challenging to measure external exposure (i.e. exposure outside the human body).
Also, sometimes various exposure routes such as exposure via the skin and the lungs
may exist and these may not always be known upfront. In those cases exposure
biomarkers have been suggested as a useful source of information. For the work of
this thesis on exposure assessment, diisocyanates were used as a case study.
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Diisocyanates are widely used in occupational setting in different job sectors such as
the construction and car repair industry, but may cause allergic reactions. It is
therefore important to characterize the exposure. However for diisocyanates it is
challenging to determine external exposure and therefore a large number of
diisocyanate biomonitoring studies have been performed. To be able to consider all
those studies, rather than cherry picking “one best study”, a systematic review of the
publications from these studies was conducted (Chapter 3). By doing so, the levels of
exposure biomarkers from these biomonitoring studies were summarized across
several job sectors. In addition, the review identified job sectors for which the number
of studies was low (and by doing so identified sectors were additional research is
needed).

A challenge of biomonitoring data using exposure biomarkers lays in the interpretation
of the data, especially for chemicals like diisocyanates which directly bind to various
cells in the human body and are then quickly excreted. In that case, biomonitoring
depends on factors such as the exposure scenario on that day (for example the
moment of exposure, exposure duration and exposure route) as well as the behavior
of the worker being measured (for example the use of personal protective equipment,
or the moment of urination via which the biomarker may be excreted). To be able to
understand how these factors affect the relationship between chemical exposure
outside the human body, and subsequently biomarkers of exposure inside, a
physiologically-based kinetic (PBK) model was developed for diisocyanates in Chapter
4. PBK models are mathematical models that reflect a human body upon exposure to
a chemical. These models describe in which parts of the body (organs, tissues) the
chemical will distribute to, this in relation to the external exposure via inhalation and/or
uptake via the skin. By using various scenarios in the model and performing a so called
“sensitivity analysis”, it was possible to identify which parameters or factors in
exposure scenarios contributed most to variation in predicted urinary values for
diisocyanates. In other words, the modelling helped to identify how predicted urinary
values for biomarkers of exposure for diisocyanate are related to different external
exposure situations.

Hazard characterization

In chapter 5, a method is described for combining information from human effect
biomarker studies, to better characterize the exposure level at which a health effect is
to be expected. Benzene was used as a case-study. Benzene is a well-known
chemical that can ultimately cause cancer. The development of cancer occurs via
intermediate steps; it is possible to study these intermediate steps by measuring effect
biomarkers of genotoxicity. Genotoxicity is the capacity of a chemical to damage the
genetic material within a cell causing mutations, which can lead to cancer. An
advantage of these effect biomarker studies is that they may offer more precise
information on early health effects at lower external exposure levels. However, to date
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there have not been many attempts to combine evidence on biomarkers of effect in a
systematic and quantitative way. Chapter 5 provides a case study of such an
approach, by summarizing all currently available human biomonitoring data on
occupational exposure to benzene and biomarkers of effect. From the integration of
the data, an estimation was made for the quantitative relationship between benzene
exposure and the genetic biomarkers of effect. The results showed that although the
majority of the retrieved studies indicated a positive association between exposure
and genetic damage, still the studies differed considerably from each other - this is
referred to as heterogeneity - and the combined summary effect was thus difficult to
interpret.

The aim of Chapter 6 was to provide an example of combining different types of
evidence, including epidemiology, human biomonitoring and animal data. Most often,
in risk assessment, these data are considered separately by experts (toxicologists,
epidemiologists) in scientific discussion. It is not common to combine such different
types of data directly into a quantitative approach in order to estimate an exposure
level above which it is likely that a harmful health effect will occur. Therefore, the aim
of Chapter 6 was to explore an example of how this approach could work, and what
the consequences and limitations are when doing so. The approach chosen was to
convert (i.e. harmonize) all evidence to risk estimates reported in epidemiology
studies. This introduced difficulties because the different types of data are not easy to
combine. For example, benzene exposure in animal studies was well controlled and
generally for a couple of hours on consecutive days, for several months and to
relatively high concentrations. The endpoints in these studies recorded were the
occurrence of tumors. In contrast, human biomonitoring studies measured benzene
exposure at one occasion only and reported intermediate health effects as biomarker
of effect. Epidemiology studies, on the other hand, followed large groups of humans
for many years and often reported cumulative benzene exposures. Although | found
that the exposure response relationship was statistically more precise when |
combined all data, it was difficult to quantify the uncertainty which was introduced due
to all the required harmonization steps.

Concluding remarks

Throughout the chapters various examples have been given for (quantitatively)
considering various types of evidence. The quantitative approaches used gave insight
into research gaps. It also forced me to be explicit, hence making the approaches
transparent and reproducible for other researchers. For all work performed in this
Thesis | relied on published data. Especially for the human biomonitoring studies of
both exposure and effect this introduced difficulties because the studies were different
in design, and thus not always easy to combine. In addition, in some cases information
was not available on parameters that were required for re-using the data for other
purposes. Throughout the chapters, research gaps were identified and
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recommendations given for data collection and reporting. Although study differences
made interpretation of results often challenging, still, by combining data and providing
summary estimates, risk assessors will have the option to select an overall, best
“average” estimate, even if that estimate is imprecise.

The case-studies of this thesis illustrate that human biomonitoring studies can be a
valuable source of information for both enhancing exposure assessment and hazard
characterization. Tooling such as text mining and network visualization tools can help
to make evidence identification for hazard identification more efficient. And evidence
from human (epidemiology and biomonitoring) and animal studies can also be
combined together, but this does require a large number of assumptions. The chapters
in this thesis demonstrate that a wide range of interdisciplinary approaches are
required to be able to integrate data, for it to become optimally useful for chemical risk
assessment. This can be challenging for risk assessors, so there should be a clear
guidance on how to combine different types of evidence and how the results can be
interpreted. The methods and tooling in this thesis are mostly applied to chemicals for
which a large amount of data is known. In the Discussion chapter of this thesis,
suggestions are given for approaches that can be used for chemicals for which only
little information is known, possibly in conjunction with the new scientific approaches
described in the other Chapters of this Thesis.
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Achtergrond

Elke dag, worden we omringd door honderden tot duizenden synthetische
chemicalién. Ondanks hun nuttige eigenschappen weten we dat veel van deze stoffen
een negatieve invloed kunnen hebben op onze gezondheid en het milieu. Chemische
risicobeoordeling is daarom belangrijk voor het afleiden van veilige
blootstellingsniveaus. Het proces van chemische risicobeoordeling is verdeeld in vier
stappen. De eerste stap is identificatie van mogelijke stof specifieke gevaren voor
de gezondheid; het weerspiegelt het intrinsieke vermogen van de chemische stof om
schade aan te richten. De tweede stap is de blootstellingsbepaling, dat wil zeggen
het meten of modelleren van de mate waarin mensen worden blootgesteld aan een
chemische stof. De derde stap is de karakterisering van blootstellingsniveaus
waarbij een nadelig gezondheidseffect te verwachten is, bijvoorbeeld: bij X
blootstelling is er een X verhoogde kans op het ontwikkelen van X (een negatief
gezondheidseffect). In de vierde stap wordt vervolgens alle voorgaande informatie
meegenomen in een risicobeoordeling. Hier wordt een vergelijking gemaakt tussen
menselijke blootstelling aan chemicalién, en de blootstellingsniveaus waarbij deze
chemicalién schade kunnen veroorzaken.

Traditioneel gezien werden voornamelijk dierstudies gebruikt voor het identificeren en
karakteriseren van stof specifieke gevaren voor de gezondheid. Sinds de jaren 1950-
1960 zijn deze onderzoeken uitgevoerd en hebben ze geleid tot algemene consensus
en gedetailleerde richtlijnen over hoe deze onderzoeken moeten worden uitgevoerd
en geinterpreteerd. Dierstudies zijn echter economisch kostbaar en het is vaak
onduidelijk in hoeverre waargenomen effecten bij dieren voorspellend zijn voor de
mens. Aangezien er steeds meer humane (observationele) studies beschikbaar
komen, verdient het gebruik van deze studies de voorkeur omdat het rechtstreeks
informatie verschaft over de doelpopulatie: de mens. Deze epidemiologische studies
onderzoeken voor een grote groep mensen of zij een hoger risico hebben op het
ontwikkelen van een negatief gezondheidseffect, vaak op basis van gemeten of
geschatte blootstellingen buiten het menselijk lichaam (bijvoorbeeld in de ademzone
van werknemers). Voor humane studies is het wel vaak moeilijk om de blootstelling
adequaat te karakteriseren. Een andere benadering om blootstelling aan chemicalién
en de inductie van negatieve gezondheidseffecten te bestuderen, is het nemen van
biologische monsters van menselijk weefsel, zoals bloed of urine of speeksel. Dit
wordt doorgaans moleculaire epidemiologie of humane biomonitoring genoemd. In
plaats van externe blootstelling te schatten of te meten, weerspiegelen blootstellings-
biomarkers de concentratie van een chemische stof, of zijn metabolieten, die door het
lichaam wordt opgenomen. En in plaats van het negatieve effect op de gezondheid,
bijvoorbeeld kanker, te observeren, weerspiegelen effect-biomarkers de effecten die
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zijn opgetreden nadat een chemische stof in het menselijk lichaam circuleert. In dit
proefschrift heb ik verder mechanistische studies meegenomen, die in een
laboratorium worden uitgevoerd om chemische geinduceerde effecten op weefsel-,
cellulair en moleculair niveau te onderzoeken.

Het uitgangspunt van dit proefschrift is dat alle soorten bewijs (d.w.z. alle data, zoals
wetenschappelijke publicaties, van de verschillende categorieén van studies)
waardevol kunnen zijn voor de verschillende stappen van een chemische
risicobeoordeling. De overweging van verschillende soorten bewijs vereist echter
aanvullende methoden, tooling en benaderingen. Bijvoorbeeld, de richtlijnen voor het
uitvoeren en evalueren van dierstudies voor chemische risicobeoordeling zijn niet van
toepassing op het uitvoeren en evalueren van humane biomonitoringstudies. Het doel
van dit proefschrift was daarom het verder ontwikkelen en testen van benaderingen
om verschillende soorten van bewijs te kunnen gebruiken voor chemische
risicobeoordeling. Hieronder worden deze toegelicht voor verschillende stappen in de
chemische risicobeoordeling.

Identificatie mogelijk stof specifiek gevaar voor de gezondheid

Om het beschikbare bewijs over door chemicalién veroorzaakte gezondheidseffecten
volledig te kunnen evalueren, is het belangrijk om alle beschikbare data systematisch
te verzamelen, screenen en interpreteren. Dit kan een uitdaging zijn, vooral voor
mechanistische data, omdat er voor sommige chemicalién meer dan 1000
onderzoeken zijn die verslag doen van mechanistische bevindingen voor die
specifieke chemische stof. Aangezien het aanzienlijke inspanningen kost om al deze
onderzoeken handmatig te vinden en screenen, was het doel van het onderzoek in
Hoofdstuk 2 om computersystemen te gebruiken die tekst uit wetenschappelijke
publicaties automatisch en zeer snel kunnen lezen (text mining-technieken) en deze
te combineren met netwerkvisualisatietools om de informatie uit de publicaties op een
overzichtelijke 'netwerk'-manier weer te geven. Deze aanpak is getest voor 13
chemicalién. De resultaten van de computationele benadering (in de vorm van
netwerken voor verschillende chemicalién) werden vergeleken met beoordelingen die
al voor die chemicalién waren uitgevoerd door menselijke experts van een
gerenommeerd instituut; het International Agency for Research on Cancer (IARC). De
resultaten waren vergelijkbaar, d.w.z. voor die chemicalién waarvoor IARC sterke
aanwijzingen vond voor een gevaar, gaf de computationele benadering ook aan dat
de chemische stof waarschijnlijk dit gevaar met zich meebracht. Hoofdstuk 2 geeft dus
een voorbeeld van hoe een tool zoals text mining kan helpen bij het identificeren van
gevaren van chemicalién, door beschikbare mechanistische literatuur snel samen te
vatten in doorzoekbare en interpreteerbare netwerken.

Blootstellingsbepaling

Voor humane epidemiologische studies is het belangrijk om de blootstelling adequaat
te karakteriseren. Dit is echter niet altijd eenvoudig, bijvoorbeeld wanneer het
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technisch moeilijk is om externe blootstelling (d.w.z. blootstelling buiten het menselijk
lichaam) te meten. Ook kunnen er soms verschillende blootstellingsroutes bestaan,
zoals blootstelling via de huid en de longen, die niet altijd vooraf bekend zijn. In die
gevallen kunnen blootstellings-biomarkers een nuttige informatiebron zijn. Voor het
werk van dit proefschrift rondom blootstellingsbepaling werden diisocyanaten gebruikt
als casestudy. Diisocyanaten worden veel gebruikt in de beroepsomgeving in
verschillende beroepssectoren, zoals de bouw- en autoreparatie-industrie, maar
diisocyanaten kunnen allergische reacties veroorzaken. Het is daarom belangrijk om
de blootstelling te karakteriseren. Voor diisocyanaten is het echter een uitdaging om
externe blootstelling te bepalen en daarom is er een groot aantal
biomonitoringsonderzoeken voor diisocyanaten uitgevoerd. Om al die studies mee te
nemen, in plaats van "one best study" uit te kiezen, is een systematische review van
de publicaties van deze studies uitgevoerd (Hoofdstuk 3). Op deze manier werden de
blootstellingsniveaus uit de biomonitoringstudies samengevat voor de verschillende
beroepssectoren. Bovendien identificeerde de review beroepssectoren waarvoor het
aantal studies laag was (en daarmee werd ook aangetoond waarvoor aanvullend
onderzoek nodig is).

Een uitdaging van biomonitoringsdata ligt in de interpretatie van de gegevens, vooral
voor chemicalién zoals diisocyanaten die zich rechtstreeks binden aan verschillende
cellen in het menselijk lichaam en vervolgens snel worden uitgescheiden. In dat geval
is blootstellings- biomonitoring data afthankelijk van het blootstellingsscenario op die
dag (bijvoorbeeld het moment van Dblootstelling, blootstellingsduur en
blootstellingsroute) en het gedrag van de werknemer die wordt gemeten (bijvoorbeeld
het gebruik van persoonlijke beschermingsmiddelen, of het moment van urineren via
welke de biomarker uitgescheiden kan worden). Om te begrijpen hoe deze factoren
de relatie beinvloeden tussen chemische blootstelling buiten het menselijk lichaam en
vervolgens in het lichaam, is in Hoofdstuk 4 een fysiologisch gebaseerd kinetisch
(PBK) model ontwikkeld voor diisocyanaten. PBK-modellen zijn wiskundige modellen
die een menselijk lichaam nabootsen bij blootstelling aan een chemische stof. Deze
modellen beschrijven in welke delen van het lichaam (organen, weefsels) de
chemische stof zich zal verspreiden, dit in relatie tot de externe blootstelling via
inademing en/of opname via de huid. Door verschillende scenario's in het model te
gebruiken en een zogenaamde "gevoeligheidsanalyse" uit te voeren, was het mogelijk
om te identificeren welke parameters of factoren in blootstellingsscenario's het meest
bijdroegen aan variatie in voorspelde urinaire waarden voor diisocyanaten. Met andere
woorden, de modellering hielp om te identificeren hoe voorspelde urinaire waarden
voor biomarkers van blootstelling aan diisocyanaten in relatie staan tot verschillende
externe blootstellingssituaties.
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Karakteriseren van blootstellingsniveaus waarbij een nadelig gezondheidseffect te verwachten

is

In hoofdstuk 5 wordt een methode beschreven voor het combineren van informatie uit
humane effect-biomarker studies, om het blootstellingsniveau waarbij een
gezondheidseffect te verwachten is, beter te karakteriseren. Benzeen werd gebruikt
als casestudy. Benzeen is een bekende chemische stof die uiteindelijk kanker kan
veroorzaken. De ontwikkeling van kanker vindt plaats via tussenstappen; het is
mogelijk om deze tussenstappen te bestuderen door effect-biomarkers van
genotoxiciteit te meten. Genotoxiciteit is het vermogen van een chemische stof om het
genetisch materiaal in een cel te beschadigen en mutaties te veroorzaken die tot
kanker kunnen leiden. Een voordeel van deze effect-biomarker studies is dat ze
wellicht meer nauwkeurige informatie kunnen bieden over vroege
gezondheidseffecten bij lagere niveaus van externe blootstelling. Tot op heden zijn er
echter niet veel pogingen gedaan om studies van biomarkers van effect op een
systematische en kwantitatieve manier te combineren. Hoofdstuk 5 biedt een
casestudy voor een mogelijke benadering, door een samenvatting te geven van alle
beschikbare humane biomonitoringsstudies over beroepsmatige blootstelling aan
benzeen en biomarkers van effect. Uit de integratie van de data werd een schatting
gemaakt voor de kwantitatieve relatie tussen benzeen-blootstelling en de genetische
biomarkers van effect. De resultaten toonden aan dat hoewel de meerderheid van de
studies een positief verband aangaf tussen blootstelling en genetische schade, de
onderzoeken toch aanzienlijk van elkaar verschilden - dit wordt heterogeniteit
genoemd - en het gecombineerde effect dus moeilijk te interpreteren was.

Het doel van Hoofdstuk 6 was om een voorbeeld te geven van het combineren van
verschillende soorten bewijs, waaronder epidemiologie, humane biomonitoring en dier
studies. Meestal worden deze gegevens bij risicobeoordeling afzonderlijk door experts
(toxicologen, epidemiologen) in wetenschappelijke discussies beschouwd. Het is niet
gebruikelijk om dit soort verschillende type data direct en kwantitatief te combineren
om zo een blootstellingsniveau te kunnen schatten waarboven het waarschijnlijk is dat
een schadelijk gezondheidseffect zal optreden. Daarom was het doel van hoofdstuk 6
om een voorbeeld te verkennen van hoe een gecombineerde en kwantitatieve
benadering zou kunnen werken, en wat de consequenties en beperkingen zijn van
een dergelijke aanpak. De gekozen benadering was om al het bewijs om te zetten
(d.w.z. te harmoniseren) in risicoschattingen zoals die in epidemiologische studies
worden gerapporteerd. Dit bracht moeilijkheden met zich mee omdat de verschillende
soorten data niet eenvoudig te combineren zijn. Zo was de blootstelling aan benzeen
in dierstudies goed gecontroleerd en in het algemeen gedurende een paar uur op
opeenvolgende dagen, gedurende enkele maanden en tot relatief hoge concentraties.
De eindpunten die in deze onderzoeken werden geregistreerd, waren het optreden
van tumoren. In studies met menselijke biomonitoring daarentegen werd de
blootstelling aan benzeen slechts één keer gemeten en werden tussentijdse
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gezondheidseffecten gerapporteerd als biomarker van effect. Epidemiologische
studies daarentegen volgden grote groepen mensen jarenlang en rapporteerden vaak
cumulatieve benzeenblootstellingen. Hoewel ik ontdekte dat de
blootstellingsresponse-relatie statistisch nauwkeuriger was toen ik alle data
combineerde, was het moeilijk om de onzekerheid te kwantificeren die werd
geintroduceerd vanwege alle vereiste harmonisatiestappen.

Afsluitende opmerkingen

Door de hoofdstukken heen zijn verschillende voorbeelden gegeven voor het
(kwantitatief) overwegen van verschillende soorten bewijs. De gebruikte kwantitatieve
benaderingen gaven inzicht in onderzoeks-hiaten. Het dwong me ook om expliciet te
zijn, waardoor de benaderingen transparant en reproduceerbaar werden voor andere
onderzoekers. Voor al het werk dat in dit proefschrift is uitgevoerd, heb ik me
gebaseerd op gepubliceerde gegevens. Vooral voor de humane biomonitoringstudies
van zowel blootstelling als effect leverde dit problemen op omdat de studies
verschillend van opzet waren en daardoor niet altijd gemakkelijk te combineren waren.
Daarnaast was in sommige gevallen geen informatie beschikbaar over parameters die
nodig zijn om de gegevens voor andere doeleinden te kunnen hergebruiken. Door de
hoofdstukken heen werden lacunes in het onderzoek geidentificeerd en werden
aanbevelingen gedaan voor het verzamelen en rapporteren van gegevens. Hoewel
verschillen tussen studies de interpretatie van resultaten vaak een uitdaging maakten,
hebben risicobeoordelaars door het combineren van gegevens en het geven van
samenvattende schattingen toch de mogelijkheid om een algemene, beste
"gemiddelde" schatting te selecteren, zelfs als die schatting onnauwkeurig is.

De casestudy's van dit proefschrift illustreren dat humane biomonitoringstudies een
waardevol bron van informatie kunnen zijn voor zowel het verbeteren van de
blootstellingsbepaling, als voor het karakteriseren van blootstellingsniveaus waarbij
een nadelig gezondheidseffect te verwachten is. Tooling zoals text mining en
netwerkvisualisatiehulpmiddelen kunnen helpen om relevante studies over mogelijke
stof specifiek gezondheidseffecten meer efficiént te identificeren. En bewijs uit
humane studies (epidemiologie en biomonitoring) en dierstudies kan ook
gecombineerd worden, maar daarvoor zijn wel een groot aantal aannames nodig. De
hoofdstukken in dit proefschrift laten zien dat er een breed scala aan interdisciplinaire
benaderingen nodig is om data te kunnen integreren, zodat ze optimaal bruikbaar
worden voor chemische risico beoordeling. Dit kan een uitdaging zijn voor
risicobeoordelaars, dus er moet een duidelijke leidraad zijn voor het combineren van
verschillende soorten bewijs en hoe de resultaten kunnen worden geinterpreteerd. De
methoden en tooling in dit proefschrift worden meestal toegepast op chemicalién
waarvoor een grote hoeveelheid data bekend is. In het Discussie hoofdstuk van dit
proefschrift worden suggesties gegeven voor benaderingen die kunnen worden
gebruikt voor chemicalién waarover slechts weinig informatie bekend is, mogelijk in
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Samenvatting

samenhang met de nieuwe wetenschappelijke benaderingen beschreven in de andere
hoofdstukken van dit proefschrift.
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