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MTM Research Centre, Örebro University, Sweden
i
Edelweiss Connect GmbH, Basel, Switzerland
j
Certara UK Ltd, Simcyp Division, Sheffield, United Kingdom
k
Lhasa Limited, Leeds, United Kingdom
l
Leiden Academic Centre for Drug Research (LACDR), Leiden University, Leiden, the Netherlands
m
Vrije Universiteit Amsterdam, Amsterdam, the Netherlands
n
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Read-across approaches often remain inconclusive as they do not provide sufficient evidence on a common mode
of action across the category members. This read-across case study on thirteen, structurally similar, branched
aliphatic carboxylic acids investigates the concept of using human-based new approach methods, such as in vitro
and in silico models, to demonstrate biological similarity.
Five out of the thirteen analogues have preclinical in vivo studies. Three out of them induced lipid accumu
lation or hypertrophy in preclinical studies with repeated exposure, which leads to the read-across hypothesis
that the analogues can potentially induce hepatic steatosis.

Abbreviations: ADME, absorption, distribution, metabolism and excretion; AOP, adverse outcome pathway; DEGs, differentially expressed genes; DST, DempsterShafer Theory; ECHA, European Chemical Agency; EFSA, European Food Safety Authority; FBS, fetal bovine serum; GLP, good laboratory practice; GSH, glutathione;
hOED, human oral equivalent dose; KE, key event; MEC, minimum effective concentration; MIE, molecular initiating event; MMP, mitochondrial membrane po
tential; MoA, mode-of-action; PI, propidium iodide; NAM, new approach methodology; PBK, physiologically based pharmacokinetic modelling; PHH, primary human
hepatocyte; QIVIVE, quantitative in vitro to in vivo extrapolation; RAx, read across; ZFET, Zebrafish embryo test.
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To confirm the selection of analogues, the expression patterns of the induced differentially expressed genes
(DEGs) were analysed in a human liver model. With increasing dose, the expression pattern within the tested
analogues got more similar, which serves as a first indication of a common mode of action and suggests dif
ferences in the potency of the analogues.
Hepatic steatosis is a well-known adverse outcome, for which over 55 adverse outcome pathways have been
identified. The resulting adverse outcome pathway (AOP) network, comprised a total 43 MIEs/KEs and enabled
the design of an in vitro testing battery. From the AOP network, ten MIEs, early and late KEs were tested to
systematically investigate a common mode of action among the grouped compounds.
The targeted testing of AOP specific MIE/KEs shows that biological activity in the category decreases with side
chain length. A similar trend was evident in measuring liver alterations in zebra fish embryos. However, acti
vation of single MIEs or early KEs at in vivo relevant doses did not necessarily progress to the late KE “lipid
accumulation”. KEs not related to the read-across hypothesis, testing for example general mitochondrial stress
responses in liver cells, showed no trend or biological similarity.
Testing scope is a key issue in the design of in vitro test batteries. The Dempster-Shafer decision theory pre
dicted those analogues with in vivo reference data correctly using one human liver model or the CALUX reporter
assays.
The case study shows that the read-across hypothesis is the key element to designing the testing strategy. In the
case of a good mechanistic understanding, an AOP facilitates the selection of reliable human in vitro models to
demonstrate a common mode of action. Testing DEGs, MIEs and early KEs served to show biological similarity,
whereas the late KEs become important for confirmation, as progression from MIEs to AO is not always
guaranteed.

analogues is restricted to those with appropriate high-quality in vivo
endpoint studies.
Human in vitro and in silico approaches have the potential to eluci
date common toxicodynamic properties and thus may contribute to
overcoming this hurdle in read-across assessments. The application of
human in vitro and in silico approaches goes hand in hand with new
challenges such as predictive performance, and robustness and repro
ducibility of the in vitro models (Krebs et al., 2019). In addition to the
experimental challenges, it is particularly important to demonstrate the
relevance of the new models, along with a strategy for integrating them
into human risk assessment.
To date, the incorporation of new approach methodologies (NAMs)
into regulatory decision making has been slow. This is primarily because
risk assessors do not have the same confidence in their use as they do in
traditional in vivo guideline studies (Patterson et al., 2021). One reason
for this lack of confidence is that most NAMs have not yet reached a
status of formal validation e.g. as being achieved within the OECD
(2005) and ECVAM (Hartung et al., 2004) validation process. However,
regulatory agencies have expressed a vision to replace and/or reduce
animal testing with Next Generation Risk Assessment (NGRA) as much
as possible in the near future (EFSA, 2019; US EPA, 2018). Thus, new
concepts are needed here to show the applicability and validity of nonvalidated NAMs and to address regulators reservations.
This paper describes a RAx case study using NAM-based data to
characterize a shared MoA within the grouped compounds. The
approach is developed using 13 branched carboxylic acids to illustrate
the testing and evaluation approach for the typical human endpoint of
chronic toxicity. Traditionally, the RAx would be based on few source
compounds with high-quality in vivo endpoint data, namely subchronic
rodent toxicity studies with oral exposure. In the following, we
demonstrate the use of NAMs, in particular human in vitro and in silico
models, to characterize the toxicodynamic properties of each analogue
in the category, with the aim of demonstrating trends/(dis)similarities
across the grouped compounds more clearly. Based on the mechanistic
insight gained, the most appropriate source compounds per target
compound are selected, thus reducing the uncertainty of the RAx
extrapolation.
The hazard characterization applies i) a high-level biological simi
larity assessment of the initially selected structural analogues using
transcriptome data, ii) an AOP network to inform targeted testing of
mechanistically relevant molecular initiating events (MIEs) and key
events (KEs) in selected human in vitro test systems, iii) additional nonAOP related read-outs which cover a broader mechanistic space or like

1. Introduction
Read-across (RAx) is one of the most frequently applied alternative
approaches in chemical hazard assessment, in particular for complex in
vivo endpoints like (sub)chronic or reproductive toxicity (Ball et al.,
2016; ECHA, 2017). Within the RAx assessment, the in vivo endpoint
data of source compounds (SCs) are used to predict the in vivo endpoint
of a similar target compound (TC), based on structure or biological ac
tivity. One of the most challenging aspects in this process is the identi
fication of source compounds, which will elicit the same toxicological
response in humans or follow a predictable trend.
The starting point of the similarity assessment is usually a list of SCs,
which share structural and physicochemical properties (ECHA, 2017).
To justify this initial selection, sufficient evidence must be provided that
these shared chemical properties will result either in similar toxicody
namic properties, or a consistent, predictable trend within the grouped
compounds. An understanding of toxicokinetics can be used as sup
porting evidence to explain variations across a category of grouped
compounds. Recently, an analysis of several case studies revealed that
the uncertainty in RAx assessments is highly dependent on the justifi
cation of similarity (Schultz and Cronin, 2017). The authors discussed
that a higher confidence in the RAx can be achieved when it is based on a
clear read-across hypothesis. The read-across hypothesis itself will gain
a higher confidence, in case that trends/similarties are show based on
toxicokinetic and toxicodynamic properties, supported by chemical
similarity.
The analysis of the toxicodynamic properties would ideally infer a
shared mode-of-action (MoA) across a category of grouped compounds
or alert on dissimilar toxicodynamic properties which will lead to the
exclusion of source compounds from the category.
The conclusion on a shared mode of action, however, is typically not
possible for endpoints such as chronic toxicity, as the observed apical
findings/effects, as seen in in vivo repeated exposure studies, are
generally not informative of the underlying biological mechanisms.
Furthermore, multiple mechanisms or adverse outcome pathways
(AOPs) can lead to the same observed macroscopic alterations (tissue
degeneration, atrophy etc.) or histopathological changes (inflammatory
responses, hypertrophy, hyperplasia, necrosis etc.). The uncertainty of
the analysis of shared toxicodynamic properties within the source
compounds is likely to increase with a decreasing number of source
compounds. Such a similarity assessment is not possible in a scenario
with one source compound (i.e. analogue approach). In practice, risk
assessment often faces data-sparse situations, since the number of
2
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the zebrafish embryo assay test a whole organism response, and iv)
Dempster-Shafer decision theory to integrate different types of in vitro
data.

liver and adipocytes, particularly in lipomatous modules. The AOP
network comprises some MIEs and KEs which play a role in the MoA of
the analogue VPA. MIEs and KEs related to VPA are color coded as fol
lows: yellow – MIE/KE is known for VPA; red: MIE/KE is known for VPA
and tested in this case study (Fig. 1).
The gene expression of CPT1A, HMGCS2, CD36, HSD17B10, NRF2,
SHP, LXR, PPARγ, SREBF1, and SRXN1 and ECI1 were significantly
altered following VPA exposures in primary human hepatocytes (PHHs)
as part of TG-GATES (Aguayo-Orozco et al., 2018; Grinberg et al., 2014).
ECI1 knockdown mice suffer from steatosis and the Comparative Tox
icogenomics Database (Davis et al., 2019) also indicates that ECI1 is
affected by VPA. ECI1 encodes a member of the hydratase/isomerase
superfamily, a key mitochondrial enzyme involved in beta-oxidation of
unsaturated fatty acids (according to NCBI, National Center for
Biotechnology Information). The sequestration of co-enzyme A (e.g. by
VPA) can impair mitochondrial β-oxidation (Aires et al., 2010; Schu
macher and Guo, 2015). The action of VPA on PPAR-γ, CD36, SCD1,
ChREBP, SREBF1, and FAS was documented by (van Breda et al., 2018),
who also confirmed its activity on PPAR-α, LXR, PXR and AhR testing
inPHHs. One mechanism involves the binding of VPA to coenzyme A
(CoA), which cause a reduction of mitochondrial β-oxidation of fatty
acids and in consequence lipid accumulation in the vacuoles of the
cytoplasm (Aires et al., 2010; Schumacher and Guo, 2015).
The resultant AOP network is in most parts congruent with the ones
recently proposed by (Mellor et al., 2016; van Breda et al., 2018) (Fig. 1,
abbreviations described in Supplemental data).

2. Material and methods
2.1. Development of an AOP network for liver steatosis
The hepatic steatosis AOP network primarily builds on the following
existing AOPs (AOPWiki, https://aopwiki.org and sAOP, http://saop.
cpr.ku.dk/ (Aguayo-Orozco et al., 2019), status April 2020):
• AOP 34- LXR activation leading to hepatic steatosis
• AOP 36- Peroxisomal Fatty Acid Beta-Oxidation Inhibition Leading
to Steatosis
• AOP 57 - AhR activation leading to hepatic steatosis
• AOP 58 - NR1I3 (CAR) suppression leading to hepatic steatosis
• AOP 59 - HNF4alpha suppression leading to hepatic steatosis
• AOP 60 - NR1I2 (Pregnane X Receptor, PXR) activation leading to
hepatic steatosis
• AOP 61 - NFE2L2/FXR activation leading to hepatic steatosis
• AOP 62 - AKT2 activation leading to hepatic steatosis
• AOP 318 - Glucocorticoid receptor activation leading to hepatic
steatosis
The involvement of THRSP (thyroid hormone responsive) was added
on the basis of an analysis of the toxicogenomic database TG-GATES
(Igarashi et al., 2015). This gene has been shown to be expressed in
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Fig. 1. The AOP network for microvesicular liver steatosis illustrates the activation and inhibition of molecular initiation events (MIEs) progressing to key events
(KEs) and resulting in the adverse outcome (AO) liver steatosis; red lines indicate inhibition, green lines activation; coloured MIEs/KEs are obtained from studies
testing VPA (red/yellow). Red coloured MIEs/KEs were selected for AOP specific testing in this case study. In addition endoplasmatic resticulum stress was measured.
Names and abbreviations are given in Supplemental material.
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2.2. Tiered testing strategy

cellular processes were included to cover a broader mechanistic space.
This broader testing aimed to reveal potential differences between the
grouped category compounds. Class 5 comprised several other ‘orphan’
MIEs and early KEs, from the CALUX reporter panel and GFP reporter
assays, not included within the AOP network. These included the nu
clear hormone receptor assays ERα, Anti-ERα, AR, anti-AR, PR, Anti-PR,
Anti-GR, TRβ, Anti-TRβ (all: endocrine activity), RAR, and the stressand other pathway assays Hif1α (hypoxia), TCF (wnt-pathway), AP-1
(cell cycle control), NFκB (inflammatory response) and p21 and p53
(DNA damage response). Though PPARα and PPARδ are MIEs within the
steatosis AOP network, all reporter assays were performed in agonist
mode. The role of PPARα and PPARδ as MIEs within the steatosis AOP
network is characterized through interaction with antagonists and so
data from these NAMs were included in class 5 (van Breda et al., 2018).
Class 6 gave an overview on the perturbation mitochondrial pro
cesses in HepG2 cells, in particular glutathione (GSH) depletion,
disruption of the mitochondrial membrane potential (MMP), formation
of mitoxsuperoxide (MitoSOX) or phospholipids. The role of mitochon
drial dysfunction, including the interference with β-oxidation and
oxidative stress, represented by altered GSH homeostasis and/or
enhanced reactive oxygen species (ROS) formation, have been suggested
as mechanisms involved in liver injury by different drugs including in
ducers of steatosis (Chang and Abbott, 2006; Silva et al., 2008).
The observations from the human-based in vitro assays, were aligned
to effects seen in the liver of zebrafish embryos (ZFET, class 7). More
specifically, the histopathological alterations of the liver include the
detection and amount of storage materials (fats and glycogen) as well as
the assessment of overall changes in hepatocellular structure and size.
Comparisons of zebrafish and mammals showed remarkable similarities
in hepatic lipid metabolism between both systems (Anderson et al.,
2011) as well as conserved processes including fundamental develop
ment, cellular composition and liver functionality (Goessling and Sadler,
2015, Hill, 2012, Hölttä-Vuori et al., 2010, Tao and Peng, 2009, van
Wijk et al., 2016, Wallace et al., 2005, Wilkins and Pack, 2013). Since
these alterations are not directly indicative of a steatotic response, they
are considered within this category assessment as supporting
information.

Our tiered testing strategy classified NAMs into seven effect classes.
The first class comprised transcriptomics data generated in HepG2 cells
and identified shared differentially expressed genes (DEGs) and altered
signalling pathways. This evidenced a biological rationale for a shared
MoA within the thirteen structurally similar, grouped category com
pounds (Table 1; class 1).
The remaining 6 effect classes comprise more specific functional read
outs, representative of MIEs and KEs belonging to the AOP network, and
additional MIEs, KEs, and cellular processes covering a broader mech
anistic space (Table 1, class 2 to 7).
As an initial assessment of general toxicity, the cytotoxicity of all
compounds was measured in two high-throughput reporter assays
(CALUX and GFP), two human hepatocyte cell lines (HepG2, HepaRG),
PHHs, and the human RPTEC/TERT1 (renal proximal tubule epithelial
cell) cell line (class 2).
Nine MIEs and early KEs from the AOP network were selected to
characterize the mechanisms across the category leading to liver stea
tosis (class 3, Table 1, Fig. 1). The CALUX reporter panel tested the
activation of PPARγ, PXR, AhR, GR and LXR. Oxidative stress was tested
using the Nrf2-CALUX and SRXN1-GFP reporter assays. Endoplasmatic
reticulum (ER) stress was measured using BIP-GFP and ESRE-CALUX
reporter assays.
The late KE “accumulation of triglycerides” was measured in PHH
and two liver cell lines (HepG2, HepaRG). Lipid accumulation was
assessed semi-quantitatively after single (treatment duration 24 h or
72 h) or repeated exposure (five times in 10 days, class 4) using
fluorescence-based methods. This key event is close to the endpoint
steatosis.
Within classes 5 and 6, reporter genes and NAMs assessing general
Table 1
Overview on selected MIEs and KEs tested in different human in vitro models in
this case study.
No.

Class

Measured readouts (KEs/
MIEs)

In vitro model

1

Transcriptome
analysis

Differentially Expressed
Gene

2

Viability/
Cytotoxicity

IC50

3

AOP-specific MIEs
and early KEs

PPARγ, PXR, AhR, GR, LXR,
Nrf2, ESRE
SRXN1, BIP

HEPG2 – 24 h
exposure, single
application
HepG2, HepaRG,
PHH, RPTEC/TERT1,
CALUX, GFP
CALUX reporter assay

4

AOP-specific late
KE

Triglyceride accumulation

5

MIEs and early KEs
not related to AOP

ERα, Anti-ERα, AR, anti-AR,
PR, Anti-PR, Anti-GR, TRβ,
Anti-TRβ, PPAR-α, PPAR-δ,
RAR, Hif1α, TCF, AP-1,
NFκB, p21 and p53
p21

6

Mitochondrial
dysfunction

7

Non-human
evidence
synonymous with
late KEs

GSH, mitochondrial
membrane potential,
superoxide, phospholipids
Histopathological
alterations of the liver

2.3. Chemicals
Chemicals were purchased at the highest purity available. 2-ethyl
heptanoic acid (2-EHP, purity 99.9%, VBP00053) was purchased from
Endeavour Speciality Chemicals Limited; 2-propylhexanoic acid (2PHA, purity 96%, ZCA0360) was purchased from Finetech Industry
Limited; 4-ene valproic acid (4-ene VPA, purity 98%, sc-209,255) and 2ethylpentanoic acid (2-EPA, purity 98%, sc-496,785) were purchased
from Santa Cruz Biotechnology; 2-methylhexanoic acid (2-MHA, purity
>99%, W319104); 2-methylpentanoic acid (2-MPA, purity ≥98%,
W275409); 2-ethylbutyric acid (2-EBA, purity 99%, 109,959); 2-methyl
butyric acid (2-MBA, purity 98%, 245,526); 2-propylheptanoic acid (2PHP, purity NA, VBP00053); 2-ethylhexanoic acid (2-EHA, purity
≥99%, 538,701); valproic acid (VPA, certified reference material for
analytical application, PHR1061); pivalic acid (PVA, purity 99%,
T71803) and 2,2-dimethyl valeric acid (DMVA, purity >97%, 41,740)
were purchased from Sigma Aldrich. The chemicals were purchased
centrally and distributed to the partners as pure compounds. Each
partner prepared stocks according to the specific requirements of their
test methods.

HepG2-GFP reporter
assay
HepG2 – 24 h or 72 h
exposure, both with
single application
HepaRG - 24 h
exposure single
application, or
10 days exposure,
repeated application
PHH- 24 h exposure,
single application
CALUX reporter assay

HepG2-GFP reporter
assay
HepG2 - 24 h or 72h
exposure, both with
single application
Zebrafish embryos

2.4. NAMs – new approach methodologies
All test compounds are weak organic acids (pKa ≈ 4.8). pH indicators
included in cell culture medium showed that high concentrations of test
compound decreased the pH of the medium. In addition to the possible
cytotoxic effects of this pH shift, in silico distribution predictions using
the virtual in in vitro distribution (VIVD) model implemented in the
4
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Simcyp™ in vitro analysis (SIVA) toolkit (v3.0) (Certara UK Ltd., Shef
field, UK, Fisher, 2019) showed that a shift in the ionized fraction of
solubilized test compound would impact their distribution cells and so
the effective in vitro concentration (data not shown). Therefore, before
application to human cells, all treatment medium were stored for 2 h at
37 ◦ C in a 5% CO2 atmosphere, buffering the medium to a physiological
pH (~7.4).
As far as possible, the range of test concentrations was standardised
across the NAM test battery, informed by in vivo relevant concentrations
of the source compound VPA through reverse-translation of NOELs
determined in rat dosing studies and therapeutic dosing in humans.
Physiologically-based pharmacokinetic (PBPK) modelling and simula
tion of rat NOEL studies predicted a corresponding maximum unbound
plasma concentration of 2.5 mM (Fisher, 2019). In humans, VPA is used
for the treatment of epilepsy and at therapeutic doses reaches total
plasma concentrations of ~1 mM (Turnbull et al., 1983).
MIE screening for compounds using the CALUX reporter assay was
performed in agonist mode across a concentration range of 1 nM to
1 mM testing incrementally by 0.5 log units. Eight test concentrations,
ranging from 0.062 to 8 mM were applied in the HepG2, HepaRG and
RPTEC assays. The GFP reporter and HepG2 assays additionally tested at
16 mM for inclusion in transcriptomic analyses; PHH were tested up to
31.6 mM. A maximum DMSO solvent concentration of 0.1% was allowed
for all test systems.
Specific minimum effective concentration (MEC) values were
derived per assay given the dependence on detection limits and signal to
noise ratio inherent to each assay exact definitions are detailed below,
but broadly the MEC was defined as the compound concentration at
which an effect was observed that significantly exceeded the back
ground signal.

viability) for 24 h and imaged live at 37 ◦ C and 5% CO2, capturing 2
images per well at 20× magnification using a Nikon TiE2000 confocal
laser microscope.
GFP intensities (relative fluorescent units, rfu) in reporter cell lines
were quantified as previously described (Wink et al., 2018). Nuclei were
segmented and cytoplasm boundaries were determined after which GFP
intensity was measured in either the nuclei (P21) or cytoplasm (SRXN1,
BIP). MEC values were calculated from the fraction of GFP-positive cells.
A non-mechanistic fitting through the data points was applied (R Core
Team, 2020). The MEC was determined at the concentration where a
GFP-value of DMSO treated control cells (+ 2× SD) crosses the fit. All
data are from 3 biological replicates.
For transcriptome analyses, HepG2 cells (clone HB8065, acquired
from ATCC) were maintained and exposed in high-glucose DMEM sup
plemented with 10% (v/v) FBS, 25 U/ml penicillin and 25 μg/ml
streptomycin. Cells (passage 14 to 15) were plated in 96 well plates
(Cellstar, Greiner), with 50,000 cells per well and exposed the next day
with seven concentrations per compound, ranging from 0.2 to 16 mM for
24 h. Cells were washed once with PBS and lysed for 15 min at room
temperature with 50 μl 2× BioSpyder lysis buffer diluted to 1× with
PBS. Samples were stored at − 80 ◦ C and subsequently shipped on dry ice
to Biospyder technologies (Bioclavis, UK). All data is from 3 biological
replicates.
2.4.3. HepG2 cells and high-content imaging assay
HepG2 cells were seeded in 96-well plates (5000 cells/well) and
cultured for 24 h. Prior to exposure to the test compounds, HepG2 cells
were preincubated with a 62 μM mixture of oleate and palmitate (2:1
ratio) in medium supplemented with lipid depleted FBS (Biowest
(S181L-100)) for 14 h, followed by a change to fatty-acid free medium
containing different concentrations of the test chemicals for a further 24
or 72 h. Stock solutions of compounds were prepared in DMSO, and were
diluted in the culture medium to obtain the desired final concentrations.
Cells were simultaneously loaded with a combination of fluorescent
probes (Hoechst 33342 for nuclei identification, PI for cell viability,
monochlorbimane for GSH detection, TMRM for the detection of
changes in MMP and MitoSOX Red for mitochondrial superoxide pro
duction) for 30-min incubated at 37 ◦ C as previously described (Donato
et al., 2012; Tolosa et al., 2015). Labelled cells were then imaged using
the INCELL6000 Analyser (GE Healthcare, USA) (Tolosa et al., 2012)
and analysed in the INCELL Workstation. Dose response curves for cell
viability data, lipid or phospholipid accumulation were generated using
GraphPad Prism Software (version 8). The MEC was determined as the
concentration able to an elicit 20% change in a respective endpoint
relative to non-treated cells. All data are from 3 biological replicates.

2.4.1. CALUX reporter gene assays
From the CALUX® (BioDetection Systems) battery of in vitro reporter
gene assays a panel of 27 human cell-based assays was used, each able to
measure chemical interactions between a test chemical and a specific
nuclear receptor or cell signalling pathway (van der Burg et al., 2013).
Exposure to the test compounds, dissolved at 0.1 M in DMSO, was per
formed for 24 h and at 1% (v/v) according to the assay procedure as
described in DB-ALM protocol 197 “Automated CALUX reporter gene
assay procedure”. The analysis consisted of technical triplicates, and was
performed twice as independent biological replicates. MEC values were
derived per assay based on the background responses. For nuclear re
ceptor agonist assays, the MEC was defined as the PC10 concentration in
LogM, which is the concentration where the test compound causes an
activation effect equal to 10% of the maximum effect elicited by the
test’s reference compound. For nuclear receptor antagonist assays, the
MEC was defined as the PC20 concentration, which is the concentration
where the test compound causes an antagonist effect equal to 20% of the
maximum antagonist effect elicited by the test’s reference compound.
For the stress pathway related assays which typically do not show
sigmoidal dose-response curves, the MEC was defined as the FI 1.5
concentration, which is the concentration where the test compound
elicits pathway activation 1.5-fold above baseline.

2.4.4. HepaRG spheroids and high-content imaging assays
Cryopreserved differentiated HepaRG cells were obtained from Cal
tag Medsystems (UK) and were used for formation of 3D spheroid cul
tures. (Bell et al., 2016) Cells were seeded into ultra-low attachment
(ULA) 96-well plates (Corning, USA) at a density of 2,000 viable cells per
well and left overnight. HepaRG spheroids were seeded in 100 μl DMEM
31053–044 (ThermoFisher, UK) containing hepatocytes bullet kit
(Lonza, UK) supplemented with 2 mM ultra glutamine (ITS), 25 mM
HEPES (Sigma), and 10% (v/v) FBS. HepaRG cells spontaneously selfaggregate in to spheroids. Five days after seeding, visible compact
spheroids had formed, 50% of the medium was exchanged daily for
serum-free medium (Williams E medium E W1878 (Sigma-Aldrich)
supplemented with 2 mM L-glutamine (ITS), 100 units/ml penicillin,
100 μg/ml streptomycin, 10 μg/ml insulin, 5.5 μg/ml transferrin,
6.7 ng/ml sodium selenite, 100 nM dexamethasone (Sigma-Aldrich),
and 10% (v/v)FBS; Bell et al., 2016). Cells were maintained in a 5% CO2
humidified atmosphere at 37 ◦ C.
Cell imaging with fluorescence analysis was performed with a Cel
lomics® ArrayScan XTI Infinity High Content Imaging (HCI) platform
(ThermoFisher, UK), which utilised HCS StudioTM 2.0 software

2.4.2. GFP reporter assay and samples for transcriptome analyses in HepG2
cells
HepG2 cells (clone HB8065, acquired from ATCC) carrying reporters
were previously generated according to (Poser et al., 2008) and char
acterized (Wink et al., 2017). The BAC-GFP reporter cell lines were
maintained and exposed in high-glucose Dulbecco’s Modified Eagle
Medium (DMEM, Thermo Fisher; No. 11504496) supplemented with
10% (v/v) FBS, 25 U/ml penicillin and 25 μg/ml streptomycin. For the
reporter assay, cells grow in 384-well plates until 80% confluence at
start of imaging. Hoechst33342 (100 ng/ml) was added overnight prior
to imaging to visualise cell nuclei. Cells were exposed to analogues and
cell permeability stain propidium iodide (PI) (an indicator of cell
5
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(ThermoFisher, UK) and the compartmental analysis bioapplication for
image analysis. Test compounds were prepared as stock solutions at
200× higher concentration than the maximum test concentration (sol
vent concentration maintained at 0.5%). Cells were treated in triplicates
at eight different concentrations of each test compound for either 24 h or
5 days. The culture medium was removed and cells were stained with
cellular dyes HCS LipidTOX™ Green Neutral Lipid Stain (ThermoFisher
H34475) and Hoechst 33342. Cells were washed three times with
phosphate buffered saline (PBS) and fluorescence image acquisition was
performed. A single HepaRG spheroid per well was imaged in confocal
mode using a 70 pin hole size, using 11 steps at 11.6 μm distance. Cell
nuclei or spheroid size were detected analysing the Hoechst 33342
(Sigma) fluorescence signal (λex.360 to 400 nm; λem. 410 to 480 nm);
each endpoint was analysed for changes in fluorescent intensity signal
(rfu) in either the cytoplasmic or nuclear regions of each cell or spheroid
region and compared against the vehicle control wells.
Cellular ATP was determined in HepaRG cells and HepaRG spheroids
following dosing, using luminescence following the manufacturers
guidelines (2D; CellTiterGlo, 3D; CellTiter-Glo 3D Cell Viability Assay,
Promega); luminescence was determined using a BioTek Synergy 2
(BioTek). Raw fluorescence intensity values (rfu) were normalized to
vehicle control wells in all cases and expressed as fold changes in assay
signal. Data was normalized to vehicle control and for each compound
dose-response curve. The lowest concentration exceeding the vehicle
control limits (0.85 to 1.15 of the vehicle control values) were defined as
the MEC. All data are from 3 biological replicates.

2.4.6. Human kidney cells (RPTEC/TERT1), resazurin reduction and
supernatant lactate assay for membrane integrity
The telomerase immortalised human renal proximal tubule epthelial
cells, RPTEC/TERT1 (Wieser et al., 2008), were routinely cultured in a
1:1 mixture of DMEM (Gibco 11966–025) and Ham’s F12 (Gibco
21765–029), with a final concentration of 5 mM glucose supplemented
with 2 mM Glutamax, 10 ng/ml epidermal growth factor, 36 ng/ml hy
drocortisone, 5 μg/ml insulin, 5 μg/ml transferrin, 5 ng/ml selenium,
100 U/ml penicillin, 100 μg/ml streptomycin (Jennings et al., 2009) and
supplemented with final concentration of 0.5% (v/v) FBS. Cells were
cultured in a humidified environment (37 ◦ C, 5% CO2) and were
routinely passaged once a week detatched through trypsin EDTA treat
ment. Cells were cultured and differentiated in 96-well plates by
allowing them to reach confluence and remain in a confluent state for at
least 7 days before chemical exposure as previously described (Aschauer
et al., 2013). MEC values were calculated as the first tested concentra
tion that shows a significantly higher value than vehicle control (1-way
ANOVA).
After 24 h chemical exposure, cells were washed with 100 μl PBS per
well and further incubated with 100 μl of 44 μM resazurin solution for
1.5 to 2 h at 37 ◦ C. The fluorescent product resorufin generated through
metabolic activity of viable cells was detected using a CLARIOstar plate
reader (BMG Labtech) (λex. 540 nm; λem. 590 nm).
Supernatant lactate was quantified against a standard curve in a 96well plate with 10 μl supernatant medium incubated with 90 μl lactate
reagent buffer (86 mM Triethanolamine HCl, 8.6 mM EDTA.Na2, 33 mM
MgCl2, 326 μM N-methylphenazonium methyl sulphate (PMS), 790 μM
p-iodonitrotetrazolium violet (INT), 3.37 mM β-NAD, 7% (v/v) ethanol,
0.4% (v/v) Triton-X-100, 4 U/ml Lactate Dehydrogenase) for approxi
mately 7 min at room temperature, as previously described (Limonciel
et al., 2011). Optical density (λabs. 490 nm) was measured using a
CLARIOstar plate reader.

2.4.5. Primary human hepatocytes (PHH) and lipid accumulation
Cytotoxicity: PHHs were cultivated in clear William’s E medium
(PAN-biotech P04–29510) supplemented with 100 U/ml penicillin/
streptomycin, 10 μg/ml gentamycin, 100 nM dexamethasone, 2 mM
glutamine and 2 ng/ml insulin (ITS). For attachment (3 h) 10% (v/v) FBS
(PAN-biotech P30–3701) was added to the medium. The cells were
cultivated in a 96-well format, 50,000 cells/well in 200 μl medium/well
on collagen (0.25 mg/ml) monolayer coated wells. The next day after
seeding, the cells were incubated with 62 μM 2:1 mixture of oleate and
palmitate complexed to bovine serum albumin for 24 h. Following pre
incubation the cells were incubated for 48 h with respective test e
compounds in medium with or without fatty acids. Five concentrations
and vehicle matched controls are prepared for each compound applying
a dilution factor of 3.16, doses ranged from 0.316 to 31.6 mM. Cell
viability was determined with the CellTiterBlue kit (Promega).
Cryopreserved PHHs were treated with test compounds with (day 5)
and without (day 1) preincubation of fatty acids and stained to deter
mine the lipid accumulation after treatment. The five tested dose ranged
from 0.1 to 10 mM. PHHs were cultivated in clear William’s E medium
(PAN-biotech P04–29510) supplemented with 100 U/ml penicillin/
streptomycin, 10 μg/ml gentamycin, 100 nM dexamethasone, 2 mM
glutamine and 2 ng/ml insulin (ITS). For attachment (3 h) 10% (v/v) FBS
(PAN-biotech P30–3701) was added to the medium and for the fatty acid
treatment a 62 μM mixture of oleate and palmitate (2:1 ratio). The cells
were cultivated in a 24-well format, 250,000 cells/well in 500 μl me
dium/well, collagen (0.25 mg/ml) monolayer coated wells plus collagen
(1 mg/ml) gel on top of the cells. One day after seeding (day 0) the cells
were treated with the test compounds.
After 24 h cells were fixed with ROTI-Histofix (4% PFA) for 20 min at
37 ◦ C, washed with PBS and then permeabilized with 0.3% Triton-X-100
in PBS for 10 min at room temperature. Afterwards the cells were
stained with phalloidin (actin), BODIPY (lipids), DAPI (DNA) and
covered with FluorPreserve Reagent. The glass slides were processed
with an Axio Scan.Z1 (ZEISS) and the accompanying software. The
generated images were evaluated by semi-quantitative manual inspec
tion. Three human donors were tested.

2.4.7. Zebrafish embryo test (ZFET)
Zebrafish (Danio rerio) embryos were treated with concentrations
ranging from 2 to 1000 μM for 120 h post-fertilization (hpf). ZFET assays
were conducted according to the extended Fish Embryo Acute Toxicity
(FET) test described in detail in OECD guideline 236 (OECD, 2013),
which is still within the developmental phase defined as non-protected
(EU, 2010) according to Strähle et al. (2012). In accordance with
OECD 236, pH was adjusted using hydrogen chloride and sodium hy
droxide to 7.75 ± 0.02 prior to addition of the test compounds; no
further adjustment was made after addition of the compounds. For all
substances, 10 embryos per test concentration were analysed.
At the end of exposure, embryos were anesthetized in crushed ice
(Wilson et al., 2009) and fixed in Davidsons’s fluid (Johnson et al., 2010;
Mulisch and Welsch, 2015) at 4 ◦ C for 24 h. Sections were cut at 4 μm
thickness with a Reichert-Jung HN 40 microtome (Reichert-Jung, Hei
delberg, Germany) and transferred onto microscope slides coated with
glycerin albumin (Serva, Heidelberg, Germany). Hematoxylin-eosin
straining was performed following the approach from Mulisch and
Welsch (2015).
Histopathological evaluation of zebrafish liver slides was carried out
with a Nikon ECLIPSE 90i microscope (Nikon Instruments, Düsseldorf,
Germany) and the Nikon NIS Elements AR 64-bit software, v. 4.00.05.
Embryos showing alterations of the liver (predominantly changes in the
size and overall structure of hepatocytes as well as the amount of storage
materials (lipids and glycogen)) were recorded for each test concen
tration. While slides containing liver sections of each embryo were
reviewed, slides showing the biggest cross sections of the liver,
excluding those divided by the gut, were selected for the evaluation.
Based on this data, an EC20 value was calculated for each compound
using ToxRat® v. 2.10.03 (ToxRat Solutions, Alsdorf, Germany). EC20
defines the concentration causing a liver effect in 20% of all zebrafish
embryos tested with a compound.
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2.5. Statistical analyses

project (ICT-215847). The DST combines the available information
and quality thereof into two prediction outcomes – belief (BEL) and
plausibility with respect to a ‘proposition (p)’. The proposition in this
analysis is that all analogues are steatotic. The BEL part indicates the
strength of the evidence in support of p, on a scale of 0 (no certainty) to 1
(full certainty) and difference (plausibility - BEL) represents the level of
uncertainty based on the evidence from the data.

2.5.1. Analysis and derivation of differentially expressed genes (DEGs)
Transcriptome analyses were carried out with the human TempOSeq S1500+ assay, which comprises 3,565 genes (Mav et al., 2018).
DEGs were derived following four general steps: 1) Quality control:
samples with low total read counts were removed (threshold: 500,000
total reads per sample). 2) Increase statistical power: genes with low
variance across all concentrations and replicates per compounds were
removed (threshold = 1). 3) Normalize read counts: Counts per million
(CPM) were used. 4) Derive DEGs: DEGs were derived with the Rpackage DESeq2 (version R-3.6.3 DESeq2 1.26.0, Love et al., 2014)
considering an adjusted p-value of 0.05 (Benjamini-Hochberg method)
and a log2fold change of 1 or higher. This analysis identified 2,197 DEGs
across this category taking into account all DEGs per concentration for
all compounds tested. For the analysis of category specific DEGs, we
selected 249 consistently expressed DEGs from the seven most respon
sive compounds (2-PHP to 2-EPA). Consistency was assumed for genes
being differentially expressed in at least 20 out of a total of 49 testing
conditions.
From the DEGs a group profile was derived to show commonalities in
differential expression between grouped category compounds. The
criteria for selection of a DEG for this profile was defined as the fre
quency in which it was significantly differentially expressed in the
conditions (individual concentrations) of the seven longer chain com
pounds (formerly regarded as active). For heatmap visualization the
profile was joined with significantly DEGs of rotenone in HepG2 treated
at 0.08 mM (151 DEGs). Criteria for these DEGs was defined through pvalue adjusted by Benjamini-Hochberg method (P < 0.05, absolute
log2fold ≥2). Hierarchical clustering was conducted within concentra
tion groups, based on the log2fold change of the resulting 337 genes.

3. Results
3.1. Selection of category members based on structural similarity
The grouped category compounds share a common core-structure
(Fig. 2). They differ with regard to the length of the two linear alkyl
side chains at carbon atom C2. In total, the category comprises eleven
branched aliphatic analogue carboxylic acids with linear side chains
ranging from methyl (C1) to pentyl (C5, Fig. 2). One analogue in this
group, 4-ene VPA, comprises one alkene side chain. In addition to these
eleven structurally similar category members, two further aliphatic
carboxylic acids, namely pivalic acid (PVA) and dimethyl valeric acid
(DMVA), were included into the testing and assessment approach. Both
have a third methyl substitutent at C2 (R3, Fig. 2). This results in a total
of 13 structurally related members of the category (Fig. 3). The physi
cochemical properties in this category show that lipophilicity and mo
lecular weight increases slightly with longer side chains. Taking
lipophilicity as a first indicator for a potential bioaccumulation in
human tissues, these data do not alert for a bioaccumulation in humans
(i.e. logPow >4.0).
3.2. Read-across hypothesis
This read-across addresses the endpoint chronic toxicity after
repeated exposure, which usually requires a subchronic in vivo study per
source compound. The data rich source compound 2-EHA has in vivo oral
dosing endpoint studies with subchronic duration (BG Chemie, 2000;
Juberg et al., 1998). Supporting information is available from shorterterm in vivo studies for the four analogues VPA, 4-ene VPA, 2-EBA and
PVA (Abdel-Dayem et al., 2014; Espandiari et al., 2008; Ibrahim, 2012;
Knapp et al., 2008; Loscher et al., 1992; Sugimoto et al., 1987; Tong
et al., 2005; Zhang et al., 2014). 2-EHA, VPA and 4-ene VPA induced
liver steatosis as the most sensitive observed adverse effect, whereas 2EBA and PVA did not show any adverse liver effect up to the highest in
vivo tested dose (details in Supplemental data). The observed lead effect
liver steatosis defines a read-across hypothesis for all compounds in the
category. For precautionary reasons, a worst-case assumption is used
and thus the read-across hypothesis is that all category members will
potentially cause hepatic steatosis in vivo. It can be justifiably assumed
that it would be difficult to conclude that the subchronic in vivo studies
of only 2-EHA could be read across all analogues of the category given
the sparsity of the in vivo data matrix.

2.5.2. Visualization of data
ToxPi (v2.3) (Marvel et al., 2018) was used to illustrate the biological
similarity of compounds (Figs. 6 and 7). Linear scaling of the MEC (in
–logM units) was performed to standardise the values between different
assays. MECs were set to zero for compounds being inactive up to the
highest in vitro tested dose. ToxPi scores were calculated for all assays in
the seven effect classes (Table 1). The hierarchical clustering of all
experimental data applied Euclidean distances and complete linkage.
MEC values shown in -log(M) units were clustered with a Morpheus
widget created in R (Morpheus, https://software.broadinstitute.org
/morpheus) (Fig. 8).
2.5.3. Dempster-Shafer Theory (DST)
DST is an extension of generalized Bayesian statistical inference in
which evidence can be associated with multiple sources of information
(Dempster, 2008; Shäfer, 1976). DST was used to combine the evidence
from different in vitro assays for the source compounds in order to pro
vide a weight-of-evidence (WoE) estimate for the target compound with
respect to steatotic in vivo outcome.
The DST analysis used assay results in the form of binary data;
compounds for which a MEC could be derived were classified as active
(1); compounds being not active up to the highest in vitro tested dose
were classified as inactive (0).
Sets of assays were identified, which gave good validation results
from a leave-one-out (LOO) cross- validation for compounds with known
in vivo outcomes (steatotic or non-steatotic, see Supplemental data). This
LOO validation enables the calculation of reliability, i.e. balanced ac
curacy in this study, positive prediction accuracy (PPV) and negative
prediction accuracy (NPV) for the assay. The predicted outcome from
DST for compounds with known in vivo data was performed using a LOO
cross validation. For the remaining compounds without known outcome
the analysis was performed using data from all compounds with known
outcome.
The DST software used in this work was developed in the EU-ADR

R1
R2

C2

C1

R3

R1, R2 = linear alkyl
= CH3 or H
R3

Fig. 2. Generalized chemical structure of the category members.
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2-PHP

2-PHA

VPA

2-EHA

2-EHP

2-MPA

2-EPA

4-ene VPA

2-MHA

2-MBA

DMVA

2-EBA

PVA

Fig. 3. Overview on case study members in order of decreasing side chain and molecular weight: 2-Propylheptanoic acid (2-PHP); 2-Ethylheptanoic acid (2-EHP); 2Propylhexanoic acid (2-PHA); 2-Ethylhexanoic acid (2-EHA); Valproic acid (VPA); 4-ene Valproic acid (4-ene VPA); 2-Ethyl pentanoic acid (2-EPA); 2-Methyl-hex
anoic acid (2-MHA); 2-Methyl-pentanoic acid (2-MPA); 2-Ethylbutyric acid (2-EBA); 2-Methylbutyric acid (2-MBA), Pivalic acid (PVA) and Dimethyl-valeric
acid (DMVA).

3.3. Biological similarity based on transcriptome data to support category
inclusion

to 4 mM). The highest tested doses (8 mM, 16 mM) did not contribute
many additional shared DEGs to the group profile, indicating minimal
unspecific high dose effects in this profile.
To learn to what extent transcriptome data can be used for biological
similarity assessment, an additional compound, rotenone, was included.
Rotenone is a complex-I inhibitor and showed a distinct expression
profile relative to the profile of the carboxylic acids (Fig. 5).
Hierarchical clustering of the 249 DEGs results in two clearly sepa
rated clusters (Fig. 5). From 0.5 mM to 2 mM, the long-chain analogues
show the highest and comparable activity at the transcriptome level (2PHP; 2-PHA, VPA; 2-EHP and 4-ene VPA). At doses of 4 mM, 8 mM and
above, 2-EHA and 2-EPA also join this cluster. Compounds that result in
relatively fewer DEGs fall into a second cluster, consisting of 2-EBA, 2MPA and 2-MBA, 2-MHA, PVA and DMVA.
The transcriptome signature of the grouped category compounds

Structural similarity is generally regarded as a good starting point to
identify an initial list of source compounds (ECHA, 2017). Follow-up
analyses are needed to confirm common toxicological properties.
Transcriptome data in the human liver cell line HepG2 were evaluated
for a preliminary biological similarity assessment.
A category specific profile of differentially expressed genes (DEGs)
was defined, consisting of 249 DEGs, observed within most of the test
conditions for the seven most active compounds in the category. The
contribution of the different dose-groups per compounds to the group
profile is indicated in Fig. 4. Although the number of DEGs per com
pound increases with increasing test concentration, the majority of the
249 shared DEGs are derived from low and mid test concentrations (0.5

2-EHP
2-PHP

2-EHA
2-PHA
VPA 4ene-VPA

2-EPA

2-MHA

No. DEGs

DMVA
2-MPA
2-EBA

2-MBA
PVA

concentraon (μM)
Fig. 4. Group specific DEGs – the total number of DEGs per concentration and test compound is shown (blue bars) as well as the amount of DEGs per concentration
contributing to the group profile (orange bars). The majority of the shared 249 genes arise from low to moderate dose concentrations.
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AB

Fig. 5. Unsupervised hierarchical clustering
of DEGs in HepG2 cells – category members
are shown together with the complex-I in
hibitor rotenone (C1: 0.0032 μM; C2:
0.016 μM; C3: 0.08 μM). The category mem
bers are clustered within concentration using
hierarchical clustering (Euclidean distances,
complete linkage). The number of shared up
and down regulated DEGs increase with dose
and side chain length of the investigated
compounds. The origin of a gene is anno
tated, A: category; B: rotenone. For better
visualization,
the
log2fold
change
values ≥ +4 were coloured deep red, all
values ≤ − 4 deep blue per compound and
concentration.

C1-C3
becomes increasingly homogenous at higher concentrations suggesting
that these compounds act through similar mechanisms but with varying
potency across the category. Further analyses have been done to better
understand the extent and nature of the shared mechanisms and their
relation to steatosis and other biological processes (Vrijenhoek et al.,
2021).
The initial category of source compounds seems to be justified based
on this preliminary biological similarity assessment.

The hazard charaterization continued with the testing of MIEs and
KEs from the AOP network on hepatic steatosis (Fig. 1).
Testing of nine MIEs and early KEs from the steatosis AOP network
reveals that the number of activated MIEs/KEs decrease with decreasing
side chain length (Fig. 6, class 3). The shorter chain analogues, 2-MPA,
2-MHA, 2-EBA, as well as DMVA and PVA are inactive up to the highest
in vitro tested dose and can be clearly separated from the broader clusters
of active compounds. Long-chain analogues activate several MIEs with
clusters comprising 2-PHP; 2-EHP; 2-PHA as well as 2-EHA, VPA; 4-ene
VPA and a less active cluster comprising 2-EPA and 2-MBA. Appreciable
differences in potency are not evident between the active tested ana
logues in this assay. None of the analogues showed any activity on the
GR/LXR CALUX or GFP-BIP reporters (data not shown). However, the
analogues 2-PHP to 4-ene VPA, showed activity in the ESRE CALUX
assay, which indicates activation of the unfolded protein stress response
in contrast to the results of the GFP-BIP reporter assay.
Accumulation of lipids is seen for all long-chain analogues from 2PHP to 2-MHA in at least one tested liver model (class 4, Fig. 6).

3.4. Tiered testing for hazard identification
Overall category compounds showed low cytotoxicity in CALUX,
GFP and liver models relative to controls. Viability was also not
compromised in RPTEC/TERT1 kidney cells based on resazurin meta
bolism and supernatant lactate as indicators (see Supplemental data,
Limonciel et al. (2011); (Limonciel et al., 2012)). Only 4-ene VPA
induced resazurin reduction in RPTEC/TERT1 kidney cells at a MEC of
125 μM (see Supplemental data).
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Class 3: MIE/early KE in AOP

CALUX PXR
GFP SRXN1

CALUX Nrf2
CALUX ESRE

Class 4: late KE in AOP

CALUX AhR
CALUX PPAR

HepaRG 10d
HepaRG 24h

PHH 24h

HepG2 24h
HepG2 72h

Fig. 6. Comparison of the biological activity of all analogues in the AOP relevant classes 3 (MIE and early KE in AOP) and 4 (late KE triglyceride accumulation in
HepG2 cells). In vivo positive compounds (showing induction of liver steatosis primarily in preclinical rodent studies) are marked in red; in vivo negative compounds
are marked in green. Minimal effect concentrations in -logM units were normalized and hierarchical clustering was achieved using complete linkage.

Class 5: MIE not in AOP

Class 6: Mitochondrial dysfuncon in HepG2 cells
2-EBA
PVA

2-MBA
2-EPA

2-MHA
2-EHA
DMVA
2-MPA
VPA
2-PHA
4-ene VPA
2-PHP

Calux TCF
Calux Trb

Calux An PR
Calux An AR

CALUX PPAR
CALUX PPAR

GFP p21
Calux p53

24h GSH
24h MMP

Calux p21
Calux AP1

24h MitoSOX
72h GSH

2-EHP

72h MMP
72h MitoSOX

Fig. 7. Comparison of the biological activity of all analogues in the not AOP relevant classes 5 (MIE not in AOP) and 6 (Mitochondrial dysfunction in HepG2 cells). In
vivo positive compounds (showing induction of liver steatosis primarily in preclinical rodent studies) are marked in red; in vivo negative compounds are marked in
green. Minimal effect concentrations in -logM units were normalized and hierarchical clustering was achieved using complete linkage.

Within this cluster, analogues with longer side chains induced lipid
accumulation in several tested liver models, whereas the shorter-chain
analogue 2-EPA showed this activity only in HepaRG cells after
repeated exposure (5 treatments in 10 days) at relative high

concentrations compared to the other analogues (MEC = 5290 μM). In
the case of 2-MHA, lipid accumulation was also observed in HepaRG
cells at the highest tested dose after single exposure (MEC = 2380 μM;
single exposure). These data suggest 2-MHA to be a relatively more
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potent inducer of lipid accumulation compared to 2-EPA. 2-MPA, 2-EBA
and 2-MBA did not induce accumulation of triglycerides up to the
highest dose tested in vitro, comparable to DMVA and the in vivo negative
compound PVA.
The comparison of MECs in classes 3 and 4 shows that MIEs and early
KEs measured in the CALUX assays are activated at lower concentrations
compared to the late KE lipid accumulation (Supplemental data). Po
tency differences were much more evident from the testing of the late KE
lipid accumulation in hepatocytes.
As might be expected, a less defined trend is seen for the activation of
MIEs and early KEs non-specific to the steatosis AOP network (class 5,
Fig. 7; MIEs/KEs being inactive for all tested compounds are not shown).
Overall, the number of activated MIEs decreased with decreasing side
chain length. All long chain analogues, including 2-EPA, showed activity
in several MIEs, including activation of the p53 CALUX assay. This ac
tivity was no longer observed on treatment with S9 incubated com
pound, an indication for detoxification through hepatic metabolism.
DMVA was inactive for the majority of reporters tested in this category
but showed activity on the anti-AR CALUX assay in the same range as 2EHA, 2-PHA, 2-EHP and 2-PHP.
The side chain dependent trend on activity is not evident within
category 6 assays (Fig. 7). GSH depletion after 24 h was only observed
for the analogues 2-EHP, VPA and 4-ene VPA; 4 ene-VPA showed the
greatest potency. After 72 h, 2-EHA and 2-EPA induced GSH depletion,
whereas 2-EHP showed no effect on GSH levels (2-PHP was not deter
mined). Disruption of mitochondrial membrane potential (MMP)
showed decreasing potency with decreasing side chain length up to 4ene VPA (2-PHA and 2-EHA inactive). In an exception to the trend, 2MBA showed some comparable activity to analogues with longer-side
chains. Mitochondrial superoxide formation was observed up to 2-EPA
and in addition for 2–MPA after 24 h. After 72 h, all compounds
except of 2-EHP and 2-PHA showed formation of mitochondrial super
oxide, including DMVA and PVA. None of the tested compounds induced
the formation of phospholipids.
In addition to the AOP network informed targeted testing, a whole
organism assay was tested to explore its predictivity. To date, ZFET

assays have been used in the context of teratogenicity assessments. In an
exploratory study with eight out of the 13 analogues, liver histology
from ZFET revealed cellular alterations between untreated and treated
embryos (Supplemental data). The livers of untreated zebrafish were
characterized by high amounts of storage materials and a homogenous
arrangement of relatively large hepatocytes comprising the liver pa
renchyma. Overall, the liver size of treated zebrafish embryos was
reduced, and only regions of the livers still contained storage materials
while other areas seemed empty and nuclei appeared less regular
(Brotzmann et al., 2021, in preparation). Based on these observations,
liver development seemed at least partly inhibited. In zebrafish em
bryos, the short-chain analogues 2-MPA, 2-MHA, 2-EBA and DMVA
proved less potent than the most active long-chain analogues 2-EHA,
VPA and 2-PHA. In quantitative terms, 2-EHA, VPA and 2-PHA were
more potent by a factor of 10 than 4-ene VPA, identifying similar trends
to those found in the human in vitro assays.
Hierarchical clustering of the MEC values of early MIEs/KEs and the
late KE lipid accumulation (class 3 and 4, Table 1) discriminates two
main groups of most similar compounds, long chain analogues are
distinguished from shorter-chain analogues (Fig. 8 A). Long-chain ana
logues show generally more activity on MIEs and KEs, with 2-EHA, 4-ene
VPA, VPA forming a subcluster, as well as 2-PHP, 2-EHP, and 2-PHA.
VPA and 2-PHP were most potent with regard to the induction of lipid
accumulation in the different human liver models, both deriving the
lowest MEC after treatment of HepG2 cells after 1d exposure (Supple
mental data).
In the second cluster of less active compounds, 2-MHA was able to
induce lipid accumulation, but did not activate any of the early MIEs and
KEs. 2-MBA and 2-EPA cluster together, as well as all inactive com
pounds, namely DMVA, PVA, 2-MPA and 2-EBA.
AOPs represent the current knowledge and putative mechanisms.
Here the AOP network was used to inform the in vitro testing battery.
MIEs, like PPARs have been recognized as playing an important role in
the regulation of lipid metabolism (Cariello et al., 2021; Wahli and
Michalik, 2012). Three isoforms are known, of which PPAR-α is pre
dominantly found in the liver.

Fig. 8. Unsupervised hierarchical clustering of MEC values (in –logM units) for AOP specific assays (Euclidean distances, complete linkage). A: MIEs and KES as
described in the AOP (Fig. 1); B: AOP enriched with PPAR-α, PPAR-δ. Assays without a response to any of the tested compounds are not included. Red - maximal
response in assay, blue - minimal response in assay; grey – no data. PHH data are not included into the clustering as only 3 out of 13 analogues were tested.
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PPAR-α is a transcriptional regulator of genes involved in peroxi
somal and mitochondrial β-oxidation and fatty acid transport. PPAR-α
also coordinates different pathways of de novo lipid synthesis, to supply
fatty acid for storage as hepatic triglycerides (Pawlak et al., 2015). In a
similar way, PPAR-δ controls fatty acid oxidation by regulating genes
involved in fatty acid transport, beta-oxidation, and mitochondrial
respiration (Tanaka et al., 2003). Our steatosis AOP network currently
represents PPAR-α and δ as an MIE resulting from interaction with an
tagonists. However, the regulation of fatty-acid metabolism is a complex
process and the role for PPARs as MIEs preceding steatosis is not fully
elucidated (Maldonado et al., 2018). As such, we incorporated data for
PPAR agonism from the CALUX assays into the clustering (Fig. 8 B).
PPAR-α is activated by all analogues except for PVA and 2-MBA and
potency decrease with side chain length across the category. These data
suggest a role for PPAR-α agonism in the regulation of steatosis. The
integration of PPAR-δ did not add much to the category, as it is only
activated by the two longest chain analogues at high concentrations
tested. Overall, the inclusion of PPAR-α and δ into the clustering did not
alter the overall clustering identifying two groups defined by long and
short chain analogues.
In summary, the in vitro results obtained from MIEs and KEs being
present in the AOP (classes 3 and 4) correspond well to the activity seen
in the available in vivo reference data, in which VPA, 4-ene VPA and 2EHA induced steatosis related effects (indicated by red boxes in Fig. 6),
whereas 2-EBA and PVA were inactive (indicated by green boxes in
Fig. 6). The analysis identified a trend of decreasing biological activity
with decreasing side chain length, supported by ‘whole-organism’ ZFET
data. Overall, long-chain analogues are more potent and promiscuous in
their activation of MIEs and KEs in comparison to short-chain analogues.

The predicted outcomes from DST for compounds with in vivo data
(termed true class) have a belief of 1 and a plausibility of 1 for positive
compounds and the reverse (0 and 0 for negative compounds). Thus,
there is no uncertainty associated to these predictions based on the
applied in vitro data e.g. using the data from class 3 and 4 (ID1), all data
(ID2), or only the CALUX dataset (ID4). The analogues without in vivo
data were also always classified with a belief and plausibility of 1 by all
applied in vitro datasets. Only 2-EPA shows ambiguous results. 2-EPA is
predicted with high belief and plausibility to be steatotic, using all as
says (ID2) or non-steatotic, using the AOP specific data (ID1). A re
striction to assays, that predicted best the five analogues with in vivo
data (ID3, Table 2), as indicated by the balanced accuracy greater 90%,
did not improve the picture, but resulted in both a belief and plausibility
of 50%. This result shows that the DST analysis does provide a corre
lation, not a causation.
4. Discussion
Read-across is a method of data gap filling using in vivo endpoint data
from data rich source compound(s). In this case study, we assume that
the read-across aims to predict the subchronic toxicity of several target
compounds based on two subchronic rodent study of one data rich
source compound 2-EHA. Supporting evidence is available from shorterterm rodent studies of three other source compounds. A valid readacross requires shared toxicodynamic mechanisms between source and
target compounds to be demonstrated. This case study on branched
aliphatic carboxylic acids illustrates the use of human NAM data and the
zebra fish embryo study within a RAx approach for the characterization
of a shared mechanism of action. The case study does not include rodent
NAM data to characterize the mode of action, as the ultimate goal of this
risk assessment is to inform human safety. Nonetheless, rodent NAM
data would bridge the gap between in vivo rodent studies and the pri
marily human in vitro NAM data presented here, e.g. to reveal potential
interspecies differences.
For this purpose, a tiered testing strategy was developed, which in
tegrates the evidence from transcriptome data, AOP specific human in
vitro and in silico NAM data, and non-AOP specific NAM data. The NAM
data were generated to test a read-across hypothesis based on the most
critical in vivo effects of source compounds with in vivo endpoint data,

3.5. Quantification of uncertainty
A rigorous decision-theory approach, Dempster-Shafer theory (DST)
(Dempster, 2008; Rathman et al., 2018; Shäfer, 1976), was applied for
the combination of assay data (Table 2). The DST approach presented in
this section used binary data instead of minimal effect concentrations.
The uncertainty of the resulting prediction is quantified by belief and
plausibility functions with respect to the proposition that all category
compounds are steatotic.

Table 2
Results of Dempster-Shafer theory using binary data: Compounds are listed in order of decreasing molecular weight and side chain length. Compounds with in vivo data
(true class) were predicted with 100% belief and plausibility using the different assays in this case study. The predictions for the other analogues give the same results.
2-EPA shows ambiguous results.
Compound

True classa

RAx hypothesis

Belief RAx hypothesis

Plausibility RAx hypothesis

NAM predicted class

Dataset IDb

2-EHA
VPA
4-eneVPA
2-EBA
PVA
2-PHP
2-EHP
2-PHA
2-EPA
2-MHA
2-MPA
2-MBA
DMVA
2-EPA
2-EPA
2-EPA
2-EPA
2-EPA
2-EPA

Steatotic
Steatotic
Steatotic
Non-steatotic
Non-steatotic
No data
No data
No data
No data
No data
No data
No data
No data
No data
No data
No data
No data
No data
No data

Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic
Steatotic

1
1
1
0
0
1
1
1
unsure
0
0
0
0
0
0.84
0.5
1
1
0.81

1
1
1
0
0
1
1
1

Steatotic
Steatotic
Steatotic
Non-steatotic
Non-steatotic
Steatotic
Steatotic
Steatotic

0
0
0
0
0
0.84
0.5
1
1
0.81

Non-steatotic
Non-steatotic
Non-steatotic
Non-steatotic
Non-steatotic
Steatotic
unsure
Steatotic
Steatotic
Steatotic

1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1 to 6
1
2
3
4
5
6

ID1- AOP specific MIEs and KEs; ID2 - all assays; ID3 – all assays with balanced accuracy (BA) >9; ID4 - all CALUX assays; ID5 - all CALUX assays with BA >9; ID 6 –
CALUX assays belonging to the AOP (see Supplemental data).
a
Classification based on available in vivo studies with repeated exposure.
b
Different in vitro assay datasets included into the DST analysis.
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called lead effect. An AOP network guided the selection and testing of
MIEs as well as early and late KEs, an approach following the RAx
schema recently developed through the EUToxRisk project (Escher et al.,
2019).
Firstly, confirmation that the initial list of structurally similar source
compounds shared biological similarity was achieved by analysing
differentially expressed genes in a treated human liver model. Within
the category, the analogues cluster into two subgroups comprising the
long-chain and short chain analogues, respectively. The expression
pattern of the putatively steatotic grouped carboxylic acids differed
clearly from those of rotenone, which is a mitochondrial complex-I
inhibitor.
Thereafter, MIEs and, early and late KEs were used for hazard
identification and biological similarity assessment of the grouped cate
gory compounds. The analysis of the resultant biological effect patterns
illustrates the usefulness of anchoring the RAx hypothesis to an AOP
network. Targeted testing of selected MIEs and KEs belonging to the AOP
network supported a shared MoA and identified a trend of decreasing in
potency with decreasing side chain length with respect to the lead
endpoint of concern, lipid accumulation in hepatocytes. The known in
vivo positive compounds (2-EHA, VPA and 4-ene VPA) can be generally
well distinguished from the known negative compounds (PVA and 2EBA). As demonstrated, the combination of selected early MIEs and
KE together with one late KE was sufficient to identify this trend. Given
these results testing of all MIEs and KEs of the AOP network can be
considered unnecessary, provided the in vitro assay panel gives sufficient
coverage of early MIEs and KEs, and late stage KEs close to adverse
outcome.
In the applied human reporter gene assays, MIEs and early KEs
responded at lower concentrations compared to those needed to induce
accumulation of lipids in human hepatocytes. The higher susceptibility
of the reporter assays tested can partially be explained by the artificial
nature of the assay system which has been optimized for sensitive re
sponses. In this case study, it has also been shown, that the activation of
MIEs/early KEs does not inevitably progress to a later KE as observed for
e.g., 2-MBA. Thus, MIEs or early KEs are not solely predictive of pro
gression to an adverse outcome. In this case study, the late KE “tri
glyceride accumulation in hepatocytes”, is very closely related to the
adverse outcome steatosis, defined as lipid accumulation in the liver
accounting for ≥5% liver weight. It seems, thus, appropriate to use the
late KE, in closer proximity to the apical adverse outcome, for the
derivation of a human threshold.
The analysis of other MIEs and cellular processes, not directly asso
ciated with the AOP network, did not reveal major differences between
the grouped compounds. This is also true for the testing of a human
kidney model, which was included into the testing battery, because of
unspecific kidney weight changes being observed in in vivo studies of 2EHA at predominantly higher doses. All analogues, except of 4-ene VPA,
were not cytotoxic up to the highest in vitro tested dose, and this finding
served as indication that kidney effects are not of primary concern for
this category. It can, however, not be excluded that kidney is a critical
target organ of 4-ene VPA.
An open question in the generation of NAM data is the testing scope.
NAM data can be generated for many compounds at relatively low cost,
but biological effect patterns can be complex and difficult to interpret,
especially in case of conflicting data.
A decision theory like DST provides an indication about the corre
lation of the in vitro and in vivo data and characterises the remaining
uncertainty of the obtained predictions. In this case study, DST esti
mated for the majority of short-chain analogues to be non-steatotic
based on the applied in vitro datasets, up to the highest in vitro tested
dose. The classification was already possible based a reduced set of
endpoints e.g. using only the results of the CALUX test battery. Within
this case study three liver models, with different metabolic capacity
were included. For the assessment of potency differences regarding the
accumulation of triglycerides the testing of HepG2 or HepaRG cells

would have been sufficient.
However, DST is inconclusive for 2-EPA, which induces lipid accu
mulation in HepaRG cells following repeated exposures at relatively
high concentrations. 2-MHA, is predicted to be non-steatotic by DST but
induce lipid accumulation in HepaRG cells following single and repeated
exposures at relatively high concentrations. Following the precautionary
principles of toxicology, a risk for lipid accumulation at the corre
sponding human in vivo dose cannot be excluded or is even likely. In the
present analysis, DST used binary data, so that trends in potency could
not be captured. Further, a higher weighting of the late KE “lipid
accumulation” was not factored into this DST analysis. Nonetheless, the
decision theory gives an objective result, which might be helpful in more
complex situations and might lead to new hypotheses and iterative
testing to support hazard assessment. DST is therefore a useful tool
supporting hazard assessment.
A comprehensive uncertainty assessment is not presented. This
would have to take into account the uncertainty of each assessment
element (AE) in the read-across process and its overall impact on the
obtained prediction. This is beyond the scope of this article. Semiquantitative assessment schemas have been proposed (Blackburn and
Stuard, 2014) as well as a template for RAx assessment using NAMs
(OECD - Integrated Approaches to Testing and Assessment (IATA) Case
Studies Project).
NAM data can be used in two different ways in the read-across
assessment: qualitatively to support evidence on biological similarity
(substantiating the hazard characterization), or in a quantitative way
deriving human threshold values. Here, the biological similarity analysis
indicated that long-chain analogues are more homogenous in their ac
tivity than short-chain analogues, and this information can be used
within a read-across assessment to better define relevant source com
pounds for a given target compound.
Most similar with regard to AOP-related MIEs were 2-PHP, 2-EHP,
and 2-PHA as well as 2-EHA, VPA (Fig. 8), with VPA and 2-PHP being
the two most potent analogues in this group. In a read-across assess
ment, the in vivo data of 2-EHA and VPA could be used to derive refer
ence doses for the remaining analogues without preclinical in vivo data.
The shorter chain analogues 2-MHA, 2-MBA and 2-EPA were less active
compared to 2-EHA and VPA. However, all three also induced lipid
accumulation and/or activated early KEs in human cell lines and this
would justify a worst-case approach extrapolating the in vivo data from
more active analogues 2-EHA and VPA. 2-EBA, 2-MPA, PVA and DMVA
failed to induce lipid accumulation and were generally clustered
together based on the biological profiles obtained. Since, from a chem
ical and biological point of view, 2-EBA is most analogues to 2-MPA the
in vivo data for 2-EBA could rationally be used to predict the toxicity of
2-MPA.
Alternatively, to derive a human threshold, quantitative in vitro to in
vivo extrapolation (qIVIVE) could be used. In this case, the in vitro
benchmark concentration of the late KE lipid accumulation would be
used to derive a human equivalent dose (hOED) by reverse dosimetry.
To date, there are few published RAx studies which use biological
similarity based on human in vitro models to strengthen the hazard
evaluation in a RAx assessment (Gadaleta et al., 2020; Low et al., 2013;
Petrone et al., 2012; Shah et al., 2016; Zhu et al., 2016). A commonality
of these previously published studies is that they were supported by preexisting NAM data (Pestana et al., 2021). Following the same concept, a
generalized read-across framework (GenRa) has been proposed (Helman
et al., 2019; Patlewicz et al., 2018). The use of an AOP to design a tar
geted NAM testing battery to generate de novo data, driven by a readacross hypothesis and a regulatory problem formulation distinguishes
this study from these data mining approaches.
In this particular case study, one lead effect guided the testing
strategy: hepatic steatosis. In a “real-life” scenario, multiple effects
might be of concern and, following the targeted testing concept, would
require NAM-based testing across the category. NAM data could also be
used to test for the relevance of inconsistent and/or uncommon side
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effects observed in the in vivo endpoint studies of the source compounds.
Read-across applies existing in vivo endpoint studies and differences in
study results might be caused by toxicological differences (which is
critical) but can also be the result of differences in study design such as
strains tested, dose selection, dose spacing or analytical techniques
(Escher et al., 2020, Judson et al., 2017).
This case study did not address the impact of metabolites. 4-ene VPA
is for example one out of several metabolites of VPA observed in patients
(Kreher et al., 2001). In this case study, 4-ene VPA induced liver stea
tosis comparable to its parent VPA. The biotransformation kinetics of
VPA in the tested three human in vitro assays are however, not known
and also not their relation to the human in vivo situation. Further work
needs to be done to integrate the metabolism into the assessment. So far,
it can only be speculated that the formation of an active metabolite like
4-ene VPA explains to some extent the slightly higher potency of VPA
compared to the other analogues in this category.
Despite the increasing use of RAx for regulatory purposes and the
development of guidance and assessment documents like the read-across
assessment framework (ECHA, 2017), it is still a challenge to provide
convincing evidence about the robustness of the RAx hypothesis and to
quantify the remaining uncertainty of the estimated toxicity for the
target compound. New approach methodologies like human in vitro and
in silico models have a great potential to substantiate the RAx assessment
through increased weight of evidence. Case studies, as presented here,
provide further confidence in the application of these new approaches
by illustrating current benefits and limitations. As is typical for readacross evaluations, in vivo guideline studies are available for some an
alogues, allowing a direct comparison of the NAM data with the already
well-accepted in vivo results, which can be considered as in situ valida
tion. This study is an example for other RAx analyses and a step towards
the definition of a common strategy integrating structural, physico
chemical and biological reasoning in next-generation risk assessment.
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Shäfer, G., 1976. A Mathematical Theory of Evidence. Princeton University Press.
Shah, I., Liu, J., Judson, R.S., Thomas, R.S., Patlewicz, G., 2016. Systematically
evaluating read-across prediction and performance using a local validity approach
characterized by chemical structure and bioactivity information. Regul. Toxicol.
Pharmacol. 79, 12–24.
Silva, M.F., Aires, C.C., Luis, P.B., Ruiter, J.P., L, I.J., Duran, M., Wanders, R.J., Tavares
de Almeida, I., 2008. Valproic acid metabolism and its effects on mitochondrial fatty
acid oxidation: a review. J. Inherit. Metab. Dis. 31, 205–216.
Strähle, U., Scholz, S., Geisler, R., Greiner, P., Hollert, H., Rastegar, S., Schumacher, A.,
Selderslaghs, I., Weiss, C., Witters, H., Braunbeck, T., 2012. Zebrafish embryos as an
alternative to animal experiments—a commentary on the definition of the onset of
protected life stages in animal welfare regulations. Reprod. Toxicol. 33, 128–132.
Sugimoto, T., Woo, M., Nishida, N., Takeuchi, T., Sakane, Y., Kobayashi, Y., 1987.
Hepatotoxicity in rat following administration of valproic acid. Epilepsia 28,
142–146.
Tanaka, T., Yamamoto, J., Iwasaki, S., Asaba, H., Hamura, H., Ikeda, Y., Watanabe, M.,
Magoori, K., Ioka, R.X., Tachibana, K., Watanabe, Y., Uchiyama, Y., Sumi, K.,
Iguchi, H., Ito, S., Doi, T., Hamakubo, T., Naito, M., Auwerx, J., Yanagisawa, M.,
Kodama, T., Sakai, J., 2003. Activation of peroxisome proliferator-activated receptor
δ induces fatty acid β-oxidation in skeletal muscle and attenuates metabolic
syndrome. Proc. Natl. Acad. Sci. 100, 15924–15929.
Tao, T., Peng, J., 2009. Liver development in zebrafish (Danio rerio). J Genet Genomics
36, 325–334. https://doi.org/10.1016/S1673-8527(08)60121-6.
Tolosa, L., Pinto, S., Donato, M.T., Lahoz, A., Castell, J.V., O’Connor, J.E., GomezLechon, M.J., 2012. Development of a multiparametric cell-based protocol to screen
and classify the hepatotoxicity potential of drugs. Toxicol. Sci. 127, 187–198.
Tolosa, L., Carmona, A., Castell, J.V., Gomez-Lechon, M.J., Donato, M.T., 2015. Highcontent screening of drug-induced mitochondrial impairment in hepatic cells: effects
of statins. Arch. Toxicol. 89, 1847–1860.
Tong, V., Teng, X.W., Chang, T.K., Abbott, F.S., 2005. Valproic acid I: time course of lipid
peroxidation biomarkers, liver toxicity, and valproic acid metabolite levels in rats.
Toxicol. Sci. 86, 427–435.
Turnbull, D.M., Rawlins, M.D., Weightman, D., Chadwick, D.W., 1983. Plasma
concentrations of sodium valproate: their clinical value. Ann. Neurol. 14, 38–42.
US EPA, 2018. Strategic Plan to Promote the Development and Implementation of
Alternative Test Methods Within the TSCA Program.
van Breda, S.G.J., Claessen, S.M.H., van Herwijnen, M., Theunissen, D.H.J., Jennen, D.G.
J., de Kok, T.M.C.M., Kleinjans, J.C.S., 2018. Integrative omics data analyses of
repeated dose toxicity of valproic acid in vitro reveal new mechanisms of steatosis
induction. Toxicology 393, 160–170.
van der Burg, B., van der Linden, S., Man, H.-Y., Winter, R., Jonker, L., van VugtLussenburg, B., Brouwer, A., 2013. A Panel of Quantitative Calux® Reporter Gene
Assays for Reliable High-Throughput Toxicity Screening of Chemicals and Complex
Mixtures, High-Throughput Screening Methods in Toxicity Testing, pp. 519–532.
van Wijk, R.C., Krekels, E.H.J., Hankemeier, T., et al., 2016. Systems pharmacology of
hepatic metabolism in zebrafish larvae. Drug Discov Today Dis Models 22, 27–34.
https://doi.org/10.1016/j.ddmod.2017.04.003.
Vrijenhoek, N.G., Wehr, M.M., Kunnen, S., Moné, M.J., Escher, S.E., Water, B.V.D., 2021.
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