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1. HDAC-1: QPRF HDAC inhibition

Predicting the Likelihood of Induction of Exencephaly in Rodents
1. Substance

e Compound name: 2-Methylhexanoic acid

e CAS. No: 4536-23-6

e EC Number: 224-883-9

e Structural smile: CCCCC(C)C(=0)O

e InChl: 1S/C7H1402/c1-3-4-5-6(2)7(8)9/h6H,3-5H2,1-2H3,(H,8,9)
e Structural formula: C7TH1402

e 2D structure:

CHa

HaC % o

OH

2. General information
2.1 Date of QPRF: 01 September 2017’

2.2 QPRF author and contact details:
Jaffar Kisitu
jaffar kisitu@uni-konstanz.de

AG.Leist, Konstanz Research School of Chemical Biology
3. Prediction

3.1 Endpoint (OECD Principle 1)

a. Endpoint: induction of exencephaly

b. Dependent variable: Teratogenic potential

This parameter is a three-level factor i.e. teratogens (> ++), borderline-teratogens (+) and
Non-teratogens (0). The + is a scale derived in the Nau-protocol based study in mice on the
rate of induction of exencephaly. This measure scales the dose administered to the rate of
induction of exencephaly. The scales spans between 0 and +++++ in increasing order of
the rate of induction of exencephaly at deceasing dose levels.
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3.2 Algorithm (OECD Principle 2)

a. Model or submodel name:

LDA-Developmental toxicity potential

b. Reference to QMRF:

This model has been newly compiled.

c. Table.2. Predicted value (model result):

Compound Name In vivo behaviour Predicted behaviour
2-Propylheptanoic Acid) Teratogenic Teratogenic
2-Propypentanoic Acid Teratogenic Teratogenic
2-Propyl-4-pentenoic Acid Teratogenic Teratogenic
2-Ethylhexanoic acid Teratogenic Teratogenic
4-Pentenoic Acid Non-Teratogenic Non-Teratogenic
2-Methylhexanoic Acid Non-Teratogenic Non-Teratogenic
2-Methylpentanoic Acid Unknown Non-Teratogenic
2-Ethylbutanoic Acid Non-Teratogenic ~ Borderline-Teratogen
Hexanoic Acid Unknown Non-Teratogenic
2,2-dimethylpentanoic Acid Non-Teratogenic Non-Teratogenic

These compounds were tested according to the Nau-protocol for exencephaly and graded according to their
teratogenic potential to generate values between 0 to +++++. This was generated by taking into account the rate
of induction of exencephaly and dose of the administered analogue. In this prediction, Teratogens were those
analogues with teratogenic potential > ++, borderline-teratogens (+) and non-teratogens (0). The output from
the model is a probability of belonging to any of the three groups and the final categorisation for a particular
analogue is based on maximum likelihood based on the probability.

d. Predicted value (comments):

The predicted value of the analogues used in this prediction model is a semi-quantitative
output generated as a posterior probability of an analogue being able to induce a certain
level of exencephaly in rodent embryos at or below a specified dose.

e. Descriptor values:

For the analogues used in developing the prediction model, see table 3. The descriptors
used in developing the prediction model are qualitative structure-activity relationships
features for the model compounds derived from in vivo observations. These were text
mined from literature in which model compounds had been tested in in vivo studied. Such
descriptors included:

o whether the analogue was branched

e had an unsaturated bond

e any other branching apart from the C2 branch
o the branch length and

o  Whether the analogue exists in enantiomeric forms.

Unclassified



ENV/JM/MONO(2020)21/ANN3 | 5

The other features were physicochemical parameters considered based on the fact that this
group of compounds are weak electrolytes and that their toxicokinetics is very much
dependent on such parameters.

These included:
e the number of carbon atoms (molecular weight)
e LogP
e pKaand
e LogDatpH7.7.

The pH 7.7 simulated the embryonic pH on days 11 and 8 of neural tube closure in rats and
mice respectively.

The last descriptor added to the prediction model was the respective EC50 value for HDAC
inhibition. This was added as a biological layer to strengthen the prediction and embody
any unconsidered relevant biological factors.

3.3 Applicability domain (OECD principle 3)
a. Domains:

1. descriptor domain :

The chemicals onto which the prediction model was applied belong to the same chemical
class i.e. carboxylic acids. The descriptors used in this prediction model were parameterised
(transformed into numbers) qualitative structural features seen from in vivo studies of this
compound group and concluded to be associated with the teratogenic effects including
exencephaly, the target endpoint for this prediction model. The other descriptor added
along to these structural features is a biological layer of histone deacetylase inhibition
(HDAC:). This biological endpoint has been pinpointed as the molecular initiating event in
the adverse outcome pathway for the development of neural tube defects as a result of
exposure to this compound group. It was therefore added as a layer to bridge any
unconsidered relevant biological phenomena. The descriptors therefore used in this model
fit for all compounds for which predictions are made i.e. this model was built specifically
for this compound class.

i1. structural fragment domain

All model compounds belong to the same chemical class. The analogues in the training set
contain the same structural features as those in the test set. The predicted compounds,
therefore, share the same structural fragments as other analogues used in building the
prediction model.

b. Structural analogues:

See table 3 below
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Table.3. Structural analogues used in the development of the prediction model

Analogue CAS.No Smile Structure Source Experimental observation
1-Propylpentanoic acid 99-66-1 cocefecc)cl=0j0 Training Positive
2-Propyloctanoic acid 31080418 ccccccc(ccc)C(=0)0  Training Positive
2-Propylheptanoic acid 31080-334  ccceccicec)ci=0p0 Training Positive
2-Propylhexanoic acid 3274-280  cecccfeccic(=0)0 Training Positive
2-Propyl-4-pentenoic acid 1575720 ceecfee=cjc(=0j0 Training Positive
2-Propyl-2-pentenoic acid 60218419 cccc(=cccici=0)0 Training Negative
2-Ethyl-4-methylpentanoic acid 108-81-6 coe(celcicici=0)0 Training Negative
2-Ethylhexanoic acid 145575 ceccecfccicl=0)0 Training Positive
2-Methyl-2-propypentancicacid  31113-56-1 ceeg(c)ccc)c(=0)0  Training Positive
2-Methyl-2-pentenoic acid 3142-72-1  CCC=C[C)CI=0)0 Training Negative
2-Ethyl-3-methylpentanoic acid 1414713 cogcjcccic=o)o0 Training Negative
2-Isopropylpentanoic acid 62391-995 CCCCC(C)CIC(=0)0 Training Negative
2-Methylpentanolc 10225245 (CCCC(cC)c=010 Test Unknown
2,2-Dimethylpantanoic acid 3115-28-4  COCCCicCcC)c=0p0 Test Negative
2-Ethylbutancic acid 88-09-5  coclec)cl=0)o Test Negative
Hexanoic acid 97-61-0 Cccccci=0jo Test Unknown

c. Considerations on structural analogues:

For those compounds with in vivo data, the model predictions are in line with reported
observations such that active analogues are predicted as so and inactive analogues likewise
save for 2-ethylbutanoic acid, an in vivo inactive analogue that is predicted to have weak
teratogenicity. For the target analogue, 2-methylhexanoic acid, the prediction model just
like the in vivo studies deem this compound as a non-teratogen at a dose less than
3mmoles/Kg of body weight in mice, on the dose-exencephaly rate scale. However, other
studies have reported this analogue not to induce Valproic acid like effects at doses greater
than 6mmoles/Kg of body weight in rodents. For the predictions of the other case study
compounds, refer to the table under section 3b.

3.4 The uncertainty of the prediction (OECD principle 4)

The teratogenic effects of valproic acid and its analogues is attributed to the parent
compound and not the metabolites. Therefore, this prediction model assumes that all
analogues are able to reach the embryo but only a selected set turns out to be actively
teratogenic. The uncertainty in this respect lies in the fact that some analogues may be
metabolised faster than others, which renders them inactive. Additionally, enterohepatic
circulation has not been reported for all analogues. Therefore, this prediction includes a
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small uncertainty due to non-consideration of the rate of metabolism. However, this is
considered in the overall interpretation of the model.

3.5 The chemical and biological mechanisms according to the model
underpinning the predicted result (OECD principle 5).

The proposed adverse outcome pathway for the induction of neural tube defects due to the
exposure to valproic acid and its analogues points to the inhibition of histone deacetylase
(HDAC) enzymes as the molecular initiating event. In most cases, save for the unbranched
analogues, potent HDAC inhibitors induce high rates of exencephaly in rodents. Such
analogues additionally have a branched structure at the second carbon atom of at least 2
carbon atoms and with the carbon chain being > 5 carbon atoms. The introduction of
unsaturated bonds specifically in the C4-C5 position and more so the triple bond, leads to
enhanced HDAC inhibition and hence more teratogenicity.

4. Adequacy

4.1 Regulatory purpose:

Currently, there is no regulatory application of the prediction model. However, in the event
that it should be fixed for use, the model could be used as inclusions in drug leaflets and
box warnings of the possible adverse effects likely to arise from excessive exposure to any
of the analogues deemed to teratogenic.

4.2 Approach for regulatory interpretation of the model result:
Branched-chain carboxylic acid like valproic acid analogues may present some degree of
teratogenic effects.

4.3 Outcome:

The interpretation of the model is that unsaturated valproic acid analogues with a branched
chain structure and which are potent HDAC inhibitors have a high probability of inducing
teratogenic effects.

4.4 Conclusion:

The prediction provided in this model though supported by biological data may not be
adequate in a situation where an analogue is predicted to have weak teratogenic effects. In
this situation, additional redress may be sought by applying an in vitro method that is able
to assess the DART effects of this group of compounds.
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2. TK-1: TK model description for ZET

PBPK modelling of zebrafish embryo for reprotoxicity assessment of valproic acid and
some of its analogues

Siméon S', Brotzmann K2, Fisher C?, Gardner I°, Maclennan R*, Bois F!
'INERIS, METO unit, Parc ALATA BP2, Verneuil en Halatte, France

2University of Heidelberg, Aquatic Ecology and Toxicology, Centre for Organismal
Studies (COS), Im Neuenheimer Feld 504, D-69120 Heidelberg, Germany

3Simcyp Ltd., Blades Enterprise Centre, John Street, Sheffield S2 4SU, United Kingdom

*Cyprotex Discovery Ltd., BioHub at Alderley Park, Ardeley Edge, Cheshire, SK10 4TG,
United Kingdom some of its analogs

Introduction

Understanding and predicting chemicals’ effects on development and reproduction is a
complex challenge in toxicology. In the European project Eu-ToxRisk, in silico and in vitro
tools are being developed for toxicity read-across, and exercised in specific case studies.
One of those case-studies focuses on the developmental toxicity of valproic acid (VPA)
and nine of its analogues: 2,2-dimethylvaleric acid, 2-ethylbutyric acid, 2-ethylhexanoic
acid, 2-methylhexanoic acid, 2-methylpentanoic acid, 2-propylheptanoic acid, 4-ene-
valproic acid, 4-pentenoic acid and hexanoic acid.

VPA is an antiepileptic and a thymoregulator prescribed during manic episodes of bipolar
disorder. It exerts its pharmacological effects mainly in the central nervous system, but its
mechanism of action is not well known (Sztajnkrycer 2002). It is a notorious teratogen,
inducing neural tube defects (Phiel ef al. 2001). Chemicals with similar structure can be
inferred to have similar hazardous properties, but this should be backed-up at least by in
silico and in vitro evidence.

Among the in vitro test systems available to us, the zebrafish embryo is a real asset, for
various reasons. First, its transparency allows to detect morphological malformations
visually, without interrupting development or invasive interventions (Bernut, Lutfalla, and
Kremer 2015). Second, the number of eggs laid is high and their development time is short
(120 hours) (Goldsmith and Jobin 2012). Third, it is a small organism, easy to husband in
the laboratory (Hill ef al. 2005). Finally, gene homologies between zebrafish and humans,
at the amino acid sequence level and at the messenger RNA distribution level, have been
shown. This suggests that specific genes play similar roles during development and that
evidence obtained with zebrafish embryos should be transposable humans (Ekker and
Akimento 1991) (Howe et al. 2013). One important step in such inter-species or in vitro to
in vivo extrapolations is to account for differences in pharmacokinetics between the systems
studied and the target species (Quignot, Hamon, and Bois 2014). Those differences
translate into differences in target organ concentrations for the same systemic exposure
dose.

Physiologically-based pharmacokinetic (PBPK) models are in silico modelling tools
specifically designed to estimate target organ concentrations of therapeutic drugs or
toxicants (Feng et al. 2018). PBPK models connect anatomy, physiology, and biochemistry
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processes to understand a chemical’s fate in the body, using physiological parameters. They
allow predictions of chemicals’ concentration—time profiles in experimentally inaccessible
organs from minimal data. In doing so, they provide mechanistic insight into toxicity and
reduce the time, cost and need for experimental animal studies (Khazaee and Ng 2018).

To better explain, predict, and extrapolate developmental toxicity observed in zebrafish
embryo, we developed a PBPK model which integrates organ volume changes during
development and hepatic metabolism. Our zebrafish embryo model is based on Péry et al.
(2014) adult zebrafish model and on the Simcyp® virtual in vitro intracellular distribution
(VIVD) model (Fisher et al., submitted). The model assumes quasi steady-state distribution
between various zebrafish cell types (tissues). The partition coefficients between the
various organs and organelles considered by the model (yolk, liver, gut, muscle, skeleton,
eye, brain, heart, skin, other tissues, lysosomes, and mitochondria) and the culture medium,
are conditioned by the chemical of interest physiochemical properties (pH acidic, basic,
neutral or amphoteric character of the molecule, ezc.)

We describe here the model and demonstrate, for VPA and its analogues, how the model
can be used to base toxic effect measures, such as EC,o, on internal concentrations.

Materials and methods

Chemicals

The chemicals studied are valproic acid and nine analogues; 2,2-dimethylvaleric acid, 2-
ethylbutyric acid, 2-ethylhexanoic acid, 2-methylhexanoic acid, 2-methylpentanoic acid,
2-propylheptanoic acid, 4-enevalproic acid, 4-pentenoic acid and hexanoic acid.

Zebrafish experiments

The zebrafish embryo experiments were carried out according to the OECD test guideline
236 (2013) on fish embryo acute toxicity testing of chemicals. Briefly, test duration was
120 hours post fertilization (hpf) with malformation observations at 24, 48, 72, 96 and 120
hpf. Two to eight concentrations were tested per chemical. The tests were performed on
24-well plates, with one embryo per well in 1 mL of culture medium, and with 4 control
embryos per plate. The culture medium was replaced daily. Each test was performed twice
or thrice with embryos from different spawns. Three reference plates were used: a negative
control, a positive control and a plate with culture medium (containing 0.1% of DMSO).

The various nominal concentrations used are given in Table 2, in the Results section.

Analytical methods

Cyprotex® did chromatography concentration measurements in the embryo and in the
culture medium 120 hpf, for the ten chemicals studied at different nominal concentrations.

PBPK model

Figure 1 presents the schematic structure of the zebrafish embryo we developed. Ten
compartments are considered: yolk, liver, gut, eye, brain, heart, skin, muscles, other organs
and tissues. Mitochondria and lysosomes in tissues (except the yolk) form two additional
compartments (not represented on Figure 1). These organelles have a specific critical pH
of 4.5 for lysosomes and 8 for mitochondria, leading ‘ion trapping’ (sequestration of
compounds because of their differential ionization between organelles and cellular
medium). Given the small size of the embryo, instantaneous diffusion is assumed.
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Figure 1. Structure of zebrafish embryo model. Chemical partition between the various
compartments and can metabolized in the liver.

Clumet is the metabolic clearance.

Clnv;-!

Medium ‘

Model equations

The total quantity of parent molecules in the system (QOparens) 1s @ function of time, as is the
quantity metabolized (Omer), and computed as:

Qparent = Dose — Qpmer (1)

where Dose is the quantity of parent chemical introduced in the test system at time zero or
at medium replacement time.

Metabolism is assumed to be linear in the embryo. The total quantity of metabolites formed
per unit time in system is proportional to the number of liver cells (Nc.;), metabolic
clearance per liver cell (Cl..;) and the chemical concentration in liver (Ciyer).

Q
;n:t = Neenis X Kmet X Cliver (2)

Neen 18 calculated from liver volume (Viier) and hepatocyte volume (Viep).

Vii
Neeus = V::)T (3)

Concentrations in organs, lysosomes and mitochondria (C;), are assumed to be at any time
proportional to the concentration unbound in medium (Cpediumy). The proportionality
factors are the organs, yolk, lysosomes or mitochondria over medium unbound partition
coefficients (Pu:i):

Ci = Py X Cmedium,u (4)

Chredivm,u 18 computed according to:
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Qparent (5)

V. .
flT;:li:z:; + Poow X fuy X Vg + Pp:w X Smedium + Z(Pmu:j X I/})

Cmedium,u

where Viedium 18 the volume of culture medium, fitgines the fraction unbound in medium
corrected for serum dilution, fi; the fraction unionized in medium, P,., and P,., are
respectively air and plastic to water partition coefficient, Ve the volume of air in head
space, Smeaium the surface area of medium in contact with plastic. V; includes the volumes
of yolk, liver, gut, muscle, skeleton, eye, brain, heart, skin, and other tissues.

Finally, the total concentration in medium (Cpedium) 1s:

Cmedium,u (

6)

Cmedium
fUaitutea

Vair 1s computed as the difference between well volume and medium, embryo and yolk
volumes:

Vair = Vwell — Vmedium - Vembryo - Vyolk (7)

We model the developing embryo and it is necessary to consider organ growth. The time-
evolution of the volumes of liver, gut, muscle, skeleton, eye, brain, heart, skin, and other
tissues (V) is computed using the following equation:

Vk — ng‘kX(t—‘L'k) -1 (8)

where 7k is the time of growth initiation of organ k. Before 7k, organ volumes are equal to
zero. The organ growth rates (Kg ) were fitted to data on embryo volume time course:

Embryo volume without yolk (¥emsr0) is computed as:

Vembryo = 0.005 X 1076 x ¢*0:000750xt (g
The yolk volume (V)0x) 1s given by:

Vyoure = 0.268 X 1076 x ¢ ~0:000417x¢ (1))

Muscle volume (Vyusere) is computed by the difference between the embryo volume and the
sum of the volumes V.

Vinuscle = Vemvryo - Z Vi, (11)

The time-evolution of the various volumes is illustrated on Figure 2. After 100 hpf, muscles
contribute in majority to the embryo growth.
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Figure 2. Zebrafish embryo organ growth and total embryo growth (black line).
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Air concentration depends on the air to water partition coefficient and fraction unionized
in medium.

Cair = Paw X Cedivmu %X fu; (12)

Similarly, plastic concentration depends on the plastic to medium unbound partition
coefficient.

Cplastic = Pp:w X Cmediumu (13)

The quantity in medium (Quedim) depends on concentration unbound in medium, adjusted
by fraction unbound, corrected for serum dilution.

Cmedium,u

(14)

Qmedium =
fudiluted X Vmedium

Quantities in organs, yolk and air (Q;) are simply computed as:
Qi = C; xV; (15)

The quantity on plastic (Qpsic) 1s related to the surface area of medium in contact with
plastic.

Qplastic = Cplastic X Smedium (16)
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The quantity in lysosomes (Qjs) and mitochondria (Qwmi) depend on the volume of the
embryo and the fractions of lysosome (f},s0) and mitochondria (f..i,) in cells, respectively.

Qlyso = Clyso X Vembryo X flyso (17)
Qmito = Cmito X Vembryo X fmito (18)

The length of the embryo was calibrated with data from Kimmel (Kimmel et al. 1995).

B

t
By TP

where A =0.0260 dm, B =4.397, C = 1617 minutes and D = 0.00755 dm.

Lembryo =AX

Model parametrization

Experiments on zebrafish embryos were carried out in 24-well plates, and the substances
studied were assumed partition instantaneously on plastic, in air and embryo. Partition
coefficient are known to depend on the molecules’ physicochemical properties (logP;
Henry’s constant; pKa; compound’s character: mono or dibasic, mono or diacid, neutral,
ampholyte; molecular weight; blood to plasma ratio and fraction unbound in bovine serum,
pH and membrane potential. The Simcyp® VIVD model takes these properties into
consideration to determine the partition coefficient of each molecule, namely: fraction
unbound in medium, corrected for serum dilution (fitaineeq); fraction unionized in medium
(fu), polymer to water partition coefficient (P,.v); air to water partition coefficient (Pg.);
medium unbound to organs (liver, gut, muscle, skeleton, eye, brain, heart, skin, others),
yolk, lysosomes and mitochondria partition coefficient (Ppu:;).

The Figure 3 shows the schema of VIVD model. It predicts the unbound concentration in
culture media by calculating a hypothetical volume of distribution accounting for binding
to serum components, binding to plastic, distribution into the air in the headspace above
media and distribution into the cultured cells. The Henry’s law constant describes
distribution into the headspace. Binding to plastic is defined by a previously described
model based on logP (Kramer et al. 2010).

Figure 3. Schematic representation of the in vitro distribution model.

The other parameters are given in Table 1.
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Table 1. Physiological parameter values of the model.

Parameters Symbols Units Values References

Initial organ growth time Minutes

Liver Tiiver 960  Brotzmann K
Gut Tout 600 -
Skeleton Tskeleton 2880 -
Eyes Teyes 660 -
Brain Torain 540 -
Heart Theart 1800 -
Skin Tskin 1440 -
Other tissues Tothers 0 -
Organ growth rate Minutes-!

Liver K, iver 3.35%x10-6 (adjusted)
Gut kg, qut 1.47x106 -
Skeleton Kg, skeleton 1.16x10-6 =
Eyes kg, eyes 7.68x106 -
Brain K, brain 1.40x106 -
Heart Kg, heart 1.90x10-6 -
Skin kg, skin 8.72x106 -
Other tissues Kg, others 3.75x106 -
Volume of culture well Vivel L 0.034 OECD
Volume of culture medium Vimedium L 0.001 -
Volume of liver cell Veelliver L 10-12

Fraction lysosome in cells fiyso - 0.01

Fraction mitochondria in cells fmito - 0.1

Surface area of medium in contact with plastic Sredium dm? 0.0513

Estimation of metabolic clearance

The metabolic clearance of each compound was estimated by Markov Chain Monte Carlo
(MCMC) simulations in Bayesian framework using data on culture medium and embryo
concentration at 120 hpf (Smith and Roberts 1993).

The prior distribution of metabolic clearance was assumed to be uniform from 0 to 1071°
L/min except for 2-propylheptanoic acid and 4-ene-valproic acid for which the maximum
had to be set at 10 L/min.

The data likelihood was assumed to be log-normal around the model prediction with
geometric standard deviation ¢ (estimate of residual uncertainty). ¢ was assumed to be
distributed normally around 1.5 + 1.5 SD with a truncation from 1.5 to 10 (i.e a vague
prior).

Two Markov chains were simulated and one in two samples were recorded. 10000
iterations were carried out for each chemical. Convergence of the two chains was assessed
using Gelman and Rubin’s Rhat convergence criterion (Gelman and Rubin 1992).

Software

The static model equations have been coded in R version 3.4.3 (R Development Core Team
2013) and used for computing partition coefficients, fitgies and fu;. All simulations,
including MCMC simulations, of the dynamic model were performed with GNU MCSIM
version 5.6.6 (Bois, F.Y. 2009).

Unclassified



ENV/JM/MONO(2020)21/ANN3 | 15

Results

Kinetic data

The Table 2 shows the concentration measurement results in the embryo and medium at
120 hpf. For Valproic acid, a measurement was also made after 72 hpf.

Table 2. Nominal concentrations (umol/L) used to study compound's kinetic, and embryo

and medium concentrations (umol/L) measured at 120 hpf.

Compound Nominal concentration Embryo concentration Medium concentration
Valproic acid 6.25 0.779 4.471
125 1.377 9.169

25 1.728 19.1
50 2979 50.94
100 4.469 66.34
200 8.217 167.9
400 8.082 238.3
400* 84.43" 374.9*
2,2-dimethylvaleric acid 312.5 16.15 298.4
500 48.38 556.3

2-ethylbutyric acid 100 0.5855 173.1
200 2.329 87.6
400 36.15 431.2
800 55.84 586.4
2-ethylhexanoic acid 125 1.206 12.99
25 1.425 29.79
50 1.487 57.59
100 3.542 93.66
200 16.74 167.6
2-methylhexanoic acid 125 0.163 175.5
250 0.3339 319.9
500 39.94 638
2-methylpentanoic acid 177.7 0.7072 286.5
266.6 1.805 3T
400 7.684 613.8
600 93.53 761.6
2-propylheptanoic acid 12.5 0.7864 13.65
25 1.231 26.59
50 1.308 52.35
4-ene-valproic acid 200 14.95 271.2
400 89.91 414
4-pentenoic acid 500 N/A 480.8
1000 122.7 860.3
Hexanoic acid 520 0.6918 558.9
625 218.8 500

* Measurements at 72 hpf.

Partition coefficient estimation

The parameter’s value obtained with the VIVD model are given in the Table 3.
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For each compound, the fraction unbound in medium corrected from serum dilution is high
and comprised in the interval [75.5:99.6] percent. One exception for 2-propylheptanoic
acid which has a low futined, 19.2%.

Each compound is in majority present under ionized form in the medium. 2,2-
dimethylvaleric acid, 2-methylpentanoic acid and 4-pentenoic acid have the same fraction
unionized in the medium (fi;), 0.99%. 2-ethylbutyric acid and 4-ene-valproic acid have a
fui equal to 0.315%. For 2-ethylhexanoic acid, 2-propylheptanoic acid and valproic acid the
Jui 0.627%. 1.24% for the 2-methylhexanoic acid and 0.788% for the Hexanoic acid.

The partition coefficient on plastic are difficult to interpret directly. It is better to compare
the quantity bound to plastic and present in water. For a parent quantity of 1 pumol, the
plastic quantity is about 2x10 pmol (0,2%). It is useful to check the low impact of
materials used on the kinetic of the test chemical.

All compounds partition rather in yolk than in medium, except for 2-propylheptanoic acid.
All compounds have higher affinity for the other embryo tissues than for medium.

Affinity for lysosomes is ten or hundred higher than for the other compartments for all
compounds, except for 2-propylheptanoic acid.
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Table 3. Physicochemical parameter value predicted by the VIVD model, for VPA and nine analogues.

Value

Parameter Symbol Valproic acid  2,2- dimethylvaleric acid  2-ethylbutyric acid  2-ethylhexanoic acid ~ 2-methylhexanoic acid  2-methylpentanoic acid
Fraction unbound in medium fugiuted 7.55%10-01 9.51x10-01 8.80x10-01 8.24x10-01 9.25x10-01 9.79x10-01
corrected from serum dilution
Fraction unionized in medium fui 6.27x10-03 9.90x10-03 3.15x10-03 6.27x10-03 1.24x10-02 9.90x10-03
Plastic/water partition coefficient* Pow 5.20x10-04 9.96x10-05 2.38x10-04 3.56x10-04 1.49x10-04 4.56x10-05
Partition coefficients
Air/water Paw 252 1.84 5.84 252 1.97 1.66
Medium unbound/yolk Pruyolk 3.74x10-01 2.45%10-01 1.67x10-01 3.03x10-01 3.21x10-01 2.08x10-01
Medium unbound/liver Pruiver 2.90x10-01 2.97x10-01 2.07x10-01 2.77x1001 3.28x1001 2.90x10-01
Medium unbound/gut Pruzgut 2.54x10-01 2.72x10-01 1.89x10-01 2.46x1001 2.96x10-01 2.68x10-01
Medium unbound/muscle Prmumuscie 2.89x10-01 3.03x10-01 2.11x10-01 2.78x1001 3.32x1001 2.97x1001
Medium unbound/skeleton Prauos 2.89x10-01 3.03x10-01 2.11x10-01 2.78x1001 3.32x10-01 2.97x1001
Medium unbound/eye Prueye 3.07x10-1 3.32x10-01 2.31x10-01 3.00x10-01 3.60x10-01 3.28x10-01
Medium unbound/brain Prubrain 3.18x10-01 3.32x10-01 2.31x10-01 3.06x%10-01 3.64x10-01 3.26x10-01
Medium unbound/heart Pruheart 2.89x10-01 3.03x10-01 2.11x10-01 2.78x1001 3.32x10-01 2.97x1001
Medium unbound/skin Pru:skin 3.07x10-01 3.32x10-01 2.31x10-01 3.00x10-01 3.60x10-01 3.28x10-01
Medium unbound/others Prmuothers 2.31x10-0 2.35x10-01 1.64x10-01 2.19x1001 2.60x10-01 2.29x1001
Medium unbound/lysosome Pruyso 5.10x10-02 1.70x10-02 1.13x10-02 3.49x10-02 3.10x10-02 9.08x10-03
Medium unbound/mitochondria Prmumito 4.86x10-01 7.14x10-01 2.35%x10-01 4.83x10-01 8.56x10-01 7.12x10-01

*Unit: dm
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Estimation of metabolic clearance

MCMC simulations were used to calibrate the clearance values on the basis of kinetic
concentration data. Figure 4 shows the observed concentrations as a function of the
predicted ones, at final experiment time (120 hpf and 72 hpf for one valproic acid
experiment only) together with their estimated uncertainty. The predicted concentrations
were obtained using the best fitting (maximum posterior) clearance values. The general
tendency is towards under-prediction of total medium concentrations and over-prediction
of embryonic concentrations. However, overall points are reasonably aligned with the
perfect fit line. The best estimate of o is on average 2.4. Hexanoic acid and 2-
methylpentanoic acid are the two least well predicted.

Figure 4. Observed concentrations versus predicted ones), in the embryo and in culture
medium, for valproic acid and nine analogues.

This is the best fit obtained. The black line corresponds to perfect fit.

1e-01 —

VPA
2 2-dimethylvaleric
2-ethylbutyric
2-ethylhexanoic g
= 2-methylhexanoic Vg
2-methylpentanoic 3
e 2-propylhegptanoic o
— 4-eneVPA ‘
= 4-pentenoic i
— Hexanoic Ak
4 Embryo
* Medium L. i1
1e-05 — o CHT LA LA

-
w
S
w
|
\
\,
N\

Observed concentration (M)

1207 54

| | | T

1e-0B 1e-06 {e-D4 1=-02

Predicted concentration (uh)

The Figures 5 and 6 present, for each chemical, the maximum posterior predicted
concentrations in the embryo or in the medium, respectively, as a function of time, and the
observed concentrations, following exposure to various nominal concentrations. Since the
model is linear with dose, all concentrations were normalized to a nominal concentration
of 1 mM to simplify the Figures (one curve only). The discontinuities seen on the
concentration-time curve are due to the daily changes of culture medium. Note that the data
shown in Figures 5 and 6 were used together in the calibration process. This explains partly
the observed deviations of the model from the data. For exemple, for 2-methylpentanoic
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acid, the observed medium concentrations remain high at 120 hpf while the observed
embryo concentrations are low, pointing to significant (albeit with much uncertainty)
metabolism. When estimating clearance, this conflicting evidence leads to slight over-
estimation of embryo concentration by the model, and an underestimation of medium
concentrations.
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Figure 5. Predicted (lines) and observed (points) embryo concentrations as a function of time

for VPA and nine analogues.

All concentrations were normalized to a nominal dose of ImM. Medium was replaced every day.
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Figure 6. Predicted (lines) and observed (points) total concentrations in medium as a
function of time for VPA and nine analogues.

All concentrations were normalized to a nominal dose of ImM. Medium was replaced every day.
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Estimation of metabolic clearance

The Table 4 summarizes the results of the MCMC calibration of metabolic clearance and
uncertainty ¢ using concentration data for each chemical. The maximum of posterior
estimates of metabolic clearance and ¢ values are the most likely values (best fitting
volume). For every compound, the estimated metabolic clearance by the zebrafish embryo
was around 107'° to 10'"L/min, which for an embryo volume of about 3x10” L, correspond
to a half-life of about 690 minutes. (11.5 h).

4-ene-VPA is the slowest metabolized and 2-methylhexanoic acid the fastest.

The large values of 6 (corresponding on average to a factor 2.4) point to large uncertainties
in measurements and modelling. 2-methylhexanoic acid, 2-methylpentanoic acid and
hexanoic acid in particular are affected with a factor 4 of uncertainty.

Table 4. Estimation of mean, standard deviation (SD), 95% confidence intervals (IC95%)
and maximum posterior value for the metabolic clearance and residual fit uncertainty o, for
valproic acid and nine analogues.

Substance Metabolic clearance (L/min) g

Mean £ SD IC 95% MP  Mean+SD IC 95% MP
Valproic acid 1.34x10-10 £ 3.32x10-11  [6.82x10-"; 2.01x1010] ~ 1.36x1010  2.05+0.317  [1.65;2.88]  1.86
2,2- dimethylvaleric acid ~ 9.95x10-"1 £ 5.42x10""  [1.03x10-"1; 2.18x10-19] ~ 8.53x10-""  2.65+0.749  [1.68;4.58]  2.07
2-ethylbutyric acid 2.06x10-10+ 8.57x101"  [3.60x10-"1; 3.63x10-19]  2.08x10° 3.37+£0.727  [2.30;5.08]  2.91
2-ethylhexanoic acid 1.16x10-10 £ 4521011 [2.92x10-1; 2.11x1010]  1.12x1010  253+0.526  [1.82;3.85]  2.16
2-methylhexanoic acid 2.64x1010+ 1.00x1010  [7.26%x10"1; 4.64x10-10]  2.60x100 4.63+0.820 [3.27;6.53] 4.22
2-methylpentanoic acid 1.58x10-10 £ 6.31x10-11  [2.85x10-"; 2.76x1010]  1.65%x1010  4.41+0.799 [3.08;6.15]  4.06
2-propylheptanoic acid 1.42x10-10 £ 8.34x10-11  [1.66x10-"; 3.39x1010]  1.24x1010 226+ 0.570  [1.58;3.71]  1.78
4-ene-valproic acid 7.16x1011£5.92x1011  [3.04x10-12; 2.24x10-10]  1.14x10-" 226 +£0.672  [1.54;4.03] 1.62
4-pentenoic acid 7.00x1011 £4.90x101"  [4.43%x10-12; 1.94x1010]  451x101" 22940735 [1.53;4.24] 1.51
Hexanoic acid 1.91x10-10£9.00x10-""  [3.05x10-"; 3.71x1010]  1.83x1010  449+0.872 [3.07,641] 410

Pharmacokinetic correction of effect concentrations

The aim of this report is to estimate internal embryo concentrations in order to calculate
internal concentration to effects relationships. Relationships between internal
concentrations and effects are better suited than relationship based on nominal dose for
interspecies extrapolations, because their correct for pharmacokinetic differences between
species or between in vitro and in vivo.

About use of the embryo concentrations shown on Figure 5 would be to recalculate all
dose-response relationships calculated for which nominal dose replaced by concentration
at 120 hpf for example. However, because of the linearity of the model as a function of
dose, it is possible to simply apply, a pharmacokinetic data correction factor to adjust the
effect concentrations (£C) computed on the basis of nominal dose.

Nominal dose EC

C ted EC = 20
orrecte Pharmacokinetic factor (20)

The Pharmacokinetic factor (f) is related to nominal concentration and embryo predicted
concentration obtained. It is specific for every compound.

Nominal concentration

Pharmacokinetic factor = 21
f Embryo predicted concentration @D
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For example, for a VPA nominal concentration of 1 mM, the embryo predicted
concentration is 0.112 mM. Then, the f; is 1/0.112 = 8.9.

Figure 7 shows the concentrations causing 10% of effects, corrected or not by the
Pharmacokinetics factor. We can observe almost the same classification between the
chemicals except for the 4-ene-VPA and 2,2-dimethylvaleric acid. The EC;o values are
lower when they are corrected by the Pharmacokinetic factor and the difference between
the minimum and the maximum EC value is wider.

Table 5 shows the results of concentrations causing 10, 20 and 50 of effects in the embryo,
uncorrected and corrected for pharmacokinetic at 120 hpf.

Figure 7. Illustration of the differences between concentration inducing10% of effects from
nominal dose or corrected by the pharmacokinetic factor, for VPA and its nine analogues.

nominal dose ECs

- VPA
=~ 2,2-dimethylvaleric
2-ethylbutyric
- 2-ethylhexanoic
= 2-methylhexanoic
2-methylpentanoic
2-propylheptanoic
4-eneVPA
4-pentenoic
Hexanoic

PK-corrected ECs

Unclassified



24 | ENV/IM/MONO(2020)21/ANN3

Table 5. Lethal concentrations 10, 20 and 50 in the embryo uncorrected and corrected for
pharmacokinetic, in pM, for valproic acid and nine analogues 120 hpf.

Compound Pharmacokinetic EC1o (UM) ECa0 (M) ECso (M)

factor Nominal dose  Corrected  Nominal dose  Corrected  Nominal dose  Corrected
Valproic acid 10 53 5.11 65 6.27 96 9.26
2,2-dimethylvaleric acid 6.8 427 63.01 445 65.67 483 71.27
2-ethylbutyric acid 15 314 20.96 369 24.63 510 34.04
2-ethylhexanoic acid 8.8 61 6.91 71 8.05 103 11.79
2-methylhexanoic acid 24 258 10.67 280 11.58 333 13.78
2-methylpentanoic acid 12 412 34.12 425 35.20 482 39.92
2-propylheptanoic acid 9.0 16 1.77 17 1.88 20 2.21
4-ene-valproic acid 59 226 37.87 235 39.37 253 42.39
4-pentenoic acid 5.0 579 117.39 600 121.65 645 130.78
Hexanoic acid 13 548 40.66 557 41.32 575 42.66

Discussion

In this report, we describe a dynamic physiological pharmacokinetic model for zebrafish
embryo. Brox et al. (2016) and Brinkmann et al. (2016) developed simple toxicokinetic
models for the zebrafish embryo. However, they are not physiological, as they do
differentiate tissues nor consider the rapid increase of the embryo’s surface and volume.

The model is based on the VIVD steady state partition model developed by Certara® in the
framework of EU-ToxRisk. Our dynamic embryo model further describes metabolism in
the embryo and time evolving tissue and organ volumes. We calibrated the metabolic
clearance of the zebrafish embryo for valproic acid and nine analogues using
pharmacokinetic data generated for this purpose. The model can be used to base measures
of effect (like ECso) on internal embryo concentration rather than on nominal exposures.

The model does not consider the chorion and transport: phenomena diffusion and
equilibration of concentrations are assumed to be instantaneous. This is a reasonable
assumption given the small size of the embryo, but we do not have data to test it yet.

The modelling of organ growth was based on limited data on organogenesis and embryo
volumes. There is room for improvement with specific measurement of embryo volumes
as a function of time.

There are several limitations to this model in metabolism. The model assumes linearity.
Since we have concentration data at several exposure doses we could test whether
Michaelis-Menten kinetic better explain data.

We adjusted only Cl,..;. Validation of the VIVD model is ongoing in a specific case study.
However, the partition coefficients predicted by the VIVD model may not be accurate.

During simulation of repeated exposures, the accumulation in embryo was neglected,
however for mass balance consideration. Indeed, medium concentration is 1000 pM
corresponding to quantity 1 pmol, while embryo concentration is lower, around 100 uM,
corresponding to quantity 0.1 pmol.

All the above assumptions, together with limited kinetic data (only at one time for
analogues and two for VPA), translate into rather large uncertainties in predictions, in
particular for 2-methylpentanoic acid ,2-methylhexanoic acid and hexanoic acid (Fig. 4).
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Despite these limitations, the model predictions should be useful for risk assessment. The
model is simple to use and run very quickly on a personal computer. The fact that it is linear
translates into a simple pharmacokinetic correction factor at 120 hpf based on the total
embryo concentration. This factor can be used to correct whole body toxicity (e.g. toxicity)
ECs for pharmacokinetic. For specific malformations or organ toxicity, the predicted
tissue/organ concentration concentrations could be used instead.

Conclusion

Our zebrafish embryo model can predict concentrations and quantities of test chemicals in
different embryonic tissues, as a function of time and water or medium levels. It accounts
for the physicochemical properties of the molecules but also describes metabolism and the
evolving anatomy of the embryo during growth. This model can be used to relate zebrafish
effects observed in vitro to cellular exposures and its use should improve extrapolation of
in vitro data to human for safety assessment.
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3. TK-2: TK model descriptions CALUX

4. TK-3: TK model description for mEST & UKN1

Introduction to Biokinetic Modelling

Effective concentrations determined in in vitro toxicological assays are routinely based on
a range of nominal treatment concentrations. However, the use of the nominal treatment
concentration as the driving concentration for observed toxicity in vitro does not account
for factors that reduce the free concentration within the assay and determine the true
effective concentration. For cell based assay systems, this will dictate the concentration
available for distribution into the cell, and subcellular compartments, and so determine the
driving concentration at the target site mediating toxicity. In order to more accurately
translate concentration driven toxicity from in vitro to in vivo, it is necessary to correct the
nominal effect concentration, accounting for the distribution of the compound within the
assay system. Factors to be considered in modelling this in vitro distribution include
binding to the plastics used in assays, exchange at the interface between culture media and
the air in the culture vessel, and binding to components that may be included in the culture
media (e.g. lipids and proteins originating from foetal bovine serum, FBS); the modelling
of these processes is termed biokinetics (1).

A number of biokinetic models have been published that account for some or all of the
factors listed above in cell based assays. Armitage and colleagues (2) published a model
framework to predict intracellular concentrations, correcting for some of the distribution
factors in monolayer cell culture. This steady-state framework assumes instantaneous
partitioning between media, headspace, serum-lipids, serum-proteins, dissolved organic
material, and the cultured cell volume.

However, a critical assumption of the Armitage model is that the test compounds are neutral
or not significantly ionised under the conditions of the in vitro assay. This assumption of
neutrality was, to some degree, addressed in the model developed by Fischer et a/ (3) where
the authors adopted the same steady-state assumption, but excluded the partitioning of
compound into the headspace.

The proposed model incorporated separate partition constants for both the ionised and
unionised fraction of test compound, determining the fraction ionised assuming a uniform
pH=7.4 throughout the test system. This neglects the differential ionisation potential
between the culture media and intracellular water resulting from their differing pH.
Furthermore, the interior of the cell itself is not a uniform environment, the
microenvironment of specific organelles being maintained at pH specific to their function
(i.e. lysosomes (pH~4.5), mitochondria (pH~=8), cytosol (pH~=7). Indeed, the differential
ionisation of compounds between organelles and intracellular water can result in the
preferential sequestration of compounds within organelles; a phenomena commonly known
by the misnomer ‘ion-trapping’ (4). It is also critical to note that differences in the intrinsic
permeability of the unionised/ionised form are not the only factors determining the
distribution of ionised compound into cells. The potential difference maintained across the
cell membrane, membrane potential (mV) can actively promote the uptake or exclusion of
ionised compounds from the cell interior and can vary significantly between cell types.
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Steady-state Biokinetic Model 2D Monolayer Cell Culture / CALUX

Given that compounds in this read-across are monoprotic acids, significantly ionised at
physiological pH, the assumption of neutrality or uniform ionisation is not applicable. As
such, an alternative model revising the relevant assumptions of the published approaches
was used to predict the intracellular concentrations in 2D monolayer test systems. Based
on partition coefficients between different mediums, and physical volumes, we can predict
an apparent volume of distribution in the in vitro system. Given this volume, we can
calculate the unbound medium concentrations, Chedivm,u-

Cnominal ) quBS,dilu ' Vmedium
. 3
Vmedium + kairfuivair + kcelthotalcell + kplasticSAmedium 10

Cmedium,u =

Where Crominas 18 the nominal concentration, Viedim (L) is the volume of culture medium,
Vair (L) the volume of air in the headspace above the media, and Viewicen (L) is the total
volume of cultured cells at the time of the assay, SAmedum (M?) is the surface area of plastic
in direct contact with cuture medium, furssqn is the fraction unbound in foetal bovine
serum accounting for the dilution of FBS in culture (where FBS is not included in the
culture medium furgsaqin =1), the partition coefficients between culture medium and air,
cells and plastic are kuir, kcenr, and kpiasiic, Tespectively, and are defined below. The fraction
unionised, fu, is calculated based on the Henderson Hasselbalch equation using the
compound specific pKa and the compartment relevant pH.

1

i =13y

Yneutrar = 0

Yacia = 10@H-PKa)
Binding to Serum Components

The predominant binding protein present in untreated foetal bovine serum (FBS) is
albumin. FBS also contains lipids and free fatty acids. The lipids within FBS are diverse
and not individually characterised or quantified routinely. However, the neutral lipid
triacylglyceride (TAG) is routinely quantified and reported in the certificate of analysis, as
is the concentration of albumin. Assuming albumin and TAG to be the most significant
binding components in FBS and complete cell culture medium, we can predict the fraction
unbound in FBS, fiss.

1

Jirss = Prifnirss
nl/nl,
1+ Kproteinfprotein + 1+ YFBS

Wherte fyrowein (V/V) is the fraction of FBS comprised of protein, Kyowin s the albumin:water
partition coefficient, P, is the neutral lipid partition coefficient (defined below), and f, is
the fraction of FBS comprised of neutral lipid. Assuming that the fraction of albumin in the
FBS is representative of the total protein fraction responsible for protein binding in the
FBS, this can be calculated from the mass of albumin reported in the certificate of analysis
for a batch of FBS.
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__mass albumin - PSV1pumin
fprotem ~ falb,FBS - 1000

Where 2SSV apumin is the partial specific volume of albumin (0.73 mL/g (5)). The albumin to
water partition coefficient, Kyroein, can be determined experimentally or can be calculated
based on a previously described relationship with the octanol to water partition coefficient

(6).
if logPow <4.5

logkipumin = 1.08 - logP,,, — 0.7
if logPow > 4.5

logk sipumin = 0.37 - logP,,, + 2.56

In much the same way the volumetric fraction of neutral lipid in FBS can be calculated,
using TAG as a surrogate for neutral lipid content. TAG concentration is routinely
determined using an enzymatic assay and so reported as a molar concentration.

[TAG]- 1073 - MWy g - PSViag
frires = frac = 1000

Where ZSVr4c is the partial specific volume of TAG (1.09 mL/g (7)) and the molecular
weight of TAG is taken to be 885.453 g/mol; specifically, this corresponds to the molecular
weight of trioleate, a TAG molecule comprising a glycerol backbone and three oleic acid
residues.

A dilution factor, D, can then be calculated to correct furss for the volumetric fraction of
media comprising serum, fseqm, and so furgs g can be calculated.

1

D =

fS erum

furgs
furgsai = 7
5 (1= fugps) + fueps

Calculation of Partition Coefficients

The partition coefficient between the culture medium and air is derived from the test
compounds Henry’s Law constant which may be determined experimentally or predicted
using a variety of in silico tools. The dimensionless air medium partition coefficient is
determined:
k i
air,u — RT

Where Ky is the Henry’s Law constant expressed in SI units (Pa m* mol ™), R is the universal
gas constant (8.314 Pa m* K mol '), and T is the reference temperature at which Henry’s
Law constant as been defined (K).

The plastic to medium partition coefficient is predicted based on the octanol to water
partition coefficient using a linear relationship established by Kramer (8) and used in the
model published by Comenges et al (9). Note that this partition-coefficient is not
dimensionless and has units (m).
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C
kCEll,u == +fly50 (fl'W(l + Ylyso) + Pofu + Pnpfnp)Kiw;;;'gu

The partition coefficient between cells and culture medium is based on an adaption of the
published approach of Rodgers and Rowland for predicting the partitioning of different
compound classes between plamsa and tissues, based on composition (10, 11). We derive
Keet wuun and K i organele from the steady-state Fick-Nernst-Planck equation to describe
the passive permeation of electrolytes across the cell and organelle membranes,
respectively, as well as the passive permeation of neutral molecules,

Punbound,ionised N
1+ unbound,unionised pN, YeW
k — P e 1
cellLuuuu — punbound,ionised N
1+ Ny;
e Yy

punbound,unionised eNi — 1

Punbound,wnzsed 1 N1

Yiw

Punbound,unionised eN1 -1

1+
k Jo fitaded = —
organelle punbound,ionised 1 N,

N
punbound,unionised eN1 -1 e 1Ym’ganelle

Nypeutrat =0

OF

Nmonoacia = _ﬁ

Where P is the permeability coefficient of either the ionised or unionised moiety. Using a
ratio of the permeability coefficient between the unionised and ionised species we can
describe the differential permeability of the two molecular forms. It has previously been
assumed that the permeability coefficient of the ionised species is 3-4 log units lower than
that of the neutral form (12). Here we assume ionised, unionised permeability coefficient
ratio of 3.3 log units for the monoprotic anion. F is the Faraday constant (96484.56 C mol
1) and @ is the cell membrane potential (V).

(1 - flyso + fmito)(fiw(l + th) + Pnlfnl + Pnpfnp)
Cmedia 1+ Yew
unbound +fmito (fiw(l + Ymito) + Pnlfnl + Pnpfnp)Kiwuu'”u

mito
Incorporating Keceir wiun and Ky wun, organetie We adapt the original Rodgers and Rowland
approach where fi, fiso, finitos fni, fap denote the fractional cellular volumes of the intracellular
water, lysosomes, mitochondria, neutral lipids, and neutral phospholipids, respectively. P
and Py, describe the partitioning of the compound between intracellular water and neutral
lipids and neutral phospholipids, respectively. Where the olive oil to water (Pvo.w) and
octanol to water (P..v) partition coefficients are used as surrogates, respectively.

This revises a fundamental assumption of the published Rodgers and Rowland approach,
and previously published biokinetic models, that only unionised molecular species can
passively traverse biological membranes (2, 9-11). The approach also expands on
previously published biokinetic models by describing distribution into two subcellular
organelle compartments (lysosome and mitochondria). Based on the approach described
above, total intracellular concentrations corresponding to nominal effect concentrations
determined experimentally can then be calculated.
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Ccell = kcell,u ) Cmedia,dissolved,u

It should be noted that while this approach can be used to model ampholytes, monoprotic
and diprotic acids and bases, the equations above are described in forms with specific to
neutral compounds and monoprotic acids, relevant to the compounds investigated in this
read across. A description of this model has been presented previously (13), and is currently
submitted for peer review.

Summary of Model Assumptions

The model described above, like those previously published (2, 3), is a steady-state
approximation of multiple dynamic processes. Critically, it assumes a closed system such
that the loss of test compounds within the in vitro system is assumed to be negligible with
no metabolic clearance or instability. When that is not the case, the steady-state assumption
may lead to overestimation of intracellular concentrations of the parent molecule,
particularly for highly metabolized chemicals.

In line with the assumption of a closed system, the culture system is assumed to be
hermetically sealed, such that the air above the culture medium is a defined volume. For
volatile compounds, tested in unsealed systems, this could also result in an overprediction
of intracellular compounds, since distribution into the air will act as a clearance mechanism.
As part of the steady-state assumption the model assumes that the volume of cultured cells
is constant with no significant increase or decrease over the course of the test assay. Finally
the model assumes that all binding and partitioning processes are non-saturable, with the
distribution of test compound into the cell mediated through passive diffusion. The model
assumes that there are no active uptake or efflux transport processes relevant to the
partitioning of the test compound within the test system.

Alternative Biokinetic Predictions / mEST & UKN1

An assumption of the biokinetic model used to predict intracellular concentrations is that
cells are cultured as a 2D monolayer. Permeability into cells cultured in multi-layer, three
dimensional systems may not be well described based on the approach detailed above;
particularly permeability into cells that may not be in direct contact with the culture
medium (i.e sandwiched between adjacent cells). Thus, we adopt a simplified approach to
predict the corresponding concentration of free drug in test medium, as if the determined
effective concentration was made up in complete culture medium prior to cell treatment.
This predicted unbound effective concentration can then translated to an unbound plasma
concentration in vivo; such approaches have been described previously (14).

As described above, the predominant binding components present in untreated FBS are
albumin and neutral lipids. In order to predict the free concentration of test compounds in
treatment medium it is necessary to account for binding to these media components. Here
we assume that the binding to albumin and lipid (TAG) in complete culture (treatment)
medium, are the only significant processes limiting the availability of test compound for
distribution into subsequently treated cells. Thus, loss of compound due to volatility, or the
binding to the plastics used in cell culture are not accounted for in this approach.

If we consider the threshold for significant volatility to be an air-water partition coefficient
(Kair <0.03), as previously assumed by Fischer et a/l, then the assumption that volatility
has no significant impact on the freely dissolved media concentration holds for all of the
compounds investigated here. Polymer-water partition coefficients have been shown to be
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significantly lower than octanol-water partition coefficients (P,w) (2), here used to
determine the partitioning to TAG and albumin, as described below. As such, we assume
here that binding to plastics used in the handling and preparation of culture medium have
no significant impact on the free concentration of test compound. Finally, assuming that
the maximal tested concentration does not exceed the solubility of the compound in
complete culture medium, and taking the binding to protein and lipid in culture media to
be linear across the tested concentration range, we can calculate an unbound fraction of test
compound given the composition of the medium and the P, of the test compound.

1

f Umedia = Prow/al
1+ Kalubminfalubmin + %

Yneutrar = 0
— H-pKa
Ymanoprotic acid — 10(p pka)

logK,ow = 1.115 - logK,,, — 1.35*

Where fupumin 1s the volumetric fraction of medium comprised of protein, Kumpumin 1S the
albumin-water partition coefficient, K, is the olive oil-water partition coefficient (derived
from P,), fu s the volumetric fraction of medium comprised of neutral lipid (TAG), and
Y is the ratio of the ionised to unionised concentrations in the culture medium calculated
using the Henderson-Hasselbalch equation. As above, the binding of test compound to
neutral lipids is assumed to be limited to the unionised fraction of the solubilised compound
in medium. The volumetric fractions of albumin and TAG in the culture medium can
calculated using an analogous approach to that described above using the partial specific
volumes of albumin and TAG.

[albumin] - PSV  ipumin
fatbumin = 1000

[TAG] b PSVTAG

1000
It should be noted that this relationship assumes that the neutral and the ionised fractions
of compound partition equally into the hydrophobic phase and so logKaumpumin 18 not

influenced by the ionisation state for ionisable compounds. Here, both the concentration of
albumin and TAG are taken to be in units of mg/mL.

fol = frac =
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5. PBPK-1:PBPK model description for mouse

6. PBPK-1:PBPK model description for human

PBPK modelling

Physiologically based pharmacokinetic (PBPK) models for the compounds were
constructed in the rat and human Simcyp Simulator (V17r1, Certara Ltd. Simcyp Division,
Sheffield, UK; www.simcyp.com). The Simcyp simulator has been extensively tested and
used by a consortium of industry, regulatory and academic scientists. Lists of known bugs
within the code of the Simcyp simulator are maintained on our website
(https://members.simcyp.com/account/softwarelssues/). The QA system used to support
the production of each version of the Simcyp simulator has been described in detail (Jamei
etal., 2013).

An aim of the read-across case study was to estimate the concentrations of the compounds
in different tissues of the body specifically the foetal-placental tissue, the target organ of
interest in this read-across assessment. To accomplish this a full body PBPK model was
used; a schematic framework for this model is shown below. In the human simulator the
ability to add further specific organs as an additional organ is available, but in the
simulations for this read-across study this functionality was not required.
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In the PBPK schematic above Qu, Qua, Qrv, Qc, Qr,a and Qr are blood flows in the total
hepatic, hepatic artery, hepatic portal vein, gut and blood flows into and out of the other
tissue (T) compartments, respectively; Eg and Ey are the fractions undergoing first pass
metabolism in the gut and liver, respectively; CLr is the renal clearance; fa and ka are the
fraction absorbed and the first order absorption rate constant, respectively.

Distribution

In the human simulator interindividual variability in tissue distribution is accounted for
through relationships between tissue volume and age, sex, weight and height (Jamei et al.,
2009a). In both the human and rat PBPK models the in vivo volume of distribution at steady
state (V) is predicted using Equation 1 from Sawada et al. (Sawada ef al., 1984).

VSS:Vp+Ve'E:P+ZVt'Kp,t

Equation 1

Where V is the fractional body volume (L/kg) of a tissue (t), erythrocytes (e), and plasma
(p), E:P is the erythrocyte: plasma drug concentration ratio and K, is the partition
coefficient of drug between tissues and plasma components. Three methods are available
for prediction of K, ;. The first method was reported by Poulin and Thiel (Poulin and Theil,
2002) as corrected by Berezhkovskiy (Berezhkovskiy, 2004) (Method 1). Method 1 uses
the physicochemical properties of the compounds (pKa and log P) together with in vitro
information (B/P and fu) to predict partitioning into the tissues with the assumption that
tissues and plasma are mixtures of lipids, water and proteins with a global pH of 7.4. The
second method was developed by Rodgers and Rowland (Rodgers and Rowland, 2006)
(Method 2). The latter splits the tissue water volume into intra- and extracellular
components, with the addition of an acidic phospholipid fraction within tissues. These
equations take explicit account of the extent of ionisation of a compound at the pH of the
compartment concerned and have been shown to improve the prediction of tissue:plasma
partition coefficients, and consequently Vs, for strong bases. The Rodgers and Rowland
method was further extended by the science team at Simcyp to account for ion permeability
and the effect of differences in membrane potential in the different tissues on compound
distribution (Method 3); however, Method 3 is currently only available in the human
simulator. Method 3 also allows for the distribution of compounds into specific subcellular
organelles to be modelled and forms the basis for the biokinetic model developed within
the EUTOXRISK project (Fisher ef al., 2018). These mechanistic predictions assume non-
saturating conditions prevail for all binding processes, drug transport is via passive
processes (i.e. no active transport), and each tissue has a well-stirred distribution limited
by blood perfusion (i.e. tissues are considered as perfusion limited not permeability
limited).

Performance verification for both Method 1 and Method 2 in the rat with a wide range of
compounds (molecular weight of 192-1202 kDa, 19% acidic, 46% basic, 9% neutral, 27%
ampholyte) is shown in the figure below. The range of in vivo Vi for the studied compounds
was 0.17-19.9 L/kg and for Method 1 and Method 2, 64% and 82% of predictions were
within 2-fold of observed values, respectively.
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Perfusion and permeability limited distribution

Lipophilic drugs diffuse rapidly across the capillary membrane into tissue interstitial fluid
such that blood flow to the tissue is the rate-limiting step in uptake. This is described as
perfusion-limited distribution and is implemented in all tissues represented in the PBPK
model. In addition, an option is provided within the Simcyp Simulator to allow for
permeability-limited uptake, simulating both passive diffusion in parallel with active
uptake and efflux in specific organs such as the liver, kidney (human only), intestine and
brain. In these models the tissue is divided into compartments representing vascular,
extracellular and intracellular fluid spaces - with distribution between these spaces defined
as a dynamic process. The ‘permeability-limited’ models in the liver, brain and kidney are
only available when Method 2 or 3 are selected to predict K, ;. Given the lipophilic nature
of the compounds in the read- across case study, perfusion limited models were used for
all tissues in the simulations run in human in this read-across study.

Oral Absorption

For drugs in solution, several absorption models are available within the Simcyp Simulator
including a first-order absorption model, a compartmental absorption transit (CAT) model
(Yu and Amidon, 1998) and the advanced dissolution absorption metabolism (ADAM)
model (Jamei et al., 2009b). Simulation of the absorption of compounds from solid dosage
forms requires use of the ADAM model. The ADAM model, as implemented in the Simcyp
Simulator, divides the gastro-intestinal tract (GIT) into nine anatomically defined segments
from the stomach through the intestine to the colon. Drug absorption from each segment is
described as a function of release from the formulation, dissolution, precipitation, luminal
degradation, permeability, metabolism, transport and transit from one segment to another.
It is assumed that absorption from the stomach is insignificant compared with that from the
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small intestine, and that movement of liquid and solid drug through each segment of the
GIT may be described by first-order kinetics. Dissolution rate from solid dosage forms is
calculated from information on drug aqueous solubility and particle size using diffusion
layer models (DLM) (Wang and Flanagan, 1999, 2002).
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The diagrams above show the structure of the ADAM model in which the GI tract is divided
into 9 sections with segregated blood flows to each section. The abundance of various
enzymes and transporters in each segment varies non-monotonically along the intestine as
indicated by the varying intensity of the colour for each section (BCRP distribution is
indicated in A) (Harwood et al., 2016a; Harwood et al., 2016b; Harwood et al., 2013). B
shows segments of the small intestine indicating the various processes that can be simulated
(from (Darwich et al., 2010)).

The effective permeability in humans, Pefrman (jejunal), can be measured using the Loc-i-
gut methodology and can be used in simulations to describe the absorptive processes in the
intestine (Nilsson et al., 1994). For novel investigation drugs, many marketed agents, and
all industrial chemicals, measured values of Pesrman (jejunal) are not available and therefore
several methods can be used within the Simcyp Simulator to predict Pesrman (jejunal). These
are based on data obtained with cell lines (such as Caco-2, MDCK-II or LLC-PK;
cells)(Sun et al., 2002), PAMPA or from a QSPR model based upon physicochemical
properties (PSA and HBD,(Winiwarter et al., 1998)) or by using the mechanistic
permeability (MechPeff) model. The regional permeability (seven small intestine segments
plus colon) for all of the methods (apart from MechPeff) is assumed to be the same by
default but can be modified by the user. The regional distributions of drug metabolising
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enzymes and efflux transporters such as P-gp and BCRP are also incorporated, allowing
simulation of the effects of efflux transport and metabolism on drug absorption.
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Input options to predict Per and subsequently absorption within the Simcyp Simulator are
shown in the diagram above. The physicochemical based QSPR (HBD and PSA) model
was used in the simulations in this study. In simulations for this read-across a simple first-
order absorption model was used, while in rat simulations of VPA incorporating
enterohepatic recirculation, the ADAM model was used predicting Pess from HBD and PSA.

Figure 1. Prediction of fraction absorbed (fa) and first order absorption rate constant (ka;
1/h) in healthy human volunteers for the read-across source and target compounds using the
hydrogen bond donor and polar surface area QSAR prediction model (circles) and the
mechanistic permeability model (triangles).
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It should be noted that the QSAR (PSA and HBD) based model is not available within the
Simcyp animal simulator (v17r1) and so the MechPeff model was used to predict effective
permeability, and so fa and ka (1/h) in the mouse. For PBPK model simulations in humans
both P.ir models are available, however, since data are only available to verify the predictive
performance of PBPK models for VPA in humans, the QSAR (PSA and HBD) model was
selected. The QSAR (PSA and HBD) model predicts the worse-case exposure scenario
following an oral dose, predicting the highest fraction absorbed and most rapid absorption
from the gut-lumen. Given the structural the similarity of the read-across compounds (i.e.
identical number of HBDs and PSA), the model does not discriminate between compounds,
predicting uniform values of fa and ka across the compound set (Figure 1).

Metabolic Clearance
Elimination of a compound can be characterized by various inputs of clearance such as
intravenous or oral clearance (CLiy or CL,,), whole organ metabolic clearance via
hepatocytes (CLin; pL/min/10° cells), liver and intestinal microsomes (CLin; puL/min/mg
microsomal protein) or incubation with intestinal slices (CLin; pL/min/g of intestine).
Hepatic metabolic clearance
On a general basis the in vivo hepatic metabolic clearance is predicted using in vitro-in vivo

extrapolation (IVIVE), as shown schematically below, followed by scaling for the specific
metabolising tissue blood flow (liver in this case) and fraction of unbound drug in blood.

In vitro CLUmt per ! !
CLu,, ; g Liver .
| |

In vitro Scaling Scaling cLu,, per
system Factor 1 Factor2 |jyer

KL.min’

X HPGL
HEP 10° cells
g —BmiT X MPPGL
mg protein

For the human simulator clearance was predicted using metabolic intrinsic clearance (CLix,
nep) data generated in human hepatocytes. In vitro CLinhep Was scaled up to the in vivo CLiy
(CLint,u,n) according to Equation 2.

CLint,hep

——— - uptake - HPGL - LW - 107¢ - 60
fuhep

CLint wH =

Equation 2

Where fuyep, is the fraction unbound of the compound in the hepatocyte incubation, HPGL
is the number of hepatocytes per gram of liver, uptake was assumed to be only be due to
passive processes in these simulations (uptake =1), and 10 and 60 are to adjust units from
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ul/min/10° cells to L/h in the whole liver. Correction for non-specific protein binding is
important for IVIVE (Brown et al., 2007; McGinnity et al., 2006) and fu ., was predicted
as described by Kilford et al (Kilford et al., 2008), Equation 3.

1

1+ IlgHM Vg 100-072logD; 4*+0.067-l0gD7 4,—~1.126
mic

fupe =

Equation 3

Where Vr is @ Veen/Vine ratio, where Ve 1s the cell volume and Vi, the incubation volume.
A Kuwm/Kmic ratio of 125 was assumed (Kilford et al., 2008). Vg is 0.005 at the cell
concentration of 10° cells/ml (Kilford et al., 2008), and was normalised for P of 1 mg/ml.

The hepatic clearance (CLy) in humans was calculated from the whole liver scaled in vivo
CLinty, using the well stirred model Equation 4.

Qu * Clint,,p, " fus
Qu + (Clintu,h 'fuB)

CLH,b =

Equation 4

Where Qu = hepatic blood flow, CLint, is the in vivo hepatic intrinsic clearance and fug =
fu/(B/P). The accuracy of this in vitro — in vivo approach to predict human clearance from
data generated in human hepatocytes; the relationship between predicted and observed
human clearance for a series of 18 compounds is shown below. The predicted clearance
was made using IVIVE approaches described above based on the in vitro intrinsic clearance
generated in human hepatocyte incubations previously performed by Cyprotex. The range
of LogP values for these compounds was -0.07 to 4.8, the target and all source compounds
in this read-across fall within this range.

Clearance inputs in the rodent models

Equivalent in vitro metabolic data in mouse hepatocytes could not be generated as part of
the EU-TOXRISK project. An allometrically scaling approach was used to scale the
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simulated human in vivo clearance to the mouse, assuming the clearance of free (i.e. not
bound to plasma proteins) compound scales across species based on differences in body
weight (scaled with an exponent of 0.75), Equation 5.

0.75
BWspecies)

CLspeCies = CLpuman (BWh
uman

Equation 5

A simple allometric scaling approach was liable to result in an under-estimation of VPA
exposure in rat, due to the role of EHR in rat VPA kinetics. Therefore, a reverse translation
approach was adopted, back-calculating intrinsic hepatic clearance from published in vivo
clearance (Kameya et al., 2009) (Equation 6- Equation 8). Simply, this calculates the whole
liver clearance and then uses the reverse well-stirred liver model to determine hepatic
intrinsic clearance.

CL;, — CLgr — CLgq4q

CLH,b =

BP
Equation 6
Qu - Clyp
CL tuh - :
T fup - (Qu = Clap)

Equation 7

_fu

fu,b - BP
Equation 8

Enterohepatic recirculation in the rat PBPK model

A rat PBPK model for VPA was constructed based on published data. Kinetic studies in
rats show that enterohepatic recirculation (EHR) is a critical mechanism in the in vivo
exposure of rats (Dickinson et al., 1979; Lee et al., 2010). In contrast to the human VPA
model developed based on in vitro data, the rat VPA model was developed using a reverse
translation approach, back-calculating hepatic intrinsic clearance based on systemic in vivo
clearance. The rat model was also constructed incorporating EHR; in rat, glucoronidated
metabolite cleared through the biliary route is deconjugated in the gut, thus back-converted
to the parent compound and so available for reabsorption from the intestine. The
concentration of metabolite (X) available for back-conversion is described using Equation

9.
ax fu Cliver
—=f+CLy;, * take  — ———-K, .- X
dt f bile " Uptare BP Kp,liver bc
BP

Equation 9

Where CLuii is the biliary clearance rate, uptake is an empirical correction for active uptake
into the liver (equals one in rat VPA simulations), K. is the rate constant for the back-
conversion of metabolite to parent compound, and f is the fraction of biliary metabolite
available for back-conversion. Back-converted metabolite was added to the duodenal
compartment of the ADAM model used in rat simulations consistent with physiological
bile flow into the duodenum.
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Simulations with this model recovered the observed data across a dosing range from two
independent studies; model inputs and simulation outputs are shown below (Table 1, Figure
2). However, insufficient data is available to model the EHR mechanism or determine its
relevance for other compounds included in the read-across. Since EHR is not a relevant
mechanism in humans, no further modelling was conducted in the rat.

Table 1. Valproic acid input parameters in rat full PBPK model incorporating EHR

Parameter Value Method / Comment Source/Reference
MW [g/mol] 144.21 EPI-Suite (v4.1, US-EPA)
logP 2.75  experimental EPI-Suite (v4.1, US-EPA)
Compound Type Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
TPSA (A2) 37.3 https://pubchem.ncbi.nim.nih.gov/compound/3121#section=Chemical-
and-Physical-Properties
Hydrogen bond Donors 1 https://pubchem.ncbi.nim.nih.gov/compound/3121#section=Chemical-
and-Physical-Properties
fu 0.35 experimental (Loscher, 1978)
B/P ratio 0.74  experimental (Loscher, 1978)
Peitrat (104 cml/s) 1.65 predicted using
HBD and PSA
(Simeyp v17r1)
fucut 1 assumed
CLim(_pI/min/mg 10.71 back-_calc_:ulated (Kameya et al., 2009)
protein) from in vivo data
CLint Bile (metabolite 5.8657  back-calculated .
(pl/min/10(6 cells) ! from in vivo data (Singh et al., 1988)
Koe (h) 0.08 estimated
f 04 estimated
(e el 0.076 experimental (Singh et al., 1988)

(ml/min)
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Figure 2. PBPK modelling of rat plasma concentration of VPA, for two doses applied intra
venous (red- 100 mg/kg bw; blue 600 mg/kg bw).

The models with integrated enterohepatic recirculation (EHR, dashed lines) model the plasma concentrations
fairly well, compared to the experimentally reported values (squares and triangles). Models without EHR
(straight lines) fail to model the plasma concentration 4 h after application.

Samcyp 100 mg/ig IV = e SENCyp 100mg/kg V EHR & Loe ot al {2009

Simcyp 600 mg/hg IV wewsSimoyp SOm/kg IVENR @ Dickinson et al (1979)

10,000.00

100 00

1000
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L00
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Excretion

It is possible to account for the excretion of unchanged drug in the kidney or via the biliary
system in the PBPK models, but in the human and mouse models developed here hepatic
metabolism was considered as the only route of clearance. Biliary clearance was only
considered for the metabolites of VPA in the rat PBPK model incorporating EHR.

General description of equations for eliminating and non-eliminating organs

Each compartment within the full body PBPK model is initially described as a perfusion
limited model with representative equations for an eliminating and non-eliminating organ
as shown below. The equations describing the behaviour of the compound within the
intestine following oral absorption are as described by Jamei et al (Jamei et al., 2009b).
The basic principles for a PBPK model outlined on P19 of the WHO guidance on PBPK
modelling were adhered to, namely:

1) the mixing of the chemical in the effluent blood from the tissues is
instantaneous and complete;

2) blood flow is unidirectional, constant and non-pulsatile; and
3) the presence of chemicals in the blood does not alter the blood flow rate

In non-eliminating tissues the compound concentration (C) at a given time (t) is defined by
Equation 10. Where Q = blood flow to the tissue, V = tissue volume, Cy, = arterial blood
concentration, BP = blood to plasma ratio and K, is the partition coefficient of drug
between tissue (t) and plasma; in the liver Equation 11 is applied.
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d Cliver _

dCtissue _ Qtissue _ Ctissue

= C
dt Viissue ab Kp.f/
BP

Equation 10

1 Ql' Cl' f CLu; t
= Viver (Qliver - va)Cab + vacpv - # - # ' # liver

Equation 11

Where Qiiver = sum of blood flow to the liver by the hepatic artery and hepatic portal vein,
Qyv = hepatic portal blood vein flow, C,y = hepatic portal compound vein concentration, fu
= fraction unbound in plasma, CLujy = intrinsic clearance

Within each simulated animal or human subject the sum of the tissue blood flow rates
(excluding the lung) are equal to cardiac output. In line with accepted mammalian
physiology the lung receives a blood flow equal to total cardiac output. Tissue volumes and
blood flow rates are within the documented range for each species considered (Jamei et al.,
2009a; Musther et al., 2017).

Rodent Foetal-Placental Model

The permeability limited foetal-placental model is embedded as a physiological
compartment within full PBPK model in the Simcyp Mouse and Rat Animal Simulators in
V17 (Figure 3).
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Rodent Placental Model structure

Rats and mice have a hemotrichorial and discoid type of placenta. Histologically, the
placenta of rats and mice is composed of the labyrinth zone, the basal zone, the decidua
and the metrial glands (Furukawa et al., 2014). Figure 4 shows the structure of the rodent
the permeability limited foetal-placental model which consist of the maternal blood
compartment, placental membrane, foetus and amniotic fluid. For simplicity of the model
the 3 zones which form the placenta are considered within the “placental membrane”
compartment. The foetal compartment is a composite of the total litter size. In mouse, from
a total of 1246 pregnancies, litter sizes ranged from 1-17, a modal litter size is 8 foetuses
(Dewar, 1968).

Figure 4. A schematic representation of the permeability limited foetal-placental PBPK
model.

Solid arrows: Tissue blood flow; Dashed arrows: Clearance; Double arrows: Passive diffusion.
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Placental model assumptions

The Foetal-placental model implemented is composed of 4 compartments, the placental
maternal blood, placental membrane, foetus and amniotic fluid. Movement of compound
between compartments can be considered via passive and/or active processes. Clearance
can be considered in the foetal compartment. It is considered that only unbound, unionised
drug is available for passive permeation, while active transport is based on unbound
concentration. The following assumptions for each compartment of the foetal-placental
model are detailed below:

Placenta Maternal Blood

The Placenta Maternal Blood (PMB) is assumed to consist only of blood and is considered
as a well-stirred compartment in the model. The passive permeability is based on unbound
unionized drug concentration while the active transport is based on unbound concentration.
Drug transfer between the maternal-placenta (MP) and the placental membrane (PM) tissue
is based on the related clearance and concentrations. The drug concentration in the
maternal/placental compartment can be described using Equation 12.
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dCyg u C
VMBT = Qa(Cy — Cyp) + CLppump (fuPM T op _> + CLpy * fupy " Cpy

fu fu
— CLyp- ﬁ Cvmp + CLapmp * fuar * Cap — CLypar * BP *Cup

Equation 12

Placental Membrane compartment

This is assumed to be a tissue compartment in the model. This serves as the tissue
membrane that separates the maternal and foetus parts of the placenta. In rats and mice this
compartment will represent the composite of 3 layers present: labyrinth, basal layer and
decidua (Furukawa et al., 2014). The passive permeability is based on unbound unionized
drug while the active transport is based on unbound concentration. This model
compartment is described by Equation 13.

dCPM fu
Vem dr CLyp "Bp Cup — CLppup (fuPM ‘m - ﬁ.a_MB) — CLpr " fupy " Cpy

Cr Crm
+CLPDPF(qu'ﬂ__fuPM'B_>+CLFP'qu'CF_CLPF'fuPM'CPM
F PM

Equation 13

Foetal Unit

The foetal unit in the rat/mouse represents a composite of the total litter size. The
development of the foetus weight increases over the course of the pregnancy, however in
this implementation it is assumed that there is a static foetal weight. The default
implementation assumes a weight based on the administration at day 8 of mouse pregnancy.
The passive permeability is based on unbound unionized drug while the active transport is
based on unbound concentration. Metabolic clearance of the parent drug may be considered
in the foetus. Urinary excretion of drug/metabolite is into the amniotic fluid compartment
from where it may be reabsorbed by the foetus by swallowing (Equation 14).

C

dc C
VFd_tF:CLPF'fuPM'CPM_CLPDPF(qu'é_fuPM'ﬁ>_CLFP'qu'CF

= Clpetr " fup* Cp — CLgenair * fur * Cr + CLapss * fuar * Cap

Equation 14

Amniotic fluid compartment

The amniotic fluid unit in the rat/mouse represents a composite of the total litter volume.
The amniotic fluid increases over the course of the pregnancy, however in this
implementation it is assumed that there is a static amniotic fluid volume. The default system
parameters for the model assumes a volume based on the administration at day 8 of mouse
pregnancy. The active transport is based on unbound concentration. Urinary excretion of
drug/metabolite is into the amniotic fluid compartment from where it may be reabsorbed
by the foetus by swallowing (Equation 15).

dCyr fu
AF W = CLgenatr * fur * Cr — CLapmp * fUar - Car + CLypar ﬁ *Cyp — CLgpsr

*fuar - Car

Equation 15
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Table 2 shows default system parameters used in the foetal-placental model. It should be
noted that these physiological parameters alter over the course of pregnancy, but are
considered as static parameters in the model, i.e. do not vary with time. Values were based
on available data from days 8-11 were used to best reflect the available toxicity data for
valproic acid (8 days gestation). Note that these parameters should be modified based on

the gestation period under study.

Table 2. Mouse System parameters used in the foetal-placental model (days 8-11)

Parameter Unit Value Reference
Maternal blood volume mL 0.04 (Razetal,2012)
Placental membrane volume mL 256 (Hau and Skovgaard Jensen, 1987)
Placental membrane Relative volume of tissue wet weight (%) - % 10.49  Assumed based on mouse muscle (Simcyp)
Placental membrane Relative volume of tissue wet weight (%) - % 56.01  Assumed based on mouse muscle (Simcyp)
Placental membrane Relative volume of tissue wet weight (%) - % 3.94  Assumed based on mouse muscle (Simcyp)
Placental membrane Relative volume of tissue wet weight (%) - % 2.92  Assumed based on mouse muscle (Simcyp)
Placental membrane AP mg/g 6.1 Assumed based on mouse muscle (Simcyp)
Placental membrane Kpai N/A 0.064  Assumed based on mouse muscle (Simcyp)
Placental membrane Kpip N/A 0.059  Assumed based on mouse muscle (Simcyp)
Placental membrane pH N/A 74  Assumed
Foetal volume mL 1.17  (Hau and Skovgaard Jensen, 1987)
Foetal Relative volume of tissue wet weight (%) — EW % 10.49  Assumed based on mouse muscle (Simcyp)
Foetal Relative volume of tissue wet weight (%) - IW % 56.01  Assumed based on mouse muscle (Simcyp)
Foetal Relative volume of tissue wet weight (%) - NL % 3.94  Assumed based on mouse muscle (Simcyp)
Foetal Relative volume of tissue wet weight (%) -NP % 2.92  Assumed based on mouse muscle (Simcyp)
Foetal AP mglg 6.1  Assumed based on mouse muscle (Simcyp)
Foetal Kpan N/A 0.064  Assumed based on mouse muscle (Simcyp)
Foetal Kpip N/A 0.059  Assumed based on mouse muscle (Simcyp)
Foetal pH N/A 74  Assumed
Amniotic fluid volume mL 0.19  (Cheung and Brace, 2005)
Amniotic fluid Relative volume of tissue wet weight (%) - EW % 10.49  Assumed based on mouse muscle (Simcyp)
Amniotic fluid Relative volume of tissue wet weight (%) - IW % 56.01  Assumed based on mouse muscle (Simcyp)
Amniotic fluid Relative volume of tissue wet weight (%) - NL % 3.94  Assumed based on mouse muscle (Simcyp)
Amniotic fluid Relative volume of tissue wet weight (%) -NP % 2.92  Assumed based on mouse muscle (Simeyp)
Amniotic fluid AP mglg 6.1  Assumed based on mouse muscle (Simcyp)
Amniotic fluid Kpan N/A 0.064  Assumed based on mouse muscle (Simcyp)
Amniotic fluid Kpip N/A 0.059  Assumed based on mouse muscle (Simcyp)
Amniotic Fluid pH N/A 74  Assumed

Model Verification: Modelling Mouse VPA Foetal Concentrations

Valpric Acid Mouse Full-PBPK Input Parameters

Input parameters for VPA in the mouse full-PBPK model are shown in Table 3. The plasma
and foetal time concentration profiles are shown in Figure 5. The foetal:maternal plasma

ratios are shown in Figure 6.
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Table 3.

Valproic acid input mouse full PBPK parameters

Parameter Value References and notes
MW (g/mol) 144.2
Compound Type Monoprotic Acid
pKa1 48 FDA Label
LogPow 2.75  https:/pubchem.ncbi.nim.nih.gov/compound/valproic_acid
fu — Experimental 0.58  (Nau, 1986a)
B:P — predicted 0.74  Based on Rat value (Loscher et al., 1989)
Absorption Model First Order
fa 0.7  Fitted (Loscher and Esenwein, 1978)
ka 3 Fitted (Loscher and Esenwein, 1978)
Distribution Model Full PBPK
Kp Scalar 1
Vss (L/kg) — Predicted 0.455  Method 2 (Rodgers and Rowland, 2006)
CLiv (mL/min) 0.28  (Loscher and Esenwein, 1978)
CLr (L/h) 0
Foetal-placental parameters Value References and notes
Placental membrane CLpqg (ml/min) 0.1 Fitted (Nau, 1986b)
Placental membrane funi 0.0025  Predicted Simeyp V17
Placental membrane fu 0.892  Predicted Simcyp V17
Foetus CLpd (ml/min) 0.1  Fitted (Nau, 1986b)
Foetus funi 0.0025  Predicted Simeyp V17
Foetus fu 0.892  Predicted Simcyp V17

The disposition of VPA in both pregnant mice and embryos on day 8 of gestation following
600mg/kg oral administration of the sodium salt was modelled to replicate the study of Nau
et al., (1986b). Concentrations in the systemic and foetus were captured using the model
for the initial time points. However, the model did not recover the 4 and 6h time points
(Figure 5); this is possibly due to EHR of VPA (as seen in the rat (Dickinson ef al., 1979)),
which is not accounted for in the current mouse model. Pharmacokinetic studies in non-
pregnant mice show no evidence of EHR (Loscher and Esenwein, 1978), with mice
showing monophasic elimination of VPA. Additionally, pregnancy related changes in the
bile acid homeostasis of mice make it less likely that EHR is relevant to the PK of VPA
during pregnancy (Moscovitz et al., 2016). While EHR would increase exposure, it will
not significantly impact on the maximal plasma concentration, used as the reference point
for the reverse dosimetry determining oral equivalent doses. As such, EHR has not been
incorporated into the mouse PBPK models.

The Maternal to embryo ratio is shown in Figure 6. The simulated ratio (0.50) compared
well to the observed data (0.4-0.6 from 10 minutes to 1 hr) Nau (1986b). Insufficient in
vivo data are available to parameterise the permeability limited foetal-placental model for
all read-across compounds. Therefore, we assume that the maternal to embryo ratio to be
equal across case study compounds for the purposes of reverse dosimetry. It should be
noted that in human simulations foetal-placental tissue is modelled as a perfusion-limited
tissue with partition coefficients predicted using method 2 in the Simcyp simulator (v17r1),
as described above.
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Figure 5. Plasma and foetal concentrations following 600mg/kg dosing of Valproate sodium
to 8 day gestation pregnant mice.

Green line: simulated plasma concentration, pink line: simulated foetal concentration. Circles: observed data
(Nau, 1986b).
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Figure 6. Foetal:maternal Plasma ratio following 600mg/kg dosing of Valproate sodium to 8
day gestation pregnant mice (Nau, 1986b).
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Population data

Predictions of plasma drug exposure, clearance and other parameters such as fraction
metabolised by a particular pathway were made for virtual populations of healthy
volunteers. Each population is generated using values and formulae describing
demographic, anatomical and physiological variables. Thus, in order to assess clearance
predictions in a specific population, data are required for the population variables as well
as for the in vitro metabolism/transport of the test drug and its observed clearance in the
population of interest. The parameter values within the Simcyp Simulator for creating a
virtual healthy volunteer population (population, physiological parameters including liver
volume and blood flows, enzyme abundances) have been described previously (Jamei et
al., 2009a).

Physiology data used in the healthy human pregnancy population PBPK populations
A virtual population of 100 females aged 20-45 was used for the simulations, the range of
physiology data used in the human pregnancy population PBPK simulations is summarised

in Table 4.

Table 4. Human pregnancy population physiology data

Parameter Mean value Range
Age (y) 29.05 20.61-43.01
Weight (kg) 67.21 48.11 - 87.02
Height (cm) 162.2 151.16 - 177.77
Cardiac output (L/h) 350.73 285.71 - 443.09
Serum albumin (g/L) 43.12 34.37 - 56.06

Data for simulation of the human in vivo Kinetics of read-across study compounds

Data and the corresponding source and/or reference used in the human compound files are
shown in Table 5 - Table 9.
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Table 5. Input parameter values used to simulate the kinetics of Valproic acid in human (99-

66-1)
Parameter Value Method / Comment Source/Reference
MW [g/mol] 144.21 EPI-Suite (v4.1, US-EPA)
logP 2.75  experimental EPI-Suite (v4.1, US-EPA)
Compound Type Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
TPSA (A2) 37.3 https://pubchem.ncbi.nim.nih.gov/compound/3121#section=Chemical-
and-Physical-Properties
Hydrogen bond 1 https://pubchem.ncbi.nim.nih.gov/compound/3121#section=Chemical-
donors and-Physical-Properties
fu 0.138  predicted Lhasa
0.310  predicted CORAL model
B/P ratio 0.55 assumed
fa 0.996 predicted using HBD and (Winiwarter et al., 2003; Winiwarter et al., 1998)
PSA (Simeyp v17r1)
ka (h-) 2.546  predicted (Simcyp V17r1)
fucut 1 assumed
Clint (l/min/108 0.219  Experimental (HUREL Cyprotex data (CYP1440)
cells) coculture system)
Hepatocyte binding 0.954  predicted (Kilford et al., 2008)
(fU heps)

Table 6. Input parameter values used to simulate the kinetics of 2-Ethyl Butyric acid in
human (88-09-5)

Parameter Value Method / Comment Source/Reference
MW [g/mol] 116.16 EPI-Suite (v4.1, US-EPA)
logP 1.68  experimental EPI-Suite (v4.1, US-EPA)
Compound Type Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
TPSA (A2) 37.3 https://pubchem.ncbi.nlm.nih.gov/compound/6915#section=Chemical-
and-Physical-Properties
Hydrogen bond 1 https://pubchem.ncbi.nlm.nih.gov/compound/6915#section=Chemical-
donors and-Physical-Properties
fu 0.348  predicted Random forest (model 1)
0.712  predicted Lhasa
B/P ratio 0.55 assumed
fa 0.996  predicted using HBD and (Winiwarter et al., 2003; Winiwarter et al., 1998)
PSA (Simeyp v17r1)
ka (1) 2.546  predicted (Simcyp V17r1)
fucut 1 assumed
Clint (/min/108 cells) 9.62  experimental (HUREL Cyprotex data (CYP1440)
coculture system)
Hepatocyte binding 0.955 predicted (Kilford et al., 2008)
(fU heps)
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Table 7. Input parameter values used to simulate the kinetics of 2-Ethyl Hexanoic acid in
human (149-57-5)

Parameter Value Method / Comment Source/Reference
MW [g/mol] 144.21 EPI-Suite (v4.1, US-EPA)
logP 2.64  experimental EPI-Suite (v4.1, US-EPA)
Compound Type Monoprotic acid
pKa 33 ACD/Percepta (2012 release, build 2254, ACD Labs)
TPSA (A?) 37.3 https://pubchem.ncbi.nlm.nih.gov/compound/8697#section=Chemical-
and-Physical-Properties
Hydrogen bond 1 https://pubchem.ncbi.nlm.nih.gov/compound/8697#section=Chemical-
donors and-Physical-Properties
fu 0.142  predicted Random forest (model 1)
0.310  predicted CORAL model
B/P ratio 0.55 assumed
fa 0.996 predicted using HBD and (Winiwarter et al., 2003; Winiwarter et al., 1998)
PSA (Simeyp v17r1)
ka (h1) 2.546  predicted (Simeyp V17r1)
fucut 1 assumed
Clint (/min/108 cells) 0.551  experimental (HUREL Cyprotex data (CYP1440)
coculture system)
Hepatocyte binding 0.950 predicted (Kilford et al., 2008)
(fu heps)

Table 8. Input parameter values used to simulate the kinetics of 2-methylhexanoic acid in
human (4536-23-6)

Parameter Value Method / Comment Source/Reference
MW [g/mol] 130.19 EPI-Suite (v4.1, US-EPA)
logP 247  experimental EPI-Suite (v4.1, US-EPA)
Compound Type Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
TPSA (A2) 37.3 https://pubchem.ncbi.nim.nih.gov/compound/20653#section=Chemical-
and-Physical-Properties
Hydrogen bond 1 https://pubchem.ncbi.nim.nih.gov/compound/20653#section=Chemical-
donors and-Physical-Properties
fu 0.265 predicted Random forest (model 3)
0.454  predicted Lhasa
B/P ratio 0.55 assumed
fa 0.996 predicted using HBD and (Winiwarter et al., 2003; Winiwarter et al., 1998)
PSA (Simeyp v17r1)
ka (1) 2.546  predicted (Simcyp V17r1)
fucut 1 assumed
Clint (/min/108 cells) 3.95  experimental (HUREL Cyprotex data (CYP1440)
coculture system)
Hepatocyte binding 0.956  predicted (Kilford et al., 2008)
(fU heps)
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Table 9. Input parameter values used to simulate the kinetics of 2-methylpentanoic acid in
human (97-61-0)

Parameter Value Method / Comment Source/Reference
MW [g/mol] 116.16 EPI-Suite (v4.1, US-EPA)
logP 1.8  experimental EPI-Suite (v4.1, US-EPA)
Compound Type Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
TPSA (A2) 37.3 https://pubchem.ncbi.nim.nih.gov/compound/7341#section=Chemical-
and-Physical-Properties
Hydrogen bond 1 https://pubchem.ncbi.nim.nih.gov/compound/734 1#section=Chemical-
donors and-Physical-Properties
fu 0.265 predicted Random forest (model 1)
0.454  predicted Lhasa
B/P ratio 0.55  assumed
e 09 E@f\l?sﬁlcj%nsgﬁ[)) and  \Winiwarter et al,, 2003; Winiwarter e al., 1998)
ka (h1) 2.546  predicted (Simeyp V17r1)
fucut 1 assumed
Clint (I/min/108 cells) 10.2  experimental (HUREL Cyprotex data (CYP1440)
coculture system)
i 0956 rodicted (Kilford et al., 2008)
(fu heps)

Physiology data used in the mouse PBPK simulations

Population variability is not accounted for in the Simcyp mouse PBPK simulator and so
only population representative simulations were run; Table 10.

Table 10. Mouse population physiology data

Parameter Mean value
Weight (g) 25
Cardiac output (ml/min) 14.010
Serum albumin (g/L) 31.240

Data for simulation of the mouse in vivo kinetics of read-across study compounds

Data and the corresponding source and/or reference used in the human compound files are
shown in Table 11-Table 15.
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Table 11. Input parameter values used to simulate the kinetics of Valproic acid in mouse (99-

66-1)
Parameter Value Method / Comment Source/Reference
MW [g/mol] 144.21 EPI-Suite (v4.1, US-EPA)
logP 2.75  experimental EPI-Suite (v4.1, US-EPA)
Compound Type ~ Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
fu 0.2 . Lhasa
0.41 scaled from human prediction CORAL model

B/P ratio 0.5819  assumed
fa 0.942 predicted using MechPes (Simcyp v17r1)  (Winiwarter et al., 2003; Winiwarter et al., 1998)
ka (h1) 3.512  predicted (Simeyp V17r1)
fucut 1 assumed
CLiv (mL/min) 0.01 (min fu)  allometrically scaled from human

003 (maxfu) prediction Cyprotex data (CYP1440)

Table 12. Input parameter values used to simulate the kinetics of 2-Ethyl Butyric acid in

mouse (88-09-5)

Parameter Value Method / Comment Source/Reference
MW [g/mol] 116.16 EPI-Suite (v4.1, US-EPA)
logP 1.68  experimental EPI-Suite (v4.1, US-EPA)
Compound Type ~ Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
i g;g scaled from human prediction f::::m selrest)i)
B/P ratio 0.5819  assumed
fa 0.803  predicted using MechPeit (Simcyp v17r1)  (Winiwarter et al., 2003; Winiwarter et al., 1998)
ka (h) 1.831  predicted (Simcyp V17r1)
fucut 1 assumed
CLiv (mL/min) 0.79 (min fu)  allometrically scaled from human

1.13 (max fu)

prediction

Cyprotex data (CYP1440)

Table 13. Input parameter values used to simulate the Kkinetics of 2-Ethyl Hexanoic acid in

mouse (149-57-5)

Parameter Value Method / Comment Source/Reference
MW [g/mol] 144.21 EPI-Suite (v4.1, US-EPA)
logP 2.64  experimental EPI-Suite (v4.1, US-EPA)
Compound Type ~ Monoprotic acid
pKa 33 ACD/Percepta (2012 release, build 2254, ACD Labs)
g b2 scaled from human prediction e ez (ee )

0.41 CORAL model

B/P ratio 0.5819  assumed
fa 0.294  predicted using MechPeit (Simcyp v17r1)  (Winiwarter et al., 2003; Winiwarter et al., 1998)
ka (h) 0.357  predicted (Simcyp V17r1)
fucut 1 assumed
CLiv (mL/min) 00_6073((;;2 ;z; erls(rjri];}gﬁally scaled from human Cyprotex data (CYP1440)
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Table 14. Input parameter values used to simulate the kinetics of 2-methylhexanoic acid in
mouse (4536-23-6)

Parameter Value Method / Comment Source/Reference
MW [g/mol] 130.19 EPI-Suite (v4.1, US-EPA)
logP 247  predicted EPI-Suite (v4.1, US-EPA)
Compound Type ~ Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
i - scaled from human prediction R Es LR L)

0.56 Lhasa

B/P ratio 0.5819  assumed
fa 0.918  predicted using MechPest (Simcyp v17r1)  (Winiwarter et al., 2003; Winiwarter et al., 1998)
ka (h") 3.005 predicted (Simcyp V17r1)
fucut 1 assumed
CLiv (mL/min) 0.35 allometrically scaled from human

0.53  prediction

Table 15. Input parameter values used to simulate the Kkinetics of 2-methylpentanoic acid in
mouse (97-61-0)

Parameter Value Method / Comment Source/Reference
MW [g/mol] 116.16 EPI-Suite (v4.1, US-EPA)
logP 1.8 predicted EPI-Suite (v4.1, US-EPA)
Compound Type ~ Monoprotic acid
pKa 48 ACD/Percepta (2012 release, build 2254, ACD Labs)
i 8;2 scaled from human prediction f::::m selrest)i)
B/P ratio 0.5819  assumed
fa 0.826  predicted using MechPeit (Simcyp v17r1)  (Winiwarter et al., 2003; Winiwarter et al., 1998)
ka (h) 1.983 predicted (Simcyp V17r1)
fucut 1 assumed
CLiv (mL/min) 0.82 (minfu)  allometrically scaled from human

1.13 (max fu)  prediction
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EU-ToxRisk Case Study 2
Reporting Case Studies on Chemical Grouping (Read-Across)

Metabolism Information for Mock Submission

Note on Document History

The information contained in this document was originally assembled in respect of the case
study 1 mock submission. The case study 2 mock submission is based on the same chemical
class (valproic acid analogues) but for a different toxicological endpoint. Compounds for
the current submission are a subset of those chosen in case study 1 and the target compound
for case study 2 is methylhexanoic acid rather than ethylbutyric acid. Due to restricted
time, this document has not been modified wholesale to reflect this. Rather, information
relevant only to case study 1 or superfluous to case study 2 is noted in the text and/or
graph/table titles. Target and analogue compounds are give in the following table:

Compound Name CAS Number ~ Case Study 1 Mock Submission ~ Case Study 2 Mock Submission
2-Ethylbutyric Acid 88-09-5 Target Compound Analogue Compound
2-Propylheptanoic Acid 31080-39-4 Analogue Compound Analogue Compound
2-Ethylheptanoic Acid 3274-291 Analogue Compound
2-Propylhexanoic Acid 3274-28-0 Analogue Compound

Valproic Acid 99-66-1 Analogue Compound Analogue Compound

2-Ethylhexanoic Acid 149-57-5 Analogue Compound Analogue Compound
2-Ethylpentanoic Acid 20225-24-5 Analogue Compound
2-Methylbutyric Acid 1730-91-2 Analogue Compound
2-Methylpentanoic Acid 97-61-0 Analogue Compound Analogue Compound
2-Methylhexanoic Acid 4536-23-6 Analogue Compound Target Compound
Pivalic Acid 75-98-9 Analogue Compound

Tony Long, 30 November 2018

Known Metabolism of Case Study Target and Analogues

[comments for case study 1, pivalic acid is not a case study 2 analogue]

A search of the literature has unearthed variable amounts of information on the metabolism
of four out of the ten chosen analogue compounds. Sources include PubMed, the Human
Metabolome Database, PubChem, DrugBank as well as non-specialised sources such as
Google. Two of the ten analogue compounds (valproic acid and pivalic acid) have some
representation in the Lhasa Limited metabolism data set. Analogue compounds with
some known metabolism are: valproic acid, 2-ethylhexanoic acid, 2-methylhexanoic
acid and pivalic acid.

Valproic acid

The in vivo and in vitro metabolism of valproic acid (VPA) and 4-ene VPA is extensive,
well documented and reviewed1,2 for a number of animal species and human. Metabolites
can be categorised as those arising from CYP-catalysed oxidation at alkyl side chains
(microsomes, endoplasmic reticulum), those arising from betaoxidation pathways

! Contributors:

Tony Long, Ernest Murray, Catherine O’Leary-Steele and David Ponting
Lhasa Limited, Granary Wharf House, 2 Canal Wharf, Leeds LS11 5PS, West Yorkshire, UK Telephone: +44 (0)113 394 6020
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(mitochondria) and those occurring as a consequence of phase II reactions of conjugation
(endoplasmic reticulum and cytosol). Variability of VPA metabolism and
pharmacokinetics in different disease states and co-administrations are well-studied. VPA
is highly protein bound (87-95%) resulting in low clearance (6—20 ml/h/kg). Its major
urinary metabolite is the valproate glucuronide accounting for 30-50% of an administered
dose. beta-Oxidation is the most important oxidative biotransformation type (>40%) for
VPA with CYP-based hydroxylation/dehydrogenation (15-20%) playing a secondary role.
Some 50-70 different metabolites have been suggested in the literature for VPA. Some
example metabolites in all three biotransformation categories are shown below.

Valproic Acid Metabolites

Metabolites from Conjugation Reactions

Rt 2 At

Metabolites from beta-Oxidation

ARCaNe
T

Metabolites from CYP-Catalysed Oxidation

o

-
R e
Y

2-Ethylhexanoic acid

Along with 2-ethylhexanol, 2-ethylhexanoic acid is a metabolite of the plasticiser bis(2-
ethylhexyl)phthalate and is reasonably well studied®**>¢. Data is available from both in vitro
and in vivo experiments in human, rat, rabbit, mouse, monkey, guinea pig and dog. Like
valproic acid (of which 2-ethylhexanoic acid is a chain isomer) metabolism is by
glucuronide conjugation, beta-oxidation and CYP-mediated
hydroxylation/dehydrogenation. Some example metabolites in all three biotransformation
categories are shown below. Additional but uncharacterised hydroxylated metabolites and
two lactones have also been reported.
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2-Ethylhexanoic Acid Metabolites

Metabolites from Conjugation Reactions

A

Metabolites from beta-Oxidation

At

Metabolites from CYP-Catalysed Oxidation

10O SILES LGS SIS S

2-Methylhexanoic acid

The metabolism of 2-methylhexanoic acid has been reported to be by glucuronidation in
hepatic microsomes of several species including human’. Glucuronidation activity toward
several analogue compounds (3-methylhexanoic acid, 4-methylhexanoic acid, 5-
methylhexanoic acid, 2-ethylhexanoic acid, 3-ethylhexanoic acid, 4-ethylhexanoic acid and
3-ethyloctanoic acid) increased as a function of molecular weight, but was not affected by
the position of the methyl or the ethyl moiety on the hydrocarbon chain.

2-Methylhexanoic Acid and Analogues that Undergo Glucuronidation (from reference 7)

Pivalic acid [pivalic acid is not a case study 2 analogue]

Pivalic acid undergoes conjugation with glucuronic acid, glycine and carnitine in rat, dog,
rabbit and monkey hepatocytes and kidney slices®’.

Pivalic Acid Metabolites

Cx OH
(1 QH
aH .
QM ’
o I
- H d/\ﬂ/ ~ '|E-.,‘
OH
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Predicted Metabolism of Case Study Target and Analogues

Target Compound: 2-Methylhexanoic Acid (CAS: 4536-23-6)

Predicted Metabolism at First Generation Only (see General Methods)
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Analogue Compound 1: 2-Ethylbutyric Acid (CAS: 88-09-5)

[

-

Predicted Metabolism at First Generation Only (see General Methods)

2-Ethylbutyric Acid
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Metabolites Occurring as a Result of Biotransformations with Score > 0 (First Generation
Only)
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Metabolism Prediction: Comparison of Target Compound v. Analogue Compound 1 (First
Generation Only)

2-Methylhexanoic mAcid 2-Ethylbutyric Acid (scores are not normalised)

2-Metylbexanoic Acid v. 2-Ethylbutyric Acid

Absoluts Score

g

Similarity of First Generation Tree: Target Compound v. Analogue Compound 1 (See
General Methods)

Biotransformation Fingerprint Method: 0.50
Concordant Metabolite Method: (.52

Common Metabolites up to Third Generation (See General Methods)

2- Methylhexanoic Acid

No. Unique Metabolites: 295

No. Unique Metabolites (Score > 0): 128
2-Ethylbutyric Acid

No. Unique Metabolites: 185

No. Unique Metabolites (Score > 0): 35

Number of Common Metabolites (Score > 0): 0

Common Metabolite Structures: N/A
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Analogue Compound 2: 2-Propylheptanoic Acid (CAS: 31080-39-4)

Predicted Metabolism at First Generation Only (see General Methods)

2-Propylheptanoic Acid
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Metabolites Occurring as a Result of Biotransformations with Score > 0 (First Generation

Only)
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Metabolism Prediction: Comparison of Target Compound v. Analogue Compound 2 (First

Generation Only)

2-Methylhexanoic mAcid 2-Ethylbutyric Acid (scores are not normalised)
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Similarity of First Generation Tree: Target Compound v. Analogue Compound 2 (See
General Methods)

Biotransformation Fingerprint Method: 0.64
Concordant Metabolite Method: 0.78

Common Metabolites up to Third Generation (See General Methods)

2- Methylhexanoic Acid
No. Unique Metabolites: 295
No. Unique Metabolites (Score > 0): 128

2-Propylheptanoic Acid

No. Unique Metabolites: 587

No. Unique Metabolites (Score > 0): 254
Number of Common Metabolites (Score > 0): 0

Common Metabolite Structures: N/A

Analogue Compound 3: Valproic Acid (CAS: 99-66-1)

]
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Predicted Metabolism at First Generation Only (see General Methods)

Valproic Acid
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Metabolism Prediction: Comparison of Target Compound v. Analogue Compound 3 (First
Generation Only)

2-Methylhexanoic Acid mValproic Acid (scores are not normalised)

2-Methylhexanoic Acid v. Valproic Acid
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Similarity of First Generation Tree: Target Compound v. Analogue Compound 3 (See General
Methods)

Biotransformation Fingerprint Method: 0.63
Concordant Metabolite Method: (.72

Common Metabolites up to Third Generation (See General Methods)

2- Methylhexanoic Acid

No. Unique Metabolites: 295

No. Unique Metabolites (Score > 0): 128
Valproic Acid

No. Unique Metabolites: 337

No. Unique Metabolites (Score > 0): 179

Number of Common Metabolites (Score > 0): 0

Common Metabolite Structures: N/A
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Analogue Compound 4: 2-Ethylhexanoic Acid (CAS: 149-57-5)

Predicted Metabolism at First Generation Only (see General Methods)
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Metabolites Occurring as a Result of Biotransformations with Score > 0 (First Generation
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Metabolism Prediction: Comparison of Target Compound v. Analogue Compound 4 (First
Generation Only)

2-Methylhexanoic Acid m2-Ethylhexanoic Acid (scores are not normalised)

2-Methylhexancic Acid v. 2-Ethylhexanoic Acid
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Similarity of First Generation Tree: Target Compound v. Analogue Compound 4 (See
General Methods)

Biotransformation Fingerprint Method: 0.86
Concordant Metabolite Method: 0.98

Common Metabolites up to Third Generation (See General Methods)

2- Methylhexanoic Acid

No. Unique Metabolites: 295

No. Unique Metabolites (Score > 0): 128
2-Ethylhexanoic Acid

No. Unique Metabolites: 437

No. Unique Metabolites (Score > 0): 233

Number of Common Metabolites (Score > 0): 0

Common Metabolite Structures: N/A
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Analogue Compound 5: 2-Methylpentanoic Acid (CAS: 97-61-0)
o

Predicted Metabolism at First Generation Only (see General Methods)
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Metabolites Occurring as a Result of Biotransformations with Score > 0 (First Generation

Only)
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Metabolism Prediction: Comparison of Target Compound v. Analogue Compound 5 (First
Generation Only)

u2-Methylhexanoic Acid m2-Methylpentanoic Acid (scores are not normalised)

2-Methylhexanoic Acid v. 2-Methylpentanoic Acid
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Similarity of First Generation Tree: Target Compound v. Analogue Compound 5 (See
General Methods)

Biotransformation Fingerprint Method: 0.88
Concordant Metabolite Method: 0.76

Common Metabolites up to Third Generation (See General Methods)

2- Methylhexanoic Acid

No. Unique Metabolites: 295

No. Unique Metabolites (Score > 0): 128
2- Methylpentanoic Acid

No. Unique Metabolites: 254

No. Unique Metabolites (Score > 0): 134

Number of Common Metabolites (Score > 0): 0

Common Metabolite Structures: N/A

General Comments on Prediction and Comparison to Published Literature

The most extensively studied and metabolically characterised analogue in this study is
valproic acid itself and this has an extensive and complex metabolic profile as already
discussed. Meteor Nexus is able to predict all phase II biotransformations with the
exception of the adenylate (adenosine monophosphate) conjugate reported in a couple of
studies. This is generally not a significant or detectable conjugate in the study of the vast
majority of compounds with a carboxylic acid function. Whilst beta-oxidation is predicted
for most analogues, the score assigned to the biotransformations is always zero. The reason
for this is that the Meteor Nexus choice of nearest neighbour algorithm requires the
metabolite structure in the data set, in the case of beta-oxidation (and in respect of the
Meteor Nexus definition of this biotransformation) the final product that results after the
final thiolytic cleavage and CoA deconjugation. These steps has been hinted at in the
literature but never observed for valproic acid or any of its analogues. The theoretical
structures and intermediates are available though for inspection in the Meteor Nexus trees.
For substrates with a branched propyl chain, Meteor Nexus predicts conjugation with
glutathione (biotransformation 506). Within this pathway, there are intermediates which
arise as a result of sequential CYP-oxidation (terminal dehydrogenation) and beta-
oxidation (internal dehydrogenation):

i ‘-\-" oH ‘““-,“ S oH

which is followed by 1,6-conjugate addition of glutathione to the 2-propyl-penta-2,4-
dienoic acid. This reaction has been observed only for valproic, 4-ene- and 2,4-diene
valproic acids but would in any case seem to be peculiar to propyl groups as a terminal
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dehydrogenation is involved. All of the major CYP oxidations seen in the literature are
predicted by Meteor Nexus including some of the non-obvious metabolites such as those
resulting from lactone formation, however it is necessary to examine the larger, multi-
generational trees in order to observe the predictions of these downstream metabolites.
Understanding the limitation of the zero score for beta-oxidations, Meteor Nexus predicts
well for this class in respect of the major and most often observed metabolites. The general
(and expected) trend in prediction (and limited observation) is that the relative amount of
carboaliphatic oxidation increases as the length of the alkyl chain and the side branch
increases. Some degree of conjugation (by a combination of glucuronic acid, glycine,
glutamine and taurine) is always predicted and these are usually the most significant
contributors to clearance of these compounds in vivo.
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Combined Graph of Biotransformation Scores for Target Compound and Analogue Compounds
[case study 1 - see notes on document history for relevance to case study 2]
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Combined Graph of Biotransformation Scores for Target Compound and Analogue Compounds (Alternative Visualisation)
[case study 1 - see notes on document history for relevance to case study 2]

Mictranstormation Profile of 2-Ethylbutyric Acid and Case Study Analogues
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Comparison of Structural, Metabolic (Concordant Metabolite) and Biotransformation Fingerprint Similarities for Target and
Analogue Compounds

Structural, Metabolite and Biotransformation Fingerprint Similarities of 2-Methylhexanoic Acid and Analogues

2-Methylhexanoic Acid 2-Ethylbutyric Ackd 2-Propyheptanoic Acid Valproic Acid 2-Fthylhexanoic Acld 2-Methylpentanoic Acid

* Structural Similarity (Ceres) * Metabolic Similarity * Biotransformation Fingerprint
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Structural and Metabolic (Concordant Metabolite) Similarities of 2-Methylhexanoic Acid and Analogues

2-Methylhexanoic Add 2-Ethybutyric Acid 2-Propyheptanoic Add Valprolc Acid 2-Ethylhexanoic Add 2-Methylpentanoic Add

¥ Structural Similarity (Ceres) * Metabolic Similarity
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Structural and Biotransformation Fingerprint Similarities of 2-Methylhexanoic Acid and Analogues

| —
—

2-Methylhexanoic Add 2-Ethylbutyric Acid 2-Propylheptancic Add Valproic Acid 2-Ethylhexanolc Add 2-Methylpentanoic Adid

¥ Structural Similarity (Ceres) ¥ Biotransformation Fingerprint
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Metabolic and Biotransformation Fingerprint Similarities of 2-Methylhexanoic Acid and Analogues

— T
-
—
e
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2 Methylhexanoic Acid 2-Fthylbutyric Acid 2 Propytheptanoic Acd Valproic Acid 2-Ethylhexanoic Acd 2 Methylpentanoic Acd

* Metabolic Similarity ¥ Biotransformation Fingerprint

Unclassified



82 | ENV/JM/MONO(2020)21/ANN3

Biotransformation Fingerprints (Heatmap) for Target and Analogue Compounds
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Tanimoto Similarity Matrix Based on Biotransformation Fingerprints for Target and Analogue Compounds

Tanimoto Coefficient Code:

D

0.01-0.33

0.67-0.99
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Essential Statistics* Regarding the Lhasa Limited Metabolism Dataset and Definition
of Applicability Domain

Number of Unique Parent Compounds: 2739
Number of Metabolic Biotransformations: 31897

Distribution of the Number of Biotransformations for Parent Compounds in the Dataset
14000

12000
10000
8000
= 6000
3
4000
3 2000 . g -
5 e — —
1 2 3 4 5 6 7

8 9 10 11 12 13 14 15
Blotransformation Sequence Length

4

(N

Ny

Experiment Type Number of Experiments
In vitro 2764
In vivo 2477
Ex Vivo 2

Distribution of Species in the Dataset

o Rat
¥ Human
u Mouse

Dog
B Monkey
= Rabbit
® Human, Rat
B Guinea Pig
™ Rat, Mouse
u Pig
H Rat, Dog
| Human, Rat, Mouse
= Hamster
» Cow

*Numbers refer to Lhasa Limited Metabolism Dataset version 2.2.0 used in this study.
Valproic acid and pivalic acid in our mock submission are part of the dataset [pivalic acid is not an anolgue
compound for case study 2].
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=
=
3

Distribution of In Vivo, In Vitro and Ex Vivo Experiments in the Dataset

Invivo ¥ Invitro = Exvivo

Analysis of the Applicability Domain

In this section the applicability domain is analysed. The applicability domain indicates
whether or not the model/database used for the prediction of, for example,
biotransformation scores cover compounds with comparable features to the predicted
compounds. Applicability domains can be analysed in many different ways*. Here we
report how well the source and target compounds are covered with regard to their structural
and physico-chemical properties in the Meteor Nexus knowledge base.

Meteor Nexus is an knowledge based system. Its rules have been derived by human experts
over many years from study and knowledge of the metabolic chemistry literature and as
such are not built on the dataset in the same way as a QSAR or some other model is
mathematically built on a training set. However, biotransformations scores, which give us
a level of confidence in the occurrence of a particular biotransformation, are predicated'¢
on a set of nearest neighbour parent compounds drawn from the dataset. In that respect the
metabolism dataset is a viable “surrogate” training set for a definition of the applicability
domain in this analysis.

Principal Component Analysis and Molecular Fingerprint Definition of the
Lhasa Limited Metabolism Dataset and the Mock Submission Target and
Analogue Compounds

Principal Component Analysis (PCA) is a mathematical method for dimensionality
reduction that allows for multidimensional datasets to be visualized using two- or three-
dimensional plots with minimal loss of information!®!!. In this case we chose 32 structural
and physicochemical properties of two datasets namely the Lhasa Limited Metabolism
Dataset and the chosen case study 1 target and analogue compounds. Each compound in
the dataset is represented by a 32-dimensional vector defined by the physicochemical
properties calculated using RDKit and CDK nodes in KNIME.
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Calculated Descriptors from RDKit and CDK

SlogP, SMR, LabuteASA, TPSA, AMW, NumLipinskiHBA, NumLipinskiHBD, NumRotatableBonds, NumHBD, NumHBA, NumAmideBonds,
NumHeteroAtoms, NumHeavyAtoms, NumAtoms, NumStereocenters, NumUnspecifiedStereocenters, NumRings, NumAromaticRings,
NumSaturatedRings, NumAliphaticRings, NumAromaticHeterocycles, NumSaturatedHeterocycles, NumAliphaticHeterocycles,
NumAromaticCarbocycles, NumSaturatedCarbocycles, NumAliphaticCarbocycles, FractionCSP3, Atomic Polarizabilities, Bond Polarizabilities,
VABC Volume Descriptor, Largest Pi Chain, Molecular Weight.

Each value was normalised using 'z-scores', meaning that each descriptor value is
transformed such that the value in each column has a mean of 0.0 and a standard deviation
of 1.0. Each chemical in the dataset can also be represented as a molecular fingerprint!?
using RDKit.

The first principal component calculated (PCO) accounts for as much of the variability in
the original (normalised) data as possible, with each succeeding component (PC1, PC2
etc.), which are projected orthogonally to each other, accounting for as much of the
remaining variability as possible. To visualise the chemical space occupied by the case
study parent structures, the points calculated for the Lhasa Dataset (small blue spheres)
were plotted using the values for the first two principal components (PC0O and PC1) and the
case study parent compounds points were overlaid (large green spheres). This is shown in
the following figure:

2D-Plot of PCO and PCI (Phyricochamical Properties) for the
Lhasa Metabolism Dataset {Blue Spheres) and the Case Study 1 Compounds (Green Spheres)

[data for case study 1 - see notes on document history for relevance to case study 2]

The figure shows that the case study compounds lie within the domain of the chemical
space described by the Lhasa Metabolism Dataset as defined by these principal
components.

If the data is projected using a third principal component (PC2) then the overall 3D space
occupied by the case study compounds can be shown to lie within the chemical space
defined by the minimum and maximum values for each axis of the three principal
components as shown in the following table:
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PCO PC1 PC2
Minimum Value of Principal Component -6.3509 _
2,2-dimethylpropanoic acid -3.4332 0.6506 -0.729
2-methylbutanoic acid -2.9244 -0.0348 -0.83
2-ethylbutanoic acid -1.728 0.5106 -0.5607
2-methylpentanoic acid -1.3918 -0.2201 -0.5276
2-methylhexanoic acid 0.127 -0.3091 -0.1925
2-ethylpentanoic acid 0.127 -0.3091 -0.1925
Valproic acid 1.3011 0.3928 0.1298
2-ethylhexanoic acid 1.6372 -0.3379 0.163

2-ethylheptanoic acid 3.1417 -0.3265 0.5321
2-propylhexanoic acid 3.1417 -0.3265 0.5321

2-propylheptanoic acid -0.2871 0.9107
Maximum Value of Principal Component

[case study 1 analogues have been greyed out]

Contribution (variance) of physicochemical descriptors to each principal component is
shown in the following chart:

Contribution (Variance) of Physicochemical Descriptors Contributing to Principal Components
SogP w SMR m LabuteASA n TPSA
5 AMW o NumLipinskiHBA NumLipmsk#isD NumRota tablet onds
NumHBD NumHBA NumAmideBonds NomHbeteroAtloms
NumiHeavyAtoms B NumAtoms o NumStereocenters # NumUnspedfiedStercocenters
m Numitings m Numdsoms ticRings NumSs lur ste diings NumAliphaticRings
NumAromaticHeterooycles = NurmSaturatedHeterocydes NumAliphaticti esterocydes NumAromsti cCarbocycles
m NumSaturatedCarbooycles m NumaliphaticCarbocydes ¥ FractionCSP3 8 Atomic Polarizabilities

® Bond Polarizabilities ™ VABC Volume Descriptor Largest Pl Chain Molecular Weight

W
)
=
<
[
<
>

Visualisation of three principal components is best achieved interactively - in this instance
a KNIME 2D/3D Scatterplot node was employed. Some representative visualisations are
shown below:
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Representative 3D-Visualisations Using Principal Components 0, 1 and 2 (Physicochemical Descriptors) Showing Case Study 1
Compounds (Large Purple Spheres) lying within the Chemical Space of the Lhasa Limited Metabolism Dataset (Small Red Spheres).

rm
-8 0 L] hd

[data for case study I - see notes on document history for relevance to case study 2]

Note that in this table the following compounds have the same values: 2-methylhexanoic

acid/2-ethylpentanoic acid and 2-ethylheptanoic acid/2-propylhexanoic acid; therefore,
their points overlap in the plot giving nine points and not the expected eleven.

The Lhasa Limited metabolism dataset contains 2739 unique parent compounds. However,
only a small proportion of these are used to furnish the supporting nearest neighbours in
this analysis. Although most of them appear many times supporting the scores for various
biotransformations, there are only 46 unique nearest neighbours (UNN) in this set. These
are shown below:
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Case Study Compounds in the Unique Nearest Neighbours (UNN) Set:

This set of compounds can be used to define a “localised” applicability domain in which
the minimum and maximum values of principal components 0, 1 and 2 define a smaller
area of chemical space than the whole dataset. All of the target and analogue compounds
lie within this localised domain indicating that the nearest neighbours are
physicochemically closer in nature to the query structures. This is to be expected as the
choice of nearest neighbours within Meteor Nexus is constrained (by default) to those
whose molecular weight is £30% that of the query compound - molecular weight having
some approximate covariance with other physicochemical descriptors such as LogP, total
polar surface area, number of rotatable bonds and so on.

PCO PC1 PC2
Minimum value of Principal Component (UNN) -5.10143
Maximum value of Principal Component (UNN) 3.932278
Minimum Value of Principal Component (Full Dataset) -6.3509
Maximum Value of Principal Component (Full Dataset) 5.5558 5.8887

Localised Applicability Domain (Purple Inner Box) Defined by the Set of 46 Unique Nearest
Neighbours Compared to the Global Applicability Domain (Lilac Outer Box) Defined by the
2739 Compounds of the Lhasa Limited Metabolism Data Set. Case Study Compounds are
Shown as Blue Spheres in Two-Dimensional Principal Component Space (PO v. P1, PO v. P2
and P1 v. P2)

o i dnn oo b P sl £  8  Ade Camami

SPTY B T r LT R

[data for case study I - see notes on document history for relevance to case study 2]

The result of repeating the procedure of overlaying the data using the Morgan
fingerprinting method is shown below:
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20-Plat of PCO and P {Morgan Fingerprints) for the
Lhasa Matabolism Datasst {Blue Spherss) and the Cose Study 1 Compounds (Orange Spheras)

[data for case study 1 - see notes on document history for relevance to case study 2]

Applicability Domain Declaration of the Mock Submission Target and Analogues
Compounds Based on Physicochemical Principal Component Analysis and Morgan
Fingerprints.

The analysis of physico-chemical and structural properties indicates that all compounds are
covered in the domain of the Meteor Nexus knowledge base. This is summarised in the
following table:

Applicability Domain

Compound Name CAS Number Phys. Chem (PCA) Morgan Fingerprints
2-Ethylbutyric Acid 88-09-5 In Domain In Domain
2-Propylheptanoic Acid 31080-39-4 In Domain In Domain
2-Ethylheptanoic Acid 3274-291 In Domain In Domain
2-Propylhexanoic Acid 3274-28-0 In Domain In Domain
Valproic Acid 99-66-1 In Domain In Domain
2-Ethylhexanoic Acid 149-57-5 In Domain In Domain
2-Ethylpentanoic Acid 20225-24-5 In Domain In Domain
2-Methylbutyric Acid 1730-91-2 In Domain In Domain
2-Methylpentanoic Acid 97-61-0 In Domain In Domain
2-Methylhexanoic Acid 4536-23-6 In Domain In Domain
Pivalic Acid 75-98-9 In Domain In Domain

Quality Definition of the Lhasa Limited Metabolism Dataset

Harvesting data regarding metabolic chemistry from the literature can be extremely
challenging due the uncertainties inherent in the assignment of chemical structures and
reaction pathways. Some of the elements contributing to difficulty of interpretation include:
incomplete chromatographic and chemical characterisation, ambiguous or unknown region
and stereochemistry, length and branching of reaction sequences, incomplete or ambiguous
reaction sequence characterisation, obscure or unknown chemistry, and so on. Whilst
automated methods in KNIME have been developed to check certain elements such as
formatting integrity, much of our work has required expert peer review. A classification
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system has been developed which enables each paper to be assigned to a category
depending on the degree of difficulty in its interpretation. We have defined five categories
as follows: “trivial: easy and uncontentious” (category 1), “straightforward: slight
ambiguity” (category 2), “moderate: need for some expert calls” (category 3), “challenging:
need for many expert calls” (category 4) and “advanced: ambiguity remaining after expert
calls” (category 5). It is not practical to peer review every submission (and is not always
needed) and so attention has been primarily focussed on categories 3-5, the target
percentage of submissions subject to expert peer review increasing with the difficulty of
interpretation. All submissions in category 5 have been subject to peer review by at least
one principal or senior project team member. A random sample (1%) of submissions from
each category was subjected to a further rigorous peer review and the errors and error rates
noted. By extrapolation, the residual error rate across the database could be estimated. Here
we report errors is the three categories assessed: Experimental Protocol, References,
Structures and Biotransformations.

Residual Error Rate in the Lhasa Limited Metabolism Dataset version 2.2.0

Error Category Typical Error Issue Error Rate
Experimental Species/strain assignment, dose levels, assay source, assay time, total recovery, 11.90%
Protocol amount of unchanged drug detected.

References Typographical errors in author list or paper title. 1.28%
Structures and Incorrect parent compound or metabolite structure, misclassified biotransformation 2.02%

Biotransformations ~ name, misclassified metabolite type (observed, presumed, expert call).

We had hoped for a residual error rate in all three categories of <5% and whilst the error
rate in the experimental protocol category is higher than this, the information contained has
no effect on the construction of the site-of-metabolism model from which nearest
neighbours are chosen and upon which predicted biotransformation scores are predicated.
This requires accuracy in the structures and biotransformation category and so we consider
the residual error rate of 2% as acceptable.

Confidence Definition of References for Nearest Neighbour Examples Supporting
Biotransformation Scores

This is expressed as an average across all references for each nearest neighbour example
for each biotransformation for the target compound and the analogue compounds.
Confidence ratings were calculated according to the method of Ponting et al'’. The
confidence rating is the summation of the Chemical Characterisation Techniques Score (0-
4), the Pathway Uncertainty Score (0-2) and the Metabolite Uncertainty Score (0-2); the
minimum combined score is 0 and the maximum 8. These are expressed as a percentage of
the maximum. Individual rating definitions for each parameter are given in the table below:
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Scheme of Assessment of Chemical Characterisation Confidence Ratings

Score 0 1 2 3 4

Parameter
Chemical Insufficient Poor Fair Good Excellent
Characterisation
Techniques
Pathway Uncertainty Sequence assignment has Sequence assignment has Sequence assignment has

high level of presumed moderate level of presumed  low level of presumed

metabolites metabolites metabolites
Metabolite Structure assignment needs  Structure assignment needs  Structure assignment needs
Uncertainty high level of expert call moderate level of expert call  low level of expert call

Average Confidence Rating (as a Percentage of the Maximum) of References for
Nearest Neighbours in Respect of Target Compound and Analogue Compounds
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[data for case study 1 - see notes on document history for relevance to case study 2]

Individual Scores for Nearest Neighbour Examples in the Categories of: Chemical
Characterisation Techniques, Pathway Uncertainty and Metabolite Uncertainty.

Comp_ReflD Techniques_verbal Techniques_binned (0-4) Pathway Uncertainty (0-2) Metabolite Uncertainty (0-2) SCORE (0-8)
Phenylbutyrate_094 excellent 4 2 2 8
Niacin_155 Poor 1 2 2 5
Phenylaceticacid_157 Insufficient 0 2 2 4
Cyclohexanecarboxylicacid_159 Poor 1 2 2 5
ButylGlycidylEther_233 Good 3 1 2 6
GSK977779_260 Good 3 2 0 5
L-menthol_415 Fair 2 2 2 6
2-Butoxyethanol_454 Poor 1 2 2 5
DCA_528 Good 8 2 2 7
R-2HMP_580 Fair 2 2 2 6
MET-88_603 Good 3 1 2 6
ButylAcrylate_859 Poor 1 1 2 4
EthylAcrylate_859 Poor 1 1 2 4
Trans-4-Hydroxy-2-hexenal _876 Good 3 2 2 7
4-Hydroxy-2-nonenal_881 Fair 2 2 2 6
ValproicAcid_920 Poor 1 1 2 4
VPA_1020 Excellent 4 2 2 8
VPA_1038 Fair 2 2 2 6
Butylphenol_1065 Poor 1 2 2 5
Ethylphenol_1065 Poor 1 2 2 5
Hexylphenol_1065 Poor 1 2 2 5
Nonylphenol_1065 Poor 1 2 2 5
2-trans-4-trans-Decadienal_1269 Good 3 2 2 7
Vigabatrin_1439 Good 3 2 2 7
10-DDNA_1492 Fair 2 2 2 6
11-DDNA_1492 Fair 2 1 2 5
8-DDNA_1492 Fair 2 2 2 6
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9-DDNA_1492 Fair 2 2 2 6
LauricAcid_1492 Fair 2 2 2 6
2,4-dieneVPA_1499 Fair 2 2 2 6
Milacemide_1532 Fair 2 1 2 5
n-Butylacrylate_5008 Good 3 0 2 5
L-menthol_5037 Fair 2 1 2 5
Gabapentin_5062 Poor 1 2 2 5
2-Bromooctane_5115 Poor 1 2 2 5
2-lodooctane_5115 Poor 1 2 2 5
2-Butoxyethanol_5116 Poor 1 2 2 5
Benzoicacid_5144 Fair 2 2 2 6
Trans-4-hydroxy-2-hexenal_5171 Fair 2 0 2 4
4-eneVPA_5181 Fair 2 1 2 5
Ethyl-4-eneVPA_5181 Fair 2 2 2 6
2-n-Propyl-4-Pentenoicacid_5210 Good 3 1 2 6
ValproicAcid_5212 Good 3 1 2 6
Fludalanine_5221 Fair 2 2 2 6
4-eneVPA_5232 Good B 1 2 6
Penicillamine_5253 Fair 2 2 2 6
2-Propyl-2-pentenoicacid_5297 Good 3 0 2 5
PPDEA_5303 Fair 2 1 2 5
PPDIPA_5303 Fair 2 1 2 5
PPDMA_5303 Fair 2 1 2 5
Valpromide_5313 Insufficient 0 2 2 4
D-Penicillamine_5339 Poor 1 2 2 5
VPA_5386 Poor 1 2 2 &
DMAIP_5389 Fair 2 2 2 6
PAABA_5389 Fair 2 2 2 6
Doxifluridine_5409 Fair 2 0 2 4
alpha-Fluoro-beta-alanine_5409 Poor 1 2 2 5
Lauricacid_5551 Good 3 2 2 7
1-(2-chlorophenyl)propan-2-one_5614 Insufficient 0 2 2 4
1-(2-fluorophenyljethan-1-one_5614 Insufficient 0 2 2 4
1-(4-chlorophenyl)propan-2-one_5614 Insufficient 0 2 2 4
1-(o-tolyl)ethan-1-one_5614 Insufficient 0 2 2 4
1-(p-tolyl)propan-2-one_5614 Insufficient 0 2 2 4
1-phenylpropan-2-one_5614 Insufficient 0 2 2 4
acetophenone_5614 Insufficient 0 2 2 4
octan-2-one_5614 Insufficient 0 2 2 4
Octanal_5616 Insufficient 0 0 2 2
Ethchlorvynol_5624 Fair 2 1 2 5
SalicylicAcid_5638 Poor 1 2 2 5
SalicyluricAcid_5638 Poor 1 2 2 5
4-Nonylphenol-a_5786 Good 3 1 1 5
4-Nonylphenol-b_5786 Good 3 2 0 5
4-eneVPA_6173 Fair 2 1 2 5
4-eneVPA_6183 Good 3 1 2 6
2F-4-eneVPA_7066 Excellent 4 0 2 6
General Methods

Descriptions of Meteor and its reasoning (scoring) methods'#!%:16:17

of some use cases'®!? have been published previously.
Program Versions
Nexus v.2.2.0 (Build 52 , Nov 2017)
Meteor Nexus v.3.1.0
Knowledge Base: Meteor KB 2018 1.0.0
Lhasa Limited Metabolism Data 2.2.0

Predicted Metabolism at First Generation Only

Process Constraints

Lhasa default except:
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Max. Depth: 1
Score Threshold: 100
Inactive Biotransformations: 428

Report

Biotransformation Names, Biotransformation Numbers, and Absolute Scores for the target
compound and each analogue compound were exported as a tsv file which was opened in
Microsoft Excel for the purposes of creating a bar chart for ease of visualisation. For visual
comparison of scores for analogue compound to target compound, the bar chart for the
analogue compound was pasted onto a copy of that for the target compound.

Post Processing Filters

Score: >0 (tolerance +£0.0)

Report

Metabolite structures resulting from biotransformations having a score of >0 were exported
as an sdf file which was conveniently visualised using Power MV, ChemFileBrowser or
KNIME. Metabolic trees (mx files) were also saved for the target compound and each
analogue compound.

Similarity of First Generation Only Trees: Target Compound v. Analogue Compound
CONCORDANT METABOLITE METHOD

In this general method (presented at the General Assembly Meeting, Egmond aan Zee,
September 2017), structural similarities of concordant (predicted) metabolites for closely
related analogues are assessed based on the dichotomous data Tanimoto method using
extended circular fingerprints as the choice of molecular descriptors. Concordant
metabolites are defined here as those arising via the same biotransformation occurring at
comparable positions with the target analogues. The similarity of the entire metabolic tree
(in our investigations to date, only the first generation of metabolites have been considered)
can then be assessed based on the continuous data Tanimoto method using the computed
similarities (a number between zero and one) for each concordant pair.

Process Constraints

Lhasa default except:
Max. Depth: 1
Score Threshold: 100
Inactive Biotransformations: 428

Post Processing Filters

Score: >0 (tolerance +0.0)

Report

Metabolite structures resulting from biotransformations having a score of >0 were exported
as an sdf file as described above.

Comparing the Metabolic Trees
Step 1
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For both target and analogue compounds, metabolites arising from the same
biotransformations (concordant metabolites) were matched by eye. As an example,
concordant metabolites for the target (2-ethylbutyric acid) and analogue compound 4
(valproic acid) are shown in the following table. It can be seen that there are four concordant
metabolite pairs (M1, M2, M3 and M5). Valproic acid metabolites M6, M7, M11 and M12
do not have counterparts in the 2-ethylbutyric acid metabolic tree:

Target Structure/Metabohte Name (CAS no.) Analogue Structure/Metabolite Name (CAS no.) Biotransformation

88-09-5 75-98-9 N/A

2-Ethylbuytric Valproic Acid
Acid
M1 M1 Glucuronidation of
J& i /& R Carboxylic Acids

M2 M2 Conjugation of Alkyl
i ) 1 Carboxylic Acids with
”/\[f \OJ\ A]/ Glycine

' M3 M3 Conjugation of Carboxylic
/jJ\I/\l’ . \QJ\/\I/ L Acids with Glutamine

M5 M5 Hydroxylation of
Penultimate Alkyl Methylene

! ' M6 Hydroxylation of Terminal

Methyl
I
M7 Hydroxylation of
Antepenultimate Alkyl
Methylene

M11 PROTOTYPE - Glutathione

"T' I‘\/\O)\ Conjugation of Valproic Acid
and Related Compounds

M12 PROTOTYPE - Glutathione

'Tf I\/\O)\ Conjugation of Valproic Acid
and Related Compounds

Step 2

An [i,j] matrix of metabolite structural similarities was computed for both target and
analogue compounds. This was achieved using a simple KNIME workflow in which the
sdf files of query structure and unique first generation metabolites (resulting from
biotransformations having a score of >0) were input into Lhasa’s Tanimoto structural
similarity node, wherein each structure in one sdf file is compared to each structure in the
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other. The [i,j] matrix of metabolite structural similarities is shown for 2-ethylbutyric acid
and valproic acid, below:

99-66-1 M1 M12 M1 M7 M5 M6 M2 M3

88-09-5 083 016 018 011 066 062 070 027 022
M2 027 034 033 014 025 024 026 091 060
M5 067 016 017 014 085 064 058 024 021
M3 026 038 037 018 024 024 027 064 098
M1 013 020 020 098 016 017 015 015 0.18

Only the similarity values of concordant metabolites are of interest for the next step and
these are highlighted in red in the above table (M1-M1, M2-M2, M3-M3 and M5-M5).

Step 3

An overall similarity assessment of the two metabolic trees can be generated by using the
structural similarity values from the [i,j] matrix and feeding these into the version of
Tanimoto equation that uses continuous rather than binary data. This equation is shown
below:

n
E .rjfl..rl,H
i=1

Tanimoto Similarity = - —

] n n
Do o+ Y @B - ) xAxB
f=1 =1 j=1 ‘

An example calculation follows. In the equation, xj4 can be interpreted as: x is the ;th value
of object A and similar for x;B. The compound showing the higher number of predicted
metabolites was assigned as compound A. In this example, valproic acid has 8 predicted
metabolites and 2-ethylbutyric acid 4. Valproic acid is assigned as compound A and 2-
ethylbutyric acid as B. In order to assign the values of x;4 each metabolite is compared to
itself and that value is, of course, always 1.

So:
n
j=1

Z:;l(xjA)z =8

The values of x;B are taken directly from the structural Tanimoto [i,j] matrix, and so:

and

n
Z xjA.x;B = (1x0.98) + (1 x 0.98) + (1 X 0.91) + (1 x 0.64) + (1 x 0) + (1
j=1
X0)+(1x0)+(1x0)=3.51

and
zn (ij)2 = (0.98)% + (0.98)% + (0.91)? + (0.64)? = 3.16
j=1

The main equation then simplifies to:
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o 3.51
Slmllarltyz8+316_351=0.46

Calculations were executed in Microsoft Excel using simple formulae but the method is
amenable to automation.

BIOTRANSFORMATION FINGERPRINT METHOD

We have defined the biotransformation fingerprint for a compound as a binary vector in
which the occurrence of a given biotransformation is labelled as 1 and lack of occurrence
of a given biotransformation is labelled as 0. In order to compare two molecules using the
Tanimoto coefficient for binary data we need the fingerprints for the two molecules plus a
third binary vector in which the occurrence of a given biotransformation in both molecules
is recorded. In this analysis the occurrence of a biotransformation is defined as a
biotransformation predicted with a score of >0.

Process Constraints

Lhasa default except:

Max. Depth: 1
Score Threshold: 100

Inactive Biotransformations: 428

Post Processing Filters

Score: >0 (tolerance +£0.0)

Example Calculation - Comparison of 2-Ethyl Butyric Acid to Valproic Acid

Biotransformation Name

>

AB

Glucuronidation of Carboxylic Acids

Conjugation of Alkyl Carboxylic Acids with Glycine

Conjugation of Carboxylic Acids with Glutamine

Conjugation of Carboxylic Acids with Taurine

Hydroxylation of Penultimate Alkyl Methylene

Hydroxylation of Penultimate Alkyl Methylene

Hydroxylation of Terminal Methyl

Hydroxylation of Terminal Methyl

Hydroxylation of Antepenultimate Alkyl Methylene

Hydroxylation of Antepenultimate Alkyl Methylene

PROTOTYPE - Glutathione Conjugation of Valproic Acid and Related Compounds
PROTOTYPE - Glutathione Conjugation of Valproic Acid and Related Compounds

Totals:

g1 O O O O O O = - O - a~

-

T T GG

1 O O O O © O = = O = =2

Where:

A = Biotransformations occurring for 2-ethylbutyric acid

B = Biotransformations occurring for valproic acid

AB = Biotransformations occurring for both 2-ethylbutyric acid and valproic acid

Applying the Tanimoto equation for binary data:

Unclassified
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Coefficients were calculated between the target compound and all analogue compounds.
These are conveniently visualised as a bar chart (comparing, for example, to the structural
Tanimoto similarities). All analogues were also compared to each other and, together with
the target compound, this is conveniently represented by a Tanimoto fingerprint matrix or
heatmap.

Note on Assignment of Biotransformations for Both Methods:

For symmetric compounds like valproic acid, application of some biotransformations will generate only one
metabolite (e.g. hydroxylation of terminal methyl) whilst those that are dissymmetric (like 2-propylheptanoic
acid) will generate two metabolites for the same reaction, because the biotransformation operates twice — once
on each different branch. For the purpose of generating the fingerprint, symmetric analogues like VPA are
treated as if dissymmetric, that is, the biotransformation is scored twice. This is reasonable treatment — both
carbon atoms in each propyl side-chain will react, it is just that the metabolites (ignoring any
substrate/metabolite enantioselectivity) are identical. This makes for a "fairer" comparison. If both compounds
to be compared are symmetric (e.g. 2-ethylbutyric and valproic) then one comparison is enough although for
the fingerprint method we have scored twice to maintain parity across the analogue set. If both compounds are
disymmetric then a four-fold comparison would be needed (la:1b, 1a:2b, 2a:1b and 2b:2b) at least for the
concordant metabolite method. As the target in this study is symmetrical this has not been needed, but this is a
general feature of symmetry handling that needs to be considered as we automate the methods going forward.

Common Metabolites up to Third Generation

Process Constraints

Lhasa default except:

Max. Depth: 3

Score Threshold: 100

Inactive Biotransformations: 428
Post Processing Filters

Hide Duplicates AND Score: >0 (tolerance +£0.0)

Report

Numbers of both unique metabolites and wunique metabolites resulting from
biotransformations having a score of >0 were recorded. For the target compound and each
analogue compound unique metabolites resulting from biotransformations having a score
of >0 were exported as an sdf file. For the target compound, the sdf file included a data
field containing the molecular formulae for the target compound itself and its suggested
metabolites. These molecular formulae were processed into a text file (target MF text file)
using Microsoft Excel.

Detection of Common Metabolites

For each analogue compound a further post processing filter was added to the metabolic
tree using AND logic. This was the “formula matches” filter and the input for this was the
target MX text file (described above). On activation of the filters, the metabolic tree for the
analogue now contained: unique metabolites resulting from biotransformations having a
score of >0 and having a molecular formula identical to one found in the metabolic tree for
the target compound. In most case the analogue compound metabolic tree collapsed to
display zero nodes (indicated that there were no predicted metabolites in common between
target compound and analogue compound). In cases where nodes passed this final filter,
manual inspection of the target compound metabolic tree was need to establish that
metabolites with identical formulae in respect of target and analogue trees were structural
isomers and not, in fact, identical.
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Target and Analogues

Structural Similarity (Ceres)

Metabolic Similarity

Biotransformation Fingerprint

2-Methylhexanoic Acid
2-Ethylbutyric Acid
2-Propylheptanoic Acid
Valproic Acid
2-Ethylhexanoic Acid
2-Methylpentanoic Acid

Structural, Metabolite and Biotra|nsformation Fingerprint Similarities of 2-Methylhexanoic §

|

Valproie Acid

2-Methylthexanoic Acid 2-Ethylbutyric Acid

* Structural Similarityy (Ceres)

100%
75%
87%
87%
98%
87%

i

2-Propylhaprancic Adid

* Metabolic Similarity

100% 100%
52% 50%
78% 64%
72% 63%
86% 98%
88% 76%

cid and Analogues

2-Ethyihd=xanoic Acid

¥ Biotransformation Finglerprint

2-Methylpentanoic

Acid
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Target and Analogues Structural Similarity (Ceres) Metabolic Similarity
2-Methylhexanoic Acid 100% 100%
2-Ethylbutyric Acid 75% 52%
2-Propylheptanoic Acid 87% 78%
Valproic Acid 87% 2%
2-Ethylhexanoic Acid 98% 86%

2-Methylpentanoic Acid 87% 88%

Structural and Metabolic {Concdordant Metabolite) Similarities of 2-Mmethylhexanoic Acid and Arhalogues

2-Methylhexanoic Acid 2-Ethylbutyric Acid 2-Propylbeptancic Acd Valproic Agd 2-Ethylhexanoic JAcid 2-Methylpentanoic Acid

* Strugtural Similarity (Ceres) ¥ Metabolic Similarity
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2-Methylhexanokc Acld

Unclassified

Target and Analogues

Structural Similarity (Ceres)

Biotransformation Fingerprint

2-Methylhexanoic Acid
2-Ethylbutyric Acid
2-Propylheptanoic Acid
Valproic Acid
2-Ethylhexanoic Acid
2-Methylpentanoic Acid

100% 100%
75% 50%
87% 64%
87% 63%
98% 98%
87% 76%

2-Ethylbutyric Acid 2-Propylheptanoic Add

* Structural| Similarity (Ceres)

Valprolc Acld 2-Ethylhexanoic A\cld

® Biotransformation Fingerprint

2-Methylpantanolc Add
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Target and Analogues Metabolic Similarity Biotransformation Fingerprint
2-Methylhexanoic Acid 100% 100%
2-Ethylbutyric Acid 52% 50%
2-Propylheptanoic Acid 78% 64%
Valproic Acid 72% 63%
2-Ethylhexanoic Acid 86% 98%
2-Methylpentanoic Acid 88% 76%

Metabolic and Biotransfgprmation Fingerprint Similarities of 2-Methylhexanoic Acig) and Analogues

Z-Maethylhexanolc Acld 2 Ethylbutyric Acid 2-Prospy wic A Walpraic A 2-Erhwihexanoic Add 2-Mathylpantanole Acdd

| Metabolic Similarity ¥ Biotransformation Fingerprint
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7. Class-1: Dempster-Schafer Classification model description

Dempster-Shafer theory for combining evidence and estimating uncertainty
Introduction

In vitro and silico methods play an important part in assessing the safety of chemical. In
order to make unbiased decisions on incomplete data from a number of different sources,
e g. assay outcomes or predictions from in silico models, the reliability and uncertainty of
the various sources need to be taken into account.

By far the most common method used for combining evidence from multiple source is the
consensus approach; e.g., if two sources predict outcome A and one source predict outcome
B, then outcome A is reported as the consensus prediction. The consensus method is easy
to apply but, naively, assumes that all models are equally reliable. Also, the uncertainty of
each source is not taken into account. In order to account for these limitations Dempster-
Shafer theory (DST) [1-2], is used for providing an unbiased decision based on the quality
and reliability of the sources.

Method
DST is an extension of generalized Bayesian statistical inference in which evidence can be
associated with multiple events.
The following example is used to illustrate the general theory and algorithms of DST:

Binary case (¥) with an “event” being Toxic (7) or non-Toxic (N) is investigated:

In a traditional probability approach - the probabilities are additive: p(Y) = p(7 or N) =p(7)
+p)

DST provides a mechanism to take uncertainty due into account and replaces traditional
probability functions with belief and plausibility functions.

Thus the set of outcomes of Y is P(Y) = {{y1},{y2},{yl.y2},0}

where @ denotes the empty set.

In this way, belief and plausibility can be viewed as lower and upper bounds, respectively,
of the probability for the outcome.

DST uses probability mass functions (m):

0<m(f) <1

m(®)=0

Xm(f) =1

Having a binary variable Y={y1,y2}, (T or N) the probability masses can be assigned to:
{y1} and {y2} and to {yl,y2}:

Em(f) = 1 =m({yl}) + m({y2}) + m({yl,y2})
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The probability masses m({y1}) and m({y2}) is the proportion of the overall belief with
respect to outcomes y; and y», respectively, and m({y1,y2}) is the proportion of the overall
belief not committed to y; but also not ascribed to y. as well as not committed to y; but also
not ascribed to y1. Thus m({y1,y2}) quantifies the level of uncertainty in the system under
investigation.

Belief (Bel) and plausibility (Pls) is defined for the 2 outcomes T and N as:
Bel({T}) =m({T}) Bel({N}) = m({N}

PIs({T}) =m({T}) + m({T,N}) PIs({N}) =m({N}) + m({T,N})

Assay 1 predicts 70% probability for toxicity of the investigated compound.
From experience (validation), the reliability of the assay is estimated to 60%.
This gives the following masses, beliefs and plausibilities:

m({T}) = p(T) * rel(T) = (0.70)*(0.60) = 0.42

40% chance (100 -60) that the test result is unreliable ->

basic probability mass associated with uncertainty: m({T,N}) = 0.40
Sum of masses must be one: m({N})=1-042-0.40=0.18

Beliefs and plausibilities are then calculated to be:

Bel(T)=0.42 PIs(T) =0.42 + 0.40 = 0.82

Bel(N)=0.18 PIs(N)=0.18 + 0.40=0.58

If 2 sources are combined then the probability masses are:

q(fk) = m1(fiy*m2(f))

q(@) = m1(@)*m2(P)

q(Y) =ml(Y)*m2(Y)

By using Dempster’s combination rule and assigning all conflicts (to assays give different
results) to the null set, normalizing by dividing by 1-q(@) to insure mD(@)=0 as required,
to joint basic probability mass mD is mD(Y)=q(Y)/(1-q(®)). The same normalization is
performed for q(fk).

For two assays, 1 and 2 the following DST scheme is then constructed:
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Assay 1 predicts 70% probability for toxicity
From experience (validation) - estimation of reliability = 60%

Assay 2 predicts 60% probability for toxicity
From experience (validation) - estimation of reliability = 80%

For combining the sources:

Applying the Dempster combination rule

q({T}) = m1({TH*m2({T}) + m1({TH*"m2({T.N}) + m1({T,N})*m2({T})
q({N}) = m1({N})*m2({N}) + m1({N})*m2({T.N}) + m1({T,N})*'m2({N})
q(Y) = q({T,N}) = m1({T,N})*m2({T,N})

q(@) = m1({TH*m2({N}) + m1({N})*'m2({T})

This, in turn, gives the following outcome from the DST analysis.

Assay Assay2
T0 % probability for toxicity 60 % probability for toxicity
30 % probability for non-toxicity 40 % probability for non-toxicity
Reliability 60 % Reliability 80 %
m1[TI = 42 %, m1{{N}) =18 %, m2({T}} = 48 %, m1([N}) =32 % ,
mi{TN}) =40 % m1{T.N]) = 20 %
Bel ({T})= 42 % 48 %
Pls ({T})= 40+42=82% 48 +20 =62 %
Bel ({N}) = 18% 32%
Pls ({N})= 18+40=58% J2+20=52%

qi{TH=m1{{TH'm2({T}) + mI{T})"m2{T.N}) + m1({TN}'m2({T}}  (=0.48)
qUIND) = m1({N})*m2{{N}) + m1({N}"mZ({T.N}) + mI({T.N})"m2({N})  (=0.22)
q(Y) = q{{T.N}) = m1{({T,N})*m2({T,N}) (=0.08)
q(@) = m1{{T}'m2({N})+ mI{{N})*"m2({T}) (=0.22)

Dempster combinationrule  [mD(Y)=q(Y)/(1-q(8))]

q({T}) =0.48/(1-0.22)=0.615
a{N}) = 0.22/(1-0.22)= 0.262
q({T,N}) = 0.08/(1-0.22)= 0.103

Bel ({T)) = 61.5%
Pls ({Th= 61.5+103=718%
Bel ([N}}= 282 %
Pls ({N}) = 282+103=385"%
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The results are that the belief for being toxic and non-toxic is 61.5 % and 28.2 %,
respectively, with an uncertainty of 10.3 %. Since the plausibility for the compound being
non-toxic is 38.5, well below 50 %, as well as the belief and plausibility for being toxic is
above 50% the compound would be considered as toxic.

Software
The DST software applied in this study was developed in the EU-ADR project (ICT-
215847) and implemented in Java.

To facilitate easier usage of the software several utility programs for data input and analysis
were developed using Python.

A leave-out-out cross-validation was performed in order to calculate the positive (PPV)
and negative prediction (NPV) value, respectively, for the assays based on the source
compounds.

PPV = TP/(TP + FP)
NPV =TN/(TN + FN)
TP, FP are compounds predicted as true and false positives, respectively.

TN, FN are compounds predicted as true and false negatives, respectively.
References
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8. Class-2: Bayesian Automatic Classification model description

Automatic Classification

In addition to expert judgment on the meaning of the individual test results, an automatic
classification method was used to decide, considering all the evidence, in which category
the target compound is likely to fall. The predicted in vivo NTD was discretized in 5 levels
(missing data, negative, mildly positive, positive, strongly positive. Only MPA and MHA
had Missing in vivo data (in fact MHA has in vivo data, but they were blinded to the analysis
to check how MHA would be predicted). A Bayesian consensus approach was developed.
The method can be summarized as follows:

- aprediction model was fitted to individual test data on training chemicals (source
chemicals for which both in vitro-derived effect measures and in vivo data were
available); A Bayesian framework and Bayesian numerical calibration algorithms
(MCMC sampling) were used, under normality assumption for the in vivo data
likelihood, given the in vitro predictors (those key-event measurements were
continuous variables);

- the poorly predictive tests were removed from consideration on the basis of
posterior predictive checking of their classification accuracy (on the training set of
chemicals only, we had too few chemicals to do a formal validation);

- use the remaining (sufficiently predictive) tests were used to build a set of
predictions for the test chemical (MHA or MPA).

Results for MHA classification

A/ On the basis of in vitro measurements

Once trained, the classifier assigns MHA to category negative (which is the correct
classification according to the in vivo data available in fact) with probability 90% of the
case and strongly positive with probability 10%. Figure X1 shows the assignment of MHA
by the best classifiers. The strongly positive assignments come from only two tests which
responded strongly to MHA.
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Figure X1. Results of automatic classification of MHA (red crossed circle) given its response
in the various assays relevant to the underlying AOP.

The black dots mark the positions of the source chemicals used for training the classifier.
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If only the best tests and relevant to neurodevelopmental toxicity are used
(ZET pericardial, ZET eyes, ZET jitter, UKN1 viability), the classifier assigns MHA to
category negative with probability 93% of the case and strongly positive with probability
7%. See Figure X1 for the assignment of MHA by those classifiers. The strongly positive
assignments come from only two tests which responded strongly to MHA.

If only the best tests and relevant to neurodevelopmental and developmental toxicity are
used (All five ZET read outs, ZET reporter for cranio-facial deformation, mEST cell
viability at day 3, UKNI cell viability and all 14 CALUX assays), the classifier assigns
MHA to category negative with probability 90% of the case and strongly positive with
probability 10%. See Figure X1 for the assignment of MHA by those classifiers.

B/ On the basis of in vitro measurements corrected for mouse pharmacokinetics

Once trained on this specific data, the classifier assigns MHA to category negative with
probability 27%, mildly positive with probability 43%, positive with probability 26%, and
strongly positive with probability 3%. Figure X2 shows the assignment of MHA by the
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best classifiers. The low number of training chemicals (only three) is probably responsible
for the uncertainty in the predictions. The pharmacokinetic correction also seems to
increase the predicted toxicity (although MHA appears negative in vivo, in fact).

Figure X2: Results of automatic classification of MHA (red crossed circle) given its response
in the various assays relevant to the underlying AOP, after pharmacokinetic correction for
the mouse.

The black dots mark the positions of the source chemicals used for training the classifier.
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If only the best tests and relevant to neurodevelopmental toxicity are used
(ZET _pericardial, ZET eyes, ZET jitter, UKN1 _viability), the classifier assigns MHA to
category negative with probability 39%, mildly positive with probability 37%, positive
with probability 22%, and strongly positive with probability 1%. See Figure X2 for the
assignment of MHA by those classifiers.

If only the best tests and relevant to neurodevelopmental and developmental toxicity are
used (All five ZET read outs, ZET reporter for cranio-facial deformation, mEST cell
viability at day 3, UKN1 cell viability and all 14 CALUX assays), the classifier assigns
MHA to category negative with probability 20%, mildly positive with probability 44%,
positive with probability 30%, and strongly positive with probability 4%. See Figure X2
for the assignment of MHA by those classifiers.
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C/ On the basis of in vitro measurements corrected for human pharmacokinetics

Once trained on this specific data, fewer tests appear predictive, and the classifier assigns
MHA to category negative with probability 46%, mildly positive with probability 40%,
positive with probability 12%, and strongly positive with probability 2%. Figure X3 shows
the assignment of MHA by the best classifiers. The low number of training chemicals (only
three) is probably responsible for the uncertainty in the predictions. The pharmacokinetic
correction also seems to increase the predicted toxicity.

Figure X3: Results of automatic classification of MHA (red crossed circle) given its response
in the various assays relevant to the underlying AOP, after pharmacokinetic correction for

the mouse.

The black dots mark the positions of the source chemicals used for training the classifier.
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If only the best tests and relevant to neurodevelopmental toxicity are used
(ZET pericardial, ZET eyes, ZET jitter, UKN1 viability), the classifier assigns MHA to
category negative with probability 69%, positive with probability 18%, and strongly
positive with probability 3%. See Figure X3 for the assignment of MHA by those
classifiers.
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If only the best tests and relevant to neurodevelopmental and developmental toxicity are
used (All five ZET read outs, ZET reporter for cranio-facial deformation, mEST cell
viability at day 3, UKNI cell viability and all 14 CALUX assays), the classifier assigns
MHA to category negative with probability 50%, mildly positive with probability 41%,
positive with probability 8%, and strongly positive with probability 1%. See Figure X3 for
the assignment of MHA by those classifiers.

Results for MPA classification

A/ On the basis of in vitro measurements

Once trained, the classifier assigns MPA to category negative (which is the correct
classification according to the in vivo data available in fact) with probability 93% of the
case and strongly positive with probability 7%. Figure X4 shows the assignment of MPA
by the best classifiers. The strongly positive assignments come again from only two tests
which responded strongly to MPA.

Figure X4: Results of automatic classification of MPA (red crossed circle) given its response
in the various assays relevant to the underlying AOP.

The black dots mark the positions of the source chemicals used for training the classifier.
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If only the best tests and relevant to neurodevelopmental toxicity are used
(ZET pericardial, ZET eyes, ZET jitter, UKN1 viability), the classifier assigns MPA to
category negative with probability 99% of the case and strongly positive with probability
1%. See Figure X4 for the assignment of MPA by those classifiers.

If only the best tests and relevant to neurodevelopmental and developmental toxicity are
used (All five ZET read outs, ZET reporter for cranio-facial deformation, mEST cell
viability at day 3, UKNI cell viability and all 14 CALUX assays), the classifier assigns
MPA to category negative with probability 96% of the case and strongly positive with
probability 4%. See Figure X4 for the assignment of MPA by those classifiers.

B/ On the basis of in vitro measurements corrected for mouse pharmacokinetics

Once trained on this specific data, the classifier assigns MPA to category negative with
probability 89%, and mildly positive with probability 11%. Figure X5 shows the
assignment of MPA by the best classifiers. The low number of training chemicals (only
three) is probably responsible for the uncertainty in the predictions. The pharmacokinetic
correction also seems to increase the predicted toxicity (although MPA appears negative in
vivo, in fact).
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Figure X5: Results of automatic classification of MPA (red crossed circle) given its response
in the various assays relevant to the underlying AOP, after pharmacokinetic correction for
the mouse.

The black dots mark the positions of the source chemicals used for training the classifier.
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If only the best tests and relevant to neurodevelopmental toxicity are used
(ZET pericardial, ZET eyes, ZET jitter, UKN1 _viability), the classifier assigns MPA to
category negative with probability 90%, mildly positive with probability 10%. See Figure
XS5 for the assignment of MPA by those classifiers.

If only the best tests and relevant to neurodevelopmental and developmental toxicity are
used (All five ZET read outs, ZET reporter for cranio-facial deformation, mEST cell
viability at day 3, UKNI cell viability and all 14 CALUX assays), the classifier assigns
MPA to category negative with probability 87%, mildly positive with probability 13%. See
Figure X5 for the assignment of MPA by those classifiers.

C/ On the basis of in vitro measurements corrected for human pharmacokinetics

Once trained on this specific data, fewer tests appear predictive, and the classifier assigns
MPA to category negative with probability 85%, mildly positive with probability 14%,
positive with probability 1%. Figure X6 shows the assignment of MPA by the best
classifiers. The low number of training chemicals (only three) is probably responsible for
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the uncertainty in the predictions. The pharmacokinetic correction also seems to increase
the predicted toxicity.

Figure X6: Results of automatic classification of MPA (red crossed circle) given its response
in the various assays relevant to the underlying AOP, after pharmacokinetic correction for
the mouse.

The black dots mark the positions of the source chemicals used for training the classifier.
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If only the best tests and relevant to neurodevelopmental toxicity are used
(ZET _pericardial, ZET eyes, ZET jitter, UKN1 _viability), the classifier assigns MPA to
category negative with probability 58%, mildly positive with probability 37%, positive
with probability 4%, and strongly positive with probability 1%. See Figure X6 for the
assignment of MPA by those classifiers.

If only the best tests and relevant to neurodevelopmental and developmental toxicity are
used (All five ZET read outs, ZET reporter for cranio-facial deformation, mEST cell
viability at day 3, UKN1 cell viability and all 14 CALUX assays), the classifier assigns
MPA to category negative with probability 79%, mildly positive with probability 19%,
positive with probability 2%, and strongly positive with probability 1%. See Figure X6 for
the assignment of MPA by those classifiers.
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Training of the Bayesian consensus method

In vitro based predictors

With in vitro based predictors (EC10s or similar) are used, all seven chemicals of the
training set have data.

Figure Al: Best fits (red lines) of a linear model (truncated in y between 0, no effect, and 3,
strong effect) obtained by Bayesian calibration.

Ten thousand samples of parameter values (intercept and slope) were obtained by MCMC sampling. The 20

grey lines correspond to fits obtained with 20 random intercepts and slopes drawn from their joint posterior

distribution. They give an idea of the uncertainty in the model after calibration. The data point for MHA is
indicated by a red triangle (it was not used for training).
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The fitted models were used to predict the classification of the seven training (source)
chemicals. The average accuracy of those predictions (exact prediction of the training
chemical by the model) was computed for each of the 10000 intercepts and slopes drawn
from their joint posterior distribution. The following Table gives the average accuracy of
the various tests. For example, the zebrafish embryo test for jitters classifies correctly the
training chemicals 88% of the times. With four toxicity classes, random allocation would
be correct 25% of the times. We chose to retain the test having a more stringent than 50%
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average accuracy. With that criterion, only the CALUX PPARGA test was not retained as a
good predictor (underlined in the Table).

Test name Accuracy
ZET _pericardial 0.88
ZET _eyes 0.78
ZET jitter 0.88
ZET _craniofacial 0.88
ZET _scoliosis 0.89
ZET rep_CHA 0.73
mEST_D3diff 0.58
mEST_D3viability 0.58
mEST_3T3viability 0.55
mEST_HDAC4 0.76
mEST_HDAC10 0.58
UKN1_viability 0.7
UKN1_HDAC 0.75
CALUX_AntiAR 0.53
CALUX_AntiPR 0.7
CALUX_Trb 0.54
CALUX_PXR 0.73
CALUX_PPARa 0.7
CALUX_PPARd 0.18
CALUX_PPARg 0.68
CALUX_AhR 0.68
CALUX_TCF 0.72
CALUX_AP1 0.68
CALUX_ESRE 0.69
CALUX_Nrf2 0.40
CALUX_P21 0.71
CALUX_P53 0.65

In vitro based predictors corrected for mouse pharmacokinetics

With in vitro based predictors corrected for mouse pharmacokinetics (oral equivalent doses
in mmoles/kg) are used, only three chemicals of the training set have data.
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Figure A2: Best fits (red lines) of a linear model (truncated in y between 0, no effect, and 3,
strong effect) obtained by Bayesian calibration.

Ten thousand samples of parameter values (intercept and slope) were obtained by MCMC sampling. The 20
grey lines correspond to fits obtained with 20 random intercepts and slopes drawn from their joint posterior
distribution. They give an idea of the uncertainty in the model after calibration. The data point for MHA is
indicated by a red triangle (it was not used for training).
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The following Table gives the average accuracy of the various tests, calculated as above.
The mEST 3T3viability test was not retained as a good predictor in this case (underlined
in the Table) because it had less than 50% average accuracy.
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Test name Accuracy
ZET _pericardial 0.88
ZET _eyes 0.89
ZET jitter 0.89
ZET _craniofacial 0.87
ZET _scoliosis 0.76
ZET rep_CHA 0.80
mEST_D3diff 0.86
mEST_D3viability 0.83
mEST_3T3viability 0.20
mEST_HDAC4 0.87
mEST_HDAC10 0.87
UKN1_viability 0.85
UKN1_HDAC 0.88
CALUX_AntiAR 0.52
CALUX_AntiPR 0.84
CALUX_Trb 0.83
CALUX_PXR 0.79
CALUX_PPARa 0.63
CALUX_PPARd 0.83
CALUX_PPARg 0.83
CALUX_AhR 0.83
CALUX_TCF 0.80
CALUX_AP1 0.83
CALUX_ESRE 0.87
CALUX_Nrf2 0.83
CALUX_P21 0.85
CALUX_P53 0.86

In vitro based predictors corrected for human pharmacokinetics

With in vitro based predictors corrected for human pharmacokinetics (oral equivalent doses
in mmoles/kg) are used, only three chemicals of the training set have data.
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Figure A3: Best fits (red lines) of a linear model (truncated in y between 0, no effect, and 3,
strong effect) obtained by Bayesian calibration.

Ten thousand samples of parameter values (intercept and slope) were obtained by MCMC sampling. The 20
grey lines correspond to fits obtained with 20 random intercepts and slopes drawn from their joint posterior
distribution. They give an idea of the uncertainty in the model after calibration. The data point for MHA is
indicated by a red triangle (it was not used for training).
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The following Table gives the average accuracy of the various tests with this predictor,
calculated as above. Only nine test were retained as good predictors in this case (not
underlined in the Table) having more than 50% average accuracy. This is due to the poorer
model fit to the data (Figure A3 above).
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Test name Accuracy
ZET _pericardial 0.42
ZET _eyes 0.36
ZET jitter 0.81
ZET_craniofacial 0.43
ZET _scoliosis 0.87
ZET rep_CHA 0.55
mEST_D3diff 0.61
mEST_D3viability 0.38
mEST_3T3viability 0.27
mEST_HDAC4 0.75
mEST_HDAC10 0.61
UKN1_viability 0.38
UKN1_HDAC 047
CALUX_AntiAR 0.55
CALUX_AntiPR 0.35
CALUX_Trb 0.40
CALUX_PXR 0.47
CALUX_PPARa 0.25
CALUX_PPARd 0.40
CALUX_PPARg 0.39
CALUX_AhR 0.40
CALUX_TCF 0.48
CALUX_AP1 0.39
CALUX_ESRE 0.82
CALUX_Nrf2 0.39
CALUX_P21 0.36
CALUX_P53 0.55
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9. Class-3: Biological Fingerprint Classification model description

Dice Distance Classification:

Clustering compounds on basis of biological fingerprints (FPs) generated from assay
readouts

Method:

A semiautomatic workflow has been generated in KNIME in order to read in categorical
(binary) assay readouts, transform them into FP representations in Bit Vector format (by
using the “Create Bit Vector Node” in KNIME), calculate similarity indices on basis of
these biological FPs (“Distance Matrix Calculate” node; Dice similarity coefficient), and
visualize the calculated similarities/distances in heat maps and hierarchical cluster views
(dendrogram). First, all CALUX assays served as input for generating the described
visualizations and in order to retrieve a “consensus vote” for classifying CS-2 compounds
into positives (1) and negatives (0) according to these assays. In more detail, (dis)similarity
to the target compound (as determined by all CALUX assay readouts as biological FP)
served as a new categorical input variable for the subsequent calculations/visualisations,
where dissimilarity <0.5 was annotated to be an “inactive (0)” consensus FP, and
dissimilarity >0.5 was annotated to be an “active (1)” consensus FP. Further, this consensus
CALUX readout was combined with binary readouts from single readout values mEST,
UKNI, and ZET reporter plus 1) pericardial/yolk oedema effects value for ZET classic, 2)
single neurodevelopmental effects value for ZET classic, and 3) single developmental
effects value for ZET classic. These combinations of binary readouts were combined into
biological FP representations respectively, and the above described visualizations were
retrieved.

Results

Analysis CALUX battery:

Unclassified
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Analysis 1:

Using single CALUX value + pericardial and/or yolk oedema (=most sensitive) effects

value for ZET classic + single read out values mEST, UKNI1, and ZET reporter
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Using single CALUX value + single developmental effects value for ZET classic + single
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