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ARTICLE INFO ABSTRACT

Handling Editor: Mathieu Vinken

Drug-induced liver injury (DILI) is a major problem for the drug development industry. It has been suggested

that activation of stress pathways within cells is an important indicator of DILI In this project, we aimed

Dataset link: https://doi.org/10.5281/zenodo.1

to develop a mathematical model of invoked stress responses by three compounds with high DILI liability:

5921295 nitrofurantoin, diclofenac and ketoconazole. To this end, we used imaging data from HepG2 cells and cell-
Keywords: associated compound and intracellular glutathione measurements. We initially developed a model for the
DILI integrated and oxidative stress responses following nitrofurantoin exposure. Subsequently, we expanded this to

Oxidative stress response
Integrated stress response
Mathematical modelling

are the same.

simulate responses to diclofenac and ketoconazole. To apply the model to these compounds multiple parameters
required recalibration, yet the structure of the model was unchanged. Our analysis shows that the magnitude of
interactions between transcription factors and downstream targets can differ even when the activated pathways

1. Introduction

Drug-induced liver injury (DILI) is one of the main reasons for drugs
failing in clinical trials and being withdrawn from the market (Watkins,
2011; Andrade et al.,, 2019). Furthermore, DILI is a major reason
for acute liver failure (Andrade et al., 2019; Goldberg et al., 2015).
Especially idiosyncratic DILI is hard to predict because it occurs at a
low frequency, is not dose-dependent and not reproducible in animal
models (Allison et al., 2023; Yokoi and Oda, 2021). Predicting DILI
early in the drug development process would help minimise health
risks but also save valuable time, money, and test animals. To this
end, various methods (both computational and experimental) are being
investigated to improve DILI predictions (Yokoi and Oda, 2021; Lin
et al., 2022; Mostafa and Chen, 2024; Weber and Gerbes, 2022).

Upon damage, cells activate adaptive stress pathways to regain
homeostasis (Twayana and Ravanan, 2018). However, when the stress
is too severe and cannot be resolved, additional pathways become ac-
tive, leading to programmed or non-programmed cell death (Twayana
and Ravanan, 2018; Fulda et al., 2010). The death of hepatocytes is
an important process in the development of DILI (Yuan and Kaplowitz,
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2013). Therefore, understanding and predicting the adaptive pathways
involved in the interplay between cellular defence and cell death could
assist in the prediction of DILIL

One approach to investigate stress pathways and gain a better
mechanistic understanding is to use mathematical modelling. Especially
ordinary differential equation (ODE) models can be suitable because
they are a relatively easy and intuitive way to translate mechanistic
processes into mathematical equations (Daun et al., 2008). In the past
years, several mathematical models have been developed to describe
various stress pathways (Kuijper et al., 2017; Hiemstra et al., 2022;
Batjargal et al., 2023; Kim et al., 2019). Most of this research has fo-
cused on single pathways and therefore on specific compounds or other
stressors known to primarily activate one individual stress pathway.
However, drugs often activate a variety of pathways simultaneously
and therefore crosstalk between the invoked pathways might play a role
in the cellular response leading to DILI. To take this into account, we
aimed to develop a mathematical model for DILI compounds that ac-
tivate multiple, frequently induced pathways. Specifically, we focused
on the oxidative stress response (OSR) and integrated stress response
(ISR) pathways.
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The OSR is activated when reactive oxygen species (ROS) or elec-
trophiles are present (Yamamoto et al., 2018). Nuclear factor erythroid
2-related factor 2 (NRF2; gene name NFE2L2) is the main transcription
factor (TF) having a role in the OSR. Without stress, NRF2 is constantly
ubiquitinated by binding with kelch like ECH associated protein 1
(KEAP1) and subsequently degraded. However, upon oxidative stress
KEAP1 is modified, leading to a decrease of NRF2 ubiquitination and
therefore less NRF2 degradation. Consequently, NRF2 accumulates,
moves to the nucleus and causes transcription of downstream targets
such as sulfiredoxin-1 (SRXN1) (Yamamoto et al., 2018).

The ISR is activated in response to a wide variety of stressors
such as unfolded proteins, amino acid deprivation, viral infection,
etc. Pakos Zebrucka et al. (2016). The ISR is characterised by the
phosphorylation of eukaryotic initiation factor 2 subunit 1 (elF2a),
which leads to a reduction of protein synthesis but also to the trans-
lation of specific proteins such as activating transcription factor 4
(ATF4) (Pakos Zebrucka et al., 2016). ATF4 is a transcription factor that
promotes the expression of a wide range of adaptive genes, e.g. genes
encoding aminotransferases, aminoacyl-tRNA synthetases, amino acid
transporters and more (Wortel et al., 2017; Harding et al.,, 2003).
However, ATF4 has a dual function: when the stress is too severe, ATF4
can also induce apoptosis, with C/EBP homologous protein (CHOP;
gene name DDIT3) being one of the pro-apoptotic downstream targets
and dimerisation partners of ATF4 (Wortel et al., 2017). The mode of
regulation between a pro-survival or pro-apoptotic function of ATF4 is
not fully known yet, but it is attributed to dimerisation partners and
post-translational modifications (Neill and Masson, 2023).

The drug associated with hepatotoxicity risk we focused on was
nitrofurantoin (NIT). This is a commonly used antibacterial drug for
treating lower urinary tract infections (Huttner et al., 2015). It has
been on the market for around 70 years and is used successfully due to
its worldwide availability, high efficacy and the limited occurrence of
antibiotic resistance (Huttner et al., 2015; Frimodt-Mgller and Bjerrum,
2023). However, NIT is also known to cause hepatotoxicity occasion-
ally, mostly after long-term use of the drug (Bethesda, 2012; Chen et al.,
2025; Luk et al., 2021; Bessone et al., 2023).

As is the case for many drug reactions, it is not fully understood
why NIT causes DILI (Bethesda, 2012). Multiple processes are thought
to play a role in DILI, such as the formation of reactive metabolites, in-
volvement of the immune system, mitochondrial dysfunction and endo-
plasmic reticulum stress (Yuan and Kaplowitz, 2013; Uetrecht, 2019).
NIT metabolises to a radical anion by one-electron reduction (Miller
et al., 2002; Wijaya et al., 2022), and causes mitochondrial damage by
affecting complex I and inner membrane permeability (Lim et al., 1986;
Carbonera et al., 1988).

Besides NIT, we also considered two other compounds with liability
for DILI, i.e., diclofenac (DIC) and ketoconazole (KET). Diclofenac is
a non-steroidal anti-inflammatory drug (NSAID) for the treatment of
arthritis and joint pain Bethesda (2012). DIC can cause DILI (Bethesda,
2012; Chen et al., 2025; Bonkovsky et al., 2024) and the drug can
metabolise to reactive metabolites (Tang, 2003; Madsen et al., 2008).
Furthermore, either DIC or its reactive metabolites can affect mitochon-
drial activity, produce ROS and inhibit complexes I and III, (Kim et al.,
2024; Syed et al., 2016; Ghosh et al., 2016; Sandoval-Acuna et al.,
2012).

KET is a broad-spectrum antifungal that has been FDA-approved
for oral use since 1981. However, it has been taken off the market
in Europe and Australia since 2013 due to severe side effects (Gupta
and Lyons, 2015), including hepatotoxicity (Bethesda, 2012; Gupta and
Lyons, 2015; Gadour and Kotb, 2021). KET, or its reactive metabo-
lites (Kim et al., 2017) could induce DILI for various reasons (Bethesda,
2012), including the mitochondrial dysfunction it causes by disturbing
the mitochondrial membrane potential (Wewering et al., 2017). Thus,
all three compounds have in common that they lead to mitochondrial
toxicity.
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To improve our understanding of potential causes of DILI, and to
work towards improved DILI predictions, we here developed mathemat-
ical models for the intracellular stress pathways activated by exposure
to NIT, DIC and KET. The models were initially developed for NIT
and later applied to DIC and KET to test the generalisability. We used
previously published imaging data representing the expression of key
pathway proteins, supplemented with additional new data. Specifically,
we measured NIT uptake and glutathione abundance within cells, and
included these processes in our model. The data used for modelling
was generated in a HepG2 cell line. Because this cell line is not consid-
ered the most representative test system for hepatocytes (Gupta et al.,
2021), we also analysed available and newly generated transcriptomics
data for induction of the OSR and ISR pathway in hepatocyte-like
cells (HLCs) differentiated from human-induced pluripotent stem cells
(hiPSCs) and in primary human hepatocytes (PHHs). Application of the
developed NIT model to compounds with (partially) overlapping modes
of action (DIC and KET), required adaptations in multiple parameters
to describe our experimental data. This shows that even though the
same pathways can become active, the strength of the connections
between transcription factors and downstream targets depends on many
factors that are not all known yet. In conclusion, for effective DILI
predictions based on mathematical models those missing factors need
to be identified.

2. Methods
2.1. Experimental procedures

2.1.1. Cell lines

A genetically modified hiPSC line (IPSC0028, Sigma Aldrich) with
three doxycycline-inducible transcription factors (HC3X) was kindly
provided by Prof. Catherine Verfaillie at KU Leuven. We cultured the
cells on Matrigel-coated (Corning, Cat #354230) surfaces in mTESR1
media (Stem Cell Technologies, Cat #85850) supplemented with peni-
cillin/streptomycin (50 U/mL) and passaged using ReLeSR (Stem Cell
Technologies, Cat #05872).

We obtained HepG2 cells (clone HB8065) from ATCC-Germany and
cultured them in high-glucose DMEM supplemented with 10% FBS and
antibiotics (250 U/ml penicillin, 25 pg/ml streptomycin). The cells
were incubated at 37 °C in a humidified atmosphere with 5% CO2 and
used between passages 14 and 20. HepG2 cells for the measurements of
cell-associated compound (clone 05G009) were obtained from ECACC
(Salisbury, UK, Cat #85011430) and used between passages 5 and 9.

The PHHs (LIVERPOOL, 10-donor mixed gender pooled cryoplate-
able human hepatocytes; Bio-IVT; Lot KCB, Product #X008001-P) were
thawed in 25 mL of Sekisui XenoTech OptiThaw Hepatocyte Media
(Tebu-bio, Cat #K8000, Lot #22-1-0069), then centrifuged at 100 g
for 10 min at room temperature, using minimal braking. The resulting
pellet was resuspended in InVitroGRO CP (BioIlVT, Cat #7Z99029, Lot
#C02032C) with Torpedo antibiotic mix (BioIVT, Cat #Z99000, Lot
#C31012C) added. Cells were seeded at 70,000 per well onto 96-
well Collagen I Multiwell Microplates (Corning, Cat #359407, Lot
#26021010). Six hours after seeding, the medium was exchanged
for InVitroGRO HI (BioIVT, Cat #Z99009, Lot #C17022C) containing
Torpedo antibiotic mix.

2.1.2. Cell cultures

We generated hiPSC-derived HLCs using a 40-day differentiation
protocol (Boon et al., 2020). For this we seeded single hiPSCs at a
density of 8,400 cells/well in 96-well plates (Greiner Bio-One, Cat
#655161). After 24 h, we replaced the medium with mTESR1 without
1x RevitaCell Supplement. We initiated differentiation when the cells
reached 70% confluency, i.e., after 48-72 h, using liver differentiation
medium (LDM) with Activin A (50 ng/ml, Peprotech #120-14P) and
Wnt3a (50 ng/ml, Peprotech #315-20), and supplemented with 0.6%
DMSO. We renewed the LDM medium every other day from day 0
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(defined as start of differentiation) to 10. On day 3, Activin A (50
ng/ml) was added to continue differentiation. From day 4 onwards,
we added 5 pg/mL of doxycycline (Selleckchem, Cat#S5159) to induce
HC3X expression. Moreover, we added BMP4 (50 ng/ml, Peprotech
#120-06) and FGF1 (20 ng/ml, Peprotech #100-17 A) to the media,
respectively from day 5 to 7 and day 9 to 11. On day 12, we increased
the DMSO percentage to 2%, added HGF (20 ng/ml, Peprotech #100-
39) and non-essential (Gibco, Cat#11140050) and essential amino
acids (Gibco, Cat#11130051) to create LDM-AA. From day 14 to 40,
we supplemented LDM-AA with 20 g/L glycine (LDM-AAGLY), HGF
(20 ng/ml) and stopped adding DMSO. At day 40, the cells were
ready for exposure experiments. We purchased all growth factors from
PeproTech. Exposures started 40 days after differentiation.

For measurement of cell-associated compounds (NIT, DIC and KET,
see below), we grew HepG2 cells in 24-well plates in DMEM (500
pL per well) supplemented with 10% FBS and penicillin/streptomycin.
We seeded 12 wells from each plate with HepG2 cells, and incubated
the remaining 12 wells with only the above-mentioned medium and
supplements (i.e., without cells), to quantify compound binding to
the plastic. To measure cell-associated compound levels, we incubated
wells with or without cells for 10 min, and 3, 6, 24, and 48 h. Total
incubation time after seeding was 72 h for all time points, yet exposure
durations differed. We achieved this by adjusting the start of exposure
while keeping the moment of cell seeding the same for all wells, e.g., for
the 24 h time points we applied the compounds 48 h after seeding. We
performed experiments in triplicates. Upon harvest, we collected the
supernatant separately, and washed the cells with PBS, froze them on
dry ice, and stored at —80 °C until measurement.

For the glutathione, lactate dehydrogenase (LDH) and resazurin
experiments (see below) we seeded HepG2 cells at a density of 60.000
cells/cm? in 96-well plates in DMEM (high glucose), 10% FCS, 1%
Pen/Strep and allowed cell proliferation for 3 days. We renewed the
medium at day 2 after seeding, and added compounds at day 3.

2.1.3. Compounds and exposures

For exposures, we prepared stock solutions in DMSO that had
a 500 times higher concentration than the highest concentration of
applied nitrofurantoin (Merck, N7878), diclofenac sodium (Sigma-
Aldrich, 287840), and ketoconazole (Sigma-Aldrich, UC280) in DMSO.
We kept Diclofenac sodium stock solution at a temperature of 37 °C for
10 min to ensure complete dissolution. We exposed both HepG2 cells
and hiPSCs differentiated to HLCs to these compounds. Specifically,
three days after seeding the HepG2 cells, the compounds were added
such that the final concentration corresponded to the values shown
in Supplementary Table 1. On day 40 of differentiation, we exposed
HLCs in wells already containing 50 pL of differentiation medium to
two times the final concentration of compounds in 50 pL of LDM-
AAGly media, supplemented with 4.5 pg/mL doxycycline and 20 ng/mL
hepatocyte growth factor (HGF). We selected compound concentrations
based on a range around their estimated Cmax (based on (Wink
et al., 2018)), representing the maximum blood concentrations after
administration in vivo (see Supplementary Table 1). We conducted
each exposure experiment with at least three biological replicates using
separate compound stock solutions.

Measurement of cell-associated compound

We extracted each well of a 24-well plate with 300 pL of iso-
propanol/water (in ratio 4:1) containing isotope-labelled internal stan-
dard for NIT (Nitrofurantoin-!3Cs, LGC Standards TRC-N493852), KET
(Ketoconazole-d;, Cayman Chemical 10010656), or DIC (Diclofenac-
(acetophenyl ring-'3Cg) sodium salt hemi(nonahydrate), Sigma-Aldrich
35361). The extraction protocol comprised the following steps: soni-
cation for 10 s, shaking for 15 min at room temperature, sonication
again for 10 s, transfer to 96-well plates, and centrifugation for 10 min.
We achieved absolute quantification by external calibration with unla-
belled standards for NIT (Sigma-Aldrich 46502), KET (Ketoconazole,
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Sigma-Aldrich PHR1385), and DIC (Diclofenac sodium salt, Sigma-
Aldrich 93484), using the respective isotope-labelled internal standards
for normalisation.

We performed LC-MS/MS measurements by multiple reaction mon-
itoring on a QTrap 6500+ triple quadrupole mass spectrometer (AB
Sciex). Chromatographic separation was achieved on a Raptor Biphenyl
2.7 pm, 50 x 2.1 mm HPLC column (Restek) with solvent A (wa-
ter/acetonitrile/formic acid in ratio 189:10:1, w/w/w) and solvent
B (acetonitrile/formic acid in ratio 199:1, w/w) at a flow rate of
0.7 mL/min. The chromatographic gradient for NIT (retention time
1.0 min) was from 0% solvent B to 65% solvent B in 2.3 min; the gradi-
ents for KET (retention time 0.8 min) and DIC (retention time 1.3 min)
were from 20% solvent B to 65% solvent B in 1.5 min. We detected NIT
by multiple reaction monitoring in ESI negative mode with transitions
237/152 (NIT) and 240/152 (NIT-13C3); KET in positive mode with
transitions 531/255 (KET) and 534/244 (KET-d3); and DIC in positive
mode with transitions 296,/151 (DIC) and 302/157 (DIC—13C6).

2.1.4. Analysis of cell-associated compound data

Although the measurements of cell-associated compound concen-
trations were absolute, we noticed consistent variability in the time-
dependent patterns in measurements with or without cells, and across
applied concentrations of the compounds. We quantified this consistent
experimental noise by dividing each measurement without cells by the
mean of all such measurements for that compound and concentration.
As expected this yielded fold changes close to one. Per time point we
then calculated a mean fold change (Supplementary Figure 1A), with
which we corrected the measured cell-associated compound concentra-
tions per time point (by dividing by this fold change close to 1). Note
that for the plots in Figs. 2A, Fig. 4AB, Supplementary Figure 1B and
Supplementary Figure 10, we expressed the data as nmol/well (rather
than in pg/mL as used for model calibration below).

We applied a two-sample one-tailed Student’s t-test to the cell-
associated NIT measurements to check if the measurements at 24 and
48 h were significantly lower than the measurements at 6 h. Note that
in this analysis we excluded the outliers indicated in Supplementary
Figure 1B.

2.1.5. Stress reporter imaging data

The HepG2 stress reporter imaging data used in this research was
previously generated by Wijaya et al. (2021). Full experimental proce-
dures are described in their methods section (Wijaya et al., 2021). In
brief, they performed a screen with thirteen HepG2 BAC-GFP reporter
cell lines stained with Hoechst exposed to eight concentrations of
thirty compounds. Each reporter cell line provided information on the
relative expression of a specific protein with a key role in at least one
biologically relevant cellular stress pathway. These relative expressions
were quantified based on time-lapse confocal microscopy imaging with
a time interval of ~1.5 h, rendering GFP intensities over time. Seg-
mentation of single cells within these images and their associated GFP
intensities quantified protein activity within these cells.

Using the single-cell GFP intensities obtained after image analysis
by Wijaya et al. (2021), we computed the geometric mean of all cells
in each image and averaged the two technical replicates. Three to four
biological replicates were used for the analysis. To correct for the basal
expression of the reporters, we subtracted the measured GFP intensity
for 0.1% DMSO at the corresponding time point and plate from the
measured GFP intensity of the treatment. Next, we normalised the data
using the following formula,

X = Xpmin
Xnormalised Xmean = Xmin 4 (1)
in which the normalised value for the geometric mean (x,,,,,a/iseq)> 1S
calculated based on the measured value (x), the minimal measured
value for that plate (x,,,) and the average value for the GFP intensity
of that plate (x,,,,,)- Each plate contained the same concentrations and
compounds (denoted in Table 1 in Wijaya et al. 2021).
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Since every plate was measured at slightly different time points,
we interpolated the data before parameter fitting. Specifically, we
interpolated the data to time points in the interval 1 to 62 h with
time steps of 1 h, using the natural cubic spline function in the R
stats package (R Core Team, 2024). Moreover, we extrapolated the data
using this same function to obtain estimates for initial time points. Note
that we only used extrapolated values within 0.5 h of the measured time
point, resulting in estimates forr = 1 for all data except for one NRF2
replicate. For this replicate we only used data from 2 h onward.

2.1.6. RNA sample collection and targeted RNA sequencing

To determine the transcriptome of HLCs after exposure to com-
pounds, we collected cell lysates from all replicates at 0 and 24 h
post-exposure. We also collected cell lysates at 0 h for HepG2 cells and
PHHs without exposure. All RNA lysates were obtained from three in-
dependent biological replicates (originating from separate cell cultures)
and three technical replicates (separate wells within each biological
replicate). Initially, we washed the cells with PBS, then lysed them for
10 min at 37 °C with 50 pL 1x TempoSeq enhanced lysis buffer, sealed
the resulting samples with an aluminium silver seal (Greiner Bio-One,
Cat #676090) and stored them at —80 °C until shipment to BioClavis,
UK. Gene expression profiles were analysed at BioClavis (Glasgow,
UK) using TempO-Seq targeted RNA sequencing technology with the
human whole-transcriptome probeset version 2.0 according to their
standard protocol Yeakley et al., 2017). Raw sequencing data, meta-
data, and processed data have been made available in the EMBL-EBI
BioStudies genomics database ArrayExpress with accession numbers E-
MTAB-15398 for the NIT treated samples and E-MTAB-15401 for the
untreated samples.

2.1.7. Data processing: Transcriptomics

The transcriptomic data, derived from high throughput targeted
RNA-sequencing (TempO-Seq), was provided by BioClavis and com-
prised a read count table with 22,533 measured probes. We utilised
an in-house R script to execute the following data processing steps:

+ Quality Control: We excluded samples with fewer than 700,000
reads for subsequent analyses to ensure high-quality data. More-
over, we excluded samples for which the Pearson correlation
coefficient with at least two other samples (i.e., amongst the nine
replicates per condition) was below 0.7.

Normalisation: Counts were normalised using counts-per-million
(CPM) normalisation. i.e., each probe count was divided by the
total count for its respective sample and then multiplied by one
million to standardise the data across samples.

Relevance Filtering: We removed probes with a CPM < 1 across
all treatment conditions from the raw expression matrix, follow-
ing the relevance filtering criteria established by the RNA-seq
R-ODAF pipeline (Verheijen et al., 2022). Subsequently, we ag-
gregated multiple probes corresponding to the same gene by
summing their counts.

Analysis of Differentially Expressed Genes (DEGs): We used the
DESeq2 R package (Love et al., 2014) to construct a Negative
binomial (NB) generalised linear model (GLM) and compare treat-
ment concentrations against a matched vehicle control. We did
not apply an additional log2 fold change threshold, thus in-
cluding all significant fold changes, regardless of magnitude.
We considered genes to be significantly expressed upon expo-
sure if they had an FDR-adjusted p-value < 0.05 following the
Benjamini-Hochberg correction for multiple testing.

Besides these newly generated gene expression data, for compara-
tive purposes we obtained gene expression fold changes from HepG2
targeted transcriptomics data published in Wijaya et al. (2024) (fol-
lowing exposure to NIT, DIC, or KET), and microarray data from PHHs
exposed to NIT (originally from the TG-GATES database (Igarashi et al.,
2015), and downloaded log2 fold changes from https://txg-mapr.eu/
WGCNA_PHH/TGGATEs_PHH/).
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2.1.8. Glutathione measurements in HepG2 cells

We exposed the HepG2 cells to the concentrations described in
Supplementary Table 1 for 0, 3, 6, 12, 24, 36, 48 and 60 h. After
removal of the medium, we lysed the HepG2 cells by the addition of
1% sulfosalicylic acid (100 pL in H,0) (Sigma S-2130) . We transferred
cell lysates (30 pL per sample) to a new 96-well plate, together with 70
uL of H,O. Moreover, we created a standard linear curve of GSH in 1%
sulfosalicylic acid (from 0 pM to 10 uM) in order to transform sample
measurements to measured glutathione concentrations. The recycling
reaction initiated upon addition of reaction buffer (100 mM Na,HPO,,
pH 7.4 (Roth 4984.1)), including 5,5’-dithiobis (2-nitrobenzoic acid)
(DTNB, 100 pM) (Sigma D-218200), NADPH (200 pM) (Roth AE14.1),
glutathione reductase (1 U/mL, Sigma), and EDTA (1 mM) (Sigma
798681). We measured the rate of TNB (5-thio-2-nitrobenzoic acid)
formation at 405 nm, which is proportional to the concentration of
glutathione in the sample. Intracellular glutathione was expressed as
a fraction relative to the glutathione content in the untreated controls.
If not otherwise indicated, detection includes reduced (GSH) and oxi-
dised (GSSG) glutathione. The measurements were obtained from three
(KET) or four (NIT and DIC) independent biological replicates and four
technical replicates.

For the measurement of GSSG, a share of the lysed cells was treated
with 2-vinylpyridine (2-VP) (Sigma 132292) (20 parts sample : 1 part
2-VP) for 1 h at RT on a shaker. A GSSG standard linear curve was pre-
pared (0 pM-10 pM). Both untreated samples (GSH and GSSG) and 2-VP
treated samples (GSSG) were assessed. To obtain GSH values, oxidised
glutathione (GSSG) values are subtracted from total glutathione (GSH
and GSSG) values. Total protein amount was determined by the BCA
assay (PierceTM BCA Protein assay Kit) for normalisation of glutathione
levels. These experiments were performed for three biological replicates
and four technical replicates.

2.1.9. Viability measurements in HepG2 cells

We performed two types of experiments to measure viability of
HepG2 cells, i.e., resazurin reduction assays and lactate dehydrogenase
(LDH) release assays. We conducted both assays in parallel because
differences between the assays can occur as the resazurin assay mea-
sures reductase activity while the LDH assay indicates cell integrity.
For both types of experiments we measured at the same time points
as for the glutathione experiments (i.e. 0, 3, 6, 12, 24, 36, 48 and
60 h) and had three biological and four technical replicates. For the
resazurin reduction assay we added resazurin (5 pg/mL, Sigma) to the
cells and incubated for 60 min at 37 °C. We used a Tecan Infinite
M200 reader to detect the emitted fluorescence (excitation at 530
nm,,; emission at 590 nm,,), which is indicative of cell viability.
We quantified cell viability as the percentage of fluorescence intensity
relative to untreated controls.

For the second assay, we assessed LDH activity in both cell ho-
mogenates and their respective supernatants. Following completion of
the resazurin measurements, we collected supernatants separately in
96-well plates. We lysed the corresponding cells in phosphate-buffered
saline (PBS) containing 0.1% Triton X-100 for at least 1 h at room
temperature. LDH activity was detected separately in each individual
cell lysate and its corresponding supernatant. We took 10 pL samples
from the cell homogenate and its respective supernatant, which we
transferred into to a new 96-well plate. The reaction initiated upon
addition of 190 pL reaction buffer, which was adjusted to pH 7.4 using
K,HPO, (40 mM) and KH,PO, (10 mM) stock solutions, and supple-
mented with NADH (250 pM) and sodium pyruvate (700 pM) (both
from sigma). The assay measures the conversion of NADH to NAD" by
detecting the decline in absorbance at 340 nm, which corresponds to
the depletion of NADH. We measured absorbance directly after addition
of the reaction buffer (t = 0) and 2 min later. We then subtracted values
detected after 2 min from thet = 0 values. We expressed these data as
percentage of LDH activity in the supernatant relative to the sum of
LDH activity in both the supernatant and the cell homogenate.
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2.2. Model descriptions

2.2.1. Compound models

To describe the kinetics of the compounds, we defined a straight-
forward model to simulate the swift increase of the cell-associated
compound concentration (Compound) followed by a gradual decrease:
dCompound

dt

Here d represents the compound decay rate, and S(r) is the time-
dependent compound uptake rate, which we consider to decay expo-
nentially with time 7:

= S(t)—d - Compound. 2

S(t) = Syexp(—7 - 1). 3)

We consider S, i.e., the initial value of the uptake rate, to be
concentration-dependent. The parameter z represents the speed at
which the uptake rate declines.

We optimised the parameters for each compound separately to prop-
erly describe the kinetics. However, the linear decrease was unsuitable
for the description of the KET kinetics data. Therefore, we included
an additional exponent n in the compound degradation term, which
resulted in:

dC d

% =S(@)—d - Compound”. (C))
This model described the KET compound kinetics with sufficient accu-
racy.

The parameter values for the different compounds can be found in
Supplementary Table 3. When the model was used to simulate com-
pound concentrations unavailable in the compound data, we linearly
interpolated the values for S, obtained on the basis of the compound
measurements. The employed values for the different concentrations
can be found in the parameter tables corresponding to the models (see
Supplementary Tables). Note that for the plots in Fig. 2A, Fig. 4AB,
Supplementary Figure 1B and Supplementary Figure 10, we expressed
the compound simulations in nmol/well (rather than in pg/mL as we
used for model calibration).

2.2.2. Stress pathway models

To connect the stress pathway activation to the compound kinetics,
we developed equations describing the activation of the OSR and ISR
based on the literature and model calibration to the available data,
comparing multiple model variants. In our first model, both stress
pathways are fully independent and activated by the same stress source
(the compound). Next to the compound, described by Eq. (2) or (4), the
model contains six state variables: A, (ATF4), C (CHOP), K, (KEAP1),
K| n.q (modified KEAP1), N, (NRF2) and .S; (SRXN1). The first model
version consists of the following equations:

dA

d_t4 =by, +Vay - Compound —dy, - Ay, 5)
dC Ad"nc

E_bC-FVmame_dc'ca O]
dK,

I = by, — 1y - Compound - Ky + 1y, - Kypoq — di, - Ky, @)
dK

% = 1y, - Compound - Ky = 1y, - Kijpog — di; * Kimoa 8
dN, K, N,

—= =by, -V, —— —dy, - N,, 9
ar Ny — Viegn, Ky, + IV, N, - N2 (C)]
s, N,"$1

=5 = st Veasy g — —ds, S (10)

Kg'+ N, S

In these equations, by is the basal production rate for state variable
X and dy is its basal degradation rate. The parameter r, represents
the modification rate of KEAP1 and r,, the unmodification rate of
the modified KEAP1, V,,,.x is the maximal speed of TF-dependent

max.
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production of X, V., is the KEAP1 dependent degradation rate of
NRF2, and Ky is the level of the corresponding TF (N, for both S,
and N, itself; A, for C) for which the production or degradation rate
of X is half-maximal, and ny is the Hill coefficient associated with
production of X. A description of the individual parameters can be
found in Supplementary Table 2.

After parameter optimisation (as described below), some parameters
approximated zero closely. Therefore, we removed those parameters
or simplified the associated mathematical terms. This simplified model
contained the following equations:

dA
d_t4 :bA4 +VA4-Campound—dA4 <Ay, 1)
dC A4"c
T = Vnee xoe s e © (12
dK

dt1 = —ry, - Compound - Ky +r,, - K04, as)
dK
% =Tm - Compound - Kl ~Tum* Klmod7 a4
dN,
= = b, = Vaegn, - Ki - Ny —dy, - Na, (15)
D _pe 1y, Ny dg - S 6
dt —YS maxSy K;‘]Sl +N2n51 S 1

Recently, Krel3 et al. (2023) found that ATF4 can induce NRF2
transcription. Therefore, our third model variant included an ATF4-
dependent production term in the equation for NRF2. This changed Eq.
(15) to
dN,
Tt
with Vy, the rate for ATF4-dependent NRF2 production. All other
equations were the same for this model variant. We calibrated its model
parameters in two ways, once with similar bounding of Vy, as all
other parameters and once with bounding of Vy, between 0 and 0.1
to prevent the model from relying only on this interaction for the
induction of NRF2.

We initially optimised the model parameters for NIT data. When
applying the final model to KET and DIC, we introduced additional
scaling (parameters sc;gr and scpgr) to make the model suitable
for the new compounds. Thus, we replaced Egs. (11), (13) and (14)
respectively by

= by, + Vi, A= Vypen,  Ki - Ny —dy, - Ny, a7

dA
_dt4 = by, +Vay - scrsg - Compound —d,, - Ay, as)
dK K
dt1 =—ry - scosg - Compound - Ky + 1 - Kypoq, a9
dK
dl;nad' =r, - scosg - Compound - K| —r,,, - K,0q- 20

2.2.3. Glutathione model

We compared two model versions for the simulation of glutathione
within cells. In the first model, the amount of glutathione (G) is only
dependent on a basal production (b;) and degradation (d;) rate and an
NRF2-dependent production term (following a Hill equation as in the
earlier mentioned parameter definitions):

dG Ny"e
A A
T A

—dg-G. (21)
Note that such replacement of the two-step production process of
glutathione with a direct link from NRF2 in our model is a large sim-
plification. However, since the GCL step is generally rate-limiting (Lu,
2013) and we lacked time-dynamic data for GCLC and GCLM, we used
the known regulatory role of NRF2 for both enzymes (Wild et al., 1999)
to model the increase in glutathione with a direct link from NRF2.
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Fig. 1. NIT activates OSR and ISR across HepG2, HLC and PHH. (A) Time-course HepG2 GFP reporter data for NRF2 and SRXN1 after exposure to 4 concentrations of NIT or
2 uM CDDO-Me. Lines represent the mean and shading the standard deviation. (B) Time-course HepG2 GFP reporter data for ATF4, BiP, CHOP and XBP1 after exposure to 4
concentrations of NIT or 0.05 pM THAP. Lines represent the mean and shading the standard deviation. (C) Comparison of mRNA log2 fold changes for stress response genes SRXN1
and DDIT3 (CHOP) across liver models, 24 h post-NIT exposure. Concentrations correspond to low (6 pM), medium (60 pM for HepG2 cells and HLCs; 25 pM for PHHs), and high

(120 pM). The red line indicates the log2 fold change cut-off of 0.6. Statistical significance is shown by stars:

The second glutathione model included an additional degradation
term dependent on ATF4. It was previously reported that CHAC1 plays
arole in the degradation of glutathione upon activation of the ISR (Kref3
et al., 2023). Because we lacked time-dynamic CHAC1 data we used its
TF ATF4 as a surrogate for its stimulation of glutathione degradation.
This resulted in the following differential equation:

dG N,"e

& b+ Vo ——2—— —dg - (1 +dA, - Ay) - G. (22)
G maxG KZG N NznG G 4G 4

dt

2.2.4. Parameter optimisation

We used an in-house fitting script (previously described in Heldring
et al., 2022; Yang et al., 2020, 2021) for parameter calibration, which
was based on a maximum likelihood approach. It combines the least-
squares method of the SciPy package in Python (Virtanen et al., 2020)
with sensitivity equations to find the path of the steepest descent
towards the optimum (Raue et al., 2013).

Different sets of starting values were generated using Latin Hy-
percube sampling (Owen, 1992). The parameter sets generating the
lowest cost were deemed optimal. A sufficiently large number of initial
guesses for parameter sets should be used to find the optimum. For
the models that contained many parameters (i.e. the stress models

*** for p < 0.001, ** for p < 0.01, and * for p < 0.05.

for NIT, minimally 12 parameters requiring calibration), we used at
least 100 sets for fitting. However, when calibrating a small number of
parameters for the other models, a minimum of 30 sets sufficed.

We based the initial values of the state variables on the data
instead of estimating them with parameter calibration. This prevented
problems with model parameter identifiability and could be achieved
because we had direct estimates available for most of these variables
based on the data. Specifically, for ATF4, CHOP, NRF2, and SRXN1
we used the corrected and min-mean normalised value (see section on
stress reporter imaging data) for cells exposed to DMSO as the initial
state. We set the initial values for glutathione and KEAP1 to 1 and for
compound and modified KEAP1 to 0.

To ensure the models always started in steady state, we added
steady-state constraints, similar to Rosenblatt et al. (2016). We achieved
this by selecting one parameter from each equation, to be defined by a
steady-state constraint. We determined these constraints by computing
the value of the selected parameter which would make the ODE equal to
0 in absence of compound exposure and for variables set to their initial
value. We did not apply additional constraints to equations starting in
steady state by definition (i.e., the ODEs for the compound, KEAP1 and
modified KEAP1).
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In general, the lower bound for the fitted parameters was set to
0 and the upper bound to 1000, apart from a few exceptions: All
Hill coefficients were bounded between 1 and 10. Furthermore, Vy,
was bound between 0 and 0.1 for NIT and KET. This upper bound
was increased to 0.5 for DIC. Note that the upper bound on Vy, was
introduced to prevent a larger effect of ATF4 on NRF2 production than
that of KEAP1, since KEAP1 is known to be the main regulator of
NRF2 (Yamamoto et al., 2018).

2.2.5. Model comparison

To formally compare how well model variants describe the ex-
perimental data, we applied the Akaike Information Criterion (AIC)
(Akaike, 1974). Considering normally distributed residuals, one can use
the following expression to compute the AIC (Burnham and Anderson,
2004):

RSS

AIC:n-ln( )+21<, (23)

with n the number of observations, K the number of parameters and
RS'S the Residual Squared Sum defined as
N
RSS =Yy = f(t))*, 24
i=1
with y; the measurement at time point i, f(¢;) the simulation value at
this time point and N the number of time points. The model with the
lowest AIC should be selected as the best model to describe the data.
For cases where the sample size was small compared to the number
of parameters (ratio n/K < 40), which was the case for the glutathione
models, we followed the advice of Burnham and Anderson (2004) to
use a corrected AIC (AICc):

2
AICc = AIC + M (25)
n—K-1

2.3. Used software and data & code availability

For data analysis, data representation and model simulations, we
used R (version 4.3.3) (R Core Team, 2024) and tidyverse (2.0.0) (Wick-
ham et al., 2019), BiocManager (1.30.25) (Morgan and Ramos, 2018),
DESeq2 (1.46.0) (Love et al., 2014) and deSolve (1.40) (Soetaert
et al., 2010) in R. For parameter optimisation we used Python (ver-
sion 3.6.7). Schematic overviews of the pathways were made using
Cytoscape (Shannon et al., 2003). All code and data to simulate the
models and generate the figures is available at https://doi.org/10.
5281/zen0do0.15921295.

3. Results

3.1. Nitrofurantoin induces the oxidative and integrated stress response in
HepG2, HLC and PHH cells

To develop a novel stress pathway model, we reevaluated our
earlier published imaging data (Wijaya et al., 2021) where HepG2
cells with built-in fluorescent reporter proteins were exposed to various
compounds. In this data, the presence of the oxidative stress reporter
proteins NRF2 and SRXN1 increased over time upon exposure to nitro-
furantoin (Fig. 1A). These reporters were induced about half as much
as when exposed to 2 pM of bardoxolone methyl (CDDO-Me), which
is a positive control for the OSR. Apart from OSR proteins, we also
observed a concentration-dependent increase in ATF4 and CHOP (Fig.
1B). ATF4 and CHOP are classified as unfolded protein response (UPR)
reporters, together with binding immunoglobulin protein (BiP) and X-
box binding protein 1 (XBP1) (Wijaya et al., 2021). However, no clear
increase in BiP and XBP1 occurred after exposure to NIT (Fig. 1B).
As positive control, we checked the response of UPR reporters to a
well-known UPR-inducing compound, thapsigargin (THAP, 0.05 pM)
in this dataset. As expected, BiP and XBP1 increased after exposure
to THAP, demonstrating proper reporter functionality. These findings
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suggest that NIT does not activate the full UPR response but only
its ATF4-CHOP axis, which is also known as the integrated stress
response (ISR) (Pakos Zebrucka et al., 2016). Finally, we checked
for activity in DNA damage reporters after exposure to NIT, which
remained largely inactive. Especially when comparing the data for NIT
to data for the DNA damage-inducing compound cisplatin (CDDP, 10
pM) (Supplementary Figure 2), it was clear that NIT did not induce the
DNA damage response. Furthermore, we tested HepG2 viability upon
NIT exposure by measuring lactate dehydrogenase (LDH) activity and
resazurin reduction, which showed that the applied concentrations had
an adaptive effect and were not highly cytotoxic (Supplementary Figure
3, right plot).

HepG2 cells are a common liver in vitro model but they do not
fully represent hepatocytes, for example because they have low levels
of many metabolising enzymes (Guo et al., 2011). HLCs differentiated
from hiPSCs are considered more mature than HepG2 cells relative
to human liver tissue, although not as mature as PHHs (Gupta et al.,
2021). To investigate the maturity with respect to other main rele-
vant liver cell characteristics we first generated new transcriptomics
data for all three cell types in control conditions (without exposure).
Specifically, we compared the log2 normalised counts of genes related
to albumin production (Supplementary Figure 4A), urea cycle (Sup-
plementary Figure 4B) and glutathione (Supplementary Figure 4C). As
expected, the levels of these genes differ somewhat between the cell
types, but all three cell types express these liver-relevant genes.

To also study the relevance of the above studied stress response
pathways (OSR and ISR) in these three cell types upon exposure to
NIT, we gathered published gene expression data for NIT exposure
of HepG2 (Wijaya et al., 2024) and PHH (Igarashi et al., 2015), and
generated such transcriptomics data with NIT exposure ourselves for
HLCs. Despite variations in the magnitude of expression levels, DDIT3
and SRXN1 exhibited a similar direction of change across test systems
(Fig. 1C). However, it should be noted that the concentration of 120
pM is likely higher than the therapeutic concentrations reached in the
liver. Regardless, the upregulation of the stress pathway markers DDIT3
and SRXNTI in different cell types supports the broader relevance for
the development of a mathematical model for combined OSR and ISR
activation on the basis of detailed time-lapse imaging data from HepG2
cells.

3.2. ATF4-dependent NRF2 transcription contributes slightly to the OSR
upon NIT exposure

Before activation of intracellular signalling pathways, compounds
need to interact with and/or be taken up by cells. To understand this
initial phase of stress response activation, we used mass spectrometry
to measure the cell-associated NIT concentrations for HepG2 cells over
time following exposure to a low, medium and high concentration
(Fig. 2A, dots; Supplementary Figure 1). A rapid initial increase in
cell-associated NIT occurred, followed by a gradual decrease. With a
straightforward pharmacokinetics (PK) model (see Methods) we could
appropriately simulate these NIT kinetics within cells (Fig. 2A, lines).

Next, we developed various ODE models, to describe the activation
of the OSR and ISR upon exposure to four concentrations of NIT (6, 30,
60 and 120 pM). All models use the simulated compound kinetics as
activator of the stress pathways. In the first model, the stress pathways
are fully separate (Fig. 2B, without the green arrow). All proteins have a
basal production and degradation rate in this model and the additional
interactions are based on what is known from literature (see Methods).
This model can describe the protein dynamics quite well (Supplemen-
tary Figure 5). Upon inspection of the calibrated parameters some of
their values were close to O (Supplementary Table 4). This indicates
that those parameters were not required for the simulation and could be
discarded for the description of this data. We obtained a second model
version by removing these parameters. Indeed, this model performed
equally well (Fig. 2C, blue line). For the highest concentration, there
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was a slight underestimation of the data, most profound for late time
points of ATF4. However, we consider the deviations small enough to
regard this as a suitable model.

Recently, Kref3 et al. (2023) reported that ATF4 stimulates NRF2
abundance. The paper provides evidence that NFE2L2 is a direct target
gene of the TF ATF4 using chromatin immunoprecipitation. We in-
cluded an additional term for this process in a third model (see Methods
and Fig. 2B, green arrow). This model also described the data well
(Supplementary Figure 6), yet parameter calibration resulted in full re-
liance of the NRF2 increase on ATF4. This is not consistent with known
biology because KEAP1 is the main activator of NRF2 (Yamamoto
et al.,, 2018) and ATF4 should only have an additional effect (Kref3
et al., 2023). Therefore, during parameter calibration we limited the
magnitude of ATF4-dependent NRF2-production. The model including
this bounded link (Fig. 2C, green line, AIC = —3710.66) could de-
scribe the data for NRF2 and SRXN1 slightly better than the model
without the additional link (Fig. 2C, blue line, AIC = —3633.21). Note
that both models performed similarly for simulating ATF4 and CHOP
(overlapping lines in Fig. 2C). In conclusion, our model of in vitro PK-
driven activation of ISR and OSR described the HepG2 data well, and
suggested a contribution of the ISR to OSR activation.

3.3. CHACI1-dependent glutathione degradation explains glutathione dy-
namics

OSR activation leads to the induction of various antioxidants,
amongst which is GSH. Besides its role in detoxification, GSH also has
a role in cell cycle progression and apoptosis (Ballatori et al., 2009;
Pallardé et al., 2009; Lu, 2013). Since GSH is important in protecting
cells from oxidative damage and in cell proliferation and death, we
included it in our model.

The production of GSH takes place via a two-step process. In the first
step, glutamate cysteine ligase (GCL) produces y-glutamylcysteine (Lu,
2013). GCL is composed of a catalytic (GCLC) and modifier (GCLM)
subunit, which are both transcriptional targets of NRF2 (Wild et al.,
1999). In the second step, GSH synthase produces GSH (Lu, 2013). As
expected, NRF2 expression, GCLC/GCLM expression, and GSH synthe-
sis, positively correlate in HepG2 cells exposed to NIT (Wijaya et al.,
2022).

To incorporate GSH dynamics in our model, we measured total
glutathione (i.e., including reduced (GSSG) and oxidised (GSH) forms)
upon exposure to NIT at several time points (Fig. 3A, grey symbols).
As expected, an initial increase occurred for the first 20 h. However,
at late time points and high concentrations, the level of glutathione in-
creased only mildly or even decreased. Glutathione can be transported
out of the cells when the level of GSSG becomes too high (DeLeve
and Kaplowitz, 1991), which could potentially explain the observed
decrease in glutathione. Surprisingly, we observed hardly any changes
in the intracellular amount of GSSG upon exposure to NIT for 48 h
(Supplementary Figure 7A, right panel). This could be due to the quick
reduction of GSSG back to GSH. Furthermore, in the supernatant we did
not measure a large amount of glutathione following NIT exposure for
48 hours (Supplementary Figure 7B, right panel). Note that this also
makes the option of cell death causing the decrease in intracellular
glutathione unlikely because this would also increase extracellular
glutathione. However, detection of slight differences in extracellular
glutathione might be difficult due to its dilution following secretion
into a relatively large volume of medium. Another explanation of the
decrease in GSH could be reduced GSH production. Nevertheless, it is
unlikely that the production of GSH stopped at late time points as gene
expression of GCLC and GCLM is still increased at 24 h (Supplementary
Figure 8, third column, second and third row).

Another explanation for the glutathione decrease within cells at late
time points could be an increased degradation of glutathione. CHACI,
a downstream target of ATF4, degrades glutathione (Sun et al., 2024;
Kref3 et al., 2023). Since CHAC1-regulator ATF4 is induced upon NIT
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exposure, it is likely that CHACI would also be transcribed. Based on
gene expression data of Wijaya et al. (2024) at 8 h, CHACI indeed
increases upon NIT exposure (Fig. 3B), although variability of these
data is large. Consequently, CHAC1 could play a role in the glutathione
dynamics. To check whether the effect of CHAC1 was essential for the
modelling of glutathione dynamics, we compared two different models
(see Fig. 3C). The simplest model only contained basal production
and degradation of glutathione, and NRF2-dependent production (see
Methods). This model described the data well up to 60 pM but for the
highest concentration, it could not replicate the decrease in glutathione
(Fig. 3A, blue line), i.e., there was a quantitative as well as qualitative
mismatch between data and model.

The second model also included degradation of GSH via CHACI.
Since time-dynamic protein data of CHACI is lacking, we substituted
CHAC1 in this model with ATF4. CHAC1 is a downstream target of
ATF4 and the two are coexpressed (Mungrue et al., 2009), therefore
we considered the two to have a similar dynamic over time. After
parameter calibration, the model with the ATF4-GSH link performed
better (Fig. 3A, green line, AICc = —310) than the model without the
link (Fig. 3A, blue line, AICc = —327.78), especially for the highest two
NIT concentrations. Because computation of the AICc for both models
confirmed this visual difference between the model fits, we selected the
model with the ATF4-GSH link as best model. In conclusion, our model-
based analysis suggests that the observed glutathione decrease at late
time points is explained by CHAC1-mediated degradation of GSH.

3.4. Applying models to DIC and KET requires parameter recalibration

To investigate the generalisability of our models to compounds with
similar modes of action, we applied the selected models for NIT also to
data of other compounds with high DILI liability: DIC and KET. Again
we checked LDH activity and resazurin reduction to ensure we selected
adaptive concentrations that are not too cytotoxic (Supplementary
Figure 3, two leftmost plots). Based on these assays we excluded DIC
concentrations above 500 pM as the resazurin reduction was below and
the extracellular LDH was above 50%.

Since both compounds cause mitochondrial damage (Wewering
et al., 2017), we expected again the ATF4, CHOP, NRF2 and SRXN1
reporters to be upregulated after exposure to these compounds. In-
deed, many of the same reporters respond (Supplementary Figure 9).
However, a clear difference was the lack of CHOP induction upon
exposure to KET. Moreover, some changes occurred in the DNA damage
response reporters (p53, p21, BTG2, MDM2), although these effects
were small compared to control DNA damage-inducing compounds
such as cisplatin (compare to Supplementary Figure 2, red lines).

To apply our models, we measured cell-associated concentrations of
DIC and KET over time with mass spectrometry, and recalibrated our in
vitro PK model (Fig. 4A, B, Supplementary Figure 1A). Optimising the
parameters for the new data was sufficient for DIC (Fig. 4A). For KET,
recalibration of parameters led to a minor yet qualitative mismatch
with the data, i.e., at low exposure levels the data approached a
constant concentration but the model predicted a minor decrease (Sup-
plementary Figure 10). Adding a non-linear concentration dependent
decay to the PK model (see Methods) and calibrating the parameters
for this adapted model resulted in simulations that matched the KET
data well (Fig. 4B).

We next applied our combined stress pathway model to KET and
DIC reporter data (data re-used from (Wijaya et al., 2021)) by only
optimising two scaling factors for the connection between each com-
pound and its stress pathway activation (see Methods). These first
simulations did not match the data well (Fig. 4C-D, Supplementary
Figure 11 and Supplementary Figure 12, blue lines), which showed
that additional parameter changes were required. In these simulations,
either the amount of ATF4 was too low (DIC; Supplementary Figure 11)
or the amount of CHOP was too high (KET; Supplementary Figure 12)
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ATF4-dependent NRF2 production.

compared to the reporter data. This suggested that an adaptation of the
ATF4-CHOP interaction was required for both compounds.
Recalibrating the maximal CHOP production rate (V,,,.) for KET
and DIC separately resulted in improved simulations (Fig. 4C-D, Sup-
plementary Figure 11 and Supplementary Figure 12, green lines). We
deemed these simulations close enough to the KET reporter data (Fig.
4D and Supplementary Figure 12, green lines). However, despite a
clear improvement for DIC (Fig. 4C and Supplementary Figure 11,
green lines) after changing this parameter, there was still an obvious
difference in the dynamics between the data and the simulations for the
highest concentration. Specifically, the simulation of ATF4 decreased at
late time points while the data steadily increased. This might indicate
that the ATF4-related parameters were different for DIC than for NIT
and KET. Because the ATF4 degradation rate (d4,) is computed based
on steady-state constraints (see Methods), we recalibrated the basal
ATF4 production rate (b A4)' Furthermore, the simulation for NRF2 was
too low for high DIC concentrations. To improve this, we recalibrated
both the KEAP1-dependent degradation rate (V,y,) and increased
the bound on the ATF4-dependent NRF2 production rate (VNz)' These

changes generated an improved simulation for the stress pathway
activation after exposure to DIC (Fig. 4C and Supplementary Figure 11,
yellow lines). However, note that the simulation for SRXN1 still exhibits
an underestimation for the highest concentration of DIC. Nevertheless,
for low DIC concentrations, the SRXN1 reporter data are well described
(Supplementary Figure 11). All new or recalibrated parameter values
can be found in Supplementary Table 6 and Supplementary Table 8.
Lastly, we used our stress pathway models with modified parame-
ters to predict the amount of glutathione for DIC and KET. Surprisingly,
using the parameter values based on the NIT model resulted in a
major overestimation of the glutathione levels after exposure to DIC
and KET (Fig. 4E-F, Supplementary Figure 13 and Supplementary
Figure 14, blue lines; AIC = —226 (DIC) and AIC = —-363.2 (KET)).
This difference could be due to more transport of glutathione out
of the cell, a higher degradation rate or less production of GSH for
DIC and KET than for NIT. We measured the amount of GSSG and
GSH in cells and the level of glutathione in the supernatant at 48 h
(Supplementary Figure 7, two leftmost plots), yet similarly to NIT there
was hardly any change in the levels of GSSG and only a limited amount
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included in one of the two model versions.

of extracellular glutathione. We also studied gene expression of CHACI
for DIC and KET in published data (Wijaya et al., 2024), since this
could affect GSH degradation, but high standard errors in these data
precluded a clear conclusion (Supplementary Figure 8, top row). Since
the production step by GCL is generally rate-limiting, we also studied
the gene expression of GCLC and GCLM in the same data. Indeed, GCLC
and GCLM transcripts were higher after exposure to NIT than DIC or
KET (Supplementary Figure 8, middle and bottom rows). Thus, the lack
of GCLC and GCLM transcription compared to NIT exposure renders a
plausible explanation for the model-based glutathione overestimation
without parameter adaptation.

Based on the profound difference in GCLC and GCLM induction
between the compounds, we lowered the NRF2-dependent production
rate by recalibrating the maximal GSH production rate (V) for KET
and DIC. This clearly improved the match between simulations and
glutathione data (Fig. 4E-F, Supplementary Figure 13 and Supplemen-
tary Figure 14, green lines; AIC = —946.74 (DIC) and AIC = —-914.01
(KET)). Additionally, recalibrating both the maximal GSH production
rate (V,,.xc) and the CHAC1-dependent GSH degradation rate (d 44¢)
((Fig. 4E-F, Supplementary Figure 13 and Supplementary Figure 14,
yellow lines; AIC = —1004.31 (DIC) and AIC = —1010.17 (KET)) led
to simulations that matched the data even better. To formally compare
these models we inspected the AIC for all versions. The AIC for the
model with the recalibrated V,,,.; and d,,; was lowest for both DIC
and KET, hence we selected this as our best model. In conclusion,
although our developed models can describe stress pathway responses

10

(ISR and OSR) well for multiple compounds with the same mode of
action, several model parameters were compound-specific.

4. Discussion

In this study, we developed a mathematical model for HepG2 re-
sponses to NIT based on novel cell-associated compound measurements,
published stress pathway reporter data by Wijaya et al. (2021) and
novel glutathione measurements. The models could describe the NIT-
related data well (Figs. 2 and 3). To investigate the generalisability of
our models for compounds with similar modes of action, we applied
the same models to DIC and KET data. We found that recalibration of
some parameters was required to describe the cellular response to these
other compounds as well (Fig. 4).

To investigate the relevance of modelling the stress response in
HepG2 cells, a liver cancer cell line, we compared overall stress path-
way activation between three in vitro liver models in published tran-
scriptomics data for HepG2 and PHH, and novel transcriptomics data
for HLC. This showed clear upregulation of ISR and OSR markers CHOP
and SRXN1 in all three cell types. Even though this analysis, involving
only a single time point, did not show whether the temporal dynamics
of pathway activation are similar between the liver-related cell types,
it indicated that transcription of DDIT3 and SRXNI increased in a
concentration-dependent manner. Further research, generating tran-
scriptomics data at multiple time points in the three different cell types,
would provide us with more information on the similarities between the
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cell types. Furthermore, time-dense data on individual proteins, as we
have for the HepG2 cells, would be highly insightful. The development
of hiPSC reporters that can be differentiated into HLCs allows future
generation of this kind of data (Snijders et al., 2021).

Remarkably, PHH responded the least to NIT exposure and HepG2
cells the most (Fig. 1C). This could indicate that PHHs are less sensitive
to NIT exposure than HLCs and HepG2 cells. This could be due to
variations in the levels of GSH in the different cell types, but previous
research has shown that HepG2 and PHH exhibit similar levels of GSH
in conditions without exposure (Wijaya et al., 2022), so there must be
other reasons for this insensitivity (e.g., additional anti-oxidant mecha-
nisms within PHHs). We cannot draw many conclusions about the stress
response in different cell types as it is just one time point and PHH
responses from different donors vary substantially (Niemeijer et al.,
2024). Note also that the data in Fig. 1B-C for PHHs was microarray-
based, while the data for HLCs and HepG2 cells is from targeted whole
transcriptome sequencing. Due to differences in sequencing platforms
and gene set, direct comparisons between the datasets should be con-
sidered with caution (Bushel et al., 2018). Regardless, dose-dependent
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increases in ISR and OSR gene expression were sufficient to confirm
the activation of the same stress pathways across test systems, though
to different extents.

As a first submodel, we used a straightforward in vitro PK model on
the basis of newly acquired cell-associated compound measurements.
Alternatively, static as well as dynamic in vitro PK models have been
developed, for which many aspects need to be considered such as
physicochemical properties and incorporation of compound into the
surrounding plastics (Proenca et al., 2021). Note that our in vitro PK
data could also be used to test and further develop such models. Here,
we opted for a simple approach and described the PK data only in
part mechanistically. In the future, this submodel can be replaced
by a PBPK model to generate in vivo predictions for stress pathway
activation. We recently developed a PBPK model for NIT (Sharma et al.,
2023), and PBPK models for KET and DIC can be developed due to the
availability of data on biochemical parameters for both compounds in
humans (Thiel et al., 2018; Kumar et al., 2002; Pathak et al., 2017).

When developing the stress pathway submodel for NIT, we defined
one model with and one without a link between ATF4 and NRF2.
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Both models represent the stress pathway data fairly well but the
model with the link is slightly closer to the data. We based this link
on the finding of KreR et al. (2023) that NRF2 is a transcriptional
target of ATF4. When including this link without parameter bound-
aries, parameter optimisation resulted in a setting where the model
depended fully on ATF4 for explaining the NRF2 increase over time.
Since it is well known that KEAP1 is the main regulator of NRF2, we
considered this result biologically inaccurate and we instead defined
a maximal effect of ATF4 on NRF2. Because the work by Krel3 et al.
(2023) contained only qualitative data, we determined this bound by
qualitatively checking whether the relative contribution of ATF4 to
NRF2 production would not exceed 50%. Naturally, quantifying the
contributions of ATF4 versus KEAP1 to NRF2 accumulation through
experimental data generation would be more reliable, e.g. through
knockdown approaches.

In our glutathione submodel for NIT, we made some major sim-
plifications of GSH biology. In reality, GSH production is a multi-step
process that is not solely dependent on NRF2 (Lu, 2013). Even though
GCLC and GCLM are induced via NRF2, the activity of GCL can be
modulated by the redox status and via feedback loops (Franklin et al.,
2009). Furthermore, for the GSH degrading effect by CHAC1 we used
one of its TFs (ATF4) as a proxy, even though the transcription of
CHAC1 is influenced by multiple factors (Sun et al., 2024). Despite
these simplifications the model does show what are the most relevant
connections. Clearly, an inhibitory effect on glutathione was required
to describe the data, which we attributed to CHAC1 (Sun et al., 2024;
Krel et al., 2023). Given the close approximation of glutathione data
by our simulations, these model outcomes can be used for further
predictions of adversity, for which glutathione might play an important
role (Ballatori et al., 2009; Pallard6 et al., 2009).

We considered CHAC1 as an important GSH regulator without hav-
ing time-dynamic data on this protein. The currently available CHAC1
data includes transcriptomics data at 8 and 24 h (Fig. 2 ) but the
data at 24 h exhibits a large variability precluding clear conclusions.
Furthermore, CHAC1 is largely regulated at a post-translational level
by the proteasome, which can both enhance its stability or increase its
degradation (Nomura et al., 2016). Thus, time-dynamic protein data
on CHAC1 could help us improve our models and test the validity
of the replacement of CHAC1 by ATF4 in our models. Moreover,
quantitative knock-down experiments would be helpful in determining
the magnitude of the effect of CHAC1 on the glutathione levels.

Another explanation for the decrease in glutathione could be a
decreased production of GSH. Even though we observed positive log2fc
values for GCLC and GCLM in HepG2 upon exposure to NIT and high
concentrations of DIC and KET (Supplementary Figure 8), the activity
of GCL could decline, for example, due to a lack of ATP, which is also
required for GSH production (Lu, 2013). Additional research would
be required to confirm or exclude the contribution of reduced GSH
production to the decline of GSH.

For the application of our models to DIC and KET, we expected the
quantitative relation between TFs and their downstream target(s) to
be similar across compounds. In other words, a similar induction of
ATF4 would lead to a similar amount of the target CHOP, and a similar
induction of NRF2 would result in a similar amount of direct target
SRXN1 or indirect target GSH. Our work shows that this assumption
does not hold, implying that these TF-target relationships are highly
complex.

One of the interactions that was not as straightforward as we
initially hypothesised, was the induction of CHOP following an ATF4
increase. For KET, CHOP induction did not occur at all, despite a
clear upregulation of ATF4. Also for DIC less CHOP was induced for
a similar amount of ATF4 compared to NIT. Previous research has
shown that ATF4 can heterodimerise with many TFs, which affects the
genes that are transcribed (Neill and Masson, 2023). Although it is still
unclear to what extent different ATF4 dimerisation partners control the
subset of ATF4 target genes that is transcribed, this effect likely plays a
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role. Furthermore, additional processes, apart from ATF4 induction, can
influence CHOP regulation. For instance, the translation of CHOP can
be blocked by a single upstream open reading frame (uORF) (Palam
et al.,, 2011). Phosphorylation of eIlF2a causes scanning ribosomes to
bypass this inhibitory uORF (Palam et al., 2011). As a result, CHOP
translation only occurs when there is sufficient stress. Comparing Fig.
2C and Fig. 4C-D, ATF4 is induced less upon exposure to KET and DIC
compared to (high concentrations of) NIT. We speculate that limited
ATF4 induction coincides with limited phosphorylation of elF2« and
therefore a substantial block on CHOP translation. Consequently, the
ratio between ATF4 and CHOP could be different for DIC and KET than
for NIT (due to the differential phosphorylation status of elF2a) and
thus the parameter describing this interaction would require adaptation
to make the model match the data.

For DIC, more than a single CHOP-related parameter required re-
calibration before the simulations were satisfactory. To simulate high
concentrations of DIC well, we adapted three additional parameters.
Due to the steady state constraints applied during parameter calibration
(see Methods) we had to adapt the ATF4 production rate to affect the
degradation rate. Furthermore, we adapted both the KEAP1-dependent
NRF2 degradation rate and the ATF4-dependent production rate of
NRF2. Because these modifications were mostly required for high DIC
concentrations, this could mean that DIC has a disproportionately large
effect on pathway activation above a certain threshold. Additional
data for different concentrations could provide more insight in this
disproportionality at high DIC concentrations.

Lastly, our glutathione model, fitted for NIT, was also not directly
applicable for DIC and KET. The parameters calibrated for NIT data led
to a major overestimation in the amount of glutathione for DIC and KET
(Fig. 4E-F, Supplementary Figure 13 and Supplementary Figure 14).
The transcriptomics data (Supplementary Figure 8) show that GCLC
and GCLM transcripts are not as abundantly present after exposure to
DIC and KET compared to NIT, even though the amount of NRF2 is
quite similar. This difference could be due to variability in transcrip-
tional activity of NRF2, possibly because of differential expression of
NRF2 binding factors such as small musculoaponeurotic fibrosarcoma
proteins (sSMAFs) (He et al., 2020). ChIP-seq identified GCLC and GCLM
genes both proximal to NRF2-MafG binding sites (Hirotsu et al., 2012).
Therefore, presence of MafG might affect transcription of genes like
GCLC and GCLM. It is noteworthy that this reduced effect was not
observed for SRXN1 as no parameters required adaptation for our
SRXN1 simulations. Nevertheless, this is not contradictory as Hirotsu
et al. (2012) found that SRXN1 is proximal to NRF2 single binding sites.

Even though the models required more recalibration of parameters
than expected beforehand, their structure did not require modification.
Thus, the same model can be used for multiple compounds with sim-
ilar modes of action when parameter calibration is applied to some
of the parameters. When applying this model to other compounds,
some experimental data will be required to quantify the magnitude
of particular interactions. We have identified a few interactions that
required adaptation between our three compounds and we therefore
expect to differ for other compounds as well. However, to make this
model widely applicable and to investigate if the same interactions
differ when applying the model to other compounds, further validation
with a large number of compounds should be performed. Such an effort
could provide insight in the variability of parameters between com-
pounds and could provide guidelines for minimal data requirements
for application of the model to new compounds. In general, by applying
mathematical models to detailed experimental data, we have identified
that TF activity can substantially differ between exposures to different
compounds. Consequently, we suggest that it is more important to
obtain data on TF activity or downstream targets of a TF than the
abundance of a TF itself at a protein level. For this reason, apart from
the imaging data used in this study, we expect other types of data
could also be used to recalibrate the model for other compounds. For
example, gene expression data at several time points could be valuable
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for determining the activity of a TF. However, further research should
investigate the possibilities to use other data types for recalibrating this
model.

A limitation of the available and generated data is the timespan
for which the previously published data was available and the new
data was generated. The 60-hour exposure which we considered here is
insightful, but not equivalent to the chronic exposure that occurs when
a subject takes a drug for a long period. Although our developed models
can make predictions for chronic exposures through extrapolation, it
would require data corresponding to longer exposures to verify these
predictions. Experimentally, such chronic exposure scenarios would
require a different study design, where 3D or organoid set-ups would
be most suitable for such long-lasting experiments (Saxton and Stevens,
2023; Jensen and Teng, 2020).

In the last decade, many efforts have been made to develop adverse
outcome pathways (AOPs). These AOPs are based on the assumption
that, regardless of the drug, the same molecular initiating event (MIE)
leads to the same cascade of key events (KEs), which can eventually
lead to an adverse outcome (AO) (Ankley and Edwards, 2018). An
expansion of the AOP approach is the quantitative AOP (QqAOP), which
includes quantitative relationships between key events and can provide
a quantitative adverse outcome prediction (Perkins et al., 2019). If we
translate the findings of our study to the AOP framework, one can see
that similar KEs are activated for various drug exposures, such as oxida-
tive stress (e.g., in AOP 470 and 482), altered stress response signalling
(e.g., in AOP 470) and increased cell death (e.g., in AOP 482) (Sandhu
et al., 2024; Kozbenko et al., 2024). These KEs could indeed be de-
scribed with an AOP approach. However, once quantified, differences
between the different drugs and the quantitative relationships may
not be as straightforward as our stress pathway models suggest. Our
model would probably require a high level of complexity to describe
the responses in a compound-independent manner (i.e., without having
compound-specific parameters). This challenges the idea that AOs can
be predicted with a simple qAOP network and suggests that more
complexity might be required to describe the quantitative relationships
between MIEs, KEs and AOs. Nevertheless, this problem might be less
severe for key event relations (KERs) that are close to AOs, e.g., those
that depend on interactions between different cell types.

In conclusion, we developed models that successfully simulated the
activation of both the OSR and ISR after exposure to NIT, DIC or
KET. In the future, we plan to couple the developed models to PBPK
models (like Sharma et al., 2023) and a model predicting cell fate
based on stress pathway activation, in order to provide a pipeline that
can predict (specific instances of) DILL In this way our model has the
potential to contribute to DILI predictions. Furthermore, these models
were able to inform us about the variability of biological interactions
during cellular responses. This information is essential for improv-
ing our understanding of stress pathways, and for further developing
computational models that predict their activity.
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