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A B S T R A C T

Hazard assessment of non-genotoxic carcinogens could greatly benefit from next generation risk assessment 
approaches, driven by the multitude of mechanisms through which non-genotoxic carcinogens operate. One 
method for structuring new approach methodology-derived data is the adverse outcome pathway (AOP) concept. 
Currently, mostly qualitative AOPs are described, limiting their application for regulatory decision making. In 
contrast, quantitative AOPs use mathematical terms to describe the relationships between key events (KEs), 
allowing for the derivation of a Point of Departure (PoD). Here, we report quantification of the key event 
relationship (KER) between sustained hepatocyte proliferation and liver tumour formation, two KEs of AOP#220 
relating to CYP2E1 activation leading to liver cancer. We use incidence of histopathological lesions indicative of 
proliferation, as well as BrdU labelling obtained from existing sub-chronic toxicity studies in rats, to quantify 
proliferation. For liver cancer, incidences of hepatocellular adenoma and carcinoma from 2-year rodent carci
nogenicity studies were collected. Data for both KEs were combined to calibrate a response-response model, and 
Bayesian logistic regression analysis was applied to obtain predictions and credible intervals for carcinogenicity. 
Proliferative lesion incidence was observed to be a highly specific, yet insensitive predictor, and combining this 
with BrdU labelling yields more accurate predictions of carcinogenicity. Importantly, we demonstrate that for 
most of the chemicals tested, inclusion of BrdU labelling returns more precise predicted benchmark dose in
tervals for PoD derivation. To further explore this quantitative KER and its regulatory application, we propose to 
include and standardize BrdU labelling for sub-chronic toxicity studies performed for regulatory purposes.

1. Introduction

Carcinogenesis is a complex multi-step process in which normal cells 
are transformed into cancer cells [1]; as such it is considered an essential 
element in the human health risk assessment of chemicals [2,3]. Carci
nogenic chemicals can be subdivided into two main categories: geno
toxic or direct DNA interacting carcinogens, and non-genotoxic or non- 
direct DNA interacting carcinogens [4,5]. Traditional hazard assessment 
of carcinogenic chemicals involves the two-year rodent cancer bio
assays, as described in OECD Test Guidelines 451 and 453 [6,7]. How
ever, these studies have equivocal reproducibility [8] and raise ethical 
concerns [9]. As genetic damage is considered key to carcinogenesis, 
novel strategies often evolve around genotoxic endpoints under both in 
vivo and in vitro conditions [10]. However, these tests are not designed to 

detect non-genotoxic carcinogens [11]. As a result, there is an increasing 
demand for novel approaches in cancer hazard assessment, based on 
mechanistic insights rather than on methods based on apical endpoints.

Within toxicology, adverse outcome pathways (AOPs) are used to 
structure the biological key events leading to an adverse outcome in a 
chemical-independent manner [12,13]. Additionally, AOPs support the 
integration of new approach methodologies (NAMs) for chemical hazard 
assessment [14,15]. Current AOP development is mostly focused on 
qualitative AOPs, limiting their application in regulatory decision 
making, as quantitative differences are often key in discerning an 
adaptive from an adverse response in an exposed organism [16,17]. To 
address this, quantitative AOPs (qAOPs) describe the relationship be
tween key events in mathematical terms [18,19,17]. This allows for 
extrapolation of specific (early) key event perturbations to an adverse 
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outcome probability or severity prediction [19]. As a result, qAOPs can 
be used for benchmark dose (BMD) modelling and selecting a point of 
departure (PoD) for the derivation of safe levels. Methods for AOP 
quantification include effect size modelling (response-response; 
[20,21,22,23,24]), probabilistic modelling (frequentists and Bayesian 
regression; [25,26,27,28,29]), and mechanistic modelling (i.e. systems 
toxicology; [30]). Despite increasing interest, there are currently no 
guidelines on how to make best use of qAOPs in hazard assessment 
[12,31].

In the past decade, a substantial number of AOPs for carcinogenesis 
have been proposed [32,33]. Regardless of the multitude of mechanisms 
involved in non-genotoxic carcinogenicity and their diversity in target 
organs, increased cell proliferation is considered a fundamental (late) 
key event in carcinogenesis [34,35]. This is reflected in the AOPwiki, a 
repository for proposed AOPs, which contains 40 AOPs describing both 
increased cell proliferation and tumour formation [32]. Nonetheless, 
these AOPs lack the quantitative aspect needed for uptake in regulatory 
decision making. As the key event “increased cell proliferation” is shared 
amongst various modes of action for non-genotoxic carcinogens, we 
consider this key event to be a relevant starting point for quantitative 
AOP development. Since there are currently no OECD validated in vitro 
cell proliferation assays to report on carcinogenesis [35], we reverted to 
sub-chronic repeated dose toxicity studies to obtain relevant 
information.

Predicting (absence of) carcinogenicity based on sub-chronic 
repeated dose toxicity studies is not new. Multiple studies have 
focused on sub-chronic indicators of carcinogenicity, including hyper
plasia, hypertrophy, increased organ weight and tissue degeneration, 
and showed that these indicators were not sufficient to reliably predict 
carcinogenicity [36,37,38,39]. Another approach, referred to as Nega
tive for Endocrine, Genotoxicity, and Chronic Study Associated Histo
pathologic Risk Factors for Carcinogenicity (NegCarc), focused on 
predicting absence of carcinogenicity based on absence of preneoplastic 
lesions in sub-chronic repeated dose toxicity studies, in combination 
with absence of genotoxic and hormonal disturbance potential 
[40,41,42,43]. Specific proliferation detection methods, such as bro
modeoxyuridine (BrdU), Proliferating Cell Nuclear Antigen (PCNA) and 
Ki-67 labelling, were suggested to allow for more enhanced detection of 
proliferative effects compared to histopathological findings [44], with 
BrdU suggested to be the most robust marker of the three [45]. BrdU 
labelling was shown to have reasonable accuracy in predicting (absence 
of) carcinogenicity after short-term exposure [46,47], with specificity 
increasing and sensitivity decreasing with time [38]. Nevertheless, the 
products of these approaches are qualitative and can therefore not be 
used to derive a PoD.

In this study, we report quantification of the key event relationship 
(KER) between sustained hepatocyte proliferation and liver tumour 
formation, two (late) key events of, amongst others, the Organisation for 
Economic Cooperation and Development (OECD) endorsed AOP on 
CYP2E1 activation leading to liver cancer (Fig. 1; [48]). Our objective 
was to predict the probability of liver tumour induction and obtain PoDs 
for risk assessment purposes, based on existing in vivo proliferation data 
obtained from sub-chronic repeated dose toxicity studies in rats. We 
used a subset of five histopathological lesions (hepatocyte hyperplasia, 
multinucleated hepatocytes, basophilic foci, acidophilic foci and mitotic 
alterations), as well as BrdU labelling, to quantify dose–response re
lationships for sustained proliferation. For the adverse outcome, 

incidences of hepatocellular tumours (adenoma and carcinoma) from 2- 
year rodent carcinogenicity studies were collected for dose–response 
modelling. We used publicly available data for both key events to cali
brate a response-response model and applied multivariable Bayesian 
logistic regression analysis to obtain a predicted BMD and credible in
terval for liver tumorigenicity based on cellular proliferation. We report 
on the results from the different modelling approaches and discuss 
strengths, weaknesses and further research needs.

2. Materials and methods

To facilitate understanding of the methodological approach taken in 
this study, the workflow is illustrated in Fig. 2. This schematic provides 
an overview of the key steps, which are described in more detail in the 
corresponding sections. The study began with data collection from the 
public domain (2.1 Data collection and processing). After data collec
tion, dose–response curves were fitted for data imputation (2.2 Dose- 
response modelling). Next, response-response modelling (2.3 
Response-response modelling) and Bayesian logistic regression (2.4 
Bayesian logistic regression) were performed in parallel. To account for 
toxicokinetic differences between chemicals, response-response model
ling was also performed using data corrected for internal liver concen
trations (2.6 Internal dose level estimation). Multivariable Bayesian 
logistic regression (2.4 Bayesian logistic regression) was then conduct
ed. Finally, both single and multivariable Bayesian logistic regression 
models were used for benchmark dose (BMD) analysis, with the result
ing BMDs compared to those derived from 2-year cancer bioassays (2.5 
Benchmark dose analysis).

2.1. Data collection and processing

Data from sub-chronic toxicity and 2-year carcinogenicity studies 
were extracted from National Toxicology Program (NTP) technical re
ports, Joint Meeting on Pesticide Residues (JMPR) regulatory assess
ment reports, European Food Safety Authority (EFSA) draft assessment 
reports, and scientific publications (searched between February 2023 
and March 2024; supplementary references). BrdU labelling and pro
liferative histopathological lesions (hepatocyte hyperplasia, multinu
cleated hepatocytes, basophilic foci, acidophilic foci, and mitotic 
alterations) were selected as markers for sustained proliferation, the 
latter based on expert opinion. The following criteria were set for data 
selection: (1) data generated in rats, (2) route of exposure either oral 
(diet, gavage and drinking water) or inhalation, (3) approximately 90 
days (range: 84 – 98) of chemical exposure, (4) at least three dose levels 
in addition to the vehicle control, and (5) BrdU administration of at least 
three days (range: five to seven) at the end of the study (BrdU only) and 
presence of any histopathological lesion in the liver at 90 days (histo
pathology only; used to reduce the imbalance toward negative data 
entries). For the resulting chemicals, 2-year carcinogenicity data 
reporting hepatocellular adenoma and carcinoma were collected. 
Criteria for carcinogenicity data include: (1) at least three dose levels, 
(2) commonality of strain and sex compared to BrdU or histopathology 
data, and (3) overlap in the tested dose-range between the sub-chronic 
and chronic study. Chemicals were considered liver carcinogens if 
they exhibited a dose-dependent increase in liver tumour incidence, 
with at least one dose group showing a statistically significant effect (p 
< 0.05). Data for liver non-carcinogens were taken along as well to 

Fig. 1. Linear AOP for CYP2E1 induction leading to liver tumour formation (AOP#220). Solid lines represent direct key event relationships (KERs) and dashed 
lines represent indirect KERs. Blue boxes represent molecular and cellular key events, yellow boxes represent tissue-level key events, and red represents the adverse 
outcome. Adapted from [48].
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assess model performance. Additionally, studies were assessed for 
compliance with OECD test guidelines 408, 413, 451 or 453 [6,7,49,50]. 
Exemptions on the number of animals per dose group or number of 
chemical dose levels were allowed for three chemicals. The resulting 
overview of chemicals is listed in supplementary Table S1.

Data from various study reports were manually extracted and 
collected into an Excel spreadsheet. Histopathological proliferative 
lesion incidence data were pre-processed to obtain the combined overall 
incidence of all five lesions of interest, counting animals with two or 
more different lesions only once. Severity of the lesions was not taken 
into account. BrdU labelling indices were transformed to estimates of the 
total number of BrdU labelled cells by multiplying the reported per
centage by the total number of counted cells.

2.2. Dose-response modelling

Dose-response curves for the collected chemicals were generated 
using PROAST (version 70.3 [51,52]; supplementary Table S2). Tumour 
incidence, proliferative lesion incidence and BrdU labelling data were 
considered quantal, therefore a log-logistic function (function 1) was 
chosen. Model parameters of fitted dose–response curves are listed in 
supplementary Table S3. To maximize overlap between the different 
datasets, the generated dose–response curves for tumour incidence were 
used for data imputation for doses administered in the corresponding 
sub-chronic toxicity study. For carbon tetrachloride, dose–response 
curves for BrdU labelling and proliferative lesion incidence were used 
for data imputation in the combined dataset, as tested doses in the 
respective sub-chronic toxicity studies did not overlap.

Function 1 – Log-logistic response curve:
y = a + 1 − a

1 + exp(c * ln(b
x))

where x is the administered dose and y is the 

response. Variables a, b, and c are fit-dependent constants representing 
the background response, the inflection point (halfway response), and 
the slope, respectively.

2.3. Response-response modelling

For response-response modelling, dose matched conditions in both 
sub-chronic and chronic toxicity studies for each individual liver 
carcinogen were fitted in PROAST using a log-logistic function (function 
1). Uncertainty in the fit was captured by bootstrapping 500 times and 
calculating the 95 % confidence interval of the fitted response-response 
curve. To model a chemical-agnostic response-response relationship, 
data were first normalized to the corresponding vehicle control. For 
BrdU, data were normalized using the fold change (function 2). Extra 
risk (function 3), defined as the scaled proportion of the total risk cor
rected for background risk, was used to normalized both tumour and 
proliferative lesion incidence data [53]. Secondly, a chemical-agnostic 
response-response curve was generated by taking the average of the 
normalized chemical-specific relations, and the 95 % confidence inter
val of the fit was calculated. For comparison, a chemical-agnostic 
response-response curve was also directly fitted in PROAST using the 
normalized values. Data used for response-response modelling can be 
found in supplementary Tables S4-S6.

Carcinogenicity thresholds for proliferative lesion incidence and fold 
change BrdU labelling were determined by taking a critical effect size of 

10 % extra tumour incidence [53], and calculating the intersection be
tween this and the chemical-agnostic response-response curve.

Function 2 – Fold change (FC):
FC = x

a where x is the modelled BrdU labelling and a is the back
ground BrdU labelling.

Function 3 – Extra risk (ER):
ER = x − a

1 − a where x is the modelled incidence and a is the background 
incidence.

2.4. Bayesian logistic regression

A Bayesian logistic regression model was developed using the brm 
function (brms package [54], version 2.19.0) in R (version 4.3.2). As 
before, we applied a threshold of 10 % extra tumour incidence as the 
critical effect size for carcinogenicity. Predictivity of the proliferative 
lesions was compared as a continuous (incidence) and categorical 
(presence or absence) variable. For BrdU, a comparison between a 
continuous (fold change) and a categorical (above or below the 
response-response based threshold) variable model was made as well. 
BrdU data were log-transformed because of the right-skewed distribu
tion of the data. Default priors were used for the single-variable models. 
Markov Chain Monte Carlo (MCMC) No-U-Turn sampler (NUTS) was 
used for posterior sampling, where 6,000 samples per chain were drawn 
from four independent chains with the first third being used for warmup. 
All models showed satisfactory convergence, depicted as convergence 
diagnostic values (Rhat) of 1.00. No divergent transitions were observed 
for any of the models, and effective sample sizes were > 5,000. Models 
were compared based on the Bayes factor (BF; bayes_factor function, 
brms package), area under the curve (AUC; auc function, pROC package 
[55], version 1.18.5), log marginal likelihood (bridge_sampler function, 
brms package), and Leave-One-Out cross validation on chemical level 
(loo function, loo package [56,57], version 2.7.0). The multivariable 
models were fitted on the subset of the data containing information on 
both variables. Their priors were informed by the posterior distributions 
from the corresponding single-variable models, which were based on the 
complete dataset available for each individual variable. Data used for 
Bayesian logistic regression modelling can be found in supplementary 
Tables S7-S9.

Diagnostic performance of the models was assessed based on accu
racy, sensitivity, specificity, positive predictive value (PPV) and nega
tive predictive value (NPV). Due to the absence of an independent 
dataset, model performance was evaluated on the same data using 
Leave-One-Out cross validation on the chemical level. In short, training 
datasets were made by taking the whole dataset except for one chemical, 
which was placed in the corresponding testing dataset. For each training 
dataset, a model was trained and predictions for the left-out chemical 
were made by taking the mean of 1,000 draws from the posterior dis
tribution. All predictions for left-out chemicals were combined in one 
dataset, which was used for calculating model performance. A proba
bility cut-off of 0.5 was used to assign probabilities into positives or 
negatives.

Function 4 – Accuracy: 

Accuracy =
true positive + true negative

total 

Fig. 2. Workflow of the methodological approach. Schematic overview of the key steps of the study presented in sequential order as labelled boxes. Detailed 
descriptions of each step are provided in the corresponding sections of the Materials and methods, as indicated in parentheses.
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Function 5 – Sensitivity: 

Sensitivity =
true positive

true positive + false negative 

Function 6 – Specificity: 

Specificity =
true negative

true negative + false positive 

Function 7 – Positive predictive value (PPV): 

PPV =
true positive

true positive + false positive 

Function 8 – Negative predictive value (NPV): 

NPV =
true negative

true negative + false negative 

2.5. Benchmark dose (BMD) analysis

BMD analysis was performed in R using PROAST. In short, proba
bility predictions for 2-year liver carcinogenicity were obtained from the 
respective Bayesian regression models by taking the mean and credible 
interval of 1,000 posterior draws. Next, dose–response curves with 
predicted probabilities as response were fit using a log-logistic model 
(function 1) in PROAST. The carcinogenicity BMD was determined for a 
critical effect size of 50 %, representing a predicted probability of 50 % 
for carcinogenicity (an extra tumour incidence of 10 % or higher). BMD 
intervals were determined based on fitted log-logistic models for the 
credible intervals obtained by Bayesian regression modelling. For 
comparison, the reported 2-year tumour incidences were fit using a log- 
logistic function (function 1) in PROAST and BMD intervals were 
determined for a critical effect size of 10 % extra tumour incidence and 
based on 1,000 bootstraps. Finally, predicted probability based BMD 
intervals were compared to BMD intervals based on 2-year carcinoge
nicity data.

2.6. Internal dose level estimation

Internal liver concentrations following oral exposure were not re
ported for some chemicals. Therefore, for these chemicals, 
physiologically-based kinetic (PBK) modelling was performed using the 
rat model of the Simcyp animal simulator (version 23; [58]). The data 
required for PBK modelling were obtained from various sources, 
including published literature and predictions on physicochemical and 
pharmacokinetic properties. 

- Physicochemical properties: Molecular weight, the logarithm of 
the octanol:water partition coefficient (LogP), polar surface area, 
number of hydrogen bond donors, chemical type, and pKa values 
were obtained from ChEMBL [59].

- Blood Binding properties: fraction unbound (fu), and blood to 
plasma ratio (BP) parameters were mostly obtained from the litera
ture. If no data were present in the literature, either predictions from 
the Simcyp Simulator or the ADMET predictor [60] were used 
instead.

- Absorption: The effective permeability (Peff) of the chemicals was 
predicted by the Simcyp simulator using either (A) the Mechanistic 
Peff model, or (B) the polar surface area and number of hydrogen 
bond donors. Either the advanced dissolution, absorption and 
metabolism (ADAM; [61]) model or first order absorption models 
were applied to predict the behaviour of absorption.

- Distribution: For all chemicals, a full PBK model was generated. The 
method of prediction of volume of distribution (Vss) was selected 
based on chemical properties.

- Elimination: The elimination of each chemical was modelled based 
on the available literature data, incorporating multiple possible 
routes, including hepatic, renal, biliary, and enzymatic clearance 
(Table 1). The selection of elimination pathways for a given com
pound was determined by the available experimental and compu
tational data, allowing for the possibility of multiple concurrent 
elimination mechanisms.

• In vivo clearance data: Experimentally observed renal and biliary 
clearance in rats was directly implemented in the PBK models to 
replicate in vivo elimination.

• In silico clearance predictions: Predicted hepatic intrinsic clearance 
values were used as the primary elimination pathway in the PBK 
models when in vivo data were unavailable.

• Enzymatic clearance data: For compounds with reported Michaelis- 
Menten kinetic parameters (Vmax and Km) for relevant metabolic 
enzymes, enzymatic clearance was explicitly incorporated into the 
PBK models.

The models built were simulated at the desired dose levels 
(supplementary files 1–3), and the simulated blood/plasma concen
tration–time profiles were validated against measured concentration 
profiles in rat populations reported in literature. Simulated rat liver 
concentration profiles were validated against measured rat liver con
centration profiles where available. Each chemical was validated on its 
respective set of measured data for plasma/liver profiles and/or clear
ance profiles from varying sources where available: hexachlorobenzene 
[63,66], methapyrilene [67,68], and isoxaflutole [65]. Table 1 sum
marises the main parameters used to build the PBK models for the 
chemicals of interest.

For carbon tetrachloride, an inhalation PBK model was developed in 
R (version 4.4.1) by integrating and refining previously published 
models [69–73]. The model was structured as a system of ordinary 
differential equations (ODEs) describing the absorption, distribution, 
metabolism, and elimination (ADME) of carbon tetrachloride across 
multiple physiological compartments. These compartments included (1) 
an exposure chamber, whose volume was adjusted based on the number 
of animals in each experiment to capture realistic gas exchange dy
namics, (2) the lung, where inhaled carbon tetrachloride enters systemic 
circulation, (3) fat, taking into account any potential storage of the 
compound, (4) richly perfused tissues (e.g., kidney, viscera), (5) poorly 
perfused tissues, and (6) the liver, where metabolism follows Michaelis- 

Table 1 
Summary of parameters used to parametrize the rat model in v23 of the Simcyp 
animal simulator.

Chemical Blood 
Binding

Absorption Distribution Elimination

Hexachlorobenzene 
LogP = 5.61 [59]

fu: 
0.027 
[60] 
BP: 
4.79 
[62]

ADAM Model 
Peff predicted 
using the 
Mechanistic 
Peff model

Method 1 
prediction 
for Vss

Enzymatic 
Clearance 
(metabolising 
enzymes in the 
liver) 
Biliary and 
Renal 
Clearance (in 
vivo; [63])

Methapyrilene 
LogP = 3.11 [59]

fu: 
0.436 
BP: 
1.248 
[60]

ADAM Model 
Peff predicted 
using the 
Mechanistic 
Peff model

Method 2 
prediction 
for Vss

Hepatic 
intrinsic 
clearance (in 
silico; [60])

Isoxaflutole 
LogP = 2.14 [59]

fu: 
0.062 
[64] 
BP: 
0.923 
[58]

First order 
absorption 
Model 
Peff predicted 
using the 
Mechanistic 
Peff model

Method 1 
prediction 
for Vss

Hepatic 
intrinsic 
clearance (in 
silico; [60]) 
Biliary and 
Renal 
Clearance (in 
vivo, [65])

C.H.J. Veltman et al.                                                                                                                                                                                                                           Computational Toxicology 34 (2025) 100359 

4 



Menten kinetics. In this model, the term “liver” encompasses all tissues 
where metabolic clearance occurs. Simulated dose levels are listed in 
supplementary file 4. Simulated internal liver concentrations were used 
for response-response modelling.

3. Results

3.1. Data selection yields a limited but relatively harmonized dataset

The search for public data related to liver BrdU labelling and pro
liferative histopathological lesions identified 65 and 243 unique study 
reports, respectively (Fig. 3). Following screening according to the set 
data criteria, 20 reports were available for BrdU labelling and 69 for 
proliferative lesions. After coupling these data to carcinogenicity 
studies, 14 and 50 reports remained respectively. Together, these re
ports contain data on 51 chemicals, largely overlapping between the two 
datasets (Fig. 3). For BrdU labelling, data were collected for 10 liver 
carcinogens and 3 liver non-carcinogens. The distribution for prolifer
ative lesions was 16 liver carcinogens and 34 liver non-carcinogens. 
Focussing on the overlapping chemicals for a combined dataset, we 
ended up with 10 liver carcinogens and 2 liver non-carcinogens. The list 
of resulting chemicals can be found in supplementary Table S1.

The collected data were subjected to various analyses (Table 2); each 
of these is described in more detail below. At first, we generated a 
response-response model for tumour incidence based on the incidence of 
proliferative lesions detected after sub-chronic exposure (Table 2; 
analysis #1) to obtain a relatively straightforward relationship focusing 
on the magnitude of effect. The resulting response-response curve was 

used to determine a threshold in proliferative lesion incidence for car
cinogenicity predictions. Next, Bayesian modelling, which allows to deal 
with uncertainty and is considered more suitable for sparse datasets, was 
used in combination with the obtained threshold in a categorical logistic 
regression model (Table 2; analysis #2). For comparison, we also fitted a 
continuous Bayesian model based on proliferative lesion incidence 
(Table 2; analysis #3). Since proliferative lesions provide a semi- 
quantitative predictor, we also developed similar models for the quan
titative predictor BrdU labelling. Again, we started with response- 
response modelling (Table 2; analysis #4) to gain insight into the rela
tionship and determine a carcinogenicity threshold. Additionally, we 
checked if differences in administered doses and internal liver concen
trations influenced the response-response relation (Table 2; analysis 
#5). Similar to proliferative lesions, we developed a categorical 
Bayesian logistic regression model based on the response-response ob
tained threshold (Table 2; analysis #6), and a continuous Bayesian 
model based on fold change BrdU (Table 2; analysis #7). Lastly, we 
combined proliferative lesion incidence and BrdU labelling in a Bayesian 
model, convenient for incorporating multiple data types, to increase 
certainty in the 2-year carcinogenicity predictions (Table 2; analysis 
#8).

3.2. Histopathological lesions representative of proliferation after sub- 
chronic chemical exposure are predictive of 2-year tumour incidence, 
though with low sensitivity

Response-response curves for sub-chronic proliferative lesion inci
dence and 2-year tumour incidence were fit for 16 carcinogenic 

Fig. 3. Data collection. Data from sub-chronic toxicity and 2-year carcinogenicity studies were obtained from existing regulatory reports and scientific publications. 
“Identification” refers to the initial data search. “Screening” lists the additional criteria set for sub-chronic toxicity studies. Criteria for 2-year carcinogenicity studies 
are outlined at “Coupling”. Numbers represent reports. The number of included chemicals, and their overlap, is depicted at “Included chemicals”. 1A total of 14 
reports were included for BrdU, resulting in 13 unique chemicals. 2Subset of five histopathology lesions: hepatocyte hyperplasia, multinucleated hepatocytes, 
basophilic foci, acidophilic foci, and mitotic alterations.
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chemicals (supplementary figure S1). As the tested doses between the 
sub-chronic toxicity and 2-year carcinogenicity study overlapped mini
mally, response-response curves depend highly on data imputation for 
tumour incidences. Of the 16 carcinogenic chemicals, 5 could not be 
fitted using PROAST as there were no proliferative lesions observed in 
the sub-chronic study (supplementary Table S4). For most chemicals, 
proliferative lesions of interest were found only in the highest or two 
highest dose levels tested and observed incidences were often quite high, 
whereas tumours were observed at lower doses and showed a more 
gradual increase (supplementary Table S4). As a result, half of the 
response-response curves showed a very abrupt increase and were thus 
uninformative, especially for BMD analysis and derivation of a point of 
departure (PoD) (supplementary figure S1). Likewise, the initial vertical 

increase in the chemical-agnostic response-response curve indicated 
that absence of proliferative lesions does not reflect non-carcinogenicity 
(supplementary figure S2). Nevertheless, the response-response curves 
did indicate that the presence of proliferative lesions in a sub-chronic 
study is a relevant predictor of carcinogenicity, as virtually all data
points with proliferative lesions match with an extra tumour incidence 
above 10 % (supplementary figure S2).

Given the relatively sparse dataset, we continued with Bayesian lo
gistic regression modelling to predict the probability of carcinogenicity, 
and its distribution, based on the proliferative lesions observed in sub- 
chronic toxicity studies. Mean predicted probabilities of 1,000 poste
rior draws were compared between carcinogenic and non-carcinogenic 
observations for both a categorical model, based on presence/absence 
of proliferative lesions, and a continuous model based on incidence of 
proliferative lesions (Fig. 4A). Few chemical-dose combinations were 
wrongly predicted as positive, indicating that proliferative lesions are a 
highly specific predictor. Even so, many were incorrectly predicted as 
negative, highlighting low sensitivity (Fig. 4B). Most erroneous pre
dictions were made for the lower dose levels tested. As the intended use 
of these models is to derive a PoD, missing lower doses results in 
prediction-based BMDs which are higher than the actual outcome-based 
BMDs. In conclusion, while presence of the selected proliferative lesions 
has a high positive predictive value, absence is not predictive of non- 
carcinogenicity, decreasing its regulatory applicability.

3.3. Hepatocyte BrdU labelling after sub-chronic chemical exposure can 
be used to model an informative response-response relationship between 
proliferation and tumorigenesis

Besides specific histopathological lesions, BrdU labelling was 
explored as a marker for proliferation to predict tumorigenesis. Again, 
response-response curves for sub-chronic BrdU labelling and 2-year 
tumour incidence were fitted for carcinogenic chemicals 
(supplementary figure S3). PROAST could not fit a response-response 
curve for 2 of the 10 carcinogenic chemicals, as these chemicals did 
not show an increase in BrdU labelling while an increase in tumour 
incidence was observed. Next, we combined chemical-specific response- 
response models for the remaining 8 chemicals, to obtain a chemical- 
agnostic response-response relation with confidence interval (Fig. 5A, 
blue line). To check if the 2 not-fitted chemicals severely influence the 
curve, a chemical-agnostic response-response curve was also directly 
fitted in PROAST using all normalized datapoints (Fig. 5A, yellow line). 
The resulting curves were quite similar. Importantly, the lower 95 % 

Table 2 
Overview of performed analyses. Analysis reference number, modelling 
method (type), predictor (data type) and number of liver carcinogens and liver 
non-carcinogens used.

Analysis Method Predictor Chemicals

1 Response-Response 
(effect size)

Extra proliferative lesion 
incidence (continuous)

Liver 
carcinogens: 16

2 Bayesian logistic 
regression 
(probabilistic)

Presence/absence 
proliferative lesions 
(categorical)

Liver 
carcinogens: 16 
Liver non- 
carcinogens: 34

3 Bayesian logistic 
regression 
(probabilistic)

Extra proliferative lesion 
incidence (continuous)

Liver 
carcinogens: 16 
Liver non- 
carcinogens: 34

4 Response-Response 
(effect size)

BrdU fold change over 
vehicle (continuous)

Liver 
carcinogens: 10

5 Response-Response 
(effect size)

BrdU fold change over 
vehicle (continuous); based 
on internal liver 
concentrations

Liver 
carcinogens: 10

6 Bayesian logistic 
regression 
(probabilistic)

Threshold BrdU fold change 
over vehicle (categorical)

Liver 
carcinogens: 10 
Liver non- 
carcinogens: 3

7 Bayesian logistic 
regression 
(probabilistic)

BrdU fold change over 
vehicle (continuous)

Liver 
carcinogens: 10 
Liver non- 
carcinogens: 3

8 Bayesian logistic 
regression 
(probabilistic)

Extra proliferative lesion 
incidence and BrdU fold 
change over vehicle 
(combined, continuous)

Liver 
carcinogens: 10 
Liver non- 
carcinogens: 2

Fig. 4. Proliferative lesions found in sub-chronic studies are predictive of carcinogenicity. A) Mean predicted probabilities of ≥ 10 % extra liver tumour 
incidence for non-carcinogenic (<10 % extra liver tumour incidence; neg/blue) and carcinogenic (≥10 % extra liver tumour incidence; pos/yellow) chemical-dose 
combinations determined by 1,000 posterior draws from a categorical and a continuous Bayesian logistic regression model. Numbers in parentheses indicate the total 
number of datapoints within each group. Whiskers represent the mean and 95 % credible interval. A Mann-Whitney statistical test was used (p-value < 0.0001). B) 
Measures of diagnostic evaluation for the Bayesian logistic regression models. Dots and error bars represent the mean and 95 % credible interval, respectively. A 
probability cut-off of 0.5 was used to assign probabilities into positives or negatives. Blue/triangle = categorical model, yellow/circle = continuous model. PPV =
positive predictive value, NPV = negative predictive value.
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confidence interval for 10 % extra tumour incidence of the curve 
average is virtually the same as the one based on the PROAST fit (Fig. 5A 
enlargement and Fig. 5B). The response-response curve demonstrates 
that the fold change in BrdU labelling after sub-chronic chemical 
exposure can be used as a predictor of 2-year extra tumour incidence, 
and its S-shape is suitable for deriving a PoD.

3.4. Response-response modelling informed by internal dose levels does 
not significantly alter from administered doses

To validate that the absence of a response was not a result of the 
chemical not reaching the liver, internal liver concentration data were 
either collected from the reports or modelled using Simcyp Rat Simu
lator. All chemicals could either be detected in the liver (through 
experimental data, as stated in the respective reports), or were predicted 

to reach the liver using modelling (supplementary Table S6). To account 
for differences between administered and internal dose levels, response- 
response modelling was performed for internal liver concentrations 
(supplementary figure S4-S5). The internal liver concentration-based 
response-response showed a similar curve as the administered dose- 
based response-response curve (Fig. 6A), and resulting BMD intervals 
were largely overlapping (Fig. 6B). Since there were no significant dif
ferences between the resulting two curves and BMD intervals, we 
continued with the response-response model based on administered 
dose as this model is not based on modelled independent values.

Fig. 5. Response-response curve for 2-year extra liver tumour incidence and fold change BrdU labelling after sub-chronic chemical exposure. A) Chemical- 
agnostic log-logistic response-response relation including the 95% confidence interval. The blue line results from taking the average of the eight chemical-specific 
response-response curves. The directly fitted response-response curve by PROAST, based on 10 carcinogenic chemicals, is depicted in yellow. The dotted line 
represents an extra tumour incidence of 10% and the corresponding fold change BrdU labelling. B) Benchmark dose 10% response with confidence interval for curve 
average (blue/triangle) and PROAST (yellow/circle) response-response curves.

Fig. 6. Response-response curve for 2-year extra liver tumour incidence and fold change BrdU labelling after sub-chronic chemical exposure. A) Chemical- 
agnostic log-logistic response-response relation based on ten carcinogenic chemicals and the 95% confidence interval. The internal dose–response informed response- 
response is depicted in blue. The administered dose–response informed response-response curve is depicted in yellow. The dotted line represents an extra tumour 
incidence of 10% and the corresponding fold change in BrdU labelling. B) Benchmark dose 10% response with confidence interval for internal dose–response (blue/ 
triangle) and administered dose–response (yellow/circle) informed response-response between BrdU fold change and extra tumour incidence.
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3.5. Hepatocyte BrdU labelling after sub-chronic chemical exposure is a 
more sensitive predictor of 2-year tumour incidence compared to 
proliferative lesions

Next, Bayesian logistic regression models based on the BrdU label
ling data were generated to predict the probability of carcinogenicity. 
We developed both a categorical model based on the threshold obtained 
from the BrdU fold change response-response curve (1.74) and a 
continuous model based on fold change BrdU labelling. Mean predicted 
probabilities of 1,000 posterior draws were compared between carci
nogenic and non-carcinogenic data entries (Fig. 7A). In concordance 
with the response-response model, more, and less pronounced, sub- 
chronic responses were correctly predicted as carcinogenic, resulting 
in a higher sensitivity (Fig. 7B). To summarize, fold change BrdU 
labelling has a slightly lower negative predictive value in comparison to 
proliferative lesions, yet its higher sensitivity speaks in its favour for 
deriving accurate PoDs.

3.6. Combining histopathology and BrdU labelling from sub-chronic 
toxicity studies yields more accurate 2-year tumour carcinogenicity 
predictions

Next, we combined the proliferative lesions and BrdU labelling in a 
Bayesian logistic regression model. As the continuous and categorical 
models for both proliferative lesions and BrdU labelling were minimally 
different in performance, all four possible combinations were tested and 
compared. The model consisting of continuous variables showed slightly 
better performance than the other combinations (supplementary 
Table S10). Single-variable models of these two predictors on the com
bined dataset were run for comparison (supplementary Table S10). Once 
more, mean predicted probabilities of 1,000 posterior draws were 
compared between carcinogenic and non-carcinogenic chemical-dose 
combinations (Fig. 8A). We then compared the combined and single- 
variable prediction models for their accuracy, sensitivity, specificity, 
PPV and NPV on the combined dataset. The combined model showed 
considerable improvements over the single-variable models, specifically 
over the model for proliferative lesion incidence (Fig. 8B). Importantly, 
for most of the tested chemicals, BMD intervals from the combined 
model were either more substantially overlapping with, or closer to, the 
outcome-based BMD intervals compared to the single-variable models 
(Fig. 8C). Moreover, BMDs could be obtained for more chemicals based 

on the combined model, whereas for some a single-variable model could 
not be fit due to absence of the response. Nevertheless, not all 
prediction-based lower BMD intervals were lower than the 2-year liver 
tumour lowest observed adverse effect level (LOAEL), indicating that an 
extra safety factor would be required for regulatory application of this 
approach. To recapitulate, including fold change BrdU labelling in the 
prediction modelling greatly improves the overall predictive perfor
mance of the model, specifically improving its sensitivity, subsequently 
allowing for derivation of more accurate PoDs.

3.7. Application of the developed prediction model to obtain a PoD for 
chemical risk assessment

To exemplify the use of the developed model, we applied the com
bined Bayesian logistic regression model to two chemicals which were 
excluded from the original datasets due to insufficient or lack of cancer 
data: WY-14,643 (WY), a liver carcinogen, and 3,3′,4,4′-tetra
chloroazoxybenzene (TCAB), a liver non-carcinogen (supplementary 
Table S11). For WY, a dose–response curve for predicted probability of 
carcinogenicity was fit (Fig. 9A, blue line), and a liver cancer BMD was 
obtained (Fig. 9B, blue). The obtained BMD and its interval were 
observed within the tested dose range (Fig. 9B, blue). Similarly, a dos
e–response curve for TCAB predictions was fit (Fig. 9A, yellow line). The 
probability threshold was not reached for the tested dose range. 
Therefore, the calculated BMD highly depends on extrapolation and is 
thus considered non-informative (Fig. 9B, yellow). To conclude, our 
prediction model labels WY as liver carcinogen and TCAB as liver non- 
carcinogen, concordant with their respective reports, and PoDs for risk 
assessment were obtained.

4. Discussion

We reported the quantification of the KER between sustained pro
liferation and tumour induction in rat liver using different modelling 
approaches. We illustrated that response-response modelling is mini
mally affected by differences between administered doses and internal 
liver concentrations. Additionally, we showed that combined modelling 
of proliferative lesion incidence and BrdU labelling allows for more 
accurate predictions of tumour formation compared to predictions based 
solely on proliferative lesion incidence. Importantly, our modelling 
approach allows for determination of a PoD based on 90-day sub-chronic 

Fig. 7. BrdU labelling after sub-chronic chemical exposure is predictive of 2-year tumour incidence. A) Mean predicted probabilities of ≥ 10 % extra liver 
tumour incidence for non-carcinogenic (<10 % extra liver tumour incidence; neg/blue) and carcinogenic (≥10 % extra liver tumour incidence; pos/yellow) chemical- 
dose combinations by 1,000 posterior draws from a categorical and a continuous Bayesian logistic regression model. Numbers in parentheses indicate the total 
number of datapoints within each group. Whiskers represent the mean and 95 % credible interval. A Mann-Whitney statistical test was used (p-value **** < 0.0001, 
*** < 0.0005). B) Measures of diagnostic evaluation for the Bayesian logistic regression model. Dots represent the mean and errors bars the 95 % credible interval. A 
probability cut-off of 0.5 was used to assign probabilities into positives or negatives. Blue/triangle = categorical model, yellow/circle = continuous model. PPV =
positive predictive value, NPV = negative predictive value.

C.H.J. Veltman et al.                                                                                                                                                                                                                           Computational Toxicology 34 (2025) 100359 

8 



(caption on next page)

C.H.J. Veltman et al.                                                                                                                                                                                                                           Computational Toxicology 34 (2025) 100359 

9 



toxicity data that is close to the 2-year cancer bioassay tumour incidence 
PoD.

The systematically compiled dataset includes data from 60 reports on 
histopathological proliferative lesion incidence, BrdU labelling and liver 
tumour incidence in rats. We obtained a harmonized dataset by 
following predefined criteria (Fig. 3), despite combining data origi
nating from various laboratories, in a period of decades, using different 
strains and various exposure routes. Importantly, more than half of the 
data consists of non-carcinogenic dose levels (approximately 72 % in the 
combined dataset). By performing Bayesian logistic regression and 
incorporation of priors, we accounted for prediction bias associated with 
the scarceness of carcinogenic data entries.

An important limitation when interpretating the BrdU labelling 
index is that it reflects the proportion of replicating cells and does not 
account for a potential increase in the absolute number of cells, such as 
the result of hyperplasia, which may lead to an underestimation of the 
overall proliferative effect. Since the liver has a relatively slow prolif
eration rate, resulting in low baseline BrdU labelling, we opted to use the 
fold change to express differences between treatment conditions and the 
vehicle control. As this inherently normalizes differences relative to the 
baseline, it can more effectively highlight small changes, which are 
expected to be biologically relevant given the slow proliferation rate of 
the liver. BrdU labelling is determined by counting the number of 
labelled cells in at least 2,000 hepatocellular nuclei, often more than 
once per animal. Nevertheless, there is a high sensitivity to incidental 
findings. Therefore, we applied a threshold to the BrdU fold change to 
mitigate the impact of outliers and minor fluctuations (categorical BrdU 
fold change model; Table 2, analysis #6). We selected this threshold 
using the response-response model for the relationship between BrdU 
labelling and tumour incidence, and applied this in Bayesian logistic 
regression analysis. Our selected threshold, 1.74-fold, aligns with 

commonly used thresholds of 1.5- to 2-fold differences. Of the six 
datapoints with an extra tumour incidence ≥ 10 % that did not reach the 
threshold in BrdU labelling, five were from reports which also included 
BrdU labelling after 31 and 53 weeks of chemical exposure [74–78]. 
Four out of these five chemical-dose combinations did show a difference 
in BrdU labelling > 1.74-fold after 31 weeks of chemical exposure. For 
these particular chemical-dose combinations it seems that 90-days is too 
early to observe a proliferative effect in the liver as a consequence of the 
chemical exposure. Expanding this dataset by collecting BrdU labelling 
data for additional chemicals could provide insight into whether this 
effect is related to chemical properties or represents a limitation 
inherent to the use of 90-day data.

A preliminary list of potential sources of uncertainty, and their 
qualitative impact on the model’s outcome were assessed (Table 3). 
Three of these will be discussed in more depth. To start, credibility of a 
quantitative AOP can never exceed the confidence in the underlying 
qualitative AOP [31]. The causal link underlying the relationship be
tween proliferation and tumour induction is well-established 
[34,35,33], although not all cases of sustained proliferation proceed to 
tumour formation, requiring abnormal signalling or impaired homeo
stasis as well [79,80]. Furthermore, carcinogenesis is a stochastic pro
cess, inherently involving an element of chance. Nevertheless, the AOP 
containing this KER [48] has an endorsed status, reflecting thorough 
review of the causal links and the uncertainty impact on the predictions 
is thus expected to be minimal. Secondly, in vivo data is inherently 
associated with uncertainty due to biological diversity and experimental 
design. Biological variability arises from both genetic and physiological 
differences, such as sex and hormone cycles [81,82,83,84]. Uncertainty 
as a consequence of experimental design mainly includes heterogeneity 
in administered doses [85,86] and environmental factors such as hous
ing, temperature and type of diet [87,84]. Lastly, certain measurement 

Fig. 8. 2-year extra tumour incidence probability predictions based on histopathological lesions and BrdU labelling. A) Mean predicted probabilities of ≥
10 % extra liver tumour incidence for non-carcinogenic (<10 % extra liver tumour incidence; neg/blue) and carcinogenic (≥10 % extra liver tumour incidence; pos/ 
yellow) chemical-dose combinations by 1,000 posterior draws from the three Bayesian logistic regression models. Numbers in parentheses indicate the total number 
of datapoints within each group. Whiskers represent the 95 % credible interval. A Mann-Whitney statistical test was used (p-value * < 0.05; **** < 0.0001). PLI =
proliferative lesion incidence, BrdU FC = fold change BrdU labelling, Combined = proliferative lesion incidence and fold change BrdU labelling. B) Measures of 
diagnostic evaluation for the Bayesian logistic regression models based on 1,000 draws from the posterior distribution. Dots represent the mean and errors bars the 
95 % credible interval. A probability cut-off of 0.5 was used. Blue/circle = proliferative lesion incidence, yellow/triangle = fold change BrdU labelling, red/square =
combined. PLI = proliferative lesion incidence, BrdU FC = fold change BrdU labelling, Combined = proliferative lesion incidence and fold change BrdU labelling. 
PPV = positive predictive value, NPV = negative predictive value. C) Prediction-based benchmark doses for 10 % extra tumour incidence versus outcome-based 
benchmark doses for 10 % extra tumour incidence for 10 liver carcinogens and 2 liver non-carcinogens. Dots represent the mean and whiskers the 95 % credible 
interval. Grey area represents doses outside the tested range, and the dotted line represents the 2-year liver tumour lowest observed adverse effect level (LOAEL). 
*Gray squares represent benchmark doses calculated excluding the highest tested dose, as it deviated from the expected dose–response pattern.

Fig. 9. Predicted dose–response curves and benchmark dose intervals for a liver carcinogen and a non-carcinogen. A) Dose-responses of mean predicted 
probability of carcinogenicity for WY (blue; liver carcinogen) and TCAB (yellow; liver non-carcinogen). The 95% credible interval is highlighted in the respective 
colour. The dotted line represents a 50% probability of carcinogenicity. B) Benchmark dose with confidence interval for a 50% probability of carcinogenicity for WY 
(blue; liver carcinogen) and TCAB (yellow; liver non-carcinogen). The dotted line in the respective colour highlights the maximum tested dose.
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techniques, such as histopathological scoring, are subjective to human 
interpretation bias [88], which can be partially mitigated through 
blinded assessment. Taken together, we scored the uncertainty impact of 
using in vivo data as high. Thirdly, the applicability domain of the model 
is currently limited to 2-year rat liver predictions based on 90-day rat 
liver data. It would be valuable to explore the potential for making 2- 
year predictions based on 28-day data, or even shorter exposure dura
tions, and for other species and organs. However, we found the currently 
available data for such analysis, that suffices to our data selection 
criteria, is insufficient. In other words, predictions for other exposure 
durations, species and organs cannot reliably be made with the current 
model. Notably, a time conversion factor is typically used in regulatory 
toxicology to correct for the difference in exposure duration between 
chronic and sub-chronic toxicity studies [89]. Yet, as we modelled the 
relation between sub-chronic biomarkers and a chronic effect, time is 
inherently incorporated into the model. Therefore, within the context of 
our approach, there is no need to incorporate the time conversion factor 
into the current safety factors.

With the current shift in regulatory toxicology to human-centred, 
mechanism-based risk assessment, there is a need for quantitative 
AOPs to link short term in vitro effects to long term in vivo adverse 
outcomes. Moreover, including earlier KEs, that can be observed in in 

vitro test systems, strengthens the mechanistic insights of qAOP model
ling. For bridging early KE in vitro information to late KEs that are 
observed in vivo (i.e. histopathology-based proliferation markers and 
BrdU labelling) PBK-modelling and quantitative in vitro to in vivo 
extrapolation are required. Additionally, PBK-modelling can be used for 
species extrapolation (e.g., [90]) and modelling of various or aggregated 
exposures (e.g., [91]).

The current models are developed on a limited set of chemicals due 
to data availability. Therefore, to further explore this quantitative KER 
and its regulatory application, it is our recommendation to standardize 
and include BrdU labelling in sub-chronic toxicity studies for regulatory 
purposes. Despite the extra practises, a harmonized dataset covering the 
chemical domain is needed for model improvement, tailoring to specific 
chemical properties and validation, including the establishment of his
torical control data. As a critical effect size of 10 % is the most commonly 
used threshold for quantal data in a regulatory context [53], we applied 
this 10 % threshold in our analyses. Nevertheless, the applied modelling 
method allows for customization of the threshold to specific regulatory 
needs or questions. Implementation of this quantitative KER allows for 
carcinogenic risk assessment without the need for a 2-year carcinoge
nicity study, contributing to reduction of animal experimentation by 
combining sub-chronic toxicity data with the demonstrated modelling 
approach. Importantly, the methods applied, in conjunction with PBK- 
modelling, can be further extended to base predictions on earlier KEs 
quantified using in vitro data, ultimately aiding the transition to animal- 
free chemical risk assessment.
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Table 3 
Potential sources of uncertainty and their expected impact on the model’s 
outcome.

Source of 
uncertainty

Impact Reasoning

AOP structure Low The causal link was inferred from a well- 
established relation.

In vivo data High In vivo data are associated with large intra- 
chemical variability and uncertainty resulting 
from, amongst others, individual variation, 
dosing method, species- and strain-effects.

Experimental data High Studies were performed over a time course of 30 
years, with different exposure routes, strains and 
sexes being used.

Reuse of data Moderate As the dataset was not specifically designed for 
computational approaches, it is not ideally suited 
for modelling purposes (e.g., modelling would 
benefit from all readouts being reported in 
individuals instead of group averages).

Data imputation High To maximize overlap between the two KEs, 
tumour incidences were obtained through data 
imputation based on fitted dose–response curves. 
Imputed data was then used for response- 
response modelling and Bayesian logistic 
regression analysis.

Modelling method Low A major challenge in qAOP development is 
choosing the right model for the data. Both the 
predictors and outcome were considered quantal 
in their nature, and probabilistic modelling is 
well-suited for quantal outcomes. By developing 
both a probabilistic and effect size prediction 
model, we could model both the distribution and 
magnitude of outcomes.

Choice of priors Low We tried to minimize the effect of the priors on 
the posterior distribution by using weakly 
informative priors.

Model robustness Low Model parameters showed the (Bayesian) models 
converged well.

Model output Low Mean and credible/confidence intervals are 
informative.

Chemical 
independence

Moderate The training dataset contains chemicals from 
different domains (pharmaceuticals, 
agrochemicals and industrial chemicals). No 
selection on physicochemical properties, nor 
mode of action has been made. Nevertheless, we 
do realize that our models are trained on a limited 
dataset.

Applicability 
domain

High Application of the models is currently limited to 
predicting chronic rat liver effects based on sub- 
chronic rat liver effects.
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.comtox.2025.100359.
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provided in the supplementary files.
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