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ABSTRACT  

Next-generation risk assessment (NGRA) involves the combination of in vitro and in silico models 

for more human-relevant, ethical, and sustainable human chemical safety assessment. NGRA 

requires a quantitative mechanistic understanding of the effects of chemicals across human 

biology (be they molecular, cellular, organ-level or higher) coupled with a quantitative 

understanding of the uncertainty in any experimentally measured or predicted values. These 

values with their uncertainties can then be considered as a probability distribution, which can then 

be compared to exposure estimates to establish the presence or absence of a margin of safety. 

We have constructed Bayesian learning neural networks to provide such quantitative predictions 

and uncertainties for 20 pharmacologically important human molecular initiating events. These 

models produce high quality quantitative estimates (p(IC50), p(EC50), p(Ki), p(Kd)) of biochemical 

activity at a molecular initiating event (MIE) with average mean absolute errors (in Log units) of 

0.625 ± 0.048 in test data and 0.941 ± 0.215 in external validation data. The key advantage of 

these models is their ability to also produce standard deviations and credible intervals (CIs) to 

quantify the uncertainty in these predictions, which we show to be able to distinguish between 

molecules close to the training data in chemical structure, those less similar to the training data, 

and decoy compounds drawn from the wider ChEMBL database. These uncertainty values mean 

that when a prediction is made a user can understand the certainty of the prediction, similar to a 

quantitative applicability domain, aiding prediction usefulness in NGRA. The ability for in silico 

methods to produce quantitative predictions with these kinds of probability distributions will be 

vital to their further use in NGRA, and here clear first steps have been taken.  
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INTRODUCTION 

The safety evaluation of new chemicals is of the utmost importance for the protection of the health 

of consumers, workers, and the environment. To ensure these protections an understanding is 

required of the hazard associated with the test chemical and the exposure of the individual(s) to 

the test chemical. In order to use these quantities in risk assessment, it is vital associated 

uncertainties are appropriately quantified1–6. One approach is to adopt a probabilistic description 

of the uncertainty; by considering both the hazard and exposure as quantitative values with their 

own uncertainties which can be treated as probability distributions. Any overlap of these 

probability distributions is a potential concern to health.7–9 A significant gap between these 

distributions represents a margin of safety that can be used to argue for regulatory acceptance of 

a chemical’s safe use (Figure 1). As such, characterising these distributions quantitatively is of 

vital significance. 

Toxicology is undergoing a paradigm shift, away from reliance on in vivo animal experiments and 

towards methods based on understanding the mechanisms behind toxicological effects.10 One 

such framework which has gained traction over the last 10 years is the adverse outcome pathway 

(AOP).11–13 AOPs link key events across the spectrum of biological organisation, from a molecular 

initiating event (MIE)14,15 through cellular and tissue events to an adverse outcome at an organ, 

organism or population level. Most of the AOPs developed are currently qualitative,16 but it is the 

ambition of safety scientists to move forward to a time when all of these relationships are 

quantified into a quantitative AOP (qAOP).17–19 Many new approach methodologies (NAMs) are 

now being developed to measure the effects of chemicals throughout AOPs. In vitro assays and 

in silico calculations have a key role to play in this, and their importance in next-generation risk 

assessment (NGRA) is increasing. NAMs such as these are vital for the progress of NGRA,3,4,20 

and can have many advantages over in vivo animal experiments, including more rapid and 
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efficient chemical evaluation, more relevance to human health endpoints and fewer ethical 

concerns.21–24 Another important driver for NAMs has been legislation, such as the 7th amendment 

to the European Cosmetics Directive, which completely outlawed animal testing on cosmetic 

ingredients in 2013,25 the European Union Directive 2010/63/EU, which aims to further protections 

for animals used in scientific research,26 and the commitment of the United States Environmental 

Protection Agency to phase out all animal tests on mammals by 2035.27 

In silico toxicology methods are seeing more interest due to several factors, including an increase 

in the number of data points available for modelling, the amount of computer power available and 

new techniques such as machine learning. Many of the models developed focus on hazard 

prediction, making binary or categorical predictions of molecular activity, classifying molecules as 

“active” or “inactive”, or categorizing them as “high”, “moderate” or “low” risk. A non-exhaustive 

list of methods includes models for carcinogenicity,28,29 mutagenicity,30–32 hepatotoxicity,33–35 

cardiotoxicity,36,37 developmental toxicity,38 mitochondrial toxicity,39,40 and MIEs such as receptor 

binding and enzyme inhibition.41–45 A Bayesian neural network approach, with methodological 

similarity to the method presented here, has also been used to produce these classification 

outputs with estimations of uncertainty.46 Classification predictions of toxicity are useful in certain 

circumstances, such as during compound development when a large number of molecules are 

screened to remove the ones most likely to lead to toxic endpoints or for the prediction of assays 

like the Ames test, which itself provides a binary output. Many circumstances though require a 

quantitative output, that can be used as an estimate for or to calculate, a point of departure (POD), 

the dose at which potentially adverse health conditions may be observed, which is required for 

use in risk assessment.4 
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Some computational models have been developed to deliver quantitative predictions, particularly 

in the field of quantitative structure-activity relationships (QSARs).47 These tend to be associated 

with predictions for acute oral toxicity,48 or sensitization.49–51 As noted above, quantifying 

uncertainty in these computational predictions is of great importance for modern approaches to 

NAM development.3,52–54 Some uncertainty estimation in computational modelling is qualitative 

rather than quantitative,55,56 suggesting where confidence is “high” or “low”, but lacking a 

quantitative measure of this. These classification predictions can be useful, but not are as 

beneficial in a risk assessment setting, or when developing and using qAOPs as quantitative 

modelling. Toxicity endpoints which are currently defined in a classification way, may not require 

a quantitative output, but could benefit from it. Quantitative uncertainties are available in a few 

cases,57,58 including in acute fish toxicity estimation59 and repeat-dose toxicity POD calculation60 

but to our knowledge not yet in the area of MIE predictions. Making such quantitative estimations 

of uncertainty is undoubtedly a challenge, but important to the use of in silico calculations in future 

risk assessments.1 

In this work, we aim to investigate the feasibility of modelling quantitative molecular activity at 

human MIEs using neural networks. Modelling of these MIEs gives more mechanistic 

understanding of the effects a chemical is having when compared to the prediction of toxicological 

endpoints, as it allows exploration of a compounds toxicity through an AOP, and fits well into the 

goals of NGRA. Bayesian learning has been implemented, in which internal machine learning 

parameters (weights and biases), that are treated as fixed values in traditional machine learning, 

are replaced by probability distributions.61,62 With these models we aim to provide quantification 

of overall uncertainty in the model predictions, which can either arise due to aleatoric uncertainty 

(which represents uncertainty caused by variability in experimental measurements) and epistemic 

uncertainty (which represents uncertainty caused by a lack of knowledge in how a particular 
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model describes the underlying processes and relationships of interest).63,64 The resultant output 

prediction from the Bayesian neural network is itself a probability distribution (the so-called 

posterior predictive distribution) from which credible intervals (CIs), which are the Bayesian 

statistics equivalent to confidence intervals in non-Bayesian (i.e. frequentist) analysis, can be 

estimated. The networks were trained using variational inference (see materials and methods), 

resulting in the posterior predictive distributions taking the form of multivariate normal 

distributions. Thus, the outputs can be summarised in terms of a mean corresponding to the 

predicted activity and a standard deviation that provides measure of uncertainty in that prediction. 

From a risk assessment perspective, CIs are typically used to quantify the uncertainty in a 

particular outcome; typically the 95% credible interval is used as it presents a reasonably 

conservative range to base decisions on.4,6–9 Such Bayesian learning algorithms also have the 

advantage of regularizing to prevent overfitting.46,61,62 Bayesian neural networks have the potential 

to make quantitative predictions of molecular bioactivity suitable for NGRA. A workflow showing 

this procedure, from chemical structure to quantitative hazard assessment, is shown in Figure 2. 

MATERIALS AND METHODS 

Training Validation and Test Data 

Bioactivity data for 21 pharmacologically important human biological targets were extracted from 

the publicly available database ChEMBL (Version 23, Table 1).65 These targets are from the 

Bowes set, having been identified as important for in vitro pharmacological profiling at major 

pharmaceutical companies, have the potential to provide valuable toxicological information for 

risk assessment and fit within the definition of an MIE.14,66 These MIEs have previously been 

modelled using structural alerts, random forests and neural networks for binary predictions of 

molecular activity and all had over 1000 quantitative datapoints (IC50, EC50, Ki, Kd) for 
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modelling.43,44,67,68 Activity reports with a confidence score of less than eight were removed, leaving 

only reports from assays that measure changes to the function of a single protein target directly 

or through a homologous single protein target. This choice ensures experimental datapoints 

measure activity at specific and well-defined human targets. Quantitative activities (p(IC50), 

p(EC50), p(Ki), p(Kd)) were extracted for each compound and common salts and counterions 

were stripped with RDKit69 Salt Stripper. Duplicate data points were removed using newly 

canonicalized SMILES and confirmed using InChIs. Where compounds did have duplicate 

datapoints, the highest activity was maintained for the most conservative estimate of molecular 

activity. The 21 targets used here all had datasets of over 1000 quantitative data points, which 

was found to be necessary for Bayesian learning neural networks in preliminary studies. In total 

64133 unique compound-target quantitative relationships were obtained. 

External Validation Data 

Additional bioactivity data was downloaded from ChEMBL (Version 25). The updated version of 

the ChEMBL database contains additional datapoints for each target compared to ChEMBL 23. 

The ChEMBL 25 data was filtered and treated in the same way as previously with the ChEMBL 

23 data. For each of the 21 biological targets, any chemicals with activity reported in the target’s 

training, validation or test sets were removed to give only new data points. This gives a completely 

external data set totalling 5838 data points (Table 1). Despite being drawn from ChEMBL, as the 

training, validation and test sets are, the external validation set shows lower Tanimoto similarities 

to molecules in the training data when compared to the test set (Figure S2). This shows the 

external validation set is drawn from a different area of chemical space when compared to the 

training, validation, and test data, allowing us to explore how generalisable predictions of the 

Bayesian neural networks are. 
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Molecular Representation 

Chemical fingerprints were generated using RDKit for Python.70 A previous study concerning 

similar training data shows that the best neural network models are produced using ECFP4 

fingerprints at length 1000044 and hence these have been chosen for this study as well. This 

fingerprinting methods was used on each dataset for each target, meaning all models were trained 

on the same type of fingerprint.  

Model Validation Strategy 

Model statistical performance of these networks as quantitative biological activity predictors was 

evaluated primarily using mean absolute errors (MAEs), and mean squared errors (MSEs) and 

coefficients of determination for specific linear correlation between experimental and predicted 

activities (R2) are also included for completeness.71,72 The ChEMBL 23 dataset was split randomly 

into 75% training/validation data and 25% test data. The test data was not used during 

hyperparameter optimization to prevent hyperparameter overfitting. The training/validation data 

was then split randomly into 75% training and 25% validation data. After hyperparameter 

optimization, the test data and the ChEMBL 25 external validation data were evaluated using the 

best models. 

Neural Network Architecture 

Regression neural networks were constructed and trained using TensorFlow (TF) in Python 3. A 

grid search was used to obtain the highest performing architectures including one or two hidden 

layers, and 10, 50 and 100 neurons per hidden layer. Wider and deeper networks were 

constructed during preliminary studies, but the statistical performance was found to be poor and 

models tended not to train. The best performing networks were chosen based on having the 
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lowest MAE values. ReLU (rectified linear unit) activation functions were used to provide non-

linearity based on our previous work.44 The Adam optimizer and negative log-likelihood loss 

function were used in model training. Chemical features were input as ECFP4 fingerprints of 

length 10000 and quantitative estimation of biological activity at a target was provided as the 

output.  

Bayesian Inference 

To model the uncertainty in the neural network outputs given a chemical fingerprint input, the 

models were trained using Bayesian inference. This provides a natural self-contained framework 

for modelling epistemic and aleatoric uncertainty. For a brief overview of Bayesian inference in 

the context of neural network learning and additional details on the Bayesian neural network see 

the Supplementary Material. For a detailed introduction to Bayesian statistics, see Gelman et al.73 

Bayesian neural network construction and training was implemented using TF Probability. The 

various neural network layers were implemented using Dense Variational Layers, while the final 

output layer contains the likelihood, which was implemented using the TF Lambda Distribution 

function.  

Predictions made by the model for evaluation were calculated using a Monte Carlo simulation 

with 500 iterations. These samples were used to estimate the mean and standard deviation of 

each prediction output obtained from the posterior predictive distribution. The uncertainties 

produced by these models can be seen as a form of quantitative applicability domain (AD), 

assisting these models in meeting OECD guidelines for QSAR models.74 While a classical AD 

defines input examples as within or outside the models predictive domain, suggesting cases 

within are likely to be well predicted and those outside are more likely to be incorrect or 

untrustworthy, these quantitative values can imitate this idea on a scale, where low values will be 



 11 

given with confident predictions for cases similar to the training data and higher values correspond 

to less certain predictions. 

7363,6461,6275,7673616174Accounting for Uncertainty 

As previously mentioned, an important part of the implementation of Bayesian learning in this 

prediction task is the ability of the models to provide meaningful uncertainty estimates when 

predictions are made for use in NGRA. Model calibration was evaluated by considering various 

CIs and their fit to the experimental data,77–79 whereby if a model is well-calibrated it is expected 

that an x% credible interval would contain the true outcome of the predicted activity x% of the 

time. Calibration plots, whereby this comparison is provided for a range of CIs, were generated 

for each model and data set (training, test, and external validation) as follows: for each target 

credible interval between 5% and 95%, in increments of 10%, the percentage of true outcomes 

(i.e. activities) contained within those intervals were calculated. In the calibration plots, target CIs 

are plotted against the true outcome percentages.   

To evaluate the usefulness of the standard deviation values provided by the Bayesian learning 

model, predictions were made on test set and external validation set chemicals, and decoy 

compounds chosen randomly from among the ChEMBL data for other biological targets. For each 

model, a list of 1000 decoy compounds drawn from the ChEMBL data for other biological targets 

was generated for comparison as a sample of the total ChEMBL chemical space. These 

compounds are not part of, or drawn from, the training data for the Bayesian model and hence 

are expected to produce higher standard deviation values than the test set on average. 

Applicability Domain 
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An AD score has been constructed using the Tanimoto similarity between the ECFP inputs used 

to train the Bayesian neural network models for comparison to the Bayesian neural networks 

provided standard deviation values.80 Tanimoto similarity is a suitable choice for an AD for this 

model as it uses the same chemical information fed to the model (an ECFP). For each prediction, 

the Tanimoto similarity is calculated between the input molecule and all compounds in the training 

set. These values are then extracted to identify how similar the input compound is to the training 

set. The highest 10 values are then averaged to give a 10-nearest neighbour score (applicability 

domain 10, or AD10 value), to provide context of how well chemical space around the prediction 

is captured in the training data. These domains have been applied to the Bayesian neural 

networks models presented here to identify if a specific threshold can be used to define an 

applicability domain. As a comparison point to the standard deviation uncertainty values provided 

by the models, model calculated uncertainties (the standard deviation values) and the AD10 

values, were plotted against absolute error in prediction and bin-based averages (BBAs) included 

across 10 equal folds in the dataset, as described by Sushko.81 

Assessment of Best Models 

The statistical performance of models was performed using MAE, where models with the lowest 

MAE values are considered the best. This evaluation, however, ignores the important issue of 

capturing quantitative uncertainty estimates within these Bayesian models. Because of this, two 

additional criteria were also considered: 

1) Model predictions on the test set and decoy set should produce statistically significantly 

different distributions of standard deviations (evaluated using a 2-sample unequal variance T-Test 

due to the unequal variances of the approximately normal distributions of the predicted standard 

deviations and the large number of samples, at α = 0.01). 
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2) The mean decoy set standard deviation should be higher than the mean test set standard 

deviation. 

43,44The Python code for model construction and recall, the developed models, and the training, 

validation, test and external validation data are available through GitHub 

(https://github.com/teha2/chemical_toxicology). 

RESULTS AND DISCUSSION 

Data Distribution 

The distribution of molecular activities across all datasets is shown in Figure 3 and appears close 

to a normal distribution. The distributions primarily fall between 4 and 9 Log units, peaking 

between 5 and 7.  The distributions of the training, validation, test and external validation 

datapoints for each target dataset are available in the Supplementary Material (Figure S1). In 

several cases the distributions show high frequency at specific activities, and this is particularly 

pronounced for some of the external validation distributions. This is due to the reporting of the 

experimental data, such as reporting of experimental activities such as 10 µM or p(Activity) = 5 

(in the case of the serotonin transporter (SLC6A4) and the serotonin 2a receptor (HTR2A) 

external validation charts), 30 µM or p(Activity) = 4.523 (tyrosine-protein kinase (LCK)) or 0.1 µM 

or p(Activity) = 7 (delta opioid receptor (OPRD1)). These compounds were checked manually to 

ensure no duplication of chemicals. Several series of similar chemicals were identified, suggesting 

that some of these results are coming single studies in the CHEMBL database – i.e. the data 

points refer to a chemical series. This potentially suggests a challenge for the models, as these 

chemicals are all represented by different chemical fingerprints but anticipate the same 

quantitative prediction output. This will be a particular challenge for the model if these chemicals 

are dissimilar to the training data. 
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Model Performance 

Models were assessed based on the criteria outlined for model performance and uncertainty 

estimation above. Models meeting these criteria were produced for every target except KCNH2. 

In each case, the model passing the criteria with the lowest validation MAE is presented as the 

best, and the performance statistics of these best models for each biological target against the 

training, validation and test sets are shown in Table 2. All statistics for all trained models are 

included in the Supplementary Material (Table S1). The KCNH2 dataset has proven challenging 

to model in the past,43,44 and perhaps this suggests why passing the criteria was challenging. As 

a result of this the KCNH2 model has been removed from subsequent analysis. 

 

Overall, the best performing models for each MIE have produced MAEs well within one log unit, 

with an average MAEs of 0.486 (training set), 0.618 (validation) and 0.625 (test). Unsurprisingly 

the MAE increases going from training to validation to test data, but these increases are modest 

and do not indicate large levels of overfitting. Ultimately, all models are overfitted, the importance 

is to restrict overfitting to give the models generalizability, which is indicated by the modest 

increase in MAE going between each set (0.132 on average from training to validation and 0.007 

from validation to test).  

Example test set predictions are shown graphically in Figure 4 for four targets chosen at random, 

the acetylcholinesterase (AChE), HTR2A, the glucocorticoid receptor (NR3C1), and the dopamine 

transporter (SLC6A3). Graphs for all targets are shown in Figure S3 and predictions for all test 

set compounds combined in Figure S4 in the Supplementary Material. These graphs show a 
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general trend of the predictions aligning to the x = y diagonal. Molecules with low experimental 

activity values tend to be overpredicted and those with high activities tend to be underpredicted. 

This is due to the majority of the training data falling in the middle and pushing the predictions 

towards the centre. The gathering of additional datapoints at the ends of this distribution may 

assist this in the future, although the nature of such data will always make the ends of the 

distribution the most challenging to predict. 

The test set statistical performance of these models can be compared to bespoke 3D QSAR 

models previously produced to predict MIE-level molecular activity using comparative molecular 

field analysis (CoMFA) for some of the same biological targets using similar data from ChEMBL.82 

CoMFA models were constructed using five structural categories for the µ-opioid receptor 

(average root MSE = 0.59), glucocorticoid receptor (0.52) and dopamine transporter (0.71). The 

Bayesian neural networks perform slightly less well for the µ-opioid receptor (average MSE = 

0.753) and glucocorticoid receptor (0.798), and slightly better for the dopamine transporter 

(0.595). The Bayesian neural networks are also easier to implement, as all novel compounds can 

be assessed by a single neural network per target, while CoMFA requires molecular alignment 

amongst structurally similar training set compounds, and also provides uncertainty estimates with 

those predictions. The addition of uncertainty estimates in the predictions was a key driver in the 

choice of Bayesian neural networks for this study, and it is appreciated that other machine 

learning, classical or consensus approaches may be able to provide better predictive statistical 

performance (MAE, MSE or R2) on the data considered in this work. 

External Validation 

The performance of the best models against the external validation data, alongside the figures for 

the test data, is shown in Table 2. A decrease in model performance on moving from the test set 
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to the external validation set is expected, and this is observed. On average MAE increases by 

approximately 50% to 0.942. The statistical performance on the external validation set is also 

potentially influenced by the size of these sets, as in six cases fewer than 100 external validation 

data points are evaluated. On average these predictions remain within one log unit of the 

experimental values.  

Model performance appears less good when considering R2, specifically when looking at the 

external validation data. Eight of the 20 cases have R2 values greater than 0.4, suggesting similar 

model performance to the test set cases, five are between 0 and 0.4 showing a small amount of 

predictivity on these datasets and seven are negative. Meaning these models are not predictive 

on these datasets when compared to the mean activity of that dataset. This can be caused by 

small external validation datasets containing molecules with a similar experimental activity, such 

as the cases for ADRB1 and EDNRA. Otherwise, additional data may be able to assist with this 

in future work. Ultimately, when such predictions are not good the model recognises this and 

provides higher standard deviations with their predictions, alerting the user to this and urging more 

caution. 

Some external validation set predictions are shown graphically in Figure 5 for the same targets 

as Figure 4. Graphs for all targets are shown in Figure S5 and a graph for all predictions combined 

in Figure S6 in the Supplementary Material. The trends of these predictions are more distant from 

x = y than for the test set as expected but are still generally close, with cases at high or low 

activities generally less well predicted. External validation dataset predictions are more 

challenging for the model as is to be expected.  The range of predicted values is narrower than 

that observed for the test data (For AChE the range of predictions on the test set is around 6 log 

units, while for the external validation set it is around 4), however, the predictions are not all 
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clustered at the mean training set activity, which suggests that the model has learned about these 

molecular activities. 

Averages of the standard deviation values provided by the Bayesian neural network are plotted 

against average model performance (MAE or R2) for the test and external validation sets of each 

MIE in Figure 6. These plots do not show high correlation, as might be considered ideal, but do 

show that higher standard deviations generally correlate with poorer model performance in the 

cases of MAE on both the test and external validation sets, and R2 on the external validation data.  

Understanding Uncertainties 

The average standard deviation values associated with each prediction were extracted and 

examined (Table 3). These values correspond well with what is observed regarding predictivity, 

with relatively high standard deviations produced for the external validation set predictions on the 

EDNRA, HRH1 and SLC6A4, cases where the model particularly struggled. These values provide 

a context for those predictions, allowing for caution when they are considered in NGRA, or other 

contexts. 

Calibration plots were generated for each model to assess how well calibrated the generated 

models are. Figure 7 shows four examples and Figure S7 shows plots for all targets. Points on 

the plot are expected to approximately follow the x = y diagonal to indicate a well calibrated model, 

which is generally shown. Training set points are expected to lie above test set points which are 

in turn above external validation set points, as predictions on the test and particularly external 

validation sets are expected to be more challenging.  

For each test and external validation set, the 95% CIs were calculated, using the approximation 

of two times the standard deviation, and the percentage of molecules whose experimental activity 
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values fall within this interval were calculated (Table 3). The average percentage obtained within 

two standard deviations was 96.63% for the test sets and 90.49% for the external validation sets. 

For seven of the models test set data, the percentage of predictions within the 95% CI values lie 

within +/- 1% of 95.45%. Seven more within a total of +/- 2%, five more within a total for +/- 4% 

and only one outside this (CHRM3). Interestingly, the more distant datasets are not particularly 

small, or poorly predicted based on their test set statistical performance values, showing the 

uncertainty element of this task is not entirely dependent on the dataset size of model statistical 

performance. This alludes to an important challenge in this probabilistic modelling – getting a 

good balance between quality of prediction and useful uncertainty estimates. The values for the 

external validation data are more distant from the expected value of 95.45%, showing that these 

distributions are not quite as well modelled. The small sizes of some of the external validation 

sets may be responsible for this. 

Comparison histograms for four biological targets are shown in Figure 8. Test set data, external 

validation set data and decoy set data were evaluated as a point of comparison. Each set shows 

a slightly different distribution of standard deviation values. Kernel density estimates are also 

shown to highlight differences in the data distributions. The test set compounds tend to have the 

lowest standard deviation values, with external validation set compounds shifted slightly to the 

right, corresponding to overall higher standard deviation values, and decoy compounds shifted 

slightly further to the right. This is expected as the test set should be the most similar to the training 

set (and therefore should have activities predicted with the lowest uncertainty) with the eternal 

validation compounds being slightly more different, and decoy compounds the most different. The 

differences between these distributions for the test and decoy compounds were found to be 

statistically significant at α = 0.01 in every case using a 2-sample unequal variance T-Test. Further 

plots like this are shown in the Supplementary Material (Figure S8) and show similar trends. 

Absolute values of the uncertainties for the decoy data depend on the neural network architecture, 
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with larger networks appearing to be able to better differentiate the decoy compounds from the 

test and external validation data (for example see in particular CHRM3 and EDNRA, but also 

AChE, CHRM1, CHRM2 and OPRD1 in Figure S8 – all modelled with a single layer of 100 

neurons). Future work may investigate different network architectures and find the ones best able 

to model these uncertainties, and hence improve their use in NGRA. 

Uncertainties and Applicability Domains 

Graphs showing the relationship between model standard deviation values and AD10 values were 

plotted for each target against absolute error in prediction for both the test and external validation 

sets (Figures 9 and S9).  81These plots show that neither the model standard deviation values or 

AD10 values directly correlation with absolute error, but in most cases average errors increase 

with lower AD10 value or higher uncertainty. Specifically average errors show a step change in 

BBA around a standard deviation value of 0.8-1.2 or an AD10 value of 0.2-0.3.  

To assess the use of these values as absolute thresholds for an applicability domain, model 

statistical performance at each MIE was recalculated excluding compounds based on three 

criteria: 

1) AD10 values less than 0.2 

2) standard deviation values greater than 1.2 

3) AD10 values less than 0.2 OR standard deviation values greater than 1.2 (both) 

The results of this are shown in Table 4.. These results suggest using the standard deviation 

values as an absolute threshold for an applicability domain is unsuitable, as the MAE values are 

almost unchanged.The AD10 values do decrease MAE values, however the differences are 

modest while excluding a large number of predictions (almost 10% of the test set predictions and 
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nearly 40% of the external validation set predictions). Further investigations into these applicability 

domains may be able to provide a greater improvement in statistical performance – although the 

use of the in conjunction with these models is clearly a complex problem. 

The 95% CIs calculated for each prediction can be added to the earlier prediction plots, as would 

be anticipated for the use of these models in NGRA. This is shown for acetylcholinesterase activity 

predictions on the training, test and external validation data in Figure 10. This graph shows that 

in the vast majority of cases the experimental activity lies within the 95% credible interval predicted 

by the model. These models can contribute to safety evaluation scenarios such as the case in 

Figures 1 and 2, where the hazard distribution produced by the model can be compared to the 

exposure distribution, perhaps calculated using physiologically based kinetic (PBK) modelling.83–

85 This is a significant step forward for in silico predictions of human MIEs and the provision of 

quantitative predictions and uncertainty estimates should be the ultimate goal of more modelling 

procedures moving forward. 

CONCLUSIONS 

Computational toxicology has key advantages when compared to in vivo or in vitro approaches, 

including reduced cost and faster evaluation, given that suitable modelling approaches are 

employed and appropriate data can be gathered.1,3,21 In silico tools for the prediction of hazards 

associated with new chemicals are relatively common and have in general been well developed, 

but focus mainly on qualitative hazard prediction tasks.28,32,39,41,44,86 This is especially true when 

compared to models developed to aid risk assessment through both i) the quantitative prediction 

of molecular activity and ii) the quantification of uncertainty in these predictions. Here we present 

a Bayesian learning-based approach to help answer these questions in the case of human MIE 

prediction. Publicly available data has been modelled for 20 human MIEs and produces models 
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with MAE values less than one log unit against external validation data. Models showing good 

statistical performance were generated for some MIEs and external validation sets, particularly 

the ADRB2, CHRM1, CHRM2, CHRM3, DD2R, HTR2A and OPRD1 providing external validation 

MAE values below 0.9 and R2 above 0.4. These Bayesian neural networks also produce standard 

deviations associated with their predictions which can be used to quantify uncertainty. It has been 

shown that these values provide the uncertainties expected with the test and external validation 

data and are useful in distinguishing between molecules similar to the training data and decoy 

molecule input strings. 

Quantification of uncertainty is considered one of the biggest challenges with NAMs and is 

required both to enable the wider adoption of NAMs and for NGRA to succeed.3,5 The models 

presented here provide uncertainty values that can be fed into an NGRA procedure or a qAOP 

for the safety evaluation of a novel chemical. While the calibration curves presented in Figures 7 

and S7 did show some deviation from ‘perfect’ calibration, the results are encouraging. Moreover, 

we obtained good agreement between the frequency of true outcomes at the 95% credible interval 

level, which is a common statistic for decision-making,4,6–9 indicating the approach could suitable 

in risk assessment. This is a considerable step forward for computational toxicology and the use 

of Bayesian learning should be more widely used in model development moving forward. Coupling 

these methods with MIEs and AOPs gives an element of mechanistic understanding to the 

procedure, desirable in the protection of human health. 

ASSOCIATED CONTENT 
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Histograms showing the data distribution for compounds at each biological target, Tanimoto 

similarity distribution for the test and external validation sets to the training set, additional 
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information on the Bayesian neural network model, performance statistics for all models, graphs 

showing predicted vs experimental activity values for test set and external validation set 

compounds, calibration plots for every target and histograms showing the distributions of standard 

deviations for each model. 

The Python code for ECFP fingerprint generation, model construction and recall, the developed 

models, and the training, validation, test and external validation data as SMILES strings are 

available through GitHub (https://github.com/teha2/chemical_toxicology) under Bayesian 

Learning. 
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ABBREVIATIONS 

AChE=acetylcholinesterase,  

AD10=applicability domain 10, 

ADORA2A=adenosine A2a receptor,  

ADRB1=beta-1 adrenergic receptor,  

ADRB2=beta-2 adrenergic receptor,  

AOP=adverse outcome pathway,  

AR=androgen receptor,  

BBA=bin based average, 

CHRM1=muscarinic acetylcholinesterase receptor M1,  

CHRM2=muscarinic acetylcholinesterase receptor M2,  

CHRM3=muscarinic acetylcholinesterase receptor M3,  

CI=credible interval,   

DD1R=dopamine D1 receptor,  

DD2R=dopamine D2 receptor,  

EDNRA=endothelin receptor ET-A,  

HRH1=histamine H1 receptor,  

HTR2A=serotonin 2a receptor,  

KCNH2=human ether-a-go-go related gene channel,  

LCK=tyrosine-protein kinase LCK,  

MAE=mean absolute error,  

MIE=molecular initiating event,  

MSE=mean squared error 

NAM=new approach methodology,  

NGRA=next-generation risk assessment,  

NR3C1=glucocorticoid receptor,  
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OPRD1=delta opioid receptor,  

OPRM1=mu opioid receptor,  

PBK=physiologically-based kinetic,  

(Q)SAR=(quantitative) structure-activity relationship,  

ReLU=rectified linear unit, 

SLC6A2=norepinephrine transporter,  

SLC6A=dopamine transporter,  

SLC6A4=serotonin receptor, 

TF=TensorFlow. 
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FIGURES 

 

Figure 1. A graphical representation of scenarios where a safety evaluation would indicate a 

concern to health (right) and one with a large margin of safety (left). 
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Figure 2. A workflow showing how Bayesian neural networks might be used in NGRA. 

Chemical structure is used by the neural network to make quantitative predictions of molecular 

activity (P(Act)) including uncertainties at biological targets which can feed into hazard 

estimates to be compared to exposure estimate for the identification of a margin of safety. 
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Figure 3. Histograms showing the data distribution for each data set. 
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Figure 4. Graphs showing predicted vs experimental activity values for the test set chemicals. 

The ideal x = y diagonal is shown as an orange solid line and the trendline for the shown data 

as a blue dashed line. 
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Figure 5. Graphs showing predicted vs experimental activity values for the external validation 

set chemicals. The ideal x = y diagonal is shown as an orange solid line and the trendline for the 

shown data as a blue dashed line. 
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Figure 6. Graphs showing average standard deviation values against MAE or R2 values for 

each test and external validation set for each MIE, including trendlines.  
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Figure 7. Calibration plots showing the proportion of experimental activities within credible 

intervals (CI) between 5% and 95% at 10% intervals for the training, test and external validation 

datasets. The ideal x = y diagonal is shown as a black solid line. 
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Figure 8. Histograms showing differences in standard deviation distributions between test, 

external validation, and decoy data sets overlaid with kernel density estimates. 
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Figure 9. Scatterplots showing the relationship between prediction absolute error and model 

standard deviation or applicability domain 10 (AD10) values for the test and external validation 

set predictions. Bin-based averages (BBAs) are shown for 10 equal folds of the dataset.  
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Figure 10. Graphs showing predicted vs experimental activity values and 95% credible intervals 

for the acetylcholinesterase training, test and external validation sets. The ideal x = y diagonal is 

shown as an orange solid line and the trendline for the shown data as a blue dashed line. 
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TABLES 

Target  Target Name Training Validation Test Ext. Valid. 
Gene  Set Set Set Set 

AChE Acetylcholinesterase 2024 675 842 423 
ADORA2A Adenosine A2a receptor 2271 758 1017 270 
ADRB1 Beta-1 adrenergic receptor 747 250 309 26 
ADRB2 Beta-2 adrenergic receptor 1641 548 749 78 
AR Androgen receptor 2754 919 1208 163 
CHRM1 Muscarinic acetylcholinesterase receptor M1 1201 401 553 96 
CHRM2 Muscarinic acetylcholinesterase receptor M2 946 316 423 69 
CHRM3 Muscarinic acetylcholinesterase receptor M3 926 309 358 129 
DD1R Dopamine D1 receptor 801 268 326 109 
DD2R Dopamine D2 receptor 3255 1086 1458 514 
EDNRA Endothelin receptor ET-A 754 252 336 16 
HRH1 Histamine H1 receptor 732 245 327 87 
HTR2A Serotonin 2a receptor 2097 700 964 433 
KCNH2 Human ether-a-go-go related gene channel 3983 1328 1871 1032 
LCK Tyrosine-protein kinase LCK 1091 364 497 214 
NR3C1 Glucocorticoid receptor 1492 498 662 147 
OPRD1 Delta opioid receptor 1784 595 812 612 
OPRM1 Mu opioid receptor 2182 728 1014 915 
SLC6A2 Norepinephrine transporter 1652 551 681 121 
SLC6A3 Dopamine transporter 1376 459 614 156 
SLC6A4 Serotonin receptor 2356 786 1011 227 

 

Table 1. Numbers of compounds extracted for each biological target within each set. 
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  Training Set Validation Set Test Set Ext. Validation Set 
Target Arch MAE MSE R2 MAE MSE R2 MAE MSE R2 MAE MSE R2 
AChE [100] 0.542 0.510 0.769 0.682 0.814 0.660 0.659 0.744 0.671 0.863 1.172 0.292 
ADORA2A [50] 0.495 0.406 0.712 0.605 0.643 0.555 0.580 0.540 0.582 0.819 1.070 0.321 
ADRB1 [10] 0.432 0.335 0.743 0.650 0.729 0.479 0.641 0.751 0.487 0.904 0.972 -0.111 
ADRB2 [100] 0.526 0.493 0.795 0.596 0.668 0.680 0.660 0.773 0.679 0.845 1.329 0.534 
AR [100] 0.477 0.432 0.743 0.630 0.862 0.492 0.628 0.837 0.546 1.077 1.589 -0.487 
CHRM1 [100] 0.537 0.507 0.682 0.625 0.700 0.569 0.693 0.806 0.452 0.751 0.830 0.482 
CHRM2 [100] 0.486 0.367 0.791 0.654 0.665 0.632 0.665 0.719 0.601 0.871 1.094 0.408 
CHRM3 [100] 0.461 0.353 0.864 0.556 0.727 0.719 0.616 0.597 0.755 0.683 0.689 0.776 
DD1R [100] 0.494 0.410 0.708 0.657 0.741 0.421 0.663 0.788 0.412 0.715 0.739 0.341 
DD2R [50] 0.475 0.388 0.599 0.560 0.549 0.480 0.533 0.502 0.471 0.718 0.836 0.443 
EDNRA [100] 0.472 0.374 0.816 0.663 0.733 0.654 0.678 0.792 0.619 1.267 2.415 -0.362 
HRH1 [50] 0.421 0.313 0.808 0.546 0.503 0.691 0.569 0.630 0.607 1.466 2.932 -0.417 
HTR2A [100] 0.472 0.377 0.708 0.554 0.538 0.548 0.565 0.576 0.560 0.875 1.216 0.434 
LCK [50,50] 0.554 0.507 0.756 0.726 0.844 0.633 0.678 0.745 0.601 1.319 2.130 -0.053 
NR3C1 [50] 0.495 0.413 0.746 0.680 0.830 0.503 0.666 0.798 0.522 0.988 1.564 0.482 
OPRD1 [100] 0.474 0.359 0.799 0.613 0.595 0.666 0.608 0.599 0.672 0.759 0.865 0.545 
OPRM1 [50] 0.479 0.396 0.815 0.612 0.647 0.687 0.665 0.753 0.636 1.187 2.248 -0.207 
SLC6A2 [50,50] 0.504 0.410 0.682 0.605 0.599 0.542 0.610 0.595 0.516 0.771 0.978 0.212 
SLC6A3 [10] 0.457 0.364 0.724 0.562 0.549 0.581 0.550 0.524 0.585 0.916 1.338 -0.136 
SLC6A4 [100] 0.458 0.348 0.780 0.571 0.559 0.642 0.574 0.532 0.656 1.032 1.663 0.258 

 

Table 2. Statistical performance of the best models against the training, validation, test and external validation data sets. The best 

model architecture for each target is also shown. AChE=acetylcholinesterase, ADORA2A=adenosine A2a receptor, ADRB1=beta-1 

adrenergic receptor, ADRB2=beta-2 adrenergic receptor, AR=androgen receptor, CHRM1=muscarinic acetylcholinesterase receptor 

M1, CHRM2=muscarinic acetylcholinesterase receptor M2, CHRM3=muscarinic acetylcholinesterase receptor M3, DD1R=dopamine 
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D1 receptor, DD2R=dopamine D2 receptor, EDNRA=endothelin receptor ET-A, HRH1=histamine H1 receptor, HTR2A=serotonin 2a 

receptor, LCK=tyrosine-protein kinase LCK, MAE=mean absolute error, MSE=mean squared error, NR3C1=glucocorticoid receptor, 

OPRD1=delta opioid receptor, OPRM1=mu opioid receptor, SLC6A2=norepinephrine transporter, SLC6A=dopamine transporter, 

SLC6A4=serotonin receptor. 
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Target  Average SD % within 95% CI 
  Arch Test Set Ext. Val. Set Random Set Test Set Ext. Val. Set 
AChE [100] 0.9376 0.9457 0.9933 95.96 93.16 
ADORA2A [50] 0.8491 0.8625 0.8849 97.54 90.51 
ADRB1 [10] 0.9385 0.9498 0.9538 94.82 96.15 
ADRB2 [100] 0.9194 0.9966 0.9597 94.53 90.00 
AR [100] 0.8771 0.9214 0.8959 95.03 83.44 
CHRM1 [100] 1.0134 1.0647 1.0910 96.02 98.96 
CHRM2 [100] 1.0888 1.0683 1.1573 98.58 100.00 
CHRM3 [100] 1.1096 1.2344 1.2161 99.72 100.00 
DD1R [100] 1.1412 1.1774 1.1882 96.63 100.00 
DD2R [50] 0.8413 0.8714 0.8868 97.19 93.39 
EDNRA [100] 1.1884 1.3614 1.4345 97.92 93.75 
HRH1 [50] 1.0848 1.0734 1.1208 96.33 73.56 
HTR2A [100] 0.8854 0.9099 1.1208 97.10 89.38 
LCK [50,50] 0.9229 0.9966 1.0429 94.77 78.60 
NR3C1 [50] 0.9069 0.9376 0.9527 94.11 87.76 
OPRD1 [100] 0.9546 0.9967 1.0399 97.91 95.92 
OPRM1 [50] 0.9053 0.9253 0.9148 95.86 81.31 
SLC6A2 [50,50] 0.8778 1.0057 0.9976 96.77 89.34 
SLC6A3 [10] 0.8773 0.9007 0.8927 96.74 85.90 
SLC6A4 [100] 0.9697 1.0371 1.0824 99.11 88.65 

 

Table 3. Average standard deviation values produced by each model against the test and external validation sets, and a set of 

synthetic randomized input strings alongside the percentage of the test and external validation set activity predictions falling within 

the 95% credible interval (CI) at each biological target. 
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  AD10 > 0.2 StDev < 1.2 AD10 > 0.2 OR StDev < 1.2 
  Test Set Ext. Validation Set Test Set Ext. Validation Set Test Set Ext. Validation Set 

Target Arch MAE attrition MAE attrition MAE attrition MAE attrition MAE attrition MAE attrition 
AChE [100] 0.663 7.4 0.812 39.2 0.669 3.4 0.870 0.5 0.667 10.7 0.813 39.4 
ADORA2A [50] 0.557 3.6 0.778 18.2 0.580 0.0 0.819 0.0 0.557 3.6 0.778 18.2 
ADRB1 [10] 0.624 2.7 1.130 53.8 0.628 0.3 0.904 0.0 0.625 3.1 1.130 53.8 
ADRB2 [100] 0.692 34.1 0.919 33.8 0.641 0.6 0.852 16.3 0.690 34.7 0.887 50.0 
AR [100] 0.607 26.4 0.973 36.8 0.622 0.8 1.068 1.2 0.604 26.9 0.978 38.0 
CHRM1 [100] 0.665 7.2 0.663 74.5 0.678 5.7 0.792 15.3 0.670 11.9 0.739 79.6 
CHRM2 [100] 0.656 7.6 0.865 77.1 0.690 18.1 0.859 17.1 0.668 24.6 0.897 80.0 
CHRM3 [100] 0.608 8.3 0.641 49.2 0.630 26.6 0.752 45.4 0.624 32.1 0.713 76.9 
DD1R [100] 0.597 26.0 0.723 19.3 0.708 29.0 0.679 40.4 0.622 48.0 0.606 53.2 
DD2R [50] 0.523 2.2 0.697 10.2 0.535 0.1 0.718 0.0 0.522 2.2 0.697 10.2 
EDNRA [100] 0.672 2.8 1.267 0.0 0.667 41.9 1.895 87.5 0.665 42.2 1.895 87.5 
HRH1 [50] 0.498 11.7 1.077 59.8 0.580 13.7 1.462 8.0 0.511 24.8 1.103 60.9 
HTR2A [100] 0.554 4.1 0.593 35.6 0.578 0.1 0.871 0.2 0.555 4.2 0.593 35.6 
LCK [50,50] 0.670 15.2 1.325 73.5 0.676 3.2 1.331 7.0 0.665 16.4 1.332 74.9 
NR3C1 [50] 0.572 17.2 0.977 18.2 0.670 0.5 0.976 0.0 0.572 17.2 0.977 18.2 
OPRD1 [100] 0.601 5.2 0.844 28.8 0.615 1.2 0.760 1.8 0.599 6.0 0.840 30.0 
OPRM1 [50] 0.654 4.2 1.197 12.3 0.670 0.0 1.187 0.0 0.654 4.2 1.197 12.3 
SLC6A2 [50,50] 0.603 4.8 0.597 39.7 0.604 6.4 0.779 5.0 0.598 10.5 0.579 42.1 
SLC6A3 [10] 0.552 6.1 0.789 51.9 0.563 0.0 0.916 0.0 0.552 6.1 0.789 51.9 
SLC6A4 [100] 0.570 3.0 0.871 26.4 0.582 3.5 0.958 14.1 0.574 6.0 0.875 29.1 

 

Table 4. Statistical performance of the best models against the test and external validation data sets, considering three applicability 

domain thresholds. Attrition rates show the percentage of compounds in case that have been excluded as outside the threshold. The 

best model architecture for each target is also shown. 
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