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Mechanistic Toxicity Predictions
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Adverse Outcome Pathway
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Maximal Common Substructure



Maximal Common Substructure

Present in 6 of 6 
chemicals
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Yes Yes No Yes No Yes Yes No No Yes Yes Yes

8/ 12 Trees predict Yes

Therefore overall prediction is Yes

Novel Compound

Wedlake, A.J. et al. (2019) Chem. Res. Toxicol., 33; 388.
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SE = sensitivity (percentage active chemicals correctly assigned) 

SP = specificity (percentage negative chemicals correctly assigned) 

ACC = overall quality (percentage of chemicals correctly assigned)

MCC = Matthews correlation coefficient (score from -1 to 1 with a higher score indicating a better model. 

scores account for imbalance in dataset)

Held Out Test Data

SE SP ACC MCC

Structural Alerts Average 84.1 93.5 91.1 0.790

SD 11.6 4.6 4.2 0.096

Random Forests Average 89.0 90.4 92.2 0.815

SD 11.6 8.1 4.0 0.091

Neural Networks Average 87.8 93.6 92.8 0.832

SD 10.4 5.9 4.0 0.089

Model Performance

Wedlake, A.J. et al. (2019) Chem. Res. Toxicol., 33; 388.
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Consensus Modelling
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Consensus approach;

Increased confidence

Combined Model
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Method SE SP ACC MCC % Unassigned

Majority Vote 90.7 90.5 92.3 0.827
ΔSA 4.1 -0.4 2.1 0.045
ΔRF -0.8 3.7 1.0 0.023
ΔNN 0.4 0.4 0.4 0.009

Unanimous 92.8 93.8 94.9 0.882 9.6
ΔSA 6.2 2.9 4.7 0.100
ΔRF 1.3 7.0 3.6 0.078
ΔNN 2.5 3.7 3.0 0.064

Combined Model



Conclusions

• MIEs make great targets for in silico toxicity predictions based on 

chemistry

• Structural alerts, random forests and neural networks have all been 

developed to make these predictions

• Using these algorithms together increases their performance and the 

confidence we can have in their predictions

• Combining algorithms helps us overcome their specific flaws



Quantum Chemistry Predictions
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ΔG‡

Modelling the Transition State
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DFT - Optimization: B3LYP, 6-31+G(d), iefpcm; SPE: M062X, def2tzvpp, iefpcm

ΔG‡

25.9 kcal mol-1

‡

Modelling the Transition State
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Activation Free Energies
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Activation Free Energies
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ΔG‡ = 25.8 kcal mol-1

4-Hydroxy-5-methyl-3-furanone
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ΔG‡ = 25.8 kcal mol-1

4-Hydroxy-5-methyl-3-furanone
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ΔG‡ = 25.8 kcal mol-1

“HMF found to be mutagenic probably due to 

generation of active oxygen radicals”

4-Hydroxy-5-methyl-3-furanone
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ΔG‡ = 24.4 kcal mol-1

3-(Dichloromethylene)-2,5-pyrrolidinedione



Allen, T.E.H. et al. (2018) J. Chem. Inf. Model., 58; 1266.

Haddon, W.F., et al. (1996) J. Agric. Food Chem., 44; 256.

ΔG‡ = 24.4 kcal mol-1

3-(Dichloromethylene)-2,5-pyrrolidinedione
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ΔG‡ = 24.4 kcal mol-1

ΔG‡ (kcal mol-1)

21.2

24.4

16.1

3-(Dichloromethylene)-2,5-pyrrolidinedione
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DFT - Optimization: B3LYP, 6-31+G(d), iefpcm; SPE: M062X, def2tzvpp, iefpcm

The Final Picture



Conclusions

• DFT calculations provide a window into the molecular 

interactions driving some Ames positive results

• DFT allows direct modelling of the MIE in this case, and may 

also be useful for other covalent bond forming MIEs

• This approach helps increase understanding in how and why 

specific molecules covalently modify DNA



Bayesian Neural Networks
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Conventional Neural Network

Weights and biases
as fixed values

Therefore predictions
are fixed values

𝒇(𝒙) = 𝑲( ෍

𝒊

𝒘𝒊 𝒙𝒊 + 𝒃)

Conventional Learning



Bayesian Neural Network

𝒇(𝒙) = 𝑲( ෍

𝒊

𝒘𝒊 𝒙𝒊 + 𝒃)

Weights and biases defined
as probability distributions

Gives predictions 
meaningful errors

µ

σ

𝑤

µ

σ

𝑏

Bayesian Learning



Best Models

Train MAE Valid. MAE Test MAE Ext. Val. MAE

AVERAGE 0.487 0.613 0.621 0.943

SD 0.030 0.051 0.051 0.223

MAE = Mean Absolute Error

SD = Standard Deviation

R2 = Coefficient of Determination for Linear Correlation

Train R2 Valid. R2 Test R2 Ext. Val. R2

AVERAGE 0.743 0.586 0.572 0.128

SD 0.067 0.089 0.094 0.437



Some Models (Test Set)



Some Models (Ext. Valid. Set)



Calibration of Uncertainties



Distribution of Uncertainties



Predictions with Uncertainties



Exposure/Dose

Exposure estimate

Hazard estimate

Margin of Safety

Safety Decision Making

Exposure estimate

Hazard estimate



Conclusions

• Bayesian learning regression neural networks provide the 

ability to both make quantitative predictions and 

understand the uncertainty in those predictions

• These algorithms have been shown to be useful in the 

prediction of molecular activity at human MIEs



Baltazar, M.T., et al. (2020) Toxicol. Sci., 176; 236.

Ab Initio NGRA Framework
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