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Mechanistic Toxicity Predictions
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Adverse Outcome Pathway
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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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Allen, T.E.H. et al. (2020) Chem. Sci., 11; 7335.



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



Other Computational Methods



DFT for Mutagenicity

‡

ΔG‡

25.9 kcal mol-1

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

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



3DQSAR Studies

Allen, T. E. H. et al. (2020) Chem. Res. Toxicol., 33; 324.

Bledsoe, R. K. et al. (2002) Cell, 110; 93.



3DQSAR Studies
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3DQSAR Studies

Predicted pIC50 = 8.46

Experimental pIC50 = 8.70

Developmental effects?

Experimental pIC50 = 8.53

Developmental effects

Allen, T. E. H. et al. (2020) Chem. Res. Toxicol., 33; 324.



Conclusions

• DFT calculations provide a window into the molecular 

interactions driving some Ames positive results

• CoMFA 3D QSAR calculations can provide analogous image 

of receptor binding interactions

• Both of these approaches increase understanding in how 

and why specific molecules activate MIEs



Bayesian Neural Networks



C
h
e

m
ic

a
l 
F

in
g
e
rp

ri
n
t

B
io

lo
g
ic

a
l A

c
ti
v
it
y

Neural Network

Novel Compound

INPUT

LAYER
OUTPUT

LAYER

HIDDEN 

LAYERS

Quantitative Neural Network?



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
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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



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



Towards a Quantitative AOP



Ankley, G.T., et al. (2010) Environ. Toxicol. Chem., 29; 730.

AOP Modelling

SA
RF
NN
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AOP Modelling
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AOP Modelling
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Nyffeler Phenotypic Profiling Study

Nyffeler, J., et al. (2020) Toxicol. Appl. Pharmacol., 389; 114876.

Nyffeler, J., et al. (2021) SLAS Discov., 26; 292.



Overall Procedure

Nyffeler, J., et al. (2020) Toxicol. Appl. Pharmacol., 389; 114876.



Data Processing

Nyffeler, J., et al. (2021) SLAS Discov., 26; 292.



BMC Data Distribution

Column Category % Positive Column Category % Positive
1 AGP_Axial_Cells 35.9 26 ER_Profile_Cytoplasm 35.5
2 AGP_Compactness_Cells 30.7 27 ER_Radial_Cells 38.1
3 AGP_Intensity_Cytoplasm 33.6 28 ER_Symmetry_Cells 29.6
4 AGP_Intensity_Membrane 17.6 29 ER_Texture_Cytoplasm 38.0
5 AGP_Intensity_Ring 31.3 30 ER_Texture_Ring 36.3
6 AGP_Profile_Cytoplasm 30.9 31 Mito_Axial_Cells 33.5
7 AGP_Profile_Nuclei 26.3 32 Mito_Compactness_Cells 44.3
8 AGP_Radial_Cells 34.9 33 Mito_Intensity_Cytoplasm 37.7
9 AGP_Symmetry_Cells 23.5 34 Mito_Intensity_Ring 42.5

10 AGP_Texture_Cytoplasm 31.2 35 Mito_Profile_Cytoplasm 37.8
11 AGP_Texture_Membrane 20.1 36 Mito_Profile_Nuclei 15.5
12 AGP_Texture_Ring 32.8 37 Mito_Radial_Cells 42.5
13 DNA_Axial_Nuclei 40.1 38 Mito_Symmetry_Cells 32.9
14 DNA_Compactness_Nuclei 43.0 39 Mito_Texture_Cytoplasm 42.6
15 DNA_Intensity_Nuclei 24.8 40 Mito_Texture_Ring 44.8
16 DNA_Profile_Cytoplasm 40.7 41 Position 34.7
17 DNA_Profile_Nuclei 39.3 42 RNA_Axial_Nuclei 32.7
18 DNA_Radial_Cells 44.6 43 RNA_Compactness_Nuclei 33.7
19 DNA_Radial_Nuclei 39.2 44 RNA_Intensity_Nuclei 7.4
20 DNA_Symmetry_Nuclei 35.7 45 RNA_Profile_Nuclei 31.2
21 DNA_Texture_Nuclei 43.0 46 RNA_Radial_Nuclei 40.7
22 ER_Axial_Cells 32.2 47 RNA_Symmetry_Nuclei 28.4
23 ER_Compactness_Cells 41.0 48 RNA_Texture_Nuclei 26.5
24 ER_Intensity_Cytoplasm 30.8 49 Shape 42.5
25 ER_Intensity_Ring 29.6



BMC Classification Modelling

• NN and RF models were trained using three molecular 

representations (ECFP, MACCS keys and PhysChem

descriptors). Results are shown below:

Validation Set Test Set
Model Architecture SE SP ACC MCC SE SP ACC MCC

NN-ECFP 100100 26.5 91.9 67.4 0.249 30.0 91.0 66.9 0.272

RF-ECFP 100 97.7 11.0 43.5 0.158 94.8 12.9 45.3 0.127

NN-MACCS 100100 49.8 87.4 73.3 0.408 50.4 78.0 67.1 0.295

RF-MACCS 10 95.9 19.3 48.0 0.214 93.1 17.3 47.3 0.150

NN-PhysChem 100 40.3 84.6 68.0 0.279 38.3 84.8 66.3 0.262

RF-PhysChem 10 92.6 20.8 47.6 0.177 90.8 18.6 47.2 0.129



Conclusions

• Further exploration of biological responses through AOPs 

remains a challenge qualitatively and quantitatively

• Data availability makes this a challenge for in silico 

modelling

• Computational prediction of phenotypic cellular responses 

may be able to feed into a weight of evidence response



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

Ab Initio NGRA Framework
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