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2. Structural Alerts 

References 

Consumer and environmental safety decisions are based on exposure and hazard data interpreted using risk assessment approaches. The 

adverse outcome pathway (AOP) conceptual framework [1] has been presented as a logical sequence of events or processes within biolog-

ical systems which can be used to understand adverse effects and refine the current risk assessment practice.  

 

 

 

 

 

 

 

 

 

 

 

The molecular initiating event (MIE) can be thought of as a gateway to the AOP—the initial chemical interaction [2,3]. We have previously 

defined the MIE as the initial interaction between a molecule and a biomolecule or biosystem that can be causally linked to an outcome via 

a pathway [4]. Chemistry is key to understanding the MIE. What is it about these molecules that allow them to do this? 

5. Conclusions 

  Molecular initiating events are important chemical-biological interactions which provide good targets for computational 

model construction. 

 2D Structural alerts and neural networks have been developed for the prediction of important human pharmacological 

target MIEs. 

 The predictions of both these methods can be used in combination to increase confidence in these in silico approaches. 

 A network similarity algorithm has been deployed to identify similar chemicals in neural network predictors and better 

understand how the neural networks make predictions. 
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Ankley's conceptual diagram of an AOP, including the MIE. Image adapted from Ankley 2010 [1]. 

3. Machine Learning Algorithms 
Machine learning algorithms such as neural networks are proving popular in computer science due to their high level of predictivity. 

They are also gaining attention in toxicology [10,11]. One drawback of such complex methods is difficulty in understanding how predic-

tions are made - making them less attractive in risk assessment procedures [12].  

 

 

 

 

 

 

 

 

 

 

 

 

 

To evaluate their power, neural networks were constructed to predict MIEs using the data outlined previously. The neural networks 

were trained using extended connectivity fingerprints as inputs, L2 regularization, and Sigmoid and ReLU activation functions. A number 

of network architectures were evaluated to find the best performance, varying number of hidden layers and number of neurons per lay-

er. Two layers of ten neurons were found to provide the best performance, and their results are shown below. 

 

 

 

 

 

 
 

To better understand how neural network predictions are made, we have explored the similarity between network signal propagation 

for different chemical compounds. Once a network is trained, chemicals were fed in and numerical values at each node extracted as a 

fingerprint. These fingerprints can be thought of as locations in n-dimensional space, and the distance between them calculated to find 

chemicals that the network considers “similar”. In the future this will allow the network to make MIE predictions, and back them up by 

identifying chemicals similar in chemistry and biology for read-across risk assessment. Three examples are shown below, with high net-

work similarities tending to be accompanied by high Tanimoto similarities. Of 258 molecule pairs with network similarity > 0.2, 237 have 

agreement in their experimental activities (91.9%). Cases without agreement could potentially be activity cliffs or experimental errors. 

 

 

 

 

 

 

We have previously constructed 2D structural alerts to link chemical properties to MIEs [5,6] for well-known human pharmacological tar-

gets [7] using open source ChEMBL receptor-binding data [8]. Further improvements to this procedure have involved the inclusion of Tox-

Cast data [9], to provide a larger, more balanced dataset, and the use of Bayesian statistics in the selection of structural alerts, to provide 

the best predictions of positive activity without predicting large amounts of false positives. 

 

 

 

 

 

 

 
 

These new alerts can be considered an improvement over their predecessors, as the training dataset is larger, and their selection and sta-

tistical performance is based on true experimental negative data points, rather than assumed negative chemical space. 

Ankley's conceptual diagram of an AOP, including the MIE. Image adapted from Ankley 2010 [1]. 

Workflow procedure for the generation of structural alerts using Bayesian statistics. 

A cartoon of a neural network for MIE prediction 

Network Similarity nearest neighbours for the adenosine A2a receptor. Ntw: network similarity value, Tan: Tanimoto  similarity value. Performance for the new structural alerts for the adenosine A2a receptor (AA2AR), serotonin transporter (ST) and HERG channel (HERG). 

Biological Target Alerts  TP FN TN FP  SE SP Q MCC 

AA2AR 57  941 45 452 49  95.44 90.22 93.68 0.858 

ST 62  945 41 251 32  95.84 88.69 94.25 0.836 

HERG 451  882 396 680 145  69.01 82.42 74.27 0.502 

These computational algorithms provide high quality predictions for human MIEs in their own right. However, we are able to increase 

confidence in their predictions if they are in agreement. This is particularly attractive in this case, where one methodology is transpar-

ent and chemistry based (the structural alerts) and the other is mathematical and harder to interpret (the neural networks). Because of 

the difference in methodologies these approaches can be considered orthogonal, assisting each other in gaining confidence. The im-

portance of this is highlighted in the ICH M7 guidelines [11]. Results of the combined algorithm are shown below. When the predictions 

of each method concur those molecule predictions are assigned, if they disagree those molecules are classified as “unknown”. 

 

 

 

 

 

 

 

In addition to this, confidence in computational predictions can be gained by evaluating the probability that a test set molecules is 

positive or negative. Neural network binary predictors can do this using the Softmax function, which converts their mathematical out-

puts into a probability that can be associated with the given prediction. An example of this is shown below. 

Biological Target  TP FN TN FP Unknown  SE SP Q MCC 

AA2AR  938 15 444 30 22  98.43 93.67 96.85 0.927 

ST  937 18 247 10 30  98.12 96.11 97.69 0.932 

HERG  816 125 504 99 112  86.72 83.58 85.49 0.698 

Performance when combined model is used for the adenosine A2a receptor (AA2AR), serotonin transporter (ST) and HERG channel. 

Positive probability curve plotted for the adenosine A2a receptor. Experimental positives are shown in orange and negatives in 

blue. The percentage of predictions that correspond to experimental positives is shown in each section of the y-axis. 

1. Introduction   

Biological Target  TP FN TN FP  SE SP Q MCC AUC-ROC 

AA2AR  968 18 461 40  98.48 96.21 97.69 0.949 0.98 

ST  960 26 269 14  97.36 95.05 96.85 0.911 0.99 

HERG  1087 191 550 275  85.05 66.67 77.84 0.529 0.84 

Performance for the neural networks for the adenosine A2a receptor (AA2AR), serotonin transporter (ST) and HERG channel (HERG). 




