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References 

Primarily due to a desire for better science, but also due to regulation changes and ethical concerns, there 

has been growing pressure to move toward a faster, cheaper and more human-relevant way of assessing 

the safety of chemicals than traditional animal testing. The adverse outcome pathway (AOP) conceptual 

framework [1] has been presented as a logical sequence of events or processes within biological systems 

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

 

The molecular initiating event (MIE) is the first key event in the AOP, for example binding to an enzyme or 

receptor [2]. Chemistry is key to understanding the MIE, and knowing which molecules can undergo a par-

ticular MIE. We can predict which chemicals will undergo an MIE by constructing structure-activity relation-

ships (SARs). These MIE-based SARs can be linked to adverse effects through AOPs, and hence used to pre-

dict toxicity of chemicals. These methods can be used in combination with other methods in a weight of evi-

dence approach in risk assessment and drug screening.  

 

5. Conclusions 

 

 MIEs are important chemical-biological interactions which can be linked to adverse effects through 

AOPs. 

 An automated workflow for developing  structural alert based SARs has been created in KNIME. 

 Using ChEMBL data, SARs have been created for Bowes’ targets which greatly improve on previous re-

sults. 

 ChEMBL and ToxCast data have been combined to create SARs based purely on human in-vitro data. 

 The structural alerts will form the basis of a general model for binding at a receptor. 

1. Ankley G. T. et al., Environ. Toxicol. Chem., (2000) 29, 730-741.  

2. Allen T. E. H. et al., Chem. Res. Toxicol., (2014) 27 (12), 2100-2112  

 

3.   Bowes J. et al., Nat. Rev. Drug Discov., (2012) 11(12), 909-922 

4.   Allen T. E. H. et al., Chem. Res. Toxicol., (2016) 29 (10), 1611–1627  

  

 

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

2. Designing an Automated KNIME Workflow 
An automated workflow has been designed to create structural alert based SARs. These SARs are easy 

to interpret and avoid “black box” methods. KNIME is a freely available, open source program. 

Software in KNIME can be used to find all substructures which occur in the active compounds, as well 

as how often these substructures occur in the active and inactive chemicals respectively. How can we 

pick the best substructure from this data?  

Bayesian reasoning can be used to compare the likelihood of two models occurring, given evidence 

(for example, number of active and inactive chemicals containing a substructure), by calculating and 

comparing the probability of the evidence occurring in each model.  

For each substructure generated, the probability of occurrence in actives and inactives is calculated 

for a model giving active θ% of the time, and divided by the probability of occurence for a model giv-

ing active 50% of the time (i.e. randomly). The substructure with the largest value is deemed the 

“best” available. The value of θ must be greater than 50% and can be chosen to suit the user’s pur-

pose: a large θ will minimise occurrence in inactives, whilst a small θ will maximise occurrence in ac-

tives but increase occurrence in inactives.   

Two configurations of the automated workflow are used to suit different purposes: 

 Screening: each substructure must have 2 actives but may have any number of inactives; θ =51%. 

 Risk assessment: each substructure must have at least 6 actives, and at least 6 actives for each 

occurrence in inactives; θ = 95%. 

3. Applying the Workflow 
Bowes’ Targets - ChEMBL Data 

Bowes et al identified 44 targets for which a chemical should be screened to provide a broad early as-

sessment of potential toxicity [3]. Allen et al have previously constructed structural alert based SARs 

for these targets using human in-vitro data from the ChEMBL database [4]. For each target, ChEMBL 

provides many more active compounds than inactive. To provide more inactive chemicals for a partic-

ular target, all chemicals present in ChEMBL for other Bowes’ targets are assumed to be inactive. This 

gives an average of 700 actives and 35,000 inactives for each target.  

Using the same data and the same assumption, the automated workflow has been used to create 

SARs for Bowes’ targets and compared to Allen’s SARs. 

 

Allen’s previous model used smaller, less specific structural alerts. Whilst correctly predicting the ma-

jority of the active compounds, these often wrongly predicted negative chemicals to be active. The 

new models uses a greater number of structural alerts compared to the previous model. The new 

structural alerts individually tend to be larger and cover less chemical spaces, but collectively model 

the data more accurately.  

The screening model massively improves sensitivity (the percentage of active compounds correctly 

assigned), whilst also improve specificity (the percentage of inactive compounds correctly assigned). 

Matthews Correlation Coefficient (MCC) is a measure of quality which takes into account all results, 

ranging from +1 for perfect predictions to –1 for total disagreement. 

The risk assessment further improves specificity to 99.4% - a large change in a test dataset with al-

most 10,000 “inactive” chemicals. This model could be important in scenarios where an assessor 

needs to be certain that chemicals predicted active truly are actives, and that there are very few false 

positives. 

Bowes’ Targets — ChEMBL and ToxCast Data 

Whilst ChEMBL generally has many more actives chemicals than inactive for a target, ToxCast general-

ly has many more inactive chemicals than active. Of Bowes’ 44 targets, 24 have data in both the 

ChEMBL and ToxCast databases. For these, data has been combined from both databases to give a da-

taset with similar amounts of active and inactive chemicals - on average 2800 actives and 2200     in-

actives. All data comes from human in-vitro assays, so should give human-relevant predictions. SARs 

have been created using the automated workflow. 

 

 

 

The high values of sensitivity, specificity and MCC for both suggest that the automated workflow can 

model the data highly accurately. There may be concerns of over-fitting, particularly in the screening 

4. Creating a General Model 
Different chemicals can bind to the same receptor through different binding modes. The structural 

alerts generated by the automated workflow are groups of chemicals which bind through the same 

binding mode. Similar structural alerts can be grouped together, representing many chemicals binding 

through the same mode. Correlations to properties such as logP and molecular weight can then be 

explored to build a quantitative structure-activity relationship. 

In a pharmacophore-style approach, key steric and electronic features of the structural alerts are 

identified and form the basis of a general model of a binding mode at the receptor. This will help to 

elucidate and define the MIE of binding at the receptor. 

5 member 

aromatic ring 

Aromatic  

system H-bond acceptor 

H-bond donor 

Model Mean Number of Structural Alerts Mean SE Mean SP Mean MCC 

Allen's Previous Model 2.8 54.1% 87.8% 0.24 

Screening 68.3 85.1% 97.0% 0.65 

Risk Assessment 23.2 48.1% 99.4% 0.57 

Model Mean Number of Structural Alerts Mean SE Mean SP Mean MCC 

Screening 135.8 85.3% 88.1% 0.73 

Risk Assessment 27.7 81.2% 91.1% 0.73 


