
 
 

Complex versus Simple Models:  
ion-channel cardiac toxicity 

prediction 

David versus Goliath: Long Live David! 

Versus 



Outline 

• Problem Statement: 
– Define inputs and question 

• Data:  
– 3 data-sets from 2011, 2013 and 2016 (latest) 

• Models: 
– “Gold-Standard” : single cell cardiac model 

• Developed by O’Hara and Rudy 
• Designated the “Gold-Standard” model by Zhou et al.  
• FDA/HESI initial model of choice 

– “Cardiac Safety Simulator”: single cell component 
• Developed by TenTusscher et al. 
• Certara scientists refer to it as  

“Cardiac Safety Simulator” 

– “Inet”: addition & subtraction 
• Sum up block against depolarisation (D) 
• Sum up block against repolarisation (R) 
• Calculate: D-R 
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• Models: 
– “Gold-Standard” : single cell cardiac model 

• Developed by O’Hara and Rudy 
• Designated the “Gold-Standard” model by Zhou et al.  
• FDA/HESI initial model of choice 

– “Cardiac Safety Simulator”: single cell component 
• Developed by TenTusscher et al. 
• Certara scientists refer to it as  

“Cardiac Safety Simulator” 

– “Inet”: addition & subtraction (simple mechanism) 
• Sum up block against depolarisation (D) 
• Sum up block against repolarisation (R) 
• Calculate: D-R 

Article showed: combine machine learning/biophysical model no 
better than above linear model 

  

 
 



Question: in-vitro to in-vivo translation 

Can we predict Torsadegenic risk of a compound based 
on in-vitro potency data at relevant drug exposure? 

 

 
Question on end-point: what is Torsadegenic risk? Is it 

quantitative? Is it categorical?  

Options (all categorical):  
1. Redfern et al. 

• Developed by AstraZeneca: conflict of interest? 
2. CiPA consortium (FDA/HESI etc.) 

• Developed by the consortium: conflict of interest? 
3. CredibleMeds 

• Independent dedicated team with no conflict of interest 
• Extensive analysis of both literature and adverse event 

databases 
 

Credible Meds is the only one known to most clinicians 
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In-vitro Data 

High-throughput screens: 
– Dose-response isolated ion-channel 
– Typically measured just hERG (single ion-channel) 
– No. ion-channels measured is growing  

• May not need many though – prevalence? 

 



Input Data 
Collected % block at relevant clinical concentrations from 3 lit. studies: 

 

 

 

 

Mirams et al. (2011) - GSK   

• 1st study looked at multi-channel effects 

• Categorisation: Redfern – 4 and 2 categories 

– We replace this with CredibleMeds 

• No. ion-channels screened: 3 

 

 

 

 

 

Kramer et al. (2013) -  Chantest  

• Largest study – 55 compounds 

• Categorisation: mix of databases 

– We replace this with CredibleMeds 

• No. ion-channels screened: 3 

 
 

 

 

 

Crumb et al. (2016) -  FDA commissioned  

• No modelling 

• Categorisation: none 

– We replace this with CredibleMeds 

• No. ion-channels screened: 7 
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Input Data 

Boxplots show the distribution of block across the compounds in each study – 
notice anything?  

In the 1st instance we focus just on 3 ion-channels for the Crumb et al. data-set 
 



Model Outputs 

For each compound at concentration stated in 
original article calculate: 

Cardiac models: 

– Time taken to re-polarise action-potential by 90% 
(APD90) 

– Compare treated versus control: ΔAPD90 

Inet: 

– Sum up block against repolarisation (R) 

– Sum up block against depolarisation (D) 

– Calculate R-D 



Output Data 

Bar-chart showing the no. compounds classed as Torsadegenic 
(pink) versus safe (blue) – based on CredibleMeds 

Key observation: data-sets are reasonably balanced 
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Simple classification problem inputs are: 
1. Change in APD90 from “Gold Standard” model (FDA/CiPA) 

2. Change in APD90 from “Cardiac Safety Simulator” 
3. Inet – a simple subtraction 

Action Potential Simulations done using AP Predict (Oxford) 



Results 
A leave one-out cross validation is performed – report ROC AUC 



Results 
A leave one-out cross validation is performed – report ROC AUC 



Results 
A leave one-out cross validation is performed – report ROC AUC 



Results 
A leave one-out cross validation is performed – report ROC AUC 



Results 
A leave one-out cross validation is performed – report ROC AUC 

In Crumb we had 7 ion-channels: what happens if we use them all? 
 
 
 



Crumb et al. – 7 ion-channels 

What do you see? 



Results 
A leave one-out cross validation is performed – report ROC AUC 

In Crumb we had 7 ion-channels: what happens if we use them all? 
Easy to incorporate more in Inet 

“Gold-Standard” contains all 7 ion-channels 
“Cardiac Safety Simulator” cannot use info on INaL (only use 6) 

Would you invest in building INaL model for the Cardiac Safety Simulator? 



Results 
A leave one-out cross validation is performed – report ROC AUC 



Are these results surprising? 

M-competitions: Simple methods perform better than complex approaches 

Complexity does not improve forecast accuracy – just seen this! 
Complexity increases forecast error – just seen this! 
Evidence for favouring complex approaches: 

1. Researchers awarded for publishing in highly cited journals! 
2. Modellers use complex methods to support  clients plans! 
3. Clients reassured by incomprehensibility! 
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Summary 

Ion-channel cardiac toxicity prediction - simple 
models perform better than complex models  

Implications: 
– Can we trust poor performing complex models for 

extrapolation? 
– Should we invest more in improving complex models?  
– Why apply model reduction to a poor performing 

complex model? 
• Rather than use model reduction – just build a simpler 

model – its not rocket science! 

– Academia incentivises complexity – is this the right 
place to find solutions to problems? 
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Blog: http://systemsforecasting.com/blog/ 


