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I) Welcome 
 
Ernie introduced the project to Bayer Healthcare. He explained that this project was 
unique as it was conducted on a one-on-one basis due to its proprietary nature. He 
emphasized that the technology focus went beyond drug safety as well. 
 
Ernie introduced the CHA team. The team members on the call introduced themselves. 
 
Thomas: Thomas has been with Bayer for 17 years. He is responsible for 
investigational toxicology including in silico toxicology. 
 
Joerg: Joerg has been with Bayer for 3 years. He is responsible for in silico toxicology 
investigations. He is also involved with the IMI eTOX project in Europe. 
 
John: John is the President and CEO of Quantitative Medicine.  
 
Geoff: Geoff is a Board member at Quantitative Medicine. 
 
Scott: Scott is Chairman of the board and founder of Quantitative Medicine. 
 
Josh: Josh is CSO of Quantitative Medicine. 
 

 

II) Quantitative Medicine Presentation 
 
Josh proposed the agenda for this presentation and covered the following topics: 
 
1. Industry Standard Practices 

Thomas confirmed that the industry standard practices explained by Josh were 
similar to what Bayer practices in house for pharmacological in silico studies. 
 

2. Quantitative Medicine’s Approach 
Josh described Quantitative Medicine’s AFRS approach and the iterative model of 
active machine learning. 
 
Thomas: How did you curate your database? How did you harmonize the data? 
 
Josh: We have a more liberal definition of experimental results and with our 
definition we can easily compare data from difference sources. 
 
Josh described how active learning improves the accuracy of drug utility predictions 
and reduces the need for further experimentation. He explained that the AFRS 
approach could work with extremely large sets of compounds and experimental 
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assays. He also added that the AFRS approach could work across different drug 
discovery and development campaigns simultaneously.  

 
Josh discussed the immediate and long-term benefits of the AFRS approach. 

 
3. ToxCast Study Design 

Josh described the purpose of the ToxCast study, which was to develop a model to 
actively learn and accurately predict all observations in ToxCast. Josh shared the 
sources of data in the ToxCast database.  The study goal was to predict all assays 
results for all “unobserved” experiments in ToxCast. The accuracy of predictions was 
measured by calculating an ROC curve by sweeping across prediction thresholds 
and comparing hidden ground truths in ToxCast.  
 
Josh explained the standard approach taken to create selection and prediction 
methods and compared it to the AFRS approach. 
 

4. Simulation Results 
Using a graph (X-axis: percentage of experimental space explored; Y-axis: Area 
under ROC), Josh compared the results of the standard approach (Random Forest, 
Lasso) to a random baseline and the AFRS approach. Josh demonstrated how 
AFRS performed better than other industry standard approaches. 
 
Thomas: It appears that there is no meaningful correlation between the compounds 
when tested with the standard approaches. Is that your conclusion?  
 
Josh: The conclusion is that using our method, you can find the most valuable 
information in the dataset; you either find the results of compounds that provide 
information about other compounds or you determine which assays and compounds 
to test as the next step. One reason is that the area under the ROC is for 
unobserved experiments and therefore it is not going to reach a maximum. The 
other reason is that in our approach, each diverse set of compound is specifically 
selected for one assay only, whereas in standard approaches, the set of compounds 
is chosen to be the best diverse assays that can be applied to all assays. 
 
Josh shared the results which showed that almost eight times as many experiments 
would have been required to have the same accuracy as the AFRS approach. 

 
5. Prospective Uses 

In addition to the retrospective ToxCast Study, Josh discussed prospective uses of 
the AFRS approach.  
 
For a small set of compounds, AFRS can make predictions for toxicity and prioritize 
toxicology assays for improving predictive models. 
 
For a new series of synthesized compounds, AFRS can select a small number of 
experiments to effectively expand the predictions to new areas of chemical space 
and prioritize compounds based on predicted toxicity.  
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The same approach can be used for prioritizing multiple assays or testing a large 
digital library of unsynthesized compounds. 
 
Thomas: How do you extrapolate human toxicity using ToxCast? 
 
Josh: ToxCast is not the only source of data available to us. We used the entire set 
of data in our system to predict human toxicity. 
 
Josh also expressed interest in a potential retrospective study using Bayer’s data. 

 

 

III) Discussion and Q&A 
 

Thomas: In our day-to-day business as toxicologists, we don’t have large 
databases. The predictions mainly predict hazard but not risk. If we look into the 
ToxCast data, we would not discard a compound because of a potential hazard but 
would take it into further experimentation to assess risk. Unfortunately, this is not a 
filter we currently need because we have limited number of compounds and assay. 
 
Josh: The system is not meant to improve your accuracy if the approach is to test all 
compounds exhaustively. However, AFRS can be used to predict utility before a 
compound is synthesized. There are also synergies that can be recognized by 
combining data sets from different departments within a company. 
 
Thomas: For early stage HTS of pharmacology and DMPK parameters, I can 
imagine the value of this system. Normally toxicology comes in later so there isn’t a 
plethora of compounds to choose from. There are usually about 5-10 compounds. 
 
Dawn: There is also a value here for prioritizing your assays using this system. 
 
John: We are trying to position this system as a strong tool for the whole company 
where there are large data sets and experimental spaces. 
 
Thomas: We can try to find individuals who may have a bigger need within the 
company for this system. It is difficult to judge the success of this system by looking 
at this presentation. Bayer is generally skeptical about using analytical approaches 
for toxicity prediction because of previous experience with analytical gene 
expression models.  
 
Josh: The machine learning methods we are proposing should be used in 
conjunction with experimentation and are not meant to replace it. 
 
Thomas: The discussion is premature, as Bayer has not acquired a large database. 
 
Ernie: The idea that you can have an educated guess on doing the next experiment 
is the value in this system for Bayer and doesn’t necessarily require a large dataset. 
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IV) Action Items  
 

1) Bayer agreed to look for others within the company who may be interested in this 
system. 

2) Bayer agreed to look into any type of study that could be run using AFRS in the 
toxicology group. 

3) QM agreed to provide more background information to Bayer Healthcare. 
 


