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Background

Drug development costs around $2.6 billion (Tufts Centre for 
the Study of Drug Development, 2016) and few drugs reach 
phase III trials. Reducing this cost means a wider range of 
cheaper drugs. One way to accomplish this is to analyse likely 
side effects of drugs from known chemical features, which has 
been done in previous research: 

• Using chemical structure and an ensemble 
classification model approach. 888 drugs, rare side 
effects predicted (Jahid and Ruan, 2013)

• Or with targeted proteins, correlational analyses, 658 
drugs (Mizutani et al., 2012)

• Or with chemical and biological properties, plus 
phenotypic information. SVMs, 832 drugs. (Liu et al., 
2012)

• DrugClust: Clustering algorithms used for side effect 
prediction using protein interactions (Dimitri and Lio, 
2017)

But what about the brain? It’s a highly complex system including 
off-target effects. Recreational psychoactives add to the need 
for safe and efficient drug analysis. 

• Predicting BBB permeability using chemical structure 
is helpful to some degree, 153 compounds in rats 
(Suenderhauf et al., 2012)

• SVMs using side effect information also applied (Gao 
et al., 2016)

• Reversing this, so BBB permeability predicts side 
effects, has also been effective (Fan et al., 2018)

Overall there is a need for further work in predicting side 
effects of drugs that affect the brain.

Results

Methods and Data 

Discussion

Results compare favourably both with original DrugClust 
results (Liu dataset AUC – ~0.89, AUPR ~0.40, Mizutani dataset 
AUC ~ 0.89, AUPR ~ 0.40), Liu et al.’s results (AUC ~ 0.77), and 
Mizutani et al’s results (AUC ~ 0.88, AUPR ~ 0.37 – 0.41). 

Clusters having a slight negative correlation is expected, due to 
a larger choice when assigning drugs to clusters. Increasing 
folds is likely to have a positive relationship with AUC as it 
increases validation of the algorithm. The relationship between 
iterations and AUC/AUPR is less clear and still requires 
elucidating. 

Next steps: 

• Perform further analyses, significance testing, ANOVAs etc. 
to further explore relationships between folds, clusters, 
iterations, and AUC/AUPR

• Find more drug information and combine with current 
database to form a novel database for more robust 
predictions

• Remove features from database and re-train to see what 
features are strongest for predictions

Chemical features database Side effects database

DrugClust: R Toolbox
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Varying number of clusters 

from 2 to 8 had a slight 

negative effect on AUC, with 

K-Seeds as an exception. 

Mean AUC:

K-Means – 0.848

K-Seeds – 0.855

PAM – 0.846

Varying number of folds 

from 2 to 8 was positively 

correlated with AUC. 

Mean AUC:

K-Means – 0.854

K-Seeds – 0.853

PAM – 0.853   

Varying number of 

iterations from 1 to 8 had 

no clear relationship. 

Mean AUC:

K-Means – 0.857

K-Seeds – 0.854

PAM – 0.855   

Varying number of clusters 

and iterations was done to 

see if a clearer relationship 

emerged. The slight negative 

correlation remained (again 

with the exception of the K-

Seeds algorithm). 

Mean AUC (top):

K-Means – 0.845 

K-Seeds – 0.854

PAM – 0.846   

Mean AUPR (bottom):

K-Means – 0.600

K-Seeds – 0.589

PAM – 0.594   
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