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The parabole of blind men and an elephant

Six blind men were asked to inspect an elephant.
They areasked to identify the object before them which they cannot s¢
Oneman,feeling theslephant's leg, thinks he is touching a tree trunk.
Another, grasping thelephant's trunkthinks he is holding a snake.
A third, standing near the moving ear, thinks iaigrge feathered fan
And so it goes for the other men touching the tusk, the aikthe tail.
Eachman gave a different description of the sarject

But nonewas correct.

The drawing,Blind men and an elephants cited fromThe Heath readers by gradeB, C. Heath and Company (Boston). It is in the public domain in the United States and
downloaded fromwikimedia. The text was adapted frorfModeling Biological Systems: Principles and Applicati¢@ad edition) by James W. Haefner. 2



https://commons.wikimedia.org/wiki/File:Blind_men_and_elephant4.jpg

Case study of molecular modelling

An In silico assay for assessing phospholipidosis potential of
small druglike molecules



Drug-induced phospholipidosis

A Phospholipidosis is a lysosomal storage disorde|/

characterized by the excess accumulation of
phospholipids intissues.

A Drug-induced phospholipidosis is caused by
cationic amphiphilic drugs and some cationic
hydrophilic drugs.

Fischeret al. (Chimia 2000) discovered that it is
possible to predict the amphiphilicity property of
druglike molecules by calculating the amphiphilic
moment using a simple equation.
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In silico calculation of amphiphilicity property may be used to predict phospholipidosis induction potential




In silico phospholipidosis prediction

Model Validation from 19992004
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set of 24 compounds. The red area defines tinegion wherea positive PLD
response is expected, and the green arekefines wherea negative
response is expected according to thol.

We gained mechanistic insights of phospholipidosis induction by cationic amphiphilic drugs with the model



Phospholipidosis: lessons learned

Cationic amphiphilic properties of a molecule is an early

marker for safety in drug discovery and early development
A
Extremebasic amphiphilic properties should be avoided

because of a higher risk of PLD, @prolongation,
mitochondrial toxicity.

However, basiccompounds with moderate amphiphilic
properties are still a preferred scaffold for many therapeutic
areas (especially CNS

Generally, some safety liabilities, despite complex
underlying biological and chemical mechanisms, can
be predicted by molecular modelling well, sometimes
with surprisingly elegant models!

3D protein structure-based approaches Ligand-based approaches

0T N | N
.e ~ _N
0]
HN &
——
| S i
- ‘ Properties or
. : | Molecular features activity
3D model of drug-target complex
QSAR
o & @
7 ©
L YAV
.......... - o
@ =;-~.."a“\@h}..,f
® ® ®® © (TR T T T T I [
Artificial neural network
® Matched molecular pairs and

Drug-target interaction map

whole-molecule similarity

Overview of molecular -level modelling techniques



Case study of cellular & omics modelling

Understanding TG - GATEs data with gene networks and
neural networks



Open TG-GATEs: Toxico genomics Project -Genomics Assisted -

Toxicity Evaluation system

TG-GATES o

http://toxico.nibio.go.jp .
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TG GATEs is a rich resource to help the community to better understand drug
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We built a computational pipeline to mine the data, and
identified a four -gene network predictive of toxicity

Analysis pipeline Zhang et al., J. Pharmacogenomics, 2014
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The model was built with unsupervised & supervised learning, network modeling, and integration of prior knowledge




