GALAS Modeling Methodology Applications

In the Prediction of the Drug Safety Related
Properties

INTRODUCTION

Early computational evaluation of drug candidate properties related to its pharmaceutical safety (such as hERG
inhibition induced cardiotoxicity or CYP3A4 inhibition responsible various unwanted drug-drug interactions) is
becoming increasingly important in the drug discovery process. Yet, every model, no matter what data,
descriptors or modeling techniques used to build it, has a certain applicability domain, beyond which, the quality
of predictions becomes highly questionable. This reality is one of the fundamental issues concerning the effective
use of third-party predictive algorithms in industry. The simple reason for this is that literature based training sets
rarely cover the specific part of the chemical space that ‘in-house’ projects are focused on. Discrepancies
between ‘in-house’ experimental protocols and methods used to measure properties for compounds in publicly
available sources further affect the quality of resulting in silico predictions. Therefore the need has long existed for
a method that would allow any company to effectively assess the Applicability Domain of any third-party model
and to tailor it to its specific needs using proprietary ‘in-house’ data.

GALAS MODEL METHODOLOGY AND RELIABILITY INDEX

Addressing aforementioned issue, a GALAS (Global, Adjusted Locally According to Similarity) model concept has
been developed providing a novel solution to this problem. Each GALAS model consists of the following parts:
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COPING WITH COMPLETELY NEW CHEMICAL FEATURES - AN
EXAMPLE SCENARIO WITH HERG INHIBITION PREDICTION

The objectives of this scenario of the GALAS modeling methodology validation were as follows:

 Demonstrate that a GALAS model can be
trained to the completely new chemical
features absent in the original training set

« Demonstrate that quite small number of
compounds with experimental data is
sufficient for such purpose

As outlined in the scheme of the preparation
steps, the compound class mimicking a new drug
development project in this virtual experiment
was benzamidine-containing Factor Xa
(thrombokinase) inhibitors [1].

Initially, predictions for all compounds are
Inconclusive as no similar compounds are present
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GALAS MODEL APPLICATION ON PUBCHEM DATA - AN EXAMPLE
SCENARIO WITH CYP3A4 INHIBITION

GALAS model for the prediction of CYP3A4 enzyme inhibition developed at ACD/Labs using a training set of ca.
900 compounds was used as a starting point of this investigation. A recently published PubChem collection [2]
containing more than 11,000 individual compounds was chosen as a good representation of an actual ‘in-house’
project for the external validation of ACD/Labs CYP3A4 inhibition model. For demonstration, the available
PubChem data sets (cleaned from salts, mixtures, etc.) were classified using different thresholds:

* CYP3A4 inhibition in general (IC5, < 50 uM) — 8528 compounds

« Effective CYP3A4 inhibition (IC;, < 10 uM) — 7696 compounds

The first threshold corresponds to the criteria used in classification of the training set data of the ACD/Labs
CYP3A4 inhibition model. The second threshold was introduced primarily considering the fact that there is
actually no objective definition of what is a CYP3A4 inhibitor and as a result different classification schemes might
exist. Additionally, even with the consistent classification threshold, a simple fact that a certain company is using
property measurement protocol that is different from the ones usually used to measure the publicly reported
values of the same property can still result in inconsistent qualitative data. All of these factors introduce additional
data variability which is one of the causes contributing to the reduction of prediction quality.
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values suggest a compound being further from the Model Applicability Domain and the prediction less reliable, on

the other hand, high Rl values indicate an increasing confidence about the quality of the prediction. Estimation of
the Reliability Index takes into account the following aspects:

« Similarity of the tested compound to the training set — no reliable predictions can be made if we have
no similar compounds in the training set.

« Consistency of the experimental values for similar compounds — Even when similar compounds are
present in the dataset the quality of prediction could be lower if that data is inconsistent.
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— Inconclusive prediction

— Predicted Non-inhibitor [l — Predicted Inhibitor

NOTE: The coloring scheme takes into account
both predicted probability and the Reliability
Index values

TABLE 1. Model performance for Test set compounds after different numbers of similar molecules added
to the library (numbers in parentheses report prediction Reliability Index values)
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