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SAR analysis: At the heart of Medicinal Chemistry
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What is Additivity?

For the same functional group in the
same position, you expect the same
contribution to binding affinity

Mathematics:

The value of a magnitude corresponding to a whole object is equal to the sum of the values of the magnitudes
corresponding to its parts for any division of the object into parts.

u(AuB) = u(4) + pu(B)



Why do we care about Additivity?

MedChem projects have a limited number of shots on goal
(1000 - 5000 compounds).

Thought experiment:
Scaffold with three R-groups and n =100 substituents each:

N ombinations = Nr1 * Nr1 * Nrp1= 100 * 100 * 100 = 1 000 000 compounds

Without additivity, one would need to synthesize and test all 1 Mio. compounds. e

- Need to understand when SAR is additive and when not R]——
—> Use Additivity to our advantage

This talk is about MedChem Design Tools that help understanding and predict @
SAR based on the Additivity principle.



MATCHED MOLECULAR PAIR ANALYSIS



MMP Analysis: Most basic manifestation of Additivity principle
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Access to MMP analysis @ Roche

MMP engine MMPDB | | MMP GUI
public Open-Source MMP toolkit implemented into D360 to give non-Experts easy access
under active development

MMP Predict MMP Transform
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Application of Matched Pairs: PhysChem and ADMET data

Individual rules

Characterize Fragments

General correlations
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+ suggest compounds to solve problems, clean-up data, identify outliers etc.
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FREE-WILSON ANALYSIS



Free-Wilson analysis

Journal of Medanal Chemustry

B Copyright 1864 by the American Chemical Socialy

VoLusme 7, NUMBER 4 Jrny 6, 1964

A Mathematical Contribution to Structure-Activity Studies
Sepexvcer M. Frer, Ja., axp Jaues W. Wiison
Regearch and Development Divieion, Smith Kline and French Laboratories, Philadelphio, Pernsylvania
Reveived February 4, 1564

A mathematical techninue is seggested 88 o means of describing atrueture-activity relationships of & series of
ehemical analogs. The data requirements ineluded specific side chain arrangements and performance charae-
teristics of all analogs tested.  Two examples ilustrate the use of the additive mathematical model where the
performance characteristics are measures of biologieal activity., The results rank the struetura] changes per
pogition by estimating the amount of biological response sttributed to each change. The estimates are hoth
pogitive and negative, Sewveral uses for the mathematical solution are suggested.

Approach

R4 R1

1.) Fragment Dataset:

2.) Fit linear equation system with R-groups as
independent factors

3.) Interpret Coefficients as functional group
contributions at specific location on scaffold
(solves localization problem for on-target MIMP)

Advanced Free-Wilson for SAR analysis
Fit different scaffold with overlapping R-group
assignments in one model to test for SAR transferability.
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MedChem SAR slides vs Free-Wilson analysis

Classic MedChem SAR analysis
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Roche Free-Wilson Implementation

D360 Activity Dataset
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Usage example

R vs. Coefficient Scaffold
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Automated SAR analysis within seconds

Extension1: Test transferability of SAR on specific Rgroups
between Series and Cores

Extension2: Enable extrapolation by R-group specific QSAR
models (on Free-Wilson coefficients)
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NONADDITIVITY ANALYSIS



How to quantify Nonadditivity
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How to quantify Nonadditivity
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Reasons for Nonadditivity
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Experimental errors and assay noise




Statistical Nonadditivity analysis

Process

« Compute all NonAdd cycles for given on-target dataset
(based on mmpdb)

 Visualize distribution using QQplot and per-Compound
Nonadditivity distribution

Applications

« Find outliers, experimental uncertainty, and real
nonadditivity

 Individually analyze single compounds (remeasure) and
cycles with extreme nonadditivity (conformational effects)
to understand and use Nonadditivity

« Nonadditivity analysis can be automatically calculated for
a given dataset. Scientific work is then to analyze data
and draw appropriate conclusions.
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Select Properties




Usage

Observed Nonadditivity vs Nonadditivity expected from experimental uncertainty only
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Same compounds, similar assays from different sources: Strong Nonadditivity, overlooked by project team

Nonadditivity helps identifying better assay with lower noise Chemical Reason: N directs substituents in opposite directions



Summary
SAR analysis at the heart of medicinal chemistry

Automating SAR analysis helps drug design to get more
- Comprehensive: Avoid missing trends
- Fast: SAR in seconds rather than hours/days
- Rational: Quantify trends
Additivity is
- Important: one of the few key principles in MedChem

- Crucial: MedChem optimization would not be possible otherwise

- Frequent: Nonadditivity exists but strong Nonadditivity is rather rare. Yet
understanding Nonadditivity is crucial for driving MedChem exploration.



Additivity-based SAR analysis Tools in practice

* Additivity-based SAR analysis tools
 MMP analysis
* Free-Wilson analysis
* Nonadditivity analysis ...

resonate with chemists since it resembles their way of thinking
* Good integration is very important for regular usage.

« Strong impact on experimental procedures, design, and prioritization of
compounds can be made with proper SAR analysis tools.



Doing now what patients need next



