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Why lattice energy is important

for the pharma industry?

The lattice energy of the selected physical form of the drug dictates physico-

chemical properties }e.g. stability, solubility, process-ability), and is important for
the understanding of the thermodynamic relationships.

There are different ways to quantify this:

* Sublimation enthalpy (AH, ) - Energy required to break the packing lattice (tend to be
used by experimental scien?ists)

* Lattice energy (E.,;) — Energy released upon formation of crystal packing arrangement
(tend to be used by computational scientists)

The approximate relationship between the two is expressed by:

AHsub = 'Elatt — 2RT

28th March 2019 ADDOPT DIGITAL DESIGN SHOWCASE, LONDON




Why lattice energy is important
for the pharma industry?

In this work we demonstrate the power of big data and machine learning driven
by cross community efforts.
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Timeline of different approaches used to

build packino orediction models
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Comparison of selected descriptors

cross data-sets
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Objectives

Utilise big data and statistical approaches to predict lattice energy

using 2D molecular information only
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Data collection

For atomistic modelling

e Literature paper sources

* National institute of standards and technology
(NIST) database

* 428 sublimation enthalpies at a known
temperature, linked to 256 Cambridge Structural
Database (CSD) entries — each corresponding to
a unique molecule.

AHsub = _Elatt — 2RT

For QSPR _ _
*  From single crystal structures (generic and
industrial)
* 60,000 organic molecules crystal structures from
CSD

1,500 Pfizer internal data-set
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Data collection

For atomistic modelling

Highlights the
power of uniting
resources at the
Hartree Centre
from across the
community
(industry,
academics, subject
matter experts)

For QSPR

Calculated lattice

energies

T
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Atomistic Modelling

1. Using the crystal structure database together with enthalpies of
sublimations (N = 256)

2. Applied a variety of atomistic models to calculate lattice energy
(force-fields including COMPASS Il force-field; Density Functional
Theory etc.)

3. Benchmarked these methods (324) to obtain best performing
atomistic model.

R’ (coefficient  Pearson's  Spearman's

Optimize Optimize Gas  Crystal structure ~ RMSE  of Correlation  Correlation
Qualty  Charge ForceField  Crystal  Molecule optimization details (kJ/mol)  determination) Coefficient  Coefficient
Medium  Forcefield COMPASSII ~ TRUE FALSE  Ful relaxation 18.10 0.63 0.82 0.84
Utra-fine  Forcefield COMPASSII  TRUE TRUE Full relaxation 18.11 0.63 0.81 0.82
Utra-fine  Forcefield COMPASSII  TRUE FALSE  Full relaxation 18.15 0.63 0.83 0.84
Utra-fine Forcefield COMPASS TRUE TRUE Full relaxation 18.53 0.61 0.81 0.80
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QSPR — Machine Learning

Mol MW PSA  Energy Mol Predicted
Energy
A 300 110 100
g A 100
B 350 120 200
B 200
C 400 100 300
C 300
D 350 150 200
D 200
Use calculated lattice energies
dataset (N = 60,000) together with Create and compare a
descriptors series of statistical

regression models to
predict calculated lattice
energy.
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Machine learning methods

H H Holdout Validation (V-R dataset, N=1000) Type
Linear Regression 0.800 mee

¥ Ensemble
Nearest Neighbour @ 2 Wonlinear
0.775

X
AdaBoosted Tree 5
x 3
. . 0.750 *
Decision Tree
0
Random Forest 0725 A
A ¥
Robust Regression g
& 0.700 ﬁ A
Kernel — using fingerprints %
4

Gradient Boosted 0675 "
Regression Tree >

. 0.650 A
Combined models P

13
*  Best performing model:
R?=0.782; 0.625
RMSE = 16.545 kJ mol 9
0.600
0.022 0.024 0.026 0.028 0.030 0.032 0.034
1/1D Range

1-18: Model #

28th March 2019 ADDOPT DIGITAL DESIGN SHOWCASE, LONDON




ML model results

The best model is able to predict lattice energies for current known drug (from
DrugBank ID) and nondrug molecules.

Drugs test set (N = 203) Nondrugs test set (N = 556)

R? =0.766
RMSE=15.752 kJ/mol

R2 = 0.742
RMSE=22.009 kJ/mol
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Calculated lattice energy (atomistic)

Model appears to deviate for low lattice energy, however this is only apparent for training.
There is no test data for this at present.
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Summary

CCDC “ & Hartree Centre

The Cambggéeggz;tsllogra phic U N IVE RS I TY o F LE E DS Science & Technology Facilities Council

Descriptors

Ao

Industrial Impact

(0N

Big Data machine

learning

<

28th March 2019 ADDOPT DIGITAL DESIGN SHOWCASE, LONDON




Future work

The application of big data and predictive sciences to streamline
pharmaceutical development as exemplified by these efforts confirms the
growing momentum in this area.

There are a number of options available cross-industry for further development
of this work:

» Enrich the training set with a greater quantity and diversity of molecules would be
valuable to improve the accuracy and range of applicability of our ADDoPT model.

- Translate the workflow method and apply to industry specific properties.

Thank you for listening.
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