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The Value of a Good pK_, Prediction
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The Negative Logarithmic Acid Dissociation Constant:
pK,

w Quantitative measure of the strength of an acid in solution

w K, is the equilibrium constant for an acid dissociation
reaction

w pK, Is the negative logarithmic constant for the acid
dissociation reactiolg the smaller thepK,, the stronger the
acid
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The Value of a Good pK, Prediction
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The Value of a Good pK, Prediction

Ketoconazole pK, 6.43, 3.64
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pH LogD1] Aqueous solubility (mg/mL) %lonised
2]
3 0.35 0.43 Highest
5 2.37 0.1
7.4 3.46 0.006 Lowest

[1] Mackenzie, H. (2013)he Central Role pKain Drug Discovery

[2] Ghazal, HDyas A., Ford, J. and Hutcheon, G. (2014). The impact of food components on the intrinsic dissolution rate of keto@ngzols
Development and Industrial Pharmaeil. (10), pp.1641654.
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Project Context
Current and past research

w DirectpK, calculation
b Ab initioand DFT studies with implicit solvation mogel

w QSAR: CorrelatiqmK, with ab initioand DFT calculated descriptors

b Partial atomic chargds]
b Bond lengthg3]

w Correlation with semempirical FMO descriptors calculated with
computed eigenvectors and eigenvalygis
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Drawbacks

w DFT andb initioare computationally expensive

w FMO descriptors alone were not enough to produce a good
correlation

w Separate models for separate compound classest
universal across angnisablecentre.




Goals for Improvements to Current Methods

w Multi-faceted QSAR modebmbiningpartial atomic charge
and bond length descriptors with FMO and energy
descriptors

b All calculated with AM1 level of theory

b Much faster than calculating descriptors usaiginitioand DFT
methods

w Unified model: One model accurately predictipig, for
multiple compound classes

b Previous research involved one model for each compound class
resulting in the production of a number of different models
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DFT Approach
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DFT Approach
Computational details
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Image creditCasasnovasRR., OrtegaCastro, J., Frau, Dpnosq J. and Mufioz, F. (2014). Theoretjog calculations with continuum

model solvents, alternative protocols to thermodynamic cydes.J. Quantum Chenil14(20), pp.1350363.



DFT Results
140 compounds

pKa vs experimental
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DFT Results

Thiols
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pKa vs experimental
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DFT Corrected Results

Thiols
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Corrected pKa
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DFT Drawbacks

w Although an accurate method, computational time is slow
b Calculations took days, or weeks for large diikg compounds

w Enduser will want accuratand fast results
b Smaller basis sets still computationally expensive

w Ultimately, a compromise is needed between accuracy and
Speed
b Can semempirical methods produce the same results?




Semi-empirical Approach
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Direct Calculation of pK_with AM1

«w MOPAC calculations of energy terms

b AM1 semiempirical method with COSMO solvation model
b Method based on the Neglect of Differential Diatomic
Overlap(NDDO) integral approximation

w Direct calculation opK, failed

w No correlation between AM1 and DFT energies

w How to use AM1 to get a meaningful prediction?




QSAR
An effective way to use AM1
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Computational Detalls

wAM1 in MOPAC
w All calculations carried out in gas phase

w Descriptors calculated:

b Bond lengths

Partial charges
HOMO/LUMO energies
Heats of formation

FMO descriptors: electrophilguperdelocalisabilitySE) and
nucleophilic frontier electron density (FN)

SE(P) =2+ 3 3 (4/h)  FNP) =

j=l.ma=1lg a=l.q

gor o o o

[1] Fukui, K.YonezawaT. and Nagata, C. (1954). Theory of Substitution in Conjugated Moldgullesin of the Chemical Society of Japan
27(7), pp.423427.



Results
One model per compound class

w Auto-ModellerAy { GF NBNRPLMM ¢ & dzaSR G2 o0dzAf R
classes

w Tested various modelling methods such as Random Forests, PLS and Gaussian
Processes

w The most successful, Radial Basis Functlon (RBF), modelling method used for all

compound classes R = 0959028
Compound clasq R? (test set) RMSE 15
Carboxylic acids 0.89 0.37 .
Heterocycles 0.89 0.64 : N ..
Amines 0.96 0.77 g . . 4 .
Phenols 0.96 0.47 )
Thiols 0.72 0.97 "
Oxygen acids 0.88 0.84 Phenols
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Uni fying the Model

w Attempted to build a unified model

b One model which will be used for all compound classes as opposed
to separate models for each compound class

w Encompasses all descriptors used in each model and,
additionally, a binary indicator variable to classify the site of
deprotonation

w RBF model produced in Aubdodeller

b Keeping consistency in the modelling method from the individual
models to the unified model
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Results
External test set

Predicted vs pKa
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Performance of Model on Different Classes

w Tested unified model on separated compound classes
b To evaluate if different classes are predicted better than others

Compound class R2 RMSE
Carboxylic acids 0.82 0.47
Heterocycles 0.92 0.58
Amines 0.94 0.99
Phenols 0.92 0.66
Thiols 0.70 0.74
Oxygen acids 0.94 0.57

Phenols



