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Figure S.1 Distribution of experimental pKa values for (a) GLU, (b) ASP, (¢) LYS, (d) HIS, and
(e) TYR amino acids within the dataset. Individual number of entries in the training and external

test sets are depicted within parentheses as (training set size, external test set size).



Clean—up
1. Remove
e HETATM (water, ligands, cofactors, etc.)
e H atoms
e Alternate locations

e Anisotropic temperature factors (ANISOU)

2. Keep any existing nucleotide

Perform Short Minimizations

e Add missing heavy atoms and H atoms assuming
default ionization states (tleap)

e Perform minimization (sander) for N = n + m
(N = 500) cycyles where n = 250 iterations of
steepest descent method which is followed by m
conjugate gradient step.

NNP Descriptors;

e Find titratable residues within the protein
(ASP,GLU,LYS,HIS, TYR)

e Obtain descriptors for all heavy atoms
— Atomic Environment Vectors

— Activations of 2°¢ and 3"¢ layers of atomic
neural network

Figure S.2 Flowchart for data curation and descriptor calculations prior to training.
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Figure S.3 Comparison of different machine learning algorithms and the effect of recursive

feature elimination.
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Figure S.4 The accuracy of the predictions of experimental pKa values for a) 10-fold cross
validation predictions with ML model for LYS, b) 10-fold cross validation predictions with ML model
for TYR, c) LYS using Propka, d) TYR using Propka, e€) LYS with Null model, f) TYR with Null

model.
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Figure S.5 Test set predictions with ML models trained with descriptors obtained with ANI-2x.
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Figure S.6 t-Distributed stochastic neighbor embedding (t-SNE) maps depicting similarity of
descriptors after recursive feature elimination for (a) LYS residues, (b) TYR residues. Each data

point is colored by the corresponding experimental pKa values
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Figure S.7 The accuracy of the predictions of experimental pKa values with final model for a) 10-
fold cross validation predictions with ML model for GLU, b) 10-fold cross validation predictions
with ML model for ASP, c¢) 10-fold cross validation predictions with ML model for HIS, d) GLU
using Propka, e) ASP using Propka, f) HIS using Propka, g) GLU with Null model, h) ASP with
Null model, i) HIS with Null model.
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Figure S.8 The accuracy of the predictions of experimental pKa values with final model for a) 10-
fold cross validation predictions with ML model for LYS, b) 10-fold cross validation predictions
with ML model for TYR, c) LYS using Propka, d) TYR using Propka, e) LYS with Null model, f)
TYR with Null model.



Feature Ranking for ASP
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Figure S.9 Descriptors for pKa predictions of Asp amino acid and their importance that are

obtained after RFE procedure.
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Feature Ranking for GLU
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Figure S.10 Descriptors for pKa predictions of Glu amino acid and their importance that are

obtained after RFE procedure.
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Feature Ranking for HIS
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Figure S.11 Descriptors for pKa predictions of His amino acid and their importance that are

obtained after RFE procedure.
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Feature Ranking for LYS
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Figure S.12 Descriptors for pKa predictions of Lys amino acid and their importance that are

obtained after RFE procedure.

12



Feature Ranking for TYR

NN 27 layer NN 37 layer
embedding embedding
C
CZ13; =
CA173
O
CZyo i
107
CA170 c N4
90
e = 54 Ngy
(3] 3] 5]
= < =
m.E w.E Cao m.S
%} g%} Ly Cs2
= 3 =
£ O Cig5 = o = @
3 B g5 g 5
6 & =y I £ Cas
2 g Cos g
5] o S
= fac )
L £ & CZy
N
Cieo Y CA106
OH34
OHy
Cise
Cia3
Cre Cro
012 3 456 01 2 3 4 5 012 3 456
Feature Importance Feature Importance Feature Importance

Figure S.13 Descriptors for pKa predictions of Tyr amino acid and their importance that are

obtained after RFE procedure.
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