New S+pKa Predictor of lonization
Constants in ADMET Predictor 11

Robert Fraczkiewicz, PhD

Research Fellow

25

LGy SimulationsPlus
M l D D @ SimulationsPlus

Model Informed Drug Development + 2023 1 | NASDAQ: SLP




@B SimulationsPlus

A bit of history

Until 2012 the S+pKa model was exclusively trained on ~11,000 compounds
from published literature. This model will be labeled as "v 6.0".

In 2012 Bayer Pharma AG had shared with us an additional set of ~16,000
compounds with measured pK,. The resulting "v 7.0" model was trained on
combined data and its prediction results were published in 2015.
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A bit of history

e S+pKa "v 7.0" has shown dramatic improvements in prediction quality as
evaluated in the Bayer chemical space. All test sets were external.

Table 1. Performance Statistics of Two Versions of the S+pKa model: One Trained on Public Set Only (marked “v 6.0”) and the

Other on the Combined Public and Industrial Sets (marked “v 7.0”)“

MAE RMSE R-
test number of number of pK, average closest Tanimoto similarity to  fraction of Tanimoto similars
set compounds values the Industrial Set (score =0.80) veD v70 v60 v70 v60 v70
1 4730 5644 0.88 98% 0.82 0.41 1.03 0.58 0.85 0.95
2 8931 9168 0.82 60% 0.79 0.52 1.04 0.71 0.76 0.89
3 12,951 16,404 0.79 45% 0.72 050 094 067 087 093

“External Test Sets 1, 2, and 3 have been described in the Data Sets section. Predictive statistics: MAE = mean absolute error, RMSE = root mean

2 u u u
square error, and R™ = determination coefficient.
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A bit of history

* It outperformed competiton, too.

ACD/Percepta v. 12 and ADMET Predictor™ v 6.1 show comparable pK, prediction accuracy
ADMET Predictor™ v 7.0 (after retraining with BTr) shows significantly improved pK, prediction accuracy

Prediction statistics for 981-compound Bayer test set with 981 exp. pK, values
(subset of newest measurements on 12951 Bayer compounds):

Predicted by Trained with MAE | RMSE| R?

ACD/Perceptav 12 15932 lit pK, 0.77 1.05 0.84
ADMET Predictor v6.1 (14147 lit pK, 0.73 0.95 0.86
ADMET Predictor v 7.0 14149 lit pK, + 19467 Bayer pK, | 0.51 0.67 0.93

ACD/Perceptav. 12 0.77

MAE: SimPlus AP v. 6.1 0.73

SimPlus AP v. 7.0 0.51

@B SimulationsPlus

M I D D @ SimulationsPlus

Model Informed D: 4 | NASDAQ: SLP



ACD

		Predicted by		Trained with		MAE		RMSE		R2

		ACD/Percepta v 12		15932 lit pKa		0.77		1.05		0.84

		ADMET Predictor v 6.1		14147 lit pKa		0.73		0.95		0.86

		ADMET Predictor v 7.0		14149 lit pKa + 19467 Bayer pKa		0.51		0.67		0.93

		Prediction statistics for 981 compound Bayer test set with 981 exp. pKa values (subset of newest measurements on 12951 Bayer compounds)

		A subset of the 16404 newest Bayer pKa measurments comprising 1000 compounds with 1000 pKa values was processed with the pKa calculation tool from ACD (Advanced Chemical Development) version 12.

		19 compound structures could not be processed by the ACD software since they contained certain functional groups (e.g. sulfoximin).

		The remaining 981 compounds were also processed with SimPlus v. 6.1 and v. 7.0 to compare prediction statistics.
















2022-2023

 Three new industrial partners, Roche, Genentech, and Bayer CropScience,
have indicated inadequate coverage of their chemical space by the "v 7.0"
S+pKa.
* Instead of complaining all partners have shared with us significant amount
of experimental pK, data extracted from their corporate databases.
— Roche has provided ~19,000 compounds
— Genentech has provided ~2,400 compounds
— Bayer CropScience has provided ~4,100 compounds
*  From August 2022 until March 2023 we were busy rebuilding the S+pKa
model with the new data appended to public+Bayer set. The total number

of ionization constants was 70,810. The resulting newest version carries
the "v 11.0" label.
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Chemical space projected on the first 3 principal components

. : of the ADMET Predictor molecular descriptors matrix
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"In the allegory 'The Cave', Plato describes a group of people who have lived chained to the wall of a cave all their lives, facing a blank
wall. The people watch shadows projected on the wall from objects passing in front of a fire behind them and give names to these
shadows. The shadows are the prisoners' reality, but are not accurate representations of the real world."

i An illustration and description of Plato's Cave taken from https://en.wikipedia.org/wiki/Allegory of the cave
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"v 7.0" vs. "v 11.0" performance

It’s apples vs. oranges, but the relative improvement is welcome

v7.0

+ Train/Verify
- Test
—Linear (Test)

Observed pKa

Train/Verify Set
N = 25509
RMSE=0.475
MAE = 0.345
y =1.007x-0.044
R"2=0.975

TestSet
N =8131
RMSE= 0.479
MAE = 0.339
y =1.004x-0.027
R*2=0.974
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Best

+ Train Linear [Test)

Train/Verify Set
N =47186
RMSE = 0.464
MAE = 0.333
y = 0.996x + 0.038

Test Set

M= 234383
RMSE = 0.471
MAE = 0.329
y=0.996x + 0.039
RZ=0.974
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Predicted pKa
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Observed pKa

"v7.0" and "v 11.0" models vs. received data
e Data from Roche. "v 7.0" RMSE =0.792, "v 11.0" RMSE = 0.415

R*2 = 0.927; Linear Regression RM5E = 0.783 and MAE = 0.587
Slope = 0.969; Intercept = 0.262
N = 28820; RMSE = 0.792; MAE = 0.591
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Observed pKa

R*2 = 0.980; Linear Regression RM5E = 0.412 and MAE = 0.290
Slope = 0.994; Intercept = 0.073
N = 28820; RMSE = 0.415; MAE = 0.291
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Observed pKa

"v7.0" and "v 11.0" models vs. received data
« Data from Genentech. "v 7.0" RMSE =0.784, "v 11.0" RMSE = 0.519

R*2 = 0.915; Linear Regression RMSE = 0.774 and MAE = 0.558
Slope = 0.955; Intercept = 0.309
N = 4034; RMSE = 0.784; MAE = 0.597
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124

R*2 = 0.962; Linear Regression RM5E = 0.515 and MAE = 0.383
Slope = 0.981; Intercept = 0.152
N = 4034; RMSE = 0.519; MAE = 0.383
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Mo

Observed pKa

"v 7.0" and "v 11.0" models vs. received data

Data from Bayer CropScience. "v 7.0" RMSE = 1.140, "v 11.0" RMSE = 0.556

R*2 = 0.826; Linear Regression RMSE = 1.077 and MAE = 0.808
Slope = 0.874; Intercept = 0.533
N = 4373; RMSE = 1.140; MAE = 0.826

Predicted pKa
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Observed pKa

R*2 = 0.954; Linear Regression RMSE = 0.556 and MAE = 0.418
Slope = 0.995; Intercept = 0.037
N = 4373; RMSE = 0.556; MAE = 0.418
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"v 7.0" and "v 11.0" models in external testing
At Roche site. "v 7.0" RMSE = 0.896, "v 11.0" RMSE = 0.683

14 External test performed at Roche, v7.0 y External test performed at Roche, v11.0
13 o 13
12 External Test R 12 External Test .
11 Set 11 Set
10 N = 2964 10 N = 2964
o© 9 RMSE = 0.896 O 9 RMSE = 0.683
Qo 8 MAE =0.706 - o 8 MAE =0.476
Q7 Q7
g g
o 6 7 6
a5 a5
@) 4 O 4
3 3
2 - 2
1 1
0 0
-1 -1
-1 01 2 3 45 6 7 8 9 101112 13 14 -1 01 2 3 45 6 7 8 9 101112 13 14
Predicted pKa Predicted pKa
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"v7.0" and "v 11.0" models in external testing
At Genentech site. "v 7.0" RMSE =1.133, "v 11.0" RMSE = 0.985

External test performed at Genentech, v7.0 External test performed at Genentech, v11.0
External Test Set External Test Set
N = 2867 N = 2867
11 RMSE=1.133 11 RMSE = 0.985
10 MAE = 0.805 10 MAE = 0.671

S 9 y=0.997x-0.306 e o 9 y=1.033x-0.486 .
Qg R2=0.814 _ ’ . 2 g P
O [T o
26 S 6
0 0
O 5 O 5

4 4

3 3

. O.'. .
2 2 .
1 1
4-3-2-1012 3456 738 9510111213 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13
Predicted pKa Predicted pKa
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"v7.0" and "v 11.0" models in external testing

 External test set provided by Bayer CropScience. "v 7.0" RMSE = 1.132, "v 11.0" RMSE =0.768

External test performed with Bayer External test performed with Bayer

13 13
12 CropScience data, v7.0 12 CrosScience data, v11.0
11 | External Test Set . ..,:' 11
10 N=167 10
9 RMSE = 1.132 9
CE: MAE = 0.858 S 8
o — o
57 Y= 0.885x + 0.995 < 7
26 R2=0.861 - 26
Qg . 35 External Test Set
0 O
O 4 o 4 N=167
3 . 3 RMSE = 0.768
2 2 ¢ MAE = 0.595
1 1 y =0.920x + 0.674
0 0 R? = 0.935
-1 -1
-1 01 2 3 4 5 6 7 8 9 10 11 12 13 -1 01 2 3 4 5 6 7 8 9 10 11 12 13
Predicted pKa Predicted pKa
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SAMPL6 pK_

competition results, 2018

ID name RMSE MAE ME R? m

xvxzd Full quantum chemical calculation of free ener... 0.680 [0.546, 0.811]  0.579 [0.450, 0.710]  -0.235 [-0.461, 0.001]  0.937 [0.878, 0.972]  1.015 [0.913, 1.115]
gyuhx S+pKa 0.730 [0.552, 0.916]  0.579 [0.429, 0.749]  -0.009 [-0.265, 0.260]  0.925 [0.868, 0.963]  0.929 [0.814, 1.031]
xmyhm ACD/pKa Classic 0.774 [0.492, 1.034]  0.546 [0.363, 0.761]  -0.102 [-0.370, 0.181]  0.916 [0.829, 0.969]  0.934 [0.818, 1.043]
vakega ReSQ popformations // COSMOtherm pKa 0.903 [0.685, 1.117]  0.710 [0.518, 0.919]  0.288 [-0.026, 0.579]  0.901 [0.821, 0.953]  0.901 [0.776, 1.041]
nb007 Epik-sequential 0.968 [0.764, 1.175]  0.810 [0.628, 1.005] -0.025 [-0.357, 0.325]  0.871 [0.762, 0.936] 0.997 [0.858, 1.119]
8xt50 ReSCo nformations // DSD-BLYP-D3 reranking 1.071 [0.780, 1.356] 0.814 [0.579, 1.070]  0.475 [0.139, 0.822]  0.906 [0.840, 0.951]  0.840 [0.747, 0.957]
pUjba macrgscqpic pKa prediction from microscopic pK 1.315 [0.687, 1.718] 1 084 [0.428, 1.704]  0.924 [0.108, 1.704]  0.910 [0.509, 1.000]  0.768 [0.558, 1.516]
37xm8 ACD/pKa GALAS 1.358 [0.844, 1.811] 55 [0.632, 1.331]  0.101 [-0.400, 0.601]  0.854 [0.730, 0.939]  0.729 [0.599, 0.877]
hytjn OE Gaussian Process 1.434 [0.976, 1.832] 1 03-1 [0.676, 1.422]  -0.240 [-0.778, 0.276]  0.675 [0.420, 0.853]  0.795 [0.601, 1.003]
a3pfp OE Gaussian Process Resampled 1.484 [1.049, 1.865] 1.140 [0.808, 1.497]  -0.090 [-0.667, 0.445]  0.667 [0.430, 0.837]  0.752 [0.570, 0.968]
mkhga EC\RISM/MP2/cc-pVTZ-P2-phi-all-2par 1.596 [1.150, 2.037]  1.239 [0.915, 1.612]  0.316 [-0.222, 0.883]  0.803 [0.670, 0.904]  0.705 [0.569, 0.835]
2ii2g EC- RII/’I\JPQ/CC—pVTZ—P,E g-noThiols-2par 1683 11.205. 21311 1.304 10.948_1.605 1.061 10.616.1.535 0.837 [0.729_0916] _0.780 [0.637.0.925]
nb001 EC-RISW(MP2/6-311+G(d,p)-P 7 |
35bdm macroscopic MKa p1ed1ct10n from nf ID lame |
nb002 EC-RISM/MP2)X: —
ryzue Adiabatic schem®sgit xvxzd Full quantum chemical calculation of free ener... 0.680 %
ye70m . " -
5byn6 Adiabatic scheme for type III g)'llllX S—H)I\ﬂ <-v7.0 () 7 30 ]
y75vj Direct scheme for type III sy ., b A(C e Nacaie

Toohd  EC-RISM/BILYD 68114 G p)-pa] XY him | ACD /pKa C.la.sg; _ 4]
wdiyd Vertical scheme for type T4  ykga ReSCoSS conformations // COSMOtherm pKa (,).9()3]
pwnadm Analog_search s ; : |
fogew  EC-RISM/B3LYP/6-311+C(d,p)-P3n] NHO0T Epik-sequential 0.968§
xikp¥ Direct sch rith singl int B = 1 QQ . . \ ‘ : S -

xkps irect scheme With single point o Q-+ 5() ReSCoSS conformations // DSD-BLYP-D3 reranking... 1.071¢
Snmd] Substructure matches from expe S (]
adspu  EC-RISM/B3LYP/6-311+G(d,p)}-P3}  p(Ojba macroscopic pKa prediction from microscopic pk... 1.315f
Ohxtm COSMOtherm _FINE| _ _ 2 g . ” ey - —F
ds62k  EC-RISM/MP2/6-311+G(d,p)-P3N] XIS » 2 AL A At |
ttjdo EC-RISM/MP2/cc-pVTZ-P2-phi-noThiols-2par 2,989 [1.284, 4.718]  1.695 [1.012, 2.707]  0.773 [-0.123, 1.961]  0.516 [0.219, 0.884]  0.450 [0.208, 0.771]

Isik, M.; Rustenburg, A. S.; Rizzi, A.; Gunner, M. R.; Mobley, D. L.; Chodera, J. D. Overview of the SAMPL6 pKa challenge: evaluating small
molecule microscopic and macroscopic pKa predictions. J. Comput.-Aided Mol. Des. 2021, 35, 131




SAMPL6 pK, predictions, then and now

« "v7.0"RMSE =0.732, "v 11.0" RMSE = 0.569

Compounds used in SAMPLS6, v7.0 Compounds used in SAMPL6, v11.0

=
(98]
=
(98]

=
M)
=
M)

11 ° 11
10 10
c 9 c 9
4 ~
Q g Q g
O e
v 7 Q 7
T g 6
® _ -
S s o N =31 8 . - N =31
RMSE = 0.732 RMSE = 0.569
4 MAE = 0.585 4 MAE = 0.477
3 y = 0.949x + 0.343 3 y = 0.961x + 0.307
2 R2=0.929 2 R2=0.958
1 1
1 2 3 4 5 6 7 8 9 10 11 12 13 1 2 3 4 5 6 7 8 9 10 11 12 13
Predicted pKa Predicted pKa
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Conclusions

« The chemical space covered by the new S+pKa model has been significantly expanded.
 Prediction accuracy has been improved.

 Roche was very much forthcoming with a data set representative of their chemical
space and reaped sizable rewards. Moreover, "changing input tautomer for some
biggest outliers improved predictions".

 Genentech delivered much less data and the set’s place in their chemical space
remains uknown.

 Bayer CropScience delivered an intermediate amount of data. External testing revealed
the most impressive predictive improvement by ~0.5 log unit.

e Siginificant and stubborn outliers:

@B SimulationsPlus

MIDD®

Model Informed D

Purely neutral compounds containing no ionizable groups!
Compounds with more pK, values than the number of ionizable groups.
pK, values that don't make sense (e.g., a carboxylic acid with pK, of ~10 (?)).

"pK, cliffs" — values vastly different from those of very similar compounds, but with no clear
chemical mechanisms for these.

SimulationsPlus
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specify the number of pK,s Repaglinide
[~ Manual pKa values [V Use baseline cormection
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pKa 2 6.20 pKas [P = =l :
RMSD 0.0010.005 0.004 — Samples = .- |- Stuctwe ——————————
Chi squared 0.0095 .%J.ﬂ_lg Al
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Average ionic strength 0.153M
Average temperature 25.0°C =l m :
Analyte concentration range 63.1uM to 59.5 M =) Sample name Repaglinide -
[=- Sample by Volume
= Sample volume 10.00 pL
Solvent DMSO
<| | 1 Sample concentration 10.000 mM
E 7 Solubiity <optional>
S Molecular weight 452.59
i e = Number of pKas 2
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[~ Show as calibrated molar absorbance
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The (vastly) underestimated effect of aggregation

Table 1. Reported Measured pK, Values of Clofazimine with
Standard Deviation (SD) and Parameters of Experimental

Cl
Determination (Temperature (t), Ionic Strength (I), and
Applied Method)
pK, SD t(°C) I (M) me!thod refs. HSC CH3
6.08  0.002 25 - solubility-pH”~ 12
835 0.9 e - @ 13,14 \r
N _~N

837 -“ -4 - potentiometric” 15

8.51 - 37 - spectrophotometric 16
9.11 —“ 25 0.025  capillary electrophoresis/MS 17

“—, not reported. I’F’ueported as “apparent” value. “Mizutani cosolvent N NH
extrapolation.

Verbic et al. Measured the true pK, (9.43 —9.51)
of Clofazimine (CFZ) after explicitly filtering out
the effect of compound's dimerization. Cl

Verbi¢, T. Z.; Tam, K. Y.; Veljkovi¢, D. Z.; Serajuddin, A. T. M.; Avdeef, A. Clofazimine pKa Determination by Potentiometry and
Spectrophotometry: Reverse Cosolvent Dependence as an Indicator of the Presence of Dimers in Aqueous Solutions. Molecular
Pharmaceutics 2023. https://doi.org/10.1021/acs.molpharmaceut.3c00172



The (vastly) underestimated effect of aggregation

Principal Component Analysis. In PCA,”’ the key steps o

are to generate the eigenvector Q and eigenvalue 4 by

diagonalizing the covariance matrix of the absorbance matrix,

Z, as follows eq 3: Y
Z=A"A, and Z Q =

—_— ) .A, N |
fTo AR ERs 6) @: :CE/
where the superscript T represents a transpose operation. N/ NH

Intuitively, the eigenvectors represent the principal compo-
nents while the eigenvalues represent the variance explained by
the corresponding principal components. Comparing the size
of individual eigenvalues would enable unambiguous identi-

fication of the numbers of principal components representing Cl

the number of independent light-absorbing species (N_) that o _
are statistically significant in describing the absorbance matrix| Yes! In fact, early analysis with this
Could someone assign the third PCA species to, assumption led to the first pK,=9.1
e.g., CFZ*2 instead of CFZ, dimer resulting in a (close to the true value) and the
false pK,? "second pK,"=6.5 which has no
s Verbi¢, T. Z.; private communication FEﬂECtiOI’l in rea“ty'

M I D D @ SimulationsPlus
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Decomposition

Quercetin and fisetin decompose at high pH during spectrophotometric as well as
potentiometric titrations. This has been detected by running high-to-low and low-to-
high pH titrations.

HO

Quercetin Fisetin

Rebeca Ruiz, "Flavonoids, an example of challenging pKa determination"”, a
- webinar presented on Jun 15, 2023 11:00 AM Eastern Time (US and Canada). Pion
i"bﬁ and the University of Barcelona.

elopment + 2023 22 I NASDAQ SLP
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