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Figure S1. Scaling function to standardize reliability levels. Reliability levels are scaled
in calculating the DSS (Degree of Simultaneous Satisfaction of prediction reliability and
multiple property optimizations) score. As the scaler, MaxGaussian (1, g) was used
referring to previous study[1]. This function returns 1 for values greater than p and
approaches zero according to a Gaussian function for values less than u. In this study,
the value of u is set to the upper limit of search space of reliability levels. For o, three
patterns were prepared to account for prioritization among properties in adjusting the
reliability levels. Reducing the o makes this scaler stricter and more sensitive to
response to fluctuations in reliability levels. The shown figure represents the scaling

functions when p is setto 0.9 and o is set to three patterns, 0.15, 0.25, and 0.35.
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Figure S2. Scaling functions for properties. a-f represent functions for inhibitory activity

against epidermal growth factor receptor (EGFR), metabolic stability, permeability,

inhibitory activity against off-target tyrosine kinases, solubility, and inhibitory activity

against human ether-a-go-go-related gene channel (hERG), respectively. Two types of

scaling functions, MaxGaussian(y, 6), and MinGaussian(y, 6), were used with reference

to previous study[1].
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Figure S3. Examples of designed molecules with high reward values. Values of predicted
properties (Pred.) and prediction reliability, i.e., the maximum Tanimoto similarity with
the training data, of each property (Rel.) are shown in each generated molecule. The
highlighted areas of molecules represent the quinazoline substructure, a characteristic
substructure of known inhibitors for epidermal growth factor receptor (EGFR). Inhibitory
activity against EGFR (negative logarithm of the half-maximal inhibitory concentration:
pICso), metabolic stability (remaining percentage in one hour), and membrane

permeability (ucm s!) are colored in blue, green, and red, respectively.
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Figure S4. Examples of molecules designed without reliability consideration. The values

under each molecule represent the same ones as those in Fig. S3.
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Figure S5. Examples of molecules designed by DyRAMO (Dynamic Reliability
Adjustment for Multi-objective Optimization) in case removing approved drugs from the
training data of property prediction models. The highlighted areas of molecules represent
the quinazoline substructure. The values under each molecule represent the same ones as
those in Fig. S3.
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Figure S6. Comparison of molecule counts across reward value thresholds. The
generated molecules (in case removing approved drugs from the training data of the
prediction models) and training molecules were categorized into three groups: generated
molecules that are not included in the training data ("novel generated molecules"),
molecules that are found only in the training data (“unique training molecules"), and
molecules that overlap between the generated set and the training data (“overlapped
molecules”). Bars represent the count of molecules in three categories: novel generated
molecules (orange), unique training molecules (dark blue), and overlapped molecules
(light blue). Molecule counts are categorized by reward value thresholds (0.6, 0.7, 0.8,
and 0.9). Here, the counted generated molecules were selected from the top 10 DSS
(Degree of Simultaneous Satisfaction of prediction reliability and multiple property
optimizations) score designs across all designs and were filtered to include only those that
satisfied the applicability domains (ADs) specific to each exploration step during
processes of DyRAMO (Dynamic Reliability Adjustment for Multi-objective
Optimization). Similarly, the training set molecules included in the count were those that

satisfied one or more of these same ADs, ensuring consistency in the comparison.
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Table S1. Molecule counts of the three categories. The table summarizes the number of
molecules categorized into novel generated molecules, overlapped molecules, and unique

training molecules. These results correspond to the data presented in Figure S6.

Reward value >0.6 >0.7 >0.8 >0.9
Novel generated molecules 23,477 21,065 13,638 2,230
Overlapped molecules 39 33 20 2
Unique training molecules 1,116 872 587 249
100 1.0 1.00
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Figure S7. Chemical space distributions for the generated and training molecules in case
removing approved drugs from the training data of the prediction models. The plots were
generated by applying t-SNE to the distance matrix constructed from Morgan fingerprints
and Tanimoto similarity. Orange points represent 10000 molecules with high reward
values from novel generated molecules, while blue points represent unique training
molecules and overlapped molecules. The color intensity corresponds to reward values,

with darker shades indicating higher values.
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Figure S8. Examples of molecules reproduced as a result of molecular design when

similar molecules across the three datasets are removed. The values under each molecule
represent the same ones as those in Fig. S3.
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Figure S9. Example of molecules with high reward values designed when similar
molecules across the three datasets are removed. The procedure for selecting the shown
molecules, the same as that of Fig. 3c, is as follows. First, molecules that exceeded the
set reliability levels were obtained from ten explorations with high DSS (Degree of
Simultaneous Satisfaction of prediction reliability and multiple property optimizations)
scores. Subsequently, molecules that passed two filters, the rule of five filter and the
PubChem filter, were extracted. Finally, k-means clustering (k=20) was performed, and

the molecules with the highest reward from each cluster were selected.

S10



@ With the adopted reliability levels b without reliability consideration

Predicted properties Reliability levels Predicted properties Reliability levels
1.00 NP [N . 1.00 .
08 0.8
- o 2 PReAATWRE 8
g 075 o » g g 075 =~
5 Oy £ 06 A 15 £ 06
< oS0 VPP e g e Pleyaetdt S 050 2 iy
3 % 04 3 5 04
(})‘3 0.25 % ;}g 0.25 %
= 02 = 02
0.00 0.00
0 5,000 10,000 0 5,000 10,000 0 5,000 10,000 0 5,000 10,000
# Generated molecules # Generated molecules # Generated molecules # Generated molecules
== |nhibitory activity Metabolic stability === Permeability

C Designed molecules with high reward values

b
a ¢
m“ o '@WHZ s v Ld (
[0}
F/@A N’ C/ECI;[F NN 0 0 O
|
Pred. 818 842 883 812 713 185 7.80 67.2 157 758 74.9 77 7.49 74.8 10.0

Rel. (3D) 0.79 0.71 0.71 080 062 0.62 080 063 059 076 058 058 090 052 054

B ¢ ;
’\‘(N; o H D Q ) F. N\NH | H, Q '\(j\{ H
H
Jo L Ca N a ks S A Sake
. H H : g\l\ NH,
Pred. 7.54 68.8 19.9 738 731 6.41 737 804 557 734 69.1 16.1 724 734 723

Rel. (3D) 074 064 064 076 056 052 090 066 066 073 059 055 074 053 054

b
r OH
QC[? F g O
S a
! ':1 { F - \S m H S/ o, NH U
o !
Pred. 721 734 123 7.28 683 14.6 7.25 68.5 189 714 723 873 7.40 63.2 952

Rel. (3D) 079 054 0.0 072 060 0.60 080 060 061 074 064 0.61 077 052 052

|
- ij
H
A

My

Pred. 7.03 70.3 152 718 659 34.0 6.79 733 7.81 6.66 728 134 6.57 654 4.51

Rel. (3D) 0.73 057 057 083 068 068 085 063 063 072 958 058 0.72 053  0.60

Inhibitory activity (pICs,) Metabolic stability (1h remaining (%)) Permeability (pcm s)

Figure S10. Results of the molecular designs with adjusted reliability levels by
DyRAMO (Dynamic Reliability Adjustment for Multi-objective Optimization) (a, ¢) and
without considering prediction reliability (b) in case a 3D-based similarity metric was
employed as a criterion for applicability domains (ADs). As a 3D similarity metric, we

employed the Tanimoto combo similarity, the sum of shape-based Tanimoto similarity
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and pharmacophore-based Tanimoto similarity (commonly referred to as color Tanimoto
similarity). To calculate the Tanimoto Combo similarity, we employed shapescreen[2],
an open source software for a 3D shape-based similarity scoring. The 3D molecular
conformations that are required for this computation were generated using the ETKDGv3
method[3] in RDKit. Apart from the criterion for ADs, conditions for molecular designs
and Bayesian optimization remained identical to those described in Section 2.2. a, b, The
left panels show the moving averages of the predicted properties, with predicted values
scaled from 0 to 1. The right panels show the moving averages of prediction reliability,
represented as the Tanimoto combo similarity values (ranging from 0 to 2) divided by 2
between the designed molecules and the training data of each property. These moving
averages were calculated from each of the 200 designed molecules. The dotted lines
indicate the set reliability levels. The right panel of b is identical to that in Figure 3b in
the Results section. ¢, Examples of designed molecules, their predicted properties (Pred.),
and their prediction reliability (Rel.), represented as the Tanimoto Combo similarity

divided by 2 with respect to the training data for each property.
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Figure S11. The processes of adjusting reliability levels by Bayesian optimization (BO)
and random exploration in DyRAMO (Dynamic Reliability Adjustment for Multi-
objective Optimization) in case the Tanimoto combo was employed as a criterion for
applicability domains (ADs). a-c, a, b, and ¢ show the evolution of the DSS (Degree of
Simultaneous Satisfaction of prediction reliability and multiple property optimizations)
score, reliability levels, and scaled properties of designed molecules, respectively. d, e,
The search processes by BO (d) and random exploration (e) in the space of averaged
reliability levels and the averaged scaled properties. Each exploration step is color-coded,
white at the beginning of the exploration and changing to orange as the exploration

progresses.
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Figure S12. Process of molecular design with the adjusted reliability levels when
number of properties to be optimized was 13. a, The evolution of inhibitory activity
against nine tyrosine kinases. b, The evolution of the other four properties that are
scaled from zero to one. ¢, The evolution of reliability revels of the 13 properties. As the
13 properties, inhibitory activity against nine proteins from tyrosine kinases and other
four properties were selected. For tyrosine kinases, the following nine proteins were
selected: epidermal growth factor receptor (EGFR), receptor protein-tyrosine kinase
erbB-2 (ERBB2), Abelson tyrosine-protein kinase (ABL), proto-oncogene tyrosine-
protein kinase (SRC), lymphocyte-specific tyrosine-protein kinase (LCK), platelet-
derived growth factor receptor beta (PDGFRJ), vascular endothelial growth factor
receptor 2 (VEGFR2), fibroblast growth factor receptor 1 (FGFR1), and ephrin type-B
receptor 4 (EPHB4). Inhibitory activity against EGFR was designed to increase, while
inhibitory activities against others were designed to decrease. For the other four
properties, metabolic stability, permeability, solubility, and inhibitory activity against
human ether-a-go-go-related gene channel (hERG), were selected.

Table S2. The values of adjusted reliability levels when 13 properties are to be optimized.

Property EGFR  ERBB2 ABL SRC LCK  PDGFRS VEGFR2
Reliability level 0.5 0.3 0.3 0.3 0.5 0.3 0.3
Property FGFR1 EPHB4 Stab Perm Sol hERG
Reliability level 0.4 0.3 0.4 0.4 0.3 0.3
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Figure S13 (pages ranging from S15 to S16). Correlation plots of the predicted
properties for test data in each fold and corresponding experimental values. a-c represent
the results of the properties used when number of properties to optimize was set to three:
inhibitory activity against epidermal growth factor receptor (EGFR), metabolic stability,
permeability. d-m shows the result of the ten properties added when number of properties
to optimize were set to 13: inhibitory activity against receptor protein-tyrosine kinase
erbB-2 (ERBB2), Abelson tyrosine-protein kinase (ABL), proto-oncogene tyrosine-
protein kinase (SRC), lymphocyte-specific tyrosine-protein kinase (LCK), platelet-
derived growth factor receptor beta (PDGFR), vascular endothelial growth factor
receptor 2 (VEGFR2), fibroblast growth factor receptor 1 (FGFRI1), ephrin type-B
receptor 4 (EPHB4). solubility, and human ether-a-go-go-related gene channel (hERG)
inhibition. The average and standard deviation of the coefficient of determination values

over the 5-fold cross validation is shown in the corner of each plot.
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