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Abstract

Optimizing molecules to improve their properties is a fundamental challenge in
drug design. For a fine-tuning of molecular properties without losing bio-activity
validated in advance, the concept of bioisosterism has emerged. Many in silico
methods have been proposed for discovering bioisosteres, but they require expert
knowledge for their applications or are restricted to known databases. Here, we
introduce DeepBioisostere, a deep generative model to design suitable bioisos-
teric replacements. Our model allows a fully automated bioisosteric replacement
by intelligently selecting fragments for both removal and insertion. Through var-
ious scenarios of multiple property control, we showcase the model’s capability
to delicately tune specific properties, addressing the challenge in molecular opti-
mization. Our model’s innovation lies in its capacity to design a bioisosteric
replacement reflecting the compatibility with the surroundings of the modifi-
cation site, facilitating the control of sophisticated properties that depend on
the overall molecular structures such as drug-likeness. DeepBioisostere can also
provide previously unseen bioisosteric replacements, highlighting its capability
for exploring diverse chemical modifications rather than just mining them from
known databases. Lastly, we used DeepBioisostere to improve the sensitivity of a
known SARS-CoV-2 main protease inhibitor to the E166V mutant that exhibits



drug resistance to the inhibitor, demonstrating its potential application in drug
discovery.

1 Introduction

Optimizing molecules to fulfill multiple properties is a challenging yet fundamental
goal of drug design. A drug should be bioactive, bio-compatible, and synthetically
accessible,[1] taking an enormous time and cost to bring a compound from a lab to a
patient.[2] One promising approach to achieving this multi-objective molecular design
problem is modifying a chemical structure from an acclaimed molecule with satisfied
properties. Namely, chemical modifications, such as scaffold hopping[3, 4] or R-group
replacement,[5] aim to delicately enhance a target property while maintaining the
other properties of the original structure, where a comprehensive consideration of
both structural and biochemical analogies is necessary. To develop a more efficient
way of chemical modification, many chemists attempted to standardize useful rules
that are frequently adopted in molecular optimization, leading to the emergence of
the concept of bioisosteric replacement.[6—8] Numerous chemical moiety pairs involved
in bioisosteric replacements, namely the bioisosteres, have been reported for the last
decades and facilitated more proper chemical modifications.[9-11]

Traditional bioisosteric replacements heavily relied on the intuition and experi-
ence of medicinal chemists.[12] Identification of proper bioisosteric replacements has
required extensive trial and error, leading to the rise of in silico approaches.[13, 14]
There have been two mainstream conventional approaches to finding bioisosteres—
similarity-based and database mining methods. Similarity-based approaches operate
on the assumption that structural analogs would exhibit similar biological or chemi-
cal properties.[15] They prioritize potential bioisosteres by comparing their structural,
steric, or electronic features to the original moiety of interest.[16-19] Diverse molec-
ular descriptors such as fingerprints[20, 21] or structural alignments[22] were often
employed to assess the similarity between chemical moieties. The similarity-based
methods facilitated the expectation of biochemical property changes during a partic-
ular chemical modification before proceeding to experimental validation.

On the other hand, database mining approaches identify potential bioisosteres
through the extraction from large chemical databases.[23-25] (see Fig. 1) They sys-
tematically enumerate pairs of molecules with only a small structural difference, the
so-called matched molecular pairs(MMPs),[26] from a public biochemical library such
as ChEMBL.[27] Then, molecular fragments corresponding to the difference in each
MMP are paired and identified as potential bioisosteric replacements along with their
occurrences in the parent library. The differences in chemical properties and bioac-
tivity in biochemical assays are also used to expect the effect of each bioisosteric
replacement, which is essential for subsequent bioisostere recommendations. This sta-
tistical evidence enables the identification of a new bioisosteric replacement, even if
the involved moieties are structurally unrelated at first glimpse.



Despite each approach’s advantages, limitations still exist and hamper the identifi-
cation of a proper chemical modification. The similarity-based methods highly depend
on the correlation between carefully crafted molecular descriptors and a specific prop-
erty to be controlled. Yet, finding suitable descriptors from a variety of available
options[28] inevitably relies on expertise and is often arbitrary. The similarity-based
methods may also struggle to identify bioisosteres that are structurally dissimilar but
able to modulate particular molecular properties in a desired way. The database min-
ing methods, on the other hand, cannot assess bioisosterism between unseen chemical
moiety pairs that do not appear in the parent database due to their statistical absence.
Also, the expectation of property changes based on the mined data may not work for
more complicated properties that depend on complex relationships between internal
moieties, such as synthesizability or drug-likeness. Moreover, although both meth-
ods propose potential bioisosteres once a target molecular fragment is assigned, the
decision on which substructure to modify still relies on the experts’ assessment of tar-
get properties and molecular structures. Since the design of bioisosteric replacements
involves selecting which molecular fragment to modify and determining its proper
bioisosteres, neither the similarity-based nor database mining approaches can fully
address a fully automated process based on bioisosteric replacements.

Recently, deep learning-based chemical modification approaches have stood out
to featurize data-intrinsic information that contains chemical and biological con-
texts without handcrafted descriptors.[29-36] Ertl first used a deep learning approach
in identifying potential bioisosteres.[29] In this work, substructural information
constructed from ChEMBL was used to train a neural network on the inherent rela-
tionship between analogous fragments. Remarkably, this model could propose bioisos-
teric relationships not present in the training dataset, serving as novel bioisostere
candidates. In parallel, a number of approaches that directly model the chemical mod-
ification task with deep generative models have appeared. They regard the chemical
modification problem as a language translation[30-32] or a graph-editing task[33-35]
by representing a molecule as a text or a molecular graph, respectively. The advan-
tage of applying deep generative modeling is that multiple property changes can
be accounted for by designing chemical modifications, e.g., changing solubility while
maintaining molecular similarity. Furthermore, they could identify novel modified
structures with improved biochemical properties by learning the intrinsic relationships
between molecular structures and their analogs. Based on these advantages, deep gen-
erative modeling is expected to significantly contribute to overcoming the limitations
of the conventional approaches for identifying and prioritizing bioisosteres.

Here, we propose DeepBioisostere, a deep generative model for multi-property
control with designing suitable bioisosteric replacements in a fully automated fash-
ion. Our model optimizes a molecular structure in the following strategy: selecting a
target substructure to be removed and inserting a proper bioisostere to achieve tar-
get properties. With the sequential modeling of bioisosteric replacement, our model
automates the overall process of chemical modification while the previous similarity
and database mining approaches aim to provide bioisosteres for a moiety selected by
experts in advance. Our step-wise strategy enables more flexible suggestions of novel
bioisosteric replacements even if they are not included in training data. By utilizing a
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Fig. 1 An illustration of various bioisosteric replacement approaches. The manual
approaches rely on the knowledge of experts throughout the entire optimization process. With an
appropriate removal fragment selected by experts, one can employ conventional database mining
approaches to search various potential bioisosteres. Still, the intuition and experience of experts are
applied to selecting a proper replacement moiety to achieve the property optimization goals. Unlike
the previous approaches, which inevitably depend on experts, DeepBioisostere automates the sequen-
tial decision-making process based on bioisosterism using deep learning. By taking into account the
entire molecular structure, DeepBioisostere can flexibly suggest modified molecules that satisfy the
delicate property control conditions.

deep learning-based approach for chemical modification, DeepBioisostere could control
complicated properties such as synthetic accessibility and drug-likeness simultaneously
despite the difficulty due to their dependency on an overall molecular structure. We
demonstrate with a case study that the compatibility between an insertion moiety and
its surroundings to be attached is crucial for multiple property control, which can be
comprehensively considered by DeepBioisostere. Lastly, we adopted DeepBioisostere
to the challenging problem of treating drug resistance due to a point mutation of
SARS-CoV-2 main protease, implying its potential application in the lead optimiza-
tion process. To our best knowledge, this is the first work that proposes an in silico
method to design the complete procedure of bioisosteric replacement without any aid
of expertise, facilitating an efficient lead optimization process. (see Fig. 1)



2 Results

2.1 Brief introduction of DeepBioisostere

In this work, we regard chemical modification based on bioisosterism as a sequential
process comprising three essential steps: (1) removal fragment selection, (2) insertion
fragment selection, and (3) attachment orientation prediction. These three steps are
sequentially applied to molecular optimization. To achieve desirable structural mod-
ification, target biochemical properties dictated by the molecular structure should
be considered during the three steps. For this purpose, we devised a deep gen-
erative model named DeepBioisostere to design a bioisosteric replacement for the
multi-property control of a particular molecule.

The DeepBioisostere model is trained on an MMP dataset with structural analogs
with small differences, which we constructed from the ChEMBL database. Since we
designed the model with three main modules corresponding to each step for the chem-
ical modification, it learns proper ways of removing and then inserting fragments to
meet the given condition of multiple biochemical properties. This sequential modifi-
cation facilitates the optimization of a molecule while retaining the overall properties
except the target ones to be improved. The DeepBioisostere model comprises two
embedding networks at different levels—atom and fragment. This unique feature,
especially the latter network, allows the model to learn the compatibility between
an insertion fragment and the remaining parts, enabling the fine control of com-
plex properties depending on a whole molecular structure. For synthetically accessible
chemical modification, the DeepBioisostere model enumerates molecular fragments
inside a given molecule based on the breaking retrosynthetically interesting chemical
substructures(BRICS)[37] rules and selects one of them as a removal fragment. Then,
the model selects an insertion fragment from a pre-defined fragment library by exam-
ining all of its items in terms of their compatibility with the remaining part of a given
molecule and the target property control condition. More details about the training
and generation processes of the DeepBioisostere model can be found in Section 4.

2.2 Multi-property Control with DeepBioisostere

We first apply our DeepBioisostere model to multi-property control tasks. During
the optimization of a potent molecule in drug developments, its structure is modified
and elaborated to improve biochemical properties, for example, lipophilicity, water
solubility, synthetic accessibility, and drug-likeness. This so-called multi-property con-
trol is more challenging than controlling a single property since, for example, the
lipophilicity can be increased simply by elongating a carbon chain, but the modi-
fied structure is often not drug-like.[38] Thus, a comprehensive consideration of the
whole ligand structure and its properties is required to modulate multiple properties
simultaneously.

Here, the goal is to provide modified molecular structures to meet a given multi-
property condition. We tested our model for three scenarios that practitioners might
encounter in a lead optimization process: (1) increasing or decreasing ligand lipophilic-
ity while maintaining its molecular size, (2) increasing drug-likeness while maintaining



its molecular weight, and (3) alleviating the synthetic complexity of a ligand with
fair bio-activities but low synthetic accessibility. Obviously, the second and third sce-
narios are more challenging than the first one, which requires more comprehensive
considerations about the relationship between the properties of interest. Throughout
Section 2.2, the following criteria are commonly employed for selecting test molecules:
(1) a single neutral molecule, (2) absence of more than three rings, (3) inclusion of
at least one BRICS bond, and (4) molecular weight falling within the range of 250
to 500. In addition, to examine our model’s capability to find novel bioisosterism, we
only used fragments from the test dataset for insertion, which were never adopted as
ground truths nor negative samples for the insertion step in the training process.

The overall property control results are exhibited in Table 1. For scenario 1, we
selected 100 unique molecules whose logP values are within the range of 1 to 5,
regarded as moderate lipophilicity. Whether one should increase a molecule’s logP or
not depends on its specific application; for example, the biological target under consid-
eration or the drug delivery plan are critical factors in making such a decision. Thus,
we tested our model for both cases with two property control conditions: increasing
logP by 1 and decreasing logP by 1 while maintaining overall molecule size in terms of
molecular weight(MW). logP is a logarithm of the octanol-water partition coefficient,
so the difference by 1 corresponds to a 10 times larger or smaller solubility ratio.[39]
We generated 100 unique molecular structures for each original molecule according
to the two property control conditions. For a few test molecules, DeepBioisostere
generated less than 100 molecular structures for each one since the BRICS-allowed
insertion fragments were less than 100. The results are summarized in the first row
on Table 1. We noticed that the mean values of the molecular weight differences
between an original molecule and its modified ones were +6.60 and +3.34, respec-
tively. These values suggest that the molecular weights of most modified structures
are different from the original ones by less than one heavy atom. (see Supplementary
Figure 4 for more details of property distributions) Meanwhile, logP was modulated
with averaged changes of +0.81 and -0.86, falling slightly behind the requested prop-
erty values. These statistics indicate that our model successfully adjusted the logP
values of the given molecular structures with barely changing their molecular weights,
which requires careful selection of both removal and insertion fragments.

Second, we demonstrated an optimization process where a molecular structure is
modified to improve its drug-likeness in terms of QED.[40] (scenario 2 in Table 1)
In this scenario, only molecules whose QED values lie in the range of 0.4 to 0.6
were used as test molecules. Property control conditions were set to increase the
QED value by 0.1 or 0.2 while keeping molecular weight constant. By employing
the DeepBioisostere model, we were able to obtain novel molecules with enhanced
drug-likeness; the mean values of QED changes were +0.064 and +0.087, respectively.
QED is calculated based on eight physicochemical descriptors, including the molecular
weight. Thus, finely modulating QED while preserving molecular weight is challenging
since the other descriptors, such as the number of hydrogen bond donors and acceptors,
rotatable bonds, and aromatic rings, should be adjusted in the desired way. The
result in scenario 2 implies that our model can capture information to modulate those
descriptors for increasing the QED value. Although the property control condition



Requested Optimization Property Change

Scenario
Property AValue Average  Std. Dev.
MW 0 +6.60 14.0
logP +1 +0.81 0.35
Scenario 1
MW 0 +3.34 13.0
logP -1 -0.86 0.37
MW 0 +2.73 12.7
QED +0.1 +0.064 0.098
Scenario 2
MW 0 +1.90 12.4
QED +0.2 +0.087 0.101
QED 0 -0.049 0.092
SAscore -0.5 -0.294 0.242
Scenario 3
QED 0 -0.050 0.09
SAscore -1.0 -0.501 0.224

Table 1 Results of three multi-property control scenarios. The requested optimization is the
property control condition given to our model. For each scenario, we control two properties
simultaneously: Scenario 1 - modulating logP while maintaining molecular weight(MW). Scenario 2
- increasing QED while keeping MW unchanged. Scenario 3 - decreasing SAscore without losing
QED. AValue is the requested property change in each property. Average and Std. Dev. denote the
mean value of property changes and its standard deviation, respectively.

specifying a larger QED increase yielded molecules with higher QED values, deviation
from the given condition also became larger. It is not surprising that increasing QED
by 0.2 is more challenging since its occurrence within the training dataset is rarer.
(see Supplementary Figure 2)

Lastly, we tested our model to improve the synthetic accessibility of a molecule
that has a high QED value but low synthetic accessibility. (scenario 3 in Table 1)
Here, we adopted the SAscore introduced by Ertl and Schuffenhauer [41], a well-known
estimator of the synthetic accessibility. We collected test molecules for this scenario
with criteria that QED value larger than 0.7 and SAscore larger than 4. Note that
SAscore of a simple catalog molecule is about 2 or 3, whereas for a natural product,
it is mostly greater than 5.[41] Property control conditions were set to decrease the
SAscores of molecules by 0.5 or 1.0 while retaining their QED values. In this scenario,
our model provided novel molecules with lower SAscores, although several of them
exhibited slightly decreased QED values. This result suggests that DeepBioisostere
can be adopted to supplement many in silico methods for drug design whose outcomes
are often questioned in their synthetic accessibility.[42, 43]

2.3 Detailed Analysis on Modification with DeepBioisostere

In Section 2.2, we demonstrated that DeepBioisotere can control multiple molecular
properties simultaneously while modifying molecular structures. Next, we analyze the
modification process in detail in terms of two major steps: the removal fragment
selection and the insertion fragment selection. Careful decisions in these steps are
essential to control molecular properties, where the overall molecular structure is to be
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determined. Here, we carry out case studies for multi-property control and will discuss
the removal fragment selection and the insertion fragment selection sequentially.

We randomly selected three molecules from the ChEMBL database with moderate
molecular weight and lipophilicity, as visualized in Fig. 2(a). We supposed scenario 1
introduced in Section 2.2, where logP is to be modulated while a molecular weight
is kept unchanged. We generated 100 unique modified molecular structures for each
test molecule and property condition with the DeepBioisostere model. Again, only
the fragments from the test dataset for insertion were adopted, the same as in the
previous section. We exhibited their logP values and molecular weights in Fig. 2(b).
For every test molecule, the generated structures under different property conditions
showed distributions that were completely distinct in terms of logP values but very
similar in molecular weights. logP was increased or decreased by about 1 while most
changes in molecular weights were less than 20, corresponding to the weight of one or
two heavy atoms.

2.3.1 Removal Fragment Selection

We looked into the generated molecules and analyzed the removal fragment selec-
tion step. We counted how many times each substructure was selected as a removal
fragment and visualized them in Fig. 2(c). For the molecule in the middle column,
CHEMBL4071936, the carboxylic acid group was most frequently selected as a removal
fragment to increase logP. In contrast, to decrease logP, it was hardly substituted,
but the chlorodimethyl benzene moiety was preferred as a removal fragment. These
choices of removal fragments align well with the known chemical knowledge; intro-
ducing a carboxylic acid group enhances hydrophilicity, whereas incorporating an aryl
halide moiety increases hydrophobicity. The other two test molecules also showed
similar differences in the removal fragment selection under different property control
conditions, as exhibited in the 1st and 3rd columns in Fig. 2.

For the first test molecule in Fig. 2(a), CHEMBL1522368, we visualized top-
3 ranked structures generated by DeepBioisostere in Fig. 2(d). When required to
increase the logP value (the orange arrow), our model substituted a nitrofuran ring
with another fragment. All the selected three insertion fragments are aryl groups with
halogen elements, which are apparently more hydrophobic than the nitrofuran ring.
As a result, the provided molecular structures exhibited logP values higher than the
original one (3.10): 4.26, 4.05, and 4.08. Meanwhile, when required to decrease the
logP value (the blue arrow), our model selected a 2,5-dimethyl phenyl group to replace
with other aryl substituents. The alternative fragments contain a hydroxyl group or
a pyridine moiety, resulting in the decreased logP values of the modified structures:
2.20, 2.18, and 2.33. These results suggest that, as discussed in Section 2.1, our model
selects insertion fragments by considering the given property control objectives and
the removal fragment chosen earlier.



2.3.2 Insertion Fragment Selection - Effect of Chemical
Environment on Property Control

Another essential factor that governs the selection of insertion fragments is the
chemical environment. Here, the chemical environment refers to the substituents sur-
rounding a chosen removal substructure to be alternated by a new insertion fragment.
We demonstrate its importance in molecular optimization by two single property con-
trol tasks: increasing logP by 1 and increasing QED by 0.2. Obviously, the latter task
is more complicated to achieve than the former since QED is calculated based on eight
individual molecular features, including logP.

Fig. 3 illustrates the overall experimental procedure and its results. First, we
selected two molecules that contain a pyrazole group, which is a frequently consid-
ered aromatic group in bioisosteric replacement.[11] Their molecular structures are
shown in Fig. 3(a), and we will refer to them as molecules A and B, respectively.
The two molecules exhibit great differences in logP(4.65 and -1.39) while showing
moderate levels of QED values(0.58 and 0.60). Notably, the pyrazole moiety in the
two molecules is surrounded by totally different chemical environments, particularly
in terms of the number of aromatic rings, hydrogen bond donors and acceptors, and
rotatable bonds. Here, we forced our model to choose only the pyrazole group as a
removal fragment to modulate a given target property, yielding 100 unique modified
structures, respectively. (A—A and B—B in Fig. 3(a)) For comparison, we retrieved
the insertion fragments selected for molecule A and adopted them into molecule B,
resulting in another set of 100 unique molecules. (A—B in Fig. 3(a)) In the first two
cases, A—A and B—B, the individual chemical environments directly engaged in the
selection of insertion fragments. However, in the case of A—B, the insertion frag-
ments were selected based solely on the chemical environment of molecule A, without
any involvement of molecule B. By comparing those cases, we examine the signifi-
cance of the chemical environment in molecular property control, especially during
the insertion fragment selection.

Fig. 3(b) and (c) show the property distributions of the modified molecules, where
both cases of A—A and B—B almost achieved the objective values. However, in the
case of A—B, the observed property changes in logP and QED conditioning tasks
were distinct. In the former task, insertion fragments selected to increase logP of
molecule A also increased log P of molecule B, despite the difference between the chem-
ical environments that the pyrazole moiety was involved in. Conversely, in the QED
conditioning task, the case of A—B resulted in molecular structures with decreased
QED values while those from A—A and B—B exhibited increased QED values com-
pared to the original ones. This apparently shows that the bioisosteric replacements
selected to improve the QED value of molecule A failed to improve that of molecule
B. We attribute this distinction to the intrinsic difference between the two proper-
ties; logP is readily calculated by summing over the estimated contributions of each
chemical moiety in a molecule, while QED is calculated with a non-linear function of
the molecule-level structural features such as the numbers of hydrogen bond donors
and acceptors. This example study suggests that the surrounding parts, in addition
to the removal fragment, should be considered when choosing a suitable bioisosteric
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given as the condition, respectively.

replacement to modulate a target molecular property dependent on the whole molec-
ular structure in a broad sense. It is especially important in drug design, where crucial
properties such as synthetic accessibility and ligand binding affinity depend on the
non-linear relationships between internal substructures or structural features.
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Fig. 4 Example to find the bioisosteres of an uncommon molecular fragment. (a) A
4-azaindole moiety, an example of an uncommon moiety. (b) Bioisosteres of the 4-azaindole linker
identified from our MMP database. (c) A test molecule from the ChEMBL database, which was
modified by our model with its azaindole moiety marked as a removal fragment. (d) Eight top-
ranked fragments proposed by our model as bioiosteres. The fragments fall into mainly two types,
grouped by different colored boxes for each type. The integer placed below each fragment indicates
the order ranked by the DeepBioisostere model, and the decimals are the QED values of the resultant
molecules. In (a), (c), and (d), the red and blue stars (*) indicate the corresponding connection sites,
respectively. (e¢) The QED distribution of 50 molecules generated by our model. The red dashed line
denotes the QED value of the original molecule.

2.4 Finding Novel Bioisosteres for Uncommon Molecular
Fragment

Next, we examine whether our model can find novel bioisosterism. Identification of
novel bioisosteres becomes necessary when modification of an uncommon molecular
fragment is required. In this case, a typical database mining approach is likely to
be insufficient since only a few bioisosteres from the database might be available for
that fragment. Indeed, among 206,008 fragments in the fragment library we created,
102,467 fragments are found to have no more than ten bioisosteres, respectively. Fig. 4
illustrates such an example of modifying an uncommon fragment. The molecular frag-
ment in Fig. 4(a), a 4-azaindole moiety, appears dozens of times in the ChEMBL
database as a linker in the visualized fashion. Utilizing our MMP database, only four
fragments were found as bioisosteres, as visualized in Fig. 4(b). All the bioisosteres are
fused aromatic heterocycles, the same as the original fragment except for one heavy
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atom, which can form similar non-covalent interactions with biological targets. How-
ever, by solely depending on these fragments identified from the MMP analysis, one
has a limitation in exploring diverse chemical moieties to find potential bioisosteres.
More statistics about the number of bioisosteres for each fragment in the fragment
library can be found in supplementary figure 3.

To find more bioisosteres beyond them, we employed our model on a molecule from
the ChEMBL database by specifying the azaindole moiety as a removal fragment,
as in Fig. 4(c). We allowed all insertion fragments in our fragment library regardless
of whether they were used in the training process. Here, to explore bioisosteres of
the azaindole moiety that exhibits similar drug-likeness, we set the property control
objective as AQED=0. With this setting, we generated 50 unique molecular structures
from the original molecule with DeepBioisostere.

Fig. 4(d) illustrates eight highly ranked insertion fragments proposed by our model.
We noticed that they fall into mainly two types: fused aromatic rings (the orange box)
and covalently bonded aromatic rings (the green box). The fragments in the orange
box consist of fused aromatic heterocycles, each containing one or two nitrogen atoms,
similar to those identified from our MMP database shown in Fig. 4(b). On the other
hand, the fragments in the green box have substantially different molecular structures,
where each of them contains covalently bonded aromatic rings. Still, all the highly
ranked fragments are inserted into the test molecule to exhibit QED values similar
to that of the original molecule. (see Fig. 4(d)) Indeed, they contain a few hydrogen
bond donors and acceptors and two aromatic rings, the same as the original fragment,
and they have a comparable level of lipophilicity. These structural features allow us
to expect that they possess the potential to form similar non-covalent interactions
as the original one. Fig. 4(e) illustrates the QED distribution of 50 unique modified
structures. The peak near the original QED value suggests that most of the 50 insertion
fragments are similar to the azaindole moiety in terms of diverse structural features
crucial for bio-activity such as the number of hydrogen bond donors and acceptors,
aromatic rings, and polar surface area. This example study demonstrates that one
can adopt DeepBioisostere for an uncommon chemical moiety to explore potential
bioisosteres with a similar level of drug-likeness or QED.

2.5 Targeting SARS-CoV-2 Main Protease Mutant

Lastly, we demonstrate DeepBioisostere in a more practical example, where modify-
ing a known drug to inhibit mutants of the original biological target. The ongoing
coronavirus 2019 (COVID-19) pandemic still threatens public health and safety. Due
to the limited therapeutic options, a few oral COVID-19 therapeutics have been
recently developed, especially for non-hospitalized patients.[44] Ensitrelvir is the first
oral noncovalent and non-peptidic SARS-CoV-2 3CL protease (3CLP*®) inhibitor that
received emergency regulatory approval from the Ministry of Health, Labour and Wel-
fare in Japan.[45, 46] Ensitrelvir shows remarkable biochemical activity and antiviral
activity against several mainstream SARS-CoV-2 variants,[45] but recent studies have
reported that several naturally occurring mutations of 3CLP™ show drug resistance
to Ensitrelvir and other oral antiviral drugs.[47-49] Since these mutations still hold
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the possibility to undergo changes that show more increased drug resistance, the
development of specific therapeutics for them is potentially needed.

We selected the E166V mutant as a target here since it is associated with about 10-
fold reduced Ensitrelvir inhibitory activity relative to the wild type. [50] We retrieved
and exhibited the complex structures of the wild type(PDB ID: 8HBK) and the
E166V mutant(PDB ID: 8H3G) with Ensitrelvir in Fig. 5(a), reported by Duan et al.
[50] We analyzed their structures and noticed that they were not much different in
their binding pockets. Based on this observation, we hypothesized that a more potent
inhibitor on the mutant could be derived from a modification of Ensitrelvir rather
than discovering a new lead series.

In the binding structure of the wild type and Ensitrelvir, the E166 residue is known
to form multiple H-bondings with another region of 3CLP™ protein, contributing to
the stability of the overall binding structure. Thus, the change of the E166 residue to
Valine (E166V) must increase the hydrophobicity nearby and interrupt the H-bonding
network, resulting in the decreased binding stability of Ensitrelvir or increased drug
resistance. [50] In this regard, we hypothesized that modifying the methyl-triazole
moiety, circled in gray at Fig. 5(b), of Ensitrelvir to a hydrophobic one would increase
sensitivity to the E166V mutant. A large change in molecular size must be avoided
during modification since the pocket volume of the E166V mutant is not adequate
to contain bulkier fragments. (see Fig. 5(b)) Since Ensitrelvir has been synthesized
and marketed as an emergency drug, we expect the synthetic accessibility and drug-
likeness to be maintained during bioisosteric replacement. Hence, we set a property
control condition as increasing logP by 1 while sparing the molecular weight, QED,
and SAscore to identify an appropriate bioisostere of the methyl-triazole moiety with
increased hydrophobicity.

We designated the methyl-triazole as a removal fragment to be modified. Adopting
the entire fragment library, we obtained 500 modified molecular structures with Deep-
Bioisostere. We scored their binding affinities to the E166V mutant with PIGNet2,
a physics-informed deep learning model for predicting protein-ligand binding affini-
ties that exhibits promising performance in comparing binding affinities of structural
analogs to the same biological target.[53] We generated conformers of the generated
molecules by fixing the conformations of the remaining part, followed by local struc-
tural optimization with SMINA [54] a docking program based on AutoDock Vina.[55]
(See supplementary information for details about the overall experimental process.)

The PIGNet2 score distribution of the 500 generated molecules is shown in
Fig. 5(c). The average and median scores of all generated molecules were -7.80 kcal/-
mol and -7.68 kcal/mol, respectively, which are better than the score of the reference
ligand, -7.05 keal/mol. Also, 25.8% of the generated molecules were expected to show
10 times better binding affinity against the E166V mutant than Ensitrelvir in terms
of half maximal inhibitory concentration, regarding the difference of 1.36 kcal/mol in
energy scale as the 10-fold difference in the inhibitory concentration. We visualized
3D interaction patterns of Ensitrelvir in the binding structure in Fig. 5(d) and that of
one generated molecule with a highly ranked affinity score in Fig. 5(e). Notably, the
alternative cyclohexanol fragment possesses a broader hydrophobic surface so as to
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Fig. 5 Case study on the inhibitor design of 3CLP™ E166V mutant with Deep-
Bioisostere. (a) An overlay of the aligned pocket-ligand binding structures of the wild type and
the mutant. The wild-type pocket and the corresponding ligand structure are colored white, while
the mutant pocket is colored blue. The ligand in the mutant is represented with various colors. (b)
A focused view of the mutated residue V166 and its nearby. The gray circle highlights the methyl-
triazole moiety to be modified. (c¢) A binding affinity histogram of generated molecules for the 3CLP™
E166V mutant for statistical analysis. Here, the red boxes imply molecules with over 10-fold better
binding affinities than that of the reference ligand. (d), (e) 2D diagrams illustrating the intermolecular
interactions of Ensitrelvir (d) and a molecule generated by DeepBioisostere (e) with their estimated
affinity scores with the E166V mutant. The gray-circled moieties are removal and insertion fragments,
respectively. Both 2D diagrams of protein-ligand interactions are drawn with a protein-ligand inter-
action profiler(PLIP).[51, 52] (f) Property distributions of molecules generated DeepBioisostere.
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establish extensive hydrophobic interactions with the Vall66 residue, while its termi-
nal hydroxyl group also forms an additional hydrogen bond with the Serl in another
chain. This resulted in a better affinity score against the E166V mutant compared to
Ensitrelvir, as intended. Similarly, many molecules with binding affinities better than
-9 kcal/mol exhibit extensive hydrophobic interactions with Vall66 in addition to an
extra hydrogen bond with the Serl or Ser144.(see Supplementary Figure 6) Remark-
ably, along with the enhanced binding affinity scores, the four target properties of the
generated molecules consistently satisfy our property control objectives as displayed
in Fig. 5(f). This highlights the potential of DeepBioisostere on lead transformation,
utilizing bioisosteric replacements to discover better binders while preserving crucial
properties in drug developments.

3 Discussion

In this work, we propose a deep generative model named DeepBioisostere for design-
ing appropriate bioisosteric replacements to control multiple molecular properties.
Our model proceeds a chemical modification in an end-to-end manner, choosing a
fragment to remove or insert along with its attachment orientation. We demonstrate
diverse scenarios of dual property control, where one property is changed while the
other is maintained. DeepBioisostere, in every scenario, successfully modulated their
properties in the desired manner by replacing fragments from the given molecules.
We further show the adjustability of DeepBioisostere; it dynamically selects which
fragment to remove depending on the given property control condition. It is practi-
cally advantageous where previous database mining approaches heavily rely on the
help of experts for choosing a substructure to be modified. Moreover, we justify the
significance of substituents near the replacement site to control comprehensive molec-
ular properties such as drug-likeness, especially for the insertion fragment selection.
Our model can design novel bioisosteric replacements that are not included in the
training data via flexible selections of fragment pairs. We emphasize that it is partic-
ularly important when the removal fragment is uncommon, providing a wide variety
of potential chemical modifications. Finally, we applied DeepBioisostere to a practical
example of encountering drug-resistant mutation of SARS-CoV-2 main protease. We
could obtain potentially improved molecules that strongly interact with the mutant
residue while retaining drug-likeness, synthetic accessibility, and size, showcasing the
strength of our model.

4 Methods
4.1 Related works

One of the representative works in database mining approaches is SwissBioisostere.[14,
56] Its bioisostere database is constructed through the matched molecular pair analysis
(MMPA) of the ChEMBL database, which conducts the statistical analysis to count
the occurrences of each bioisosteric replacement and the resultant changes in biochem-
ical properties, such as logP, topological polar surface area (TPSA), and bioactivity
in biochemical assays. SwissBioisostere recommends bioisosteric replacements for a

16



queried molecular fragment based on their frequency in the parent database and
expected shifts in the desired properties. The database is easily accessible on the
website.

Deep generative modeling has been adopted in molecule optimization, mainly
focusing on multiple-property control—the essential goal of the lead optimization
process. One major category utilizes a language representation of a molecular
structure(SMILES),[57] formulating molecular optimization as a language translation
problem.[30-32] He et al. [30] have utilized natural language as a condition with two
machine translation models to optimize absorption, distribution, metabolism, excre-
tion, and toxicity(ADMET). In parallel, Yang et al. [32] have used a constrained
transformer along with the state-of-the-art ADMET prediction model, demonstrat-
ing successful modifications achieving desired property enhancements. Although they
showed attractive performance in various multi-property control tasks, the overall
structure of an original molecule is not always retained in the resultant structures,
which is not desirable in a typical lead optimization process. Also, since the lan-
guage representation of a molecular structure assumes a particular order of atoms
in a molecule, it is difficult to assess the compatibility between a newly introduced
fragment and its surroundings, which is essential to handle complicated molecular
properties such as drug-likeness and synthesizability.

An important reference to this work is Chen et al. [35], where molecular opti-
mization is redefined as a graph-editing task via single bond disconnection. Their
generative model, Modifier-with-one-fragment(Modof), performs an R-group replace-
ment to achieve a desired property by selecting a bond to be cleaved from an original
molecule, detaching a single fragment, and attaching another fragment. Since the
Modof model sequentially generates the structural change and applies it to the orig-
inal structure, it can modify a molecular structure while not changing the residual
substructure.

In this work, we attempt to model the overall process of chemical modification
through bioisosteric replacements with deep generative modeling, contributing to the
autonomous optimization of molecular structures. While database mining approaches,
including the SwissBioisostere database, provide bioisosteres for a molecular fragment
selected by a medicinal chemist, DeepBioisostere selects a removal fragment from a
given molecule and replaces it with a proper alternative automatically (see Fig. 1).
Through the fragment-level modification, DeepBioisostere can replace not only termi-
nal R-groups but also internal substructures of target molecules with their bioisosteres,
while the remaining structure is unchanged.

4.2 Finding molecular pairs with bioisosterism: dataset
construction

In this section, we present our scheme for constructing a training dataset. It is a piv-
otal step in our work, where the dataset should be precisely tailored to align with the
objective of DeepBioisostere. To obtain a dataset with potential bioisosteric replace-
ments, we begin from the ChEMBL database[27] and go through two steps of training
dataset construction: pre-filtration and MMP identification.
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Fig. 6 The overall dataset generation scheme. (A) The original molecule is fragmented accord-
ing to the BRICS rules to derive irreducible fragments, resulting in a fragment-level graph with
the corresponding edges, where each edge corresponds to a single BRICS bond. (B) The dataset is
constructed by identifying bioisosteres. First, allowed fragment combinations are extracted for each
molecule. Then, the smallest bioisosteres are selected for each matched pair of molecules that share
the remaining fragments. The dataset incorporates all selected bioisosteres, along with the original
molecule, the modified molecule, and the bioisostere pair representing the removal and insertion frag-
ments.

4.2.1 Pre-filtration

We adopted a permissive pre-filtration strategy to maximally retain the data. Simply,
we excluded heavy molecules with molecular weights exceeding 800 Da and molecules
consisting of salts. Additionally, molecules with an inhibitory concentration greater
than 10 uM are also excluded so that the remaining molecules can be regarded as
possessing sufficient bioactivities. This pre-filtration process provides a refined dataset
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appropriate to the next stage of MMP identification. From the total of 3,849,629
ChEMBL molecules, we were able to obtain 964,999 molecules by the pre-filtration.

4.2.2 Identifying MMPs based on the BRICS rules

MMP is a pair of molecules in which all parts are identical except for a small frag-
ment in each molecule. From the pre-filtered ChEMBL database, we identified MMPs
by fragmenting each molecule and then selecting molecule pairs that share common
fragments. It is crucial to adopt a proper fragmentation rule in this process since it
determines the fragments corresponding to the difference between each MMP, which
are to be considered potential bioisosteres. To consider more synthetically accessible
modifications than the conventional strategy of simply cleaving rotatable bonds in
the fragmentation process, we employed BRICS[37] rules for molecular fragmentation,
implemented in the RDKit[58] package.

Using the BRICS rules, the ChEMBL molecules are represented as fragment-level
graphs (see Fig. 6(A)). Each fragment-level node is an irreducible fragment, a molec-
ular subgraph that cannot be further divided using the fragmentation rules. Edges
between nodes correspond to BRICS bonds. Then, we define a removal fragment
as a connected subgraph of a fragment-level molecular graph. With these defini-
tions, we enumerate fragment combinations that involve a single removal fragment
and remaining fragments for all BRICS-fragmented ChEMBL molecules. Then, the
fragment combinations are further filtered with two criteria regarding their removal
fragments: (1) the removal fragment contains no more than 12 heavy atoms and (2) the
removal fragment should have fewer heavy atoms than those present in the remaining
fragments.

The aforementioned process results in an enormous number of fragment com-
binations derived from diverse molecules. The obtained fragment combinations are
subsequently compared, where any molecular pairs with the same remaining frag-
ments are classified as MMPs along with their removal fragments. The majority of the
resultant MMPs contain more than two matched fragment combinations, respectively.
In these cases, the smallest removal fragments are exclusively selected as bioisosteres
for each MMP, preventing the accumulation of redundant data in the training data
(see Fig. 6(B)). The final training dataset consists of a total of 24,163,198 MMPs
designated about their corresponding bioisosteres. Note that their bioisosteres may
not necessarily be irreducible fragments since, by its definition, a bioisostere does not
need to be a BRICS-irreducible fragment. Thus, a generative model trained with these
data would modify a molecular structure at the bioisostere level rather than at the
BRICS-irreducible fragment level.

Based on the final dataset, we collect the insertion fragments to build a fragment
library. The fragment library is necessary for both the training and inference phases
of DeepBioisostere as a source of insertion fragment candidates, which our model
utilizes to optimize a given molecule. For more details on the use of the fragment
library of DeepBioisostere, refer to the Sections 4.4 and 4.5. Note that gathering all
removal fragments will result in the same fragment library since each identified MMP
results in two training data entries with reverse relationships in their removal and
insertion fragments. The resulting fragment library is composed of 206,008 diverse
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fragments. Furthermore, we randomly split the fragment library at a ratio of 8:1:1,
leading to 164,813, 20,604, and 20,591 fragments for training, validation, and test
datasets, respectively.

4.3 DeepBioisostere: Deep generative modeling of
bioisosterism

Chemical modification aims to refine a molecular structure to achieve desirable chem-
ical properties in respective drug developments. In this work, we define the chemical
modification task as learning the likelihood of a modified molecular structure, M’, for
a given original molecule, M, and property control condition, C — p (M'|M, C). We
devise a generative model, named DeepBioisostere, to learn the conditional probabil-
ity of p(M’'|M, C). The DeepBioisostere model optimizes a molecule through three
essential steps involving the selection of (1) the removal fragment, (2) the insertion
fragment, and (3) the attachment orientation. This sequential modeling was inspired
by the traditional chemical modification process based on bioisosterism.

The probability distribution of modified molecules depends on the fragmentation
rule, R, which defines what bond in a starting molecule can be cleaved to enhance
the synthetic accessibility of the final molecules. For example, if we do not allow the
cleavage of the covalent bond connecting aromatic rings, we cannot obtain phenyl
aniline moiety by modifying a biphenyl compound. Thus, we denote the objective
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conditional probability of our model as pr (M'|M, C), reflecting the dependence of the
chemical modification task on the bond cleavage rule, R. For an MMP according to R,
(M, M), their conditional probability can be reformulated by factorization with the
conditional probabilities of corresponding three modification components as follows:

pr (M'|M, C) = pr (f%, f', A|M, C)
=PR (fR|M7 C) ‘PR (fI|M7fR7 C) ‘PR (A|M7fR7fIa C)v (1)
1 () (3)

where fF is a removal fragment, f7 is an insertion fragment, and A is an attachment
orientation. Note that for a modification from M to M’, there might be more than
one set of the three modification components, but we uniquely defined £ and f! to
be only the smallest removal and insertion fragments in the training data construc-
tion procedure, respectively. In this way, the ground truth for pgr (fR, fr, A|M, C) is
defined to be zero if f® and f! are not the smallest ones to modify M to another
molecular structure, M’. Since the smallest structural change can always be identified
from any MMP, this choice does not impose any restriction on the probability distri-
bution of pr (M'|M, C). The details about how we model each conditional probability
of the Eq. (1) are discussed in the method section.

4.3.1 Fragment-level molecular encoding

The overall framework of DeepBioisostere is depicted in Fig. 7. First, we encode an
original molecule to be modified into fragment-level embedding vectors. We adopt a
hierarchical architecture to facilitate probability modelings on fragment-level informa-
tion afterward. An original molecule is represented in two ways: an atom-level graph,
Gy, and a fragment-level graph, Gs. Largely inspired by Chen et al. [35], we employ
two message-passing neural networks in different levels named an atom message pass-
ing network(AMPN) and a fragment message passing network(FMPN), respectively.
An original molecule is first encoded into atom-level embedding vectors by AMPN.
As illustrated in Fig. 7(A), AMPN runs within the whole graph and subgraphs of a
molecule, which adopts respective atom-level embedding vector update mechanisms
and uses differently initialized weights. An initial atom feature vector, &, is concate-
nated with the condition vector, C, to yield an input atomic embedding vector by
a? = [4;]| C;]. Details about constructing the initial atom feature vectors are sum-
marized in the supplementary information. We summarized key notations for model
architecture in Table 2. Embedding vectors for both atoms and bonds are propagated

through the AMPN layers as follows:

mi= > Weal+ Wal + Wiby, (2)
a; GN(ai)
al*! = GRU(a!, m!), 3)
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where N (a;) is the neighboring atoms of a;, GRU is the gated recurrent unit intro-
duced in Chung et al. [59] The whole graph AMPN operates on the entire molecular
graph G,, updating atom-level embeddings based on the collective information of all
atoms and bonds in the molecule. In contrast, the subgraph AMPN works locally
within each irreducible fragment, focusing its update on atoms only within the specific

A

fragment, denoted as A(f). This subgraph-based update strategy allows the model to
learn the comprehensive features of each irreducible fragment for further hierarchical

message passing.

Notation Description

Go = (A, B) Atom-level molecular graph

A, B Set of atoms and bonds in G,, respectively

a€ A An atom in G,

bij = {ai,a;} € B A bond connecting atoms a; and a; in G,

al An embedding vector of a; in the t** layer

bi; An embedding vector of b;;

Gy = (F,€) Fragment-level molecular graph

F, & Set of irreducible fragments and edges in Gy,
respectively

f A subgraph, fragmented by the BRICS rules

f An irreducible fragment

B A removal fragment

I An insertion fragment

enm € E An edge between irreducible fragments fn and
fm in Gy, corresponding to a BRICS bond in G,

A(f) A set of atoms included in a subgraph f

A(enm) A set of atoms composing e,m

F(f) A set of irreducible fragments included in a subgraph f

ft An embedding vector of f, in the tth layer

€nm An embedding vector of epm

hy An aggregated vector for f

A An attachment orientation, a set of edges enumerated
based on the BRICS rules

1] Element-wise concatenation

o Sigmoid activation function

w Learnable weights

Table 2 Notations and the corresponding descriptions used in the formulation of DeepBioisostere

The updated atomic embedding vectors, {a;}, are aggregated into fragment-level
embedding vectors for each irreducible fragment as follows:

W, = Z a;, (4)

aiEA(fn)

enm = Z a;, (5)

a;€A(enm)
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where w,, denotes a fragment-level embedding vector aggregated from the whole graph
AMPN embeddings. Atom-level embeddings from the subgraph AMPN are aggregated
in the same way, which is denoted as s,. Given that the subgraph AMPN updates
the vectors without considering the information of adjacent atoms connected by the
BRICS bonds, we exclusively employ the whole graph AMPN to aggregate the edge
vectors of fragment-level graphs. We concatenate the two aggregated fragment-level
embedding vectors for further propagation in FMPN, which incorporates the feature
vector of each fragment and intrinsically works like AMPN:

m! = Y Wt + Wi, + Wie,n, (6)
Fm €N (fn)
£51 — GRU(E,, m",). (7)
Here, £ = [w,||s,], is an initial feature vector of an irreducible fragment. The

resulting fragment-level embedding vectors, {f,}, are utilized for the modification
of M. Among the overall embedding process, the subgraph AMPN is significant
since it allows DeepBioisostere to generate embedding vectors for previously unseen
fragments.

With the fragment-level embedding vectors obtained by AMPN and FMPN, we
model each conditional probability of Eq. (1). During the substitution, both ff and
fT can be a combination of multiple irreducible fragments. Thus, we obtain the final
embedding vector for each individual fragment through the aggregation of the involved
irreducible fragments as follows:

hy= Y f. (8)

fnE€F(f)

We note that hy contains comprehensive information about the chemical structure
of f, its relationships with surrounding fragments, and the given property control
condition.

4.3.2 Modeling sequential modification steps

With the aggregated embedding vectors, the DeepBioisotere model sequentially mod-
ifies the original molecule, M (see Fig. 7(B)). First, the removal fragment selection
module estimates the probability of removing each fragment. This exclusively con-
siders the allowed removal fragments, satisfying the criteria used during the dataset
construction, as detailed in Section 4.2. For a potential removal fragment f%, the
likelihood is formulated as follows:

p (fFIM, C) o< (¢ (hyr;0r) ), (9)
where ¢(-;0r) is a removal fragment selection module parameterized with 6. After

the removal fragment is determined, our insertion fragment selection module chooses
an appropriate fragment from the predefined library established during the dataset
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generation. The following likelihood guides this selection:
p (F1[M, 7, C) oo (¢ ([hyn|hye] ;0r)) - (10)

Similarly, ¢(-;60;) is an insertion fragment selection module parameterized with 6;.
Thus, the insertion fragment depends on the pre-selected removal fragment, its
surroundings, and the given property control condition, which are included in hyr.
For an insertion fragment with two or more attachment sites, more than one attach-
ment orientations might be allowed. For example, isoindole in the left side of Fig. 7(B)
can be attached to the remaining substructure in two different orientations. In these
cases, a proper attachment orientation should be determined to insert the selected
fragment for desired property control. We enumerate all attachment orientations that
are allowed by the BRICS rules, and then the last module estimates their likelihood:

p(AM R 1, C) o T o(d(enmifa)), (11)

enm€A

where A is an attachment orientation, and ¢ (-;684) is an attachment orientation
selection module parameterized with 6 4. Eq. (11) indicates that each attachment ori-
entation is evaluated based on the respective attaching sites (or edges) under the
assumption that the compatibility of joining two fragments mainly depends on the
local relationship.

4.4 Training DeepBioisostere

As explained in section 4.3.2, DeepBioisostere modifies a given molecule with the
three main modules. To learn the conditional distribution p (M’|M, C) with them, we
devised three loss functions for each module, L emove, Linsert, and Lattach, respectively.
Then, we trained our model with their summation as the final training loss function.

The dataset constructed in Section 4.2 includes only positive data of the ground-
truth removal fragment, insertion fragment, and attachment orientation. To make the
removal fragment selection module likely select the positive removal fragment over
others, we regard other allowed fragments of the original molecule as negative samples
for each pair of bioisosteres in the dataset. We employed the binary cross-entropy loss
to formulate L emove as follows:

Nrgr
1
*‘Cremove = IOgPIIEOS + NiR Z 108; (1 - Pﬁeg)a (12)

R
fneg

where pff = o(¢(hyr ;0r)), PRy = 0(¢(hf5€g;93)), #, is an allowed but negative
fragment from the original molecule, and Ng is the total number of allowed but
negative fragments from the original molecule.

The selection of insertion fragments is more complicated since our model should be
able to retrieve the ground truth among a vast number of potential candidates from the

fragment library. To avoid the inefficiency in evaluating tens of thousands of fragments
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for every data point, we employed the negative sampling strategy inspired by Seo et al.
[60] This strategy samples only a few fragments (20 fragments in this work) with the
probability weakly proportional to their occurrence as negative samples. With this
negative sampling strategy, we formulated Liysert as follows:

N
1
—Linsert = Ingéos + FI Z 10g (1 - p'{wg)’ (13)

I
Freg

where pl,, = U(Qb([hRthpfos];‘gl)), Pheg = a(d)([hRthéeg];HI)), Ny is the number of
negative samples for each positive data. By including negative samples in Eq. (13), we
counteracted the bias towards always preferring more frequently occurring fragments
over less frequent ones.

According to Eq. (11), we estimate the probability of each attachment orientation
as the product of the likelihood of the potential edges to be formed from the attach-
ment. Hence, we devised an edge-based objective function to train the attachment
orientation selection module. For each positive data, we enumerate all the potential
edges allowed by the BRICS rules and classify them into positive and negative ones
according to whether they are included in the ground-truth attachment orientation.
Then, we again set the binary cross-entropy loss in this task:

1 Npos

—Lattach = N Z logpﬁos
pos

pos
€nm

Nneg
Z 1Og(1 _pﬁeg)’ (14)

neg
nm

* Nneg

where pﬁos =o(¢(eP2;0,4)) and pﬁeg =o0(¢p(elle9;04)). Npos and N4 are the number
of potential edges within the positive and negative orientations, respectively.

For training and validation, we split the whole dataset constructed in Section 4.2
into training, validation, and test sets with a ratio of 8:1:1. The dataset was split
according to their insertion fragments so that the three sub-sets share no inser-
tion fragment. Thus, each dataset contains distinct bioisosteric replacements. For the
multi-property control, we used a total of four properties that can be readily computed
based on the structure of a molecule: molecular weight, logP, quantitative estimate of
drug-likeness(QED),[40] and SAscore.[41] The training was finished in no more than
17 hours with a single NVIDIA RTX A4000 GPU for each property control condition.

Details about the training process can be found in the supplementary information.

4.5 Molecular Optimization Process with DeepBioisostere

DeepBioisostere performs optimization with two inputs: a molecule to be improved
and a property control condition. The molecule is first analyzed with the BRICS rules
to obtain its fragment-level graph, and all its substructures are enumerated. Then, we
filter the substructures based on the criteria used to identify MMPs in Section 4.2.2,
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allowing the modification to occur in a small part of the molecule. Thus, a substructure
that contains more than 12 heavy atoms or more heavy atoms than the other parts
of the molecule is not considered in the removal fragment selection. All the allowed
fragments are examined by the removal fragment selection module, yielding the likeli-
hood of each fragment. Based on the multinomial distribution, removal fragments are
sampled according to the desired number of modified structures.

For each selected removal fragment, DeepBioisostere explores the fragment library
to find suitable insertion fragments for property control. Since the chemical modifica-
tion of a certain part should retain its surroundings, molecular fragments with different
numbers of fragmented sites are not considered. In addition, among the corresponding
fragments, only those that satisfy the BRICS rules at the respective removal site of the
original molecule are considered. All the passed insertion fragments are then evaluated
by the DeepBioisostere model, and top insertion fragments are greedily selected. We
note that, during the insertion fragment selection, either their occurrence data from
the MMP database we created or from public chemical libraries like ChEMBL is not
utilized because the differences in their occurrences are implicitly captured during the
training process.

Lastly, the selected insertion fragments are examined in their attachment orien-
tation. The combinations between fragmented sites of the insertion fragment and the
surroundings are enumerated and again filtered with the BRICS rules. The passed
combinations are then prioritized by the DeepBioisostere model, and the insertion
fragments are attached following the selected attachment orientations. More details
about the generation process can be found in the supplementary information.

Data Availability

The code for processing data from the ChEMBL database is available at Github:
https://github.com/ACE-KAIST/DeepBioisostere.git

Code Availability

The code for training DeepBioisostere, sampling molecules, and evaluating the
generated structures is available at Github: https://github.com/ACE-KAIST/
DeepBioisostere.git
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