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SUMMARY: To solve the problem of multiple factors limiting the prediction of organic
reactions in drug synthesis, machine learning is used to achieve more accurate and efficient
reaction prediction and catalyst screening. Firstly, using computers as tools and combining
multidisciplinary knowledge, theoretical simulations and other methods are used to guide and
assist in the design, discovery, and synthesis of new drug molecules. These methods are mainly
divided into three categories based on drug small molecule structure, receptor, and molecular
dynamics. Protein structure determination and docking methods are also introduced. Secondly,
an improved graph convolutional network model is proposed to address the existing model
issues. Firstly, the reactants are transformed into feature matrices, and the improved graph
convolutional network and attention mechanism are used to predict candidate reaction centers.
Then, candidate products are generated by enumerating chemical constraints. Finally, the
improved graph convolutional differential network is used to evaluate and rank the candidate
products. The experimental results show that the accuracy of drug synthesis prediction: on the
USPTO test set, the proposed method model outperforms the WLDN model in any number of
template matches, and the advantage is more pronounced when the number of template matches
is low. In terms of the accuracy index of reaction product prediction, the method proposed in
this paper has the smallest parameter scale, but it is significantly better than other models in
Top-1, Top-2, Top-3, and Top-5 indicators. In terms of protein mechanism analysis, compounds
1 and 2 form multiple hydrogen bonds with the target, and compound 2 has a higher binding
energy than compound 1, but the 1Cso also increases, indicating that changing the substituents
on the branched chain connected to the benzene ring in the structure of fluoroquinolone drugs
can affect drug activity. The above results indicate that computer-aided drug synthesis design
and prediction methods based on graph convolutional neural networks are effective, and the
improved graph convolutional network model performs well in drug synthesis prediction,
providing new ideas and methods for drug synthesis reaction prediction.
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1 Introduction

The discovery of organic chemical reactions in drug synthesis relies on practical experience and
the "chemical intuition” dominated by chemical mechanisms. Experimenters attempt to
qualitatively identify patterns in organic chemical reactions to determine reaction products and
reaction efficiency [1, 2]. However, this method is limited by many factors, including the
complexity of the reaction, the activity cliff, the lack of understanding of the mechanism, and
the difficulty of manually processing big data. Computer based virtual screening has become
an important solution that attracts chemists, mainly because it does not require an understanding
of the mechanism, and compound structures can be characterized by molecular simulation
numerical representations of molecular properties, thereby quantifying the chemical properties
of thousands of candidate molecules. Based on experimental and literature data, virtual
screening can quantify the results of drug synthesis reactions and the selectivity of catalysts
through computer models.

Machine learning has been successfully applied in the field of chemistry for virtual drug
screening, molecular generation, organic reaction prediction, catalyst screening, material
discovery, computer-aided synthesis design, and reaction condition optimization [3]. Linear
regression is a traditional reaction prediction and analysis tool that assumes a linear relationship
between the physical characteristics and reactivity of reactants. It can be used to manually select
input variables based on the mechanism of the reaction, which is in line with the thinking and
statistical approach of data scientists. Hammet's use of linear regression to fit compound
descriptors and outputs in the inference of linear free energy relationships is a representative
work. For a long time, due to the multidimensionality of molecular features and the complexity
of reaction spaces, it has been difficult to generate sufficiently complete and consistent data,
which has limited the development of machine learning in the field of drug synthesis. Nowadays,
High Throughput Experimentation (HTE) has become an effective means to gradually eliminate
this obstacle. Ahneman et al. used methods such as Support Vector Machine (SVM) and
Random Forest (RF) to predict the yield of Buchwald Hartwig coupling reaction in over 4000
high-throughput experimental data. In addition, Zahrt et al. predicted the enantioselectivity of
chiral phosphoric acid (CPA) catalysts in over 1000 reactions using RF. The process of using
computers for virtual screening of chemical reactions involves first extracting simplified
molecular input line entry systems (SMILES) or molecular fingerprints from existing chemical
reaction databases and literature, or using density functional theory (DFT) tools such as
Gaussian to optimize the structure of these molecules and calculate reaction related properties.
Then, molecular descriptors are constructed using these physical and chemical properties, and
appropriate machine learning methods are selected for drug synthesis molecular modeling;
Finally, screen the reactions to be analyzed in the dataset. This method is intuitive and effective
for data scientists, without the need to focus on understanding reaction mechanisms, and has
become a standard process for predicting chemical drug synthesis. The success of this process
depends on two key factors [5, 6]: 1) the selected DFT features or molecular fingerprints, and
the accuracy of the descriptors constructed using them; 2) Is the machine learning method
effective. After decades of development, the prediction of organic reactions related to drug
synthesis is still constrained in these two aspects:

1) For DFT features based on quantum mechanics, selecting features for different reactions
has always been a challenge in predicting drug synthesis, especially in terms of feature selection
for predicting reaction yield and selectivity, which often varies greatly. If the difficulty of
feature selection can be reduced, it will promote the prediction of drug synthesis related
reactions [7]. For sequence features using SMILES and molecular fingerprints, insufficient
expression of three-dimensional (3D) structural information has always been a challenge. This
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is determined by SMILES as a simplified linear representation of molecular structure and the
algorithmic nature of molecular fingerprinting.

2) In the prediction of chemical reactions related to drug synthesis, traditional machine
learning methods such as SVM and RF, and even linear regression methods have always been
mainstreaming. Due to the existence of the ‘curse of dimensionality', as the feature dimension
increases, the required chemical reaction data sharply increases, greatly exceeding the workload
of manual experiments. The emergence of high-throughput experiments has gradually
alleviated this problem. Nowadays, how to apply high-throughput chemical reaction data to
deep learning has become a challenge for data scientists. However, due to the lack of knowledge
in chemistry and relatively scarce reaction data (compared to traditional deep learning
applications such as images, videos, audio, and text), research on deep learning methods in this
field is still rare [8, 9]. Although some work has extracted SMILES from reaction data in
literature and used deep learning methods for prediction, there is still an urgent need to study
how to use deep learning methods for virtual screening of the increasingly accumulated DFT
reaction data.

2 Computer aided drug synthesis design

Computer aided drug synthesis design is a widely used method for drug synthesis design today.
This method is a method that uses computers as tools, based on the research results of life
sciences such as medicinal chemistry, biological enzymology, molecular biology, and genetics,
as well as knowledge of biological macromolecular targets. It guides and assists in the design,
discovery, and synthesis of new drug molecules through theoretical simulation, calculation, and
prediction [10, 11]. This method has the characteristics of fast speed and low cost in predicting
the biological activity of new drugs and studying the molecular structure of new drugs. Due to
the full utilization of the advantages of computers, this method has strong targeting, high
efficiency, and designed drug molecules with strong activity. Currently, it has become an
important method for developing new drugs and an essential program for pharmaceutical
companies.

Combining molecular simulation results with potential drug synthesis design targets
revealed in basic research, including enzymes, receptors, ion channels, and nucleic acids, and
referencing the chemical structural characteristics of other class derived ligands or natural
products, reasonable drug molecular structures are designed, and then these compounds are
synthesized using organic drug synthesis methods [12]. This greatly reduces the blindness and
randomness of new drug development. Computer assisted drug synthesis design can be mainly
divided into three categories: (a) drug molecule design methods based on the small molecule
structure of drugs; (b) Receptor based drug molecule design methods; (c) Molecular dynamics
is a fundamental method for drug molecular design.

This type of method mainly targets drug molecules with unknown receptor structures,
including quantitative structure-activity testing and pharmacophore modeling methods.

(1) Determination of protein structure. It is a method of drug molecule design based on the
structure of drug molecules. The first step of this method is to determine the structure of its
target. Only by determining the target structure can the relationship between the receptor ligand
be understood, and the next step of work can be carried out. Generally speaking, there are two
main methods for determining the structure of proteins: X-ray diffraction and nuclear magnetic
resonance [13]. For proteins with confirmed structures, we can obtain their 3D configurations
from the protein library. For proteins whose structures have not been confirmed or are difficult
to separate using various methods, their structural models can be obtained by establishing
models, which can then be used for research. There are four main methods to obtain unknown
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target protein structures:

(@) The method of homology modeling is a relatively fast way to obtain protein structures.
It is not only used in drug synthesis design, but also in protein-protein interactions and site
directed mutagenesis [14]. Its principle is that if more than 30% of the amino acid sequence in
a protein lacking structural information is the same as that of a homologous protein, then the
structure of the protein can be established based on its homologous protein structure. This
method has not only been used in the past but is also increasingly being applied in many
scientific studies.

(b) The method of identifying folds to determine protein structure was established by Bowie
and his colleagues in 1991 when describing the environment in which amino acid residues
interact with each other. This method estimates the 3D structure of a given protein sequence.
The interaction between amino acid residues and the protein surface region both exhibit
characteristics of helical structure.

(c) The method of protein modeling based on Ab, starting from Ab, is a method of
establishing target structures based on physical principles, residue interaction centers, and a
framework representation of a protein [15]. This method is very useful, especially when other
methods and techniques have failed to predict unknown protein structures, but compared to
other methods for determining protein structures, it is more accurate and precise.

(d) The method of hotspot prediction is also very important in drug molecule design based
on drug molecular structure, which is to determine the active site of the ligand. Although the
position of ligands in the crystal framework structure can be determined by X-ray diffraction to
identify their active sites, this method is not applicable to proteins that cannot form crystals.
Among the current methods for confirming binding sites, FTMAP is a newly invented method
[16]. It uses segmented fragments as probes to explore protein surfaces, predicting possible
drug action sites by identifying the points where the fragments aggregate. Typical hydrogen
bonds and electrostatic interactions between molecules can also be used to predict the
relationship between probes and proteins. In addition, the structure of molecular probes can
also serve as the basis for designing new drug molecules.

(2) The method of docking. There are five main methods for docking in computer-aided
drug synthesis design [17, 18]:

(@) Autodock is a method for docking flexible ligands and rigid 3D structures. It uses a
series of coordinate grids to describe the 3D structure based on the AMBER position, and
calculates van der Waals and Coulomb forces using data generated by the AutoGrid software
package.

(b) CDOCKER, the CDOCKER docking method is a docking calculation method that
maintains the flexibility of all ligands from the perspective of CHARMM. The various
configurations of ligands are the optimal configurations obtained through high-temperature
molecular dynamics simulations based on the original structure of the ligand. During the
docking process, CDOCKER defines the active site through a sphere, so the relevant
information of the binding site cannot be obtained. It can also be said to be a minor drawback
of the CDOCKER docking method.

(c) Flexible docking is different from other methods in that it can maintain the flexibility of
the receptor during the docking process with flexible ligands. The first step in the calculation
process is to determine the structure of the target receptor side chain using the ChiFlex
algorithm. The ChiFlex algorithm generates various protein configurations with different side
chain orientation structures. The second step is to provide configurations with low energy
during the docking process. The LibDock module is used during the docking process to indicate
the most likely binding sites between polar and non-polar groups in the ligand and the protein,
and then eliminate similar ligand configurations [19]. The final step is to optimize and improve
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the ligand configuration with the highest score: the side chains are quenched through ChiRotor
algorithm and CDOCKER structure simulation, and the energy of each ligand is minimized to
achieve the optimization effect. In short, flexible docking can optimize the flexibility of each
side chain. However, flexible docking generally requires a large amount of computer resources
and generates much more data than rigid docking.

(d) LigandFit is a docking method that calculates the interaction energy between receptors
and ligands based on coordinate grids. It plays a crucial role in the morphology of the starting
ligand that matches the binding site of the receptor. The docking of ligands with designated
sites using Li gandFit modules generally requires three key steps [20]: determining the active
site and ligand configuration, docking the ligand with the selected binding site, and scoring the
predicted morphology of the complex.

(e) The method of modeling transmembrane proteins, although there are already several
drugs targeting transmembrane proteins, the bottleneck problem of this method is that
transmembrane proteins are generally difficult to crystallize and their protein structures cannot
be accurately analyzed. Moreover, in addition to considering transmembrane protein modeling,
this method also considers the importance of phospholipid cell membranes. Therefore, the
simple position of phospholipid bilayer membrane should also be considered during the
docking process [21]. In the Discovery Studio 2.5 module of Accelrys, the CHARM stance is
used as the membrane stance.

The main methods of drug discovery include drug synthesis design and drug screening. The
most difficult problem to solve in the process of drug discovery is selecting and discovering a
suitable drug target. Drug targets are biomolecules that have important physiological and
pathological functions, can bind to drug molecules and produce pharmacological effects, and
have specific structural sites. So far, there are about 500 biological target molecules among all
discovered targets, which is relatively fewer compared to other targets. There are relatively
more targets obtained through genetic research techniques, including enzyme targets, ion
channels, G protein coupled receptors, and finally a small number of nuclear receptors. If the
amino acid sequences and genomic data of these drug targets can be fully utilized, existing new
drug development technologies can be used to obtain several times more drugs than the targets.
It can be imagined that the economic benefits it brings are incalculable.

3 Drug synthesis prediction based on graph convolutional
neural network

In order to solve the problems that arise in existing models for predicting chemical reaction
products in drug synthesis, such as the inability to exhaustively enumerate rules in template
methods, frequent atomic non conservation in sequence-to-sequence models, and difficulty in
effectively obtaining global information in traditional graph convolutional networks, an
improved graph convolutional network model has been proposed and has achieved certain
results [22]. There are two basic steps for predicting organic chemical reactions in drug
synthesis: generation of candidate products and screening of candidate products. Firstly, the
chemical reactants are converted into feature matrices and input into the model. By improving
the graph convolutional network and attention mechanism, the location of candidate reaction
centers is predicted, that is, which atomic pairs may experience chemical bond breakage and
combination; Secondly, candidate products are generated based on chemical constraints and
enumeration of candidate reaction centers. By improving the graph convolution differential
network, the candidate products are evaluated and ranked, and the candidate product with the
highest score is the final reaction product.
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3.1 Mapping of reactant characteristics

Consider the given drug synthesis chemical reaction as a pair of molecular diagrams (Gr,Gp),
which can also be defined as G =(v,E). The drug synthesis reactant is defined as G, , the drug
synthesis reaction product is definedas G, , and the atomic setis definedas v ={a,,a,,a,,....a,} .
The set of chemical bonds is defined as E ={b,,b,,b,,...,b,}, Which includes types such as single

bonds, double bonds, aromatic bonds, etc. The reaction center, which refers to the location
where chemical bonds change, is the minimum set required for graph modification from
reactants to products [23]. Each atomic pair (a,,a,) in G, isassociated with a binary reaction
label y,,, and if the relationship between atomic pairs changes, vy, istrue. The node features
of atomic a, andatomic a, aredefinedas f, and f,,and the feature of edge b, between
nodes is defined as f,,. The types of input features for chemical bonds are shown in Table 1.

Table 1: Chemical Bond Input Characteristics

Chemical bond Characteristic Feature Description Feature

characteristics Length P Type
Which type of chemical bond belongs to

Chemical bond 4 single bond, double bond, triple bond, or | One hot

type aromatic bond [single, double, triple, vector
aromatic]

conjugate 1 Is the chemical bond conjugated [0/1] One hot
vector

ring 1 Is the chemical bond on the ring [0/1] One hot
vector

3.2 Convolutional Neural Network Prediction

The improved graph convolutional network molecular simulation drug synthesis prediction
algorithm is shown in Figure 1, which updates the features of nodes through formulas (1) to (5).
In the formula, W ,w,,w, is a cross layer shared matrix variable, 1<1<3, h? ={®, o() are

sigmoid activation functions, and N(v) is the set of all neighboring nodes of node v [24].

O _ {tD * W, -[ hD f
W=t 3 ol [h @
z\(ll) :O-(WZ '[hlglil)’ fuv]) (2)

(O W, - h™ f

= 3o 101 ®

RO — 70 *tanh (W, -[ r2, f,,
0= 3 ranh (v 1 1) @
P =120 g ©)

Due to the fact that graph convolutional network algorithms are generally only suitable for
updating hidden features of nodes within connected graphs, and reactants are generally
composed of multiple molecules, this also means that the input of the algorithm is multiple
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disconnected subgraphs. To solve the above problems, it is necessary to introduce a global
attention mechanism that allows atomic feature information to flow between multiple
disconnected subgraphs.

Input
Q Smiles convert to attributed graph
{ J

Feature Feature Feature
extraction fusion extraction

( Input }—

Figure 1: Improved Graph Convolutional Network Drug Synthesis Prediction Algorithm

Define «,, as the attention value assigned to atom u by atom v, and the higher ¢, , the
more likely atom v and atom u are to be correlated. ¢, and c, are contextual atomic hidden
features obtained by improving graph convolutional networks, c¢,=h® , ¢, =h® . The
reactivity value s, between atom u and atom v can be obtained by the following formulas (6)
to (8), where u,,U,,P,R,M_,M,,M_ isthe matrix variableand b, isan additional eigenvector

used to encode auxiliary backup information about the atomic pair, such as whether the atoms
in the atomic pair belong to the same molecule or the chemical bond type between them [25].

a, = O-(UlTG(PaCu +Pc, + Pbbuv)) ©)
6u = Zauvcv (7)
Suv :G(UJG(MaCu +Macv+Mbbuv+MCCU +MCCV)) (8)

The reactivity value s, can predict the likelihood of chemical bond breakage and
connection between atoms. Select atomic pairs with high reactivity values, list possible
chemical bond combinations between these pairs, and use them to generate candidate drug
synthesis products based on chemical constraints. In step two, the true reaction product is
selected from the candidate products by improving the graph convolution differential network.

3.3 List candidate products

When enumerating reaction centers to generate drug synthesis candidate products, up to five
chemical bonds can undergo changes in the same combination. In addition, when generating
candidate products based on the reaction centers listed, the following chemical constraints must

7



Mu et al.

also be met [26]:

(1) In the same combination, two atoms cannot have multiple types of bond changes directly,
that is, only one type of chemical bond change can occur between atoms. For example, the
chemical bond between two atoms cannot be both a single bond and a double bond.

(2) When testing the valency, the aromatic carbon and oxygen atoms adjacent to the
aromatic nitrogen are considered as ortho hydroxy pyridines when they are connected to form
a carbon group. Carbon based hydroxyl treatment is used to calculate the valence.

(3) When a phosphorus atom and an oxygen atom are about to form a double bond, odd
number verification is performed on the valence of the phosphorus atom. When the sulfur atom
and oxygen atom are about to form a double bond, the valence of the sulfur atom is checked for
even numbers. When the nitrogen atom and phosphorus atom are about to form a double bond,
odd number verification is performed on the valence of the nitrogen atom and phosphorus atom.
When phosphorus atoms and carbon atoms are about to form a double bond, odd number
verification is performed on the valence of phosphorus and carbon atoms.

3.4 Screening of candidate products

Step 2: First, input the drug synthesis candidate product p, into the improved graph
convolutional network to obtain the hidden feature ¢* of atom v in the candidate product p,.
Due to atomic conservation, the atoms in reactants and reaction products are mapped one-to-
one. Therefore, the differential vector d* is defined by formula (9) to focus on the changes
in atomic hidden features [27].

4 = ©

The differential vector ¢!® only deviates from zero when it is close to the drug synthesis

reaction center, so it focuses on processing the reaction center and its neighboring information.
Input the differential vector d® into the improved graph convolutional network, and after L

cycles, obtain the hidden feature d!*" of the differential vector. Add and pool it to obtain the

reaction score, and take the drug synthesis candidate product with the highest reaction score as
the final result. The reaction score is calculated using formula (3-10), where U, and M are

matrix variables [28].

s(p)=U; reIu(M Zdi"“”] (10)

vep

3.5 Predictive Reaction Process

Firstly, the hidden features of nodes are obtained by improving the graph convolutional network,
and then the drug synthesis reaction activity values between atomic pairs are predicted through
attention mechanism. The reaction center is located at the atomic pairs with higher reaction
activity values. The corresponding pseudocode for improving graph convolutional networks is
as follows:

Algorithm: Improved Graph Convolutional Network Algorithm

Input: Atomic adjacency table; Chemical bond adjacency table; Atomic input features;
Chemical bond input characteristics

Output: Atomic Hidden Features

1. Map atomic input features through fully connected layer 1 and sigmoid activation
function.
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2. for i=0; i<3; i++ do

3. Collect adjacent atoms and chemical bond information at a distance of 1st order, and map
them using fully connected layer 2 and sigmoid activation function.

4. Collect adjacent atoms and chemical bond information with a distance of 1st order, and
update the atomic information through summation after passing through the fully connected
layer 3 and sigmoid activation function.

5. Collect adjacent atoms and chemical bond information with a distance of 1st order and
map them through fully connected layer 4 and tanh activation function.

6. a<«a*(—sum(z))+sum(z*r);

7. end for

8. return a

4 Experimental analyses

Molecular simulations were conducted using the Discovery Studio 2.1 (DS2.1) software
package from Accelrys in the United States, and all molecular mechanics and molecular
dynamics simulations were performed under the CHARMmM force field [29]. The initial
structure of small molecules of fluoroquinolone drugs is generated by software packages. Target
(B) was generated by homology modeling, and based on the information obtained from the
experiment, the target Tyr82,179,274,376; Phe87,181,278,375 all have strong interactions with
small molecules, so the active pocket is determined by combining experimental information
with the active pocket provided by the Binding Site module. According to the software program,
small molecules 1-5 are defined as ligands, and molecule B is defined as the receptor. The
Flexible Docking module in the DS2.1 software package is used to flexibly dock the ligand
with the receptor.

4.1 Prediction accuracy of drug synthesis

In the study of predicting drug synthesis reactions, the method model proposed in this article
has unique design and considerations. Specifically, the model focuses only on the first 16 drug
synthesis candidate reaction centers for prediction, which is a strategy made after balancing
computational efficiency and prediction accuracy. In order to visually demonstrate the
performance of the proposed method model, Figure 2 shows the experimental comparison
results with the WLDN model on the USPTO test set [30]. Among them, Top-1 accuracy is a
key indicator, which represents the probability of successful prediction after one prediction.
During the evaluation process, the SMILES string expression of the model's predicted product
will be carefully compared with the actual product one by one. If any matching problem occurs,
it will be judged as a prediction failure. The horizontal axis in Figure 2 represents the number
of template matches for the reaction equation. In the field of drug synthesis, the rarity of
reactions is closely related to the number of template matches. The rarer the reaction, the fewer
template matches there will be. Moreover, the accuracy of all models decreases as the number
of template matches decreases, which is a common rule. However, the method model presented
in this article demonstrates strong competitiveness and outperforms the WLDN model in any
number of template matching scenarios. Especially when the number of template matches is at
a low level, ranging from 5 to 49, or even less than 5, the advantage of our method is more
significant. The leading advantages of Top-1 reach 2.79% and 2.98% respectively, which fully
demonstrates the excellent performance of our method model in predicting complex and rare
drug synthesis reactions.
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Figure 2: Coverage of reaction centers in the model

Table 2 presents in detail the probability of each model in the US Patent and Trademark
Office test set successfully predicting reaction products under different prediction opportunities.
In this test set, there were significant differences in the performance of different models, and
the method proposed in this paper demonstrated unique advantages. The parameter size of the
method model in this article is the smallest among all the compared models. However, its
performance is excellent, with four key indicators of Top-1, Top-2, Top-3, and Top-5, all
significantly better than other models, reaching 87.18%, 91.65%, 93.07%, and 94.15%
respectively. This result fully demonstrates that the method proposed in this paper has strong
predictive ability while ensuring the simplicity of the model. Following closely behind is the
GGCN model, which did not adopt active learning training methods. Nevertheless, it achieved
good results in the Top 1, Top 2, Top 3, and Top 5 indicators, reaching 86.72%, 91.13%, 92.97%,
and 93.81%, respectively. However, there is still a certain gap compared to the method
presented in this article. This further highlights the effectiveness and progressiveness of this
method in the field of reaction product prediction.

Table 2: Accuracy of Reaction Product Prediction

Model name Parameter scale | Top-1[%] | Top-2 [%] | Top-3 [%] | Top-5 [%]
Seq2Seq 3.0x107 80.23 84.65 86.15 87.43
WLDN 2.6%<106 85.56 90.48 92.70 93.38
GGCN 2.4%106 86.72 91.13 92.97 93.81
Proposed method 2.4>106 87.18 91.65 93.07 94.15

4.2  Analysis of protein action mechanism

Taking into account the different conformations of all ligand molecules, multiple different small
molecule conformations obtained by flexible docking are comprehensively considered, taking
into account the Libdockscore, Cdocker Energy and Cdocker Interaction Energy of the ligand
receptor complex, the score of the professional scoring function in the software program, and
the formation of hydrogen bonds between the two. Finally, the optimal drug small molecule
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docking conformation is selected. Among the amino acid residues within the 10A range
centered on compound 1, there are only two hydrophilic amino acid residues: aspartic acid
(Asn378) and glutamine (GIn384), while the majority are hydrophobic amino acid residues,
indicating that the drug molecule of compound 1 is in a stable hydrophobic environment. The
results of molecular simulation indicate that the interaction between compound 1 and the target
is not only hydrophobic, but there are some polar amino acid residues in the target molecule
that can stabilize the position of compound 1 in the active pocket through hydrogen bonding
and electrostatic interactions. The specific information of hydrogen bonds is shown in Table 3.

Table 3: Bond length and angle information of compound 1 forming an ammonia bond with

the target

X...H-Y d(X...H) d(H-Y) d(X...Y) (XHY)
Ser247:0G-HG...028 2.459 0.950 2.673 92.351
Ser247:0G-HG...029 2.487 0.950 3.294 142,797
Met268:0...H54...028 2.019 0.947 2.547 113.365
Ser272:0G-HG...029 2.148 0.951 2.647 111.335
Ser272:N-HN...028 2.405 1.007 3.002 117.163
Tyr372:0H-H53...N25 2.376 1.015 3.378 169.057

It can be seen that compound 1 forms six hydrogen bonds with the target. From the
hydrogen bond parameters, the strong hydrogen bonds formed between the potassium ion
channel protein A chain and Ser247, Tyr372 play a significant role in the stability of the
conformation. According to theoretical calculations, when considering the implicit solvent
model of the entire system as Generalized Born with Molecular Volume (GBMV), the binding
energy (i.e. Binding Energy) between the amino acid residues in the active pocket and the small
molecule Moxifloxacin of compound 1 is -47.03459 (Kcal/mol).

Compound 2 is a novel broad-spectrum antibacterial drug that modifies the functional group
on the original side chain based on the structure of Compound 1, replacing the methyl group on
the methoxy group with two fluorides. Following the research method of compound 1, the
optimal conformation of compound 2 in the active pocket of potassium ion channel protein was
obtained, as shown in Figure 4.3 (a). Both compound 2 and compound 1 can be located in the
active pocket of potassium ion channel protein. Figure 4.3 (b) shows the interaction between
compound 2 and the amino acid residues surrounding the active pocket. Among the amino acid
residues within the 10A range around compound 2, only two are hydrophilic: Asn378 and
GIn384. The rest are mostly hydrophobic amino acid residues, indicating that the
hydrophobicity of the potassium ion channel protein active pocket where compound 2 and
compound 1 are located is good. At the same time, it also indicates that the hydrophobic
environment plays a certain role in the efficacy of compound 2 and 1 drug molecules.

When delving into the interaction mechanism between the target protein molecule and
compound 2, we discovered a series of interesting and crucial hydrogen bonding phenomena.
In addition to some known interaction modes, the hydrogen bonding between specific amino
acid residues in the target protein molecule and compound 2 is particularly noteworthy. Ser272,
an amino acid residue in the target protein molecule, exhibits unique chemical activity. The
hydroxyl O atom contained in it, with its own electronegativity, is easy to establish hydrogen
bonds with the fluorine atom on the benzene ring in compound 2. The formation of this
hydrogen bond is not accidental, but based on the mutual adaptation of electronic distribution
and spatial structure between the two. Fluorine atoms have strong electronegativity and can
attract hydrogen on hydroxyl O atoms, forming stable hydrogen bonding connections. This
interaction enhances the binding stability between proteins and compounds to a certain extent.
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At the same time, the hydroxyl H atom in Ser344 is not to be outdone. It can form hydrogen
bonds between F22 substituted methyl groups on complex 2. The special structure of F22
replacing methyl provides suitable binding sites for hydroxyl H atoms, enabling the smooth
formation of hydrogen bonds. This hydrogen bonding interaction may play an important role
in regulating the binding conformation between proteins and compounds, and affecting
biological activity. In order to present the specific information of these hydrogen bonds more
clearly, we have recorded them in detail in Table 3. Through Table 3, we can intuitively
understand key parameters such as the types of hydrogen bonds, atoms involved in their
formation, and bond lengths, providing important data support for further in-depth research on
the interaction between target protein molecules and compound 2.

Table 3: Bond length and angle information of compound 2 forming hydrogen bonds with the

target
X...H-Y d(X...H) d(H-Y) dX...Y) (XHY)
SER344:0G-HG...F22 0.95164 2.4054 2.89496 111.653
SER272:0G-HG...F24 0.95170 2.1089 3.00071 155.464
N27-H53...0G:SER344 1.01161 1.86525 2.5968 126.427

From the table, we can see that the hydrogen bond formed between the amino acid residue
SER272 and compound 2, Chinfloracin, is stronger. The formation of hydrogen bonds increases
the stability of compound 2 in the active pocket of the target protein. According to theoretical
calculations, when considering the implicit solvent model of the entire system as GBMV, the
binding energy between the two is -74.60917 (Kcal/mol). The binding energy between
compound 1 and the target protein is greater than that of compound 2, indicating that compound
2 is more stable than compound 1. However, the ICso (162.1) of compound 2 is larger than the
ICs0 (76.9) of compound 1, which is inconsistent with the experiment. The possible reasons are
as follows:

Before replacing with fluorine, the O and H atoms on the carboxyl group of the drug
molecule were more likely to form hydrogen bonds with amino acid residues on the target
protein, and the number of hydrogen bonds was relatively high. However, after replacing the
methyl group with fluorine, the F atom on the benzene ring of the drug molecule and the F atom
on the substituted methyl group were more likely to form hydrogen bonds with amino acid
residues on the target protein. The position and functional group of hydrogen bonds formed
between the compound molecule and the target protein changed, and the number of hydrogen
bonds formed was three fewer than that of compound 1. So the combined effect of hydrogen
bonding and binding energy resulted in an increase in the ICso (162.1) of compound 2 compared
to compound 1 (76.9). Changing the substituents on the branched chain connected to the
benzene ring in the structure of fluoroquinolone drugs has a certain impact on the activity of
the drug.

5 Conclusion

5.1 Main tasks

This article focuses on key issues in drug synthesis, aiming to use machine learning to achieve
more accurate and efficient reaction prediction and catalyst screening. The main work is carried
out in the following two aspects: on the one hand, it deeply explores computer-aided drug
synthesis design. This method uses computers as tools, integrates multidisciplinary knowledge,
and utilizes theoretical simulations to guide and assist in the design, discovery, and synthesis of

12



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

new drug molecules. It has the advantages of fast speed, low cost, strong targeting, high
efficiency, and highly active drug molecules designed, and has become an important method
for new drug development and a necessary procedure for pharmaceutical companies. This
method is mainly divided into three categories based on drug small molecule structure, receptor,
and molecular dynamics. Multiple methods for determining protein structure and docking are
also introduced, providing comprehensive theoretical basis and technical support for new drug
design. On the other hand, in response to the problems of existing models in predicting chemical
reaction products in drug synthesis, such as the inability to exhaustively use template
regulations, atomic non conservation in sequence to sequence model prediction results, and the
difficulty of traditional graph convolutional networks in effectively obtaining global
information, an improved graph convolutional network model is proposed. The model first
converts the reactants into feature matrices, uses an improved graph convolutional network and
attention mechanism to predict candidate reaction centers, then generates candidate products
based on chemical constraints enumeration, and finally evaluates and ranks the candidate
products using an improved graph convolutional differential network. The experimental results
show that on the USPTO test set, the proposed method outperforms the WLDN model in any
number of template matches, especially when the number of template matches is low; In terms
of the accuracy index of reaction product prediction, the method proposed in this paper has the
smallest parameter scale, but it is significantly better than other models in the Top 1, Top 2, Top
3, and Top 5 indicators. In addition, the analysis of protein action mechanism indicates that
changing the substituents on the branched chain connected to the benzene ring in the structure
of fluoroquinolone drugs can affect drug activity.

5.2 Future research directions

In the field of drug synthesis, which is full of challenges and opportunities, although this article
has achieved certain phased results, such as breakthroughs in simplifying some drug synthesis
routes and exploring preliminary design ideas for new drug molecules, there are still many
urgent problems to be solved in the two core directions of optimizing drug synthesis routes and
designing new drug molecules. At present, drug synthesis routes often have drawbacks such as
cumbersome steps, high costs, low yields, and unfriendly environments, which seriously restrict
the large-scale production and widespread application of drugs. In terms of new drug molecular
design, there are challenges such as improving drug targeting, reducing toxic side effects, and
enhancing drug stability. To overcome these challenges, in-depth research can be conducted
from the following two key aspects in the future. On the one hand, it is necessary to
continuously optimize and improve graph convolutional network models. Currently, graph
convolutional networks have shown great potential in the field of drug synthesis, but their
accuracy and generalization ability still need to be improved in predicting the products and
selectivity of complex drug synthesis reactions. By introducing more advanced algorithms,
increasing data diversity, and optimizing model structure, the predictive accuracy of the model
can be further improved, providing a more reliable basis for optimizing drug synthesis routes.
On the other hand, it is crucial to strengthen deep cross disciplinary integration with disciplines
such as chemistry and biology. Chemistry can provide rich information on reaction types and
material structures, while biology helps to deepen the understanding of the interaction
mechanisms between drugs and organisms. By fully utilizing interdisciplinary knowledge and
experimental data, in-depth exploration of the mechanisms and laws of drug synthesis reactions
can provide a more solid theoretical foundation and more effective design strategies for the
molecular design of new drugs. Through continuous exploration and innovation, we aim to
promote the development of drug synthesis technology to a higher level. We hope to achieve
green and efficient drug synthesis routes, design more safe and effective new drugs, provide
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stronger support for new drug research and development, and ultimately benefit patients.
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