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Abstract: Wik the development of artficial intelljgence information fechnology in biomedicine, the traditional practice

of drug development Is gradually replaced by machine learning. In drug developmens, drug screening and target protein

Identification are the keys to modern drug development. However, the traditional comparative experiments are limited by

e figh througlput, low precision and /iglh cost of biological experimerntal methods, and the screening and prediction gf
a large nunmber of drug rargels fiave a certain degree of blindness, which is djfficuls to be widely carried out in practical
applications. In contrasi, machine learning lias powerfitl intelljgent information processing recinology capabilities such as

data mining and mathematical Stlsucs. By simulating and predicting e inferaction benwveern drugs and targers tirougl

machine learning, if can reduce research and developnens cosrs, shorfen the time of new drug developmernt, and reduce the

Dlindness of new drug developmernt, whic/ is of grear significarnce for the development of new drugs and the inprovement
of liuman medical level, In this paper, a powerfil deep learning classification model (SVM) is proposed to predict drug-

rarger interactions, achiieve efficient prediction of multi-source and high-dimensional data, and make grear progress in

reducing research and development costs, shortening research and developmenr cycles, and improving experimental
accuracy.
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1. INTRODUCTION

Drugs have always been the most important means to prevent and treat diseases, but the discovery of drug targets
and the correct screening of drugs is a very difficult process. This reflects the strength of a country's medical
science and technology. How to use machine learning for drug screening and targeted prediction has a positive
role in promoting the country's medical status in the world, and also plays a supporting role in the steady
development of social health [1-3]. At present, all kinds of epidemic viruses threaten the life and health of people
around the world, and the discovery of drug targets of viruses as soon as possible is also of vital importance for
the research and development of virus specific drugs.

Traditional methods have not been able to make drug screening discovery as expected, but science and technology
are changing with each passing day. With the rapid development of information processing technology, intelligent
computing technology has emerged [4], and neural networks, pattern recognition and other technologies have
emerged. Many researchers are beginning to use machine learning and statistical methods to solve drug design
problems, which is called computer-aided drug design and has played a large role in the development of new drugs.
Using computer virtual technology to discover the relationship between drug screening and target prediction as
the theoretical basis for the synthesis of new drugs, so as to solve the drawbacks of long time, high cost and low
success rate of traditional pharmaceutical.

In the technical [5-7] background of computer-aided drug research, with the continuous accumulation of
biomedical data, it is possible to apply machine learning to the prediction of drug-drug interaction. In recent years,
machine learning has been successfully applied in the fields of image recognition and natural language processing,
has also made good achievements in the field of bioinformatics, and has shown good application potential in drug-
drug interaction prediction tasks. With the continuous accumulation of biomedical data, a large number of
biomedical data sets have become increasingly rich, so that machine learning methods can rely on rich data sets to
automatically learn features, transform simple features into rich and effective features, and use these effective
features to more accurately predict drug-drug interactions. This avoids the cumbersome, time-consuming and
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costly disadvantages of clinical trials, making it possible to use previously accumulated biomedical data to predict
potential drug-drug interactions quickly and efficiently.

2. RELATED WORK

In the field of bioinformatics, a drug target is a biomacromolecular structure that can interact with drug molecules
and has pharmacodynamic functions. The traditional research method is to screen the molecular information of
drug targets and analyze the complex process of protein information through bioinformatics and protein chip
technology. With the rise of bioinformatics, the combination of traditional biological experiments and computer
intelligence information processing technology [8] provides a new direction for the prediction of drug-target
interaction.

Now this paper will use SVM technology to carry out experiments based on the background of machine learning.
2.1 Machine learning

Machine learning core is to make machines mimic humans and have a human way of thinking. The operation mode
of the machine learning can be summarized as two steps, first of all the given training data set Xt#ain,through
learning system model [(x), then use models to test data set Xtest forecast, its purpose is to find a particular
pattern| hidden in the data (X) And uses this particular model to make inferences about the new data [ (xnew).
Machine learning can be divided into supervised learning and unsupervised learning by training whether the data
set has annotation information. The representative models [9-10] of supervised learning include classification and
regression tasks, and the typical models of unsupervised learning include clustering tasks. Semi-supervised
learning is a learning method that uses labeled and unlabeled data to build models. Applications in this area are in
great demand because in reality, a large number of unlabeled samples can often be collected and the cost of labeling
these samples is huge, and semi-supervised learning can solve this problem.

Supervised learning is the most widely used and rich machine learning method at present. For example, support
vector machines (SVM), logistic regression, decision trees and other common algorithms belong to supervised
learning. In this paper, SVM is mainly used to develop practice. The following is the flow chart of drug screening
and target prediction in machine learning.

@ o @il

Figure 1: Machine learning flowchart in drug screening

Machine learning combines steps to collate and collect data, match suitable machine learning algorithms, build
models, and test and verify the reliability of models. Currently [11], machine learning methods are mainly applied
to chemical genomic databases containing standardized annotated information. Commonly used prediction
methods include MT-QSAR, Nidhi's multi-class naive Bayes algorithm prediction model, Niwa's probabilistic
neural network prediction model, Wale's ECFP-4 molecular fingerprint descriptor prediction method and
Koutsoukas prediction model constructed by two probabilistic algorithms. An important step in the drug discovery
process is determining the interaction between a drug and a target, such as a gene, which can be reliably performed
through in vitro experiments.
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Figure 2: Machine learning main method frame diagram

Machine learning can reduce time and money costs, rather than depleting in-vitro search, virtual screening is
performed first, followed by experimental validation of potentially viable options.Machine learning is good to
reduce the cost of human and material resources and accelerate the speed of drug research and development, and
is one of the most commonly used and important technologies in the field of drug research and development.

2.2 Comparison of traditional methods and machine learning in drug screening and targeted prediction

Traditional drug screening uses allopathic therapy, a treatment that has been highly successful in fighting the
disease, but it also comes with high drug development costs that place a heavy financial burden on patients and
health care systems. Because the candidates for potential drugs are so diverse, drug development requires a lot of
synthesis, trial and error. Not only are costs increasing dramatically all the time, but they are also very unfriendly
to the environment. Therefore, many computer-based methods [12-16] are used for lead compound discovery and
optimization, including molecular docking, pharmacophore modeling, decision forest, and comparative molecular
field analysis. The application of machine learning algorithms in drug discovery is not limited to specific steps,
but throughout the entire process. The great potential of machine learning algorithms in drug screening and
development, and current extensions of machine learning are based on the concept of multi-layer artificial neural
networks that accelerate the drug discovery process. No doubt this could help chemists in their quest for new drugs.
Overall, machine learning is a highly regarded approach in the field of modern drug screening and development,
and as the machine learning toolbox continues to evolve, drug screening is also becoming more economical and
environmentally friendly.

Targeted therapies are specific biomacromolecules within cells that can interact with drugs, and more than 98% of
drug targets are proteins. However, due to the lack of understanding of the target and other reasons, although the
number of drug targets in the human genome is [17-19] 6000-8000, which is difficult for traditional targeted
prediction methods, machine learning is able to find information in complex data and make predictions on large-
scale data. Machine learning-based approaches can infer function directly from sequence and structural
information of drug molecules or target proteins. Molecules with similar functions often exhibit common
properties in sequence and structure, and machine learning is very good at capturing the relationships between
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these features and functions. Machine learning can simulate human thinking, constantly learn the relationship
between drugs and targets from existing DTI, build a model, and then use the model to make predictions about
new DTI. Therefore, more and more researchers have developed a variety of DTI analysis methods based on the
principle of machine learning to predict the pharmacological effects of drugs and target molecules.

2.3 Support vector machines (SVM)

SVM is a supervised learning algorithm that maps instances (or data points) to a high-dimensional space so that
different classes of instances can be separated by as wide a gap as possible. SVM has been widely used in the field
of gene classification, such as identifying tumor-related genes and predicting gene function [20]. By combining
with DNA sequence features and protein sequence features, SVM can realize efficient gene classification. SVM
can be used to predict the structure and function of proteins, such as secondary structure prediction and subcellular
localization prediction. By encoding the protein sequence and combining information such as the physical and
chemical properties of amino acids, SVM can accurately predict the structure and function of proteins. SVM can
be used in biomedical text mining, such as gene named entity recognition, drug interaction prediction and so on.
By extracting features from biomedical texts, combined with natural language processing techniques, SVM can
help researchers quickly obtain relevant information.
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Figure 3: Support vector machine (SVM)hyperplane example diagram

3. METHODOLOGY

Topic: Based on machine learning, support vector machine model was used for drug screening and target prediction
experiments.

3.1 Experimental model

Support vector Machine (SVM): In this experiment, we used a simple support vector machine model to perform
protein-protein interaction experiments in drug screening and target prediction. The experiment is divided into
training set and test set. The training set is composed of 70% positive and negative samples, and the test set is
composed of 30% positive and negative samples [21]. In this experiment, the training set will be cross-validated
10 times, and the optimal parameters of SVM will be determined, and the key characteristic attributes of protein-
protein interaction will be found through special diagnosis, which will help drug screening and target prediction.
Finally, on the basis of determining the combination of parameters and optimal protein features, the experimental
results were evaluated by SVM model and test set.

3.2 Experimental process
Data preparation: (from the ProtInDB database (http://protindb.cs.iastate.edu). For ligand-protein complexes, this

paper integrated Binding MOAD database, PDBbind database, and 2P21 (versionl). The UniProt database extracts
the data and downloads the sequence information corresponding to the protein.
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Data preprocessing: LPC calculation method was used to obtain the binding sites of small drug molecules and
proteins. Compare the protein interaction interface with the ligand-protein interaction site. If there is overlap
between the interface and the ligand protein binding site, this set of data is retained. In the end, by mapping the
protein-protein complex to the protein-protein interaction, we ended up with 210 pairs of data as our positive
sample containing 301 protein-protein complexes [22], 466 protein chains, and 282 small molecules. BLASTP
algorithm was used to calculate the sequence similarity of protein-protein to PDB complexes in protein-protein
interactions (parameter Settings: ties&GT; 80, e-value &LT; 1e-5). Ultimately, And 1212 pairs of protein-protein
interactions were retained as negative samples for the study.
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Figure 4: Frequency distribution of 20 amino acids at the protein-interaction interface in a positive sample
Build models: Build support vector machine models using Python and deep learning frameworks.

Network training: Input pre-processed positive and negative sample data into support vector machine model for
training. Optimize the model parameters by minimizing the loss function. The samples were divided into training
set and test set, in which the training set was composed of 70% of positive and negative samples, and the test set
was composed of 30% of positive and negative samples. The training set is cross-validated by 10 times to
determine the optimal parameters of support vector machine.

Model evaluation: Evaluate the trained SVM [24] model using a separate set of retained data from the test set and
calculate the accuracy of the SVM model.

3.3 Experimental algorithm

We vectored the targetable protein-protein interaction (pp?) to f (p'p?), where f (p'p?) represents the
characteristics of the protein-protein complex involved in the protein-protein interaction.

The characteristics we selected were: amino acid frequency characteristics; Physical and chemical characteristics;
Structural characteristics; Temperature factor characteristics; Drug action protein characteristics. Jacobi similarity
of the respective drug target proteins.

Formula:
ASAgc = (ASAy — ASA¢)/ASAy (1)
Dlg¢ = (DI — Dly)/DI¢ )
Plgc = (Ply — Pl¢)/Ply @)
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ASA,, represents the polar surface area before protein chain binding, and ASAg, represents the relative polar
surface area. DI,, represents the depth index before protein chain binding, DI represents the depth index after
protein chain binding, DI, represents the relative depth index. PI,, protein chain before binding the lower bulge
index, PI,, protein chain after binding the lower bulge index, Pl representing the relative bulge index.

According to the results of the prediction model, we need to establish evaluation indicators for the results. Here,
we use the following indicators: accuracy, recall rate, F1 rating:

TP

Precison = 4)
TP+FP

Recall = — (5)
TP+FN

F1 =2t (6)

T
Accuracy = —— @)
TP+FP+FN+FP

3.4 Practical Conclusions

In this practice, SVM and F-value feature selection methods are used to identify key feature attributes that predict
the targetability of protein-protein interactions. By comparing the learning results of all features, the top 40 features
of F-value ranking and the 40 feature vectors mapped by principal component analysis, it can be seen that the
prediction accuracy of the top 40 features of F-value ranking is 5% lower than that of learning features, and the
recall rate is 5% lower than that of learning all features.

Table 1: Sample classification results based on different characteristics

Trait Precision Recall F1 Accuracy
All characteristics 0.92 0.92 0.92 0.92
Feature score (Top 40) 0.87 0.87 0.87 0.87
Feature score (Top 60) 0.90 0.90 0.90 0.90
Principal Component Analysis (Top 40) 0.87 0.88 0.87 0.88
Principal Component Analysis (top 60) 0.89 0.90 0.90 0.90

The first three F-values are drug targets acting on proteins, temperature factors of amino acids at the protein-
interaction interface, hydrogen bonding at the protein-interaction interface, and hydrophobic interactions.

It can be inferred that if the protein does not have a three-dimensional structure, then based on the similar target
of drug action, we can study the targeting of protein-protein interactions by analyzing the drug target of the protein
and using the three-dimensional structure of the target. Greatly shorten the drug development cycle.

Compared with the traditional comparative experimental method, the SVM model using machine learning has
higher accuracy, more accurate practical data and greatly shortened cycle [23-25]. Standardized high-precision
algorithms and models and standardized target prediction data can explain the interactions between different drug
proteins, which is more conducive to drug screening and accelerate the time of drug development. However, the
research and development of traditional drugs often requires a lot of manpower and material costs and a long time
of comparative practice, but the application of machine learning in medical information technology has solved
such problems well.

In conclusion, machine learning research in drug targets and drug screening has significantly reduced the cost and

cycle time of biological experiments. It also has the advantages of higher accuracy, efficiency, standardized
reporting and personalized interpretation.

4. CONCLUSION
In conclusion, with the accumulation and availability of more and more data on the molecular structure of drugs,

target activity and other properties, as well as the development of computers, powerful data mining capabilities
based on machine learning are used to overcome traditional drug screening methods, which has the potential to
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help doctors more accurately screen drugs and target prediction, greatly improving the efficiency and progress of
pharmaceutical research and development. Machine learning algorithms can learn and mine data from a large
number of medical literature data, drug molecular structure, targeting activity, and protein interactions to help
research and development workers better screen drugs through algorithms. Machine learning-driven drug research
and development more effectively shortens the drug research and development cycle and reduces the cost of drug
research and development. Improve the success rate of late drug development. Compared with traditional
experimental methods used to study drug targets and their interactions, traditional research methods are both
expensive and time-consuming [26-27]. Due to the multi-mapping of drug-target interactions and the confounding
nature of such interactions, the research and development cost, research and development cycle and research and
development accuracy are faced with great difficulties. Computational predictors at the human proteomic level
through machine learning can reduce the time and cost of identifying drug targets. The SVM used in this practice
is particularly useful in the identification of drug targets and the prediction of their interactions.

In the future, with the continuous progress of artificial intelligence, its application in the medical field will be more
extensive and in-depth. Machine learning method is better than the method based on sequence alignment, because
it takes into account the hidden similarities between features when generating prediction models, and integrates
different types of features or attributes to get more accurate predictions. Developing computational methods that
can accurately predict drug targets is one of the initial stages of drug development and will also help to reap benefits
at a later stage. So the future with machine learning in predicting drug targets and their interactions is very bright.
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