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Identification of protein–ligand binding sites plays a critical role in drug discovery. However, there is still a lack of targeted drug prediction for DNA-binding proteins. This study aims at the binding sites of DNA-binding proteins and drugs, by mining the residue interaction network features, which can describe the local and global structure of amino acids, combined with sequence feature. The predictor of DNA-binding protein–drug-binding sites is built by employing the Extreme Gradient Boosting (XGBoost) model with random under-sampling. We found that the residue interaction network features can better characterize DNA-binding proteins, and the binding sites with high betweenness value and high closeness value are more likely to interact with drugs. The model shows that the residue interaction network features can be used as an important quantitative indicator of drug-binding sites, and this method achieves high predictive performance for the binding sites of DNA-binding protein–drug. This study will help in drug discovery research for DNA-binding proteins.
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1 INTRODUCTION
DNA-binding protein plays a crucial role in many biological processes, such as regulating gene expression, DNA duplication, DNA recombination, DNA repair, histone modification, and other biological activities associated with DNA (Ptashne, 2005; Audia and Campbell, 2016; Luscombe et al., 2000). Identifying these proteins is beneficial to find out the cause of disease for most medical researchers, which helps them pinpoint the cause of the disease. BRD4 is a DNA-binding protein that has attracted wide attention in the field of anticancer drugs. The suppression of BRD4 is not only an effective way to cut off the communication between super-enhancers and target promoters but also represses the expression of oncogenes subsequently, which is related to cancer cell death (Lu et al., 2020). DNA-binding protein 43 is the culprit for amyotrophic lateral sclerosis (ALS). The unusual accumulation of DNA-binding protein 43 in motor neuron cells leads to neurotoxicity, which is a pathological hallmark of several other neurodegenerative diseases (Watanabe et al., 2020). Another research has found DNA-binding protein A (dbpA) may be a new and effective therapeutic target, which is useful for colorectal cancer (CRC). The downregulation of dbpA is a pivotal method to inhibit cell proliferation and induce cell apoptosis as well as cell cycle arrest in cancer cells because it can not only restrict the growth of tumor but also improve the drug sensitivity of CRC cells in vivo (Tong et al., 2020). These studies have shown that DNA-binding proteins exist in living cells widely and participate in many cell activities. Then, the predictive studies of DNA-binding proteins are key tasks in drug development and treatment of diseases for most researchers (Rahman et al., 2018; Wang et al., 2021).
With the continuous development of biotechnology, it has become important to understand protein functions and drug discovery to predict the protein–ligand binding sites. In the past years, structure-based, sequence-based, and hybrid system method (both sequence and structure characteristics), etc. were used to predict protein–ligand binding sites, among which the ligand binding sites of the established 3-demensional protein structure can be effectively forecasted by structure-based methods (Xie and Hwang, 2015; Allen et al., 2015; Wu et al., 2018). The molecular docking has also been widely regarded for its function in finding ligand binding sites (Wu et al., 2018). Considering the protein structures are few in number to satisfy the growing demand, sequence-based methods were applied in predicting the protein–ligand binding sites directly (Yang et al., 2013; Ding et al., 2017; Zhao et al., 2019). For instance, Ding (Ding et al., 2017) obtained the position-specific scoring matrix feature through the protein sequence, and subjected the feature to discrete cosine transform, and then obtained the PSSM–DCT feature, and finally used under-sampling and ensemble classifier to build a prediction model. In addition, there are some methods that combine sequence and structure information to obtain better performance of prediction (Liu and Hu, 2011; Lu et al., 2019). For example, HemeNet (Liu and Hu, 2011) has demonstrated that hybrid models working together will achieve a better performance in specific prediction of HEME binding residues than that of single prediction.
It is known that structure method and structure/sequence method can predict the results accurately than sequence method. But, due to the lack of three-dimensional structures, this structure/sequence-based method and structure-based method is limited. Herein, we attempt to invent an innovative computational method which is based on DNA-binding protein sequences and network topological characteristics to identify drug-binding sites. Also, although these advancements have been made in protein–ligand binding sites predictions, the research level in predicting DNA-binding protein–drug ligand binding sites is still at the initial stage. At the same time, the research studies on the DNA-binding protein–drug-binding sites based on bioinformatics method are very few at present. We manually screened 120 DNA-binding protein–drug complexes to construct the data set for this study. Also, we look forward to clarifying the intrinsic correlation between DNA-binding protein and drug interactions through identifying the drug-binding sites of DNA-binding proteins.
In this study, we consider three popular classifiers (XGBoost, SVM, and CART) for conducting research on the prediction of drug-binding sites using the DNA-binding protein–drug complexes. To search the most suitable predictor, three different machine learning methods (XGBoost, SVM, and CART) are used to predict the binding sites for drugs comparatively by utilizing the DNA-binding protein–drug complexes, and the best one is chosen by us. Through comparative research, the 20-dimensional position-specific scoring matrix feature and the 7-dimensional residual interaction network feature as a preferable feature set are selected to improve the proposed predictor. The XGBoost-based method proposed in this study shows better AUC and ACC scores on either the training data set or the independent data set. The working flowchart of the proposed DNA-binding protein–drug-binding sites prediction method is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Flowchart of DNA-binding protein–drug-binding sites prediction. Red represents the independent set data, blue represents the training set, light blue, and yellow represent the positive and negative sample data of the training set, respectively. A reference data set of 120 DNA-binding protein–drug complexes is generated from sc-PDB. The characteristic set is composed of network and sequence feature, and a prediction model is constructed by XGBoost. Finally, the performance of the training data set and the independent data set is evaluated.
2 MATERIALS AND METHODS
2.1 Datasets
In this study, the DNA-binding protein–drug complexes were derived from the sc-PDB database (Kellenberger et al., 2006). Until now, sc-PDB contains 16034 entries, which correspond to 4782 different proteins and 6326 different ligands. We obtained 17460 protein complexes from sc-PDB. After testing the consistency and deleting the redundancies, we obtained 120 DNA-binding protein–drug complexes, which include 107 drugs and 120 DNA-binding proteins.
A molecule is regarded as a ligand when it meets the following requirements: 1) it is not a water molecule, but is a small molecular weight molecule, such as drug, nucleotide, and endogenous ligand; 2) it has a limited solvent exposure to the surface. There is at least one residue atom less than 6.5 Å for any ligand atom; or 3) it does not covalently bind to peripheral proteins. Among them, the corresponding binding sites are formed by all DNA-binding protein residues with one or more atom within 6.5 Å of any drug atom. Therefore, 3853 binding sites were extracted from the protein–drug targets.
Among the total 120 DNA-binding protein–drug complexes containing 3,853 binding sites, a random sample (non-replacement) of 100 DNA-binding protein–drug complexes is chosen to train a model which contains 3,229 binding sites. These remaining 20 DNA-binding protein–drug complexes are used as independent test sets which contained 624 binding sites. The binding sites verified by experiments are represented as positive samples (i.e., binding sites), and all the remaining residues are labeled as negative samples (i.e., non-binding sites). To deal with the problem of class imbalance, sample scaling is the most direct method. We used random under-sampling method to select non-binding sites from all negative samples, and constructed a training set with a ratio of 1:1 for positive and negative samples to train the model.
2.2 Feature Extraction
2.2.1 Position-Specific Scoring Matrices
There are some results showing that sequence-based calculation methods are of great use to predict binding sites (Wang et al., 2017; Wang et al., 2019c). The evolutionary information of the protein sequence is encoded by the position-specific scoring matrix (PSSM). The PSSM of each sequence uses PSI-BLAST (Altschul et al., 1997) to perform three iterations in the non-redundant protein sequence (nr) database, and the E-value is 0.001. PSSM is an L × 20 matrix, where the L row indicates the L amino acid residues contained by the protein sequence, and the 20 columns are the probabilities that each residue mutates to 20 local residues. The matrix is presented as follows:
[image: image]
where the characteristics of each individual amino acid residue are described, and the PSSM feature has 20 dimensions.
2.2.2 Residue Interaction Network Features
In the work of Wang et al. (Wang et al., 2019b; Wang et al., 2019a), we find it is closely related to the structural environment for the nucleic acid-binding protein. Instead of the nucleic acid sequences, local DNA and RNA structures are recognized by many proteins, such as G-quadruplexes, i-motifs, triplexes, left-handed DNA/RNA form, and many others. In addition, the studies of Bartas et al. have shown that protein structure depends on amino acid interactions (Bartas et al., 2021). Therefore, it is a great challenge to utilize these useful features to predict drug-binding sites, especially when the amino acids’s functional role is not fully recognized by the researchers currently. To deal with this conundrum, a residue interaction network is employed to depict protein structure in our work.
Residue interaction network (RIN) can represent the structure of a protein as a network, where amino acid residues are nodes, and the amino acids that interact with the amino acid are their edges. It is shown that RIN plays a useful role in bioinformatics’ applications (Pan et al., 2017; Astl and Verkhivker, 2019; Amitai et al., 2004; Li et al., 2011). Residues with high betweenness tend to have a lot of contacts (Sen et al., 2019). Moreover, betweenness is proved to be a better measure of the centrality in the interaction network, which can be interpreted as a correction to the number of contacts per residue. Residues with high closeness values interact directly or by a few intermediates with all other residues of the protein (Arumugam and Isacc, 2017). The nodes with high eigenvector centrality have a large influence on the overall information passing by flow, higher value, and better connectivity (Negre et al., 2018). Observing the previous studies, we find the functional importance of a protein site is closely related to its role in sustaining protein structure.
In this work, NAPS (Broto et al., 2019) is adopted to calculate the 7 topological features which mean the local features of the target residue include degree, closeness, betweenness, clustering coefficient, eccentricity, average nearest neighbor degree, and eigenvector centrality. The 7-dimensional network topology features are obtained through protein structure information.
We use betweenness(B) to indicate the ratio about all the shortest paths passing through a node and the total number of shortest paths. The formula can be described as
[image: image]
where [image: image] (u) is the number of shortest paths between t and s getting through the nodes u. [image: image] indicates the number of shortest paths between vertices t and s, and V indicates the set of all nodes.
Closeness (Cl) represents the centrality measure of the vertex, which is defined as the average geodesic distance from the node to all other vertices. The formula can be defined as
[image: image]
where dist (u, v) is the shortest path distance between nodes v and u, and n represents the number of nodes.
Eigenvector centrality (EC) is expressed as the component of the eigenvector corresponding to the largest eigenvalue of the adjacenct matrix. The formula is defined as follows:
[image: image]
where Apq defines the strength of the physical correlation between nodes p and q, λ is the largest eigenvalue of A and xi is the eigenvector centrality of node p.
The eccentricity (E) signal that the shortest path distance of the node to the farthest node in the network. The formula can be expressed as follows:
[image: image]
Degree(D) is expressed as the number of edges incident to a vertex. This is calculated as
[image: image]
where Auv is the number of contacts between nodes u and v.
The clustering coefficient (CC) is a measure of the closeness of the neighbors of a vertex. It can be defined as
[image: image]
where λ(u) is the neighbors of u connected by an edge. The formula for γ(u) is
[image: image]
Average nearest neighbor degree (AN) is the average of the degree of its immediate neigh bours. It can be defined as
[image: image]
where N(u) is the neighbors of u.
2.3 Extreme Gradient Boosting Algorithm
The gradient boosting algorithm (Chen and Guestrin, 2016) retains the merits of the decision tree and constructs a set of strong learners from weak learners. The extreme gradient enhancement algorithm is an improvement of the gradient enhancement algorithm. Thus, the extreme gradient enhancement algorithm has a series of improvements in parallelism and prediction accuracy compared with the gradient enhancement algorithm.
In this study, we identify the binding sites and non-binding sites in DNA-binding protein–drug complexes. A two-category problem is proposed to identify binding sites and non-binding sites. We use feature vectors Fi (Fi = {f1, f2, ···, fn}, i = 1,2, ···, X) as the input and the class label yi (yi = {0,1}, i = 1,2, ···, X) as the output respectively, where X represents the number of rows of the feature vector, meanwhile 1 and 0 indicate binding sites and non-binding sites correspondingly. The XGBoost algorithm combines the techniques of classification and regression tree (CART) (Breiman et al., 1984) and a series of the gradient boosting machine.
2.4 Model Training
As mentioned before, we used three classification algorithms, i.e., XGBoost, SVM (Cherkassky, 1997), and CART to construct the proposed binding sites predictor in this study. For the purpose of training the classifier, we utilize the training data set to verify whether there is an improvement of the prediction accuracy. Then, we can get a better decision between binding sites and non-binding sites. Additionally, the models are trained with various feature combinations through different cross-validations. Among the three classifiers, XGBoost is considered as the best classifier, when the ratio of positive and negative samples of the training model is 1:1 and 10-fold cross-validation is performed.
2.5 Performance Evaluation
Classification performance is evaluated by accuracy (ACC), sensitivity (SEN), specificity (SPE), precision (PRE), and Matthews correlation coefficient (MCC). The area under the receiver operating characteristic curve (AUC) is used to evaluate the overall predictive quality of the binary model. The following formulas are used to determine ACC, SEN, SPE, PRE, and MCC, respectively:
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Among them, true positive (TP) represents the number of true protein–drug-binding sites that are predicted correctly; true negative (TN) represents the number of true non-binding sites that are correctly predicted; false negative (FN) represents the true protein–drug-binding sites and the number of points, these sites are designated as non-binding; false positive (FP) represents the number of true non-binding sites, these sites are designated as binding sites.
3 RESULT AND DISCUSSION
3.1 Performance Assessment of the Model
The 27-dimensional feature consists of two types, namely the residue interaction network (RIN) and position-specific scoring matrices (PSSMs) features. By means of the XGBoost algorithm, three different feature classifications are presented in our work. As shown in Table 1, we found that the network features appear better prediction performance between RIN and PSSM, with the highest ACC, MCC, and AUC values of 0.8057, 0.6607, and 0.8261, respectively. In addition, it can be seen from the table that the combined characteristics of PSSM and RIN achieve the best performance. Therefore, we can draw the conclusion that these two types of features may be complementary, and their combination can help predict the drug-binding sites and non-binding sites.
TABLE 1 | Performance comparison of different feature combinations in XGBoost.
[image: Table 1]In this study, the extreme gradient boosting classifier (XGBoost) is used to build the final model with 27 features. Through the experiment, we have found that the XGBoost can achieve the best performance comparing with SVM and CART. Based on 10-fold cross-validation on the training data set, the prediction results of XGBoost, SVM, and CART is shown in Table 2. The values of AUC obtained of XGBoost, SVM, and CART are 0.9464, 0.8141, and 0.8699, respectively. Compared with the SVM and CART methods, the XGBoost model is found to have higher ACC, SEN, MCC, and AUC scores, which improved the prediction performance.
TABLE 2 | Performance of XGBoost in comparison with other classifiers on the combination feature set.
[image: Table 2]To evaluate the performance further, we compared XGBoost with SVM and CART, on the independent data sets (PSSM + RIN). XGBoost shows the best performance among the three classification methods for predicting the drug-binding sites. Therefore, we trained the training data set under the condition of jackknife cross-validation, 5-fold, and 10-fold cross-validation tests through the cross-validation test. From these three cross-validation tests, we selected the best classifier to optimize the performance of the three classification methods of SVM, CART, and XGBoost. We have found that the XGBoost exhibited the best performance than SVM and CART.
In order to test the performance of the model, we first applied the jackknife cross-validation test with the extreme gradient boosting classifier and achieved an AUC score 0.8593 with 83.21% accuracy for the training data set by using the combination feature (PSSM + RIN). From the results of 5-fold and 10-fold cross-validation tests, we observed that the performances are better than the jackknife cross-validation. In the 10-fold cross-validation test, the XGBoost classifier has an accuracy rate of 93.16% and the highest AUC value between SVM and CART. Table 3 shows the overall performance of XGBoost model in detail.
TABLE 3 | Performance obtained from different cross-validation tests based on XGBoost algorithm.
[image: Table 3]3.2 Discussion of Network Topology Feature
From a biological point of view, the mutual constraint among residues is essential for the correct function of the appropriate structure (Balch et al., 2014). Seven well-established network topological features, eccentricity, closeness, clustering coefficient, betweenness, eigenvector centrality, degree, and average nearest neighbor degree are used to characterize DNA-binding proteins–drug sites in this work. Network topological features obtain the best performance. In order to determine the difference extent about DNA-binding proteins–drug sites in terms of such topological features, we perform an analysis. For the convenience of comparison, seven network topology features are normalized respectively, and we also analyze the difference between binding sites and non-binding sites in topological features.
As shown in Figure 2, the closeness feature and betweenness feature of binding sites are significantly different from that of non-binding sites, followed by the feature of eigenvector centrality. From the basic aspects of protein structure, we understand a special local structure is often maintained by the cooperation of several residues. Figure 2 shows that DNA-binding protein–drug-binding sites may have more neighbors than non-binding sites. Obviously, the closeness of the binding sites is higher. Binding sites residues with high betweenness tend to have a high number of contacts. The high eigenvector centrality value of the binding site indicates that it has better contact with other residues in the network. And the mean value of binding sites is significantly higher than that of non-binding sites. For degree, eigenvector centrality, eccentricity, and the average nearest neighbor degree, the distributions of binding sites and non-binding sites are less distinct.
[image: Figure 2]FIGURE 2 | Normalization of network topological features for binding site and non-binding site. “×” is average value; C is closeness; B is betweenness; EC is eigenvector centrality; D is degree; CC is clustering coefficient; E is eccentricity; and AN is average nearest neighbor degree.
Therefore, three well-established network topological features, closeness, betweenness, and eigenvector centrality are used to further characterize in Figure 3. We found that higher frequencies are detected for binding sites in the high scoring region obviously. In biology, key residues have a higher betweenness value, and this residue may interact with more residues (Figure 3A). According to these reports, closeness can indicate the functional role of residues. Thus, the fact that the high closeness value is observed at the binding site is not surprising (Figure 3B). In addition, the high eigenvector centrality value should focus on not only the nodes that are important per se, but the “neighborhood” of those nodes (Figure 3C). Therefore, it is reasonable to use these features to describe the structure and function of residues.
[image: Figure 3]FIGURE 3 | Frequency distributions of (A) betweenness; (B) closeness; and (C) eigenvector centrality.
3.3 Analysis of Amino Acid Properties
Saha’s research divides the amino acid indexes in the AAindex database into 8 clusters, and 8 high-quality amino acid indexes are extracted from each cluster (Saha et al., 2012). We denoted the eight indices as HQI1 to HQI8, and analyzed the amino acid properties at the drug-binding site, which are displayed as Figure 4. In the electric charge property indices (HQI1), blue occupies 2/3 of the total. It is observed that drugs tend to act on positively charged amino acids (Porfireva et al., 2020). According to the electric field theory, dissimilar charges attract each other. This indicates that DNA-binding protein is more likely to bind to negatively charged drug molecules. It can be seen from HQI2 that hydrophobic amino acids account for 71%, which indicates that drugs tend to bind to hydrophobic amino acids (Lon and Martin, 2021). Usually, the surface of a protein is surrounded by hydrophilic amino acid residues, and the residues with hydrophobic side chains are located inside the molecule principally. This indicates that the binding process of DNA-binding protein and drug is more likely to occur inside the protein. HQI3 denotes beta-strand propensities, and HQI4 denotes alpha helix and turn propensities. The tendency of amino acids to form β-chain accounts for 30%, and the tendency to form α-helix accounts for 55%. In general, the amino acids in the complex that tend to form alpha helices and turns are more likely to interact with drugs. The proportion of large-volume amino acids (56%) is slightly more than that of the small-volume amino acids (44%) (Rani et al., 2016). Drugs are more likely to bind to larger amino acids, which indicates that sites with larger surface areas are more likely to interact with drugs. HQI6 represents transmembrane residue propensities. Amino acid in the complexes is favored to be localized in the transmembrane regions. The region of the protein sequence that spans the cell membrane is usually an α-helical structure, which corresponds to the conclusion of HQI4. HQI7 represents the amino acid compositions of intracellular proteins (Abe and Nitta, 1984). This means that the residues at the binding site (such as Leu, Phe, Ala, and Val) are easier to interact with the drug. The higher ratio the relative partition energies (HQI8) of the residues ranks, the easier the amino acid contacts with other residues. This conclusion shows that the residues at the binding site contacting more other residues can bind the drug better.
[image: Figure 4]FIGURE 4 | Proportion of eight high-quality amino acid indices (HQI) on the drug-binding sites. The eight indices from HQI1 to HQI8 denote electric charge properties, hydrophobicity, beta-strand propensities, alpha helix and turn propensities, volume, transmembrane residue propensities, amino acid composition, and relative partition energies, respectively. HIGH (blue color) denoted above the average of this indicator, while LOW (orange color) denoted below the average of this indicator.
3.4 Analysis of Drug–Ligand
In this study, we obtained a total of 3,853 drug-binding sites. In order to explore the propensity of different drug-binding sites to bind to amino acid residues, we divided the drug ligands into 19 categories according to the biological types of DNA-binding protein–drug complexes. We selected two types of organisms that have the largest proportion: Homo sapiens and Escherichia coli. Among them, Homo sapiens contains 1,546 amino acid sites, and Escherichia coli contains 692 amino acid sites. We presented the relationship diagram of drug ligands’ tendency to bind to amino acids and select some cases as shown in Figure 5. From Figures 5A,B it can be seen that the drug (choose one of the drugs as the representative) is located in the center, the 20 amino acids are represented by circles with different colors. The size of the circle indicates the binding ability of the amino acid to the drug. At the same time, the distance between the amino acid and the drug indicates the tendency of binding to the drug. The Figure 5A is drugs of Escherichia coli, in general, the drugs tend to bind Leu, Gly, and Ser, and combine amino acid property analysis. We found that amino acids that tend to form a helix and favor to be localized in the transmembrane regions are more likely to bind to drugs. Through the analysis of the Figure 5B (drug of Homo sapiens), we found that the drugs of homo sapiens are easier to bind to Leu, Ile, Phe, and Met. These amino acids carry more electric charge, are less hydrophobic, prefer to form alpha helices and turns, and have a larger volume.
[image: Figure 5]FIGURE 5 | Schematic diagram of drug-binding amino acid preferences. (A) is the drug ligand of Escherichia coli; (B) is the drug ligand of homo sapiens. In the figure, the drug is located in the center, and the binding site residues are distributed around, and we used circles of different sizes and colors to indicate the number and type of amino acids. (C) is the case of Escherichia coli drug-associated protein; (D) is the case of Homo sapiens drug-associated protein. Different colors are used to indicate the proportion of the characteristics.
In order to verify the correctness of our conclusions, 5 drugs belonging to the Escherichia coli biotype (Figure 5C) and 5 drugs belonging to the Homo sapiens biotype (Figure 5D) were selected, and radial graphs were drawn respectively. The outer circle represents the proportion of a certain property of the type of drug ligands that tend to bind to amino acids in all properties. The seven inner circles are represented by different colors, respectively indicating the hydrophobicity, polarity, alpha helix propensities, beta-strand propensities, turn propensities, aromatic amino acids, and the proportion of large-volume amino acids. At the bottom of the figure, the first four digits are the ID name of the PDB and the parentheses are the name of the drug ligand. In addition to the conclusions drawn from Figures 5A,B, we found that these two classes of drugs have a common feature of low binding ability to aromatic amino acids.
4 CONCLUSION AND PROSPECT
Predicting the drug-binding sites accurately plays an essential role to understand the underlying molecular recognition mechanism in DNA-binding protein complexes. In this research, we extracted the drug-binding sites from DNA-binding protein–drug complexes. We utilized sequence information to obtain PSSM and used network information to obtain RIN to predict the binding site of drug ligands. Then, we used the XGBoost method to construct the prediction model. The experiment results show that our method performed better than the other methods on both training set and independent set. In this work, in order to study the correlation among residues, we provided a network to represent the protein structure. In addition, network topological features appropriately reflect the role of DNA-binding protein–drug-binding sites in not only local structures, but also global ones by exploiting their correlation with other residues. Through the analysis of the physicochemical properties of the drug-binding site, we found that residue-binding sites carry more positive electric charge, are more hydrophobic, prefer to form alpha helices and turns, and large amino acid volumes are easier to bind drug ligands. In the future, we expect there is a protein structure network with finer residue interactions that can reflect the structure and function of the residue in the protein more accurately. It is also believed that with the identification of more DNA-binding proteins–drug-binding sites , the volume of the training set will be expanded. As technologies continue to mature in machine learning, there will be more excellent binding site prediction methods.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
WW, YZ, DL, HZ and XW conceived and designed the analysis. WW and YZ performed the analysis. WW, YZ, DL, HZ and XW wrote the article. All authors read and approved the final manuscript.
FUNDING
This research was funded by the National Key Research and Development Program of China (2018YFB1701402); the Natural Science Foundation of Henan Province (Nos. 212300410367 and 202300410102); the Science and Technology Research Key Project of Educational Department of Henan Province (Nos. 21A520023 and 22A520030); the National Natural Science Foundation of China (Nos. 62072160, 62076089, and 62072157); the Key Project of Science and Technology Department of Henan Province (No. 212102310381); the Educational Science Research Foundation of Henan Normal University (No. 2018JK19); the Teaching Reform Research and Practice Project of Henan Normal University (No. 201936); the Production and Learning Cooperation and Cooperative Education Project of Ministry of Education of China (No. 202102633006); the Key Project of Science and Technology Department of Xinxiang city (No. GG2021004); and National Project Cultivation Fund Project of Henan Normal University (No. 2020PL12).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Abe, K., and Nitta, H. (1984). Amino Acid Composition of Salivary Protein Secreted by the Parotid Glands of Rats in Response to Parasympathomimetic and Sympathomimetic Drugs. Arch. Oral Biol. 29, 127–130. doi:10.1016/0003-9969(84)90115-8
 Allen, W. J., Balius, T. E., Mukherjee, S., Brozell, S. R., Moustakas, D. T., Lang, P. T., et al. (2015). DOCK 6: Impact of New Features and Current Docking Performance. J. Comput. Chem. 36, 1132–1156. doi:10.1002/jcc.23905
 Altschul, S., Madden, T. L., Schffer, A. A., Zhang, J., Zhang, Z., Webb, M., et al. (1997). Gapped Blast and Psi-Blast: a New Generation of Protein Database Search Programs. Nucleic Acids Res. 25, 3389–3402. doi:10.1093/nar/25.17.3389
 Amitai, G., Shemesh, A., Sitbon, E., Shklar, M., Netanely, D., Venger, I., et al. (2004). Network Analysis of Protein Structures Identifies Functional Residues. J. Mol. Biol. 344, 1135–1146. doi:10.1016/j.jmb.2004.10.055
 Arumugam, A., and Isacc, A. E. (2017). An Analysis of central Residues between Ligand-Bound and Ligand-free Protein Structures Based on Network Approach. Protein Pept.Lett 24 (6), 517–527. doi:10.2174/0929866524666170413120940
 Astl, L., and Verkhivker, G. M. (2019). Data-driven Computational Analysis of Allosteric Proteins by Exploring Protein Dynamics, Residue Coevolution and Residue Interaction Networks. Biochim. Biophys. Acta (Bba) - Gen. Subjects 1863. doi:10.1016/j.bbagen.2019.07.008
 Balch, W. E., Sznajder, J. I., Budinger, S., Finley, D., Laposky, A. D., Cuervo, A. M., et al. (2014). Malfolded Protein Structure and Proteostasis in Lung Diseases. Am. J. Respir. Crit. Care Med. 189, 96–103. doi:10.1164/rccm.201306-1164WS
 Bartas, M., Červeň, J., Guziurová, S., Slychko, K., and Pečinka, P. (2021). Amino Acid Composition in Various Types of Nucleic Acid-Binding Proteins. Ijms 22, 922. doi:10.3390/ijms22020922
 Chakrabarty, B., Parekh, N., Kanak, G., Yash, A., and Nita, P. (2016). NAPS: Network Analysis of Protein Structures. Nucleic Acids Res. 44, W375–W382. doi:10.1093/nar/gkw383
 Chen, T. Q., and Guestrin, C. (2016). Xgboost: A Scalable Tree Boosting System. arXiv.cs.LG 13, 785–794. doi:10.48550/arXiv.1603.02754
 Cherkassky, V. (1997). The Nature of Statistical Learning Theory∼ ∼. IEEE Trans. Neural Netw . 8:1564. doi:10.1109/tnn.1997.641482
 Ding, Y., Tang, J., and Guo, F. (2017). Identification of Protein-Ligand Binding Sites by Sequence Information and Ensemble Classifier. J. Chem. Inf. Model. 57, 3149–3161. doi:10.1021/acs.jcim.7b00307
 Gordon, A. D., Breiman, L., Friedman, J. H., Olshen, R. A., and Stone, C. J. (1984). Classification and Regression Trees. Biometrics 40, 874. doi:10.2307/2530946
 Kellenberger, E., Muller, P., Schalon, C., Bret, G., Foata, N., Rognan, D., et al. (2006). Sc-Pdb: an Annotated Database of Druggable Binding Sites from the Protein Data Bank. J. Chem. Inf. Model. 46, 717–727. doi:10.1021/ci050372x
 Li, Y., Wen, Z., Xiao, J., Yin, H., Yu, L., Yang, L., et al. (2011). Predicting Disease-Associated Substitution of a Single Amino Acid by Analyzing Residue Interactions. BMC Bioinformatics 12, 14. doi:10.1186/1471-2105-12-14
 Liu, R., and Hu, J. (2011). Computational Prediction of Heme-Binding Residues by Exploiting Residue Interaction Network. PLoS ONE 6, e25560. doi:10.1371/journal.pone.0025560
 Lon, L. L., and Martin, J. C. (2021). Selected Thoughts on Hydrophobicity in Drug Design. Molecules 26, 875. doi:10.3390/molecules26040875
 Lu, C., Liu, Z., Zhang, E., He, F., Ma, Z., and Wang, H. (2019). Mpls-pred: Predicting Membrane Protein-Ligand Binding Sites Using Hybrid Sequence-Based Features and Ligand-specific Models. Ijms 20, 3120. doi:10.3390/ijms20133120
 Lu, L., Chen, Z., Lin, X., Tian, L., Su, Q., An, P., et al. (2020). Inhibition of BRD4 Suppresses the Malignancy of Breast Cancer Cells via Regulation of Snail. Cell Death Differ 27, 255–268. doi:10.1038/s41418-019-0353-2
 Luscombe, N. M., Austin, S. E., Berman, H. M., and Thornton, J. M. (2000). , 1, REVIEWS001. doi:10.1186/gb-2000-1-1-reviews001An Overview of the Structures of Protein-DNA ComplexesGenome Biol. 1
 Negre, C. F. A., Morzan, U. N., Hendrickson, H. P., Pal, R., Lisi, G. P., Loria, J. P., et al. (2018). Eigenvector Centrality for Characterization of Protein Allosteric Pathways. Proc. Natl. Acad. Sci. U S A. 115, E12201–E12208. doi:10.1073/pnas.1810452115
 Pan, Y., Liu, D., and Deng, L. (2017). Accurate Prediction of Functional Effects for Variants by Combining Gradient Tree Boosting with Optimal Neighborhood Properties. PLoS ONE 12, e0179314. doi:10.1371/journal.pone.0179314
 Porfireva, A. V., Goida, A. I., Rogov, A. M., and Evtugyn, G. A. (2020). Impedimetric DNA Sensor Based on Poly(proflavine) for Determination of Anthracycline Drugs. Electroanalysis 32, 827–834. doi:10.1002/elan.201900653
 Ptashne, M. (2005). Regulation of Transcription: from Lambda to Eukaryotes. Trends Biochem. Sci. 30, 275–279. doi:10.1016/j.tibs.2005.04.003
 Rahman, M. S., Shatabda, S., Saha, S., Kaykobad, M., and Rahman, M. S. (2018). DPP-PseAAC: A DNA-Binding Protein Prediction Model Using Chou's General PseAAC. J. Theor. Biol. 452, 22–34. doi:10.1016/j.jtbi.2018.05.006
 Rani, R., Kumar, A., and Bamezai, R. K. (2016). Solvation Behaviour of Some Amino Acids in Aqueous Solutions of an Antibiotic Drug Streptomycin Sulfate at Different Temperatures: Volumetric, Acoustic and Viscometric Approach. J. Mol. Liq 224, 1142–1153. doi:10.1016/j.molliq.2016.10.063
 Saha, I., Maulik, U., Bandyopadhyay, S., and Plewczynski, D. (2012). Fuzzy Clustering of Physicochemical and Biochemical Properties of Amino Acids. Amino Acids 43, 583–594. doi:10.1007/s00726-011-1106-9
 Sen, S., Dey, A., Chowdhury, S., Maulik, U., and Chattopadhyay, K. (2019). Understanding the Evolutionary Trend of Intrinsically Structural Disorders in Cancer Relevant Proteins as Probed by shannon Entropy Scoring and Structure Network Analysis. BMC Bioinformatics 19, 549. doi:10.1186/s12859-018-2552-0
 Tong, C., Qu, K., Wang, G., Liu, R., Duan, B., Wang, X., et al. (2020). Knockdown of DNA‐binding Protein A Enhances the Chemotherapy Sensitivity of Colorectal Cancer via Suppressing the Wnt/β‐catenin/Chk1 Pathway. Cell Biol. Int. 44, 2075–2085. doi:10.1002/cbin.11416
 Wang, J., Zhang, S., Qiao, H., and Wang, J. (2021). UMAP-DBP: An Improved DNA-Binding Proteins Prediction Method Based on Uniform Manifold Approximation and Projection. Protein J. 40, 562–575. doi:10.1007/s10930-021-10011-y
 Wang, W., Li, K., Lv, H., Zhang, H., Wang, S., Huang, J., et al. (2019a2019). SmoPSI: Analysis and Prediction of Small Molecule Binding Sites Based on Protein Sequence Information. Comput. Math. Methods Med. 2019, 1–9. doi:10.1155/2019/1926156
 Wang, W., Li, K., Lv, H., Zhang, H., Zhang, S., Zhou, Y., et al. (2019c). Analyzing the Surface Structure of the Binding Domain on DNA and RNA Binding Proteins. IEEE Access 7, 30042–30049. doi:10.1109/access.2019.2893620
 Wang, W., Sun, L., Zhang, S., Zhang, H., Shi, J., Xu, T., et al. (2017). Analysis and Prediction of Single-Stranded and Double-Stranded DNA Binding Proteins Based on Protein Sequences. BMC Bioinformatics 18, 300. doi:10.1186/s12859-017-1715-8
 Wang, W., Zhao, Y., Zhang, H., Zhang, S., Li, K., Lv, H., et al. (2019b). InPrNa: A Tool for Insight into Protein-Nucleic Acids Interaction Information. IEEE Access 7, 140375–140382. doi:10.1109/access.2019.2943748
 Watanabe, S., Inami, H., Oiwa, K., Murata, Y., Sakai, S., Komine, O., et al. (2020). Aggresome Formation and Liquid-Liquid Phase Separation Independently Induce Cytoplasmic Aggregation of TAR DNA-Binding Protein 43. Cell Death Dis 11, 909. doi:10.1038/s41419-020-03116-2
 Wu, Q., Peng, Z. L., Zhang, Y., and Yang, J. Y. (2018). Coach-d: Improved Protein–Ligand Binding Sites Prediction with Refined Ligand-Binding Poses through Molecular Docking. Nucleic Acids Res. 46, W438–W442. doi:10.1093/nar/gky439
 Xie, Z.-R., and Hwang, M.-J. (2015). Methods for Predicting Protein-Ligand Binding Sites. Methods Mol. Biol. 1215, 383–398. doi:10.1007/978-1-4939-1465-4_17
 Yang, J., Roy, A., and Zhang, Y. (2013). Protein-ligand Binding Site Recognition Using Complementary Binding-specific Substructure Comparison and Sequence Profile Alignment. Bioinformatics 29, 2588–2595. doi:10.1093/bioinformatics/btt447
 Zhao, Z., Xu, Y., and Zhao, Y. (2019). SXGBsite: Prediction of Protein-Ligand Binding Sites Using Sequence Information and Extreme Gradient Boosting. Genes 10, 965. doi:10.3390/genes10120965
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Wang, Zhang, Liu, Zhang, Wang and Zhou. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/math_11.gif
an





OPS/xhtml/nav.xhtml
Contents

		Cover

		Prediction of DNA-Binding Protein–Drug-Binding Sites Using Residue Interaction Networks and Sequence Feature		1 Introduction

		2 Materials and Methods		2.1 Datasets

		2.2 Feature Extraction

		2.3 Extreme Gradient Boosting Algorithm

		2.4 Model Training

		2.5 Performance Evaluation





		3 Result and Discussion		3.1 Performance Assessment of the Model

		3.2 Discussion of Network Topology Feature

		3.3 Analysis of Amino Acid Properties

		3.4 Analysis of Drug–Ligand





		4 Conclusion and Prospect

		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		References









OPS/images/math_10.gif
_ptIN
ACC = o+ Tn + Fp+ Fn' 10





OPS/images/math_13.gif
(3





OPS/images/math_12.gif
(12)





OPS/images/math_1.gif
[0





OPS/images/inline_2.gif
O ¢









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers i

Bioengineering and Biotechnology





OPS/images/fbioe-10-822392-g005.gif
o P
e
e g e S
e, " e,

W
. Excherict coll s Homo sapiens drugs
wlcur)  ngsia0n) osiacs) Boame) 3qzp)
o
acs) 1unasa) i) 3aoon) snafase)
[ P T

P g





OPS/images/fbioe-10-822392-t001.jpg
Feature group AcC PRE SEN SPE mcc AuC

PSSM 07262 08872 0.5348 09240 05139 0.7396
RIN 0.8057 09149 06607 09235 06563 0.8261
PSSM + RIN 0.8684 09246 08092 0.9304 0.7592 0.8990





OPS/images/fbioe-10-822392-g003.gif
il






OPS/images/fbioe-10-822392-g004.gif





OPS/images/inline_1.gif
O ¢





OPS/images/fbioe-10-822392-t002.jpg
Method

SVM
CART

XGBoost
Independent testing

ACC

0.7994
0.8386
09316
0.8894

PRE

0.7735
0.8271
09575
0.9250

SEN

0.8212
0.8492
0.9110
0.8950

SPE

0.7962
0.8284
0.9573
0.9166

Mmcc

0.6349
0.6936
0.8844
0.7538

AuC

0.8141
0.8699
0.9464
0.7538





OPS/images/fbioe-10-822392-t003.jpg
Cv-fold ACC PRE SEN SPE Mcc AuC

Jackknife 0.8321 0.9104 0.7394 0.9206 0.6934 0.8593
5-fold 0.8583 0.9147 0.8003 0.9229 0.7404 0.8928
10-fold 0.9316 0.9575 09110 0.9573 0.8844 0.9464





OPS/images/math_9.gif
Can (1)

Dveni Ca ()N (u), )





OPS/images/cover.jpg
& frontiers | Frontiers in Bioengineering and Biotechnology






OPS/images/math_8.gif
Ca(u)(Ca(u)-1)/2.

(8)





OPS/images/fbioe-10-822392-g001.gif





OPS/images/math_5.gif





OPS/images/fbioe-10-822392-g002.gif





OPS/images/math_7.gif





OPS/images/math_6.gif
Ca(u)= ) Aun





OPS/images/math_2.gif
Cou) =) D O (1) [0y





OPS/images/math_14.gif





OPS/images/math_4.gif
T2 Any
P=1Y

@





OPS/images/math_3.gif
Ca = (n=1)/ Y dist(uv), ®





