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Bacteriocins offer a promising solution to antibiotic resistance, possessing the ability to target a wide range of bacteria with precision. Thus, there is an urgent need for a computational model to predict new bacteriocins and aid in drug development. This work centers on constructing web-based predictive models using the XGBoost machine learning algorithm, based on the physicochemical properties, structural characteristics, and sequence profiles of protein sequences. We employed correlation analyses, cross-validation, and hypergraph-based techniques to select features. Cross-validated feature selection (CVFS) partitions the dataset, selects features within each partition, and identifies common features, ensuring representativeness. On the contrary, hypergraph-based feature evaluation (HFE) focuses on minimizing hypergraph cut conductance, leveraging higher-order data relationships to precisely utilize information regarding feature and sample correlations. The XGBoost models were built using the selected features obtained from these two feature evaluation methods. We also analyzed the feature contributions directly from the best model using SHapley Additive exPlanations (SHAP). Our HFE-based approach achieved 99.11% accuracy and an AUC of 0.9974 on the test data, overall outperforming the CVFS-based feature evaluation method and yielding results comparable to existing approaches. The most influential features are related to solvent accessibility for buried residues, followed by the composition of cysteine. Our web application, accessible at https://shiny.tricities.wsu.edu/bacteriocin-prediction/, offers prediction results, probability scores, and SHAP plots using both cross-validation- and hypergraph-based methods, along with previously implemented approaches for feature selection.
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INTRODUCTION
Antibiotics have been extensively utilized in animal husbandry and food processing to combat pathogens and extend shelf life, yet their usage has precipitated concerning consequences including bacterial resistance and the dissemination of antibiotic resistance genes (Braïek et al., 2018; Meade et al., 2020; Ren et al., 2022). This has prompted a shift towards natural alternatives, driven further by consumer preferences for additive-free, healthy foods (Khodaei and Sh, 2018). Consequently, there is a growing interest in exploring alternative antibacterial agents to control foodborne pathogens. Bacteriocins, proteins synthesized by bacteria, have emerged as promising antimicrobial agents due to their effectiveness against various microbes, including genetically similar strains (Meade et al., 2020). They offer advantages such as high efficacy, low toxicity, and minimal residue production, making them attractive substitutes for conventional antibiotics (Riley and Wertz, 2002; Hamid and Friedberg, 2017; Fields et al., 2020). Despite their potential, identifying and characterizing bacteriocins pose challenges. While conventional techniques such as screening assays, chromatography, and mass spectrometry are employed for this task (Zendo et al., 2008; Zhang et al., 2018; Desiderato et al., 2021), they frequently demonstrate to be lengthy, laborious, and expensive, possibly disregarding the breadth and originality of bacteriocins within intricate microbial populations (Perez et al., 2014).
To overcome constraints in identifying bacteriocins, computational methods like BLASTP are employed to predict them by recognizing patterns or motifs in bacteriocin sequences (Boratyn et al., 2013). Additional tools include BACTIBASE, which integrates microbial data from PubMed alongside protein examination utilities for the characterization of bacteriocins (Hammami et al., 2010), and BAGEL, which categorizes bacteriocin sequences based on homology (Van Heel et al., 2013; van Heel et al., 2018), each upholding repositories of validated bacteriocin sequences. Despite their utility, these methods rely on sequence alignment and may struggle with novel or highly diverse bacteriocins. antiSMASH, a different tool, utilizes hidden Markov models in conjunction with BLAST searches across a database of bacteriocin biosynthetic gene clusters to uncover potential clusters (Weber et al., 2015). While some tools like BOA aim to address bacteriocin diversity, they still rely on homology-based identification, limiting their ability to detect highly dissimilar bacteriocins lacking conserved context genes (Morton et al., 2015).
Machine learning algorithms offer a distinct approach from traditional sequence matching methods in bacteriocin prediction, enabling the detection of patterns and characteristics beyond mere similarity to known sequences. These algorithms can analyze physicochemical properties, sequence profiles, and secondary structures to uncover novel bacteriocins with significant dissimilarities. Recent advancements include the utilization of k-mer features and word embedding techniques, as presented in the studies by Mikolov et al. (Mikolov et al., 2013) and Hamid and Friedberg (Hamid and Friedberg, 2019). Furthermore, the RMSCNN technique, based on convolutional neural networks (CNNs), has been developed for bacteriocin prediction (Cui et al., 2021). Despite these advancements, existing methods overlook the importance of analyzing both primary and secondary peptide structures and lack feature evaluation mechanisms. To address these limitations, recently we unveiled BaPreS, a machine learning-based software tool, and BPAGS, a machine learning-based web application, which employ support vector machines (SVMs) and feature evaluation techniques such as t-tests, genetic algorithm and alternating decision tree to precisely identify novel bacteriocins (Akhter and Miller, 2023a; Akhter and Miller, 2023b).
In this work, our objective was to create web-based predictive models utilizing the XGBoost machine learning algorithm (Chen and Guestrin, 2016), incorporating physicochemical features, sequence profiles and structural properties of bacteriocin and non-bacteriocin sequences chosen through correlation analysis followed by sophisticated techniques like cross-validation (Yang and Wu, 2023) and hypergraph-based methods (Misiorek and Janowski, 2023). Subsequently, we evaluated the prediction performance of the models and examined the influence or significance of these selected features within the models using SHapley Additive exPlanations (SHAP) (Lundberg et al., 2020). We integrated cross-validated feature selection (CVFS) and hypergraph-based feature evaluation (HFE) methods, along with corresponding SHAP analyses, into our existing web-based tool available at https://shiny.tricities.wsu.edu/bacteriocin-prediction/ (Akhter and Miller, 2023b). This enhancement allows users to choose CVFS and HFE techniques, along with selecting features based on alternating decision tree, genetic algorithm, linear SVC, or t-test methods to obtain precise prediction results and probability scores by cross-checking with different feature evaluation methods. Our web tool also automatically generates the necessary features from user-supplied protein sequences. Users have the capability to concurrently assess numerous sequences and incorporate fresh data, thereby boosting the capacity of the predictive models embedded within the web application.
METHODS
The complete process of our approach is illustrated in Figure 1. It involves gathering protein datasets for both bacteriocin (positive) and non-bacteriocins (negative), creating possible candidate features, employing feature assessment methods, applying the Pearson correlation coefficient, followed by CVFS and HFE techniques to remove the least significant and irrelevant features. Subsequently, selected feature sets are used to construct machine learning models for assessing prediction performance.
[image: Flowchart illustrating a machine learning process for bacteriocin data analysis. It begins with data collection for bacteriocins and non-bacteriocins, leading to feature extraction. Features include amino acid composition, dipeptide composition, pseudo amino acid compositions, secondary structures, and others. These features undergo Pearson correlation analysis, followed by cross-validated feature selection and hypergraph-based feature evaluation. The process concludes with implementing an XGBoost machine learning model.]FIGURE 1 | Illustrating the procedure for bacteriocin detection.Datasets
The datasets utilized in this work align with those employed in the creation of our previously released software and web applications (Akhter and Miller, 2023a; Akhter and Miller, 2023b). Experimentally validated bacteriocin sequences were retrieved from two publicly available databases, BAGEL (Van Heel et al., 2013; van Heel et al., 2018) and BACTIBASE (Hammami et al., 2010), both of which curate bacteriocins with confirmed antimicrobial activity. Non-bacteriocin protein sequences were obtained from the RMSCNN dataset (Cui et al., 2021), which includes bacterial proteins not associated with bacteriocin function. Initially, a total of 483 positive and 500 negative protein sequences were collected. To eliminate redundancy and minimize potential sequence-level bias, the CD-HIT clustering algorithm (Fu et al., 2012) was applied with a 90% sequence similarity threshold, thereby removing duplicate or highly similar entries. Although more stringent thresholds can further reduce redundancy, a 90% cutoff was chosen to preserve sequence diversity within the bacteriocin family, as novel bacteriocins often share considerable similarity with known ones (Darbandi et al., 2022; Lertampaiporn et al., 2021; Mesa-Pereira et al., 2018; Daw and Falkiner, 1996). After filtering, 283 unique positive and 497 unique negative sequences were retained.
To address the challenge of imbalanced data, random sampling was employed, resulting in a reduction of negative sequences to 283, thereby attaining equilibrium between these two groups of the sequences. For training purposes, 80% of the data set was assigned, leaving the remaining 20% for testing. The Supplementary Material contains both the training and testing datasets.
Features
Constructing robust predictive machine learning models depends greatly on identifying and extracting potential attributes. In our work, we developed various sets of features to encompass diverse aspects of protein sequences. These comprised a 20-dimensional amino acid composition (AAC), a 400-dimensional dipeptide composition (DC), a 30-dimensional pseudo amino acid composition (PseAAC), and a 40-dimensional amphiphilic pseudo amino acid composition (APseAAC). Moreover, we applied the composition/transition/distribution (CTD) model (Dubchak et al., 1995), yielding 147-dimensional attribute sets that account for a range of physicochemical characteristics of amino acids. Furthermore, we devised 6-dimensional feature sets to illustrate the secondary structure (SS) nuances such as α-helix, β-strand, and γ-coil within individual protein sequences. We employed the amino acid distance matrix to generate 20-dimensional sequence-order-coupling number (SOCN) feature sets and 40-dimensional quasi-sequence-order (QSO) feature sets for every sequence (Xiao et al., 2015). We also employed the position-specific scoring matrix (PSSM) to extract features reflecting evolutionary trends, resulting in a 400-dimensional attribute set for each sequence by calculating transition scores between adjacent amino acids derived from the PSSM (S et al., 2016; Mohammadi et al., 2022). Detailed elucidations of these feature sets are provided in our developed BaPreS software tool (Akhter and Miller, 2023a) and BPAGS web application (Akhter and Miller, 2023b). In total, 1,103 features were considered as candidates.
Feature assessment
To ensure the efficacy of a predictive model, it is essential to eliminate irrelevant features before building the model. Our initial step involved examining the correlation among these features using the Pearson correlation coefficient, employing a methodology akin to that utilized in our earlier implemented BaPreS (Akhter and Miller, 2023a) and BPAGS (Akhter and Miller, 2023b) tools. To prevent any inadvertent sharing of information between training and testing datasets, our focus remained solely on features within the training data. Model hyperparameters were optimized using grid search exclusively within the training process, and final evaluations were performed on independent test data. These safeguards ensured that the model’s performance metrics were unbiased and reflected genuine generalization rather than overfitting. When two features exhibited a high correlation (≥0.9), one was retained while the other was discarded. This choice led to a reduction in the number of features from 1,103 to 602. The Supplementary Material, specifically Supplementary Table S1, provides a comprehensive list of reduced features utilized in our study. These features are represented by abbreviations such as “aac,” “dipep,” “pseudo,” “amphipseudo,” “comp,” “tran,” “dist,” “ss,” “qso,” and “pssm,” which correspond to amino acid composition (AAC), dipeptide composition (DC), pseudo amino acid composition (PseAAC), amphiphilic pseudo amino acid composition (APseAAC), composition (CTD), transition (CTD), distribution (CTD), secondary structure (SS), quasi-sequence-order (QSO), and position-specific scoring matrix (PSSM)-based features, respectively. These reduced features have been comprehensively clarified in our previously published work, BPAGS (Akhter and Miller, 2023b).
We opted to employ the CVFS technique (Yang and Wu, 2023) along with a hypergraph based method (Misiorek and Janowski, 2023) to further distill features obtained via Pearson’s correlation analysis. The overall workflow of the CVFS algorithm is illustrated in Figure 2. In this approach, the dataset was randomly divided into c non-overlapping subsets. An XGBoost model was trained independently on each subset to estimate feature importance based on model-gain values, with hyperparameters optimized via grid search to ensure reproducible performance across subsets. The top-ranked features from each subset were intersected to obtain the features consistently selected across all partitions. This entire procedure was repeated e times with different random splits, generating e intersected feature sets. A feature was included in the final selection if it appeared in at least p × 100% of these intersection sets.
[image: Flowchart illustrating feature selection from datasets. Several "Original training datasets" branch into "Data 1" and "Data 2". Each pair leads to a "Feature list" with items labeled Feat A to Feat G. These produce specific "Feature sets" comprising different feature combinations. Arrows from these sets converge into a "Final Feature set" containing Feat G and Feat B.]FIGURE 2 | Depicting the procedure of selecting features using the CVFS approach.In this study, we used c = 2 and e = 5 and 10 to maintain sufficient training size while ensuring stability of intersection-based selection under a limited sample size. The parameter p controlled the stability requirement, and features retained in the majority of intersections were included in the final set. These settings provided a balance between computational efficiency and robustness, as confirmed by consistent feature rankings and predictive metrics across multiple repetitions. This repeated procedure ensured that only stable and reproducible features contributing meaningfully to model performance were retained. The number of features in the subsets obtained with different combinations of c, e, and p values is shown in Table 1, and the full list of selected features is provided in Supplementary Tables S2–S5 (Supplementary Material).
TABLE 1 | Number of features, MCC, accuracy, precision, recall, F1 and AUC values for testing data for various feature subsets. The most effective models for CVFS and HFE feature sets are highlighted in bold.	Feature evaluation algorithm	Configuration	Number of features	TestMcc	TestAcc	TestPrecision	TestRecall	TestF1	TestAUC
	CVFS	(c = 2, e = 5, p = 0.4)	27	0.9823	0.9911	1.0000	0.9821	0.9910	0.9962
	(c= 2, e= 5, p = 0.6)	16	0.9466	0.9732	0.9649	0.9821	0.9735	0.9904
	(c = 2, e = 5, p = 0.8)	10	0.9466	0.9732	0.9649	0.9821	0.9735	0.9888
	(c = 2, e = 10, p = 0.4)	24	0.9823	0.9911	1.0000	0.9821	0.9910	0.9924
	HFE
Bin = 5	β = 15	90	0.9649	0.9821	1.0000	0.9643	0.9818	0.9965
	β = 30	181	0.9823	0.9911	1.0000	0.9821	0.9910	0.9952
	β = 50	301	0.9823	0.9911	1.0000	0.9821	0.9910	0.9974
	HFE
Bin = 10	β = 15	90	0.9465	0.9732	0.9649	0.9821	0.9735	0.9904
	β= 30	181	0.9823	0.9911	1.0000	0.9821	0.9910	0.9974
	β = 50	301	0.9823	0.9911	1.0000	0.9821	0.9910	0.9949


Legend: Testacc: Accuracy on the testing dataset.
Testprecision: Precision on the testing dataset.
Testrecall: Recall on the testing dataset.
TestF1: F1 score on the testing dataset.
TestAUC: AUC on the testing dataset.
c: Number of disjoint sub-parts.
e: Number of repeated runs.
p: Proportions of repeated runs for extracting common features.
β: percentage of selected features.
The HFE method evaluates feature importance by modeling the dataset as a hypergraph that captures higher order relationships among feature values and class labels. In contrast to a conventional graph G = (V, E) where an edge connects two vertices, a hypergraph H = (V, E) allows a hyperedge to connect multiple vertices. In our setting, vertices represent data samples and hyperedges represent groups of samples that share a discretized feature value. Continuous features were discretized into uniform bins, and each bin defined a hyperedge linking all samples that fell within the corresponding value range. Two additional hyperedges were created for class labels, ensuring that positive and negative classes were explicitly encoded. Figure 3 illustrates the difference between a graph and a hypergraph.
[image: Two diagrams: (a) A graph with vertices V1 to V6 connected by colored lines, illustrating a network structure. (b) A hypergraph with labeled connections and enclosed areas, demonstrating complex relationships between nodes with weights.]FIGURE 3 | (a) A standard graph where each edge connects two vertices. (b) A hypergraph where each hyperedge can connect multiple vertices.Once the hypergraph was constructed, feature relevance was assessed using the hypergraph cut conductance minimization framework of Misiorek and Janowski (Misiorek and Janowski, 2023). This approach employs lazy random walks across the hypergraph to estimate how likely it is for a walk starting from one class to remain in the same class or transition into the opposite class. At each step, an incident hyperedge is selected with probability proportional to its weight, and then a vertex within that hyperedge is selected with probability proportional to its vertex weight. From this process, three importance ratings are derived: R1, which measures preference toward preserving minority class labels; R2, which measures preference toward preserving majority class labels; and R0, which measures the ability to separate samples of different classes. Together, these hypergraph-based ratings capture the contribution of feature values to class separability.
For each feature, hypergraph importance ratings across all bins were aggregated to compute a single feature-level score. Features were then ranked according to these scores, and the top z = β × m were retained, where m is the total number of features and β is a user-defined proportion. Multiple values of β were tested for both bin sizes. In our case, we considered bin = 5 and bin = 10, as these values provided a practical balance between capturing sufficient variability in the feature distributions and avoiding sparsity in the hypergraph representation (see Supplementary Figure S1 in the Supplementary Material). The parameter β was tested at 15%, 30%, and 50%, controlling the final feature budget and enabling the evaluation of compact, moderate, and extended feature subsets. These parameter choices were empirically determined to achieve stable rankings of important features and consistent model performance across configurations, confirming the robustness of the approach. The numbers of features selected for different β and bin settings are presented in Table 1, and the corresponding reduced feature lists are provided in Supplementary Tables S6 and S7 (Supplementary Material).
Web application
The CVFS and HFE methods were integrated into the web application along with previously implemented feature evaluation approaches (Akhter and Miller, 2023b), as illustrated in Figure 4. This machine learning-based web tool autonomously generates features for user-provided sequences, yielding classification and probability results. Details on data upload, binary classification, and probability estimation are outlined within the web application, and a user can download it from the web application. Users can download necessary files and augment training data with new protein sequences, enhancing prediction accuracy. The updated web application now provides users the facility of downloading the SHAP plot to inspect the impact of the top 10 features on the prediction outcomes. The web server can be publicly accessible at https://shiny.tricities.wsu.edu/bacteriocin-prediction/.
[image: BPAGS web application interface for bacteriocin prediction with options to select prediction methods, upload FASTA files, and download results. It includes sections for uploading bacteriocin sequences, downloading input samples, and starting prediction and probability estimation processes. Buttons for bacteriocin prediction and probability results are present, along with an option to download SHAP plot and select SHAP analysis methods. Text instructions and sample FASTA format are provided.]FIGURE 4 | The web application for bacteriocin prediction.Performance measurement
Evaluation of a model’s predictive accuracy on the testing dataset was conducted using Equations 1–5, where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives, respectively. To assess classifier effectiveness, accuracy assesses the proportion of accurately categorized instances compared to the total instances within the dataset. We utilized the Matthews correlation coefficient (MCC), a metric ranging from −1 to +1, with higher values indicating superior prediction capabilities.
TestAcc=TP+TNTP+TN+FP+FN(1)
TestMCC=TP×TN−FP×FNTP+FPTP+FNTN+FPTN+FN(2)
Testrecall=TPTP+FN(3)
Testprecision=TPTP+FP(4)
TestF1=2×Testprecision×TestrecallTestprecision+Testrecall(5)
We also calculated recall and precision. Recall measures the proportion of correctly identified true positive instances, while precision evaluates the fraction of accurate positive predictions. The F1 score, a metric that accounts for both precision and recall, computes their harmonic mean, thus presenting a well-rounded assessment of the model’s efficacy. Furthermore, we determined the Area Under the Curve (AUC) to appraise the efficacy of binary classification models. A greater AUC value signifies better performance, where 1 denotes perfection and 0.5 indicates random chance.
Code and data availability
The complete set of experimental data and accompanying scripts is available at https://github.com/suraiya14/cvfs_hfe.
RESULTS
After downsizing the feature collection through two distinct feature assessment techniques, we constructed separate predictive models utilizing the chosen features through the XGBoost (Chen and Guestrin, 2016) machine learning technique. By employing the SHAP (Shapley Additive Explanations) approach (Lundberg et al., 2020), we evaluated the significance of features and their contributions to the XGBoost models. SHAP values quantify the additional influence of each feature on the forecasts generated by the machine learning model.
Model performance
We developed an XGBoost model by training it on various feature subsets derived from CVFS and HFE analyses alongside the training dataset. Table 1 elaborates on the evaluation of XGBoost models across CVFS and HFE-based feature subsets, while Supplementary Figure S2 (Supplementary Material) illustrates the confusion matrices for all reduced feature sets. Overall, we obtained better prediction results for the HFE (bin = 10, β = 30) feature set compared to the CVFS (c = 2, e = 5, p = 0.4) feature set, with our best model able to identify 55 protein sequences.
As mentioned earlier, the top-performing machine-learning outcome was achieved through implementing the XGBoost model, utilizing HFE method with bin = 10 and β = 30 parameters. The HFE selected 181 features from a pool of 701, predominantly focusing on dipeptide composition and distribution features. For detailed insight into the chosen features on the training data, please refer to Supplementary Table S7 provided in the Supplementary Material.
Feature contribution analysis
Figure 5 displays the ranking of the top 10 features based on their mean SHAP values for predicting bacteriocins using the best XGBoost model with hypergraph (bin = 10, β = 30) reduced feature sets. Each point on the plot represents a protein sequence, with overlapping points visualized through jittering to indicate their frequency. The x-axis indicates the influence of features on the model’s output, which is either a prediction of 1 (bacteriocin) or 0 (non-bacteriocin). The y-axis shows the mean |SHAP| values of the features. The color bar at the bottom of the figure represents the value of features where yellow and purple correspond to low and high values, respectively. The features in the plot are in ascending of importance determined based on the mean |SHAP| of the features. A detailed description of the features can be found in our previous study and in protr/ProtrWeb (Akhter and Miller, 2023b; Xiao et al., 2015).
[image: Scatter plot showing SHAP values for different features, illustrating their impact on model output. Features include dist_93, aac_5, pseudo_2, and others, with SHAP values ranging approximately from –2 to 2. Colors represent feature values from low (yellow) to high (purple). Dist_93 has the highest impact, while pseudo_3 has the lowest.]FIGURE 5 | Feature importance (SHAP values) obtained from the XGBoost model for predicting bacteriocins.To further interpret the SHAP results, we examined the biological relevance of the most influential features. The top-ranked feature, dist_93, is derived from the CTD model (Dubchak et al., 1995) and represents the solvent-accessibility descriptor corresponding to group 1 (buried residues). Solvent-accessibility descriptors are widely used in peptide and protein classification tasks because residue exposure and burial strongly correlate with stability and function (Tien et al., 2013; Chang et al., 2008). In our case, higher dist_93 values indicate a greater proportion of buried hydrophobic residues, which are characteristic of bacteriocins that form compact, stable cores enabling membrane interaction. The second most significant feature, aac_5, corresponds to the amino-acid composition of cysteine residues. Inspection of the SHAP color gradient indicates that higher aac_5 values tend to yield negative SHAP values, shifting predictions toward non-bacteriocin, whereas lower aac_5 values show a broader spread with many positive SHAP contributions. Thus, increased cysteine content generally decreases the probability of bacteriocin classification, while reduced cysteine content is associated with a higher probability on average, although this effect is not absolute and depends on the context of other features. This trend is consistent with reports that many bacteriocins and related antimicrobial peptides achieve activity without relying on disulfide bonds, whereas cysteine-rich peptides can adopt distinct stabilized conformations (Gongora-Benitez et al., 2014; Ma et al., 2024).
Other ranked features (pseudo_2, dipep_11, dipep_211, aac_11, pseudo_28, dist_75, aac_13, and pseudo_3) also contributed modestly to the model predictions, as reflected by their moderate mean SHAP values and balanced distribution of positive and negative impacts in the plot. These features represent additional sequence- and composition-based descriptors that provide complementary information to the most influential variables. Together, these observations show that the model primarily relies on solvent-accessibility and cysteine-composition signals, with secondary contributions from sequence-order and compositional descriptors. The complete SHAP importance plot for all features is provided in Supplementary Figure S3 (Supplementary Material).
To compare the relative importance of different feature families, we aggregated the mean absolute SHAP values across all features within each descriptor category. The results (Figure 6) show that CTD-based features contributed the greatest overall importance, highlighting the role of residue distribution and physicochemical composition patterns in bacteriocin classification. DC and AAC features provided substantial contributions, reflecting the influence of short-range residue pair frequencies and global compositional characteristics. PseAAC descriptors showed moderate contributions, while features derived from PSSM, SS, and QSO descriptors contributed relatively little. Overall, these results indicate that compositional and distribution-based properties are the main determinants guiding model predictions, whereas sequence-order and structural descriptors provide complementary but less influential information.
[image: Bar chart showing the per-family summed mean SHAP values for various feature families. The ctd feature has the highest value, followed by dipep and aac. Pseudo, pssm, ss, and qso have progressively lower values.]FIGURE 6 | Summed SHAP importance of different feature families (CTD, DC, AAC, PseAAC, PSSM, SS, and QSO) showing their relative contributions to bacteriocin prediction.These findings are consistent with established principles of antimicrobial peptide structure and function (Daw and Falkiner, 1996; Rost and Sander, 1993; Drider et al., 2006; Cotter et al., 2013; Jenssen et al., 2006; Brogden, 2005; Wimley, 2010; Nguyen et al., 2011; Fimland et al., 2005; Oman and Van Der Donk, 2010; Yang et al., 2014). Solvent accessibility influences peptide folding, hydrophobic-core stability, and membrane-binding potential. Many bacteriocins form amphipathic helices or hydrophobic cores that promote membrane insertion and pore formation. Conversely, cysteine composition governs disulfide-bond formation and structural stabilization. The observed negative association between cysteine content and bacteriocin probability supports prior evidence that many active bacteriocins function effectively without disulfide bridges. Although wet-lab validation lies beyond the present computational scope, all predictions and SHAP-based interpretations are available through our web platform (https://shiny.tricities.wsu.edu/bacteriocin-prediction/), providing a transparent framework for future experimental verification.
Performance comparison
The prediction performance of the XGBoost models built using CVFS-reduced feature sets and HFE-reduced feature sets was compared with the deep learning method RMSCNN (Cui et al., 2021), as well as our previously introduced BaPreS and BPAGS tools (Akhter and Miller, 2023a; Akhter and Miller, 2023b). RMSCNN, developed specifically for the detection of marine microbial bacteriocins through Convolutional Neural Networks (CNN), transforms protein sequences into numeric formats to facilitate feature acquisition and prediction. BaPreS and BPAGS automate feature generation and selection through correlation and t-test analyses, alternating decision tree, and genetic algorithm, employing Support Vector Machines (SVMs) for prediction. All models were tuned using the parameter settings described in the original studies to ensure reproducibility and fair comparison. Our XGBoost models demonstrated superior performance compared to RMSCNN and BaPreS, while providing comparable prediction results to BPAGS (see Table 2).
TABLE 2 | Evaluation of the efficacy of models/tools in predicting bacteriocins.	Method/tool	Testacc	Testprecision	Testrecall	TestF1	TestAUC
	RMSCNN	0.9375	0.9623	0.9107	0.9358	0.9818
	BaPreS	0.9554	0.9636	0.9464	0.9550	0.9879
	BPAGS (ADTree)	0.9911	0.9825	1.0000	0.9912	0.9984
	BPAGS (GA)	0.9643	0.9643	0.9643	0.9643	0.9968
	BPAGS (Linear SVC)	0.9732	0.9818	0.9643	0.9730	0.9990
	CVFS (c = 2, e = 5, p = 0.4)	0.9911	1.0000	0.9821	0.9910	0.9962
	HFE (bin = 5, β = 30)	0.9911	1.0000	0.9821	0.9910	0.9974


Legend: Testacc: Accuracy on the testing dataset.
Testprecision: Precision on the testing dataset.
Testrecall: Recall on the testing dataset.
TestF1: F1 score on the testing dataset.
TestAUC: AUC on the testing dataset.
DISCUSSION
The pursuit of new bacteriocins is essential for advancing the creation of fresh antibiotic treatments to counter the escalating threat of antibiotic resistance. This work introduces web-based predictive models aimed at identifying novel bacteriocins. Our approach involves extracting diverse features from primary and secondary attributes of protein sequences, alongside sequence profiles. These features are then subjected to analysis using the Pearson correlation coefficient, followed by CVFS and HFE feature evaluations. Subsequently, we employed the XGBoost machine-learning algorithm using the selected feature sets. Our findings indicate that XGBoost demonstrates superior predictive capabilities, particularly when using the HFE-reduced feature set.
Solvent accessibility (CTD model) was identified as the most influential feature, followed by cysteine composition (AAC). The solvent accessibility influences various aspects of bacteriocins, including their interaction with target bacterial membranes and their stability in the extracellular environment, and cysteine residues have been reported as important structural determinants in certain bacteriocins such as bactofencin A (Benítez-Chao et al., 2021; O’Connor et al., 2018). Collectively, these analyses demonstrate that solvent-accessibility, compositional, and distribution-based properties are the dominant determinants guiding model predictions.
The efficacy of our most proficient model was evaluated by comparing it with both deep-learning methods and tools we had previously created. The findings indicate that XGBoost demonstrated comparable or improved performance in comparison. Our web application integrates both CVFS and HFE for feature evaluation, incorporating all necessary programs to automatically generate an optimal feature set. Users can now utilize CVFS and HFE alongside existing methods to predict bacteriocin presence in unseen testing data. Additionally, they can augment the training data with new bacteriocin and non-bacteriocin sequences and perform SHAP analyses, enhancing the predictive capability of the web tool.
This study has several limitations. Presently, our model proficiently discerns singular bacteriocin protein sequences, and our goal is to improve its capability to identify protein clusters such as tailocins (bacteriocins resembling phage tails). Moreover, SHAP-based interpretations are correlational and not experimentally validated. Future in vitro work will be necessary to confirm the activity of newly predicted bacteriocins. The training and evaluation of the models were conducted on currently available bacteriocin and non-bacteriocin sequences, which may not fully represent the vast diversity of bacteriocins present in nature. We will maintain and update our machine-learning-based web application as more experimentally validated bacteriocin sequences become available. Further improvements will include the incorporation of granular molecular-component-based features and protein–protein-interaction-network-based features and the development of a robust feature-selection algorithm to enhance prediction accuracy.
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BPAGS: A Web Application for Bacteriocin Prediction

Welcome  Predicted Bacteriocin Sequences  Probability Scores  Help  Data

Upload Files

This web application is used to predict bacteriocin sequences from an input FASTA file. The user manual is provided in the 'Help' menu. To predict bacteriocin
sequences, please select a method and upload a FASTA file with the sequences you want to predict using the 'Choose an input fasta file' upload box, following the file
format shown at the bottom of this page.

If you wish to add new data to the model (training set), please use the 'Add new bacteriocin sequences to training (FASTA)' upload box for bacteriocin sequences and the
*Add new non-bacteriocin sequences to training (FASTA)' upload box for non-bacteriocin sequences, respectively.

Once the necessary files are uploaded, click the 'Bacteriocin prediction’ button. This will automatically navigate you to the 'Predicted Bacteriocin Sequences' page once
the classification results are generated. Then, click the 'Probability estimation' button to navigate to the 'Probability Scores' page containing the probability values of
the sequences.

Download Results

The prediction and probability results can be downloaded by clicking the 'Prediction results' and 'Probability results' buttons, respectively. Additionally, positive and
negative datasets, along with the training/testing datasets for all methods, are available in the 'Data’ menu.

FASTA Formatting

An example FASTA file can be obtained by clicking on the 'Download Input Samples' button. To predict new sequences, the example FASTA file should be in the form
shown below:

& Download Input Samples

>BAC110
‘GGAPATSANAAGAAAIVGALAGIPGGPLGVVVGAVSAGLTTAIGSTVGSGSASSSAGGGS
>WP_007226314.1
MSSISKTVAKTFGLILFFISIANAEITGIVVSVTDGDTIKVLDENSNQHKVRLTGIDAPE
RGQPFGQASKKYLASMVSGKEVFVESNKKDRYGRVLGKVWVQPADCPSCGKTLDINHAQL
LAGMAWWYRYYAKQQSPEDRGRYESAEDEAKARGWGLWSAASPINPYNWRKGRR
>BAC112

NKWGNAVIGAATGATRGVSWCRGFGPWGMTACALGGAAIGGYLGYKSN

If you find our web application useful, please cite our following papers.

1. Akhter, S. and Miller, J.H., BPAGS: A web application for bacteriocin prediction via feature evaluation using alternating de
support vector classifier. Frontiers in Bioinformatics, 3, p.1284705.

2. Akhter, S., & Miller, J. H., BaPres: a software tool for predicting bacteriocins using an optimal set of features. BMC bioinformatics, 24(1), 313.
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