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Background: Cancer is a significant global health problem that continues to cause a high number of deaths worldwide. Traditional cancer treatments often come with risks that can compromise the functionality of vital organs. As a potential alternative to these conventional therapies, Anticancer peptides (ACPs) have garnered attention for their small size, high specificity, and reduced toxicity, making them as a promising option for cancer treatments.
Methods: However, the process of identifying effective ACPs through wet-lab screening experiments is time-consuming and requires a lot of labor. To overcome this challenge, a deep ensemble learning method is constructed to predict anticancer peptides (ACPs) in this study. To evaluate the reliability of the framework, four different datasets are used in this study for training and testing. During the training process of the model, integration of feature selection methods, feature dimensionality reduction measures, and optimization of the deep ensemble model are carried out. Finally, we explored the interpretability of features that affected the final prediction results and built a web server platform to facilitate anticancer peptides prediction, which can be used by all researchers for further studies. This web server can be accessed at http://lmylab.online:5001/.
Results: The result of this study achieves an accuracy rate of 98.53% and an AUC (Area under Curve) value of 0.9972 on the ACPfel dataset, it has improvements on other datasets as well.
Keywords: anticancer peptides (ACPs), deep convolutional neural network (DCNN), ensemble learning, feature optimization, explainable learning
1 INTRODUCTION
The BLOBOCAN 2020 statistics drew a grim picture of the global cancer burden with 19.29 million new diagnosis and 9.95 million cancer-related fatalities (Sung et al., 2021). In the following year, both China and the United States reported 4.82 million and 2.37 million new cases, respectively. The alarming figures from 2022 indicated over 19.3 million new cases globally. The continual prevalence posed the urgent quest for potential anticancer drugs (Chhikara and Parang, 2023).
Existing therapeutic strategies for cancer encompasses surgical interventions, radiation, chemotherapy, and immunotherapy. But they frequently present a myriad of complications (Berger et al., 2023). These include infections, pronounced immunosuppression, bleeding, and other severe side effects that jeopardize patient wellbeing (Timmons and Hewage, 2021). In this context, anticancer peptides (ACPs) emerge as a promising alternative since it typically consists of 10–60 amino acids and derived from the biological immune system. ACPs are characterized by their ability to impede tumor progression and with a diminished potential for drug resistance (Turánek et al., 2015; Xie et al., 2020).
The rapid advancements in sequencing technology coupled with the proliferation of high-throughput peptide datasets have ignited interest in machine learning and deep learning for peptide identification. Agrawal et al. employed the ETree learning paradigm for ACPs prediction (Agrawal et al., 2020). Another tool iAMP-2L centered its predictions on antibiotic peptides, diverging from a sole focus on anticancer variants (Xiao et al., 2013). AMPfun (Chung et al., 2020) and xDeep-AcPEP (Chen J. et al., 2021) have Using deep learning methods to predict the multifaceted functionalities of peptides, while Alsanea et al. employed ensemble techniques for ACPs prediction (Alsanea et al., 2022). Advanced models like ME-ACP (Feng et al., 2021) and ACP-DA (Chen X. G. et al., 2021) which successfully integrated neural network architectures and data balancing techniques. Equally impressive is the approach taken by Lv et al. that married the light gradient booster with deep representation learning algorithms (Lv et al., 2021a). ENNAACT synergized BiLSTM, CNN, and LightGBM algorithms to achieve the ACPs prediction accuracy 78.95% (Yuan et al., 2023).
Inspired by the research of above scholars, we developed a deep convolutional neural network (DCNN) algorithm model that integrates feature selection, feature reduction, regularization, dropout, and other optimization methods. Based on this foundation, we introduce the idea of integrated algorithms and ensemble 10 machine learning methods as the final cancer peptides prediction model. Furthermore, our model interpretation endeavors spotlight pivotal feature combinations instrumental in shaping the classification outcomes using the technique in Li, Z’s research (Li, 2022).
2 MATERIALS AND METHODS
2.1 Datasets
To construct a main research dataset, we opted for the most recent anticancer peptides from DBAASP (Yi et al., 2019). We specifically chose peptide sequences designed to target cancer from the database, excluding duplicates and sequences with a length less than 5. Ultimately, we acquired 2,377 anticancer peptide sequences for the positive dataset. Additionally, we selected 2,377 peptide sequences without antimicrobial activity for the negative dataset. Consequently, we assembled a dataset named ACPfel, comprising 4,754 peptide sequences as the main dataset.
In contrast, this paper utilized the same datasets as the benchmark studies by Lv et al. (Lv et al., 2021a) and Yuan et al. (Yuan et al., 2023). And introduced the ACP740 datasets constructed in ACP-DL (Pirtskhalava et al., 2021) The ACP740 dataset comprised 376 ACPs and 374 non-ACPs. Additionally, we sourced the ACPs data from the CancerPPD (Atul et al., 2015). From this database, we selected a main dataset of 688 ACPs and an equal number of non-ACPs to create the training dataset. The remaining 171 samples from each category were chosen to form the test dataset. Furthermore, we introduced the CancerPPD alternative dataset, which consisted of 970 experimentally validated ACPs and an equal number of non-ACPs. Within this alternative dataset, the training set was constructed using 776 samples from each class. The remaining 194 ACPs and 194 non-ACPs were set aside to serve as the testing dataset. All the training, validation, and testing datasets used are presented in Table 1.
TABLE 1 | The benchmark research datasets of this paper.
[image: Table 1]2.2 Sequence encoding
An ACP sequence is denoted as P = R1R2…RL, where Ri represents the ith amino acid (AA) and L is the length of this ACP (Liu M. et al., 2023). Then, in the process, every individual instance of AA (which represents a specific amino acid in a protein sequence) is converted into a binary code using the encoding strategy described in detail in Table 2. This binary encoding strategy assigns a unique binary sequence to each AA, enabling easy representation and manipulation of the amino acid sequences in a binary format. The encoding process involves converting the properties or characteristics of each AA into binary digits, which are then combined to form a binary representation specific to that AA. This binary representation serves as a digital counterpart that can be easily analyzed, compared, and processed in various computational tasks such as sequence alignment, protein folding prediction, or machine learning algorithms. as shown in Table 2.
TABLE 2 | Encoding strategy of the twenty amino acids (AA).
[image: Table 2]We utilized the 5-bit binary encoding instead of the standard 20-bit one-hot method to avoid generating many sparse matrices. During the feature extraction process, we employed BiLSTM to capture the contextual relationships between amino acids. By setting the sequence padding maxlen to 512 in data preprocessing, we enhanced efficiency, as using the traditional 20-bit one-hot encoding would have led to longer vector lengths, demanding more memory, and slowing down training.
2.3 Data preprocessing
In the initial phase of preprocessing, we employed the pad sequence function to convert variable-length peptides into a consistent length of 512 by padding. This approach enhances the consistency and comparability of the input data, and ensures the peptides share a uniform length. Then, using the random forest algorithm (Biau, 2012) to extract the features of the training and test sets separately, where the training set serves as the training and learning data for the deep convolutional neural network (DCNN), and the cross-validation is introduced during the training process, building a feature extraction model through k-fold cross-validation, and evaluating the training performance.
Then, extract the features of the intermediate layer of the deep convolutional neural network, and then perform PCA dimensionality reduction on the standardized features. PCA is a renowned method to diminish the dimensionality of a dataset while preserving the major share of the intrinsic variability (Bro and Smilde, 2014). This study uses the principal component analysis (PCA) technique to enrich the peptide encoded feature space and proposes the PCA-enriched ensemble learning framework ACPPfel for the ACPs prediction task. The PCA-based dimensionality-reduced training set features reflect the transformation information of the feature space. These are then dispatched to 10 classification algorithms for rigorous training and evaluation.
2.4 Model construction
The entire process of constructing the model involved several steps. Firstly, encoded the anticancer peptide sequences, and then selected the features based on the encoded data using the random forest algorithm. The selected features were subsequently used as the training and learning features for the deep convolution neural network (DCNN). During the training process, the bidirectional long short-term memory (BiLSTM) (Zhang et al., 2022) technique was incorporated to extract contextual information from the features.
After the DCNN training, the feature information from the first layer of the fully connected network was extracted and utilized as input for the subsequent training of the ensemble model. Prior to training the ensemble model, the RobustScaler method in scaler was applied to standardize the data. The processed data were then fed into the PCA algorithm for dimensionality reduction, enriching the information within the feature vectors. The data after dimensionality reduction were subsequently used as input for the ensemble learning algorithm, facilitating the training process, and ultimately leading to the construction of the final predictive model for anticancer peptides. It is worth mentioning that the RobustScaler (Reddy et al., 2021) method is a robust approach for scaling numerical features, providing reliable and accurate results across various machine learning tasks. Additionally, the PCA algorithm was also employed to reduce dimensionality while preserving valuable information in the feature vectors. Finally, the ensemble classifier was built based on ten classifiers. The overall training workflow is shown in Figure 1.
[image: Figure 1]FIGURE 1 | The overall construction process of the ACPPfel model.
The ACPPfel framework was implemented using Python programming language version 3.9.18. We evaluated ten binary classifiers using the following packages, including keras version 2.8.0, tensorflow version 2.8.0, joblib version 1.1.0, scikit-learn version 1.0.2, xgboost version 1.6.0, and lightgbm version 3.3.5.
1) Support Vector Machine (SVM). SVM has been widely used for both classification and regression tasks (Boopathi et al., 2019). This study used SVM as a binary classifier by the following parameter choices: kernel = ‘poly’, C = 5, gamma = 0.2, degree = 3, coef0 = 0.8, and tol = 1e-3.
2) Random Forest (RF). RF is an ensemble learning method based on multiple decision trees and determines the class label of a sample by the ensembled results of the individual trees. The parameters were set to n_estimators = 10, random_state = 35, criterion = 'entropy’, and max_depth = 50.
3) XGBoost. It is the abbreviation of extreme gradient boosting algorithm with very fast training speed (Chen et al., 2015). The key parameters were max_depth = 50, n_estimators = 100, learning_rate = 0.1, colsample_bytre = 0.7, gamma = 0, reg_alpha = 4, objective = ‘binary: logistic’, eta = 0.3, and subsample = 0.8.
4) K-Nearest Neighbors (KNN). KNN functions by classifying a sample based on its similarity to the neighboring data points and demines a sample’s class label by the majority one of the k neighbors of this query sample (Xing and Bei, 2019). Parameters were set to n_neighbors = 2, p = 1, and metric = ‘euclidean’.
5) Gaussian Naïve Bayes (GNB). This probabilistic classifier roots in Bayes’s theorem, and operates under the assumption of feature independence (Kamel et al., 2019). The var_smoothing parameter was tuned to 1e-05.
6) Logistic Regression (LG). LG models the relationship between a binary dependent variable and one/more independent variables (Shipe et al., 2019). Parameters were adjusted to random_state = 1,000, max_iter = 128, tol = 10, penalty = ‘l2’, and solver = ‘sag’.
7) Decision Tree Classifier (DTree). DTree employs tree-like decision structures, and aims to predict target variables based on the learned decision rules (Yoo et al., 2020). Parameters were criterion = ‘entropy’, random_state = 1, and max_depth = None.
8) Bagging. The Bagging classifier uses the bagging strategy to train on different training data subsets to enhance model accuracy and stability (Sandag, 2020). Key parameters included: criterion = ‘entropy’, random_state = 1, max_depth = None, base_estimator set to the ‘Decision Tree Classifier’, n_estimators = 50, max_samples = 1.0, max_features = 1.0, bootstrap = True, bootstrap_features = False, n_jobs = 1, and another random_state = 1.
9) LightGBM. It is a gradient-boosting framework that uses tree-based algorithms for classification (Yuan et al., 2023). It is optimized for memory efficiency and speed. During training, we employed GridSearchCV for parameter tuning. The ‘num_leaves’ was set to 31, with ‘learn-ing_rate’ and ‘n_estimators’ values fine-tuned in ranges [0.01, 0.1, 1] and [20, 40, 80, 100], respectively. Optimal values were ‘learning_rate’ = 0.01 and ‘n_estimators’ = 80.
10) Ensemble Learning. Our ACPs prediction model utilized the stacking classification technique and comprised a two-step process: constructing primary estimators and integrate them into a holistic estimator (Dong et al., 2020). Five classifiers, namely, RF, XGBoost, LightGBM, DTree, and Bagging, formed the estimators. These classifiers retained the parameter configurations from their individual model descriptions. Finally, the Stacking Classifier technology was harnessed to produce ACPs predictions.
2.5 Model explanation
We incorporated the SHAP (Shapley Additive explanation) model (Lundberg and Lee, 2017) to rank the influential features within logistic regression and discern the specific feature combinations with the most profound influence on the ultimate classification outcomes. SHAP is a robust methodology designed to elucidate the results made by prediction models. It aims to calculate the Shapley value as the quantifiable measure of each feature’s contribution towards a given prediction model. This empowers users with explain ability of each feature in the prediction model and has been adopted across diverse areas, including biomedical sciences and healthcare.
SHAP generates locally additive feature attribution as [image: image], where [image: image] is the model prediction value of the observation i, [image: image] = [image: image] is the mean prediction across all observations, and [image: image] refers to the SHAP value of the jth feature for observation [image: image], which represents the marginal contribution of the feature to the prediction (Li, 2022).
2.6 Model evaluation
The four metrics are used as principal indicators to calculate the performance metrics of an ACP prediction model. True positives represent the positive samples which are correctly identified, and TP is the number of true positives. True negatives denote the correctly classified negative samples, and the number of such samples is TN. False positives and false negatives refer to the samples that are incorrectly tagged as positives and negatives, respectively. TP and TN denote the numbers of false positives and false negatives. Sensitivity and specificity (Skaik, 2008) are defined as SN = TP/(TP + FN) and SP = TN/(TN + FP), respectively. The accuracy ACC=(TP + TN)/(TP + FN + TN + FP) describes the overall rate of the correctly predicted samples. Matthew’s correlation coefficient (MCC) offers a quality measure of a binary classification model and is defined as [image: image].
Furthermore, the Receiver Operating Characteristic (ROC) and its accompanying Area Under the ROC Curve (AUC) metrics employed in our evaluation. The ROC curve visually illustrates the trade-offs between the true positive rate (TPR = TP/(TP + FN)) and the false positive rate (FPR = FP/(TN + FP)) over a range of decision thresholds.
The convexity of the ROC curve offers insights into the model’s performance, with a curve skewing towards the top-left corner being indicative of superior predictive capability. The AUC, on the other hand, quantifies the overall performance, with values tending towards 1.0 symbolizing exemplary predictions, while a score around 0.5 is indicative of a model that predicts no better than random chance (Dzisoo et al., 2019).
In essence, this suite of metrics provides a holistic view of our model’s proficiency, ensuring that we capture both its strengths and areas of potential improvement.
3 RESULTS
To ensure the stability and comprehensiveness of our delivered model. We constructed a new dataset called ACPfel and utilized three publicly available datasets for training and testing. In the process of model construction, we introduced feature selection mechanisms, Dropout, and regularization methods to overcome the overfitting phenomenon of deep neural networks. The experimental results of our approach were highly encouraging. The model developed exhibited superior performance during independent testing, indicating its robustness and generalizability. To facilitate easy access and utilization of these datasets and the finalized model, we have made them readily available on our web server.
3.1 Training dataset model performance
The main dataset, the alternative dataset, ACP740 the ACPfel dataset were utilized during the training process. After data encoding, the dataset is subjected to feature selection using the random forest algorithm. The resulting selected features are then fed into the DCNN for the purpose of learning and training. We used cross-validation methods to evaluate the performance of the training set during the training process.
The performance of the main dataset training shown in Figure 2, we discovered from Figure 2 that the main dataset exhibited overfitting, and to address this issue, we introduced the dropout layer during the training process and added regularization methods to the fully connected layer, reducing the size of the network, and other measures.
[image: Figure 2]FIGURE 2 | The training performance of main dataset: (A) The training accuracy of main dataset; (B) The test ROC of the main dataset during training.
To compare studies, we then introduced the alternative dataset, while the performance of the alternative training dataset is shown in Figure 3, we discovered in Figure 3 that the accuracy of the training and test processes reached 90% or higher during training, and its performance was better than that of the main dataset.
[image: Figure 3]FIGURE 3 | The training performance of alternative dataset: (A) The training accuracy of alternative dataset; (B) The test ROC of the alternative dataset during training.
And then, we introduced the ACP740 dataset, while the performance of the ACP740 training dataset is shown in Figure 4, we discovered in Figure 4 that the ACP740 dataset also exhibited overfitting, but the overall training and cross-validation test performance changed synchronously.
[image: Figure 4]FIGURE 4 | The training performance of ACP740 dataset: (A) The training accuracy of ACP740 dataset; (B) The test ROC of ACP740 dataset during training.
Finally, we constructed a larger dataset ACPfel, which was collected from the latest databases, containing more recent anticancer peptides, as shown in Figure 5. We found that the performance of the ACPfel training dataset was better during training, with an accuracy of 96% or higher for both training and 5-fold cross-validation, the AUC value was 0.996 and more stable than the other three dataset.
[image: Figure 5]FIGURE 5 | The training performance of ACPfel dataset: (A) The training accuracy of ACPfel dataset; (B) The test ROC of ACPfel dataset during training.
3.2 Performance of independent validation
The ACPPfel algorithm is a classification ensemble algorithm designed for prediction anticancer peptides. We constructed the model using the preprocessed training data and then evaluated its performance on two separate independent validation datasets the main one and an alternative one. This approach ensured objectivity in measuring the performance of different classifiers and comparing them objectively. During their extensive comparative research. We found that using the feature selection and PCA algorithm for feature dimensionality reduction improved the performance of the classification ensemble algorithm. This improvement was observed by comparing the performance results presented in Table 3, the best values are highlighted in bold. According to Table 3, the model achieved the highest values for the accuracy reached 78.07%, the sensitivity reached 81.29%, and the specificity reached 78.36%.
TABLE 3 | The performance of various classification models based on DCNN of the main dataset.
[image: Table 3]To evaluate the overall performance of the models, the ROC values of 10 different models were assessed simultaneously, as shown in Figure 6, the main dataset highest AUC value is 0.8597.
[image: Figure 6]FIGURE 6 | The ROC Curve performance of independent validation dataset of main dataset.
We then tested the alternative dataset using an independent test set, the best values as shown in Table 4, are highlighted in bold. We found that our model achieved an accuracy (ACC) of 93.56%, with a sensitivity (SN) of 94.33% and a specificity (SP) of 94.33%, the result outperforming the main dataset.
TABLE 4 | The performance of various classification models based on DCNN of alternative dataset.
[image: Table 4]We also found that the ROC values of the alternative dataset independent test in 10 classification models were well-performed, all reached a value of 0.9 or higher. And the maximum value was 0.9747, as shown in Figure 7.
[image: Figure 7]FIGURE 7 | The ROC Curve performance of independent validation dataset of alternative dataset.
To further validate the performance of the model, additional experiments were conducted. We then continued to introduce the ACP740 dataset used in the literature ACP-DL (Yi et al., 2019) for training and testing, with 629 of the data used as the training set, and the 5-fold cross-validation method was used during the training process. The remaining 111 of the data was used as an independent test dataset for the final model testing and validation, the best values as shown in Table 5, are highlighted in bold. We found that the MCC value reached the highest of 0.8380 in Table 5, with SP, SN, and ACC values of 92.98%, 92.59%, and 91.89%, respectively.
TABLE 5 | The performance of various classification models based on DCNN of the ACP740 dataset.
[image: Table 5]We tested the ROC values of the ACP740 dataset, as shown in Figure 8. Out of the 10 classification algorithms, 9 of them had values that exceeded 0.9, the LG reaching a maximum value of 0.9620.
[image: Figure 8]FIGURE 8 | The ROC Curve performance of independent validation dataset of ACP740 dataset.
We built a training and test dataset called ACPfel that included more recent anticancer peptides from DBAASP (Pirtskhalava et al., 2021), with sequences of length less than 5 removed and duplicate sequences removed. The final dataset consisted of 4,754 sequences, with 3327 of the data used as the training set and cross-validation. The remaining 1427 of the data was used as an independent test dataset, the best values as shown in Table 6, are highlighted in bold.
TABLE 6 | The performance of various classification models based on DCNN using the ACPfel dataset.
[image: Table 6]We found that the performance of 10 classification algorithms in Table 6 was better than others, with the highest MCC value reaching 0.9720 and the highest SP, SN, and ACC values of 99.86%, 97.63%, and 98.53%, and that the final test ROC values exceeded 0.970 or higher, even reaching a maximum value of 0.9972. The performance of ACPfel was better than those of the previous three datasets. The result as shown in Figure 9.
[image: Figure 9]FIGURE 9 | The ROC Curve performance of independent validation dataset of ACPfel dataset.
3.3 SHAP feature explanation
After predicting anticancer peptides using the logistic regression model, the SHAP algorithm was used to extract the features and rank the feature importance. We used the SHAP Summary Plot method to generate the Summary plot chart, which displayed the Shapley values for each feature of each sample in the past tense. This helped us determine which features were the most important and their impact on the dataset. The y-axis represented the feature names, and the x-axis represented the influence weight of the Shapley value. The color indicated the feature value (red for high, blue for low). The overlapping points were jittered along the y-axis so that we could observe the distribution of Shapley values for each feature, which were sorted according to their importance.
The results of the experiment are shown in Figure 10. Based on the information presented in Figure 10, it can be observed that when the feature dimensionality is reduced by PCA, feature 0 and feature 1 significantly influence the LG model in the main dataset, as seen in subfigures (A), (B) of Figure 10. Similarly, in the alternative dataset, feature 0, feature 1, feature 2 has the most substantial impact on the LG model, as observed in subfigures (C) and (D) of Figure 10. Similarly, in the ACP740 dataset, feature 0, feature 1 has the most substantial impact on the LG model, as observed in subfigures (E) and (F) of Figure 10, Similarly, in the ACPfel dataset, feature 0, feature 1 has the most substantial impact on the LG model, as observed in subfigures (G) and (H) of Figure 10. This pattern is also visible when examining the SHAP heat map, as shown in subfigures (I), (J), (K) and (L) of Figure 10. To gain insights into which features the models heavily rely on for making their final predictions, it is essential to analyze the feature importance ranking depicted in the figure.
[image: Figure 10]FIGURE 10 | Performance of training dataset on the training model. (A) The SHAP values scatter plot of the main dataset training; (B) The SHAP values bar chart of the main dataset training; (C) The SHAP values scatter plot of the alternative dataset training; (D) The SHAP values bar chart of the alternative dataset; (E) The SHAP values scatter plot of the ACP740 dataset training; (F) The SHAP values bar chart of the ACP740 dataset training; (G) The SHAP values scatter plot of the ACPfel dataset training; (H) The SHAP values bar chart of the ACPfel dataset training; (I) The SHAP values heat map of the main dataset training; (J) The SHAP values heat map of the alternative dataset training. (K) The SHAP values heat map of the ACP740 dataset training. (L) The SHAP values heat map of the ACPfel dataset training.
3.4 Comparison with the state-of-the-art approaches
There were some previous predictors for ACPs prediction, such as iACP (Chen et al., 2016), PEPred-Suite (Wei et al., 2019), ACPpred-Fuse (Rao et al., 2020a), ACPred-FL (Leyi et al., 2018), ACPred (Schaduangrat et al., 2019), AntiCP (Tyagi et al., 2013), AntiCP_2.0 (Agrawal et al., 2021a), iACP-DRLF (Lv et al., 2021a), they are all test on the main independent validation dataset. To demonstrate the efficacy of our model, we conducted a comparative analysis of its performance with that of previous predictors on the same dataset. The datasets are the same as those used in the benchmark study by (Lv et al., 2021a). The performance of the main dataset shown as in Table 7, Compared to the best model ACP-OPE, our model demonstrated improvements in SP by 1.6%, while the other performances were similar.
TABLE 7 | The performance of different classification models on main independent validation dataset.
[image: Table 7]However, in this study, the ACPPfel algorithm was constructed with a highest AUC value of 0.8597 on the main dataset. These results show that the ACPPfel algorithm proposed in this article can better predict the anticancer peptides.
For further verifying the effectiveness of our method, we compared ACPPfel with the existing methods including ACP-DL (Yi et al., 2019), DeepACPpred (Lane and Kahanda, 2021), ACP-MHCNN (Ahmed et al., 2021), GRCI-Net (You et al., 2022), StackACPred (Mishra et al., 2019) on the cross-validation datasets and iACP (Chen et al., 2016), PEPred-Suite (Wei et al., 2019), ACPpred-Fuse (Rao et al., 2020b), ACPred-FL (Wei et al., 2018), ACPred (Schaduangrat et al., 2019), AntiCP (Kumar and Li, 2017), DeepACPpred, AntiCP_2.0 (Agrawal et al., 2021b), iACP-DRLF (Lv et al., 2021b), ME-ACP (Feng et al., 2022) on alternative independent datasets.
From Table 8, we can see that the algorithm model ACPPfel outperforms the current best algorithm in terms of SN, with an increase of 2.63%. The highest performance of ACPPfel in terms of AUC value was 0.9747, compared to the best result of ME-ACP of 0.936, which increased by 3.87%.
TABLE 8 | The performance of different classification models on alternative independent dataset.
[image: Table 8]To make a more objective comparison, we also introduced the ACP740 dataset used in the ACP-DL paper for evaluation, as shown in Table 9. We can see that our proposed algorithm has improved 2.29%, 5.89%, and 4.2% in terms of ACC, SN, and MCC, respectively, and the highest AUC value has been improved to 0.9620.
TABLE 9 | The performance of different classification models on ACP740 independent dataset.
[image: Table 9]Finally, we constructed a more larger anticancer peptides dataset and evaluated its performance with this dataset. The highest ACC, SN, and SP values were 98.53%, 97.63%, and 99.86%, respectively, and the AUC value reached 0.9972, as shown in Table 6 and Figure 9, it indicates that all indicators were very well-performed.
3.5 Web server interface and functional confirmation
By introducing web server technologies such as Flask and HTML (Yang et al., 2021; Zhou et al., 2022), We have developed a web server system for analyzing anticancer peptides data. Users can input the sequence of peptides they want to analyze directly on the webpage and submit it to the analysis system by clicking the “Submit” button. The new peptide sequence is then fed into the ensemble prediction system. If the model’s prediction threshold exceeds 0.5, it indicates that the sequence is an anticancer peptide. Otherwise, it is classified as a non-anticancer peptide. The results of the peptide sequence prediction are displayed at the bottom of the webpage. Figure 11 illustrates the process of the analysis demonstration.
[image: Figure 11]FIGURE 11 | Anticancer Peptides Prediction System. (A) Enter the peptides sequence data that need to be predict; (B) Submit the peptides sequence that need to be predicted and obtain the prediction results; (C) FASTA format data input; (D) Submit the FASTA format data peptides sequence and obtain the prediction results; (E) Introduction of the study; (F) The benchmark dataset of this study. (G) Enter the newest six peptides sequence data that need to be predict; (H) Submit the newest six peptides sequence that need to be predict and obtain the final prediction results.
Based on Figure 11, the analysis system can analyze each peptide sequence data, predict whether the sequence is an anticancer peptide, and provide the results at the bottom of the webpage. This article has already been established a web server for anticancer peptide prediction which can be accessed at http://lmylab.online:5001/. The web server not only offers predictions for anticancer peptides but also provides a download link for the benchmark datasets used in the study, allowing users to access them for further research purposes.
To verify the reliability of the model, we downloaded the latest discovered anticancer peptide sequences from the DBAASP database (Pirtskhalava et al., 2021), Through biological experiments, it has been demonstrated that this sequence possesses functions such as anti-Gram+, anti-Gram-, and anticancer (Rončević et al., 2023). Moreover, this sequence is not included in our training dataset. When we performed prediction on this sequence using the web server developed in this study, it was found that our model can accurately predict the latest anticancer peptide sequences, as shown in (G), (H) of Figure 11.
4 DISCUSSION
Cancer as a disease caused by pathological changes in cellular division, has become a leading cause of death worldwide. The persistent prevalence of cancer worldwide results in the loss of millions of lives annually. Traditional cancer treatment methods often inflict significant harm on patients. However, Anticancer peptides (ACPs) offer several advantages including high specificity, low immunogenicity, minimal toxicity, and high tolerance under normal physiological conditions. It provides a potential alternative for cancer treatment. Traditional laboratory methods for identifying these peptides are time-consuming, expensive, and inefficient. In contrast, machine learning methods can be used to predict anticancer peptides, requiring only computational resources (Zhou et al., 2023a; Zhou et al., 2023b). This approach offers a more efficient and cost-effective means of identifying potential candidates for anticancer therapy (Liu X. W. et al., 2023; Yang et al., 2022).
During the training of the anticancer peptides prediction model, the deep convolution neural network (DCNN) (Zhou et al., 2023b) model is prone to overfitting issues due to both the limited size of the dataset and the influence of interfering data. To address these concerns, we performed feature extraction prior to training to eliminate interfering data. Additionally, we incorporated techniques such as dropout, Batch Normalization and Regularizers to enhance the simplicity of the network. In future research, we intend to explore more methods to effectively mitigate this problem.
To evaluate the model, we conducted a systematic evaluation and comparison analysis of the final performance of the model with other related studies. Firstly, we compared our algorithm with the best result of ME-ACP (Feng et al., 2022). As shown in Table 8, ACPPfel had a 2.63% higher SN on an alternative independent dataset. The best performance of ACPPfel in terms of AUC value was 0.9747, which was 3.87% higher than that of ME-ACP. We also introduced the ACP740 dataset used in the ACP-DL (Yi et al., 2019) for evaluation. As shown in Table 9, our model has improved 2.29%, 5.89%, and 4.2% in terms of ACC, SN, and MCC, respectively, and the best AUC value has been improved to 0.9620. Finally, we constructed a larger anticancer peptides dataset and evaluated its performance with this dataset. The highest ACC, SN, and SP values were 98.53%, 97.63%, and 99.86%, respectively, and the AUC value reached 0.9972, as shown in Table 6 and Figure 9. ACPPfel has made and optimized based on DCNN using many techniques, including a feature selection algorithm to reduce interference data, BiLSTM to extract context features from the anticancer sequence during training, and the middle layer feature of the fully connected layer as the learning feature for the ensemble algorithm. The entire process is performed in multiple steps of dimensionality reduction, which improves the training speed, and the SHAP algorithm is introduced to backtrack to find the feature combination that affects the result.
In future research, based on the approach mentioned, investigators undertook additional exploratory studies to delve into the intricate biological mechanisms that drive the anticancer activity inherent in peptide sequences. This rigorous investigation involved the inclusion of various biological experiments to not only validate the findings but also unravel the biological significance and interpretability of the observed effects. By thoroughly understanding the underlying biological mechanisms, this research will establish a solid theoretical groundwork that can guide the later stages of developing effective and targeted anticancer peptide drugs. The comprehensive understanding gained from these studies will aid in the identification and design of potential therapeutic peptides with optimal properties, paving the way for more successful drug development efforts in the future.
5 CONCLUSION
In this research project, we have developed a model for predicting anticancer peptides by ten classification algorithms to analyze and identify anticancer peptides data.
To overcome the challenges posed by high feature dimensionality and the presence of irrelevant feature information, we introduced the feature selection and PCA algorithm for dimensionality reduction during the feature extraction process. This approach aimed to mitigate noise interference and enhance the overall performance of the algorithm.
To validate the effectiveness of our proposed algorithm, we utilized the same dataset as the benchmark paper by Lv Z, et al. (Lv et al., 2021a). Independent testing with this dataset demonstrated that our algorithm achieved comparable performance to existing anticancer peptide prediction algorithms in terms of accuracy, sensitivity, MCC, and other evaluation metrics. Furthermore, when compared with state-of-the-art algorithms, our approach exhibited improvements and yielded better results.
In future research endeavors, our objective is to enhance the interpretability of the algorithm from a biological standpoint. Additionally, we aim to verify the functional activities of anticancer peptides through wet laboratory experiments, thereby establishing a comprehensive understanding of their potential applications.
DATA AVAILABILITY STATEMENT
The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/supplementary material.
AUTHOR CONTRIBUTIONS
ML: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Methodology, Software, Writing–original draft, Writing–review and editing, Investigation, Project administration, Resources, Validation, Visualization. TW: Conceptualization, Software, Writing–review and editing. XL: Formal Analysis, Writing–review and editing. YZ: Conceptualization, Methodology, Writing–review and editing. SC: Conceptualization. JH: Conceptualization, Methodology, Writing–review and editing. FZ: Conceptualization, Methodology, Writing–review and editing. HL: Conceptualization, Funding acquisition, Supervision, Writing–review and editing.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. Provincial Health Commission Science and Technology Foundation of Guizhou (No. gzwkj 2023-590 and gzwkj 2023-565), Guizhou Medical University National Natural Science Foundation Cultivation Project (No. 21NSFCP40), National Natural Science Foundation of China (No. 32160668), Engineering Research Center of Health Medicine biotechnology of Guizhou Province special funds from the central finance to support the development of local universities (Qian Jiao Ji No [2023]036), the Senior and Junior Technological Innovation Team (20210509055RQ), and the Fundamental Research Funds for the Central Universities, JLU.
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
 Agrawal, P., Bhagat, D., Mahalwal, M., Sharma, N., and Raghava, G. P. (2021a). AntiCP 2.0: an updated model for predicting anticancer peptides. Briefings Bioinforma. 22, bbaa153. doi:10.1093/bib/bbaa153
 Agrawal, P., Bhagat, D., Mahalwal, M., Sharma, N., and Raghava, G. P. S. (2020). AntiCP 2.0: an updated model for predicting anticancer peptides. Cold Spring Harbor Laboratory. 
 Agrawal, P., Bhagat, D., Mahalwal, M., Sharma, N., and Raghava, G. P. S. (2021b). AntiCP 2.0: an updated model for predicting anticancer peptides. Brief. Bioinform 22, bbaa153. doi:10.1093/bib/bbaa153
 Ahmed, S., Muhammod, R., Khan, Z. H., Adilina, S., Sharma, A., Shatabda, S., et al. (2021). ACP-MHCNN: an accurate multi-headed deep-convolutional neural network to predict anticancer peptides. Sci. Rep. 11, 23676. doi:10.1038/s41598-021-02703-3
 Alsanea, M., Dukyil, A. S., Afnan, A., Riaz, B., Alebeisat, F., Islam, M., et al. (2022). To assist oncologists: an efficient machine learning-based approach for anti-cancer peptides classification. Sensors 22, 4005. doi:10.3390/s22114005
 Atul, T., Abhishek, T., Priya, A., Sudheer, G., Minakshi, S., Deepika, M., et al. (2015). CancerPPD: a database of anticancer peptides and proteins. Nucleic Acids Res. 43, 837–843. doi:10.1093/nar/gku892
 Berger, L., Grimm, A., Sütterlin, M., Spaich, S., Sperk, E., Tuschy, B., et al. (2023). Major complications after intraoperative radiotherapy with low-energy x-rays in early breast cancer. Strahlenther Onkol. doi:10.1007/s00066-023-02128-z
 Biau (2012). Analysis of a random forests model. 
 Boopathi, V., Subramaniyam, S., Malik, A., Lee, G., Manavalan, B., and Yang, D.-C. (2019). mACPpred: a support vector machine-based meta-predictor for identification of anticancer peptides. Int. J. Mol. Sci. 20, 1964. doi:10.3390/ijms20081964
 Bro, R., and Smilde, A. K. (2014). Principal component analysis. Anal. methods 6, 2812–2831. doi:10.1039/c3ay41907j
 Chen, J., Cheong, H., and Siu, S. (2021a). xDeep-AcPEP: deep learning method for anticancer peptide activity prediction based on convolutional neural network and multitask learning. J. Chem. Inf. Model. 61, 3789–3803. doi:10.1021/acs.jcim.1c00181
 Chen, T., He, T., Benesty, M., Khotilovich, V., Tang, Y., Cho, H., et al. (2015). Xgboost: extreme gradient boosting. R. package version 0.4-2 1, 1–4. doi:10.1145/2939672.2939785
 Chen, W., Ding, H., Feng, P., Lin, H., and Chou, K. C. (2016). iACP: a sequence-based tool for identifying anticancer peptides. Oncotarget 7, 16895–16909. doi:10.18632/oncotarget.7815
 Chen, X. G., Zhang, W., Yang, X., Li, C., and Chen, H. A. C. P.-D. A. (2021b). ACP-DA: improving the prediction of anticancer peptides using data augmentation. Front. Genet. 12, 698477. doi:10.3389/fgene.2021.698477
 Chhikara, B. S., and Parang, K. (2023). Global Cancer Statistics 2022: the trends projection analysis. Chem. Biol. Lett. 10, 451. 
 Chung, C.-R., Kuo, T.-R., Wu, L.-C., Lee, T.-Y., and Horng, J.-T. (2020). Characterization and identification of antimicrobial peptides with different functional activities. Briefings Bioinforma. 21, 1098–1114. doi:10.1093/bib/bbz043
 Dong, X., Yu, Z., Cao, W., Shi, Y., and Ma, Q. (2020). A survey on ensemble learning. Front. Comput. Sci. 14, 241–258. doi:10.1007/s11704-019-8208-z
 Dzisoo, A. M., He, B., Karikari, R., Agoalikum, E., and Huang, J. (2019). CISI: a tool for predicting cross-interaction or self-interaction of monoclonal antibodies using sequences. Interdiscip. Sci. Comput. life Sci. 11, 691–697. doi:10.1007/s12539-019-00330-1
 Feng, G., Yao, H., Li, C., Liu, R., Huang, R., Fan, X., et al. (2022). ME-ACP: multi-view neural networks with ensemble model for identification of anticancer peptides. Comput. Biol. Med. 145, 105459. doi:10.1016/j.compbiomed.2022.105459
 Feng, G., Yao, H., Li, C., Liu, R., Huang, R., Fan, X., et al. (2021). Multi-view neural networks with ensemble model for identification of anticancer peptides. Cold Spring Harb. Lab . doi:10.1101/2021.11.22.469543
 Kamel, H., Abdulah, D., and Al-Tuwaijari, J. M. (2019). “Cancer classification using Gaussian naive bayes algorithm,” in Proceedings of the 2019 international engineering conference (IEC),  (Erbil, Iraq, 23-25 June 2019), 165–170.
 Kumar, S., and Li, H. (2017). In silico design of anticancer peptides. Methods Mol. Biol. 1647, 245–254. doi:10.1007/978-1-4939-7201-2_17
 Lane, N., and Kahanda, I. (2021). DeepACPpred: a novel hybrid CNN-rnn architecture for predicting anti-cancer peptides. Cham , 60–69. doi:10.1007/978-3-030-54568-0_7
 Leyi, W., Chen, Z., Huangrong, C., Jiangning, S., and Ran, S. (2018). ACPred-FL: a sequence-based predictor using effective feature representation to improve the prediction of anti-cancer peptides. Bioinformatics 23. doi:10.1093/bioinformatics/bty451
 Li, Z. (2022). Extracting spatial effects from machine learning model using local interpretation method: an example of SHAP and XGBoost. Comput. Environ. Urban Syst. 96, 101845. doi:10.1016/j.compenvurbsys.2022.101845
 Liu, M., Liu, H., Wu, T., Zhu, Y., Zhou, Y., Huang, Z., et al. (2023a). ACP-Dnnel: anti-coronavirus peptides’ prediction based on deep neural network ensemble learning. Amino Acids 55, 1121–1136. doi:10.1007/s00726-023-03300-6
 Liu, X. W., Shi, T. Y., Gao, D., Ma, C. Y., Lin, H., Yan, D., et al. (2023b). iPADD: a computational tool for predicting potential antidiabetic drugs using machine learning algorithms. J. Chem. Inf. Model 63, 4960–4969. doi:10.1021/acs.jcim.3c00564
 Lundberg, S., and Lee, S. I. (2017). A unified approach to interpreting model predictions. Proc. Nips . doi:10.48550/arXiv.1705.07874
 Lv, Z., Cui, F., Zou, Q., Zhang, L., and Xu, L. (2021a). Anticancer peptides prediction with deep representation learning features. Briefings Bioinforma. 22, bbab008. doi:10.1093/bib/bbab008
 Lv, Z., Cui, F., Zou, Q., Zhang, L., and Xu, L. (2021b). Anticancer peptides prediction with deep representation learning features. Brief. Bioinform 22, bbab008. doi:10.1093/bib/bbab008
 Mishra, A., Pokhrel, P., and Hoque, M. T. (2019). StackDPPred: a stacking based prediction of DNA-binding protein from sequence. Bioinformatics 35, 433–441. doi:10.1093/bioinformatics/bty653
 Pirtskhalava, M., Amstrong, A. A., Grigolava, M., Chubinidze, M., Alimbarashvili, E., Vishnepolsky, B., et al. (2021). DBAASP v3: database of antimicrobial/cytotoxic activity and structure of peptides as a resource for development of new therapeutics. Nucleic Acids Res. 49, D288–d297. doi:10.1093/nar/gkaa991
 Rao, B., Zhou, C., Zhang, G., Su, R., and Wei, L. (2020a). ACPred-Fuse: fusing multi-view information improves the prediction of anticancer peptides. Briefings Bioinforma. 21, 1846–1855. doi:10.1093/bib/bbz088
 Rao, B., Zhou, C., Zhang, G., Su, R., and Wei, L. (2020b). ACPred-Fuse: fusing multi-view information improves the prediction of anticancer peptides. Brief. Bioinform 21, 1846–1855. doi:10.1093/bib/bbz088
 Reddy, K. V. A., Ambati, S. R., Reddy, Y. S. R., and Reddy, A. N. (2021). “AdaBoost for Parkinson’s disease detection using robust scaler and SFS from acoustic features,” in Proceedings of the 2021 Smart Technologies,  (Sathyamangalam, India, 09-10 October 2021) ( Communication and Robotics (STCR), 1–6. 
 Rončević, T., Maleš, M., Sonavane, Y., Guida, F., Pacor, S., Tossi, A., et al. (2023). Relating molecular dynamics simulations to functional activity for gly-rich membranolytic helical kiadin peptides. Pharmaceutics 15, 1433. doi:10.3390/pharmaceutics15051433
 Sandag, G. A. (2020). A prediction model of company health using bagging classifier. JITK J. Ilmu Pengetah. Dan. Teknol. Komput. 6, 41–46. doi:10.12928/telkomnika.v11i3.1143
 Schaduangrat, N., Nantasenamat, C., Prachayasittikul, V., and Shoombuatong, W. (2019). ACPred: a computational tool for the prediction and analysis of anticancer peptides. Molecules 24, 1973. doi:10.3390/molecules24101973
 Shipe, M. E., Deppen, S. A., Farjah, F., and Grogan, E. L. (2019). Developing prediction models for clinical use using logistic regression: an overview. J. Thorac. Dis. 11, S574–S584. doi:10.21037/jtd.2019.01.25
 Skaik, Y. A. (2008). Understanding and using sensitivity, specificity and predictive values. Indian J. Ophthalmol. 56, 341. doi:10.4103/0301-4738.41424
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA a cancer J. Clin. 71, 209–249. doi:10.3322/caac.21660
 Timmons, P. B., and Hewage, C. M. (2021). ENNAVIA is a novel method which employs neural networks for antiviral and anti-coronavirus activity prediction for therapeutic peptides. Briefings Bioinforma. 22, bbab258. doi:10.1093/bib/bbab258
 Turánek, J., Škrabalová, M., and Knötigová, P. (2015). Antimicrobial and anticancer peptides. Proc. Xith Conf. Biol. Act. Peptides . doi:10.1135/css200911128
 Tyagi, A., Kapoor, P., Kumar, R., Chaudhary, K., Gautam, A., and Raghava, G. P. (2013). In silico models for designing and discovering novel anticancer peptides. Sci. Rep. 3, 2984. doi:10.1038/srep02984
 Wei, L., Zhou, C., Chen, H., Song, J., and Su, R. (2018). ACPred-FL: a sequence-based predictor using effective feature representation to improve the prediction of anti-cancer peptides. Bioinformatics 34, 4007–4016. doi:10.1093/bioinformatics/bty451
 Wei, L., Zhou, C., Su, R., and Zou, Q. (2019). PEPred-Suite: improved and robust prediction of therapeutic peptides using adaptive feature representation learning. Bioinformatics 35, 4272–4280. doi:10.1093/bioinformatics/btz246
 Xiao, X., Wang, P., Lin, W. Z., Jia, J. H., and Chou, K. C. (2013). iAMP-2L: a two-level multi-label classifier for identifying antimicrobial peptides and their functional types. Anal. Biochem. 436, 168–177. doi:10.1016/j.ab.2013.01.019
 Xie, M., Liu, D., and Yang, Y. (2020). Anti-cancer peptides: classification, mechanism of action, reconstruction and modification. Open Biol. 10, 200004. doi:10.1098/rsob.200004
 Xing, W., and Bei, Y. (2019). Medical health big data classification based on KNN classification algorithm. IEEE Access 8, 28808–28819. doi:10.1109/access.2019.2955754
 Yang, S., Huang, J., and He, B. (2021). CASPredict: a web service for identifying Cas proteins. PeerJ 9, e11887. doi:10.7717/peerj.11887
 Yang, Y., Gao, D., Xie, X., Qin, J., Li, J., Lin, H., et al. (2022). DeepIDC: a prediction framework of injectable drug combination based on heterogeneous information and deep learning. Clin. Pharmacokinet. 61, 1749–1759. doi:10.1007/s40262-022-01180-9
 Yi, H. C., You, Z. H., Zhou, X., Cheng, L., Li, X., Jiang, T. H., et al. (2019). ACP-DL: a deep learning long short-term memory model to predict anticancer peptides using high-efficiency feature representation. Mol. Ther. Nucleic Acids 17, 1–9. doi:10.1016/j.omtn.2019.04.025
 Yoo, S. H., Geng, H., Chiu, T. L., Yu, S. K., Cho, D. C., Heo, J., et al. (2020). Deep learning-based decision-tree classifier for COVID-19 diagnosis from chest X-ray imaging. Front. Med. 7, 427. doi:10.3389/fmed.2020.00427
 You, H., Yu, L., Tian, S., Ma, X., Xing, Y., Song, J., et al. (2022). Anti-cancer peptide recognition based on grouped sequence and spatial dimension integrated networks. Interdiscip. Sci. 14, 196–208. doi:10.1007/s12539-021-00481-0
 Yuan, Q., Chen, K., Yu, Y., Le, N. Q. K., and Chua, M. C. H. (2023). Prediction of anticancer peptides based on an ensemble model of deep learning and machine learning using ordinal positional encoding. Briefings Bioinforma. 24, bbac630. doi:10.1093/bib/bbac630
 Zhang, Y., Zhu, G., Li, K., Li, F., Huang, L., Duan, M., et al. (2022). HLAB: learning the BiLSTM features from the ProtBert-encoded proteins for the class I HLA-peptide binding prediction. Brief. Bioinform 23, bbac173. doi:10.1093/bib/bbac173
 Zhou, Y., Huang, Z., Gou, Y., Liu, S., Yang, W., Zhang, H., et al. (2023a). AB-Amy: machine learning aided amyloidogenic risk prediction of therapeutic antibody light chains. Antib. Ther. 6, 147–156. doi:10.1093/abt/tbad007
 Zhou, Y., Huang, Z., Li, W., Wei, J., Jiang, Q., Yang, W., et al. (2023b). Deep learning in preclinical antibody drug discovery and development. Methods 218, 57–71. doi:10.1016/j.ymeth.2023.07.003
 Zhou, Y., Xie, S., Yang, Y., Jiang, L., Liu, S., Li, W., et al. (2022). SSH2. 0: a better tool for predicting the Hydrophobic interaction risk of monoclonal Antibody. Front. Genet. 13, 842127. doi:10.3389/fgene.2022.842127
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 © 2024 Liu, Wu, Li, Zhu, Chen, Huang, Zhou and Liu. 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/fgene-15-1352504-t002.jpg
AA AA AA
A 00,001 00,110 M 01,011 s
c 00,010 00,111 01,100 T 10,001
D 00,011 01,000 P 01,101 v 10,010
E 00,100 01,001 Q 01,110 w 10,011
F 00,101 01,010 R o111 bé 10,100






OPS/xhtml/nav.xhtml
Contents

		Cover

		ACPPfel: Explainable deep ensemble learning for anticancer peptides prediction based on feature optimization		1 Introduction

		2 Materials and methods		2.1 Datasets

		2.2 Sequence encoding

		2.3 Data preprocessing

		2.4 Model construction

		2.5 Model explanation

		2.6 Model evaluation





		3 Results		3.1 Training dataset model performance

		3.2 Performance of independent validation

		3.3 SHAP feature explanation

		3.4 Comparison with the state-of-the-art approaches

		3.5 Web server interface and functional confirmation





		4 Discussion

		5 Conclusion

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		References









OPS/images/fgene-15-1352504-t001.jpg
Datasets
ACP740
CancerPPD main dataset
CancerPPD alternative dataset

ACPfel dataset

Training datasets

629
1,376
1,552

3327

Test datasets
111
342
388

1427

740
1718
1940

4754






OPS/images/fgene-15-1352504-t004.jpg
Classification model McC

SVM 08610
RE 08610
XGBoost | os60
KNN 08560
GNB 0.8710
1G osmio
DTREE  omso
Bagging 08560
LightGBM osmo
Ensemble 08660

SP
09278
09330
09227
0.9433
09278
0.9433
0.8969
09175
09278

09278

SN
0.9330
0.9278
0.9433
09124
0.9433
0.9278
0.9278
0.9381
0.9433

0.9433

09304

0.9304
09330
09278
09356
09356
09124
09278
09356

09330

That the bold values indicates the best values






OPS/images/fgene-15-1352504-t003.jpg
Classification model McC SN {cle
SVM 05440 | 07602 | 07836 07719
e 05380 | 07544 | 07836 | 07690
XGBoost Losso | orsu | o7ss | 077
KNN 04690 | 0.7661 | 07018 | 07339
GNB Loseo | ozms | o7 07807
G 05570 | 07485 | 08070 | 07778
DTREE 05010 | 0.691 | 08070 | 07485
Bagging Lose0  o7iss | osiz | 07807
LightGBM 05500 | 07544 | 07953 | 07749
Ensemble 05380 | 07544 | 07953 | 07690

P B P Qo PO R Tp or Nn T ool





OPS/images/fgene-15-1352504-g011.gif
= [

e e e






OPS/images/fgene-15-1352504-g010.gif








OPS/images/inline_7.gif
MCC = (TN x TP - FP x FN)/
(TP + FP) (TP + FN) (IN + FP) (TN + FN)







OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





OPS/images/fgene-15-1352504-g005.gif





OPS/images/fgene-15-1352504-g006.gif





OPS/images/fgene-15-1352504-g003.gif





OPS/images/fgene-15-1352504-g004.gif





OPS/images/fgene-15-1352504-g009.gif





OPS/images/fgene-15-1352504-g007.gif





OPS/images/fgene-15-1352504-g008.gif





OPS/images/inline_4.gif





OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/inline_3.gif





OPS/images/inline_6.gif





OPS/images/inline_5.gif
shap(X )





OPS/images/fgene-15-1352504-g001.gif





OPS/images/fgene-15-1352504-t009.jpg
Model Accuracy Sens Spec MCC
‘ ACP-MHCNN 0.860 0.889 0.831 0.720
‘ DeepACPpred 0.850 0.853 0.850 0706
‘ GRCI-Net [ 0.823 [ 0.836 0.821 0.647 ‘
‘ StackACPred 0.845 0.841 0.849 0.705
" ACP-DL 0.815 | 0.826 0.806 0.631
‘ ME-ACP | 0.896 0.867 0.922 0.796
09189 0.9259 0.9298 0.8380

\ ACPPfel (this paper)






OPS/images/fgene-15-1352504-g002.gif





OPS/images/inline_2.gif





OPS/images/inline_1.gif
Vi = shapg + shap(X,;) + shap(Xy) + ...+ shap(X,)





OPS/images/fgene-15-1352504-t006.jpg
Classification model MCC
SVM 0.9680
RE 09710
V XGBoost [ 0.9670
KNN 0.9670
GNB 0.9720
LG | 0.9660
DTREE | 0.9550
Bagging 0.9690
LightGBM [ 0.9690
Ensemble 0.9710

SP

09944
09958
09930

0.9972

0.9986

0.9902

0.9831

0.9944

0.9944

0.9944

SN

09735
09749
09735

09693

09735

0.9763

09721

09749

09749

09749

0.9839

0.9853

09832

09832

0.9860

09832

09776

0.9846

0.9846

0.9853

That the bold values indicates the best values






OPS/images/fgene-15-1352504-t005.jpg
Classification model MCC
SVM 0.7660
RE 07660
V XGBoost [ 0.7840
KNN 0.7320
GNB 0.7660
LG | 0.7660
DTREE | 0.6760
Bagging 0.8380
LightGBM [ 0.8030
Ensemble 0.8030

N

08772
0.8947
09123

09123

0.8772

0.8947

0.8246

09123

0.9298

0.9298

SN

0.8889
0.8704
0.8704
08148
0.8889
0.8704
08519
0.9259
08704

0.8704

08829

0.8829

08919

0.8649

0.8829

08829

08378

0.9189

0.9009

0.9009

That the bold values indicates the best values






OPS/images/fgene-15-1352504-t008.jpg
Model Accuracy Sens Spec MCC
ACP-MHCNN 0.900 0.865 0.933 0.800
iACP-DRLF 0.776 0.784 0.964 0.550
AntiCP_2.0 0.920 0.923 0.918 0.840
AntiCP 0.900 0.897 0.902 0.800
ACPred 0.853 0.871 0.835 | 0710
ACPred-FL 0.438 0.602 0.256 -0.15
' ACPpred-Fuse | 0.789 0.644 0.933 0.600
PEPred-Suite 0.575 0.402 0.747 0.160
iACP | 0.776 0.784 0.964 0.550
ACP-DL 0.881 0.860 0.902 0762
ME-ACP 0933 0917 0.948 0.866
ACPPfel (this paper) 0.9356 0.9433 0.9433 0.8710






OPS/images/fgene-15-1352504-t007.jpg
Model Sens Spec Accuracy
ACP-OPE 0.8153 0.7676 0.7895
iACP-DRLF 0.807 0.743 0.775
AntiCP_2.0 0.775 0.734 0.754
AntiCP 1.000 0.120 0.506
| ACPred 0.856 0.214 0.535
[ ACPred-FL [ 0.671 0.225 0.448
ACPpred-Fuse 0.692 0.686 0.689
7 PEPred-Suite 0.331 0.738 0.535
iACP 0.779 0332 0.551
ACPPfel (this paper) 0.8129 0.7836 0.7807






