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Abstract: Parasites pose serious threats to host organisms, and anti-parasitic peptides (APPs) have 

shown potential in inhibiting parasite growth and reproduction. However, traditional biological 

screening methods such as nanomedicine-based assays and organism-based approaches are costly 

and time-consuming, highlighting the need for efficient computational prediction methods. In our 

study, we introduce a two-stage machine learning framework for accurate APP identification. To 

handle the class imbalance in the training data, we apply a random under sampling strategy to 

construct a balanced training set. Next, peptide sequences are encoded using pre-trained large 

language model-based embed dings and classified using a multi-layer perceptron (MLP) model. 

Unlike existing approaches that suffer from limited feature representation and poor generalization 

on independent datasets, our method leverages deep contextual sequence embedding combined 

with data balancing to improve robustness. Experimental results demonstrate that our model 

achieves an accuracy of 91.7% and an AUC of 0.939 on independent test sets, surpasses the existing 

approaches in APP prediction. 

 

Keywords: Computational Intelligence; bioinformatics; anti-parasitic peptides; pre-trained 
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1. Introduction 

Parasites are a significant cause of health issues, affecting nearly every being, along with flora and 

fauna. Leech-like infections may lead to a wide range of complications, from mild discomfort to life-

threatening conditions [1]. Parasitic diseases place a significant burden on humanity, claiming the lives of 

over 400,000 people with chronic conditions each year worldwide. Antibiotics are the most widely used 

treatment for these infections today. However, frequent use of antibiotics can lead to unintended side 

effects and contribute to the development of parasite resistance [2, 3]. This highlights the compelling 

necessity for alternative, productive treatments. Current work reveals that curative peptides have the 

potential to eliminate or inhibit parasites infecting humans, such as Plasmodium or Leishmania. Peptide-

based drugs offer several advantages over traditional antibiotics, including reduced production, more 

specificity, less lethality, and excellent cell entry capabilities [4]. Anti-parasitic peptides (APPs) are 

generally short, consisting of 5 to 50 amino acids. They are often derived or modified from antimicrobial 

peptides (AMPs), which are known for their ability to disrupt parasite functions effectively [5-8]. APPs 

work by targeting and destroying specific organisms. They may reduce the parasite's cell membrane or 

hinder key enzymes, such as reductase, essential for the parasite's survival [9, 10]. As a result, APPs are 

considered promising therapeutic candidates for treating parasitic diseases. However, identifying APPs 

through traditional diagnostic methods is both costly and time-consuming. To address this, computational 

approaches offer efficient and complementary solutions for large-scale APP exploration and analysis.  
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High-performing computational methods depend on large, high-quality datasets. Currently, there is 

just a single dedicated anti-parasitic peptide database, ParaPep [10], that contains 519 exploratory 

substantiated APPs. Additionally, several antimicrobial peptide (AMP) databases, including APD3 [11], 

dbAMP [12], CAMP [13], DRAMP [14], and ADAM [15], also provide structures and exploratory 

substantiated APPs sequences, offering valuable resources for further research. Over the past decade, 

several machine learning (ML) based models have been introduced to recognize therapeutic peptides. 

Examples include AAPred-CNN [16] for anti-angiogenic peptides, mAHTPred [17] for anti-hypertensive 

peptides, and AVPIden [18] for anti-viral peptides. PredictFP2 [19] specializes in identifying peptide 

regions across retroviruses, while AMPfun [20], a random forest-based tool, is designed to predict 

anticancer, anti-parasitic (APP), and antiviral peptides [21]. Although AMPfun effectively characterizes 

antimicrobial peptides with diverse properties, its prediction performance for APPs remains suboptimal. 

In 2021, PredAPP [22] was introduced as a method for predicting APPs using an undersampling and 

batch technique. To address data imbalance, various under-sampling approaches were proposed. This 

predictor used a different approach, integrating nine features with six different machine learning classifiers. 

In 2022, the i2APP [23] model was developed to identify APPs, employing a two-stage machine learning 

architecture for enhanced prediction accuracy. In the first stage, multiple feature groups are taken from all 

peptide sequences, and those feature groups are used to train first-layer classifiers. The outcomes from the 

first-stage algorithms serve as the top-most features, which are then fed into a second-layer classifier in the 

second stage. The outputs of this second layer represent the final predictions for detecting APPs. Parasitic 

infections remain a major global health burden, particularly in developing regions, contributing to 

significant morbidity and mortality. APPs have emerged as a promising class of therapeutic agents due to 

their ability to directly attack parasites and inhibit their development and reproduction. However, the 

experimental identification and validation of APPs using traditional biological methods such as 

nanomedicine and entomopathogenic agents are labor-intensive, time-consuming, and costly. Moreover, 

the scarcity of computational tools that can accurately predict APPs from peptide sequences limits the pace 

of discovery in this field. This research is motivated by the urgent need for an efficient, scalable, and 

accurate computational approach to identify APPs, thereby accelerating therapeutic peptide discovery and 

aiding in the fight against parasitic diseases. 

In this study, we developed an improved predictor with high efficacy for predicting APPs using 

sequence information derived from protTrans T5, protBERT, ProtBERT BFD and ESM-1v feature encoding 

approaches. In contrast to prior studies relying on shallow, manually engineered descriptors, our use of 

advanced LLMs enables the model to learn context-aware, biologically meaningful patterns, capturing 

complex sequence dependencies, biochemical patterns, and structural cues inherent in peptide sequences, 

far beyond what handcrafted features can achieve, leading to state-of-the-art accuracy in anti-parasitic 

peptide prediction. The developed architecture of the ML-based model consists of two stages. In the first 

stage, it extracted large language model features from peptides, and in the second stage, it fed these 

extracted features into the model to predict anti-parasitic peptides. The schematic layout of the approach 

is depicted in Figure 1. The contribution of the present research work can be summarized as follows: 

a) We designed an intelligent two-step model that extracts the high-level features in the first step and 

predicts APPs in the second step, respectively.  

b) We captured the peptides encoded patterns using a pre-trained large language model. 

c) We enhanced the overall prediction performance of APPs on both balanced and unbalanced datasets. 

 

2. Materials and Methods  

2.1. Benchmark Dataset 

The dataset used in this study to train the model was derived from previous research [24] and 

compared with others. To create an unbiased dataset, homologous sequences were filtered out using CD-

HIT [25]. For positive samples, a 90% sequence identity threshold was applied, while for negative samples, 

a 60% threshold was used [23]. The 90% threshold for positive samples was chosen for the proportionate 

number of positive data available. After removing homologous sequences, 301 APPs were selected as 

positive data, and 1909 non- APPs were chosen as negative samples.  
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Figure 1. Illustration of the proposed model. 

 

From the positive data, 46 APPs were set aside as testing data, while the remaining 255 APPs were 

used for training. For the negative samples, 46 non-APPs were randomly selected as testing data, and the 

next 1863 non- APPs were designated for training. In a result, the first training set consisted of 255 APPs 

and 1863 non- APPs, while the testing data included 46 APPs and 46 non- APPs. In Table 1, the statistical 

description of both datasets is given below: 

 

Table 1. Datasets used in APPs predictors 

Type Dataset Samples CD-HIT threshold 

Positive 

Negative 
Training 

255 

1863 
0.90 

0.60 
Positive 

Negative 
Testing 

46 

46 
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2.2. Feature Extraction using LLMs 

Key attributes play a crucial role in training deep learning models and ensuring they achieve strong 

prediction performance. Peptides are typically categorized according to the feature set derived from their 

systemic and operable characteristics. Decoding features from peptide data that accurately show the 

underlying data patterns can be challenging. Transformer-based language models can capture contextual 

and semantic relationships within peptide sequences, enabling the extraction of biologically meaningful 

and rich latent representations that are difficult to obtain through traditional handcrafted features. This 

enhanced representation capability contributes to improved APP prediction performance and model 

generalization [26, 27]. The features utilized in this study are outlined below: 

2.2.1. ProtTrans T5 

In this research work, we have used ProtT5 [28] to extract features from amino acid sequences, a 

widely used pre-trained language model, has proven valuable for solving various biological problems. It 

has been applied to predict protein-protein interactions, protein structure, succinylation sites, binding 

residues, and more by analyzing matching amino acid sequences+. Both the heavy and light chains were 

processed independently but in the same manner [29]. For each chain, the input to ProtT5 was the amino 

acid sequence, and the embedding from the last layer of the encoder, which consists of a specific set of 

1024-dimensional vectors, was used to represent the features as 𝐸𝑚𝑏  𝑖=1,2,…,𝐿
𝑎𝑎𝑖   

𝐸𝑚𝑏  𝑖=1,2,…,𝐿
𝑎𝑎𝑖  [𝑋𝑎𝑎𝑖,1

, 𝑋𝑎𝑎𝑖,2
, … , 𝑋𝑎𝑎𝑖,𝑛

]                                 (1) 

 

where 𝑎𝑎𝑖  denotes the ith amino acid in the sequence and n=1024 denotes the embedding's 

dimension and 𝑋𝑎𝑎𝑖,𝑗
 represents the j-th feature value (out of 1024 total features) for the i-th amino acid in 

the sequence. As a result, the amino acid sequence feature can be represented as a two-dimensional matrix 

using the formulas L*1024, represented as 𝐸𝑚𝑏𝐻̂ heavy chain and (𝐸𝑚𝑏𝐿̂) light chain. 

𝐸𝑚𝑏𝐻̂ (𝑜𝑟 𝐸𝑚𝑏𝐿̂) =  
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                 (2) 

 

Where L is the sequence's length and 𝑉𝑎𝑎𝑖
 represents the embedding vector of the i-th amino acid in 

the sequence. Additionally, the processes defined as follows are used to further process the matrix 

expressed in Formula (2): 

                                𝐹𝑒𝑎𝐻1 (𝐹𝑒𝑎𝐿1) =  [
∑ 𝑋𝑎𝑎𝑖,1

𝐿
𝑖=1

𝐿
,
∑ 𝑋𝑎𝑎𝑖,2

𝐿
𝑖=1

𝐿
, … ,

∑ 𝑋𝑎𝑎𝑖,𝑛
𝐿
𝑖=1

𝐿
  ]                                                 (3) 

Where, 𝐹𝑒𝑎𝐻1  and 𝐹𝑒𝑎𝐿1 represents the average of embeddings across the sequence for high and 

low embedding. Next, a one-dimensional feature vector with 2048 terms (2048 features) was created by 

successively connecting the feature vectors 𝐹𝑒𝑎𝐻1 and 𝐹𝑒𝑎𝐿1. This feature vector is designed as 𝐹𝑒𝑎𝑎𝑏 : 

                    𝐹𝑒𝑎𝑎𝑏 = [ 𝐹𝑒𝑎𝐻1, 𝐹𝑒𝑎𝐿1 ]                          (4) 

2.2.2. ESM-1v 

We have used ESM-1v transformers to extract features, based on a BERT-style encoder architecture 

and support a maximum input length of 1022 amino acids [30]. The formal ESM tokenization program 

automatically compresses small sequences to 1022, but during data processing, the sequence breadth is 

adjusted to reflect its true length. For that sequence which is larger than 1022 amino acids, if the alteration 

occurs within 1022 leftovers of either the N-terminus (start of protein sequence) or the C-terminus (end of 

protein sequence), the last 1022 residues are retained. If the alteration mark is more than 1022 residues 

away from both sides, 510 residues from the N side and 511 residues from the C-terminal side are chosen, 

following in sequence of exactly 1022 residues.  

Modernizer-based pre-trained language models (pLMs) provide two key types of features: the 

likelihood of all amino acid categories taking place at all sides in the sequence, and a compact matrix 

embedded for all places in the sequence. The self-attention approach of the Transformer structure allows 

the embeddings to capture background knowledge from the whole 1022 leftover window. In this study, 
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the same method is adopted as ESM-Variant, extracting both the log likelihood ratio (LLR) and the 

embedded matrix for both wild kind and mutant kind residues at each modified site [31, 32]. The LLR is 

measured by the ESM model's probability for both the mutant and wild-type amino acids at the earmark 

site, constrained on the predictor having the wild-type sequence as input. 

2.2.3. ProtBERT 

In this study, BERT [33] is used to extract features, which is trained on a large language corpus and 

has attained modern outcomes on eleven natural language processing (NLP) tasks. The flow of BERT is 

based on a bi-directional Transformer encoder with multiple layers. In the BERT base architecture, each 

layer contains 12 encoder blocks, while the BERT-large model has 24 encoder blocks per layer. Each layer 

is composed of two main sub-stages: a fully connected feed-forward stage and a multi-head self-attention 

stage. After each sub-stage, a residual connection is applied, followed by layer normalization to stabilize 

training and improve performance. 

ProtBert [34] is a novel natural language processing (NLP) model introduced by Elnaggar et al., 

which was developed by regulating the foremost BERT archetype on protein sequence from the UniRef100 

and Big Fantastic Database (BFD). The BFD database consolidates each protein sequence from the UniProt 

database, along with translated proteins from various metagenomic sequencing projects. UniRef100, a 

widely used reference library, contains curated protein sequences. To enhance performance on 

downstream supervised tasks, ProtBert increased the number of layers to thirty [35]. The researchers 

analyzed the effectiveness of ProtBert through the tasks: forecasting secondary form, intracellular region, 

and membrane binding [36]. 

2.3. Learning Method 

Various classification approaches are employed in this study to accurately recognize anti-parasitic 

peptides. Machine learning classifiers, including Adaboost, Decision Tree, K-Nearest Neighbor, Naïve 

Bayes, Random Forest, and Support Vector Machine used for comparison with the predictor classifier, and 

the Multi-Layer Perceptron algorithm was used to make a predictor, which is a deep learning algorithm.  

2.3.1. Multilayer Perceptron 

The Multi-Layer Perceptron (MLP) classifier is a versatile model that uses artificial neural networks 

to classify peptides, specifically APPs. The MLP consists of 3 most important layers: the input layer, hidden 

layers, and the output layer [37]. In peptide classification, the input layer receives feature representations 

of the peptides. These features can be derived from the amino acid composition, sequence motifs, or 

embeddings from pre-trained models like ProtBert or ProtT5. The hidden layers are where the model learns 

complex, non-linear patterns between the features and the peptide's potential anti-parasitic activity. For 

binary classification, such as identifying APPs from non-APPs, the final layer has one neuron unit, using a 

sigmoid activation function to outcome a probability score. 

Training the MLP involves passing the peptide data through the network during forward 

propagation, where the model generates predictions. The loss function, such as binary cross-entropy for 

binary classification, then calculates the error by comparing the predicted output to the actual label. 

Backpropagation is then used to update the weights of the network by moving the error backwards using 

the layers, helping the model learn from its mistakes. This process is repeated for a number of epochs until 

the model converges, minimizing the loss and making it capable of generalizing well to new, unseen data. 

The forward pass is given by: 

      𝑦̂ = 𝑊𝑘+1𝜎(𝑊𝑘𝜎(… 𝜎(𝑊1𝑥 + 𝑏1)… ) + 𝑏𝑘) + 𝑏𝑘+1                                 (5) 

where 𝑊 and 𝑏 represents linear stretching and shifting, and 𝜎 represents non-linear bending.  

The Multi-Layer Perceptron (MLP) was chosen over other deep learning models due to its simplicity, 

computational efficiency, and strong ability to model non-linear relationships, which are critical in peptide 

sequence classification. Unlike more complex models such as Convolutional Neural Networks (CNNs) or 

Recurrent Neural Networks (RNNs), MLPs do not require extensive sequence modeling or spatial 

hierarchies, making them ideal for high-dimensional feature representations extracted from language-

based models. Furthermore, MLPs are less prone to overfitting when trained on relatively smaller or 

imbalanced datasets, especially when regularized and fine-tuned with optimal hyperparameters. In our 

study, with a learning rate of 0.001, 60 epochs, batch size of 64, and the ADAM optimizer, the MLP achieved 



Journal of Computing & Biomedical Informatics                                          Volume 11  Issue 01                                                                                         

ID : 1361-1101/2026   

strong generalization and outperformed more complex architectures in terms of both accuracy and AUC. 

The learning rate, batch size and number of epochs (among other hyperparameters) were chosen using 

empirical methods, based on preliminary experiments using validation performance and convergence 

stability as criteria. We explored several configurations and selected the final parameters based on best 

predictive performance with minimal overfitting. This makes MLP a balanced choice between performance 

and model interpretability, suitable for the task at hand. 

 

3. Results 

The simulated results of the proposed model have been thoroughly evaluated from multiple 

perspectives to demonstrate its effectiveness across various performance metrics. 

3.1. Evaluation Metrics 

Numerous performance assessment metrics may be used to assess the effectiveness of prediction 

models [38]. These metrics provide measurable evaluations of the model's performance on the validation 

part at each cross-validation iteration [39-42]. Several commonly used performance assessment metrics 

were used in this work, including receiver operating curve-area under the curve (AUC-ROC), Mathew's 

correlation coefficient (MCC), accuracy (ACC), sensitivity (Sn), and specificity (Sp) [43]. 

𝐴𝐶𝐶 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
                                                         (6) 

𝑆𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                                    (7) 

𝑆𝑝 =  
𝑇𝑃

𝐹𝑃 + 𝑇𝑁
                                                                   (8) 

𝑀𝐶𝐶 = 
𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁

√[𝑇𝑃 + 𝐹𝑃][𝑇𝑃 + 𝐹𝑁][𝑇𝑁 + 𝐹𝑃][𝑇𝑁 + 𝐹𝑁]
                                 (9) 

Where TP represents true positive value, TN true negative value, FP false positive value and FN false 

negative value. 

3.2. Comparison with different classifiers 

A classifier is the central component of machine learning, if feature extraction is its foundation. 

However, machine learning is becoming more and more popular in biological sequence analysis and 

prediction due to the massive amount of genomic data that has been gathered and the groundbreaking 

development of artificial intelligence algorithms. To predict and identify APPs, classifiers including, 

Adaboost [44], Decision Tree (DT) [45], K-Nearest Neighbor (KNN) [46], Naïve Bayes (NB) [47], Random 

Forest (RF) [48] and support Vector Machine (SVM) [49] have been used for comparison with our proposed 

model with respect to both cross-validation and independent test performance. In Table 1, common 

machine learning algorithms have been evaluated and compared with the new approach on the training 

dataset in which we have analyzed that our model results are better than ML algorithms. Our method 

obtains an accuracy of 92% and MCC of 0.877, respectively. In Table 2, same machine learning algorithms 

have been evaluated and compared with our model on testing dataset in which we have analyzed that our 

model results are higher than commonly used ML algorithms. Our method obtains accuracy of 91% and 

MCC of 0.869, respectively. 

Table 2. Comparison of learning algorithms using 10-fold CV on the training dataset. 

Approach ACC MCC Sn Sp AUC 

Adaboost 0.897 0.813 0.889 0.870 0.912 

DT 0.878 0.801 0.865 0.859 0.893 

KNN 0.890 0.821 0.879 0.874 0.883 

NB 0.813 0.713 0.790 0.816 0.820 

RF 0.908 0.855 0.840 0.876 0.916 

SVM 0.911 0.854 0.893 0.874 0.922 

OUR 0.922 0.877 0.937 0.882 0.967 
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Furthermore, these machine learning algorithms outdo common approaches in the context of model 

accuracy and learning efficacy. The introduced method utilizes artificial neural networks to classify 

peptides, which offers the benefits of a high capturing volume and fast processing, as opposed to using a 

machine learning model. Our model exhibits improved prediction outcomes when compared to 

other models. Figure 2(a) is the depiction of training dataset results, in which it is clearly shown that our 

model achieves the highest accuracy and some other metrics as well. Figure 2(b) shows the highest ROC 

curve of the new approach with a surrounding area of 0.967 in comparison with machine learning 

algorithms. When compared to the conventional models, we leverage MLP’s margin of attribute depletion 

to efficiently capture extra significant features. There is ample statistics to conclude that our model 

outperforms regular networks in terms of performance and ability to learn more information. 

Figure 2. Performance comparison between various classification algorithms and proposed model. 

 

Table 3. Comparison of classification algorithms on an independent dataset. 

Approach ACC MCC Sn Sp AUC 

Adaboost 0.855 0.794 0.870 0.834 0.890 

DT 0.861 0.798 0.836 0.872 0.902 

KNN 0.818 0.743 0.849 0.825 0.861 

NB 0.792 0.701 0.770 0.784 0.836 

RF 0.874 0.810 0.854 0.863 0.912 

SVM 0.899 0.823 0.857 0.871 0.930 

OUR 0.917 0.869 0.954 0.876 0.939 

3.3. Comparison with existing predictors 

The predictor developed in this study is compared using 10-fold cross-validation on the training data 

to existing developed predictors, with the results presented in Table 3. The NM-BD predictor and RUS-BD 

predictor, introduced by [24], involve downsampling the imbalanced training set. The NearMiss method 

was used for one-time sampling, and the arbitrarily undersampling approach was applied for the 

bottommost layer, which is used in this research. Random undersampling was chosen due to its simplicity, 

computational efficiency, and effectiveness in reducing majority-class bias while maintaining balanced 

class representation during training. Additionally, compared to synthetic oversampling approaches, 

random undersampling avoids generating artificial peptide samples that may alter the original biological 

sequence distribution and potentially introduce noise into the learning process. By making the comparison 

to i2APP, the method proposed in this work outdoes it across each metric, showing improvements of 2.2% 

in accuracy (ACC), 0.5% in sensitivity (Sn), 1.3% in specificity (Sp), and 0.74 in Matthews correlation 

coefficient (MCC). When making comparisons to NM-BD, the method proposed in this work is superior 
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on about each metric, excluding specificity (Sp). The outcomes demonstrate that the introduced method 

performs better than the others across the board on the training dataset. 

Table 4. Analogy of the proposed approach with the current predictors via the benchmark dataset. 

Dataset Methods ACC MCC Sn Sp 
 

T
ra

in
in

g
 

NM-BD 0.888 0.778 0.855 0.922 

RUS-BD 0.882 0.768 0.925 0.839 

i2APP 0.900 0.803 0.932 0.869 

Proposed 0.922 0.877 0.937 0.882 

 

Also, to examine the efficiency of the method used in this work, we equate it with existing 

approaches on independent data, with the outcomes presented in Table 4. The metrics demonstrate that 

our proposed model outperforms the others across nearly all measures. Specifically, our model achieves 

improvements of 0.4% in accuracy (ACC), 0.036 in Matthews correlation coefficient (MCC), compared to 

i2APP. When compared to PredAPP, the proposed model shows increases of 3.37% in accuracy (ACC) and 

0.93% in MCC. These results clearly illustrate that the proposed model possesses superior generalization 

capability compared to the current methodologies for APPs prediction.  

Table 5. Analysis of the proposed approach with the existing models via independent dataset. 

Dataset Methods ACC MCC Sn Sp 

 

T
es

ti
n

g
 

AMPfun 0.739 0.531 0.522 0.957 

PredAPP 0.880 0.776 0.978 0.783 

i2APP 0.913 0.833 0.978 0.848 

Proposed 0.917 0.869 0.954 0.876 

 

Figure 3 illustrates the comparative performance analysis between the proposed model and existing 

APP prediction methods on both training and independent testing datasets. Figure 3(a) presents the 

comparison on the training dataset, where the proposed model achieves superior performance across key 

evaluation metrics, including accuracy (ACC), Matthews correlation coefficient (MCC), sensitivity (Sn), 

and specificity (Sp). Similarly, Figure 3(b) demonstrates the evaluation on the independent testing dataset, 

showing that the proposed model maintains strong generalization capability and consistently outperforms 

existing predictors such as AMPfun, PredAPP, and i2APP. These visual comparisons further confirm the 

robustness and effectiveness of the proposed LLM-based framework for APP prediction. 

 

 

Figure 3. Performance comparison between existing and current predictor. 
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3.4. Impact of Dataset Balancing 

Table 5 presents the results of 10-fold cross-validation performed on both balanced and unbalanced 

datasets. The unbalanced dataset contained 255 APPs and 1863 non-APPs. Although the unbalanced 

dataset achieved higher ACC and Sp values due to the dominance of negative samples, the Sn metric 

decreased considerably, indicating weaker recognition of APP sequences. In contrast, the balanced dataset 

significantly improved sensitivity (Sn) and MCC, demonstrating enhanced minority-class detection and 

reduced classification bias toward non-APP samples. These results highlight the importance of dataset 

balancing in improving model generalization and achieving more reliable prediction performance for APP 

identification. Furthermore, the proposed model outperformed PredAPP (unbalanced) across all 

evaluation metrics and demonstrated competitive performance compared to i2APP. 

Table 6. The results of ten-fold cross validation on the unbalanced datasets. 

Methods ACC MCC Sn Sp 

PredAPP (unbalanced) 0.919 0.574 0.525 0.973 

i2APP(unbalanced) 0.965 0.826 0.767 0.993 

Proposed (unbalanced) 0.969 0.835 0.671 0.938 

Proposed (balanced) 0.922 0.877 0.937 0.882 

 

4. Conclusions 

In order to effectively identify APPs, we suggest an innovative approach in this work. This work's 

primary structure is made up of many significant phases. First, the training set is balanced using the 

random under sampling technique. Second, peptide sequences are used to extract a range of large language 

model-based characteristics, which are subsequently fed into the MLP classifier.  

Ultimately, independent testing of the suggested model and the others reveals that it surpassess the 

existing methods for APP prediction in terms of generality. Large language models are employed to extract 

all of the sequence characteristics used in this work. The exactness of APP identification may be further 

increased in years to come by using the RNN or Transformer method for automated feature as data 

volumes grow.  
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