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A B S T R A C T  

Numerous types of fungus are unhealthy and can lead to life-threatening 

conditions in people. A fungal infection that targets specific bodily regions 

and that the immune system is unable to fight off. Numerous studies have 

been conducted on the topic, but due to its negative side effects, 

medications, chemicals, and conventional techniques have not proven 

effective enough. Due to the rapidly invading fungus species, 

antimicrobial peptides having antifungal properties emerged as a new 

and powerful candidate due to their efficiency and selectivity. Many 

mathematical models are being developed for its identification, including 

Deep-AntiFP and AntiFP, the most recently. However, it has limited 

performance in accuracy, sensitivity, precision, and MCC. This study 

investigates an efficient and accurate computational model for the 

prediction of antifungal peptides (AFPs) using machine learning 

approaches. The model uses the statistical moment as feature extraction 

and Random Forest (RF) as a predictor to predict AFPs from non-AFPs. 

10-fold cross-validation, independent tests, and self-consistency tests are 

used to validate the performance of the model. Three datasets are used for 

model training and its evaluation, namely Antifp Main, Antifp DS1, and 

Independent Main. The model achieved an accuracy of 95.73%, 97.01%, 

and 99.15% for Antifp Main, Antifp DS1, and Independent main 

respectively through independent testing; 97.4%, 97.3%, and 97.4% by 10-

fold cross-validation and 99.74%, 99.87 and 99.83 by self-consistency 

testing. The proposed model has shown excellent results for all three 

datasets as compared to the existing models available in the literature. 

 

K e y w o r d s :  Antifungal peptides, Random Forest, Prediction accuracy, 

Computational modeling, Machine learning, Statistical moment 

( M S C 2 0 2 0 )  C o d e s :  68T05 , 03B52, 

1 | INTRODUCTION 

Fungi are organisms that are eukaryotic, multicellular, and heterotrophic. They do not have 

chloroplast like mold, mushrooms, and yeast [1]. The main human fungal pathogens are Aspergillus, 

Pneumocystis, and Candida [2]. A lot of development in technologies has been done but still for human 
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health fungi is a serious issue [3]. In humans, fungi cause severe diseases, about 1.7 million deaths are 

caused by fungal infection every year according to a report [4]. Traditionally various plants were utilized 

to treat fungal infections because they produced protected, eco-friendly, and renewable antifungal 

drugs. The traditional methods have limited action, just toward bacteria and fungi; however, they lack 

specificity, tolerance, and effectiveness [5].  

Because of the above-limited cure for treating the fungal infection, it has been investigated to replace 

the chemical-based drugs with the desired non-chemical alternative, which is found in the form of 

peptide-based therapeutics [6]. Peptide-based antimicrobials then emerged as a new and advanced factor 

in biopharmaceutics to treat fungal infection which can also act as an immune stimulator and 

suppressant [7]. These antimicrobial peptides were not precise towards fungal infections but were also 

effective in the chemoattraction of immune cells, cytokine, and histamine production and secretion [8]. 

Antimicrobial peptides show vast activities against protozoa, show resistance to bacteria, fungi, 

parasites, and viruses, and even kill cancer cells [9]. Because of its effectiveness for a broad range of 

species, the development of some specific antifungal peptides was sensed as necessary for the treatment 

of fungal infections unambiguously and effectively [3]. For the identification of biopeptides such as 

antimicrobial peptides, anticancer peptides, Antiviral peptides, and Antibacterial peptides traditional 

methods were used like molecular [10], non-molecular [11], and immunological methods. [12] Worked 

on Tanzanian plants which exhibit antifungal activity against many fungal species like candida glabrata, 

Cryptococcus neoformans, and candida krusei. These plants by testing on 38 families show 45% 

antifungal nature. The strongest AF activities were exhibited by the extracts of Turraea holstii Gurk and 

Clausena anisata Oliv [13].  

Due to its enormous importance, many researchers have developed a computational model using 

data mining for its identification to overcome the limitations of traditional methods, which are 

considered time-consuming and costly. [14] Worked on AFPs classification, bioactivity, and its efficiency 

which emerged as a novel therapy for fungal infections. Also, the synthetic production and exploitation 

of AFPs were discussed. [15] Using Chou’s pseudo amino acid composition with different machine 

learning algorithms to compare and predict the more accurate model for the prediction of AFPs. Five 

algorithms were used among which high-performance classifiers were SVM and Bagged-C4.5 shows 

80% accuracy. [16] Worked on the screening of antifungal peptides by developing a prediction method 

using Chou’s pseudo amino acid composition along with the SVM classifier for its binomial classification 

and achieved an accuracy of 94.76%. [17] Developed a model based on SVM as a classifier to predict the 

antifungal peptides, it shows an accuracy of 88.78% for the training dataset and 83.33%. for testing the 

dataset. They also investigated the datasets by using binary patterns which achieved 84.88% accuracy 

through the training dataset and 84.64 through the testing dataset. [18] Investigated the model based on 
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Naïve Bayes (NB) and decision trees as classifiers working on small data sets, NB gives a robust 

performance.  Furthermore [3] used Support Vector Machine (SVM), Probabilistic neural network 

(PNN), and k-nearest neighbor (KNN) to examine their efficiency and accuracy in predicting antifungal 

peptides and achieved an accuracy of 94%. 

There is still room for improvement as most of the existing models have used PseAAC (Pseudo 

Amino Acid Composition) which has some shortcomings in working on small peptide sequences. Most 

importantly, they all have low performance in terms of accuracy, sensitivity, precision, and MCC. 

Therefore, in this proposed research a more accurate and efficient model for antifungal peptide is 

developed, which provides high accuracy in prediction and other performance matrices as compared to 

the existing models. We use statistical moments for feature extraction and further examine machine 

learning classifiers: SVM, PNN, K-NN, RF, A-NN, and NB, in these algorithms the best operational 

model the RF gives the highest accuracy. Furthermore, testing methods like K-Fold cross-validation, 

independent testing, and self-consistency validation are used to evaluate the accuracy of the proposed 

model.  

2 | METHODS AND MATERIALS 

The proposed system was developed to classify antifungal peptides and non-antifungal peptides. 

The methodology of the proposed system is divided into the following five steps:  

Collection of a valid Benchmark dataset. 

1. Feature Extraction  

2. Machine learning classifiers 

3. Methods for evaluating the performance of classifiers. 

4. Results and Discussions  
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Figure 1: Proposed Model 

2.1 | Benchmark Dataset 

An appropriate benchmark dataset is essential for the development of good computational model. 

The dataset is retrieved from the Swiss-Prot and the DRAM, further, it is divided into the following three 

groups namely Antifp_Main, Antifp_DS1, and Independent_Main as described below and classified in 

Table 1 used by [3].  

Antifp Main 

This dataset consists of 2336 peptide sequences, among which 1168 are negative (non-antifungal 

peptides) samples of antimicrobial peptides other than antifungal and random peptides collected from 

Swiss-Port, and 1168 are positive samples which are exclusive Antifungal peptides collected from 

DRAMP. 

Antifp DS1 

The dataset contains 2336 peptide sequences, among which 1168 are negative (non-antifungal 

peptides) samples which are antimicrobial peptides other than antifungal and 1168 are positive samples 

which are exclusive Antifungal peptides. 

Independent Main 

This dataset consists of 582 peptide sequences where 291 are positive peptides (Antifungal) collected 

from DRAMP and 291 are negative peptide (non-antifungal) sequences collected from Swiss-Prot. 
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Table 1: Datasets Classification Summary 

Datasets No of Peptide Database Peptide Sequences Nature 
Model 

Prediction 

Antifp_Main 

1168 AFPs (Positive) DRAMP exclusive Antifungal peptides 0 

1168 Non-AFPs 

(Negative) 
Swiss-Port 

antimicrobial peptides other than 

antifungal and random peptides 
1 

Antifp_DS1: 

1168 AFPs (Positive) DRAMP exclusive Antifungal peptides 0 

1168 Non-AFPs 

(Negative) 
Swiss-Port 

Antimicrobial peptides other than 

antifungal 

1 

 

Independent 

_Main: 

291 AFPs (Positive) DRAMP exclusive Antifungal peptides 0 

291 Non-AFPs 

(Negative) 
Swiss-Port 

antimicrobial peptides other than 

antifungal  and randomly 

collected 

1 

 

2.1 | Feature Vector Construction 

Now a day biological data and sequences are growing wide in almost every phase of life. Biological 

analysis has become an essential part in terms of solving biological problems. The hardest task for one is 

to express the biological data and sequences into a vector or discrete form without dropping sequence 

pattern information and its characteristics or components for final analysis. Vector formulation is an 

important task because all computer-based models such as RF (Random Forest Algorithm) [19], KNN 

[20], and SVM  (Support Vector Machine) [21] use the vector dataset for prediction and evaluation. 

However, to avoid the problem of data loss during the formulation, many experts and researchers have 

used the world-wide famous feature extraction methods like Amino Acid Composition (AAC) and 

Pseudo Amino Acid Composition (PseAAC) [22] statistical moments. This proposed model has been 

developed by using statistical moment [23] which consists of the raw moments, Hahn and central 

moments, and other moments are discussed in detail as stated below.  

2.1.1 | Statistical Moment Calculation 

The same results and conclusions are provided by the central moments. Next to the centroid of data, 

these moments are calculated consequently which are incessant to their location according to the centroid 

but on the other hand, are scale variants. Hahn polynomials are consequent from Hahn moments so; 

these are neither location nor scale variants. The major goal and purpose of the calculation of statistical 

moment is to find the size of the dataset, and the composition and position of protein sequences. This 

method is used to extract different features of protein.  

Many moments have been explained by mathematicians and statisticians based on polynomials and 

distribution functions, definitely well-known [24].  In these observations, the raw moment, central 

moment [25], and Hahn moments are calculated [26]. Further, the two-dimensional matrix of order n x 

n is based on the protein sequence P which is expressed as below: 
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P = {ά1, ά2…….άk} ……………….. (1) 

Where άi is the ith amino acid remains or residues parts in prime sequence containing j residues, 

further, 

n=⌈√k⌉                                     ………………… (2) 

 

2.1.2| Determination of Position Relative Incidence Matrix (PRIM) 

The order of protein sequences represents significant information for the establishment of any 

mathematical form or model. As earlier articulated, one of the very important physical properties of the 

protein is the relative placement of amino acid residues. Consequently, relative position is important in 

perceiving how amino acids are interconnected in the polypeptide chain. To quantize the relative 

position of the specific protein sequence is very important [27]. Therefore, the Position Relative Incidence 

Matrix (PRIM) is constructed and is a 20 by 20 matrix. Using this matrix the features that are related to 

the relative position of amino acid residue are calculated, 

 

€𝑷𝑹𝑰𝑴 = 

[
 
 
 
 
 
 
 
𝜺𝟏→𝟏, 𝜺𝟏→𝟐, … 𝜺𝟏→𝒋, … 𝜺𝟏→𝟐𝟎

𝜺𝟐→𝟏, 𝜺𝟐→𝟐, … 𝜺𝟐→𝒋, … 𝜺𝟐→𝟐𝟎

⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮

𝜺𝒊→𝟏, 𝜺𝒊→𝟐, … 𝜺𝒊→𝒋, … 𝜺𝒊→𝟐𝟎

⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮

𝜺𝒏→𝟏, 𝜺𝒏→𝟐, … 𝜺𝒏→𝒋, … 𝜺𝒏→𝟐𝟎]
 
 
 
 
 
 
 

  …………………. (13) 

2.1.3| Determination of Reverse Position Relative Incidence Matrix (PRIM) 

Some primary sequence of protein has incomprehensible unknown features. Our work is to find this 

hidden quality of protein with homologous ambiguities in protein sequence and for this purpose, we 

implemented the Reverse Position Relative Incidence Matrix (RPRIM) which produces a similar matrix 

(20x20 dimensions) of 400 coefficients as PRIM but for the reversed sequence [19] or order. RPRIM can 

be defined as, 

€𝑹𝑷𝑹𝑰𝑴 = 

[
 
 
 
 
 
 
 
𝝔𝟏→𝟏, 𝝔𝟏→𝟐, … 𝝔𝟏→𝒋, … 𝝔𝟏→𝟐𝟎

𝝔𝟐→𝟏, 𝝔𝟐→𝟐, … 𝝔𝟐→𝒋, … 𝝔𝟐→𝟐𝟎

⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮

𝝔𝒊→𝟏, 𝝔𝒊→𝟐, … 𝝔𝒊→𝒋, … 𝝔𝒊→𝟐𝟎

⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮

𝝔𝒏→𝟏, 𝝔𝒏→𝟐, … 𝝔𝒏→𝒋, … 𝝔𝒏→𝟐𝟎]
 
 
 
 
 
 
 

 …………………………. (14) 
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2.1.5| Generating Accumulative Absolute Position Incidence Vector (AAPIV)  

AAPIV embraces the cumulative recurrence event of amino acids. Further, data regarding the 

creation of the protein is held in this. This filters the information regarding the relative positioning of 

amino acid residues. To extract compositional information from sequences, the frequency matrix is 

calculated, but now the problem came that it did not provide in sequence the relative positions of the 

residues, hence, the cumulative absolute impact vector of the position (AAPIV) of the length twenty 20 

elements is calculated.  

2.2 | Machine Learning Classifiers 

 To identify and classify the antifungal peptides and non-antifungal peptides, we used machine 

learning classification algorithms.  Artificial Neural Network and Random Forest are used to analyze the 

data set. Among these classification algorithms, the random forest classifier provides the highest 

accuracy 

2.2.1| Prediction Model 

Random forest is the technique that is more efficient to operate large data sets.  Random forest is a 

robust machine learning algorithm consisting of many decision trees and performs various tasks, 

including regression and classification [28]. It is flexible and easy to use. A random forest classifier is 

initially proposed by [29]. It contains many decision trees and trains each tree on a different sample of 

observation, so it gives high accuracy. Random forest alleviates the issue of overfitting by an average of 

the prediction result given by different decision trees. 

The following steps are used to complete the random forest algorithm. 

1. Random forest algorithms work on random samples from the given dataset. 

2. A decision tree will be created by the algorithm for each sample then these decision trees will 

give us prediction results. 

3. For the predicted result voting will be done. The mode will be used for the classification 

problem and the Mean for the regression problem. 

4. In the last step, the majority voting result will be selected by random forest as the final 

prediction.  
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Figure 2: Random Forest Classifier 

3 | PERFORMANCE METRICS  

Machine learning uses various evaluation metrics to measure classifier performance. In this study, 

the classifiers are assessed based on the following measurement metrics: Accuracy (ACC), Sensitivity 

(SEN), Specificity (SPC), and Mathews Correlation Coefficient (MCC). The following formulas are 

commonly used to calculate the parameters discussed above. 

 

ACC =      
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

SEN =       
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

SPC =      
𝑇𝑁

𝑇𝑁+𝐹𝑃
 

MCC =  
(𝑇𝑃 X 𝑇𝑁−𝐹𝑃 X 𝐹𝑁)

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
 

 

4 | RESULTS AND DISCUSSION 

4.1. | Testing Methods 

In machine learning, we evaluate intelligent model outcomes by using several cross-validation 

Techniques. In this research K-fold cross-validation, independent test, self-consistency, and jackknife test 

are used to check the success rates of our proposed model.  

4.1.1 | K-fold Cross-validation 

 To evaluate the performance of the proposed model, we use a 10 10-fold cross-validation test. Herein 

10 folds sequences in datasets were split randomly into 10 different folds uniformly.  Further model is 

trained for (10-i) folds and test for the remaining ith fold where i=1, 2, 3,..,10.  Similarly, the process is 
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repeated for each i, and lastly, the overall performance is calculated by averaging the results of all the 10 

folds, as described mathematically as follows. 

A is the combination of all samples in a dataset which may belong to a positive class or negative 

class: 

             𝐴 = {𝑎1, 𝑎2, 𝑎3 …𝑎𝑛} 

Here Si represents the comparable size of the independent k sets of datasets such that  

 

             |𝑆𝑖| ≅ |𝑆𝑗| 

and 

             ⋃𝑆𝑖 = 𝐴

𝑘

𝑖=1

 

also 

             ⋂𝑆𝑖 = ∅

𝑘

𝑖=1

 

 

Further, training is performed on the set {S1, S2, S3,…, Si-1, Si+1,...Sk} whereas testing on the 

remaining one set Si, where, i= 1,2,3,4,….k which gives computation of Ri, in the ith iteration of cross-

validation. Then the average is taken of all the k values which are represented by Ra. 

             𝑅𝑎 =
∑ 𝑅𝑖

𝑘
𝑖=1

𝑘
 

The performance measures can be calculated when these iterations are, once done. 

Using K folds cross-validation K=10, the results will be calculated by the RF predictor shown in the 

Table below.  

Table 2: 10-Fold Cross Validation 

K-Folds 
Antifp_Main Antifp_DS1 Independent _Main 

Acc Spe Sen MCC Acc Spe Sen MCC Acc Spe Sen MCC 

Fold 1 82.5 83.8 81.2 0.6 82.1 83.8 80.3 0.6 86.4 83.3 89.7 0.7 

Fold 2 99.2 99.2 99.2 1.0 100.0 100.0 100.0 1.0 98.3 100.0 96.7 1.0 

Fold 3 99.2 99.2 99.2 1.0 99.2 100.0 98.3 1.0 98.3 100.0 96.6 1.0 

Fold 4 98.7 98.3 99.2 1.0 99.6 100.0 99.2 1.0 98.3 96.6 100.0 1.0 

Fold 5 98.7 97.4 100.0 1.0 98.3 99.2 97.4 1.0 98.3 100.0 96.6 1.0 

Fold 6 99.2 99.2 99.2 1.0 97.9 97.4 98.3 1.0 100.0 100.0 100.0 1.0 

Fold 7 99.1 99.1 99.2 1.0 99.1 98.3 100.0 1.0 100.0 100.0 100.0 1.0 

Fold 8 99.1 99.1 99.2 1.0 99.1 98.3 100.0 1.0 100.0 100.0 100.0 1.0 

Fold 9 98.7 99.2 98.3 1.0 98.7 99.2 98.3 1.0 96.6 100.0 93.1 0.9 

Fold 10 99.1 98.3 100.0 1.0 99.6 99.2 100.0 1.0 98.3 96.6 100.0 1.0 

AVG 97.4 97.3 97.4 0.9 97.3 97.5 97.2 0.9 97.4 97.6 97.3 0.9 
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Figure 3: 10-Fold Cross Validation ROC Curve Antifp_Main 

 

 

Figure 4: 10-Fold Cross Validation ROC Antifp_DS1 
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Figure 5: 10-Fold Cross Validation ROC Independent _Main 

4.1.2 | Independent Test 

In this cross-validation method, the predictor’s performance is checked against the said criteria [32]. 

Dataset split into two parts one is training and the other is testing. Training data is used to train the 

predictor and the remaining part is used for testing. In this research, we split our data into two parts, 

80% used for training and 20% used for testing. RF predictor calculates the accuracy of 95.2% on training 

data and 95.7% on the test data, as shown in Fig 2. 

Table 3: Independent Testing Results 

Independent 

Testing Results 

Antifp_Main Antifp_DS1 Independent _Main 

Acc Spe Sen MCC Acc Spe Sen MCC Acc Spe Sen MCC 

Training (80%) 95.2 1.0 1.0 1.0 96.4 1.0 1.0 1.0 98.7 1.0 1.0 1.0 

Testing (20%) 95.7 1.0 1.0 1.0 97.0 1.0 1.0 1.0 99.2 1.0 1.0 1.0 
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Figure 6: Independent Testing ROC Curve Antifp_Main 

 

 

Figure 7: Independent Testing ROC Antifp_DS1 
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Figure 8: Independent Testing ROC Independent _Main 

    4.1.3 | Self-consistency  

     In self-consistency, the same dataset is used for training and testing the model. With the help of 

decision rules, the training dataset and the characteristics of the dataset will be predicted, in a self-

consistency test. In this, we achieved the accuracy, specificity, sensitivity and MCC are 99.7%, 1.0%, 1.0%, 

and 1.0%, respectively. To evaluate the model’s performance Area under the Curve (AUC) and Receiver 

Operating Characteristics (ROC) [30] are used, whereas AUC shows the predictor performance and the 

ROC curve is a two-dimensional graph in which true positive rate (TPR) is plotted on the Y-axis and the 

false positive rate (FPR) is plotted on X-axis. ROC curve shows the compromise between sensitivity (TPR) 

and specificity (1-TPR).  ROC curves are valuable to visualize and indicate better performance when the 

classifier gives the curve closer to the upper left corner. 

Table 4: Self-Consistency Results 

Self- 

Consistency 

Results 

Antifp_Main Antifp_DS1 Independent _Main 

Acc Spe Sen MCC Acc Spe Sen MCC Acc Spe Sen MCC 

99.7 1.0 1.0 1.0 99.9 1.0 1.0 1.0 99.8 1.0 1.0 1.0 
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Figure 9: Self-Consistency ROC Curve Antifp_Main 

 

Figure 10: Self-Consistency ROC Antifp_DS1 
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Figure 11: Self-Consistency ROC Independent _Main 

4.2 | Comparison of Proposed Model Performance with Existing Models 

The performance of the proposed model and existing models are provided in Table 5. Based on the 

same datasets we compared our proposed model with [17] and [3]. However, [17] used Amino acid 

composition, Split Amino acid composition, and dipeptide composition, and [3]CPP and QSO were used 

for feature extraction. On the other hand, our proposed model uses statistical moment for feature 

extraction and Random Forest as a classifier. After feature extraction of the Antifp_main dataset, [17] has 

an accuracy of 88% on the SVM classifier and [3] has 94% accuracy via DNN, whereas our proposed 

model has achieved 97.4% accuracy with Random Forest. By using Antifp_DS1 [17] achieved 86.26% 

accuracy; [3] reported 91.02% accuracy and our proposed model achieved a 97.3% success rate. In the 

end, the independent dataset achieved 97.4% accuracy which is higher than the existing models.  

Table 5: Comparison of the proposed model with the existing model  

Dataset Prediction Model Accuracy% Sensitivity Specificity MCC 

Antifp_Main 

Agrawal et.al [19] 88.27 88.61 87.93 0.77 

A. Ahmad et.al [10] 94.23 94.85 93.97 0.89 

Proposed Model for Antifp 97.4 97.3 97.4 0.9 

 

Antifp_DS1 

Agrawal et.al [19] 86.26 86.90 85.62 0.73 

A. Ahmad et.al [10] 91.02 91.19 88.72 0.83 

Proposed Model for Antifp 97.3 97.5 97.2 0.9 

Independent 

Dataset 

Agrawal et.al [19] 86.25 86.6 85.91 0.73 

A. Ahmad et.al [10] 89.08 86.64 87.79 0.78 

Proposed Model for Antifp 97.4 97.6 97.3 0.9 
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5 | CONCLUSION 

In this research, we developed an effective computational model to predict antifungal peptides. 

Statistical moments were applied for the feature extraction of AFP’s sequences. For the identification of 

AFP’s and Non- AFP’s Random Forest algorithm is used. Furthermore, for the model validation, we used 

several techniques such as K-Fold cross-validation, Independent Testing, and Self-Consistency Testing. 

The results obtained from the Antifp main dataset using K-Fold cross-validation accuracy is 97.4%, 

Independent Testing is 95.73%, and Self-Consistency has 99.74% accuracy. Antifp_DS1 obtained 97.3% 

over K-Fold cross-validation, 97.01% over Independent Testing, and 99.87% over Self-Consistency 

Testing. In the end, independent main dataset obtained 97.4% results through K-Fold cross-validation, 

99.15% through Independent Testing, and 99.83% through Self-Consistency Testing. So our proposed 

model gives higher accuracy than existing models that’s why our model is best for the prediction of AFPs 

and Non-AFP
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