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Abstract
Objective

The aim of this study was to propose an efficient algorithm to predict antimicrobial peptides using
artificial intelligence algorithms.

Materials and methods

In this study, an updated AMP and non-AMP data set including physico-chemical characteristics
at the level of amino acids and protein sequence in three animal species and humans was extracted.
After data exploration and data pre-processing steps, four methods Supervised learning including
Decision Tree, Random Forest, Naive Bayes and SVM on the AMP dataset with 10-fold cross-
validation to build models and predict the AMP label using the evaluation criteria of specificity,
sensitivity, rate Accuracy, precision, recall, F1 score and area under the rock curve (AUC) were

evaluated.
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Results

In this study, using an up-to-date dataset, a machine learning model has been successfully trained

to predict antimicrobial peptides. A comprehensive set of features has been subjected to feature

selection to identify key features of antimicrobial peptides. After selecting the feature, among the

different generated models, the model based on the RF model classifier showed the best

performance with Accuracy (95 percent), Precision (96 percent), Recall (95 percent), F1 Score

(95 percent). the four classification of algorithms, Random Forest algorithm and SVM are the

most accurate. The Decision Tree classification algorithm had the least accuracy.

Conclusions

According to the obtained results, the proposed RF model has a better performance than other

models for AMP prediction. This model predicted some peptides as peptides with antimicrobial

properties. This predictive approach can be useful in extracting AMPs with antimicrobial

properties from AMP libraries in useful clinical applications before moving on to experimental

studies. On the other hand, several features in the final selection properties indicate that these

features are critical determinants of peptide properties and should be considered in the

development of models to predict peptide activity. The executable code is available in the attached

file.
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Figure 1. Schematic representation of supervised machine learning methods in the
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Table 3. Feature categories calculated for each peptide

Name oU Category gxodiws Name oU Category gaodiw
_PolarityC1 Physico-chemical _SecondaryStrD1050 Physico-chemical
Cala oS5 st stlosdoS 38
charge Density Physico-chemical _HydrophobicityT12 Physico-chemical
ks S lord oS 5.3 S bord oo 5
_SecondaryStrD2001 Physico-chemical _ChargeD1001 Physico-chemical
sl stlrondoS o8 3ol (o2 bronibgS b
_PolarityT23 Physico-chemical _SecondaryStrD1100 Physico-chemical
oo stlord oS 58 b e S8
_PolarityC3 Physico-chemical _ChargeT12 Physico-chemical
Coplad R 5k e
_HydrophobicityD3001 Physico-chemical _PolarizabilityT23 Physico-chemical
spSe (loonbgSi Sy sehad (londsS b
_PolarizabilityD2050 Physico-chemical _NormalizedvDWVD1075 Physico-chemical
Syl lrordsS 58 o Jloy stlrord g 58
_NormalizedVDWVC3 Physico-chemical _HydrophobicityD2075 Physico-chemical
ol Jloy (stlrondsSy 528 gnSol (b9 520
_SolventAccessibilityD1075 Physico-chemical _SecondaryStrT13 Physico-chemical
Wy gy s (s bond oS jud sl berd o 5d
_PolarizabilityC2 Physico-chemical _NormalizedVDWVT13 Physico-chemical
Syl lrordsS 58 o35 Jle s o2 beonib oS b
_NormalizedvDWVD2001 Physico-chemical _HydrophobicityC2 Physico-chemical
o Jloyi lord gy 58 S (o2 bronidgS b
_PolarizabilityD2001 Physico-chemical _PolarizabilityT13 Physico-chemical
L Amino acid W Amino acid
Cg) composition Bsin Composition
ool ol oS5 ol Al S 5

! False Negative
2 Specificity

3 Sensitivity

4 Accuracy

5 Precision

6 Recall

" Fiscore

8 Area under the ROC curve
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550 glasess I ROC jlag05 355 o )18 ooliil 5)50 Jao S )8 i sl sl (madld lgisds el oS
o S b e O Cute lime plp p Camlis aid (ROC) piaws 3,Sdes duasiitie govie 0] oo Cavddy
(AUC) 013,:5 5)Slos awasitio sl st ) aws aidlipe ) & S35 Sl 5 (351 (ol olazsl LB 5 (58>
Va4 (AUC) 00555 5 Slos auasiie sl smio o (e 42 2 ol golae Ko Comy 53 yiine Jlne S glyisay
x5k sl byl slayehl gyl alxe Jgo)8 (Bradley 1997) wisl o pslezel BB (i sl 53
A5 2o i deldl )3 T e e 4y (KB e yd yu yile 5l ookl b a8 il

By (ol ol ) dolee Ll 039y Canwyd 3)50 i e MS bawgs 0ud plodl gla i i JS 5] n $COmo F 50
A2 o oyl ]y

(TP + TN)
(TP + FN + TN + FP)

Accuracy =

(1)

4 (63,90 dluai py sl 0b 031 arSits Cwwyd Jdo baags A4S (6350 el panadl b ol il 204099 (548 s
Ay e i 1y ey Lol ol ¥ dbslke .(Marne et al. 2020) wlods o3y sl Gy cdiind Cawyd ’l,é\a

Precision = i 2
recision = TP+ FP) (2)

&S (g3)lge JS dlass s Llodd 031y jaseids Cawwyd Jdo bauwgs &S (63lg0 Sin i b sl pilys 109098 JolS F 55

n=_1°" 3
recall = 55——7n (3

2 er bl oog Jol 5 5 035 355 Jlas Olimo ol el Gialesl S 28> )l (sl caslio lne S 3BT Hlune

(Marne et al. 2020) cul yao cls cppn ;g S s pyig P FL Jlae 5,8 o ylas

Precision X recall
Flscore:2( — ) )
Precision + recall
S itivity = TPR = TP 5
ensitivity = = TP+ FN) (5
S ificity = FPR = TN 6
pecificity = ~ TN+ FP) (6)

! Receiver Operating Characteristic
\ e
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w22)S dbml (Jlo 3)Slos b (29)S0ers sladiiy it slp Gesle 350k e S Gopn
sl adlls (pl 3 1029 ,Su00d Cllad WL (i 9 (29,5weid ity o 53 L S g Jalod
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023, o3litanl vi lasglgicel aid SluS 5 5l uliss ol )3 . Lgud 48,3 (a5 )5 s cla Jde [bjeel ,3 Wb oplplo 9 5l
algs (il AMP o i 3,Sdes cplplo g a3 o s jl 1y (6558 Jgs leMbl 15 ol oass oslisl (AMP)

(Wang et al. 2011;Khosravian et al. 2013; Zare et al. 2015; Lin & Xu 2016; Meher et al. 2017) sl

A" YT LY g 4 Jb g3 wdg (AMP) g,Saeiis cladin cly sl anel slasgl o K" 7 05" G"

uslm ;d‘ » 59M£ J.).)y (Non'AMP) @9;“')'—“0 puna.‘i ..\5[5 Lglm,\w ‘_5‘)) 0‘91)9 MT L;\m IV ;1 "G" O- lf 9
g0 b slaJoSge ade > 4 sub yol ol > a8 5,5 5939 AMP 16 g AMP 0 "CM" A o oS5y (o 8l

(Chang 2015) L9 cute (als )b gl)b base AMP (g lis b sladiun 15 og cglize (NON-AMPS) g, Seoss

1 10-fold cross-validation

2 Antimicrobial Peptides

3 Non-Antimicrobial Peptides
4 Leucine

5 Glycine

6 lysine

" Alanine

8 Cysteine
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S b3 5 1) ol o9 Seenns 0,18 Wl e aSly sl Jlub gl (pliolid 4 08 S & &S 13,8 Garos (AMP)
S5 1y ool 51 olS degazno 5 Cool 0 B sty I 5l losiis 005 8.5 a5 )5 liar 355035 ol
Slwlbxe bg, (2017) Bhadra et al. _iags ,5 a0 cioingi cds 4 |y (AMP) g, Shons (slasiy 45 amd o
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390 (AUC) 0355 3, Slas dasniiio (izxin pj gdaw 5 (392 353 slme oSy el 283 (bl lojline 2
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! Deep learning neural network
2 Confusion matrix
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Figure 2. The confusion matrices of each version of the classification model: The confusion
matrix is a 2x2 table that shows the values of true positives, false negatives, true negatives,
and false positives that each model of the supervised learning method includes a decision
tree. Giri, random forest, simple Bayes and support vector machine show these four
parameters that use the parameters of the confusion matrix to evaluate the values of
specificity, sensitivity, accuracy rate, accuracy, completeness, F-criterion and level. It was
calculated under the rock curve. For example, Figure 3 (C) can provide this interpretation.

The confusion matrix correctly predicted 158 AMP recessions as AMP and 110 Non-AMP
recessions as non-AMP
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Table 4. The accuracy of the models (each with six evaluation criteria of accuracy rate,
precision, Recall, F1Score, sensitivity and specificity) on the dataset calculated with 10-fold
validation. Table 4 clearly shows that the accuracy of RF and SVM t s higher than the other

machine learning method is. Finally, RF and SVM perform better in comparison AUC
performs best

Algorithms Accuracy Precision  Recall F1 Sensitivity ~ Specificity AUC
o 5951 Cowo Fp 09 38> g olS j‘cj[:-‘ ol S w—’“::) chw
2 )
SVM 0.922 0.927 0.922 0.921 1 1 1
Ol 5l bl
Random Forest 0.959 0.963 0.959 0.958 1 1 1
ol S5
Naive Bayes 0.829 0.838 0.829 0.825 0.972 0.715 0.85
ook 3o Jde
Decision Tree 0.791 0.83 0.791 0.791 0.845 0.981 0.98
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Figure 3. Receiver operating characteristic curves (ROC)
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Table 5. Antimicrobial peptides predicted by supervised machine learning method

Uniport Gene SVM Random Naive Decision
03> oL ) Doy il Forest Bayes Tree
Sty Slad R ol g Jse i
S S posouadl
'PO7470' COX7A1! AMP Non- AMP  Non- AMP AMP
ST C pg S gipns
'P02820' BGLAP? AMP AMP Non- AMP AMP
CllglS wS9)S LE (S0
'‘Q3Sz4T MRPL33° Non- AMP  Non- AMP AMP Non- AMP
L33s)ai8 gise o939y 0890
'ABNN94’ MRPL344 AMP AMP AMP AMP
L34 5)u8 gue (o39m) B9
'‘Q32PC3' MRPL275 Non- AMP  Non- AMP  Non- AMP  Non- AMP
L27 )38 e cagi9my cnSg
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US53) (o p9.S g JoinS (2
'Q9BZLY UBL5® Non- AMP  Non- AMP  Non- AMP  Non- AMP
OFsSws
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¥ ilhek ¢l

! cytochrome ¢ oxidase subunit 7A 1

2 bone gamma-carboxyglutamate protein
% mitochondrial ribosomal protein L33

4 mitochondrial ribosomal protein L34

5 mitochondrial ribosomal protein 127

6 ATP synthase membrane subunit k

" ubiquinol-cytochrome ¢ reductase, Rieske iron-sulfur polypeptide 1

8ubiquitin like 5
® RNA polymerase 11, I and III subunit K
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