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Abstract: Antimicrobial peptides (AMPs) are small molecule peptides that are widely found in
living organisms with broad-spectrum antibacterial activity and immunomodulatory effect. Due
to slower emergence of resistance, excellent clinical potential and wide range of application,
AMP is a strong alternative to conventional antibiotics. AMP recognition is a significant
direction in the field of AMP research. The high cost, low efficiency and long period
shortcomings of the wet experiment methods prevent it from meeting the need for the
large-scale AMP recognition. Therefore, computer-aided identification methods are important
supplements to AMP recognition approaches, and one of the key issues is how to improve the
accuracy. Protein sequences could be approximated as a language composed of amino acids.
Consequently, rich features may be extracted using natural language processing (NLP)
techniques. In this paper, we combine the pre-trained model BERT and the fine-tuned structure
Text-CNN in the field of NLP to model protein languages, develop an open-source available
antimicrobial peptide recognition tool and conduct a comparison with other five published tools.
The experimental results show that the optimization of the two-phase training approach brings
an overall improvement in accuracy, sensitivity, specificity, and Matthew correlation
coefficient, offering a novel approach for further research on AMP recognition.
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Table 1  Statistics of sample
Datasets Training set Testing set
Positive Negative Total Positive Negative Total
From iAMP-2L 879 879 1758 920 920 1 840
From MAMPs-Pred 2617 2617 5234 284 1382 1 666
From AMPScan Vr.2 1066 1 066 2132 712 712 1424
From Bi-LSTM 2 087 2 087 4174 522 634 1156
From DRAMP 4310 1271 5581 1067 328 1395
*2 RWIKE il [ W B e flE BERT LA~ >)
Table 2 Experimental environment SRR AT 22 ] (06 2 O T i B By 2 B A A
Name Type - o o NN
1 o PIAMESS (1) AR BUE) Y 2 BE MR A5 B % pi gt
OS CentOS Linux release 7.6.1810 (Core et e e e e - .
) RNE AT B . (2) P — AR A B
CPU Intel(R) Xeon(R) Gold 6132 CPU @ 2.60 GHz B AR B S 2 B e ]
~ - N = 7 3 zr STE A
Memory Samsung M393A4K40CB2-CVF 32GB A= ot i sE, Be
—4 | i 7> ' %5 AH 1
GPU  Tesla V100-PCIE-16GB-LS AR T AU IR SR AR i

BERT X4 15U iH & SEA T 258 0 I 7 2 [
1R : T, X BT 5 s R AT Ak 2
FH<[CLST" F“[SEP]/E R HF i3 5 73 HI YRR AR A
g, ALK 15%09 2 L1210 “[MASK] " Frid
T ;SRR R SRR AL A ) B T S BN
7K i (tensor) K/ , IR AN BAG B S5 0HUE 8 ;
WIS, 15 A 221 Transformer [ 4 5 )2 20 1% 1
BERT, % thiZ&E H P o & 4eRon; &a,
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Figure 1  Overall pre-training for BERT.
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Figure 2 The structure of Text-CNN.
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Figure 3 The pipeline for AMP recognition.
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AR CE Zhang ZEUE T IR TEM R B A5 0F T
AT, A3 NE 5 A EE4E GAMP-2L! T
MAMPs-Pred"!| Bi-LSTM"*'| AMPScan Vr.2!"*!
F1 DRAMP™) F3lEA7 1Al i, A 5256 4
Y Zhang UV E BB R L R K
(learning rate) . Y2k J& 1 (epochs) . LK K/
(batch size)LA L PEALFEAR(FR 3), B BUSE
(sensitivity, Sn). $r5 4 (specificity, Sp). HEH
# (accuracy, Acc) Fil B & #H X & £k (Matthew
correlation coefficient, Mcc), U Fldr M40
WG 7R IE AAREA TR T, HERR SRR
T ERBIRE ), DB G RE A TR0
BEMLYE, qHAXEBT 1 a, FRE S
RS R S BA s A E

AL, AXHIAT Focal Loss!*WE Nnl ik
Y 2% PREYL . Focal Loss 1 LA > AL E , T
TR R ERMEREA B RE ) . YEIREEFEAK
IR B 53 A5 A 348, {fiFH Focal Loss 1E4
PR BRI BT DA R AR AL AR A ER T, el A
RUFERE S PEFEbr LA BL, W 2 2R R
SEPEFR PRI K .

Wk 4 fon, AREEAE iR 5 DEEERE L
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BB M IR R AR ST bR . RS 1 S48
INEIRAR SRR, S 2 F AT IR, 56 3 %
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Table 3 Evaluation indicators

256 Fr R R . R R
BACERE 4 DI FaPs, &8R4 LA
FEFE b AR R

ZERRT], ARSCIR I WA RIS T A Y
W EFEHn, S5 Focal Loss Jo 45 m k48 brie—
AR . TR OGO I ER e br L, 5
JEE M iR HE T 5.86%, 5 Zhang ZEUIA
et 0.81%; TR ZARHCHE A iR Fr
SetEtEbr b, 5EEEM R s iR T 10.49%,
Y5 Zhang LRI 1.96%. A TAER
Ve T ER B IO R BB R R 4
My SEE e, U T AR RO )ZE R A R, Bk
T #IH Focal Loss #2455 PEFe bR AT 174k,
PEALE T B AR )
3 b

PR EERIUERNA 1w dE, B
ICEZD N I 25 o a5 W N =N
A, MELLCHE KRB PIREIN S E . Kt
THE AL B R0 2 X IR 58 B 2 B
SR SO SE A

YE T E BB, Qnfel £ & e oK 2
THA AL B0k v B DGR IR) R, A SOt S
) NLP 2 AR 55006 IR IR 5 5k i Rl & v i#E 1 7
Titie: (1) stk THROAZE, 1A Text-CNN £

Indicators Formulae
Sensitivity (Sn) S TP

"TTPEN
Specificity (Sp) TN

PT P+ TN
Accuracy (Acc) TP+ TN

Acc =
TP+ FP + TN + FN

Mathew correlation coefficient (Mcc) MCC TPxTN - FP x FN

B J(TP+FP) x (TN + FN) x (TP + FN) x (TN + FP)
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R4 JBRRENARRRE TR

Table 4 Performance of the models trained on each dataset

Dataset Model Acc (%) Sn (%) Sp (%) Mcc
From iAMP-2L1Y iAMP-2L 92.23 97.72 86.84 0.844 6
Zhang et al.l'¥ 97.28 98.88 95.46 0.9453
Our model 97.77 98.91 96.69 0.955 7
Our model with Focal Loss 98.09 98.85 97.33 0.961 8
From MAMPs-Pred!!!! MAMPs-Pred 84.16 83.10 84.40 /
Zhang et al.['¥ 85.35 85.12 85.41 0.601 1
Our model 85.78 85.27 85.71 0.606 0
Our model with Focal Loss 85.85 84.23 85.85 0.605 0
From Bi-LSTM!'? Bi-LSTM 94.98 / / 0.8990
Zhang et al.["! 95.22 94.91 95.50 0.904 2
Our model 95.66 95.73 95.51 0.912 0
Our model with Focal Loss 95.65 95.79 95.54 0.912 4
From AMPScan Vr.2[!*! AMPScan Vr.2 91.01 89.89 92.13 0.820 4
Zhang et al.["! 92.60 90.75 94.48 0.8513
Our model 92.99 91.44 94.53 0.856 7
Our model with Focal Loss 92.72 90.90 94.55 0.8551
From DRAMP!*”! Zhang et al.["! 92.47 95.02 84.20 0.791 3
Our model 92.73 95.03 85.24 0.799 0
Our model with Focal Loss 92.52 94 .47 86.16 0.795 2

The best performance achieved by each dataset on each indicator is given in boldface, and “/”” means that this indicator is not

provided.

AR, B TR ER YR . BUBE L R PE
LB ARG FR AL, AT LUA RO8U % 1 S 561 1 £ 4
FEARIR NPT BRI A . (2) 51 AT Focal Loss
VERB 2k R g, ik — 23R T T 2H 2 AR
F R FEAETE AR . (3) Zhang SRV R AL C AT
FF A TensorFlowP RRATF %K, A SCHEA
T PyTorch®URA fy FFJEACHS AR RS, F& T
GRS, FHOCHESE N AT LR & 3 TR AR
By AN Whask B 51 TR B 2 2 HE 4R

FIRAR, ook METFR
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TEZES . Flhn, SR ENC A A X o i
nu,Tu%%LLmAFHmﬁ%%ﬁiﬁ
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