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Abstract: Genome sequencing data showed explosive growth attributed to the rapid development of DNA
sequencing technology. Ribosomally synthesized and post-translationally modified peptides are a kind of natural
peptide product that gradually came into people's view in the last decade. These compounds are widely
distributed in nature, diverse in structure and bioactivity, and are important sources of natural drugs. The
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discovery of RiPPs mainly relies on low-throughput biological experiments, which are accurate but costly. With
the development of new information technologies, bioinformatics tools such as antiSMASH and RIPP-Prism can
greatly accelerate the process of RiPPs mining. However, methods based on gene homology, such as searching for
conserved biosynthetic enzymes, are still unable to effectively identify novel RiPPs with different biosynthetic
mechanisms. Here, for the first time, based on the natural language processing pre-training model BERT, four
deep learning models that can fully rely on sequence data to identify RiPPs instead of homology and genomic
context information are proposed and trained on the same RiPPs dataset. Through verification and comparison of
these models, the best model BERiPPs performs well on the RiPPs identification track and is as accurate as the
homology-based method. BERiPPs can identify RiPPs precursor peptides and RiPPs classes in an unbiased
manner regardless of the genomic background, extending the range of novel RiPPs captured by approximately
60% compared to homology-based approaches. By combining BERiPPs with a conditional random field, the
prediction of the cleavage site of the leader peptide can be indirectly generated with high accuracy by the
recognition of each amino acid label in the sequence. The deep learning based on the pre-training model provides
the possibility for high-throughput mining of novel RiPPs in a manner different from that of the gene context-
dependent methods and reveals the underlying biological relationship between precursor peptides and modified

enzymes.
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Fig. 1 Biosynthetic pathways of RiPPs

(The proportion of each part of the sequence in the figure is for illustration only and does not represent its actual length)
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Fl = 2 X Precision X Recall ()

Precision + Recall

A, TP R Bod 58 R E ISR, SEbs
WONIER IR A S FP 3R B 4 Hh il H) 2 9 IE
K, KERADN ORI REAR K PN o Bl £
Flg N, SEBRENIE IR AL

1.7 SEBRHRIRE

AR SIS R A 3T Google Colab V&, IR/E
2% STHEZE Jy pytorch1.9.0 it A<,  FIT % FH i) BERT Ny
Github [} A FFIFIERRAS .

2 iR 5hr

2.1 RiPPsaI{&IRAYIRS!

fEA — A ¥yE s £, 2 %K BERT. BERT-
CNN. BERT-DPCNN. BERT-RCNN. BERT-BiLSTM
BB AT ISR, FEX A 8 2 2 A 5 45 3
F Y ALE RiPPs B A4 IR IR i 4 55 L B0 T 424 e i k.
SR, RPN,
F1 AFSFALRIPPs §T A IR RUIE S BRI B3 L
Tab.1 Comparison of different algorithms in identification

of RiPPs precursor peptides

Model Precision Recall Fl
BERT 0.9056 0.8962 0.9009
(top 1 layers initialized)
BERT 0.8938 0.9031 0.8985
(top 2 layers initialized)
BERT 0.8710 0.8408 0.8556
(fully initialized)
BERT 0.9031 0.9031 0.9031
(pre-trained)
BERT-CNN 0.9123 0.8997 0.9059
BERT-DPCNN 0.9126 0.9031 0.9078
BERT-RCNN 0.9127 0.8685 0.8901
BERiPPs 0.9331 0.9170 0.9250

(BERT-BiLSTM)

o LLE B, B K TN 2R B8 BERT H T
RiPPs A1 1A ik 15U 51t 58 BUAS B 4 1 0 2 8, 3 A
{UARIL T BERT 7E H 2815 & A0 2 ERsm R, A3
HH AF {5 BERT 1 2k 5 i 40 4 1 52 )5 2> 159 31 BLAE 1)
MR HA NS, ANE AR BERT T 1
R 2 RS HCE A AL S, AR (0 T e
A BRI A, AR TE I Sk A IS S503 FE B foin
P, 2 T S A BEHLBT 6 10 )5 ¥ BERT #3711 25,
e 2 25 B T 25 )5 199 BERT H #6 AK T 3.2%,
BT 50 Eo &5 AT Al LA B A 4D, BERT 7
RF R AT S 1R 58 2 P i 3R B AN (SR T 3 et I
73 2 B 46 Ak 2 B0 BT B AL 46 4 X6 45 iE ik HX
PEREMSE T, Hom KA S RE g KR R 2
— . {E¥ BERT {E N embedding )2, 5 HAh F= i 5
R A e R IR B 5 BERT JE AL T — 2 41
Ft, H5 RNNBE A G J5 00 70000 7 Bl % 4k b 2241
T CNN, 3t AU [T S Bk T RN 7E Ak B S0 A 7 3
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A CNN A E G rEReRI . ', M BERT
5 BiLSTM 414 () BERiPPs 1 8 0] 54 T HeAh 20 &
BORL, HORSHAZE . DEEMFLE S 58 93.31%.
91.70%. 92.50%-

N T 47 5T BERIPPs ££ 7 i€ RiPPs 2 51| b Fil i 1
BE, ASCHEERET 5K L E DU 284 Ji RiPPs,
BPE Bk, R, MKMERK, 20 HT%
BRI R [FIREHD, BRI, BREIRMFE
X 3IAEIR, A PSR R 2 B T R
(F6). nTLLE WA B, BP{E LR 250 RiPPs
¥ 4m4E , BERIPPs {48 fR FF & 5 A£ 10 70 e 4%
i1 ELAH B 56k 3 A RiPPs Bt 4230047 I 25, Tl 4
REmE A R TF, X 5 F— RiPPs X R E R LB ¥ 5 b
A2 R TFREEVI AR, JEILT BERIPPs 7542
I RiPPs HIRIE T 5145 R 15 B LI H ek RE

2.2 RiPPs 597N

1% antiSMASH 31X ¥ 1 2 [K 7% 70 #r 1T B ] DAAR

96 r *BERT-CNN = BERT-DPCNN =BERT-RCNN * BERiPPs

b4
Lot
E oof
88 |
86 : - -
Rk ESF AN

LER kR
(a) VBB 452 RiPPS R A RKIRBIEE S b AR ZN L

(a) Comparison of the precision of different models for identification

of various RiPPs precursor peptides

96 r " BERT-CNN = BERT-DPCNN

(SR ¥ S B ik S5 I8

£

FUE/%
g 8

8

(=2

i BGCs & 11 g K 7 RiPPs (385, 451 40 & i
5 BB IO P B 7K B A B DA R R IR R ATk e
R, X R DB G A H O Sk 48 2R AT g I AE 4B FT
A2 JBE: 1 S AT DA antiSMASH B3 43 #f BGCs
J& T A7 AE RiPPs LL K RiPPs (K25 51, {H X Fh 5 mg H
e R PR T S A A& BSOS AR TS EI N, 1 BERIPPs
{38 i RiPPs B 7 ) & 5 72 7 41 I S5 R0 5 2 S A
AUk A o6k RiPPs 28 1] IR F0M , - 7£ X RiPPs 1 17
A3 B3 — P40 8 . BERIPPs Il 2k 0 45 SR 155
G, RS EERAK . BRI LK
KA RiPPs K00 E R 280 m, A2 RT3
RiPPs (i 5 T AR, XTARABARZE . 28 v k2K 5%
(1) TIOIRG B A o ik, AR SR FH kT 28 SCEGIE DA
J 8 1 (hold-out method) B £5-& 1R, ¥ /&E
TREHRAEIZIR O 1B N AL BEIREE. 2 )5
KB A NS, BICE AR 1E
NEGUEEE, AR B S I SR AR LI 25 9T 56
R, #5T 9 IR K 1E A hold-out set Y 45 4
B 73 5 - I A% 7 BERiPPs. X kF Al £ F H 4k 5=

96 - mBERT-CNN = BERT-DPCNN =BERT-RCNN * BERiPPs

941
o
% 2
= oo}
881
86
EBhifk HRE fRehk B3k

(b) AR BRI TE RS 2 RIPPSRT (4 I IR AT %5 LAY A Bl Z g L
(b) Comparison of the recall of different models for identification
of various RiPPs precursor peptides

“BERT-RCNN * BERiPPs

FRMK

(¢) A R BERUE i i RiPPs R AR RCIR B % L IF 1 EDX EE
(c) Comparison of the F1 score of different models for identification
of various RiPPs precursor peptides

Bl6 &N E RiPPs Z R Tl 45 KX Eb

Fig. 6 Comparison of identification results of various RiPPs families by different models
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B hold-out set LA 4 BT A 448 #5 fig = 5 15 2L 1 )1
Yr, AERLAO T HE R AT A BUK . fE B AT
K%WE%Z&ﬁmemiﬁIA¢,Nwmw
¥ URE 22 b 5 A T K & Al RiPPs 47451 B A
ff R 5 RiPPs "7, O T 8 W HE PPl BERIPPs 7
RiPPs 2855 T b Rg, AW FLIEHL T DeepRiPP
TE [RVRE IR b i F0m) & AR S xf b, a7 Fir
AINGRTT KR AE — € F2 FE B 42 & T BERIPPs
(1) T30 P RE RIZ AL BE J1 . IR, DeepRiPP t J& Bl
79K RIPP iR 78 /1, 5 BERIPPs ££ X A [A]

R AIE RE A5, (B i 2 A
b 2N 19 NS T I A O w2 o ol R R A S )
BERiPPs.

RiPPs 1 A% R AN S5 i i Sk 1 i 80 2 S 117 & DAL 1)
FEFEAP R S E, BRI ZRIG A5t AT DL AR A 40 2K oR)
B Me, RZHBAES EPUR R KA
X JE AR (cross entropy loss, CEL) B, 24l 45
FEAR R SRR AR S I 2 T HARZE, kL
)4t AR M 32 IZ R AR T S, f 4 3 B
R KRG R ZE AR LR Rz, HiEER
DRI T SR R K, B D B
KRR, BT LM, X4k e B4k mr g
2392 fiff tR RiPPs 2R A1 ANF-487 [ @ 1) A5 2407 20, oA

SN T R A AL B AT focal loss (FL) B4,
gk D> 5 oy R A A R ACE, LR AE I
P RVET MM AED AR AT P28 o
1) focal loss #m AT [FH(6)]:

FL(p,)=-a,(1 - p,) log(p,) (6)
A, o BRZIAEARSS NN E S, EIRE
)2 FAEH X RIEARA [1,categories] HITKE

(tensor), H.H categories NIRMEL; p, s Pt 45 3
X BARE IR, pe[0,115 (1-p,) J¥HIH T

(modulating factor) ; y N %R £ 2 % (focusing

parameter), y = 0.

ELFRNGRLFET, S8y Mo K IUE 2 B
20 focal loss IR . ABFFAT RS R & E
i 7167 B VT Al 26K T ST B AL 3
R, oy =0 (RISEFE T2 SOk fy =
2HRNINZRJE R, %:T focal loss ) BERIPPs {4}
H %Ik &R B AR RS R —Eitm, M
KEMRABILZE . LAPs  (linear azole-containing peptides)
HNEEARRAENRSE, HO O FEBHK.
BRIKAE N B R AR T R A B T %, B8
BAEIMBCF ST R TR T 0.4%. Bk, HREH]y
HUE B R, SOHUAE /S RiPPs 299 (5 B REAS LR 1 i

BERIiPPs-Before BERIPPs-Afler DocpRiPP 6
CLASS_]]'LAN'ITEFI'IDE‘N 00 00 00 00 01 01 00 00 00 | 00 00 00 01 00 00 00 00 | o0 00 00 00 00 00 00 00
LINEAR_AZOLE_CONTAINING_PEPTIDE{ 0.0 |04 00 00 04 00 00 00 00 02| o 0 00 04 00 00 00 00 00| |0 0 00 00 00 01 00 00 01
[k
AUTO_INDUCING_PEPTIDE4 0,0 0.0 i 00 00 0.0 00 00 0.0 0.0 . 00 00 00 00 00 00 00 0.0 . 0 00 00 00 00 00 00
E CLASS_[I_IV_LANTIPEPTIDE{ 0.0 0.0 0.0 00 00 00 00 00 00| |00 00 0 00 00 00 00 00| (00 00 @ 00 00 00 00 00 00
0.6
s THIOPEPTIDEH 0.0 0.0 0.0 0O 01 00 00 00 00 00 00 00 .| 01 00 00 00 00 o0 00 00 00 EN 00 0, 0.0 00 00
o
E CLASS_I_LAN'ITPEPTIDE 01 oo 0o 00 00 00 00 00 01 00 00 00 0 00 00 00 00 00 00 00 00 0 0.8 00 00 00
04
NONRIPP{ 0.0 0.0 0.0 00 0.0 . o0 00 0o 00 0 00 00 00 . 00 00 00 00 0 0o 00 00
LINARIDINT 03 0.0 00 00 00 03 03 00 00 00 s 00 00 00 00 . 03 00 00 00 0 (el 0.5
0.2
SACTIPEPTIDE{ 0.0 0.0 0.0 00 00 00 00 00 00 00 00 00 00 O 00 00 00 00 00 00 02 00
LASS0O_PEPTIDE 00 0o 00 00 01 00 00 oo 00 00 00 00 00 00 o0
o
&
Qd& @fd” é@“ f’@ %&“ @ﬁd” &55“ ‘Qg;s%q Q@Q& §
& é};\ R “\Q& X
O;?’ A & Of;" c. O)? 07; SRSk > ﬁ
R S
At j i
4
c"‘ﬁ sfﬁ &gr“'
A
Predicted label
. N . . T e o
Bl 7 REIZJ5 T ) BERIPPs Al DeepRiPP 78 Tl RiPPs 2/ il - [ 45 5% tL

CRIASE o %2 RiPPs FEA B AR, SO VA R R o BB BEAT VA — A AR B, AR D & TN S U0 f 380N B 5 — )
Fig. 7 Comparison of prediction results of RiPPs classes between BERiPPs under different training methods and DeepRiPP

(Due to the different number of various RiPPs samples in the test set, the values in the confusion matrix are normalized and then accurate to one

decimal point according to the rounding principle.)
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K2 AFEHRK R ECT HIHE S RiPPs 85 T 45 Fxf b

Tab.2 Comparison of prediction results of partial RiPPs classes under different loss functions

Class Loss Function Precision Recall Fl1
Autoinducing peptides Focal Loss 1.0000 0.9583 0.9787
Cross Entropy Loss 0.9231 1.0000 0.9600
Thiopeptides Focal Loss 0.8947 0.8947 0.8947
Cross Entropy Loss 0.8500 0.8947 0.8718
Lasso peptides Focal Loss 0.8873 0.9130 0.9000
Cross Entropy Loss 0.8889 0.9275 0.9078
Class Il _IV Lanthipeptides Focal Loss 0.9483 0.9649 0.9565
Cross Entropy Loss 0.9655 0.9825 0.9739

VBN o AT R0 B A DA [m] P AT, BN R 2R
AP, FOREAT SR S, WSR2 BRIy
25 RiPPs H AR 45 J A1 5 0 Lt B I

SRR, focal loss [ 2R I 7E J& 36 L % RiPPs
FAN 7= AT B FE W o AR SCEE X Sy Fl o
HEAT oA T LE e, BRI RE St —
/N B THASE B AR 2 0 T b ) R RE, (HE TR E
T4 2K R B LA SR 2% iR RiPPs 2 il AN - 47 1] it
AREAS R T — B MIIE. FEA —RmegEd
DL B2 BT B K, ASHIF 703 5 B 45 2% 2R B0 2L
R AN[F RiPPs B 52 HEA— 8. B4, X T
RiPPs #2550 T (1) 22 Ak 45 5, %% SRFE AR B = 1)
MEKZERBZESWIIEZMRE, WK 52
PRFCAh AT B A7 AE OS2I R 25, b 43 RiPPs A B
T HAAREREAEEE N2 R TR
TR A A1l 3R 56 BERFAE , B T SRR AN 2 T 4 4 R
M2, NEGRE T AR 7 R AL B AR FI 2K,
MXEGEE SRR, BT LE, EE
X} RiPPs HF 70 [f1 AN BT 8 N K RiPPs 048 e (9 72
DL T2 BE 3K 3l RiPPs ¥2 4 ) 5 i A 0% 2 10 H o8 47
It RE

2.3 RIiPPs RI{ABASARL = RITRN

BERiPPs-CRF 5 %4 i iib xf 2 5 1R 7 %) 1) s 3
BEAT U, NI E) B2 A BORE RiPPs B4 ok S AR A 5
B P o ANSE AR A Y A B2 SRk Ui, BERiPPs-CRF
WARR I TR K, FihE. HREIZEMFE
55 3N 90.45% 91.33% #1190.88%. 1H M X} RiPPs
AR IR SR f A mU PO ) A PR, L E RUE T Re
B AW B (RO AEIER) FrfEm

P . [FIRESZ IR T HdE 42 o % 2K RiPPs FEA 1 ¥ &=
DL K AN [6] RiPPs 5% BT F8& B 1) A 4 170 S0 60 ) 1) 22
S, {EXF RiPPs B 74 K AR AL s 0 T b A 26
LT WA S B Tk 2 R KR AR A 5
WERRIER T 70% L E, T I8 B oIk 2L
AL A5 FE T R A 2R AR T T 60%, 17 /N B RiPPs
FE T 45 B AS K EEAR . R S s
B S AH ZE £S5 DN E R TN FEIE 2 N,
T 20 B A YU FE) 4 %2 T 80.67% 0 AR ST HE T L
#% 2% 2] 1) RiPPMiner A [A) A 1 I 48 50 40 45 12 47 Tl
M, 5 BERiPPs-CRF 5284 5% Lt 45 S 4 ] 8 (a) i
XA HERR R B SR R AL R AR, B
RLFRI (457 A5 S B Aor A A BR RO, TR AT RiPPs
0 A 2 = S0, o SRS Y R % Al 3 T 5
SEA 2 T R PR s i A5 243, 1 MR IER
DAY, FCRERY BB R d s B . Rk, A
T U BT AN s S B A s P R 2
A SCARHE GETE 22 51N — AN BT 0 VT A 8 A D A7
v, EAXML (D

V=20 D

A x AR A ) T A 1 1 5 5 B
5 Z B TR B s n A REAS B Vil AR
RI%S RiPPs HI A IR A7 s T £ BE 77 5

2.4 33BERIPPstEEUZHE RiPPs RYtEREITE

R T R 25 B8 IE 3 T TR R B ) R 2 3
T7 VR TE R AR PR W A2 P8 AR A AT AT 1 DL R VR Al
BERiPPs 7 &b P % &1 RiPPs B A& ik (I RS J1, ASHF
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AT EEEREDHAREEHOKERT 1000 4R
AL 2H, 3@ 1T ORF 4:#7 T % 3 ORF fir 78
X 3 - B0 BN A R B T8, R RTA KR T
200 M FEFL 1] ORF /E 4 BERIPPs [ A\, iR %)
73 5] 6319 4~ RiPPs B &K . [A ), ¥ 3k 1000 4>
JEAZ A W 3 DR 4158 5 antiSMASH 34T 45 3 K 40 %)
Mr, 3TN A YR PE R 2] T 4386 /> RiPPs, JLH
3905 /™ RiPPs ff 7£ [X 18, 5 BERiPPs 7l il 45 % & &
L 8(b) ] i8I Xt Eb ] LA & 3 BERiIPPs AN iR il
F]7 89.03% I 1 antiSMASH HE AT 4= 3 R 4H 7 W 13
FI ) RiPPs, 044 7] BE 1) A 50 RiPPs 0 [ 3k — 22 4
KT 60% KA, RILTAAEANFEIEKAE S
L AN T 3 WA K O 41 2 98 48T RiPPs (178
71, HM— @R EHIR TR A HE AL RiPPs KR
A REAN B IS H T A KRR WA G OB

RiPPMiner

V=45.84

e S s L e —r—— M. T——
20 -16 <12 8 -4 0 4 8 12
TR L 3 5 S B A5 Y B

16 20

FEN . AT EiR 6319 4 B BERiPPs 6 il £ 1)
KR EFRVE R RIPPs B A JIK 22 500 78 18 F 3808 kL F i
Y58 BERT #8347 PR AT 25, 4K H MLM
fE55 H AN MLM S 42k, 38 0 B AL 84 1)
FIEIR H K — 25 48 in BERT 7845 5 A48 il B
FRAERIBE /7, (HIX — SIF A £ NS5 15 0L
PRI . ANHEHED, 257 1 2 THK AR 77 B & 1)
RFFEFEA .

3 WitHRE

I PP 52 A R PR T A A K e 3t 1 3 TR R AR
W P20 R, KRB N A E A & AE &
FADE B2 TR AU KDL, RiPPs DU
RS 1) A2 W) R A AR ) PR TR B BTN

BERiPPs-CRF

V=26.58

[

20 <16 -12 8 4 0 4 8 12 16 20

Tl B 23 5 SR B L A A B

(a) BERIPPs 5 RiPPMiner?E Tl 24 s b B HER HERT LL

(a) Comparison of accuracy of BERIPPs and RiPPMiner in predicting cleavage sites

BERIPPs

6319

overlap
3905

(b) BERiPPs SantiSMASH4Z #ERiPPs4: S0 L,
(b) Comparison of RiPPs mining results between BERiPPs and antiSMASH

B8 BERiPPs 5 RiPPMiner /% antiSMASH % Lt
Fig. 8 Comparison of BERiPPs with RiPPMiner and antiSMASH
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