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Abstract

DNA N6-methyladenine (6mA) is an important epigenetic modification involved in biological pro-
cesses such as gene regulation, DNA replication, and repair, making it significant for disease re-
search. Therefore, accurately identifying DNA 6mA sites is crucial for understanding their functions
and mechanisms. Despite notable successes with existing methods, there is still room for improve-
ment in prediction accuracy and cross-species generalization. In this study, we propose a hybrid
deep learning model ( BiLSTM — CNN ) that integrates bidirectional long short-term memory
networks (BiLSTM) and convolutional neural networks (CNN). Firstly, the model-encoded DNA
sequences employ one-hot encoding, EIIP encoding, and DNA dimer encoding. And then optimized
under various network architectures, layer configurations and optimizers. We conducted exper-
iments on datasets from Rosaceae, rice and Arabidopsis thaliana, the results indicate that the
BiLSTM — CNN model achieves an accuracy (ACC) of 94.5% for Rosaceae, 93.8% for rice, and 86.6%
for Arabidopsis. Compared to other methods, BiLSTM — CNN demonstrates excellent perfor-
mance in predicting 6mA sites across the three plant species, and exhibits cross-species generaliza-
tion capabilities.
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1. 518

NG6- H FE IR 4 (6mA) /& DNA 70 F i EE R WIE M B —, BrERERRE . BAMEER . 41
Hi B AR AT . DNA A8 R 1 DL e R il 14 A& 41 (R-M) PR R 25 B8 B0 F 1] 4Rk, @I M ROmAH i
(HPLC) 73 B 5 HR BR S (MS/IMS) BX FH [2] 540 T SE BT (SMRT) I [B146 AW s i i i, D% th—1%
BMA 17 1, (HIZRT7VER T o7 s B4 8L . FERT R G S S s it , AR ROMUBSERCE 1) B FH w2 21 T R
I, R E A S BT RN 6mA A s B

BEE N TR R R R R &, B THLAS 2% SRR BE 5 ST I TH R TR 6mA AL s (R SR 4 1397 g ok
Ji %o REETPEAMUE R H AL, EReAERER R kAT KT . BT, 2JFK 7 2MET ML
DL 17 6mA TR, i a5 A — IR B 2 RHE LA A [F J7i% . Chen S5 [41JF & T —Fp & T 3085 )
AR DNA 751 R E 4 5 0 % SR (1) i6mA-Pred Tl 85, F TR K R R 4L ) 6mA i . Pian 45
[SIFIFH S /R Al RARALTHE DNA A AHARZ B IR %, #2HH 7 MM-6 mAPred SR TN /K &4 5
6mA fii 1. Kong 1 Zhang [6]JF % T i6BMA-DNCP, iZili it — A% BRI — K% FERR BEAL M B R 7R /K g
DNA 741, FRM 8 &7k B AR M MRIE . Hasan Z6[7]H& T — AN ZHHERL& 1 T S AR Y
i6MA-Fuse, 1/ 5 g hth 75 5 S 37 B0 gt i BEATLAR PRI, e aod 2 1P [ i A 20 5 3o SR 1 0
oy, BT AcRHE Y H 22 AT B () 6mA 17 s T . Xu SE[81iE I B & 7 PR AL P ST AR A5 BR 3
TSR L T WAL R IE T R 1 6mA-Finder, H T — A FhRs S ME 1) 6mA A7 fUFi . Hasan £5[9]
F& tH ¥ i6mA-stack {5 FH i I AFAE T b 28 B0 IE S B& M 5 FRASRIKT DNA 751 4wt 75 58 Hh $ s R AiE F
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£, A HXUZHESBRGAT I . Ha S5[10]32 1 Meta-i6mA J7iEIE R T 5 Fhld T B4k 2= F 47 B 4F
S BIGnD 77, 4G 6 P FH LA 2% 2] J7 VR AE Al 30 ANFEZRAEAY, 383 o2 ) T 77 1R 2 ik 2
PR ZAE AR S ARME Y . KRR T E RO S B R A . He A1 Chen [11]HF K T
iDNABmMA-Rice-DL, il v 5 2 > A A FHIR N 2 AV R 2 E Sh 2 i A SE I B DNA RFIE,  BR) T
TOKFEHEF A A 6mA £7 55, Huang Z5[12]42H T 6mA-StackingCV, —Ffi3ET 38 X IGIIE IF) B R 545
B, N TTAE ) FOE RS 2 A EE Y N RS RRHEY) R S M Re MRS E 1. Teng F[13]
F2th T i6mA-Vote K H 2 BHE N, 455 6 P FIRHIESR S 7 SIS 7 20 4y 3888, A Rl 1 %
TARHEY) KFEFIARE TFIE 6mMA ALl R FIRERIE R @ WrFh U 180 ) T A v, (R2E5)
FhTIGE /1 EAFTEA 2

AR SCHEET KA LI M 4% (Bidirectional Long Short-Term Memory, BiLSTM) Rl #4142 % 4% (Convolu-
tional Neural Network, CNN), $&H —F &2 B B Z AL J1 09 6mA 7 5 7l 77 72 (BILSTM—CNN).. &
2% DNA F#51{# ] one-hot [14], EIP [15]F1 DNA —%{K(DNA 2-mer) [16] 3 Fhgwt 77 kAT gmbid, 4%
JE KRS 5 17 AN E] BILSTM JZ 4 BUT I ACER B O/ ¢ &R, PRI IX S K BR BRI IEfE N CNN
2, R SRR PR ERRAE, B Sigmoid ¥ BRA01S E) DNA 6mA FEEA A7 55 1) i &
. 45 REW, SPAHIEAE, BILSTM—CNN A5 81 A 5 5 i 700 1 B A1z 1L g

2. IRBI R R IRTA

2.1. BiLSTM
BiLSTM [17]/& —FiURpfk i) I w22 I 4, B8 [R] N4 5 21 (1 /i ) AL 145 5L
c, = f *X +1i, *C, (1)
0, = (W,o% +W,, -h_ +b,) ¥}
h, = o, *tanh(c,) (3)

HAARQ)~@Q), i REBAIT, & Hsigmoid ¥, fACEBEIT, h NARTFEEURA, o Fom 4R
ANMBTEIRES, o MBIMREATERE, b, FonmBE. AW LSTM Mt A h , JaH LSTM K% he .
FEASET )0 t ] BILSTM it h, vHE A X (4) s .

h =R+ (4)
2.2.CNN
CNN [18]fE 2 > P H Rl o &R, A AR B AN S I [R5 51 A4 A -
Y[i]=2wli]- X[+ 1] (5)
J
Y oot [1] = max (X [i i +k]) (6)

ARE)~6)F, X RHANFI], WERERZ, Y[i]| £nEREE, wj]|ZRERRE, X[i+]]
RFNFEFIRR IR, kR E DRI, Y, [i] BRI

2.3. BUEEH

eI X 2% v B0 BRBOH tanh, relu, elu, sigmoid AT softmax [18] [19]4F, X H6 3 b8 K e A Al
M EAAFERIVER, A SCEOE R E R 5 32 250 ) tanh F1 sigmoid K%L
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tanh B HUE —MXUHIEVI R, R AE R 2I[-1, IFEE A, ZREE T 0xFRE, B tanh (0) =
0, 770K tanh &2 HI T FEUZ #870,  BERa N A (7).
e’ —e™
f(x)= 7
(X)= s )
sigmoid BR HORH B4 21 (0, 1) VS BN, 2% BR B T DR RE N AN SR A L ISR, i sigmoid
PR T o R A 2 R R O R, BAARIR A (8)-
1

f(X):l+e'x ®
2.4. thiLss
B ATLBA FE T F% (Stochastic Gradient Descent, SGD) & —Ff fiij 5 HL FH RO AL v, H TAERA T B 2
LS UN AR TR
0., =6, —UVQL(@;X(i);y(i)) 9)

EARO) T, VoL (x5 y") FRIES CUIERI, FE S | AR O RSt i v i S
PRBRBBEE, n RFEE,

Adam [20]3 iS00 FE 0 — B 40 IV 0 B 1480 ) P — A BV P 1 7 340080 0 8 M0k 3P B (8%
ENAS VAR ST, TR A W A P £ RN 2 s e e, AR A 30(10)~(L3).

9, = VQL(@; X y(i)) (10)
m, = ﬁ1mt_1 + (1_ ﬂl) *) (11)
Vi = ﬁzw,1 + (l_ P ) gtz (12)

O = O ———=, (13)
v+

B U ISR A 0, A B AR BHL M IIEE N 0.9 710999, B OWALE
TR BT TR, 5 K315  AMETEIR 0 AT R, o e AER IS B 1R
FHhR

2.5. BILSTM—CNN & &I g5 7

= EEE »EE-I».»-»‘-Q

Input Encoding BiLSTM CNN(Conv+MaxPooling) Flatten Sigmoid Output

Figure 1. Overall workflow of BiLSTM + CNN model
1. BiLSTM — CNN #&&IzEHy
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AFESr R AE BILSTM TEKFE S ki KRB TR /1, ACEEH BILSTM — CNN #71Y, 4% one-
hot, EIIP 1 DNA 2-mer 4t J5 K FE 51 2efE N\ BILSTM 2, i XA 55 #0470 28 L B 1) ) R
BAKIIE R, AR5 TSI LK FE SR RREAE N CNN 2, 8 SR E i — B3R BRI B0, AL
WK 1R,

2.6. MREH
AR A SOV E N HAR R B8, & T Zou 8%, Ak
1 N
loss = _WZI:M Iog(ypred,i )+ (1_ yi ) |Og (1_ ypred,i ):| (14)

Vi RAREEIRE, Y e T TR -
2.7. MREVEMMIERR
T VRAALMERE, AT FHHERE (ACC), DS MIHIL REU(MCC), RIS (SN)FIRE 5 (SPY1E N
WEPFANFRER, Bk THS A 5(15)~(28) TR .
~ TP+TN
"~ IN+FP+TP+FN
TPxTN +FPxFN

MCC = (16)
J(TP+FP)(TN + FN)(TP+FN)(TN +FP)

ACC (15)

SN =" 17
TP+ FN

sp-_ N (18)
TN+ FP

e, TP (FLFHTE)A TN (FLEAYE) 70 A 27 1o 000 ) 6mA FEE 6mA FEAS I ER; FP(ERFHIE) AT FN (1R
BAE) 70 732 B R TR AT AR 6mA A1 6mA FEA I B

3. SEEERIT
3.1 SCEBURE

A SCAE HIHU S 5T (Arabidopsis) . 7K A (Rice) F13% 7Rt (Rosaceae) — FiHE ) DNA 6mA H ki k47 5 Y )
WNZRANGE BAVEAL « =AM s S h LB 1 AN INGREERT 3 M2 A4, 73 )] 52 Rosaceae YIIZR4EE,
Rosaceae JlliA%E, Rice XA H Arabidopsis MR . 4% f# F Rosaceae VI SRR, K H 7 Bl 351
53, 80%IMIAHE FH T 125, 200%1 A FH T30k, B XA IR, AR AL A% 12 1L 31 Arabidopsis
H Rice ##h bo DU AL PEA(E B L& 1.

Table 1. Dataset information

=1 BEERER

il tE FHAERE A4 [P A A~ 2
Rosaceae il x5 29,237 29,433
Rosaceae JiR4E 7298 7300

Rice X4 153,635 153,629
Arabidopsis #lli4E 31,414 31,843
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3.2. $¥ERBBAER

ASCH one-hot. ENP F1 DNA 2-mer 3 FiRHIEAL G HEAT LS, W45 E [ DNA T4 #1790 . 7E one-
hot 4l , BEAAZ AT R W A o — A 4 4 33kl 1o &, RUZ PR ALC.G A T 20 il %~ v A=[1,0,0,0]
C=[0,1,0,0]. G=[0,0,1,0] #1T =[0,0,0,1] . ENP MRIEIZFERIEL & DNA FHIH T - BT ReE AN
KREIEZER, VAR /> 52N A=0.1260. C=0.1340. G =0.0806 1 T =0.1335. DNA —-Ff{k

#ifih(DNA 2-mer Encoding) 177726 DNA J7 513645 B {E 2, BP
AA—0,AT -1, AG >3 TA—>4TT -»5TC -6,TG — 7,CA— 8§,

CT - 9,CC ->10,CG —>11,GA—>12,GT —»13,GC —»14,GG —» 15.

28R, N T AEE DNA FHIH SR (ERR N “N” ), fE One-Hot 4mfdFl ENP gmftid f2rf, S8
B N7 BEEE, FATHEM T FFE[0,0,0,1] MAUHE 0.0 #EATIATE; 1 2-mer JifidfE T, HRAHRAE
73 4t% N AN —16,CN —17,GN — 18, TN —19,NN — 20 .

3.3. S¥uEE

3.3.1. BILSTM &R & ¥i%#F
BiLSTM #RIZ M FEW & BILSTM HIZE DL ALy, FATEEE HI BILSTM 2% 1, 2 #
3, ftik#s N SGD Al Adam, Ff:7F Rosaceae Yl x4 F XA AL dE 4T R, R SE R W% 2, % 3.

Table 2. The effect of BILSTM layers on the BiLSTM module
2. BILSTM EHX R BRI/

JEH SN SP ACC MccC AUC
1 0.943 0.926 0.934 0.869 0.978
2 0.926 0.930 0.928 0.856 0.970
3 0.920 0.929 0.925 0.850 0.970

Table 3. The influence of the optimizer on the BiLSTM module
# 3. {428t BiLSTM module T4 R A5

itk s SN SP ACC MCC AUC
SGD 0.425 0.659 0.542 0.088 0.562
Adam 0.943 0.926 0.934 0.869 0.978

M2 FZk 3 RTLLE H, 2 BILSTM 2408 1 )2, iib#3 8 Adam i, BILSTM #Ebdd: ek B &AL
i BILSTM K EBAMEAL 2543 HEEL 1 A1 Adam.

3.3.2. CNN 18 ¥i%#F
% CNN BB, FRATFRIFHEECE FI 3%, H1F Rosaceae Il Z54E FHEIT IR, 4550 W% 4~6,

Table 4. The effect of convolution layers on the CNN module

4. EREHERNFE

JEH SN Sp ACC MccC AUC
1 0.933 0.952 0.942 0.885 0.982
2 0.927 0.925 0.926 0.852 0.974
3 0.929 0.924 0.927 0.853 0.973
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Table 5. The effect of activation function on the CNN module
2 5. BUERBIMRE RS20

HERE e SN SP ACC MCC AUC
relu relu 0.935 0.946 0.940 0.881 0.981
elu elu 0.938 0.948 0.943 0.886 0.982
relu tanh 0.942 0.944 0.943 0.887 0.982
elu relu 0.937 0.944 0.941 0.882 0.981
tanh tanh 0.940 0.947 0.944 0.888 0.982
relu elu 0.932 0.952 0.942 0.885 0.982
tanh relu 0.941 0.942 0.941 0.883 0.981
elu tanh 0.940 0.946 0.943 0.887 0.982
tanh elu 0.937 0.947 0.942 0.885 0.982

Table 6. The influence of the optimizer on the CNN module
F< 6. MLALEEXT CNN HEIRTUNEE SR A0 S2 0

Ltk 48 SN SP ACC MCC AUC
SGD 0.901 0.892 0.896 0.793 0.958
Adam 0.939 0.949 0.944 0.889 0.983

M 4~6 ATUE Y, BERZEECH 12, BRZEMETZE RS R E 8 Tanh, Hiib#s 8 Adam i,
CNN R 2] 7 i fitEfe. PIbEL CNN BB EHCON 1, &3 B0E RN Tanh, itk 2k
Adam.

4, ERESH
4.1 5EMBFENMEERE

BT Bk 3 MR ST IR S, AT BILSTM — CNN ik 5 IE ik TIbi. £ 75T
H A0 7EAH S A LT RE 1 BB g A g5 R, B Meta-i6mA [10], iDNA6mA-Rice [11], MM-
6mAPred [5]F1 6mA-StackingCV [12].

1F Rice #F ., L% BILSTM — CNN H! ) SN {H(0.946)BAK T J LAt /7 ik, (BAEHAL = 3 NMP(EHE
b BRI . 5 HATX Rice 6mA A7 s T ¥ & 1 7772 Meta-i6mA AL, ACC #21 0.058, MCC #&5
0.108, SP #&15 0.128. & #f 6mA-StackingCV #HLt, ik 3 MMEAR4r 7l 0.093, 0.169 1 0.204. &
] BILSTM — CNN #5847 Rice ¥t BA sk i) T vERE,  JCIH R LE Ik B 77 T R IR 5

1E Arabidopsis #1141, BiLSTM — CNN #87E 4 DN PPAlFabr H AR R R I H .. 5 H §T%F Arabidopsis
R BmMA S s T i U AN B T I 7 ¥ 6mA-StackingCV A EE, 3 ACC #2751 0.084, MCC #275 0.154, SN ##
7 0.180, JF HAEFTA kb ¥ At . H SP AN 0.873, fUKT Meta-i6mA 1] 0.936, HE& 5 —. F W,
BiLSTM — CNN #5847 X} Arabidopsis #1F4 1) 6mA A7 s Tl 77 1 B A & 2 I H .

J¥% BiLSTM — CNN BEAY7E Rosaceae i sz UK 4 45 b1 L I ML BEBSAIC T 6mA-StackingCV H
Meta-i6mA, {72 4 MERIEE A L6 TR 5. FF HA5 5175 6mA-StackingCV Lk, %
T bR I 22 5 RN 0,029, JER T HAEZWFN L FIFER A SE4 ).
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2 FHTiA, BILSTM — CNN 7E 3 MR AR Fk 3 T8 agtERe, ¢ BAHN T HAth 532, BF
B APz AL RE

Table 7. Comparison results with existing methods
#=1. EMEFEERER

AR Ay ACC McCC SN SP
Meta-i6mA* 0.953 0.905 0.954 0.951
iDNA6mMA-Rice* 0.878 0.764 0.951 0.805
Rosaceae MM-6mAPred* 0.873 0.758 0.961 0.785
6mA-StackingCV* 0.960 0.920 0.959 0.961
BiLSTM + CNN 0.945 0.891 0.945 0.945
Meta-i6mA* 0.880 0.768 0.957 0.802
iDNA6MA-Rice* 0.755 0.561 0.960 0.547
Rice MM-6mAPred* 0.834 0.689 0.958 0.710
6mA-StackingCV* 0.845 0.710 0.963 0.726
BiLSTM + CNN 0.938 0.876 0.946 0.930
Meta-i6mA* 0.787 0.600 0.636 0.936
iDNA6mMA-Rice* 0.734 0.473 0.655 0.812
Arabidopsis MM-6mAPred* 0.765 0.531 0.784 0.747
6mA-StackingCV* 0.782 0.576 0.677 0.866
BiLSTM + CNN 0.866 0.730 0.857 0.873

)RR TR LHR[12].

4.2. BB GHr

N T BGAE S AR A R LA BILSTM Al CNNJE [ & 8, BRADE R T CNN =i
BIiLSTM, EA & BiLSTM 1 CNN AN [A] (120 & 77 SUAEAS [R1HcHa £ 1 i P 285 SR o 3 JLRR 28 43 731l CNIN,
BiLSTM, CNN — BiLSTM (37~ CNN7E#(, BILSTM 7£J5) LA & CNN < BiLSTM  (3£7x CNN fI BiLSTM
FFER), A SRR N BILSTM — CNN . £ 8 FIJHY T Eb A48 3

MFE 8 FTEAE Hi, BIiLSTM — CNN #E847E 3 s Uik 4E Y ACC i8R &4, 7E Rosaceae H1[¥]
SN, Rice H'[] MCC 1 SP, L\ Arabidopsis #1f#] MCC B&{k- - CNN, Arabidopsis #' SP (% T
CNN — BiLSTM , HAtFERIE B RAR . X R HIAXS T HAE A B CNN 23 BILSTM B, s
) BILSTM Al CNN fU45 &I, BIiLSTM — CNN R TEI8 R 1E 6mA A7 5 i TR P 7 T, 62
BRIz AEE Sy, #RDUH AR TERE. & 2 7R ROC kit — 5 S0 F 7 ix e R I

Table 8. Performance comparison of five models on independent test data sets
7z 8. RFMEEITEI N BaEEE DRV REELER

FHAL R EE (e} ACC MCC SN Sp
BiLSTM 0.912 0.825 0.914 0.910
CNN 0.942 0.884 0.948 0.937
Rosaceae CNN < BILSTM 0.940 0.879 0.939 0.940
CNN — BiLSTM 0.941 0.882 0.940 0.942
BiLSTM — CNN 0.945 0.891 0.945 0.945
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BiLSTM 0.938 0.876 0.945 0.931
CNN 0.938 0.877 0.943 0.934
Rice CNN « BiLSTM 0.937 0.875 0.941 0.933
CNN — BiLSTM 0.937 0.875 0.942 0.933
BiLSTM — CNN 0.938 0.876 0.946 0.930
BiLSTM 0.847 0.694 0.826 0.867
CNN 0.865 0.733 0.849 0.884
Arabidopsis CNN < BiLSTM 0.864 0.729 0.844 0.883
CNN — BiLSTM 0.863 0.727 0.840 0.886
BiLSTM — CNN 0.866 0.730 0.857 0.873

(A) Rosaceae (B) Rice (C) Arabidopsis

10 1o

0.81)/

I
=
o
>

True Positive Rate
True Positive Rate

o
=

True Positive Rate

e
=

0.2 e 02 e 0.2
g NN AUC-0.983 e — CNNAUC=0979 e —— CNNAUC =0937
BiLSTM AUC - 0.970 7 BiLSTM AUC =0.978 , BILSTM AUC = 0.921
—— CNN+BILSTM AUC-0.983 e — CNN<BILSTM AUC = 0,979 ya — CNN<BILSTM AUC = 0,935
—— BILSTM+CNN AUC - 0.984 - — BILSTM+CNN AUC = 0.979 pa —— BILSTM+CNN AUC - 0.936

—— CL-6mAPred AUC - 0.951 - — CL-6mAPred AUC = 0,978 e —— CL-6mAPred AUC = 0,935

0.4 0.6 08 1.0 00 02 04 .06 08 1o 700 02 04 0.6 08 1.0
Falsc Positive Rate False Positive Rate False Positive Rate

0.0+
0.0 02

Figure 2. The roc curves of different models on three independent test datasets

& 2. TRMRBE=MMSINREHESE LR ROC Bk

5. &g

ASCHRH T M ET BILSTM 1 CNN ] DNA 6mA F AL A7 SUIRA TR BiILSTM —>CNN .« &
S K one-hot. EIIP i1 DNA — %4k 3 fh4ifih 75 Xt DNA FIHEAT 9ifid, SR EAR R 450 . 25
PRAL BRI SR AR Y, JRAERLRETT . KR A R = P F AT T SRI050E . A SCE S X L
— CNN #5228, H.— BiLSTM #% . CNNBILSTM £ . CNN—BiLSTM 5 84 D) K A SCHE HL 1) BILSTM—CNN
HiAYTE Rosaceae. Rice Fll Arabidopsis =Mz AR 46 ERI 25 4, R BILSTM—CNN #E37E &
IRHER 26 (ACC) 7 T H A B e, HAE Z Hvkaebr BRI . )REETE Rosaceae H I EURK % (SN).
Rice {1 &84 5< R EU(MCC) A7 14 (SP), L Arabidopsis H1 ) MCC 1 SP J [ B Ik T~ J- 2L 4
B, HIELZEAMERERZ A EE ISR B T HAA A . Rk, BILSTM—CNN FAI/E 6mA {7 & T
Fh R R RE . 5IUE VAL, ARSCBIEYTE DNA 6mA HIEAL A s (1 TR0 E R 30 5 R 11
PERE

EAFE R AL, DNA 6MA FEEA AL s TN TAEA S 2%, SRR TR AR JJ A B R T B A 5,
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