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Ensemble Learning Method for Nucleosome Localization Prediction

CHEN Wei, LI Hang and LI Wei-hua

School of Information Science and Engineering, Yunnan University , Kunming 650500, China
Abstract Nucleosome localization refers to the position of DNA double helix relative to histone,and plays an important regulato-
ry role in DNA transcription. It takes a lot of time and resources to detect nucleosome localization by biological experiments.
Therefore,it is an important research direction to predict nucleosome localization by using DNA sequences based on computational
methods. Aiming at the shortcomings of single model and single code in DNA sequence feature representation and learning in nu-
cleosome location prediction, this paper proposes an end-to-end ensemble deep learning model FuseENup, which uses three coding
methods to represent DNA data from multiple dimensions. Different models extract the key features hidden in the data from dif-
ferent dimensions,and construct a new DNA sequence representation model. Performing 20-fold cross-validation on the four data
sets,compared to the current model CORENup with the best comprehensive performance for the nucleosome localization predic-
tion problem, the accuracy and precision of FuseENup are improved by 3% and 9% on the HS data set,increases 2% and 6% on
the DM data set,1% and 4% on the E data set. Compared with other machine learning and deep learning benchmark models, Fu-
seENup has better performance. Experiments show that FuseENup can improve the prediction accuracy of nucleosomes localiza-

tion, which shows the effectiveness and scientificity of the method.

Keywords Nucleosome localization, Deep learning. Ensemble learning method.DNA sequence coding,Cross-validation
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Table 2 Data distribution
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E 2608 2567 5175 4921 254
Y 1740 1880 3620 3439 181
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Fig. 5 Accuracy of KBNup model under different K values
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Fig. 6 Accuracy of KWNup model under different K values

JHG 3 N TR B i AR U B AR X T A S A LAY R AL
P 5% KBNup, KWNup Fl CORENup i 3 4~ 37 45 B4 fy 3
TR A 5 82 UL HE AT 00 L . A Rl IR 3 n & 3R
WA AE HS B 4 B R 0 w00 50 0] L 88,864 86,
3 SRR DL R AR BORCRLTE HS, DML E, Y 53X 4 8 48 L
Bt 20 £5 38 XK E 5 B 1 Accuracy, Precisions Recall, F1
score, AUC 3X 5 A~ 48 i 0 ¥ (B R0 25, 3R 4 Fr 51, M\
A ATLIE SR FuseENup 76 50 #5 48 HS, DM fl E
Zead 20 538 SLKHIE I H A8 bR Accuracy . Precision F1 score Fl
AUC FH P56 1 455 70 Y6 7 48 5, HLBE R R PETE i, (HL 48 Ax
Recall FIRAE; FEBHEAE Y L HAS 4R Accuracy, Precision F1
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Table 4 Comparison of FuseENup and independent model

KBNup KWNup CORENup FuseENup

Accuracy 0.88(0.02) 0.86(0.02) 0.86(0.02) 0.89(0.02)
Precision 0.86(0.03) 0.83(0.03) 0.83(0.03) 0.92(0.02)

HS Recall 0.89(0.02) 0.89€0.04) 0.91(0.03) 0.85(0.02)
F1 score 0.87(0.02) 0.86(0.02) 0.87(0.02) 0.88(0.02)

AUC 0.92(0.02) 0.90€0.01) 0.92(0.02) 0.93(0.02)
Accuracy 0.82(0.02) 0.79(0.03) 0.87(0.02) 0.89(0.02)
Precision 0.84(0.04) 0.80€0.05) 0.86(0.03) 0.92¢0.02)

DM Recall 0.81¢0.04) 0.79(0.05) 0.89¢0.03) 0.85(0.03)
F1 score 0.82(0.02) 0.79€0.03) 0.87(0.02) 0.88(0.02)

AUC 0.88(0.03) 0.83(0.01) 0.94¢0.01) 0.95(0.02)
Accuracy 0.87(0.02) 0.89(0.02) 0.90(0.02) 0.91¢0.02)
Precision 0.85(0.03) 0.86(0.03) 0.87(0.03) 0.91¢0.03)

E Recall 0.89(0.03) 0.92(0.03) 0.94(0.02) 0.90€0.03)
F1 score 0.87(0.02) 0.89(0.02) 0.90(0.02) 0.92(0.02)

AUC 0.92(0.02) 0.92(0.01) 0.96(0.01) 0.96¢0.01)
Accuracy 0.99(0.00) 1.00¢0.01) 1.00€0.01) 1.00¢0.00)
Precision 0.99(0.00) 0.99¢0.01) 0.99(0.01) 1.00(0.00)

Y Recall 0.99¢0.00) 0.99(¢0.01) 1.00¢0.00) 1.00(0.00)
F1 score 0.99(0.00) 0.99€0.00) 1.00¢0.01) 1.00¢0.01)

AUC 0.99(0.00) 0.99€0.01) 0.99(0.01) 1.00¢0.01)

SHy 4 O T BRI AR SO ELM X TR G LA A 2T ik
I S0P A8 5256 R FH 32 5 7] & #L (Support Vector Machine,
SVM) . B #L #% #k (Random Forest, RF), U1 it #7 43 3% %
(Bayesian Decision Theory,BD) #l Adaboost 1E i &t J5 ¥ 5
£ AL FuseENup #E47 % L . 8 JH BEVL 4 5 4 DNA J7 51 %
B FACAE AL LG4 S IT kA . Hod, SVM i ker-
nel i & A rbf, gamma it & A scale, C it & & 1. 0, RF Y
n_estimators B A 100, criterion % 4 gini, AdaBoost FJ max_
depth it &4 2, min_samples_split Bt & & 20, min_samples_
leaf it &8 5. BD Ky var_smoothing Bt & K 1X10 °, Accu-
racy, Precision,Recall ,F1 score, AUC X 5 A~$8 b5 W 2 {H Fl 7
ZR SR AN 5 A SLIR A5 A A B L 4 U T FuseENup
myPERE U] WAL TG bl g2 > k.

F5 MR FuseENup FIE LA 21 7 5 M BOR X 1L

Table 5 Comparison of FuseENup and traditional machine learning methods
SVM RF Adaboost BD FuseENup
Accuracy 0.70€0.03) 0.67(0.02) 0.65(0.03) 0.65(0.03) 0.89(0.02)
Precision 0.68(0.03) 0.68(0.03) 0.65(0.03) 0.64(0.03) 0.92(0.02)
HS Recall 0.74(0.05) 0.63(0.04) 0.66(0.05) 0.65(0.06) 0.85(0.02)
F1 score 0.71€0.03) 0.65(0.03) 0.65(0.03) 0.65(0.04) 0.88(0.02)
AUC 0.70(0.03) 0.67(0.02) 0.65(0.03) 0.65(0.03) 0.93(0.02)
Accuracy 0.68(0.03) 0.66(0.02) 0.68(0.03) 0.64(0.03) 0.89(0.02)
Precision 0.70(0.03) 0.66(0.02) 0.68(0.03) 0.65(0.03) 0.92(0.02)
DM Recall 0.64(0.04) 0.63(0.04) 0.67(0.06) 0.64(0.04) 0.85(0.03)
F1 score 0.64(0.03) 0.65(0.03) 0.68(0.04) 0.64(0.03) 0.88(0.02)
AUC 0.68(0.03) 0.65(0.02) 0.68(0.03) 0.64(0.03) 0.95(0.02)
Accuracy 0.76(0.03) 0.80(0.03) 0.82(0.02) 0.76(0.02) 0.91¢0.02)
Precision 0.74(0.03) 0.81(0.03) 0.82(0.03) 0.75(0.02) 0.91¢0.03)
E Recall 0.81(0.04) 0.78(0.04) 0.82(0.04) 0.76(0.04) 0.90(0.03)
F1 score 0.77€0.03) 0.79(0.03) 0.82(0.02) 0.75(0.03) 0.92(0.02)
AUC 0.77(0.03) 0.80(0.03) 0.82(0.02) 0.76(0.02) 0.96¢0.01)
Accuracy 0.96(0.01) 0.96(0.01) 0.97(0.02) 0.96(0.02) 1.00¢0.00)
Precision 0.94(0.02) 0.94(0.02) 0.95(0.03) 0.95(0.03) 1.00¢0.00)
Y Recall 0.99€0.01) 0.98(0.01) 0.98(0.02) 0.99¢0.01) 1.00¢0.00)
F1 score 0.96(0.01) 0.96(0.01) 0.97(0.01) 0.97(0.02) 1.00¢0.01D)
AUC 0.96(0.01) 0.96(0.01) 0.97(0.02) 0.96(0.02) 1.00¢0.01D)

SEHY 5 R TR AR S A AR AR AR R T At VR B A T
TR A PE L LSTM BRI ConVNet ! #7 Fll LeNup

BALT Sy B o 52 A,
AUC X 5 DB FR A7 22 1) LR 25 R 3k 6 gl .

Accuracys Precisions Recall, F1 score,
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Table 6 Comparison of FuseENup and benchmark deep learning

model
LSTM ConVNet LeNup FuseENup
Accuracy 0.84(0.02) 0.86(0.02) 0.87(0.02) 0.89(0.02)
Precision 0.84(0.03) 0.86(0.03) 0.910.02) 0.92(0.02)
HS Recall 0.89(0.03) 0.85(0.05) 0.84(0.02) 0.85(0.02)
F1 score 0.86(0.02) 0.85(0.02) 0.87(0.02) 0.88(0.02)
AUC 0.90(0.03) 0.91€0.03) 0.92(0.02) 0.93(0.02)
Accuracy 0.85(0.02) 0.85(0.02) 0.87(0.02) 0.89(0.02)
Precision 0.85(0.03) 0.83(0.03) 0.90€0.02) 0.92(0.02)
DM Recall 0.88(0.02) 0.88(0.04) 0.87(0.03) 0.85(0.03)
F1 score 0.87(0.01) 0.86(0.02) 0.88(0.02) 0.88(0.02)
AUC 0.93(0.01) 0.92(0.02) 0.93(0.02) 0.95(0.02)
Accuracy 0.90€0.02) 0.90€0.02) 0.91(0.04) 0.91¢0.02)
Precision 0.88(0.03) 0.90€0.02) 0.90(0.02) 0.91¢0.03)
E Recall 0.93(0.02) 0.89(0.03) 0.88(0.02) 0.90(0.03)
F1 score 0.90(0.02) 0.89(0.02) 0.92(0.02) 0.92(0.02)
AUC 0.96€0.02) 0.96(0.02) 0.96€0.02) 0.96(0.01)
Accuracy 0.99(0.03) 0.99€0.04) 1.00€0.01) 1.00(0.00)
Precision 0.99(0.02) 0.99€0.03) 0.99(0.01) 1.00(0.00)
Y Recall 0.99(0.02) 0.99€0.04) 1.00¢0.00) 1.00¢0.00)
F1 score 0.99(0.00) 0.99€0.02) 1.00¢0.01) 1.00¢0.01)
AUC 0.99(0.00) 0.99€0.00) 1.00¢0.01) 1.00€¢0.01)

FE AL LUE 7R 5G4 HS, DM Al E i, 29 SO A 1Y
Accuracy, Precision s F1 score Fl AUC #H kb 3 1 B 54 75 By $2
o H R R E M I, 3T Recall #645, LSTM 45 8 36 9 o
W AEBEREE Y i B R R Y R RE AR A 3 R 3
HEREAL, X} F FuseENup B 5 LeNup 5 I () 45 5t 22 fi 4
NEIJE R AT BEA LR P S - D | SCE £ DNA F 5115 B
SE R/ E L 1 T 5 R R E AN R E AR L S A
VA2 R B B AT R A2 T LeNup B8 A1 3T 4F S 700 4%
IR R A B4 BB R 2 A TR A L 35 4 30 T I A /N 4R A A

*®7

B U AR o PR I AR SC A TR0 AH B LeNup #5280 (4 25 21 25 B 45 /)N 5
2) B I 20 2R R B P) R A AR B ST DA SR T 2 A AR i
T AL BE L A0, 7E HS BOE AR b e b B0 A R £ 0k
B 95% , M BRI 28 89 %6, X 14 B 42 U i) 4R AE B — o A2
B AH G, 3 AT BB 5 BOAS SCRE LA LY LeNup B (9 25 2R 22 1
BN, BAKTE & N8 FuseENup B9 % 14 P 68 08 T H i
3 Tl L o AR

SIHG 6 AT RIS R e S Ty 2O 4 i 28 I 4% A8 e
1 B U AR AP P RO - A SCHE AR B HAth B AR RS (S LT
WA A T LA 5 FAE BB AL, Ay B R S &G
KBNup # 5, 4 i 2) 45 & CORENup # %, 4 1 3) 45 &
KWNup #5385 Model_A; 4% 1) 454 KWNup £ #, 4
i 2) 454 KBNup £ 5, 455 3) &5 4 CORENup #5 5, it
Model_B; 4 f& 1) 254 KWNup Bi#, 465 2) 454 CORENup
BER, T 3) 454 KBNup 8,02 Model C; 4if D254
CORENup # B, 4 i 2) 45 & KBNup # %, 4 1 3) 45 &
KWNup ¥ ,i0 } Model _D; 4% 1) 454 CORENup 1%,
it 2) 454 KWNup B8, 45 1% 3) 45 & KBNup #H, it 4
Model_E, Accuracy,Precision,Recall,F1 score, AUC iX 5 4~
FEAR YA R TT 22 A LB A5 Rk 7 A AT RLE L 3K 5 Fib
BRI AE HS, DM 1 E $¥i 48 I 5 5 LU K FuseENup
TR LU o B 2 1Y 25 BE 43 ) R R 5 0. 02,0, 04 FiT 0. 01, 7E 3
i AE b LA B A AR A A E B . Ah . 5 FuseENup ##Y
— X 5 AR BB AE Y BOHE AR P R & IR AR AR T
100 % FIRLIR . SEIdE— 2B B0 T, M 224~ 4k B 2 A 5308 A
FHAR TR 1 28 I 2% DA 224 A Ji 2 JBCRR AT 7 125 19 A 35k

i B 77 X5 1 22 19 5% B0 A ) AL S 3 IR

Table 7 Experimental results of different combinations of coding methods and neural networks
Model_A Model_B Model_C Model_D Model_E
Accuracy 0.88(0.02) 0.87(0.02) 0.87(0.02) 0.87(0.03) 0.88(0.02)
Precision 0.91€0.03) 0.91€0.03) 0.89(0.03) 0.92(0.02) 0.91¢0.03)
HS Recall 0.84(0.03) 0.82(0.04) 0.85(0.03) 0.82(0.05) 0.85(0.03)
F1 score 0.87(0.02) 0.87(0.03) 0.87(0.02) 0.87(0.03) 0.88(0.02)
AUC 0.93(0.02) 0.93(0.02) 0.93(0.01) 0.93(0.02) 0.94(0.01)
Accuracy 0.85(0.02) 0.86(0.02) 0.86(0.02) 0.85(0.02) 0.87(0.02)
Precision 0.85(0.03) 0.85(0.03) 0.84(0.03) 0.85(0.03) 0.87(0.03)
DM Recall 0.85(0.03) 0.88(0.03) 0.87(0.04) 0.86(0.04) 0.86(0.03)
F1 score 0.85(0.02) 0.86(0.02) 0.86(0.02) 0.85(0.02) 0.86(0.02)
AUC 0.89(0.02) 0.94¢0.01) 0.93(0.01) 0.90(0.02) 0.93(0.01)
Accuracy 0.89(0.03) 0.90(0.02) 0.90(0.02) 0.89(0.03) 0.90(0.02)
Precision 0.91€0.04) 0.94(0.02) 0.94(0.02) 0.92(0.04) 0.93(0.03)
E Recall 0.87(0.04) 0.86(0.03) 0.86(0.04) 0.85(0.06) 0.88(0.03)
F1 score 0.89(0.03) 0.90(0.02) 0.90(0.02) 0.88(0.03) 0.90(0.02)
AUC 0.94(0.02) 0.96(0.01) 0.96(0.01) 0.94(0.02) 0.96(0.01)
Accuracy 1. 00€0.00) 1.00(0. 00) 1.00(0. 00) 1.00€0.00) 1. 00(0.00)
Precision 1.00€0.00) 1.00€0.00) 1.00€0.00) 1.00€0.00) 1.00€0.00)
Y Recall 1.00¢0.00) 1.00¢0.00) 1.00¢0.00) 1.00€0. 00) 1.00€0.00)
F1 score 1.00¢0.00) 1.00€0.00) 1.00(0. 00) 1.00¢0.00) 1.00¢0.00)
AUC 1.00(0.00) 1.00(0.00) 1.00(0. 00) 1.00¢0.00) 1. 00(0.00)

BEIRIE /N L TR0 o A R 1 AR R X AT TR L
BRI B 2R BIL A R 2R R IR T Jr vk LA R A st 4 ) o ik
R B R R S X/ MAR E L BUIAR R AR % DNA
SO A SCRL DNA TP FI RO A A SR A [l B4 2 A5 7 508
DNA J3 51 80U % Ak o e Ak 1) dk L RT3 0 AS T3] A A58 2 43 1) 4
IBURRAE AR 48 R WA 3 b A (8] 114 45 B 5 A Sy — A s B Sy
B4R P AR A FuseENup, A Ho 2 ERLAL, AR SCHY FuseE-

Nup B A 24 b 32 T 7 R/ A i T PR . S22 R 3R
T, 45 SR WS T LA Z3CHRE o A/ N R S A 1 TR P g L B R4
T el o P o 33X 0 s o A A A 28 T 4% A B AT LA T T o
AN E S LA AN B B[R] R, 43 BT A SO R AR BT R Y D
KAl e 2. A SC A B 28 4 ] K-mer, BOW ., Word2vec Fil

One-hot 3X 4 F % i% Jr 2k RAE DNA JF50, R 3 FA 6 Y
TR 2 2 R R AE . K-mer 254 BOW ) 4 65 )5 X %8 1
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T DNA T3 81 %0 B0 A% /A 2 2 19 4E S 327 5 91 68 8
% /N 5 AL 1 PR B A i gl e K L sl B A R T R 2
R 22 SR IOCHEF P 31 . K-mer 45/ Word2vec ¥ 4 i J5
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TEAR DR ZR H Y BE BB, X R M A R TR BE A ) B AL X
DNA FJ7 51 Fl DNA J¥ 51 3# 47 5 iz 46 19 43§71 . One-hot %
AR E T DNA P 5 BT (5 B, B %088 B AT LIS 58 43
FAE DNA JPHI, 3% 3 Fl i B2 2% > B0 R0 52 ICREAiE 19 fig ) 7T LA
AAE AN FE B0, R seax 3 Al Y % 42 IOk AR AR B A ST, HL A
ol R AR ) o 00 9 Ay JBE 49 g 80 Vo o JUJ AR 41 £ e ARE AR AR A AR fli A
TR 1 0 B E S 89. 6 06, PR M i R AL W] L B 4 90 A /)N
PRAEANL . A SCHCAY S B DNA B8 37 4% /N A B0, {H 2 4%
AN E L 52 22 B R 3R S R L DRI MGl T 2 28 R 1 8RR A AT T
A AN SE 84 2 4 ) Bk 4 5 18

2 % X M

[1] RIDGWAY P,ALMOUZNI G. Chromatin assembly and organi-
zation[ ] |. Journal of Cell Science,2001,114(15):2711-2712.

[2] MASKELL D P,RENAULT L,SERRAO E,et al. Structural
basis for retroviral integration into nucleosomes[ ] ]. Nature,
2015,523(7560) :366-369.

[3] TABERLAY P C,STATHAM A L,KELLY T K,et al. Recon-
figuration of nucleosome-depleted regions at distal regulatory
elementsaccompanies DNA methylation of enhancers and insula-
tors in cancer[ ] ]. Genome Research,2014,24(9):1421-1432.

[4] COLE H A.CUI F,OCAMPO J,et al. Novel nucleosomal parti-
cles containing core histones and linker DNA but no histone H1
[J]. Nucleic Acids Research,2016,44(2):573-581.

[5] SHAHBAZIAN M D, GRUNSTEIN M. Functions of Site-Spe-
cific Histone Acetylation and Deacetylation[ ]J]. Annual Review
of Biochemistry,2007,76:75-100.

[6] SCHNITZLER G R. Control of nucleosome positions by DNA
sequence and remodeling machines[ ] ]. Cell Biochemistry and
Biophysics»2008.51(2/3) : 67-80.

[7] ZHENG D S, TRYNDA J.SUN Z F.et al. NUCLIZE for quan-
tifying epigenome: generating histone modification data at sin-
gle-nucleosome resolution using genuine nucleosome positions
[J]. Bmc Genomics.2019,20(1) :541-544.,

[8] BUITRAGO D,CODO L,ILLA R,et al. Nucleosome Dynamics:
a new tool for the dynamic analysis of nucleosome positioning
[J]. Nucleic Acids Research,2019,47(18):9511-9523.

[9] SATCHWELL S C,DREW H R,TRAVERS A A. Sequence Pe-
riodicities in Chicken Nucleosome Core DNA[ ] ]. Journal of Mo-
lecular Biology,1986,191(4) :659-675.

[10] DREW H R,TRAVERS A A. DNA Bending and Its Relation to
Nucleosome Positioning[ J]. Journal of Molecular Biology,1985,
186(4) :773-790.

[11] LOWMAN H,BINA M. Correlation between Dinucleotide Pe-
riodicities and Nucleosome Positioning on Mouse Satellite DNA
[J]. Biopolymers,1990,30(9/10) : 861-876.

[12] ZIVKOVIC V,STANKOVIC A, TATJANA C,et al. Anti-dsD-
NA, Anti-Nucleosome and Anti-Clq Antibodies as Disease Ac-
tivity Markers in Patients with Systemic Lupus Erythematosus
[J]. Srpski Arhiv za Celokupno Lekarstvo,2014,142:431-436.

[13] YANG J F,XU Z Z,SUI M S, et al. Co-Positivity for Anti-dsD-

NA,-Nucleosome and-Histone Antibodies in Lupus Nephritis is

Indicative of High Serum Levels and Severe Nephropathy[]].
Plos One,2015,10(10) :0140441.

[147] OLIVEIRA R C,OLIVEIRA 1 S,SANTIAGO M B,et al. High
Avidity dsDNA Autoantibodies in Brazilian Women with Sys-
temic Lupus Erythematosus: Correlation with Active Disease
and Renal Dysfunction[ J]. Journal of Immunology Research,
2015,2015.:814748.

[15] CHENG J,CHEN H,MEN ] L. Correlation between anti-
nucleosome antibodies and systemic lupus erythematosus[ J].
Anhui Medicine,2019,23(1) :83-86.

[16] ZHANG D F,MA Q Y,YIN T M. Third-generation sequencing
technology and its application[ J ]. Chinese Journal of Bioengi-
neering,2013,33(5):125-131.

[17] XING Y Q,LIU G Q,ZHAO X J,et al. An analysis and predic-
tion of nucleosome positioning based on information content[ ] ].
Chromosome Research,2013,21(1) :63-74.

[18] STRUHL K,SEGAL E. Determinants of nucleosome positio-
ning[ ]]. Nature Structural & Molecular Biology,2013,20(3):
267-273.

[19] LIELEG C,KRIETENSTEIN N,WALKER M,et al. Nucleo-
some positioning in yeasts:methods,maps.and mechanisms[ ] ].
Chromosoma,2015,124(2) :131-151.

[20] MEHER P K,SAHU T K,RAO A R. Identification of species
based on DNA barcode using k-mer feature vector and Random
forest classifier[ ] ]. Gene,2016,592(2) :316-324.

[21] CHEN W,FENG P M,DING H,et al. Using deformation ener-
gy to analyze nucleosome positioning in genomes[ J]. Genomics.
2016,107(2/3) :69-75.

[22] BOSCO G L,RIZZO R,FIANNACA A.,et al. A Deep Learning
Model for Epigenomic Studies[ C]// International Conference on
Signal-image Technology & Internet-based Systems. 2017.

[23] GANGI M A D ,GAGLIO S.BUA C L,et al. A Deep Learning
Network for Exploiting Positional Information in Nucleosome
Related Sequences[ J]. Bioinformatics and Biomedical Enginee-
ring,2017,10209(4) :524-533.

[24] DI G M,LO B G,RIZZO R. Deep learning architectures for pre-
diction of nucleosome positioning from sequences data[ J]. BMC
Bioinformatics,2018,19(Suppl 14) :418.

[25] ZHANG J,PENG W, WANG L. LeNup: learning nucleosome
positioning from DNA sequences with improved convolutional

neural networks[ ] ]. Bioinformatics,2018,34(10):1705-1712.

CHEN Wei, born in 1997, postgraduate.
His main research interests include

deep learning and bioinformatics.

LI Wei-hua, corresponding author, born
in 1977, Ph.D, associate professor. Her
main research interests include data

mining and bioinformatics.

(O AT: G 5« 0] 380D



