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Improving Hi-C Data Resolution with Deep Convolutional Neural Networks
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Abstract Hi-C technology measures the frequency of all paired-interaction in the entire genome. It has become one of the most
popular tools for studying the 3D structure of genomes. In general, Hi-C data-based studies require sequencing of a large number
of Chromosome data,while Hi-C data with lower sequencing depth,although less expensive,is not sufficient to provide sufficient
biological information for subsequent studies. Since the Hi-C data contains similar sub-patterns and has data continuity within a
certain area,it can be predicted. This paper explored an improved method based on convolutional neural network model. It predicts
the core Hi-C values in a larger range and extends the depth and receptive field of the convolutional neural network, predicts the
original sequencing reading of Hi-C by 1/16 of the original sequencing readings. The experimental results were measured by the
Pearson correlation coefficient and the Spearman correlation coefficient, and the apparent interaction pairs were analyzed using
Fit-Hi-C, and the state analyses of 12 chrom HMM-marked chromatin with ChromHMM were called. The experimental results
show that the prediction results are not only close to the numerical distribution, but also more reliable than the low-resolution Hi-

C data in terms of site interaction information and chromatin state.
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ASCHE 2 WA AR TAE 55 3 IR T 45 45 4 AR
N BB s 5 A4 T VR AR 2R T AR S 5 B R O B AR RS 0 4
R RE AR,

2 MXTITIE

1o A3 HE R Hi-C 0 AE i A 5t 34 32 2 2 0 i 32 UK 45 B
A& Hi-C Bl i B RR AR AR 2. 00 A= 18 4 % Hi-C 8L
Y5 . T bicubic, Lanczos™ , 8% 3 w5 317 5 ¥ i 7 2% ] LA e
ot AR REROR AR IX S 2 M Ty 1k T WAL T AL, S B A
SRS TR, 5 Hi-C IR E X EHK K,

TR T B B AR 2 3T 09 SR AR AR 4 BN 4y
PEREBRZ B A C R, I E2 5T 5% 2 17 B R 4>
A I GRBR i o PR AAE S TR0 B A, Bk A 7 ¥
o 7E AR AR AR AE b B A L AR A3 9 R U0 R IR R L T AL
AE R B 1R 43 BESR Y B R AT AR PR A A B R AR, ik
& [0 9 [ b w7 AR B AL AR AR A DT IR Dail S R T
BT g 1 0 2N RO kT R UINER R 2 2 T iR £ 1)

F T A, 9 KNN i 48 8 I oy e e b R s B e
T A

FETTFEHLL A 55 )y 18 L R BE A B 8 R 45 R B TR
S PERE . SRONNTY ¥ S VR B 2 > Ry 76 48 4 9 o
TAE b AU T 3 U2 BT DL Gk 8 5l A5 5
PR . X 3 B SE  BIR R T X B 2 2T R 3 A
B AR BORVRRAE 22 7 R A 3F R 1 e S L 1) R 39030 &5 21
EAP AR Hi-C BE. 280 Hi-C 5048 8 4 ¥ R 0 T Y
WESE T, T Hi-C 40 8256 P AL 56 7T 3 245 X0 R AE , B
AT DASE 2o HL AR 2 2] 550k DG B8 5 v 2 37 48 R AR B % Hi-
C B4 vpOR B s i A X, AR R S A e A B IR R R
BERWEDETERFRE. BT EEEBRZEMNE Z0 45, Zhang
SR OB TR B 2 ST (W O 1 R B Hi-C 5008 9 7 7 49 B R
ERMERE E L2 T HiCPlus B5, HiCPlus £ 1 A 3 F 5
PR L T ] e 6 TR B AR DA B 4 A B Hi-C 422 i 46 B
R EE . HiCPlus B80T, B T IR BE 2 > 7 i 7 Hi-C 4
o 0 R 0] R RT R. (HE HICPlus™™ B8 R {75 4
REBCE & i G 2, U0 O =X 75 0 R 500 3 /N, 46 0RO
S A REAR i i 5 BT N A % ) W S . R OBR SO HR R B A T
B Hi-C B0H B JE BB 14 SR A B O 2R 52 ) 00 45
SRR AR A A A Y RS B H-C B0 1) T ()8 1,
NS NG LE SR SN A RS A N A -4 I R A E 12
ALY J5 0 o I o T O IR 0 0 445 54
3 Fik
3.1 HIETALIE Hi-C SEREE R

A% S0 ST KR 4R SR U8 T Rao 2507 $2 44 1 15 43 HE 3 Hi-C
TC % 2K 3 132 4% GSE63525 , 1% 53R 4 W 17 2] 8 R4S [7] 40 g 26
RIMAII R . S50 EZML T GSE63525 4k 4 v 11
GM12878 fl K562 4iffL F . *F TixX 2 Malfi & Hi-C £¥ . &
SEXT BT A 04 TE R A i 132 IR AT T . 5 T A £ Y 40 A X 1
e o A v R4, TR BB Hi-C (9 die K AH BR 2 0~ 100, B S 3
K1 Hi-C %P A I B A B RS Bl =TT 43 52 Ml 99 2% (1)
Wk, SRJG LI B B0 1R 4 107 A5 15 B A AR I A9 Hi-C S0 kE
HE P, BT 7= A B IE (9 75 43 B R Hi-C 4B RE . X F R4 3
FRBOHR L AR SO O 7R S A B AR R R AR AR AR, TR
1/16, X B R A N T AL R AL BT A 524009 1/16, 138 1o 24
B4 Bty 132 4R DG T O 2 AR AR Hi-C $dis . i R R A
JF B A I B 2 R 5 v s O B R R ORI AN 4y B
RERA 0 E B AU AR R 1/16, % 5 DL I AR A 4 B
AR TR 3X 5 X LI AR 43 B R 00 B0 A B i 1R B L6
.

TEUI AT E &, B TR A YR 1Y Hi-C R RF T
T M LA A5 BRI 45 0 4 A0 L PR S 8 T A 2 10k
Sy HEER Hi-C 58 BE#EAT U0 45, 4 B0 48 B 3 K 3] 100 X< 100,
BRI Ry 25, 4 A F 50 BE AR AE — A FE A [5] i b AR
A = i R AR B Sk . BT HI-C a8 4 4 b 7
I Mb B B P 78 3 AN T B =2 41 A4 B0 o T 0 5 o6 5 0 5K
P AN AT 25 AL 5 PR AR SC U 5% 1 A 356 PR o7 0 22 T) 1
LA BT 2 Mb M 5HE . A SCx GM12878 4ii it & 1 i
1—17 5 4 (A B9 K 43 JF R 0 = 43 FF R Hi-C B0 k47 % 57
FIREAL T RAE 345 17332 XTI ZR k4 .



72

Computer Science iTHENE#  Vol. 47,No. 6A, June 2020

3.2 MIBEREH

454 Hi-C 8040 = 43 HE 3 10 R e 755K A SOl T B IR 1 45
TR 25 28540 0 2 B 7R o A PR BB 5 10 DB FZ,
Ho i AR BB KN 9X9X64, KN 15 E 8 ~FH M
BEEBE RN R 3X3X64, KK ik EMHEH 9x9x
1K 1B R 4E B % 100X 100X 1, BEEIR HZE
70 1 7 2Kk OR TR A B 11 RS 5 RS A A IR Sy TR
T 2% BT (1 AE e R IR BE ) E RS R R N T RELU 347
PRE, TR AERN, Bl LA EEZER ST
Hi-C B4l 40 B

8
—— — 1
100 100 00 100 100
9 N—100
100 3 9 ——
i e S o e

64 64 64
B2 45 TN 20 9 46 B R 404y

Fig. 2 Convolutional neural network model architecture
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