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Abstract

RNA molecular dynamics is closely related to their functions. The flexibility of RNA molecules, as
one of the most fundamental characteristics of their dynamics, has been widely used to study their
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folding properties, structural stability, ligand binding ability and so on. Experimental methods for
measuring RNA flexibility are often time-consuming and labor intensive, so there is an urgent need
to develop a fast and accurate theoretical method to predict RNA flexibility. To this end, we propose
a machine learning method, RNAfwe, to predict RNA flexibility, which uses the word embedding tech-
nique to extract RNA sequence features. The comparison of RNAfwe with the similar sequence-based
RNAflex method shows that compared with RNAflex (One-Hot), RNAfwe obtains higher Pearson
correlation coefficients (PCC) of 0.5017 and 0.4704 on both training and test sets, indicating that
the word embedding could extract the more related features to flexibility from RNA sequences
than the one-hot encoding. Compared with RNAflex (PSSM) which uses evolutionary information,
although RNAfwe has a slightly inferior performance, the former requires the knowledge of suffi-
cient homologous sequences. This work contributes to the study of RNA dynamic properties, and
provides the support for word embedding technique to be widely used in bioinformatics re-
search.
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1. 518

RNA (Ribonucleic acid, IR —FEZKEYI DT, |22 53 EWA A BB DH Rk fif s
HFEH . RNA 37130 1545 EXR A = D ge M2yt A E B L. H, ZWAEREh %
IR RS2 3] TR Z ok . BT FRMAS B O TN 77 s AL s 1] e 2]
,n:.?E%Hﬁ[ﬂu&itiﬁ%ﬁﬁ[ﬂ#ﬁw LAE O 2 PR Be 7 1Rk E LW 5 -3 15 s B, it 3
PRACUE[S] [6] HIEILIRBERELFE[T]F] X 5 L& (X-ray) & 5 5255 [8] [9]55 - {H H T-1X L85 v i AR 4 ey HL
FERF SR, PR %E@%FﬁrﬁB’inwﬁlﬁlﬁﬁ{m/\¥ﬂ’]%T

HET, AW BIFE I 3 25 W RT3 EE N T LA = I k. Hop
HI# B4 2315 ) AU [10] [LATR R M 2L [12] 46 T7 k. BB T S MA R IORT L, A& T
EEE TN HLER STk, BRI RPGE BT B & 2 MR, 2B AN 2 RE. AL S
SOFEETIN A T2 T, MR TR AR, TR RNA SR 732 b, BaETE A TR L2242
[ 75T RNA 2. 2010 4, Tian 55 A[131EEL TR 13 MZREfAR RNA (rRNA)ZE I AE 4E,
FAEZ B EUNZEAL, B a7 & AR 7 ©AN T 345 . 2017 4F, Guruge 58 A\ [14THTE57  H 142
AEERIE AR SR, ZEIREA S T HEZ M RNA. Guruge 55 A\ 705l R HZE T RNA 75 IR IE——
PG % (One-Hot encoding) FIA s 55 14 4T 43 %5 [ (Position Specific Scoring Matrix, PSSM)#: 57 1 Tl 5
% RNAflex (One-Hot) #1 RNAflex (PSSM), ‘A I7EIASE 3R 15 B T 5 B0 SEAF 2 18] () B2 ZR b AE 6 R
¥ (Pearson Correlation Coefficient, PCC)43-J 4y 0.4640 F1 0.5028. BEJ5, Wei Z& A\[15]F1 Pun £ \[16]#)%
T ZEdRSE, 451 R T RNAbval J57F1 WPHML J7i%, B ATIZEMIREE AT 21f¥) PCC 474 0.6061
A10.5822. RNAbval J7i% 3 ZH 1 ) — G g /R 7 v] R R IR SE 45005 2, WPHML 2R H
T IA RS R R SRS RIS T RNA 25 I #4ME B . Bt v L, B ETUCE Guruge 55 A 17772 58
BT AUE Bk T RNA b, e IEI M 185G H{E B .
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AL BTENTHI 2805 RNA ZZHACHIE R, MIiEET 555 BT RNA 2. fENLER 2107
B, BT HLER S SIS, RRAERT TR B TR IR A K. FERT NI AR, R EERA T
PImAG s PSSM KA 7 FIRFAE, (H 2D LLR S 78 R SC{E 2, PSSM U 7% 22 2 40 2
2 M EVRTH, I, FEARSCHR AT R A B AR EIUT FIRHE . KEALCK, HmERRS
W — B MR VE 2 A SRE S AL R A O, B RTR RN 77202 RS S A A I A S 1)
FEJFFE[17] [18]. 4 ARIET —F, £ 50775 0] LA SRR 7 B, flan & A U7 51 B 20 F(H
IWREIR) F R, ZRTHIH 4 Fr B K. thak, AV Pl mEA — E e Rk, X
TCE A LS A A AE Z i 8a] . 4B 4] T[19] [20] [21]. AEW5r T FH g G50, X SRS IS
BWRHMERE, A0 TaERE BRI R[22]. Frok, # B %RE S B IR AR H T
AE B, (R AT I BRI A5 ME B RO T RE . HRT, FHIRARARCTE G B AR sZ k.
PUBE IR 8 B 5R R 1 DL AR SRR R 1t 5 7 T A 1 gk [17] [23] [24] [25]

ARICGEAHET UG B T T RNA LR 7772 RNAfwe. 15 263RE T 25 4L, 285 R I 2%
Erh RNA 75 BT 32 I ERHZE Yl ZRiml i AT word2vec [26], FENBE— AR AL T AR A = .
e K 15 B 1 ) J A AR AR i N 31 SRR ) S HL(SupportingVectorMachine, SVM)ARS R, @it 5 $7138 X 56
TE VAT SRR E M MR F VPRI MR

2. ®E5A%
2.1, BERIE R

2.1.1. BEKiR

AW TN Pun 55 A [16]H) TAE 3R EL T 44 h FrH RNA [ PDB 5 (Protein Data Bank 1D), #i##4&
F SRR R AN R . 5B PDB $dE T 3k RNA FEHIK KT 32 ML IF B4 H 0 #R0 T 3A
A B K71 X-ray safREEM s ARG 1 F CD-HIT 8AF[2713 T R T0 4, 25 T AU KT 80%(1) RNA
JPHE1E] 142 2 RNA 751 et HBENIAR Sy, o 75%1E A28, 25%/E NIRER, M1l Zra
HAL % 108 45 RNA 85, MA4EH 7 34 4 RNA 8. A0, BRATAREFRZRIE S CL R 71 B K+
TR TR

2.1.2. BEFALE

RNA IR L, AR RNA Sif4T SRS MR =, RIEFE—RAL 0 RNA o, il T
HKEMESR, ARGHNFTERESHSERAFENERESR . 81 2R T IIZEFRITA RNA 1B
PRI R IE . IWEPATELE H, AFE RNA Z A B BT E A ERR I 225, JF HAE — 85N
AT AE S 1 B 1. DI, DN TR S5 2 1K B I T EAT T LeE, B el EE RS T
B 7RIS HAL I AT AR AL AL B, (A A RIS AL T A —ARifE R T . fEAWE T, A2
T BT IR [15] 5 Br SR IR IR 223G I R W AR AR M LT A58 B A7 REAT ARl L AR B
B =M ’ @

o

Horb w Al o 4352 RNA 1 B [ T 1P B AR e 2
2.2. AR EERRER

2 LIFIZ¢ RNA 40981, JoR 1AM R 3 I A i [l B i 7 . il 2 pies, i S R
&9 n KB E 0K RNA FAIT0 0 K o s AEia), s = 2 x n o+ 1o 5 HI A KA1
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Figure 1. Boxplot of B-factors of all RNA structures in the training set

B 1. IZREF A RNA &8 B B FRIFELZE

AL ARTUAR I RLEE , AR5 B % RHEE KI5 word2vee AL AR AEPIA A l— AN . 7E B TER)EE
AR R R AR, B AOENAN SR AR IYERE m MR R SO ARV we Hod, R
UEPZE m R — DN AENRERIR Y m A A R R, S HOR UL, R A 4R e, FLRR IS B A,
HAT LR MR iE Z AR &, HYEREE A S B, IR n i 5o, e %
AN A R 3R] R TN R vt B SR LB . F word2vec B, THELHLAR EARYE B S
He BTN SCZ 18] 19 F RN G AR B3R R3] (A B, b w KRN kg T TR SRR ROV L o w BEK
o HARiA 5 P9 O R B A7 R — € ARG, S 2 MIZoR HARTAN S R AR AR A O . [AL I,
W IR SRR FERE MR IT A2 B A 3A] ) B PR AR

_________________________________

,/' Generating RNA “words” ~\\‘ l,’ Building RNA vocabulary \‘|
1 |
1 1
" . H
Gl o . (Uco [ace |
i i
sHUCCGL]  52{CGUA : Xea GUA BEE |

1
RNA sequence padding: A /

] \
5 :
! )
! 1
! 1
! )
: ]
$ ]
! 1
: 1
! 1
- 1

1
| SfXTCCOUX| «ZFECCUAN] | e e X
- H r 3 Generating word vectors %
| RNA sequence padding: E ! \
: 3 1 ] (vll’ v12"' vlm) (vll’ v32'" v}m) :
H P ;
i P cca |
1 1 H 1
1
: lccal as cd] S
: CGU 57" , . |
\ GUX : U Voo Vo Va) OV Vi) |
3, ’ \ I’
% R4 AN P

__________________________________________________________

Figure 2. Generation process of the word embedding vector with 2 RNA sequences
and word length =3
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2.3. TR R

A, i FH Bz JR AR 5% £ % (Pearson correlation coefficient, fiiFK PCC)JRIEM AL {1t AE . 8Tt
ST B KPS ESL B K2 8 PCC, RN il Mg . PCC iR AN

2(B-B°)(B-B)
(e -Be) 3 (B - B)

Horpr, BP I B AR ARG | AN AT B AL B AT, BP M B REAIFIIME, N Rk
ENISE

3. &BR5WiL
3.1 FAHRARESEL

2.2 WipTiR, EAERGA MRS, BABRU TN SE: AME N E K ny AR ] = 4
F&E m FOAE IR ) S BT R BN SCIYE FE we R TR AT AR TR I B AR IR M, SR AR AR R
M7 iERFIRAE R BRI SHAE . S TARKSEASE, pilERARPERE, A23CH, n,
m A1 w EBUE VG 2 5 8[1. 3. 5. 7. 9], [50. 100. 150]F1[2. 4. 6. 8. 10]. HiT word2vec /&—4
OB 2 T A 20 IR 2% (i) ) B Y, BT DASE YIS 72 R A Tl e B kAR B L A I SRR, OF
HL3E i BRAA 2 H0 0 L 88 2 S0 8 T SRR 36 B A= R 1] 1) = AR . AR Ay AR BT SRR A E AL
(SupportingVectorMachine, SVM). BE#L#k#k(Random Forest, RF). % 2 144 (Gradient Boosting Regression
Tree, GBRT) MY FI5 #1045 ) 4% (Convolutional Neural Network, CNN)343 1 - 48 S AL il ) & 6 1 &
AN T AR BB RS R A ) S . A 1 AR FRATT R I IR e By i e B PRy e (1) 1) B 4R 5 AH
Bk, FRIEBRATIA 2 ny my w 20 HIEL 7. 150 1 10 B Fr 3R 15 1] 1) & n DA AF (O RAFAZ F RS 2. - th4b,
% 1 fzn, SVR M GBRT W n #i$ THCKMME(n = 7), XRAZTIRN B K75 J B HOCIE RS N 1)
HHBRA R, FATARIXFMESLZ B RNA IS BN KRR FAE B 2 R -

PCC(B®,B*)= (2)

Table 1. Best word vector parameters corresponding to different models
= 1. TEHREF M REREESH

n m W

SVR 7 150 10
RF 5 100 10
GBRT 7 150 10
CNN 7 150 10

3.2. FEIMNBEIEZEZBIRIELE

NT FAFEAEMTN AR, FIH 3.1 RN MBI NA RS R AN, JF AR NS R
EFERA R RS S 2 SHI R, A BRI ZR AN ER s Rk 2 fos,
FrhBE LRI B K7 5E S B BT/ PCC, s PCC B U E R. W& 2 ATRAEH,
SVM 3R1F T B AF Tl 25 2R, fE I ZREE AT {4 _F 1Y) PCC {43 %1 0.5017 £ 0.4704, f T RF #1 GBRT .
EAERENRE: BRMZEME(CNN)TEIZE L3RG T SVR MBI R, (H2 e k2= T
SVM, FAVE AT REAFAEPIANE R . — R RATO I RELIR R LR, RS IR 2 S
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FRREIRL S S R IRATTAT BE A R BRI A R AR B 27 ST S8 2 3 CNIN ANRE 78 73 S U 1 v BT et
UEEPSI
Table 2. Comparison of results from different machine learning algorithms on

the training and test sets

= 2. TEINBZEIFEFRNEEFINNE ERERLER

Training set Test set

SVR 0.5017 0.4704
RF 0.4943 0.4246
GBRT 0.4539 0.3915
CNN 0.4987 0.4501

3.3. RNAfwe 55 G FFFIHHE 5 ERIEL B

ARSCF A A RS L RNA FBIRE 454 SVM BEFE R T WFFI T RNA ZE1E ) RNAfwe
J7i, GITEENZREMMEEE IR R W2 3. N T 5ETALG M 55 RHE (M gm i AT PSSM) T
JIEME, 3 3 WA T H Guruge 558 N KB 3E TGRS 1) 77 7% RNAflex (One-Hot)flIZEF PSSM (1]
J7i% RNAflex (PSSM), £ Guruge 5 NI AR, FIREMEH] 7 SVM SREBHT N . W& 3 TLIEH: 5
RNAflex (One-Hot) 7 i%AHEL, RNAfwe JHEAENIZREEAIN AR EFRAS 7L AR, 209070 0.5017 1
0.4704. FATIN X vl g 1 TG i (X AT FoR S MZ IR R A, VAR B R 1 B R S 41
HR HHEA M. st . 5 RNAflex (PSSM)J7vEHHEL, RNAfwe J7 ik Tl &5 5 f 22, 3
AT A XA L A R R AT Bt ] ) B R AR AT DL H AR BRI B RSB R, (ER RN TR HER 15
KNURLEAZ TR Fr BCRA — € D e HICVE € BAT R € DI RE RUAZ IR v B K BE R e T vk v il o e
T AR R, X 3 0] ) B B AN TR iR 22 . SR PSSM ] LLIE IS £ 7 41 B X 3145 e 471 rh 4
AR ORI, S H A, BRER S ) XIS AR B, iDL PSSM AT UM A f <3 1 2 T S ik
RIS B [EERNZ, B RNAflex (PSSM)f3 2] T B 4F4E 8, H2H FH B KE R H
VRS, FERIE IR RN B8R A L HE B0 2= THEAL A PSSM RFERE AN AT H]

Table 3. Comparison between RNAfwe method and the other sequence-based

methods on training and test sets
7 3. RNAfwe SHEETFIE RN AENGMNIRE EMELE

Training set Test set

RNAfwe 0.5017 0.4704
RNAflex (One-Hot) 0.4467 0.4640
RNAflex (PSSM) 0.5176 0.5028

4, &Eig

RFIRR T AFARLE RNA EVEFI RN, JE2H 17— M T 5500 RNA PR T7 2%
RNAfwe. iZJ5iEFIHA FEE R RNA B4, % RNA AR R R — MR . BUSmE, R
Je K FAE RSN B SVM A LTSN RNA et o 57 F A A dm i S0 1) 7775 RNAflex (One-Hot) A B,
RNAfwe 7E I ZREE RIS _FH53Rk45 T M1 PCC, 40524 0.5017 1 0.4704, 3 3% B il [a) S ARG T Bl 4
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D IE ST RNA ZEHEFN . 4 RNAfwe 777 I PERERS T RNAflex (PSSM) 5%, HZ&fE# HREH
WP HIAAE— B BE M R T S, 0 TeZ s e i 5 B

HAr, BA RSB HFH RNA SR E, X BRE] 7R LA 2 > 10 RNA R .
BEE IR RN, KA 2 (1) RNA SR v A A, AR T IIZRIA SRR, DR 5 i
B RN . TERER, TRl N [ 77 vk ] DL 31 B 2 o T A5 2L 00 7 7. HERATIUN RNA 1)
FePE AT DA B AATTE b ER AR RNA I3 712201, #78 RNA G5 5ThREZ BIR R, AT RITE
INFSE 1) RNA 2548, R, X T TAEXS T RNA AR DCHT 7t A & X

EHEWHE

% H SRR 3L 4 10 H (32271294, 31971180) .
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