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Improving the accuracy of RNA secondary structure prediction by machine learning
based on next-generation sequencing data
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We have developed a machine learning algorithm that makes it possible to use
secondary structure profiles, which are partial structural information, as weak-level learning
data, and aims to improve the accuracy of RNA secondary structure prediction without overfitting by
learning a large number of secondary structure models that are more precise than existing methods.
First, we developed a more robust and accurate method for RNA secondary structure prediction by
integrating the free energy minimization method based on the existing Turner thermodynamic model
with the machine learning method using a structured SVM. The results of the computer experiments
showed that no overfitting was observed, unlike in the existing methods, and the prediction accuracy
was improved.
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ZNVE THEREME RNA (CRE3 2415818, ECAIHE DS BBy (200 HEEART) /My FIE=a— R
RNA " LTh o7z, LU, BFIEREN 200 HEEZ K& B2 2 E89E 22— N RNA 235
BRI, ATT7A 07, BEREE, “© 3T 4 v 7 el S a e ICE B LTV b
ZENPHLNIR T, T END, BAIENEWVHERENE RNA ICBET A EICFEB NEE -
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FEREME RNA OFEFIERANTICB W TIL, BV DA TR IBEEL BB T IHILENDHDH. XN
B a— RERIE, 2 RUFEABEES T L —LAY 7 MRSV E VST RIRERSH 570
2, BEA B RN EEIRATE SN DEIEICH 5 —F, BEREME RNA 0% 13E D X 9 72Hiln 7z
72012, RICHREEZRFSOLOR T ThH-TH, BEIFEREMZHE D &< 2. 2o X 9 7efnett
RNA I, MIREEZ BT 2 2 LIk > TlEZ R L, D7 OMHE & S OMICITI VR
ErRHDHEEZLNTVD.

%< @ RNA AR ERE LTS A SODEALV—T > FTH D78, BRI TR
FAREZR - RMEIC & D RNA “EE T HINIAS Vb TE 2. RNA k& FHVEE, B
=¥ —/ Mt (Minimum Free Energy; MFE) (2353 < ik & RIS < FEIC
KAlEND. ITHED RNA REE RIS OEARIC LY, EOESNIR U@ o FJ18
FREL 72572 b DD, £ RNA BLHI D O " REEE TR EORARH Y, BEHIED 500
WHAEBLZ TS0 THRKBERE LEATHEMCHD. FORKRIL, MFE I2H5<F
ETIE, EoEOE BT R L X —OFHIBEN T TR\ &, BRFEEICES < FETIE,
SNV ABEET RNA “WREEE DR D70, L ICEFEDREWN S DIZHOWTIEAR 45T
DO, EMERA AT NG A= 2B TH ENRETHDHZ I8 D, 51T, B
FNCESS FEICTBOWTIE, —RIEEET L2 L VREBICT 22812k Th Y ERERTH
P TEX5— 5T, WMEREEIICL 23T A =250 KITFIEFEIC L5 FRIKE O
KT E2BLSENDHD Z ENERHINTND.

I, Wiy —27 =% — (NGS) DRIz L Y, KED DNA S| Z mEN K= 2 8T
fiFaed 5 Z ENAREE 7o o7, RNA “UAHEICEAL T NGS 2FIH L7 Bk < 2o
¥ ST 5. PCR MERISZHET D L EM 2 L — T OO A% NGS T
BiFl &2 wide Z LI K o T, HEREZFR LIZS WELO > 7 v (ZIREEE T v 7 7 A V) %1%
HIZENTED, ZHUEsEa’s RNA “RESETIZAR WY, “REET a7 7 A L2 TR0
IZRHFRE T RNA " RIEEZHEE TS, ZOX IR A T T4 02k »T, hTU AT VT h—
LU A RTEY EMEZR RNA “REEOHEE 2 FHEIC LTV A, L Lz, NGS 24k 5 RNA
TURIEET R T 7 AN IUEZ OFEITEA TE RV, TIRIEEO THEE 2 EICW
HBETX LI TIEAR.
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AT TIE, R EEERCTH L RiEET e 7 v A Vel T — 4 & UCHRIHATEE
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RNA “AEETHNTE < A OZE SN TV A, EWVESNCRT 2 FRIEE IR0 &
IEE A7V, NGS LD " t&E 7 v 7 7 A VaE “REETRIOFNNY & LTHRIAT S Tk
TINFE TS ODREINTWVAED, “IREET 2 7 7 A B2 WESNZITEH CE 0. %
NIZH LT, KEBICEDZENARERZIEET 0 7 7 A VERT A =2 @08 T — X%
ELTHWDLZ LITE T, ZIREET R 7 7 A VRN WESNT L Cb PRI E 28553 5
RINAFEORFETH D, BHIET— FRRNA O —EET 0 7 7 A M K-> TAT A —HF & hx
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— 22 L7 =) X (RNA #i&E7 4 A > -, RNA-RNA FHEA/ER FHIZ &) 12851
FLAIATe Z ENFRETH D, HEAENE RNA OFERE « fEEMRIT O ESCEZ M LS5 2 &8 T
DL ND.

3. WDk

Mt H 1 EE S < RNA RIS FHENCRB W T, ST T VB L UOVUT X —H it
EOBRINDZEOMERRICKRE RERE 2 5. “REEDET /MBI, IRESEE EO X 5 ITF
M7 ST B L, ZTNENORRE (NTA—4) 2EDLHIZEHV S THNTRESN
L. LORERET MEEAT ZIIREEN EDRIIFRFCE 52— T, b T _XENRTA—ZNLDY
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et al., J Comput. Biol., 2011) ClX, TN E TOTEIZNTERMICEZ DNRT A —F %
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WEEE O RREMEN R S TV D,
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BHZ LI Lo TR VRN OEIEEZ RNA IRAEE TR RIEORREEITS .
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ARBFFETIX, EMEERE R CTH D ZkiEE T 0 7 7 A L E B2 ZREEOMRD Y 2%
Hr—2 L LCHHTE X912, Lomiglt SW 2imik L FEEZRET 2. 720D,
RNA Ed¥lx; & Z D &7 0 7 7 A Nz, 352 BIVERE( = N + 1, ..., N + M), MALOD (x;, z)IZ
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FROTTY XA mxfold #5REE L, HEMHERICEIY TRBEZMEIO. T—%&v b
X, (Rivas et al., AM4, 2012) CEHEH SN CTWABT—HEy hEHAWEZ., ZhIZEGEND
TrainSetA/TestSetA & TrainSetB/TestSetB ILFILENH/R D Y — AN EA L, ofEmIc
BT R L e o TN D,

BEAZD Turner BAS 228 /LIS < A H T R L E—F MU L REBL SIMIC L 535 A—4
FENEEMA TS Z LIS o TR O HEEN OB RNA RAFE TRINEBL SN TV D g
R T DO DEREITIR T,

£ 11, BOFEeTs e (W), #REEET7 LV M) BXOMEET L (TMHML) 1220\ T,
TestSetA & TestSetB T WA THIKEEE ORI 2T > T-fE R ThH D, Z 2T, ML & TMHIL 1%
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ETNED DT NITEIL T, TrainSetA & AFEMIICE 72 5 RNA &5 e TestSetB TIZ, TMHIL
ML OBEEDENKEL o TWNWAZ ENbMns. 2T VEESRTPHNARETHDZ L&
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I 5T, fthod RNA “REEE THRITE & ol 21T -7 (X 1). TestSetA Tix, ContextFold
(F=0.742) 1%, TrainSetA T L7z ¥ E 5% M\ 7z mxfold (F=0. 73712~ T, T Mic
BN ThH. —J, TestSetB T, ContextFold (F=0.496)1%, TrainSetA THFH L/-v X viE=
Z W7z mxfold (F=0.590) K 0 H XD MTEEWFER L o7z, U, WERETVEERALT
5 ContextFold X (Rivas et al., AV4, 2012) TR I TWD L9 IC@%E M- THY,
—F mxfold (XA U X D ITHEERET A EEA L TV AL b bT, BJ1eT L1 2HEeT
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v & e 5 A A mxfold 23 b IEFER TG L TWD Z En3bnd (F=0. 626) .
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ETRIORE
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