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Analysis and prediction of structural domains and their boundaries using
machine learning approaches

WEE (2000 FRRE)

EMFNCEE 2 X X EII% L OBE . FOREER - ISREHENL TH D KA V5%
BEQLENPMONTWND, FAAL O THREERITINL T, ZHAEIMCHREL - K]
BEZe THEE A A ) 1T KIBHE R SIC K D58 - RN LR Bk L R
HTHD, T T, WEOH T EREERNT OSICB W TXET, o 7 Eh
ICHEIET DM R AL VA FEOTIECL Y PRI, EBRAICHGE, S SICHE RA A v
B TSI « BEREMRMT D5 B4 JEIC 2 X 7 B RIRDOREEOMRE 2 HEE T 2 FIEN
IR WS ND, 1l RAA &2 TRT 2 FEOT T, BIERLASFHAINTWD O
BLFIFHRIMEIC S FIETH D, < OHE. Wl RAAL ANXEDT I BEEYID R 2 72
M TREFESNTWAE D, BEOHE R AL T — 2 _X=20 LB %+ 5%
THEE R AL L OTFTREIT ) BENRARETH D, L LA s, FUESNIZHES < Tk
RE « WSRO THZ 378 (o L QT AREETH o . 7 2 BRECSI OB
L0 HEE R A A U FPRITFIEORIENRD HILTE T,

ZDX D REREDOARMITETIE R EE W T B A A Vi & 2 OB EIE O
AT X ORI TFROBRE ] 21T-o72,

K LIL 5 E DR STV D,

B TS ClIMeE - IERITH Y | BEfFOMET — & X— ANICHPIESY % R
e R A VNI 1B DS AL OTRREICOWTREE LTz, /2, 2D
FRITEEZBET OBCBE L R DMEE R AL T = _R—=R 2O\ Tk,

B G R A A T —F _X—ZADERK) TIEBE—ICTHN O T Dl KA A >
DEFZREZWREL, FILIEERAAS L OT —FRXR—=ABAER LTz, FTo, T—FX—R%
R HREHE L LT THERAEE R A A > (FRAE2MEIEE LWEBIECS O H iz B TR
BRFOX VNI ENFET D KAL) BEFR LT, ’exr DOT —FX—2ANITBIT HHEL
IE R A A VEEIIOBE RA A T — X _X—=RA LI L 5%A LA EL TV HEND,
KT —H R—=ZANEE R A A VRETEOTFRZRR Lo KE < BEIRT2H/MHEIR
Do




W (7 BRRYI AN = AN RAAL U o — P FEOBI ) Tl
R EO—FETH S SVM (Support Vector Machine) 23 i N A A Mo /L— 7 5El, KA A
VYU —EROTRNECEAFEE TH D FE R Lz, o, BAIRKGFHR RAAL Y
AR OT X BRESN NS — 2 TRNZRIA S S SYM-Joint 137 o & Ak, kS
128D RAAL VERTPINERS LOWFTIECL D KA AL U o —TFHIE L el Ly
TR E R LTz,

B 72 /8T A—Z B2 AW RA A ) o h — TR TFEOBIRE ] CILEER
FIEIZE Y RAA D U D —FERORHEARH 21TV, RAA U o — 58 A T3 5 B
\ZH & 72 D 8T A—Z ERE, SVMIZL D RAA U > A —fEk O PRI H LT, B
LT/ N7 A—ZFEEICLY, 3, 00 OOBEMMNS 2 5HD /8T A —X & [FE
L7z, BoNTNTA—ZOL X RiEE, 32 o 7B ORI EICBIT S
Pro BLOEKMET 2 VBBORGEICEET LI LD TH -T2, ZO/NNT A= 2R\ TH
HLIHH RAAL U o —THl T4, DROP (Domain linker pRedicion using OPtimal
features) 13737 A —H# Zi& I LW HE LR 2O PEFELEREmMES®E, Zh
LOFERMNG, RAAL U I —fEIE KA A S NO/L— T8 & Felg L, JRETRL X
DL I EEZFRFOR CTEDOMIRIZHET D RAA O 7 4 —)vT 4V ZIBFEIZEBIT 54
HAEAARAZBLE L, M7 LS R AL VIERICEBRL T DRI S N7

T, FHRA R EICE ENDHEE R A A IV T, DROP 236 ool T
FOEWTFHREZ R LEENDS, FHlZ V7 EORE R AL PRSI D AR T
EOFRAMINRENTZEE 2D,

RZIC, BITE [FfR) TEIELNALRRZERN L, KO FEZ R~

ABSTRACT

Domains are functional and structural unit of protein, and large proteins often consist
of many domains. A structural domain can fold in isolation, and is usually easier to be
characterized by biophysical methods than entire proteins. Computer aided/assisted
approaches, where domains are first predicted and the predictions are then
experimentally assessed, are thus being actively investigated. Methods that can predict
structural domains without using sequence similarity to a domain cataloged in the
reference databases are particularly useful, as they may lead to the discovery of "novel”
domains, which are preferred targets of proteomics projects. In chapter 1, | review
recent structural domain detection and prediction methods and discussed their
possibilities and limitations for practical applications.

In chapter 2, | develop a new method for preparing a dataset of structural
domains. Our new method refined the definition of “structural domain” as given in
various domain dataset, and selected proteins with autonomously foldable domains.
The refined dataset is expected to provide more accurate information of structural
domains than existing domain datasets and therefore improve the prediction
performances of computational structural domain detection methods developed using




them.

In chapter 3, | tested the ability of the support vector machine (SVM), which
is a machine learning method used in the diverse area of proteomics, for detecting the
sequence patterns of domain linkers in a protein. SVM-Joint, which assumes both long
and short domain linker characteristics in its prediction, exhibited the higher prediction
performances when compared with random guess and, longest loop prediction and
statistical domain linker prediction. Our predictor detect loop regions between two
structural domains (domain linkers) first, and it turn assign the location of the domain
regions, because this strategy takes advantage of the local nature of domain linker
sequence characteristics.

In chapter 4, | identified the optimal feature combination for distinguishing
linkers from domains using the random forest method implemented with stepwise
selection method, and constructed an SVM domain linker predictor, DROP (Domain
linker pRedicion using OPtimal features) using the optimal features. Our feature
selection method enables to identify the feature combination in realistic computational
time, even though the initial feature candidate set contains a number of features.
DROP's performances were superior to previously developed domain linker predictors
trained without systematic optimization of the features. DROP's performances for
novel protein targets were also higher than those of CASP8 servers, indicating its
efficiency as a domain dissection tool for novel multi-domain proteins.




