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T CIIRFICTGEHE ~DIGH 2 S B Wil 2179, PELTCWAHRFILFRLOE R Th D,
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HMBHZEL. B 1O TCSE @ [Pause and Check] HEAEZE U A= V' RA V' —F 0 7 OB MRS T 5 Hik
LI L ThD, mEIC [FER] TlL TCSE OMERH RICHOWTHHICHR T 5 & L HliZ, W20 FER
MR DWW T E LT A,

KT —7 gy TIFERANGHEREXTHED TWD, 42 —3y MER SN B EZ RS L TEBRICRL T
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ORI A~ — 749 F 7Ly FTHRIHFIRETH 5,
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[wF7E38 % 1]
Charles Dickens @ The Mystery of Edwin Drood & Thomas Power James (Z & % & Ot O SCAFELIM: FF-Aff

% wl (PERFPRFREAE)

>k [E A Thomas Power James (LA ., T.P.James)iZ. Charles Dickens D &E{E & 72> 7= The Mystery of Edwin Drood (LA
T, FHY) ISR E A TRAEE U 1873 IR E Lz, Z Offmid T. P. James A3 Z Ofifi % "By the Spirit Pen of
Charles Dickens, through a Medium." & 7 £"—/L L7 Z & b & > TR E IRfmak &2 FFON, W0btE. AERIo —BYE, 5
FERAE S ORI D S < OREER 2 &utz, %EEW. H B, George F. Gadd, John Cuming Walters %723 % 31 & O]
RINOEMERNTHEE U722, SEERIE~DOF KT, #IEH - BRI TR b0 EEoTnD, £2T
JEHL & eI . FEFEMEIAY 1864-5 4F & il (1870 4F) T\ Our Mutual Friend (BLF. OMF) &hlz 72—/ 3 &
Ze T, BEEEAE FH OBLE D b SUARSENE OB AR 2 7K A 72,

FP. R i X OVOMF ICAER T 55 ICE B Lic, (EPOFREEIITBEH AL > TRE#RD
eI L, MEEDOARRO IR Z S K KL TWNWD EBZ LMD DI E W, SIEMEZFER T
a2 — 24k U725 201, i 23 3 L O OMF67 O 7 a2 — /S 2 {25\ T, AntCone % W Tl fGERED L~ Th 4
FCAEEE 2 il MR U CRBRBHE R AR Lt ST 21T o 72, (R - M 1)

OENZ, FHEEY T AL —(n-gram)IZIINEFE DU AR END B Z HiLd Z L6, Mahlberg (2013) T Dickens
TEAICRE & S TWD BEE7 7 A X —, 72 b NCHAFE asif/asthough 23O, JR, Rt KX OV OMF T4
BHEZ R Lz, B, 22 TRWTAOERE bRFEMEZ G 7 LT A MM L7z, R M 2)

' Dickens DT 23 T THERL S LTV 528, T. P James IZ £ 2 5E 2RO 3 1E, —fMOENR SR L T 20 WL E 72> TV D,
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- " i 5EH5AS— | HBEE (1073EEE)
177 29416 -7 FH | BuE | OMF
K o« o P33 Body Part 6.3 0.8 8.9

) S gerar

= pfmﬁfa? As If 8.5 0.8 6.4
g o PPl =t 148| 16| 153

E o P, 20, (PR 2 S smhszs- | P=et (105EHRE)
B o - = FE | 5% | OMF
¥ O ey as if 112 15| 120
| | | : as though 29 92 151}
2 1 0 1 S5 141 107 131

df.ca$cscore[, 1:2][,1] _
X1 xtSofric kb 1—28hos a7 2 X2 77 AKX —OHE LR

FOREER, JFi (Oxx) & OMF (Mxxx) OB 7 a— "2k, $EEo7-—DDI TAZ—%BKTHHLDD,
Bt (Pxx) OZIVUIHASMNIHZ F A X —% i LTE Y, £z BodyPart & AsIf V7 )L—TD55E7 7 AKX —D
ﬁ?ﬁT@ﬁztiﬁf FTE L, OMF L v [ERIfgIc 72 <. £7=. asif/asthough DRI, K OMF L#ifm & T

WHERLTWD Z LB LTz, 26 OfESITFESM HE T, fifm & Dickens 1Efh & O SURIEBIMEAMEWN 2 & &R
LCHY . itz "By the Spirit Pen of Charles Dickens, through a Medium." & 3% T. P. James @ 7 & — /L ~D#EEE) 757
EEFTHLHLOTHLH D,

[#r7E5E 2]
TF-IDF % i\ 7= Alice Bradley Sheldon O &5 SCIR /3 #T

KA FEAl (R RFRZER L)

AR TIE, 2 —/"AFIEFO 558 Th 5 3RS O FE %4 T Alice Bradley Sheldon fESHEIZBI T 5 3¢
KA 2417 5. Alice Bradley Sheldon (1915-1987: K[H) 17 & = —» 59 10 AR IEARART - PERIARBA O /EZE James
Tiptree,Jr. & U CEEFEF 21T > CEX2ER TH D, Z DIEFE O URITCEERHEFEIZ BV T, Ermnest Hemingway & ELik
SND T ENZ, FFIT Silverberg (1975) Tl “Hemingway was a deeper and trickier writer than he pretended to be; so too
with Tiptree, who conceals behind an aw-shucks artlessness an astonishing skill for shaping scenes and misdirecting readers into
unexpected abysses of experience. And there is, too, that prevailing masculinity about both of them.” £\ Y95 X 92V & & h
T8 - ENZGRM0IC Alice Sheldon @ BPE4 35T 5 James Tiptree, Jr. 7EMLEE & Ernest Hemingway 1F i 0 ST FL A3
fThbitTnd,

FHESUATR O F L% V- Alice Bradley Sheldon fE D U EL#E Tk, Alice Bradley Sheldon 4= 72 15 i 4 gk L
7o a—/3 A (JEX 865,802 7F) & Ernest Hemingway69 15 & Ik L 72 2 — 3 A (JE 271,475 5 ) % T, Burrows
(1987) (2RSS & SRR LA S0EZIRIZ L LTIV X LT+ VA M afToTo, ZEO/R., HFHIEMSRIT 92.20%
THY ﬁ%ﬁ@ﬁé 51.06%% A EIZ LRI TWH E WS ZENHII L, 22006, XEMHFFETERSNTVWDH LI R T
D2EHITB T HEOFELMEITE XD N TERNPSTLEVZ D,

LsLRN D, ZOSUREIZ, o 7t X0 E & 5 RS, /%/w@m@&&®%ﬁ&x%l
FTRFET D EVIMEER D, 207, BRTIIINGOMERZ RT 57291 Alice Bradley Sheldon &
[FIRHR - % VTR LT ER O a — A L TR 2 5, BARIIZ i Alice Sheldon & #lzz D
& 72 Ursula K. Le Guin ® 45 7 % & & & e 22—/ XA (JE 589,481 3F) . Octavia E. Butler ® 93 7% 2 h & & ir
— /XA (HE 867,396 ). Arthur C. Clarke @™ 104 T XA N EET 3 — 3R (JEX 467,983 F) | Theodore Sturgeon @ 222
THXRA NG —/RR (JER 1,777,561 3F) 2R LT, T NAH A XOENORELZW L S 72, Theodore
Sturgeon 4= 222 fEf N6 7 2 & BT T0 RSl L7 22—/ R (B 475,704 38) % AT L7,

SIMTIZIE, Baayen (2008) THRHRE O E I NERM SN TV AR — h_7 X —< 2 /(SVM) &, & - #f E (2007)
CBWCHBIREOREPEMINTNDLI T U X LT3 LA NEWIHREFFEEASRMA Lz, BiEE LTiE, &%
FITORG S & X OEK S HEEHEE, BEED bigram, trigram, /)T (2016) <°/)vbE (2016) 72 £ D E AL D43 B T
fEH 4TV % TF-IDF @ unigram, bigram, trigram &9 6 fifEA W CHEIEMERE O (L Z MREEd 5, 6 FfED

D= RATODT U HE LT VA NEHAWET XA FOSEEMRIIFNEI, 86.31%. 77.70%. 66.45%. 85.43%.
77.26%, 62.03%7Z -7, £7-. SVM Z 727 % 2 s O FHIEMRIZE LI, 99.56%, 97.35%, 90.29%. 99.56%.
97.57%. 81.23%7 > 7-, AFEEK TIL, TF-IDF & W\ Y IFHRAEL O3B TS LW SN TV L EADIT O EE 535

2T OIERRIZ T0% L, FRIET 555, ABMUATIR L AL ZFRE . §F50Tokens LL Eo> E47 547 5B L 5,
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FEDOHTEANL, T b DOIEEZ W HIEMROBIR R 2B 270 5, o, SBIEMRORIZT TR,
PRa OBEE ORFALZITV, 22— R 2 HW2FHRIIFIED CEHEE CITON TV L FIZE~ED L D IZHIKTE
LONERRT D,

[fF7E 73 3]
Wt E 7 P a—FIC L B/ T 7 A NOHBSI—T —%— a3« RALOERND—

BW WE RIRKRFERZEEA)

Arthur Conan Doyle [Z¥ ¥ —18 v 7 « IR— LAV V —ADEHF L L TLLMONDEZTH DN, HHOARY EH
ZIES LT ER/NGIT Z IV E TH E W HEECHIZEDORI R L 7> T, E72, BEFEONIZEIZW DWW S ‘close
reading' ® 7 7' v —F N FEIR T, RS TH 5 'distant reading' (Moretti, 2000), > % V) @I/ EAT — X IZHESW
THNT 27 7 a—F 137w, =2 TARBFZEIL, Doyle OHEE/NGL & S/ N2 x5 & U C, EEMEECAR S
B — I EEBRBLENGBEEITH T LT, UFMRICEH TRl R RET H 2 ANE T4, V—F 7=
AF a NI TFDOZ>TH 5,

1)  Doyle OHEHR/NGEE & B S/ BRI I M GO TR D SRS 0BT 5 2 LIEATRED, o8z 8o
FEETITH ZENTE D,
2) ENENDY ¥ LIVEFHEOT DEERRBLUIMTD,

SIHTRIG I, Doyle |2 X B HEFRL/ NG 7 1L & ES/ NG 9 MRS DFF 16 1EMCTH D, HEICIE, T o7 sEHo
7 =Y XL TH 5 Random Forests (Breiman, 2001)% v /=, 23¥ED D%, Tabata (2015) THEE STV % Random
Forests |Z & 2 0 FICH 5 LI-REICHE B T 2 R EGEMINE A B E I, &£V U VOREGEE U A MLz, £/, B
FEHLURTZ ClE e, BEEO S HHELZ 7 V—T L L [FE Yy 7 ] I2b Uy LB OZERBBIN D O TliEen
NEEZ . BIERT 4 U 7 LR E(LDA) (Bleietal., 2003)1I2:3< b v 7 5 Y 7/ %47 572, MALLET &9
java R—Z2DY—Fy hERANWT, My 7 TEORFEOARMERE, T/ A NI LD Ny 7 O KRR A F
L. b efiRery NU—2 7 71T b LTz,

Random Forests |2 & 2 70 HDFEEE1E 96.58% T, +/0lCmVMETHRT 5 Z L3 ARe Th o7, Fio. HEENGUR
O HFTHEATHNCIE L NG LRSI 7 7 A /WiE, RO E TR BEOHRF 2GS 2EH T, 20
'retrospective narrative' 23 /NG & LT RERE NS — U B FF o TN A DT AW EBLE LT, SR 5 LI R EGE
WU T S/ NEIAR X eried > fight', 3 7-"head!, 'faces', ‘arms', ‘eyes' D L 9 72 RO & 2 3755, — 7 THEER/ NI T case’
Rfound' 7 EANZ B 5 FE°, "house', ‘chair', 'room'7z EF GBI S REMH STz,

ey 7 ET U 7 ORER S Random Forests DfER & & DFREE—E L, HEH/NGUANCHEN T2 [EIREA ey
7] R R -FEMN Y 7] REERA L, RETDH My 7 BEELSETEREZITV, HLIENIT ¥
NEHOEREZFRALTED Ny ZHEREIZOWTERE LT,

COOBIEEICESS FENOBONIMEERAE L. BENRBLENLZNENDO Y ¥ LV ERFEST 555
My 7 BRI LT,

[WF5E5E 3 4]
Agatha Christie 1F it DIEFERRFEUZ BT 2 2047

AP ke (RIORFERZEREAE)

AWFFETIE. Agatha Christie /5 O SUKRYRFEIZ DWW T, 4 & RIRRICTERE L 72 X A7 Y —1E5Z Dorothy Sayers
DI EB L CONTE1T 5, SUAERMOSURIZET 2 3 &M CIEEIZEEO MBUBEE B3 T O & LTH
WHITE Y | Christie {EMIZET 55 &AVZR0HT b aE5E A FEIE & L7207 532\ \(Lancashire & Hirst, 2009; fEA,
2009; fiAS, 2013), 7 F A NMIERET /7 — a U a s T SITMBEPEMEIT e D700 (EFEIHE 28R & LTz
OYMTILFERESS POS & 7 « fEFEREE A FRIE & LI=TIE ST <AThh T\, ZD7d, AFZETIET £ A b
WERERT /7 —3 a U&7V, EFTEE 24 & U CEHHENDIT 2179, BENEE 225K L L 2/EZOE
sn DI FAFEERZ AT, Christie ([ZRHEE ZREFERIRBLOFI - BETE1T 9.

i 17— % 1%, Christie ® 221 {E/5:(5,071,282 3%). Sayers ¢ 55 1E (1,375,645 58) & IV 5, WTEZ CIESM L - #58
BINCKRES B2 D120, TRTNOERI S 50 B & MIEAIE L, STz,

ERE T 77— 3 L1213 DocuScope % i f L 7=, DocuScope % Kaufer & Butler (1996)I281F7 5 L RV v 7 Bilih

& . Kaufer & Butler (2000)I2 81 5 SREESHGHZ LML L THEINTZT X2 o - HRALDO =D DY — L TH
V. SFEFEBL%E 101 @ Language Action Types (LATS)IZZ0¥E L. # 7 fH1F %2179,
DocuScope & W TH B ALTZ/EM Z & D LATs OBER H A FRRE & LT, #t5E o —7FE Random Forests (Breiman,
2000) 2 L= 24T - 7o O IEfRERIT 92%~94% T - 7=, Random Forests D43 HHIZ BV CTHG-RDEVE
HIZOWTHREZ1T 9,

FHHROBEWIEE OFC, Sayers {Efh & Fel L C Christie /EfH IZ 3 W) T bR S T2 01k, — A4
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7l & BRI SCRITE 5 O AA (1 think, | feel, for me 72 &) T— AFr & L COEik% 3¢9 Self-Disclosure TH - 7=, #E
/NI EFESLTZ O LAT NS HBLT 5 Z LIXH LN TH D08, Sayers & [Lilsd~ 5 & Christie 75 Tl L
TH —EHEEH I TWD Z &3 R S 47z, Christie {ESRIIER OBIGAMNFEY FE2BHEOLIEMBZ < WIER
DHDOLTOFED FOBEVHARKMINTWDAEMERHD EEZ NS, F /o Christie (FEHF OB 2R T
Intensity(very, indeed, | do, great 72 E)DEH & 2 W2 E BB BT/ o 72, FFIC Intensity (2B L CIERI—1EdmIZ BT
LR UFEO# Y K LI R H4v, Christie DFEREZARNEDBRAEIZ 72 21276V F L 72 Z & (Lancashire & Hirst,
2009; Leetal, 2011) & XML TWB EE 2 Bivd, BLED X 9 2RERERIRHE D & Christie 1B O TR RS O 34T
ERBD,

m9 H30H (1)
[FFoeFFE2 v a ]
[(WF7e5E% 1]

Investigating the Impact of Extensive Reading with Data-Driven Learning
Gregory HADLEY (B K=2) - ~FVU— 3L FEiBKR®)

This presentation discusses an ongoing research projected investigating the use of data-driven learning (DDL) as a means
of stimulating greater lexicogrammatical knowledge and reading speed among lower proficiency learners in an extensive reading
program. From April 2015 to July 2017, students from six extensive reading classes were chosen for this study. For 16 weekly
90-minute sessions, an experimental group (21 students) used DDL materials created from a corpus developed from the Oxford
Bookworms Graded Readers, which contained 186 books from all seven levels with a total of 1,715,160 tokens (17,670 word
types). The control group (28 students) had no DDL input. All students were required to read a minimum of 200,000 words
during the course. Students not reaching the 200,000 word threshold were removed from this study. Quantitative data from a
C-test (Klein-Braley & Raatz, 1984) constructed from an upper-level Bookworms reader. A speed reading test by Quinn, Nation,
& Millett (2007) was also selected. A pre-test post-test design was used, and dependent as well as independent samples t tests
were used. Pre-test analysis found that the experimental group was in statistically distinct from the control group in terms of
having lower levels of second language proficiency. Post-test scores found that, within both groups, the learners improved
significantly, with high impact factors. However, the experimental group improved more to the point that the entered the same
statistical bands as the control group. Post-test findings also indicate that students using the DDL materials were reading more
books and reading faster than the control group. The study concludes that an informed use of DDL can work with lower
proficiency learners, and that the methodology can be used to improve receptive learning and lexicogrammatical proficiency
better than extensive reading alone.

[fFgE58 5% 2]
H AR N S35 4 O BAGR N4 G O [E#E—CEFR L ~L % W = Wi E—

Al AN CRMERER R E)

AWFFETIE, F—ERBMEICEL2QEHOHEMEL L, QERFALZME S X5 I ROH HHEELD, 25D X A
JHNTOBMBRFHAOHABEE L =7 —RELKT D Z LI2L D, FikiEd > THEE AN ERE S DAY CEFR X
NN EDRRE S D2 DONEHLNITHZ BN ET 5,

BRENIT A ARANFEFEFREHEIC L THLWEENDZHOD 1 STHY , HHANEEH TRVWIHEER TH 5,
Shachter (1974) (%, FEFICL > TEH LWL OIXFEHARERES LA EmNH S & L, 206l L L TREGRFARY E
FCnWb, T, WEBAROIGEHBICH REREEL LTI LTS I —o v S iEdEEs A (Common European
Framework of Reference : CEFR) @ 6 DD L~V Z[FET 5 5 aBFe: Th 2 FEERE (criterial features: Hawkins &
Filipovi¢, 2012) Z*EHFH a— SA0 LT 280374 CTEH Y . Hawkins (2009) [ZEEHERFE: & L CH2h723C
EHEHO 1oL LTERRIOMEHEZ 2T TnD, LanL, BENRERPROONDE T4+ —v AT A M ET
. AN Do THEREBICER SNV ETHMET S Z LN TERWD, BRICER SN DG & Eika072 B
RO ZRD HINLDZ AT NIZBITAHEER R T —IZOW T L7z, WFERRNILLTO XS5 IZRE LT,

ROL. BRI DGR E 71X AR EH OB NERICE DL 5W0H LD ?
RQ2. BEXMICEMRFZ AT 2 L O LEHA,. =7 —R I+ 5002

x5 &9 BRI IL, that, which, who, whose, whom ® 55T, EWEITE L7\, £7-. SLAFLiaOE 158
5 FE W& % <3 Noun Phrase Accessibility Hierarchy (NPAH: Keenan & Comrie, 1977) , SO Hierarchy Hypothesis (SOHH:
Hamilton, 1994) O3 EZ LI LR L7z, ERBINE 1T, KRR AREFT 2 A ARARGEFEHE BLTHDH, H
B (2015) OXHRFICE D & 5-3#k AL, #E2#k A2, 2Bl #1#: B2, 1fk:ClThH LD, ZHLThD
LrULIn G 20 AR EE D RS INE 2 RO T,

T—ZWEFEE LT, £ TOERSINEIC 2HEHDOKNELF X7 20 5HEFESR L) 2R ARFICZBRL T
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boole, 1 2RITEEORBEEL WEL A7) T 220RIFFE—OF A7 TTELHETEGEZME S L 91T
EWIOIEREMATIZA A THD, T—FUELE LT, @ TOFEELEEIRLI L, (BEFFOEEE. (b)NPAH,
SOHH D& A 7| ()= T —fEHMICONT, 1 XTEICAFTT / T—va v &Lz,

THEORER, BURFZE S L ITHEROH DX A7 Tlix, 2LV CREGRFOEENKIgIZEMLTE, ZoZ &
6, BRF OGRS B> THREWZZRNTZY | BEGRFAOEANALETH D & LIS &I EH Sz
BIRFIN L D Z ENgnotz, =7 —FRIZE L TiX, A2 L-ULZBW T LFIE LV 2\ HOF/EXHNIZRICT
FT=NEL AENTZZ LD, BEWEZIND T2 DIZERFA O M A 28T 213 H 2 Al REME A /RIR X Tz,

[#F7E% % 3]
BEEHM & LCDOT = AT

PR EH RAUMERER R E)

T=ANKDEED B2, T2 A% JEGEBH & UTIRET D08 (ex K, 2005) R°, SEEMRT = A 236 H L7z
23 (5M, 2012; 12, 2014) A OLND 07, EBEIZT = AR RI72FE] FIENE D DBET 21T - TV B 158
i Thd, I TR TIL, 7= ADIGEFE~OIEH O EEMNEZ, 2 — A2 - CEEOBLAN DAL
77

RIBITIFEIZRE X DN HARDT = A AES T, ikt ge & LTT A U B THNE S L7 BeE 1A S 408 L7,
PITF. 3 O0OWRERRICI - T, HEDOFIEEHRERT,

1. 7 = XA OBPFEITFEEICE L TWBH D,

T=ALTOTFA K&, BNCspokencorpus @ L7 100 FER LN 20078, NA VT LABLWNNTA4 7T LD EAL
100 &R LTI 2 A, ZOELNT = ACEHETHNLEZ 06, T= X3RN A 7y N TH D ARE
PR RE Tz, 7272 L, AntWordProfiler & VTt &4T7-7- & Z A, General Service List (GSL) & Academic Word
List (AWL) ICEENDFEENT = ADTF A DK 90%% 5O TWTmH, KIETH 2 b OFERARN 2]
e+ FRLFEFITIET = AU KD EEEFH IE Y TIEAR W TR R ST,

2. TEATLIZED XD BREHED B D D,
SIMTHRE R A LU ORI GEIVIEEEIS (%)),

I HIE G TTR GSL 1000, 2000 AWL ot

T=A1 1104y 14291 0.163 12478 (87.31) 294 (2.06) 1519 (10.63)
T A2 110 4% 11459 0.127 10390 (90.67) 107 (0.93) 962 (8.4)

T=A3 110 %> 13062 0.145 11642 (89.13) 207 (1.58) 1213 (9.29)

T=A4 1104y 11419 0.131 10268 (89.92) 126 (L.1) 1025 (8.98)
B ] 1244y 7748 0.197 6747 (87.08) 149 (1.92) 852 (11)

i 72O CREDMR VI L AZ N T =X 213, B REEEZ % <V, IEGEECE Rk Ok 0 R LD 7 ik
& s FEFITL > TR VR TH 2 ATRENE e EVRE T,

3.7 = AL D ATEMREEDEDITED X 5 BB EIT 5 ONREAID,

AntConc @ keyword list Zfli > T7 =X 2254735 L. 7= ATRARBERES LT, BEAAFERT = 212815
MR ENFER I, M T, T=AONFILESNTE Y bIFEL AL aur— gy (i wish for) 23
FET D Enbnole, ZOOHBELRIAFANIIRT L2 LT, FEHETOABEREO L, FEHEET LD
REMTIENE Z HiD,

FHETIE, AFEOFEL, SHMLEL STV HEEEUN O TOME L BT 5,

[AFF5E38 5 4]
AN B T R — RN AT = AR L A VX T T a VT DRI

A 8 CEHREEE R - K #BieT (P~ ¥ F2ERF)

1. BHEELHB

Wk 32 45(2020 ) E 0 S HTFE RS EEO 2 2 E i & 72V | IINER TCTIFEENHEMEL SN D, STRHE 23R D /)
Eo—o2iz, /I IEROZVOF O IFEEEEOMEINE] W ORERH D, £ 2 TARIFETIE, /IFFEKTO
PEEERED a— RADHEIZB N T, A X T 7 a v B T EN N RO ERE Ok 2 R~ 5 L CHRRT
)T =2 a bR A OREEZRATREROWE LT 5, L FOMEREICE S &, WEEORENTOL 2T 7
3 VBT EATV, N O TH D, INFIL 6 DK TRE L 52 VAEAOBIMRREORGERED Tkt N e
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DEITBESNDNTHONTHIAE LTz,
MR L. A 2 T 7 2 a AAERI/NPREFERED TRkGitE] SricAMRT 77— a i,
WFFERRE 2. i D /N PREERZED THkfiME) 131 2 T 7 v a BRI D D,
2. TR L TR

[ UENZ RS S 2 /INFAL 6 4R DIk D IR DO E 4 [ & i3 D4R D H1 2P VAR AE DI 2 6 [B1 0D
BRET — 2R LTz, 3110 [BEORIET — X IZOWTHA - AEDOREE(H FHIWFE)IZOWT, @E ¥ V. SiE¥ 7V
WA TCA VBT I a BT a5 Lie, A 2T 7 arH 7L LT Walsh(2006)D = 9 SETT (Self-Evaluation
of Teacher Talk) 7> & 4 ->® interaction mode (managerial, materials, classroom context, skills and systems) & Ellis (1984)
% social &) B X AR E U CTHAAALTHOE LT, A V277 v a2 T3ROS — > T L2t s
L7, BOEERH D LB SN GA8ciE, R1Y—r2oRL A 27827 a2 752507,
3. MR

AHETHT g H TEIT/INFER 100 (8] (M=25.0) « 4 136 [BI(M=22.7) & 72 1) | /NFHE » i & b IciR
K 2 #5592 managerial mode 2388 H (/N2 51 [H][M=12.8]. % 74 [B[M=12.3]) & 72 ¥ . ZEi FEORZERER O
M AR iz, £72. skills and systems mode (2 K % BB OB ZIEE (/)5 26 [E][M=6.5]. 17 33 [A][M=5.5]),
classroom context mode (2 L 2 #ffi AR DA > % T 7 3 2 (N 1T [BI[M=4.3], %% 18 [BI[M=3.0]) &, [A] % O | &
RLTe, LonL, BEAEOK LRSI 2= — 3 {E# %77 materials mode (23T, /¥ 4 [F[M=1.0],
H 13 [AI[M=2.2]1 & 72 D FFER TIX DT 20 B R BIEDN R S D RN BlE S LT,

FHERYHIX, Q)72 —SAELEOFIE, )7 —FBHD L, Q)YmiTkERDOFEMONTIER, W) 2T7 7 a
& 7+ 512 B8 L T Walsh (2006, pp. 82-91) 23 5 - T\ % mode switching, mode side sequences, mode divergence &\ 7=
deviant cases DFREIZ DWW T bfitiv, 7 — X OFHOPLIEMHIZ DN TEREEZ N 5,

w9 A 30H (f)
[WFeEHE 3ty a ]
[WFoE583% 1]
B = — R ADRE LB Z FIREIC Lo @i a2 — /N A7 — 2 X— 2 27 L MyCo D B %

Pakt di— God il B RFERFREAL)

LT RDRR a2 a3 — " ABRPHFEL T L5 B, HEOa— "2 &L SN RE TREICABETE 5
T—=BRN— AV AT LERETHZEOBERIFIREN, 2T U b=y a AT =2 _X—XEFH L 2T A MySQL
ZHALT, Wi — S ADTFT —H =2 AT L (MyCo & ’-FR) ZB%+ 5 2 & & L7z, #ilziE. BNC & COCA
EREBRE SRR D2, MyCo Wi, Zib &R —OFI MBS T, BRWICH DV ITHA L TLBT 5 2
LRARETH Do BhIE, #Rx 23— "R ZBMTE HHEFNI LI Z LIk > To AT L2 22— /82 & LA
AT 80098 L, AT, £, 7 —XUBUIH DR Z RIBICEMECE -2 &b, W93 T B, i)
TERERLATHD, KEETIE., a—ZFHOBLENS MyCo DFFRE2R~5,

15— FR—=R T DT —H

H/NEALIE WLP (Word, Lemma, POS-tag) Th 5, MFFEHANCIG L TW, L, P Z AR EHEEL TF —
Vit AN
2. 7 —Z fhiaet

a— RAFHOHMEEIT, BT (Fhidv~) 20BN ET 2 BEROX T2+ 52 L TH
%, MyCo TIEHFIME 2 RBFEOHIHZ A 10 BRICEE L, MEFEDO WLP &/ — KL 9% 21{HD WLP 2> 5 k%
LT (21gram) AT X A N T s A NVICH T A, 612, ZOTXA N7 A NVEFIHENEENHAT S Z L6 A
ETHD,

3. &R

MyCo I%, fiifH L7z 2lgram # & &7 Fv—, kwic U A+, aar—va vy U R REERTE DL, B F v —
RN S & FonEiE, 35 (Word, Lemma, POS) . i (JHEE. Ml-score, t-score). 4 DALEIZEIN S
BEFIILEELT XA MO EFRR, RETH D,

4, FR SR AVERIRE [

BNCIZ XL BT — & _X—A%&FZ, because (AHFE 100,509) . something (HEE 50,062) ., maybe (HEEE 10,025) (22
W 21gram ST BRI O EREAZFIRT 5 &, TRFEN 278, 138, 0.3 TH D, LIEERED 3 — 20 H4E
BE S FRREOFED 21gram ZFE L THRLIZ ENTE, @Ml AR AEZFEBL L TS, Zhud, e R, &<
ARMVAZBEECTICHEOERETH D, £, B—0OFEERITL~OBRBITINZ T, A7 « 4 2 kick the bucket @ X
D I ER AL DY TZRRE L AETH D,

5. TR

MyCo %, Linux (Cent0S6.9) . Perlv.5.10, MySQLV.5.1 TR L., FIH LT\ 5, RI%EREE O PC THhivlL MyCo

ARG TE D,
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[#FgE38 5 2]
R SoRE 21 U222 28 =2 U 7 —v g o

M EfE QLafERs) - R ER UK « B R MR -
el BeE GRS - [y w2 (UEERT)

BUE, BRI OFMm LT — /"2 % b LT LTz, SIIEE L 2V ERBLOEF 2 RAL TN D, a3— 205
OBHFRBOIHIZIX, Fa— /N ANDORFECT, FERAFTED & VG2 8 Y 2R M3 I & & #L 2 . n-gram
THETHZEWE 2 ICEZ BN, LarL, n-gram (X, “take ~ into account”?® X 9 (2 B HTE & F A 72 A5EGE 20 48
HEBORBIENHEL <, F@EYR nORELREE /25, £ 2T, AR TIE, EBNCH YT 2 EH 5 STk
MO, RESEE 2 B LT RBL O NEZIRET 5, MSUEEOBRE & n-gram OELLFITIZ L - T, BHAAR
HIEICBI AEiF R eolca ) F—va O b AR L 72 5,

RERFEFTKROEY THDH, £T. EFORVFLNTH DL, HUEEEZSRL, NEELZE LRV, Bt £ &
D CHENT D B OfiFORICE#RT D, 7-& 21, “The algorithmic procedure takes supremum norm into account” &
W) IEHGR R SCOBEIC T, “algorithmic”, “supremum”, “norm” z 2y BHE DB WEE L L, JEBNCAHY L7- &1 5,
SNLPG(n.d.) CH 2 b 2 s 2 S L, B2 HiR R ICER T 5 & “<NP> procedure takes <NP> into account”
LD, 2L, <>l a WIHHIRR, NPIZAFIAEZRT, a—"ANOELEZETIDOLIITEESHZ D,

WIZ, ZO XD ITHiFRE G ATZH LD n-gram OEAITFHECH 5, HiFE Rz E&Te n-gram O EAIIZ NI
DHILTHNE L TWDHEED n-gram# & 3%, il 21X, n=4 ® & & “<NP> procedure takes <NP>" i 7+ [T 3, “takes <NP>
into account” DE AL 2 LEHE SN D, EROEIRRE L ETe n-gram O P E L G S D I & 72 D,

KL 2 —/320Zx LT, DEHEFIEO S WEE RPN RN ¢, LR FETn 24 1c@h L, BENICHK
L7c. Z D55, “between <NP> and <NP>"<>“according to <NP>" &\ 5 BAIZHIi R R ZEde, L0500 03 0WE
T, kxR SOBMEBRAMHTED 2 & 2R LT,

[#r7E383% 3]
Word2Vec {2 & 2 SCHEEM ORI — a2 — "R il & U 7= B ERE T O R A—

W G UK « T B OUNRZ) - 8 B OuUNRE) -
g EE OUNRT) - A0 B OuHRT)

T, 2V Ea—XORELSET —FOEMICEY . BARSHELIEOEMITREICH ELTETND, =a—
TNHy NU— 72 X DTG Of E(Wuetal., 2016), HEE{THIZ X2 oAb L CHEEO B 2 Hi T3 Word
Embedding ® F-{%(Levy and Goldberg, 2014) D% fE7e &, ZO#ERIHR E L, KEREFEHEZEDTNDL, —FHT
B OTEESFHEELLF, w2 EDWDLWYH AR RO FE~OIEHIZ OV TIE, Haolli@Em I Ty
HEEEAT. RO NEFEII TV,

AAFFED HIIL, Word Embedding DX K72 F1ED—2>TdH % Word2Vec (Mikolov et al., 2013) % T HEEED A
HEEMAIHER L2 0o — SR THEE L, SCRFTE~DISHOATREM 25 Z L Th D, SUHERICHOWTHE
& 2 WIEREEI 72 7 7' r —F % W 2 BF9R I3 IME 12 & 5 A3, Word Embedding D F{5 % W7o WFZEIXIR 5 41T
BY . ZTOIGHFECOOCTUIHREM CIIRIETH D L2 D, ZOTEORKORSIL, EBERICAESR
% syntagmatic 72 BIfRICH 2 HEETIE/R <, FALlOXY M EFFOBGEL R T 5 2 & T paradigmatic 72 BfRIZH 5
HEEZRGET 5 ENTED VI RTH D, FFEOHGELHERNIHEHIN TWAIHELRETHZ LT, ZD
HEENMEHA SN D LR EEREEZHONCTHZ ENAREL 25,

AMFZETIE 1900 SERFTH-O S BN B 72 5 TR —/3Z ) (K180 F5E) & 1900 EREN B D TR
— 2] (K171 FEB) ZAERL LTz, R4 & RAERICOWTIEZ, 7 A U BSCEERO TN G, SR Z Y Hf-
TR R OB FEEZ GEIHI N L SN2 U 7T Y XL/ Nia FUDICERE Lz, 20 A7 A U Fi% 1945 F 05—
WK R 2 B8 S [ BRBUR O A TR E ORAL 2 5815 L2721 T < R E T b R 24 0 K L s
EHDRE, IR ERBILEZRBR L TS, £ LTZ0X ) BT SUHER = b O BB I 22 KIF
LTEY, ERANELET CRLGEEL IV TEOEERAELTND EEX LD,

INHED2o0a—R"A& AL LTEALTND Word2Vec DET VAR LTz, D%, HEOHEENOE
BERE DG A RE L Cath A VEEENSRZBOICHERA SN TWDEGED Y A Ma AR LTz, ZORR., HEEED
U A MIEMRIZ L o THBREVIENZ/RT 2 E0NBH S 7 - 72, B 21E, money (& TR 22— & | Tl pay, work,
dollars 72 & LFEBRIEE S @V, — 5, #5422 —/X & Tl interest, market, bonds 72 E 2MEBUE DO @EWEEE LTY A b
Stz, Zhud TP — 82 ) ORMRISIE GBI 5T 2 BRIl & L TE&ENFELN TN DIZxF L, [
—/XA | CIEAREG R R EADEEOMSY — AL LTELNTND EWNWH ZEE2RBT 5, ZhbDE
Bt RISk LT, AWML TIESCE - BURFZ OB D DR &R A5, ST — X ORI H 5 FRZES AL
e EEZMNCTAIRE L a— AR L U BB EE O RREEIC OV T &M AT 9.
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[#FFFE36 5 4]
T 7e &% R TAREE ORI K 25 T HRULER

M AR GLAERT) - Hilk (i RS - 1 RIS (@R - |Fy B2 GLaiEKRT)

A, AR 7R HESCRRNTY — L b3 2 #ESUHETS 7 & OFECEFIOESH L D b ER O S EEEBAELS FREE 2 0 |
I — RAFFRICEBNTHZDOIEANIIF SN D, AREERIT, ZOL ) REERN X SHET — % % 32— AL T
EHT 2720 DHEANRE TH 5,

aa—F UV EOBGFSITY — NV EBZ DB AT L. CFS - SEVIREOR Y W ThTEH T e S
IV T T Ha—RAMRE bR, — L MSUEBRIIEMET RS L RiEh s T — 2 TRIND
ZENEL, ZOMYPNTAEBICHE L < 72D, AEEL TEEER) TR o2 ) TR 728, FBSILER CIMEi%
DT T T I TREBEED KD b D (G RAEEHEEREHE, 2016), HHMABTFAETHENLRW I BITRELTL2 2L
HO, T RARFICE > TIRBELTH D, TI T, ARETET0 I 7OUMICEE L, sESILH
LETHEED MR, BEMIZIZ 2 2Ofds e, d TAMEEZ R L, WET 2 HIEEZRET 5,

FLAN D —D cIFMRRRFE L W o 7o - TEOSFEHHR, b O — 20 G d TR TEROH) D O/SAR LM
T 5, WIIERFIE, AEEZRN SR SEBIRAER LZIEFCTH D, BHTIIAEES FHELTLE-7L )
WZHZDHE LIVRWD IROIEMETES A2 LHNOEREL, fHiZzMRT 5L, AMEENRBLINTNDHZ &N
bbb,

1. i=0=>4#R

2. d[i]=d[i-1]+1 =i %, i-1 O i

3. 1, 24k =ik, j<i Tdf]=dlil-l &R Db K& 2R | Olcds i

7k, dilid, BEAdOiFEHOERER L, KA CEHILIFLETICEHEIND THORNTROLAROTHE WS
BEHTH D,

ZOXHIIAEEZREINCE T Z LIX > T, AMEERORA % R EM 2SI ORAICRE TX . E5IL
HEISFEEDLRWEMES TRETE D, RERTIT, MSUFIAMT SN 7o30TRE LT, MR R R x: B R
L7z, AGRIZ X DWBBREH RN T D,

m9 A 308 (£)
(IR 4ty v a ]
[AFgEFE#£ 1]
SRFRFE ORI X 2 Popular Music 0 8K O SCIARWFE

HEEs 30y R RFERF R A)

1L#5 - Bl

AWFFED HEIL, Popular Music D #kE D UK Z B 578235 Z & T 5, Popular Music & 13, RRFE S H ORISR
I B, R A B & 55 (of. Tagg 1982: 41-42) O = & C, Z OfEiEIE 19 142K 2 & 31 % (cf. Frith 1986:
79) T &R TE D, LaL, Popular Music 23 ARRERIIZ AR 43 EF & L CHRBNIAD T DITHRITED Z & Th Y (Tagg 1982:
37). TEOHIEITIFZE A LR, RIE, R FFEFORELFIET R LA RSB O#EGRICB WV THEEICA
NWOREHEELRFHTH DO, RWFRILZED K 5 258217 5 BiERE & LT, Popular Music ¢ &g D STKIZ DU
THEEZITO,

2. ik

AWFZEIE, SRFBEBONACER T 5, MIHFELNIEGRE LB, COHEBORHECE->T, @ #FLFL
&L Db Y (cf Hyland 1998), ) XED 7 +—~ VU 7 ¢ — (cf. Yaguchi et al. 2009), (3) &/t (cf. Hyland
1998) 72 & O SURIIEFSN B M2 72 2 E B SN0 B Th 5, AR TIL, HREE 0MEE L 7= American Popular
Music Corpus of English (PMCE-US) & 9 S55EG] 2— R A2 L, 20D Y v Vi LR S 25 ¥l o2 — X
2 Manually Annotated Sub-Corpus (MASC) & kriis L TiliAE 4% 723, Popular Music DD @)Y + L L RICHIT 5
MESITFIZONWTHELRT H, AT AFZEMNT 2RIFOMMGELZ T~ THH L, HELT Y LT &I
L7,
3R - B

PMCE-US & MASC D ELE N B B NZ 72 o 1o DiE, BEDMFFO R EZ D E W) 2L ThD, Misheiko
BEREIZBE LC. PMCE-US (213 200 fE 2L EOBFHFEDN HEBL L7223, 2 OB MASC O HCle b iRFHRE O HBL
DEWNT ¥ L Th D twitter LR THE L oTo, S HITHEFEEOREIZE L TH, tRIAV Y ¥ /L (e.g. journal,
court, e-mail) TR 535 very 0, HFED Y ¥ /L (e.g. face-to-face) °HT LV o ¥ > /L (e.g. blog) IZ K. 5415 really 1
FEALBENT, HBIED 8HIZ EDTWeDiIso Th o7z,

ZOX D REERNS, HEIEMASC O E DY v VL BT, 5L TEAEMAICHEE TE2BST D (=R
EFLEDLAI LT D), FBITA 74—~ N RTUKTH DL Z NP LN T, 72, HRHGE so 23 HGE O
AR DO EREE D 8FIZ HEOTW=DiE, BHO Y XANFEWEHIORELZ FTHM NS 5 2 &R0, b IEEN
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AENLZEHEFMROSEIZT ST A0 DOEFAEOBERZ2SEORINEEZ LN, FEITZOL I Ty v
ITIER LN WEBE OV Y UV THD I ENGh o7,

[fF7ER 3 2]
RTNDET 4%V T 2T A MIRBTDIEER DA T T P ——Move DIEGE & i1 % il —

=

BT (GI@ERT)

AWFEIT o R DRTNADFT 4 v VT =7 %A M S 7R SCZ Swales (1990, 2004) A32FE L 7=
X VNGO FEEZR TN L SAFICT E— AT A NI T2 RTLEZHMELTZBDOTH D,
0y RyD3E5DROETNOY =7 HA Mof# St B 2EAT /111, 4 2REKRT /66, 5 OEKT IV
47 OFF 124) ZHEML, HE FOREM LR EHEEIAZITICHELIZE 25, 350 Move & 350 Step 751
LINT-, Move & Step DREE A 112, AT VDO7 L—F (B£) B Move B-IRFEAE K 2.12R LTz,

# 1. Move - Step & % DHERE

Move FERE
Move 1 Defining self ARTNVAEEEFRERTA
Move 2 Establishing features AT IVDES ARSI+ 5
Step 1: Describing the history/architecture JEE S AR B
Step 2: Describing the location FRTEH 23R = 3
Step 3: Describing the facilities i A IR A
Move 3 Establishing connections AT L mAT L ORBGREEL

F2.RTIND T L— R Move £:4R 3

3-star 4-star 5-star
Move 1 81.8% 83.3% 83.0%
Move 2 100.0% 92.4% 87.2%
Move 3 81.8% 75.8% 53.2%

Move 1, 2 [TEIRENETO T L — RIZBWT 8EIZ B2 THEY., BHEZTEHRMT TOOLRKBEMLT DL &N
KT IO ST OB — ThHh B RNbohotz, RTLDOTL— KRR TFRSE Move 2 DEFIRRIZIEED
3-star T2 TOMEFLSCIZ Move 2 BEAR S 7z, —5 T, Move 3 (% 3-star 157 /L Cid Move 1 & 7] U 8 E5ROEINFE
THDHMN, 5-star AT LTI 5EFRIZE Pk o772, Move 3 TIZ AL T Z AW THEAFICEOTZY., T8
ZRLEZVTARENRALN, 7L —RETATIEIZOL I BREHREZEVGEATFLEREZES A NI T V—2ME
PITW iz, T — R 5 BHRICAESNZCED L 2B b5, Move S8 21T 95 = & THAI) 722
= DHEEL, P VL= FRRT AV EFE I L — R TRAFIZTE—NTIA NI T O—RNRRDZ EnbiroTz,

[BF5E5E% 3]
—RBETHDL O RO KERFHEO B LFEOLE — ey 7 E 7 /L LR R—

A B CAEIUNHSLREE)

KEKHE (LA, KEEME) 3EF 1A I —%EERHEDL (State of Union Address) % 1TV, & DIRFOD B0 E A8 £
BEICKLEMNEIT Y, AIETIIZOEREREZ a2 — 2L L, Py IZETIVEREN S FEE AV TRKE
DEEBIGHREN ED XL ) ST mICEBEL X T CEIONER LT D,

AIFIETIX, BRA R =7 A P TABIN TV D —BBHEEHA 1L OICE LD, R1IDL DR a— _RREERK
L7z, ZOF7—#ZktL, Ay 7 U—F (HM (2017) BZFH L7200 %%ET) WL, BENT V7 L
Fid43% (Latent Dirichlet Allocation) (Blei fli, 2003) (CX - Ty 7 2@+ LT, 35D My 75 3
BOFERNE Y 7 B2EDLZENTE,

# 1 s o — AR

W77 AV ~—2 B A A THEE
228 1,751,570 32,204

F79. KEOYMRHE AT L7z 1790 455> 5 1900 4= F T 1104 & Z D, WifihiZ 1916 4 F TOH,
congress X government, country, duty, duties, law(s) & W\ 72FBERENR L BN D, ZTNHDOH L, duty Danvr—
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I UERET D & KREOAFEEZRTT S myduty &9 REUT 134 61D 5 5 116 il Z OAICHEIL TN D, F
7= duties of the federal/general government EWoTo BUNO&EZ 8G9 2 RBLT 27 9 26 1423 Z OWIRIZELN S,
ZDOZENLRINEy 7 THo%E 525,

KIZ, 1914 7, 1915 4=, 1917 ¢, % L C 193275 1980 4F FE T, peace X° world, freedom, national, security,
defense & WS 72 RBIDBHIT 2 L 5125, ZNHDFEED A — 3 & /S L | peace and freedom in the world
<° national security, national defense & W\ > 7=KBN BN D, FD=H, ZORROFEE N v 7% [HFE] Tho
TmEEZ D,

BARIZ, 1960 4R D M 7 OB EANY i, 1982 LI, b EETHDH E SD FE Y ZIE, jobs,
children, famllles\ health, care, working & W 23BN HMY D, 2N b Ea Ly a—F U AT 4 TR 5 &, working
families <> health insurance. create new/good/more jobs & W\ 572K BN AND, ZDZ &b, IEHMAO KFEED RO
FiX thafEuk) LT Th D EER D,

uiéﬁﬁﬁék\k%ﬁ®%b E[[EO&E => EHEE => @ikl é v o Py 7 o2 bail-> TE /-
ol h, ABFETIR, —BEEETO Ny ZITRERONB, R RESOmE, £ L THEZOKENRER
®%kk%5ﬁ%%%1%ﬁéﬂfwé Ek, an—va i EOBENLH LD,

w9 A 308 (1)
[WFgesEE sty g )
(A7 s 1]
= RADRT R T — & LR - paitE s O — [ ¢ XZ sgefnfed] OfREICHTZ > T —

FE k= URERS) - W 3 (=3 sl HARGEn)

[ ¢ RZ LBEFAREM] 13, AN 2 — S22 EH L TRE SN0 0BG E LT, WL 2 Bl O%ET %
ﬁw BUES 3N THTEN TV D, T— SAGHT ORI EZ WD Y AL TN D E WS L) 7Sz >V Tid,

ICARFERREDMOBESIZMENEREZ L TWDER, KRR TIEI— AN H/T ¥, HDHNFZIN1D
/ﬁhé%@%\ W2MZ L THRY FiF, FEEICE > TAERBREDREZEY EIFThL e ) HIiZonT, Eflax b
LiZimiaZ Lz,

BlzE THEE] R Tlaar—vay] REICHOVWT, a—R"ADSPIC L0 ELN DRI, a— X2 & H\i=
HEREICHTE>TEL 2 b BB LT RELZATH LN, YR BRI EE 2D D 120 DHHT )
EREET D E VIV OO THIUL, HEORWRI THIUIMTHL TR TEZEMATL2 L0 HIFZ XTI TR
W, RN, BEATE~OBEE (Zhida— SR Ec WEE b H 5) . fitily %&%”%%®A7/
AL, EF I FE AL OPT%ﬁ%MKkﬁ%T\ﬁﬁmﬁ%b<w5®f%éo_ﬂ . - FFARL, H
BIERFILUE, GERON R L, HEOTRTCORRICBVWTEZDZ ETHD, n~NX®Fm#éﬂ%Mf VAl
FNHEENEHBOE RO TIERLS, ZNE EICFEFICE > THERFREZID H L, WICFEE RN END

INTHERZBE L T MEW I AR, ZEHEFIZE > TN FERAICHEZENIC S R 2 #b & fwEe 4

T > THERETH 5,

AKERICBWOTIE, a—AnBBEET =2 Z VM HHE S, %”¢4®mwﬁﬁ%ﬁ%bf@<ﬂkmo
oW TCim bz el Lz, 72, B/ARTELHANT, a— SABE - ITHOEFEEZICL S &féoﬁkﬂ
1. T 0 AX ABEREEL] 1281 A30RICHOWT, EREET RN LD L 5T — &%ﬁ%bfwé®ﬂ a—
WNRAF—=HIZTMAT], EOXI 7o miEfmeE D EBREE) X > THi» TV A DI DN Tiw U b, P BIL,
KT 5 [P & L TCOREOREICHT--> T, BBRNEE X —7 v ba2—FORD HIER L ORAME, Ly
BEONRTG AR PIZOWTHEET 5,

[WF5E5E % 2]

FAE = (FF B KK

f/ﬁf@ﬂ%%i;‘é’ﬁ#ﬂﬂ CBWTHFETICGEEEREDRINARET D FEO— DI L — VDR EH H, L—
RN EED FETZT Tl S MDFE L DAL A K DB RO A DE TN D, AR TITRINI L — VLT~
/#Hﬁéﬂoé%A&47@%@kﬁﬁéhﬁw&Wm&47@%@L:“éhé:&%%ﬂféo%LT
[disapproving] & [offensive]® L —~L [informal] & [spoken] D L —~ )L ~Dfflis (b DV EMEEZ COCA LT L E KT+
a—RADT—H &Y EIZEEET D, Longman Dictionary of Contemporary English (LDOCE) CiZ[offensive]id£:f L T
¥ 57, Oxford Advanced Learner's Dictionary CiX[spoken]iZ#:H L TV 721 43, condescending. conventional, brigade.,
bowdlerize, foolhardy &\ 7=3ED AR & . [disapproving]. [FE#EL Tl L—~UL DL foreigner, fruit 72
E O ARG B [offensive], [ 72 L TlD L—L DL EEVEDNFHE S 415, you could have fooled me (% COCA T
FIC10 #, SPOK3fil, MAG1 i, NEWS1 fFlDFt 15 filf i S 525, MBI TN b RFE L THO LR TN D,
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ISR THWONI R THD Z L2 T EHICCOCAD Y ¥ VAV GHTICEENLETH D Z L bR LT
%, fortunately & luckily 2 COCA @ SPOKEN CTHi%&3 % & fortunately 1107, luckily 532 & 72 %, H#MIREH T
&% luckily DR TR 7203, 25 1E COCA @ SPOKEN 78 < 7213 7= &3 K T2 < BB DR EHT —
ZIRFLERoTVD Z EITERLTWD, b OHEET fortunately 2 [P0/ <1& LT luckily & 2RIk L,
LDOCE @ X 9 {Z spoken#informal & 42 2 2 MEMEEZ RTHD L7225,

[Ar7E383% 3]
B ARTERFEEMEA Y 77—

PR M ORPRORZE R A)

AREOBWIL, a2 lr—ya U EIMHT 28 TEEZHNTA Y 7 7 —REVEIEE L KXY 273 5H%58 anger,
rage (IZH ONAWEA X 7 7 —DEWERT I ETH D,

BAFGD A 27 7 =B LT, A2 7 7 =B O AT IE D AR MM T O TE 7, 280 DIEIAFIC
HLTHEBDOA Y 7 7 —BRESN., B ZBHBNOBWIKIK L A 727 ANGER IS A HOT FLUID IN A
CONTAINER (“boiling with anger”) 1% O TH &b FLIIR A X 7 7 — & ST 5 (Kdvecses, 1990, 2000), L 7>
L2235, %< OEATHFETid anger & rage A XBI SN TE LT, HZEMOBWZIZINETHE 0 BLBMIT
SNTIRhotz, ZOBBIZIE, /EROT 7 a—F CIIEREZBEMNICONT 2 2 ENREETH 72 &0 ) ARz
TFons,

WAETIE, BEEA X 77— b a— AR HANLND L9 0o TWER, BLEETIIAY 7 7 —FKBlx 2
—RA XV ERBANCINEST D Z L LV, 2 A B 2 Stefanowitsch (2006) (X, ARIFSEIKICE T HRE & B AEGEE
BT DB (REECTIXENGE) NLETLIERITHDIAY 77— R_Z 0T 2 FIEEZIRE L TV 5, Turkkila
(2014) 1%, ZOFEEZHNTEY OFFEFBEICHAONDOIBEA X 7 7 —% 38T LCE Y, anger, rage, fury IZR 515
AT 7 —=BHRARLCTHDLEERLTND, LAL, 2= REZHWEFIETIE, A ¥ 77 —KBEOHBHEIC
FoTEA Y 7 7 —OEEEZRTET D Z ENE N L5, boiling with anger < his anger welled up @ X 9 72 &
T ORRREZ BARRYIZERTRELL Y & in anger D X 5 REWRNEDOH WA Z 7 7 —REZHE L BTN H 5,
LILRRS, ZTOXIRAX T 7 —RIUIMOBFEZEICLHONONE —HBERSHWERITH L0, FNHICk
S THFBMOBNE RWZFZ LI3EE LW,

ZAUD A E 2 ARFEFCIE, British National Corpus L ¥ 41240 anger, rage # &k & L CA ¥ 7 7 —RKELZ I
LU, TOMESLZEMRT D, R TIE, IR T—EMEOR WA X 7 7 —RBL T3 <&V OREE BRI
RITAX 77 —RAZINET D720, BEHRIICHEOE0invwansr—a &2 5 Ml 2Aa7 #HW5b, 0Ok
. anger I vent, seethe, well, simmering & W\ > 7255 & FE O & 358 < | iEkD FiE®E Y ANGER ISAHOTFLUID INA
CONTAINER Db HODIRIEEA X 77 —ThH D EE X H DKL, rage Tix, anger &Ltk LT howl, bristle,
murderous & Wo 7ZFEN Y A MO EALIZE TS Z E526 ANGER IS A HOT FLUID IN A CONTAINER 721F T72 <
ANGER IS ADANGEROUS ANIMAL (“bristling with rage™) & &5 A8 E S 25 2 L & FET 5, F7= anger
EREONDL A 7 7 —RBUTR Y OFx el 2 KT DI L, rage EfEN DX DI A X 7 7 —RBUIR D O
EORIH ZRTHOCH D Z &b TEET D,

w9 300 (1)
[Wrges£FE 6 v a ]
[WF7E3e 5 1]
HIEXRa— 2D T~Z L2725 ) #EF OFERICE OREER A —E

KRR BfE (HBEXKT)

FERBIER D43 B 123317 % Bitext word alignment(BWA) F9% Tl BIER T O U O BEE & FHRR J 0 SCh O BAGE & %)
JERETR (BEET T4 A2 NERATICEHNT 5, L LaRnb, BHAEORIIIE, JEECIIEEORIL TR S
NHHGER, HARGEIIIFIE LR WESRZ M7 LR IT IR 5 2 WEE N S BE CFEE L, ZOMFEIE BWA Fik
T A= LENRW B2 T, MEIABRET S Z L1225 TV D] &V ) BARGESE, 3555 TIEMARIZ I Ken
is supposed to come back to Japan." & R &AL, [~Z &IZ72 % | 13555 Tld"be supposed to" (2 L TW 5 A%, FEEED
[~Z iz >TWA ] #3049 L b be supposed to" & FREN TN D LIZIRS A2V, £72, BABETIIEESH
FIREDNEME SN DGEN L, TNHEZEFED X H ICHFEHGENANE SN D HENMRWEGE~ T 2546
B E 72 5,

AWFFETIE, ZOX DI BWA FIETIEI A= LENTWARWFEIZMET 22 2 M E L, Bl & B
FeE ORISR E . BEEMOT 74 A2 NET TR HEEREAF BB A OFGER AR —E/ & — L (syntactic
divergence patterns) & L CHerR 35 2 & 242E T 5, =2 —/3A 7 —# & LT [Wikipedia H 5 5U#R B S0 E 0 iR =2 — 8
A ® HAGESL & FEFERRIC & AVEFURESTIEAT L TS DAL BEERMK A BIfRIE 2 Vv, HARGEMESC T~Z &
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5| BETe HARGES 1197 X HEEEAIZ 100 L EED, TNA6DXHD T~Z L2735 | BIFEFRCO LD
e T L —RHKIE LTS N ERERIAR 2 — L LTAFTHIH L, 37— ORAHREEHT 5,
BT, ARTESOEDOPSEA TlE, MEERGEARDIROMLEICH HibeE (FEHOBFAN Z NS T 2B NZ ) N E
DX BRBEREZRFEHEE LTERT L0 (B - BRFAZ AT, ZE bEREI 25045000 BEOH
FERTEARBROEEAZRTET DR, BAREHE L T~Z L1225 DHEREROBROMNEIZH DHAEIC, =
UK T D FLBx AR S CTIERBIRIEAR DR OALE I 720 & WV ) FRFEIAR — B Y — > OREMERNEN D & &R
T, IBIT, MEEPAR—H AR = 2 A ANTFICIOTHEITHHET2Z2L 2L LT, YUi% 100 B oz [~
T LT B R R — k. Fika— 2t [~Z Lich D) S e BARRE 1197 LD 25 100
SCEFRE 1097 3L D S BIZHEEAIZERATS 100 U2 LT IERRBHCY v F U 795 2 Ll L > THEMICH
32 FiEERA, OGN L SESIZOWTHR T D,

[WF5EF# 2]
LM IE e LY v S BT B 3 — R 2 HERY — L AntCorGen & 15 ] L 7= 205 @ T gk
—Construction of Corpora for Discipline-Specific Learning in Medical Research Article Genres

T (RBRRFRZEBEA)

ARFEFROBHNL, FITAFR STz a2 —/S2{ERY —/L AntCorGen (Anthony, 2017a) 7% VN THESE L 7= LR KA
PR R PR SERR L 2 — /S RZBIT D57 7 A O SFEIRHEE BRVEICHREFT L, BEICHOREMEEZRE T2 L
Thb,

JEREDNE i S COEBRILEFE & 2 0 | BB S EE 2 REEE & 5 RSP E# (Giannoni, 2008) 138 5L [H
ICZ R END T2 OB DIERE Y — o OBFBEN LI L bivd (Flowerdew, 2013), #FZEii L& W T ==
— R R EAERS 5T — Z BREpR 223 (Data-Driven Learning) 234228 &AL CT/A LW Y (Anthony, 2017b; Lee & Swales,
2006; Noguchi, 2004; 12 - #28f, 2005). Ak M08 O Z &0 X 5 ICRE L Cia L 2T <& MniconT
OB T DI, AR TIL, EZEWFITH O SRR Z M5 L7258 (Nwogu, 1997) #&E (2, [Al—sE COfE~
DEFHF SO 572 5 SEEA SN 5 5 92 & 9 72O T AntCorGen |2 9238 & 172 PLOS ONE £8 D “#ffiaam S & =
— 2 T HRRE A VTR L7,

£ - (AL BF D 9 b Cardiology (LS ). Gastroenterology and hepatology (& 1595 2 & fFlig=%). Pulmonology
("% #5757, Oncology (IEJ5575) OO fE I T D 34 5000 4 15721412 100 W7 > & MEAE A HhH L7z, {8~ O & %
A FL7p B ONSIERIZI T D 25— (Swales, 1990; Salager-Meyer, 1990 & 1992) & t > h # 5 (Tojo, Hayashi, &
Noguchi, 2014) Z F237 0 ITEFFFROFEIA T 2o HLEW TOMFEIER] = A — MFEZ & (B ERER ¥
—,2009) I[Z/HE L=, X7 7 A bOiEFEEZFE L (Imao, 2015), ASCOMEE FNFEE A% E LTy +— Kk, =
— 27V REEEEZ FIVNCT Y 9 2% —53 0 21T - 7= (B, 2004),

ARSCITHEFERCR 1,727 472 58, 720 GER A #RE R D V-7 1R Tl L CTHLHH L 72 Guiraud Index 7% 36.8 T, WA MYES
FolWETHL I LNRB SN, FEEICED T T ALY —SHCIREZEORBEIC L A EEME RS S,

R — XFIGR L 2 — R AR CRIEER RS AH T D L EX bivlc, HBEBY TlL. AY—1 % H
WTHBEE LT 2 — R RUTB T D506 Z A Mo Pek a1 0 ISR & Rl —FEEE O IR BT D im0 &2 i8I L
THEHOa—RAEERT D &, BELTHHEMFEMMENS LTERE Y — 0 &2 L0 BEEROICEE T2 L0
AREME & 7e D 2 EARIB S T,

[WF9E5 % 3]
Applying Topic Models to Describe a Corpus’s Compositionality:
How can the external criteria be associated with meaningful sets of internal evidence?

Tomoji Tabata (University of Osaka)

Topic modelling is a machine learning method for uncovering hidden semantic structures in a corpus of texts. Based on a
probabilistic inference algorithm, latent Dirichlet allocation, the technique makes it possible to identify sets of frequently
co-occurring words, or topics, that characterize a text as well as classify texts into meaningful groups defined by inferred sets of
strongly associated topics.

One of the major advantages topic modelling has over traditional key-word detection techniques, such as the Chi-squared
test, log-likelihood ratio test, Mann-Whitney’s U (or exact rank) test, or somewhat modestly but robustly applied Welch’s t-test,
employed in many stylometric/corpus linguistic studies is that topic models do not simply provide typical dichotomous or
polarized sets of key-words for a target corpus versus a reference corpus, but enable us to spotlight key-words of multiple sets of
texts, thereby making it possible to classify texts into reasonable subsets clustered in terms of word co-occurrence patterning.
Outputs obtained from a topic modelling run range from a word-topic association table, which tells us what and how many topics
a particular word belongs to and how much weight the word has in each topic; a topic composition table, which illustrates what
types of words knit up a particular topic and to what extent individual words contribute to composing a given topic; to a text
composition table, which accounts for topic density in each of analyzed texts, or to what extent a text is occupied by words
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belonging to each of the topics associated with the text. Of further interest in the context of corpus linguistics is that results of a
topic modelling can be visualized in the form of a topic box-plot, network diagram of topics and words as well as that of topics
and texts, and a summarizing heatmap of topics and texts under investigation.

The present study applies topic modelling to the FLOB corpus with a view to analyzing latent semantic structures/patterns
underlying in the corpus and mapping its subcorpora (or, registers) in the network of words, topics, and texts. What is of special
interest is that by means of this approach it is now possible to shed new light on thematic/topical structures composed by a large
number of infrequent words, which would otherwise escape the net of key-word statistics due to infrequency of occurrence or
lack of a proper classification of lexical items.

This paper summarizes results of multiple topic modelling runs on the FLOB corpus. The paper reports that the text
categories A—J (informative prose registers) are clearly distinguished from the texts that belong to the imaginative prose
writings, or fiction (categories K—R) according to topical structures underlying in the corpus. The fifteen text registers in the
FLOB corpus are classified into the two distinct clusters: informative versus imaginative proses. To turn our attention to topic
distributions across registers, we can notice that the generated topics are divided into two sets: topics contributing more to the
informative registers and those talked about more in the fictional registers.

Emerging results from this research are expected to open up a new avenue of inquiry into key semantic patterns in a large
collection of texts, thereby suggesting a possibility of building a bridge between findings from machine learning text mining and
traditional stylistics, distant reading and close reading, with an empirical interplay of insights that will benefit modern text
analysis. Of further note is that in interpreting results of a topic modeling, we are likely to confront a sea of multitudinous
contentious interpretations. Topic modeling is not just a cutting-edge machine-learning technique, it involves a highly humanistic
interpretation and insight: the true value of machine-learning can only be judged by the depth of human insight, ironically but
interestingly.

ml0H 10 (B)
[V—2r>av72]
Tk S A =T A FAY NS

R TE—RR (A ACRE)

KT —27 vay 7T, TFEI—ASEFOTHETHLERACHAIND X 51072 > TE 7B (machine
learning) OHEAZFE L E T, BMFEE X, AN OFEEN 22 Va— IR 2 L2 BT AN LAEE
DOWFZESZE T, £/o, 22— X IT— X EEITITEDL LT, T—XOHRICE L2 — 53R E (FE)
SELHITOZ L& LET, LT, ZLDHA. T4 DORAINT X =, Hil-2T —2OTFHRNZTE
AEanx7d,

B E O WD Z T, FEETEHBABVWE IR KREDT XA MNT =X RO TEDH LI
RVET, LT, NE—VEELTHREDOOEOT —22HAETE. ABBTRITA2LED bEWVEET
THZATH Z ENFHEICAR D £, S5, PHIICES LAY =0 280452 LT, OROTF A b &4k
MOTLERHEBEZHFET D ENTEET,

T — XA SFERICBIT DB FEE OTEHE L LT, 732 FOFFRTEC Y ¥ VHEE ., FAVESC O BB
RSO SUEOMHE BT 2R e ERHV FT, KAU—T T a vy TR, 20X REHERIS LoD, B
WFEORARZHEREATH LB LET XA roFEEETEdb FHA),

U—27 vay7Ofive LT, (1) BTE L3, 2) 7 —% OEE ik, (3) BARN 72 LA & FIE, (4) 7
B R OGS E, (5) 2 — A SFERAICBITAIEHEN, 2 TELCVET GEROFH CHETERT IHANH
DWET), BB, KV =7 v a v FIINFEEENRLE LTEY ., iFHe EOFENAMESNE RO EEA, 72,
B8 O FIEZFIT HI2HT- > TE, AEERIRY . VT WVWEESA A=V &S Z L0, TAH
HORELE -5 EHE - HUR - B0 E) DA s UxH LEEA,

(Gl ]
A Frontier in Learner Corpus Studies: For Better Understanding of L2 Learners

Shin’ichiro Ishikawa (Kobe University)

Various learner corpora have been developed to date and they have greatly contributed to improvement of L2 teaching.
However, a more carefully designed corpus would be needed for a reliable contrastive interlanguage analysis. Thus, recent
learner corpora have come to pay much more attention to controlling variety in the collected data.

The International Corpus Network of Asian Learners of English (ICNALE) is one of the largest learner corpora ever
compiled. It includes more than 10,000 speeches and essays produced by L2 English learners in ten countries and regions in Asia
as well as English native speakers. Its unique feature is that the topics are carefully controlled. All the participants are required to
speak or write about two kinds of common topics: (A) It is important for college students to have a part-time job and (B) Smoking
should be completely banned at all the restaurants in the country. Such a topic control is expected to lead to a greater reliability in
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varied types of contrastive analyses (Ishikawa, 2013).

The ICNALE currently consists of four modules: Spoken Monologue (1,100 participants, 4,400 samples, 500,000 tokens),
Spoken Dialogue (under construction), Written Essays (2,800 participants, 5,600 samples, 1,300,000 tokens), and Edited Essays
(290 participants, 580 samples, 140,000 tokens).

Edited Essays

Jpoken Monologue 290 subjects
550 samples (edited)

Released in 2015 i
eleased in 7 140,000 tokens (edited)

1,100 subjects
4,400 samples
500,000 tokens

Released in 2017 ‘

WOritten Essays

2,800 subjects
5,600 samples

To be released ‘
T 1,500,000 tokens

Released in 2013
by 2020

Fig. 1 The structure of the ICNALE

The ICNALE development team believes that comparing something compatable is a key to further development of learner
corpus studies.

[L RV Aa])
SELSHE O — R AORESE L FIH

A& A VaT o — (F SRR EAR)

A= RAFEFDOELL OMFBITEZZSELZR > THETH, AMOBARSEIT CAFELEENHLAXZ —FLTW
F9, L2L, @l LEEITRNICKWHDOTT, a— SAERIZIE, BEEL LR 2S8R nweba—7 477
BILEXZHLWTLLEY, T2, AOSEAIEZABEN L a—F 4 LB L TWVERTA, 20X —F
NEBZTO, FFOPNDESEZ LALEIC/RY 9, BEMICEa— 22 LT VWA ¥ T2 — R %
HAELZTNERD EHA, £ Vot EEOEFFEAMIRE - LIV R L <O ATHWET, 50
ST RETLLDOE NN LT, BB 4 53— "ARFHTELLDITRY £ L, 5§5% lingua franca & LT
T D, xR FFOFRRE (RPASCKERELZED) Po7/ e 72y atLETORLEENZNCH
TVET, TOLAODORD TR AE LD LI ITHERHB IFHATE 205/ LET, Kl gL
Tra—R2 [(FHEEOEXSE - FLEHE (83E)) ICNALE, FHEFELSHEAARE (F—<0) 1-JAS, HL S
HZZ (BR7' L) JECPRESE, TED =—/ 3R] [TRIL T, #E L ZOFHAFIEIZONWTEE L W E T,

The ICNALE : HEEiE ROoToEb L 7 U7 HEEE a— XA ROREEE B LT
)IHE—RR (FhFK5F)

The ICNALE (The International Corpus Network of Asian Learners of English) %, 777 & 10 2»[F - #usgiz s\,
FEEFEEO LRERT X 2NETH T BT =/ T, $CIZ, Written Essays, Spoken Monologue, Edited Essays
D 3ODEFY 2—)b (FHN 190 TEE) AR S 4, BIfEIX, Edited Essays & ¥ = —/LOHEFR &L, HIOVLFE—HF
JVRR & 72 % Spoken Dialogue & ¥ = — /L OB N HED 5TV E T, The ICNALE OFF#IL., 7o 7 F7 ¥ X b
DRI EN—FEDOHPHTHREI SN TND Z & T, T XY | FEMED &S WERR B3 "I EE & 72 0 £97°, The
ICNALE (X, # U m— FRDIED, T4 Ulind . SHOBEBEHNA 27 2= ARSI THET,

Wt L HRE D= DI

rnm

International corpus of Japanese as a second language : H AFEFZEHE O

BH AEF URERT - ESLEREZEAT)
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International corpus of Japanese as a second language (I-JAS, http://Isaj.ninjal.ac.jp/ )ix. 12 D EiE% HEE & 92 A ARGE
FEBORKGE AL DO —/RATY, JFLFEEHF & ISL FEE . S OICENOEFIIHERE & ARERREPEE
0)7 &753”2&)%“\ IHIZ HL&Xy%%MLﬁ_HZKEB nnuﬁ%o)T &%}Eij’bfb\iﬁ— 71:5}23:2020@5%%"
TELTEY, BIEIZL0L4 DT —2BRARINTWET, IFAS OFE &S Lk, 5, PEEE, sEEHZE. VR,
MEE, [LFE, BiE. XA FE. MLV IGE, AV FRUTRE. N MTLAGE. N AV —EORGREEE OB DX A7 O
T—HEFIRLTEY, RBUVATLEHA TS ZENFETFONET, 2ENFRIUCT A MEZITTEY, BHHES
HERFHHAMLTWET,

JECPRESE: JSL & EFL = —H#—D7= 9T

BO Va7 g — (MEFBRRTAEER)

JECPRESE the Japanese-English Corpus of Presentations in Science and Engineering (http://www. jecprese.sci.waseda.ac.jp/),
AT D OB A AGEZE (ISL, Japanese as asecond language) % XE T HAF5EFK a— XA TAZ — M L%
LtoHﬁ@k%h$®5$£7Vﬁ/7~ya/_mKT T AV ADORFEREBEARDOFEFHET LB T —
a U HIN® 5TV T, EFL (English as a Foreign Language) ORI TE b a— X2 E L7, BTHR
DTV T =2 a ryOFE LNV RT T 572D, &7 % ESP (English for Specific Purposes) O FETH
DV X NGHICHESNTEZ v a VAT v 7 TMETE L LI LE L, HEEXCRIOME L TE £,

TED Corpus Search Engine: TED Talks Z 872 & B IEH T 2720 DS T v F 7 4+ — A
BB (REHKRT)

TED Corpus Search Engine (http://yohasebe.com/tcse) % TED Talks D #3722 U 7 N EMRET H720DD T =
T VAT HTE, EMARERNIC L > T = I AT TOESA, R TIEIR 240007 LB T —v g v
MufH ST A b (ﬂ:f\ FEUIK 600 TRE. FE7e 0 EEEITK 8 FTEE) N HALTWVE T, uu@uuﬂ%ﬁi
WAt E TRE MR RE 2 AL L THR D | ffffm@%i% Rt D FEH 2 AT L TR B I TDH 2 AT
FET, TOMOREE L“C!i\ BONTHEE 7 AL NOBEEEZ E U RA v N THAT HEES, BAREZET
8 DEFBICLDHRT —F 2 RKR/RRT DN ET ONE T, AR TIIARV AT L2 SFEMIIEHT )
EEPLMGHL TV E TN ERnET,
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(RESMIE~D ZER)
SPETO®EEE LAN B — B 20T v Ed A,
SEIIHESORBILI I SWETRADO T, ALozm#ERE s ZRAL 7S, F1H8 (94 308) ITKkFD
THERIH LD, FUOFEGLmEN PRI NET,
K (V—rvav 7 w5 ~OFEFSMTPITIARETT, 2720, BEHE (Tid) ~0SIMIETR1R%
%Tj—o
F1IHH, F2HEOU—Y v a v 7 O%M  RLOBEERERYE (WE E7EX v N R) 5 55IfE 1 HE
T, 9 30 o BATWVET,
KREZAF 5 1H OQH30H) (FF 508 1P ERTILEE 3001 biTWES, 2H (10H1H) Fv—7
Ta v IR EFET O30TV ET,
&N C OB 38 E OMEATIC TRBREW W Z LET,
(W2IELEFT - http://www.kwansei.ac.jp/students/attached/0000101114.pdf)
BEIZOWT 8 1H (9A30H) X, £EWAs (BIGPAPA L EFFE2D BIG MAMA) . BED H SHEN DI
B, FAESEHEIENO —HE, ERMAFIH X ET, F2H (10H 1H) 1TEHRE (BIGMAMA) &%
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