o

=111

BV BE32MAFEIR RS FEimCE (202693 4)

FPWEEETIIZEBRA—/IRT /) T—>a VEEOKEE
—HWEE - ARA VEDRIERAAZENRE LT
R ST >

VERROOMNERE R R 2~ RU— R« hbm R 3 MRS ° B ARSI 8
{inoo. hidetoshi. w0, horie.mayu. sO}@tufs. ac. jp

BE

AHFZEIE, behavioral profiles [1] 125 < 22—/XA
IRV TRE L R DB « BWHT /) 7 —v
a UEXMRIZ, REESEET L (LLM) OFEMHME
ERRGEE LT, JEEEE RS VRO 2 — R0 bl
L7-RiEF MO RFIC L, FIEEE LM 12X D
T T —varyalg L, ERERE L0 BUE R
WSS o2 VWGl 24T - 72, & HIZ,
zero-shot/few-shot "1 > 7 FEREFDIEWISKEEIC 5
2 DB SRR OV T HIRE Lz, #%. LLM
DETI, a7 RERE ¥ 7HAREEICK -
TH AT REICIIRE 72 2203 A b, LLM & 48
FIRT 2L v 7 FaXEHE A FRGELZ A S D

A7)y RERANXARAIRTHDLZ L ER LT,

1 [XEHIC

A RIS 2 BT L OBEZ REL
9% behavioral profiles [1] O FiE%E iz a—,8%
AR, AR Z SRR - BRI E B0
B ETOMERDDL, LML, INHDOT )T —
Va VFPEEICKGET D 2 E R EATRE R
TR EO—EM - REMEORRICIBA RS D, &
DOFER, KBMT — & 2 A2 irid o 7OV
e EELIDE/BRVIGAENRZ,

T LLM ORBIZED T ) 7 —2 a3 UMEXEAH
Bk - HIMETE HAREEERER I TWD, —F
T.LLM O N &5 —42 & L TRIAT 572912
X, FORESLREMEEZMFEL, ED XD REMET
TREEAETOHINEHLDICTIVLERD D,

AWFIE T, FEFEB L OARS VEEOa— 2T
— 2 ERGIT, FIEECEDT /T —va v ER LT
ELTILLM T £ 2 & Z ARG B % (A SR LS AR RIE S
Do ¥RIT, T TE0ER a7 MNRE (zero-
shot/few-shot) DFEE I3 L ONFFEM COME R DEW
R Z Y T LLM & SeE PRI 8 AT 2B Jr

— 3582 —

EmNEEEZHONCT 22N ET D,

AROERIZLL TOMEY TH D, F2 HiCiddklr
e a8 L, 63 B CiEothrafo sy —42 B8 IO
= RAEMERT 5, BA4ETEY 7T B IO
WFREEZRL, &5 & TLLM ICX D% 7T fE 5%
ERLIEETERET ), BBICHE6HITELDL
SBOBEE RS,

2 TR

Feuerriegel et al. [2] (%, #F7EH TG U TREEA
— A5 LLM £ Tl 72 NLP &7 /L & &IN5 25 44
FEAEM T D & LI R IZ L 5 TD NLP O
HIWHEARD TR AIREM:) & TEREME (N o
EDO—EJE) | OFL— AT EB[ELIWTRE
DOEFEMEZ L TN D,

Yu et al. [3] 1%, #IRFEEFEITHELXFRIT, GPT-
3.5/GPT-4 L FIEEDT /7 —3 a &R L LLM
\CR DB - REET ) T — 2 a COATREME - REE L
7o EWIERENE (92.7%) 85T 25— T, SUIRIK
FRRRRHERC T 0 7 FREI OB L\ o TR
ML TWAD,LLM & — KRR 7T / T7—va vV F
Bt LTHW, AFTHGE - IBIET 217U v K
A OFIMEE R T 5,

Mi et al. [4] X, LLM 2341 7 4 24 2O SCIRIZH U
To B E RSN 288 ) 23 L=, fE%. E
T E>TET BT OO T NRENDFERD
RKERENE L7592 &< one-shot 7’17 7 FA
Mz o THEREZIETSEAZ &, BITO LLM 13X
IREEARICA 372 8RS D Z L7 EERHFE L TV 5,

INDOIATIE AR E 2. ARIFFETIE LLM O
WMAFHET )T — a MNEEICIRE L., FEEIC
X2 7 EEHEL LT, ET AL v
FEREFDEWNT ) T — a UHKEEICE 2 DA
MEET %, FRlC BESEE MR ET5 2 & T LLM
DOYERED 5 FEFFEI KT T 5 Al HBEIZ DUV T b R
T 5,

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



3 F—4%

HEED ZIHT TIE in the soup &\ 9 Fif i Fil 1) & % 52
&3 %, inthesoup (2%, BIED T2A—=7 Dz &
WOFFRBAY OEKE . THEEICH->T) Lo A
TAFLOERENRDHD, SHIT, LIRIZ K-> THE
ZONWTINTHRVEFNZRERICERA IS Z &
bdH D,

NG 3% in the soup D BT — 1%, the
Corpus of Historical American English (COHA) [5] @
BT —H 5 BIE Python =2— KT 231 #il & flit
L7z, in the soup & ZTe I L NEUTHATT D 2
HPETHH L, SUIRD B ERZ R L3 < L
7.

ANRA EEDIHTRIGIX, BIERI4] enelaire (3%
R intheair) T D, enelaire (JI1%, WHEAIZ 22
FHZHD] LI BEROIED, [REE - fEH 0
RN H D | E W HEAMERSH D (RAE,n.d.:s.v.
aire’) [6], AMFIETITRTHE ZFEEY OHE, %BE
A=y NeT AT o A LHIEE L. FRLL
AL D R AR IERFRRTE & L CRAI L 7,

ANRA FEO HABIIL Corpus del Espafiol del Siglo
XXI (CORPES) 1.3 it [7] 754 L7z, 2001 42>
5 2025 FEETOARS L OEEXSET —HITRE
L, ara—X 2y ARBTH LI enelaire D HH
M5 3,697 ffE Xy v m— LTz,

4 FWAE

4.1 BELFE

IHTOREf & LT, HFEB L OANAS iEa—N
ApbHE T ra— RLUERABIOF G ZE7100
WaeZ o X LTV 7 L, I, SEFNy
Brafie L= BBUCHES & & 100 Fllok L TFRE
R XDT )TV arvEirol (BRRRT /T
—Ya VBT 42, HiBR)  JEEET — Z IETRRAED,
ANRA VRET — TR LT,

ZOHLLMIZ L5 X 7HHFICHW A K SiE0
o7 b EVERL L2, zero-shot/few-shot Ol Se{4:1Z
H@OFH%Z 5 2, few-shot SR IX ¥ 7 HH1T 6%
3FEM L=, (kA ZSH, )

Wiz, fERR L7277 v 7 2 RWTH AT &5
TUT=, &S50 100 BB D AT —H 1% esv 2
AXTIERR L, v MIEEAD L, FEHLE
LLM % ChatGPT (5.2 Thinking) [8] 35X ' Gemini

— 3583 —

(3 Flash Web iX) [9] Th 2D, &I, FIEEICK
L7 )T —va UREREIEME AT L LLMIZ L D
FERLHTHZ L TRBELZRN L, BEORMN
R L LTI, B (%) BEO, BR—Bcx 4l
ELE 2 BT 77— 44— HEHEETHD
Cohen’s k [10] # I\ /=, Cohen’sk 1%, IEfFERTIX
NS WIS DR Y 24 1E LTz —BUE R
ThY ., R TIET /7 — a UKEOMBIRT
fERE & L CTHWD, « [EOf#FRIL Landis and Koch
[11] BELOVNIT [12] IZHES &, UTOX a5
L7- GEHIZRfRRRIL S BTk 9 D) &

Cohen’s k DfERD BZE («c fE : —EFRE)

<0.00 : ~—% (Poor)
0.00-0.20 : L —% (Slight)
0.21-0.40 :  HiBEDO—F (Fair)
0.40-0.60 : 772 Y —% (Moderate)
0.60-0.80 : 3 =< —% (Substantial)
0.80-1.00 :  1FIEF—% (Almost Perfect)

4.2 7/ T57—>3av

behavioral profiles [1]Z2 &5 12,
KB ZHRE LT,

LIF OERHY - B

- BEhEE (R E R TR

- BE O (RETAGR (B S
- BhE R {BUE/BERE T ..

- Xoofe {Redh/E )

C OB (A E)

- EET I {HIBR/AGE |

- BiooFEEE {EH/AERE)

- B G {(4E () ZRhH)

- AR {1/2/3}

- AE O B

- ZEOFENE (N OMAE LY/ LY
- ERiORTE (H/E)

WEER L ONAAS VRO SRR RSP ZE B
BELOMZIE U T, — B4 713 B SIN L CE A L,
HM AR EE 2 BN OWTIE -] 282 AT H & &
L7, (BRBY7 # T FHIC O W TR A @ #
Examples M, )

b MREEER

UTF T FERCLD & V& EfE 72 L LLM

C B (FEEY /AT 4 A LHERE)
{
{

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



WX B2 7T RRERICELD D,

B, BT ML T, B X272 100 3T
XL THE T BTN WEAERD -T2, F D
iE. EBEOH A EHR L BT, 100 FlICHE L
CIEfRRAZR N T 5 (EMFE/H 715} 100) .

5.1 7/ T7—2avimEOHR

K 1 afrEROKB CGERE)

LLM ChatGPT Gemini

shot Zero few Zero few
A 100 100 100 100
BEE | % x| % K % x| % x

=8 40 12| 72 56 | 87 77| 81 .68
EE | 25 10| 8 82 | 8 81| 81 .79
# [ 87 00| 94 73| 92 57| 93 46
B | 63 28| 83 72 | 8 .79 | 80 .70
BE |87 00| 99 95| 99 96| 93 .74
MEME | 22 00| 51 -01| 97 71| 91 .50
A |76 00| 53 20| 499 16| 68 .18
4F | 4 04] 69 68| 76 75| 13 72
N
%
HAE 63 13| 90 80 | 91 82| 8 .83
¥y |51 07| 78 62 | 85 72| 83 .64
gk | 51 04| 84 72| 8 .78 | 83 .71
SD |29 09| 16 30| 14 22| 8 20

47 05| 85 .79 87 89 | 87 82

nic,

LLM BIOREZ R 2 & BIEOEME (%) 1T
Gemini zero-shot > Gemini few-shot > ChatGPT
few-shot > ChatGPT zero-shot T ¥ . EHKAIITIX
Gemini @ zero-shot 23 b mWVIEfERZ /R LT,
LLM % F¥3 25 & % 7T BER @V H I3

(94.5) . 1 (90) . AAEME (82.25) | Wl (78.25)
Th Y HEEPMERWIER (345 (55.5) . ik (61.5) .
fRfE - (65.25) T ol

Zero-shot & few-shot @ b Tl ChatGPT 13 zero-
shot 725 few-shot |2 X - CIEMZRN M EL=—7,
Gemini |3 few-shot Tixte L AIEMERPME T 5 5 5
L 72572, ChatGPT Tl few-shot THENE T L7z
DITHEDOHRTH > 7=, Gemini TILiEE AFR - HD

— 3584 —

2HEEUSNOT X TOHEA CIEMFRMET Lz,

Cohen’sx [10] 1T & % —EEZ 7l TlX, ChatGPT @
zero-shot 73.07 C " L—% ThH-o7i’d, few-shot
2L - T62 D 73720 —F £ T L L7, Gemini
Xk IZBWTH 2 0564 ITIKTF LA, WInb
fRROBZE LTE T 2<—8y OfPHICIE -
TW5, {AROIEBIZ DWW TIX, ChatGPT zero-shot
DL, AL, B4R, Gemini few-shot Dk, il
FRED XS ITIEfEN S 2 BERmOIZE N LT
Kk DERWIEE RS- 72, ZHIUEF 7 HFEE OEIC R
STWEHAIL, BROIEMERIREND 2 ENE
HBLTWbEEZOBNRD,

5.1.2 RR_A VEF—4
AL VEERT — X DS R R 2 ITRT,
£ 2 SFHEROLE (R4 VEE)

LLM ChatGPT Gemini

shot Zero few Zero few
H 100 100 53 39
BEl % x| % x | % x | % «x

H 74 28 | 41 22| 81 .61 | 82 .66
Bal | 34 33| 42 41| 96 96 | 85 84
% |65 43| 75 57|94 90| 92 .82
Migl | 58 44 | 68 55| 94 92 | 90 .86
ffE | 93 50 | 99 55 | 100 1. | 97 .79
B | 57 25| 54 25| 62 38| 64 .25
4l | 24 24| 23 23| 8 8| 80 .79
AR | 96 -01 | 96 .49 | 96 .49 | 100 NaN
# | 78 50| 76 46| 91 79 | 92 8l
HE | 86  -02 | 83 1 | 92 .68 | 92 .67
B | 57 13 | 82 24 | 96 .73 | 95 .48
| 66 28 | 67 40 | 90 75 | 88 .70
g | 65 28 | 75 42| 94 77| 92 .70
SD | 23 .19 |24 23|11 21|10 .19

RO IEMFEZ1E Gemini zero-shot > Gemini few-
shot > ChatGPT few-shot > ChatGPT zero-shot T&
STz, # Z7HEBERITIE, M (97.4) . AFR (97.1)
AAME (88.4) | £ (84.2) & \\o 7z bty 72
RS & 7 Sivie— 07, 445 (52.38) |
fioofEAH (59.34) . BhEd (64.21) . HEE (69.55) T
IR EE DMK Do T,

ChatGPT |[ZHAENZE L TV D b DD, HH H
DREENPREWERMBS AN, ZhicxtL
Gemini £, %< OHEH TEWIEMEZ R LIZA,

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



zero-shot TIE 53 il few-shot TIX X BT 720 39
B L) S & v D BB R S L7z, 72,
few-shot S Tlx, FELRWT—X 2 NT5 L
WOBIHRER SN, ZDZ &b, HhEhen
S T2 % R 6D D ST K - T, Gemini DFF
FEIIRE S EB) L, Bl A IEIC &> T 30%Hi1% &
HEINDAREMEN S D,

zero-shot & few-shot DL Cid, FERM LT 2
HA ST 525HE QMR FE(E L, F7IZ ChatGPT
IZBWTE DA NIE Th o7z,

Cohen’sk [10] 1T X 5 —EEFHIi OFE R, ChatGPT
D) « fEIE zero-shot 5T .28, few-shot S/
T 40 L7201 few-shot I K DUWENHERINT-D
DD, TO—BEIIHFREICE EE -T2, —T,
Gemini M- « flilx zero-shot {4 .75, few-shot
T 70 &L WS E BIEFICE W —BUE 2R
L. few-shot (2 X D WIFERSGEIX R HiL7ero T,
L OFRERMNS, few-shot 70T T 4 T D%
RITET TR TIERNZ LRI,

it\ ChatGPT @ zero-shot S Cl&, [EfESEMNH

WZH b 5T EAMERD TRV, HDVIFAD
1 g T Y NBlEIn (AFR 9
A 86%/x=-0.02) , ZiUE, KFED T L ~DIRF
D BEENTRIBIT O T D AT 2R,

5.2 BR

PLEDFERNS LLIMIZ XL DT ) T— a VksE
WX, EHTETL, Fur T REF, # 7 A,
MBREFOMAEDLEICL > TRELL ELAEND!
ZENHBMNE RS T,

F—lo, BT NVEOERE LT, 555 - AA v
FEOWVTIIZBWT Y Gemini @ zero-shot 23 b 5

m%F%TLtﬁm&Héhéo_®ﬁ%i\uM

INEERTE BB TS LT D Ao /0 Rl 28
ST )T =Y a b By 5 2 B REM &
R LTV 5,

BUZ, e NERGTOHEITET AV TR
fm@WOKOGMQWT@&wmm T X %
TG EE ) EASHERR S 47— 5 C. Gemini TIXHEE D

K HAEOBDBBRE SN, Zhid, A%
THWE3BIE WS IRONT-PIREDOHETH 5]

| FED ChatGPT 4R DZEII R &V (Cohen’s d [13] =
1.14) DIZHRF L, A3 VEETII/ NS otz (d=.07) &
ChatGPT & Gemini @ zero-shot [B] CIZMI S8 & HIC K&
RENEE (d=1.50,1.23) MBIZESNIZ,

— 35856 —

96%/x=-0.01,

REPEZ R ETE RV, L L, BIRBae L3t
RET — X OBMEBRTIZBW T, 01X Y ChatGPT (2
N IEfER O ER R SN2 &G, few-
shot DFEILET WIIKIFITH Y . 4T LHI
FANCE N R TFEL 1TV A RN E R EN S,

FoC, ¥ HBICKDRBEELHEE THH T,
WSl L TOHENME - T4 o % 713,
FREBE D FEFEIKAERIR . EEOUTE TN 2 Bk -
R SUIROFA Z B LT HIHE THY | LLM D4y
WrRE I —EDHIFIN S D Z LR LTS, —H,
BHEMEREOHERBIX, RFTDTERBI R F03 0D
WSV CTHINTAEETH 57280, BWREN GO
meEZB,

Bz, SEMOERL LT, FICASS VEET
— X \ZRITD Gemini OH IO ARLZEMIL, LLM
SRR T A BEO RN - FEEOBLR N D EE
R TH D, FRICEEET — X 5RO AI, &
s RO g Al et 24872 5 BN L 72 V15 5,

DlbaEE 2D &, BIRERIZEIT S LLM O7
%wVEVﬂ%ﬁ\% ZeAEMEL Y b — R
Z TRV, NFICE DL - EIEARHEE L
7oA BIH Y — L & LTQ%O HLDOWEETHD,
Z O RAEIT LLM OFFFERIRICE T S EE AL E S
FEHEET D Yuetal [3] DL LEAET S,

6 EHVIC

AWFFEIX,. LLM & Wi a— A5 =2 DT )T
—va VHEEERRGET D8 vy NEEEZITo T,
ZOFEE LLM £F /v, 7 a7 higEb, % JHHE
SHEOBENNCL s THEICRERENELDLZ LN
B &2y & 7 o7, B2 . Gemini @ zero-shot 135K B
s LT=—J7. few-shot TIXET /I X » THEMN
KFT 5L, Tarr NEFHeE T VEED P2
MRE N EAURE S LTz,

INDOmMEIE, A%O KRR 2 — R 230
wTLMA%ﬁl?6%L\$@T®E@MTi@
<, AR BMAE L MAEDETNA T Y v Ri&E
RAPRRMETHDH L ErT, 5%, JIREFESR
G L2 D EREBGOYLE, M OFHBLE - ZEMED
P, 53 B~ DS FTREME DORRFT S ERE & 72 D,

i few-shot D fil%Z 21 RIS L CRITLIZEZ A,
ChatGPT T EME 91%., FH k =67, Gemini TiE
FL< 85%. k=71 TH-o7-,

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



HHEE

KFROETICHIZY , Algear s F2Bo &
Lo RBERR A GO ER NSRRIk
EARSEE GROUMERE R A E#dR) | iR
A (FREAMEREEERD | 72 5 ONTHE BRG]
FOMNERE R RFBEAE) (TR EHH L L ET,

R P

1. Gries, Stefan Th. (2010) Behavioral profiles: A fine-
grained and quantitative approach in corpus-based
lexical semantics. The Mental Lexicon 5(3): 323-346.
DOI: https://doi.org/10.1075/ml.5.3.04gri

2. Feuerriegel, Stefan, Abdurahman Maarouf,
Dominik Bér, Dominique Geissler, Jonas
Schweisthal, Nicolas Prollochs, Claire E.
Robertson, Steve Rathje, Jochen Hartmann, Saif
M. Mohammad, Oded Netzer, Alexandra A. Siegel,
Barbara Plank and Jay J. Van Bavel (2025) Using
natural language processing to analyse text data in
behavioural science. Nature Reviews Psychology 4:
96—111. https://doi.org/10.1038/s44159-024-00392-z

3. Yu, Danni, Luyang Li, Hang Su and Matteo
Fuoli (2024) Assessing the potential of LLM-assisted
annotation for corpus-based pragmatics and discourse
analysis: The case of apology. International Journal
of Corpus Linguistics 29:4: 534-561.
https://doi.org/10.1075/ijcl.23087.yu

— 3586 —

4. Mi, Maggie, Aline Villavicencio and Nafise Sadat
Moosavi (2025) Rolling the DICE on Idiomaticity: How
LLMs Fail to Grasp Context.
https://arxiv.org/abs/2410.16069v2

5. Davies, Mark (2010) The Corpus of Historical
American English (COHA) full-text data.

6. REAL ACADEMIA ESPANOLA: Diccionario de la
lengua espariola, 23.* ed., [version 23.8 en linea].
<https://dle.rac.es> [Fecha de la consulta: 2025/12/28].
7. REAL ACADEMIA ESPANOLA: Banco de datos
(CORPES XXI) [en linea]. Corpus del Espariol del Siglo
XXI (CORPES). <http://www.rae.es> [Fecha de la
consulta: 2025/10/15]

8. OpenAl (2025-26). ChatGPT (Version 5.2) [Large
language model]. https://chatgpt.com/

9. Google (2025-26) Gemini (Version 3 Flash Web i)
[Large language model]. https://gemini.google.com/

10. Cohen, Jacob (1960) A Coefficient of Agreement
for Nominal Scales. Education and Psychological
Measurement 20(1): 37-46.

11. Landis, J. Richard and Gary G. Koch (1977) The
Measurement of Observer Agreement for Categorical
Data. Biometrics 33(1): 159-174.

12. /NETSE (2024) [THAARSFRLIEOBFE] K

5 BANEE R AL

13. Cohen, Jacob (1988). Statistical Power Analysis for
the Behavioral Sciences (2nd ed.). Hillsdale, NJ:

Lawrence Erlbaum.

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



A 1§% : few-shot 7O > 7 FDHI (HEE, in the soup)

# The attached file contains English language data for linguistic analysis. The first row contains column titles, and data
begins from the second row onwards. Below, "Column A through Column 0" refer to the column names displayed when this file is

loaded in Excel. Columns are separated by commas. At the current stage, data is entered in Columns A through E.

# The target phrase for analysis is "in the soup"”.

# Content of existing data:

Column A (No.) : Unique row number. Since this data is extracted from a larger dataset, the numbers are not consecutive. This

data will not be used in the current task.

Column B (genre) : The genre of the example in that row.

Column C (second preceding sentence) : The sentence that appears two sentences before the sentence containing the target phrase
(Column E) . (Depending on the source data, a preceding sentence may not exist.)

Column D (preceding sentence) : The sentence that appears one sentence before the sentence containing the target phrase (Column

E) . (Depending on the source data, a preceding sentence may not exist.)

Column E (sentence) : The sentence containing the target phrase.

# Content of columns to be filled:

# Based on the data already entered in Columns B through E, please enter appropriate data (e.g., idiomatic, he, 3SG, prove,

positive, indicative, present, attributive, active, inanimate, etc.) in Columns F through 0. For all columns except Columns G

and I, select the most appropriate option from the given choices. Once all data has been entered, output the complete data

from Columns A through O in CSV format.

Column F (sense) : Whether the target phrase in the sentence in Column E is used literally, idiomatically, or in a figurative
(non-idiomatic) sense. Idiomatic meaning refers to conventional, non-compositional meanings such as 'in trouble' or 'in a

bad situation'. Literal meaning refers to being physically in soup as food. Figurative meaning refers to meanings that are

neither literal nor idiomatic as defined above. Options: literal, idiomatic, figurative

Column G (noun) : Extract in its surface form the subject of the clause containing the target phrase, or the noun, pronoun,

interrogative word, or noun phrase that is most syntactically and semantically related to the target phrase. If unknown or not

applicable: '-'

Column H (person) : The person and number (1, 2, 3; SG, PL) of the noun or noun phrase in Column G. Options: 1SG, 2SG, 3SG,

1PL, 2PL, 3PL

Column G. Options: 1SG, 2SG, 3SG, 1PL, 2PL, 3PL

Column I (verb): Extract in lemma form the predicate verb of the clause in which the target phrase is used in the sentence in

Column E, or if there is no predicate verb, the verb most semantically related to the target phrase in the example sentence.

If there is no verb in the example sentence but it can be considered an ellipsis, enter the elided verb. If the example sentence

is a verbless sentence, enter 'none'.

Column J (polarity): Whether the meaning of the sentence in Column E is positive or negative. Options: positive, negative

Column K (mood): The mood of the sentence in Column E. Options: indicative, imperative, subjunctive

Column L (tense): The tense (present, past, future) and aspect (progressive, perfect) of the sentence in Column E. Aspect may

not be present in some cases. Options: present, past, future, present progressive, past progressive, future progressive,

present perfect, past perfect, future perfect

Column M (modification): Whether the target phrase in the sentence in Column E functions as a predicate (predicative) or as a

modifier (attributive). Options: predicative, attributive

Column N (voice): Whether the sentence in Column E is in active or passive voice. Options: active, passive

Column O (animacy): The animacy of the subject or semantic subject of the sentence in Column E (human should be distinguished

from other animate entities. Animate includes non-human animals, and inanimate includes both inanimate objects and body parts).

Options: human, animate, inanimate

# Examples are given below:

# Example 1:

Second preceding sentence: I altered the recipe slightly because I did n't include the red Thai curry paste and I substituted
carrots for the red pepper and quinoa for faro because I had those items in the house .

Preceding sentence: Overall , I really enjoyed this recipe and I was really glad I got to PP @ PP @ @ @ @ @ .

Sentence: Unlike the salad , where I was a little put off by the slightly bitter taste of the kale , in the soup the taste
really complemented the sweetness of the potatoes .

Data to be filled in Columns F through O : literal,taste,3SG,complement,positive,indicative,past,predicative,active,inanimate

(LUTH)
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