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This study examines how the response stability and methodological
validity of large language models (LLMs) in text annotation are jointly
shaped by model-control factors, item-design factors, and levels of
interpretive demand. The results show that LLM outputs do not merely
reflect model capability; rather, they are jointly influenced by local
prompt wording, language, model training background knowledge,
response procedure, and task characteristics. In low-interpretation
stance-expression tasks, specific lexical cues in prompts can trigger pre-
existing stance priors, suggesting that prompt wording should not be
treated as neutral background. With regard to model-control factors,
generated stance’s tendencies associated with model version and prompt
language often exert a stronger influence than temperature settings. In
terms of item design, the key determinant of stability is not scale length
but the compatibility between task demands and model characteristics.
Requiring non-reasoning models to reason before answering, or forcing
reasoning models into rigid output formats, substantially increases
instability. Reason generation also does not necessarily improve
judgment quality; instead, it may reduce both stability and validity.
Furthermore, in medium- to high-interpretation tasks, stability and
validity do not converge: highly stable outputs may simply reflect
the stable repetition of the same bias. Overall, this study argues that
methodological evaluation of LLM-based text annotation should not
rely solely on stability indicators, but should distinguish between
stability and validity while interpreting model performance in relation

to task-specific interpretive demands and research design conditions.
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Egpt-4. 1-mini i TR S BRI LEES © 8 top-pl&liE £1.0 - AR
il e Atoken® o Ryt 00 APTERAR[R il LTI L SRR ST AT RIS P 2
— RO B ALAOSFVAERE - Wi H EhEE sk -

B2~ ISR

— " IR EIARERUE

HET ISR Ra A RS - IR REE S R
WA AR ESS - 2° SERR TG TAERER  BAS T HEEUZ=
LG A —8 > HEHBZ BRI R o NR(E(TE S G RNESRET -
gpt-4.1-minifgpt-5.4-minify TR FEE: £y T R38R, (MRP#5/550.900)
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AR AR SR A SO H B bR RO TEEE e
DMEB R RIS LAY BRS04

FHERH > gpt-5 ARIFEE R " ZFF , (MRP=1.000) > BURAEEHL
TR AR AT ebaTr s - WREAREREE DA 25 - Dbl =
FEEMENRER RN 0 57y - EGIREFTEE = (E AT
— (R A FAN A TR SR AR MRPEH0.900HEF2£1.000 -
TEFEARIREE 2R ) fgpt-5.4 > TIASRRZRIIARMEELIIE A -
T2 BEARIERA GRS > iR LELA R e A
GEIR o EAh (S RIVEEER TERL > {Tgpt-4.1-minifigpt-5.4-mini
th By 2IRAMRP = +0.025 » HABIZEIHFLGER » Fr—(EEA4R R
TEAMFL R T ] G A [E RS AR R -

i i B A — P EUR AR R g B R EIEN R E
[ » Al ERRERA SR 7 0UE - Dlept-4. 1-mini Ry » &R H0.0525 %0.7
BF > E R RR 4R NV R4 WA TEIYMRPEH0.900 N £ 20.667 » FRR(EIZARE
5 | Ry > R O] FERE T R E I M T RRE) AT > HEEE P E ST
—REE A ZEEERI4ERAEMRP = 1.000 « Dlgpt-4.1-mini £{31 > F5R~
BEFESHE > 1£0.0 ~ 0.70UFE R FEHIMRP ST 5] £50.900 ~ 0.900 ~ 0.767
0.667 ; HEESE—FESHE (THE) BRI 2840 - £
H—4ZMRP£50.933 (ORI : 0.7) > HEFMRP£51.000 « Z{#&5 5
BH > (TR0 SR AR S it & S G M [0 B T R R ELIA & o K2k
TEsceTERRaTaT - AFEI T T RER | o AR e REEa et
s Ry R N SR L e -

— REEHIRRVRE

P 2 2200 T PR a5 S W (B AR R N R AY52 2 - OpenAl
AR Oi FEE PRI PR AT JEHE AR - [T EE R #gpt-4. 1-minifigpt-5.4-
mini i {(EHE AR RECF R THIZER - S5RBUR > gpt-4.1-miniffJf
AUREERE S S (3l AP EHARGER (MRP = 1.000, A37
FF) o gpt-5.4-minil| 2FJERFATEES 2R - FOURREERE £0.3
0.5~ 0.7HF > MRP£50.933 ~ 0.867 ~ 0.967 » i X $g raa IR A2 B p 2

(MRP=1.000) -

PRI A gpt-5 4HYNLI5 TT [ 58 2R EE S IRE © gpt-S AEFETRERE
Ry SR Ry SR, (MRP = 1.000) - S RaA A SE 2 AE R
By "ARSHF, (MRP = 1.000) -~ JSRAEHFEAESCFGREESEER
s ERESRATEE > GRANEATRE > EmSE o LANEREE

PAREE ) (FATASCFRRAFIMRP = 0.975) - [EIZJERgpt-5.4-mini
SR T35 77 [ 72252
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gpt-5 AR B AR AT i e [R IE A SR REE 22 - e Ra A
kb E A RATY SRR > A AT RE T SRR i 5% gpt-5. 48 T SZHI 4R
st (ATRE (R 2025 FE BB RZ RE M1 AN R Sl R A P IR (B B R 2 Y
HUERE) - BRIl S SRR SO IR AR 5 - 1B
It ATHER R~ TR R SR AT REZISRER RN A A - A 2 R B AV B
AERAZE ©
= MRERRETRRTE

(ST s SRR R HVEERAGH - SRR B = 5 & i plis A S e H B T
PRRIE ¢ FIEE AR N R R TSAL - FOUR e i RE & AR ALRE
A S BOR S &N 23RN S E - Bl R e e BRREry
BE AN U MR G 2 e

PBREISUER R TR E R - DEEEREM (W
=HhHBSER) - sk (EH T IE AR, - TERE
Ao~ TERBUAERL - TEERSE FAETE U TR K
Hpst (SEKLLM " JesiefiteFllr , ~ " ocklEnigsin st | B T isEs
HE ) BEFELLMAYEIETRE M BRI 2 I (R 7 —Fte o
HAF > BECTLHA FIRYRTETRE RGN ZR - L8 IR S f Bl A
PEHAERCE] -

#1
ML REEEY AT R B HIE 2R

WFseRErER T T1L4H R HIR Z 140
=0, SRR SR, R EORHER (PREEEAE) gpt-4.1-mini PU4H
WAES, SR A SR, A EORER (temp = 0.0, 0.3, 0.5, 0.7)
TR, SRR SR, REOREE gpt-5.4-mini PU4H
=B B AR, R BRI (temp =0.0, 0.3, 0.5, 0.7)
=W, L R ERL, RNESRHEE gpt-5.4 (HEHEFHAY)

OB 1SERE 0. AR, A SEORAER

=B, STR SR, JuBER R I

B ST AR, o RS

=85, SFr R SE, SRR BE (WPEER)

FESIMERR R & - A 70fEMH & £ HIMRP = 1.000H)58 R ELR -
AREHE & A EEZ A FEIIERAYHEEAE ) (BRANERINZ ) FIHEEEE
K (WHFEREERRET ) AVREECRR(2 & - Dlgpt-541ME > ZEEHEGKA T
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AR AR U SO E B AR RO R (T -
LB R R P A B34

BEHREN " 3FF, 1185 (MRP = 1.000) - (A VUTELE & B
TRERE - PIA > ERIEER > ARG (57 52 - [EMRPRER,
0.900 » BURER/D T HREAREIE Ay I TEHRIEE P AT RESSE T gpt-5.4
JFARRREEN: » B AIRIEEN BRI e TR
S2FF, (MRP=0.767) o FHEORBARISEEHEARIE » HAEFRIMERT LIS
FifyE (MRP=0.967) (AU FERIFE - RISCHEBLFEEEEE » AIIGS
FRIE A (MRP =0.933) o IEEERBUR - $Hept-541F > (FEP
AEHEEE P & e B H ARG RIT -

MHELZT > gpt-4. 1-minif AR 5 By —JEHEHRAL > 2 FORHE
TTHEERRE - PREUTEERRAIAERIET > Iyl 4R e =R E (MRP =
1.000) : ZAlf0 > —HEORER e B B - AomE — KIS HBLE
th > BUE IS S (JesiHEL - BEEEEH) - HiRE My
BEUNRE o TEE LR T - MRPUGHERE FF 2 FIEHEEE ME - At
HEFEALLE > SFYMRP/50.833 > BUR gpt-4.1-mini FEHR TR (TS
RS E A A RESER © S5 > gpt-5.4-minifEFT AW LA T R
R T & —2mE " AFr, - HIrAEEHAMRP = 1.000 > F =
R h R EH -

Sre DA SR EIEEG TV IRFTERIRA T ¢ (—) WU
B EORE S S AU SRR AR UCRC - mTRE s B R e AR e MR R
SENZR ¢ OREAYIE R AR AT RE R A ERE A VA - RIS A TR
EZACR - (Z) fEfenadR R AERTATIE T - Wi7e G RAY
BTN - BR T PRI AT RE R IR R R R S ERE
SEF A BRI A ERIRENE - (=) S8 Min e R - i
s e B PR SR AN S 0 AR ISR MMERS P A SRR (E - 2
IWepEEAE R - FEAFEDRE ~ AREBEREYARERZ270REET - (£
H—R (gpt-4.1-mini, temp = 0.7) BEFE T " IRHEAR LR, -

P9 IDRHIETHEFF POV E B KRR
(—) IISHEMERRIRE S
RQ2 MR A R AR BT SO RO T > A ERR R K
[ERAEREGE 2R EEER - ERBIUISRITER - HEEE
hERR TR KAV I HIET T - LM E R HET L SA R & At
WESREE R "ER%= ) - FHERESH30RABUAIMRPE -
BB BRI N R 2= % - gpt-5.4 ~ gpt-5.4-mini »
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gpt-4.1-mini =@ FEE L5 HEMEE P EE SR E M » MRPIHIZER
0.990 ~ 0.968 ~ 0.930 - FEEHADEE FFf > iAgpt-5.4-mini BEEH [ [FLY
0.02 ~ 0.05 » gpt-4.1-mini #LFH T[F470.01 ~ 0.05 - {FiE M =BT Ky
BT MEAMDE R ESRERIERR  (HEAAHE R FIEI SR T
BUISARRE - HEWEE RS EIms B ™ -

P G T LIS A BT IR E A2 8 n] S THEE
gRMtEER RS FEMMR O EREMNER - BEMS » T
et (BHEASCRY ~ BB ) BYFHMRP £50.940 » R BB gl

(&H /RE&H) 190.968 » #FH £50.028 (paired #269) = 3.84, p < .001;
Wilcoxon p <.001) - R Z T » =EhE R A ELE R FIIMRPST R
$50.961810.947 » 325E50.014 » FHEFEE ((269) = 1.53, p = .127) -
Two-way ANOVA #— R > sEgERit A #E TE (F=8.64, p =
003) - MERREINEREE (p=.142) - WEXAIEAARES
HE (p=.099) o h—2RFEERNENRIEHEEAYATE L gpt-4.1-
mini » JCHAE ARG E R G T EEEERUL T - EMRP[F#%0.866 © Hift
HEE IHIF SR A gpt-5 ARITE SRR = SRR E -

RHERR S N A EREMRPHY T8 - AWt EANE
B EEER R G SEREL o S5RER » W E NEHVRER B KA
{48 (intraclass correlation coefficient, ICC) = .101 » YIFBEE SR
FEMR AN AR« FEEE R T H > AR E R A AR HA =
Tl EIRFEREAIMRP (B =-.038, SE =.010,z=-3.72,p <.001) -
FH—J7H > RS E RN ES R (B =-.055, SE = .016, z = -3.36,
p =.001) - ELEFEHDREAVEIZZHEE N - B Ea TRz 4381
BHorEs s BUREEEIRE AR - WIFERMRPE B TR - %58
ME > EHAYSRERERRE SRR EREE N B S
o (HNFIEE AR - #E— P LR RS - AR ER R » B
TR A7e | B 2 SRR (F B TMIR P g fe e Py R -

TEAREI S ERS > R A B4 SRl A A 6 71 B 5 3R W Ui Y A
U BRI 538, 11% (0 il 80 « h&E R BIRTE T SR A% £0.37%
HYRE T B AR I 2R TE A 5] o AR AR AT YL SR AU E S P P 22 2y
AR (NSRRI EETE ) ] RE R B AR T 5 H R R AMIEIR
TR IS > T IR T RS T Y — A ) - T35 A
BN A B E R A 0] BE 1 > BASEER SRR e TE bR - PRisEEST
Friim B TE LB © BREEZ 0 - NEE—EEE - 55 —EthFIL
BRI 5 B o
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AR AR SR A SO H B bR RO TEEE e

PUMEBS 2 BT RIBAL LRI E B AT

g _m- ﬂ&) ‘(6’2’%"

e “ &' 'l*ﬁn(al.in
e
0 20 0 & 8 100
AR (%)
. ERTEN/MEESY W FE/ES W MRS 4 AN/ AN

Bl1 ARREERIER LSS HLER

(Z) ISP HEIBELLER

REREME T 218 - A5 — P i Ba s AL 17 85 H B (£ 75
BRI o Tyl T B B R bl BE I S A LE R s 8 - SR TLRE
RERHEN S OF /=00 IRRISHR - MEEIRET S5 BUR SR » LA
N LTARARRE A R LR 2 - SERBUR - = (BB A HY A IE R A A
BEEFEE ((2) = 525.75, p < 10M4) 5 Hrt s gpt-5.4-minify IEHER =

(82.1%) » HK Fygpt-5.4 (71.8% ) Higpt-4.1-mini (65.3% ) - gpt-5.4%
FRpacE E M A P R IR = iy — 2 CPHEMRPEY/50.990) - HE
IERESRAS AR gpt-5.4-mini » BEUR[AIERR E M B JEIEREME A 228
— %

L AR R L AL FIET Y IERESR © SOREMRIF NIV IERER R
72.3% ~ TAT% 2 4 » BEMEEAR o DLSpearman &R AH BRI AR & & B E
R BLERRA (% - AEAIHSESE R RIS HEN - (2 A REHE RR I BLRY
J& 2 I AE 24 ERRTSE (v, = 0.000, p = 1.000) - EREZEHETIERTE
HREEZE - NIRRT HVEMRMKF ALV (Likert 7IREER - 58
FERRARL) =77.0% ~ L3v2 = 74.8% ~ L5v2 = 73.9% ~ L3vIl = 68.4% » H#=
FEGEHEE (1) =8321,p<107) - BUNEIHEEIRIRERR I SIS
FRRSEE AR BRI T R -

785 F BT B SR R S 1R I e o s BE AL R RS E MR B - H =
AV ES 2AHE T RAVEE R © 105 ) AR E 0 TEH% ) B

TP ES ) RUAHBIEGE - ERREME T 0 gpt-4.1-minify " IL5% ) &
7 TEEERSE ;| (MRP = 0.9822 vs. 0.9000, Wilcoxon p = .0418) ; gpt-5.4
Bilgpt-5.4-mini/R 2IRMHEB - H =FEEAREEE R EEE (gpt-
5.4: 0.9978, 0.9600, 0.9156, Friedman y* = 11.10, p = .0039; gpt-5.4-mini:
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1.0000, 0.8333, 0.8022, 2= 14.33, p < .001 ) ° FFEERERITH - [ E
FERRTT. © gpt-4.1-mini (1Y T 754 & TERESE , (67.33% vs. 57.33%,
McNemar y2 = 43.02, p < .001) ; gpt-5.41) = FEBLF KT £573.56% ~
66.67%5171.11% » Hoit T 378 | EEE = THA% | © gpt-5.4-mini
HIJ 9 A1 5586.67% ~ 76.89%E167.78% » H == 7 B A8 (Cochran’s
0 =98.56, p <.001) - BEESTIE > SeTORBIHIRIATIS - TS -
PR RE AT e 1Y [0 R A I 1 B B A

B G Ene AAEEZS (Precision) ~ [0 (Recall) EiF1
score > MEARUAER[E L08R LAY BUUSFAE R R - ¥ T 3R ) B
B = > Precision = 0.814 ~ Recall = 0.825 ~ F1 = 0.819 ; ¥ " K& |
FERIM = » Precision = 0.773 ~ Recall = 0.842 ~ F1 = 0.806 ; ZA1fj » ' 4
BHEETT S | SR B EFS I By Precision = 0.430 ~ Recall = 0.342 ~ F1 =
0.381 - BB - A RN LIS SE R Y e 22 3R H A (B A TR I
BURKUSE A & THEEPE IS B9HE F -

i PER AR S EE > S R(EEE TN TR
s~ SIRPEREBUEIRGS HEBT B - Bl T ATEREE T > A&
REMT =8 T4 | 75 AN TS E B e BARE T 8 - {H 1,080 T
100%47 2 By S B - ARFERIEREF T R PR EEI S | HEHR
E R AZFRRE > MARERREER LwEr 2R ) 1B -
FH—HlE " B E 2 BB A Ry 2 ST A R R R G Y B B R
b, > N T4miSHEHER R RIS R - (AR A3 © gpt-5.4
E5100%H] 7 FF > gpt-5.4-mini £594.2% > [ gpt-4. 1-miniHI| 5 66.9%H] B 7
¥ o BB S o AR SR I SIRRHE > FEARE I EEE A&
SATH ~ RABEER ~ B IR > DU TR AR TR RS B BU G LT HE
HIrEHy e - EEREE o RS R (A SR eI 2L
ReE =S > R T EREN - IR Eal AR SOARRE > A TR
REBLRRZATT A o] B -

h ~ IESRFIETOVIRE M ELEERE

PR T SR R RAVIEZR HIE Z R e M R L BN > Rl
NETE — B R G g AR E A A - &R - BIEEEAN
TEEE A BB > R[] EN R HIRE S AR ENE - AT
e A N\ JA 4 b5 2 OO Bl e SR REAH BRI Y B S AT 4RI WA R0
FENIERAVESE A SO (65.6%) ~ A —HHVESEA3E (34.4%) - &
BLLMEERER - 1% NSRS E — 2 — BV gRisaE R R e EMRPE{%
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AR AR SR A SO H B bR RO TEEE e
DMEB R RIS LAY BRS04

TREMAERAR2 - ATEEEA FRUNRE AR - RESET
E/KAE - RIS S > BCRE D ITEUR NS G — SRR e 1y
s B ] g 22/ VR (Cohen’s df1f20.16 ~0.40.2f5]) > B AJAGRHS
TSR A M b R AU B R AR E AT

+&2
AERBEEEEIMEBIRE
MRP MRP
Model (Agree) (Disagree) A p-value Cohen’s d
gpt-4.1-mini 0.9960 0.9785 -1.76% 179 +0.402
gpt-5.4 0.9751 0.9871 +1.23% 370 -0.164
gpt-5.4-mini 0.9695 0.9839 +1.48% 284 -0.189

3 P MRP @ b (modal response proportion)

HE— DR PR NS — B R T DAz A LRI & 152
—EUHYSOELSUANE Ry EEB B - At = (B IR S s TR SR AUAE S
SIS Y SRR - 45 RETR - AR 2R T Rept-
5.4 (80.73%) -~ gpt-5.4-mini (78.36% ) Eigpt-4.1-mini (77.80%) ° [
1A =B B $135 [5] —HESCOR BT IR - R BR 8 A R o &Ry
Cochran’s Q@ e LLI HELHG 2 52 - Zi%éﬁET » = (R PR YRS 72 SR
TR (0(2) =9.89, p=.007) o #E—LL McNemar fi & #E 77 [ WA
L% 3530 - gpt-5.4 AYAEMEREE S ept-4. 1-mini (p =.002) Hlgpt-5.4-
mini (p =.028) > [gpt-4.1-miniBilgpt-5.4-mini” [l fk 2R AHZE =
(p=.602) - BEMS > ELN T —BEVRETAIE RS E AR
T o gpt-5 AENEZE TR R HF IR » figpt-4.1-miniBilgpt-5.4-mini
HYRUERIAAAEAT » HL—E R fﬁ:’}fﬁﬁ;?fi?ﬁ‘qﬂ TR 72
REERBAREEH - MR EEARE - #—FPME » gpt-5.4F R
PSR HAGRE @%@ﬁ%ﬁf%:ﬁ%%ﬁifﬂ‘“* BRI R T RS
B AT ZRAYHERERE ST -

I\ BIEFRERER TR EENEGEIEER

FyalEWFE R - SEEGE R B = A Rl R K g
AR E f%%ﬂx&ﬁﬂﬁ%%’e (R RV ILGRAER T - A IR
Bt AvRRE M (MR TMRPEENT1.000) - {EIEFEAS E 1 o R (R
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feoran YRR EE s ELEE S hRAS - S A R A SRR T I B 1L 0
B o MIFEHEB ASHVHIETRE T - it - tt—EBPRVSREN - B2
HIER T AREN: ) Ik TR, -

BB 2 PR R R RIS FIE - AR RS e
F2E (MRP£Y0.930 ~0.990) - {HEBHALERIE G & BRI EBIITE
TENVE TR > BURHARIEER a7 FRE B R R R S AR E - &
RASERYE - (EILEB T > eV B E Z R B o B © 30 P A i
HEFFEE 2V - AR EE S R T IERER - BUNMER A RERS
TEMEE [E—HEfRRR > IR i E

VeSO RAIEAR AT RS T - AR E MR ANTEIT T
b > HIRREE NIEARRE o3 BT 24 B - BRGNS R 0 E
{ERERATRIE - 28I - A [ER AL 22 S A E 2SR g
BHEERE AR AU ERE 2R H b S PR S R - IR B AR A R S
BRRAZRAR - 052 > FEeBRRR ST BRI R 5
Fmps TSR IEMEE S A, - Ik T R EREREEL -
HEHE -

BRGNS > WIZEEREUR » LLMAE AR EB T AYRI > Wk
S B MEEN—E T REM RS e
AySEREMERES - FERERRBFRRES T > REnSH S ZHEFAmE £
FEspRe R oRER T - RREVERS [ HLBA R B o B - e S sl fs oK
oo FRE MR ERE A RIER - b4 R - LLMAE B SCARi L
B > BIyiEemar b 5 FR 5 8RR ~ BAIgE T Bibgeaeat ik
7 > A BERHRE M BB R B R I R R A URAEAE -

h~ RS

AWFE DALLMAE SCARE S 175 th Ay [0 FE 1S 7 1 B 5 VA 5w XUE o f%
0 BRI RI R R -~ R ET R R B R 7 SR @ 4l fe]
LRI o BRGIAIT4E BT - LLMAYE S0 3 F B 4 K7 i 55 U 5E
71 M= EiereE/ailaten - GEE il - BEAGISE 5 - (EEEFE
PEEUEFMEER L E R o th—45 BT F LLME B S M4 4w i 55 89
LA —2 - AR E R R R T ~ iR TR A S
FIARAE PR ARAVEESK - IR ERUR A BEE B S B EE TR K
(Chew et al., 2023; Dunivin, 2025; Hou et al., 2024 ) -

HI 0 IR KL SR AUEH T AW FT s FR e VR
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AR AR SR A SO H B bR RO TEEE e
DMEB R RIS LAY BRS04

TE X FHRERG R SR A 15BN RG> mIER S EEH -
BRI MREERBEEE~E R F SIS RR » (Fa e
FE e FITa S5 A B R R A S R N R NIRRT 85 - W 1F
BARIPERIRZE b NEERI R AR 1% 0] fE A4S B A [E B R R = 1Y
AREN » R E8E KWRERERS « Bl EE X FHRERTTIE
BN o R gpt-5 4 IR BHEERY RO E S B BUREEE NERRE
B ot ] A R BRI FH A RS RAE S AE R T 1) 0 bR B A RN
E R R AT E RS ERETE -

HE > EWFREERET L AR R AR E RN ER
RIS » MAEEEZE R E S SR DEEMAE o &I EHEE IR gk
SefERMEEEIEE - SRR R HI B AR EEERAEE AR EE
R - s 2 o WRIRI 2 BAEEEE DS K e
ek s e 5 LAY (o] PR RIAH VTR © SRR LG R KR A R I
fC > imIEBIL SR AR EN EA -

AT IL 5 R A Ry 1T 5 HI BN o A (R R A PR IR A
BYL o ISR AUEE S - BEAI2T R (5 F 7 Bh S R R ls 0 fim 55 0
BAEIIGHE TR T > RN 240 M A A R T > 1T R SO S
SIEERAREEER - ZAEREY > MEFETE T UGBS RERE
B T HEEM A SORIIES | MEAREEE T - AR EFREERISIE A
FHIE]

[EAh - Rt ErR - SR BRI E R LD T A A |
BREE Sy - TEE S RAEER » —2 e B KR » 2 BalEEn
SetglEfy o FEIIGMHEBTE T > BB EOREA g 15l > @ thE
KEERFSCERTEREE - BAESEBEEEE » maE A E i Az
o R TORERER - 1R EEE TR - e, o WERNE
P A B R R PSR R EE - A8 BEUREE FH AR R R A RFE T HIE
B > K ] BE R AR AN TR IR o ATAERTR IR BEORH A R EHE H
B I AR S AR (L R (B A TN » WA RE#R
Py i U E{EF-E% (Dunivin, 2025)

i& o E SR ki 15 HI T R AL RS > AR E—
Figd - BEMEREFEYERGIA ST - AR D EEREE > AR E
BEMERE—RR - THAEEREIEST  AEEHBEES 20
Al AR B e R R SRR TR - AR B B U S IRAE AU - i IE
SEMAS - BEEINS - AUZEERE - LLMAA SCARREERE - 2575
P A FE IS SR R E 1 PR RS AT M H EIR AR TR oK
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PR et ~ AR M BN TR 2 R RH R < 12 I FEER A i 9T
LLM EHBE M ey 3LE £k - HEEREREAEE - MAERIELE
I E ST B 1% o BB P H AN AW FURARAY A E T2 (Shin, 2025;
Wen et al., 2026 )

p= ~ SUER

AW A EE N I A wm Bk 0 TR ER B LLMA SRR ey A=l 22
B NHHEEAR R BRA TR | R o TR A R A ST T
PRI MRV ERCRIE - BPATHRCEZTdEH » LLM EEMECEER
SR HVRIR - FERRERGT - GIEAEE - BERREEEG] - £HE
R E T e K E) (Chew et al., 2023; Hou et al., 2024; X. Liu et al.,
2025) o AMHFEHE—0 S Lt ikh ia (E R HE S S AR fg 2 > S5 ERE]
MR EE - HESEREZET » RENEESRA - FEiEE: - s
FURBUWEBSIET - B A E R AR E MRS - 23R » LLMIYHT
7% IR BE b A EL RS RE TR R 2K - e Bt R (E R A A a4 R
B &R ETHRSS -

HRK o RifsessREERTE Roy T EREAERIHEE > DA EHR
MEEEE ) BIECAIRE TREFBENEIE - (e mERE » 20K
I A 3 B A Bh A i 78 3 B B (4% 5 28 ARWH9TEUR
TEILSHER S B A RCR ORI R - E B AR s | A8 -
15— BBy BEA WU A R iaY — 20 - AT E S B (s 5
AR USRS P ERE CE B AR — RS - (HE TSR IR s 1 B
R RIFI AT FE 3t ST E RN & - A RaSEFTA (75 R # R T

(Dunivin, 2025) - [Ht > 0775 RAEE @ SRR 2 B
M —HREERE T BEHRETEE - EEBAGUIKESIYE - K
A~ BUGTUEREGEE TG > B AR A TR (R AR DU RIS HRE =
HHALEA R - A 2T N TR -
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Introduction

Large language models (LLMs) are increasingly used not only for text
generation but also for automated text annotation in social science research.
Prior studies have shown that LLMs can perform sentiment analysis, stance
detection, deductive coding, and document classification with moderate to high
agreement relative to human coders in some contexts (Chew, Bollenbacher,
Wenger, Speer, & Kim, 2023; Gilardi, Alizadeh, & Kubli, 2023; Hila &
Hauser, 2025; A. Liu & Sun, 2025; Wen, Clough, Paton, & Middleton, 2026).
Once LLMs are used as analytic instruments, the key methodological question
shifts from apparent accuracy to the conditions under which their outputs are
stable, interpretable, and methodologically defensible.

Existing evaluations often focus on accuracy, agreement, or prompt
engineering, but less often distinguish among tasks with different levels of
interpretive demand. Some tasks can be completed through explicit lexical
cues, whereas others require contextual inference, implicit stance recognition,
or abstract frame classification. Recent research also shows that LLM outputs
are sensitive to prompt wording, language choice, instruction order, and
uncertainty options such as “cannot answer” or “uncertain”(Dunivin, 2025;
Kim et al., 2024; Shin, 2025; Ziems et al., 2024). These findings suggest that
prompts are not neutral instructional tools; rather, they constitute an integral

component of the research instrument itself.
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This study therefore shifts the focus from model benchmarking to
methodological conditions. It examines how LLM-based annotation is shaped
by three dimensions: model-control factors, item-design factors, and task-
specific interpretive demand. Using the public controversy over restarting
Taiwan’s Third Nuclear Power Plant as a common issue domain, the study
compares three tasks—stance expression, stance detection, and frame
identification—to clarify when LLM outputs become stable, unstable, valid, or

misleadingly consistent.

Method

The study selected the controversy over whether Taiwan’s Third Nuclear
Power Plant should be restarted because it is socially salient, politically
contested, and associated with multiple competing frames. This provided a
common substantive setting for comparing tasks that differ in interpretive
complexity while holding the issue domain constant.

Three annotation tasks were constructed. The first was a stance-expression
task, in which the model was asked to state its own position on whether the
plant should be restarted or not. This was treated as a low-interpretation
task because it mainly involved generating a stance under a given prompt
condition. The second was a stance-detection task, in which the model judged
whether social media comments supported or opposed restarting the plant.
This was treated as a medium-interpretation task because it required the model
to infer another speaker’s position rather than produce its own. The third was
a frame-identification task, in which the model classified discourse segments
into one of nine predefined frames. This was treated as a high-interpretation
task because it required deductive application of abstract analytic categories
to discourse, similar to prior work on automated coding and frame analysis
(Chew et al., 2023; Xiao, Yuan, Liao, Abdelghani, & Oudeyer, 2023).

To examine how design conditions affect outcomes, the study manipulated
two classes of explanatory variables. The first consisted of model-control factors,
including model version, prompt language, and temperature. The three models
compared were gpt-4.1-mini, gpt-5.4, and gpt-5.4-mini. The second consisted

of item-design factors, including wording choices, lexical cues, response scales,
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whether reasoning was required, and whether reasoning came before or after
classification. These manipulations were informed by prior studies showing that
even seemingly minor prompt changes can affect coding outcomes (Dunivin,
2025; Hou et al., 2024).

Stability was defined as the extent to which a model produced the
same output under fixed input conditions across repeated runs. Validity was
examined by comparing model outputs against human coding in the stance-
detection and frame-identification tasks. In the frame-identification task, two
human coders labeled the discourse segments, and the subset of items on
which both coders agreed was used as a stricter benchmark for model accuracy.
This design made it possible to distinguish internal consistency from external
validity and to test whether these two properties moved together or diverged

across tasks of increasing interpretive demand.

Results

The results show that LLM annotation behavior is not simply a reflection
of general model quality. Rather, outputs are jointly shaped by prompt
wording, prompt language, response procedure, model version, and task
type. In the low-interpretation stance-expression task, specific lexical cues
embedded in prompts activated pre-existing stance tendencies. Terms related
to identity, decommissioning status, or plant location could shift the generated
position, indicating that wording itself “materially” influences what the model
appears to “behave.” This supports prior arguments that prompt phrasing can
change annotation outcomes even when the nominal task remains constant
(Dunivin, 2025; Ziems et al., 2024).

Among model-control factors, model version and prompt language
generally exerted a stronger effect than temperature. In particular, Chinese and
English prompts could produce different response tendencies, suggesting that
the model drew on partially different discourse associations across languages.
Prompt language therefore cannot be treated as a transparent delivery medium.
Temperature was less important as an independent source of instability;
instead, it can be seen as an amplifier to increase mismatches between the task

design and the model’s response mechanism.
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Item-design factors were equally consequential. The critical issue was
not simply whether a scale was longer or shorter, but whether the design fit the
model’s way of responding. Requiring non-reasoning models to explain before
answering, or forcing reasoning models into overly rigid structured outputs,
often reduced stability. More broadly, the results challenge the assumption that
adding explanations automatically improves annotation. In stance-related tasks,
directly requesting a judgment often produced higher stability and, in some
cases, higher validity than requiring prior reasoning. When explanations were
included, an answer-first, explain-later procedure generally performed better
than an explain-first, answer-later procedure, and both typically outperformed
split multi-stage procedures. This pattern suggests that generated explanations
may function as post hoc rationalizations rather than transparent reasoning
traces, a concern also raised by Wachinger, Barnighausen, Schifer, Scott, and
McMabhon (2024).

The results also indicate that models behave differently when expressing
a stance versus detecting someone else’s stance. In the stance-expression task,
models tended to avoid the most extreme points on five-point scales, showing
a centrist bias when generating their own position. In contrast, when judging
social media comments, the same models did not consistently avoid extreme
categories; instead, they used stronger labels when the textual evidence was
clearer. This suggests that “stance expression” and “stance detection” should
not be treated as interchangeable variants of the same task, because they
involve different interpretive operations.

As interpretive demand increased, the relationship between stability
and validity became more important. High stability did not guarantee valid
annotation. A model could be highly stable while repeatedly making the
same misclassification. In the frame-identification task, model differences
were more visible in validity than in stability. GPT-5.4 achieved the highest
frame-classification accuracy when compared against the subset of discourse
segments on which two human coders agreed, outperforming the smaller
models. Yet overall differences in repeated-run stability were limited.
Moreover, categories that were more difficult for human coders did not map
neatly onto lower model stability. Human ambiguity and model instability are
therefore related, but not equivalent.

To sum up, these results support a layered interpretation of LLM-based
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annotation. In low-interpretation tasks, the main risk lies in lexical triggering
and prompt-framing effects. In medium-interpretation tasks, the main
bottleneck shifts toward pragmatic inference and implicit stance recognition.
In high-interpretation tasks, the challenge becomes the application of abstract
coding categories to discourse-level meaning. Accordingly, model performance
should not be discussed as a single stable property. It must be interpreted in
relation to both the research design and the interpretive burden of the task.

Conclusion

This study demonstrates that the methodological evaluation of LLM-
based text annotation should move beyond isolated performance metrics and
instead treat model outputs as products of research design. Across stance
expression, stance detection, and frame identification, the findings show that
stability and validity are jointly shaped by model version, prompt language,
lexical wording, response procedures, and task-specific interpretive demand.
The main contribution of the study is therefore not simply to identify the
strongest model, but to show that the meaning of model performance changes
across different annotation tasks.

Several implications follow. First, prompt language and wording should
be treated as part of the research instrument rather than as neutral technical
packaging. Second, stability and validity should be reported separately,
especially in tasks requiring contextual inference or interpretive coding.
Third, reasoning should not be presumed beneficial; it should be treated as
an empirical design variable whose effects depend on the task. Fourth, in
high-interpretation settings such as frame analysis, human oversight remains
essential. LLMs are better understood as collaborative tools for preliminary
coding, screening, or comparison than as autonomous replacements for
researcher judgment, consistent with recent discussions in LLM-assisted
qualitative analysis (A. Liu & Sun, 2025; Shin, 2025; Wen et al., 2025).

The study also proposes task interpretive demand as a useful framework
for understanding why different annotation tasks fail in different ways.
Surface-level tasks are especially vulnerable to lexical triggering and
wording shifts; medium-level interpretive tasks are constrained by pragmatic
ambiguity and contextual inference; high-level interpretive tasks are limited by
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abstract category boundaries and discourse-level meaning construction. This
perspective offers a more explanatory methodological account than generic
claims about one model being stronger or weaker than another.

Future work should test whether these patterns generalize beyond nuclear-
energy discourse, compare deductive coding with more open-ended thematic
analysis, and incorporate more systematic treatment of abstention, uncertainty,
and coder disagreement. Longitudinal comparisons across model generations
would also help determine whether the observed instabilities reflect enduring
structural limitations or only temporary features of current model families.
More broadly, the study argues that LLM-based automated text annotation can
only be evaluated responsibly when model behavior is interpreted through the
combined lenses of research design, uncertainty management, and task-specific

interpretive demand.

154



	圖書資訊學研究20(2)-04 謝吉隆

