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Abstract

Gene editing technology represents a rapidly advancing field with substantial application potential
and significant biosecurity risks. Large language models (LLMs) are increasingly used for scientific
research and communication in this domain. If such models exhibit cognitive bias in gene editing
technology, they may exacerbate biosecurity risks. To systematically assess such bias, we propose
an event-centric information extraction framework. The framework targets six core event elements—
Person, Organization, Technology, Object, Effect, and Publish—and employs a cascaded evaluation
pipeline (“Basic-Rethink-Multi-Query”). We evaluate gpt-3.5-turbo and gpt-4-turbo under multiple
prompting strategies. Results reveal significant structural bias in the basic extraction stage: the
models perform better on relatively static entities (Technology, Organization, Publish) compared
to dynamic elements (Person, Object, Effect). Incorporating Rethink mechanisms and Multi-Query
strategy substantially improves both inter-category balance and overall extraction performance.
However, extraction of certain elements (e.g., Object) remains comparatively weak, indicating gaps
in domain-specific semantic understanding. This study applies information extraction methods to
identify and mitigate LLM cognitive bias in the domain of gene editing technology, thereby provid-
ing a methodological foundation and empirical evidence for trustworthy information processing
technologies and biosecurity governance.
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IR 2 3 A 3 e 0 R DR L AT A B AR A DU T AR VB R A i Th e, 2 — 2R R RN A ) Bk
B S 35 AR 2 A U T ATV AE 0B R . BL CRISPR/Cas9 AR 195 Rl gmfe T B4k kR ilig, 1EHEz)
EMA T SEEHEE R, W51k TP S AN Z 22 EHkK. B R0 =28 E R AU
CBriE . 30, JeHERESE), W P&k, TEE A IS M A0S B DS XS VP 5 s, © o e fE
fil R B

K S Y (Large Language Models, LLMs) % fHH 5l 1) B 285 5 HAR S A A 7, 7815 B (In-
formation Extraction, IE){T:5% 1 & UL HS W5 25 1) S F V8 77 (1 4 ChatGPT [1]). 2RT, 1ZZSBIAISET “ KA
Tt BRI SR S48 7 Faa, AN Al gt 2145 7 IIZRE R BT g & 4k 2w (U0 Stereotypes) A i
FYERRIR[2]. 1M I AT REE — A S MRS A TR SO 5 SEAR RIS R b 13RI, B R E 1
AR RGO B . T, X KRS E A Ok 2 5 AR B R SR R DR g 4B R A v AR A B A
srts . BARIMNE, LLM £ 3 R 48 HoR GUS 0)E B BOh A2 E AT A AR L« 3 9 0 AL 1) BAR R I 5
TERHLELRAT 4 DA WS R SR A M, 4372 24 il i = SICUEAIF 7 1) S5 ]

FERIE &R AUE BRI, [H 5T 2 AR T OUOE R 541 55 3 [ AL O0AL, 9 G A Ak 30 2
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5 387R TAE DL MR BT 53] 1R A0 00 TGO DA TSI T 55 P R[4 ] F8 20 5 41 5
PLSEHL AT 55— @ E[S], PAA BB I H AR TIREE A2H[6]. BAMNUTE F LR S EREY Ry
MHEHERE, 40 LMDX HEZEE A5 3 5 SCR(VRDU) B A SEARHE 5 58 A7 7] Text2DB 1F45 5 OPAL #E
ZESF TE-$d 22 45 a0 EE %3 8] Prompt Chaining ZEA BEJRAT 55 0 140 SIS [0] DAL i AR bl 2 #F
IR ZFEAR G B R K2Q BHREME[10]. AT, i TAEZ LR TRIMBUCEBISESE ), £
Xo] 5 K] G i AT R R R AE L e DU DL (RIS R G AS [R) 20 R I RS PE R ) 22 ) i = % [ TR

BRI —BH S E, A FU B ) 2 R AR U LLM i WL UP Ak D775, i@k fE “ Basic-
Rethink-Multi-Query” ZGHCPEAL RS, RAERFGEFEAN L OERZAY A5 BR. 5. R,
REMT), RGEVEAA R SR 560 N E SHEEE ) SimZERI . A7 S E RSP LLM
T F R G 48 BRI R AR O DL, 9 HAE R AE R S A5 B AR BE L XU T 5 v 3 S g Ak s
WEARHE 5 73R o
2. IREHE

N ZR G VAN RS AR LR i R S i R SO (S SRR ) S e L, AR AR A T — AR T
FOERNE SO HTHESL(E] 1) ZAELRE T2 0 KB BhdniE 5 N TR I EdE 4E, KA “Basic-
Rethink-Multi-Query ” ZBEIPALAFE : 126, EVURMRR NS XSO F A 2 W AT 4k,
JEIT Rethink bk 5 3 F#6 R 85842 (RAG, Retrieval-Augmented Generation) ] Multi-Query #H%} 45 5
HATIER R e, RIHEHIIEP). BEIFR). F1EEDRAER RECV) ST, AT, Gt
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Figure 1. Information extraction framework
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2.1. BIEE

2.1.1. EERBEEHEN

AT AR I R 4B AR SO AT A FE . FARHE SO P BRREE il R AR IR IR BAR S BOIRES 2R b
(b “RAn” 8L R ), HAZOHFMEEM AT T Bz SIS 58 59 ER, AP, 1
B Hbf %, ARHHRRE e, SHAARGHEL, FESEANSHRAEELSENE, A
SORECAR R B SEPRIE B Blan,  “ReRIgntE” & — TR, M “EERgmiE KRR W — . A
B gt B A E SCNELE BLF A MO E RS 50 AP (Person). ZH 4{(Organization) . %R
(Technology)~ X} %(Object) RUA(Effect) & & FK AT (Publish), b5 E 2 L FRED A2 R g FAE 8 T,

2.1.2. HIBKIR

B IR G i AR AU i = WF 7 T 7 1) SCAR S BRAE B . AR T DL < A [ BHE M (stdaily.com)
PSR Eeh R R R BT SO E S B kIR, %M N BTt . A
SCHRE ISR SR ORI TR o R T I A VU L PR SN TR VR A, BRI IR <k
WIS - B GmiE” AR E R

2.1.3. B RERRERE

X “ORBRAE SAEC B bR, AR RN R ARIE SR T E 6 O B, n
Bt ANEE 1 FiR. SRARIE SHAAD) HEhbRiE, HANTRIMEIE, RAX 107 B CRZEE& TR 6
FARBEBRTE TAE

Table 1. Key information tags and descriptions

T RBEEFEREX

tag PR X N
person Z 5K A4 T BATF 4
= WD Tl 22 2 22 T B 57 e =

organization 5 5 S 1 HE - 241 5 L A ) 4 EPZ?ikﬂ%’—KmT’E%ﬂ%Zj%ZK?ETEﬁ%?L?E 57
technology R mEHE AR 44 CRISPR/Cas9 /3 [ EAH AR

object HAR L3 R T K R

PRI IR S K R A AR B v Bt A P9 PR KR
effect SEER R B, BT T b A M RDR K FERE B RORER, A
M F B B R O e AR A TR
publish R PIA T 4 FR {4 T 14 (Molecular Plant))

2.2, RETTLRRR

22.1. KIESHEBRIERFE

T FIAKTE 5 B @ 7 AE Transformer ZER LAl 2 o 28 AR 3T 2017 SR [ 11], A%
OAIHET K Self-Attention HLl, 58&WFT T IR LSS5, AHRIAYBENS AE RO B RN SSERN T
SRR pTA HAA B, ANIA R AR LT UER, HREFERAKFIIEMME . Transformer {5
HE AT it B 5 2 EHES %, 0 BERT. GPT S5AAR AR ) Sl Ak fil .

TR, ChatGPT Z54e#biE At — 5 4F Transformer FEAE 5] N3 T A28 & 5t 584k 2% > (RLHF)
[12], 5 W B O . SR AL ZRF0 SR A i, AR U BN & N B lr 5SE R, #E3h 7 H
SRS AR CBORERCR 5 1& F I 5 T 2 kb

AW FEAE B BB /1% 3% T gpt-3.5-turbo-0125 [12]F1 gpt-4-turbo-2024-04-09 [13]R5 MY,
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Temperature (i BN 0, f#5HEHE, TEEEME S BRSHIE 2 Por.

Table 2. Models and parameter settings
2. BARHESH

T 42 F Temperature S5 & KR
gpt-3.5-turbo-0125 0 16 k
gpt-4-turbo-2024-04-09 0 128 k

222. /-REIFE

(1) FREARIRE[14]: — Rl LLM BB SR I G EAR S O R AT RS AR @&
THE RN . #5850 5] SHRAE s e, SR T XD K. EREES, AT TZ IR ANE
SCERAR, TCTR R EAREEE

(2) DREARILREE[15]: 15D BARFEEHE 10 3 FE PRI E T 5 R, il St D B il 5 7Y
MR RE )y JEAZ O R BT IR, BB R SR 58, D Xt K ARSI B, PR AR
B, FRT RIS F 1

2.2.3. RRITRIR

A9 2% Sun et al. (2024) [16]FIH ChatGPT ZEAT 240 E m FAF SR 7T, MEE T VUM E s in s
#(code. schema. explanation. pipeline). code 1B ¥ ik SCA A F B4 & Kt 2 Fl HUHE 2 Fnfan Hi 4%
s schema FR BRI M FAF IR TCEM | FRE FM2AY; explanation £ T schema Xf % {18703k
BRI AR AT FEARAARRE ;. pipeline PALIRZKZR I 7 O — N FHAF R 0 S EU AT G M B ) . &4
FEA 85 AR 55 B0} LU AR Bl 2 3.

Table 3. Comparison of the four prompt templates

= 3. R RI1E)(Prompt)TEL

AR code schema explanation pipeline
Python CID%:, Jor FATIREMEEEINN Schemat HARES . ‘
K EHE A L ]
it R JSON %H pran FIETES + FESIR
e e |
5 ey ﬁ”%iim’”““ ik % A T T e

IR S HE B

@R ARDAENTRE IR BB SR RS SRS IS i

= {
"W R ToxtPBBEHAR, FHilsonlE=UEERAE, BEMigument typel FERSRBE—, AFAR |

solf_evont_typo event type
self event_type - event_ty
solf argument_types - a argument type
self argument extraction

|
I

i

|

|

|

self_respon: 1

json loadsiresponse) | response |
Event type: ESRIIT. !
Argument type: Person, Organization, Technology, Object, Effect, Publish. |

Text: <text>
e

1Prompt = {
)1 W RERITex b ITHER, FLlsontEUEEIRE, BEMrgument ypeFERSRE—, WFFR |

|
| R

BHED
SHITN

Event type: TR, A Ak

i, AL, LA

Argument type:
Person(£5ZLRFAUERAY),
Organization(£ 533 BAUBRANA),

|
|

Object(FARHIRIR, IHDEETF),
! Effect(ZLRATRRELL).
! Publish(fBN TIFRERFEMTIE, EHEREH, EFEENone).
! text>
|

Output:"

) ! Text: <tex
i I pipeline | |, Output:? explanation

Figure 2. Example prompts for each template
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Ko 2 R 15 72 AN A A BE PP A B AR, KR St i . S B R RE RE ) BRI,
HET 4R B e A U7 VE, WG9 SR I Sd . SRR I 2 Frs.

2.2.4. B (Rethink){&ik

NG TEFERE B Al USTHR AT e AECE A R BB, AWFAU I T — AN B (Rethink) i . ik
FHORTRETVE, B W s BRI (A 3), 515 K TE 5 R SRR bR g e B 4 SR AT B 3R
PR SHEIE[17].

AMRRBEGR: B, KRR erb it GE LI explanation $E7RARAR T 1545 FAE N S B R UG
N FIR, 1EREIER I BRIV SRR (. A SO TEAH RS EIUGR E] “None” 3 HAR LRI 6%
HIHY), VAARA RN DB R, TER WA - ROBSER - BRI =Jud it

AL [F]—15 5 A 4E AT [ L 2% (Rethinker) 5 PEAL #8 (Evaluator),  XTHTAG4HHUE B B0 4P EAT VR
5B, RABEREBER.

AR LA B 5L \n
Lo AR 2R EIF T E O R B 2=, I B TR EZ (42 o il S 2 2 S I HER 22, \n
2. FUUREGAITER I t e x t SCATFIR R SCAR BT S0 77 sURSIIRUE BOF St R & . 7

[ b B s © &)
: Actor Rethinker >

Rethink
Evaluator Response | 1

A

A

Figure 3. Structure of the rethink module
3. Rethink fRIREEHE

2.2.5. RAG Z[a & (Multi-Query) 53R

N B A5 SEBE B  J DR] G e AR A5 L M A AEAE I RR R PR, A 70 51 AN A 2R 3 5 A Tl (RAG) B
TI[18]. ZHEARC RIS F AV AR AT, WAL R R 25 AS RS [19], WEH T3
FEARARFFR BGRB8 (1 DL R T D ATURAT 55 RBLITE 1. AWF AR MR R b, 32— R A 21
% (Multi Query) 5 i LLFETHE BB HER P 572 (e 77 . ABFF3ET Chroma [ S 55038 2 44 2 4038 iR
JE . BT CHL PubMed %5 SCHRIEIISCA, G V)05 9ntt 47t , T T [ 56 8] g 4 B A 0 4
ANERHIR R

Multi-Query J7iE I SEIARAR(E R B, K BB 4 45 A @ vIia ik BEJE, A
KA T A A 22 AN BB R 3R 22 RE A b 78 7 0 il B R3] [l — H RS A R RIE T ) B
FATE BB A RIS R ANRE, FRK TR SR B A TR N E A, DI A R R

BB EER T W RE . — R EE T WARE AR RA A, R, AR TR
B ) 73 i 22 BV AR S A 1R T BUAR R RO, B R A A O S et

=R
Response
—Use
) (&

© fremmm)
| L ,|

LLMm | Vector
i £ X Database
Text '—System

Documents

Figure 4. Structure of the Multi-Query Module
& 4. Multi-Query &R EEH[E]
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2.3. hIEHR

AT TIPS A 2R AL M e 5 0 WL AN 2 T - 7E PR REPEAS _E, SR B RS H 2 (Precision, P). 7 [ 3% (Recall,
R)5 F1 ff(F1-measure, F)/E AL CIRFR[20]. AffUEMm “BAR” 5 “ (B 7 FRIE A —80m0
SR RS T B DL 2R M a) B, A SR A BERTScore [213FAt B AL 1 HUbR 25 5 bR dE AR 25 2 1] (35 SUAH
AEECBUETEFE 0~1). 47 1) BERTScore MK T HI{E 0.8 i, FNULHED; HETXITEMMITHE P R,
Fl, 1HHEARNA(D~(3). FI EBER R BT . BI{E 0.8 Z55 b i, PAELRIEE B e %
PES IR AT T BRSP4

p__TP 0
TP+ FP
r TP @
TP+FN
p1=2FR 3)
P+R

Hrr, TP (True Positive) 7K IERHIUA IER M ECE, 812 BAEE BTSN SCARRT
FIFREE N 2B IE A A S2 ) B . AH S, FP (False Positive) ApKf 1 284 B IE 2K %, FN (False Negative)
K IE U 2%

TEm W PEAS b, Gl TR N FARAE F1 O RIAE 7 R4k (Coefficient of Variation, CV) R4 S AR A KL
B, HatFE AKX WK (4).

cv=2x100% @)
Y7

CV HK, FUFHAIERF I R tAa e, AR BN Z T R Tabr bR 7 ¥ &N
BRI, ATASAEAS [ SF- 2 1 BE K P (B i SR RS2 BTN 50%, 55— 70%)22 18] ] F4% bb s B B2 i

3. SKWERG R

AWFFEBTEEAY LLM 753 g i B SRS BT 55 i 8L, 36 8 bR R B R 1
PEREZESE, JFPPAN 51 AR (Rethink) 5 RAG Multi-Query AL/ Ji HURS FEE K 78 DA i L ) A 8 SR o
SEIGAE zero-shot (BAEAR)BEE N R, #£T “Basic-Rethink-Multi-Query ” ZRELIFAL TR, &5 &1L Basic.
Rethink 5 Multi-Query % #H I TTIk 5 RIR . PR TRIF I BRI ME . ARES FLE, RHTHE
R ) A E P RS 5 R BU(CV)

3.1. Effi(Basic)fEERiT(L

AR5y BAE VAL AN [ SR B 7E B DR g B L X /N 2845 B AR % (person. organization. technology
object. effect. publish)FJHIHAE T LB R T VUSRI /R (code. schema. explanation. pipeline), 7E
gpt-3.5-turbo-0125 1 gpt-4-turbo-2024-04-09 7Y |- 73 IsEAT I, £5RE 5. 14 6 Fros.

SER G BoR(E 5), BRSBTS FARAE ] B RBIR L. T2 gpt-3.5-turbo iL4E gpt-4-
turbo, X “HIAR. AL REIAT” FFHEA& W WIERIHEN F1LESE ST “ AP M5, B8R &
KL Blhn, 7648 R4 R (explanation prompt)if, gpt-4-turbo Xf “4141” (91.59%). “HiAR”
(80.37%) AN “ R IHTI” (79.44%) I E I R IAL T “ NH07 (59.81%) “XF 57 (40.19%)F1“ A ” (47.66%) -
XA 222 S AE AN 8] B 7 ARl AR R A [ S Y 2 B R RE — B EARVE R, AT gpt-4-turbo B {3 H
explanation $2/~H54K, gpt-3.5-turbo 7E code. schema 5 pipeline =Z8H7x I “HR” F1 “ RFBHAT]” 19
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F1 B RMIR. 2O G EFTRE S WL B8 0 [ 2280, B ATREF gpt-3.5-turbo X H27ma] Rt (Y B 1k
5l

F1-Score of Prompt Templates across Event Argument Types

40

20 |

person organization technology object effect publish
Event Argument

Figure 5. Extraction performance (F1, %) of the four prompt templates across event arguments

& 5. MR RARIRAE & F L T LRV HENERE(FL, %)

BRI E, gpt-4-turbo (IMERE R FE T gpt-3.5-turbo, JUILAE “ZHZL” Ml “RFBIHF” S5 LA
W, SR, JE L VERESRTE, AN RISLAR S 8] (AR PR e ZE R AR AP AE . S EX —Z R i) FZ R
CIEEELL U

(1) Intrinsic Bias: KZY1E 5 B /R SO@ AHERL EI0IZR, 5B AR RAEAF L [ A W 22 . w8 “ 4
AR7 LY R CORFIAT” EARBEINZRER T IR . ARG, B HERR r s A
T, N7 . R CuH AR AR “HUR” S5 BAEER R AfifhE HR IR 2, B
RAEAIRT S . PRIk, ABEAUA Ge b A [m) TR0 A0 AR e A, RRYE RS, TORHMIA . KR A5 B iR fg
JIAE

(2) Extrinsic Bias: ASHFFT I ZREAAS Bl HUT 55 32 B ()RR VLG 53 EHERERE /) . fEE
EN, CEOR” G ORI LR B A AT (U “ CRISPR-Cas9”  “ e K2 ”

CAREEEY 7)), SRURRIERERE . BIPREILI. Rk, RO T EAR A KIR R T
HEWT, N7 ARG MR DGR . B B SRR SRR, R R R SCPE R  s AR
REPRM T mER, WMSBORMEREZE R

(3) Inherent Difficulty Disparity among Classes: R A [EALA L5 K2, AR SEARINA & 7
BRI ARG AR . CBOR” LG SRR NIRRTE ) A 44 SEAA, T AEM T ROR” AR
NG, KRR SR LG “WR” a7 AR 2Rt XA A &R SRk, £%F
FEA SRR FHEBOR, ALY T B SR R xUAE J,,  1fdf DL AL BB g A 22 RE AR SRR

ARG RIS 1 OKVE SR B R G A BOR S AE — R “ RS SR B ERT 1 A -
AR B AU i) - S B R R R S SR (U CRISPR-Cas9), 1 AR St 240 1 38 D6 4 4 1 O AT 3 W dmi st

Kl 6 45 R EoR, explanation FBEARUE Z 42 w5 S MU AER EAAS E M. SRR MEVEANERAN T 3¢
(1] “explanation” $E/RHRAR f5, AR IR 25 IR 2 48 A1 1 B AU 3] AR I 3 3 T (gpt-4-turbo AT gpt-3.5-turbo
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B F1 735k 3] 66.51%F1 54.85%), [ A R MK T i 45 5 r A ks W(CV B2 B A 30.68% A1
29.70%). XK, JEIEEILRINE UE R, BB SGERIXT T ARIER R 22 KRB A RE 71, MIA
IR R R, A — R i T R (K S M T 2= .

Mean and CV Values of Prompt Templates

150 [ ] gpt-3. 5-turbo
[ ept—4-turbo
gpt—3. 5-turbo
gpt—4-turbo - 60
120
~ 90 740 .
< e
=
5 &
[} -
= 60} 20
30 70
0 -20
code schema pipeline explanation

Prompt Template

Figure 6. Macro-F1 score and Coefficient of Variation (CV) of four prompt templates for various event arguments

& 6. MMRTIEREZSFHLT LMNETF F1 SRS MEERRE(CY)

BT LB, AWTULE “explanation” FE7s AR 1A JE LGB PPAL AR IR HESENG , B AT
SRR, AmRIHE S e #EYE S AT k.

3.2. RB(Rethink)5 %8} (Multi-Query) {1 ik

NGEARIERE LR T RE P B R SR EE M, ABE TSI T PRGN . — 2 Rethink (S &),
AR [ B AN FE WD A 2R R TG R I 38 L (RAG) ) Multi-Query (% 1), L A Pub-
Med 5 BUBORIEFIZE )L H] Chroma FIRERAT ZRAGR, DEHAEZEHRIFMTE LT XER. B 75
8 AR TSI LIRHUGIRT S, SRR AT e S B AR AR e AR 1

F1-Score of Prompt Templates across Event Argument Types

130 —® - gpt—3. 5-Explanation
120 =® - gpt-3. 5-Rethink
—® - gpt-3. 5-Rethink-MQ
110 —&— gpt—4-Explanation
—o— gpt—-4-Rethink
100 97.2 —o— gpt—4-Rethink-MQ
90 =
g
80
=
70
60 [~
50 =
40 =
30 1 1 1 | | |

person organization technology object effect publish

Event Argument

Figure 7. Extraction performance (F1, %) of different extraction mechanisms across event arguments

7. TEHAEALHIE S F L T EROMENIEEE(F1, %)
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Mean and CV Values of Extraction Mechanisms

[ ept-3.5-turbo 40
150 gpt—4-turbo
30. 68 gpt=3. 5-turbo
29.70 gpt—4-turbo 7| 30
120 - 23.18 23.95 15
15. 14
10. 84
g 0f 85. 20 88.01 110 o
g , -
2 66. 51 66. 04 67. 17 4o
60 54.85
- -10
30
-1 -20
0 -30
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Figure 8. Macro-F1 score and coefficient of variation (CV) across event arguments for different extraction mechanisms

8. TRIHEHLEIE S EHLT ERA T F1 SHSMEEFRH(CV)

FERIUWT:

(1) B MERE R Z T fEI0 Rethink 32 & ] L (Rethink-MQ) &, FTH ZAIM F1 {8 L7+ H
FaI 22 B4 N 7), SR eSO ATL A R AR ik DR s A S B R R R AN SO T B A B R . VAT
gpt-3.5-turbo 55 gpt-4-turbo HIEL F1 737l MIERIR A 54.84%. 66.51%F&F+ % Rethink-MQ ] 67.17%
($2TF 22.5%) 5 88.01% ($&T+ 32.3%), CV {H/HIM 29.70%- 30.68%FF % 23.95% (1% 19.4%)F1 10.84%
(B 64.7%) (4] 8). {ERFEEKI/E, Rethink BLHLE gpt-4-turbo ] organization #5325 RS FF, FIFH
MARH R, HI BT REEA R Multi-Query FRERFERIR AN AR (U0 gpt-3.5-turbo [ technology
5 effect. gpt-4-turbo FJ organization)Lt Rethink FEHLA RIS AR, HEBMAERIERE, NHFRZEA R
LLM R 25 2560, HE AR 340 2 .

(2) SRR ] TR e SOEULART S A e LSS IR S (n “ N7 BT IE N B3 . DA gpt-
4-turbo A, 2 Rethink XLFEJ5 “ A#”7 F1 HARTHE 96.26%, JUTWFE 15 “BoR” 3502 Ml 21,
gpt-3.5-turbo 1 “ AN#” F1 M 41.72%3EF+ 2 57.94% (7). B I AL g % BH B 5 AU AR 7R i AR 3
e TR RN, A R MR AR A o AR e 22

(3) ZEWRRIIFTIEH: RAGMulti-Query BT ZH R BAIEE G S L ORIE, FEMR
ARAEAARE BRSO R R, AR — S SR M. BT gpt-4-turbo H1, B Multi-Query J&

CHEORT ORI AR K F1 ETE, Hoh “XIR” SE5H# Rethink [ 62.62%2 % Multi-Query
(1 72.90% (4] 7). ZSEMERIALBR G “ CRISPR-Cas9” / “Cas9” 25ARK I A

(4) BB w2 in) . A 2 HE) 22 oW, AR DL AR 58 2T FR - gpt-4-turbo 7RIl RAGMulti-Query
WET, “AN¥” EHlFl1 C8FAR 97.20%, 11 “X5R”7 “BER” ViR, 7202 72.90%F1 80.37% (1]
7)o gpt-3.5-turbo TEHR M FHIFRFHE IR, W H AR 7E R iR 55 512 AL RS ) IR PR

Zx AT, 7E5I N Rethink #1115 Multi-Query HH% 5, AL AHERE 5 A AR AN R 2
PRI 7EEAARYERE, TR TR R, LRI TR AT ORISR IS E R IR EE T,
WOEMET “HEBASE, BIHBER” MMM . BE7EETEE X RS, RPNE
PN SR B IG SR TCVEM AR BRI A 22, Ji5 SR 75 45 6 AR FE R i 3 o . A0 22 58 = 1 &
PR LAt — DRI 0 B A B A B R A O R

DOI: 10.12677/airr.2025.146131 1407 NILERESHLE AT


https://doi.org/10.12677/airr.2025.146131

Wity 5

4. FRERE

AW RS R T LLM AR RN G 4B R U5 A UT 55 R A AE I 5 A P DA S w22, RS S5 a
KU “ EFSSE, BT ER” m FOOF “HOR HIRL REIAT” G H S SLAR R RE )
FEINT NV MR RO FRARER . X ZE BRI T I ZRiE R S N AE AT AN I, e ds
BB RHE TN ZREE T o5 LUARAIS, BRSNS s 52 L 7R 18] 14 2 5 4 UM L 1) 55 ZE DR 3R 1
H12y, niRRE Rt RBE AR TGS E RN ZAEREITE A FR, e BRI 7 — 5 R 4
P i, XATRE S IZ IR IX S N A RIR B R AT S s ¢ . W FHAREE, w2 tn]
RER AL TT 2 SLIRRT G AR FRAE BT sl AR 4 2 A V1Al 5 78 B UL SR 1) e B 1

ot b @, AR T “Basic-Rethink-Multi-Query” BEPRAL A . SLI04E R W,
ZHLHIAY e 2 2 R THE B I B AR R Be, T RUE A “ AP XI5, SR S g5 ERIR A
REJT, o8 2 200 IR 50 1, AT ZEAR AR B EAB IEAC R I dR s w22, S T4 th 45 RN A T 1 5
A

SVRTIT S, AR FEA OB fE LLM 1E Llp A5 it R BRVE SR AL 1 S 2L BR 5 SRR YR, o Rt
AN E IS MR R T — SRR . mRSCR AR AR . BT IV R AR R A R IR T IR,
R AR AT AV S B R R T MCCRE, WONE S R AN AR 240
G AR SRS E

REBAFI R, BRI EE TR H—, #oshSE RO “ X2 7 HRRM MR
Tt H T, SEIRHE T PR E TR RE, B SOOI 2B R X 2 RIENIRUE: H =, KRBT 4
A R SHETE A ik, BUCRR TAEE ST

1) RN FIBTHR B e 22 B PR 5 A0 L R i

2) RGEVPAL AN R S BIAR A (PRI FE R ) CE 1 B 5 AR [ 4T v

3) JEI UG . P TE RN SR IGIR(RAG) AL AR A

4) Kl WIrHE AN A 2 2 50 AERE, TREES EMME & RnHE TR,

5) 1EH 2 ORISR 5ok UE b I SRS A B PN B v Y B R AL o

E&WE

B F At 2R H 4 ¥ BT H (25CKX003) .

SE K

[1] Dhaini, M., Poelman, W. and Erdogan, E. (2023) Detecting ChatGPT: A Survey of the State of Detecting ChatGPT-
Generated Text. Proceedings of the 8th Student Research Workshop associated with the International Conference Recent
Advances in Natural Language Processing, Shoumen, 1-12.

[2] Gallegos, 1.0., Rossi, R.A., Barrow, J., Tanjim, M.M., Kim, S., Dernoncourt, F., ef al. (2024) Bias and Fairness in Large
Language Models: A Survey. Computational Linguistics, 50, 1097-1179. https://doi.org/10.1162/coli_a_00524

[3]1 HFSEME, RINAE, SR/NBL. T ARH KR S HAU R TR RHME BB 0 7211, BdiE o0 S5 5k 3L,
2024, 8(7): 23-31.

[4] WRE, &, x5, S5 TH RS B RO 5 8 I]. KEE, 2024, 10(5): 12-27.

[5] BEl, £ XJR, BRaE, 2. R FIREIREE EMBOCE S A, (HEN LRSS # 1, 2024, 45(12): 3772-
3778.

[6] FMIAR. T 240 U2 B4 E B IMBCE AR 7T [D]: [BESA0ie 0], dbat: JERTls R K2, 2024,

[71 Perot, V., Kang, K., Luisier, F., Su, G., Sun, X., Boppana, R.S., ez al. (2024) LMDX: Language Model-Based Document
Information Extraction and Localization. Findings of the Association for Computational Linguistics ACL 2024, Bangkok,
11-16 August 2024, 15140-15168. https://doi.org/10.18653/v1/2024.findings-acl.899

DOI: 10.12677/airr.2025.146131 1408 NILERESHLE AT


https://doi.org/10.12677/airr.2025.146131
https://doi.org/10.1162/coli_a_00524
https://doi.org/10.18653/v1/2024.findings-acl.899

ity <

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Jiao, Y., Li, S., Zhou, S., Ji, H. and Han, J. (2024) Text2DB: Integration-Aware Information Extraction with Large
Language Model Agents. Findings of the Association for Computational Linguistics ACL 2024, Bangkok, 11-16 August
2024, 185-205. https://doi.org/10.18653/v1/2024.findings-acl.12

Kwak, A., Morrison, C., Bambauer, D. and Surdeanu, M. (2024) Classify First, and Then Extract: Prompt Chaining
Technique for Information Extraction. Proceedings of the Natural Legal Language Processing Workshop 2024, Miami,
16 November 2024, 303-317. https://doi.org/10.18653/v1/2024.nllp-1.25

Zmigrod, R., Shetty, P., Sibue, M., Ma, Z., Nourbakhsh, A., Liu, X., et al. (2024) “What Is the Value of Templates?”
Rethinking Document Information Extraction Datasets for LLMs. Findings of the Association for Computational Lin-
guistics: EMNLP 2024, Miami, 12-16 November 2024, 13162-13185.
https://doi.org/10.18653/v1/2024.findings-emnlp.770

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A.N., ef al. (2017) Attention Is All You Need.
Proceedings of the 31st International Conference on Neural Information Processing Systems, Long Beach, 6000-6010.

Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., et al. (2022) Training Language Models to Fol-
low Instructions with Human Feedback. Proceedings of the 36th International Conference on Neural Information Pro-
cessing Systems, New Orleans, 27730-27744.

Achiam, J., Adler, S., Agarwal, S., Ahmad, L., Akkaya, 1., Aleman, F.L., et al. (2023) GPT-4 Technical Report. arXiv:
2303.08774.

Wang, W., Zheng, V.W., Yu, H. and Miao, C. (2019) A Survey of Zero-Shot Learning. ACM Transactions on Intelligent
Systems and Technology, 10, 1-37. https://doi.org/10.1145/3293318

Song, Y., Wang, T., Cai, P., Mondal, S.K. and Sahoo, J.P. (2023) A Comprehensive Survey of Few-Shot Learning:
Evolution, Applications, Challenges, and Opportunities. ACM Computing Surveys, 55, 1-40.
https://doi.org/10.1145/3582688

Sun, Z., Pergola, G., Wallace, B. and He, Y. (2024) Leveraging ChatGPT in Pharmacovigilance Event Extraction: An
Empirical Study. Proceedings of the 18th Conference of the European Chapter of the Association for Computational
Linguistics (Volume 2: Short Papers), St. Julian’s, 17-22 March 2024, 344-357.
https://doi.org/10.18653/v1/2024.eacl-short.30

Ji, Z.,Yu, T., Xu, Y., Lee, N., Ishii, E. and Fung, P. (2023) Towards Mitigating LLM Hallucination via Self Reflection.
Findings of the Association for Computational Linguistics: EMNLP 2023, Singapore, 6-10 December 2023, 1827-1843.
https://doi.org/10.18653/v1/2023.findings-emnlp.123

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., et al. (2020) Retrieval-Augmented Generation for
Knowledge-Intensive NLP Tasks. Proceedings of the 34th International Conference on Neural Information Processing
Systems, Vancouver, Article 793.

Berkowitz, J., Srinivasan, A., Cortina, J. and Tatonettil, N. (2024) TLab at #SMM4H 2024: Retrieval-Augmented Gen-
eration for ADE Extraction and Normalization. Proceedings of the 9th Social Media Mining for Health Research and
Applications (SMM4H 2024) Workshop and Shared Tasks, Bangkok, 15 August 2024, 153-157.
https://doi.org/10.18653/v1/2024.smm4h-1.36

Yacouby, R. and Axman, D. (2020) Probabilistic Extension of Precision, Recall, and F1 Score for More Thorough Eval-
uation of Classification Models. Proceedings of the First Workshop on Evaluation and Comparison of NLP Systems,
Online, 20 November 2020, 79-91. https://doi.org/10.18653/v1/2020.eval4nlp-1.9

Zhang, T.Y., Kishore, V., Wu, F., Weinberger, K.Q., Artzi, Y. (2020) BERTScore: Evaluating Text Generation with
BERT. https://doi.org/10.48550/arXiv.1904.09675

DOI: 10.12677/airr.2025.146131 1409 NILERESHLE AT


https://doi.org/10.12677/airr.2025.146131
https://doi.org/10.18653/v1/2024.findings-acl.12
https://doi.org/10.18653/v1/2024.nllp-1.25
https://doi.org/10.18653/v1/2024.findings-emnlp.770
https://doi.org/10.1145/3293318
https://doi.org/10.1145/3582688
https://doi.org/10.18653/v1/2024.eacl-short.30
https://doi.org/10.18653/v1/2023.findings-emnlp.123
https://doi.org/10.18653/v1/2024.smm4h-1.36
https://doi.org/10.18653/v1/2020.eval4nlp-1.9
https://doi.org/10.48550/arXiv.1904.09675

	基于信息抽取的基因编辑技术领域大模型偏见评估研究
	摘  要
	关键词
	Bias Assessment of Large Language Models in Gene Editing Technology through Information Extraction
	Abstract
	Keywords
	1. 引言
	2. 材料与方法
	2.1. 数据集
	2.1.1. 基因编辑事件定义
	2.1.2. 数据来源
	2.1.3. 事件关键信息数据标注

	2.2. 级联评估流程
	2.2.1. 大语言模型选择
	2.2.2. 提示学习方法
	2.2.3. 提示词模板
	2.2.4. 反思(Rethink)模块
	2.2.5. RAG多问答(Multi-Query)模块

	2.3. 评估指标

	3. 实验结果与分析
	3.1. 基础(Basic)模块评估
	3.2. 反思(Rethink)及多问答(Multi-Query)模块评估

	4. 结论与展望
	基金项目
	参考文献

