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PR AR . AR T S DA LV, BRI
80 J7 ANFEF A A, JLHAE 15 & 29 Z 4R AR,
HAE %W HSE = KJE K (World Health
Organization, 2022), X — " IRILR N B T Y HiHh 2
XA JRURS: PR 3R kA7 S TR A 2T TR 0 )
Tk o 1E A RBFFE4IIE, O'Connor il Kirtley (2018)
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integrated motivational—volitional model, fAjF{ IMV
FEAD) Jy 58 SR A T — A A A AR G A DA T X PR
B ny s LB B A2 2 7 A [ AR AT I RS B By
PRABHEZE (B X Bk %5, 2023; O'Connor & Kirtley,
2018; Ordoénez-Carrasco et al., 2021; Shahnaz et al.,
2020), BRI R T ShHLAE R Z A B 2 2% B8,
Hirp [ A% 7 2 (Suicidal ideation) ) 7 4 B 2 5 8
2 AT bR R AR =, WX AR R
HE AT FL I AR 0 R T Y oG B B B2 (Huang et al.,
2022; O'Connor & Kirtley, 2018; Shahnaz et al.,
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2020; FNISF 4 2022), IMV KL K H— R 1) SEHIE
WEFEAA N B A AT 0 W8 S it 1 SC B Y 21
WA, sk T B AR B T A T
TR B,

ALHE 2R BT N O B R D e il A%
G207 1 FEAMT A PR R Rl A BT RY Ik PR
1412 A F- Bt (Batterham et al., 2015; Beck et al.,
1979; Ghasemi et al., 2015), X675 B T L5001,
{BAFAEGCIRIH BRSO BAR AR T 8 % &
SR B SRR BR, LA | 5 R R A 1
FHF AR T o A0, Yin 55 A (2019)i# i3 5 25
R, TE 1759 24 W B A — T 22 WORT i A1)
Z5EY, Wik 84.3%M B FH MRl N+
BN TR B . RS B A R AR, A
TEAE SR & 1 3 F R8N bR 53 5
FEEARE T — DAL, BONR S A SOR R
K H A ESRBNEE . Liu 55 A (2019)48 Hi —Fif
28 I 3 3 { & Wi B (Proactive Suicide Prevention
Online, PSPO)E . &G HLanFTH AR, —RFIHE
THEAS AR SCA Y A A& AR AL B i A, X
SEAR AR 3 H S AR I SO R R TE B AR R SR
ik, IR R SRS R, R A AR
R U T —Fh AR R AT LI et al., 2020;
Liu et al., 2019; Renjith et al., 2022), LT XA K
4 T A 2 G TR I Y R 68 o R M A B A A S I
W, B T IRBIRETE R B R KR SA, T A
ARAT A IR IERE T B A9 T BE(Liu et al., 2019;
Shing et al., 2018),

SR, SUA G 05 1 M et o > TE A iR
SRR A B A 2% 20875 T [R) R T 1 2 B AR PR
AR AR S AE S 2R AR EF R
ok, PR FRIR 0 2 e RN 2 M 45 SUAR S B O vk
R T ERIEXE . AR B TEIR R — R Q1 1 H R
2k, BIVAIH RIS H A< A (Large Language Models,
LLMs) R ilim Bt . 2Ry H AR 2SR, it
RS 1 5 TR e i A TR AR Y 0z AL e T RN
W, T R E R TR SR A AR HOR SCHE
11 BREIEERZENSHEMEME R

HAREREMNME A —F A ZE R A A&
fr AR Rk, TRl IR R BUR A A AR TR R
B XS 15 5 (O'Connor & Kirtley, 2018), 531,
ARTEF AR F i A R B RIR 5 bR A RAT
R Z AR & IR GG R, JUH SRR AT
& (Arunima et al.,, 2020; Claudia et al., 2022;

Robert et al., 2020), AEMMIRH AL H 3= &% T
RN HSE, AR, Tt b & B HK
PIFREE b, AR F S B SR R 2 Ry e
WE ROk, AR EART BRI RIL B
GAE M R DA R B B9 4T 8§ 38 (Homan et al.,
2022; Pestian et al., 2010; Scherer et al., 2013), M&
ERIBARBESEND BENEF ZHEMME I
PE, 4 SOR AT AR T EORBRAR

B, MEARIKARBEEWITAZFZHE, K
FIRE B R ER, W] AR I BR i | Z= i i 7 ARk
DIMERFGE R B, AMATT BE 2 b0k R Ak iy Al
2, S A A AR BE AR AR T A5 A
T, B 22 i A ] T B P R R R S R
BB, Wi R I (EREM 4,
2021), X Ry PR IB AT 5 E AR FE T Y
[ AR S i B e B, OIMERE AR . I
UK, AR T BEE il R BAR Y B TR AT A
THRRIBER, AR EIME TR
“PHLE]VR — 74 (Liu et al, 2019; F 2 4,
2021), X ZFEFRIKARXS ELE, (HE H R I TE R A AT
AR AN TR, R GESCAR 3 W B B A R Y
SRR . RIS, BR T EEEMIEENE S
ik, MARY A A& T BEHTETEX 1 2
MR REE . RSSO WA 1 (Homan et al.,
2022; Pestian et al., 2010; Scherer et al., 2013), Xl
BRI 5 1 RE A% 4 T AR 70 HOTE SCAR 4% Ak Y 32
SRR, IR RS S — BB RS A,
WeAb, AR SCAGE 3l AFAE AR IE AL . Bz )
VEEEH TR S, DR T B
PO A MERE

BT AREEE T RBN SRR
P, B3O AT T kA ok T E RPN . A H AR
A5 T 5 RS | 1 Joi o N 2 A s 1 TR R A
BRAYIREE, 7 E 6 24 A A S ST AL PR RE
o anfy A3, EROBARBOKIEL . 2R H R
RS, MR ATER . R AR AR RS
PUNBE AL — A R PR AR 0 R  , X A 2 AT AU
fift DB RO B2 1)
1.2 LLMs% B RX TR e AN E

BEE A ARTE H AL R HT, LLMs /Y
HE IR Sy SCAS A 4 i R 8 2R B A TR A R TR Y
BHL, LLMs j&— 28I Tl i SOAR TR R 2R il 22
WOEXARAY, B SRR I TR = B . AR ORI HE S RE
(Hagendorff et al., 2023; Huang et al., 2024; Shorten
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& Khoshgoftaar, 2019), ftF A9 LLMs 41 BERT .
GPT-3., T5 FEA(EMHIEM T . U | A5
T R 5N A Y Pk g
# ¥ (Chang et al., 2024; Thirunavukarasu et al.,
2023), LLMs £ A A& B &l v BAA B RPN H #r
H, EEARIEAE R A = U PN T T

H—, LLMs BE#%2E il it . 2 R0 A R
OUAR, ARG R AR AL TR R S R i —
ol ok N B R B B AR BURTRE AR Y 78 R iR Il
% B BE #J $ R (Shorten & Khoshgoftaar, 2019;
Zhang et al., 2024), 7 552 ff b 13 FCHE R Sloo] 5 75
P B A BR 1 o 18 X LLMs i A H AR &S 1 By Fh
TR AR R, AT B Bl H A R 0 B H R R
DU . X B A I N A TETE L L TR L TR
G755 S SCAAL, BERS R R HLFE R AR
IR RS Z R K AR B BOSCR T
FEIR A, T R T OB A iz Ak v e,
HOO G b 3E N RS st R 2 A IR E Rk
(Zhang et al., 2024),

H, LLMs A BB RTAE S 58 KA A A s
SR A, e RIS B B R MR A B N R bR T AR
T ke 1) ME AL A% B 1 SCAS TR I ASE Y 55 BEAE AR T 4K
P b oEAT R B B A MBI SR, T s o A v A
AR I AR 5 o LLMs KR HL 4o K 118 7 P
Re T AANPLERE R Ty, BEAS I TR i B A
SCAS FEAT HL A% 27 ) FHE PR (Chang et al.,, 2024;
Thirunavukarasu et al., 2023), X &K E IEEARE
B AT L Z SO, LLMs o R 1 ) 152 2 i
DR R FIER R, PREESR [ R B SUR MR E A
X, IRz R8s . Biln, PFoRss al Lhix
T B A B SN ST 55 S a5 ) (< H 7 T 91 3Rk 7
TATE AR ER?Y), sFEH R 18 1 JEml R 512
DA IERAEA, LLMs BIRTXE B A 4] 17
ARBEHN o X MO IR T X R R 1 E A 1Y
WM, A B MR 15 BRI K A, i A A AU
WAL R

YT U R, LLMs 78 A R B & SORE SOy
TSR R RE 7, A Al ok I X 1R B 2 Pk AR 1 B AR
T H . HARBEMERE | F0E R85 7 0 I e 3,
A A TE B 1 5 s i 9 S5 08 TR A7 i S BN HE A
B, A AR RSN ESOR R AT W BOR B .
LLMs 5| Al ARG B 2E 45, A 5 0 48 T 3 AR A
o LI TR A S8R RN A A8 o

13 MARANBTRIEZR

AW SRR RA A LLMs $i R 2T AR E &
WU AR BE R B AR . BRI, AF5E 1 a@ad i
LT LLMs MRk, DU A RS
T B R G ) T, B9 2 e RGO 4R L IZRIN
FIALRY, DU E A 2R A AR SR IB IR
HIRE ST o ASWFST I 2L H bRty g — A =R, M
) H A RSP RMELL, HEI o B R B T AR
PO FT B FAR SR o AT A8 A 3 R
1 DR 220K LLMs BT H A =S8R,
P& B — BT A B A R s 2) T R T AR A
P B AR AL, DU 2 TR R E R
R ME—ATTY RISHEL, HEET | B
SCAR I A AR AR A G B S . X SR E A
AMUHESN A AT H AR R R R, W N TR ReEO
L 5 48K 114 17 P T RE BT A AIE 52 5 ) o ASBIF 5% A G
WIS HH G B30 40 o BIFSE 1 EFX A R S8 1
SRAESS, SRA LLMs R BEATEE 8 . DH5E 2 £
WF5E 1 BB ISR IR b, X R SCORIRUINT 55 9F
etk AR HELL UL 1,

TERFSE 1 v, ARFSECRHTT LLMs $0R, HET
AFRE AR S RE, 8t A [F 5 2 R (R
FEBREA 2] | DREAR S ST W B 24 2)), S
Fiit A A B SRR, S G RE, AR
P T ARG RS . FERFSE 2 h, ABFSER A
TAEBE LS > I Ml LLMs J5 1%, 7E R RS0 4
FFFE 1 A5 20 i 3 S R 4 b 43 5 A TR I 2,
P R G s i e RS R B, R RPN
7, BESLHL A R RSB G E IF NH F REE
%, $im A AR SCAR U HERR

2 BT 1. HARTE SRR AT 5

21 FHik

AW M LLMs SEH A 22 S8 dE 0
Hang . E TR decode-only ZEA4 ¥ LLMs.,
LLMs W) 2% ) J7 ¥ 41 45 & ¥ 7K %% 2] (Zero-shot
Learning). /MEA2E 2] (Few-shot Learning) #1453 W
B 2# 3] (Supervised Learning)7E N, KH T8 i
A9 ¥2 /R T. 2 (Prompt Engineering) (i W T 3CH)
3.1.2,3.1.3), TEARM I, BB AE T RESA
W 2 ) B B REARN DA 2 3 Ty ik, T WEAR
AU R 28 2 W 2 ) B B AR DA 2 2]
s
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IEREAHIA
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BFoE2: HARSCARAIERIYIIZR

B BB TERE SR K

211 HEEEE

PEFIP) LLMs T HALHE F R EEA! GPT3.5-
TURBO. ChatGLM3-6B Fl1 Qwen-7B-Chat, i,
GPT-3.5-TURBO 7& GPT-3 KLhli #4717 ki, 1
SR T E PR AN A B RE U1 o ChatGLM3-6B J&
ChatGLM R A AR, GG 1T 208U 2500
A i Prompt %3, Qwen-7B-Chat & i
XT]-7B A, T AL B A
212 FEIFiE

A 32 2R HIZEREAS FI/ N A T T A5 A4 22
2J5ik . TEALAR S G, FREAR 2 S RS TE T
FIF LLMs B9z fkfig 7151 72% > FlfE 2 (Pourpanah
et al., 2023), THFFHEAE 55N, INEAS: 2] 50
/bt R ) SE R 2 AN (Wang et al., 2021); 10
AW 2 ) MR AE R AR ic B BNy, ik
¥ E AT 55 M £ (Cunningham et al., 2008).
213 #RIE

PEIR TREAE BE VTR 38 5 A 0 $2 7 SCAR LA
il LLMs %554 i s ms, 3RS R . AR
I 3 7 T3 o 1 I 1 B ol N (=D S N S P
(Giray, 2023), AMFFEHERIFA BT T LU 5 )&
T, MR A RT R ML-E R AR, AR
BENT AW 20 B, HiE S Rkl
S ZAEERRE, R, AT AR R B, MARTE
FEAZ R T FR TR A B A SR FH T 2 R e M A
AR (Liu et al., 2019; Tan et al., 2017), FF [
WS M SCUEARYE, AWFFCR A T @SRt i

NIRRT SEE R, PRI 29 P SRR A
WA RIBENLE B L, R 3853 & #7 LLMs A & /72
FPEREIT G I A= LN 25 1) Z 60, ABF SR o A
A F/INEE A 11 $2 7% 181158 1T 347 2R FH 16 335 IXUAS 5 R
IR . XA RO B TR LES R BRAE DU [R] 28
AU A R R FRIR, DT e A BB ) 2 FE A
HLALE
214 RESEFARP

AT e TG+ 2C BRI 43 B 1 46 FHAR
AR AL 5 ] (Kosinski et al., 2015), 7EAFFE %
TR S il o AR SR BT — R A RS DA R AR Y
FLAEE . 7ERUR SO T, GE o U 5 API 3k
BUH PR BE A TE AT WL NS, T8 35577 B 1 5
FEECR . B ab B fE v, 2BRTA T RE S8
DGRBS, WA ID RHRFREE, DI
MIFE £ M. [RIBT, AR GE R N 2% A7 it B AR I B il
AR VIR, LA BEEOE %4, TEMFR 4 R a2
B, SRR 1Y A R B SCAR I 28 I R A
DI 56 n] B8 1 A1 422 TR0 o (RIS, ASBIF 9 il B0a R 4
5ot R P 34 2 4R TR AE R B A AL AR 2 B 2
OE{IRGIN
2.2 EIf
221 HIEE#E

(Db 42

WS R IR EE K T Tan 48 A (2017)F4
(SO B A R SO B R R T
2012 AFERFEBIARAE A A, Hi s — M Se (e )
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FREZ Blpk 22 5678, UV 2 IARE B34 F A &%
L& 1< > (He et al., 2021; EEI £,
2021), #1k 2024 4E 7 H, Z&MIE T A BB
it 100 52508, A YIS B R e T 2
F A% KU 6 P 7 LB D)L R 45 Rl IS 45 #23K . Tan
LENQOIT)RE TIZAMIE T LT85 WA,
IFiE N ARy 200K BRI A RAE L Tl A
HERAT R, A HAAKE H HRMLRIH H AR
B I SCAEARAS A 1 (EFEAR), RZ9mtEh 0 (ke
AY). Liu %5 A(2019)7F Tan %5 A (2017)89 350l 2%
FAARTE) 7 s 82 0 iz SOAR B e 1t . R ARHE S,
DR R B A SOREE 99030, HiA AL IE AR
A 15813 4%, 24 BAEEAR 15.97% . JRUREE 2 )
SCA R WL 1,

x1 BREBEHEETRG

P& A A2 5]
“ IR 0
 FeA BN 0
C DEHDLIER:, I TH A 0
“ FHEIE T 1
CEARICILEAIE? 1
C GHLTX T L HIHE5, BT " 1

Q) HE L i

iR B AR i A H R TR T REFN T LLMs
FWB IR AL BR G SRR, AR
AT BEEAR S5 /NEAKI 25 4 10 5 s A4 22 )1 25 45
MASE . BRI, B 2 DB s Hids 2 v Bl AL
4000 5/~ M, JfE PR TR, DL 11 A9 He ol A
A B TR AR F/NRE A B0 1 v 0 I 2 B 4
(OurAugSGD, UL3& 2), %t Tl EE I Ha 2, ABFFE
ek R TN 4000 8503 MR 46 K 4k
R, DA ORI R A S M TR DRI B
BEHLANI 50 A IEFEANE R 73O, Jid 514
GEARIR A B R TR, A BUH T ARERPEA 4 I3

£ XRIHE YN ZREE T AR 43 B w15 7 ikt
G g R, A AR P BE TN A & ULPE . e AT,
WS FEMNK R B S A RSO, A B TR
UEAEHIXT A LA 1) A R BRIz kR T .
222 LHEHAT

(1) FEL AR

ERL S E T, 43515 F GPT3.5-TURBO,
ChatGLM3-6B Hil Qwen-7B-Chat 3% JH ZFEA Fl/ M
ARZE ) IFEIAT 6 LALLM . A KL AR Y 1) 4
SRR W3R 3

(2) S S A A

ASZE T ChatGLM3-6B, Qwen-7B-Chat %
FHRTSCHT A B2 OurAugSGD $0i 4 E 474 a2
o, EEERE R LM T OurAugSTM_
ChatGLM3-6B, OurAugSTM_Qwen-7B-Chat #71 ,
WARh BRI I 25 5 % il 28 DL 2.
223 HWEITHE

SR T AR T A FE R RN [ R0 BT A B A
SCARZE R HEAT VAL, E A TR R — BTG A
Wilcoxon £ 5 Bk I8 I A5 70 i 5 M o 3k T AR AR A
BB FEGIR MG, 38 L R 1557

() 45 PR

FEF e 3 o (AR R B R AL 50 4%
AR E A A TR G5, SR 2RI A A AR )
M A B T 2028 45, RN T4mig 5=
X} 2028 FMAAR SCA AT N ASPEAL, S HEI] i
RIS IR Tan 5 A (2017)F1 Liu %5 A (2019)[F5%,
CH RS A AL RIS AT N, S B
ARARZE H BRI B R0 XA GRS 1
(EFEAR), RZ %t 0 (REA) o T IRIEE 3%
—HMEEE, AU E RS 12 40 L
TR A, T T A AU PRSI ) (UL I 45 R jf
SOBEAT G — 35 o B, R ALV 433 % B AL
B 122 Z5MR AR SCAR HEA Tl ST A i, I i 5 1l
IR BB R B S5 H . IR, R —Euw

x2 HEEETO

X i A (prompt) % HH (completion)
FHEAR IHH A —2 g R R IR 1. EEEREAFIE AT

2. SR A O X SRR MOR 4T
3. RAERTE AT .

INEEAR TR A H AR AR RIS
RR KA RE TZM T TIRAS
ey ot

FAUR I AR RIBAT

LARAR,

CEHMRES. . IR,

2. BT B A d P XS5 3 375 26 3 52 B T SN I RESSEG P BE — LR IR
LI R U v A B ]

3. FALEFANTEMT
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GPT3.5_TURBO_zeroshot

LREA

prompt fif A ----- »
A2 — 2 g R KRR
completion i tH ----- y
1. AWt

2. RABIF XA

GPT3.5_TURBO_fewshot

NS

prompt LIT/NERE )

TR A H AR

47 X A v R A AN 22580

R A RRBA

completion i tH ----- )

1 WEATEYZIXIR & T, JETRME—RY .
2. UM AC LA, WA UGS .

ChatGLM3_6B_zeroshot

prompt i A ----- »

TEH 2 — 2 g R KA

completion i M ----- )

TIIEIL A A R MR AMERE, I HARATIE A [ A #0253 80 K A998 37 A
i, TCIEBEMA =X, AR AR B O AR JE B AN T A i . an
HARBEEGRELEN, WKL W EITH ), flaESgiTEE AR
B2, mT LASR Al i3 B AT S 4

ChatGLM3_6B_fewshot

NS

prompt fij A -----)

TR A ARFRR

TG XA A AR e

FEUMY H R R

completion % it ----- y

25 AR R PR A0 A R S R A B O B A IR 55, SRR EH 3 . B
By, AT UEAT My B R TR AR B B AR, RS B SRR . ISR R
el A DR LS R R HE S, B A g i) R, SRR A EREE, RAS O BRI
B R

Qwen_7B_Chat_zeroshot

prompt A ----- )

A2 — 2 g R KA

completion % it ----- y

LU A CRURERSE AN, I — B AR, FREMNEITHD
HR A, TRERBEEN, HHX—UJ#EZ A4 h A,

2. ULH OGRS, ZIRLEALHE 5 20 o bR bk B AR L AR R A 55 30— 55k 5% 2%,
AR TE AT 2 B GG AT A BB BB HINE

Qwen_7B_Chat_fewshot

NS

prompt % A ----- Y

R H AR

TG4 X A v R A AN 2258

R A ARRBA

completion i tH ----- )

FAEIE, A E, RAWE, RAENE, RETE, RETE, REEE,
TR, RAEE, RETEE, REEE

RIS, AR R B gl EIE, 12
VS8 W bR TR 45 38 31 25— BOK (W = 0.46,
p <0.001), 7EMEA AT IESBRTE, PEAE A2
NR—2 (G 6 XT3 315 1 338 FRAH A B ST

AT IS BRTE o IEZBRTE R, 6 4 PF4r 1 — 2k
ZHUr M 0.85.0.79.0.85., 0.84, 0.86 F10.82,
I K (p < 0.001), X FA—2p 45 R AKIH
TS, HERB—EL
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0 60000 120000 180000 240000 0 10000 20000 30000 40000 50000
Step Step
(a) OurAugSTM_ChatGLM3-6B (b) OurAugSTM_Qwen-7B-Chat
B 2  OurAugSTM A ki 2l £k
() A g, 2 VR4 AT FELAALIY p (ER I H o 1

F T i A R 000 A AR ) 25 SR S e R [ 6% 0 4t
A, HINAZE R — e A e, I T
Wilcoxon £ 5 Ak 50 1153 H A OurAugSTM 5

average(ay; — ak ) + average(ap; — apk ) +--- +average(an; — ank )

)M LR G130t 5 07 ik
WRYEIE APPSR T BRI R IS, B

A~ LI E ML LS00

TEAZ T, Ny B R SCAR IR, 58 T4
AREGE S FIRBIRIEAT k ARG R, a TR
R VPAL BRI 220 B PR AR BB VA S Y B
MEBIT T o
23 #R

BALRIPE S K Wilcoxon £S5 REK I 45 F L A
TR 4. 450FW, PiF A OurAugSTM

N

2231

ChatGLM3 6B 1 OurAugSTM_Qwen 7B Chat 7E
A A4 AT S LR LS ERE, 52 ik 5|
0.90 1 0.92, ¥ E UL T HAEFLLAMIA GPT3.5_
TURBO_fewshot [1) 0.84 (p < 0.001), BF 5% &% J- 2 1,
AT R TR AN R B RS R i R Y S
JEBIRERE, 45 AA MR, Re A RGHTT B A
B RAT 55

£ 4 Wilcoxon FEHMMIEER

OurAugSTM_ChatGLM3_6B

OurAugSTM_Qwen_7B_Chat

Lt (0.90) (0.92)
GPT3.5_TURBO_zeroshot Z=-4.69""" Z=-476"
(0.78)
GPT3.5_TURBO_fewshot z=-371" Z=-430"
(0.84)
ChatGLM3_6B_zeroshot Z=-580" Z=-579"
(0.55)
ChatGLM3_6B_fewshot Z=-570" Z=-582"
(0)
Qwen_7B_Chat_zeroshot Z=-562"" Z=-580"
(0.32)
Qwen_7B_Chat_fewshot Z=-555" Z=-555"
(0.72)

e BIBLZFR N S OB S A4 T p < 0,001,
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311 fEGgEE

A B SCAS TR AT 5548 2 SO 53 28 1 — Fib,
1 55 1 AR RE A Al SBORN fif 28 X 28 3 25 2% o AR ST
LRI R FP 77 1% . — & BERT IREEFRHIE
HhELES N softmax —43r2%, —J& BERT it 5
LIWC Wi ELS 5. PE#F BERT 1E b BLhififsi A
T HEHAE Ry T A5 A A B A b S B A
1 R B 1 SO 7 1 Y P B, 38 3 400 (finetune)
AJ DAAR G b 38 B R B PN — R AR S5
I LIWC fER#hFRRRAE, W& 3 HAE N0 B
A4 AT T ELFE O BUPR ZS RS P R A 43 A T 1
Bl M o X PR AR R i B TR AR IR TR X S
A B RE T, WAl A T O B A G Ll
HIHL
312 =E3IJFiE

KB TR EAR A AT B A SCAR R BIL AT
KGE B FEFEARF DA 2] LLMs, AR
A W 2], e TOR9E 1 sl s iy A R S8k
PEAEVN 5 AR, SC56 H A7 T A 5O 1 5 1
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AL B 2R 450 06 T N T8 BE AR A 5 A 28I
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Abstract

Suicide constitutes a significant global public health challenge, with the World Health Organization reporting
substantial annual mortality rates. Traditional suicide detection methods primarily depend on self-assessment scales and
clinical evaluations, which require considerable resources and rely on patients actively seeking assistance. The
integrated motivational-volitional (IMV) model offers a theoretical framework for comprehending suicidal behavior
progression, with suicidal ideation serving as a critical risk indicator. While text-based analysis presents a promising
non-invasive approach for early identification, it encounters technical challenges due to limited annotated data and
linguistic complexity. Large Language Models (LLMs) offer unprecedented capabilities in language understanding and
generation, potentially addressing these challenges through their ability to comprehend diverse expressions of suicidal
ideation and generate high-quality training data.

This research employed a two-stage design leveraging LLMs to address the challenge of limited training data for
suicidal ideation recognition. In Study I, we selected ChatGLM3-6B and Qwen-7B-Chat as foundation LLMs and
implemented both zero-shot and few-shot learning approaches combined with supervised learning strategies. We
extracted examples from an original dataset of Weibo comments to create high-quality training data for the LLMs.
Comparative experiments evaluated model performance, with human coders assessing the quality of LLM-generated
texts using established suicide risk evaluation criteria. In Study II, we evaluated the impact of LLM-based data
augmentation on recognition models by comparing traditional machine learning approaches with LLM-based methods
trained on both original and augmented datasets, measuring performance through accuracy and true negative rate
metrics.

In Study I, the two self-developed LLM-based models demonstrated excellent performance in suicidal ideation
data augmentation, significantly outperforming baseline models according to comprehensive evaluation metrics. The
success of these LLM-enhanced models highlighted the effectiveness of high-quality data construction through
advanced language modeling capabilities. In Study II, all experimental models trained on LLM-augmented data
significantly outperformed their corresponding baseline models in both accuracy and true negative rate. The
highest-performing model utilized the ChatGLM3-6B architecture with few-shot learning, showing marked
improvements compared to its baseline counterpart. These findings demonstrate the substantial impact of LLM-based
data augmentation on model generalization ability, particularly in capturing diverse and subtle expressions of suicidal
ideation that traditional approaches often miss.

This study validates the effectiveness of LLM-based data augmentation methods in enhancing suicidal
ideation recognition while addressing data scarcity challenges. The non-invasive approach developed through
LLM technology has the potential to provide timely and effective early warning of suicide risk while protecting
user privacy. This research contributes to both theoretical understanding of LLMs' capabilities in complex
psychological text processing and practical applications in mental health monitoring. Future research should
explore cross-platform applicability of LLMs, model interpretability, and ethical considerations to further
advance this promising technology in suicide prevention and broader mental health applications.

Keywords suicidal ideation, data augmentation, suicide text recognition, large language models, artificial
intelligence
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