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EHATEFENAIOIA S SUFER . JLTAE
K, ANFFESCUHE AR PR T 5 S0k, Hi
A RIEAZOHATT ARG R AW, ERHFNE
AR EM2 L, A4 R LAy 7 R G
TR NS S L OIFAT A, R R JLAE
B THRNURLE T O A ¥ R 0 A s, #F S
BT AR RO ANR G . Bin, Fes s
[ £ R A PSS HEIN™% ( Borsboom et al., 2021) .
RERER B BARIE TR (SCARBERN A g fkab Bl ) 1
Fik, ZE T OHFEREZ 0, Mok E NSOy
DI R A ARG F AR AL THE S (Berger
& Packard, 2022) .
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2 ARESKIE

21 X

H AR 5 2 ARHE R R A2 e sy —Fi 5 B 2SI
T, AR IEMAEE, KAREE., BREFL
FH ( Natural Language Processing, NLP ) f231 B AHIB2EMA
TR — 03, BTETFREB IR AZE S
AR . TR, BORBZ M OHEE R E T ANTA
RESE B ARIE AL B, DL R SR M i S
YRR, X—EH T W O 2 U Y 5T
Tt

2.2 NLPEVEHARE

UTINLPRBIETE AR PAERU R LA ( Mihalcea

. B8%. AIMEAFHEFNNERARE, ARHE: HRINMES,
fA: B&F. (2026). EFBERESVERARNINESHRTTE. LENEZELS, 8(1), 31-35.
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et al., 2024) : (1) RENEFHA ( Large Language
Models, LLMs) o Bl#IGPT-4, LLaMAARIMistral, iX
SRS R TR PR T S AR SO T TR T RS,

FEHES) T X515 RGN A B T X IE R . (2)

ik A ( Word Embeddings ) F1_I- T 3C#k A ( Contextual
Embeddings ) o X8 ARG R VC IS 2 w4 ) i, R
HiB SOCR, FHHTARNLPAES, BIUNEET . Hlds
B4, (3) BERT ( Bidirectional Encoder Representations
from Transformers ) 2884, —FfHF E T T AT 2k
PR, fEZFPINLPAESS TP IS TR MERE.  (4) g
G BREE R BILLMs R, RISRANELATR B = i
Fo (5) BRAINFFF, HFLLMs 5 %5EE A M (B VLW A5 0
x5, DA R . (6) gkt HAT
AR NLPAERY DU B 47 b A 100 0 45 SR A 7R
2 o

eAh, NLPRFSEW OGS A m: (1) #30fk
R, T RSG5 2 SUREAR, DI
BT, (2) TEIEGHT . IR AT R 1 P S
X AFAT R, (3) PLESA B ImARI o £
LLMsAE BRI N2, FRAHTARIN i, (4) (R3]
. BRITNLPE AR ZERAR L . B DL . Pl
THERRRIE, JF SRR %

2.3 ESHTHEINESHRDEINA

BE WAL P R AT, W T A
FAPRHBBHE R R 2 E, BIRaiEU T2
( Mihalcea et al., 2024) .

HhE, MEREm, F—, ARFER. @S
RIS I . EIRA S RE, T LAHEWT RS
fE, gmsh b JFECE . SO, Fln, Shnig A
AL ) T8 FH B 22 BB A 2 R R A TR R 55—,
MW 5B AMATE S hRIB W . HERSE, AT
IR /R AN B, ans S ANE . A2l B4
PSR, 8=, B4e . EidaPrMRE S 2
gk, B, LAY R, Fng R
dt . PR E, RS, B, RS, 8
AT AR F P BN RN L N RFRIA S, AT LA
HAFLPIRES, Btk 80, Bk RO, BT,
PR BT AT AT F P IR L SR
S, A LUTIONRD W R BRABERRAR O, BN IAAE . £E
TR . AM)E DL R AT AG

HW, NBREWE. H—, HaXR, @adairt
WIEF AR . FRiPoraRAE, ATRL TR ARSIk
F, BIIGREXRR . NAXRR. HIELRE., B2, K
Bk 5@ ST AR S P RN L SRR
TR, ATLAUON R RTEU T, =, BIRII5
Mro BT AMARE S IS s A . TGRSR, 1T
DI G A 1A 11

e, BHAZmE. £, BRI, m i
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EEPREE, WEW., BUPEES, WL TR
WHEhA . BIANEMEILS . SCh2ER, Ahamins, 6
=, SURSM T TR R SO REAGE S R RN A
FH. IBRAEN . BIERGRRSE, WL TR SO Z TR Y
£,
FEHFEARS. (1) FETRMA ). A
SERE SCRTRNC RS, K 1 75 I I B AE R Fry 00 RS 51
(2) PLER2E2] . BAbLEREI B, WKEEE h2E>)
WEES DERSZ MK R, (3) WEES ., HH
TREE 2R SRR, i AL TSGR, SREHIES
PR ZGE LR, (4) REGEFHHR, MHARES
FEHL IINGPT-4FILLaMA, A A NG S .

3 ETARBSLENLEZMRAH
R

31 BRMNERE

SRy U BRAG &R — A A T I AE G 9 AT AR S — T
PRk, A OB b 1 I AR R T A . —
K, OIS Xk R
Fik (B LW NREISEN ) |, e SO TR
WK —E, ZENGHE T SRR S MR,
KB RGBSR AE; H—FEEthE (AT
i EREIe N ) |, BRSO ER S, HET
PREMA IR E &, IR e S S B
AR, M PEVESEIN B T R G5 A 37 T Ak %
M2 BRG], JCHIEAE R [, Bl B A5 A
(Herderich et al., 2024 ) &1 T —FH A % 4
A2 (Construct Mining Pipeline ) , F TR0
MERILERE . a1 e R R e R E
B4 bt , a1k 2 53 5 T 450 10 R R A B b
T O AR & S By A, R NLP R X A 147
BAEAERIR, I8 RN )43 O BIAR S I 2
Mo WFFEELL BRI TE” HF, TEHRERT
el FHAS S AE IR B R R R OB, IR — N
PEAR SN I 26 T SRS P R ARG TEHES: I 1515 4%
PRI R R, RGO (FAA A E )
Hl— S AE O HE AR 5 AR D B A SRR 2S5 (Bildn B
TIEA)

M, B E SORBHE R NLP FR, 424t
TR R B AL e UTTHE, TRAN TR G
AUEMW TR R, JFRATTEENE ., Y REMAES
RO, BRI T HLES 2 5OMSmaG, R
IR R AR AR TR A

3.2 ZBSINEXADH

A sk SCA M, B R st e S BT
ST, ERGRBCN S AIT AR E RN EE TR, Mg
HIR SRR H 2538 2 () an 38 B 09 sl Ak
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FABFESCR ), DRSNS T ITE R R, SOR
S3HTE A I TR B A B 0 X o B ) A7) — Tl b e
M A TH. FIiA (Rathje) ZEA (2024) 4T
GPT (—FRAENE S ) BATLUERZIE S LHESCR
SRR R TR, R 15 R, DR T AN
WA RIGPTTE1 2 E & T ER R I OB S (A, o8
WY . BERIERIETEILR ) 9Ee)). 45RER, GPTIHY
R BTG D WEE R MG 5%, HFEILFS—
SETRAR P RORALER 2 I BRAR Y, AR, Sk
M5, GPTAIRETELANEF ha s ie, HIXF I
GHUE, SR, RIS REREAL, FILRT AR
THA MWL AT, BB S AL TR 6]
RISFIRIRZAE, I NGPT R A K FE AR B T
W e R AARE F BRI HERS TR S IH5%

3.3 AINEERFADPERNERIE

RGN R I R RRFERT HL2% 01, ik, hriANSE
A (Rathje et al., 2024 ) $&il— M ETHZ MR B ik
()% 5% HAE LT H-: 3L H A2 i#s ( Psychometric
lItem Generator, PIG) . BOR—FFE, RIHH . HE
AR R ASREF A, BRI TR i A e
BRRGPT-2, WIAEJ LA HARAE T A R A
B4 FE SCCAS . PIGRT LIS I IR AR R (s ik
BERAT" S TR ) SE I = R R AR
A (FHNRFENARFE T RGN ), I BT URYEAR
W B B AR EAT o % TR BRI AT
i, FPOCRE B AR AR ) A R, R
Google Colab - SR HEAE

3.4 TR SISHENERMSINVESRRIR

2 OIEMRI B UG T — TR I A AL
XAEARKAR BE AR T IR A DU G L [l ORI a4 31
WATFIRRIREST o SR, PRI UR A FE B A 25
HRE EEAAAFEA PR, W RSB Z A SCk
WA, TR (Banker et al., 2024 ) FIFHfE2 08
ZWPRIE T FIEER S, RO SRR A
BRI, ES—FIrdk, B GUEH Td 554E
RFRALS0Z ANt 23 0B = 1) H BT R 2 L) R e
AAEREEE (PsyArXiv) BB, %58 =ACA Tl 47
#%% ( Generative Pre—trained Transformer 3, GPT-3) i&E5
RERUHAT TR0, 42 OB L RAETE W . BRI PEA
SO AL B E AR A R AR R IR 4 T T AR
RURPFHr . FESE Rk, THRHOE, B AGPT-4
A, ARPEHE AN AL OB 14 2 D 2R . SR AL,
L OEE L FAEE W . A . S EER
AHSCVESFAERE [, Xk s A mfBas PPN 5 T A28 A 1
W, BMH 2, LLMsA] DU 20 BT 1Y 5
HTHE, TSN G A RO AR OB B, JT
AR, A, AR FEZEEIRBILLMs )RR,
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W AEMm L, BREA0E S5, I, LLMs 7] LUEAA 2
DR AR EE TR, (BB A
HIBESIRRhIE, AR,

35 BHAMNENE

K TR G CAR BT RO &, DIAERTFSY
FECRH AR, TSR WG AR R
MG (WEAT) SJ51, X 86777k BARRE SO B A&
BYUREAT A A TR & A (1 SOGIRRR R, (B JEik
IR TR BANTE SOCHRIE A, A L FIa)IL 2 TE 1)
AT, KA LS 58 ( Pretrained Language
Models, PLMs ) AMYBERA B HARTE T 18 X R HE
Z e Kk, T ELFE 4> AR gk R T WU ShiE R b 25 S 0
P NG5 -1 A = S RN - SN Y I ) & IR~ 8 & 4
FHE

BERTHUI i 5 AU E Sy — PR 6 7 B AR AL
AT LA A) 400 SO R BT S HERArdi e, BT
AR VT TR . BT BERTH; & B8 SRR
Ay “EBIHE" ariEERE S, A (Bao, 2024) 42
T FOEr R WG BRI E R R I A I R 0
( Fill-Mask Association Test, FMAT ) . %5k RFHWI5
TR IS SN U, R A M eI
firfEA) ( Propositional Query ) , B3 FHH0IZR)
BERTHE TG PRl & BERIEMERD A2 B (Mask ) FYEE AR
MRS, BIRTSEEE A 4k1k . R AR
G AN R C i O 2 NI b PR T R e =S
RSN AR SR IL . ARSI DA, 15T R
IS I FMAT 1A {5 RS SRt T A NiEE . 7650
T, FIHFMATE S $AIE T LIASET Aot . 145
3T TR AT R GG A5 5 VR 1 — RN 2 MO (ant
=B ZIREN G . VE— R 2R EN G . 2l WA
Pyt . AN FE SRR SUBE . SUA BT
&) EIIRRE, XROMER T AR 5o i a
IERAE (vs. BARFRAE ) B, 7E0rkZm, PR T
REIFMAT (https: //psychbruce.github.io/FMAT/ ) , %)
209 SRR TS ] SRR HEAL

KMHZ, FMAT FIFH BERT BRI IR SCRSFIE
SCRERAGTHRE ST, B 00T B ARIE & iddl, RsY
NN IES SO 3 4 i NI e o8 | e B M IR <8t
— PR T

36 FNBIRILIEIOVT RN

FEHEIR C N R AL AR (A, ARG A
TENM—A AT AR A, B Ay FIA B Bosh. o 3 il e
oA, R ZENERATIE24% ZHT 49 (Kessler
etal., 2007) , HARRATRESRALER A dnfmibl. SR,
REBEZ L WAERENIFEARPFGYT, w2 sz
FHICHIR . HH0 2 BN L KA AR s H PR . PR,
R NSRRI RS PR ST A b B BT
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KIFE MRS #4% ( Chat-based Counseling Hotlines ) Ji{
T A EER AR T, T IR R AL R
i, RIS A (Hornstein et al., 2024 ) FIF A4k
T A FH AR N4 2 0 BT B AR R A 23 UG
R 7 I R SEAE RS o BRI —Z24/ IR
WG IR T 2919, 00042 JLEE A D4R E A IIRIC
& (24800, 0005518 ) #AT4HT. W YNZXGBoosts)
KRR BIISHHATIA . FAEBRI A Z 5 R L 1)
39K ECHTE I $450.68 (p< 0.01) FYAUROCHES . BF
FERIL, AW PERI . AR E RN A RS
HTRRE IR BER SR E A DG . NLPTIMAA n] LIS Bl
BN T ERIME R T D4, IR R
TP, A AR A B A BRI 55 T D B A T
BARLH ),

4 g

41 NP VIS

SGE EXT RO BT Ay B0 AT (9 T ik
AL, BT HORR B AL RO B A AT 5 7 BAT 207 T
HIIARRIE

i, AIFORAMR, EFRHIMAS, TE TR
A, FEBT RN PP U AL BRSO RS, SRR
R, REPRSCR.

T, REAMRME . HARTE H AR LA Al
AR, XA AR . R . AR
NHE, W TR T a R AR Bk
NHE

W= TR . TSR RS SOAR AT
AL, QRS T R, B
HRETANATH. BRETAS M ALK, H
XEFWREA . A, TOHAOBIAZE RS
B, BT R AT X e . TR T A
TG I LA Z RN EWE . AR RSN 22
Y o

S, DRSS RAT L AT AR B TR
FERGATRRY, 36 LT LIS 8 & — B4R, g
GERFE R AR 22 . LI B LA R R AT RE
BERATE . Wi, 7Ykt R e mim e E 2 G
PLEYE ST, 2T ARIE SR BEEOR I ik B A
W

42 BESHS SHERRES

NLPHE SR T, 0BRSS O Ik
JRBLE KBy, WA FRZE R H P s 7
AR o

Hi—, BRARIE, NLP F5 2R Rk I g a
AT A 350 5k 6 K50 45 T BB T W P A RN 2 4 ) A, A
e, AREFFEH G NLP HARBEFR IR,
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S, BT AR MR AR . WAL RS &
WA KA P REAF A e ) A, CIRARRIE A B R, )
wn, BAEHTTREAATERR . B IRE BB g,
SIMTEE R . A, LRI A R B WEIRD (785,
Zid#E . Ttk EMMEE) FEANIES, XS
B S R T B A S B AR . RS K
NLP WSS RIREATERE, DASRREIFTT 2SR A0t

H=, BRI, NLPBRA] e 45 Aok I 2
BRI, B . HERIASCR R L, SE
Xof BEAL B A T AN VR B AR A, TR BRI EIVEAE A
T2 B LA K ph M2 2 AR O D

S0, IR AR . NLPAES A pe o i A A
FEXELUARE, X7 8 S BB A 4 Sk LUFRAR AF AT B
wn, RIS RIRA TR B SO B I, (HGHE R
WRLL T R AR A X — B0, R AT SRR G 0 B8 3w
RES KRB SRR “3” FARAD, BN “B” Fhx
HEERE, SORMIRE IR R . TF AT R
FINLPERE AR R Ay 0], P iR H SRIE 5 A BT L
I IR B EAE R BRI, B an R g
FIALAYRIR T . £ SR R AR

B, TSR SRR AR, REHT
SREF T B2 AR A BRAR A 5
A B P AU A ZEAT R, (HiX sl 2 [ A1
AR S B, REFGESOBER FEEE
NATBIAT R, FHREE VR R AN TR RN i —Fh
FRo HELZTF, REFOTEIRAROZO BAREE
AT R, fhaBER SRS RETFAE, T
DU R AR A T8 = BB B AT A T AE /7

B2, DHREN RS HES) TNLPRY R R, X R
TSR SON D BT A B, A4 & BIE B T
HEMAENLP R GEA B, B X P~ g & it sl
XA AR SESEIH Y ( Mihalcea et al., 2024 ) .
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Psychological Research Methods based on Natural Language
Processing Technology

Lv Jiale
Department of Psychology, Faculty of Education, Guangxi Normal University, Guilin

Abstract: Recent advances in natural language processing (NLP) have provided psychology with novel methodological
tools. Language, as a key carrier of human psychology and behavior, enables the automated revelation of psychological
characteristics across individuals and groups, spanning dimensions such as emotion, cognition, personality, social
relationships, and culture. This article systematically reviews the latest developments in the application of NLP within
psychological research. It focuses on its use in psychological construct mining, multilingual text analysis, automatic
scale item generation, machine-assisted hypothesis generation in social psychology, group-level psychometrics, and
the prediction of mental health intervention outcomes. Research indicates that NLP methods based on large language
models (LLMs, e.g., GPT, BERT) not only enhance the efficiency and objectivity of psychological measurement but also
expand the diversity and ecological validity of research samples. However, these approaches still face challenges related
to data representativeness, model bias, interpretability, and ethical privacy concerns. Future research should deepen
interdisciplinary collaboration between psychology and computer science and advance the development of interpretable
NLP techniques and cross-culturally adaptive models.

Key words: Natural language processing; Psychological measurement; Psychological constructs; Large language models
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