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Integrative Complexity Modeling in English and Chinese Texts based on large language

model

Abstract Integrative complexity is a concept used in psychology to measure the structure of an
individual's thinking in two aspects: differentiation and integration. The measurement of integrative
complexity relies primarily on manual analysis of textual content, which can be written materials,
speeches, interview transcript large language models, or any other form of oral or written expression.
To solve the problems of high cost of manual assessment methods, low accuracy of automated
assessment methods, and the lack of Chinese text assessment scheme, this study designed an
automated assessment scheme for integrative complexity on Chinese and English texts. We utilized
text data enhancement technique of the large language model and the model migration technique
for the assessment of integrative complexity, and explored the automated assessment methods for
the two sub-structures of integrative complexity, namely, the fine integration complexity and the
dialectical integration complexity. In this paper, two studies are designed and implemented. Firstly,
a prediction model for the integration complexity of English text is implemented based on the text
data enhancement technology of large language model; secondly, a prediction model for the
integration complexity of Chinese text is implemented based on the model transfer technology. The
results showed that: 1) We used GPT-3.5-Tubo for English text data enhancement, a pre-trained
multilingual Roberta model for word vector extraction, and a text convolutional neural network
model as a downstream model. The Spearman correlation coefficient between this model's
prediction of integration complexity and the manual scoring results was 0.62, with a dialectical
integration complexity correlation coefficient of 0.51 and a fine integration complexity Spearman
correlation coefficient of 0.60. It is superior to machine learning methods and neural network models
without data enhancement. 2) In Study 2, a model with the same structure as the neural network in
Study 1 was established, and the final model parameters in Study 1 were also transferred to the
model in this study to train the integration complexity prediction model based on Chinese text. In
the case of zero samples, the Spearman correlation coefficients of the transfer learning model for
integrative complexity are 0.31, the Spearman correlation coefficient of dialectical integration
complexity is 0.31, and the correlation coefficient of fine integration complexity is 0.33, all of which
are better than the model in the case of random parameters (integrative complexity: 0.17, dialectical
integrative complexity: 0.10, fine integrative complexity: 0.10). In the case of small samples, the
Spearman correlation coefficient of the transfer learning model was 0.73, with a dialectical
integration complexity correlation coefficient of 0.51 and a fine integration complexity correlation
coefficient of 0.73.

Keywords Integrative Complexity, Neural Networks, Large Language Models, Transfer Learning
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Plotting cross-validated predictions
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i H] XGBoost [0 5777250 T8GR 1E . FHIERE & R MENRS 408 & 2R M T 5
HINFHIE N LIWC F2 P15 21 73 450315 5 224 E . XGBoost A& — Fh i 24 H. 58 K 18
JERRTHELE, BAEMH TAEOLEIA L 73 2ERIHE e o) o e i T R SR SRV A B o ST 7 %
WA G 2 A2 A GEE SRR BRIk i — AN a2 ) 3 o 38 H 4 28 BRIE
JPEVHAS AL T BE, %5 E 22 ME Spearman AHIGPE RN 0.54, RHIEEE G H J
Spearman fHCME RN 0.14, FEAHEEE B 41 Spearman AHIHE RECH 0.60, FHSE S T
fE oAt DL LI 2-12.
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Plotting cross-validated predictions
Actual vs. Predicted values Residuals vs. Predicted Values
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Plotting cross-validated predictions
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] 2-12 XGBoost [F]JAA5R T ¥4 e
PLEe 5 ) 85 RICSANR PR, XTI BT, S BA T 8 & E ALK
R A 52 2 M AR R PE AR, XGBoost R BYAE#E 45 57 2 1 %) Spearman AH2C &R & 1T PA
IEE] 0.48, CFFIAIEMNL XGBoost TEFEANRE A& 41 1) Spearman AH ¢ 244350 LR F|
0.48, & B R E AR MK o B2 H ETAOHLES 7 SR T AR B 5 52 28 VE A
WAIVEREE 2, BIRARALN XGBoost #5744, {H 2 Spearman AHK & & m A A 0.16, J9CAH
KK

£ 2-1 AFEIPIES I BEEL Spearman AR REL

PR BOERME BRI & B Gk SEw R Y i

SALACIE 0.47 -0.09 0.40

SCEEIRIENL 0.48 0.03 0.60
= Suy S E = 0.27 -0.14 0.11
XGBoost [A] 0.54 0.16 0.60

AR e N TARESE Ed TR L, BUEEN 300, FENLYID NiIlZRERM
MR, HAIZREEREAE N 210, MWHREFEATER 90, £1F RoBERTa Tl Z5iE 5 B A 3



AR Z G, S0 SR B 512%768 HIMFE. #H Adam R4k 5% T
TextCNN W45 H IR B S EOIAT A0, IINBCE 200, FEmI R SR E, B iR iy
AT, Y200~ EPOCH 2 J5, MRAHRIEARTE. BEE R, AHERES SRV
i A 52 A AR R SRR 5 N CARVEAS 73 2 TR A DGk B S AR OGP K P G R 1
Spearman AHGYERECN 0.56, FHIEHE GG AMA N RECH 0.50, FEHEE S A A
FHN 0.56,

RS S N DR R ST RS, BaR &N 300, BENLYIZ NiIlZREER
MEE, HAJIZRgERE AR 210, MIXEREAE 90. AT GPT-3.5-Turbo ¥ SUA%L
PRS2 )5, IGEEUREY 7N 2310 A, A8 2100 fr3 58 SCAR 210 4 546
WA, 253 RoBERTa FIZRE 5 AT IR IR NS JG, B0 SRR IR &0 N 512%768
FORERE . (5 Adam FRAbFIEST T TextCNN W4t (AR S I AT AR, IR EE T2 98031,
BRG0P A S L. 2R 45 4 EPOCH Z )5, MR & s B A e
Eo BEGEANE. BHIERE G G A AR AR & 5 2B TONAE 5 N TAREEAS 4 2 8] (1 AH
TR BN P A RAE AT . BA R I Spearman FIICME RN 0.62, BHIEHE A J AR G
FHO0.51, FEMEEE B AN R RECN 0.60.

2.4 &8

AT R E GPT-3.5-Turbo fE8E R AMEFRIEHIITERE, KIS E HAEDREAE
TR —ERE S, HE5NTARER—BMEAIR, $27R% 2 il Spearman HK REGEF
0.44, FWRE S B EEH T RS S RIEVFEFER RN 2P PLE ¥ IR
7R, R XGBoost [BEREAYFE RN A& 52 28 U7 I tHBLIF O VERE , RS AR ER
Spearman AH ¢ R &N 0.54, FE4IEES E AR 1Y) Spearman AHK RN 0.60, FHIERES 5 M
Spearman fH % RECH 0.14. BEAL, ABFFHEHIFFIRAUE 7 FH GPT-3.5-Turbo AT SCA K 41 1
R, DLBRE R 0 SRS 5 e 0 £ e 2 D 2 AR P R ) T V. X — T VR S SR AR
R PRI AER B2, SO PR N 25 R B 5 42 2% 1% Spearman AHICIE R ECH 0.62, AFIEHE
G5 4 Spearman AHIRME RECH 0.51, FEAIHES K 4% Spearman AHIME RECHN 0.60.,

3R = BT EBEINP XX AEESE R HEE
3.1 FFERIE

FEARWT LB AR R I TIER 5 2 I SO R METINE A . Oy T M AEHIEIX
— A, AT TR A=A FRIE R OO EHE O R SOCAR . SERIPFR SO BL
LR 28 [ SCAS o IX SRR Rk R O e 1B o 1 AR SR . AEZR PP AL IR SURiE
SR RPOCAIA,  RENS I S MR R SCSCASE AN [ U P S AN e iR SRR 200
ISR SCSCAR, 150 43 2 PP SCAC LI 150 4 4 T [ SeAc . Horpr, A 4t — 5



0N 078, FHERGEIRME—SMERECY 0.76, KRS R M — 2k RE0N 0.75,
3.2 BRIk

IR 2 REHLER 2 ST GBI — AN E R T 1, BB MES GRS 22
IR FRM TR — M REAFERAES (HRMES) Lo TR0 BERM A
A HIRIROR AL A A 55 127 ST RE e R A2 B 55 AR Bl e A B R BUS A
i, IERE A ST RENS B F IR M SRR AR RE . AW ST T A MR R i, RH
T BRI RN S AR MRS SRRSO o SO (3 & R VBT IR, fEIX— 14
o, BATVRR R SGE TR S HOER X SR M RCR . BRI S, BT ATE X e
MARBE B ANETINESS RN ZRir IR S5, BT 2 0 SO BE & R 2 PR TN
A X DR BRI IE R A A RS S R RR R AT P A SR 1 g
M. 9 TIRAN VB R SHOER RO ROR, BATR L T PIAAS AT aa 10 7 30T A A g
AE: — MR BENRI AR L IR SR, 5 — iU R R A S SCRE A I RS AR K 2 Kt
TG, IS PP IX PR AE R AR D 150 MR AR b IRk Re Sk kT AT A% 2 )
A T SO B S R IR T AL 5

FEAE ST RS 2 IR Aty |, ADREAIERE 2 >) (Few-Shot Learning) RS HE— 04
XHE A RS B R AW BARERE T AR L T itk . DR 2 I H uaE > At
RUGOR DL B 1 5 5 2 Fh o ST Hems . oy, Juse Sl A 2 MESS Blllgk, A B F
SO NG, AR RENS AR I8 BHE S I RGN B RO R PR AR S5 LTI GR M
R, SRR R B AR S B SRR AT R, DUR B R EF T2 AL BE J1(Zhuang et al.,
2020). i o R iE A U B A R T BUE I H ARE S5 I ZRREA, BRI
AL o

AT TR D FEATE RS 2 IR R - SOCAR B & B VE R TIIAE S5 o, IRRAE
W D BRI EE 1 0T SRR TR TP RETE . FRATTE e AEF B WIS OO & AR MR E
Bl gE BNgs 7 RBERL, USRI 2 8 & B AR NTRE . BEJS, R SO
IR T 350 40 T SR B A R MEEEEIE O HARME S5 IOIZREE, A 150 4 i SCOK
BERANEEARAE N AAREFS HIREE, YAl DA RS 2 S 5 RIE RS 2 ST R A o
SOCARE S RN TINAE 5 ERITEREZE

33MALER

WRYER 3-1 B SR in gt AR, WLLE BIBMARIT R I RE R G T A, B
IR A MRS AN & 5 2 VA F AR L3 BB T AT IR, Bk, Xt
FRAG LM, AEER 2 BRI Spearman Ml JCHE REON 0.17, TR 2 SR
Spearman AHGPE REFE R EN T 0.31. TEAHIERSZAMERITNE, JER5 IR
Spearman A< PE REMN AT R 2 B 0.06 38T 0.31, JBELH T INEZHIRFA. H



B, TERSAIEE S S RMERIVEMG b, TR SR Spearman AHOGHE REUAF] T 033, AHEL
FEIEAE IR 0.10 T 4=

XL RRW], A T AT A IR, SRITIEM 5% 51 U7 ik RENS 2 35 S R AR T
ARG ANEDT A PERE . TR 2 ST RN AT RO A P MIRAE ST 2 ST B R, B
FELE HARMES ERA 2R 2k, WRE B A= I BER . RAEIRAESS (JES00AK
AN 5HMES (POOCARRES RN 215 SRtk B ERE 2R,
TR 2 SRR IR RENS M I AEJSAE 55 T 22 ST BRI ANR, A ROBIRTHE HARME S BT A
T30 KR TR T ZIAHER R SOR R IR MEJT T REAAAE SRR, DURGERS 2 ST R flf e ix 4
ST I 77

R 32 THAEB L IRA 5B = I RBRCR AL

BEE 3 AHIERE A A RS 240
E|S R A S) Rt 0.17 0.06 0.10
IR S S R 0.31 0.31 0.33

KHAVDREEARIT 5 S I RE R G e, BHIEREA S 2T USRS A8 A S 2R PR Tl
ML BB 7 AR ARE B - I B A PR RE . BRI &, ARE R SR e
G5 4 Spearman AHICME R BN 0.68, TR 2E IR HEA S Z 1) Spearman AH I E
2809 0.73; AR A BRAERHIERE & E A M) Spearman AHICHE RECN 0.47, TR
BRI FEFHIERE 5 SR YEIK) Spearman AHICIE RECN 0.51; AEITHE 2% ) B AE RS AN 8 5 52 O 1tk
] Spearman A HE RECH 0.72, TR F SIBRIIERE AR5 & 441 Spearman #H M R EL
H0.73.

R 33 DRAIBEIRE GAEB E I RBRCRIEAY

BEE 3 AHIERE A 2 A B A2 50
E|S R ) Rt 0.68 0.47 0.72
b A= X il 0.73 0.51 0.73

3.4 4%

RIEDT ARG R, FREAMDREACT R 7 S B TN A & R 20k . FHER & B e
FEAmAE & 207 R Z 0 TG AR A = B . X 9Rif [ IE A% o S AR A B T 5 DU
IITAE S A REANE T, JCH AR T BRI TSI T o DREAST R 2 I B 45
Rt —BUESE VA RGO, 1T 5 I AR THE Y M PINAER B, JRoR 1 IER8
> RS AESE AR AZ AL RE ST RS . PO R A IR BAE R REAE LT, Ba
1% Spearman AHR RECN 0.31, KA 44 Spearman FH5¢ RECH 0.33, HHIER S
5281 Spearman FHOCRECH 0.31; EDFEARTELL T, T I BEES 5 281 Spearman



AR RECN 0.73, FEAMHEE T 41 Spearman AH5C K%K 0.73, BHIEREA 5 2P Spearman
R RHON 0.51. IXLEJR I NIEEE 5 AIES UK SCA S 2R VERIE T 3R 40 1 B, AR
RAIERS 2 2] N IR F T RE 1 B84 . IeAh, AHEFEIT A T ks i T v SOk
ARG SRR, SEIL 1 TS R 2R FHERS BRI & B e r) s
TS TR

4 GiHig

ARTGHIF 5T B EDR S AN RIS I R 53 Je M FE Hh 3 SO AR A M R AR T SR K 2 15
F Y GPT-3.5-Turbo FHAT SCRBIR I BB, 45 G H ML V-G 1 KBHR BHR, AR 7L
T RGMERZR . BT EE — 05046 B TP GPT-3.5-Turbo TEARTE B & 2 A M U7 T L RE
R dRifT, AW BRI T LA SRR 2 0 25 R R 58 SO AR S 5
etk REAUHE A 5T Ak BIE R A ST R T T RS oAb, ARBFFUER I T —F {5 B) GPT-
3.5-Turbo FEAT SCARKIE G BRIAIH 7530, A8 FH 18 5 s B0 o 9 S SR iy B 53 R Pt
AT YRR, RINME T — P R AR s IR R 22 25 B8 . ZEREFE ISR 384, @
N IEAR, R T MG T H SCOURR G E R E TR R, SEEl 7 Ed e
BT RA A BHIER S G RO AR & S e M m R R O . AT RO S
ANER SR TR I A IR SR

4.1 KiE 5 BT B IE R )

WA —IRNIR T M A GPT-3.5-Turbo S5 58 1 K AUE 5 BALE DREA 7 S i 85 N AL &
& HARE T A FIAREAT S, REAR A R R AR AR SRR ). FR AR EoR, R RN
VBB RAE) 2 NLP S H B 7 35 RIGYERE, (HAE S5 AR L SAR LR, HAER
B ERMEFREARS LR EA L . AN X TREA WA FEMEH. 5%, GPT-
3.5-Turbo KM AL HAVERE B R PRI, FEPERE b1 R BRE0 VR B AR A (50 T AR Y
GRS BN . R XS R BA K S HOREEA 2 AR, e ERE KRR
ARG E, UHETERZXREMBAREE SR 6], BRI MR A L BA T
AT ECALR O, AHR S T L8 53 S W & PR AT 17 N5 (Brown et al., 2020). A58 247 (1) 4L 2
BE 12 B LN GHUHI R BRI PR, S EIE R AR S PR IARNE . HIK
L 18] A A AR PRI AT 5 AR b, 6 B R M b v e A 28 ) BB SR m] REAE HY T AT RE 0 VG
B RN PR R X T B AL RN T E #E — Rl OB M AR 5% o AR SSAEAE
B SCAR AT IR N B AR 5SS BB S rm EAE B, X S RO R AE 5 A
T SCHRR . TR SORER B RS T I Re 14 T Pklk(Radford et al., 2019).

JUEAAAE BBk, RBUE 5 ) P J TR B AR AL B 5 2% B ARE A AT
% ERIVEREAT BE S AR T . v IR PR, AR AT A R H B et B 2R



IR R SR AR A A B SR SE B . i, GBI 5N TEAS A v = AL S
SNR ZE IR AR RSB A R B AR B 75325, T DA B AR A A B 2 SRR R AT s A
£45 IR S. MeAbh, RSB T AT DARZR KB 5 A 7E — Se AT %5 b bR vERE, thin
T M AEARMESE, DARZR KIS 5 AR UMES FR97E J)(Han et al., 2021).

4.2 ARSI LA B A SRR P L E

WAl AT FE LA T A% GubLas 2 2 T VR RIS T 42 X 245 (1) D L AE B SR 2R P TIUMAT 55
ERITERE, ORI BRI TT IR TN A A S IR AR A S R R T PR RE A 2, (H R
P LSRR PE A B FHE R S E AR S BRI 2. X—ZRrRE T HMINEEREE
AEFRFISIIR TR FRIA AN o 4128 X 2838 5 2% 2] SCAR R R N RITR I 4540, BRS¢
HEE AW ANRRIR, B SORTS G B A B SR B T BRI AR . XA
GBS E M2 AR, IR EABEARE A E M7, B I S
PEBE(LeCun et al., 2015). A& GUAL#% 2% IR AL ) 1 e R IR SL PEAR KRR A TR B L
FEALGHLAR S SRR, RHESREUR — ARSI, B0 BN IR B3 6 A B i e g 2
AN (RS o X — B IRIE T B AR A B 3 g, DURA 5 MR L85 E X FIMAT: 55
AN E E(Jordan & Mitchell, 2015), LIWC FHiE 0] BETCIAFE U5 ) B HHIE A & 22 I B
TEMNRHE, X SBOHER S S RNEEAT IS G5 SR 3R I b 1 Re .
BeAh, FEgiblas 2 Sl ik R AT T A O EAR R QSR B, X R EAN R RORI
ZADILEAR R AR FR, AHRRE W2 7 1R TT DA B O B3 270 e AT o ey
B AE R ERASE, T DALR] I A OGO B AR B (A5 R, 0 2200 B 240 o [ I AT A
I3 3 24 TR 28R AT B AR R AR R4 R L S A [ 96 6 5% 2R (Radlford et al., 2019).

i bR, AR RAMUER T ORANE SR B 4 B MG T A SRR AT S T N
JIRURRYE, o R R SR A T S5 7 RS E, DL I SRS e R o R R A A A
AT . desh, SRR RBE SRS EX RGNS SN, AR DR
RRETY (Y S FH Y P, e B A U S 52 2 R VA B B AR 5 AL B ARV E AR 55

4.3 IR IERIAE LB AR B B SR A IR

WFA ZIRANIRDS TR SR P SOURBE G R I . FRIE R G A 1 DA SR A 4
£ 2 2 M LA 7 g 7 ) P B LR ol R AR R SRR SR, 1T U T b
ST Rt e AR L T IR B AR R AR AR RO AY, IR SR T IR S A TR AR KD FEAR
s FPERE R . X — RIUAMNEZ B T 108 2 ST HORAE (g A5 B0 S M Az AL e
TR T, WAR7R T % S B e A8 448 2185 SC A 15 50 86 2 2R P 1ras FH iR
Fik 45 F)(Marcelino, 2018). ILA% %% > B AE GBI R A e DA 3R 1 I BRAS [F) ST 15 5 T 8
BEAVEREH ARG . XL, REREEE RN R FRE W] 5e 2 B 5 MU R
M, AHAFAE — 52 PN A RN &5 1) 7 85 3 33 FH 1) (Suedfeld & Tetlock, 2014). 1X— & BN B i 2



B R RN RV A R SR O T A O E IR, RIS BN S SO Fe 4R A4t 18 i 5 7k
FLR. EEREANDHEARNELT, T BRI B2 K rEaeii s, ey 7 HAEL
HHARFRHUE UL 58K A8 71 (Beltagy et al.,, 2022). Rif0, BEEFEASE MM, A0 5046 H
IR % S BT Re AN A TR AR B IR %5 (Kaplan et al., 2020). IX—WIEEHE/R, 1E 70 2 Hd
SCREAITE LT, AR UINZRAAS Y AT BE 3 e 27 SIAT 955 58 A 40 775 SR IA 31| G BT 7 27 2] R
FIPERE . 1X— FUR T AESERRNH] b I B 7 SR I 75 2228 P& RAUET A B s,  JC R 7ETY
A8 mT P PR AR R R A

RARIIHIE TERLRE — PR RIS 2 STAEAF B IR IE 5 A BRSSO N G /0, JUHRAE
B SCAL M F R N R R R AR AN, BIF TR R It RS 2 ST AR A SR, DA
TRAFHAEREA BRI BOPEREOL TS, B dnid i T SRS A0 HO B vk el &l 78 2 21 5 e
R R ZR AR o RIS, B IR R A2 G W ] B AL AR AL IE R 2 ST RAE A RSO SR
I I AR, DS AR el R TS A% 25 ST 4 AR i85 SCAL B FEAPERNR, 9 2 ERVE H A 1
H KT 5 AL N R S FF

584

AW FE IR AR T SN T i BSOSO S HE R e R S 2R M B AR I B I S, JRAE
UEEEA AR T AEAL ST 2t AR 08 TR B 5 S s M T B R RIS E A, DL E /AT
JRAE BT F P AE B RAT AR AT A7 P AR R IA i i B 5 SR AR 3 . FE LIS AR
H, ATHH RIE SRRSO B 8 SR BRI RS 27 2] 77k 5 Ml 1 A% G b 22 W 238 7 VA
HEOR KA, AL, IR 7 RIEFEEAAE N AR e & B A bR B bR
Ae. BTSSR

(1) HERIRR T RKIESIEAES R AT S 2 AR R T Rett, K&
B DREARTOR RSO, SRR AT UL E] 0.45, RIS T —5E BIbRTE
871, ABRTCEIEBINEFREART AT RS 5 BRI SO K 1 5 BoR G S7 1 B
PELAR G E AN AR TR, %8 SR R AT BLIR 5 SCCA ) R 5 S %
PEL HHIER S SRR AR & 2t . 2 MR TR RERE, X H ML IR R AR S
BV B 5 NTHRER Spearman AHGIEIE S| 0.62, EFHER G AN L5 N THRER
Spearman fHCPEIAE] 0.51, FEAGANEE S R M 5 N TARE 1 Spearman #HCPEIAE] 0.60,

(2) (B SHOER T, BT IE — T AL S SRS S R R T AT AR A 24
iR, MMIEESL § o SO S S 2R P B s e 2RI R R, 1% B IR B AT DLV 1 vh ST
A EEG SR PHEE S E RMENE M-S S0 S MhAEEaeIiE, ZHENMb
AR S 2 M 5 N TARER Spearman A ML R 0.73, fEAHERAR &M LS
N LARER Spearman AHICPEIAR] 0.51, {ERGAIREE 440 B5 N THRER Spearman 2%
PEILE] 0.73, JF HAEMIEZREARTNEANE LT, TR SR I — E RIVEREIL S

SR
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