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Abstract Text-based personality detection is an important research content in the personality computing field,aiming to analyze
the implicit personality traits in user-generated text. With the booming of social networks, people are accustomed to posting online
content that implies their psychological activities, which provides new opportunities for text-based personality detection. Accu-
rately detecting personality traits is important in psychological health diagnosis, public opinion monitoring, human-computer
interac-tion system design,and even in the construction of large language models today. This paper provides a comprehensive re-
view of text-based personality detection. Firstly,it introduces the background and task patterns of personality detection. Second-
ly,the existing detection methods are categorized into four aspects: psycholinguistic statistical methods, feature engineering me-
thods,deep learning methods,and pre-trained language models. Then, the commonly used datasets and model performance are
summarized. Finally, the issues and future research in this field are analyzed from five aspects:reliability,fairness,ethical and pri-
vacy,the unification of dataset and evaluation metrics,and the relationship between large language models and personality.
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Fig. 2 General process of text-based personality detection
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19 25 T 50 P S 3R 35 A TR Y BB T, — S 3 22 il
HE AR A3 AT U Lol AR B . Ramezani 4557 38 11 4 3¢
AAE A5 DBpedia AR 4% B 47 VT AL R 44 gt A 45 118 E
LS5 A B AN IR A B IR T AR A . AR R A
T PerKGE R AL HUE 5 % K & LG T A& 5 A 55 R
ZIER R BT By T VR XU I 2 RS RS R R
P BRI TR A 10 A Sk R B AL & AFAE i X
SERAMEZ 7 MO R EE S, M), 4 PerKG

Tl

<

SEAl b LA SRS A SCARTE SCRIE & XU St 9000 4 58 15 44
BINAE . BT XI5 KRS SR AT /AR, AT T —Fh AR R
W2 R 3 W 4% Per HGATE O JH 5 G op (19 35 35 XU
{5 B R A2 A5 L=t R e R i UE B RS 38H
FIFORH . BRI, L F GRS R I T HG-PerCon B8, i
FET I 3 A BORNE T KUK SR G P SR AE AT B P %
=25 N

2 bR O 32 4R TR A ol R TR S
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RPN g SCAS T SCHY 1Y 5 2 — Rl R0 o7 =K (5= 78 RO
2 ST RN PR AT SCAR S A DU R AT 9K TR I — 2 Bk A AR
il o 5 AR IBORIAG 2 b 00 TR I R K A 1 0 3 A S
G  HY 0 T A AT SR TR 2 A B T R R R YL A
TR & 1% 75 2 HEAT 8 00 SR R AE B, A Re A AR TP R A BRI
FR 11 A e R AR
3.5 ETHAPBEEH AEEN

A B9 KB 5T K 2 DL 7 [R] 43 4 (Independent Identi-
cally Distribution, IID) J {5 , 22 W 1 A 1A Z [8] (19 A 552 i
— HB AW ST A A P B AA AR R AR R AT 55 EAT R &L IR
S FH P 0 245 35 R A B A5 4 06 3 R A Lm0 — A3 3R Ay L 3
BNCURESY . oAb, B T B B AR 1 RS R BT U W AR
PRIXE » SAT 19 A8 BSO8R 4 DR 2 IR/ o BRI 5 5 Tl 7
B2 J2 5 T LU A 2 1 SR A R T AR A L Do M B
& A B 7 SN P R A A R SR K AR . FE T L A
fis T 45 M R AE 2% ) BB T W 46 3R 78 % 2] (Network Representa-
tion Learning, NRL) Fl & #f 22 % £% ( Graph Neural Networks,
GNNs) 55 J5 1 4 — LEIF 5% 3 i 1) 38 0 45035

AdaWalk"™ J2 55 — A 5 F R 46 R 2% > o K U A% 1
T5 1 0 TR AR B AR 3G — A S8 B 18 18 P R T R
AR A5 5 22 B B 32 58 5 H P A i SO AR L % 422
TXRE S0A P A G 00 ] 850 e ke, 1 — A P i I R
M7 J5 15 %6 Node2vec™ 557k 78 | B HLIE & (19 2 A RE 4 2
WEI AP AERR, % AdaWalk 13 % » Guan 45500 #2 1
T —A> Personality2vec 4% & 7n A2 1, &2 78 43 Fl| FH A SCAR H
PEUR 0 SCREFNZS M 45 B o A P 2R S [ 3 %A
R 3o 2% > 5] — 20 P 22 18] 08 AR 52 o, B 4 1 b ) A HE
H . Wang S0 @ 7 JH P -30RS 36 &R L SORY IR 6 & A0
PR IF B % TextGONS R B AH 3+ T Persona
lity GON B8, DU B 19 7 37 52 5 P o o) P 40 i i
LR,

3R T VAR O B b &R R Y S R T R L

B 3P P B BT . R S A X BT 4 A 2
I35 AN T AE LAt 28 W45 A A K
3.6 ETFXEEHM ARG

SCAR ARG I B AE TR AL A8 AR R A RS
JBT AR R AR SO R S — AN 1] B F U Bk TR R
TR R T LUK IUAT 55 19 40 J2 0 2 A 2 U - P i
GRS TE—, RS H P 8 AR HEDL . I 4F K,
— e B TR N A U T I S TIR R . R 3G T
XA . 2020 4F, Lynn 29750 K I AE B AN TR
TR A A R BT T T — AN 2 R E R T M 4 SN+ At LU
BN Ay 28O TR B S TR EE SR BRSO ROR .
2021 4F, Yang S5 PR il 7 @A Ry — AN T AT RE S 01 A
¥ 5 22 5 B kg SCAR N A A A 45 Ak 3 1% 5 AN 2 Am 1 1 B
TG LR SR SR TR P R R 20 A s R AR A TR
T —A Transformer-MD [ £ , i %5 SCRY g2 A 1 25 Bt
8 Transformer-XL N FEE (Menmory Bank) B A8 LG 7 %
FIART AR ) 2R R P, Yang 2899 H1 8 R [/ W00 &L A K
WG F 22 80 47 78 0 B R 75 25 00 o B At VT DK 0 BHL 2 o B SR R A
— AP R BTA W AR A TP R BT A B R R
T =R L 3 Bl S b 2 T A AR L R A LIWC 2,
I FH ] ot 28 I % 7 00 3 A O ) B ) AR 288 0 [ 1 254 13 B
&3 . 2022 4F , Zhu U0 [ BE DA F P2 A B0 1 45 40 R
Wit T — A B 4 M 4% CGTN, il 181 [ W 2 5 31
A AW ef 5 B A5 5 D RS A 25 i 1 ] R AL T
— A FHRAE . B 2023 4F . Yang ZV A AN E RIS T
SEM TR AN HE 1Y L 5 22 0T G A SO A I SO &5 R TR 1
TAEART AATE T T — A s A W EE B 5 TR W 45 D-DGCN %
A3 S F 2 MK FR, 2024 4F . Zhu 250720 [G]RE & X A M
A6 W0 A 55 1 S50 B0 4 Sl 1 ] A, DA SCAY 5 4 o AR T — ol
P B 05 385 AR AR A Semi-PerGCN L 78 43 FR A% 48 H 7 9 2 2 i 72
L 2 A OB R e P B — B 24 B, 3 5 A AR A I 45 Y
(RPR AT

&3 HETSCRIEE AR A Ty i

Table 3 Document structure based personality detection

Bk

1 # A

SN+ Attn[67] ACL 2020

AHFFEBEANAETFHTRAME, AL HE LT BB TR P R X0 ERE
BRAFARPRT

WA B TFESEN AT T # S5 NFF EE A A, Transformer-MD 7 3t 4 /> k7 #
KT 2 E F A IR S, TrigNet 44 & AN H P # 2 G B 7 2 LIWC 2 5] 37
CGTN KX MARMAR P EAREFHESEH FALES L EE*IH

AHAHEXEFEMNAERHRE.DDGCN B AR HE WL XG4 PEAH

HENFRMAGRYA P AT AR WASE CEEFFHBENE L, U R

Transformer MDI ) AAAT202L iy y) "4 bttt 425 48 1AL 800 W0 217 tokens 3 L FI — i 2 89 3 i o6 F
TrigNet!""] ACLZOZL i f =W, M B % 4B P XA LR R
CoTN WCALZ0ZZ o s b b i oy 15 5 A AN AR 2576 B 1
D-DGENTTH AMALZOZS e TR A, B ALK P AR FHRE TR P& T
Semi-PerGCNL72] AAAIL 2024

Bt KA A

Facebook

Kaggle,Pandora

Kaggle,Pandora

Kaggle,Essays

Kaggle,Pandora

Youtube, PAN2015,

MyPersonality

TR LR EE M 4% SN+ Aun 7 g E EE AN 4
FET ORISR, W 4 R, A — 4k A
u ) n ST A BB R A — 2B ROV BT B e A RS . T
Ko, TP B A 200R 858 i ] 2 06 FF BT (Gated Recurrent

Unit, GRU) P24 BRRUIR A .

hi=GRU(w}) (D
X B AR AS TP LAY 5k - by I Z AL
dj = tanh(W o0 h§ £ bora) 2
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o= exp(d/ d o) (3)

L T
E eXp(d}k dwmd )
k=0

&:égm )
P o dyora 2 BT ROE B 2E S BT SC R byora 22 TR B
5l S 1 BBR AL VE AR L 1B g B g B R R
WIZ WAL M 3E & GRU i 8 405 19 3 =2 1AL, 22 21
FRIN

Message
Attention

Word
Attention

Word
Attention

4 20T 2 R R 2l (R 51 | SCikC67 1)
Fig. 4 Overall architecture of hierarchical attention network!"!)
3.7 EFRIGESHBH KRN
ARATHE WO LR 5 R A R R B, N R Trans-
former ZEFY TN 2518 F RETUAY & R OA FL AR, B 4 KiE &
BT (1 N AR R 0T DAl 55 4 ) B T SCAR AR A T AR 55 19
IR, BARIE 4 B,

2018 4F , & WL T — Fb Transformer 42 #4 f) BERT
FEAY A — Le s Y U | bR SO - 0 4 I 2R A 5%
M F Transformer [ X ] 4 7% #§ 3k % > 6 & 4= 19 0 16 15
Mo 2019 4F, Keh B85 — g 22 35 B0 BERT 4 2 ok gt
SET AN AR R I A B A B BN 25 47 19 BERT W] LA
A R SCAR A KW B R . Jiang FUVUHE — LM T
A5 ff A B RoBERTa, 7E Essays 2t [ 505 8 Fd R T+ T
2.49%, 2020 4, Mehta 7 % 0 FL A F R T 5
BERT iff &5 #¢ B A M85 & BE 47 A A A D0 L 38 DT i 8 1k
Fi1RE A3 BT T AR B T2 R AR X RS R BT e 26 TR 1Y
DMK & B SCAS i SCRFAE R 4R T AR g i O BLER A
fit, 2023 4, Wen 731 T — Al DesPrompt &3 # J5 #%
T i A K J 78 P B R (Prompt) S U BV 438 7 A
(Pre-trained Language Models, PLMs) , DL i 7 /0 BE AR & &
TN AN KL T A 51 BT S 0 S 8. R TE b R ROIE
G QR T N S o e 1 7 N O S K = 7 N E
B Ak 3, DesPrompt #4 AKS K I 2 4 g — A~ 34T 55, i
AR AT S AR il R M 4R R R AT B L AR R B PLMs
FHAH R R R 0T b & 1 3 5 48 7% . ABLPMETT 2 — A
HETARER AR E . Z T EARME T AR S X
ATl SRS A WA 2 18] B9 B 3 A5 22 5 fE BERT | A2 %
AHFIR . Zhang 57 3E B T BERT H A1 & A & 1.0 H1
5B IR ER I T — O BLRRAE 48 5 09 T 2K R R AL GO
75 1 PsyAttention, 83 W BERT, [F] B 3% 187 (49 H 4% o6
Bl CLS (] d B 43205 T 0 JARAE ] 4

A4 LT BRI R A A I

Table 4 Pre-trained language model based personality detection
VS L& E EEHA Bk i 2 4%
. BERT NN N .
Jiang % L74] AAAI 2020 o HO H 4 F 4 2 BERT.RoBERTa Essays . FriendsPersona
RoBERTa
BERT
Mehta 4 (75] ICDM 2020 RoBERTa i 98 W 4 & = 42 A BERT,RoBERTa. AIBERT Essays.Kaggle
AIBERT
- T5-large —FAE R A RMER TN T R TR ARG TR FriendsPersona, Essays,
76] IPM 2023 .
DesPrompt RoBERTa SR HOR E A myPersonality, PAN 2015
r AR ERT T & EREMN AR XKE .
Lr7] S sonality »Sams
ABLPM 1S 2023 BERT SE B E A R R & B X A P MyPersonality, Iphone, Samsung
PsyAttention”m EMNLP 2023 BERT i BERT.# CLSHEEENL TOEFMHE Essays, Kaggle
WLGPT-3 K0 85 7 A NA P At E kil 7 ,
sanesan %L[79] ACL 2023 GPT 3 Facebook &
Ganesan % 5 B Ak B A 8 zero-shot acebook B # # IE &
R R EEL B G A LB A#HA S
PsyCoTS1 EMNLP 2023 GPT 3.5 . . Essays, Kaggl
e ’ 14 7 3 K A R ssays, Ragele
Caron 4 [82] EMNLP 2023 BERT GPT2 FERCENERN S FERRARETRE NG AH Reddit H # # 45 &

BART,GPT-Neo 2. 7B,
GPT-NeoX 20B.,
TOo-++ 11B.Alpaca.
GPT 3.677B

Jiang %3] NIPS 2024

BINT HLE A E R (MPD 3 LLMs # 47 47 & b fu
£ 1L iy AT A

MPI # # % # %

3.8 ETFXREBEFTERMAKZEN

ChatGPT % K iE & #L % (Large Pre-trained Language
Models, LLMs) & By #& 4 # 4 (Instruction Tuning) Fl A2 JZ
153 1k 2% ) (Reinforcement Learning from Human Feedback,
RLHF)SHOA , 7EH G N K48 A 0 R 1 oL B Y X5 55 fig
IR AR E T AR S T RAR T HE L E A
(Zero-shov) % >J i€ J1. A T 1 T FAL 55 80 FIAT LLMs #Y

871, — LW TAR T3 8 1 gk 0 Bt 4875 . A A A6 T 43
BAARHIS 2023 47, AL 29I 3L K2 (1 Ganesan 57 R 5E Hh
W5 T GPT-3 TEEAEA B E T #AT AT A RE Ty . M AT]
T 3 ARV /R BIAR - 1) A% R BT S5 2) A [ 45
JBE A N 22 FRIUAS 28 8 (88 T R 480 38 5 30 A B 38 17) 46 4
A A P T B B R S G e I 0 TR R A 5RO OF AN R AR
PSR R B L RR L (HE AR BT G A I 2 B 4R Ak RE . KM
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RASK , ) 35 08 2 0 3% — R A T A2 AR 4% 3 Y T L
Yang % 5O0R 0 B ) 6 A O &AM R 48 5 B FNE ST 51 A R
REA N 1R SCRRAE AR 0) 50 B AR B . (e iR+
R FRBCHE 3R 30 00 7 vk Sk DI R AR B DA AR N B A R . e it
AL B ABATAE SR T PsyCoT B BIE A 0 B 27 52 K5 0>
T 0 3L [ 45 v IR R L DA Dy ik 26 ) 45 350 H W) LLBE R Sy
S B 1Y B 4E 5 (Chain-of-Thought, CoT) i B & 4. il
T KO8 5 B A SR SCAS 3 BT i N T8 RE B 3 4R R B F 1
BEA A X BA 0] BT H $EAT V9, IF R Dy 8 0P g s R
B S A 4

Sy —Jrm, b LLMs 7845 Fh B 8815 5 A BT 55 b iy 5
BR LR AN RIRER LLMs 26 HA AR, 2
B LA EYL LLMs B AT ? Jb R 2 3R Ca-
ron 255 B R, A0 B AT 1) 2 ok B R KR TR A K
e HLE G SE I UE B T 28 0 T A R A AR R R AT DAGE A SOAR
BN SCHE TS . BAJS L AL SRR A Y Jiang FE PR KIEF
Y6 3T 5 il 5 GPT-NeoX, TO + +, Alpaca, GPT 3. 5
25 IF H gl AMLZE AR % (MPD T H 3 BF 5T HL a8 A% 383
T—F K R 5 B, DAl 0 0 A 5 BT 4 AR
LLMs., ffi FCRE 5 7= £ Z RE 40 Rl S8 AT H .

T A B ) 5 2 B AR A B AR B PsyCo T Sy
REFEFMNAETREFTEN SN, mE 5
AR NS ) 2 rh ) 00 E R AR TR B 2 N R R A R 4
B, MR SCARE R LLM PE4 0 H Ll £ 8] A %G 1
N ZE 58 AR Y o R, LA R R A o 4R R o R
BRI AE WA P={D, ) REHX —AAE, Hh D
BT S MR R AT, B85 M LLM AT &5 i & X 140
BURRAF B M LLM B4 5 58 03 A SCAR X T
AR,

NV =LLM(D.X.D (5

55 b5 v B8 A L PsyCoT 7 LR JL A 3& 5 5 18 i i
THRAMESRR DB YT S D, 48 S LLM Xt W & o 1y 4
B (B AT IE s 2) 78 D A T A T 4
R FE, BIEESrRE N, “ 1= AR E. 2= #MA
F&E,.3=H . i=fMAZE,.5=EwRE" . IHimH T 5
BIBRREEE;DFAT AR LE R={(r), . &
J 3 3ok 2 % U 1) R4S R v 31 % LLM BLUIE 4 B Y
2 W A%

25 b KRR S K BF 5T TR O A T ) 4 B B
PR AETEVF Z ¥k . 01 0, LLMs A K% 19 TE 1 5 Wk ot B %
A X7 LLMs M AA SN — B T AT 55157 2 &
AT LA AN ) AAR 3% S 19 LLMs 18 2 1% 31 5k BF 58 A 25 9 4+
SET R

D myPersonality. org

2 https://pan. webis. de/clefl15/panl5-web/author-profiling. html

3 https://github. com/emorynlp/personality-detection

’
/ We have a text written by an author: \
" Today has been a pretty good day. I am alittle worried |

—————— e e e e

N
oo dhmnsogy) ) @
core: ree a stro;
CoT Steps \‘________g____g_y___//
A AR LR
l/ T:]e author{sA” Extraversion” orB: b Tsae
\ “Introversion
R 4
Personality < .

, ~
5 ( Choice: A (Extraversion) \/ @
Inquiry L o

B 5 0B ) o S AR B SR A0 R R IR B Ak g s
Fig. 5 Opverall architecture of psychological questionnaire based

chain-of-thought fine-tuned large language model ']

4 HIESEMERE T

4.1 HIE&K

AT LA RAA B 4 o 32 AT — 8 43 JF IR 1 A% AR
g, mak 1 s, X AR ENEIE RN

myPersonality J&— 3k Facebook W FH 2" . & AL 77
W EE A NGRS 50305 . ZEEE RN R
NHE ORGSR AH 600 TTAS S T H A, 0%
B 2 2 B B T N B R TR) REAE 2018 ARG

Essayst™7J&— A>3 £ 1 2 W SCAR B8 4, 61 & 2 468
MEASFE BN TN HESE. #EN AR
2 3 2 R 2 R AR R RO PE AR Y

PAN 2015 ¥4 46 2k B BCHE Bl % 58 28 40 & 3535 . 79 gF
8 R RFE AN Aer 22 35 ) Twitter SCAS MR 25 19 K 1AK%
o AR i A T —0.5~0.5 Z[a].,

YouTube " J& — > WA 57 SCAS B4 4 22 800 4 W b
2 NARBLFR AR 55 TR B 9 . R LR B LR
SRIE R RS X LR ARV 43 . 45 40 i R 1~7,

FriendsPersona® JE 76 & A 10 LW B 144 2 09 A% 4L
PEAETT A 711 ARG XTE . B RS 3 B TR H
BANES NN PN 3 3 v =y

WASSAY 2 ACL2022 4524 5 5 T XF 35 17 e 2 52 g B4
() B0 1 28 R A R AT 45 D AR TR AR S B IR 4R Bl S
FEH W SR N N2 A B SR E B CUAE 8 1 5D L A%
{5 8 FEE RV 6 AT 4 .

Kaggle" 54 % K JF T PersonalityCafe #8352 » AMITTE X
B2 A O M AR IEAY, B]If fl FE AT o 55 R U, B4 4R 3t

Y https://openreview. net/group? id=aclweb. org/ACL/2022/Workshop/WASSA
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H 8675 £ M P I HABATHS @ L (a1 AW T MBTT A A& A5 7]
AP R 45~50 BT,
Pandora® $¥E 8 /& i1 Reddit 4 - 10000 & H H iFig

L B 4 o R AR B 2 bR AT D R LA A MBTT 74
AASHE bR . EA R, PR T — M A DGt 2 1F
BSROR P DN RIS (AN TN N B L E A

F5 RN SUR A BIR S
Table 5 Representative text personality datasets
B A& F KN A4 U AT XAEKA EE
Essays 1999 2479 Big-5 I % S
YouTube 2013 442 Big-5 YouTube # 5k ®iE
PAN2015 2015 300 Big-5 Twitter # F KE BHHEFERAANEHZE
myPersonality 2015 115864 Big-5 Facebook H ¥ ®E
Kaggle 2017 8600 MBTI PersonalityCafe ¥ E
FriendsPersona 2020 711 Big-5 WAL E § K HiE
Pandora 2021 10288 Big-5,MBTI Reddit # F KE HHFE EAME LE EE HHTE
WASSA 2022 2022 2655 Big-5 7 o B £ ®iE
4.2 fEREITME cov(y, 73\), )
PCC=———"—"— [QRD)

SCAS NS A 0 T ) AS [R) A R 0 3 5% L AT R4 DA 8 4R
ANJSA TR o T 53 38 38 5 K A A A 55 A8 g 43 26 0 [ 1 79
FAL S TN T 25 . TE RS D B0 A BT
T MBTT 2853 358 R4 R SRR 43 g i AR 2 B . RS e %
(Precision) . & 81 % (Recall) \ #E# % ( Accuracy) Fl F1 {8 /& %
FH 0 AR BT 53 8PP AN 8 45

.. TP
Precmzon—TierFP (6)
TP
Re(allfTipJFFN 7
~, Precision X Recall
F1=2 Precision +Recall (8

Horp TP.TN.FP.FN 735 3275 FUBAE 0B 4% L M8 FH 1 B
B . F1 5% A R R A A [l 3R CF [l 2R 0 8 R 20,
REFWTRHAE FL 43 B0 A & 42 45 BE FI A Wl 32D, 72l
VAR S5, 2 3 A A B8 D 00 R L AR R A5 4. 1T Al 48
R4 5 ) 05 MR iR 22 (Root Mean Square Error, RMSE) | 3 14 44
X iR 22 (Mean Absolute Error, MAE) il fz /K ifbh #H ¢ & (Pear-

son Correlation Coefficient, PCC) ,

9,0,

Jorh oy, i1y, Foom A R IR 1 90 (R BN (8 N R T P
AHcow PV IT 2 o, R oy ST v Y, H9HRHE2E

VT 45 b 010 22 R 5 5450700l A 1 % L 2 75 TR,
ML ART DL R HAMEFEFR T B Essays Z08E % Hl MBTI 845 T
1) Kaggle $08E 45 0, L0433 AT 55 b F1 48 b o v 5 1
T TR R R R 407 v SRS S ok O G
ORIy vk KT R 7 v 1 AL A b TR 45 Rt & 6 A,
B (R U VR T 2 307 WA LT TR 45 4 HLS 22 51 07 kA
TRACHOER T . VR EE 2% 3 07 vk 1 U 3818 T HoRP BB 0 11 302 )
1 G i 7 388 8 U2 20 I 40 9 45 T L0 65 0 3 o 42
HOH 5 R I AIE 5. ML 2 F L T TR AL 45 4 L8 2
e R ATU I 5 1 U 28 50 K R R AT 3 A
— SRR LA B A R R L SO SR T R 7 4 T 3
P IR 2 A T P 3 K SR Ry 2 7 b B K S A
FBLU 6L TE Essays OR300 T 5 85 09 AR K HE A
SR R 1 T g AR A A 554 K TR TT AR K i
R T DS o T 1 7 3 2 ) B I 3 AR

N-1 A
2 (y,—y)? s . o e > . N
RMSE— | =02 " oy PURBUESEERAE . KA BBy ik O AE 7R A S A R
N . P N . -
1255w, FRATT AT LA AR A A A I B8 g 9 iF — 2B 3R T 3R A 1
N—1 A
MAE:EO\(M*M\ 1o AEHETE JAF B BT 55 U O T 22 R R A 37
F 6 ARRMEBBIMEREXT L
Table 6 Performance comparison of representative models
N w N Big-5(Essays) MBTI(Kaggle)
S 3 ¥ A EYR
FHERE 7k AGR ON EXT NEU OPN I/E S/N T/F 1/P
F LKA LIWC+SVML87] 47,50 52.00  49.20  50.90  50.90
VRS LIWC+ SMOE3) 55.78  55.29  54.93 57.35 62.11
% % AttRCNNE#] 71.92  63.46  71.50 62.36 67.84 59.74 64.08 78.77  66.44
Uk SN+ Attnl67] 70.82  64.19 72.25 68.10 68.50 65.43 62.15 78.05  63.92
XA A Ry CGTNL70] 77.12  76.21 78.78 70.87 72.17 71.12 70.44 80.22 72.64
Wk DDGCNL71] - - — — — 70.26  60.66 78.91 71.73
N % E S BERT-basel 7> 58.80  59.20  60.00 60.50 64.60 78.30  86.40 74.40  64.40
ML 7 % DesPrompt!76] 63.80  47.30  59.40  47.80  64.90 - - - -
hiE A PsyAttention-78] 66.75 64.21  64.43 64.27 68.62 87.94 91.47 85.24  80.53
ok PsyCoTl80] 61.13  61.13 59.74 59.74 59.74 66.56 61.70 74.80 57.83

U https;://kaggle. com/datasnaek/mbti-type
2 https://personalitycafe. com/forum

3 https://psy. takelab. fer. hr/datasets/
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. 5.3 HIEBEMITEMEMRE—K QIR
5 HEkSRE o -

VBRI —A B 6 B R F U, AR e &5l R T
DI AT ML B )z e, R TR A OIS T
Z R BB W TS AT SR A7 AR — L6 Jay PR A
5.1 AH&H& T B9 7T & (5 A

AR S 4 BT 8 ) AT e A% A M 158 2 AR S IR
PP R o AR R 8 1 19 B8 AR 4, Ok Bk R
LG O B2 P RS TR R AR 1] s Al 0
SRR TR R DN 13 & 3 N RS S L i (VR u R s N
SE M 5 PRI SOLY 21 4 00 (1 5 S B =2 ) 2 A 7 22 S ROV gk
BRPE . T A S AKE AN 50 b 3 S8 I B 5 R D DI 2k A
56 TIE ) B b v I 00 R 2 T BB A AR B BN A5 2R L R B
RN (e U 25 SRS AT & . Akrami SU QB S S T XA
B LA 5 SR A AR 25 A ) 8 22 A/ B /N BB AR b
F I Ly TR A R 2R R R R R A AR R, gt
AR 2, R A i B G R A IE 5 B 0 AR ARG e S 5 2 i
BEATIRE o T — D T HOHE TR A I AL, SCAS S A T A £
IR 2 R IR T L3S T 2% 4k 52 P 4 1 P A= 0 i B0 B A 2R
S E A S E SR S B EUR RS 2 AT
()AL, VA A 5 0 4 s B A A A R 9 4 e (LR B ]
JUAR SO I R S R SR BRI R A
G g A — 2 5 M R AR OC R R SO 4, 2 iRE
RN 2 o B SORY 5 45 o 2 1] 119 i AT 5%

AR AAIEFT X 0 ik 5% 2 1) AL 75 LB R 22 1 A7
T JF SR IBURT I B 6 e A B /0 1 JH X A A8 1] 2 60 7 P ) 52 )
X AT RE AL A O () A BT AR TE — BOME AR U A . B SO
7 ) 3 S R AR U R R R A R A R B R Xy
FERYRHAE » & #E PR I 25 B0 R 48 T A B o 2 R T RE R — Fh
Jr .

5.2 AHEHE A2 T A

BL 2 2 B A AR BT 58 8 T U0 R 4% 2 49 v T BE A
E B4l UL 5 31 2 X A A DL A D 22 1 ) B
SR BUT LM ER — D EER R, — AT B I 5 AY
NEIZAEAN (R BN 0 GE T R A rh 3R A R) B B0 e e . LK
il S 4], 75 L2 [ A ZE BRI ZR AAS AG T AR Y, Y
LA A TR A 5 9 A 77 3 N I A58 20O T e b A
BB R H TR 5 KRS 5545 A 5% 28 5 DACTID it 5% 4 D A A%
R, PRk UL L BR T ONFR, B AE I MR R R L SO
IR 2R 3R SO I B PR A T AR S 5 A AG T A SF-
PER P ZR o DK B B A B2 R A Q2R B R A A I T
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