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& E ORI, O BRI SR FEE  FRFME T BT (BFA) 2 U A 4 1) — Fh
PGk . WERR U 40 2 EFA PO AR 2 —, IRAG S Ml AU AR S R UG SR il
A, AT EREARAE P9 8E, SR A 0 T2 (LS TM) 945 4 FE 1 % B 4 X 446 1 45 T A B s (1
i, KGR, AR, F1, Kappa)X7E 83%LL Lo E i KB B SIEE K STUERTF S, JaiE T LSTM 7E A [R1 %k
P2k E R BUERE . 453 H]: LSTM H CDF ., EKC Fll PA Jrik HA B R BIHERR, FIHETRN 48.50%, FkKHEH
ik 171.09%, i H, LSTM [k CDF. EKC 1 PA JrikEA T/ MR, BRI Firfafabt, MFREnidii R 4

LSTMfactors J& FAATFFT AT I ZREY LSTM 4347 SEEE o

KR RN 0, KIEWHCIZ, TR, )

SES B84l

1 55

O PR 22 WF 5% O 1 A R 1Y 3 7E AE & (latent
variables), U5 7 AASSE, X IHIEF T4 A R R
SR, o0 Bt T 2 A il G MRS ] L, e
F FUA R ATER A A S AR bR A BRI T
41T (Exploratory factor analysis, EFA)J&.0# g%
Tk il B ER Z —, T iR B A
SR ST R B, XA MRS —
AN AR AR Z 8] B R R T A

EFA  H A — > S B [n] RS2 ANl i 22 1 6% 79 DA
THE (Zwick & Velicer, 1986), &GN T4 &2
W A DR B 5 A R - =2 (R 4 OG5t e
TS RO IO A B AR, 1 R
R R, a3 R A B o i AR 22
(Wood et al., 1996), B2 AT 50 ki1 2
(Fava & Velicer, 1996), = fifi A+ & & S 2 H 747
Zd(factor splitting), BIUNTE K ¥kt 2 5, S A8

R I 31: 2025-04-02

WAL B FEEE A SR e 2 AT
b, AT A AR 1 5 I SCHR (Wood et al.,
1996). WAk, AT HEF B — AU G gAY, H
o AL H5 JL T A i BN H 1Y 45 14 (de Winter &
Dodou, 2012), I, AL RS LUK
T O BA DR 5500t 2 AT A 90 B PEAS A &L
i AR PR {82 S e 5 A

A TR AT REER AR B I, RS EATER S T
V£ 74k . Goretzko (2025)%:3R T H i P 714 B4 1Y
Jrik, REG UL LS ()fa ssk KB AL J7 2
DA SRR IR O B R, 5 0 A (R P - A
B A8 4k, B an s e AR O T 1 it D) (RIL Ao
Kaiser, 1960) . i1 KK 55 . Hull J77%(Lorenzo-Seva
etal, 2011)5 . Q)FFRcH ik Wit Rk 5ok
XA FEFRUN AIC, BIC Z9)MZASAT BER A T
B rh it i AT %R . Q)= ek g E
A 28 SRR AR 1 2 25 (8 5 At R 2 FE
SR AR HETHEE ) 1Y 2 2% BURR 2 48 bR R 1 2 R 1

* e AR AR R 45 B 6 T B 4 (SWU2109222; SWU-XJLI202307); PERI K2 2035 56 SR 50 H (SWUPilotP1an006).,
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i G T LA R) B LR VR S &S 23R . 1]
AN 225 56 B 480 ) (empirical Kaiser criterion, EKC;
Bracken & van Assen, 2017), fi/NF-2 I AH A 56
(Minimum Average Partial Test; Velicer, 1976)5%, (48
PUT7 ¥ AL BE AL R R R B8 A A
8, B 5 SPR B T RS R B B, lan
H #4035 (Comparison Data, CD; Ruscio & Roche,
2012) 7% . 4743 Hr(Parallel Analysis, PA; Horn,
1965)% . (S)PLan > ik MR BIbLas = >
LR O B8 K-, 9] 4n X 7~ 2% K (Factor Forest, FF;
Goretzko & Biihner, 2020, 2022)/71%, HREIEARAK
(Comparison Data Forest, CDF; Goretzko & Ruscio,
2024) )7 1255 o (O) LML TT i i IENIARs—2Efu s
(LB IR, TS R R o 5 4n 1 ]
1B EFA (RPTEARUSR pRESRHE ity 288 fi R B 55 DXL (1]
AHRHERERAEST)  IRR B AT B AL, RIS HE
WA S AR A DG TREST A
IR 2O AR T ARRIEAR TS, Bl PA

EKC. CDF %5, SZBr b, ReEAR n] LIl fE iy 51 4
P, I A —80 A AR S B IR B o R R
EFA SEATHEEIRER, UG T X5 TAEEEOE 1A 5C
FRBUEE X RESE, AR EAR & 2 5
FROE M AR FF A, ,, —HAAEWT RR:

Z=AiM" (1)

J
2,1]. =tr(X)=J )

=

Horr, w(2) R 2 r9il, T AH DG FR B0 B (BRI AR 1
B P IT ZZFE X TR R 1, PO 45 10
MAR AR, DRERZ ABEESET I Ew
B aroc R NRBEVNMES, IR 4 =24 ==
Ay == Ay o IR, A HEFTERT BRFEAR UK,
WP AE IS B RRIEAR BUE DA R AE /N, 3K 78 53 s e
TRHEAR Z 5] A B, T T RREAR ST 5 )8
P (Braeken & van Assen, 2017; Li et al., 2020).

KT NTRREHARTE BEFA AR LRI
fERPEE S FF 5 CDF), HKMIMiC1Z(Long
Short-Term Memory, LSTM)M 4% J2: b ¥ ¥ 51| B P5 4%
RS WA 3.1 743 BRI A LA S I 2% Jie B 53¢ 4
TR G S N TR REROR, 8 T 8uELL
7 AL SEER R TR B A rT e, AR O
AT EFA B FRiE AR AR i 7 s, IRl 51
A LSTM A7 SIREAE, DA 2 Ak (] B9 A0 B4R
BRI TN TR, QX LSTM #EAT# 2 50H
th, DSkt G, O LSTM 518457

PRiE AT A LA DA IE M R

FEAL G 5, PA TE R B 5 P 344 ety
LB, GRAEA [R] 0 B 23 A b B B A AR
TEAFNEE 25 T (A RTE 30 2 360 Z[H], W
MFEARTE 9 2 72 Z ) EA R i fHE(Dinno, 2009;
Humphreys & Montanelli, 1975; Peres-Neto et al.,
2005; Zwick & Velicer, 1986), sk B AE R 4Fr
o[RBT, EKC J5 v FARRIEAR A9 7 51 A2 fh (R e —
Z2 5 REAE AR Y BUE 23 52 HF 7 76 22 AR IR AR /)N
IR, X 5 AT P 50 fA AL . kSk, CDF
454G T FF 5 CD MEs#i ik, 5 LSTM [FlJE T
MLER: 2 ik, HEER P E KR 2 RN T
EKC. K, A5 PA. EKC A1 CDF ixX —F 3t
BB I

AW H AN T 5 RTS8 55 R B A
BRI T IR WML S I % PA. EKC #1 CDF,
=HBA A LSTM, M T EFA M4,
ARG A RN REE A, VIR AR A, Ry
i JRE, MSEORRE N . IR REIA
EFA S5 i i) SR B 25 Fvh, X LSTM i 4745540
SCHS, ARG IS A, DARIE LSTM fE#.
55 LA A SR SRR SE, T I R B S 0 561
LSTM M EARME R . a2 AR e fghie .

2 PA. EKC 5 CDF fij4r

Horn (1965)#&Hi ) PA J5i%, B %24 H B4
WMo HEBAE S ARIE” (Auerswald & Moshagen,
2019; Goretzko, 2025), PA 77 1 5 P 5 oo Hrds
Z (B4 100 ¥X; Auerswald & Moshagen, 2019)Ff
BB 10 5 fE AR 55 SR B8040 19 AR5 iR AR 22 ] A R/
KU E G IREAFEANHF . RTSH R A REE
W%, BRI PA ORBE A F A0 %ie . PA MY EARL TR
152 DL 25 R 5% 1., Auerswald 1 Moshagen (2019)
PR FE G L A8 3280 0 B T SRR AR AR R
95% 1) A 43 BUVE S 2 25 FEAEAR 7T LS I A e 1Y
flHHER e . PR, A SO R T

2 W EEN] (Bracken & van Assen, 2017)%2&
AL GE AU Y e o 5 B0 N —#, EKC 8
oI FHE 1 A UEDR OR BE K- 4R, EKC 0%
J&T K H BEVUREAS £ FRIEAR A A8 S . ZE I
BT, BT BEMLECRE 1T A5 A ¢ 2R 8O FE 1Y+ ¢
fIE AR 23 A B 24 ¥ 35 Ik N Marcenko-Pastur 43 4
(Margenko & Pastur, 1967). A i, Braeken %5(2017)
T T R A A S 5 R AR (PR R 2 I
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L

L8R S 2), JF 5 S UEBUE R IE AR R T LA,
ABLER T 1 H R TS H AR RS, BIH
EKC & B A7 Ay 8o

Goretzko Fl1 Ruscio (2024)$&Hi /%) CDF 2454
T CD M 7 ZR KA 57 7575 - CDF 45 PA ZR40,
T B, (HA T S PA BEA X5, PA
AR B 2 BEMLER S, T CDF &5 T S0k £cds
THAES 3 09 A ¢ RBUE I 2 #EAT AL, 5
DLy kA BA e 180, (HAEBUE Hik
L2 B9 ¢ REOCEFE, P L2 A LA A OC R 506
WA IS AU 5 s, LA I R 5 L I 4% B o 5
3 %, Ruscio #il Kaczetow (2008)AYHF5% . ILAM, PA
iH 3 2 % R AR 5 SRR AR AR 2Z 0] ) /N G R OR
YuE 80, 1l CDF )28 ik b AN ) PR -4k
i BB 5 SR A Y DG C R R R e Y

¥l
3 LSTM &t 531k

3.1 LSTM #&#t

LSTM J&— A 455K 4 4 4 1 22 ) £ (Recurrent
Neural Network), %[ &I HF ML GG 4
) 26 7E Ak 31 7y 51 BCHE s 38 2] 14 A E T O RIS 45
JEME, LSTM it 5| ARRRS T TEPLE], fesA
R P S0 BE H AHO OC R . — 58 LSTM
FICH H H— 012 70 (Memory  Cell) A1 = A4 il
FT R i AT T(Input Gate), 5t [ J(Forget Gate)
Fgr 1] (Output Gate) (Hochreiter & Schmidhuber,
1997). iCZTCA 75 B BIEAGE DI, 141
45k 5 | AT 2 2 AR S50, NS Bk
PEVETTHT, WA S TG 2 48 AR
SR 2% > v (R BE T G S R AR I, AR T
oA TR E 2 I 20 7 Y & FEic A2 o e fE B
B AT R S HTR S EXCAZ 0 IR AS TR AR
B, 1 IR A2 oo SR HUREEAE B A S T
R 221 By Bt o SRR T T LS4 LSTM RERE 1L P51
BT 55 R R IR 254, Tz N TR A
(N R DS 71U IS 22 71E FE e s

WE, TSR EERIPERE, LSTM &5
Be— 1 Z 14 %32 (Fully Connected Layer, 1
RO EAE)R ). EEEENERZ LSTM $2HUP)
12 AR AT [ S WS 31 BT A9 4 4 B (Hochreiter &
Schmidhuber, 1997). 1WA B Tk RIS IR,
It HAT A7 G 6% T 47 b 35 o7 AN ] 288 78 19 4 45 75 oK
(Goodfellow, et al., 2016; Brownlee, 2018), itt4h, it

& p i 1k /2 (Batch Normalization Layer; loffe &
Szegedy, 2015; Lange et al., 2022)HEM7E V)l Zhid 2
X REAE SR A7 /N FIE S o A DA T 8 o 25 TR 246 T b
o, RefE—E R Bl ilG, BT %
JETE 2 Z R A EAR AL E . XSS G
AAVBERE 580 M LSTM X6 e 41 B H 174 i RS i
RE T, 0 R o 4 122 23 S0 B0 v S50 AR AT IS5 R
ZEPM o XoF AHI 5 B fit FH A o 2 D 288 i B L B3R
TR 2 K LA I 28 235 ) JRR 4 1Y) 132 75 AT 2 L ) 4%
FRRS 5K 4
3.2 LSTM #=EigEE
AW LA T BRI 2P BR S Goretzko
H1 Bithner (2020)3CH A 1 £ —2, HEHNKIES
WA, MHE Chen 25201 7B 48, JHTHIEHL
i 2 RS (R O AR B R AR A SR IS TRl 2%
Goretzko Fl Bithner (2020)HF5T, AHF5H4 A aL
1000000 FEABELE ] TYIZR LSTM. & —1n Bl
LR TS % Auerswald Fll Moshagen (2019)
LI K Goretzko A1 Biithner (2020)AWF5%: BF4&=
M) oA U (1, 10) Al B4R 98 H %L
M) 43 A U (3,10) Wl R, 3= 248 A 3415 43
i U(0.35,0.80) 4l B, 38 X #R 7 34 A) A A
U(=0.20,0.20) Hr it B, A 7~ [A] AH 5C M\ 35 2 43 A1
U (0.00, 0.50) i, #EAEMAIA]4341 U (100, 1000)
i
BARME, b T ARSI SRS, wEE kit
SARH OC ZR B0
Z=AdA +y? (3)
NG, AR T2 e 5 B (R AL 7 322 4
1f FNAE SLEAT), D Fern 45 P (8] 14 AH OC 22 808 [,
YRR A, HOtE N 1-diag(AeaT), H
VERDZRIR 2 X AOCRE T 1, 2 MR Lk
BRI 7 A A O R BRI . Ry 1 TG 5 B
Mg 1E s, AWF5 R A Auerswald 1 Moshagen
(2019)L & Goretzko #il Biihner (2020)fdi Fi £ JC1E
AT A RBHUNEZ E B, -
X, =Lj+e,1<|<J (4)
Hrb, LRAZICIES DA N©O,2), HTEx
TEAEN TR TTRR . &) 2 IR M AR 1 TE 2570 A1 119 5% 22
Wi, A EERNZE, Y Auerswald Fil Moshagen
(2019)L) }2 Goretzko F1 Bithner (2020) 74 H A 7
2o, AR AR B VR 2RI X A O B BUE
5 XRAREIEIE, @ ERBI L5 e AR, g
e AR
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3.3 IIZR4FFEREX

AT FISE P 9 8HE 4k I1Z% LSTM, LI
ARG AL TE N R . RE 2 T 98 T PRI R
AEFH TR 5 — 2 AR SR B T F 0o o0 A
R ARAEAR A, 55 28 AT s o s B
FREAR 2 5 PA M EIM S BHREMR A 222, W)
A - AT N A 5 B, T E
KERIPITERIS ARG o 86 —ZRUNAAHIEZ B B b5
#E PA )R &, 5 IEIGIEEE 5 22 5 BEPLE S U7 22
(922 5 SR, PA ST B LA 1 (A — 4] > 0) Sk
TENOZRER S | AT, AR AT BESZ LR 22 15
My, PR, ASBFGEREGR L O Ay [ i 0 Wrbs ofe, iy
SEIE A IR EE P2 M 28 1 7 Ul LSTM S35
SFN B

Bz, RPN 2, 4 -2 )T
GVEER GrfnefE /Y LSTM,  LASEBLN R4l 1Y
MR
3.4 EENESITM

LSTM JII%:% ]l R (4.5.0; R Core Team, 2025) +
Python (3.13.3; https://www.python.org/downloads/
release/python-3133/) TR & g B2 S0 8L . HAKIN 7,
FIAH R U reticulate (Kalinowski, et al., 2025)F
Python J% pyper (https://github.com/pyper-dev/pyper)
SCEE R 5 Python FAH B A, L) Python & PyTorch
(Paszke et al., 2019; https://pytorch.org/)#5# LSTM
JFIIZR, LL Cuda 12.06 SEEL GPU i i 22 kg 2% 1|
Yk, B AN LSTM §% 46 AN K #6 T
PyTorch [1“.onnx3CfF, AT 52 BRAC W AEfitf S 551
Hia1T(f B onnxruntime; https://onnxruntime.ai/),
LI Python J% scikit-learn (Pedregosa et al., 2011;
https://scikit-learn.org/stable/)SZ B LSTM 1FAL$§
Rt E, R BT A AUES E A JFAE https://osf.io/
au9vd/Puli . YRI5 2 4% Nvidia RTX 4060 8GB
WFE GPU, 64 GB NAZHI Intel i7-14700KF CPU.

ET B AL 1000000 REA KR4, MRS
Goretzko F1 Biihner (2020)F) ZEHL# 2% > iR A4 25
IR, fch A B R RAE A T LSTM Y%k, Jfk
UEFTHEEE LSTM YA R4k DA S RE G i #0045 T, 522
X H AT SR, B SEECE T (DLSTM
B e 12 )2 A 1~2 2 (Hochreiter &
Schmidhuber, 1997; LeCun et al., 2015), &2 54
#h 1~40 /~(Heaton, 2008), @432 M ZE0N
1~5 JZ(LeCun et al., 2015), &2 5500 1~40 4~
(Heaton, 2008), 4% % 2 5 2 AL EARMELZ RENS

AR 2 P 2% R L YIS, BT AR o
R S8 S 2 ERETFE -3, kR
R RS EN T . QP PRELELEE: ReLu,
Tanh F11 Sigmod (Nair & Hinton, 2010; LeCun et al.,
2015), @22 % Jy: 0.1, 0.01, 0.001, 0.0001 7l
0.00001 (Kingma & Ba, 2014),

XA 2 B2 (RIEEZ M LSTM )28
FROEZ) IR E M 2 M1 5, TSGR
KEVFZ S 8000 W 45 P e 1953 1R /)N (Bergstra &
Bengio, 2012), SE M #%18 2 (Grid Search, HF5%%)
AIRBCRAE AR, TIREALE 3R i 7 — 5 AU
(AN 1000 YR)FEAILL 5 AS 7] 4 88 2 400K il 18 A
R SE A, GRS AT R bR i A 250 58 BUR
JE i 22 ) 4% 114 1)1 R (Bergstra & Bengio, 2012). K1,
AW 1000 YGEAC I BENLIE R 178 S E50H
TR R, SR 7 0 3 eI RENLR] 431
24k 5R4E (Qin & Guo, 2024),

XFHFIUNZ LSTM BYRERR T BN &,
FEA R, XUINGRE SRy . RIS 1z ik
MG P88 ik, an PAL BLIEN] . EKC %,
HI FAMRREAR e 2 SR F A g SRR
P, WIJE SERRIEARAE B . P, AWFSY G
ik, AR B FEAE 1 210 Z ], FF#E
P EE R 5T 10 BIWTEr il 25 LSTM, #5
FET 10 W] RE BT o SRARYE AN BT BO ZokG B2
TR, KT 10 WIATEEH T U0 ZREis 704 im0 s 8L
YINZRAE BT MG IMERS BE A SR THIE Bl o S T
UE BB A 5 B, FRATTRL 5,10 A1 20 =Fh ¥ 51
KEA 5T LSTM, —MFsKES H B S
BBEPLIE 2R (0 1000 )5 73 KR AER R 45 R ILE 1
(FEAN 5 0T )N https://osf.io/au9vd/ B “results/study
Vace xIsx”#H0), K 2 EM T AFRFHKE LSTM
H I ZEAERT DL et LSTM B9 HERA SR 45 5

R, B 1 5K 2 BIIREERSCRE T AR
IR . P B 10 J5UIZRAE BE AN 1
BT KB 10 394K 5 20 BF, LSTM MR R4
BIT 0.97%, HYIZFERFEIIEIN T 80522 FM
22.37 /NI WBAR, JP AR B T R R AR
PeFt, TERE TUNGRAS . Rk, S T 30 S S0
PRI, AOF5E8E R RARKAE TP SR EE S 10 1)
LSTM, Jf%ffefk LSTM dEATA A ITAd

LAY PE AR o HCH B0 PR AN F8 AR ME R R
accuracy . Fffi% precision, [ recall, F1 714
Fl Kappa R ELGENFE AR T35S 0L I 25 R B 5% 5)o
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% 20
° 10
5
0 1 1 1 1 1 1 1 1
0 100 200 300 400 600 700 800 900 1000
LSTM#ESH &
K1 AFEFIKER LSTM BSEEEHE RS R . HH R A AR 275 B8 240 5 HE TR
250000 100.00%
o YIGRFERT  —o- BRAEMERR 230539
225000 - 190.00%
85.72%
200000 - 9
5 84.75% 180.00%
£ 175000 - g
% 170.00%
150000 -
64.16% 0
125000 - 160:00%
117538
100000 —_— 50.00%
4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

FFEIKBE
K2 AFEJFFKEE LSTM M UIZRAE T B ff i %

XS ANEPRAE R, RIPABIRIIIGER T, h3*k
1 AT LSTM W AR B SEE A0 %21 %8 0.01,
PTG PRACA Tanh 55 OR, ASEA MERR R 3K 0.847, H:
RAaPr T 0.831,

®1 BSERARER

R BSHA S ARAE T 6

S fH i 8
2p)H 0.01 Accuracy 0.847
LSTM JZ%5L 2 Precision  0.847
LSTM #1247 551 32,38 Recall 0.847
AFEREM L ZEL 5 F1-Score  0.847
SERBEEE A 38,39,34,31,27  Kappa  0.831

i PR AR

Tanh

4 B SE

4.1 WK
RSO A [R] S2 56 451 5 Hh 8 LSTM il
=T rgPERE, PA. EKC 5 CDF ¥al i R 42
EFAfactors 32 #1(Qin & Guo, 2025a), LSTM n] fifi
E e A B fd: LSTM SEBE Gl L b 3034 Al
k5P 343), R 49 LSTMfactors (Qin & Guo,

2025b) AL T I FIZ IR PR AL LSTM(), SEE0 -k
A7 A HAR R, Srlde: HFEE: 1, 2, 4, 6, 8,
10; FEAN 7T A8 H %R 4, 7, 10; F 2
TR AT U (0.65,0.80) , H &%k faf U (0.50, 0.65) , Ik %k
U (0.35,0.50) ; 52 AR #5237 U (<0.20, —0.10)U
U(0.10,0.20) , fIRZ& A U (=0.10,0.10) ; PXI - [H] A OC:
0.0, 0.25, 0.50, 0.75; FAHE: 100, 200, 500, 1000;
K4 88 J7 5 LSTM, PA, EKC, CDF., >505 4%
HEE 500 K, T 6x3x3x2x4x4x4x500 =
3456000 YK SEH
4.2 FEMNIER

R R -5 TR ) UE B 2R (accuracy ) A 22
(bias)VER PR a8, AT

L

PRIGES

acc :':lf (5)
L
D (R-F)
bimz% (6)

Horp, L3RR 20 25 1R I8 SR UKL,
RO L SR R B I RO U, Py R R
oA TR R, 1) MR BB ace HUHETE



53 1 £

A ETREHCIC M B IR RN T TR B 5k 563

Bl ol 0~1, {HB BT, bias BUEBHEIT 0 B
bias KT 0 Fmmfli A FE0E, /N 0 FR k4G A
TR
43 %R

2 BT IEARFVEE AT 4 R AR 7
B HER R LS

x2 BEEFHTARAFZNEATFHERBAERE

TR 2R
KO 4AE KT R aco

CDF  EKC PA  LSTM #2F}%

1 0.677 0.922  0.944 0.969 2.58%

2 0.722  0.715  0.677 0.879 21.69%
e 4 0.558 0516  0.493 0.732 31.08%
6 0.450 0419 0.394 0.523 16.17%
8 0.373 0358  0.330 0.636 70.62%

10 0313 0319 0.280 0.865 171.09%

0.00 0.686 0.724 0.761  0.901 18.29%
BHFmE 025 0.619  0.650 0.662 0.867 31.00%
X 050 0485 0495 0450 0.775 56.44%

0.75 0273 0298 0206 0.527 76.96%

4 0.370  0.416  0.381 0.772 85.47%

T
R 7 0547 0.568  0.547 0.765 34.51%
10 0.630 0.640 0.631 0.765 19.54%
L 0.332 0347 0376 0.687 82.60%
FHIRM M 0.525  0.564  0.540 0.784 39.14%
H 0.690 0.714 0.643 0.831 16.25%
N L 0486 0519 0508 0.750 44.59%
&2 i)
H 0545 0.565 0.532  0.785 38.99%
100  0.286 0.299 0309 0.637 106.58%
w200 0429 0461 0454 0.755 63.70%
AR

500 0.617 0.657 0.614 0.823 25.26%
1000 0.731  0.750  0.703  0.854 13.94%

TE: AR B o 7] S S0 26 0 T iR A R . 4R TR K

yg acC gry — max(acCepg , ACCekc, ACCpp )
max (aCCqpg , 8CCgkc , aCCpp)

R R _ LAY T CDF. EKC Ml PA Hh R v SR M S TH AR

L 7R AR AT, M 3R AR, H 3275 w2

, TR LSTM1E

H 22 2 25501, LSTM [ VERA A8 TG B d
KNP T YR T AL 7, HARSATE N A A
Z . WA . R E B D B A
ANEFIE R 58 T a3 2 2% 347 2 30 S 565 o A
e ity ) 17 5

BRI B RO 3, 25 iim
HEMR B TR, WY F40k 10 B, CDF. EKC
H1PA B HERG 2RI M 0.313.0.319 F10.280, 1fif LSTM
ik 0.865, HETHIREILR] 171.09%. X F£HIESE

IETEE A F A5/ T R B RE S A R, 1 LSTM
REA% ST AT A 2% 2 O T s e v 254 o S 1R 1]
FHICHE B WG sm A, 4 For kR 2 TR
e {0 LSTM MR BUKSR fefd: o WnTE fe sy ARG T,
LSTM MW #ERE R 0.527, I35 %5 T CDF ¥
0.273. EKC ¥ 0.298 5 PA 1 0.206, [t EKC ks
JEVRE T 76.96% . 44 H 8 H B B0t 248
JrikME LI AERR AL T AR, i EECh 4 B, =
PG GE 7 i e mf R MK T 0.42, 17 LSTM {4 R 7
0.772, $2TF3iE 85.47%. LR R T LSTM X &
A RGBSR IGE NV BE T o Y 3 ey A5 L3,
i AKSEAE SN, LSTM #ERf R A TAE G 7,
FLAEAR 32 B R 25 38 BT 45 1F T, HEDf 540 1
K] 0.687 F10.785, 2 W I 7E Ab P 55 245 #4y 5 M
BRI R E T L B, 4 Fh TR H SRR AR R
HERR B a3 . SR, LSTM BRIV 7E fe/MeEA
HRHR ATk E 0.637 MMER R, wE T CDF 1Y
0.286. EKC 14 0.299 F1 PA 1 0.309, [t PA A5 FE
LR T 106.58% X HE—2 R i LSTM 7E/MEEA
D56 175 S i LA

3BT AREEFAET 4 PO D7k
() D 22 B (A 255

TEARZE T, LSTM JREBH g3 ik
AT 2 DS, TR A AT AR PR A T
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Factor retention in exploratory factor analysis based on LSTM
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Abstract

Psychological research focuses on the latent traits of individuals, necessitating clear operational definitions to
delineate the constructs of interest. Following this, the exploration and description of the dimensions and
characteristics of these traits are essential. Exploratory Factor Analysis (EFA) is a pivotal statistical method for
identifying these latent dimensions, widely utilized, especially in the development of psychological scales and
instruments.

A critical aspect of employing EFA is the accurate determination of the number of factors. Underestimating the
number of factors may result in the omission of theoretically significant psychological structures or sub-dimensions,
leading to the loss of critical information, increased estimation errors in factor loadings, and diminished accuracy of
factor scores. Conversely, overestimating the number of factors may lead to factors splitting, where the primary
loadings of manifest variables are dispersed across multiple factors, thereby weakening the association between the
manifest variables and the intended factor. Moreover, this may result in a model characterized by undue complexity
and structures of limited practical or theoretical utility. To address these challenges, researchers have proposed
various methods, including the Kaiser criterion (i.e., eigenvalues greater than one), the empirical Kaiser criterion,
Parallel Analysis, the Hull method, Comparison Data, Factor Forest, and Comparison Data Forest. With the rapid
advancement of machine learning, its application in EFA has begun to attract attention. This study introduces an
innovative approach by treating eigenvalues as sequential data and leveraging Long Short-Term Memory (LSTM)
networks to construct a predictive model. The performance of the LSTM-based method was subsequently evaluated
through extensive simulations and empirical studies under diverse data conditions, demonstrating its robustness and
applicability.

The findings of the study indicate that: (1) After hyperparameter tuning, an optimal combination was identified,
enabling the LSTM model to achieve excellent performance across accuracy, precision, and other evaluation metrics,
demonstrating high classification capability. (2) In the simulation study, the LSTM model significantly outperformed
Comparison Data Forest, the Empirical Kaiser Criterion, and Parallel Analysis under nearly all data conditions, with
an average improvement in estimation accuracy of 48.50% and a maximum improvement of 171.09%.

Furthermore, an empirical study was conducted using data from a parental psychological control scale
administered to a cohort of 987 high school students in a city in 2022. Both traditional methods and the LSTM
approach were employed to assess ecological validity. The results demonstrated that the LSTM provided the most
accurate estimation of the number of factors, while the CDF method exhibited a significant tendency to overestimate.
Overall, the LSTM proposed in this study demonstrates strong practical value and is worthy of broader adoption.
Researchers can use the R package LSTMfactorsto call the LSTM trained in this study to analyze empirical data.
Keywords exploratory factor analysis, LSTM, factor retention, deep learning
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FI Python % sklearn {44 . b =50 %AT5 o, HoiRd R>setseed(112) - ## BEREBLIER T

VT S I R> library(EFAfactors)  ## ‘FA EFAfactors J§

EFAfactors R Package (version 1.2.1; 2025-02-15)
R> PA.obj <- PA(response = response, plot = TRUE)

KAl ZHEESHREEETG
SRIESH

Bt iz 1T PA
xH Cl 2 C3 W st
T C1 a 9 h i The number of factors suggested by PA (quant=0.95) is 3 .
%}’\‘;%IJ 2 d b i K R> EKC.obj <- EKC(response = response, plot =TRUE)
C3 e f [ ## 15417 EKC
ST m n 0 p The number of factors suggested by EKC is 3 .
KB AT R> CDF.obj <- CDF (response = response, nfact. max = 10,
[ERZAN N H

a+b+c N.pop = 10000, N.Samples =
Accuracy == (13) 5000, mtry = "sqrt") ## 154} CDF
a . b . c CDF is simulating data: nfact=10/10 - N_rep= 5000/5000

Precison=M_N O (16) The number of factors suggested by CDF is 7 .
3 . ;
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3 R> library(LSTMfactors) ## S A LSTMfactors J%
Fl= 2 (18) LSTMfactors R Package (version 1.0.0; 2025-06-25)
++ ! R> LSTM.obj <- LSTM(response = response, plot =
Precision Recall e
P.-P TRUE) ## 1517 LSTM
Kappa=-2—¢ (19)

1-P, The number of factors suggested by LSTM is 4.



