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AT T ME T AT 43 4 v v psych::fa.parallel, EFAtools::PARALLEL

th#e 7 — &7 ik v EFAtools::CD, RGenData::EFACompData

o B A B+ o s E v v Runest:nest, latentFactoR::NEST

FRER T A — HL e v EF Atools::EKC, semTools::efa.ekc
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(el ik v EFAtools::HULL, EFA.dimensions::DIMTESTS
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latentFactoR::estimate dimensions
BRFET 7o —F

factor.forest?,
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latentFactoR::factor forest

o fspe::fspe,
TEASTHRIRR A v

latetFactoR::estimate dimensions
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L1724 (Parallel Analysis (PA) ; Horn, 1965)
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FETIL) EHHERL. E
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» psych::fa.parallel « EFAtools::PARALLEL

Parallel Analysis Scree Plots N Factors with Decision Rule 'percentile’ and Eigen Type 'SMC

o 4 ]
< X —*— PC Actual Data 4 —— Real Eigenvalues
e U PC Simulated Data --- Means
© --- PC Resampled Data 95 Percentile
g A —&—  FA Actual Data .
S o4V FA Simulated Data 3
2 --- FA Resampled Data
g
c PC = full 2
= FA = reduced (i.e., PA-PAF) =
a o Simulated = normal g
£ Resampled = permutation —
3 ©
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« Next Eigenvalue Sufficiency Test
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« Bae and Hong (2024)
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Next Eigenvalue Sufficiency Test (NEST)
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« Comparison Data (CD) « EFAtools::CD
N factors suggested by comparison data analysis: 4
o k—| 7(-_:)7: TFILYKEFETILHIS S 0.20 -
VA LT — Y %

o

-

18]
|

- EAEYEHEEE > THhET 5

RMSE eigenvalues
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Bl EDEEEEE ) 2 ENDHEH

« 5 : CFI > 0.96, RMSEA < 0.05 (Hu & Bentler, 1999)

BIZEMIRENDEZICH L O EEEFENEE » bAHK

* Yuan et al. (2016), Montoya & Edwards (202 1)

AEENEICEEETRET 5H7%F 2> chHRN

* Finch (2020), Bae & Hong (2024)

e Dynamic fit index cutoffs # F|

172 55% > cAR

» McNeish & Wolf (2023) = dynamic/¥v 4 —3, Shiny app
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https://cran.r-project.org/web/packages/dynamic/index.html
https://dynamicfit.app/connect/#/welcome

2% posit Connect

WA

New! Measurement Models
One-factor, bi-factor, categorical data, oh my! Want to
compute DFI cutoffs for 2 measurement model? You can

you need is your dataset.

do it her

Dynamic Fit Index Cutoffs

/’/l\\

One-factor CFA
To compute DFI cutoffs for ane-factor confirmatory
factor analysis models, you need your standardized

factor Ioadings and sample size.

in your model are trivial or substantial

AT

Multi-Factor CFA

firmatory

To compute DFI cutoffs for multi-factor co

factor analysis models, you need your standardized

factor loadings and sample size.

Log In Sign Up

The applications on this website compute dynamic fit index (DFI) cutoffs for latent variable models that are tailored to
your specific model. These cutoffs can be used as one piece of evidence of validity tohelp gauge if the misspecifications

=

s

Equivalence Testing

using the equivalence

To compute fit index values
need five pieces of information

testing method, you v

from your output. C the app to learn more.

/\ /N

Measurement Invariance

Not available yet

/\
N

Higher-Order Models
Check out the Measurement Models app or the R package

on Github!

e s
NS

Bi-Factor Models
Check out the Measurement Models app or the R package

on Github!

v ¥

Y

Categorical CFA
Check out the Measurement Models app or the R package

on Github!

s > =3 3
SEITRHEES

BATX MEREI8EZFR

I S
R
Growth Models
Not available yet
Reliability Representativeness

lication is a tool to assess how well a reliability

nt generalizes across an entire score

distribution

https://dynamicfit.app/connect/#/welcome
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=2y NI)—27FFILDAIa—_—F4— )
c RF¥E=023Ia=F51—K ,
Co P2
- EERW T 5 7% (EGA) = | P‘:”\
.2 Y PP —JDH#HE <) P

2.23a2a=—5T4—NDKEH

BATR NFLEISEFLERIHBES 2025/3/ |



III. 2V b7 =0HA4 22X )T R 15

e . 2w b7 — 0 DHEE e 2. 03a=-FT4—NDREE
e VAT T4 —0HEEY L TEHLNS
e —AFHNEIINTRRERT HHER

e 7757 4 /7JILLASSO + EBIC

* Golino & Epskamp (2017) . VVCI|k'|TCIp7 LY 2 A

e Golino & Epskamp (2017
RBEFTONA THE perame (221
« Shietal. (2024)
« HBEFDH (V14 v— b)) - BIFH
« V7)) —XBRoH > ST T
e 90%CI (HDI) ¥ ROPEIZL » TR/¥— 21t

e TMFG7 /IO T L
* triangulated maximally filtered graph
* Golino et al. (2020)

e Louvain7/LO!') X L
« Christensen et al. (2024)
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« 77789 =74 L XL
« Goretzko & Buhner (2020, 2022)
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PRRGEFEE/NTA I TERT —
EREICERL. FET LT3

—> RARIIEE LEEBATH S
R EFHE A EED H ) B IR
(2%8) 1T 3

¢ 498,971y FDERT— 7

o IBIEDFEHE + D FEDFRHE

« FRIETILIZIZXGBoost% # A
- DNN% -7z E% % (Qin & Guo, 2025)
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78a—F

« EFAfactors::FF

Probability

Probability Distribution o

Factor Forest
f the Number of Factors

| 6

1 2 3 4 5

Number of Factor

6 7 8

« EFAfactors::DNN_predictor

Deep Neural Network

Probability

Probability Distribution o

f the Number of Factors

1 2 3 4 5 6 7 8 9 10

Number of Factor
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> X2y b= X M) IR
"BF, EA1 5

« XEMEE (cross validation; CV) IZ
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osbeck S Sork QOZURBERIY L AT — 9 415 R B BT
(K-fold CV) DHEE T ’Eﬁ;v <. XE%/EJ B E At
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« fspe/¥v 4 —3 (Haslbeck & van Bork, 2023)
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» Root Deterioration per Restriction (RDR) M F|F
« RMSEAME @& EIEIE (Brown & Du Toit, 1992; Bae & Hon, 2024)

e XGBoostM DM FE D F A (Chen et al., 2025)

c BHEHL E 2 —m (Goretzko, 2025)
« KX ENRYIEWVWABDL Ea—wX
« REFRI LR HWVWFELEDH TS
e 28— 2K F o (EBMLEFA) 2 FE5ND—DIl8HTW5

BATR MNFREIBRFLERIFES 2025/3/ |



2E R (AXTHIIIANDHD) 20

Bae, S., & Hong, S. (2024). Comparison of factor retention methods in exploratory factor analysis: RMSEA, root deterioration per restriction and
parallel analysis. Sage Open, 14(4). https://doi.org/10.1177/21582440241301840

Brandenburg, N. (2024). Factor retention in ordered categorical variables: Benefits and costs of polychoric correlations in eigenvalue-based testing.
Behavioral Research Methods, 56, 7241-7260. https://do1.org/10.3758/s13428-024-02417-0

Caron, P.-O. (2025). A comparison of the next eigenvalue sufficiency test to other stopping rules for the number of factors in factor analysis.
Educational and Psychological Measurement, Advance online publication. https://doi.org/10.1177/00131644241308528

Chen, C., D’hondt, R., Vens, C., & Van den Noortgate, W. (2025). Factor retention in exploratory multidimensional item response theory.
Educational and Psychological Measurement, Advance online publication. https://do1.org/10.1177/00131644241306680

Finch, H. (2025). A comparison of methods for determining the number of factors to retain in exploratory factor analysis for categorical indicator
variables. Psychology International, 7(1), 3. https://doi.org/10.3390/psycholint7010003

Goretzko, D. (2025). How many factors to retain in exploratory factor analysis? A critical overview of factor retention methods. Psychological
Methods, Advance online publication. https://doi.org/10.1037/met0000733

Nk —2% - S B3R - ®AR I (2018).RICL 25X ERITAFI—T — I DD KRR L EIw— 4 — L%t

Qin, H., & Guo, L. (2025). EFAfactors: Determining the number of factors in exploratory factor analysis [R package Version 1.2.0].
https://doi.org/10.32614/CRAN.package.EFAfactors

Shi, D., Christensen, A. P., Day, E. A., Golino, H. F., & Garrido, L. E. (2024). Exploring estimation procedures for reducing dimensionality in
psychological network modeling. Multivariate Behavioral Research, Advance online publication.
https://doi.org/10.1080/00273171.2024.2395941

2w\ H8(1986). REZ YT L 2 HBRFEROKEE BB QI FEFR, 34(3), 252-256. hitps:/doi.org/10.5926/jjep1953.34.3 252

BATR NFZLEISEFELELRIFBES 2025/3/ |



[# 2] ‘Rt ¥ BPRIBIL 2|

» “dimensionality of the complete latent space”
e Lord & Novick (1968) p.359

- complete (&) :
0=(00,...0) TERHEDITLLETDEEBRROSHNVIEFEATETEHFLW

c BFARIDREY., 0 RLSBEZMIEHETHS 2 LIIEE (p.361)

« REHRITTE (Stout, 1990)
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p
Pr{U[8] = H(Pr[uj = 1]6])"/(1 - Pr[v; = 1]8]) "
j=1

s AF 2T TRIAERRIL (FHFD IEMARE) MREIN TV S

Var[x|f] = W2 = diag(y?, ..., ¥2)
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Empirical Kaiser Criterion (EKC)
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