oo

EHT MR B8 oe o RES L3

EFH Y, X 2, SRS !
(FERUTE RS OBIARE, FERt, 210097)
CEBH CRFAGEINASCHERL2EBE, W, 518172)

B B UM RS A CARIT R BRSOk, R 2 B SR, BFTEEAE i A
TG R R (e AR PR S SV, SR [ R 5 RE D LSO BB 2 [ e e RO E A R A A I,
RN SRR e — . HAT, XS 2 A, DU R IHESR T e DL A -1
(Bayesian Model Averaging, BMA) g piX L8 MR AL T it Bt B RIS A ] — R 25 0], A ezt
IRFRE SCRFIORERE, I H O RS B TR, T AILGRE B — RS BT SR AR RE 7. 55T BMA [T/ AT fE R I
K = A R B GIRE B, ST AFAE A S R P A7), AR 107 U SE B R0V i F i
fhvtr. PR ATEE IR E JASP B R RSB, CABFTEE SEhC B I TR e

R WML oot BIAURERENE KRt R A

1 5|5

JC4HT(meta-analysis, X3k 252850 BTl 0 2 AN ML R T RN BT ST R A, G
X — SRS HE R B BerE . o AR S (TS, B AL 2023: Glass, 1976). %7 AR5 H R) 32 8
K B A TS G R A N G — R RO S AR AR HEAL B 22 . HH R R EEF), AT PRAG 5 B 1 R A4
Fl . R/NRHF BRI, B Glass T 1976 4 IREE L AR, Joa Ml ZRUERM K%, ©
JZRTO . BEE. AR

TEH BT T _F 2 4 JE A (hierarchical model), 44 A TG/ RIS 45 00 A [ —AMASERL v (A
FZ9. BAEN T, SENRICEZ PN gdE . R, i RS St & (U2
T A9 A B (b R e S AR i), T AERlm MAEE . Jo o B R i S8 B il R 22 A A i
EVERSA, TR ARME S A R R AL T BON R A 5. B 1 RS T i B 1 2 5T e T
GERL ., FESCERN R, MR RS 2 RO R B A K A A i, T R 22
JC4HHT(multilevel meta-analysis; Van den Noortgate et al., 2013, 2015), A SCEAJEH S, XA %7
BT RGN, FE2 M 5 SCHESEAN DUHITHESE 29 m] DASEHL
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Bl 1 JT BRI SRR
T R E A EREG: (1) PERER(ZHR2): TR O RN R SR Nw, 77, Hp
w RO, w2 RWETE R SR . AR BT FE R ELSE RO R O T ) B A SR A BRI R A . (2)
WFENAE SRR 1) IREACRAS DT A MABER, AR ISR SO B I S i s OB, PR (i 26
FORSHITRIEE A G2 LSRN, 04, SIME vi BRI v N(Os, 07). 3K BB T i TR AR AT BRI AR 1 i
PliRzE, HIIEMTTE of doE. BT RN, SMIHHErEOy Sy USSR p o 2T
B A sh, Ak b AR R E o 2 MBE T W) S Mk S bR R, A R R e R R

yi—p
()
\/o'f + 72

TCHHTIE P] DATEAG e 42 SCHESE 2 N HEAT, ] DAYE DU e 28 RSt g, 7R 32 LA T,
S8 RO ] 5 AR AR ) LS 28 (Lehrer et al., 2023), TG4 H A2l i 46 O A OB R
FETHZ SRR, HAE W A AR R R 2 b, AT TR IS X % S 8L
RV SIS0k (g WL L S5 {0 B v s U =t N d ] S e 71 151 B R O e
— A EEE, A52K « ARRATEE, ML, DIHIERRE Sy p M « 3
WAL &, AT RN X S AMATE I A R I SR SR S8, BRI b i) 43 2
PHRIZHAEN NS L, TR NS A (hyper-parameters), 1] AR JZ A& PG —FE — MR

flyi | p,7%07) =
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B 1 (Grant & Di Tanna, 2025). 33X i A AEHE L BRAL 17 57 BT i 350 P A ff A 5 R O B T A0 s Al
11 (Harrer et al., 2021; Kruschke & Liddell, 2018).

TIFFE T ST T 53 BT o 308 3 < TG e 1 5 A T R e O A ) S ok S5 WA E Y
KRBT, BIE RN RIS )5 Y B 52 22 F(Sedgwick, 2015), #4850 11 i 3 B4 A I 07 m Y
RGBS k2, MM SB0% Y & 5 i (Ferguson & Brannick, 2012), fEACFSFFRPERT, #Fscd
AL E ROV AR (R o2 = 0) S BENLA AL (IR 2> 0)Z (Al EAbB A Rimfaiy, XFHTE
PET-PEESE(precision-effect test and precision-effect estimate with standard error; Stanley & Doucouliagos,

2014). K FEiERA (selection models)(Iyengar & Greenhouse, 1988; McShane et al., 2016) . Bj#pg:
(Duval & Tweedie, 2000)5 2 Fffs IE 5 325 HP H 648 (Carter et al., 2019: Hedges., 1992), #ATH, X £E45iz
MR 2 ) IZ NIRRT, AN v W] B AR — B0 4518 (Almalik, 2025; Carter et al., 2019;
Toannidis, 2008).

DU 11 (Bayesian Model Averaging, BMA) Ny ff ok ik SR AL ofr el KT G
AR A ) — 2 s ), THRAS MR S SRR, I DA A XA RIS B A T HE Y AR,
ELHEAT AR, AT RS 38 R AN 1 M e A B GE T HHE T b (Berkhout et al., 2024; Fragoso et al.,
2018; Hinne et al., 2020). £FXJ 5 0Pk @, BMA il 550 -5 BEA LY AL BN A [ —HEZLHEF T A
s EX R R WA, BMA i 8 ToRfAEAL . PET-PEESE 554 DA K M peAbisd 4 2 Flvig iE
TE A . 3X—SEARUR JR R 1 TT 4 A R A e A DL J 783 M (Robust Bayesian Meta-Analysis,
RoBMA), Wit JASP Fil R {4052 3 (Bartos et al., 2022, 2023: Maier et al., 2023),

ASSCHE SRR DU A LA, R EE A28 BMA i v S R B, FEIERE B, DA Liu
S 2024) A TEERE-N 61, 1ERTE JASP HHEfT RoBMA 52 B4R AR, UGB s . B E
ZERREE S LRI, AR RO RIEF IS, f)E, STE B R BRI S
RoBMA BB WG HINA ., FFEARHEE, JopTi M2 82 R B m B EA, A2 RS
FAWTIC A S b O M S H8 e, IR 245U PRISMA 75 FE (Moher et al., 2010)F1 Uy IR G Y
PRIOR-MA 45385 BA(XI 5 4%, 2021; Appelbaum et al.. 2018), ZA&CHE TGt B2 HpSGHE, Uit
R0 DU RS- A T 5 FiR R s A A

2 NI AT A

DU ST W5 AR T A A O 22 e TR IR R A 0 S0 138 32 SCHAR 3 A K s A e v e
KAEW B AT (e.g.. Hennig, 2024);  DUHHr 3= SO R AR50 A8 by WAL AR 5k, 20710 o SO0 00 5090 Py
NI RAAA, BN, TERAERME R, XHE—SBE A SR — 0 M (RIER 5 1h); 1
SAFVIEE 2 )5, WA DU 307 7 B S8 36 43117 5 WL B AR 25 6, RIWT 1533 530 43 7 (e.g..van de
Schoot et al., 2021), X Fr il R EAFKIAR N



https://chinaxiv.org/abs/202605.00116V1

p(data | 8)p(6)
p(data)

p(# | data) =

Hv, p@)RRFeminth, FRonToliEdsz mt SE0rEr 11 p(datalo) SR EEL, H]
BESE 0 THIRERRR SR RE L p(data) HIH—LHEEG  p(Oldata) y J5 5001, IS & 0L 4L
IERTSE 0 RS RY TR, DU HEWT B T 5 30 20 i I, (EAS PRSI A TR IR TR 2 BdE 4
Tk, TMiseREWXT S UG LB AR Bt H AR M R RE

2P AEDETE TP LRI BRI ARG E T 0. BalicE T LR AN, Z5ERm
SESEASTHE A Z WS BAR FERAHE . J2ORAGET I A 200, ARCES TIXEIRE KR, ik
TR AMAK I SEON PR B RS IUE, T2 e 2L R IR T — AN R 2 )
MREA T . FERCE b, X — TRt A 1Y B —SE i o i k2D 3 i (Si et al., 2025). fRik 0 AR+
HerEA RS, P REEHIUMEI A RS RIESR, MUK o ISR o), BEER
I IH— AL EO T RN

p(#, ® | data) o p(data | &) p(# | ®) p(P)

seor, PO B1A9) e et pamaopymissnz POI®)

(®)

WRZER s,

iz 0 g s  pueront iz . PV R ik s S o BE R,

etz R it g

TR R T 4 AT BRI (5 1, TR T BRI BER RO . AR
B R T BIBERARRO Z00: ARSI . SRR 2, SR ARG R A
S 6 T P 259 (55 48 (L. 201 1: Veenman et al., 2024). SRR #MALRERS A LB MR- MR TR (10
W, E R AR, AT, T UL R R 2 AR R TR
PRIZCARATAR, BF5T 475 O T /R 7T 5 665245 ¥4 (Markov Chain Monte Carlo, MCMC)J T LIk .
MCMC 7EZ K05 b AR, 25 e At S AR A TS, T LAREA S G Hi 8 IS A A O T
5. AR, T R TRV SR VU R G S (LS G, Ak U 2005: I %5, 2023),

DU IHHTHE S B 0 58 O R BIAE AR 2 A KO e b, T T8 R A gy LA
IARRIREHLAS R, TTAYAGE I, BN, 0o HT BRI o e e 5 B LA SR 2 ]
B A 5 T AR5 T DL TR 2 00 0 0 AT 0 AR 25 ] o ) S BB AL B, 3
SR RSP I KR R A S R . FUITIT S, %0 v LA B S BT,
MR TN A5 B H SO AT IS € . 3o R 2R 8 R e B A A T
Y, TN AR R R, T SE LR TR TR TCAM T, RO Vit T B e
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A REW M ZS, T T I as S a2 {1k (Gronau et al., 2021; Hinne et al., 2020; Maier et al., 2023).
T SCEAN GRS ) AR G A T AT T Y

3 JuAM AT B R R I SRR B R T R

TCAT BT B T P BB AR R R B 58—, R RUE WEI AR S B (8 O, vs.
BEBLRON); 55—, A B AEAE K A AT LA SR AR AR I iR A TR IE . A GE A0 2 3 7 A (1) 43
FFACFE:  JeAfd S T A I e R T TR A, T IR P i £ A 1 ok S U T R TR IE
DU Hifsi B P25 (Bayesian Model Averaging, BMA) RN GRATHEBEHEARAY, 1210 B Ay A A BB g AR
BUASIE], AR R A Y SRR RE (AL 5 Bl %) HEA T A -9

BMA TETCAHTH I, A B0 Ry A 20 2 [ R 4 S Ak JEAN ) e 0 5 1 I i S e 4 e . B
BMA 5l i3 #E5“BUY @ A ATAE RN T BT AP AE PR O AR, R DO (e e A 28 A A A 28 245 ]
57 TE MR LRI 5 [R5 1k TR0 A, RoBMA Wt — 258 & R R A0 TE I AN S8 PR AN AR B 23 1], K 2
KFAMFIFIERBAL S BMA (PR BRI AR, &, At o) R R A A5 i) AR TR
FAAE S RAR BT IR ALHEWT, B R SBE R ST A, 15 2 S R R 5 S AUV A T (ILIE 2),
NOCREFATTE,  SetRTT BMA X S5 R Y R (3.1 1Y), FEEIE RoBMA Ay ix — S AE fif 22
R F AL IEHH3.2 7).

3 T Ta i MM Hr iR 9 p T340
R%EARED(y, se)] ® .
MR ¢ ® Holu0) @ o)
;’/,, . \ ll ) ‘ ; 2 5 ,M\\. - % \\
BEMEE ’I i ! ! Hi(x=0) ’ , Hr(1#0) * ?
aREEEE  © b o o ¢ ST N TP B ¢ o oo

FHFE/ PET-PEESE SeiMod

l \ ...... / ® o oo o . . . . { ..
- E.

N
Y,
d
; Bt
Bhz i fhit —_1 > 8> ... BEBEGE A ERIEH SRS %
X

0 051 0 051 0 051

L%

e BEST (THRE) SWI MRS (FRE)

B2 RoBMA S&GUH5H 3 X TT/ e AT B A3 R 1 _EFIXT E
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eI AT, DESE AR A, ARV, SO R i A A R B R IS R, RN
FRIHEMFAT M A . ARG SOT i (ZE D IUHE 2 2k A T N ik — 20 (B (i A%, i Hh B A T i
FEVHE, Z WAl T BE PR A PR AT A% 11T RoBMA J5 3 (45 () M- BT AT REAY 25 B AR I A A 58— RO Y
2506, FiEad BMA SCB AR ARF BB G, R RN RS AT, e T e A
A FREIEEIE .

3.0 STk 5 A R FO ARV B R % BMA fifih )y

HITF A AT O BFIE T REARAE SR, 1640 A BT B e B A 5 RO
IHEAT Ve RE. SRR — R IO, LW TR A B R B P, (G R AT i 2
BRI, BMA R0 R 0 G e (RS TR, AN TG — T 5 o i B 0 5
BURI S A T A L & (Hinne et al., 2020), BMA [ HE BT 7 B v ARG 40 T -

B, i SUBZS I, AU TCAMT T (2B o Y RIBFIT 1] 5 R P 2
RHEB W o) RE AR R RIS, I 2 AT DARI 4 K AT 4 A% (Gronau et al.,
2021):

B MI(H): sy B = 01 = 0);

B M2(H): B R ~ 9 (), 7 = ),

B M3(Hy): BERUE SR e =0, 7~ h( ),

B MaHY): BEHLS im ~ 9 (- ), T~ h(),

3 4 AU ] B T RGBT, 22 B 3 AL RPN AEAERE 15 R BRI 0 250 00 1 (4%
HOBCETE R LI 1),

FOR, B GER R, A VUTHESE T, AR A 7T B B S B BT 2
HT S B T IR ARG IS, HUBESEA 10 0 B AR A . A SRR TS 7 A BT Rk A
TS R T, B R TE AT JE I B, T BRI R (% 0.25). R, W
HE R, TS R (B E M4 OB 0.4, JLAT 290 02), T IUABIAE h AT
JRGR, PR AR Y R SR TR BT E RN, A REEAT DL BT . e S R (M
M3)T, KSR, 1« FIBFIEIRI SO o) IR (0 T2 5 904 43 117 Spike(O)fE K56k,  BIKFH
TE SRR BT A AL BB 05 T 745 BRI BT (M2 1 MAY T, SHCBOR T80 07 6 ik
YR AT IE 45421 Normal(0, 1), = M BRIA 6 FH 56T S5 E S50 0k S 300 01 74 43 7 Tnverse-Gamma(1,
0.15)(Gronau, Van Erp, etal.. 2017). [ FEARBIAGIAN, BMA 3 FHFF 55T 08 & AR 5 E A
& LA JER A1 . TR 5 B S 1 i 4 DR PR TE B S A, R 1ot UL IO B ot R 00
MBS, S o 3040
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A, SERAS S Sl R DU B R N S 8. AR )2, RS AR

P (H | Data) v g 5t

p(Data | Hi)-p(Hz)
Y j1 P(Data | Hj)-p(H;)

Horp, K AERRY AT RATAR AR, R SR R A 28 B, T R B A AR

p(H, | Data) =

p(Data | Hi) g oo cip oo ook, b mmscrintmts P goeppmmse,
BN SRR 025, AN E, BRFTA RRAEA 2 A 1. R B S I
AL T AR A B M S FFRREE, H AN BB T 5 S B T A . B4R 1,
KA 4 PR (M2 A M) 0 96 B0 4 10 3 o 000 B0 1 {0 % B RO BT R B B U 40 7
P(p | data, He)| st BB 1 DU BE A2 250 ) B, 92 @ R il MCMC
PR R LABE A L.

BJE, U0k VB T-(Inclusion BEYRAS AN B SR PERO B4 RE . VU@ L Vit
$07 7 7 (Bayes factor, BF) A UL I HCHE X AR 7156 B350 AH X SESR 9 B LS I %, 2018; L %,
2018), A F BB 2 L, R WCREE X UL A T B 2 R CE R L 2003),
BMA SR, Hi T B4 MR, R A DU M0 P 7 2 e B 25 £

SR SR AN E, LA DU T BFo 5 Uk BB S () 5B
WEBTUAR A (Hy) RSILE S LR 2 L.

P(H{|data) + P(H7|data) /P(H])+ P(H])
7 p(H]|data) + P(Hg|data)/P(Hg) + P(H)

AGFRR RS 15 50 TR AR 561 D37 R R AR, LRI K/ IN B 2 S LA 1) T 0 5
(LIS 48, 2018; F g 4, 2023; Schad et al., 2023), BFio> 1 R EHRAIN 2 f e £ Hy, 1
BFio< 1 MIfiii 1] T 3L RpR ik Ho, BARTIE, 1<BFio<3 L% H FE5IEDE, 3 <BFio <10 #2h 4
UESE, BFio> 10 WA SRIEHECL AT T Ho 1155 SRR ). BF o= | #R SRR atn (5 808
FERES, AEALEE

g R AR L I, A W R 1 BE, WAl T B AR (BN AR ) 5 e
B B A AFAE S DM I8 s 8 AR ) AR X SRR -

P(H{|data) + P(H7|data) / P(H}) + P(HY)
P(H]|data) + P(H{|data)/ P(H{)+ P(H{)

e, BT RAL S IR SRR BT A T, WRFEE AR HENT H AR BN W Al

Sl FOFITR NG SRR BPSEEE T A DT R R ORI B SRR A A,

rf —

This version posted 2026-05-17.
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VU308 5 4 3 2 PR T3 B G R —— DR PR B AR G () WEAT AL, O B pi R 33 11 R

P(p|data, p#0)= > P(u|data, Hy) - wy
ke{H{ nr}
soop, P(p | date, Hi) Byepb T o fGI406, HUE
P(H;, | data)
Wy, =

P(H{ | data) + P(H] | data) syesibi— o S, it s a50m s
AT ATHRIR SO, 95%H5k e Jis 4% BE DX 6] (DY), FE A A7 e I R A A5 X e
(van de Schoot et al., 2021), #KT, #7754 WS AL 23 [i] Fir 60, & ) i s e v, TSR i A2l -

R BBU R ETEAE, TR IBOR A & R S BRI R 50 . AR PI A B
SIS KO T O BRUR b, G e TE SRS SR I3 FE 150 B (Barto$, Maier, Stanley, et al.,
2025).

5 A DU A WA LG 45, 2018), BUBRMEA TR ITAE 2 R B L I, BRI
FERGNE X RSB R  E A NT, DA AR SRR B R BE . sk, DLt
S 4S5 P O —— 24 UL et S, T 24 1T 00 J5 43 A 0 SR b A 73 PR A, 3
SIRRAEAR S50, I B RO T S I RE AT, IR T sl S 1 B 2 S 2
T L BRI RN o 2.

BMA [k i P54 BN UM R AL . 2Ry s TS 5 BT DL B Al 2 T
WONAFAE ST . SR TORESRIRIE, ST R RS- 35 10 J 0 43 44 ) S 2R A T e 1 4 1
SO, H VBRI e U R (e T

3.2 BUERR MR R 2 MEHER S RoBMA fifth 75 58

RFEMmER BB RS IT A — . Bl R E vk R A mgE H—H
PET-PEESE [, FZ T/ MEARRY,; H ARG EE AR, F2 N TRIERS Bk
SEWFT R AR A T

PET-PEESE F| I JCInl AR 1E/ MEA i fay,  HAZ DTSR WNARANAEAE K R fay, RO R 56
WER(H A B WA M R, “FHSBIMRNE, Zy g5 e e s . 55—
Ao PET BABUCRE FEERUNAGER), BN SR AR HE R AR PE R H . 27 BUHFREL f FEa=0.10 ZKF T i
F, R AR, P TOOR: % PET AR, DA PET BB 1 1ER
KIEJGMRUY BT #83%, WEEH PEESE B8R TARIMERITRT BERUV Al 11). PEESE #5124 i it 72
SRV B T ZER A, AR a VRS HERR ity 22 0 S5 Y FL S ALY (Stanley & Doucouliagos, 2014).
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R R IYN E R SO 5 R B p R R A T A, IR R AR T
LI T GV BN 37 e e a R 52 ) 1) s i 2 AR AR 2 (Citkowicz & Vevea, 2017). HHE G HT AR
WA SR AR EAE 0L, WIIME v 7 B BRI, p. BRI © FIRERE o

2, 2
serse womarrcd Wi LB T3 00) gk o o Baom i 6 BE A B R s A
AR o(p), KRR R R E MK TR BRI E RIS, BALE T op) & IEFE
TEAM W23 FE R A, AR ISR 26 35 A

w(p;) - f(yi | py72507)
[ w(ps) - flys | py 725 07) dy;

f weighted (yz ) =

Hr BRI A4, RIEUS R SN 1. Y o) = LEVFTEFR TS p (A
KN, BERFHIBERI ), ZIBUEALRAL AR HE ST BT, AR BOR SRR IR, BT 00
BAEA T FA AR B A AR AN SR, AL S LI R 1k B A

TR TR A% D AE T M FE— A BB SRAESE 1 S 2 M (B 5 RN S R K AR 2 [R5 &R Y
RO R, NIRRT A R Y SOl s B AR 2E e, Hoh O R BT p AP HAUE
7Y (Step-weight-function selection models)(Hedges, 1992), %A R EEE o) & X4 BEEL
AR, MR SR 0 2 (T 0.001, 0.01, 0.05 25598 A TTANTHIBEARFSEN p (RIS H k
AN, FE8E A& DRI AR 5 A or. B HF B MmN AL E [ 5 0= 1 TER SR,
HARR A EERASE, 0 R T/ BT BT AT AR [m] B B S R0
ST K 4% X )AL R S B0 TR A 2 A 1T (Vevea & Hedges, 1995), (HISHFER &, A F RS
Wiz, AR AN SCIRECRR D, B RBEEA XN p >0.05)5 Z WA, I & S8 KB AA
AETERE R A A BN T TGS, ST T RE TR 2R M & AR XTI (Bl an & 9 0.05 <p <0.10 5
0.10 < p < 0.50) 3 %0 H £ T 5850 4011 1) VU 0y 4 BB IR A AR A S0l T

PET-PEESE [1] 545 1E 5 & R0 e B A VA AFAE LRI 0 Jm B R ) A5t i 2508 PT RE AR —
B, HAIZ) IZ A AR RS IE Vs B R IO TR e A TR, B TR AN L A,
15 1E W] i 2 AL 2 5] A BT I 25 (Carter et al., 2019; Simonsohn et al., 2014; Sterne et al., 2011), X Fh 7
VR R A BMA HE2E R RS AR, BFFe 8 R B o M B2 25 ] g | A8 = A4 [ —— 1 ey
RIE. Sei, DU e oA iR A 2 () = AR BRI RO R E L A SR A AR
P, ASR AT KR A ALIE . A A KR fifar 5 B BMA RIF M RoBMA,  HSLTfi 20 BN F -

T, MERIRZSE], RoBMA RS A =/ ME LR T

SRR HERE: FAAE 1=0vs AIFTE u# 05
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SRS AFAE 2> 0vs NIETE 12=0;

BRI IELERE: TAREPD vs RRIEP,

TE“RFMBRIE4EE |, RoBMA g4 9 Pl faidi i 58 WHG“ IR IE 4. PET-PEESE
W IE44FQ2 Fh: PET fil PEESE), 5T p {HALE R & RIFHEMZL(6 Fli: SelModl-6, W3 1), iXLLJy
ZK 53315 BMA 1) 4 MBI T A, e AR 36 AN TSR B AR 2 [R] (42 AL A ) 5 A
F 3K 2):

B M1-M4: Xt BMA 1 4 ASEERIEZAL, S Jom IR Ay BE AR A

B M5-M12: 7F M1-4 40508847 PET s PEESE KE, t 8 Mz,

B M13-M36: 71 M1-4  Fo3 3l HEAT 6 Fh kR (SelMod1-6) #ZIE, k24 AMRAL,

# 1 RoBMA RPN B E

it 5577 [v) AT R p HRXE K55 XA E S5 it 58 X
SelModl il 0.05 [0, 0.05) > [0.05, 1] w1> TIRKEITE, L ELRH I

TR T AR RE SR

TCICRN 5], B FERRRE L
SelMod2 AL 0.05. 0.10 {8,10603>[0.05,0.10)> w1 > 2> w3 TR B > R
o Z > EEE.

AL TFH Iy 1L S A R R
SelMod3 Bl 0.05 [0, 0.05] > (0.05, 1] > MR R, JERES s
F) & FAR 2 R S5 1K

10,0.025] - (0.025 OLTIALL, S

SelMod4  BA 0.025, 0.05 W1>W> w3 MR i > —iKk
0.05] > (0.05, 1] W -
Ty b, BEEER >
SelMod5  H{l| 0.05, 0.50 [0,0.05]> (0.05, 0.50] w1 >wr> w3 MIEFEANEERLER > m
>(0.50, 1] s
s °
LTI b, & FARR AR
SelMods il 0.025, 0.05, go(,);)],ojgg 35(0(')023]’> w> 0> 0;> B > —EHE > HiE
' 0.50 ((') 50.1] Rt w4 BEREE > L REHE

LRI 1) U R AR SO T XU B K, SR T I TE s "R e AR O B T 1 (A 1E
FRY SRR, RS RS AR AR R R A AR AT . 2 BT A X e B0 0.025 X R XU p < 0.05(F AL 2
F): B 0.05 XHRZAUN 0.05 <p < 0.10(H % R 3): Bl 0.50 XI5 7 1) 5 15— SRR g A 1. WU 3 1 42
LAXU p BRI X, 3ANE S H(0): AURA X TRAR R i 25 DX ) A, el 3 X RE B 1 E Ao, B


https://www.codecogs.com/eqnedit.php?latex=%5Cbar%7Bpb%7D
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B p (HBV NSRS B (w1 > 02> > o). ARAFREE: b RIFZERATER, Ui AR AR E; S Kol W
RIATFAE R AR T

HR, WEBHESSHEERSN. fEREREN B, R & B A5 I e 50 B AR %
RoBMA ZRiA R H Fofis B H0 S me (Maier et al., 2023): 4 =Nl B H Rl 506 7 FR AR 20 2 G 4 45 1) S 1
BEZE( R 0.5), PRI TELBLEBERT I <A Foa g i), BRI S SRR & 5 A 7E 1 P A AL SR 15
RERIIR 0.55 F B R A LAY T R AL SE AR AT 0.5; S 75 BEAT e 3 Mt A 1 1) T ZEL A R ST
RERBIH 0.5,

X BT AR A A AR X — 4B (B AR 0.5), AR OE— P AE PRI 7 ¥R Z 18]~ -2 73 i :
—RRET p (HRARFEER(E 6 FAUE KL, % —3%%2 PET-PEESE [|JH#%4({ PET #l PEESE
i), BRI PG 0.25 BYCIRARR, X 0.25 RNESRAEHAS 1 285 N i AR ) kAT 135
OB, G R, MI-M4 RN 0.5%0.5%(0.5) = 0.125, M5-M12 [ JCEaE R 0.5%0.5%(0.25/2)
~0.031, M13-M36 FJSEEAEAEA 0.5%0.5%(0.25/6) = 0.010, FAFF7E 5L T B Bl i 1 EHE w4 v B ik
ARGRAFO, HWATJAROAH AR Y SERA

ESHUEM, SRS 5 SEI6 % E I F (Bartos et al., 2022): PET-PEESE [IIF £ % g %R
BT T IR EGE B AT VY 23 1 ——PET R %08E R Cauchy(0, 1), PEESE (i€l Cauchy(0, 5) .
B B ORIEAE, DARIL /IR AR 1 [ R S CRIAR M SRR, O 100 28] Fr 20 o o o
), RIS BT 7S 215 1 B R AR OR B 3595 B B IR RRIE . X T R RIERE, LS H—AF
p HXRI A 2 FAE 0 ——R ) FA7 52 ARKOR) 38 55 56 5 (Cumulative Dirichlet prior). %7850 % A
[l p fE PSRN MR T SR 2 R (g i B BRI K EMEAACT A REPT), LS5
JESHE p (EABS R SRRSE 1. 20 3 AEBE GRS 2. 3. 44 p [EHXE),
R S0 43 35 & 24 CumDirichlet(1, 1), CumDirichlet(1, 1, 1), CumDirichlet(1, 1,1,1) , % u 5 ¢
fISEHE 5 BA BMA BIBRIA E—K.

By, PUTHEE R S SHEWT. RS EEE, RoBMA XA AL 23 8] 4 1 A5 A e 42 43 31
AT MCMC A%, AP SC BN E BERGHEENT: (ESEUZ M, SREE BRI BT 2500 J5 56 7011
TERALZTE, R 2 B E SRR N T SR R B AR . T E S B R R AR SR AR
HWME, RoBMA H:T- MCMC J& B 7 R I 1 R A (bridge sampling) 55 75 34555 21 B (A SR AT (B A
(Bartos et al., 2026; Gronau, Sarafoglou, et al., 2017; Gronau et al., 2020). &% )3 BRI SR 45 A S I %,
s DU B, THE S IS AU AR AR S5 S A - A% DA

WG, SR T BT SRR S AR 5 S E A 1, RoBMA Wl i
A=, 5 TR AT =M (DRSO & B AFAEBF0);  ()WF5EE 7%
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MR TIEAEBE ) ) EF MM EAFAEBF ). —FA & N H T2 S BMA fE, H
WU R BIAET- 54T LU AR AL AR SRR TR, AR B B 5 44 15 S 52 3 1) 28 =X HE S DL R 5% 3.
PAEAR e M i P B ) A 25 X DU TR P (BF ) A, HA TR 3R

EmEM&iaa p(?{m|da.ta.) ZmEMma p(Hm)
EnEMm bias p(H"|dﬂ'ta') ZREMM bias p{H“)

BF,, =

Mbias 1 s 06 5 32 Ry e ORI B SERIBR F 3 JE T % 15 S B RR),
Muno—bias 4o 4o ope ERUERIBIN, RAEATROBI ZE, 16 36 Mz, Mno—bias g o

MI1-M4, 4 MERIHT BMA H 4 AST0 & i far & 1 10 B R AR A, Mbias & M5-M36, 4t 32 A4
BI(F5 %4 PET-PEESE HYAKFIER) 8 AL, DAK A K LT IER) 24 AL 1ET M1-M4
FER). TEBRNER BT, “IAAE R T 5 AAAAE & FAm AR A S e iR (% 0.5), B

D Hm = r Hn =0.5
D omer PHR) =D p(H,) CEPERAREIY 1. I B, B T

JESMEAR L, SO T RO S B SRR AT AE R R AR

B, PEATRUV RIS, SRR S IR M SRR R 1S, RoBMA ERIA
RMICAAEAE T2, R DY R 5 BTy 36 M p S RO R i) e e e A A T
PATRAS R MR AT, BRI, BV IR A 25 & a3 20 117 5 SON AR S AU S 36 20 117 45 HAS R )
AR A3

36

p(u | data) = > p(u | Hi,data) x p(H; | data)
k=1

GG E AT R T AT SR B RO B R R AT, AT DA T2 0 A0 T S8 RO i s A (v o
BRI ) B H 95%d5ce % B2 Al 5 X ) (HDI),

5 BMA 2£ftl, RoBMA H [ HEERERIT S B IEATRUSME A, X R BB RS A A R =
Boemn i E S BRI, R AR R TS RO AL R A R 2L

L5 EFTiA, RoBMA i UMY I HELE, R BARINR R A7AE . SCHRRIBL SR ort . SOk
et =AY EMIIMA G, oo e fit 7 —MEop R B rfER TR, T3
FELA—TUESEH T T AT A B, s AT e JASP 2 PF i RoBMA iE47 00, IF5 144t
BRI OTI AT I IR S R A TR HE

4  JASP 47 NIRRT
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M JER RoBMA 7E JASP Wiy Se bR, AT GE T — 12 KR IT/Hr(Liu et al., 2024) /3 FF4L
WEREAT 0T . T BRI A AL O A i« B S A" (FhBEE 45, 2023 Liu et al., 2025 Sui
& Humphreys, 2015)fEA#E) " BHEAAK, B4 ER S AREICRG, H IR EMm, #5E
FEAN 13 FE IR A SCHR P A 20 ST AFFE(N = 1082), SR LG R £ IR TC /M 3 v (R B A LAk o A 2
TR TR, 454 Egger f i (Egger et al., 1997: Vevea & Woods, 2005) 7145 25 £k 1 I 2} & (Peters
et al.. 2008)%F K EMBHHEATIEAL, It 552 (Duval & Tweedie, 2000) TR IE . HREALIE I TTHHT
GURETR, HRSHEM TR E N (Hedges' g = 0.40, 95% CI[0.18,0.62]). S tAR (7)Y
PATAAE = E S b, HNEARIES, S0V & TR g=0.23, 95% CI[-0.02, 0.48], $&R/5ings
T REAFTE R

IS JASP HEATEETAREALF-2 1 DU 500 M AR 2D BRUNE (W R R AR 2 DLF 3R 4):

B, TEZITMTIEEECC 4 Liu 2024 meta data.csv, [FEHuhk: osfio/g23kh/), 7F
JASPUIAS 0.95.4)HFTHiZ% csv 30, BhJE, s JASP A Ffawktins, %8 “Meta-Analysis” | ¥
SRS E i O IREIX (B 3). BSIG RdrRiHL, fE “Meta-Analysis” [ “Bayesian” J-3gHLH
PEFE “Robust Bayesian Meta-Analysis” ,  BIVRJFT T B DX I b i) P 52 L 51T

v v v v i m v v - v
= B o Lo B b %k A S "
= Edit Data Descriptives ~ T-Tests ANOVA  Mixed Models Regression  Frequencies Factor  Meta-Analysis

ESCI (Beta)

JAGS

Learn Bayes

Learn Stats

Machine Learning
B Meta-Analysis

Network

Power

Predictive Analytics

Process

Prophet

Quality Control

Reliability

Robust T-Tests

B3 JASP I “ToabT” Bt A RoBMA 44751

This version posted 2026-05-17.
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TEF 2 A A B, RER5O S B (ES)H A "Effect Size" HEF, KERF I A bR E SR
(SE)#fi A "Effect Size Standard Error" #HEH1. F£“Prior Distributions” 3 [} “Effect Size and
heterogeneity” s 417 3 B ] e % “Default™ (i Il BRIA 4377 5% “Custom” B & SSEH 1. A& 4 Ze il
7R, RoBMA Fuiff A RIS T R G B0E Je e 2010 (B b SECH RN i S 8k, 5&1451%’&)
/5% “Prior Distributions” N[ "Model Specification", FLTa A T M & 75 RoBMA U] i3 4H & AN [+
F1R) S5 30 R A T A AR 2R 25 [

¥ Prior Distributions (Custom) Results
Effect
Distribution Parameters Truncation Prior weights Robust Bayesian Meta-Analysis
Normal(j,0) Y po a1 lower -co  upper oo Weight 1 x
(+) . Model Specification
Heterogeneity Model Components
Distribution Parameters Truncation Prior weights Models P(M)
Inverse-Gamma(a,B) ¥ a 1 B 015 lower 0 upper oo Weight 1 x Pooled effect 1/2 0.500
e Heterogeneity 1/2 0.500
Publication bias 8/9 0.500
Effect (null)
Distribution Parameters Truncation Prior weights Prior Distributions (Akemative)
Spike (xo) Y %0 Weight 1 X Pooled effect Heterogeneity Publication bias
0 Normal(0, 1)  InvGamma(l, 0.15)  omegaltwo-sided: .05] ~ CumDirichlet(1, 1)
omegaltwo-sided: .1, .05] ~ CumDirichlet(1, 1, 1)
omegalone-sided: .05] ~ CumDirichlet(1, 1)
Histerooeneity (pul) omegalone-sided: .05, .025] ~ CumDirichlet(L, 1, 1)
Distribution Parameters Truncation Prior weights omegalone-sided: .5, .05] ~ CumDirichlet(1, 1, 1)
Spike(xs) ¥ %0 Weight 1 x omegalone-sided: .5, .05, .025] ~ CumDirichlet(1, 1, 1, 1)
o PET ~ Cauchy(0, 1)[0, Inf]
PEESE ~ Cauchy(0, 5){0, Inf]
» Statistics

Prior Distributions (Null)
» Estimated Marginal Means

Pooled effect  Heterogeneity  Publication bias

¥ Prior and Posterior Plots Spike(0) Spike(0) None

B 4 RoBMA BURIHKSRBIERE

e IAIE S, JASP (0.95.4) KEHZNETT MCMC SRAEF. TEAR (A EICE HUSE AR (- 2455 (8
#% CPU. 8GB W) T, ZidFEB T2, 2 &, EENAF G HZh 430 MB, Qe 5 /e (i
WR, FE“Advanced”y&MiH, JH LA HATi%E AdaptationGEFCY]). Burnin(tFx Warmup, BI¥EIE
KA JEH MCMC #:4) J2 SamplesCREEEDFSHL, R BGRCE R 16 B RARRL AN B B i
10000 YRUA F)ARREREERD S, A7 iR, S Ml “Diagnostics™#F S i 2 WL B3R (5 R-
hat, ESS ZEISHEHR) AR 45 T S50 15508 Bl (Trace Plot), JT-MaMSRAERERAPE, #moit—Lm
AL, H PRI DAGREE A "Plot" WRENR, AT/ JER AT BRAREAE,
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ChinaXiv

¥ MCMC Diagnostics Diagnostics Summary

MCMC error MCMC error/SD ESS R-hat
Overview table
mu 0.005 0.022 1987 1.001
Plot Type tau 9.181x10* 0.009 12522 1.000
Effect size Trace pe PET 0.010 0.016 3945 1.003
e PEESE 0.016 0.010 9472 1.000
. .
Heterogeneity Autocorrelation omegal0,0.025)
Posterior samples density omegal0.025,0.05]  8.704x10~* 0.007 18671 1.000
Weights omegal0.05,0.5] 0.003 0.010 9917 1.000
omegal0.5,0.95] 0.003 0.011 8387 1.000
PET omegal0.95,0.975] 0.004 0.011 7732 1.000
PEESE omegal0.975,1] 0.004 0.012 6814 1.000
v Advanced
Pooled Effect
Show RoBMA R code MCMC "
Adaptation 3500 Trace Plot
Shorten prior names Burnin 4500 Sk

Samples 10000

Chains 3 0.5 1
Thin 1 0.0 -
Repeatability g
Set seed: -0.5 -
Autofit - -1.0
-1.5

T T T T T
0 2000 4000 6000 8000 10000 1200t
Iteration

B5 RoBMA Fif¥) MCMC B SHASEK R BF |

ABFFCEIE Rehat, FH0RE AL ESS) BABIEIXT A1) RoBMA. BURISUHERETT TR, P 5
LR ER, FrASHN R-hat B8 LOIMET 1.05 MMRSFIRMY), HAMBEARRS AT 1000 ;
[, R L SRR 2 AR FEEER A R, EICFRIBEILEED. LSS R —EERY]
MCMC Sk B S BAI A, R Bt A T 4.

¥ Robust Bayesian Meta-Analysis 900 Results

i Effect Size S =

& id 1 ~ Robust Bayesian Meta-Analysis

& Information & s

&N Effect Size Standard Error gl -

£ > & SE N [ Model Specification

il subgroupt

& subgroup? Effect size measure Model Summary

& subgroup3 Standardized mean difference v

& subgroupd Pradictors Meta-Analytic Tests

> P(M) P(M|data)  Inclusion BF
Pooled effect 0.500 0.571 1.334
Heterogeneity 0.500 1.000 o
Publication bias 0.500 0.659 1.935
B Note. Large Bayes factors, i.e., BF > 100 or BF < 1/100,

might be computationally unstable (a small change in

posterior inclusion probability corresponds to a very large
Study Level (Multilevel) change in the Bayes factor). Consider increasing the

number of chains and posterior samples to obtain more

& stable estimates.
Subgroup
= Meta-Analytic Estimates
Bayesian Model Averaging Prior Distributions 95% CI 95% PI
Effect size Effect size and heterogeneity ~ Custom ¥ Mean  Median  Lower Upper  Lower  Upper
Heterogeneity 5 Pooled effect  0.183 0.149  0.000 0.555 -0.794 1.142
Publication bias adjustment ROBMA-PSMA ¥ " 0.433 0.421 0.265 0.665

Publication bias Expected direction of the effect Detect W N 0.059 0.089 0.035 0.221

Show madel specification

Bl 6 RoBMA Hibfs &5 R A

This version posted 2026-05-17.
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RoBMA (W45 R ANE 6 s, FEibdassEryHERr -, “Model Summary™ s« I3 #7465 (Meta-
Analytical Tests) HiH i 7R 25 A3 & (Pooled effect) (4N A UL A T BF 1ok 1.334, XAy ISR
p(M|data) &y 0.571, FREIBIERESR BLESUESE SCRF AP R IR, 52000, FE i th 28Ul
(Meta-Analytic Estimate)” ¢, W DA 75 J& T A I 7E B AL (HLAE AL IE K R A A2 5 19 25 6 00
Hi(pooled effect)ly H{i%L =0.149, 95% {5 X [A](Credible Intervals, Crl)>4[0, 0.555] . {EfFH R,
“TCAT ML B (Meta-Analytical Tests) 5% H 9 5 5114 A 45 (Heterogeneity JH At T AR 3R A IEHE 32 :F(BF = o0),
“TEAMT ST (Meta-Analytic Estimate)” 3% o 53 Bt Ml i 09 75k e = 0.421(95% Crl [0.265, 0.665]),
ST IR A RO B AR R ) B X RS TS IR G i 1) T TSR o B RO T LA iy 22 40
. BEAER R AR, B A ROV B DA AR A 2 R BB G h B SE bR R . A,

TCHM TR B 2 P & 22 A (Publication bias)a@imawmumxﬁi%(BFM =1.935), RMPBKFEA R
FLE RGO WEAEMT I, (EZ R X 25 R T AR AR R R KT

IR SRR A—E, EEE TR, RoBMA fHERIRLY B (0. 149K T B S AL IE G
MIZEH(0.23), HIHEFIFIX[E]([0.00, 0.5551)FHE T A58 A4 B A5 DX []([-0.02, 0.48]) B Ky S ke . X FHATE
N TR R R MR R A 2 B E I, RoBMA 45 SE BN AL T, #E5 Tk
J5T, RoBMA HIMGGEIEYS S # 5IEMIST P =180.32% WESRrEasiemEReE. s, RoBMA

Xﬁﬁ%ﬂﬁ%ﬂ‘]ﬁ%iﬁ}%iﬁ(BFﬁ@:l.%S)&%JZE?E?%* Egger F30AN 3 (p = 0.375)1 & I H K EVIEE,

PAE R BIERHH, B DU P8 A 0 e 7 iR BT AR 2 A 45215 4 G070 A s R TR A0
BT T S U E A EA —8L, BAEGTHERT 3RO HEONIRST R S Rl [F, BT D
AP I 7 R 2 P B SRS —RIREZR T, FE— R PRIl it 2 4R R 4R,
RWFFEE RO T Sy 4] H R AT IR

5 Zw5RE

YRR U3 KAH S U BB, R T B TG DT RENE AL M A S5, SR,
G0 A TR B B BE PR LR A T PR R E,  HLH RS = 48— 1Y pr ifE (Borenstein et al., 2010:
Rice et al., 2018). F T DUt AU F- 2 1) 5040 7 R e 528 S B ATk i —Bi8, M2
R ESCH 2RI, AR Y 2 8] P BT A S B R A3 B, 3k e AP 3 i b 21 7 X RE RS FH 51
AR R ANIE ME, A= SRR A HERT S5 e .

FHEE T p < 0.05 33X e i B 50 B 38/ e Ty, 3T DU B AU 22 (1) 5 43 A DA DU
R R SRR B, e T ] TG /AT R Y B A% O ) R —— U B R AP AE . SEE B2, IRHESE W] DA
[ I ] 5 = A B R BARTE . MARIBETE e BAFAE e . CASBIF ST e 5 A4 A e i
far, MIEAL T O BRI
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BT DU A AP i e A e AL B K R e D7 TN ST e, FEM R B T G — AR 2 Y
Hollert. ARETAEGMEE Pl Egger KK (Egger et al., 1997: Vevea & Woods, 2005) 8%, 45 i 23 i |-
[l (Peters et al., 2008)%5 5% A R fmfar #EAT PRAL,  FELASYAMESE ik b ATwb TS RE, HT i
HrASE RS- 1) T VR R R i e A g TE 2 i R N AR B T 2 opy 1B ORI 3 Ml ) 30 T 5 1AL
PR RS, A, T DI A EA R, B RIR SRR BN TT /M (Oravecz et al., 2017):
2T U, LIRS T B T A R R, B VR U Y P s B K
2L it S 5| N SO NI 529 5 WA K N O (=P &

(ELELT DU S S22 1Y S0 00 BT TE S B b AP A A Bk S SRR . B, O R SE Bl
P TR 4R 15 MCMC 88 30800k, TSR TGk . TEARSUEBIY, fEA NIHTE
P8 # CPU, 8GB WN17)iatT JASP L4 st/ “Model Summary” #45), FERSZ02N 1 805 1 [F] 45
RELF RS AT JASP H DUH-r AL -2 5073 Y. “Model Summary” #45), #ERFZ020% 14 B2, 42R44
AT S s, AT AT ] i 22 SR sl . IR, RoBMA i il i 45 R LLAL GE i p (H
NEFREEFEERL, XEWE A REEZ AR UER RS, N2 RN ER
MRS B E XU 7, R G & AE R SR, XL BRI B R s A ik T
DR, TEERRRIAENE I, FREOEW . MEFH R X S T IR

UBAbh, AEA DU AE S, BT DU AP 3 1 T A BT i 45 1 —— U2 BF A i 450
{H—— AR e 3053 71 B 5 B BUER . AT DA 1 35 A (] 1 S I e A T U PE A, (AT
IR E R G BT B W MR X S0k, VDR P E REWH I R R, AR IERY, R
MRESFBECERAE B E " TG R, MM T BB LB, TE/ A Bl b 5 o P ) 17
BF, BRIt E R RIEE AR, ERMEN S FIBSRAAREN, SHeE AR TR
. AEXFPEBLR,  EET DA ) ST I AR MES R MR A . R O (IS AR
S AT DM A B e g R, A48 & DT B4l 45 46 B9 (Kruschke, 2021; van Doorn et
al..2021), FWHREWT KEE R LE 2).

# 2 RoBMA SR SR

Yz PR iU FR S AR Y
it WFFETET BB bR T BT R AR UE T, R T B Ky
WRIEE .
S b Pl BB 5C BRI BF BlE RO e (RS, i iS5 sy

IS ibEy VA W NANCTR DI
RO T3 Tl BEE ARIEDFIE HARBOE B AG:, R e I 4 MUt H .
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BB

B

R %

SR

TS %
E)s

IR s e Kk
BERLSEIARR p(H)

B S BE

KRR
Wiesict (B sam)

PRZEH 4 (Brror %)
AREAE (ESS)

B AFAE(BF 10)

SR PEATAE(BE )
KM GTAFAE(BE o)

ERETRUN ()

N AT {E X ] (95% Crl)

S E(r)

SN 5 XA (95% CrI)

SER AR A

DGR

7 LR 2 (B oA 5. 1 5 /BRI, . AT AT/ TE %
KRS Fale, HMEBaLEE.

TR 0.5, FOREMIEAERT, BFFEFE R AL,
WIERISLY

Wit it s o i M BAASHL, A i ~Normal(0, 1)8( 7 ~Inv-
Gamma(l, 0.15). & FHARBINSCE, WA AELE T Lk
A PR .

W JASP B R BRPEIRAS, PAK R WA, Hiidy MCMC R
RSB (CInEER. IEFORFER, TR AR OR T2 B0

BUWR A TR IE 7 28 (1 RoBMA {3 PSMA Z4y), Ay
KFHPRALE PET-PEESE KiZY),

R 1050 101); MBS @R <2 E
Eih ok, TR . EH] MCMC RRHED A TR
1, SERE

VIR B, KT 20%H91%2E 1 7 L RO A R B A 15
B RBERENERIRE

VW] ESS RmILE, WRERAMTIMITRE

ol dEhn. A B SR M R ILRAFAE . BT EAFAE
P FREAFAE)AHR T B 1) s P i

1-3 A EdRAR 55

3-10 f%: EHEP4E;

>10 f%: EFRARGR.

AW AR, HR A T E SRR . AUHRRR R
A4 SR Y LS SRR .

A 95% Crl, FoR EIHT A 9S% MR /e %L
M. A0, TR TCIAHERR Z R A T RENE .

Ao PR FRART TSR BB O . OB IIROR
MORFRE, B SR T A B

5Ty 95%Crl, REHESLFETH 95% MRS AEIZ X [R]
. BRHY DX (8] B B Sl T XI5 1) AR SRR A T R
‘Iﬁﬁ .

THEAN A e SE e BF [0, DAL SE R
7 .

W ATHEE jasp Ml R SCHPERJFELGEEE, i+ README 4
FIAR PR BL AN, DASEIEAT S LA A QA
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Abstract Meta-analysis serves as an essential statistical methodology to synthesize independent empirical findings. It is deeply
embedded across various quantitative disciplines. However, researchers routinely confront significant dilemmas regarding model
selection throughout the analytical workflow. When managing across-study heterogeneity, researchers face a strict choice
between fixed-effects and random-effects frameworks. Similarly, to mitigate the threat of potential publication bias, researchers
choose from a diverse array of disparate correction models. At present, the field lacks a unified, standardized criterion for
selecting the single optimal model configuration. Consequently, traditional approaches rely on a single chosen model and neglect
model uncertainty. This omission causes overconfident statistical inferences, underestimated standard errors, and potentially
biased estimates of the true population effect size. In turn, these estimation errors reduce the replicability of empirical findings.

To resolve these deep-seated methodological vulnerabilities, Bayesian Model Averaging (BMA) offers an innovative
and mathematically rigorous paradigm that operates within the broader Bayesian statistical framework. Instead of an arbitrary,
ex-ante selection of a single statistical model, BMA directly accommodates model uncertainty. It embeds all theoretically
plausible candidate models into a single, cohesive model space. Specifically, BMA treats the model itself as a random variable
within a probability space. This formulation effectively manages uncertainty in both the effect size and heterogeneity. By
establishing prior probabilities for each model configuration, BMA leverages empirical data to calculate posterior model
probabilities. This process quantifies the precise degree of empirical data support that each individual model receives. Ultimately,
the final effect size is a weighted average across all models, where posterior probabilities directly determine individual model
weights. This approach avoids the inherent biases of single-model selection. It yields a continuous measure of cumulative
evidence rather than a binary accept-reject decision.

Researchers operationalize this rigorous approach in meta-analysis as robust Bayesian meta-analysis (RoBMA).
RoBMA inherits the core model-averaging principles of BMA. It systematically incorporates multiple publication bias correction
models, such as selection models and PET-PEESE (precision-effect test and precision-effect estimate with standard error), into
the Bayesian inference framework. It avoids a forced selection of a single optimal model. Instead, the framework weights
competing hypotheses within the model space based directly on empirical data. This mechanism provides rigorous quantitative
evidence, specifically inclusion Bayes factors (BF), to evaluate 3 critical hypotheses concurrently to govern the validity of
literature synthesis. These hypotheses test whether a true population effect exists, whether study-level heterogeneity is present,
and whether publication bias contaminates the literature. ROBMA constructs a multi-dimensional model space to map every
possible combination of these 3 dimensions (e.g., presence vs. absence of an effect, presence vs. absence of heterogeneity, and
presence vs. absence of publication bias). As a consequence, the framework outputs model-averaged posterior estimates that fully

incorporate model uncertainty, delivering an exceptionally robust and reliable evaluation of the primary effect size.



Beyond its conceptual and theoretical advantages, the practical execution of BMA-based meta-analysis has become
highly viable due to contemporary computational breakthroughs and software integration. This paper comprehensively outlines
the concrete, accessible pathways for applied researchers to deploy these advanced statistical techniques in real-world research
scenarios. Specifically, the open-source statistical software JASP seamlessly executes the entire analytical pipeline, which
provides an intuitive and user-friendly graphical user interface (GUI) for point-and-click execution. For researchers who require
scriptability and reproducibility, specialized open-source packages make the methodology fully available into the R programming
language. These programming tools facilitate automated reporting and extensive sensitivity analyses. They effectively lower the
technical barriers to advanced Bayesian inference for non-statisticians. This paper effectively bridges the historical divide
between intricate Bayesian theory and practical application. It delivers a definitive roadmap for researchers to maximize
transparency and credibility in meta-analytic conclusions. Therefore, this methodology offers broad applicability for enhancing
the robustness of evidence synthesis across psychological science and various other disciplines.

Key words bayesian model averaging, meta-analysis, model uncertainty, publication bias, robust bayesian meta-analysis
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library(RoBMA)
df <-read.csv("Liu_ 2024 meta data.csv")
fit <- RoOBMA(

d = df$ES,

se = df$SE,

model type ="PSMA",

algorithm = "ss", # ffiff] Spike-and-Slab &%
# ORFERE B (X B JASP R FF—50

Chain =3,

adapt = 5000, # 3 i

burnin = 5000, # PR

sample = 10000, # IR R

parallel =TRUE, # R ER e E

seed = 1234, # BCEFEHLRT AR ORGSR — 2L

autofit =FALSE # K EhUG

# AFEGANLE, AHE BF (R IE 580 &

summary(fit)

# Robust Bayesian meta-analysis

# Components summary:

# Prior prob. Post. prob. Inclusion BF

# Effect 0.500 0.550 1.225
# Heterogeneity 0.500 1.000 Inf
# Bias 0.500 0.672 2.046

# Model-averaged estimates:

# Mean Median 0.025 0.975
# mu 0.177 0.098 0.000 0.551
# tau 0.432 0.421 0.266 0.661

# omegal[0,0.025] 1.000 1.000 1.000 1.000
# omega[0.025,0.05] 0.960 1.000 0.552 1.000
# omega[0.05,0.5] 0.853 1.000 0.202 1.000



# omega[0.5,0.95] 0.811 1.0000.118 1.000

# omegal0.95,0.975] 0.817 1.000 0.118 1.000

# omega[0.975,1] 0.826 1.0000.118 1.000

#PET 0.321 0.000 0.000 1.946

# PEESE 0.490 0.000 0.000 5.714

# The estimates are summarized on the Cohen's d scale (priors were specified on the Cohen's d scale).

# (Estimated publication weights omega correspond to one-sided p-values.)
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