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The I nfluence of l naccurate I nform

Estimati o®rlamml éanalA Study Based on

Zheng Shufanly ZhangLijin !, Pan Junhao
1. Department of Psychology, Sun ¥s&n University, China

Abstract

In the research of psychology, education, and organizational behavior, researchers often
encounter multilevel da with hierarchical structures (e.g., participants may cluster within
communities, classes, or clinics). Ignoring the hierarchical structures of data may lead to a violation
of the independence assumption of some models, resulting in biased paramed¢e&stiherefore,
researchers often need to conduct multilevel modeling to solve the statistical problems caused by
nonrindependent observations. However, due to the limitation of objective conditions, in real studies,
the sample sizes of level 1 and/orde2 are often small in hierarchical data. Traditional frequentist
based maximum likelihood (ML) approach, which relies on lasam@ple theory, might lead to
problems in parameter estimation and model convergence in multilevel modeling with small
samplesin contrast, Bayesian approach is often more advantageous in small samples, but it is also
more susceptible to the subjective specification of priors.

To investigate the potentially detrimental effects of inaccurate prior information on Bayesian
approacks and compare their performance to the traditional approaches, we conducted a series of
simulations under the multilevel model framework with different dependent variable types (i.e.,
continuous normal, continuous nraormal, andbinary dependent varialdd, sample sizes and
intraclass correlation coefficients (ICCs). In sum, the results revealed the devastating impacts of
inaccurate prior information on Bayesian estimation, especially in the cases of larger ICC, smaller
level 2 sample size, and smallergprvariance. When the dependent variable wasmamal or
binary, these negative effects were more obvious. The present study investigated the impacts of
inaccurate prior information on Bayesian estimation and provided advice on the specification of
priors. We hope that it could contribute to strengthening the theoretical and practical understanding
of prior specifications.

Key whMultidwel Modeling; Small Samples; Bayesian Modeling; Inaccurate Prior Information
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4 pardi al
95% ClI
ML BD INF ML BD INF ML BD INF ML BD INF ML BD INF
ICC 0.004 0.005 0.001 0.016 0.022 0.024 0.014 0.013 0.135 0.002 0.001 0.008 0.000 0.007 0.001
L2 0.092 0.093 0.127 0.028 0.152 0.925 0.160 0.159 0.153 0.004 0.002 0.036 0.124 0.284 0.067
L1 0.036 0.037 0.020 0.007 0.010 0.690 0.064 0.064 0.014 0.001 0.002 0.004 0.065 0.085 0.019
mag - - 0.891 - - 0.496 - - 0.540 - - 0.765 - - 0.205
strength - - 0.386 - - 0.956 - - 0.058 - - 0.077 - - 0.108
ICC*L2 0.001 0.001 0.000 0.015 0.019 0.103 0.002 0.002 0.015 0.002 0.001 0.000 0.006 0.010 0.002
ICC*L1 0.001 0.001 0.000 0.009 0.011 0.136 0.001 0.001 0.001 0.002 0.001 0.000 0.001 0.002 0.000
ICC * mag - - 0.000 - - 0.002 - - 0.169 - - 0.016 - - 0.006
ICC * strength - - 0.000 - - 0.000 - - 0.008 - - 0.001 - - 0.000
L2*L1 0.001 0.001 0.000 0.027 0.042 0.462 0.007 0.007 0.001 0.001 0.002 0.000 0.003 0.004 0.001
L2 * mag - - 0.167 - - 0.256 - - 0.185 - - 0.095 - - 0.001
L2 * strength - - 0.013 - - 0.471 - - 0.010 - - 0.002 - - 0.006
L1 * mag - - 0.024 - - 0.007 - - 0.010 - - 0.008 - - 0.000
L1 * strength - - 0.001 - - 0.187 - - 0.001 - - 0.000 - - 0.002
mag *strength - - 0.070 - - 0.083 - - 0.001 - - 0.209 - - 0.013
ICC*L2*L1 0.002 0.002 0.000 0.031 0.030 0.098 0.002 0.002 0.000 0.002 0.004 0.001 0.004 0.004 0.001
ICC *L2 * mag B - 0.000 - - 0.007 - - 0.027 - - 0.001 - - 0.001
ICC * L2 * strength - - 0.000 - - 0.011 - - 0.007 - - 0.000 - - 0.001
ICC * L1 * mag - - 0.001 - - 0.005 - - 0.001 - - 0.000 - - 0.000
ICC * L1 * strength - - 0.000 - - 0.011 - - 0.000 - - 0.000 - - 0.000
ICC * mag * strength - - 0.000 - - 0.000 - - 0.006 - - 0.002 - - 0.000
L2 * L1 * mag - - 0.001 - - 0.007 - - 0.004 - - 0.001 - - 0.001
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95% CI

ML BD INF ML BD INF ML BD INF ML BD INF ML BD INF
L2 * L1 * strength - - 0.000 - - 0.024 - - 0.000 - - 0.000 - - 0.000
L2 * mag * strength - - 0.014 - - 0.027 - - 0.005 - - 0.002 - - 0.007
L1 * mag * strength - - 0.001 - - 0.001 - - 0.000 - - 0.001 - - 0.001
ICC* L2 * L1 * mag - - 0.000 - - 0.010 - - 0.000 - - 0.000 - - 0.000
ICC * L2 * L1 * strength - - 0.000 - - 0.009 - - 0.000 - - 0.000 - - 0.000
ICC * L2 * mag * strength - - 0.000 - - 0.001 - - 0.011 - - 0.001 - - 0.000
ICC * L1 * mag * strength - - 0.000 - - 0.001 - - 0.000 - - 0.000 - - 0.000
L2 * L1 * mag * strength - - 0.000 - - 0.001 - - 0.000 - - 0.000 - - 0.000
ICC * L2 * L1 * mag * strength - - 0.000 - - 0.001 - - 0.000 - - 0.000 - - 0.000
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& Ne Ay v T Yt dpardi @b @

14

strength



RB for b01

L1=150

L1=60

L1=30

FEow
Fe—w
row

Ip—)
Faomw
Fee =
FEe—=
ro=

Fae==
FAon =
Frreo=
.RWW
.CW

||_1W
FamZ
Fmo

F=a

oo
e —w
Fow

Fa—w
F-Lm®0
Fen =
re—3=
ro=

I =

Estimator

FAm=
ez
lor—=
oz

ba-z
F—e=Z
Fmo

r=-o

Frown
FOXr—w
Frow

Fa—wm
F-oW?
Freo=
Fe—3=
Fro=

|L_.|M
Fam =S
Frreos
|R1W
|CW

I
Fao
FomoO

F=a

TAELO000T0COC-AIXEUIYD

02

01 -A- ICC=

ICC

005 &

- ICC

3a

%o R3

vV la

% ' L1 v la
® H Ne

v 3a

i

T

Z 'BDd H @
® H Ne

W RB y

%o

L34& Ne

10MY T

\

(

20M%S

\

(

T

® H Ne

50PM

v

(

AW

Nezuw-10 170

78

15



SE_SD for b01

L1=150

L1=60

L1=30

e
Fe—w
row
”. F—=W
Famwm
Fre =
V-2
Fo=
Faes
- F1m=
FrmZ
i leez
M.CW
i o=

+ Fao=

- —h b

-

i Jiial

r=-o

FXow
FX—uw
row

Fa—w
Faoom
Fro =
re—=
FO=

cha-=s

Estimator

F1on =
lorez
“”.Rﬂw
Loz

' “” -
i fHe2
.

F=-o

FXomw
FOY— W
FOW
Fd—W
FaW
FXon =
Py — =
i Fro=
L
Faos
Freo3
lr -2
iloz
-
W' looz
Foo

F=-J

TAELO000T0COC-AIXEUIYD

02

01 -A- ICC=

005 -& ICC=

- ICC

%0

C

%o

le

\

%o L1

3a

\%

i

T

L34&d Ne

BD4 H

® H Ne

o]

WSE _ SO %o

%o

%o

10MmY T

\

(

® H Ne

20%S

v

(

T

® H Ne

50P6M

%

(

AW

v 3a

%o

Nezw 0. 9 1.71

78

16



MSE for b01

L1=150

L1=60

L1=30

oW

Xr—w

Yoz
r—=
(&=

A==
M=
remZ
x-z
02

ez
amZ
mo

=

wow
X—w

ow

L

1

M
Estimator

FEo W
)
ow

A=W
Faowm
Freo =
rr—=
o=

Foaes
Faos
rreo
le—z2
Loz

-z
Fam=
Foo

F=-J

TAELO000T0C0C

AIXEUIYD

02

01 -A- ICC=

005 -& ICC=

- ICC

3a

Vv la

la %o C

\
® H Ne

%o L1

v 3@

i

T

BD4 H

® H Ne

MS B4

L34 Ne

10

v

20mS

\

(

T

® H Ne

50PM

v

(

AW

%o

17



202010.00073v1

chinaXiv

1.004.
0.754
0.501
0.251

0.00+
1.001.

0.754

0.501

95Coverage

0.259

0.004
1.009.

0.751
0.504

0.254

0.00

95Coverage for b01

L1 =860

Ar=-

* WB Dy
® H Ne
W 0.79

0w

H

S wr

s-rd

=04
-1

(v
9 5@l

S WA
Zwr 4
=z

=0
= -7
= w0
mwr A

T LA N vy
50PpM & H Ne
v A

=

"o

z

0=

T

0w

o=

v 3a

(v

B L LCRRLLC R L L

D 3 1 W 1 3 3 1 M 1 3 3 1

wow W W M M M M S S

Estimator
4% ICC=005 -® ICC=01 -&- ICC=02
795 % CI o

% ' L1 z vie % ' C L

20mS O H Ne (v

18

¢ R R
S 1 3
S S
® H
10MmY T

o=

R1 ~

Swr4

4

S+
S0+
S-m1

v la

95 %

= w0

%o

Cl

L L ¢ R
3 1 M 1
M M M
" R3 7 2
Wwo0® a

Z WA

L L
31
s s
v 3a
78

0O

%o

w0

Aw

0g=¢1

0e=21

or=21

0s=21



* BDu
H Ne

H

v

T L3O N v

50p6M

® H Ne

z

T

v 3@

(v

% ' L1
20mS

8

VA v lae
® H Ne

%0

19

(

v

L

® H
10%Y

R1
78

z

v

le

%0

¥ 08



