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INTRODUCTION



Existing multilevel modelling
commands in Stata

Stata provide the xtmixed, xtmelogit and xtmepoisson commands to fit
multilevel models

— Limited range of models can be specified

— Computationally quite slow to fit models

Sophia Rabe-Hesketh and Anders Skrondal provide the g1 1amm command
— Wide range of models can be specified

— Computationally slow to fit models

Other user-written multilevel modelling commands include: h1m,
realcomimpute, runmplus, sabre, winbugs



Multilevel modelling in MLwiN

Estimation of multilevel models for continuous, binary, ordered categorical,
unordered categorical and count data

Fast estimation via classical and Bayesian methods

Estimation of multilevel models for cross-classified and multiple
membership non-hierarchical data structures

Estimation of multilevel multivariate response models, multilevel spatial
models, multilevel measurement error models, multilevel multiple
imputation models and multilevel factor models



RAUDENBUSH (1993) CROSS-
CLASSIFED MODELLING EXAMPLE



Scottish neighbourhood study on
child educational attainment

Scottish neighbourhood study on child educational attainment
2310 students nested within 17 schools and 524 neighbourhoods
First analysed by Garner and Raudenbush (1991)

Re-analysed by Rabe-Hesketh and Skrondal (2008), Raudenbush (1993),
Raudenbush and Bryk (2002) and others
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Winter 1993, Vol. 18, No. 4, pp. 321-349

A Crossed Random Effects Model
for Unbalanced Data With Applications in
Cross-Sectional and Longitudinal Research

Stephen W. Raudenbush
Michigan State University

Key words: hierarchical models, maximum likelihood, covariance components

Hierarchical linear models have found widespread application when the data
have a nested structure—for example, when students are nested within class-
rooms (a two-level nested structure) or students are nested within classrooms
and classrooms are nested within schools (a three-level nested structure).
Often, however, the data will have a more complex nested structure. In
Example 1, students are nested within both neighborhoods and schools;
however, a school can draw students from multiple neighborhoods, and a
neighborhood can send students to multiple schools. In Example 2, children
are nested within classrooms during the first year of the study, however, each
child finds himself or herself with a new teacher and a new set of classmates
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TABLE 1
Organization of data in the Scodand neighborhood siudy; Numbers of observations in each neighborhood by school cell

School
L] 1 5 ] 7 ki q 10 11 12 13 14 15

Meighborhood
26
27
20
30
Ell
i
31
35
36
3R

da bd ek BJ LR o— B3 88— L
LA b e L S B BRI WS — Lh

251
252
253

Bl
1]

Totals 146 7 146 : 5 286 112
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Crossed Random Effects

TABLE 3
Descriptive statistics from the Scotland neighborhood study
Variable n m SD
(a) Neighborhood level
Social deprivation 524 0.037 0.622
(b) Student level
Total attainment 2310 0.093 1.00
Primary 7 VRO 2310 0.506 10.65
Primary 7 reading 2310 —-0.044 13.89
Dad occupation 2310 —0.464 11.78
Dad education
(1 = Schooling past 15; 0 = No) 2310 0.215 0.41
Mom education
(1 = Schooling past 15; 0 = No) 2310 0.248 0.43
Dad unemployment
(1 = Yes; 0 = No) 2310 0.109 0.31
Sex (1 =M; 0 =F) 2310 0.480 0.50
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TABLE 4
Modeling results for Scotland neighborhood data

Model 1: Model 2: Model 3:
(a) Fixed effects School vanance ignored School variance estimated Fitted model

Predictor Coefficient SE [ ratio Coefficient SE t ratio Coefficient SE { ratio

Grand mean 0.080 0.028 - 0.078 0.027 - 0.086 (.028 —
Primary 7 VRO 0.028 0.002 12.18
Primary 7 reading 0.026 0.002 14.98
Dad occupation 0.008 0.001 5.94
Dad education 0143 0.041 3.51
Mom education 0.059 0.037 1.59
Dad unemployment =0.121 0.047 =2.56
Sex 0.056 0.028 1.97
Neighborhood

social deprivation ~0.156 0.026 -6.03

(b) Variance components
Parameter Estimate Estimate Estimate

Neighborhoods

‘h"ﬂ]’{ﬂ-‘l'g[:]} = T UZIII 0.141 ﬂl]ﬂ'ﬁ
Schools

Var(w") = 8 0.075 0,004
Students

Var(e,) = o’ : 0.800 0.454

(c) Model fit
Deviance 3074.26 1487.00

9.02x5.82in 4|
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Z-user 2-core 5tata network perpetual license:
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1. (/m# option or -set memory-) 500.00 MB allocated to data
2. (/v# option or -set maxvar-) 5000 maximum variables
running C:“Program Files (x86)“5tatall‘sysprofile.do ...

Name Label Type | Format running C:%Users'glol58profile.do ...
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statistics/Data Aanalysis stataCorp
4905 Lakeway Drive
MP — parallel Edition College station, Texas 77845 USA

B00-5TATA-PC http://www.stata. com
979-696-4600 stataf@stata. com

979-696-4601 (fax)

Z-user 2-core 5tata network perpetual license:
serial number: 50110514919
Licensed to: cCentre for Multilevel Modelling
University of Bristol

Motes:
1. (/m# option or -set memory-) 500.00 MB allocated to data
2. (/v# option or -set maxvar-) 5000 maximum variables
running C:“Program Files (x86)“5tatall‘sysprofile.do ...

Name Label Type | Format running C:%Users'glol58profile.do ...

use "hitp:ffurwur. stata-press_comfdatafmlmusZfneighborhood.dta", clea
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i Command rc / 7 . 7 . ®
1 use "http:/fwww.stata-press.co... /S /4 f f_/ 11.2 copyright 2009 stataCorp LP
statistics/Data Aanalysis stataCorp
4905 Lakeway Drive
MP — parallel Edition College station, Texas 77845 USA

B00-5TATA-PC http://www.stata. com
979-696-4600 stataf@stata. com

979-696-4601 (fax)

Z-user 2-core 5tata network perpetual license:
serial number: 50110514919
Licensed to: cCentre for Multilevel Modelling
University of Bristol

Motes:
1. (/m# option or -set memory-) 500.00 MB allocated to data
2. (/v# option or -set maxvar-) 5000 maximum variables
running C:“Program Files (x86)“5tatall‘sysprofile.do ...

running C:%Users'glol58\profile.do ...

Mame Label Type | Format

neighid int %200 |, use "hrtp://www.stata-press.com/data/mlmus2/neighborhood. dta™, clear
schid byte  %%8.0q

attain float  %%9.0g -

pAurg float  3%9.0g

prread float  3%9.0g

dadocc float  3%9.0g

dadunemp byte  9%3.0g

daded byte  9%3.0g

momed byte  9%3.0g

male byte  %%8.0q

deprive float  %%9.0g ;I

dumrny byte  %B.0g | | |
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Statistics/Data Analysis StataCorp
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Notes:

1. (/m# option or -set memory-) 500.00 MB allocated to data
2. (/v# option or -set maxvar-) 5000 maximum variables

running C:\Program Files (x86)\Statall\sysprofile.do ...
running C:\Users\gl91l5&\profile.do ...

. use "http://www.stata-press.com/data/mlmus2/neighborhood.dta", clear
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TABLE 1
Organization of data in the Scodand neighborhood siudy; Numbers of observations in each neighborhood by school cell

School
L] 1 5 ] 7 ki q 10 11 12 13 14 15

Meighborhood
26
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20
30
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Totals 146 7 146 : 5 286 112
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. table neighid schid if inrange(neighid,?26,38) | inrange(neighid,?251,263) | inrange(neighid
> ,793,800)

schid
neighid 2 8 10 15 16 17 18 19 2

=

L
P
Mt

253
256
258
259
260
261
262
263 1
793 1 7

794
795
796
797
798

T

() = Bl M R LA = B 08 = LA

e R = Tl =) %
==l M

TGt Yy

1 . |

C:WUsersigl9153\Documents CAP NUM OVR gz




ﬁ Raudenbush (1993).pdf - Adobe Reader

File Edit Yew Document Tools Window Help

5

o A It & & IISB% - = ||=|nc| -

Crossed Random Effects

TABLE 3
Descriptive statistics from the Scotland neighborhood study
Variable n m SD
(a) Neighborhood level
Social deprivation 524 0.037 0.622
(b) Student level
Total attainment 2310 0.093 1.00
Primary 7 VRO 2310 0.506 10.65
Primary 7 reading 2310 —-0.044 13.89
Dad occupation 2310 —0.464 11.78
Dad education
(1 = Schooling past 15; 0 = No) 2310 0.215 0.41
Mom education
(1 = Schooling past 15; 0 = No) 2310 0.248 0.43
Dad unemployment
(1 = Yes; 0 = No) 2310 0.109 0.31
Sex (1 =M; 0 =F) 2310 0.480 0.50
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. egen pickone = tag(neighid)
. tabstat deprive if pickone—l1, stat(mean sd) format(%4.3f) columns(stats)

variable mean sd

deprive 0.037 0.622

. tabstat attain p/vrq p/read dadocc daded momed dadunemp male, stat(mean sd) format(Céd.3T)
> columns (stats)

variable mean sd
attain 0.093 1.002
p/vrq 0.506 10.648
p/read -0.044 13.888
dadocc -0.464 11.782
daded 0.215 0.411
momed 0.248 0.432
dadunemp 0.109 0.312
male 0.480 0.500

-
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IGLS ESTIMATION



Model 1 fitted using IGLS

. (2)
attain; = By + Uneighid(i) T €i

U}Z)NN(O, 0'5(2)), ei~N(O, O'ez)

. runmlwin attain cons, ///

level?2 (neighid: cons) ///

levell (studentid: cons)
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runmlwin attain cons, level2(neighid: cons) levell(studentid: cons) nopause

MLWiN 2.23 multilevel model Number of obs = 2310
Normal response model
Estimation algorithm: IGLS

No. of Observations per Group
Level variable Groups M 1 mum Average Maximum
neighid 524 1 4.4 16
Run time (seconds) 1.59

Number of iterations ; 3
Log likelihood = —3207 .9849
Deviance = ©06415.9697
attain Coef. std. Err. Z P=|z| [95% Conf. Interwval]
cons . 0820249 . 0284355 2.88 0.004 .0262923 1377574
Random-effects Parameters Estimate Std. Err. [95% Conf. Interwval]
Level 2:
var (cons) .2015358 .0255229 .1515119 . 2515597
Level 1:
var (cons) .8043717 .0265334 .7523673 .8563761
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Model 2 fitted using IGLS

o (3) (2)
attain; = Bo + Ugchiq) + Uneighidp) T €

u}g) ~N(0, 05(3)), u]§2)~N(O, 05(2)), e;~N(0,02)
tabulate schid, gen (s)

forvalues 1 = 1/16 {

constraint define i’ [RP3]var(s i’) = [RP3]var(sl7)

}

runmlwin attain cons, ///

level3 (cons: sl-sl17, diagonal) ///

level?2 (neighid: cons) ///

levell (studentid: cons) constraints (1/16)
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. quietly tabulate schid, generate(s)

. forvalues s = 1/16 {
2.

. constraint define s" [RP3]var(s s') =
3.

- 1

runmlwin attain cons, level3(cons:
> d: cons) cmstra1nt5(1flﬁ) nopause

[RP3]var(s17)

s1-s17, diagonal) level?2(neighid: cons) levell(studenti

{ 1) [RrRP3]var(sl) - [RP3]var(s1l7/) =0

{ 2) [RP3]var(s2) - [RP3]var(s1l/) =0

{ 3) [RP3]var(s3) - [RP3]var(sl1l/) =0

{ 4) [rRP3]var(s4) - [RP3]var(s1l/) =0

{ 5) [RP3]var(s5) - [RP3]var(sl/) =0

{ 6) [RP3]var(sb) - [RP3]var(sl/) =0

7)) [RP3]var(s7) - [RP3]var(sl/) =0

{ 8 [RP3]var(s8) - [RP3]var(s1l7) =0

{ 9) [rRP3]var(s9) - [RP3]var(s1l7/) =0

(10) [RP3]var(s10) - [RP3]var(sl/) =0

(11) [RP3]var(s11l) - [RP3]var(sl/) =0

(12) [RP3]var(s12) - [RP3]var(sl/) =0

(13) [RP3]var(s13) - [RP3]var(sl7) =0

(14) [RP3]var(s14) - [RP3]var(=s1l7) =0

(15) [RP3]var(s15) - [RP3]var(s1l7) =0

(16) [RP3]var(s16) - [RP3]var(sl7) =0
warning: wvariance matrix is nonsymmetric or highly singular
MLWiN 2.23 multilevel model Number of obs 2310

Normal response model
Estimation algorithm:

IGLS

I omsom 1 % pmm = T

. of Observations per Group

=]
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Model 3 fitted using IGLS

attain; = Py + fip7vrq; + [op7read; + [szdadocc; + [idaded,;
+psmomed; + fgdadunemp; + ,male; + fgdeprive;

(3) (2)
+uschid(i) + uneighid(i) + e

u@N(0,025),  uP~N(0,0%3),  e~N(0,02)

runmlwin attain cons p/vrg p/read dadocc daded ///
momed dadunemp male deprive, ///
level3 (cons: sl-sl17, diagonal) ///
level?2 (neighid: cons) ///

levell (studentid: cons) constraints(1/16)
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. runmlwin attain cons p/vrq p/read

> sl1-517, diagonal) level2(neighid:

dadocc daded momed dadunemp female deprive, level3(cons:
cons) levell(studentid: cons) constraints(1/16) nopause

{ 1) [RrRP3]var(sl) - [RP3]var(s1l7/) =0
{ 2) [RP3]var(s2) - [RP3]var(s1l/) =0
{ 3) [RP3]var(s3) - [RP3]var(sl1l/) =0
{ 4) [rRP3]var(s4) - [RP3]var(s1l/) =0
{ 5) [RP3]var(s5) - [RP3]var(sl/) =0
{ 6) [RP3]var(sb) - [RP3]var(sl/) =0
7)) [RP3]var(s7) - [RP3]var(sl/) =0
{ 8 [RP3]var(s8) - [RP3]var(s1l7) =0
{ 9) [rRP3]var(s9) - [RP3]var(s1l7/) =0
(10) [RP3]var(s10) - [RP3]var(sl/) =0
(11) [RP3]var(s11l) - [RP3]var(sl/) =0
(12) [RP3]var(s12) - [RP3]var(sl/) =0
(13) [RP3]var(s13) - [RP3]var(sl7) =0
(14) [RP3]var(s14) - [RP3]var(=s1l7) =0
(15) [RP3]var(s15) - [RP3]var(s1l7) =0
(16) [RP3]var(s16) - [RP3]var(sl7) =0
warning: wvariance matrix is nonsymmetric or highly singular

Number of obs 2310

MLwWiN 2.23 multilevel model
Normal response model

Estimation algorithm: IGS

No. of Observations per Group
Level variable Groups Minimum Average Maximum
cons 1 2310 2310.0 2310 _J
neighid 524 1 4.4 16
Run time (seconds) = 2.54
Number of iterations = 4

IEomen 1 alemT S lamn A X0 A SETT ;I
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TABLE 4
Modeling results for Scotland neighborhood data

Model 1: Model 2: Model 3:
(a) Fixed effects School vanance ignored School variance estimated Fitted model

Predictor Coefficient SE [ ratio Coefficient SE t ratio Coefficient SE { ratio

Grand mean 0.080 0.028 - 0.078 0.027 - 0.086 (.028 —
Primary 7 VRO 0.028 0.002 12.18
Primary 7 reading 0.026 0.002 14.98
Dad occupation 0.008 0.001 5.94
Dad education 0143 0.041 3.51
Mom education 0.059 0.037 1.59
Dad unemployment =0.121 0.047 =2.56
Sex 0.056 0.028 1.97
Neighborhood

social deprivation ~0.156 0.026 -6.03

(b) Variance components
Parameter Estimate Estimate Estimate

Neighborhoods

‘h"ﬂ]’{ﬂ-‘l'g[:]} = T UZIII 0.141 ﬂl]ﬂ'ﬁ
Schools

Var(w") = 8 0.075 0,004
Students

Var(e,) = o’ : 0.800 0.454

(c) Model fit
Deviance 3074.26 1487.00

9.02x5.82in 4|
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=EE Stata/MP 11.2 - http:/ /www.stata-press.com/data/mimus2 /neighborhood.dta - [Results]

. estimates table modella model2a model3a, stats(deviance) keep("FP1:" "RPZ2:" "RP3:var(s1l)"

> "RP3:var(s2)" "RP3:var(s1/7)" "RP1:") b(%9.3T) style(oneline)

Variable modella model2a model3a
FP1
cons 0.082 0.075 0.030
p/vrq 0.028
p/read 0.026
dadocc 0.008
daded 0.144
momed 0.059
dadunemp -0.121
female 0.056
deprive -0.156
RP2
var({cons) 0.202 0.141 0.004
RP3
var(sl) 0.075 0.004
var(s?) 0.075 0.004
var(sl7) 0.075 0.004
RP1
var({cons) 0.804 0.799 0.456
Statistics
deviance 6415.970 6356.711 4769.335

-
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MCMC ESTIMATION



Model 1 fitted using MCMC

(2)

attain; = fo + Uy giohidg

)+€i

U}Z)NN(O, 0'5(2)), ei~N(O, O'ez)

. runmlwin attain cons, ///

level?2 (neighid: cons) ///
levell (studentid: cons) ///

mcmc (on) 1nitsprevious
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runmlwin attain cons, level2(neighid: cons) levell(studentid: cons) mcmc(on) initsprevious
> nopause

MLWiN 2.23 multilevel model Number of obs = 2310
Normal response model
Estimation algorithm: MCMC

No. of Observations per Group

Level variable Groups Minimum Average Maximum

neighid 524 1 4.4 16
Burnin = 500
Chain = 5000
Run time (seconds) = 5.8
Deviance (dbar) = b05%5_62
Deviance (thetabar) = 5804.62

Effective no. of pars (pd) 250.99
Bayesian DIC 6306.61
attain Mean std. Dev. Z Ess [95% Cred. Interwval]
cons .0831759 .0285483 2.91 1513 .0261265 .1383685
Random-effects Parameters Mean Std. Dev. Ess [95% Cred. Int]
Level 2:
var (cons) .2025886 .0257499 738 1563706 .2566977 _J
Level 1: =
EPTS g— NN TonnT NDYELTT 0 T O T TAAT O O7FiNeET
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Model 2 fitted using MCMC

. (3) (2)
attain; = fo + Uschid (i) + uneighid(i) T e

uN(0,025),  uPAN(0,0%5),  e~N(0,02)

. matrix b = (0,.075,.15,.8)

. runmlwin attain cons, ///

level3 (schid: cons) ///
level?2 (neighid: cons) ///
levell (studentid: cons) ///

mcme (cc) 1nitsb (b)
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. matrix b = (0,.075,.15,.8)

runmlwin attain cons, level3(schid: cons) level?2(neighid: cons) levell(studentid: cons) mc
> mc(cc) initsb(b) nopause

MLwWiN 2.23 multilevel model Number of obs = 2310
Normal response model
Estimation algorithm: MCMC

No. of Observations per Group

Level variable Groups M N mum Average Maximum

schid 17 22 135.9 286

neighid 524 1 4.4 16
Burnin = 500
Chain = 5000
Run time (seconds) = 6.55
Deviance (dbar) = 6039.42
Deviance (thetabar) = 5818.77

Effective no. of pars (pd) 220.65
Bayesian DIC 6260.07
attain Mean Std. Dev. z Ess [95% Cred. Interval]
cons .0962458 .0651659 | 1.48 228 —.0349854 . 2170355
Random-effects Parameters Mean Std. Dev. Ess [95% Cred. Int] _J
Level 3: <
EPTS g— MmN A (AT EiTalalel 1T N7 FREANMNTID hl
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Model 3 fitted using MCMC

attain; = poy + f1p7vrq; + Pp7read; + [zdadocc; + fidaded;

+fsmomed; + fgdadunemp; + f,male; + fgdeprive;
(3) (2)
TUschidp) T Uneighid(p) T €i

“1( S)NN(O' Tu(3)) u}z)““N(O» 052 e;~N(0, 0%)

. matrix b = (0,0,0,0,0,0,0,0,0,1,1,1)

runmlwin attain cons p7vrqg p7read dadocc daded ///
momed dadunemp male deprive, ///
level3 (schid: cons) ///
level?2 (neighid: cons) ///

levell (studentid: cons) mcmc (cc) initsb (b)
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. runmlwin attain cons p/vrq p/read dadocc daded momed dadunemp male deprive, level3(schid:
> cons) level?2(neighid: cons) levell(studentid: cons) mcmc(cc) initsb(b) nopause

2310

MLWiN 2.23 multilevel model Number of obs =

Normal response model
Estimation algorithm: MCMC

No. of Observations per Group
Level variable Groups Minimum Average Maximum
schid 17 22 135.9 286
neighid 524 1 1.4 16
Burnin = 500
Chain = 5000
Run time (seconds) = 11.4
Deviance (dbar) = 4744 .81
Deviance (thetabar) = 4704 .18
Effective no. of pars (pd) = 40.63
Bayesian DIC = 4785.44
attain Mean std. Dev. Z Ess [95% Cred. Interwval]
cons . 0908623 .028849 3.15 1642 .0341885 .1490847
p/vrq .0275759 .0022769 12.11 4555 .0232042 .0320144
p7 read .0262263 .0017901 14.65 4683 .0226469 .0297636
dadocc .0080741 .0013762 5.87 41678 . 0053839 .0107383
daded . 1427545 0411568 3.47 5455 .0616242 .2235425
momed . 060508 .0379714 1.59 4707 -.0130428 1339119
dadunemp -.1224706 .0468447 -2.61 4503 -.2136019 —.0290561
male —. 0556571 .0281836 -1.97 4665 -.1103975 —. 0002866
deprive -.1562529 . 0260999 -5.99 3698 -.2078412 -.1057263

=]
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gl Raudenbush (1993).pdf - Adobe Reader - 10| x|

File Edit WYew Document Tools ‘Window Help *®

= &) | @ $[rpE gscm & @® Jiow - o [ [Fnd .

TABLE 4
Modeling results for Scotland neighborhood data

Model 1: Model 2: Model 3:
(a) Fixed effects School vanance ignored School variance estimated Fitted model

Predictor Coefficient SE [ ratio Coefficient SE t ratio Coefficient SE { ratio

Grand mean 0.080 0.028 - 0.078 0.027 - 0.086 (.028 —
Primary 7 VRO 0.028 0.002 12.18
Primary 7 reading 0.026 0.002 14.98
Dad occupation 0.008 0.001 5.94
Dad education 0143 0.041 3.51
Mom education 0.059 0.037 1.59
Dad unemployment =0.121 0.047 =2.56
Sex 0.056 0.028 1.97
Neighborhood

social deprivation ~0.156 0.026 -6.03

(b) Variance components
Parameter Estimate Estimate Estimate

Neighborhoods

‘h"ﬂ]’{ﬂ-‘l'g[:]} = T UZIII 0.141 ﬂl]ﬂ'ﬁ
Schools

Var(w") = 8 0.075 0,004
Students

Var(e,) = o’ : 0.800 0.454

(c) Model fit
Deviance 3074.26 1487.00

9.02x5.82in 4|




=fif Stata/MP 11.2 - http:/ fwww.stata-press.com/data/mimus2/neighborhood.dta - [Results] M=l
File Edit Data Graphics Statistics User Window Help =

EH® E -k E-EEIE Q

. estimates table modellb model2b model3b, stats(deviance) keep("FP1:" "RP2:" "RP3:" "RP1:")
> b(9.3F) style(oneline)

Variable modellb model2b model3b
FPl
cons 0.083 0.096 0.035
p/vrq 0.028
p/read 0.026
dadocc 0.008
daded 0.143
momed 0.061
dadunemp -0.122
female 0.056
deprive -0.156
RP2
var({cons) 0.203 0.142 0.005
RP3
var{cons) 0.100 0.006
RP1
var(cons) 0.806 0.800 0._457
Statistics
deviance

| -
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&5 Do-file Editor - Bristol_e-Stat.do

File

de@% __1_21 ) +§+§+%ﬁ§j|—$|§|}—

Edit

Tools  Wiew

Bristol_e-Stat.do |

I [=] E3

52 -
=3 * Open the Raudenbush (1993) Scotish neighbourhood study data

54 use "http:// /www.stata-press.con/data/mlmus2 /neighborhood.dta"™, clear

S5

=15 * Replicate Table 1 of Raudenbush (1993). The table shows that the data are

=7 * cross-—classified. S5tudents are sald to be nested within the cross-

SB * glassification of schools by neighbourhoods. To account for both school

2L * and neighbourhood effects in our models of student attainment, we will

a0 * need to fit cross-classified multilewvel model using runmlwin.

6l table neighid schid if inrange (neighid,26,38) | inrange (neighid, 251,263} ///

a2 | inrange (neighid, 793, 300)

683

o4 * Replicate Table 3 of Raudenbush (15993). The table gives summary statistics.

85 egen pickone = tag(neighid)

&6

L tabstat deprive if pickone==1l, stat(mean =d) format(%4.3f) columns(stats) |
&8

(3= tabstat attain pTvrg pTread dadocc daded momed dadunemp male, ///

T0 ztat (mean =d) format (%$4.3f) columns(stats)

71

T2

T3 * Generate a unigue student identifer wvariable which will be the level 1

i * unit identifier wvariable in the runmlwin command

T= gen studentid = n

T&

T7 * Generate a variable cons to act as the constant or intercept variable in

T8 * the runmlwin models

T gen cons = 1

80

81 * Sort the data by students within neighbourhoods (otherwise runmlwin will

82 * complain when we try tTo fit the following model)

83 gort neighid studentid

84

85 * Fit a two-level (students within neighbourhoods) variances components

86 * model to attain. This model is refered to as model 1 in Takle 4 of

87 * Raudenbush (193%3). HNote, you will need to click the "Resume Macro™ button =
4 | _>I_I
Ready Line: 12, Col: 29 CAF MUM OVE i
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Viewer (#1) [help runmbwin]
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Ihelp runrlwie vI

help rurmlwin

Title

runmlwin - Run the MLwiN multilevel modelling software from within Stata

Symitax

runmlwin responses_and_fixed part, random_part [discrete(discrete_options)] [mocmc(mome_options)]
Lgeneral_options]

where the syntax of responses_and fixed part is one of the following

for univariate continuous, binary, proportion and count response models
depvar indepvars [iF] [7r]

for univariate ordered and unordered categorical response models
depvar indepvarsi [(indepvars?, comtrast(rmumlise)) ... 1 [iF] [inl
where 7ndepvarsi are those independent variables which appear with separate coefficients in each of
ever¥ log-odds contrast, while imdepvars? are those independent wariables which appear with common
coefficients for those Tog-odds contrasts specified in comtrast(rmumiist). Contrasts can be thought
of as the separate "subequations" or "arms" of a multinomial response model. These contrasts are

indexed 1,2,... up to the total number of contrasts included in the model. The total number of
contrasts will be one less than the number of response categories.

for multivariate response models

(depvarl fndepuar51 equation(rumilist))
uarz rndﬁﬂvarsz equation(rumiist))

pvarj indepvars3, equation(rumiisc))]
[rﬂ [m]
where egquation(rumiist) specifies equation numbers. Equation numbers are indexed 1,2,... up to the

total number of eguations (i.e. response variables) included in the model.

and the syntax of random_part is

[ ... 1 [Mevel2({Jevelvar: [variist] [, random_part_options])]
levell(Jevelvar: [varilist] [, random_part_options])




Viewer (#1) [help runmbwin]

e

» @ l,!._] @ Ihelp rurmliain EI

Advice | Contents | YWhat's NEWI ez I
=
Examples

IMPORTANT. The Fu11uwiﬂﬁ examples will only work on your computer once you have installed MLwiN and once
ou have told rurmlwin what the mlwin.exe file address is. See Remarks on instaliation instructions above
or more information.

(a) contirnuous response models

Two-Tlevel models

Setup
- use http://www.bristol. ac. uk/cmm/media/rummlwin/tutorial, clear

Two-level random-intercept model, analogous to xtreg (fitted using IGLS)

(S5ee page 28 of the MLwiIN User Manuall

{(vYou will need to click the "Resume macro” button twice in MLwiN to it the model. )
. rurmlwin normexam cons standlrt, level2(school: cons) levell(student: cons)

Two-level random-intercept and random-slope (coefficient) model (fitted using IGLS)
(See page 59 of the MLwiN User Manuall

. rumnmlwin normexam cons standlirt, level? (school: cons standirt) levell (student: cons)

rRefit the model suppressing the two pauses in MLwiN (fitted using IGLS)
(See page 59 of the MLwiIN User Marnuall
. rurmlwin normexam cons standlrt, lewvel2 (school: cons standlirt) lewvell (student: cons) nopause

rRefit the model, where this time we additionally calculate the level 2 residuals (fitted using IGLS)
(S5ee page 59 of the MLwiN User Manuall

. runmlwin normexam cons standlirt, level? (school: cons standlrt, residuals(u)) levell (student: cons)

Two-level random-intercept and random-slope (coefficient) model with a complex level 1 wvariance function
(fitted using IGLS)

(See page 99 of the MLwiN User Manuall
. matrix A= (1,1,0,0,0,1)
. runmlwin normexam cons standlrt girl, level2(school: cons standirt) levell(student: cons standlrt
girl, elements(A))

Two-level random-intercept and raﬂdum—51uﬁe (coefficient) model using MCMC (where we first fit the model
using IGLS to obtain initial values for the MCMC chains)
(See page 71 of the MLwIN MCMC Marnuall
. rurmlwin normexam cons standlrt, level? (school: cons standirt) levell (student: cons)
. runmlwin normexam cons standlirt, level? (school: cons standirt) levell (student: cons) mcmc({on)
initsprevious

Multivariate response models




) Bristol University | Centre for Multilevel Modelling | runmiwin: Running MLwiN from within Skata - Mozilla Firefox - |EI|£|
File Edit Yiew History Bookmarks Tile Tools  Help

|%Bristnl University | Centre For Mulkilewel Mad... I + l ht
€& > [F|- [% hittp: e, briskal, ac. ukjfornm;software runmlwing T C']F [W" Wikkionary (en) J'] || - -
skip to contert university home | study | research | global | contacting people | a-z index | news | help |$earch search | =

%’ University of

BRI BRIsTOL | Centre for Multilevel Modelling

Centre for Multilevel Modelling home  Contacts  Hews  MLwiH  Onling course

SOFTWARE University bhome = Centre for Multilevel Modeling... = Software = runmbain

L runmlwin: Running MLwiN from within Stata

st runmlwin is a Stata command which allows Stata users to run the powerful MUwik multilievel modeling software from

ML P Sim within Stata.

runmiwin The multilevel maodels fitted by runmlwin are often considerably faster than those fitted by the Stata's xtmixed, -
Presentations xtmelogit and xtmepoisson commands. The range of models which can be fitted by runmlwin is also much wider
Examples than those commands. runmlwin also allows fast estimation on large data sets for marny of the more complex
Citations rultilevel models available through the user written gllamm command.
User Forum MLwil has the following features:

Chitd softveare support

1. Estiration of multilevel models for continuous, binary, count, ordered categorical and unordered categorical data
2. Fast estimation via classical and Bayesian methods

3. Estimation of multilevel models for cross-classified and multiple membership nonhierarchical data structures

4

. Estimation of multilevel multivariate response models, multilevel spatial models, multilevel measurement error
models and multilevel multiple imputation models

These details with a screen shot are available on our runmlwin [eaflet (pdf, 0.1mh)
Presentations

We have provided a range of presentations showcasing runmlwin. These presentations provide a quick overview of
hiow the command works and the range of models which can be fitted. hMore = =

Download




) Bristol University | Centre for Multilevel Modelling | Presentations using runmiwin - Mozilla Firefox - |EI|£|
File Edit Yiew History Bookmarks Tile Tools  Help

|%Bristnl University | Centre For Mulkilewel Mad... | + | ht
(' ') [] - [% hikkp s f e, bBristal, ac, ukfomm)software frunmlwing presentations | NidR E]F [W' Wikkionary (en) ;] A o |-
skip to contert university home | study | research | global | contacting people | a-z index | news | help |$earch search | =

H%’ University of

BRISTOL | Centre for Multilevel Modelling

Centre for Multilevel Modelling home  Contacts  Hews  MLwiH  Onling course

SOFTWARE University bhome = Centre for Multilevel Modeling... = Software = runmbwin = Presentations
_ Presentations using runmiwin
Ll r E T L L T T T T L LT TR
HEeleam o UK Stata Users' Group, 17th Meeting (16th September 2011)
MLPoweSim o slides (POF, 2.0mb)
runmlsain o Stata do-file (do, 0.1mi) to replicate all analyses presented in the slides.

+ Presentations

o

University of Bristal, Mplus/MiwiN User Group (MUGS) meeting (14th June 2011)

Examples
cha o Slides (PDOF, 2.3mhb)
e o Stata do-file (do, 0.1mib) to replicate all analyses presented in the slides.
l=er Forum
ChM software support o Modern Modeling Methods (M3) Conference, University of Connecticut (26th May 2011)

o Slides (PDF, 3.2rmb)
o Stata do-file (do, 0.1mb) to replicate all analyses presented in the slides.

o 2011 American Sociological Association Spring Methodology Conference, Tilburg University (20th May 20117
o alides (POF, 2.0mkb) | |
o Stata do-file (do, 0.1mi) to replicate all analyses presented in the slides.

o

University of Bristol, e-Stat meeting (7th April 2011)
o Slides (PDF, 1.7mhb)
o Stata do-file (do, 0.1mb) to replicate all analyses presented in the slides.

gth International Amsterdam Multilevel Conference (17th March 2011)
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|%Bristnl University | Centre For Mulkilewel Mad... | + | ht
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%’ University of

BRISTOL | Centre for Multilevel Modelling

Centre for Multilevel Modelling home  Contacts  Hews  MLwiH  Onling course

SOFTWARE University bome = Centre for Multilevel Modeling... = Software = runmbwin = Examples

_ Examples using runmlwin
T b T T L L T L L T TR
Realcam MLwiN User Manual
MLP o Sim

> These do-files and 1og files replicate the analyses reported in the MMLwik User Manual (POF, 4.6 mb) Hasbash, J.,
runmlsain —

oteele, F., Browne, W.J. and Goldstein, H. (2009) Centre for Multilevel Modelling, University of Bristal.

Prezertations
Mote that we have not created do-files for Chapters 1, 8 or 13 of the manual as no models are fitted in those chapters.
WWe hawve also notyet atternpted to replicate the analysis in Chapter 17.

%+ Examples

Citations
U=er Forum o 1 - Introducing Multilevel Models
ChM software support o 2 - Introduction to Multilevel Modelling (do | [og)

o

3 - Residuals (do | [og)

4 - Random Intercept and Random Slope kModels (do | [oo)

8 - Graphical Procedures for Exploring the Model (do | [og)

6 - Contextual Effects (do | [og)

7 - Modelling the “ariance as a Function of Explanatory variables (do | o)

8 - Getting Started with your Data

9 - Logistic Models for Binary and Binomial Responses (do | [og)

10 - Multinomial Logistic Models for Unordered Categorical Responses (do | [og)
11 - Fitting an Ordered Category Response hModel (do | [og)

12 - Modelling Count Data (do | [od)

13 - Fitting Models to Repeated Measures Data (do | log) |
14 - Multivariate Response hModels (do | log)

[u]

[m]

o

o

[m]

[n]

o

o

o

o




¥%) Bristol University | Centre for Multilevel Modelling | Citations of runmlwin - Mozilla Firefox - |EI|£|
File Edit Yiew History Bookmarks Tile Tools  Help

|%Bristnl University | Centre For Mulkilewel Mad... | + | ht

oD |[=|- [% hkkpe: f femne, bristal, ac, ukfcmmysoftware/runmlwing citations/ ST C'l_ ["l."(-"‘cr Wikkionary (en) ;] A || - -

= Rasbash, J., Charlton, C., Browne, ¥.J., Healy, M. and Cameran, B. 2009. MLwiN ‘ersion 2.1. Centre for Multilevel |
S SRR el Madelling, University of Bristal.

For models fitted using MCMC estimation, we ask that vou additionally cite:
o Browne, WW.J, 2008, MCMC Estimation in MLwiN, w2.13. Centre for Multilevel Modelling, University of Bristol.
Papers using runmlwin

Flease let George Leckie (oleckie@@bristol ac.uk) know of amy further publications using runmiwin including
forthcorming papers, books, PhD theses, etc.

o Cheung, ©., Goodman, D, Leckie, G. and Jenkins, J. (2011) Understanding Contextual Effects on Externalizing
Behaviors in Children in Out-of-home Care: Influence of Warkers and Foster Families. Ghildren and Yolth
Services Review, 33, 2050-2080.

o Chung, H. and Beretvas, 5.M. (2011) The [mpact of ignoring multiple membership data structures in mulfilevel
models, Brtish Jowrnal of Mathematical and Statistical Paychology. Forthooming.,

o Leckie, G. and Baird, J-A. (2011) Eater effects on essay scoring: A multilevel analysis of severity dft, central
tendency and rater experience. Jowrnal of Edueational Measurement. Forfhcoming.

o Leckie, G., Fillinger, R., Jones, K. and Goldstein, H. (20117 Multilevel rodelling of social sedredation. Jowenal of
Educationsl and Behavioral Statistics. Forthoorming.

o Paternoster, L., Howe, L. D, Tilling, K., Weedon, . M., Freathy, B M., Frayling, T. M., Kemp, J. P., Davey Smith,
., Timpson, M. J. Ring, 5. M., Evans, 0. M. and Lawlor, D. A, (20113 Adult heioht wariants affect birth lenoth and
growth rate in children. Human Molecuiar Genetics. Forthcoming

Books discussing runmlwin

o Snijders, T. and Bosker, E. (2011 Mulfilewel Analysis: An Introduction to Basic and Advanced dultilevel Modeling,

second Edition. Sage. Forfhooming. |
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runmlwin user forum

Forum rules

NEWTOPIC %

. search this forum...

ANNOUHCERMENTS

Do-files to replicate entire MLwiN User & MCMC Manuals
by GeorgelLeckie = Mon Apr 18, 2011 5:30 pm

REPLIES

VIEWIS

20 topics *+ Page 1 of 1

LAST FOST

by Georgeleckie [&
Mon Apr 15, 2011 5:30 pm

TOPICS

Welcome to the runmibwin discussion forum
by GeorgelLeckie = Fri &pr 01, 2011 406 pm

MVs & error message line too long'
by julialé3s = Mon Aug 15, 2011 3:17 pm

REPLIES

VIEWIS

by Georgeleckie [&
Fri &pr 01, 2011 4:06 pm

L&ST POST

by juliale3d [
Zun Aug 28, 2011 12:05 am

runmiwin in Batch mode - gui causing error?
by ash » Sat dug 27, 2011 6:43 am

by ash [k
Zat Aug 27, 2011 07 prn

Bug in residuals{u, savechains{"u.dta", replace")) ?
by ash » Mon Aug 01, 2011 7:06 pm

by Georgeleckie [&
wied fug 03, 2011 6:25 prm

Predictions via the runmbwin interface: a clarification
by ewancarr = Tue Jul 26, 2011 6:49 pm

by Georgeleckie [&
wied Jul 27, 2011 7:04 pm

highly correlated multivariate depenents -= numerical error
by ash = SatJul 23, 2011 10:48 am

by Georgeleckie [&
Mon Jul 25, 2011 3:49 pm

Input dataset contains double precision data...
by ewancarr = Wed Jul 13, 2011 355 pm

by ewancarr [
wied Jul 13, 2011 2:16 pm

Modelling Count Dlata (example do-file) - mismatch error
by leap = Tue Jul 12, 2011 10:18 am

by ChrisCharlton [
wied Jul 13, 2011 3:32 pm

Error code: r{-1073740777);
by pd6S = Mon Jul 04, 2011 11:01 am

by Georgeleckie [&
Thu Jul 07, 2011 3:15 pm

MCMC estimation

Fou a-mmmm v Ewi Aee 02 3044 000300 —em

by ChrisCharlton [&
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Citing runmlwin

If you use runmlwin in your work, please cite runmlwin

Leckie, G. and Charlton, C. (2011) runmlwin: Stata module for fitting multilevel
models in the MLwiN software package. Centre for Multilevel Modelling,
University of Bristol.

We can then add you to the list of papers using runmlwin on our website

http://www.bristol.ac.uk/cmm/software /runmlwin/citations



