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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 gllamm command 

 

– Wide range of models can be specified 

 

– Computationally slow to fit models 

 

 

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



Multilevel modelling in MLwiN 

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

 

 

2. Fast estimation via classical and Bayesian methods  

 

 

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

 

 

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



TWO-LEVEL MULTILEVEL 
MODELS 



Two-level variance 
components model 

• Inner-London schools exam scores data set 

• Classic MLwiN User Manual example 

• First analysed by Goldstein et al. (1993) 

• Reanalysed by Goldstein (2010), Rabe-Hesketh and Skrondal (2008), 

Rasbash et al. (2009) and others 

• 4059 students nested within 65 schools  

 

𝑛𝑜𝑟𝑚𝑒𝑥𝑎𝑚𝑖𝑗 = 𝛽0 + 𝑢𝑗 + 𝑒𝑖𝑗 

𝑢𝑗~N 0, 𝜎𝑢
2  

𝑒𝑖𝑗~N 0, 𝜎𝑒
2  

 

 



 



 



 



The runmlwin command syntax 

𝑛𝑜𝑟𝑚𝑒𝑥𝑎𝑚𝑖𝑗 = 𝛽0 + 𝑢𝑗 + 𝑒𝑖𝑗 

𝑢𝑗~N 0, 𝜎𝑢
2  

𝑒𝑖𝑗~N 0, 𝜎𝑒
2  

 

. runmlwin normexam cons, /// 

 level2(school: cons) /// 

 level1(student: cons) 















Add covariates 

𝑛𝑜𝑟𝑚𝑒𝑥𝑎𝑚𝑖𝑗 = 𝛽0 + 𝛽1𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 + 𝛽2𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑢𝑗 + 𝑒𝑖𝑗 

𝑢𝑗~N 0, 𝜎𝑢
2  

𝑒𝑖𝑗~N 0, 𝜎𝑒
2  

 

. runmlwin normexam cons standlrt girl, /// 

 level2(school: cons) /// 

 level1(student: cons) 



Include a random slope 

𝑛𝑜𝑟𝑚𝑒𝑥𝑎𝑚𝑖𝑗 = 𝛽0 + 𝛽1𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 + 𝛽2𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑢0𝑗 + 𝑢1𝑗𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 + 𝑒𝑖𝑗 

𝑢0𝑗

𝑢1𝑗
~N

0
0

,
𝜎𝑢0

2

𝜎𝑢01 𝜎𝑢1
2  

𝑒𝑖𝑗~N 0, 𝜎𝑒
2  

 

. runmlwin normexam cons standlrt girl, /// 

 level2(school: cons standlrt) /// 

 level1(student: cons) 



Allow for level 1 
heteroskedasticity 

𝑛𝑜𝑟𝑚𝑒𝑥𝑎𝑚𝑖𝑗 = 𝛽0 + 𝛽1𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 + 𝛽2𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑢0𝑗 + 𝑢1𝑗𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 

+𝑒2𝑖𝑗𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑒3𝑖𝑗𝑏𝑜𝑦𝑖𝑗 

𝑢0𝑗

𝑢1𝑗
~N

0
0

,
𝜎𝑢0

2

𝜎𝑢01 𝜎𝑢1
2  

𝑒2𝑖𝑗

𝑒3𝑖𝑗
~N

0
0

,
𝜎𝑒2

2

0 𝜎𝑒3
2  

 

. runmlwin normexam cons standlrt girl, /// 

 level2(school: cons standlrt) /// 

 level1(student: girl boy, diagonal) 



Retrieve the level 2 residuals 

𝑛𝑜𝑟𝑚𝑒𝑥𝑎𝑚𝑖𝑗 = 𝛽0 + 𝛽1𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 + 𝛽2𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑢0𝑗 + 𝑢1𝑗𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 

+𝑒2𝑖𝑗𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑒3𝑖𝑗𝑏𝑜𝑦𝑖𝑗 

𝑢0𝑗

𝑢1𝑗
~N

0
0

,
𝜎𝑢0

2

𝜎𝑢01 𝜎𝑢1
2  

𝑒2𝑖𝑗

𝑒3𝑖𝑗
~N

0
0

,
𝜎𝑒2

2

0 𝜎𝑒3
2  

 

. runmlwin normexam cons standlrt girl, /// 

 level2(school: cons standlrt, residuals(u)) /// 

 level1(student: girl boy, diagonal) 



Do not pause in MLwiN 

𝑛𝑜𝑟𝑚𝑒𝑥𝑎𝑚𝑖𝑗 = 𝛽0 + 𝛽1𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 + 𝛽2𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑢0𝑗 + 𝑢1𝑗𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 

+𝑒2𝑖𝑗𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑒3𝑖𝑗𝑏𝑜𝑦𝑖𝑗 

𝑢0𝑗

𝑢1𝑗
~N

0
0

,
𝜎𝑢0

2

𝜎𝑢01 𝜎𝑢1
2  

𝑒2𝑖𝑗

𝑒3𝑖𝑗
~N

0
0

,
𝜎𝑒2

2

0 𝜎𝑒3
2  

 

. runmlwin normexam cons standlrt girl, /// 

 level2(school: cons standlrt, residuals(u)) /// 

 level1(student: girl boy, diagonal) nopause 







. egen u0rank = rank(u0) 

 

. serrbar u0 u0se u0rank, scale(1.96) yline(0) 

 



runmlwin vs. xtmixed 

• 100 simulated data sets 
 

• 500,000 students in 20,000 classrooms in 2,500 schools in 100 districts 
 

𝑦𝑖𝑗𝑘𝑙 = 𝛽0 + 𝛽1𝑥𝑖𝑗𝑘𝑙 + 𝛽2𝑥𝑗𝑘𝑙 + 𝛽3𝑥𝑘𝑙 + 𝛽4𝑥𝑙 + 𝑓𝑙 + 𝑣𝑘𝑙 + 𝑢𝑗𝑘𝑙 + 𝑒𝑖𝑗𝑘𝑙 

𝑓𝑙~N 0, 𝜎𝑓
2 , 𝑣𝑘𝑙~N 0, 𝜎𝑣

2 , 𝑢𝑗𝑘𝑙~N 0, 𝜎𝑢
2 ,  𝑒𝑖𝑗𝑘𝑙~N 0, 𝜎𝑒

2  

 

 
Level Seconds 𝜷𝟎 𝜷𝟏 𝜷𝟐 𝜷𝟑 𝜷𝟒 

 
𝝈𝒇

𝟐 𝝈𝒗
𝟐 𝝈𝒖

𝟐  𝝈𝒆
𝟐 

True values 0 1 1 1 1 1 1 1 1 

xtmixed 132 0.99 1.00 1.00 0.99 0.98 0.99 1.00 1.00 1.00 

xtmixed, emonly 35 0.99 1.00 1.00 0.99 0.98 0.99 1.00 1.00 1.00 

runmlwin  7 0.99 1.00 1.00 0.99 0.98 0.99 1.00 1.00 1.00 



MULTILEVEL MODELS FOR 
BINARY RESPONSES 



Guatemalan immunization 
campaign 

• Child immunization data 

 

• First analysed by Pebley, Goldman and Rodriguez (1996) 

 

• Motivated a simulation study by Rodriguez and Goldman (1995) to analyse 
alternative estimation methods for binary response multilevel models 

 

• 100 simulated data sets 

 

• 2159 children within 1595 mothers within 161 communities 

 

• Three-level random intercepts binary response multilevel model 

 

• Simulation study data reanalysed by Browne and Draper (2006), Goldstein and 
Rasbash (1996), Rabe-Hesketh and Skrondal (2008), Rodriguez and Goldman 
(2001, 2008) and others 



Three-level binary response model 

𝑦𝑖𝑗𝑘~Binomial 1, 𝜋𝑖𝑗𝑘  

logit 𝜋𝑖𝑗𝑘 = 𝛽0 + 𝛽1𝑥1𝑖𝑗𝑘 + 𝛽2𝑥2𝑗𝑘 + 𝛽3𝑥3𝑘 + 𝑣𝑘 + 𝑢𝑗𝑘 

𝑣𝑘~N 0, 𝜎𝑣
2 , 𝑢𝑗𝑘~N 0, 𝜎𝑢

2  

 

. runmlwin y cons x1 x2 x3, /// 

 level3(community: cons) /// 

 level2(mother: cons) /// 

 level1(child:) /// 

 discrete(d(binomial) l(logit) denom(cons) pql2) /// 

 nopause 



Three-level binary response model 

𝑦𝑖𝑗𝑘~Binomial 1, 𝜋𝑖𝑗𝑘  

logit 𝜋𝑖𝑗𝑘 = 𝛽0 + 𝛽1𝑥1𝑖𝑗𝑘 + 𝛽2𝑥2𝑗𝑘 + 𝛽3𝑥3𝑘 + 𝑣𝑘 + 𝑢𝑗𝑘 

𝑣𝑘~N 0, 𝜎𝑣
2 , 𝑢𝑗𝑘~N 0, 𝜎𝑢

2  

 

. runmlwin y cons x1 x2 x3, /// 

 level3(community: cons) /// 

 level2(mother: cons) /// 

 level1(child:) /// 

 discrete(d(binomial) l(logit) denom(cons)) /// 

 mcmc(on) initsprevious nopause 



runmlwin vs. xtmelogit 

 

 

Estimation method Seconds 𝜷𝟎 𝜷𝟏 𝜷𝟐 𝜷𝟑 𝝈𝒗
𝟐 𝝈𝒖

𝟐  

True values 0.67 1 1 1 1 1 

xtmelogit, intpoints(1) 53 0.62 0.90 0.91 0.95 0.78 0.35 

xtmelogit, intpoints(2) 54 0.64 0.93 0.93 0.98 0.83 0.55 

xtmelogit, intpoints(3) 56 0.67 0.97 0.98 1.02 0.92 0.87 

xtmelogit, intpoints(4) 67 0.68 0.98 0.99 1.04 0.95 0.98 

xtmelogit, intpoints(7) 125 0.68 0.98 0.99 1.04 0.96 0.98 

runmlwin, pql2 13 0.65 0.94 0.95 1.00 0.90 0.58 

runmlwin, b(200) c(1000) 19 0.67 0.98 0.98 1.03 0.99 0.93 

runmlwin, b(500) c(5000) 34 0.67 0.98 0.99 1.03 1.00 0.95 

• PQL2 performs better than Laplace, but both are severely biased 

• MCMC performs as well as adaptive quadrature, but is considerably quicker 

• These differences will be much greater in data sets with random slopes 

• Similar results will apply for runmlwin vs. xtmepoisson 



MCMC ESTIMATION 



The runmlwin command syntax 

𝑏𝑖𝑛𝑒𝑥𝑎𝑚𝑖𝑗~Binomial 1, 𝜋𝑖𝑗  

𝑙𝑜𝑔𝑖𝑡 𝜋𝑖𝑗 = 𝛽0 + 𝛽1𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 + 𝛽2𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑢0𝑗 + 𝑢1𝑗𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 

𝑢0𝑗

𝑢1𝑗
~N

0
0

,
𝜎𝑢0

2

𝜎𝑢01 𝜎𝑢1
2  

. matrix a = (1,1,1,1,1,1,1) 

. runmlwin binexam cons standlrt girl, /// 

 level2(school: cons standlrt) /// 

 level1(student:) /// 

 discrete(d(binomial) l(logit) de(cons)) /// 

 mcmc(burnin(500) chain(5000)) initsb(a) nopause 





. mcmcsum, trajectories 

 



. mcmcsum, densities 

 



. mcmcsum [RP2]var(standlrt), fiveplot 

 





EXPORT MODELS TO WINBUGS 



The runmlwin command syntax 

𝑏𝑖𝑛𝑒𝑥𝑎𝑚𝑖𝑗~Binomial 1, 𝜋𝑖𝑗  

𝑙𝑜𝑔𝑖𝑡 𝜋𝑖𝑗 = 𝛽0 + 𝛽1𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 + 𝛽2𝑔𝑖𝑟𝑙𝑖𝑗 + 𝑢0𝑗 + 𝑢1𝑗𝑠𝑡𝑎𝑛𝑑𝑙𝑟𝑡𝑖𝑗 

𝑢0𝑗

𝑢1𝑗
~N

0
0

,
𝜎𝑢0

2

𝜎𝑢01 𝜎𝑢1
2  

 

. runmlwin binexam cons standlrt girl, /// 

 level2(school: cons standlrt) /// 

 level1(student:) /// 

 discrete(d(binomial) l(logit) de(cons)) /// 

 mcmc(b(500) c(5000)  savewinbugs(model(m.txt) ///

 inits(i.txt) data(d.txt) nofit)) initsprevious 





RESOURCES TO HELP YOU LEARN 
RUNMLWIN 

















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 


