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ObjectivesObjectives

Understand basic concepts of HLM Understand basic concepts of HLM 
approachapproach



Why hierarchical/multilevel?Why hierarchical/multilevel?

1. Research question:1. Research question:

What effects do the following variables What effects do the following variables 
have on healthy diet?have on healthy diet?

�� Number of groceries in the neighborhoodNumber of groceries in the neighborhood
�� Family incomeFamily income
�� Education levelEducation level



Why hierarchical/multilevel?Why hierarchical/multilevel?

2. Data Structure: Nesting/Unit of 2. Data Structure: Nesting/Unit of 
AnalysisAnalysis

�� Individuals nested within groups/ Individuals nested within groups/ 
organizationsorganizations

Neighborhood X

Family1 Family n



Why hierarchical/multilevel?Why hierarchical/multilevel?

2. Data Structure: Nesting/Unit of 2. Data Structure: Nesting/Unit of 
AnalysisAnalysis

�� Repeated/Longitudinal ObservationsRepeated/Longitudinal Observations



Why hierarchical/multilevel?Why hierarchical/multilevel?

Data within a cluster tend to be more alike Data within a cluster tend to be more alike 
than data across clusters.than data across clusters.



Single level approach:Single level approach:
�� Treat all measures at one levelTreat all measures at one level

Individual level approach ignoring group levelIndividual level approach ignoring group level
–– Violation of independence assumption Violation of independence assumption 

–– Underestimate standard errorUnderestimate standard error

Group level approach ignoring individual levelGroup level approach ignoring individual level
–– Aggregation biasAggregation bias

–– Ecological fallacyEcological fallacy

Why hierarchical/multilevel?Why hierarchical/multilevel?



Multilevel hierarchical linear model Multilevel hierarchical linear model 
approach:approach:
�� Models variance at multiple levelsModels variance at multiple levels

�� Addresses independence issuesAddresses independence issues

�� Accounts for factors operate at different Accounts for factors operate at different 
levelslevels

Why hierarchical/multilevel?Why hierarchical/multilevel?



IntraclassIntraclass Correlation Coefficient (ICC): a Correlation Coefficient (ICC): a 
measure of the clustering and dependence measure of the clustering and dependence 
of the dataof the data

HLM ConceptsHLM Concepts

�� bb

�� 22
ww + + �� bb

ICC(� ) =



Fixed vs. Random Effects in HLMFixed vs. Random Effects in HLM

–– Fixed effect: Effects do not vary across Fixed effect: Effects do not vary across 
(upper) units(upper) units

–– Random effects: Effects vary across units Random effects: Effects vary across units 

HLM ConceptsHLM Concepts



Fixed vs. Random Effects in HLMFixed vs. Random Effects in HLM
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Fixed vs. Random Effects in HLMFixed vs. Random Effects in HLM
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Fixed vs. Random Effects in HLMFixed vs. Random Effects in HLM
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HLM Basic ModelsHLM Basic Models

Unconditional Model: no LevelUnconditional Model: no Level--1 or 1 or 
LevelLevel--2 predictors (Same as One2 predictors (Same as One--way way 
ANOVA) ANOVA) 

Level 1: Level 1: VGVGijij = ß= ß0j0j +  +  rrijij

Level 2: ßLevel 2: ß0j 0j =  =  gg0000 +  U+  U0j0j

where:where:

ßß0j0j = mean VG for family j= mean VG for family j

gg 00 00 = grand mean VG= grand mean VG

VarVar ( ( rrijij ) = ) = ss 22 = within group variance in = within group variance in 
VGVG



HLM Basic ModelsHLM Basic Models

Random intercept model with level 1 Random intercept model with level 1 
predictor:predictor:

Level 1: Level 1: VGVGijij = ß= ß0j0j +  ß+  ß1j1j ((EducEduc) +  ) +  rrijij

Level 2: ßLevel 2: ß0j 0j =  =  gg0000 +  U+  U0j0j

ßß1j 1j =  =  gg1010



HLM Basic ModelsHLM Basic Models
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HLM Basic ModelsHLM Basic Models

Random intercept and random slope Random intercept and random slope 
model with level 1 predictor:model with level 1 predictor:

Level 1: Level 1: VGVGijij = ß= ß0j0j +  ß+  ß1j1j ((EducEduc) +  ) +  rrijij

Level 2: ßLevel 2: ß0j 0j =  =  gg0000 +  U+  U0j0j

ßß1j 1j =  =  gg1010 +  U+  U1j1j
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HLM Basic ModelsHLM Basic Models

Intercept as an outcome modelIntercept as an outcome model::

Level 1: Level 1: VGVGijij = ß= ß0j0j +  ß+  ß1j1j (Educ.) +  (Educ.) +  rrijij

Level 2: ßLevel 2: ß0j 0j =  =  gg0000 + + gg0101(Family Inc.) + U(Family Inc.) + U0j0j

ßß1jj 1jj =  =  gg1010 +  U+  U1j1j



HLM Basic ModelsHLM Basic Models

Slope as an outcome (crossSlope as an outcome (cross--level level 
interaction) model :interaction) model :

Level 1: Level 1: VGVGijij = ß= ß0j0j +  ß+  ß1j1j (Educ.) +  (Educ.) +  rrijij

Level 2: Level 2: ßß0j 0j =  =  gg0000 + + gg0101(Family Inc.)  + U(Family Inc.)  + U0j0j

ßß1j 1j =  =  gg1010 + + gg1111(Family Inc. ) + U(Family Inc. ) + U1j1j



Software for Hierarchical ModelsSoftware for Hierarchical Models

HLMHLM
SAS: proc mixedSAS: proc mixed
StataStata: : xtxt seriesseries
SPSS: LMMSPSS: LMM
MLwinMLwin
MixregMixreg, , mixormixor, , mixnomixno, , mixpregmixpreg
((http://http://tigger.uic.edu/~hedeker/mix.htmltigger.uic.edu/~hedeker/mix.html))
MM--plusplus
LISRELLISREL
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UK: Oxford University Press.
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