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What are Multilevel Data?

e Data that are hierarchically structured, nested, clustered

e Data collected from units organized or observed within units
at a higher level (from which data are also obtained)

data collected on who are clustered within
students classrooms
siblings families
repeated observations individuals

==> these are examples of two-level data

level 1 - (students) - measurement of primary outcome and
important mediating variables

level 2 - (classrooms) - provides context or organization of
level-1 units which may influence outcome; other mediating
variables



What is Multilevel Data Analysis?

“any set of analytical procedures that involve data gathered from
individuals and from the social structure in which they are
embedded and are analyzed in a manner that models the
multilevel structure”

L. Burstein, Units of Analysis, 1985, Int Ency of Educ

e analysis that models the multilevel structure

e recognizes influence of structure on individual outcome

structure  may nfluence response from
classroom students

family siblings
individual repeated observations



Why do Multilevel Data Analysis?

e assess amount of variability due to each level (e.g., family
variance and individual variance)

e model level 1 outcome in terms of effects at both levels

individual var. = fn(individual var. + family var.)

e assess interaction between level effects (e.g., individual
outcome influenced by family SES for males, not females)

e Responses are not independent - individuals within clusters
share influencing factors

= Multilevel analysis - another example of Golden Rule of
Statistics: “one person’s error term is another person’s (or many
persons’) career”
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Multilevel models aka
e random-effects models
e random-coeflicient models
e mixed-effects models

e hierarchical linear models

Useful for analyzing
e Clustered data

—subjects (level-1) within clusters (level-2)

x e.g., clinics, hospitals, families, worksites, schools,
classrooms, city wards

e Longitudinal data
— repeated obs. (level-1) within subjects (level-2)
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General (2-level) Model for Clustered Data

Consider the model with p covariates for the n; X 1 response
vector y for cluster ¢ (1 =1,2,..., N):

Y = X0+ v te

Yy, = n; X 1 vector of responses for cluster ¢

X,; = n; X (p+ 1) covariate matrix
B = (p+ 1) x 1 vector of regression coefficients
v; = cluster effects ~ N'ID(0, 0?)

e; = n; X 1 vector of residuals ~ NZD(0, 02In2.)



e as cluster subscript ¢ is present for y and X, cluster sample
slze can vary

e the covariate matrix X can include

— covariates measured at subject-level
— covariates measured at cluster-level

— cross-level interactions
e the total number of covariates = p

e the number of columns in X is p + 1 to include intercept
(first column of X consists only of ones)



v; - random parameter distributed N'ZD(0, ¢2)

e distinguishes model from ususal (fixed-effects) multiple
regression model

e represent effect of subject clustering (one for every cluster)

e if subject clustering has little effect

— estimates of v; ~ 0

— 012} will approach 0

e if subject clustering has strong effect

— estimates of v; # 0

— o2 will increase from 0
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y; ~ NID(X,;B, (712}1@1% + (72171@-)
e usual mean from multiple regression model

e var-covar structure accounts for clustering

— within a cluster, variance = o2 + o2 and covariance = o7

— “compound symmetry” structure

—ratio of the cluster variance o2 to the total variance
o? + o2 is the intraclass correlation
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Intra-“class” correlation = 05/(02+ o°)

e “class” is bad term, since in education “class” has meaning

e (Goldstein suggests “intra-unit” correlation, replacing “unit”
with appropriate term (clinic, school, family, firm etc., )

e takes on values between 0 (when ¢ = 0) and 1 (when ¢ = 0)
e degree of similarity of measurements within a cluster
e ratio of variability attributable to cluster over total variability

e proportion of total (unexplained) variability of y;; which is
accounted for the clusters

e tends larger for smaller clusters (Kish, 1965; Donner, 1982)

—0.05 to 0.12 for spouse pairs, 0.0016 to 0.0126 for physician
practices, 0.0005 to 0.0085 for counties

e can change depending on the dependent variable
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Anorexic Women Study (Casper) - 63 sisters in 26 families
Maximum Likelihood (ML) estimates

Height Psych Factor BMI

intercept 64.166
family variance 2.743
residual variance 2.895

intra-family correlation 0.487

descriptive statistics
mean 04.16
variance 5.00

0.068

0.031

0.095

0.362

0.57
0.084

0.352

0.000

0.005

0.000

0.35
0.005
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Randome-effects Regression Models for Clustered
Data: With an Example from Smoking Prevention
Research

Hedeker, Gibbons, and Flay

Journal of Consulting and Clinical Psychology, 1994,
62:757-765
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The Television School and Family Smoking Prevention and
Cessation Project (Flay, et al., 1988); a subsample of this project
was chosen with the characteristics:

e sample - 1600 Tth-graders - 135 classrooms - 28 LA schools

— between 1 to 13 classrooms per school
— between 2 to 28 students per classroom

e outcome - knowledge of the effects of tobacco use
e 11ming - students tested at pre and post-intervention
e design - schools randomized to

— a social-resistance classroom curriculum (CC)

— a media (television) intervention (TV)
— CC combined with TV

— a no-treatment control group
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Tobacco and Health Knowledge Scale
Subgroup Descriptive Statistics at Pretest and Post-Intervention

(1

Pretest mean

sd

Post-Int mean

sd

Difference

CC =no CC = yes
TV =no TV =yes TV =no TV = yes
421 416 380 383
2.152 2.087 2.050 1.979
1.182 1.288 1.285 1.286
2.361 2.539 2.968 2.823
1.296 1.437 1.405 1.312
0.209 0.452 0.918 0.844
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Within-Cluster / Between-Cluster representation

Within-clusters model - level 1 (j =1,...,n;)

PostTHKSZ-]- = by; + [buP?“eTHKSij] + &y

Between-clusters model - level 2 (1 =1,...,N)

boi = Bo + [BCC;] + vy;
b1, = B
gij ~ NI D(0,0°) level-1 residuals

vo;i ~ NID(0,02) level-2 residuals
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TVSEP Study (Flay et al., 1988): Tobacco and Health Knowledge Posttest Scores
1600 students in 135 classrooms in 28 schools: ML estimates (and standard errors)

students in classrooms students in schools
Intercept 2.618 2.007 1.757 | 2.682 2.047  1.800
(0.052) (0.072) (0.080) | (0.078) (0.089) (0.092)

Pretest score 0.302  0.310 0.303  0.310
(0.026) (0.026) (0.026) (0.026)

Classroom 0.497 0.470

curriculum (0.086) (0.106)

Cluster var | 0.194 0157  0.096 | 0.130  0.101  0.044
(0.043) (0.037) (0.029) | (0.045) (0.036) (0.020)

Residual var | 1.725  1.601  1.601 | 1.788 1.653  1.653
(0.064) (0.060) (0.059) | (0.064) (0.059) (0.059)

ICC 0.101  0.090  0.057 | 0.068  0.057  0.026

log L -2760.9 -2696.4 -2681.3|-2756.8 -2692.0 -2684.7
Xi 129.0  30.2 129.6 14.6
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Within-Cluster / Between-Cluster representation

Within-clusters model - level 1 (j =1,...,n;)

POStTHKSZ'j — b()z' + €ij

Between-clusters model - level 2 (1 =1,...,N)

boi = 0o + G1CC; + BTV, + B3(CC; x TV;) + wy,

gi; ~ NID(0,0%) level-1 residuals
voi ~ NID(0,0”

2)  level-2 residuals

o [f cluster effect is completely explained by condition, then

— vp; = 0 for all ¢ (thus o2 = 0)
— model is same as ordinary regression (individual-level analysis)
o [f n; = n for all clusters (and no level-1 covariates), then
— model is same as ordinary regression of cluster means (cluster-level

analysis)
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THKS post-intervention scores - Regression estimates (se)

Multilevel Model

Students in classes

Ordinary Regression

Class-level Student-level

Intercept 2.342 2.361

(.117) (.066)

classroom 507 .607

curriculum (CC) (.166) (.096)

television -.082 177

(TV) (.150) (.094)

interaction 011 -.325

(CC by TV) (.236) (.137)

residual variance 468 1.860
class variance

p < .05

p < .01

2.341
(.092)

.589
(.133)

120
(.131)

247
(.189)

1.727
(.064)
134
(.037)
ICC = .072
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Within-Cluster / Between-Cluster representation

Within-clusters model - level 1 (j =1,...,n;)

POStTHKSZ'j = b()z' + blz'PreTHKSij + Eij

Between-clusters model - level 2 (1 =1,...,N)

boi = PBo + 0CC; + BsTV; + B4(CC; x TV;) + vy,

blz’ — 61

;i ~ NID(0,0%) level-1 residuals

voi ~ NID(0,0%) level-2 residuals
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THKS Post-Intervention Scores - Regression Estimates (se)

Ordinary Regression Models
Student-level

Class-level

Stu in classes

Stu in schools

Multilevel Models

Three-level

Intercept

pretest
THKS

classroom
curriculum

television

interaction

error

variance

class
variance

school
variance

o < 0.01

1.3087 =
(0.229)

0.4962 ***
(0.097)

0.5749 ***
(0.153)

-0.0150
(0.150)

-0.0485
(0.216)

0.3924

“*n < 0.05 *p<0.10

1.6613
(0.084)

0.3252
(0.026)

0.6406
(0.092)

0.1987
(0.090)

-0.3216
(0.130)

1.6929

oKk

*okk

*okk

*k

*k

1.6776
(0.099)

0.3116
(0.026)

0.6330
(0.119)

0.1597
(0.117)

-0.2747
(0.168)

1.6030
(0.059)

0.0870
(0.028)

ok

Kok

ok ok

ok ok

ok ok

1.6952
(0.115)

0.3103
(0.026)

0.6601
(0.144)

0.2023
(0.140)

-0.3696
(0.201)

1.6522
(0.059)

0.0372
(0.018)

1.6970
(0.117)

0.3072
(0.026)

0.6392
(0.147)

0.1781
(0.144)

* -0.3204
(0.206)

1.6020
(0.059)

0.0636
(0.028)

# 0.0258
(0.020)

*ok ok

Kok

ok ok

ok ok

*k
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Results
e conclusions about CC by TV interaction differ

— non-significant by class-level analysis, significant by
student-level analysis, marginally significant by multilevel

e student-level results close to multilevel, but estimates are
more similar than standard errors — underestimation of
standard errors by ordinary regression analysis is expected
since assumption of independence of observations is violated

e students more homogeneous within classrooms than schools

— students within classrooms model, » = 0.052
— students within schools model, » = 0.022

e 3-level model close to students within classrooms model

— based on 3-level model, classroom and school effects
accounted for 3.8% and 1.5% of total variance, respectively
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3-level ICCs

From the three-level model:
error var = 1.6020, class var = 0.0636, school var = 0.0258

Similarity of students within the same school

0.0258
ICC = = .0153
1.6020 + 0.0636 + 0.0253

Similarity of students within the same classrooms (and schools)

0.0636 + 0.0258
ICC = = .0529
1.6020 + 0.0636 + 0.0253

Similarity of classes within the same school

0.0258
ICC = = .289
0.0636 + 0.0258
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Explained Variance (Hox, Multilevel Analysis, 2002)

~9 5.2
level-1 Rf=1- 5% level2 R5=1— _F
UO OUO

subscript 0 refers to a model with no covariates (¢.e., null model),
subscript p refers to a model with p covariates (4.e., full model)

e.g., students in classrooms models

models
level variance null full R?

1 (students) 6% 1.725 1.603 .071

2 (classrooms) 62 194 087 .552
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Explained Variance: 3-level model

~9 5.2 5.2
R=1-% RI=1- .2  RpI_q_ l@r
0(2) G2 G2
Y(2)0 Y(3)0

subscript 0 refers to a model with no covariates (¢.e., null model),
subscript p refers to a model with p covariates (4.e., full model)

e.q., students in classrooms in schools models

level variance null  full R?
1 (students) 6°  1.724 1.602 .071
2 (classrooms) 62 085 .064 .247

(2)

3 (schools) &5<3) 110 026 .764
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Likelihood-ratio tests:
suppose Model I is nested within Model 11

2 xlog(Ly / L) = 2x (log Ly —log Ly) ~ X,

where ¢ = number of additional parameters in Model 11

—2log L is called the deviance (the higher the deviance the
poorer the model fit)

y
Dy— D ~ Xy

to evaluate the null hypothesis that the additional parameters in
Model II jointly equal 0
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Comparison of models using LR tests

halved
Model deviance CM  y* df p< p<
1. student-level 5377.90

2a. students in classes 535996 1 17.94 1 .001 .001

2b. students in schools 5366.01 1 11.89 1 .001 .001

3. three-level b357.36 1 20.54 2 .001 .001
2a. 2.60 1 .107 .053

LR tests with halved p-values (akin to one-tailed p-values) for

tests of variance and covariance parameters is recommended
(see Snijders & Bosker, Multilevel Analysis, 1999, pps. 90-91)
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Software for Mixed Models

SAS

e Singer, J. D. (1998). Using SAS PROC MIXED To Fit Multilevel Models,
Hierarchical Models, and Individual Growth Models. Journal of
FEducational and Behavioral Statistics, 23, 323-355.

e Singer, J. D. (2002). Fitting individual growth models using SAS PROC
MIXED. In D. S. Moskowitz & S. L. Hershberger (Eds.), Modeling
intraindividual variability with repeated measures data: Methods and
applications (pp. 135-170). Mahwah, NJ: Lawrence Erlbaum Associates.

SPSS

e Peugh, J. L. and Enders, C. K. (2005). Using the SPSS Mixed Procedure
to Fit Cross-Sectional and Longitudinal Multilevel Models. Educational
and Psychological Measurement, 65, 717-741.

e Painter, J. Notes on using SPSS Mixed Models.
http://www.unc.edu/~painter /SPSSMixed /SPSSMixedModels. PDF
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SAS code for regression and multilevel analysis

OPTIONS NOCENTER;
TITLE1l ’Analysis of TVSFP data: Regression of Post THKS scores’;

DATA tvsfp;
INFILE ’C:\MIX\tvsfp2b.dat’;
INPUT SCHOOLID CLASSID POSTHKS INT PRETHKS CC TV CCTV;

PROC FORMAT;
VALUE CC 0=’N0’ 1="YES’ ;
VALUE TV 0=’N0O’ 1="YES’ ;

/* student-level OLS analysis ignoring clustering */
PROC REG;

MODEL POSTHKS = PRETHKS CC TV CCTV;

TITLE2 ’0OLS Student-level analysis ignoring clustering’;

/* student-level ML analysis ignoring clustering */
PROC MIXED method=ml covtest;

MODEL POSTHKS = PRETHKS CC TV CCTV / SOLUTION;

TITLE2 *ML Student-level anaylsis ignoring clustering’;
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/* 2-level: students nested within classrooms analysis */
PROC MIXED method=ml covtest;

CLASS CLASSID;

MODEL POSTHKS = PRETHKS CC TV CCTV / SOLUTION;

RANDOM INTERCEPT / SUB=CLASSID;

TITLE2 ’2-level: students nested within classrooms analysis’;

/* 2-level: students nested within schools analysis */
PROC MIXED method=ml covtest;

CLASS SCHOOLID;

MODEL POSTHKS = PRETHKS CC TV CCTV / SOLUTION;

RANDOM INTERCEPT / SUB=SCHOOLID;

TITLE2 ’2-level: students nested within schools analysis’;

/* 3-level: students in classrooms in schools analysis */
PROC MIXED method=ml covtest;

CLASS CLASSID SCHOOLID;

MODEL POSTHKS = PRETHKS CC TV CCTV / SOLUTION;

RANDOM INTERCEPT / SUB=SCHOOLID;

RANDOM INTERCEPT / SUB=CLASSID(SCHOOLID);

TITLE2 ’3-level: students in classrooms in schools analysis’;
RUN;
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SPSS MIXED code - TVSFPC.SPS - after opening TVSFP.SAV
(SPSS dataset with variables: schoolid, classid, postthks, prethks, cc, tv, cctv)

* 2-level: students nested within classrooms analysis .
MIXED

postthks WITH prethks cc tv cctv

/FIXED = prethks cc tv cctv

/METHOD = ML

/PRINT = SOLUTION TESTCOV

/RANDOM INTERCEPT | SUBJECT (classid)

For 2-level: students nested within schools analysis use:
/RANDOM INTERCEPT | SUBJECT (schoolid)

For 3-level: students in classrooms n schools analysis use:
/RANDOM INTERCEPT | SUBJECT (schoolid)
/RANDOM INTERCEPT | SUBJECT (schoolid*classid)
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e code and dataset available at http://www.uic.edu/~hedeker /ml.html
e method=ml or /METHOD=ML requests maximum likelihood estimation

— ML estimation yields biased estimates for variance parameters (too
small), but only matters if sample size is small

— REML estimation (the default) corrects this bias, but can’t be used for
comparing models with different covariates by likelihood-ratio tests

e covtest or TESTCOV requests “Wald tests” for (co)variance parameters,
however

— dubious due to reliance on normal sampling distribution; use as guide

— instead, use LR test with halved p-values for (co)variance parameters
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OPTIONS NOCENTER ;
TITLE1 'TVSFP data: 3-level analysis of post-test THKS scores';

DATA tvsfp;
INFILE 'C:\mixdemo\tvsfp.dat';
INPUT SCHOOLID CLASSID POSTHKS INT PRETHKS CC TV CCTV;

PROC FORMAT;
VALUE CC 0='NO' 1='YES' ;
VALUE TV 0='NO' 1='YES' ;

/* 3-level: students nested within classrooms nested within schools analysis */
PROC MIXED method=ml covtest;

CLASS CLASSID SCHOOLID;

MODEL POSTHKS = PRETHKS CC TV CCTV / SOLUTION;

RANDOM INTERCEPT / SUB=SCHOOLID;

RANDOM INTERCEPT / SUB=CLASSID(SCHOOLID);
RUN;



TVSFP data: 3-level analysis of post-test THKS scores
The Mixed Procedure

Model Information

Data Set WORK.TVSFP

Dependent Variable POSTHKS

Covariance Structure Variance Components

Subject Effects SCHOOLID,
CLASSID(SCHOOLID)

Estimation Method ML

Residual Variance Method Profile

Fixed Effects SE Method Model-Based

Degrees of Freedom Method Containment

Class Level Information
Class Levels Values
CLASSID 135 193101 194101 194102 194103
515111 515112 515113
SCHOOLID 28 193 194 196 197 198 199 401
402 403 404 405 407 408 409

410 411 412 414 415 505 506
507 508 509 510 513 514 515



Dimensions

Covariance Parameters
Columns in X

Columns in Z Per Subject
Subjects

Max Obs Per Subject
Observations Used
Observations Not Used
Total Observations

137
1600

1600

Iteration History

Iteration Evaluations
0 1
1 2
2 1
3 1

-2 Log Like
5377.92389069
5357.37114386
5357.35867780
5357.35863306

Convergence criteria met.

Covariance Parameter

Cov Parm Subject Estimate
Intercept SCHOOLID 0.02575
Intercept CLASSID(SCHOOLID) 0.06358
Residual 1.6020

Criterion

0.00000993
0.00000004
0.00000000

Estimates

Standard
Error

0.02003
0.02832
0.05910

Value

1.29
2.25
27.11

Pr Z

0.0993
0.0124
<.0001



Fit Statistics

-2 Log Likelihood 5357.4
AIC (smaller is better) 5373.4
AICC (smaller is better) 5373.4
BIC (smaller is better) 5384.0

Solution for Fixed Effects

Standard
Effect Estimate Error DF t Value Pr > |t
Intercept 1.6970 0.1167 24 14.55 <.0001
PRETHKS 0.3072 0.02584 1464 11.89 <.0001
cC 0.6392 0.1472 1464 4.34 <.0001
TV 0.1781 0.1436 1464 1.24 0.2152
CCTV -0.3204 0.2055 1464 -1.56 0.1192

Type 3 Tests of Fixed Effects

Num Den
Effect DF DF F Value Pr > F
PRETHKS 1 1464 141.32 <.0001
cC 1 1464 18.85 <.0001
TV 1 1464 1.54 0.2152
CCTV 1 1464 2.43 0.1192



GET
FILE='C:\mixdemo\TVSFP.sav'.
DATASET NAME DataSetl WINDOW=FRONT.
MIXED
PostTHKS WITH PreTHKS CC TV CCTV
/FIXED = PreTHKS CC TV CCTV
/METHOD = ML
/PRINT = SOLUTION TESTCOV
/RANDOM INTERCEPT | SUBJECT (SCHOOLID)
/RANDOM INTERCEPT | SUBJECT (SCHOOLID*CLASSID)

Mixed Model Analysis

Notes
Output Created 13-NOV-2007 13:58:08
Comments
Input Data C:\mixdemo\TVSFP.sav

Active Dataset DataSet1

Filter <none>

Weight <none>

Split File <none>

N of Rows in

Working Data File 1600

Missing Value Definition of Missing User-defined missing values are
Handling treated as missing.

Cases Used Statistics are based on all cases
with valid data for all variables in
the model.

Syntax MIXED
PostTHKS WITH PreTHKS CC TV
CCTV
/FIXED = PreTHKS CC TV CCTV
/METHOD = ML
/PRINT = SOLUTION TESTCOV
/RANDOM INTERCEPT |
SUBJECT(SCHOOLID)
/RANDOM INTERCEPT |
SUBJECT(SCHOOLID*CLASSID) .
Resources Elapsed Time 0:00:05.61
Processor Time 0:00:05.62

[DataSetl] C:\mixdemo\TVSFP.sav
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Model Dimension?

Number of Covariance Number of Subject
Levels Structure Parameters Variables

Fixed Intercept 1 1
Effects PreTHKS 1 1

CcC 1 1

TV 1 1

CCTV 1 1
Random Intercept i
Effects P 1| o s 1 | SchoollD

Intercept 1 Variance 1 SchoollD *

Components ClassID

Residual 1
Total 7 8

a. Dependent Variable: PostTHKS.

Information Criteria?®

-2 Log Likelihood
Akaike's Information
Criterion (AIC)
Hurvich and Tsai's
Criterion (AICC)
Bozdogan's Criterion
(CAIC)

Schwarz's Bayesian
Criterion (BIC)

5357.359
5373.359

5373.449

5424.381

5416.381

The information criteria are displayed in smaller-is-better forms.
a. Dependent Variable: PostTHKS.

Fixed Effects
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Type lll Tests of Fixed Effects?

Denominator
Source Numerator df df F Sig.
Intercept 1 36.349 211.620 .000
PreTHKS 1 1593.119 141.322 .000
CcC 1 23.207 18.853 .000
TV 1 22.842 1.537 .228
CCTV 1 23.732 2.431 132
a. Dependent Variable: PostTHKS.
Estimates of Fixed Effects?
95% Confidence Interval
Parameter Estimate Std. Error df t Sig. Lower Bound Upper Bound
Intercept 1.697003 .116655 36.349 14.547 .000 1.460493 1.933512
PreTHKS 307202 .025842 1593.119 11.888 .000 .256515 .357888
CcC .639193 147212 23.207 4.342 .000 .334813 943573
TV .178108 .143648 22.842 1.240 .228 -.119163 475379
CCTV -.320417 .205509 23.732 -1.559 132 -.744821 .103987
a. Dependent Variable: PostTHKS.
Covariance Parameters
Estimates of Covariance Parameters?
95% Confidence Interval
Parameter Estimate Std. Error Wald Z Sig. Lower Bound Upper Bound
Residual 1.602013 .059102 27.106 .000 1.490264 1.722142
Intercept [subject = Variance .025749 .020026 1.286 .199 .005607 .118240
Intercept [subject = Variance .063583 .028320 2.245 .025 .026559 .152220

a. Dependent Variable: PostTHKS.
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