Strength of HLM over OLS

Dataset 1 - Strength of HLM over OLS.
For use with HLM 6

In this dataset, users are shown that sometimes the result of an HLM analysis can be
exactly the opposite from the results of Ordinary Least Squares (OLS). HLM 6 uses
datasets that are disaggregated at the appropriate level. The two datasets needed for this
anaysisare “eg2 L 1.sav” for thelevel-1 dataand “eg2 L2.sav” for the level-2 data.
Both datasets are in SPSS format.

In this example, the dependent variable is a science achievement test score measured at
theindividual level. Theindependent variable called “urban” is a composite score from
scores on student SES and other markers of student “urbanicity”. Thus, high student
scores on “urban”, represent a student who has low SES and also has many of the
markers associated with studentsin a highly urban setting. The data represent 160
students nested in 16 schools (10 students in each school). The level 2 grouping structure
isidentified by the variable “group”.

First, let’slook at the results from the OL S procedure. These are computed in S-PLUS.

Call: Inm(fornula = SCI ENCE ~ URBAN, data = exanpl e. dat a)
Resi dual s:
M n 1Q Medi an 3Q  Max
-5.336 -2.129 0.4919 2.043 5.009

Coefficients:
Value Std. Error t value Pr(>|t])
(Intercept) -1.2511 0. 5937 -2.1072 0. 0367
URBAN 0.8276 0.0386 21.4248 0. 0000

Resi dual standard error: 2.592 on 158 degrees of freedom
Mul tiple R Squared: 0.7439
F-statistic: 459 on 1 and 158 degrees of freedom the p-value is O

Correl ati on of Coefficients:
(I'ntercept)
URBAN - 0. 9386

If we wereto trust these results without looking at further HLM estimates, we might
assume that as students become more “urban”, their scores on the science achievement
variable tend to increase (c.f., dope coefficient of 0.8276). Aswe will see from the HLM
analysis, this would be an egregious error.
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Wefirst fit the null model, also called the unconditional model, in which just the
intercept is estimated in arandom coefficients model. The full model can be represented
as.

Yi =700 TUj T§

with alevel-1 model of:
Yi = Bo;j T 6

where y; represents the scores for student “i”” in school “j”” on the dependent variable,
Bo; isthe mean science achievement for school “j, and g; are the student-level random

deviates around school “j’s” mean. Further extrapolated, we can see that for each student
at level-1, their scoreis represented by the following equations:

Y= 131 +€,
Yo = /81 +€,

Yi :ﬂj + €

The level-2 model would then be:
ﬁoj' =Y T Upj »

where £,; isthe mean science achievement for school “j, y,, isthe overall grand
intercept, and u,; is school “j’s” random deviate around the grand mean.
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To create the .MDM file (be sure to click on Stat Package I nput) if using SPSS data
(.SAV) filesasinput.

Figure 1
Creating a Multivariate Data Matrix (MDM) File

B HLW for Windows
=] E=zsic Settings  Cther Settings  Bun Snalysis  Help

Create a new model using an exiskting MDM file
Edit/Run ald commandd.hlm,. mim} file
Manually edit commandd. him;. min) File

Save

Save fAs Stephen Raudenbush
Anthony Bryk
Richard Congdon

Save Model as .emf

Make new MOM File
Make new MDM From ald MDM templated. mdmt) File
Display MODM staks

Wiew CukpIk
Graph Equations 3
Graph Data 3
Preferences

Exit

Figure 2
Selecting HLM Model Type when Creating MDM

Select MDM type

Hierarchical Linear Models
« HLM2Z & HLM3

—Hierarchical Multivariate Linear Models -
" HMLM  HMLMZ

—Cross-classified Linear Models

° HCM2

(0].4 I Cancel
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First name the MDM file
Level Onefile

for later use, check the correct data file type and select the

Figure 3

Naming MDM File and selecting
Make MDM - HLM2
DM termnplyte file

MO File Mame (use\ mdm suffix}
| example.mdm ¥
Open mdmy file ‘ Save IﬂEIITI'[T—I|E!| Edit mdmt file ‘ Input File Type | SPSSAVIndows j

File Mame: \C:\Program Files\HLMES\example.mdmt

Mesting of input data

(+ persons Within groups ¢ measures within persons

Level-1 Specification

Level-1File Name: CiDocuments and Settings\OwnerDeskiopHLM & Choose Variables

Missing Data? Delete missing data when:

& Mo " Yes ~ making mdm " running analyses

Level-2 Specification

Browse Level-2 File Name:

ake MDM Check Stats Daone

Then click on Choose Variablesto identify the ID variable, dependent variable and level
one predictors

Figure 4

Choosing Variables fok Level One File

Choose variables - HLM2

[ reor

Mo nmow [ o
[scence N oRMinmow [ o
URBAN CiNg inwow [ o
[eEMDER DM anMowm [ o
[ roer [ roer
[ roer [ roer
[ rer [ rorC
ol o
[ reor [ rer
[ reor [ rorC
[ reor [ rorC

o Cancel

Identify missing data as necessary (back on the Make MDM window). Next select the
Level two datafile and then click on Choose Variables for the Level two file. You still
need to identify the linking level two id and any Level two predictors.

Page 1 of 1 d i
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Next click on Save MDMT file, giving a name for the file. Then click on Make MDM
and you will see an MS-DOS window that (only briefly) appears (see Figure 5). This
window simply lists some descriptive statistics for the variables of interest:

Figure 5
MS-DOS Window when Making MDM

:\Program Files\HLM65\HLM 25, EXE

LEVEL-1 DESCRIPTIVE STATISTICS

g UARIABLE MAME N MEAN SD MINIMUM MAXIMUM
SCIENCE 168 18.69 5.11 1.88 28.088
URBAN 168 14.43 5.32 2.80 25.88
GENDER 168 1.58 8.58 1.68 2.08

LEVEL-2 DESCRIPTIVE STATISTICS

UARIABLE NAME N MEAN SD MINIMUM MARIMUM
SCH_RES 16 .97 3.81 5.88 15.88

1668 level-1 records have been processed
16 level-2 records have been processed

These same statistics will appear again once you click on Check Stats. Lastly, click on
Done.

Then you will see ablank HLM screen:

Figure 6
Blank HLM Screen Before a Model has been selected

B WHLM: him2 MDM File: Kyle.mdm
File

Qutcome
>> Level-1 <<
Lewvel-2

INTRCPTI
SCIENMCE
LIRBAN
GEMDER

First select the outcome variable, Science;

Figure 7
| dentifying the Outcome
B3 WHLM: hlm2 MDM File: Kyle.mdm
File
Outcome
»> Lewel-1 <4

Level-2

INTRCPFT1
SCIENCE
UREAMN Outcome wariable
GEMDER

Which resultsin Figure 8:
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Figure 8
The Two-Level Unconditional Model in HLM

B WHLM: him2 MDM, File: Kyle.mdm

File Basic Settings Other Settings  Aun Analysis  Help

Outcome LEVEL 1 MODEL (bald: group-mesn centering bold it
»» Lewvel-1 << SCIENCE =

Level-2 = Bt
INTRCPT1 LEVEL 2 MODEL (bold italic: granc-mesn certering)
SCIEMCE By = .+ U
URBAN B " E
GEMNDER

Now click on Basic Settings to provide a specific filename for the model you are
estimating (change for each model so you can have gutput file for each model’s
estimates!). In Basic Settings, you can also request L evel 2 Residuals.

Figure 9
Basic Settings Screen

Basic Model Specifications - HLM2

Distribution of Qutcome Yariyble
& Mormal (Continuous)
" Bernoulli (0 ar 1)
" Paigson (constant exposure)
" Binarnial (number of trials)

" Puoiszon feariable exposure)

" Multinormial \
Murnber of categoriks

" Crdinal
-
Leve-1 Residual File ‘ | Level-2 Residual File\ |
|
Title | no title L

Output file name | E:HLI Warkshoph SERANIMZ. tx

=3

Graph file name | E:WHLM WyorkshophSERAWraphey. geq

Cancel Ok

Then click on File = Save Asto save the model file which you must do before you can
click on Run Analysisto estimate your model’s parameters. Again you will seean MS-
DOS screen. Thisone displaysthe iterations required till convergence.

Figure 10
MS-DOS Screen Displaying Iterations

\Program Files\HLM6S\HLM2S. EXE

Computing . . ., pleaze vait

Starting values computed. Iterations hegun.

Should you wish to terminate the iterations prior to convergence, enter cntl-c
The value of the likelihood function at iteration 1 = -3.18B@%1E+B02

The value of the likelihood function at iteration 2 = -3.18BA%1E+B02
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Y ou can then view the output by clicking on File = View Output

Figure 11
Two-Level Unconditional Model Output
Program HLM 6 Hi erarchical Linear and Nonlinear Mbdeling
Aut hor s: St ephen Raudenbush, Tony Bryk, & Richard Congdon
Publ i sher: Scientific Software International, Inc. (c) 2000

t echsupport @si central . com

Modul e: HLM2S. EXE (6. 00.24282. 2)
Dat e: 7 February 2005, Monday
Ti nme: 22:10: 19

SPEC!I FI CATI ONS FOR THI S HLM2 RUN

Problem Title: no title

The data source for this run = exanple.nmdm

The command file for this run = E\ HLM Wr kshop\ SERA\ exanpl e. hl m
Qutput file name = E:\ HLM Wor kshop\ SERA\ exanpl e. t xt
The maxi mum nunber of level-1 units = 160

The maxi mum nunber of level-2 units = 16

The nmaxi mum nunber of iterations = 100

Met hod of estimation: restricted maxi mum i kel i hood

Wei ghting Specification

Wei ght
Vari abl e
Wei ghti ng? Nanme Nor mal i zed?
Level 1 no
Level 2 no
Pr eci si on no

The outcone variable is SCl ENCE

The nodel specified for the fixed effects was:

Level -1 Level -2
Coefficients Predi ctors
| NTRCPT1, BO I NTRCPT2, @00

The nmodel specified for the covari ance conponents was:

Si gnma squared (constant across |level-2 units)
Tau di mensi ons
| NTRCPT1

Summary of the nodel specified (in equation format)

Level -1 Mode
Y =B0 + R

Level -2 Mode
BO = Q00 + WO
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Iterations stopped due to small change in likelihood function

*kkkk k% ITERATIO\IZ *kkkk k%

Si gna_squared = 1.97917
Tau
I NTRCPT1, BO 25.53125

Tau (as correl ations)
I NTRCPT1, BO 1. 000

The val ue of the likelihood function at iteration 2 = -3.180091E+002
The outcone variable is SC ENCE

Final estimation of fixed effects:

St andar d Appr ox
Fi xed Effect Coef fici ent Error T-ratio d.f. P-val ue
For | NTRCPT1, BO
I NTRCPT2, @00 10. 687500 1. 268098 8. 428 15 0. 000
The outcone variable is SCl ENCE
Final estimation of fixed effects
(with robust standard errors)
St andar d Appr ox
Fi xed Effect Coefficient Error T-ratio d.f. P-val ue
For I NTRCPT1, BO
I NTRCPT2, @00 10. 687500 1.227831 8.704 15 0. 000

The robust standard errors are appropriate for datasets having a noderate to
| arge nunmber of level 2 units. These data do not neet this criterion.

Fi nal estimation of variance conponents:

Random Ef f ect St andar d Vari ance df Chi -square P-val ue
Devi ati on Conponent

| NTRCPT1, uo 5. 05285 25.53125 15 1950. 00000 0. 000
|l evel -1, R 1. 40683 1.97917

Devi ance = 636.018232
Nunmber of estimated paraneters = 2
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To add Urban to the model, just click on Urban asin Figure 12. You will see alist of
choices for options for centering of aLevel One variable.

Figure 12
Adding an Uncentered Level One Pxedictor (Urban) to the Science Model

ES WHLM: him2 MDM File: Kyle.mdm Command File: kyle_u.hlm

File Basic Settings Other Settingg  Run Analysis  Help

Outcome LEVEL 1 MOREL ibold: group-mean centering; bold italic: grar
>> Lewvel-1 <<
SCIEMCE = B\, +r

Lewvel-2 N
INTRCHET! LEVEL 2 MODEL Noold italic: grand-mean centering)
SCIEMCE | B o= v, +u
LIRBAM i il i
GEMDER Oukcome wariable

add variable uncentered

add wariable group centered
add wariable grand centered

“Uncentered” means that the predictor is not transformed. “Group centered”
means that scores are transformed so they represent deviations from their group means.
“Grand centered” means that scores are transformed so they represent deviations from the
grand mean (across the whole sample).

If Urban is chosen as an Uncentered variable, you will notice that it is modeled as
afixed effect:

Figure 13
Science Moddl with Urban as a Fixed Effect

B WHLM: him2 MDM, File: Kyle.mdm Command File: kyle_u. him
File Basic Sefspgs Other Settings  Run Analysis  Help

M EVEL 1 MODEL tbold: group-mean centering, bold italic: grand-mean centering)
M SNENCE = + b, (URBAN) +
Lewvel-2 = By * Byl I+
INTRCFT1 LEVEL QDEL chold italic: grand-mean centering)
SCIENCE B, = A\ +u
LIRBAN ¢ @ a
GENDER ‘ By = g

Figure 14
Abbreviated Output for Science Model with Fixed Urban

Summary of the nodel specified (in equation format)

Level -1 Model
Y = BO + B1*(URBAN) + R

Level -2 Model
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Final estimation of fixed effects:

I NTRCPT2, @00
For URBAN sl ope, Bl
I NTRCPT2, Gl10

Fi nal estimation of variance conponents:

Figure 1

St andar d Appr ox.

Coef fici ent Error T-ratio d.f. P-val ue
22.302911  2.426310 9.192 15 0. 000
-0.805228 0.047999 -16.776 158 0. 000

St andar d Vari ance df Chi -square P-val ue

Devi ati on Conponent
9.29817 86. 45595 15 19792. 95548 0. 000
0. 80945 0. 65521

Adding a random effect for Urban

£ WHLM: him2 MDM File: example.mdm

Outcome

Lewvel-1

»» Level-2 <<

INTRCPT2
SCH_RES

File Basic Settings Other Settings Run Analysis  Help

LEVEL 1 MODEL (bold: group-mean centering; bold italic; grand-mean centering)
SCIENCE = Fp+ EHURB&N] +r

LEVEL 2 MODEL (bold italic: grand-mean centering)

Py = Too ¥ Yp

‘ By = Tao Uy

To add Urban as a Random effect (across groups), just click on the relevant Level 2
equation (the second one) and the random effect will be inserted. Click again and Urban

will be afixed effect.
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Figure 16
Abbreviated Output from Adding Urban as Random Effect

Summary of the nodel specified (in equation format)

Level -1 Model
Y = BO + BL*(URBAN) + R
Level -2 Model

BO = Q00 + W
Bl = GIO + Ul..

Final estimation of fixed effects:

St andar d Appr ox.
Fi xed Effect Coef fici ent Error T-ratio d.f. P-val ue
For | NTRCPT1, BO
I NTRCPT2, @00 22.391241 2.716968 8. 241 15 0. 000
For URBAN sl ope, Bl
I NTRCPT2, Gl0 -0. 867005 0. 129808 -6.679 15 0. 000

Random Ef f ect St andar d Vari ance df Chi -square P-val ue
Devi ati on Conponent

| NTRCPT1, uo 10. 65844 113. 60241 15 1626. 56233 0. 000

URBAN sl ope, Ul 0.50199 0. 25200 15 219. 72077 0. 000
level -1, R 0. 52025 0. 27066

Finally, we can see from the last model that the relationship between “science” and
“urban” in this dataset is actually negative, meaning that as a student has higher
classification of the urban composite variable, scores on the science achievement variable
tend to decrease. Remember that thisis exactly the opposite from the conclusion that we
drew from the OLS analysis. Also, we can see from either the fitted estimates or from
the above graph that schools “15” and “16” have slopes that are dramatically different
from the other schools. To view the graphical display of the Empirical Bayes estimates
of the slope coefficients, click on “File” - “Graph Equations” - “Level-2 EB/OLS
coefficient confidence intervals”. Then select “urban” under “Level-1” and change the
number of groupsto be “All groups (n=16)". Doing this will produce:
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]

Ay

-1.78

URBAN

0 450 9.00 1350 18100

Y ou may also observe the second-level residualsin afile called “resfil2.sav”. Simply
open thisfile in SPSS and you can see that the Empirical Bayes estimated intercepts and
slopesin the variables “ecintrcp” and “ecurban” respectively.

ecintrcp | ecurban |

] 7.038 - 747
i 5.901 874
| 11.669 -.823
4 16130 - 961
| 16.186 -.784
b 26.029 -1.297
] 24 551 1178
B 24 894 -.893
-] 31.570 -1.302
_ 0] 26.967 - 966
il 30.983 -1.071
12 36.360 -1.278
_ 13 31.268 -.854
14 41.201 -1.273
15 12.724 27
16 12788 238
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