Modeling Student Growth to Assess
School Effectiveness



Workshop Objectives
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I Understand:
A The conceptual meaning of mulével modeling
A How to use SPSS for mué#ivel modeling

I Encounter:
A Fixed and random effects
A Centering
A Personperiod and persodevel structuring of databases
A Cautions about these models
I Obtain:

A Resources to support further investigation



Workshop RoadMap

A What is a multdlevel model?

A How can school data be analyzed with one?

A Additional information:
I Longitudinal data structuring
I Limitations of these models?
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A Use SPSS?
I Windows?
I Syntax?

A Use SAS?

A Use some other software for mulgvel
models (e.g. HLM)?




MULTI-LEVEL?



2008 Reading WASL by 2007 Reading WASL
District 5th Graders
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OLS Regression

2008 Reading WASL by 2007 Reading WASL
District 5th Graders
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Multi-level Models

Level 1: ¥y = fpy + 1y where ry~N{D, :rz:l

Level 2: Bgy = Yoo + woy where  ugy ~N(0, Tgo)

Combining the two: 1';! = ¥ap T Ty + y

— — Each school i Each —
a different;j student is a

differenti




Multi-level Models

Level 1: ¥y = fpy + 1y where ry~N{D, :rz:l

Level 2: Bgy = Yoo + woy where  ugy ~N(0, Tgo)

Combining the two: 1';! = Yuo +\“ﬂ.r + y |

These are
random
effects

This is a fixed
effect
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Multi-f SOSEt Y2RSH
I Hierarchical linear models
I Mixed models
I Random coefficients models
I Variance components models
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Reading Gain (2009 from 2008) by School-Centered 2008 Reading Score
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Schoolmean centered?

Reading Gain (2009 from 208) by School-Centered 2008 Reading Score
District
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Intercept is where
the xaxisis 0. We
can make this a
meaningful location
by centering the
predictors.
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subtracted 400 from all 08 Rd WASL scores) or the grand-mean.



‘Reading Gain (2008 from 2007) by School-Centered 2008 Reading Score ‘Reading Gain (2008 from 2007) by School-Centered 2008 Reading Score
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I My variables:
A SchoolCode
A StudentID

AGrandmeancentered School Average FRL
(with students as O if paid, 1 if reduced and 2 if free)

ASchoolmeancentered WASL_Rd_2008

Outcome: WASL Rd Gain 2008 to 2009

What will the intercept show?



What about longitudinal data?

I Longitudinal data contains several measures over
time for each student

| 2 database structureSinger & willett, 2003)

Student

08 rscale
407
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400
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387

APersonlevel A

A Personperiod
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I The latter iIs recommended for mulevel

modeling with repeated measures
I Note that including schools here will require 3 levels



Great Resources

A Peugh J. & Enders, C.K. (2005). Using the SPSS Mixed
procedure to fit hierarchical linear and growth trajectory
models.Educational and Psychological Measurement
65, 71£741.

I http://psychology.clas.asu.edu/files/Fittingmultilevelmodels
usingSPSSpulbwns.pdf

A Singer, J.D. (1998). Using SAS PROC MIXED to Fit
Multilevel Models, Hierarchical Models, and Individual

Growth Models.Journal of Educational and Behavioral
Statistics 23(4), 323355.

A SPSS Help


http://psychology.clas.asu.edu/files/FittingmultilevelmodelsusingSPSSpull-downs.pdf
http://psychology.clas.asu.edu/files/FittingmultilevelmodelsusingSPSSpull-downs.pdf
http://psychology.clas.asu.edu/files/FittingmultilevelmodelsusingSPSSpull-downs.pdf
http://psychology.clas.asu.edu/files/FittingmultilevelmodelsusingSPSSpull-downs.pdf
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(i)
Linear Mixed Models: A Practical Guide Using Statistical Software
Brady T. West, MA

Kathleen B. Welch, MS, MPH

Andrze] T. Galecki, M.D., Ph.D.

Published by Chapman Hall / CRC Press (Click here to purchase online, and receive a 20% discount! The 20%
Online Promotion Code is 585HHXXXX, which can be inserted in the promotion code field at checkout.)

LINEAR MIXED MODELS

A Practicnt Guide Usig Statimticn Raftware

This book provides readers with a practical introduction to the theory and applications of linear mixed models,
and introduces the fitting and interpretation of several types of linear mixed models using the statistical
software packages SAS (PROC MIXED), SPSS (Linear Mixed Models), Stata (xtmixed, available in Release 9), R
(the Ime() and gls() functions), and HLM (Hierarchical Linear Models).

The book focuses on the statistical meaning behind linear mixed models. Why fit them? Why are they
important? When are they applicable? What do they mean for research conclusions? The book alsa presents
and compares practical, step-by-step analyses of real-world data sets in all of the aforementioned software
packages, allowing readers to compare and contrast the packages in terms of their syntax/code, ease of use,
available methods and options, and relative advantages.

Click on any of the following chapters for links to the data sets, updates to the software code in the
book, and miscellaneous additional information:

Chapter 3 -= Two-level Models for Clustered Data: The Rat Pup Example

Chapter 4 -= Three-level Models for Clustered Data: The Classroom Example

Chapter 5 -= Models for Repeated Measures Data: The Rat Brain Example

Chapter 6 -= Random Coefficient Models for Longitudinal Data: The Autism Example

Chapter 7 -= Models for Clustered Longitudinal Data: The Dental Veneer Example

Additional Documents

Notes on Shrinkage Estimators
SPSS White Paper on the MIXED Procedure, with instructions on data preparation and use of the MIXED Procedure via the SPSS menus

PROFESSIONAL REVIEWS

1. Journal of the American Statistical Association
2. Stata

3. Biometrics

4 Statisticrs in Madicina
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Resources for Multilevel Modeling

Following 1s an extensive list of various types of resources related to multilevel modeling
including websites, books, journal articles, software and related training, guide provides a
set of resources to those who are interested in learning more about multilevel modeling.
The guide 1s intended for those at all levels. Many of these materials were obtained from
the Web and the URLs are given in those instances.

WEBSITES

l. Judith Singer (Ph.D., Statistics, Harvard University) is the James Bryant Conant
Professor of Education and former Academic Dean at the Harvard Graduate School of
Education. One of the nation’s leading applied statisticians, her professional life focuses
on improving the quantitative methods used in social, educational and behavioral
research. Singer is primarily known for her contributions to the practice of multilevel
modeling, survival analysis, and individual growth modeling, and to making these and
other statistical methods accessible to empirical researchers.

http://gseweb.harvard.edu/~faculty/singer/

2. Centre for Multilevel Modeling, University of Bristol
http://www.mlwin.com/
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A Causal inferences not supportadnn, 200s)

A This IS not TVAAS. wright, Sanders, & Rivers, 2006)
I Linearity?
I Vertical Scale?
A Many additional considerations
I Slopes
I Interactions between predictors
| Variance structure
I Missing Data



THANK YOU!



