POLITICAL SCIENCE 676:02: MULTILEVEL M ODELING
Department of Political Science Stony Brook University
Spring 2007 e Thursdays, 10:00-1:00e  SBS N-702

Instructor: Brandon Bartels

Email: brandon.bartels@stonybrook.edu

Office: SBS S-713

Office phone: 632-7452

Office hours: Mondays and Wednesdays, 1:30-2B80y appointment

Webpage: http://ms.cc.sunysb.edu/~bbartels
Note | will post course materials, data, and annourez@sion
Blackboard.

In this course, you will master the foundationgahethodology consisting of a class of
models falling under the “multilevel modeling” uneie. Multilevel data structures consist of
more than one level of analysis, with each levelsgsting of different units of analysis. In the
most common multilevel structure, data are hieraedfand consist of a nesting structure. In a
two-level hierarchical structure, units of analyis@n the lowest level (level one) are nested
within units from level two (for example, votergyel-one units] nested within congressional
districts [level-two units]). In a three-level mada third level of analysis is present, within
which level-two units are nested (e.g., votersexstithin congressional districts nested within
states [level-three units]). We will examine aduhial structures such as cross-classified data,
where the data are non-nested and non-hierarclicatldition, many types of well-known data
structures are special forms of multilevel struegincluding panel data, time series cross
sectional (TSCS) data, and item response models.

Importantly, all varieties of multilevel models ¢inding those discussed above) share
common types of statistical and methodologicalessand moreover, they allow unique
opportunities for modeling various types of polfiand behavioral processes. We will examine
a wide range of multilevel modeling topics in th@murse. The broad course sequence is as
follows:

l. Methodological Motivation: Multilevel Processes &sinuctures, Latent Constructs,
Unobserved Heterogeneity, and Pooling

Il. Model Specification: Hierarchical Generalized Lin&sodeling and the Random
Coefficient Specification

[l Estimation (Maximum Likelihood and Bayesian estiima), Model Checking, and
Diagnostics

V. Applications

REQUIRED BOOKS
The following two books are required for the coutsaill not place orders of the books at the
University bookstore, as you will be much bettdrmfrchasing these online.



Skrondal, Anders, and Sophia Rabe-Hesketh. 2B@4eralized Latent Variable Modeling:
Multilevel, Longitudinal, and Structural Equationddels Chapman & Hall/CRC.
[Note: Hereinafter, “S&R-H"]

Rabe-Hesketh, Sophia, and Anders Skrondal. 20@&ilevel and Longitudinal Modeling Using
Stata Stata Press. [Available at Stata Press (wwwstaga.com)] [Note: Hereinafter,
“R-H&S”]

ADDITIONAL READINGS
In addition to the required readings, we’ll drawongsome of the following readings, or portions
thereof, throughout the course:

Bafumi, Joseph, and Andrew Gelman. 2006. “FittingltNevel Models When Predictors and
Group Effects Correlate.” Presented at the Annuaéfihg of the MPSA.

Bafumi, Joseph, Luke Keele, David K. Park, and 8&for. 2006. “Examining Time Series
Cross Sectional Data with Bayesian Multilevel MadeWorking Paper.

Beck, Nathaniel. 2001. “Time-Series—Cross-Secti@ath: What Have We Learned in the Past
Few Years?’Annual Review of Political Sciende271-93.

Bowler, Shaun, Todd Donovan, and Robert Hannem208.2'Art for Democracy’s Sake?
Group Membership and Political Engagement in Eufop@P 65:1111-29.

Cho, Wendy K. Tam, James G. Gimpel, and Joshugck.2006. “Residential Concentration,
Political Socialization, and Voter TurnoutlOP 68:156-67.

Congdon, Peter. 2008pplied Bayesian ModellingViley.
Congdon, Peter. 200Bayesian Models for Categorical Daté/iley.

Gelman, Andrew, John Carlin, Hal Stern, and Domaldin. 2003Bayesian Data Analysis
Chapman & Hall/CRC.

Gelman, Andrew, and Jennifer Hill. 20ata Analysis Using Regression and
Multilevel/Hierarchical ModelsCambridge.

Gelman, Andrew, and lain Pardoe. 2006. “Bayesiaaddees of Explained Variance and
Pooling in Multilevel (Hierarchical) ModelsTechnometricg8:241-51.

Gelman, Andrew, and lain Pardoe. 2007. “Averagelietiee Comparisons for Models with
Nonlinearity, Interactions, and Variance Componérisciological Methodology
(Forthcoming).

Heckman, James J. 1981. “Heterogeneity and Stateridence.” IrStudies in Labor Markets
ed. S. Rosen. Chicago, IL: University of Chicagedr

Hox, Joop. 2002Multilevel AnalysisLawrence Erlbaum Associates.
Hsiao, Cheng. 200&nalysis of Panel DatéSecond Edition). Cambridge.

Martin, Andrew D. 2001. “Congressional Decision Makand the Separation of Power8PSR
95:361-78.



Martin, Andrew D. 2003. “Bayesian Inference for elelgeneous Event Count&bdciological
Methods & ResearcB2:30-63.

Park, Jong Hee, and Nathan Jensen. 2007. “Elec@arabetition and Agricultural Support in
OECD Countries.’AJPS(Forthcoming, April).

Rabe-Hesketh, Sophia, Anders Skrondal, and Andiieltd3. 2002. “Reliable Estimation of
Generalized Linear Mixed Models Using Adaptive Qudwlre.” Stata JournaR:1-21.

Rahn, Wendy M., and Thomas J. Rudolph. 2005. “ATdlPolitical Trust in American Cities.”
P0OQ69:530-60.

Raudenbush, Stephen, and Anthony Bryk. 260&rarchical Linear ModelingSage.

Rodriguez, German, and Noreen Goldman. 2001. “IngadeEstimation Procedures for
Multilevel Models with Binary Response: A Case-Stidlournal of the Royal Statistical
Society, Series A64:339-55.

Rudolph, Thomas J. 2003. “Institutional Context #mel Assignment of Political
Responsibility.”JOP 65:190-215.

Sastry, Narayan. 1997. “A Nested Frailty Model $arrvival Data, With an Application to the
Study of Child Survival in Northeast BrazillJASA92:426-35.

Steenbergen, Marco, and Bradford Jones. 2002. “MagMultilevel Data StructuresAJPS
46:218-37.

Western, Bruce. 1998. “Causal Heterogeneity in Camatjive Research: A Bayesian
Hierarchical Modelling ApproachAJPS42:1233-59.

Western, Bruce, and Simon Jackman. 1994. “Baydsfarence for Comparative Research.”
APSR88:412-23.

Wilson, Sven, and Daniel M. Butler. 2007. “A Lot koto Do: The Sensitivity of Time-Series
Cross-Section Analyses to Simple Alternative Spestifons.” Political Analysis
(Forthcoming).

Wooldridge, Jeffrey M. 2005. “Simple Solutions ketinitial Conditions Problem in Dynamic,
Nonlinear Panel Data Models with Unobserved Hetenegy.” Journal of Applied
Econometric0:39-54.

Zorn, Christopher. 2000. “Modeling Duration Depemcke” Political Analysis8:367-80.

SOFTWARE

We'll rely on two software programStata 9andWinBUGS We will use Stata’s built-in
commands for estimating multilevel models (the “feimily and the “xtmixed” command) as
well asGLLAMM, which is an add-on package to Stata (createcbbhi& Rabe-Hesketh, the co-
author of both required textbooks) that estimatalilevel models. All of the worked examples
in the Rabe-Hesketh and Skrondal book (the secoadrothe required readings list) use Stata.
WinBUGS which can be downloaded for free, estimates nsodal the Bayesian / MCMC
approach (Gibbs sampling). While we’ll primarilyy®n these two programs, | will show you
differences and similarities between these programasothers such &andHLM.



REQUIREMENTS (500 points total)
Class participation: Students are expected to complete all of the asdiggadings, to attend
each class, and to participate in class sessi@dngdiits).

Problem sets: Four major problem sets (100 points each) wilistdute the supermajority of

your responsibilities. Each problem set will reguou to demonstrate your understanding of the
material and the ability to make appropriate intetgtions. The due dates, also noted in the
Course Outline section of the syllabus, are agvit

Problem Set 1. Thursday, February 22
Problem Set 2: Thursday, March 22
Problem Set 3: Thursday, April 19
Problem Set 4: Thursday, May 10

Two important notes on problem sets:

» All problem sets will be due #lhe beginning of classn the day they are dulewill not
accept late problem set8lso, these are in-depth, intense assignmentgosavill not
want to wait until the last minute to start therstrbngly suggest working on the
assignments progressively as we get through tegaet material.

* | encourage you to work with your classmates orptioblem sets. Collaboration can be
beneficial for mastering the material. Howewa must do your own work. That is,
while you can work togethethe final product that you hand in must be your own
work.

Class presentation (50 points): Each student will give a presentatmthe class on an advanced
multilevel modeling topic, preferably one in whigbu have a particular interest. A list of
advanced topics is provided at the end of the lsy$aYou are more than welcome to choose a
topic that is not on this list as long as you ggtprior approval. | would like to spread out the
presentations throughout the semester, so plebselknow your topic ASAP so that | can plan
accordingly. For the actual presentation, studargsexpected to do some background reading
on the topic, including some outside readings. gifesentation, and associated discussion,
should be around 30 minutes, so you should plareseptation that is about 15-20 minutes.

ACADEMIC HONESTY

All of the work you do in this class is expected®wyour own. Cheating and plagiarism are the
grandest offenses a student can commit. Therefard,handle cases of cheating and plagiarism
according to university policy. The bottom lif2on’t cheat It's simply not worth risking your
academic career for!

STUDENTSWITH DISABILITIES
Any student who feels that they may need assistsimoeld inform the instructor at the
beginning of the semester so that adequate arraergsroan be made.



COURSE OUTLINE AND SCHEDULE

Methodological Motivation: Multilevel Processes aattuctures, Latent Constructs,
Unobserved Heterogeneity, and Poolin§&R-H, Ch. 1; Steenbergen and Jones;
portions of Hox; Raudenbush and Bryk; and H$lE25 & 2/1]

Model Specification: Hierarchical Generalized Limédodeling and the Random
Coefficient Specificatior S&R-H, Ch. 2-42/1, 2/8, 2/15]

** Problem Set 1 due Thu, 2/22

Estimation (Maximum Likelihood and Bayesian estiomf Model Checking, and
Diagnostics- S&R-H, Ch. 5-8; portions of both Congdon booksitions of Gelman et
al. and Gelman and Hill; Gelman and Pardoe 20087 2Bafumi and Gelman,;
Rodriguez and Goldman; Western; Western and JackRetre-Hesketh et /15,
2/22, 2129, 3/8]

Applications: Specification, Estimation, Evaluationterpretation, andPost-estimation

A. Models for continuous responses — R-H&S, Ch. 1@yBr et al.; Rahn and
Rudolph[3/15]

** Problem Set 2 due Thu, 3/22

B. Models for dichotomous responses — R-H&S, Ch. 4rS& Ch. 9; Martin 2001;
Cho et al[3/22]

C. Models for ordinal and count data - R-H&S, Ch. 55&R-H, Ch. 10-11; Martin
2003[3/29]

D. Models for nominal responses - S&R-H, Ch. 13; Rptd§4/12]

** Problem Set 3 due Thu, 4/19

E. Models for duration data - S&R-H, Ch. 12; Sastrgriz[4/19]

F. Models for panel and TSCS data — Hsiao, TBA; B&®umi et al.; Western;
Bafumi and Gelman; Wilson and Butler; Heckman; Vdoiolge[4/26]

G. Cross-classified, non-nested models — R-H&S, CR&R-H, pp. 60-63; Park
and Jense[b/3]

** Problem Set 4 due Thu, 5/10

TOPICSFOR STUDENT PRESENTATIONS

GEE versus random intercept specifications (see-8§R

Average partial effects versus conditional eff¢etg., Gelman and Pardoe 2007;
S&R-H)

Post-estimation methods for multilevel models us@MC and ML (e.g., Gelman and
Pardoe 2007; S&R-H; R-H&S)

Goodness of fit in multilevel models (e.g., Gelnzam Pardoe 2006; S&R-H)

Pooling in multilevel models: Conceptual issues ar@sures (e.g., Gelman and Pardoe
2006)



Comparing estimation algorithms for multilevel misdeith nonlinear responses:
Quadrature v. PQL/MQL v. MCMC (e.g., Rodriguez &aldman; S&R-H; Rabe-
Hesketh et al.)

“Fixed effects” versus “random effects” in TSCSal&.g., Beck; Bafumi et al.; Wilson
and Butler; Bafumi and Gelman; Western)

Imputation methods for unbalanced panels or mutilstructures (e.g., S&R-H; Gelman
et al.; Hsiao)

Heterogeneity and state dependence in dynamic paogls (e.g., Heckman,
Wooldridge; ask me about additional readings)

Multilevel duration models (e.g., S&R-H; Sastry)

Heterogeneity and duration dependence in multildueation models (Zorn; ask me
about additional readings)

Random effects multinomial logit models and the dgsumption (S&R-H; Rudolph; ask
me about additional readings)

Models for heterogeneous event counts (e.g., M2aGB)

Cross-classified, non-nested models (e.g., Parklangen; S&R-H; R-H&S)



