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Wednesday, May 20

9:00T 10:20 Registration and continental breakfast
10:25t 10:30 Welcoming remarks Edward |. George, Chair, Department of Statistics

10:30t 12:30 Matching Methods
Organizer Paul R. Rosenbaum

oPropensity score matching to recover latent experiments: diagnostics
YR aeyYLWi2dA0as¢
Ben B. Hansen, University of Michigan

GMatchingincross-U A YS 20 &aSNWIF GA2y It  &idzR
Bo Lu, Ohio State University

G¢KS dzaS 2F LINRPLISyaArAde a02NBa G
Elizabeth A. Stuart, Johns Hopkins University

12:30T 2:00 Lunch
2:00T 3:30 William Cochran Lecture
ad¢KS (32)/07\)/dz7\y3 AY T szYéS 27T

Ay (0KS Hmald OSyldzNE €
Donald B. Rubin, Harvard University

3:451 5:45 Automated Algorithms for Discovering Causal Structure
OrganizerMarshall M. Joffe

G/ Fdzaltf 3INFLKAOIE Y2RSH
Peter Spirtes, Carnegie Mellon University

G/ Fdzaltf 3INFYLKAOIE Y2RSft a
Richard Scheines, Carnegie Mellon University

OCausal inference in integrative genomics: complex traits and regulatory networka €
John D. Storey, Princeton University

DiscussantTyler J. VanderWeele, University of Chicago

5:451 7:30 Poster Session and Happy Hour Reception
Location: Bodek Lounge, Houston Hall




Thursday, May 21

8:00T 9:00 Breakfast and Registration

9:00T 10:30 The Case Study
OrganizerThomas R. Ten Have

dStructural nested mean models for assessing time-varying effect moderationé
Daniel Almirall, Duke University

DiscussantJay Kaufman, McGill University

11:00t 12:30 Jerome Cornfield Lecture
Ghy GKS @GFNASGASE 2F RANBOG STTEPI
James Robins, Harvard University

12:30T 1:45 Lunch

1:451 3:45 Advances in Causal Inference
OrganizerDylan S. Small

& b Zpgfametric identification of lack of support in potentially high-
RAYSYaarzyrt O2@FNRARIFGS &LJ OS¢
Jennifer Hill, New York University

G. S NB 2F GKS 5! DH¢
A. Philip Dawid, University of Cambridge

G! IASYSNIt GKS2NER 2F YIFGOKAYy3 S3dA
Alberto Abadie, Harvard University

4:.00t 5:20 Graduate Student Session
OrganizerFrank B. Yoon

dDeconfounding small quasi-experiments using propensity scores and
other dimension reduction techniquea €
Yevgeniya Kleyman, University of Michigan
A Markov compliance behavior and outcome model for causal analysis in
the longitudinal settin3 €
Xin Gao, University of Michigan
ddentification, inference, and sensitivity analysis for causal mediation effectse
Teppei Yamamoto, Princeton University

Discussant Michael Baiocchi, University of Pennsylvania



History of the conference

In June 2005 a small group from the Department of Statistics at Columbia University con-
BSYSR I AGYAYAO2YyFSNBYyOS 2y Oldalt AYyTFS
aAA2Y ODE hy GKS 2NARIAYIE
are listed. Since then the conference has grown into an annual tradition, attracting an audi-
ence more than four times bigger than the first. One effect of this growth has been a requi-
aA0S ylLYS OKIFIy3aS Ay GKS
G! Gt yiArAdzZ¢g NBFESOGAY3a GKS SOGSNI SELN yR
west as Chicago, as far north as Michigan and Boston, and this year, even as far east as Cam-
bridge, UK. The 2009 Atlantic Causal Modeling Conference hosted by the University of Penn-
sylvania aims to be the biggest and best ever, which includes two named lectures and time
dedicated to young researchers.

RS A ONR LII-A & §/ y2i

About the named lectures

The William Cochran Lec The Jerome Cornfield
ture honors the contribu- Lecturehonors the con-
tions made by William tributions to the fields
Cochran whose investiga- : of biostatistics and
tions of methods for public health by Jerome
causal inference with ob- Cornfield whose work
servational data laid foun- with case-control stud-

dation for methods that ies and estimating rela-

are practiced and continually being developed tive risk formed the basis for much of the

today, such as matching to control for con- Y2 RSN}y SN} Qa SLIARS
founding variables. Professor Cochran was fessor Cornfield was the fourth chair of

the third chair of what is
now known as the De-
partment of Biostatistics
at the Johns Hopkins
Bloomberg School of
Public Health and spent
the later part of his illus-
trious career at Harvard
University. The William
Cochran Lecture is pre-

what is now known
as the Department
of Biostatistics at the
Johns Hopkins
Bloomberg School of
Public Health and
{ continued his long-
standing, influential
career at the Na-
tional Cancer Insti-

sented by Donald B. Rubin, The John L. Loeb  tute. The Jerome Cornfield Lecture is pre-
Professor of Statistics at Harvard University. sented by James Robins, the Mitchell L. and

Robin LaFoley Dong Professor of Epidemiol-
Sources: Johns Hopkins Department of Biostatistics webpage; Harvard University Ogy at Harvard UniverSity.
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http://images.google.com/imgres?imgurl=http://www.gap-system.org/%7Ehistory/BigPictures/Cochran.jpeg&imgrefurl=http://www.gap-system.org/%7Ehistory/PictDisplay/Cochran.html&usg=__wQhyTRSprRdQCa6go7qXpoz6e8k=&h=326&w=268&sz=7&hl=en&start=18&sig2=yknieplMi
http://images.google.com/imgres?imgurl=http://www.biostat.jhsph.edu/newsEvent/history/cornfield.gif&imgrefurl=http://www.biostat.jhsph.edu/newsEvent/history/cornfield.shtml&usg=__H8LqfooVJaDfxcAIpvK_DHoHIDY=&h=190&w=146&sz=17&hl=en&start=1&sig2=qTnuuzTLw

Travel and other basics

Huntsman Hall (38th & Walnut St.)
-the main conference venue
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Houston Hall (35th & Spruce St.)
-poster session and happy hour

Huntsman Hall

Arriving by car Arriving by plane
The South Street Exit (346A) off 1-76 will be closed Cab fare from the airport is approximately $30
for construction. Travelers to Penn should use the 6 g A G K2 dzi (A LI @ {9t ¢! Qa

30th Street Exit (345) off of I-76. Turn west onto utes; fare is $7 for a one-way trip which takes you
Market Street, proceeding to 34th Street. Turn left to 30th Street Station (10-15 minute walk, or cab).
onto 34th Street. Entrance to a Penn public parking

garage is on the left just before the next traffic light 2 K § y é&2dz 3 S G2 1 dzy ia
at 34th and Chestnut. Other parking is shown on  Enter through the main entrance on Walnut St. just
the map. before 38th St. and go to the third floor. Registra-

tion will be held in Room 345.
Arriving by train

PYUNF1Qa onidK {GNBSH {0 {pididsfintetrdtabcds® SR Fd onidK
Market St. Itis a 10-15 minute walk to Huntsman 54 arrival and check-in, you will receive registra-

Hall, located at 38th and Walnut St. Cab fare  {jon materials which includes your unique user-
(including tip) would be $7-9. name and password for wireless internet.




Visiting and eating

The University of Pennsylvania is located in the University City district of Philadelphia, PA. Philadel-
phia is the fifth-largest metropolitan area in the United States, full of culture, arts, dining, and, of

cour s e, hi stori cal

| andmar ks

such as

cated within a major hub of diverse activity including fine dining, music and museums, and is a short
walk or trolley-ride away from the plethora of activities offered by the city.

For directions to campus, please visit http://www.facilities.upenn.edu/visitUs.

For visitor information about Philadelphia, please visit http://www.gophila.com.

Eating in University City

University City is a great place to dine out. FromThai Singha HouseOutstanding Thai cuisine and a
French to nouvelle to the tastes of India and Thai-dessert menu that is equally inspired. ($3)

land to TexMex, you're in for some of the best food 3936 Chestnut St,

Philadelphia has to offer.

$ Under $15/person
$$ $15-$30/person
$$$ Over $30/person

White Dog Café Sophisticated, eclectic cuisine in a
setting that is just as eclectic, featuring dishes that
capitalize on Pennsylvania's bounty of fresh pro-
duce, meats, and poultry. ($3$)

3420 Sansom St, 215-386-9224

Pod. Hip, futuristic, inspired. Featuring a modern
menu with a slant on sushi. ($$$)
3636 Sansom St, 215-387-1803

La TerrasseEnjoy classic bistro-style French fare on
the terrace, in the atrium, or at a bar that features a
great selection of wines. Vive la difference! ($$)
3432 Sansom St, 215-386-5000

Penne Inspiring, fresh pasta cuisine in a chic, con-
temporary setting. Penne has quickly become a
Penn favorite. Good choice of vegetarian dishes.
($9)

3600 Sansom St, 215-823-6222

Marathon Grilt MH UAYS a.
Great burgers, customizable salads, and brews. ($3$)
40th & Walnut, 215-222-0100

Sai vedethriant i

215-382-8000

New Delhi All-you-can-eat delicious Indian buffet;
a la carte service too. A favorite for many. ($)
4004 Chestnut St,  215-386-1941

Mad 4 Mex Tex-Mex dishes, margaritas, and lots of
fun in this southwestern dining spot. ($9$)
3401 Walnut St, 215-381-2221

New Deck TavernlLocal brews and pub fare in a
casual, popular, campus tavern. ($$)
3408 Sansom St, 215-386-4600

Pizza Rustica Panini, wood-oven pizza, antipasti,
gelati with outdoor dining in the spring and sum-
mer. ($)

3602 Chestnut St,  215-895-3490

Beijing Popular student haunt for Chinese favor-
ites. ($)

3714 Spruce St, 215-222-2542

Bubble House A contemporary Asian menu and
cool, refreshing, bubble teas. ($)

3404 Sansom St, 215-243-0804

Sitar India Algreat choice of meat,

qultry, and
t distted incifdthg & nﬁd&ﬁ)oven

215-662-0818

fare and breads. ($)
60 S. 38th St (off Chestnut),

Eating in Center City
I K2ad 27
YIye OK2AO0Sa
much enjoy our dining in Philadelphia.
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Talks

The Case Study intermediate causal effects, and their standard errors, ar
Daniel Almirall 06 St ructur al n e Bresented ankdiseussefolfesfirskis apropsege
assessingtimear yi ng eff ect moRegresaianiEstimaor, which can be carried out using
AbstractThis talk considers the problem of assesswgndard regression software. The second is Robins' G
causal effect moderation in longitudinal SettingsEiﬁCimator. The results of a small simulation study that
which treatment (or exposure) is tiragying and so begins to shed light on the small versus large sample
are the covariates said to moderate its eflaterme- performance of the estimators, and on theviaidance

diate causal effeatsdescribe tirrearying causal ef-tradeoff between the two estimators are preserifed.
fects of treatment conditional on past covariate histdje permits, the results of an illustrative analysis of the
are introduced and considered as part of RobM§thodology using longitudinal data from a depression
Structural Nested Mean Mod&lvo estimators of the Study are presented.

Matching Methods implemented every year in Rome, Italy to compare two
Ben Hansen O Propensi ty sc o ireatmenh opiiansBupppion dlusy eogngeling rand

| atent experiments: di acgusel®ganly. & Japwry 2005 ¢ maponvdde smolking
Abstract Propensity score matching aims to gain f&n in public areas was in effective in Italy. Comparable
an observational study various benefits charactergstijects in four groups are identified via-bipartite

of experiments. Some of these have observable nfaaiching and estimates of treatment effect, ban effect
festations, others not. When it succeeds in ways @hgk the additional effect of smoking ban on cessation
can be seen, this suggests it has also succeeded afietgdtained with the assumption of stable smoking ces-
remaining ones; so we cite its successes in visibl&ajen program effect. The matching estimators are un-
mains as evidence of likely success in others. Yepiaged and more robust considering the existence of po-
isting theory licenses such inference only vaguely,tgrital ban effect.

all. Much of it assumes exact matching on the 5 apetn Stuat ®The use of prope
propensity score, whereas in practice the best ong,cgny e r a1 i zabi | i t y 6

do is to match approximately, and on an estimateagkiracrwhile the immediate question in any random-
the score. There are at least two problems with fi$ tria| is how well the program works among the
state of affairs. First, there is confusion ab_out h participants (internal validity), the broader ques-
best to match. Must one match as closely as is po s generally one of external validity: What are the

on the best estimate of the propensity score? WHhRl (s of the program in reebrid settings, among a

precisely is the role of balance, and how much gf 5 qer population? Little work has been done in think-

does one need? Second, we are without a basig,f0byout how to make these kinds of generalizations
inference with propensityatched data that requiregom randomized trials to broader populations.  We
neither the addition of a model of the dpiaerating cqonsider the use of propensity scores to facilitate this
process nor the pretense of exact propesie generalization. Propensity scores have traditionally beer
matching. | offer a novel larg@mple account of per,seq 1o estimate causal effects inexperimental set-
mutationtype causal inferences with propensify,gs where the idea is to compare exposed and unex-
matched data. Rather than relying on a specific gﬁ ed (or treated and control) individuals who are as
mation or matching technique, it puts the more negfiyijar as possible on the observed covariates. Here we
verifiable of propensity matching's aims in a cenlighang their use in order to examine the generalizability
role, thus clarifying their contributions to the integrily yandomized trial results. The methods are illustrated
of inferences about treatment effects. using a randomized trial of Positive Behavior Interven-

Bo Lu Crosstime Matching in Observational Stade tions and Supports (PBIS), a schdde violence pre-
AbstractNonrandomized intervention program magention program, embedded within the broader state-
repeat over time. Sometimes, a policy change (¥fid¢ implementation of the PBIS program in schools
secondary intervention) may occur in between t@&0ss Maryland. We lay out the assumptions underlying
implementations. To identify the impact of the polit}is approach, being particularly clear about the types of
change on the treatment effect, comparability of se@hools to which we can and cannot generalize the find-
jects in different treatment groups at different tiriegs from the randomized trial. We also briefly discuss
points and stability of the treatment effect are oft@h alternative propensity score approach that can be util-
needed to establish a causal relationship. Betviéegh within the context of doublgndomized prefer-
2001 and 2006, a smoking cessation program has @ee trials.




Talks

Automated Algorithms for Discovering dimensional covariate space such identification may
Causal Structure not be trivial. Several methods developed in the past

Peter Spites 6 Causal graphi calWOoHecqdss can bg useddg,adqress thispgpblem, ye
Abstract | will describe how various kinds of graphdN@ny require reliance on parametric assumptions and
can be used to represent causal relationships, the fJest: if not all, ignore the information embedded in

damental assumptions underlying the graphical repf8€ response variable. We propose a method for iden-

sentation, their advantages (e.g. model search, derfif§ing common support that addresses both of these

tion of effects from latent variables models, moddpSues. This is joint work with-Bung Su.
equivalence determination), their limitations (e.g. fail-

ure to represent parametric constraints, failure to rephiipDawid 0 Bewar e of the DAC

resent some kinds of causal relationships), and théfpstract Directed acyclic graph (DAG) models are
relationship to potential outcomes. This talk will servBOPUlar tools for describing causal relationships and
as an introduction to the following talk by Richard©r guiding attempts to learn them from data. In par-

Scheines describing applications of causal graphiti§flar, they appear to supply a means of extracting
models. causal conclusions from probabilistic conditional inde-

. . ~ pendence properties inferred from purely observa-
Richard Scheines o Causal gr aphi gignhl dafaoldarel asritidall ook af\tRiPenterprise, and
cations with search suggest that it is in need of more, and more explicit,
Abstract| will present a variety of applications involv-methodological and philosophical justification than it
ing computer aided search for causal graphical mode{sically receives. In particular, | argue for the value of

including examples from political science, educationglclean separation between formal causal language an
research, epidemiology, climate science, and a reg@niitive causal assumptions.

example from neuroscience involving fMRI data. The
examples illustrate the broad range of uses for moggberto Abadie 0 A General Theory ¢

search, including a) finding plausible alternatives ihstract Matching methods provide simple and intui-
published models that fit the data, b) finding the apive tools for adjusting the distribution of covariates
propriate set of latent covariates prior to a Bayesigiinong samples from different populations. Probably
analysis, c) finding hypotheses to test experimentaljgcause of their transparency and intuitive appeal,
and d) finding plausible causal models of a domain jfatching methods are widely used in evaluation re-
which theoretical knowledge is too weak to narrow theearch to estimate treatment effects when all treatment
space of model specifications and controlled expedonfounders are observed (Rubin, 1973, 1977;

ments are impossible. Rosenbaum, 2002). In spite of their popularity, the
. _ problem of establishing the large sample distribution
John Storey o Causal i nfer enc eofindlchihgrestifaofsaemhbins fargélyeunseived, Gith:

Complex traits and r egulthe exedpton of Som¥ speclaliSclses (see Abadie an
Imbens, 2006). The reason is that matching estimators

are norsmooth functionals of the data, which makes
Advances in Causal Inference their large sample theory particularly challenging. This
Jennifer Hill Noh-parametric identification of lack of talk will describe a new general method to establish
support in potentially higlimensional covariate spag  the large sample distribution of matching estimators.
Abstract Causal inference strategies in observationAs an example of the applicability of the method, we
studies that assume ignorability of the treatment a@ill describe how to derive the distribution of match-
signment also typically require an assumption of corfig estimators when matching is carried out without
mon support; problems can arise when trying to esfieplacement, a result previously unavailable in the lit-
mate causal effects in neighborhoods of the covarigggature. We will also discuss how to construct valid
space where there aren't both treatment and contréfandard errors for propensity score matching estima-
units. If ignorability is satisfied, identifying whetherors that take into account the uncertainty created by
or for which units, the common support assumption i§rst step estimation of the propensity score, a result
satisfied is an empirical question. However in higl@lso previously unavailable.

GaL gt a | 3INI Rdzl (S
(continued on next page)
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Graduate Student Session more general nonparametric approach. Third, we pro-

Yevgeniya Kleyman o Deconf oundi BOge a Bem sansitivitygagadysis that can be easily imple
experiments using propensity scores and other dinfe@dted by applied researchers within the standard
sion reduction technigqg uLSEMsframework. Like the existing identifying assump-

AbstractWhen the sample is small and the numbettiens, the proposed assumption may be too strong in

potential confounders large, propensity adjustm@@ny applied settings. Thus, sensitivity analysis is esser
may seem to have little to offer. However, in comtil in order to examine the robustness of empirical find-

nation with dimension reduction, flexible matchiriggs to the possible existence of an unmeasured con-
formal diagnostics and simple postching adjust- founder. Finally, we apply the proposed methods to a

ments, it works surprisingly well. In our motivatifigndomized experiment from political psychology.

example, a richly observed geaperiment compar- yin, Gag O0A Markov Compliance

ing a faitdbased and a conventional substance abys€q el for Causal Anal ysis

treatment, close propensity score maiching was AWdyractTraditional analysis methods for randomized
feasible. Stlll,_by modl_flcatlon of the propensity mogﬁ]dies, such as intent to treat (ITT) and as treated (AT),
and by matching relatively coarsely on the propengiy o provide unbiased estimate of causal effect of
score but‘also.matching on other scores summariﬁjggtmem when necompliance is present. Much re-
the covariate, it was possible to balance k=27 cOlkych has been done under the Rubin Causal Modeling
ates with only n=67 subjects. Closer propensiy) framework using principal stratification to obtain
matching was no better in these terms, and Worsggfinates of the causal effect of treatment. This ap-
others. The effectiveness of matching was evalugigd h focuses on getting ITT effect of treatment strati-
using recently developed appraisals of covariate fo@|1y the latent compliance class which is a function of
ance which incorporate randomizatased and he joint distribution of the compliance behavior under
Bayesian inference. In a thorough simulation stydhbiy of the treatment assignments, and thus is a preran
we examine several medleys of modeling the prop@isization variable. In the longitudinal setting when
sity score, matching metrics, and outcome analysisiment is administered multiple times, the effect of
The study sheds light on how best to combine Hi&comes on future compliance behavior may be of
propensity score with other dimensieduction ideas great interest to investigators, and may be beneficial to
to effectively reduce bias and Type | error rates.  jmprove compliance rate in the future studies. We pro-

Teppei Yamamofo ol denti fi cat iPese a Markpy gompliangee behaviphh gnd outcome
Sensitivity Anal ysi s f onmodeCfgrucausal analgsis iinathe lengitudmal fstadies
Abstract Causal mediation analysis is routinely céfien norcompliance is present. The model is con-
ducted by applied researchers in a variety of discipfitiested under the RCM framework, and ITT effect of
including epidemiology, political science, psycholdtgatment is estimated by principal stratification method.
and sociology. The goal of such an analysis is tdnirpddition to estimate the ITT effect within each com-
vestigate alternative causal mechanisms by exanfigidce class, we can estimate the effect of compliance
the roles of intermediate variables that lie in the ca@ghRvior on the outcomes, as well as the effect of out-
path between the treatment and outcome variablegofies on the compliance behavior. We assume a
this paper, we first prove that under a particular Vidarkov relationship between the longitudinal outcomes
sion of sequential ignorability assumption, the avegitfeé compliance class, while previous research in this
causal mediation effect (ACME) is nonparametricaliga (Lin, Ten Have, and Elliott 2008) considered the
identified. We compare our identifying assumpt®rd f ect of subjectsd joint
with those proposed in the literature. Some pract@althe joint distribution of the longitudinal outcomes.
implications of our identification result are also dfgur proposed model considered the correlation between
cussed. In particular, the popular estimator basedhgnpotential outcomes of an individual at a given time
the linear structural equation model (LSEM) cani@@tly, while previous research assume perfect correla-
interpreted as an ACME estimator if the linearity dith between the potential outcomes because this corre-
no-interaction assumptions are satisfied in additiorl&@on cannot be estimated directly. We conduct sensitiv-
the proposed assumption. We show that this assutiypanalyses by varying the correlation within a plausible
tion can easily be relaxed within the frameworkrange. We apply the proposed model to the longitudinal
LSEM. Second, we consider a simple nonparam@&@#Higide CBT Study using Markov Chain Monte Carlo
estimator of the ACME in order to relax distribution@timation method and to simulated data to consider its
and functional form assumptions. We also discugépeated sampling properties.




Posters

Lauren E. Cain and Miguel A. Herridarvard Univer-Carrie A. Hosman, Ben B. Hansen, and Paul W. Hol-
sity oMar gi nal struct ur adnd(Unversty § Mithganc @ ipa r s edy int
treat ment regi meso regression coefficients' confidence limits to the omis-
AbstractWhen estimating the effect of timagying si on of a confounder o
treatments, inverse probability (IP) weighting can ApstractOmitted variable bias can affect treatment ef-
propriately adjust for measured confounding duefeot estimates obtained from observational data due to
timevarying covariates that are affected by prior trehé lack of random assignment to treatment groups.
ment. Most applications of IP weighting of margirgensitivity analyses adjust these estimates to quantify
structural Cox models have focused on static treatntieatimpact of potential omitted variables. This work
regimes. For example, several articles comparedpitheents methods of sensitivity analysis to adjust inter-
outcomes of HIMnfected patients under the static real estimates of treatment effebibth the point esti-
gi mes oOinitiate c¢ombi n emateam standaedtenrabtained asing nultipterdireeqr y
at baselined vs o0nev-ep. dgnesston dakieg intoAmEduntdhe impastgan dmdtéd|
However, the comparison of dynamic treatment weriable could have on the standard error of the treat-
gimes is often more interesting and more relevant. fRent effect is important to inferences obtained from
example, one may want to compare the outcomesegfession; the narrowing or widening of a confidence
HIV-infected patients under the dynamic regimegerval can alter inferences made about treatment in a
oinitiate CcART when CD A4different Manner thanratshiftfini the pdint edtimateg Bhe |
500 cells/md vs oOinitiate c¢ AmRehodsyére demodsbDated anedatd from Connors et
count first drops below 350 cells/mimd | P w al's §9h86t study @f right heart catheterization and health
of dynamic marginal structural models can be usedutzomes.
compare such dynamic regimes. This poster describes
an application of a dynamic marginal structural md€ieséuke Imdi Luke Keek and Dustin Tingléy
to determine the optimal time to initiate cCART in ord@rinceton Univéraityl Ohio State Univ&rsity 0 A  Ge
to maximize the survival of Hixiffected patients. eral Approach to Causal M
Abstractn a highly influential paper, Baron and Kenny
Michael Elliott(University of Michigan 0 B a y e 19&6n proposed e rstatistical procedure to conduct a
ence for mediation ef f ecatsal medatiomanalysisthahcan bp ased tcsinvestaat
AbstractMost investigations in the social and heaftbssible causal mechanisms. This procedure has beel
sciences aim to understand the causal relationshipvlzkely used across many branches of the social and
tween a treatment or risk factor and outcome. Furtheatural sciences and especially in psychology and epide
more, given the multitude of pathways through whioiblogy. However, one major limitation of this ap-
the treatment or risk factor may affect the outcorpepach is that it is based on a set of linear regressions
there is also interest on decomposing the effect @nd cannot be easily extended to more complex situa-
ri sk factor into odir ectis thatnate fréguentty iemcouatered ine dppliedcre-
ing on the potential outcome framework for causal search. In this paper, we propose an approach that gen-
ference, we develop a Bayesian approach to estieratzes the Bardfenny procedure. Our method can
direct and mediating effects. This approach recognsme®mmodate linear and nonlinear relationships, para-
that direct and mediating effects can only be expressetlic and nonparametric models, continuous and dis-
as a range of plausible values of the population paranetée mediators, various types of outcome variables,
ters constructed from potential populations. This rarge single or multiple mediators. We also provide a for-
can be reduced by making further assumptions. Rai statistical justification for the proposed generaliza-
example, monotonicity or exclusionary restrictions used of the BarofKenny procedure by placing causal
in the causal inference from randomized experimenésliation analysis within the wigedgepted counter-
reduces this range to a single estimable parameter.f&cicial framework of causal inference. Furthermore, we
assumptions may not be reasonable in observatideatlop a set of sensitivity analyses that allow applied
studies, or might be reasonable only in a stochastgggarchers to quantify the robustness of their empirical
rather than deterministic, fashion. Here we use prinonRclusions. Such sensitivity analysis is important be-
pal stratification (Rubin and Frangakis 2002) to deause as we show the Bakemny procedure and our
inferences on the range of plausible values conditigeakralization of it rest on a strong and untestable as-
on the observed data and perform sensitivity anakgsmption even in randomized experiments. We illus-
using different prior distributions. The methodologytiate the proposed methods by applying them to a ran-
illustrated using both real and simulated examples. domized field experiment, the Job Search Intervention
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Study (JOBS l1). Finally, we offer éasyse software of ballot initiatives. The resulting research design leads
that implements all of the proposed methods. to two analyses. First, | utilize the synthetic case control
method, which allows me to compare over time out-
Booil Jo and Elizabeth StugBtanford University and Thees in states with initiatives to states without initia-
Johns Hopkins University 6 On t h e Us #ves wliile aBcountinge for pretteatment baseline differ-
Scores in Principal C a u eneek ackb$sfsmtest SeEosd, | upea raicloing do asse:
Abstract We examine the practicality of propensitgter turnout differences across adjacent metro areas
score methods for estimating causal treatment effeitis and without ballot initiativesn both analyses, |
conditional on intermediate posttreatment outconiesl that ballot initiatives rarely have spillover effects
(principal effects) in the context of randomized exp®m-voter turnout and state fiscal policy.
ments. In particular, we focus on the sensitivity of prin-
cipal causal effect estimates to violation of princidalger Lutz KernYale Univer§ity o0 The Pol i
ignorability, which is the primary assumption that wequences of Transitions out of Marriage in Great Brit-
derlies the use of propensity score methods to estiraten 6
principal effects. Under principal ignorability, princigddstractDo separation, divorce, and widowhood affect
strata membership is conditionally independent of pioditical behavior? We use longitudinal British House-
potential outcome under control given the- preold Panel Survey data and Genetic Matching
treatment covariates; i.e., there are no differences ifiDiemond and Sekhon 2005) to match separated, di-
potential outcomes under control across principal stxatieced, and widowed individuals to continuously mar-
given the observed pretreatment covariates. Underrtbds individuals on a large number of covariates predic-
assumption, principal scores modeling principal sttaia of transitions out of marriage or political behavior.
membership can be estimated based solely on théAdbd-estimate the effects of transitions out of marriage
served covariates and used to predict strata mentempolicy preferences, electoral participation, and vote
ship and estimate principal effedthile this assump- choice in British General Elections and show that mari-
tion underlies the use of propensity scores in this sdtdissolution causes a large decline in turnout that,
ting, sensitivity to violations of it has not been studgiden the characteristics of individuals most likely to
rigorously. In this paper, we explicitly define principaperience transitions out of marriage, hurts Labour
ignorability using the outcome model (although werdore than it hurts the Conservatives.
not actually use this outcome model in estimating prin-
cipal scores) and systematically examine how devidtandlie (University of Pennsylvaniad Ca u s a | I
from the assumption affect estimates, including ha®andomized Trial with Noncompliance and Adminis-
the strength of association between principal strattmat i ve Censori ngo
membership and covariates modifies the performaidestractin many clinical studies with a survival out-
We find that when principal ignorability is violatethme, followup ends at a pispecified date when
very strong covariate predictors of stratum membershany subjects are still alive. This creates administrative
are needed to yield accurate estimates of principatesfsoring. An additional complication in some trials is
fects. that there is noncompliance with the assigned treat-
ment. For this setting, we develop an empirical likeli-
Luke Keele(Ohio State Universjty 0 An  Ob sheod approachameatimate the effect on survival prob-
Study of Ball ot | niti at abitgts agverdtim& poattamongthosecsobipesswino
Abstractit has long been understood that the presemaauld comply with the assignment to both treatment
of the ballot initiative process leads to different oatid control.
comes among stateb general, extant research has
found that the presence of ballot initiatives tendske i t h  O8 Rour ke (Qurece nA)a Udh
increase voter turnout and depress state revenuebadd u s a | |l nference in Econ
expenditures! reconsider this possibility and demomModel i ng of Costs and Eff
strate that past findings are an artifact of incorrectAbstractHeath care economic evaluations necessarily
search designFailure to account for differences iimvolve bivariate functions of costs and efféats.
states often leads to a confounding association betwgeame f(c,e). Joint distributions are therefore needed to
ballot initiatives and voter turnout and fiscal pgbintly model the costs and effectaaking the analy-
icy. Here, | conduct an observational study based csea more complicated and less robust. Furthermore,
counterfactual model of inference to analyze the effestamands need to be thoughtfully defined with respect



http://www.amstat.org/meetings/jsm/2009/onlineprogram/index.cfm?fuseaction=abstract_details&abstractid=304481
http://www.amstat.org/meetings/jsm/2009/onlineprogram/index.cfm?fuseaction=abstract_details&abstractid=304481
http://www.amstat.org/meetings/jsm/2009/onlineprogram/index.cfm?fuseaction=abstract_details&abstractid=304481

Posters See you next year!

to these joint distributions and they need to be of real

and direct interest to health economists. Careful as-

sessment and display of the modeling and sampling

uncertainties as well as the likely biases in these esti-

mands should be facilitated and encouraged as stan-

dard practice. It is anticipated that a number of issues

need to be addressed in order to accomplish this: (i)

flexible specification of joint distributions of cost and

benefits; (i) modeling of variables that jointly or sepa- )

rately drive costs and benefits; (jii) propensity based Thanks for attending the

matching to provide similar distributions of these vari-2009 Atlantic Causal Modeling Conference!
ables between comparison groups in order to avoid

ounnecessaryodé extrapol agqi ; iV i j n j o
separate regression based adjustments to both oMIN(H}ERShLY 6f FMN§VL?/AIQI1A

come 1 mperfect mat ching ang¢dg nr nuida Anncessary.
extrapolation for the desired estimands; (v) graphical

displays highlighting the modeling contributions, re-
sulting uncertainties, and likely biases.

Felix Thoemmes, Stephen West, and Eri¢Atlidona

State University O Pr opensity scores
-analysis comparing randomized andrandomized
studi eso

Abstract Randomized experiments and duasi
experimental designs conducted in the same research
setting are likely to yield different results (e.g. Lipsey &
Wilson, 1993; Becker, 1990). We conducted & met
analysis of drug prevention programs and demonstra
thatsomef this observed difference can be accounted
for by methodological confounds associated with fea-
tures of each of the designs. Drawing on previous
work by Shadish and colleagues (Shadish & Ragsdale, . o ) .
1996; Heinsman & Shadish, 1996) and the methodol- Department of Biostatistics & Epidemiology,

met a

ogy literature, we chose a large number of design fea- School of Medicine
tures to examine. Using standard analyses faZ meta

analyses, but also propensity score analysis Department of Statistics,
(Rosenbaum & Rubin, 1983) we identify some meth- The Wharton School

odological features that were associated with design
based differences in observed effect sizes. Among
these were proper baseline and Aavél adjustment,

use of matching methods, sample size, and amount of
attrition. We estimated a propensity score, predicting
that any given study is a randomized controlled trial
based on a large number of methodological character-
istics. We find that many quesperimental designs
are so dissimilar from randomized experiments that an
unZonfounded comparison between the two designs
is hardly possible.




