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Causal inference in nonrandomized studies and broken randomized
experiments can be characterized as a problem of missing data.
Consider a simple comparison of participants who received a new
intervention (Treatment) and those received care as usual (Control).
Each participant has two potential outcomes--the response under
Treatment and the response under Control--and we may define a
causal effect as the average difference between these two outcomes in
the population. Of course, only one of these two potential outcomes is
seen for any participant, and making inferences about an average
causal effect becomes a missing-data problem. Estimates of average
causal effects can be constructed by many of the same methodological
tools developed in recent years for handling missing values including
direct maximum likelihood and Bayesian estimation, multiple
imputation, and weighted estimating equations. Special care is
needed in these settings, however, due to the high rates of missing
information and high degree of sensitivity to model misspecification.

This one-day workshop is designed for methodologically-oriented
researchers in the social, behavioral and medical sciences in search of
practical tools for causal inference from experimental and
observational data.

Participants will first be introduced to the potential-outcomes
framework of causal inference as espoused by Holland (1986),
Rosenbaum (2002), Rubin (2005) and others, in contrast

to the regression-based approaches (e.g. structural equations
modeling) which have historically dominated the social sciences. This
will be followed by a broad overview of the available techniques for
handling missing values--weighting, imputation, likelihood-based
methods, etc.--with discussion on how they apply to the problem of
estimating an average causal effect. These missing-data methods will
be related to other methods proposed for causal inference, including
stratification and matching based on the propensity score (Rosenbaum
and Rubin, 1983), weighted estimating equations (Robins, Rotnitzky
and Zhao, 1994), and the new "doubly robust" methods that combine
propensity scores with regression predictions (Rotnitzky, Robins &
Scharfstein, 1998; van der Laan & Robins, 2003). These methods will
be compared and contrasted with respect to the underlying
assumptions, performance characteristics (bias, efficiency, robustness)
availability of software and ease of implementation.
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