Accurate, interpretable statistical causal effect estimation
06 Who is affected by this policy, and why?

Abstract

To design important, individualized interventions such as medical treatments and targeted advertising, we need to understand who
benefits from a policy, by how much, and why. We develop two methods for this goal. The first method focuses on accurate effect
estimation. It aims to improve the prediction of outcomes with and without treatment by detecting and correcting hidden
correlations between treatment assignment and outcomes—for example, when older patients are less likely to receive risky surgery
and also tend to have worse outcomes. The second method focuses on explanation. It identifies which personal characteristics
account for differences in treatment effects across individuals, while assessing the statistical significance of each characteristic.
Compared with simple machine learning techniques that rely only on observed correlations, these methods aim to evaluate the
treatment effects more accurately by capturing cause-effect relationships. By building accurate and interpretable causal effect
estimation techniques that work even with limited data, our research aims to support data-driven decision-making in high-stakes
settings. Ultimately, we hope this research will contribute to a future in which important decisions can be tailored more precisely,
reliably, and effectively to each individual.

What is a causal effect? Two tasks for policy design
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1. Debiased representation learning for effect prediction [1] 2. Feature discovery for treatment effect heterogeneity [2]

Feature representation learning More accurate identification of features that
for bias correction in high-dimensional data influence treatment effects than existing techniques
1. Learn debiased feature representations from data and 1. Measure the feature importance by how much the distance
minimize prediction errors weighted by the degree of bias | between the outcome distributions with and without
2. Use a differentiable weight estimation technique treatment varies across feature values
to efficiently correct bias and improve effect estimation 2. Evaluate statistical significance (p-values) of each feature
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