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The task of Identification (ID)
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Data-Driven Causal Identification

With the causal graph (2)

discovered from data (0) and the
available distribution (3), we can
answer the research question (1).

1 Jaber, Amin, Jiji Zhang, and Elias Bareinboim. "Causal identification under Markov equivalence: Completeness results." ICML. PMLR, 2019.
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Research question

How do we estimate an identifiable
functional from the Markov Equiv. Class”?
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Simulation results

1/4

Debiasedness (DB) All nuisances converges slow (at N~ '" rate).

DML estimator exhibits Debilasedness
and Doubly Robustness properties.
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Conclusion

 \We derived an influence function for any causal effects identifiable
given a Markov equivalence class (MEC), learnable from data.
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« Summary — We introduced the first general algorithm for estimating any
identifiable functional which enjoy debiasedness and doubly robustness.
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