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Setting & Motivation
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Structural Equation Model (SEM)
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Proposed Methods
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Matrix Weighted Linear Estimator
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Practical estimators
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* The bias and variance of this estimate has been shown to vanish
as m->infinity even with large amount of biased observational
data. Its still biased for finite sample.



Minimize estimator variance
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Lasso and Ridge estimates (minimizes variance)
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Data Pooling (special case)
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Ridge Regression (Special case)
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Experiment setup

General Setup. In all experiments, we use p = 30 treat-
ments, a one-dimensional (d = 1) confounder Z. and
unit/isotropic (co)variances: ::r?f}, = D'irg =1, Xnx = 1.
We sample Nx ~ N(0, Cov(X,)), a ~ N(0, 9L,). and
choose b and ~ depending on the settings described below.
Unless otherwise specified, we then draw m = 300 inter-
ventional and n = 600 observational examples from Py
and Pgps. respectively, and compute estimates of o using
the different weighting approaches. We repeat this proce-
dure 1000 times and report the resulting mean and standard
deviation of the mean squared error.
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Results
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* Data pooling works well for gamma =1
« Wi" does not work well in small sample cases because of high variance




Conclusion

* A method to estimate treatment effects by utilizing both
Interventional and observational data.

e Minimize bias and variance
e Minimize MSE

* Future work
* Beyond Linear Regression
* Binary or categorical treatments
* Binary or categorical outcome



	Slide 1: Causal Effect Estimation from Observational and Interventional Data Through Matrix Weighted Linear Estimators
	Slide 2: Setting & Motivation
	Slide 3: Structural Equation Model (SEM)
	Slide 4: Data
	Slide 5: Proposed Methods
	Slide 6: Matrix Weighted Linear Estimator
	Slide 7: Practical estimators
	Slide 8: Minimize estimator variance
	Slide 9: Lasso and Ridge estimates (minimizes variance)
	Slide 10: Data Pooling (special case)
	Slide 11: Ridge Regression (Special case)
	Slide 12: Experiment setup
	Slide 13: Results
	Slide 14: Conclusion

