
Abstract

In today’s big data world, we have witnessed rapidly increasing popularity of machine learning methods in

empirical studies, such as random forests, lasso, post-lasso, elastic nets, ridge, deep neural networks, and

boosted trees among others. The objective of this paper is motivated by recently increasing demand for Dou-

ble/debiased Machine Learning (DML) methods in empirical research.

Chapter One studies an inference method for the local average treatment effect (LATE) in the presence

of high-dimensional covariates, irrespective of the strength of identification. We propose a novel high-

dimensional conditional test statistic with uniformly correct asymptotic size. We provide an easy-to-implement

algorithm to infer the high-dimensional LATE by inverting our test statistic and employing the double/debi-

ased machine learning method. Simulations indicate that our test is robust against both weak identification

and high dimensionality concerning size control and power performance, outperforming other conventional

tests.

Chapter Two, coauthored with Harold Chiang, Kengo Kato, and Yuya Sasaki, investigates double/debiased

machine learning (DML) under multiway clus- tered sampling environments. We propose a novel multiway

cross fitting algorithm and a multiway DML estimator based on this algorithm. We also develop a multiway

cluster robust standard error formula. Applying the proposed method to market share data for demand anal-

ysis, we obtain larger two-way cluster robust standard errors for the price coefficient than non-robust ones in

the demand model.

Chapter Three, coauthored with Harold Chiang, Joel Rodrigue, and Yuya Sasaki, presents novel methods

and theories for estimation and inference about parameters in statistical models using machine learning for

nuisance parameters es- timation when data are dyadic. We propose a dyadic cross fitting method to re- move

over-fitting biases under arbitrary dyadic dependence. Together with the use of Neyman orthogonal scores,

this novel cross fitting method enables root-n consistent estimation and inference robustly against dyadic

dependence.
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