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SUMMARY

THE ESTIMAND

ROBUSTNESS 1: MODEL SPECIFICATION

Causal inference & ceteris paribus manipulation of treatment

Motivating Concerns

» Sensitivity to model misspecification

» Fail with high-dimensional covariates

» Limited to binary treatment, average effect
» Bespoke extensions

Method of Direct Estimation for counterfactual quantities
» Adaptive, nonparametrc regression

» Robust to monotonic transtorm of confounders

» Binary, categorical, continuous treatment

» IV, mediation arise naturally

The Setup
» Y;(t): Potential outcome function; t € {0,1} ort € ‘R
» Confounders: X;
» Conditional ignorability; SUTVA
- [Yi, Ti, XZT] Observed
Estimands
» Binary effect: E(Y;(1) — Y3(0)|Xj)
» Dose effect: VTZ((S) — %E(Yi(Ti + (5) — Yi(Ti)‘Xi)
» Instantaneous etfect: limg_,o V7.(0)

ESTIMATION PROCEDURE

THE OBSERVED DATA MODEL

NSW experiment
» Treatment: Job training program
» Outcome: 1978 earnings; $886=Experimental benchmark
» X: 1974/1975 income, no earnings in 1974/197/5, age, race, . ..
» X reduced: X - no earnings in 1974/1975; no hs degree

MDE OLS Post LASS0

X 859 1423
X reduced 888 46
X, X* 513 2306

X, X?, interactions 338 8.22 x10%°

ROBUSTNESS 2: ALGORITHMIC STABILITY

1. Construct tensor spline basis (treatment X covariate X covariate)
2. Marginal correlation screen (SIS, Fan and Lv)

3. Sparse Bayesian regression with endogenous tuning parameter
(Ratkovic and Tingley 2017)

4. Predict desired counterfactual

Outcome is fit to post-screened bases R(Tj, X;),
Y;=R(T, X)Tc+e; e N0
Estimating effects
~ E(Yi(1) = Yi(0)IX;) = (R(1, Xi) — R(0, X;)) "¢

- Vr(0) = JR(T; + 6, X;) — R(T;, X)) ¢
» Instantaneous effect: set 6 = 10~

5 fits to same set of nonparametric bases (Truth = 0)

MDE 187 187 188 190 189
Horseshoe 1600 1873 997 1456 762
CV-LASSO 1719 1692 1755 1719 1755

EXTENSION: 1V ANALYSIS

EXPLAINING ESTIMATION PROCEDURE

CONSTRUCTING BASES

1. Model treatment heterogeneity as a nonparametric function ot
confounders

2. Millions of bases: screen to get to hundreds or thousands

3. Sparse model with endogenous tuning to achieve theoretical
prediction bounds

4. Predict desired counterfactuals (treatment effect, IV, mediation)

» B-splines: 24 for treatment and each confounder
» Three-way interactions: p = 10 = 1.45 million bases
» Screen: Maintain 100 X (1 + n'/°) =~ hundreds

THE SPARSE BAYESIAN MODEL

ADVANTAGES

» Automated: no researcher-specified tuning parameters
» Binary, categorical, continuous treatment

» Robust to skewed covariates and interaction terms

» Stable algorithm

» Achieves minmax uncertainty bound

» Plug-in estimate for SEMs

DIRECT EXTENSIONS

» IV: Model heterogeneous first stage and second stage etfects
» Mediation: Model heterogeneous direct and indirect etfects

Y,IR(T;, X;), c,0° ~ N(R(T;, X;) ¢, 0%)
cklA, w, 0 ~ DE (Awy/0)

Aln,p, p ~ T (n X ({log(n) + 21og(p)) — p, p)
wily ~ generalizedGamma(l,1, y)

y ~ exp(1)

Properties
» Likelihood: Normal regression

» Tuning parameter A grows at Oracle Rate ( N log(p))

» Weights for ¢, — 0 grow as +/log(n)/n
~ Weights for ¢y -+ 0 grow as 1/n
» 1: Global sparsity parameter; controls tail density of prior

Instantaneous encouragement
VIZY((S) = E(T«(Z; + 0) — Ti(Z:)| X)

Instantaneous intent to treat on the treated
VY (©0) = B{Y;(TiZ) + VY (0)) = Yi (TdZ) IXi}
Local Instantaneous Causal Effect

lim V7. (0)/ V7, (0)

Compared to TSLS, LICE allows for heterogeneity in each stage
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CONCLUSION

» Automated, reliable causal effect estimation
» Structural equations (IV, Mediation)
» Future work: Repeated observations, limited d.v.’s




