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Treatment effect (TE) estimation – Cross-sectional data

We are interested in estimating TE’s from observational data.

• Potential outcomes (PO) not observed

• Treatment not randomly assigned

unbalance: Treatment and control groups are not comparable

Estimators:

1. Regression adjustment (RA)

2. Inverse probability weighting (IPW)

3. Augmented IPW (AIPW)

4. IPW regression adjustment (IPWRA)

5. Matching



Treatment effect estimation in Stata

Treatment effects (TE) estimation – teffects

RA estimator in a nutshell

Assume a model for PO’s. For example, a linear model:

• yi (t) = βtXi + εi

Other models available: probit, logit, hetprobit, poisson ...

ATE estimation (point estimates):

1. Use treated units to estimate the model for yi (1);

• Predict ŷi (1) for all units

2. Use control units to estimate the model for yi (0);

• Predict ŷi (0) for all units

3. Compute ŷi (1)− ŷi (0) for all units and take the average.

Remark: SE’s come from GMM.
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Example – Cattaneo (2010)

Measure effect of smoking during pregnancy (mbsmoke) on the
weight at birth (bweight).

Controls: Age, education, marital status, indicator of a prenatal
exam on 1st trimester, whether this baby was the first.
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RA estimator – Output



Treatment effect estimation in Stata

Treatment effects (TE) estimation – teffects

IPW estimator

Assume a model for the treatment. For example, a logit model:

• Pr[Ti = 1|Xi ] =
exp(βXi )

1+exp(βXi )

Other models available: probit and hetprobit.

ATE estimation (point estimates):

1. Estimate the treatment model using all units.

• Predict the treatment probability for each unit pi .

2. Compute IPW’s.

• wi = 1/pi if unit is treated, wi = 1/(1− pi ) otherwise

3. Calculate weighted means of outcome for treated and control
units and take the difference.

Remark: SE’s come from GMM.



Treatment effect estimation in Stata

Treatment effects (TE) estimation – teffects

IPW estimator – Output
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Model diagnostics – Balanced covariates
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Formally testing for balanced covariates

teffects ipw is an exactly identified GMM model.

However, we can reestimate it with additional moment conditions

• E
[
ti
pi
Xi − 1−ti

1−pi
Xi

]
= 0

and test for overidentification.
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Doubly robust estimators

Doubly robust estimators model both the treatment and the
outcome model.

• These models are interesting because they are consistent even
if one of the models is misspecified

• AIPW and IPWRA have this property.
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Nearest neighborhood matching

Matches the closest individuals in terms of covariates.

• Matching is done with replacement and ties are allowed

• Bias adjustment with more than one covariate

• These estimators do not allow for multivalued treatments
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Nearest neighbor matching estimator – Output
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Propensity score matching

Estimate the treatment probabilities (propensity scores).

• Assign values to unobserved outcomes based on observed ones
with similar propensity scores

• Estimate ATE

• These estimators do not allow for multivalued treatments
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Propensity score matching estimator – Output
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TE estimation with variable selection

There is conflict between the assumptions in causal inference.
Often, with more conditioning variables:

• Selection on observables assumptions seems more believable,

• but the overlap assumption seems less.

Can we solve this conflict in a data-driven way?

Yes,
Include many potential variables + use lasso to select among them
+ make sure SE’s account for model selection
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How does lasso select variables?

Lasso solves the following minimization problem

βlasso = argmin
β

{
1

N
||Y − Xβ||22 + λ||β||1

}
The penalty term on the right implies corner solutions. Therefore,

many coefficients are set to 0.
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telasso estimator – Chernozhukov et al. (2018)

6 steps to estimate ATE:

1. Use lasso to select variables in outcome model for each
treatment level,

2. Use selected variables in 1 to

2.1 Fit separate regression models of the outcome for each
treatment level,

2.2 Obtain treatment-specific outcomes for each unit
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telasso estimator – Chernozhukov et al. (2018)

6 steps to estimate ATE:

3. Use lasso to select variables in the treatment model

4. Use selected variables in 3 to

4.1 Estimate parameters of treatment model,
4.2 Predict treatment probabilities and compute IPW’s

5. Compute weighted means of treatment-specific predicted
outcomes for each treatment level,

6. Take difference of means in 5.
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Example – ATE of bilateral lung cancer (BLT)

BLT has a higher short-term death rate than single lung transplant
(SLT), but provides a larger improvement on quality of life.

Objective: Measure the effect of BLT (vs. SLT) on forced
expiratory volume in one second (FEV1%).

Data:

• Fictional dataset (lung.dta) inspired by Koch et al. (2018)

• 31 variables with characteristics of patients and donors.

$allvars: Global with all controls plus interactions (454 variables)
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Control variables
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telasso – Output
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Conditional average treatment effect

The conditional average treatment effect (CATE) is defined as:

CATE = E
[
Yi (1)− Yi (0)|Xi = x

]
≡ τ(x)

It helps to answer questions such as:

1. How do TE’s change with covariates?

2. Do TE’s change vary across prespecified groups?

3. Are there unknown groups in the data for which TE’s differ?

4. Are TE’s homogeneous or heterogeneous?

5. Among different treatment-assignment rules, which is best?
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The cate command

Different versions of CATE:

IATE: Individualized average treatment effects,

x : characteristics of a specific observation
τ(x): expected TE for units with same characteristics as observation

GATE: Group average treatment effects,

x : pre-specified group indicators, denoted as Gi

τ(g): expected TE for units in group g

GATES: Sorted group average treatment effects,

x : data-driven group indicators based on quantiles on IATE’s,
τ(q): expected TE for units in IATE’s q-th quantile
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Partialling-out (PO) estimator – Nie and Wager (2021)

We can estimate IATE with the partial linear model:

outcome: y = d ∗ τ(x) + g(x ,w) + ε

treat.: d = f (x ,w) + u

where,

d : Binary treatment

g(·): nuisance function for outcome model

f (·): nuisance function for treatment model

τ(x): IATE function
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PO estimator

The partial linear model and unconfoundedness imply

y − E[y |x ,w ] =
(
d − f (x ,w)

)
τ(x) + ε

PO estimator (heuristics):

1. Estimate E[y |x ,w ] and f (x ,w) via lasso, random forest, or
parametric regression.

2. Partial-out the residuals:

2.1 ỹ = y − Ê[y |x ,w ]
2.2 d̃ = d − f̂ (x ,w)

3. Estimate τ(x) from ỹ and d̃ via generalized random forest or
linear regression.

All details: cate documentation

https://www.stata.com/manuals/causalcate.pdf
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AIPW estimator

We can relax the partial linear assumption:

PO 0: y = g0(x ,w) + ε0

PO 1: y = g1(x ,w) + ε1

treat.: d = f (x ,w) + u

τ(x) = E
[
g1(X ,W )− g0(X ,W )|X = x

]
where,

d : Binary treatment

g0, g1: nuisance functions for outcome model

f (·): nuisance function for treatment model
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Example – IATE estimation (w = ∅)

Objectives:

1. Measure effect of 401k eligibility (e401k) on net financial
assets (asset)

2. Study treatment effect heterogeneity.

τ(x) = E
[
asset(1)− asset(0)|x

]
Data:

• 1990 Survey of Income and Program Participation (excerpt)

• Data on demographics; household income and assets; and
pension contributions.
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Loading the data
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PO estimator – estimation log
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PO estimator – Results
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Visualizing the IATE function τ(x)
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Testing for heterogeneous treatment effects
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Analyzing τ(x) – Linear projection
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Analyzing τ(x) – Nonparametric regression
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Plotting τ(x)
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Plotting τ(x)
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Options – High-dimensional controls (w ̸= ∅)
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Options – Changing estimation methods, oob
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Options – Changing estimation methods
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Example – GATE estimation
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Example – GATES estimation

Data generating process:

• We generate 4 groups with TE’s of 0, 4, 8, and 16;

• Groups are unknown during estimation;

• They must be recovered from the data.

Details on the DGP are in the do-file.
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Example – GATES estimation
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GATES testing
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Questions?
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15 minute break
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