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Postestimation commands
The following postestimation command is of special interest after eregress:
Command

Description

estat teffects

treatment effects and potential-outcome means

The following standard postestimation commands are also available after eregress:
Command
contrast
estat ic
estat summarize
estat vce
estat (svy)
estimates
∗
forecast
∗
hausman
lincom
∗

lrtest
margins
marginsplot
nlcom
predict
predictnl
pwcompare
suest
test
testnl
∗

Description
contrasts and ANOVA-style joint tests of estimates
Akaike’s and Schwarz’s Bayesian information criteria (AIC and BIC)
summary statistics for the estimation sample
variance–covariance matrix of the estimators (VCE)
postestimation statistics for survey data
cataloging estimation results
dynamic forecasts and simulations
Hausman’s specification test
point estimates, standard errors, testing, and inference for linear
combinations of coefficients
likelihood-ratio test
marginal means, predictive margins, marginal effects, and average marginal
effects
graph the results from margins (profile plots, interaction plots, etc.)
point estimates, standard errors, testing, and inference for nonlinear combinations
of coefficients
predictions, residuals, influence statistics, and other diagnostic measures
point estimates, standard errors, testing, and inference for generalized predictions
pairwise comparisons of estimates
seemingly unrelated estimation
Wald tests of simple and composite linear hypotheses
Wald tests of nonlinear hypotheses

forecast, hausman, and lrtest are not appropriate with svy estimation results.
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predict
Predictions after eregress are described in
[ERM] eregress predict
[ERM] predict treatment
[ERM] predict advanced

predict after eregress
predict for treatment statistics
predict’s advanced features

[ERM] eregress predict describes the most commonly used predictions. If you fit a model with
treatment effects, predictions specifically related to these models are detailed in [ERM] predict
treatment. [ERM] predict advanced describes less commonly used predictions, such as predictions
of outcomes in auxiliary equations.

margins
Description for margins
margins estimates margins of response for means, probabilities, potential-outcome means, treatment
effects, and linear predictions.

Menu for margins
Statistics

>

Postestimation

Syntax for margins

margins

margins
statistic



marginlist

 

marginlist



, options



, predict(statistic . . . )



predict(statistic . . . ) . . .

 

options

Description

Main

mean
pr
pomean
te
tet
xb
pr(a,b)
e(a,b)
ystar(a,b)

mean; the default
probability for binary or ordinal yj
potential-outcome mean
treatment effect
treatment effect on the treated
linear prediction
Pr(a < yj < b) for continuous yj
E(yj | a < yj < b) for continuous yj
E(yj∗ ), yj∗ = max{a, min(yj , b)} for continuous yj

Statistics not allowed with margins are functions of stochastic quantities other than e(b).
For the full syntax, see [R] margins.
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See [ERM] intro 6 for an overview of using margins and predict after eregress. For examples
using margins, predict, and estat teffects, see Interpreting effects in [ERM] intro 8 and see
[ERM] example 1a.

Methods and formulas
This section contains methods and formulas for counterfactual predictions and inference. Methods
and formulas for all other predictions are given in Methods and formulas of [ERM] eregress. In Methods
and formulas of [ERM] eregress, we discussed how treatment effects are evaluated in extended linear
regression models. Here, we discuss the counterfactual framework used to evaluate the effects of
other covariates.
In the extended linear regression model for yi on exogenous covariates xi and wi , we partition
each set of covariates into two groups. The exogenous covariates xi are partitioned into xci and winc ,
where we are interested in the effect of changes in xci . Similarly, the endogenous covariates wi are
partitioned into wic and winc , where the effect of changes in wic are of interest. The superscripts
indicate what is a counterfactual value (c) and what is not (nc).
If xci = a0 and wic = a20 , for covariates winc and xnc
i we would observe the outcome
nc
y0i = β0nc xnc
i + β20nc wi + βc a0 + β2c a20 + 0i
nc
= β0nc xnc
i + β20nc wi + βc0 + 0i

where the unobserved error 0i is normal with mean 0. We treat βc a0 + β2c a20 = βc0 as a constant
intercept, because it is the same for each value combination of the covariates winc and xnc
i and the
error 0i .
Similarly, if xci = a1 and wic = a21 , for covariates winc and xnc
i we would observe the outcome
nc
y1i = β1nc xnc
i + β21nc wi + βc a1 + β2c a21 + 1i
nc
= β1nc xnc
i + β21nc wi + βc1 + 1i

The effect of changing xci and wic from a0 and a20 to a1 and a21 on yi is the expected difference
between y1i and y0i .
To obtain this difference, we average the conditional means of y1i and y0i as a predictive margin.
For j = 0, 1, we can predict the counterfactual mean for group j by using the tools discussed in
Predictions using the full model in [ERM] eprobit postestimation,
nc

CMj (wi

nc
nc
c
, xnc
i , zi ) = E(yji |wi , xi , xi = aj , zi )

where zi are instruments necessary for modeling the endogenous regressors winc . By the law of
iterated expectations, we have
nc
nc
E(y1i − y0i ) = E {CM1 (winc , xnc
i , zi )} − E {CM0 (wi , xi , zi )}

So the effect of changing xci and wic from a0 and a20 to a1 and a21 can be estimated as a predictive
margin on the counterfactual means.
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We can use predict with the fix() and target() options to predict the counterfactual probabilities. The fix() option is used to indicate the endogenous covariates in wic . The target() option
can be used to set the counterfactual values aj and a2j of xci and wic .
When wic corresponds to a single ordinal or binary regressor, the difference in counterfactual
probabilities corresponds to a treatment effect of wic . We can also evaluate the effect of a change
in wic and xci , conditioned on wic . This effect is analogous to the treatment effect on the treated
discussed in Methods and formulas of [ERM] eregress. We are conditioning the effect on some base
value for wic , wic = b.
Now, the counterfactual means are conditioned on wic = b. So for j = 0, 1, we have
nc

CMbj (wi

nc
c
nc
c
, b, xnc
i , zi ) = E(yji |wi , wi = b, xi , xi = aj , zbi )

where zbi are instruments necessary for modeling the endogenous regressors winc and wic . This
counterfactual mean can be evaluated using the tools discussed in Predictions using the full model in
[ERM] eprobit postestimation.
By the law of iterated expectations, we have
c
E(y1i − y0i |wic = b) =E {CMb1 (winc , wic = b, xnc
i , zi )|wi = b} −
c
E {CMb0 (winc , wic = b, xnc
i , zi )|wi = b}

So the effect of changing xci and wic from a0 and a20 to a1 and a21 conditioned on wic = b can
be estimated as a predictive margin on the counterfactual means.
The base values b for wic are specified in the base() option. As before, target() can be used
to specify the counterfactual values for xci and wic .
When xci = xi and wic = wi , the counterfactual mean matches the average structural mean (ASM).
Applying the average structural function (ASF) discussed by Blundell and Powell (2003), Blundell and
Powell (2004), Wooldridge (2005), and Wooldridge (2014) to a conditional mean on the covariates
and unobserved endogenous error produces the ASM.
In the linear regression model, for exogenous covariates xi and C endogenous regressors wi , we
have
yi = xi β + wi β2 + i
where the error i is normal and correlated with wi .
The ASM provides a useful interpretation of β and β2 when the wi are correlated with i . Because
i is a normally distributed, mean 0, random variable, we can split it into two mean 0, normally
distributed, independent parts,
i = ui + ψi
where ui = γ2i is the unobserved heterogeneity that gives rise to the endogeneity and ψi is an error
2
term with variance σψ
.
Conditional on the covariates and the unobserved heterogeneity, the conditional mean of yi is

E(yi |xi , wi , ui ) = xi β + wi β2 + ui
Because ui is an unobserved random variable, this conditional expectation is not observable.
Integrating out the ui , just like we do with random effects in panel-data models, produces the ASM,
Z
0
0
ASM(xi , wi ) =
E(yi |x0i , wi0 , ui )f (ui )dui
where f (ui ) is the marginal distribution of ui , and x0i and wi0 are given covariate values.
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Because ui has mean 0, we have
0

0

ASM(xi , wi )

= x0i β + wi0 β2

So, the ASM is the linear prediction of the main outcome.
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