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Fun Little Problem

» Suppose you have a random sample of three variables, (z;,yi,2;), i=1,...,] N.

» z, and y, are mean zero, but z; is not.

» Suppose you want to estimate the mean, y of z;

» Suppose you want to estimate the slope, 3, in a simple linear regression
yi=zif+uw

» Suppose you then want to know the covariance between y and 5?

O 1 () Q s 0
* Toni Whited ™= @toniwhited - Feb 12
» 6/7
Stacking

» You could just bootstrap.

» OR! ... you could stack the influence functions for /i and 3 and covary them.

» That's what Tim Erickson and | did in Erickson and Whited (2002, Econometric Theory).
» The next slide shows you how to do it in Julia. Super easy.

» You can do this for most estimators because most estimators we use are asymptotically linear.
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' Stacking!
1. Trick Stata into estimating two (or more) OLS/2SLS regressions
simultaneously, in a single ivregress or reg command
2. Apply lincom or nicom, as before

Sounds simple right? And it mostly is!

O 1 T Q 4
# % Peter Hull @instrumenthull - Feb 13
' Two facts that make this work:

a) You can run any OLS reg as a 2SLS reg with all regressors instrumenting
for themselves (i.e. "included instruments"”)

>

b) You can run any two 2SLS regs simultaneously by stacking the
appropriate dataset and saturating in a sample indicator

O 1 n QO s &

A% Peter Hull @instrumenthull - Feb 13
' (a) is straightforward; (b) may require a bit more explanation
Say you "ivreg2 y1 (x1=z1) w1, r" in samp1 and "reg y2 x2 w2, r" in samp2.
How do I run both simultaneously?

1) Append ("stack”) the samples, generating a samp2 indicator

2) Generate y=y1"(1-samp2)+y2-samp2
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Final 2019
2. (Logit Binary Choice model) Let iid data {(X/,Y;) :i=1,...,n}, where ¥; € {0,1} is a

binary variable, be generated according to the model
E(Y;| X;) = P(Y; = 1| X;) = AMX;Bo),

where A(u) = €"/(1 + ") is the CDF of the Logistic distribution, X; is the k-vector of
regressors, and By € RF is the unknown vector of parameters. Note that the conditional

distribution of Y; conditional on X; can be described as
P(Yi=y ] X0) = (ACXIB0)” (1= ACKIB0)' ™,y e (0,1,
Let /3, denote the maximum likelihood estimator (MLE) of So:

Bn = arg max Q,(5), where
BERK

Qu(B) =n""Y {YilnA(X/B) + (1 -Yi)In (1 - A(X[B))}.
=1

Let B, denote the nonlinear least squares (NLS) estimator of fp:

371 = arg min R,(5), where
BERK

Ru(B)=n"1Y (Vi - A(X[B))* /2.

i=1

(a) (3 points) What assumption does one need to impose on X; to ensure identification of

Bo?
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(b) (12 points) Find the asymptotic variance of the MLE Bp. Assume that EX; X! is positive
definite and finite. Hints: (i) Use the property

d/(\ifjl/) = A(u) (1 = A(u))

to show that

9Qu(Bo) _ 3 (Y - A(X[Bo)) X
op i=1
(ii) Show that

Var(Y; | Xi) = A(X;fo) (1 - A(XiBo)) -
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(c) (12 points) Find the asymptotic variance of the NLS estimator /3,.
st
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(d) (7 points) Find the asymptotic covariance between the MLE and the NLS estimator.

Using the asymptotic covariance, show that the MLE estimator is more efficient than the

NLS estimator by comparing their asymptotic variances.
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Then ,

(e) (6 points) The model can also be viewed as a conditional moment restriction model: for

some unique Sy,

E (Y — AM(X{Bo) | X;) = 0.

Let G be the set of measurable k-vector valued functions of X;. Consider a class of

estimators {BZ : g € G}, where BZ is defined as a solution to the following sample

moment condition:

w1y (¥ - AKI) 0(X) =0
=1
Show that 3 corresponding to the optimal choice of g is the MLE.
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Jeffrey Wooldridge
@jmwooldridge

One of the remarkable features of Bruce's result, and

why | never could have discovered it, is that the
"asymptotic" analog doesn't seem to hold. Suppose we
assume random sampling and in the population specify

A1, E(ylx) = x*b0
A2. Var(ylx) = (sO)*

#metricstotheface
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Jeffrey Wooldridge @jmwooldridge - Feb 12

Replying to @jmwooldridge

Also assume rank E(x'x) = k so no perfect collinearity in the population.
Then OLS is asymptotically efficient among estimators that only use A1 for
consistency. But OLS is not asymp effic among estimators that use Al and
A2 for consistency.

Q1 1 Q 10 &

Jeffrey Wooldridge @jmwooldridge - Feb 12

A2 adds many extra moment conditions that, generally, are useful for
estimating b0 -- for example, if D(ylx) is asymmetric with third central
moment depending on x. So there are GMM estimators more asymp
efficient than OLS under Al and A2.

O 1 w1 Q 9 &

Jeffrey Wooldridge @jmwooldridge - Feb 12
With asymp analysis, we see a clear tradeoff between robustness and effic.

Perhaps my choice of asymptotic analogy isn't a good one, or the optimal
IVs for b0 collapse to OLS (harder for me to believe). In any case, | still have
more to learn ....
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