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Part 1

Asymptotics and Violations of
Gauss-Markov Assumptions in the
Classical Linear Regression Model



Section 1

Large Sample Results and Asymptotics
1.1 Why do we Care about Large Sample Results (and
what does this mean?)

e Large sample results for any estimator, 9, are the properties that we can say
hold true as the number of data points, n, used to estimate 6 becomes “large.”

e Why do we care about these large sample results? We have an OLS model
that, when the Gauss-Markov assumptions hold, has desirable properties.
Why would we ever want to rely on the more difficult mathematical proofs
that involve the limits of estimators as n becomes large?

e Recall to mind the Gauss-Markov assumptions:

1. The true model is a linear functional form of the data: y = X3 + €.
2. Ele|]X]=0

3. Ele€'|X] = 0’1

4. X is n x k with rank k (i.e., full column rank)

5. €|X ~ N[0, 0]

e Recall that if we are prepared to make a further, simplifying assumption, that
X is fixed in repeated samples, then the expectations conditional on X can
be written in unconditional form.

e There are two main reasons for the use of large sample results, both of which
have to do with violations of these of these assumptions.

1. Errors are not distributed normally
— If assumption 5, above, does not hold, then we cannot use the small
sample results.

— We can establish that BOLS is unbiased and “best linear unbiased
estimator” without any recourse to the normality assumption and we
also established that the variance of B¢ = o*(X'X) ™1,
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— Used normality to show that Bpyg ~ N(8,02(X'X)™!) and that (n—
k)s®/a* ~ x2_, where the latter involved showing that (n — k)s*/o?
can also be expressed as a quadratic form of € /0 which is distributed
standard normal.

— Both of these results were used to show that we could calculate test
statistics that were distributed as ¢ and F'. It is these results on
test statistics, and our ability to perform hypothesis tests, that are
invalidated if we cannot assume that the true errors are normally
distributed.

2. Non-linear functional forms

— We may be interested in estimating non-linear functions of the original
model.

— E.g., suppose that you have an unbiased estimator, 7* of

r=1/(1-p)

but you want to estimate (5. You cannot simply use (1 —1/7%) as an
unbiased estimate 5* of (3.

— To do so, you would have to be able to prove that F(1—1/7%) = 3. It
is not true, however, that the expected value of a non-linear function
of 7 is equal to the non-linear function of the expected value of 7
(this fact is also known as “Jensen’s Inequality”).

— Thus, we can’t make the last step that we would require (in small
samples) to show that our estimator of /3 is unbiased. As Kennedy
says, “the algebra associated with finding (small sample) expected
values can become formidable whenever non-linearities are involved.”
This problem disappears in large samples.

— The models for discrete and limited dependent variables that we will
discuss later in the course involve non-linear functions of the param-
eters, 3. Thus, we cannot use the G-M assumptions to prove that
these estimates are unbiased. However, ML estimates have attrac-
tive large sample properties. Thus, our discussion of the properties of
those models will always be expressed in terms of large sample results.



1.2 What are Desirable Large Sample Properties?

e Under finite sample conditions, we look for estimators that are unbiased and
efficient (i.e., have minimum variance for any unbiased estimator). We have
also found it useful, when calculating test statistics, to have estimators that
are normally distributed. In the large sample setting, we look for analogous
properties.

A

e The large sample analog to unbiasedness is consistency. An estimator 3 is
consistent if it converges in probability to 3, that is if its probability limit as
n becomes large is 3 (plim 8 = 3).

e The best way to think about this is that the sampling distribution of B
collapses to a spike around the true 3.

e Two Notions of Convergence

1. “Convergence in probability”:

X, 5 X iff limy_o Pr(| X (w) — Xp(w)| > 2) =0

where ¢ is some small positive number. Or
plim X, (w) = X (w)

2. “Convergence in quadratic mean or mean square”: If X, has mean u,
and variance o2 such that lim, ...u, = ¢ and lim, .02 = 0, then X,
converges in mean square to c.

Note: convergence in quadratic mean implies convergence in probability
qm P
(X, —c= X, — 0.

e An estimator may be biased in small samples but consistent. For example,
take an estimate of § = [+ 1/n. In small samples this is biased, but as the
sample size becomes infinite, 1/n goes to zero (lim, . 1/n = 0).



e Although an estimator may be biased yet consistent, it is very hard (read
impossible) for it to be unbiased but inconsistent. If ,B is unbiased, there is
nowhere for it to collapse to but 3. Thus, the only way an estimator could
be unbiased but inconsistent is if its sampling distribution never collapses to
a spike around the true .

e We are also interested in asymptotic normality. Even though an estimator
may not be distributed normally in small samples, we can usually appeal to
some version of the central limit theorem (see Greene, Fifth Edition, Ap-
pendix D.2.6 or Kennedy Appendix C) to show that it will be distributed
normally in large samples.

e More precisely, the different versions of the central limit theorem state that
the mean of any random variable, whatever the distribution of the underlying
variable, will in the limit be distributed such that:

\/ﬁ(:fn - M) i> N[O, (72]
Thus, even if x; is not distributed normal, the sampling distribution of the
average of an independent sample of the z;’s will be distributed normal.

e To see how we arrived at this result, begin with the variance of the mean:

0.2

var(Z,) = .

o Next, by the CLT, this will be distributed normal: z, ~ N(j, <)

e As a result,

Pt ) N,

n
Multiplying the expression above by o will get you the result on the asymp-
totic distribution of the sample average.

e When it comes to establishing the asymptotic normality of estimators, we
can usually express that estimator in the form of an average, as a sum of
values divided by the number of observations n, so that we can then apply
the central limit theorem.



e We are also interested in asymptotic efficiency. An estimator is asymptoti-
cally efficient if it is consistent, asymptotically normally distributed, and has
an asymptotic covariance matrix that is not larger than the asymptotic co-
variance matrix of any other consistent, asymptotically normally distributed
estimator.

e We will rely on the result that (under most conditions) the maximum like-
lihood estimator is asymptotically efficient. In fact, it attains the smallest
possible variance, the Cramer-Rao lower bound, if that bound exists. Thus,
to show that any estimator is asymptotically efficient, it is sufficient to show
that the estimator in question either is the maximum likelihood estimate or
has identical asymptotic properties.

1.3 How Do We Figure Out the Large Sample Properties
of an Estimator?

A

e To show that any estimator of any quantity, #, is consistent, we have to show
that plim 0 = 0. The means of doing so is to show that any bias approaches
zero as n becomes large and the variance in the sampling distribution also
collapses to zero.

e To show that 6 is asymptotically normal, we have to show that its sampling
distribution can be expressed as the sampling distribution of a sample average
pre-multiplied by +/n.

e Let’s explore the large sample properties of BOLS w/o assuming that € ~
N(0,0°T).
1.3.1 The Consistency of BOLS
e Begin with the expression for BO LS
Bors =B+ (X'X)'Xe
e Instead of taking the expectation, we now take the probability limit:

plim B¢ = B + plim (X'X)'X'e



We can multiply both sides of the equation by n/n =1 to produce:
plim Bors = B+ plim (X'X/n) " (X'e/n)

For the next step we need the Slutsky Theorem: For a continuous function
g(x,) that is not a function of n, plim g(x,) = g(plim z,).

An implication of this thm is that if x,, and y, are random variables with
plim z,, = ¢ and plim y,, = d, then plim (x, - y,) = ¢ - d.

If X,, and Y,, are random matrices with plim X,, = A and plim Y,, = B then
plim X,,Y,, = AB.
Thus, we can say that:

plim B = B+ plim (X'X/n) 'plim (X'e/n
OLS

Since the inverse is a continuous function, the Slutsky thm enables us to bring
the first plim into the parenthesis:

plim By.g = B+ (plim X'X/n) plim (X'e/n)

Let’s assume that
lim (X’X/n) =Q

n—oo
where Q) is a finite, positive definite matrix. In words, as n increases, the
elements of X’X do not increase at a rate greater than n and the explanatory
variables are not linearly depedent.

To fix ideas, let’s consider a case where this assumption would not be valid:

Y = PBo + it + &

which would give
X'X = T ZtT:It — T T(T + 1)/2
St ST e T T(TH+ 1) /2 T(T+1)(2T +1)/6
Taking limits gives

o = | %



e More generally, each element of (X'X) is composed of the sum of squares and
the sum of cross-products of the explanatory variables. As such, the elements
of (X'X) grow larger with each additional data point, n.

e But if we assume the elements of this matrix do not grow at a rate faster
than n and the columns of X are not linear dependent, then dividing by n,
gives convergence to a finite number.

e We can now say that plim BOLS = B+ Q !plim (X’e/n) and the next step
in the proof is to show that plim (X’e/n) is equal to zero. To demonstrate
this, we will prove that its expectation is equal to zero and that its variance
converges to zero.

e Think about the individual elements in (X’e/n). This is a k£ x 1 matrix in
which each element is the sum of all n observations of a given explanatory
variable multiplied by each realization of the error term. In other words:

1, 1 1 < .
EX&‘:E;XZ‘Q:E;WZ':W (1.1)

where W is a k x 1 vector of the sample averages of xy;e;. (Verify this if it is
not clear to you.)

e Since we are still assuming that X is non-stochastic, we can work through
the expectations operator to say that:

Ew] = %ZE[wi] _ %ZXZE[@] _ %X’E[s] ~0 (1.2)

In addition, using the fact that Flee’] = 0°I we can say that:

1 1 2X'X
var[w] = E[ww/] = —X'Elee/]X— = 2
n

n n n

e In the limit, as n — oo, %2 — 0, XV;X — Q, and thus

lim var[w| =0-Q



e Therefore, we can say that w converges in mean square to 0 = plim (X'e/n)
is equal to zero, so that:

plim By s =B+Q'-0=7

Thus, the OLS estimator is consistent as well as unbiased.

1.3.2 Asymptotic Normality of OLS

e Let’s show that the OLS estimator, fi’o LS, is also asymptotically normal. Start
with
Bors =B+ (X'X)"'X'e
and then subtract B from each side and multiply through by 1/n to yield (use

Vit = 0/ Vi)
VitBoss - = (XX) (&) xe

We've already established that the first term on the right-hand side converges

to Q~'. We need to derive the limiting distribution of the term (= ) X'e.
NG

e From equations [I.I] and [I.2] we can write

(%) X'e = (W — E[W))

and then find the limiting distribution of \/nw.
e To do this, we will use a variant of the CLT (called Lindberg-Feller), which
allows for variables to come from different distributions.

From above, we know that

n
_ 1
W = — E X;E;
n“
=1

which means w is the average of n indepedent vectors x;¢; with means 0 and

variances

var[x;g;] = 0?x;x, = 02 Q;
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e Thus,

)[Q1+Q2+"'+Qn]
0'2 (%)ZiXZX;

L (XX

(%)

e Assuming the sum is not dominated by any particular term and that
lim,, . (X'X/n) = Q, then

SRS

varlyaw] = 0°Q, = o* (

lim ¢2Q,, = 02Q

n—oo

e We can now invoke the Lindberg-Feller CLT to formally state that if the e
are iid w/ mean 0 and finite variance, and if each element of X is finite and
lim,, o (X'X/n) = Q, then

<%> X'e -4 N[0, 0%Q]

It follows that:

Q! (%) X'e <L N[Q-0,Q1(Q)Q"]

[Recalling that if a random variable X has a variance equal to o2, then kX,
where k is a constant, has a variance equal to k?c?).

e Combining terms, and recalling what it was we were originally interested in:
- d _
Vn(Bors — B) — N[0,0°Q"]

e How do we get from here to a statement about the normal distribution of
Bors? Divide through by 4/n on both sides and add 8 to show that the OLS
estimator is asymptotically distributed normal:

A a 2
Bors ~ N [@ %Qll
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e To complete the steps, we can also show that s = % is consistent for o2.

Thus, s?(X'X)/n)~! is consistent for Q™. As a result, a consistent estimate
5 <y —1
for the asymptotic variance of By (= %QQ*1 — (22) ) is 2(X'X) 7L

n n

e Thus, we can say that BO g 1s normally distributed and a consistent estimate
of its asymptotic variance is given by s*(X'X)™1, even when the error terms
are not distributed normally. We have gone through the rigors of large sample
proofs in order to show that in large samples OLS retains desirable properties
that are similar to what it has in small sample when all of the G—M conditions

hold.

e To conclude, the desirable properties of OLS do not rely on the assumption
that the true error term is normally distributed. We can appeal to large
sample results to show that the sampling distribution will still be normal
as the sample size becomes large and that it will have variance that can be
consistently estimated by s*(X'X)~1,

1.4 Large Sample Properties of Test Statistics

e Given the normality results and the consistent estimate of the asymptotic
variance given by s?(X'X)™!, hypothesis testing proceeds almost as normal.
Hypotheses on individual coefficients can still be estimated by constructing
a t-statistic: .

Br — Bk
SE(Br)

e When we did this in small samples, we made clear that we had to use an

estimate, |/s2(X'X);;! for the true standard error in the denominator, equal

to /o2(X'X);
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e As the sample size becomes large, we can replace this estimate by its prob-
ability limit, which is the true standard error, so that the denominator just
becomes a constant. When we do so, we have a normally distributed random
variable in the numerator divided by a constant, so the test-statistic is dis-
tributed as z, or standard normal. Another way to think of this intuitively is
that the t-distribution converges to the z distribution as n becomes large.

e Testing joint hypothesis also proceeds via constructing an F-test. In this case,
we recall the formula for an F-test, put in terms of the restriction matrix:

(Rb — q)[R(X'X)"'R'|"'(Rb — q)/J

FlJn—- K| = 5

S

e In small samples, we had to take account of the distribution of s? itself. This

gave us the ratio of two chi-squared random variables, which is distributed
F.

e In large samples, we can replace s> by its probability limit, o2 which is just
a constant value. Multiplying both sides by .J, we now have that the test
statistic JF' is composed of a chi-squared random variable in the numerator
over a constant, so the JF statistic is the large sample analog of the F-test.
If the JF' statistic is larger than the critical value, then we can say that the
restrictions are unlikely to be true.

1.5 Desirable Large Sample Properties of ML Estimators

e Recall that MLEs are consistent, asymptotically normally distributed, and
asymptotically efficient, in that they always achieve the Cramer-Rao lower
bound, when this bound exists.

e Thus, MLEs always have desirable large sample properties although their
small sample estimates (as of 02?) may be biased.

e We could also have shown that OLS was going to be consistent, asymptotically
normally distributed, and asymptotically efficient by indicating that OLS s
the MLE for the classical linear regression model.
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1.6 How Large Does n Have To Be?

e Does any of this help us if we have to have an infinity of data points before we
can attain consistency and asymptotic normality? How do we know how many
data points are required before the sampling distribution of Bo 15 becomes
approximately normal?

e One way to check this is via Monte Carlo studies. Using a non-normal dis-
tribution for the error terms, we simulate draws from a distribution of the
model y = X3 + €, using a different set of errors each time.

e We then calculate the Bo g from repeated samples of size n and plot these
different sample estimates 3,;¢ on a histogram.

e We gradually enlarge n, checking how large n has to be in order to give us a
sampling distribution that is approximately normal.



Section 2

Heteroskedasticity
2.1 Heteroskedasticity as a Violation of Gauss-Markov

e The third of the Gauss-Markov assumptions is that Elee’] = o%1,.
variance-covariance matrix of the true error terms is structured as:

2.0 .. 0
BE) Ele) .. Eeen)] |5 27

Bee)=| =T
E(ene1) El(enyez) ... E(g%) 0 0 2

The

e If all of the diagonal terms are equal to one another, then each realization

of the error term has the same variance, and the errors are said to be
moskedastic. If the diagonal terms are not the same, then the true error t
is heteroskedastic.

e Also, if the off-diagonal elements are zero, then the covariance between

ho-

erm

dif-

ferent error terms is zero and the errors are uncorrelated. If the off-diagonal
terms are non-zero, then the error terms are said to be auto-correlated and the
error term for one observation is correlated with the error term for another

observation.

e When the third assumption is violated, the variance-covariance matrix of the

error term does not take the special form, o?I,, and is generally writ

ten,

instead as 2. The disturbances in this case are said to be non-spherical
and the model should then be estimated by Generalized Least Squares, which

employs 22 rather than o?L,.

14
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2.1.1 Consequences of Non-Spherical Errors

e The OLS estimator, BO Ls, is still unbiased and (under most conditions) con-
sistent.

Proof for Unbiasedness:

As before: A
Bors =B+ (X'X)'X'e

and we still have that F[e|X] = 0, thus we can say that F (,@OLS) = 0.

o The estimated variance of B is E[(B8 — E(8))(B — E(B))], which we can

estimate as:

var(Bors) = E[(X'X) ' X ee’X(X'X) ™
= (X'X) ' X'(?Q)X(X'X) !
= o (X'X) I X'QX)(X'X) !

e Therefore, if the errors are normally distributed,

Bors ~ N[B,0*(X'X) H(X'QX)X'X) ]

e We can also use the formula we derived in the lecture on asymptotics to show
that B¢ is consistent.

plim Bprs = B+ Q 'plim (X'e/n)

To show that plim (X'e/n)=0, we demonstrated that the expectation of

. . 2y .
(X'e/n) was equal to zero and that its variance was equal to Z22  which
becomes zero as n grows to infinity.

o2 (X'QX)

n n

e In the case where Fle€’] = 0?82, the variance of (X'e/n) is equal to

~

So long as this matrix converges to a finite matrix, then B, ¢ is also consistent
for 3.

e Finally, in most cases, Bo 1.5 1s asymptotically normally distributed with mean
B3 and its variance-covariance matrix is given by ¢(X'X)1(X'QX)(X'X) L.
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2.2 Consequences for Efficiency and Standard Errors

e So what’s the problem with using OLS when the true error term may be
heteroskedastic? It seems like it still delivers us estimates of the coefficients
that have highly desirable properties.

e The true variance of By ¢ is no longer 02(X'X) !, so that any inference based
on s3(X'X)7! is likely to be “misleading”.

e Not only is the wrong matrix used, but s?> may be a biased estimator of o2.

e In general, there is no way to tell the direction of bias, although Goldberger
(1964) shows that in the special case of only one explanatory variable (in
addition to the constant term), s? is biased downward if high error variances
correspond with high values of the independent variable.

e Whatever the direction of the bias, we should not use the standard equation
for the standard errors in hypothesis tests on By;g.

e More importantly, OLS is no longer efficient, since another method called
Generalized Least Squares will give estimates of the regression coeffi-
cients, Bsrg, that are unbiased and have a smaller variance.

2.3 Generalized Least Squares

e We assume, as we always do for a variance matrix, that €2 is positive definite
and symmetric. Thus, it can be factored into a set of matrices containing its
characteristic roots and vectors.

Q = CAC

e Here the columns of C contain the characteristic vectors of 2 and A is a
diagonal matrix containing its characteristic roots. We can “factor” {2 using
the square root of A, or A2, which is a matrix containing the square roots
of the characteristic roots on the diagonal.

e Then, if T = CA1/2, TT = Q. The last result holds because TT' =
CA'2AV2C = CAC! = Q. Also, if we let P/ = CA™Y2, then P'P = Q.
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e [t can be shown that the characteristic vectors are all orthogonal and for each
characteristic vector, cic; = 1 (Greene, p. 825). It follows that CC’ = I, and
C'C =1, a fact that we will use below.

e GLS consists of estimating the following equation, using the standard OLS
solutions for the regression coefficients:

Py = PX3 + Pe
or
This Bgrs = (XX (X" y") = (X'Q7'X)/(X'Qy)
e It follows that the variance of €, is equal to Ele*e*] = Po?QP’, and:
Po*QP’ = o’PQP’ = oA '/?C'QCA™ /2
— O_2A—1/2C/CA1/2A1/2chA—1/2
— 02A71/2A1/2A1/2A71/2

= 0’1,

2.3.1 Some intuition

e In the standard case of heteroskedasticity, GLS consists of dividing each ob-
servation by the square root of its own element in the €2 matrix, \/w;. The nice
thing about this is that the variance of £*, equal to E[e*e*] = Po?QP’ = 1.

e In effect, we’ve removed the heteroskedasticity from the residuals, and we can
go ahead and estimate the variance of B ¢ using the formula o2(X* X*)~! =
o?(X’Q 'X)~!. This is also known as the Aitken estimator after the statisti-
cian who originally proposed the method in 1935.

e We can also show, using the standard methods, that BGLS is unbiased, con-
sistent, and asymptotically normally distributed.

e We can conclude that BG s 1s BLUE for the generalized model in which the
variance of the errors is given by ¢?€2. The result follows by applying the
Gauss-Markov theorem to model y* = X*3 + €*.
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e In this general case, the maximum likelihood estimator will be the GLS esti-

mator, ,BG LS, and that the Cramer-Rao lower bound for the variance of BG LS
is given by o?(X'Q'X)"!

2.4 Feasible Generalized Least Squares

e All of the above assumes that €2 is a known matrix, which is usually not the
case.

e One option is to estimate €2 in some way and to use Q in place of €2 in the
GLS model above. For instance, one might believe that the true error term
was a function of one (or more) of the independent variables. Thus,

=Y +Nxi +u;

e Since By, is consistent and unbiased for B, we can use the OLS residuals
to estimate the model above. The procedure is that we first estimate the
original model using OLS, and then use the residuals from this regression to

estimate Q and w;.

e We then transform the data using these estimates, and use OLS again on
the transformed data to estimate B;;¢ and the correct standard errors for
hypothesis testing.

e One can also use the estimated errors terms from the last stage to conduct
FGLS again and keep on doing this until the error model begins to converge,
so that the estimated residuals barely change as one moves through the iter-
ations.

e Some examples:

2

— If 0 = o227, we would divide all observations through by ;.

2

— If 02 = o2x;, we would divide all observations through by N

— If 02 = 0*(70 + 11X, + w;), we would divide through all observations by

VY0 + 717
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e Essential Result: So long as our estimate of €2 is consistent, the FGLS
estimator will be consistent and will be asymptotically efficient.

e Problem: Except for the simplest cases, the finite-sample properties and ex-
act distributions of FGLS estimators are unknown. Intuitively, var(Bpqrg) #
var(BGLS) because we also have to take into account the uncertainty in es-
timating 2. Since we cannot work out the small sample distribution, we
cannot even say that 3 rars 1s unbiased in small samples.

2.5 White-Consistent Standard Errors

e If you can find a consistent estimator for €2, then go ahead and perform FGLS
if you have a large number of data points available.

e Otherwise, and in most cases, analysts estimate the regular OLS model and
use “White-consistent standard errors”, which are described by Leamer as
“White-washing heteroskedasticity”.

e White’s heteroskedasticity consistent estimator of the variance-covariance
matrix of Bp.g is recommended whenever OLS estimates are being used
for inference in a situation in which heteroskedasticity is suspected, but the
researcher is unable to consistently estimate €2 and use FGLS.

e White’s method consists of finding a consistent estimator for the true OLS
variance below:

-1 -1
var[Borg] = % (%X’X) (%X’[JQQ]X) (%X’X)

e The trick to White’s estimation of the asymptotic variance-covariance matrix
is to recognize that what we need is a consistent estimator of:

q _ TXOX _ —E“ x
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e Under very general conditions

1 n
S) = — 2% X!
0= ; e;X; X,
(which is a k x k matrix with k(k + 1)/2 original terms) is consistent for Q..
(See Greene p. 198)

e Because BOLS is consistent for B, we can show that White’s estimate of
var[Bo¢] is consistent for the true asymptotic variance.

e Thus, without specifying the exact nature of the heteroskedasticity, we can
still calculate a consistent estimate of var[Bp;¢] and use this in the normal
way to derive standard errors and conduct hypothesis tests. This makes the
White-consistent estimator extremely attractive in a wide variety of situa-
tions.

e The White heteroskedasticity consistent estimator is

1 /1 T 1 -
Est. asy. var[B;¢] = - (EX/X> (ﬁ Ze?xmé) <5X/X>
i=1

—n(X'X) 'Sy (X'X) !

e Adding the robust qualifier to the regression command in Stata produces
standard errors computed from this estimated asymptotic variance matrix.

2.6 Tests for Heteroskedasticity

e Homoskedasticity implies that the error variance will be the same across
different observations and should not vary with X, the independent variables.

e Unsurprisingly, all tests for heteroskedasticity rely on checking how far the
error variances for different groups of observations depart from one another,
or how precisely they are explained by the explanatory variables.
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2.6.1 Visual Inspection of the Residuals

e Plot them and look for patterns (residuals against fitted values, residuals
against explanatory vars).

2.6.2 The Goldfeld-Quandt Test

e The Goldfeld-Quandt tests consists of comparing the estimated error vari-
ances for two groups of observations.

e First, sort the data points by one of the explanatory variables (e.g., country
size). Then run the model separately for the two groups of countries.

e If the true errors are homoskedastic, then the estimated error variances for
the two groups should be approximately the same.

o We estimate the true error variance by s> = (e}e,)/(ny — k), where the sub-
script ¢ indicates that this is the value for each group. Since each estimated

error variance is distributed chi-squared, the test statistic below is distributed
F.

e If the true error is homoskedastic, the statistic will be approximately equal
to one. The larger the F'-statistic, the less likely it is that the errors are
homoskedastic. It should be noted that the formulation below is computed
assuming that the errors are higher for the first group.

ele1/(ny — k)
6,262/(?”&2 — k’)

:F[nl—k,ng—k]

e [t has also been suggested that the test-statistic should be calculated using
only the first and last thirds of the data points, excluding the middle section
of the data, to sharpen the test results.
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2.6.3 The Breusch-Pagan Test

e The main problem w/ Goldfeld-Quandt: requires knowledge of how to sort
the data points.

e The Breusch-Pagan test uses a different approach to see if the error variances
are systematically related to the independent variables, or to any subset or
transformation of those variables.

e The idea behind the test is that for the regression

o = o’ flag + 'z;)

where z; is a vector of independent variables, if & = 0 then the errors are
homoskedastic.

e To perform the test, regress e?/(e’e/n — 1) on some combination of the inde-
pendent variables (z;).

e We then compute a Lagrange Multiplier statistic as the regression sum of
squares from that regression divided by 2. That is,

SSR a 2
T ~ Xm—1>

where m is the number of explanatory variables in the auxiliary regression.

e Intuition: if the null hypothesis of no heteroskedasticity is true, then the SSR
should equal zero. A non-zero SSR is telling us that e?/(e’e/n — 1) varies
with the explanatory variables.

e Note that this test depends on the fact that B,;¢ is consistent for 3, and
that the errors from an OLS regression of y; on X;, e; will be consistent for ¢;.



Section 3

Autocorrelation
3.1 The Meaning of Autocorrelation

e Auto-correlation is often paired with heteroskedasticity because it is another
way in which the variance-covariance matrix of the true error terms (if we
could observe it) is different from the Gauss-Markov assumption, Flee’| =

2
o’l,.

e In our earlier discussion of heteroskedasticity, we saw what happened when
we relax the assumption that the variance of the error term is constant. An
equivalent way of saying this is that we relax the assumption that the errors
are “identically distributed.” In this section, we see what happens when we
relax the assumption that the error terms are independent.

e In this case, we can have errors that covary (e.g., if one error is positive and
large the next error is likely to be positive and large) and are correlated. In
either case, one error can give us information about another.

e Two types of error correlation:

1. Spatial correlation: e.g., of contiguous households, states, or counties.

2. Temporal or Autocorrelation: errors from adjacent time periods are cor-
related with one another. Thus, ¢; is correlated with €;,1,€49,... and

Et—1,E¢t—2,...,€1.
e The correlation between ¢; and ¢;_;, is called autocorrelation of order k.

— The correlation between ¢; and ¢;_; is the first-order autocorrelation and
is usually denoted by p;.

— The correlation between &; and &;_5 is the second-order autocorrelation
and is usually denoted by ps.

23
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e What does this imply for Elee’]?

E(e?) E(eig9) ... E(eier)
E(ee')=| - :
E(ere1) E(eres) ... E(g%)

Here, the off-diagonal elements are the covariances between the different error
terms. Why is this?

e Autocorrelation implies that the off-diagonal elements are not equal to zero.

3.2 Causes of Autocorrelation

e Misspecification of the model
e Data manipulation, smoothing, seasonal adjustment
e Prolonged influence of shocks

e [nertia

3.3 Consequences of Autocorrelation for Regression Coef-
ficients and Standard Errors

e As with heteroskedasticity, in the case of autocorrelation, the Forg regression
coefficients are still unbiased and consistent. Note, this is true only in the
case where the model does not contain a lagged dependent variable. We will
come to this latter case in a bit.

e As before, OLS is inefficient. Further, inferences based on the standard OLS
estimate of var(Bors) = s*(X’X)~! are wrong.

e OLS estimation in the presence of autocorrelation is likely to lead to an under-
estimate of 02, meaning that our t-statistics will be inflated, and we are more
likely to reject the null when we should not do so.
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3.4 Tests for Autocorrelation

e Visual inspection, natch.
e Test statistics

— There are two well-known test statistics to compute to detect autocorre-
lation.

1. Durbin-Watson test: most well-known but does not always give un-
ambiguous answers and is not appropriate when there is a lagged
dependent variable (LDV) in the original model.

2. Breusch-Godfrey (or LM) test: does not have a similar indeterminate
range (more later) and can be used with a LDV.

— Both tests use the fact, exploited in tests for heteroskedasticity, that
since Borg is consistent for (3, the residuals, e;, will be consistent for &;.
Both tests, therefore, use the residuals from a preceding OLS regression
to estimate the actual correlations between error terms.

— At this point, it is useful to remember the expression for the correlation
of two variables:

corr(z,y) = cov(@, y)

- Vvar(z)y/var(y)

— For the error terms, and if we assume that var(e;) = var(e;_1) = £, then
we have

corr(gs, €41) = Eleier) = p1
Elef]
— To get the sample average of this autocorrelation, we would compute this
ratio for each pair of succeeding error terms, and divide by n.
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3.4.1 The Durbin-Watson Test

e The Durbin-Watson test does something similar to estimating the sample
autocorrelation between error terms. The DW statistic is calculated as:

T

tZ:Q(et - 615—1)2
q= 1=

T
> ef
t=1

. 24> e2 25 eres
oWecanwrltedasd:Zt thlezzttl
t

e Since >_ e7 is approximately equal to > e? | as the sample size becomes large,

and % is the sample average of the autocorrelation coefficient, p, we have
that d = 2(1 — p).

o If p=+1,thend =0, if p = —1, then d = 4. If p =0, then d = 2. Thus, if
d is close to zero or four, the residuals can be said to be highly correlated.

e The problem is that the exact sampling distribution of d depends on the
values of the explanatory variables. To get around this problem, Durbin and

Watson have derived upper (d,,) and lower limits (d;) for the significance levels
of d.

e If we were testing for positive autocorrelation, versus the null hypothesis of
no autocorrelation, we would use the following procedure:

— If d < d, reject the null of no autocorrelation.
— If d > d,, we do not reject the null hypothesis.
— If d; < d < d,, the test is inconclusive.

e Can be calculated within Stata using dwstat.
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3.4.2 The Breusch-Godfrey Test

e To perform this test, simply regress the OLS residuals, e;, on all the explana-
tory variables, x;, and on their own lags, e;—1,€1-2,€/-3,...,€1—p.

e This test works because the coefficient on the lagged error terms will only
be significant if the partial autocorrelation between e; and e;_, is significant.
The partial autocorrelation is the autocorrelation between the error terms
accounting for the effect of the X explanatory variables.

e Thus, the null hypothesis of no autocorrelation can be tested using an F-
test to see whether the coefficients on the lagged error terms, e; 1, e; o,
€3, ...,¢_p, are jointly equal to zero.

e If you would like to be precise, and consider that since we are using e; as
an estimate of &;, you can treat this as a large sample test, and say that
p - F, where p is the number of lagged error terms restricted to be zero, is
asymptotically distributed chi-squared with degrees of freedom equal to p.
Then use the chi-squared distribution to give critical values for the test.

e Using what is called the Lagrange Multiplier (LM) approach to testing, we
can also show that n - R? is asymptotically distributed as x, and use this
statistic for testing.

3.5 The consequences of autocorrelation for the variance-
covariance matrix

e In the case of heteroskedasticity, we saw that we needed to make some as-
sumptions about the form of the E[ee’] matrix in order to be able to transform
the data and use FGLS to calculate correct and efficient standard errors.

e Under auto-correlation, the off-diagonal elements will not be equal to zero,
but we don’t know what those off-diagonal elements are. In order to conduct
FGLS, we usually make some assumption about the form of autocorrelation
and the process by which the disturbances are generated.
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e First, we must write the F|e€’] matrix in a way that can represent autocor-

relation:
Ele€'] = 0*Q
e Recall that
corr(es, £_y) = Eleer—s] _ pe =2
’ E [5%] 70

where v, = cov(eg, e1—5) and 7y = var(e;)

e Let R be the “autocorrelation matrix” showing the correlation between all
the disturbance terms. Then Elee’| = R

e Second, we need to calculate the autocorrelation matrix. It helps to make
an assumption about the process generating the disturbances or true errors.
The most frequent assumption is that the errors follow an “autoregressive
process” of order one, written as AR(1).

An AR(1) process is represented as:
Et = PEL—1 T Ut
where E[u;] = 0, E[u?] = 02, and cov|ug, us) = 0 if t # s.
e By repeated substitution, we have:

Et = Uy + PUL_1 + p2Ut—2 + .-

e Each disturbance, ¢;, embodies the entire past history of the us, with the
most recent shocks receiving greater weight than those in the more distant
past.

e The successive values of u; are uncorrelated, so we can estimate the variance
of &;, which is equal to E[¢7], as:
2, 2 2, 4 2
var(e;] = o + p o, + plo, + ...
e This is a series of positive numbers (02) multiplied by increasing powers of

p. If p is greater than one, the series will be infinite and we won’t be able to
get an expression for var[e;]. To proceed, we assume that [p| < 1.
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e Here is a useful trick for a series. If we have an infinite series of numbers:
y:ao-x+a1-x+a2-aj+a3-a:+...

then

e Using this, we see that

2
U

var[e;] = 5 =02 =" (3.1)

l—p

e We can also estimate the covariances between the errors:

covles, e1-1] = Elewer_1] = Eler—1(per—1 + ur)] = pvarle;_1] =

e And, since &; = pe;_1+ur = p(per_o+us1) +uy = p*e_o + puy_1 +uy we have

2 2
p o
COV[&St, 8t_2] = E[gtc‘:t_g] = E[St_z(p28t_2 + pus—1 + ut)] = p2VaI“[8t_2] = 1 ;2
e By repeated substitution, we can see that:
2
ke
covles, ers| = Elerer_s| = - =
L=p
e Now we can get back to the autocorrelations. Since corrles, e ¢] = %, we
have: ,
psa,é
17
corrfes, ep—s] = —— = p’
1—p?

e In other words, the auto-correlations fade over time. They are always less
than one and become less and less the farther two disturbances are apart in
time.
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e The auto-correlation matrix, R, shows all the auto-correlations between the
disturbances. Given the link between the auto-correlation matrix and Flee’] =
0%, we can now say that:

Elee] = *Q = 1R

or _ _
Lp p p !
AR
c=—"=1p p 1 p P
1—p :
_,OT_l pT—Q pT—S 1 |

3.6 GLS and FGLS under Autocorrelation

e Given that we now have the expression for o2Q2, we can in theory transform
the data and estimate via GLS (or use an estimate, 6*Q, for FGLS).

e We are transforming the data so that we get an error term that conforms to
the Gauss-Markov assumptions. In the heteroskedasticity case, we showed
how we transformed the matrix using the factor for o2€Q.

e In the case of autocorrelation of the AR(1) type, what’s nice is that the
transformation is fairly simple, even though the matrix expression for 0?2
may not look that simple.

e Let’s start with a simple model with an AR(1) error term:
yr = Bo+ Prxy +e¢, t=1,2,...,T (3.2)
where ¢; = pe;_1 + uy
e Now lag the data by one period and multiply it by p:
pYi—1 = Pop + Brprio1 + per—
e Subtracting this from Equation above, we get:

Yr — pyi—1 = Bo(1 — p) + Bi(xe — pre1) + we
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e But (given our assumptions) the w;s are serially independent, have constant
variance (02), and the covariance between different us is zero. Thus, the new
error term, u;, conforms to all the desirable features of Gauss-Markov errors.

e If we conduct OLS using this transformed data, and use our normal esti-
mate for the standard errors, or s*(X’X)~!, we will get correct and efficient
standard errors.

e The transformation is:
Y =Y — pYi-1
l’: = Tt — P
e If we drop the first observation (because we don’t have a lag for it), then we

are following the Cochrane-Orcutt procedure. If we keep the first observation
and use it with the following transformation:

Y1 =V 1—p*y

7y = V1 - p*z
then we are following something called the Prais- Winsten procedure. Both

of these are examples of FGLS.

e But how do we do this if we don’t “know” p? Since BOLS is unbiased, our
estimated residuals are unbiased for the true disturbances, &;.

e In this case, we can estimate p using our residuals from an initial OLS regres-
sion, estimate p, and then perform FGLS using this estimate. The standard
errors that we calculate using this procedure will be asymptotically efficient.

e To estimate p from the residuals, e; compute:

~ Z €t€i—1
S SP*

We could also estimate p from a regression of e; on e;_;.
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e To sum up this procedure:

1. Estimate the model using OLS. Test for autocorrelation. If tests reveal
this to be present, estimate the autocorrelation coefficient, p, using the
residuals from the OLS estimation.

2. Transform the data.
3. Estimate OLS using the transformed data.

e For Prais-Winsten in Stata do:
prais depvar expvars
or
prais depvar expvars, corc

for Cochrane-Orcutt.

3.7 Non-AR(1) processes

e A problem with the Prais-Winsten and Cochrane-Orcutt versions of FGLS
is that the disturbances may not be distributed AR(1). In this situation, we
will have used the wrong assumptions to estimate the auto-correlations.

e There is an approach, analogous to the White-consistent standard errors, that
directly estimates the correct OLS standard errors (from
(X'X)1X'(0?0)X(X'X) 1), using an estimate of X'(02Q2)X based on very
general assumptions about the autocorrelation of the error terms. These
standard errors are called Newey-West standard errors.

e Stata users can do the following command to compute these:

newey depvar expvars, lag(#) t(varname)

In this case, lag(#) tells Stata how many lags there are between any two
disturbances before the autocorrelations die out to zero. t(warname) tells
Stata the variable that indexes time.
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3.8 OLS Estimation with Lagged Dependent Variables and
Autocorrelation

e We said previously that autocorrelation, like heteroskedasticity, does not af-
fect the unbiasedness of the OLS estimates, just the means by which we cal-
culate efficient and correct standard errors. There is one important exception
to this.

e Suppose that we use lagged values of the dependent variable, 1; as a regressor,
so that:

Y = Byi—1 + & where 3 < 1
and
€t = PEt—1 + Uy
where E[u;] = 0, E[u?] = 02, and cov|ug, us) = 0 if ¢ # s.
e The OLS estimate of 3 = (X'X)'X'y where X = g, ;. Let us also as-

sume that y; and y;_1 have been transformed so that they are measured as
deviations from their means.

T T
Sy 2 Y1 (By—1 + &)
- t=2 =2
Bors = — = -
Z 7:2—1 ny—l
t=2 t=2
T
Z Yt—1E¢
— ﬁ + t:2—
— )
> Vi
t=2
e Thus,
A cov(y_1, €
ElBors] = B+ (i1, €0)

var(y:)
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e To show that 3oy is biased, we need to show only that cov(y—_1,e) # 0, and
to show that Bprs is inconsistent, we need to show only that the limit of this
covariance as T' — oo is not equal to zero.

cov(y_1,&] = covlyi_1, per_1 + w] = peov|y_1,e1-1] = peoviy, ]

e The last step is true assuming the DGP is “stationary” and the wu;s are un-
correlated.

e Continuing;:

pCovys, £;] = peov|Bys_1 + &1, €] = p{Bcoviyi_1,et] + covies, e} (3.3)
= p{Bcov[y;_1,es] + var[e]} (3.4)

e Since cov|y:_1, &) = pcov(y, €] (from above) we have:

covlyi—1, &t = pBeovlyi-1, | + pvar(e]

so that e
pvar &y
covlyr_1,6)] = ———.
(1—Bp)
e Given our calculation of var[e;] when the error is AR(1) (see Eq. B.1)):
2
pos
COV[y -1,€ ] —
T (1= 8p) (1 p?)

e Thus, if p is positive, the estimate of ( is biased upward (more of the fit
is imputed to the lagged dependent variable than to the systematic relation
between the error terms). Moreover, since the covariance above will not
diminish to zero in the limit as T" — oo, the estimated regression coefficients
will also be inconsistent.

e It can also be shown that the estimate of p in the Durbin-Watson test will
be biased downward, leading us to accept the null hypothesis of no auto-
correlation too often. For that reason, when we include a lagged dependent
variable in the model, we should be careful to use the Breusch-Godfrey test
to determine whether autocorrelation is present.
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3.9 Bias and “Contemporaneous Correlation”

e A more immediate question is what general phenomenon produces this bias
and how to obtain unbiased estimates when this problem exists. The answer
turns out to be a general one, so it is worth exploring.

e The bias (and inconsistency) in this case arose because of a violation of the
G-M assumptions Fle] = 0 and X is a known matrix of constants (“fixed in
repeated samples”). We needed this so that we could say that E[X'e] = 0.
This yielded our proof of unbiasedness.

ElBoLs] = B+ E[(X'X)'Xe] = B

e Recall we showed that we could relax the assumption that X is fixed in
repeated samples if we substituted the assumption that X is “strictly exoge-
nous”, so that E[e|X] = 0. This will also yield the result that E[X'e] =0

e The problem in the case of the lagged dependent variable is that E[X'e| # 0.
When there is a large and positive error in the preceding period, we would
be likely to get a large and positive ¢; and a large and positive ;1.

e Thus, we see a positive relationship between the current error and the regres-
sor. This is all that we need to get bias, a “contemporaneous” correlation
between a regressor and the error term, such that cov|xy, ] # 0.

3.10 Measurement Error

e Another case in which we get biased and inconsistent estimates because of
contemporaneous correlation between a regressor and the error is measure-
ment error.

e Suppose that the true relationship does not contain an intercept and is:
y=p0xr+e

but z is measured with error as z, where z = = + u is what we observe and
Elu)] =0, E[u?] = o2.
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e This implies that  can be written as z — v and the true model can then be
written as:
y=p0(z—u)+ec=p0z+(c—pPu)=pFz+n
The new disturbance, 7, is a function of u (the error in measuring z). z is also
a function of u. This sets up a non-zero covariance (and correlation) between

z, our imperfect measure of the true regressor x, and the new disturbance
term, (¢ — fu).

e The covariance between them, as we showed then, is equal to:
cov|z, (e — Bu)] = cov|x +u,e — Bu] = —Ba?

e How does this lead to bias? We go back to the original equation for the
expectation of the estimated 3 coefficient, E[3] = B + (X'X) 1 X'e. 1t is
easy to show:

E[8] = E[('z)"'(z'y)] = E[('2) " ('(8z +n))]

[ )
= Ell(z + u)(z + u)] '(z + u) (Bz + ¢)] (3.6)

. 2 (@ +u)(fr +e) g 2 -
- > (o +u)? 22402 Ta2ya? (3.1

7

Note: establishing a non-zero covariance between the regressor and the error
term is sufficient to prove bias but is not the same as indicating the direction
of the bias. In this special case, however, (3 is biased downward.

e To show consistency we must show that:

/ -1 / / -1
plim B = B + (XnX> <X€> =0 (recall Q" = (XX> )

n n

This involves having to show that plim (XT’E) = 0.

e In the case above,

plim (1/n) Y (z + u)(fz + ¢) 5Q°

plim 0 = | — S x| ~ @ 102

1
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e Describing the bias and inconsistency in the case of a lagged dependent vari-
able with autocorrelation would follow the same procedure. We would look
at the expectation term to show the bias and the probability limit to show
inconsistency. See particularly Greene, p. 85.

3.11 Instrumental Variable Estimation

e In any case of contemporaneous correlation between a regressor and the error
term, we can use an approach known as instrumental variable (or IV) esti-
mation. The intuition to this approach is that we will find an instrument for
X, where X is the variable correlated with the error term. This instrument
should ideally be highly correlated with X, but uncorrelated with the error
term.

e We can use more than one instrument to estimate 3. Say that we have one
variable, x1, measured with error in the model:

y = Bo+ Prix1 + Baza + €

e We believe that there exists a set of variables, Z, that is correlated with x;
but not with €. We estimate the following model:

r1=2Zo+u
where the a are the regression coefficients on Z where o = (Z'Z)'Z'x;.

e We then calculate the fitted or predicted values of x1, or Z1, equal to Zc,
which is Z(Z'Z)"'Z'x;. These fitted values should not be correlated with
the error term because they are derived from instrumental variables that are
uncorrelated with the error term.

e We then use the fitted values z; in the original model for x;.

y = Bo+ 121+ Baza + €

This gives an unbiased estimate 3y of 3.
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In the case of a model with autocorrelation and a lagged dependent variable,
Hatanaka (1974), suggests the following IV estimation for the model:

Y = XB + Y1 + &
where ¢; = pe;_1 + uy

e Use the predicted values from a regression of y; on X; and X;_; as an estimate
of ;1. The coefficient on g;_; is a consistent estimate of v, so it can be used
to estimate p and perform FGLS.

3.12 In the general case, why is IV estimation unbiased
and consistent?

e Suppose that
y=XB+e

where X contains one regressor that is contemporaneously correlated with
the error term and the other variables are uncorrelated. The intercept and
the variables uncorrelated with the error can serve as their own (perfect)
instruments.

e Each instrument is correlated with the variable of interest and uncorrelated
with the error term. We have at least one instrument for the explanatory
variable correlated with the error term. By regressing X on Z we get X, the
predicted values of X. For each uncorrelated variable, the predicted value is
just itself since it perfectly predicts itself. For the correlated variables, the
predicted value is the value given by the first-stage model.

X =Za =7Z(Z'7)"'2'X
e Then

B = (X'X) Xy
= [X'Z(Z'2)'Z'2(Z'2)'2’ X \(X'Z(Z'Z) ' Z'y)
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e Simplifying and substituting for y we get:

EBry] = E[(X'X)'Xy]
= B[(X'Z(Z'Z)'Z'X) Y (X'Z(Z'Z) ' Z (XB + ¢)]
= B{X'Z(Z'Z2)'Z2'X| ' (X'Z(Z'Z)'Z'X)3
+ [X'Z(Z'Z) ' Z'X] N (X'Z(Z'Z) ' Z )}
=B+0

since E[Ze] is zero by assumption.



Section 4

Simultaneous Equations Models and 2SLS
4.1 Simultaneous Equations Models and Bias

e Where we have a system of simultaneous equations we can get biased and
inconsistent regression coefficients for the same reason as in the case of mea-
surement error (i.e., we introduce a “contemporaneous correlation” between
at least one of the regressors and the error term).

4.1.1 Motivating Example: Political Violence and Economic Growth

e We are interested in the links between economic growth and political violence.
Assume that we have good measures of both.

e We could estimate the following model
Growth = f(Violence, Other Factors)

(This is the bread riots are bad for business model).

e We could also estimate a model
Violence = f(Growth, Other Factors)

(This is the hunger and privation causes bread riots model).

e We could estimate either by OLS. But what if both are true? Then violence
helps to explain growth and growth helps to explain violence.

e In previous estimations we have treated the variables on the right-hand side
as exogenous. In this case, however, some of them are endogenous because
they are themselves explained by another causal model. The model now has
two equations:

Gi =P+ Vi+ei
Vi=ao+aGi+n

40
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4.1.2 Simultaneity Bias

e What happens if we just run OLS on the equation we care about? In general,
this is a bad idea (although we will get into the case in which we can). The
reason is simultaneity bias.

e To see the problem, we will go through the following simulation.

1. Suppose some random event sparks political violence (7; is big). This
could be because you did not control for the actions of demagogues in
stirring up crowds.

2. This causes growth to fall through the effect captured in j;.
3. Thus, G; and n; are negatively correlated.

e What happens in this case if we estimate V; = ay+ a1 G; +n; by OLS without
taking the simultaneity into account? We will mis-estimate a1 because growth
tends to be low when n; is high.

e In fact, we are likely to estimate oy with a negative bias, because E(G'n) is
negative. We may even produce the mistaken result that low growth produces
high violence solely through the simultaneity.

e To investigate the likely direction and existence of bias, let’s look at E[X'e]
or the covariance between the explanatory variables and the error term.

E[G'n] = E[(Bo+ A1V +e)n] = E[(Bo + Bl + anG +n) +e)n]
e Multiplying through and taking expectations we get:
E[G'n] = E[(B + fraa1)n] + E[fionG'n] + E[pin'n] + E[e'n]

e Passing through the expectations operator we get:

E[G'n] = (By + Bran) E[n] + B1an E[G'n] + B1E[n®] + Ele]E[n)

(E[e'n] = E[e]E[n] because the two error terms are assumed independent).
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e Since Ele] = 0 and E[n] = 0 and E[n*] = o;, we get:

E[G'n] = Bion E[G'n] + bio,,

So, (1 — B10n) E[G'n] = p1o2 and E[G'n] = 7252

e Since this is non-zero, we have a bias in the estimate of ay, the effect of
growth, GG, on violence, V.

e The equation above indicates that the size of bias will depend on the variance
of the disturbance term, 7, and the size of the coefficient on V, 3;. These
parameters jointly determine the magnitude of the feedback effect from errors
in the equation for violence, through the impact of violence, back onto growth.

e The actual computation of the bias term is not quite this simple in the case
of the models above because we will have other variables in the matrix of
right-hand side variables, X.

e Nevertheless, the expression above can help us to deduce the likely direction
of bias on the endogenous variable. When we have other variables in the
model, the coefficients on these variables will also be affected by bias, but we
cannot tell the direction of this bias a priori.

e How can we estimate the causal effects without bias in the presence of simul-
taneity? Doing so will involve re-expressing all the endogenous variables as
a function of the exogenous variables and the error terms. This leads to the
question of the “identification” of the system.

4.2 Identifying the Endogenous Variables

e In order to estimate a system of simultaneous equations (or any equation in
that system) the model must be either “just identified” or “over-identified”.
These conditions depend on the exogenous variables in the system of equa-
tions.
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e Suppose we have the following system of simultaneous equations:
Gi= 0o+ 51Vi+ BoXi + ¢
Vi=ao+ G+ oz +n

e We can insert the second equation into the first in order to derive an expres-
sion for growth that does not involve the endogenous variable, violence:

Gi = fo+ (oo + anGi + aoZ; + mi) + PoX; + &

Then you can pull all the expressions involving G; onto the left-hand side and
divide through to give:

_ Bo+ P bas B (&t B
Ci= (1— Biag) * (1- 51041)ZZ " (1- 51061)X2 - <1 — 51041>

e We can perform a similar exercise to write the violence equation as:

ap + a1 a3 Qo (Th' + Oé1€i>
V; = + Xi+———Z;+ | ————
(I—af) (1 —a1f) (1—aif) 1 —a1f

e We can then estimate these reduced form equations directly.

Gi=+MZi +7Xi+¢
Vi=¢o+ ¢1Zi + 92 Xi + 15

Where,
_ Bot B _ B _ B2
0 (1= Bian) o (1 - Biag) 2 (1= Biag)
Also,
_apta1fp B P _ ap
D h-ws) T O—as) 2T O—ad)

e In this case, we can we solve backward from this for the original regression
coefficients of interest, a; and (3. We can re-express the coefficients from the
reduced form equations above to yield:

alzﬁ and ﬁlzﬁ

V2 o1
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e This is often labeled “Indirect Least Squares,” a method that is mostly of
pedagogic interest.

e Thus, we uncover and estimate the true relationship between growth and
violence by looking at the relationship between those two variables and the
exogenous variables. We say that X and Z identify the model.

e Without the additional variables, there would be no way to estimate a; and
(1 from the reduced form. The model would be under-identified.

e It is also possible to have situations where there is more than one solution
for oy and (3; from the reduced form. This can occur if either equation has
more than one additional variable.

e Since one way to estimate the coefficients of interest without bias is to es-
timate the reduced form and compute the original coefficients from this di-
rectly, it is important to determine whether your model is identified. We can
estimate just-identified and over-identified models, but not under-identified
models.

4.3 Identification

e There are two conditions to check for identification: the order condition and
the rank condition. In theory, since the rank condition is more binding, one
checks first the order condition and then the rank condition. In practice, very
few people bother with the rank condition.

4.3.1 The Order Condition

e Let g be the number of endogenous variables in the system (here 2) and let
k be the total number of variables (endogenous and exogenous) missing from
the equation under consideration. Then:

1. If k = g — 1, the equation is exactly identified.
2. If £ > g — 1, the equation is over-identified.
3. If k < g — 1, the equation is under-identified.
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e In general, this means that there must be at least one exogenous variable in
the system, excluded from that equation, in order to estimate the coefficient
on the endogenous variable that is included as an explanatory variable in that
equation.

e These conditions are necessary for a given degree of identification. The Rank
Condition is sufficient for each type of identification. The Rank Condition
assumes the order condition and adds that the reduced form equations must
each have full rank.

4.4 1V Estimation and Two-Stage Least Squares

1. If the model is just-identified, we could regress the endogenous variables on
the exogenous variables and work back from the reduced form coefficients to
estimate the structural parameters of interest.

2. If the model is just or over-identified, we can use the exogenous variables as
instruments for GG; and V;. In this case, we use the instruments to form esti-
mates of the two endogenous variables, Gl and ‘7; that are now uncorrelated
with the error term and we use these in the original structural equations.

e The second method is generally easier. It is also known as Two-Stage Least
Squares, or 25LS because it inolves the following stages:

1. Estimate the reduced form equations using OLS. To do this, regress each
endogenous variable on all the exogenous variables in the system. In our
running example we would have:

Vi= o+ 01 Z;i + 02 Xi + 1]

and
Gi=v%+"Z; + 70X +¢
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2. From these first-stage regressions, estimate éz and ‘7; for each observa-
tion. The predicted values of the endogenous variables can then be used
to estimate the structural models:

Vi =g+ a1Gi + s Zi +
Gi = fo+ BV + BoX; + &

e This is just what we would do in standard IV estimation, which is to regress
the problem variable on its instruments and then use the predicted value in
the main regression.

4.4.1 Some Important Observations

e This method gives you unbiased and consistent estimates of a; and ;. An-
other way of saying this is that G; and V; are good instruments for GG; and
V.

— A good instrument is highly correlated with the variable that we are
instrumenting for and uncorrelated with the error term. In this case,
G; and V; are highly correlated with G; and V; because we use all the
information available to us in the exogenous variables to come up with
an estimate.

— Second, CNJZ and ‘N/Z are uncorrelated with the error terms 7; and €; because
of the properties of OLS and the way we estimate the first stage. A
property of OLS is that the estimated residuals are uncorrelated with
the regressors and thus uncorrelated with the predicted values (G, and
7).

— Thus, since the direct effect of growth on V;, for example, in the first
reduced form equation is part of the estimated residual, the predicted
value V; can be treated as exogenous to growth. We have broken the

chain of connection thatNI;uns from one model to another. We can say
that £[G'n] =0 and E[V e] = 0.

e When the system is exactly identified, 2SLS will give you results that are iden-
tical to those you would obtain from estimated the reduced form equations
and using those coefficients directly to estimate a; and (.
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e There is one case in which estimation of a system of simultaneous equations
by OLS will not give you biased and inconsistent estimates. This is the case
of recursive systems. The following is an example of a recursive system:

yi=op+ X, +e

pi = Bo + By + Bo Ry + 1

i = 00 + 01y; + dap; + 035; + v
Here, all the errors are independent. In this system of recursive equations,
substituting for the endogenous variables y; and p; will ultimately get you to

the exogenous variable X;, so we don’t get the feedback loops and correlations
between regressor and the error that we did in the earlier case.

4.5 Recapitulation of 2SLS and Computation of (zoodness-
of-F'it

Let us review the two-stage least square procedure:

1. We first estimated the reduced form equations for Violence and Growth using
OLS.
Vi=¢o+ 017 + 02 Xi + 1}
and
Gi = +nZi+ X +e&

We used the predicted value of GG; and V;, or C?Z- and f/i, as instruments in the
second stage.

2. We estimated the structural equations using the instruments:
Vi=ap+ a1Gi + aZi +
Gi =By + BiVi + B X; + &

And get unbiased coefficients.

e We would normally compute R? as:

_ 7)2732 2 !
SSR:Z(SUZ z)°f3 or 1_SSE_l_ >oer e'e

— e B
SST Yo (yi—y)? SST > (yi —9)? y'My
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e In the second stage, however, the estimated residuals are:
i = Vi = (G0 + @Gy + @)
¢ =Gi— (Bo+ BiVi + %X))

e If we use these residuals in our computation of R? we will get a statistic that
tells us how well the model with the instruments fits the data. If we want
an estimate of how well the original structural model fits the data, we should
estimate the residuals using the true endogenous variables GG; and V;. Thus,
we use:

n; = Vi — (& + &G, + & Z;)
=G, — (Bo + 5V + BZXi)

e This gives us an estimate of the fit of the structural model. There is one oddity
in the calculated R? that may result. When we derived R?, we used the fact
that the OLS normal equations estimated residuals such that E[X'e] = 0.
This gave us the result that:

SST = SSR+SSE or 3 (g =97 = (- 2+ ¢

The variances in y can be completely partitioned between the variance from
the model and the variance from the residuals. This is no longer the case
when you re-estimate the errors using the real values of G; and V; rather
than their instruments and you can get cases where SSE > SST. In this
case, you can get negative values of R? in the second stage. This may be
perfectly okay if the coefficients are of the right sign and the standard errors
are small.

SSR

e It also matters in this case whether you estimate R? as 2% or 1 — SSE

SST

4.6 Computation of Standard Errors in 2SLS

e Let us denote all the original right-hand side variables in the two structural
models as X, the instrumented variables as X, and the exogenous variables
that we used to estimate X as Z.
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e In section [3.12], we showed that:
By = (X'X) X'y = (X'Z(Z'2)'2X) Y (X'Z(Z'Z)'Z (X8 + €)
=08+ (X'Z(Z ) 17/ X) Y (X'Z(Z'Z) ' Z )
=B+ (X'X)™(X'e)

Var[BIV] = E[(BIV - 5)(31{/ -B)] = E[(X/X)_lxlgelx(xlx)_l]

e If the errors conform to the Gauss-Markov assumptions then, Flee] = 0?1y
and ) o
var[Bpy] = o*(X'X) ™

ee

e To estimate 02 we would normally use o=

e As with R?, we should use the estimated residuals from the structural model
with the true variables in it rather than the predicted values. These are
consistent estimates of the true disturbances.

ﬁi = ‘/z — (éé() + (SélGl + OA[QZZ)
& =Gi— (By+ BV + ByX)

e The IV estimator can have very large standard errors, because the instru-
ments by which X is proxied are not perfectly correlated with it and your
residuals will be larger.
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4.7 Three-Stage Least Squares

e What if, in the process above, we became concerned that Elee'] # oIy?
e We would perform three-stage least squares.

1. Estimate the reduced form equations in QLS and calculate predicted
values of the endogenous variables G; and V.

2. Estimate the structural equations with the fitted values.

3. Use the residuals calculated in the manner above (using the actual val-
ues of G; and V) to test for heteroskedasticity and/or autocorrelation
and compute the appropriate standard errors if either are present. In
the case of heteroskedasticity, this would mean either FGLS and a data
transformation or White-Corrected Standard Errors. In the case of auto-
correlation, this would mean either FGLS and a data transformation or
Newey-West standard errors.
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4.8 Different Methods to Detect and Test for Endogeneity

1. A priori tests for endogeneity — Granger Causality.

2. A test to look at whether the coefficients under OLS are markedly different
from the coefficients under 2SLS — Hausman Specification Test.

4.8.1 Granger Causality

e A concept that is often used in time series work to define endogeneity is
“Granger Causality.” What it defines is really “pre-determinedness.” Granger
causality is absent when we can say that:

f(xt|a:tf1,yt71) = f(xt‘xt—ﬁ

The definition states that in the conditional distribution, lagged values of 1
add no information to our prediction of z; beyond that provided by lagged
values of x; itself.

e This is tested by estimating:
xy = Po + Prxi-1 + Bayr—1 + &

o If a t-test indicates that 35 = 0, then we say that y does not Granger cause x.
If y does not Granger cause z, then x is often said to be exogenous in a system
of equations with y. Here, exogeneity implies only that prior movements in
y do not lead to later movements in .

e Kennedy has a critique of Granger Causality in which he points out that under
this definition weather reports “cause” the weather and that an increase in
Christmas card sales “cause” Christmas. The problem here is that variables
that are based on expectations (that the weather will be rainy, that Christmas
will arrive) cause earlier changes in behavior (warnings to carry an umbrella
and a desire to buy cards).
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4.8.2 The Hausman Specification Test

o If BOLS and B ;v are “close” in magnitude, then it would appear that endo-
geneity is not producing bias.

e This intuition has been formalized into a test by the econometrician Jerry
Hausman. The test is called a specification test because it tells you whether
you were right to use 2SLS. In this case, however, it can also be used to test
the original assumption of endogeneity. The logic is as follows:

e H\: There is no endogeneity
In this case both ,@OLS and 3 ;v are consistent and BOLS is efficient relative
to By (recall that OLS is BLUE).

e Hi: There is endogeneity
In this case B, remains consistent while 8, ¢ is inconsistent. Thus, their

values will diverge.

e The suggestion, then, is to examine d = (B v BO rs). The question is how
large this difference should be before we assume that something is up. This
will depend on the variance of d.

e Thus, we can form a Wald statistic to test the hypothesis above:

W = d’[Estimated Asymptotic Variance(d)] 'd

e The trouble, for a long time, was that no-one knew how to estimate this vari-
ance since it should involve the covariances between 3 v and Bo s- Hausman
solved this by proving that the covariance between an efficient estimator ,@O IS
of a parameter vector 3 and its difference from an inefficient estimator B v
of the same parameter vector is zero (under the null). (For more details see
Greene Section 5.5.)

e Based on this proof, we can say that:

Asy. Var[BIV - BOLS] = Asy. Var[BIV] — Asy. Var[BOLs]
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e Under the null hypothesis, we are using two different but consistent estimators

of o2. If we use s? as a common estimator of this, the Hausman statistic will
be:

(31{/ — BOLS)/[(X/X)_l — (X,X)_l]_l(BIV — BOLS)

H = "

e This test statistic is distributed y? but the appropriate degrees of freedom for
the test statistic will depend on the context (i.e., how many of the variables
in the regression are thought to be endogenous).

4.8.3 Regression Version

e The test statistic above can be automatically computed in most standard
software packages. In the case of IV estimation (of which 2SLS is an example)
there is a completely equivalent way of running the Hausman test using an
“auxiliary regression” .

e Assume that the model has K potentially endogenous variables, X, and K
remaining variables, W. We have predicted values of X, X, based on the
reduced form equations. We estimate the model:

y=XB8+Xa+Wr +¢

e The test for endogeneity is performed as an F-test on the K; regression
coefficients ¢ being different from zero, where the degrees of freedom are K;
and (n — (K7 + K3) — K3). If a = 0, then X is said to be exogenous.

e The intuition is as follows. If the X variables are truly exogenous, then the
B should be unbiased and there will be no extra information added by the
fitted values. If the X variables are endogenous, then the fitted values will
add extra information and account for some of the variation in y. Thus, they
will have a coefficient on them significantly different from zero.

e Greene does not go through the algebra to prove that the augmented regres-
sion is equivalent to running the Hausman test but refers readers to Davidson
and MacKinnon (1993). Kennedy has a nice exposition of the logic above on
p. 197-198.
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4.8.4 How to do this in Stata

1. 2SLS or To perform any type of IV estimation, see ivreg.
The command is:

ivreg (depvar) [varlistl] [varlist2=varlist I V]
2. To perform 3SLS, see reg3

3. To perform a Hausman test, see hausman

The hausman test is used in conjunction with other regression commands.
To use it, you would:

Run the less efficient model (here IV or reg3)
hausman, save

Run the fully efficient model (here OLS)

hausman

4.9 Testing for the Validity of Instruments

e We stated previously that the important features of “good” instruments, Z,
are that they be highly correlated with the endogenous variables, X, and
uncorrelated with the true errors, €.

e The first requirement can be tested fairly simply by inspecting the reduced
form model in which each endogenous variables is regressed on its instruments
to yield predicted values, X. In a model with one instrument, look at the
t-statistic. In an IV model with multiple instruments, look at the F'-statistic.

e For the second requirement, the conclusion that Z and € are uncorrelated in
the case of one instrument must be a leap of faith, since we cannot observe &
and must appeal to theory or introspection.
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e For multiple instruments, however, so long as we are prepared to believe that
one of the instruments is uncorrelated with the error, we can test the assump-
tion that remaining instruments are uncorrelated with the error term. This
is done via an auxiliary regression and is know as “testing over-identification
restrictions.”

e It is called this because, if there is more than one instrument, then the en-
dogenous regressor is over-identified. The logic of the test is simple.

— If at least one of the instruments is uncorrelated with the true error term,
then 2SLS gives consistent estimates of the true errors.

— The residuals from the 2SLS estimation can then be used as the depen-
dent variable in a regression on all the instruments.

— If the instruments are, in fact, correlated with the true errors, then this
will be apparent in a significant F-statistic on the instruments being
jointly significant for the residuals.

e Thus, the steps in the test for over-identifying restrictions are as follows:

1. Estimate the 2SLS residuals using 7; = V; — &g + a1 G; + o Z;. Use 1); as
your consistent estimate of the true errors.

2. Regress 7); on all the instruments used in estimating the 2SLS coefficients.

3. You can approximately test the over-identifying restrictions via inspec-
tion of the F-statistic for the null hypothesis that all instruments are
jointly insignificant. However, since the residuals are only consistent for
the true errors, this test is only valid asymptotically and you should
technically use a large-sample test.

— An alternative is to use n- R?> ~ x? w/ df = # of instruments — # of
endogenous regressors. If reject the null = at least some of the I'Vs
are not exogenous.



Section 5

Time Series Modeling
5.1 Historical Background

e Genesis of modern time series models: large structural models of the macro-
economy, which involved numerous different variables, were poor predictors
of actual economic outcomes.

e Box and Jenkins showed that the present and future values of an economic
variable could often be better predicted by its own past values than by other
variables—dynamic models.

e In political science: used in models of presidential approval and partisan
identity.

5.2 The Auto-Regressive and Moving Average Specifica-
tions

e A time series is a sequence of numerical data in which each observation is
associated with a particular instant in time.

e Univariate time series analysis: analysis of a single sequence of data

e Multivariate time series analysis: several sets of data for the same sequence
of time periods

e The purpose of time series analysis is to study the dynamics, or temporal
structure of the data.

e Two representations of the temporal structure that will allow us to describe
almost all dynamics (for “stationary” sequences) are the auto-regressive and
moving-average representations.

56
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5.2.1 An Autoregressive Process
e The AR(1) process:
Yt = B+ YY1 + €
is said to be auto-regressive (or self-regressive) because the current value is
explained by past values, so that:

Ely] = pp+ vy

e This AR(1) process also contains a per-period innovation of u, although this
is often set to zero. This is sometimes referred to as a “drift” term. A more
general, pth-order autoregression or AR(p) process would be written:

Yt = U+ YYi—1 + VolYr—2 + o + WpYr—p + €t

e In the case of an AR(1) process we can substitute infinitely for the y terms
on the right-hand side (as we did previously) to show that:

0.} 0
Yo = Y+ ud e ve 1 ot Y s = Zviu + Z’Vigt—i
1=0 1=0

e S0, one way to remember an auto-regressive process is that your current state
is a function of all your previous errors.

e We can present this information far more simply using the lag operator or
L:
Ly, =z, and L*z, =z and (1-— L)z =z — x4

e Using the lag operator, we can write the original AR(1) series as:

Y = b+ Ly + &

so that:
(I—=L)y = p+ &

and

0 o0

U Et 2 €t i i
Yy = + = + = YA+ Y Et—i
"TU—qL) 1—qL) (1-7) (1 —~9L) Z Z :
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e The last step comes from something we encountered before: how to represent
an infinite series:
A=z(14+a+a*+..+a")

If |a| < 1, then the solution to this series is approximately A = T In
other words, the sequence is convergent (has a finite solution).

e Thus, for the series Y vie; ; = es+ye 1+ o+... = ey +yLe+~72 L2+ ...
i=0
we have that, a = vL and ;)yisti = (1_&%).
1=
w .
e For similar reasons, > 'y = (1_”%) = (157) because Ly = p In other words,
i=0

i, the per-period innovation is not subscripted by time and is assumed to be
the same in each period.

5.3 Stationarity

e So, an AR(1) process can be written quite simply as:

H I €t

R TR R TRy )

e Recall, though, that this requires that |y| < 1. If |y| > 1 then we cannot
even define y;. y; keeps on growing as the error terms collect. Its expectation
will be undefined and its variance will be infinite.

e That means that we cannot use standard statistical procedures if the auto-
regressive process is characterized by |y| > 1. This is known as the station-
arity condition and the data series is said to be stationary if |y| < 1.

e The problem is that our standard results for consistency and for hypothesis
testing requires that (X’X)™! is a finite, positive matrix. This is no longer
true. The matrix (X'X) will be infinite when the data series X is non-
stationary.
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e In the more general case of an AR(p) model, the only difference is that the lag
function by which we divide the right-hand side, (1 — L), is more complex
and is often written as C'(L). In this case, the stationarity condition relies
on the roots to this more complex expression are all greater than one, or “lie
outside the unit circle.”

5.4 A Moving Average Process

e A first-order, moving average process MA(1) is written as:
Y= pt+ep — e

In this case, your current state depends on only the current and previous
errors.

Using the lag operator:
yr=p~+ (1 —0L)g

Thus,
Yt _ H
(1-00) (1—05)  °
Once again, if |#| < 1, then we can invert the series and express y; as an

infinite series of its own lagged values:

— Oy — 92%72 — ...t &

Now we have written our MA process as an AR process of infinite lag length
p, describing y; in terms of all its own past values and the contemporaneous
error term. Thus, an MA(1) process can be written as an infinite AR(p)
process.

e Similarly, when we expressed the AR(1) function in terms of all past errors
terms, we were writing it as an infinite MA(p) process.

e Notice, that this last step once again relies on the condition that |6] < 1.
This is referred to in this case as the invertibility condition, implying that
we can divide through by (1 — 0L).
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e If we had a more general, MA(q) process, with more lags, we could go through
the same steps, but we would have a more complex function of the lags than
(1 —6L). Greene’s textbook refers to this function as D(L). In this case, the
invertibility condition is satisfied when the roots of D(L) lie outside the unit
circle (see Greene, bth Ed., pp. 611-615).

5.5 ARMA Processes

e Time series can also be posited to contain both AR and MA terms. However,
if we go through the inversion above, getting:

i

Yy = (1 — 9) —0yi—1 — 92%—2 — ...t &

and then substitute for the lagged ;s in the AR process, we will arrive at an
expression for y; that is based only on a constant and a complex function of
past errors. See Greene p. 611 (Fifth Edition) for an example.

e We could also write an ARMA(1,1) process as:

o n (1-06L)
S RN

e An ARMA process with p autoregressive components and ¢ moving average
components is called an ARMA(p, q) process.

e Where does this get us? We can estimate 3 and apply the standard proofs
of consistency if the time series is stationary, so it makes sense to discuss
what stationarity means in the context of time series data. If the time series
is stationary and can be characterized by an AR process, then the model
can be estimated using OLS. If it is stationary and characterized by an MA
process, you will need to use a more complicated estimation procedure (non-
linear least squares).
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5.6 More on Stationarity

e There are two main concepts of stationarity applied in the literature.

1. Strict Stationarity: For the process y; = py;_1 + ¢, strict stationarity
implies that:
— Ely:] = p exists and is independent of t.
— varly;] = o is a finite, positive constant, independent of t.
— covlys, ys] = (|t — s]) is a finite function of |t — s|, but not of ¢ or s.

— AND all other “higher order moments” (such as skewness or kurtosis)
are also independent of t.

2. Weak Stationarity (or covariance stationarity): removes the condition
on the “higher order moments” of y;.

e A stationary time series will tend to revert to its mean (mean reversion) and
fluctuations around this mean will have a broadly consistent amplitude.

e Intuition: if we take two slices from the data series, they should have approxi-
mately the same mean and the covariance between points should depend only
on the number of time periods that divide them. This will not be true of “in-
tegrated” series, so we will have to transform the data to make it stationary
before estimating the model.

5.7 Integrated Processes, Spurious Correlations, and Test-
ing for Unit Roots

e One of the main concerns w/ non-stationary series is spurious correlation.

e Suppose you have a non-stationary, highly trending series, y;, and you regress
it on another highly trending series, x;. You are likely to find a significant
relationship between y; and x; even when there was none, because we see
upward movement in both produced in their own dynamics.

e Thus, when the two time series are non-stationary, standard critical values
of the t and F statistics are likely to be highly misleading about true causal
relationships (see Greene p. 778).
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e The question is, what kind of non-stationary sequence do we have and how
can we tell it’s non-stationary. Consider the following types of non-stationary
series:

1. The Pure Random Walk

Yt = Yt—1 + &

This DGP can also be written as:

yt:yo+z€t

Ely) = Elyo+ Y &l = v

— In similar fashion it can be shown that the variance of 3 = to?.
Thus, the mean is constant but the variance increases indefinitely as
the number of time points grows.

— If you take the first difference of the data process, however, Ay, =
Yt — Yt—1, We get:

Yt — Y1 = &t
The mean of this process is constant (and equal to zero) and its
variance is also a finite constant. Thus, the first difference of a random
walk process is a difference stationary process.

2. The Random Walk with Drift

Yt =p+ Y1t &
For the random walk with drift process, we can show that Ely:] = yo+tu
and var[y,] = to?. Both the mean and the variance are non-constant.

— In this case, first differencing of the series also will give you a variable
that has a constant mean and variance.
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3. The Trend Stationary Process

Y = p+ Bt + &

— 1; is non-stationary because the mean of y; is equal to p + B¢, which
is non-constant, although its variance is constant and equal to o2.

— Once the values of y and 3 are known, however, the mean can be
perfectly predicted. Therefore, if we subtract the mean of y; from
yt, the resulting series will be stationary, and is thus called a trend
stationary process in comparison to the difference stationary processes
described above.

e Each of these series is characterized by a unit root, meaning that the coefficient
on the lagged value of 1, = 1 in each process. For a trend stationary process,
this follows because you can re-write the time series as 3 = pu + 0t + ¢ =
Y1+ B+ e — g1

e In each case, the DGP can be written as:
1-Ly=a+v

where a = 0, p, and [ respectively in each process and v is a stationary
process.

e In all cases, the data should be detrended or differenced to produce a station-
ary series. But which? The matter is not of merely academic interest, since

detrending a random walk will induce autocorrelation in the error terms of
an MA(1) type.
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e A unit-root test (described in Greene, p. 637) is based on a model that nests
the different processes above into one regression that you run to test the
properties of the underlying data series:

Y = b+ Bt +yy—1 + &

e Next subtract 41 from both sides of the equation to produce the equation
below. This produces a regression with a (difference) stationary dependent
variable (even under the null of non-stationarity) and this regression forms
the basis for Dickey-Fuller tests of a unit root:

Y — Y1 = p+ B+ (v — Dy + &

— A test of the hypothesis that (7 — 1) is zero gives evidence for a random
walk, because this = v = 1.

— If (v — 1) = 0 and p is significantly different from zero we have evidence
for a random walk with drift.

— If (v — 1) is significantly different from zero (and < 0) we have evidence
of a stationary process.

— If (v — 1) is significantly different from and less than zero, and 3 (the
coefficient on the trend variable) is significant, we have evidence for a
trend stationary process.

e There is one complication. Two statisticians, Dickey and Fuller (1979, 1981)
showed that if the unit root is exactly equal to one, the standard errors will
be under-estimated, so that revised critical values are required for the test
statistic above.

e For this reason, the test for stationarity is referred to as the Dickey-Fuller
test. The augmented Dickey-Fuller test applies to the same equation above
but adds lags of the first difference in y, (y; — y:_1).

e One problem with the Dickey-Fuller unit-root test is that it has low power
and seems to privilege the null hypothesis of a random walk process over the
alternatives.
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e To sum up: If your data looks like a random walk, you will have to difference it
until you get something that looks stationary. If your data looks like it’s trend
stationary, you will have to de-trend it until you get something stationary.

An ARMA model carried out on differenced data is called an ARIMA model,
standing for “Auto-Regressive, Integrated, Moving-Average.”

5.7.1 Determining the Specification

e You have data that is now stationary. How do you figure out which ARMA
specification to use? How many, if any, AR terms should there be? How
many, if any, MA terms?

e As a means of deciding the specification, analysts in the past have looked at
the autocorrelations and partial autocorrelations between y; and ;. This is
also known as looking at the autocorrelation function (ACF) and the partial
autocorrelation function (or PACF).

e Recall that

_ E _
corr(ey, €—5) = cov(er, o) = e S]] =X

Vvar(e)var(e—,)  Ble gl

e If y; and y;_, are both expressed in terms of deviations from their means, and
if var(y;) = var(y;—s) then:

cov(ynye-s)  _ Elywi-s] _ s
Vvar(ye)y/var(ye—s) Ely;] Yo

corr (Y, Ye—s) =

5.8 The Autocorrelation Function for AR(1) and MA(1)
processes

e We showed in the section on autocorrelation in the error terms that if y, =
PYi-1 + & then corrlys, y;—s] = p°.

e In this context, & is white noise. Eley] = 0, E[e?] = 02, Elg;e4_1] = 0

e Thus, the autocorrelations for an AR(1) process tend to die away gradually.
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e By contrast, the autocorrelations for an MA(1) process die away abruptly.

o Let
Y =gy — Oy

Then

Yo = varly] = E{yt_E[yt]}2 = E[(Et—95t—1)2] = E(5§)+92E(5?—1) (1+92)03

and

2
5

N = covly, yi1] = El(er — Oer1) (611 — Oe19)] = —0E[e; 1] = —fo

e The covariances between y; and ;s when s > 1 are zero, because the ex-
pression for y; only involves two error terms. Thus, the ACF for an MA(1)
process has one or two spikes and then shows no autocorrelation.

5.9 The Partial Autocorrelation Function for AR(1) and
MA (1) processes

e The partial autocorrelation is the simple correlation between 1; and y;_s minus
that part explained by the intervening lags.

e Thus, the partial autocorrelation between 1; and y;_, is estimated by the last
coefficient in the regression of y; on [y;—1, Y2, ..., Ys+—s|. The appearance of the
partial autocorrelation function is the reverse of that for the autocorrelation
function. For a true AR(1) process,

Yt = PYt—1 + &t

e There will be an initial spike at the first lag (where the autocorrelation equals
p) and then nothing, because no other lagged value of y is significant.

e For the MA(1) process, the partial autocorrelation function will look like a
gradually declining wave, because any MA(1) process can be written as an
infinite AR process with declining weights on the lagged values of .
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5.10 Different Specifications for Time Series Analysis

e We now turn to models in which g is related to its own past values and a set
of exogenous, explanatory variables, x;.

e The pathbreaking time series work in pol. sci. concerned how presidential
approval levels respond to past levels of approval and measures of presidential
performance. Let’s use A;, standing for the current level of approval, as the
dependent variable for our examples here.

— More on this topic can be found in an article by Neal Beck, 1991, “Com-
paring Dynamic Specifications,” Political Analysis.

1. The Static Model
Ay = BX; + &

Comment from Beck, “This assumes that approval adjusts instantaneously
to new information (‘“no stickiness”) and that prior information is of no
consequence (“no memory”).

2. The Finite Distributed Lag Model

M
A = Z BiXi—i + et
i=0

This allows for memory but may have a large number of coefficients,
reducing your degrees of freedom.

3. The Exponential Distributed Lag (EDL) Model

M
A = Z (thz')\i)ﬁ + &¢
i=0
Reduces the number of parameters that you now have to estimate. In
the case in which 7" can be taken as infinite, this can also be written as:

X

TSR

A = Z XiB(AL) +& =
i—0
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4. The Partial Adjustment Model
Multiply both sides of the EDL model above by the “Koyck Transforma-
tion” or (1 — AL). After simplification, this will yield:

Ay = X8+ M1+ e — Aep

— This says that current approval is a function of current exogenous
variables and the past value of approval, allowing for memory and
stickiness. By including a lagged dependent variable, you are actu-
ally allowing for all past values of X to affect your current level of
approval, with more recent values of X weighted more heavily.

— If the errors in the original EDL model were also AR(1), that is
to say if errors in preceding periods also had an effect on current
approval (e.g., uy = \uy_1 + &), with the size of that effect falling in
an exponential way, then the Koyck transformation will actually give
you a specification in which the errors are iid. In other words:

Ay = Xy + ANAi1 + &

This specification is very often used in applied work with a stationary
variable whose current level is affected by memory and stickiness. If
the error is indeed iid, then the model can be estimated using OLS.

5. Models for “Difference Stationary” Data: The Error Correction
Model
Often, if you run an augmented Dickey-Fuller test and are unable to
reject the hypothesis that your data has a unit root, you will wind up
running the following type of regression:

AAt = AXtﬁ + &¢

As Beck notes (p. 67) this is equivalent to saying that only the infor-
mation in the current period counts and that it creates an instantaneous
change in approval. This can be restrictive.

— Moreover, it will frequently result in finding no significant results in
first differences, although you have strong theoretical priors that the
dependent variable is related to the independent variables.
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— What you can do in this instance, with some justification, is to run an
Error Correction Model that allows you to estimate both long-term
and short-term dynamics.

— Let us assume, for the moment, that both A and X are integrated (of
order one). Then we would not be advised to include them in a model
in terms of levels. However, if they are in a long-term, equilibrium
relationship with one another, then the errors

€t = At —XtOé

should be stationary. Moreover, if we can posit that people respond
to their “errors” and that gradually the relationship comes back into
equilibrium, then we can introduce the error term into a model of the
change in approval. This is the Error Correction Model.

AAt = AXtﬁ + V(At—l — Xt—ICV) + &

The v coefficient in this model is telling you how fast errors are ad-
justed. An attraction of this model is that it allows you to estimate
long-term dynamics (in levels) and short-term dynamics (in changes)
simultaneously.

5.11 Determining the Number of Lags

e In order to select the appropriate number of lags of the dependent variable
(in an AR(p)) model, you could use the “general to specific” methodology.
Include a number of lags that you think is more than sufficient and take out
of the model any lags that are not significant.

e Second, analysts are increasingly using adjusted measures of fit (analogous
to R?) that compensate for the fact that as you include more lags (to fit the
data better) you are reducing the degrees of freedom.

e The two best known are the Akaike Information Criterion and the Schwartz
Criterion. Both are based on the standard error of the estimate (actually
on s?). Thus, you want to minimize both, but you are penalized when you
include additional lags to reduce the standard error of the estimate.
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e The equations for the two criteria are:

/
AIC(K) = In (T) 2K
n T
/
SC(K) = In <E> M
n n

The Schwartz Criterion penalizes degrees of freedom lost more heavily.

e The model with the smallest AIC' or SC indicates the appropriate number
of lags.

5.12 Determining the Correct Specification for your Er-
rors

e Beck gives examples (p. 60 and p. 64) where the error term is autocorrelated
even when you have built in lags of the dependent variable.

e This could occur if the effect of past errors dies out at a different rate than
does the effect of past levels in the explanatory variables. If this is the case,
you could still get an error term that is AR or MA, even when you have
introduced a lagged dependent variable, although doing this will generally
reduce the autocorrelation.

e The autocorrelation could be produced by an AR or an MA process in the
error term. To determine which, you might again look at the autocorrelations
and partial autocorrelations.

e We know how to transform the data in the case where the errors are AR(1)
using the Cochrane-Orcutt transformation or using Newey-West standard er-
rors. If the model was otherwise static, I would also suggest these approaches.
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5.13 Stata Commands

e Dickey-Fuller Tests:

dfuller varname, noconstant lags(#) trend regress

e The Autocorrelation and Partial Autocorrelation Function:
corrgram varname, lags(#)
ac varname, lags(#)

pac varname, lags(#)

e ARIMA Estimation:

arima depvar [varlist], ar(numlist) ma(numlist)
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Part 11

Maximum Likelihood Estimation



Section 6

Intro to Maximum Likelihood
Our basic task: make inferences about the relationship between variables in a
population based on what’s going on in a sample

Fundamentals:

e Assume distribution for data—i.e., all observations are drawn from the same
distribution.

e (Given distribution we can write down a function that describes how the
data for an individual were generated.

e Key assumption: observations in sample are independent and identically
distributed (iid)—we get independence by assuming we have a random
sample.

— If observations are independent, then the joint density of the
observations is just the product of their marginal densities:

f($17x27 o rxnflaxn) — f(ﬂfl) : f(xQ) e f(xnfl) : f(ﬂfn)
— This product gives the likelihood of the sample.

e ML means we choose the parameters that maximize the likelihood of
observing the sample that we actually observe.

e This requires that we find the maximum of the likelihood function w.r.t. to
the parameters of interest.

73
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To fix ideas consider the following example:

e Flipping coins (Bernoulli trials):

v _ 1 for a head
1 0 for a tail

o Let p=Pr(Y =1)
e Flip coin n times to obtain the sample: Yi,... Y.

e Key assumption: coin flips are independent and prob of observing a head or
a tail is the same at each trial.

e From the given sample, we want to estimate p.

e Note that p is population mean:
EY)=Pr(Y;=1)-1+Pr(Y;=0)-0
=Pr(Y;=1)
=P

=

e To estimate the population mean we typically use the sample mean:
y = Tk,
n

e Note that the proportion of heads is given by p = #
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e Let L; = likelihood for observation i.
e What is likelihood for 7th toss?

e For each observation could get a head which happens with prob p or could
get a tail which happens with prob 1 — p:

Li=p"-(1=p)"" (6.1)

e If we have iid sampling then

L:[ﬁ?@=4MPm]pﬁwl—m“%ﬂ~-@m-u—pW4”

e Usually take logs because they are easier to deal with (Remember:
Ina’ =blna and In(a - b) = Ina + Inb):

mL:E:mM
=1
S -
=1

=> [Vilnp+ (1-Y;)In(1 - p)]

=1
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e Want to choose value for p than maximizes In L. How do we do this?

e Some calculus:

— To find the maximum of a function with respect to some parameter, we
take the derivative of the function with respect to that parameter and
then set result equal to zero and solve for the parameter.

— To make sure it’s a maximum we then check to make sure the second
derivative is negative.

e For example, consider the function f(z) = —a? + 2x.
d
GO
dz

e Setting this equal to zero and solving for x gives z = 1.

e Checking the second derivative:
Pf(x)  d(—2x+2)

d2r dx
— 9

which implies we have a maximum rather than a minimum.
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e Returning to our likelihood function:

dinl «— 1 1
= Y- —(1-Y)—
dp 2_1:[ p ( )l—p

since
dlna

da
(Note: must also use the chain rule).

1
a

e Setting the derivative equal to zero and solving gives:

fln1—<1—m1%p]=0

1=1 p
i [Yill—p) —(A=Y)p] _
p(1—p)
> Vi—pYi—p+pY] =0

1=1

e Checking the second derivative of In L w.r.t. p we find that it is always

d? lnL 1
:_ZY Z Yi)(l_p)Q

=1

negative:

SO p = # yields a global max. of the log likelihood function.



Section 7

Maximum Likelihood In Depth

e Suppose we have random sample of n observations where each observations
has the density f(x;,0). Then the joint pdf is given by

flxy, ..., 2n,0) = f(x1,0) - f(x,,0)
= 11, f (2, 0) (7.1)
= L(0)

e We usually deal with the log of the likelihood function:

In L() = Zln f(s,0)

e The MLESs of 8, denoted é, are the values of the parameters that maximize

L(0).
e Note that 0 also maximizes In L(0) because In is a monotonic function.

e The necessary condition for maximizing In L(0) is

Jln L(0)
00
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e Suppose we have a sample from a normal distribution with mean p and
variance o2. Then the likelihood function is

1 1(x; — )
L(p,0%) =TI}, €exp (__(:U—2,u)>

V2ro? 2 o
= Hznzl (27TO'2)71/267(1/(202))(331-7;1)2
= (2m0?) M 2e~ W/ @) T (imp)?

e Taking the log gives

n

1 n
In L(p, 0%) = -3 In(27) — gln — 557 Z(ml — p)?
i=1

e Taking first derivatives gives
OnL 1
Oln L n 1 9
o2 202 i 204 zl:(xl —
e Setting ((7.3) equal to zero and solving for u, gives the MLE /i
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e To find the variance of the MLE, we need to take the second derivative
w.r.t. the parameter of interest.

— The variance-covariance matrix is a function of the Hessian—the
matrix of second derivatives.

— Specifically it is the inverse of the negative of the expectation of the
second derivatives.

e From our example,

) 2InL\1 "
var(f) = [_E< ou? )]
o?
n

e Setting (7.4)) equal to zero, inserting /i for y and solving for o2 gives the
MLE: ]
o L 2
o = nzZ:(xz T)

e Note that the unbiased estimator for o2 is

1
~2 '__2
a—n_lg(xZ T)

?

e The attractiveness of MLEs stems from their large sample or asymptotic
properties.



81

7.1 Asymptotic Properties of MLEs

1. The MLE is consistent.

That is,
lim,, . Pr(|@ — 0| >¢) =0

where ¢ is some small positive number. Or simply
plim 6 = 6
2. The MLE is asymptotically normally distributed:
6 N[6.{1(6)}"]

where I(0) is the information matrix. The information matrix contains
the negatives of the expected values of the second derivatives.

roy ! = (- [T O

{rlna) )y




82

3. The MLE is asymptotically efficient and achieves the Cramér-Rao lower
bound for consistent estimators:

Asy. var[0] = [I(0)]"}

e The Cramér-Rao inequality states that, given certain regularity
conditions, if 6 is an unbiased estimator of 6 then
A 1

var(f) >

T

e The Cramér-Rao lower bound gives the lower bound for the variance of

unbiased estimators.

e Since the MLE achieves this lower bound, we know that the MLE has
the minimum variance acheivable by a consistent estimator.
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e Example: Consider L(u,o?), the likelihood function in equation .
Taking the second derivatives gives

0?In L oo

ou: o2
0?In L n 1 5
0(c2)? T 200 6L (i =)
0?In L 1 ( )
duda? ot s

so the information matrix is

I(p,0%) = {

oY

A
507

e Another important property of the MLE is invariance: if 0 is the MLE of

A~

0 and if ¢(0) is a continuous function, then the MLE of ¢(0) is g(8).

e Note that the Asy. var[f] is a function of the unknown parameters 8, so we
have to come up with an estimator for it. Two consistent estimators are

A7y -1

. 2

Asy. var[0] = < — 811;1—[1(,0)
0000

Asy var(f)] = { Kmnaf;(e)) (ah; ’;,(9))

or

:




84

7.2 Iterative Process of Finding the MLE

The models we will be dealing with here typically do not have closed-form
solutions for the MLE. It becomes necessary to use some type of iterative
“hill-climbing” algorithm, such as the following:

1. Compute starting values 6.

2. Compute
6, =60,+ 80[1(90)]_15(00) (75)

where s is the step size, S(0,) is the score vector (i.e., vector of first
derivatives of In L), I(6y) is the information matrix, and 6, is the updated
vector of parameter values.

3. Repeat Step 2 until convergence.
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Figure 7.1: The Natural Log of the Normal Distribution
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Part 111

Models for Repeated Observations
Data—Continuous Dependent Variables



Section 8

Fixed Effects Estimators

8.1 LSDV as Fixed Effects

e Least squares dummy variable estimation is also known as fixed effects,
because it assumes that the unobserved effect for a given cross-sectional unit
or time period can be estimated as a given, fized effect.

e Can think of this as fixed in repeated samples (e.g., France is France) as
opposed to randomly drawn.

e Let the original model be

Yir = a; + B'Xi + ui (8.1)
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e We can rewrite this in vector form as

yi
Yo

Ui

E[u] =0, E[uu]=o;1r, Eluuj] =0 ifi#j.

(I7 denotes the T' x T identity matrix).

e 0 0
0 . e . 0
0 0 e
Uil 11 T2i1
Yi2 T2 252
— . ’ XZ -
TxK
Yir 1T 24T
U1
U2
u; = .
Tx1

B+

[85]
U2

(8.2)

e These assumptions regarding u; mean that the OLS estimator for eq. is

BLUE.
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e To obtain the OLS estimators of o and B, we minimize:

N

S = Z wu; = Z —ea — X;0) (y; — eal — X;0).

=1

e Take partial derivatives wrt to «;, set equal to zero and solve to get:

& =g — B'%; (8.3)
where
T T
Y = Z yit/Ta X = szt/Tu
t=1 t=1

e Substitute our estimate for &; in .S, take partial derivatives wrt 3, set equal
to zero and solve:

“lry 7
IBCV = Z Z Xt — Xi)(Xit — X )/] [Z Z Xit — Xi) (Yit — Ui)
—1 t=1

i=1 t=1

e Including separate dummies for each cross-sectional unit will produce esti-
mates of the unit-specific effects.

e While this may be desirable, it does come at some cost—possibly inverting a
large matrix of Os and 1s.
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e Another way to compute this estimator w/o including dummies is to subtract
off the time means:

gi = af + 8%+ (8.4)

e If we run OLS on this regression, it will produce what is known as the “Be-
tween Effects” estimator, or Bpp, which shows how the mean level of the
dependent variable for each cross-sectional unit varies with the mean level of
the independent variables.

e Subtracting eq. from eq. gives
(Wie — 9i) = (o —af) + B'(xir — X;) + (wir — ;)
or
(it — 7i) = B'(xie — %) + (i — W)
e Running OLS on this equation gives results identical to LSDV.

e Sometimes called the within-group estimator, because it uses only the varia-
tion in y;; and x;; within each cross-sectional unit to estimate the 3 coeffi-
cients.

e Any variation between cross-sectional units is assumed to spring from the
unobserved fixed effects.
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e Another way to approach this is to pre-multiply each cross-sectional unit
equation (y; = ea) + X;8 + u;) by a T' x T idempotent “sweep” matrix:

1
Q = It — ?ee/

e This has the effect of sweeping out the s and transforming the variables so
that the values for each individual are measured in terms of deviations from
their means over time:

Qy: = Qea; + QX;8 + Qu; :

e Running OLS on this regression gives

) N trw
Bev = [Z X;QXz] [Z XiQYi]
i—1 i=1

e The variance-covariance matrix is

N -1
var|Boy] = o, [Z XQQXi]
i=1
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e Properties of Bqy: unbiased and consistent whether N or 7" or both tend to
infinity.

e Note that the OLS estimate of o is unbiased, but is consistent only as 7" —
00.

— With LSDV consistency is an issue: incidental parameters problem.
e A key advantages of FE estimators: can have correlation between x;; and o .

e A key drawback: if time-invariant regressors are included in the model, the
standard FE estimator will not produce estimates for the effects of these
variables (perfect collinearity in LSDV).

— There is an IV approach to produce estimates, but requires some exo-
geneity assumptions that may not be met in practice.

e The effects of slow-moving variables can also be estimated very imprecisely
due to collinearity.
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8.2 Application: Economic growth in 14 OECD countries

e Garrett examines the political component of economic performance in his 98
book Partisan Politics in the Global Economy.

e Question: how does labor centralization and left control of the government
affect economic growth (esp. in terms of an interaction effect)?

— Tests the social democratic corporatist model of economic performance:
congruence b/t political and labor bargaining enhances performance.

— l.e., centralized labor bargaining goes well w/ politically powerful left
parties; decentralized bargaining is more congruent when right parties
are iIn power.

e Data: 14 OECD countries observed annually from 1966-1990 (i.e., N =
14;T = 25.
e Dependent variable: GDP.

e Explanatory vars:

— Oil dependence (OIL),

— Overall OECD GDP growth, weighted for each country by its trade with
the other OECD nations (DEMAND),

— proportion of cabinet posts occupied by left parties (LEFTLAB),

— degree of centralized labor bargaining as a measure of corporatism (CORP),
— interaction b/t CORP and LEFTLAB (CLINT).
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e OLS on this equation gives:

. regress gdp oild demand corp leftlab clint

Source | 83 df MS Number of obs = 350
————————————— Ao F( 5, 344) = 11.30
Model | 291.283034 5 58.2566069 Prob > F = 0.0000
Residual | 1773.90603 344 5.15670357 R-squared = 0.1410
————————————— ettt Adj R-squared = 0.1286
Total | 2065.18906 349 5.91744717 Root MSE = 2.2708

gdp | Coef Std. Err t P>|t]| [95% Conf. Intervall]
_____________ o
oild | -15.2321  4.572497 -3.33 0.001 -24.22567  -6.238529

demand | .0049977 .000999 5.00 0.000 .0030328 .0069625

corp | -1.139716 .3043989 -3.74 0.000 -1.738433  -.5409982

leftlab | -1.483549 . 3844653 -3.86 0.000 -2.239747  -.7273499
clint | .4547183 .1233779 3.69 0.000 .2120482 .6973883

_cons | 5.919865 . 7356383 8.05 0.000 4.47295 7.36678
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e Including dummies for each country (except one) gives:

. regress gdp oild demand corp leftlab clint Icc_2 Icc_3 Icc_4 Icc_5

> 7 Icc_8 Icc_9 Icc_10 Icc_11 Icc_12 Icc_13 Icc_14;

Source

Model
Residual

1378.26716

686.921905

18 38.1623281

331

4.16394912

2065.18906

349 5.91744717

Number of obs
F( 18,

Prob > F
R-squared
Adj R-squared
Root MSE

331)

Icc_6 Icc_

350
9.16
0.0000
= 0.3326
= 0.2963
= 2.0406

corp
leftlab
clint
Icc_2
Icc_3
Icc_4
Icc 5
Icc_6
Icc_7
Icc_8
Icc_ 9
Icc_10
Icc_11
Icc_12
Icc_13
Icc_14
_cons

-25.59808
.0084949
-.2500641
-1.172257
.5030912
-.4136903
-2.090873
-2.159732
-2.587796
.6289216
-1.796217
-3.993015
-.8709414
-1.449112
-3.893792
-3.489515
-3.10808
2.929627
3.374094

5.946569

.001129
.6654194
.4468775
.1596682
.5988751
. 7898403
. 7633224
1.091167
.8440104
1.255454
1.891938
1.02877
1.301281
1.607724
1.29017
1.477907
.6076861
1.365808

-37.29592
.006274
-1.559048
-2.051335
.1889988
-1.591772
-3.644613
-3.661307
-4.734293
-1.031379
-4.265892
-7.714754
-2.894693
-4.008935
-7.056438
-6.027481
-6.015355
1.734213
.6873365

-13.90025
.0107158
1.05892
-.2931785
.8171836
. 7643909
-.5371336
-.658157
-.4412985
2.289222
.6734584
-.2712759
1.15281
1.110711
-.7311463
-.9515491
-.200806
4.125041
6.060852
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e The F-test to determine if the dummies should be included gives:

. test Icc_2=Icc_3=Icc_4=Icc_b=Icc_6=Icc_7=Icc_8=Icc_9=Icc_10=Icc_11=Icc_12=Icc
> _13=Icc_14=0;

F( 13, 331)
Prob > F

7.31
0.0000

e Finally, estimating the fixed effects model:

. xtreg gdp oild demand corp leftlab clint, fe ;

Fixed-effects (within) regression Number of obs = 350

Group variable (i): country Number of groups = 14

R-sq: within = 0.2315 Obs per group: min = 25

between = 0.0461 avg = 25.0

overall = 0.0424 max = 25

F(5,331) = 19.94

corr(u_i, Xb) = -0.7104 Prob > F = 0.0000

gdp | Coef Std. Err t P>t [95% Conf. Interval]

_____________ +________________________________________________________________

oild | -25.59808 5.946569 -4.30 0.000 -37.29592  -13.90025

demand | .0084949 .001129 7.52  0.000 .006274 .0107158

corp | -.2500641  .6654194 -0.38 0.707 -1.559048 1.05892

leftlab | -1.172257 .4468775 -2.62 0.009 -2.051335 -.2931785

clint | .5030912 .1596682 3.15 0.002 .1889988 .8171836

_cons | 1.78165 1.961666 0.91 0.364 -2.077255 5.640556

_____________ +________________________________________________________________
sigma_u | 1.9296773
sigma_e | 2.0405757

rho | .47208946  (fraction of variance due to u_i)

Prob > F = 0.0000

F test that all u_i=0: F(13, 331) =
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Section 9

Random Effects Estimators

Intro

Fixed effects is completely appropriate if we believe that the unit-specific
effects are indeed fixed, estimable amounts that we can calculate for each
cross-sectional observation.

Thus, we believe that Sweden will always have an intercept of 1.2 units (for
instance). If we were able to take another sample, we would once again
estimate the same intercept for Sweden. There are cases, however, where we
may not believe that we can estimate some fixed amount for each country.

In particular, assume that we have a panel data model run on 20 countries,
but which should be generalizable to 100 different countries. We cannot
estimate the given intercept for each country or each type of country because
we don’t have all of them in the sample for which we estimate the model.

In this case, we might want to estimate the Bs on the explanatory variables
taking into account that there could be country-specific effects that would
enter as a random shock from a known distribution.

If we go this route, we will be estimating a random effects model.

97
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9.2 Deriving the random effects estimator

e Also called variance components b/c we can set up the disturbance in this
way:
Vit = Qi + Ap + U

e We make the following crucial assumptions about the variance and covari-
ances of these components:

Ela;] = E[\] = Blug] =0

E[Oéi)\t] = E[oziuit] = E[)\tuzt] =0

if i = j
E[O‘Z‘O‘j]:{o if i # j

ol ift=s
E[MS]:{OA ift £ s

ol ifi=j,t=s

Eluiugs] = { 0  otherwise

E [aixgt] =k P‘txgt] =k [Uitxgt] =0

e Note that the var[y;|xy] = 0, = o} + 03 + 0.
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e Let’s add a general intercept to our model and set A\ =0 V ¢:
Yit = 1+ ,BlXit + o + Ut (9.1)

e We can rewrite this in vector form:

= X6 4, (9.2)
where
_vil_
X, :[e Xi], 0 :[M]’ Vi = U.ﬂ o Vit = 0y Ut
Tx(K+1) (K+1)x1 /3 Tx1 :
Ui

e The variance-covariance matrix of the 71" disturbance terms v; is:

(02 +02) o2 o2 o
2 2 2 2 2
o o-+ o o5 ... o
V — E[Vzvg] — « ( U Oé) Q .C(
I o2 o2 o2 ... (o2 + 02)_
= 021y + olee’
e Note that . )
o
V9ie _|Ip—- —2 |ee.
z [ P2y TU&]
e The full variance-covariance matrix for all the NT observations is:
'V 00 ... 0]

0O VO ...0O0
. , | =Iv®V

0O 00 ...V
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e To produce parameter estimates, we could proceed in the manner that we
did with the FE estimator—i.e., pre-multiply by Q and run OLS.

— This will give unbiased and consistent estimates.

— However, if the «; are assumed to be random rather than fixed, the CV
estimator is not BLUE; the GLS estimator is.

— Intuition: v; and v;s both contain «;, inducing correlation in the distur-
bances. Need to use GLS to get efficient estimates.

9.3 GLS Estimation

e The normal equations for the GLS estimator are

N N
> nglxi] dars = Y _X;V'ly;
=1 =1

e We could write the GLS estimator simply as

N -1y
8GLS = [Z X;V1XZ] Z X,'V_lyi (9.3)
=1 1=1

e But let’s unpack this to get a better understanding of what is going on w/
this estimator. We can rewrite the inverse of the variance-covariance matrix
o 1 1 1 1 1

V9ie—|I;— —ee +1 - —ee| = — + 1) - —e€
o2 [ o s o2 Q+v-7

where
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e Fconomizing on notation:

Wiz + ¢ Bi;] {g] = W;y + ¢ B3, (9.4)
QLS
where
Wiz =T33 — Biz Wiy :chy — By
N
3K 3R
i—1
1 & 1 &
B =7 Z <X;ee'Xi> Bsz, =7 Z <X;ee'yi)

i=1 =1

e Some intuition: These matrices contain the sum of squares and the sums of
cross products between groups (Bi; & Bjy), within groups (Wiz & Wy, ), and
for total variation (Tz; & T3,).

e Solving [9.4] gives

YNT YT % X! .
i=1 K
N B N o [/8]
VT Y X Z X:Q Z XX GLS
i=1 i=1
wN Ty

Z X;Qy; + T Z XY
e Taking the partitioned inverse and solving for the parameters gives
) o N -1
Bars = [T 21 XiQX; + ¢ 3 (% — X) (X — i)/}
j= =1
X N
X [T 21 XiQyi + v Zl(iz’ —x)(4; — y)]

A — A/ —
HGLS = Y — IBGLSX



102

e We can rewrite BGLS as A )
ABy + (Iy — A)Bey

where

1=1

e In words: the GLS estimator is a weighted average of the b/t group estimator
and the w/in group estimator, w/ 1 indicating the weight given to b/t group

variation. Recall

0.2

Zp Uu

- o2 +To?
—As ¢ — 1, dars — T.:Ts, (ie., the OLS estimator). This means that
little variance is explained by the unit effects.
— As ¢ — 0, BGLS — the w/in estimator. This happens as either

1. the unit-specific effects dominate the disturbance u;;.

2. T — oo (intuition: the «; are like fixed parameters since we have so
much data on the 7" dimension).

— GLS then is an intermediate approach b/t OLS and FE (which uses no
b/t group variation).
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e The variance of the GLS estimator is
N N -1
var [éGLS} = o, [Z XQX; +yT Z(f% —X)(Xi — X)l]
i=1 i=1
e Recall the variance for the w/in group estimator:
N -1
var[Bey] = o [Z X;QXz] :
i=1

e The difference b/t these var-cov matrices is a p.d. matrix (assuming ) > 0).

e Thus, as T' — oo, ¥ — 0, and var {\/TBGLS} — var {\/TBCV} (assuming our

cross-product matrices converge to finite p.d. matrices).

e Since we typically do not know ¢2 and o2, they must be estimated. We can
do two-step GLS (i.e., obtain consistent estimates of the variance components
and then plug these in to compute 2nd stage parameter estimates).

o If either N — oo or T' — o0, 2-step GLS has the same asymptotic properties
as GLS w/ known variance components.

e Can use w/in and b/t group residuals to compute estimates:

N T . 2
923 | (e = 90) — By (xi — X1)|

£
oy NT-1)-K (9.5)
N _, 12
> {@z’ —p—=pB iz} 1
= — —o? (9.6)
N_(K+1) T

where 1 and 3 are obtained from B;;Bj-y.



104

9.4 Maximum Likelihood Estimation

e RE estimates can also be computed by ML.

e To obtain the MLE, assume u; and «; are normally dist’d and start w/ the
log of the likelihood function:

NT N
InL = —Tln27r— Eln\V|
| N

~3 D (yi—en—XiB)V ! (yi — e — X;)
=1

e To obtain the MLE &' = (i, 3,02, 02), we take partial derivatives wrt each
of these parameters, set to zero and solve.

e This gives four equations that we must solve simultaneously, which can be
difficult.

e Instead we can use a sequential iterative procedure, alternating back and
forth b/t p and B and the variance components o2 and o?2.

e For N fixed and T' — oo, the MLEs of i, 3', and o2 are consistent and — CV
estimator. The MLE of o2 is inconsistent (insufficient variation b/c of fixed
N).

e With simultaneous solution of 02, it’s possible to obtain a negative value. It’s
also possible to obtain a boundary solution, although the prob. of this — 0
as either T' or N — oo.
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9.5 Fixed v. Random Effects

e Makes no difference for large 7'
e Can make a big difference when 7T is fixed and N is large.

e Does it make sense to treat one source of unobserved variation as random
(u;) and another as fixed («;)?

e Conditional v. marginal inference:

— FE is often thought of as an approach where inferences are made condit’l
on effects that are in the sample.

— RE can be thought of as making inferences that are unconditional or
marginal wrt the pop. of all effects.

e Perhaps the most important consideration is whether we think the unit ef-
fects are correlated w/ explanatory variables—if so, RE is not appropriate
(although may not make much difference in certain situations).

9.6 Testing between Fixed and Random Effects

e If o; is uncorrelated with the explanatory variables x;;:

— GLS is unbiased/consistent and will achieve the Cramer-Rao lower bound
(i.e., is efficient).

— CV is unbiased/consistent but is inefficient.

e If o; is correlated with any of the explanatory variables:

— GLS is biased/inconsistent.

— CV is unbiased/consistent.
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e This sets us up for a Hausman test:

Hy: Ela;x;]) = 0; Random effects appropriate = BGLS is approx-
imately equal to B¢y but is more efficient (has smaller standard
errors).

Hi: Ela;x;) # 0; Random effects is not appropriate = BGLS will be
different from B¢y (and inconsistent).

e In this setting, the Hausman test statistic is calculated as:

. ) ) ) -1 )
m = (Bev — Bars)' (Vaf[ﬁcv] — Var[ﬁGLS]) (Bev — Bais)
o m ~ \%.

e If m is larger than its appropriate critical value, then we reject random effects
as the appropriate specification.
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9.7 Application

e Let’s try random effects on the Garrett data:

xtreg gdp oild demand corp leftlab clint, re ;

Random-effects GLS regression Number of obs = 350

Group variable (i): country Number of groups = 14

R-sq: within = 0.2225 Obs per group: min = 25

between = 0.0007 avg = 25.0

overall = 0.1255 max = 25

Random effects u_i ~ Gaussian Wald chi2(5) = 87.18

corr(u_i, X) = 0 (assumed) Prob > chi?2 = 0.0000

gdp | Coef.  Std. Err. z P>|z]| [957% Conf. Interval]

_____________ +________________________________________________________________

oild | -20.44602 5.394257 -3.79 0.000 -31.01857  -9.873467

demand | .0075601  .0010875 6.95 0.000 .0054286 .0096915

corp | -1.210037 .420998 -2.87 0.004 -2.035178 -.3848961

leftlab | -1.256097 .4275844 -2.94 0.003 -2.094147 -.4180465

clint | .4653267 .1481581 3.14 0.002 .1749422 .7557112

_cons | 5.19839 1.111886 4.68 0.000 3.019134 7.377646

_____________ +________________________________________________________________
sigma_u | .98722663
sigma_e | 2.0405757

rho | .18966702  (fraction of variance due to u_i)

e Note the big differences in the coefficient values compared w/ FE (for FGLS
MLE, replace re w/ mle).
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e Let’s run a Hausman test. The commands for this model would be
xtreg gdp oild demand corp leftlab clint, fe ;
est store garrettfe ;
xtreg gdp oild demand corp leftlab clint, re ;
est store garrettre ;

hausman garrettfe garrettre;

e The results:

--—- Coefficients ———-
| (b) (B) (b-B) sqrt (diag(V_b-V_B))
| garrettfe garrettre Difference S.E.
_____________ oo
oild | -25.59808 -20.44602 -5.152068 2.502733
demand | .0084949 .0075601 .0009349 .0003033
corp | -.2500641 -1.210037 .9599731 .5153092
leftlab | -1.172257 -1.256097 .0838399 .1298888
clint | .5030912 .4653267 .0377645 .05956242

b = consistent under Ho and Ha; obtained from xtreg
B = inconsistent under Ha, efficient under Ho; obtained from xtreg

Test: Ho: difference in coefficients not systematic

chi2(5) = (b-B)’ [(V_b-V_B)~(-1)] (b-B)
= 15.39
Prob>chi2 = 0.0088



Section 10

Non-Spherical Errors

10.1 Introduction

e Up to this point, we have assumed that our errors were spherical.

e A good deal of attention, however, has been paid to issues of non-spherical
errors in panel and TSCS data (esp. the latter).

10.2 The Method of PCSEs

e Key motivation for using panel corrected standard errors (PCSEs): improve
inferences made from TSCS data by taking into account the complexity of
the error process, but not ask too much of data.

e Non-standard error structures (TSCS):

1. Contemporaneous correlation: errors across cross-sect’l units are corre-
lated due to common shocks in a given time period.

o; ifi=j7and s=t
E(ui,ujs) =14 oy ifi#jand s=t
0 otherwise

2. Panel heteroskedasticity: error var. differs across cross-sect’l units due
to characteristics unique to the units.

o? ifi=jands=t

Euit, ujs) = { 0 otherwise

3. Serial correlation: errors w/ units are temporally correlated.

Uit = PU—1 + Eijt-

109
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e OLS not BLUE & can produce incorrect SEs when the errors are nonspherical.
e GLS is BLUE & gives correct SEs.

e But assumes that the var-cov matrix (£2), used to weight the data is known.
e Can do FGLS using Q.

e Beck & Katz '95 APSR show, however, that the FGLS method advocated by
Parks and Kmenta produces incorrect SEs when applied to TSCS data.

e FGLS gives overconfident SEs—does not fully take into account the variabil-
ity in the estimates of the error parameters (rely too heavily on asymptotic
properties).

e Beck & Katz '95 APSR: superior way to handle complex error structures w/
TSCS analysis is to estimate coefficients by OLS & compute PCSEs.

e Intuition: OLS with TSCS data will be unbiased but will produce incorrect
standard errors.
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10.3 Robust Estimation of Asymptotic Covariance Matri-
ces

e In order to understand how PCSEs work, let’s review robust estimators for
cross-sectional data.

e The asymptotic covariance matrix of the OLS estimator of 3 is given by

ar[3] = L (Lxx B Lyex) (2xx B (10.1)
var = AW N N .
where ¥ = Fluu’|X].

e The problem here is how to esimate N~1X'3X since 3 contains N (N +1)/2
unknown parameters and we have only N data points.

e Fortunately, all we need is an estimator of the K (K +1)/2 unknown elements

of
plim Q, = plim — Z Z U”XZ (10.2)

11]1

e Q. is a matrix of the sums of squares and cross-products that involves o;;
and the rows of X.

e Since OLS B is consistent for 3, then the OLS residuals u; will be consistent
for u;, and can be used to construct estimates of o;;.

e For the case of heteroskedasticity, we want to estimate

N
1
Q=+ > oixx. (10.3)
1=1

e White (1980) has shown that for

Zu Xix; (10.4)

plim Sy = phm Q.

under very general conditions.
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e This gives the White heteroskedasticity consistent estimator:

vél‘[/é]:%(%x/x> ( Z“XZ )( XX)_l (10.5)

= N (X'X) 'Sy (X'X)"!

e Another way to get to this result is to consider the asymptotic distribution
of the OLS estimator:

VN(B—B) 4 N (0,E[xx]"" - Elu’x'x] - E[x'x] ") (10.6)
which implies

asy. var[8] = N'E[x'x|™" - E[u*x'x] - E[x'x]™ (10.7)

e To consistently estimate E[x'x], we use the sample averages:
N
N'Y o xixi = (X'X/N).
i=1

e By the law of large numbers, plim N~' SV u2x/x; = E[u?x’x]. Replacing
u; with OLS residuals gives a consistent estimator of this expectation.

e Putting this altogether gives the estimator of the asymptotic variance:

asy. var|Q] = (Z U;X; Xl) X))t (10.8)

e For PCSEs, 2 is an NT x NT band diagonal matrix with cross-sectional
variances along the diagonal and contemporaneous correlations in the bands.

e For example, if N = 2 and T = 3, then

_O'% 0 0 012 0 0
0 U% 0 0 012 0
0 0 O'% 0 0 012
019 0 0 O'% 0 0
0 oo 0 O J% 0

| 0 0 012 0 0 0%_




113

e More generally,

- i}
oilr  oplyr - oy
2
ooulr  o3lr -+ oonlr
Q= ]
2
onilr onoIr - oylr
o [et _ -
2
01 012 013 '+ OIN
2
O12 03 023 -+ OaN
Y = ]
2
OIN O2N O3N *** Oy

e Use OLS residuals, denoted e;; for unit ¢ at time ¢ (in Beck and Katz’s nota-
tion), to estimate the elements of X:

g €;te
EA t=1 CitCjt
o 7

10.9
L (10.9)
which means the estimate of the full matrix 3 is
A E'E
> = —
T

where E is a T x N matrix of the re-shaped NT' x 1 vector of OLS residuals,
such that the columns contains the 7" x 1 vectors of residuals for each cross-
sectional unit (or conversely, each row contains the N x 1 vector of residuals
for each cross-sectional in a given time period) :

-611 €21 ... €N1-
E — €12 6.22 ce 6].\72
€T €21 ... ENT|
Then ,
Q= bE ® Ir,
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e Compute SEs using the square roots of the diagonal elements of
(X'X)"IX'OX(X'X) !, (10.10)

where X denotes the NT' x k matrix of stacked vectors of explanatory vari-
ables, x;;.

e Intuition behind why PCSEs do well: similar to White’s
heteroskedasticity-consistent standard errors for cross-sect’l estimators, but
better b/c take advantage of info provided by the panel structure.

e Good small sample properties confirmed by Monte Carlo studies.
e Potential problems:

— Note that this methods ignores unit effects—doesn’t have to, though.

— PCSEs solves the problems of panel heteroskedasticity and contempo-
raneous correlation—mnot serial correlation. Serial correlation must be
removed before applying this fix.

— How to correct for serial correlation? Lags are recommended, but that in-
troduces a potential problem that we’ll discuss when we turn to dynamic
specifications.

— Can also do Prais-Winsten.
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10.4 Costs of ignoring unit effects revisited

e A dispute has arisen about the value of FE estimators when theory tells you

that time-invariant random variables should be included in your specification—
better to just do OLS w/ PCSEs?

e We can run into trouble if unit effects are present in the data, but we ignore
them for the sake of including time-invariant variables; the problem is that
we don’t know for sure what the true specification is.

e Methods for robust standard error estimation can help shed light on this
question.

e Suppose the DGP is described by the following equation:
yir = B'Xit + i + iy, (10.11)
where «; indicate the unit effects and we assume u;; is spherical.

e If we ignore the unit effects then we are estimating the above model with the
disturbance v;; = «o; + ujy.

o If a; is correlated with x;;, then this leads to bias and inconsistency in OLS
estimates of 3.

e If it is not correlated there can still be problems with inferences: relegating
«; to the disturbance term in essence induces serial correlation in the errors.

e The variance-covariance matrix for B is given by
var[8] = E[(X'X) ' X'vv'X(X'X)™], (10.12)

where X and v are the x;; and v;; stacked over all 7 and ¢.

o Let X = F[X'vv'X]. For the case of repeated cross-sections, this can be

rewritten as
>=F ZZZZX“U“W‘S}(}S (10.13)
7 J t s
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o If Vit = O + WU, then

/2
E E E :Xitxitvit
7 t s

e Even if the u; are spherical, the standard OLS estimator for the variance-
covariance matrix will be wrong, since the second term in eq. [10.14] will be
ignored if the «; are not accounted for in the model specification.

Y=F +2F

Z Z xitxgsoz?] (10.14)

i t>s

e PCSEs will also ignore this term, leading to wrong standard errors.

e Interestingly, this presents a problem particularly for time invariant variables
b/c the std. errs. for the coefficients on such variables will generally be too
small, possibly leading to type I errors.

e Consider the second term of eq. [10.14] when x;; = (2 2):
Litlis TitZi| 2
2K - 10.1
Z; [xzszz zzzz} i (10.15)

e [t is possible that the xs are uncorrelated across cross-sectional units and time
periods and are uncorrelated w/ the zs = 0Os in the first diagonal element
and the off-diagonals—do not contribute anything to the standard errors in
expectation.

e However, the zs are perfectly correlated within ¢ = positive number when
multiplied by a? = larger standard errors than what we would get from OLS.

e To confirm this analytical result, conduct Monte Carlo analysis: generate the
data with an explanatory variable, x;, and a unit effect, but then estimate
a model that replaces the unit effect with a randomly generated z;, which is
independent of x; and the unit effect.

— This set-up mimicks a scenario where a researcher forsakes the FE ap-
proach to include a time invariant variable, even though—unbeknown to
the researcher—the time invariant variable actually has no effect.
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Table 10.1: Results from Monte Carlo experiments involving time
invariant variables

No lag  One lag Two lags

Mean OLS v —0.005 —0.003 0.007
Mean Between -y —0.002 0.000 0.007
Proportion of sig. OLS ~s 0.573 0.991 0.976

Proportion of sig. OLS s, PCSEs 0.693 0.972 0.949
Proportion of sig. OLS s, Robust 0.134 0.958 0.948
Proportion of sig. Between ~s 0.073 0.071 0.074
% reject Hy of no autocorrelation 99 96 10

Notes: N = 15;T = 20. 1000 simulations each.

e We estimated the model via standard OLS as well as with PCSEs. To verify
that the problem is a kind of serial correlation induced by ommission of the
unit effects, we computed standard errors that are robust to serial correlation
using

N T T
var(8) = (X'X) 7 YD xix v, | (XX) 7 (10.16)
=1 t=1 s=1

where the v;; are the residuals from a pooled OLS regression.
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10.5 Heteroskedasticity in FE and RE models

2

o If we treat the o; as random, then heteroskedasticity can occur if we have o2,

or o2, or both:
— "N _ 2 2 /
V,=E[vyv;| =0, Ir+ 0>ee

e To do GLS, we use V; instead of V.

2 2

e Since we typically do not know either o7, or o;,,

FGLS approach.

we can resort to a 2-step

— Problem: cannot get a consistent estimate for o2, even as T' — oo; only
one realization of «; (incidental parameters).

— Can get a consistent estimate of 0%, as T — oo.

2

— W/ finite T', cannot get consistent estimates of either o2, or o2,, even if

N — 0.

— If N and T are getting big, then we can get consistent estimates of o2;.
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e To do FGLS:

1. Run OLS or CV on y; = Xié + v; and compute the estimated residuals
V;.
2. Compute V, either by

(a) assuming 02, = 02 V i and using

M’ﬂ

T 1 Uzt—vz : (10.17)

t=1
or

(b) assuming the variance of «; conditional on x; has the same functional
form across individuals var[c;|x;] = o2x;; 62, is estimated as in eq.
10.17] (see Roy 02 IER for a method of this type for heteroskedasticity

of unknown form).

3. Then do .

N
- ~a ]~ ~ a1
drcLs = [Z XV, X] > XV, yi
i=1 j
and approximate the asymptotic var-cov matrix of 3FGLS by
N 1
(z . x)
i=1

e Could also do a feasible weighted LS method, weighting each obs. by the
reciprocal of &,; and then apply the CV estimator to the transformed data.

-1
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10.6 Serial Correlation in RE and FE models

e Including «; is in essence a way to account for unobserved persistence in the
data.

e Unobserved persistence can also show up in the form of serial correlation in
the disturbances.

e Suppose we have the classic AR(1) disturbance:
Uit = PUt—1 + Eit (10.18)

where the €;; are iid w/ mean zero and variance af.

o If we knew p then we could write down a standard variance components
model:

Yit — pYii—1 = (1 — p) + B'(xit — pXip—1) + (1 — p)ovi + it (10.19)

— All we are doing here is substituting in y; 1 — p— %41 — a; for w; ;1.
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e Can get an asymptotically efficient estimator of 3 by doing the following:

1. De-mean the data to take out the q;:
(yir — 4i) = B'(xir — Xi) + (uir — ;)

2. Compute an estimate of p:

(a) Use the LS residual from the de-meaned regression, or

(b) regress (yir—v;) on (yir—1—yi—1) and (x; ;-1 —X; —1) and use the coeffi-
T
cient on (y;+—1—¥i 1) as an estimate of p (note: g, —1 = (1/7) > vit—1;
t=1
we assume we have measures of y;o and ;).

3. Compute estimates of o2 and o?:

LT Z Z{ it — (I—=p)p— p(Yir—1 — Yi—1)

. I R NPT
Ta W'NZ[Qi—ﬂ(l—P)—Pyi,—l—ﬂ(xi—xi,—lp)}

Intuition: see equations for computing GLS variance estimates under
assumption of spherical disturbances (i.e., eq. and [9.6]).

4. Plug in our estimate for p and use 62 and 62 to compute the var-cov
matrix of (1 — p)ay + €44
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10.7 Robust standard error estimation with unit effects

e The properties of the FGLS estimators just described depend crucially on
asymptotics—may not do well in finite samples.

e Might be better off computing some kind of robust estimator of the var-cov
matrix to get our standard errors (i.e., robust to both heteroskedasticity and
serial correlation).

e Robust estimators for FE models exist; although they also rely on asymptotic
properties, they may do better in finite samples since they demand less of the
data.

10.7.1 Arellano robust standard errors
o Let yz+ = QYZ7 Xj_ = QX27 uZ_'F = Qui-
e Arellano (’87 Ozxford Bulletin of Economics and Statistics) suggests the fol-
lowing robust estimator:

N
(xX+x*)™ (Z Xj’ﬁjﬁj’Xj) (x*+x*)™ (10.20)
i=1
where 1] are the estimated residuals obtained from running OLS on the
transformed equation (i.e., o; =y; — X Bcy).
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10.7.2 Kiefer robust standard errors
e Arellano also suggests (following Kiefer) the robust estimator:
al -
(x*Hx*)™ (Z X, Xj) (x*+x*)™ (10.21)
i=1

where
At 1 N
Q =) ua
i=1
e Both of these estimators assume 7' fixed and N — oo.

e In some Monte Carlo work I’ve done, the Arellano estimator does better than
Kiefer for TSCS data.

e FE robust std. errs. can be obtained in Stata by using the robust and
cluster options in the xtreg routine.

e Note that the Arellano approach is essentially the same as doing LSDV and
then computing PCSEs.
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10.8 Application: Garrett data

e The Garrett model of GDP growth estimated w/ OECD data is exactly the
kind of case where we might expect non-spherical errors.

. xtpcse gdp oild demand corp leftlab clint ;

Linear regression, correlated panels corrected standard errors (PCSEs)

Group variable: country Number of obs = 350

Time variable: year Number of groups = 14

Panels: correlated (balanced) Obs per group: min = 25

Autocorrelation: no autocorrelation avg = 25

max = 25

Estimated covariances = 105 R-squared = 0.1410

Estimated autocorrelations = 0 Wald chi2(5) = 42.01

Estimated coefficients = 6 Prob > chi2 = 0.0000
| Panel-corrected

gdp | Coef.  Std. Err. z P>|z]| [957% Conf. Interval]

_____________ e

oild | -15.2321  5.228694 -2.91 0.004 -25.48015  -4.984049

demand | .0049977 .0015394 3.26 0.001 .0019804 .0080149

corp | -1.139716 .2234088 -5.10 0.000 -1.577589  -.7018424

leftlab | -1.483549 .2755847 -5.38 0.000 -2.023685  -.9434125

clint | .4547183 .0839526 5.42 0.000 .2901741 .6192624

_cons | 5.919865 .5833949 10.15 0.000 4.776432 7.063298
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e PCSEs, correcting for serial correlation:

. xtpcse gdp o0ild demand corp leftlab clint,

correlation(arl) ;

Prais-Winsten regression, correlated panels corrected standard errors (PCSEs)

Group variable:

Time variable
Panels:

Autocorrelation:

country
year

correlated (balanced)

common AR(1)

Estimated covariances

Estimated autocorrelations

Estimated coefficients

Number of
Number of

obs
groups

Obs per group: min =

R-squared
Wald chi2
Prob > ch

avg

max

(8)
i2

350

14

25

25

25
0.1516
31.55
0.0000

corp

clint

-13.77226
.0060806
-1.177445
-1.46776
.4488461
5.814019

Std. Err.

6.587739
.0016414
.2934019
.3623476
.1112233

.807692

[957% Conf.

-26.684
.0028635
-1.752502
-2.177949
.2308525
4.230972

Intervall

-.8606317
.0092977
-.6023874
-.757572
.6668397
7.397066
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e Fixed effects w/ robust standard errors a la Arellano:

xtreg gdp oild demand corp leftlab clint, fe robust cluster(country)

Fixed-effects (within) regression Number of obs = 350
Group variable (i): country Number of groups = 14
R-sq: within = 0.2315 Obs per group: min = 25
between = 0.0461 avg = 25.0
overall = 0.0424 max = 25
F(5,345) = 14.29

corr(u_i, Xb) = -0.7104 Prob > F = 0.0000

(Std. Err. adjusted for 14 clusters in country)

| Robust

gdp | Coef.  Std. Err. t P>[t]| [95% Conf. Intervall]
_____________ +________________________________________________________________
0ild | -25.59808 14.10159 -1.82 0.093 -56.06271 4 .866543
demand | .0084949 .0020412 4.16 0.001 .0040851 .0129047
corp | -.2500641 .9970869 -0.25 0.806 -2.404139 1.904011
leftlab | -1.172257 .3593795 -3.26 0.006 -1.948649 -.3958644
clint | .5030912 .1346974 3.73 0.002 .2120951 .7940873
_cons | 1.78165 3.051424 0.58 0.569 -4.810551 8.373852
_____________ +________________________________________________________________

sigma_u | 1.9296773

sigma_e | 2.0405757

rho | .47208946 (fraction of variance due to u_i)
e Note that

areg gdp o0ild demand corp leftlab clint, absorb(country) cluster(country)

gives the same results.



e For kicks, let’s do FGLS:

. xtgls gdp oild demand corp leftlab clint,
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Cross-sectional time-series FGLS regression

Coefficients:
Panels:
Correlation:

Estimated covariances

Estimated autocorrelations

Estimated coefficients

Log likelihood

105

-627.671

generalized least squares
heteroskedastic with cross—-sectional correlation
no autocorrelation

panels(correlated);

Number of obs
Number of groups
Time periods
Wald chi2(5)

350

14

25
108.70
0.0000

corp
leftlab
clint
_cons

-14.01453
.0045992
-1.107322
-1.247823
.4114256
5.41023

2.347816
.0008527
.1370615
.1348838
.0479446

.276808

Prob > chi?2

P>|z| [95% Conf.
0.000 -18.61616
0.000 .0029279
0.000 -1.375958
0.000 -1.512191
0.000 .3174559
0.000 4 .867696

Intervall

-9.412892
.0062705
-.8386865
-.9834559
.5053952
5.952763
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Part 1V

Qualitative and Limited Dependent
Variable Models Based on the Normal
Regression Model



Section 11

Introduction
2 parts:

1. Latent model: what’s really going on.

2. Observation scheme: determines what we get to see.

e Latent model for an individual:

yi = Bxi +

B L1
where 37 is a scalar, 8= | : |, x; = | : |, and u; ~ NJ0,0?].
ﬁk_ Tk
i1
Bxi=[01-- 0Bl | i | =Bwn+ Boxig+ - + Bear
| Lik

11.1 Linear Regression Model

e Observation Scheme #1: y; = y;

e That is, we get to see everything, so we have the classic normal linear regres-
sion model.
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Section 12

Probit

e Observation Scheme #2:

1ty >0
Y= 0 ifyr <0

yi > 0= 0% +u; >0=u > -0,

Pr(y’ > 0]x;) = Pr(y; = 1]x;) = Pr(u; > —08'x;)

/ .
= Pr (ﬁ > —'BXZ>
o o

e Given the distribution we've assumed for u;, we can rewrite this probability

as
Pm%:1m0=1—¢<—ﬂ&>:@(ﬂ&>

o o

1 B/Xi/g u2 d
Tl ()

130
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e Similarly

Pr(y; =0|x;) =1—® ('BIXZ)

o

e An identification issue: in the probit model we cannot estimate B and o
separately because they enter as a ratio (only the ratio is identifiable). So we
just set o = 1.

e The likelihood function for the probit model then is
L=TL, [@(8%)]" 1 - (Bx)]
while the log likelihood is
mL=>) {yn®(8x)+(1—y)h[1l-2(8x)]}
i=1
e Differentiating w.r.t. 3 gives

Oln L - (ﬁ’xz) ) x
B~ L aEm[i-o () B

e Taking the second derivatives gives

9’InL ¢+(I),6X7, '¢—(1—q))/3/xi o
8,@6,@ Z¢[yz +(1_yl) [1_(1)]2 XiXi

where ¢ = ¢ (8'x;) and ® = @ (8'x;).
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12.1 Interpretation of Coeflicients

e Estimated coefficients from the probit models do not have the same interpre-
tation as they do in the linear regression model.

e In the linear model:

. 0Yi
g = B'x; + u; SO 8% =0
X

e In the probit model we have

OPr(y; = 1x;)  09(8'x;)
8xl- - 8xl'

= ¢(8'%x;)3

e The effect of a unit change in x;; on the probability that y; = 1 depends on
the value of x;;, as well as the values of other explanatory variables in the
model.

e Note that to compute this probability you must choose some values for the x
variables (e.g., medians or means for the sample).

e Another standard technique is to set the explanatory variables equal to cer-
tain values and then change the value of a particular variable of interest to
see how it changes the probability of an event occurring.
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e To be thorough, one should report measures of uncertainty for marginal effects
(see Herron “Post-Estimation Uncertainty in Limited Dependent Variable
Models” "00 Political Analysis).

e For example, we can use simulation methods to compute confidence intervals
for predicted probabilities. To do this, we're going to get a bit a Bayesian, by

assuming 3 ~ N (ﬁ, f]), where 30 denotes the estimated covariance matrix.

1. Estimate ,B and 3.
2. Repeat the following steps S times (e.g., S = 1000), indexing each itera-
tion by [.

(a) Draw a vector 3 from a multivariate normal distribution with mean
vector 3 and covariance matrix 3.

(b) Calculate and save p! = ® (,@IX,-).

3. Use the percentiles of the distribution of pl,l = 1,...,5, to form confi-
dence intervals of the desired size (e.g., 0.025 and 0.975 percentiles for a
95% confidence interval).
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12.2 Goodness of fit measures

e We can use a Likelihood Ratio (LR) test to compute a goodness of fit statistic
similar to the F' statistic in the linear regression context that tests the null
hypothesis that all of the slope coefficients are simultaneously equal to zero.

e Let 0 be a vector of parameters to be estimated and H specify some restric-
tions on this vector. The LR test is given by

—2 [ln izR —In ﬁy}

where L r and ﬁU are the likelihood evaluated at r (the restricted parameter
vector) and Oy (the unrestricted parameter vector).

—2 [ln [:R —In ZA/U} ~ X%
where k is the number of restrictions imposed.

e For the null that the slope coefficients are equal to zero

lnIA/R = lnﬁo =npln <@> + nqln (ﬂ>
n n
where n is the sample size, ng is the number of observations where y = 0 and

ny is the number of observations where y = 1
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e Some packages will report a pseudo R? statistic, which has a similar “goodness
of fit” interpretation as the R? statistic in the linear regression context.

For example, the statistic
In LU
In j;()

ranges between 0 and 1 as does R? in the linear regression model.

1

e Most stats packages will also report some measure of how well the model
does at predicting the occurrence of an event, such as the percentage of
observations which are “correctly classified”.

e Herron recommends using expected percent correctly predicted (ePCP), which
surmounts some of the problems of using just percent correctly predicted.

1 N N
cPCP = — (Zﬁi + yzo(l = z%-)) (12.1)

yi=1
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12.3 Voting Behavior Example

e Consider the following model of vote choice in congressional elections
yi = B'xi +
where

To; = party identification match incumbent’s dummy

x3; = national economic performance, retrospective evaluation
x4; = personal financial situation, retrospective evaluation

x5, = recall incumbent’s name

xg; = recall challenger’s name

xr7; = quality of challenger

e Table reports the results of probit estimation of this model using data
from the American National Election Survey (1982-1988).

e Table reports marginal effects using derivatives.

e We can also report marginal effects by simulating probabilities of observing
an event. For example, we first compute the probability of voting for an
incumbent given that she does not face a quality challenger. For the probit
estimates, this is

Pr(y; = 1|z7; = 0) =®(81 + Bowgi + Bsxsi + Bavai + BsTs + Poxei + Brvri)
=P(.184 +1.355 x 1 — .114 x .5+ .095 x .5
+.324 x 0 — .677 x 0 — .339 x 0)
=.936
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Then compute this probability given a quality challenger:
Pr(y; = l|z7; = 1) = .881

Then the difference between these two gives the percentage increase
in the probability of voting for the incumbent when she does not face
a quality challenger (i.e., .936 — .881 = .055).
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Table 12.1: Probability of Voting for the Incumbent Mem-
ber of Congress

variable Probit MLEs
Intercept 184
(.058)
Party identification 1.35
(.056)
National economic performance —.114
(Retrospective Judgment) (.069)
Personal financial situation .095
(Retrospective Judgment) (.068)
Recall incumbent’s name 324
(.0808)
Recall challenger’s name —.677
(.109)
Quality of challenger —.339
(.073)

Notes: Standard errors in parentheses.
N = 3341. —2InL = 760.629 Percent cor-
rectly predicted = 78.5%
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Table 12.2: Marginal Effects on Probability of Voting
for the Incumbent Member of Congress

variable qub(,élxi)
Party identification 251
National economic performance  —.021

(Retrospective Judgment)

Personal financial situation 018
(Retrospective Judgment)

Recall incumbent’s name .060
Recall challenger’s name —.126
Quality of challenger —-.063

Notes: Explanatory variables are set
equal to their medians in the sample.
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12.4 Obstruction and Passage of Legislation Example

We model the passage of legislation (y; = 1 if passed, = 0 if failed) as a function
of coalition sizes opposing obstruction of legislation in the U.S. Senate.

e Table reports probit estimation results.

e Table reports simulated probabilities (with confidence intervals) for spe-
cific values of the coalition size variable.

e Figure plots simulated probabilities (with confidence intervals) across a
range of values for the coalition size variable.
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Table 12.3: Probit analysis of passage of obstructed measures, 1st—64th Congresses

Variable Coefficient ~ Std. Err.
Constant —1.671 0.962
Coalition size 6.155 2.224
Coalition size x end of session —1.944 0.690
Likelihood ratio test 12.84  (p=10.002)
% correctly predicted 72

Note: N = 114.

Table 12.4: Simulated Probabilities of Passage and Coalition Sizes, 1st—64th Congresses

Coalition size (%) Probability of Passage
Not end of session End of session

51 .92 .67

(.84, .97) (.47, .83)
60 99 .80

(.88, .99) (.54, .95)
67 .99 87

(.91, .99) (.54, .98)

Note: 95% confidence intervals in parentheses
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Figure 12.1: Simulated Probabilities of Passage and Coalition Size

End of Congress

0.0 0.2 0.4 0.6 0.8 1.0
Coalition size
Not End of Congress
r | | | | |
0.0 0.2 0.4 0.6 0.8 1.0

Coalition size
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12.5 Heteroskedasticity and the Probit Model

e In the probit model heteroskedastic disturbances render the MLEs inconsis-
tent and the variance-covariance matrix inappropriate.

e A general form of heteroskedasticity is

O'Z-2 = exp(vY'z;)

where z; = [1,q;] and v = [Ino?, a].

e The log likelihood for this heteroskedastic probit model is

InL = zn: {yilnq) <GX§%Z)> +(1-y)ln [1 — <GX§%Z)>” (12.2)

1=1

e Note: q; should not contain a constant term.

e To test for heteroskedasticity we can use a LR test, where In L, is given by
12.2) and for In Ly we restrict v = 0.

o A statistically significant x? statistic = heteroskedasticity is present.
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e Application: Alvarez and Brehm, “American Ambivalence Towards Abor-
tion Policy: Development of a Heteroskedastic Probit Model of Competing
Values.” '95 AJPS.

e Individuals possess a variance of attitudes—variance stems from difficulty
individuals have in resolving conflict between “core” beliefs.

e Some individuals will have resolved such conflict to a greater degree than
others—i.e., they will be less ambivalent.

e ambivalence = f(motivation and ability to process information, the degree
that the respondents evaluate the policy choice under both pro-life and pro-
choice dimensions)

e Process that generates responses to questions about abortion policy is het-
erogeneous = iid assumption may be incorrect.

e Seek to model the process that produces ambivalence by using a heteroskedas-
tic probit—use model given above with:

— Dependent variable: response to question about whether it should be
legal or not for a woman in a particular situtation to obtain an abortion.

— x;: race, gender, religious affiliation (Catholic or not), religious intensity,
church attendence, knowledge and support of ERA.

— z;: firmness of opinion, importance of issue, knowledge of issue, pro and
con count interaction term
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Table 1. Heteroskedastic Probit Estimates of Attitudes Toward
Abortion Policy, 1982 General Social Survey

Mothers’ Birth Too No More Any
Health Rape Defect Poor Children Single Reason
Percent Yes 90.4 839 821 490 458 455 385
Choice Model
Constant 2.55 192 202 .02 .03 A1 =07
(46)  (40) (40) (O1) (.08) 09 (13)
Black -51 —-47 -54 -09 -.11 -23 -.15
(14  (13) (15 (06)  (.06) (.10)  (.09)
Male -0 -20 -21 —-04 -—-.02 -06 -—.13
(11) (09 (1) (04) (03) (.05 (07)
Catholic -52 -15 -33 .01 .02 -.03 .05
(13)  (10) (12) (04) (04 04y (07D
Religious Intensity -3 -17 =51 -17 -.13 -.18 .22
(200 (14 (199 (10) (.69 (09 (12)
Attend Church -1.04 -99 -91 -35 —43 -47 =79
(.25)  (23) (24 (17) .17 (200 (.26)
Know What ERA Means -18 -.14 01 .10 .09 .09 12
17) (15 (.16) (.08) .07 (.08) (.10)
Support ERA 33 12 40 22 31 31 51

(17) (.14)  (18) (12) (.13) (13)  (17)

Variance Model

Pro Count -4 =19 -06 -.25 -.26 -34 -22
(.07) .09) (.08) (.22) (.18) 17y  (.15)
Con Count 17 20 37 —.50 —.58 —-41 —48
(.09) (12)  (12) (.19 (.17 (.16) (.14)
Pro Count X Con Count -4 -03 -.09 .19 25 21 22
(.04) (.05) (05) (.11) (.09) (.08) (.08)
Importance 51 A7 —-14 -116 —.18 -24 -30
(.15) (.15) (16) (3D (.26) (25) (.25)
Information . 37 -3 05 —-32  -—.28 —.28 .68
(.13) (14 (14 (29 (.25) (24) (23)
Firmness of Opinion -37 —-58 -—.61 .60 47 1.81 63

(.16) 17 (19  (.58) (43) (.67) (:38)

Heteroskedasticity Test

Likelihood Ratio Test ()Z-1) 474+ 46,71t 4121 125 19.9¢ 2727 259%
N 1312 1302 1294 1291 1289 1293 1295
Goodness of Fit ()%-13) 126.121 173.667 181.297 142.301 182.861 193.547 180.86+

Note: Standard errors are in parentheses below coefficients. tindicates a y? significant at
the p = .05 level.
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Ordered Probit

e Observation Scheme #3: Suppose dependent variable can take on three
ordered values.

Lty <m
Y=< 2 ity <y <y
3 if y < yi

e Remember our latent model is
yi = B'x; +u;

where u; ~ N0, o]
e In addition to estimating 3, we also need to estimate the v parameters.

e The s are cutpoints that indicate what discrete category the latent variable
falls into.

e As with the dichotomous probit, we normalize ¢ = 1. Then the probabilities
of observing the different values for y; are as follows.
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Pr(yi = 2) = Pr(n <y <)

Pr(y; < B'x; + ui < )

= Pr(u; <72 — B8'%;) — Pr(w; < m — B'x))
(72 — B'x;) — @(11 — Bx;)

e Note that 7; < 9 in order for the probabilities to be positive.

e The likelihood for an individual is

Li: [(I)(’yl - /BIXi)] it [(I)(’VQ — IBIXZ') — (I)(”Yl _ B/Xi)} Zi2
[CI)(,B,Xi — 72)] o8

1 0 otherwise for 1 =1,2,3.

where
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Figure 13.1: Probabilities for categories
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e We can generalize this to m categories
( . "
L ify; <m

2 iy <y <7
yi=4 3 iy <y <7

mif o1 < yi

e This gives the probabilities

Pr(y; =1) = &(y1 — B'xi)
Pr(y; = 2) = ®(y2 — B'x;) — ®(11 — B'x)
= O(y3 — B'%;) — P72 — B'x))

Pr(y; = 3)

Pr(y; =m) =1 — ®(y,,-1 — B'%;)
= O(B'x; — Ym-1)

e To write down the likelihood let

o L ify, =7
1 0 otherwise for j=1,...,m.

e Then
Pr(zij = 1) = ®(y; — B'x;) — @(y;-1 — B'xi)
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e The likelihood for an individual is

Li = [®(n — B'%)] ™ [@(32 — B'x:) — B(m — B'x;)] ™
c. [1 — (Y1 — ﬁlxi)}zl-m
=17, [B(v; — B'%;) — ®(yj-1 — B'xi)]™

e The likelihood function for the sample then is

L =TI [@(y; — B'%) — ®(v;-1 — B'xi)] ™

e We compute marginal effects just like for the dichotomous probit model:

Pr(y;, = !
° (ayxz ) —¢(n — Bx:)B
aprgy)i.: 2 (¢ = Bxi) — ¢(72 — B'%:)) B
8Pfg;= 3 ~ s — )8

e Applications:

— Fiorina, Retrospective Voting in American National Elections: What
factors affect the strength of party identification?

— Krehbiel and Rivers 88 AJPS: What factors determine a legislator’s
votes on paired legislative proposals?



Section 14

Censored Regression
e Observation Scheme #4:

o y* ity >0
YT 0 ity <o

o Case 1: v, =0 = u; < —03'x;.

Pr(u; < —=@'x;) = Pr (ﬁ > 'lei) =1-Pr (& < 'BIXZ)

g g o o

— Information content: 1 — @(%)

e Case 2: y; > 0.

— Information content: f(y;|ys > 0) - Pr(yf > 0)
— What is f(y|yf > 0)?

— By the definition of conditional probability we have

> 0) = 5 T

151



f(y)

0.2

152

0.4

0.3

0.1

Figure 14.1: Censoring
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Figure 14.2: Censoring and OLS
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— Given our assumptions about u; we have

— So for Case 2 the information content is

o > 00+ Prty; > 0) = 5 L pagyr > 0)

= f(yi)
_ ifb (yz — 5’Xz‘)
g g

e The likelihood function for an individual then is

/ d; / 1—d;
n= e ()] o ()]
o g g

di:{l ify >0

where

0 otherwise
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e We can write the log likelihood for this sample as follows:

(yi — ﬁ'Xz')Ql

o2

+1;)1n [1 Y (B:{H

1
InL = Z -5 [ln(27r) +1Ino® +

yi>0




156

14.1 Reparameterization for tobit model

e Let v =3/0 and 6 = 1/0. The likelihood then becomes

InL=>)" ‘% [In(27) — In6” + (Oy; — v'x)°]

y;i>0

+ Zln [1— @ (v'x;)]
;=0

e After estimating this model we can get the parameter estimates of interest
back from 3 =4/60 and 6 = 1/6.

e We also need the standard errors of B and ¢, but we can’t just get them in
the standard way.

e The method that is used is called the delta method; use it to obtain the
asymptotic variance-covariance matrix.

e The delta method is used to obtain the asymptotic variance-covariance
matrix of a function of a random variable by employing the Taylor
approximation.
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e For example, suppose we have a sample y1,...,y, where the ys are iid with

Ely;] = p and var[y;] = o

o Let g =15y,
e Recall the CLT says: v/n(y — u) 2 N[0, 2.

e From the Taylor approximation:

g(@) ~ g(pu) + ¢'(1)(§ — p) + higher order terms

e Rearranging and setting to equal gives

e Multiply through by /n to get

Vn(g(@) — g(p) = ¢ (W)vVn(y — )

e By the CLT we know

e SO
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e In higher dimensions, this will look like

Va(y — p) = N[0, 3]

e So
Vil(g(s) — g(n) = N(0,9)
where
q — 98 5 98(1)
o ou’
where g(pt) is a set of p continuous functions.

e Using this method for the reparameterized tobit model will give
Asy. var {B,&ﬂ —JVY

where V is the negative inverse of the estimated Hessian and

[oJ¢] o8 _
J- [ w] i ]
do do 0/ -1

oy 00
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14.2 Marginal Effects

We can compute marginal effects by taking derivatives—but what we take the
derivative of depends on the question of interest. Some possibilities are:

e If interested in the marginal effect on the latent variable y* do:

OEy; |xi]

8x2~ B IB

e If interested in the marginal effect on y, taking into account the censoring:

Elyilx;] = 0- Pr(y; = 0x;) + Elyily; > 0,%;] - Pr(y > 0x;)
= (1 — (I)(—,B/Xi/a)) (/B/Xi + E[uz|ul > —,BIXZ'])
d(B'%xi/0)

(1= 0(=8'%/o) (8 + o g )

Taking the derivative gives

OEyi|x] — B (@)

0x; o

e If interested in the marginal effect on probability that y exceeds threshold:
0 Pr y; > 0lx; /B/Xi
| |]:B¢<

8xi o
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Marginal effect on y, taking into account the censoring
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Figure 14.3: Marginal Effects and Censoring
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14.3 Heteroskedasticity and the tobit model

e In the presence of heteroskedasticity, the tobit MLE is inconsistent, with
the severity of the inconsistency dependent in part on the number of limit
observations.

e Heteroskedasticity can be handled in the same way as with the probit
model—i.e., specify the form of the heteroskedasticity such as

02-2 = o2 exp(1p'w;)

and then estimate the model. Use LR tests to determine whether
heteroskedastic model is correct.



Section 15

Truncated Regression
e Observation Scheme #b5:

_Jyt ity >0
YT ity <0

e Case 1: y; > 0.

— Information content:

o Case 2: y; =7

— Information content: Nada.

e The individual’s contribution to the likelihood function then is

l¢ <yi_,8/xi)

L=

1 —®(—08'%;/0)
e The log-likelihood then is
InL=—" [In(27) +Ino?] — L i(yZ — B'x;)?
2 202 —

Sl

162
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e The same reparameterization that was recommended for the tobit model is
also recommended here.
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15.1 Marginal Effects

e From the moments of the truncated normal we know:

_ I ¢(—,8/X¢/0)
E[ylkyz > O,Xi] = (18 X; + 01 _ @(—,B/Xi/a))

= B'x; + o\(ay)

where a; = 3'x; /0 and A(+) = ¢(-)/[1 — @(-)].

OEyily; > 0,%x;] d\;\ 0o
8Xi N B + dozi 8Xi

covafsun ()
o

= B(1 — A2 + a\)
= B(1 - d(a))

e Note that 0 < 6(c;) < 1 which implies that truncation leads to an
attenuation of the marginal effect that we would see in a linear regression.
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Sample and Self-Selection Models
e Consider the following research questions:

1. How do certain firm characteristics affect the dollar amount of
fines the firm pays for violating environmental regulations?

2. What factors affect the vote share of incumbents, taking into
account that they have to decide whether or not to run for
reelection?

3. What factors affect the number of troops that a country
commits to a U.N. peacekeeping mission?

e While these questions look similar to the questions for which we
would use truncated or censored regression models, they differ in a
key way.

e While the dependent variable in each of these cases is continuous,
we will only get to observe this dependent variable for certain
outcomes of a stochastic process.

— The kind of sample we get is determined by a stochastic
selection process.

e Another way to think about this is that the truncation points here
may be more appropriately thought of as random rather than
constant.

165
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e There is some prior decision that we need to account for:

— In Case 1, our sample is determined by an agency’s decisions to
investigate firms.

— In Case 2, our sample is determined by members’ decisions to
seek reelection or retire.

— In Case 3, our sample is determined by countries’ decisions to
participate in the peacekeeping mission.

e These are examples where sample selection models would be
appropriate.

e To answer these questions, we use an empirical model that consists
of more than one equation.
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e A Model:
Latent structure:

* /
Y1 = B1X1 + uy;

* /
Yo; = B9Xo; + Us;

Observed structure:

Yui = . Y2i = .
0 ify};; <0 7 otherwise

e Assume distribution for wus:

ol = (o7, %))
U2 012 09

e That is, we assume that (uy;, ug;) have a bivariate normal
distribution:
1

J (14, ug;) =
(w1, vai) 2mo1o9n/ 1 — p

1 Ui ’ U1 U (UZi
X exXp {4 — — 2 + | —
{ 2(1 — p?) [(01) P 0109 o9
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e What is the likelihood function for this model?
Case 1: y;; =0, so yo; =".

Individual’s contribution to the likelihood 1is
Pr(y1; = 0x1;) = 1 — ©(Bix1;/01).

Case 2: y;; = 1 and we get to see yo;.

To figure out what an individual’s contribution to the likelihood is
in this case will be we need to think about the distribution of us;
given yp; = 1:

/OO S (wi, ugi)duy; (16.1)

where c¢ is the threshold uy; must exceed to observe ys; (i.e.,

C = —,Bllel’).
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Trick: a joint distribution can be written as a conditional
distribution times a marginal distribution:

f(Uu, Uzi) = f(u%)f(uli’u%)-

Then (|16.1)) can be written as

00
/ f(ulza u2z dulz
c

\

u2z ulz |u2z)du12

:f U2; / f ulz’uZZ)dulz

= f(ug;) Pr(uy; > cluy)
Given our assumptions, uy;|ug; ~ N (%u%, (1— pz)af).
2
What is Pr(uy; > clug;)?

012 012

Uy — 3 U2 C— U
72 > 2
(1= 2P0y~ (1= ?)

Let ¢ = —@1xy; and ugy; = y9; — B5Xo;. Then

012

LBuy, —B1x1i — 22 (Y2 — B9Xa;)
B p

c— 3
2
) (1= p*)'20

(1-
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e Thus an individual’s contribution to the likelihood if y1; = 1 is
1 (g2 — B5xa; —Brxu — 2_1222(92@ — Boxai)
o 1-¢ 2\1/2
p P (1 —p?)120y

e The log likelihood function for this model is

S 1 - o@xfoy] + Y i (Lo (22L2))

y1;=0 y1i=1
—B1x1 — 22 (yai — ByXai)
+ In|l—® 72
e

e As you can well imagine, this log likelihood is not the easiest thing
to maximize.

— Life would be easier if we had starting values that put us close
to the maximum.

— Heckman’s two-step method gives us such starting values,
but this method is often used instead of ML.

e Consider this model in a regression setting:
Elyilxy] = Pr(yn = 1x1;) = ®(B1x1i/01)

Elyoi|x2i, y1: = 1] = E[Byxa; + ug;|x2i, y1i = 1]
= B5x9; + Elug;|x2:, y1; = 1]
= Blzxzz' + Elug|uy; > —Bﬁxu]
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e How might this be problematic for using OLS?
—if Elugi|uy; > —B)x1;] = 0, no bias.
— if Elugi|uy; > —B)x1;] = a where a is any nonzero constant,
then we get bias in the intercept but not the slope coefficients.

— if Elugi|uy; > —B1x1i] = f(B5%2;), then we get inconsistency in
the intercept and the slope coeflicients.

e We can use the law of iterated expectations to figure out
what E[UQ@"UU > —,3/1X12'] 1S.

e Simple version of the law of iterated expectations (from
Wooldridge’s Econometric Analysis of Cross Section and Panel
Data, p. 29):

Ely] = Ex[Ely|x]].

e Think of x as a discrete vector taking on possible values
C1,Co,...,Cy, with probabilities pq, po, ..., pay. Then the LIE says:

Ely] = pElylx = c1] + pElylx = o] + - -+ + pu Elylx = e

e That is, E[y] is simply a weighted average of the E[y|x = c;],
where the weight p; is the probability that x takes on the value of
c;. In other words, a weighted average of averages.

e E.g.. suppose we are interested in average IQ) generally, but we have
measures of average 1Q) by gender. We could figure out the quantity
of interest by weighting average IQ by the relative proportions of
men and women.
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e For our problem:

Elugiluy; > —B1x1] = By, { Eug|ui; > —B1%1,, uyiljur; > —B1%1,]}

e Take the inner expectation:

= TU1,
where
COV(Uu, u?i) 012
T = — 2
V&T(UU) 0'1

e The outer expectation then becomes

E[Tuli|u1@' > —,3/1X1z'] = TE[UM"UM > _Igllxli}
Uu"Uu S —/3/1X1¢
o1 01 01
_ p02¢(5'1X1¢/01)
CD(5/1X1¢/01)

=101
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e Putting this altogether gives

o(B1x1:/01)
O(Bx1i/01)
= 5% + I )

where a; = B1x1;/01, A(-) = ¢(-)/®(:), and poy = ).

Elyailx2i, y1; = 1] = B5%a9; + pos

e Why exactly is estimating outcome equation by OLS a bad idea?

1. We have an ommitted variables problem.

2. M(«y;) is a function of xy; and so will be correlated with xy;. If
any elements of xy; are correlated with elements of x9;, the OLS
estimator will be inconsistent.

e [dentification issue: what if X1 = x57
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e This derivation provides the basis for Heckman’s two-step method.
Step 1: Take full sample and estimate y; equation by probit.

Step 1.5: Using the (consistent) estimates from this equation,

construct \ = )\(B'lxli) for selected subsample where y;; = 1.

Step 2: In selected sample, regress y9; onto xo; and \ to obtain
estimates of 3, and [3).

e Unfortunately, we are not done after Step 2.

e [t’s smart to test whether or not sample selectivity exists. We can
do this using the regression in Step 2.

— Null hypotheses: Hy: 7= 0.

— Under this null, =~ ~ N(0,1).

se(T)

[f we fail to reject Hy, then we can just use OLS.
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e If we reject Hy, then things are a lot more complicated. We have
two problems:

1. Heteroskedasticity:

(y2i|Xai, y1; = 1) = B5Xa; + Baki + v;
var[v;] = o5(1 — p*6;)
where ; = \? — (B1x1;/01) ;.

— This follows from a theorem regarding the behavior of
bivariate normal random variables.

— Assume for the moment that we have the true \; and §; (i.e.,
we have 3, rather than 3,).

— Let x5, = [x9;, \;] and 35 be the least squares coefficient
vector in the regression of yy; on x5, for y;; = 1. To correct
for heteroskedasticity we compute:

k k *1— * X * * _1
var|3;] = o % [ X5'X5)] ! § (11— P25i)X2z’X2§ (X5 X5
| i=1

= XX X (I - p2A)Xs) (XX

where

1—p%6, 0 0 - 0
0 1—p2(52

()
)

I-p*A =
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2. Unfortunately, instead of 3; we have 51 which implies that we
are really estimating

(y2i|x2i, y1i = 1) = /B/QXQZ' + 5A5\¢ + &

where
i =vi+ (A — )

— Since in finite samples 3, # ,él, then \; # Ai. This implies
there is correlation across observations because the
“measurement error’ in estimating 3, is common to all
individuals in the subsample.

— To correct for this problem we compute
varlBs, 5] = 63[X3' X3 X5 (- p*A)X; + Q) [X5X3]
where

Q = p*(X5'AX)Est. Var[8](X;AXj)
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Part V
Probabilistic Choice Models



Section 17

Introduction
e The next set of models we’ll focus on are based on the logistic distri-
bution rather than the normal.

e 'T0 fix ideas, consider the binary logit model.
yr = B'x; + u

e Instead of assuming u; follows a normal distribution, we assume it
follows a logistic distribution w/ mean 0 and variance 72 /3.

e Going through derivations that are similar to what we did with the
probit model we end up with

exp(B'x)

e R I ES

e The likelihood function for the logit model then is

o) [rrowms]

e We also use models based on the logistic distribution when we have

L=11"
= [1 + exp(B'x

dependent variables that are categorical and the categories are un-
ordered. For example:

— Transportation choices: bus, car, train.

— Voting choices in elections with more than two candidates.

— Occupational categories: craft, blue collar, white collar, profes-
sional.
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Section 18

The Multinomial Logit Model
e The set-up:

— n decision makers indexed by 7

— J alternatives: 1,2,...,J.

— We observe y; = 7 if ¢ chooses alternative j.

— We observe a vector of characteristics z; for each 2.

— The object of interest is P;; = Pr(y; = j|z;).

e We know P;;¢|0, 1], so we want P;; to be proportional to some func-
tion that is nonnegative:

P o exp(ﬁ/;zi)

e The probabilities across choices must sum to one so

/ exp(¥)zi)
Z Pij =1= Pij = J ~/
j=1 Zk:l eXp(’Yk:Zi)
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18.1 Identification Issue

e Unknown parameters in model are v, v,, . . ., 7, but can’t estimate
all of these parameters.

e With J alternatives, if know the choice probabilities for J —1 of these
alternatives, then know the probability of choosing the remaining
alternative.

e Don’t have J independent pieces of information regarding the choice
probabilities.

e = there can’t be J separate parameter vectors to estimate—only
have J — 1 identifiable parameter vectors.
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18.2 Normalization

e We need some parameter restrictions to knock out one of the proba-
bilities as an unknown piece of information:

- exp(¥)z)/ exp(¥1%i)
[/ J ~ ~
> g exp(Yyzi)/ exp(Yz;)
exp ([7; — ¥1lz:)
lexp(Y12i) + exp(F52z:) + . .. + exp(v)2z;)] / exp(¥12:)
B exp ([7; — ¥1lz:)
_ : TV
L+ g exp ([, — ¥1)zi)
 exp (V=)
L+ 30, exp (v,2:)
where v = 4 — 4 for j =2,3,...,J.

e To write down the likelihood function, first define a set of dummy

di]__{l ity =7

variables, d;;, where

0 otherwise

e The likelihood function for an individual then is
di1 d; d;
Li=P"Py*--- P’

.
- H Py’
j=1
e The log likelihood for the sample is

n J

i=1 j=1
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e Interpretation of the coefficients in this model is tricky:

J
v, = > Pev
k=1

e Another way to interpret effects is to compute log-odds ratios:
J

(1 + > i exp('y;,zi))
J

(1 = exp(vzzz-))

or; _
(922- N

P

P, exp(vz
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e Taking logs gives

P.
() =1~ il

e Interpretation: we are taking a base case and comparing the proba-
bility of making other choices relative to the base case.

e Consider category 1, where v, = 0:

b
In (E) = v)zi

® 50 v, gives you the change in the log odds of being in category j
instead of category 1.



Section 19

The Conditional Logit Model
e The conditional logit model is derived from random utility models.

e Key difference between the MNL model and the conditional logit
model: the latter considers the effects of the choice characteristics on
the determinants of choice probabilities.

e Suppose an individual ¢ can choose from J alternatives, we can write
down the utility of choice j as

/
Uij = ,3 Xij + 82']'

e We assume that if ¢ chooses 7 then the utility associated with al-
ternative 7 is the largest of the utilities obtained from the various
choices. So we are interested in

PI’(UU’ > Uzk) for k 7é]
e For example,

Pr(y; = 1) = Pr(U;; > Uys)
= Pr(ﬁ'xﬂ + &1 > IB/XZQ + 5i2)
= Pr(é‘u — Ejg > /BIXZQ - 5/Xi1)
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e 'To derive the statistical model, we make some distributional assump-
tions about €;;. Specifically, we assume it has an extreme value dis-
tribution:

F(gij) = exp(—exp(—&;))
f(eij) = exp(—¢i;) exp(— exp(—&;))

e Key things to note:

1. We assume that the g;; are iid. This is a very strong assump-
tion: not only are they iid across decision makers, but iid across
alternatives for each decision-maker.

2. We have common parameters across choices. Still have to nor-

malize, though.

e Let Y, indicate the choice of an individual. Then given our assump-
tions, we obtain the conditional logit model as

(B
2221 exp(B'xir)

e The log likelihood for this model has the same form as the log likeli-
hood for the MNL model (i.e., see eq. |18.1)).

Pr(Y; = j)
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0)_

Figure 19.1: PDF and CDF for Extreme Value Distribution
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19.1 Equivalence of the MNL model and conditional logit
model

e It is important to note that the MNL model and conditional logit
model are algebraically equivalent. To see this let

Xi1
=0 B80) ~=(B00) z=|xp
Xi3
e Then
P [ Xi1
5= |((0.80)—(800))x:
! | Xi3
I Xi1
= eXp (—5 1€ 0) Xi2
X3

= EXp [,3(X¢2 - Xil)]

e We could combine the MNL and conditional logit models to get some-
thing like
exp(B'xi; + ¥zi)

ij =
S exp(B'xi + v,2;)
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19.2 Independence of Irrelevant Alternatives

e The multinomial logit model has the property known as indepen-
dence of irrelevant alternatives which follows from the iid as-
sumption for the disturbances.

P
() =1~ il

e This means that the odds ratio between any two choices does not

e From above

depend on the other choices. This can be problematic. To see why
consider the classic “red bus, blue bus” problem.

e Suppose individuals have 2 modes of transportation they can choose
from:

1. Car.
2. Red bus.

e Assume individuals are indifferent between traveling by car and by
bus. This implies

Pr(car) = Pr(red bus) = 1/2.

e The odds of taking the car v. the red bus:
Pr(car)/ Pr(red bus) = 1.
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e Suppose we add the choice of a blue bus. IIA requires
Pr(car) = Pr(red bus) = Pr(blue bus) = 1/3
since Pr(car)/ Pr(red bus) must still equal 1.

e But if individuals simply split evenly in their choice of the red v. blue
bus (which makes sense), then

Pr(red bus) = Pr(blue bus) = 1/4

e But this means
Pr(car)

=2
Pr(red bus)

— Intuition: we have to be careful what we define as an “irrelevant
alternative.”

— The event that an individual chooses the car over the red bus
should make the event that an individual chooses the car over
the blue bus more likely.

x But we've essentially ruled this out by assuming iid errors.
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e The ITA assumption renders the MNL model highly problematic for
many settings in the social sciences.

e For example:
— Suppose a country has a liberal and conservative party, and a

new conservative party enters.

— ITA = entrance of the 2nd conservative party should not affect
the relative probability of an individual choosing b/t the liberal
party and the first conservative party:.

— Not likely if voters view the two conservative parties as similar.
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19.3 1IIA test

e Intuition: if ITA holds, then you can estimate the model leaving out
one of the alternatives and the coefficient estimates will not change
significantly.

e [f you estimate the model excluding an irrelevant alternative then
the parameter estimates will be consistent, but not efficient.

e But if the relative odds ratios between the choices that remain are
not truly independent, then we will get inconsistent estimates after
we eliminate the choice.

e To perform this test we compute the statistic
A A\ [~ ~ 11 / 4 A
where s indicates the estimator using the subset of alternatives, f
indicates the estimator using the full set of alternatives, and V4 and

Vs are the respective asymptotic covariance matrices (k = number
of rows in 3,).

e Note that if V, — V 7 1s not positive semidefinite, the statistic we
compute can be negative. This is usually taken as evidence that IIA

holds.

e Test is generally of low power.
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The Nested Logit Model

e IIA is a problem for the MNL model when some of the alternatives
are closely related. The nested MNL (NMNL) alleviates this problem
to a certain extent.

e One way to think about the NMNL model is that we are treating
decisions as sequential.

e For example, suppose we want to study votes for candidates in mul-
timember districts with multiple parties. We can think of voters first
deciding which party they will vote for and then which of the party’s
candidates to vote for (= tree-like structure to the decision making
process).

e Suppose individuals can choose from parties indexed by i =1,2,...,C
and candidates indexed by 7 = 1,2, ..., N; from party 1.

o [ct
Uij = Vij + &
where
— Uj; is the voter’s utility for alternative (g, j).
— Vij is a function of the measured attributes of this alternative.

— ¢g;; includes other factors not measured that affect utility.
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e [f we assume ¢;; has an extreme value distribution then the proba-
bility F;; that the (7, j)th alternative will be chosen is given by

exp(Vi;)

Py =
Zm 1Zn 16Xp( )

o Let
Vii=B'%; + 'z
where x;; is a vector of variables that vary with both party and

candidates and z; is a vector of variables that vary only with the
party.

e We can write Pj; as Pj; - P; where
exp(Viy)

Z]k;vi1 eXp(Vik:)

_ exp(Y'zi) exp(B'xi)) _ exp(B'xi))
exp(y'zi) Yo exp(Bxi) ok exp(B'xa)

jli =

and
>ty exp(Vi)
Zm 1 Z " exp(Vinn)
exp(Y'z) Z;V 1 GXP(BIXM)
> et (Y Zm) o0 exp(8'%n)

T

e Next, define an inclusive value for the ¢th choice:
N

I, =In Z exp(3'x;;)

J=1
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e Then the above equations become

po_ exp(8'x;;)
jli = _
exp(1;)
P exp(v'z; + I;)

22:1 exp(Y/'zm + Iin)
e We can rewrite P; as

exp(Y'z; + 7:1;)
22:1 exp(Y'zm + il )

where 7; is a parameter that we will estimate. Note that above we

i

restricted 7, = 1. If we let 7 vary then we have the nested logit
model.

e To estimate this model we can use a 2-stage procedure:

1. Estimate @ in P;; by doing conditional logit.

2. Compute the inclusive values using the estimates of 3 for all ¢
categories. Estimate v and 7 by conditional logit.

e As with Heckman’s two step method for selection models, we need
to correct the standard errors from the second stage.

e Another alternative would be to just do full information maximum
likelihood, which involves maximizing the log-likelihood

L => In(Py,-P)

e Note that this model can be generalized to more choice-levels.



Section 21

The Multinomial Probit Model
e MNL/CL are unattractive because they assume €;; L g, for j # k.

e The multinomial probit (MNP) model relaxes this assump-
tion, though as we will see, not without substantial cost.

e The derivation of the MNP model is similar to the derivation of the
conditional logit model in that we start from a random utility model.
To keep the derivation simple, we will look at the special case of three
alternatives:

U =08'x1+vz+ ¢
Uy = B'%x2 + ¥4z + &3
U3 = ,6/X3 + ’)’/3Z + €3

(Note we are suppressing the ¢ subscript.)
o Let Uj = B/Xj + ’)’;Z.

2
01 012 013

o Assume (g1, €9,e3) ~ N(0,X) where X = |05 05 093
2

013 023 O3

e The probability of choosing the first alternative is
Pr(U1 > UQ, U, > Ug) = Pl“<€2 —& < Ul — 02,83 —&1 < Ul — Ug)
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o Let 191 = eo—e1 and n3; = €3—e1. Then 191 and 731 have a bivariate
normal distribution with covariance matrix

2 2 2
0'1‘|—0'2—20'12 01—013—012+023

() =
2 2 2
0] — 013 — 012 1+ 093 0'1—|—0'3—20'13

e Then the probability of choosing category 1 is

U1—Us Uy—Us
P = / / f(m21,m31)dn31, dnoy
— — 0

e The probabilities for the other categories are defined similarly.

e The likelihood function for the MNP model looks the same as the
likelihood function for the MNL and conditional logit models.

e Traditionally, the main barrier to using the MNP model has been its
computational difficulty.

e Some advances have been made recently using simulation methods,
but there is still not much progress beyond 3 categories (at least in
political science).

e [Fundamental identification issues remain.
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21.1 Identification of variance-covariance matrix

e Not all of the parameters in X can be estimated.

e For the model written in utility differences, it was traditionally thought
that J(J — 1)/2 free parameters could be estimated. More recent
treatments claim that it is possible to estimate only J(J —1)/2 — 1
elements. So need to make assumptions about restrictions.

e Easy way to test if you've got an identification problem: nonsensical
parameters or parameters on the boundary.

e A standard assumption is 032 = 1V j (i.e., homoskedasticity across
choices).
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21.2 Application: Alvarez and Nagler “Economics, Issues,
and the Perot Candidacy: Voter Choice in the 1992
Presidential Election” 95 AJPS

e Key question of concern: how did the candidacy of Ross Perot—
a rare serious 3rd party candidate—affect the outcome of the 1992
presidential election

e Did Perot take away votes from Clinton, Bush, or both?

e Obviously, a model that assumes ITA would have difficulty answering
these questions.

e They estimate a 3-choice MNP using Nat’l Election Survey data.
Their model includes both choice-specific and individual-specific char-
acteristics.

e Normalize on the Perot choice, which makes sense given the stated
goals of the study.

e Sce table for results.

e In asimilar study, Lacy and Burden (“The Vote-Stealing and Turnout

Fffects of Ross Perot in the 1992 U.S. Presidential Election” 99
AJPS) include the choice to vote in the election.

e However, some questions are raised about the model’s identification.



Table 3. Multinomial Probit Estimates for a Three-Candidate Model
(Perot Coefficients Normalized to Zero)

Coefficients for

Independent Variables Bush Clinton
Ideological Distance —.09*
02
Constant .50 —.44
44 58
Felt personal finances were worse —.04 .02
.05 05
Felt national economy was worse —.14%* 21%*
.08 10
Oppose government jobs 07 —.01
05 .05
Oppose government health care 10* .06
.05 .04
Oppose government minority assistance : 01 —.17*
05 05
Abortion —.35% 01
14 a1
Region (East) -.15 32
17 21
Region (South) 25 S0*
18 .19
Region (West) —.11 -.03
18 21
New or returning voter 28** —.23%
15 17
Term limits .06 .08
. 13 A1
Felt deficit was a major problem —.58%* —.003
22 18
Democrat —-.19 1.34*
17 28
Republican 1.00* -.74
43 46
Gender (Female) 38%* 21
19 14
Respondent’s education A14* 004
07 .06
Age: 18-29 —.86% —.57*%
41 26
Age: 30-44 —.64* —.54%*
30 19
Age: 45-59 —.51* -.10
24 21
GBC _08
28
Osp 27
: 54
ch _07
.26

Note: Maximum-likelihood estimates with their estimated standard errors below.
LL = —568.18; % correct = 70.6; number of observations = 909.

*indicates an estimate significant at the p = .05 level.

**indicates an estimate significant at the p = .10 level.



Table 3. Multinomial Probit Estimates for Four—-Choice Model

Clinton Perot Abstain
Constant 313 -1.510 1.820%*
(.519) (.981) (.602)
Personal Finances (worse) .102* 141* .007
(.046) (.061) (.051)
National Economy (worse) 207%* .094 .133%
(.067) (.082) (.064)
National Health Care (oppose) -.167** —.193** - 137**
(.042) (.054) (.046)
Abortion (pro—choice) .320%* .309%* 119
(.069) (.101) (.076)
Democrat 917%* 0.00 0.00
(.179) — —
Independent 0.00 .399%* 0.00
— (.202) —
Liberal 181%* 405 356
(.218) (.275) (.226)
Conservative =716** =702%* —.528**
(.180) (.234) (.201)
No Ideology -.078 -437 289
(.203) (.306) (.203)
Voted in 1988 0.00 137 -1.86**
— (.309) (.437)
Clinton Moral (disagree) —468** 0.00 0.00
(.103) — —
South -.122 -.486* 072
(.154) (.225) (.155)
Gender (male) -.290% —.561%* —.348*
(.147) (.203) (.156)
Race (African-American) 1.040%* -.287 478*
(.286) (.597) (.289)
Income -.030* -.007 -.057*
(.014) (.019) (.017)
Age 18-29 134 1.02** -.022
(.234) (.368) (.246)
Age 3044 .059 133 231
(.220) (.283) (.263)
Age 45-59 -.022 410 279
(.202) (.270) (.209)
College Educated 0.00 0.00 -429%*
— — (.191)
External Efficacy 0.00 0.00 -.076*
— — (.046)
csBush,Perot -99
. (.91)
GClinton, Perot 11
. (.47)
O Bush, Abstain 23
. (.30)
O Clinton, Abstain -09
. (.42)
GPerot,Abstain -.59
(.96)

(continued)
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246 Dean Lacy and Barry C. Burden

Table 3. Multinomial Probit Estimates
for Four—Choice Model (continued)

Final Log Likelihood -1314.12
Y4(57) 1450,24%*
Number of Iterations 35
Percent Correctly Predicted 506
Number of Cases 1471

Note: Bush coefficients normalized to zero. Coefficients are maximum likelihood estimates with
standard errors in parentheses. Parameters fixed at zero are indicated by 0.00 coefficients and (—)
standard errors. * indicates p <.05, ** indicates p <.01, one-tailed.

Source: 1992 National Election Study
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Part VI

Duration Models



Section 22

Introduction
e These models are used when we are interested in the time it takes
for some event to occur.

e Duration data typically consists of a sample of cross-sections
measured at a set of time intervals: t1,to, ..., tx.

e Duration models essentially model the probability of an event
occurring at time ¢ given that the event has not occurred prior to t.

e Censoring: one problem that duration models have to account for is
that the “spells” for some individuals may not end before the
maximum number of time periods is reached.

e Right censoring v. left censoring

e Let T be a continuous random variable with pdf f(t), where ¢
denotes the realization of T. The probability distribution of the
duration then is

Pr(T <t)=F(t) = /Otf(s)ds
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Section 23

Functions for Analyzing Duration Data
e Given this specification, there are several functions that are useful
for analyzing duration data:

1. The survival function
St)=pPr(T >t)=1— F(t)

which gives the probability that the spell is of length at least .

2. The hazard rate gives the rate at which spells are completed
at duration ¢, given that they lasted until ¢.

A(t) = Einopr(t <T <i+ AT > t)
R+ A) - F(t)
= AN TASH
()

S

3. The integrated hazard function

is used in specification tests.
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e The next step is to pick a distribution for F'(-). The choice of
distribution depends on what we are trying to model.

e The hazard functions of some popular distributions appear in Table
23 Plots of these hazards appear in Figures [23.1] and [23.2]

Table 23.1: Distributions, Hazard Functions, and Survival Functions

Distribution Hazard Function Survival Function

Exponential A exp|—At]
Weibull Ap(At)P—t exp|[—(At)?]
Lognormal (p/t)ppIn(At)] O[—pIn(At)]

Ap(At)P~! 1
14+(At)P 14+(At)P

Log-logistic




Hazard

Hazard
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0.04
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Figure 23.1: Plots of hazard functions

Weibull hazard (lambda=.2)
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5)

Figure 23.2: Lognormal Hazard Function (A
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e Let d; = 1 if the ith spell is not censored, d; = 0 if censored. Then
the log-likelihood function is

In L(6 deftl,e +Z1— )In S(t;,0)

where 6 = (p, A).

e Sometimes it is more convenient to write the log-likelihood in terms
of the hazard function:

InL(0) = dilnA(t;,60) = Y  A(t;,0)
1=1 1=1

which follows from the fact that f(t,0) = A(¢,0)S(¢,6) and
InS(t,0) = —A(t,0).
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e How do we go about picking the distribution?

— One of the main things we want to consider is how do we think
the probability of a failure changes over time.

e [f we think the probability of a failure is time invariant, then we
might want to use the exponential model. The hazard function
incorporating explanatory variables is

A(t) = exp(Bo + B1x;)

e Typically, we hypothesize that the hazard is not time invariant, so
we should use a distribution that depends on .

e If the corresponding hazard function of a distribution slopes
upward, it has positive duration dependence. If it slopes
downward, it has negative duration dependence.
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e The Weibull distribution is popular choice when we want to allow
for time dependence in the model. The hazard function for the
Weibull model with covariates can be specified as

A(t) = exp(B'x; + alnt)

This hazard is monotonically increasing or decreasing in t.

e Other distributions allow for more complex time dependencies.

e It is advisable to check whether it is valid to impose this amount of
structure on the data. We can do residual analysis similar to what

we do with OLS.

e The generalized residuals are given by the integrated hazard
function:

e = A(t|0) = —In S(t]0)

e It can be shown that the generalized residuals will follow a unit
exponential distribution. So we can compare the estimated
integrated hazard function against the actual integrated hazard
function for the unit exponential—which is just the 45 degree line.

e If the estimated integrated hazard deviates substantially from this
line, this suggests there is unaccounted for heterogeneity in the data.
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e Another easy specification check is to split the sample data into
separate groups and estimate the model for each group.

e Greene gives some numerical tests based on conditional moments.



Section 24

Proportional Hazard Model
e The distribution we choose will generally have a substantial impact
on the inferences we make. It would be nice if we had a method
where we didn’t have to specify or parameterize the nature of the
dependence on time.

e One way to do this is the proportional hazard model
developed by Cox. In this model the hazard function depends on a
vector of explanatory variables x with unknown coefficients 3 and
Ao that we estimate.

e We factor the hazard function as follows

)‘(ta X, /67 >‘O) - g(X7 B))‘O(t)

where \o(t) is a baseline hazard, corresponding to g(-) = 1.

e The baseline hazard can be chosen from a parametric family and
written as

)\0 = )\0(15, Oé)
which will give the log-likelihood function

InL(a, B) = Zd In \(t;, x;, a, B) — ZA(ti,Xi,Oz,ﬁ)
i=1

e One way to go about estimating this model is to specify Ay(t, a)
and g(+).
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e For the exponential regression specification we choose

9(x, B) = exp(B'x).

and assume Ao(t, o) is constant and normalize it to equal one.

e The log-likelihood function is

In L(B) = Z diB'%; — Z tiexp(B'x;)
i=1 i=1
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Partial Likelihood Estimator
e We can use the partial likelihood estimator to estimate 3
without having to estimate \y. Suppose we can order the completed
durations as t] < t9 < ... < tx and let’s assume there is no
censoring and only one individual exits at each period.

e The conditional probability that one and only one individual exits
at t1 given that any of the individuals could have exited at this time

) At %1, B)
Zi[il )‘(751, Xy 5)

(25.1)

o If we assume A(t,x,3) = exp(8'x)Ao(t) then (25.1)) becomes

exp(8'x1)
K
> exp(B'x;)
This is the contribution of the shortest duration to the partial
likelihood function.

e The contribution of the jth shortest duration is

exp(B8'x;)
Zi[ij exp(8'x;)
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e Things to note:

— With this specification we have taken out the baseline hazard
functions.

— The contribution to the likelihood for each duration is the ratio
of the hazard of the individual whose spell is completed at
duration t; divided by the sum of the hazards of those
individuals who were “at risk” of having their spell completed
at tz

e The partial log-likelihood then is

K K
InL = B'x; — In exp(8'x;
j

i=1 j=i

e It is a substantial complication to incorporate an exit /failure by
more than one individual at time ¢;. The general idea is that we
replace x; and x; with the sums of the explanatory variables of the
individuals that fail at each time and account for the different
permutations of failures in the denominator.

e This model can also be altered to account for censoring—see
Lancaster 1990, Ch. 9.
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e The partial likelihood approach has the following drawbacks:

1. It can perform poorly in small samples relative to the straight
ML approach in terms of the precision of the parameter
estimates.

2. If there are many ties in failure times (> 5% of the sample), can
get bias due to computer programs using an approximation to
the exact partial likelihood.

3. We cannot directly analyze the form of time dependence.

4. Tt has weaker theoretical foundations than ML.

e Given the drawbacks of the partial likelihood method, we may want
to just choose a distribution for the hazard model and do ML.
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Nonparametric Approaches
e [f we were very concerned about the distortions that parametric
approaches might induce, we could use nonparametric methods.
One such method is the Kaplan-Meier product limit
estimator.

e As with the partial likelihood estimator, we order the completed
durations in our sample from shortest to longest:
<t <...<tlg.

e Define the following terms:

— h;: the number of completed spells of durations ;.
— my;: the number of observations censored between ¢; and ¢;41.

— n;: the number of spells neither completed or censored before

duration t
K

n; = Z(ml + hz)

2]

e The estimator for the hazard function is
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e The estimator for the survival function is

=1 T
j A
=[]a-X\)
i=1

e Some other issues:

— Time varying covariates.
— Multiple failure models.
— Competing risk models.

— Split population models.

e Political science applications abound; two notable ones are Katz
and Sala, “Careerism, Committee Assignments, and the Electoral

Connection,” '96 APSR; and Krehbiel and Kessler, “Dynamics of
Cosponsorship,” '96 APSR
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Part VI1I

Event Count Models



Section 27

Introduction
e Count data is data where the dependent variable assumes
nonnegative integer values (0,1, 2, ...) for each of n observations.
These values represent the number of times an event occurs within
a fixed observation period.

e Examples of count data would include number of presidential vetos
per congressional session, annual number of presidential
nominations for the Supreme Court, and the number of military
conflicts between countries.

e Events occur at an unobserved expected rate of event occurrence
during the observation period. We get to see the number of events
that occurred during the period only at the end of the period.

e Least squares regression does not handle these kinds of data very
well:
— The linearity assumption is inappropriate for count data.

— Count data typically come from distributions that are
heteroskedastic. As a result least squares tends to be inefficient
and it gives inconsistent standard errors.
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Poisson Regression Model
e Given these problems, a likelihood approach based on probability
models is attractive. The Poisson regression model has been
popular for analyzing count data.

e For the Poisson model, we assume that the 2th event
count—denoted gy;—is a draw from a Poisson distribution with
parameter ;.

e 'To build the likelihood function we start with

exp(—A\;) A\
Pr(y; = y) = 2

) yi2071727°"

e We model the mean \; as a function of explanatory variables:

hl()\z') = B/Xi

e Thus the expected number of events per period is given by

Elyilxi] = N = exp(8'x;)

e A feature of the Poisson distribution is that its mean is equal to its
variance. So var(y;|x;] = exp(3'x;) as well.
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e Marginal effects are given by

8E[yi|x2-]

o AiB

e The log-likelihood function for the Poisson model is

n

1=1
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28.1 Dispersion

e The derivation of the Poisson model requires the assumption that
the probability of an event occurring at any instant is constant
within a given period and independent of all previous events during
that observation period.

e These assumptions of homogeneity and independence are necessary
if the data generating process is to have the feature of the Poisson
distribution that the Ely;| = varly).

e But we may have reason to believe that these assumptions do not
hold.

e Suppose we were counting the number of presidential vetos in a
congressional session.

e If presidents were more likely to veto at certain times during the
session (e.g., near the end of the fiscal year when it is necessary to
pass appropriations bills) or if a successful veto might lead to
President to veto more legislation then the assumptions of
homogeneity and independence would be violated (i.e., there is
heterogeneity and contagion in the data generating process).
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o If Fly;| # var|y,] we will get consistent but inefficient estimates and
inconsistent standard errors.

e Let var[y;] = \;o?, where o2 is the dispersion parameter. Then
we have the following possible situations:

Poisson dispersion if o2 = 1 = Ely;] = var[y;]
Overdispersion if 02 > 1 = FEly;] < varly,]
Underdispersion  if 0 < 0% <1 = Ely;] > var[y,]

e Overdispersion can occur if there is heterogeneity in the data. For
example, certain classes of bills that pass Congress might have a
higher probability of being vetoed than others.

e Positive contagion can also lead to overdispersion. This occurs
when the occurrence of previous events increases the likelihood of
future events.

e Negative contagion—when the number of previous events
decreases the likelihood of future events—induces underdispersion.
Underdispersion is much less common in social science settings.
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28.2 Tests for Overdispersion

1. Regression-based test: The hypotheses we test are

Hy varly;] = Elyi
Hy wvarly| = Ely;] + ag(Elyi))

We estimate the regression

2 = 50 + E;
or
2 = 51)\2 + &
where )
(yi — Ni)” — v

2 =
Aiv/2

and \; is the predlcted value from the Poisson model. We then do a
¢ test to see whether &y or 0 is statistically different from zero. If

they are, we reject Hy.
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2. Lagrange Multiplier (LM) test: This test is similar to a
likelihood ratio test (in fact, the two tests are asymptotically
equivalent), except that the LM test requires us to estimate only
the restricted model.

e The intuition behind the LM test is that if the restrictions are
valid then the restricted estimator should be close to the point
that maximizes the likelihood function, which implies that the
slope of the log-likelihood function should be near zero at the
restricted estimator.

e The test is based on the slope of the log-likelihood at the point
where the function is maximized subject to the restriction.

e The restricted model in this case is the Poisson model. The LM
statistic is given by

- 92

D i1 [(yz —\)? - yl] (e'e — ny)?
i v)
LM = = ——

\/2 8 2A A

This follows a chi-squared distribution with the degrees of
freedom equal to the number of restrictions.



Section 29

Gamma Model for Overdispersion
e In the case of overdispersion, our likelihood function will be based
on the negative binomial distribution.

e To account for heterogeneity, we generalize the Poisson model by
assuming that \; is a random variable which follows a gamma
distribution:

D (A /(02— 1)
FOI o) = P T = D (o7 = 1

where ), ¢, and o are all greater than zero and

[(z) = /O " exp(—2)dz

e With this parameterization E(\;) = ¢ and var()\;) = ¢(c? — 1).

e We can write the joint distribution of Y; and A as

f(yza )\@’Qﬁ“ 02) — fp(yZ’AZ)fW()\Z’gbh 02>

where f, denotes the Poisson distribution.
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e After a rather messy derivation we get the negative binomial
distribution

Aj

[’ (02_ + yl) 2 1 Yi —\
fnb(yl‘)\zp 0-2) - )\1 (O_ 5 ) (0‘2)02—1
D(a)ut \ O

where \; > 0 and o2 > 1.

e Now E(Y;) = \; and var(Y;) = \;0°.

e We can include explanatory variables in the same manner as before:

A = exp(8'%;).

e The log-likelihood function is

Ai Ai
lnL—Z{lnF (m—kyi) —Inl (02_ 1)

n
1=1

Ai
+V; 1n(02 — 1) — 1110'2 (yz + ﬁ)}
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Binomial Model for Underdispersion
e In the case of underdispersion, our likelihood function is based on a
binomial distribution:

D (2% +1) N
<1 . 0_2).%‘ (O_Q)m—yz’
y;! T’ ( -+ 1)

where E(Y;) = \; > 0, var(Y;) = \;jo® and 0 < 0% < 1.

fb(yz’)\m 02)

e One problem with this distribution is that if —);/(0? — 1) is not an
integer then

> Ayl o) £1
m=0

e This is easily fixed simply by dividing fj(-) by a scaling factor that
assures the probabilities sum to one:

Fo(yil \i, 02)
D,

Fem(yilNi, 07) =

where
[ ) +1
Z fo(m| N, o)

Note that this imposes a theoretlcal maximum on the count
variable: —\;/0? — 1.
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e The log-likelihood function corresponding to the continuous
parameter binomial distribution is

InL = InT —+1
n ;{n (02_1+ )
— )\ )
—InT (| ——wi+1)+yln(1-0)

o 1

+<‘“i_%>mw%—mQW}

o2 —

e One way to proceed would be to do some sort of pretest that tells
us the type of dispersion and then estimate the appropriate
likelihood function. This has the drawback that if the test is

incorrect, then we can make incorrect inferences.
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Generalized Event Count Model
e The Generalized Event Count (GEC) model does not
require us to make any assumptions about heterogeneity or
contagion—i.e., we don’t have to decide the nature of the dispersion
a priori. Instead we estimate it.

e This model is derived from the GEC distribution, which is a general
distribution which includes the Poisson, negative binomial, and
continuous parameter binomial distributions as special cases.

e The count probabilities of the GEC satisfy the following difference
equation:

fgecwz")\iv 02) =

e We can recursively substitute values for y; to obtain specific

probabilities:
(i + (0% — 1)1
Pr(Y; = 2|\, 0%) = Y faee1INi, 07)
_)\i—l—(0'2—1)1- )\i—l—(0'2—1)0 9
= _ 529 [ 21 Soec(O]Ai, 07)
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e This generalizes to

VT 0 v
fgec(yi‘)‘i’UQ) - f966(0|>‘i=02) H [ e 02],1>(J D

j=1

(31.1)

for y; € {1,2,3,...}.

e In order to get Pr(Y; = 0|)\;, 0%) = fyec(0]\i, %) we can use the
axiom of probability that

Z fgec(m’)\iy 02) =1
m=0

(i.e., y; takes on some value in a given period with probability 1).

e Summing over both sides of Eq. 31.1] and solving for f,..(0|A\;, o%)

gives

e We can then use standard results on the convergence of infinite
series to solve for the probability of zero events. These terms will
vary with the value of o2:

exp(—A;) for y; = 0 and 0% = 1
Jaec(O| A, 02) = (02)_Ai/("2_1) for y; = 0 and 0% > 1
(02)_A2'/(‘72_1)DZ-_1 for y; = 0 and 0 < 0% < 1
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e Collecting all this together gives the following distribution:

fgec(yz’p\ia 02)

( foec(O| i, 02) ;Jz ) [AH(UQO_Q?U_D] fory; =1,2,...
exp(—A;) for y; = 0 and 0 = 1
_ (o )A/U_l for y; = 0 and 0 > 1
(o)~ ’U_lDi_l foryi:()and0<02<1
and 7; < [ ) +1
| 0 otherwise

e The log-likelihood of for this distribution (reduced to sufficient
statistics) is

n Yi
In L(B,0°%) = Z C; —yilno® + Z Infexp(B'%;) + (6% — 1)(j — 1)]
i=1 j=1
where
—exp(B'x;) for 0% =1
Ci=<¢ —exp(B'%;)Inc?(c* —1)7! for 0% > 1
2 1

—exp(B'%x;)Ino*(o? — 1)t —In(D;) for0 < o? <1
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Hurdle Poisson Models
e In some situations, it is unreasonable to assume that the process
generating counts of zero is the same as the one generating positive
outcomes.

e In such cases, we would want to alter standard count models to try
to model these separate processes. Essentially, we want to model
the contributions to the likelihood of the zero observations
differently from the contributions of the positive ones.

e One way to do this is to have a binary probability model that
determines whether a zero or positive outcome occurs and then use
a truncated Poisson distribution for the positive outcomes. For
example:

Pr(Y; = 0) = exp(—0)
1 — exp(—0)) exp(—=A\;) A\
yil(L —exp(=A;))

e Note:

— Probability of non-zero outcomes is rescaled, so that all sum to
1.

— Probability of zero outcomes is not a function of covariates—can
generalize this though.

— Negative binomial version also exists.
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e For a political science perspective on Poisson models see King,
“Statistical Models for Political Science Event Counts” 88 AJPS.

e For the development of the GEC model see King, “Variance
Specification in Event Count Models: From Restrictive
Assumptions to a Generalized Estimator.” 89 AJPS.

e For political science applications of event count models see

— Canon, “Sacrificial Lambs or Strategic Politicians: Political
Amateurs in U.S. House Elections.” 93 AJPS.

— Krause, “Federal Reserve Policy Decision Making.” '94 AJPS.

— Wang et al. “Inequality and Political Violence Revisited.” ’93
APSR.
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Part VIII

Models for Repeated
Observations—Dichotomous Dependent
Variables



Section 33

Introduction
e The basic set up of the repeated observations model for dichotomous
dependent variables is similar to the standard models.

Yir = BXit + i + i, (33.1)
where
ity >0
Y00 iy <0

andz=1,...,Nandt=1,...,7T, and u; is assumed to be iid with
2

mean zero and variance o;,.

e The choice we make about the distribution for the disturbance term
matters a lot with repeated observations data and is based on our

beliefs about the correlation between the explanatory variables and
the individual specific effect.

e If we think there is no correlation between «; and x;; then we can
estimate a random effects model. With this model we assume

that a ~ I1D(0,02).

e [f we think there is correlation between «; and x;; then we can esti-
mate a fixed effects model. Here we assume that the «; are fixed
parameters to be estimated.
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e If T" — o0, then it is possible to get consistent estimates of 3 and

078

e However, if T is fixed and N — oo, then we have the incidental

parameters problem—i.e., since the number of parameters increases

with NV, we cannot consistently estimate «; for fixed T'.

e Unfortunately, the inconsistency in «; is transmitted to 3.

e In the linear regression case we take out the individual effect by

subtracting off the means of the variables. That is, if we take the

average over time of eq. [33.1], we get

Ui = BT+ o + w;,

where §* = S1_, 4 /T. Subtracting eq. [33.2

from eq.

Y — Ui = B — 2;) + (wy — W),

33.1

(33.2)
gives

(33.3)

e But this transformation is not valid with a qualitative limited depen-

dent variable model.

e Such models are nonlinear and so mean-differencing will not work to

remove the individual specific effects.
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33.1 Fixed Effect Logit

e Chamberlain (80 Rev. of Econ. Studies) has derived a conditional
maximum likelihood estimator (CMLE) that works in a similar way.
The conditional likelihood function can be written as

N T
L= H Pr (le‘la o Y| Z%t)
i=1 =1

e Consider the case where T = 2. The unconditional likelihood 1is
N

L= H Pr(yi1) Pr(yio)

i=1
e Note that:
Prlyin = 0,92 = Olyis + yo = 0] = 1
Priya = Ly = lyn +yn =2] =1

which means these probabilities add no information to the conditional
log likelihood so we can ignore them.
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e But
Priyii = 0,42 = 1 and yi1 + yi2 = 1]
Priyii + yio = 1]
_ Prlyii = 0,y;2 = 1 and yi1 + yio = 1]
Prlya =0,y = 1] + Prlyn = 1, yi2 = 0]

e If we assume that the data follow a logistic distribution then we can

Priyin = 0,y = 1lyin +yin = 1] =

rewrite this as

1 exp(a;+08'x;9)
14exp(a;+8'x;1) 1+exp(e;+3'%;2)
1 exp(a;+03'%x;2) exp(a;+08'%x;1) 1

1+exp(a;+8'x1) 1+exp(a;+8'xj2)  1+exp(a;+08'%;1) 1+exp(a;+8'%;2)
which simplifies to

eXp(/B/XzQ)
exp(B'x1) + exp(8'x;2)

e The expression for the remaining probability is similarly derived.
These probabilities then constitute the conditional log-likelihood func-
tion, which can be maximized using standard techniques.

e This can be extended to T' of arbitrary size but the computations are
excessive for T' > 10.
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e Can’t use standard specification test like LR for checking unit het-
erogeneity b/c likelihoods are not comparable (CML uses a restricted
data set).

e But can use this estimator to do a Hausman test for the presence of
individual effects.

e Intuition: in the absence of individual specific effects, both the Cham-
berlain estimator and the standard logit maximum likelihood estima-
tor are consistent, but the former is inefficient. If individual specific
effects exist, then the Chamberlain estimator is consistent while the
standard logit MLE is inconsistent.

— Inefficiency is due to loss of information/throwing away observa-
tions.

e We compute the following statistic for the test:
. . / /- .
xi = (/BCML - /BML) [Vewmrn — V) : <5CML - 5ML>

If we get a significant y? value we reject the null of no individual
specific effects.
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33.2 Random Effects Probit

e The probit model does not lend itself to the fixed effects treatment
because there is no way to sweep out the individual specific effects.
But we can estimate a probit model if we assume random effects.

o Let
Eit = Qi + Uit
and assume a; ~ N(0,02); uy ~ N(0,02), and a; and u; are
independent of each other. Then

2, 2 2
varleg| = o, + 0. =1+ 0},

and

2
O

COIT[Ejt, Ejs] = p = o2
(6%

for t # s. This implies 02 = p/(1 — p).

e We can write the probability associated with an observation as

qitB' %t /
Prlyi| = / fleu)deiy = PlquBxu]

where ¢;; = 2y;; — 1.

e Because of the o, the T' observations for ¢ are jointly normally dis-
tributed. The individual’s contribution to the likelihood is

L — PI‘ yzl: Yi2, - sz
2

%1:6 Xi1 %2:8 X qZT/B xXiT
/ / / f(gib Ei2y v - 75iT)d5iT 8280



243

e Rather than evaluating multiple integrals, a simplification is possible.
Consider the joint density:

fleis - e i) = flen, ..., eir|as) f (o)

e We can then integrate over «;:
o0

Flenseosen) = [ e emlan flai)das
—O0

e Conditioned on «;, the g;8 are independent:

fleit, .. eu) = /OO H flei]ai) f i) da

0 =1

e Letting r; = a;/(04v/2) and making the change of variable gives 4’s
contribution to the likelihood as

1 [ a
L, = ﬁ /OO G_TZZ {H q)[qit(ﬁ’xit + 97“@)]} dr; (334)
I

— \Ep (33.5)
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e Things to note:

— The assumption that the a; and x;; are uncorrelated is very re-
strictive. We are also assuming that the within-cross section cor-
relation is the same across all time periods.

— p can be interpreted as the proportion of the variance contributed
by the unit effects.

— We can test for unit heterogeneity by checking the statistical
significance of p. One way to do this is with a likelihood ratio
ratio test of the random effects probit and pooled probit models.

— The standard way to evaluate the integral in the likelihood is
by Gauss-Hermite quadrature. This raises some concerns about
how the size of T" and N affect the accuracy of the quadrature
approximation, and some checks of the performance of the ap-
proximation are in order.

— Stata’s xtprobit command can be used to estimate this model.

— We could derive this model for the logistic distribution rather
than the normal distribution.
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33.3 Correlated Random Effects Probit

e The big drawback of the random effects model is the unattractive
assumption that the o; and x; are uncorrelated.

e Chamberlain has proposed a correlated random effects (CRE) model
that gets around this problem by assuming a specific functional re-
lationship between «; and x;. That is,

T
/ !/
Qi = E X + 1 = ax; +1;
t=1
where &’ = (a},...,a%), X, = (X},...,X,p), and 7; is normally
2

;) and is independent of

distributed (with mean zero and variance o
the x;;.

e The a; are vectors of parameters to be estimated and capture the
nature of the relationship between «; and x;;.

e Equation (33.1]) then becomes

T
x /
Yy = BXit + Xt + it
t=1

where €;; = 1; + ;.
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e Estimation of the CRE model proceeds in a sequential manner:

1. Estimate separate probit equations by maximum likelihood for

each time period, regressing the dependent variable in each period

on all of the leads and lags of the explanatory variables.

2. Stack the estimates from each of these probits into a vector 7

and construct the joint covariance matrix of all of the estimates.

The vector 7 is a vector of reduced form estimates.

3. Use a minimum distance estimator to impose restrictions on 7 to

back out estimates of the structural parameters 3 and a;. Let

0 = (3',a’) and choose 0 to minimize

//\—]_

T —fO))Q [7—1£0),

where €2 is an estimate of the asymptotic variance-covariance

matrix for the reduced-form estimates.

4. We then conduct our standard hypothesis tests to make inferences

about the effects of the variables of interest.

5. Marginal effects can be determined by simulating probabilities:

T
Pr(yy =1) =@ |(1+07) (Bxu+ > _axy)|  (33.6)

t=1
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e One key advantage of the CRE estimator: allows for an explicit test
for correlation between the individual specific effect and the explana-
tory variables.

e One drawback of the CRE estimator: requires us to impose a good
deal of structure on the relationship between «; and x;; and restricts
us to including only time-varying variables in x;;.

e Including time invariant variables in x;; in effect induces perfect
collinearity since the values of the leads and the lags of these variables
will be the same within each cross-sectional unit.

e [ts drawbacks aside, this estimator is part of a class of generalized
method of moments estimators that give substantial efficiency gains
over pooled probit estimators, which ignore individual specific effects.

e For details of the estimation procedure for the CRE model, see
Hsiao’s treatment in Analysis of Panel Data, which is more ac-
cessible than Chamberlain’s original derivation.

e Can be estimated w/ standard software with some more restrictive
assumptions; GAUSS code is available for the general model.
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33.4 CRE Probit Application: PAC contributions and roll
call votes

e A major concern is the effects of campaign contributions on the be-
havior of members of the U.S. Congress.

e Assessing these effects is complicated because it is methodologically
difficult to account for members’ predispositions to vote in favor of
PACs’ interests.

e CRE probit model can help overcome this problem because it enables
us to account for individual specific effects, such as the predisposition
to vote for or against a particular piece of legislation, which are too
costly or impossible to measure.

e | conducted a CRE probit analysis of roll-call votes and PAC contri-
butions using sets of roll-call votes that are of particular interest to
certain types of PACs (Wawro 01 AJPS).

— Tables 3 and 4 report results of the CRE estimation.

— Figures 2 & 4 plot simulated probabilities based on the CRE
estimates.
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TasLe 3 Panel Probit Model Results for Voting Behavior on AFL-CIO Roll-Call Votes,

102nd-104th Congresses

102nd Congress 103rd Congress 104th Congress
1st Session  2nd Session  1st Session  2nd Session  1st Session 2nd Session
Variable Estimated coefficients*
In-Labor PAC contributions -0.006 0.002 -0.012 0.010 0.008 0.012
(0.004) (0.011) (0.009) (0.006) (0.001) (0.009)
In Corporate PAC contributions 0.031 0.036 0.006 0.010 0.018 0.030
(0.003) (0.011) (0.007) (0.006) (0.002) (0.011)
Unemployment rate -0.003 -0.008 0.001 -0.006 -0.011 -0.025
(0.004) (0.011) (0.008) (0.007) (0.002) (1.617)
Tests of no correlation between individual effect and regressorst
In Labor PAC contributions 923.348 371.868 342.397 481.322 4,384.273 159.388
(< 0.001) (< 0.001) (< 0.001) (< 0.001) (<0.001)  (<0.001)
In Corporate PAC contributions 170.824 33.342 106.950 32.075 3,986.840 102.342
(< 0.001) (< 0.001) (< 0.001) (< 0.001) (<0.001) (<0.001)
Unemployment rate 112.456 3.222 117.859 31.739 892.259 12.804
(< 0.001) (.666) (< 0.001) (< 0.001) (< 0.001) (.025)
N 315 319 356 332 324 343
T 8 5 7 7 9 5
Note: *Standard errors in parentheses.
t Entries are X% statistics. p values in parentheses.
TasLe 4 Panel Probit Model Resuits for Voting Behavior on USCC Roll-Call Votes,
102nd-104th Congresses
102nd Congress 103rd Congress 104th Congress
1st Session  2nd Session  1st Session  2nd Session  1st Session 2nd Session
Variable Estimated coefficients*
In Labor PAC contributions 0.025 -0.005 -0.012 0.043 0.008 0.022
(0.004) (0.007) (0.003) (0.011) (0.001) (0.004)
In Corporate PAC contributions -0.030 0.004 0.003 0.010 -0.011 0.015
(0.005) (0.006) (0.004) (0.009) (0.001) (0.004)
Unemployment rate 0.002 -0.010 0.023 0.018 0.004 0.002
(0.005) (0.007) (0.004) (0.011) (0.001) (0.005)
Tests of no correlation between individual effect and regressors’
In Labor PAC contributions 676.705 267.680 119.077 55.355 6,441.995 606.078
(< 0.001) (< 0.001) (< 0.001) (< 0.001) (<0.001) (<0.001)
In Corporate PAC contributions 459.730 189.141 87.816 37.028 16,767.967 387.557
(< 0.001) (< 0.001) (< 0.001) (< 0.001) (<0.001) (<0.001)
Unemployment rate 106.871 223.512 82.972 15.364 7,427.728 237.892
(< 0.001) (< 0.001) (< 0.001) (0.031) (<0.001)  (<0.001)
N 302 288 357 344 340 338
T 8 7 7 7 10 8

Note: *Standard errors in parentheses.
T Entries are X% statistics. p values in parentheses.
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Ficure 2 Effect of Labor PAC Contributions on the Probability of Voting in
Favor of the AFL-CIO Positions, 104th Congress, 1st Session
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Ficure 4 Effect of Corporate PAC Contributions on the Probability of Voting
in Favor of the USCC Positions, 104th Congress, 2nd Session
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Section 34

Binary Time-Series Cross-Section (BTSCS) Data
e The methods above are appropriate when NV is large and T' is small.
Beck, Katz, and Tucker ('98 AJPS) derive a method for when T is
large.

e The method is based on the observation that BT'SCS data is identical
to grouped duration data. That is, we get to observe whether an
event occurred or not only after the end of some discrete period (e.g.,
a year).

e Thus, we can use duration methods to correct for the problem of
temporal dependence.

e Start from the hazard rate for the continuous time Cox proportional
hazard model:

A(t) = exp(B'xit) Ao (t)

e The survival function is given by

S(t) = exp (— /0 tA(T)dT>
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e Assuming we get to observe only whether or not an event occurred
between time ¢, — 1 and ¢, we can write

Pr(yu, =1) =1—exp (— /t:: )\Z'(7'>d7')
1 exp (— /t ! exp(ﬁ'xit)ko(t)dT)

r—1

~ 1o (—ewlstx) [ tar)

o1
o [et
tk
Oétk :/ >\()(t)d7'
tp—1
ke, = In(oy, )
e Then

Pr (yz'tk = 1) =1 —exp (— eXp(B,Xit)Oztk)
=1 — exp (—exp(B'xi + k1))

e This is a binary model with a complimentary log-log (cloglog) link.
The cloglog link is identical to a logit link function when the proba-
bility of an event is small (< 25%) and extremely similar when the
probability of an event is moderate (< 50%).
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e For ease of application then, Beck, Katz, and Tucker recommend
using the logistic analogue

1
1+ exp(— (8% + Ki_10))

where x;_49 is a dummy variable marking the length of the sequence

Pr(yi = 1|xi) =

of zeros that precede the current observation. For example,

t 1 2 3 4 5 6 7 8 9
y 00 01 0 1 1 0 0
K K1 R K3 K4 K1 R2 K1 K1 R2

e The intuition behind why ordinary logit is inadequate for BTSCS
data is that it doesn’t allow for a nonconstant baseline hazard.

e Including the £ dummies allows duration dependence by allowing for
a time-varying baseline hazard.

e To see how the k dummies are interpretable as baseline probabilities
or hazards, note
1

Pr (yzt = 1‘th - O’ tO) - 1+ eXp(_/{t tO)
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e The x dummies are essentially time fixed effects that account for
duration dependence. Thus when we estimate the model we need
to create a matrix of dummies and concatenate it with the matrix
of explanatory variables. For the example given above, this matrix

would look like

—_ = O = O O O
_ O O = O O O == O
O O OO OO O~ O O

O OO O O o O

[

[

Note there are 4 columns because the longest spell is 4 periods long.

1
1+ exp(—(B'%it + Ki_10))

Pr(yi = 1|x3t) =



Section 35

Generalized Estimating Equations (GEEs)
e This class of models allows us to account for unobserved correlation
among observations, without including unit-specific effects.

e GEEs relax assumptions about the independence of observations:
observations are grouped into clusters and then parameters are esti-
mated to model the correlations among observations in the cluster.

e This class of models is derived from the General Linear Model (GLM)
approach.

— Models in which one specifies the “link” function E(Y;) = p; =
h(B'x;) and the relationship between the mean and the variance

(e.g. Vi=g(w)).
— Standard GLMs obtain estimates by solving the “score equa-
tions”:

U(B) =3 DV Vi) =0 (3)

1=1

where D, = %—’g and V; is the variance matrix.
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35.1 GLMs for Correlated Data

e Consider E(Yy) = pit = g(B'%xi), T > 1.
e Must make some provision for dependence within ¢, across ¢.
e Specify the conditional within-unit or within-cluster correlation:

e Define the “working” T" x T correlation matrix R;(«) as a function
of a.

e Structure (but not the elements) of R;(a) determined by the inves-
tigator.

e Then redefine the variance matrix in Equation as:

A)?R(a)(A))?
¢
where the A; are T' x T diagonal matrices w/ g(u;) along the diag-

onal.
e Intuition:

— Choose 3 so that u; is “close” to Y;; on average,

— Optimally weight each residual (Y;;— ;) by the inverse of cov(Y;).
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35.2 Options for specifying within-cluster correlation

e “Working Independence”: R;(a) =1

— No within-unit correlation (completely pooling observations).

— Just like standard logit/probit.
e “Exchangeable”: R;(a) = p

— Within-unit correlation is the same across units.

— Similar to “random effects,” in the sense that we're assuming
constant within-unit marginal covariance; but do not need or-
thogonality assumption of RE.

e Autoregressive : R;(«a) = p|t_3|
— Here, AR(1).
— Correlation decays over “time.”

— Can also do “banded” / “stationary” correlations.
e “Unstructured” : Rj(a) = avg, t # s

—ais al x T matrix.

T(T-1) . L .
— Allows % unique pairwise correlations.

— Very flexible, but can be hard to estimate, esp. w/ large T
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35.3 “Robust” Standard Errors

e B¢pp is Tobust to misspecification of R;(«).

—_—

° Var(BGEE) is not.

—

e Can compute “sandwich” estimator: var(Bogpg) =
p

N -1 /N N -1
N <Z DV, 1]1-) (Z DV, 'SV, 1]5@) (Z DV, 1]f)i>
i=1 i=1 i=1
(35.3)
where S; = (YV; — ) (Y; — ;).
e Similar to the Huber/White estimator.

e One drawback of GEE is that it does not produce standard errors for
elements of R;(ar) = we should be cautious about drawing inferences
about these parameters (treated as “nuisance”).

e A number of software packages can estimate GEEs: xtgee in Stata,
proc genmod w/ repeated option in SAS, gee, geepackin S-Plus/R,
GEE in Riemann Library for GAUSS.
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35.4 GEE2

e Other options exist for estimating the m = @ elements of R; ().

e Can do this with a separate estimating equation:

Unle) = 3 EW;(Zi —m)) (35.4)

where

T(T—1) .
—Z; = (Zus, Zis, - ., Ziar, Zios, - - -, Zir(r—1)); the ( 5 L oh-
served” sample pairwise correlation.

— m; is the column vector of the expected values of the pairwise
intracluster correlation for observation .

_ Ez’ __ On;

o 8al-

. . . T(T—1 .o
— W, is a square diagonal matrix of rank % containing the
variances and covariances of the Z;s.

e Can be estimated either separately from U (3), assuming
cov|Ur(B), Un(a)] = 0, or allowing the two to covary.

e Drawbacks: Requires correct specification of R;(«) for consistent
estimates of 3.
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35.5 Application: Panel Decision-making on the Court of
Appeals

e Question of interest: do gender and race affect the decisions of judges

on the U.S. Court of Appeals?

e Almost all cases are decided by (more or less) randomly selected
panels of three judges.

e “Norm of unanimity” suggests there will be significant correlation
among judges on the same panel.

e GEE approach is useful for accounting for correlation, treating each
three judge panel as a cluster.

e Farhang and Wawro (JLEO '04) use this approach to examine deci-
sions in employment discrimination cases.
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Table 35.1: GEE analysis of judges’ votes in Appeals Court decisions

Logit GEE
Variable Coefficient Std. Err. Coefficient Std. Err.
Judge and Panel Level Variables
Intercept 1.126 0.362 1.226 0.613
Gender 0.877 0.269 0.791 0.276
One female colleague (female judge) —0.373 0.454 —0.398 0.594
One female colleague (male judge) 0.800 0.180 0.789 0.274
Two female colleagues (male judge) —0.337 0.575 —0.362 0.595
Race —0.329 0.363 —0.212 0.359
One nonwhite colleague (nonwhite judge) —0.033 0.558 —0.458 0.764
One nonwhite colleague (white judge) —0.136 0.236 —0.151 0.357
Two nonwhite colleagues (white judge) —0.443 0.720 —0.859 1.081
NOMINATE score —0.570 0.192 —0.643 0.176
Panel colleagues’ NOMINATE scores —1.098 0.243 —1.100 0.342
Author 0.122 0.188 —0.023 0.040
Gender x author —0.174 0.421 0.054 0.120
Race x author 0.345 0.549 0.069 0.117
NOMINATE score x author —-0.173 0.338 0.069 0.082
Case Specific Variables
Race discrimination 0.285 0.197 0.294 0.310
Gender discrimination —0.190 0.185 —0.171 0.308
Harassment 0.761 0.206 0.717 0.354
Age discrimination —0.062 0.190 —0.047 0.330
Religious discrimination —0.752 0.624 —-0.715 1.138
Nationality discrimination 0.069 0.468 0.045 0.784
Reverse gender discrimination 0.576 0.391 0.487 0.716
Reverse race discrimination —1.282 0.609 —1.388 1.016
Government defendant 0.139 0.159 0.091 0.268
EEOC plaintiff 0.150 0.620 —0.083 1.423
Plaintiff appeal —1.597 0.235 —1.570 0.390
Both appeal 0.578 0.282 0.586 0.486
Posture —0.079 0.207 —0.093 0.316
Circuit Level Variables

1st Circuit dummy —1.048 0.409 —1.102 0.641
2nd Circuit dummy —0.624 0.373 —0.636 0.650
3rd Circuit dummy —1.358 0.549 —1.386 0.773
4th Circuit dummy —1.885 0.578 —1.973 0.839
5th Circuit dummy —2.053 0.400 —2.038 0.688
6th Circuit dummy 0.093 0.397 —0.023 0.703
7th Circuit dummy —1.112 0.320 —1.156 0.541
8th Circuit dummy —0.870 0.326 —0.923 0.564
10th Circuit dummy —1.315 0.377 —1.344 0.657
11th Circuit dummy —0.207 0.334 —0.252 0.583
D.C. Circuit dummy —1.410 0.489 —1.350 0.794
p — — 0.893 —

Note: Table entries are GEE estimates. N = 1200.
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