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Preface

This book is intended for graduate and advanced undergraduate students,
as well as practitioners with a working knowledge of statistics, econometrics,
calculus, and algebra.

It distills more than thirty years of my teaching experience into a coherent
set of lecture notes, refined through hundreds of classroom hours and enriched
by feedback from students across disciplines. The material is organized into
three parts, which together can support two to three full courses. The first
part lays the foundation, core concepts essential for all subsequent work and
typically covered in an introductory semester. The second part focuses on
time series econometrics, and the third addresses advanced and specialized
topics that deepen or complement earlier material.

To truly master econometrics, one must learn to visualize and internalize
complex ideas. In my view, this process involves three essential stages: first,
understanding the intuition behind what is being done; second, grasping the
operative mechanics of how it is done; and third, bringing abstract concepts
to life by implementing them from scratch, at least once. This process trans-
forms passive understanding into active command.

Like a good wine, command of econometrics improves with time and
repetition. The first time we encounter new material, we may, if fortunate,
grasp its big picture. But the subtleties, refinements, and sheer elegance
of econometric methods only emerge through repeated engagement and, in
my experience, through the attempt to explain these ideas to others who
are unfamiliar with them. That is when the flavors mature, the intricacies
surface, and the full power of the tools becomes transparent and usable.

In an era of rapidly advancing Al, the value of simply providing code has
diminished. What remains essential, and distinctly human, is understanding;:
knowing what we are doing, why we are doing it, and how. Econometrics is
not just a toolbox; it is a way of thinking.

Few things, in my experience, are as pedagogically powerful, or as trans-
formative, as watching a theoretical idea come to life in code. That is where
real understanding begins.

My personal preference is Gauss (by Aptech), which I find especially
powerful and flexible. Still, recognizing the accessibility and popularity of
other platforms, I provide companion code in R, EViews, and Python.

Ultimately, the comparative advantage of econometricians lies in bring-
ing empirical content to economic theory. The topics covered here reflect

1X
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those I have found most relevant—whether teaching, publishing, or applying
econometrics in real-world settings.

I have been fortunate to teach hundreds of dedicated students, many of
whom have shaped and improved the content of this book. Several of my
lectures, covering much of the material presented here, are available on my
YouTube channel: https://www.youtube.com/rchumacero. I invite you to
visit and subscribe—this may be my best shot at turning 1.6K subscribers
into a cult following in the niche world of econometrics. Please note that
the lectures are in Spanish. You can also find additional material, research
papers (mostly in English), and other resources relevant to this book on my
website: https://rchumace.econ.uchile.cl.

Many excellent textbooks already exist. This one does not aim to replace
them. Rather, it integrates the best features of my favorites, offering a co-
herent and intuitive framework for understanding, teaching, and mastering
econometrics. To further support this goal, each chapter concludes with a
brief summary of selected references. These are not meant to be exhaustive
surveys, but guided tours, designed to complement and deepen the reader’s
understanding. The references include: (i) key sources from which the chap-
ter draws or that closely align with its content; (ii) introductory material
for readers who may need to build intuition or review prerequisites; and (iii)
additional or advanced references that extend the material, formalize it fur-
ther, or offer alternative perspectives. These curated suggestions aim to help
readers navigate the broader literature and enrich their econometric journey.
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Chapter 1

Ordinary Least Squares

1.1 Introduction

Ragnar Frisch (one of the founders of the Econometric Society) is credited
with coining the term econometrics. Econometrics aims to give empirical
content to economic relationships by uniting three key ingredients: economic
theory, economic data, and statistical methods. Neither theory without
measurement nor measurement without theory is sufficient for explaining
economic phenomena. It is their union that is essential to understanding
economic relationships.

Social scientists generally must accept the conditions under which their
subjects act and the responses occur. As economic data come almost exclu-
sively from non-experimental sources, researchers cannot specify or choose
the level of a stimulus and record the outcome. They can only observe
the natural experiments that take place. In this sense, economics—Iike
meteorology—is an observational science.

For example, many economists have studied the influence of monetary
policy on macroeconomic conditions, yet the effects of actions by central
banks continue to be widely debated. Some of these controversies might
be resolved if a central bank could experiment with monetary policy over
repeated trials under identical conditions, allowing the isolation of policy
effects more precisely. However, no one can turn back the clock to try various
policies under essentially the same circumstances. Each time a central bank
contemplates an action, it faces a new set of conditions. The actors and
technologies have changed. The social, economic, and political environments
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are different. To learn from one episode in economic history and apply it
effectively to another, one must understand both the similarities and the
differences between the past, present, and future.

In this context, Ordinary Least Squares (OLS) provides a natural starting
point for empirical analysis. It is the most widely used estimation method
in applied economics and often serves as the benchmark against which other
methods are judged. Despite its simplicity, OLS embodies a set of assump-
tions that are frequently misunderstood or taken for granted. Understanding
when and why these assumptions matter is essential for responsible empirical
work.

This chapter develops the finite-sample and asymptotic properties of OLS.
Section 1.2 introduces the correlation coefficient and highlights the dangers of
interpreting statistical association as causal. Section 1.3 presents the simple
linear regression model with one explanatory variable. The OLS estimator
is derived from first principles, and its connection to correlation is discussed.
This sets the stage for the general regression framework introduced in Section
1.4, where regression is formalized through the lens of conditional expectation
and the regression error. Section 1.5 derives the multivariate OLS estimator
and examines its key properties. Section 1.6 extends the model to accom-
modate linear restrictions on the coefficients. Finally, Section 1.7 turns to
inference, emphasizing the distinction between finite-sample and asymptotic
results, and warning that t- and F-distributions only apply exactly under
normality.

Throughout, the emphasis will be on both rigor and intuition. We aim not
only to derive results, but to understand what they mean — when they apply,
when they do not, and what to do in each case. Later chapters will build
on this foundation, introducing alternative estimators designed to address
violations of the assumptions behind OLS.

1.2 Correlation and Causation

In empirical work, one of the first questions we ask is whether two variables
are related. For example: Do countries with larger governments grow more
slowly? Do education levels affect wages? Does monetary policy influence
inflation? These questions all concern association, and a natural place to
begin is to ask whether two variables move together in a systematic way.
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1.2.1 Population Covariance and Correlation

Let (x,y) be two random variables defined on a probability space. The
covariance between them is defined as:

Cov (y,z) = € (yx) —E(y) € (2).

If x and y tend to be simultaneously above or below their means, the
covariance is positive. If one tends to be above its mean when the other is
below, the covariance is negative. If the two are statistically independent,
the covariance is zero — although the converse is not true unless linearity is
assumed.

Covariance is a valuable concept, but it depends on the scale of mea-
surement. For example, if z is measured in kilograms and then converted to
grams, the covariance changes proportionally. This makes it hard to compare
covariances across variables with different units.

To overcome this, we define the correlation coefficient, which standardizes
the covariance by the standard deviations of x and y:

Cov (y, ) ‘
VvV (z)

p:

This yields a dimensionless number in the interval [—1, 1], where p = 1
indicates perfect positive linear association, p = —1 indicates perfect negative
linear association, and p = 0 indicates no linear association.

1.2.2 Sample Estimation

In practice, we do not observe the population distribution of (z,y). We
observe a sample {y;, xt}thl, and compute the sample covariance:

T
1 ~ ~
Say = T E TtYt,
t=1

where data expressed in deviations from the (sample) mean is defined as:

T
o=z — 2, E:T_lg 2, Z=1,x.
t=1
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We then define the sample correlation coefficient as:

The sample correlation r, known as Pearson’s correlation coefficient, serves
as an estimator of the population correlation p, and inherits its basic inter-
pretation: it measures the strength and direction of linear association in the
data.!

1.2.3 Interpretation and Limitations

Correlation is a useful summary statistic, but it has important limitations. It
captures association, not direction. It does not distinguish cause from effect.
And it tells us nothing about the mechanisms linking two variables.

Consider, for example, the observed correlation between investment and
economic growth. One might be tempted to conclude that higher investment
leads to faster growth — a plausible story. But the reverse could also hold:
fast-growing economies may attract more investment. Alternatively, both
investment and growth could be driven by a common third factor, such as
institutional quality or the rule of law. In countries with stable legal frame-
works and enforceable property rights, both variables may perform better.
Without modeling these mechanisms explicitly, the correlation coefficient
alone cannot adjudicate between these explanations.

This is the classic post hoc, ergo propter hoc fallacy — the idea that
because two things move together, one must cause the other. But as we will
see, correlation can arise:

e From genuine causal mechanisms
e From reverse causation
e From common shocks or omitted variables

e From mechanical or definitional relationships

1Other measures of association exist, such as Spearman’s rank correlation and Kendall’s
tau, which are based on ranks rather than magnitudes and are better suited to detecting
monotonic (not necessarily linear) relationships.
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e Or even by pure coincidence

The last case — spurious correlation — is especially deceptive. Yule
(1926) famously illustrated this danger by documenting a strong historical
correlation between mortality rates and the proportion of Church of England
marriages in England. The implication — that civil marriage is lethal — was
offered tongue-in-cheek, but the statistical lesson remains valid.

Modern datasets provide similarly absurd examples. These associations
are real in the data, but economically meaningless. They arise from shared
trends, unmodeled time dependence, or simple coincidence.? The problem is
not in the numbers — it’s in the lack of structure behind them.

In short, correlation is not causation. It cannot substitute for theory, nor
justify economic conclusions on its own. If our goal is to understand economic
relationships and evaluate counterfactuals, we need a model that defines
directionality, accounts for residual variation, makes assumptions explicit,
and tests them.

The next section introduces the simplest such framework: the simple lin-
ear regression model, in which one variable is modeled as a linear function of
another plus a residual. This is our first step toward moving from descriptive
statistics to econometric explanation.

1.3 The Simple Linear Regression Model

To move beyond descriptive statistics, we need a model — one that defines
what we aim to explain, what we condition on, and what we treat as un-
observed. The simple linear regression model offers such a framework while
remaining analytically transparent and conceptually rich.

We begin by postulating a linear relationship between two variables, x;
and ;, of the form:

Y = ﬁl + ﬁQI't + U, t= 1, ,T
This model separates the variation in g, into two components:

e A systematic part, 3, + 92, which depends linearly on x;.

2For a humorous collection of such absurd statistical relationships — including correla-
tions between Nicolas Cage films and swimming pool drownings — see Vigen (2015). See
also his website at www.tylervigen.com.
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e An unsystematic part, u;, which captures everything not explained by
Tt.

We interpret z; as the explanatory (or independent) variable, and y; as
the dependent variable. The coefficient 3, is the intercept — the expected
value of y when = 0 — and f3, is the slope, which reflects the marginal
change in y associated with a one-unit increase in z, conditional on u; being
unrelated to x;.

1.3.1 Why Estimate? And Why OLS?

In practice, we do not observe the parameters 3, and [3,; we must estimate
them using data. Suppose we have T' observations of the pair {y;, x;}. Each
pair gives us an equation in the unknowns [3; and [3,, but the system is
overdetermined: we have more equations than unknowns.

Geometrically, this means that there is no line that passes exactly through
all the points (unless all the observations lie perfectly on a line — a degenerate
case). Thus, we must choose a line that approximates the data in some sense.

But how? There are infinitely many ways to draw a line through a cloud
of points. Some lines minimize the maximum deviation. Others minimize the
sum of absolute deviations. Still others may enforce symmetry, or smooth-
ness, or robust behavior under outliers. The Ordinary Least Squares (OLS)
method chooses the line that minimizes the sum of squared vertical deviations
— that is, it solves:

T
minz (g — By — Boz)? .
=1

This choice is popular because it is analytically tractable, it delivers
closed-form solutions, and under certain assumptions, it yields desirable sta-
tistical properties (discussed below).

But it is not unique in principle. OLS is one choice among many — a
decision rule, not a law of nature. There are situations where OLS performs
poorly: for instance, when there are outliers, or when minimizing squared
error does not align with the economic objective. In later chapters, we will
encounter alternative estimators that address these concerns.

1.3.2 Deriving the OLS Estimator

Let us now derive the OLS estimators formally.
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We aim to choose the values of 3, and (3, that minimize the sum of
squared residuals (SSR) of the sample:

St (81, 8,) = Z ﬁzxt)Q :

t=1

The OLS estimator is obtained by deriving the objective function with
respect to 3, and 3, and finding the values that equate these conditions to
0:

S (B) 'A - —22 (yt — Bl — Bth) =0

B |3
( )' = —2Zajt<yt—ﬁl—ﬁ2ajt)=0.
9P, B
As there are two equations and 2 unknowns, the solutions are:
By =7— By
2 Szy Sy Zz 1 Tel
Sz Sz Zt L TF

These formulas express the slope as a ratio of the sample covariance be-
tween x and y to the sample variance of x, and the intercept as the value
needed to ensure the line passes through the point (7,7) .

Thus, (El, BQ) satisfy the following properties:

° Bl, BQ minimize SSR for the sample considered.

e They ensure that the lines passes through the mean point (7, 7).
e The sum of the estimated residuals (u; = y; — Bl — /B\QZL‘t) is 0.

e The estimated residuals u; are uncorrelated (in the sample) with ;.

These are not assumptions; they are algebraic consequences of the least
squares minimization.

The expressions above define the OLS estimators — functions of the sam-
ple data used to infer unknown population parameters. Since they depend
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on the data, these are random variables: they vary from sample to sample.
That is what makes them estimators.

When applied to a specific sample — that is, when we plug in observed
values — these estimators yield estimates. For example, in a given dataset we
might obtain 5, = 2,8, = 1.13. These numbers are estimates: realizations
of the corresponding estimators.

Understanding the difference between estimators and estimates is essen-
tial. Only estimators have sampling distributions, bias, and variance. Statis-
tical inference concerns properties of estimators — not the particular numbers
they produce in a single sample.

1.3.3 From Correlation to Conditional Expectation

OLS goes beyond correlation by modeling how y changes with x. It does
this by treating y as a response variable and = as a conditioning variable.
Implicitly, the model asserts:

E (ys] m¢) = By + Bay,

with the assumption that € (u|x;) = 0. This is a substantive statement: it
means the errors u; are uncorrelated with x; and carry no information that
could improve prediction once x; is known.

This shift — from symmetric association to asymmetric explanation — is
the essence of regression. It marks the departure from descriptive statistics
toward structural modeling.

In the next section, we introduce the general linear regression model,
extending the ideas developed here to multiple explanatory variables using
matrix notation.

1.4 The General Linear Regression Model

An econometrician has the observational data {ws,ws,...,wr}, where each
wy is a vector of data. Partition w; = (y;, z;) where y; € R, 2; € R¥. Let the
joint density of the variables be given by f(y;,x,0), where 6 is a vector of
unknown parameters.

In econometrics we are often interested in the conditional distribution
of one set of random variables given another set of random variables (e.g.,
the conditional distribution of consumption given income, or the conditional
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distribution of wages given individual characteristics). Recalling that the
joint density can be written as the product of the conditional density and
the marginal density, we have:

f(ytvxtu 9) = f(yt |.Tt, el)f(xt702)7
where f(zy,62) = [* f(ys, 21, 0)dy is the marginal density of .

Regression analygios can be defined as statistical inferences on 6,. For this
purpose we can ignore f(x;,03), provided there is no relationship between
01 and 0,.% In this framework, y is called the ‘dependent’ or ‘endogenous’
variable and the vector x is called the vector of ‘independent’ or ‘exogenous’
variables.

In regression analysis we usually want to estimate only the first and second
moments of the conditional distribution, rather than the whole parameter
vector 0 (in certain cases the first two moments characterize 6; completely).
Thus we can define the conditional mean m (x;,63) and conditional variance
g (x4, 04) as

oo

m@MQIMM%%F/iMM%%m

—00

g8 = [ 100 00)dy ~ fm (o 00)

The conditional mean and variance are random variables, as they are
functions of the random vector z;. If we define u; as the difference between
y; and its conditional mean,

Ut = Yt — m($t>‘93)>

we obtain:
yr = m (x4, 03) + uy. (1.1)

Other than (y;, z;) having a joint density, no assumptions have been made
to develop (1.1).

Proposition 1 Properties of u, :
1. & (ug|zy) =0,
2. & (u) =0,
3. E[h(xy)u] =0 for any function h(-),
4. € (xpuy) = 0.

3In this case we say that z is “weakly exogenous” for 6.
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Proof. 1. By definition of u; and the linearity of conditional expectations,*

E(wlwe) = Efye —m () |24]
= &y |ve] — € [m(xy) |2t]
= m(xy) —m(z;) = 0.

2. By the law of iterated expectations and the first result,’
3. By essentially the same argument,

EM(zr)ue] = E[E [h(ze)us |24 ]]
= & [h(z)€ [uy |2:]]
4. Follows from the third result, setting h(z;) = z;. =
Equation (1.1) plus the first result of Proposition 1 are often stated jointly
as the regression framework:
Yo = m(x,03) +
E (Ut |$t) = 0.
This is a framework, not a model, because no restrictions have been placed
on the joint distribution of the data. These equations hold true by definition.
Given that the moments m () and g (-) can take any shape (usually non-
linear), a regression model imposes further restrictions on the joint distrib-
ution and on u (the regression error). If we assume that m (-) is linear we
obtain what is known as the linear regression model:
m (z4,03) = 3,

where (3 is a k-element vector. Finally, let

n Ty T11 0 Tk (51

Yyr T Try * TTk ur

4The linearity of conditional expectations states that & [g (z)y |z] = g (z) € [y |z].
>The law of iterated expectations states that & [€ [y |z, 2] |z] = € [y |z]-
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Definition 2 The Linear Regression Model (LRM) is:
1.yy=a6+u orY = X0+ u,
2. € (ug|xy) =0,
3. rank(X) =k or det (X'X) # 0,
4. € (ugug) = 0Vt # s.

The most important assumption of the model is the linearity of the con-
ditional expectation. Furthermore, this framework considers that x provides
no information for forecasting u and that X is of full rank. Finally, it is
assumed that u; is uncorrelated with 1.5

Definition 3 The Homoskedastic Linear Regression Model (HLRM) is the
LRM plus
5. E(w?|zy) =02 or & (i |X) = o?Ir.

This model adds the auxiliary assumption that ¢ (-) is conditionally ho-
moskedastic.

Definition 4 The Normal Linear Regression Model (NLRM) is the LRM
plus
6. uy ~ N (0,0?).

Posing and additional assumption, this model has the advantage that
exact distributional results are available for the OLS estimators and tests
statistics. It is not very popular in current econometric practice and, as we
will see, is not necessary to derive most of the results that follow.

1.5 OLS Estimation

This section defines the OLS estimator of 5 and shows that it is the best linear
unbiased estimator.” The estimation of the error variance is also discussed.

6Qcassionally, we will make the assumption of serial independence of {u;} which is
stronger than no correlation, although both concepts are equivalent when u is normal.

"The method of least squares was first published by Adrien-Marie Legendre in 1805,
but Carl Friedrich Gauss claimed prior use dating back to 1795. Gauss later formalized
the method in his 1809 work on celestial mechanics. The priority dispute lingered, but
both contributions helped establish least squares as the dominant tool for astronomical
and statistical estimation.
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1.5.1 Definition of the OLS Estimators of 3 and o2
Define the sum of squares of the residuals (SSR) function as:
Sr(B) = (Y = XB)' (Y — Xp)
=YY -2Y'Xp+ ' X'X}.

The OLS estimator (3) minimizes Sy (8). The First Order Necessary
Conditions (FONC) for minimization are:

St ()
96 |

= —2X'Y +2X'X[ =0,

which yield the normal equations X'Y = X'X B

Proposition 5 argminSr () = 8= (X'X)"H(X'Y).
B

Proof. Using the normal equations we obtain 3 = (X'X)""(X'Y). To
verify that 3 is indeed a minimum we evaluate the Second Order Sufficient
Conditions (SOSC)
&*Sr (8)
—— | =2X'X
aﬁaﬁl B )

which show that B is a minimum, as X’X is a positive definite matrix. m

Three important implications are derived from this theorem: First)\B is
a linear function of Y. Second, even if X is a non stochastic matrix, 5 is a
random variable as it depends on Y which is itself a random variable. Finally,
in order to obtain the OLS estimator we require X'X to be of full rank.

Given 3, we define R
u=Y — X0, (1.2)

and call it the least squares residuals. Using 7, we can estimate o2 by
7 =T7'77.
Using (1.2), we can write

Y = XB+1=PY + MY,
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where P = X (X’X) ™" X" and M = I — P. Given that @ is orthogonal to X
(that is, ' X = 0), OLS can be regarded as decomposing Y into two orthog-
onal components: a component that can be written as a linear combination
of the column vector of X and a component that is orthogonal to X. Alter-
natively, we can call PY the projection of Y onto the space spanned by the
column vectors of X and MY the projection of Y onto the space orthogonal
to X. These properties are illustrated in Figure 1.1.%

Col(X)

Figure 1.1: Orthogonal Decomposition of Y

Proposition 6 Let X be an T x k matriz of rank k. A matriz of the form
P=X (X/X)_1 X' is called a projection matriz and has the following prop-
erties:

i) P =P = P? (Hence P is symmetric and idempotent),

i) rank(P) = k,

iii) the characteristic roots (eigenvalues) of P consist of k ones and T-k
zeros,

8The column space of X is denoted by Col(X).
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w) if Z = Xc for some vector c, then PZ = Z (hence the word projec-
tion),

v) M =1 — P is called the annihilator matriz and is also symmetric and
idempotent with rank T-k, the eigenvalues consist of T-k ones and k zeros,
and if Z = Xec, then MZ= 0,

vi) P can be written as G'G, where GG’ = I, or as v1v] + v + ... +v,0].
where v; s a vector and k = rank(P).

Proof. Left as an exercise. ®m

1.5.2 Gaussian Quasi-Maximum Likelihood Estimator

Now we relate a traditional motivation for the OLS estimator. The NLRM
is yp = 2}8 + u; with u; ~ N (0,0?).
The density function for a single observation is

f(yt}%hﬁag?) = e 27

and the log-likelihood for the full sample is

T
O (ﬁ,aQ;Y\X) =1In [Hf(yt ‘%;5702)]

T
= > _Inf (e |o, 5,0%)
t=1
T T 9 1 « r N2
- _5111(27?)—5111(0)—@;(%—% )
T T 1
= —5 ()~ (0%) — 55257 (B) -

Proposition 7 In the NLRM, BMLE = BOLS.
Proof. The FONC for the maximization of {7 (3,0?) are:

aET (67 0-2) o i / / -

i B,az_?‘\Q(XY X'X3) =0

0y (8,0?) r (v-xB) (v-x5)
80-2 ,/37(’7\2 20- 20-
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Thus, .5 = (X'X) 7 (X'Y) and 62 = T'00.° =

This result is obvious since {7 (3,0?) is a function of 3 only through
St (B). Thus, MLE maximizes {7 (3, 0?) by minimizing Sz (3). Due to this
equivalence, the OLS estimator B is frequently referred to as the “Gaussian
MLE”, the “Gaussian Quasi-MLE”, or the “Gaussian Pseudo-MLE”.!Y

1.5.3 The Mean and Variance of B and 5°
Proposition 8 In the LRM, £ [(B — ﬁ) |X] =0 and & (/B) = f.
Proof. From previous results,
B=XX) XY =XX)"" X (XB+u)
= B+ (X'X) ' X'u.
Then
£ KB - 5) |X] —¢ [(X’X)*lxmx}
(X'X) ' X'E (u]X)
= 0.
Applying the law of iterated expectations, £ (B) =& [5 (B | X ﬂ =05 n

Thus, B is unbiased for 5. Indeed it is conditionally unbiased (conditional
on X), which is a stronger result.

Proposition 9 Inthe HLRM, V (B |X> =o2(X'X)" andV (B) =028 [(X'X)7'].

Proof. Since 5 — 8 = (X'X) ! X'u,

o~ ~ o~ /
v(BIx) = ¢ [(5—6) (5-7) \X}
-y [(X’X)*1 X' X (X'X) 7 |X]
= (X'X)'X'Eud | X] X (X'X)7
= 2 (X'X)".
9Verify that the SOSC are satisfied.
0The term “quasi” (“pseudo”) is used for misspecified models. In this case, the nor-

mality assumption was used to construct the likelihood and the estimator, but may be
believed not to be true.
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Thus, V (B) .y [v (B|X)] IRy [5 (B|X)} o2 [(X'X)7]. w

This result is derived from the assumptions that u is uncorrelated and
homoskedastic. The variance-covariance matrix of S measures the precision
with which the relationship between Y and X is estimated. Some of its
features are: First, and most obvious, the variance of 5 grows proportionally
with o2 (the volatility of the unpredictable component). Second, although
less obvious, as the sample size increases, the variance-covariance matrix of
S should decrease (we will provide formal arguments in this regard when
we analyze the asymptotic properties of OLS). Finally, it also depends on
the volatility of the regressors; as it increases, the precision with which we
measure 3 will be enhanced. Thus, we generally “prefer” a sample of X that

is more volatile, given that it would better help us to uncover its association
with Y.

Proposition 10 In the LRM, 6 is biased.

Proof. We know that u = MY'. It is trivial to verify that © = Mwu. Then,
62 = T7'0'0 = T~/ Mu. This implies that

E(@*X) = T7'E W Mu|X]
= T Y& W Mu|X]
= T [tr (u'Mu) | X]
= T [tr (Muu') | X]
= T 'otr (M)
— (T —K)T

Applying the law of iterated expectations we obtain £ (32) =0 (T k)T
n

To derive this result we used the facts that o2 is a scalar (tr denotes the
trace of a matrix), that the expectation is a lineal operator (thus tr and £ are
interchangeable), that tr(AB)=tr(BA), and that M is symmetric in which
case tr(M) = 321, \;, where ); denotes the i-th eigenvalue of M (here we
used the results of Proposition 6).

Proposition 10 shows that 67 is a biased estimator of ¢2. A trivial modi-

—1 ~y~

fication yields an unbiased estimator for 02; 5* = (T — k)~ ' @'4.
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Proposition 11 In the NLRM, V (32) =T722(T — k) o™
Proof. Left as an exercise. m

From the results derived so far, three facts are worth mentioning: First,
with the exception of Proposition 11 none of the results derived required
the assumption of normality of the error term. Second, while 5 is biased,
it coincides with the maximum likelihood estimator of the variance under
the assumption of normality of u and, as we will show later, it is consistent.
Finally, both the variance-covariance matrix of 3 and 6> depend on o2 which
is unknown, thus in practice we use estimators of the variance-covariance
matrix of the OLS estimators by replacing o2 with * or o°. For example,

the estimator of the variance-covariance matrix of 3 is V (B) =52 (X'X)7".

1.5.4 (3 is BLUE

Definition 12 Let 0 and 6" be estimators of a vector parameter 6. Let A and

o~ ~ !/
B be their respective mean squared error matrices; that is A = £ (9 — 9) (9 — 9)
and B = £ (0" —0)(0* —0)'. We say that 6 is better (or more efficient)
than 6% if ¢ (B — A) ¢ > 0 for every vector ¢ and every parameter value and

d(B—A)c > 0 for at least one value of ¢ and at least one value of the
parameter.t!

Once we made precise what we mean by better, we are ready to present
one of the most famous theorems in econometrics;

Theorem 13 (Gauss-Markov) The Best Linear Unbiased Estimator (BLUE)
is 3.

Proof. Let A = (X'X)"' X', then B = AY. Consider any other linear
estimator b. Without loss of generality, let b = (A + C)Y. Then,

EDIX)=X'X)""X'XB+CXB=(I+CX)}.

"'This definition can also be stated as B > A for every parameter value and B # A
for at least one parameter value (in this context, B > A means that B — A is positive
semi-definite and B > A means that B — A is positive definite).
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For b to be unbiased we require C X = 0 to hold, in which case
V(b|X)=¢ [(A+C’)uu’(A+C’)'] .
As (A+C)(A+C) = (X'X)' +CC', we obtain
VoIX) =V (B1x) +e*cC

Then, V (b|X) >V (B |X) , as CC' is a positive semi-definite matrix. m

Despite its popularity, the Gauss-Markov theorem is not very powerful.
It restricts our quest of alternative candidates to those that are both linear
and unbiased estimators. There may be a “nonlinear” or biased estimator
that can do better in the metric of Definition 12. Furthermore, OLS ceases
to be BLUE when the assumption of homoskedasticity is relaxed. If both ho-

moskedasticity and normality are present, we can rely on a stronger theorem
which we will discuss later (the Cramer-Rao lower bound).

1.5.5 Analysis of Variance (ANOVA)

By definition,
Y=Y+u.

Subtracting Y (the sample mean of Y) from both sides we have,
Y -Y = (?—?) + .
Thus
V-V (-7 =(V-7) (V-V)+2(v-V)a+aq

but Y4 = Y'PMY = 0 and Y@ = Y74 = 0 when the model contains an
intercept (more generally, if ¢ lies in the space spanned by X).!'? Thus

(v-7)(-V)=(V-V) (Vv-7)+7a

12We define © as a row vector of ones.
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This is called the analysis of variance formula, often written as

TSS=FESS+ SSR,

where T'S'S, ESS, and SSR stand for “Total sum of squares”, “Equation sum
of squares” and “Sum of squares of the residuals”, respectively. The equation
R? (also known as the centered coefficient of determination) is defined as

2_ESS_1_SSR_1_Y/MY
- TSS TSS Y'LY "’

where L = Iy — T4/, Therefore, provided that the regressors include a
constant, 0 < R? < 1. If the regressors do not include a constant, k2 can be
negative because, without the benefit of an intercept, the regression could do
worse (tracking the dependent variable) than the sample mean.

The equation measures the percentage of the variance of Y that is ac-
counted for in the variation of the predicted value Y. R? is typically reported
in applied work and is frequently referenced as “measure” or “goodness” of
fit. This label is inappropriate, as R? does not measure the adequacy or “fit”
of a model.'?

It is not even clear if R? has an unambiguous interpretation in terms of
forecast performance. To see this, note that the “explanatory” power of the
models y; = =0 + w; and y; — vy = x4y + up with v = § — 1 are the same.
The models are mathematically identical and yield the same implications and
forecasts. Yet their reported R? will differ greatly. For illustration, suppose
that 3 ~ 1. Then the R? from the second model will (nearly) equal zero, while
the R? from the first model can be arbitrarily close to one. An econometrician
reporting the near-unit R? from the first model might claim “success”, while
an econometrician reporting the R? ~ 0 from the second model might be
accused of a poor fit. This difference in reporting is quite unfortunate, since
the two models and implications are mathematically identical. The bottom
line is that R? is not a measure of fit and should not be interpreted as such.

This phenomenon is illustrated in Figure 1.2, which compares the two
models using simulated data. The discrepancy in R? values is stark, despite
the fact that both models fit the data equally well in substantive terms. The

13More unfortunate is the claim that the R? measures the percentage of the variance
of y that is “explained” by the model. An econometric model, by itself, doesn’t explain
anything. Only the combination of a good econometric model and sound economic theory
can, in principle, “explain” a phenomenon.
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Figure 1.2: The R? Fallacy: Why Good Models Can Look Bad

bottom line is that R? is not a measure of fit and should not be interpreted
as such.

Another interesting fact about R? is that it necessarily increases as regres-
sors are added to the model. As by definition the OLS estimate minimizes
the SSR, by adding additional regressors, the SSR cannot increase; it either
can stay the same, or (more likely) decrease. But the T'SS is unaffected by
adding regressors, so that R? either stays constant or increases. To counteract
this effect, Theil proposed an adjustment, typically called I (or “adjusted”
R?) which penalizes model dimensionality and is defined as:

— SSR T o
S [ —
R TSST — k af,

While often reported in applied work, this statistic is not used that much
today as better model evaluation criteria have been developed, which we will
discuss on Chapter 2.
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1.5.6 OLS Estimator of a Subset of

Sometimes we may not be interested in obtaining estimates of the whole
parameter vector, but only of a subset of 5. Partition

<= [x x]

and
B
B

Then X/XB = X'Y can be written as:

8=

X! X168, + X) X8, = XY (1.3a)
X£X1/51 +X£X2BQ = XéY. (1.3b)

Solving for 3, and reinserting in (1.3a) we obtain
By = (X]MyX1) ™! X[ MY

and R
By = (X5M1X,) "' XOM,Y,

where M; = I — P, =1 — X; (X!X;)"" X! (for i = 1,2).
These results can also be derived using the following theorem:

Theorem 14 (Frisch-Waugh-Lovell) B, and @ can be computed using the
following algorithm: B

1. Regress Y on X, obtain residual Y,

2. Regress X, on X1, obtaz'n/\residual X,

3. Regress Y on Xy, obtain B, and residuals u.

Proof. Left as an exercise. ®

In some contexts, the Frisch-Waugh-Lovell (FWL) theorem can be used to
speed computation, but in most cases there is little computational advantage
of using it.'* There are, however, two common applications of the FWL theo-
rem, one of which is usually presented in introductory econometrics courses:

14 A few decades ago, a crucial limitation for conducting OLS estimation was the com-
putational cost of inverting even moderately sized matrices and the FWL was invoked
routinely.
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the demeaning formula for regression; the other deals with ill-conditioned
problems.
The first application can be constructed as follows: Partition X = [ X: X, }

where X; =1 is a vector of ones, and X5 is the matrix of observed regressors.
In this case,

Xo = M Xy =X5—1 (z’z)f1 V' X5
= X, — X,
and
Y = MY =Y —1(d2) 'Y
=Y-Y.
which are ‘demeaned’.

N Thg FWL theorem says that 32 is the OLS estimate from a regression of
Y on X, or y; —Y on a9 — Xo:

T -1 /7
By = (Z (fﬂzt - Yz) (xzt - Y2)/> (Z (xzt - 72) (yt - ?)/> .
t=1 t=1

Thus, the OLS estimator for the slope coefficients is a regression with
demeaned data.

The other application is more useful. In our analysis we assumed that X
is full rank (X’X is invertible). Suppose for a moment that X; is full rank
but that X, is not. In that case [, cannot be estimated, but (3, still can be
estimated as follows:

B = (XIM3X0) " X{M;Y,
where M3 is formed using X3 that has columns equal to the maximal number
of linearly independent columns of Xj.

1.6 Constrained Least Squares (CLS)

In this section we shall consider the estimation of 5 and ¢? when there are
certain linear constraints on the elements of 5. We shall assume that the
constraints are of the form:

QB =c, (1.4)
where () is a k X ¢ matrix of known constants and c¢ is a g-vector of known
constants. We shall also assume that ¢ < k and rank(Q) = q.
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1.6.1 Derivation of the CLS Estimator

The CLS estimator of 3, denoted by f, is defined to be the value of 3 that
minimizes the SSR subject to the constraint (1.4). The Lagrange expression
for the CLS minimization problem is

L(B,y) = —XB) (Y = XB)+27(Q'B—c),

where v is a g-vector of Lagrange multipliers corresponding to the ¢ con-
straints. The FONC are

% . = —2X'Y +2X'XB+2Q7 =0
oL -
—| =QB—c=0.
97155 wise
The solution for 3 is
F=i-x et (@B-o). 1)

The corresponding estimator of 02 can be defined as

=T (Y - XxB) (Y - XB).

1.6.2 CLS as BLUE

It can be shown that (1.5) can be expressed as
B=pB+R(RX'XR)" RX'u,

where R is a k x (k — ¢) matrix such that the matrix (@, R) is nonsingular
and R'Q = 0. Therefore § is unbiased and its variance-covariance matrix
is given by
V(B) =o’R(RX'XR)"' R,
Now define the class of linear estimators * = D'Y — d where D’ is
a k x T matrix and d is a k-vector. This class is broader than the class of
linear estimators considered in the unconstrained case because of the additive

15Quch a matrix can always be found and is not unique, and any matrix that satisfies
these conditions will do.
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constants d. We did not include d previously because in the unconstrained
model the unbiasedness condition would ensure d = 0. Here, the unbiasedness
condition £ (DY —d) = [ implies D'X = I + GQ' and d = Gc for some
arbitrary k x ¢ matrix G. We have V (8*) = 0?D'D and CLS is BLUE
because of the identity

D'D—R(RX'XR)™'R
— [0~ RRX'XR)™ R/X/} [D’ ~R(RX'XR)™ R/X/] ,

where we have used D'X = I + GQ' and R'QQ = 0.

1.7 Inference with Linear Constraints

In this section we shall regard the linear constraints (1.4) as a testable hy-
pothesis, calling it the null hypothesis. For now we will assume that the
normal linear regression model holds and derive the most frequently used
tests in the OLS context.!®

1.7.1 The t Test

The ¢ test is an ideal test to use when we have a single constraint, that is,
q = 1. As we assumed that u is normally distributed, so is 3; thus under the
null hypothesis we have

QBEN o0 (X'X) Q).
With ¢ = 1, @' is a row vector and c is a scalar. Therefore
QB—c
(2@ (X'X) ™ Q]

This is the test statistic that we would use if 0 were known. As

~N(0,1). (1.6)

1/2

5 X%“—Iw (17)

16We will discuss the case of inference in the presence of nonlinear constraints and
departures from normality of u later. For those impatient, none of the results derived here
change when these assumptions are relaxed (at least asymptotically).
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it can be shown that (1.6) and (1.7) are independent, hence:
-
—c
tr = — @B - ~ S7_k,
[0°Q (X' X)™ Q]

which is Student’s ¢t with T'—k degrees of freedom. Only now we have invoked
the assumption of normality of v and, as shown later, it is not necessary for
(1.6) to hold (in large samples).

That is, if u is not normally distributed, the exact finite-sample result no
longer holds. The t distribution is no longer a valid reference distribution.
In such case, one must rely instead on asymptotic theory: under weak reg-
ularity conditions (discussed later), the t-statistic converges in distribution
to a standard normal. This asymptotic approximation is typically used in
empirical work when normality cannot be assumed.

If we were interested in testing a single hypothesis of the form:

H():Bl:()a

!/
we would define () = [ 10---0 } and ¢ = 0, in which case we would obtain
the familiar ¢ test

~

B

tT = —
\/ Vi1

where V) ; is the 1,1 component of the estimator of the variance-covariance

matrix of E

With these tools we can construct confidence intervals Cr for 5,. As Cp
is a function of the data, it is random. Its objective is to cover 3; with high
probability. The coverage probability is Pr (5 € Cr). We say that Cr has
(1 — ) % coverage for S if Pr (5 € Cr) — (1 — o). We construct a confidence
interval as follows:

Pr l/gl — Za/2 ]/}m‘ < /BZ < BZ + Za /2 )/}M] =1—aqa,

where 2,/ is the upper «/2 quantile of the distribution being considered
(asymptotically, the normal distribution; in small samples, the Student’s ¢
distribution). The most common choice for o is 0.05. If |ty| < za/2, We

cannot reject the null hypothesis at an a% significance level; otherwise the
null hypothesis is rejected.
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An alternative approach to reporting results, is to report a p-value. The
p-value for the above statistic is constructed as follows. Define the tail prob-
ability, or p-value function

pr=p(tr) = Pr(|Z] > |tr]) = 2(1 = @ (|t7])).

If the p-value pr is small (close to zero) then the evidence against Hy is
strong. In a sense, p-values and hypothesis tests are equivalent since pr < «
if and only if |t7| > z4/2. The p-value is more general, however, in that the
reader is allowed to pick the level of significance a.!”

A confidence interval for o can be constructed as follows

(T k)3 _ ,_ (T—k)52]

Pr
2 2
XT—k,1-a/2 XT—k,a/2

=1-a. (1.8)

1.7.2 The F Test

When ¢ > 1 we cannot apply the ¢ test described above and use instead a
simple transformation of what is known as the Likelihood Ratio Test (which
we will discuss at length later). Under the null hypothesis, it can be shown
that R
St () - 5r (B)

o2

2
~ Xq‘

As in the previous case, when o? is not known, a finite sample correction
. . ~2 . .
can be made by replacing 0 with ¢°, in which case we have

St (B) — Sr (B) Tk (Q'B - C)/ (@ (X'X)™' Q] - (Q'B - C)

52 q au

(1.9)

which has a Fj, 7_, distribution. Once again, as in the case of ¢ tests, we reject
the null hypothesis when the value computed exceeds the critical value.
Again, if u is not normally distributed, the exact finite-sample result no
longer holds. The F' distribution is no longer valid a reference distribution. In
such case, one must rely instead on asymptotic theory, where the F-statistic
converges to a chi-squared distribution (divided by its degrees of freedom).
Moreover, when sample sizes are moderate and the distribution of er-
rors is unknown or suspected to be non-normal, one may wish to go beyond

ITGAUSS tip: to compute p (t) use 2 * cdfnc (¢).
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asymptotics. A promising approach in such settings is to apply bootstrap
methods, which provide refined finite-sample approximations to the distrib-
ution of test statistics. Bootstrap inference does not require normality and
often improves upon the accuracy of asymptotic inference. These techniques
will be discussed in detail in Chapter 2.

1.7.3 Tests for Structural Breaks

Suppose we have a two-regimes regression

Yi = XiB, +wm
Yo = Xof8, + us,

where the vectors and matrices have 77 and T, rows respectively (T =T} +
T3). Suppose further that

u o2l 0
el [u'l u’Q] = o

We want to test the null hypothesis Hy : 5, = [,. First, we will derive
an F' test assuming homoskedasticity among regimes and later we will relax
this assumption. To apply the test we define

Y = lﬁ + Uu,
where:
Y, X; 0 U
Y = ' ’ X = ' ) ﬁ = 61 ) and u= '
Y, 0 X, 52 Uz

Applying (1.9) we obtain:

7y — o (B Ba) (e ™+ (x50 ) (B - o)
k v |- X (X'X) XY

~ Fk7T1+T2—2k?7

(1.10)
where 3 = (X{X7)"' X{¥; and B, = (X3X5) ' X35,
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Alternative, the same result can be derived as follows: Define the sum of
squares of the residuals under the alternative of structural change,

Sr(B) =v' |[1-X(xXx)"' x|y
and the sum of squares of the residuals under the null hypothesis
sr(B) =Y |[1-x (x'X)" x| v.
It is easy to show that

Ty + T, — 2k St (B) — St (3)

k: — ~ Fpm+m—2k- (1.11)
sr (5)
In this case an unbiased estimate of o2 is
5:2 — ST (B)
T +T, -2k

Before we remove the assumption that o7 = 05 we will first derive a test
of the equality of the variances. Under the null hypothesis (same variances
across regimes) we have

A~ A~

=~ X1, fori=1,2.
O— 3

Because these chi-square variables are independent, we have
Ty — kuluy
Ty — k uhus

~ FT1 —k,To—k-

Unlike the previous tests, a two-tailed test should be used here, because
a large or small value of the test is a reason to reject the null hypothesis.

If we remove the assumption of equal variances among regimes and focus
on the hypothesis of equality of the regression parameters, the tests are more
involved. We will concentrate on the case in which k£ = 1, where a ¢ test is
applicable. It can be shown (though this is not trivial) that

81— By
53 53

lr = ~ Sva
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where
52 52 12
1 _I_ -2
[X;Xl XéXg]
v =
i 55

(11-1)(x}x1)” * (T2-1)(X5X5)”

A cleaner way to perform this type of tests is through the use of direct
Likelihood Ratio Tests (which we will discuss in depth later).

Even though structural change (or Chow) tests are popular, modern
econometric practice is skeptic with respect to the way in which they are
described above, particularly because in these cases the econometrician sets
in an ad-hoc manner the point at which to split the sample. Recent theoreti-
cal and empirical applications are working on treating the period of possible
break as an endogenous latent variable.

1.8 Further Reading

This chapter’s material is developed in several standard texts. Among graduate-
level references, Amemiya (1985), Hayashi (2000), and Ruud (2000) are
particularly rigorous. Hansen (2022) offers a clear and conceptually well-
structured alternative, while Greene (2012) and Baltagi (1999) provide com-
prehensive treatments with broad applied coverage. Mittelhammer, Judge,
and Miller (2000) frame the regression model within a general statistical
decision-theoretic approach.

For more introductory treatments, Johnston and DiNardo (1997) and
Pindyck and Rubinfeld (1997) offer accessible presentations with an empha-
sis on applications. Hill, Griffiths, and Lim (2011) is a well-structured and
widely used entry point. Ramanathan (1993) connects statistical methods
and econometric applications with a focus on implementation. Stock and
Watson (2015) provides a clean and modern introduction to regression, bal-
ancing intuition with formal development.

On the mathematical side, Dhrymes (2000) develops the essential lin-
ear algebra and probability tools required for formal econometrics. Harville
(1997) is a definitive reference on matrix algebra, written from a statistician’s
point of view. Mittelhammer (1996) introduces mathematical statistics with
applications to economic modeling and inference.

Yule (1926) is a foundational paper on spurious correlation, notable for
both its historical importance and enduring relevance. Vigen (2015) com-
plements this lesson with real data and humorous pairings that illustrate
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how easily one can find statistically strong but substantively meaningless
associations.

1.9 Workout Problems

1.

10.

11.

12.

13.

14.

Prove that independence implies no correlation but that the contrary is
not necessarily true. Give an example of variables that are uncorrelated
but not independent.

. Let y, x be scalar dichotomous random variables with zero means. De-

fine u = y—Cov(y,z) [V (z)] . Prove that £ (u|z) = 0. Are u and =
independent?

. Let y be a scalar random variable and x a vector random variable.

Prove that £ [y — € (y|2)]* < € [y — w (z)]? for any function w.

. Prove that if V (u;) = 02, V (i;) = (1 — hy) 0%. Find an expression for

hy.

. Prove Proposition 6.

. Prove Proposition 11.

. In Theorem 13 we used the fact that (A+C)(A+C) = (X'X)" +

CC". Prove this.

. Prove that when a constant is included, R? = 1—(Y’MY/Y'LY’) , with

L being as defined in section 1.5.5.

. Derive the variance-covariance matrix of 3, defined in section 1.5.6.

Prove Theorem 14.
Prove that (1.5) is the CLS estimator.

Prove that the CLS estimator can be expressed as B=pB+R(RX'X R)_l R'X'u
and obtain V (6)

Show that (@'u) o2 ~ x%_,.

Demonstrate (1.8).
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15. Derive equations (1.9), (1.10), and (1.11).

16. Prove that to test the null Hy : 8, = 0 for all 7 except the constant, the
F test is equivalent to (T — k) R?/[(1 — R?) (k —1)].






Chapter 2

Simulation and Resampling

2.1 Introduction

Most of the methods for estimation and hypothesis testing used in econo-
metrics have statistical properties that are known only asymptotically. This
is true for nonlinear models of all types, for linear simultaneous equations
models, and even for OLS once we dispense the strong assumption of fixed
regressors or that the error terms are normal and independent and identi-
cally distributed (i.i.d. for short). In practice, “exact” finite sample theory
can rarely be used to interpret estimates or test statistics. Often we want to
know whether the theoretical properties of our models are reasonably good
approximations for the problems at hand.

The purpose of this document is to introduce some procedures that can
be used to conduct numerical simulation exercises and is organized as fol-
lows: Section 2.2 presents a brief review of the basic methods that may be
used to generate numbers that behave as outcomes from some stochastic
process. Section 2.3 discusses the fundamental concepts underlying Monte
Carlo experiments. Finally, Section 2.4 describes a data-based simulation
method known as the bootstrap, which is a simulation procedure that does
not require explicit assumptions about the true probability model and may
provide more refined approximations to the sampling distribution than first-
order asymptotic results.

33
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2.2 Pseudo-Random Number Generation

Computer programs designed to simulate outcomes of a stochastic process
are based on numerical rules or algorithms. Given some starting value, the
algorithm generates a sequence of numbers {uz}fil that behave as if drawn
from a particular distribution F. If we know the starting value and the
algorithm used to generate a set of numbers, we can actually replicate the
sequence of outcomes. Thus, computer-generated outcomes are actually de-
terministic and not truly random. For this reason, numerically generated
outcomes are said to be pseudo-random numbers.

Computing packages (such as GAUSS) provide commands and procedures
that generate pseudo-random draws from many common parametric families.
It is important to understand the steps involved in generating them because
one may encounter nonstandard simulation problems for which there are no
preprogrammed numerical tools. In addition, some pitfalls in the application
of pseudo-random number generators can be avoided by understanding their
structure.

2.2.1 Generating U (0,1) Pseudo-Random Numbers

Although probability models of economic behavior are rarely based on uni-
form distributions, the U (0, 1) distribution serves as an important basis for
simulating the outcomes of other nonuniform random variables. To demon-
strate the basic mechanics of generating U (0, 1) pseudo-random numbers, we
focus on a particular algorithm known as the linear congruential generator.

In simple terms, the linear congruential rule generates a set of IV values
{ul}f\il in the (0,1) interval by forming the ratio of two integers [;/n and
reporting the fractional reminder u; for © = 1,--- , N. The integer in the
denominator (n) is a fixed value known as the modulus. To form a sequence
of pseudo-random numbers, the integer in the numerator (I;) changes for
each number of the sequence. The numerator sequence begins from a starting
value Iy, which is known as the seed. Subsequent integers are generated by
the linear progression I, = o« + 8I;_1 for : = 1,--- | N and fixed integers «
and 3. Thus, a different sequence of numbers can be generated by changing
the seed (Iy) or one of the other constants («, 5 or n).

Owing to the finite number of integers that may be represented on a
modern 32-bit computer, the linear congruential algorithm will eventually
repeat the sequence for adequately large N. The period of an algorithm is
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an integer s such that u; = u;, s for each ¢. This characteristic is a limitation
of the computer hardware and not the software, and thus virtually all nu-
merical pseudo-random number generators have a finite period. Well-written
algorithms will have a period that is long enough to avoid the problem of
repeating sequences in typical applications. However, in order to avoid rep-
etition of the generated numbers, a new linear congruential rule should be
used if the number of draws exceeds n.!

2.2.2 Generating Continuous Pseudo-Random Num-
bers

Given a reliable generator of U (0, 1) pseudo-random variables, there are sev-
eral ways in which one can generate pseudo-random variates that appear to
be drawn from any desired distribution. We will briefly discuss two general
techniques: The transformation method and the rejection method, as well as
special methods applicable to certain cases of interest.

Transformation Method

This method (also known as the probability integral method) is based on
the fact that the range of a cumulative distribution function (c.d.f.) is the
0-1 interval. Thus, if w is distributed according to a strictly increasing c.d.f.
F(w),uw = F (w) must be distributed as ¥ (0, 1). For any u, we can invert the
c.d.f. so as to obtain w = F~! (u). To obtain a sequence of w;’s distributed
according to F (w), we simply generate a sequence of wu;’s distributed as
U (0,1) and subject each of them to the transformation F~! (u). This is
illustrated in Figure 2.1 which shows that any value of u on the vertical
axis, is mapped uniquely via F~!(u) into a corresponding value w on the
horizontal axis.

This method works well when F ! (u) is inexpensive to compute. One of
such cases is that of the exponential distribution, for which the probability

LGAUSS tip: The GAUSS procedure rndu(d,e) generates a dxe matrix of pseudo-
random outcomes from the ¢ (0, 1) distribution and is based on the linear congruential
rule. The parameters «, 5 and n can be set with the rndcon(), rndmult(), and rndmod()
procedures. The initial seed is generated by the system clock when GAUSS is invoked.
Thereafter, the seed is updated each time rndu is called. The seed can also be set by
the user with the rndseed() procedure or the rndus() procedure. Under the default
options, GAUSS uses the largest possible modulus for a 32-bit computer (n = 23! — 1 =
2,147,483,647), and the period s equals n.
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Figure 2.1: Transformation Method

density function (p.d.f.) is
f(w) =0

and the corresponding c.d.f. is

Flw) = [ )

= / Oe % ds
0

_ —95‘“’
€ 0

= 1—¢%,

Setting u equal to F (w) and solving, we find

w:fl(u):—%ln(l—u).

The transformation method can also be used to generate pseudo-random
normal variates, but it requires a certain amount of computation because
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there is no closed form expression for the standard normal c.d.f. ® (+) or its
inverse ®~!(-).2 An alternative technique that is widely used is the Box-
Muller method. It uses the fact that if u; and uy are independent random
variates from U (0, 1), then the variates

wy = (=21n (u;))"? cos (2mus)

wy = (—21n (u1))"?sin (27us)

are independent random variates from A (0,1). The major problem with
this technique is that it relies heavily on the independence of u; and wusy. If
the random number generator that is used to generate them is not a good
one, they may exhibit some dependence, and the resulting variates w; and
wy may be neither normal nor independently distributed.

Rejection Method

Unlike the transformation method, the rejection method can be used when
the p.d.f. f(w) is known.

In its simplest version, the rejection method requires that the domain of
f (w) be a finite interval on the real line, say the interval [a, b]. One starts
by obtaining two random variates from U (0, 1), say u; and uy. The first of
these is transformed into v, a random variate from U (a, b), while the second
is transformed into vq, a random variate from U (0, h), where h is a number
at least as large as the maximum of f (w).

Once v; and vs have been obtained, vy is compared with f(vy). If vy
exceeds f (v1), the proposed random variate v; is rejected and another pair
(v1,v9) is drawn. If vy is less than or equal to f (v1), v; is accepted and w is
set equal to it. This method is illustrated in Figure 2.2 where the point B
yields a value of w and the point A is rejected.

It is easy to see why the rejection method works. Although we pick v,
initially from U (a,b), we accept only if vy < f (v1), and the probability that
this will happen is proportional to f (v;). This version of the rejection method

2GAUSS tip: The command rndn(a,b) generates an a x b matrix of pseudo-random
N (0,1) numbers. Although GAUSS does not use the transformation method to generate
them, it is easy to devise an algorithm to do so. Let u be a pseudo-random realization
of U (0,1) (generated for example using the command rndu). The command cdfni com-
putes the inverse of a standard normal (of course, this inverse is numerically evaluated by

GAUSS).
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Figure 2.2: Rejection Method

is somewhat inefficient, since we have to generate, on average, 2h (b — a)
random variates for every w that we actually obtain. If the density f (w)
has a tall spike, h will be large. If it has long tails, b — a will be large. In
either of these cases, 2h (b — a) will be large, and the method may be quite
inefficient.

In a more general version of this method, that no longer requires a
closed domain for w, the constant h is replaced by a function A (vy), with v,
then drawn from a density proportional to A (v;). Then vs is chosen to be
U (0,h (v1)) provided that h(vy) > f(vy) for every v; on the domain of w.
If it is easy to draw pseudo-random realizations of h (-), and the area under
it is not too much larger that the area under f (), this variant will work
efficiently. Note that A (-) is not itself a density, since h (v) must be larger
than f (v) for all v and hence must integrate to more than unity; in practice,
it may be convenient to make h (-) proportional to some well-known density.?

3GAUSS uses a variant of this method to generate pseudo-random realizations of

N(0,1).
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Another rejection method to generate pseudo-random outcomes of a stan-
dard normal (known as the Marsaglia-Bray method) is as follows: Generate
vy and vy from U (—1,1). Define d = v 4+ v3; if d > 1, reject v, and another
pair (v1,vq) is drawn. If d < 1, define w; = v;4/—2In(d) /d (i = 1,2). The
values w; and wsy represent a pair of i.i.d. A (0,1) outcomes.

2.2.3 Generating Discrete Pseudo-Random Numbers

To simulate pseudo-random draws for a discrete random variable with distrib-
ution function F supported on a countable set, we can extend the idea under-
lying the transformation method for a c.d.f. to a step function. Suppose we
have a discrete random variable X supported on the ordered set {z1, z2,- -}
with associated probabilities p = {p1,ps,---} such that Y >, p; = 1. The
right continuous distribution function F for X is given by the step function

F(z) = sz‘f(i‘i <),

where [ (z; < z) is an indicator function that equals 1 if z; < z and 0 other-
wise. As in the continuous case, we can apply the “inverse step function” to
U (0,1) outcomes to generate pseudo-random outcomes w with the distribu-
tion F.

More formally, let y be an outcome from the U (0,1) distribution. We
can generate w = z if y < F (x1), and in general

w=ua; if F(zr;q)<y<F(x;) fori>2.

2.2.4 Performance of Pseudo-Random Number Gen-
erators

Good commercial pseudo-random number generators generally produce se-
quences that behave as if drawn from the target distribution and that, for
practical purposes, do not repeat themselves on common applications. How-
ever, owing to the deterministic nature of the pseudo-random number genera-
tion, some algorithms may not provide sequences that mimic independent or
identically distributed outcomes. If the results of a simulation exercise are es-
pecially sensitive to the properties of the pseudo-random numbers, or if there
is doubt about the quality of an algorithm, it would be wise to evaluate the
performance of the software.
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To check the properties of a particular algorithm, researchers have devised
a large number of diagnostic techniques, and many of them are applied from
the literature of nonparametric statistics. For example, one of the most
commonly used diagnostic tools is the Pearson’s x? test

2

V2= Z (0i ;‘Ci) '

=1

The sample space for the target distribution is divided in % bins, o; is
the fraction of observed outcomes in the ith bin, and ¢; is the fraction of
expected outcomes in the ith bin under the target distribution. For example,
to evaluate a U (0, 1) pseudo-random number generator, we could divide the
unit interval in £=10 bins so that ¢; = 1/10 for a sample of N pseudo-random
numbers and ¢ = 1,---,10. As N — oo, the statistic is asymptotically
X:_, under the null hypothesis that the sample was generated by the target
distribution. Alternative measures to evaluate the performance of generators
include the Kolmogorov-Smirnov and the Shapiro-Wilks (for normality) tests.

For the Kolmogorov-Smirnov test, define O; = 3%, 0 and C; = 3 7%, ¢,
then

KS = max {mZa,X\O, — Oz| ,m?X |OZ‘_1 — O,|} s

where Oy is set equal to 0. This test statistic evaluates if at any point along
the two cumulative distribution functions, the greatest distance is equal or
greater than a critical value.*

2.3 Monte Carlo Experiments

Monte Carlo experiments are often used to analyze the finite sample prop-
erties of estimators or test statistics. The method is defined as a set of
procedures in which quantities of interest are approximated by generating
many pseudo-random realizations of some stochastic process and averaging
them in some way. The method is computer intensive and is routinely used
in several disciplines.’

“The critical values are reported in any statistics book. Sheskin (2002) presents this
and other tests.

5The term “Monte Carlo” was coined in 1949 and was originally devised to evaluate
integral functions that do not have tractable solutions. If it had been used at a later date,
it might have been called the “Las Vegas Method”.
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In econometrics, a Monte Carlo experiment is typically comprised of sev-
eral elements that the experimenter must specify:

a) A model and a set of estimators or tests associated with the model. The
objective of the experiment is to assess their small sample properties.

b) A Data Generating Process (DGP). The DGP is usually a special case
of the model and must specify the “true” values of the parameters,
the laws of motion of the exogenous and endogenous variables, and the
distributions of all the random variables involved.

c) Each experiment consists of a number of replications or samples (de-
noted by J). Each replication involves generating artificial samples of
the data according to the DGP and calculating the estimates or test
statistics of interest. Typically J must be large.

d) After J replications are performed, we have an equal number of esti-
mators which are subjected to statistical analysis.

e) Many times, several experiments are performed by changing the sample
size of each experiment, values of key parameters, etc. Results can be
reported using response surfaces which we describe below.

The most important thing to recognize is that results from Monte Carlo
experiments are necessarily random. At the very least, this means that results
must be reported in a way which allows readers to appreciate the extent
of experimental randomness. Moreover, it is essential to perform enough
replications so that the results are sufficiently accurate for the purpose at
hand.

Monte Carlo experiments are often used to obtain critical values for test
statistics whose asymptotic distribution may or may not be known. An
example may help us to clarify the steps that are involved in a Monte Carlo
experiment. Assume that we want to evaluate the finite sample properties
of the estimator of a for the following model:

yZ:oz—l—ul, UZNU<—2,2),

for a sample size N = 30. Assume further that we set a = 0.5.
We generate an artificial sample j of errors {ﬁf }]11 with which be obtain

i

an artificial sample for y: 7 = 0.5 + ﬂf . Once we generated each sample 7,
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we obtain an estimate of a that we denote by &’ (j = 1,--- ,.J). With these
results we can obtain an approximation for the bias of the estimator:

J
Za—05

~io_ 1
If o ~ ZZ 7, we can also compute an estimator of its variance

% (Eij) =~ SV (yZ - ~j) and the ¢ statistic

Bias ~

K‘I'—‘

5 & —05
V(@)

If we wanted to obtain the empirical critical value for a test of (1 — ) %
coverage, we simply sort ﬁvj{ and pick the value corresponding to the (1 — 9) J
observation of this new vector.’ This is a very simple way to obtain critical
values and may be useful when it is suspected that the asymptotic distribu-
tion is not a good approximation for the sample size or DGP at hand.”

2.3.1 Variance Reduction

Obtaining sufficiently accurate results from a Monte Carlo experiment can
often require that a great many replications be computed. This is not al-
ways feasible. In some cases, the number of replications that is needed can
be substantially reduced by using techniques for reducing the variance of
experimental results. One of them uses antithetic variates.

The idea of antithetic variates is to calculate two different estimates of
the quantity of interest in such a way that the two estimates are negatively
correlated. Their average will then be substantially more accurate than either
of them individually. Suppose that we wish to estimate some quantity @,
and that from a single Monte Carlo experiment we can obtain two different
unbiased estimators of @, say 6 and 6. If these are antithetic variates, the

pooled estimator
- 1~ o~
0=5(0+9).

0This may not be the best way to compute confidence intervals. See Section 2.4.6
below.

"GAUSS tip: Let z be an a x b matrix, the command sortc(z,d) generates a matrix
that sorts z (in ascending order), taking column d as the basis.
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has variance
V(0) = %1 (v (5) +y (5) +2Cov (5,5)) ,

where V (5) and V (5) denote the variances of 0 and 0 respectively. If

Cov (5, 5) is negative, V (5) will be smaller than i (V (5) +V (5)), which
is the variance that we would have obtained using the same number of repli-
cations to estimate 6 from two independent experiments. Thus, the extent
to which we can gain by using antithetic variates, depends on how strong the
negative correlation between ¢ and 0 is.

One might ask why 6 and 6 should receive equal weight in computing 6.
Let us therefore consider the weighted estimator

o~ ~

0 =wl+ (1—w)b.

Differentiating the variance of 0 with respect to w and setting the result

to zero, we find that
% (5) — Cov <§, 5)

v (9) +v(9) - 2Cov (0.6)

which is satisfied by setting w = % whenever V <§> =V (9) In most cases,

the variances of the two estimators will be equal, in which case it will be
optimal to give the two of them equal weights.

In several applications (such as the regression model when u has a sym-
metric distribution) we can use each set of generated samples twice, with
the sign reversed in the second time. Suppose for example that we wish to
estimate the mean («) of an i.i.d. process (y) with symmetric distribution.

w =

. . ~ 1N
For each set of pseudo-random realizations {yi }izl’ we can generate another

set {yl} ,» Where @? = —g//\f . Once we obtain an estimator of a with each
artificial sample we can construct the estimator

J
_ 1
azﬁz aj + a;j),
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in which case the variance is fully reduced.®

Perfect negative correlation of the antithetic variables will not occur in
general. When it does, the problem is usually so simple that there is no need
to perform Monte Carlo experiments. Less than perfect negative correlation
often does occur, however, and it means that in certain cases the use of
antithetic variates can greatly reduce the number of replications that are
needed to estimate the first moments of an estimator.

2.3.2 Response Surfaces

One of the most difficult aspects of any Monte Carlo experiment is presenting
the results in a fashion that makes them easy to comprehend. An approach
that is often useful is to estimate response surfaces. This is simply a regres-
sion model in which each observation corresponds to one experiment, the
dependent variable is some quantity that was estimated in the experiments,
and the independent variables are functions of the various parameter values,
which characterize the experiment.

This approach is particularly useful if a response surface adequately ex-
plains the experimental results, given that it may be easier to understand the
behavior of the estimator of interest from parameters of a response surface
than from several tables full of numbers. Furthermore, response surfaces may
greatly reduce the problem of specificity of the experiment. What this means
is that each experiment may arise from a different data generating process,
in which case response surfaces may show how sensitive are the finite sample
properties of the estimator of interest to several features of the experiment
such as sample size, true values of the parameters, method of estimation, etc.

2.3.3 Examples

As discussed above, one of the main purposes for conducting Monte Carlo
experiments is to evaluate whether or not asymptotic distribution theory is
a useful method for approximating the finite sample properties of estimators
and test statistics. As shown below, sometimes these approximations can be
quite poor.

8This will happen everytime we consider linear functions of y, given that Cov (@, 5) =

ny (5)
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Consider the linear Gaussian regression

Yo = o+ PBxiy + YT+ U

T
Y~ N0 D)

Tat
u ~ N (0,07).

Weset 0 =3,a=0,8=1,7=0.5, and T" = 300.

Consider two exercises: The first, in which the goal is to estimate $ and
test the hypothesis Hy : § = 1. The second has as parameter of interest the
ratio of the regression slopes

and, as in the other case, the goal is to estimate ¢ and test the hypothesis
Hy:0=2.
_ We estimate the parameters of the model by OLS, obtain &,Bﬁ, and
6= 5/

The asymptotic approximation to the distribution ofB is N (ﬁ , AV (B) ) ,
where

-1

AV (E) — TEu2E (a2)
1

2
- — .32
300 3
3
= r'o—0.0?).

and AV (-) denotes the asymptotic variance.
On the other hand, if we use a first-order asymptotic approximation and
calculate the standard error for # using the “delta method” we have

0
9(5):521?()(9()*1?1, A=\ 153
—B/A

As in the previous case, the asymptotic approximation to the distribution

of §is N <9, AV <§>>, where
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AV (5) — 71 [H’(exix;)*l H} Eu

000 0
_ L ( 2 4) 1 2 32
= 300 02— 010
001 —4
1 3
= —.20-32=2=0.6.
300 5

Thus, the asymptotic approximations are BAN (1,0.03) and 04N (2,0.6).
We can calculate the exact distribution of both estimators by simulation
methods. 20,000 independent samples were generated from the above process,
and on each sample, B and 0 were calculated.

Beta Theta

T T T T T T
0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1 2 3 4 5 6

— Exact - Asymptotic

t of beta t of theta
0.5 0.8

0.4 |

0.6 |

0.3 |

0.2 |

0.1 |

0.0 0.0
T T T T T

Figure 2.3: Exact and Asymptotic Distributions

The densities of both estimators were estimated non-parametrically (us-
ing a kernel density estimator). The exact densities (continuous lines), along



2.3 MONTE CARLO EXPERIMENTS 47

with the asymptotic distributions (dashed lines) are displayed in the top
panels of Figure 2.3. While the exact distribution mimics the asymptotic
approximation for (3, the divergence between them is quite dramatic for 6
given that the exact density is skewed and thick-tailed. Numerically, we can

calculate & (B) — 1.000,V (B) — 0.030,& (5) — 9939, and V (5) — 0.980;
which in the latter case are quite different from the values implied by the
asymptotic approximation.

Inference based on t-ratios can be constructed for each artificial sample as

t; = (B — 1) / (]7 (B))I/2 and ty = (5— 2) / (17 (5))1/2. The asymptotic

approximation for both tests is N (0,1). Using the simulated samples, we
estimated the exact densities for ¢; and t;, which are displayed along the
asymptotic distributions in the bottom panels of Figure 2.3. Once again,
we find that while the exact and asymptotic distributions of ¢; match, the
divergence between them for the case of ¢, is dramatic. The exact distribution
is highly skewed and non-normal.

The accuracy of hypothesis testing and confidence interval coverage de-
pends on tail probabilities. In the case of S we calculate the exact probabil-
ities Pr[t; > 1.645] = 0.051, Pr[t; < —1.645] = 0.051 and Pr[|t1] > 1.96] =
0.053, meaning that both one-tailed and two-tailed tests, and confidence in-
tervals based on asymptotic approximations are accurate. On the other hand,
these probabilities are Pr [ty > 1.645] = 0.000, Pr [ty < —1.645] = 0.115 and
Pr[|ta] > 1.96] = 0.084 for the case of #; implying that both one-tailed and
two-tailed tests, and confidence intervals based on asymptotic approxima-
tions have significant Type I errors, given that the nominal Type I error for
each of these tests is 0.05.”

The latter example shows that asymptotic approximations may be quite
poor, even in very simple regression models with reasonably large samples.

2.3.4 Monte Carlo Standard Errors (MCSE)

In any Monte Carlo experiment, the statistics computed from the simulated
samples are themselves subject to simulation noise, because they are based
on a finite number of replications. The Monte Carlo Standard Error (MCSE)

9To compute the exact probability Pr [z > ¢] we simple obtain % Z;’Zl I(29 > c), where
I(+) is an indicator function. GAUSS tip: Let z be a vector and c a constant, the exact
probability can be computed using the command meanc(z.>c).
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quantifies the variability of these simulation-based estimates.
Suppose you compute an average from J replications:

J
> b,
J=1

0y =

S

where /éj is the statistic of interest (e.g., an estimator, t-ratio, test size) in
replication j. The MCSE of 6; is the standard error of the mean of the
simulated quantity:

MCSE (6,) = ﬁ > (8- §J)2.

j=1

This quantity reflects the precision of the simulation-based estimate. A
small MCSE indicates that the simulation results are stable across replica-
tions. In contrast, a large MCSE suggests that the number of replications is
insufficient, and that the reported averages may be unreliable.

To illustrate, consider estimating the empirical size of a nominal 5% test.
Suppose the Monte Carlo experiment yields a rejection frequency of 0.048
based on 10,000 replications, with an MCSE of 0.002. This means that, due
to simulation variability alone, the rejection frequency could plausibly differ
from 0.048 by about +0.002. In this case, the estimated size is close to the
nominal level, and the precision is satisfactory.

In practice, the number of replications J should be chosen so that the
MCSE is sufficiently small relative to the scale of the quantity being esti-
mated. While 1,000 replications may suffice for many pedagogical exercises,
more demanding applications may require 10,000 or more.

2.4 Bootstrap Resampling

The bootstrap was introduced by Efron (1979) as a computational alterna-
tive to analytic approximations of sampling distributions. While asymptotic
theory provides elegant results under regularity conditions, these approxima-
tions may perform poorly in small samples or in models with nonstandard
features, such as heteroskedasticity or nonlinearity. The bootstrap often pro-
vides more accurate inference by exploiting the actual structure of the data,
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reducing bias and better approximating the shape of the sampling distribu-
tion. This comes at the cost of computation, but not of stronger assumptions.

The bootstrap approach views the observed sample as a population. The
distribution function for this population is the Empirical Distribution Func-
tion (EDF) of the sample, and the parameter estimates based on the observed
sample are treated as the actual model parameters. Conceptually, we can
examine properties of the estimators or test statistics in repeated samples
drawn from a tangible data-sampling process that mimics the actual DGP.
Although simulation results based on the bootstrap do not represent the ex-
act finite sample properties of estimators and test statistics under the actual
DGP, the bootstrap provides an approximation that improves as the size of
the observed sample increases.

In recent years, the bootstrap procedure has gained acceptance in applied
research for several reasons. First, it avoids most of the strong distributional
assumptions required in traditional Monte Carlo simulation exercises. As
such, researchers can simulate the DGP without having to fully specify a
parametric probability model. Second, like Monte Carlo methods, the boot-
strap procedure may be used to solve intractable estimation and inference
problems by computation rather than reliance on asymptotic approximations,
which may be very complicated in nonstandard problems. Third, bootstrap
approximations are often equivalent to first-order asymptotic results in large
samples, and may dominate them in many cases.

2.4.1 Notation

Consider a sample of 7" observations of Y with distribution function F (Y, 6).
Suppose we are interested in the sampling properties of a statistic Zp, which
may be an estimator, test statistic, or some other random variable of interest
that is based on the outcomes of the DGP. To indicate the relationship be-
tween F (Y, 0) and the statistic, we denote the distribution of Zr as Gr (F).
Even if we assume we know F, as in the case of a fully parametric model, we
may only be able to derive the distribution G in a limited number of cases.
In general, we have to use the sample to tell us about F in order to recover
information about Gr.
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2.4.2 The Empirical Distribution Function

The bootstrap procedure is a data-based approximation to Gr which replaces
F with the EDF of the observed sample. Note that F (y) = Pr(y; <y) =
E I (y: < y)], where I (-) is the indicator function, so F (y) can be expressed
as a population moment. A natural estimate is therefore the corresponding
sample moment:

fT(y)Z%ZI(ytSy)-

Fr (y) is called the EDF and is a nonparametric estimate of F (y). Note
that while F (y) may be either discrete or continuous, Fr (y) is by construc-
tion a (discontinuous) step function.

The EDF is a consistent estimator of the c.d.f.. To see this, note that
for any y, I (y; <y) is an ii.d. random variable with expectation F (y).
Thus by the Weak Law of Large Numbers,'® Fr (y) = F (y). It is also true
that the convergence is uniform in the argument y (by the Glivenko-Cantelli
theorem):

sup | Fr (y) — F (y)| 5 0.

yeR

It also converges at rate v/T. By the Central Limit Theorem,

VT [Fr(y) — F (y)] 2 N (0,F (y) (1 - F (y))).

To see the effects of sample size on the EDF, Figure 2.4 shows the EDF
and c.d.f. for random samples of size T' = 25, 100, 250, and 1000. The pseudo-
random draws are from the A (0, 1) distribution. For T" = 25, the EDF is
only a crude approximation to the c.d.f., but the approximation appears to
improve for large T. As the sample size increases, the EDF step function
gets uniformly close to the true c.d.f..

The EDF is a valid distribution function and has a discrete probability
distribution which puts probability mass 1/7" at each point y;, t =1,--- | T

2.4.3 Computation

Since the EDF Fr is multinomial (with 7' support points), in principle the
distribution of Zr could be calculated by direct methods. Since there are

10Chapter 8 provides a formal treatment of asymptotic theory.
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T=25 T=100

T T T T T T T T T T T T
-1.5 -1.0 -0.5 0.0 0.5 1.0 -3 -2 -1 0 1 2

T=250 T=1000

0.0 0.0
T T T T T T

Figure 2.4: EDF of N/(0,1) for Different Sample Sizes

2T possible samples, however, such a calculation is computationally unfeasi-
ble unless T is very small. A popular alternative is to use a simulation to
approximate the distribution. The algorithm is as follows:

e Pick the number of samples (J) to generate.

e For sample j, draw T vectors §/ randomly from {yt}thl (with replace-
ment), and form the data {@Z};

e Calculate 2% for each sample (j =1,---,J).

e Given that each of the J draws of ZJ is i.i.d., the distribution function
QT may be estimated from the EDF of the Z]

610 =531 (7<)

The actual calculation of §T (v) is typically unnecessary.
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2.4.4 Bootstrap Estimation of Bias

The bias of 0 is
rr=£(0-0).

Let Zr (0) = 6 — 6. Then

T = E(ZT (90))
= /mdgT(:B,fF).

The bootstrap counterpart calculated by simulation is

Z
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If 0 is biased, it might be desirable to construct a bias-corrected estimator
(one with reduced bias). Ideally, this would be

9*25—7'1“,

but as 77 is unknown (as the true value of the parameter is unknown), the
bootstrap bias-corrected estimator is

0" =

Note that the bias-corrected estimator is not 161 Intuitively, the bootstrap
makes the following experiment: Suppose that ¢ is the true value. Then,
what is the average value of 6 calculated for each sample? The answer is 0.
If this is lower than 0, this suggests that the estimator is downward-biased,
so the bias-corrected estimator of 6 should be larger than 6, and the best
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guess is the difference between 6 and 6. Similarly if 0 is higher than 5, then
the estimator is upward-biased and the bias-corrected estimator should be
lower than 6.

Many estimation methods commonly used in econometrics—such as max-
imum likelihood (MLE), generalized method of moments (GMM), and Effi-
cient Method of Moments—rely heavily on asymptotic approximations to
justify inference. In subsequent chapters, we will examine these methods in
detail. Bootstrap-based bias correction and standard error estimation will be
revisited in those contexts, especially when analytical derivations are difficult
or unreliable.

2.4.5 Bootstrap Estimation of Variance

Let Zp = 8. The variance of 0 is

Vi =& (Zr— E(Zr))*.

The simulation estimate is

A standard error for @ is the square root of the bootstrap estimate of the
variance. In general, Monte Carlo approximations to bootstrap estimators of
moments can be computed with relatively small simulation samples ./, thus
making them inexpensive to compute.

While this standard error may be calculated and reported, it is not clear
if it is useful. The primary use of asymptotic standard errors is to construct
confidence intervals, which are based on the asymptotic normal approxima-
tion to the t-ratio. However, the use of the bootstrap presumes that such
asymptotic approximations might be poor, in which case the normal approx-
imation is suspect. It appears superior to calculate bootstrap confidence
intervals as discussed below.
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2.4.6 Confidence Intervals
Efron’s Percentile Interval

For a distribution function Gr (F), let gr (o, F) denote its quantile function.
This is the function which solves

gT(QT(aaf)wF) = Q.

Let gr (a) be the quantile function of the true sampling distribution,
and qr (o) = qr (a, Fr) denote the quantile function of the bootstrap dis-
tribution. Note that this function will change depending on the underlying
statistic Z7 whose distribution is G.!!

Let Zr = 6 be an estimate of a parameter of interest. In (1 — ) %
of samples, § lies in the region lqr («/2) ,qr (1 — «/2)]. This motivates a
confidence interval proposed by Efron:!?2

Cr = lgr (@/2) . qr (1 —a/2)].

Computationally, this interval can be estimated from a bootstrap sim-
ulation by sorting the bootstrap estimates 6. Let the sorted numbers (in

inJ
ascending order) be denoted by {Hj} . Then ¢’ is the Ja’th number in
=1

this ordered sequence. The estimate of a 95% Efron percentile interval is
[gr (0.025) , gr (0.975)].

The interval C} is often used in empirical practice because it is easy to
compute, simple to motivate, and it has the feature of being translation
invariant. That is, if we define ¢ = h(f) as the parameter of interest for
a monotonic function h, the percentile method applied to this problem will
produce the confidence interval [h (qr (a/2)) ,h (qr (1 — «/2))].

However, C1 is in a deep sense very poorly motivated. It is useful if we
introduce an alternative definition for C;. Let Zy = 6 — 0 and let g7 («)
be the quantile function of its distribution. Then C; can alternatively be
written as

Cr = [0+ar(a/2). 0+ (1-0/2)].

UWhen Gr (F) is discrete, qr (o, F) may not be unique, but we will ignore such com-
plications.
12This is often called the percentile confidence interval.
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This is a bootstrap estimate of the “ideal” confidence interval
C) = [@—l— gr (a/2),0 + qr (1 — oz/2)] .
The latter has coverage probability
Pr(feCy) = Pr [5—1— ar (a)2) <0< 0+ qr (1 — a/2)}

= Pr[-gr(1-0a/2) <0-0< —qr(a/2)]
= gT(_QT<a/2)7f)_gT<_QT(1_a/2)7f)‘

which generally is not 1 — ! There is an important exception. If 0 — 0 has
a symmetric distribution, then Gr (—z,F) =1 — Gr (2, F), so

PI(HEC?) = gT<_QT<a/2)7f)_gT(_QT(l_a/2)7f)
= (1=6r(er(/2),F)) = (1 =Gr(gr (1 — /2), F))

(-5 -(-(-5) 10

and this idealized confidence interval is accurate. Therefore, C? and C} are
designed for the case that O has a symmetric distribution about §. When that
is not the case, C; may perform quite poorly. However, by the translation
invariance argument presented above, it also follows that if there exists some

monotonic function A (+) such that h (5) is symmetrically distributed about

h (0), then the idealized percentile bootstrap method will be accurate.

Based on these arguments, many argue that the percentile interval should
not be used unless the sampling distribution is close to unbiased and sym-
metric.

Hall’s Percentile Interval

The problems with the percentile method outlined above can be circumvented
by an alternative method. Let Z;y = 6 — 6, then

L—a=Pr|f—qr(1-0a/2)<0<0-g(a/2),
so a bootstrap (1 — «) % confidence interval for # would be

Cy = [@— ir(1—a/2),0 —ar (a/z)] .
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Notice that generally this is very different from the Efron interval Cj.
They coincide in the special case that G is symmetric about 6, but otherwise
they differ.

Computationally, this interval can be estimated from a bootstrap sim-

ulation by sorting the bootstrap statistic 2% = (?97 —@), which is cen-

tered at the sample estimate §. These are sorted to yield the quantile
estimates gr (0.025) and gr (0.975). The 95% confidence interval is then

0— Gr (0.975) 0 — Gr (0.025)} . This confidence interval is discussed in most
theoretical treatments of the bootstrap, but is not widely used in practice.

2.4.7 Inference
One-Sided Hypothesis Tests
Suppose we want to test Hy : 6 = 0y against the alternative H; : 6 < 0y at
size . We would set Z1 = (@ — 9) / m and reject Hy in favor of Hy if
Zr < ¢, where ¢ would be selected so that

Pr[Zy < =«

Thus ¢ = gr (a). Since this is unknown, a bootstrap test replaces gr («)
with the bootstrap estimate ¢z (o), and the test rejects if Zr < gr (a).'3
Computationally, these critical values can be estimated from a bootstrap

simulation by sorting the bootstrap t-statistics ZT = (5 — 5) /A (5) . Note

that the bootstrap test is centered at the estimate 5, and that the variance
is calculated on the bootstrap sample. After sorting the ¢-statistics, we find
the estimated quantiles gr (o) and/or gr (1 — «).

Two-Sided Hypothesis Tests

Suppose we want to test Hy : § = 0, against the alternative Hy : 6 # 6, at
size . We would set Z1 = (@ — 9) / \JV (@) and reject Hy in favor of Hy if
|Z7| > ¢, where ¢ would be selected so that

Pr([|Zr| > ¢] = a.

13Similarly, if the alternative is Hy : 6 > 6, the bootstrap test rejects if Zp > g7 (1 — ).
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Thus ¢ = ¢r (1 — «) is the 1 — a quantile of |Z7|. Since this is unknown,
a bootstrap test replaces gr (1 — «) with the bootstrap estimate gr (1 — «),
and the test rejects if |Zr| > gr (1 — ).

Computationally, gr (1 — «) is estimated from a bootstrap simulation by

sorting the bootstrap t¢-statistics ‘ZT’ = ’5 —5’ ava% (5), and taking the

upper a% quantile. The bootstrap test rejects if )ZT‘ > qr (1 —a).

Vector Tests

If 0 is a vector, then to test Hy : 8 = 0 against the alternative Hy : 6 # 6,
at size o, we would use a Wald statistic

Wr=(0-60) v, (6-0),

or some asymptotically chi-square statistic. Thus here Z; = Wyp. The ideal
test rejects if W > gr (1 — «), where ¢r (1 — «) is the (1 — a)) % quantile of
the distribution of Wr. The bootstrap test rejects if W > qr (1 — «), where
gr (1 — @) is the (1 — a) % quantile of the distribution of

Wr=(0-0) v, (6-9).

Computationally, gr (1 — «) is found as the quantile from simulated val-

ues of WT. Note that the simulation considers a quadratic form in (5 — 5),

not (5 — 90) )

2.4.8 Bootstrap Procedures for Regression Analysis

Here, we consider extensions of the simple nonparametric bootstrap presented
above for cases that feature dependence. We focus on procedures that can
be used to resample data for the linear regression model.!*

14 Procedures for the nonlinear regression model, qualitative choice, and simultaneous
equations models may be constructed in similar fashion.
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Simple Bootstrap

Consider the case in which X is fixed (deterministic) and resample the resid-
uals from the OLS model. The steps of the Monte Carlo approximation
procedure are:

~

a. Compute the OLS estimate of 5 (), and the OLS noise component
estimate (u).

b. Draw T pseudo-random errors (@) from @ with replacement (¢ =
1, 7).

c¢. Form the T bootstrap sample observations 77 = :U;B—l—ﬁi (t=1,---,T).

d. Compute and save the OLS estimate B], obtained from the replicated
sample (Y, X ) Compute any other statistic of interest (Z7).

e. Repeat steps b, ¢, and d J times.

We can use the set of replicated OLS estimates to approximate the sam-
pling distribution of # and Z;. Given that we treated X as fixed, all in-
ferential statements are made conditionally on the observed values of the
regressors.

This approach has two problems. The first is that although the OLS resid-
uals have the same expected value as the unobserved errors, their variance-
covariances matrices are different because

Eut] = oM # o*I = € [un].

Thus, the OLS residuals are dependent and heteroskedastic. We may
overcome the dependence issue by i.i.d. sampling in the Monte Carlo simu-
lation procedure. The variance issue may be addressed in a variety of ways.
First, we may simply choose to ignore the heteroskedasticity by noting that
@ 2 u, and thus the problem is insignificant in large samples. Alternatively,
we could rescale the OLS residuals to homoskedasticity before generating the
bootstrap samples in this manner:

ot Iy
CVI=h T 1—h,
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where hy = x, (X' X) " z. The second of these expressions is placed in order
to assure that the mean of u* is zero. As the resampled residuals may not
have a zero sample mean, they must be recentered before proceeding with
bootstrapping.

The second problem with this approach is that it assumes that the error
terms v are i.i.d. and the regressors are deterministic (thus, ignoring the
sampling variation in X).

Paired Resampling

To accommodate the LRM with potentially stochastic regressors and poten-
tial heteroskedasticity, we can use a procedure known as paired resampling.
The steps of the Monte Carlo approximation procedure under paired resam-
pling are as follow:

a. Compute the OLS estimate of 3 (53).

b. Draw T pseudo-random pairs (7,77) from (Y, X) (t=1,---,T).

c¢. Compute and save the OLS estimate Ej, obtained from the replicated
sample (Y, X ) Compute any other statistic of interest (Z7).

d. Repeat steps b and ¢ J times.

Thus, the paired sampling procedure is similar to the simple nonparamet-
ric bootstrap discussed earlier, and it reflects the joint stochastic character
of (Y, X). In addition, the paired bootstrap is less sensitive to model speci-
fication errors than is the residual sampling algorithm and is routinely used
with cross section data. A potential drawback is that the bootstrap design
X may not have full rank.

Wild Bootstrap

When heteroskedasticity is present but it’s form is unknown, it can be imi-
tated using the so-called wild bootstrap; thus providing refinements for the
LRM with heteroskedastic errors. In this case the bootstrap error term is
defined as

~j o~
Uy = Uy Vg,
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where v; are mutually independent drawings, completely independent of the
original data, from some auxiliary distribution such that &€ (v;) = 0 and
V (v:) = 1. Two popular choices for the distribution of v are:

” (1 — \/5) /2 with probability p;
1 p—
(1+ \/5) /2 with probability 1 — p;
and
1 with probability ps
F, =

—1 with probability 1 — ps ’

where p; = (1++/5) / (2v/5) and py = 1/2.

2.4.9 Dependent Data

With dependent data, asymptotic refinements cannot be obtained by using
independent bootstrap samples. Bootstrap sampling must be carried out in a
way that suitably captures the dependence of the data-generation process. At
present, higher-order asymptotic approximations and asymptotic refinements
are available only when the data-generation process is stationary and strongly
geometrically mixing. Except when stated otherwise, it is assumed here that
this requirement is satisfied. Non-stationary DGPs are discussed in Horowitz
(2001).

Parametric Models

Bootstrap sampling that captures the dependence of the data can be carried
out relatively easily if there is a parametric model, such as an ARMA model,
that reduces the DGP to a transformation of independent random variables.
For example, suppose that the series {z;} is generated by the stationary,
invertible, finite-order ARMA model

A(L,a)zy = B (L, B) uy

where A and B are known functions, L is the lag operator, a and S are
vectors of parameters, and {u;} is a sequence of i.i.d. random variables. Let
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a and B be consistent estimators of a and 3, and let {u;} be the centered
residuals. A bootstrap sample {Z;} can be generated as

A(L,a)7 = B (L,B) 7,

where {u;} is a random sample from the empirical distribution of the residuals

{u}

Block Bootstrap

When there is no parametric model that reduces the DGP to independent
sampling from some probability distribution, the bootstrap can be imple-
mented by dividing the data into blocks and sampling the blocks randomly
with replacement. The blocks may be non-overlapping or overlapping. To de-
scribe these blocking methods more precisely, let the data consist of observa-
tions {z; : t = 1,...,T}. With non-overlapping blocks of length /, block 1 is
observations {z; : j = 1,...,l}, block 2 is observations {z;4;: 7 =1,...,1},
and so forth. With overlapping blocks of length [, block 1 is observations
{x;:j=1,...,1}, block 2 is observations {z,+1 : j =1,...,l}, and so forth.
The bootstrap sample is obtained by sampling blocks randomly with replace-
ment and laying them end-to-end in the order sampled. Overlapping blocks
provide somewhat higher estimation efficiency than non-overlapping ones.

Regardless of the blocking method that is used, the block length must
increase with increasing sample size T' to make bootstrap estimators of mo-
ments and distribution functions consistent. The asymptotically optimal
block length is defined as the one that minimizes the asymptotic mean-square
error of the block bootstrap estimator. The asymptotically optimal block
length and its rate of increase with increasing 7' depend on what is being
estimated. With either overlapping or non-overlapping blocks, the asymp-
totically optimal block-length is [ «~~ T, where r = 1/3 for estimating bias
or variance, r = 1/4 for estimating a one-sided distribution function, and
r = 1/5 for estimating a symmetrical distribution function.

This procedure does not guarantee that the resulting series is stationary.
A procedure that does is known as stationary bootstrap. It uses overlapping
blocks with lengths that are sampled randomly from the geometric distribu-
tion (<, >)poro.
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2.5 Further Reading

Students approaching simulation and resampling methods for the first time
will find Hansen (2022) especially accessible, with clear examples and a mod-
ern treatment of Monte Carlo and bootstrap techniques. Efron and Tibshi-
rani (1993) remains the seminal introduction to the bootstrap and is still one
of the most cited and readable sources on the topic. Davidson and MacK-
innon (1993) offers a bridge between theory and application, with particular
emphasis on implementation in econometric settings.

For deeper theoretical insights, Horowitz (2001) provides a comprehensive
and rigorous overview of the bootstrap, including asymptotic refinements and
extensions for dependent data. Hendry (1984) discusses the role of simula-
tion in econometric research design, focusing on how Monte Carlo studies can
clarify the finite-sample properties of estimators and tests. Ullah (2004) com-
plements these treatments with a full account of inference in finite samples,
including both analytical and simulation-based approaches.

Judd (1998) extends the discussion beyond econometrics by presenting
numerical methods widely used in economic modeling and policy analysis,
including simulation and quadrature methods. Mittelhammer, Judge, and
Miller (2000) provides a more technical foundation for computer-based in-
ference, particularly useful for students working in GAUSS or other matrix-
oriented languages.

In applied settings, Lam and Veill (2002) show how bootstrap methods
can be used to construct prediction intervals for regression forecasts, and
Politis and Romano (1994) introduce the stationary bootstrap, a valuable
resampling technique for dependent time series. Finally, Sheskin (2000) is a
practical reference for simulation diagnostics and distributional tests, espe-
cially when assessing the performance of pseudo-random number generators
or bootstrap replications.

2.6 Workout Problems

1. Construct an algorithm for generating pseudo-random outcomes for the
U (0, 1) distribution based on the linear congruential rule.

2. How would you generate pseudo-random outcomes for the U (a, b) dis-
tribution?
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10.

11.

Generate pseudo-random numbers from a logistic (0,1) distribution.
Recall that its c.d.f. is F (z) = e */[1 + e 7].

How would you generate pseudo-random outcomes for the N (a, b) dis-
tribution?

. Assume that you have an efficient way of generating A (0,1) pseudo-

random numbers. Devise an algorithm for generating pseudo-random
numbers from a multivariate normal distribution with mean A and
variance-covariance €2, with A being a k x 1 vector of constants and €2
a k X k positive definite matrix.

Construct an algorithm to generate pseudo-random outcomes from a
Cauchy distribution.

Construct an algorithm to generate pseudo-random outcomes from a
Student’s ¢ distribution.

Construct an algorithm to generate pseudo-random outcomes from an
F' distribution.

Construct an algorithm to generate pseudo-random outcomes from a
Chi-square distribution.

Using the rejection method generate an estimate of 7.

Replicate the results of Section 2.3.3.






Chapter 3

Functional Form

3.1 Introduction

Having reviewed the basic principles of OLS estimation, here we will cover
some topics that have to do with its practice (generically known as the choice
of functional form).

The document is organized as follows: Section 3.2 describes the use of
dummy variables. Section 3.3 discusses the issue of possible nonlinearities.
Section 3.4 introduces a test for normality. Section 3.5 considers measure-
ment errors in variables. Section 3.6 evaluates the effect of omitting relevant
variables. Section 3.7 analyzes the properties of the OLS estimator when
irrelevant variables are included. Section 3.8 discusses multicollinearity. Sec-
tion 3.9 focuses on influential analysis. Section 3.10 discusses model selection
strategies. Finally, Section 3.11 introduces the issue of specification searches.

3.2 Dummy Variables

In many applications, a bulk of the regressors are binary variables which take
on the value 0 or 1. We call these dummy variables. Often the regressor is
binary because this is the way the data was recorded. In other cases, the
binary regressor has been constructed from other variables in the dataset.

For example, a dummy variable may be used to denote the gender (male/female)
of an individual. We are interested in estimating £ (Wage |Gender ). There
are several equivalent ways to write this down. One is to define a dummy

65



66 CHAPTER 3 FUNCTIONAL FORM

variable!
p 1 female
1 =

)

0 male

and the model is W; = B, + 51d1; + u; (W = Wage). In this model,
Bo = € (Wage |Male) and B, + ; = € (Wage |Female). Second, we could
define the variable

0 female
dy; =

)

1 male

and the model is W; = B¢+, d2;+u;. In this model, 5, = £ (Wage |Female)
and (B, + B, = £ (Wage|Male). Third, we could define both d;,; and
dy; as above, and write the model as W, = (,dy; + B5d2; + u;. Here,
B, = € (Wage|Female) and 5, = £ (Wage|Male). These three models
are equivalent. In this sense, as dummy variables are essentially qualitative
variables, it does not matter how we define them as long as we are consistent.

A standard mistake is to include an intercept, d;; and dy; all in the
regression. These are clearly perfectly collinear (d;; + da; = 1) so that this
cannot be done (X would not have full rank).

If the equation of interest is € (Wage | Education, Gender ), a typical re-
gression model is

Wi = Bo + B1d1; + BBy + ;.

This model specifies an intercept effect for gender. That is, males and
females have different intercepts, but the same return on education.
A regression model allowing for slope differences is?

Wi = By + B1dr; + BoEi + Bady i By + ;.

This allows for greater differences between groups. When there are several
continuous regressors, it may be desirable to have a slope effect for some, but
not all, of the regressors.

From the standpoint of our regression theory, we think of d; as a random
variable, from the sampling process which generated the other variables.
The idea is that if we sample from the entire population of individuals, some
random draws will be women and some will be men.

IFollowing convention, with cross-sectional observations, we denote the regressors as
x; instead of x; and the sample size as N instead of T'.
2Slope differences are often referred to as interactions.
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It is interesting to see how our estimators handle dummy variables alge-
braically. Take the simple model

Wi = Bidy; + Bodai + i,
we can write this in matrix notation as
W e Dl/Bl + D262 + Uu.

By construction D} Dy = 0. Thus,

-~

By = (D\Dy)"' DiW
S duy

1 N
= =S a4
:Wla

where N; is the number of observations with d;; = 1, and W, is the sample
mean among those observations. Similarly, 3, = W.
The variance-covariance estimate is

A<B> . (D\Dy)~" 0

V - 1
0 (DyD2)~
6_\2
_ w0
52 |7
0 x5

where
N
ORI PN
- = N u; .
i=1

is the estimate of o based on the full sample.
Another candidate for the variance-covariance estimate is



68 CHAPTER 3 FUNCTIONAL FORM

V(B) |y 0
I 0 75 (D5D3) ™"
a
~2 )
0 %

where
1 N
(/J'\JZ = ﬁ Zdwﬂf fOI' ] = 1,2
J =1

are the estimates of 02 based on observations with di; = 1 and dy; = 1,
respectively. Thus the conventional estimate imposes the restriction that the
variance of u is the same for the two groups, while the second considers the
possible presence of heteroskedasticity.

Another frequent application of dummy variables is when dealing with se-
ries that present seasonality. Take for example the (log of) Chilean quarterly
GDP. Figure 3.1 shows that it has a strong seasonal component. Let

Yt = 50 + 51914& + BQQQ,t + 539371& + Byt + uy, (3-1)
where
1 first quarter 1 second quarter 1 third quarter
Q1 = y Qo = y q3: =
0 otherwise 0  otherwise 0 otherwise

As there are four possible quarters and we introduced a constant in the
model, we defined only three dummy variables. Thus, £ (y; |First quarter) =
Bo + B1 + B4t and & (y, |Fourth quarter) = 3, + (,t.

Some researchers prefer to work with series that are seasonally adjusted;
that is series from which the seasonal component was removed. If the pat-
tern of seasonality were to correspond to (3.1), an easy way to recover the
seasonally adjusted series would be:

Ui =Y — (51(11,15 + Boga + ﬁng,t) , (3.2)

where EZ is the OLS estimate of 3, in (3.1). There are other ways to deal
with seasonality, and if present, removing it from the original series prior to
working with it isn’t usually the best practice. The dashed line in Figure 3.1
presents the result of applying (3.2) to the log of GDP.
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Figure 3.1: Use of Quarterly Dummies

3.3 Nonlinearities

The models that we presented until now considered y to be a linear function
of the regressors and the error term. In this section we will discuss how
restrictive is this assumption.

3.3.1 Linearization of Nonlinear Models

Even the simplest economic model usually considers functional forms that
are nonlinear. A simple example comes from a Cobb-Douglas production
function,

Qi = UKL}, (3.3)

where (); denotes the output of firm ¢, K; its capital stock, and L; its labor
force. This specification is nonlinear and may lead us to think that OLS
cannot be applied. However, if we take logs to (3.3) we obtain (lower case
letters denote logs):

¢ = ak; + 7l + u.
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If the Solow residual (not observed by the econometrician) is considered
to be the corresponding error term, this transformation allows us to apply
OLS.

Another example in which a simple transformation leads to linear models
is:

Q; = eTibtui

Of course, there are instances in which there is no transformation that
can be used to transform a nonlinear model into a linear one. Consider a
CES (Constant Elasticity of Substitution) production function:

Q; = [aKf~|— (1-a) L?]% + ug;

in such a case, OLS cannot be applied and we must estimate the model with
other methods (such as Nonlinear Least Squares).

3.3.2 Nonlinearities in the Regressors

Suppose we are interested in & (y; |z;) = m (z;), € R, and the form of m is
unknown. A common approach is to consider a polynomial approximation:

yt:50+5193t+5233t2+“'+ﬁj$g+ut-

Letting 8 = (60,61,--- ,ﬁj) and z; = (l,xt,x?,--- ,x{), this is y; =
2,8 + uy, which is a linear regression model. Typically, the polynomial order
7 is kept quite small.

Now suppose that € R?. A simple quadratic approximation is

Ye = Bo + B1711 + Baay + ﬁgxit + 54I§,t + B5r14T2,¢ + Uy

As the dimensionality of x increases, such approximations can become
quite non-parsimonious. Most applications do not use more than quadratic
terms or cubics without interactions:?

Y = By + 51$1,t + Bzxzt + Bgﬁit + Bz@;t + 55531,1&552715 + Bﬁxi’,t + 57$§7t + uy.

As these nonlinear models are linear in parameters, they can be estimated
by OLS, and inference is conventional. However, the model is nonlinear, so

3Nonlinear approximations can also be made using alternative basis functions, such as
Fourier series (sines and cosines), splines, “neural nets”, or “wavelets”.
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its interpretation must take this into account. For example, in the cubic
model given above, the slope with respect to z is

= 01+ 203214 + G52 + 36633?7ta

which is a function of z;; and 72, making reporting of the “slope” difficult.
In many applications, it will be important to report the slopes for different
values of the regressors, carefully chosen to illustrate the point of interest. In
other applications, an average slope may be sufficient. There are two obvious
candidates: The derivative evaluated at the sample averages

O (ye 1)

8:1:1715

= By + 2B5T 14 + B5Ta, + 38671 ¢

Tt=T

and the average derivative:

OE (yy |xy) _ _ 1 o
T Z axj 2= = [y + 26371t + P5Tap + 366? tz:; xit'

A wider class of polynomial approximations use orthogonal polynomials
that use recursive structures to obtain the n-th degree expansion of each
family of polynomials. Their orthogonality properties make them especially
useful for ensuring numerical stability in various computational methods.

Family Domain  Fy(z) Pi(z) P,(z),n>2

Chebyshev  [—1,1] 1 1 2¢P, 1 (z) — P2 (2)
Legendre  [—1,1] 1 1 w1 (2) — =L P, s (2)
Laguerre [0, 00) 1 1—z 2122p (2) —=1P, 5 (2)
Hermite (—o00,00) 1 2z 2¢P, 1 (x) —2(n—1) P2 (2)

If, when using the Chebyshev and Legendre polynomials, variable z is
not in the [-1,1] interval, it can be rescaled by following the formula:

2z — min(z) — max(z)

*_

max(z) — min(z)

Once the polynomial expansions have been obtained, they can be used to
estimate nonlinear relations by regressing y on them.
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Figure 3.2: Chebyshev polynomials

3.3.3 Diagnosing Functional Form Misspecification

Once a linear model has been estimated, an important question is whether the
functional form adequately captures the relationship between the regressors
and the dependent variable. Functional form misspecification can lead to
biased estimates, misleading inference, and poor predictive performance. In
this section, we present several strategies for detecting such misspecification,
with emphasis on simple diagnostics and formal testing procedures.

Augmented Regression Tests

One simple test for neglected nonlinearity is to add nonlinear functions of the
regressors to the regression, and test their significance using a Wald test. If
yr = 13+, was estimated by OLS, let 2, = h (2;) denote nonlinear functions
of x; (perhaps squares of non-binary regressors). Fit y; = 2,5 + 2,7 + u; by
OLS, and form a Wald statistic for Hy : v = 0. Rejection implies that the
nonlinear terms help explain y; and suggests functional form misspecification.
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Ramsey’s RESET Test
The RESET (Regression Equation Specification Error Test) is a general test
for model misspecification, including functional form. The null model is
yr = 133 + uy,
which is estimated by OLS, yielding predicted values 7, = xéB Now let

i
Zt = :
Ui
be a (j — 1)-vector of powers of ;. Run the auxiliary regression

Yy = 4B + 27 + Uy (3.4)

by OLS, and form the Wald statistic Wy for Hy : v = 0. It is easy (although
involves a somewhat lengthy derivation) to show that under the null hypoth-
esis, W ~ X?—r Thus the null is rejected at the a% level if W exceeds the
upper a% tail critical value of the XJQ'—1 distribution.

To implement the test, 7 must be selected in advance. Typically, small
values such as j = 2, 3, or 4 seem to work best.*

The RESET test appears to work well as a test of functional form against
a wide range of smooth alternatives. It is particularly powerful at detecting
single-index models of the form

ye = G (238) + wy,

where G (+) is a smooth “link” function. To see why this is the case, note
that (3.4) may be written as

~ ~N\2 ~\3 _ ~\J ~
ye = 38 + (xz/tB) Y1+ ('rz/tﬁ) Yo+t (:z:iﬁ) V-1 T U,

which has essentially approximated G () by a j-th order polynomial.

4Some software packages also offer the so-called link test, which is a restricted version
of the RESET test that includes only the square of the fitted values. Since the full RESET
test is easy to implement and more flexible, it is preferable to use it.
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Residual Diagnostics and Visual Inspection

Before conducting formal tests, it is often informative to visually inspect the
residuals of the estimated model. Plotting residuals against fitted values or
against individual regressors can reveal patterns that suggest functional form
misspecification. For instance, if residuals fan out or exhibit a curved pattern
rather than a random scatter around zero, this may indicate heteroskedas-
ticity, omitted nonlinearities, or inappropriate variable transformations. Al-
though residual plots are informal, they provide an intuitive and immediate
sense of whether the linear specification is adequate.

At the same time, the use of residual plots demands caution. A common
and problematic practice is to detect a single outlier or “weird” residual,
introduce a dummy variable for that observation, and re-estimate the model.
Unsurprisingly, the dummy will often appear highly significant and the fit of
the model will improve substantially. However, this procedure is not valid:
by identifying the outlier and constructing the dummy post hoc, we have
already conditioned on the outcome. This introduces pre-testing bias —
the specification search has contaminated the test. The p-value associated
with the dummy’s coefficient is no longer valid because the hypothesis was
generated after examining the data. Furthermore, it is typically easy to
construct a narrative that “explains” the dummy ex post, reinforcing a false
sense of model validity.

This practice is closely related to the issue of influential observations
discussed in Section 3.9, but it arises earlier — during model specification
rather than robustness checking. It illustrates the broader point that speci-
fication searches based on the data can undermine inference unless properly
accounted for. When residual analysis leads to changes in model specifi-
cation, these changes should be viewed as exploratory, not confirmatory. If
possible, the revised specification should be validated using a different sample
or through cross-validation techniques to mitigate the risk of overfitting.

Nonparametric Comparisons

A more flexible and data-driven approach to checking model adequacy in-
volves comparing the fitted values from the linear model with a nonpara-
metric estimate of the conditional expectation. Techniques such as kernel
regression, local polynomial regression, or spline smoothing allow for a flexi-
ble approximation of the relationship between the dependent variable and the
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regressors without imposing a specific functional form. If the nonparametric
fit systematically deviates from the linear prediction, this may be evidence of
misspecification. These methods serve as useful benchmarks, especially when
theory does not strongly constrain the choice of functional form. While we
do not develop these methods here, we return to them in Chapter [X], where
they are presented as tools for both exploratory analysis and more formal
specification testing.

Practical Advice

Tests for functional form are useful tools but should not be applied mechan-
ically. The first step in any empirical exercise should be to rely on economic
theory to motivate a plausible specification. Specification tests can com-
plement this reasoning, but they cannot replace it. In small samples, the
power of tests such as RESET or augmented regression tests can be limited,
and failure to reject the null should not be interpreted as confirmation that
the model is correct. Conversely, rejection of the null may result from fac-
tors other than functional form, including omitted variables, measurement
error, or heteroskedasticity. The inclusion of nonlinear transformations or
interaction terms should be guided by both theoretical plausibility and em-
pirical performance, but care must be taken to avoid overfitting or inflating
standard errors due to multicollinearity. Ultimately, model building involves
trade-offs among robustness, interpretability, and tractability, and a well-
specified model should balance these considerations while remaining faithful
to the economic question at hand.

3.3.4 In(Y) versus Y as Dependent Variable

An econometrician can estimate Y = X3+ or In(Y)=X B+1 (or perhaps
both). Which is preferable? There is a large literature on this subject, much
of it quite misleading.

The plain truth is that either regression is fine, in the sense that both
E (yt|x) and € (In (y;) |z¢) are well-defined (so long as y; > 0). It is per-
fectly valid to estimate either or both regressions. They are different regres-
sion functions, neither is more nor less valid than the other. To test one
specification versus the other, or select one specification over the other, re-
quires the imposition of additional structure, such as the assumption that
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the conditional expectation is linear in z;, and u; ~ N (0, 0?).>

There still may be good reasons for preferring the In (Y') regression over
the Y regression. First, it may be the case that £ (In (y;) |z;) is roughly linear
in x; over the support of x;, while the regression & (y; |z;) is nonlinear, and
linear models are easier to report and interpret. Second, it may be the case
that the errors in u; = In(y,) — € (In(y;) |x;) may be less heteroskedastic
than the errors from the linear specification (although the reverse may be

true!). Third, as long as y; > 0, the range of @ is well-defined in R;
of course, this is not the case for y; which for some values of x; and E may
produce 7; < 0.° Finally, and this may be the most important reason, if the
distribution of y; is highly skewed, the conditional mean & (y; |z;) may not
be a useful measure of central tendency, and estimates will be undesirably
influenced by extreme observations (“outliers”). In this case, the conditional
mean-In € (In (y;) |z;) may be a better measure of central tendency, and hence
more interesting to estimate and report. Nevertheless, we should be careful
when the In specification is used if we are interested in obtaining £ (y; |z );
Jensen’s inequality indicates that exp [€ (In (v:) |z¢)] # € [exp (In (y¢) |21 )].

3.4 Test for Normality

In econometric analysis, the normality of the error term w is not a pre-
requisite for the OLS estimator to be unbiased, consistent, or asymptotically
normal. However, assuming normality offers certain advantages. Specifically,
when residuals are normally distributed, finite sample tests (e.g., t-tests and
F-tests) align with their asymptotic counterparts, allowing for direct applica-
tion of these tests. In cases where residuals deviate from normality, reliance
on asymptotic properties remains valid, though employing methods like the
bootstrap can provide asymptotic refinements.

Moreover, if u is normally distributed, Y is also normally distributed,
conditional on X. This characteristic is beneficial for constructing confi-
dence intervals for conditional forecasts. Conversely, significant deviations
from normality may indicate model misspecification. While the OLS esti-
mator’s asymptotic properties might still hold, alternative estimators could

5We will consider tests for non-nosted models such as these later.

6Tf that were the case B would not satisfy the desirable properties we derived and we
would have to use other estimation technique (for example, Tobit models).



3.5 MEASUREMENT ERRORS 7

offer greater efficiency in estimating the central tendency of the series. Un-
derstanding the nature of the non-normality can guide the selection of ap-
propriate alternative distributions or highlight potential issues with using
OLS.

A commonly employed test for assessing normality is the Jarque-Bera
(JB) test.” This test evaluates whether the sample data exhibit skewness
and kurtosis matching a normal distribution. Under the null hypothesis of
normality, the JB statistic follows a chi-squared distribution with two degrees
of freedom. The test statistic is calculated as:

2

JB ==
6 1

S represents skewness, measuring the asymmetry of the distribution around
the mean. It is estimated as:

1oz -72\"
S== :
()
t=1
where z denotes the observed values, Z is the sample mean, and s, is the
sample standard deviation. A normal distribution has S = 0, indicating
symmetry. Positive skewness (S>0) suggests a longer right tail, while nega-

tive skewness (5<0) indicates a longer left tail.
K denotes kurtosis, assessing the peakedness or flatness of the distribu-

tion:
1 T zt—E 4
K==
2 (50)

where K=3 when z is normal. Values greater than 3 (K>3) indicate a lep-
tokurtic distribution with sharper peaks and fatter tails, while values less
than 3 (K'<3) suggest a platykurtic distribution with flatter peaks and thin-
ner tails.

3.5 Measurement Errors

Consider the model
Y*=X"0+u.

"Other tests that can be used are the Anderson-Darling test, the Shapiro-Wilk test,
and the Kolmogorov-Smirnov test.
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Suppose that the econometrician does not observe Y* or X*, but observes
Y =Y*+vand X = X* + w instead, where v ~ (0,021), w ~ (0,0%1).8
Consider first the case in which only Y* is observed with error. Then

Y = X*'B+u+v
= X8+,

where u* = u + v. This model satisfies the assumptions of the LRM, thus
S will be unbiased and efficient (of course, not as efficient as when Y™* is
observed). Thus, when the dependent variable is measured with error, the
properties of the OLS estimator are not modified.

Next consider the case in which X™ is measured with error,

YV =(X-w)fB+u
= XB+u,

where ©v* = u — wf. Since X = X* + w, the regressor is correlated with the
disturbance, given that

Cov (X, u*) = Cov (X* + w,u — wf) = —fo>

w?

which violates the assumption of no correlation between the regressor and
the error term. Thus, 8 will be biased and inconsistent.

Our assumption about the source of the measurement errors is somewhat
naive, as we took them as unsystematic. In general, measurement errors tend
to be systematic and $ may be biased and inconsistent even in the first case
analyzed.

3.6 Omitted Variables

Consider the model

Correct Model: Y = X 18, + X268, +u

Estimated Model: Y = X 8, +u -

8Here, we consider k = 1.
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If we estimate the “incorrect” model we obtain:

~

By = (X{X1) ' XjY
= B, + (X1X) ' X1 XoBy + (X1 X0) T X

Then

& (By) = B+ (X1X1) ! X[ Xafy.
Z

Each column of Z is the column of the slopes of the regression of X3 on
Xi. Thus the estimator of 3, will generally be biased and will not be able
to provide a consistent measure of 0Y/0.X;. The estimator will be unbiased
if either Z = 0 (which states that X; and X, are orthogonal) or if 5, = 0 in
which case, the estimated model would indeed be the correct model and this
section would not have this title.

The direction of the bias from omitting relevant variables is difficult to
assess in the general case; nevertheless, it can better be understood when 3,
and [, are scalars. In such case,

Cov (Xl, X2)

S(Bl) =0t YRy

The direction of the bias will depend on how X; and X, are correlated and
on the sign of §,. For example, if sgn(Cov (X1, X2) 85) > 0, then £ <51> > (4

and our estimator will overestimate the effect of X; on Y.
_ Let us see what happens with the variance that would be attributed to
B, if the incorrect model were estimated

% (Bl |X1) = o2 (XIX,) 7

On the other hand, if we had estimated the “correct” model, &£ (Bi) =
B, and V (Bi |X1,X2> would have been equal to the upper left block of
0% (X'X) 7", with X = [Xl X, } 2 Tt can be shown (in fact you proved this

in our review of OLS) that

% (Bi |X> — o2 (X! MpX1) ",

9We denote by EI the estimator that would have been obtained with the correct model.
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-1
where My =1 — X5 (X} X5)" " XJ.
To compare both variance-covariance matrices, let’s analyze their inverses

V(X - E)] =t )T ux), 69)

which is positive definite. R
Thus, we may be inclined to conclude that although /3, is biased it has a

smaller variance than E: Nevertheless, recall that o2 is not known and needs
to be estimated. Proceeding as usual (thinking that the estimated model is
correct) we would obtain

g~

~92 uu
0" =—
T—ky’
but ﬂ = M1Y = Ml (Xlﬁl + X262 + U) = MlXQBQ + Mlu. Then
E@U) = ByXyM, XoBy + atr (M)
= BLXGM X3y + 0% (T — ki) .

The first term is the population counterpart to the increase in the SSR
due to dropping X, from the regression. As this term is positive, o2 will
be biased upward (the true variance is smaller). Unfortunately, to take into
account this bias we would require to know f3,.

In conclusion, if we omit a relevant variable from the regression, both Bl

and o2 are biased. Even when 51 may be more precise than BI, this should
provide us little comfort since we cannot estimate o? consistently. The only
case in which 3, would be unbiased is if X; and X5 were orthogonal.

3.7 Irrelevant Variables

Consider the model
Correct Model: Y = X 3, +u
Estimated Model: Y = X 8, + X208, +u -

If we estimate the “incorrect” model we obtain:

B, = (XIMyX1) " XIM,Y
= B+ (X{MyX,) ™" X Myu.
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Then
£(B,) = 5
In fact,
c (B) _c €1 _ B
By 0

By the same reasoning we can prove that

- u'u
5 (0'2) = 5 (m) = 0'2.

Then what is the problem? It would seem that it is preferred to “overfit”
the model. The cost of “overfitting” is the reduction in the precision of the
estimators. Recall that

By =By + (X{ M Xy) ™" X My,

then
V(5i1X) = o (X{anx0)

As we proved in (3.5), the variance of Bl is larger than if the correct
model were estimated, because in such a case

% (B”{ |X1> — o2 (XIX)) .

Both estimators would have equal asymptotic efficiency if X; and X,
were orthogonal. On the other hand, if X; and X5 were highly correlated,
including X5 would greatly inflate the variance of the estimator.

3.8 Multicollinearity

Multicollinearity arises when the measured variables are too highly intercor-
related to allow for precise analysis of the individual effects of each one. In
this section we will discuss its nature, possible ways to detect it, its effects,
and “remedies”.
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3.8.1 Perfect Collinearity

If rank(X'X) < k, then 3 is not defined. This is defined as multicollinear-
ity. This happens if and only if the columns of X are linearly dependent.
Most commonly, this arises when sets of regressors which are included are
identically related. For example, let X include logs of two prices and the log
of the relative price In (p;),In (ps) and In (p;/p2). When this happens, the
applied researcher quickly discovers the error, as the statistical software will
be unable to construct (X’X)~". Since the error is quickly discovered, this
is rarely a problem of applied econometric practice. Thus, the problem with
multicollinearity is not with the data, but with a bad specification.

3.8.2 Near Multicollinearity

It is often argued that in contrast to perfect collinearity (where the problem
arises from specification), near multicollinearity is a statistical “problem”.
The problem in estimation is not identification but precision. Indeed, the
higher the correlation between regressors, the less precise will be the esti-
mates. What is troubling about this definition of a “problem” is that our
complaint is with the sample that was given to us!

The usual “symptoms” of the “problem” are:

e Small changes in the data produce wide swings in parameter estimates.

e While the ¢ statistics of the parameters estimates are low (not signifi-
cant), the R? is high.!”

e The coefficients have the wrong sign or implausible magnitudes.

The problem arises when X'X is “near singular” and the columns of X are
close to linear dependence.!! One implication of near singularity of matrices
is that the numerical reliability of the calculations is reduced. It is more
likely that the reported calculations will be in error due to floating-point
calculation difficulties.

10 A pervasive practice is to use near multicollinearity as an excuse for bad specifications
when ¢ statistics are low.

' This definition is not precise as we have not said what it means for a matrix to be
near singular.
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As the problem is with (X’X) ™", let us take a closer look to it. The j-th
element of the diagonal of (X’X) ™" is (we let j = 1 for convenience):

-1
(.fl?llMg.’,Ul)_l = (:z:’lxl — .’,Ulng (XéXQ)_l Xé,Il)

_ -1
- oo i)

— (o (1 - 1)

v

zhxy (1 — RY)’

where X, is the T' x (k — 1) matrix of X that excludes x; and R? is the
(uncentered) R? of the regression of x; on the other regressors. Thus,

0.2

Vv (B) =
& iz (1 — R?)
If we have a set of regressors that is highly correlated to x;, then R? will
tend to 1 and V <31> — 00.

Detection

A rule of thumb that has been suggested is that we should be concerned with
multicollinearity when the overall R? in the regression is lower than any R?.
This rule is of course suggestive as it does not tell us how to proceed.

An alternative measure of collinearity has been proposed by Belsley and
is based on the conditioning number (), which is defined as:

)\max

’
)\min

where the \’s are the eigenvalues of B = S (X'X) S, with S =diag(1/, /xhx;).
That is:

fy:

L 0 0
121
0 L_ 0
S = THx2
0 0
0 0 —1_—
L VEpTk
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If the regressors are orthogonal (R? = 0Vj), v will equal one. The higher
the intercorrelation, the higher the conditioning number will be.!? Belsley
suggests that values of v in excess of 20 indicate potential problems.'?

If we conclude that there is a potential “problem” of multicollinearity,
how do we deal with it? Three approaches are usually suggested:

e Reduce the dimension of X (drop variables). The obvious problem is

that as the variables that are omitted were “relevant”, B will be biased
(as we already discussed). Thus, this practice makes explicit the trade-
off between variance reduction and bias.

e Principal components

e Ridge regression

Principal Components

Take the model
Y = X3+ u.

Consider the transformation

Y = XPPB+u
= XPO+u
= 70+ u,

where

k]jk: [pl pk]

and p; is the jth orthogonal eigenvector (characteristic vector) of X’X. These
eigenvectors are ordered by the order of magnitude of the corresponding
eigenvalues.'* Thus,

2o la o a
is the matrix of principal components, i.e. z; = Xp; is called the jth principal
component, where 2}z; = \;."°

121f perfect collinearity is present, Apin = 0, and v — oo.

I3GAUSS tip: 72 of the matrix B can be obtained using the command cond(B).
14The matrix P satisfies the condition PP’ = P'P = I.

12}, denotes the jth largest eigenvalue of X'X.
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The principal components estimator of (5 is obtained by “deleting” one
or more of the z;, applying OLS to the reduced model, and transforming the
estimator obtained to the original parameter space.

This is, partition X [Pl P2] = [21 s ], then

Y = XP191+XP202+U
= 21(91 + 22(92 + u.

If we omit Z5 from the model, we obtain
0, = (Z,2,) ' Z1Y.

As Z; and Z, are orthogonal, 51 is unbiased. Furthermore, V (51> =
o*(Z1Z1)"

This estimator has desirable properties for 6; but not for the actual pa-
rameters of interest (3). Now we’ll discuss a transformation of 6; back into
£ that is usually proposed.

Notice that § = PO = P16, + P»0,. By omlttlng Zy we implicitly assumed
that 6, is equal to zero in which case B = P101 would be the principal
components estimator of .

As discussed in Section 3.6, it is easy to prove that V (B*) <V (B)
However, this estimator will be biased unless P, = 0.

Until now we have remained silent with respect to how to choose Z;. Two
approaches have been suggested:

e Include in Z; the components with the smallest eigenvalues. This
amounts to assuming that near collinearity is equivalent to perfect
collinearity, which may not be a good strategy.

e Test for Pyf; = 0 (which is not a trivial task).

Ridge Regression

Let A = PPX'X P =diag(\1, ..., A\x) be the diagonal matrix of eigenvalues of
X'X (as before, P is the matrix of eigenvectors of X’'X). The Generalized
Ridge Regression estimator (GRR) is defined by

O=(A+W)"' 2V = (A+W) " Aj,
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where
W = diag (wy,...,wg), w; >0,
and R
0=A"'2ZY
is the OLS estimator of 6. Recalling that § = P’3, the GRR estimator of
is
5= Pd.

The GRR estimator depends on the choice of W. It can be shown that

the values of w; that minimize the MSE of 3 are given by

0.2

?9
where 6; is the i-th element of #. An operational estimator can be obtained
by replacing o2 and 6; with their OLS estimates:

w; =

A simpler version of the estimator, called the Ordinary Ridge Regression
estimator (ORR), is obtained by setting W = w/:

Borr = (X'X +wl) ' X'Y.
While no explicit optimum value for w can be found, several stochastic
choices have been proposed.'® Among the most popular we have:

~2 2
N ko R ko
ol ==— and 0= —"—

~/~

—~ —~
B o BX'Xp
Even though the Ridge Regression estimators may have smaller MSE than
OLS, it is important to mention several drawbacks:

e There is no consensus with respect to the choice of the shrinkage para-
meter.

e The shrinkage parameter does not have a standard distribution.

e Because of this, the distribution of the Ridge Regression estimator of 3
will also be non-standard in which case inference cannot be conducted
with the usual tests (specially in small samples).

164y is referred to as the shrinkage parameter.
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3.8.3 Bottom Line

If you are uncomfortable with the reasoning above, you are not alone. There
is no pair of words that is more misused both in econometrics texts and in
the applied literature than the pair “multicollinearity problem”. That many
of the explanatory variables used in econometrics are highly collinear is a fact
of life. It is perfectly clear that there are realizations of X’X which would
be much preferred to the actual data. But a complaint about the apparent
malevolence of nature is not at all constructive, and the ad-hoc cures for a
“bad” sample, such as the ones outlined, can be disastrously inappropriate.
It would be better if we’d accept the fact that our non-experimental data is
sometimes not very informative about the parameters of interest.

An example may clarify what we are really talking about. Consider the
two-variable linear model v, = 3,21+ + B922, + 1, and suppose that a regres-
sion of w5 on x; yields the result x5, = /9\931,15 +u;, where u is, by construction,
orthogonal to z;. Substitute this auxiliary relationship into the original one
to obtain the model

Yy = Bix1e+ By <9$1,t + at) + u

= (51 + B;é) 1+ Boly + uy

= 01214 + 02224 + Uy,

where §; = (ﬁl + 52/9\) ,00 = (9,21 = 21, and 29 = 29 — 5:61. A researcher
who used the variables z; and x5 and the parameters 3; and 3, might report
that [, is estimated inaccurately because of the collinearity problem. But a
researcher who happened to stumble on the model with variables z; and 2z,
and parameters §; and d would report that there is no collinearity problem
because z; and z, are orthogonal (recall that z; and u are orthogonal). This
researcher would nonetheless report that do(= f35) is estimated inaccurately,
not because of collinearity, but because z, does not vary adequately.'”

What this example illustrates is that collinearity as a cause of weak ev-
idence is indistinguishable from inadequate variability as a cause of weak
evidence. In light of that fact, it is surprising that all econometrics texts
have sections dealing with the “collinearity problem” but none has a section
on the “inadequate variability problem”.

17Recall that if 1 and x5 are highly collinear, % will not fluctuate that much given that
@'u (the SSR of the regression of x5 on z1) would be small.
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In summary, collinearity is bound to be present in applied econometric
practice. If we use principal components we will usually encounter problems
in interpreting the results, given that they come from a combination of para-
meters. On the other hand, Ridge Regression estimators have a non-standard
distribution for the parameters of interest. Thus, is there a simple solution
to this “problem”? Basically, no. Fortunately, multicollinearity does not
lead to errors in inference. The asymptotic distribution is still valid. OLS
estimates are asymptotically normal, and estimated standard errors are con-
sistent. So reported confidence intervals are not inherently misleading. They
will be large, correctly indicating the inherent uncertainty about the true
parameter values.

3.9 Influential Analysis

OLS seeks to prevent a few large residuals at the expense of incurring into
many relatively small residuals, only a few observations can be extremely
influential in the sense that dropping them from the sample changes some
elements of 3 substantially. There is a systematic way to find those influential

observations. Let B(t) be the OLS estimate of § that would be obtained if
OLS were used on a sample from which the t-th observation were omitted.
The key equation is

~ 1 P
35— (125 Xt (36)
- Mt
where p; is defined as
= (X'X)

which is the t-th diagonal element of the projection matrix P. It is easy to
show that

T
0<p <1 and » p =k, (3.7)
t=1

so p; equals k/T on average.

To illustrate the use of (3.6) in a specific example, consider the relation-
ship between the monetary policy rate and economic growth in Chile between
1986 and 1999. Figure ?? plots the quarterly GDP growth rate against to
policy rate. It is clear from the first panel that the position of the estimated
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regression line depends very much on the single outlier (September of 1998,
when the interest rate increased to almost 18%!). Indeed if this observation
is dropped from the sample (second panel of Figure 3.3), the estimated slope
coefficient drops (in absolute value) from -0.46 to -0.39.'® In the case of a
simple regression, it is easy to spot outliers by visually inspecting a plot such
as Figure 3.3. This strategy would not work if there was more than one
nonconstant regressor. Analysis based on (3.6) is obviously not restricted
to simple regressions. The third panel of Figure 3.3 displays the association
between the policy rate and p,. As is evident from that figure, the value of
p: for September of 1998 is 0.268; a value which is well above the average of
0.012 (= k/T = 2/168) and is highly influential.! Note that we could not
have detected the influential observation by looking at the residuals, which is
not surprising because the algebra of OLS is designed to avoid large residuals
at the expense of many small residuals for other observations.

What should be done with influential observations? It depends. If the
influential observations satisfy the regression model, they provide valuable
information about the regression function unavailable from the rest of the
sample and should definitely be kept in the sample. In case the influential
observations are atypical of the rest of the sample some practitioners suggest
to drop them from the sample. Yet others prefer to use other estimates than
OLS to measure central tendency.

3.10 Model Selection

We have discussed the costs and benefits of inclusion/exclusion of variables.
How does a researcher go about selecting an econometric specification, when
economic theory does not provide complete guidance? This is the question
of model selection. It is important that the model selection question be well-
posed. For example, the question: “What is the right model for y?” is not
well posed, because it does not make clear the conditioning set. In contrast,
the question, “Which subset of (xy,--- ,xy) enters the regression function
E (Yt |r1g, - ,xre)?” is well posed.

In many cases the problem of model selection can be reduced to the
comparison of two nested models, as the larger problem can be written as a
sequence of such comparisons. We thus consider the question of the inclusion

18 However, neither of this coefficients is statistically significant at standard levels.
91n fact, this value is 22.5 times higher than the average!
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of X5 in the linear regression
Y = X161 + XZBZ +u,

where X7 is T' X k; and X5 is T' X ky. This is equivalent to the comparison
of two models

Mli Y:X161+U

My Y =X 8, + X8, +u-

Note that M; C Ms. To be concrete, we say that My is true if 3, # 0.
To fix notation, models 1 and 2 are estimated by OLS, with residual vectors
u; and Ty, estimated variances 5 and &3, etc., respectively.

A model selection procedure is a data-dependent rule which selects one
of the models. We can write this as M. There are many possible desirable
properties for a model selection procedure. One useful property is consis-
tency, that it selects the true model with probability one if the sample is
sufficiently large. A model selection procedure is consistent if

Pr [.K/l\:./\/lﬂ./\/ll] — 1
Pr [ﬂ:/\/lg |./\/l2] — 1.

We now discuss a number of possible model selection methods.

3.10.1 Selection Based on Fit

A~

Natural measures of the fit of a regression are SSR (W'u), R? = 1—(a'u) / 85 or
Gaussian log-likelihood ¢ (B, 32> = — (T/2)In5* +a (where a is a constant).
It might therefore be thought attractive to base a model selection procedure
on one of these measures of fit. The problem is that each of these measures are
necessarily monotonic between nested models, namely Wy, > Uhts, R? < R2,
and ¢; < {5, so model M, would always be selected, regardless of the actual
data and probability structure. This is clearly an inappropriate decision rule!
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3.10.2 Selection Based on Testing

A common approach to model selection is to base the decision on a statistical
test such as the Wald W

~2 ~2
o1 — 0O
WT:T( L 2).

The model selection rule is as follows; for some critical level «, let ¢,
satisfy Pr [Xiz > ca]. Then select M if Wr < ¢,, else select M.

The major problem with this approach is that the critical level « is in-
determinate. The reasoning which helps guide the choice of a in hypothesis
testing (controlling Type I error) is not relevant for model selection. That

is, if « is set to be a small number, then Pr [/\7 = M, |M1] ~ 1— «a but

Pr [/\7 = M, ‘M2:| could vary dramatically, depending on the sample size,

etc. Another problem is that if « is held fixed, then this model selection
procedure is inconsistent, as

PI[M\:M”Ml —-1—-a<l.

3.10.3 Selection Based on Adjusted R-squared

Since R? is not a useful model selection rule, as it always “prefers” the larger
model, Theil proposed an adjusted coefficient of determination

_ o) /(T — 72
R2:1_(uu)/A(2 k)zl—%.
Ty Ty

At one time, it was popular to pick between models based on R, This
rule is to select M, if }_%f > }_%z, else select M. Since Risa monotonically
decreasing function of 3, this rule is the same as selecting the model with
the smaller 5, or equivalently, the smaller In (52). It is helpful to observe
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that

In(6°) = In (32T_ k)

2
5
),
L
_|_
|

(the first approximation is In (1 4+ w) ~ w for small w). Thus selecting based

on R is the same as selecting based on In (32) + %, which is a particular
choice of penalized likelihood criteria. It turns out that model selection based
on any criterion of the form

In (5%) + c% c>0 (3.8)

is inconsistent, as the rule tends to overfit. Indeed, since under M1,

T (In57 —Ing3y) ~ Wr ~ x4, (3.9)

Pr [/\7: M, \Ml} ~ Pr [Tzf >R |M1]
~ Pr [Tl (5;) < Tl (53) |M]

Pr [T1n (67) + cky < Tln (53) + ¢ (ky + k2) M ]
= Pr|{Wp < cks |M1]

Pr[xi, < cks] <1.

~

—

3.10.4 Selection Based on Information Criteria
Akaike Information Criterion

Akaike proposed an information criterion which takes the form

2k
AIC = —= 422
C=—7 T
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which with a Gaussian log-likelihood can be approximated by (3.8) with
c=2:

AIC ~In (32) + 2;.

This imposes a larger penalty on overparameterization than does 7.
Akaike’s motivation for this criterion is that a good measure of the fit of
a model density f (Y |X, M) to the true density f (Y |X) is the Kullback
distance K (M) =E[In f (Y |X) —In f (Y |X, M)]. The log-likelihood func-
tion provides a decent estimate of this distance, but it is biased, and a better,
less-biased estimate can be obtained by introducing the penalty 2k. The ac-
tual derivation is not very enlightening, and the motivation for the argument
is not fully satisfactory, so we omit the details. Despite these concerns, the
AIC' is a popular method for model selection. The rule is to select M, if
AIC, < AIC,, else select M.

Since the AIC takes the form (3.8), it is an inconsistent model selection
criterion, and tends to overfit.

Schwarz Criterion

While many modifications of the AIC have been proposed, the most popular
appears to be one proposed by Schwarz, based on Bayesian arguments. His
criterion, known as the BIC' (for Bayesian Information Criterion), is

20k
BIC = —7 + I (T),

which with a Gaussian log-likelihood can be approximated by

BIC ~1n (5°) + ; In (7).
Since In (T") > 2 (if T" > 8), the BIC places a larger penalty than the
AIC on the number of estimated parameters and is more parsimonious.

In contrast to the other methods discussed above, BIC model selection
is consistent. Indeed, since (3.9) holds under M;,
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SO

Pr[M =M |My| = Pr[BIC; < BIC, | M;]
= Pr[Wr < kyIn(T) | M;]

— WT
= Pr |:1I1 (T) < 1{32 |M1]

— Pr(0<l€2‘M1):1.

Also under M, one can show that

thus

Pr | M = M, \Mz} — Pr[BIC, < BIC, | Ms]

= Pr |:1I1 (T) > ko |M2}

— 1.

Hannan-Quinn Criterion

Yet another popular model selection criterion is known as the HQC' that is

defined as

20 k
HQC = T + QT In (In (7)),

which with a Gaussian log-likelihood can be approximated by

HQC ~1n (5°) + 2% In (In (7).

Since In (In (7)) > 1 (for T" > 15), the HQC places a larger penalty than
the AIC' on the number of estimated parameters and is more parsimonious.
In turn, as 2In (In (7)) < In (7)) (VT > 0), the BIC places a larger penalty
than the HQC' and selects more parsimonious models. As is the case with
BIC, HQC is consistent.
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A Final Word of Caution

All the results derived were obtained in the OLS context with Gaussian
innovations. Although the conclusions at which we arrived concerning the
model selection criteria will not be affected, in more general cases, the exact
formulas for each criterion will depend on ¢ and not just 5-.

Another important point that cannot be ignored is that in order to com-
pare different models with any of these criteria, both the dependent variable
and the sample size need to be the same.

Which model selection criterion is the “best” is still an open question and
an active field of research. While consistency is a desirable property, there
may be cases in which more parsimonious models run the risk of excluding
relevant variables and that is why some researchers prefer HQC' which is
consistent and not as parsimonious as BIC'. From a practical standpoint, it
is important to look at the three criteria. Who knows, they may all choose
the same the model!

3.10.5 Selection Among Multiple Regressors

We have discussed model selection between two models. The methods ex-
tend readily to the issue of selection among multiple regressors. The general
problem is the model

Y = BiT1s + BoTor + -+ BrpTre + U,

and the question is which subset of the coefficients are non-zero (equivalently,
which regressors enter the regression).

There are two leading cases: ordered and unordered regressors. In the
ordered case, the models are:

My B #0,By=03="--=5,=
My 517&()’527&0753:"':6/&:

Mk: 61%0762%0763%07”' 761@%07

which are nested. The selection criterion uses the estimates of the k£ models
by OLS, stores the residual variances 6> for each model, and then selects
the model that minimizes it.
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In the unordered case, a model consists of any possible subset of the
regressors {xy14, -, Tkt}, and the selection criterion can be implemented by
estimating all possible subset models. However, there are 2¥ such models,
which can be a very large number. For example, 2! = 1024, and 2%° =
1,048,576. In the latter case, a full-blown implementation of the chosen
model selection criterion would be computationally demanding.

3.11 Specification Searches

Economic theory often is vague about the relationship between economic
variables. As a result, many economic relations have been initially established
from apparent empirical regularities and had not been predicted ex ante by
theory. In the limited sample sizes typically encountered in economic studies,
systematic patterns and apparently significant relations are bound to occur
if the data are analyzed with sufficient intensity.?’ If not accounted for, this
practice, referred to as data mining, can generate serious biases in statistical
inference.?!

The data miner’s strategy is revealed by considering some typical quota-
tions in applied research:

“Because of space limitations, only the best of a variety of
alternative models are presented here.”

“The precise variables included in the regression were deter-
mined on the basis of extensive experimentation (on the same
body of data).”

“Since there is no firmly validated theory, we avoided a prior:
specification of the functions we wished to fit.”

“We let the data specify the model.”

The estimation and hypothesis testing procedures discussed so far, are
valid only when a prior: considerations rather than exploratory data mining

20A colorful example known as the newsletter scam is instructive: One selects a large
number of individuals to receive a free copy of a stock market newsletter; to half the
group one predicts the market will go up next week; to the other half, that the market
will go down. The next week, one sends the free newsletter only to those who received the
correct prediction; again, half are told the market will go up and half down. The process is
repeated several times and a few months later, the group that received perfect predictions
is asked to pay for such “good” forecasts.

21Other names for it are: data snooping, data grubbing, and data fishing.
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determine the set of variables to be included in a regression. When the
data miner uncovers t-statistics that appear significant at the 0.05 level by
running a large number of alternative regressions on the same body of data,
the probability of a Type I error of rejecting the null hypothesis when it is
true is much greater than the claimed 5%.

When all the candidate explanatory variables are orthogonal and the
variance of the innovation is known, Lovell (1983) presents a rule of thumb for
assessing the true significance level when data mining has taken place. When
a search has been conducted for the best k out of ¢ candidate explanatory
variables, a regression coefficient that appears to be significant at the level a
should be regarded as significant at only level

a=1-—(1-a)"*
or, as a short cut guide, the significance level is approximately
C
o~ —a.
k

As an example, assume that we are interested in estimating the demand
for real money holdings and consider the following model:

mt:a—l—bz’t—i—ut

where m is the log of real money holdings and ¢ is “the” interest rate. As
there are several candidates for ¢ we search among ¢ = 10 of them. If we find
one of them to be significant at @, the true level should be approximately
10-au.

This approximation assumes that the variance of u is known and that
the candidate interest rates are orthogonal between each other. Neither of
these assumptions are realistic. White (2000) presents a general strategy for
analyzing models that were subject to data mining.

3.12 Further Reading

For classical treatments of functional form, omitted variables, and specifi-
cation analysis, foundational discussions can be found in Amemiya (1985),
Greene (1993), and Hayashi (2000). Hansen (2022) and Davidson and MacK-
innon (2004) provide modern textbook coverage with clarity and precision,
particularly on nonlinearity diagnostics and model selection.
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Leamer (1983a) offers a sharp critique of uncritical specification search,
a theme developed more formally in his contribution to the Handbook of
Econometrics (1983). Lovell (1983) and White (2000) are essential readings
on data mining and pre-testing bias, while Sullivan, Timmermann, and White
(1998) illustrate these dangers empirically in financial applications.

Ruud (2000), Mittelhammer, Judge, and Miller (2000), and Baltagi (1999)
include discussions on model selection and multicollinearity from a classical
perspective. For computational approaches, including principal components
and ridge regression, Thisted (1988) and Judd (1998) offer valuable algorith-
mic insight.

3.13 Workout Problems

1. On average, is it more or less likely to incur in Type I errors when a
relevant variable is omitted?

2. In the case of omitted variables, prove that even if X; and X, were
orthogonal, 3 would be biased.

3. In the case of inclusion of irrelevant variables, prove that if X; and X,
were orthogonal, 3, and 3, would be equally efficient.

4. Prove that if the regressors are orthogonal, Belsley’s v will equal one.

5. Prove (3.6) and (3.7).

6. Show that the Gaussian log-likelihood is /1 (B, 32> = —(T/2)In5*+a.
Find the value of a.

7. Prove that HQC' is consistent.






Chapter 4

Generalized Least Squares

4.1 Introduction

The HLRM assumes that the noise components are i.i.d., or at least inde-
pendent with identical first and second order moments. Either assumption
implies the special case of the noise covariance matrix given by & [uu/] =
0%Q = 0%Iy. By assuming that the covariance matrix is proportional to the
identity matrix, we reduced the number of unknowns in the covariance ma-
trix from 7" (T + 1) /2 to 1. Recognizing that this model specification will not
be consistent with all DGPs, we now generalize the noise covariance specifi-
cation and consider the problem of recovering point estimates of 3, 02, and Q
when ) # Ip. This generalization allows for the errors to be heteroskedastic
[V (uy) #V (us) for t # s], autocorrelated [Cov (usus) # 0 for ¢ # s, or both
and thereby broadens our modelling basis.

This document is organized as follows: Section 4.2 considers the estima-
tion and inference problems when () is a known positive definite symmetric
matrix. Section 4.3 considers the case in which the elements of () are un-
known. We also expand our analysis to examine the problem of attempting
to identify and estimate the precise form of €2 via diagnostic testing. Finally,
Section 7?7 summarizes the main conclusions.

4.2 Efficient Estimation

Efficient estimation of 3 requires knowledge of €2. In this section we assume
that ) is a known, symmetric, positive definite matrix. We will first dis-

101
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cuss the effects of ignoring that € # Ir. Then we will present the efficient
estimation of parameters when €2 is known.

4.2.1 Applying OLS when () # Iy

What would happen if we ignore that {2 # I7 and proceed as if the assump-
tions of the HLRM applied? What are the properties of 5 under these cir-
cumstances? How are testing and confidence interval estimation procedures
affected?

First, note that the OLS estimator is

B=(XX) XY
= B+ (X'X) ' X'

As the assumption that £ (v |X') = 0 is maintained, we have that £ (B | X )
£ and & <B — ﬁ) = 0. Thus, the OLS estimator of 3 is still unbiased (and

as we will discuss later, it is also consistent). On the other hand, given that

& wu'] = o%Q,
v(BIx) =¢ [(B -8) (8- 5)/\4
= & [(X'X) " X' X (X'X) X
= 2(X'X) T (X'QX) (X' X)7".

It follows that o2 (X'X)™"' represents the covariance matrix of the OLS
estimator only if €2 = Ip. Thus, if the variance of OLS is computed as
0% (X'X)™", any inference based on it or on &> (X’X) ™" will be misleading.
Not only is this the wrong matrix to use, but 5> will be a biased estimator
of 0. Furthermore, I and t tests as the ones discussed in the OLS context
will no longer be valid.

Fortunately, when () is known, it is trivial to make the corrections needed
in order to make valid inference with the OLS estimator. In particular, 7> =
(T — k)& /tr[M€)] is an unbiased estimator of ¢ and it could be used in the
“correct” variance-covariance matrix (i.e. o2 (X'X)™" (X'QX) (X' X) ).

IExercise 1 of this chapter asks you to prove this.
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F and t tests as the ones considered in our OLS overview can be trivially
modified. In particular, if we wanted to test the hypothesis Hy : Q' = ¢ we
would use an F’ test of the form:

1 (Q’B - c)' (@ (X'X) (X0X) (X'X) Q] (g@ - C)
5 o2 ~ Lgr—k-

4.2.2 GLS Estimator

As Q) is positive definite, it can be factored into 2 = C'AC”, where the columns
of C' are the eigenvectors of 2 and the eigenvalues of €2 are arrayed in the
diagonal matrix A. Let A2 be the diagonal matrix with ith element /X,
where ); is the ith eigenvalue of Q. Define R = CAY? and S’ = C'A~'/2,
then Q = RR' and Q7! = §'S.2

If we premultiply Y = X3 + u by S we obtain

SY =SXB+Su or Y,=X.0+u.. (4.1)
Note that

V(w) = & (uau)
= 02509
= o2].

As all the assumption that led us to the derivation of the OLS estimator
are satisfied in the transformed model (4.1), we have:

BGLS = (XLX*)_l X:FY*
= (X'S'SX) X'S'SY
— (X' X)) (XYY

It is easy to verify that £ (BGLS | X ) = [ and

v (BGLS'X) = o’ (XLX*)_l

— 2 (X'Q7X) 7

2This follows from the orthogonality of C, in which case I = C'C = CC' and thus
C'=C~'. Thus, R=S"L
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The term GLS stands for the Generalized Least Squares Estimator (also
known as the Aitken estimator). The unbiased estimator of o based on the
GLS estimator is

9 ﬂ’ﬂ <Y XﬁGLS>/ <Y XﬁGLS)
O6Ls =T f, = Tk

Because the GLS estimator is identical to the OLS estimator applied to
the transformed linear model (4.1), which adheres to the classical assump-
tions of the LRM, BG s is BLUE. This can be demonstrated by showing that
the OLS estimator is inefficient relative to the GLS estimator. In comparing
the variance-covariance matrices of 8 and (g, note that

v (E ‘X) -V (BGLS ‘X) = o’DQD',

where D = (X'X)' X' — (X’Q71X) "' X’Q!, and thus the difference is at
least positive semidefinite and nonzero if D # 0 because €2 is positive definite.
Therefore, 3 is less efficient than the GLS estimator 8., ¢ when 2 is known.
However, we emphasize for future reference that the definition of the OLS
estimator B does not require knowledge of {2 whereas BG g does.

4.2.3 Hypothesis Testing

Because we are effectively applying the OLS principle to the transformed
LRM (4.1), all the hypothesis-testing and confidence interval estimation pro-
cedures discussed relative to the LRM apply to the GLS estimator. For ex-
ample when we test the hypothesis Hy : Q' = ¢, we obtain the F-distributed
test statistic

1 (Q,BGLS _ C>/ [Ql (x'Q1x)" Q] B (Q/BGLS B c)
a Ters T ek

For a scalar hypothesis, be it an equality or inequality hypothesis, the

t-statistic R
Q'Bars — ¢

_ 1wyl

[OGLSQ/ (X'Q71X) Q}
can be used. Confidence intervals are generated in the usual way, but we
have to replace the variance-covariance component of 5 g.

~ Sr_.

1/2
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4.3 Estimation when () is Unknown

Previously, we assumed that (2 was known, in which case a simple trans-
formation of the LRM yielded a noise variance-covariance matrix that was
proportional to the identity matrix. In practice, () is unknown and here we
focus on the problem of estimating the unknown parameters of €.

Given the GLS estimator, intuition might suggest that the way to proceed
is to replace the unknown () with an estimator €2. This would lead to the
Feasible Generalized Least Squares (FGLS) estimator of 3 defined by

Braws = (X’ﬁlx)_l (x2y). (4.2)

Although this might seem a reasonable thing to do, what are the statisti-
cal implications of this approach? This question becomes specially intriguing
when we realize that there are more unknowns, 7' (7 + 1) /2 in Q than ob-
servations, for 7' > 1. To achieve a solution to the estimation of {2, one must
make restrictive assumptions concerning the number of unknowns involved
in representing its structure.

In practice, the elements of 2 are assumed to be functions, € (), of a
reduced and fixed number of unknown parameters 6 that remain unchanged
as the sample size increases. The problem then reduces to obtaining 6 and

use it to compute = Q (/9\) that is then replaced in (4.2). As we need to

impose a structure, we will focus on the most common applications of FGLS,
namely heteroskedasticity and autocorrelation.

4.3.1 Heteroskedasticity

Heteroskedasticity arises when, even though the Cov(usus) = 0 for ¢ # s,
V(u;) = o2 fort =1,--- T, in which case the innovations are not i.i.d. (they
are independent, but not identically distributed). The variance-covariance
matrix is:

E(uu)=0"Q= |1 - =0 | e : (4.3)
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Given that this is an arbitrary scaling, we shall often use the normalization

T
tr (Q2) = Zwt =T,
t=1

which in the HLRM implies that w, = 1 Vt.

Heteroskedasticity arises in numerous applications, particularly when deal-
ing with cross-sections. Figure 4.1 presents a typical example. In this case
we consider the demand of a good conditional on the income of the individ-
ual, where the dispersion from the OLS line is increasing on income. That
is, when income raises we observe that the deviations from the conditional
mean increase with it (in absolute value).
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Figure 4.1: Example of Heteroskedasticity

Consequences for OLS

As discussed above, even in the presence of heteroskedasticity, the OLS esti-
mator 3 is unbiased and consistent; however, from the Gauss-Markov theo-
rem we know that, in this case, it is inefficient. The efficient estimator is the
GLS estimator, but given that €2 is not known it cannot be obtained. We
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also know that
% (B \X) = (X'X)7 (X'0%0X) (X'X) "

As € is unknown, it would appear that to compute an estimate of the
variance-covariance matrix of the OLS estimator we need to estimate o>().
This is not the case, as in the presence of heteroskedasticity we have

=T 10*X'0X
T
=71 Z 07T}
t=1
White (1980) demonstrated that under quite general conditions

T

~ - R »

Y=T" E urwr, 5 X,
=1

Therefore, a consistent estimator of the variance-covariance matrix of (3
would be?

) (B |X) —T(X'X) S (XX (4.4)

This result is extremely useful, given that we do not need to know the
precise nature of the pattern of heteroskedasticity. Almost every statistical
package reports (optionally) White’s heteroskedasticity consistent variance-
covariance matrix. In practice, we are not sure if heteroskedasticity is present
but (4.4) provides a “vaccine” that allows us to make correct inference with
the OLS estimator even when heteroskedasticity is present.

Testing for Heteroskedasticity

Usually, we are not certain when the data has heteroskedasticity, and if
present, in what form. Several tests have been proposed to detect the pres-
ence of heteroskedasticity and they usually follow this strategy: As the OLS
estimator [ is unbiased and consistent, u will mimic (imperfectly) the true
pattern of heteroskedasticity. Therefore, the tests are applied to w.

3Some statistical packages use & = ST/ (T — k) instead of & which has better finite
sample properties. At any rate, both estimators are consistent.
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White’s Test As in all heteroskedasticity tests, the null hypothesis is that
there is homoskedasticity. That is, Hy : 07 = 02 Vt. Under the null hypoth-
esis, the estimator of the covariance matrix of B is V (B | X ) =7 (X'X)7!,
while under the alternative it is (4.4). Based on this observation, White
(1980) devised a test that can be carried out by computing the TR? of the
regression of ﬂf on a constant and the unique variables in z; ® z;.* If we
denote by J the number of regressors (excluding the constant), it can be
show that TR? ~ x?2.5

An example may clarify this simple procedure. Consider the model y; =
Bo + Bixs + Byz: + up. The steps needed to conduct White’s test are:

e Obtain § and the OLS residuals {a,},,.
e Regress U2 on a constant, xy, 2, x2, 22, and ;2.
e Compute TR? from the previous regression.

e TFor a given significance level, compare T'R? with the critical value of a
Chi-square distribution with 5 degrees of freedom. If T R? exceeds the
critical value reject the null (homoskedasticity) in favor of the alterna-
tive (heteroskedasticity). Otherwise, the null is not rejected.

This test is extremely general as we do not need to make assumptions with
respect to the nature of heteroskedasticity. Although this is a virtue, it is
also a shortcoming, because it may hide other specification problems instead
of heteroskedasticity (such as nonlinearities) and lacks of power (presents
important Type II errors). Finally, this test is not constructive, because
even if homoskedasticity is rejected it does not tell us how to proceed.

Goldfeld-Quandt’s Test Assume that the observations can be divided in
two groups in such a way that under the null both groups have the same
variance, while under the alternative, the variances differ systematically. If
we rank the observations according to some criterion, we can separate the
observations in those with high and low variances. The test is applied by
dividing the sample into two groups with 77 and 75, observations. To obtain

4The Kroneker product of matrices y and z is denoted by y ® 2.
5We will prove this later.
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statistically independent variance estimators, the regression is then estimated
separately with the two sets of observations. The test statistic is

W Tp — k
W T) — k

where we assume that the disturbance variance is larger in the first sample.’

In order to increase the power of the test, Goldfeld and Quandt suggest
that a number of observations in the middle of the (sorted) sample be omit-
ted. However, the more observations are dropped, the smaller will be the
degrees of freedom for estimation in each group, which will tend to diminish
the power of the test. As a consequence, the choice of how many central
observations to drop is largely subjective. Empirical evidence suggests that
no more than a third of the observations should be dropped. If u is normally
distributed, the statistic is exactly distributed as F' under the null, and the
nominal size of the test is correct. If not, the F' distribution is inappropri-
ate and some alternative method with known asymptotic properties, such as
White’s test, is called for. Finally, recall that to divide the sample in two
groups, some criterion is needed. In the case of Figure 4.1 such a criterion is
obvious (Income), but, in general, this would rarely be the case.

~ Fr_kmy—ks

Glesjer’s Test Other tests for heteroskedasticity follow the same proce-
dure outlined for White’s test with only minor modifications. The modifi-
cations are usually with respect to the dependent variable of the auxiliary
regression for the variance component. Some tests use u? as the dependent
variable and others use variables such as In (u?) or |u;|. The common fea-
ture of Glesjer-type of tests is that they regress the dependent variable on
a constant and a vector of variables d which are not necessarily the same
ones used on the original regression model.” All the tests that take u? as
the dependent variable use the T'R? statistic of the auxiliary regression and
compare it with the Chi-square distribution with degrees of freedom equal to
dimension of d (the number of regressors excluding the constant). When the
dependent variable is In (u?) or |u;| the test statistic is not TR? (<, >)[pp.
537 Mitte.

These tests share the same problems of White’s test, but when applied
they usually provide an aid to specify {2 when heteroskedasticity is detected.

6Tt not, reverse the subscripts.
"In this sense, Glejser-type of tests are generalizations of White’s test, given that d;
can always include the non-redundant vectors of x; ® x;.
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FGLS under Heteroskedasticity

When 2 is known, the GLS estimator is
Bars = (X'Q7'X) T (X'Q71Y).

As in this case 2 takes the form of (4.3), it is trivial to verify that when
OLS is applied to the transformed model (4.1), we obtain

T “1rop
/BGLS = [Z Qt%ﬂ?;] [Z ‘9tl°tyt] )
t=1 t=1

where 0; = 1/w;, which yields the well-known Weighted Least Squares (WLS)
estimator. A typical example of such an estimator corresponds to the case
when o? o :c , for a regressor j (for example, in Figure 4.1 x;, would be

Income). In such case, if the original model was

k
Ye = Bo + Zﬁziﬂu + ug,
=1

the transformed model would be

=B, + By t+261@+—

x] Ljt

where the new innovation u} = u;/x;; now has variance o?.

Of course, when 2 is not known GLS is unfeasible. To obtain the FGLS
estimator described in (4.2) we need to impose structure on €2. In the case of
heteroskedasticity, this is typically done through a formulation that is similar
to the one described on Glesjer’s test. That is, we impose a functional form
for 07 = f (d;, ) where 6 is a vector of parameters to be estimated. Common
choices for f (d;,0) are 0'd;, (6'd,)”, or exp (6'd;); the last two having the ad-
vantage that the range of f (-) is always non-negative which is a requirement
that must be satisfied (remember that o? can’t be negative!).

Two steps are required to obtain the FGLS estimator in this case. First,
estimate 3 (the OLS estimator) and construct u? with it. Regress @? on d;
(which usually includes a constant) in a manner consistent with f (-). From
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this auxiliary regression obtain  and with it compute 3? =f (dtﬁ). The
second step is then to apply (4.2) and obtain

Ty “lrop 1
Brars = Z —5 T4} Z 2 TtYt| -
t=1 Oy t=1 Ty

There may be cases in which 6 (the parameters that characterize the
conditional heteroskedasticity) includes some elements of 5 (the parameters
that characterize the conditional mean) making FGLS not fully efficient. In
that case, MLE is called for.®

Concluding, the two-step FGLS estimator is asymptotically equivalent to
GLS if the form of heteroskedasticity is known, but 2 must be estimated. If
the form of heteroskedasticity is unknown, OLS may have better statistical
properties as f (-) may not be well specified. In such a case, some researchers
advocate for considering the estimator just described as a quasi-FGLS es-
timator in the sense that f(-) is viewed as an approximation to the true
conditional variance. If the model for the conditional variance is misspeci-

-1
fied, [23:1 %xtxg] won’t be a consistent estimator of the variance of the
t

FGLS estimator. An appropriate solution in such case is to use a White-type
estimator of the covariance matrix that is robust to misspecification of the
conditional variance. Such an estimator is

T

T “lrp -1

_ 1 u2 1

vV <5FGLS> = [E A—Qﬂft%;] [E A—Z!Fﬁ;] [E A—Qﬂft%;] : (4.5)
t=1 O-t t=1 O-t t=1 O-t

4.3.2 Autocorrelation

Briefly defined, autocorrelation is present in the LRM when the assumption
that & (uus) = 0 for ¢ # s is not satisfied. The problems of estimation
and inference are similar (though more involved) to the ones discussed in
the presence of heteroskedasticity. As before, OLS is inefficient and inference
based on the usual covariance matrix is adversely affected. Depending on
the underlying process, GLS and FGLS may be used to circumvent the prob-
lem. We shall emphasize, however, that the models we will examine are far

8 ARCH (autoregressive conditional heteroskedasticity) models are popular examples of
such a case.
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removed from the classical regression framework. The exact or finite-sample
properties of the estimators are rarely known and we must usually rely only
on asymptotic properties.

Most econometric textbooks consider simple modifications to incorporate
the presence of autocorrelation on the residuals. The usual setup considers
a model like:

ye = Bl 4wy

m
U = E Osu—s + vy,
s=1

with v; being i.i.d. As we mentioned, when heteroskedasticity is present,
the u,’s are independent but not identically distributed. On the other hand,
when there is autocorrelation on u, the u;’s cease to be independent.

When the OLS estimator was introduced, we showed that it has the
property of decomposing Y into two orthogonal components, one that can
be written as a linear combination of the column vector of X and another
that is orthogonal to X. In principle, the first component can be interpreted
as systematic and the second should be unpredictable. If % can be predicted
using the information at hand, it means that there still is a systematic part
that should be accounted for and introduced in the systematic component.
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Figure 4.2: Examples of Autocorrelation

Figure 4.2 presents two (idealized) examples of residuals that still have
important systematic components. The first panel shows an example of pos-
itive autocorrelation. That is, when the residual is above the mean on a
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given period, the probability that the following residual is above the mean
exceeds 0.5. The second panel shows a typical pattern of negative autocor-
relation as the residuals shift signs on a systematic fashion. In practice, if
autocorrelation is present, it is not as easy to spot as in the examples just
provided.

Even though, most econometric textbooks treat the presence of autocor-
relation as a “problem” it actually must be interpreted as an opportunity to
improve the specification of the underlying DGP. If, for example, we were
using a model for forecasting, residuals such as the ones displayed on Figure
4.2 would be unacceptable, as there is a discernible pattern that tells us that
we would be underestimating or overestimating Y on a predictable manner.

We will now provide a brief introduction to time series processes (given
that, by definition, autocorrelation is present only on this type of data),
discuss the effects that the presence of autocorrelation has on the OLS esti-
mate, present testing procedures for autocorrelation, and the methods that
are usually proposed to deal with it.

Preliminaries

Definition 15 {y;} is weakly (covariance) stationary if € (y;) = p is inde-
pendent of t, and Cov(ys, y1—s) = v, is independent of t for all s. ~y, is called
the s-th autocovariance.

Definition 16 {y;} is strongly (strictly) stationary if the joint distribution
k L
of {y1—s}._o is independent of t for all k.

Note that weak stationarity implies that the first two unconditional mo-
ments of y are time invariant, while strong stationarity implies that all un-
conditional moments (not only the first two) are time invariant. Thus, when
a series is strictly stationary it is also covariance stationary, but the converse
is not necessarily true.

Definition 17 p, = 7v,/v, = Corr (ys, yi—s) s the s-th autocorrelation.
Definition 18 y; is a white-noise process if p, =0 Vs # 0.

Definition 19 y, is said to follow an AR(j) process if y, = a0+Z§:1 Y+
ug, where u; is a white-noise process.
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Definition 20 y; is said to follow an MA(j) process if y; = ag—l—Zfﬂ i+
ug, where u; is a white-noise process.

An algebraic construct which is useful for the analysis of autoregressive
models is the lag operator.

Definition 21 The lag operator L satisfies Ly, = y;_1.

Defining L? = LL, we see that L%y, = y,—». In general, Ly, = y;_;.
An AR(1) model of the form y; = ay,—1 + u; can then be expressed as
(1 — L)y = us. Equivalently, the AR(j) model is

Y= 1Y—1 + -+ Gy + Uy
Using the lag operator,
(1—oL—- =)y =y
or

a(L)y: = w

where ‘
a(l)=1-agL—--- —a;L’

We call o (L) the autoregressive polynomial of y,. The Fundamental
Theorem of Algebra says that any polynomial can be factored as

a(L)=1-X"L)(1-X"L)--- (1= X"L)

where the Ay, -+, \; are the complex roots of a (L), which satisfy a ();) = 0.
Let |A| denote the modulus of a complex number .

Theorem 22 The AR(j) process is weakly stationary if and only if |N\;| > 1
for all 1.

A usual way of stating this is “all roots lie outside the unit circle.” If the
previous conditions are not satisfied, we say that the series is non-stationary.
There is no need to present conditions such as these for a MA(j) process,
because any MA(j) process is always stationary.

As the purpose of this introduction is simply to provide a few definitions
that will be useful to address the presence of autocorrelation in the LRM
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and not a formal treatment of time series models (we will do this later), we
will now discuss how to compute €2 for different types of processes for u;.

The models that are considered usually take the form of AR(j) processes
for the error term that is assumed to be weakly stationary. The simplest of
which is an AR(1) w; = Ouy_1 + vy, with v, ~ (0,02). Tt is trivial to verify
that in this case, Theorem 22 is satisfied if |§| < 1. Assuming that this is the
case, we can easily derive the autocorrelations and autocovariances of this
process. As & (u;) =0,

70205/(1—92) po=1
71 =07 pr="0

Vi = 93‘% Pi = 0.

The autocorrelations and autocovariances of a MA(1) process such as
ug = Ovg_q + vy, with vy ~ (0,02) are:
Yo=05 (1+6%) py=1
v, =00} pr=10/(1+06%)
v;=0forj>1 p;=0forj>1

Thus, if the stochastic process that follows u; is known, the construction
of Q is trivial once we obtain the autocovariances and autocorrelations.

Consequences for OLS

As with the case of heteroskedasticity, when autocorrelation on the residuals
is present o2 (X’X)"" is not the covariance matrix of the OLS estimator.
The covariance matrix is still

% (B \X) = (X'X)7 (X'0%0X) (X'X) "

Given that €2 is unknown, our problem is still one of consistently estimat-
ing the matrix ¥ = T 102 X’QX except that now € is no longer diagonal. In
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fact now

Y =T 1'0’X'0X (4.7)
T T
=T Z Z Cov (uy, ug) x4l

t=1 s=1

The purely heteroskedastic case is a special case of (?7), where 07 =Cov (uy, u;)
and Cov(u, us) = 0, Vt # s.

Analogous to White’s approach, suppose we replace Cov(u,, us) with the
estimate u;us, defining the estimator

Unfortunately, without further adjustment, % is not useful since the or-
thogonality of u and X implies ¥ = 0. Newey and West propose to use the
following expression as a consistent estimator of X:

T T

S=T"D" w(t - s) i, L 5, (4.8)
t=1 s=1
[t—s| <K

|t—s|

where K is a finite positive number and w (t — s) = 1 —

is a weighting
scheme that ensures that Y is positive definite.

A consistent estimator of the variance-covariance matrix of B would be
) (B |X) —T(X'X) 'S (xX)

This is even more useful than White’s result as (4.8) provides an estimator
that is consistent with the presence of autocorrelation, heteroskedasticity, or
both. Matrices of the form of (4.8) are often referred to as Heteroskedasticity-
Autocorrelation Consistent (HAC) matrices. Almost every statistical pack-
age reports (optionally) different types of HAC matrices that differ on the
choice of w and K among other factors. In fact, Newey-West’s HAC matrix
is not the most efficient estimator of ¥ and the search of HAC matrices is
still an active field of research in econometrics. What is important is that
HAC matrices provide a “vaccine” that allows us to make correct inference
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with the OLS estimator even when there may be heteroskedasticity and/or
autocorrelation present in the data. Of course, when the only “problem” is
with heteroskedasticity and not autocorrelation, White’s matrix is usually
preferred.

In some applications—especially when data is organized by groups such
as individuals, firms, or regions—it is reasonable to expect that errors may
be correlated within clusters but uncorrelated across clusters. In such cases,
cluster-robust standard errors provide consistent inference even when both
heteroskedasticity and within-cluster autocorrelation are present. A full dis-
cussion of clustered inference, including how it generalizes White and HAC
estimators, will be presented in the context of panel data models.

Testing for Autocorrelation

As in the case of heteroskedasticity, there are two basic reasons why analysts
test for autocorrelation. The first is to discern if there is a reason for using the
robust estimate of € to perform inference, without the need for a particular
specification of €). The other is to identify a particular structure of the
autocorrelation for use in defining a FGLS estimator of the parameters of
the model.

Unlike the case of heteroskedasticity, there is more agreement among ap-
plied econometricians regarding the form of the alternative hypothesis if the
null of no autocorrelation in the noise component is rejected. In particu-
lar, the alternative hypothesis is generally taken to be some autocorrelation
process of order m, AR(m), which is represented by

Uy = Z qut_s + Ut, (49)
s=1

where v;’s are i.i.d. random variables with £ (v;) = 0 and V (v;) = o2.
Once again, the tests are usually applied to w.

Durbin-Watson’s Test This test is applicable when the alternative hy-
pothesis is that m in (4.9) is equal to 1. That is, under the alternative hy-
pothesis the noise component follows an AR(1) process. The Durbin-Watson
(DW) test is based on the test statistic

T ~ ~ 2 A~ 7~
— Uy Z
DW = Zt:Z (,lfrt /};t 1) _ UA/A'LL (410)
> im U wu




118 CHAPTER 4 GENERALIZED LEAST SQUARES

and assumes normality for the noise component. The matrix Z is a Toeplitz-
like (T x T') banded matrix with -1’s on the first off-diagonal bands, 2’s on
the diagonal band except for the unit values in the (1,1) and (7, T") positions,
and zeros everywhere else:

L ]
-1 2 -1
-1 2
Z= —1 . —1 (4.11)
2 -1
-1 2 -1
L _1 1_

The finite sample properties of DW under the null hypothesis (no auto-
correlation) is quite complicated and depends on the value of the X matrix,
which must not contain lagged values of the dependent variable. The de-
pendence on X is easy to verify as & = Mwu. Thus (4.10) can be expressed
as
(u/o) MZM (u/o)

(w/o) M (u/o)

Given this dependence, Durbin and Watson provided tables of bounds
for the statistic to facilitate applications of the test. However, these table
values include inconclusive ranges of the values for DW in which no decision
regarding the null hypothesis can be made. The DW is two-sided and is
presented in Figure 4.3. It rejects the null of no first-order autocorrelation
if DW is outside of the range (dl,4 — dl), where the interval bounds are
available in DW tables.” For example, the test rejects the null hypothesis
under the alternative of positive autocorrelation if DW<dl, and it rejects
the null under the alternative of negative autocorrelation if DW>4 —d[. The
test has two inconclusive regions that are represented by the intervals (dl, du)
and (4 — du,4 — dl); if DW is inside one of these intervals no decision can
be made regarding the null. Finally, if DW is inside the interval (du, 4 — du)

DW =

9These interval bounds depend not only on the number of observations, but also on
the number of explanatory variables (excluding the constant).
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0 dl du 2 4-du 4-dl 4

Figure 4.3: Durbin-Watson Statistic

the null hypothesis is not rejected. The asymptotic central tendency of DW
is 2.

While popular a few decades ago, this test has several important limi-
tations that make it rarely useful in practice. First, this test is only valid
when the alternative hypothesis is that the noise component follows an AR(1)
process. Second, it can not be applied if lags of the dependent variable are
included as regressors. Third, the test implicitly assumes that the noise com-
ponent is normal. Fourth, “inconclusive” regions are bound to be present as
the exact distribution of DW depends on the data matrix X.

Given the power of modern computers, it is now possible to calculate cu-
mulative distribution function values for DW under the normality assumption
and thus determine the exact probability values of DW tests. In particular,
for a given value of d € [0,4] (this represents the asymptotically admissible
range of DW),

Pr (DW < d) — % _ % /Ooo %dw, (4.12)
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where

)
S
Il
N —
(]~

[tan™" (Aw)]

=7

1/4
g(w) = [ (1 + )\wa)]

t=1
and the \;’s are the T eigenvalues of the matrix H = M ZM — dM, with Z
as defined in (4.11). In the numerical calculation of (4.12), one can truncate
oo to the value -
M2 ]

2

v =

Y

[c S

where 7™ is the number of nonzero \;’s with the assurance that Pr (DW < d)
is calculated to within ¢ (e.g. ¢ = 0.001) of the true value; that is, less than ¢
of the value of the integral has been truncated. In calculating the integrand
values of (4.12), it is also useful to note that

. T*
sinfew)] ST
w—0 w - g (w) 2

Remember that the tabled bounds of Figure 4.3 and the preceding exact
c.d.f. calculations for DW are based on the assumption that under the null,
u; ~ N (0,0%). Thus, even the exact c.d.f. calculations become approximate
when the normality for u does not hold. The accuracy in such cases is
unknown.

However, (4.10) can be written as

Zfzz (@7 + a7y — 2w )
T ~
>t U

because S, 42/ S0 @2 and ., 12 /31, 42 each converge to 1 as T —

00, and because Y, Uytly_1/ S, 42 — p. Then DW= 2 (1 — p), where
is the OLS estimate of p in the auxiliary regression

DW =

Y

ﬂt,l = pﬂt -+ ;. (413)

Asymptotically, testing the null hypothesis that p = 0 is equivalent to
testing if DW is significantly different from 2. Note that testing the signifi-
cance of p does not require normality (asymptotically), which suggests that
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an asymptotic Z-test may be preferred when the normality assumption is
not appropriate.

Durbin’s h Test A variation of the DW test that can be applied when
the model contains lagged dependent variables as regressors is the Durbin h
test. In this case, the auxiliary regression (4.13) is still valid, but the most
familiar implementation of this test takes the form:

DW T D
h=(1- 1
( 2 >\/1—T6§_>N(0’ )

where 52 is the estimator of the variance of the parameter associated with
the first lag of the dependent variable included in the original estimation. A
few features of this test are worth commenting on: First, it does not matter
how many regressors (including lags of the dependent variable) are included
in the regression; to compute the h test, we need consider only the variance of
the coefficient associated with the first lag of the dependent variable. Second,
the test is not applicable when T’ 6\% > 1, but in practice this does not happen
often; when that is the case it is better to stick with the results from (4.13)
or the other tests described below. Finally, the properties of the test are
known only asymptotically, thus care should be taken when applying it with
small samples.

Breusch-Godfrey’s Test This test is similar in spirit to the heteroskedas-
ticity tests discussed above in the sense that it uses the TR? statistic of an
auxiliary regression. It is more general than the DW and h test because
it can be applied to evaluate alternative hypotheses that are not restricted
to first-order autocorrelation. As all the tests discussed, the null hypothe-
sis continues to be that there is no autocorrelation in the residuals, while
the alternative of this test is that the residuals follow an AR(m) or MA(m)
process.

Operationally, the test is carried out be regressing w; on xs, Us_1, - -+ , Us—mm
and referring T'R? to the tabled critical value of a Chi-squared distribution
with m degrees of freedom. Since X'u = 0, the test is equivalent to regressing
u; on the part of the lagged residuals that is unexplained by X. There is
therefore a compelling logic to it; if any fit is found, it is due to correlation
between the current and lagged residuals. The test is a joint test for the first
m autocorrelations of u, not just the first.
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() Statistics () tests are variants that are asymptotically equivalent to the
Breusch-Godfrey test. These tests use estimates of the autocorrelations of u.
The s-th order autocorrelation is approximated by:

> gy Ul
2 up=st1 Wtlt—s

re = U
Zt:l “t2

Box and Pierce propose to use
m
2 D 9
Qer=TY 125X},
s=1

to test the null hypothesis of no autocorrelation, against the alternative of
an AR(m) or MA(m) process.

Ljung and Box introduced a modified test for the null hypothesis whose
finite sample distribution is more closely approximated by the central Chi-
square distribution. This test is defined as

m 2

QLB:T(T+2)Z

s=1

These, as well as the Breusch-Godfrey test, are extremely general. Some
textbooks complain that these tests are silent with respect to the choice of
m thus making them subjective. This criticism does not make sense. Recall
that what we look for is for the residuals to be best described (at least) as
white-noise processes; thus these tests should be performed for as many values
of m as the sample permits. Failures to reject the null signal specification
problems that should be addressed.

FGLS under Autocorrelation
When (2 is known, the GLS estimator is
Bars = (X'Q71X) T (X'Q71Y).

The form that €2 will take depends on the process that the residuals follow.
Here we will concentrate our attention to the simple case of the AR(1) model



4.3 ESTIMATION WHEN IS UNKNOWN 123

for u;. We derived the autocorrelations and autocovariances for this process
in (4.6); thus in this case we have

1 9 LgT2 g7l i
0 1 . QT—S QT—Z

T2 6T 1 g
0T—1 HT_Q 0 1

Recalling that we need to find the matrix P such that Q7! = P'P to
estimate the transformed model by OLS, it is easy to verify that in this case

[ Vi—6®0 -0 0]

9 1 .0 0
P=1o0 , (4.14)

91 0

0 SR

in which case the variables used in the transformed model (4.1) are:

V1= 0%, V11— 6%}
v y2 — Oy v xh — 0x)
| YT — Oyr—1 ] i wp — Oy i

Thus, the GLS estimator is obtained applying OLS to the transformed
model.

When (2 is not known, GLS is unfeasible and we need to obtain an esti-
mate for 6 in (4.14) to estimate (4.2). A popular candidate is:

_ ZtT:Q Uslip—1

T <
thz uf

)
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Theil suggested to use § = (T — k‘)@/ (T'—1) to obtain a better finite
sample estimator. Yet another estimator is # = 1-DW/2. On the other
hand Durbin suggested obtaining # from the nonlinear regression model

Yr = Q1 + B'ay + 05 w1 + vr.

Once @ is obtained from any of these auxiliary procedures, the second
step is to apply (4.2) and obtain the FGLS estimator. This estimator may
be obtained following the procedures devised by Cochrane and Orcutt or
Hildreth and Lu.

4.4 Bottom Line

In a regression model FGLS is asymptotically superior to OLS. There are at
least five reasons why we do not exclusively estimate regression models by
FGLS.

First, FGLS depends on the specification and estimation of ). Since its
structure is unknown, and it may be estimated with considerable error, the
estimated {2 may contain more noise than information about the true €. In
this case FGLS will do worse than OLS. When the structure of heteroskedas-
ticity is unknown or poorly specified, FGLS can perform worse than OLS.
This reflects the classic bias—variance trade-off: FGLS reduces variance only
if the weights are well estimated. Otherwise, it may introduce harmful bias.
Robust OLS (e.g., White or HAC) may be preferable in these cases.

Second, in the case of heteroskedasticity, Zr\f may be negative for some
t, and this requires trimming. This introduces an element of arbitrariness
which is unsettling to empirical researchers.

Third, OLS is a more robust estimator of the parameter vector. The
asymptotic properties of FGLS depend on the particular selection of €2. The
point is that the efficiency gains from FGLS are built on the stronger as-
sumption of a correct (), and the cost is a reduction of robustness due to
misspecification.

Fourth, the OLS estimator is consistent and correct inference can be made
using a HAC matrix or White’s heteroskedastic consistent covariance matrix.

Fifth, in the case of autocorrelation, not rejecting a particular form of
autocorrelation does not necessarily imply its acceptance. An example of
the empirical practice that was prevalent a few decades ago is instructive.
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Assume that a researcher run a regression of the form
Y = P + . (4.15)

After the OLS results were obtained, the researcher typically looked at
the DW statistic, if it was low, it was assumed that the residuals followed an
AR(1) process of the form

U = PUs—1 + Uy, (4.16)

with v, being a white-noise process. If we substitute (4.15) on (4.16) and
rearrange, we obtain

Yo = Py — pPLi1 + pyr—1 + vt (4.17)
Compare (4.17) with the following model
Yt = Ty + Q11 + Qalp1 + Vg (4.18)

Of course, (4.17) is a special case of (4.18), as for (4.17) to hold, the
following restriction on (4.18) must be satisfied:

Qg + v = 0. (419)

This nonlinear restriction (known as the common factors restriction) is
never tested when we automatically “correct” for first order autocorrelation.
Thus, it is perfectly possible (and indeed frequent) for the DW to be far from
2 and model (4.15)-(4.16) not to be true as (4.19) may not be satisfied.

A pervasive practice with the tradition of the literature of departures
from standard assumptions on the LRM is that it usually begins with simple
models, and after a “problem” is detected, a “remedy” such as the Cochrane-
Orcutt procedure is applied immediately. The problem with this philosophy
is that it goes from specific-to-general and the risk of ending up estimating
a misspecified model is undesirably large. A healthier practice is to use tests
as tools not for detecting “problems” but opportunities, in the sense that
the tests provide us with guidelines of directions towards uncovering the true
DGP. Therefore, it is always better to begin estimating a model such as
(4.18) and not (4.15), and test whether or not a restriction such as (4.19) is
supported by the data. This type of modelling goes from general-to-specific
because it allows us to end with a more parsimonious model only when the
evidence points in that direction, in which case the risk of misspecification is
reduced.
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4.5 Further Reading

Several references offer treatments of generalized least squares and robust
inference similar in scope and rigor to the one presented in this chapter.
Amemiya (1985) develops the theory of GLS and FGLS in a general frame-
work, emphasizing efficiency and the implications of misspecification. Hayashi
(2000) discusses GLS and heteroskedasticity-consistent inference early on,
using moment-based arguments that connect naturally with GMM. Ruud
(2000) provides detailed derivations and emphasizes the consequences of
model misspecification for both estimation and inference. Mittelhammer,
Judge, and Miller (2000) examine GLS and FGLS from a decision-theoretic
perspective, including the role of prior information and loss functions. Hansen
(2022) gives a modern and clean treatment of GLS, FGLS, and robust stan-
dard errors, including simulation-based illustrations that echo the exercises
presented in this chapter.

Introductory discussions of GLS can be found in several standard texts.
Johnston and DiNardo (1997) offer a clear and pedagogical treatment of GLS
and its variants, with intuitive examples. Baltagi (1999) covers the basics
of GLS and prepares the ground for its application in panel data settings.
Greene (1993) provides an accessible overview of GLS and FGLS procedures
and discusses various practical issues that arise in applied work.

For advanced treatments, White (1980) remains the foundational refer-
ence on heteroskedasticity-consistent inference, introducing the now-standard
"White standard errors." Newey and West (1987) extend this approach to ac-
commodate both heteroskedasticity and autocorrelation, providing the basis
for HAC estimators used extensively in time series econometrics. Davidson
and MacKinnon (2004) offer an extensive and applied account of robust in-
ference methods and their finite sample properties, including simulations and
implementation details.

4.6 Workout Problems

1. Prove that &° is biased when Q # I7.

2. Construct a 95% confidence interval for the OLS estimator when 2 is
known.

3. Prove (4.5).
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4.
5.
6.
7
8
9

10.

Derive the autocovariances and autocorrelations of an AR(2) process.
Derive the autocovariances and autocorrelations of an MA(2) process.

Derive the autocovariances and autocorrelations of an ARMA(1,1) process.

. Prove (4.14).
. Describe the Cochrane-Orcutt procedure.

. Describe the Hildreth-Lu procedure.

Consider the following Data Generating Process (DGP):
Yt = 22 + Uy,
where z; ~ N(0,1) and u; ~ N (0, 02), where:

o} =1+ 27,

An econometrician (incorrectly) postulates that:

o7 = exp(y2),

where z; = t/T. Conduct a Monte Carlo experiment with J = 10000
replications, for sample sizes T = 25, 100, 1000. For each sample obtain
the OLS, GLS, and FGLS of the incorrectly specified model. Compare
the mean, bias, standard deviation, RMSE, and empirical coverage of a
95% confidence interval of each estimator. In the case of OLS consider
the case in which the conventional (incorrect) and robust variance is
used.






Chapter 5

Causal Identification

5.1 Introduction

Econometric models often aim to answer causal questions: What is the effect
of education on earnings? How do interest rates affect investment? Does
access to a social program improve health outcomes? In these and count-
less other examples, our goal is not simply to describe associations in the
data, but to isolate the effect of one variable on another—to estimate causal
parameters.

Yet regression, by its very nature, is a tool of correlation. The causal con-
tent of a regression coefficient does not emerge from the formula, but from the
assumptions we impose on the data-generating process. Chief among these
is the assumption that the regressors are exogenous—that is, uncorrelated
with the error term. When this assumption fails, the Ordinary Least Squares
(OLS) estimator is no longer consistent, and the coefficients lose their causal
meaning. This is the central issue of endogeneity.

Endogeneity arises from many sources. Some are familiar: omitted vari-
able bias, measurement error, or simultaneity. Others are subtler: behavioral
responses, self-selection, or institutional feedback. Regardless of its origin,
the presence of endogeneity undermines the credibility of estimated effects.
The challenge for the econometrician is therefore to find or create exogenous
variation—variation in explanatory variables that is plausibly uncorrelated
with unobserved determinants of the outcome.

This chapter examines the principal strategies available to identify causal
effects in the presence of endogeneity. Broadly speaking, these strategies fall

129



130 CHAPTER 5 CAUSAL IDENTIFICATION

into two complementary traditions. The first is structural: it relies on eco-
nomic theory to justify the exclusion of certain variables or the existence of
valid instruments. Methods such as instrumental variables and simultaneous
equations models belong to this tradition. They operate within systems of
equations, often using features of the economic structure to identify causal
parameters. The second is design-based: it emphasizes the way data is gen-
erated or collected. Instead of seeking instruments, it looks for natural or
actual experiments, policy discontinuities, or temporal variation that approx-
imate randomized assignment. Methods such as randomized controlled trials,
difference-in-differences, and regression discontinuity designs exemplify this
approach.

Both traditions are united by a common purpose: to isolate variation
that is as-if random and to use that variation to make credible causal claims.
Understanding when and how such identification is possible is the cornerstone
of applied econometrics.

The rest of this chapter is organized as follows. Section 5.2 discusses the
problem of endogeneity in the linear model and explains why OLS fails when
regressors are endogenous. Section 5.3 introduces instrumental variables as
a method for recovering consistent estimates, develops the two-stage least
squares estimator, and presents diagnostic tools for assessing instrument va-
lidity. Section 5.4 turns to systems of simultaneous equations, showing how
structural relationships give rise to endogeneity and how 2SLS can be used
within identified systems. Section 5.5 shifts to design-based approaches and
reviews the logic of randomized experiments, the pitfalls of observational
data, and the principles behind natural experiments. Finally, Section 5.6
presents two central quasi-experimental methods—difference-in-differences
and regression discontinuity—and discusses their assumptions, implemen-
tation, and threats to validity.

5.2 Understanding Endogeneity

The Ordinary Least Squares (OLS) estimator is often introduced as the
gold standard of regression analysis: it is linear, unbiased, consistent, and
efficient—so long as the regressors are exogenous. But in the real world of
economic data, this exogeneity assumption is more often violated than sat-
isfied. When regressors are endogenous—meaning they are correlated with
the error term—OLS no longer delivers reliable estimates of causal effects.
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The resulting estimators are not merely imprecise; they are systematically
misleading.

Why does this happen? FEndogeneity typically arises in three familiar
situations: omitted variables, measurement error, and simultaneity. FEach
of these mechanisms causes the regressors to pick up not only their own
intended variation, but also unobserved components that belong in the error
term. When this happens, the clean separation between “explained” and
“unexplained” in the model collapses.

To see how this plays out in a stylized setting, consider a simple linear
model where the true regressor is unobserved:

*
Y = By + w,
but z* ~ (0,02.) is not observed. Instead, we observe a noisy measurement:
*
T = Ty + vy,

with v ~ (0,02) independent of everything else. If we estimate the model
using x;, the OLS estimator becomes:

o doazo Y a? o5 + 02
This is the textbook case of attenuation bias: the estimate is systemati-
cally biased toward zero. The reason is straightforward. The measurement
error v adds noise to the regressor, which reduces the signal-to-noise ratio.
The regression interprets the weakened correlation between z and y as a
weaker causal effect of z*, even though the true effect 5 hasn’t changed.
More generally, consider the multivariate linear model:

Y = X8+ u,

If the regressors X are correlated with the disturbance term u, then the
probability limit of the OLS estimator is no longer (3, but:

BDB+2 S0 # 5.

This inconsistency stems from the term %, = T7'€ (X'u) # 0, which
reflects the degree to which the regressors are endogenous. In this case, OLS
not only fails to deliver a meaningful estimate—it delivers a biased estimate
with high confidence.



132 CHAPTER 5 CAUSAL IDENTIFICATION

The same logic applies to systems of equations. In simultaneous equations
models, the dependent variable in one equation appears as a regressor in
another. This creates a mechanical correlation between the “regressor” and
the “error,” since both variables are jointly determined. As we will see in
Section 5.4, this structural endogeneity invalidates OLS as a method for
recovering the true parameters of the system.

In all these cases, what is needed is a strategy to separate the endogenous
part of the regressor from the exogenous variation that drives causal effects.
In the next section, we introduce the instrumental variables method—a pow-
erful solution to this problem that allows us to restore consistency by lever-
aging external sources of variation.

Before we proceed, it’s important to emphasize a subtle point: the incon-
sistency of OLS is not a technicality—it is a fundamental obstacle to causal
inference. When a regressor is endogenous, its coefficient no longer has a
well-defined interpretation as a marginal effect, let alone a policy-relevant
parameter. Any statistical procedure that fails to address this issue risks
drawing conclusions from statistical artifacts rather than economic relation-
ships.

5.3 Instrumental Variables

When faced with endogeneity, the core problem is the contamination of a
regressor by unobserved shocks that also affect the outcome. This contami-
nation breaks the exogeneity condition and renders OLS inconsistent. This
is not a failure of the model per se, but a mismatch between what the data
reveal and what the structural equation requires. The question now becomes:
how can we recover consistent estimates when some regressors are endoge-
nous?

The idea behind instrumental variables (IV) is both powerful and elegant:
if we cannot trust the regressor, perhaps we can find another variable—an
instrument—that is correlated with it but uncorrelated with the error term.
In this way, we recover a clean source of variation in the regressor, one that
mimics the randomness of a controlled experiment.

The idea is simple in principle: if a regressor X is correlated with the
structural error term u, we seek a variable Z—a valid instrument—that is
required to satisfy two conditions:

e Instrument relevance [Z is correlated with X]: T-'Z'X 5 ¥,
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e Instrument exogeneity [Z is uncorrelated with u]: 771 Z'u 20

Such a Z allows us to extract from X only the part of its variation that
is unrelated to the error term and hence suitable for estimating 5. In other
words, we use Z as a proxy for the exogenous component of X.

The success of this strategy hinges entirely on whether these two proper-
ties hold. If 7 is weakly correlated with X, the instrument is said to be weak,
and the resulting estimator becomes unreliable. If Z is correlated with u,
then IV estimation reintroduces bias through the back door.

Instrument relevance implies that the instruments provide enough varia-
tion to identify the endogenous component of the regressor. This is a quan-
titative property: the instruments must shift the endogenous regressors in
a way that is strong and detectable in the sample. Instruments that fail
to do this are referred to as weak, and they pose serious problems. When
instruments are weak, the IV estimator can be biased in small samples (some-
times worse than OLS) and its distribution may be far from normal, making
inference unreliable. This is especially problematic when the first-stage rela-
tionship is only marginally significant.

In contrast, instrument exogeneity is a qualitative property: the instru-
ment must affect the outcome only through its correlation with the endoge-
nous regressor, not directly or through omitted variables. This assump-
tion cannot be tested directly in just-identified models but becomes testable
(though not fully verifiable) in overidentified settings. Violations of exogene-
ity introduce bias akin to that of the original endogeneity problem IV was
designed to solve.

In what follows, we assume valid instruments for estimation and then
return to formal tools for evaluating these conditions.

5.3.1 From Moment Conditions to Estimation

Let us now formalize the IV estimator, beginning with the just-identified case
and then generalizing to allow more instruments than endogenous regressors.
In both cases, the logic is grounded in a system of moment conditions: we
assume that the instrument is correlated with the endogenous regressor but
uncorrelated with the structural error term.
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The Just-Identified Case: dim(X) =dim(Z) =k

Suppose we are estimating the linear model:
Y = XB+ u, (5.1)

and we have a matrix of k instruments Z satisfying £[Z'u] = 0 and rank(Z'X) =
k.
Then, in large samples, the moment condition £[Z'(Y — XM)| = 0 leads
to the estimator:: R
Bsrv = (Z/X)il Z'Y.

This is the standard instrumental variables estimator (SIV), which exists
and is consistent as long as X’Z is nonsingular. The intuition is straightfor-
ward: we are using variation in X that comes from Z—which we believe to
be uncorrelated with u—to estimate the structural parameter (3.

The estimator of the variance-covariance matrix of B¢, is:

~

V(Bs) =72 (zx) " 22(x'2) ",
where:

~ / ~
o* =T (Y - Xﬁszv) (Y - Xﬁszv) :

The Overidentified Case: dim(X) <dim(Z) =k

When we have more instruments than endogenous variables, we can no longer
directly invert Z’'X, as it is now a tall matrix. However, if we premultiply
(5.1) by Z’" we obtain:

2'Y = Z'Xp + Z'u. (5.2)

Note that £[Z'u] = 0 (because of the property of exogeneity of Z) and:
V(Z'u)=0*(Z'Z).

We see that Z’'Z plays the same rule of €2 in the GLS framework. Thus,
applying the same logic that we used in (4.1) we obtain the GLS estimator:

Brv = (X'PzX) " X'PY, (5.3)

where Py = Z (2'2)" Z'.
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As derived in Section 4.2,

9 (BIV) =5’ (X/PZX)_1

~ / ~
G2 =171 (Y . XBIV) (Y - Xﬁfv) .
Furthermore, as:
~ —1
B =B+ [T‘lX’Z (Z'7)" Z’X} TIX'Z(2'2)"" Z'u,
the estimator is consistent as:
TX'Z(Z'2) " Z'X 5 Sxz50 8k
T'X'Z(Z2)" Z'u D Sx25555 2, = 0.

This derivation reinforces a central theme of this chapter: even though
OLS fails under endogeneity, the broader principle of orthogonal projection—
which underpins both OLS and GLS—can be salvaged by shifting from X to
instruments Z.

Viewed this way, IV emerges as a sequence of nested estimators. Since
GLS is the OLS estimator applied to a transformed model, and IV is the GLS
estimator of a moment condition system pre-multiplied by Z, the IV estima-

tor can be seen as the OLS estimator of a transformation of a transformed
model.

5.3.2 Two-Stages Least Squares (2SLS)

While the IV estimator arises from moment conditions and has a GLS inter-
pretation, it can also be viewed as the outcome of applying OLS twice.

e Stage 1: Regress each variable in X on Z to obtain X:
X =2(2'2)"7X = PyX,
e Stage 2: Regress Y on X to obtain the 2SLS estimator:
~ PPN I
Basts = (X/X> XY
= (X'PsX) ' X'PsY =By
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This two-stage perspective is not just computationally convenient. It
reinforces the intuition behind the method: IV uses only the part of the
regressor that is predictable from exogenous sources. The rest is discarded,
as it is potentially contaminated by endogeneity.

5.3.3 Assessing Instrument Validity

The credibility of the instrumental variables estimator rests on two key re-
quirements: relevance and exogeneity. These conditions must be satisfied for
the estimator to identify the causal effect of interest consistently. Although
neither condition is automatically guaranteed in applied work, both can be
examined—relevance through formal diagnostics, and exogeneity through
overidentification tests in appropriate settings.

Relevance: Are the Instruments Strong Enough?

An instrument must explain a meaningful share of the variation in the en-
dogenous regressor. If it does not, the first-stage regression will be weak, and
the resulting IV estimates will be unreliable, even in large samples. Formally,
suppose the structural model is given by:

Y = X3+ u,

and the m instruments Z are used to address the endogeneity of X. The
first-stage regression is:
X =Zll+w.

In practice, we distinguish between regressors that are suspected to be
endogenous and those that are believed to be exogenous. Instrumentation
should only be applied to the former. For exogenous regressors, the best
instrument is the regressor itself: it is perfectly correlated with itself and, by
definition, uncorrelated with the error term. Instrumenting such variables is
not only unnecessary—it introduces inefficiency and, if the instruments are
weak or invalid, may contaminate the estimation.

As m > k, to satisfy the relevance condition, the matrix Z’X must have
rank k*, where k* refers specifically to the number of endogenous regres-
sors. If this condition fails, 3 is not identified. Even when it holds in large
samples, poor finite-sample performance can result when the instruments
explain little of the variation in X. These cases are referred to as involving
weak instruments.
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When there is only one endogenous regressor, instrument strength is typ-
ically assessed using the F-statistic from the first-stage regression. A value
below 10 is commonly interpreted as evidence of weak instruments. This
rule of thumb originates from the critical values derived by Stock and Yogo
(2005), who showed that small F-statistics are associated with large biases
in the IV estimator and size distortions in conventional inference.

In the case of multiple endogenous variables, the simple F-statistic is
no longer appropriate. Instead, one can use the Cragg-Donald Wald F-
statistic, which tests the joint significance of the excluded instruments under
the assumption of homoskedasticity. When heteroskedasticity or clustering is
present, the Kleibergen-Paap rk statistic is preferred. These statistics assess
whether the instruments are sufficiently informative to identify the endoge-
nous components of X, and are interpreted relative to critical values that
depend on the number of instruments and endogenous regressors. See Stock
and Yogo (2005) and Kleibergen and Paap (2006) for details.

Exogeneity: Is the Instrument Uncorrelated with the Error?

Exogeneity is a qualitative assumption: instruments must affect the out-
come only through the endogenous variables. In just-identified models, this
is untestable. In overidentified models, it can be assessed using the overiden-
tifying restrictions test.

Let ury =Y — X EIV be the residuals from the IV regression. The test
proceeds as follows:

e Regress uyy, on the instruments Z.

e Compute the statistic T R2.

Under the null that all instruments are valid:
TR2 ~ X?nfk’”

where m is the number of instruments and £* is the number of endogenous
regressors. This is the Sargan test under homoskedasticity, or the Hansen
J-test when using robust standard errors. A rejection implies that at least
one instrument is invalid.
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Choosing Instruments: Art and Theory

The search for valid instruments is often the most conceptually demanding
part of empirical work using IV methods. There is no general algorithm
for constructing them; success depends on a careful understanding of the
economic setting and a credible argument for both relevance and exogeneity.

Instruments are typically drawn from variables that influence the en-
dogenous regressor but are plausibly excluded from the structural equation.
Common sources include predetermined variables such as lagged values, pol-
icy rules or thresholds that induce variation across individuals or regions, or
shocks that shift supply without directly affecting demand. For example, in
models where price is endogenous, cost shifters that do not influence demand
directly can serve as potential instruments. Similarly, institutional features—
such as eligibility criteria, legal mandates, or administrative assignment—can
introduce exogenous variation that is both strong and arguably unrelated to
the unobserved determinants of the outcome.

But even when an instrument satisfies statistical diagnostics, its credi-
bility depends on the exclusion restriction. This is not a property that can
be tested in just-identified models, and only partially tested in overidentified
ones. It must be argued on theoretical, institutional, or structural grounds.
A compelling IV strategy is always built on a plausible economic mechanism
that justifies both the presence and exclusion of the instrument.

5.3.4 'When Should We Use IV? Testing for Endogene-
ity

Instrumental variables estimation is a powerful tool—but one that should be
used sparingly and only when justified. Because valid instruments are diffi-
cult to find, introducing IV estimation without strong evidence of endogeneity
can lead to inefficiency and unnecessary complexity. In most applications,
the maintained hypothesis is that the regressors are exogenous. The relevant
question is therefore not whether we can estimate the model using IV, but
whether we must.

To formalize this, suppose we are interested in estimating the structural
equation:

Y =X+ u,
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but we suspect that X may be endogenous. This endogeneity may arise
because X is not an exogenous variable, but rather the outcome of another
process. Specifically, assume:

X =2Zy+v,

where Z is a matrix of instruments and v captures the unobserved determi-
nants of X. This equation reflects the marginal behavior of X.

The key insight is this: if v is correlated with u, then a change in X
that arises from a change in v will also be associated with a change in wu.
This creates a mechanical correlation between X and wu, rendering the OLS
estimator inconsistent and undermines its causal interpretation. If a shift in
X is not exogenous but is instead driven by v, and v is correlated with u, then
a change in X also entails a change in u. In that case, we cannot attribute
the full change in Y to a change in X via (3, since part of the change in Y
comes from the simultaneous movement in the error term. It is precisely this
concern that motivates testing for endogeneity.

The Hausman test provides a formal statistical procedure to test the null
hypothesis that X is exogenous. Under the null, Cov(X,u) = 0, and both
OLS and IV estimators are consistent, but OLS is more efficient. Under the
alternative, Cov(u, v) # 0, OLS is inconsistent and IV is preferred.

The test can be implemented in two equivalent ways. One approach
proceeds as follows:

e Estimate the first-stage regression:
X =2Zvy+,

and obtain the residuals 2.

e Include ¥ as an additional regressor in the structural equation:

Y = X3+ 6v+u.

e Test the null hypothesis Hy : B = 0. A statistically significant B implies
that v and u are correlated, confirming endogeneity.

An alternative test, which delivers the same conclusion, consists in evalu-
ating whether the residuals from the structural model estimated by OLS are
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correlated with the residuals v from the first-stage regression. Specifically,
one can test whether Cov(u,v) = 0, where u is the OLS residual. A signif-
icant correlation between these residuals suggests that the component of X
driven by v is also associated with the outcome error u, providing evidence
of endogeneity.!

Yet another approach compares the OLS and IV estimates of 5 directly.
Under exogeneity, both are consistent, and their difference should vanish
asymptotically. A significant difference between the two estimators suggests
that at least one is inconsistent—typically OLS.

The Hausman test, then, is not merely a comparison of two estimation
procedures. It formalizes the economic question of whether we can safely ig-
nore the marginal process generating X . If the answer is yes—if the variation
in X is orthogonal to the structural disturbance—we proceed with OLS. If
not, we turn to IV, not merely as a statistical fix, but as a strategy to isolate
the exogenous variation in X and recover the causal effect of interest.

5.4 Simultaneous Equations

Endogeneity does not always arise from omitted variables or measurement
error. In many cases, it is a consequence of how the model is structured. Eco-
nomic theory often implies that variables are determined jointly rather than
sequentially. In such settings, endogeneity is not an empirical nuisance—it
is intrinsic to the system. This motivates the framework of simultaneous
equations models, in which some regressors are endogenous by design.

5.4.1 Structural and Reduced-Form Systems

Consider the classical example of a competitive market with supply and de-
mand:

Demand: Q) = a1 P 4+ as X + uy
Supply: Q = ;P + us .

(5.4)

'Note that one cannot test whether Cov(X,u) = 0 by regressing the OLS residuals on
X. By construction, OLS ensures © | X, regardless of whether X is exogenous. The
residuals are orthogonal to the regressors by the algebra of OLS, not by assumption about
the underlying data-generating process. Thus, such a test would be uninformative.
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Here, ) (quantity) and P (price) are endogenous variables; X (e.g., in-
come) is exogenous. The terms u, and ug capture demand and supply shocks,
respectively. Under the standard assumption that agents take prices as given,
but prices and quantities are determined simultaneously in equilibrium, we
cannot treat P or () as exogenous in either equation.?

The two equations above are structural equations: they describe behav-
ioral or technological relationships, typically derived from economic theory.
The parameters (aq, s, 5;) are structural parameters. They have a direct
economic interpretation—elasticities, marginal effects, or policy parameters—
and are the primary object of interest in structural analysis.

By solving the system for the endogenous variables in terms of the exoge-
nous variables, we obtain the reduced-form equations:

BiP+us = a1 P+ asX 4+ uy

p—_—22 x M7 5 x4y
Bl_al 51_041

0 - Proa | Pita — ontis
B —m By —m

= 02X + vy,

where the coefficients (d1,02) are functions of the structural parameters, and
vy, v9 are linear combinations of uy; and u,. These reduced-form equations
describe how the endogenous variables respond to exogenous variation in
equilibrium.

Importantly, the reduced-form parameters are not devoid of content. Al-
though they do not admit a structural interpretation, they summarize the
equilibrium response of the endogenous variables to changes in the exogenous
environment. They are particularly useful for forecasting and for describing
the joint dynamics of the system. Moreover, unlike structural parameters,
the reduced-form parameters can be estimated consistently by OLS, because
the right-hand side variables (X) are exogenous.

2Even if the structural shocks ug and us are uncorrelated, a shift in uy affects both Q
and P in equilibrium. An increase in u4 raises demand, which leads to a new equilibrium
with higher quantity and price. As a result, the equilibrium value of P reflects information
about ug, violating the exogeneity condition required for OLS. Therefore, P and ug are
correlated, and OLS estimation of the demand equation yields an inconsistent estimator
of Qaq.
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5.4.2 The Identification Problem

The central problem is whether the structural parameters can be recovered

from the reduced-form estimates. This is the identification problem. A struc-

tural equation is said to be identified if its parameters can be expressed

uniquely as functions of the reduced-form parameters. If not, no consistent

estimation is possible—regardless of sample size or estimation method.
Two standard conditions are used to assess identification:

e The order condition is a necessary condition. Let G' be the number of
endogenous variables and K the number of exogenous variables in the
system. In a particular equation, let g, denote the number of endoge-
nous variables and k,, the number of included exogenous variables in
equation n. Equation n is identified if:

If the inequality is strict, the equation is overidentified; if equality holds,
it is exactly identified. Otherwise, it is underidentified.

e The rank condition is necessary and sufficient but more difficult to
verify directly. It requires that the excluded exogenous variables exert
enough variation to affect the included endogenous regressors through
the rest of the system.

Returning to our example in (5.4): we have G = 2 endogenous variables
(P,Q) and K = 1 exogenous variable (X).

In the demand equation, gy =2, kg =1,s0 K —k;=0<1=g4— 1.

In the supply equation, gs =2, ks =0,s0 K —k;=1= g, — 1.

This means that while the demand equation is underidentified, the supply
equation is exactly identified and can be estimated consistently. The key
is that the exogenous variable X, which shifts the demand curve, induces
movements along the supply curve. As changes in X shift demand, they
generate observable equilibrium adjustments in both P and @), tracing out
the supply relationship. Since X is excluded from the supply equation but
affects P and () through its impact on demand, it serves as a valid instrument
for identifying the structural parameter (3;, the supply elasticity.
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5.4.3 Estimating Identified Equations

When identification is secured, the structural equation can be estimated using
IV techniques. Consider the structural equation n :

Yn - Yﬁﬁn + anyn +u, = Zna/n + Unp,

where Y,, is the T x 1 vector of observations of the endogenous variable n,
Y5 is the T' x (g — 1) matrix of the other endogenous variables in equation
n, X, is the T x k, matrix of exogenous in equation n, and o/, = [3], /]
is the vector of structural parameters of equation n. Finally, Let X be the
collection of all the exogenous variables in the system denote the matrix of
all exogenous variables in the system (included and excluded in equation 7).

Two-Stage Least Squares (2SLS) proceeds as follows:

e First-stage: Regress each of the variables in Yz on X and compute the
fitted values:

V=X (X'X) ' X'V = PyYa.
e Second-stage: Regress Y,, on ?ﬁ and X,,. The resulting estimator is:
an = (Z,PxZ,) " Z! PxYsy,

where 2, = [?ﬁ Xn] is the full regressor matrix for the structural
equation.

As with any IV method, the consistency of the 2SLS estimator depends
on the validity of the instruments (i.e., the exogeneity of X) and the identi-
fication of equation n.

As already discussed in Section 5.3,
V(@,) =52 (Z PxZ,) "

=T (Y, — Z,a,) (Y — Z,a,).
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5.4.4 Why Structure Matters

Simultaneous equations models illustrate that endogeneity is not merely a
statistical nuisance to be corrected with instruments. Rather, it is a conse-
quence of structural interdependence: the variables are jointly determined in
equilibrium. Estimating a single equation as if it were isolated ignores the
logic of the system and typically leads to biased and inconsistent estimates.

The reduced-form equations play a valuable complementary role. They
reveal how the endogenous variables move in response to exogenous shocks
and allow for consistent forecasting. But they do not yield interpretable eco-
nomic parameters unless identification is achieved. Structural equations, by
contrast, allow us to isolate behavioral relationships, perform counterfactual
analysis, and guide policy—provided we are able to identify and estimate
them correctly.

5.5 Design-Based Causal Inference

In recent decades, empirical economics has undergone a methodological shift.
Rather than specifying a fully articulated structural model and estimating
its parameters, researchers increasingly focus on identifying causal effects
through the exploitation of exogenous variation. This design-based approach
places less emphasis on modeling the full system of economic behavior and
more on uncovering local causal relationships under minimal assumptions.
The movement has been fueled by dissatisfaction with the limits of obser-
vational data and the complexity of structural models. But it has also been
enabled by a realization: under certain conditions, credible causal inference
can be achieved with surprisingly simple tools. In many cases, identifica-
tion rests not on functional form or distributional assumptions, but on clever
research design and transparent assumptions about the source of variation.

5.5.1 Randomized, Natural, and Quasi-Experiments

The most credible source of causal identification is the randomized controlled
trial (RCT), in which treatment is assigned randomly and independently of
potential outcomes. Randomization ensures that, on average, treated and
control groups differ only by treatment status. As a result, the difference
in their outcomes consistently estimates the average treatment effect. No
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control variables, structural assumptions, or complex econometric models
are needed.

But randomization is often infeasible, unethical, or both. Economists
therefore look for natural experiments, in which variation in treatment arises
from policy shifts, institutional rules, or other factors that mimic random
assignment. For example, eligibility thresholds, lotteries, geographic bound-
aries, or staggered implementation schedules can generate plausibly exoge-
nous variation.

Let D € {0,1} denote a binary treatment indicator, where D = 1 if the
unit receives the treatment and D = 0 otherwise. Under ideal conditions,
the average treatment effect can be estimated using a simple difference in
means:

§=E[Y|D=1]-E[Y|D=0].

This estimator is consistent if the treatment indicator D is uncorrelated
with the structural error term, which is satisfied under random assignment.
The parameter ¢ is often referred to as the difference estimator, since in this
setting it coincides with the sample difference in means between treated and
control units.

In observational settings, the same logic applies if treatment assignment
is independent of potential outcomes conditional on observable characteris-
tics X. In that case, we can consistently estimate the treatment effect by
controlling for X in a regression:

Y =XB+ D6+ u.

Here, ¢ still represents a difference in outcomes between treated and un-
treated units, but conditional on covariates X. Provided that all relevant
confounders are included, the difference estimator remains consistent.

In practice, randomization is rarely feasible. Economists therefore look
for natural experiments, in which some external force—policy, geography,
institutions—creates variation in treatment that approximates random as-
signment. Examples include eligibility thresholds, lotteries, court rulings, or
staggered policy implementation. When these forces affect treatment but not
the potential outcomes directly, they can generate valid causal inferences.

More broadly, quasi-experiments refer to empirical strategies where treat-
ment is not randomly assigned, but researchers attempt to identify causal
effects by controlling for observables or exploiting discontinuities, trends, or
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timing. Matching methods, difference-in-differences, and regression disconti-
nuity, discussed in Section 5.6 all fall under this umbrella. The logic remains
the same: isolate variation in treatment that is uncorrelated with the unob-
servables driving the outcome.

What distinguishes these approaches from classical structural economet-
rics is not the use of simple linear models—they often rely on regressions
with dummies and few covariates—but the conceptual foundation. The key
assumption is not that the model is correctly specified in a structural sense,
but that the variation in treatment can be viewed as exogenous. This shift in
emphasis—from modeling the system to designing the source of variation—is
the defining feature of the design-based approach.

5.5.2 Internal and External Validity

The appeal of design-based approaches lies in their focus on internal validity:
the extent to which a causal effect is identified for the sample at hand. If
the identifying assumptions are credible, the estimated effect has a causal
interpretation for some subpopulation (e.g., compliers, units near a threshold,
or matched pairs).

But internal validity is not the same as external validity. Many design-
based estimates are local: they capture causal effects for a narrow set of units
under specific conditions. Extrapolating beyond this context—across groups,
time periods, or policies—requires additional assumptions, often unstated
and rarely tested.

Moreover, even internally valid estimates may fail to capture economically
meaningful mechanisms. A policy change may produce an effect, but the
absence of a structural framework means we may not know why the effect
occurs, how persistent it is, or whether it generalizes.

5.5.3 A Healthy Dose of Skepticism

Design-based methods represent a major advance in empirical rigor. But they
also risk encouraging a superficial understanding of causality. The danger is
not that these methods are wrong, but that they are overinterpreted. If every
policy change or discontinuity is treated as a natural experiment, and every
shift in D is regressed on Y without deeper modeling, causal inference risks
becoming a dummy-variable festival.
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These strategies identify partial effects, not systems. They often ab-
stract away from equilibrium responses, behavioral margins, and structural
mechanisms. Without theoretical discipline, they can produce correct but
economically uninformative estimates.

Clever mining for interventions is not a substitute for economic theory.
The ability to detect a statistically significant change after a policy shock
does not, on its own, reveal economic structure or guide decision-making. It
is all too easy to mistake identification for explanation.

Moreover, when agents form rational expectations, the identifying varia-
tion must not only be exogenous in the econometric sense (uncorrelated with
the error term), but also unanticipated by forward-looking individuals. A
policy reform, even if not implemented—or not certain to be implemented—
can still affect current behavior through expectations. As a result, what
appears to be a clean, sharp intervention may already have been priced into
decisions. This undermines the notion that observed outcomes reflect only
the realized change, and complicates both identification and interpretation.

Even when a given intervention reveals a causal effect in a specific con-
text, extrapolating that effect to other settings—different populations, mag-
nitudes, or information structures—is hazardous. The very act of being in-
formed and forward-looking makes agents’ responses sensitive to the broader
environment in which the intervention occurs.

Causal inference requires both design and theory. One without the other
is either naive or vacuous. Recognizing this tension is the first step toward
using design-based methods responsibly—mnot as a substitute for economic
reasoning, but as a complement to it.

5.6 Quasi-Experimental Methods

All quasi-experimental methods aim to estimate the effect of a treatment or
intervention. To define such effects rigorously, we adopt the potential out-
comes framework, also known as the Rubin causal model. For each unit ¢,
define Y; (1) as the potential outcome if treated,Y; (0) as the potential out-
come if untreated.

The individual treatment effect is given by:

Tz‘ZYz‘(l)—Yz‘(O)-

However, we never observe both outcomes for the same unit. If unit ¢ is
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treated (D; = 1), we observe Y; (1), but not Y; (0); if untreated (D; = 0),
we observe Y; (0), but not Y; (1). The missing outcome is the counterfactual:
what would have happened to the same unit had treatment status been
different.

Observed outcomes can be written as:

Yi=DiYi (1) + (1= D) Y; (0),

and the fundamental problem of causal inference is that one of the two po-
tential outcomes is always unobserved. Because we cannot identify 7; for any
individual, we focus on population-level causal parameters, denoted here by

J.

The key parameters of interest include:
e The Average Treatment Effect (ATE):
dare = E[Y (1) =Y (0)],

which represents the mean causal effect across the population.

e The Average Treatment Effect on the Treated (ATT):
darr =E[Y (1) =Y (0)| D = 1],

the average effect for those who actually received treatment.

e The Average Treatment Effect on the Untreated (ATU):

5ATTIS[Y<1)_Y(O)‘D:0]7

the average effect for those who were not treated.
The Local Average Treatment Effect (LATE):

dpare = EY (1) = Y (0)| compliers] ,

the average effect for the subpopulation whose treatment status is changed
by an instrument or threshold.

Each quasi-experimental method identifies one of these parameters un-
der a specific set of assumptions. Matching methods aim to approximate the
counterfactual outcome by comparing observationally similar units. Difference-
in-differences uses time variation to account for unobserved fixed differences.
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Regression discontinuity exploits sharp changes in treatment probability at
a known cutoff.

In all cases, the goal is to estimate how outcomes would have differed for
the same unit under different treatment assignments. That is, to use observed
variation to approximate the missing counterfactual. Understanding what
parameter is being identified, for whom, and under what assumptions, is
essential for any valid causal interpretation.

5.6.1 Propensity Score Matching

When treatment assignment is not random, but is driven by observable char-
acteristics, one strategy to recover causal effects is to compare treated and
untreated units that are similar along those dimensions. Propensity Score
Matching (PSM) operationalizes this idea. It constructs a counterfactual
outcome for each treated unit by identifying comparable control units with
similar probabilities of receiving treatment, conditional on observables.

Let D € {0,1} denote the treatment indicator, and X a vector of observed
covariates. The key identifying assumption is conditional independence (or
unconfoundedness):

(Y (1),Y(0)) L D|X.

That is, once we condition on X, treatment assignment is independent
of potential outcomes.® If this assumption holds, we can recover causal pa-
rameters by comparing treated and control units that are observationally
equivalent.

However, matching on the full vector X may be impractical in high di-
mensions. Rosenbaum and Rubin (1983) showed that it suffices to match on
the propensity score:

p(X)=Pr(D=1]X).

If conditional independence holds given X, it also holds given p(X).
Matching on this scalar index simplifies the problem and facilitates imple-
mentation.

3 As an example, suppose a government offers a business training program to a subset of
micro-entrepreneurs. Participation is voluntary, and those who opt in may differ systemat-
ically from those who don’t. If we observe detailed data on education, prior experience, and
capital, we can estimate the probability of participation and match treated and untreated
firms with similar scores. Comparing their post-program profits allows us to estimate the
effect of training, assuming all relevant differences are captured in observables.
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Yet matching is only valid if treated and untreated units share support:
0 <p(X) <1 forall X.

This overlap (or common support) condition is essential. Without it,
some treated units have no comparable controls, and no reliable counter-
factuals can be constructed. Diagnosing overlap—and pruning unmatched
observations where necessary—is an integral part of any credible PSM im-
plementation.

In practice, PSM proceeds in three steps:

e Estimate p(X), typically via logit or probit, techniques that we will
discuss in Chapter 10.

e Match treated and untreated units based on p(X), using nearest-neighbor,
radius, or kernel methods.

e Compare outcomes across matched groups to estimate causal effects—
usually 0 o477, the average treatment effect on the treated.

This is not an estimation procedure in the usual sense—it is a design stage,
intended to approximate the conditions of a randomized experiment by bal-
ancing covariates. Matching diagnostics are essential: covariate balance must
be checked after matching, and poor balance should prompt reconsideration
of the propensity score specification or matching algorithm.

PSM does not eliminate bias from unobserved confounding. It assumes
that all relevant differences across groups are captured in X, and that the
functional form used to estimate p(.X) is adequate. If these assumptions fail,
so will the method. Furthermore, matching discards information—especially
when poor overlap requires trimming—and estimates may be sensitive to the
choices made in implementation.

Still, when the assumptions are credible and overlap is strong, PSM offers
a transparent way to construct counterfactuals and to interpret treatment
effects in observational data. It reminds us that causal identification begins
with comparability, not computation.

5.6.2 Difference-in-Differences

Difference-in-Differences (DiD) is one of the most widely used quasi-experimental
designs for estimating causal effects when treatment varies across groups and
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over time. It relies on the idea that, in the absence of treatment, outcomes
for treated and control groups would have evolved in parallel. Under that
assumption, the difference in outcome changes across groups captures the
causal effect of treatment.

The classical DiD design involves two groups—treated and control—and
two periods—before and after treatment. Let Yj;; be the outcome for unit
7 at time ¢, and D;; indicate treatment status. The difference-in-differences
estimator is given by:

d=[E(W) -] - [ () - £ (v)]

where T" and C index treated and control groups, and 1 and 0 indicate post-
and pre-treatment periods, respectively.?

This estimator is consistent for the average treatment effect on the treated
(ATT), provided the parallel trends assumption holds:

e[V ¥ D=1] £ [¥C ~¥¢| D=1,

in the absence of treatment.

That is, the treated group would have followed the same trend as the con-
trol group if the treatment had not occurred. This is a strong assumption—
and a crucial one.

DiD is often estimated using a two-way fixed effects model:

Yii = a; + N + 0Dy + uyy,

where «; absorbs time-invariant group effects, \; controls for time shocks
common to all units, and D;; indicates treatment exposure. Here, § recovers
the DiD effect under the maintained assumptions.

Beyond the Regression: Visual Diagnostics and Pre-Trends

A responsible DiD implementation is never just a regression. Since the paral-
lel trends assumption is untestable in the post-treatment period, researchers
must diagnose its plausibility in the pre-treatment period. A well-established

4For example, assume that a minimum wage increase is implemented in State A but not
in neighboring State B. By comparing the change in employment levels before and after
the reform across the two states, we can estimate the causal effect of the policy, assuming
that in the absence of the change, employment trends in both states would have evolved
similarly.
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approach is visual inspection of trends across groups before treatment. If the
groups moved together before the intervention, the parallel trends assump-
tion becomes more credible.

In more flexible specifications, one can estimate event study or dynamic
treatment effects:

Yi=oai+ X+ Y 0;-I{t=j} Di+ua,
-1

where I{t = j} is an indicator function equal to 1 if period ¢ is j, and 0 oth-
erwise. The coeflicients d; capture the evolution of the treatment effect over
time relative to a baseline period (often normalized to j = —1). These spec-
ifications allow researchers to detect anticipation effects, delayed responses,
and—critically—pre-treatment deviations, which violate the DiD identifying
assumption.

Such deviations are not just statistical nuisances—they are conceptual
red flags. If treatment and control groups diverge before the intervention,
we cannot assume that their counterfactual paths would have been parallel
afterward.

Extensions, Limitations, and Interpretation

Modern applications of DiD often involve staggered adoption or multiple
treatment periods, where some units are treated earlier than others. These
settings complicate interpretation: in two-way fixed effects models, treat-
ment effects may be averaged across units with different timings, leading to
estimators that do not recover any well-defined causal effect without further
assumptions. Recent advances (e.g., Callaway & Sant’Anna, 2021; Sun &
Abraham, 2021) provide methods to estimate group-time-specific treatment
effects under weaker conditions.

Even in the canonical two-period case, DiD identifies only ATT: the effect
for those exposed to treatment in the post-period. Generalizing beyond this
group requires stronger, often implicit assumptions.

Ultimately, DiD is not just a method—it is a counterfactual logic. It com-
pares outcome trends across groups that differ only in treatment exposure.
When well-executed, with credible assumptions and transparent diagnostics,
it offers a powerful tool for causal inference. But when applied mechanically,
without attention to dynamics, heterogeneity, or anticipatory behavior, it
can lead to misleading conclusions.
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5.6.3 Regression Discontinuity Designs

Regression Discontinuity Designs (RDD) exploit situations where treatment
assignment changes discontinuously at a known threshold of a continuous
variable. When units just above and below the threshold are similar in all
respects except treatment status, the discontinuity in outcomes at the cutoff
can be attributed to the causal effect of the treatment.

Let R be a running variable that determines eligibility, and let ry denote
a known threshold. In the sharp RDD case, treatment is assigned determin-
istically:

D=1I{R>r}.

The outcome equation is:
Y =0D+ f(R) +u,

where f(R) is a smooth function of the running variable and w is the struc-
tural error term.

Under the key assumption that potential outcomes Y (0) and Y (1) are
continuous in R at 7y, the jump in the conditional expectation of Y at the
threshold identifies the local average treatment effect:

5LATE = llfﬂg[y ‘ R = ’l"] — lleg[Y | R = ’I“].
rlro rTro

RDD is often interpreted as approximating a randomized experiment lo-
cally: near the threshold, units are assumed to be similar in both observable
and unobservable characteristics, with treatment assignment essentially ran-
dom.’

In fuzzy RDD, treatment assignment jumps discontinuously at the thresh-
old, but not perfectly. That is,

Pr(D=1|R=r)

has a discontinuity at ry, but D is not a deterministic function of R. In
this case, the treatment effect is still identified, but only for compliers—units

SFor example, a scholarship is awarded to students who score above 85 on an entrance
exam. Students with scores just above and just below the cutoff are likely to be similar in
all other respects. By comparing GPA outcomes for these students, we can estimate the
causal effect of receiving the scholarship, provided there is no manipulation of scores and
other factors vary smoothly around the threshold.
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whose treatment status changes because of crossing the threshold. Estima-
tion proceeds using a Wald estimator:

ImEY | R=7r] —lm€&[Y | R =]

rlro rTro

Orars = BmED |R=1] —Um&E[D | R=1]

rlro rTro

RDD is typically implemented as a local linear regression on either side of
the cutoff, possibly with kernel weighting and bandwidth selection. Graphi-
cal analysis is essential: plotting average outcomes and treatment probabili-
ties against the running variable offers intuitive diagnostics and helps detect
manipulation or discontinuities in baseline characteristics.

RDD has strong internal validity but limited external validity. The esti-
mated effect is local to the cutoff and may not generalize to units far from the
threshold. Moreover, RDD requires that agents cannot precisely manipulate
their value of R. If agents can sort around the threshold—by misreporting
income, age, test scores, etc.—then the continuity assumption may fail, and
the design breaks down.

When valid, however, RDD provides a transparent and compelling causal
estimate under weak assumptions. It requires no instruments, no parametric
specification of the treatment effect, and no modeling of selection. What it
needs is a threshold—and units near it that are, for all practical purposes,
comparable.

5.7 Further Reading

A formal treatment of instrumental variables and simultaneity is provided in
Amemiya (1985) and Hayashi (2000). For structural interpretations and iden-
tification, see Ruud (2000). The econometric logic of simultaneous equations
models is developed in depth in Greene (2012) and Johnston and DiNardo
(1997).

The potential outcomes framework from an econometric perspective can
be found in Abadie and Imbens (2006) and Imbens and Rubin (2015). An-
grist and Pischke (2008) remains an classic reference for the entire class of
quasi-experimental methods, blending economic intuition with practical im-
plementation.

Methodological extensions for staggered adoption and heterogeneous ef-
fects in the Difference-in-differences framework are discussed in Callaway and
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Sant’Anna (2021) and Sun and Abraham (2021).
An accessible applied treatment of RDD can be found in Cattaneo et al.
(2019).

5.8 Workout Problems

1. Consider the linear structural model:
Y = X[+ u, with X = Z~ + v,
where Z is a matrix of instruments.

(a) State the conditions under which the IV estimator of [ is consis-
tent.

(b) Show that the OLS estimator is biased if Cov(X,u) # 0.

(c) Suppose that Z is weakly correlated with X but uncorrelated with
u. Derive the asymptotic bias of the IV estimator in the presence
of weak instruments.

2. Consider the following structural model for a specific good:

Demand: QQ = a1 P + as X + uy
Supply: @ = 51P + B.W + us

where € (ug) = € (us) = 0 = Cov (ug, us), V (ug) = 02, V(us) = o2,
with with P and () representing price and quantity, X as income, and
W as wages, both of which are considered exogenous.

(a) (5 points) Based on economic theory, what are the expected signs
of the coefficients in this model? Justify your response in terms
of the relationship between the dependent and independent vari-
ables.

(b) (10 points) Derive the reduced-form equations for P and Q. De-
scribe how these equations respond to changes in the exogenous
variables.

(c) (10 points) Use the order conditions for identification to assess
which structural parameters are identified.
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(d) (5 points) Describe how you would estimate the parameters of this
model.

3. Assume treatment D € {0, 1}, covariates X, and potential outcomes
Y (1),Y(0).

(a) Define the conditional independence assumption (CIA) and over-
lap condition formally.

(b) Show that under CIA and overlap, the average treatment effect
on the treated can be written as:

darT :5[5[Y | D = l,p(X)] —5[Y ‘ D:0>p(X)] | D = 1]'

(c) Discuss the role of balancing properties and diagnostics in evalu-
ating whether CIA is plausible.

4. Suppose you have two groups A and B and two periods ¢t = 0,1. Only
group A is treated in period 1.

(a) Derive the DiD estimator and interpret it as an estimator of 0 7.

(b) Suppose group A’s outcome would have increased faster than
group B’s even without treatment. What is the sign of the bias
in the DiD estimator?

(c) Discuss how event study plots and placebo tests can help assess
the credibility of the parallel trends assumption.

5. Suppose treatment is assigned based on a cutoff in a running variable
R, such that:

D=T{R>r},Y =6D+ f(R)+u.

(a) State the continuity assumption required for identification of 4.

(b) Show how the treatment effect can be estimated using local linear
regression.

(c) Discuss what may go wrong if agents can manipulate R, and how
to detect this empirically.



Chapter 6

Nonlinear Least Squares

6.1 Introduction

We say that the regression function m (x, 8) = &€ (y; |z, £) is nonlinear in the
parameters if it cannot be written as m (2, 3) = f (z;)' B for some function

f()-

Examples of nonlinear regression functions include:

m(w.8) = i+ By

m(z, ) = By + Bar’

m(x,3) = By + Byexp (B3x)

m(z, ) = By + Box1 + Byxl (x > Fs).

In the first three examples, m (x, 5) is (generically) differentiable in the
parameters 5. In the final example, m (-) is not differentiable with respect
to ;.

Nonlinear regression is frequently adopted because the functional form
m (z, B) is suggested by an economic model. In other cases, it is adopted as
a flexible approximation to an unknown regression function.

This document provides a brief introduction to the nonlinear least squares
problem and is organized as follows: Section 6.2 presents the nonlinear least
squares (NLLS) estimator. Section 6.3 discusses issues related to numerical
methods that can be used to obtain it. Section 6.4 addresses the issue of
inference in the NLLS context. Section 6.5 generalizes the NLLS estimator
when homoskedasticity and/or autocorrelation are present. Finally, Section

157
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6.6 presents a particular class of nonlinear models denominated artificial
neural networks (ANN).

6.2 NLLS Estimation

The NLLS estimator can be defined as the estimator that solves the following
optimization problem:

/BNLLS = argﬁminST (5) )

where

St (B) = D (yr —m (w1, 8))°

=Y —m(X,8)] Y —m(X,B)].

T
t=

For notational convenience, let m; = m (x;, 3). When it exists, we form
the Jacobian matrix Z as the stacked gradient vectors for each observation

omq omq

Om 9B, T 9B
Z(B) =%z = :
Txk aﬁ/
6mT R 6mT
3B, 3By,

A more general characterization of the NLLS estimator can be defined as
the set of parameters that solve the FONC:

050 (B)| _ 4y (B)' [Y—m(x,ﬁﬂ —0. (6.1)
B |z

At least three features of (6.1) are worth discussing: First, the OLS esti-
mator is a particular case of the NLLS estimator, given that in the former
m (X, ) = X and Z (8) = X in which case (6.1) has an analytical solution
that coincides with OLS. Second, when (6.1) is a nonlinear function of f, it
cannot be solved analytically and numerical methods are required. Finally,
given that the FONC (6.1) are nonlinear there may be more than one root
that solves the problem, and a general evaluation for a global minimum may
be needed.

The following section discusses how to use numerical methods to obtain
the NLLS estimator.
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6.3 Numerical Methods

An algorithm that is commonly used for NLLS estimation problems is the
Gauss-Newton method. Here we present the algorithm and its properties.

6.3.1 Gauss-Newton Method

Numerical algorithms are often used in order to solve nonlinear problems for
which an analytical solution is not available. In the case of NLLS estimation,
it is important to consider that the source of nonlinearity comes from the
function m (x, ).

Consider a first-order Taylor series approximation of m (x;, 3) about a
starting value [3:

omy
7 (B = Bo) - (6.2)

Bo

m([ﬁt,ﬁ) = m(mtaﬁﬂ) +

If we substitute the first-order approximation (6.2) in the objective func-
tion we obtain

St (B) = Z [yt —m (x, By) — 86_776%} (8- /80)] : (6.3)

t=1

Bo

Note that (6.3) is not the original problem but an approximation near 3.
This new objective function is now quadratic in 8 (given that /3, is known),
thus the FONC will be linear in  and can be solved analytically.

Consequently, if we consider the FONC, the problem of estimating [ in
a neighborhood of 3, is a linear least squares problem. Conditional on the
starting value 3, the solution to the problem is

Br=B8+[ZBo) Z(By)] " [Z(Bo) (Y —m(X,B,))] . (64)

We repeat the Gauss-Newton iterations until convergence (3, = ;_;)
and set 3; = ~viLs- Once the NLLS estimator for 3 is obtained, we

~

. . . . ~2 _ ~2
can derive consistent estimators for o2 using o = T 1Sr <6> or - =

(T -k 51 (B).

! Criteria for evaluating the convergence of the iterative solution are discussed below.
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Alternative Motivation for Gauss-Newton

If instead of substituting (6.2) into the objective function, we replace it in
the model we have

amt

a5

~ 8mt

50:8—6/

Yr — my (Bo) + B+ uy

Bo Bo

or, in matrix notation

Y —m (X, 8y) + Z(By) By = Z(By) +u

~~ S——
Y* X*
Y* =2 X*8+u.

As this specification satisfies the OLS principles, 3, can be obtained from
a linear regression of Y* on X*. That is,

51 _ (X*/X*)*l X*/y*
= [Z(Bo) Z (By)] " [Z (Bo) (Y —m (X, Bo) + Z (Bo) Bo)]
= Bo+ [Z(B0) Z (B)] " [Z(By) (Y —m (X, 5y))]

which is precisely the estimator derived in (6.4).

The principal advantage of the Gauss-Newton algorithm is convenience.
First, note that the step taken to compute 3; from 3;_; is simply the linear
regression of the approximation errors (Y — m) on the columns of the Jaco-
bian matrix (evaluated at 3, ;). Second, the method only requires the user
to evaluate the nonlinear regression function and to compute the Jacobian
matrix for each step, while other methods (that we will discuss later) require
the computation of a Hessian matrix. Finally, it is important to remem-
ber that the Gauss-Newton method is only applicable to problems that may
be equivalently solved by minimizing the nonlinear least-squares objective
function.

Two important technical details with respect to the Gauss-Newton algo-
rithm are important. First, in order for the algorithm to work 2 (6 j)/ Z (ﬁ j)
must be invertible when evaluated at [3;; there may be instances in which
this condition is not satisfied and variants of the method have to be consid-
ered to ensure that the matrix is positive definite.? Second, given that the

2Tn fact, good commercial softwares never use the Gauss-Newton algorithm as described
above. For example, GAUSS generally uses a wide variety of methods known as quasi-
Newton algorithms.
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algorithm requires the computation of the Jacobian matrix Z (ﬁ j) for each
iteration, whenever possible, it is desirable to obtain analytical expressions
for the derivatives and not rely on numerical derivatives which may not be
as accurate.

Starting Values and Convergence Criteria

Gauss-Newton is an iterative solution algorithm. A fully specified algorithm
based on an iterative scheme should have three components: a method for
deciding on a starting value for the iteration, a method for obtaining the
next iterate from its predecessors, and a method for deciding when to stop
the iterative process. The preceding subsection examined how to generate
the iterative sequence itself, but treated as given the starting value (5,) and
stopping criteria. Next we discuss the practicalities of selecting initial values
and determining convergence.

Starting values matter in two ways. First, if the initial value for the
iteration is too far away from the solution, the iteration can diverge. Second,

it is possible that the FONC %ﬁgﬁ) 5 = 0 have multiple roots. In this case,

the root to which the sequence converges will depend on the starting value
for the iteration. Unfortunately, there is little constructive theory about
choosing starting values, however a few words of general advice can be given.
Most of the time, the equations being solved are similar to others whose roots
are easily obtained, so that a root of the latter can be used as a starting
point for the equations of actual interest. However, sometimes there is no
alternative for starting than with a guess or two and to observe the progress
of the iteration, hoping that it will be possible to adjust the starting point
or iteration method as needed to achieve convergence. A useful approach,
when possible, is to graph the functions. This can often provide not only
good starting values, but also some insight concerning an appropriate form
for the iteration.

The problem of detecting multiple roots, and of settling on the appro-
priate one when more than one root is found, is a difficult one. Probably
the most successful general approach for discovering whether there are mul-
tiple roots is to start the iteration several times, from the vicinity of possible
solutions if enough is known about the function, or using randomly chosen
starting values otherwise. Figure 6.1 provides an example of such a case,
where the objective function has three critical values, two of each are min-
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ima and one a maximum. If our objective is to minimize St () and start
the algorithm with a initial value such as a, the algorithm will eventually
converge to (3; which is not a global minimum, while if b is used as the initial

value, the algorithm will converge to 52.

5, (8)

v

Figure 6.1: Multiple Roots and Initial Values

There is more to say about stopping an iteration than starting one. There
are two reasons for bringing an iteration to a halt: either the iteration has con-
verged or it has not. Since the solution of the equation is not known explicitly,
the decision as to whether an iteration has converged is based on monitoring
either the sequence of iterates to see if 3, is sufficiently close to 3;_;, or the

sequence of function evaluations %ﬁ(ﬂ) )B to see if these become sufficiently

close to zero. If 3 is a scalar, the two most common definitions for succes-
sive iterates to be “sufficiently close” are embodied in the absolute converge
criterion, which asserts convergence when }ﬁ =0 j,l} < tol, and the relative
converge criterion, which asserts convergence when } (6]» —p j—l) /B j_l} < tol,
where tol is a preselected tolerance. The absolute convergence criterion is
most suitable when the solution is close to zero; in this case the denomina-
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tor of the relative criterion can foster numerical difficulties. On the other
hand, when the solution is large (far away from zero) the relative criterion
is generally more satisfactory. Once the convergence criterion is satisfied, we

:e OS s« ” : ip | OS
ask if % 5 is “nearly” zero. More precisely we stop if '%)5- <9

for some prespecified §. If we want high precision, we will choose small ¢,
but that choice must be reasonable. Choosing ¢ = 0 is nonsense, since it is
unachievable; equally pointless is choosing § = 1072° on a 12-digit machine
where %ém can be calculated with at most 12 digits of accuracy.?

When [ is a vector, it is usually satisfactory to define relative and absolute
convergence in terms of some norm on [ such as the [y (euclidean) norm
(sum of squares) or the sup-norm (maximum component magnitude). Always
remember that even if 3; satisfies the stopping rule, we want to check that

9ST(B) :
—o5 5 is close to zero.

6.3.2 Concentration

A major simplification can be achieved through concentration. This can be
done when we partition 5 = (v, ) so that

m (xtv 6) = 7/3316 (5) )

where x; (§) is a k x 1 function of z; and §. In all the examples presented on
the Introduction, this can be done with ¢ of much smaller dimension than .
In many cases, ¢ is a scalar.

The SSR function St (8) = Sr (7, d) and thus

minSy () = min minSr (v, 9) .
B s v

3The range of numbers that are machine-representable varies greatly across machines;
one should always have a good idea of their value when working on a computer. Machine
epsilon is the smallest relative quantity that is machine-representable. Formally this is
the smallest € such that the machine knows that 1 —¢ < 1 < 1+4e¢. It is also important to
know machine infinity, that is, the largest number such that both it and its negative are
representable. QOuverflow occurs when an operation takes machine representable numbers
but wants to produce a number which exceeds machine infinity in magnitude. A machine
zero is any quantity that is equivalent to zero on the machine. Underflow occurs when
an operation takes nonzero quantities but tries to produce a nonzero magnitude less than
machine zero. The analyst must either know these important constants for his machine
or the more conservative guesses. Much of the software contains a section where the user
must specify these arithmetic constants.
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Since v enters the model linearly, we see that

7 (6) = argminSy (v, 0)
y

= [X(9) X (9)]

where X (§) is the 7' x k matrix of the stacked x; (6)'.
Now set

X (9)Y,

St (6) = Sr (7 (9),9),

which is the concentrated sum of squared residuals. We have 6 = arg minSt (0)
s

and ¥ =7 (g) The pair (/7\,3) are the joint NLLS estimates of (v, §).

The main benefit of concentration is that the dimension of the numerical
optimization is typically reduced dramatically. When ¢ is scalar, the final
minimization over § can be done by a grid search.

6.4 Inference with Linear Constraints

Given the interpretation that we provided for the NLLS estimator, it is not
difficult to derive its asymptotic variance-covariance matrix. As motivated
in section 6.3.1, the NLLS is the OLS estimator of the transformed model of
Y* on X*; in which case

V (BassslX) = € {(BNLLS —8) (Bries — 8) 1
_ 02 (X*/X*)—l ’

or, if we define Z = Z (BNLL5)7

V (BrsslX) =0 (22)1 . (6.5)

As ¢ is not known, a consistent estimator of the variance-covariance ma-
trix of 5 can be derived by replacing o with ¢ or o. It is important mention,
that in contrast to the OLS estimator, we never claimed that the NLLS esti-
mator was unbiased. The only property that we attach to the NLLS estimator
is that under certain circumstances (that we will discuss latter), it is consis-
tent. For that reason, all the tests that we conduct are only asymptotically
valid and may perform poorly in small samples.
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Once an estimator for the variance-covariance matrix of [Sy;;g is ob-
tained, inference and hypothesis testing can be conducted as usual. Next,
we discuss some of these tests.

6.4.1 The t Test

As was the case with the OLS estimator, if we are interested in testing Hy :
Q'8 = ¢ when the null hypothesis corresponds to a single linear combination
of parameters; that is, when ¢ = 1, we construct

QB —c
-1 Y2
5 [Q’ (Z’Z) Q]

a
e ST—k>

where & is meant to imply “is approximately distributed as”. We will show
later that as was the case with the OLS estimator, this test is asymptotically
distributed as a A (0,1). In fact, given that the properties of § are only
known asymptotically, it is preferable to take the critical values of the normal
distribution, or when small sample deviations appear to be important, to
obtain critical values using the bootstrap or a similar method.

With these tools we can construct confidence intervals Cr of 3;. Given
that C7 is a function of the data, we must always recall that it is random.
Its objective is to cover 3, with high probability. The coverage probability is
Pr(p € Cr). We say that Cr has (1 — ) % coverage for 8 if Pr (8 € Cr) —
(1 — «). We construct a confidence interval as follows:

Pr |:Bz — Za/2 92‘71‘ < 6@ < /Bl + Za/2\/ 9,71:| =1- o,

where 2,/ is the upper o/2 quantile of the distribution being considered
(asymptotically it should be the normal distribution). The most common
choice of « is 0.05.

6.4.2 The F Test

When ¢ > 1 we cannot apply the t test described above. In that case we can
use a simple pseudo-Likelihood Ratio Test which we will discuss at length
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later. For now suffices to state the basic results. Under the null hypothesis,
it can be shown that

7 _ 157 (B) — Sr (B) o
q Sy (B) we

The asymptotically valid test takes the form

St (B) ;ZST <5> 2. (6.6)

In contrast to inference in OLS, (6.6) is not equivalent to the Wald test
when the model is estimated in the NLLS context. In this case, the Wald
test takes the form

-1

r_ (@8- C), [Ql (2/2)_1 Q} (@5 -¢) .
q Sr (B) S

The asymptotically valid Wald test can be computed as

@i-o) [o(22)"q] (@5-«
@Iy @,

~2
G q

Once again, as in the case of ¢ tests, we reject the null hypothesis when
the value computed exceeds the critical value.

Gallant provides Monte Carlo evidence that suggests that (6.6) has higher
power than (6.7) in small samples, and it should be used when possible. Nev-
ertheless, notice that in order to obtain (6.6) two optimizations have to be
considered in order to obtain the SSSR of the constrained and unconstrained
model, and even with linear constraints, the constrained model may induce
the more nonlinearities than the unconstrained model, making its computa-
tion more demanding. As usual, there is no free lunch!

6.4.3 Identification

Identification is often tricky in nonlinear regression models. Suppose that

m (x4, B) = Bz + Bya, (9) .
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This model is linear when (3, = 0, and this is often a useful hypothesis to
consider. Thus, we want to test

However, under Hy, the model is:
Y = Bra +

and both, 8, and ¢, have dropped out. This means that under Hy, ¢ is not
identified. This renders the usual distribution theory invalid. Thus, when the
truth is that 5, = 0, the parameter estimates are not asymptotically normally
distributed. Furthermore, tests of Hy do not have asymptotic normal or chi-
square distributions.

The asymptotic theory of such tests is non-standard and is subject of re-
cent developments in econometrics. Simulation techniques (similar to boot-
strap) are usually used to construct critical values in a given application.

6.5 GLS and NLLS

The GLS and FGLS procedures can be extended to estimate the parameters
of nonlinear regression models. As was the case, with linear models when
Q) # Ip, the NLLS estimator derived in (6.4) will still be consistent, but
not efficient. Once again, we discuss how to proceed in the case where {2 is
known, when it is unknown, and how to conduct inference if the pattern of
heteroskedasticity and/or autocorrelation is unknown.

6.5.1 Nonlinear GLS Estimator

As was the case with the linear model, as 2 is a known positive definite
matrix, it can be factored into €2 = CAC’ where the columns of C' are the
eigenvectors of {2 and the eigenvalues of 2 are arrayed in the diagonal matrix
A. Let AY? be the diagonal matrix with ith element \/)\;, where ); is the
ith eigenvalue of 2. Define R = CAY? and S’ = CA~Y/2, then Q = RR’ and
Q=95

If we consider the transformed model described in section 6.3.1 and define
Y, =SY* X, =S5SX* and u, = Su we obtain

Y, = X, + u,, (6.8)
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where
V(u) = € (ua)
= 025095
= o2].

Thus, all the assumption that led us to the derivation of the OLS estima-
tor are satisfied in the transformed model (6.8). In this case we have:

By = (X1X) XY,
— (X7 x) T Xy
= fo+[Z(Bo) 07 Z (50)] " [Z(B) @1 (Y —m (X, 5o))]
which is simply a generalization of Gauss-Newton algorithm that incorporates
information regarding (2. We denote by S.y1s to the value of 8 at which

this iterative process converges.
The variance-covariance of Soypg 1S

1% (BGNLLS ‘X> = o (X;X*)il
~ -1
— 52 (Z’Q*Z) .
An estimator of o2 based on the GNLLS estimator is

~
9 UL U
OGNLLS = T _ 1

Once the estimator of the variance-covariance matrix is obtained, infer-

ence can be conducted exactly as we showed for the GLS estimator of the
linear model.

6.5.2 Nonlinear FGLS

Previously, we assumed that {2 was known, in which case a simple transfor-
mation yielded a noise variance-covariance matrix that was proportional to
the identity matrix. When €2 is unknown, we simply replace the unknown €2
with an estimator (2. This would lead to the Feasible Generalized Nonlinear
Least Squares (FGNLLS) estimator of § defined by

Broniis = <X*/§1X*>_1 (X*'QAY*> : (6.9)
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As was the case with the FGLS estimator in the linear context, we must
impose a structure in order to obtain the estimator of €). In practice, the
elements of 2 are assumed to be functions, €2 (), of a reduced and fixed
number of unknown parameters 6 that remain unchanged as the sample size
increases. The problem then reduces to obtaining ¢ and use it to compute

Q=0 (5) that is then replaced in (6.9). All the problems and procedures
that we discussed for the linear case are valid here.

6.5.3 Applying NLLS: Ignoring that ) # I

As was the case with the linear model, if we ignore that Q # I, the NLLS
estimator will still be consistent but inefficient. More importantly, inference
based on the variance-covariance matrix described in (6.5) will be misleading,
given that in this case it will be given by

V (Byus|X) = 0* (22) - (20z) (22) - (6.10)

In the presence of heteroskedasticity, we can construct a consistent es-
timator of this covariance matrix using a suitable modification of White’s
(1980) matrix X.

In the case of autocorrelation and/or heteroskedasticity we can compute
Newey and West’s HAC matrix as:

T T
S _ ~ o~ o~ P
Z:Tlg E w(t — ) Ulis 22, — X,
t=1 s=1
s <F

|t—s]

— 1s a weighting

where K is a finite positive number and w (t —s) = 1 —
scheme that ensures that Y is positive definite.
In either case, a consistent estimator of the variance-covariance matrix of

ENLLS would be

D (Buus|X) =T (2@)‘1 £ (22) -
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Once again, these results are extremely useful given that we do not need
to know the precise nature of the pattern of heteroskedasticity and/or au-
tocorrelation. Once a consistent estimator of the covariance matrix of the
NLLS estimator is obtained, inference can be conducted as usual.

6.6 Artificial Neural Networks

ANN are a class of input-output models developed by cognitive scientists in-
terested in understanding how computation is performed by the brain. Much
is still unknown about how the brain trains itself to process information, so
theories abound. The human brain consists of a large number (more than
a billion) of neural cells that process informations. Each cell works like a
simple processor and only the massive interaction between all cells and their
parallel processing makes the brain’s abilities possible.

As figure 6.2 indicates, a neuron consists of a core, dendrites for incoming
information and an axon with dendrites for outgoing information that is
passed to connected neurons. Information is transported between neurons
in form of electrical stimulations along the dendrites. Incoming informations
that reach the neuron’s dendrites is added up and then delivered along the
neuron’s axon to the dendrites at its end, where the information is passed
to other neurons if the stimulation has exceeded a certain threshold. In this
case, the neuron is said to be activated. If the incoming stimulation had been
too low, the information will not be transported any further. In this case,
the neuron is said to be inhibited.*

Despite the fact that ANN are far from anything close to a realistic de-
scription of how brains actually work, they have shown their remarkable
ability to derive meaning from complicated or imprecise data. They can be
used to extract patterns and detect trends that are too complex to be noticed
by either humans or other computer techniques. A trained neural network
can be thought of as an “expert” in the category of information it has been
given to analyze.

4See Stergiou and Siganos (1996) and Frohlich (1996) for definitions and non technical
introductions to ANN.
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dendrites

dendrites

Figure 6.2: Structure of a Neural Cell in the Human Brain

6.6.1 Types of ANN

Like the human brain, ANN consists of neurons and connections between
them. The neurons are transporting incoming information on their outgoing
connections to other neurons. In neural net terms these connections are
called weights. The information is simulated with specific values stored in
those weights.

As shown in figure 6.3, an artificial neuron looks similar to a biological
neural cell. And it works in the same way. Information (called the input)
is sent to the neuron on its incoming weights. This input is processed by a
propagation function that adds up the values of all incoming weights. The
resulting value is compared with a certain threshold value by the neuron’s
activation function. If the input exceeds the threshold value, the neuron will
be activated, otherwise it will be inhibited. If activated, the neuron sends an
output on its outgoing weights to all connected neurons and so on.

In a neural net, the neurons are grouped in layers, called neuron layers.
Usually each neuron of one layer is connected to all neurons of the preceding
and the following layer (except the input layer and the output layer of the
net). The information given to a neural net is propagated layer-by-layer from
input layer to output layer through either none, one or more hidden layers.

Several types of neural nets exist depending on how the layers are con-
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weights activation
S function weights
input "
frorm output tE Uljtphuetr
ather —™ — function -
neurons
—

Figure 6.3: Structure of a Neuron in a Neural Net

nected among each other (see figure 6.4). For example, a perceptron is a
very simple neural network with two layers (input and output).” Feedfor-
ward neural nets allow only neuron connections between two different layers,
while nets of the feedback type have also connections between neurons of the
same layer.

6.6.2 Feedforward Neural Networks

We are interested in approximating & (y; |z:) = m (x;), but we do not know
m (+). By far, the artificial neural network most commonly used to approxi-

mate it is the single hidden layer, ¢ hidden units, feedforward neural network
feedforward network (or ANN(q) for short):

q
m(xt) — xta ZG xt’yj
7j=1

where [ is the vector of parameters that characterizes the network. Asso-
ciated with the input layer (z), there is a single hidden layer with ¢ values
of 7y, (hidden units) that are “connected” through the activation function
G () and the 6; weights to the output layer (which in this case is y). The
activation function most commonly used is the logistic activation function
G)=(1+e?) 0

°In its simplest version, a perceptron can be recognized as a linear model.
6See Kuan and White (1994) for a detailed discussion.



6.6 ARTIFICIAL NEURAL NETWORKS 173
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Figure 6.4: Types of Neural Nets

A variant of the single hidden layer network, that is particularly relevant
in econometric applications, has direct connections from the input to the
output layer as well as the hidden layer. Output of this network (known as
the Augmented Hidden Layer Feedforward network) can be expressed as:

m(z;) ~ F (1, 8) = 2ja+ > G (2}7;) 0. (6.11)

=1

Specification (6.11) nests the linear model as a special case (with §; =0
for j > 0). Furthermore, due to its parallelism and intrinsic nonlinearity,
functions of the form of (6.11) can be viewed as “universal approximators,”
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that is, as a flexible functional form that, provided with sufficiently many
hidden units and properly adjusted parameters, can approximate m (-) arbi-
trarily well.”

Estimation and Inference

As ANN constitute a particular class of NLLS models, the parameters can
be estimated by minimizing:

Sr(8) = (g — F (21,8))°

t=1

using numerical method such as the one discussed above.

As ANN were first used in fields other than econometrics, ANN prac-
titioners often use an estimation strategy that differs from Gauss-Newton.
One method (known as backpropagation) relies on a recursive estimation of
£ and is referred to as “learning.” In practice it is simply a numerical method
also known as steepest descent and is not as efficient as Gauss-Newton.

A way to improve the properties of numerical methods, is to transform y
and x such that they are on a comparable scale. Two of the transformation
methods commonly used are:

. z; — min (2;)
z; = -
max (z;) — min (z;)

or z; =

where, in the first case the variable is mapped to the [0,1] interval and in the
second it is standardized.®

Finally, as suggested by Franses and van Dijk (2000), estimation of the
parameters may benefit from preventing estimates from becoming unduly
large. This can be achieved by augmenting the objective function with a
penalty term (commonly referred to as weight decay) to obtain:

T
Sr(8) =Y (y = F (21, 8))" + Aa'a + X0 + A7/,

t=1

7 Although not routinely used, multiple hidden layer networks can further increase non-
linear features of the data and may in cases require fewer hidden units (g). For example, a
two layer network can uniformly approximate certain mappings containing discontinuities
that a single layer network can’t.

8That is, Z and o (2) are estimates of the mean and standard deviation of z.
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where A\, Mg, and A\, are small penalty factors specified in advance.

Inference is conducted by using either (6.5) (or (6.10) if required). One
word of caution; the standard linear model occurs as the special case in which
01 =0, = ... =0, A moment’s reflection reveals an interesting obstacle to
the application of standard statistical inference. The ~; parameters are not
identified under the null hypothesis, constituting another example of what
was discussed on section 6.4.3. Nonstandard tools have to be used to test
this hypothesis.

An Example

Chaotic behavior is interesting because complex nonlinear dynamics that
appear to be random and unpredictable can be generated from systems that
are deterministic. Moreover, the specific pattern followed by a particular
realizations depends crucially on the initial conditions.”

1.0 1.0
0.9
0.8 0.9
0.7
0.84
0.6
0.5
0.7
0.4
0.3 0.6
0.2
R e i ananane SR T T T T T T
25 50 75 100 125 150 175 200 225 250 2 3 4 .5 .6 7 .8

Original

Figure 6.5: Logistic Map: v = 3.8y;—1 (1 — y1—1)

For example, consider the process known as logistic map and depicted on
the first panel of figure 6.5. The power of ANN models can be demonstrated

9See Nychka et al (1990) for further details on chaos and statistics.

Linear ° ANN(3)
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by comparing the fits of a linear and a nonlinear approximation fitted by a
single hidden layer feedforward network to a time series generated with the
logistic map.

The second panel of figure 6.5 shows that while the linear approximation
behaves rather poorly (as expected), even a small ANN (with one hidden
layer and 3 hidden units) can fit the relationship almost perfectly.

6.7 Further Reading

For a formal treatment of nonlinear least squares estimation, Amemiya (1985)
presents foundational results on consistency and asymptotic normality. Gal-
lant (1987) offers a comprehensive development of nonlinear statistical mod-
els, including identification, estimation, and inference. Ruud (2000) situates
NLLS within the broader class of extremum estimators and discusses the
conditions under which standard asymptotic results apply.

Mittelhammer, Judge, and Miller (2000) emphasize the connections be-
tween nonlinear estimation, information theory, and numerical implementa-
tion. Hansen (2022) provides a modern and intuitive introduction to nonlin-
ear methods, with clear examples of Gauss—Newton and related algorithms.
Davidson and MacKinnon (1994) discuss estimation under heteroskedastic-
ity, numerical optimization techniques, and bootstrap-based inference for
nonlinear models.

Artificial neural networks (ANN), as a flexible class of nonlinear approx-
imators, are examined from an econometric perspective in Kuan and White
(1994), who formalize their consistency, convergence rates, and universal ap-
proximation properties. Franses and van Dijk (2000) complement this with
empirical applications and regularization techniques useful in practice.

6.8 Workout Problems

1. Which of the following regression models can be transformed into linear
models and which cannot?

—B4/Bs
] exp (Ut)

a. g =By By + (1= By) ™

273
b. Yt :ﬁl‘i‘ﬁQ [_Tl] -+ Uy
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c. Yy = lefz + uy
d. y = 51%52 exp ()
e. = [1+exp(Bz) + ut]_l

2. Prove that 3, derived in (6.4) is the solution to min Sz (5) in (6.3).

Write a program that determines your machine’s epsilon.

W

Write a program that determines your machine’s infinity.

o

Using (6.4), derive (6.5).
6. Derive (6.10).






Chapter 7

Maximim Likelihood

7.1 Introduction

Around 1925, R. A. Fisher introduced the principle of maximum likelihood
as a general method for statistical inference. In likelihood theory, inference
about unknown parameters begins with the specification of the probability
function that governs the observations in a sample of random variables. This
function fully characterizes the probabilistic behavior of the data that one
will use to learn about the parameters of the data-generating process. Given
a sample drawn from a distribution with a specified probability density func-
tion, the maximum likelihood estimator (MLE) is defined as the value of the
parameters that maximizes this probability—or likelihood—function. The
idea is conceptually straightforward and appealing: one chooses the para-
meter values that make the observed data more probable than any other
possible configuration of parameters.

The likelihood approach provides a unifying framework that encompasses
the estimation methods presented in earlier chapters. As discussed in Section
1.5.2, the ordinary least squares (OLS) estimator can be interpreted as the
MLE that arises when the regression disturbances are assumed to be inde-
pendently and normally distributed with zero mean and constant variance.
Likewise, the nonlinear least squares (NLLS) estimator of Chapter 6 corre-
sponds to the MLE obtained when the model is nonlinear in its parameters
but the disturbances still follow a normal distribution. In both cases, estima-
tion proceeds by maximizing a function of the sample that is proportional to
the probability of observing the data under a particular parameter configu-

179
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ration. From this perspective, least squares methods appear as special cases
of maximum likelihood estimation, which generalizes them by exploiting the
full probabilistic specification of the model rather than relying solely on its
first two moments. This generalization will prove useful in the analysis of
models where the distributional structure itself carries essential information,
such as in models with limited dependent variables or in dynamic systems
where regimes or states change over time.

Under mild regularity conditions, the MLE possesses several desirable
properties that account for its central role in econometrics. It is consistent,
asymptotically normal, and asymptotically efficient, meaning that in large
samples it achieves the smallest possible variance among a broad class of
estimators. It is also invariant to reparameterizations and, in many practical
situations, computationally tractable. These properties make the MLE a nat-
ural benchmark against which other estimators are evaluated. Nevertheless,
the method is not free from drawbacks. Its performance in small samples
may differ substantially from its asymptotic behavior, and the accuracy of
its conclusions depends on the correctness of the assumed distribution. In
misspecified models, the MLE may remain consistent for certain pseudo-
parameters but generally loses its efficiency. Later in the chapter we will
see that these issues can be mitigated by considering the quasi-maximum
likelihood approach and robust inference methods.

The remainder of this chapter is organized as follows. Section 7.2 defines
the likelihood function and the MLE. Section 7.3 develops the Cramér—Rao
lower bound, which establishes a benchmark for the variance of unbiased
estimators. Section 7.4 discusses inference based on the likelihood princi-
ple. Section 7.5 introduces the invariance property. Section 7.6 presents the
quasi-maximum likelihood estimator (QMLE) and its properties. Section 7.7
examines numerical methods used to obtain MLESs, and Section 7.8 illustrates
the main results with applications.

7.2 The Likelihood Function

In order to define the maximum likelihood estimator formally, it is necessary
to specify how the probability of the observed sample depends on the un-
known parameters of the model. Suppose that for a random variable y the
probability density function (p.d.f.) is denoted by f (y;6y), where 6, repre-
sents the true but unknown value of the parameter vector. In practice, we
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observe a particular realization of a random sample {y;,- - ,yr}, but the pa-
rameter vector that generated the sample remains unknown. The likelihood
function describes this situation by reversing the roles of the arguments in
the p.d.f.: while the p.d.f. expresses the probability of the data given the
parameters, the likelihood treats the observed data as fixed and views the
function as a mapping from possible parameter values to their plausibility,
conditional on the observed sample.

Definition 23 The likelihood function of 6 for a random wvariable y with
p.d.f. f(y;00) is defined to be

L(0:y) = f(y;0).
We will denote the log-likelihood function by

t(0;y) =InL(6;y).

This change in perspective is more than notational: it reflects the funda-
mental idea that the likelihood function measures how compatible different
parameter values are with the observed data. For this reason, the MLE is
defined as the value of # that maximizes the log-likelihood function over the
set of admissible parameter values.

When the sample consists of T" independent and identically distributed
observations of y, the joint p.d.f. of the sample is the product of the individual
densities, and the sample log-likelihood function becomes:

T T

CO;Y) =] fw0) = 0. (7.1)

t=1 t=1

This additive representation will prove useful in both analytical and nu-
merical work. It is often preferable to work with the log-likelihood rather
than the likelihood itself, since the latter may take extremely large or ex-
tremely small values as the sample size grows, while the former remains well
scaled and is numerically more stable.

The same reasoning extends naturally to conditional models (when the
density of y; depends on a vector of explanatory variables z;).
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Definition 24 The conditional likelihood function of 6 for a random variable
y with conditional p.d.f. f(y|x ;00) given the random variable x is

L(Oylz)=f(ylz;0).
We will denote the conditional log-likelihood function by
C(0:yle) =InL(b;ylx).

The p.d.f., conditional or not, may not be defined over all possible values
of the real parameter vector #. For example, the variance parameter of
a normal distribution must be positive. We will denote by © the set of
parameter values of  permitted by the probability model. This set is called
the parameter space.

Our interest in the log-likelihood function derives from its relationship to
the unknown 6. A special feature of the log-likelihood function is that its
expectation is maximized at the parameter value 6y, when this expectation
exists.

Lemma 25 If €& {sup {l (0,y|x)}} exists, then
0cO

E(O;ylr)|z] < E(0osy )]

Proof. Left as an exercise. m

Because the true value 6y maximizes the expectation of the log-likelihood
function, it is natural to construct an estimator of 8y from the value of 6 that
maximizes the sample (or empirical) counterpart: the average log-likelihood
function of the T observations.

Definition 26 The MLE is a value of the parameter vector that maximizes
the sample average log-likelihood function. We will denote this estimator by

QMLE ;
T

~ 1
0 = arg max— 005y |xy) . 7.2
MLE %e@ T ; (059 |20) (7.2)

Because the logarithm is a monotonic transformation, maximizing the av-

erage log-likelihood is equivalent to maximizing the product of the individual
likelihoods instead of (7.2):

T

| | RACEAEDE

t=1
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In large samples, these two criteria lead to the same estimator, although nu-
merical maximization is far more stable when applied to the log-likelihood.*

It is instructive to view the sample log-likelihood as a measure of fit: pa-
rameter values yielding higher log-likelihoods produce model-implied distri-
butions under which the observed data are more probable. In this sense, the
log-likelihood plays the same role in maximum likelihood estimation that the
negative sum of squared residuals plays in least squares estimation. Whereas
least squares methods select parameter values that minimize the discrepancy
between observed and predicted means, the likelihood principle chooses pa-
rameters that make the entire observed sample most plausible according to
the model’s probabilistic structure.

The theoretical justification for this procedure stems from the fact that,
under suitable regularity conditions, the expected value of the log-likelihood
function is maximized at the true parameter value. This property provides
the basis for the consistency of the MLE and for the asymptotic theory
developed later in the book. For now, it suffices to note that the MLE can
be understood as the empirical counterpart of this population maximization
problem: it seeks the parameter value that maximizes the observed log-
likelihood, thereby mimicking the behavior of its expected value.

7.3 Cramer-Rao Lower Bound

An important aspect of estimation theory is to understand how precise an
estimator can be. When several estimators of a given parameter exist, it is
natural to ask whether there is a theoretical lower bound on the variance that
any unbiased estimator can achieve. The Cramér-Rao lower bound provides
such a benchmark and plays a central role in defining the notion of efficiency
in estimation. It shows that the covariance matrix of any unbiased estimator
must be at least as large as the inverse of the Fisher information matrix, a
quantity that measures the amount of information the sample conveys about
the parameters of interest.

Theorem 27 Let z be an n-component vector of random variables (not nec-
essarily independent) the likelihood function of which is given by L (0;z),
where 0 1s a k-component vector of parameters in some parameter space ©.

LGAUSS tip: GAUSS uses a library called MAXLIK in order to obtain the MLE. As
input, the user must provide a procedure with the T x 1 vector of £ (0;y; |z ).



184 CHAPTER 7 MAXIMIM LIKELTHOOD

Let 5(2) be an unbiased estimator of 0y with a finite variance-covariance
matrixz. Furthermore, assume that L (0; z) and 0 (2) satisfy

(A) 5%\00 =0

(B) € ir|, = —€ [550]

0o

(©) € [5aw]

00>0
~/
(D) f %}eoﬁdzzlk.

Then, for 6 € ©

% (”é) > [—5 022;9’ 60] . (7.3)

As 00/06 is a k-vector, 0 in assumption A is a vector of k zeroes. As-
sumption C means that the left-hand side is a positive definite matrix. The
integral in assumption D is an n-tuple integral over the whole domain of the
Euclidian n-space because z is an n-vector. We will now present a proof of
this theorem.

Proof. Define P = & (0 0y) (- 90)', Q = £ (0 00) (0¢/00'],,), and
R = £ [(00/06) (90/09'))],,. Then

P Q
Q R

1\

0, (7.4)

because P is a variance-covariance matrix. Premultiply both sides of (7.4)
by [I, —QR~'] and postmultiply them by [I, —QR~']' to obtain:

P Q I
1 -QR] - Rl@/]
[r-oraomal] ),

= P - QR_lQ, 3 07
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where R~! can be defined because of assumption C. But we have

Q=c|(-n) 5] |

—£10 % 00] by assumption A
C e[ | pecause 2 _ OIL _10L
- Looll,| o T o0 T Low

- / [5 E%]LGJ dz

~ 0L
5%

= [ by assumption D.

As P—QR'Q" =2 0and Q = I}, we have that P—R~' >0, or P

>
Therefore (7.3) follows from assumption B and from noting that P =V
n

dz

The matrix

T(6) = —& [a?g/aeae'}eo}

is known as the Fisher information matrix. It quantifies how sensitive the
likelihood function is to small changes in the parameter vector. When the
curvature of the log-likelihood around its maximum is sharp, the information
content is high, implying that the parameters can be estimated precisely. The
Cramér—Rao lower bound therefore establishes that the covariance matrix of
any unbiased estimator cannot be smaller than the inverse of this information
matrix.

This result provides a general efficiency benchmark. If an estimator at-
tains the bound in (7.3), it is said to be efficient, meaning that no other
unbiased estimator can have a smaller variance. The theorem generalizes
the Gauss—Markov result of classical linear regression: whereas the Gauss—
Markov theorem identifies the best linear unbiased estimator within a par-
ticular model, the Cramér—Rao theorem applies to any unbiased estimator,
linear or not, and within any properly specified probabilistic model. The two
results share the same spirit—efficient use of information—but the Cramér—
Rao bound offers a universal measure of achievable precision.
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In the context of maximum likelihood estimation, the importance of this
theorem is twofold. First, it establishes the theoretical lower limit that
serves as the asymptotic variance of the MLE under correct specification.
Second, it shows that the inverse of the expected negative Hessian of the
log-likelihood function—the information matrix—plays a central role in in-
ference. Under suitable conditions, the MLE attains the Cramér—Rao bound
asymptotically, becoming the most efficient estimator among a wide class
of consistent estimators. In this sense, the Cramér—Rao theorem not only
provides a mathematical result but also underpins the practical justification
for likelihood-based estimation and inference.

Assumptions A, B, and D seem arbitrary at first glance. We shall now
inquire into their significance.

Assumption A is equivalent to

ol 1 0L
5, = [z,
10L
oL
= % ) dZ
o

If the operations of differentiation and integration can be interchanged,
the last expression is equivalent to

0
; dz = [%/Ldz}
0

because [ L dz integrates to 1.
Assumption B follows from

_ gl 1oL
W \09|Lo7]S|,

_5{ 1 0L OL 18%}

oL

a0 =0,

0o

0%

¢ 2000’

“I2 0000 T Looow

ov ol
= ¢ {%w}

0o
0*L

) + 2000 dz.
0

0o
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Once again, if differentiation and integration are interchangeable, the last
expression (always evaluated at ) is equivalent to

02 (90 90T 9L
o070 = ¢ |avar| T | seer
AT
= —5 _@ﬁ_ + % Wdz
(90 907
= ¢ \z000 |

because [ % o, @z = 0 as maintained by assumption A.
Finally, Assumption D can be motivated in similar fashion if interchange-
ability is allowed. That is,

OL E/dz = g / Lg’/dz
9 o 0
0 0

0
= [, because £ (5) =0.

Given that assumptions A, B, and D rely on the interchangeability be-
tween differentiation and integration, the next theorem presents the sufficient
conditions for this to hold in the case where 6 is a scalar. The case for a vec-
tor 6 can be treated in essentially the same manner, although the notation
gets more complex.

Theorem 28 If (i) 0f (2,0) /00 is continuous in 0 € © and z, where © is
an open set, (i) [ f(z,0) dz exists, and (iii) [|0f (z,0) /00| dz < M < oo
for all 8 € ©, then the following condition holds

0 [ 0f(z,0)
%/f(z,e) dz-/ 50 dz.

Proof. Using assumptions (i) and (ii), we have
/ |:f(Z,0+h) — f(Z,H) . af(zae)} dz
h 00

< /'f(z,&—l—h})L—f(z,H) _aféz,ﬁ)'dz

_ /'af(azée*) B afé;e)'dz’
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where 0" is between 6 and 6 + h. Next, we can write the last integral as
=]/ 4t fz, where A is a sufficiently large compact set in the domain of z
and A is its complement. But we can make 1) ,, sufficiently small because of
(i) and [5 sufficiently small because of (iii). m

7.4 Inference

Once an estimator has been obtained, the next task is to conduct inference
about the parameters of the model. In the maximum likelihood framework,
inference rests on the large-sample distribution of the estimator, which al-
lows constructing confidence intervals and testing hypotheses. Although the
asymptotic properties of the MLE will be derived rigorously in Chapter 9, it
is useful at this stage to present their main implications and to discuss how
they are applied in practice.

Under suitable regularity conditions, the first-order condition that defines
the MLE can be written as:

1 94(9)
T 90

t=1

=0,
0

where /; (§) denotes the contribution of observation ¢ to the log-likelihood. A
linearization of this condition around the true parameter value 6, together
with a central limit theorem for the score function, implies that the esti-
mator is asymptotically normal. Specifically, it can be shown (as will be
demonstrated in Chapter 9) that:

VT (0= 00) 2 N (0, Hy " OoHy ")

where

a0 o - , [ oo
90 060 ] = Eloogol, Ho=£ [aeae’ 90] '

The matrices Oy and H, are, respectively, the expected outer product of
gradients (gp) and the expected Hessian of the log-likelihood function. The
product H,'OyH,"' provides the asymptotic covariance of the estimator. If
the model is correctly specified, the information matrix equality ensures that
Og = — Hy, in which case the expression simplifies to:

VT (8- 00) & N (0,-H; )

00:5[

0o
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and the MLE is said to be asymptotically efficient, since it achieves the
Cramér—Rao lower bound.

In empirical work, the matrices Oy and Hy are unknown and must be es-
timated from the data. Consistent sample analogs are obtained by replacing
expectations with averages and evaluating them at the estimated parameter

values:
B ol 0, %0,
_Tz[aeae’g}’ TZ{B?HGO/@'
Wald tests can be conducted as usual once we have an estimator of its

variance-covariance matrix. It turns out (we will show this later) that, in
general, this matrix is:

9% N (6, Hy ' OoHy ) . (7.5)

Given that the variance covariance matrix depends on the unknown value
Ay, and if 9 is consistent, we obtain a consistent estimator of the variance
covariance matrix by replacing Oy and Hy with T O and H respectively,

where:
ol ~ 0%/
0= TZ{ 5}’ H_L)@@@/a]'

Replacing Oy and H, with these estimates yields a consistent estimator
of the asymptotic covariance matrix:

ot
5 00

% (5) T HAOHY, (7.6)

and, under correct specification where O ~ — H,

~

% (5) — T lg

PR N —1
v(0) = (r0) .
The second estimator, based on the outer product of gradients (OPG), is
convenient when second derivatives are difficult or costly to compute, while

the first, based on the inverse of the information matrix, is typically more
precise when the model is well behaved.?

or

2There are several tests on the literature to evaluate whether or not —His statistically
different from O and are generically known as Information Matrix Tests.
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Both estimators rely on the assumption that the model is correctly spec-
ified. When the true data-generating process differs from the assumed prob-
ability model, the information matrix equality no longer holds, and only
the more general form in (7.6) remains consistent. This version is therefore
robust to mild forms of misspecification and constitutes the basis for the
sandwich variance estimator, which will be formally justified in Chapter 9
when the asymptotic distribution of the MLE is derived rigorously.

Once an estimator of the covariance matrix is obtained, inference can be
conducted as usual. In particular, if we want to test the null Hy : Q'0 = ¢ we

have: ) .
(@9-c) [Fev(9)e] (@F-c) 2
where ¢ is the number of restrictions tested (rank of Q).
A more powerful test, known as the likelihood ratio test (LRT) can be

constructed as
2[¢(0) - e @] >

where, 0 is the MLE of the model in which the constraints are imposed.
The results presented in this section summarize the essential ingredi-
ents of inference under maximum likelihood estimation. Their theoretical
foundations—consistency, asymptotic normality, and asymptotic efficiency—
will be formally developed in Chapter 9, where these results are derived as
special cases of a more general large-sample theory for extremum estimators.

7.5 Invariance Property of the MLE

One of the most useful features of maximum likelihood estimation is that it
is invariant under reparameterization.

Unlike many other estimation procedures, the MLE of a transformed
parameter can be obtained directly from the MLE of the original parameter,
without re-estimating the model.

This property reflects the fact that the likelihood principle depends only
on the probabilistic structure of the model and not on the particular way in
which the parameters are expressed.

Theorem 29 Let 0 denote the mazimum likelihood estimator of a parameter
vector 0 € © based on the likelihood function L(0;Y"). Let ¢ = g () be a one-
to-one and differentiable transformation from © into a new parameter space
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54 (3).

Proof. Maximizing L(#;Y) with respect to 6 is equivalent to maximizing
L(g7'(+);Y) with respect to 1, since g is one-to-one and the likelihood
function is defined through the same probability model.

Therefore, the value of ¢ that maximizes the likelihood is the image of
the maximizer of L(6;Y") under g. Thus:

54 (3).

U. Then the MLE of v s

|

The invariance property ensures that the likelihood principle yields results
that are independent of the chosen parameterization. In practice, once the
MLE of a parameter is obtained, any smooth transformation of it—such as
a variance instead of a standard deviation, a rate parameter instead of a
mean, or an elasticity derived from structural coefficients—is automatically
the MLE of the transformed quantity.

This result simplifies both analytical and numerical work: there is no
need to redefine or re-maximize the likelihood after a change of variables.

7.6 Quasi-Maximum Likelihood

Is it possible for an estimator based on the likelihood function associated
with a parametric p.d.f. family to possess good asymptotic properties even
if the p.d.f. family is misspecified in the sense of not encompassing the true
p.d.f.? This question frames the problem area of Quasi-Maximum Likeli-
hood (QML) estimation (also referred to as pseudo-ML estimation), which
is concerned with methods of generating consistent and asymptotically nor-
mal estimators for model parameters of potentially misspecified parametric
likelihood functions or models.

For example, the OLS and NLLS estimators are equivalent to the MLE
that imposes normality on u. As we will show later, consistency and asymp-
totic normality of these estimators do not require normality. Thus, OLS and
NLLS are examples of QML estimators. In particular, we act as if the p.d.f.
of Y conditional on X is in the normal parametric family, even if we are not
confident that it really is, and we derive the MLE of the parameters from the
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normal-based likelihood function. Within the regression model context, we
achieve consistency and asymptotic normality under general conditions even
if the likelihood function is misspecified. If the p.d.f. specification happens to
be correct, we generally gain the ML property of asymptotic efficiency. This
observation grants us wide latitude in invoking the normality assumption in
regression-type models.

Furthermore, one sacrifices ML asymptotic efficiency only if one actually
knows the correct parametric family of p.d.f.s but does not use it in the
ML estimation problem and instead uses a QML estimator. In the case
where the analyst does not know the correct parametric p.d.f., then for all
practical purposes the question of ML asymptotic efficiency is moot (one
need not lament the loss of ML asymptotic efficiency when there is no basis
for achieving it).

More formally, let ¢ (0;Y) denote a quasi-likelihood function based on
a postulated joint p.d.f. for a random sample of Y that may or may not
coincide with the true p.d.f. of Y. The QML estimator (QMLE) of 6 is
defined as

T
-~ 1
0 = arg max— Lo (0;) .
Qurp = argm T; Q (O u1)

Under quite general conditions, this estimator will be consistent and as-
ymptotically normal, and will have the asymptotic distribution presented in
(7.5).

However, unless the /g is in fact a correctly specified likelihood, the co-
variance matrix is not given by the inverse of the negative of the Hessian or
the outer product of gradients given that —Hy will not coincide with Oq. In
this case, a consistent estimator of the variance is:

~

% (EQMLE) — T H'OH. (7.7)

Thus, unless the analyst is confident of the functional specification of the

likelihood function, the asymptotic covariance matrix that simplifies —Hy =
Oq such be avoided.

To provide an overview of the sense in which the QMLE approximates
the true p.d.f. of a random sample, next we introduce the Kullback-Leibler
discrepancy, which is a measure of the proximity of one p.d.f. to another.
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The discrepancy of p (y) relative to f (y) is defined by

KL () = & [ | 4]

where &, [-] denotes the expectation taken with respect to the distribution
p(y). The KL discrepancy measure has several useful statistical properties.
Of principal interest is that KL(p, f) > 0, KL(p, f) is a strictly convex func-
tion of p > 0, and KL(p, f) = 0 iff p(y) = f(y) for every y. The closer
KL(p, f) is to zero, the more similar is the distribution p relative to f. The
greater the value of KL(p, f), the greater the discrepancy between both dis-
tributions.

Regarding the QMLE, suppose that the true p.d.f. underlying the DGP is
given by p (y) and that the analyst bases the definition of the quasi-likelihood
function on the p.d.f. family f (y;6) for 6 € ©¢. Define §* to be the value of
0 that minimizes the Kullback-Leibler discrepancy of p (y) relative to f (y;0),
that is,

0* = argminKL (p, f;0)

00,
B i p(y)
‘%Q%hbmﬁ}

Thus, #* is the parameter value associated with the quasi-likelihood spec-
ification that results in the least Kullback-Leibler discrepancy between the
true p.d.f. underlying the DGP of y and the set of p.d.f. candidates avail-
able from within the analyst’s quasi-likelihood specification of the proba-
bility model. Under general regularity conditions, it can be shown that
Oomre 2, 9*. In other words, the QMLE consistently estimates the particu-
lar value of 6 that provides the closest match possible between the analyst’s
probability model and the true p.d.f. of y.

While extremely useful, this result also imposes the requirement of dis-
cipline for the analyst, in the sense that in order to minimize the Kullback-
Leibler discrepancy he must use a candidate p.d.f. that closely resembles
p. For example, it may be the case that even when the OLS estimator is a
QMLE that is consistent and asymptotically normal, it may not minimize the
Kullback-Leibler discrepancy if some features of the data are not well cap-

tured by imposing normality. At any rate, inference can always be conducted
using (7.7).
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7.7 Numerical Methods

In many econometric models, the likelihood function does not yield a closed-
form solution for its maximizer. Numerical methods are then required to
obtain the maximum likelihood estimator. Among the various optimization
algorithms available, the Newton—Raphson and quasi-Newton methods are
the most frequently used because of their generality and convergence speed.
The ideas behind these methods are straightforward: by approximating the
log-likelihood function with a quadratic expansion around a current guess,
one can update the parameter vector iteratively until the procedure converges
to the value that maximizes the function.

7.7.1 Newton-Raphson Method

Numerical algorithms are often used in order to solve nonlinear problems for
which an analytical solution is not available. As most numerical methods,
the Newton-Raphson algorithm solves an optimization problem that is not
the one under consideration, but an approximation of it.

Consider a second-order (quadratic) Taylor series approximation of ¢ (9)
about a starting value 60,

CO= 00+ 00+ 500 H(0-0), (79

where g and H are defined as

or i
"=, = o000,

This approximation is now linear-quadratic in 6 (given that 6 is known)
and is strictly concave if the Hessian matrix is negative definite. As the
objective function is linear-quadratic, the FONC will be linear in # and can
be solved analytically. Conditional on the starting value 6, the next iterate
is

(92 :Hl—Hflgl. (79)

By repeating the process, we solve a sequence of conditionally linear-
quadratic problems in which the current solution 6; is derived from the pre-



7.7 NUMERICAL METHODS 195

vious solution ¢;_;. We repeat the Newton-Raphson iterations until conver-
gence (0; = 60;_1) and set 0; = IV

Under the Newton-Raphson algorithm, the step taken during iteration j,
dj = 0; —0;_1, is called the direction. The direction is the vector describing
a segment of a path from the starting point to the next step in the iterative
solution. The inverse of the Hessian matrix determines the angle of the
direction, and the gradient determines the size of the direction.

Inserting iteration (7.9) back into the approximation (7.8) yields

0(02) = 0(0)) — = (02 — 01) Hy (02— 0,) . (7.10)

1

2

Equation (7.10) shows a weakness of this method: Even if (7.10) holds
exactly, ¢ (02) > £(60,) is not guaranteed unless H; is a negative matrix (or
equivalently, unless ¢ is locally concave). Another weakness is that even if
H, is negative definite, 65 — 6, may be too large or too small; if it is too large,
it overshoots the target; if it is too small, the speed of convergence is slow.

Figure 7.1: Newton-Raphson Method

3The same criteria that we discussed for evaluating the convergence of the iterative
solution for the Gauss-Newton method can be applied here.
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Figure 7.1 presents an example of an objective function (the continuous
line) that is not globally concave. If 0.8 is chosen as a starting value, the
dashed line displays the second order Taylor approximation of the objective
function which corresponds to equation (7.8). From that point, the opti-
mization of this approximation leads to the value of the next iterate that
maximizes this approximation. Then, a new approximation is performed in
this point, and the algorithm converges to the global maximum. On the
other hand, if -0.2 is chosen as the starting value, the approximation (dotted
line) renders a convex function and the algorithm converges to a minimum
instead of a maximum.*

If we are certain that the problem has a unique solution, we can use a
simplified version of the Newton-Raphson iteration, known as the method of
steepest ascent. In this case, the Hessian matrix is replaced with the negative
of an identity matrix

82 = 91 + g1.

As the term “steepest ascent” implies, the updating of 6; in the algo-
rithm is solely determined by the slope of ¢(f;). In general, this method
converges to the solution more slowly than the Newton-Raphson method,
but the computing time may be reduced if the Hessian matrix is especially
costly to obtain.

When the Hessian fails to be negative definite, the search direction may
point toward decreases of £. This is simple enough to check and the response
is to check in the opposite direction by changing the sign of the search direc-
tion in (7.9) as

0y =0, — (Hl - 041])_1 g1,
where [ is the identity matrix and «a; is a scalar to be appropriately chosen
by the researcher subject to the condition that H; — a1 is negative definite.

This modification is called quadratic hill-climbing. Choosing a large value of
« makes the search direction similar to that of steepest ascent.

7.7.2 Quasi-Newton Methods

In many cases, the Hessian matrix used to compute the direction of the
Newton-Raphson algorithm is difficult to state or computationally expensive

4Once again, the importance of the choice of the starting value is crucial. The same
considerations that were discussed when presenting the Gauss-Newton method are valid
here.
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to form. Consequently, researchers have sought ways to produce an inexpen-
sive estimate of the Hessian matrix. The quasi-Newton methods are based
on using the information of the current iteration to compute the new Hessian
matrix. Let 6; = 6; — 0,1 be the change in the parameters in the current
iteration and 7n; = g; — g;—1 be the change in the gradient vector. Then, a
natural estimate of the Hessian matrix at the next iteration, h;;, would be
the solution of the system of linear equations

thrl(Sj = T]j.

That is, hjy; is effectively the ratio of the change in the gradient to
the change in the parameters. This is called the quasi-Newton condition.
There are many solutions to this set of linear equations. One of the most
popular solutions is based on secant updates and is known as BFGS (for
Broyden, Fletcher, Goldfarb, and Shanno) which is usually regarded as the
best-performing method. The iterative steps used to update the Hessian
matrix estimate take the form

/ /
By = hy + 2 5%
m0;  959;

7.7.3 Numerical Tips

Oftentimes, the parameter space is precluded from adopting some values.
One simple way to ensure that a numerical search always stays with certain
specified boundaries is to reparameterize the likelihood function in terms of
a vector that incorporates the desired restrictions.

For example, to ensure that a parameter a is always between +1, we take

l

a=_—> .
1+l

The goal is to find the value [ that maximizes the log likelihood. No
matter what value [ takes, the value of a will always be less than 1 in absolute
value and the likelihood function will be well defined. Once we have the value
of | that maximizes the likelihood function, the MLE of a is then given by

o~

jw )
Il
—_
_I_




198 CHAPTER 7 MAXIMIM LIKELTHOOD

Reparameterizing the likelihood function so that the estimates satisfy any
necessary constraints is often easy to implement. However, if a standard error
is calculated from the matrix of second derivatives of the log likelihood, it will
correspond to the standard error of [ and not of G. To obtain the standard
errors for a, the best approach is first to parameterize the likelihood function
in terms of [ to find the MLE, and then to reparameterize it in terms of a to
calculate the matrix of second derivatives evaluated at a and obtain the final
standard error for a. Alternatively, one can calculate an approximation to
the standard error for @ from the standard error for [ based on the formula
for a Wald test of a nonlinear hypothesis.

Another common restriction one needs to impose is for the variance para-
meter o2 be positive. An obvious way to achieve this is to parameterize the
likelihood in terms of [ which represents +1 times the standard deviation.
The procedure to evaluate the log likelihood then begins by squaring this
parameter [:

o? =

and if the standard deviation o is itself called, it is calculated as
o= VP2

Other times, some of the unknown parameters are probabilities 7y, - - - , 7
which must satisfy the restrictions

0<m<1 fore=1,2,--- .k
k
ZT{'Z‘ = 1.
i=1

In this case, one common approach is to parameterize the probabilities
in terms of lq,ly, -+ ,lx_1, Where

mo= B (A G+ G+ ) fori=1,2-- k-1
=1/ (1+B5+5+-+1_,).

For more complex inequality constraints that do not admit a simple repa-
rameterization, an approach that sometimes works is to put a branching
statement in the procedure to evaluate the log likelihood function. The
procedure first checks whether the constraint is satisfied. If it is, then the
likelihood function is evaluated in the usual way. If it is not, the procedure
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returns a large negative number in place of the value of the log likelihood
function. Sometimes such an approach will allow an MLE satisfying the spec-
ified conditions to be found with simple numerical search procedures. This
approach may not be recommended when the values of the parameters that
maximize the objective function are actually close to the boundaries. For
such cases, more complex algorithms are available.’

7.8 Applications

The following examples illustrate the application of the results obtained in
the previous sections. In both cases, the steps are explicit so that the reader
can connect the theoretical definitions of the likelihood function, the MLE,
and the information matrix with their practical computation. The first ex-
ample concerns a simple univariate distribution, while the second revisits the
classical normal regression model.

7.8.1 MLE of the Exponential Distribution

Let y be distributed exponential with parameter 6. Its p.d.f. is given by

1 _w
f(yt;eﬂ)ze_e % ; yt>0,90>0.
0

It is easy to verify that £ (y) = 0y given that

e) = [ =00 d:
= /000 z eioe_% dz

h + /oo e P dz

0 0
=0- 9067% ~
= 0o,

and V (y) = € (1?) — [€ (y)]° = 62 given that

®GAUSS has two libraries that can be used. CML is a library that specializes in con-

strained maximum likelihood estimation. CO is a library for general purpose constrained
optimization problems.

z
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() = /Oooz2f(z;90) dz

* 1 _=
:/ 22— % dz
0 to

+2/ 2e % dz
0 0

_Z
= —2% %

z

0 ’ 0

An alternative way to derive the central moments of this distribution is
to use its Moment Generating Function (M (t)) which is:

M(t) = (1—6pt)""
in which case,

OM (t)
at

Ey) =

and
O*M (t)
o
20;
(1 —6ot)?
= 203

t=0

t=0

The sample log-likelihood function for 7" observations of y is:

CO;Y) = > L(6;m)

1 T
= —TInf6 - EZyt
t=1
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The FONC is:
oL (6;Y) T 1«
0~ ety
t=1
ol (0;Y) _0
20 |;
> Zthl Yt
= 0= =T
and the SOSC is:
20;Y) T 2
a2 - 2 —32%
a6 0 6
2 .
= w = —AZQ <0,
00 2 0

which tells us that @ indeed is the arg maxg ¢ (6;Y).
Notice that € is unbiased given that

£ (@) _¢ (Z‘%} yt) — 6,

and

v(0) =v (%)

R

El

SIS

Next, we verify that V (5) attains the Cramer-Rao lower bound. To do
so, we verify that the assumptions of Theorem 27 are satisfied.
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0%

(B) & 006"

=&

0o

T
2 T
- — yt —_ -
MR

ov ol
—‘4%w}

i
&

Oo

0dx = / [a (9—%*):%) /39}9 By
0

_ Sy )’
_/ 0 T T6?

= —1+2=1

L (o) dy

Given that the Cramer-Rao assumptions hold, we known that

N 2 -
v(e) > [—5 % 90] ,

e ] e
0o T

0006
which coincides with V <§> Then 6 attains the Cramer-Rao lower bound.

but

Given that 6y is unknown, the estimator of V <§> is
~2
~ [ 0
V(0) ==
T
As we mentioned in Section 7.5, one desirable property of MLE is that
a reparameterization of the model leads to the same results (invariance to
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reparameterization). In this case it can be verified that if we define the p.d.f.
of the exponential distribution in terms of Jy = 1/6 we have:

f (yt; 190) = 19067190‘%; Yt > O, 190 > 0

and
T

~ 1

9= —_—
Zle yr 0

7.8.2 MLE of the Normal Linear Regression Model

We already know that the MLE for 8, and o3 in the NLRM are:

5= (X'X)"(XY)
52 790

which are obtained from maximizing the log-likelihood function:

T
COYIX) =) L0y |a)
t=1
. T T 2 1 /
=5 In (27) — 5 Ino* — 5,2 (Y -XpB) (Y —Xp).
To investigate the efficiency of the MLE we can obtain the Cramer-Rao
lower bound by using the OPG and the Hessian matrix. They can be obtained
from:

g_é = %(X’Y—X’Xﬁ)
% _ _%24_2%‘4(1/—)(6)/(}/—)(5)
)
% _ —%X’X
8(355)2 _ 27;4 —%(Y—Xﬁ)’ (Y - XB)
0% 1
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As the Cramer-Rao assumptions are satisfied, the lower bound for any
unbiased estimator is the inverse of information matrix which is:

0%/
[_5 0000

We known that £ (B) = [, and V (E) =0} (X’X)fl, thus B attains the
lower bound, but 5 is biased and has V (6°) = 20§ (T — k) /T? and does
not attain the lower bound. Even the unbiased estimator &> cannot attain
this lower bound given that V (52) = 204/ (T — k). In fact, no unbiased
estimator for o2 attains this lower bound. Nevertheless, both & and & are
asymptotically efficient, in the sense that both are asymptotically unbiased
and attain the lower bound asymptotically.

-1 2 / -1
o (X'X)" 0
] = s (7.11)
% 0 T

7.9 Further Reading

A detailed treatment of maximum likelihood estimation, its regularity condi-
tions, and its asymptotic properties can be found in Amemiya (1985), Hansen
(2022), Hayashi (2000), and Ruud (2000).

Comprehensive discussions of the Cramér—Rao lower bound and the in-
formation matrix equality are given in Rao (1973) and Mittelhammer, Judge,
and Miller (2000).

White (1982) and Huber (1981) provide the foundations for the quasi—
maximum likelihood estimator and robust inference under misspecification.

Gallant (1987) offers a detailed account of nonlinear likelihood models and
numerical aspects of estimation, while Thisted (1988) presents computational
algorithms for maximum likelihood procedures.

For further reading on numerical implementation and convergence prop-
erties, see Davidson and MacKinnon (1993) and Hamilton (1994).

7.10 Workout Problems

1. Prove Lemma 25.

2. Let y be a random variable that follows a U (0, 6) distribution. Find
the MLE.
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3. (Normal Linear Regression) Let y; |z, «~ N (z}8,, 02)

(a) Obtain the sample log-likelihood function for a sample of size T'.

(b) Verify that £ [¢(0;Y | X ) | X] is uniquely maximized at § = (3, and
o? =od.

(c) Verify that the assumptions for the Cramer-Rao lower bound in
Section 7.8.2 are satisfied.

(d) Prove 7.11.

4. (Student ¢ Linear Regression) Assume that the random variable (y; — z,3,) /o0
has a S, distribution conditional on z.

(a) Obtain the sample log-likelihood function for a sample of size T'.
(b) Verify that £ [¢ (0;Y |X)|X] exists.

5. Let y be a random variable that follows an Erlang distribution (a special
case of the Gamma distribution). Its p.d.f. is:

(ao/)\o)arl e~/
)\0 (Oéo — 1)

f(y;aﬂa)\ﬂ): ,y>0,)\0>0,040€N

(a) Find the mean, variance, skewness and kurtosis of y. [Tip: The
moment generating function of this distribution is M (t) = (1 — Aot)

(b) Assuming that you know the value of ag, find the MLE of )y and
verify that it is unbiased.

=

(c) Verify that the Cramer-Rao conditions are satisfied and obtain
the variance of \.

(d) If you observe the following sample of y: (2,8,4,7,9) and you
know that ay = 3, test the null hypothesis Hy : Ao = 2.5 using
Wald and LRT tests.






Chapter 8

Asymptotic Theory

8.1 Introduction

Once we leave the context of OLS with fixed regressors and normally dis-
tributed errors, it is frequently impossible (or at least impractical) to obtain
exact results. By results, we mean that given a data set Y and a vector of
parameter estimates 6, we would like to know how ‘far’ is @ from 6, (true
value of ) and how to test an hypothesis about 6y with the observed sample
(make inference).

Much of distribution theory uses to answer these questions with asymp-
totic theory, that is, the theory that describes the properties of estimators
when the sample size is infinitely large.

In previous chapters, we derived the finite-sample properties of estimators
under strong assumptions—fixed regressors, normality, and exact specifica-
tion. However, outside these ideal conditions, exact distributional results are
rarely available. Asymptotic theory provides a bridge between the tractable
and the realistic: by studying the behavior of estimators as the sample size
grows, we obtain approximations that justify inference when finite-sample
formulas fail.

Of course, in reality we don’t have infinitely large samples (statistics
and econometrics would be meaningless sciences), thus asymptotic theory is
used as an approximation (sometimes good, sometimes bad). Unfortunately,
more accurate approximations are usually available in very simple and limited
cases.!

!The main procedure used to get evidence in these cases is by means of Monte Carlo

207
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In the previous chapters we relied mainly on finite-sample results derived
for the classical linear model or specific likelihood structures. Those results
depend on strong distributional assumptions that seldom hold exactly in
applied work. Asymptotic theory provides the bridge between exact small-
sample derivations and the general properties of modern estimators. By
studying the behavior of estimators as the sample size grows, we can establish
whether they are consistent and how they are distributed in large samples.
These two properties—consistency and asymptotic normality—will underpin
the analysis of extremum estimators such as NLLS and MLE in the following
chapter.

The two questions posed are answered with the Law of Large Numbers
(how ‘far’ is # from 6,) and the Central Limit Theorem (inference about ;)
which we will discuss here.

The goal of this chapter is therefore twofold: to introduce the main tools
that justify large-sample approximations, and to illustrate how these tools
apply to linear regression estimators. The discussion will emphasize intuition
as well as formal statements, keeping in mind that asymptotic results are
approximations to finite-sample behavior.

This document is organized as follows: Section 8.2 provides some defin-
itions that will be used on the rest of the document. Section 8.3 presents
several Laws of Large Numbers (LLN). Section 8.4 introduces several Cen-
tral Limit Theorems (CLT). Section 8.5 discusses the asymptotic properties
of OLS, GLS, and FGLS. Finally, Section 8.6 ends be presenting some appli-
cations.

8.2 Preliminaries

Here we introduce a few concepts that are required in the subsequent analysis.
In particular, the rigorous definition of a random variable and modes of
converge of sequences of random variables.

8.2.1 Sequences, Limits, and Random Variables

Definition 30 A sequence is defined as a countable infinite collection of
ordered things.

experiments, but as it is impractical to perform these experiments every time we want to
perform a test, asymptotic theory is necessary.
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Thus, we may construct sequences of numbers, vectors, matrices, etc. For
asymptotic analysis we will be primarily interested in sequences that have
finite limits.

Definition 31 A real-valued sequence {a:} is said to converge to a if for any
e > 0, there exists an N such that VT > N

lar —all <,
where ||-|| is the Euclidean distance. We write limr_,o ar = a or ar — a.

A sequence that converges is convergent.

In order to notice that a random variable is simply a function, we will first
introduce some additional definitions. In concrete terms, a sample space € is
the set of all possible outcomes of an experiment. Thus, in the experiment of
throwing a die, the six faces of the die constitute the sample space. A subset
of a sample space may be called an event. Thus, we speak of the event of
an ace turning up or the event of an even number showing in the throw of a
die. With each event, we associate a real number between 0 and 1 called the
probability of the event.

When we think of a sample space, we often think of the other two concepts
as well: the collection of its subsets (events) and the probabilities attached
to them. The term probability space refers to all three concepts collectively.

Definition 32 The collection A of subsets of 2 is called a o-algebra if it
satisfies the following properties:
i) Qe A,
i) E € A=E € A (E refers to the complement of E with respect to ),
ZZZ) Ej E.A, =12 :>U?.;1Ej € A

Given a o-algebra, we define over it a real-valued set function satisfying
certain properties.

Definition 33 A probability measure, denoted by Pr(-), is a real-valued set
function that is defined over a o-algebra A and satisfies the following prop-
erties:

i) F € A=Pr(FE) >0,

ii) Pr(Q) =1=Pr(0) =0,

i) If {E;} is a countable collection of disjoint sets in A, then

Pr(U;E;) = Pr(E;).
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A probability space and a random variable are defined as follows:

Definition 34 Given a sample space ), a o-algebra A associated with €,
and a probability measure Pr () defined over A, we call the triplet (2, A, Pr)
a probability space.

Definition 35 A random variable on (£, A, Pr) is a real valued function
defined over the sample space (), denoted by X (w) for w € Q, such that for
any real valued number z, {w|X (w) <z} € A.

Example 36 In the sample space consisting of the six faces of a die, all
the possible subsets (including the whole space and the null set) constitute a
o-algebra. A probability measure can be defined, for example, by assigning
1/6 to each face and extending probabilities to the other subsets according to
the rules given by Definition 33. An example of a random variable defined
over the space is a mapping of the even-numbered faces to one and the odd-
numbered faces to zero.

Definition 37 The distribution function F (x) of a random variable X (w)
is defined by F () = Pr{w|X (w) <z}. A distribution function has the
properties:

i) F(—o0) =0,

ii) F (00) =1,

ii1) It is nondecreasing and continuous from the left.

Note that the distribution function can be defined for any random vari-
able because a probability is assigned to every element of A and hence to
{w]|X (w) < x} for any . We shall write Pr {w |X (w) < z} more compactly
as Pr{X <z}

From this point on, we treat random variables as measurable functions
that map each outcome of the experiment into a real number. This formalism,
though abstract, is what allows us to give rigorous meaning to convergence,
expectations, and probability limits—concepts that underlie all asymptotic
arguments.

8.2.2 Modes of Convergence

Here, we shall define four modes of convergence for a sequence of random
variables and shall state relationships among them in the form of several
theorems.
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Definition 38 (Convergence in probability) A sequence of real or vec-
tor valued random variables {x;} is said to converge to x in probability if

Tlim Pr(||lxzr — z|| > €) =0 for any e > 0.

. p .
We write xp — x or plimxp = x.

Definition 39 (Convergence in mean square) A sequence of real or vec-
tor valued random variables {x;} is said to converge to x in mean square if

lim & (zp —x)° = 0.
T—o0

. M
We write x7 — x.

Definition 40 (Almost sure convergence) A sequence of real or vector
valued random variables {x;} is said to converge to x almost surely if

Pr[lim xT:x} =1.

T—oco
. a.s.
We write x7 — .

Definition 41 (Convergence in distribution) A sequence of real or vec-
tor valued random variables {x;} is said to converge to x in distribution if
the distribution function Fp of xp converges to the distribution F of x at

every continuity point of F. We write xp L 2 and we call F the limiting
distribution of {x;}. If {x;} and {y;} have the same limiting distribution, we

. LD
write T = Y.

It is important to mention that in all cases, the limit may well be a
random variable itself.

The distinction among the various convergence concepts may seem tech-
nical at first, yet it becomes essential when proving the properties of estima-
tors. In econometrics we typically establish convergence in probability (to
show consistency) and then convergence in distribution (to derive limiting
distributions used for inference).

Theorem 42 (Chebyshev’s inequality) Let & (y) = 0; then Pr (|y| > &) <
5%5 (y?) V€ >0.
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Proof. We know that

Pr(ly > €) — / FW

2
< /y|>5 %d}" (y)  (because % >1)
< & _ooyzd}—(y)-

But Eiz ffooo y2dF (y) = 6%5 (y?). m

Theorem 43 (Chebyshev) If £x? =0, then xp 2 0.
Proof. From Theorem 42 we know that

1
?5 («7)

.1 :
= 111_1)1;() ?5 (27) =0 (by assumption)

Pr(ler] =€) <

> lim Pr(Jzp| > €)

T—o00

= lim Pr(Jzr| > &) =0 (because Pr can not be negative).

T—o0
Thus 27 > 0. =

M p
Corollary 44 v - v = o7 —
Proof. Left as an exercise. m

p D
Theorem 45 v — x = 27 —
Proof. Left as an exercise. m
Theorem 46 z; 5 = zr Lo
Proof. Left as an exercise. m

Having introduced the main modes of convergence, it is important to
understand how they relate to one another. Some are stronger than others,
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Figure 8.1: Logical relationships among modes of convergence

and these logical implications form the backbone of asymptotic reasoning in
econometrics.

Figure 8.1 depicts the logical relationships among the four modes of con-
vergence discussed. The converse of Theorem 45 is not generally true, but
it holds in the special case x is equal to a constant a. We shall state it as a
theorem.

D :
Theorem 47 27 = a = w7 — a (when « is a constant).

Proof. Left as an exercise. m
The next three convergence theorems are extremely useful in obtaining
the asymptotic properties of estimators.

Theorem 48 (Mann and Wald) Let z; and © be k—wvectors of random
variables and let g(-) be a function from R* to R such that the set S of

discontinuity points of g (+) is closed and Pr(xz € S) = 0. If xp Lz, then
D
g (zr) = g(z).

Theorem 49 (Continuous mapping theorem) Let x; be a vector of ran-
dom variables and let g () be a real-valued function continuous at a constant

vector point oe. Then xp 2 o = g (z7) 2 g(a).

Proof. Continuity at o means that for any € > 0 we can find § such that
|z — || < ¢ implies |g (z1) — g ()| < e. Therefore

Pr(ller —al| < 0] < Prilg (zr) —g(a)| <]

The theorem follows because the left-hand side converges to 1 by the
assumption of the theorem. m
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Theorem 50 (Slutsky) If x; L s oand n LN «, then
. D
i) oty — T+,
. D
i) Ty — o,

iii) ¢/ Yy A x/a, provided o # 0.

Remark 51 (Deltha Method) Suppose /T (5 - 00> LA N(0,V) and g(.) is

continuously differentiable at 6y. Then
VT (9 (8) = 9(60) = N (0,9 (60) Vg (60)') -

The delta method formalizes the intuition that smooth transformations of
asymptotically normal estimators remain asymptotically normal, with vari-
ance scaled by the gradient of the transformation. It will be repeatedly used
when analyzing nonlinear and likelihood-based estimators.

Example 52 Ezample. If5° is a consistent estimator of 02 and /T (62 — 03) A
N (0,w?), then by the delta method

ﬁ(a—ao)ﬂfv<o wz).

)
40§

8.2.3 Rates of Convergence

Definition 53 If f (-) and g () are two-real valued functions of the positive
integer variable t, then the notation f (t) = o (g (t)) means that

i [£0] o

t=oo [ g (1)

In this case, we say that f (t) is of smaller order than g (t).

It is not necessary for ¢ (t) to have a limit, what is important is the
comparison performed by the ratio. For example, if f (¢) — 0= f (t) = o(1).
If f(t) = o(t7') it means that f (f) converges to zero faster than ;. Finally,
if f(t) = o(t) we don’t known if f(-) has a limit, but we know that if it
tends to infinity it does less rapidly than t.
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Definition 54 If f () and g (-) are two-real valued functions of the positive
integer variable t, then the notation f (t) = O (g (t)) means that there exists
a K>0 independent of t, and a positive integer T" such that

'&

‘<K vt > T.
g(t)

In this case, we say that f (t) and g (t) have the same order asymptotically.

Notice that this definition does not preclude lim; .., | f (t) /g (t)| = 0.

The previous definitions are intended for nonstochastic sequences. The
following definition generalizes this concept for the case of sequences of ran-
dom variables.

Definition 55 Let {x;} be a sequence of random variables and g (t) a real
valued function of the positive integer t. Then we can write v, = o, (g (t)) if

x:/g (1) 20 and z; = O, (g (1)) if for any & > 0 there exists an M such that

o

Next, we present a few rules that can be applied:

<M

>1—¢e Vi

X
g (1)

O £ 0 (1) = O (),

ot £o(t" o (tmax(@n)y |
Ot +o(t oY) q>r,
O (tq) +o

O (tq”) q>,
o (1),

o (t7).

These notations will reappear throughout the book. For instance, when

(") =
") =
(") =
(") =o(t") r>gq
") =
o(t") =
o(t") =

we say that an estimator is root-7' consistent, we mean that v/T (5 — 00) =

O, (1). Rates of convergence allow us to compare estimators and to derive
asymptotic expansions of their distributions and biases.
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8.2.4 Relationships among lim €&, AE, and plim

Let Fr be the distribution function of z7 and Fr — F at continuity points
of 7. We have defined plim in Definition 38. We define lim £ and A€ as

follows: .

lim xyr = lim xdFr (z)

T—o0 T—o0 o

and -
Alxr = / rdF (z).

In words, AE, which reads asymptotic expectation or asymptotic mean,
is the mean of the limit distribution.

These three limit operators are similar but different; we can construct
examples of sequences of random variables such that any two of the three
concepts either differ from each other or coincide with each other. We shall
state relationships among the operators in the form of examples. But first,
note the following obvious facts:

e Of the three concepts, only plimz; can be a nondegenerate random
variable; therefore, if it is, it must differ from lim Exr or AExr.

o If 27 % o, a constant, then Az = a. This follows immediately from
Theorem 45.

Example 56 Let x1 be defined by

Z with probability (T — 1) /T
T with probability 1/T

rT =

where Z «~ N (0,1). Then xp 2 Z, limExyp = 1, and Axr = EZ = 0.
Example 57 Let xp be defined by

0 with probability (T — 1) /T
T? with probability 1/T .

rT =

Then zp 2 0, im&xr = o0, and AExr = 0.
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Example 58 Let v ~ N (a, 1) and yr ~ N (8, T 1), where 8 # 0. Then
x/yr is distributed Cauchy and does not have a mean. Therefore im & (x/yr)
cannot be defined either. But, because yr 2> 3, AE (x/yr) = a/B by Theorem
?? i)

We are now in position to define three important concepts regarding the
asymptotic properties of estimators, namely, asymptotic unbiasedness and
consistency.

Definition 59 The estimator /Q\T of 0y is said to be asymptotically unbiased
if AEOr = 0y. We call AEO — 0y the asymptotic bias.

Some authors define asymptotic unbiasedness using lim EET instead of
AEOr. Then, it refers to a different concept.

Definition 60 The estimator §T of 0y is said to be a weakly consistent esti-
mator if O LN

Definition 61 The estimator /O\T of Oy 1is said to be a strongly consistent
estimator if O 5 0.

Some authors use the term consistent (without the weakly) to refer to an
estimator that converges in probability.

In view of the preceding discussions, it is clear that a strongly consis-
tent estimator is weakly consistent, but not necessarily vice versa. Likewise,
a consistent estimator is asymptotically unbiased, but not necessarily vice
versa.

The distinction among lim &£, AE, and plim is often subtle but concep-
tually important; plim concerns convergence of the random sequence itself;
lim £ concerns the convergence of its expectation under the sequence’s orig-
inal law; and AE computes the mean under the limiting distribution. These
need not coincide, which explains why asymptotic unbiasedness does not
always imply finite-sample unbiasedness.

8.3 Laws of Large Numbers

In econometrics, we want to know the conditions under which our estimators
converge to the true value of parameters. These conditions are evaluated
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using Laws of Large Numbers. Here, we present four of them that can be
invoked depending on the structure of the model under consideration. To
make a correspondence with definitions of consistent estimators, laws that
imply converge in probability are usually referred to as Weak Laws of Large
Numbers (WLLN). Laws that imply almost sure convergence are termed
Strong Laws of Large Numbers (SLLN).

The Law of Large Numbers formalizes the idea that averages of random
variables stabilize as the sample grows. It provides the asymptotic justifica-
tion for consistency: if sample moments converge to their population coun-
terparts, estimators built from them converge to the true parameter values.

Theorem 62 (WLLN1, Chebyshev) Let & (v;) = p, V (21) = 0, Cov (x4, x;) =

0 Vi#j. If lim LS 02 < M < oo, then
T — fip = 0.
Proof. By Chebyshev’s inequality we known that

Pr (|77 —Ti| > €) <

1 T
= =50 V@)
S
1 T
2
T2 Z"t
S
Then
T
1M
T—>oo€ T2 p— T—>oo§ T

Which implies that 77 — 7y 20, sozr — iy = 0 (Corollary 44). m
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Theorem 63 (WLLN2, Kinchine) Let {x;} be i.i.d. and & (z;) = p <
o0, then
rr — M.

Note that WLLN1 needs to restrict the second moments but does not
require the i.i.d. assumption, while WLLN2 does not restrict second moments
(explicitly) but requires i.i.d.

In econometric applications, independence is often too strong an assump-
tion. Later chapters will discuss extensions of these results under dependence
(mixing and martingale difference sequences) that are relevant for time-series
models.

Theorem 64 (SLLN1, Kolmogorov) Let {z;} be independent with finite

variance V (x;) = o7 < oo. If Y70, %

& < 00, then

— — a.s.
Tr — fp — 0.

Theorem 65 (SLLN2, Kolmogorov) Let {z;} bei.i.d. Then, a necessary
and sufficient condition for Tp “5 1 is that Ex, exists and Exy = fu.

8.4 Central Limit Theorems

The previous section presented the conditions under which the sample av-
erage converges (either in probability or almost surely) to the population
mean, thus also converging in distribution (as Figure 8.1 depicted). This re-
sult is not very useful if we want to conduct inference about the population
moment. Here, we will present the conditions under which random variables
converge to more interesting distributions.

While LLNs ensure convergence of sample moments to their expectations,
they are silent about the shape of the sampling distribution around the limit.
Central Limit Theorems fill this gap by showing that properly normalized
deviations tend to a normal distribution, allowing approximate inference.

Theorem 66 (CLT1, Lindeberg-Lévy) Let {z:} be i.i.d. with Exy = p
and Vz, = 0. Then

Ty — [ Tr — |0 D
Tp=—L"F _ /T = N(0,1).
vz o
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Theorem 67 (CLT2, Liapunov) Let {x;} be independent with Ex; = p,,
Vo, =02, and & |z, — p,|°’] = ma. If

1/3
’ [Zthl m?)t]
m —=—
T—o0 1/2
[Zle 9 % ]

=0,

then Zp = ;};;ﬁ% B N(0,1).

Theorem 68 (CLT3, Lindeberg-Feller) Let {x;} be independent with dis-

1/2
tribution functions {F;} and Ex; = p, and Va; = o?. Define Cr = (Zle 0?) )
If

T
1
1im—§:/ (x — 1) dF; () = O,
T—o00 C’% — |z—p,|>eCr !

for every e > 0, then Zr = [Z;ﬁ% ZN(0,1).

We shall conclude this section by stating a multivariate CLT.

Theorem 69 Let {x;} be a sequence of k-dimensional vectors of random
variables. If ¢ xr converges to a normal random variable for every k-dimensional
vector ¢ # 0, then xp converges to a multivariate normal random variable.

Note that showing convergence of each element of xr separately is not
sufficient.

The multivariate extension is indispensable in econometrics, where esti-
mators are vector-valued. It guarantees that joint asymptotic normality of
estimators can be deduced by verifying normality of all linear combinations.

8.5 Asymptotic Distribution of LS Estima-
tors

The main purpose of this section is to prove the consistency and asymptotic
normality of the OLS, GLS, and FGLS estimators.
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8.5.1 Asymptotic Distribution of OLS
Consistency of OLS

Next we present several theorems that can be applied in order to demonstrate
the conditions under which the OLS estimator is consistent. We begin by
demonstrating the consistency of the OLS estimator for fixed regressors, and
later we extend the scope of the consistency theorems for cases in which the
regressors are stochastic.

Equipped with the LLN and CLT, we now revisit the linear regression
model to study how OLS behaves as the sample size grows. Our objec-
tive is to establish two fundamental properties—consistency and asymptotic
normality—and to interpret them in light of the large-sample results previ-
ously developed.

Theorem 70 (Consistency of B, k =1, X nonstochastic) Consider the
HLRM with k = 1. Iflimy_o X'X = oo, then 2 j,.

Proof. In order to prove that B 2, B, we will demonstrate that B M B, and
then invoke Corollary 44. Recall that 5 — 5, = X'u/X’'X. Thus

(i)' - e (55%)

- @?)

2
= E Ty (because x is nonstochastic)
> SC?)2 ( )
- 1 5 5V ( xtut) (because Exu; = 0)
(> f)
1
== V (xtut)
(X ) 2
_ %
- Y
- 2
= lim & (5 .y
2
= lim =% =0
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Thus, B M B, and by Corollary 44, B 2, Bo. W

Theorem 71 (Consistency of B, k > 1, X nonstochastic) Consider the
HLRM with k > 1. If \; (X'X) — oo (where A\s (X'X) is the smallest eigen-
value of (X'X)), then 2 f,.

Proof. We will present the proof following the same strategy as before; that
is, to prove that 5 2 8 we will demonstrate that /3 M By and then invoke
Corollary 44. Recall that V (E | X ) — 02 (X'X)"". Thus for any parameter

Js
£ (B~ Boslx) = v (3,1X)
= diag; [0(2) (X'X )71] ( jth element of the diagonal)

< tr[o? (X'X)7]
k 2
- ; WO/X) (AiA is the ith eigenvalue of matrix A)
ko
< —
A (X'X)

~ 2 ~
But s (X'X) — oo, then limg_o, & (ﬁj — BOJ) < 0. Thus, 3 % 8 and
by Corollary 44, B 25 m

Lemma 72 The following four statements are equivalent:
i) As (X'X) — 00 (A;A = smallest eigenvalue of A),
i) N (X'X)P =0 (NA = largest eigenvalue of A),
iii) tr{(X'X)™" — 0,
) diag; (X'X)' =0 forj=1,2,. k.

Proof. Left as an exercise. m
The results of this Lemma are important because we can check for any
of them to be satisfied in order to prove consistency of the OLS estimator.
Several important features of Theorems 70 and 71 are worth mention-
ing: First, consistency of the OLS estimator does not require to impose the
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assumption of normality on u. Second, as the sample size increases, the vari-
ance of the estimator converges to zero. Finally, as Figure 8.2 shows, given
that the estimator converges in mean square and probability to the true value
By, it also converges in distribution to a degenerate distribution with mass
point at f3,.

Figure 8.2: Convergence in distribution

Theorems 70 and 71 assume that Euu’ = o217, thus precluding the pres-
ence of heteroskedasticity and/or serial correlation on u. If Euv’ = 030, with
Qo # I, we know that the OLS estimator is unbiased. Next, we present the
conditions under which the OLS estimator is also consistent.

The consistency of the OLS estimator is important for two reasons: First,
if () is unknown, we may prefer to obtain a consistent estimator of /3, even
though it is not as efficient as the GLS estimator (which is not obtainable
anyway). Second, even if we knew the form of y and decide to obtain the
FGLS estimator, this estimator is obtained in a two-step procedure, where
the first step uses the OLS estimator; it is clear that if the OLS estimator is
not consistent, neither will be the FGLS estimator.

Before we present the conditions under which the OLS estimator is con-
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sistent when g # Iy, we present a Lemma that will be used in its demon-
stration.

Lemma 73 Let A and B be nonnegative definite matrices of size T'. Then
tr (AB) < X\ (A) tr (B), where \; denotes the largest eigenvalue of A.

Proof. Let H be a matrix such that H'AH = D, diagonal, and H'H = I.
Then, tr(AB) =tr(H'AHH'BH) =trDS, where S = H'BH. Let d; be the
1th diagonal element of D and s; be of S. Then

T T
= Zdisii < maxd; - Zsu
i—1 ' i—1
But max; d; - Z;.r:l sy =N (A)trB. =

Theorem 74 (Consistency of B, k > 1, X nonstochastic, 2y # Ir) Consider
the LRM with Euv’ = 03Q. If :

i) As (X'X) — o0,

ii) Ny is bounded for all T,

Then B 2, Bo-

Proof. We have
trV <B|X> =~ tr [JS (X'X) " XX (X’X)_l]
~ [O'OQOX (X'X) (X’X)*X’]

< o2\ () tr [X (X’X)_l (X'X)"! X’] (Lemma 73)

x|

0'0)\[ (Qo)
Ai (X'X)
A (£0)

- km

But the last term converges to 0 because of assumption i) and ii), then

B St £ and by Corollary 44, B L5 m
It is trivial to verify that Theorem 74 generalizes the results of Theorem
71, given that if Qg = I, A\ (Qp) = 1.



8.5 ASYMPTOTIC DISTRIBUTION OF LS ESTIMATORS 225

Theorem 75 (Consistency of B, X stochastic) Inthe LRM, assume that
Eu? < oo, & (wyuy) =0, Exlwy < 0o, and S = Exyx}. Then:

i) LX'X 5 S,

i) 2 X'u 5 0,

iii) B2 B,.
Proof. The assumptions that Erjx; < oo and Eu? < oo mean that all

elements of z; and u; have finite second moments, and all cross-products are
finite. To see this, first observe that since

Exjyy =Ea3, + -+ Exfy < 00,
then, it is the case that for all j = 1,---  k, 5:(3%25 < 00. By the Cauchy-
Schwarz inequality, for each j and 1,

1/2

£ |513j,t$z',t| < & }xit} £ }xit}lp < o

Using this result and the WLLN2 directly imply that for all j and ¢

1
T Z x?vt EN &Uit
and

T

1 Z P

? LUngCCi,t — Sa:j,txi,t.
t=1

Hence, %X 'X 2 S which is the first result.
Furthermore, for each j

1/2 1/2

Elrju] <& {x%t! E {uf‘ < 00.

J

Using this result and the WLLN2 imply that for all j
1
f Zxﬂut & 5$j7tut =0.
t=1

Hence %X 'u 2 0 which is the second result.
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Finally,
Bo+ (X' X) ' X'u
_ g+ (2xx RESY
- P T T
= B 58,
as (%X/X)f1 2, §~1 (Theorem 49) and 7X'u 2 0. The result follows
by applying Slutsky. m

™)
I

Theorem 76 (Consistency of 6°) Given the same assumptions of Theo-
2

rem 71 plus € (uf) = my, then 5> % o2.
Proof. As 32 = T 00 =T "W/Mu =T "Wu—T""wX (X'X)"" X'u. Let
Hy = T"%/u and Hy, = T"'/X (X'X)"" X'u. Then 6> = H, — H,. It is
trivial to verify that H; - 0% (by WLLN2). Thus, we only have to prove
that Hy 2 0. By the (generalized) Chebyshev’s inequality we know that

Pr[H, > €] < 25 (Hy).
Then
gg(Hz) =

Thus lim7_,o %!'T? = 0 which implies that Hs 2,0. m

A very important point that has to be considered is that consistency of
the estimator requires that k& = o(T'); that is, if the number of regressors
increases, it must do so at a slower rate than the increase in the sample size.?

2This is very important, given that many applied researcher tend to include more
explanatory variables every time their sample increases.
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Corollary 77 5° % 2.

Proof. Given that
612 T ~2

T

and 7=— — 1, L o3 by Slutsky. m

Asymptotic Normality of OLS

As was evident from Figure 8.2, B does not have an interesting distribution
if we want to test an hypothesis about 3,. This is so because the condi-
tional variance of B converges to zero as the sample increases. Except in
special cases, the exact distribution of § is unknown. Therefore we rely on
approximations, and use a variety of techniques to assess the accuracy of
these approximations. The dominant approximation technique relies on as-
ymptotic theory, and is based on calculating the limiting distribution of a
normalized version of 3 using a CLT.

Theorem 78 (Normality of E; k =1, X nonstochastic) Consider the HLRM.

Let )
maxiy<i<T Ty

X'X
Iflimg_o 12 = 0, then o (X'X)"2 (5 50) LN (0,1).

2 _
rr =

Proof. Recall that in this case B — B = X'u/X'X,V (E\X) =o03/X'X,
and Zr = X'u/ <00 (X' X)) 2); where Zp corresponds to the standardized

ratio of B — [, with respect to its standard error. We want to prove that

Zr BN (0,1). Notice that the numerator X'u = > xpuy is composed of
T independent observations w; = z;u; with mean 0 and variance aoxt As
X is fixed, w is not i.i.d. given that the variance depends on x. For this
reason, we cannot apply CLT1 directly. CLT2 is not an option, given that
the assumptions of the theorem are silent with respect to the third moment
of w. Thus, we will use CLT3. Notice that C% = 623" z2. We need to prove
that
1 T

lim — / w?dF; (w) =0
THOOO z:; |wi|>eCr !
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Define Hr as
T
Hr = — / w?dF; (w)
072—' ; |xtut|>eCT
T
== Z/ w?dF; (w) (given that |au| = || |u])
T t=1 |xt\|uz\>€C’T
1 I
= — w?dF, (w)
012“ tz; /|ut|>€|—ftl|1

IN

IN

T
1 / 9
— wdF; (w)

T

1
2 Z / L 202 w?dF; (w) (using the definitions of r3 and C7)
T 4=y Jui>—3"
T

% / aRdG, () (as F; (o) = Pr[z%u? < ]
CT —1 u$>i—§Q =Pr [U2 < 04/1'2] = gt (U))

1
—5 fo / oo u?dG,; (u) (as x and u are independent)
uz>—10

=1 t T%

1
O_%X/X u?>% U2dgt (U)
T
1
— , , u2dG; (u) (using the definition of C%.).

As limg_, 72 = 0, the area of integration shrinks as 7' — oo, in which

case [ (+) converges to zero. Thus, limr_,, Hr = 0 and Zr EA N (0,1). The
conclusion of the Theorem follows using Theorem ??7. =

This theorem and the next ones, show that the asymptotic distribution
that is relevant for testing hypothesis is the normal distribution. It is trivial
to verify that given that o3 is not available, we can replace it with a consistent
estimator (either > or 5°) given that

B8, BB, &

o2 (X'X)H /5 (XX) 0
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But Uio 2. 1, then applying Slutsky, we have:

St/ YR
a2 (X' X))

Theorem 79 (Normality of E; k > 1, X nonstochastic) Consider the HLRM.
Let
o maxlStST Zli’it

rir = fori=1--- k.

/

Assume limp_oorip = 0 for i = 1,--- k. Define J = XS~' where
S is the k X k diagonal matriz with elements (x;xi)l/ * and assume that

limy_.o J'J = R ewists and is nonsingular, then S (B — 60) SN (0,02R71).

Proof. Notice that S (B - 50) = S(X'X)"' X'u in which case we have
that & [S (B—ﬁo)] — 0 and V [s (B —50) |X] = 02(J'J)"". Thus, if
limr_ J'J = R, we have that the two moments of the theorem coincide.
We will now prove that S (6 - 60> KA N (0,02R™1). In order to do so, we
will first use the asymptotic distribution of a univariate transformation of

S <6 — 60> and then invoke Theorem 69. Let o be a k-vector of constants

and define the scalar
o' X'u

VX' Xao?

Notice that £ (Hr) = 0 and V (Hy) = 1. We will prove that Hr EA
N (0,1). Define ¥ = Xa, which is a T-component vector. Then

Hy =

T'u
/T To?

We need to prove that if we define

Hp =

~2
7,:2 . maxiy<i<T Ty
T 'z
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and lim 72 = 0, then invoking Theorem 78, Hr SN (0,1). Let us analyze
the numerator and denominator of 72 separately. The numerator is:

— k 2
max Ezf = max E 0T ¢
1<t<T 1SI<T | 4= ’

Li=

k 2
< mex 2'%”%‘]
Li=

k 2
[Z il TiSi] (where s; = (93;931‘)1/2)
i=1

k k
< (Z a?s?) (Z Tf) (Cauchy-Schwarz inequality).
i=1 i=1

On the other hand, the denominator can be expressed as:

IN

~)~

77 = X' Xa=(d'S)JJ(Sa)
> X\ (J'J)d/SSa (because J'J is p.d.)

k
As (J'T) (Z a?s?) :

Combining both results, we have:

’T’\Q _ maxlStSTif

T Tz

< Zf:l r?

— N (JT)

Then
k 2
2 < T Dica i
L W)
0
=3 @) =0 (given that R is nonsingular).

Thus, Hr 2N (0,1). The final result follows from applying Theorem
69. m
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Given that S (B — 60> 2 N (0,62R™1) we conclude that
(B-5,) &N (0,035 'R 157Y).

Buts—1¢9—kxc¥5—wfls—l::@chyﬂ.qmmn,(ﬁ-—ﬁo)éiAf(ac%(xﬂxu*S.
We used the assumption that limz .., 7% = 0 in order to derive the as-

ymptotic distribution of the OLS estimator. Intuitively, this assumption

implies that in order to obtain an asymptotically normal distribution, we

need to have a data set that does not have a very influential observation. If

huge outliers are present, our results may be compromised. The following

theorem shows, among other things, that limz_ ., 7% = 0 is a less restrictive

assumption than the commonly used assumption that lim 7! X’ X exists and

is a nonzero constant. It follows that if lim 77! X’ X exists and is nonsingular,

the condition of Theorem 79 is satisfied.

Theorem 80 Given a sequence of constants {x;}, consider the statements
(for cp = S0 a2 and a < 00,a #0):

i) limp oo T ler = a,

ii) limp o cp = 00,

i1i) limy o cp'a2 = 0,
iU) limT_m C;l maxj<i<T l’t2 = 0.
Then i)= [ii) and )] =wv).

Proof. Left as an exercise. ®

Next, we derive the asymptotic distribution of B in the case where X is
stochastic.

Theorem 81 (Normality of B; k > 1, X stochastic) Assume that € (zv,u;) =
0, Euf < 00, € |z}| < 00, S =Exa} >0, and ¥ = € (viwju?) > 0. Then:

i) vy = xpuy is i.d., Evy = 0, Evjuy < 00, and Evy = X;

i) J= S v > N (0,5)5

iii) VT (B _ 50> D N(0,5718S71).
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Proof. Since (y;, ;) is i.i.d., so is v; = x4 (y; — Byz). Furthermore v, =
Exuy = 0; by the Cauchy-Schwarz inequality we have

Evjwy] = € |zaiuf|
< (eleay?) " (€ Jui])”
= (¢ |:ct|4)1/2 (& ‘uﬂ)lﬂ < 00.

Finally, Eviv) = € (zxju?) = 3, which establishes the first result.
The second statement follows directly from CLT1.
Finally, as i7) shows,

1 D
—X'u = 0,>).
\/T U N( ) )

But

609 - (3 (5
LN (0,57'257Y),

applying Theorems 75 and 49. m
The asymptotic variance resembles “sandwich” formula we derived when
u is heteroskedastic. If u were homoskedastic,

Y =& (naiuf) = € (va)og) = 039

and the asymptotic variance matrix reduces to S™'E5~! = 251

The careful reader has probably noticed that Theorems 75 and 81 assume
that x; are i.i.d. These theorems cannot be invoked when x feature depen-
dence (as in time series models) and a different CLT has to be invoked. We
will present it later.

Theorem 82 (Normality of 5°) Consider the HLRM with the additional
assumption that Eu} = my. Then

ﬁ(32—03) g./\/’(O,m4—a4).
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Proof. We can write
'u— To? 1
VT (62 — o2) = L4 0 _ u' Pu.
A== "
The second term converges to 0 in probability by the same reasoning as

in the proof of Theorem 76, and the first term can be dealt with by applying
CLT1. Therefore, the theorem follows from Theorem 50. m

8.5.2 Asymptotic Distribution of GLS

We already showed that BG s 1s the OLS estimator of a transformed model,
and that B = (X’Qo_lX)*1 (X'Qy'Y) is unbiased and has V <BGLS |X> =
o (X'Qy'X )71, it is not surprising that the derivation of the asymptotic
properties of GLS can be derived using the same arguments that we used for
the OLS estimator.

Theorem 83 (Consistency of BGLS) Consider the LRM. If :
i) As (X'X) — o0,
ii) N\ (Q0) is bounded for all T.

o~

Then 5GLS 5 50

Proof. We have
~ -1 1
tV (Bess|X) = St (X'9'X)
00

1 _
= 3t [0 XX

1
< SN (1) tr[XX'] (Lemma 73)
90

tr [ X X']
oph (o)

But A (Q9) # 0 is bounded. Finally, as A; (X'X) — oo, tr[XX'] — oc.
Thus by Lemma 72, V (BGLS \X) 20 m

Theorem 84 (Normality of 85;¢) Assume that £ (zu) = 0, Eud < oo,
&l < o0, £X'05"X LW >0, and 03Q = € (u') > 0. Then:
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i) \/—XQ L B N (0,02W),
i) VT (Baws — Bo) 2 N (0,030 1),

Proof. The first result follows from CLT1. For the second result, notice that

~ 1 A
VT (Bews = B0) = (—X/QOIX) (ﬁX/Qf’l“)
SN (0 00 1) ,
applying Theorems 50 and 49. m

8.5.3 Asymptotic Distribution of FGLS

The asymptotic properties of FGLS depend on the consistent estimation of
Q. Nevertheless, remember that in order to obtain the FGLS estimator we
must have the correct specification for €.

For the FGLS estimator to be consistent we require that the number of
the free parameters that characterize () should be either bounded or allowed
to go to infinity at a slower rate than 7.

As was noted earlier, the first step in obtaining FGLS is calculating OLS.
Therefore the properties of FGLS depend on the properties of OLS. Theorem
74 described the conditions under which this is the case.

If € is correctly specified and OLS is consistent, then the FGLS estimator
shares the same asymptotic distribution of GLS. In particular,

VT (BFGLS - 50) = (0,08W 1),

where W =plim (%X’QSIX).

8.6 Applications

Next, we present some exercises that use the convergence theorems we dis-
cussed.

Exercise 85 Consider the HLRM model with k = 1 with x nonstochastic
and assume that im T 1 X'X = ¢ # 0. Let us consider the probability limit

of the estimator that is obtained by minimizing the sum of squares in the
direction of the x-axis: Bp=Y'Y/X'Y.
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Solution 86 We can write

B _ 5% + 2/80))(%“&( + %
R — T
Bo+ %%
We have that X'u/T 20 and X'X/T — c¢; hence ))%é L0 (Slutsky).
Also we have ;:qj(//TT 2, %21 because of Theorem 49 and SLLN2. Therefore

BR 2, By + g—i Notice that ¢ may be allowed to be oo, in which case BR
would be a consistent estimator of (.

Exercise 87 Consider the same model as in Example 85 except that now we
assume that imT2X'X = co. Also assume that limr2 = 0. Show that (3

and BR have the same asymptotic distribution.

Solution 88 Clearlyg and BR are consistent. Therefore by Theorem 45,
both estimators have the same degenerate limit distribution. But the ques-
tion concerns the asymptotic distribution; therefore we next obtain the limit
distribution of each estimator after a suitable normalization. We can write

50> ) By (X' X)M? <B _ 50) - (X,”f)';;l/z.

X/
Bo+ %%

(X'X)"* (Bn -

But by our assumptions % 2,0 and % 2 0. Therefore (X'X)"? (BR - 60) e

(X'X X'X
(X'X )1/ 2 (B — 50) by repeated applications of Theorem 50.

Exercise 89 Consider the HLRM with k = 2. Assume that lim T 'X'X =
A, where A is a 2 X 2 nonsingular matriz. Obtain the asymptotic distribution

of /Bl/gz assuming By # 0.

Solution 90 We can write

&_&] _ 2 By (Bl_ﬁl) — b4 <E2_52>

T2 | % -
By 62 Baly

Because BQ LN Bq, the right-hand side has the same limit distribution as

B2 (By = 8,) - 8.85°T2 (By — s )
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But, our assumptions imply that [Tl/ 2 <31 — 61> T2 <Bz — 52)] converge
in distribution to a bivariate normal variable (Theorems 80 and 79). There-
fore, by Theorem 48 we have

VT |2 &] BN (0,028 A1)

By By

where §' = (83", —B1557).

8.7 Further Reading

The asymptotic tools introduced in this chapter constitute the mathematical
backbone of modern econometrics. Readers seeking a deeper or more general
exposition will find complementary treatments in a number of classic and
modern sources.

Amemiya (1985) provides a rigorous and elegant development of conver-
gence concepts and asymptotic results for linear and nonlinear estimators.
This chapter heavily draws from it. The treatment by Hansen (2022) is
modern, intuitive, and tightly connected to econometric practice, whereas
Hayashi (2000) develops asymptotic theory as a unifying framework for con-
sistency and efficiency across estimation methods.

8.8 Workout Problems

1. Prove the Theorems and corollaries that were asked for in the text.

2. Let {a;},t =1,2,---, be anonnegative sequence such that (Zthl at) /T <
M for some M and every T. Prove limy .o 3., (a:/t?) < oo.

3. Let zp be defined by

0 with probability (7"—1) /T
T'/? with probability 1/T

rT =

Let AE (x7) = a, imExp = b, xp 2 ¢, o M d, z7 “5 e. Find a,b, ¢, d,
and e.
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4.

10.

Let xr be defined by

Z with probability (T'—1) /T
2T Z with probability 1/T '

rT =

Let AE (z7) = a, imExp = b, 27 2 ¢, w7 Rt d, zp %5 e. Find a, b, ¢, d,
and e.

Show that s (X'X) — oo implies ziz; — oo for every i, where x; is
the ith column vector of X. Show that the converse does not hold.

Assume k£ = 1 in the HLRM. l\f there exist L and M such that 0 < L <
X'X/T < M for all T, show 3 %3 3,.

Suppose Y =Y* + v and X = X* + w, where each variable is a vector
of T' components. Assume Y* and X* are nonstochastic and (v, wy) is
a bivariate i.i.d. random variable with mean 0 and constant variances
o2, o2 respectively, and covariance 7,,,. Assume Y* = 3,X* but Y*
and X* are not observable so that we must estimate 3, on the basis
of Y and X. Obtain the probability limit of B = X'Y/X'X on the
assumption that limy_., X X*/T = M.

Let ¢ be the vector of ones. Assuming limy_,o, ¢/ X*/T = N # 0 in the
model of the previous exercise, obtain the asymptotic distribution of
B =1Y//X and compare it with 3.

Consider the HLRM with k£ = 1. Obtain the asymptotic distribution
of B =/Y//X assuming limy_ (/X)* /T = .

Consider the HLRM Y = aX + Z + u, where X and Z are T-
component vectors of known constants, and ¢ = 1. Suppose you

are given an estimator B that is independent of u and 7"/ <B -0 LA
N (0,1). Define the estimator & by

X’ (Y _ EZ)
XX

o =

Assuming im T ' X'X = ¢ # 0 and lim T 'X'Z = d # 0, obtain the
asymptotic distribution of a.
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11.

12.

13.
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Consider the HLRM Y = [(X + at) + u where Y, X, ¢, and u are
T-vectors. Assume that im 71X, = 0, and imT'X'X = ¢ # 0.
Supposing we have an estimate of a denoted by « such that it is dis-

tributed independently of u and T%/? (& — «) SN (0,A?), obtain the
asymptotic distribution of 3 defined by

(X +a)y
(X +a) (X +aun)

B =

Consider the HLRM Y = aX + BZ + u, where X and Z are T-
component vectors such that =z, = t%, z = t°, a,b > 0. Verify that
the OLS estimators are consistent. What happens if a = b? [Hint:
recall that 77 Y7 7 — 1/ (p + 1)].

Consider the HLRM Y = aX + u, where X is a T-component vector.
Verify if the OLS estimator is consistent if

(a) =y =112,

(b) z; = a’ (for 0 < a < 1, a known constant).



Chapter 9

Extremum Estimators

9.1 Introduction

Extremum estimators represent a class of estimators that encompass most
of those used in econometric practice. By extremum estimators we mean
estimators obtained by maximizing or minimizing a function defined over
the parameter space.! Ordinary and generalized least squares (OLS, GLS),
feasible GLS, nonlinear least squares (NLLS), maximum likelihood (ML),
generalized method of moments (GMM) discussed latter, and least absolute
deviations (LAD) estimators all belong to this family.

When an estimator can be expressed as an explicit function of the sample,
its properties can often be studied directly, as in the case of OLS. More
commonly, however, the estimator is defined only implicitly as the solution
to an optimization problem with no closed-form expression. In such cases,
general theorems on the asymptotic behavior of extremum estimators provide
a unified approach for establishing large-sample results.

This chapter develops the large-sample theory of extremum estimators
and illustrates its implications for the estimators most frequently used in
econometrics.

Section 9.2 establishes conditions for existence, consistency, and asymp-
totic normality. Sections 9.3-9.5 apply these results to the OLS, NLLS,
and MLE estimators. Section 9.6 analyzes the least-absolute-deviations es-

IExtremum estimators are also referred to as M-estimators. The term “M”, stands
for “maximum” and denotes estimators obtained by maximizing or minimizing a sample
criterion function.

239
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timator, whose nonsmooth criterion requires special treatment. Section 9.7
concludes with the asymptotic foundations of hypothesis testing through the
Wald, Lagrange Multiplier, and Likelihood Ratio statistics.

9.2 General Results

Because there is no essential difference between maximization and minimiza-
tion, we shall consider an estimator that maximizes a certain function of the
parameters. Of course, we can minimize an objective function by maximizing
the negative of the function. Let us denote the function by Q7 (Y, 6), where
Y is a T-vector of random variables and @ is a k-vector of parameters.? Let
us denote the domain of 6, or the parameter space, by © and the “true value”
of # by 6y. The parameter space is the set of all the possible values that the
true value 6y can take. When we take various operations on a function of Y,
such as expectation or probability limit, we shall use the value 6,.

An estimator @ is called an extremum estimator if there is a scalar objec-
tive function Qr () such that

0 = arg max Qr (0). (9.1)

This estimator may not exist if the maximization problem does not have a
solution. However, if © is compact and the objective function is continuous,
there exists a  that solves (9.1) for any Y. In the event of multiple solutions,
we would choose one from them. Strictly speaking, being a function of Y is
not enough to make 6 a well-defined random variable; [ needs to be a “mea-
surable” function of .2 The following lemma shows that 0 is measurable if

QT (9) is

Lemma 91 (Existence of Extremum Estimators) Suppose that:
i) © is a compact subset of R¥,
it) Q7 (0) is continuous in 0 for any data 'Y,
iii) Qr (0) is a measurable function for all € O,
Then, there exists a measurable function 0 of the data that solves (9.1).

2We shall write Qr (Y, 6) more compactly as Qr (), but always bare in mind that the
objective function depends on the sample of Y and thus is itself a random variable.
31f a function is continuous, it is measurable.
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Intuitively, compactness of the parameter space ensures the existence of
a maximum, continuity guarantees that the criterion function behaves regu-
larly, and measurability ensures that the estimator is a well-defined random
variable. These are technical but minimal assumptions required for the esti-
mator to exist as a measurable function of the data.

In most applications, we do not know the upper or lower bound for the
true parameter vector. So the compactness assumption for © is something
we may wish to avoid. In some of the asymptotic results that follow, we
will replace the compactness assumption by some other conditions that are
satisfied in many applications.

9.2.1 Consistency of Extremum Estimators

The first step in establishing large-sample properties is to show that the
estimator converges in probability to the true parameter value.

As a preliminary to the consistency theorems, we shall define three modes
of uniform convergence of a sequence of random variables.

Definition 92 Let gr (0) be a nonnegative sequence of random variables de-
pending on a parameter vector 6. Consider the three modes of uniform con-
vergence of gr (6) to 0:
i) Prlimy_ o supgeg g7 (0) = 0] =1,
i) im0 Pr[supgee g7 (0) <e] =1 for any e > 0,
#ii) imyp_, o infgee Pr{gr (0) <e] =1 for any e > 0.

If i) holds, we say gr (0) converges to 0 almost surely uniformly in 6 € ©.
If ii) holds, we say gr () converges to 0 in probability uniformly in § € ©. If
iii) holds, we say gr (f) converges to 0 in probability semiuniformly in 6 € ©.
It is easy to see that i) implies ii) and iii) and ii) implies iii).

Uniform convergence strengthens the law of large numbers from pointwise
to functional convergence. It guarantees that, with high probability, the
entire function lies close to its limit for all parameter values.

Now we shall prove the consistency of extremum estimators. Because
we need to distinguish the global maximum and a local maximum, we shall
present three theorems to handle these cases.

Theorem 93 (Consistency of Extremum Estimators 1) Suppose that:
A) © is a compact subset of R¥,
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B) Qr (Y, 0) is continuous in 6 € © for allY and is a measurable function
of Y for all® € O,
C) T7*Qr (0) converges uniformly in probability to a nonstochastic func-
tion Q (0),
i) (Identification) Q (0) attains a unique global maximum at 0y,
it) Q () is continuous in 6 € O.
Then 6 2 0.

Proof. Let N be an open neighborhood in R* containing 6. Then NN O is
compact (where N is the complement of N in R¥). Therefore maxy e @ (6)
exists. Denote

£ =Q(0o) — Jmax Q (0). (9.2)
Let Ar be the event [T-'Qr (6) — Q (6)| < £/2 V6. Then*
Ap = Q (6) > T'Or (9) —¢/2 (9.3)
and
Ar = T Qr (6o) > Q (6o) —&/2. (9.4)

But because Qr (5) > Q1 (0p) by the definition of 8, we have from (9.3)

Ar = Q (5) > T71Qr (6p) — £/2. (9.5)

Therefore, adding both sides of the inequalities in (9.4) and (9.5), we
obtain

Ar = Q(0) > Q(80) ~ ¢ (9.6)

Therefore, from (?7) and (9.6) we can conclude that

AT:>Q(5) > max Q(0),

HENNO

which means that Ay = § € N. This implies that Pr(Ar) < Pr (5 eN )

But, since limy_,o, Pr (A7) = 1 by assumption C, [N fp. m
The intuition is straightforward: uniform convergence implies that the
sample criterion mirrors the population criterion in large samples. Since Q(6)

4See Exercise 1.
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attains a unique maximum at 6y, the maximizer of Q7 (¢) must lie arbitrarily
close to 6y with probability approaching one. Compactness guarantees that
a maximizer exists within the parameter space.

Note that Theorem 93 requires the compactness of ©. This is a weak-
ness of the theorem in so far as the extremum estimators commonly used in
practice are obtained by unconstrained maximization or minimization. This
practice prevails because of its relative computational ease, even though con-
strained maximization or minimization would be desirable if a researcher
believed that 6y lay in a proper subset of R%. The consistency of the uncon-
strained maximum 6 defined by

0= 0
arg max Qr (9),
will follow from the additional assumption:
D) limr . Pr[Qr (6) > suppge Qr (0)] = 1 because of the inequality

Pr |Qr (6y) > sup Qr (9)} <Pr <5 € @) :
6¢0

Theorem 94 relaxes the requirements of compactness of © and of uniform
convergence in probability of T71Qr (6). The conditions are replaced by the
requirements that the objective function by concave in 6, exhibit ordinary
convergence in probability, and that © be convex.

Theorem 94 (Consistency of Extremum Estimators 2) Suppose that:
A) © is a convex set, with 0y in the interior of ©,
B) Qr (Y, 0) is concave in 0 € © for all Y and is a measurable function
of Y for all § € O,
C) T7'Qr (0) converges in probability to a nonstochastic function Q (6),
i) (Identification) @ (0) is uniquely mazximized at 0y,
ii) Q (0) is concave in 6 € ©.
Then § 2 0.

Proof. Newey and McFadden (1994). =

To motivate the precise conditions for consistency it is helpful to sketch
the ideas on which the results are based. The basic idea is that if T-'Qr (6)
converges in probability to @ () for every 6, and @ (6) is maximized at the

-~

true parameter value 6y, then the limit of the maximum () should be the
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maximum () of the limit, under conditions for interchanging the maximiza-
tion and limiting operations.

The estimator 6 of Theorems 93 or 94 maximizes the function Qr (6)
globally. However, in practice it is often difficult to locate a global maximum
of @Qr (0), for it means that we must look through the whole parameter space
except in the fortunate situation where we can prove that Qr (6) is globally
concave. Another weakness of both Theorems is that it is often difficult to
prove that @ (#) attains a global maximum at 6. Therefore we would also
like to have a theorem regarding the consistency of a local maximum.

Theorem 95 (Consistency of Extremum Estimators 3) Suppose that:

A) © is a convex set, with Oy in the interior of ©,

B) Qr (Y, 0) is a measurable function of Y for all 0 € ©, and 0Qr/00
exists and is continuos in an open neighborhood Ny (6y) of 6y,

C) There exists an open neighborhood No (0y) of 0y such that T—1Qr ()
converges to a nonstochastic function @Q (0) in probability uniformly in 0 in
N5 (0p), and Q () attains a strict local mazximum at 0,

Let ©r1 be the set of roots of the equation

OQr
00

corresponding to the local maxima. Then for any e > 0,

— 0, 9.7)

lim Pr [ inf (6 —6y) (0 —6) >e| =0.

T—o0 0cOr

Proof. Choose a compact set S C N; N N,. Then the value of 6, say 5, that
globally maximizes Qr (f) in S is consistent by Theorem 93. But because
the probability that T-'Qr () attains a local maximum at 6 approaches to

1 as T goes to oo, limy_, Pr (5 € @T) =1. =

We sometimes state the conclusion of Theorem 95 simply as “there is a
consistent root of (9.7).”

The usefulness of Theorem 95 is limited by the fact that it merely states
that one of the local maxima is consistent and does not give any guide as to
how to choose a consistent maximum. There are two ways we can gain some
degree of confidence that a local maximum is a consistent root:

1. If the solution gives a reasonable value from an economic-theoretic
viewpoint.



9.2 GENERAL RESULTS 245

2. If the iteration by which the local maximum was obtained started from
a consistent estimator.

This result allows for local identification of the true parameter. It shows
that even if several roots exist, one of them must converge in probability to
fy. In practice, it provides the theoretical justification for numerical opti-
mization routines that converge to a consistent local optimum, provided that
a consistent starting value is used.

To summarize, Theorem 93 establishes consistency under compactness
and uniform convergence, Theorem 94 exploits concavity to relax these re-
quirements, and Theorem 95 ensures that at least one stationary point is con-
sistent when only local information is available. These three results together
cover the settings most frequently encountered in econometric applications.

9.2.2 Asymptotic Normality of Extremum Estimators

Consistency establishes that the estimator converges to the true parameter
value. To describe the distribution of the estimation error, we now consider
the rate of convergence and the limiting distribution.

In this subsection we shall show that under certain conditions a consistent
root of (9.7) is asymptotically normal. In order to derive the asymptotic
properties of extremum estimators we will apply the Mean Value Theorem.

Theorem 96 (Mean Value Theorem) Let h : R? — RY be continuously
differentiable. Then h(x) admits the mean value expansion

Oh (T
h(x)=h(x) + 7(9(":6) (x — x9),
gx1 gx1 qu px1

where T is a mean value lying between x and xq.

This result allows us to approximate the value of a differentiable function
in a neighborhood of a point by its derivative evaluated at an intermediate
point.

Applied to the first-order conditions of the criterion function, it provides
the basis for deriving the asymptotic distribution of the estimator.
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Theorem 97 (Asymptotic Normality of Extremum Estimators) Suppose

that the conditions of Theorem 93, 94, or 95 are satisfied, so that [N fy.
Suppose, further, that
A) 02Qr /0000 exists and is continuous in an open, convex neighborhood

Of 907
B) T-Y(9*Qr/9000 )5 2> A(8p) = limy_.oo ET (9*Qr/900')y, for any

0 such that 6 2 0y (with A(6,) being a finite nonsingular matriz),
C) T2 (0Qr/90),, = N[0, B (60)], where B () = limp_o. ET~ (Qr/00),, ¥

(0Qr/00'),,.
Then
VT (5 - 90) L N[0, A(60) " B (6,) A(6) ]

Proof. By a Taylor expansion and Theorem 96 we have

QT o oQr 1 PQr ~ <§_ 90> ’
0

2 |3 00 90 9000’
where 0 lies between  and fo. Noting that the left hand side is 0 by the
definition of 6, we obtain

VI (0-00) =~ |1 S

J T L 90r (9.8)

VT 00

0o

Given that 0 2 0o, assumption B) implies

1 PQr| »
il PoA
T 0696 |; (6o)
and assumption C) implies
1 0Qr| b
— ——| = NI0,B(0)].
\/T 90 0 [ (0)]

The conclusion of the Theorem follows by repeated applications of Slut-
sky’s Theorem. m

The expression A (6y) " B (6y) A (6y)~" is known as the asymptotic vari-
ance matrix. Keep in mind that this is not the variance matrix of /9\, which
has as variance matrix T-1A (6) "' B (6y) A (6y) . Given that in practice,
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we do not observe 6, we obtain an estimator for the variance matrix of [ by
replacing 0 with its consistent estimator # and obtain

~ SO R N -1
V() =1a(9) B(0)A(0) .
The results established in this section form the backbone of modern as-
ymptotic theory.
Uniform convergence ensures consistency, differentiability ensures asymp-
totic linearity, and the combination of both yields asymptotic normality.

The following sections illustrate how these general principles apply to
specific estimators widely used in econometric analysis.

9.3 OLS as an Extremum Estimator

Ordinary least squares provides the simplest and most familiar example of
an extremum estimator. It serves as a benchmark for understanding the gen-
eral theory developed in the previous section. By deriving its large-sample
properties directly from the extremum framework, we confirm that the con-
sistency and asymptotic normality of OLS are special cases of the general
results presented in Section 9.2.

As mentioned in the Introduction, the LS criterion for estimating 6 is
subsumed under the extremum estimation concept. Thus, the OLS estimator
can be represented in extremum estimator form as

~

6 = argmgXQT (Y>Xaﬁ) )
where
Qr (Y, X,0) = [ (Y = XB) (Y — XB)] . (9.9)

Although in this case the estimator is available in closed form as B =
(X'X)"H(X'Y), treating it as an extremum estimator will facilitate the later
analysis of models for which closed-form solutions are not available.

9.3.1 Consistency of OLS

A demonstration that the OLS estimator is consistent can be based on an
application of Theorem 94. First of all, note that we can express the objective
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(9.9) as:

Qr (Y>Xa6) = _[(Y_Xﬁo)‘l‘(Xﬁo_XB)]/[(Y—XBO)‘{‘(Xﬁo_Xﬁ)]
= —[XBy— XB +ul' [XB; — Xf + u]
= _(5—50)/X/X(5—50)+2(5—50)/X/“_“/u~

Clearly Qr is concave (not only concave, but globally concave) in 3, thus
assumption B) of Theorem 94 is satisfied. Next we derive the function @ (9).
For that we need to either assume that the u;’s are i.i.d. or that their fourth
moments are bounded. Furthermore, assume that 7' X'X — S, a finite
positive definite matrix. Then:

1 1

70 (B) == [— (8= Bo) X'X (B~ Bo) +2(8 = By) X'u—u'u] . (9.10)

If w, is iid. T 'w/'u % o3 by Kinchine’s WLLN, while if the u’s
are not i.i.d. but have bounded fourth moments, we arrive to the same
conclusion (T—'w'u 2 ¢3) applying Chebyshev’s WLLN. Thus, the last

term of (9.10) converges to —o2. The second term converges in probabil-

ity to 0 because € [2T (8 — By) X'u] = 0 and V [2T (8 — By) X'u] =

AT o5 (B — Bo) (T X'X) (B — By); thus, as T — o0, V [2T 1 (6 — B,)' X'u] —
0; it follows that 2771 (8 — B,) X'u 5 0, so 271 (8 — B,) X'u 2 0. Fi-
nally, as T7'X'X — S, we have that

ZQr (8) %~ (8= 80)' S (5~ Bo) — 03 = Q(5).

Note that @ (6) is a concave nonstochastic function of 5. Finally, we have
that the FONC and SOSC for maximizing () are:

0Q _ /

o5 = 2(B=B0) S
and 50

W == —2S < O,

which confirms that @) is globally concave and that indeed 3, = arg maxy )
given that g = 3, satisfies the FONC. Thus, B LN Bo-

Bare in mind that even though a closed form expression for B is available,
we did not use it in order to demonstrate the consistency of the OLS estima-
tor. This is precisely the usefulness of the asymptotic theory for extremum
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estimators, given that we only need to concentrate on the properties of the
objective function and do not need to even derive the extremum estimator.

If we wanted to use Theorem 93, we will need to prove that T1Qr (3)
converges in probability uniformly to @ (8) and we will also require the pa-
rameter space to be compact. The first requirement is easy to prove, given
that

1 X' X X! /
TQr()-Q(8) =~ (8 - 6u) |71 — M| (5 By +2(8 - 50) -1
Then,
1 X'X -1 bl
g | 70r (9~ Q)] = |°7 | s,
and
! ! -1 / ’
s | 70r(9) - Q)| =7 |5 -] -

SO
lim Pr {sup {%QT (B)—Q (ﬁ)} < 5} =1 for any ¢ > 0.
B

T—o0

For the second requirement (compactness) we may choose arbitrarily large
values (in absolute value) for each parameter.

The argument parallels the population and sample least-squares decom-
position. The expected value of the sum of squared residuals is minimized
at the true parameter, and the law of large numbers ensures that the sam-
ple criterion converges uniformly to its expectation. Concavity guarantees a
unique maximizer, establishing that the OLS estimator is consistent.

9.3.2 Asymptotic Normality of OLS

In order to derive the asymptotic distribution of the OLS estimator, we need
to verify that the conditions of Theorem 97 are satisfied. To do so, note that

3@;@; = —20'X'X 4+ 28, X' X + 2X"u,
2
0Qr _ oyix.

apop’

2
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Therefore

1 9°Qr
Taﬁaﬁ' — =25 = A(6y),
which coincides with
2
A(0y) = lim gL 001 o

T—oo T 8/88/8/ Bo N

In this case we did not need to take expectations on A given that we
assumed that X was deterministic. Furthermore as S is positive definite, A
is nonsingular; thus assumption B) of Theorem 97 is satisfied.

Next, we verify that assumption C) of Theorem 97 is also satisfied. First,
let’s derive an expression for B (6):

) 1 0Qr| 0Qr
B(6y) = lim £= — :
= lim 514X'uu'X
T—o00 T
. 1
= lim 40(2)?X’X
= 4038S.

Next, we need to verify that T-/2 (9Qr/00); DN [0, B (6p)]. We have:

1 9Qr| o 1

VEoa s T

given that E 2, Bo- It is trivial to verify that

(2X"u) B N (0,4025) . (9.11)

5=

Thus,
VT (3 06) 2 N[0, 4(00) " B (65) A (60) ]

implies that

VT (B - 50> 2N lo, (—%Sl> 4028 (—%Slﬂ ,
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N VT (B=5,) 2N [0,0857].
Thus,
(B=8) &N 0,08 ()7

which is the result that we derived earlier.

9.4 NLLS as an Extremum Estimator

Nonlinear least squares (NLLS) extends the principle of least squares to mod-
els where the systematic component is nonlinear in the parameters. Although
the estimator cannot generally be expressed in closed form, its large-sample
properties follow directly from the general extremum-estimation results pre-
sented in Section 9.2. This section illustrates how consistency and asymptotic
normality arise as straightforward consequences of those general theorems.

The NLLS estimator can be represented as in extremum estimator form
as

BnLLs = arg max Qr (Y, X,0),
where

T

Qr(Y,X,0) == (g —m(,0))" ==Y =m(X,B)]'[Y —m(X,5)].

t=1

9.4.1 Consistency of NLLS

The conditions for consistency of the global minimum or the local minimum
can be obtained from Theorems 93, 94, or 95.° We shall consider only the
latter case because the FONC are needed to prove asymptotic normality.
Next, we restate Theorem 95 for the special case of NLLS.

Theorem 98 (Consistency of NLLS) There exists an open neighborhood
N of B, such that:
A) Om /0B exists and is continuos on N,

5The global minimum is the value of 3 that globally minimizes the SSR function over
the parameter space, while the local minimum is any root of the FONC that corresponds
to a local minimum.
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B) m (B) is continuous in 5 € N,
C) T Zthl my (1) my (By) converges uniformly in By, 5y € N,

D)Um T~ 527 [y (By) —me (B)) # 0 if B # fo.
Then a root of the equations
9Qr
ap

is consistent in the sense of Theorem 95.

=0

Proof. (Sketch) Note that

1 1 — 2

?QT =7 ; [ye —my (B)]
- Sl ) () = )
1 a 2
= —? [ut + my (/80) — my (ﬁ)]

t=1

T T
= __Zut ——Z my (By) — Z my (Bo) — my (B)] uy
t=1 =1 t=1

= A1 + A + As.

The term A; converges to o3 in probability by WLLN2. The term A, con-
verges to a function that has a local minimum at 3, because of assumptions
C and D. Finally, A3 converges to 0 in probability uniformly (<, >)amemiya.
]

Of course, the consistency of the NLLS estimator can be proven “directly”
if we assume that

. 1 @mt
fm Z 98 |,

and use the Gauss-Newton result, with the Taylor series approximation made
around f3:

—lm 2Z(B) Z(5) =S, (9.12)

B=Bo+ [T1Z(Bo) Z (By)] " [T71Z (By) (Y —m (X, By))] -
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If S is invertible we find that B is consistent, because the last term con-
verges in probability to 0. This last result cannot usually be applied because
(9.12) is not a sufficient condition for consistency given that we need to im-
pose further restrictions on m.

When m; (8) has a very simple form, consistency can be proved more
simply and with fewer assumptions by using Theorem 93, Theorem 94, or
Theorem 95 directly rather than Theorem 98, as we shall show in the follow-
ing example.

Example 99 Consider the nonlinear regression model with my (5,) = (B, + z)?
and assume that:
i) a < B, <bwherea and b are real numbers such that a < b,

i) limp oo T2 S0, 2 = q, and

) g T 502 = p > P

We will prove that 3 is consistent. We have that —% Zle [yt —(B+ xt)Q} 2 p
Q (B) uniformly, where

Q(B) =02~ (82— 52" —4(Bo— 8)’p—4 (82— 5 (Bo— B) ¢

But, because

Q(B) < —op— (By—B)° (By + B+2q)°,

Q (B) is uniquely mazximized at B = (5,. Therefore, the estimator in question
18 consistent.

9.4.2 Asymptotic Normality of NLLS

We shall now prove the asymptotic normality of the NLLS estimator of 3 by
making assumptions on m; to satisfy the assumptions of Theorem 97.
First, consider assumption C of Theorem 97. We have

T

oQr omy
=25y - Sy
86 — [yt my (ﬁ)] 86
Therefore, we have
1 0Qr 2 < omy

VT 0B

=— > u— .
Bo \/th:; aﬁ Bo
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If S in (9.12) is a nonsingular matrix, then using the same arguments we
used for OLS, we have,

1 6QT d 2
= 0,405
\/T ap /50 z; Bo ( ’ )
Next, we have
19°Qr 2~ Omy a OPmy dmy Om,
T 9505 T;“taﬁaﬁ’+TZ me(Bo) =me (O)] 555 TZ 98 op
= Ay + Ay + As.
It can be shown that A; and As converge to 0 in probability uniformly.
Thus 9
10Gr r g
T 06O
Then,

VT (B=8,) 2N (0,0357").
This results can also be derived by using the analogy with OLS from the
transformed model that is used to obtain the NLLS estimator. Recall that

VT (B=B8y) = [172(50) 2 (8,)) " (T2 (8) ]

The first term converges to S™' and the second to N (0,02S). Then
VT (B - 50) L N (0,0251) by Slutsky.

Example 100 Consider the same model of Example 99 with the additional
assumption that limp_,o T7! ZtT:l x} = r. Neat, we obtain the asymptotic
distribution of the value of B that minimizes the SSR. From equation (9.8)
we know that

VI (3-60) = | = 2%

T 932

1 0Qr
VT 95 |,

where B lies between B and (,. We have

1 99r
VT 95 |,

4 T
=— w (Bo + ) -
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It can be shown that

1 0
7 % ) 5 N [0,1603 (B2 + p+ 2504) ] - (9.13)
We also have
1 0%Qr 4T ~ 8 —
T o |5 ?; K (B+=) ] Tz::(ﬁ“%) '
Then L %0
- 852T : ~8 (82 +p+28y9) (9.14)

/\_ 2) 0'(2]
\/T(B 50) N[0’4(68+p+260q)]'

The large-sample behavior of NLLS therefore mirrors that of OLS: both
are consistent and asymptotically normal with variance proportional to the
inverse of the expected information matrix.

The difference lies in computation. Because Q1 () is nonlinear and gen-
erally nonconcave, numerical optimization methods are required to obtain 0.
Algorithms such as Gauss—Newton or Levenberg-Marquardt are commonly
used in practice. These procedures rely precisely on the differentiability as-
sumptions invoked in the proofs of consistency and asymptotic normality.

By establishing that NLLS satisfies the same regularity conditions as the
linear case, the extremum-estimation framework provides a unified founda-
tion for both.

The next section applies the same logic to the maximum-likelihood es-
timator, for which the criterion function corresponds to the log-likelihood
rather than a sum of squared residuals.

9.5 MLE as an Extremum Estimator

Maximum likelihood estimation can also be viewed as a special case of ex-
tremum estimation in which the criterion function corresponds to the log-
likelihood. The general theory developed in Section 9.2 applies directly once
we verify the conditions for consistency and asymptotic normality. This per-
spective emphasizes that the well-known asymptotic efficiency of MLE arises
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not from its algebraic form but from the regularity properties of the likelihood
function as an extremum criterion.
The Maximum Likelihood Estimator can be represented as in extremum
estimator form as R
§ = argmax Qr (Y, X, 0)
0ce

where
Qr (Y, X,0)=1((0;Y |X).

9.5.1 Consistency of MLE

The conditions for consistency of the global MLE or the local MLE can be
obtained from Theorems 93, 94, or 95.°

In order to demonstrate the consistency of the MLE, we will use the
following Lemma:

Lemma 101 (Jensen’s Inequality) If h(z) is a concave function and x
1s a random variable, then

h(€lx]) = E[h ()]

If h(-) is strictly concave, then the inequality is strict unless x equals a
constant with probability one.

Next, we restate Theorem 93 for the special case of MLE.

Theorem 102 (Consistency of MLE) Suppose that:
A) © is a compact subset of RF,
B) U1 (Y,0) is continuous in 0 € © for allY and is a measurable function
of Y forall 0 € O,
C) T~ Y1 (0) converges uniformly in probability to a nonstochastic func-
tion Q () = EIn L (0;y),
i) (Identification) Q () attains a unique global maximum at 0y,
it) Q (0) is continuous in 6 € O.
Then 6 2 0.

6The global MLE is the value of § that globally maximizes the likelihood function over
the parameter space, while the local MLE is any root of the FONC that corresponds to a
local maximum.
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Proof. Note that

1 1 <
Tlr(0) =+ ;11111(9;%) :

From assumption C) we have
1 T
7 Z InL(6;y,) > EInL(6;y) (uniformly),
t=1

But
5mﬂ&w=/ML@wf@ﬁ®@=Q@%

Then, for any 6 we have

Q) -Q6y) = [, [ Jf((jj;’o))

< In / L(0;y)dy (Jensen’s inequality)
= 0.

]fW%My

Thus, @ (0) < Q (6y) for all € ©. This implies that 026, m

One can always specialize the conditions of Theorems 94 and 95 for the
likelihood function case, and a variety of different types of regularity condi-
tions are available to achieve consistency of the MLE in addition to those
stated above. The possibilities are considered broad enough that the prop-
erty of consistency is assumed to hold quite generally in practice for the
MLE.

However, there are cases where the global MLE is inconsistent, whereas
a root of the ML FONC can be consistent, as in the following example.

Example 103 Let y;,, t =1,2,--- T, be independent with the common dis-
tribution defined by

(py,02)  with probability p

N
f ) = , . :
N (g, 03)  with probability 1 — p
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This distribution is called a mixture of normal distributions. The likeli-
hood function is given by

If we put iy = y1 and let o1 = 0, the term of the product that corresponds
tot = 1 goes to infinity, and, consequently, L goes to infinity. Hence, the
global MLE cannot be consistent. Note that this example violates postulate i)
of assumption C) of Theorem 102 because Q) (8) does not attain a global maz-
imum at 0y. However, the conditions of Theorem 95 are generally satisfied
by this model.

Example 104 Let {y;}, t = 1,2,--- T, be i.i.d. with probability distribu-
tion
1 with probability m

[ (ye) = .
0 with probability 1 — m

This distribution is called a Bernoulli distribution. The log-likelithood
function is given by

((mY) :Z[ytlnw—l—(l—yt)ln(l—w)].

t=1

In this case, it is trivial to verify that

= Zthl Yt

T
is the MLE estimator and that it is unbiased (given that & [y] = my) and con-
sistent by applying WLLN2 or SLLNZ2 directly, but we will prove consistency
using Theorem 102 instead.

Given that 0 < ® < 1, we have that © is compact, furthermore, ¢ is
differentiable, thus also continuous. This means that assumptions A) and B)
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of Theorem 102 are satisfied. Next, we verify assumption C) of this theorem.
It is trivial to verify that

6(7;}/’) :%;[ytlnﬂ—i- (1 =) In(1—m)]

converges in probability uniformly to
Q(r)=molnm+ (1 —mo)In(1—7) =EInL(6;y).

Finally, note that m = mo mazimizes Q (7); thus & 2 7.

9.5.2 Asymptotic Normality of MLE

The asymptotic normality of the MLE estimator can be derived by using
Theorem 97. Nevertheless, remember that when we derived the Cramer-Rao
Lower bound, we stated that if the likelihood function was correctly specified
the following condition was satisfied:

ot or
.~ o]

In the extremum estimator contexts, this means that A (6y) = —B (6y)
in which case we have

0?0

¢ 9000'

(9.15)

0o

Theorem 105 Under the assumptions of Theorem 97 and assumption (9.15),
the MLE estimator satisfies

. 1 0%
VI (0-00) &N 0*[%2&%@

] 7 . (9.16)
0o

Proof. Left as an exercise. ®

Recall that condition (9.15) is satisfied only when the model is correctly
specified. In the QML context, the asymptotic distribution of the QMLE
estimator is not (9.16) and has to be derived from Theorem 97 directly.

In our discussion of the Cramer-Rao Lower bound, we considered the case
of unbiased estimators. We can extend this concept for the case of consistent
estimators.



260 CHAPTER 9 EXTREMUM ESTIMATORS

Definition 106 A consistent estimator is said to be asymptotically efficient
if it satisfies that A (6g) = —B (6y).

Thus, the MLE under the appropriate assumptions is asymptotically ef-
ficient by definition. An asymptotically efficient estimator is also referred to
as best asymptotically normal (BAN for short).

Example 107 Consider the same model as in Example 104. Next we derive
its asymptotic distribution.

Once again, it would be trivial to demonstrate the asymptotic normality
of T by invoking CLT1, but here we will use Theorem 105 instead.

For that we will need to following expressions:

o _ Zyt_T_Zyt

% T 1—m
. Yy T-Xu
o2 o 2 (1_7T)2‘

The last expression shows that assumption A) of Theorem 97 is satisfied.
Next we verify assumption B).

1 3_25 _ _Zyt T DY
T On? 90 Trk T(1 —7r0)2'
Thus 1 0% 1
A(TFO) = hmg? W " = —771_0 (1 —7'('0).

It is trivial to verify that %g—;ﬁ L A(my). Thus assumption B) is satisfied.

Neat, lets focus on assumption C); for that we first derive B (mg):

) 1—7'('0

()’ 2y (1 —w)
* (1 —mo)° Wo(l—ﬁo)]

]

T | or or'

-yt 1—wy 2
T

I
S|
[M] =

fo

i
I\

~+~
Il
R

[M] =
SLIs

N =

'y 1—y
_’; + —t2] because yf =y and y; (1 - yt) = 0.
75 (1 — o)

I
N~
M=

o~
Il
—
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Thus
B 1

Bx )_hmé'l {amq .

om on’

and B (my) = —A (7).
Finally, we need to prove that T~Y/2 (dlr/0r)+ SN [0, B (6)], with® 2

mo. But
¥ med
T orl. VT 7(1—7) "
As E(y) =mo and V (y) = mp (1 — mp)
1 > (y—7) b
VAV
then LY )
Y — T D
Nk I — N[0, B (m)] .

Finally, we have

VT (7 — 1) 2 N[0, 70 (1 — 7)) -
Then, an estimator of the variance of T is
T(1—T7)
—r

9.5.3 Asymptotic Normality of QMLE

When the likelihood function is misspecified, the estimator obtained by
maximizing the same criterion is the quasi-maximum likelihood estimator
(QMLE). The general asymptotic theory for extremum estimators still ap-
plies, but the information-matrix equality no longer holds.

In that case:

VT @QMLE _ 90) D N (0, Hy 0o Hy )

where

ol ot

J

0
=& [gog0), Ho=¢&
QO] ’ 0000’
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The MLE and its QMLE version illustrate the full power of the extremum
framework. Consistency follows from uniform convergence and identification,
while asymptotic normality arises from differentiability and the central limit
theorem. When the model is correctly specified, efficiency results from the
information-matrix equality; when it is not, the same logic yields robust co-
variance formulas. The extremum framework therefore unifies least squares,
nonlinear regression, and likelihood methods within a single asymptotic the-
ory.

The next section extends the discussion to estimators whose criterion
functions are not differentiable, such as the least absolute deviations estima-
tor. These cases demonstrate how the extremum framework accommodates
non-smooth optimization problems and motivates further generalizations to
quantile and robust estimation.

9.6 LAD as a Extremum Estimator

The least absolute deviations estimator has certain robustness properties
that makes it interesting.” In linear models, the least absolute deviations
estimator is known to be asymptotically more efficient than least squares for
thick-tailed distributions. Besides its practical importance, the LAD estima-
tor poses an interesting theoretical problem because the general results of
Section 9.2 can be used to prove consistency of the LAD estimator but not
its asymptotic normality, even though the LAD estimator is an extremum
estimator. Here, we shall sketch proofs of the asymptotic normality of the
median, which is the LAD estimator in the i.i.d. sample case, and of the
LAD estimator in a regression model. Finally, we generalize the concep to
discuss quantile regressions.

9.6.1 The Sample Median

Suppose that we have a random sample {y;} of T" observations on the random
variable Y with common distribution function F and density function f. If
we reorder the observations so that

yr<yP <<yl

"The LAD estimator is also known as the minimum absolute deviation (MAD) estima-
tor, or the least absolute error (LAE) estimator.
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then the sample median is " where r = (T'+ 1) /2. This is the solution to
the LAD problem

T
min |y — A
t=1

To see this, note that for all 5 # y,, t = 1,2,--- T, the “derivative” of
the objective function,

a%Zwt_m:Z(I{yt—6<0}—I{yt—ﬁ>0})

t=

is the number of observations below S minus the number of observations
above 3. At the sample median, increases and decreases in [ increase the
sum of absolute deviations (residuals). Furthermore, the sample median is
the only value of 8 with this property so that it is also the unique LAD
solution.

A comparison with OLS is instructive because it shows how OLS is rela-
tively more sensitive to the largest and smallest observations in the sample.
Consider first what would happen to the sample median and mean if any
observation above the median had been larger. The sample median would be
the same, whereas the sample mean would increase. Indeed, as we artificially
increase such an observation more and more the sample mean increases pro-
portionately while the sample median remains constant. On the other hand,
decreasing an observation strictly above the sample median will decrease the
sample mean. The sample median remains unaffected by such decreases un-
til the observation falls below the median observation. At that point, the
observation that we are varying becomes the median observation and further
decreases lower the median one for one until a third observation becomes
the median. Thus the median has a bounded response to changes in one
observation. Inefficiency in the sample mean comes in part from its excessive
sensitivity to the outlying observations that are more common in fat-tailed
distributions than in the normal.

The population median is defined by

1

f(ﬁo) = 5,
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and the binary random variable J; (3) by

Lif Y, >p
S(B) =9 (9.17)
0if YV, <p

for every real number . Using (9.17), we define the sample median 3 LAD DY

AL } , (9.18)

The median as defined above is clearly unique.®
The asymptotic normality of 3; 4, can be proved in the following manner:
Using (9.18), we have for any y

no| N

T
Pr [/BLAD < By + T71/2y] =Pr [Z Jy (50 + Til/Qy) <

t=1

Define
P,=1—Prly < B,+T "%y

Then because of a Taylor expansion

1
Py ~ 9 T_l/zf (50) Y,

we have

T
Pr [Z Je (By+T71?y) < % =Pr
t=1

T
T2 (Je (Bo+T?y) = B) < f(Bo)y| -
t=1

It can be proved that 77237 (J: (By +T7?y) — ) EA N(0,1)
given that .J; is Bernoulli. Thus, it can be shown that (Amemiya, 1985):

VT (Brap = fo) &N (0, 3 <50)‘2) . (9.19)

8If the sample is (1,2,8), 2 is the unique median. If the sample is (1,2,3,8), any point
in the closed interval [2,3] may be defined as a median. The definition (9.18) picks 2 as
the median. This ambiguity vanishes as the sample size approaches infinity.
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The consistency of BL 4p follows from (9.19). However, it also can be
proved by direct application of Theorem 93.

Consistency follows from arguments analogous to those used for NLLS,
replacing differentiability with convexity. The population criterion function
is Q(f) = —E |y — 0|] which attains a unique maximum at the median of
y. Since the absolute value function is convex and continuous, the sample
criterion Qr(0) is continuous and measurable.

9.6.2 LAD Linear Regression

Consider the LRM

where X is a T'x k matrix of bounded constants such that limp_,.. 7' X'X =
M is a finite positive definite matrix and « is a T'—vector of i.i.d. random
variables with continuous density function f (-) such that [~ f(A) d\ = 3
and f(z) > 0 for all z in a neighborhood of 0. It is assumed that the
parameter space B is compact. The LAD estimator B 1ap is defined to be a
value of [ that minimizes

T
p) = Z lyr — B’z - (9-20)
t=1

In contrast to the OLS estimator, the LAD estimator is selected by min-
imizing the sum of absolute (rather than squared) residuals. As already
mentioned, this estimator is robust to outliers among the observations.

The LAD objective function (9.20) may be written as

T
Sr(B) =Y |y — Bl

= Z( — B'z) sgn (v — B'w)

where sgn(z) = —1 if 2z < 0 and sgn(z) = 1 if z > 0. By further noting
that sgn(z) = z/abs(z), we can rewrite (9.20) as a weighted least squares
objective function

T _ Ba)
; v Fal (9.21)
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The weights for each observation are simply the reciprocals of the ab-
solute deviations. If D (f) is a diagonal matrix with elements D;; (5) =

lys — B’xtrl, the weighted least-squares objective function can be stated in
matrix form as

Sr(8) = (Y = XB)'D(B)(Y - XB).

Although a direct solution to the problem is difficult to achieve because
[ appears in the numerator and denominator of (9.21), we can solve the
problem by a procedure known as iterative weighted least squares. For some
starting value 3, (perhaps the OLS estimate of [3), we form a 7' x k matrix
W = D(5,) X and compute the subsequent estimate as 8, = (W'X) ' W'Y
The resulting estimate is used to compute new weights D (f3,), and the
process is repeated until the sequence of estimates converge.

The asymptotic normality of the LAD estimator [3; 4, is based on the
following three fundamental results:

T
1 ! a.s.
ﬁ g Tsgn (yt - th) — 0
t=1

TR I SIS e
S o o) - o Lol s} 2

and

thg [Sgn( 5%)] L ! thg sgn (y, 50%)]

+phmT Z Tt {% [sen (y: — B xt)]} VT (BLAD - 50) :

Bo

These results imply

VT (BLAD 50) = {ph iiﬁt {%5 [sgn (y: — 5/9%)]} , } % ixtsgn (ue) -
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Noting that & [sgn (y; — 8'z)] = 1—2F [z}, (B — By)], € [sen (u¢)] = 0, and
V [sgn (u¢)] = 1, we obtain

VT (Brap = Bo) >N (o, 0N 51) .

The asymptotic variance depends inversely on the squared density of the
error at the median, reflecting the fact that a steeper density (a “sharper”
median) implies more precise estimation.

Although the LAD estimator is less efficient than OLS under normal
errors, it is more robust to outliers and remains consistent under much weaker
conditions.

The asymptotic distribution of LAD resembles that of OLS, except that
the error variance is replaced by a term involving the conditional density of
the disturbance at its median.

Because it depends only on the sign of the residuals, the LAD estimator
is less sensitive to large outliers and is particularly suitable for heavy-tailed
data.

9.6.3 Quantile Regression

The LAD estimator is a particular case of a broader class of estimators known
as quantile regressions (Koencker and Hallock, 2001). These estimators min-
imize a weighted sum of absolute residuals, where the weights depend on the
desired quantile level 7 € (0,1):

= arg min Z o, (y: — B'xy)

with check function, often referred to as the tilted absolute value function,
which is used to define the quantile of the conditional distribution of y, and
it places different weights on residuals above and below the quantile being
estimated:

pr(u) =u(r—1I(u<0))u
For 7 = 0.5, the criterion reduces to the absolute value, and 30.5 coincides

with the LAD estimator (BLAD).
The population objective function,

Q- (B8) = Ep- (yr — f'wy)]
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is minimized at the conditional 7-th quantile of y; given x;.
Under suitable regularity conditions, the estimator satisfies

JT (BT _ 50) LN@Or(1=7)f(0)25),

where f (0) denotes the conditional density of the error evaluated at zero.

The asymptotic variance depends on the quantile level 7, with the factor
7 (1 — 7) reflecting the proportion of observations on either side of the fitted
quantile.

Quantile regression extends the median regression framework to model
the entire conditional distribution of the dependent variable. By estimat-
ing multiple quantiles, one can characterize heterogeneity in the effects of
regressors across different parts of the distribution.

Because each quantile regression minimizes a convex but nonsmooth cri-
terion, all results developed here for LAD apply directly.

This connection shows how the extremum framework naturally encom-
passes both smooth and nonsmooth estimators within a unified asymptotic
theory.

9.7 Asymptotic Tests

If the confrontation of economic theories with observable phenomena is the
objective of empirical research, then hypothesis testing is the primary tool
of analysis. To receive empirical verification, all theories must eventually be
reduced to a testable hypothesis. In the past several decades, least squares
based tests have functioned admirably for this purpose. More recently, the
use of increasingly complex statistical models has led to heavy reliance on
maximum likelihood methods for both estimation and testing. In such a set-
ting only asymptotic properties can be expected for estimators or tests. Of-
ten there are asymptotically equivalent procedures which differ substantially
in computational difficulty and finite sample performance. Econometricians
have responded enthusiastically to this research challenge by devising a wide
variety of tests for these complex models.

Most of the tests used are based either on the Wald, Likelihood Ratio
(LRT) or Lagrange Multiplier (LM) principle. These three general principles
have a certain symmetry which has revolutionized the teaching of hypothe-
sis tests and the development of new procedures. Essentially, the Lagrange
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Multiplier approach starts at the null and asks whether movement toward
the alternative would be an improvement, while the Wald approach starts
at the alternative and considers movement toward the null. The Likelihood
ratio method compares the two hypotheses directly on an equal basis. Next,
we provide a unified development of the three principles beginning with the
likelihood functions. The properties of the tests and the relations between
them are developed and their forms in a variety of common testing situa-
tions are explained. Finally we will present techniques that are used to test
nonnested hypothesis.

9.7.1 A General Formulation of the Tests

Let f (Y;0p) be the joint density of a T'—vector of random variables charac-
terized by a k—vector of parameters 6. We assume all the conditions used
to prove the asymptotic normality of the MLE 6. Here we shall discuss the
asymptotic tests of the hypothesis

Ho : h(0) =0, (9.22)

where h(-) is a g—vector valued differentiable function with ¢ < k. We
assume that (9.22) can be equivalently written as

0=r(a),

where « is a p—vector of parameters such that p = k — ¢. We denote the
constrained maximum likelihood estimator subject to (9.22) as 6.
We define the Wald test, which is the asymptotic approximation to the

very familiar ¢ and F’ tests, as
-1
A} h (5) . (9.23)
0

' | Oh
Wald = — (9) { o
The Lagrange Multiplier test (also known as Rao’s score test) is derived
from a constrained maximization principle. Maximizing the log-likelihood
subject to the constraint h (f) = 0 yields a set of Lagrange multipliers which
measure the shadow price of the constraint. If the price is high, the constraint
should be rejected as inconsistent with the data. We define this test as

o o
o0 | 00

| &
) 00

0%
3 0006

LM =

(9.24)

02
- | 9000

0
[%
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where 6 denotes the MLE of the constrained model.

Finally, the Likelihood Ratio test is based upon the difference between
the maximum of the likelihood under the null and under the alternative
hypothesis and is defined as

LRT =2¢(0) — £ (9)] . (9.25)
All three test statistics have the same limit distribution, xi, under the

null hypothesis. Thus, the null hypothesis is rejected when the value of the
test statistic is large.

Theorem 108 (Asymptotic distribution of the Wald test) Let /T @ - 90> A
N (o, - {hmpme% 2L )

X2

-1
} =—-A («90)1>. Then, under Hy, Wald>
0

Proof. Recall that if z «~ N (0,D) then 2’D~'z « x2. Under the null
hypothesis we have that h (6y) = 0; thus h (5) —h(fy) =h (5) Taking a
first order Taylor series expansion we have

A oh ~
6)= 2], (-0
Thus o
N 0| (a0
VTh (9) VT = . (9 90).
Then
-1
" oh 1 0% oh
T L\ 2= lim = —— -
VI (0) 57| 0. 55 90[ M7 D600 60] |,
Finally, we have
. -1
| on 1 0% oh N\ D
T - lim £ ——— = T D2
0 6’ 90[ 125" T 9600 QO] a9 |,, VI (6) 2
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-1
)1 5 | %

The desired result follows from replacing 6y with 0. m

or

2
_ % -
" [ 1.8 D000

0o

Theorem 109 (Asymptotic distribution of the LM test) Assume that

the conditions ensuring consistency and asymptotic normality of the MLE [
are satisfied. Let 6 and X be the constrained MLE and the value of the La-
grange multiplier that satisfy

n;z}\xf (0;Y)—XNh(h).

Then, under Hy it follows that LM Xg

Proof. Expanding both 9/ (5) /06 and h (5) in a first-order Taylor series
around the true 0, allows the FONC of the ML problem to be written as

a| 0| - oh| ~
a6, * asor|, (%)~ g = O
on| -~
57|, @) =0

Note that the second equation incorporates the fact that the first term
in the Taylor series, h (), is zero under Hy, which we now assume is true.
Premultiplying the first of the preceding equations by 7'/ and the second
by T'/? leads to the matrix equation

_p-1 325,‘ oh| T2 (5 — ¢ T-1/2 ¢
8000 0 a0 }0 (1/2_ 0) _ 00 109 ) (926)
oh -
& la 0 T2\ 0

Observe that the right-hand side of the matrix equation converges in
distribution to

~1/2 o¢ _
T2 Gl | o | N(0.-A(0)
0 0
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In examining the asymptotic behavior of T%/% (§ — 6,) and T—/%X, we
can write the first matrix of (9.26) as

{A(Ho) gg}e]
o, 0

Using partitioned inversion,” T7'/2X can be solved for, yielding

—1
- oh _1 Oh oh _ ol
12y _ ) o 1 on ony 1| p—1/2 9%
T )\ {8‘9/ 00[ A(QO)] 8(9 5} 89/ 00[ A(QO)] T 8‘9 00] :
It follows by Slutsky’s Theorem that
-1
—1/2Y D % . —1 @
T )\—>N(O,{ae, 00[ A(0)] 505

1/2
Oh\ -1 Oh 125 D,
{89, A 5} TX DN (0,
Thus .
y o [ﬂ ] Oh| 31,
90" |, | 9000' |, 0 |5 a
But 6 and X satisfy
ot oh| +
98, ~ 20
Then .
ol 00 ol p ,
"o, [898«9’ 00] ),

The final result follows from replacing 6, with 6 which is consistent under
Ho. |

9The following result in the case of a symmetric matrix can be proved by direct multi-
plication:

A C
C' B

ATV 4 AT C(B-C'ATO) T C'AT —Ale (B AT e) T
—(B—C'A"lC) oAt (B—c'a—t0)”!
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Theorem 110 (Asymptotic distribution of the LRT test) Assume that

the conditions ensuring consistency and asymptotic normality of the MLE [
are satisfied. Let 6 be the constrained MLE. Then, under Hy it follows that

LRT® 2

Proof. By a Taylor expansion we have
60 = (3) + | (00=7) 5 (509 55| (10-9).

_Noting that the second term of the right hand side is 0 by the definition
of 6, we have

PN p 1T /~ / '~
¢ (9) —0(60) % 5 (9 . 90) [~ A (60)] (9 . 90) .
Treating ¢ [r (a)] = ¢ («) as a function of «, we similarly obtain

% (@ — a0) [~A(00)] (@ — ap).

>

h
IS

t(@) — £ (ao)
Then
LRT =7 (4 - 90)/ [~ A(00)] (5~ 06) =T (@ — o) [ A (00)] @~ ).
But we known that

VT (3 00) 2L 1-A 0] = o

0o
G o) L A () L 9L
VT (@ = a) = [~ A(ao)] 7T 9al..
Since
1o _or| 1o
T Oal, — Oal, VT 90,
and Y
D
V7 aal, O
Then
— -1 or —1@
LRT =/ | (—A(00) ' = 55 (4™ 50) |w
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where w «~ N (0,—A (6p)). Finally, defining

v=(=A6))"*w~N(0,1),

we obtain
LRT = ' |I — (—A(6,))"? ar (—A (o)™ o (—A(60))"?| v
0 oo o 0 Jda oo 0 '
But, because
or or
—A(ag) = — P aOA(HO) Do ao,

it can be shown that [ — (—A (90))1/2 %

Qg (_A (ao))_l o (_A (90))1/2

Ja (&)

is an idempotent matrix of rank ¢. Therefore, LRT2 x§ ]

D
S

Figure 9.1: Geometric interpretation of the tests

The three principles are based on different statistics which measure the
distance between Hy (the null) and H; (the alternative). Figure 9.1 plots the
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log-likelihood function against ¢ for ¢ = 1. The MLE under the alternative is
¢ and the hypothesized value is #. The Wald test is based upon the horizontal
difference between 6 and 6, the LRT is based upon the vertical difference,
and the LM test is based on the slope of the likelihood function at 6. Each
is a reasonable measure of the distance between Hy and H; and it is not
surprising that when ¢ is a smooth curve well approximated by a quadratic,
they all give the same test. This is established in the following Lemma.

Y, ~
Lemma 111 If¢=0b—1/2 (8 — 9) A (9 — 9) where A is a symmetric pos-
itive definite matriz which may depend upon the data and upon known para-

meters, b is a scalar, 0 is a function of the data, and Hy : 6y = 0. Then the
Wald, LR, and LM tests are identical.

Proof. Note that
ov ~\/
e (9 _ 9) A
9%
0000’
Thus

Wald = <§—§>'A<§—§)

o ol - N e
5:(9—9)/1(0—9).

-1
LM = o0’ §A 00
~\ ! _ ~

Finally, by direct substitution we have: LRT= (5 — 9) A (9 — 9) . n

The results of Lemma 111 can not be generalized when the null hypoth-
esis is nonlinear or the log-likelihood is not quadratic; thus despite sharing
the same asymptotic distribution, these tests will generally differ in finite
samples. Note that of the three tests, the easiest to derive is the Wald test
given that it only requires to compute the unconstrained MLE. The LM test
evaluates both the gradient and Hessian matrix in the constrained MLE,
while LRT requires the computation of the constrained and unconstrained
MLE. A major advantage of the LRT is that it is invariant to one-to-one
transformations of the constraints. This property is shared by the LM test
but not the Wald test.

The following example presents the results of applying the three tests.
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Example 112 Consider a set of T independent observations on a Bernoulli
random variable as in example 104. We wish to test the null Hy : m = mg.
We know that @ = 3. y,/T and that

o YL (g —m)

o m(1—m)

and
—A(m) = 1
R - (1—m)
The Wald test is given by
A2
Wald — Lm0 %)
T(1—m7)

The LM test is

LM =

Zthl (yt —7T0)]2 7T0(1 —7T0)

0 (1 —7T0)
_ T(mo —7)?
0 (]. —7To) '

Both clearly have a limiting x? distribution. They differ in that the LM
test uses an estimate of the variance under the null whereas the Wald uses
an estimate under the alternative. When the null is true these will have the
same probability limit and thus for large samples the tests will be equivalent.
If the alternative is not close to the null, then presumably both tests would
reject with very high probability for large samples.

The likelihood ratio test statistic is given by:

LRT = 2T [ﬂn <1> +(1—%)1n(1_”)},
) 1—7'('0

which has a less obvious limiting distribution and is slightly more awkward to
calculate. A two-term Taylor series expansion of the statistic about T = mq
establishes that under the null the three will have the same distribution.
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9.7.2 The Tests in Special Cases

Next, we shall find explicit formulae for the three tests for the HLRM with
the linear hypothesis '3 = 0. In this case, (9.23)-(9.25) are reduced to

st () - 5r (P)
sr ()

st (B) - 5r (B)
Sr (B)

LRT = T'In L@

s (5)

Thus we can easily show that Wald>LRT>LM; that is, despite the fact
that the three tests share the same asymptotic distribution, in this particular
case, the values of these tests would make it easier to reject the null hypothesis
with the Wald test. . This inequalities do not always hold for the nonlinear
model, or for the linear model with nonlinear constraints.

In the NLLS model when u is normal, we have

w¢®[%3@@yg%4_u@
st (B)

Ty -m(@3)]Z(Z2)
Sr (P)

LRT = T [InT~'Sy (B) - 757 (8)].

Wald = T

Wald =

. Z - ()]

These three tests hold asymptotically even if u is not normal.

9.7.3 Nonnested Hypotheses

The comparison of different hypotheses, i.e. of competing models, is the
basis of model specification. It may be performed along two main lines.
The first one consists in associating with each model a loss function and in
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retaining the specification implying the smallest (estimated) loss. In practice,
the loss function is defined either by updating some a-priori knowledge on
the models given the available observations (the Bayesian point of view), or
by introducing some criterion taking into account the trade-off between the
goodness of fit and the complexity of the model (for instance the AIC or
BIC). This approach, called model choice or model selection, has already
been discussed before. The second approach is hypothesis testing theory.
For model selection we have to choose a decision rule explaining for which
observations we prefer to retain each hypothesis. In the simplest case of
two hypotheses Hy and Hj, this is equivalent to the definition of the critical
region giving the set of observations for which Hj is rejected. However, the
determination of the decision rule is not done on the same basis as model
choice. The basis of hypothesis testing theory is to introduce the probability
of errors: first error type (to reject Hy when it is true), and second error
type (to reject Hy when it is true), then to choose a critical region for which
the first error type probability is smaller than a given size (generally 5%)
and the second error type probability is as small as possible. Hypothesis
testing theory is usually advocated when Hy may be considered as a “limit
case” of the second hypothesis H;. Broadly speaking the model HyUH; can be
reduced to the submodel Hy by imposing some restrictions on the parameters
in which case Hy is said to be nested in H;.

Here we are interested in the opposite case, where none of the hypotheses
is a particular case of another one. These hypotheses may be entirely dis-
tinct (globally nonnested hypotheses) or may have an intersection (partially
nonnested hypotheses).

The hypotheses may concern either the whole conditional distribution of
Yy given xy, or simply some conditional moments, such as the conditional
expectation. We successively consider these two situations.

When the hypotheses concern the whole conditional distribution and have
a parametric form, they may be written as

Hy: {g(ylzsa),a € ACRY)
Hy : {h(y|a; 8),8€ BC R}

The first hypothesis H, (for instance) is valid if the true conditional dis-
tribution f (y; |z¢) can be written as g (y; |z ) for some ag € A. A test
that is commonly proposed is:

Ry =ty @) = &l (]|a = 0 (B) + €altn (B)la
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where (3, —plim, 3 (meaning the probability limit is taken assuming g (a)
is the true model) and " indicates maximum likelihood estimates. We reject
H, if R, is larger than a critical value determined by the asymptotic distri-
bution of R, which is asymptotically normal with zero mean and variance
equal to £ (v2) — & (vgw)) (Ewgw!) € (vgwy), where vy = € (o) — €y, (B,) —
Eally (@) — 4, (B,)] and w = 04, (a) /Ocr.

A weakness of this test is its inherent asymmetry; the test of H, against
Hj, based on R, may contradict the test of Hj, against H, based on Rj,. For
example, H, may be rejected by 17, and at the same time Hj;, may be rejected
by Rh.

Given this problem, some researchers have proposed to artificially nest
both models and introduce a third hypothesis in both H, and H), are nested
and characterized by some equality constraints. In this case, the idea is to
introduce mixtures of distributions of H, and Hj. This model is

M= (1= ge|msa)+ M (y e B) A e[01].
The basic hypotheses are defined by the constraints
Hy: A=0 and Hp:A=1

The procedure consists in testing A = 0 against A > 0 and A\ = 1 against
A < 1; that is, in applying a one-sided t-ratio test to the parameters A or
1 — A. It is possible that both hypotheses are not satisfied. Even though
this compound model is attractive, it has the usual drawback of mixtures,
given that under the null hypothesis, either the parameter o or g are not
identified. Therefore, the properties of the t—ratio are unknown except in
special cases.

Davidson and MacKinnon (1993) propose the following procedure for the
OLS models (which with a few minor modifications can be extended to the
NLLS model):. Consider the models

Hy:Y=Xa+u
Hh . Y:ZIB—Q—UQ

and the compounded model

He:Y =(1- )\ X'a+AZ8+u
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Let B be the OLS estimator under Hj,. Define the following auxiliary
model
HC’ . Y: (].—A)X,O_/—{—)\Z/B—I—U

If \ is the estimate of A of this auxiliary model, it can be shown that the
t—test of the estimate converges in distribution to a standard normal. If the
null A = 0 is not rejected, we conclude that there is evidence in favor of H,.

Although the Wald, LM, and LR tests apply to nested hypotheses, sim-
ilar asymptotic reasoning extends to nonnested model comparisons. Vuong
(1989) showed that differences in maximized log-likelihoods can be stan-
dardized to construct a test for nonnested models, where the null hypothesis
states that both models are equally close to the true data-generating process
in Kullback—Leibler distance. This approach provides the theoretical foun-
dation for many modern model-comparison criteria, including information-
theoretic and predictive tests discussed later.

9.8 Further Reading

This chapter follows closely the classical and elegant treatment of extremum
estimators developed in Amemiya (1985), which remains one of the most
comprehensive and rigorous expositions available. The modern formulation
of the theory, including detailed proofs and extensions to models with sto-
chastic regressors and dependent data, is presented in Newey and McFadden
(1994). For contemporary treatments that emphasize intuition and applica-
tions, Hayashi (2000) and Hansen (2022) provide particularly clear discus-
sions. Mittelhammer, Judge, and Miller (2000) offer an integrated view of
extremum, likelihood, and generaliz