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Bayesian statistics







CHAPTER 1

Bayesian and frequentist approachs

Jourdain: There is this person of great quality and I want you to help me to write a short love note which I can drop at her feet.
Philosophy Master: Fine. Do you wish to write to her in verse?

Jourdain: No, no poetry.

Philosophy Master: So you desire prose.

Jourdain: Oh, no! I don’t want prose or poetry.

Philosophy Master: It must be one or the other.

Jourdain: Why?

Philosophy Master: Because there is no other way to express oneself but through prose or verse. Whatever is not prose, is
poetry and whatever is not poetry is prose.

Jourdain: When I talk what’s that then?

Philosophy Master: Prose.

Jourdain: When I say, Nicole! Bring me my slippers, is that prose.

Philosophy Master: Yes, sir.

Jourdain: So I have been speaking prose for years without even knowing it! What a Master you are.

Moliére , The Bourgeois Gentleman

1.1 Introduction

It may sound surprising to start a book on Bayesian statistics with an extract from a play by Moliere. Yet
we can draw a parallel between this dialog and the statistical approach discussed in this book. In this
extract, Mr. Jourdain (the main character of “The Bourgeois Gentleman”) first discovers that speaking
is formally known as “prose”. Moreover, he learns that there exist in fact two ways to express oneself:
prose, and poetry. The same goes for statistics. Most statisticians follow an approach formally known
as the “frequentist” approach, without being aware of it. In addition, there exist in fact two different
approaches to statistics: the frequentist approach, and the Bayesian approach!.

This first chapter introduces the two approaches and highlights their main differences. It does not yet deal
with the technicalities of the subject, left to the incoming chapters. Rather, it develops the fundamental
concepts in a purposely informal way in order to set the terms of the debate.

1.2 Fundamental concepts

In general, any statistical exercise is concerned with the outcome of some random experiment.

definition 1.1: a random experiment is a process whose outcome is uncertain, and can be known
only once it is realized and observed.

IThere exist actually more than two approaches to statistics, such as the symmetric and logical approaches. Those alternative
approaches are not of interest for this book and are not developed further: see for instance Poirier (1995) for more details.
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Here are a few examples of random experiments.
example 1.1: the outcome of a coin flip.
example 1.2: the number of cars sold in a month at a car retailer’s.

example 1.3: the market return of a stock at the New York Stock exchange.

To understand the behaviour of a random experiment, the statistician creates a model which replicates its
statistical properties. This model typically depends on a number of parameters, denoted by 6.

definition 1.2: a statistical model is a model that describes the underlying process generating the
data. It is indexed by a family of parameters 6 which determine the behaviour of the model.

This can be illustrated with the simple examples introduced above:

example 1.1 (continued): to model the outcome of a coin flip, the statistician may use a Bernoulli dis-
tribution with probability of success p. In this case, p represents the parameter of the model, so that

0 ={p}.

example 1.2 (continued): to model the number of cars sold during a month at a car retailer’s, the statis-
tician may use a Poisson experiment with intensity A, which represents the mean of the process. In this
case, A represents the parameter of the model, so that 6 = {1}.

example 1.3 (continued): to model the market return of a stock, the statistician may use a normal dis-
tribution, where the mean p represents the expected return of the stock and the variance ¢ represents its
volatility. Here u and o represent the parameters of the model, and 6 = {u,c}.

Because the parameters determine the behavior of the model, they represent the fundamental object of
interest. They thus constitute the values that the statistician wants to estimate. In this respect, the main
differences between the frequentist approach and the Bayesian approach arise in the way 0 is considered,
and as a consequence in the methodologies employed to estimate it.

1.3 The frequentist approach

When statisticians talk about “statistics”, they usually mean the frequentist approach. Frequentist statis-
ticians believe in random experiments which can be repeated. They assume that with a sufficiently large
number of repetitions, probabilities can be deduced from observed frequencies, hence the name “frequen-
tist”. Concretely, for a given a random experiment repeated n times, and a possible outcome A of this
random experiment observed m times over the n trials, the frequentist approach defines the probability of
outcome A as:

definition 1.3: P(A) = [im 2

n—oo 1

For a model parameters, definition 1.3 yields two main implications. First, for any statistical experiment
and any outcome, there exists a unique and well defined probability which obtains as a limiting case of
observed frequencies. Therefore, any parameter 6 involved in a statistical model is also characterised by a
unique and well-defined value. This value can be calculated exactly as long as one is capable of repeating
the underlying random experiment an infinite number of times. Thus, in frequentist statistics, 0 is treated
as a fixed quantity.
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The second implication of definition 1.3 is that under the frequentist approach probabilities are deduced
from observed outcomes. The only source of information for a frequentist statistician thus consists in the
data collected for the experiment. Because this data is assumed to be generated by the statistical model,
any observation results from the parameter 6 which determines the behaviour of the model. Following,
the data constitutes the basis of any estimation process for 6.

In this respect, a fundamental object of interest is known as the likelihood function.

definition 1.4: let y denote the sample of data collected by the statistician, and let 8 denote the model
parameters; the likelihood function , denoted by f(y|0), represents the density function of the ob-
served data y, for a given value of 6.

The likelihood function indicates how likely the observed data is for a given value of 6. A high value
for f(y|0) indicates that it is plausible to obtain the observed data with the given 6. Conversely, a low
value for f(y|0) implies that the selected 6 makes the observed data unlikely to occur. A natural step then
consists in estimating 6 by choosing the value which makes the observed data most likely. This is the
principle underlying the maximum likelihood methodology.

definition 1.5: the maximum likelihood estimation methodology consists in finding the value 6
which maximises the likelihood function f(y|0). 6 is then called a point estimate for 6.

Given the information contained in the data, the point estimate 6 represents the best guess one can produce
about the true parameter value 6. When the data sample is not infinite, some uncertainty exists about the
parameter value. One may then want to construct confidence intervals on the parameter value.

definition 1.6: a confidence interval is an interval of values that contain the true value 6 with high
probability, set by the statistician.

Alternatively, a hypothesis test can be conducted on the parameter value.

definition 1.7: a hypothesis test is an inference procedure establishing whether a default hypothesis
about 0 called the null hyposthesis is true. If there is sufficient evidence, the null hypothesis is rejected
in favor of the so-called alternative hypothesis.

1.4 The Bayesian approach

The frequentist approach defines probabilities as a limiting case of experiments repeated an infinite num-
ber of times, as stated by definition 1.3. By contrast, the Bayesian approach considers that in practical
situations random experiments cannot be repeated an infinite number of times, or cannot be repeated at
all. For instance, the weather in Washington DC on July 4" 2000 is not a repeatable random experiment
since July 4™ 2000 only occured once. Certain experiments can be repeated, such as the number of cus-
tomers visiting a local grocery store during a day. They may however not be repeated an infinite number
of times. Even if the number of repetitions tends to infinity, the random experiment being repeated may
not be exactly the same. A grocery store updates its prices and line of products from time to time. It
also runs sales, recruits new staff, modifies it display, and so on. These differences affect the number of
customers, and alter the underlying random experiment.
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For these reasons, Bayesian statistics considers that any random experiment involves fundamental uncer-
tainty, and that it is impossible to get rid of this uncertainty. Statisticians must then estimate probabilities
not only from the information carried by the data, but also from personal probability assessments which
reflect their subjective beliefs about the outcome of the experiment.

This has two main implications. First, the fundamental uncertainty implies that 6 cannot be considered
as a fixed quantity anymore. Instead, & must be treated as a random variable, and assigned a probability
distribution. As a consequence, the object of interest for the statistician is not anymore the fixed value of
6 (which is impossible to determine), but the probability distributions of the parameters 6.

Second, the fundamental uncertainty implies that the data resulting from observation does not constitute
a sufficient source of information. Because there can only be a finite number of data observations, and
because these observations are generated by different realisations of 6 from its probability distribution, it
is impossible to eliminate the uncertainty associated with 8. As a consequence, the data can only represent
part of the information involved in the estimation process. It must be supplemented with additional infor-
mation provided by the statistician, which represents his personal belief about the random experiment.

Concretely, it implies that the likelihood function which represents the information contained in the data
is not sufficient anymore to obtain an estimate of 8. The estimation process must also involve the personal
assessment of the statistician about the distribution function of 8, which is known as the prior distribution.

definition 1.8: the prior distribution, denoted by 7(6), is the distribution function which represents
the personal belief of the statistician about the distribution of the parameters of interest 6.

Because the data is not the only source of information under the Bayesian approach, maximum likeli-
hood does not constitute a suitable methodology of estimation. To account for both the data information
contained in the likelihood function f(y|6) and the personal information contained in the prior distibution
7(6), a Bayesian statistician will apply a methodology known as Bayes Rule. This methodology produces
what is known as the posterior distribution for 8, which is a full distribution function reflecting both the
information contained in the data and the subjective information introduced by the statistician.

definition 1.9: the posterior distribution, denoted by 7(6|y), is the distribution function of the pa-
rameter of interest 6 obtained by the application of Bayes rule. It is obtained by combining the likeli-
hood function f(y|6) and the prior distribution 7(6), and represents the distribution of 6 conditional
on having observed the data y.

Unlike the frequentist approach for which the estimation produces a single point estimate 8, the Bayesian
approach results in a full posterior distribution 7(6|y). This posterior distribution summarizes all the
relevant information about 6 and represents the workhorse of Bayesian statistics. It can be used for
instance to generate credibility intervals.

definition 1.10: a credibility interval is an interval over a posterior distribution within which a pa-
rameter value falls with a certain probability.




1.5. SUMMARY 7

The credibility interval represents the counterpart of the frequentist confidence interval, but its philosophy
is different. A confidence interval treats the parameter as fixed, creating an interval that hopefully contains
the true value. A credibility interval treats the parameter as random, and defines an interval that contains
its values with some given probability.

It is also possible to conduct hypothesis tests in a Bayesian framework.

definition 1.11: a Bayesian hypothesis test consists in a comparison of the posterior probabilities
under the null and alternative hypotheses. This comparison is summarized by a single value known as
the Bayes factor.

Unlike the frequentist approach which aims at testing for the true parameter value, a Bayesian hypothesis
test determines which model is more likely under the null and alternative hypotheses about 6.

1.5 Summary

This chapter has underlined the fundamental differences between the frequentist and Bayesian approaches.
Those differences are summarised in Table 5.1 for convenience.

frequentist Bayesian
random experiments can be infinitely repeated cannot be infinitely repeated
certainty certainty with infinite repetitions fundamental uncertainty
parameter 6 unique, fixed value random variable
object of interest true value of 6 probability distribution of 0
relevant information observed data only observed data and personal information
source of information likelihood function f(y|0) likelihood function f(y|0) and prior distribution 7(0)
estimation technique maximum likelihood Bayes rule
estimate for 0 point estimate posterior distribution
intervals confidence interval credibility interval
hypothesis test decide of true value decide of best model

Table 1.1: Main differences between the frequentist and Bayesian approaches

The incoming chapters initiate the technical part of the discussion. Chapter 2 introduce basic probability
concepts and derives Bayes rule in the context of events and random variables. Chapter 3 then provides
some practice on the subject through a set of simple examples. Chapter 4 discusses some important
additional aspects of Bayesian priors and posteriors. Chapter 5 concludes the first part by providing
further insight on the properties of Bayesian estimates.
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CHAPTER 2

Bayes rule

This chapter introduces Bayes rule, a result that constitutes the foundation of the whole field of Bayesian
statistics. It does so first in the simple context of events, then extends to the more general notion of random
variables. The presentation remains informal, only dealing with the aspects required to understand the
incoming chapters. For this reason, the technicalities associated with formal probabilistic theory are left
aside.

2.1 Probabilities

Probabilities are fundamentally concerned with random experiments and their outcomes. The first element
of interest is thus the set of possible outcomes, known as the sample space.

definition 2.1: the sample space, denoted by Q, is the set of all possible outcomes of a random
experiment. A subset of the sample space is called an event.

To illustrate this definition, let’s take a look at some simple examples:

example 2.1: consider the random experiment “roll a 6-face die”. Then the sample space is:
Q=1{1,2,3,4,5,6}.
The subsets A = {2,4,6}, B={4,5,6} and C = {1} are examples of events. They respectively correspond

to: “the outcome of the roll is an even number”, “the outcome of the roll is a number greater than 3”, and
“the outcome of the roll is 1”.

example 2.2: consider the random experiment “pick a random number between 0 and 1. Then the sample
space for this experiment is the closed interval Q = [0, 1].

The subsets A = [0.1,0.3] and B = [0.5,0.5] are examples event. They correspond to: “the picked number
is comprised between 0.1 and 0.3” and “the picked number is 0.5”.

Once equiped with a sample space, we associate probabilities to the events of interest by the way of a
function known as a probability measure.

definition 2.2: a probability measure is a function P(A) which associates a probability to each event
A.

For instance:

example 2.1 (continued): if the die is balanced, each face has a 1/6 probability to show up. So for an
event A containing |A| outcomes (JA| denotes the cardinality, or number of elements of A), we want the
probability to be P(A) = |A|/6.

So for instance, considering A = {2,4,6}, we obtain P(A) = |A|/6 = 3/6 = 1/2. Thus the probability of
obtaining an even number from the roll is 1/2, as expected.

9
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example 2.2 (continued): assume each number in [0, 1] is equally likely to be picked by the computer.
This is a uniform setting in which the probability of any interval [a, D] is simply equal to its length (b —a).
Then P(A) =b—a.

So for instance, considering A = [0.1,0.3], we obtain P(A) = 0.3 — 0.1 = 0.2. The probability of picking
a number in the interval [0.1,0.3] is 0.2.

2.2 Bayes rule for events

To obtain Bayes rule, it is first necessary to introduce the concept of conditional probabilities.

definition 2.3: let A and B be two events on some sample space; the conditional probability of A
given B, denoted by P(A|B) is given by:
P(ANB)

PAIB) =

The conditional probability P(A|B) must be understood as: “what is the probability that event A occurs,
given that event B has occurred?”. Figure 2.1 helps to make sense of the conditional probability formula
in definition 2.3. If event B has occured, then clearly event A can only occur on the intersection portion
AN B. However, we cannot use directly the probability (A N B) since the sample space to consider is
not the whole of Q anymore, but is now restricted to event B. The conditional probability must thus be
defined as the ratio of the grey area (the probability P(A N B)) over the surface of event B (the probability
P(B)).

Q

ANB

Figure 2.1: A representation of conditional probabilities with an Euler diagram

This can be illustrated with our usual examples.

example 2.1 (continued): consider the events A = {2,4,6} (the outcome of the die roll is an even num-
ber) and B = {4,5,6} (the outcome of the die roll is greater than 3). The conditional probability P(A|B)
corresponds to “what is the probability that the outcome of the roll is even, given that it is greater than 3?”
We have P(A) = 1/2, P(B) = 1/2, ANB = {4,6}, P(ANB) = 1/3, and P(A|B) = (1/3)/(1/2) = 2/3
The unconditional probability of obtaining an even number P(A) = 1/2 has been updated into the condi-
tional probability P(A|B) = 2/3 with additional information provided from observing B.

example 2.2 (continued): let A = [0.1,0.3] and B = [0.2,0.4]

We have P(4) = 0.2, P(B) = 0.2, ANB = [0.2,0.3], P(ANB) = 0.1, and P(A|B) = 0.1/0.2 = 1/2

The unconditional probability of drawing a random number between 0.1 and 0.3 is P(A) = 1/5, but
increases to P(A|B) = 1/2 if it is observed that the outcome is comprised between 0.2 and 0.4.
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A first version of Bayes rule can now be obtained directly from the definition of conditional probability.
Indeed, definition 2.3 implies P(A|B) = P(ANB)/P(B) and P(ANB) = P(BJA)P(A). Substituting the
latter in the former yields Bayes rule:

definition 2.4: let A and B be two events on some sample space; Bayes rule is given by:

P(A|B) = P(BILAU);E)(A)

The left-hand side of Bayes rule is the conditional probability P(A|B) which represents the probability
of event A once B has been observed. It is equal to the right-hand side made of three components:
the unconditional probability IP(A), which represents the estimate of the probability of event A before
event B is observed; the probability P(B), which corresponds to the additional information obtained from
observing B; and the conditional probability P(B|A), which indicates how likely it is to observe B if event
A occurs. Bayes rule then says that P(A|B) is equal to the unconditional probability P(A) updated by the
additional evidence P(B|A)/P(B).

example 2.1 (continued): let A = {2,4,6} and B = {4,5,6}.
One has P(A) =1/2,P(B) =1/2,P(ANB) =1/3, and P(B|A) =2/3
Hence P(A|B) =P(B|A)P(B)/P(A) = (2/3) x (1/2)/(1/2) =2/3

example 2.2 (continued): let A = [0.1,0.3] and B = [0.2,0.4]
We have P(A) = 0.2, P(B) = 0.2, P(ANB) = 0.1, and P(B|A) = 1/2
Hence P(A|B) = P(BJA)P(A)/P(B) =1/2%x0.2/0.2=1/2

2.3 Random variables

A preliminary version of Bayes rule has been introduced in the simple case of events. In practical appli-
cations however, Bayes rule is often used in the more general context of random variables.

definition 2.5: let Q be some sample space; a random variable is a function X (®) which associates
a value to each outcome @ of the sample space.

Informally, a random variable can be seen as a function providing an interpretation to the outcome of a
random experiment through the value it returns. For instance:

example 2.1 (continued): let X be the random variable defined as X (@) = 1 if @ =2,4,6, and X (w) =0
otherwise. Its interpretation is: “observe whether the outcome of the roll was even”.
Z(®) = o is also a random variable. Its interpretation is simply: “reports the outcome of the die roll”.

example 2.2 (continued): let X () =30 —2.
X is a random variable that can be interpreted as a lottery where the player pays 2 to play, then gains 3
times a random amount ® comprised between 0 and 1.

Random variables can be of two kinds. If it is possible to count the values a random variable can take,
it is said to be discrete. If counting the values is impossible, typically because the random variables take
values on some continuous interval, it is said to be continuous.
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definition 2.6: a random variable X is called discrete if it takes only a finite or countable number
of values. By contrast, a random variable X is said to be continuous if its values represent some
continuous interval in R.

The difference is best understood with the usual set of examples:

example 2.1 (continued): let X be the random variable defined as X (@) = 1 if ® =2,4,6, and X (w) =0
otherwise. Then X is discrete since it takes a countable number of values (the two values 0 and 1).

example 2.2 (continued): let X (w) = 3w — 2. X takes values on the continuous interval [—2,1] and is
thus a continuous random variable.

So far our definition of random variables does not involve probabilities. The way probabilities are defined
for random variables depends on their types. Because a discrete random variable can take only a countable
number of values, it is possible to assign directly a probability to each value. This yields the concept of
probability mass function.

definition 2.7: let X be a discrete random variable; then X has a probability mass function f(x) such
that f(x) = P(X =x), with ¥, f(x) = 1.

The first statement defines the probability associated to each x value, while the second statement is just
the classical condition that probabilities over all possible values should sum up to 1.

example 2.1 (continued): let X be the random variable defined as X (@) = 1 if ® =2,4,6, and X (@) =
0 otherwise. Its probability mass function is given by f(1) =P(X = 1) = P({2,4,6}) = 1/2, and
£(0)=P(X =0) =P({1,3,5}) = 1/2. Also, f(1)+ f(0) =1/2+1/2=1.

By contrast, continuous random take an uncountable number of possible values so that the probability of
obtaining any single value is 0. Probabilities then only make sense over continuous intervals, which yields
the notion of probability density function.

definition 2.8: let X be a continuous random variable; then X has a probability density function f(x)

b oo
such that: P(a <X <D) :/ f(x)dx, with/ flx)dx=1.

For instance:

example 2.2 (continued): let X (w) = 3w — 2. It can be shown that its probability density function is
1 oo 1
f(x) =1/3, so that for instance P(0 < X < 1) = / 1/3dx =1/3. Also, / f(x)dx:/ 1/3dx = 1.
0 —o0 -2

The conceptual difference between probability mass functions and probability density functions is illus-
trated by Figure 2.2. For the discrete random variable on the left panel, probabilities are attributed to each
value of the random variable. For the continuous random variable on the right panel, probabilities are only
defined by integrating over intervals (calculating the surface under the curve, such as the grey area).
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Figure 2.2: Examples of mass and density functions

2.4 Bayes rule for random variables

The previous sections focused on individual random variables. In practice however, most statistical models
involve more than one random variable at a time. We then want to consider probabilities not only for single
random variables, but also for groups or random variables considered jointly. For instance, if X and Z are
two random variables, we may want to determine what is the probability that X takes some value x while
at the same time Z takes some value z. If X and Z are discrete, they take only a countable number of values
so that it is possible to assign probabilities directly to each pair of values (x,z). This yields the concept of
joint probability mass function, which generalizes the concept of probability mass function.

definition 2.9: let X and Z be two discrete random variables; then X and Z have a joint probability
mass function f(x,z) such that f(x,z) = P(X =x,Z =7z).

Consider again the usual 6-face die example:

example 2.1 (continued): let X be defined as X(w) = 1 if @ = 2,4,6, and X(w) = 0 otherwise. Let
Z(®) = o. The joint probability mass function f(x,z) is then given by:

z=1 z=2 z=3 z=4 z=5 z=6
x=0 P{1})=1/6 P@)=0 P{3}H=1/6 P@)=0 P{5})=1/6 P(@)=0
x=1 P(@)=0 P({2})=1/6 P@)=0 P{4})=1/6 P@)=0 P{6})=1/6

Table 2.1: Joint probability mass function of X and Y

If instead X and Z are continuous, probabilities become defined by the joint probability density function,
the generalisation of the density function.

definition 2.10: let X and Z be two continuous random variables; then X and Z have a joint

b rd
probability density function f(x,z) such that P(a <X < b,c <Z<d) = / / f(x,2)dzdx.
a C

Interestingly, it is possible to recover the probability functions of the individual random variables from
their joint probability function. This is known as marginalisation.
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definition 2.11: let X and Z be two random variables; the marginal probability mass or density func-
tion f(x) obtains from:

fx)=) flx.z) (X discrete) or flx)= / ) f(x,z2)dz (X continuous)

In other words, the marginal is obtained by summing over all the possible values of the other variable.
This is illustrated by our usual example.

example 2.1 (continued): let X be defined as X (w) = 1 if @ = 2,4,6, and X(@) = 0 otherwise. Let
Z(w) = ». The marginal distributions f(x) and f(z) obtain from the joint mass function, as shown in
Table 2.2:

z=1 z2=2 z=3 z=4 z=5 7=06 Marginal: f(x)
x=0 P{1})=1/6 P@)=0 P{3})=1/6 P)=0 P({5})=1/6 P©@)=0 3/6
x=1 P(@)=0 P({2})=1/6 P@)=0 PH{4})=1/6 P(@)=0 P{6})=1/6 3/6
Marginal: f(z) 1/6 1/6 1/6 1/6 1/6 1/6

Table 2.2: Marginal mass functions of X and Y

Section 2.2 introduced the concept of conditional probabilities for events. We now want to generalize the
concept to random variables, with a similar interpretation. For instance, given two random variables X
and Z, what is the probability that X takes some value x if we observe that Z has taken a given value z?
This notion of conditional distribution is central in Bayesian analysis, and constitutes the foundation of
Bayes law for random variables.

definition 2.12: let X and Z be two random variables; let f(x,z) , f(x) and f(z) respectively denote
their joint and marginal probability mass (or density) functions. The conditional probability mass
function (or conditional probability density function) is given by:

_ f(x2)
f(X‘Z) - f(Z)

Note the similarities between definition 2.12 and definition 2.3 in the case of events. To illustrate the
concept, consider the usual 6-face die example:

example 2.1 (continued): let X be defined as X(w) = 1 if @ = 2,4,6, and X(®w) = 0 otherwise. Let
Z(w) = . Consider the difference between f(x) and f(x|z). For x =1 and z = 2, Table 2.2 gives
f(x)=3/6, f(z)=1/6and f(x,z) =1/6. So f(x|z) = (1/6)/(1/6) = 1. In other words, the unconditional
probability f(x) to observe X = 1 (the outcome is an even number) is 1/2. However, once Z = 2 is observed
(the outcome of the roll is 2), we now for sure that the outcome is even and we update the probability to

flxlz) =1.

A concept related to the idea of conditional distribution is that of independence. Informally, we say that
two random variables X and Z are independent if “knowing Z tells us nothing about the value of X”. Note
that definition 2.12 implies that f(x,z) = f(x|z) f(z). The intuition is then that if Z says nothing about
X, the conditional density f(x|z) should be equal to the unconditional density f(x). This in turn yields
f(x,2) = f(x)f(2). In other words, when two random variables are independent, their joint density is just
the product of the marginal densities.

definition 2.13: let X and Z be two random variables; X and Z are independent if for any x and z:

f(x2) = fx)f(2)
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It is now possible to introduce the final and main result of this chapter. It follows directly from definition

2.11 that f(x|z) = f]g)(fzj)

for random variables.

and f(x,z) = f(z|x)f(x). Substituting the latter in the former yields Bayes rule

definition 2.14: let X and Z be two random variables; Bayes rule is given by:
[z f(x)
Flxlz) = ST
(x[2) )

This simple formula constitutes the core of Bayesian analysis and will be used thoughout the whole book.
Note again the similarities with Bayes rule for events given by definition 2.4. The formula says that the
conditional density f(x|z) is equal to the unconditional density f(x), updated by the additional information
f(z|x)/f(y) obtained from the observation of Z.

example 2.1 (continued): let X be defined as X(w) = 1 if @ = 2,4,6, and X(w) = 0 otherwise. Let
Z(w) = o. For x =1 and z = 2, Table 2.2 gives f(x) =3/6, f(z) = 1/6, f(x,z) = 1/6, so that f(y|z) =
(1/6)/(3/6) =1/3.

Following, f(x|z) = f(z|x)f(x)/f(z) = (1/3)(3/6)/(1/6) = 1.

The unconditional density f(x) = 1/2 has been updated to f(x|z) = 1 once the value Z = z has been
observed.
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CHAPTER 3

Three applied examples

Chapter 1 introduced the fundamental concepts of Bayesian statistics, while chapter 2 developed the
technical framework leading to Bayes rule. This chapter puts these elements together and conducts the
first actual applications of Bayesian statistics, building on the simple examples introduced in chapter 1
(a coin flip, the number of cars sold in a day, and the return of a stock at the New York Stock Exchange).

3.1 Principles of estimation

Recall from chapter 1 that our objective consists in estimating some parameter 8, using a sample of
observations y. Under a frequentist approach, estimation by maximum likelihood is straightforward:
obtain first the likelihood function f(y|0) from the data, then find the value 6 that maximizes it.

In a Bayesian context however, estimation is conducted with Bayes rule. Definition 2.14 provides the
general formula f(x|z) = f(z|x)f(x)/f(z), for any two random variables X and Z. Since the Bayesian
approach treats both the data y and the parameters 6 as random variables, we can substitute for x = 0 and
z =y to obtain the version of Bayes rule used in empirical applications.

definition 3.1: let y denote the sample of observations and 6 the parameters of interest to estimate;
Bayes rule is given by:
fy0)m(6
el  L010)7(0)
fO)

In the above definition, the use of (0|y) and 7(6) in place of f(6]y) and f(6) is a pure matter of notation.
It is useful to take a closer look at the elements of definition 3.1.

On the left-hand side, m(6|y) is the posterior distribution. It represents the distribution of the random
variable 6, conditioned on having observed the data y, and represents the main object of interest.

On the right-hand side, f(y|0) is the likelihood function. It is the density function of the observed data y
for a given value of 6. It represents the information contained in the sample of observations.

The third term is the prior distribution 7(6) representing the subjective prior belief about 6. It constitutes
the information available before the data is observed.

The final term is the marginal likelihood f(y). It represents the unconditional density of the data, or in
other words the data likelihood regardless of the value of 8. Often, this term cannot be estimated directly.

Definition 3.1 says that the posterior distribution 7(6|y) is equal to the prior distribution 7(6), updated by
the additional information obtained from observing the data f(y|6) and the overall data likelihood f(y).
If the marginal likelihood was known, Bayes rule 3.1 could be applied directly. In practice however this
term is unknown, which motivates a brief but important digression.

17



18 CHAPTER 3. THREE APPLIED EXAMPLES

Notice that the marginal likelihood f(y) does not involve 6. In this respect, it only plays the role of a
normalization constant ensuring that the posterior (60 |y) integrates to 1, and carries no information on 6.
It is then convenient to ignore it, using the notion of kernel.

definition 3.2: let f(x) be some probability density function that can be expressed as f(x) = a.g(x),
with o a multiplicative term not involving x. Then we write:

f(x) o< g(x)
which reads “f(x) is proportional to g(x)”. g(x) is called the kernel of the density function f(x), and
« is called the normalization constant .

Definition 3.2 says that f(x) is proportional to g(x) up to some multiplicative constant o that only serves
as a normalization device. In Bayesian analysis it is convenient to work with kernels rather than with the
actual density functions, typically ignoring the normalization constant. For our purpose, an immediate
application of this strategy consists in rewriting Bayes rule in definition 3.1 as a kernel to get rid of the
marginal likelihood.

definition 3.3: let y denote the sample of observations and 6 the parameters of interest to estimate;
Bayes rule is given by:

7 (61y) o< f(y16)7(6)

Definition 3.3 says that the posterior 7(0|y) is proportional to the likelihood function f(y|6) multiplied by
the prior 7(0), up to the marginal likelihood f(y) that represents the normalization constant and is ignored.
The Bayesian estimation process then reduces to a trivial product between the likelihood function f(y|6)
and the prior 7(0).

We can now summarize the estimation procedures under the frequenctist and Bayesian approaches.

Summary of estimation procedures:

frequentist approach (maximum likelihood): Bayesian approach (Bayes rule):
= set the likelihood function f(y|6) = set the likelihood function f(y|6)
» find O that maximizes f(y|6) = set the prior distribution 7(0)

= apply m(6]y) < f(y|6)7m(0)

3.2 A first example: flipping a coin

Consider again the coin flip example developed in chapter 1. Assume you want to determine the proba-
bility that a coin will come up with “heads”. A simple strategy consists in flipping the coin » times, and
observe the number m of “heads” outcomes.

The first step consists in setting a statistical model for the experiment. A simple choice consists in mod-
elling each of the n flips as a Bernoulli distribution with probability of success p. The parameter of
interest of the model is thus @ = {p}. Denoting then by y; the outcome of the i’ flip (1 for a success, 0
for a failure), the probability mass function for each flip is given by:

fOilp) =pi(1—p)' (1.3.1)

Start with a frequentist estimate of 6. Following the procedure suggested in section 3.2, we need to set
the likelihood function f(y|@), which represents the density function for the sample of observations as
a whole. Equation (1.3.1) only provides the density for a single observation. To obtain the joint density
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over the whole sample, we assume that the observations are generated independently. Then from definition
2.13, the joint density becomes the product of the individual densities.

definition 3.4: let y = y;,y»,-- - ,y, denote a sample of n observations, with f(y;|0) the density of each
individual observation. The likelihood function f(y|6) obtains by assuming independence between
the observations, so that:

£16) =ﬁf<y,-|e>

Applying definition 3.4 to the individual densities (1.3.1), the likelihood function obtains as:
n

folp) =T (1—=p)'™ (13.2)
i=1

After some manipulations, it can be shown (book 2, p. 3) that the likelihood function rewrites as:

folp)=p"(1=p)"™" (1.3.3)

A maximum likelihood estimate can then be obtained by finding the value 6 that maximizes the likeli-
hood function f(y|p). In practice, it is often easier to maximize the logarithm of the likelihood. This is
equivalent since extrema are not affected by monotonic transformations.

definition 3.5: let f(y|6) denote the likelihood function; the maximum likelihood estimate 6 obtains
by maximizing the log-likelihood function:

0 = argmax log(f(y|0))
0

Taking the log of the likelihood function (1.3.3), the maximum likelihood estimate becomes:

p=argmax mlog(p)+ (n—m)log(1l—p) (1.3.4)
p

The maximum is found by setting the derivative with respect to p to 0 and solving for p (book 2, p. 3).
This yields:

p=m/n (13.5)

The maximum likelihood estimate p is thus the proportion of observed successes over the total number of
trials, or in other words the empirical mean.

Consider now a Bayesian estimate of p. The procedure developed in section 3.2 first requires the likeli-
hood function f(y|p), which is already known (equation (1.3.3)). We then need a prior distribution 7(p)
for p. Since p represents a probability, we want a prior distribution that produces values between 0 and 1.
The Beta distribution then constitutes a good candidate. Its density is given by:

[(a+B)
[(e)T(B)

o and B are constants that determine the overall shape of the distribution. They are known as hyperpa-
rameters.

n(p) = p* ! (1—p)P! (1.3.6)

definition 3.6: a hyperparameter is a parameter which defines the prior distribution.
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The choice of values for a and 8 will be discussed shortly. For now, we implement the final step of the
estimation procedure, applying Bayes rule 3.3 to the likelihood function (1.3.3) and the prior distribution
(1.3.6). This yields:

w(ply) o< p"(1—p)" ™ x p*~ (1 - p)P~! (13.7)

Notice that the multiplicative constant % in equation (1.3.6) has been dropped. This is because it

does not involve p, and can hence also be relegated to the normalization constant when working with the
kernel of the posterior 7(p|y). Gathering the terms in (1.3.7), we obtain:

x(ply) o< p% (1= p)f~! (1.3.8)
with:
a=o+m B=B+n—m (1.3.9)

Looking at equation (1.3.8), we recognize the kernel of a Beta distribution with shape parameters & and J3.
Following, we conclude that the posterior distribution is Beta with shapes & and f3: 7t(p|y) ~ Beta(@., B).
Interestingly, the posterior distribution belongs to the same family as the prior: this is known as a conjugate
distribution.

definition 3.7: a prior and a posterior distribution are called conjugate distributions if they belong
to the same family of distribution.

Let us now consider a numerical example. Assume the coin is flipped n = 100 times, and yields heads
m = 63 times. The maximum likelihood estimate for p is thus p = m/n = 63/100 or 0.63.

Consider now the Bayesian estimate. We first need to set the values of o and 3 for the prior 7(p). The
choice must reflects our personal belief about the distribution, and will have a significant impact on the
posterior distribution. Figure 3.1 shows the Beta density functions for different values of « and 3.

Q= 1, ﬁ = 1 o = 5, ﬁ = 5
6 6
4 4
2t ] 2 /\
0 : : : : 0 : : : :
0 0.2 04 0.6 0.8 1 0 0.2 04 0.6 0.8 1
a=30, B=30 @=10, B=5
6 6
4 4
2 2
0 : : 0 : : :
0 0.2 04 0.6 0.8 1 0 0.2 04 0.6 0.8 1

Figure 3.1: Probability density function of the Beta distribution for different o and 3 values
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It can be seen that the distribution is symmetric around 0.5 for o« = 3, and skewed otherwise. Also, the
larger o and B, the tighter the distribution and the smaller the variance. So, what could be good values
of o and B? Things get really subjective here, but the following propositions are reasonable. First, coins
should be balanced on average, with the same chance to biased upward or downward. This implies a
symmetric distribution centered at 0.5, and thus a = 3. Also, a potential bias should be reasonably small.
Assuming for instance that the typical probability of success is comprised between 0.45 and 0.55 yields
a standard deviation of 0.05, and from property d.27 of the Beta distribution this is obtained by setting
o = B = 40. Given these choices for the prior, we can eventually calculate the posterior parameters:
a=a+m=40+63=103and B =B +n—m=40+100—63 =77.

The whole example is represented on Figure 3.2. The dashed line on the right is the likelihood function,
peaking at the maximum likelihood estimate p = 0.63. The left grey curve represents the prior distribution.
As implied by our choice for & and f3, it is symmetric around its mean of 0.5, and has a 0.05 standard
deviation. Finally, the black plain line in the middle reflects the posterior distribution. It appears as
a compromise between the prior and the likelihood, with a mean of approximately 0.57, somewhere
between the prior mean and the maximum likelihood estimate.
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Figure 3.2: Likelihood, prior and posterior for the coin flip example

3.3 A second example: modelling monthly car sales

Consider now the car sales example developed in chapter 1. A car retailer is interested in predicting the
monthly sales of a local outlet store to check how profitable the store is. To do so, a history of » month is
collected with the observed sales for each month.

We first set a statistical model for the experiment. Because the monthly sales are some integer between 0
and infinity, a simple choice is a Poisson model with an intensity of A. The parameter of interest is thus
0 = {1 }. Denoting by y; the sales of month i, the probability mass fonction for each month is given by:

Aig—r
fOild) = ?, (1.3.10)

Yi-

Consider first a frequentist estimate of 8. Following the procedure suggested in section 3.2, we first need
the likelihood function f(y|6). Using the individual densities (1.3.10) and definition 3.4, it can be shown
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(book 2, p. 3) that the likelihood function obtains as:

ALY p—nh
FOIA) = —=—7— (1.3.11)
i=1Yi:
Applying definition 3.5 and taking the log of the likelihood function (1.3.11), a maximum likelihood
estimate of A obtains from:

A = argmax < y,-) log(A) —nA — Zlog(yi!) (1.3.12)
A i=1 i=1

The maximum is found by setting the derivative with respect to A to 0 and solving for A (book 2, p. 3):

n

i:%Zy,- (1.3.13)

=1
The maximum likelihood estimate A is thus simply the empirical mean over the sample of observations.

Consider now a Bayesian estimate of A. The likelihood function f(y|A) is already known (equation
(1.3.11)). We then need a prior distribution (1) for A. Since A represents both the mean and variance
of the Poisson distribution, we need a prior that produces positive values. The Gamma distribution then
represents a good candidate. Its density is given by:

n(A) = 11“)(_:) A9 A (1.3.14)

a and b are the shape and scale hyperparameters of the Gamma distribution whose values will be discussed
shortly. For now, we apply Bayes rule 3.3 to the likelihood function (1.3.11) and the prior distribution
(1.3.14) to obtain:

T(Aly) oc ALY g7h 5 pa=l =R/ (1.3.15)

Again, all the multiplicative terms not involving A have been relegated to the normalization constants.
Rearranging yields (book 2, p. 4):

T(Aly) o< A9~ e/ (1.3.16)
with:

_ " _ b

a:a—i—Zyi b:an (1.3.17)

Looking at equation (1.3.16), we recognize the kernel of a Gamma distribution with shape a and scale b.
Following, we conclude that (A |y) ~ G(a,b). Again, we have here an example of a conjugate distribu-
tion.

Let us now consider a numerical example. Assume the retailer has an history of 5 years of monthly sales
for the store, i.e., a sample of 60 observations. The total sales over the sample is 505, for a sample mean
of 8.42. The maximum likelihood estimate for A is thus A = 8.42.

Consider now the Bayesian estimate. We first need to set the values of @ and b for the prior 7(A). Assume
the retailer knows from the data records of other stores in the district that the average monthly sales of cars
are 11.2, with a variance of 0.16. The prior belief is thus a Gamma distribution with a mean of 11.2 and a
variance of 0.16. From property d.20 of the Gamma distribution, this can be achieved by setting a = 784
and b = 0.0143. Given these choices for the prior, we can eventually calculate the posterior parameters:

a=a+Y"  yi="784+505=1289 and b = ﬁ = 0.0077, implying a posterior mean of 9.92.

The whole example is represented on Figure 3.3.
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Figure 3.3: Likelihood, prior and posterior for the car sales example

The likelihood function is depicted by the left dashed line, peaking at the maximum likelihood estimate
of 8.42. The grey line on the right represents the Gamma prior with the constructed mean of 11.2 and
standard deviation of 0.4. In the middle, the black line shows the Gamma posterior with a mean of 9.92.
Even though the car retailer had a prior opinion of an average 11.2 sales a month, the empirical evidence
suggested a smaller value of 8.42. The final belief accounts for both sources of information and lies
somewhere in-between, at an average of 9.92.

3.4 A third example: predicting a stock return

Consider finally the third example introduced in chapter 1. An investor wants to predict the return of a
given stock traded on the NYSE. To do so, a sample of n past annual return values is collected for the

stock.

We first set a statistical model for the experiment. Because returns can take any positive or negative
values, a normal distribution constitutes a good candidate. This distribution is characterized by a mean
parameter U and a variance parameter ¢, which respectively represent the average return and the volatility
of the stock. For now we keep things simple and assume that the stock volatility ¢ is known. The only
parameter remaining to estimate for the investor is thus the average return y, so that 6 = {u}. Denoting
by y; the stock return on year i, the probability density function for each return is given by:

filn) = 2ro) " exp (—;W) (13.18)

Consider first a frequentist estimate of 6. Following the procedure suggested in section 3.2, we first set
the likelihood function f(y|6). Using the individual densities (1.3.18) and definition 3.4, it can be shown
(book 2, p. 4) that the likelihood function obtains as:

n L 2
fOlu) = (2mo) 2 exp (—;ZW) (1.3.19)

i=1

Applying definition 3.5 and taking the log of the likelihood function (1.3.19), a maximum likelihood
estimate of u obtains from:
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L =argmax —n/2log(2mo) — Z (1.3.20)
H 1:1

The maximum is found by setting the derivative with respect to u to 0 and solving for u (book 2, p. 4):

i (1.3.21)

A

0=

1
I’l
The maximum likelihood estimate fi is thus simply the empirical mean over the sample of observations.

Consider now a Bayesian estimate of p. The likelihood function f(y|4) is already known (equation
(1.3.19)). We then set a prior distribution () for u. Since u represents the average stock return, it can
take any real value. The normal distribution thus represents a good candidate, with a density given by:

1 _ 2

(1) = 2mv)~Vexp <—2(“m)> (13.22)
v

m and v are hyperparameters respectively representing the mean and variance of the prior distribution.

Next, we apply Bayes rule 3.3 to the likelihood function (1.3.19) and the prior distribution (1.3.22). This

yields:

n L 2 —m 2
m(uly) o< exp (—; Z (ylou)> X exp <—;(“)) (1.3.23)

1%

Again, any multiplicative term not involving u has been relegated to the normalization constants.
Intuitively, because (1.3.23) involves two normal distributions, the posterior should be normal as well.
The difficulty consists in turning the pair of normal densities into a single one, and the methodology to do
so is known as completing the squares.

definition 3.8: completing the squares is the methodology combining a normal likelihood function
f(y|0) with a normal prior 7(6) to obtain a normal posterior 7(6|y).

Completing the squares is used again and again throughout the book, so it is useful to detail it step by
step. First start from (1.3.23), develop the quadratic forms and group the terms to obtain (book 2, p. 5):

m(uly) o< ex —1- S (LR lzn“ -+ +li2+—2 (1.3.24)
1y e Ll i Hlgkuty | oL 3.

To complete the squares, we then add terms in (1.3.24) to make it factorable into a single quadratic form.

1 s(n 1 V1 m &, m? m? w?
o ! o) i 2y ety 8 1.3.25
(k) exp( 5 K <G+V) uv<6i21y+v>+oi21yl+ St (1.3.25)

We have multiplied the second term by 7/7, and added and subtracted the quadratic term /% /9. Clearly,
(1.3.24) and (1.3.25) are equal, whatever the definition we choose for m and v. The trick however consists
in finding the right definition to permit factorization. The values we want are:

n 1\ 1 & m
s (22 n=v|—¥Y y+— 1.3.2
v (G+v> m v(G;y+v> (1.3.26)

Substituting this back in (1.3.25) eventually yields:

—2

1| p? 7 m?
m(ly) o< exp (—2 [i—2um++ Zy, +—_D (1.3.27)

v
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Now we can factor the first three terms into a single quadratic form that will be the kernel of the posterior,
and set the final three terms as a separate multiplicative constant:

1 (u—m)? 11, m? P
m(ly) o< exp <_2v) exp (—2 [G Y vi+ s (1.3.28)

i=1

Noting finally that the second multiplicative term does not involve U, it can be relegated to the normaliza-
tion constant to yield:

=2

7(ply) o< exp (—i““””) (13.29)
v

We eventually recognize in (1.3.29) the kernel of a normal distribution, and conclude that the posterior

distribution of u is normal with mean m and variance v: w(u|y) ~ N(m,v). We have succesfully applied

the completing the squares methodology, constituted of equations (1.3.23) - (1.3.29). Also, we note that

we face again a case of conjugate distributions since both the prior and the posterior are normal.

Let us now consider a numerical example. Assume the investor has a history of 20 years of yearly returns
on the stock, i.e., a sample of n = 20 observations. The mean annual return over the sample sample
mean is $18.2, with a known variance of ¢ = 5.2. The maximum likelihood for the average return is thus
a=18.2.

Consider now the Bayesian estimate. We first set the values of m and v for the prior 7(¢). Assume the
investor has made his calculations about the future profits of the company and expects an average annual
return of $12.7 with a variance of 0.4. The prior belief is thus m = 12.7 and v = 0.4. It is then possible to
calculate the posterior parameters using equation (1.3.28), yielding m = 16.03 and v = 0.16.

The whole example is represented on Figure 3.4.
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Figure 3.4: Likelihood, prior and posterior for the stock return example

The likelihood function is depicted by the right dashed line, peaking at the maximum likelihood estimate
of 18.2. The grey line on the left represents the normal prior with a mean of 12.7 and a variance of 0.4.
In the middle, the black line shows the normal posterior with a mean of 16.03. The investor had a prior
opinion of an average stock return of $12.7. Yet, empirical evidence suggested a much better performance
of $18.2. The final posterior belief represents a compromise, with an updated average return of $16.03.
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CHAPTER 4

Further aspects of Bayesian priors and
posteriors

Chapter 3 introduced the fundamentals of Bayesian analysis with three simple examples. In this chapter
we develop a number of additional aspects of Bayesian models that arise in practical applications.

4.1 Multivariate priors

Most practical Bayesian applications involve several parameters, so that 6 = {0;,---,6,}. In this case,
Bayes rule is still given by definition 3.3 as 7(0|y) < f(y|6)7(0), but the prior £(0) = (6y,---,6,) and
the posterior 7(6|y) = 7(6y,--- ,6,|y) now denote joint densities.

To define a joint prior, one simply assumes independence between the different parameters 6, --- , 6, so

that from definition 2.13, the joint prior is the product of the individual priors.

definition 4.1: let 6 = {6, -- , 6, } be the model parameters; the joint prior distribution is obtained
by assuming independence between the parameters, so that:
(61, --,6,) =7(6)) --- w(6,)

To illustrate this, consider again the stock return example developed in chapter 3:

example 4.1: an investor wants to predict the return on a given stock. The statistical model for the stock
return is a normal distribution with mean y and variance 6. We now assume that both y and o are
unknown, hence the parameters of interest to estimate are 6 = {t, 0 }.

Following definition 3.3, Bayes rule for the model is 7(u, oly) o< f(y|it,0)m(1,0). Given definition 4.1
we assume independence between p and o so that ©(u,o|y) «< f(y|u,0)n(u)n(0o).

The likelihood f(y|it, o) and the prior (1) are already known and given by (1.3.19) and (1.3.22). Be-
cause O represents a variance term, it takes only positive values. The inverse Gamma distribution is then
a good choice and we set 7(0) ~ IG(a /2,6 /2), where a and 6 respectively denote the shape and scale
hyperparameters of the distribution'. The prior density is then:

_8/2%7 o
= F(a/2)6 exp (—26> (1.4.1)

(o)

Applying Bayes rule n(u,o|y) < f(y|u,0)n(u)n(o) and relegating to the normalization constant any
term not involving u or o, we eventually obtain the kernel of the joint posterior as:

IThe inverse Gamma is here preferred over the Gamma distribution. This is because the inverse Gamma is conjugate with the
normal likelihood, while the Gamma is not and hence does not yield tractable posteriors. The division of the hyperparameters
o and 6 by 2 is also for conjugacy with the normal likelihood.

27
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(e 1%

n TRV )2
(W, oly) o< o "2 exp (—; Z M) X exp <_;(,um)) x o~/ 1 exp <—2(Z> (1.4.2)
i=1

What to do with this joint posterior will be the subject of section 4.3.

4.2 Hierarchical priors

We have seen in definition 3.6 that prior distributions are defined by parameters called hyperparameters.
Most of the time, these hyperparameters are constants exogenously supplied by the statistician. Sometimes
however we want to add one level to the model by assuming that the hyperparameters themselves are
random variables which are assigned a prior distribution and integrated in the estimation process.

definition 4.2: let 0 be a parameter whose prior distribution is conditional on some hyperparameter
A; a hierarchical prior is a prior which considers A as a random variable and assigns it a prior
distribution (A), known as a hyperprior.

Because the hyperparameter A is treated as a random variable, the prior w(6) becomes a joint prior
7(6,14). From definition 2.12, this joint prior can then rewrite as w(6,4) = n(6,4)/w(A) X T(A) =
w(6|A)m(A). In other words, the hierarchical prior is expressed as a product of the conditional prior
7(6|A) with the hyperprior (A).

To illustrate this, consider again the stock return example.

example 4.1 (continued): we still model the stock return as a normal distribution with mean u and vari-
ance 0. However, we set a hierarchical prior for u by assuming that its prior variance depends on the
stock volatility parameter o. Precisely, we set (i|o) ~ N(m,v0o), so that:

IRV
n(ulo) = (2mve) 2 exp <—;(“v:)> (1.4.3)

This prior is similar to (1.3.22) except that the variance is now also proportional to ©.

The two parameters of the model are 6 = {u, 6}, and Bayes rule is w(u, cly) o< f(y|u,0)n(1, o). Given
the hierarchical prior, we rewrite 7n(u,0) = n(u|o)n(c) and Bayes rule becomes
w(u,oly) < f(y|u,o0)n(u|o)n(c). The likelihood f(y|u,o) and the hyperprior m(c) are given by
(1.3.19) and (1.4.1). Combining with the prior m(u|o) given by (1.4.3) and relegating to the
normalization constant any term not involving  or o, the kernel of the posterior then obtains as:

n L 2 _ 2
7T(‘LL,G’y> o G—n/2 exp (; Z(ylcu)> X 6—1/26Xp (;(,LLWZ)) % G—(X/Z—lexp ( 0 )

v 20
(1.4.4)

4.3 Marginal posteriors

Most Bayesian models involve several parameters 0y, --- , 6,. In this case, Bayes rule yields a joint poste-
rior distribution 7w (6, -, 6,|y). As such, the joint posterior is not interpretable. We thus want to derive
the marginal posterior distributions 7(6|y),---,7(6,|y) for each individual parameter. This is done by
marginalizing the joint posterior, as provided by definition 2.11.
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definition 4.3:let 7(6;,---,6,|y) be a joint distribution; the marginal posterior distributions
m(6ly), -+ ,m(6,]y) obtain by integrating out the remaining parameters, so that:

m(O) = [ 7(61, - 0,l)d6

Marginalization with definition 4.3 may or may not be possible, depending on the form of the posterior
distribution. To see this, consider again the stock return example.

example 4.1 (continued): sections 4.1 and 4.2 both provide a joint posterior 7(u, c|y) for the stock return
example. Start with the hierarchical prior of section 4.2, which results in the posterior (1.4.4). It is possible
to marginalize this posterior, though some work is required. First develop, group the terms and complete
the squares to obtain:

~ 1 (u—m)? o 5
o 172 _ L a/2-1 _ =
n(u,oly) <o exp( 5" o7 X O exp | —5 (1.4.5)
with:
p=(n42 B =7 Z 4+ a=a+n S—6+i 2+m—2—m—2 (1.4.6)
- v - i:Iyl v - - izlyi vV -

This reformulation makes it easier to marginalize for u and 0. We can see that (1.4.5) is a product of
two kernels: the kernel of a normal distribution with mean m and variance v, and the kernel of an inverse
Gamma distribution with shape & /2 and scale §/2.

We then obtain the marginal posterior distributions 7(c|y) and 7(|y) from direct application of definition
4.3. Calculations are easy for o: since p only appears in the first density as the kernel of a normal
distribution, integration yields a constant, leaving only the second kernel:

ap- Ay | (=)’
w(ob) = [ alobidu = o e <_26)/G V2 exp <‘z<”””)) dp

oV
< 0~ %> exp _s (1.4.7)
20

We recognize the kernel of an inverse Gamma distribution with shape /2 and scale 8/2:
n(oly) ~1G(a/2,68/2).

The calculations are trickier for (. As ¢ appears in all the terms of (1.4.5), we group them and integrate:

] oo
m(uly) 2/71'([.1,6|y)d6 o /6‘(5‘“)/2‘1 exp <—5+(“26m)/v> do (1.4.8)

Now, here is the trick: we recognize in (1.4.8) the kernel of an inverse Gamma distribution with shape
(@ +1)/2 and scale (8 + (1 —m)?/¥) / 2. Now, from definition 2.8 of the probability density function and
definition 3.2 of the kernel, one obtains [ f(x)dx = a [ g(x)dx =1 so that [ g(x)dx = 1/a. In other words,
integrating the kernel yields the reciprocal of the normalization constant of the distribution. Applied to
the inverse Gamma kernel (1.4.8), this yields:

a+l

a+1\ (S+u—m?/v\ *
n(uyy)cxr< . )( (“2 Y/ > (1.4.9)
After some manipulations, it can be shown (book 2, p. 8) that this reformulates as :
o2~
u—m
= (1455 (1.410)
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This is the kernel of a Student distribution with location 7, scale 87/ and degrees of freedom &
n(uly) ~T(m,6v/a, ).

We now continue the numerical example introduced in section 3.4. We keep the same values as before
except for the prior variance on u that is reduced to v = 0.1 to compensate for the additional uncertainty
implied by the proportionality with ¢ in &(i|c) ~ N(m,vo). Also, we need to define the hyperparameters
o and 6 for the prior (o) defined in (1.4.1). Because the data suggests a variance around 5, we set an
inverse Gamma distribution with a mean of 5 and a variance of 1. From property d.24 of the inverse
Gamma distribution, this is obtained by setting & = 54 and 6 = 260. We then obtain the posterior values
i = 16.36, v = 0.033, & = 74 and § = 560.47. The implied marginal posterior distributions along with
the priors” are depicted in Figure 4.1:
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(a) Prior and marginal posterior for y (b) Prior and marginal posterior for o

Figure 4.1: Marginal posterior distributions for it and ¢

The Student marginal posterior for u peaks at its average of 16.36, far from the prior distribution and
its mean of 12.7, showing that much of the data evidence has been taken into account to update the prior
belief. Similarly, the inverse Gamma marginal posterior for ¢ implies a mean of 7.78, implying a volatility
larger than the prior belief of 5.

What if we now try to marginalize the joint posterior distribution (1.4.2) resulting from independent priors
for u and o7 It turns out that in this case marginalization using definition 4.3 is not possible. The terms
involving tt and o are too interwoven to calculate the integrals. In this case one must rely on simulation
methods, which will be the object of part II of the book.

4.4 Point estimates

The posterior distribution 7(0|y) summarizes all the available information about 6. It thus constitutes the
basis of any inference procedure. Suppose we want to obtain a single-value estimate of 8, based on the
posterior distribution. The idea is to set a loss function L(é, 0) which measures the loss incurred if the
estimate is é, but the true value is 6.

definition 4.4: let 7(60|y) denote the posterior distribution of some parameter 8; the point estimate of
6, called the Bayes estimator and denoted by 6 is the value that minimizes the expectation of some
loss function:
6 = argmin E[L(0,0)] = argmin /L(é,G)TL'(9|y)d9

0 6

2 Using o = 1 for the hierarchical prior (i|c) of p.
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Several different loss functions are possible. Classical choices are the quadratic loss function
L(6,0) = (6 — 0)?, the absolute-value loss function L(6,0) = |@ — 6|, and the 0-1 loss function
L(6,0)=1(|6 — 6| > c), with 1(.) the indicator function and ¢ some positive constant.

Consider for instance the quadratic loss function. From definition 4.4, the Bayes estimator obtains from:

é:myMn/@—ﬂfnwwme (1.4.11)
]

The minimum is found by calculating the derivative of the function and setting it equal to zero, which
yields:

2/@—emwwmezo (1.4.12)
Solving finally for 6 (book 2, p. 8), the Bayes estimator is given by:

é:/exwume (1.4.13)

From (1.4.13) we conclude that § = E(6]y): the Bayes estimator under the quadratic loss function is
simply the mean of the posterior distribution 7(6|y). Alternative loss functions yield different point
estimators, typically corresponding to some measure of central tendency. The absolute-value loss function
for instance yields the median as the Bayes estimator, while the 0-1 loss function results in the mode
when ¢ — 0. In practical applications the median is often prefered over the mean and the mode due to its
robustness to extreme values.

example 4.1 (continued): consider point estimates for the parameters (t and ¢ in the stock return exam-
ple, using the marginal posteriors developed in section 4.3. We retain the median as a point estimate. For
u, the marginal posterior is 7w(i|y) ~ T (i, 8v/@, &). Since the mean and the median coincide for the
Student distribution, we have fi = m = 16.36. For o, the marginal posterior is 7(c|y) ~ IG(&/2,6/2).
Using the 0.5 quantile of the inverse Gamma distribution yields the point estimate & = 7.64.

4.5 Credibility intervals

Another important concept in inference is that of estimation interval. The Bayesian intervals are known
as credibility intervals and represent the counterparts of the frequentist confidence intervals.

definition 4.5: let 6 be some parameter; a credibility interval of level « is an interval of the form:
P(6L§6§0U|y):1—a
where 0y and Oy respectively denote the lower and upper bounds of the interval.

In other words, the Bayesian credibility interval is an interval that contains (1 — &)% of the posterior
distribution of 6. Even though the credibility and confidence intervals may look similar, they differ
fundamentally in conception. First, a confidence interval only integrates information from the data, while
a Bayesian credibility interval also integrates the prior information. Second, and most importantly, the
two methods consider the parameter 0 differently. The frequentist approach treats 0 as fixed and the
confidence interval as random, hoping it contains the true parameter value with a probability (1 — a)%.
By constrast, the Bayesian credibility interval treats the interval boundaries as fixed and the parameter 0 as
random, the credibility region only delimiting a range that contains (1 — @)% of the posterior distribution

n(6]y).
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In general, many different credibility intervals are possible for a given level o.. One possibility consists in
using the shortest possible interval, known as the highest posterior density interval. Finding this shortest
interval may however prove computationally demanding. Often a simpler solution consists in building an
equal-tail interval, that is, an interval that defines 6y, as the a/2 quantile and 6y as the 1 — ¢¢/2 quantile
of the posterior distribution 7(6|y). This choice is appealing when one uses the median (the 0.5 quantile)
as a point estimate, for then it guarantees that the point estimate lies within the credibility interval.

example 4.1 (continued): we want to estimate credibility intervals for the parameters ¢t and ¢ in the stock
return example, using the marginal posteriors developed in section 4.3. We use equal-tail intervals and set
a = 0.05 to obtain 95% credibility intervals. For u, the marginal posterior is w(u|y) ~ T (, 87/ &, &).
We use the quantiles of the Student distribution to obtain y; = 15.25 and iy = 17.48. For o, the marginal
posterior is (o |y) ~ IG(@ /2,8 /2). Using the quantiles of the inverse Gamma, we obtain o; = 5.62 and
oy = 10.76.

The marginal posterior distributions along with their point estimates and credibility intervals are depicted
in Figure 4.2:
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Figure 4.2: Point estimates and credibility intervals for u and o

4.6 The marginal likelihood

Often, we are interested in evaluating the overall goodness of fit of our model to the data. In this respect,
the marginal likelihood f(y) plays an important role in Bayesian analysis. Recall from definition 3.1 that
the marginal likelihood represents the unconditional data density. In other words it provides a measure of
the data likelihood regardless of the value of 6, and thus an assesment of the model in general.

The marginal likelihood f(y) should not be confused with the likelihood function f(y|@). There
exists in fact a tight relation between the two concepts. From definitions 2.11 and 2.12, it follows that
7o) = /f(y,e)de — /f(y,@)/n(@) « 1(6)d6 = /f(y|9)7r(6)d(—). In other words, the marginal
likelihood represents the expectation of the likelihood function f(y|0) over the prior distribution 7(6),
that is, the average fit of the data over the prior belief.

definition 4.6: let f(y|0) and 7(6) respectively denote the likelihood function and the prior distribu-
tion for some parameter 6. The marginal likelihood , denoted by f(y), is given by:

1) = [ £il0)n(6)ds
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Unlike Bayes rule where it is possible to work with kernels only, the marginal likelihood requires the
inclusion of the normalization constants. Calculating the marginal likelihood can be tricky and sometimes
impossible, but for simple models it can be obtained from direct application of definition 4.6.

example 4.1 (continued): we want to calculate the marginal likelihood for the stock return example, using
the hierarchical prior developed in section 4.2. Applying definition 4.6, we obtain:

v = [ [ 16l.0) 7(ulo) 7(0) dudo (1.4.14)

Using (1.3.19), (1.4.3) and (1.4.1), the expression becomes:

) [ [ror o exp (; o )

]

/2
><(27tv0')_1/2exp< 2( m’" >>< 5(/5/2) o % lexp<—266>d,udd (1.4.15)

Note that unlike the posterior distribution, the marginal likelihood requires inclusion of the normalization
constants. After some rearrangement and completing the squares, the expression becomes (book 2, p. 9):

o/2 ~
oy = 1oy O T

2 o/2 _ S
-1/2 (ﬂ ) 5/2 G- 0/2-1 _
// (2mvo) exp( > X (a/z) exp o dudo (1.4.16)

i, 7,0 and § are defined as in (1.4.6). The expression may look messy, but the terms in the integral
respectively represent the density function of a normal distribution and an inverse Gamma distribution.
Therefore they both integrate to unity, only leaving the simple expression:

12 8% I(a/2)

— /2 -
fO) =7 ()12 < T(a/2) (1.4.17)

It is customary to reformulate the marginal likelihood in base 10 logarithm as m(y) = log,,(f(y)). Let us
now calculate the marginal likelihood for the stock return example. Given (1.4.17) and the values used in
section 4.3, we obtain m(y) = —26.07. There is no direct interpretation for this value, but in the incoming
section we will see how the marginal likelihood can be used to run model comparison and hypothesis
testing.

4.7 Hypothesis testing and model comparison

In statistics, we are often interested in evaluating two competing hypotheses in light of the data, and
then take a decision about which to accept. In a Bayesian context, hypothesis testing is straightforward.
Given two competing hypotheses and some observed data, we first specify separate prior distributions to
quantitatively describe each hypothesis. Combining the likelihood function for the data with each of the
prior distributions, we obtain hypothesis-specific models. The overall goodness of fit of the model with the
data under each hypothesis is then established from the marginal likelihood. Bayesian hypothesis testing
thus amounts to finding the model best supported by the data through the marginal likelihood criterion.



34 CHAPTER 4. FURTHER ASPECTS OF BAYESIAN PRIORS AND POSTERIORS

It is worth noting that the procedure is general and is not restricted to hypothesis testing. It can be used for
model comparison in general, even if the models are characterized by different parameters, priors, vari-
ables, and so on. Concretly, assume we want to compare two models M| and M5, possibly corresponding
to two competing hypotheses. For i = 1,2, we want to establish the probability that M; is the correct
model, given the data. This is obtained from the conditional probability P(M;|y). Applying Bayes rule
3.1, it can be expressed as:

fO[M;) P(M;)
)

f(y|M;) is the likelihood function under model M;, and P(M;) represents the prior belief that model M; is
indeed the correct model. f(y) is the overall marginal likelihood, that is, the data density regardless of the
model chosen. After basic manipulations, equation (1.4.18) reformulates as (book 2, p. 10):

PM;:) fi(y)
fy)
The numerator is constituted of two terms. The first term is the prior belief P(M;) that model M; is the

correct one. The second term f;(y) can be recognised from definition 4.6 as the marginal likelihood for
model M;. To compare the two models, we simply take the ratio of the posterior probabilities.

P(Mily) = (1.4.18)

P(Ml) = £ = [ 16160 7(6111)d8, (1.419)

definition 4.7: the posterior odds between models M; and M, is given by:

_P(Mily) _ P(Mi) fi(y)
P(Maly)  P(M2) fa(y)
Ho)

The ratio ié%ﬁ is known as the prior odds, while the ratio 70) is the Bayes factor.

K

We see that model comparison reduces to a simple formula. First, it takes into account the prior odds,
which reflects our prior belief about which model M; is correct. In practice, the uninformative choice
P(M,) =P(M,) = 0.5 is often made, in which case the posterior odds reduces to the Bayes factor. A larger
value of the Bayes factor then indicates the the data is more supportive of model M, while values close
to 1 indicate that both models are supported equally well. To decide on whether evidence is conclusive,
Jeffreys (1961) propose to consider the value log,,(K) = m;(y) — ma(y), with m;(y) = log,,(fi(y)). He
provides the following guidelines:

log;o(K) evidence strength

log;o(K) < 0 negative evidence (supports M)
0 < log;p(K) < 1/2 weak evidence for M

1/2 < log;o(K) < 1 substantial evidence for M,

1 < log,o(K) < 3/2 strong evidence for M;

3/2 < logp(K) < 2 very strong evidence for M|
log;o(K) >2 decisive support for M,

Table 4.1: Jeffrey’s Guidelines

example 4.1 (continued): assume the investor has the same prior belief as in section 4.3: an average
annual return of $12.7 with a variance of 0.1. He might change his investment strategy if the return proves
significantly higher, at a level of $15 with a variance of 0.1. We thus test the two competing hypotheses
by comparing the model M| with m = 15 and v = 0.1 and the model M, with m = 12.7 and v =0.1. Using
the uninformative choice P(M;) = P(M,) = 0.5, the test reduces to the Bayes factor. Using (1.4.17),
we obtain m (y) = —22.28 and my(y) = —26.07 so the test value is log,,(K) = 3.78. There is decisive
support for M; and the investor decides to change his investment strategy.
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4.8 Predictions

Given a statistical model, predicting new data values often represents a central concern. Concretely, for a
given sample of data observations y, we want to predict some new unobserved data value J.
Because the context is Bayesian, this should translate into some conditional density f(J]y). Also, the
prediction should take into account the underlying uncertainty about 6. This motivates the following
formula:

oy SOy [ f0,y.6) f09,5,6) £(»,0) .

f) =1 = | as - | a6 = [ £(5ly.0)x(61y)do (1.4.20)
o) fO) f6) fOv)

where use has been made of definitions 2.11 and 2.12. We can see that the conditional density takes a

convenient form. It represents the expectation of the density function f($|y, 6) for the unobserved data j

over the posterior distribution 7(6y).

definition 4.8: let y be some new unobserved data value; the posterior predictive distribution f(7|y)
is given by:

1619) = [ £6513.6) 2(61y) a8

where f(J]y, 0) denotes the likelihood function for the predicted value ¥.

Forming a prediction then reduces to a basic application of definition 4.8. This yields a full posterior
predictive distribution from which point estimates and credibility intervals can be obtained directly, using
the methods developed in sections 4.4 and 4.5.

example 4.1 (continued): the investor now wants to predict the market return of the stock, using the
hierarchical model developed in section 4.2. The prediction will integrate both the uncertainty about the
average return { and its volatility o. From definition 4.8, the posterior predictive distribution obtains
from:

760) = [ [ 16l 0)m(u oly)dudo (1421)
Given equation (1.3.18), the likelihood function f(§|y, i, o) for the predicted value ¥ is given by:

1($— 2
fGlyu,0) = (2m0) "/ exp (_2(ycu)> (1.4.22)

Combining with the posterior (i, c|y) given by (1.4.4) and relegating to the normalization constant any
term not involving §, it or ¢ yields:

N 1 (u—m)? Ca/r 0
1/2 L a/2-1 _
X o~/ exp < 5 e X o exp(—55 dudo (1.4.23)

This is not a pretty formula, but after some manipulations (book 2, p. 10) it can be expressed as:

1 (y\_n—,l)Z >(6€+1)/2

= = . (1.4.24)
a §(1+7)/a

st = (1+

where m, v, & and 5 are defined as in (1.4.6). This is recognised as the kern_el of a Student distribution
with location r, scale & (1+ V) /& and degrees of freedom &: f(|y) ~ T (m,5(1+7V)/@,&).



36 CHAPTER 4. FURTHER ASPECTS OF BAYESIAN PRIORS AND POSTERIORS

Using the numerical values obtained in section 4.3, we obtain a posterior predictive density with location
i = 16.36, scale 8(1 +v)/& = 9.46 and degrees of freedom & = 47. This yields a median point estimate
of 16.36, and a 95% credibility interval of §; = 10.18 and $y = 22.56. The distribution, along with its
point estimate and credibility interval is depicted in Figure 4.3:
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Figure 4.3: Posterior predictive distribution for the stock return example

From the distribution, the investor predicts a return comprised with 95% probability between 10.18 and
22.56, with a median forecast at 16.36.



CHAPTER 5

Properties of Bayesian estimates

This final introductory chapter focuses on the properties of posterior distributions. It provides further
insights on their behaviours, and considers specifically the impact of the sample size and the specification
of the prior distribution.

5.1 Posterior distribution as a compromise between prior and likelihood

The posterior distribution involves the combination of the prior distribution with the likelihood function.
It is therefore natural to expect that since it contains the information from both sources, it will appear as
a compromise between them. This is in fact true, and contitutes a general feature of Bayesian inference.
The three applied examples developed in chapter 3 made this point apparent, especially when looking at
Figures 3.2, 3.3 and 3.4 which all show the posterior between the prior and the likelihood function. We
now make this point formal by looking at the example algebra.

example 5.1: consider again the coin flip example developed in section 3.2. The posterior distribution is
n(ply) ~ Beta(a, ), with @ = o +m and B = B +n —m. Denoting the posterior mean by E(p|y), the
prior mean by E(p) and the maximum likelihood estimate by p, it can be shown that (book 2, p. 15):

o+

E(ply) =y E(p)+(1-7) p with
In other words, the posterior mean is a weighted average between the prior mean and the maximum
likelihood estimate, the weight being defined by the hyperparameters ¢ and 8 and the sample size n.

example 5.2: consider again the car sale example developed in section 3.3. The posterior distribution is

n(Aly) ~ G(a,b), witha=a+Y" ,y;and b = bnbﬁ' It can then be shown that (book 2, p. 15):

A . 1
EAly) =y EQA)+(1-7) A with y:bn—i—l

(1.5.2)

The posterior mean is a weighted average between the prior mean and the maximum likelihood estimate,
the weight being defined by the hyperparameter b and the sample size n.

example 5.3: consider again the stock return example developed in section 3.4, assuming that u is the
only parameter to estimate. The posterior distribution is 7(i|y) ~ N(m,¥), with 7= (£ + %)71 and
m=v (é Yyi+ %) It can then be shown that (book 2, p. 16):

o

E(uly) =y E(u)+(1-7) 4 with 1=t (1.5.3)

The posterior mean is a weighted average between the prior mean and the maximum likelihood estimate,
the weight being defined by the variance o, the hyperparameter v and the sample size n.
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These results are summarised in Table 5.1, along with the posterior variances of the parameters.

Example parameter prior mean MLE posterior mean weight y posterior variance
car sales A ab ;lil)’i YE(A)+(1-7)A bnil (az;)n::rll}))l)
stock return u m ig{yi YE(u)+ (1 —7y)f an_o_ #‘;}_/V

Table 5.1: Posteriors as weigthed average of prior mean and maximum likelihood estimate

In our three examples it was possible to represent the posterior mean E(6]y) as a weighted average

E(8]y) =y E(8) + (1 — ) 6 of the maximum likelihood estimate § and the prior mean E(6). Is it
always possible to do so? Diaconis and Ylvisaker (1979) show that the answer is yes for conjugate priors
belonging to the family of exponential distributions. This family comprises many common distributions
including the normal, Beta, and Gamma distributions.

For other priors, the posterior mean may possibly not be expressed in that form. Even in this case, the
posterior distribution remains a compromise between the prior information and the data, with its center
somewhere in-between. How much weight is attributed to each component then depends on the sample
size and the prior tightness, as developed in the incoming sections.

5.2 Large VS. small samples

We now consider the impact of the sample size on the posterior distribution. Intuitively, a large sample
means a large amount of data information relative to that contained in the prior. Following, we expect
the posterior to reflect more the likelihood function than the prior distribution. This is indeed correct, and
represents a fundamental feature of Bayesian estimates.

Consider the weight column of Table 5.1. It is easily seen that for all three examples the weight y
diminishes as n increases, pushing the posterior mean E(6|y) away from the prior mean E(6) and to-
wards the maximum likelihood estimate 6. In the limit case where n — oo, we have Y — 0 and the
posterior mean coincides with the maximum likelihood estimate. Conversely, when n — 0 we see that
Y — 1 and E(0]y) — E(0). This is because there is no data information at all so that all the weight goes
to the prior.

Interestingly enough, the sample size n also impacts the posterior variance. Looking at the final column of
Table 5.1, we see that as n increases the posterior variance diminishes for the three examples. As n — oo
the posterior variance tends to 0 and the posterior distribution collapses to a single mass point at the
maximum likelihood estimate 8. On the other hand, when n — 0 the posterior variance converges to the
prior variance. In fact, in this case, the posterior distribution as a whole converges to the prior distribution.
This is again due to the absence of data information which leaves only the prior to carry the estimation.
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These properties are illustrated in Figure 5.1 which plots the likelihood, prior and posterior for the stock
return example with sample size n = 1 on the left and n = 300 on the right.
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(a) Small sample (n = 1) (b) Large sample (n = 300)

Figure 5.1: Likelihood, prior and posterior with small and large samples

On the left panel (small sample) the posterior distribution matches the prior distribution almost perfectly.
The likelihood function is widely spread, reflecting imprecise information about the parameter. On the
right panel (large sample) the posterior gets much closer to the likelihood function, as the latter now
provides most of the available information on the parameter. It becomes also tighter, reflecting improved
accuracy through the larger number of observations.

To summarize:
When # is small:

= the likelihood function plays a negligible role, and most of the weight is given to the prior distribution.
= the posterior mean and variance converge to their prior counterparts.
= the posterior distribution is identical to the prior.

When n is large:

» the prior becomes marginal, and most of the weight goes to the likelihood function.

» the posterior mean converges to the maximum likelihood estimator.

= the posterior variance tends to 0, and the posterior as a whole becomes a degenerate distribution with a
mass point at the maximum likelihood estimator.

5.3 Informative VS. uninformative priors

The prior distribution reflects our subjective belief about the parameter 8. We may be confident in this
prior belief, in which case we want the prior distribution 7(6) to be granted much weight. On the contrary
we may have only vague knowledge about 8, in which case we want to put little weight to the prior and
leave most of the decision to the data, i.e. the likelihood function f(y|0).

definition 5.1: an uninformative prior or diffuse prior is a prior distribution 7(0) that reflects vague
or nonexistent knowledge about the parameter 6. The distribution contains no prior information and
leaves the burden of estimation entirely to the data.
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The informativeness of a prior distribution 7(0) is directly related to the prior variance Var(6). A tight
prior distribution means that we are very confident in our prior information, so that much weight is at-
tributed to the prior. In the limit case where Var(0) — 0, the posterior m(0|y) converges to the prior
7(0).

By contrast, a loose prior distribution implies vague or imprecise knowledge of 0 and translates into a
large prior variance. In this case, the data will represent the bulk of the information and the posterior will
attribute all the weight to the likelihood function. In the limit case where Var(6) — oo, the prior becomes
uninformative and the posterior distribution 7(6|y) converges to the likelihood function f(y|6).

An extreme way to generate uninformative priors is to use an improper prior, a prior that is not integrable
and exhibits infinite variance.

definition 5.2: an improper prior is a prior distribution 7(6) whose integral is infinity. By contrast,
a prior distribution whose integral is unity is called a proper prior.

For instance, to specify a prior distribution on some parameter 6 taking real values, we may use the im-
proper prior 7(6) o< 1. This defines a uniform distribution over the interval [—oo, +co]. The distribution
integrates to infinity and connot be normalised to one. Improper priors will typically yield proper posteri-
ors, which makes them appealing to reflect agnostic prior beliefs. However, they prevent the calculation
of the marginal likelihood which requires the normalization constants. In this respect, it is preferable to
specify a proper prior (even weakly informative) whenever possible.

To illustrate these properties, consider again the weight column of Table 5.1. For the coin flip example,
a diffuse Beta prior for p can be obtained by setting o — 0 and 8 — 0. In this case the weight ¥ tends
to 0 and all the weight get to the maximum likelihood estimate p. On the other hand, setting @ — oo and
B — oo results in a very tight prior and in this case it is easily seen that y tends to 1, attributing all the
weight to the prior distribution.

For the car sales example, a diffuse Gamma prior can be obtained by setting b — oo, in which case it is
easily seen that 7y tends to 0. Conversely, a tight prior obtains by setting b — 0, resulting in the weight y
tending to 1.

For the stock return example, the prior variance is just v. An uninformative prior can then be obtained by
setting v — oo, and then 7 tends to 0. Conversely, with v — 0 the prior gets informative and ¥ tends to 1,
putting all the weight on the prior.

These properties are illustrated in Figure 5.2 which plots the likelihood, prior and posterior for the stock
return example with prior variance v = 0.01 on the left and v = 5 on the right.
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Figure 5.2: Likelihood, prior and posterior with small and large prior variance
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On the left panel (small prior variance), the tight prior reflects a strong confidence in the prior belief.
Following, all the weight goes to the prior and the posterior distribution matches it almost perfectly. On
the right panel (large prior variance), the prior is seen to be widely spread, reflecting the lack of accurate
information. This pushes the posterior towards the likelihood function, the burden of estimation now
being exclusively on the data.

To summarize:
When Var(6) is small:

= the likelihood function plays a negligible role, and most of the weight is given to the prior distribution.
= the posterior mean and variance converge to their prior counterparts.
= the posterior distribution is identical to the prior.

When Var(0) is large:

» the prior becomes marginal, and most of the weight goes to the likelihood function.
» the posterior mean converges to the maximum likelihood estimator.
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PART 11

Simulation methods







CHAPTER 6

The Gibbs sampling algorithm

This chapter and the next one introduce the simulation methods that constitute the workhorse of modern
Bayesian econometrics. This chapter focuses on the Gibbs sampling algorithm, the simplest approach
whenever simulation methods are needed. Chapter 7 then discusses the Metropolis-Hastings algorithm, a
more general but also more computationally intensive alternative. The two chapters adopt a cookbook ap-
proach: the methods are introduced without developing the underlying mathematical theory. The algebra
behind the algorithms is introduced only in chapter 8, and the readers uninterested in mathematical details
may safely skip this part.

6.1 Gibbs sampling: motivation

Consider again the stock return example introduced in chapter 3: an investor wants to predict the return
of a given stock on the NYSE. The return is modelled as a normal distribution with mean pt and variance
o. Section 3.4 introduced the simplest version of the problem, assuming that only u was unknown. In
section 4.2 the problem was made more realistic by assuming that both (t and ¢ were unknown, and it
was solved using a hierarachical prior. However, the hierarchical prior is undesirable because it relies on
the strong assumption that the prior variance of y is proportional to ©.

Ideally, u and ¢ must be modelled as independent parameters, as was done in section 4.1. The priors for u
and o are respectively given by () ~ N(m,v) (equation (1.3.22)) and w(c) ~ IG(¢t/2,8/2) (equation
(1.4.1)). Combined with the likelihood function (1.3.19) and applying Bayes rule, the joint posterior is
given by equation (1.4.2), repeated here for convenience:

n L 2 - 2
(i, oly) =< 6" ?exp (—; Y Oi— 1) > X exp <_;(um)> x 6~ %> lexp (—266> (2.6.1)
i=1

(o3 1%

Following definition 4.3, we would like to obtain the marginal posteriors from 7(u|y,0) = [n(u,cly)do
and m(oly, 1) = [m(u,oy)du. However, as already stated at the end of section 4.3, it is not possible to
calculate these integrals as the g and o terms are too interwoven to permit marginalization.

This example shows the limits of traditional Bayesian methods: even though the model is simple and in-
volves only two parameters, it does not have closed forms solutions for its posterior distributions. Because
of such difficulties, Bayesian econometrics up to the 1970’s was essentially restricted to trivial conjugate
models with easily evaluable posteriors. In the 1980’s, as more sophisticated methods became avail-
able under the frequentist approach, interest in Bayesian methods gradually declined. This changed in
the 1990’s with the dramatic rise in computing power. Simulation methods that were unimaginable in the
1970’s became trivially accessible with modern computers. This eventually led to the developement of the
so-called Markov Chain Monte Carlo methods (often abbreviated as MCMC methods), and in particular
the Gibbs sampling algorithm.
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6.2 Gibbs sampling: the algorithm

Whenever analytical solutions are unavailable, it may still be possible to evaluate the marginal posteriors
numerically. By this we mean that it is possible to sample values from the marginal posterior distributions
even though their analytical form is unknown. By sampling sufficiently many values, one obtains an
empirical distribution that approximates the real distribution and can be used to obtain empirical point
estimates, credibility intervals, and so on.

The Gibbs sampling algorithm represents the simplest approach to simulation methods. It is available
whenever the conditional posteriors are known distributions from which it is possible to sample values.
Consider a model with n parameters 0 = {6,---,6,}, joint posterior distribution (0, --,6,|y), and
conditional posteriors 7(6;|y, 62, ,6y,), -+, T(O,]y,01---,0,_1) (we will see soon how to derive these
conditional posteriors). Assume the conditional posteriors are known distributions so that we can easily
sample values from them. The Gibbs sampling algorithm then consists in:

algorithm 6.1: Gibbs sampling algorithm

1. set any initial values 91(0) R ,9,&0) for the n parameters (these initial values are unimportant for the

rest of the algorithm).
2. at the first iteration, draw:
6\ from 7 (6, ly, 0", 6"
6" from 7(6s]y,6(",- -, 6\”)

6\" from 7T(6yly, 91(1), e ,9(1)1)

3. atiteration j, draw:
6\ from 7(61[y,0 .- .67 ")
6.") trom 7(6,]y, 01, --- 6"

6,”) from 7(6,y,6",---,0Y))

4. repeat until the desired number of iterations is realised.

The principle behind the algorithm is simple: draw sequentially the parameters 0y, - - - , 8, from their condi-
tional posteriors distributions 7(6; |y, 62, ,6y), -+, T(6,|y,0;---,6,_1), and repeat the process a large
number of times. After a certain number of iterations, the algorithm converges to the target distributions
which are the marginal posterior distributions 7(6;|y), ---, 7(6,]y).

In technical terms, we say that after a sufficient number of iterations known as the transient sample or
burn-in sample, the algorithm converges to the invariant distribution of the Markov Chain, which is
just the set of marginal posteriors (6;|y), ---, 7(6,|y). The order in which the parameters 6;,--- 6,
are drawn within each iteration is unimportant, which may sometimes prove convient. Note Also that the
existence of a transient sample implies that the initial draws are not sampled from the invariant distribution
and must then be discarded.
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These remarkable convergence properties constitute the core of modern numerical methods applied to
Bayesian analysis. Their only requirements are knowledge of the conditional posterior distributions for
the model, and sufficient computer speed to accomplish the steps. It now remains to discuss how the
conditional posteriors can be obtained. Using definition 2.12, and denoting by 6;..; the set of all parameters
except 0;, it follows directly that:

n(@j,y’ej#):”@79:'79/#): n(v,0) _7(»6) fO) _ =(6ly) o 7(81) 2.62)

n(y,04) w3 6iu) ) w(,6)  w(6kly)

The final step obtains by noting that the joint posterior 7(8;.;|y) does not involve 6; and can thus be
relegated to the normalization constant. What equation (2.6.2) shows is that the conditional posterior
(64|, 0;) is simply proportional to the joint posterior 7£(60|y).

definition 6.1: let 7(0|y) denote the joint posterior for 8 = {6, , 6, }. The conditional posterior
distribution 7(6;|y, 6;.;) for 6; obtains from:

7(6;]y, 0j4i) o< m(O[y)

In other words, to obtain 7(6;|y, 8;.;), one simply starts from the joint posterior 7(6|y) and relegate to
the normalization constant any term not involving 6;. If this yields a known distribution, one can use the
gibbs sampling algorithm to sample directly from 7(6;|y).

6.3 Gibbs sampling: an example

We now illustrate the use of the Gibbs sampling algorithm with the stock return example. Consider the
joint posterior (2.6.1). To use the Gibbs sampling algorithm, we need the conditional posteriors 7(i|y, o)
and 7(c|y, 1).

Consider the conditional posterior (it|y, o). Using definition 6.1, start from the joint posterior 7(i,c|y)
given by (2.6.1) and relegate to the normalization constant any term not involving (. Doing so yields:

n L 2 —m 2
(ply, o) o< exp (—; Y iz ) X exp (—;(” ) ) (2.6.3)
i=1

(9 %

This expression is similar to (1.3.23). Following the same approach and completing the squares eventually
yields:

N2
7(uly, &) o exp (—“"")) (264

with:

_ (n 1 -1 o 1 & m
V= <G+v> m="v (G;yi—i—v) (2.6.5)

This is the kernel of a normal distribution with mean /m and variance v: w(u|y, o) ~ N(m,7).

Consider then the conditional posterior (o |y, it). Start from the joint posterior (i, c|y) given by (2.6.1)
and relegate to the normalization constant any term not involving ¢ to obtain:

12 ;— 2
(o]y, 1) =< 62 exp (_2 (YG“)> x 6~ %/2 xp <_2(Z> 2.66)
i=1
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Rearranging the terms in (2.6.6) directly yields:

n(cly, 1) < 6~ %271 exp (—;;) (2.6.7)
with:
a=a+n §=56+Y (vi—n)? (2.6.8)

This is the kernel of an inverse Gamma distribution with shape & /2 and scale 8 /2: (o |y, i) ~IG(@/2,8/2).
From direct application of algorithm 6.1, the Gibbs sampler for the model obtains as:
algorithm 6.2: Gibbs sampling algorithm for the stock return model

1. set initial values u(¥ and 6(©). We use the sample estimates u(¥) = fi and 6 = 6.

2. atiteration j, draw:

ut) from zw(uly, cU=) ~ N(m,v) with:

_ n 1\ ! - 1 1 m
V:(cy(]_l)‘i‘v) m_v<g(1—1)§1y’+v>

3. atiteration j, draw:
o) from (o |y, u)) ~ IG(&/2,8/2) with:
(i —uV)?

a=0a+n 0=0+

-

i=1

4. repeat to obtain 1000 iterations as burn-in sample and 2000 additional iterations for simulated
values.

The resulting simulated values along with the associated empirical distributions are displayed in Figure
6.1. The left panels show the simulations obtained for the Gibbs sampler (after discarding the burn-in
fraction), while the right panels show the resulting empirical distributions. These empirical distributions
look close to the ones obtained analytically with the hierarchical prior (compare for instance with Figure
4.2).

Figure 6.1 also highlights the cost from using the Gibbs sampling approach: clearly, the empirical distribu-
tions are only approximate and don’t exhibit the same degree of accuracy as their analytical counterparts.
One reason for that here is the small number of simulations: with only 1000 burn-in iterations and 2000
sample iterations the distribution can only be rough. By increasing both values a more accurate distribu-
tion could be obtained, at the cost of increased computational time.

In general, there is no objective rule to determine how many burn-in and sample iterations should be used.
More burn-in iterations improve convergence towards the invariant distribution, and more sample itera-
tions produce a finer empirical distribution. On the other hand, depending on the model, the computational
cost may become prohibitive. For most simple econometrics models, 1000 burn-in and 2000 sample it-
erations is typically enough, but more complex models may require many more iterations to obtain a
reasonably fine empirical distribution, using dozens of thousands iterations as burn-in and sample.

Once the empirical distributions are obtained, they can be used for general purposes. For instance, we can
use the empirical median to obtain point estimates and the 0.025 and 0.975 quantiles to compute the lower
and upper bounds of a 95% credibility interval. Doing so, we find for ut a point estimate of 15.69 and a
95% credibility interval of [14.65,16.64]. For o, we obtain a point estimate of 6.65, and a 95% credibility
interval of [4.62,9.91].
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Figure 6.1: Gibbs sampling simulations and empirical distributions for ¢ and ¢

6.4 Posterior predictive distribution with Gibbs sampling

Recall from definition 4.8 that the posterior predictive distribution is given by:

fOly) = /f(ﬁly, 6) m(6]y) do (2.6.9)

Whenever one has to rely on simulation methods, this definition cannot be applied analytically because
the exact form of the posterior 7(0|y) is unknown. Fortunately, it is straigthforward to adapt the definition
to the simulation framework. Observing (2.6.9), we notice that the posterior predictive distribution writes
as the product of the posterior 7(6|y), and the likelihood f(§]y, 0) of future observations conditional on
data y and parameters 6.

This suggests a direct simulation method to obtain draws from f(J]y). Suppose one can generate random
draws for 6 from the posterior 7(6|y), and then use this 6 value to compute § from f($|y,0). This
produces a draw of § and 6 from f(J|y,0) m(0|y). Marginalizing, which simply implies to discard the 6

value then produces a draw from /f(yA|y7 0) m(6]y) do, i.e. from f(J|y).

It is trivially simple to generate draws from 7(6|y) because we can just recycle the values obtained from
the Gibbs sampling algorithm. This way, a full Gibbs sampling algorithm for the posterior predictive
distribution can be obtained as:
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algorithm 6.3: Gibbs sampling algorithm for the posterior predictive distribution
1. atiteration j, draw 91(1) from (6 y), 92(1') from 7(6:]y),---, and 6\ from 7(6,]y). Simply recycle
() W)

the values 6,", 6, --- ,G,Ej ) obtained from the j" iteration of the Gibbs sampling algorithm.
2. given 81), draw $1/) from f($y, 0\/)).
3. marginalize, that is, discard 8/) and keep only $(/).

4. repeat until the desired number of iterations is realised.

Running this algorithm, we obtain a sample of draws $(!), $(2)

distribution.

,- -+ which can be used to obtain an empirical

Consider for example the predictive distribution for the stock return example with Gibbs sampling. From
(1.4.22), the likelihood function f(J|y, 1, o) for the predicted value j is given by:

1($— 2
fGly.u,0) = (2m0) " 2exp (_2()’GH)> (2.6.10)

In other words, the conditional distribution is normal with mean u and variance o: f(§|y,u,0) ~N(u, o).
This gives the following algorithm:

algorithm 6.4: Gibbs sampling algorithm for the posterior predictive distribution, stock return
model

1. at iteration j, draw p/) from m(u|y) and 6'/) from m(c|y). Recycle the values u/) and o)
obtained from the j” iteration of the Gibbs sampling algorithm.

3. marginalize, that is, discard /) and o), and keep only $(/).

4. repeat until 2000 iterations are realised.

The simulated values and the associated empirical distributions are displayed in Figure 6.2.
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Figure 6.2: Gibbs sampling simulations and empirical distributions for §

The empirical predictions are quite close to those obtained analytically with the hierarchical prior (com-
pare with Figure 4.3). We can use the empirical distribution to obtain a point estimate of 15.81 and a 95%
prediction interval of [10.46,21.04].
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6.5 Marginal likelihood with Gibbs sampling

The marginal likelihood is normally calculated from definition 4.6 as f(y) = [ f(y|0)7(6)d6. However,
the use of simulation methods implies that this quantity cannot be calculated, because the integral has no
analytical solution. In this case, Chib (1995) proposes an alternative approach. First, rearranging Bayes
rule 3.1 we obtain the identity:

f) = W (2.6.11)

The numerator in (2.6.11) is known, since it is the product of the likelihood function f(y|6) with the prior
m(6|y). The normalization constant of the denominator however is unknown so that (6|y) cannot be
computed directly. The strategy consists in approximating the term from the values obtained from the
Gibbs sampling algorithm.

Consider a two-parameter model with 6 = {6;,6,}. Using definition 2.12 of conditional densities, it
follows that w(6;,6,|y) = m(61]y, 02)7(62]y). The first term is known: it is the conditional posterior
7(61]y, 62), required for the Gibbs sampler. The second term is unknown, but can be reformulated as:

n(6ay) :/ﬂ:(92791|)’)d91 :/77:(92|917y)75(91|)’)d91 (2.6.12)

The integral cannot be calculated analytically, but it can be approximated with the so-called importance

sampling method: first sample J values 61(1) o ,OI(J) from 7(6;]y), then compute the approximation:

1 :
[r@lenm@ide ~ ; ¥ (6l y) 26.13)
j=1

In practice, we use or course the J values generated by the Gibbs sampling algorithm. Substituting this
formula back in (2.6.11), we find that the two-parameter marginal likelihood can be approximated by:

f(y[61,6,)7(61,62)
(61, 62) x X)) (6,6, )

fly) ~ (2.6.14)

The expression can be evaluated at any value of 8; and 6,, but in general points of high density such as the
median or the mode are chosen to optimize numerical accuracy. Denoting by 6* = {6;",6; } the chosen
high-density values, we eventually obtain:

)~ f(y161,65)7(67,67)

(6] [y,05) x 7Zj:17r(92|61 ,Y)

It is possible to switch 8, and 65 in (2.6.15), based on convenience. The methodology of Chib (1995) can
be extended to models with more than two parameters, but the procedure gets considerably more complex
and the computational cost may become prohibitive. In this case, simpler and more efficient alternatives
may be prefered (see section 7.4).

We now apply the method to the stock return example. Given 8 = {u, o}, (2.6.15) becomes:

fOlu ? )Jn(u o) .
E(G*’yhu*) X 7Zj:l ﬂ:(‘u*b@(f(l))

fy) =
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To evaluate (2.6.16), we use the likelihood function f(y|u, o) given by (1.3.19), the priors (1) and ©(o)
given by (1.3.22) and (1.4.1), and the conditional posteriors 7(i|y, o) and n(c|u,y) given by (2.6.4) and
(2.6.7). It can then be shown (book 2, p. 19) that the marginal likelihood is approximated by:

—m)?
L 897 T(a)2) exp (—%L = )

f) =" — .
5/2 T'(a/2) % 5:1(1+vn/6)1/26xp (_%(ﬂ-m)z)

(2.6.17)

The expression is evaluated at the high density points u* and ¢*, taken to be the median of the Gibbs
sampler draws for the posterior. It ressembles much (1.4.17), except for the final term which represents
the Gibbs sampler approximation. Using (2.6.17), we find m(y) = —29.12. The value is consistent with
the value of —26.07 obtained in section 4.6. Jeffrey’s guidelines (Table 4.1) suggest decisive support in
favor of the hierarchical prior model: the independent prior model is not the one most supported by the
data.



CHAPTER 7

The Metropolis-Hastings algorithm

7.1 Metropolis-Hastings: motivation

Consider again the stock return example introduced in chapter 3, but assume we adopt a slightly different
formulation. The return is still modelled as a normal distribution with mean u, but the variance is now
expressed as exp(A ), with A a real-valued parameter. The exponential guarantees that whatever the value
of A, the variance will always be positive. In this model, the parameters of interest are thus 6 = {u,1}.

Denoting by y; the stock return on year i, we have f(y;) ~ N(u,exp(A)) and the probability density
function for each return is given by:

ETAY
FOoli.A) = (27 exp()) 7 exp (5 2B ) 071

Using definition 3.4, the likelihood function then obtains as:

n L 2
FOlu,A) = (27 exp(A)) ™2 exp (-ig (pr(%> (2.7.2)

For the prior, we follow as usual definition 4.1 and assume independence between  and A so that
w(u,A) = mw(u)mw(A). The prior distribution for u is unchanged: m(u) ~ N(m,v). it is thus given by
(1.3.22):

a(w) = 27v) "2 exp <—;(“_”’)2) (2.7.3)

1%

We then need a prior for A. Because A can take any real value, we choose again a normal distribution so
that m(A) ~ N(g,z) with g the prior mean and z the prior variance. Following:

x(l) = (21z) V2 exp< 2(’1 Zg) > (2.7.4)

Applying then Bayes rule 3.3, we obtain:

n 1y i —p)? 1 (u—m)? 1(A-g)
(i, Aly) o< exp(A) ™% exp <—2; exp(l)) X exp <—2) X exp < 7 ) (2.7.5)

1%

As usual, any multiplicative term not involving it or A has been relegated to the normalization constant.
This is a joint posterior distribution that cannot be marginalized analitycally. We first try to calculate the
conditional posterior distributions in order to use the Gibbs sampling algorithm. Consider the conditional
posterior 7(u|y,A). Using definition 6.1, we start from (2.7.5) and relegate to the normalization constant
any term not involving u. This yields:

n 2
1 (u—m)?
(ply,A) o< exp( ,Z{ ) ) xexp< 3T ) (2.7.6)
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Rearranging and completing the squares eventually yields (book 2, p. 19):

1 _ )2
T(ply,A) o< exp <_2M> (2.7.7)
with:
_ n 1\ ! o 1 1 m
" <exp(l) +V> e <exp(l) ilyi+v> 79

This is the kernel of a normal distribution with mean 7 and variance v: w(u|y,A) ~ N(m,v).

Consider now the conditional posterior (A |y, it). Using definition 6.1, we start from (2.7.5) and relegate
to the normalization constant any term not involving A. This yields:

n L 2 _o)\2
7 (Aly, 1) o< exp(A) "2 exp (—; Y (zm&;) X exp (—;M> (2.7.9)

i=1 z

This is a complex expression in A that cannot be rearranged into a known distribution and is thus
intractable. Even though we managed to calculate the conditional posterior, it is of unknown form and
thus cannot be used for the Gibbs sampling algorithm. In this case we need a more general approach,
which is given by the Metropolis-Hastings algorithm.

7.2 Metropolis-Hastings: the algorithm

Consider a model with n parameters so that 6 = {6;,---,6,}. Assume that the conditional posteriors
(61]y, 602, ,6,), -+, w(Oyly, 01 ,0,_1) can be calculated, but that for at least one parameter (say 6;)
this posterior is non-standard so that it is not possible to sample values directly from 7(6;]y, 6y, ,6,).
In this case, we can use the Metropolis-Hastings algortihm. Unlike the Gibbs sampling algorithm where
new values are obtained at each iteration, The Metropolis-Hastings algorithm will only generate candidate
values, and accept them with a certain probability. If the draw is rejected, the value inherited from the
previous iteration is retained.

Concretely, the Metropolis-Hastings first requires a function that produces a candidate value for the current
iteration, given the previous iteration value.

definition 7.1: let Gi('i ) denote the value of 0; at iteration j; a transition kernel is a probability density
function g(6. ", 0) for 6 with respect to the value 6",

1 1

Some common choices of transition kernels are the random walk kernel and the independence kernel. The
random walk kernel is of the form:

0 = 0!V 4 x (2.7.10)

4 l
where x is a random variable with known distribution, for instance 7(x) ~ N(0, T), with T a user-specified
variance term defining the amplitude of the move. The independence kernel is defined as:

oY) — x 2.7.11)

1

where x is a random variable with known distribution. In this case, at every iteration j a value Gl.(j ) is
sampled directly from the candidate distribution independently of the previous value QU _1), hence the

l
name independence kernel.
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Once a suitable transition kernel is chosen, it remains to determine the probability of acceptance of the
candidate.

o)

definition 7.2: let (6;|y, 6y, - - - , 6,) denote the conditional posterior for 6;, and q(Oi(j 71), ."7) denote

the transition kernel; the probability of acceptance is the function (x((-)l-(j _1), Gi(j )) given by:

01 gy _ i ﬂ(ei(j)|y,91,'“,9n) q(gi(j)’ei(jfl))
7,60,7) =minq 1, D o
71’-(91'] ‘y7917"'79n) LI(QJ ,9.1)

1

o(

1

Roughly speaking, the move is accepted with probability 1 if the density of the candidate value

207y, 01,---.,6,) q(6, 007"

7, 0, ) is higher than that inherited from the previous iteration

ﬂ(Gi(j - [v,01,---,6h) q(@-(j - g/ ). Conversely, if the density of the candidate value is lower, the can-

i Y

didate will only be accepted with a probability smaller than 1.
The Metropolis-Hastings algorithm can then be summarized as follows:

algorithm 7.1: Metropolis-Hastings algorithm

1. set any initial values Oi(o) for 6;.

2. atiteration j, obtain a candidate value 6; from q(Gl.(j 71), Ol.(j >).

3. determine the probability of acceptance from (x(G(j _1), gy >).

i i
4. draw a uniform random number « from u ~ U (0, 1).
5.ifu< (/"6

1

, accept the candidate and set Qi(j ) = éi; else, reject the candidate and set

el_(j) _ ei(.ifl).
6. repeat until the desired number of iterations is realised.

The choice of a transition kernel represents a key feature of the algorithm. The random walk and
independence kernels are simple, but not necessarily optimal choices. Ideally, a good kernel should
allow for sufficient variability in the value of 6; between two iterations. This ensures that a large part
of the support of 7(6;|y) will be covered by the iterations of the algorithm, which improves the mixing

between iterations and the quality of the empirical posterior. However, larger differences between Gi(j ) and
i—1 . . . j i—1 .
Bi(’ ) typically imply larger differences between J'C(Gi(] ) v, 61, ,6,) and 7'5(6[-(] )|y, 01, ,6,), which
increases the probability of rejection. Then some values may be repeated often, resulting in a poor em-
pirical distribution. The kernel must thus be chosen to generate the most efficient compromise between
these two aspects, and this is usually achieved by calibrating it to produce an acceptance rate somewhere

around 20-30%.

Whatever the acceptance rate, the Metropolis-Hastings algorithm is constructed to produce repeated
values. To avoid an empirical distribution that is too coarse it is customary to discard a fraction of
the draws, retaining only every n draws, where n is for instance 10 or 20. This technique is known as
thinning. It effectively solves the issue of repeated values but multiplies by » the total number of draws to
compute. Following, the computational cost of the Metropolis-Hastings algorithm increases dramatically.

Finally, it is worth noting that the Metropolis-Hastings algorithm can be integrated to a standard Gibbs
sampling framework. If 0y, -, 8, are the parameters of interest and only 6; has a non-standard distribu-
tion, then 6; can be simulated from Metropolis-Hastings while the other parameters are obtained from the
Gibbs sampling methodology.
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7.3 Metropolis-Hastings: an example

We now return to our stock return example. As shown by equation (2.7.7), the conditional posterior
m(uly,A) is standard: m(u|y,A) ~ N(m, ). It can thus be sampled directly from the Gibbs sampling
algorithm. On the other hand, the conditional posterior distribution 7(u,A|y) given by (2.7.9) is non-
standard and requires the Metropolis-Hastings algorithm. First, define a transition kernel for A. Here the
simple random walk kernel is chosen:

A0 = 20-D 4y 7(x) ~ N(0, 7) (2.7.12)

It follows that g(A~ (D) ~ N(AU=D 7). Also, (2.7.12) and the symmetry of 7(x) around 0 implies
that g(A),AU-D) ~ (/IU),T). Following, we conclude that g(A0~1 10)) = g(A(), AU=1), which
conveniently simplifies the probability of acceptance in defintion 7.2 to:

G-1) 4y — i o A yp)
a(AU=D A0y mm{l O 45 (2.7.13)

Given (2.7.9), this directly yields (book 2, p. 22):

a(AU=D A0)

A(AU) —200) 4 [exp(~AUD) — exp(~A0D)] £1y (s — 1)
= min< 1,exp > +(7L(j*1)—g)2—(l(j)—g)2 (2.7.14)

<

Following, the algorithm for the model obtains as:

algorithm 7.2: Gibbs sampling/Metropolis-Hastings algorithm for the stock return model

1. set initial values u(¥ and A(9); use the prior means u(® = m and A0 = g.

2. atiteration j:

draw pu) from 7w(uly, AU=V) ~ N(in, v) with:

_ n 1\~ o
v_<e><p(7t)(f”+V> m_v<eXP =) Zy’ >

3. at iteration j:

draw a candidate A from A =AU~V +x | 7(x) ~N(0,7)

4. at iteration j: obtain the acceptance probability (A =1, 1U)) given by:
A(AU) —A0)) 4 [exp(~AU~Y) —exp(~AU)] Ly (s — )2
min < 1,exp % +(7L(j‘1) —g)?—(Al) —g)?
z

5. atiteration j: draw a uniform random number u from u ~ U (0, 1).
ifu< (X(Qi(j_l),ei(j)), set Bi(j) = 6;; else, set Bl-(j) = Gi(j_l)

6. repeat to obtain 1000 iterations as burn-in sample and 2000 additional iterations for simulated
values.
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It remains to calibrate the prior £(A) and the transition kernel g(A~" A()). For (), we set g = 1.6
and z = 0.04. This way, the mean and variance of exp(A ) match the prior mean of 5 and the prior variance
of 1 proposed for & in section 4.3. For the random walk kernel ¢(A4U~1) 1()) we set T = 0.5, which
results in an acceptance rate of roughly 25%.

The algorithm is then run for 1000 burn-in iterations and 2000 samples, multiplied by 20 to retain only
every 20 simulated value. The resulting simulated values along with the associated empirical distributions
are displayed in Figure 7.1. The top panels show the simulations obtained for the Gibbs sampling step
for u along with the resulting empirical distribution. These plots are quite consistent with the top plots in
Figure 6.1.

The bottom plots display the simulations and empirical distribution from the Metropolis-Hastings
algorithm for A. The left panel shows the first 500 iterations of the algorithm, before trimming is op-
erated. The repeated values typical of the Metropolis-Hastings algorithm are quite apparent. The right
panel displays the empirical distribution obtained after posterior trimming. The distribution looks quite
smooth, demonstrating the gain in accuracy from trimming. It is consistent with the distribution in Figure
6.1 though slightly tighter, a feature resulting from the alternative formulation of the model.
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Figure 7.1: Gibbs sampling simulations and empirical distributions for g and exp(4)
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7.4 Marginal likelihood with Metropolis-Hastings

Section 6.5 introduced the Chib (1995) method to calculate the approximate marginal likelihood whenever
sampling from the Gibbs algorithm is available. Chib and Jeliazkov (2001) propose an adaptation of the
methodology to the Metropolis-Hastings algorithm. However, their approach is more complicated. Also,
for both approaches the computational cost may become prohibitive when the model involves more than
two parameters. For this reason, we introduce here the simpler and more general methodology of Gelfand
and Dey (1994). The approach is conceptually simple and relies on an harmonic mean approximation. It
only requires simulated draws from the marginal posteriors, regardless of the method used to produce
them.

Consider any probability density function g(6). Then we have the following identity:

8(6) ' _
E@wnmmﬁ 0) (27.1)
Indeed, it is immediate that:
fye)r(6) =~ 1 _
E( me ‘) /fyw /fﬂG oy 10 707 ] 100 = 75,
(2.7.16)

In practice, the expectation is unknown. However, a consistent estimate can be obtained from the Gibbs
sampler values, yielding the following approximation:

1Y g(6\)
J ,;f(y\@(f)) m(6W) (2.7.17)

In theory, any probability density function g(6) can be used to compute the approximation. In practice,
the choice of g(0) is very important for the accuracy of the approximation. Geweke (1999) propose to
use a truncated multivariate normal distribution: g(6) ~ N(8,%), where 6 and £ denote the empirical
posterior moments of the model parameters, calculated as:

A 1E 0 /
=710 Z
j=1 j=1

The truncation is realised through the region @ = {6 : (8 —8)'£71(6 — 8) < x7 ,(k)}, where x7_,, (k)

is the 1 — w quantile of the Chi-squared distribution with k degrees of freedom, for k the dimension of 0
and @ € [0, 1] some probability set by the statistician. We then obtain:

—0) (2.7.18)

% \

2(0) = 0 ' (21)*2|£|7 2 exp (—;(9 —0)s (6 é)) 1(0 € 0) (2.7.19)

where 1(8 € ©) is the indicator function equal to 1 if 6 is in @, and 0 otherwise. The function thus
truncates the extreme values of 0 that may result in imprecise estimates of (2.7.17). Common choices for
ware ® =0.5, ®=0.25and ® =0.1.

We now apply this method to the stock return example. Given 6 = {u, A}, (2.7.17) becomes:
1 1

fb

(2.7.20)

HM
OQ
—~
£
<
=
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Using the density (2.7.19) along with the likelihood function (2.7.2) and the priors (2.7.3) and (2.7.4), we
obtain (book 2, p. 23):
1 A
—— ~ (o) ) S| 2 (v7) /2
f(y)()()l\ (vz)

n

ah 4y DT (wmm)® (A —g) —(e—é)’i—l(e—é>]>

= exp(A) v z

J
A 1
xZ]l(Ge@)xexp<2

Jj=1

(2.7.21)

Applying (2.7.21) with @ = 0.5, we find m(y) = —29.10. This value is virtually equal to the marginal
likelihood found in section 6.5 for the independent prior model. This indicates that the two models are
equally supported by the data and are, in fact, extremely similar.
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CHAPTER 8

Mathematical theory

This chapter introduces the mathematical foundations behind the Gibbs sampling and Metropolis-Hastings
methodologies. The chapter is technical and may safely be skipped if one is interested in methods only. A
good treatment of the subject can be found in Chib and Greenberg (1995) and Greenberg (2008), chapters
6-7. The presentation in this part follows more or less the same guidelines.

8.1 Markov Chains with finite state space

Assume our objective is to sample values from some target statistical distribution. For the time being we
keep things simple and assume that the distribution takes values in the finite set S = {sy,--- ,s, }. Consider
for instance a random variable taking values in S = {1,2} with f(1) = 0.4 and f(2) = 0.6, as shown by
Figure 8.1.

0.8

06 r ] a

0.2 r a

X

Figure 8.1: Probability mass function of the target distribution

To generate draws from this distribution, we will use Markov chains, a type of stochastic processes. Con-
sider for instance a discrete time stochastic process X, which takes values in S = {si, -+ ,s,}
(similarly to the target distribution), with t = 1,2,---. The stochastic process is then just a collection
of random variables X1, X5, ---. The n possible values of X, are called the states of the system, and we are
interested in describing the probabilities that the process moves from one state to another over a period
of time. Concretely, for s;,5; € S, we call the transition probabilities the set of values p;; such that
pij =P(Xi1 = 551X = 57).

61
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definition 8.1: a finite Markov chain is a stochastic process X; with states S = {s1,--,s,} and
transition probabilities p;; = P(X,11 = s;|X; = 5;), fors;,s;€S.

Whenever p;; does not depend on 7, we say that the Markov chain is homogenous. In this case, the
dynamics of the process can be conveniently summarized in a single matrix known as the transition matrix.

definition 8.2: the transition matrix is the n x n matrix P = {p;;} such that p; = (pi1,---, pin) is
rowiof P, and }j_, pij = 1.

For instance, consider the simple homogenous Markov chain X, with states S = {1,2} and transition
matrix:

(23 13
P_<2/9 7/9> (2.8.1)

P says that while in state 1 at period 7, the probability to remain in state 1 at period 7+ 1 is 2/3 while the
probability to move to state 2 is 1/3. Starting from state 2 at period ¢, the probability to move to state 1
at period ¢+ 1 is 2/9 while the probability to stay in state 2 is 7/9.

We now want to determine the probability pg}g) to move from state s; at period 7 to state s; at period 7 + 2.
To do so, we first need to move from state s; to some state s; during the first period, then move from state
sy to state s; during the second period, for any s; € S. In other words, pg) = Y% PikPk;j- It can be verified

that this implies P® =pp=p2, Working by induction, we then obtain that P = ph_For example:

() _ p3_ (0452 0.548
pe=r (0.364 0.636 (28.2)

P? says that the probability to move from state 1 at period ¢ to state 2 at period ¢ + 3 is 0.548, while the
probability to return to state 1 is 0.452.

Typically, we are interested in P when h gets large. Table 8.1 reports the transition probabilities for
different horizons A.

fll) (h) (h) (h)

period (h) pg P12 D2 1253

1 0.667 0333 0.222 0.778
2 0.518 0.482 0.321 0.679
3 0.453 0.547 0.365 0.635
4 0423 0577 0384 0.616
5 0.410 0.590 0.393 0.607
10 0.401 0.599 0.399 0.601
20 0.400 0.600 0.400 0.600

Table 8.1: Transition probabilities for P at different horizons

The matrix entries converge to some equilibrium values. In matrix form, we find that:

gy _ (0400 0.600
fim P <o.4oo 0.600 (2:8.3)

We observe that the rows of the long-term matrix are similar: for 4 large enough, the probability of
being in state s; at period 7 + & is the same, whatever the state s; we start at period ¢. This remarkable
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property constitutes the foundation of modern simulation methods, and is related to the notion of invariant
distribution.

definition 8.3: let P be a transition matrix; the probability vector & = (m;,---,7,) is an invariant
distribution if:

TP=m

This definition says that if we select states at period ¢ with probabilities 7 then move to period ¢+ 1
according to P (left-hand side), the states at r + 1 will still be drawn according to & (right-hand side).
Following, 7 represents the state probabilities of the Markov chain at any time, hence the name invariant
distribution.

Let us compute the invariant distribution for the transition matrix P in (2.8.2). From definition 8.3, we
obtain:

(m m) <§g %3)2(”1 ) (2.8.4)

The first row yields 2/3m; +2/9m = m;. Using then m, = 1 — 7y and solving for m; yields m; = 2/5,
and m, = 3/5. Thus @ = (0.4, 0.6) which corresponds to the rows of the long-term matrix in equation
(2.8.3). In other words, after a sufficient number of periods /, the Markov chain converges to the invariant
distribution = = (0.4, 0.6). Conveniently, this invariant distribution corresponds to the target distribution
depicted in Figure 8.1.

This suggests a natural procedure to generate values from a target finite distribution:

algorithm 8.1: distribution sampling with finite Markov chain

1. create a finite Markov chain with transition matrix P such that the invariant distribution corresponds
to the target distribution.

2. set any state as the initial state Xy of the Markov chain.

3. run the Markov chain for & periods; that is, determine X1, - - - , X}, randomly moving from period ¢
to period 7 4 1 according to the transition matrix P.

4. for h large enough, the Markov chain has reached the invariant distribution; run the Markov chain
for an additional k periods, that is, determine Xy 1, -+, X1 according to P.

5. discard X1, --- ,Xp; then Xj 11, - - - , Xj4k are drawn from the invariant distribution, which corresponds
by construction to the target distribution.

Table 8.1 makes it clear why the initial values X1, - - - , X, must be discarded. For early periods the invariant
distribution is not yet reached, and the state of the Markov chain still depends significantly on the initial
state. It is thus important to run the chain for sufficiently long and to clear the influence of the initial state.

The use of algorithm 8.1 is illustrated in Figure 8.2. We use the transition matrix P defined in equation
(2.8.1) and run the Markov chain for 250 periods, setting the initial state as 1. The first 50 periods are
discarded as burn-in sample, which is sufficient to reach the invariant distribution of the chain, as shown
in Table 8.1. The empirical distribution resulting from the chain is quite close to the target distribution
shown in Figure 8.1. Because only 200 values are sampled, the empirical distribution does not replicate
exactly the target distribution, but the approximation could be made arbitrarily accurate by increasing the
number of observations generated.
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Figure 8.2: Distribution sampling with finite state Markov chain

Given a finite Markov chain and the associated transition matrix P, is it always possible to converge to an
invariant distribution? And if yes, is this invariant distribution unique? To answer these questions we first
need a few definitions, starting with the notion of communicating states.

definition 8.4: let X, be a finite Markov chain with states S = {si,---,s,}; we say that state s; is
(h)
7> 0.

reachable from s;, denoted by s; — s;, if there is some 4 > 1 with p; ;

If state s; is reachable from s; and state s; is reachable from s;, we say that states s; and s;
communicate, denoted by s; <+ 5.

Basically, two states communicate if from one, it is possible to reach the other at some point. For instance,
consider the Markov chain with transition matrix:

C(2/3 1/3
Q_< 0 1) (2.8.5)

We can see that states 1 and 2 don’t communicate: if we ever reach state 2, we will remain in it forever
and so state 1 is not reachable from state 2. An important class of Markov chains is that where all the
states communicate.

definition 8.5: a Markov chain is irreducible if all states communicate.

Another important property of Markov chains is periodicity.

definition 8.6: let X; be a finite Markov chain with states S = {s,---,s,}; state s; € S is periodic
(n)
Jj
= 0 otherwise. The chain is aperiodic if the period is 1 for all the states.

of period d if there exists some integer d > 1 such that p

0)
Pjj

> (0 whenever / is a multiple of d, and

Simply speaking, a state has period d if it takes a multiple of d periods to return to it. Consider for instance
the Markov chain with transition matrix:

_(2/3 1/3
R—( ; o) (2.8.6)

Whenever the chain is in state 2, it can only move to state 1. Returning to state 2 thus takes at least two
periods: one to move to state 1, and one to reach state 2 again. State 2 has thus a period of 2, and the chain
is not aperiodic.
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It is now possible to state the main result of this section:

theorem 8.1: let X; be an irreducible and aperiodic Markov chain over the finite states S = {s1,---,s,};
then there exists a unique probability distribution 7 such that n’'P = 7r'; also:

‘pgf)_ﬂj‘§5h/" foralli,j=1,---,n

with 0 < 0 < 1 and v some positive integer.

This theorem lies at the basis of Monte Carlo Markov Chain (MCMC) methods. In a finite state space,
it says that as long as we can define a Markov chain that is irreducible and aperiodic, there exists for
sure a unique invariant distribution for the chain. Also, for sufficiently large 4, the chain converges to the
invariant distribution 7 at some geometric rate //v.

Understanding why the Markov chain has to be irreducible and aperiodic is straightforward. If the chain
is not irreducible, then the exist at least two states s; and s; that don’t communicate. In this case it is not

possible to reach an invariant distribution since reaching state s; precludes state s; to be ever joined later
(h)
Ji
= 7; for all periods.

on. If the chain is not aperiodic, there exists at least one state s; such that p

(n) (r)
of d,and p;; ij

> 0 whenever 4 is a multiple

= 0 otherwise. Thus by definition we cannot have p

8.2 Markov Chains with countable state space

Markov chains with finite states prove often too restrictive for empirical applications. As a first general-
ization we consider Markov chains with countable state spaces. Such Markov chain take an infinite, but
still countable number of values. A classical example is the random walk process with states S = Z, the
set of integers, and transition probabilities given by:

p, ifj=i+1
pij=y9q, ifj=i ptq+r=1 (2.8.7)
r,o ifj=i—1

Whenever the state space S is countable, irreducibility and aperiodicity are not sufficient anymore to
guarantee the existence of a unique invariant distribution. To see this, consider Figure 8.3.
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Figure 8.3: Examples of random walk processes
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The two processes are obtained from the Markov chain (2.8.7). The process on the left obtains from
p = q =r =1/3 while that on the right is generated with p = 0.4, ¢ = 0.25, r = 0.35. The right process
is an example of a biased Markov chain where the probability to move up larger than the probability to
move down.

Clearly, both processes are irreducible and aperiodic. The process on the left looks stationary. However,
the right process is drifting off to infinity due to its bias. Therefore in the long run the probability to reach
any finite value s; tends to O: pg-’) — O for all i, j. Because the probabilities of reaching finite states decline
over time, the process cannot converge to an invariant distribution where the probability to obtain any

state s; remains constant over periods.

We thus need a stronger concept, which is the notion of recurrence. This first requires a few definitions.

definition 8.7: let X; be a Markov chain with countable states S = {s1,s2,---}, and let Xo = s;; the
return time 7; is the number of periods for the chain to first return to s;:

T; =min{t > 1: X, = s;}

The return time 7; is a random variable. For instance, for the Markov chain defined in equation (2.8.7), we
have T; = 1 with probability g, T; = 2 with probability 2pr (the chain moves up then down, or the converse),

and so on. Formally, we denote the probability of return time at period /& by fi(h) =P(T; = h|Xop = s;). From
this, the probability of ever returning to s; is given by:

=Y (2.8.8)

We can then define the concept of recurrence.

definition 8.8: let f; denote the probability of returning to s;; the state s; is recurrent if f; = 1;
otherwise, s; is transient if f; < 1.

Basically, a state is recurrent if the chain returns to it at some point with probability 1. Certainly, a
chain cannot reach an invariant distribution if some of its states are transient. Recurrence, however, is not
sufficient to guarantee a unique invariant distribution. For a state s;, define the mean return time m; as:

mi=E(TXo=s:)= Y h £ (2.8.9)
h=1

We then define positive recurrence as:

definition 8.9: let m; denote the mean return time to s;; the state s; is positive recurrent if m; < oo ;
otherwise, s; is null recurrent if m; = oo.

A state is positive recurrent if returning to it takes on average a finite number of periods only. It is null
recurrent if returning to it happens with probability 1, but takes on average an infinite number of periods.
With these elements, it is possible to define the conditions under which a unique invariant distribution is
guaranteed.
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theorem 8.2: let X; be an irreducible Markov chain with countable states S = {sy,s2,--- }; then:
1. if all states are recurrent, they are either all positive recurrent or all null recurrent.

2. there exists an invariant distribution if and only if all states are positive recurrent; in this case, the
invariant distribution & = (7}, 7, - - - ) is unique and given by:

m=1/m; foralls; € S i

3. If the states are positive recurrent, then m; = lim 1/h Z 1(X; =si)
h——+oo =1

The first part of the theorem states that an irreducible Markov chain will either return to all states within
finite mean times, or to none of them. The second part says that the existence of an invariant distribution
is equivalent to all the states being positive recurrent, in which case the invariant distribution is the inverse
of the mean return time for each state. The final part provides a way to recover the distribution from the
empirical frequency of each state s;, provided the number of observations # is sufficiently large.

Theorem 8.2 provides a measure of convergence for irreducible Markov chains in time average. To obtain

instead convergence from transition probabilities, in the sense that 7; = hlim pg.z)
—+oo
initial state s;, then the further condition of aperiodicity is needed on the chain. We have the following

theorem:

and regardless of the

theorem 8.3: let X; be an irreducible Markov chain with invariant distribution © = (7}, 7, --); then

: (h)
;= lim p..
S h e Pij

if and only if the chain is aperiodic.

To illustrate the results obtained in this section, consider a variant of the random walk Markov chain
(2.8.7). We restrict the states to be the natural numbers S = {1,2,3,---} and define the transition matrix
as:

p+tq r 0 0 0

p qg r 00
P= 8 gq r 0 (2.8.10)

poqr

In state 1, the chain remains still with a probability of p 4 ¢, and moves up to 2 with a probability of r. In
any other state, the chain remains still with a probability of ¢, moves up with a probability of r, and moves
down with a probability of p. If it exists, the invariant distribution of the chain is given by (book 2, p. 25):

2 3
T = 1— 1 , Th = <I’> m, 3= (i") T, = <r> - (2.8.11)
p p p p

It is apparent from (2.8.11) that the invariant distribution exists if and only if p > r, in which case the
probabilities 7; decline geometrically and all the states are positive recurrent from theorem 8.2. Also,

the chain is clearly aperiodic so theorem 8.3 applies and 7; = lim (")

i i whatever the initial state of the
—foo

chain, we converge to 7; for sufficiently large A.

So, assume we want to sample values from the invariant distribution (2.8.11), using algorithm 8.1. We set
p=0.5and g =r=0.25, which yields m; = 0.5, 1, = 0.25, 13 = 0.125, and so on. The chain is started at
state 1 and run for 7000 periods, the first 2000 of which are discarded as burn-in sample. The simulated
values and empirical distribution are displayed in Figure 8.4.
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Figure 8.4: Distribution sampling with countable state Markov chain

The empirical distribution replicates the invariant distribution quite closely. The good fit is explained both
by the large fraction of burn-in sample (2000 iterations) which permits convergence to the invariant distri-
bution, and by the large number of iterations post transient sample, which from theorem 8.2.3 guarantees
the convergence in mean to the true values.

8.3 Markov Chains with continuous state space

After finite and countable state spaces, we eventually discuss continuous state spaces. In this case, the
Markov chain takes real values, and the set of possible states is S = R or some subset of it. Because the
states are uncountable, it is not possible to define a transition matrix. Also, defining p;; as the transition
probability between states s; and s; is not sensitive anymore since the probability of any state is 0 on a
continuous space.

Instead we use the notion of transition density or transition kernel ¢(x,y). This is not the probability of
moving from state y to state x. Rather, it represents the conditional density function f(X;;; = y|X; = x).
Then if the current state is X; = x, the probability of moving to some subset A of S is given by:

P(x,4) = P(Xcr1 €A% =) = [ g(xy)dy (2.8.12)
The h-steps ahead transition kernel ¢\*) (x, y) is given by:

q" (x,y) = /S q"V(x,2) q(z,y) dz (2.8.13)

This says that in order to move from x to y after & periods, we first need to move from x to any state z € S in
h — 1 periods, then move from z to x over the last period. We then integrate over all possible intermediate
states z to obtain the density ¢ (x,y). Following, we define the probability of moving to some subset A
of S in f steps as PP (x,A) = [, g™ (x,y)dy.

The continuous state space analogue of the invariant distribution is given by the notion of invariant density.

definition 8.10: let X; be a Markov chain with continuous state space S and transition kernel g(x,y);
an invariant density is a probability density function 7(y) which satisfies:

m(y) = [ 2(x)qlry)ds
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The notion of aperiodicty in continuous spaces is unchanged and still given by definition 8.6. Irreducibility
on the other hand must be re-defined.

definition 8.11: let X; be a Markov chain with continuous state space S and transition kernel g(x,y),
and let 7(x) be some density function on S; the chain is 7-irreducible if for each subset A of S with
m(A) > 0, there exists an & such that P%) (x,A) > 0.

m-irreducibility is the continuous-space analogue of definitions 8.4 and 8.5 of irreducibility for countable
state spaces. Finally, we need to define a continuous-space equivalent of the notion of recurrence.

definition 8.12: let X; be a mw-irreducible Markov chain.

The chain is recurrent if for each subset A of S with w(A) > 0:
P" (x,A) i.0. > 0 for all x

P" (x,A) i.0. = 1 for m-almost all x

The chain is Harris recurrent if P’ (x,A) i.o. = 1 for all x

where i.0 stands for “infinitely often”. In short, the chain is recurrent if it returns to any subset A of S
infinitely often with probability 1 for almost all initial states x. It is Harris recurrent if instead the condition
holds for all x.

We then have the following theorem.

theorem 8.4: let X; be a Markov chain with invariant distribution 7, and suppose that X; is w-irreducible.
Then X; is positive recurrent and 7 is the unique invariant distribution of X;.
If X; is also aperiodic, then for -almost every x: HIP’(}’) (x,A) —m(A) H — 0,

with ||| the total variation norm!.

If X; is Harris recurrent, then the convergence occurs for all x.

Theorem 8.4 constitutes the basis of modern Monte Carlo Markov Chain (MCMC) methods. It provides
a simple procedure to sample from a target distribution. First, define a transition kernel that is irre-
ducible, aperiodic, positive recurrent and whose invariant distribution corresponds to the target distribu-
tion.

Second, start the kernel from any state and run it for long enough to eventually sample values from
the target distribution.

To illustrate the use of theorem 8.4, assume we want to sample values from a normal distribution with
mean U and variance o: 7(y) ~ N(u,0). To do so, we use an autoregressive transition kernel, defined as:

yi=c+Yy_1+€ €~ N(0,s) (2.8.14)

We claim that defining ¢ = p(1 — ) and s = (1 — ¥*) o, the unique invariant distribution of the transition
kernel (2.8.14) is the target distribution 7(y) ~ N(u, o). To see this, start from definition 8.10:

T(yi—1) gi—1,Y:) dyi—1

2 2
o< /exp (_1(%IIJ)> exp <—;(ytcwtl) ) (2.8.15)

2 c K

IThe total variation norm between any two probability measures 7, and 7 is defined as:
|1 (A) — m(A)|| = supa|m (A) — mp(A)], for some set A € S.
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After some manipulations, this rewrites as (book 2, p. 26):

— )2 A 2
— exp (_;()’t G/'L) )/exp (_;()’tl g W) > Ay,
Y
o« exp (-é(”“)) (2.8.16)

(o

And this is indeed recognised as the density function of the target distribution 7(y;).

The Markov chain defined by the transition kernel (2.8.14) is clearly z-irreducible, Harris recurrent and
aperiodic. Thus from theorem 8.4 we known that it will converge to the invariant distribution 7, provided
it is run for a sufficient number of periods.

The target distribution is parameterized with g4 = 5 and ¢ = 2. The kernel uses Y = 0.8, and the chain is
run for 3000 burn-in iterations and an additional 5000 draws. The simulations and the resulting empirical
distribution are shown in Figure 8.5.
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Figure 8.5: Distribution sampling with continuous state Markov chain

8.4 Application to Gibbs sampling

In this brief section, we demonstrate how the results obtained in the preceding sections justify the use of
the Gibbs sampling algorithm. To keep the presentation simple, the analysis is restricted to the case of
two parameters only, but the conclusions are general and extend to the case of n parameters.

Thus, consider a model with two parameters so that 8 = {6y, 6, }. Our objective is to sample values from
the posterior distribution 7(6]y) = (0, 6:|y) which constitutes the target distribution. Marginalisation is
not possible, but the conditional posteriors (6 |y, 6;) and 7(6|y, 8;) are standard, so one can easily draw
values from them. We use them to define a transition kernel ¢(0*~ 1), 6(")) that samples alternatively from
both conditional posteriors:

q(6"""1,0") = (0" 6"") n(0}"]0}") @817

We have dropped y in the conditionning for readibility. We now show that the target distribution (6, 6,)
corresponds to the invariant distribution of the transition kernel (2.8.17).
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Using definition 8.10, we obtain:
/q(e(n—w, () 2(6~)ggV

n n—1 n n n—1 n—1 n—1 n—1
"ley ") n(6y"161") m(of" " 63" V)dey" Vagy Y

I
—
3
D

— n(6{"le") [(e" 60" ") x(e e

= (63" 6" x(6{")
= n(6{",0") (2.8.18)

Hence, the target distribution n(ef”),eé”)) is the invariant distribution of the Gibbs sampler transition
kernel g(6"~1) 9(")) = 711(91(") \ 92("_1)) 7'5(92("> | 91(")). This represents a necessary but not sufficient condi-
tion to ensure the convergence of the kernel to the invariant distribution. Verifying that the conditions for
convergence are satisfied may be difficult in general, but the following result establishes that the Gibbs
sampling algorithm will work under mild assumptions.

theorem 8.5: let X; be a Markov chain with invariant distribution 7, and suppose that X; is w-irreducible.
If P(x,A) is absolutely continuous with respect to 7 for all x, then X; is Harris recurrent.

The fact that the Gibbs sampling transition kernel can be Harris recurrent under mild conditions directly
implies convergence to the invariant distribution, from theorem 8.4.

8.5 Application to Metropolis-Hastings

Unlike the Gibbs sampling algorithm, the Metropolis-Hastings algorithm does not require that we can
sample values directly from the conditional posterior distributions. It uses a more general approach, built
on the concept of reversible kernel. A transition kernel ¢(x,y) is reversible if it satisfies:

m(x) q(x,y) = 7w(y) q(y.x) (2.8.19)

We first show that if the transition kernel g(x,y) is reversible, then 7(x) represents the invariant density
for g(x,y). From definition 8.10, we have:

/ m(x)q(x,y)dx = / (y)q(y,x)dx = 7(y) / q(y,x)dx = 7(y) (2.8.20)

So if we can find a reversible kernel g(x,y), it becomes easy to sample values from the target distribution
7(x). In general however a transition kernel may not be reversible. In this case, we may obtain for instance
that fome some x and y:

m(x) q(x,y) > 7(y) q(yx) (2.8.21)

In this case, loosely speaking, the process moves from x to y too often, and from y to x too rarely. The
trick consists in turning (2.8.21) into a reversible kernel by reducing the probability to move from x to y.
To do so, we use a function a(x,y) < 1 that represents the probability of move from x to y. If the move is
not made, the process remains at x. With this, we obtain the reversible kernel:

m(x) g(x,y) a(x,y) = w(y) g(yx) ay,x) (2.8.22)
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Since the process moves from y to x too infrequently, the probability of move o (y,x) should be set to 1.
But then this defines & (x,y) since (2.8.22) directly implies:

() 40 x)
m(x) q(x,y) (2.8.23)

Conveniently, computing & (x,y) does not require the normalization constant of 7(.) since it appears both
in the numerator and denominator.

(X(X,y) =

For some values x and y the inequality (2.8.21) may be reversed so that w(x) g(x,y) < 7(y) g(y,x). In
this case the process moves too rarely from x to y and we want &(x,y) to be 1 to compensate. Following,
(2.8.23) becomes:

— ind 1 F0) a0vx)
alx,y) = {meﬁaw} (2.8.24)

Sampling from the target distribution 7(x) can then be done easily by defining a transition kernel g(x,y)
and adopting the probability of move (2.8.24). The conditions for converge specified in theorems 8.4 and
8.5 still apply.
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Econometrics







CHAPTER 9

The linear regression model

This chapter introduces the most basic econometrics model: the linear regression. It focuses on its formu-
lation and on the Bayesian estimates obtained under different assumptions. The associated applications
(predictions and model selection) will be the object of chapter 10.

9.1 Formulation and maximum likelihood estimate

The linear regression model studies the relation between an endogenous variable y and a group of &
exogenous variables x|, x;,-- -, x; that explain it. To estimate the model, a sample of n observations is
collected. The model then takes the form:

yi = Bixit + Poxip + - + Brxix + & g ~N(0,0) i=1,--.,n (3.9.1)

It is convenient to rewrite the model in compact form as:

y=XB+e e~ N(0,0l,) (3.9.2)
with:
V1 X1 X120 Xk B €
y= )’:2 X — X?l x?z x?k B _ ﬁ:z e 8:2 (3.9.3)
y.n x,;l x,;z 5 x;,k B 'E:n

The parameters of interest to estimate are then 8 = {3, 6 }. Consider for now a frequentist approach of the
model. Following section 3.1, we first need to set the likelihood function f(y|3,0) to obtain maximum
likelihood estimates of 8 and o. It follows immediately from equation (3.9.2) that y ~ N(X3,01,). The
likelihood function is then given by:

F01B,0) = (210) " exp <_; (y—XB)(;(y—X[S)>

(3.9.4)

Following definition 3.5, the maximum likelihood estimates 3 and & are obtained by maximizing the
log-likelihood function:

/3, 6= arﬁmax log(f(y|B,0)) (3.9.5)

The log-likelihood function is given by:

1(y—XB)(y—X
log(/(118,6)) = 1 log(27) 1 log(a) — 5 U XPLU=XP) (.96)
c
The maximum is found by solving simultaneously for J log(fa(;; B,0)) =0 and J log(];(z B.0)) =0.

75
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It can be shown (book 2, p. 31) that the resulting estimates are:

(y=Xp)'(y—XB)

n

B=xX)"Xy 6= (3.9.7)

The maximum likelihood estimate 3 is therefore equivalent to the standard OLS estimate. The estimate
6 is also similar to the OLS estimate but is biased (the divisor is n instead of n — k).

A confidence interval at the o confidence level for any individual coefficient 8; can be obtained from
(see for instance Greene (2003), chapter 4):

Bi £ Ty 1 s s;=/6Si S=x'x)"! df =n—k (3.9.8)
/

9.2 A first Bayesian estimate

The simplest Bayesian approach consists in treating ¢ as known so that only 8 remains to estimate. To do
s0, we define ¢ = 6, the maximum likelihood estimate obtained in (3.9.7). In this case, we are left with
0 = {B}. From Bayes rule 3.3, the posterior 7(f|y) is given by:

T(Bly) =< f(v[B)=(B) (3.9.9)

The likelihood function f(y|f) is given by (3.9.4). Consider then the prior distribution for 3. Because the
coefficients can take any real value, the multivariate normal distribution represents a good choice. We thus
set the prior to be multivariate normal with prior mean b and prior variance V:
n(B) ~ N(b,V). Following:

(B) = () IV Ve (<5 -0V (B -0) (39.10)
Following, Bayes rule (3.9.9) becomes:
(Bl <exp 5 UL ) ey (<06 -0V (5 -0) 39.11)

Notice the similarity between the linear regression and the stock return model developed in section 3.4:
both models combine a normal likelihood function with a normal prior, the only difference being the
multivariate nature of the regression. We basically follow the same estimation procedure, and in particular
we apply again the “completing the squares” methodology. The details are provided once more due to the
multivariate nature of the model, but they are essentially the same as in the scalar case. First develop and
group the terms in (3.9.11) to obtain (book 2, p. 31):

(Bly) o< exp <—; BV '+o'X'X)B-2B'(V'b+07'Xy) +b’v1b+y'cly}> (3.9.12)

Now add terms in (3.9.12) to make the expression factorable into a single quadratic form.

AV o XX)B 2BV V(V b+ 0XTy)

m(Bly) eXp( 3 { BV bty ly BT b — BV b (3.9.13)
Define:

V=vV'+o'X'x)"! b=vV(V 'b+o'X'y) (3.9.14)

Then (3.9.13) rewrites:

7(Bly) =< exp (—z(ﬁ’vlﬁ 2BV o+ BV b +bV D +y’oly—b'v1b)> (3.9.15)
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Factoring the first three terms into a single quadratic form and separating the remaining terms yields:
(Bl) <exp (5 (857 (B-5)) xexp (5 0V Moo -5V D)) (3.9.16)
Noting that the second term does not involve f3, relegate it to the normalization constant:

w(Bly) <exp (557 (B -5)) G917

This is the kernel of a multivariate normal distribution with mean b and variance V: w(B|y) = N(b,V).

9.3 A hierarchical prior

This section considers a first model where both 8 and ¢ are estimated, so that & = {8,0}. Following,
Bayes rule is given by:

n(B,oly) =< f(y|B,0)n(B,0) (3.9.18)

We set a hierarchical prior by assuming that the prior distribution of 8 depends on the residual variance
o. Following, we have n(f3,0) = n(B|o)n (o) and Bayes rule (3.9.18) rewrites:

n(B,cly) o< f(yIB,0)x(Blo)n(c) (3.9.19)

The likelihood function f(y|B, o) for the model is still given by (3.9.4). For 3, the hierarchical prior is set
as a multivariate normal distribution with variance proportional to the residual variance o:
n(B|o) ~ N(b,cV). Following:

n(B|o) = (2m)*%|ov |~ 2exp <—;(B —b)'(aV)H(B —b)> (3.9.20)

For o finally we use an inverse gamma prior with shape a /2 and scale 6/2: n(c) ~ IG(a/2,0/2), so
that:

o/2
7(c) = (6/2) o2l exp <_5> (3.9.21)

- I(a/2) 20
Notice that this model is essentially the same as the hierarchical model developed in section 4.2 for the
stock return example. We thus follow similar procedures,and obtain similar results. From Bayes rule
(3.9.19), we obtain:

7(B,oly) oo exp (_; (y—Xﬁ)c’;(y—Xﬁ)

) <lovi2exp (<380 (0v) (6 b))
x 6% Texp <—2‘Z> (3.9.22)

Grouping the terms and completing the squares, this joint posterior becomes (book 2, p. 32):

n(B,cly) o< 6%/ exp (—;(B —b)(oV) (B - E)) x 6~ % 2 exp (—S> (3.9.23)
with:

V=Wv1l+x'xX)"' b=V lp4+X'y) a=oa+n S=8+yy+b'Vb—bVb (3.9.24)
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We recognize in the posterior the product of two kernels: a multivariate normal density, and an inverse
gamma density. We are interested in the marginal posteriors (f|y) and 7(c|y), and to do this we use
definition 4.3. Marginalisation is easy for ¢ since 3 only appears in the first kernel, hence:

wob) = [w(B.oldp = e~ ) [ exp (35 -B(0T) (b)) ap

Y, S
—a/2—1 2
< O exp ( > ) (3.9.25)

This is the kernel of an inverse gamma distribution with shape @& /2 and scale §/2: n(cly) ~ IG(&,$).

The marginal posterior 7t(]y) is less direct. As o appears in all the terms of (3.9.23), we group them and
integrate:

n(Bly) :/n(ﬁ,0|y)d0 o /6‘(5‘“‘)/2‘1 exp (—SJF(B_E)/VI(IB_B))dG (3.9.26)

20

This is the kernel of an inverse Gamma distribution with shape (& + k)/2 and scale
(6 + (B —b)'V~Y(B —b)/2, and integration yields the reciprocal of the normalization constant of the
distribution. Hence:

= a+k
G+k\ (5+(B-BYV'(B-B)\
w(Bly) < (B=b)V(F=P) (3.9.27)
2 2
After some manipulations, it can be shown (book 2, p. 33) that this reformulates as:
1 -t
(Bl < (145 (6887 /@) ' (p-D)) (.99

This is the kernel of a multivariate Student distribution with location b, scale 8V /& and degrees of freedom
&: n(Bly) ~ (5,57 /a,a).

9.4 An independent prior

This section introduces a second model where both  and ¢ are estimated. This time however 8 and ¢ are
treated as independent parameters. Given that 6 = {3, 6}, Bayes rule is still given by (3.9.18). However,
assuming independence yields 7(f3,0) = n(B) n(o) so that:

n(B,oly) < f(y|B,0)n(B)xn(0) (3.9.29)
Using the likelihood function (3.9.4) and the priors (3.9.10) and (3.9.21), the joint posterior obtains as:
1(y=XB)Y(y—-X
(B, oly) o« g /2 exp (_(y B)'(y B))
2 o
1 )
X exp (—2(13 —b)V'(B —b)> x o %> exp (—26> (3.9.30)

Again, any term not involving B or ¢ has been relegated to the normalization constant. Analytical
marginalization from integration is not possible with this joint posterior. The situation is similar to the
stock return example developed in section 6.1, and the solution also involves use of the Gibbs sampling
algorithm. Obtain first the conditional posterior (S |y, o). From definition 6.1, this is done by starting
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from the joint posterior (3.9.30) and relegating to the normalization constant any multiplicative term not
involving B, yielding:

(Bl o) < exp (5 O LI ) ey (-0 v (5 -0) 3931)
This is similar to (3.9.11), so rearranging and completing the squares the same way eventually results in:
(Bl o)< exp (5 (-5 (B D)) (3932
with:

V=V'+oxx)"! b=V 'b4+o'Xy) (3.9.33)

This is the kernel of a multivariate normal distribution with mean b and variance V: 7(B|y,o) ~ N(b,V).
Consider then the conditional posterior 7(o|y, B). Start from (3.9.30), relegate to the normalization con-
stant any multiplicative term not involving ¢ and rearrange to obtain:

- 5
o —a/2—1 9
n(oly,B) <o exp < 3 6> (3.9.34)
with:
a=o+n §=8+>—-XB)(y—XB) (3.9.35)

This is the kernel of an inverse gamma distribution with shape @/2 and scale 8/2:
n(oly.B) ~ 1G(a/2,8/2).

We can now introduce the Gibbs sampling algorithm for the linear regression model.
algorithm 9.1: Gibbs sampling algorithm for the linear regression model
1. set initial values B(¥) and 6(©). We use the maximum likelihood estimates B(?) = 3 and 00 = 6.

2. atiteration j, draw:
BY) from 7(Bly, o) ~ N(b,V) with:
V=V'+o'xx)"! b=V(V 'b+o'Xy)
3. atiteration j, draw:
o) from (oly, B) ~ IG(@/2,8/2) with:
a=0o+n §=56+(-XB)(y—XB)

4. repeat until the desired number of iterations is realised.

9.5 Linear regression with heteroscedastic disturbances

The linear regression model assumes that the residual variance is constant over observations: & ~ N(0,0).
Sometimes this assumption is untenable and heteroscedasticity must be explicitely integrated in the model.
The linear regression then reformulates as:

yi = Bixit + Boxip + -+ + Brxix + & & ~ N(0,0w;) i=1,---,n (3.9.36)
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The residual variance is now made observation-specific through the weighting term w;. To estimate the
model, we follow the approach of Koop (2003). First, assume that the weights w; are a log-linear function
of h regressors:

w;i = exp(Yizit + Y22 + -+ + Yhzin) i=1,---.,n (3.9.37)

The h regressors z;1,---,z;; may include some or all of the regressors x;i,-- -, X, and possibly other
regressors. It may not include a constant, which would be redundant with the common variance term o©.
For observation i the model rewrites in compact form as:

yi=Xp+eg & ~N(0,0 exp(z/y)) 2= 2 - ) (3.9.38)
Stacking then for the n observations:
y=XB+e g ~ N(0,0W) W = diag(exp(Zy)) Z=(z 2 - z) (3939

The parameters of interest for the model are then 6 = {3, 5,v}. Following definition 3.3, Bayes rule is
given by:

n(B,0,vy) e f(yIB,0,7)(B,0,7) (3.9.40)
From (3.9.39), the likelihood function obtains as (book 2, p. 33):

Ly—-XB)w-'(y—Xx
f|B,o,7) = (27‘(6)7”/2 ’W‘fl/Z exp (_2 (v B) - (v ﬁ)) (3.9.41)
For further reference, it is useful to note that the likelihood function alternatively rewrites as:
_ 1 .
fOIB.0,y) = (2m0) "/ exp (—2 [1,Zy+ (y—XB)' diag(exp(—-Zy)) (y—Xﬁ)/0]> (3.9.42)

For the prior we follow definition 4.1 and assume independence between the parameters so that
n(B,o0,y) =n(B)rn(c)x(y). The priors n(B) and n(o) are respectively given by (3.9.10) and (3.9.21).
For the prior 7(y), we set a multivariate normal prior: 7(y) ~ N(g,Q), so that:

() = Ca) Rlo e (<5100 (1)) 3943

Bayes rule (3.9.40) is not tractable analytically, so Gibbs sampling methods are required. Applying defini-
tion 6.1, the conditional posterior (S |y, o,7) obtains from the joint posterior (3.9.40) and relegating any
term not involving  to the normalization constant. This yields w(B|y,0,7) «< f(y|B,0,y)®(B). Using
the likelihood function (3.9.41) and the prior (3.9.10), one obtains:

(B0 <enp (I OIB ) o (v -0) (9.4
Completing the squares and rearranging yields (book 2, p. 34):

7(Bly,0,7) < exp (—;(ﬁ —b)V (B~ B)) (3.9.45)
with:

V=WV1l+ox'wlx)! b=V lb+o1Xx'Wly) (3.9.46)

This is the kernel of a multivariate normal distribution with mean b and variance V:
n(Bly,0,7) =N(b,V).
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Consider now the conditional posterior (o |y, B, 7). Start from the joint posterior (3.9.40) and relegate any
term not involving ¢ to the normalization constant. This yields w(cly,B,7) o< f(v|B,0,y)n(c). Using
the likelihood function (3.9.41) and the prior (3.9.21) then rearranging yields:

; S
o —a/2—1 Y
n(oly,B,y) =<0 exp < 5 6) (3.9.47)
with:
a=a+n S§=8+(y—-XB)W(y—xpB) (3.9.48)

Consider finally the conditional posterior 7(y|y, 8, 0). Start from the joint posterior (3.9.40) and relegate
any term not involving ¥ to the normalization constant. This yields (y|y, B,0) «< f(y|B8,0,7)m(y). Using
the reformulated likelihood function (3.9.42) and the prior (3.9.43) yields:

B 0) < exp (5 (1127 + - XBY diaglexal~21) (- XP) /o + (120" (-] )
(3.9.49)

This form is non-standard and cannot be rearranged into a known distribution. Sampling from the
conditional posterior 7(y|y, B,0) thus requires the use of the Metropolis-Hastings algorithm. We choose
a simple random walk kernel of the form:

},(j) — },(J'*l) Te e~ N(0,tl,) (3.9.50)

This implies that g(yU=", ¥} ~ N(y0=1 11I,), with T an exogenous hyperparameter set to generate
a 20-30% acceptance rate of the algorithm. Using definition 7.2 and noting that the symmetry of the
kernel implies (V=D 9)) = g(y1) 4-1), the acceptance probability is given by
a(YV YD) = min{1,x(y)|y, B, ) /m(y""V]y, B,06)}. Given (3.9.49), this yields:

a1, )
142(/9) — 1)
= min{ Lexp | —= | +(v—XB) diag[exp( Zy ) —exp( Zy<J1 —XB)/c (3.9.51)

+(M =g/ ' (W —g) - (1 —g) 0 ?’( )—g)

The Gibbs sampling algorithm for the model with heteroscedasticity is then:

algorithm 9.2: Gibbs sampling algorithm for the linear regression model with heteroscedasticity

1. set initial values [3(0), c(® and ¥9. We use the maximum likelihood estimates B ©) = B and
0 =6, and set Y0 =0
2. atiteration j, draw:
BY) from 7t(Bly,c,y) ~ N(b,V) with:
V=V'4oXx'wx)! b=V(V1lb4+o1X'Wly)
3. atiteration j, draw:
o) from w(cly, B,7) ~ IG(@/2,8/2) with:
a=a+n  §=8+(-XB)W '(y—XB)

4. atiteration j, draw:

a candidate value ¥ from = YU~V +e | 7m(e) ~N(0,7I))
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5. at iteration j: obtain the acceptance probability o (y<f —1) A )) given by (3.9.51)

6. at iteration j: draw a uniform random number u from u ~ U (0, 1).
if u < o(Y=1 y0)), set Y1) = 9, else, set Y1) = yi=1)

7. repeat until the desired number of iterations is realised.

9.6 Linear regression with autocorrelated disturbances

Consider the linear regression model in the context of time series. It is common in this case that the
disturbances display serial correlation across periods or autocorrelation. The model may then rewrite as:

Yt :lelt +[32X2,+"'+kakt+8[ & =015 +"'+¢q£;_q+u, Uy NN(O,G) (3.9.52)

The sample contains 7" observations for t = 1,---, T, and at each period the disturbance & is related to g
of its lags (autocorrelation of order ¢g). The model rewrites in compact form as:

Vi :xtﬁ+8t & :e,¢+u, Uy NN(O,G) (3953)
with:
xe=(xn X o x) o= (81 &2 - &) o=(01 & - @) (3.9.54)

The parameters of interest of the model are then 68 = {3,0,¢}. To estimate the model, we follow the
approach of Chib (1993).

From definition 3.3 and assuming independence between the parameters as in definition 4.1 so that
n(B,o0,¢) =n(B)rn(c)r(¢), Bayes rule is given by:

n(B,0,9ly) =< f(vIB,0,¢)m(B)7(c)7(¢) (3.9.55)

Consider first the likelihood function f(y|B,0,¢). For the incoming developements, we define the
lag polynomial ¢ (L) as:

OL)xy = (1—=g1L—--— L) xy = Xt — Proxi—1 — - — PgXi—g L'xy=x_, (3.9.56)

Apply the lag polynomial on both sides of (3.9.53) and rewrite in compact form for the T periods to
obtain:

V' =X"B+u u~N(0,0lr) (3.9.57)
with:
b x] u
y' = y2 i = 0(L)yi X' = x2 X =¢(L)x u= M:Z (3.9.58)
Y§ X‘*T u‘T
We assume that ¢ initial conditions are available to compute y; and x; for + = 1,2,--- It follows

immediately from (3.9.57) that y* ~ N(X*B, olr). The likelihood function then writes as:

f(1B,0,9) = (275) T/ exp <—; 7= XTP) W - X7P )> (3.9.59)

o
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Alternatively, rewrite (3.9.53) as:

&1 el
& e
e=EQ+u €= E= (3.9.60)
er er
It then follows that € ~ N(E¢, ol ) and the likelihood function rewrites as:
l1(e—E¢)(e—E
(1B, 0,9) = (2m0) ™"/ exp (—2( ‘7’)6( ‘7’)) (3.9.61)

For the priors, 7(f) and (o) are unchanged and respectively given by (3.9.10) and (3.9.21). For ¢, we
assume a multivariate normal distribution with mean p and variance H: w(¢) ~ N(p,H). Following:

w(0) = () I Pexp (<0 V(0 p) (.96

Bayes rule (3.9.55) is not tractable analytically, so Gibbs sampling methods are required. Applying defini-
tion 6.1, the conditional posterior 7(B|y, o, ¢) obtains from the joint posterior (3.9.55) and relegating any
term not involving B to the normalization constant. This yields 7(f|y,c,9) «< f(y|3,0,¢)n(B). Using
the likelihood function (3.9.59) and the prior (3.9.10), one obtains:

w(plo.g) <exp (5 PR ) ey (g vy 5 -n) (3969
This is similar to (3.9.11) (with y* and X* instead of y and X), so after completing the squares, we obtain:
w(Bl) <exp (5857 (B-5)) (.9.64
with:

V=v'+oxx")! b=V 'b+o'x*y") (3.9.65)

This is the kernel of a multivariate normal distribution with mean b and variance V:

n(Bly,0,¢) =N(b,V).

Consider now the conditional posterior (cly,B,¢). Start from the joint posterior (3.9.55) and relegate
any term not involving ¢ to the normalization constant. This yields w(cly,,9) =< f(v|B,0,¢)n(0).
Using the likelihood function (3.9.59) and the prior (3.9.21) then rearranging yields:

- 5
o —a/2—1 Y
n(cly,B,¢) <o exp ( 20) (3.9.66)
with:
a=a+T S=58+0"—X"B)(y —X*B) (3.9.67)

This is the kernel of an inverse gamma distribution with shape & and scale 8: n(cly, 8,¢) ~ IG(&, 5).

Consider finally the conditional posterior (¢ |y, B, ). Start from the joint posterior (3.9.55) and relegate
any term not involving ¢ to the normalization constant. This yields 7w(¢|y,3,0) < f(y|B,0,9)n(9).
Using the reformulated likelihood function (3.9.61) and the prior (3.9.62) then rearranging yields:

w0l .0) wexp (3 EELEZED ) oy (S0 pya (0 ) (.9.:68)

o
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Completing the squares and rearranging yields (book 2, p. 34):

1 _
n(@ly,B,0) =< exp (—2(¢ —p)YH (9 —ﬁ)) (3.9.69)
with:
H=H '+ 'EE)"! p=HH 'p+o'Ee) (3.9.70)

This is the kernel of a multivariate normal distribution with mean p and variance H:
n(¢ly,B,0) ~N(p,H).

The Gibbs sampling algorithm for the model with autocorrelation is then:
algorithm 9.3: Gibbs sampling algorithm for the linear regression model with autocorrelation

1. set initial values B(?), 6(® and ¢(¥). We use the maximum likelihood estimates B(©) = ﬁ o0 =6
and set ¢(0) =0.
2. atiteration j, draw:
BY) from w(Bly,c,¢) ~ N(b,V) with:
(V' +ox¥x)! b=V(V 'b+o 'X"y")
3. atiteration j, draw:
o) from (cly, B,¢) ~ IG(&/2,8/2) with:
a=a+T S=58+0"—XB) (" —X*B)
4. atiteration j, draw:
o) from 7(¢|y, B,0) ~ N(p,H) with:
H=H"'406'E'E)! p=HH 'p+c'Fe)

5. repeat until the desired number of iterations is realised.

9.7 Efficient estimation

Consider the Bayesian regression model with independent prior developed in section 9.4. The model
necessitates the Gibbs sampling algorithm and thus implies that at each iteration a new value f3 is sampled
from its conditional posterior 7(f|y, o) ~ N(b,V) (see step 2 in algorithm 9.1). The parameters for the
posterior are given by (3.9.33), repeated here for convenience:

V=wv'4oxx)"! b=vV(V'b+o7'X'y) (3.9.71)

Notice that the computation of b involves the calculation of V, and that the computation of V in turn
implies an explicit matrix inversion. Inversion is a costly operation, with the cost increasing at a cubic rate
with k, the dimension of V. For small values of k inversion can be performed quickly, but for large values
the cost may become prohibitive, especially since the calculation must be repeated at each iteration of the
Gibbs algorithm.

To save some computational time, it is preferable to adopt an alternative approach which avoids the explicit
inversion required to compute V. First, note from (3.9.71) that we can calculate V! = (V-1 + 67 1X'X)
without inversion of the right-hand side. Then denote by G the lower triangular Cholesky factor of V! so
that V! = GG'. This in turn implies that V = (GG') ! = GG ™! so that G~!" is the (upper triangular)
Cholesky factor of V.
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Note then that from property d.2 of the multivariate normal distribution we can sample a value B from
n(Bly,0) ~ N(b,V) by calculating:

B=b+¢ E~N(0,V) (3.9.72)
And equivalently, this can be done from:

B=GVG' v b+o'Xy)+GV¢ ¢ ~N(0,I) (3.9.73)
Eventually factoring the G~! term yields:

B=G"[G'(V'b+o'X"y)+(] ¢ ~N(0,I) (3.9.74)

Sampling a value 8 then only involves an inversion of G, twice. The benefit of (3.9.74) is that G is a
triangular matrix so that inversion can be done at a cheaper cost by back- and forward-substitution. Such
optimized inversion procedures for triangular matrices are routinely performed by numerical softwares. It
can then be shown (see for instance Golub and Loan (1996)) that using this approach is twice as fast as
using brute strength inversion in (3.9.71), which proves critical for large dimensional models'.

The method is general and can be summarised by the following algorithm:
algorithm 9.4: Efficient sampling algorithm

Consider some n-dimensional parameter 8 with 8 ~ N(u,X) where X! is known, u is of the form
W = Xm, and m is some known n-dimensional vector. To sample efficiently from 6 ~ N(u,X):

1. compute G, the Cholesky factor of 27!, so that 2~! = GG'.
2. sample ¢ from § ~ N(0,1,).
3. solve for § = G~ [G‘lm +¢ ] efficiently by back- and forward-substitution.

Algorithm 9.4 can be applied to any model involving a normal distribution and an explicit inversion of
its variance matrix. In particular, it can also be used to reduce the computational cost of the f steps in
algorithms 9.2 and 9.3 for the heteroscedastic and autocorrelated regression models.

9.8 Application: estimating a Taylor rule for the United States

The conduct of monetary policy constitutes the core activity of central banking institutions. To understand
how central institutions determine the leading interest rate, Taylor (1993) proposed a simple targetting rule
linking the nominal interest rate to inflation and the output gap. Precisely, he postulated that central banks
respond to inflation and economic activity with a linear policy rule of the form:

r=F+yn+ 99 (3.9.75)

r denotes the federal funds rate, 7 the target real interest rate, while 7= and j respectively denote the
inflation rate and output gap, defined as the percentage deviation of actual output from potential output. y
and ¢ are the policy parameters determining the amplitude of the response of central authorities. For the
policy parameters, Taylor (1993) assumed values of 7 =1, y= 1.5 and ¢ = 0.5. This implies that the FED
responds to positive inflation and output gap with contractionary monetary policy, increasing the federal
funds rate in reaction to inflationary and overheating pressures.

IPrecisely, the number of operations to invert a generic k x k matrix is of order 2O (k3 /3), while matrix inversion with Gauss-
Jordan elimination only scales to O(k3/3).
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To verify the relevance of the Taylor rule for the US, we collect quarterly data for the federal funds rate,
inflation and the output gap. The data is quarterly and ranges from 1955q1 to 2020q4°. The series are
plotted in Figure 9.1.
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Figure 9.1: Time series for the US Taylor rule

We first start with a naive maximum likelihood estimate of the model. Table 9.1 reports the estimates of
the Taylor rule for the different models developed in this chapter. Looking at the second line, we find our
naive maximum likelihood estimate. The values are overall consistent with the theoretical Taylor rule,
but the constant 7 is too large while the policy responses ¥ and ¢ are considerably too low. Also, the
coefficients somewhat suffer from large standard errors, especially the constant 7.

model r Y o]

Taylor rule 1 1.5 0.5

maximum likelihood 1.36 [0.23] 0.99 [0.05] 0.14 [0.06]
simple Bayesian 1.03 [0.09] 1.11 [0.03] 0.34 [0.04]
hierarchical 1.17 [0.16] 1.04 [0.04] 0.21 [0.05]
independent 1.02 [0.09] 1.11 [0.03] 0.35 [0.04]
heteroscedastic 1.02 [0.08] 1.11 [0.04] 0.35 [0.03]
autocorrelated 1.02 [0.10] 0.88 [0.07] 0.38 [0.04]

Table 9.1: Posterior estimates for the US Taylor rule (standard deviations in square brackets)

We now try to improve the estimates with Bayesian methods. The five Bayesian models introduced in this
chapter require the definition of a prior distribution (f3) ~ N(b,V) for the regression coefficients. For the
prior mean b, we can simply use the values implied by the theoretical Taylor rule. For the prior variance
V, the choice becomes quite subjective. A reasonable strategy consists in setting V as a diagonal matrix,
implying no a priori covariance between the regression coefficients. Also, for the variances, the following
is proposed: assume that with 95% confidence the target rate 7 is comprised between 0.8 and 1.2. This
implies a standard deviation of 0.1 and a variance of 0.01. Similarly, assuming with 95% confidence
that the response to inflation Y is comprised between 1.3 and 1.7 yields a standard deviation of 0.1 and
a variance of 0.01. Finally, if we believe with 95% confidence that the response to the output gap ¢ lies
between 0.4 and 0.6, we obtain a standard deviation of 0.05 and a prior variance of 0.0025.

2The three series are obtained from the Saint Louis FED website; federal funds rate: series FEDFUNDS; inflation: series
CPIAUCSL, switched to year-on-year growth rate; output gap: series GDPC1 of actual GDP, and GDPPOT of potential GDP;
output gap defined as 100 times the ratio of actual over potential GDP.
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This eventually yields:
1 0.01 O 0
b=115 V=1 0 0.01 0 (3.9.76)
0.5 0 0 0.0025

Depending on the models, other priors have to be defined. For w(o) ~ IG(0t/2,8/2), a classical choice
consists in setting & = 6 = 0.0001. These tiny values set a diffuse prior, leaving the burden of estimation
to the data. Similarly for the heteroscedatic and autocorrelated models, there are no obvious a priori values
for m(y) ~ N(g,Q) and () ~ N(p,Z). So we set diffuse prior by setting g = 0;, Q = 1001, p = 0, and
Z =100 I,.

The resulting estimates (using the posterior median) for the Bayesian models are displayed in rows 3-7
of Table 9.1. Two main conclusions arise. First, compared to the maximum likelihood regression, the
Bayesian estimates get closer to the theoretical Taylor rule. The Bayesian priors effectively managed
to mitigate the data information, driving the estimates towards the prior values. The obtained posterior
estimates are thus more consistent with economic theory. Second, the addition of prior information also
contributed to reduce the posterior variance, producing more accurate estimates. This is especially obvious
for the constant 7, but overall all the coefficients benefited from the additional prior insight.

The question that arises next is: are these Bayesian models really better than the regular maximum like-
lihood model? Do they produce better predictions? And among them, which one is the most relevant?
These questions will be answered in the next chapter.
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CHAPTER 10

Applications with the linear regression
model

This chapter introduces two essential features of the linear regression model: prediction, and model se-
lection.

10.1 Prediction

Prediction is probably the most important application when it comes to the linear regression model. In the
context of a frequentist approach with maximum likelihood estimates for 8 and o, prediction is straight-
forward. Denote by X the m x k matrix containing the m additional vectors of regressors from which we
want to predict, and by y the resulting m-dimensional vector of predictions. From (3.9.2), a minimum
variance linear prediction obtains as:

§=E(|X)=Xp (3.10.1)

Confidence intervals at the o confidence level can then be obtained from (see for instance Greene (2003),
chapter 6):

§+Typ(0l,+X[o(X'X) X df =n—k (3.10.2)

In a Bayesian context predictions are formed using the posterior predictive distribution. Consider first the
simple Bayesian regression developed in section 9.2. From definition 4.8, the likelihood function (3.9.4)
and the posterior distribution (3.9.17), the posterior predictive distribution obtains as:

£5) = [ £(51.B) 7(Bly) B
o /exp <_1 (yA_XB)/@_Xﬁ)) exp (—;(ﬁ _BYVB —13)> dp (3.103)

2 c

After some algebraic manipulations, this rewrites as (book 2, p. 37):
1 . IR o
f(ly) o< exp (—z(ﬁ—Xb)’(Glm +XVR)! (ﬁ—Xb)) (3.10.4)

where b and V are defined as in (3.9.14). This is the kernel of a multivariate normal distribution with mean
Xb and variance o1, + XVX': f($|y) ~ N(Xb, o, +XVX'). The prediction is thus normal, centered on
the posterior mean Xb. The variance is similar to the scale parameter in the frequentist equation (3.10.2),
except that the Bayesian estimate V = (V! + ¢~ !X’X)~! additionally accounts for the prior variance V.

Notice that the structure of the variance implies that the prediction has two sources of variance. The first
component o1, is the variance due to the intrinsic noise in the model (the residual term € in (3.9.2)). The
second component XV X’ reflects the uncertainty about f3, the unknown parameter of the model.

89
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We now consider the regression model with the hierarchical prior developed in section 9.3. From defi-
nition 4.8, the likelihood function (3.9.4) and the posterior distribution (3.9.22), the posterior predictive
distributon obtains as:

76ly) = [ [ £51.8.0) 2(B.ol) dpdo
<[ [ ey (L EIBLGEBYY o (1= XBI G- B))

2 o 2 c
—k/2 _l AY; -1 o —a/2-1 _i
x o~ "/~ exp ( 2([3 b)' (cV) (B b)) X O exp ( 26) (3.10.5)

After some manipulations, the expression reformulates as (book 2, p. 39):

1 )—(éc+m)/2

fly) o (1 + a(ﬁ—XB)’[S(Im +XVx) /&) (5— Xb) (3.10.6)

with V,b, & and S defined as in (3.9.24). This is the kernel of a multivariate Student distribution with
location Xb, scale 8(I,, + XVX')/a& and degrees of freedom &: f(§|y) ~ T(Xb,8(1,, +XVX')/@&, &).
Notice the similarities with (3.10.4): the predictive distribution is the same as in the Gaussian case,
except that treating ¢ as an unknown parameter results in additional uncertainty. Following, the predictive
distribution becomes Student, the fat tails reflecting the increased variance.

Consider predictions for the independent prior model developed in section 9.4. The model requires Gibbs
sampling for estimation, and thus the predictive density must be recovered from the Gibbs sampling sam-
pling draws, following algorithm 6.3. Adapted to the independent prior linear regression, the algorithm
becomes:

algorithm 10.1: Gibbs sampling algorithm for the posterior predictive distribution, linear regression
with independent prior

1. at iteration j, draw B) and 6/) from their posterior distributions. Recycle the values obtained
from the j'” iteration of the Gibbs sampling algorithm.

2. draw € from & ~ N(0, 61,,), then calculate § = X8 + €.
3. marginalize, that is, discard B and ¢ and keep only .

4. repeat until the desired number of iterations is realised.

Predictions are only slightly more complicated to obtain in the case of the heteroscedastic model of section
9.5 and the autocorrelation model of section 9.6. For the former, algorithm 6.3 becomes:

algorithm 10.2: Gibbs sampling algorithm for the posterior predictive distribution, linear regression
with heteroscedasticity

1. atiteration j, draw B/), c() and Y1) from their posterior distributions. Recycle the values obtained
from the j/”* iteration of the Gibbs sampling algorithm.

2. calculate W from W = diag(exp(Zy)), then draw & from & ~ N(0,6W); finally, calculate
jy=XB+e.

3. marginalize, that is, discard 3, o and ¥ and keep only .

4. repeat until the desired number of iterations is realised.
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For the model with autocorrelation, finally, algorithm 6.3 becomes:

algorithm 10.3: Gibbs sampling algorithm for the posterior predictive distribution, linear regression
with autocorrelation

1. atiteration j, draw B(), 6(/) and ¢/) from their posterior distributions. Recycle the values obtained
from the j/” iteration of the Gibbs sampling algorithm.

2. for j=1,---,m, draw u, j from ;1 j ~ N(0,0), then calculate:
Ej = Q1€ j—1+ -+ Og€pjg t Uty

3. for j=1,--,m, calculate y ; from §, ; = x; ;B +&-;
4. marginalize, that is, discard §,0 and ¢ and keep only § = 9,1, , $rim.

5. repeat until the desired number of iterations is realised.

10.2 Forecast evaluation

Producing accurate predictions constitutes a central concern in linear gression. In this respect, forecast
evaluation criteria constitutes an important aspect of the prediction exercise. We start the analysis with
simple measures of in-sample fit. It follows immediately from (3.9.2) that € = y — X . Denoting by B the
point estimate for the regression coefficients (the posterior median for all Bayesian models), an estimate
of the residuals obtains as:

g=y—Xp (3.10.7)

Based upon this, we define the following classical goodness of fit quantities: the sum of squared residuals,
the R? and the adjusted-R>:
SSR n—1

SSR=8¢8  TSS=(y-3) (-3 R=1-—"— dj-R*=1—(1-R*)— 3.10.8

g =7 '0-y) Tss  odi ( i ( )
For the maximum likelihood regression, two additional classical measures of goodness of fit are provided
by the Akaike Information Criterion (AIC) and the so-called Schwarz’s Bayesian Information Criterion
(BIC), respectively defined as:

AIC =2k/n—21L/n BIC = klog(n)/n—2 L/n (3.10.9)

where L = log(f(y|@)) is the log-likelihood of the model defined in (3.9.6), evaluated at the maximum
likelihood estimates 8 and 6. After some manipulations (book 2, p. 42), the two criteria rewrite as:

AIC =2k/n + log(6) BIC =k log(n)/n + log(6) (3.10.10)

While in-sample criteria provide useful insight, most often we are interested in the out-of-sample predic-
tive performance of the model. Denote again by ¥ the m-dimensional vector of out-of-sample predictions,
and by J; the individual predictions in the vector, i = 1,--- ,m. For Bayesian models, the predicted value
is simply defined as the median of the posterior predictive distribution. Denote then by y;, i = 1,--- ,m the
set of corresponding actual values. Then the Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE) and Mean Absolute Percentage Error (MAPE) are defined as:

Az T 100 &
(vi — i) MAE = 72 lvi — 9 MAPE = —Z
iz m iz

yi— i
Yi

(3.10.11)

(g E

RMSE =

1
mi3

The three criteria represent a measure of distance so that the lower the better. Two additional measures
are of interest. The Theil inequality coefficient (Theil-U) is always comprised between 0 and 1; a perfect
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fit yields a value of 0, while forecasts get increasingly inaccurate as the value approaches 1. The bias
represents the tendency of the prediction to be systematically higher of systematically lower than the
realized value; A value of 0 indicates no bias, while values tending towards 1 (respectively -1) represents
a tendency to be systematically higher (respectively lower) than the observation. The formulas are given
by:

Theily = — YIE0i— 5P bias — iz~ i
m .
\/Zl 1Yi +\/Zl 1yl i:l|yl y1|

The above forecast evaluation criteria consider only single-valued forecasts. Bayesian models however
are richer since they result in full predictive distributions. Ideally, a Bayesian criterion should thus account
for the entire distribution, and not just the point estimate. Intuitively, a preditive distribution will produce
good forecasts if the realised values are located in points of high density. The log score (LLogS) of Good
(1952) and the continuous ranked probability score (CRPS) of Matheson and Winkler (1976) build on
this principle. They are defined as:

(3.10.12)

LogS = — log(f()) CRPS = / +°° —1(y; <2))’dz (3.10.13)

where we use f and F' to denote respectively the density and cumulative distribution functions of the
predictive density. In short, both measures attribute a penalty to predictions that deviate from the points
of high density in the predictive distribution. More accurate forecasts result in lower penalties and hence
lower scores. Computing the log score is straightforward for the simple and hierarchical linear regressions
since the predictive density take analytical forms (refer to (3.10.4) and (3.10.6), respectively). For the
other models, one must rely on numerical approximations. A classical solution proposed by Kriiger et al.
(2017) consists in using a Gaussian approximation of the posterior predictive distribution, noting that
predictive distributions are typically close to a Normal distribution. In this case, the log score is given by:

LogS = — log(¢(vi)) (3.10.14)

where ¢ denotes the density function of the normal distribution with mean fi and variance & calculated
from the Gibbs sampler draws of the empirical predictive density.

For the CRPS, (3.10.13) is never used directly. Analytical equivalents are available whenever the predic-
tive density is normal (Gneiting et al. (2005)) or Student (Jordan et al. (2019)). Consider first a Normal
predictive density f($ily) ~ N(fl;, 6;), and denote by J; = (y; — [l;)/Si, where §; = ,/0; is the standard
deviation of the predictive distribution. Then the CRPS is given by:

N - . 1
CRPS:si{ yi(2cb(yi)—1)+2¢(yi)—ﬁ } (3.10.15)
where ¢ and ® respectively denote the density and cumulative distribution function of the standard normal
distribution. Consider then a Student distribution predictive density f(¥;|y) ~ T ({l;, 6;, V;), and denote by

¥i = (yi — [1;) /$;, where §; = /0; is the square root of the scale parameter. Then the formula becomes:

o,~+y~%> 2V B Y- ) }
7)

vi—1 vi—1 B(%in

CRPSzfi{ 5i(2F (5;) — 1)—1—2f()7,~)< (3.10.16)

where B(x) denotes the Beta function. Whenever analytical formulas are not available for the predic-
tive density, the CRPS can be approximated from the Gibbs sampling draws of the posterior predictive
distribution. Kriiger et al. (2017) show that the CRPS can be consistently estimated from:

1 J J .
CRPS = - Z 57 =il =3 X X157 =5 (3.10.17)
j=1k=1
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where $U) denotes draw j obtained from the Gibbs sampler for the predictive distribution. Equations
(3.10.14) - (3.10.17) provide formulas for individual forecasts. For an exercise involving m forecasts, the
overall log score and CRPS are then obtained by taking the mean over the m individual values.

10.3 Marginal likelihood

The marginal likelihood constitutes the basis of model comparison and hypothesis testing in the context of
linea regression. Consider first the simple Bayesian regression developed in section 9.2. From definition
4.6, the marginal likelihood obtains from:

1) = [ 161B)x(B)dp
(= XB) (y~Xp)

— [mo) 2 exp (3 VIR oy by rexp (< (8- 0)v (- 0) ) ap
(3.10.18)

where use has been made of the likelihood function f(y|B) given by (3.9.4) and the prior (f3) given by
(3.9.10). Rearranging and completing the squares, this reformulates as (book 2, p. 43):

fly) = (271,')*"/2 67"/2|V’1/2|V|71/2 X exp (—; [y'61y+b’V1b—l_7V1l_)]>
X /(27:)*"/2\\7\*1/2exp (—;([3 —b)V'(B —13)) dp (3.10.19)

with V and b defined as in (3.9.14). The second term is the probability density function of a multivariate
normal distribution which thus integrates to 1, leaving only:

f) = @)™ a2V V2 V|72 xexp (—; [y’oly+b’v1b—13x7113]> (3.10.20)

Numerical instability may occur if the prior variance values in V are small. For this reason, it is convenient
to reformulate (3.10.20) in numerically stable form as (book 2, p. 44):

1 I
fOo) =@2r) " 6oL+ o 'VX'X| T Pexp <—2 [y’oly+b’vlb—bvlb}) (3.10.21)

Next, consider the hierarchical prior developed in section 9.3. From definition 4.6, the marginal likelihood
obtains from:

1) = [ [ 161B.0)7(B,0)apdo
://(27:0)—"/2 exp <_1(y—XB)’(y—XI3)>

2 (e

/2
x (2m) 2oV |2 exp (—;(/3 —b)'(aV) (B - b)> X g(/i/z)c—a/z—l exp <—2‘Z> dBdc

(3.10.22)

where we used the likelihood function f(y|3, ) given by (3.9.4) and the priors 7(f3|0) given by (3.9.20)
and (o) given by (3.9.21). Rearranging and completing the squares, this reformulates as (book 2, p. 44):
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_ e 8% T(@)2)
_ on/2 1/2(7711/2

_ 1, o, - . 5202 S
< [ [y oV Rexp (-2(;3 —BY(oV) (B —b)> (/ a0 lew <—2G> dpdc
(3.10.23)
The values of V, b, & and & are as in (3.9.24). The terms within the integrals respectively represent the

probability density functions of multivariate normal and inverse Gamma distributions. They thus integrate
to 1, leaving only:

B 8%% I'(a/2)
) 1/2)j7(1/2
o) = VTV s I(a/2) (3.10.24)

It is also convenient to reformulate this term in numerically stable form as (book 2, p. 46):

8% T(a/2)

— /2 Iy-1/2 &

(3.10.25)

Consider then the independent prior developed in section 9.4. The model relies on simulation methods,
so the marginal likelihood must be computed from equation (2.6.15), namely:

fOIB, 0")m(B*,07)
(0¥ [y, B*) x 3 Lj—y w(B*|0 V), y)

Using the likelihood function (3.9.4), the priors (3.9.10) and (3.9.21), and the conditional posteriors
(3.9.33) and (3.9.35), it can be shown that the marginal likelihood formulates as (book 2, p. 47):

exp (—3(B—b)'V (B D)) 8%/ T'(a/2)
Yioi -+ o 'VX'X)[V2exp (—3 (B~ b)YV (B b)) 6%/ I'(e/2)

This form is similar to (3.10.25), save for the approximation of the determinant term stemming from the
Gibbs sampler.

fy)~ (3.10.26)

fly) ~ 71'_”/2 (3.10.27)

Finally, we consider the linear regression models with heteroscedasticity and autocorrelation developed in
sections 9.5 and 9.6, respectively. These models involve 3 blocks of parameters, and the heteroscedastic
regression additionally necessitates the Metropolis-Hastings algorithm. For these reasons, the Chib (1995)
approach cannot be used directly, and instead we use the Gelfand and Dey (1994) methodology introduced
in section 7.4.

For the heteroscedastic model, a direct application of (2.7.17) yields:

L i g(6\)
Iy = fOIBY, W), yI)) (BU)) m(cW) m(y)

Using the probability density function (2.7.19) along with the likelihood function (3.9.41) and the priors
(3.9.10), (3.9.21) and (3.9.43) then rearranging yields (book 2, p. 48):

& r 2
log(f(y)) =~ —log ((wJ)1(27r)(”1)/2 ]z|*1/2 ’V’I/Z \Q|1/2 5(/Zé/2)>

; (@i L[ (—XB)(oW) " (y—XB)+ (B —b)'V (B —b)
_log<2 (60) W0 +)/2+lexp<2[—|—56_1—|—(’)/—g)/Q_1(’)/ g)—(0—6)s1(6— 9)D>

(3.10.29)

(3.10.28)
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The summation term may easily break down when n gets large due to the o(@ /241 term. A numerically

stable solution consists in converting the log-summation into a summation of logs, which can be done
using the so-called log-sum-exp identity:

log<zj: ) log(x )+log<2exp (log(x,)—log( ))) X = max{x;} (3.10.30)

J=1

A similar strategy is applied to the regression model with autocorrelation: applying (2.7.17), we obtain:

1 1Y g(6U)
W“}; y|BD), o), yi) n(BD) n(cW)) m(¢) (3.10.31)

Using the probability density function (2.7.19) along with the likelihood function (3.9.61) and the priors
(3.9.10), (3.9.21) and (3.9.62) then rearranging yields (book 2, p. 49):

& I'lex/2
log(f(y)) ~ ~log (<w>1<2n><“>/2 5712 V|12 212 5(/3//))

/ L L[ (e~Eo)o }(e—Eg)+(B—b)V (B —b)
_log<g +T)/2+1eXP< [+56—1+(¢ p)’Z (¢ p) ( @) ( A) ]))
(3.10.32)

10.4 Application: revisiting the US Taylor rule

We return to the Taylor rule example developed in section 9.8, and ask two additional questions. Does the
data exhibit heteroscedasticity or autocorrelation? And which model produces the best predictions?

To get a hint on the first question, we start by plotting the residuals obtained from the naive maximum
likelihood regression (Figure 10.1).

20

10
15

10

(53]

»V\/

0 ,
1960 1980 2000 2020 1960 1980 2000 2020

(a) Actual and fitted (b) Residuals

Figure 10.1: Maximum likelihood regression: fitted and residuals

At first sight, the residuals appear both heteroscedastic and autocorrelated. Clearly, their variance is
not constant, especially in the 1980’s which exhibits a fueling in volatility. Also, the residuals reveal
periods of positive (1980-2000) and negative (1970-1980) autocorrelation. To make this point formal, we
rely on the marginal likelihood setting developed in section 4.7. We compare the marginal likelihood of
the independent Bayesian regression model based on the assumption of spherical disturbances with the
marginal likelihood of the heteroscedastic and autocorrelated models. The values m(y) of the different
Bayesian regression models are reported in Table 10.1.
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Model SSR adj-R? m(y) RMSE Log$ CRPS
max. likelihood 1398 0.589 - 3.19 - -

simple Bayesian 1496 0.561 -268.38 2.11 2.16 1.22
hierarchical 1412 0.586 -267.48 2.48 2.33 1.45
independent 1503 0.559 -273.16 2.09 2.18 1.21
heteroscedastic 1481 0.565 -256.86 2.10 2.14 1.22
autocorrelated 1725 0.493 -199.74 1.79 2.12 1.06

Table 10.1: Forecast evaluation criteria and marginal likelihood for the linear regression models

The results are unambiguous: the model with spherical disturbances yields a marginal likelihood of
-273.16, considerably smaller than the heteroscedastic model (-256.86) and the autocorrelated model
(-199.74). Using Jeffrey’s Guidelines provided in Table 4.1, we conclude that the data rejects the null
hypothesis of spherical disturbances in favor of both heteroscedasticity and autocorrelation, the latter
being most strongly supported.

We now consider the question of the best predictor. To do so, we separate the data sample into a train
sample including the first 75% of the data (until 2004), and keep the remaining data as test sample. The
models are first estimated on the train sample, along with in-sample fit scores (SSR and adjusted-R?).
Predictions are then formed on the test sample, and the forecasts are evaluated from prediction criteria
(RMSE, log scores and CRPS).

By construction the maximum likelihood model obtains the best in-sample scores, closely followed by
the hierarchical model. The simple, independent and heteroscedastic models perform average, while the
autocorrelated looks especially poor.

Those in-sample results may be quite misleading though, and indeed the conclusions change radically
whenever the models are considered for out-of-sample predictions. Two conclusions arise. First, the
naive maximum likelihood proves the worst model in terms of forecast performance. It is beaten by every
single Bayesian model in terms of RMSE, and quite significantly. This shows that adding relevant prior
information does contribute to improve the predictive performance, while on the other hand simple OLS
models tend to overfit.

Second, the autocorrelated models proves by far the best predictor. This is spectacular in terms of RMSE
and CRPS, and remains marginally true for the log score. This comes in contrast with the poor in-sample
performance, confirming that the quality of a model comes primarily from its ability to catch the true
data generative process outside of the training sample. The heteroscedastic model also performs fair, but
only to a lesser extent compared to the other Bayesian models. Overall, these results confirm the previous
conclusion that heteroscedasticity and autocorrelation represent the correct behaviour of the data.
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CHAPTER 11

Vector autoregressions

This chapter introduces the workhorse of Bayesian time-series econometrics: vector autoregressions. It
focuses on model formulation and estimation. Additional aspects of the model will be discussed in sub-
sequent chapters.

11.1 Formulation and maximum likelihood estimate

A general vector autoregression model, or VAR in short, can be formulated as:
y[:CZ[+A]y1_]+"'+Apyt_p+81 EINN((),Z) [:]7,T (4111)

where y; is a n-dimensional vector of endogenous variables, z; is a m-dimensional vector of exogenous
variables such as constant and trends, and & is a n-dimensional vector of residuals. Ay,---,A, are n X n
coefficient matrices on the lagged values of y, while C is a n X m matrix of coefficients on the exogenous
regressors z;. The n-dimensional vector of disturbance & is assumed to be normally distributed with
zero mean and variance-covariance matrix E(g/&,) = X, where X is symmetric and positive definite. The
disturbances are non-autocorrelated so that so that E(g/e;) = 0 if # # s. The sample is observed over
t=1,---,T time periods.

A VAR model presents two main characteristics. It is multivariate as it represents a system of n simulta-
neous equations where each of the n endogenous variables is explained by itself and the other variables of
the system. It is also dynamic since the variables y, are explained not only by the exogenous regressors
%, but also by their own lagged values y;_1,---,y;—p.

The VAR implies the estimation of k = m + np coefficients for each equation, and thus a total of g = nk
coefficients for the full model. Estimation can be made more convenient by rewriting the VAR in compact
form. Transposing and stacking the elements in (4.11.1) over the T sample periods yields:

Y =XB+&E (4.11.2)
with:
Y 2 ¥ o Y C |
Y = y./2 X = Z.lz y.ll ylz._” B= A./l £= g,é (4.11.3)
y;T Z;T y’T._l yﬂr., » A; &

Y, X, B and £ are matrices of respective dimensions 7 x n, T X k, k x n and T x n. In practice, it is often
easier to work with a vectorized version of (4.11.2). Using property m.54 one obtains:

y=XB+e e~N(0,X) (4.11.4)
with:
y=vec(Y) X=X B = vec(B) e =vec(€) E=YXxly (4.11.5)
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y and € are vectors of dimension nT while X is a nT x g matrix of regressors. f3 is a g-dimensional vector
that gathers the dynamic coefficients of the model. With this formulation, one can define the parameters
of interest for the model as 6 = {,X}.

Consider first a frequentist approach of the VAR model. Following section 3.1, we need to set the like-
lihood function for the model. It follows immediately from (4.11.4) that y ~ N(Xf,X). The likelihood
function is then given by:

F01B.2) = () THE exp (- (- XBYE - X)) @116)

Following definition 3.5, the maximum likelihood estimates [§ and ¥ are obtained by maximizing the
likelihood function:

B.% = argmax log(f(y|B,%)) (4.11.7)
B.E
The log-likelihood function is given by:
1
2

Ly XBYE(y-XB) (4.11.8)

tog(/(416,2)) = ~"5 log(2m) — 5 log(I%]) 5

dlog(f(IB.X)) _ .4 9log(f(vIB, X))

The maximum is found by solving simultaneously for T =0an 3% =0.

It can be shown (book 2, p. 53) that the resulting estimates are:

A ~ N N 1 ~ A

B = vec(B) B=X'x)"'xy L=y —XB) (Y —XB) (4.11.9)

The maximum likelihood estimates ﬁ and £ for the VAR model can be seen to coincide with standard OLS
estimates, save for a bias in £ (the divisor should T — k — 1 instead of T to obtain an unbiased estimator).

The maximum likelihood estimates are consistent. Thus for large samples a confidence interval at the o
confidence level for any individual coefficient 3; can be obtained from (see for instance Hamilton (1994),
chapter 11):

Bi £ Ny s si si = /i 0=2®X'Xx)"! (4.11.10)

11.2 The Minnesota prior

This section introduces the simplest Bayesian VAR model, based on the prior initially developed by
Litterman (1985) and Doan et al. (1984) at the University of Minnesota. In this version of the model, the
residual variance-covariance matrix ¥ is assumed to be known so that only the VAR coefficients  remain
to be estimated. To do so, we define X = £, the maximum likelihood estimate obtained from (4.11.9). In
this case, we are left with & = {8}. From Bayes rule 3.3, the posterior (f|y) is given by:

m(Bly) =< f(yIB)=(B) (4.11.11)

The likelihood function f(y|B) is given by (4.11.6). Consider then the prior distribution for . The
multivariate normal distribution appears as a natural choice. We thus set the prior to be multivariate
normal with prior mean b and prior variance V: n() ~ N(b,V). Following:

n(B) = (2m) 2 |V|"2exp (—;(B b)YV (B - b)> (4.11.12)
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The definition of b and V represents a key aspect of Bayesian VAR modelling and will be discussed in
details shortly. For now we treat these values as given and proceed with estimation: substituting the likeli-
hood function (4.11.6) and the prior (4.11.12) in Bayes rule (4.11.11) and relegating to the normalization
constant any term not involving 3, one obtains:

T(Bly) o< exp <—;(y—??ﬁ)’i‘l(y—??[3)> X exp <—;(B -bn)v (B —b)) (4.11.13)

Starting from (4.11.13), rearranging and completing the squares, it can be shown (book 2, p. 54) that the
posterior rewrites as:

1 o _
(Bly) o< exp (—2(13 ~byv'(B —b)> (4.11.14)
with:
V=v'l4zlex'x)! b=V(V b4vec(X'YL™)) (4.11.15)

This is the kernel of a multivariate normal distribution with mean b and variance V: 7(B|y) = N(b,V).

Now that the posterior is derived, the question that remains is how b and V should be defined. This is a
key element since the quality of the prior determines the relevance of the posterior. The strategy followed
here is due to Litterman (1985) and has by now become canonical under the name of Minnesota prior.

The prior mean b postulates that most economic variables behave as random walks. Therefore, each
variable included in a VAR model should be characterized by a value of 1 in its first own lag, and a value
of 0 for any other coefficient. In practice, VAR models are often estimated with stationary variables. In
this case, a value close to but smaller than 1 such as 0.95 may be prefered for the prior on the first own
lag. As an example, consider a small VAR with 2 variables, 2 lags and one constant, and assume that each
endogenous variable has its own autoregressive coefficient §; on its own first lag. Then one obtains:

(4.11.16)

Vi 0 or 0 (yie—1 0 0) [y €1
LA - ) ; ) b=
Ge)=0)+ (5 &) )+ o) Cu)+ (o) =

coSPoocococoo ™o

For the prior covariance V, the strategy postulates a diagonal matrix (no prior covariance between coeffi-
cients) with smaller prior variance for coefficients on further lags and other variables, reflecting the belief
that such coefficients are more likely to be equal to 0. On the contrary, a large prior variance is set on
exogenous variables as little is known about their coefficient values. This gives the following cases:

1. Coefficients in f relating endogenous variables to their own lags. The prior variance is then given by:

2
(lazlm) (4.11.17)

where 7; is an overall tightness parameter that applies to all coefficients, and 73 is a parameter that controls
the speed at which the prior variance on further lags is shrunk to 0.
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2. Coefficients in f relating endogenous variables to the lags of other endogenous variables. The prior
variance is then given by:

2
<S> <”‘”2) (4.11.18)
s lag™

where s; and s; denote the residual variance of autoregressive models estimated by OLS for variables i and
J, i being the explained variable and j the explanatory variable. 7 is a cross-variable shrinkage parameter
that further reduces the prior variance.

3. Coefficients in 8 related to exogenous variables. The prior variance is then given by:
si(m74)? (4.11.19)

where 74 is an exogenous-specific shrinkage parameter.

The following parameter values are commonly found in the litterature: 7; = 0.1, 1, = 0.5, 713 =1 or 2
and 7y = 100 or more.

For the above simple VAR with 2 variables and 2 lags, the prior variance settings yields:

si(mmy)® 0 0 0 0 0 0 0 0 0
0 (71)? 0 0 0 0 0 0 0 0
0 0 L(mm) O 0 0 0 0 0 0
0 0 0o (&) o 0 0 0 0 0
0 0 0 0 L(Z@)? 0 0 0 0 0
V= 52
0 0 0 0 0 2 (7 74)? 0 0 0 0
0 0 0 0 0 0 2(mm)* 0 0 0
0 0 0 0 0 0 0 (m1)? 0 0
0 0 0 0 0 0 0 0 23?0
0 0 0 0 0 0 0 0 o (&)
(4.11.20)

11.3 The Normal-Wishart prior

The main shortcoming of the original Minnesota prior is that it assumes that the residual variance-
covariance matrix X is known. This is a strong assumption, and for this reason the Minnesota prior has
been later updated to include X in the set of estimated parameters. The version developed in this section
closely follows the presentation of Kadiyala and Karlsson (1997)".

The beauty of the Normal-Wishart prior resides in the existence of analytical posteriors despite the estima-
tion of multiple parameters. This comes however at the cost of a hierarachical prior, the use of matricial
distributions, and additional complexity in calculations.

In this setting, the model is thus still the VAR model introduced in (4.11.1), but the parameters of interest
are extended to 6 = {3,X}. Following, Bayes rule is given by:

n(B,Xly) o< f(yIB.X)7(B,X) (4.11.21)

IThe prior developed in this section is usually known as the “Normal-Wishart” prior. However, as it represents a late variation
of the Minnesota prior, the litterature sometimes also designates it as the “Minnesota” prior. There is thus a possible ambiguity
with the original Minnesota prior that must be settled from the context.
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The Normal-Wishart builds a hierarchical prior by assuming that the prior distribution of  depends on
the residual covariance matrix X. This construction is necessary to derive analytical posteriors. Following,
we state 7(f3,X) = n(B|X)7(X) and Bayes rule (4.11.21) rewrites:

(B, Zly) < f(y1B,X) m(B[Z) 7(X) (4.11.22)

The likelihood function is still given by (4.11.6). For later calculations, it is however convenient to refor-
mulate it: after some manipulations, it can be shown (book 2, p. 55) that it rewrites as:

FOIB,Z) = (2m) 2| Pexp (—;(B —B) e x'x)") ' (B —3))
X exp <—; tr [Z_l(Y—XE)’(Y—Xé)]> (4.11.23)

with ¥, X, 8,B and ﬁ defined as in (4.11.2) and (4.11.9). The first row of (4.11.23) can be recognised
as the kernel of a multivariate normal distribution for 3, and the second row as the kernel of an inverse
Wishart distribution for X, both centered around maximum likelihood estimates. It then seems natural to
assume the same prior distributions for § and X to obtain conjugacy, and indeed this is the strategy that is
going to be applied.

For 3, the multivariate normal distribution represents again a good candidate. However, we note that the
first row of (4.11.23) suggests a dependence of 3 on X through the Kronecker structure, which motivates
the use of a hierarchical prior. The prior is thus defined as a multivariate normal distribution with prior
mean b and prior variance X @ W: w(B|X) ~ N(b,LQW):

m(BZ) = 27) Y2z W] exp (—;([3 —b)(Zaw) (B —b)) (4.11.24)

The prior mean b is defined similarly to the Minnesota prior. For the prior variance, note the difference
between W in (4.11.24) and V in the Minnesota prior (4.11.12): while V represents the full variance-
covariance matrix of 3, W only represents the prior variance of a single equation in the VAR. The specific
Kronecker structure of the hierarchical prior then implies that each equation has its prior variance scaled
by the residual variance given by X. To keep the overall structure as close as possible to the original
Minnesota prior, W is defined as follows:

1. For the coefficients in 3 relating endogenous variables to their own lags or to the lags of other endoge-
nous variables, the prior variance is given by:

2
<1>( il > (4.11.25)
si) \lag™

where 7 and 73 are the overall tightness and lag decay parameters of the Minnesota prior, and s; denotes
again the residual variance of an autoregressive models estimated by OLS for explanatory variable j.

2. For the coefficients in f related to exogenous variables, the prior variance is given by:
(my74)? (4.11.26)

Consider again a simple VAR model with 2 variables and 2 lags. The prior matrix W then writes as:

(71'17174)2 0 0 0 0
o (D= o 0 0
w—| o 0 (iz) ? 0 0 (4.11.27)
0 0 o (L&) 0
0 0 0 0 (L) ()
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Following, the full prior covariance ¥ ® W matrix writes:

YW =
(711(71'171’4)2 0 0 0 0 612(717171'4)2 0 0 0 0
0 L 0 0 0 @)z 0 0 0
0 0 (%) n? 0 0 0 0 (0—'22) ? 0 0
0 0 0 () (&) 0 0 0 0 (%) (&) 0
0 0 0 0 (&) (&) o 0 0 0 (22) (&)
621(7[171'4)2 0 0 0 0 022(77.'171'4)2 0 0 0 0
o ()= o 0 0 o (=)= o 0 0
0 0 () 0 0 0 0o () 0 0
0 0 o () (&) 0 0 0 o (=) (&) 0
0 0 0 0 (=) (%) 0 0 0 0 (=) (&)
(4.11.28)

Note the similarities and differences between the Minnesota covariance matrix (4.11.20) and the normal-
Wishart matrix (4.11.28). The two matrices follow the same shrinkage pattern, applying overall and
lag-specific shrinkage through the parameters 7, and 73. The specific Kronecker structure of the normal-
Wishart prior precludes however the application of the cross-variable shrinkage m,. This makes the
normal-Wishart prior comparable to a Minnesota prior with m, = 1, a restrictive and intrinsically un-
desirable assumption. Also, we can see that the normal Whishart uses both o;; (entry i, j of X) and s; for
scaling. This makes the prior analysis more complex as the o;; terms are not constant hyperparameters but
random variables endogenously estimated within the model. Finally, the off-diagonal terms imply that the
normal-Wishart prior generates prior covariance between the coefficients, another potentially undesirable
assumption.

It remains to define a prior distribution for the residual variance-covariance matrix X. The usual choice is
an inverse Wishart distribution with degrees of freedom ¢ and scale S: 7w(X) ~ IW(«,S). Following:

—an/2
"= 5
n\2

S|4 20y <—;tr{):_1S}> (4.11.29)

Kadiyala and Karlsson (1997) suggests to define & and S as:

s1 0 - 0
0 s -+ 0

a=n+2 S=(a—n-1)| . . . . (4.11.30)
0 0 Sy

where s; denotes again the residual variance of an autoregressive models estimated by OLS for explanatory
variable i. The prior degrees of freedom « is set at the smallest value ensuring the existence of a prior
mean and variance for X, keeping the distribution well-defined but as uninformative as possible. The prior
scale is defined so that E(X) = diag(sy,s2,- - ,s,), in other words to replicate the elements of a diagonal
OLS estimate.

From Bayes rule (4.11.22), we combine the likelihood function (4.11.23) with the priors (4.11.24) and
(4.11.29) to obtain:
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R(Bzh) = [o| e (~5(B- B o (X)) (- )

X exp <; tr [Zfl(Y fXé)/(Y Xé)])
<EoW e (B -/ EaW) (B -1)
% |Z|_(a+"+l)/2exp <—;tr{2_lS}> (4.11.31)

where we have relegated to the normalization constant any multiplicative term not involving 8 or X. This
joint posterior can rewrite as the product of a matrix normal distribution for B (the unvectorized form of
B in (4.11.2)) and an inverse Wishart for X. Indeed, it can be shown (book 2, p. 56) that:

n(B,Zly) o< || exp <—; tr{):fl(B/ -BYw= (B —B)}>

_ 1 _
x || @D 205 (—2 tr {715} (4.11.32)
with:
W=w'+x'x)"! B=WW 'B4+X'Y) a=a+T S=S+YY+BW 'B—BW B
(4.11.33)

and were B denotes the prior mean vector b reorganised as a k X n matrix.

This formulation eventually makes it possible to derive the marginal posteriors by using definition 4.3.
Marginalization is easy for X as B only appears in the first part of the posterior:

w(zly) = [ 2(B,Ey)dB
o /\zy*kﬁexp <—; tr{x ' (B -B)W~ (B —B)}) dB
(@ I s
x |Z| (a+ +1)/zexp <_2 tr{Z 1S}>
oc |£| (@D 2 exp (—; zr{zls'}) (4.11.34)

where we have used the fact that the kernel of a density function integrates to a constant. This is recognized
as the kernel of an inverse Wishart distribution with degrees of freedom & and scale S: 7(Z[y) ~ IW (&, S).

Obtaining the marginal for B is trickier. As X appears in both terms in (4.11.32), we group them and
integrate:
_ 1 _ o _
n(Bly) = / n(B,Z|y)dE o / ||kt )20 (-2 tr {7V [S+ (B -B)w (B —B)]}) dx
(4.11.35)

This is the kernel of an inverse Wishart distribution with degrees of freedom (& + k) and scale
S+ (B —B)'W~(B'—B), and integration yields the reciprocal of the normalization constant of the distri-
bution. Hence:

_ i ) o aa i o e
E(B’y) o Fn(OC;_k>2(a+k)n/2‘S—F(B/—B)/W_I(BI—BH 5 o ‘S—F(B/—B)/W_I(BI—B)‘ 5

(4.11.36)
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Finally, after some manipulations, it can be shown (book 2, p. 59) that this reformulates as:

_ O+k+n—1
2

1, o _
T(Bly) < |+ 5§71 (B'=B)'W (B ~B) (4.11.37)
with:

G=oa+T—n+1 S=S/a (4.11.38)

This is the kernel of a matrix Student distribution with location B, scales W and S, and degrees of freedom
&: n(Bly) ~MT(B,W,S,&).

11.4 The independent prior

The normal-Wishart prior solves some of the shortcomings of the original Minnesota prior by estimating
both B and X. This comes however at the cost of assuming prior dependence of 8 on X, an undesirable
assumption, and fix hyperparameter value m, = 1. This section solves this issue by proposing a prior for
B that is independent of X. The prior however does not admit analytical solutions and simulation methods
are required.

In this setup, the model is again the VAR model introduced in (4.11.1), and the parameters of interest are
0 = {B,X}. Following, Bayes rule is still given by (4.11.21). However, assuming independence yields
n(B,X) = n(B) n(X) so that Bayes rule rewrites:

(B, Zly) o< f(y[B, Z)m(B)m(X) (4.11.39)

The likelihood function is unchanged and given by (4.11.6). The prior for f is the canonical Minnesota
prior given by (4.11.12). For ¥, we use again the inverse Wishart prior given by (4.11.29). Substituting in
Bayes rule (4.11.39) yields:

(B.2b) [5] " exp (500~ XBYE - XB)
<exp(~3(B-0)V (B -1))
x x| (@D 2exp (—;tr{Z_lS}> (4.11.40)

where as usual any multiplicative term not involving  or X has been relegated to the normalization
constant. Unlike the normal-Wishart prior, there is no way here to integrate out the joint posterior (4.11.40)
to obtain the marginal posteriors 7w(f|y) and m(X|y). The parameters 3 and X are too interwoven to permit
integration. The only possibility then consists in using simulation methods and rely on the Gibbs sampling
algorithm.

Obtain first the conditional posterior 7w(f|y,X). From definition 6.1, this is done by starting from the joint
posterior (4.11.40) and relegating to the normalization constant any multiplicative term not involving S,
yielding:

(Bl E) < exp (-3~ XBYE (- XB) ) xexp ~5 (B -0V (B D)) @.11.41)
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This expression is similar to (4.11.13), and thus a similar procedure of rearranging and completing the
squares yields:

1, B}
(Bl ) < exp (- 3B -5)7 (8- @.1142)
with:
V=v'+zlex'x)"! b=V(V 'b4vec(X'YL™")) (4.11.43)

This is the kernel of a multivariate normal distribution with mean b and variance V: (B|y,Z) = N(b,V).

Obtain next the conditional posterior 7(X|y, B). Start from the joint posterior (4.11.40) and relegate to the
normalization constant any multiplicative term not involving X to obtain:

(D)o 5 exp (5 (- XBYE - XB) ) x = @V exp (- Jar {215} aatad

After rearranging, it can be shown (book 2, p. 59) that this expression rewrites:

(D)o V2 exp (—Jor {2 s} ) @1145)
with:
a=a+T §=S+({¥ -XB)(Y-XB) (4.11.46)

This is the kernel of an inverse Wishart distribution with degrees of freedom & and scale S:
E(Z‘%ﬁ) ~ IW((_X,S).

We can then introduce the Gibbs sampling algorithm for the independent prior.
algorithm 11.1: Gibbs sampling algorithm for the VAR model with independent prior
1. setinitial values [3(0) and £(©). We use the maximum likelihood estimates [3(0) = 3 and 2 =3,
2. atiteration j, draw:
BY) from (B y,X) ~ N(b,V) with:
V=v'l4ztex'x)! b=V(V 'b4vec(X'YL™))
3. atiteration j, draw:
*() from (Z|y, B) ~ IW (&, S) with:
a=a+T §S=S+¥ —-XB)(Y-XB)

4. repeat until the desired number of iterations is realised.

11.5 The dummy observation prior

The Minnesota and independent priors represent standard approaches to Bayesian VAR modelling.
These two priors may however become unworkable for large models. Indeed, they involve the inver-
sion of a g x ¢ matrix V, where ¢ = n(m+ np) renders the inversion cost prohibitive when the number of
endogenous variables n gets large.

One possible solution consists in using the normal-Wishart prior which only involves inverting a k X k ma-
trix W with k = m+np, and thus reduces the dimensionality of the inversion by a factor n. Banbura et al.
(2010) propose an equivalent solution that uses dummy observations to replicate the normal-Wishart
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prior while improving further the computational efficiency of the procedure. In this section we first intro-
duce the efficient prior, and then show how this prior can replicate the normal-Wishart prior by the way
of dummy observations.

So, consider the VAR model introduced in (4.11.1) with parameters of interest 6 = {3,X}. Bayes rule is
still given by (4.11.21), and assuming independence yields again 7(,X) = w(p) m(X). Thus that Bayes
rule rewrites:

m(B,Zly) o< f(y[B,Z)m(B)m(X) (4.11.47)

For the likelihood function, it is convenient to use the normal-Wishart reformulation (4.11.23). This
likelihood function is then combined with uninformative prior for f and X. Specifically, we use the so-
called Jeffrey’s priors proposed by Zellner (1996):

n(B) o<1 T(E) o< [T|~(@+D/2 (4.11.48)

with & defined in (4.11.30).These are the least possible informative priors”. There are two benefits from
using such priors. First, they don’t carry prior information, which is desirable since the prior beliefs will be
conveyed through the dummy observations, as detailed below. Second, these priors make the form of the
posterior extremely simple, which maximizes the computational efficiency of the model. Combining the
likelihood function (4.11.23) with the priors (4.11.48) and rearranging, the joint posterior can be shown
(book 2, p. 60) to write as:

n(B,Zly) o< [Z| /% exp (—; r{z"'(B'-B)W (B —3)}>
x 5|~ @ t/2 oxp (—; tr{z7'$} (4.11.49)

with:

N

W=(x'x)"! a=T—k+2 S=(Y—-XB)(Y —XB) B=(X'x)"'xy (4.11.50)

Expectedly, using uninformative priors leaves the data as the only source of information and thus results
in a posterior distribution centered around maximum likelihood estimates. (4.11.49) can be seen as the
product of a matrix normal distribution for /3 centered around the OLS estimates B, and an inverse Wishart
distribution for X centered on the OLS sum of squared residuals S.

The marginal posteriors are derived by repeating the same procedure as for the normal-Wishart prior. The
marginal posterior (X|y) obtains from (4.11.49), following the same steps as (4.11.34). This directly
yields:

. 1 )
R (Z]y) o< [Z|7 @D/ oxp (—2 tr{Z‘lS}> (4.11.51)

This the kernel of an inverse Wishart distribution with degrees of freedom & and scale S:
n(Ely) ~ IW (&, 3).

The marginal posterior 7(B|y) obtains by following the same steps as (4.11.35) - (4.11.38). It can then be
shown (book 2, p. 60) that:

_ Otk+n—1
2

A

w(Bly) o< I, + éb:’l(l’ﬁ" -B)W (B -B) (4.11.52)

2The traditional definition of Jeffrey’s prior for £ is 71(X) o [Z|~(**1)/2 Using instead 7(Z) o< |£|~(*+1)/2 here maintains exact
consistency with the Normal-Wishart prior.
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with:

a=T-n—k+3 S=§/a (4.11.53)

This is the kernel of a matrix Student distribution with location B, scales W and S, and degrees of freedom
a: n(Bly) ~MT (B,W,S, &).

The efficiency of the prior becomes apparent from (4.11.49) and (4.11.52). The posterior 7(5|y) only
requires the inversion of the k x k matrix W, similarly to the normal-Wishart prior. Additionaly, all the
posterior parameters only involve maximum likelihood estimates, which are the fastest to compute.

The downside of this prior is that it results in a posterior that is hardly different from a maximum likelihood
estimate. If one provides no prior information whatsoever, there is, in fact, little point in using a Bayesian
approach. To remedy this situation, one would ideally include prior beliefs in the model despite the
uninformative priors. This can be done by the way of dummy, or artifical observations. These artifical
observations are added to the actual sample observations in order to match the normal-Wishart prior
distribution.

Precisely, we define the following matrices of artificial data:

_ O In/(mT8) Oy
H/m
Yaum = / Xaum = 0np><m J®K/7T1
On(p—l)xn
K Onxm On><np

H =diag(81+/s1,** ,0u\/Sn) J =diag(1™ 2™ ... p™) K =diag(\/s1,++ ,\/sn) (4.11.54)

where &;,s;, 7, m3 and 7w, are defined similarly to the Minnesota prior. Y; and X, are of dimension
(n(p+1)+m) xnand (n(p+1)+m) x (m+np), respectively. Each row of these matrices corresponds
to one dummy observation so that we create Ty, = n(p+ 1) -+ m artifical observations. The dummy ob-
servations are divided in three blocks. The first and second block implement the Minnesota prior for the
exogenous and endogenous variables respectively, while the third block corresponds to the prior belief for
the residual covariance matrix.

To understand how these observations replicate the normal-Wishart prior, consider again a simple VAR
model with 2 variables, 2 lags and a constant. Then use the stacked form (4.11.2) of the VAR, applied to
the artificial observations.

Yaum :Xdum8+5dum (41155)

Using the matrix definitions in (4.11.48), this yields:

L
O 0 T Tty O 0 0 O 81,] 82,1
5 Vil -
172{?1 0 0 @l \/Sfom 0 0 Ci1 C21 €12 &
O 827\[{5 0 0 —;l - O ﬂ O ail a%] 8173 8273
o o [=] o o 0 = 9 ap ap |+ &a 4
V522" ay a €15 &5
e A LV T
Vs 0 o 0 0 0 0 fLe 26
0 Vs o 0 0 0 0 7 faa

(4.11.56)
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Consider the first block in (4.11.56). Developing the first entry of row 1 yields:

O=cn/mm+e,1 < cnu=-Tme, (4.11.57)
Noting that &, | ~ N (0, 011), one concludes:

E(c11) =0 Var(ciy) = o11(m my)? (4.11.58)

Similarly, consider the second block and develop the first entry of row 2 to obtain:

61\/5 V5117 1 1 0 m
= = 7_[1 ap+é&p2 <  ap= 1w \/51”381’2 (4.11.59)
And from this one obtains:
1 1 O11 2
E(ay) =6 Var(al)) = (S) m (4.11.60)
1

Proceeding the same way with the other entries of blocks 1 and 2, it is straightforward to recover the full
prior mean and variance of the normal-Wishart prior for 8, as defined in (4.11.16) and (4.11.28). For X,
consider the third block and develop the first entry of row 6 to obtain:

\/E = €16 — E(8176) =0 Var(81,6) =5 (4.11.61)

Continuing in a similar fashion with the other entries of block 3, one recovers the normal-Wishart prior
for ¥ implied by (4.11.30).

To implement the dummy observation prior, we augment the actual data with the artificial observations.
Specifically, we define:

Y, = <Yd”’"> X, = (Xi(m) Ty =T + Tyum (4.11.62)

The model is then estimated using the posteriors (4.11.51) and (4.11.52), except that the posterior param-
eters (4.11.50) and (4.11.53) are computed with Y;,X; and 7; in place of Y, X and T .

11.6 A large Bayesian VAR prior

The normal-Wishart and dummy observation priors can handle large Bayesian VARs efficiently. They
suffer however from two main limits: the prior dependence of  on X, which represents a strong and
often unrealistic assumption; and the specific Kronecker structure of the prior, which forces to set the
cross-variable shrinkage parameter 7, in the Minnesota prior to 1, another undesirable assumption.

This final section introduces a model that circumvents these two issues and settles an efficient estimation
procedure for large Bayesian VARs while preserving a fully flexible and independent Minnesota prior.
The trick consists in estimating the model equation by equation rather than all at once, which permits
again to deal with smaller matrix inversions. Unlike the normal-Wishart and dummy observation priors
however, no analytical solutions are available in this case and simulation methods must be used.

Consider again the general VAR model (4.11.1) written in compact form (4.11.2). Because the model is
going to be estimated equation by equation, it is useful to notice that equation i of the VAR model can
obtain from column i in (4.11.2) in the following way:

Yi=XBi+ & i=1,-n (4.11.63)
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where Y;, B; and &; represent column i of Y, B and £ such that:

Vi1 &1
i, &,
Y=(»YY,) Y= y:'z B=(Bi--B.) E=(&&) &= :'2 (4.11.64)
Yi,T &r

The residual variance-covariance matrix X can also be rewritten in equation-specific form by applying a
triangular decomposition (property m.30):

PrPd =A & y=p 'ADV (4.11.65)

A is a diagonal matrix with positive entries only, while ®~! (and &, by property m.31) are unit lower
triangular matrices. Specifically:

AL 0 - 0 1 0 0
A=| O * o | ! (4.11.66)
0 -~ 0 A, Ot o Bupeery 1

A represents the volatility components of X, each A; being a positive scaling term which governs the
residual variance of equation i of the model. On the other hand, ® can be interpreted as the (inverse)
covariance component of ¥. Denoting by ¢; the vector of non-zero and non-one terms in row i of ® so that
0= (¢ --- q)i(i,l))’ , ¢; then represents the covariance between the residual of equation i of the model
and the other shocks.

The parameters of interest of the model are thus the series of equation-specific VAR coefficients B, - - , By,
the equation-specific residual variance terms Aq,---,A,, and the equation-specific covariance terms
¢, -+, ¢,. Assuming independence between the B;’s, A;’s and ¢;’s, Bayes rule obtains directly as:

7(B. 2. 01y) & f(4{B,A,9) (Hn B) > (ﬂm)) (f!nw»)) (4.11.67)

The likelihood function for the model is still given by (4.11.6). This is however a joint formulation that
cannot be exploited to estimate the model on an equation-per-equation basis. Hence, a reformulation is
required to express the likelihood function in terms of separate elements f;, A;, and ¢;. This is no easy
task, but after some work the likelihood function can be shown (book 2, p. 61) to rewrite as:

FOIB.A, ) = (2m) T2 (HA ”2) exp (ZA (Vi = XBi+ &) <K~Xﬁi+5i¢i)>
(4.11.68)

with £_; the T x (i — 1) matrix defined as:

E_i=(&1 & - &) (4.11.69)

Consider now the priors for f8;, i = 1,--- ,n. The usual Minnesota prior described by equations (4.11.16)
- (4.11.20) defines the prior mean b and prior variance and V for all equations simultaneously. Here
we use the same prior but simply split b and V into their equation-specific components by,bs,--- ,b,
and V1,V,,---,V,. Each b; is thus a k x 1 vector of prior mean, while V; is a k x k matrix of prior vari-
ance. Following, the prior for each fB; is multivariate normal distribution with mean b; and variance V;:
n(Bi) ~ N(b;,V;). Hence:

n(B:) = 21) K2 |v;| 72 exp (-i(ﬁ,- — b))V N (B; —b,-)> i=1,,n (4.11.70)
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Since the A; parameters are positive terms, an inverse gamma prior is suitable. The priors are thus defined
as inverse gamma distributions with shape o /2 and scale y/2: n(A;) ~IG(a /2,y /2). Following:

o/2
(X)) = %li_a/z_lexp <—2‘/”1) i=1,--.n (4.11.71)

We typically want to set a weakly informative prior about A; by setting small for the prior shape and scales
such as oo = y = 0.0001.

Finally, for the covariance vectors ¢; we use a weakly informative multivariate normal distribution that
leaves the estimation burden to the data: 7(¢;) ~ N(0,7l;_;), with T some large value such as 7 = 1000.
Following:

. . 1
m(¢p) = (2m)~=1/2 =072 exp (—21:1¢,-’¢,-> i=1,---,n (4.11.72)
Substituting for (4.11.68), (4.11.70), (4.11.71) and (4.11.72) in Bayes rule (4.11.67) yields:
n _T)2 1 )
(B, A,0ly) o ([ exp *52/1[_ Yi—XBi+Ei¢) (Yi—XBi+E i)
i=1 i=1
- 1 ny—1
x [ Texp —5(Bi= b))V (i~ bi)
i=1
n
X ,IJ ; exp | —5 gy
. 1 —1 47
xgexp —5T 94 (4.11.73)
where as usual any multiplicative term not involving f3;, A; or % has been relegated to the normalization

constant. This joint posterior cannot be integrated out to obtain the marginal posteriors, so the Gibbs
sampling algorithm must be used.

Obtain first the conditional posterior 7t(;|y, B_;)>. From definition 6.1, this is done by starting from the
joint posterior (4.11.73) and relegating to the normalization constant any multiplicative term not involving

Bi, yielding:

T(Bily, B-i) o< exp <—;7L,~1(Yi —XBi+E-i¢) (Yi—XBi+ & ¢i)> X exp <_;(ﬁi — b))V, (Bi— bi)>

(4.11.74)
Rearrange and complete the squares (book 2, p. 64) to obtain:
(Bily, B-i) o< exp (_;(Bi —b)V (B - 131-)> (4.11.75)
with:
Vi= (v 47 xx) ! bi = Vi(Vi b+ AT X Y+ £ 1)) (4.11.76)

This is the kernel of a multivariate normal distribution with mean b; and variance Vi
7 (Bily, B-i) = N(bi, Vi)

3For any parameter 6; we use 7t(6;|6_;) to denote the density of 6; conditional on all model parameters except 6;.
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(4.11.76) makes it clear why this prior is efficient: the matrix V; is only of dimension k x k, reducing the
inversion burden by a factor n> compared to the independent prior where V is of dimension kn x kn*.

Obtain then the conditional posterior (A;|y,A_;). Start from (4.11.73) and relegate to the normalization
constant any multiplicative term not involving A; to obtain:

Tt(Aily, A—;) o< /liiT/z X exp <—;7L,-1 Yi—XBi+E_i)) (Yi—XB; +5i¢i)) X A,‘ia/%l exp <— 4 )

2%
(4.11.77)
And this immediately rewrites as:
—a/2-1 Vi
mt(Aily, A—i) o< A, exp | —57 (4.11.78)
with:
a=a+T Ui=y+(E+E_i¢) (Ei+E_i ) (4.11.79)

This is the kernel of an inverse gamma distribution with shape &/2 and scale V;/2:
T(Aily, A—i) ~1G(Q/2,;/2).

Obtain finally the conditional posterior 7(¢;|y, ¢_;). Start from (4.11.73) and relegate to the normalization
constant any multiplicative term not involving ¢; to obtain:

T(;ly, 0—i) o< exp (—;&-I(Yi —XBi+E_i¢) (Y, —XBi+ Siqb,-)) X exp (—;Tl¢,~’¢,~> (4.11.80)

After rearranging and completing the squares (book 2, p. 66), this becomes:

1 N _
T(Gily,¢—i) o< exp (—2(@ — ) Z7 (¢ —ﬁ)) (4.11.81)
with:
Zi=(t '+ AT e E )T Fi=Zi(—A7"EE) (4.11.82)

This is the kernel of a multivariate normal distribution with mean f; and variance Z;:

(0l 91) = N(. Z).

“4Precisely, the number of flops (basic operations) to invert a n x n matrix is of the order of O(n3). Thus inverting the n matrices
V; of dimension k x k requires n x k3 flops, while inverting the single nk x nk matrix V from the independent prior takes n3k>
flops, that is, n times more operations.
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We can now introduce the Gibbs sampling algorithm for the large Bayesian VAR prior.
algorithm 11.2: Gibbs sampling algorithm for the large Bayesian VAR prior

1. set initial values ﬁl.(o), )Ll.(o) and q)l.(o), i=1,---,n. We use maximum likelihood estimates: ﬁi(o) =B,

/li(o) = fl,-,-, and for ¢i(0) we use the covariance entries of row i of 1.

2. atiteration j, fori=1,--- n, draw:
ﬁi(j) from 7(B;|y, B_;) = N(b;,V;) with:
Vi= (Vi HATXX) T B =V i+ AT X Y+ € 91)

Update £; and £ _;.

3. atiteration j, fori=1,--- n, draw:
AY) from 7(Aily, A_y) ~ IG (a2, /2) with:
a=a+T Vi=y+(Ei+E_ig) (Ei+E_ith)
Update A.

4. atiteration j, fori =2,--- n, draw:
(])l.(j) from 7(¢;|y, ¢_;) = N(f;,Z;) with:
Zi= (v U+ L E) ! fi=Zi(=2 "€ &)
Update &.

5. atiteration j:
Obtain B from BU) = vec(BY), with BY) = (B pY) ... pi¥)
Calculate @~ !, then recover £/) from Z1) = @1 A &1

6. repeat until the desired number of iterations is realised.



CHAPTER 12

Further aspects of Bayesian vector
autoregressions

12.1 Constrained coefficients

Sometimes, we want to constrain certain coefficients of the VAR to take predefined values. This typically
happens when economic theory provides a rationale for the value of some coefficients or equations of the
model. A classical example is the case of a VAR model that involves a large economy like the United
States, and a small open economy like Jamaica. Jamaica is certainly impacted by economic activity in the
United States (more than 40% of Jamaican exports go to the US), but the converse is not true: Jamaica
has most likely no impact on overall eonomic activity in the United States.

To represent the situation, we set a simple 2-variable VAR model with p lags and one constant, where y ;
is GDP growth for the United States and y;; is GDP growth for Jamaica:

<y17t> — <C“> + <a}1 a}2> (ylat1> 4.4 (alljl all)2> <y171P> + (81J> (4 12 1)
Yo 21 a%] aéz Y2.—1 a1271 agz V2t—p &y

Assuming that Jamaican GDP growth has no effect on GDP growth in the United States is equivalent to
imposing the constraint a}, = --- = af, = 0, so that none of the lags of Jamaican GDP growth ever affect
GDP growth in the United States. This is the main principle behind Granger causality, which determines
if some variable contributes overall in predicting another variable of the model.

Granger causality is just one possible application of constrained coefficients. The concept is in fact general
and can apply to any of the VAR coefficients, endogenous or exogenous. Consider the vector  of VAR
coefficients defined in (4.11.5), and assume we want to constrain coefficient f3; to take value by. To do
so, we simply take the prior parameters b and V of the Minnesota prior and replace the corresponding
entries by and Vi with by and Vi. By setting Vik to some arbitrarily small value such as le™ 19, the
posterior distribution can be made arbitrarily tight around by, effectively turning f3; into an almost constant
coefficient. We may also impose a softer constraint by setting V;; to a moderately small value like 0.1,
which centers the posterior around by but allows for some variability.

Note finally that constrained coefficients can only be used with the Minnesota, independent and large
BVAR priors. The specific prior structure of the normal-Wishart and dummy observation priors implies
that the variance of one equation is proportional to the variance of the other equations, so that the variance
of the constrained coefficients would be replicated across all equations. This is an undesired effect that
would produce meaningless posterior estimates.
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12.2 Dummy observation extensions

Dummy observations have been introduced in section 11.5. This section shows how to extend the con-
cept to any prior distribution, following the same logic as before: create artifical observations that will
supplement the data with additional prior information through the likelihood function. We develop three
classical dummy observation extensions: the sums of coefficients approach of Doan et al. (1984); the
dummy initial observation introduced by Sims (1993); and the long run prior of Giannone et al. (2019).

These three extnesions are closely related to the concept of cointegration. They are mostly used when-
ever one estimates a VAR that includes economic variables in level. Such variables are typically (1),
involving a non-stationary behaviour of the VAR. If instead there exists a cointegration relation between
the variables, the model will be stationary even each variable included in it is effectively 7(1). The sums
of coefficients extension implements the belief of a unit root in the model; the dummy initial observation
drives the model towards cointegration; the long-run prior aims at discriminating between stationary and
nonstationary linear combinations, defining their priors accordingly.

Consider again the general VAR model (4.11.1), rewritten here for convenience:

v =Cz +A1yi1 +"'+Apytfp+et (4.12.2)

It can be shown (book 2, p. 67) that this model can rewrite in error correction form as:

p
Ay, =Cz+ A1+ +Ap—Dy-1 +B1Ay 1+ +Bp 1Ay, (p—1) T & Bi=— ) A; (4123)
j=it

Looking at the right-hand side of (4.12.3), we see the stationary terms Cz;, BiAy,—1, -+, Bp— 1Ay (p—1)s
and the possibly non-stationary error correction term (A +---+A, —I)y,_;. If the latter is 7(0), then
there exists at least one cointegration relation and the model is stationary. If instead we have:

Ai+-+A,—1=0 4.12.4)
Then the reformulated VAR model (4.12.3) becomes:

Ve =Yi-1+Cz +BiAy—1 + -+ Bp 1Ay, (1) T & (4.12.5)

In this case, the model has a unit root and cointegration is ruled out. The sums-of-coefficients extension
then consists in implementing the prior belief (4.12.4) by the way of dummy observations. Specifically,
we create the following dummy observations:

Ysum - diag(yl/n:S Tt )7n/7f5) Xsum = (Onxm 1;7 ®Ysum) (4126)

where y; denotes the arithmetic mean of each endogenous variable in the VAR (possibly calculated from an
initial sample of data), and 75 is a shrinkage hyperparameter specific to the sums of coefficient extension.
To see how this relates to (4.12.4), consider again a simple VAR model with 2 variables, 2 lags and
a constant. Using again the compact VAR formulation (4.11.2) with the dummy observations (4.12.6)
yields:

ci 2
/ / / a%l aé]
yi/ms 0 0 yi/ms 0 yi/ms O ) 1 T (811 81.2)
_ = _ _ a a + ’ ’ 4.12.7
( 0 yz/ﬂ5> <0 0 y/rms 0 3/7s 12 a%z &1 & ( )
11 a3
> 5
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Develop the top-left entry to obtain:
75

V1 /s =51 /Asaq, + 51 /Asaq, + €1 = aj; +aj — 1= 5, e (4.12.8)
And from this one obtains:
7\ 2
E(ah-l—a%l—l):o Var(ah-l—a%l—l): (_5) 011 (4129)
Y1

This replicates the top left entry of (4.12.4). Repeating the procedure with the other dummy observations
replicates (4.12.4) as a whole. The effect of the shrinkage parameter 75 is clear from (4.12.9): the smaller
5, the smaller the prior variance on the sums of coefficients, with 5 — o implying a diffuse prior while
7s — 0 forces a unit root in each equation.

A major limit of the sums of coefficient approach is that it eliminates the possibility of cointegration.
To remedy this issue, the dummy initial observation extension was developed. It consists in a single
artificial observation, defined as:

Yobs = (J1 /%6 -+ In/ ) Xobs = (Z/6 1), ® Yops) (4.12.10)

where 7 denotes the arithmetic mean of the exogenous variables of the VAR and 7 is a shrinkage hyper-
parameter specific to the dummy initial observation extension. Considering the simple VAR model with
2-variables, 2 lags and a constant, using again the compact VAR formulation (4.11.2) with the dummy
observations (4.12.10) yields:

11 €21
Gi/m $2/m) = (1/76 31/76 $2/T6 51/T6 32/7) | aly aby | +(e11 €12) @.12.11)
2 2
app Ay
Develop the first entry to obtain:
1/ = c11/ 6+ a1 31 /T + aj,92 /6 + a3,31 / T + ato9a /M6 + €11 (4.12.12)
And this rewrites as:
Y1 =cC11 —i—ah)_)] —I—abyz —&—a%ly‘l —|—a%2)72 + T6€1,1 4.12.13)
Finally, calculating expectation and variance yields:
1= cn+ai 31 +aida+ a1 +ahih Var(31 — c11 — a1 31 — a2 — a1y 51 — aip52) = M3 011

(4.12.14)

This representation states that a no-change forecast for all variables is a good forecast for the observed
sample. In this case, either all the variables are at their unconditional mean, or the system is characterized
by the presence of an unspecified number of unit roots and the variables share a common stochastic trend.
The dummy initial observation prior is then consistent with the existence of cointegration. The shrinkage
parameter 7 controls the tightness of the prior, the left-hand-side of (4.12.14) holding exactly when
e — 0.

The dummy initial observation makes the model consistent with cointegration but is agnostic about the
form that cointegration may take. The long run prior constitutes an alternative that explicitely models
the possible forms of cointegration as well as other possible linear relations between the model variables.
This is done by the way of some matrix J that identifies the relevant linear combinations that may exist
between the variables entering the model, where J is squared and invertible. Different degrees of shrinkage



118 CHAPTER 12. FURTHER ASPECTS OF BAYESIAN VECTOR AUTOREGRESSIONS

are then applied to the different combinations to either favor a unit root (tight shrinkage around a sums of
coefficient equal to 0) or permit cointegration (loose shrinkage to allow for some cointegration relation).

To make things more concrete, consider again a simple VAR model with 2 variables. Let us be specific
for this example! and assume these two variables are the log of output (y;; = log(¥;)) and the log of real
investment (y; = log(l;)). Economic theory suggests that output and investment are likely to share a
common trend (30 y;  +y2, is 1(1)), while the log investment-to-output ratio is stationary (so yo; — y1 is
1(0)). This produces the following J matrix:

11
J:(_1 1) (4.12.15)

Once J is defined, the following dummy observations are created:
Yy, = diag(J y/m) I~V Xirp = Onxm 1, Y1) (4.12.16)

where y denotes the vector of arithmetic means of the VAR variables (possibly calculated from an initial
sample of data), and 717 is a shrinkage hyperparameter specific to the long run prior extension. Using the
compact VAR formulation (4.11.2), it can be shown (book 2, p. 67) that the dummy observations imply:

A+ +A, =D = — diag(7/J5) €}, (4.12.17)

Taking expectations and variance from (4.12.17) directly yields:

E[(Ai+-+A,—DJ'] =0 Var [vec{(Ay +---+A, —1)J"}] = diag(n7/(J9)*) © £
(4.12.18)

The matrix (A;+---+A, —1)J ~1 captures the effect of the linear combinations defined in J on Ay,
effectively setting a prior on the error correction term of the VAR. For instance, the sums of coefficients
extension can be seen as a special case of the long run prior with J = I, defining the prior belief that each
variable of the model behaves as an individual random walk. The shrinkage parameter 77 controls the
tightness of the prior on the linear combinations J, along with the additional shrinkage term Jy. As the
absolute value of J;y (the linear combination defined by row i of J) is typically smaller for mean-reverting
combinations of y;, the prior shrinkage will be less for cointegrating relations than for other non-stationary
combinations. This mechanism automatically generates softer constraints on cointegration relations while
still maintaining the balance between stationary relations and non-stationary dynamics.

12.3 Marginal likelihood

The marginal likelihood constitutes a key element of VAR modelling as it constitutes the basis of model
comparison and hypothesis testing. The marginal likelihood cannot be computed for all VAR models, but
can be estimated for the Minnesota, normal-Wishart and independent priors.

Consider first the Minnesota prior developed in section 11.2. From definition 4.6 of the marginal
likelihood, the likelihood function (4.11.6) and the prior (4.11.12), one obtains:

10)= [ Fipn(BIap = [(2m) T RIE ey (S XBYE (- X))

x (2m) 12|V | 2 exp ( (B-b)'V (B —b)> dp (4.12.19)

1
2

IThis exemple is provided in Giannone et al. (2019). Researchers interested in finding suggestions of relevant restrictions for
other economic variables may also consult section 5 of the paper which provides an example with a larger model.
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Rearranging and completing the squares, this reformulates as (book 2, p. 68):
1 o=
fO) = Qo)™ P TR2I,+v(E T o X'X)| T exp <—2 b’V b’v1b+tr(y’Yzl)]>

X /(27:)—4/2\7—1exp (—;(ﬁ -0V (B —B)) dp (4.12.20)

The first row of (4.12.20) can get out of the integral as it does not involve . The second row is recog-
nised as the probability density function of a multivariate normal distribution which thus integrates to 1,
eventually leaving:

fO) = r)y T2 T2+ vE e x'X)| " 2exp (—; [B'V-'o-b'V'b +tr(Y’Y21)]> (4.12.21)

Consider now the marginal likelihood for the normal-Wishart prior introduced in section 11.3. From
definition 4.6 of the marginal likelihood, the likelihood function (4.11.23) and the priors (4.11.24) and
(4.11.29), one obtains:

) = [ [en s e (—(/3 Y (Eo X)) <ﬁ—3>)

B
Xexp(—ztr[Z (Y —XB)'(Y - XB)

< (2m) Pz a W exp (- (B8 (ZaW) ! (B-b))

n—an/2

L (3)

Rearranging and completing the squares, this reformulates as (book 2, p. 69):

n (
n (

X / / (2m) "MW P exp <—;tr{Zl(B' -Byw (8’ —B)}) dp

n—an/2
L (3)

where B,W,§ and & are defined as in (4.11.33). The inner integral with respect to 8 in the second row
is recognized as the density function of a matrix normal distribution which therefore integrates to 1 and
simplifies out. It then remains the outer integral with respect to X in the third row which is recognized as
the density function of an inverse Wishart distribution which also integrates to 1. What ultimately remains
of (4.12.23) after integration is thus simply:

X

|S’(x/2|2| (a+n+1)/2 exp (_ tr{Z 15}> dBdx (4.12.22)

=
|y
SN—

o) =2 L+ wx' x| |S|TTR |, 457 (S - 8) 742

=
DR
SN—

X

_ - 1 _
S @ D enp (—Jor {215} ) az (41223)

_ an n (%
FO) =7 e WXX| TS|, 87 (S - 8) [ E%
n\72

Consider finally the independent prior developed in section 11.4. The model relies on simulation methods,
so the marginal likelihood must be computed from equation (2.6.15), namely:

fGIB*ZH)m(B*,E)
(T ]y, B*) x X w(B*[EV),y)

Using the likelihood function (4.11.6), the priors (4.11.12) and (4.11.29), and the conditional posteriors
(4.11.42) and (4.11.45), it can be shown that the marginal likelihood formulates as (book 2, p. 72):

(4.12.24)

fy)~

(4.12.25)
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n(5)

p1

) a2 ST L, 4+ 57N (S~ 8)| %2

=

»(5)
) exp (~3(B =)V~ (B—b))
Sl +V(ET XX Pexp (5B -5V (B-D))

(4.12.26)

This form is similar to (4.12.24), save for the approximation of the determinant term stemming from the
Gibbs sampler.

12.4 Stationary priors

This section introduces the notions of stability and stationarity. Indeed, econometricians are often
interested in avoiding explosive behaviours for a VAR model, and this can be handled easily within a
Bayesian framework.

Consider the general VAR model (4.11.1). For our purpose, it is convenient to rewrite it as a VAR(1)
model doing the following:

Vi Cz Ay Ay - A Yi—1 &
Vi1 0 L 0 - 0 V-2 0

i =1 . |+ . . i N (4.12.27)
Yi—p+1 0 O - I, 0 Yi—p 0

Or, in compact form:

Y=Ww+Fpa+§ (4.12.28)

(4.12.28) is known as the companion form of the VAR model. Because it is expressed as a simple
VAR(1), it is easy to use back recursion to obtain (book 2, p. 74):

Iy . Iy
%=Y Flli+Flyj+ Y FiG (4.12.29)
i=0 i=0

We can decompose the dynamic matrix F into F = QAQ’, where Q and A respectively denote the matrix
of eigenvectors and eigenvalues of . From property m.61, if all the eigenvalues of F are smaller than 1 in
absolute value then F/ — 0 as j — oo. Following, the impact of any past shock and exogenous regressor
in (4.12.29) eventually dies out, and so does the impact of the initial condition ¥;_ ;. In this case, the VAR
model does not display an explosive behaviour. We can define stability formally as:

definition 12.1: a VAR model is stable if the eigenvalues of the companion matrix F are all smaller
than 1 in absolute value.

In the context of VAR modelling, a closely related concept is that of stationarity :

definition 12.2: let y; be a n-dimensional random vector. y; is weakly stationary if:
E(y) =u for all
E(y,—u)(y—i—u)=T; for all ¢ and all i

In other words, a process is weakly stationary if its first and second moments are invariant to the date ¢.
In this case the process revolves around a constant mean with constant volatility. For a VAR model that
includes only a constant as exogenous, we have the following result:
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theorem 12.1: a VAR model that is stable is weakly stationary.

Therefore it is sufficient to examine the eigenvalues of the companion matrix F' of the VAR to establish
weak stationarity. If the VAR is stationary, it has a steady-state value E(y,) = u from definition 12.2, and
this steady-state directly obtains as (book 2, p. 74):

p=>1I-A——A,) 'Cz (4.12.30)

If the VAR includes exogenous variables other than a constant, the eigenvalues establish stability but not
stationarity. In particular, the mean of the process will be non-constant as it depends on z;.

Often, econometricians want to constrain the VAR model they estimate to be stationary. This may occur
both for technical reasons (avoid explosive behaviours) and theretical reasons (a VAR with stationary data
and stationary Minnesota prior is expected to yield a stationary posterior). In a Bayesian context, this
means that any value of the dynamic coefficients 3 obtained from its posterior distribution should result
in a stationary VAR model.

It turns out that inducing stationarity is straightforward in a Bayesian context. To do so, one simply
adds stationarity as a prior belief in the estimation process. Consider for instance the Minnesota prior
developed in section 11.2. The prior distribution for 3 is () ~ N(b,V), with density function given by
(4.11.12). To reflect the prior belief of stationarity, we implement the same prior but truncate from it any
B value that results in non-stationarity. In other words, we replace the multivariate normal prior with a
truncated multivariate normal distribution, where the truncation is perfomed on the non-stationary parts
of the distribution. This can be done simply by the way of the indicator function 1(A(F) < 1) which takes
a value of 1 whenever the eigenvalues A (F) of the companion matrix F are all smaller than 1 in absolute
values, and O otherwise. Following, the density function of the prior (4.11.12) is replaced with:

n(B) o< (27) 12|V |72 exp <—;(/3 -b)'v (B —b)> x T(A(F) < 1) (4.12.31)

This is exactly the same prior as before save for the truncation indicator 1(A(F) < 1). The posterior is
thus also the same and given by (4.11.14), save for the additional truncation term inherited from the prior:

m(Bly) o< exp (—;(ﬁ —b)V(B —B)) X L(A(F) < 1) (4.12.32)

The truncated posterior ensures that only stationary values of 8 can be obtained from the posterior dis-
tribution. The logic is readily generalized to any other prior: suffice is to truncate the usual prior 7(f3)
with the indicator function 1(A(F) < 1) to transmit the truncation to the posterior and ensure stationary
values. Whenever sampling is involved in the estimation process (e.g. for the independent prior), the
truncation is exerted easily by discarding any non-stationary draw obtained from the sampler and drawing
new candidates until a stationary value is obtained.

A final word of warning: stationary priors should only be used whenever it is meaningful to do so. For
instance, a model that integrates economic variables in level typically implies a non-stationary behaviour.
Forcing stationarity with a stationary prior is not only irrelevant from a theoretical point of view, but can
also produce undesired behaviours such as reversion of the model to an equilibrium value that does not
exist in the true data dynamics.
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12.5 Efficient sampling

Surprisingly, even VAR models with analytical posteriors like the Minnesota and the normal-Wishart
priors require the simulation of posterior values for f and X. This is because all the VAR applications
(such as predictions and impulse response functions, to be covered in chapter 13) rely on the Gibbs
sampling algorithm, which in turn uses simulated posterior draws for B and X. It is thus important to
sample efficiently in order to avoid computational bottlenecks during the estimation process.

The independent and large Bayesian VAR priors make heavy use of the multivariate normal distribution
in algorithms 11.1 and 11.2. For this reason, the efficient sampling algorithm 9.4 must be used to generate
the multivariate normal draws with maximum efficiency.

The normal-Wishart and dummy observation priors produce analytical solutions: a matrix Student
posterior for 3, and an inverse Wishart distribution for X. These analytical distributions are useful to
calculate posterior moments like the mean and variance, but sampling from the matrix Student distribu-
tion is inefficient as it requires an additional draw from the inverse Wishart distribution. To avoid this,
a faster alternative consists in sampling 3 from its conditional posterior. Indeed, definition 2.12 implies
that (B,X|y) = w(Z|y)7(B|y,X). In other words, to obtain a draw from the joint posterior 7(f3,X|y), one
may first sample X from the unconditional posterior (X|y), then sample 3 from the conditional posterior

n(Bly,X).

To obtain (B |y,X), we follow definition 6.1 and start from the joint posterior (4.11.31), then relegate to
the normalization constant any term not involving . This yields:

1 A A 1
(Bl E) < exp (3B~ B) (Za (X)) (BB)) xexp (~5(B -6z W) (B -0))
(4.12.33)
After some manipulations (book 2, p. 74):, this rewrites as:
T(B|y,X) < exp <;tr{2_1 (B—B)YW (B B)}) (4.12.34)

with W and B defined as in (4.11.33).This is the kernel of a matrix normal distribution with location B and
shapes W and X: 7(B|y,X) ~ MN(B,W,X). This solution is more efficient as it only requires one single
inverse Wishart draw from 7(X|y), the generation of matrix normal random numbers involving no inverse
Wishart sampling.



CHAPTER 13

Bayesian VAR: basic applications

13.1 Impulse-response function

A major object of interest in VAR modelling is the so-called impulse-response function. Fundamentally,
the impulse-response function measures the effect of a unit shock & on the current and future values of
the model y;, y;+1, yr4+2. It thus describes the dynamics of the shock transmission over time on the VAR
model. To define formally the impulse-response function, we first state a classical result in VAR analysis:

theorem 13.1: (Wold theorem) any weakly stationary VAR model can be expressed as:
Vi :A(L)_]Cz, +Pog + D181 + D& 2. ..

where A(L)~! denotes the inverse lag polynomial of the VAR coefficients!. The Wold theorem fundamen-
tally states that any stationary VAR model can be rewritten as a constant plus an infinite order moving
average process. Each @, is a n X n matrix of coefficients that has the interpretation:

h o ah h
n
2 0 Oy 9Yisth
oo T 9Ejs

Yith .
@), = ;’; with @, =

so that o = (4.13.1)

h h h
nl n2 ¢nn

Thus, f; identifies the effect of a one-unit increase in €;, on the variable y;,,, keeping all other innova-
tions at all dates null. The series @y, P, P, --- is formally known as the impulse-response function of
the VAR model.

There are several ways to estimate the impulse-response function. A simple, brute force method consists
in using the companion form (4.12.28). Indeed, it follows directly from (4.12.29) that 9%,,/d& = F".
Since y;1; and & represent respectively the first n rows of ., and §;, one can obtain ®; by simply
retaining the first n rows and columns of F".

A more efficient way consists in obtaining the impulse-response function by numerical simulation. To do
so, we may use the general VAR formulation (4.11.1), or better, its compact form equivalent (4.11.2). To
simulate the impulse, implement recursively the following system for A =0,1,2,... :

with:
Y == —p:Onxn Xn = (Onxm Yooy -+ Yhfp) Eo=1y En = Ouxyn for /’1750
(4.13.3)

IThe lag polynomial introduced here is a multivariate generalization of the scalar lag polynomial defined in (3.9.56). Readers
unfamiliar with the notion of inverse lag polynomial may safely skip this specific point and treat A(L) ™' Cz, as some constant.
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The matrix £ = I, implements the unit shocks a period ¢, and the system is then simulated for periods
t,t+1,t+2... The impulse-response function directly obtains from:

=Y (4.13.4)

In a Bayesian context, we must account for the fact that the impulse-response function @y, P, P, ... are
not constant parameters but random variables. Fortunately, it is easy to derive their posterior distributions
by integrating them into a Gibbs sampler framework. Formally, we can derive a numerical approximation
of the posterior distributions from the following algorithm:

algorithm 13.1: Gibbs sampling algorithm for the impulse-response function

1. at iteration j, draw B/) from its posterior distributions. Recycle the values obtained from the j**
iteration of the Gibbs sampling algorithm. Reshape it into BY).

2. simulate the impulse-response function <I>(()j ) , CDV ) , CI)éj ). from (4.13.2)-(4.13.4).

3. repeat until the desired number of iterations is realised.

13.2 Structural identification

Impulse-response functions aim at answering questions of the kind: “What is the effect of a unit shock
in &, everything else being held constant?”’. However, the shocks we are dealing with are typically
correlated, i.e. the variance-covariance matrix of the residuals X is typically not diagonal (see equation
(4.11.1)). As a consequence, the regular impulse-response functions may not constitute reliable estimates
of the impact of a shock considered in isolation.

To solve this problem, we need to introduce the concept of structural VAR:

definition 13.1: a structural VAR is a model of the form:
HO)’I:Gzt+H1yt—1+"'+Hp)7t—p+€t étNN((),F) t=1,---,T

There are two main differences between a structural VAR and the regular VAR (4.11.1) (the latter is
also known as a reduced-form VAR). First, the structural VAR allows for contemporaneous interractions
between the endogenous variables through the matrix Hy. Second, and most importantly, the variance-
covariance matrix I' is assumed to be diagonal so that the structural shocks &; are uncorrelated. Following,
the impulse-response functions produced by a structural VAR are meaningful, unlike those obtained from
a reduced-form VAR.

It is straightforward to obtain a correspondance between a structural and a reduced-from VAR. Multiply
both sides of the structural VAR in definition 13.1 by H = Hy ! to obtain:

Y=HGz+HHy, 1+ +HHy ,+HE& (4.13.5)
Comparing with the reduced-form VAR (4.11.1), one directly obtains:

C=HG A; = HH; & =HE (4.13.6)
Also, another important relation obtains by noting that X = E(g€/) = HE(§E/)H' = HTH', so that:

Y = HTH' (4.13.7)



13.2. STRUCTURAL IDENTIFICATION 125

The matrix H is known as a structural identification matrix. It permits the identification of the
structural shocks & from the reduced-form shocks &, and creates a correspondance between the reduced-
form covariance matrix X and the structural shock covariance matrix I'.

It is also straightforward to obtain the structural impulse response function from the structural identifica-
tion matrix H. Rewrite the Wold representation in theorem 13.1 as:

yi =A(L)"'Cz + ®oHH ‘e, + ®\HH 'e, |+ & HH ' ... (4.13.8)
Or, using (4.13.6):

i =AL)'Cz + P& +WiE 1 W2l ... ¥, =®,H &E=H g (4.13.9)
The series Wy, V1, ¥, ... represents the structural impulse-response function of the model.

It should be clear that the structural identification matrix H constitutes the key element for structural
identification. Once H is known, one can estimate a standard reduced form VAR, and then use H to
recover the structural shocks &, the structural covariance matrix I', and the structural impulse-response
function Wy, ¥,¥;.... However, if a structural VAR uniquely defines the corresponding reduced-form
VAR, the converse is not true. For a given reduced-form VAR, there exist in fact an infinite number of
matrices H that satisfy (4.13.6) and (4.13.7), and thus an infinite number of possible structural VARs.
Structural identification must then be conducted by reducing the set of possible candidates H with some
economic theory.

Structural identification represents in fact a large field of research in economics, and finding a relevant
matrix H can go far in sophistication. We cover some advanced approaches in chapter 14, but for now
we limit the analysis to the introduction of two simple and classical identification strategies: Cholesky
factorization, and triangular factorization.

With Cholesky factorization, the structural shocks are assumed to have unit variance, which implies that
I' = I,,. Following, (4.13.7) simplifies to:

Y =HH' (4.13.10)

Typically, we want to use an identification scheme that uniquely defines the structural matrix H. Because
H is n x n, it has n”> elements to estimate and thus n> constraints on H are required to ensure a unique
identification. (4.13.10) provides n(n + 1)/2 restrictions, roughly half of the necessary restrictions. The
remaining n(n — 1) /2 restrictions are obtained by assuming that H is lower triangular, i.e. that the entries
above its main diagonal are equal to 0.

To see what this implies in terms of economic interpretation, note that o = H and so the structural Wold
representation (4.13.9) writes y; = A(L)~'Cz + HE + W1 &1+ W2& ... 2 Considering only the impact
of & in the representation, we obtain:

Vig hy 0 - 0 Eis

V2. hy hyp -+ 0 &y
=4 o ) R IR (4.13.11)

Yt ha hp oo hyy én,t
Therefore, y; ; is contemporaneously impacted by &; ,, but not by the other structural shocks &, -, &, ;.

v2, is contemporaneously affected by 617, and 52.,;, but not by 53,;,'-' ,5,,7;, and so on. This kind of
structural identification scheme thus implements short-term restrictions by stating that some of the
structural shocks have no instantaneous effect on some of the model variables. It should also be clear from
(4.13.11) that the ordering of the variables in the VAR becomes important since different

2 Indeed, &y = I, by construction. Following, (4.13.9) implies Wy = $oH = I,H = H.
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restrictions apply to different variables. It is thus necessary to find a variable ordering that yields
meaningful economic interpretation given the implied set of short-term restrictions.

With this setting, the structural identification exercise thus consists in finding a structural idenfication
matrix H such that ¥ = HH', with H some lower triangular matrix. But this is precisely the definition
of the Cholesky factor of X, and by property m.29, this factorization exists and is unique. Therefore,
the structural VAR can be recovered directly from the reduced-form VAR, obtaining H trivially from
Cholesky factorization of X.

In a Bayesian context, the structural impulse-response functions ¥y, ¥, %W, ... are also treated as random
variables. It is straightforward to expand the Gibbs sampler methodology to structural VAR identification
with Cholesky factorization, as summarized in the following algorithm:

algorithm 13.2: Gibbs sampling algorithm for structural identification, Cholesky factorization

1. atiteration j, draw B) and ¥ (/) from their posterior distributions. Recycle the values obtained from
the j'" iteration of the Gibbs sampling algorithm.

2. simulate the impulse-response function <I>(()j ) , <I>(lj ) , <I>gj ) ... from (4.13.2)-(4.13.4).

3. obtain the structural matrix H/) from the Cholesky factor of £(/).

4. calculate the structural impulse-response function ‘P(()j ),‘Pg‘/ ),‘ng ). from ‘I’l(lj ) = CI)glj JHO).

5. repeat until the desired number of iterations is realised.

The assumption that the structural shocks have unit variance is sometimes too restrictive. In this case,
one may instead carry structural identification by triangular factorization. With this scheme, the structural
variance matrix I" is diagonal but not necessarily identity. This creates n additional free parameters to
estimate, and thus requires » additional constraints to ensure unicity of the identification. This is done by
assuming that H is lower triangular, and additionally has its main diagonal made of ones. This creates
short-term restrictions similar to the Cholesky structural identification, but imposes the further constraint
of unit contemporaneous responses of the variables to their own structural shocks.

Structural identification thus amounts to finding a diagonal matrix I" and a unit lower triangular matrix
H such that ¥ = HT'H’. This is the definition of triangular factorization, and by property m.30 this fac-
torization exists and is unique. Following, the Gibbs sampling algorithm can be directly adapted to the
triangular factorization setting to yield:

algorithm 13.3: Gibbs sampling algorithm for structural identification, triangular factorization

1. atiteration j, draw B) and (/) from their posterior distributions. Recycle the values obtained from
the j'" iteration of the Gibbs sampling algorithm.

2. simulate the impulse-response function <I>(()j ) , CIDY ) , @gj ). from (4.13.2)-(4.13.4).

3. obtain the variance matrix I'Y) and the structural matrix H/) from triangular factorization of (),
4. calculate the structural impulse-response function ‘P(()j ),‘ng ),‘ng ). from ‘I’;j ) = q;.éf JH).

5. repeat until the desired number of iterations is realised.

Cholesky factorization and triangular factorizatin produce similar impulse-response function, up to a
scaling term. With triangular factorization, l//i’} provides the response to a unit shock (a structural shock
&+ of size 1), while with Cholesky factorization l//f} gives the response to a shock of one standard

deviation (i.e. a structural shock &;, of size ,/7;, where 7; is the j diagonal term of ' as obtained
with triangular factorization).
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13.3 Prediction

Prediction is a central concern in VAR modelling. It consists in predicting y7.41,9742, -, Y74+, from a
VAR model estimated with the sample y1,y,---,yr. In a frequentist framework, computing forecasts
involves the calculation of a minimum Mean Squared Error predictor. It can be shown (see e.g. Liitkepohl
(2005), chapter 2) that the forecasts can be obtained recursively, taking conditional expectations of the
general VAR formulation (4.11.1):

V141 =CZr1 +A1yr + - +ApyT—pii
Y142 =CZra+Adr+1+ - +ApYr—pi2

(4.13.12)
A confidence interval for 7 can then be obtained from:
Ir+n N2 Sh sn=/diag(Qn) Oh = Q1 + PEP), Q=% (4.13.13)

where ®;, denotes the impulse response function matrix in (4.13.1).

In a Bayesian context, forecasts are formed using the posterior predictive distribution. As we want to
predict yr41,V7+42,- -, ¥r4n, the predictive distribution is given by:

JFOT+15 3r41y) Z/f(ﬁﬂh-“ 9140y, 0) 7(6]y) d6 (4.13.14)

Unlike the linear regression model however, analytical expressions are generally unavailable for the pre-
dictive distribution when predictions are considered beyond one period. Therefore, one must compute
(4.13.14) by the way of simulation methods, which is easily done from algorithm 6.3. Noting that
0 = {B,X} for Bayesian VAR models, it is straightforward to adapt the algorithm that becomes:

algorithm 13.4: Gibbs sampling algorithm for the posterior predictive distribution

1. atiteration j, draw B) and £() from their posterior distributions. Recycle the values obtained from
the j* iteration of the Gibbs sampling algorithm. Recover CU ),Ag" ) e ,AE," ) from B(j).

2. draw &4, -+ ,&r4y from & ~ N(0,X).

3. generate recursively 71, -, Y74, from:
yA(TJll =Cirp +Ayr+- +ApyTi1-p €M1

)7(le2 =Cr2+Adr1+ - +Apyri2 pt+Erp2

f(rjih = CZren + A1 T4h—1 4+ AT h—p + Er1h

4. marginalize, that is, discard B) and »() and keep only the predictions ﬁ(TJl TR ,ﬁ(TjJ)rh.

5. repeat until the desired number of iterations is realised.

Two points are worth noting with algorithm 13.4. First, the algorithm builds recursively, and thus involves
both the observed values yr,yr_1,--- and the predicted values yr1,¥9742,... in the construction of the
forecasts. Second, the forecasts involve the predicted values for the exogenous 271, - ,Zr+s. As these
predicted values are not obtained from the model, they need to be exogenously supplied by the researcher.

Once predictions are obtained, forecast evaluation criteria can be calculated to assess the predictive per-
formance of the model. Most formulas presented here are direct adaptations of the regression formulas,
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adapted to VAR modelling. We start with classic in-sample quantities. Denote by B the posterior me-
dian of B, and by & the resulting median residual obtained from & =Y — X3, using the compact VAR
formulation (4.11.2). The following quantities obtain:

A A - _ SSR T-1

R=di TSS = diag((Y —Y) (Y =Y LI it i-R2=1-(1-R*>)——
SSR =diag(£€) SS = diag(( )'( ) 7SS adj ( )T—k
(4.13.15)

where the results are n-dimensional vectors, and operations are conducted elementwise. For the max-
imum likelihood VAR model, additional in-sample lag criteria are provided by the Akaike Information
Criterion (AIC), the Schwarz’s Bayesian Information Criterion (BIC), and the Hannan-Quinn criterion
(HQ), respectively defined as:

AIC =2q/)T —2L/T BIC = qlog(T)/T —2 L/T HQ =2q log(log(T))/T —2L/T
(4.13.16)

vyith L the log-likelihood of the model defined in (3.9.6), evaluated at the maximum likelihood estimates
P and 6. After some manipulations (book 2, p. 75), these criteria rewrite as:

AIC =2q/T +1og(|%)) BIC = g 1og(T)/T +1og(|%)) HQ =24 log(log(T))/T +log(|Z|)
(4.13.17)

Standard out-of-sample forecast evaluation criteria can be readily adapted to VAR models, such as the
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE) and Mean Absolute Percentage Error
(MAPE). For a forecast up to yr.s, they are defined as:

1 h . 1 h A h Vit y T
RMSE = | -} (vir+j—Jir+;)* MAE =¥ |yirij—Sirsjl MAPE = Z e
= h i3 = ViT+j
(4.13.18)

where y; 7 ; and §; 7 ; respectively denote the actual and predicted values for variable i at period T + j.
Similarly, The Theil inequality coefficient (Theil-U) and bias are given by:

\/Z?ﬂ(yi T4j = Vir+j)?

h ~
Yi1Yir+j = ViT+j

Theil-U = bias = — ~ (4.13.19)
\/ZJ 1y,T+J+\/Z, P Lo lyirej =Jiril
The log score (LogS) and the continuous ranked probability score (CRPS) are defined as:
~ too 2
LogS = — log(f(yir+j)) CRPS = / [F(z) —1(yir+j < z)] dz (4.13.20)

For the log score, we follow the strategy suggested by Warne et al. (2013) and use a Gaussian approxi-
mation of the posterior predictive distribution, noting that predictive distributions are typically close to a
Normal distribution. In this case, the log score is given by:

LogS = — log(¢(yir+))) (4.13.21)

where ¢ denotes the density function of the normal distribution with mean fi and variance & calculated
from the Gibbs sampler draws of the empirical predictive density for variable i at period T + j. To evaluate
the log score for all prediction periods jointly, we treat ¥; 741, --,¥; 7+, as a joint multivariate normal
distribution and evaluate their empirical mean and variance-covariance matrix from the Gibbs sampler
draws, then evaluate the log score from the multivariate normal density.
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For the CRPS, we follow again Kriiger et al. (2017) and use the consistent approximation:

1 J J
CRPS ~ Z |yl Jt+h )’i,t+h| T Z Z Yi t+h Yi t+h (41322)
J : k=1

A joint CRPS over all prediction periods can be obtained as the sum of the individual CRPS for
Vir+15 5 Vi T+h-

13.4 Forecast error variance decomposition

Another useful application related to prediction is the so-called forecast error variance decomposition. It
determines the contribution of each shock of the model to the forecast error, the unpredictable component
of the forecast. It thus explains which shocks matter to explain a variable at different forecast horizons.

Assume we want to generate a prediction for period ¢ + 4. To do so we start from the structural Wold
representation (4.13.9), evaluated at t 4 h.

Yerh =AL) ' Crin+¥obiin+¥1&n1 +¥2bin ... (4.13.23)

Considering a prediction made at period ¢, this expression can be separated into three components:
| o h—1
Ve =AL) ' Copn+ Y Wnib—i+ Y, Wirin—i (4.13.24)
i=0 i=0

On the right-hand side, the first term represents the exogenous component at 7 + 4 (assumed to be known
for prediction pruposes), while the second term contains the known present and past shocks. The final
term contains the future shocks. Following, the forecast for period t 4 4 is given by:

E(yin) =AL) " Carn+ Y Chils s (4.13.25)
i=0

And thus the forecast error is given by:

Yern —EGisn) Z‘Pcﬁml (4.13.26)

Developing:

Yioth —EO14n) W?l ‘V?z ‘I’?n SR ll/1]1 lIf112 lI’1]n Slith-1

Vo —EQzen) | (W3 v o wa | | Sanen . Vo ¥ o W, || Gara

Yni+h = E(Vng+n) Vo Vs W) \Gustn Vi Y o Vi) \Gurie
(4.13.27)

So the forecast error for variable i rewrites as:

h=1 h=1

Vigrh—EQissn) = Z Wllél t+h—j T Z ‘lflzgz t4h—j o+ Z meén t+h—j (4.13.28)
Jj= Jj=0 Jj=

Denote the variance of this forecast error by o,,(h), and denote by 71, - - , %, the variances of the structural

shocks found on the diagonal of I". Then taking variances on both sides of (4.13.28) and noting that no
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covariances are implid since the structural shocks are uncorrelated, one obtains:

h=1 h=1 h=1
oy (h) =1 Y (W) + 0 Y (W) +-+% ) (v))? (4.13.29)
j=0 j=0 j=0

Eventually, divide both sides by o, (/) to obtain:

h—1 h—1

1= Gyiyéh) j;)(w,-’if + %;)(W - oy, ; vi)? (4.1330)
Conflptionf ek | Comfipuios o ok W
Or:
h=1
1=0,(h)+0,(h)+-+ 0] (h) o) (h) = o),.YI({h) jz:o(%;)? k=1,--,n (4.13.31)
Gyli(h), +-+, 0y (h) constitute the forecast error variance decomposition of the model. o k (h) represents

the proportion of forecast error variance of variable i due to structural shock k at horlzon t +h. It thus
indicates the importance of shock k to explain (or predict) variable i at the forecast horizon ¢ 4 h. Typically,
the forecast error variance of a variable is explained by its own shocks at short horizons and by shocks to
other variables at longer horizons.

In a Bayesian context the parameters Gyll_(h), -++,0y(h) are treated as random variables. Since the pos-

teriors don’t have analytical solutions, estimation must be integrated to Gibbs sampler framework. This
yields the following algorithm:

algorithm 13.5: Gibbs sampling algorithm for forecast error variance decomposition

1. atiteration j, draw ) and £() from their posterior distributions. Recycle the values obtained from
the j' iteration of the Gibbs sampling algorithm.

2. simulate the impulse-response function &, &) &) . from (4.13.2)-(4.13.4).
3. obtain the structural matrix H/) and the structural variance matrix I'V) from (/).
4. calculate the structural impulse-response function ‘P(()j ),‘ng ),‘I‘gj ). from ‘I‘;lj ) = cI)éj JH),

5. calculate 6 (h)\Y), -+ o7 (h)Y) from o (h)V) = G)th) " (i)

6. repeat until the desired number of iterations is realised.

13.5 Historical decomposition

Forecast error variance decomposition is concerned with the contribution of structural shocks for predic-
tions. It may also be interesting to establish the contribution of the structural shocks in the past, over the
observed data sample. This is the purpose of historical decomposition.

Consider again the structural Wold representation (4.13.9), considered at any sample period ¢:
yi =AL)'Cq + W& + W1 1+ W26 o+ - t=1,--,T (4.13.32)

The right-hand side can be decomposed into two components. The first term represents the determin-
istic part of the model, while the remaining terms give the contribution of the unpredictable structural
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disturbances affecting the dynamics of the model. Using the notation d; = A(L)~'Cz to designate the
deterministic part of the model, the developed representation writes:

Yig di; V’gl ‘l’gz l"’?n i W]:I ‘V]iz Wl:n S
Yo dy; Yy Yy oo ‘I’gn &2s Vor Yo -0 Yy, 21
. = . . . . . . + . . . . .
Yns dns Y Vi o W) \u Vi Ve o Vi) \&u
(4.13.33)
Following, we can rewrite the representation by grouping the shocks as:
Yig =diy+ Z Vil + Z vhcni—j 4+ Z Vi Eni— (4.13.34)
J=0 Jj=0 J=0
~~ —
Historical contribution  Historical contribution Historical contribution
of shock 1 of shock 2 of shock n
Or:
Vig =dis+hins+hipg+ o+ hiny hi, = Z AT (4.13.35)
j=0

Representation (4.13.35) provides the historical decomposition of the model. Each h;, on the right-
hand side represents the historical contributions of structural shock k of the model in the historical value
of variable i. Note that the summations are of infinite order. In practice however the sample used for
estimation is of finite size and comprise only 7" observations. Therefore for any t = 1,--- , T, the historical
decomposition actually obtains from:

—1
hie =Y Wibri—; (4.13.36)
j=0

(4.13.36) implies that for small ¢, only few terms of the infinite order structural Wold representation are
effectively involved in the calculation of the historical decomposition. This implies that historical decom-
position is typically more accurately estimated at the end of the sample, while only rough approximations
are obtained for the first sample periods.

In a Bayesian context the structural Wold representation parameters are random variables, so historical
decomposition must be as usual integrated to Gibbs sampler framework. This yields the following algo-
rithm:

algorithm 13.6: Gibbs sampling algorithm for historical decomposition

1. atiteration j, draw ) and £() from their posterior distributions. Recycle the values obtained from
the j'* iteration of the Gibbs sampling algorithm.

2. simulate the impulse-response function <I>(()j >,<I>§j ) , CDéj ). from (4.13.2)-(4.13.4).

3. obtain the structural matrix H) from £,

4. calculate the structural impulse-response function ‘P(()j ) , ‘ng ) , ‘ng ). from ‘I’;lj ) = <I>£lj 'H.

5. obtain the structural shocks é,(j ) N () 5[(1)2 ... from ét(j - —1£t(j ),

t—1
()

6 cautate )+ ), fom ), b v

()
'

2

from h

7. calculate d;;’ =yis —hit g —hing — -+ — Riny.

8. repeat until the desired number of iterations is realised.
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13.6 Application: how well does the IS-LM model fit postwar E.U. data?

In a seminal paper, Gali (1992) investigates whether postwar U.S. data supports the stylized predictions
of the canonical IS-LM model. To do so the study estimates a simple, four-variable VAR model, then
confronts its empirical results to the following stylized IS-LM predictions:

1. Positive supply shocks, real demand shocks and money supply shocks have (at least) a transitory
positive effect on GDP growth.

2. Positive supply and real demand shocks both result in higher GDP growth, but have opposite effects on
inflation.

3. Short-term economic fluctuations are mostly driven by real demand and monetary shocks, while supply
shocks take over in the long run.

4. The short-term interest rate declines after a positive money supply shock, but increases following a
positive money demand shock.

5. Monetary shocks are transmitted to the real sector through their impacts on the interest rate.

The paper finds that the estimated VAR overall agrees with these stylized facts, up to a few oddities such
as the prevalence of supply shocks in the variation of output at short horizon.

This section replicates the same exercise, using this time Euro Area data instead of U.S. data. The VAR
model includes the same four variables as in Gali (1992): real GDP growth, broad money m3 as yearly
growth rate, the 3-month interest rate, and CPI inflation. The data comes from Eurostats, the OECD and
the European Central Bank. The sample is quarterly and covers years 1974 to 2024, which is substantially
longer than its U.S. counterpart. Whenever data is missing for early years, it is supplemented by the
excellent Area-Wide Model dataset of Fagan et al. (2001). The dataset is represented in Figure 13.1:

real gdp growth broad money m3
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Figure 13.1: IS-LM dataset for the Euro Area
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This section focuses on two aspects. First, it estimates a simple Bayesian VAR model similar to that of Gali
(1992), and tries to establish whether the IS-LM stylized facts are also validated by Euro Area data. It does
so by the way of a simple structural identification scheme and the analysis of impulse response function,
forecast error variance decomposition and historical decomposition. Second, using the framework as a
pretext, it tries to establish whether Bayesian VAR models perform better than their maximum likelihood
counterpart in terms of predictive performance. To do so an expanding window exercise is conducted,
with forecast evaluation at short and medium horizons.

For the first part of the exercise, a simple Bayesian model with four lags is estimated on the dataset. The
retained prior is the normal-Wishart, but the results are fairly invariant to the selected prior. Similar to Gali
(1992), the model aims at identifying four structural shocks assumed to drive the data dynamics: supply
shocks, real demand shocks (also labelled "IS shocks"), and monetary shocks further divided into money
supply and money demand shocks. Structural identification is conducted with the simplest possible setup:
Cholesky factorisation. This amounts to setting short-term restrictions on the structural impulse response
function of the model. Indeed, from (4.13.11), one obtains:

gdp; hy 0 0 O &
m3 | | hy hm 0 0 |[éEm
O Il L | + (4.13.37)
cpiy har  hay haz  hag &

where &5, &M, EMd and E7 respectively denote supply, money supply, money demand and real de-

mand shocks. Ordering matters with Cholesky factorization, and the retained order implies the following
assumptions:

1. the real sector (GDP growth) is only affected immediately by supply shocks. Shocks on the demand
side only impact production with a lag due to the time required by producers to adapt to new demand
conditions. This is a fairly usual assumption.

2. money growth responds instantaneously to supply and money supply shocks, but monetary authorities
adjust with a lag to money demand and real demand conditions.

3. The short-term interest rate adjusts immediately to supply and monetary shocks, but takes one quarter
to adjust to changes in real demand.

4. CPI inflation adjusts immediately to all disturbances, reflecting the fact that prices adjust continuously
as a result to moves in supply and demand in all markets.

Figure 13.2 reports the structural impulse response obtained with this identification scheme. Overall,
the responses agree with the IS-LM stylized facts. Positive supply, money supply and money demand
shocks all have an expansionary effect on real GDP growth. The impact is by far the strongest for supply
shocks, at 1.5 percent point at impact. The negative response to real demand shocks on the other hand is
counter-intuitive and clearly at odd with IS-LM theory, though it is small and initially not significant.

As expected, broad money m3 increases following any shock on the demand side, at least in the medium
run. The initial decline following a positive supply shock reflects the adjustment of money supply to lower
nominal transactions, before increasing again due to higher economic activity.

CPI inflation responds postiviely to monetary shocks and real demand shocks, as expected. However, the
positive response to supply shocks is probably the strongest contradiction with the IS-LM stylized facts.
Instead of showing a drop in price level due to lower input prices, it seems to suggest a fueling in price,
possibly due to the surge in economic activity resulting from the shock. This is anyway clearly at odd
with standard IS-LM theory.
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Figure 13.2: Structural impulse response function

As a result, in a Taylor rule fashion, the short-term interest rate adjusts upwards following a positive
supply shock, a logical but nevertheless unexpected contradiction with the IS-LM framework. The up-
ward response of the short-term rate to the other shocks on the other hand is consistent with traditional
Keynesian views.

As a next step, the exercise considers the forecast error variance decomposition of the four variables
included in the model. Figure 13.3 summarizes the estimates for the model. Unlike standard IS-LM
wisdom, fluctuations in GDP can be seen to be dominated by supply shocks, even at business cycle
horizons. In fact, supply shocks almost exclusively explain output fluctuations at any horizon. This is a
critical contradiction with traditional Keynesian views that grant a significant role to demand shocks for
stabilization purposes.

Broad money growth appears almost exclusively determined by money supply shocks, a view more
aligned with monetarism and the quantitative theory of money than with traditional Keynesian beliefs
that would emphasize the contribution of money demand and real demand shocks.

The short-term interest rate proves overall consistent with IS-LM predictions. At short horizon it is dom-
inated by money demand shocks, before it leaves some space for supply and money supply shocks at
longer horizons.

Finally, CPI inflation appears mostly determined by the real demand side of the economy at business
cycle horizons, with money supply playing a larger role at long horizons. This facts are consistent with
traditional Keynesian views on price adjustment.
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Figure 13.3: Forecast error variance decomposition

The final step in this first part examines the historical decomposition of the series, as displayed in Figure
13.4. The results overall support the preceding conclusions. The fluctuations of real GDP growth can
be seen to be overhelmingly dominated by the contributions of supply shocks. This is especially true
for the 2007 financial crisis and the 2020 pandemic crisis. At the margin, money supply shocks seem
to contribute mostly negatively to output fluctuations. Perhaps paradoxically, the negative contributions
often appear after recessions, like in 1994, 2010 and 2022, when the economy would yet require more
accomodating monetary policies. Often though those negative contributions can be related to preceding
inflationary pressures calling for monetary adjustments.

Unsurprisingly, broad money fluctuations are dominated by money supply components. Supply and
money demand components sometimes play a small role, such as during the 2010 decade when the Euro
area reached a liquidity trap.

Interestingly enough, the fluctuations in the short term interest rate display a mix of contributions across
the period. Money supply and real demand shocks seem to dominate the pre-2000 sample, while subse-
quent years reveal a stronger contribution of supply shocks in the determination of monetary policy.

CPI inflation finally seem mostly determined by money supply and real demand shocks. Contributions
from money demand are almost absent, here again a paradox regarding Keynesian views that grant a
substantial role to money demand on the money market, and subsequently on the price level. Also, supply
shock contributions seem fairly small in general. This is particularly interesting in the light of the recent
surge in inflation following the 2020 pandemic. The rise in raw material and energy costs made some
analysts conclude to a major contribution of supply shocks over the period, like Bernanke and Blanchard
(2023). The model suggests on the contrary that real demand shocks played a central role in the episode,
with further fueling emanating from positive money supply shocks. This alternative narrative is supported
by other studies such as Giannone and Primiceri (2023) who advocate the role of expansionary fiscal
policies, strong consumer demand following the pandemic, and accomodative monetary policies.
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Figure 13.4: Forecast error variance decomposition

The second part of the exercise focuses on predictive performance. It aims at demonstrating the main
point of Bayesian models, namely that they produce better forecasts than their maximum likelihood
counterparts. To do so, an expanding window setup is developed. The initial sample covers the
periods 1974Q1-2004Q1 and is then expanded one quarter at a time until 2023Q4, resulting in 80
expanding windows. For each window out-of-sample forecasts are conducted up to four periods ahead for
all available VAR models, and forecast evluation criteria are calculated. The two retained criteria are the
standard root mean squared error, and the Bayesian-specific log score. Table 13.1 reports the results for
the two criteria at prediction horizon ¢ 4- 1 and 7 +- 4, averaged over all windows.

Looking first at the root mean squared errors, the maximum likelihood VAR consistently appears as the
lowest performer. Typical difference with the Bayesian models is about 15%, with smaller spreads for
CPI inflation and significantly higher differences for the short-term rate where the gap is almost 50% at
horizon ¢ + 1. The conclusion is robust to the forecast horizon, implying Bayesian VAR models perform
better both at short and medium terms. The predictive performance across Bayesian models then seems
to favour the Minnesota, independent and large BVAR priors (the latter two being very similar) against
the normal-Wishart and dummy observation priors. Overall yet the performance are quite close one from
each other.

The main shortcoming of the RMSE is that it only considers point estimates while in real-life applications
forecasting uncertainty also matters. The log score takes into account the full predictive density and thus
provides a richer picture of the predictive performance. Looking at this criterion, the Minnesota becomes
the weakest model, with significantly higher values for all variables but the short rate. This suggests that
the Minnesota provides good point estimates, but poor prediction intervals. The large BVAR prior seems
to dominate the other priors at the margin, but overall the last four Bayesian priors produce very similar
predictive performance.
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gdp m3 rate cpi
maximum likelihood 1.410 0.696  0.316  0.452
Minnesota 1.135 0.642  0.211 0.404
normal-Wishart 1.166 0.658 0.236  0.410
independent 1.132  0.647 0206  0.404
dummy observations  1.161 0.653 0.238 0.411
large bvar 1.138 0.649 0.205 0.409

(@) RMSE at r+1

gdp m3 rate cpi
maximum likelihood  2.354 1.747 0.763 1.099
Minnesota 2.003 1.594  0.589 1.029
normal-Wishart 2.064 1.613  0.637 1.051
independent 1.978 1.596 0.572 1.025
dummy observations  2.065 1.612 0.637 1.049
large bvar 2.016 1.599  0.586 1.025

(b) RMSE at ¢ +4

gdp m3 rate cpi

maximum likelihood - - - -

Minnesota 4.643 1.375 0.441 1.064
normal-Wishart 3.978 1.332  0.571 0.944
independent 4.020 1.331 0.544  0.947
dummy observations  3.909 1.323  0.571 0.952
large bvar 3.976 1.323 0.571 0.905

(c) Log score at t+1

gdp m3 rate cpi

maximum likelihood - -
Minnesota 4.761 3.009 1.575 3.129

normal-Wishart 4.053 2.827 1.664  2.601
independent 4290  2.836 1.584  2.730
dummy observations  4.112 2.825 1.664  2.596
large bvar 4.155 2.809 1.622  2.521

(d) Log score at ¢t +4

Table 13.1: Out-of-sample predictive performance
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CHAPTER 14

Bayesian VAR: advanced applications

14.1 Conditional forecasts: an agnostic approach

This section introduces the notion conditional forecasts, which is closely related to the idea of scenario
analysis. The basic approach developed in this section is very simple and follows Banbura et al. (2015).
It consists in treating the forecasts as unobserved state variables and the conditions as observed variables,
then integrate the whole setup in a standard Bayesian state-space framework.

Formally, assume that we have a VAR model and want to use it to generate forecasts §; for periods
t=T+1,---,T +h. We further want to implement conditions, that is, we want to constrain the path of
certain variables at certain forecast periods to take specific values exogenously decided. This means that
for some variable(s) i (i = 1,--- ,n) and some forecast period(s) t (t =T +1,---,T + h), we want to set
Vi = Yis» with y;, some value set exogenously for the scenario. The set of values y;, then represent the
conditions for the exercise.

We may want the conditions to hold exactly, in which case they are called hard conditions. We may also
want to allow for some variability around the conditions, in which case they are called soft conditions. A
convenient way to represent this consists in assuming that the conditions are normally distributed random
variables:

Vig ~ N(yi,n wi,t) = Vir = Vis+ €iy €™ N(0, a)i,t) (4.14.1)

We may represent hard conditions by setting @;; = 0 and soft conditions with positive values for @;;. For
the incoming developments, it is also useful to notice that we can represent the absence of conditions
on y;, by setting y;; = 0 and w;, to a very large value, which amounts to setting a diffuse prior belief
on §;,. Gathering hard conditions, soft conditions and no-conditions for forecast period ¢ in a single
n-dimensional vector j;, one obtains:

Y=yt e e~ N(0,9;) Q, = diag(ay) (4.14.2)
with:
V1 iy €1, 1
. V2. _ Vo €21 ¢
Ve = . Vi = . €= : ) = : (4.14.3)
)?mt Vnt €nt (O

Using the symmetry of the normal distribution, (4.14.2) rewrites:
)_)t :yAt‘i‘ €t GINN(O,QI) Qt :dlag(a)t) (4144)

This represents the observation part of the setup. For the dynamic part, note that the forecasts obtain from
the VAR model:

Fi=Cua+AP 1+ +AF & & ~N(0,%) t=T+1,-,T+h (4.14.5)
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We can rewrite the model in companion form as in (4.12.27):

h=w+Fha+& & ~N(0,K) (4.14.6)
with:
Vi Cz Ay Ay o Ay & T 0 -0
| . 0 o | '0 0 - 0 . 0
}A’r—;u+1 0 0 A O O 0 0' 8
(4.14.7)

In practice, we adapt X in K by setting X;; = 100 whenever there is a condition on variable i at period ¢.
This way the prior becomes uninformative and the condition set in (4.14.4) holds exactly in the posterior.

Finally, note that we can rewrite (4.14.4) in terms of ¥ instead of J, by noting that §, = Q §;, with
0=, 0 --- 0)anxnp selection matrix that keeps only the first n rows of %:

}_71 = Q ')A/[—'— €t €4 N(O,Q[) Qt = dlag((x)t) (4148)

Equations (4.14.8) and (4.14.6) respectively represent the observation and state equations of a state-space
system in the state variable §;. The first n rows of ¥ give the conditional forecasts J;, which represent the
object of interest. Bayesian estimates for this state-space model can be obtained using standard approaches
such as the Carter-Kohn algorithm!.

Following, It is straightforward to define a Gibbs sampling algorithm for conditional forecasts:
algorithm 14.1: Gibbs sampling algorithm for conditional forecasts, basic approach
1. set the invariant matrices Z, y; and €, fort =T +1,--- . T +h.
2. atiteration j, draw B) and ¥ (/) from their posterior distributions. Recycle the values obtained from
the j* iteration of the Gibbs sampling algorithm. Recover C(j),A(lj ), e ,AE,] ) from BY), and form
FW, KU) and u,(J) fort=T+1,--- ., T+h.
(/) ()

3. obtain a sample ¥/, -, ¥, from a Bayesian state-space sampler such as the Carter-Kohn
algorithm.

4. keep only the first n rows of ?;JL,--- ,f/ﬁrk to obtain a sample Jry1,---,¥7r+, of conditional
forecasts.

() o(J)

5. marginalize, that is, discard B(j ) and ) and keep only the predictions y7, ¢, -+, V7.

6. repeat until the desired number of iterations is realised.

14.2 Conditional forecasts: a structural shock approach

The basic approach to conditional forecasts is agnostic about economic theory: it simply matches the
dynamics of the model with the specified conditions. Sometimes, however, we want to assume that the
conditions are generated by a subset of the structural shocks involved in the economy, providing more
economic content to the exercise. The approach of conditional forecasts built on structural shocks has first

IReaders unfamiliar with state-space representations and Kalman filter methods should first read chapter K in Book 3 of the
package.
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been introduced by Waggoner and Zha (1999). It has then been amended by Andersson et al. (2010) to
allow for density conditions, and we follow these lines here.

So, assume we have a VAR model and want to generate forecasts y; for periodst =7 +1,---,T +h. From
(4.13.9) (Wold theorem for structural impulse response function), the value of §7, can be expressed as:

S0 =AL) ' Coran+Polrin +P1érin + ¥obrina... (4.14.9)
Or:
(e} h
Sren=AL)'Caran+ Y Ynribr—it Y, Pn_jérij (4.14.10)
i=0 j=1
Forecast, absent future shocks Impact of future shocks

The first two terms on the right-hand side of (4.14.10) represent the deterministic part of y7,,. They
represent the forecast for yr; obtained with the observed data up to period 7', when future shocks are
unobserved. The second term on the right-hand side of (4.14.10) represents the contribution of future
shocks to the realised value of yr ;. Denoting the deterministic part by frj, (4.14.10) rewrites:

h
Sran = fran+ Y, Phojér+; (4.14.11)
j=1

Because fr., represents the forecast for yr, absent future shocks, it can easily be recovered numerically
from the reduced-form VAR (4.11.1), by computing recursively fri1, fr+2, -, fr+n, ignoring the shocks
at each period. Formally, f7j obtains from:

fre1=Czr1 +AYT HAyr 1+ -+ AT 11
fri2=Czra+A1fro +Ayr +--+Apyri2p

Sr4n = Czrn F A1 fron—1 FAo fron—o+- - +Ap fron—p (4.14.12)

From (4.14.11), the prediction for $7.1,97+2, -, Y714 can then write jointly as:
141 Sr+1 Yo 0 o - 0 Ery1
Y142 friz Yi %Y 0 - 0| |ér2
Stz | =|fras || P2 W1 W - O Ery3 (4.14.13)
S1+h Srn Vi1 Wi Wiz -+ Wo/ \Srn

Or, compactly:
141740 = frovren+M Sriirn Err1:rn ~N(0,I, ®T) (4.14.14)

Hence, the unconditional forecasts have the following density:

$r1:740 ~ N(fra1:01n MI@T)M') (4.14.15)

Consider now imposing conditions on the forecasts. Precisely, we want to impose k conditions on the
sequence of forecasts yr1.7+,, Where again each of these conditions can be expressed as:

Vi ~ N(Fis, i) (4.14.16)
This can be represented in terms of $71.744 as:

RY7 11100 ~N(F,Q) (4.14.17)
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R is a k x nh selection matrix that takes a value of 1 for the values of $7. .74+, to which a condition
applies. ¥ is a k-dimensional vector of conditions, and Q = diag(®), where ® is a k-dimensional vector
of variances on the conditions. As usual, hard conditions can obtain by setting @; = 0. The difficult part
then consists in deriving the distribution of the shocks &7 1.7 so that they satisfy at the same time the
unconditional density (4.14.15) and the conditional density (4.14.17). After some work, it can be shown
(book 2, p. 77) that the distribution of the constrained shocks is given by &7 1.745 ~ N(f,Q), with:

fA=D"F—Rfri1rsn) Q =D*QD* + (I, — D*D) (1, @ T) (I, — D*D) (4.14.18)

where D = RM is a k x nh matrix and D* is the nh x k Moore-Penrose inverse of D such that DD* = I;.
When k < nh, the matrix D* is defined as:

D*=D'(DD')7! (4.14.19)

Finally combining (4.14.18) with the unconditional forecast expression (4.14.14), one obtains that the
distribution of the conditional forecasts is $i741.74, ~ N(ft,Q), with (book 2, p. 78):

0= frotran +MD* (y_RfT—H:T—&-h) Q=M [D*.QD*, + (Inh —D*D) (Ih ®F) (Inh —D*D)] M (4.14.20)

The conditional forecast exercise then reduces to sampling from (4.14.20), which is straightforward. But
this methodology permits in fact to do even better. Often, we want the conditions to be generated by a
subset of the structural shocks only. For instance, we may assume that the conditions applicable on the
interest rate obtain only from monetary policy shocks. Antolin-Diaz et al. (2018) notice that this can be
achieved by setting the condition:

P&ri1.m4n ~N(0,Tg) (4.14.21)

where P is a m X nh selection matrix formed by ones and zeros that takes a value of 1 to select the m shocks
that do not drive the conditions. I',,; is a m x m diagonal matrix that select the entries of I" corresponding
to the variances of the non-driving shocks?. This way (4.14.21) constrains the non-driving shocks to keep
their unconditional distributions, permitting only the remaining driving shocks to generate the conditions.
Now, note that the unconditional forecasts (4.14.14) can rewrite

M1 v =M froiron+ Erirron Ervtr4n ~N(0,I,®T) (4.14.22)
Pre-multiplying by P:
OS11:74n = Qfr41:74h + PEr1.740n Er1:ren ~N(0,1,®T) Q=PM~' (4.1423)

And this eventually implies the restrictions:

O Ir+1:7+h ~ N(OQfrs1:7+m,Tna) (4.14.24)

To obtain conditional forecasts that satisfy at the same time the conditions (4.14.17) and the restrictions
on driving shocks (4.14.24), we simply stack them to obtain:

Z9r11:740 ~ N(@r+1:741,Z) (4.14.25)
with:
R 7 Q 0
7 P o 4.14.26
(Q) STHLTh (QfT+1:T+h) (0 Fnd) ( )

Equation (4.14.25) is similar to (4.14.17), so that adding shock restrictions can be reduced to a regular
conditional forecast settings. Following, the conditional forecast distribution still obtains directly from

2Specifically, I,y = diag(Py), where ¥ is the vector obtained from the main diagonal of I, ® T".
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(4.14.20), replacing R, ¥ and Q with Z, g7, .71 and E.

We can then propose the following Gibbs sampling algorithm for conditional forecasts:

algorithm 14.2: Gibbs sampling algorithm for conditional forecasts, structural shocks approach
1. set the invariant matrices R, y, Q, and P if shock restrictions apply.

2. atiteration j, draw 3 (), £() and TU) from their posterior distributions. Recycle the values obtained
from the ;" iteration of the Gibbs sampling algorithm. Recover C(/) ,ASJ ), aE ,AE,J ) from BU).

form fry .74 from C(j),Agj),--~ ,A,(,j).

form Wy, ¥y, ,¥,_; from ﬁ(j ), then construct M.

if conditions on shocks apply, compute also Q, Z, g7+1:7+4, I ng and E.
compute D, D, D, [t and Q.

draw yA(TjJ)rl:T+h from )A)(TjilzTJrh ~ N, Q).

N AW

8. marginalize, that is, discard /), () and I'/) and keep only the predictions )?(TJL yee ,)?(Tjih.

9. repeat until the desired number of iterations is realised.

14.3 Structural identification by sign and zero restrictions

Section 13.2 introduced the notion of structural identification, along with the common approach of Cholesky
factorization. Another popular approach to structural identification is the sign restrictions methodology
introduced by Arias et al. (2018). In this approach, the structural identification is generated by restric-
tions on the signs of the structural impulse response functions, making sure that they are consistent with
economic theory.

Consider the general structural VAR introduced in definition 13.1:

H()yt = GZ["‘H]yt_] +"'+prl—p+<§l gl‘ NN(O,IH) = 1, 7T‘ (41427)

where for simplicity it is assumed that the structural shocks have unit variance. The aim of the sign
restriction exercise consists in verifying whether the structural impulse response functions Wy, ¥;,¥>, - -
produced by the SVAR (4.14.27) satisfy a set of restrictions specified by the user.

In general, we may want to test for three kinds of restrictions. Pure sign restrictions test for the sign
of the structural response of a variable to a given structural shock, at some specific horizon. That is, it
tests whether 1//{} > 0 (alternatively y/flj < 0) for variable i, structural shocks j and horizon 4. magnitude
restrictions test whether the magnitude of the structural response to one structural shock is larger (in
absolute value) than the magnitude of the response to some other shock. That is, it tests whether |1//l’}| >

|llliillc|’ for two structrual shocks j and k. Finally, zero restrictions test whether the impact of some impulse
response was null. That is, it tests whether l//l-};- =0.

Testing for a set of k restrictions can be done by the way of an impulse-response function matrix f(¥)
that stacks the structural impulse response functions for all the horizons at which restrictions apply, and
pairs of selection matrices e; and s;, for i = 1,--- k. To make things more concrete, consider a simple
VAR with two variables and two structural shocks. We implement k£ = 3 restrictions covering horizons 0
and 1 (impact and one period after). Then f(¥) is given by:
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v v

¥ 231 ‘Ifgz
YY) = = 4.14.28
) <T1> ‘l/111 1I/112 ( )
Vo Vo

For the first restriction, we want the response of variable 1 to structural shock 2 at horizon 1 to be positive,
that is, y{, > 0. The restriction will hold if:

AR
vy v, | (O 1
erx f(P)xs;>0 or (0 0 1 0) vl oyl L) >0 or wp>0 (4.14.29)
11 12
vy Vo

For the second restriction, we want the response of variable 2 to shock 1 to be smaller in magnitude than
the response to shock 2 at horizon 1. That is, we want |y, | < |y, |. This will hold if:

il v
-1
ex|f(B)] x>0 o (0 0 0 1) MWL (Ch) o0 o yhi<ludl @430
A2l

For the final restriction, we want the response of variable 2 to shock 1 to be null at impact. That is, we
want W9, = 0. The restriction will hold if:

‘I’?l ‘I’?z
1!’31 ‘I’gz 1 0
e3x f(¥)xs3=0 or (0 1 0 0) vl ol | (o) =0 or wa=0 (4.14.31)
11 Y2
lIlel lI’zlz

The above procedure makes it trivial to verify whether a specific structural VAR satisfies a given set of
restrictions. Assume for now that we deal with sign restrictions only. It will become clear shorlty why the
zero restrictions represent a special case. Then we can propose the following Gibbs sampling algorithm:

algorithm 14.3: Gibbs sampling algorithm for sign and magnitude restrictions, SVAR parameteri-
zation

1. atiteration j, draw Héj ), G\Y) and Hl(j ), e ,HI(,j ) from their posterior distributions.
2. generate ¥y, ¥, ¥,, -, and f(¥).

3. for i = 1,--- ,k, test the restriction by verifying if ¢; x f(¥) x s; > 0 (for sign restrictions), or
e; X |f(W)| x s; > 0 (for magnitude restrictions).

4. keep the draw if all k restrictions are satisfied; else, reject and go back to step 1.

5. repeat until the desired number of sucessful iterations is realised.

The problem with algorithm 14.3 is that in practical applications it is usually not possible to sample
directly from the SVAR parameters Hy,G,Hy, - ,H,. Rather, we can sample from the reduced-form
parameters B and X. Therefore, we need a mapping from the reduced-form parameters to the structural
parameters. To do so, Arias et al. (2018) propose a parameterization called the orthogonal reduced-form
parameterization, given by:

v =Cz +A1yi +"'+Apytfp+h(2) o éz gt NN(OJ) t=1,---,T (4.14.32)
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The matrix 4(X) is any decomposition of X such that 2(X)h(X)" = X. In practice, we take h(X) to be the
Cholesky factor, though any differentiable decomposition would do. Q is a n x n orthogonal matrix such
that QQ" = I,,. It plays the role of a rotation matrix applied to the original decomposition i(X). It is easy
to see that this formulation is equivalent to the regular reduced-form VAR (4.11.1). Indeed, we can define
& =h(X) Q & and obtain:

Var(g)=Var(h(Z) Q&) =h(X) 01, Q' h(X) =h(X) Q Q' h(X) =h(X) h(Z) =X (4.14.33)

It is also easy to notice that H = h(X) Q is the structural decomposition matrix of the model since HH' =X.
Pre-multiplying the orthogonal reduced-for VAR (4.14.32) by Hy = H~!, one recovers the structural VAR
(4.14.27). Conditional on the orthogonal reduced-form parameters B,X and Q, one can thus recover the
SVAR parameters Hy, G, Hy,--- ,H,, and test for the sign restrictions.

It remains to obtain random draws for the orthogonal matrix Q. Ideally, the draws would obtain from a
uniform distribution since we are agnostic about which values Q should take. Arias et al. (2018) propose
a simple method to obtain Q:

algorithm 14.4: Sampling of orthogonal matrix Q from uniform distribution
1. generate a n X n matrix X with each element having an independent standard normal distribution.
2. compute QR = X, the QR decomposition of X.

3. if needed, normalize Q and R so that the diagonal of R has only positive entries; then Q has the
uniform ditribution over O(n), the set of n x n orthogonal matrices.

It is then possible to define the following Gibbs sampling algorithm for restrictions:

algorithm 14.5: Gibbs sampling algorithm for sign and magnitude restrictions, orthogonal
reduced-form parameterization

1. atiteration j, draw the reduced-form parameters BY) and £) from their posterior distributions.
. from B(j>, obtain the impulse-response function &g, P, P; - --.
. from £(/), obtain the decomposition 4(Z).

2

3

4. generate an orthogonal matrix Q from algorithm 14.4.

5. create a candidate structural decomposition matrix H = h(X) Q.
6

. generate the structural impulse response function Wy, W, ¥, -- from ¥; = ®; H; generate the
matrix f(¥).

7. for i = 1,--- k, test the restriction by verifying if e¢; x f(¥) x s; > 0 (for sign restrictions), or
ei X | f(¥)| x s; > 0 (for magnitude restrictions).

8. keep H if all & restrictions are satisfied; else, reject and go back to step 1.

9. repeat until the desired number of sucessful iterations is realised.

Consider now adding zero restrictions. Intuitively, we would like to use algorithm 14.5 for zero restrictions
as well, but this is not possible. The problem is that the the set of random matrices Q satifying the zero
restrictions has measure zero. That is, the probability to obtain by chance a random rotation matrix Q that
will exactly satisfy the zero restrictions is null. For this reason, the matrix Q must be constructed column
by column so as to satisfy the restrictions. Arias et al. (2018) propose the following algorithm:
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algorithm 14.6: Construction of matrix Q satisfying the zero restrictions
for j=1,2,---,m

1. construct the matrix Z; that stacks the e; vectors related to zero restrictions on structural shock j. If

there are no zero restrictions on shock j, define Z; to be the empty matrix.
2. construct the matrix Q’jfl, where Qy is the empty matrix, and otherwise Q;_1 = [q1 q2 -+ gj—1]

denotes the set of columns of Q previously created.

Zix f (‘P)> '

3. construct the matrix R; = (
j—1

4. draw a random vector x; from a standard normal distribution on R".
5. if R; is empty, define ¢; = x; /||x;]|.

6. if R; is non-empty, find a matrix N; whose columns form a non-zero orthonormal basis for the
nullspace of R;; then define g; = N;(Nix;/[|Nix;|).

7. set q; as column j of Q.

The methodology implies that no more than (n — j) zero restrictions can be set on structural shock j,
otherwise the matrix Q is not identified®. As the ordering of variables does not matter with sign restric-
tions, one can play on the ordering to cope with the desired number of zero restrictions on the different
variables.

With algorithm 14.6, it is possible to develop a Gibbs sampling procedure for the general case of sign,
magnitude and zero restrictions:

algorithm 14.7: Gibbs sampling algorithm for sign and magnitude restrictions, orthogonal
reduced-form parameterization

1. atiteration j, draw the reduced-form parameters BY) and £1) from their posterior distributions.
. from B(j), obtain the impulse-response function @y, P, P, ---.
. from X, obtain the decomposition 4(Z). Get a preliminary matrix (%) from ¥; = ®; h(X).

2
3
4. generate an orthogonal matrix Q from algorithm 14.6, using f(P).
5. create a candidate structural decomposition matrix H = h(X) Q.

6

. generate the structural impulse response function Wy, W, ¥, - from ¥; = ®; H; generate the
matrix f(¥).

7. for i = 1,--- ,k, test the restriction by verifying if ¢; x f(¥) x s; > 0 (for sign restrictions), or
e; X | f(¥)| x s; > 0 (for magnitude restrictions). Zero restrictions need not be verified since they
are satisfied by construction.

8. keep H if all & restrictions are satisfied; else, reject and go back to step 1.

9. repeat until the desired number of sucessful iterations is realised.

This concludes the presentation of the sign restrictions methodology. A final remark applies: in case of
pure sign restrictions, algorithm 14.5 is equivalent to sampling directly from the posterior distribution of
the SVAR parameters. When zero restrictions are involved, however, algorithm 14.7 produces structural
parameter draws from a different distribution. To remedy this problem, Arias et al. (2018) propose an
importance sampling procedure. We do not follow this line, for two reasons at least. First, in practice,

31f ones tries to impose more than (n— j) zero restrictions on structural shock j, then the basis N; of the nullspace of R; can only
be the trivial zero vector. This in turns implies that g; is also a zero vector so that Q cannot be orthogonal.
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using or not the importance sampling procedure generates similar distributions. Second, the importance
sampling procedure is computationally expensive and may render estimation intractable. Also, it requires
the computation of numerical derivatives, making it prone to numerical error and instability. In every
respect, it seems simpler and safer to apply algorithm 14.7 directly.

14.4 Structural identification by narrative sign restrictions

Antolin-Diaz and Rubio-Ramirez (2018) propose to extend the class of sign restriction methodologies to
structural shocks and historical decomposition. They call this new category of restrictions the narrative
sign restrictions. The overall identification procedure is similar to that of traditional sign restrictions and
only requires some adaptation to account for the alternative applications to which the restrictions apply.

Consider first structural shock restrictions. These restrictions apply either to the sign of the j** structural
shock at some sample period ¢ (e.g. &, > 0), or to the relative magnitudes of shocks at period 7 (e.g.
|&is| > 1&;s|). Similar to regular sign restrictions, we can test for the restrictions with a structural shock
matrix (&) stacking the relevant vectors of in-sample structural shocks on which restrictions apply, and
pairs of selection matrices e; and s;, fori = 1,-- - k restrictions.

Consider again the case of a simple VAR with two variables and two structural shocks. We implement
k = 2 shock restrictions covering sample periods = 50 and 51. Then f(§) is given by:

o= () (22 &)

For the first restriction, we want the first structural shock to be negative at sample period ¢ = 51, that is,
&1 51 < 0. The restriction will hold if:

e s(€)xn >0 o 0 ) (Z0 E0) ()0 o faco 41439

The second restriction considers that the first structural shock at period = 50 is larger in magnitude than
the second structural shock, that is, |&; so| > |&2,50|- The restriction will hold if:

axlf@lxsi=0 o (1 o) (B0 2O (L)oo o jnul> el @130

Consider now the case of historical decomposition restrictions. Remember from (4.13.35) and (4.13.36)
that the historical decomposition of sample observation y;, is given by:

t—1
Yia =dig+hitg+hios 4+ hing hice = Y, WiGij (4.14.37)
j=0

Each h;;, represents the historical contribution of shock j to the value of variable i at sample period
t. Again, two types of restrictions apply. We can implement restrictions on the sign of the historical
contribution of structural shock j on variable i at some sample period ¢ (e.g. h;;; > 0). Or we can
apply restrictions on the relative magnitudes of the historical contributions of structural shocks j and k on
variable i at some sample period ¢ (e.g. |hij;| > |hi,|). The restrictions can be checked with a historical
decomposition matrix f(h) stacking the relevant vectors of in-sample historical contributions on which
restrictions apply, and pairs of selection matrices e; and s;, for i = 1,- - -  k restrictions.
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Consider again the case of a simple VAR with two variables and two structural shocks. We implement
k = 2 historical restrictions covering sample periods ¢ = 50 for variable 1 and period ¢t = 51 for variable
2. Then f(h) is given by:

f(h) = <h/1ﬂ50> = (hmo hlzv”) (4.14.38)

!/
h, 5y ha1s1 haosi

For the first restriction, we want the historical contribution of structural shock 1 to variable 1 at period
t = 50 to be positive, that is, 11 50 > 0. The restriction will hold if:

hiso h 1
erx f(h)xs1>0 or (1 0) <h;§? héii?) (0> >0 or /50 >0 (4.14.39)

The second restriction considers that the historical contribution of structural shock 2 to variable 2 at period
t = 51 is larger than that of structural shock 1, that is, |h2 51| > |h21 51|. The restriction will hold if:

h h -1
er x| f(h)|x51>0 or (0 1) <Ih;2?I Ihzz?D(l)w or |hnsi| > |hasi|  (4.14.40)

With these elements, we can propose a simple Gibbs sampling procedure for the narrative sign restrictions:

algorithm 14.8: Gibbs sampling algorithm for narrative sign restrictions
1. atiteration j, draw the reduced-form parameters BY) and »() from their posterior distributions.
2. from B(j), obtain the reduced-form residuals €, &, -, €r.
3. from B\, obtain the impulse-response function @y, P, P;---.
4. from £U/), obtain the decomposition 4 (Z).

5. generate an orthogonal matrix Q from QR = X, with X a n X n matrix with each element having an
independent standard normal distribution, and the diagonal of R normalized to be positive.

6. create a candidate structural decomposition matrix H = h(X) Q.
7. generate the structural shocks &1, &, - -+, & from the & = H~'g,. Generate f(&).
8. generate the structural impulse response function Wy, W, ¥, --- from ¥; = ®; H.

9. generate the historical decomposition 4;;,, for each triplet i, j,# on which some restriction applies.
Generate f(h).

10. fori=1,--- k, test the restriction by verifying if e; X f(&) x s; > 0 (for sign restrictions on shocks),
e; X |f(&)| x s; > 0 (for magnitude restrictions on shocks), e; x f(h) x s; > 0 (for historical sign
restrictions), or e; X |f(h)] x s; > 0 (for historical magnitude restrictions).

11. keep H if all k restrictions are satisfied; else, reject and go back to step 1.

12. repeat until the desired number of sucessful iterations is realised.
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14.5 Structural identification by proxy-SVAR

The approaches discussed so far identify the structural VAR model by imposing some restrictions on
the sign of the shocks, impulse response functions, or historical decomposition. An alternative approach
consists in identifying the structural VAR by using external instruments known as proxy, assuming that
these instruments carry some information about the structural shocks to be identified. While there exist
a number of contributions on the frequentist side, few Bayesian methodologies have been developed.
Caldara and Herbst (2019) propose a Metropolis-Hastings procedure that relies on a single proxy. A more
general approach is developed by Arias et al. (2021), and the presentation in this section follows the same
line.

Consider a general structural VAR of the form:

Hoyt:Gzt+H1yt71+~-~+prt7p+§t é;NN(O,In) t= 1, ,T (41441)

where y;,yi—1,---,y—p and & are n-dimensional vectors of observations and structural shocks, and
Hy,Hy,--- ,H, are n X n matrices of coefficients. Consider adding a vector r; containing h external
instruments or proxy to the structural VAR. Then model (4.14.41) can rewrite jointly with r; as:

Hy  Ouxp Vi G Hy  Opxp V-1 Hp 0nxn Yt—p ét
= + ot +
<F0,1 r0,2) <”t F (=) Iy Tz )\ Lpr Tp2) \rip Vi
(4.14.42)

where I';; and I';» respectively denote matrices of coefficients of dimension 4 x n and h X h, for
i=20,1,---,p. Vv, is a h-dimensional vector of structural shock specific to the instrument and
uncorrelated with &, with v, ~ N(0,1;,). Note that the original SVAR (4.14.41) implies blocks of
zeros in the coefficient matrices of the augmented SVAR (4.14.42). These are known as the block
restrictions of the proxy SVAR.

Model (4.14.42) can be written in compact form as:
Hoy = Goy + Hijiy 4+ Hyyp + & & ~N(0,I) i=n+h (4.14.43)

Stacking the regressors and coefficient matrices, (4.14.43) can rewrite:

Hy=H5+&  He=(G B - H) %= 5. - 5, (4.14.44)

The h external instruments in r; are assumed to be correlated with & structural shocks in &, and to be
uncorrelated with the other shocks. The first assumption is known as the relevance conditions, and states
that the proxy are expected to carry information about the structural shocks to which they are related.
The second assumption is known as the exogeneity restrictions, and states that the proxy don’t carry
information beyond the structural shocks they represent. Without loss of generality, let the & proxy be
related to the last 4 structural shocks, and uncorrelated with the first n — i elements of &;.

Consider Hy. It is easy to show (book 2, p. 78) that its inverse H;, Uis given by:

_ H! 0,xn
H ' = 0 4.14.45
0 <_Fo,é Lo H, ! Foé ( )

Using (4.14.45) with the relevance and exogeneity restrictions, it can then be shown (book 2, p. 79) that:

E(r&/) = [Onx(n-ny V]=-Tg,To1 Hy' (4.14.46)
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The first equality in (4.14.46) reflects the fact that the first n — & structural shocks are orthogonal to the
proxy variables (exogeneity restrictions), while the last / structural shocks are correlated with the 4 proxies
through the covariance matrix V (relevance conditions). The second equality shows that identifying a
proxy-SVAR is realized through zero restrictions on the structural parameters I'g;, [0 and H ! (the
exogeneity restrictions). Note in particular that (4.14.46) implies zero restrictions on the columns of
H=H, ! the structural identification matrix of the SVAR (4.14.41).

Intuitively, we would like to apply the methodology of Arias et al. (2018) on sign and zero restrictions to
the proxy SVARs: estimate the Bayesian VAR under the orthogonal reduced-form parameterization, then
sample from the distribution over the structural parameterization of the proxy-SVAR conditional on the
block and exogeneity restrictions (4.14.42) and (4.14.45). Unfortunately, this is not possible because the
implied number of zero restrictions is too large. For this reason, Arias et al. (2021) propose an alternative
parameterization called the orthogonal triangular-block parameterization.

Concretely, the orthogonal triangular-block parameterization works as follows. Let Ag be a 72 x i1 matrix
restricted to be lower-triangular with positive diagonal. Let A, be a 7 x k matrix, where k = m + fip and
m denotes as usual the number of exogenous regressors in z;,. A is definedas AL = (D Ay -+ A,),
where D is a 7 X m matrix and each A; is 7 X 7 and restricted so that the upper right n x A block is
zero, similar to H;. Finally let Q; and Q» respectively denote n x n and h X h orthogonal matrices, and
let Q = diag(Q1,0>) be a i1 x it block-diagonal orthogonal matrix. A, A and Q together define the
orthogonal triangular-block parameterization, which writes as:

Noyi=Ay %+t i =0& (4.14.47)

It is then easy to see that we can obtain parameters Hy and H_ that satisfy the block restrictions and thus
satisfy (4.14.44) by applying the mapping:

Hy=0 Ao A, =0A. (4.14.48)

The orthogonal triangular-block representation (4.14.47) is similar to the proxy-SVAR representation
(4.14.44) up to a pre-multiplication by @, which thus plays here the role of a rotation matrix
mapping the two representations.

The first step of the orthogonal triangular-block approach then consists in obtaining values for Ag and A .
Arias et al. (2021) propose to sample these parameters from a restricted normal-generalized-normal
distribution, which is a conjugate posterior distribution satisfying the block restrictions. The procedure
is involving, so we will mainly outline the procedure as a cookbook. First, define the stacked data matrix
for the SVAR data as:

=i % - v)  X=@® ® - ) (4.14.49)

where ¥ and X are of respective dimensions 7 x 72 and T x k. The posterior distribution involves four
posterior parameters &, W, B and S, defined as:

a=o+T W=WI'4+XX)"' B=WW 'B+X7) S=S+V7V+BW 'B—BW'B
(4.14.50)

@ is a scalar-valued shape parameter and S is a 71 x 71 scale matrix. W and B respectively denote k x k and
k x i covariance and location matrices. Arias et al. (2021) suggest to set the prior parameters o, W, B and
Stoa=7, W 1=0, B=0and S =0. However, more sensitive values can be used, such as the prior
values o, W, B and S used for the normal-Wishart as described in section 11.3.
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The difficult part consists in sampling Ag and A, that satisfy the orthogonal triangular-block
representation. This can be done with the Gibbs sampling algorithm of Waggoner and Zha (2003), which
provides a method to sample SVAR parameters subject to certain class of linear restrictions. Applied to
the proxy SVAR parameters, this yields the following algorithm:

algorithm 14.9: Sampling of SVAR parameters A, and A,
For j=1,.-- i

1. generate the matrices U; and V;. U; is defined as the first j columns of Iz. For j=1,---,n, V;is
block diagonal with p 4 1 block; the first block (for the exogenous regressors) is ,,, and the other
p blocks (one for each lag of the endogenous) are 71 x n matrices made of the first n columns of /.
For j=n+1,---,7, V;is defined as Ij.

2. define the matrices:
Hj=(Viw'v;)!
Pi=H;ViW ' BU;
Qj=a (U;SU;+U;BW 'BU;—PH;' P!
3. find a non-zero vector z that is orthogonal to all rows of Ay, save row j. Use the values of A

obtained from the latest Gibbs sampler iteration.

4. define the vector wy = F; U; z/||F; U; z||, where Fj is the Cholesky factor of Q.

5. build the vectors w»,---,w; recursively so that they form an orthonormal basis for R’/. To do so,
denote w| = (WU Wip e w17j). Then fori =2,---, j, define: ‘
wi=(wiwii o wiimiw —ciop 00 -+ 0) /GG with Ci =Y Wik

6. define the vector s = (s1 sa+1)/, where each s; is drawn from s; ~ N(0,1/&). Then define

r = s's, and finally assign 8; = /(r) or B; = —+/(r), each with probability one-half.
7. draw f; from B; ~ N(0,1/&), fori=2,---,j.

8. define y ; = F; Z{Zl Bi wi. If needed, multiply by —1 so that entry j of y ; is positive; this ensures
a positive diagonal for Ay.

9. draw ¥y j from yy j ~ N(P; 10,;,H;).

10. generate Ao j, the j row of Ag, and A, ;, the j row of A, from:

Aj=Uin,; Ay =V Vs
Update Ag and A.

The orthogonal triangular-block parameterization guarantees that the block restrictions are satisfied, but
not the exogeneity restrictions. The second step of the approach thus consists in imposing linear
restrictions on the columns of Q to satisfy the exogeneity conditions. To see this, note that from (4.14.45),
the exogeneity restrictions (4.14.46) can be expressed as:

JHy' & =0pa  j=1,,n—h (4.14.51)

with J = (Oth Ih) and ¢; a ii-dimensional selection vector of zeros that takes a value of 1 on its j’h
entry. Also, from (4.14.48), (4.14.51) rewrites:

JAG' Q' & =0 j=1,---.n—h (4.14.52)

Finally, define L = (In 0, h). It is easily verified that Q' ¢; = L’ Q) e;, with e; a n-dimensional selection
vector of zeros that takes a value of 1 on its j** entry. Then (4.14.52) eventually rewrites:

JA L Qlej=001 =  GQiej=04 G=JA'L j=1,---.n—h (4.14.53)
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Equation (4.14.53) shows that the exogeneity restrictions are equivalent to linear restrictions on the
columns of Q1. We denote by z; the number of restrictions on the 7" column of Q;, which is z i=h
for j=1,---,n—h,and z; =0 for j=n—h+1,---,n. Arias et al. (2021) then propose the following
algorithm to draw matrices Q; and O that satisfy the exogeneity restrictions:

algorithm 14.10: Construction of a matrix Q satisfying the exogeneity restrictions
For a given matrix G=J A, ' L":

1. for j=1,---,n, draw a vector x ; of dimension n+ 1 — j — z; from a standard normal distribution
and set wy j = x1,;/[[x1,j]-

2. define Q1 =[q11 -+ qi1,)recursively by g; j = Ky jwi j, for any matrix K; j whose columns form
an orthonormal basis for the nullspace of the (j — 1 +z;) X n matrix:
Ml,j:[fh,l q1,j71 G/]/ forjzl,---,n—h.
Mlﬁj:[th q17j_1]' forj=n—h+1,--- ,n.

3. obtain Q, from algorithm 14.4.
4. set Q = diag(Q1,02)’".

Algorithm 14.10 ensures that Q satisfies the exogeneity conditions, but we want to make sure that the
relevance conditions are satisfied as well. This implies that the matrix V in (4.14.46) is non-singular. In
practice, we may want to make sure that V is, in fact, far from being singular. To do so, Arias et al. (2021)
suggest to use a relevance matrix P, defined as:

P=(Tgaloy +vv)~ vy (4.14.54)

One then checks whether the minimum eigenvalue of P is larger than some chosen A, with 0 < A < 1.
This implies that at least A percent of the variance of any linear combination of the proxys is related to
the underlying shocks of interest.

With these elements, it is finally possible to propose a complete Gibbs sampling algorithm for the proxy
SVAR:

algorithm 14.11: Gibbs sampling algorithm for the proxy-SVAR
1. set the posterior parameters o, W, B, S, and H;, P, Q; for j=1,--- ,i.

2. set the initial value A\ = I;.

3. atiteration j, draw /_\(()j ) and ]\@, using algorithm 14.9.

4. atiteration j, draw Q\/), using algorithm 14.10.

5. obtain the SVAR parameters from Fl(gj ) = W) A(()j ) and FIJ(rj) =W /_\SZ).

6. given H, ( ), compute V from (4.14.46) and the relevance matrix P from (4.14.54); if the minimum
eigenvalue of P is larger than A, keep the draws; else, discard and return to step 3.

7. repeat until the desired number of iterations is realised.

This concludes the main presentation of the proxy-SVAR methodology. A few additional points are worth
noting. First, Arias et al. (2021) argue that as it is, algorithm 14.11 is not sufficient to properly identify the
structural shocks of the model. Additional restrictions are required to solve this identification problem,
and these can be any among sign, zero, or narrative restrictions.
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The case of additional zero restrictions must be handled with care since the exogeneity conditions already
involve zero restrictions on the first n — h shocks. Following, a maximum of n — h — j additional zero
restrictions can be applied on structural shock j to keep Q well identified. An additional zero restriction
on shock j can be expressed as:

e fP)L' Q) s;=G; 0y s;=0 Gi=e f(P)L (4.14.55)

where similarly to section 14.3, the matrix f(¥) = f(®) h(X) stacks the IRFs for the periods on which
the restrictions apply, e; and s; are selection vectors with a single 1 entry, and L is defined as in (4.14.53).
Stacking the A ; restriction vectors e; for shock j in a matrix Z;, this rewrites:

Z, f(P)L' Q) s;=G; Q) 5;,=0 G=Z f(¥)L (4.14.56)

Algorithm 14.10 then needs to be rewritten as follows to account for the additional zero restrictions:
algorithm 14.12: Construction of a matrix Q satisfying the exogeneity and zero restrictions

For given matrices G=J A,' L' and G; = Z; f(P) L":

1. for j=1,---,n, draw a vector x ; of dimension n+ 1 — j —z; — h; from a standard normal distri-
bution and set wy j = x1 ;/||x1,]|-

2. define Q1 =[q1,1 -+ qi1,) recursively by q1,j = Kj jwj, for any matrix K; ; whose columns form
an orthonormal basis for the nullspace of the (j —1+z;+ ;) x n matrix:
My j=[q11 - q1,j-1 G G?]’ forj=1,---,n—h.
Mlﬂj:[qu gl G;]/ forj=n—h+1,---,n

3. obtain O, from algorithm 14.4.
4. set Q = diag(Ql,Qz)’.

Regarding sign restrictions, Arias et al. (2021) propose a new type of restrictions that apply specifically
to the proxy SVAR: covariance restrictions. Indeed, the matrix V defined in (4.14.46) represents the
covariance matrix between the proxies and the structural shocks to which they relate. Setting restrictions
on the signs of the covariances then ensures that only meaningful models will be retained by the Gibbs
sampler.

To illustrate this, consider again the case of a proxy SVAR with two proxys correlated with the last two
structural shocks of the model. For the first restriction, we want the covariance of the first proxy with the
first structural shock (among the last two) to be positive, that is, Vi; > 0. The restriction will hold if:

erxVxs;>0 or (1 0) Gj“ “fz) (é)>o or Vi1 >0 (4.14.57)
21 22

The second restriction considers that the covariance between the second proxy and the second structural
shock is stronger than that with the first structural shock, that is, V2, > V;1. The restriction will hold if:

Vit Viz

ey xVxs1 >0 or (0 1)<V v
21 V22

) (—11> >0 or Vi>Vy (4.14.58)



154 CHAPTER 14. BAYESIAN VAR: ADVANCED APPLICATIONS

Equiped with these additional restrictions, it is possible to define the general Gibbs algorithm for the proxy
SVAR:

algorithm 14.13: Gibbs sampling algorithm for the proxy-SVAR with sign and zero restrictions
1. set the posterior parameters &, W, B, S, and H;, P, Q; for j=1,--- .
2. set the initial value /_\(()0) =1I;.

3. atiteration j, draw /_\éj ) and AY, using algorithm 14.9.

4. atiteration j, draw Q(f ); use algorithm 14.10 if there are no additional zero restrictions; if additional
zero restrictions apply, use algorithm 14.12 instead.

5. obtain the SVAR parameters from Fléj ) = W) /_\(()j ) and AY) = oU) /_\SZ).

6. given H, (J ), compute V from (4.14.46) and the relevance matrix P from (4.14.52); if the minimum
eigenvalue of P is larger than A, continue; else, discard and return to step 3.

7. verify that the sign, narrative and correlation restrictions are satisfied; if yes, keep Héj ) and I-_L(rj );
else, discard the draws and return to step 3.

8. repeat until the desired number of iterations is realised.

This concludes the presentation of the proxy SVAR methodology. A final remark applies: similar to the
sign restriction methodology, a direct application of algorithm 14.13 does not produce samples from the
target distribution (the normal-generalized-normal distribution), and for this reason Arias et al. (2021)
propose to apply a similar importance sampling procedure. We do not follow this line for reasons similar
to that developed at the end of section 14.3, and apply the simpler and safer algorithm 14.13 without ado.

14.6 How well does the IS-LM model fit postwar E.U. data?
(revisited)

This section revisits the E.U. postwar dataset introduced in section 13.6. In the latter, some results appear
inconsistent with the stylized predictions of the IS-LM model. One possible reason for this is the sim-
plistic approach used for the exercise: a simple Bayesian VAR with structural identification conducted by
Cholesky factorisation.This section introduces a more sophisticated approach: a Bayesian proxy-SVAR
with additional sign and covariance restrictions to properly identify the structural shocks.

The base setup is unchanged and includes the data series of real GDP growth, broad money m3, the
3-month interest rate and CPI inflation introduced previously. The dataset is supplemented with two
additional series that play the role of proxys for the proxy-SVAR. The first series is a proxy for supply
shocks. It is calculated as the quarterly growth rate of the commodity price index supplied by the European
Central Bank for the Euro area. The second series is a real demand proxy, obtained from the quarterly
growth rate of the OECD Consumer Opinion Surveys index. The correlation between the two series is
less than 0.03, making them effectively orthogonal, as expected. The two proxys are represented in Figure
14.1:
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Figure 14.1: Supply and real demand proxys

The new dataset is then used in the proxy SVAR model developed in section 14.5. The relevance param-
eter A is set to 0.1 to ensure consistency between the proxys and the identified shocks. Note again that
estimating a proxy SVAR is not sufficient in itself to properly identify the structural shocks of the model.
To do so additional restrictions are necessary. Table 14.1 summarizes the set of restrictions implemented
on impulse response functions:

supply money supply money demand real demand

gdp + + +
m3

rate - +

cpi - + + +

Table 14.1: Sign restrictions on impulse response functions

The restrictions on CPI inflation identify the supply shock, stating it is the only shock that affects in-
flation downwards. By contrast, all the other shocks are assumed to increase the price level, consistent
with traditional Keynesian views. Money supply and money demand shocks are further identified by con-
straining the latter to result in a rise of the interest rate, while the former contributes to reduce it. Positive
restrictions on GDP are set to secure the positive impact of supply, money supply and real demand shocks
on short-term economic activity. All the restrictions are set for the initial period of impulse response
functions.

It may seem that this setup does not identify the real demand shock, but it is not so. By construction, the
real demand shock is correlated with its proxy while the money supply and money demand shocks are
orthogonal to it. As the supply shock is identified on its own, this is sufficient for proper identification.
Also, to guarantee consistent identification of the structural shocks, positive covariance restrictions are
implemented between the supply and real demand shocks and their respective proxys. This minimal setup
permits a proper identification of the shocks while leaving a substantial amount of flexibility to the model.

Figure 14.2 reports the impulse response function of the estimated prox-SVAR. Unlike those previously
obtained in section 13.6, these responses are consistent with the stylized predictions of the IS-LM model,
though by construction for some of them.

All the positive shocks now trigger an increase in real GDP growth. Real demand and monetary shocks
are short-lived (about 12 quarters) while supply shocks are significantly longer-lasting (about 24 quarters).
This is consistent with the Keynesian view of a permanent effect of supply shocks on production see e.g.
Blanchard and Quah (1989)).
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Figure 14.2: Structural impulse response function

Money supply shocks create a transitory drop in the short rate, before it rises again due to improved
economic activity. Similarly, supply shocks result in a fall in the 3-month rate, though the effect looks
small and non-significant. As expected, the effect is reversed for money demand and real demand shocks.
This contrasts with section 13.6, where all the structural shocks were generating rising interest rates.

Broad money m3 increases after a positive money shock, be it supply or demand, the explanation for the
latter probably being partial accomodation by the monetary authorities. Supply and real demand shocks
both trigger a temporary drop in aggregate money, with no obvious rationale for the latter though the
finding is consistent with that of Gali (1992).

Finally, CPI inflation follows common IS-LM wisdom that all shocks result in an increase of the price
level, save for supply shocks that result in lower inflation. These results are by construction for the
initial period, but not the observed subsequent hump-shaped reaction which reflects the transient effect of
structural shocks on the price level.

Figure 14.3 reports the forecast error decomposition for the model. A striking difference with section
13.6 is that at business cycle horizons, fluctuations in real GDP growth are now mostly determined by real
demand shocks. Supply shocks now represent the smallest share with barely 10% of the fluctuations, while
moneatry shocks roughly account for a quarter of the observed variation. This is much more consistent
with the IS-LM framework where IS shocks play a key role in output stabilization.

As expected, broad money remains largely determined by money supply shocks, though money demand
account for about 30% of the fluctuations in the long-run, supporting again the hypothesis of partial
accomodation by central authorities.

Consistent also with Keynesian theory, the short-term interest rate is overwhelmingly dominated by money
demand shocks, with some space left in the long run to money supply shocks. Supply and real demand
shocks play almost no role at any horizon, in agreement with the LM curve construction.
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Figure 14.3: Forecast error variance decomposition

Interestingly enough, CPI inflation seems more balanced between the different components. While supply
shocks are roughly responsible for 50% of the fluctuations in the short-run, the monetary side gradually
takes over. In the long-run the four shocks seem to play more or less at par, implying that fluctuations in
the price level may come from multiple sources with varying importance across the sample.

Figure 14.4 displays the historical decomposition for the model. Here again, a striking difference can
be observed for the decomposition of GDP fluctuations, compared to section 13.6. The fluctuations now
appear to be effectively shared between the different shocks across the sample, with a much larger weight
granted to money demand and real demand shocks. This is also true for the recent pandemic crisis, where
the decomposition suggests a non-negligible contribution of real demand shocks, both during te crisis and
its recovery.

The short-term interest rate remains dominated by the monetary components, the supply side taking the
bulk of the fluctuations, and the demand side playing the role of the minority complement. Real demand
and supply shocks play almost no role in interest rate determination.

Braod money fluctuations remained almost exclusively dominated by money supply shocks, with a some-
what limited contribution of money demand shocks. Real demand shocks hardly play any role, except
during the recent pandemic episode where, interstingly enough, they motivated the initial increase in
money mass and also the subsequent cut.
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Figure 14.4: Forecast error variance decomposition

CPI inflation finally exhibit a much more balanced view than in section 13.6, where supply shocks and
money demand shocks played almost no role. Here all the components play a significant role, with
varying importance across the sample. For instance, the low inflation of the 2010 decade can be seen as
a conjunction of negative money supply contributions (overly restrictive monetary policy) and negative
money demand components (insufficient demand for real money balance due to low economic activity).
In a very interesting way, the post-pandemic inflation episode now appears as a mix of money supply, real
demand, and supply components. This suggests that both the explanations of Bernanke and Blanchard
(2023) and Giannone and Primiceri (2023) are correct, but that none of them captures the full picture
individually.

Overall, the improved structural identification approach developed in this section makes the model much
more consistent with the stylized predictions of the IS-LM framework. Real demand and monetary shocks
play a significantly larger role at business cycle horizons, while the influence of the supply side diminishes.
Also, all the shocks contribute positively to economic activity, while supply shocks specifically contribute
to lower inflation and interest rates at short horizons.

To conclude the exercise, a brief scenario analysis is proposed. As the results obtained so far suggest a
strong impact of monetary shocks, one can expect to use monetary policy to enhance economic activity.
The exercise thus considers the impact of a substantial cut in the short-term interest rate, droping from 3%
at sample end to 2.5% over the next four quarters of the scenario, with an uncertainty of 0.2%. To make
sure that the observed cut is the result of monetary policy conducted by central authorities, the scenario
uses the structural conditional approach and restricts the conditions to be generated by money supply
shocks only.
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Figure 14.5 first plots the unconditional forecasts, that is, the forecasts obtained without scenario. The
proxy-SVAR model predicts a fall of the interest rate over the next four quarters, but not as steep as the
one set by the scenario. The short-term rate can be seen to end the prediction period at about 2.8%,
with relatively large credibility bands. To achieve this fall in the 3-month rate, the central authorities are
expected to increase the overall money supply over the period, to reach a 5% growth rate at the end of the
exercise. The expansionary monetary policy also results in improved economic activity with real GDP
growth rising to 1.6% at period end, a modest increase only. CPI inflation remains largely unchanged,
with a marginal and non-significant drop over the period stabilizing at 1.9%.
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Figure 14.5: Regular forecasts

The scenario is fairly similar to the narrative of the unconditional forecasts, but with a significantly
stronger fall in the interest rate. It is thus expected that the qualitative effects will be similar, with mag-
nified quantitative responses. This is indeed what happens. Figure 14.6 reports the conditional forecasts
provided by the model.

The interest rate first displays a brutal drop to 2.5%, with 0.2% credibility bands indicating high certainty
in the scenario. To sustain this drop the monetary authorities operate a large increase in aggregate money,
with m3 growth reaching almost 6% at the end of the period. The strong move in the short rate triggers
this time both a large and immediate rise in real GDP growth, escalating then maintaining itself at a
2% rate over the period. This is significantly better than the mild 1.6% observed for the unconditional
forecasts. Interestingly enough, this strong expansionary monetary policy does not result in significantly
higher inflation, as one might have expected. Inflation remains low at about 2% and plateaus at this value
all along the period. Overall, this exercise suggests that there is room for monetary policy as a potent
stabilization tool, without an immediate concern on inflationary pressures.
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