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Abstract

This thesis develops and implements new econometric approaches to answer interesting questions

in finance and macroeconomics.

In my job market paper, What Drives Money Managers’ Portfolios? An Investigation of
Preferences and Beliefs, | propose a general framework to identify and estimate the parameters
characterizing the preferences and beliefs of money managers. In a mean-variance framework we
provide joint estimates of the preference parameters and the beliefs conditioned on observable
information that .most closely reproduce the dynamics of the observed portfolio recommendations
made by a panel of international money managers for The Economist. Our findings suggest that
money managers behave as low risk-averse investors and that heterogeneity in their conditional
beliefs is key to explaining differences in the recommended portfolio allocations. The source of
heterogeneity lies in the diverse interpretation of publicly available information. When we test for
rationality, we can reject the hypothesis that investment banks are using information efficiently

only in a few cases.

In Persistence in Forecasting Performance and Conditional Combination Sirategies we
consider measures of persistence in the (relative) forecasting performance of linear and nonlinear
time-series moclels applied to a large cross-section of economic variables in the G7 countries. We

find strong evidence of persistence among top and bottom forecasting models and relate this to
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the possibility of improving performance through forecast combinations. We propose a new four-
stage conditional model combination method that first sorts models into clusters based on their
past performance, then pools forecasts within each cluster, followed by estimation of the optimal
forecast combination weights for these clusters and shrinkage towards equal weights. These methods

are shown to work well empirically in out-of-sample forecasting experiments.

In Thick Modelling, Model Uncertainty, and the Predictability of Stock Returns, we consider
the results contained in Pesaran-Timmerman (1995}, which provided evidence on predictability of
excess returns in the US stock market over the sample 1959-1992. We show that the extension
of the sample to the nineties weakens considerably the statistical and economic significance of
the predictability of stock returns based on earlier data. We propose an extension of their
framework, based on the explicit consideration of model uncertainty under rich parameterizations
for the predictive models. We propose a novel methodology_ to deal with model uncertainty
based on "thick” modeling, i.e. on considering a multiplicity of predictive models rather than
a single predictive model. We show that pertfolio allocations based on a thick modeling strategy

systematically outperforms thin modeling.

In Common Factors in Latin America’s Business Cycles we construct new business cycle
indices for Argentina, Brazil, Chile, and Mexico based on common dynamic factors extracted
from a comprehensive set of sectoral output, external ﬁrade, fiscal and financial variables. The
analysis spans the 135 years since the insertion of these economies into the global economy in the
1870s. The constructed indices are used to derive a business cycle chronology for these countries
and characterize a set of new stylized facts. In particular, we show that all four countries have
historically displayed a striking combination of high business cycle volatility and persistence relative
to benchmark countries, and that such volatility has been time-varying, with important differences

across policy regimes. We also uncover a sizeable common factor across the four economies which
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has greatly limited scope for regional risk sharing.
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Chapter 1

What Moves Money Managers’
Portfolios? An Investigation of

Preferences and Beliefs

1.1 Introduction

For the majority of investors the most fundamental portfolio decision is how to allocate money
among equities, bonds, and cash. Nevertheless, almost no attention has been paid to examining
professional advice on this issue. This is surprising, since asset allocation is recognized as a major
deterrinant of risk and return and is therefore one of the primary services provided by most
brokerage firms and investment advisors. ‘Asset allocation is the area in which you can erert
the most influence over your retwrns’, says David Darst, chief investment strategist for Morgan

Stanley’s Individual Investor Group.! The standard asset allocation literature has focused on the

! Business Week, 27 June 2005, Investment Guide, p.86.



problem cI;f a representative agent who must allocate his wealth among broad asset cla?sses, quite
possibly with different investment horizons, proposing several ways to optimally solve the prolli)lem
(see Campbell and Viceira (2002) and Brandt (2005) for a review). Little work has been donje on
the asset allocation choices and the factors influencing murket timing. Researchers investifgatingi; the
performance of institutional investors (Carhart (1997), Blake, Lehmann, and Timmermann {1999))
or published portfolio recommendations (Barber and Loeffler (1993), Canner, Mankiw; and Weil
(1997}, Chevalier and Ellison {1997), Graham and Harvey (1996)) examine whether thefse exp::erts
possess a superior timing ability, yet they never address the issue of what ch-‘ives thei:r portilfolio
recommendations. Investors should understand how money managers implement their mvestfnent
policies dynamically over time. How, for example, does a bank’s equity or bond expost%lre ch}mge

in a time of high interest rates or market exuberance? An understanding of these patterns is

particularly important for investors who may choose to implement a portion of their portfolio

strategy using professional advisors’ reconmendations. - :
- ' I-

To identify the drivers of money managers’ portfolios, we need to reverse engineer their

portfolio recommendations. Our research is linked to the so-called recoverability problem,

which is concerned with the possibility of recovering an investor’s preferences by obs»lervingi her
consumpt;ion/im;'estment decisions. The relevance and apparent difficulty of the task is well
summarized by Kraus and Sick (1980) : “Since individual agent optimality conditions invol'uél the
product of probability and marginal utility, it may be that any set of equilibrium pm’cés tha;; are

i
consistent with some combination of beliefs and preferences could also have resulted from different
i

beliefs combined with different preferences’. Furthermore, in the presence of delegated portfolio

management, the portfolio choice that optimally trades off risk and return for investors gma.y differ
from the choice that maximizes money managers’ utility. It is likely that career concerns and

herding behavior play a crucial role in determining optimal portfolio composition. In this respect

our work is related to the literature studying optimal design of compensation schemes of fund



managers and delegated portfolio management.?

To the best of our knowledge, there is no previous research that tries to completely reverse
engineer the problem of portfolio choice. Wolf and Pohlman (1983) consider the problem of a bond
dealer who has to choose the optimal composition and size of the bid. They attempt to recover his
risk aversion by using his actual demand for bills and the distribution of bond returns calculated
from the forecasts made by the dealer in weekly auctions. In a mean-variance framework French and
Poterba (1991) ask what set of expected returns would explain the observed pattern of international
portfolio holdings given an in-sample estimate of the covariance matrix, but they ignore the joint
determination of parameters characterizing beliefs and preferences. Dybvig and Polemarchakis
(1981), Dybvig and Rogers (1987), Wang (1993}, and Cuoco and Zapatero (2000) examine from
theoretical standpoint the extent to which a given consumption/investment plan can be rationalized
by a simultaneous choice of an agent’s preferences and beliefs. Hansen and Singleton (1982) study

"a representative investor with power utility and develop methods for estimating preferences from
the investor’s Euler equations. Previous research tried to reduce the complexity of the problem and
avoid the identification issues either by focusing solely on one of the two determinants of portfolio
weights ( preferences or beliefs) or by approaching the recoverability problem only from a theoretical

point of view.

In this paper we address whether there is information in the portfolio holdings not contained
in the portfolio returns. Furthermore, can we use this information to recover the preferences of
money managers and their conditional beliefs about the market? Portfolio weighté are the decision
variables in the money managers’ optimization problem, so it is natural to focus on portfolio
weights if we wish to understand the driving forces of investment banks’ portfolios. Focusing on
portfolio returns ignores potentially useful information that is often available: the composition of the

managed portfolio. We address these issues by focusing on the asset allocation strategies provided

?See for example Basak, Pavlova, and Shapiro (2004}, Goetzmann, Ingersoll, and Ross (2003}, Huddart (1999).



o . : i I
by a panel of international investment houses between 1981 and 2005 and regularly published in
the Financial Report, a confidential newsletter purchased by The Economist in 1989. In these

surveys money managers are asked to provide asset allocations among equity, bond and cashi for

an hypothetical investor ‘with no ezisting investments, no overriding currency consirienj:tions.und
an objective of long term capitel growth’. The data set provides us with a unique oppolirttmjt‘:y to
study what drives the recommended portfolios at the asset allocation level and thus allows us to
characterize and quantify the investment strategy of a key group of money managers. We develop

1
an integrated approach in order to simultaneously estimate the money managers' preferences ;and

] ! i
the parameters driving their beliefs on the future state of the market. We show that if the money

managers’ behavior is optimal (i.e. they use the first order conditions of the optimization problern to
|
determine the portfolio weights), the recoverability problem is well defined. Given some ‘regularity

conditions on the utility function and on the functional form of the portfolio policy fuﬁctions we
. ! |

establish conditions under which we are able to back out the money managers’ preferences and their
conditional beliefs. A major difference in our approach compared to that of the related literature is

that we treat the portfolio policy rules as the outcome of a possible misspecified model, building on
the econometric framework developed by Elliott, Komunjer, and Timmermann (2008)." Practrica.l

implemenﬁation of our approach requires the inversion of portfolio weights as well as knowledge of

their functional form. Our empirical application is based on the classical mean variance framework

!
that enables us to derive analytical results and closed form solutions. Nevertheless, the integ_rz:ttecl

' |
approach proposed here is much general and can be applied to other utility specifications. !

Using the portfolios recommended in The Economist Portfolio Poll, our approach provides
very sensil?le estimates of the money managers risk aversion and sheds light on the state variables
used by thF different investment houses to form their expectations on the evolution of markets. ?I‘he
point estimates suggest that money managers behave as low risk-averse investors with an a.vel?gage

risk aversion coefficient of two, while Swiss banks display an above average risk aversion. Looking at



the cross-section of money managers, we find that macro (inflation, growth in industrial production)
and financial (short term risk-free rate, default spread) variables are included in the majority of
their portfolio policy functions. According to the literature on performance evaluation, we also find
evidence of a momentum effect in the recommended investment strategies. The relative performance
of the stock and bond market in the previous period is found to influence money managers’ beliefs
on the future state of the markets. Furthermore, we find that heterogeneity in the beliefs is key
to explaining differences in the recémmended portfolio- allocations. Indeed, the center of their
disagreement is the diverse interpretations of the public available information. For example, we
find disagreement among the money managers regarding the asset allocation implications of high
level of inflation. For some of the investment houses participating in the survey, none of the macro
or financial variables used to track time-varying risk premia is found to be significant. Finally, we
ask if money managers are rational when they construct the recommended portfolios, i.e if they
are using public information efficiently. Overall we can reject rationality in 10%-25% of the cases

depending on the variable entering the portfolio policy function and the instruments’ set.

The remainder of the paper is organized as follows. In the next section we introduce the asset
allocation problem and some notations. Section 3 outlines the econometric approach adopted in
the paper and provides details on the identification conditions and the estimation strategy. Section
4 describes in detail the money manager’s problem in a mean variance framework and sets up the
basis for the estimation. Section 5 discusses the nature and content of the The Economist Portfolio

Poll. Section 6 summarizes the empirical findings and Section 7 concludes the paper.

1.2 The Asset Allocation Problem

In this section we study the money managers’ objectives and establish conditions under which we

can jointly identify the parameters describing their utility function and conditional beliefs on future



investment opportunities from a sequence of observed portfolio recommendations. As expected,
identification turns out to be a key issue if we want to extract information from the p01'tiolio

weights.

1.2.1 The Setup

Consider the problem of a money manager who has to recommend a portfolio strategy for a buy
and hold investor who is allocating his wealth W; among m financial risky assets and one risk-free
asset. Denote by R;tyr the random grosé excess return on the {-th risky asset for ¢ = 1, .;.,m
# .
and by Rit+h = (Rygshs - Bmern) the m x 1 vector of excess returns for period ¢ + Ai Let bﬁ”
be the information set of the j-th money manager, with 7 = 1,...,J. Let X; € QE"—) denote. the
& x 1 vector of observed state variables that the j-th money manager considers whein Illﬂ];iing
his asset allocation decision. Denote by Fpx the conditional distribution of returns RH;, g‘jven
Xe = 3. Let ij ) = (“"EJ:) ,e :Wg,)z)’ denote the m x 1 vector of portfolio weights recommended
by the j~é:h money manager for period t. We-assume that short sales are not all:owed_;a.nd

the portfolio weights must sum to one, so the set of admissible portfolio weights is? givet{ by

A= { () cR™ .M I(:'Jt) =1, wz(j‘,) > D}.B

Moeney managers' preferences are assumed to admit an expected utility representati()n wi:th a
concave utility function U (W’Hh,fy(j )) defined over terminal wealth Wy, = ( () RH,;,,) iThe
vector v captures the parameters characterizing the utility function of the j-th money manager
(for example the risk aversion). The money manager uses a model Fgy X(qb(j)) of the conditional
distributi{_m of the returns given the state variables, where ¢{7) is the vector of pa.ra.rnete‘%rs dr'vi\!ring

the evolution in the beliefs about the returns distribution. We collect the model pa.rameterg for

. - . / . .
the j-th money manager in the vector ¢ = (7(3 )’, ¢(3)') where %) € R? is known to the money

3This assumpt:on is reasonable since the investment advisors are concerned with the allocation ac:o:m a stock
portfolio, a bond portiolio, and a money imarket portfolio. For Merrill Lynch, for example, the porLfehos can be
mutual funds or bond or stock accounts managed directly by Merrill Lynch.
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manager but unknown to the researcher.

We can formalize the solution to the asset allocation problem by introducing the definition

of a portfolio policy function.

Definition 1.2.1 Portfolio Policy Function (or Investment Strategy). A porifolio policy
is defined as a function w, = w(xs, P} : X x G A where X C R* is the range of values of X,

G C RP is the range of values of ¥, and A C R™ is the set of admissible portfolio weights.

One possibility for estimating the optimal portfolio strategy w; is to model it parametrically
and seek to solve for the parameters that maximize the expected utility of the money manager. The
idea of directly modeling the portfolio weights as functions of observable economic quantities was
introduced by Brandt (1999) and then further developed by Ait-Sahalia and Brandt (2001), Brandt
and Santa-Clara (2004), Brandt, Santa-Clara, and Valkanov (2005). This strategy, also known as
single step procedure, is particularly appealing since it is fully integrated into a utility maximization
framework and does not require the complete specification of the conditional distribution of the
returns. Considering that (1) the optimal portfolio weights are the ultimate object of interest; (2)
there is vast disagreement even among financial economists on how to model best returns; (3) the
same predictor variables might affect different moments "of the returns, it seems natural to focus
on the single step procedure. A parametric model for the optimal investment strategy is defined as

follows.

Definition 1.2.2 Parametric Portfolio Policy Function. A parametric model of the portfolio
policy wy is a collection of portfolio policies {w(z:,6(7)),0(¢) € ©} where © is a compact set.
Ezamples of a parametric model are the constant allocation strategy (wy = @), the linear allocation

policy (w; = 8(Y)a;), and the non linear allocation policy (wy = w(xy, 8(3))).

In the case of a portfolio of m risky assets, wy is the m x 1 vector of investment strategies,



and 8 () = [1(¥), ..., 0. ()] 46 m x k matriz of coefficients where 8;(¢) fori=1,...,m is. the
k x 1 vector of parameters mapping the state variables into the portfolio policy for the;i-th risky

asset.

Given a parametric model for the investment strategy, suppose there exists a parameter value,
#{¥) € B, that maximizes the expected utility of the money manager within the parametric family

w (z¢, 0(1)}. The optimal problem of the j-th money manager can be reformulated as:

9*(¢(J)) = a,rgnlé}.x E, [U (W (w (SCL, 9("!’(3))) , RH.};) ,'Y(j))] ( )
1.1
il = argmga.x]U (W (w (;gt,e(w(j))) ,Rz+h) ’,},(j)) dF (Rt.;.h.lﬂit;(b(j)) L :

Thegf:optimal portfolio allocation, ng)* = w(z, 0* (), suggested by the j-{;h money

manager depends upon X, through the subjective conditional distribution of returns Fi RI\ (ai:l-’ ))

and upon 7(” and could differ across money managers due to:

1. differences in the conditioning state variables, X, € ng ) (information disparity);

2. differences in the conditional subjective probability distribution of the returns Fgix (:¢:(3'))

(belief disparity);

3. differences in the parameters v} characterizing the utility function (preference disparity).

The superscript j is henceforth suppressed and we will simply refer to the genefic money

manager.



1.3 The Econometric Framework

Our integrated approach to reverse engineer the portfolio weights differs from those adopted by
earlier studies on the recoverability problem in several ways. First, we focus on the portfolio weights,
and not on the portfolio’s return. Besides the obvious fact that the optimal portfolio weights are
the ultimate object of interest, there is another benefit from focusing on the portfolio weights. We
are able to exploit the information on the composition of the managed portfolio which is often
ignored by the literature on the recoverability problem. Second, the approach developed here is
much more general since it allows the joint identification and estimation of both the preferences
and conditional beliefs implied in an observable sequence of portfolio recommendations or holdings.
Previous studies tried to reduce the complexity of the problem and avoid the identification issues by
focusing only on one of the two determinants of portfolio weights (preferences or beliefs).? Wo.lf and
Pohlman (1983) consider the problem of a bond dealer v.:ho has to choose the optimal composition
and size of a bid and try to recover his risk aversion by using his actual demand for bills and
the distribution of bond returns calculated from the forécascs made by the dealer himself for the
weekly auction. In a mean-variance framework French and Poterba (1991} ask what set of expected
returns would explain the observed pattern of international portfolio holdings given an in-sample
estimate of the covariance matrix and a particular coefficient of risk aversion. Hansen and Singleton
(1982) consider the idea of backing out the parameter values that are consistent with an optimizing
agent’s objective function. They develop a method for estimating preference parameters from the
investor’s Euler equations. A third difference between previous research and our approach is that
they treat asset returns or portfolio weights as observable state variables. In our case we treat the

portfolio weights as the outcome of a possibly misspecified econometric model, i.e. the parametric

‘Lehmann (2005) asks what we can learn about beliefs from probability statements about sample moment
conditions in rational expectations models, under the maintained hypothesis that the moment conditions are true
and the actions of the decision maker cannot affect the random evolution of the state vector.



portfolio policy function.® Building on the econormetric framework developed by Elliott, Komun'jer,
and Timmermann (2005) we then establish conditions on the money managers’ portfolio policy
function under which the parameters describing preferences and beliefs are identified and can be

estimated.

1.3.1 Optimal Portfolic Weights

The relevant optimality condition for the money managers’ decision problem in (1.1) is given inithe

following Proposition. Assumptions referred to in the propositions are listed in Appendix A while
proofs are provided in Appendix B.

Proposition 1 (Optimality) Under assumptions [Al]-[A6] and for given ¢y € RP the policy

Junction is optimal if and only if

Be[VoU (Wasn (@ (X0, 0" (), Reya))] =0 a2

where VolU(8) = [JowVWiyn oy ?{;‘H’:""b)] and Jow, is the jacobian of the portfolio weights with
respect to . Moreover, given ¥ the solution wf to the (m x 1) system of orthogonality conditions
in (1.2) is unique, and the implicit function w] = w (X, 6" ()} is a continuously differentiable

one-to-one mapping from G C RP 0o A CR™.

Proposition 1 shows that under fairly weak assumptions on 6, U(-, ), and the joint distribution
of Ryys and X, the sequence of optimal investment strategies, w; satisfies the moment conditions
in (1.2). Given 4, if the money manager uses (1.2) to determine the optimal investment strategy,
wi, then for a given wy we can back out ¥ by using the same condition. However this approach

is valid only if knowing a solution to (1.2) allows the econometrician to identify . When the

5The misspecification we have in mind concerns the functional form and the variables included in the portfolio
policy function. Further details are given below.

10



portfolio policy is optimal any information must be correctly included in w; and the quantity inside
square brackets in (1.2) is a martingale difference sequence. The second part of Proposition 1
shows the existence of a unique solution w (X¢, #* (1)) to the asset allocation problem that in turn,
knowing w; yields a unique value of ¢. Without this relationship we would not be able to identify
. Proposition 1 is very general and allows for non-linear policy rules, w; = w (X, 8(3)), provided
that the policy rule is identifiable for each realization of the forecasting variable X; (i.e. [A3] holds).
If in addition w (X;, 8(1)) is twice continuously differentiable and convex in the parameter &, then

w; is an optimal investment strategy.

1.3.2 Identification

The researcher observing the recommended investment strategies does not know exactly which
state variables enter the information set of the money manager. In particular we would expect
that money managers have access not only to publicly available information but alsc to private
information which is not available to the researcher. For example, money managers may have
private information coming from their web of relationships with companies’ managers and financial
analysts. To get identification we need to impose some restrictions on the functional form of the
portiolio policy function. We focus on Jywy, the jacobian of the portfolio policy functions with
respect to the parameter vector, €. In the linear case the generic element of the jacobian is simply
X:, but for non-linear policy rules it could potentially depend on both X; and the entire vector
of parameter values 8*, which is not available to the ecc;nometricia,n observing the recommended
portfolio strategies. In order to get identification we need to know the functional form of the
portfolio policy function, the true values of the parameters as well as all the values of the variables

in the information set of the money managers.

We now consider some examples to clarify the restrictions on the portfolio policy function

11



necessary to get identification. Suppose that X, the vector of state variables considered by the
money manager when making his asset allocation recommendations is given by X, = {YHZt} whele

Y, is private information available only to the money manager and Z; is public lnformat,lon.

Example 1 If the optimal portfolio policy function is a linear function of the elements in Xt or

it i5 separable in Z;, then the jacobian is exactly X, and knowledge of 2, is sufficient to guamntee

identification. The portfolio policy w; = 07 (¢)Y: -+ 05(p) Z; is admissible since knowledge of publ'a'c

information, Z;, is sufficient to guarantee identification of .

Example 2 If the optimal portfolio policy has the form w} = 614,(¥)Y: Z;, then the jacobian is given

by Y, Z, and knowledge of both Y;, and Z; is necessary to achieve identification. Since Y| is private
) I

information available only to the money manager, we are not able to get identification of the 'u«%ctor

of parameters of interest.

Hi i|
[i
In general, under separability of the portfolio policy function in the parameters and in the

state variables, moment conditions based on a sub-vector Z; € X; are sufficient to identify .

Given this practical concern, in the remainder of the paper we will focus on linear portfolio policy
I

functions wy = @#(tp)a,. The assumption that the optimal portfolio weights are linear func:t‘ions

of the state variables is innocuous because one can think of the linear policy function as a more
4
general portfolio policy that can be spanned by a polynomial expansion in a more basic set of :atflte-

variables.® Indeed X, can include non-linear transformations of a set of more basic state varlables

X;t. In other words, our approach can in principle accommodate very general dependence of the
| !

optimal p:)rtfolio weights on the state variables. ‘
|
The next proposition formalizes the intuition of the previous examples and shows that

morment conditions based on an observed subvector Z; of Xt are sufficient to identify ! provided

5See Brandt {(2005), Brandt and Santa-Clara {2004), Brandt, Santa-Clara, and Valkanov (2005} for a du.talled
discussion on this point.

12



that the investment strategy and the wealth dynamics are linear.

Proposition 2 Under assumptions [A1]-[A7], and linearity of the portfolio policy function, given

a solution w; = 0*(Y) X, to (1.2), the true value ¥ is the unique minimum of a quadratic form

BU (WfH-h: w)
OWin

U (LV£+h7 l»b)

1.3
OWiin (13)

7
Qo (%) = B¢ | ZiRsn ] s, [Z,,RHh

where Z, is a subset of X, and S is any positive definite weighting mairiz.

An important implication of the previous proposition is that in order to back out ¥ the
econometrician does not need to use the full vector of variables, X;, used by the money ranager.
Moment conditions based on a sub vector of these variables, Z;, are sufficient to identify y. Since
Qo (%) is a quadratic form, the minimum is uniqué and using Z; instead of X; will affect only the
curvature of the function and thus the precision of the estimates. This result is rather strong and
grants that only with public information we can identify the parameters driving the preferences
and beliefs of the money managers, even though we do not know the full portfolio policy model
used to create the investment strategy. In our application the result in Proposition 2 is crucial since
it allows for misspecification in terms of functional form and variables included in tI;e investment

strategies recommended by the investment banks. The next section deals with some econometric

issues arising in our approach.

1.3.3 Implementation

In practice we only observe the sequence of portfolio weights {&;} recommended by a money
manager, where &; = §t$t and é} is an estimate of 8 obtained by using the data up to time ¢ Let
T be the total number of periods available and assume that the first = observations are used to

produce the first set of portfolio weights &r. There are 7" — 7 set of portfolio weights available,

13
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starting at £ = 7, and ending at ¢ = T. The portfolic weights are assumed to be constructed

recursively so that the parameter estimates use all information prior to the period for which the

weights are chosen. In particular the investment strategy &r-4; is constructed using data up to
T + 4 to compute an estimate #,4; of 8°. This approach allows for the possibility that the m(!;ney

'

manager is recursively learning the parameters of the portfolio policy function.

Having observedrthe sequence of portfolio weights {5};},Sc < We can now coﬂstruct;i an
estimate of . In practice we need to invert the mapping implied by the opt:imality1 condi;l‘.ion
in (1.2). To do so we need to know the functional form of the portfolio policy functions i:mplied by
a pa,rticul_;r utility function. Unfortunately in discrete time we are able to get closed fOI‘IIil solutl‘ions
only in véry specifical cases. Given this consideration we stay inside the classical mean-variz?mce
frameworl_{_. The main motivation is to take advantage of the analytical tractability. Specifically, it
allows us to exploit the affine closed form solution for the portfolio policy functions which! otherEvise
could be highly non linear functions of the preferences and beliefs. This feature is pz‘articul;tu'}y
att.ra.ctive_lin our specification because it allows us to estimate the parameters by minimizing: the

| 1
errors of the portfolio policy. |

. o
The next section describes a mean-variance framework with m risky assets, setting the basis

for our estimation strategy. : i f

1.4 l\fliean Variance Framework _ ;
ii : !!

In this section we provide analytical expressions for the optimal weights in a portfolio c}f m 1‘isky

assets. i

14



Consider a fund manager with CARA utility
1
u [I’Vt] = —:Y‘ exp [—"YW]{] s (14)

where 7 is the risk aversion and assume that the manager has to choose the optimal allocation

among m risky assets and a risk-free asset. The return onithe portfolio recommended by the

manager 15 given by

RE = w1 (R —7f) +woy (Rogqr —7f) + 0 f

=rf+wiRep

where wy = (W) 4, ..., wm;) is the (m x 1) vector of portfolio weights and Ry = (Ri441, .-, Rm,t-{-l)’
!

is the (m x 1) vector of gross excess returns of the two risky assets over the risk-free asset.

Furthermore suppose that the excess return distribution is given by

Rep1|Sh ~ N (ptes1, Beqr) (1.5)

where pi..1 is the m x 1 vector of expected excess returns and ¥;4; is the m x m covariance matrix

of the returns on the risky assets.

" Money managers are in general remunerated on the basis of their absolute performance and

their performance relative to a benchmark.” There is an bpenideba.te about the impact of relative
b 1

performance considerations and the way they are incorporat?d in the portfolio weights. In our

i
case there is not any explicit contract between the money manager and the potential investor.
i

In this setting, one could argue that relative performance affect indirectly the reputation of the

"In a survey about the compensation structure of portfolio managers, Farnsworth and Taylor (2004} find that

most managers bonuses are impacted by investment performance re]at.ive_rt.o a benchmark and/or peer group.

L
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! Ij
investment houses.® We decided to model the managers’ payoff in terms of absolute returns on

the recommended portfolic, W = R, 41 arguing that the best way for the money m:anag_ei?s to
i |

maximize their reputation is indeed to maximize the return on the recommended portfclio.

The money manager solves the following problem - L

1 1 E : l':.'
n}dz}xEt —; exp [—’)‘Wt+1]] = —; exp {L'yEt W]+ -’?Z—Var [Wt+1]} . (1())

Using log-normality the solution to this problem .is equivalent to |l
08 o
minlog [~y B [U (Wer)l] = —vE [Wen] + o Var Wes ], (LT

which can be reformulated in the usual mean-variance framework: S |

mae [rf + Wit — JiSenier] K
1 ; !
The first order conditions are given by: '
i f
el — Topprwr = 0 (1.9)
: | o
and the optimal weights are given by: '
| j
1 _ .
wptV = ;(Ewl) Yiesr (1.10)

¥0nce a. firm is established, it is recognized by its name, which is uniquely associated with its charac!:erist.ics? and
past performance. : b
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In the specific case with two risky assets we can specialize the solution as:

1 .
Wit = =s10m
y
1
wﬂv = ;-32,t+1 (1.11)

) 1
MV
wyy =1- po (81,041 + 52,04+1)

where

2 b

O ey 1MLE+1 — 2641012041

S+l = . R ,
Lt4+195641 12,¢+1 (1.12)

2

O1 ¢ 142,641 — H16H1021 041

S2,i+1 = 2 ] 3 T .
Tia4192,641 — 912,841

81,041 and 52 441 are conditional information ratios or beliefs describing the expected evolution

of the investment opportunity set for the two risky assets. To gain economic intuition we can look
He

at §1441 (82441) as an indicator of the relative attractiveness of stocks versus bonds (bonds versus
'

stocks). These beliefs are not observable, so we need to bu{ld a proxy for the evolution of the

investment opportunity set.

Suppose that the money managers use an affine specification for the beliefs

Sig+1 = Al + Aoz + €4y, { = 1,2 (1.13)

i
where z; is public available information at time ¢, when thé recommendations are made. This
specification for the dynamics of the beliefs guarantee that the| policy function is linear in the state
variables. Therefore, we can identify the parameters of Linterefst given only a subset, z;, of the z,
variables entering the information set of the money manageri-. Furthermore, we can lock at the
- linear representation in (1.4) as a first order Taylor expal".;siqn :':)f a more general non-linear process.

The interpretation of Aj2 (Agg) is straightforward. An increase of one unit in 2, gives us a measure

of how much more (less) attractive asset 1 becomes with respect to asset 2. In general we would

17
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expect Ay and A2z to have the same magnitude and opposite sign: if stocks become more attractive
than bonds it is natural that bonds are less attractive than stocks. In practice since ?covari!é.nce
terms enter the expression this is not necessarily true. The suggested timing here is as fcf)llows; (1)
the money managers form their beliefs on the evolution of the stock and bond market and ch_oose
the optim:al mix accordingly; (2) given their risk aversion they choose the optimal asset!alloc;tion
between the risk-free asset and the portfolio of risky assets. The composition of the ﬂortfolio of
risky assets does not help us in understanding the preferences of the money manager.! The ::mly
way of learning about the risk appetite is to consider the ratio of the proportion inves.ted inlﬁ the

Bl |

risky assets and the proportion invested in the risk-free rate (W%V) The classical separation
theorem applies: highly risk averse investors should hold more of their portfolio in the risk-:‘free
asset, but the composition of risky assets should be the same for all the investors. Thg two—ﬁmd
theorem in principle still allows for a good deal of customized portfolio formation if managers have
different information or beliefs. Indeed, the knowledge of the composition of the portfoljio of rl‘:lsky
assets gives us information about the money managers’ beliefs summarized by s;,41, and s-,:i-,,H.l
and their t_avolution through time.

1.4.1 Estimation

| . I
In the mean variance framework outlined above it is possible to invert the optimal portfolio weights

by exploiting their closed form solution and proceed to the joint estimation of preferences and
beliefs. To do so we treat the recommended portfolio weights as the outcome of 5!1 possiibly
misspecified econometric model by assuming a linear portiolio policy function and'minimize’:the
portfolio policy errors. The accuracy of a candidate set 6f preferences and beliefs can it)e judged
by how well it reproduces the observed portfolio weights. To this end, let us denote byiet('a,b)i'the
m dimensional vector of portfolio policy errors where ¥ = {, A11, A2, A21, Aze} is the px 1 Veli)tOI

of parameters of interest. The idea of our approach is to select parameters that make the sample
[ I
18 ‘ i
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averages of the portfolio policy errors as close to zero as possible so that

~ 1 X :
Y= {w Lo Y oelyp) = 0}'- (1.14)
t=1 .

Here the vector of portfolio policy errors is given by the difference between the observed

portfolio weights and the weights coming from the mean variance optimization problem denoted

by witV and wiiV:

-~ MV oA Ly
D —wiy (2,9) Wi — = (A -+ Arzze + €1,e)
e(y) = = | (1.15)
g — U%V (2e,%) oy — (A1 + Aaoze + €0,
}

3
The Generalized Method of Moments (GMM) develop?d by Hansen and Singleton (1982)

gives the econometric framework for the estimation. The GMM estimator of ¢ is given by

—_—

% = arg minlgr () Wror(y (1.16)

where gr{y) = % Z‘E;.l e; (1} and W is a positive definite weighting matrix which may be a function
of the data. To identify the parameters we need at least as mjlany moment conditions as there are
parameters. In the specific case we have just two moment condii‘.ions implied by the economic theory
s0 we need to include instruments, to achieve identification. If izhe number of instruments is greater
than the number required to gét identification, the remainingj variables can be used to test if the
or;hogopality condition holds for them, conditioning on the est[.ima.t.ed values of the parameters. In
a GMM framework this can be done using Hansen’s test (or J-test) of over-identifying restrictions.
Let v; be A x 1 vector of instruments. Then the sample counterpart of the orthogonality conditions
can be expressed as the m x h vector gp(y) = %Zg;l e(¥) ® v;. Again the GMM estimator

|
is the value that minimizes the scalar Qr = [gr(¥)Wrgr(4)). Hansen’s J-test is TQr and it
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converges to a chi-squared distribution with {m x h) — p degrees of freedom. The interpretation is
straightforward: the J-test tells us if the money managers are using efficiently all the information
contained in the instruments when providing their portfolio recommendations., We will discuss in
detail our choice for the instruments in Section 6 when we present the empirical results. For all
the estimates presented in the paper the inverse of the estimate of the asymptotic variance of the

sample mean of e; ® v; is used as the weighting matrix®.

1.5 Data Description

The recommmended portfolio weights come from surveys published every six weeks beé;innin;';{ in
I : F
i ! |
1981 in the Financial Report, a confidential newsletter purchased by The Economist in 198|9.10
i Lo

The Ecov{pmz’st continued to conduct the survey but, starting on March 25, 1989, pliblishe{‘d it

every 12 \feeks. The nature of the poll is as follows: o '
" b
. : |
Taking over the portfolio poll that run regularly in Financial Report for eight |

|
|
years, The Economist asked nine money managers for their opinion on the best!mix !
: ' I
of investments over the next 12 months. They were asked to design a portfolic for °

an investor with no existing investments, no overriding currency considerations and an
i

objective of long term capital growth. (The Economist, 3/25/1989)

'Although the published advice does not necessarily relate to actual managed portfolios, we
assume that given the widely respected and read publication outlet, the investment bankers clc;: not

take the portfolio poll light-heartedly.!! _ ;
?Since we are working with possibly overlapping quarterly data the Newey-West kernel lag length is selected as
the min [T_?ll',;’o]. . i
YW This dataset is ideal for the purpose of the paper since there are not transaction costs which could induce frictions
in the dynamics of portfolio weights. . ' !
''It is well understood that the survey is a worldwide audience. Indeed in the cover letter of the survey is written
‘Our poll reaches o readership of over 800,000 subscribers’.

|
o
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Each poll comprises three parts. In the first part of the poll the investment houses report
their recommended portfolio allocations among equity, bonds and cash.'?> In the second part
each institution provides a suggested equity portfolio diversification among North America (United
States and others), Burope {France, Germany'?, the United Kingdom (U.K.) and others), and the

Far East (Japan and others). Finally in the third part each money manager constructs portfolio of

sovereign bonds denominated in six different currencies: US Dollar, Deutsche Mark, Franc French,
Yen, Pound Sterling and other. The first part of the poll (asset allocation) was not published
between Q3 1997 and Q3 1998,‘ while the third part was first; published in August 1997. In this
paper we focus on the first part of the poll, the one regarding asset allocation among broad asset

classes,

In addition to rl‘ecommended portfolio holdings, The Economist also provides neutral
benchmark weights every quarter. These benchmark weights, are relative market capitalizations
and are oﬁly given at the level of security markets. For the neutral asset allocation we use the
Robot Blend of Arshanapalli, Coggin, and Nelson (2001) which distributes assets 60% to equity,

30% to bonds, and 10% to cash.

Twenty four Houses participated in the surveys from I1981 to 2005."* The initial set of
recommendations was made by thése eight Houses: Anonj:[mous; One and Anonymous Two, London
Merchant Bank; Brown Brothers Harriman, Wall Street priLate bankers; Capital House Asset
Management; Daiwa Europe, a Japanese investment bank; Scudder Stevens Clark, New York

investment counsellors; Phillips and Drew, London brokers; US Trust. Bank Julius Baer, a Swiss

2In some instances, the survoys also provided recommended allocations to other assets such as real estate, gold,
and fine art. The recommended percentage allocation to these other assr:ets averaged less than 1% throughout the
sample. Therefore, we simply added this other allocation to the percentagie allocation to cash.

L3 After the survey published in Apiil 2001 The Economist no longer reported separate allocations for France and
. Germany. These countries were now included in a new category, the Euro Area.

"4The North American Houses are Brown Brothers Harriman, Lehman Brothers, Merrill Lynch and Scudder
Stevens Clark. The Asian Houses are Daiwa Europe, Nikko Securitiest The European Houses are Anonymous
Oune, Anonymous Two, Commerz International, Bank Julius Baer, Capital House, Credit Agricole, Credit Suisse,
Robeco Group, and UBS Phillips & Drew.
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mvestment bank, replaced US Trust in 1983. In 1987, a ninth participant, Wardley [nvestor
Services,. joined the group. The set of nine Houses who joined the poll remained funchaglgecl
through February 1989. Then, the Sef of Houses changed periodically through the end oll” the
sample, January 2005.° According to the staff of The Economist ‘the contributors whjlo ha‘ué left
the poll have chosen to leave or left their positions without designating a substitute. As fclir se!'e‘%:tz'ng

banks/asset managers to participate, of course name recognition has counted but they have also

allowed smaller participants who satisfied their coverage requirements’. '

Thg survey is currently conducted via e-mail. Research analysts at each House coimplebfg the
-survey on the Wednesday before the Friday publication date of The Economist. In the early :'days
of the sample, however, data-gathering and printing technology might not have allowedgfor suich a
quick turn-around. In addition, it is not known exactly when each House set its 1'ecoxrlrrfendations.
After 1989 the poll is published quarterly but not always before the start of the quarter to which
the recommendations apply. The publication date of the recommendations varies from ‘two weeks
before to‘lthree weeks after the start of the applicable quarter. We account for this pfroblem by

computing quarterly returns starting from the recommendation date. We compute quarterly gross

returns from the perspective of a US investor assuming no rebalancing during the quarter and we
| \

1

disregard. management fees and related costs.

Following common practice, this study uses the Morgan Stanley Capital International (MSCI)
value-weighted world index for total returns (capital gains plus dividends) in US dollars Ia.s a pgrOxy

i . i i

for the world market portfolio. For bond returns, we use the Merrill Lynch Global Governrnent

Bond return index in US dollars, obtained from Global Financial Data. Figure 1 provides a plot of

the returns on equity and bonds for the relevant sample period. To represent public information
1

in our empirical application, we use a collection of variables that previous international finance

5The Houses nos included in the sample are Global Asset Management; Deutschebank; US Trust; Capital
Management; Citicorp; Indocam; Rabobank International and Standard Life.
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studies find to be useful for predicting time-varying risk premia and volatility.'®17 The variables
i

are: (1) the quarterly growth rate of G-7 inflation, (2) the quzirterly growth rate of G-7 industrial
production, (3) the level of the one-month Treasury bill yield, (4’), the slope of the US Treasury yield
curve, measured as the difference between ten-year and threeimonths fixed maturity bond yields
from the CRSP Fama-Bliss files (5) the default premium, computed as the yield spread between

Moody’s Baa and Aaa rated bonds.'® !
1

;

We do not confine cur analysis to a study of the cross section of recomnended portfolio
i

weights. For this purpose we also compute and analyze whd]; we call the consensus broker: for
£

each broad asset class we compute every quarter an average recommended portfolio weight over all

reporting investment firms.

fl

1.5.1 Asset Allocation to Equity, Bonds, and Cash

Table 1 reports descriptive statistics regarding the asset .E}llocation recommendations of the
investment houses participating in the poll over the sample 1581-2004. Six Houses made at least
60 recommendations, with Daiwa Europe, Bank Julius Baer, émd UBS Phillips and Drew making
the most with 106, 91, and 86 recommendations, respectively. On average across the sample period
the consensus bank recommended that investors allocate 60% to equity, 31% to bonds, and 9%
to cash. The lowest average equity recommendation, 37%, is 'Ima.de by Credit Suisse, the highest,
85%, is issued by Scudder Stevens. Table 2 reports the relative composition of the portfolio of the

|

risky assets and the optimal mix of risky portfolic and the risk-free asset. Credit Suisse, Brown
. ;

Brothers Harriman, and Capital House display on average the fiighest holdings in the risk-free asset

: .
but also the highest standard deviation in the optimal mix of risky portfolio and risk-free asset.
I

Y3ee for example Camphbell (1987), Fama and French (1989), Ferson and Harvey (1991}, Pesaran and Timmermann
{1995). :
YFor the conditioning variables we use monthly data and match thei realization with the month in which the
recommendations are issued. ‘

!18The macro variables are obtained from Global Financial Data, while the interest rates series are from CRSP.
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Turning to the optimal mix of risky assets Credit Suisse, Robeco Group, Merrill Lynch, Cominerz
1 | :

International, and UBS display a strong preference for bonds versus equity.

|

! ‘
Figures 2 and 3 illustrate the time-variation in the asset allocation recomrﬁendat!ions
for each House, while Figure 4 provides a snapshot of the cross sectional distributéon in' the
reco:111neﬁdations, by computing the average, minimum and maximum rf—:commendat:ionEacmss1 the
Houses participating in the poll at each point in time. Two stylized facts emerge from F;igureséz—tl.
Individual asset allocation recommendations are time-varying and display some volatility, matching
the fact tlfat investment opportunities are not stationary. There is a high cross-sectional v!amiatic%n in
the recommendations together with a stable and consistent average recommended portfolio clcasely

1 |
matching fhe standard 60/30/10 recommendation. Nevertheless, the average allocation lshows' the
presence ef regimes {bull and bear periods); banks were on average more bullish t,ha.nlthe sti»iai:ic
60/30/10 benchmark between 1982 and 1990. Furthermore, the Houses under—investe(l% in eq%ﬁity

and over invested in bonds for a significant time after the Crash of October 1987. There are three

spikes in the average allocation to cash: in 1984 following the uncertainty regarding the interest

1 I I
rates and the dollar; in late 1987 following to the decrease in equity holdings after the Crash of

October 1987; between September 1990 and April 1991 when the Houses ‘were -wrongi-foote:!i by

events in the Gulf’ (The Financial Report, September 29, 1990).

. We assume that the Houses’ portfolio recommendations are made independently.! Howtver
it is possible that different Houses provide similar portfolio recommendations. Similar !suggesésted
portfolios are possible if the Houses share common information and process the information in
a similar iway. It also might be that relative performance considerations or, more in genéral,
repittation concerns matter and are therefore incorporated in the portfolio recommencla.tions
generating herding behavior. In finance there is a huge literature both theoretical andgemp'u:"ical

regarding the effects of performance-based compensation schemes!? and more in general herclling
: . 1 :

198ee for exainple Kapur and Timmermann (2004), Admati and Pfeiderer (1997), Cuoco and Kaniel (2000}, Brennan
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|
generated by career/reputation concerns®® on money managers’ portfolio holdings. In general
looking at the relation between mutual funds’ inflows and performance or at the cross sectional
dependence of trading by institutional investors, different studies have provided mixed evidence in

favor or against herding.

.
1.5.2 Portfolio Performance ;
We computed the return of the recommended investment ;trategies and compared it to two
different benchmark strategies: the Robot Blend of Arshanapa%li, Coggin, and Nelson (2001) which
distributes assets 60% to equity, 30% to bonds, and 10% to casil, and the consensus portfolic which
provides information about the average asset allocation of the competitors. Table 3 reports the
results. Looking at the managers’ portfolio we find that on avefrage over the full sample only two of
them have a return which is significantly different from the bénchmark returns. Bank Julius Baer

|

under-performs the static (consensus) benchmark by 26 (43} basis points per quarter, while Daiwa
: )
over-performs the static (consensus) benchmark by 38 (28} Basis points, This is not surprising,
since Bank Julius Baer recommends on average a 43% allocation to stocks, cc;mpared to the 64%
recommended by Daiwa. Interestingly, when we look at thei investment banks operating before
the October 1987 Crash, also Scudder Stevens and UBS prov;de a positive return.in excess to the
benchmark, while Daiwa now offers 104 basis points in excess of the static benchmark and 71 with
respect to the competitors. Accordingly to the literature on p}erformance evaluation, we have not
i

been able to find investment advice that statistically outpergorms passive or active benchmarks

despite the wide cross-sectional variation in asset allocation dynamics.

We also employ the Grinblatt and Titman (1993) Portfolio Change Measure (PCM). The

intuition behind the PCM is that informed investors can profit from changing expected returns by

~ (1993).
2See for example Chevalier and Ellison (1997), Goetzmann, Ingersoll, and Ress (2003}, Graham and Harvey (1996),
Graharn (1999), Jaffe and Mahoney (1999).
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increasing (decreasing) their holdings of assets whose expected returns have increased (decreased).
]

The holding of an asset that increases with an increase in its conditional expected ra.te; of re]lsurn
will exhibit a positive unconditional covarianée with the .:a.sset’s' returns. The PCM]'is deﬁned
as %th' [Rit(wis —wig—1}} where w;, is the portfolio holding of asset i at the begmmng of
period ¢ and R, is asset is return over pcnod t. Yet, if the money manager has applroprlately
identified which assets will achieve higher or lower retwrns, the recommended portfolio twill
exhibit positive covariance between asset reburns and portfolio changes. This implies a positive
PCM, Wh]Ch serves as evidence of market fiming. The Lagged Momentum Measure (L\f[\/f) is
closely relatf,d to the PCM, differing only with regard to the timing of returns. ’;‘he LMM

estimates the covariance between weight changes and previous asset returns and it is defined

as %Zz Y [Rip1(wip —wie—1)]. This performance statistic is designed to measure Iflom311tllrn
investing by portfolio advisers. The LMM evaluates whether investors shift their recommended
portfolio dlompositions in favor of assets that have recently experienced high returns and ai;way f;urom
assets that have underperformed. In Table 3 we compute PCM and LMM for the total portfblio
and fdr the investment in each asset class (equity or bond) recommended by each investm)ént h.o:Llse.
1t is interesting to notice that only two investment bank§ display a negative PCM, although of the
remaining. twelve, only Bank Julius Ba.ér, Capitél House and Nikko have a positive P¢M atithe
10% level. Turning to the LMM numbers, only Credit Agricole and Capital House ha\.;e positive
and significant values. Considering separately the investment in equity and bond does niot chainge
the picture. Consistent with the mutual fund literature and previous studies using the éame data
set (Anna.ért, Ceuster, and Hyfte (2004), Bange, Khang, and Miller (2004)) we find littlci: evi(_l(jince
of market timing skills at the asset allocation level. These findings make even more interiesting., the

L]
question asked by this paper: what moves money managers’ portfolios? :
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1.6 Empirical Results

l

In this section we discuss the results obtained with our methodology using the asset allocation
recomiendations from The Economist Portfolio Poll. Table 4 reports the results of iterated GMM
estimates of the risk aversion of the money managers, while Tables 5-6 report the estimates of the
parameters driving their conditional beliefs about the market.2! We normalize A1; = 1 and demean
and standardize all the state variables to ease the interpretation of the coefficients of the portfolio
policy function. The moment conditions used for the estimation are

~ 1
RVl (1+ A2z) (1.17)

Zt—1

(R S U o,

Dayg — }, (Az1 + Az22)

3

In this case we have two equations and four parameters so we néed two instruments to achieve exact
identification. Our instruments set comprises a constant and t%he lagged value of the state variable
entering the portfolio policy function, z;_;. We report estimatges of the parameters of the portfolio
policy function based on different state variables that previou:s finance literature has found to be
a good proxy for time varying investment opportunity set: G-':T Inflation, growth in G-7 Industrial
Production, stochastically de-trended risk-free rate, default prjemium, term spread and the return

differential between equity and bonds.??

: ‘ '
At a first glance a very interesting result emerges: the estimates of the risk aversion parameter
i |
are always significant and sensible with values ranging from 1.12 to 2.74 across different banks and

}
state variables.”® Becker, Ferson, Myers, and Schill (1999) use mutual funds’ returns from the

CRSP database to simultaneously estimate the risk aversion of a fund manager with CARA utility

and the precision of the fund’s market-timing signal. For the asset allocation category of funds

2 The use of multiple starting values provided results nearly identical to the ones reported.

*2See for example Campbell (1987), Fama and French (1989), Ferson and Harvey (1991}, Pesaran and Timmermann
(1995). :

BFor a summary of the risk aversion estimates found in previous studies see Bliss and Panigirtzoglou (2004).
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the mean value of the fund specific risk aversion is 93.6 with a negative median, -13.4. If so more
! |

than half the fund managers had negative risk aversion resulting in a strictly convex utility. Using
I !

the same data, and still focusing on the portfolio returns and not on the portfolio holdings, Foster

and Stutzer (2003) find more reasonable estimates with a mean value of about 8 compared to
_ i
our mean value of about 2. Our estimates are robust (in terms of ranking and magnitude)} to

the inclusion of different state variables in the portfolio policy. Independently of the conditioning
i i o
variables, Scudder Stevens, Brown Brothers Harriman, and Capital House are the least risk averse

while Credit Suisse, Bank Julius Baer, and UBS Phillips are the more risk averse among the Houses
in our sample. Interestingly the investment Houses displaying an above average risk aversion are
Swiss banks, ‘perhaps partly reflecting traditional Swiss preference for fized interest paper’, as nc?ted

in Financial Report, March 17, 1983.

Turning to the estimates of the parameters driving sy ¢4 and s 41, the beliefs conckrniné the
I

relative attractiveness of equity and bonds, several interesting results emerge. Having riormalized

An to 1, the value of Ag; becomes informative on the money managers’ prior on thie relative
"t - ’

attractiveness of bonds versus stocks. Values of Az; between zero and one suggest that money

managers perceive bonds as a less attractive investment compared to stocks. Interestingly the

L go M . . . I
more risk ‘averse banks display values of Ag; close to one and in some cases (Bank Julius! Baer and

Credit Suisse} greater than one. Daiwa Europe and Bank Julius Baer are the only banks that

over the full sample significantly outperform and undeperform the competitors. Looking at tl'heir
. : ' |
estimated values of A21 we notice that Bank Julius Baer have a coefficient twice as big as Daiwa

: \
and greater than one. To answer the question of what moves money managers’ portfolios, we need

to look at how different Houses implement their investment policies dynamically over: time.; In

particular, in the presence of return predictability, the values of A2 and Ags tell us whether the
! ‘,

money managers engage in market timing strategies based on the state of the economy and how they

incorporate it into the portfolio policy functions. Table 5 summarizes the main ﬁndingsfreporijiug
i -
i
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{whether significant) the sign with which different state variables affect the investment strategies

of the money managers. We measure the state of the economy according to macro and financial
i

variables. Inflation and growth in industrial production aﬁe:ct the portfolio policies of different

3
investment houses like Brown Brothers, Scudder Stevens, Cap',ital House, and Daiwa Europe. This

finding supports the conclusion of Lamont (2001) who observes that a portfolio tracking the growth

}

growth enters with the expected sign: an increase in industrial production growth makes equity

rate of industrial production earns positive abnormal returns.. Furthermore, industrial production
more attractive than bonds. High inflation is usually bad news for stocks and long-term bonds.
However since our specification for the beliefs is in terms of relative attractiveness, we can infer

!

from the estimates that, conditional on high inflation, bonds ;are perceived as a better investment
than stocks for the ma.jority of banks with the exception of UBS. Among the variables tracking
the state of financial markets the stochastically detrended shofrt term interest rate and the default
spread seem to be particularly important, while the term sprea:d is not incorporated in the portfolio
policies in our sample. High levels of short term interest‘ra.tesfusua.lly imply low stock returns and
high and volatile short term bond returns with a gradual ti,ra.nsition as we move from shorter
maturity to riskier and longer term bonds. This mixed effec't of the short term rate is captured
by our estimates displaying a degree of heterogeneity among the Houses’ responses. It seems that
the Houses active before the nineties increase their expo$ition; to stocks and lower the positions in
bonds in presence of high interest rates, while the opposite is true for Lehman Brothers or UBS.
High credit spreads make stocks more attractive than bonds Qith again Lehman Brothers and UBS
being the only managers going against the consensus. Thé reiturn differential between equity and
bonds turns out to be significant and with the expected sign for Brown Harriman, Capital House,

and Daiwa. This evidence seems to suppori the hypothesis of momentum strategies in which the

Houses move their portfolio based on past return performance of the constituent assets.®* Finally

|

2 Bange, Khdng, and Miller (2004} using the same data find evidence of momentum trading for asset allocation to
equity and cash.
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we notice that none of the listed state variables seem to be incorporated, if marginally, in the policy
functions of Commerz International, Credit Suisse, Credit Agricole, and Robeco Group which are

also among the most risk averse investment houses. Interestingly those bunks participated in{ the
i ! l
poll only after the nineties. This evidence supports the findings of the predictability literature which

documented instability in the relation between returns and forecasting variables.?® In general it
seems that heterogeneity in the conditional beliefs is more important than heterogeneity in the risk
aversion to explain differences in the recommended portfolio allocations. Moreover, the source of
heterogeneity seems to be in the diverse interpretation of the available information. To support this

finding, Figure 6 plots the average fitted values of s, 41 computed across policy functions bzf_lsed

on differeﬁt state variables for selected investment banks. We choose Daiwa Europe .an(l Bank
Julius Baer because they are the only banks that on the full sample significantly outpel;rform iand
undeperform the competitors and the static 60/30/10 benchmark. We also included UBS 'be(:zulsfse it
spans the same sample as the previous banks. As outlined above, UBS usually provides a different

interpretation of the signals on the state of economy compared with the other participants in_the

g . ;
poll. Interesting findings emerge. At the end of 1999 Daiwa is the only investment house preferring
bonds to stocks while Julius Baer usually characterized for a strong preference for bonds behave

exactly in the opposite way. This could explain the opposite performance of their portfolios. |

1.6.1 Testing Homogeneity of Preferences and Beliefs

: : I
The parameters’ estimates presented in the previous section are based on a single’ equation
framework. Another possibility is to use the portfolio policy errors from all investment houses

|

in a system. This strategy has two advantages. First, it exploits possible correlations in:the
. . ’ | !

portfolio weights recommended by different money managers, giving a more efficient estimation.

B8ee for-example the literature regarding model uncertainty: Avramov (2002), Pettenuzzo and Timmermann
(2005).
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Second, we can test the restrictions that the risk a.versic;n coefficients or the parameters driving

the beliefs are the same across investment houses. To clérify the estimation process, let egj )(1/)(3"))
i

be the m x 1 vector of portfolio policy error defined in ‘“(1.15?) for the j-th money manager, and

let e, () = [egl)(dl(l)), ...,eEJ)(v,b{J))] be the ({(m x J) x 1) vector containing the portfolio policy

errors for the J investment banks participating to the poll and ¥ = [w(l), ...,gb(J)] be the vector of

parameters of interest. The GMM estimator of ¥ is given by

(1.18)

—_

¥ =arg min(gr (¥) Wrgr(¥

where gr(¥) = % ZE;I e;(¥). The estimation is done using all the available data, so we need to
[

deal with an unbalanced panel of observations. When restrictions are considered across equations,

the off diagonal blocks come into play and the elements 111 th(:e'se blocks need to be adjusted. The
parameters’ estimates are not reported because in line with theiones in Tables 4 and 5. We focus on
testing the restrictions of homogeneity in preferences and cenditional beliefs acroés different money
managers. The Wald test of the restrictions and their p-values;are reported in Table 7. The upper
panel reports the results when the restrictions are imposed across all banks, while the bottom panel
displays the results for the subset of Swiss banks (Credit Suisse, Bank Julius Baer, UBS). We can
always reject the restrictions of preferences and beliefs’ homogeneity across all money managers.
When we use the state variable proxing for the momentum efféct in the portfolio policy functions,
we canrnot r'eject the null éf A2z being the same across banks. This implies. that there is agreement
among the money managers on the fact that momentum effect does not affect the beliefs on the
bond market. Turning to the subset of Swiss banks, interesting findings emerge. Also in this case
we find heterogeneity in the risk aversion coefficient, but we cannot reject the restrictions of the
beliefs’ parameters being the same conditioning on different state variables. This result imply that
the parameters driving the beliefs’ dynamics of the Swiss banks can be considered to be the same

for the available sample.
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1.6.2 The Rationality of Asset Allocation Recommendations

i
Recent articles on asset allocation by Canner, Mankiw, and Weil (1997) and Elton ahd Grfnber
(2000) t.r_){ to develop test of investor rationality and to examine the rationality of the advice of
a set of well-kn_ox-vn advisors. The Canner, Mankiw, and Weil (1997) test of rationality for asset
allocation advice is: the ra.tio. of bonds to stocks should rise as an investor is willing toétake t!hore
risk. Elton and Gruber (2000) show that the bond-stock mix can either increase or decrease as
risk increases over low risk levels, but the bond-stock mix must decrease as risk Increases over ihigh
risk levels. As explained in Section 4.3 in our framework the rationality test is a byproc;l.uct ojf the
GMM estimation. Indeed Hansen’s J-test tells us if the }Jnvestment houses are using efﬁcientl‘iy all
the inforination contained in the instruments when providing their portfolic recommendations. We

estimate the same model entertained in the previous section but we need to add extra variables

as instruments.”® Our new instruments’ sets comprise (1) a constant, a lagged value of the state

variable included in the policy function, and lagged excess returns on stocks and bonds; (2) a
|

constant, and lagged values of three factors summarizing the state of the economy. (To reduce
| :

the dimensionality of the system, we apply the methodolﬁgy of dynamic factor models fto a group
of variables comprising real activity measures (inflation and industrial production), interest rates
measures . (risk-free, default spread, term spread), financial markets meésﬁres (excess _returnis on
equity an;l bonds).?” This leaves us with three variables that summarize the state of thé ecc-)m!)my.
More precisely, we first normalize each series separately to have zero mean and unit vm‘iance.l'. We
then stack the seven variables into a vector z which can be represented as:

2= Cfi+w, (1a9)

28 A possible concern is that of weak instruments and weak identification. According to Stock et al. (2004) if
identification is weak then GMM estimates can be sensitive to the addition of instruments, so if this occurs in an
empirical application it can be indicative of weak identification.

T This is a common practice in the literature on term structure modeling. See for example Ang and Piazzesi (2003).

i iz

32



A —— r—— o —

b
where C is the factor loading matrix, f; is the vector of factors. The error term u, satisfies E(u;) = 0
and var{u,) = [, where I is diagonal. The extracted macro factors f; inherit the zero mean from
z¢, (E(f;) = 0) and have unit variance as any principal cémpcuimnt (var{fy) = 1). Over 60% (75%)
of the variance of variables in z; is explained by just the first tV:;o (three) principal components. We

decided to include the first three factors since the gain from the inclusion of an additional factor is

limited.?8

The results are reported in Table 8. We do not report thtia estimated values of the parameters

!
since they are in general robust to different instruments sets. Turning to the J-test, we can reject
rationality of the money managers in 10% and 26% of the cases at 5% level for the two sets

]

of instruments.?® The result is very interesting because we are able to explain the investment
'

strategies recommended by the majority of investment banks within a simple rational model based
i

on the Markowitz framework. Nevertheless, some caveats are necessary because the average number

of observations is 59 and the power of the test could be undermined.

i

%

t

1.7 Conclusion }

|
In this paper, we develop a general framework to examine the factors driving money managers’
investment strategies. We treat the recommended portfolio weights as the outcome of a possibly
misspecified econometric model and link it to the decision problem of the money manager. We

- )
establish conditions under which, if the money manager acts optimally, the parameters describing
the preferences and conditional beliefs about the future state of t!;he market can be recovered from the
observed portfolio weights. Under the mean-variance framework we provide joint estimates of the

preference parameters and the conditional market beliefs that most closely reproduce the dynamics

23The marginal contribution of the fourth factor to the explanation of the variance of the panel is below 10%.
The percentages reported are computed across investrment houses and policy functions based on different state

variables.
Ll
i
]
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of the observed portlolio recommendations made by a panel of international money manageré for

. |
The Economist. . ; | }

Using the empirical results reported in Section 6 we find heterogeneity in both the preferehces
and beliefs of our money managers. The parameters’ estimates are economically reasonable and
suggest t}_}at (1) money managers behave as low-risk averse investors; (2) heterogene;ity iﬁé:the
beliefs is what really drives the portfolio recommendations; (3) the key source of (iisagt:]'eemerglt is

the diverse interpretation of the signals concerning the state of the economy. In partifcular,: the

\
banks that joined the Portfolio Poll after the nineties make little use of variables tracking the state

of the economy when setting their investment strategies. We confirm the importance ol:T standard
macro (inflation and growth rate of industrial production) and financial (short term interest rate,
default spjread, momentum) variables as the key drivers of the asset allocation dynamics. . We
also find 'Eha.t under mean-variance preferences only few banks are not processing efﬁc!ientlyi:the

information on the state of the economy to make their asset allocation recommendations, i.e. their
1

investment strategies are in general rational.
i i
The empirical findings of the present work carry practical implications for investors. ' An
understanding of the patterns of professional advisors’ investment policies is important for
investors who may choose to implement a portion of their portfolio strategy using published
recomnmendations. An attractive feature of the framework proposed in this paper is its !generzll.lity
1 A
which means that it could be used in future research to revisit the empirical results on
mutual/ pénsion funds performance trying to understand what drives their asset allocation.
‘ ;
. . . ) i L
These are two ways in which research along these lines can proceed. First, acgording to
the literature on delegated portfolio management it would be nice to explicitly allow for relative

performaice concerns in the utility function of the money managers. Second, it might be interesting

to use this framework to examine what drives sector rotations in the portfolios of equi;t,y mutual
. ! i
]
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1.8 Appendix A

This Ap[ﬁéndix reports the assumptiOﬁS and proofs of the propositions in the paper.

1.8.1 Assumptions on the Data
i -

Assumption 1 {A1) The parameter space, ©, is a compact subset of R* and 6* is interior to ©.

Assumption 2 (A2) U () is globally concave. ! li

i
Assumption 3 (A3) U’ (-) is continuous and twice differentiable function with respect to 8 in a

i i
neighborhood of 0. - !

Assumption 4 (Ad) Returns and forecasting variables are realizations from a strictly stationary

I
A H I
R™ x R¥ _yalued process;

|
Assumption 5 (A5) For each realization of the forecasting variable X, there is an ildentific:able

portfolio policy w* (X, 0* () (i.e. w* (X, 05(¢)) = w* (X3, 03 (¥)) for each realization ofxt implies

! |
87 = 63 ) which is a unique zero of E[U' (-)].

A |§

Assumption 6 (A6) For everyt, E [ngth Wern(Ve, BV¢+thw)'] exists and is positive deﬁTrite.
|

If the portfolio policy function is linear the condition becomes E[R; X\ X{R,.y] exists and is

positive déﬁnite. : !.
) f
Assumption 7 (A7) Wy, = Wl (X:,0)), Biwn) is linear in wy, so that V Wi, s

i | 1
independent of w. :
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|
Proof of Proposition 1. The proof follows the line of the proof of Proposition 1 in Elliott,

1.8.2 Proofs

Komunjer, and Timmermann (2005) since our case can be seen as a multivariate extension
of their problem. From assumption [Al] we know that 6* interior to © is a solution to
maxgeo EU(8) where EU(8) = E[{U(0)] and U(8) = [U (W (w(Xz,8(¥)), Retn) ,%)]. Moreover,
the function U(#) is continucusly differentiable on ©. Let:g VoEU be the gradient of EU(6)
on ©. For given 9, if 6* € © is the max of EU(8), then}ﬁ* is a solution to VoEU(8) = 0

i
where VyEU(0) = E[ngngwﬁhgt%%ﬁ"?‘ﬂ], VoWien = [Rigshs---» Bmarnl = Riy, and

1
+

g e Ow .
TLB] P 69_’1:’ : Xt
Jowy, = : : , and if the portfolio policy tS linear Jpw; = :
6¢Um - 3"—‘-’mt "
aolt e | . . X

We show that (1.2) holds which completes the necessary part Oif the proof. Let H (6) be the hessian
matrix of EU(f) with respect to 8. We know that #* is a local maxima of & if V4EU(8*) = 0 and
H(9") is negative definite. The first order condition VgEU(8%) = 0 is implied by (1.2). We show
that H(6*) is negative definite. Under assumption [A6-AT7] WQ; have that

UV Jou Vo Wesn (Vo WeanJowe)' 0
H(8) = E () Jowe Vo Wiy h (Vo Wi n Jowr) o (L.20)

0 U ()" Jowr Vo Wei n (Vo WepnJowr)
and if the portfolio policy is linear, we have that ,
I

U(-)"Ry p Xt XiReon 0
H(®)=E () By n Ko X i Ry [ (1.20)

0 U() Ry p Xe XiReyn

Assumption [A2] guarantees that U()” < 0 and_ f%ssumption [A6] guarantees that
E [ngthDV¢+h(thPVt+thw)’] exists and positive deﬁnite.] Thus the elements of the main

1
diagonal are negative. The matrix H(f) is negative definite if all the eigenvalues are negatives.
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. i i
Since H () is diagonal, the eigenvalues are the elements on the main diagonal which we have shown

to be negative. So for every & € © the matrix H(8) is negative definite, then so must.be for 8*.

Thus any w; = w(X¢, #(3))) which satisfies the moment condition (1.2) is a solution to the asset
| : il
I

‘problem.
J

allocation

We now use the implicit function theorem to show that for any realization of X, th;e function

wi = w(X¢, 0*(¥)) defined implicitly by (1.2) is a one-to-one mapping from the set of parameters
Yo to the set of portfolio weights, w;. Define £(1,0) = VoEU(6*), so that £(1,8*) = 0, by (1.2).

. [
Furthermore, the function is continuously differentiable and we have that Q‘%‘ﬁ—'ol = H(#), and

1
ﬂga—‘i’b@ =U ()”a—a“%l Finally we have that the matrix 6—‘5%{’%2 is non singular given that H(f)

is negative definite. We can now apply the implicit function theorem to show that fcfvr every 1
there exists a neighborhood D of 4 and a neighborhood V of #* such that the system of equ.a.tions
£W,0) = 0 has a unique solution §* in V, and the function 8 = §() defined implicitly by §(¢, H)i= 0
is continuously differentiable from D to V. In particular we have that, lor any realization of X t, the
function wj = #*(¢)X; is continuously differentiable from GCRPtoAC R™ We neefd to sﬁjhow
that 8" ()X, is a one-to-one mapping from G to A. It is surjective by construction, so we need to
show that it is injective on G, i.e. 8*(3p1) = 6*(¢b2) implies ¥y = 2. Using identifiability i‘of a liillear

portfolio policy implied by [A5], we know that for each realization of X, there is a unique 8* £ ©

such that w* = §* X, so by using the previous result there is a unique ¥ such that w* = ¢* (w)l\l’ ;-1
1 i
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Table 1.2: Portfolio Composition

The table reports the optimal mix of the risk-free asset and the optimal rasky portfolio (Cash/(Equ1ty+Bonds)) and
optimal mix of the risky portfolio (Bonds/Equity).

Cash/{Equity+Bonds) . Bonds/Equity
Min Mean Max Std < Min Mean Max Std

Cominerz Internat. 0.00 0.04 0.32 '0.07 :0.07 0.80 1.24  0.19
Credit Suisse 003 024 052 015 080 128 220 035
Credit Agricole 0.00 009 025 007 j036 063 125 020
Bank Julius Baer 0.00 0.1 027 006 {070 111 1.8 027
Robeco Group -0.03 002 011 003 ;067 0.95 150  0.18
Merrill Lynch 0.00 010 018 005 ;050 090 138 030
Lehman Brothers 0.00 0.06 027 008 10.13 . 0.55 0.90 020
Brown Brothers Harriman 0.06 0.17 043 0.09 {0.00 0.16 1.04 0.30
© Scudders Stevens 0.00 0.07 026 006 1000 0.11 0.36 0.09
Standard Life 0.00 0.01 0.09 002 1061 0.74 0.82 0.08 -
Capital House .00 018 1.00 0.19 3010 0.37 1.30 0.32
UBS/Phillips Drew 0.00 007 025 007 [034 087 151 037
Daiwa 0.00 008 082 .0.12 {011 057 233 051

Nikko 0.00 0.08 018 005 1019 042 0.58 0.12
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Table 1.3: Portfolio Performance

The table reports the results for the asset allocation choices among equities, bonds, and cash for all investment houses.
60/30/10 is the mean return differential with respect to the static 60/30/10 allocation. Consensus is the mean return
differential with respect to the average performance generated by the competitors. We use quarter]) returiis in
percentage. PCM is the Portiolio Change Measure of Grinblatt and Titman. LMM is the Lagged | Momentum
Measure of Grmbhtt Titman, and Wermers. Panel A reports estimates for the full sample, while panel B fOCUSQb on
the investment houses active before the October 1987 Crash. Sta.ndwrd errors are reported in parentheb:.s - Jncl *
denote significance at 5% and 10% level respectively. | ‘

Panel A: Full sample: 1981-2004 ;

Performance PCM LMM .
60/30/10 Consensys  Portfolio  Equity Bond  Portfolio  Equity . Bond
Commerz Internat. 0.10 0.09 -0.01 -0.00 -0.01 -0.00 -0.03 003 |
(0.09) (0.07) (0.05) (0.03) (0.04) {0.05) {0.05) (0.03) ¢
Credit Suisse -0.19 -(.19 0.00 -0.00 0.00 0.09 0.06 10.02
(0.24) (0.18) (0.04) (0.05) (0.02) {0.07) {0.06) -{0.02)
Credit Agricole -0.16 0.02. 0.01 0.02 -0.01 0.17"" 0.2 0.04 |
(0.12) {0.11) {0.10) (0.10)  (0.02) (0.08) {0.07)  '{0.04) :
Bank Julius Baer -0.267 -.43* C 0,10 0.07*" 0.03* 0.04 0.03 0.0t
(0.13) - {0.23) (0.04) {0.03) (0.02) (0.03) {0.03) {0.02) 1
Robeco Group 0.04 0.07 0.03 0.0t 0.01 -0.04 -(03 I0 00 ‘
(0.12) {0.07) (0.03) (0.03) (0.01) (0.03) (0.03} ‘ 002} |
Merrill Lynch -0.27 " 0,14 0.05 0.12**  -0.06 -0.01 -0.02 10.02
(0.17) {(0.12) (0.06) (0.06)  (0.06) (0.09) (0.08) 1(0.06)
Lehman Brothers 0.04 0.03 -0.03 0.01 -0.03 -0.07 -0.04 -0.02
(0.10) (0.18) (0.07) (0.07) (0.03) (0.06) (0.05) (0.03)
Brown Brothers Harriman (.39 0.20 0.12 0.08 0.05 0.14 0.17 -0.02
(0.26) (0.21) (0.15) (0.12) (0.08) (0.18) (0.16) (0.04)
Scudders Stevens 0.45 0.29 0.01 0.02 -0.01 0.01 0.03 -0.01
(0.30) (0.26) (6.086) {0.06) (0.01) (0.04) (0.05) (0.02)
Standard Life 0.13 -0.06 -0.00 -0.00 -0.00 0.05 0.06 -0.01
(0.15) (0.12) {0.03) (0.02) (0.01) (0.04) (0.05) (0.02)
Capital House 0.21 0.00 0.23* ¢.23°"  0.00 0.11* 0.07 0.04
{0.19) (0.14) (0.08) {0.11) {0.04) (0.07) (0.08) {0.05)
UBS/Phillips Drew -0.03 -0.21 -0.00 0.00 -0.00 -0.03 -0.03 0.00
(0.10) (0.17) (0.03) {0.05) (0.04) (0.05) (0.05) (0.04) |
Daiwa_ 0.38** 0.28** 0.16 g.22**  .0.06 -0.13 -0.1¢ -0.03
i (0.13) (0.11) (0.12) {0.11)  (0.06) (0.09) (0.08) ,(0.05),
Nikko i ) 0.18 0.40 0.17** 0.14° 0.03 0.03 0.06 +-0.03
| (0.16) (0.27) (0.06) {0.08) (0.03) (0.04) 0.05) |(04)"

Panel B: Before October 1987

Performance PCM LMM "
60/30/10  Consensus Portfolic Equity Bond Portiolio  Equity , Bound .
Bank Julius Baer -0.53** -1.07%*F 0.11°° 0.07*"  0.03 0.08" 0.06 0.02
(0.26) (0.46) (0.05) (0.03) (0.03) (0.08) (0.04) (0.05)
Brown Brothers Harriman  0.63** 0.19 0.16"" 0.16** 0.00 0.12** 0.14**  -0.02
0.27) - (0.23) {0.06) (0.07) (0.02) (0.05) (0.07) (0.02) .
Scudders Stevens 0.76** 0.34 0.10 0.12* -0.01 0.03 0.07 -0.01
(0.28) (0.25) (0.07) (0.07) (0.02) (0.06) (0.07) (0.03)
Capital House 0.40" -0.08 ¢.31"" 0.31* 0.01 0.17 0.12 0.06
(0.21) (0.19) (0.12) 017 (0.07} (0.10) (0.12) (0.08)
UBS 0.23° -0.34 -0.13"* -0.08 -0.06  -0.13** -0.09  '-0.04
(0.12) (0.22)° {0.06) (0.07)  (0.068) (0.06) {0.08) +(0.08)
Daiwa 1.04** 0.71** -0.08 0.09 017 -1l 0.03 .04
{0.24) (0.22) {0.08) (0.06)  (0.13) {0.10) {0.02) 1{0.12)
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Figure 1.1: Quarterly Returns on Equity and Bond

The figure reports the time series of quarterly gross returns equity: and bonds. We use the Morgan Stanley Capital
International value-weighted total return index in dollars as a proxy for the market portfolio, and the Merrill Lynch
Global Government Bond return index in dollars for bond returns.
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Figure 1.2: Asset Allocation

Each panel reports the time series of the optimal asset allocation recommended by each House for dif;ferent.

classes. i
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Figure 1.4: Consensus Asset Allocation

Each panel reports the time series of the minitnum, average, and maximum recommended portfolio weights in equity,
bond, and cash - comnputed across Houses. :
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Figure 1.5: Average Portfolio Weights

Optimal portiolioc composition.

The upper panel plots the min, _‘average, and max of the recommended

cash/(band-+equity) allocation. The lower panel plots the min, average, Land max of the recommended bond/equity

allocation.
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Figure 1.6: Average Beliefs about the Relative Attractiveness of Equity and Bond
Markets for selected Investment Banks

The figure p]ots the average fitted values of 5,4y computed across different policy functions for selected banks leues
above 1 suggest that the equity market is more attractive compared to the bond market. : [
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Chapter 2

e

Persistence in Forecasting
Performance and Conditional

Combination Strategies

2.1 Introduction

k

Forecasts! are of considerable importance to decision maker%; throughout economics and finance
and are routinely used by private enterprises, government inst;itutions ana professional economists.
It is therefore not surprising that much effort has gone into developing forecasting models ranging
from simple, autoregressive specifications to complicated non-linear models and models with time-
varying parameters. A multitude of forecasting models isLtypicl‘a.lly considered because the true data

generating process underlying & particular series of interest is unknown. Even the most complicated

YThis chapter is coauthored with Allan Timmermann (UC San Diego) and it is forthcoming in the Journal of
Econometrics. We received many helpful commments from an anonymous referee and from Eric Ghysels. We also
thank seminar participants at Bocconi University and at the January 2004 San Diego conference in honor of Clive
Granger.
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model is likely to be misspecified and can, at best, provide a reasonable ‘local’ approximation to

the process driving the target variable.2

Model instability is a source of misspecification that is likely to be particularly relevant in
practice, ¢.f. Stock and Watson (1996). In its presence, it is highly unlikely that a single model
will be dominant uniformly across time and the identity of the best local approxima,tiojn is likely
to change over time. If the identity of the best local model is time-varying, it is implausible that a
forecasting strategy that, at each point in time, attempts to select the best current modeli will \{'ork
well. Most obviously, if (ex-ante) the identity of the best model varies in a purely ra.rlldom way
from period to period, it will not be possible to identify this model by considering past fé)recas:cing
performance across models. Similarly, if a single best model exists but only outperforms other
models by a margin that is small relative to random sampling variation, it becomes difficult to
identify this model by means of statistical methods based on past performance. Even if the single
best model could be identified in this situation, it is conceivable that diversification g:a.ins from
combining across a set of forecasting models with similar performance will dominate the strategy

of only using a single forecasting model.

In practice, the factors that give rise to long-lasting changes in the ranking of different

forecasting models - e.g., major oil price shocks, policy changes, institutional shifts or market

participants’ learning behavior - can either take the form of discrete shocks or graduall);r evolving
shifts and one may expect the relative performance of forecasting models to display modmj‘ate
degrees of persistence. How much persistence is a question of great practical relevance. Indtiaed,
the popular strategy of assigning equal weights to the individual forecasting models (e.g., Cleten
(1989)) becomes an optimal strategy if there is no ex-ante indication of the individual models’

prospective out-of-sample forecasting performance, either because the models are of a similar quality

2Conditions under which the true model is selected asymptotically are quite strict, ¢.f. White (1990) and Sin and
White (1996}, and asymptotic results are unlikely to provide much guidance in situations characterized by a large
cross-section of forecasting models and a short time-series dimension.
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or because their (relative) performance is unstable over time.

Unfortunately, little is known about persistence in foreé:asting performance, so the first part
of our paper considers this question, establishing ‘stylized fa:cts’ by studying empirically a large
cross-section of economic variables and forecasting methoe:ls"."3 We find systematic evidence of

1
persistence among both top and bottom forecasting models, but also find evidence of ‘crossings’ -

whereby a previously good (poor) forecasting model delivers poor (good) forecasting performance

out-of-sample - among linear models.

In the presence of model misspecification of unknown form and moderate degrees of
persistence in the relative performance of different forecasting :"models, no single econometric model
can be expected to outperform all others and an attractive !option is to combine forecasts from
several models. In their seminal paper on forecast combinations, Bates and Granger (1969) already
pointed to the importance of changes in models’ relative performance over time as a determinant
of the scope for combining forecasts. Key questions that arise when forecast combinations are
consicdered is how wide a set of models to include (or, similarly, how many models to exclude},
whether to estimate the combination weights, use a simple combination scheme such as equal-
weighting or apply shrinkage methods. The answer to such questions depends on the distribution
of (relative) forecasting performance across models and the degree of persistence and is hence closely
linked to the first part of our analysis. We address thqse iss:ues in the second part of the paper
by comparing a wide range of combination schemes that "differ‘]: along these dimensions, including a

I
new set of conditional combination strategies.

The contributions of our paper are three-fold. First, we analyze the persistence in the relative
forecasting performance of a range of linear and nonlinear models using a large international data

set. Second, we propose a new four-stage approach for model combination that (i) sorts models

¥Stock and Watson (1999) consider combination methods based on expanding and rolling window estimators, two
approaches that are usually associated with a stable and unstable data generating process, respectively.
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into clusters based on their past performance; (i) pools forecasts within each cluster; (ili) estimates
the optimal forecast combination weights for these clusters; and (iv) shrinks the least squares
combination weights towards equal weights. Third, we investigate empirically the out-of-sample
forecasting performance of this new combination method and compares it with existing ones. Using

a range of economic variables in the G7 countries we find that our approach improves upon existing

combination methods.

The paper is organized as follows. Section 2 studies the persistence of forecasting performance
across a set of linear and nonlinear time-series models. Section 3 introduces the forecast combination
problem and studies the out-of-sample forecasting performance of a range of standard combination

!
methods proposed in the literature as well as our new four-stage combination method. Section 4

concludes.

2.2 Persistence in Forecasting Performance

2.2.1 Data Set

The seven-country data set that we use is the same as that used in Stock and Watson (2004)&. It
consists Of. up to 43 quarterly time series for each of the G7 economies (Canada, France, 'Germémy,
Italy, Japz;,!ﬁ, UK, and the US) over the period 1959.1 — 1999.1V, although some series are availzimble
only for a shorter period. The 43 series comprise a range of asset prices (including returns, interest
rates and spreads); measures of real economic activity; wages and prices; and various;meas.iues

of the money stock.? In some cases we use more than one transformation of a given series. -For

; |
example, interest rates are used both in levels and in first differences. Counting all the constructed

*Following Stock and Watson (2004) the variables were subject to the following transformations. First, in a few
cases the series contained a large outlier—such as spikes associated with strikes—and these outliers were replaced by
interpolated values. Second, series that showed significant seasonal variation were seasonally adjusted uging a linear
approximation to X11 in order to avoid problems with non-linearities, ¢.f. Ghysels, Granger and Siklos (1996) Th1rd
data series available on a monthly basis were aggregated to get quarterly observations.
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|
variables (such as spreads) and different transformations of the same variable, the maximum number

of time series per country is 75.

2.2.2 Forecasting Models and Methods

i

h-step ahead forecasts of the conditional mean of the target Va;riable, Y, are generated by time-series

.
v

models of the form

-l
Yren = fi (X5 0in) + €rrni-

' ;

L]
Here 4 is an index for the forecasting model, 8;, is a vector of unknown parameters, €44 is an
h—step error term and x; is a vector of predictor variables that are known at time ¢ and may include

i
y. In general, individual forecasting models only use a subset of the elements of x;. All forecasts

are computed recursively out-of-sample, so the forecast of yi.s by the ith model is computed as

fi (xt; éi,h,t), where éi.h,t is the estimate of §; 5 given information available at time ¢.

Following the analysis of Stock and Watson (1999), we consider both linear and non-linear
forecasting models. The class of linear models comprises simple autoregressions with lag lengths
i
selected recursively using the Bayes information criterion (BIC), including up to four lags:

a4

Yeh =C+ A (L) Ui+ gk

We also consider bivariate autoregressive models that include a single additional regressor,
{

2, which is an element of x; :

Y+h=C+ A (L) wn+ B (L) I+ €rqn.

Lag lengths are again selected recursively using the BIC with between 1 and 4 lags of z; and
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between 0 and 4 lags of y;. The average number of linear model specifications varies across series

1 ! :
and countries. For example, it ranges from 36 for France, 38 for Italy, 43 for the UK, 44 for Canada

and Germany, 51 for Japan to 67 for the US.
.
The class of non-linear forecasting models includes many of the models considered in
‘lerasvirta, Tjostheim and Granger (1994). It includes 18 Artificial Neural Network (ANN) models
i . ' |

with one and two hidden layers and different numbers of lags, p. Single layer feedforward neural
network models take the form

ny

Yern = BoC + D_ 7159 (B1ie) + €ean,

=1
4l 1

G =Ly, Y1, Ymp-1), P=12,3,

where ¢ (z) = H—% is the logistic function. Neural network models with two hidden ]ayers\ta.l.ce fhe

form

Yern = BoGe+ D Y259 [Z Bajig (ﬁii(t)] + €4h ! )

i=1 i=1
Our choice of design parémeters for the single hidden layer ANN models are ny = 1,2,3 and
p=123, givin-g a total of nine basic models. Our choice for the ANN models with tv-io hidcflen
layers are n; = 2,ny = 1,2,3 and p = 1,2,3, producing nine basic models. These choices co_:ver

many of th:e basic neural net designs, c.f. Swanson and White (1995, 1997).° ! |

5For all ANN models, coefficients were estimated by recursive non-linear least squares, minimizing the objective
function by an ad-hoc algorithm developed by Stock and Watson.



We also consider 15 Logistic Smooth Transition Autoregression (LSTAR) models:

Yerh = G + def'C + €rn

1 ]

dy = =,
1+ exp (v + 1éi)

G = (L, Yt Yoty Yeop—1) P =1,2,3
)

& € {yi—1, -2, Ye—3, Bue—1, A,‘zyt—l},

where the scalar & is selected from the set in (2.2.2). LSTAR? models differ by the variable used to

define the transition and by the lag length p, c.f. Granger an':d Terasvirta (1993).

Finally, we consider time-varying autoregressions (TVARs) whose parameters are allowed to

evolve according to a multivariate random walk:

Yerh = O pét + Eran
Oy = G106 + Upp,

w, ~ iid (0,A%0°Q) .

Here ¢2Q is the variance of u; 5. We consider seven diflferent values of A in the set {0.00, 0.0025,
0.005, 0.0075, 0.010, 0.015, 0.020} and up to three lags for a total of 21 TVAR models, all of which

are estimated by the Kalman filter.

To avoid extreme forecasts—a problem often associa,ted with highly non-linear models—we
implement the following trimming scheme. Forécasts éxceeding four recursive standard deviations of
the target variable are replaced by a recursive estimate of the unconditional mean of the dependent

variable computed at the time of the forecast.

65



2.2.3 Sorting Windows

: o
We implement an automatic procedure to control for missing values and outliers to produce a
balanced panel of forecasts. Let Tp be the point at which the first forecast is computed and letj T
be the final period. For each variable and forecast horizon, ki, we produce a ((T" — h ~ Ty +:1} x Nj)

panel of forecasts

~(1) ~(2) (N;) ]
Yror—n Yrir-n - Yron
Tt ,r(g) =(Nj)
- Yroar—h-1 Yrir_hr - Yrlirop—
Y4t = ,
]
~(1) ~(2) ~(N;) ;
| YTo+h,To Yro+h Ty - Yok \;

where i}f’? +h, 15 the A-step ahead forecast computed under the ¢th model at time ¢. The superscript,

' |
i, tracks the model, i = 1, ..., N;, and /V; is the number of models for country or forecasting method
il I
Wt 1 +
3.° S

The h—period performance of the ith forecasting model at time ¢ is measured through the

loss function, Lgﬂh’t =L (th,@‘gﬂh't). In line with common practice, we assume mear squared

forecast error (MSFE) loss: : ' |

322 :
L(Yeih, Peanti) = (eﬁﬂh,t) ; ‘
a - l
where eg he = Yt+h — @a(gm is the h—step forecast error associated with the ith model’s prediction
? ! ) |
. .
at time £. We track the historical forecasting performance over a window of the last win p:erlods_, by

computing .S't(i)-uz (lﬁ/win) Y e wingt L(Til_ - Yo study how persistent forecasting performance is

®For each country some series are available only for shorter subsamples so’instead of dropping these series from
the panel we trade off the time-series and cross-sectional dimension. Given a T x N panel we minimize the following

loss function with respect to e € (0, l)b
o Pl

a" =argmin L (a) = (T — T (a))* + (N — N {a)). ! |

If a time series has more than T missing values we drop it. This gives us a T (@") x ¥ (") panel of forecasts.
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through time, we consider three different tracking or ‘sorting’ windows used to rank the forecasting

models based on their historical performance:

. . 2
1. Short window: win =1: St‘) = (eﬁf’t)_,,) ;

2. Rolling window: win = 20: 5, 0= (1 fwin) P ! (8(5) )2 .
. O . = . ¢ = T=t—wiﬂ,+]. -r|1-_h ;

T,7—h

3. Expanding window: S = (1/(t — h — i (€9)
. Expanding window: 8, = (1/(t —h —To+ 1)) 25 —r 4n (e ) .
i

T

For all methods the future out-of-sample perforrnanc;e at time ¢ is based on the h-period
loss, Lgih.t‘ For each model, 7, we record its rank at time ti Riu=1F (St(l), veeey St(Nj )). The model
with the best MSFE forecasting performance, gets a rank of,1, the second best a rank of 2 and so
on. Using these rank orders, we sort the models into quartiles and use 4 x 4 contingency tables

to cross-tabulate the forecasting models’ sorting-period performance against their out-of-sample

forecasting performance.

2.2.4 Empirical Evidence

Tables 1-4 report empirical evidence on persistence in forecasting performance for the three sorting
windows usring linear (Tables 1 and 2) or nonlinear (Tables 3 and 4) models and forecast horizons of
h = 1,2,4,8 quarters. Transition probability estimates, f’;j, m these tables provide the probability
of moving from quartile 7 (based on historical performance flp to time #) to quartile j {(based on
future performance, eyny, t = Tp,...,T — h). We show onliy the top corners of the tables (i.e.,

P11, P14, Pa1, Paa) since these effectively convey information a.ibout persistence or ‘anti-persistence’

in forecasting performance.

Under the null of no forecasting persistence, we have P;; = 0.25 for all 4, 7 since the probability

of good (or bad) future performance should be unaffected by past performance. Persistent

'
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forecasting performance would lead to estimates of P;; and Py, above 0.25, while Py and Py

(the probability that a historically good model becomes a poor future model or vice versafl should
be well below 0.25. Conversely, anti-persistence corresponds to small values of Py and Py and
large va,luesllof Py and Py;. A chi-squared test statistic can easily be constructed for the es.‘t;imatt;':cl
transition probabilities when h = 1. However, at longer horizons (h > 2) the data is overlapping

so the performance statistics are serially correlated. To assess the statistical significance in tljxis
. : [j

situation, we therefore use a bootstrap procedure to construct confidence intervals for the transition

probability estimates, 151-3-. The proportion of transition probability estimates exceeding 0.25 with

a p-value below 5% is reported in Tables 2 and 4 for linear and nonlinear models, respectively.
1] :

i

Several interesting results emerge from the tables. First, there is robust evicllencelof
persistence among the linear forecasting models (Table 1). Across all sorting windows, forecz?lst
horizons anf'd countries the average estimate of P}, is 0.30 with 76% of the estimates eé'{ceedilng
25% at a statistically significant margin. Similar numbers are obtained for the worst pe;rforming

models where the average estimate of Py - averaged across countries, forecast horizons and sorting
i I.

windows ~ is 0.30 with 73% of the estimates exceeding 0.25 at the 5% significance level.
| !
The average estimate of Piy is 0.29 with 75% of the estimates being significantly greater

than 0.25, suggesting that there is also a high chance that the historically best performing models

become the future worst models. There is clearly a smaller chance of the reverse happening - i.e.,

that the historically worst models become the best future models - as the average estimate of £y
R

is 0.27 and only 52% of these estimates exceed 0.25 at the 5% critical level.

There is also considerable variation in the results across sorting windows. Persistence is
systematically weaker the longer the sorting window, consistent with what one would expéct under
model instability. Going from an expanding via a rolling to a short sorting window, the average

estimate of Py rises from 0.29 to 0.30 and 0.31 with 60%, 76% and 91% of these estimates being
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significantly greater than 0.25. A similar pattern is observed in the average estimate of Py which
rises from 0.28 to 0.30 and 0.33 (with 49%, 72% and 98% of these estimates being significantly
greater than 0.25 at the 5% level) and in the estimates of P14 and Py with the former rising from

0.29 to 0.31 and the latter rising from 0.26 to 0.29 as the sorting window is shortened.

Results are largely invariant with respect to the forecast horizons (h} where both Py; and
PM are close to 0.30 irrespective of the value of .7 Between 73% and 78% of the Pl_l—estimates

and between 69% and 76% of the 1544—estimates are significant at the 5% critical level.

Disaggregating the results by country, many integesting variations are observed in cur data.
The mean estimate of Py; (averaged across series, sort'}lng w;ndows and forecast horizons) is 0.30
for all countries, with the estimates for Japan and the US taking the smallest values. Among the
worst models, the smallest persistence, measured by the avéra.ge value of Py, is 0.28 for the US
while the largest value is 0.32, recorded for Japan. T his suggests that the weakest persistence is
generally found in US time series. Large variations across sorting windows are also observed. For
example, for the US forecasts at the shortest horizon (A = 1} the proportion of estimates of Fy
that is significant at the 5% critical level increases from 8% to 68% and 97% as we move from the

expanding via the rolling to the short sorting window.

Turning to the nonlinear models (Tables 3 and 4), there is generally a lower probability of
‘crossings’ and fewer of the off-diagonal transition probability estimates exceed 0.25, the average
value of 1514 and 1541 being 0.22 and 0.25, respectively. Only‘-15% and 35% of these estimates are
significant at the 5% critical level. Overall, persistence among top models is reduced to 0.26 with
only 39% (compared with 76% in the case of the linear mog_lels) of the Pj,—values significantly
greater than 0.25. There is stronger persistence among the wohrst nonlinear models than was found

for the worst linear models, however: the average estimate of Py4 is 0.33 and 85% of the estimates

"To save space, disaggregated results are not reported here, but these results are available on request from the
authors. ’
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of Pya from the nonlinear models exceed 0.25 at the 5% critical level (compared to 73% for t;he

linear models). : :
1 ' I

To verify the robustness of our results we also partitioned the forecasting models into groups
of three based on their previous forecasting performance. We found very similar results with
persistence in the top and bottom models’ forecasting performance, stronger persistence among the

worst linear forecasting models the shorter the sorting window and stronger persistence among t;he
i I !

worst nonlinear forecasting models than for the linear forecasts.

We conclude the following from these findings. First, there is systematic evidenceiof

|
persistence in forecasting performance both at the top end and at the bottom end of the rankings.

H

Complicating the picture, however there is unfortunately also a strong tendency for theéprevic:;us

: I
best linear models to become future underperformers. Third, in general we observe stronger

persistence in the forecasting performance of the worst non-linear models and a much lower

| 1

probability of crossings in these models’ forecasting performance than we observed for the linear

. |
models. | : [

2.3 Forecast Combinations

The empirical evidence reported in Section 2 suggests that there is systematic persistence in the
il _ [
relative forecasting performance of standard time-series models. The extent to which this evidence

can be translated into improved out-of-sample forecasting performance is still an open .question,

however. The moderate (albeit statistically significant) degree of persistence observed among top

and bottom models suggests that a strategy of using a single ‘top’ model is unlikely to work well and
N f 1
i . | 1
that averaging across models could improve forecasting performance. As argued earlier, persistence

in forecasting performance is likely to be a key determinant of the optimal degree of averaging across

models, with less averaging required the higher the degree of persistence in forecasting performance
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since this makes it easier to identify the best models from their historical track record.

Under mean squared error (MSE) loss the general forecast combination preblem can be posed
i
as that of choosing a mapping from a vector of N predictio%ls Vernt = (ﬁt(j—)h,ta@t(i)h,m ..,,fo,i’t)’ to
the real line, that best approximates the conditional expe:ctation, EWt+n|¥t+ne]. This general
class of combination schemes comprises non-linear and time-varying combination methods, but it
is far more common to limit the analysis by assuming a linear combination and choosing weights,
(V)

Wip = (wt(llh), Wy h ) to produce a combined forecast, gi . = w;, n¥i+ht, resulting in the forecast

€ITOT €}y p, = Yeah — Uiy
Assuming again that the forecaster’s loss function L() only depends on the forecast error,

ef, n ¢ the optimal combination weights, w}},, solve the problem
E - c ~
Wy = arg I&TE [L (et+h,t) |ylt+h,t] . (2.-6)

Under MSE loss, L(e) = e?, the combination weights are easy to characterize in population and

only depend on the first two conditional moments of the joint distribution of yey.p and ¥yipt,

2 /
( Yt+h ) o (#yth) Tyth  Tyyth
Vernt Htn

Oygth  Lyyih

Assuming that X4, is invertible, the solution to equation (2.3) is

¢
r

wip, = (pentiyn + E;J%th)(mhﬂym + Tygth)-

If 3,5 is projected on a constant as well as on the forecasts, §:int,° the optimal (population)

9The inclusion of a constant to capture bias effects is a strategy recommended (under MSE loss) by Granger
and Ramanathan (1984) and, for a variety of loss functions, by Elliott and Timmermann (2004). Ruling out that
the covariance matrix, Lgg.p, is singular is innocuous here since one can always drop superfluous forecasts from the
combination. One could alternatively consider non-linear combination schemes that do not impose this restriction

71 '



values of the constant and the combination weights, w§}, and w},, are

Ck —_— I
Woth = Hyth — Weplith

* -1 R
Wih = TgginTygth- _
: : :
1
!

i.
4

i ’ :
These weights depend on the full conditional covariance matrix of forecasts, Lgye,. However, given
a large number of forecasting models (V) relative to the number of time-series observations (7',

it is generally not feasible or desirable to estimate optimal combination weights at the level of the
’ i
individual forecasts. 1

|
A special case of (2.3) arises when one model - e.g. the ith model - has a much smaller

. . . . . I
forecast error than the other models. In this case, to an approximation, only a single forecast gets
- . (

i |
selected: | |

* o ]
Wip = 'ﬂh

where ¥; is an N —vector with zeros everywhere except for unity in the ith place. j
‘ |
The opposite case arises when the forecasting errors are all (roughly) of the same size with

similar correlations, in which case

w; = "‘N/Nz
! . [ |:

where ¢y is an N—vector of ones. It is often found in the empirical literature that estimated
“optimal” combination weights based on (2.3) lead to worse forecasting performance than such

simple equal-weighted averages, (2.3), ¢.f. Clemen (1989).

and allow individual forecasts to be perfectly linearly correlated as long as non-linear transformations of the forecasts
are not perfectly correlated. .
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2.3.1 Conditional Forecast Combination Strategies

Standard model selection schemes such as (2.3) and forecast combination schemes such as (2.3) or
(2.3) suffer from a number of problems. With NV large relative to T, estimation of the “optimal”
combination weights (2.3) is either not feasible or is surrounded by considerable sampling error.
While the forecasting methods in (2.3) and (2.3) do not sélffer from this préblem, they ignore
correlation structure acrosé different forecasts and do not jefﬁciently use all information in the
joint distribution of the forecast er.rors. For this reason, we ;propose a range of new (conditional}
combination strategies that in a first stage sort the forgca.stiﬁg models igto groups based on their
recent historical forecasting performance, then pool forecasts within groups aqd finally combine
the pooled forecasts for selected groups of models using least squares estimates of the c_ombination
weights followed by shrinkage towards equal weights.

]

Combination of Forecasts from Pre-selected Quartiles
i

The first set of combination methods operates at the level of quartile-sorted forecasts and uses
information on the estimated transition probabilities to select which quartiles to include in the
combination. Forecasting models are initially assigned to- quartiles based on their historical
forecasting performance up to the point of the prediction, ¢. For each quartile, a pooled (average)
forecast is then computed. If the transition probability estimates (using information up o time
t) suggest that a particular quartile of models produced better than average forecasts, then the

i
pooled forecast from models in this quartile is included in the combination.

Pooling by quartile reduces the set of forecasts to a number between one and four. This is
a number that is small enough to let us consider estimating optimal combination weights by least
" ) Ed [

squares. We also consider shrinking the least-squares estimates of the combination weights towards
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equal-weights, ¢.f. Diebold and Pauly (1990): : !
Br(h) = 905 + (1 — ),

where i, the parameter governing the amount of shrinkage, is a function of the data. This estimator

shrinks the least squares estimate of the combination weights, @25, towards equal weights, @. As
!

an extreme case, this includes simply using equal weights (1), ~ 0). Shrinkage estimators lfave b%en
J
found to improve the finite sample performance of forecast combinations.® |

1
To set out the combination strategy, let S'f_i_h‘t be the IV, X 1 vector containing the ]:foreca_.:;sts
belonging to quartile g, where N, is the number of models in quartile g. We use the pe'rsistel;lce

information contained in the estimated transition probabilities at time ¢, f%-jt, to select quartiles as

follows:

i ﬁ’m > P4 include the pooled forecast from models in the top quartile.
If Py + .ngg > Pyss + Poqy: include the pooled forecast from models in the second quartile.

If P31y + Psge > Pise + Pige: include the pooled forecasts from models in the third qua,rt:ile.
il |

h i
If Py, > Puy: include the pooled forecasts from models in the fourth quartile.

Let Z;; be an indicator variable taking the value 1 if the ith quartile is included at time ¢ and

. 4 |
otherwise zero, while ¢, is an N, x 1 vector of ones. Then we consider four types of COI'I;lbiIlEl.t_lOII

|
ary k

e e + ‘ |
weights applied’to the forecasts pooled into quartiles, namely previous best (PB}, equal-weighted

(EW), optimally weighted (OW) and shrinkage-weighted {(SW) combinations:

t
s

i
1. PB H yf—}-h,f = (L‘:Nl /Nl)}rtl+h,t'

*Elliott (2002) establishes conditions under which the expected loss from averaging gets closer to thie expetted
loss from using the optimal weights as the number of forecasts (V) increases.
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2. EW 45, = (1/8) Tasy W /NDF L pse :

3. OW : §iip, = Z;‘:lfqu}.}qt [(z,j,\,q/Nq)ng’t], where Qg are least squares estimates of the
optimal combination weights for the included quartiles, computed using information up to

time ¢. }

4. SW  Hipy = 23=qut§qt [(L}Vq/Nq)}‘rf_M,t], where &g are shrinkage weights applied

-1
to the selected quartiles, computed as §g .= W@y + (1 — ) (Zj=ll'qt) , Y =
Zd—g Iy
;1= —E:__"_ .
max {0 1-x (t—h—To—ZF,ch

Quartile-sorted combinations are referred to as Q(W:Z) where W ¢ {PB,EW,O0W, S5W}
and Z € {L, M, H} captures the degree of shrinkage. As k éoes up, ¥ declines and the degree of
shrinkage increases so the choices of k = 2.5,5,7.5 represet{t low, medium and strong shrinkage.
These are denoted by Q(SW, L), Q(SW, M) and Q(SW, H), respectively. 10 1f none of the quartiles
passes the test in the first step, we set Q(OW) = Q(SW, ) = % Zjil gt(-?h,t ar‘ld average across all

F

forecasting models.

Application of these methods requires that part of the out-of-sample period is used to establish
an initial ranking of the models. We use the first 20 out-of-sample observations as our initial sorting

period.

Clustering by K-mean algorithm

The approach of sorting models into quartiles can be criticized for using arbitrary cut-off points.

Two models with very similar in-sample foArecasting performance may get assigned to different

!
quartiles with different weights. To deal with this problem, we propose to use a K -mean clustering

.

"*These values are higher than the values (0.25, 0.5 and 1) considered by Stock and Watson (2004}. This is because
we apply shrinkage to the grouped (quartile) forecasts whereas Stock and Watson apply shrinkage to the original set
of models (V) so the ratio of the number of forecasts to the effective sarhple size is much larger in their application
than in ours. Hence we need larger values of x to accomplish a similar degree of shrinkage.
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algorithm that divides the models into a finite number of clusters based on their past forgcasting
!
performance.

|
"To motivate this approach, Figure 1 plots the in-sample MSFE performance for output!, growth

(up to period Tp) against the out-of-sample forecasting performance across linear forecasting models

‘ _ | |
while Figure 2 does the same for the non-linear models. In general there is not much support for a

simple monotonic or linear relationship between past and future forecasting performance. However
p p p gp owever,

there are indications of performance clusters in some countries, notably France, Germany and

Japan. There is also some evidence - notably for Italy and Japan - that the models with the very

worst m-sample forecasting performance tend to generate the highest out—of—sample MSFE,-value,s
This sugy e::.ts trimming the worst models prior to computmg forecasts. Trimming is p‘utlculariy
appealing if many models underperform the unconditional mean forecast but may also work more

generally if there is a large and persistent spread in the forecasting performance across mbdels. 1!

. Supppsé we identify K clusters and let Srf+h't be the N x 1 vector containing the bfubseti}of
forecasts belonging to cluster £ € {1, ..., K} where the first cluster contains the models with the

lowest historical MSFE values. We consider the following conditional combination strategies: |
d

L PB:gf,, = (/N Oy} +n, Select the cluster with the lowest in-sample MSFE-values and

use the simple mean of the forecasts in this cluster.

i
i

2. EW 1 gf,, = K—l_l- Zf:_ll (¢, /Nk)9f+h,t exclude the worst cluster and apply equal-weights

)
to the forecasts from the top K — 1 clusters. . ! i'

3. OW iy, = Ef;l Wkt [(L’Nk /Nk)jrfMIt] , Where &y are least-squares estimates of the optimal

combination weights for the K clusters computed using information up to period t.

4. SW Virnt = Z£{=1 Bt [(L'Nk /Nk)&f,i,h’t], where $i; are the shrinkage weightsji for the

"See also Aiolfi and Favero (2003) and Granger and Jeon (2004) who argue in favor of trimming the worst models
followed by computation of a simple equal-weighted average of the remaining forecasts.
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K clusters, computed as: & = ¥iwops + (1 — lbt)';l?, Yy = max{ﬂ,l-m(#\:)},

K =2.5,5"75.

i,
Cluster-sorted combinations are referred to as C(K, W, Z) where K is the number of clusters,
W e {PB,EW,OW,SW)} and Z € {L,M, H} measures tl;.e degree of shrinkage. Hence we use
the notation C(K,SW,L), C(K,SW, M) and C(K,SW, H) for the cluster combination based on
L]

K clusters with low, medium and high shrinkage weights, ri'espectively. We set K = 2,3 and use
!

¢

1

either two or three clusters.

1
¥

2.3.2 Empirical Results

Table 5 (linear models) and Table 6 {non-linear models) present results from a set of standard
forecasting strategies (previous best single model (PB)1 equal-weighted average (EW) and top

quartile (Q(PB))) as well as from the four-step conditional combination strategies. These tables

T
summarize the distribution of out-of-sample MSFE performance across countries and horizons.'?

Performance is reported relative to the out-of-sample MSFE performa.nce of the previous best (PB)

single model selected using an expanding sorting window.

First consider the results for the linear forecasting models (Table 5). Consistent with earlier
studies we find that the equal-weighted combination (“mean” or EW forecast) produces good
forecasts that dominate the forecasts from the previous best, {PB) model. Interestingly, however,

the better conditional combination strategies outperform the equal-weighted forecasts overall.

Comparing the overall forecasting performance across combination strategies, the best
methods appear to be either least squares estimation of the combination weights for the selected

quartiles followed by relatively strong shrinkage towards equal weights (Q(SW, M) .and Q(SW, H))

1
20ur notation implies that P8 is the forecast from the previous best single model while Q{PB) is the average
forecast from the quartile of previous best models and EW is the average forecast computed across all models.
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or a simple average of forecasts in the top cluster (C(2, PB) or C(3, PB)). Shrinkage towards equal

weights systematically improves the forecasting performance.!3

Turning to the results for the non-linear models shown in Table 6, the methods involving
pooling within quartile-ranked forecasts followed by estimation of optimal combination weights
and shrinkage towards equal weights (Q(SW, M) and Q(SW, H))} or pooling within the top cluster
of models continue to perform better on average than any of the other methods, including using

the mean forecast or the average forecast from the top quartile of models.!® Once again, the

combination schemes with the strongest degree of shrinkage lead to the best overall forecasting

performance.

The robustness of our results across linear and non-linear forecasting models is reassuring
and suggests that two mechanisms lead to better forecasting performance. First, even thoi‘ugh it is
difficult to identify the top model among forecasting models with similar performance, it is possible
to identify clusters of good and bad models. Second, and related to this point, provided that the
models are pooled into groups based on their past performance, least squares est;imatioln of tfhe
combination weights (which accounts for the correlation structure between forecasts) is a useiful
step. However, the estimated combination weights are surrounded by sufficiently large sampling

errors that shrinkage towards equal weights generally improves on the forecasting performance.

2.4 Ceonclusion

This paper investigated the extent of persistence in forecasting performance across a large set

of linear and nonlinear models. Much of the paper was exploratory since there is not, to our

13%We do not report formal tests for significance of relative performance since the model choice is data driven. Hence
the model under the null is sometimes nesting, while at other times does not nest, the models under the alternative.
See also Stock and Watson (2004) for a discussion of this point.

YFor the nonlinear mudeis in most cases only two clusters were clearly identified so we restrict Lhe| non—lmed.r
results to two clusters.
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knowledge, much previous research on this question. We fofund significant evidence of persistence
in forecasting performance. Models that were in the Ttop zind bottom quartiles when ranked by
their recent historical performance have a higher than average chance of remaining in the top and
bottom quartiles, respectively, in future periods. Ho“;{:(—:ver, we also found systematic evidence of
*crossings’'—whereby the previous best models become the fut;ure worst models or vice versa—among
the linear forecasting models. The ranking of the worst fore"pasts tended to be more persistent for
non-linear models than for linear models, possibly due tof the fact that some of the nonlinear
. s

models are grossly misspecified—and more strongly affected by parameter estimation error—while

the performance of the linear models tends to be more‘robuét in this regard.
!

We next linked this evidence to the possibility of pioducing improved forecasts, arguing
that it is likely that successful conditional combination sitrategies {which use information on
past forecasting performance) can be designed given %:he p;ersistenc;a in forecasting performance
documented in our paper. We proposed a set of new ccgmbin_ation strategies that first sort models
into either quartiles or clusters on the basis of the distribl‘}tion of past forecasting performance
alcross models, pool forecasts within each cluster and t.lhen éf.stimate optimal combinai:ion weights
and shrink these towards equal weights. This combinatiof;l scheme makes use of many of the
techniques proposed in the literature for improving forecast combinations such as trimming, pooling,
optimal weighting and shrinkage estimation. We find evidence in our data that these conditional
combination strategies lead to better overall forecasting pe%rformance than simpler strategies in

common use such as using the previous best model or simply averaging across all forecasting

models or a small subset of these. i
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Table 2.1: Transition probabilities estimated for the linear models i
Each cell reports the corner probabilities of the 4xd contingency table tracking the forecasting models’ initial and
subsequent h-period rankmgs Transition probabilities P;; give the plobablhty of moving from quartile i (based on

historical performance, €7 ,_, ) to quartile j (based on future performance, e n1). All estimates are averaged acrosa
variables within a partlcular country.

Expanding Sorting Window

h=t h=2 h=4 h=8

USA 030 031 0.20 030 020 0.20 029 .30 : [
0.25 023 024 0.25 026 0.26 0.26 0.26 } |

UK 0.29 0.29 0.28 0.28 020 0.28 020 031 f

0.27 0.20 0.27 030 0.27 030 028 030 . :

Y France 0.28 028 028 0.27 028 028 0.28 0.28
i 0.26 0.28 0.27 029 027 029 029 0.29

Germany 029 030 029 0.29 028 029 029 0.30
0.26 0.26 026 0.27 027 0.28 0.27 .29

Japan 0.29 027 0.28 0.26 029 0.26 0.27 0.27
0.26 029 026 0.30 026 032 0.28 0.30 i

Canada 030 031 030 0.31 030 0.30 028 0.28 ' J,‘
024 0.25 024 025 0.26 027 027 027

Italy 028 028 028 0.27 027 027 029 028
027 028 0.26 0.28 0.27 0.28 028 0.29

Rolling Sorting Window <

" USA ¢.30 030 030 030 030 030 0.30 031 1
¢.25 027 0.26 0.29 0.27 028 027 028
UK 029 0.29 030 029 030 030 030 031

0.28 031 0.28 0.32 028 031 028 031

France 030 028 030 028 031 029 0.31 031
028 031 027 031 0.27  0.31 .28 030 '

Cermany 031 030 030 031 030 032 031 032
0.27 0.20 027 029 028 029 028 (.29

" Japan 030 027 029 027 030 0.27 030 030 .
ll 0.27 031 0.27 032 026 (.33 029 0.31 !

Canada 031 031 031> 032 031 031 031 032 L I
0.26 0.27 0.26 0.28 026 0.29 0.27 0.28

Italy 029 028 030 029 030 029 031 0630
0.28 0.31 0.27 032 028 031 028 031

Short Sorting Window

USA 0.30  0.30 031 031 0.31 030 0.30 030 .
0.30 033 0.29 033 029 0.32 0.28 0.30 !

UK 030 032 031 032 032 030 032 030 !
031 034 030 035 0.28 0.36 0.29 (.33 i ji

a i

i France + 0.32° 0.30 0.33 4 0.30 032 0.30 0.34 . 0.30 _ I
: 029 035 0.28 035 029 033 0.27 0.34 : '

Germany 032 031 031 032 032 (.31 031 031
0.30 034 030 0.33 030 0.33 029 031

Japan 030 0.31 0.31 030 032 0.29 032 0.30 : '
030 034 029 034 027 0.36 0.28 0.34 :' |

Canada 030 0.32 031 0.32 031 031 031 031 . |
030 032 0.29 032 0.29 032 0.28 0.31

Italy 032 030 032 030 033 0.28 033 030 '
1 030 035 0.29 035 027 036 0.28 035 : r
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Table 2.2: Significance of transition probabilit‘ies estimated for the linear models

1
Each cell reports the percentage of corner probabilities in Table 1 that is greater than 0.25 at the 5% significance
level, :

Expanding Sorting Window

h=1 h=2 - h=4 h=8
USA 088 089 072 0380 066 078 063 0.81
0.05 008 .21 023 032 036 030 042
UK 068 066 (054 061 056 0.65 0.65 0.69

046 052 039 066 0.44 0.67 0.53 0.67

France 057 057 060 045 047 049 036 045
032 049 036 049 047 060 055 0.64

Germany 0.62 0.66 0.62 0.66 0.53 0.67 0.32 0.7
. 030 040 036 040 057 .0.63 058 064

Japan 063 047 050 039 055 035 048 053
031 060 034 069 033 0.78 052 0.64

Canada  0.75 082 067 0.82 0.65 0.67 046 052
018 018 014 0.18 03] '045 043 044

Tialy 043 061 053 053 043 043 049 053
041 047 041 057 043 -051 049 0.62

Rolling Sorting Window,

USA 095 092 093 089 093 093 0.77 090

0.23 068 036 0.76 053 '0.70 0.45 0.62
UK 068 057 070 0.66 067 076 0.71 0.90

057 079 057 0.82 056 076 047 0.78

France 0.72 049 070 062 0.71 -0.69 064 0.80
051 085 045 081 047 078 045 0.70

Germany 0.79 079 074 0.92 0.82 0.88 072 0.88
051 074 053 072 0.71 065 046 0.64

Japan 0.71 050 081 044 0.0 0.48 066 0.79
040 081 050 0.85 047 085 063 076

Canada 0.88 098 093 096 084 093 085 093
0.25 042 032 044 029 073 037 0.57

Italy 069 071 062 059 068 '0.60 0.70 0.70
047 071 041 084 043 074 0.55 074

Short Sorting Window

USA 084 0.83 099 093 0.99 093 093 097

0.83 0.97 0.81 1.00 0.84 1.00 0.81 0.92
UK 088 093 084 091 0.87 069 0.84 073

093 098 0.80 096 059 1.00 061 0.96

France 0.9 O0.85 006 074 0.82 0.80 093 0.82
0.66 1.00 064 100 0.60 0.96 045 0.93

Germany 098 094 092 094 098 094 092 098
089 100 085 096 084 098 0.70 0.80

Japan 073 084 087 069 090 062 091 081
082 100 068 098 055 1.00 062 097

Canada  0.85 091 D096 100 0.95 (.89 006 096
088 096 089 100 0.80 096 0.65 096

Italy 092 078 092 088 089 068 089 077
078 100 (71 100 040 1.00 0.57 1.00
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Table 2.3: Transition probabilities estimated for the non linear models |
Each cell reports the corner probabilities of the 4xd4 contingency table tracking the forecasting models’ initial and
subsequent h-period rankmgs Transition probabilities P;; give the probablhty of moving from quartile i {based on
historical performance, ef,_,) to quartile j {based on future performance, eH_,, ¢} All estimates are averaged across
variables within a particular country. | |

Expanding Sorting Window

h=1 h=2 h=4 h=8§
) USA 025 020 026 0.19 0.26 022 0.26 023 !
,! 0.25 0.34 0.25 033 .26 0.31 0.25 0.30 | !
UK 025 019 025 0.19 0.26 021 0.25 0.21

025 035 025 033 0.26 033 3.25 033

France 025 019 035 021 025 022 026 023
0.25 034 025 031 0.26 031 026 029

Germany 0.2 019 0.25 0.19 0.26 0.19 0.27 020
024 035 025 033 024 034 023 035

Japan 025 018 025 019 0.26 0.20 0.27 0.3 {
025 035 026 032 025 032 0.25 0.30

Canada 0.25 020 026 0.20 026 022 026 0.21
025 035 025 033 025 032 025 033

Italy 0.25 020 025 0.20 026 0.22 025 0.22
025 033 025 032 025 030 025 0.29

Rolling Sorting Window

USA 0.26 0.20 026 020 026 021 0.26 0.22
026 036 026 034 026 032 0.26 0.31
UK 026 0.19 026 020 0.27 020 0.27 020

i _ 025 036 025 034 025 0.34 025 033 i

France 0.26 020 026 021 026 022 027 023 ' ]
025 035 025 033 026 0.32 026 030

Germany 0.26 0.19 026 0.20 0.27 0.20 0.28 0.20
024 035 0325 033 0.24 034 023 034

Japan 027 0.8 0.26 0.19 0.27 0.20 0.28 0.22 i [
025 036 025 034 025 033 025 031 :

Canada 0.25 0.20 0.26 021 026 022 026 022 . ,
025 035 026 033 025 0.33 025 0.33 . h

A Italy 026 020 026 020 027 021 027 0.22 i
026 034 026 033 024 032 025 0.31

Short Sorting Window

USA 027 025 027 024 027 025 027 025
026 034 026 033 027 031 035 0.30 ‘
UK 027 025 027 0.24.027 024 027 024 i |

026 035 026 03147025 032 026 0.32

France 028 024 027 024 028 0.24 027 0.26
026 035 026 033 026 031 026 0.30

Germany 027 023 026 024 027 023 027 (.24 ! i
0.26 035 025 033 025 0.32 025 030

Japan 027 024 028 024 028 024 029 0.24
026 035 025 034 0.25 032 0.24 031

Canada 026 025 026 024 0.26 025 0.27 0325 {
026 034 026 033 026 031 025 032

Italy 027 024 027 024 028 023 027 024 :
026 035 026 0433 025 0433 026 031 , I
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Table 2.4: Significance of transition probabilities estimated for the non linear models

Each cell reports the percentage of corner probabilities in Table 3 that is greater than 0.25 at the 5% significance
level.

Expanding Sorting Window

h=1 h=2 h=4 h=8
USA 0.35 0.13 036 008 048 022 036 029
0.43 0.88 0.4¢ (.88 0.40 0.75 0.360 (.66
UK 0.21 003 0.26 (.02 041 009 0.38 020

036 093 036 091 048 077 042 0.7

France 0.22 002 018 0.04 0.30 f0.11 0.22 0.22
024 090 024 078 0.34 0.83 033 0.62

Germany .40 0.07 033 0.1@ 047 007 046 0.22
026 093 032 084 025 080 0.24 074

Japan 025 005 030 005 0.30 007 0.39 025
033 094 044 087 0.30 077 0.36 D55

Canada 032 014 032 008 035 019 034 021
032 093 029 083 030 079 038 068

ltaly 022 006 034 009 043 020 0.30 0.30
043 094 043 086 032 066 0.30 063

Rolling Sorting Window .
USA 031 001 031 011 0.37 0.12 0.40 0.26

044 099 045 095 049 0.88 042 0.66
UK 036 002 034 000 046 '0.05 048 012

041 098 036 091 036 0.88 040 0.74

France 031 000 031 006 028 004 038 022
029 100 031 08 034 083 047 064

Germany 037 (.00 032 007 044 007 057 011
030 096 032 0.8 027 084 028 0.81

Japan 040 002 037 006 041 0.07 045 021
025 097 035 0.8% 036 0.82 041 0.73

Canada 025 007 034 007 0.26 007 046 0.14
032 095 039 095 035 086 039 068

Italy 41 004 050 002 050 .14 0533 0.20
041 098 036 098 034 (.86 0.28 0385

Short Sorting Window

USA 041 (028 045 0.23 048 032 042 0.26
041 092 037 095 044 086 036 0.67
UK 0.36 026 048 021 048 020 046 032

045 095 028 093 .27 0.84 0.38 0.80

France 0.55 010 043 0.16 0.47 023 040 036
035 09 035 090 030 079 033 067

Germany” 047 012 042 023 040 020 043 026
030 095 030 093 035 095 022 074

Japan 032 027 037 029 044 020 059 0.16
040 095 0.30-.0.90 025 0.89 0.21 0.75

Canada 034 020 039 020 042 025 046 0.23
034 093 034 095 040 075 021 0.79

[taly 041 022 045 0.16 .52 0.20 0.35 0.30
041 098 041 098 027 091 038 0.78

85

|



Table 2.5:

Out-of-sample forecasting performance of combination schemes applied to linear models. Each panel reports the
distribution of out-of-sample MSFE - relative to that of the previous best model using an expanding window -
averaged across variables, countries and forecast horizons (1,560 forecasts) for different combination s;trateg,ul.s
Standard combination strategies include PB, the previous best model, the average across the models in the tlop
quartile Q{PB), and across all models EW. Quartile and cluster-sorted conditional combination strategies are
referred to as Q(W, Z), and C({K,W, Z) respectively, where W € {EW,OW, PB, SW} (equal weighted, optimally
weighted, previous best, and shrinkage weighted), Z € {L, M, F } is the degree of shrinkage (low, medium, hl[:,h), ulnd
K is the number of clusters.

Min 10% 25% Median 75% 90% Max Mean
Expanding Sorting Window

PEB 1000 1.000 L1000 1.000 1000 1.000 1.000  1.000 i .
EW 0.204 0.755 0.860 . 0.940 0996 1060 2.694  0.928 : i
Q(PE) 0223 0762 0.866 0.939 0.99]1 1036 2360  0.923 ' !
Qow) 0.132 0703 0.820 0.919 0.994 1073 3518 0912 '
Q(SW, L) 0.251 0701 0.821 0.917 0.985 1056 2.820  0.904 i
Q(SW.M) 0304 0705 0.828 0.916 0.981 1.047 2695  0.900 . '
| QSW, H) 0.328 0709 0.834 0.916 0.979 1040 2688  0.901 | ]
o163 )] 0.145  0.762 0.870 0.944 0.993 1038 1951 0924 ! i
C(3, EW) 0.204 0755 0.860 0.940 0.996 1060 2.6904  0.928
C(3,0W) 0.271 0.808 0.934 1.045 1.240 1.552 13.748 1.187
C(3.SW,L) 0292 0780 0897 1.000 1120 1.313 9226  1.058
C(3,SW, M) 0203 0765 0872 0.969 1.051 1171 5.966 0,980
C(3,5W,H) 0211 0760 0.866 0.953 1.019 1097 3.818  0.945 ; \
C(2,PB) 0.173 0756 0.862 0.941 0.994 1046 2490  0.925 ! ‘
C(2,0W) 0.198 0.741 0.864 0.976 1110 1.389 B8.287  1.057 !
C(2,5W,L) 0237 0734 0.855 0958 1070 1264 6009  1.006 ’
C(2,5W,M) 0270 0731 03851 0947 1037 1182 4.228  0.968 -
; _C,SW,H) 0213 0737 0.847  0.938 1020 1129 2.943  0.943 i L
! Rolling Sorting Window : -
PB 0510 0874 0943 1.005 1060 1.133 1967  1.010
EW 0.204 0.755 0.860 0.940 0.996 1060 2.694  0.928
Q(PB) 0.163 0.754 0.863 0.940 0095 1049 2408  0.924
Q{ow) 0.152 0.697 0822 0919 0.992 L1079 3541 0911
Q(5W, L) 0.253 0694 0822 0916 0086 055 2.824 0903 { i
Q(SW, M) 0304 0697 0827 0914 0.983 1047 2776  0.900 i !
QISW, H) 0.328 0704 0.829 0915 0.0Bl 1.042 2760  0.900 '
C(3, PB) 0.172 0.757 0.864 0.942 0.995 1048 1.922  0.926 :
(3, EW) 0.204 0755 0.860 0.940 0.996 1060 2694  0.928 '
. O3,0W) 0.222 0.845 0.971 1114 1.331 1662 16616 1.263 . iy
D C{3,8W, LY D235 0802 0.924  1.035 1.186  1.389 11452 1.113 ! ;
© o C(3,8W,M) 0272 0778 0.892 0.992 1093 1.229 7.642 1017 i
C(3,5W,H) 0304 0763 0877 0.969 1.044 1149 5.023  0.970
C(2,PR) 0.178 0.752 D0.860 0.939 0995 1044 2250  0.923
c(2,0W) 0.245 0763 0.895 1.019 1.189 1464 10.246 1.131
C(2,SW,L) 03251 0747 0882 0.994 1135 1.332 8357  1.064 :
C(2,5W,M) 0.283 0742 0.872 0977 1091 1.238 6.7l 1.013 !
C(2,SW,H) 0295 0740 0.863 0.963 1058 1.171 5303  0.977 : :
' Short Sorting Window : '
FB -+ ——~ 0291 0825 0924 1016 1.098 1.207 3.004 ¥1.023° :
EW 0204 0755 0.860 * 0.940 0.996 1.060 2.694  0.928 :

vy QPB) 0160 0.755 0.865 0.942 0.999 1062 2585  0.929
QOW) 0.260 0.695 0.821 0921 1004 1.098 3.756  0.920
Q(SW, L) 0.280 0697 0.819 0.920 0.997 1078 3.0 0910
Q(SW,M) 0296 0.701 0.820 0917 0.990 1063 2575  0.903
Q(SW, H) 0.281 0708 0.827 0917 0.985 1054 2.350  0.804
C(3, PB) 0.175 0.749 0.855 0.938 0.998 1063 2.449 0924 \

C(3, EW) 0.204 0.755 0.860 0.940 0.996 L.060 2.694  0.928 1I |
C(3,0W) 0.313 0.868 1.005 1.172 1464 2022 15.19%  1.404 ! -
C(3,8W,L) 0330 0819 0948 1.068 1253 1570 9.402  1.190 |
C{3,8W, M) 0275 0783 0902 1.008 1127 1317 5183  1.055

C(3,SW,H) 0282 0.768 0882 0.077 1.064 1194 3074  0.989 ,

. C(2,PB) 0.189 0.749 0.856 ®p34 0.992 1058 2625 0.923 i 7
C(2,0W) 0.254 0797 0.921 1055 1262 1.671 9782  1.223 : !
C(2,SW,L}) 0258 0733 0900 1.021 1.180 1479 7.376  1.127

< C(2,SW,M) 0275 0.766 0.881 0989 1116 1.336 5425  1.053
C{2,SW,H) 0321 0755 0865 0.968 1.079 1.233 3.929  1.002
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Table 2.6

Out-of-sample forecasting performance of combination schemes ‘applied to non linear models. Each panel reports
the distribution of out-of-sample MSFE - relative to that of the previous best model using an expanding window
- averaged across variables, countries and forecast horizons (1,660 forecasts) for different combination strategies.
Standard combination sirategies include FB, the previous best model, the average across the models in the top
quartile Q(PB), and across all models EW. Quartile and cluster-sorted conditional combination strategies are
referred to as Q(W, Z), and C(K, W, Z) respectively, where W € {EW,OW, PB,SW} (equal weighted, optimally
weighted, previous best, and shrinkage weighted), Z € {L, M, H} is the degree of shrinkage (low, medium, high}, and
K is the number of clusters. '

Min  10% 25% Median- 75% 90% Max Mean
Expanding Sorting Window

PB 1.000 1.000 1.000 1.000 1.000 1000 1.000 1.000
EW 0.355 0708 0.814 0.906 0.088 1.065 1.651 0.900
Q(PB) 369 0748 0.833 0907 0.970 1.018 1630 0.896
QoW 0089 0.641 0.746 0.858 0.968 1.062 2925 0.862
Q(SW, L) 0.153 0647 0.747 0.855 0.960 1.036 2.259 0.853
QSW, M) 0.207 0.652 0747 (.854 0.951 1024 1.727 0.849
Q(SW, H) 0.242 0661 07556 0.857 4.949 1016 1.555 0.850
C(2,PB) 0.356 0.709 0.813 0.893 0963 1.018 1339 0.831
c(2,0W) 0.154 0.679 0.807 0.938 1.101  1.438 7.130 1.026
C(2,5W, L) 0.164 0.671 0.798 0.928 1.069 1.339 5.669 0.990
C(2,SW, M) 0.167 0672 0798 0.916 1.041 1.257 4.423 0.962
C(2,5W, H) 0.183 0676 0.797 0.913 1.026  1.194 3.789 0.944
Rolling Sorting Window
PB 0.520 0.870 0.948 1.017 1.097 1.187 3.710 1.034
EwW 0.355 0.708 0.814 0.906 0.988 1063 1.651 (.900
QIFPE) 0.381 0.74% 0.830 0912 0.982 1041 1.825 0.904
QUOW) 0.089 0.63% 0.752 0.869 0.977 1.073 2894 0.867
Q(SW, L) 0.135 0.643 0750 0.865 0963 1049 2.246 0.858
Q(SW, M) 0.143  0.649 0.752 0.560 0.957 1033 1.808 0.853
Q(SW, H) 0.181 0.660 0.757 0.864 0.954 1.023 1.633 0.833
C(2, PB) 0.357 0.714 0810 0.897 0.970 1020 1467 0.885
C(2,0W) 0.176 0687 0813 0.944 1.117 1448 5.869 1.041
C(2,85W,L)  0.158 (4679 0807 0.932 1.676 1359 4.906 1.001
C(2,85W, M) 0.157 0682 0803 0919 1.053 1.285 4.320 0970
C(2,8W,H) 0170 0.685 0.802 0914 . 1.034 1218 3.787 0949
Short Sorting Window .
PB 0.392 0850 0.960 1.091 © 1242 1461 3.869 1.130
EW 0.355 0.708 0.814 0.906 0.988 1.065 1.651 0.900
Q(PB) (0.385 0.751 0.844 0.943 1.047 1179 2221  0.958
HOW) 0.088 0.642 0.758 0.880 0.996 1.118 2.682 0.886
Q(SW, L) 0.144 0.648 0.759 0.874 0983 1.086 2.245 0.876
Q(SW, M) 0.166 0.64% 0.762 0.874 ;, 0976 1070 1.880 0.871
Q{SW, H) 0.227 0.659 0768 0.878 0.970 1.055 1.621 (0.871
C{2,PB) 0371 0.722 0.819 0915 0.991 1073 1.765 0.907
C(2,0W) 0.158 0.684 0.813 0939 1.093 1.373 4455 1.003
C(2, 8w, L) 0.150 0.682 0.803 0.926 1.069 1.282 3.947 (.968
C(2,5W, M) 0157 0678 0799 0916 1.037 1.213 3483 0.944
C(2,5W,f)y 0180 0.677 0.801 0.911 1.022 1170 3.060 0.930
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j Figure 2.1: l ii

Scatter plot of the average in-sample versus out-of-sample MSFE values generated by linear forecasting modéls
estimated for output growth.
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i
Figure 2.2:

Scatter plot of the average in-sample versus out-of-sample MSFE values generated by non-linear forecasting models
estimated for output growth.
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Chapter 3

Model Uncertainty, Thick Modelling

and the Predictability of Stock i

Returns

3.1 Introduction

. : i [
Recent! financial research has provided ample evidence on the predictability of stock returns
identifying a large number of financial and macro variables that appear to predict future stock
returns?. Even though financial economists and practitioners have agreed upon a restricted sc.t of

explanatory variables that could be used to forecast future stock returns, there is no agreement

"This chapter is coauthored with Carlo Favero {(IGIER, Bocconi University) and it is published in the Journal of
Forecasting, 24, 233254 (2005). We are indebted to the editor, Allan Tinunermann, two anonymous referees, Francesco
Corielli, Clive Granger, Wessel Marquering, Alessandro Penati, Franco Peracchi, Hashem Pesaran, Eduardo Ross),
Guido Tabellini, as well as seminar participants at ‘Ente Einaudi for Monetary and Financial Studies’ in Rome, and
University of California, San Diego for comments and suggestions. )

ZSee for example Ait-Sahalia and Brandt {2001), Avramov (2002), Bossaert and Hillion (1999}, Brandt (1999),
Campbell and Shiller (1988a, 1988b), Cochrane (1999), Fama and French (1988), Keim and Stambaugh (1936},
Lamont (1998}, Lander et al.(1997), Lettau and Ludvigson (2001}, Pesaran and Timmermann (1995, 2002). .
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on the use of a single specification. Different attempts’ha.ve: been made to come up with a robust

specification. .

Pesaran and Timmermann (1995)  (henceforth, P&T) consider a time-
varying parameterization for the forecasting model to find, that the predictive power of various
economic factors over stock returns changes through time a‘nd tends to vary with the volatility of
returns. They apply a ‘recursive modelling’ approach, accortiling to which at each point in time all
the possible forecasting models are estimated and returns are Predicted by relying on the best model,

chosen on the basis of some given in-sample statistical ;riter;jlon. The dynamic portfolio allocation,

based on the signal generated by a time-varying model for assfet returns, is shown to out-perform the

buy-and-hold strategy over the period 1959-1992. The ”resul':és obtained for the US are successfully

replicated in a recent paper concentrating on the UK eﬁridentce, Pesaran and Timmermann (2000).

Following this line of research Bossaerts and Hillion 619995 implement different model selection
|

criteria in order to verify the evidence of the predictability in excess returns, discovering that even

the best prediction models has no out-of -sample predicting power.

The standard practice of choosing the best speciﬁtatiorll according to some selection criterion
can be labelled as thin modeling because a single forecast is associated with all available
specifications. In reality a generic investor faced with a set of different models is not interested in
selecting a best model but to convey all the available information to forecast the £+ 1 excess return
and at the same time have a measure of the risk or unc!férta.inty surrounding this forecast. Only at
this point the investor can solve his own asset allocation problem. Since any model will only be an
approximation to the generating mechanism and in many economic applcations misspecification
is inevitable, of substantial consequence and of an intractable nature, the strategy of choosing only
the ‘best’ model (i.e. thin modelling) seems to be rather restrictive. If the economy features a wide-
spread, slowly moving component that is approximated by an average of many variables through

time but not by any single economic variable, then models that concentrate on parsimony could be
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missing it.
é
Furthermore if the true process is sufficiently complex, then the reduction strategy ti:an lead

to a model (‘best’ according to some criterion) which is more weakly correlated of the tnfe model

than the coxﬁbination of different models.

In this paper we propose a novel methodology which extends the proposal contained in the
original paper by P&T to deal explicitly with model uncertainty. The remainder of the paper

is organized as follows: Section 2 discusses our proposal to deal with model uncerta.int‘.]y und;er

|
rich parameterization for the predictive models. Section 3 re-assesses the original evidence on tihe

statistical and economic significance of the predictability of stock returns by extending the data-set
M

to the nineties and by evaluating comparatively alternative modelling strategies. Then we assess
. I

the statistic:%lal and economic significance of the predictions through a formnal testing proce(jlure a.‘rjul -

I : ;

their use in‘;a trading strategy. The last section concludes by providing an assessment of c!»ur main
A

findings.

3.2 Recursive modelling: thin or thick 7

».

i

|
3.2.1 Thick Modelling ¢ ‘
P&T (1995) consider the problem of an investor allocating his portfolio between a safe asset
denominated in dollar and US stocks. The decision on portfolio allocation is then co‘mpletialy

: i

determined by the forecast of excess returns on US stock. Their allocation strategy is s;uch tlimt
the portfoL:llo is always totally allocated into one asset, which is the safe asset if predicted exciézss
returns are negative, and shares if the predicted excess returns are positive. The authors forecast

excess US stock returns by concentrating on an established benchmark set of regressors over which

they conduct the search for a “satisfactory” predictive model. They focus on modelling the decision

4
: |
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in real-time. To this end they implement a recursive modelling apprdach, according to which at
each point in time, t, a search over a base set of observable k regressors is conducted to make
one-period-ahead forecast. In each period they estimate a éet of regressions spanned by all the
possible permutations of the k regressors. This givesl a toital of 2% different models for excess
return. Models are estimated recursively, so that the datasgt is expanded by one observation in
éach period. Therefore, a total of 2* models are estimated in each period from 1959:12 to 1992:11

to generate a portfolio allocation.

P&T estimate all the possible specifications of the following forecasting equation:
!

(Zey1 — 7o) = BiXei + Ee+1,d (3.0)

‘
i

where x;,, are the monthly returns on the S&P500 Index and 741 are the monthly returns on the
US dollar denominated safe asset (1-month T-bill), X, is the set of regressors, observable at time
t, included in the i-th specification (i = 1,...2%) for the excess return. The relevant regressors are
chosen from a benchmark set containing the dividend yield .Y SF;, the price-earnings ratio PE;,
the 1-month T-bill rate I1; and its lag f1;—; , the 12-month T-bill rate [12; and its lag 112,_,,
the year-on-year lagged rate of inﬂation M1, the yea.r-on—yegxr 1&gged change in industrial output
AIP;_,, and the year-on-year lagged growth rate in the r;arrow money stock AM;_;. A constant
is always included and all variables based on macroeconomic indicators are measured by 12-month

1
moving averages to decrease the impact of historical data revisions on the results’.

At each sample point the investor computes OLS estimates of the unknown parameters for
all possible models, chooses one forecast for excess returns given the predictions of 2¥ = 512 models
and maps this forecast into a portfolio allocation by choosing shares if the forecast is positive and

the safe asset if the forecast is negative. P&T select in each beriod only one forecast, i.e. the one

3See our Data Appendix for further details.
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generated by the best model selected on the basis of a specified selection criteria which weiglénts

goodness of fit against parsimony of the specification (such as adjusted R?, BIC, Akaike, Schwari‘:a).
t

We follow Granger (2003) and label this approach ‘thin’ modelling in that the forecast for excé:ss

returns and consequently the performance of the asset allocation aIe described over time by a tl%jin
line. i : :
.

The specification procedure mimics a situation in which variables for predicting ret;urns are

chosen in each period from a pool of potentially relevant regressors according to the behav;ior oft::en

observed in financial markets of attributing different emphasis to the same variables in :differc!*.int

periods. Obviously, keeping track of the selected variables helps the reflection on the econon%lic

significance of the ‘best’ regression.

The main limitation of thin modelling is that model, or specification, uncertainty is not
considered. In each period the information coming from the discarded 2* — 1 models is ignored for

the forecasting and portfolio allocation exercise.

This choice seems to be particularly strong in the light of the results obtained by Bayesian
research, which stresses the importance of estimation risk for portfolio allocation®. A natural way
to interpret model uncertajntj is to refrain from the assumption of the existence of a “true” mojdel
and attach instead probabilities to.different possible models. This approach has beeni labelled

'

‘Bayesian Model Averaging’™. Bayesian methodology reveals the existence of in sample and out of
i

sample predictability of stock returns, even when commonly adopted model selection cri.teria fail

_ ]

to demonstrate out of sample predictability. ' !
|

|

The main difficulty with the application of Bayesian Model Averaging to problems like ours

lies with the specification of prior distributions for parameters in all 2* models of our interest.

See, for example, Barberis (2000), Kandel and Stanbaugh {(1996).
SFor recent surveys of the literature about Bayesian Model Selection and Bayesian Model Averaging see respectively
Chipman et al. (2001) and Hoeting et al. (1999). Avramov (2002) provides an interesting application. '
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Recently, Doppelhofer et al. (2000) have proposed an approach labelled ‘Bayesian Averaging
of Classical Estimates’(BACE) which overcomes the need of specifying priors by combining
the averaging of estimates across models, a Bayesian con-cept, with classical QLS estimation,

interpretable in the Bayesian camp as coming from the assumption of diffuse, non-informative,

priors.

In practice BACE averages parameters across all models by weighting them proportionally to
the logarithm of the likelihood function corrected for tﬁe degrees of freedom, using then a criterion
sirmilar to the Schwarz model selection criterion. It is important to note that the consi(lerz;tion of
model unc::erta.inty in our context generates potential for averaging at two different levels: averaging
across the different predicted excess returns and averaging across the different portfolio choices

driven by the excess returns.

There is also a vast literature® about forecast combination showing that combining in general

works.

All forecasting models can be interpreted as a parsimonious representations of a General
Unrestricted Model (GUM). Such approximations are obtained through the reduction process,
which shrinks the GUM towards the local DGP (LDGP)?. White has shown that if the
LDGPCGUM, then asymptotically the reduction process converges to the LDGP. However, there
is the possibility that the LDGP is only partially contained in the GUM or completely outside the
GUM. In this case the reduction procedure will converge asymptotically to a model that is closest
to the true model, according to some distance function. As pointed out by Granger and Jeon

(2003) there are good reasons for thinking that the thin modelling approach may not be a good

strategy because a remarkable amount of information is lost. There are also a few recent results

SAn incomplete list includes Chan-Stock-Watson (1999), Clemen (1989), Diebold-Pauly (1987), Elliott-
Timmermann (2002), Giacomini and White {2002), Granger (2002}, Clements and Hendry (2001), Marcellino (2002),
Stock and Watson (2001,2003). '

TAn overview of the literature, and the developments leading to general-to-specific (Gets) modelling in particular,
is provided by Campos, Hendry and Krolzig (2003).
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(Stock and Watson (1999), Giacomini and White (2003)) suggesting that some important.feat‘.nr;es

of the data, as measured in term of forecast ability, can be lost in the reduction process.i In fact,

if the true DGP is quite complex, then the.reduction process can lead to a model (‘best; model)
which coutains less of the true model than the combination of different models. As pointe;d out |by

Granger (2003) it seems the economy might contain a wide-spread, slowly moving componient tl’iat
i
is a,pproxiu:‘l;ate(l by an average of many variables through time but not by any single, e!concilf:lic
d
_variable, ]ikg a slow swing in the economy. If so, models that concentrate on parsirnony !could ilbe
missing thi% component. | : ' l
i

This simple insight motivates the pragmatic idea of forecast combination, in which forecasts

based on different models are the basic object of analysis. Forecast combination can be viewed a5 a
key link between the short-run, real-time forecast production process, and the longer-run, ongoing
process of model dev_e]opmént. Furthermore in a large study of structural instability, Stock and
Watson (1996) report that a majority of macroeconomic time series models undergo structural
change, suggesting another argument for not relying on a single forecasting model. Finally another
advantage of this approach is that a process, poteutially non-linear, is linearized by looking at the

linear specifications as Taylor expansions around different points.

The explicit consideration of estimation risks naturally generates ‘thick’ modellinfg, where

both the prediction of models and the performance of the portfolio allocations over time are

|
described by a thick line to take account of the multiplicity of models estimated. The thickness of

the line is a direct reflection of the estimation risk. i !

Pesaran and Timmermann show that thin modelling allows to out-perform the buy:and hold
strategy. Re-evaluating their results from a thick modelling perspective raises immediately cj)ne

uestion: “why choose just one model to forecast excess refurns?”. In the next section we re-assess
q ¥ 7 :

the evidence in P&T by using three different testing procedures of the performance of various
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forecasting models. We provide an empirical evaluation of the comparative performance of thin
and thick modeling and address the issue of how to éonvey all the available information into a

trading rule.
!

3.3 A first look at the empirical evidence

We start be replicating® the exercise in P&T by using theisame dataset and by extending their
original sample to 2001, keeping track of all the forecastsiproduced by taking into account the
2*_1 combinations of regressors in a predictive model for PUS excess returns (the time-series of
this variable is reported in Figure 1). We do so by "looki]'ng at the within-sample econometric
performance, at the out-of-sample forecasting performance and at the performance of the portfolio

allocation.

Figure 2 allows us to analyze the within sample econometric performance by reporting the
R for 2¢ models estimated recursively. The difference in the selection criterion across different

models is small, and almost negligible for models ranked close to each other.

We assess the forecasting performance of different models by using three type of tests: the
Pesaran-Timmermann (1995) sign test, the Diebold-Mariano (1995) test and the White (2000}
reality check. All tests and their implementation are fully described in an Appendix. The P&T
sign test is an out-of-sample test of predictive ability, based on the proportion of times that the
sign of a given variable is correctly predicted by the sign of some predictor. The Diebold-Mariano
(1995) test is testing the null of a zero population mean loss differential between two forecasts.
We use this test to evaluate the forecasting performance of thin modelling against several thick

modelling alternatives. Finally, we implement the bootstrap reality check by White {2000), based

®In fact, we replicate the allocation results in the case of no transaction costs. Transaction costs do not affect the
portfolic choice in the original exercise, therefore they do not affect the mapping from the forecasts to the portfolio
allocation, which is the main concern of our paper. ’
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f
on the consistent critical values given by Hansen (2001), to test the null that our benchmmL (thin)
model performs better than other available forecasting (thick) models. | Importantly thisi testilftg
procedure, allows us to take care of the possibility of data-snooping. We report the outc!omes F)f
the tests applied to the recursive modelling proposed by P&T in Table 1. We consider the who:le
sample 1959-2001 and we also split it into four decades. We compare the thin modelling, labelled
as best (in terms of its adjusted R?) with several thick modelling alternatives. We label tij:ap T p;er
i
cent, the forecast obtained by averaging over the top x per cent models, ranked accorcl:ingly f1;0
their a;djustg:d R2. The line labelled All contains the results of averaging across all 2% moaels. V;’e
then label Median the forecast obtained by considering the median of the empirical distributitl)n
of the within-sample performance. Lastly, we consider in the line Dist a synthetic measure of the
skewness of this empirical distribution; in this case the selected prediction is that inclicateil by t:he
majority of the models considered, independently from their ranking in terms of the \vitllin—salrxﬁle
performance In general all tests show that it is possible to improve on the performance of |thc b;s-t
model in terms of R? by using the information contained in the 2¥ — 1 models dominated (m many
cases marginally) in terms of R%. The sign test for the full sample shows that the thin modelling is
always dominated by some thick modelling alternative. When different decades are consi(ﬂel‘ecl, 1:.ve
observe that the percentage of correctly predicted signs is always significant for thick modelling!in
the three decades 60-70, 70-80 and 80-90, while the thin modelling alternative does not dehver a
Statlstlcally significant value in the decade from 1980 to 1990. Interestingly, the decade 1.‘390—2000
is an exception in that none of the strategies adopted delivers a statistically significant predictive
performance. The evidence of the P&T tests is confirmed by the Diebold and Mariano tjests. Al
the observed value for the statistics implemented on the full sample are negative and sié{niﬁca{nt,
showing that the null of equal predictive ability of thin and thick modelling is 1‘ejectecll, at one

L
{ | !
per cent level, independently form the adopted thick medelling specification. Such evidence is

I
i

considerably weakened when the sample is split into decades. Finally the reported p-values for the
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White reality check, show that the null that all the alternative thick modelling strategies are not
better than the thin model is consistently rejected when the full sample is considered. Splitting the

sample into decades weakens the results only for the period;1990-2000.

The results of the forecasting performance are confirmed by the performance of the portiolio
allocation. We report in Figure 3 the cumulative end-of period wealth delivered by the portfolios
associated with all 512 possible models, ranked in terms of their 7. Following P&T, portfolios
are always totally allocated into one asset, which is the saer asset if predicted excess returns are

"
negative,‘and shares if the predicted excess returns are posi;ive. We add as a benchmark the final
wealth given by the buy-and-hold strategy. Figure 3 shows that in general the value of the end-
of-period wealth is not a decreasing function of the ﬁ?, anci that the buy and hold strategy is in

general dominated, again with the notable exception of the decade 1990-2000, where the buy and

hold strategy gives the highest wealth.

To sum up, our evidence suggests that thick modeling dominates thin modelling but also
that the evidence for excess return predictability is considerably weaker in the period 1990-20007.
In fact, over this sample, the adjusted R? of all models decreases substantially, the sign tests
for predictive performance are not significant anymore, ancll the econometric performance-based

portfolio allocation generate lower wealth than the buy-and-hold strategy.

In the next section we shall evaluate refinements in the specification and the modelling

selection strategy in the spirit of thick modelling.

9This is also observed by Paye-Timmermann(2002).
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In the light of the evidence reported in the previous section we propose extensions of the!orlgln_al

3.4 Our proposal for thick modelling

methodology both at the stage of model specification and of portfolio allocation.

|

models in terms of their within-sample performance does not match at all the ranking of models
i j

The empirical evidence reported in the previous section shows clearly that the mﬂxking of

in terms of their ex-post forecasting power. This empirical evidence points clearly against BACE

using within sample criteria to weight models. Consistent with this evidence, we opted for the

selection method proposed by Granger and Yeon (2003) of using a ... procedure fwhich/ eﬁphasiz:'es
the purpose, of the tosk at hand rather than just using a simple stafistical pooling...’ OLIIi‘ task lat
i ki
hand is asset allocation.
! |
3.4.1 Model specification {
: ‘ L
At the stage of model specification we consider two issues: the importance of balanced regressions

and the optimal choice of the window of observations for estimation purposes. !

1

A regression is balanced when the order of integration of the regressors matches that of the
s, - I-
!l 1

dependent variables. Excess returns are stationary, but not all variables candidate to explain tflat
are stationary. To achieve a balanced regression in this case, cointegration among theiincluqed
non-stationary variables is needed. As shown by Sims, Stogk and Watson {1990) the appropriéa.te
stationary %inear combinations of non-stationary variables will be naturally selected by thei clynzir;nic
regression, when all non stationary variables potentially included in a cointegrating relation are
included in the model. Therefore, when model selection criteria are applied, one must rrémke s?ure

that such criteria do not lead to exclude any component of the cointegrating vector from the

regression.. Following Pesaran and Timmermann (2001) we divide variables in focal, labelled A,
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and secondary focal, labelled B;. Focal variables are alwiays included in all models, while the
variables in B; are subject to the selection process. We tak!e these variables as those defining the
long-run equilibria for the stock market. Following the lead of traditional analysis'® and recent
studies (Lander et al. (1997)) we have chosen to construct an equilibrinm for the stock market by
concentrating on a linear relation between the long term interest rates, R;, and the logarithm of
the earning price ratio, ep. Also recent empirical analysis (see Zhou, 1996) finds that stock market
movements are closely related to shifts in the slope of the t:erm structure. Such results might be

i

explained by a correlation between the risk premia on longfterm bonds and the risk premium on
stocks. Therefore, we consider the term spread as a potentially important cointegrating relation.
©On the basis of this consideration we include in the set of focal variables the yield to maturity on
10-year government bonds (a variable which was not included in the original set of regressors in
P&T), the log of the earning price ratio and the interest rate on 12-month Treasury Bills, to ensure

that the selected model is balanced and includes the two relevant cointegrating vectors. We do not

impose any restrictions on the coefficients of the focal variables.!!

The second important issue at the stage of model selection is the choice of the window of

4
observations for estimation {i.e. for how long a predictive relationship stays in effect)!?. The

question of stability is equally important since the expected economic value from having discovered

19

V... Theoretical analysis suggests that both the dividend yield and the earnings yield on common stocks
should be strongly affected by changes in the long-term interest rates. [t is assumed that many investors
are constantly making a choice befween stock and bond purchases; as the yield on bonds advances, they
would be expected to demand a correspondingly higher return on stocks, and conversely as bond yields
decline...” (Graham and Dodd Security Analysis, 4th edition, 1962, p.510).

The above statement suggests that either the dividend yield or the earnings yield on common stocks could be used.

''We have assessed the choice of our focal variable by estimating recursively a VAR including the yield to maturity
of 10-year government bonds, the log of the earning-price ratio and the interest rate on 12-month Treasury Bills.
The null of no cointegration is always rejected when the Johansen (1995) procedure is implemented by allowing for
an intercept in the cointegrating vectors. We choose not to impose any restriction on the number of cointegrating
vectors and on cointegrating parameters as they are not constant over time (a full set of empirical results ts available
upon request). m———

2Recent empirical studies cast doubt upon the assumed stability in return forecasting models. An incomplete list
includes Ang and Bekaert (2001), Lettau and Ludvigson (2001), Paye and Timmermann (2002).
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a good historical forecasting model is much smaller'if there is a high likelihood of the model breaking
I

In the absence of breaks in the DGP the usual method for estimation and fmecastmg, ig to

down subsequently.

I !
use an expandmg window. In this case, by augmenting an already selected sample period w1th

new observa.tlons more efficient estimates of the same fixed coefficients are obtained by usmﬂ more
mformatmn as it becomes available. However, if the parameters of the regression model are not
believed to be constant over time, a rolling window of observations with a fixed size is frequently
used. When a rolling window is used, the natural issue is the choice of its size. This problem
has been already observed by Pesaran and Timmermann (2002) who provide an extensive ‘analysis

of model instability, structural breaks, and the choice of window observations. In line w;ith their

" |
analysis we deal with the problem of window selection by starting from an expanding ;wincfo!w,

| |
every time a new observation is available we run a backward CUSUM and CUSUM squa[recl test

to detect instability in the intercept and/or in the variance. We then keep expanding the: window
only when the null of no structural break is not rejected. Consider a sample of T' observations a.lnd

the following model: P

vy = ﬁi’a:};'T +uri=1, Lok l
o o
where y; -It (%ts Ui, Yoz - Y) and Tip = (:c;,x;+1,$§+2, ,m}) where T —t+1is the! optini:ml
window anc_;lE T the last available observation. Recall that we are interested in forecasting yr;%.H g‘iv!en
:I:T+1ﬁ"'. The problem of the optimal choice of ¢ given model i, can be solved by running a CUSUM
test with the order of the observations reversed in time starting from the m-th observation and
going back to the first observation available (we refer to this procedure as ROC). Critical values by

Brown et al (1975) can be used to decide if a break has occurred. Unlike the Bai-Perron. method,

the ROC method does not consistently estimate the breakpoint'®. On the other hand, the simpler
! |
- I )
13As pointed out by Pesaran and Timmermann (2002), ironically this may well benefit the ROC method in :the
context of forecasting since it can be optimal to include pre-break data in the estimation of a forecasting moiiel.
Although doing so leads to blased predictions, it also reduces the parameter estimation uncertainty. ‘
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look-back approach only requires det‘ecting‘ a single break ,arlld may succeed in determining the
most recent breakpoint in a manner better suited for f;t;sreca;ting. Once a structural break (either.
in the mean or in the variance) has been detected, we-ha,ve: found the appropriate t. Clearly the
appropridte t can be the first observation in the sample (in this case we have an expanding window)

or any number between 1 and m (flexible rolling window). :I'his procedure allows us to optimally

select the observation window!* for each of the 2* different models estimated at time 2.

'
.

In terms of model selection we have now several methodologies available: the original P&T
recursive estimation (based on an expanding window of observations) with no division of variables in

'

focal and semi-focal, the rolling estimation (based on a fixed window of sixty observations) with no
‘ ;

division of variables into focal and semi-focal, the balanced rsecursive estimation, in which variables

are divided into focal and non-focal, to make sure that coi_ntegrating relationship(s) are always

included in the specification, and a flexible estimation, in which the optimal size for the estimation

k
window is chosen for all possible samples. We consider two versions of the flexible estimation that

differ by the division of variables into focal and semi-focal. !
i

I
3.4.2 Asset Allocation !

'

To analyze how the value of the investor’s portfolio evolves f?hrough time, we first introduce some °
notations. Let W, be the funds available to the investor at tfle end of period t, af the numbers of
shares held at the end of period t, v the rate of return on S&PBOO and 77, the rate of return on
safe asset in period t, S; and B; the investor’s position in stock and safe assets at the end of period

i

t, respectively. At a particular point in time, ¢, the budget constraint of the investor is given by:

W, = (1 + rf_l)St_l + (1 + Tg;.l)Bt—l

YWe impose that the shortest observation window automatically selected cannot be'smaller than 2 or 3 times the
dimension of the parameters’ vector. 5o also the minimum observation window is a function of regressors included
i each of 2% different models. :
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P&T propose an allocation strategy such that the portfolio is always totally allocated into one

asset, which is the safe asset if predicted excess returns are negative, and shares if the predicted
il
. . . . . - B . I:

excess returns are positive. We consider three alternative ways of implementing thick modelling
; ' 1

v . : : . . A
when allocating portfolios. Given the 25 forecasts for excess returns in each period definei oy and
1 H !

of = (1 — af) to be respectively the weight on stocks and the safe asset (short term bills), let

13 N
{y,—}i1 the full set of excess return forecasts obtained in the previous step, and let n = w'2%, where
w=[01,.05,.1,.2,.3,.4,5,6,.7,.8,.9,1] is the set of weights, in terms of the percentage of the
‘ : | |
model ordered according to their adjusted R?, chosen to build up the appropriate trimmeﬁ mea.‘:ns

of the available forecasts. Then we propose the foliowing allocation criteria:

. f
Distribution- Thick-Modelling: We look at the empirical distribution of the forecasts to apply
1 ! '
the following criterion:

Th

(1 4 [———Z*J“j"”)] > 0.5

L 0 otherwise ‘ | '
i !
where n,,; (y; > 0) is the number of models giving a positive prediction for excess returns

within the j-th class of the trimming grid (for example n, (y; > 0) is the number of models

i
|

— , b
in the best 5 per cent of the ranking in term of their R’ predicting a positive excess! return).

. ' i
In practice if more than 50 percent of the considered models predict an upturn {d¢wnturn)

of the market, we put all the wealth in the stock market (safe asset).

2. Meta-Thick-Modelling: We use the same criterion as above, to derive a less aggressive portfolio

1

allocation, in which corner solution are the exceptions rather than the rule:

LI
of = [2usi@20)]
Wy T, )

3. Kernel-Thick-Modelling: we compute the weigthed average of predictions 3 (with weights

I i
based on the relative adjusted-RZ?, through a triangular kernel function that fpena.l'{zes

deviations from the best model in terms of R? and the bandwidth determined by the number
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of observations) and then we apply this rule:
f
bl if §>0-

L 0 otherunse
3.5 Empirical Results

Our empirical results are reported in Table 2-4 and Figures 3-5.

In Tables 2-4 we evaluate the forecasting performance of all methodologies by using our three

testing procedure.

]
In Table 2 we report the results of the Pesaran-Timmermann market-timing test of thin and
thick modelling excess return forecasts, in Table 3 we report the results of the Diebold-Mariano
test of equal predictive ability between thin and thick modelling excess returns forecasts, finally in

Table 4 we report the results for White’s reality check to test the null that thin modelling based

forecasts out-perform thick modelling based forecasts.

Overall, all three tests suggest that the flexible estimation delivers the best results. The
most remarkable improvements occurs when the Diebold-Mariano and White's reality check are
implemented over the decade 1990-2000. The P&T sign test confirms the results of the other two
tests but also signals that the null that any chosen predictor has no power in predicting excess

returns over the decade 1990-2000 cannot be rejected. -

On the basis of this evidence we proceed to evaluate the performance of asset allocation based

on thin and thick modelling, considering the buy-and-hold strategy as a benchmark.

Figures 4-5 evaluate the performance of different portfolio allocation criteria, by comparing
the end-of-period cumulative wealth associated with the recursive estimation and the rolling

estimation with optimally chosen window and focal regressors with the cumulative wealth associated
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with a simple buy-and-hold strategy'S. Each figure considers an estimation criteria and teﬁorts the
|

performance of portfolio allocations for the thin modeling approach and different types |of thick

modelling along with the buy-and-hold strategy. We report, for the full sample and for fthe four

decades, the end of period wealth associated with a beginning of period wealth of 100. .

!

With very few exceptions thick modelling dominates thin modelling. Moreover, tj:he mo;re
articulated model specification procedures deliver better results than the simple recursive c;griteric!m.
The best performance is achieved when the distribution-thick modelling is applied to the beg!st 20 p|er
cent of morlels in terms of their adjusted R2. Model-based portfolio allocations dominate ;i;he bu:.y—
and-hold strategy over the whole sample and in the decades 1970-80 and 1980-90. More coniplicat;?ed
specification procedures tend to give a weaker out-performance relative to the buy-and-hold th?nn
the simple recursive specification. The evidence for the decade 1960-70 is mixed in the sense tﬁat
not all econometric based strategies dominate on buy-and-hold strategy. In the iast decade t.ghe

buy-and-hold strategy is never out-performed, however the dominance of thick modelling over thin

modelling becomes stronger.

3.6 Conclusions

In this paper, we have reassessed the results on the statistical and economic significance of ﬁhe
predictability of stock returns provided by Pesaran and Timmermann (1995) for US data to propose
a novel approach for portiolio allocation based on econometric modelling. We find that the results
based on the thin modelling approach originally obtained for the sample 1960-1992 are conSiderai)ly

weakened in the decade 1990-2000.

We then show that the incorporation of model uncertainty substantially improves the

%Evaluation has ‘been also conducted in terms of period returns and Sharpe-ratios, results are available upon
request. : : ) )
1 It
}
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performance of econometric based portfolio allocation.

The portfolio allocation based on a strategy g'n}ring weights to a number of models rather
than to just one model leads to systematic over—performar;ce of portiolio allocations among two
assets based on a single model. However, even thick modelling does not guarantee a constant over-
performance with respect to a typical market benchmark for our asset allocation problem. To this
end we have observed that combining thick modelling with a model specification strategy that
imposes balanced regressions and chooses optimally the estimation window reduces the volatility

of the asset allocation performance and delivers a more consistent out-performance with respect to

the simple buy-and-hold strategy.
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3.7 Appendix

3.7.1 Data Appendix

In the Pesaran-Timmermann (1995) dataset (PT95) the data sources were as follows: stock pricés
were measured by the Standard &Poor’s 500 index at close on the last trading day of each month.
These stock indices, as well as a monthly average of annualized dividends and earnings, weire takfin
from Standard & Poor’s Statistical Service. The 1-month T-bill rate was measured on ithe lag.st
trading day of the month and computed as the average of the bid and ask yields. The source
was the Farna-Bliss risk free rates file on the CRSP tapes. The same for 12—month' discount bond

rate. The inflation rate was computed using the producer price index for finished gooéds from

+ ‘
Citibase, and the rate of change in industrial production was based on a seasonally adjusted index

| |
: |
for industrial production (Citibase). The monetary series were based on the narrow monetary

aggregates published by the Fed of St. Louis and provided by Citibase.

The extended dataset has been obtained merging P&T original dataset (1954.1-1992. 12) w1th
new series letrlved from DATASTREAM and FRED for the sample 1993.1-2001.9. All the financml

variables are measured on the last trading day of each month.
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Code

Description

stock,U/ S
Pl';

dy?s

us
Pe;

U8
rlg
il S
bpii
r12ys

ithS
Mogs

R10YYS

TOTMKUS(RI)
TOTMKUS(DY)
TOTMKUS(PE)
ECUSDIM
USOCPRODF
ECUSD1Y

USINPRODG

USMO....B

BMUS10Y(RY)

US-DS MARKET - TOT RETURN IND
US -DS market- Divir:le:ndI yield

US-DS MARKET - PER"

US EURO-$ 1 MONTH (LDN:FT) - MIDDLE RATE
US PPI - MANUFACTU;RED GOODS NADJ

US EURO-$ L YEAR (LDN:FT) - MIDDLE RATE
US INDUSTRIAL PRODUCTION

US MONETARY BASE CURA

US YIELD-TO-MATURITY ON 10.YEAR GOV.BONDS

The data are available in Excel format from the following website: http://www.igier.uni-

bocconi.it/favero {section working papers)
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3.7.2 Testing Performance of Various Forecasting Models

In this paper we focus on out-of-sample tests of stock predictability. Qut-of-samples tests are more

stringent than in-sample tests and have important-advantages over in sample tests in a:ssessil:'lg
i |l

the predlctmblhty of stock returns. We analyze out-of-sample predictive ability using 3 Lecently

ﬁl' i |:
developed statistics. ' |

I
The first one is the market timing test proposed by Pesaran and Timmermann (1942). T he

sign test is based on the proportion of times that the sign of a given variable e is correctly p‘re(lictled
in the sample by the sign of the predictor z; . Under the null hypothesis that x; has no power in
predicting ¥, the proportion of times that the sign is correctly predicted has a binomial distribution
with known parameters, the.refore a test of the null of predictive failure is constructed by comparing
the observed proportion of sign correctly predicted with the proportion of sign correctly predictéd

under the null. The test statistic is computed as !

rP-pr
vy oY

|
i
|
|
i
i
|
|
|
|
|

\
where: . . ‘

V(P = %P* (1-P% .

—12P,(1— 1P, (1 S
v en 2Py~ 1)’ P, (1 - P)+ (2P — 1’ P, (1 - P,) + .

+4P P (1 - Py} (1 - F)
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Z; is an indicator variable which takes value of one when the sign of y; is correctly predicted by
zy, and zero otherwise, P, is the proportion of times y; takes a positive value, P; is the proportion

of times z, takes a positive value.

The second one is the popular Diebold and Mariano (1995) statistic for equal predictive
accuracy where we are testing the null hypothesis of a zero population mean loss differential
between two forecasts. This test has a standard limiting distribution when comparing forecasts
from non-nested models. However we are comparing forecasts. from nested models, so we follow the
rz.uccomendat;ion of Clark and McCracken (2001b) and base our inference on a boostrap procedure
similar to one used in Kilian (1999). In order to derive the correct distribution for the statistic
we apply the bootstrap in the following way. Let diy, t = 1,...,n be the sequence of the realized

difference in loss between model k and a benchmark model.

1. run the regression E (d;} = c+ ¢ ;

2. compute & and generate B bootstrap samples!®;

4

3. generate B bootstrap responses E (di)*!, ..., E (dy)*Z according to E (d;)**

Il
™
+

M
T &

4. the new bootstrap dataset is given by (E (de)*®, c) ;

5. compute the t-value of the constant and denote it by t*?;
6. derive the distribution of t*b;

7. compute p-value as # (t“d“"l > t"b) /B.

The third procedure we implement is the Bootstrap Reality Check by White (2000) with

the consistent values given by Hansen (2001). In this case we are testing the null that a model

¥ There are clifferent ways to generate the resamples: one approach’is the stationary bootstrap by Politis and

Romano {1994}, ancther is the block bootstrap of Kunsch {1989).
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(benchmark) performs better than other avaiable forecasting models in a given sample, taking care
of data snooping. The need to test for Superior Predictive Ability arises from a situation in whi&h,

;
like our case, a family of forecasting models are compared in terms of their predictive ability defined
' ; {

in the form of a loss function. The question of interest is whether any alternative model 151; a better

i
forecasting model is a better forecasting model than a benchmark model. When a large niimbey of

1

, : |
models are investigated prior to the selection of a model, then the search over models mustibe taken

into account when making inference. After a search over several models, the relevant ql,!estiou is

i i
i

whether the excess performance of an alternative model is significant or not. I

Let Xk (t),t = 1,...,n be the sequence of realized performance of model k relative to a
benchmark, £ =0, ..., M. o ' L
Let b =1,..., B index the resamples of {1, ..,n}, given by 6, (t),t =1,...,n where B denotes

the number of bootstrap resamples generated by the stationary boostrap of Politis and{Romano

(1994). The b’th bootstrap resample is defined as: X, (£} = X (65 (t})) — g (Yn,k) b=1,4,Bt=

i

f _ il
! O 'i';f xr S ;An,k . *\

1,...,n where g(z) = where Ay, is a correction factor depending on |EL1’1

Lz otherwise. i

estimate of var (n” 2?,1,;3) .Forb=1,..., B, we calculate _}?;,max,b = max f:‘l.,k,b? and th ést;ima ted

p-value is given by j
~ 1 (X maxp > Xnmax) |
P=2.——=5 - J

b=1

In both cases is very important to specify the loss function we have in mind. Evaluation of

forecasting skills of a forecast producer may be best carried out using one of the purely statistical

measures, while for a user forecast evaluation requires a decision based approach!”. From a uselzr’s

perspective forecast accuracy is best judged by its expected economic value, the chamcter'zatior; of

YWhittle notes 'Prediction is not an end in itself, but only a means of optimizing current actions against the

prospect of an uncertain future’. To evaluate forecasts we need to know how and by whom forecasts arei used. See
Pesaran and Skouras (2002) for further details.
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which requires a full specification of the user’s decision environment. In our case, where the objective

of forecasting is relatively uncontroversial, the importance of economic measures of forecast accuracy
L1

has been widely acknowledged ‘and is straightforward. However, since we report economic measures
: i

of forecast accuracy in the next section, where we discuss the asset allocation performance, we decide
f

to use the standard MSE loss function to test the different forecasts.

H
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Table 3.1: Forecasting Performance of Thin Vs. Thick Modelling

The results are based on recursive least squares estimation with the constant term as the only focal variable. ‘The
Pesaran-Tinunermann market timing test (PPT) is the percentage of times that the sign of the realized excess returns
is correctly predicted by the forecast combination strategy reported by rows. The Diebold and Mariano (DM} test
statistic is used to test the null of equal predictive ability between thin and different versions of thick modelling. The
White Bootstrap Reality Check (RC) is used to test the null that the in-sample best model performs better than
all the other available forecasting models. ™™~ indicate significance at the 1%, 5% levels, respectively. For White
Bootstrap Reality Check we report the p-value.

PT DM RC PT DM RC

Panel A: 1960-1970 Panel B 1970-1980
Best 0.57 062
Top 1% 0.57 -1.20 0.00 062" -0.73  0.00
Top 5% 0.56 082 000 0.63"  -0.20 000
Top 10% 0.56 -1.08 000 " 063" -0.2¢4 000
Top 20% 0.56 -0.85 000  061** -0.65 000
Top 30% 0.57 -1.03 001 0.63** -0.58 0.01
Top 40%  0.58° -1.04 003 0.60* -0.83 0.3
Top 50%  0.59° -L13  0.03 0.60" -0.99 0.04
Top 60%  0.58~ -1.19 006 0.60" -0.98 0.06
Top 70%  0.58* -1.14 007 0.61** -1.08 0.07
Top 80%  0.58™ 2102 0,10 0.60* -1.07 0.10
Top 90%  0.58* 096 013 0.59* -1.00 0.12
Al 0.57 -0.98  0.16 0.58" -0.88 0.13
Median 0.57 0.14 0.60" 0.13
Dist 0.57 0.00 0.60" 0.00

Panel C 1980-1990 Panel D 1990-2000
Best 0.57 0.43
Top 1% 0.57 1.11 0.00 049 033 0.2
Top 5% 0.58 077 0.00 046 084 031
Top 10%  0.59 -1.31  0.00 0.46 1.51  0.39
Top 20%  0.60* -1.28  0.00 047 181  0.42
Top 30%  0.62* .1.43  0.02 046 185  0.42
Top 40%  0.64**  -1.34  0.03 047 168 041
Top 50% 0.64"  -1.33 005 0.49 144  0.41
Top 60%  0.64**  -1.32 006 0.48 111 0.40
Top 70%  0.64**  -1.31 007 048 089 0.39
Top 80%  0.63**  -1.29  0.08 043 062 039
Top 90%  0.62**  -1.22  0.09 047 026 041
All 0.62* 116 0.1l ' 047 -0.22 041
Median 0.62* 0.10 0.45 0.41
Dist 0.62* 0.00 0.45 0.00

Panel E 1960-2001
Best 0.56°

Top 1% 0.56* -1.67 0.00
Top 5% 0.55*  -5.21** 0.00
Top 10% 0.35* -5.35** 0.00
Top 20% 0.55* -6.21** 0.00
Top 30%  0.56** -6.37"* 0.00
Top 40%  0.57**  -6.57** 0.00
Top 50%  0.57"7 -6.46"* 0.01
Top 60% 057" -6.24** 0.01
Top 70% 057" -6.02** 0.01
Top 80% 057" -5.79** 0.01
Top 90%  0.56** -557** 0.02

All 0.56**  -5.09** 0.03
Median 0.55** 0.02
Dist 0.55"" 0.00

119



Table 3.2: Pesaran-Timmermann Market Timing Test of Thin and Thick Modelling
Excess Return Forecasts

Each Panel reports the proportion of times that in a given sample the sign of realized excess returns is correctly
predicted by the sign of alternative thin and thick modelling one step ahead forecasts generated by five different
estimation strategies. ** indicate significant evidence of market timing at the 5%, and 10% levels, respectively.
Top x% is the combination of the trimmed mean of the best x% forecasting models, Med is the combination
schemne based on the median, and Dist is the combination scheme based on the majority rule applied| to all .the
available forecasting models. REC, ROLL, OW denote recursive estimation, rolling estimation with fixed wincow
length, optimal estimation window, respectively. The numbers in square brackets show the number of focdl variables
considered. {l] is just the constant, while [4] denotes the following set of regressors: constant, log of the pnce—earnmg
ratio, yield-to maturity on long term bonds, yield on 12-month Treasury Bills

REC ROLL REC OW OW REC ROLL REC OW OW .
{1 (1 (4] (1] (4] (1] {1 [4) [ {4l .
Panel A: 1960-1970 Panel B 1970-1980 ;
Best 0.57 0.55 0.53 0.50 0.54 o.627" 0.51 .57 0.57 0.56
Top 1% 0.57 0.54 0.52 0.53 0.52 0.62=" 0.52 0.68" 0.56 0.55
Top 5% 0.56 0.55 0.53 .53 .53 0.63* 0.52 0.57 0.57 0.57
Top 10% 0.56 0.57 0.53 0.51 0.53 0.63"* 0.53 0.57 0.57 0.59"
Tep 20% 0.56 0.57 0.53 0.54 0.54 0.61"" 0.49 0.57 0.59" 0.54
Top 30% 0.57 0.55 0.55 0.53 0.54 .63 0.51 0.57 0.59* 0.55
Top 40% 0.58* 0.56 0.56 0.57 0.54 0.60* 0.53 .54 0.62** 0.54
Top 50% 0.59* 0.56 0.55 0.57 0.54 0.60* 0.53 0.55 0.60* 0.54
Top 60% 0.58* 0.56 0.54 0.56 0.53 0.60* 0.54 0.56 0.61"" 0.53 !
Top 70% 0.58* 0.57 0.57 0.57 0.52 a.61+ 0.57* 0.57 0.61* 0.54{ v
Top 80% 0.58° D57 0.53 0.56 0.53 0.60° 0.55 0.54 0.60" 0.54 :
Top 90% 0.58" 0.57 0.53 0.55 0.54 0.59" 0.56 0.54 0.60* 0.55
All 0.57 0.56 0.54 0.55 0.55 0.58* 0.56 0.55 0.59* 0.55
Median 0.57 0.53 0.55 0.57 0.55 0.60* 0.57 0.54 0.61°" 0.53
Dist 0.57 0.53 0.55 0.57 .55 0.60" 0.57 0.54 0.61*" 0.53
Panel C 1980-1990 Panel D 1990-2000
Best 0.57 0.577 0.59 0.57" 0.53 0.48 0.49 0.50 .18 0.46!
Top 1% 0.57 .58 0.60" 0.56" 0.54 .49 0.51 0.51 0.47 0. :I.?"i |
Top 5% 0.58 .59 0.59 0.59* 0.57 (.46 0.52 0.50 .45 0.49 i
Top 10% 0.59 .60" 61" 0.60* 0.59* 0.46 0.53 0.50 [ 0.4 !
Top 20% 0.60 0.59™ Q.59 0.61** 0.57 0.47 0.51 Q.47 0.50 0.46
Top 30% 0.62~ 0.60"* 0.61" 0.60"* 0.57 0.46 0.53 0.43 0.51 .48
Top 40% 0.64** 0.61*" 0.62* 0.60°~ 0.59* 0.47 0.54 0.48 047 0.46
Top 50% 0.64°* 0.63"* 0.62* 0.60** 0.59* 0.49 0.53 0.48 0.49 0.49
Top 60% 0.64** 0.61** 0.60° 0.57" 0.58 - 0.48 0.55 0.47 0.51 0.52
Top 70% 0.64** 0.63** 0.60" 0.60*r 0.59* 0.48 0.57 0.45 0.52 0.52
Top 80% 0.63°° 0.63** 0.60* 0.63*~ 0.57 0.48 0.57 0.45 0.49 0.53
Top 90% 0.62°° 0.64"* 0.58 0.63*~ 0.59* 0.47 0.58 0.47 0.57 0.55:
All 0.62* 0.63** 3.59" 0.66"~ 0.60* 0.47 0.57 0.418 0.57 0.57!
Median  0.62* 0.65** - 0.55 0.63*" 0.57 0.45 0.59 0.51 0.56 0.58; i
Dist 0.62" 0.65** 0.55 0.63** 0.57 45 0.59 (.51 0.56 0.58 !
) Panel E 1960-2001 ;
Best 0.56" 0.54 0.55* 0.53* 0.53

Top 1% 056 055" 055" 053 052
Top 5% 05%° 055"  0.55°  0.54°  0.54*
Top 10% 0.55° 056~  0.55° 053 0.55°"
Top 20% 0.55*  0.54  054* 056" 053
Top 30% 056"  0.54*  0.55**  0.55*  0.53* .
Top 40% 0.57**  0.55°  0.55** 0.56°*  0.53 ‘ ‘
Top 50% 0.57**  0.55°  0.55*  0.56°* 0.4
Top 60% 0.57**  0.55*  0.54*  0.55*  0.54
Top 70% 057" 0.57°"  0.54" 0.56°"  0.54
Top 80% 0.57°" 057" 053  056° 054
Top 90% 0.56**  0.57** 053  0.57" 055
Al 0.56**  0.56°  0.54* 058" 0.56*"
Median 0.55**  0.57°* 053 057  0.56°
Dist 0.55°* 057" 053 057 05}




Table 3.3: Diebold-Mariano Test of Equal Predictive Ability between Thin and Thick
Modelling Excess Return Forecasts

Each Panel reports the proportion of times that in a given sample the sign of realized excess returns is correctly
predicted by the sign of alternative thin and thick modelling one step ahead forecasts generated by five different
estimation strategies. "++"" indicate significant evidence of market timing at the 5%, and 10% levels, respectively.
Top x% is the combination of the trimmed mean of the best x% forecasting models. REC, ROLL, OW denote
recursive estimation, rolling estimation with fixed window length, optimal estimation window, respectively. The
numbers in square brackets show the number of focal variables considered. [1] is just the constant, while [4] denotes
the following set of regressors: constant, log of the price-earning ratio, yield-to maturity on long term bonds, yield
on 12-month Treasury Bills

REC ROLL- REC OW OW REC ROLL REC OW ow
1] (1] (4] (1] (4] (a - [1] [4] [y [4]
Panel A: 1960-1970 ¢ Panel B 1970-1980
Top 1% -1.19 -0.29 .04 188 001 0.73  -1.66 .36 0.92 0.9
Top 5%  -0.82 -1.18 -0.51  -2.66  -0.92 -0.20 -1.97 .35  -3.05** -119
Top 10% -1.08 -1.65 -0.84  -249  -1.08 -0.24  -2.58 0.48  -3.37"  -1.63
Top 20% -0.84 -2.00 -1.13  -2.57"  -1.27 -0.65  -3.30* 025  -2.03" -1.70
Top 30% -1.02 -2.23* -1.48  -2.66  -1.37 -0.57 -3.73"" 027 -2.80**  .1.69
Top 40% -1.04 -2.36° -1.65  -267°  -1.48 -0.83 -3.80"" 007 -2.79* -1.62
Top 50% -1.13  -2.41° -1.65 265  -1.54 098 -3.87** 040  -2.79" -1.75
Top 60% -1.18  -2.46* -1.61 2262 -1.58 -0.98 -3.81** 049  .2.78" -1.81
Top 70% -1.E3  -2.51**  -1.52  -2.58* -165 -1.08  -3.71** 051  -2.78° -1.87
Top §0% -1.02 -2.51" -144  -2.55%  -L67 -1.06  -3.66** 057 -2.78**  -1.8¢
Top 90% -0.96  -2.47° -1.39 -254 LT3 -1.00  -3.59** 060  -2.72* -1.79
All -0.07  -2.45° -1.38  -2.58* -T2 T .0.88  -3.52** 069  -2.66** -1.73
Panel C 1980-1990 ‘ Panel D 1990-2000
Top 1%  1.10 —-1.04 0.50 -0.60 -0.61 0.33 045 0.92 -0.02 231
Top 5% -0.76  -2.20* 0.53  -2.21  -0.17 0.84 126 -122 o121 -2.88"
Top 10% -1.30  -2.91**  -0.26 -2.28° -0.26 1.51 -2.10 -0.86  -L70  -3.29*
Top 20% -1.28  -3.32** 096 -2.24* -049 1.80  -2.75** -0.87  -2.04* -3.20**
Top 30% -1.42  -3.477 .69  -2.21*  -0.93 1.84 -2.93*  -1.26  -2.15*  -3.70**
Top 40% -1.34  -3.93**  -0.61  -2.27° -157 1.67  -3.03**  -1.40  -2.32*  -3.98*"
Top 50% -1.33  -4.11**  -0.50 -232*  .2.10° 144  -3.07*  -151 240" 400"
Top 60% -1.32  -4.25**  -0.45  -230* -2.29* 1.1} -3.12** 157 -240° -4.02*"
Top 70% -1.30  -4.26™"  -0.35 -2.81 2440 0.88  -3.21"  -1.61  -2.39*  -4.02**
Top 80% -1.28  -4.18"*  -0.32  -2.29* -2.38" 0.62  -3.28™ -1.62 -2.41*  .3.99*
Top 90% -1.21  -4.06**  -0.37  -2.20 -2.38" 0.26  -3.29** -1.63  .242° -3.95"°
All -1.16  -3.96*  -0.43  -226° -2.39" -0.22  -3.29**  -1.61  -240° -3.92°°
Pane! E 1060-2001 .
Top 1% -1.67 1.42 026 029 -0.29

Top 5% -5.21"* -2.2i*  -1.86  -2.36* -0.24
Top 10% -5.34%* -2.98*  -1.72 217" -0.37
Top 20% -6.21** -3.58°* -3.13**  -193  -0.56
Top 30% -6.36*" -3.79** -341'"  -1.75  -0.66
Top 40% -6.57"% -4.08* -3.13** -175  -0.90
Top 50% -6.45 -4.097" 295" 177  -1.14
Top 60% -6.23** -3.88*= .3.06** -1.73 -1.29
Top 70% -6.01°* -3.62°% -3.00°" -1.70  -147
Top 80% -5.79** -3.42°* .2.93"* -164 -1.44
Top 90% -5.56** -3.21** -2.85** -5l  -L.35
All 5.00%%  3.05*  -2.81*  -1.37  -L30
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Table 3.4: White Bootstrap Reality Check

The statistics reported in this table are computed across eleven thick modelling based forecasts, and five estimation
strategies (recursive, rolling, and rolling with optimal chosen window estimation with the constant as the only focal
variable; recursive and rolling estimation with optimal chosen window and four focal variables, The table reports
p-values for the null that thin modelling based forecasts outperform the available thick modelling based forecasts;

Min  10%  25% Median _ 75% 90% Max 1

RC p-value  4.000  0.000 0.000 0004 . 0.038 0.156 0.429
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Figure 3.1: Excess Return on S&P 500
The ﬁgure reports monthly excess teturn on the S&P 500 Index. The sample period is 1955-2001.
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Figure 3.2: Adjusted R?

The Figure reports the panel of the time-varying adjusted R? for the 2* available models estimated recursive;ly.

The first observation refers to the smallest sample (1954.1-1959.12), the last observation refers to the full sample
(1954.1-2001.8). The vertical line in 1992.12 shows the results for the Pesaran and Timmermann sample.
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Figure 3.3: Cumulative wealth obtained from all possible portfolio allocations

The figure reports the Cumulative wealth obtained from all possible portfolio allocations. Allocations are associated to
models ranked according to their adjusted RZ?. The thick line pins down the final wealth delivered by the buy-and-hold
strategy. : ) .
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Figure 3.4: End of Period Wealth generated by asset allocation based on thin and
thick modelling f

Forecasts for excess returns are based on recursive estimation with one focal variable. On the horizj'ontal axis
we indicate the thickness of our approach in terms of the percentage of models (ranked by their within samlple
performance) used in the construction of the different trading rules. Each panel reports the performance of]a buy .mcl
hold strategy on S&P500 (Mkt), Distributional Thick Modelling, Meta-"Thick-Modelling, and Kernel—’[‘hlck-Mode]hng

strategles. i
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Figure 3.5: End of Period Wealth generated by ass:et allocation based on thin and
thick modelling i

Forecasts for excess returns are based on rolling estimation (optimal chosen window) and four focal variables. On the
horizontal axis we indicate the thickness of our approach in terms of the bercentage of models (ranked by their within
sample performance) used in the construction of the different trading rules. Each panel reports the performance of a
buy and hold strategy on S&P3500 (Mkt), Distributional Thick Modelling, Meta-Thick-Modelling, and Kernel-Thick- -
Modelling strategies.
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Chapter 4

Common Factors in Latin America’s

Business Cycles |
|
|

4.1 Introduction

Business' cycle volatility can arise from a variety of sources and be exacerbated by, distif‘lct
) .
economic policy regimes, possibly reflecting slowly-evolving institutional factors (Ai:emoglu,
Johnson, Robinson and Thaicharoe, 2003) and different degrees of financial and trade Openness
(Kose, Prasad, and Terrones 2005). This suggests that important insights into the pherimmen!%n
can be gained from long-run data spanning a variety of policy regimes and institutional .‘lsettin._jgs.

; |
Yet there is a striking dearth of systematic work along these lines for most countries outside North

America and Western Burope.

"This chapter is coauthored with Luis Catio (Research Department, IMF) and Allan Timmermann (UC lem
Diego}. We would like to thank Ayhan Kose, Gian Maria Milesi-Ferretti, Luca Sala, Valerie Ramey, Jeffrey Wlllmmon
as well as seminar participants at the Fundagdo Getulio Vargas in Rio de Janeiro, IDB, IMF, the 200a LACEA
meetings, the 2005 EHES meeting, and at UC San Diego for comments on an earlier draft. We are also grateful to
Nathan Balke and Christina Romer for providing us with the US data. The views expressed in this paper are t.hose
of the authors and should not be attributed to the International Monetary Fund. ] :
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One region that is particularly under-researched is Latin America. This gap is somewhat
surprising not only because the region is deemed as highjy volatile and the question of what drives
such volatility is of interest in its own right; it is also surp_risiné; because the region comprises a large
set of sovereign nations which have gone through a number of dramatic changes in policy regimes
and institutions over a long period of time and relative to other developing countries in Africa and
Asia (many of which only became independent nations in recent decades), thus providing a rich
context for assessing business cycle theories. Indeed, Latin America is notoriously absent in the
well-known historical business cycle studies by Sheffrin (1988) and Backus and Kehoe (1992), and
only Argentina is covered in more recent work along sim@ila.r lines (Basu and Taylor, 1999). Instead,
recent research on Latin American business cycles hasl been either country-specific and covered
only short periods of time {e.g. Kydland and Zarazaga; 1997) or focused on specific transmission
mechanisms and limited to post-1980 data (Hoﬂ‘maisté?:r and Roldos, 1997; Neumeyer and Perri,
2005).% A corollary of this gap in the literature is the absencé of any formal attempt to establish a
reference cycle dating for these countries similar to those available for others—such as the United

States and the Euro area—on the basis of a variety of coincident and leading indicators (Moore,

1983; Gordon, 1986; Artis, Kontolemis, and Osbhorn, 1997;_ Stock and Watson, 1999).

This paper seeks to fll some of this lacuna. Uh]ike previous work, we go back as far as
available macroeconomic data permits and jointly focus on four of the largest Latin American
economies - Argentina, Brazil, Chile, and Mexico. Together, these countries imve accounted for
some 70 percent of the region’s GDP over the past half century (Maddison, _2003, pp. 134-140),
thus clearly setting the tone for the region’s overall macroeconomic performance. At the same time,

data availability for this subset of countries permits us to provide a long-run characterization of

?A notable exception is Engle and Issler (1993) whe use the Beveridge-Nelson trend-cycle decompasition to test
for the existence of common trends and common cycles in the real GDP of Argentina, Brazil, and Mexico during
1948-86. They do not provide evidence, however, of what drives the common regional cycle they extract, nor do
they look at key variables such as terms of trade or fiscal and monetary shocks that might help explain the observed
country-specific rnovements.
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the business cycle in these economies similar to that conducted for advance(i countries.

The construction of new indices of economic activity and the identification of volatility sour?ces
over such long period allows us to address four main questions. First, how volatile has Latin America
been relative to other countries? In particular, has economic activity in Latin America been rﬁore
or less stable in periods of greater trade and financial integration with the world econdmy, such
as during the pre-1930 gold standard and the post-1980s period? Second, how persistent have
macroeconomic fluctuations been in those countries? Since the welfare cost of income ﬁulctua,ti‘ons
as well as the burden on stabilization policy rise on volatility and persistence,® these are important
questions to ask and document. Third, do we observe similar stylized facts as those documen.‘hed

for other economies that featu_re in the existing business cycle literature? Finally, is ‘there an

identifiable regional business cycle?

As discussed further below, a key requirement for answering these questions is to obt:ain
a measure of economic activity that is expected to be reasonably accurate and consistent oﬁer
such a long period. We provide this by constructing a new index of economic activity for eac
of the four countries using a dynamic common factor methodology which, to the besit to (!;llr
knowledge, is for the first time applied to build a business cycle index for this set of countri“es.
This methodology is applied to a uniquely large set of macroeconomic variables compiled from a
wide range of historical sources. The data span key sectors such as agriculture, manufact;urihg,
mining and cement production, and includes fiscal expenditures and revenues, external ;varialjles
such as terms of trade, the real exchange rate and import and export volume, as well as a host
of financial indicators including interest rates and monetary aggregates. Our index of (?condlhic

activity is shown to track very closely the existing real GDP data from the full set of national

account estimates beginning in the early post-World War 1T period. Since this index of economic

3For theoretical and empirical evidence on the cost of business cycles see, e.g., Van Wincoop (1999} and Pallage
and Robe (2003). : '
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activity is constructed as the common factor that underlies a wide set of macroeconomic and
sectorial indicators - thus filtering out idiosyncratic components (including possible measurement
errors) - it provides a measure that is germane to the concept c;f the business cycle as defined in
the work of Burns and Mitchell (1946} - which still forms the backbone of the widely used NBER

reference cycle indicator for the United States. ;

The paper’s main findings are as follows. Over the full sar;nple 1870-2004, the average business
. ' §
cycle volatility in all four countries was considerably higher than in the advanced economies—albeit

with impori:ant differences over sub-periods. Latin American volatility was relatively high in the

pre-1930 era, during ‘the formative years of key national institutions. It then dropped sharply
. . L4

during the four decades following the Great Depression - an apparent pay-off of the inward-looking
grbwth and highly interventionist policy regimes at a time when volatility in advanced countries
rose to a.ll—tlime highs. Cyclical instability in Latin America bounced back again in the 1970s and
1980s - whén it was more than twice as high as the advanced country average - before declining
sharply more recently. Throughout the period, cyclical pérsistence has been high, with large sho.cks
giving rise fo a striking combination of high cyclical voljatility and long business cycle durations

relative to advanced country standards. :

We also find evidence of a number of regularities highli‘ghted in the existing business cycle
literature. In particular, external terms of trade have been strongly procyclical, the trade balance
counter-cyclical, and fixed investment has been several times more volatile than output. Using the
simple gauge proposed in Kaminsky, Reinhart, and Végh (2004), we also find that fiscal policy has
been strongly procyclical in these countries. In contrast with evidence more directly supportive
of Phillips curve trade-offs among advanced countries, we find that inflation has been historically
counter-cyclical in all four Latin American economies. Compa.red with the more mixed cross-

country evidence in other regions, real wages have also been broadly procyclical. Once again, a

contrast with advanced economies lies in the strikingly large volatility of these individual variables.
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Concordance indices along the lines of Artis et al {1997) and Harding and Paéan (2002)

indicate that business cycles in these economies have been reasonably correlated. Po%oling’ data

from all four countries, the common factor methodology that we employ permits the identification
of a sizeable common regional factor. Since trade linkages between these economies have been small
until very. recently and capital account linkages remain so to date, global shocks — noﬁ:ulbly to! key

foreign interest rates, real income in advanced countries and commodity terms of trade —emerge

as key drivers of this common regional business cycle. This result has salient practical irﬁpliczxi%ions
that have previously been discussed on the basis of distinct methodologies and far more limited

data (Czhl_yo, Leiderman, and Reinhart, 1993; Fernandez-Arias, 1994; Agénor et al., 2000;|Neum;eyer

and Perri. 2005). S

The remainder of the paper is divided into five sections as follows. Section 2 lays 0111;} the
‘ i \
econometric framework and discusses the main estimation issues. -Section 3 reports empirical

estimates and provides robustness checks of our methodology, while Section 4 presents stylized

| | !
facts about the business cycle in the Latin American countries. Section 5 concludes. An appendix
i

contains details of the construction and sources of our data series.

4.2 FEconometric Framework

i _ i ’
"
The idea that a cross-section of economic variables share a common factor structure ha.s a long
tradition in economics, dating back at least to the attempt by Burns and MitchelHi (1946“) to
construct an aggregate measure of economic activity. There are two chief motivations for common
factor models. First, economic theory suggests strong linkages between economic activity agross
" ;
different slectors due to common productivity, preference and policy shocks. However, since sonl:w of
these shocks are unobservable, information about them can only be extracted once one has acce;jss to

| i
asufficiently large cross-section of economic variables that are at least in part driven by these shocks.
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Hence, a critical requirement that needs to be met in our analysis is the availability of a broad
set of variables that bear sxljfﬁciently close relation to aggregaie business cycle behavior. Natural
candidates include capital formation, government revenue and expenditures, sectorial output series,
as well as external trade figures and a host of ﬁnaﬁcia.l va.l:rliable%.. The fact that the Latin American
economies have historicallj.( been highly dependent on globalq capital markets and demand from
outside trading partners suggests that interest rates and byclic_al output in advanced countries also .

be included in the analysis. ;

The secénd motivation for using dynamic factor analysis is related to the presence of

B 1 .
measurement errors. Activity levels in many sectors are measured with considerable error. Provided
that measurement errors are largely idiosyncratic, cross-sectional information can be used to
construct more robust common factors that are not similarly sénsitive to the impact of such errors.
Hgl‘e one has to make assumptions on the exposure of such observable variables to common shocks

in order to identify the underlying driving factors.

Stock: and Watson (1989; 2002) and Forni, Hallin, Lipipi and Reichlin (2000) have shown
that the ag;plication of dynamic common factor models to a sufficiently representative set of
mélcroeconomic and sectorial indicators provides superior fo-rec?asting performance for a target
variable such as real GDP or indeed any broad index of economic activity. This methodology
turns out to be particularly useful when some of the constituent series that add up to a target
variable (such as monthly GDP) are lacking, or when such series are suspected to be mismeasured
(as commonly deemed to be the case for certain service activities). An important requirement is
that such measurement errors are sufficiently idiosyncratic'o% that the cross-section of available

time series be sufficiently large and/or representative. This methodology is clearly suitable when

interest lies in reconstructing (backcasting) historical measures of the cycle, as discussed below.
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4.2.1 Model Specification and Dynamic Factor Estimation ' "

Let X; be a vector of de-meaned and standardized time-series observations on N economic variables

observed over the sample ¢ = 1,...,T. Assuming that X; admits a dynamic factor représentation,
! ' ‘ | i

we can write ?

|
X, = A(L)f, + e : T
\

= [AU,...,AS] +e=AF; 4+ e,

fe—s

1‘.
where f; = (fi1,..., far)' is a vector of g common dynamic factors, A (L) is an N x qirnatrﬂx of

1 |

! |

i i
filters of length s, e; is an N x 1 vector of idiosyncratic disturbances, F; = (f; s b s) isanrx1

vector of stacked factors with » = ¢ x (s + 1). Notice that while ¢ identifies the number of common
e . i

shocks, the dimension of F; depends on the lag structure of the propagation mecha,nisrin of those
k] ' |

shocks. Similarly, f; is the vector of ¢ dynamic factors and F; is the vector of r static factors, while

\
A contains the factor loadings. We refer to (4.2.1) as the dynamic representation and taj (4.2.1) as

] |
the static representation. ! ‘

In practice the factors are typically unobserved and extraction of them from the observables

(X¢) requires making identifying econometric assumptions. As is typical in the literature, we agsume
that the errors e, are mutually orthogonal with respect to f; although they can be correlated a(,fross
!

. oy . . . . . N
series and through time= In addition the factors are only identified up to an arbitrary roj:amon-‘.—we

explain in the empirical section how we choose a particular rotation using the idea that the factors

are only identified indirectly via the factor loadings. _
| |
I 1

' : . ! i
The standard estimation method of dynamic factor models involves maximizing the likelihood

1 \
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function by means of the Kalman filter. This technique has been employed for low-dimensional
systems by Stock and Watson (1991). When N is large, no_ni—parametric methods such as static
principal components (Stock and Watson (2002)), weigflted St‘fatic principal components (Boivin
and Ng, 2003) and dynamic generalized principal components (Forni, Hallin, Lippi and Reichlin,

2000) are available for consistent estimation of the factors in approximate dynamic factor models.

Under the assumed orthogonality between the dynamic factors and the idiosyncratic
disturbances, we can consider a spectral density matrix or covariance matrix of the X,
decomposition and the common component can be approximaj-ted by projecting either on the first
r static principal components of the covariance matrix (Stock{and Watson, 2002) or on the first ¢
dynamic principal components (Forni, Hallin Lippi and %{eichlin, 2000), possibly after scaling the
data by the covariance matrix (Boivin and Ng (2003)). In this paper we consider both approaches
and evaluate the robustness of the results to this choice, since there is no clear-cut evidence on

which approach is superior.?

In Stock and Watson (2002), a principal component estimator of the factors emerges as the

solution to the following least squares problem:

T3 (X, — AF
gnﬂ tzl( ¢ — AF) (X, — AFt)

subject to the restriction A’A = I. The solution to this problem {A,F,} takes the form

o~

A=v

Y =X,

*In their empirical forecasting comparison, [V’Agostino and Giannone (2004) find that weighted procedures
generally produce better forecasting performance. Similarly, Bcuvm and Ng (2003) find that weighted principal
components improve on the forecasts of the standard principal components methods applied to the static factor
model. Stock and Watson (2005) report that forecasts based on fagtors estimated with static principal components
and those estimated with weighted principal components tend to b:f_z highly correlated.

W
e

135

Wl 3



:i -
| '
where v is an 7 X 1 vector of eigenvectors corresponding to the r largest eigenvalues of the vanance—

\
covariance matrix of the X-variables, £,.,. The resulting estimator of the factors, Ff W fis the first

r static principal components of X;. .

In Forni et al (2000) the dynamic structure in the factors is explored by ext:rau::i:in;.g,r prin(;ipa.l
components from the frequency domain. Their approach permits efficient aggregation o:f variables

that may be out of phase, with the common component being estimated by projecting the
i . H

. C . .
X—variables on present, past and future dynamic principal components. The factors! and their
loadings are the solution to the following non-linear least squares problem that Wj&ighlﬁS‘ the

idiosyncratic errors by their covariance matrix, 2 = E[(X; — AF,) (X; — AF)']:
1

i I
) ra-1x, _ |
IFltl‘l'l T E (Xe — AFy) Q7 (X — AFy), |

|
i |
P
again subJect to A’/A=1. As in Forni et al {2003), we adopt a two-step welghted pringipal

i
component estimation procedure where €2 is estimated as the difference between t;he sarnpic
|

covariance matrix, ﬁm, and the dynamic principal components estimator of the spectl;ml density

matrix of the common components.®

] . . |
The resulting estimators of the loadings and commen factors are ! I
|

-~ !

A=y,

i: FtFHLR = U_:;xt = V,Xtr’ | |I

i b
where v, are the generalized eigenvectors associated with the largest generalized eigenvalues of the

estimated covariance matrices of common and idiosyncratic components and the resulting estimator

SGpecifically, let x; denote the standardized values of X,. The estimated spectrum of X¢, Sze(w), is comp'uted
at 101 equally spaced ordinates usmg a Bartlett kernel applied to p = T!/2 sample autocovariances. The estimated
spectrum of the dynamic factor components, Srr{w), is computed for'each of the 101 frequencies usmg g dyn‘amlc
principal components of Szz{w). The estimated value of £2 is computed as 2 = B;; — By, where Bz i§ the sample

second moment matrix of x and Xy is the inverse fourier transform of §;;{w).
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i
of the factors is the vector consisting of the first » generalized principal components of X;. This

oy —1/2

can be seen as the first r static principal components of the transformed data X, = (Q) Xt

An important requirement when applying these estimators is that all the variables entering
the dynamic common factor specification are stationary. With the exception of the inflation rate,
real interest rates, and the ratios of export to import value which are stationary by construction,
we employ two alternative approaches to ensure stationarity. O_he is the standard Hodrick-Prescott
filter, with a smoothing factolr set to 100, as is common pract;ice with annual data (e.g.. Backus
and Kehoe, 1992; Kose and Reizman, 2001). The second a.ppr‘oach to detrending considered here
is the symmetric moving average band-pass filter advanced by Baxter and King (1999). Following
common practice with annual data, we set the size of the syrm:netric moving average parameter to
three but use a larger-than-usual bandwidth ranging from 2 to 20 years so as to avoid filtering out
the longer (12-20 year) pre-war cycles first documented by Kuznets (1956) for the United States

and found to be present in several advanced countries (Solomou, 1987). As shown below, both

detrending methods yield very similar results.

4.2.2' Backcasting Historical Activity Measures with Dynamic Factor Models

or FFHLR are of interest in their own right since they
i .

it
provide broad-based measures of economic activity. However, often particular interest lies in

The common factors derived above, FYW

i ' ‘
analyzing a particular time-series such as real GDP over long periods of time. However, data
..... P

on this variable may only be available over a more recent sample. and, even when available, the

series may be subject to considerable measurement error.;

The common factor approach is ideally suited to handle these problems provided that the
variable of interest lends itself to a similar dynamic factor repreéentation as assumed above. Letting

the real GDP cycle be represented by the variable y;, and under the assumption that g, is driven
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by the cornmon factors f; = {fy;, ..., fqg)’ derived above, we have

y¢=c+b(L)f¢+e;

Our interest lies in backcasting values to create a new historical time-series of cyclical aggregate

. . . . . : |
output se we. estimate the following backcasting equation using contemporaneous factorl values:

i
!
yt=a+ﬁ”ﬁt+5t- l
i‘

When data of sufficient quality on y; is only available over a much shorter (recent) samplé than data
|

on the variables used to construct estimates of the factors, under the maintained model , we can
estimate the parameters & = {c, 8} over a (recent) sample period for which quality data is available
on output, y. We can then backcast cyclical output over the longer sample for which es_tima.téas of
the factol;';s are available. In the following we explain details of how we set up the data a:nd hm:? we

deal with estimation issues pertaining to the number of factors and parameter instabiliti}y. il

|

! [

4.3 New Business Cycle Indices for Latin America j i
. ] |

A full set of national income account data for Argentina, Brazil, Chile and Mexico is only available

from the mid-1930s (Argentina) or starting at some point in the 1940s for the other three countries.®

Previous _.resea,rchers have tried to overcome this limitation by constructing proxy rrixeasurelés of
| |

economic activity for the earlier period. The quality of these constructs is, however, very uneven

due to the lack and/or the very poor quality of output data for broad sectors of the economy. In

. . . . I,
the case of Argentina and Brazil, for instance, official output data in agriculture, manufacturing,

#Even for Argentina, full-fledged information underpinning national account estimates is not available before 1950
{see Banco Central de Argentina, 1976). In the case of Mexico, a GDP series constructed solely 0“1 the Dasis of
sectoral output information—and not based on expenditure and income data—has been reported by Banco de Mexico
since 1921. ’
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construction, and services only become available from lE:)OO onwards and, even then, with serious
gaps particularly in the case of Brazil (c.f. Haddad, léTS). With regard to Chile and Mexico,
sectorial output data stretching back to the 19th century are more readily available but, again, often
spanning a small subset of the universe of firms and of questionable quality (see the Appendix).
Insofar as previous researchers tried to derive an aggregate 'measure of economic activity from
averages of these production data (resorting to linear interpolation to fill gaps in some discontinuous
annual series), the resulting indices are bound to be highly in?ccura.te. While two other attempts
have been made to overcome these problems, they have clear drawbacks. One is that of backcasting
Argentine GDP based on a handful of production and-trade variables by means of linear OLS
regressions (della Paolera, 1989, p.189); the other is the use of static common components to
backcast 19th century Brazilian GDP on the basis of foreign Itrade data (Contador and Haddad,
1975).7 Despite this very limited variable span, the latter series has been (misleadingly) compiled

by Maddison (1995, 2003) and Mitchell (2003) as a reliable indicator of pre-war Brazilian GDP.

Our paper addresses these data limitations by substantially broadening the number of
variables from which one can derive valuable information on the pace of aggregate economic
activity. We take into account not only production or foreign trade variables, but also monetary
and financial indicators that economic theory suggests should be correlated with the business cycle.
As discussed in the Appendix, the data was obtained from an extensive compilation of both primary
and secondary data sources. In some cases this resulted 1n entirely new series being created; once
combined with their counterparts from the later 20th céhtury, these series span the entire 1870-
2004 period. Still, as one might expect from country ;speciéc idiosynerasies in data collection
{especially before the standardization of national account é.nd balance of payments methodologies),

the availability of macroeconomic and firancial indicators varies somewhat across countries. For

example, for Mexico very few variables were measured prior to 1877, so our business cycle index

A cruder attempt of reconstructing 19th century Brazilian GDP can be found in Goldsmith (1986), who derives a
GDP growth series based on an unweighted average of government expenditure, revenues, wages, exports and imports.

1
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for that country only starts in 1878. Likewise, it proved impossible to obtain any meaningful series
i
for manufacturing and agriculture output in Brazil before 1900, although we were su:ccessful in

filling the gap regarding domestic cement consumption (a proxy for construction activity) as well

as output in the transportation and communication sectors. A similar gap was filled fofr pre—ﬁ‘LQOO
Argentina which also benefitted from the use of a new proxy indicator of manufacturing activity

starting in 1875 and recently compiled by della Paolera and Taylor (2003).

Overall, we were able to put together a panel of between 20 to 25 time series pier country

which, as shown below, appears to provide an excellent gauge of the respective national business

cycles. The Appendix provides a detailed discussion of measurement issues underlying the various
S
+ - . . - ‘I
series and the respective data sources. Since we are concerned with real economic aggregates, all

variables are measured in real terms deflated by the consumer price index or by the irlvestgnerlt
or GDP deflators as appropriate - the obvious exceptions being inflation, the ratios of exﬁ»orts
to imports, and country spreads {as measured by the difference between the yield on a sovefeign

foreign-currency denominated bond and the respective UK or US yields).3 i

4

4.3.1 Empirical Results

Factors extracted from a dataset comprising information on a variety of variables are not typijcally

[
straightforward to interpret. Nevertheless, the estimated factor loadings do offer important clues

in this respect. While factors are only identified up to an arbitrary rotation, it becomesiclear from

the individual factor loadings that the first factor bears a strong positive correlation with the GDP

cycle during periods for which actual GDP data is available. !

i

#In the case of interest rates, we employ the commonly used method of defining the real interesi rate a|\5 the
difference between the nominal interest rate and current inflation. Since all interest rate series used in the estimation
refer to short-term instruments, discrepancies arising from possible mismatches between current and expected inflation
are less critical than in the case of long bonds. Yet, we also checked the robustness of our results to the use of tbe us
10-year bond yield instead of the 3-month US treasury bill and found that this did not have any effect on inferences
made. ) -
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Table 1 shows the estimated factor loadings for the first two factors extracted using the
Stock and Wa.tson procedure and the HP-detrending since the results using other methods yield
very similar estimates, as shown below. We report only the first two factors since the addition of
further factors only contributes marginally to the total variance of the panel with the exception of
one country (Brazil) for which the third factor is important {more on this below). The first factor

(labeled F1) can be interpreted as a broad measure of cyclical activity since it loads positively on
indicators that are well-known to be procylical such as sectorjial output, fixed capital formation,
import quanturm and real money, all measured in deviations froim their respective long-term trends.
The interpretation of the second factor (F2) is less clear-cut. Fior Argentina, Brazil and Chile, this
factor assigns large loadings to money, the domestic interest rate and the real exchange rate (also
entered in deviations from trend). Thus, it can be broadly ix;terpreted as an index of monetary
conditions. In the case of Mexico, the largest loadings are observed-on the variables capturing
external linkages such as the term of trade, the real exchange rate or import voh.lme. This is
suggestive of an important difference between the economies, possibly indicating that Mexico’s

linkage to the US economy is of special relevance - a conjecture that is corroborated by further

evidence presented below.

Figure 1 plots the two SW factors for each of the countries using the HP detrending as
reported in Table 1. For comparison, we also plot the same factors using band-pass filter detrending.
Since the two approaches yield very similar results and giv%n that the HP-detrending has been more
extensively used in related studies (Backus and Kehoe, 1;392; Kydland and Zarazaga, 1997; Kose
and Reizman, 2001; Neumeyer and Perri, 2005), we maintain this detrending method through the

remainder of the paper.

While the factors are of interest in their own right, ultimately our interest lies in
reconstructing a measure of cyclical activity in the Latin American economies. To this end, Table 2

reports the R—value of regressions of de-trended actual GDP on the factors across a range of factor
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model specifications. The results cover the period 1950-2004, when full national account estimates
i :

El .
are available for all four countries. As with the bulk of the series entering the alternative factor

specifications, actual GDP is also expressed in deviations from an HP trend - a widely uséd medsure
of the output gap. Correlations in Table 2 thus gauge the extent to which the various factor models
span the real GDP cycle. To indicate the sensitivity of the results to the adopted econometric
methodo_l;)gies, we present results both for the all-regressor approach—which maximizes the R? by
projecting cyclicél.l GDP on all variables—and a range of alternative féctor approaches such as the
Stock and Watson approach using between one and four common factors and the Forni ét al (2000)
approach estimated with up to two dynamic factors and up to four static factors. As we shall

see later, the high in-sample fit of the all-regressor, “kitchen sink” approach comes at the cast of

L]
The linear projections of the GDP cycle on the various factors yield a tight fit for!Argentina,

overfitting the data and producing poor out-of-sample performance.

with R%-values varying from 0.89 for the all-regressor approach to around 0.80 for the'two actor

1 .
‘ . \

approaches. Correlations are also generally high for Chile and Mexico, with 75-85 percent o‘f the

variance of the real GDP cycle explained by the first two factors. The fit for Brazil is relatjively
l

worse overall, but by including the series on agricultural and manufacturing output (both of which
are only available from 1900 onwards), one can raise it to above 70 percent using the SW.and FHLR

approaches, ¢.f. panel B of Table 2. ; |

Further evidence that the various approaches tell a similar story can be gleaned f;l'om F_igure

f

& _ , ) |

2, which show the backcast estimates of cyclical GDP in- the four economies. In each case the
il . i

i A ) . |

upper panel plots our estimates and (where available) other estimates of cyclical GDP over the
1 ' 1
' I

period 1870-1950, while the bottom panel shows the corresponding values for the remiaining!' part
of the sa_:!nple. The close proximity between the fitted and actual values for the post-war period is
clear from these plots—visual differences only emerge during rare and extremely large spikes' such

as in Brazil in 1961-62 and 1980. Overall, however, it is plain that: (i) the estimated values closely
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track actual cyclical GDP whenever this is available; (ii) t}:e various factor approaches generate
quite similar estimates of the cycle and (iii) factor estimates o:ften differ substantially from estirr_la.tes
based on the all-regressor least squares approach which is the furthest away from ”actual” values, as
judged by the observations from better quality estimates of aictuals out-of-sample (as for Argentina
over 1935-49, Chile during 1940-49, and Mexico 1925-49).° This strongly cautions against the use

of a kitchen sink approach by researchers in the reconstruction of earlier GDP data.

4.3.2 Robustness Analysis :
It is important to investigate whether our estimates are robust to potential instability of the factor
' '

loadings and to changes in the factor specification. The common factor projections were built
under the assumption that factor loadings remain constant over time. In the same way that out-

of-sample forecasts rely on an implicit assumption that certain relationships between predictor

variables and the target variable remain constant over the forecasting period, backcasting economic

i
activity measures without this assumption is infeasible. 1‘

An advantage of our approach is that the use of ;flcommon factors can be expected to
be reasonably robust against the structural instability that plagues low-dimensional forecasting
regressions. Stock and Watson (2002) provide both theoreti;:al arguments and empirical evidence
that principal component factor estimates are consistent even in the presence of temporal instability
in the individual time-series ulsed to construct the factors provided that this instability averages out

in the construction of the common factors. This occurs'if the instability is sufficiently idiosyncratic

to the various series.

9The gaps between the "other” and our backcast estimates for Brazil before 1930 is not surprising since the reported
pre-1930 estimate by Haddad (1978) is constructed with very incomplete sectoral data, giving excessive weight to
highly cyclical subsectors (like crop production} at the expense of less cyclical ones (like services), in addition to
relying extensively on interpolation to fill some gaps. Given the reasonably tight fit between our index and the official
GDP data after 1950, we suspect that those differences reflect the inaccuracies of the Haddad index rather than of
our index, which relies on information across a wider spectrum of variables.
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To evaluate the robustness of our results for the backcasted GDP values, Figurel 3 plots

‘ !
the minimum and maximum value across different specifications of the backcasting equation. “[n

. , i |
particular, we consider: 1 ‘

¢ Two different estimation samples for the backcasting equation, 1915-2004 and 1Q50—2OQ4
| |

(GDP data. for Chile and Mexico are available only aiter 1940 so for these countfries the
|

P

s Six different factor Specjﬁcatiorls: SW(r), r = 2,3 (where r is the number of static factors},

backcasting equation is estimated only over the sample 1950-2004.)

il

FHLR(q,r), where the first argument, ¢, is the number of dynamic factors while the second,

T, is t}Ile number of static factors. We sgt (g,7) =(2,1),(3,1),(2,2) and (2,3). I |j

¢ Different samples for factor estimation, where a new sample is adopted if new time series

become available (Argentina: 1870-2004, 1875-2004, 1900-2004; Brazil: 1870-2004, 19[?)0-20d£1;

Chile: -1870-2004; Mexico: 1878-2004).

¢ Two different panels of data, one including the external variables while the other f::xcludies
g i
these.

3
The sensitivity analysis produces 72 specifications for Argentina, 36 for Brazil anél 12 fior
Chile and Mexico. With the exceptions of Brazil in 1890-91, 1986 and 1989, Chile in 1929-32 and
Mexico in 1’:?16’ the range is very narrow; and even for those outlier observations, all e%tima.tfés
point in the same direction. As it turns out, all indications are that little has changed ovger time.
' 4
This congruence would be unlikely to hold if the factor loadings were subject to structural brea:}cs

!

or considerable instability.

In addition, we have also checked for the stability of coefficients in the regression of ti’le
§
‘factors on the cyclical component of real GDP (equation (5)). This was done by re-estimating

the regression for the period 1961-2004 (instead of 1950-2004) and recursively rolling back the
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estimation to the last point for which reasonably reliable data on real GDP exists.!® The results
plotted in Figure 4 show that the backcasting equation c;)efﬁc:ients are reasonably stable over the
1930-60 period (1940-60 for Chile); only in the case of Mexico between 1921 and 1925 is there
evidence of jsome instability. But since the real GDP figures used to compute the recursion over the
period in the early post-revolutionary period for Mexico are likely to be marred by measurement
problems before the Banco de Mexico centralized the compilation of macroeconomic data in 1925,

this should not be surprising.

Overall, the results above make a simple but import%mt point. E\.fen when thé common factors
are extracted from a dataset containing a limited number of series on output ‘gTowth, they track the
real GDP cycle well. This may not be overly surprising Since we selected variables that economic
t;héory suggests should be chosely related to cyclical acti;vity. Yet, this evidence underscores the
robustness of backcasting inferences on the aggregate output cycle once they are based on a sensible

combination of fiscal, financial, sectorial and external variables.

4.3.3 Gains from Using Extended Data Set

Although our results do not appear to be sensitive to the particular choice of factor estimation
methodology, number of factors or sample period used to estimate the factor loadings or projection
coefficients, one might ask what the value-added is of using as wide a set of variables as that
adopted here when constructing the common factors. To-r?;nswer this, we compare in Figure 5 plots

of the first common factor constructed using our extensi\l:re data set on sectoral output, financial,

i

fiscal and trade variables against that using only sectoral :;)utput variables. Common factors based

exclusively on sectoral output data are far smoother than those based on the wider set of variables.

1®While, as discussed in the text, pre-war data on GDP for all the countries are considerably less reliable than
post-war official data, we thought it would still be worthwhile to compare the stability of the backcasting regression
coefficients against some of the existing pre-war data as a further robustness check.. Given that data for Argentina,
Brazil and Mexico from the 1920 onwards appear to be of much better quatity (albeit still relying on partial production
data) than pre-1920 data, we extended this recursive stability test to 1920 using this data.
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"This shows up in a failure of the more narrowly constructed common factors in fully accounting for
the depth of the crises in Argentina in 1918 and 1990, in Brazil and Mexico following World War
T and in Chile following the Great Depression. In addition many of the smaller peaks and tronghs

|
- such as the cycle around 1900 in Argentina - are entirely missed by the common factor based on

sectoral output information.

This limitation of the smaller set is not exclusive to Argentina for which we ha.w:z only, two

sectoral variables going back to 1870. Adding industrial outplut for Argentina (a series that becomes
available from 1875) does not overturn this conclusion. Significant gaps also arise for Brazil, Chile,
and even Mexico which has a wider sectoral output data coverage back to the 1870s. Discrepancies
between the two series are not exclusive to the pre-war period, and hence do not seem entirely
attributable to the poorer quality of earlier data; large gaps emerge, for instance, for post-1960

Brazil.

These plots vividly demonstrate the importance to the construction of broad measures of
economic activity of using a wide and varied set of economic variables representing not just a
few sectoral output series. In other words, fiscal, financial and external trade variables play an

important role in filling the gap.

4.3.4 Actual vs. Backcasted series: A Test based on US data .

Skeptical readers might object that we have not, so far, provided any direct evidence that our

approach works well in terms of backcasting the cycle. This is true in the sense that the iiame
absence of reliable and broad based historical data on output in Latin America that motivated our

[
analysis also makes it impossible for us to compare our fitted values against realized observations.

To address this concern, we used our approach on the US pre-war cycle. Since the US has

high quality real GDP estimates going back to 1870, we can directly compare model predictions
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and “actual” values (or, to be precise, resonably accurate estimates of the “actual” value). For this
test to be informative for our analysis, it is important that we use a set of US variables similar to
those used for the four Latin American countries, even thbugﬁ mtuch greater data availability for
the US would have allowed us to include many more variables in the estimation of the factor model.
With this consideration in mind, we stack the deck against our approach by backcasting the US

pre-war cycle based on an even smaller set of variables (18 in total, as described in the Appendix})

than those for the four Latin American countries.

Table 3 reports the R2-values of the various estimation methods.!! The fit of the various
factor models over the 1950-2004 period is very good, with R?--values around 0.80. The last
column also indicates that our backcasted cycle closely tracks Balke and Gordon’s (1989) revised
estimate of US real GDP, which we detrend by an HP filter and plot in Figure 6 together with our
estimates.!2 Clearly the fit is not perfect - with the largest discrepancy emerging during the World

War II boom; yet, the overwhelming majority of cyclical turning points is consistently picked up

by both indices.!3

This exercise indicates that application of our backcasting methodology to a sufficiently
representative set of macroeconomic and segtoral variables can yield a very close proxy of actual
cyclical fluctuations in US real GDP. To the extent that the in-sample fit for the post-war period
is even higher for some of the Latin Armerican countries shown above—and recalling that the span
of variables is larger—this suggests that our approach is very likely to be picking up turning points

and cyclical variations in these economies quite accurately.

“The loadings of the fitted model over 1870-2004 are not reported to conserve on space but are available from the
authors upon request. !

2 As shown in Table 3, using Romer’s (1989) lower volatility estimate of U3 pre-1929 GDP, the fit is less tight but
only shightly so. For instance, for the SW estimator with 3 factors, the R® using Romer's pre-1929 GDP data is 0.83
as opposed to (.86 for the Balke and Gordon estimates.

“nterestingly, the very high amplitude of the World War I cycle in the Balke and Gordon estimates is not shared
by an earlier {and previously widely used) indicator of US GDP by Kuznets (1961). In fact, the Kuznets index (not
shown to avoid cluttering but available from the authors upon request) and our index show a positive output gap of
around 15 percent in 1944 as opposed to nearly 25 percent in the Balke and Gordon index.
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4.3.5 ’i‘racking History

L
As a final robustness check we ask how well the backcasted series square with qua,litativé historical

evidence on events deemed to belmajor economic turning points in these countries. Figurie 7 re]:a.tes
the two. Starting with pre-war Argentina, the index picks up all economic downturns fassocilfated
with well-known world events - notably the stock mmket crashes in Europe and the US in ;l873
and the ensuing global economic depression, the 1890 Barings crisis, the 1907 ﬁnancial;panic; the
|
two world wars, and the Great Depression of the 1930s. Likewise, major post-WWII shocksf are
also conspicuously picked up as turning points in our index, notably the boom and bust in \\i:'orld
commodity prices associated with the Korean War in the early 1950s, the oil price shocks oi? the
1970;‘, the early 1982-83 debt crisis, as well as the emerging market crises of the 1990s (the 19%4—95
:

“Tequila” crisis and the Asia and Russia crises of 1997-98). A glance at Figure 7 also indi¢ates

: !
that such a juxtaposition of cyclical turning points in country indices with major global economic

events is broadly corroborated for Brazil, Chile, and Mexico.'4 J;

In addition, the portrait of history provided by our index is consistent with narrati\;!e evidence

about the macroeconomic repercussions of key country-specific events. In the case of Brazil, the

index picks up the mini downturn associated with the 1888 political unrest (end of Silaveryl and
the republican transition) as well as the subsequent boom (the “Encilbamento*) stemméing frc:Jm a
liberal mc;netary reform that brought about an unprecedented hoom in domestic credit:; and asset
valuationé in 1889-90 (see Trinner, 2000). The Brazil index tracks equally well what is deemed

to have been one of Brazil’s most protracted recessions which culminated in the country’s first

sovereign default and the debt rescheduling arrangements under the auspices of the Rothchilds in

"In contrast with Argentina, Brazil and Chile were little affected by the 1994-95 Mexican crisis partly due to
offsetting domestic developments. In the case of Brazil, a successful stabilization plan in 1994 and renewed political
stability set off a domestic demand boom in the following year. In the case of Chile, stronger trade linkages with
Asia, low public debt, and a significant improvement in external terms of trade limited the disruptive effects of the
Tequila erisis on the domestic economy (see Singh et al., 2005).
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1898 (see Fritsch, 1988).° As for Chile, our index highlights the upturn of 1879-82 associated with
the “War of the Pacific (against Peru), the downturn around the country’s exit from the gold
standard in 1898 (Llona Rodriguez, 2000), as well as the severity of the 1929-32 depression in Chile
due to plummeting terms of trade (Diaz-Alejandro, 1984}, Both in Argentina and Chile as well as
(to a lesser extent) Brazil, the index identifies clear turning points around the military coups of the

1960s and 1970s.

Finally, the Mexico index yields a picture of econon"lic fluctuations that is remarkably
consistent with that depicted by Mexican historiography startiing with the 1879-82 upturn that is
typically associated with the onset of the new regime headed by General Porfirio Diaz {(Cardenas,
1997). Likewise, the subsequent recession, which takes plac.e in the wake of the US economic
slowdown of 1883-84, is clearly depicted; its 1885 trough cbincides with the well-documented
austerity plan imposed by Diaz’s finance minister Manuel bublan that involved a temporary
suspension of payments on domestic public debt (Marichal, 2002). This was followed by an upswing
associated with Mexico’s renewed access to international capital markets in the wake of the 1886-87
external debt settlement, which was later brought to a halt by a sharp worldwide fall in silver prices
(Mexico’s main export item) coupled with a severe downturn in the United States and sudden stop
in capital flows to emerging markets in the early 1890s {c.f. Catdo and Solomou, 2005). Finally,
our business cycle index also provides a new measure of the severity of the economic dou;nturn
associated with the Mexican Revolution of 1911-20 identifying a trough around 1915-16—these

were the years when the revolutionary conflict peaked and chaotic monetary conditions triggered

a hyperinflation (Cardenas and Manns, 1987).

¥ Unlike several Latin American countries which defaulted on their external debts {and some also on their domestic
debts) more than once throughout the 19th century, Brazil consistently serviced its sovereign debt obligations until
this time.
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4.4 Stylized Business Cycle Facts | | i
S

Armed with the business cycle indicators for the four countries, we turn to the task of establishing
some stylized facts about the four countries’ business cycles. We start with dating the respective

turning points. A classic device to this end, which is also consistent with our definition of the

.
business cycle as output deviations from a stochastic or deterministic trend, is the Bry and Boscham

1971} algorithm.1® It consists of a sequence of procedures starting with the search for extr!éme
E: . g | i

values in order to eliminate (near-) permanent jumps in the series associated with outlier.:s, follog'wed
by the use of centered moving averages and the search for local maxima or minima within a ché)sen
window length.!” To permit the identification of both shorter and longer cycles, Panels A and
B of Table 4 report results based on two-year and six-year windows, respectively. As expected,
the algorithm identifies peaks and troughs that are broadly consistent with a visual inépecti@n of

. . : . . | ‘
Figure 7. When the narrow window is used, the average duration of the cycle is Shortf:r ovém]l,

\
‘ \
more $¢ during the post-war era. This finding is consistent with evidence of the shortening busi}ness

cycle length among advanced countries (see, e.g., Gordon, 1986). Using a longer windo\fv, Panel B
\
indicates that the pre-cycle is dominated by the Kuznets or long swings, with similar turning pcj)ints

i
as those identified in the literature on Anglo-saxon economies (Solomou, 1987). This evidence is

li
further reinforced by spectral density function estimates of the individual country indices, \Y_hich
i ) '

d | I
poiut to a dominant cyclical length around 14 to 16 years during the 1870-1930 perithI (a typical

t I -

1

Kuznets-swing length), followed by a 10-12 year cycle in post-war data (Table 5). : !

i
S An alternative dating procedure which also builds on the Bry and Boschan approach has been advanced by
Harding and Pagan (2002). Their procedure has been designed for use with quartely data and growth cycles rather
than with measures of the output gap. As discussed in Marcellino (2005), measuring the cycle as deviations from
trend as we do is a more suitable procedure in contexis where absolute declines in output are not so rare, as in our
group of countries over the past century. Conversely, the concept of a growth cycle is more analytically relevant when
absolute declines in output are very rare and growth rates are reasonably persistent, as in Western Europe in the
early post-war decades. Most of the recent empirical literature on business cycle identification and measurement has
focused on the classical cycle defined in terms of deviations from trend (stachastic or deterministic).
"See King and Plosser {1984) and Watson (1994) for further details and application to US data, for which the

algorithm closely replicates the dating by the NBER's panel of experts. i

] i
! |
j |

fl
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In sum, both the Bry and Bosham algorithm and the spectral density function estimates
point to a reasonably long average cyclical duration in all four countries. The dominant cyclical
pattern was generally longer in the pre-1930 era, but even in the post-World War I period, cycles
in Latin America were substantially more protracted than in the United States and other advanced

countries.

Against this background, Tables 6 and 7 report a set of descriptive statistics that help
characterize other stylized facts about Latin America’s businesjs cycles from a broad cross-country
historical perspective. First, standard deviations corroborate the perception that Latin America has
been a more cyclically volatile region than both countries deemed advanced by today’s definition as
well as countries such as Australia, Canada and Japan thél.t were considered “emerging economies”
in the pre-war world. This volatility gap between the twé groups has changed over time, however.
The four Latin countries were clearly far more volatile in:éthe early globalization period before the
19303 ) characterized as it was by free capital mobility and very limited quantitative restrictions on
trade. Conversely, there is evidence that the inward growth policies did succeed in fending these
countries off global instability in the 1930-70 sub-period, when global volatility generally rose,
partly due to the recovery from the 1929-32 depression and war shocks. This appears reflected in
the higher standard deviation of the cutput gap among advanced countries during the period as
well as among a group of other developing countries for which pre-war GDP estimates are available
{India, Indonesia, Korea, Malaysia, Sri Lanka, South Africa, Taiwan, and Turkey). But as output
gap volatility came down in advanced countries in the post-;19605 period (notwithstanding two
oil shocks and dramatic changes in policy regimes), cyclical volatility in Latin America remained
relatively hi.gh; only in the post-debt crisis period has Latin American cyclical volatility declined
markedly compared to earlier levels. Further, Table 7 shows that this decline in cyclical volatility
over the past 15 years or so has not been a preserve of Latin America but is also observed in other

regions of the developing world - partly reflecting lower real interest rate and output volatility in
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1
the US and other advanced countries (see Table 8). Yet, despite being low relative toi its earlier

historical record, business cycle volatility in Latin America still remains higher than in advanced

: i
countries as well as relative to Asian developing countries. Rolling standard deviations ol? the

output gap in Figure 8 summarize this broad overview of volatility trends in the region by plo{;ting

both individual country trends as well as that of the common regional cycle {extracted as discussed

below).

Table 8 focuses on key drivers of aggregate business ¢ycles in the four economies, once again
| .

broken down by sub-periods. The table clearly highlights some stylized facts that have be:en stréssed
; | |

in previo'ﬁs studies (Backus and Kehoe, 1992; Mendoza, 1995; Basu and Taylor, 1999; Agénér et
.: 1

. : I
al. 2000). First, cyclical volatility in fixed investment is much higher than that of output. Seq|oncl,
. !
, l'

and consistent with the findings of Backus and Kehoe {1992) for advanced countries, government

spending volatility is higher than output volatility. For -all four countries and across all sub-

periods, the magnitude of two simple gauges of government-induced volatility—the real government

expenditure cycle and the ratio of public expenditure to revenues—is staggering. Coilpled with
: ‘ .

the positive loadings of the real government expenditure variable on the first (pro—cyclical) fe{nctor‘
in Table 1—and with all the caveats about some inevitable endogeneity of this or ind:eed of any
measure of the fiscal stance—this provides a prima facie case that changes in fiscal stances have
been important drivers of the business cyclé in these countries. This finding squares well with the

post-1960 evidence on strong fiscal procyclicality in these countries provided in Kaminsky, Reilihart
i | |
and Végh (2004) who use the cyclical component of real government spending as their n:min gauge.

! i : | i
: : |
Third, the volatility of monetary aggregates (expressed in real terms) is smaller than that of

1.
the fiscal variables with the exception of Argentina and Brazil over the past two decades and Chile

in the 1970s reflecting bouts of high- and hyper-inflation in these countries. Interestingly, however,
\
|

inflation has been broadly counter-cyclical (see Table 1), in stark contrast with the Phillips-curve
. { ‘

trade-off which is usually deemed to hold at least among advanced countries. The coun'ter-c.yl‘:lical
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behavior of inflation makes the apparent procyclicality of real wages (see Table 1) consistent both
with models based on short-run nominal wage stickiness as well as with real business cycle models
which emphasize the dominant role of technology shocks in shifting the labor demand schedule over
business cycle frequencies. Finally, terms of trade fluctuations are highly procyclical and, consistent
with earlier work (Mendoza, 1995), emerge as an important (and more clearly £X0genous) source
of output volatility. While this may not be particularly sﬁrprising given that all four countries
have mainly been primary commodity exporters for much of; the period (the manufacturing share
of Brazil’s and Mexico’s exports only became prominent over the past couple of decades), it is still
instructivé to observe the sheer magnitude of the phenomenon. To the extent that terms of trade
volatility has important welfare implications and is usually aséociated with poorer long-term growth
performance (Blattman, Hwang, and Williamson, 2005), this emerges as an important feature of

the data. .

A final set of stylized facts that we document can be gleaned from & look at Figure 7, which
shows that several major business cycle turning points—such as those of the early 1890s, World War
I, the early 1930s and the carly 1980s—are common to all or most of the four countries. A formal
measure of such synchronicity is the concordance index proposed by Harding and Pagan (2002).
It consists of a non-parametric measure of the relative frequency at which countries are jointly
undergoing an expansion or a contraction phase gauged by a binary indicator. Table 9 reports
the respective statistic which ranges from a minimum of zero (no concordance) to unity (perfect
concordance). The results indicate that Latin American business cycles have displayed a reasondbly
high degree of synchronization through the 1870-2004 period. This is especially striking in light of
the fact that there has been very little intra-regional trade between these economies until the past
fifteen years or so, and that such synchronization did not decline dramatically during the period from
the early 1930s to the early 1970s marked by strong trade restrictions and capital controls. These

results indicate the presence of a common regional factor superimposed on the distinct country-

153



i |
i !

specific business cycle drivers. To gauge this hypothesis more formally we use the econometyic

" 1 .
methoclologﬂr from Section 2 to extract common factors from a pooled data set that b'rings !all

four countries’ data together.!® The resulting regional factor jointly loads on the various|country

specific business cycle indicators. Corroborating the concordance metric of Table 9, the'regional

factor generates correlation coefficients between 0.6 and 0.75 with the procyclical factor (F1) of ﬁhe
business cycle indices in the four individual countries.!® This clearly points to a sizeablel regional

. - - 0 - v » . ‘
common component. This is consistent with both the importance of external variables in thJe various

countries’ individual factor loadings (see Table 1), as well as with a long and distinguished l;iteratpre

. . . . ! I
on the roles of foreign interest rates, income shocks in advanced countries, and commodity terms

1
of trade in triggering financial crises and, more generally, driving key macroeconomic aggregates

in Latin America (Diaz-Alejandro, 1984; Fishlow, 1989; Calvo, Leiderman, and Reinhart, 1993;

Fernandez-Arias, 1994; Neumeyer and Perri, 2005).

4.5 Conclusions [

This paper has sought to fill some of the lacuna in the international business cycle l'iterat{lre.
' :
Taking a century long view of the Latin American business cycle allowed us to characterize a ll‘lost

of stylized facts, compare them with existing evidence for other countries, and identify important

: I
differences in business cycle behavior across distinct policy and developmental regimes.
1
\

We have shown that Latin America has historically displayed high cyclical volatilityicompiired
| |

to advanced country and other relevant benchmarks. Further, this volatility has been time-varying.

It was highest during the early globalization era of the late 19th and early 20th century—precisely

B The results are essentially the same, irrespective of whether we exclude or include the foreign interest rat&i and
advanced countries’” GDP in the panel. The results reported exclude the two external variables, if anythmg thus
stacking the deck against finding sizeable co-movement. i

YThe respective plots and sub-period descriptive statistics are not reported to conserve on space but are avajlable
froin the authors upon request. |

bl
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during the formative years of key national institutions—then declined markedly over the four decades
since the great depression. Yet, we have also shown that after Bouncing back in the wake of the large
global shocks of the 1970s and early 1980s (Bretton Woods abandonment, oil price and interest rate
shocks), business cycle volatility in Latin America subseque.ntly declined to near historical lows.
Since this coincides with greater trade and financial openness, a prima-facie link between business
cycle volatility and openness is unwarranted looking at thel period as a whole. Lower external
volatility in output and interest rates over the past fifteen yéars or s0 is certainly a set of factors
at play; more stable ﬁscal and monetary policies is another, which also helps explain the different

volatility performances across countries amidst the general downward trend.

The paper’s other main finding is that such volatility has been strikingly coupled with high
business cycle persistence. Since the welfare costs of business cycles are known to rise on both
volatility and persistence, the attendant welfare losses have been non-trivial. While it is beyond
the scope of our analysis to probe further into the sources of output persistence in the four countries,
there is cross-country evidence suggesting that the role of domestic institutions and their constraints
on policy making are key (Acemoglu, Johnson, and Robinson, 2005). In addition, to the extent that
external developments have themselves been a main source of such persistent shocks via commodity
terms of trade and macroeconomic conditions in advanced countries, this has made the task of

stabilization policies all the more difficult throughout the region.

We have also shown that several empirical regularities highlighted in the existing business
cycle literature readily apply to the four countries. One set of regularities pertains to the
countercyclicality of trade balances and the much higher cyclical amplitude of both fixed investment
and real government spending relative to output. Indeed, using the simple yardstick of the
co-movement between real government expenditures and the output cycle employed elsewhere
{Kaminsky, Reinhart and Végh, 2004}, we find that fiscal policy has been procylical in all four

countries. A comparison between the volatility of external aggregates such as the output gap in the
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G-7 countries and external interest rates, and the volatility of demestic aggregates such as public
expenditures and revenues as well as, to a lesser extent, real money indicate, if anything, tk:nat
domestic amplification mechanisms have played a key role. 'This suggest that these mejchanis‘ms

deserves close scrutiny by future research on business cycles in these countries. i I

Finally, our common factor framework also allowed us to identify a sizeable reg;iona.li comnzlon
component‘l,j in Latin American business cycles. Since trade linkages between these econox?nies hf;mve
been small well into the 1980s, and as capital market linkages remain so to date, this flighlig;hts
the role of global factors in driving such a regional common cycle. This evidence is éonsist?‘;ent
with a long literature on the roles of external factors in both triggering financial crises (?g D‘ia.z—'
Alejandro, 1984; Fishlow, 1988) and driving key macroeconomic aggregates in the regign (Cailvo,
Leiderman and Reinhart, 1993; Fernandez-Arias, 1994; Neumeyer and Pe;ri, 2005}, as w?ll as \}fith
the ﬁndin_gs of more general and recent studies emphasizing the role of international ;fa,ctori; in
individual countries’ business cycles (Kose, Otrok, Whiteman, 2003; Canova 2004). In {'extenciing

these findings to Latin America based on wider time series evidence, the results presented inﬁhis

paper further highlight the limited scope that regional risk-sharing has had historically.

!

Y e
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4.6 Appendix A: Data Construction and Sources

4.6.1 Argentina

Agricultural Output

1900-1960: Banco Central de Argentina (1976) ' : i

1961-2004: World Bank, World Development Database.

Industrial Qutput ; "

]
1875-1960: della Paclera and Taylor (2003) {

1961-2004: World Bank, World Development Database. i I;

Transport Qutput I

1
b

1870-1960: Geometric weighted average of passengers and tons of freight per kilometers times to!tal raiixvay
road extension; then spliced in 1913 with the index provided in Carlos F. Diaz-Alejandro, 1970, Essays

on the Economic History of the Argentine Republic. Yale. ‘

Cement Consumption

1870-1913: Total cement imports in tons from the United Kingdom and the United States, which together
: 1 .

accounted for no less than between 60 to 70 percent of Argentina's total cement imports. The sources

are the United Kingdom, Board of Trade, Annual Statements of the Trade of the United Ki?gdorn‘with

Foreign Countries and British Possessions. London: HMSO. Commerce and Navigation, several issues;

|
and the United States, Foreign Commerce, Navigation and Tonnage of the United States, Washington,
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| . . o
DC: Department of Labor, several issites. Because a local cement industry was non-existing before
World War I, all domestic consumption of cement was then met by impotts. So this newly constructed

sertes for the period should be expected to a good proxy for domestic canstruction activity.

1913-2000: Oxford Latin American Economic History database, available at

http://oxlad.qeh.ox.ac.uk/. .

2001-2004: Instituto Nacional (ile Estadisticas y Census de la Republica Argentina, available at:

www.indec.mecon.ar/.
Fixed Investment |

1870-1884: Capital goods imports from the United Kingdom and the United States (converted into

equivalent pounds sterling) and deflated by the UK capital good detlator taken from Charles H.
Feinstein, 1972, Statistical ’{'ables of National Income, Expenditure and Qutput of ‘the United
Kingdom, 1855-1965, Cambrid ge. Since the domestic capital goods industry was virtually non-existent
in Argentina before World War 1 (being in fact relatively negl%gible before WWII - see Diaz-Alejandro,
1970), and because the UK and the US were the t.wo': most important suppliers of capital goods to
Argentina, such imported capital goods series should ‘be expected proxy very well aggregate fixed

-
capital formation in the couniry in those early decades.

L

1885-1960: della Paolera and Taylo} (2003).

1961-2004: International Financial lSi:a,tistics (IFS), International Monetary Fund.
Central Government Expenditures and Revenues

1870-1960: Brian M. Mitchell, 1998,‘ International Historical Statistics: The Americas, London.
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1961-2004: Luis A.V. Catdo and Marco E. Terrones, 2005, “Fiscal Deficits and Inflation” J(l)urnallof

. . ) J [
Monetary Econormics, 52, 529-554. Both series are expressed in real terms by deflating them by the
i I

consumer price index (CPI).

Narrow (M0) and Broad Money (M2)

1870-1960: Mitchell, op cit.

1961-2004: IFS. Both series expressed in real terms by defating them by the CPIL.
Consumer Price Index (CPI)

1870-1913:' Catdo and Solomou (2005).
1914-1960: della Paolera and Taylor (2003) | )

1961-2004: IFS. _ n

Average Interest Rate on Domestic Public Bonds
, i i
oo
1870-1913: ‘Monetary and Banking Experiments in Argentina: 1861-1930°, Paper presented at i the
: P
conference, ‘Economic Growth in the Long Run: Argentina, Brazil and Mexico, 1870-191}50’ at’ the

Institute of Latin American Studies, University of London, March, 1992. | ‘

| |
1914-1993: della Paolera and Javier Ortiz, 1995, Dinero, Intermediacion Financiera y nivels de act‘.ivlidad
en 110 anos de historia economica Argentina. Documentos de Trabajo 36 (December), Universida
f i
Torcuato di Tella. . |
il ' !

1993-2004: IFS (line 60p). Real interest rate series obtained by deflating annual nominal yields by current

period CPI inflation.
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Export and Import volumes and Net Barter Terms of Trade

1870-1913: Catdio and Solomou (2005).

1914-1960: Oxiord Latin American Economic History database, available at

http://oxlad.geh.ox.ac.uk/.

1961-2004: IFS.

Real Effective Exchanglge Rate

|

: |
1870-1913: Catdo and Solomou (2005).

1914-2004: CPI-based geometric weiighted averages of Argentina’s real bilateral exchange rates with its eight
largest trading partners (cove}ing between 67 and 80 percent of visible trade).?® Fisher ideal indices
were derived for the sub-periods 1914-1946 and 1946-20047(based on 1913 and 1938, and 1960 and
2000 weights respectively), and then spliced at 1946. Nominal exchange rates for the entire post-war
period are market rates underlying Carmen M. and Kenneth S. Rogoff, 2004, “The Modern History
of Exchange Rate Arrangements: A Reinterpretation,” Quarterly Journal of Economics, CXIX, No.1,

pp.1-48.

Net Foreign Capital Inflows

1870-1960: Obtained by splicing the series on UK capital flows to Argentina provided in Stone, Irving, 1999,

The Global Export of Capital from Great Britain, 1865-1914: A Statistical Survey, New York, with

a post-1884 series on net capita.% inflows constructed as changes in end-year net international reserves

2The choice of GDP deflator rather than a CPI-based index was determined by the deficiencies of the
existing CPI series during the period ﬂST&'IQlB, compared to an existing series based on production weights
(therefore mimicking a GDP deflator) which covers a much extensive range of products and constructed
based on weights from national production censuses.

I
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. . ; \
expressed in USS million (obtained from Gerardo della Paolera, 1988, “How the Argentine Economy
|

Performed During the Infernational Gold Standard: A Re—examination”, PhD thesis, University of
C,hlczwo for 1870-1913 then with the Cavallo-Mundlak series, as kindly supplied by Ala.n Ta ylor)
minus the current account balance (also expressed in USS$ millions) provided in della Paolera alnd

1 i i
Taylor (2003). The splicing of the two series is warranted by the fact that the UK was by far t?he

most important souce of foreign capital fluws to Argentina before World War [ {and pd.rtlcula.rly prlor

to 1890), and evidence that the two series co-move tightly together in the 1884-1913 penod w;th a
.
! [

1961-2004: Also obtained as the difference between changes in international reserves and the current accohnt
: !

correlation coefficient of 0.81.

balance, both as reported by the IFS. The resulting nominal series in US dollars was then deﬂaqted

i t
by the US Wholesale price index {WPI) obtained from Global Financial Database {or the per!iod
1 |

1870-1947 and the IFS for 1948-2004. . : [

|
. i
Wages 1 1

i ;
1870-1913: Jeffrey G. Williamson, “The Evolution of Global Labor Markets Since 1830", Explorations in

Economic History, 32 {2), 1995, pp. 141-96. 1 !
o
1914-1980: della Paclera and Taylor (2003). ; ‘ |
i ; |
1981-2004: IME’s WEO database. This series was then deflated by CPI to obtain the real wage inde}%.
d 7 , |]

Foreign 3-month bill rate | ]

|
1870-1920: Annual average yields of 3-month bills on the London market provided in Sidney Holmer and

Richard Sillas, 1996, A History of Interest Rates, Rutgers. ‘ |

‘ . \
1921-2004: Annual average yields of the US 3-month Treasury Bill provided in the same spurce.i The

choice of 1920 as the splicing point was due to the unavailability of the US instrument prior to 1920.
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Both series were deflated by the respective countries’ CPI inflation, obtained from Catao and Solomou

(2005) for 1870-1913, Mitchell, op cit (1914-1960) and the IFS (1961-2004).

Foreign Output 1’
I

Sum of France's, Germany's, UK’s and US’s GDP, all expressed in 1990 PPP constant dollars from Maddison

(2003).

i
Population at mid—year';

1870-1960: Maddison (2003).

1961-2004: 1FS (2003).

4.6.2 Brazil

Agricultural and Manufacturing Output

1900-1946:- Haddad (1978).

1947-2004: Instituto Brasileiro de Geografia e Estatistica, available

at http://www IBGE.gov.br.

Transport OQutput

1870-1907: Average of freight and passenger transported in railways, using 1908 weights provided in Haddad
{1978).

1908-1946: Haddad (1978). 1
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1347-2004: Instituto Brasileiro de Geografia e Estatistica, available : { J

at http://www. IBGE.gov.br. | |
i | |;
Communications Qutput I iJ
! j

H
4

1870-1907:. Average of mail and telegraph trafic in the national postal system, weighted according to current

! :
1889 values provided in Instituto Brasileiro de Geografia e Estatistica, 1987. Estatisticas 1I-Iistéril'g:a.s;

do Brasil, Rio de Janeiro, IBGE.

1908-1946: Haddad (1978). ' | .

1947-2004: Instituto Brasileiro de Geografia e Estatistica, available

at http://www.IBGE.gov.br. i {

Cement Consumption ! ’1

1870-1901: Cement imports from the France, Gerinany, the UK, and the US, obtained from these countries’

own trade statement data (see above). Since these four countries accounted for betweeni?f') amli 85

percent of total Brazilian imports {(see IBGE, op.cit., pp. 545-49) and all cement consumed in Brazil

at the time was imported, this newly constructed series is very representative of aggregate cement

consumption and hence a good proxy for dotmestic construction activity. : |

1902-1945: Anibal V. Villela and Wilson Suzigan, 1975, Politica do Governo e Crescimento dzi Econ!31nia

Brasileira 1889-1945, p.423. |
! |
1945-2004: Instituto Brasileiro de Geografia e Estatistica, available : | [

at http://www.IBGE.gov.br; and IPEA database. _ :

Machinery Investment

170



1870-1913: Wilson Suzigan, Industria Brasileira. Origens e Desenvolvimento, Sio Paulo, 1936.
1913-2004: Instituto Brasileiro delGeograﬁa e Estatistica, available

|

Central Government Expenditures and Revenues

| l
|

at http://www. IBGE.gov.br.

-1870-1960: IBGE, op. cit.

1961-2004: Luis A.V. Catido andearco E. Terrones, 2005, “Fiscal Deficits and Inflation,” Journal of

Monetary Economics, 52, 520-554. Both series are expressed in real terms by deflating them by the

GDP deflator.
Narrow (M1) and Broad Money (M2}

1870-1960: IBGE, op. cit.

1961-2004: IFS. Both series expressed in real termns by deflating them by the GDP deflator.

GDP deflator : !

1870-1913: Catdo and Solomou (2005).
1914-1960: IBGE, op cit. \

1961-2004: IFS.

Domestic Interest Rate

1870-1961; yields on government perpetuities {“apolices™). Pre-1930 data kindly provided by Bill

Summerhill and Cail Trinner based on their research with Brazilian historical archieves. Post-1%30
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Cd

data from Claudio Contador, 1975, O Mercado de Ativos Financeiros no Brasil. Perspectiva fhistori'ca
. i I

e comportamento recente. Rio de Janeiro.
! l

dit.

1965-1980: Equivalent nominal yield on inflation indexed public bonds {ORTNSs), from Goldsmitli, op.
4 | I

The gap between the apolice series and the ORTN series was bridged by linear interpolatior.

il . : |

1981-2004: Money market interest rate from IFS. Real interest rate series obtained by deﬂathl';g anni:al
’ 1 [k

nominal yields by current annual percentage changes in the GDP deflator.

External Interest Rate Spread

1870-1913: Mauro, Paolo, N. Sussman and Y. Yafeh, 2002, “Emerging Market Spreads: Then versus No['w,”

Quarferly Journal of Economics, CXVIL | '
. | i

1914-1956: Global Financial Data. i ’
M ! |

1968-1936: Eliana Cardoso and Albert Fishlow, “The Macroeconomics of Brazilian External D:ebt,” i||51 J.
Sachs (ed.), Developing Country Debt and Economic Performance. Chicago, 269-391 i |
Al | H

: |
1987-1993: Estimated as the one-year libor interest rate plus a 400 basis points spread minus the US 16-year

| |:
i I

bond interest rate.

1.
i

i
1993-2004: IMF’s giobal data source database. Real interest rate series obtained by deflating anll;nual

nominal yields by current period CPI inflation.
. | I

Ex‘portf‘aind Import volumes and Net Barter Terms of Trade ! b

1870-1913: Catédo and Solomou (2005). ‘

1914-1960: Instituto Brasileiro de Geografia e Estatistica, available C “
at http://www IBGE.gov.br ‘ |
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1961-2004: [FS.

Real Effective Exchange Rate

1870-1913: Catio and Solomou (20|05}.

!

1914-2004: GDP deflator-based geoimetric weighted averages of Bre:.zil’s real bilateral exchange rates with its
eight largest trading partners (icovering between 64 and 75 per:cent of visible trade). Fisher ideal indices
were derived for the sub—periods 1914-1946 and 1946-2004 (based on 1913 and 1938, and 1960 and 2000
weights respectively), and then spliced at 1946. Nominal exchange rates for the whole post-WWII
period are market rates underilying Carmen M. and Kenneth S. Rogoff, 2004, “The Modern History

of Exchange Rate Arrangemenits: A Reinterpretation,” Quarterly Journal of Economics, CXIX, No.l,

pp. E-48.
Wages

1870-1940: Jeffrey G. Williamson, {The Evolution of Global Labor Markets Since 1830”, Explorations in

Economic History, 32 (2), 1995, pp. 141-96.

1940-1955: IBGE, op cit..

1955-1976: Raymond Goldsmith, 1986, O Desenvolvimento Financeiro do Brasil, Sao Paulo.

1977-2004: IBGE, op cit..
Foreign 3-month bill rate and Foreign Output
The same as for Argentina.

Population at mid-year
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1870-1960: Maddison (2003). _' 1

1961-2004: IFS (2003).

4.6.3 Chile
| | i.
Agriculture, Manufacturing and Mining Output '
o

1870-1960: Juan Braun, Matias Braun, Ignacio Briones, José Diaz, Rolf Luders and Gert Wagner, ‘2(;)00,

1 il
"Economia Chilena 1810-1995: Estadisticas Histdricas”, Documento de Trabajo No. 187, Catholic

University of Chile, Instituto de Economia.

1961-2004: World Development database, World Bank, and Cenﬁral Bank of Chile. ,

Machinery Investment

1870-1900: Capital goods imports from the United Kingdom and the United States (con\i'erted i:mto
i . i

equivalent pounds sterling) and deflated by the UK capital good deflator taken from Clmr!e§ H.

Feinstein, 1972, Statistical Tables of National Income, Expenditure and Output of tjhe Un;it.ed

Kingdom, 1855-1965, Cambridge. I

1901-1990: Andre Hoffman, 2000, The Economic Development of Latin Ametica in the Twentieth Century,

Cheltenham (pp. 190-91, Table D2). ‘ '|

1991-2004: Central Bank of Chile, ibid. | |g
Central Government Expenditures and Revenues |

1870-1960: Brian M. Mitchell, 1998, International Historical Statistics: The Americas, LOHdOl’ll. :
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1961-2004: Luis A.V. Catio and Marco E. Terrones, 2005, “Fiscal Deficits and Inflation,” Journal of
Monetary Economics, 52, 529-554. Both series are expressed in real terms by deflating them by the

l

consumer price index (CPI).1
Narrow Money (MO) alnd Broad Money (M2)

1870-1878: Mo calculated as paper money issued minus banks’ cash-in-vault, both taken from Llona
1
! '

Rodriguez, Agustin, Chilea.n; Monetary Policy 1870-1925, PhD thesis, Boston University; M2 from

|
Braun et al, op.cit. !
|

1879-1960: Mo from Miichell, op ciit.; M2 from Braun et al. op.cit.

]

1961-2004: IFS. Both series expresl'sed in real terms by deflating them by the CPL
Mortgage Credit

1870-1995: Braun et al. (1995). |

1995-2004: Central Bank of Chile. |

i
Consumer Price Index (CPI)

1870-1913: Catdo and Solomou (2005).
1914-1960: Mitchell, op cit.

1961-2004: IFS.
Domestic Interest Rate '

: |
1870-1993: Bank lending rate from Braun et al, op cit.
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i , i
1993-2004: IFS (line 60p). Real interest rate series obtained by deflating annual nominal yields by current

period CPI inflation.

Export and Import volumes and Net Barter Terms of Trade .

1870-1913: Catdo and Solomon (2005). I
1 ' I

1914-1860: Braun et al, op.cit. ; i

1961-2004: 1FS.

Real Effective Exchange Rate

1870-1913: -Catéo and Solomou (2009). .
1

1914-2004: CPL-based geometric weighted averages of real bilateral exchange rates with up to Chile's twenty

largest trading partners (covering between 79 and 93 percent of visible trade). Fisher idéal indices

\ :
were derived for the sub-periods 1914-1946 and 1946-2004 (based on 1913 and 1938, and 1960 and 2000
| '

_ ‘ . ‘
weights respectively), and then spliced at 1946. Nominal exchange rates for the whole plost-W.WII
period are market rates underlying Carmen M. and Kenneth S. Rogoff, 2004, “The Modeirn History

. |
of Exchange Rate Arrangements: A Reinterpretation,” Quarterly Journal of Economics, CXIX, No.l1,

1

pp.1-48.

Wages !
i o

1870-1995: Real wage index from Braun et al, op.cit. ‘ 1

1995-2004: Average nominal wage index from IMF’s WEO database, deflated by CPI.

Population at mid-year
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1870-1960: Maddison (2003).

1961-2004: TFS (2003).

4.6.4 Mexico

Agricultural Output

|
1878-1910: Colégio de México, 1960, Estadisticas Economicas del Porfiriato, p.61. Refers to export crop

i ‘ .
sub-index. Converted from a iﬁsca.l to calendar year basis by the averaging of two successive years.
[
% !
'1911-1921: Index constructed as a; weighted average of the output of ten main crops (beans, corn {(maiz),
cotton, coffee, garbanzo, rice,}. sisal, sugar, and tomatoes) weighted by their 1900 (normalized) share

in total value of agricultural ;lJroduction. The information on individual crop output was taken from

INEGI, 1992, Estadisticas Historicas de Mexico, Mexico.
1921-1960: Leopoldo Solis, 1975, L:a Realidade Econéimica Mexicana. Retrovision ¥ PerSpecti.v&. Mexico.

1961-2004: World Development database, World Bank, and INEGI, available at

http://www‘inegi.gob.mx/est/ldefa.ult.asp?c=1601.

Manufacturing Qutput

1878-1910:; Colégio de México, op. cit, p.105. Prior to 1892, the series reflects solely changes in the index of
domestic textile production talfen from Haber, Stephen;', Armando Razo and Noel Maurer, 2003, The
politics of property rights: Poli?ical instability, credible commitments, and economic growth iy Mexico,
1876-1929. Cambridge; Figures for 1879-1882, 1884-87, and 1890 derived by linear interpolation due

to the gaps in the original sourge.
1910-1921: INDEC, op.cit.
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1921-1960: Solis, 1975, op.cit. i

1961-2004: World Development database, World Bank, and INEGI, available at

http://www.inegi.gob.mx/est/default.asp?c=1601.
Mining Ouput

1878-1910: Colégio de México, op. cit, p.135. : !

1911-1921: Weighted average of the output of ten main domestically produced nietals {silver, g,gold, irbn,

graffite, lead, mercury, copper, zinc, antimonio, and lead) as well as oil, welghted according their 1000

value share in total mining output provided in the same source (pp.136-43).
1921-19660; Seolis, 1975, op.cit.
1961-2004: World Development database, World Bank, and INEGI, available at

heep:/ /www.inegi.gob.mx/est/default.asp?c=1601. ' .

Transportation and Communications Qutput ' ,
i
1870-1921: Weighted average of railway freight and passanger traffic (taken from John Coatsworth, Grolwth

Against Development — The Economic Impaci of Railways in Porfirian Mexico, Illinois) and pastal

service traffic, taken from Mitchell, op.cit. . \
1921-1960: Selis, 1975, op.cit.

1961-2004: World Development database, World Bank, and INEGI, available at

http://www inegi.gob.mx/est/default.asp?c=1601.
[ iR hd -

Cement Consumption
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|
i

1870-1931: Cement imports from the UK and the US (by far the two main foreign suppliers), obtained

{from these countries’ own trad

e statement data (see above). From 1906 onwards, when the first plants

of domestic cement production began operations, we add their output {taken from the Oxford Latin

American Economic History d

1932-2000: Oxford Latin American

http:/foxlad.qeh.ox.ac.uk/.

atabase, see above) to imports.

1E]c:onomic History database, available at
‘ :

2001-2004: INEGI, op.cit.

Machinery Investment

i
:

1870-1925: Luis Catdo, 2005, “Exchange Rate and Machinery Investment in Early Development: The Cases

i
of Brazil and Mexico.” International Monetary Fund. Mimeo,.

1925-1940: Enrique Cardenas, 1987, Mexico’s Industrialization during the Great Depression: Public Policy

and Privaie Response, PhD thesis, Yale University. The index is based on the volume of imported

capital goods.

1941-1993: Hoffman, op.cit.

1994-2004: INEGI, op.cit.

Central Government Expenditures and Revenues

1870-1960: IBGE, op. cit.

1961-2004: Luis A.V. Catdo and

Marco E. Terrones, 2005, “Fiscal Deficits and Inflation,” Journal of

Monetary Economics, 52, 529-554. Both series are expressed in real terms by deflating them by the

CPI deflator.
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i I {
! b

Narrow (M0) and Broad Money (M2) . !
1870-1925: Catio, op. cit.
1926-1960: INEGL, op.cit.

1961-2004: IFS. Resulting real series was obtained by CPI deflation.
i

CPI

i
1870-1913: Catéo and Solomou (2005). '|
I

1914-1917; Interpolated assuming relative PPP, given that no domestic data seems available forjthe -

|

. P

hyperinflation period. Assuming PPP is probably not very inaccurate since those ~{rears were
. i \

charéllcterizing by soaring inflation and a hyperinflation (see main text) which typically tends to glign

domestic price movements with the exchange rate.

1918-194(): Williamson, op.cit. !

1941-1960: Mitchell, op.cit. . =

: | 1
il |

1961-2004: IFS. ! ,
i

Export and Import volumes and Net Barter Terms of Trade:

1870-1925: Catdo (2005), op.cit.
1926-1940: Cardenas, op.cit. | |
1941-1960: INEGI, op.cit.

1961-2004: IFS. ’ )
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]
Real Effective Exchange Rate

1870-1913: Catdo and Solomon (2@05).

I

i
1914-2004: CPIl-based geometric \f\reighted averages of Mexico’s real bilateral exchange rates with its six

largest trading partners (cove%ring over 90 percent of visible trade). Fisher ideal indices were derived
for the sub-periods 1914-194}:3 and 1946-2004 (based on 1913 and 1938, and 1960 and 2000 weights
respectively), and then spliced at 1946. Nominal exchange rates for the whole post-WWII period are
market rates undetlying Caminen M. and Kenneth S. Rogoff, 2004, “The Modern History of Exchange
Rate Arrangements: A Reint%zrpretation,” Quarterly Journal of Economics, CXIX, No.1, pp.1-48.

| |

¥
1

Wages
1870-1940: Jeffrey G. Williamson, “The Evolution of Global Labor Markets Since 1830”, Explorations in
Economic History, 32 (2), 1995, pp. 141-96.
1940-1974: Mitchell, op cit..

1974-2004: WEQO and IFS databases.

Foreign 3-month bill rate
|

1870-1920: Annual average yields of 3-month bills on the London market provided in Sidney Holmer and

J
Richard Sillas, 1996, A History of Interest Rates, Rutgers.
| i
1 1921-2004: Annual average yield$ of the US 3-month Treasury Bill provided in the same source. The

choice of 1920 as the splicing] point was due to the unavailability of the US instrument prior to 1920.

Both series were deflated by the respective countries’ CPI inflation, obtained from Catao and Solomou

(2005) for 1870-1913, Mitchell, op cit (1914-1960) and the IFS {1961-2004).-
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Foreign Output

US real GDP in 1990 PPP constant dollars from Maddison (2003).

Population at mid-year

1870-1960: Maddison (2003).
i

1961-2004: IFS (2003).
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4.6.5 United States

Agricultural Qutput

1870-1949: NBER historical databa

-1950-2004; Chained quantity index]

Manufacturing Output

se (output of main crops)

of value added in agriculture, Bureau of Economic Analysis .

1870-1949: Balke and Gordon (198'9), kindly communicated by the authors.

3

1950-2004: Chained quantity index of value added in manufacturing, Bureau of Economic Analysis .

i
Transportation and Communications Output

1876-1949: Balke and Gordon (198

9), kindly communicated by the authors.

1950-2004: Chained quantity inde)|{ of value added in tranportation and information industries, Bureau of

Economic Analysis .

Construction Activity :

1870-1949: Kuznets® construction jseries spliced with the Gottlieb/BLS counterpart, as reported in Balke

and Gordon (1989), kindly communicated by the authors.

1950-2004:Chained quantity indemI of value added in construction, Bureau of Economic Analysis

Machinery Investment

1870-1949: Kuznets' durable producers’ output series {with 5-year moving average unravelled), kindly

provided by Christina Romer.
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1950-2004:- Bureau of Ecouomic Analysis.

Central Government Expenditures and Revenues

1870-1958: Mitchell, op cit..

1959-2004: 1FS.

1
Narrow (M0} and Broad Money (M2)

18:70-19?0::| Bureau of Economic Analysis, Historical Statistics of the United States.

1970-2004: Haver Analytics.

CPI1

1870-1913: Catio and Solomou (2005).

1914-1947: Balke and Gordon (1989)

1948-2004: IFS.

Export and Import volumes and Net Barter Terms of Trade:

187(-1913: Catdo and Solomou {2005}, op.cit.

1914-1959: Bureau of Economic Analysis, Historical Statistics of the United States.

1960-2004: IFS.

Current Account Balance:
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1870-1959: Bureau of Economic Analysis, Historical Statistics of the United States. Calculated by adding
I
the balance of goods and services (series U15) plus net private and government transfers (series UL6

i
and U17). : L

1960-2004: IFS.

Real Effective Exchange Rate
' I
|

1870-1913: Catdo and Solomou (2005).

1914-2004: CPI-based geometric \:;veighted averages of the United States’s real bilateral exchange rates with
17 largest trading partners |(covering over no less than two thirds of its visible trade before World
War II and no less than 80 percent onwards). Fisher ideal indices were derived for the sub-periods
1914-1946 and 1946-2004 (based on 1913 and 1938, and 1970 and 2000 weights respectively}, and then
spliced at 1946. Nominal exchange rates for the whole post-WWII period are market rates undetlying

Carmen M. and Kenneth S. |Rogoff, 2004, “The Modern History of Exchange Rate Arrangements: A

Reinterpretation,” Quarterly, Journal of Economics, CXIX, No.l, pp.1-48.

Wages

1870-1944: Jeffrey G. Williamson, “The Evolution of Global Labor Markets Since 1830”, Explorations in

Economic History, 32 (2), 1995, pp. 141-96.
|
1945-2004: Hourly compensation in manufacturing from IFS deflated by CPI from the same source.

¢
'
1

Foreign 10-year bill rate

1870-1953: Sidney Holmer and Richard Sillas, 1996, A History of Interest Rates, Rutgers.

1954-2004: IFS.
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Foreign Output

Real GDP of Australia, Canada, UK, France, Cermany, [taly and Japan in 1990 PPP constant dollars fram

Maddison (2003) extended with IFS data through 2004.

Population at mid-year : |
:
o
1870-1960: Maddison (2003). o
1961-2004: LF'S (2003). i
i : |

i ‘ |

i
i

i i
; !
| ?
i b
' i
| |
: |
i
i
i
1 f
|
; |
|
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‘Table 4.1: Factor Loadiltxgs

The table reports the eigenvectors associated with the first two common factors constructed from the data sample
covering the period 1870-2004.

| Argentina Brazil Chile Mexico
i F1°  F2 F1 F2 [ Fl F2 F1 F2

Agriculture ' S e - - 003 -021 025 -022

Communication - - 029 -0.11 0 - - - -
Manufacturing - - - - ‘022 029 019 021
Mining Lo - - - 035 -016 026 0.056
Cement < 030 -006 034 -007 - - 021 024
Transportation 035 -005 021 -0.26 - - 0.26 -0.06
Fixed Investment 037 -009 042 002 034 003 030 030
Govt. Expenditures 030 031 02 036 030 008 024 -0.26
Govt. Revenues 031 -0.04 031 022 034 -003 027 -016
Narrow Money 0.9 03% 011 018 011 045 034 -0.13
Broad Money 030 016 005 018 018 042 033 -0.14
Inflation -0.08 030 -0.10 -004 -007 003 -018 -003

Domestic Interest Rate | -0.05 -0.37 -0.07 -0:02 -0.00 -0.33 - -

Mortgage Credit - - - - 005 -0.20 - -
Terms of Trade Q.17 008 027 031 019 006 0.09 0.28
Real Exchange Rate 000 -043 020 --019 010 -043 014 043
Export Volume 004 -0.11 -005 017 031 -025 021 -0.12
Iiport Volume , 036 026 043 -0/06 039 001 028 0.38
Trade Balance 025 024 -03¢ -0.11 -006 -0.16 -0.08 -0.22

External Spread - - 0.03 027 - - - -

Foreign Capital Inflows | 0.23  -0.17 - - - - - -
- Foreign 3m-Thill 1008 -011 008 010 -006 013 017 025
Foreign Output -0.01 011 0,02 -043 026 -000 009 016
Real wage 020 025 002 040 029 -0.06 025 -0.24

Population v 009 020 -010 -0.27 001 012 000 -0.10
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Table 4.2: In-Sample Fit |
The table rcpo: ts the adjusied R-squared for the backcasting equation estimated over the post-war bdmple (1950-
2004). Panel A reports results when the factors are extracted from a panel spanning the period 1870-2004 {1878-2004
for Mexico), while in panel B the factors are extracted from a larger cross-section of variables available during the

sample 1900-2004. All-regressors reports results from the backcasting equation that includes all availablé va.rw.b‘]e:.

The remaining backcasting equations estimate the factors using either the Stock and Watson (2002) approach with
r static factors (SW(r)) or the Forni et al (2000) dynamic factor approach with q, r dynamic and stat:c fa.cl;'orb
respectively (FHLR(q,r)). .

Panel A: 1870-2004

Argentina Brazil Chile Mexico '

All regressors 0.89 0.77 0.91 0.92 1
SW(1) 0.76 051 072 083 | |
, SW(2) 0.81 052 074  0.83 . )
: SW(3) 0.81 069 075  0.86 o i
SW(4) 0.82 071 078 0.87 o
FHLR(1,1) 0.79 047 071 075 |
_ FHLR(1,2) 0.82 067 071  0.76 _ ‘
| FHLR(1,3) 0.81 068 071  0.87 , i
FHLR(1,4) 0.81 067 08 086 :
FHLR(2,1) 0.80 046 067  0.77 ;
FHLR(2,2) 0.81 054 074  0.76 1 }
FHLR(2,3) 0.80 056 074 084 . ]
: FHLR(2,4) 0.80 068 080  0.85 | |

Panel B: 1900-2004 .

i Argentina Brazil Chile Mexico ; i.

All regressors 0.94 0.90 0.91 0.92 '
SW(1) 0.84 065 072 083 ‘
SW(2) 0.88 065 074 0.83 ! \
SW(3) 0.88 083. 075 0.6 ' !
SWi{4) 0.88 084 078 087 ' !
FHLR(1,1) 0.85 061 071 075
FHLR(1,2) 0.87 0.79 071 0.76
FHLR(1,3} 0.88 080 071 087 }
FHLR(1,4) 0.88 0.80 080 086 ' i
! FHLR(2,1) 0.86 060 067 077 ! :
FHLR(2,2) 088 066 074 076
FHLR(2,3) 0.88 070 074 084 4 |
|

FHLR(2,4) 0.88 081 080 085 . ’
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Table 4.3: In-sample and Out-of-sample Fit for the USA

The table reports the adjusted R-squqred for the backcasting equation’ estimated over the post-war sample (1950-
2004} and the pre-war period (1870-1949) with US data. The factors are extracted from a panel spanning the period
1870-2004. For the post-war sample we report the results using the Balke and Gordon series while for the pre-war
peried we report results obtained by u§ing the Balke-Gordon, Romer, and Kuznets estimates.

. I

1 1950-2004 1870-1949
[ Balke-Gordon Balke-Gordon Romer Kuznets
All regressors 0.962 0.893 0.894 0.811
SW(l) ‘ 0.762 0.725 0.681 0.675
-SW(2) 0.758 0.725 0.677 0.730
SW(3) 0.794 0.863 0.832 0.807
SW(4} ‘ 0.800 0.874 0.866 0.805
FHLR(1,1) 0.761 0.763 0.716 0.60%
FHLR(1,2) 0.761 0.764 0.723 0.723
FHLR(1,3} 0.803 0.847 0.823 0.740
FHLR(1,4) 0.802 0.846 0.822 0.737
FHLR(2,1) 0.816 0.802 0.766 0.727
FHLR(2,2) .813 0.809 0.767 0.766
FHLR(2,3) 0.809 0.834 0.804 0.764
FHLR{2,4) 0.819 0.887 0.868 0.790

189




minimum of two years between peaks, while results in Panel B impose a minimum of six years between peaks.

Table 4.4: Dating the Cycle

The table reports peak and trough dates selected by the Bry-Boschan algorithin, Results in Panel A l:mposé

Panel A
Argentina Brazil Chile Mexico
Peaks 'Troughs Peaks Troughs Peaks Troughs Peaks Troughs
1873 1830 1872 1876 1875 1877 1883 1886
1884 1887 1881 1886 1882 1885 1891 1894
1889 1891 1891 1893 1890 1894 18398 1902
' 1893 1895 1896 1901 1896 1897 1907 1909
1899 1902 1907 1908 1898 1902 1912 1916
1913 1918 1912 1915 1907 1909 1921 1927
1923 1926 1927 1931 1912 1915 1928 1932
1930 1933 1938 1942 1918 1919 1936 1938
1938 1945 1946 1948 1926 1927 1941 1942 -
1948 1953 1951 1956 1929 1932 1945 1947
1958 1959 1962 1967 1937 1942 1951 1953
K 1961 1963 1974 1976 1943 1947 1956 1959
1965 1968 1979 1983 1952 1954 - 1960 1962
1970 1971 1986 1988 1957 1958 1965 197
1974 1978 1990 1992 1962 1965 1974 1977
1980 1985 1997 1999 1966 1970 1981 1938
1987 1990 2002 - 1972 1975 1994 1995
1994 1995 - - 1980 1983 2000 2002
1997 2002 - - 1989 1990 - -
- - - - 1997 2002 - -
Panel B
' Argentina Brazil Chile Mexico
Peaks Troughs Peaks 'Troughs Peaks Troughs FPeaks Troughs
1873 1880 1881 1876 1890 1885 1883 188G
1889 1891 1891 1886 1912 1909 1898 1916
y 1899 1902 1913 1901 1920 1919 1921 1927
1913 1918 1927 1915 1943 1932 1936 1938
1930 1933 1938 1931 1952 1947 1951 1959
1948 1953 1951 1942 1980 1958 1965 1971
i 1961 1971 1962 1956 1997 1983 1981 1995
1980 1985 1979 1967 - - - -
1997 - 1997 1992 - - - -
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|
Table 4.5: Spectral Density Function Estimates of Cyclical Durations

The table reports business cycle durations (in years) for different sample periods. The estimates refer to the peak
value of a Bartlett lag window estimate using a bandwidth set at twice the number of sample observations.

1870-1929 1930-1970  1971-2004

Estimate T Estimate T Estimate T

Argentina | 4.64 16 3.36 12 2.11 12
 (1.96) (1.48) (1.02)

Brazil 4.57 16 3.90 12 2.35 12

(1.92) (172): 1 (1.13) '

Chile | 218 16 208 12 3.79 8
' (0.92) (0.90) (1.90)

Mexico 375 14 235 : 8 3.14 12
(1.59) (1.04) ! (1.52)
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Table 4.6: Persistence and Volatility of the Cycle

The table reports autocorrelation and standard deviation estimates of the cycle obtained from a static uwo—facto:
model. Panel A shows results for the backcasted data while Panel B reports results for actual business cycle’ measures.

Panel A: Backcasted Data

1870-1929 1830-1970
i Arg Bra Chi Mex Arg Bra Chi Mex
AR{1} 0721 0706 0549 0.739 0593 0763 0.538 0.573
Std 0.065 0.048 0063 0066 0046 0032 0078 0.029

1971-1987 - 1988-2004
Arg Bra Chi Mex Arg Bra Chi Mex
" AR{l) 0.089 0681 0614 0606 0579 0402 0562 0.286
Std 0.029 0.037 0.071 0.039 0.065 0.020 0.020 0.024

Panel B: Actual Data

1971-1987 1988-2004
] Arg Bra Chi Mex Arg Bra Chi Mex
| AR(1) 0168 0624 0590 0644 0.590 0622 0687 0.383
Std 0.034 0043 0.081 0.039 0.068 0.021 0.033 0.030
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Table 4.8: Cyclical Volatility- Estimates of Selected Variables

The table reports standard deviations (in percent) for selected variables and different sample periods.

Panel A: 1870-1929

Argentina  Brazil Chile Mexico
Foreign Interest Rate 5.34 5.34 5.34 5.34
Foreign Output 3.46 3.46 3.46 3.46
Domestic Qutput 6.49 4.84 6.25 7.29
1 Terms of Trade 14.99 21.79  33.05  29.00
Export Volume 13.20 10.21  t7.61  10.34
Fixed Investment 107.80 37.16 76.05  79.00
Government Spending 66.23 47.85 3933 33.71
Expenditure/Revenue 28.41 2082 28383 10.70
Narrow Money 14.94 15.32 16.64  35.07
| Broad Noney 14.82 14.62 11.39  35.83
' Real Wage 12.33 0.14 8690 3273
Panel B: 1930-1970
Argentina  Brazil Chile Mexico
Foreign Interest Rate 4.68 4.68 4.68 4.68
Foreign Qutput 7.08 7.08 7.08 7.08
Domestic Qutput 4.56 3.25 7.69 2.90
Terms of Trade 12.20 20.27  26.66  29.37
Export Volume 13.59 9.95 16.89 9.52
Y Fixed Investment G7.96 20.56  64.60 102.36
Government Spending 14.09 13.27 1369 16.73
Expenditure/Revenue 23.36 16.21  13.83 19.64
Narrow Money 10.20 11.01 1990 1543
! Broad Money 12.33 10.84 13.46  13.62
Real Wage 6.99 6.54 13.07 18.22
Panel C: 1971-2004
Argentina Brazil' Chile Mexico
Foreign Interest Rate 2.20 2.20 2.20 2.20
Foreign Output 2.97 2.97 297 2.97
Domestic Quiput 5.01 2.94 5.35 3.30
Terms of Trade 27.14 12.24 1645  22.20
i Export Volume 12.94 811 6.87 9.61
Fixed Investment 16.39 1582 1610 14.93
Government Spending 8.14 66.37 44.21  40.33
1 Expenditure/Revenue 22.53 9.05 1215 18.05
Narrow Money 16.84 1581 21.89 10.48
Broad Money 20.32 22.82. 17.31  19.00
. Real Wage 12.44 572 1230 15.i3
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Table 4.9: Synchromzatlon of the Latin American Cycles

The table reports the Harding-Pagan concordance statistic. Values close to ane show evidence of a stronger degree
of synchronicity. ‘

| 1878-1929 . 1930-1970
Argl Bra Chi Mex Arg Bra Chi Mex
Arg  1.000 048 054 062 100 054 054 049

Bra - 1.00 079 071 - 1.00 0.66 0.46

Chi - - .00 o077 - 7 - 1.00 0.61

Mex - | - - 100 - - - 1.00
i 1971-1987 ' 1988-2004

Arg| Bra Chi Mex Arg Bra Chi Mex
Arg  100] 059 053 076 100 041 082 071

Bra - | 100 071 059 - 100 047 047
Chi - - 1.00 041 - - 1.00  0.65
Mex - - - 1.0 - - - 1.00
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Figure 4.2: Actulal and Backcasted Values of Cyclical Growth

Comparison between backcasted va.luil&s, actuals, and other researchers’ estimates of actual {Other) for Argentina,
Brazil, Chile, and Mexico. All reg. denotes backcasted values that use all available regressors. The backcasting

equation estimates the factors using either the Stock and Watson (2002) approach with r static factors (SW(r)) or
the Forni et al {2000) dynamic factor approach with g, r dynamic and static factors, respectively (FHLR(q,r)). Each
backcasting equation includes a constant term. The backcasting sample is 1870-1350 for all countries except Mexico

(1878-1950).
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Figure 4.4: Recursive Parameter Estimates

Recursive estimates of the coefficients| used to obtain business cycle estimates from the backcasting equation. The
first sample is 1960-2004, the last sample is 1920-2004, except for Chile {(1940-2004). c is the intercept while bl,b2,
and b3 are the slope coefficients for the first three cornmon factors.
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Figure 4.6: Actual Lnd Backcasted Values of the US Business Cycle

Comparlson of actual and backcasted values of business cycle for the US. Actual values are based on the Balke
and Gordon series. All reg. denotes backcasted values that useiall available regressors. The backcasting equation
estimates the factors using either the Stock and Watson {2002} approach with r static factors (SW({r}) or the Forni et
al (2000) dynamic factor approach with g, r dynamic and static factors, respectively (FHLR.q,r)). Each backcasting

equamon mclu(les a constant term. The backcasting sample is 1870-1950.
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