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ABSTRACT

This study comprises three papers each considering macroeconomic forecast-
ing with non-structural models. Chapter 2 assesses forecasting performances
of financial variables in comparison with non-financial variables in predicting
Australian recessions. With rare recession sessions, a re-sampling assessment
scheme is designed to help provide robust predictors. This involves repeatedly
re-shuffling the data set and re-applying the out-of-sample assessment on this
re-shuffled set. It is shown that the results from re-sampling assessment may
be quite different from that of the usual out-of-sample results. We believe that
the results from our re-sampling assessment are more robust, which make the
best predictors from this assessment perform better in predicting Australian
recessions in the future.

Chapter 3 re-examines the notion that larger Bayesian VARs usually perform
better than smaller ones. Since the performances of these Bayesian VARs can
be affected by a hyperparameter governing the overall dispersion of the prior
distribution, we assess the performances with careful consideration on this
hyperparameter value. Our results still support the idea that larger Bayesian
VARs perform better than smaller ones. However, when the hyperparameter
of a smaller model is carefully chosen, the improvement in performances of
larger models is not as impressive as reported in the literature.

Chapter 4 compares forecasting performances between a Bayesian VAR and
some other shrinkage regressions applied on the VAR. Since there is a close
relationship between the Bayesian VAR and the ridge regression, some other
shrinkage regressions, which have records to outperform the ridge regression
in the literature, may outperform the Bayesian VAR as well. We choose the
LASSO, the elastic net, and a procedure that uses the LASSO as the variable
selector before applying the Bayesian VAR as our selected alternatives. We
also modify these alternative shrinkage regressions to admit the decaying rate
of effects of lags as in the case of the Bayesian VAR. Our empirical study shows
that the LASSO outperforms the Bayesian VAR, which signals the redundancy
problem in the VAR with 3 endogenous variables and 13 lags.



Chapter 1

Introduction
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1.1 Overview

Economists have long been forecasting macroeconomic indicators. The demand
for these forecasts comes partly from the forward-looking household sector that
wants to plan its economic activities, and partly from the academic arena,
where forecasting is used as a way to observe patterns in actual data, as well
as to link theoretical models back to the real world. In addition, policy makers
consider forecasts in order to implemént policies that require a period of time
to take effect. With these broad interests, a lot of effort‘is devoted to proposing

and developing forecasting methods.

Methods of macroeconomic forecasting can be divided into two broad cate-
gories: structural and nonstructural. Structural forecasting methods try to
establisﬁ relationships between macroeconomic variables according to a par-
ticular economic theory, in order to provide some conditional forecasts of the
target variables. Conditional forecasts are ones that depend on the values of
some exogenous variables. For example; what will be the level of Australian
- GDP next year, if the interest rate is slashed by one percentage point from
the current level? Nonstructural methods, in contrast, employ reduced-form
relationships to investigate movements of the data, with little reliance on eco-
nomic theories. Their forecasts are unconditional, meaning the forecasts are

under the assumption of no change in the economic environment.

In this way, structural forecasting has risen and fallen with macroeconomic
theory. During the golden age of Keynesian theory, structural Keynesiah
econometric models were widely celebrated. However, these forecasting mod-
els started to decline after the rise of real business cycle theory in the 1980s.

During the time, most economists became dissatisfied with the postulation of
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many ad hoc decision rules in Keynesian theory. For example, consurﬁption
functions in Keynesian models did not follow what predicted by consﬁmer the-
ory. Moreover, the theory cannot explain the simultaneous appearance of high
inflation and unemployment in the 1970s. In contrast, the development of

nonstructural forecasting methods is less disturbed by any change in direction

of macroeconomic theory.

In this study, we focus on nonstructural forecasting methods. These methods
can be traced back to 1920s. However, arguably, they become an important
part of economics and econometrics after the book of Box and Jenkins (1970).
The centerpiece of Box and Jenkins’ work is the autoregressive moving average
(ARMA) model. An ARMA model is a combination of autoregressive model,
which is a simple linear difference equation, and moving average model, which
is a weighted average of current and lagged random shocks. There is a series of
studies showing that these simple dynamic models, without any involvement
of economic structure, often forecast macroeconomic indicators just as well as,
or even better than, large-scale Keynesian macro-econometric models. See,
for example, Nelson (1972), Naylor et al. (1972), and Cooper (1972). This
seminal work of Box and Jenkins started a strand of literature that has grown

explosively up to the present time.

An ongoing line of research involves multivariate extension of the Box-Jenkins
framework. The approach of Box and Jenkins uses only the past values of an
economic variable to forecast itself in the future. A straightforward extension
on this framework is the vector autoregression (VAR), which is advocated by
Sims (1980) as an alternative to traditional econometric system-of-equations
models. The framework employs past values of vector of endogenous variables

to forecast itself in the future. This framework is relatively simple in contrast
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to multivariate ARMA models. Moreover, it can accommodate many other
extensions of the Box-Jenkins framework, e.g. Granger causality [Granger
(1969)], co-integration and error-correction [Engle and Granger (1987)], and
dynamic factor model [Sargent and Sims (1977)]. All of these extensions have
become standard frameworks in econometrics in the present time. Note that

all of these extensions are based on linear models.

Nonlinear extensions of the Box-Jenkins framework have also attached in-
creasing attention in recent years. However, in most part, they are applied
to areas outside macroeconomic forecasting. Only one strand of nonlinear
models is mentioned here. It has a close relationship to macroeconomic fore-
casting in general, and to this thesis in particular. It is the line of works
following the idea of business cycle leading indicatoré, pioneered by the sem-
inal work of Burns and Mitchell (1946). Early papers in this line employed
a non-parametric graphical method as in the work of Burns and Mitchell.
This method was frequently criticized as an exercise in measurement with-
out theory. Later, Harding and Pagan (2002) showed that there is a close
relationship between this line of literature and the Box-Jenkins framework.
Moreover, model-based methods were developed to address several criticisms

on the graphical methodology.

One of the model-based methods employed by Stock and Watson (1989) ap-
plies the dynamic factor model of Sargent and Sims (1977) to construct com-
posite coincident and composite leading indices. The rationale of this approach
is that a set of variables is driven by a limited number of common forces, and
by idiosyncratic components that are uncorrelated across the va,rié,bles. We
can extract important information of the éommon forces out of the variables

under analysis. Another model-based method is the Markov-switching model
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of Hamilton (1989). This model allows the growth rate of the variables to de-
pend on the status of the business cycle, which is modeled as a Markov chain.
Other non-linear models applied to macroeconomic forecasting include, for ex-
ample, smooth-transition model [Terdsvirta (1994)], threshold autoregressive
model [Potter (1995)], and binary probit/logit models for the case of predicting

the binary expansion/recession indicator [Estrella and Mishkin (1998)].

With the advance of computer technology, there is an increasing interest iﬁ
accommodating more data into a forecasting model. This interest follows the
fact that decision-makers in reality consider a large number of economic vari-
ables in their decision frameworks. A forecasting model that can incorporate
a large number of variables is the approximate factor model, popularized by
Stock and Watson (2002a). The model employs principal components analysis
to construct a small number of factors to put into the forecasting model. One
can also see each factor as a composite leading indicator as it is hard to provide
economic rationales behind the factor. Forecast combination is another popu-
lar method to combine a lot of information into a forecasting framework. This
is just a simple combination of two or more individual forecasts to produce
a single, pooled forecast. The theory of forecast combination was originally
developed by Bates and Granger (1969). Another method of incorporating a
large number of variables in a forecasting model relevant to this thesis is apply-
ing Bayesian estimation, demonstrated in De Mol et al. (2008). This method
use real observations to updates a prior distribution to form a posterior dis-
tribution, of which mean and dispersion can be used to form forecasts. The
evidence in the literature so far supports that these 'techniques improve fore-
casting. See, for exdmple, Stock and Watson (2002b), De Mol et al. (2008),
and Groen and Kapetanios (2008).
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In evaluating a forecasting model, we need a way to measure its performance.
There are two methods to evaluate the performance of forecasting models:
in-sample and out-of-sample methods. In-sample method involves fitting the
model with the full sample. The performance of the model can then be indi-
cated by, for example, the regression R? or the in-sample mean squared forecast
error. In-sample analysis can be easily biased by over-fitting due to the use
of the same data for estimation and evaluation. Stock and Watson (2003) fur-
ther argue that if the coefficients of the model change over time, the in-sample

method can be misleading for out-of-sample forecasting performance.

In contrast, the (pseudo) out-of-sample method mimics real time forecasting
practice, in the sense that each forecast will be constructed with informa-
tion available up to that point in time. For example, constructing a one-
month ahead forecast for January 1981 will use information up to December
1980 only. The performance can be measured, for example, by the mean
squared forecast errors or mean absolute forecast error from a sequence of re-
cursive or rolling regressions. West (2006) provides a comprehensive survey
on tests for equal forecast accuracy. When the target variable is a binary
expansion/recession indicator while the forecast is a probability of recession,
similar techniques to mean squared forecast errors and mean absolute forecast
error can be used to measure out-of-sample forecast accuracy. According to
Diebold and Rudebusch (1989), forecast a;ccuracy in this latter case can be
measured by quadratic probability score (QPS), which is the counterpart of

the mean squared forecast error. A similar loss function that assigns more
" weight to larger forecast errors is the log probability score (LPS). The loss
functions that weight errors asymmetrically as in Elliott and Timmermann
(2004) or contingency tables can be applied as well if one consider difference

in importance between false alarms (prediction of recession when it does not
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take place) and missed signals (no prediction of recession when it takes place).

A problem with out—of—samplé method is that we cannot use the full sample
as our “evaluation period”. In assessing a model, we need a “pre-evaluation
period” in selecting parameters of the model, and fitting the first forecasting
equation in order to construct the first forecast. This can become a serious
problem, if there are a limited amount of sample observations. We follow the
common practice in the recent forecasting literature, focusing more on the

out-of-sample evaluation method.

With the nature of nonstructural models that are not based on a particu-
lar macroeconomic theory, we are not concerned about the consistency of the
model. More weight is put on finite-sample forecasting performances. More-
over, under the situation where there is a suspected tradeoff between the con-

sistency and the forecasting performances, we choose a model in favour of the

latter.
1.2 Contributions

One interesting question in the forecasting literature is whether asset prices can
be used to predict the real economy. The movement in asset prices is forward-
looking. Hence, they have a strong potential to predict economic activities in
the future. Chapter 2 of this research considers this question for the case of
Australia. We compare forecasting performances between financial and non-
financial variables in predicting Australian recessions, and figure out the best

predictors. We follow Estrella and Mishkin (1998) in using probit models.

In determining the best predictors, it is more common in the recent forecasting
literature to base our judgement on the out-of-sample performances. This is

challenging for the case of predicting Australian recessions. The fact that there
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have been no recessions in the recent fifteen years in Australia leaves only a few
recessionary sessions in the out-of-sample evaluation period. If these recessions
are the results of some unusual events, the variables that perform well in this
evaluation period may not perform well for the general case or in the future.

This problem has not been considered before in the previous studies.

In this chapter, we design a re-sampling scheme thaf helps ameliorate this
problem. We repeatedly reshuffle the data and apply the out-of-sample per-
formance assessment, which should make the results more robust to an un-
usual event. To preserve dependency of consecutive data, we tie dependent
and independent variables together and relocate a block of consecutive dates
in forming each re-sampled data set, instead of randomly reshuffling the data.
We believe that the results of our re-sampling scheme are more robust than

ones of the usual out-of-sample assessment that consider only a few recessions

in the evaluation period.

Chapter 3 and 4 consider the Bayesian VAR with Litterman prior. There is a
lot of evidence in the literature on the impressive forecasting performance of
the method. See, for example, Litterman (1986) and Robertson and Tallman
(1999). We investigate the practice of adding large numbers of endogenous
variables into the model, recently demonstrated to be possible and satisfac-
tory by Baribura et al. (2008). This practice can be linked with the liter-
ature on the approximated factor model, popularized by Stock and Watson
(2002a) and Bai and Ng (2002). For the case of the approximate factor model,
Stock and Watson (2002b) and Bernanke and Boivin (2003), for example, show
that employing a large number of predictors, usually more than 100 predictors,

helps improve the forecasting performances.

The way to set appropriate values for the parameters of the model is an open
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question in applying the Bayesian VAR. Chapter 3 considers the parameter
that governs the overall dispersion of the Litterman prior. We first show that
this parameter affects the forecasting performance of even the smallest model
that employs only 3 endogenous variables to forecast themselves. If we set
the parameter in a different way, the finding that employing large numbers of
endogenous variables in the model helps improve the forecasting performance,

as in Baiibura et al. (2008), may not be correct.

We propose a method that can be used to figure out the appropriate value for
this parameter. This method is close to the cross validation method in statis-
tics!. However, with the nature of time-series data and the amount of obser-
vations available at the present time, we just use a part of the pre-evaluation
period to be our test period. This test period is used to ﬁgure out the appro-
priate value of the parameter to be applied in the evaluation period. We also

show that we can figure out the optimum value of the parameter in the test

period.

Chapter 4 looks at the Bayesian VAR with Litterman prior from a different
perspective. Our interest originated from the results of Bai and Ng (2008), who
show that applying a variable selection spheme before applying the procedure
of the approximate factor model helps improve its forecasting performance.
This means the smaller approximate factor model with only selected variables
can outperform the larger model that employs every predictor in the data set.
We interpret their finding as a result of the bias-variance tradeoff, well-known
in the statistical literature?. Next, we show the close relationship between the

Bayesian VAR with Litterman prior and ridge regression.

! See, for example, Frank and Friedman (1993) or Chapter 7 of Hastie et al. (2001) for
the details of the cross validation method.

2 See Chapter 2 of Hastie et al. (2001) for more details of this tradeoff.
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With this information, alternative shrinkage regressions, which are developed
on the basis of bias-variance tradeoff, that can outperform ridge regression
under some circumstances may outperform Bayesian VAR as well. An obvi-
ous alternative is the LASSO proposed by Tibshirani (1996). In this chapter,
we go further to the elastic net proposed by Zou and Hastie (2005), and the
procedure that use the LASSO as the variable selector before applying the
Bayesian VAR. We apply these alternative regressions on the VAR frame-
work, and modify them to allow declining effects from the lags of ehdogenous
variables. Behind this big picture, we also design a way to choose various

parameters of these regressions on the VAR.

An interesting feature of the LASSO is that it shrinks some estimated coef-
ficients to zeros. This is different from the ridge regression or the Bayesian
VAR with Litterman prior, which keeps all the estimated coefficients nonzero.
Putting the estimated coefficients at zeros is similar to throwing some indepen-
dent varia.bles out of the model. In this way, this study also has the implication
that incorporating larger numbers of endogenous variables or longer lags in the
Bayesian VAR may not always be satisfactory. This point should be investi-

gated more thoroughly in the future.
1.3 Thesis Organization

There are five chapters in this study. Chapter 2, 3, and 4 are written in an
article style; each independent and self-contained. Following each of these

chapters is its appendix. Chapter 5 concludes this study. All the references
appear at the end of the thesis.



Chapter 2

Predicting Australian Recessions Using

Financial Variables
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This chapter assesses the forecasting performances of financial and non-financial
variables in predicting Australian recessions, using probit models. With rare reces-
sion periods, we design a re-sampling exercise to provide robust predictors. This
exercise captures the idea that actual recessions in our evaluation period may be-
well predicted by a specific factor, which may not perform well in general. We find
that our re-sampling results may be different from the usual out-of-sample results.
According to our re-sampling assessment, the inflation rate and short-term inter-
est rate perform best as the individual predictors for short forecast horizons, while
the U.S. short-term interest rate and U.S. interest rate spread are best for longer
horizons. The combinations of two predictors turn out to perform better than each

individual predictor.
2.1 Introduction

The task of forecasting recessions is widely agreed as one that receives strong
attention from the policy makers and the business sector. Recessions are the
periods of sharp declines in real economic activity, which usually cover shorter
time spans than the expansionary sessions. Policy related authorities are usu-
ally required to take some actions in 'these periods in order to improve the
well-being of the people. Players in the market also want to plan some actions
in order to avoid the strong negative effects during recessionary periods. In

this study, we are interested in predicting Australian recessions using financial

variables.

Financial variables have received strong attention as leading indiéators for
real economic activity in recent years. They are usually associated with ex-
pectations over future economic events and available promptly without any
major revisions. There is also a huge body of empirical research in the last

two decades that demonstrates strong predictive performances of financial
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variables. Stock and Watson (2003) comprehensively review this literature,
covering researches that use iﬁterest rates, interest rate spreads, stock in-
dices, dividend .yields, and exchange rates to predict GDP growth and re-
cessions in the U.S. and some European countries. One of the main con-
clusions from this review is that some of these financial variables have sub-
stantial marginal predictive content for real economic activity at some times
in some countries. Estrella and Mishkin (1998) show that financial variables
obviously perform better than popular non-financial leading indicators in pre-
dicting U.S. recessions during the period 1971 — 1995. Dotsey (1998) provides
a detailed review on researches that focuses on the predictive performances
of interest rate spread. Combined with his own analysis on the U.S. econ-
omy during the period 1970 — 1997 in the same piece of work, the author
concludes that the spread contains useful information about future real eco-
nomic activity not contained in past economic activity or past monetary policy,
even though over more recent periods the spread has not been as informa-
tive as it had been in the past. For additional evidences, see, for example,
Ang et al. (2006), Estrella and Hardouvelis (1991), Zellner and Hong (1989),
Zellner and Min (1999), Estrella and Mishkin (1997), and Bernard and Gerlach.
(1998). | '

There are some previous studies that investigate the performances of finan-
cial variables in predicting Australian real economic activities. Lowe (1992),
Alles (1995), and Karunaratne (2002) conclude that the Australian interest
rate spreads have significant power in forecasting Australian real GDP growth
during the period 1972 — 1997. The in-sample evaluation method is employed
in these studiés. Lowe (1992) and Karunaratne (2002) do not compare these
performances to ones of the other variables, but Alles (1995) show that per-

formances of the spreads are better than that of a popular composite leading
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index. Poke and Wells (2007) also investigate the in-sample forecasting power
of Australian interest rate spread in predicting Australian real GDP growth.
However, the authors argue that this power has been obviously reduced since
the adoption of inflation targeting policy in 1993. Smith (2005) compares fore-
casting performances of various economic indicators, including financial and
U.S. indicators, in predicting the growth rate of Australian GDP. This is the
only study in this group that emi)loy the out-of-samplé assessment method.
The author concludes that indicators reflecting status of external demand (e.g.
U.S. financial indicators) perform best in predicting the Australian growth,
during the period 1995 — 2004. At last, Karunaratne (2002) is the only one in
this group that assesses the performance of interest rate spread in predicting
Australian recessions. The author employs probit models to forecast the binary
recession indicator, and concludes that the spread has significant power in pre-
dicting the recessions during 1972 — 1997. However, the assessment method is

in-sample, and there is no comparison of this performance to ones of the other

indicators.

We see that the out-of-sample evaluation method is more appropriate in assess-
ing forecasting performances of various indicators from reduced-form models. ‘
Suppose we want to predict a macroeconomic indicator next quarter, the best
we can do is to use the data available up to today to construct the forecast.
Similarly, in producing a 1-quarter aheadAforecast for 1st Quarter of 1980, for
example, we should use the data available up to 4th Quarter of 1979 only. The
out-of-sample assessment measures the performance of each predictor from
forecasts constructed in this way. Therefore, in this study we concern more
on the out-of-sample predictive performances of financial variables in predict-
ing Australian recessions. These performances will be compared with ones of

non-financial leading indicators that have been proposed in the literature, e.g.
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the value of retail trade, the dwelling approvals, the non-residential approvals,
and the terms of trade. Since Australia is a small open economy with the U.S.
as its major trading partner, the economic situation in the U.S. may affect
Australian economic activity. We also assess the out-of-sample performances

of the U.S. financial variables in predicting Australian recessions.

The task of determining the best predictors for Australian recessions is chal-
lenging, especially when one wants to base his judgement on the out-of-sample |
forecasting performances. In an out-of-sample assessment, we need a part of
the data set to estimate a forecasting model in order to produce the first fore-
cast for a future date. Hence, the “out-of-sample evaluation period” must start
at the date that leaves enough data for estimating the model the first time.
In our case, the out-of-sample evaluation period starts at 1st Quarter of 1981.
However, there have been no recessions in the recent 16 years in Australia. This
fact leaves only 2 or 3 recessionary sessions in our out-of-sample evaluation pe-
riod. Thus if we try to find good predictors on the basis of their out-of-sample
performances, we will be basing our decision on their performances in fore-
casting these 2 or 3 recessions only. This problem is more pronounced, since
the last recession in Australia was in 1990 — 1991. This was a world-wide
recession triggered by the incident of the Gulf War. It is documented by some
studies including Stock and Watson (1992) and Estrella and Mishkin (1998)
to be the recession that many predictors, which perform well in the past, fail
to predict. Unfortunately, we have to include this recession as one of a few in

our out-of-sample evaluation period.

In response to these problems, we design an additional re-sampling evaluation
scheme. Our assumption is that although each recession may be caused by a

different factor, there is a predictor that behaves in a particular fashion before
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every recession. We intend to detect this predictor, which we expect to be more
robust than the predictor that performs well in the period that contains only
2 or 3 recession periods. Under this scheme, we repeatedly reshuffle the data
set, before applying the procedure of out-of-sample assessment. This makes
it possible to find the predictor that forecasts well recessions in the whole
data set. To preserve dependency of consecutive data, we tie independent and
dependent variables together and relocate a block of 50 consecutive dates each

time, instead of randomly rearranging the data.

We employ static probit mbdel to forecast the binary recession/expansion vari-
able. Our decision and the details of this model wﬂl be explained in section 2.3.
Apart from this, section 2.2 provides the information about the data employed
and defines our recession periods. Section 2.4 reports the in-sample and out-
of-sample assessments. Section 2.5 provides the results of our re-sampling

assessment. The final section of the chapter contains the conclusion.

2.2 Data Used and Recession Periods

2.2.1 Data

We compare the forecasting performances of financial variables with ones of
non;ﬁna.ncial variables that are usually used as leading indicators. Financial
variables assessed in this paper are the interest rate spread, short-term and
long-term interest rates, growth rate of the stock index, growth rate of nominal

and real M3 money aggregate, and the inflation rate.

According to Moore (1990), non-financial variables assessed here are those
related to market expectations, economic policies, or the initiation of economic

activities that impacts the economy with a delay. The representatives of these
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data, which also have long enough series, are growth rate of the real value of
retail trade, growth rate of housing approvals, gfowth rate of service exports,

growth rate of terms of trade, and growth rate of the gold price.

Since Australia is a small open economy and the U.S. is its major trading
partner, the economic situation in the U.S. may affect Australian economic
activity. This is evidenced in Smith (2005). Estrella and Mishkin (1998) show
that the interest rate spread and growth rate of the stock index perform best
in predicting U.S. recessions. Ang et al. (2006) report that U.S. interest rates
perform best in forecasting U.S. business cycles during the 1990s. Hence, we
also assess the forecasting performances of the U.S. interest rate spread, U.S.

interest rates, and growth rate of the U.S. stock index in predicting Australian

recessions. .

All data used in this study are quarterly data. Any data formally published as
monthly data are quarterly averaged. An interest rate spread is the long-term
interest rate minus the short-term interest rate. All other variables except
interest rates, interest rate spr;aé,ds, and the inflation rate are in quarterly
growth rates. Australian data come from the Reserve Bank of Austrélia. U.S.
interest rates are from FRED database of the Federal Reserve Bank of St.
Louis. The series of stock indices are from the website Yahoo! Finance. Gold
prices are from the Reserve Bank of Australia and the website Kitco.com. The

descriptions of the data are in Table 2.1.

Our data set covers the period from 1st Quarter of 1970 to 2nd Quarter of 2008
(154 observations). Mosf of the non-financial variables are published with one-
_quarter lag by the related authoﬁties. Because of the information lag in the
consumer price index, the real monetary aggregates are with one-quarter lag

as well. We move these data forward by one period. This means the variable
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Table 2.1: Description of data and their information lags

Variables Description Information Lag
(Quarter)

Financial Variables

SPREAD 10-year Australian Gov Bond rate minus 90-day bank accepted bill rate 1]
SH_R 90-day bank accepted bill rate 0
LGR 10-year Australian Gov Bond rate 0
D.SHR 90-day bank accepted bill rate minus 3-month U.S. Treasury Bill rate 0
D.LGR 10-year Australian Gov Bond rate minus 10-year U.S. Treasury Bond rate 0
M3.GR Growth rate of M3 0
CUR.GR Growth rate of currency 0
R_M3_GR Growth rate of M3 deflated by CPI 1
R.CUR.GR Growth ratc of currency deflated by CPI 1
STOCK.-GR Growth rate of Australian All Ord Index 0
EXCH.GR Growth rate of exchange rate (U.S. Dollar/Aus Dollar) 0
INF Inflation (growth rate of CPI) 1
Non-Financial Veriables
RTT-GR Growth rate of value of retail trade deflated by CPI 1
DWELL.GR Growth rate of dwelling approvals 1
NONRES.GR Growth rate of non-residential approvals 1
SV_EX.GR Growth rate of volume of service export 1
TOT-GR Growth rate of terms of trade 1
GOLD_GR Growth rate of gold price [}
U.S. Financial Variables
US.SPR 10-year U.S. Treasury Bond rate minus 3-month U.S. Treasury Bill rate [}
US_SH.R 3-month U.S. Treasury Bill rate 0
US.LGR 10-year U.S. Treasury Bond rate 0
US_STK_-GR Growth rate of "Dow Jones Industrial Average index” 0

x; below is the latest available data of variable = at time ¢. This is to mimic

the real forecasting practice.

2.2.2 Defining Recession Periods

Since there is no universally accepted definition of recessions in Australia, we

Vbé in by defining what is meant by “recession” in this paper. It is widely
g

agreed that a recession may not be just a period of two consecutive quarters
of decline in real GDP. Rather it must be a period of real contraction. This

makes the definition of recession depend on subjective judgment as well.

In this study, we define a recession as a period from a peak to the subsequent
trough of a classical cycle in the Australian real GDP. The turning points of
classical cycles are used in accordance with Harding and Pagan (1999) that

it is normally the interest of policymakers to focus on classical cycles, rather

than growth cycles. We use two sets of turning points, the first of which is
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Figure 2.1: Australian Real GDP and R1
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Figure 2.2: Australian Real GDP and R2
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from the Melbourne Institute, and the second from applying GAUSS programs
of Harding and Pagan (2002) to Australian real GDP.

We denote these two sets of recessions as R1 and R2, respectively. Figure 2.1
and Figure 2.2 show the data of Australian Real GDP and our recession périods
R1 and R2. Bars in both ﬁgureé represent these recession periods. We can see
that there are more,rgcession periods with the R2 definition. R2 is also closer

to the definition that uses two consecutive quarters of decline in real GDP.
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2.3 Model and Assessment Criteria

2.3.1 The Model

Following Estrella and Mishkin (1998), we use static probit model to predict
the probability of recessions. The dependent variable is a dummy variable

indicating quarterly recession period R;, where:

1, if the economy is in recession in quarter ¢,

0, otherwise.

The estimated equation is:

P(Reyn =1) = F(B'zy), (2.1)

where P(R;.p, = 1) is the probability of recession in period ¢ + h with h
representing the forecast horizon, ranging from 1-quarter ahead to 8-quarters
ahead, F(.) is the cumulative normal distribution function, g is the vector of
parameters to be estimated, and z; is the vector of independent variables. The

equation is estimated using the method of maximum likelihood.

There are other alternatives to forecast recessions. Hamilton and Perez-Quiros
(1996) apply Markov-switching model of Hamilton (1989) to investigate the
practical usefulness of the composite leading index in forecasting. A structure
in their model can be used to forecast probability of recession in the future
period. However, the authors find that their model provides only a weak
signal of recession in 1960, 1970 and 1990. Moreover, better forecasts can be -

constructed from a linear error-correction model. Smooth-transition model of



2. Predicting Australian Recessions Using Financial Variables 21

Terasvirta (1994) can be used to forecast recessions as well. The transition
function of the model is related to the probability of recession next period
(See Terasvirta, 2005, and section 8.1 of Marcellino, 2006, for more details).

However, forecasting for longer forecast horizon requires the use of simulations.

We can also use econometric models that forecast turning points or growth
rate of GDP to construct forecasts for recessions. This can be done through
simulation techniques. See section 2.1 of Anderson and Vahid (2001) for an
example of these simulations. This way, the linear AR and VAR, or the non-
linear Markov-switching model [Hamilton (1989)], smooth-transition model
[Terasvirta (1994)], and threshold autoregressive model [Potter (1995)] can be
used to forecast recessions in the futuré. Anderson and Vahid (2001) apply
the aforementioned non-linear models to forecast recessions in the.U.S. dur-
ing 1960 — 1996 and find that these models provide just weak signals for the
recessions. Marcellino (2006) also find unsatisfactory performances of linear

models in forecasting recessions of the U.S. during 1990 — 2002.

With problems of their own for each alternative, we choose to apply the more
direct and simpler static probit model (2.1) as in Estrella and Mishkin (1998)
for this stﬁdy. The model is widely adopted worldwide. See, for example,
Bernard and Gerlach (1998), Birchenhall et al. (2001), Estrella et al. (2003),
for European countries, and Karunaratne (2002) for Australia. Moreover, we
see that section 9.2 of Marcellino (2006) shows that this probit model with

appropriate regressor does not perform worse than any other linear or non-

linear alternatives.

There are some later developments upon the application of probit model in
predicting recessions as well. Dueker (1997) and Karunaratne'(2002), for ex-

ample, put lagged values of the recession indicator into the probit function.
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Kauppi and Saikkonen (2008) further extend probit model to have conditional
probability of the binary response depend on its lagged values, not only on
lagged values of the binary response. The results of this study show that the
dynanic probit model that includes the first lagged value of the binary response
R;_, yields the most accurate out-of-sample forecasts of U.S. recessions during -
1978 — 2004, in comparison to its static counterpart and the other extensions.
We see that this finding may be caused by the censoring rules applied upon con-
structing the binary response Ry, as discussed by Harding and Pagan (2009).
Normally, when one constructs the binary indicator, he sets some censoring
rules, such as a recessionary period must possess at least two consecutive quar-
ters of negative growth in GDP. With these rules, the value of R, ; becomes
important in predicting the value of R; as there is a lot higher probability that
next quarter will be in recession again if this quarter falls into recession. The
same effect also happens in expansionary periods. We have not considered dy-
namic probit models in this study yet. However, as there are substantial delays
in the formal announcements of GDP data, it is not known in period ¢ whether
the economy is in recession or not. We are still not certain whether including
R;_ in probit models is useful in practical forecasting. Chauvet and Potter
(2005) expands probit model to cover structural instabilities that the authors
found in their previous study, C.hauvet and Potter (2002). This extension
requires the authors to use Bayesian estimation techniques, which consume
much higher resources especially in an out—of-éample assessment. We have not
considered this extension either. However, with limited recessionary dates in
' Australia, we do not expect a lot of gain in forecasting accuracy from structural

instability, especially when compared with the increase in costs.

We start from using only one explanatory variable and a constant in the vector

z; in (2.1). The forecasting performances of each variable are assessed and
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compared. In the remainder of the paper, the “in-sample regressions” refers
to when we employ the whole data set to estimate each model. Since the total
number of observations is 154, the numbers of observations included in the

estimations of 1-quarter ahead to 8-quarters ahead range from 153 to 146.

In “out-of-sample assessments”, we fix our evaluation period to be from 1st
Quarter of 1981 to 2nd Quarter of 2008 (110 quarters). This is the period
after the dashed line in each of Figure 2.1 and Figure 2.2 in section 2.2. We
call this period “out-of-sample evaluation period”. Let ¢y and t; represent the
positions of 1st Quarter of 1981 and 2nd Quarter of 2008 in the data set. We
first use the observations from 1lst Quarter of 1970 (The first observation) to
period tg — h to estimate a model and produce an h-step ahead forecast. This
is the forecast for 1st Quarter of 1981. Next, we add one more observation
and make a forecast for 2nd Quarter of 1981. We repeat this practice until we

reach the period ¢; — h, when the h-step ahead forecast produces the forecast

for 2nd Quarter of 2008.

The best performer in individual assessments are paired up with each of the
other variables. We allow up to 5 lags of the additional variable to be combined
with the best individual predictor. For example, suppose the short-term inter-
est rate turns out to be the bést 2-quarter ahead predictor of a recession. We
combine the short rate at time ¢ with each of the remaining predictors at time
t,t—1,...,t—>5 to again predict a 2-quarters ahead recession. We do this be-
cause if, say, the growth rate of M3 at time ¢ is very informative for predicting
recessions 4-quarters ahead then the growth rate of M3 at time ¢ — 2 is likely
to be useful for predicting recessions 2-quarters ahead. This is something that
Estrella and Mishkin (1998) and the papers that repeaﬁ Estrellé, and Mishkin

(1998) for other countries do not consider. Let I = 0,1,...,5 represent the
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lag of this additional variable. We are left with 154 — h — [, for the in-sample
estimations. We still fix the same evaluation period in the out-of-sample as-
sessment and the forecast is still based on the data from the first observation

up to the time we make the forecast (Expanding window).

2.3.2 Test Criteria

The principle measure for forecasting performances implemented in this paper
is the pseudo R? used in Estrella and Mishkin (1998). The formula for this

measure 1s:

_(2/")Lc
pseudo R =1 — (Lm) ,

L.

where n is the number of observations, L,, is the maximum value of log like-
lihood functioﬁ of the model, for in-sample prediction, or the value of log
likelihood function of the forecasts, for out-of-sample prediction, and L. is the
associated maximum value of log likelihood of the model with only a constant

term.

Let f’[_’;h be the forecasted probability of recession in period £+ h from a specific
model m. For the case of out-of-sample prediction, the log likelihood function

of the forecasts L,, can be expressed as:

t1—h
Ln= Y [(1 = Ryn)In(1 — B)) + ReypnIn B,).
t=to—h

For the case of in-sample assessment, the sum in the above formula is over all
the dates in the data set. Note that while L,, varies along the model used in

making the forecasts, the value L. does not.
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There is a direct relationship between the value L,, and the log probability
score (LPS), which is commonly used to measure the accuracy of probability
forecasts. The LPS measures the closeness, on average, between the predicted
probabilities and the actual realizations represented by the binary 0/1 variable
Rith. See Diebold and Rudebusch (1989) for more details. We have LPS =

—(1/n)Ly,, where n = t; —t; is the number of observations in the out-of-sample

evaluation period.

Since the values of L,, and L. are always non-positive, the lower the value
L,/ ch the higher the value of LPS, which suggeéts the more accurate are the
forecasts from the model. For an in-sample assessment, the pseudo R? rangés
from 0, for the case that the predictor is uninformative (L, is equal to L.),
to 1, for the case that the predictor is very informative (L, is zero, which is
the highest possible value). For an out-of-sample assessment, the pseudo R?
may be below 0. A value below zero means that the model with predictor(s)

produces worse forecasts than the model with only a constant term.

In an in-sample regression, t-statistics provide additional information. The
t-statistics are used to perform the statistical hypothesis testing, which is not
possible when considering only pseudo RZ. Since our forecasting models are
dynamically incomplete, we follow Estrella and Rodrigues (1998) in calculat-
ing Newey-West HAC covariance matrix (See Estrella; and Mishkin, 1998, or
Estrella and Rodrigues, 1998, for more details). This cova.rianpe matrix is used

in constructing our t-statistics.
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2.3.3 The Re-Sampling Exercise

Since recession periods are rare in Australia, the out-of-sample assessment
from actual data may not be robust. Consider our out-of-sample evaluation
period (After the dashed line) in Figure 2.1, for example, there are only two
recessionary sessions with our R1 definition. Moreover, the session in 1990 —
1991 is considered to be triggered by an unusual circumstance, which is the
invasion of Kuwait by Iraq. The practice of the usual out-of-sample assessment

will base on just a few, and maybe unusual, recession dates.

With rare recessions, we do not see the problem of structural instability as
important as the problem of small saniple size. Our underlying assumption
here is that although each recession may be caused by a different specific factor,
there is a predictor that behaves in a particular fashion beforg every recession,
regardless of the cause or the trigger of the recession. That is, we do not deny
that recessions in the seventies and in the nineties had completely different
flavours, but we are assuming that there are variables that behave similarly in
both instances and these variables provide robust indication of the imminence

of a recession. Our re-sampling exercise is designed to find such predictors.

With this thought in mind, we consider applying a re-sampling exercise to
provide robust out-of-sample assessments. The idea of the exercise is to choose
random blocks of the observed sample to evaluate a predictor or a combination
of predictors, instead of depending on just one specific evaluation period. The
exact procedure is as follows. Firstly, we tie the data of dependeht variable
Ry to the independent variable(s) z; in each date ¢t. Note that z; is a vector.
For the case that we combine two predictors togethef, an element of z; may be
a lag of one variable. This is to make sure that we use independent variables

at the appropriate date to forecast the dependent variable, even after we move
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them to the other position in the data set. Secondly, we move a block of
50 consecutive dates to the end of the data set. At last, we perform out-of-
sample assessment, using the relocated bloék as our evaluation period. We
remove a block of 50 dates, instead of randomly rearranging the new data set,
to preéerve the dependence structure of consecutive data in our re-sampled
sets. The number 50 is chosen, because it is large enough to be an evaluation
period (About one-third of the total sample observations), while it leaves every

pre-evaluation period some recession dates.

For example, in an exercise we may move (R¢yp, ;) from 1st quarter of 1972
to 2nd quarter of 1984 (50 quarters) to the end of the data set. Next, we start
estimating a forecasting model from the unmoved data and make a forecast for
1st quarter of 1972. After this, we estimate another model from the unmoved
data and the data of 1st quafter of 1972 to make a forecast for 2nd quarter of
1972. We repeat this process until we make a forecast for 2nd quarter of 1984,
which is the last data moved to the end of the data set. We use these forecasts

to compute the pseudo R? as in the case of out-of-sample assessment.

Given a forecast horizon h, we are left with 154—h observations to do individual
re-sampling assessment. We run our re-sampling exercise 104 — h times to
deplete all possibilities of moving a block of 50 consecutive dates from the
data. set. The reported pseudo R? is the simple average of the statistics from

these repetitions.

For the case of the combinations of two variables, we allow up to lo = 5
lags of the additional variable. We are left with 154 — h — I, observations in
performing this exercise. Hence, we repeat it 104 — h — Il times to deplete
all the possibilities. The reported pseudo R? is also the simple average of the

statistics from these repetitions.
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Table 2.2: In-Sample Statistics: LHS is R1, RHS are Constant and the
Variable as Stated

Dependent Variable is R1

h = Quarters Ahead
1 2 "~ 3 4 5 6 7 8

ial Variable

SPREAD pseudo R*  0.079 0.128 0.146 0.127 0.101 0.057 0.035 0.020

t-stat -3.99° 361 297" 248" -2.16" -1.56 -1.28 -1.31
SH_R pseudoR*  0.183 0.210 0.210 0.177 0.133 0.082 0.050  0.029
t-stat 6.14* 4.92* 4.19* 345" 2.80" 1.98™ 1.52 1.20
M3_GR pseudo R*  0.011 0.031 0.101 0.183 0.160 0.153 0.127 0.089
t-stat 1.14 1.68 3.23* 4.21* 2.19* 2.35* 2.42* 2.38"

CUR_GR pseudo R®  0.098 0.091 0.080 0.072 0.113 0.135 0.168 0.158
t-stat 361" 2.85* 234 2.00* 2.55* 3.07 4.37* 5.43*

INF pseudoR*  0.181 0.263 0.197 0.166 0.142 0.135 0.143 0.099
t-stat 4.24* 571* 461 4.49* 4.54* 477 4.31* 2.98*
lon-Financial Variable:

RTT_GR pseudo R  0.049 0.054 0.000 0.006 0.016 0.031 0.004 0.004
t-stat -1.85 247" 021 1.08 1.70 241 1.12 1.04
DWELL_GR pseudoR® . 0.111 0.103 0.041 0.008 0.001 0.009 0.008 0.015
t-stat -3.55"  -295* -2.04* 09 0.38 1.00 0.84 0.99

U.S. Finangial Variabh

US_SPR pseudoR® 0.000 0010 0055 0099 0094 0097 0094  0.081
t-stat 028  -1.00 -195 219" 209% 243" 267° -328"
US_SH R  pseudoR? 0068 0106 0450 0.179 0157 0434  0.116 0095
t-stat 355 332°  350° -  351° 343" 338  324*  2.71*
US LG R  pseudoR® 0093 0102 0103 0402 0087 0069 0057 0047
t-stat 471* 373 329* 2095 255 218 187 1.62

Note: * significant at 1% ** significant at 5%

2.4 In-Sample and Out-of-Sample Assessments

2.4.1 Individual Assessment

Table 2.2 and Table 2.3 show the values of pse_udo R? and t-statistics from the
model with a constant and an individual variable as stated in the tables. The
left-hand side (LHS) variable is R1 in Table 2.2, and R2 in Table 2.3. The
tables show only variables that perform best in each group, leaving the full
results shown in Table A.1 and Table A.2 of the Appendix A. Each bold-faced

number indicates the maximum pseudo R? in each corresponding column.

Looking at pseudo R? and t-statistics from Table 2.2 and Table 2.3, the infla~

tion rate (INF) and short-term interest rate (SH-R) are the best performers for
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Table 2.3: In-Sample Statistics: LHS is R2, RHS are Constant and the
Variable as Stated

h=Q Ahead
Dependent Variable is R2 1 3 3 ry 5 6 7 8

Financial Variabl

SPREAD pseudoR?*  0.029 0.044 0.050 0.051 0.089 0.076 0.024 0.003
t-stat 221" 2258 221 252 254 -2.35° -1.41 -0.5

SH_R pseudo R*  0.087 0.099 0.090 0.077 0.083 0.072 0.037 0.021
t-stat 4.08* 3.50" 3.08" 275" 2.50" 2.36" 18 1.42
M3_GR pseudo R 0.023 0.023 0.034 0.049 0.022 0.044 0.052 0.055

t-stat 1.92 1.94 1.51 2.40* 1.47 1.76 242" 231"
CUR_GR pseudoR?  0.035 0.076 0.069 0.055 0.050 0.034 0.069 0.084

t-stat 2.52* 2.85* 2.40* 220" 220" 246" 3.58* 3.2t
INF pseudo R 0.105 0.112 0.109 0.057 0.017 0.020 0.010 0.013

t-stat - 3.92* 3.97* 447 3.19" 191 1.55 1.21 1.46

Non-Financial Variables

RTT_GR pseudo R*  0.037 0.048 0.006 0.004 0.006 0.041 0.022 0.013
t-stat 277t 293 -1.22 -1.09 1.41 3.1 2.54* 1.89
DWELL_GR pseudoR*  0.011 0.014 0.030 0.018 0.009 0.006 0.014 0.047
t-stat -1.43 -1.79 -1.87 -155 111 094 16 264"

U.S. Financial Variables
US_SPR pseudo R?  0.001 0.001 0.003 0.012 0.030 0.041 0.037 0.014
t-stat 0.44 -0.31 -0.54 -1.05 -1.67 1.7 -1.63 -1.20
US_SH R pseudoR?  0.050 0.057 0.061 - 0.081 0.109 0.116 0.100 0.071
t-stat 347 2.59* 247" 3.06* 3.67 3.61* 332 2.87*
US_LG R pseudo R 0.054 0.064 0.062 0.071 0.082 0.082 0.071 0.062
t-stat 3.36* 2.90* 273 3.1 3.54* 3.35" 2.87* 2.60*

Note: * significant at 1% ** significant at 5%

1-quarter to 3-quarters ahead in-sample forecasting. The growth rate of M3
(M3_GR) and the growth rate of currency (CUR_GR) are best for 4-quarters
ahead to 8-quarters ahead with R1, while the U.S. short-term interest rate

(US_.SH_R) is outstanding for these longer forecast horizons with R2.

Table 2.4 ‘a.nd Table 2.5 show the values of pseudo R? resulted from the out-of-
sample assessment. The LHS variable is R1 and R2 for Table 2.4 and Table 2.5,
respectively, while the RHS variables are a constant and an individual variable
as stated in the tables. The missing numbers are the statistics with negative
values. Each bold-faced vnumber is the maximum value of pseudo R? in the
corresponding forecast horizon (Column). Full results are in Table A.3 and

Table A.4 of the Appendix A.

From both tables, the best performers for short-horizon (1-quarter to 3-quarters
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Table 2.4: Out-of-Sample pseudo R?: LHS is R1, RHS are Constant and
the Variable as Stated

h = Quarters Ahead

Dep Var = R1 1 Z 3 4 5 5 7 8
Financial Variables
SPREAD 0.079 0.150 0.180 0.159 0.131 0.012
SH_R 0.148 0.198 0.190 0.164 0.147 0.085 0.025 0.008
M3_GR 0.005 0.033 0.092 0177 0.164 0.165 0.144 0.108
CUR_GR 0.028 0.026 0.002 0.015 0.030 0.071 0.102 0177
INF 0.147 0.183 0.151 0.169 0.148 0.145 0.156 0.121
RTT_GR' 0.058 0.062 0.001 0.000
DWELL_GR 0.047 0.034 0.029 0.003 0.013
U.S. Financial Variabk
US_SPR 0.067 0.130 0.120 0.123 0.115 0.090
US_SH_ R 0.049 0.113 0.190 0.234 0.198 0.167 0.131 0.090
US LG R 0.097 0.109 0.115 0.113 0.087 0.064 0.031 0.015

Table 2.5: Out-of-Sample pseudo R?: LHS is R2, RHS are Constant and
the Variable as Stated

Dep Var = R2

h = Quarters Ahead

1 2 3 4 5 6 7 8
ble.

SPREAD 0.026 0.049 0.057 0.062 0.091 0.081 0.020
SH_R 0.104 0.119 0.106 0.088 0.092 0.079 0.025 0.000
M3_GR 0.018 0.026 0.039 0.062 0.019 0.052 0.067 0.070
CUR_GR 0.040 0.050 0.063 0.056 0.057 0.029 0.084 0.108
INF 0.130 0.123 0.126 0.075 0.009 0.021 0.005

. ! . .
RTT_GR 0.036 0.049 0.000 0.000 0.006 0.013
DWELL_GR 0.007 0.013 0.026 0.018 0.005 0.000 0.006 0.027

U.S. Financial Variables

US_SPR 0.002 0.020 0.041 0.036 0.004
US_SH_R 0.055 0.071 0.075. 0.095 0.118 0.133 0.110 0.073
US LG R 0.059 0.067 0.047 0.059 0.072 0.074 0.058 0.049
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ahead) out-of-sample forecasting are inflation rate (INF) and short-term in-
terest rate (SH_R). This is similar to the in-sample results. However, the U.S.
short-term interest rate (US_SH_R) obviously outperforms other variables in 4-
quarters ahead to 6-quarters ahead forecasting and the growth rate of currency
(CUR_GR) seems to be the best performer for 8-quarters ahead forecasting,

regardless of the definition of recession.

Figure 2.3 plots the predicted probability of recessions R1 from the out-of-
sample exercise with some selected variables. The forecast horizon is h = 1.
The shaded areas represent recession periods. It is obvious that the short-
term interest rate (SH_R) provides a strong signal to the recession during
1981 — 1983, but fails to predict one in 1990 — 1991. Only the growth rate of
dwelling approvals (DWELL_GR) predicts recession in 1990 — 1991. However,
it also provides false signals in many periods. The U.S. financial indicators

provide only weak signals on both recessions.

Figure 2.4 provides the same information as in Figure 2.3, but with fore-
cast horizon b = 4. Only tfle short-term interest rate (SH-R) and the U.S.
short-term interest rate (US_SH_R) correctly predict the 1981 — 1983 recession.
Similar to other variables, they provide only weak signals to the 1990 — 1991
recession. Overall, the U.S. short-term interest rate may be better than the

domestic short-term interest rate as it does not give a false signal during 1986.

Even the best performers for some forecast horizons are different in our in-
sample and out-of-sample assessments, we can say that both results are close.
The U.S. short-term interest rate (US.SH.R) is among the best performers in
our in-sample assessment for both recession definitions, using forecast horizons
h =4,5,6. Up to this point, we see that it is the best leading indicator for these

forecast horizons in predicting Australian recessions. For shorter horizons, the
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Figure 2.3: Probability of Recession: R1 and h=1
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Figure 2.4: Probability of Recession: R1 and h =4
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short-term interest rate (SH_R) and the inflation rate (INF) perform best for
both R1 and R2 recessions.

Both in-sample and out-of-sample assessments also show that financial vari-
é,bles outperform non-financial variables in predicting Australian recessions.
The best performer among non-financial variables seems to be the growth rate
of dwelling approvals (DWELL_GR). However, its forecasting performances

cannot match those of the top performers in the group of financial variables.
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2.4.2 Combination of Two Predictors

In this section, we assess combinations of two predictors. Forlshort forecast
horizons (1-quarter to 3-quarters ahead) we choose inflation rate (INF) to be
combined with each of the other variables, and for the other horizons we choose
U.S. short-term interest rate (US_SH_R). Up to 5 lags of the additional variable
are allowed. As before, the bold-faced numbers indicate the maximum values

of pseudo R? in each forecast horizon.

Table 2.6 presents the values of in—sample t-statistics and pseudo R? for the
models using a constant, inflation rate (INF) and another variable stated in
the table, as the independent variables. The LHS variable is R1 and R2 for
the left and right panels of the table, respectively. Full ‘results are in table A.5
of the Appendix A.

When R1 is used, it is obvious that the combination of inflation rate (INF)
and short-term interest rate (SH_R) is the best performer for short forecast

horizons (1-quarter to 3-quarters ahead). However, this is not the same when

R2 is used.

Table 2.7 presents the values of in-sample ¢-statistics and pseudo R? for the
models using a const;mt, U.S. short-term interest rate (US_SH_R), and another
variable as independent variables. They are used with 4-quarters to 8-quarters
ahead forecast horizons. The LHS variable is R1 and R2 for the left and right

panels of the table, respectively. Full results are in table A.6 of the Appendix A.

When R1 is used, the combination of U.S. short-term interest rate and the
growth rate of currency (CUR_GR), and the combination of U.S. short-term
interest rate and the growth rate of M3 (M3_GR) perform best in long fore-

cast horizons. However, when we switch to R2, it is quite obvious that the
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Table 2.6: In-Sample Statistics: RHS are Constant, INF, and the Vari-

able as Stated

Dependent tag h = Quarters Ahead Dependent lag h = Quarters Ahead
Variable is R1 1 2 3 Variable Is R2 1 2 3
SPREAD pseudo R®  0.216 0.330 0.281 SPREAD pseudoR*  0.114 0.130 0.132
0 t-stat 2.66*  -2827  -242° [ t-stat -1.20 145 -1.45
tstatINF  3.86* 512* 415 tstatINF  3.58° 3.49° 3.90°
pseudoR? 0245 033  0.257 pseudoR® 0.117 0127  0.124
1 t-stat 298 256  -1.92 1 t-stat 147 -1.13 ERT]
tstatINF 360" 5.04° 385" t-statINF  3.30°  3.12° 352
pseudo R*  0.260 0.322 0.239 pseudoR?  0.120 0.125 0.149
2 t-stat 310 242 156 2 t-stat -1.19 -1.08 .67
t-statINF  3.60° 5.06° 371" tstatINF  3.22° 305° | 339
pseudoR?  0.241 0295  0.208 pseudoR? 0122  0.154 - 0.14%
3 t-stat 257 140 073 3 t-stat -1.33 183 -152
tstatINF  3.59" 4.66° 3.58° t-statINF __ 3.23* 293 327
pseudoR? 0246  0.282  0.207 pseudo R?| 0.16¢4 0.161 0.116
4 t-stat 260 0% 075 4 t-stat 2.70* | 204" 075
tstatINF 397  5.02°  3.99° tstatiNF | 376 | 346" 387
pseudoR® 0217 0277 0204 pseudoR? 0.161 0123  0.110
s t-stat .57 087 080 5 t-stat  -262° 099 0.02
t-stat INF__ 4.03" 523 421" t-statINF__ 3.90" 3.61° 4.29°
SHR pseudoR’ 0277 | 0374 | 0314 SH_ R pseudoR? 0.144  0.158  0.149
o t-stat 420" | 345 | 305 0 t-stat 236 223" 1.91
tstatINF 312" | 416* | 3.3 tstatINF - 294" 275 342
pseudoR? 0295 0365 0281 pseudoR? 0150 0150  0.136
1 t-stat 437" 3127 246" 1 t-stat 2.50 1.90 1.49
tstat INF __ 3.08  4.43° 332 tstatiNF - 2.74* 2.5¢° 3.06"
pseudo R? 0.252 pseudoR? 0.145  0.141  0.141
2 t-stat 1.92 2 t-stat 234 1.63 1.52
t-stat INF 333 t-statINF 279" 274" 345
pseudoR? 0283 0319  0.225 pseudoR?  0.141 0.151 . 0.138
3 t-stat T 2120 1.32 3 tstat 214" 1.78 1.51
tstatINF 353"  4.68°  3.52° t-statINF - 3.08" 294 333
pseudoR? 0267  0.300 0215 pseudoR? 0.455  0.153  0.123
4 t-stat 3.52* 1.68 1.14 4 t-stat 255 1.9 112
tstatINF 390"  4.94"  3.84° tstatINF 348" 335" 378
pseudoR? 0238 0288  0.209 pseudoR? 0.154  0.132  0.118
5 t-stat 278" 1.46 1.01 5 t-stat 268" 1.43 0.91
tstat INF__ 4.04* 5.32°  4.15° tstatINF_~ 3.69°  357°  4.04°
GOLD_GR pseudoR® 0.192 0271  0.239 GOLD_GR pseudoR’ 0.144 0112 0120
0 t-stat -1.41 .07 9 ° t-stat 1.13 0.07 1.12
tstatINF  4.16* 552 447" tstatINF  3.81° 391 435
pseudoR® 0.188 0306  0.265 . pseudoR? 0105  0.119  0.109
4 tstat D89 -1.95 279 1 s DO5 1.00 0.28
tstatINF  4.13" 5.51°  4.56" tstatiINF - 3.87° 397" 429"
pseudoR? 0225 035  0.240 pseudoR? 0112 0192  0.140
2 tstat 242" 303 209" 2 t-stat 0.93 034 236"
tstatINF 385 510"  4.50° t-statINF  3.86° 407" 394
pseudoR? 0236 0299  0.216 pseudoR® 0.105 0138  0.116
3 tstat 234" 1.9 -1.39 3 t-stat 018 244" 084
tstatINF 370" 497" 439" tstatINF - 3.86" 3 435
pseudoR® 0202 0274  0.199 pseudoR® 0125 0115 0122
4 t-stat 134 -1.06 052 4 t-stat 178 064 -1.08
t-statINF  4.26°  544° 447" t-statINF  360°  3.88° __ 445
pseudoR? 0214 0.293 0.201 pseudoR®  0.120 0.144 0.171
5 t-stat -1.86 -1.68 062 5 t-stat 120 168 | -248°
tstat INF__ 4.35° 5.73" 5.01% t-statINF_ 3.79" 468 | 5.14°
US_SH_R pseudoR’ 0.197 - 0293  0.267 US_SH_R pseudoR?’ 0.419 0129  0.130
[} t-stat 1.59 1.80 247 ° t-stat 1.54 1.49 1.49
tstatINF 3620  4.76°  3.60° tstatINF - 3.27° 347 352
pseudoR? 0218 0320  0.287 pseudoR? 0122 0130  0.142
1 t-stat 242 248 278" 1 t-stat 1.69 1.46 1.96™
tstatINF 344 455  341° tstatINF - 3.16° 3050 332
pseudoR? 0240 0325  0.256 pseudoR* 0120  0.138  0.157
2 t-stat 3.00° 246 224" 2 t-stat 1.48 178 238
t-statINF  3.14* 4.16°  3.47° tstatINF  2.99° 270° 276"
pseudoR? 0269 0319 0247 pseudoR? 0.136  0.163  0.168
3 testat 378* 239" 218" 3 tstat 242" 246 245
tstatINF  325* 434" 3.39% tstatINF 299" 264" 288
pseudoR? 0255 0306 0239 pseudoR*  0.158
4 t-stat 357° 225" 206" 4 t-stat 283"
tstatINF  334° 444 350 tstatINF  2.86"
pseudoR? 0236 0293 0224 pseudoR? 0164  0.450  0.137
5 t-stat 3.10" 177 1.50 5 t-stat 293 249" 1.62
tstatINF_ 320"  4.45° 348" tstatINF__ 269" 260"  3.22
Note: * significant at 1%

** significant at 5%
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Table 2.7: In-Sample Statistics: RHS are Constant, US_SH_R, and the
Variable as Stated

Dopendem - h = Quarters Ahead Depondent h = Guariers Ahead
Varlable Is Rt 9 3 s 0 7 0 Varlable Is R2 ) 5 3 T ]
SHR paeudo KT 0220 0179 0.1 0116 0097  SHR peeudo 0086 0420 0120 0100 0073
° tetat 7 11 044 08 028 - tatat 147 082 082 047  0.%
t-stat US_SH_R 179 186 208~ 243 242 tstat US_SH_R 1.50 202" 37T 2mr 257"
pmdnl!‘ 0.203 0.163 0135 0.120 0.097 plﬂldnk’ 0.104 0.113 " 0.117 0103 0.073
tetat 1.18 0.46 005 .31 019 t-stat 1.25 077 .16 -054 0.57
tatatUS_SH R 225% 238  26% 301" 262 tetaUS_SH R 154  244° 300 323 287
pseudo 0.168 0.160 0.137 0.119 0.098 pseudo Rr 0.10t 0.111 0.121 0.105 0.075
2 1etat 058 0.1t £.2 0.14 026 t 122 014 047 0.74 -0.82
tsWtUS_SH R 267 279 294 291 b3 t-stat US_SH_R 191 3.0 338 358" 3.90°
pasudo 018 0161 0137 0419 0009 pesudoR’ 0086 044 0426 0107 0073
3 tatat 0.2t 0.14 0.03 0.18 024 t-atat 0.57 £.21 065 -0.98 0.57
teatUS_SH R 287 298 282 209" 274 tetat us,s:}_n 240 332 356 3600 300
pasudo 0163 0460 0137  0.120 009 psevdo 0080 0.2 0128 0104 0071
4 totat 008 002 052 02 019 totat 013 042 090 075 028
telatUS_SH R 309" 281" 299" 304" 274" tets US_SH R 279"  346° 364" 352 292
pseudo 0.182 0.160 0.137 0.119 0.097 pssudo R 0.103 0.124 0.124 0.101 0.073
E tetat 0.07 -0.09 -0.18 02 0.06 tsiat -0.13 .68 0.72 -0.38 0.54
telatUS SH R 3.02° 297 298 3.0 269 tetatUS SHR 306 3.58° 360" 329 256"
M3_GR pseudo R R 0118 0142 0434  0.108
o tetat 108 160 206 229"
tetat US_SH_R . 36 35T 322 267
pasudo 0311 0277 020 0178 0125 paeudo 0091 043 0148 0434  0.107
1 tetat 220" 239 231 236" 201" tatat 1.07 1.54 1.9 222" 199"
totatUS SHR 324 312 3000 203 246 1.t US_SHR 289 35T 348" 308 259"
pssudo 0.204 0.249 0.1 0.144 0.100 pssudo R 0.105 0.139 0.150 014 0.0
2 tatat 231 217 217 184 097 tetat 154 183 203~ 182 065
tetatUS_SH R 3.18° e 3.08" .00 256" tstat US_SH R 277 34 335 295" 278"
pseudo 0.268 0.214 0.160 0.121 0.099 pseudo . 0.113 0.145 0.156 0002 0.078
tetat 202+ 188~ 173 088 -0.50 tstat 176 1.80 1.68 047 0.76
tetatUS_SH R 320" 315" 316" 3 264 tetat US_ SH R 266 342 V. 4 318 282
pssudo 0235 0.182 0.139 0121 0.088 pseudo [d 0423 0.158 0.423 0111 0.072
4 tetat 179 155 077 -0.50 0.07 tetat 189 168 0.39 088 034
1atatUS_SHR 319"  32° 326 316 250 tstatUS SH R 289 355 350 342 276"
pseudo 0205 0462 0138  0.118 0088 psevdoR® 0140 0423 0433 01R 007
s tetat 148 0.80 -0.40 -0.03 034 tstat 1.8t 049 £0.90 041 o7t
istatUS SH R _ 3.29° 3.33 3.26° 3.02° 2.51° tatatUS SH R 3.23° 3.64° 4.02* 324 2.62°
CUR_GR poeudo R 0208 0216 0214 0223 0200  CURGR pesvdoRY  0.106  0.128  0.122 013 0.8
[ tetat 1.06 1.68 299~ 3.26° 4.26° tatat 142 129 1.00 amr a7
tetatUS_SH R 282 281" 285 240 180 tetat US_SH R 237 300 22 291 223"
pseudo 0.237 0235 0.244 0217 0.185 pseudo R 0.103 0.116 0.145 0.14% 0.121
1 tetat 1.87 213" 3r 401" 368" t-stat 1.40 1.01 237 269" 359
tetatUS_SH R 255 262 267 240° 1.88 tetat US_SH R 243 325" 3200 274 225"
pseudo R 0251 0261 0230 0210 pesudo R 009t 0139 0455 0144  0.951
2 tetat - 205 301" 3.56* 325 teatat 1.09 220~ 256 368" 3.76"
tstatUS SH R 287 278" 259" 238 tetat US_SH_ 2500 3.09 308* 270 1"
psauda 02% 0263 0237 0.185 paeudo 0121 0157 0170 0485 0.4
3 totat 297 355" 325 276" tetat 2400 bArd 349 A6 2.85°
tstatUS_SH R 322 ar 293 2.08™ 1ot US_SH R 248 ar ar a7z 243
peudo 026 0269 02% 0212 0183 peeudoRT 0440 0475 0212 04R 0082
4 tetat 3.45° 33 285" 287 249° t-stat 291 365" st 297 128
tetatUS SH R 338 333 321 285" 229" tetat US_SH 272 339 st 266" 26
pssudo 0.281 0283 0.2%0 0.183 0.166 pesudo 0.158 0.212 0.172 0110 0.079
s tetat 2 283 254 224" 260 telat 360 356  286° 145 115
tetatUS SH R 345" 344" 34T 236" 2.2 tstmUS SHR 269 3.37 339" 3.00° 255
DWELL_GR pssudo 0.182 0.163 a1s2 0.132 0118 DWELL_GR pssudo 0.085 0.115 0.119 [X}-] 0.133
° tetat ©£5 065 124 104 113 tetat 432 088 066 186 280"
teatUS_SHR 350° 362 360 34T 207 tet US_SH R 3068 364 356 357 312
pseudo 0183 0470 0143 0132 010 pesudoR® 0083  0.417 0133 0153
1 totat 0.37 08 o7 o0.87 070 tetat 1.2 0.85 1.64
tetastUS_SH R 354 350 240  330° 276 tetatUS SHR 3P 36  37F
pseudo 0.189 0.164 0.148 0.927 0.098 pseudo R¥ 0093 012 0.165 ).
2 tetat on 0.50 072 0.58 019 tetat -1.15 141 154
tetatUS_SH R 351° 344 34 330 269 tetat US_SH. T 36r
pseudo 0.187 0.169 0.144 0.119 0.098 pesudo
tetat 0.45 067 053 0.14 0.08 tatat
tetatUS_SH R 352 35 35 336 2600 tetat US_SH_R
pseudo R 0188 0465 01437  0.113 0088 pssudo R*
4 tatat 0.51 041 0.02 £0.02 £.10 t-stat
tetatUS SHR 357 36T 37 339" 260 tetst US_SH_R
pseudo 0.187 0.160 0.1% 0.118 0.102
L tetat 0.40 0.00 0.04 £0.13 orr tatal
tatatUS SH R 3.67° 3.76* 367 339" 261" tetatUS SH R| 337
US_SPR peoudo ? 0.185 0.174 0.155 0.139 0.115 US_SPR peeudo 0.082 0.109 0.118 2401 0.072
° tatat 09 -082 403 128 -1.38 tetat 025 021 041 037 028
tetatUSSH R 324 308 258 200 156 tetat US_SH R 295  324° 20 250 239"
pseudo 1 0.19% 0177 0.157 0.135 0.103 pseudo 0.084 0.113 0.118 0.100 0.080
tetat 004 -1.02 37 445 073 totat 048 051 032 035 116
tetatUS_SH R 344 27T 250" 218~ 1.00 tetatUS_ SH R 250 301 309 3.000 287°
pseudo R 0201 0182 015 0.5 0009 pasudo R* 0080 0113 0420 0412 0085
2 tatat 441 143 A58 075 032 totat 081 049 038 122 150
tetatUS SH R 327 283 251 2400 2.02% tetUS_SH R 248 308 367 347 296"
pssudoR® 0201 0176 0142 0420 0106 pseudoR’ 0088 0414 0438 0123 0081
3 tetat A% 147 068 024 056 tetat 068 020 137 178 09
tetatUS SHR 306 271"  251° 241" 187 tetaUS SHR 248 373 407 343 278"
pssudo R 0197 0165 0138 0427 0421 pesudo R* 0089  0.437 0448 0115 008t
4 tetat 438 084 025 054 085 tatat 002 132 180 131 080
tetstUS_SH R 296 2700 245 221° 170 St US_SH R 305 441 376 38 263"
pseudo 0187 0161 0145 0442 0414 peeudoR® 0413 0.147 0438 0114 0086
s totat 06 028 05 084 076 tetat 103 188 138 085 081
tetatUSSHR 262 2607 235 2067 184 totstUS SHR 380" 2300 334 2067 2610

Note: * significant at 1%

** significant at 5%
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Table 2.8: Out-of-Sample pseudo R?>: RHS are Constant, INF, and the
Variable as Stated '

DepVar=R1 lag h = Quarters Ahead DepVar=R2 lag h = Quarters Ahead
1 2 3 1 2 3
SH_R 0.148 0.198 0.190 INF 0.130 0.123 0.126
SPREAD 0 0.156 0.232 0.246 SPREAD [ 0.128 0.137 0.146
1 0.216 0.270 0.227 1 0.132 0.129 0.137
2 0.244 0.252 0.201 2 0.137 0.134 0.159
3 0.230 0.220 0.042 3 0.145 0.162 0.156
4 0.241 0.138 0.088 4 0.187 0.176 0.128
5 0.144 0.057 0.160 5 0.189 0.134 0.104
SH_R [ 0.200 0.271 0.259 SH_R L] 0.157 0.160 0.149
1 0.258 0.269 0.231 1 0.165 0.138 0.129
2 0.250 0.220 0.205 2 0.161 0.140 0.152
3 0.246 0.244 0.134 3 0.160 0.163 0.153
4 0.251 0.207 0.139 4 0.183 0.170 0.122
5 0.217 0.189 0.162 5 0.185 0.133 0.108
Non-Financial Variables i
GOLD_GR [ 0.141 0.189 0.193 GOLD_GR 0 0.135 0.119 0.107
1 0.155 0.231 0.217 1 0.126 0.099 0.115
2 0.197 0.247 0.192 2 0.110 0.115 0.151
3 0.193 0.209 0.178 3 0.122 0.143 0.127
4 0.181 0.206 0.156 4 0.141 0.119 0.145
5 0.191 0.127 0.145 5 0.144 0.170 0.171
U.S. Financial Variables U.S, Finencial Variables
US_SH R 0.084 0.115 0.205 US_SH_R 0.137 0.141 0.145

0.112 0.175 0.254
0.171 0.216 0.212
0259  0.237 0.206
0.247 0.224 0.187
0.221 0.176 0.165

0.147 0.139 0.156
0.140 0.150 0.168
0.157 0.174 0.187
0477 0.192 0.171
0.188 0.168 0.141

N bWN =
NN

combination of U.S. short-term interest rate and the growth rate of dwelling

approval (DWELL_GR) is the best.

Table 2.8 reports the values of out-of-sample pseudo R? for specifications using
a constant, inflation rate (INF), and another variable as explanatory variables.
- The forecast horizons are 1-quarter ahead to 3-quarters ahead. The LHS vari-
ables are R1 and R2, respectively, for the left and right panels of the table. Full
results are in Table A.7 of the Appendix A. The first row of the table shows
the best individual out-of-sample performances. Our best combination for each
recession definition and each forecast horiion varies here. It is indicated by

bold type in the table.

Table 2.9 shows the values of out-of-sample pseudo R? for specifications using
a constant, U.S. short-term interest rate (US.SH.R), and another variable

stated in the table, as explanatory variables. The forecast horizons are 4-
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Table 2.9: Out-of-Sample pseudo R>: RHS are Constant, US_SH_R, and
the Variable as Stated

= =
Dep Var=R1 lag r 5" Quan:u M”‘, 3 DepVar=R2 lag ry 5" 0“‘":" "‘""7 3
US_SH_R 0.234 0.198 0.167 0.131 0.090 US_SH_R 0.095 0.118 0.133 0.110 0.073
Financial Variables Financial Variable.
M3_GR [} 0.373 0.333 0.298 0.244 0.170 M3_GR [} 0.137 0.417 0.161 0.154 0.122
1 0.363 0.322 0.272 0.203 0.124 1 0.092 0.137 0173 0.150 0.110
2 0.350 0.296 0.234 0.161 0.083 2 0.117 0.151 0.175 0.136 0.072
3 0.327 0.261 0.185 0.126 0.051 3 0.133 0.159 0.172 0.104 0.038
4 0.292 0.223 0.162 0.106 0.070 4 0.144 0.161 0.136 0.085 0.063
5 0.259 0.194 0.147 0.121 0.084 5 0.148 0.124 0.414 0.097 0.075
CUR_GR [ 0.175 0.149 0.158 0.115 0.198 CUR_GR [] 0.109 0.130 0.116 0.138 0.125
1 0.173 0.187 0.182 0.229 0.205 1 0.112 0.008 0.156 0.156 0.135
2 0.209 0.210 0.261 0.235 0.209 2 0.087 0.138 0.175 0.159 0.167
3 0.252 0.304 0.283 0.259 0.185 3 0.137 0.174 0.201 0.204 0.421
4 0.350 0.320 0.304 0.244 0.161 4 0.166 0.193 0.250 0.157 0.070
5 0.357 0335 0.281 0.204 0.165 5 0.181 0.230 0.189 0.094 0.056
Non-Financial Variables Non-Financial Variables
DWELL_GR o 0.232 0.165 0.134 0.128 0.108 DWELL_GR 0 0.107 0.120 0.129 0.126 0.106
1 0.201 0.159 0.157 0.142 0.101 1 0.103 0.118 0.141 0.143 0.150
2 0.191 0.184 0.172 0.136 0.063 2 0.101 0.117 0.157 0.179 0.137
3 0.220 0.201 0.170 0.105 0.045 3 0.097 0.136 0.209 0.167 0.032
4 0.233 0.197 0.139 0.086 0.050 4 0.119 0.174 0.193 0.066 0.053
5 0.231 0.166 0.121 0.094 0.089 5 0.178 0.191 0.093 0.083 0.067
LS, Financial Variables
US_SPR 0 0.239 0.200 0.170 0.132 0.094 US_SPR 0 0.044 0.089 0.109 0.087 0.047
1 0.237 0.203 0.174 0.135 0.084 1 0.065 0.097 0.116 0.056 0.068
2 0.249 0212 0.167 0.121 0.077 2 0.092 0.102 0.119 0.105 0.072
3 0.248 0201 0.152 0.114 0.069 3 0.091 0.107 0.152 0.125 0.063
4 0.236 0.184 0.145 0.102 0.043 4 0.086 0.136 0.163 0.106 0.064
5 0.218 0.175 0.129 0.070 5 0.114 0.149 0.142 0.096 0.073

quarters to 8-quarters ahead. Full results are in Table A.8. It is obvious in
Table 2.9 that the combination of U.S. short-term interest rate and growth rate
of currency (CUR_GR) performs best. The best combination for 5—quafters
ahead forecasting is the U.S. short-term interest rate at time ¢ and the growth
rate of currency at time ¢ — 5. The best combination for h-quarters ahead
forecasting, h = 6,7, 8, is the U.S. short-term interest rate at time ¢ and the
growth rate of currency at time t — (10 — h). It is also obvious here that in-

sample statistics may not be good indicators for out-of-sample performances.

We can see that models with combinations of two predictors perform better
than models with individual indicators out-of-sample. This can be seen from
cofnparing the associated statistics to the ones in the first row of each table.
Moreover, allowing variables with different lags into the model helps further

improve its forecasting performances.

Figures 2.5 and 2.6 confirm our above finding. They plot the predicted proba-
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Figure 2.5: Probability of Recession: R1 and h=1
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bility of R1 recessions from our out-of-sample exercises for some selected com-

binations in Tables 2.8 (with forecast horizon h =

1) and 2.9 (with forecast

horizon h = 4), respectively. In Figure 2.5, even the combination of inflation

rate and the third lag of U.S. short-term interest rate (panel e) still provides

weak signal to the 1990 — 1991 recession, it does not give false signal during

1986 as in the case of using the short-term interest rate alone (panel a). In

Figure 2.6, the combination of U.S. short-term interest rate and growth rate

of M3 (pa.nél b) correctly predict both recession periods.
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Figure 2.6: Probability of Recession: R1 and h =4
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Table 2.10: Re-Sampling pseudo R?: LHS is R1, RHS are Constant and
the Variable as Stated

_ h = Quarters Ahead
Dep Var = R1 1 2 3 2 5 6 7 [

Financial Variables

SPREAD 0.074 0.139 0.151 0.097 0.060

SH_R 0.064 0.126 0.133 0.074 0.035 0.020

M3_GR 0.028 0.104 0.175 0.013

CUR_GR 0.018 . T 0.002 0.043 0.098 0.162

INF 0.149 0.232 0.165 0.139 0.109 0.111 0.123 0.078
Nor-Fi ial Variab!

RTT_GR 0.038 0.030 0.000

DWELL_GR 0.086 0.075 0.028

U.S. Financial Variables

US_SPR 0.043 0.097 0.090 0.120 0.125 0.100
US_SH_R 0.012 0.044 0.064 0.035 0.039 0.017
US LG R 0.023 0.024 0.007

2.5 Re-Sampling Results

As discussed in section 2.3, the out-of-sample results may not provide leading

indicators that work well in general. This section provides the results from our

re-sampling exercise.

2.5.1 Individual Assessment

Table 2.10 and Table 2.11 show the values of pseudo R? from our re-sampling
exercise. Table 2.10 presents the case that the LHS variable is R1 and the RHS
variables are a constant and an individual variable, while Table 2.11 shows the
case of LHS variable is R2. The missing numbers are pseudo R? with negative

values. Full results are in Table A.9 and Table A.10.

When comparing the results in these two tables to the out-of—samplé results in
Table 2.4 and Table 2.5 of the previous section, we see that the best performer
for short forecast horizons (1-quarter ahead to 3-quarters ahead) switches from
short-term interest rate (SH.R) to inflation rate (INF) for R1, and from in-

flation rate to short-term interest rate for R2. However, in the overall picture
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Table 2.11: Re-Sampling pseudo R?: LHS is R2, RHS are Constant and
the Variable as Stated

_ h = Quarters Ahead
Dep Var = R2 1 Z 3 3 5 5 7 8
Financial Variables
SPREAD 0.038 0.062 0.060 0.052 0.088 0.067
SH_R 0.113 0.133 0.120 0.094 0.087 0.070 0.030 0.003
M3_GR 0.002 0.016 0.034 0.066 0.006 0.031 0.032
CUR_GR 0.004 0.013 0.022 0.014 0.030 0.034 0.086 0.108
INF ’ 0.104 0.118 0.116 0.064 0.002
Non-£i ial Variat
RTT_GR 0.046 0.063 0.015 - 0.004
DWELL_GR 0.008 0.014 0.030 0.015 0.007 0.040
.S. Financial Variable:
US_SPR 0.017 0.037 0.028
US_SH_R 0.020 0.026 0.041 0.065 0.078 0.086 0.058 0.032
US LG R 0.020 0.037 0.051 0.063 0.063 0.061 0.045 0.032

we see that our re-sampling exercise confirms our out-of-sample results: that

these two are the best predictors for short forecast horizons.

This is not the same for longer forecast horizons. We see two major differences
from the out-of-sample results here. First, we do not observe the outstanding
performances of the U.S. short-term interest rate (US_SH_R) in our re-sampling

exercise. Second, the U.S. interest rate spread (US_SPR) performs a lot better

for long forecast horizons with R1.

Our re-sampling exercise still confirms that financial variables outperform non-
financial variables in predicting Australian recessions. This finding stays re-

gardless of the definition of recession or the forecast horizon used.

2.5.2 Combination of Two Predictors

Forecasting 1-quarter ahead to 3-quarters ahead, we choose inflation rate (INF)
to be combined with each of the other variables. Table 2.12 reports our re-
sampling pseudo R2; The probit model here uses a constant, inflation rate, -
and another variable as stated in the table, as independent variables. The LHS

variables are R1 and R2, respectively, in the left and right panels of the table.
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Table 2.12: Re-Sampling pseudo R?: RHS are Constant, INF and the Vari-
able as Stated

Dep Var=R1 lag _:‘M'ﬁ?_"___ ; h = Quarters Ahead

Dep Var =R2 lag

2 3 2 3
INF 0.149 0.232 0.165 SH_ R 0.113 0.133 0.120
FEinancial Variab Einancial Variables
SPREAD ] 0.154 0.282 0.228 SPREAD 0 0.110 0.137 0.141
1 0.191 0.294 0.122 1 0.111 0.1 0.115
2 0.197 0.237 0.092 2 0.100 0.097 0.149
3 0.131 0.146 3 0.101 0.144 0.130
4 0.117 0.053 4 0.171 0.154 0.075
5 0.005 0.104 0.123 5 0.157 0.079 0.051
SH_R 0 0.122 0.272 0.191 SH_R [ 0.164 0.178 0.172
1 0.180 0274 1 0477 0.153 0.142
2 0.169 0.191 2 0.166 0.139 0.150
3 0.123 0.200 0.076 3 0.155 0.157 0.145
4 0.113 0200 0.107 4 0.175 0.164 0.120
5 0.134 0.497 0.119 5 0.171 0.129 0.105
Non-Financial Variables Non-Financial Variables
RTT_GR [ 0.111 0.192 0.153 RTT_GR [] 0.069 0.111 0.10t
1 0.180 0.148 0.134 1 0.158 0.019 0.047
2 0.111 0.190 0.134 2 0.073 0.094 . 0.114
3 0.126 0.209 0.157 3 0.075 0.102 0.120
4 0.109 0207 0.145 4 0.088 0.123 0.107
5 0.122 0203 0.137 5 0.097 0.101 0.107
U.S. Financial Variables U.S. Financial Variables
US_SH_R 0 0.101 0.198 0.144 US_SH_R 0 0.101 0.105 0.122
1 0.106 0.199 .. 1 0.104 0.114 0.138
2 0.102 2 0.102 0.121 0.135
3 0111 3 0.121 0.132 0.140
4 0.099 0.129 4 0.131 0.131 0.118
5 0.069 0.110 5 0.123 0.097 0.099

Full results are in Table A.11. Asin Table 2.8, the first row of Table 2.12 shows
the performances of the best individual predictors. Each bold-faced number

indicates the highest value of pseudo R? in each column.

Our re-sampling results in Table 2.12 are quite different from the out-of-sample
results in Table 2.8. Firstly, we no longer observe the strong potential of the
combination of inflation rate with the U.S. short-term interest rate (US_SH_R).
Secondly, the results are more obvious. The cémbination of inflation rate and
the interest rate spread (SPREAD) is the best for R1, while the combination

of inflation rate and short-term interest rate (SH_R) is the best for R2.

It is not clear which variable is the best for longer forecast horizons (4-quarters
ahead to 8-quarters ahead). From Table 2.10 and Table 2.11, U.S. short-term
interest rate (US_SH_R), U.S. interest rate spread (US_SPR), growth rate of

the currency (CUR_GR), and inflation rate (INF) seem to be close candidates.
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Table 2.13: Re-Sampling pseudo R?: LHS is R1, RHS are Constant,
- US_SPR and the Variable as Stated

Dep Var=R1 lag r} Sh = Quart;rs Ah“d_, 3
US_SPR 0.097 0.090 0.120 0.125 0.100

Financial Variables

M3_GR 0 0.283 0.083 0.090 0.127 0.099
1 0.088 0.047 0.123 0.126 0.088
2 0.062 0.095 0.121 0.115 0.076
3 0.078 0.084 0.109 0.103 0.072
4 0.047 0.067 -0.100 0.100 0.078
5 0.045 0.072 0.096 0.104 0.069
CUR_GR [ 0.056 0.096 0.148 0.202 0.231
1 0.108 0.138 0.209 0.254 0.239
2 0.140 0.186 0.239 0.253 0.252
3 0.217 0.261 0.271 0.300 0.232
4 0.294 0.237 0.328 0.284 0.171
5 0.297 0.316 0.304 0.212 0.154
Non-Financial Variables
GOLD_GR [] 0.145 0.100 0.116 0.109 0.042
1 0.140 0.113 0.112 0.070 0.071
2 0.120 0.070 0.058 0.094 0.106
3 0.104 0.035 0.083 0.115 0.134
4 0.041 0.048 0.100 0.146 0.160
5 0.051 0.051 0.129 0.167 0.144
U.S. Financial Variables
US_STK_GR 0.082 0.071 0.100 0.087 0.066

0.080 0.072 0.077 0.088 0.105
0.078 0.047 0.080 0.128 0.103
0.039 0.040 0.122 0.125 0.082
0.054 0.100 0.126 0.109 0.073
0.109 0.103 0.113 0.102 0.059

NN -O

We combine each of these variables to each of the other variables and compare

their forecasting performances. Table 2.13 and Table 2.14 report the best

results from this practice.

In Table 2.13, we use the U.S. interest rate spread (US_SPR) to be combined
with each of the other variables. The LHS variable is R1. The table reports
the values of pseudo R%. The table shows that the combination of the U.S.
interest rate spread and the growth rate of currency (CUR_GR) performs best
in predfcting R1 4-quarters ahead to 8-quarters ahead. This combination also
obviously outperforms the best combination when we combine the U.S. short-
term interest rate (US_SH_R) with other variables, which is not shown here.

This is obviously different from the out-of-sample results shown in the left

panel of Table 2.9.

Table 2.14 reports the pseudo R? from the case that the LHS variable is



2. Predicting Australian Recessions Using Financial Variables 45

Table 2.14: Re-Sampling pseudo R?: LHS is R2, RHS are Constant,
US_SH_R and the Variable as Stated

_ h = Quarters Ahead
DepVar=R2 lag 2 3 3 7 3

US_SH_R 0.065 0.078 0.086 0.058 0.032

M3_GR 0 0.116 0.088 0.112 0121 0.092
1 0.070 0.115 0.149 0.127 0.076
2 0.088 0.135 0.148 0.078 0.032
3 0.114 0.144 0.044 0.046 0.020
4 0.122 0.101 0.031 0.050
5 0.077 0.044 0.009

CUR_GR 0 0.045 0.067 0.077 0.111 0.119
1 0.059 0.072 0.138 0.146 0.134
2 0.064 0.129 0.166 0.128 0.162
3 0.128 0.176 0.092 0.125 0.091
4 0.162 0.179 0.123 0.104 0.046
5 0.158 0.193 0.064 0.064 0.050

Non-Financial Variables

DWELL_GR 0 0.073 0.061 0.044 0.066 0.072
1 0.057 0.053 0.091 0.118 0.148
2 0.042 0.075 0.135 0.172 0.075
3 0.064 0.128 0.155 0.065
4 0.104 0.176 0.025
5 0.170 0.039 - 0.014 0.049

U.S. Financial Variables
US_STK_GR 0.055 0.055 0.076 0.055

0.040 0.071 0.087 0.019 0.021
0.055 0.072 0.055 0.038 0.052
0.061 0.047 0.067 0.054
0.028 0.048 0.066 0.079 0.086
0.038 0.089 0.057 0.100 0.055

NbEWN=O

R2, and the RHS variables are: a constant, the U.S. short-term interest rate
(US_SH_R), and each of the other variables. The table shows that the combi-
nation of the U.S. short-term interest rate and the growth rate of currency
(CUR_GR) performs best in predicting R2 4-quarters ahead to 8-quarters
ahead. This is rather similar to the out-of-sample results shown in the right

panel of Table 2.9.
2.6 Conclusion

When developing forecasting models to predict recessions in Australia, one
must realize that there have been few rgcessions since 1970. While the most
convincing evidence in support of a forecasting model is how it performs in an
“out-of-sample period” (A period other than the sample period on which the
mddel is estimated), the sparseness of recessions ﬁxay make such evaluation

maccurate.
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In this study, we design a re-sampling exercise that intends to avoid this prob-
lem. We show that the results of this exercise may turn out to be very different
from the usual out-of-sample evaluation that focuses only on one specific pe-
riod. Here, the difference is particularly remarkable with our R1 definition of

recession, for long forecast horizons from 4-quarters ahead to 8-quarters ahead.

When we use R1, Australian recessions seem to follow ones of the U.S. with
some lags. Moreover, there are only 2 recessionary sessions post 1980, and
one of them, in 1990 — 1991, was led by the Gulf War. The U.S. recession in
1990 — 1991 is shown by some studies, iriclhding Estrella and Mishkin (1998),
as one that the U.S. interest rate spread cannot predict well. This can help
explain why we do not see this variable as a good predictor in our out-of-sample

assessment in Section 2.4.

In contrast, for our re-sampling assessment, the U.S. interest rate spread turns
out to be the best predictor for the 6-quarters to 7-quarters ahead forecast
horizons (Table 2.10). Moreover, its combination with the growth rate of
currency obviously outperforms the combination of the U.S. short-term interest
rate and the growth rate of currency, which performs best in the out-of-sample

assessment.

We believe that the results of our re-sampling exercise are more robust than
ones of the out-of-sample assessment that focus on a specific evaluation period.
We pick the combination of the U.S. interest rate spread and the growth rate
of currency to be the best predictor for R1 recessions 4—Quarters ahead to 8-
quarters ahead (Table 2.13). The combination of the U.S. short-term interest
rate and the growth rate of currency is the best for predicting R2 recessions

4-quarters ahead to 8-quarters ahead (Table 2.14).

Our re-sampling assessment coincides with the out-of-sample assessment in
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the best individual predictors for short forecast horizons (1-quarter ahead to
3-quarters ahead). They are the short-term interest rate and the inflation rate.
However, we see the combination of inflation rate and interest rate spread. to
perform best for the case of combining two ‘predictors under the R1 reces-
sions, and the combination of inflation rate and short-term interest rate for R2

recessions (Table 2.12).

Our results still confirm that financial variables have strong predictive power
in predicting real economic activities. They are obviously superior to non-
financial leading indicators. We also see strong forecasting performances of
the U.S. financial variables in predicting Australian recessions. This is similar

to the finding of Smith (2005).
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Table A.1: In-Sample Statistics: LHS is R1, RHS are Constant and the Variable as

Stated
dont Variahla i h = Quarters Ahead
Dep isR1 1 ) 3 a 5 3 7 8

SPREAD pseudoR? 0079 0428  0.446 0127 0101 0057 0035  0.020
t-stat 3990 361 297" 248' 216" 156 428 131

SH.R pseudoR? 0483 0210 0210 0477 0433 0082  0.050  0.029
t-stat 614" 492  449*  345° 280" 1988 152 120

LG R pseudoR® 0158 0154 0142 0418 0085 0057 0035  0.020
tostat 615  441* 355 285 223% 172 131 09

D_SH_R pseudoR® 0415 0400 0065 0030 0015 0002 0000  0.003
t-stat 43 345 215" 120 079 028 007  -034

D_LG_R pseudoR? 0072 0055  0.041 0021 0009 0002 0000 0003
t-stat 341 216 155 088 059 030 005  -033

M3_GR pseudoR® 0011 0031 0101 0483 0160 0453 0127  0.089
t-stat 114 168 323* 4211 219" 235 242 238

CUR_GR pseudoR! 0098 0091 0080 0072 0413 0135 0168  0.158
testat 36t 285 234" 200~ 255  307° 437 543

R_M3_GR pseudoR? 0029 0024 0000 0018 0024 0025 0012  0.008
‘ t-stat 449 405 012 139 133 134 084 072
R.CUR GR  pseudoR® 0021 0060 0037 0029 0004 0001 0000 0003
t-stat 450 287 225 192 076 032 006 065

STOCK_ GR  pseudoR? 0063 0046 0071 0044 0006 0000 0006  0.001
t-stat 237 242% 226° 241" -093 000 076 023

EXCH_GR ~ pseudoR® 0026 0024 0029 0013 0000 0008 0015 0008
t-stat 218"  208% 227~ 156 041 102 128 094

INF pseudoR®  0.181 0263 0197 0186  0.142 0135 0143  0.099
: t-stat 4240 511+ AB1*  449° 454 477 431" 208
RTT_GR pseudoR* 0049 0054 0000 0006 O0O6 0031 0004 0004
t-stat 185 217 021 108 170 247 112 1.04

DWELL GR  pseudoR?  0.411 0403 0041 0008 0001 0009 0008 0015
t-stat 355 295 208~ 091 036 100 084 089

NONRES_GR pseudoR? 0020 0013 0000 0000 0001 0000 0001 0003
t-stat 471 457 038 001 046 014 051 094

SV.EX GR  pseudoR® 0000 0000 0004 0004 0016 0026 0001  0.000
t-stat 018 008 078 083 -206™ -226" 053 003

TOT_GR pseudoR® 0042 0030 0013 0002 0019 0007 0023 0015
t-stat 219" 216 470 076 169 080 1147  0T7

GOLD GR  pseudoR® 0005 0001 0019 0040 0014 0006 0002 0002
t-stat 079 03 105 .28 -072 048 046 034

US_SPR pseudoR® 0000 0010 0055 0099 0094  0.097  0.004  0.081
t-stat 028 A4 485 249" 209 243" 267 -3.28°

US_SH_R psoudoR® 0068 0106 0450 0479 0457 0134 0416  0.095
tstat 355 332  350°  351° 343 338 324 274"

US_LGR pseudo R 0093 0102 0.103 0102 0087 0069 0057  0.047
t-stat 471 373 329° 295 255  218* 187 162

US_STK GR pseudoR® 0003 0002 0001 0000 0000 0001 . 0002  0.000
t-stat 071 054 045 021 012 055 045  -0.08

Note: * significant at 1% ** significant at 5% |
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Table A.2: In-Sample Statistics: LHS is R2, RHS are Constant and the Variable as

Stated
h = Quarters Ahead ]
Dependent Variable Is R2 0 3 3 i 5 3 7 3

SPREAD pseudo R? 0.029 0.044 0.050 0.051 0.089 0.076 0.024 0.003
t-stat 221" -2.25* 2.2 -2.52* -2.54* -2.35* -1.41 0.5

SH_R pseudo R? 0.087 0.099 0.090 0.077 0.083 0.072 0.037 0.021
t-stat 4.08° 3.50° 3.08" 275" 2.50° 2.36° 18 1.42

LG_R pseudo R? 0.085 0.086 0.070 0.054 0.040 0.034 0.026 0.025
t-stat 3.80* 3.04* 2.55* 247 1.88 1.72 1.49 1.54

D_SH_R pseudo R? 0.036 0.042 0.033 0.013 0.008 0.002 0.001 0.003
t-stat 203" 193 1.68 1.03 0.68 0.36 -0.28 -0.46

D_LG_R pseudo R? 0.037 0.029 0.015 0.001 0.003 0.008 0.011 0.006
t-stat 218" 1.74 1.15 0.28 -0.37 -0.55 -0.63 -0.69

M3_GR pseudo R? 0.023 0.023 0.034 0.049 0.022 0.044 0.052 0.055
t-stat 1.92 1.94 1.51 2.40° 147 1.76 2.2 231

CUR_GR pseudo R? 0.035 0.076 0.069 0.055 0.050 0.034 0.069 0.084
t-stat - 252" 2.85° 240 220" 2.20" 2.46* 3.58° 3.21*

R_M3_GR pseudo R? 0.005 0.007 0.001 0.004 0.003 0.013 0.029 0.028
. t-stat -1.06 -1.18 -0.19 0.49 0.59 0.89 177 1.98"
R_CUR_GR pseudo R? 0.027 0.007 0.009 0.001 0.007 0.001 0.023 0.026
t-stat 241 -0.91 -0.91 -0.21 0.74 0.24 1.88 2.48"

STOCK_GR pseudo R? 0.001 0.008 0.023 0.059 0.018 0.004 0.001 0.005
t-stat -0.34 -1.03 -1.68 -2.25° -1.73 -1.10 045 0.76

EXCH_GR pseudo R? 0.000 0.005 0.015 0.026 0.008 0.005 0.001 0.001
t-stat 0.06 -0.99 ~1.45 -1.43 -1.0t «1.24 .55 0.64

INF pseudo R? 0.105 0.112 0.109 0.057 0.017 0.020 0.010 0.013
t-stat 3.92" 3.97 4.47 3.19° 191 1.55 1.21 1.46

RTT_GR pseudo R? 0.037 0.048 0.008 0.004 0.006 0041 0.022 Q013
t-stat 277 -2.93" -1.22 -1.09 1.41 3.11* 2.54° 1.89

DWELL_GR pseudo R? 0.011 0.014 0.030 0.018 0.009 0.006 0.014 0.047
t-stat -1.43 -1.79 -1.87 -1.55 -1 -0.94 1.6 2.64*

NONRES_GR  pseudo R? 0.002 0.017 0.002 0.004 0.004 0.010 0.000 0.002
t-stat -0.49 -1.80 0.71 1.02 1.29 1.3% 0.30 0.49

SV_EX_GR pseudo R? 0.000 0.002 0.003 0.009 0.000 0.010 0.000 0.002
t-stat 0.10 -0.63 -0.50 1.02 0.27 -1.25 0.1% -0.65

TOT_GR pseudo R? 0.039 0.024 0.003 0.002 0.000 0.011 0.026 0.000
t-stat -2.43" -1.87 -0.49 0.41 -0.10 1.91 1.89 -0.10

GOLD_GR pseudo R? 0.017 0.001 0.021 0.001 0.021 0.002 0.010 0.034
t-stat 142 0.40 1.48 0.22 -1.73 -0.38 0.77 -1.78

US_SPR pseudo R? 0.001 0.001 0.003 0.012 0.030 0.041 0.037 0.014
t-stat 0.44 0.31 -0.54 -1.058 -1.67 1.7 -1.63 -1.20

US_SH_R pseudo R? 0.050 0.057 0.061 0.081 0.109 0.116 0.100 0.071
t-stat kA rad 2.59* 247" 3.06" .67 3.61* 332 2.87"

US_LG R pseudo R? 0.054 0.064 0.062 0.071 0.082 0.082 0.071 0.062
t-stat 3.36° 2.90* 273 3.1 3.54* 3.35% 2.87 2.60"

US_STK_GR  pseudo R? 0036 0018 0033 0006 0005 0012 0011 0001
t-stat 243" 473 239 405 072 172 246" 0.35

Note: * significant at 1% ** significant at 5%
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Table A.3: Out-of-Sample pseudo R?: LHS is R1, RHS are Constant and the Vari-
able as Stated

_ h = Quarters Ahead
Dep Var =Rl — 2 3 2 5 6 7 3
SPREAD 0.079 0.150 0.180 0.159 0.131 0.012 -0.058  -0.001
SH_R 0.148 0.198 0.190 0.164 0.147 0.085 0.025 0.008
LG_R 0.123 0.118 0.092 0.079 0.069 0.047 0.024 0.006
D_SH R -0.220 -0.072 -0.043 -0.019 -0.002 -0.030 -0.062 -0.054
D_LG R -0.210 -0.180 -0.129 -0.069 -0.030 -0.019 -0.016 -0.018
M3_GR 0.005 0.033 0.092 0.177 0.164 0.165 0.144 0.108
CUR_GR 0.028 0.026 0.002 0.015 0.030 0.071 0.102 0.177
R_M3_GR 0.034 0.019  -0.005 0.001 0.014 0.019 0.009 0.005
R_CUR_GR 0.012 0.039 0.032 0.031 -0.002 -0.007 -0.010 -0.006
STOCK_GR 0.015 0.027 0.024 0.011 -0.002 -0.017  -0.001 -0.011
EXCH_GR -0.059  -0.057 -0.060 -0.031 -0.009  -0.022 0.001 0.000
INF 0.147 0.183 0.151 0.169 0.148 0.145 0.156 0.121
RTT_GR 0.058 0.062 -0.008 -0.019  -0.006 0.001 -0.001 0.000
DWELL_GR 0.047 0.034 0.029 0.003 -0.032 -0.037 -0.009 0.013
NONRES_GR 0.003  -0.001 -0.008 -0.012 -0.007 -0.011 -0.014  -0.007
SV_EX_GR -0.008 -0.006 -0.015 -0.004 -0.006 -0.001 -0.005  -0.005
TOT_GR 0.046 0.030 0.010 0.000 -0.006 0.000 0.012 0.011
GOLD _GR -0.018  -0.004 0.013 0.027 0.008 0.003 -0.012  -0.007
US_SPR -0.035  -0.007 0.067 0.130 0.120 0.123 0.115 0.090
US_SH_R 0.049 0.113 0.190 0.234 0.198 0.167 0.131 0.090
US_LG R 0.097 0.109 0.115 0.113 0.087 0.064 0.031 0.015

US_STK_GR -0.035 -0.065 -0.034 -0.017 -0.015 -0.010 -0.039  -0.029

Table A.4: Out-of-Sample pseudo R?: LHS is R2, RHS are Constant and the Vari-
able as Stated

_ h = Quarters Ahead

Dep Var =R2 — 2 3 2 5 6 7 8

SPREAD 0.026 0049 0057 0062 0091 0081 0020 -0.018
SH_R 0.104 0119 0106 0088 0092 0079 0025  0.000
LG_R 0.003 0097 0076 0052 0028 0.018 0006  0.010
D_SHR 0.032 0045 0032 0002 -0.002 -0.011 -0028 -0.034
D_LG_R 0.028 0009 -0.008 -0.013 -0.034 -0031 -0019 -0.012
M3_GR 0.018 0026 0032 0062 0019 0052 0067  0.070
CUR_GR 0.040 0050 0063 0056 0057 0.029 0084  0.108
R_M3_GR 0.003 0005 -0.001 -0.003 -0.001 0.010 0032 0.028
R_CUR_GR 0.019 0001 0001 -0.017 -0.019 -0013 0021  0.025
STOCK_GR 0.004 0003 0011 -0.034 -0.004 -0.007 -0.021 -0.028
EXCH_GR 0012 -0017 0010 0016 -0.007 -0.003 -0.011 -0.008
INF 0130 0123 0426 0075 0009 0021 -0001  0.005
RTT_GR 0.036 0049 -0.040 _-0.021 _ 0.000 _ 0.000 0006 _ 0.013
DWELL_GR 0.007 0013 0026 0018 0005 0.000 0006  0.027
NONRES_GR  -0.010 -0.022 -0.009 -0.004 -0.004 -0.016 -0.008 -0.007
SV_EX_GR -0.004 0010 -0.013 0015 -0.016 0009 -0.006 -0.008
TOT_GR 0.051 0029 -0.003 0001 -0.002 -0.010 0013 -0.008
GOLD GR 0.016 -0.003 0004 0011 0.008 -0.010 0008  0.021
US_SPR 0.015 0009 0005 0002 0020 0041 0036 0004
US_SH_R 0.055 0071 0075 0095 0118 0.433 0110  0.073
US_LG_R 0.059 0067 0047 0059 0072 0074 0058  0.049

US- STK_GR 0.032  -0.012 0.020  -0.001 -0.007 __ -0.016 __ -0.021 -0.019
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Table A.5: In-Sample Statistics

- . Guarirs Ahwsd = Guariers Ahesd

Varlable Is R1 9 1 3 F1 3
SPREAD pesudo R 0216 030 0281  SPREAD peeudo R 0114 0130  0.1%
° botat 266 2@ 242 tatat 420 945 145
tatat INF 288 512 415 totat INF 258 248 390
pesudo R’ 0245 0338 0257 preudoR® 0147 0927 o1
1 vatat 2% 2% 92 rotst R L B X B X
ttat NF 360 504 385 tatat INF 230 212 sz
preudo R 0260 032  0.238 provde R 0120  0.125  O.14p
2 ot a1 a2 ass tatst 418 108 167
tatatINF 360 506 an atat INF 208 EE)
peoudo R* 0241 0.295 0.208 peeudo R¥ 0122 0.154 0.141
3 tetat 257 40 073 totat 133 83 s
tatat INF 358 486 3se tetat INF 323 293 3z
pesudoR* 0248 0282 0207 preudoR? 0984 0181 Q118
. ot 260 0% 0.5 ot 27 204 075
tstat INF 397 5.02 298 Vatat INF a7 348 387
pesudoR' 0217 0277 pesudoR? 0161 0123 0110
s sotat 57 o tatat 262 099 0.2
ttatINF 403 523 tatat WF 390 360 42
SH_R pesudo R' 0277 0374 0314 SH R pseudoR’ 0444 0150 0149
° tatat 429 348 308 tatat 238 221 191
tatat INF a2 “ s totat INF 204 218 an
pesudoR* 0205 0365 0281 pooudoR?  0.150 0150 0138
1 tetat 437 an 248 tatat 250 190 148
tetatINF o8 48 332 tetat INF 274 25 308
peeudo R 8.300 0344 0252 peeudo R* 0.145 0.141 0.141
2 totat an 255 192 tomt 234 163 182
tatat INF 398 a4 333 tatat INF 279 2n 395
pesudoR'  0.283 0319 0.225 pesudo R 0.141 0.151 0.138
3 rotat a7 an 132 tewt 214 . 151
totat NF 353 460 352 tatat INF 208 204 EE)
pesuda R 0267 0300 0215 preudoR® 0155 0153 0423
‘ totat 352 1.68 114 remt 258 196 112
[ 390 44 384 tatat WF 348 a3s an
pesudoR* 0238 0288  0.209 peoudoR’ 0154 0132 0118
s totar 278 148 1.0t ot 268 143 o
tatat INF 404 s32 415 totat MF a8 EC YY)
wGR pesudoR' 0268 0338 0268 LG R pewudeR'  0.145  0.153 0138
) tatm 421 29 249 ot 237 192 1.8
atat NF 328 a4 347 totat F 203 2m EE
peeudoR® 0288 03N 0253 praudo R’ 0.M0  0.43 0428
+ totat 425 284 213 st 240 170 128
LutatINF 33 45 259 totat INF 209 sos 3w
pesudoR' 0266 0320 0233 peeudo R 0.441 0435 @122
2 et a4 23 174 tamt 221 148 1.04
st N 57 4 an tatat INF a2 322 30
pseudo R®  0.26% 0.308 0222 pasudo R® 0,134 0130 Xk
3 totat 316 2 148 totat 204 132 108
tatat INF 3t 500 298 tatat NF 345 344 a9
pesusoR* 0208 02 0211 peeudoR® 0126 0128  O.N9
. rotat a2y 1.8 114 remt 184 132 om
P FE T S £ totm wE ase ase 40
peeudoR® 0222 0200 0.208 pesudoN® 0126 0126 0124
s tetnt 283 15  om temt 14 198 1
totat INF an 55 a3 tatat INF 388 are 4w
D_SH R Pesudo B 0253 0320 0230 D_AHR pesudo R’ 0125  0.138 0128
° totnt s 2% 1.50 tewt 154 149 120
tatat NF s sat 425 tatat WF ass  ase a0
pesudoR' 0238 0201 0.208 preudoR* 0927 0128 o
1 rotst 286 154 o temt 169 121 048
tatat INF 390 .41 P tatat NF 344 340 402
peeudoR' 0228 0280 0204 prsudoR* 0126 O.M8 0410
2 tatat 1.3 068 ot 175 o1 03
sn 444 tatst INF ase a8 am
a2 0487 poouwdo R’ 0013 0415 Q108
3 0™ 019 tant 1.08 ase o
s a5 tatat INF are 3as A
0267 pseudo R* ons oNM4 0108
. 0.5 tamt 105 052 02
581 [ s a0 4w
0268 0197 pesudoR’ 011 ot ot
5 048 002 totmt 091 001 04
€13 485 tatat NF 400 408 AM
DieR 028 0218 DGR proudoR®  0.128  0.127 014
° 148 107 tetat 166 122 om
580 a3 tatat IF 35t 363 4
0288 0208 prsudoR* 0124 0120 0.0
1 13 om vemt 184 08 005
578 445 tatat INF 268 a4z
0208 0208 peeudoR® 0119 0.2 QM3
2 123 072 temt 148 032 048
5® 462 tetat NF e 398 44
peendoR* 0214 0202 0203 pesudoR* 0107 . ot12 oS
3 betat 210 118 08S ot 082 028 058
totat NF a5 ez 48 [ a8 403 e
peeudoR® 0204 0276 0158 preudeR’ 0104 OM3 QM4
. ot 173 12 03 tatmt 022 041 057
Totat NF FY T Y] 481 tatat NF 382 399 AN
pesudoR* 0202 0274  0.198 pesudo R* 0905 0113 0410
s totn 173 o9 035 towt 020 035 02
ttat INF 49 &5 458 totat INF 388 st 43

: RHS are Constant, INF, and the Variable as Stated
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Table A.5 (Continued)

“Dependet = Quarers Ahwsd Bependent - W= Guariors Ahesd
Verablals gt 9 3 7 3 Vorisble Is k2 i 2 3

M3_GR peeudoRT 0182 0263 0233 M3 GR 0107 0113 0117
° 036 o34 216 ° 051 059 o
tstat INF 435 5.8 am are 3n2 an
pssuds R' 0180 0280 0275 0.105 0114 0115

1 tatm 010 1.54 2385 1 0.10 048 0358
tatat INF am 505 332 ase s ase

0220 0280 0418 0427 0110

255 184 2 112 151 0.48

338 406 - 329 44 3s0

0258 0321 o254 onz oM ot

3 288 n 166 21 0 om
270 46T 354 208 E) az

0260 0346 0258 0108 0125 0126

. 231 2w 184 ) 073 121 138
389 548 4n 247 335 400

0258 0314 0229 oM7 o027 orzr

s 205 1.68 153 s 129 124 140
353 am 384 22 U7 3

CUR_GR Peeudo RY 0183 0263 0200 CURGR 0106 0125 0120
° tatat 121 022 049 ° (313 128 o
tatat INF 299 470 374 204 288 265
pesudo R®  0.185 0285 Q196 CRITIN YEt

1 [ 070 081 006 ' 030 045
tatat INF 287 48 435 251 2m
paevdo B 0.184 0.264 o213 0.114 0.114 a1
tetat 045 1.4 2 123 062 0.51

tatat INF a3 s 3se 278 a8 3m
preudo R’ 0.180 0264 0218 0107 0112 0.108

3 [ o1 043 140 064 034 018
atst NF aet &1 3s 281 326 EX
prevdoR® 0189 0269 0232 0.108 ot 0118

. tatat 128 os4 21 . 043 036 108
ttatINF EXERS 304 294 ass 27
preudoR' 0200 0286 0232 0104 01358 0124

. 5 vatat 178 .1 209 s 011 108 137
tatat INF 300 48 234 308 261 251
R_M3_GR peeudo ' 0.182 0263 0233  R_M3_GR 0107 013 07
. totat 036 014 218 . 051 059 o
tatat WF 376 4% 428 72 40T AaT
peeudoR® 0210 0262 0213 [XITIN STYRN T171

1| . 002 132 ] 423 082 0.3
560 450 420 e a2

0208 0234 0305 0120 0118

2 1.4 172 2 010 096 12
52 536 388 are 4

020 0218 0110 0115 0122

s .57 197 3 o74 (363 1.00
57 467 283 a9 acs

030 0218 0114 0150

. 21 109 ) 123 2.00
XS 430 an

oy 0202 0114 0128

s om 064 s 108 150
50 458 230 a0

R_CUR_GR 0263 0200 R_CURGR 0108 0125 0420
02 048 018 128 om

a2 am 386 368 an

0318 023 s 050 o100

' 2% 203 ] 401 084 018
551 450 290 98 449

0288 o1 010 oI oaz

2 A8 037 2 082 001 LX)
600 45 gt 387 4m

pesudoR® 0211 0267 0487 0.105 0120 0110

k) 204 46 949 3 017 085 038
ast M ase ase At am

018s 0283 0198 o111 oMz 013

. 086 03t 007 . 093 3 199
421 575 458 e e 43

pesudo R 0.182 0271 0187 0108 0123 0125

5 totat 426 .08 018 s tatat -0.20 114 154
tatst NF 440 580 466 tetat INF o ars 4
STOCK_GR pseudo RT 0235 0307 0258 STOCK_GR paeudo BT 0108  O.M7  0.125
° tetat 219 20 212 ® totat 02 o178 43
tatat NF 402 565 4861 tatst NF EC 387 450
pseudoR® 0200 0200 0214 poevda R 0105  O.N8  0.140

+ otat 65 85 473 1 tatat 033 097 1M
402 s aa2 tatat N a78  as4 42

042 020 0188 pesudo R* 0121 0458 at1e

2 218 A48 053 2 totat 150 213 158
445 s 452 totat F 381 s 4w

0205 0262 0202 pesndoR® 043 015 0100

3 482 000 080 3 tatst 208 a2t 0%
an 55 487 tatat NF 378 a4z

o181 0267 0212 preudoR® 0313 0112 04N

. 48 086 156 3 totat 21 081 ors
420 582 453 totat INF as 87T 4m

0217 017 pasudo R’ 0106 0113 0117

s 141 022 s ttat 060 050 1.08
t-atat INF 423 665 458 tatat INF 388 402 4m2
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Table A.5 (Continued)

Dapendent h = Quariers Ahaad Bapendent’ T = Quarters Ahbesd
varsbletlery %9 i z 3 Varlsble lsRz ‘% 1 2 3
EXCH_GR pesudo R 0197 0275 0217  EXCH_GR pseudo ' 0107 0114  0.119

° atat a2 0 totat 056 050 113
toret INF 558 445 tatat INF 388 280 446
paeudo R? 0.186 0.289 0.198 pasudo R* 0.105 0.118 o121

1 Totat 42 108 082 1 Totat 032 o182
tatat NF 412 562 444 tatat WF s 376 A
pseudo R¥ 0.195 0.265 0201 pseudo R 0112 [ 531

2 totmt 453 080 108 2 totat 094 07
tatatINF 408 58 483 tatat INF ars an
pusudo R? 0. 0.265 0213 pseudo R* 0.125 0.118 o111

3 totm 089 058 165 3 ot 57 085 oM
tstat NF 415 sT2 4ma tatat INF are 387 43
peeudo R*  0.180  0.267 0205 pasudo R? o117 01920 0.1t

. ratat 019 085 099 ) tatat 438 134 088
tatat INF 420 se 452 . tetat INF s 401 ast
preudoR' 0188 0280 0208 pseudoR? 0410 02 0412

s totmt 103 135 oS s tomt 408 034 058
tstat INF 430 557 4S9 totat NF are e 45
RTT_GR pasudo 0185 0268 0223 RITGR poeudoRT 0113 0.124 011
. totat 092 087 182 ° tatat 08 454 Om
tatat INF s 48 48T tatat NF 327 e 4
pesudoR' 0249 0262 0202 proudoR® 0152 0118 0112

1 tatat 487 008 142 1 tatat 2158 a1 088
tatat INF 510 565 459 totat INF 4t 399 450
paswde R 0.8t 0281 0227 0108 0411 0473

2 tatat 032 160 227 2 044 T 028 183
. tatat INF 417 s 477 ast 4 am
poeudo R 0.181 0269 0212 oM om2  0aM

3 tatat 052 088 185 3 A1 058 290
tatat WF 417 580 445 419 38 A
peswdoR* 0993 022 0199 0110 015t 013

. rotmt 126 23 102 . 086 250 208
tatat INF 428 sea 454 298 st e
proudo R*  0.194 0.197 0.129 0134

s votat 146 090 5 184 1.3
tatat INF a3 467 5 Lk
DWELL_GR Teeudo R 0245 0315 0208  OWELLGR 0107 0114 01
° [ 240 A8 a7 ° o4 081 .07
tatat INF am st aar 368 an an
posudoR' 0247 0276 0196 0109 0425 Q1M

1 tatat 20t 438 00 1 089 435 088
tatat INF 401 540 451 an 364 An
preudo ' 0205 0263 0211 0121 0520 o014

2 ratmt 214 013 101 2 475 98 08
tstat INF 434 5w 448 arr a7 428
poeudo R' 0188 0265 0207 0122 o018 0413

3 tatat 405 05 054 3 82 103 083
tatat INF 438 5% 460 2l 403 44
peaudo R’  0.180 0268  0.98 om0 0123 0120

. barat 011 05 032 . 457 130 188
totat INF an 58 as? 38 s Am
poudo B 0197 0288 0226 0108 0131 0168

s otmt 133 1M 182 s 085 188 3@
tatat INF 430 818 4ss are 3 s@
NONRES_GR pesudo KT  0.90 - 0267  0.199  NONRES_GR 0.105 0122 0100
. totat 42 o7 053 . 411 440 003
tatat NE a5 58 4s 2 s 4®
pesudo R* 0205 0264 0497 0.420 0111
tatat 470 054 024 ] 222 on

tatat INF 87 s as a27 4%
pesudo R*  0.187 0266  0.198 0110 0112 0109

2 totst 439 0se 062 2 406 034 059
tetat NF 450 S5 485 298 W 4
peevdoR® 0182 0272 O1%8 on4 0124 0Im

E) tett 046 131 062 3 128 150 197

tatet INF a4 52 a7 383 390 a8

pesudo R® 0180 0263  0.199

. totat o2t 041 038 4

0108 0419  0.108
128
totmtF 421 ST3 465

ast 34 A
peeudo R* 0.181 0265 0198

0413 0411 011e
s tatat 0271 08 072 s 120 003 048

tatat INF 420 s 4m B0 391 449

BV_EX_GR pesudo KT 0181 0263 0198  SV_EX GR 0105 0114 0415
° botat 00T 00 063 ° 008 058 076

tetat INF 428 5712 488 a9t 401 47

pesudo®® 0182 0264 0207 010 0M9 0Nz

votat 045 044 422 1 76 081 oM

tatat NF 430 520 482 as4 ass A

peeudo B 0.128 0264 0206 0107 0422 o110

2 totat 123 085 460 2 048 124 048

totat NE 458 560 4 380 421 4n

pesudoR* 0183 0281 0225 0413 012  oMe

3 votat 088 476 .85 E) 108 EX3

tatnt INF 498 e S22 392 383 448

pesudo K 02 o .10 0.113 0112

3 totat 42 . 103 08 0w

tatat N 554 201 a0 4w

peewio R’ 0228 0213 0988 0113 01

5 totat 288 84 054 s 058 138

tetat INF 468 568 452
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Table A.5 (Continued)

Dependent top h=Quarters Dependert [ e Quarters Ahaad
Varisble is Rt 1 2 Varisbla s R2 T £ 3
TOT_GR prsudo L4 G194 0206 0197 TOT_GR pasudo | @120 anr 0.100
° tatat 142 0.7 -0.08 . totat’ -1.54 -108 s
vumONF 395 630 43 temi® 22 de 397
paende R 0201 D267  0.188 peeudoR®  ONM7 0112 QI8
L ~1.98 £.50 0.00 1 tatat 144 a2
ot INF LX) 554 459 utut W 2.00 a0 4%
pewdo®® oo 008 021 peeudoR? Q1M 0115 08
H ran EX- T REY 3 2 vom <80 1 oz
atut INF an 565 a8 otut N - a0 443
preude R 013 02 02R pesudoR? Q107 a1 08T
[ o4 Lm 0w s om a8 012 17
LUINF 420 585 473 tumiNF 38 AW AT
pewudo ¥ 0198 0200 0218 pesndoR’  QI4 8121 QW6
ot 14 oss am . et Qe 12 1
temE 438 875 AT texWE 38 40 4R
puvdo R 018 0272 020 posudoR’ QIR 7 M2
1] utat a6z 17 048 s utnt on 1.3 L
[T SR v I [T U T R
GOLD_GR preude ? (X 02n 02% GOLD_GR pesudo e anz o120
. tatat -1 “1.07 B . batat 113 oo $53
tat INF 4. 582 as7 ot N an an
pvdo ¥ 0128 0308 0208 pesudoR® Q06 QI 0108
1 Ll am .85 A7 1 Satnt Q08 1.00 <
ummE 43 RS1 4se semwr  am st
pawde 0225 0358 0240 pesudoR’ a1z 012 GMO
z L s 2112 <0 20 2 atat o am 2
remhE A S0 480 e am 407 384
preudo B 0236 0200 G218 pesudoR’ 04105 Q138 Q1w
L e 23 am a® 3 bt an 2w s
SemME AT AT AN [T Y T )
pomwis ¥ 0202 0274 Q19 peswdoR® Q15 ans 02
4 rem EETREY S 1 . [ AT os e
T P v T T )
prewdo R 021 820 0201 PesudeR’ 010 014 A
ot e AR s romt Az e A
[T BV C R S ) [T I U AP Tt
e ——
Us_SPR pesudo. X US_SPR pesudoR’ 0105 0112 0108
° votm 121 . [~ B3 ez oo
i K07 LT R VR T )
poeuda 0181 0287 0281 pesudoR’ @105 01NN Qarr
1 et % -“n 2. + etwt 0
tat INF a0 554 a Sotat INF am s 48
prewdo ¥ 0200 0305 02 peeudoR’ G106 QN2 DT
[t an am am 2 [ ox a2 an
RME 394 AW 405 [T B C I T ¥ )
Pposudo ¥ 0240 0300 0248 pesudo R* ass a2 s
3 vetnt 208 21 9@ 3 tutt EY T
otat INF 409 &1 400 St N 258 £
previa ¥  02% Q31 0247 prondaR® 010 Q12 02
. ot aor 222 2. . etmt .28 EE-] ~1.08
UM am 812 3@ Ll A U TR T
paendo ¥ 02 032  0XD mesdoR’ QU2 0128 0N
1] otat 2 208 -1.08 s utut 147 @113 an
M AT8 4% 386 [T I VI ¥ AT
TEER kA a1 0zm 0 D5 N o LU Y
L] ot 159 180 247 . atat 154 148 148
Sutnt INF an are 0 Stat NF ar ar s
posude ® 021 032 0267 pesudoR’  A12 010 aMe
1 [ 22 24 M * vor 1 1M 19
ot NF £ ass 241 ot NF 8 208 e
precks @ 020 03% 028 poovioR’ W10 01® 04T
atnt 200 248 24 2 d 148 wm 2%
Lt S U I Bt tempe 2% im 2w
vk R 0200 039 0247 pesudeR’ @138 0163 Dl
3 ot an 2% n 3 L an 248 248
Sutnt NF as an % Sotmt NF E2 ) 284 28
Puude R 0285 0308 029 peswdoR? Q138 A2 0987
“ st asr Ex] 208 . Satat 0 26 2u
oM AW AM @ tenbe 2 2% IR
prevdo R 0206 020 02H pesudoR' Q1S4 018 O
. etat a0 177 160 s L ved 2 E3d 33
otat INF an 446 48 St N 20
[CATag Pewde R 0218 Az 0261 USIBR Povwde T Gne 018
. ot 2 2 an . et 1 e a2
T BT IT S ) (U7 St R U Y )
prude R 0220 0208 02% poeudeR’ 011 A8 WY
[ 37 20 2m ' et 21 e
atm a8 4“9 s Sotat INF s
pawdo R 0220 02 023 peeudoR’ 017 Q1N QMe
2 Petat 285 7 1.5 2 betat 1.9 18 w2
otat INF a4 484 asT L £ s e
posute i 0223 0208 025 pesudoR®  GIW Q151 Q150
3 [ 2% 1% 13 3 [ 2% 29 19
[T S TP TR [T B Tt
puolo R 024 Q277 0200 peudeR’ QM5 RIS 010
. [ 260 1M 1B . [ 208 218
Sotmt INF aes s 204 St N an 208 aa
peudo ¥ 0200 027 0208 pesudoR’ QM7 OME G138
s [ 2n 108 om s vatat 26 10 1%
Satat NF 367 4% 398 tut N an 208 asy
UssTK_6A precw R 019) 0260 070  USSTRGR Pmbudo o o
. e ay o 19 . [ an am
SotwE AN &6 4N (o T Tt V)
poscde® Q12 028 0201 peeudeR* Q1 QIZS AWM
1 Satat ass L7 [ Al atut o 147 . as
SetiFE 420 AN 4% [T Y )
poswdo QIR 0208 oA pooudeR® 2128 Atz Q18
2 atat g an om 2 Satat -8 45 Q24
T BV C R TemME 3T 30 4
poevdo B 0183 0273 021 pesmdeR? @IS ATt Q1
3 o st 1z 21z 3 [ 4%  on 20
et BT I T ) [T T T )
puole R 010 0204 Q1% peeceR’ 08 03 0D
. ot a5 or  am . [ am 1 201
Sotat N 2 LU asT ot INF am A2 “~e
paude R 0200 0200 0208 peowdeR’ 0140 QMY 010
s [ 213 e 12 s [ 202 200 14

atut INF a0 5w 4e otz a7 AR 4z
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Table A.6: Table A6: In-Sample Statistics: RHS are Constant, US_SH_R, and the

Variable as Stated

ope = Guariers Ahwad Bopenderd N = Guarters Abwad
Varisble Is R1 lag 4 s [] 7 ) Variable s R2 il 4 [] [] 7 [
SPREAD R 022 0186 0140 012 007  SPREAD paeudo R oot 0352 Q147 a3 0072
° tatat 470 443 084 0583 0% ° tetat A8 A7 460 05 02
tatat US_SH R 289 297 310 208 251 tetat US_SH R 254 281 282 s 290
peeudo R 021 0474 031 0419 0.6 paeudo R 0433  O0.M6 0129 0300 007
1 taat 451 088 0S8 037 109 ] tatat 200 473 058 0W 066
tstat US_SH R 314 2 3 am 238 tetat US_SH_R 233 a0t 339 34t 3w
paeudo R 022 0168 01® 0131 0Nt pesudo R 010  0M7 0199 0107 007
2 tatat .07 073 057 A6 112 2 totat -202 082 022 086 126
tSUSSHR 333 338 3R 295 245 tetatUSSHR 254 a4 370 353 a0S
pesudo R Q14 0165 018 0136 015 pesudo R* 0008 0114 0128 0100 0076
3 tetat 087 088 A4 120 413 3 tetat A8 AW 07 17 @
tMUSSHR 342 338 A6 299 249 teMUSSHR 287 378 381 38 2@
pasudo R 0188 0178 045 017 0.M9 pesudo R 0089 0428 0131 G107 0072
. totat 088 42 23 A8 921 4 totat €0 070 125 10 03
AUSSHR 343 322 3\ 208 280 tetastUSSHR 317 a4 378 3B 2@
peeudo R 020 0470 015 0M0 0432 posudo R N7 0430 0128 0IR 0077
s totat 42 AW A2 425 A% s (et QB¢ 196 117 038 065
teMUSSHR 328 320 3413 300 249 tetatUSSHR 343 385 360 a8 270
SR pesudo R 020 079 01® 0116 0007 SHR pesudo R 0006 0120 0120 0100 007
0 tatat 11 1M oM 0 ° totat 147 082 052 447 0%
- 1stat US_SH R 179 186 208 24 242 tetat US_SH R 150 202 237 an F2-
pesudo R 0208 0163  04%  0.20  0.007 posudo R 0104 0418 Q117 Q1@ 007
1 tatat 118 046 006 031 «19 1 tatat 128 ar 0.5 054 0.5
testMUSSHR 225 238 283 A 282 tetatUSSHR 154 244 300 3 28
pesudo R 0188 0160 04  0M9 0008 pasudo R 0 0A11 Q120 0105 00TS
2 totat 058, 011 02 QM 0% 2 tatat 122 04 047 OT a2
temtUSSHR 267 278 286 200 2R3 totstUSSHR 191 301 338 3% A0
pasudo R 018 Q161 04X 0119 0009 peoudo R 0086 0414 0128 0IF  0OR
3 tatat 021 014 003 O a2 3 tetat 057 021 085 0% 05
temUSSHR 207 290 282 299 274 teMUSSHR 244 332 356 A8 300
pasudo R 0183 0160 04F 0120 008 pesudo R* 0080 Of24 Q128 G104 007
. tatat 008 002 012 L2 019 . totat 013 042 00 0TS 4028
tetat US_SH R 309 29 291 a0e 2 et US_SH R 21 46 3564 352 2%
pasudo R 0182 Q160 0AF OM® 0067 pasudo R 0103 0124 Q24 0101 007
5 teatat 007 009 0¥ 020 006 5 totat 013 066 072 03 05
tsUSSHR 302 283 298 300 268 tetMUSSHR 206 358 360 AN 2%
R pesudo R 0167 0158 01% 0119 0W3 IGR posudo R 0086 00 0120 0906 0072
° [ 073 030 004 030 080 ° tatat 05 027 058 A7t OB
taaUSSHR 204 293 23 266 280 tetmUSSHR 183 275 300 319 275
pesudo R 0183 0159 013 016 0.0 pasudo R 0088 o4 0122 012 007
1 totat 03% 004 036 065 a7 il tatat 027 021 085 05 o
MMUSSHR 239 248 27 AW 306 tetstUS SHR 218 288 335 34t 20
pesudo R* 0182 0162 014 012 O.N6 pesudo R 0083 012 Q122 01  0OM
2 tatat 000 -038 06t 082 0% 2 totat 020 037 054 040 OB
teMUSSHR 264 275 SO0 a6 327 tetaUSSHR 231 305 83 a5t 298
pesudo B Q1B 0167 0148 097 ONB pasudo N 00 0t4 0923 ata2  0oM
3 tutat 029 <058 -0 0959 ~1.03 3 tatat o007 023 036 049 an
tUSSHR 286 297 37 3M aM teaAUSSHR 250 320 345 35 280
pesudo R 017 0170 045  oMO a9 pesudo R 0000 0122 0123 Q11 007
4 tetat 051 07 086 408 100 . batat 017 008 042 027 004
et US_SH_R 3 . 35 398 % tetst US_SH_R 267 £ 352 347
posudo ¥ ame 0174  04B  01%  Oms posudo K 0M3 01 Q12 aX0 007
s tatat 050 08 106 07 095 3 totst a2 a8 023 018 0N
tetat US SH R aar 333 EC ) 402 an Tttt US_SH R 289 344 383 346 20
D_SHR peeudo | 020 0179 013® 0116 007 D SHR pasudo 0066 020 0120 0100 0073
. tatat 179 191 oM a0 Az . totat 197 082 052 017 0%
ttaUSSHR 356 330 30 aM 265 ttaUSSHR 331 381 381 sa 2N
pesudo RY 0206 0165 0435 0P  0.007 posudo R 0083  OM5 Q1T 0100 007
] tatat 128 054 008 024 008 1 tatat 087 05 012 AR 018
teMUSSHR 355 341 37 Az 265 tetUSSHR 316 374 350 A% 27
peeudo R 0190 0160 047 OMe 0.0 pesudo R 007 041 01® 0100 00N
2 totat 067 015 019 0% Az 2 totnt 052 008 025 008 DS
tHMUSSHR 352 A3 3N 39 269 AUS SHR 206 156 348 3W 280
pesudo R a4 0160 011 012 09 posudo R 0083 0414 8122 @107 00N
3 tatat 033 004 034 046 028 3 tatat D08 215 0.10 o.18 oz
tsUSSHR 343 320 3% 326 269 tetatUSSHR 205 358 350 319 28
pesudo R* 0182 0163 0140 0120  0.008 pesudo 0080 012 0123 01R  D.OM
. tetat 003 044 08 03 020 . tatat 020 015 07 ox o8
totat US_SH_R 341 343 M a4 265 tetat US_SH R a1 ar sz 3 g
pesudo R 0188 0164 0138 013 0.3 pesudo R 0.M2 042 0123 014 000
s [ 045 0S8 0F 020 O0R s tatat 007 a7 043 080 146
tetUS SHR 347 346 3% 37 2M4 teastUSSHR 341 378 3% AN 29
DIGR ‘pasudo R¥ 024 0178 012 017 06 DLGR ‘pasudo RY 0085 0110 Q118 0106 0075
totat 18 113 05t 018 Q18 ° tetat 052 018 040 05 054
tstMUSSHR 356 A4 37 107 2% tetslUS SHR 307 345 333 304 265
posudo R 005 0160 01% o118 0008 posudo R 0083 OM3 0122 Q101 00M
1 totat 12 077 oM 413 Az 1 et 02 08 052 04 06
tstastUSSHR 351 34 3% ane 254 tetatUSSHR 201 340 33 3 275
pesudo R 0192 0160 01T 020 010 pasudo R 007  0M8 0121 Q1D 00T
2 tatat o 0 4B 028 Au 2 totat 046 055 045 02 008
tetUSSHR 350 238 324 305 256 teiatUS SHR 203 344 a6
posudo K 0185 0160 0438 0120 0089 peaudo R® 0088 0M5 012 Q101 0073
3 totat 043 002 020 06 A2 3 tetat 0% OF 0I5 0% 04
teMUS SHR 346 332 3™ am 25 tetUSSHR 286 A2 348 A 280
pesudo R* 0183 Q16 033 OM9 0008 pesudo R* 00 0122 0123 Q18 0078
. totmt 007 4M A2 o a0 . totet 041 02 034 05 088
teUSSHR 344 330 318 304 255 tetstUS SHR 305 a70 349 A7 2m
peaudo R 0182 Q160 0AF  OM8 0007 posudo R 0W3 02 0125 6106 007
5 012 020 07 00 016 5 tootat 015 035 058 07 08
temtUSSHR 342 328 3®W 301 258 tetastUSBHR 338 372 350 AW 2®




Appendix A. Full Results

Table A.6 (Continued)

Dependent o T = Quariers Ahead Tependerd " T = Quarters Ahead

Variable Is R1 9 3 3 ] T 5 VaiabesRz '™ ) 3 ] T [}
M3_GR peaudo R X 0293 028 0218 0463 MIGR } pesudo R 0116 018 0442 01M 009
° totat 446 220 24 284 250 ° ttat 194 108 160 206 228
taMUS SHR 396 330 AW 3N 250 tetastUSSHR 279 363 35 32 267
possdo R 0311 027 020 0ar® 0.8 pesudo R 0001 0134  0MB 0 007
1 tatat 220 23 23t 2% 200 ] totat 107 1% 197 22 1%
Istat US_SH R 324 312 300 2. 245 tatat US_SH R 285 as7 348 308 2%
peaudo R Q24 0249 040 04 0.900 pooudo R 0105 019 Q150 014 00B
2 tetat 23 217 217 154 a7 2 tstat 154 183 203 182 0.8
tstUSSHR 398 331 308 200 2% tetatUSSHR 273 341 335 285 2M
peoudo R 0269 0214 00 0121 0090 posudo R 0413 OMS 0155 Q1R 0078
3 tatat 202 1.88 173 088 -0.50 3 total 176 180 156 o4 076
eMUSSHR 320 315 a8 A1z 264 tSMUSSHR 266 342 A28 38 2®@
pesudo RF 0235 0182 0139 0121 0008 pesudo R 013 0158 0123 01 0072
. totat 179 155 o7 050 007 . tetat 1% 168 030 086 OM
tamtUSSHR 319 321 3% 318 250 TMUBSHR 200 AS5 350 3k 27
pasudo R 0205 0162 0.1% 018 0098 pasudo R* 0.M0 0123 0133 QIR 007
s tetat 148 080 040 003 O34 5 totst 181 049 090 041 On
tSEUSSHR 329 AW 32 a2 25 IMAUSSHR 323 364 4@ M 2@
TUR_GR o) 0203 0216 024 029 020 CURGR ‘pasudol 0306 016 0122 010  0iRm
° totat 106 169 219 2% 426 ° votat 142 120 100 217 m
teUSSHR 292 280 265 240 180 tetatUSBHR 237 308 32 290 22
paaudo R 0237 0235 024 0217  0.495 pesudo R 0103 0116 G145 Q11 0121
1 tatat 167 213 AT 40t aes ] tatat 140 10t 2 280 3%
tatUS EHR 295 282 267 240 188 tetMUS SHR 243 225 320 274 25
pasudo L d a1 0.261 0230 0210 *x3 pesudo » 0.001 0.939 0158 0144 0.151
2 tatat 208 300 3% 325 297 2 tutat 109 220 2% 368 AmW
eUSSHR 287 278 2% 23 2 tetatUSSHR 250 a08 A0 2% 2M
psaudo R 0265 0263 0237 o2 0485 pesudo R* ot 017  0I70 Qs 0120
) tatat 20971 358 35 e 27 3 tatat 240 272 348 3@ 288
tetUSSHR 322 34t 29 264 208 teatUS SHR 248 327 37 2712 28
pesudo R 02205 0269 029 0212 0368 posudo R* 0M0 0TS 0212 Q12 0O0R
. tat 345 331 285 267 249 + tatnt 201 aes  3st 297 1%
taUSSHR 238 33 a2 285 229 tetatUS SHR 272 330 315 298 28
pasudo R 0291 0283 020 0183 0.6 poeusdoR* 0188 0212 Q172 03w 00M
[ tatat 32 288 28 24 200 s totat 280 356 286 115 115
teMUSSHR 345 34 AW tetastUSSHR 209 337 3% 30 25
R_M3_GR' pssuda o215 0.196 0.168 0.135 010 R_M3_GR pesudo 0.000 on7 0134 0138 0107
[ tatat 200 152 147 100 0% ° totat 076 088 102 186 213
TeBUSEHR 356 339 A% IR 285 totatUSSHR 212 aT4 371 36 308
paeudo R 0218 0191 015t 0129 0008 posudo R* 0088 027 Q155 01 007
1 totat 147 144 0 a8 o 1 totat 078 099 184 208 080
tSMUSSHR 342 343 3% M 2M tetUSBHR 305 A2 3T a9
pasudo R 0210 0173 0.M5 0D 0.007 pasudo R 0065  0M3 Q153 0106 007
2 totat 144 081 085 Q15 -O94 2 tetat as¢ 188 203 o0& 08
taUSBHR 351 344 3% 3% 268 CtUSSHR 304 374 38 3R 280
pesudo K Q185 Q70 03X 0128 0.38 pesudo R® 014 0M9 0428 G108 0400
3 tatat 079 063 OM 0% 210 3 tetnt 181 208 086 050 146
tsatUSEBHR 351 339 3@ A4 266 tetatUSSHR 206  a84 363 W 2
paewdo R o 0161 0046 0188 0.129 pasudo R' 0125 050 Q1M 01D 04
0 tatat 05 013 0% AW 30 4 tatat 22 101 045 4 a2n
1SMUSSHR 345 343 4 A 28 tetmUSSHR 246 390 3R AW 2®
p‘* aw v L33 R °UWE pueste W om s sy 1% oo
5 tatat 033 082 48 273 -8 5 totat 12 43 435 2% 013
temUSSHR 349 353 348 320 266 SoUSSHR 358  a75 388 30 28
RCURGR ‘poeudo R o 0159 0.1 G702 RCURGR ‘Pesudo R¥ o1 0@l a1 oz 0301
° otat 467 043 O 024 086 . ot 00s X 22 2®
temUSSHR 336 34t AW A% 27 tetatUS SR 15 400 365 355 308
pesuda R c12 0159  01% 0124 0.M3 posudo K¥ 0004  OM1 QM7 Q1R 00T
1 tatat 043 004 02t 0ot 081 + tetat 108 0% 217 23 0%
teUSSHR 349 341 A¥  am 277 tMUSSHR 32 370 3K 348 28
paeudo R Q12 0160 0.1 012  0.X2 pesudo R* 0083 017 0147 0100  0.088
2 tatat 04 002 O7 086 083 2 ttat 0 w7 221 0N 1%
teMUSEBHR 351 343 3% AW 272 - tSMUBSHR 308 379 368 3N 2@
poeudo R 0183 0168 014 0.7 0000 peoudo R 0314 0150 0123 012 0075
3 tatat 025 096 088 111 04 3 totat 196 234 037 168 064
t-stat US_SM R 349 340 33 ar 2n tetat US_SH R 328 ast 354 33 3.00
pasudo R o194 0172 0148 012 0008 poeudo R 010 a4 Q151 0108 007
4 otat 128 130 4@ e -an 4 tatat 2 058 186 09t 155
tMUSSHR 347 338 34 A28 266 tetstUS BHR 345 367 364 38 258
pesudo R am 071 01®  OMe 000 pasudo R 004 0M9 Q128 04%  00M
s ot 100 13 om A o7 5 totat 050 197 084 1% %6
tSMUSEHR 342 340 3B 398 275 tetastUSSHR 336 383 3T 308 272
STOCK_GR ‘pesudo R 0212 045 01% 0127 0067 STOCKGR pesudo R 012 012 0117 0100 0080
L] t-otat -1.95 60 082 042 . tetat ~231 158 .51 065 059
teAUSSHR 35 344 345 AN 277 tetatUS SHR 318 375 350 246 3%
peoudo K Q85 0159 0M2 0N 0.4 pasudo R 09  OM3  ave Q18 007
] tatat 082 013 080 026 0 1 totat 474 095 04 O®R 1M
ot US_SH R 356 348 348 a» 260 tetat US_SH_R ast an a8 e E2 ]
pesvdo R Qe Q184 01% 010 0097 peoudo R o0 0 Q124 0IW 0981
2 tatat o0t 067 005 A QR H totat 42 02 070 4B 08
. tstMUSSHR 352 346 340 A13 268 tetatUBSHR 320 a6 375 Ax 2@
pesudo R G4 Q163 0AM 0120 0.KQ poado R* 008 05 0125 06 0072
3 tetat 043 024 1M A3 a8t 3 tatat as oM 077 0% 02X
teMUSSHR© 347 344 3@ 3 28 PetsUS SHR 307 A58 A8 3N 20
pesudo R QB3 0180 0410  O.mE  0.N6 pasudo R 000 03 Q125 OKR 0083
. atat 03 A4 0® A2 09 . totat 03% 0S8 060 047 A0
tetUSSHR 351 382 30 AN 27 teatUSSHR 304 365 351 A2 304
poevdo K 0204 0162 0.M5 018 0104 posudo R 0404 OGRS Q1239 QM5 045
5 tatat 168 061 “in 009 Qare s tetat a6 083 051 =145 246
teMUSSHR 361 354 35 a4 278 tetUSBHR 330 A% 36t 3® AW




Appendix A. Full Results

Table A.6 (Continued)

“Bependent T # Guarters Awad Tependert P R = Guarters Aaad
VarisblelsRt ' 3 5 € 7 ) Varable s Rz '™ ) 3 € T )
EXCH_GR peaudo R o822 0164 0J& 015 0120  EXCH GR poeudo R 005 040 0116 0101 0079
° raat 068 113 18 176 150 . totat A0 02 097 08t 1M
te#USSHR 338 341 351 346 302 tetaMUSSHR 295 373 362 342 AW
pesudo RY 0182 016 0961 0433 0113 pesudo R 0086 0412 ONT7 033 0.4
1 tetat 066 13 148 14 131 1 totat 060 068 005 104 28
tamMUSSHR 351 349 3483 336 288 teMUS BHR 305 365 363 340 3R
proudo R 0189 0173 010 0126 07 pasudo R 0088 0112 0120 Q14 01
2 tuat 105 199 078 0® 154 2 tatat M 08 051 2% 3]
temUSSHR 352 346 342 A28 275 tetstUSSHR AN 365 382 33 308
pesudo R 0197 0168 0445 013 015 pesudo R 0084 OMS 0166 0183 008
3 tatat 121 080  0® 151 143 ) ot 0% 054 228 I2 1K
IsAUSSHR 355 347 340 3 27 tstatUS SBMR 306  A73 364 A5t 288
pesudo R 0190 0189 045 0137 0.107 pesudo R* 0000 0157 0211 04 0072
. tatat 081 090 145 143 108 . tatat 056 224 37 1 OM
teUSSHR 35 © 343 33 320 270 tetatUSSMR 3122 373 3T4  3IB® 286
peaudo R 0187 0476 0451 0.5 0130 pasudo R* 0OM3 04 0132 QIR 0081
B totat 072 127 13 o\ 223 s tetat 220 321 120 A8 42
tetUS SHR 350 333 828 318 265 tMUSSHR 326 367 351
INF ‘pesudo R 0265 0228 0208 0195 0.143 [3 pesudo R* 0X2 01409 OH7 a0 0072
° tutat 388 350 an 34 233 ° totat 220 a1 031 081 on
teUS SHR 269 260 245 222 184 tetatUSSHR 248 348 303 3B 28
pasudo R 0240 0225 0212 062 0349 pesudo R* 0082 0111 018 0089 0106
1 teotat 329 3% AaM 205 185 1 tatat a4 032 025 003 IW
tamtUSSHR 273 261 242 242 202 tetaUS SHR 278 312 335 308 212
pesudo R 0250 0233 018 0163 0150 pesudo R 0085  O0M Q119 0138 - 00R
2 totat 347 335 1% e 201 2 tatat 040 018 005 304 2m
temtUSSHR 289 276 27 260 208 tetatUSSHR 260 338 33 27 23
peeudo R 0259 0204 038 069  0.152 pasudo R 03 04 0182  ams  00R
3 totat 306 185 1 11 21 3 tetat Q00 008 266 186 2%
tetstUSSHR 288 287 273 256 202 tetUSSHR 279 350 308 280 234
pesudo R 023 0201 0184 00 0156 poaudo R 0000 0151 013 QI8 0.3
) totat 176 150 17 184 215 ) totat 085 249 170 w7 an
USSHR 296 205 272 240 184 telaUSSHR 296 AW 307 2M 1@
pasudo R 024 0208 018 0476 0.6 pesudo R ams 017  013% 018D 0@
s tatat 157 168 17 205 185 s totat 262 112 180 295 228
tetUSSHR 3313 299 28 28 207 tstMUSSHR 277 32t M 28 2
RIT_GR pasudo R¥ T4 0184 010 06 0104 RITGR pesudo R 0oe2 012 OW3 0IaR  008
. tatat 180 195 288 155 151 ° tatat a0 171 36 2R 1%
tetst US_SH_R 63 362 an £ 285 telUS_SH_R a3 an
02 0200 012 0124 0.002 Ppesudo R 0000 015 QM6 GH5 00
+ 173 25 123 120 106 ) totnt 140 31 273 175 AM
260 A67 345 A% 275 TeMUSSHR  a04  ATE 378 A 28
023 0166 0@ 0123 0087 posudo R 05 019 014 00 OOM
2 255 128 1M w7 oM 2 tetat 208 255 173 on oM
3780 349 341 aB 2p tetaUSSHR  S11 a7 361 A3 28
0191 0160 034 0110 0.008 pasudo R ams 013 0122 0101 00N
3 137 124 121 038 023 ) tetat 247 188 0 00t O
a6 345 Ay aM teiUSSHR 326  A78 360 32 287
a®|s 0170 013 049 0006 posudo N om0 02 012 I 0.080
4 132 433 080 005 095 ) tatat 200 Q16 019 038 A2
351 33 a® A’ 270 tetatUSBHR 238  arS 3% A% 2M
L N O T poouto W oWz 0wl G122z OIB  0A®
5 122 048 008 . 017 026 s totat 07 008 025 A 24
. 344 340 33 an 268 tetUSSMR AW  A74 ASS A% 27
DWELL_GR Q12 Q18 012 0132 0.8  DWELL GR posudo’ a®s  ons  ane oz 0.0
. 05 065 1M 104 113 . totet E oM 088 1% 28
350 ae2 3@ a4t 267 teatUSSHR 306 364 3% 3§ 3w
01 Q170 03 0132  0.10 poeudo R 0063 047 Q13 OIS M
1 037 0% o7 087 070 1 tatat 422 05 15 28 7
354 350 340 1% 276 Tttt US_SH_R aur 260 an 58 20
Q10 Q164 046 0127 0088 posudo R 0003 022 Q168 MW 04M
2 07Tt 050 072 058 o019 2 totat A5 1A 284 3l A
351 34 3M 30 260 telatUSBHR 313 363 a75 M
Q7 0169 014 0MD 0008 pesudo A 004 060 020 Q1B 00T
) 045 067 05 014 008 3 tatat 140 268 1 1o 00
352 351 3® 336 260 teatUSSHR 200 380 30 32X 289
. 0188 0465 037 0119 0088 posudo R o34 o;7 0473 0 00n
. 051 041 0 002 010 . tatat 283 283 180 Oz OM
357 363 W™ am 28 PeMUSSHR 313 AR S e 2M
0167 0160 01% 08 0.2 pesudo ¥ 02 0N 0123 Q@ 007
s tatat 040 000 004 413 077 s totat an 1% 02 a4 om
temUSSHR 367 a76 367 AW 261 tetstUSSHR A% 347 84 AW 282
NONRES_GR pesudo R 0180 0157 013 0120 0067  NONRES GR ‘poeudo’ 0083 0311 0123 0100 0072
° ttat 047 043 D70 A7 056 ° tatt 674 08S  t06 018 0.9
tetUSSHR 347 342 342 3 267 tetatUSSHR %01 363 353 328 290
poeudo R a1 Q159 0I1F 0420 0006 posudo R 0085 0419 Q17 Q100 0070
1 tatat 021 44 08 074 007 1 totat W 127 08 02 oM
teMUSSHR 351 344 3B 324 2N TetMUSSHR 305 368 39 AR 280
pesudo R 013 0162 013  0M8  0.0% pesudo R* omt oMt a9 a0 0om
2 " tetat o5 082 08 001 074 z d 123 004 oM O 05
tetUSSHR 35 48 AW 2w 27 TelstUSSHR 309 364 361 A0 285
peeudo R 0187 016t 0¥ 0125 0008 pasudo R 003 044 013 Q102 007
) totat 405 04 0M 08 000 3 tatst Q@ 020 04 0B AN
tMUSSHR 353 344 340 34 272 totatUSSHR 303 a70 381 3@ 301
posudo R Q184 Q161 043 010 0.009 pesudo R 800 042 0123 QK5 007
L] tutat 042 ©.23 095 .03 058 4 totat (=<3 031 036 =130 01
teMUSSHR 352 35 35 a8 288 . teUSSHR 319 379 A a4 2m
posudo R 0182 Q167 01%  OHP 0008 posudoR" Qs 02 Q18 Q10 0072
5 ttat oM 400 D10 052 067 s tatat aM 028 45 oW 068
tetmUSSHR 363 364 34 30 270 temMUS SHR 43 377 384 328 24




Appendix A. Full Results

Table A.6 (Continued)

Bopsrden W= Cruarivrs Aad Bependent R Gusien Med
Vesameiwrt '™ B S S T AR ) Varisbie o B2 ) - S T T
w_E GR ‘peoude ¥ 0188 0385 G175 0120 00%  BV_EXGR peeudo R 0088 0109 013 0100 0075
° R R T R VT A X ) . tommt on o as oz -
twMUS SR 360 35 am 328 2n tMMUSBHR 257 3 Am 3
peando R 0201 0183 01X 0118 0097 posste X 008 0B A7 0 0077
1 2% A0 04 0W  0X . Lot o3 a3 % 18
MUt SR 351 3D 33 M 2n tenUSSHR 3 38 3I®
pesudo B 0220 013% 011w 00% prodo R 0005 Q1 o122 008 0oM
2 et 2% [ Y ) 2 ot 136 om 9z oz
USSR 38 3% am  2n LudUSSHN 28 388 am a4
pesudo R o187 01y 012 oI pasudo R 0083 0120 018 of01  0oR2
3 Lt an oo Al o7 a tatnt 02 42 -8 0m 028
taxUs MR 38 @ A 2@ SMMUBBHR 207 3m 3 3™ 28
poendo ¥ 0 0 0% 013 psuto R 003 0AR a2 oM@ 00T
. = an 00 o, 2m . otat 4% 43 el 0% am
LMMUS R 382 d42 33 320 27 texUSSHR 3B 46 3™ 3T 2w
paouo R 0182 0181 0041 04% 005 poerdo R oM 0w o1z 08 oo
s [ om 0¥ om 2@ as s ot X 00 oM ox a8
tMMUS SR 34 3% aAm A 28 . USSR 34 3T am 3% 2m
ToT_GR pesudo KT 0.1 0.8 0143 0144 01¥%  TOT GR pesudo R 0082 0308 0.9 016 002
. ot a8 1% o8 LD OM . totat 02 oir 2w 1% o1
terUS SR 35t 33 33 32 288 uUSSHN 30 1@ 37 3% 280
poeudo R 0198 0I63 0150 01N 0151 el 002 DI M4 010 00D
1 vetst 1% oM 1@ os 134 1 et kY 18 1 oM o
taMUsBIA 342 345 3w 3 2m CumUSBHR 307 3N M M am
pesudo R 0185 0175 o) 0165 003 poeude & 0001 06 0.0 0%0 o6
2 Lt ok 0% osm 1.7 0% 2 Tatat 18 e a@ am  oe
CMMUS SR 3B 238 4 3w 2R tesUSIMR 30 3% amM S 2%
pasude R 0497 0162 0im 0120 0101 pasude N 007 OMS 02 005 Aoy
s [ oy 0X L1 oM 0% 3 ot 181 040 0w 0S4 Qs
tuMUS SR 349 3% A am  2n temUSSHR 3R 3 3m 3 2
poeudo R 01 0208 QI® 012 00W pooudo ooy o012 awr o oon
. et os 12 0¥ 0% 0¥ . =) 42 o0 os  om oW
tenUSHR 36 3% 26 A7 2@ CMmUBSHA 328 A 3m am 2
pooudo R 0212 01 1% 0110 008 rowsio N 033 0mS  am ol oo
s am 1€ 02 om0 Oes s omt 07 0% 0 oz o
AUS IR 34 AW A8 32 26 temUSSHR 3@ 37 Am A% 2M
SoLD_GR ‘pasisde RY 0204 0185 01% 011  00% GODGR Tpeodo R ODM . 0418 G118 03 008
° o AU om am oD 0N . ot A3 26 oM Am
tMMUB SR 375 2% AR am 2 rexUSIMR 3 3 38t a3 2R
paeude K 0186 Q164 01X 019 @AM posudo R 08 oitt A 012 oo
1 toat 48T 051 a9 0w T t et A% 02 08 8 035
teuMUS MR 40 3B 3 3% OB RUSSHR 301 an 3 o 2%
poauds R 018 012 0T 048 0D pasudo R 0084 0118 08 00 0079
2 nt 0@ 051 03 18 2m 1 ot oy  om @ om0
buMUS BN 38 38 3% 8t 2% . U IR Am AT
povudo R 0190 010 QI 0Im  ases powdo R 006 0¥z a2z 0WE 0o
a [ am  o@ 1% 258 3 Lot a®m e Al om 1%
MUK AP A AN de 2% tumUBBHR 341 395 3w 3 2w
pasude X QI LA Al 0TS QIS posuse &' At 0128 0w 0N 0100
. s @d 1M 2n  2m  Aw . ot 20 oA o1 oM o
USSR 388 328 0 sz 238 TMAUSIAR 4% 1% 30 A 22
proude R 019t 0200 010  0IR Q167 posude K 08 01 Q2 0B ArM
s 108 219 24 286 48T s ot Qs om  ow 1w 22
resmusaR A% 3@ 3 an 200 xR 3% A8 anm 26
Tsem Fowido W D ECEECTECE] W3R poeuo Tom  oe e 0w 0072
. 0%  am @ . ) o3 oan an  ox  on
ranus St R 3 A 28 2 e 236 32 2m 2530 2%
pesude & 0N77 018 U posude X' 0084 B3 04 00 0080
' tetat AR AN 6 an ' romt 44 o5t axw 0% e
s S0 2 20 28 1% FuaB R 2% 3t 3% 3
poavdo Oi1R a1 042 0% posuce B 00 019 010 01z 006
2z [ M0 a8 an aw 2 et an % 12z 1@
e us_ R 8 20 2w MU SR 24 308 @ 3R 2w
pesudo R 078 0@ 032 0108 possde &' oS DI OIS O3 008t
s otat 4 ae o s ) ) 4@ o3 ¥  im om
VemUSBHR M08 2P 28t 241 AT reUBEBR 24 3D AT 30 2w
peecdo R 01M Gl 018 01 o mesta® 000 QT? OME  ON5 o
. o 44 0w a® oM A . ot R L 1o 1» am
temUSM R 296 2m 24 2n CaMUSEHR 308 441 3N 3 2m
puvode B 017 0I81 QWS 002 QT poscde R QI 0 Al DM 00es
s et o8 O3 a5 oM <M s ot e 1w 0% s
tMMUABIR 2m 268 236 208 1M UMUSEHR  A® 3% AW 2 2m
X peeude® 0186 0174 Qi 0% GI% VSIGR peecdo R GOBZ OB GNB O 0072
. et B SR X R ) . owt o3 oz an
TMrUS IR 152 L0 14 28 Az [ S T R4 PR Y 4
poaude 8 013 0178 015 0y 012 posste R 008 010 AN 0XO  OK0
1 ot o7 A® 4% B 8 * ot oM 0¥ oM 0¥ A
bemUS IR 200 Zn 200 Ze  ame TedUS MR 08 1M 2M 22 218
peuo® 010 O3 oist  0M0 Q12 pade®® 000 0M A o™ o
2 om om0 ;W 2 ot o oM 0% om o5
CumUB MR 220 ;2% A e VMMUSBHR 10 208 240 28T 258
poovo 018 0N a1 A oM pemsto 0 o0mo  01W  OmS 08 Q0TS
H) 4% 40 M . 208 E] o  om aw -8 aw
MMUB MR 24 24 212 4B A xR 14 240 M M 2m
pasudo R 0154 0478 0185 018 0148 pomsie 8 o om3 om0 oo
. tetat 09 A® @ A% 2 . somt 8 3 a® 2 -8
TURUBIHR 26 2 AN e A& tumUSSHR LW 28¢ AN a6 1w
puaudo R 014  OID QI 0AR2 CO18s pesudo W 0N e 0N 0o
s Vot 468 3 0 2w 2% s ) [ ) a3 aw
MMMUS MR 280 301 A% 4m SAT CMBUBBHR 23 3% AW 3w a2
Us_STX_GR penudo R 0479 0157 QiW 01 0086  USSTK GR pevuda K 0086 ©0I® 010 03w Q012
. Lot 413 0w  ors s oM . rowmt 08 o B am 02
beMUI MR 35 344 26 3w 2m temusEHR A Am 2,
pooudo B 0381 A1 017 0Is oI pesude R 0SS 07 0T4 DO 00eS
1 otn o aM  o® ' * tott s 128 [E T
temUS MR 3% e A% 37 2 teUEIHR 30 3% 38 am  2m
proido X 018 0% 0128 0107 Lol 007  amE o 0N ome
2 vt o4 am  a@  Am 7 et 1 260 o am 2
otnt US 30 R se A aw 2w FuMUSIHR 300 AR a# A% 2%
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Table A.7: Out-of-Sample pseudo R?: RHS are Constant, INF, and the Variable as

Stated
Dep Var = R1 lag h = Quarters Ahead Dep Var=R2 tag h = Quarters Ahead
1 2 3 1 2 3
SPREAD [] 0.156 0.232 0.246 SPREAD 0 0.128 0.137 0.146
1 0.216 0.270 0.227 1 0.132 0.129 0.137
2 0.244 0.252 0.201 2 0.137 0.134 0.159
3 0.230 0.220 0.042 3 0.145 0.162 0.156
4 0.241 0.138 0.088 4 0.187 0.176 0.128
5 0.144 0.057 0.160 5 0.189 0.134 0.104
SH_R 0 0.200 0.271 0.259 SH_R 0 0.157 0.160 0.149
1 0.258 0.269 0231 1 0.165 0.138 0.129
2 0.250 0.220 0.205 2 0.161 0.140 0.152
3 0.246 0.244 0.134 3 0.160 0.163 0.153
4 0.251 0.207 0.139 4 0.183 0.170 0.122
5 0.217 0.189 0.162 5 0.185 0.133 0.108
LG_R 0 0.217 0.242 0.201 LG_R [ 0.162 0.155 0.128
1 0.218 0.193 0.181 1 0.170 0.141 0.104
2 0.196 0.167 0.172 2 0.157 0.122 0.098
3 0.197 0.191 0.165 3 0.145 0.1 0.103
4 0.197 0.181 0.157 4 0.135 0.117 0.108
5 0.186 01471 0.155 5 0.134 0.117 0.117
D_SH_R 0 -0.319 0.036 0.103 D_SH_R 0 0.132 0.136 0.130
1 0.064 0.132 0.128 1 0.146 0.127 0.102
2 0.084 0.149 0.145 2 0.148 0.112 0.115
3 0.134 0.182 0.105 3 0.125 0.117 0.113
4 0.158 0.171 0.102 4 0.131 0.118 0.102
5 0.158 0.166 0.134 5 0.127 0.105 0.096
D_LG_R 0 -0.024 0.025 0.061 D_LG_R ] 0.141 0.121 0.110
1 -0.008 0.081 0.106 1 0.132 0.114 0.095
2 0.047 0.139 0.139 2 0.127 0.103 0.060
3 0.112 0.180 0.149 3 0.118 0.063 0.072
4 0.152 0.188 0.144 4 0.085 0.071 0.092
5 0.166 0.192 0.144 5 0.090 0.093 0.103
M3_GR 0 0.146 0.179 0.175 M3_GR 0 0.125 0.122 0.133
1 0.144 0.198 0.226 1 0.129 0.125 0.134
2 0.168 0.240 0218 2 0.141 0.145 0.111
3 0.227 0.250 0.230 3 0.146 0.084 0.116
4 0.229 0.268 0.232 4 0.121 0.135 0.151
5 0.234 0.256 0205 5 0.139 0.147 0.148
CUR_GR [ 0.108 0.155 0.108 CUR_GR 0o 0.120 0.104 0.120
1 0.111 0.166 0.134 1 0.099. 0.115 0.118
2 0.095 0.166 0.100 2 0.121 0.118 0.118
3 0.123 0.148 0.131 3 0.122 0.1 0.070
4 0.107 0.168 0.144 4 0.124 0.077 0.1
5 0.126 0.175 0.202 5 0.105 0.114 0.125
R_M3_GR 0 0.146 0.179 0.175 R_M3_GR 0 0.125 0.122 0.133
1 0.144 0.173 0.164 1 0.138 0.122 0.124
2 0.149 0.200 0.179 2 0.129 0.128 0.134
3 0.170 0.218 0.181 3 0.133 0.123 0.138
4 0.181 0.231 0.183 4 0.142 0.157 0.182
5 0.177 0.207 0.169 5 0.136 0.154 0.144
R_CUR_GR 0 0.109 0.155 0.106 R_CUR_GR [} 0.120 0.104 0.120
1 0.132 0.183 0.183 1 0.133 0.121 0.109
2 0.171 0215 0.144 2 0.129 0.100 0.108
3 0.189 0.189 0.152 3 0.112 0.103 0.114
4 0.154 0.182 0.149 4 0.108 0.115 0.160
5 0.169 0.197 0.153 5 0.113 0.137 0.139
STOCK_GR 0 0.140 0208 0.171 STOCK_GR 0 0.125 0.122 0.132
1 0.157 0.193 0.156 1 0.120 0.124 0.069
2 0.169 0.193 0.149 2 0.137 0.072 0.117
3 0.160 0.131 0.095 3 0.077 0.117 0.114
4 0.152 0.167 0.176 4 0.118 0.120 0.113
5 0.143 0.204 0.138 5 0.125 0.112 0.099
EXCH_GR 0 0.116 0.161 0.123 EXCH_GR ] 0.118 0.079 0.115
1 0.100 0.095 0.130 1 0.095 0.103 0.127
2 0.097 0.153 0.155 2 0.11 0.128 0.111
3 0.123 0.185 0.128 3 0.142 0.111 0.121
4 0.140 0.184 0.163 4 0.135 0.131 0.122
5 0.122 0.187 0.166 5 0.131 0.117 0.117
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Table A.7 (Continued)

h = Quarters Ahead h = Quarters Ahead

Dep Var = R1 lag 3 2 3 Dep Var=R2 lag 3 2 3
RTT_GR [] 0.131 0.161 0.144 RTT_GR 0 0.108 0.132 0.101
1 0.25 0.154 0.140 1 0.177 0.024 0.082
2 0.139 0.140 0.145 2 0.081 0.102 0.137
3 0.148 0.194 0471 3 0.099 0.124 0.119
4 0.148 0.184 0.162 4 0.132 0.125 0.136
5 0.154 0.183 0.156 5 0.113 0.124 0.128
DWELL_GR 0 0.105 0.051 0.145 DWELL_GR [ 0.122 0.119 0.126 |
1 0.143 0.188 0.128 1 0.132 0.132 0.129 -
2 0.171 0.152 0.076 2 0.145 0.132 0.126
3 0.159 0.146 0.136 3 0.150 0.131 0.127
4 0.110 0.097 0.154 4 0.147 0.134 0.136
H 0.105 0.163 0.193 5 0.132 0.142 0.168
NONRES_GR 4 0.141 0.170 0.134 NONRES_GR 0 0.113 0.094 0.117
1 0.166 0.165 0.125 1 0.121 0.119 0.121
2 0.153 0.181 0.142 2 0.126 0.118 0.121
3 0.124 0.190 0.150 3 0.137 0.134 0.120
4 0.149 0.184 0.153 4 0.127 0.097 0.120
5 0.151 0.181 0.156 5 0.115 0.120 0.117
SV_EX_GR 0 0.138 0.173 0.126  SV_EX_GR 0 0.125 0.111 0.106
1 0.145 0.176 0.130 1 0.118 0.100 0.111
2 0.131 0.181 0.147 2 0.116 0.109 0.110
3 0.144 0.161 0.135 3 0.116 0.1 0.137
4 0.144 0.183 0.153 4 0.110 0.126 0.123
5 0.148 0.179 0.158 5 0.153 0.128 0.119
TOT_GR 0 0.161 0.182 0.147 TOT_GR ] 0.148 0.127 0.109
1 0.170 0.185 0.151 1 0.145 0.115 0.124
2 0.152 0.178 0.158 2 0.134 0.129- 0.125
3 0.151 0.194 0.163 3 0.133 0.124 0.120
4 0.148 0.196 0.177 4 0.130 0.118 0.145
5 0.159 0.205 0.163 5 0.119 0.136 0.105
GOLD_GR ] 0.141 0.189 0.193 GOLD_GR 0 0.135 0.119 0.107
1 0.155 0.231 0217 1 0.126 0.099 0.115
2 0.197 0.247 0.192 2 0.110 0.115 0.151
3 0.193 0.209 0.178 3 0.122 0.143 0.127
4 0.181 0.206 0458 4 0444 04149 0.445
5 0.191 0.127 0.145 5 0.144 0.170 0.171
US_SPR 0 0.121 0.145 0477 US_SPR 0 0.114 0.112 0.116
1 0.114 0.186 0.235 1 0.124 0.116 0.118
2 0.151 0.217 0.196 2 0.125 0.115 0.123
3 0.231 0.226 0.216 3 0.122 0.126 0.139
4 0.231 0.221 0.220 4 0.131 0.142 0.137
5 0.220 0.209 0201 5 0.143 0.136 0.114
US_SH_R [} 0.084 0.115 0.205 US_SH_R [ 0.137 0.141 0.145
1 0.112 0.175 0.254 1 0.147 0.13% 0.156
2 0.171 0.216 0212 2 0.140 0.150 0.168
3 0.259 0.237 0.206 3 0.157 0.174 0.187
4 0.247 0.224 0.187 4 01477 0.192 0.171
5 0.221 0.176 0.165 5 0.188 0.168 0.141
US_LG_R [] 0.131 0.141 0.157 US_LG_R ] 0.141 0.135 0.106
1 0.146 0.161 0.173 1 0.140 0.109 0.123
2 0.154 0.173 0.156 2 0.111 0.123 0.141
3 0.180 0.170 °  0.147 3 0.130 0.144 0.148
4 0.172 0.161 0.118 4 0.148 0.149 0.138
5 0.161 0.109 0.111 5 0.152 0.136 0.128
US_STK_GR [] 0.120 0.131 0.134 US_STK_GR [] 0141 0.050 0.115
1 0.029 0.117 0.139 1 0.096 = 0.119 0.118
2 0.114 0.162 0.141 2 0.132 0.113 0.112
3 0.133 0.164 0.159 3 0.122 0.113 0.143
4 0.148 0.188 0.118 4 0.123 0.109 0.108 |
5 0.181 0.166 0.156 5 0.143 0.130 0.117
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Table A.8: Out-of-Sample pseudo R%: RHS are Constant, US_SH_R, and the Vari-
able as Stated

i h = Quarters Ahead h = Quarters Ahead
Dep Var = R1 lag — " s i 5 Dep Var = R2 lag Y S S S A
SPREAD [} 0.289 0.245 0.085 -0.022 0.022 SPREAD [} 0.113 0.156 0.154 0.008 0.040
1 0.284 0.103 0.013 0.082 0.088 1 0.139 0.152 0.117 0.081 0.039
2 0.170 0.060 0.133 0.134 0.084 2 0.139 0.107 0.104 0.080 0.055
3 0.127 0.171 0173 0.126 0.061 3 0.096 0.089 0.107 0.092 0.067
4 0.208 0.206 0.161 0.104 0.036 4 0.074 0.087 0.125 0.100 0.066
5 0.241 0.193 0.143 0.084 0.023 5 0.073 0.110 0.133 0.085 0.046
SH_R [} 0.202 0.199 0.139 0.070 0.036 SH_R o 0.098 0.117 0.124 0.081 0.035
1 0.234 0.169 0.110 0.090 0.076 1 0.107 0.113 0.098 0.081 0.043
2 0.213 0.146 0.131 0.120 0.080 . 2 0.105 0.083 0.103 0.083 0.057
3 0.188 0.164 0.154 0.120 0.073 3 0.074 0.086 0.112 0.092 0.064
4 0.199 0.184 0.154 0.116 0.066 4 0.070 0.095 0.125 0.097 0.063
5 0.219 0.185 0.152 0.111 0.066 5 0.077 0.108 0.130 0.093 0.050
LG_R 0 0.164 0.159 0.143 0.119 0.083 LG_R 0 0.080 0.04 0.115 0.094 0.054
1 0.195 0.174 0.154 0.126 0.076 1 0.071 0.090 0.115 0.092 0.055
2 0.210 0.184 0.160 0.123 0.075 2 0.068 0.092 0.119 0.089 0.057
3 0.219 0.190 0.157 0.120 0.078 3 0.067 0.098 0.122 0.092 0.057
4 0.222 0.185 0.154 0.123 0.070 4 0.077 0.105 0.124 0.091 0.056
S 0.216 0.182 0.155 0.113 0.056 5 0.089 0.108 0.122 0.085 0.048
D_SH R [} 0.202 0.199 0.139 0.070 0.036 D_SHR [] 0.098 0.117 0.124 0.081 0.035
1 0.246 0.174 0.098 0.074 0.076 1 0.096 0.109 0.104 0.060 0.041
2 0.211 0.126 0.097 0.119 0.077 2 0.087 0.090 0.094 0.066 0.048
3 0.163 0.130 0.156 0.123 0.069 3 0.067 0.080 0.104 0.084 0.057
4 0.167 0.189 0159 0.118 0.068 4 0.057 0.092 0.121 0.093 0.052
5 0.223 0.190 0.153 0.112 0.074 5 0.075 0.107 0.125 0.081 0.043
D_LG R 0 0.159 0.176 0.152 0.116 - 0.070 D_LG_R 0 0.083 0.080 0.085 0.085 0.058
1 0.221 0.185 0.15% 0.110 0.060 1 0.056 0.082 0.108 0.086 0.05%
2 0.224 0.182 0143 0.100 0.058 2 0.060 0.094 0.117 0.090 0.057
3 0.222 0.175 0135 0.099 0.064 3 0.071 0.100 0.125 0.091 0.057
4 0.211 0.165 0.135 0.107 0.035 4 0.081 0.111 0.125 0.090 0.058
5 0.199 0.164 0.140 0.077 0.024 5 0.096 0.113 0.125 0.088 0.064
M3_GR [ 0.373 0.333 0.208 0.244 0.170 M3_GR [} 0.137 0117 0.161 0.154 0.122
1 0.363 0.322 0272 0.203 0.124 1 0.092 0.137 0.173 0.150 0.110
2 0.350 0.296 0.234 0.161 0.083 2 0117 0.151 0.475 0.136 0.072
3 0.327 0.261 0.195 0.126 0.05% 3 0.133 0.159 0472 0.104 0.038
4 0.292 0.223 0.162 0.106 0.070 4 0.144 0.161 0.136 0.085 0.063
5 0.259 0.1%4 0.147 0.121 0.084 5 0.148 0.124 0.114 0.097 0.075
CUR_GR [} 0.175 0.148 0.158 0.115 0.198 CUR_GR 0 0.109 0.130 0.118 0.138 0.125
1 0.173 0.187 0.182 0.229 0.205 1 0.112 0.098 0.156 0.156 0.135
2 0.209 0.210 0261 0235 0.209 2 0.087 0.138 0.175 0.159 0.167
3 0.252 0.304 0.283 0.259 0.195 3 0.137 0.171 0.201 0.204 0.121
4 0.350 0.320 0.304 0.244 0.161 4 0.168 0.193 0.250 0.157 0.070
5 0.357 0.335 0.28t 0204 0.165 5 0.181 0.230 0.189 0.094 0.056
R_M3_GR 0 0.261 0.233 0.200 0.149 0.103 R_M3_GR 0 0.098 0.124 0.151 0.157 0.112
1 0.268 0.229 0.181 0.141 0.085 1 0.096 0.128 0.181 0.148 0.073
2 0.260 0.208 0173 0.126 0.084 2 0.103 0.156 0.172 0.103 0.072
3 0.244 0.204 0.161 0.128 0.082 3 0.131 0.158 0.140 0.105 0.083
4 0.240 0.191 0.164 0.135 0.097 4 0.140 0.129 0.137 0.122 0.113
5 0.227 0.195 0177 0.149 0.093 5 0.114 0123 0.151 0.152 0.062
R_CUR_GR [} 0.256 0.192 0.158 0.121 0.09%0 R_CUR_GR o 0.075 0.102 0117 0.139 0.104
1 0.228 0.189 0.157 0.130 0.089 1 0.079 0.098 0.166 0.138 0.058
2 0.227 0.188 0.162 0.128 0.085 2 0.078 0.145 0.164 0.091 0.068
3 0.224 0.198 0.168 0.133 0.078 3 0.128 0.159 0.124 0.107 0.051
4 0.240 0.204 0173 0.126 0.076 4 0.146 0.113 0.154 0.088 0.073
5 0.238 0.203 0.160 0.118 0.079 5 0.097 0.139 0.118 0.101 0.068
STOCK_GR ) 0.239 0.191 0.144 0.135 0.082 STOCK_GR 0 0.055 0.112 0.119 0.084 0.028
1 0232 0.176 0.166 0.120 0.080 1 0.090 0.104 0.103 0.076 0.078
2 0.216 0.195 0153 0.124 0.063 2 0.087 0.091 0.102 0.108 0.076
3 0.228 0.184 0.170 0.110 0.078 3 0.071 0.081 0.134 0.103 0.038
4 0.221 0.206 0.147 0.123 0.069 4 0.062 . 0.118 0.133 0.075 0.045
5 0.244 0.181 0.162 0.113 0.065 5 0.104 0.121 0.110 0.080 0.084
EXCH_GR [} 0.180 0.198 0.168 0.166 0.115 EXCH_GR o 0.095 0.097 0.123 0.099 0.074
1 0.227 0.190 0.185 0.142 0.101 1 0.081 0.109 0.120 0.102 0.141
2 0213 0.201 0.164°  0.129 0.104 2 0.091 0.104 0.124 0.153  -0.028
3 0.237 0.196 0.167 0.148 0.093 3 0.083 0.108 0192  -0.048 0.063
4 0.233 0.198 0.185 0.144 0.088 4 0.091 0.180 0.053 0.084 0.049
5 0.227 0.209 0.174 0.128 0.115 5 0.157 0.057 0.118 0.081 0.033
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Table A.8 (Continued)
h = Quarters Ahead h = Quarters Ahead
Dep Var = R1 lag 2 5 G 7 B Dep Var = R2 lag 2 3 s 7 B
INF 0 0.289 0.246 0.221 0.202 0.146.  INF 0 0.120 0.09% 0.128 0.086 0.058
1 0.278 0.248 0233 0.181 0.142 1 0.079 0.112 0.119 0.094 0.112
2 0.287 0.266 0218 0.183 0.149 2 0.092 0.102 0.121 0.141 0.095
3 0.302 0.245 0215 0.188 0.148 3 0.081 0.105 0172 0.123 0.085
4 0.277 0.242 0220 0.186 0.151 4 0.087 0.153 0.153 0.122 0.146
5 0.279 0.250 0223 0.192 0.134 5 0.141 0.142 0.154 0.170 0.108
RYT_GR [ 0.232 0.210 0.192 0.138 0.097 RTT_GR 0 0.066 0.126 0.153 0.131 0.093
1 0.237 0.216 0.169 0.134 0.086 1 0.097 0.130 0.152 0.122 0.050.
2 0.252 0.200 0.169 0.128 0.071 2 0.10 0.135 0.152 0.086 0.061
3 0.240 0.203 0.169 0.116 0.060 3 0.113 0.142 0.115 0.095 0.064
4 0.243 0.203 0153 0.106 0.069 4 0.124 0.102 0.128 0.096 0.017
5 0.235 0.183 0.141 0.113 0.081 5 0.087 0.114 0.128 0.044 0.101
DWELL_GR [] 0.232 0.165 0.134 0.128 0.108 DWELL_GR ] 0.107 0.120 0.129 0.126 0.106
1 0.201 0.159 0.157 0.142 0.101 1 0.103 0.118 0.141 0.143 0.150
2 0.191 0.184 0172 0.136 0.063 2 0.101 0.117 0.157 0.179 0.137
3 0.220 0.201 0170 0.105 0.045 3 0.097 0.136 0.209 0.167 0.032
4 0.233 0.197 0.139 0.086 0.050 4 0.119 0.174 0.193 0.066 0.053
5 0.231 0,166 o121 0.094 0.089 5 0.178 0.191 0.093 0.083 0.067
NONRES_GR [ 0.224 0.192 0.159 0.120 0.081 NONRES_GR 0 0.088 0.111 0.108 0.101 0.063
1 0.228 0.188 0153 0.123 0.072 1 0.089 0.094 0124 0.097 0.062
2 0.227 0.186 0.156 0.114 0.048 2 0.074 0.107 0.125 0.094 0.060
3 0.226 0.188 0.148 0.090 0.073 3 0.086 0,107 0.129 0.093 0.047
4 0.225 0.178 0.121 0.116 0.066 4 0.089 0114 0.128 0.084 0.059
5 0217 0.160 0.153 0.114 0.061 5 0.100 0.115 0.118 0.088 0.061
SV_EX_GR 0 0.238 0.203 0178 0.128 0.082 SV_EX_GR 0 0.071 0.101 0.153 0.105 0.066
1 0.235 0.202 0.162 0.126 0.085 1 0.077 0.128 0.128 0.099 0.050
2 0.250 0.193 0.162 0.126 0.072 2 0.107 0.111 0.128 0.085 0.087
3 0.234 0.193 o.161 0.118 0.079 3 0.090 0.115 0.124 0.099 0.064
4 0.229 0.192 0.155 0.126 0.086 4 0.094 0.096 0133 0.096 0.072
5 0.226 0.184 0.160 0.128 0.083 5 0.080 0.119 0.128 0.101 0.068
TOT_GR 0 0.233 0.203 0.170 0.151 0.108 TOT_GR [} 0.094 0.115 0.130 0.133 0.064
1 0.222 0.194 0.174 0.138 0.138 1 0.092 0.111 0.148 0.099 0.068
2 0.227 0.200 0.169 0.169 0.080 2 0.081 0.128 0126 0.100 0.073
3 0.234 0.199 0.199 0.125 0.082 3 0.105 0.106 0.133 0.104 0.071
4 0.233 0.230 0.161 0.129 0.080 4 0.090 0.116 0.140 0.102 0.063
5 0.237 0.190 0.162 0.123 0.084 5 0.102 0.126 0.133 0.095 0.063
GOLD_GR [ 0.240 0.197 0.166 0111 0.088 GOLD_GR o 0.086 0.101 0.113 0.109 0.074
1 0.241 0.200 0152 0.124 0.132 1 0.084 0.101 0.136 0.110 0.057
2 0.242 0.180 0.158 0.166 0.166 2 0.077 0.119 0.139 0.079 0.051
3 0.227 0.187 0.185 0.184 0.167 3 0.104 0.125 0122 0.082 0.071
4 0.227 0.206 0.200 0.188 0.183 4 0.128 0.115 0.119 0.099 0.105
5 0.228 0.216 0.205 0.195 0.144 5 0.102 0.110 0.128 0.123 0.126
US_SPR 0 0.239 0.200 0.170 0.132 0.094 US_SPR 0 0.044 0.089 0.109 0.087 0.047
1 0.237 0.203 0.174 0.135 0.084 1 0.065 0.097 0.116 0.056 0.068
2 0.249 0.212 0.167 0.121 0.077 2 0.092 0.102 0.119 0.105 0.072
3 0.248 0.204 0.152 0.114 0.069 3 0.091 0.107 0.152 0.125 0.063
4 0.236 0.184 0.145 0.102 0,043 4 0.088 0.138 0.163 0.106 0.064
5 0.218 0.175 0.129 0070  -0.006 5 0.114 0.149 0.142 0.096 0.073
US_LG R L] 0.239 0.200 0.170 0.132 0.094 US_LG_R o 0.044 0.089 0.109 0.087 0.047
1 0.232 0.204 0.142 0.125 0.087 1 0.069 0.087 0.108 0.090 0.050
2 0.233 0.178 0.145 0.131 0.082 2 0.077 0.082 0.115 0.093 0.002
3 0.219 0.181 0.165 0.140 0.077 3 0.068 0.092 0.126 0.056 0.017
4 0.214 0.194 0170 0.121 0.098 -4 0.073 0.098 0.088 0.054 0.038
5 0.221 0.193 0.143 0.120 0.100 5 0.082 0.068 0.085 0.058 0.024
US_STK_GR 0 0.218 0.188 0.162 0.101 0.069 US_STK_GR 0 0.092 0.110 0.113 0.030 0.059
1 0.226 0.197 G132 0.110 0.067 1 0.086 0.107 0421 0.093 0.058
2 0.233 0.162 0.145 0.118 0.088 2 0.083 0.106 0.419 0.092 0.061
3 0.196 0.174 0156 0.128 0.079 3 0.082 0.101 0.116 0.086 0.076
4 0.209 0.191 0.168 0.126 0.081 4 0.080 0.107 0127 0.114 0.068
s 0225 0.198 0.161 0.124 0.073 5 0.093 0.110 0.148 0.008 0.048
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Table A.9: Re-Sampling pseudo R?: LHS is R1, RHS are Constant and the Variable

as Stated
_ : h = Quarters Ahead
Dep Var =R1 — 2 3 4 5 6 7 8
SPREAD 0.074 0.139 0.151 0.097 0.060 -0.028 -0.028 -0.009
SH R 0.064 0.126 0.133 0.074 0.035 0.020 -0.003 -0.025
LG_R 0.070 0.072 0.041 -0.010 -0.012 -0.024 -0.041 -0.050
D_SH_R -0.104 -0.062 -0.074 -0.108 -0.110 -0.136 -0.163 -0.138
D _LG_R -0.106 -0.128 -0.133 -0.130 -0.112 -0.094 -0.093 -0.098
M3_GR -0.009 0.028 0.104 0.175 -0.052 -0.054 -0.001 0.013
CUR_GR 0.018 -0.004 -0.047 -0.045 0.002 0.043 0.098 0.162
R_M3_GR - -0.024 -0.047 -0.044 -0.019 -0.035 -0.118 -0.132 -0.067
R_CUR_GR 0.006 0.053 0.026 0.001 -0.021 -0.020 -0.017 -0.013
STOCK_GR 0.030 0.022 0.019 0.004 -0.007 -0.014 -0.004 -0.019
EXCH_GR -0.016 -0.019 -0.003 -0.007 -0.008 -0.012 0.003 -0.003
INF 0.149 0.232 0.165 0.139 0.109 0.111 0.123 0.078
RTT_GR 0.038 0.030 -0.031 -0.028 -0.020 0.000 -0.008 -0.008
DWELL_GR 0.086 0.075 0.028 -0.013 -0.035 -0.030 -0.017 -0.014
NONRES_GR -0.008 -0.009 -0.013 -0.015 -0.010 -0.014 -0.013 -0.009
SV_EX_GR -0.015 -0.013 -0.017 -0.005 0.004 0.017 -0.016 -0.016
TOT_GR 0.033 0.018 -0.002 -0.012 0.006 -0.016 -0.003 -0.064
GOLD GR -0.017 -0.035 -0.021 0.009 -0.034 -0.030 -0.034 -0.073
US_SPR -0.033 -0.021 0.043 0.097 0.090 0.120 0.125 0.100
US_SH R 0.012 0.044 0.064 -0.039 -3.607 0.035 0.039 0.017
US_LG R -0.009 0.023 0.024 0.007 -0.016 -0.034 -0.064 -0.089

US_STK_GR -0.021 -0.0156  -0.023 -0029 -0.032 -0.030  -0.060 _ -0.056

Table A.10: Re-Sampling pseudo R?: LHS is R2, RHS are Constant and the Variable

as Stated
" h = Quarters Ahead

Dep Var =R2 — 2 3 2 5 3 7 )

SPREAD 0.038  0.062 00860  0.052  0.088  0.067 -0.014  -0.057
SH_R 0413 0133  0.120 0094 0.087 0070 0.030  0.003
LG_R 0.084 0079 0070 0052 0.033 0.024 0016  0.013
D_SH R 0.020 0.032 0014 -0027 -0.041 -0.054 -0.069 -0.060
D_LG_R 0.000 -0.005 -0.020 -0.048 -0.087 -0.089 -0.061 -0.034
M3_GR 0.002 0016 0034 0.066 -0.007 0.006 0031  0.032
CUR_GR 0.004 0013 0022 0.014 0030 0034 0.086  0.108
R_M3_GR -0.004 -0.007 -0.045 -0.025 -0.035 -0.055 0.000 0.004
R_CUR_GR 0.025 -0.003 -0.004 -0.030 -0.039 -0.031 0003 0.014
STOCK_GR -0.021 -0.010 -0.002 -0.068 -0.023 -0.007 -0.012 -0.023
EXCH_GR -0.016 -0.012 0015 0012 -0.009 -0.002 -0.010 -0.009
INF 0.104 0.118 0.116 0.064 0.002 -0.016 -0.021 -0.015
RTT_GR 0.046  0.063 -0.028 -0.018 -0.015 _ 0.015 -0.003 _ 0.004
DWELL_GR 0.008 0.014 0.030 0.015 -0.012 -0.016 0.007 0.040
NONRES_GR  -0.018 -0.017 -0.011 -0.004 -0.003 -0.009 -0.012 -0.008
SV_EX_GR -0.016 -0.012 -0.036 -0.013 -0.015 0.006 -0.015 -0.018
TOT_GR 0.028 0015 -0032 -0.022 -0.014 -0.001 0005 -0.067
GOLD GR - -0.007 -0.019 -0.022 -0.041 0.004 -0.048 -0.048 -0.008
US_SPR 0.021 -0026 -0.022 -0.009  0.017  0.037  0.028  -0.004
US_SH_R 0.020 0026 0041 0.065 0.078 0.086 0058  0.032
US_LG R 0.020 0037 0.051 0063 0.063 0.061 0045  0.032

US_STK GR 0.028  -0.009 0.026 0009 -0018 -0.016 -0.014  -0.058
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Table A.11: Re-Sampling pseudo R%: RHS are Constant, INF, and the Variable as

Stated
Dep Var = Rt lag h = Quarters Ahead Dep Var = R2 lag h = Quarters Ahead
1 2 3 1 2 3
SPREAD 0 0.154 0.282 0.228 SPREAD 0 0.110 0.137 0.141
1 0.191 0.294 0.122 1 0.111 0.111 0.115
2 0.197 0.237 0.092 2 0.100 0.097 0.149
3 0.131 0.146 -0.050 3 0.101 0.144 0.130
4 0.117 -0.107 0.053 4 0.171 0.154 0.075
5 0.005 0.104 0.123 5 0.157 0.079 0.051
SH R 0 0.122 - 0.272 0.191 SH_R 0 0.164 0.178 0.172
1 0.180 0.274 -0.196 1 0.177 0.153 0.142
2 0.169 0.191 -0.017 2 0.166 0.139 0.150
3 0.123 0.200 0.076 3 0.155 0.157 0.145
4 0.113 0.200 0.107 4 0.175 0.164 0.120
5 0.134 0.197 0.119 5 0.171 0.129 0.105
LG_R [} 0.161 0.252 0.133 LG_R o 0.153 0.144 0.139
1 0.152 0.194 0.029 1 0.149 0.141 0.123
2 0.094 0.135 0.088 2 0.147 0.129 0.113
3 0.086 0.178 0.115 3 0.140 0.123 0.115
4 0.110 0.168 0.104 4 0.128 0.122 0.113
5 0.105 0.152 0.098 5 0.128 0.121 0.122
D_SH_R 0 -0.054 0.140 0.066 D_SH_R [} 0.118 0.127 0.117
1 0.060 0.149 -0.039 1 0.127 0.107 0.074
2 0.046 0.123 0.027 2 0.124 0.086 0.074
3 0.024 0.126 0.007 3 0.083 0.072 0.060
4 0.043 0.122 0.008 4 0.078 0.071 0.050
5 0.054 0.120 0.058 5 0.069 0.058 0.066
D_LG_R [} 0.048 0.095 0.005 D_LG_R [ 0.110 0.109 0.092
1 -0.005 0.091 -0.021 1 0.109 0.097 0.048
2 0.011 0.115 0.049 2 0.103 0.068 0.000
3 0.039 0.149 0.083 3 0.066 0.000 -0.009
4 0.058 0.155 0.067 4 0.004 -0.011 0.021
5 0.089 0.162 0.076 5 0.011 0.037 0.074
M3_GR 0 0.121 0.208 0.191 M3_GR [ 0.089 0.110 0.109
1 0.126 0.238 0.221 1 0.091 0.106 0.114
2 0.166 0.299 0.095 2 0.103 0.132 0.079
3 0.193 0.147 0.056 3 0.112 0.046 0.058
4 0.077 0.121 0.113 4 0.068 0.075 0.114
5 0.019 0.165 0.125 5 0.067 0.100 0.114
CUR_GR [ 0.121 0.188 0.095 CUR_GR [ 0.084 0.084 0.083
1 0.107 0.179 0.118 1 0.061 0.087 0.082
2 0.074 0.165 0.103 2 0.066 0.088 0.085
3 0.089 0.166 0.124 3 0.068 0.092 0.090
4 0.097 0.188 0.154 4 0.081 0.096 0.112
5 0.110 0.207 0.189 5 0.090 0.110 0.123
R_M3_GR [} 0.121 0.208 0.191 R_M3_GR ] 0.089 0.110 0.103
1 0.127 0.195 0.154 1 0.102 0.094 0.099
2 0.128 0.248 0.155 2 0.079 0.113 0.103
3 0.145 0.222 0.073 3 0.095 0.089 0.069
4 0.141 0.186 0.060 4 0.097 0.100 0.151
5 0.070 0.140 0.104 5 0.054 0.114 0.118
R_CUR_GR [] 0.121 0.188 0.095 R_CUR_GR o 0.084 0.084 0.083
1 0.156 0.246 0.161 1 0.105 0.109 0.084
2 0.140 0.192 0.124 2 0.085 0.072 0.072
3 0.136 0.188 0.132 3 0.067 0.065 0.076
4 0.113 0.184 0.139 4 0.058 0.081 0.130
5 0.137 0.214 0.126 5 0.063 0.105 0.117
STOCK_GR 0 0.160 0.260 0.180 STOCK_GR 0 0.081 0.106 0.117
1 0.154 0.233 0.164 1 0.084 0.1 0.066
2 0.167 0.232 0.146 2 0.1068 0.053 0.098
3 0.148 0.190 0.113 3 0.051 0.101 0.100
4 0.129 0.193 0.161 4 0.086 0.105 0.103
5 0.119 0.222 0.128 5 0.097 0.104 0.090
EXCH_GR [} 0.143 0.220 0.168 EXCH_GR [} 0.090 0.083 0.093
1 0.118 0.198 0.145 1 0.077 0.088 0.105
2 0.124 0.205 0.155 2 0.080 0.115 0.097
3 0.124 0.208 0.125 3 0115  0.088 0.101
4 0.123 0.204 0.148 4 0.115 0.114 0.104
5 0.097 0.204 0.148 5 0.096 0.098 0.099
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Table A.11 (Continued)

h = Quarters Ahead

h = Quarters Ahead

Dep Var=R1 lag 3 2 3 Dep Var = R2 lag 3 2 3

RTT_GR 0 0111 0.192 0.153 RTT_GR 0 0.069 0.111 0.101
1 0.180 0.148 0.134 1 0.158 0.019 0.047

2 0.1 0.190 0.134 2 0.073 0.094 0.114

3 0.126 0.209 0.157 3 0.075 0.102 0.120

4 0.109 0.207 0.145 4 0.088 0.123 0.107

5 0.122 0.203 0.137 5 0.097 0.101 0.107

DWELL_GR 0 0.138 0.19%6 0.147 DWELL_GR 0 0.080 0.105 0.111
1 0.165 0.217 0.109 1 0.099 0.121 0.109

2 0.157 0.172 0.080 2 0.119 0.117 0.092

3 0.126 0.165 0.124 3 0.119 0.097 0.090

4 0.080 0.127 0.126 4 0.085 0.096 0.116

5 0.068 0.181 0.172 5 0.065 0.123 0.168

NONRES_GR 0 0.131 0.203 0.134 NONRES_GR [] 0.079 0.096 0.103
1 0.151 0.203 0.129 1 0.090 0.104 0.105

2 0.146 0.22 0.145 2 0.101 0.107 0.105

3 0.088 0.207 0.148 3 0.107 0.118 0.105

4 0.125 0.209 0.145 4 0.098 0.090 0.101

5 0.126 0.204 0.139 H 0.092 0.101 0.106

SV_EX_GR ] 0.138 0.217 0.148 SV_EX_GR 0 0.089 0.103 0.075
1 0.140 0.218 0.152 1 0.089 0.079 0.104

2 0.131 0.217 0.154 2 0.076 0.109 0.096

3. 0.134 0.223 0.164 3 0.097 0.097 0.118

4 0.128 0.221 0.128 4 0.081 0.105 0.097

5 0.151 0.212 0.143 5 0.127 0.106 0.101

TOT_GR 0 0.155 0.227 0.157 TOT_GR 0 0.098 0.113 0.083
1 0.162 0.223 0.155 1 0.106 0.091 0.102

2 0.148 0.216 0.164 2 0.091 0.105 0.101

3 0.133 0.234 0.145 3 0.095 0.102 0.112

4 0.139 0.218 0.168 4 0.093 0.112 0.127

5 0.119 0.209 0.093 5 0.100 0.109 0.044

GOLD_GR 0 0.148 0.229 0.196 GOLD_GR [} 0.091 0.098 0.086
1 0.138 0.258 0.217 1 0.081 0.091 0.030

2 0.175 0.292 0.186 2 0.081 0.094 0.134

3 0.172 0.240 0.166 3 0.081 0.128 0.097

4 0.143 0222 0131 . 0.A12 0004 0.000

5 0.159 0.196 0.095 5 0.100 0.118 0.132

US_SPR [] 0.128 0.198 0.179 US_SPR ] 0.085 0.099 0.096
1 0.116 0.232 0.222 1 0.088 0.098 0.100

2 0.138 0.245 0.177 2 0.087 0.094 0.103

3 0.194 0.241 0.206 3 0.085 0.104 0.113

4 0.188 0.248 0.212 4 0.030 0.111 0.103

5 0.184 0.242 0.185 5 0.086 0.094 0.091

US_SH_R 0 0.101 = 0.198 0.144 US_SH_R 0 0.101 0.105 0.122
1 0.106 0199  -0.387 1 0.104 0.114 0.138

2 0.102  -0.131 -0.450 2 0.102 0.121 0.135

3 -1545  -4.690 0.111 3 0.121 0.132 0.140

4 ~3.268 0.099 0.129 4 0.131 0.131 0.118

5 0069 -0.193 0.110 5 0.123 0.097 0.099

US_LG_R 0 0.098 0.201 0.148 US_LG_R 0 0.102 0.122 0.133
1 0.118 0.191 0.129 1 0.113 0.129 0.142

2 0.113 0.166 0.108 2 0.116 0.134 0.140

3 0.097 0.146 0.096 3 0.130 0.138 0.142

4 0.073 0.130 0.062 4 0.133 0.135 0.128

5 0.060 0.078 0.028 5 0.130 0.1417 0.114

US_STK_GR ] 0.107 0.199 0.146 US_STK_GR [ 0.101 0.071 0.116
1 0.118 0.207 0.144 1 0.083 0.121 0.102

2 0.132 0.204 0.140 - 2 0.113 0.095 0.088

3 0.114 0.212 0.160 3 0.081 0,090 0.125

4 0.126 0.207 0.120 4 0.092 0.102 0.102

5 0.148 0.179 0.124 5 0.119 0.123 0.079
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Table A.12: Re-Sampling pseudo R2: LHS is R1, RHS are Constant, US_SPR, and

the Variable as Stated

h=Q Ahead
Dep Var = Rt lag r 3 3 7 3
SPREAD 0 0.045 0.023 -0.043 0.005 0.026
1 -0.001 -0.155 0.022 0.072 0.079
2 -3.030 -0.029 0.083 0.113 0.071
3 -0.120 0.063 0.127 0.105 0.063
4 0.041 0.107 0.122 0.104 0.063
5 0113 0.114 0.125 0.114 0.076
SH_R [ -0.371 0.006 0.121 0.114 0.069
1 -2.386 0.058 0.118 0.108 0.076
2 -9.238 0.058 0.111 0.112 0.075
3 -37.72¢ 0.058 0.117 0.112 0.072
4 0.125 0.059 0.114 0.109 0.073
5 -0.198 -0.003 0.104 0.112 0.091
LG_R L] ~22520 -0.017 0.113 0.113 0.077
1 -20.984 0.000 0.105 0.110 0.073
2 -4529  -0.039 0.091 0.099 0.067
3 -28.610 -0.097 0.070 0.093 0.065
4 -46.871 -1.224 0.063 0.089 0.059
5 -1.919 0276 0.056 0.077 0.051
D_SH_R 0 -0.686 0.001 0.069 0.051 0.028
1 -0.131 -0.044 0.014 0.042 0.069
2 -0.257 0.117 0.002 0.080 0.070
3 -6.109 0.111 0.064 0.100 0.068
4 -0.226 -0.030 0.090 0.097 0.066
5 -0.149 -0.083 0.059 0.072 0.092
D_LG_R 0 -2.492 -0.057 0.087 0.089 0.049
1 -3.972 -0.028 0.065 0.068 0.044
2 -0.545 -0.072 0.031 0.053 0.042
3 -17.821 -0.135 0.022 0.064 0.051
4 -15.629 -0.205 0.032 0.069 0.002
5 -13.950 -0.185 0,018 -0.016 -0.028
M3_GR L] 0.283 0.083 0.090 0.127 0.099
1 0.088 0.047 0.123 0.126 0.088
2 0.062 0.095 0.121 0.115 0.076
3 0.078 0.084 0.109 0.103 0.072
4 0.047 0.067 0.100 0.100 0.078
5 0.045 0.072 0.096 0.104 0.069
CUR_GR 0 0.056 0.096 0.148 0.202 0.231
1 0.108 0138 0.209 0.254 0.239
2 0.140 0.186 0.239 0.253 0.252
3 0.217 0.261 0271 0.300 0.232
4 0.294 0.237 0.328 0.284 0.171
5 0.297 0.316 0.304 0.212 0.154
R_M3_GR L] 0.089 0.059 -0.006 0.030 0.052
1 0.077 -0.066 0.004 0.070 0.045
2 -0.045 -£0.077 0.060 0.072 0.092
3 -0.098 0.020 0.071 0.126 0.124
4 0.003 0.033 0.130 0.172 0.145
5 0.023 0.101 0.162 0.149 0.095
R_CUR_GR 0 0.066 0.064 0.099 0.107 0.098
1 0.062 0.067 0.103 0.118 0.083
2 0.069 0.079 0.103 0.094 0.084
3 0.080 0.079 0.095 0.114 0.082
4 0.087 0.066 0.113 0.111 0.092
5 0.066 0.082 0.109 0.120 0.090
STOCK_GR 0 0.109 0.059 0.100 0.136 0.093
1 0.082 0.069 0.126 0.112 0.064
2 0.080 0.093 0.091 0.095 0.042
3 0.094 0.048 0.103 0.085 0.072
4 0.070 0.071 0.087 0.101 0.053
5 0.077 0.064 0.107 0.080 0.031
EXCH_GR 0 0.084 0.078 0.110 0.138 0.111
1 0.089 0.080 0.109 0.120 0.108
2 0.087 0.055 0.098 0.114 0.108
3 0.088 0.077 0.112 0.128 0.092
4 0.091 0.089 0.125 0.115 0.079
5 0.094 0.095 0.105 0.097 0.110
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Table A.12 (Continued)

h = Quarters Ahead

Dep Var=R1 lag r 3 s 7 3
INF 0 0.211 0.475  0.196 0.201 0.132
1 0.191 0.190 0.218 0.174 0.149
2 0.209 0.209 0.194 0.203 0.167
3 0.200 0.150  0.203 0.201 0.148
4 0.144 0.172 0.209 0.186°  0.154
5 0.211 0177 0.184  0.182 0.125
RTT_GR 0 0.063  0.069 0.126 0.117  0.093
1 0.070 0.088 0.111 0.116 0.094
2 0.088  0.081 0111 0.117 0.088
3 0.090 0.084 0.113 0.115 0.083
4 0.088 0.083  0.11 0.108 0.087
5 0.089 0.085  0.105 0.111 0.074
DWELL_GR 0 0.081 0.074 0.118 0.133 0.118
1 0075 0074  0.097 0.082 0.060
2 0.068 0.063  0.073 0.058  0.026
3 0.071 0.065 0.057 0.052 0.018
4 0.068  0.014 0.048 0.041 0.043
5 0.024 0.013  0.046 0.077 0.0868
NONRES_GR [} 0.075 0.073  0.102 0.1 0.090
1 0.077 0.073 0.108 0.114 0.082
2 0.082 0.078 0.111 0.109 0.061
3 0.088 0.082 0.105 0.085 0.082
4 0.092  0.079 0.088 0.107 0.090
5 0.087  0.068 0.107 0.115  0.086
SV_EX_GR [} 0.097  0.100 0.144 0.116 0.088
1 0.106  0.118 0.101 0.108  0.083
2 0.422  0.052 0.100 0.107  0.092
3 0060  0.069  0.095 0.110  0.093
4 0.061 0.051 0.102 0115 0.128
5 0.073 0073  0.114 0.159 0.089
TOT_GR (] 0.093 0.083  0.089 0.100 0.035
1 0.093 0.068 0.093 0.056 0.000
2 0.086  0.078 0.058 0.025  -0.012
3 0.091 0.029 0.016 0.030  -0.008
4 0055 0003  0.045 0.043 0053
5 0.004 0.029  0.060 0.0%0 0.084
GOLD_GR 0 0145  0.100 0.116 0109  0.042
1 0.140 0.113 0.112 0.070  0.071
2 0.420  0.070  0.058 0.0%4  0.106
3 0.104  0.035 0.083 0.115 0.134
4 0.041 0.048 0.100 0.146 0.160
5 0.051 0.051 0.129 0.167 0.144
US_SH_R 0 -0.241  -3677  -0.017 0011 0014
1 9123 0022  0.031 0.041 0.027
2 -8.875 0.053 0.072 0.079 0.051
3 -0.013 0.052 0.077 0.080 0.053
4 -0.008 0040  0.078 0.083 0.035
H -0.040  0.033 0.084 0.063  -0.003
US_LG_R [} -0241 3570 -0.017 0011 -0.014
1 -0.056  -0.143  -0.003 0.017 0.003
2 -0.034 -0.072 0.008 0.032 0.018
3 -0.041 0.077 0.006 0.038 0.032
4 -0.063  -0.108 0.020 0.057 0.033
5 -0.388  -0.137 0.041 0.057 0.026
US_STK_GR [} 0.082 0.071 0.100 0.087  0.066
1 0.080 0.072 0.077 0.088 0.105
2 0.078  0.047 0.080 0.128 0.103
3 0039 0040  0.122 0.125  0.082
4 0.054  0.100  0.126 0.109  0.073
5 0.109  0.103 0413 0102  0.059
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Table A.13: Re-Sampling pseudo R%: LHS is R2, RHS are Constant, US_SH_R, and

the Variable as Stated

h=Q Ahead
Dep Var= R2 lag ry 5 3 7 3
SPREAD ] 0.090 0.143 0.1 0020  -0.025
1 0.140 0.134 0.054 0.011 -0.002
2 0.130 0.065 0040  -0.003 0.020
3 0.056 0039 -0.078 0.035 0.034
4 0.019 0.004 -0.083 0.052 0.032
5 -0.014 0.039 -0.059 0.050 0.011
SH_R 0 0.075 0.068 0.039 0.006 -0.014
1 0.085 0.070 0.018 0.022 0.013
2 0.081 0.040 0.043 0.031 0.025
3 0.051 0049  -0.038 0.053 0.031
4 0.044 0.019 0.022 0.059 0.032
5 0.015 0.056 0.023 0.061 0.030
LG_R [ 0.051 0.044 0.041 -0.004 0.006
1 0.044 0.039 0.020 0.025 0.025
2 0.042 0.033 0.048 0.040 0.027
3 0.039 0.054 0.048 0.029 0.032
4 0.050 0052  -0.097 0.053 0.037
5 0.022 0.053  -0.184 0.035 0.040
D_SH_R L] 0.075 0.068 0.039 0008  -0.014
1 0.066 0.062 0.029 0.023 0.015
2 0.048 0.029 0050  -0.002 0.023
3 0.019 0.047  -0.047 0.028 0.030
4 0.024 0049  -0.043 0.002 0.036
5 0.021 0.060  -0.088 0.006 0.054
D_LG_R 0 0.047 0004 -0.017 -0018  -0.012
1 -0.003  -0.006 0.008 0.026 0.012
2 -0.016 0.002 0.051 -0.033 0.014
3 -0.007 0.040 0.123 0.006 0.017
4 0.023 0.049 0.004 0.006 0.032
5 0.022 0.050 0.012 0.027 0.036
M3_GR o 0.116 0.088 0.112 0121 0.092
1 0.070 0.115 0.149 0.127 0.076
2 0.088 0.135 0.148 0.078 0.032
3 0.114 0.144 0.044 0.046 0.020
4 0.122 0.101 0.031 0050  -0.020
5 0.077 0.044 0.009 -2210  -0.085
CUR_GR o 0.045 0.067 0.077 0111 0.119
1 0.059 0.072 0.138 0.146 0.134
2 0.064 0.129 0.166 0.128 0.162
3 0.128 0.176 0.092 0.125 0.091
4 0.162 0.179 0.123 0.104 0.048
5 0.158 0.183 0.064 0.064 0.050
R_M3_GR 0 0.050 0.077 -0.053 0.116 0.083
1 0.053 0.005 0.146 0.130 0.034
2 0.031 0.122 0.145 0.040 0.029
3 0.101 0.141 0.031 0.049 0.050
4 0.122 0.070 0.045 0.073 0.058
5 0.041 0.042 0.2t 0048  -0.044
R_CUR_GR 0 0.031 0.040 0.060 0.075 0.065
1 0.029 0.049 0.107 . 0.108 0.031
2 0.032 0.091 0.124 0.026 0.052
3 0.081 0127  -0.007 0.058 0.018
4 0.113 0059  -0.058 0.036 0.044
5 0.024 0.088 -0.016 0.062 0.039
STOCK_GR o 0.020 0.066 0.066 0.024 -0.018
1 0.052 0.063 0.055 0.024 0.027
2 0.057 0.056 0.057 0.008 0.043
3 0.047 0.050 0.018 0.061 -0.010
4 0.039 0.063 0.030 0.003 0.031
5 0035 -0004 -0.00% 0.053 0.075
EXCH_GR 0 0.051 0.047 0.075 0.048 0.027
1 0.045 0.066 0.074 0.065 0.099
2 0.056 0.062 0.085 0.063 0.118
3 0.050 0.074 0.102 0.127 0.055
4 0.056 0.139 0122 . 0079 0.034
5 0.096 0.091 0.029 0.049 0.034
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Table A.138 (Continued)

h = Quarters Ahead

Dep Var = R2 lag r 3 3 7 3
INF 0 0.097 0.058 0.047 0.017 0.011
1 0.048 0.040 0.040 0.037 0.054
2 0.032 0.032 0.054 -0.025 0.073
3 0.026 0056  -0.140 0.077 0.081
4 0.042 0.090 0.033 0.083 0.142
5 0.057 0.085 0.037 0.143 0.111
RTT_GR 0 0.038 0.064 0.123 0.068 0.034
1 0.045 0.102 0.090 0.019 0.022
2 0.084 0.078 0.016 0.015 0.031
3 0.067 0.080 -0.010 0.045 0.041
4 0.079 0.040 0.013 0.032 0.019
5 0.017 0.044  .0.002 0.037 0.090
DWELL_GR 0 0.073 0.061 0.044 0.066 0.072
1 0.057 0.053 0.0%1 0.118 0.148
2 0.042 0.075 0.135 0172 0.075
3 0.064 0.128 0.155 0.065  -0.051
4 0.104 0.176 0.025 -0.043 -0.002
5 0.170 0.039  -0.147 0.014 0.049
NONRES_GR L] 0.057 0.070 0.062 0.037 0.015
1 0059 - 0.061 0.070 0.052 0.029
2 0.048 0.063 0.080 0.014 0.035
3 0.052 0.074  -0.078 0.016 0.035
4 0.058 0.055  -0.142 0.042 0.047
5 0.024 0.059 0.010 0.066 0.049
SV_EX_GR L] 0.048 0.063 0.107 0.045 0.018
1 0.046 0.085 0.071 0.052 0.008
2 0.075 0.061 0.068 0.011 0.003
3 0.049 0.071 0.001 -0.128 0.023
4 0.047 0.044  -0.032 0.030  -0.001
5 0.013 0.041 0.002 0.002 0.046
TOT_GR L] 0.039 0.061 0.089 0.055  -0.102
1 0.042 0.078 0.080 0.063  -0.072
2 0.064 0.086  -0.001 -0.063 0.027
3 0.079 0013 -0.063 0.035 0.036
4 0.011 0.019 -2816 -0.003 0.028
5 -0.021 0050  -1.048 0.035 0.040
GOLD_GR 0 0.023 0.045 0.045 0.018 0.011
. 1 0.044 0.048 0.053 0.033 0.016
2 0.039 0.052 0.039 0.024 0.021
3 0.045 0.072  -0.022 -0.010 0.047
4 0.077 0.056  -0.026 0.047 0.081
5 0.033 0.004  -0.002 0.080 0.097
US_SPR 0 0.037 0.041 0.024 -0.037 -0.012
1 0.038 0.031 0.017 0.019 0.037
2 0.042 0.034 0.058 0.052 0.056
3 0.034 0063  -0.168 0.096 0.042
4 0.042 0.081 0.058 0.084 0.035
5 0.049 0.116 0.073 0.066 0.046
US_LG_R 0 0.037 0.041 0.024- -0.037 -0.012
1 0.034 0.046 0.044 0.007 ©  0.007
2 0.039 0.047 0.061 -0.046 0.016
3 0.033 0.058 -0.044 -0.216 0.029
4 0.037 0.043 0209 -0.077 0.040
5 0.015 0.056  -0.138 -3.256 0.037
US_STK_GR 0 0.056 0.055 0.076 0.055  -0.012
’ 1 0.040 0.071 0.087 0.019 0.021
2 0.055 0.072 0.055 0.038 0.052
3 0.061 0.047 -0.727 0.067 0.054
4 0.028 0.048 0.066 0.079 0.088
5 0.038 0.089 0.057 0.100 0.055




Chapter 3

Forecasting with Bayesian VARs:

Does Larger Mean Better?
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Conceptually, the impressive forecasting performance of the Bayesian VARs may
be further improved by expanding the number of variables into the models. This
chapter compares the forecasting performance of a large Bayesian VAR with 131
variables to much smaller models. Since the performance of a Bayesién regression
can be affected by a hyperparameter governing the overall tightness of the prior
distribution, we perform our investigation with careful consideration to this effect.
Our results support the idea that larger ‘Bayesian VARs perform better than smaller
ones. However, when the hyperpararr;eter of the prior of a smaller model is carefully
chosen, the improvement in performances of larger models is not as impreésive as
previously thought. Even a 3-variable model with appropriately chosen shrinkage

parameter will produce much better forecasts than those reported in the literature.

' 3.1 Introduction

In forecasting macroeconomic variables, there is an excellent record of the
Bayesian VARs in the literature. For example, Robertson and Tallman (1999)
réport that various Bayesian VAR specifications outperform unrestricted VARs,
while Litterman (1986) shows that a Bayesian VAR outperforms an ARIMA,
a univariate AR, and the best known commercial forecasting services in out-

of-sample forecasting.

According to Litterman (1986), there are at least two advantages of the Bayesian
| VARs over other nonstructural econometric models. First, since there are
many relationships among macroeconomic variables not fully understood by
economists, Bayesian VARs, which allow some uncertainty over the true struc-.
ture of the economy, perform better in forecasting than other models that are
fully based on just a single economic structure. Second, under the situation of
a limited amount of observations, Bayesian VARs allow the incorporation of

more information into account. A larger amount of parameters can be fitted
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into the model through assigning appropriate weight to the prior information.

With these advantages, one may argue that larger Bayesian VARs can outper-
form smaller models in forecasting. Since the exact structure of the economy
is not known and the problem about the degrees of freedom is ameliorated,

larger Bayesian VARs seem to have an advantage over smaller ones.

Recent forecasting literature is also supportive for the practice of incorporat-
ing a large number of variables into the models. Many methods are proposed
or extended to allow this practice. These include, for example, the dynamic
factor models of Stock and Watson (2002a) and Forni et al. (2000), and the
factor-augmented VAR of Bernanke et al. (2005). There is a lot of evidence
to show this practice improves the fdrecasting performances of the models.
See, for example, Berﬂanke and Boivin (2003), Stock and Watson (2002b),
D’Agostino and Giannone (2007), and Forni et al. (2003).

Banbura et al. (2008) (henceforth BGR) demonstrate that Bayesian VARs ad-
mit a large number of endogenous variables. They investigate empirically
whether this practice is desirable. According to the authors, a large Bayesian
VAR with 131 variables performs better than smaller models with 3, 7, and
20 variables in out-of-sample forecasting. The largest rﬁodel élearly outper- -
forms the two smallest ones, but its forecasting performance, however, can be

matched by the model with 20 variables.

The Bayesian VAR estimator, however, depends on a hyperparameter deter-
mining the relative weight given to the prior information, and as a consequence
the out-of-sample forecasting performance of a model is influenced by this hy-
perparameter as well. BGR'’s findings therefore are based on the particular
way that they determine the value of this hyperparameter. We do not find the

BGR’s method the most natural way of setting this value, and there is no rea-



3. Forecasting with Bayesian VARs: Does Larger Mean Better? 74

son to believe that their results will be robust if this parameter value is chosen
in a different way. In section 3.3, we show that if we assign different values to

this hyperparameter, larger VARs of BGR may not outperform smaller ones.

We, then, determine a suitable hyperparameter value for each model, which
makes the most out of each model given our pre-evaluation period. Given a
model and a forecast horizon, we find the hyperparameter value that minimizes
the magnitude of out-of-sample forecast errors in a part of the pre-evaluation
period. After that, we assign this suitable value to that model during our out-
of-sample assessment in an evaluation period. This is shown in section 3.4.
Our result in this section supports BGR’s finding that larger models perform
better in the overall picture. However, the performances of the larger models

are not dramatically different from that of the smallest model.

We realize that the suitable hyperparameter value can vary over time. The
time-varying hyperparameter may affect different models in different magni-
tudes. To make our study more robust, we make two additional experiments.
First, we allow the suitable hyperparameter value of each model to change
every 10 years. For each additional 10 years of observations, we re-calculate a
suitable hyperparameter value for each model. After that, we use this hyper-
parameter value in making forecasts for the next 10 years, until we re-calculate
a new hyperparameter value again. We assess the performances of Bayesian
VARs under this practice. The result of this experiment is shown in section 3.5.
Contrary to our expectation, this practice does not improve the forecasting

performances of any model specifications.

Second, we apply an updating scheme for the hyperparameter value. With ad-
ditional data, we calculéte the effect of a small change in value of the hyperpa-

rameter. If the change signals an improvement in the forecasting performance
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of a model, a new hyperparameter value will be applied to the model in mak-
ing the forecast for the next period. Section 3.6 reports the result from this
experiment. It shows that our updating scheme can just marginally improve

the forecasting performance of each model specification as well.

Apart from these, section 3.2 shows the details of the model and the estimation

method used in this paper, and section 3.7 concludes the paper.
3.2 Estimated Model

We estimate the same Bayesian VARs as BGR. Let Y; = (y1; Y24 - Ym,z)’ be
an m X 1 column vector of m endogenous variables in period t. The VAR has

its reduced form as:

Vo= A1 Yiat A Yotk A Yip+ ¢ + Ui, (3.1)

mx1l mxm mxl mxm mxl mxm mxl mx1l mxl

where ¢ = (c1,-.-,cm) is the vector of constants, and U; = (uy ... Um,)’ is the

vector of unknown disturbances. We assume that:

~N(0, V),

mxl mx1’ mxm

where the time-invariant matrix ¥ is a positive definite matrix.

Let X; = (Y/_1,..-,Y{_,,1)" be a column vector containing p lags of Y; and a
constant 1. With observations ¢ = 1,...,T, we can rearrange the VAR from

(3.1) into:

Y =X B+ U,  (32)

Txm Txk kxm  Txm

where Y = (Y3, ..., Y7)’ is the matrix of dependent variables, X = (X3, ..., Xr)"
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is the matrix of independent variables, B = (Ajy, ..., Ap,c)’ is the matrix of
unknown coefficients, U = (Uj,...,Ur)’ is the matrix of disturbances, and
k = mp-+1 is the total number of independent variables. Let u be the column
vector obtained by stacking the columns of the disturbance matrix U from

(3.2). The above assumption on U, is equivalent to:

u ~N(O0 , ¥ ® I),
Tmx1 Tmx1l mxm TxT

where ® represents the Kronecker product, and I is an identity matrix.

With the seemingly-unrelated-regressions (SUR) structure, the efficient esti-

mator for B is the same as an unrestricted OLS estimator, which is:
B =(X'X)"Y(X'Y). _ (3.3)

A major problem with this estimator is that when the model becomes larger,
through increasing the number of endogenous variables m or the number of lags
p, while the number of observations T is still finite, the estimator becomes more

unreliable or even uncomputable. Bayesian VARs help avoid this problem.

According to the Bayesian VAR approach, the coefficients in the model are
treated as random variables, with given means and variances. The prior in-
formation about these means and variances is imposed, and we update this
information with the saxhple observations, using Bayes’ law. The end result
is the posterior distribution of the coefficients with estimated means and vari-
ances. With suitable adjustment on a parameter of the model, there is no
requirement on the total number of observations. This is because these obser-

vations are only used to update the prior distribution.

The main issue of implementing Bayesian VARs is about the specification of
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prior distribution. Litterman (1986) suggests imposing a form of prior distri-
butions, generally referred to as Minnesota prior. The prior puts the means
of the coeficients at the point that makes Y; be a vector of univariate random
walks, i.e. the means are at Ay = Inxm and Ag,...,Ap = Opxm. It may or
may not allow for drift. The coefficients are also uncorrelated with each other,

with prior variances given by:

A2 i ]

2 =DM

Va'r[(Al),ij] = 2 2 .

miros, otherwise,
3

where (A;);; is the ij-th element of the I-th lag coefficient matrix A;, A > 0
is the hyperparameter determining the overall tightness of the distribution
around the random walk, o2, i = 1, ...,m, is the variance of disturbance term
of the variable y;; in the VAR, and 7 € (0,1} is another hyperparameter,
reflecting the relative importance of other endogenous variables j % ¢ in ac-
counting for the variation of variable :. The prior on the intercept c is diffuse,

i.e. the variance is very high.

Recall that the variance close to zero means the distribution is very tight
around the mean value. Lowering the value of A toward zerb means tighten-
ing the prior distribution toward the random walk. The term [2 is added to
reflect that the longer lagged variables should have less effects on the current
variation of each variable. That is the coefficients in front of these variables
should be tightened more toward zero. The hyperparameter 7 has the same
function as 12, but for other endogenous variables j # i. It captures the idea
that in explaining the variation of a variable, own lags are more important
than lags of the other variables. At last, the ratio o2/ o? is used to account

for the difference in the units of measurement of different variables ¢ and j.
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For more detailed discussion on the prior variances, see Litterman (1986) or

Robertson and Tallman (1999).

The original versions of Bayesian VARs assume the covariance matrix ¥ to be
diagonal, fixed, and known. This is considered to be very restrictive. The prior
distribution imposed in this model, as recommended by Kadiyala and Karlsson

(1997), is assumed to be a Normal-(Inverted)-Wishart, which has the form:

b|¥ ~N(b, ¥ ® Q) and U~ iW(

v a),
kmx1l mxm kmx1l mxm kxk mxm mxm

(3.4)

where b is the column vector obtained by stacking columns of the matrix B
from (3.2). The degree of freedom of the inverted-Wishart distribution is set

at & = m + 2. This makes the prior mean and variance of the coefficients to

be E(b) = b and Var(b) = ¥ @ Q.

Following Kadiyala and Karlsson (1997) and BGR, the parameters of the dis-
tribution in (3.4), b, €, and ¥, are chosen to match the Minnesota prior. The

parameter b is obtained by stacking columns of the matrix B, given by:
- -
diag(dy, ..., 6m)

where diag (61, ..., 0m) is an m x m diagonal matrix with values 4y, ..., om .along
its main diagonal, d;, i.= 1, ...,m, can be either 0 or 1, and bi,i=1,..,m,1is
a constant or zero. Originally, Litterman sets each §;, i = 1,...,m, equal to 1.
However, following BGR, it is more appropriate to set this value at §; = 0 for -

}
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any mean-reverting variable j.

The parameters ¥ and ) are set to be:

¥ = diag(o?,...,0%),

mxXm

and

~ 1 1 1 1 1 1 1
— 2. 3 —_— —_— - . .
k{}k = A" diag (af’ T02722.0277702.027 " p2.02 " 2. 027 2. e) ’

(3.5)

where ¢ is a very small number. These parameters make the prior variance of
the coeﬁ”icients, ¥ @ (, follow the Minnesota prior, with one exception that
the hyperparameter m must be equal to 1 (See Kadiyala and Karlsson, 1997, or |
Robertson and Tallman, 1999, for more details). In practice, each parameter
o? is set to be the variance of the OLS residual from a univariate autoregressive

model of order p of the variable y; ;.

The posterior ~distribui:ion of this model is also Normal-(Inverted)-Wishart,

given by:

b|¥,Y ~N(b, V¥V ®Q) and V¥ |Y ~iW(V ,T+a),
kxk mxm

kmx1l mxm Txm kmx1 mxm mxm Txm

(3.6)

where = (71 + X’X)~?, b is obtained from stacking columns of the matrix

B, given by:

B=1+X'X)"Y(Q B+ X'Y), (3.7)
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and U is given by:
V=YY -B(Q'+XX)B+BQ'B+ 7. (3.8)

Normally, the posterior mean b is used as the point estimate of the model.

With the OLS estimator in (3.3), the estimator of the posterior mean from

(3.7) can be rewritten as:
B =0+ X'X) Q1B + (X' X)B). (3.9)

The estimator in (3.9) looks similar to a weighted average between the prior
mean B and the OLS estimator B of the model. It is actually a shrinkage
estimator that shrinks the OLS estimate toward the prior mean, which is the
random walk in this case. Since A determines the magnitude of the matrix €2,
setting different values of )\ is equivalent to assigning different relative weights
to the prior information. In one extreme, if A = 0, we give the whole weight

toward the prior information. If A = 400, we give the whole weight toward

the OLS estimator.

Mathematically, the main problem with the OLS estimator (3.3) is the sin-
gularity of the matrix X’X. The posterior mean of the Bayesian VARs as in
(3.9) avoids this problem by summing the diagonal matrix Q! into the ma-
trix X'X. Thi‘s technique produces a feasible and more reliable (less variance)
estimator when the number of parameters is too large relative to the number

of observations.
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3.3 Performances with Different Hyperparameter Values

The main method we use in evaluating the performance of each VAR specifi-
cation is the out-of-sample assessment. We follow BGR'’s practice closely. The
data set is of Stock and Watson (2005), which have 132 monthly macroeco-

nomic indicators starting from January 1959 to December 2003.

Let };;(:-‘h/}\t) = g}?‘ti}llt gf,‘;;ﬁzhlt)' denote the point estimate of the h-steps

ahead forecast obtained from the model p with the hyperparameter value A.

The point estimate of the one-step ahead forecast is computed from:
O (mA) (A
t(fllt) = Xt,+1B(”’ ), ‘ (3.10)

where B is the posterior mean of the coefficients from the model p with
the hyperparameter value A. For the case of p > h > 1 that we consider, we
can recursively construct a matrix of independent variables X () given by:

t+hlt?

A & () & ()
X = (@0 Y Y Y1), (3.11)

using the forecasts At&‘f\—)uv 2 f/'t(fi?t) and the sample observations V3, ..., Yi4h—p.
The point estimate of the h-steps forecast, then, is computed from:

o () N BN
v = t(ffm); BU). (3.12)

The random walk is used as our benchmark model. The estimator can be

obtained by setting A equal to 0, which makes the h-steps ahead forecast from

this model to be the same across all model specifications u. We use ﬁﬁlt to

denote the h-steps ahead forecast from this benchmark model. Most of the
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parameters §; are set to be 1, except for some stationary variables specified by

BGR, of which §; are set to be 0 (See the last column of the Appendix D).

The out-of-sample assessment is conducted for forecast horizons h equal to
1,3,6, and 12. Let io and t; denote the position of January 1971 and December
2003 in the data set. For each forecast horizon h, we compute Y t&‘,ﬁ? in each
period t =ty — h, ...,t; — h (396 times). The order of the VAR is p = 13. The
parameters and posterior mean in each model for each t are computed from
the most recent 10 years of sample observations up to time ¢ (Rolling scheme,

120 observations). We set the small number ¢, the parameter governing prior

variances of the constant terms in the matrix Q in (3.5), to be 1071°.

The forecasting performance is measured in terms of out-of-sample Mean
Squared Forecast Error (MSFE). For the model p, the value ), the forecast

horizon h, and the variable 7, we have:

1 ti—h

Y _ e ) ’
MSFE;"™ = mg:%u (yz,t+h yi,t+h|t) . (3.13)

The resulté are reportéd for MSFE in relative to one of the benchmark model
(Random walk with drift), given by:

A
) _ MSFE%Y

RMSFEY : (3.14)
MSFEY)

A number smaller than 1 for RM SFE,.(;’A) implies that the model p with value

A performs better than the random walk.

The variables of interest ¢ are 1) employment (EMPL), measured by the num-
ber of employees on non-farm payrolls, 2) consumer price index (CPI) repre-

senting the price level, and 3) the Federal Fund Rate (FFR) representing the
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monetary instrument.
Following BGR, there are 4 VAR specifications p which are:

1. SMALL. There are only 3 variables of interest; 1) EMPL, 2) FFR, and
3) CPL

2. CEE. This is the model of Christiano et al. (1999). There are 7 vari-
ables, 3 as in SMALL, and 4) index of sensitive material prices, 5)

non-borrowed reserves, 6) total reserves, and 7) M2 money stock.

3. MEDIUM. There are 20 variables, 7 as in CEFE, and 8) Personal
Income, 9) Real Consumption, 10) Industrial Production, 11) Capacity
Utilization, 12) Unemployment Rate, 13) Housing Starts, 14) Producer
Price Index, 15) Personal Consumption Expenditures Price Deflator, 16)
Average Hourly Earnings, 17) M1 money stock, 18) Standard and Poor’s
Pricé Index, 19) Yields on 10 year U.S. Treasury Bond, and 20) effective

exchange rate.

4. LARGE This speciﬁéation includes all indicators in the data set, except

spot market price index of all commodities (PSCCOM).

We report our first out-of-sample assessment result in Table 3.1, using the
same hyperparameter values as in BGR. That is A\ = oo for p = SMALL,
A = 0.262 for p = CEE, XA = 0.108 for p = MEDfUM, and A = 0.035 for
1= LARGE. This result is qualitatively similar to Table 1 of BGR. It can be

seen clearly that larger models perform better than smaller ones.

BGR assign hyperparameter values to keep the in-sample fit of all models
in the pre-evaluation period to be the same; for the forecast horizon h = 1.
Specifically, let Ty denote the position of December 1969 in the data set. Define

the in-sample 1-step ahead mean squared forecast errors (msfe) for a model
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Table 3.1: BVARs different A\, Out-of-Sample Relative MSFE, 1971 - 2003

SMALL CEE MEDIUM LARGE
EMPL 1.02 0.65 0.54 0.45
h=1| FFR 1.65 0.90 0.79 0.75
CPI 0.81 0.55 - 0.51 0.51
EMPL 0.85 0.63 0.50 0.37
h=3 | FFR 1.57 1.12 0.96 - 0.92
CP1 0.60 0.43 0.40 0.40
. EMPL 0.90 0.79 0.66 0.51
h=6 | FFR 1.84 1.30 1.31 1.24
CPI 0.59 0.44 0.37 0.40
EMPL 0.84 0.96 0.87 0.81
h=12| FFR 2.48 1.49 1.56 1.80
CPI 0.74 0.60 0.44 0.45
A 00 0.262 0.108 0.035

i, a hyperparameter value A, and a variable ¢ as:

To—1
(1,2) = _i__ ~{11,) . 2
msfe; To—p—1 ; (Fsera)e — Yie+1)™
Note that g§f§$},t is the in-sample forecast (Estimated value) for y;;4; within

the period from January 1960 (t = 1) to December 1969 (t = To)-

Next, estimate the unrestricted OLS VAR of the SM ALL model using the

data from January 1960 to December 1969, and figure out the in-sample fit
(F'it), given by:

L 1~ msfeV
Fit = — )

35 msfe; p=SMALL, A=+c0
where T = {EMPL,FFR,CPI} is the set of variables of interest.

At last, for each model p # SMALL, determine from grid search the hy-
perparameter AT that gives the in-sample fit of the model closest to the

in-sample fit of the unrestricted OLS VAR. Specifically, the hyperparameter
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AFit) can be defined as:

AT — argmin | Fit — ! Z lnjf—e% .

A ez msfe;
We see that the way BGR set the hyperparameter values biasses against small
models. First, note that the SMALL Bayesian VAR of BGR is actually the
unrestricted OLS VAR. This 1s because the hyperparameter of the model is set
at A = +o00. The SMALL model does not benefit from shrinkage estimation
at all. Next, observe that larger models will be assigned with lower values of
the hyperparameter . This is a usual result as a larger OLS model provides
a better in-sample fit to the sample observations. To set the in-sample fit
at a given level, this model must be pulled away more from its OLS estimate.
However, since the shrinkage estimator improves the forecasting performance of

a model by avoiding the problem of overfitting into the sample observations?,

this way of assigning the hyperparameter values provides more benefits to

larger models.

To show this empirically, we set up a new out-of-sample assessment that as-
signs the same hyperparameter value across all model specifications. Each
hyperparameter value A = 0.035, 0.108, and 0.262 is applied to all specifica-
tions each time in this assessment. Everything else stays the same. Table 3.2

reports the relative MSFE under this new assessment.

Comparing Table 3.2 to Table 3.1, we can see an obvious improvement of
the performances of small models. Even the smallest model can benefit from
shrinkage estimation. The SMALL model is a 3-variable VAR with 13 lags,

which results in 40 coefficients to be estimated per equation includingthe

1 Zha (1998) provides a good discussion on this point. .
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Table 3.2: BVARs same )\, Out-of-Sample Relative MSFE, 1971 - 2003

A=0.035 SMALL CEE MEDIUM LARGE
EMPL 0.64 0.61 0.52 0.45
h=1 | FFR 1.00 0.95 0.87 0.75
CPI 0.57 0.51 0.51 0.51
EMPL 0.63 0.56 0.48 0.37
h=3 | FFR 1.06 1.03 1.02 0.92
CPI 0.47 0.38 - 0.38 0.40
EMPL 0.73 0.63 0.58 0.51
h=6 | FFR 111 1.11 1.28 1.24
CPI 0.46 0.34 0.34 0.40
EMPL 0.93 0.71 0.72 0.81
h=12| FFR 1.22 1.27 1.56 1.80
CPI 0.51 0.40 0.38 - 0.45
A=0.108 SMALL CEE MEDIUM LARGE
EMPL 0.54 0.59 0.54 0.51
h=1| FFR 0.96 08 - 0.79 0.75
CP1 0.55 0.51 0.51 0.55
EMPL 0.49 0.55 0.50 0.40
h=3 | FFR 1.08 0.94 096 0.94
CPI 0.47 0.39 0.40 0.46
EMPL 0.55 0.66 0.66 0.54
h=6 | FFR | 1.18 1.03 1.31 1.33
CP1 0.48 0.37 0.37 0.47
EMPL 0.65 0.76 0.87 0.96
h=12| FFR 1.29 1.21 1.56 1.86
CP1 0.55 0.47 044 0.59
A = 0.262 SMALL CEE MEDIUM LARGE
EMPL 0.57 0.65 0.66 0.65
h=1 | FFR 0.92 0.90 0.85 0.82
CP1 0.55 0.55 0.54 0.62
EMPL 0.53 0.63 0.63 047
h=3 | FFR 1.14 1.12 1.04 1.06
CPI 0.48 0.43 0.44 0.51
EMPL 0.60 0.79 0.82 0.62
h=6 | FFR 1.29 1.30 1.561 1.49
CPI 0.50 0.44 0.39 0.52
EMPL 0.65 0.96 1.10 1.09
h=12| FFR 1.50 1.49 1.85 1.96
CPI 0.59 0.60 0.49 0.69
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constant term. It is estimated with 120 observations each time. The smallest
amount of shrinkage in this experiment, A = 0.262, can remarkably improve

the forecasting performances of this model.

The obvious improvement of the forecasting performances for larger mod-
els also disappears. This point is apparent for the hyperparameter values
A = 0.108 and A = 0.262. Especially, for the case of fixing the value at
X = 0.262, the SM ALL model outperforms other larger mociels in the overall

picture. This suggests that the value of hyperparameter A must be chosen

more carefully.

3.4 Performances with Suitable Hyperparameter Values

In this section, we consider a procedt'lre for choosing a “suitable” hyperparam-
eter value for each model based on a training sample. We choose the value
that leads to the minimum relative MSFE of the variables of interest in an out-
of-sample assessment. The observations up to December 1980 are employed
to figure out each suitable hyperparameter value for a given VAR speciﬁcatibn
1 and a given forecasting span h. After that we will assess each model with

this hyperparameter value, using our evaluation period from January 1981 to

December 2008.

In searching for a suitable hyperparameter value, let 7o and 7, denote the
position of January 1971 and December 1980 in the data set, respectively.
For a forecasting span h € {1, 3,6, 12} and an arbitrary hyperparameter value

A, we can compute a forecast ?T(f,‘_;;‘l?r for eagh period 7 = 79 — h,...,71 — h
(120 times), using the same setting as in the previous section (p = 13, rolling
scheme with 120 observations, € = 107'%). These point forecasts can be used to

compute M SFEg‘,;:\) and RM SFE,.(,“,;X) from (3.13) and (3.14), for each variable
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of interest i. Let TV*™ = RMSFEY by ,+ RMSFEYS), + RMSFEY ,
denote our target variable, which is the sum of relative MSFE of the variables
“of interest. Note that each relative MSFE does not depend on the unit of
measurement of each variable, since it is in relative term. We find the suitable

hyperparameter value X, for each specification p and each forecast horizon h

from grid search such that:

Ah = argmin TVh(" N (3.15)

b
Since there is no natural upper bound for the hyperparameter A, a good grid
search for A, should cover a wide range of possible values between 0 and 4-co.
To avoid this, we calculate the derivative TVh(“ ) /O to help search for each
hyperparameter value A;. This allows us to search for the value A} in steps,

and helps reduce the task.

From (3.13) and (3.14), we have:

oTVY 8 MSFEYY.,,/0x 0 MSFEUp), /) 8 MSFEL:) /o)

_ + FFRh
D) MSFES,p; 1 MSFES,, MSFEQ)p,
| (3.16)

where for each variable i € {EMPL,CPI,FFR},

(1, 2) —h
X T — T+ 1, 2w ox TR T Yirkhie)
t=10—h
- N(TD)Y)
1 = ey ) © Bigine
= ———Tl . r 1 Z -2 (y‘i,t-l'h - yi,l-t"_‘.hlt) 'a}——)‘ . (3.17)
t=19-h

Given an m X n matrix Z, we use 8Z/0) to denote the gradient matrix of Z

with respect to A. The gradient matrix 0Z/0X has the same dimension as Z
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with 0z;;/0A as its ij-th element. This is the same for a gradient vector 9z/0\

of an m x 1 vector z. The value of 9 Qf*t‘j‘,),lt/ O in (3.17) can be taken from

the gradient vector 0 }A’;&‘h"\t) /OA. From (3.12), the gradient vector 9 )A’t(_fh]\t) /oA

can be written as:

SN N\ >
oY, i _ (9 Xevhy BN 4 xm 0 B (3.18)
) D) whie\on ) '

where 9B®» /9] is given by?:

R(p,2) - -1 Q(#:A) -1 ~ —
6B3)\ — (Q(p,)\) -1 +X(u)lx(u)) (Q——a,\——) (B(“) - B("’)‘)). (3.19)

We can compute the gradient vector & ﬁg{‘h]\g /O recursively, using (3.18) and,

according to (3.10) and (3.11), the following equations:

AATANIEY:
and
A (A r AN !
OXi _ (2% (oFam\ 1)
o\ o\ 122 1x(k—mh4m) | o

We perform grid search in finding the values of A, for each forecasting horizon
h and each model specification u. We search for the suitable hyperparameter

X;, with 3 decimal places, which makes our grid search composed of 4 steps as
follow®:

2 See the Appendix B for the derivation of 8B{**) /9 in (3.19).
. 31t is possible that our grid search may not return the optimal hyperparameter \; as
defined in (3.15), if the function TV,S""\) is not smooth. Regarding this problem, we have
tried minimizing the function with respect to the value of A for each forecast horizon h =
1,3,6,12 of the SM ALL model, using the add-on application OPTMUM in GAUSS. It
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1. Calculate the values of target variable TV,*"> and gradient 8TV, *™ /oA
for each of 11 values of A, which are 0.001 and 1,2,...,10. Figure out

the possible region of the hyperparameter value M, %. Let \;; denote the

lower bound of this region.

2. Calculate the values of target variable TV,\*>) and gradient 8TV, *» /X
for each of 9 values of A, which are A;; +0.1, A;1+0.2, ..., ;1 +0.9. Figure

out the possible region of the hyperparameter value X,. Let Ass denote

the lower bound of this region.

3. Calculate the values of target variable TVh(" » and gradient 0T Vh(””\) /O

for each of 9 values of X\, which are A, + 0.01, A3 + 0.02, ..., As2 + 0.09.

Figure out the possible regidn of the hyperparameter value A;. Let Ag

denote the lower bound of this region.

4. Calculate the values of target variable TVh(" M) for 9 values of A, which
are g3+ 0.001, A3+ 0.002, ..., A3+ 0.009. The suitable hyperparameter
value A} is the one associated with the minimum value of TV,f“”\) from

these 4 steps.

Table 3.3 reports the optimal hyperparameter A, with the associated values
of target variable TV,f" » and gradient, for each forecast horizon h and each

model specification p. The details of grid search can be found in Appendix C.

Using the suitable hyperparameter values A, from Table 3.3, we perform the
out-of-sample assessment. Let ty and ¢; denote the position of January 1981

and ‘December 2003, respectively, in the data set. We compute the forecast

returns a similar result to our grid search. The use of this program, however, is not practical
for larger models, as it consumes a lot of time even for the smallest model.
4 This should be the region that has a negative gradient at its lower bound. This tells

that the values in the region will generate smaller values of TV,S" )
bound. )

than one at the lower
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Table 3.3: A}, from grid search and TVh(“ A 1971 - 1980

SMALL | CEE | MEDIUM | LARGE

X2 0.130 | 0.120 |  0.096 0.053

h=1 | TV#Y | 1.950 | 1.849 1.665 1.598
gradient 0.008 0.001 -0.000 0.029

XE 0111 | 0.143 | 0.117 0.072
h=3|TV#* | 1876 | 1.739 1.695 1.614
gradient 0.001 0.004 0.024 -0.008

XE 0.130 | 0.134 | 0.017 0.059

h=6 | TV | 1887 |1.852| 2191 ~ | 2288
gradient | 0.007 | 0.004 | -0.350 -0.033

Y 0.102 | 0.049 | 0.020 0.006

h=12| TV | 1912 | 1896 | 2.254 2.483
gradient | -0.000 | -0.020 -0.672 -1.646

}A’t&’h'l\f) in each period t = ty — h,...,t; — h (276 times) with VAR of order

p = 13, using the most recent 10 years of observations (Rolling écheme, 120

observations), and the parameter € at 107'°. These forecasts are used to cal-

culate the relative MSFE in (3.14), for 3 variables of interest : = EMPL, FFR,

and CPI. Table 3.4 reports the result of this assessment, with the associated ‘
values of TV*™® = . RMSFE™™ and .

Since our evaluation period has been changed from the previous section, we
also construct Table 3.5 for the purpose of comparison. In this table, we use
the same setting as in Table 3.1 of the previous section, but the evaluation

period has been changed to one from January 1981 to December 2008.

According to Table 3.4, the LARGE model performs best in the overall picture.
This supports the finding of BGR that larger Bayesian VARs perform better
than smaller models in forecasting the three key macroeconomic variables.

However, we see a significant difference between Table 3.4 and Table 3.5.

With results similar to Table 3.5, it looks like adding more variables into the
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Table 3.4: BVARs with )\',:, Out-of-Sample Relative MSFE, 1981 - 2003

SMALL CEE MEDIUM LARGE
EMPL | 053  0.62 0.53 0.49

FFR | 096 085 0.93 © 0.80

h=1| CPI 062  0.60 0.57 0.53
TV 1 2104 2067  2.025 1.822

AL 0130 0129  0.09 0.053

EMPL | 042  0.56 0.44 0.37

FFR 123 1.06 113 0.95

h=3 | CPI 059 052 0.54 0.51
TV | 2234 2145 2107 1.830

AL 0111 0143 0117 0.072

EMPL | 053  0.77 0.63 0.49

FFR 147 112 1.17 1.05

h=6 | CPI 062  0.51 0.43 0.50
TV | 2612 2391 2225 2.045

A 0130 0134 0017  0.059

EMPL | 0.2 001 0.82 0.69

FFR 147 1.24 .75 175

h=12| CPI 0.78  0.54 0.47 0.52
TV | 2066 2.696  3.045 2.970

AL 0102  0.049  0.020 0.006
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Table 3.5: BVARs different )\, Out-of-Sample Relative MSFE, 1981 - 2003

SMALL CEE MEDIUM LARGE
EMPL | 081  0.68 0.54 0.47
h=1 | FFR 171 0.99 0.94 0.78
CPI 083  0.64 0.57 0.54
TVPY | 3360 2313 2.049 1.794
EMPL | 067 065 0.43 0.32
h=3 | FFR 1.74 143 1.12 0.89
CPI 073 058 0.53 0.48
TVAY | 3132 2649 2077 1.689
EMPL | 089 095 0.62 0.45
h=6 | FFR 244  1.58 1.36 1.00
. CPI 077  0.59 0.48 0.47
TVAY | 4105 3117 2.461 1.925
EMPL | 1.04 133 0.93 0.82
h=12| FFR 318 163 1.40 1.64
CPI 1.04 080 0.51 0.56
TV# Y | 5266  3.761 2.840 3.014
) oo 0262  0.108 0.035

VAR helps to significantly improve its forecasting performances. The models
with 7 and 20 variables perform much better than the 3-variable model. Since
Bayesian or shrinkage estimation allows us to use all available information in
making forecasts, adding as many data as possible like the LARGE model

helps further improve the forecasting performances.

However, Table 3.4 shows that this impression is false. This is a result of
allovviﬁg no shrinkage at all for the SMALL model. If we use Bayesian or
shrinkage estimation with the SM ALL model, the improvement of larger VARs
over the 3-variable VAR becomes minimal. Specifically, the 7-variable and 20-
variable models do not seem to have a clear edge over the 3—variable‘model,
and the improvement of the 131-variable VAR is much less pronounced than
what Table 3.5 implies. This alsd features after we have tried to make the

most out of each model given our pre-evaluation period.
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Table 3.6: )\Z from grid search and TV,f” "\), 1971 - 1990

SMALL | CEE | MEDIUM | LARGE
N 0.164 |0.102| 0.078 0.044
h=1|TV*Y | 2003 |1.920| 1.793 1.666
gradient | -0.002 | 0.007 0.010 -0.069

X 0.089 | 0.085|  0.066 0.048

h=3 | TV | 2044 |1857| 1.849 1.691
gradient | -0.005 |0.003 | -0.036 -0.063

N\ 0.059 | 0.066 | 0.022 0.043

h=6 | TV®Y | 2195 |1.986| 2246 2.199
gradient | -0.030 | 0.014 0.033 -0.002

N 0.073 | 0.055 | 0.047 0.005

h=12| TV®Y | 2407 |2227| 2691 2.772
gradient | 0.018 | 0.064 |  0.126 12.717

3.5 Repeated Calculations of Hyperparameter Values

It can be the case that the optimal hyperparameter value Xj va.riés with time.
Allowing some changes for the value may improve the forecasting performance
of each Bayesian VAR. In this section, we allow this change every 10 years. We
repeat our practice in the previous section; finding the suitable hyperparameter

value after we have an additional 10 years of observations.

Table 3.6 reports the suitable hyperparameter value A, with the associated val-
ues of target variable and gradient for each forecast horizon h and each model
i, using the observations from January 1971 to December 1990. Table 3.7 re-
ports the same values, using the observations from January 1971 to December
2000. The suitable hyperparameter values reported in Table 3.6 and Table 3.7
look different from ones in Table 3.3 of the previous section. However, the

values are relatively similar in these two tables.

Next, we use the hyperparameter values from Table 3.3, Table 3.6, and Ta-

ble 3.7 in assessing the out-of-sample forecasting performances of our Bayesian
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Table 3.7: X, from grid search and TV,S“ ”\), 1971 - 2000

"SMALL | CEE | MEDIUM | LARGE
X 0.168 | 0.101 |  0.077 0.043

h=1 | TV | 2030 | 1.963 1.828 1.704
gradient | -0.001 | -0.007 0.015 -0.008

X 0.098 | 0.083 | 0.062 0.046

h=3 | TV®*M | 2045 | 1.877 1.852 1.699
gradient | -0.002 |-0.018| -0.018 0.096

X 0.071 | 0.064 | 0.022 0.041

h=6 | TV | 2199 | 2004 | 2212 2.176
gradient | 0.000 |-0.010| -0.225 -0.028

Xz 0.086 | 0.054 | 0.043 0.005

h=12| TV | 2434 | 2.276 2.690 2.724
gradient | -0.017 |-0.004 | 0.134 4.146

VARs. The values from Table 3.3 are uéed to make forecasts from January
1981 to December 1990. Ones from Table 3.6 are used for the forecasts froﬁl
January 1991 to December 2000, and ones from Table 3.7 for January 2001 to
December 2003. Table 3.8 reports the values of out-of-sample relative MSFE
from this exercise. The variable TV} represents the sum of relative MSFE
of our variables of interest for model iz and forecast horizon h. Comparing
the results in Table 3.8 and Table 3.4, we can see that our exercise can just

marginally imprdve the forecasting performances of the models.
3.6 An Updating Scheme for the Hyperparameter

Another way to allow changes in hyperparameter values is to use an updating
scheme that is sensitive to previous forecasting performances of the model. In
this section, we apply an updating scheme that makes use of each additional
observation in detérmining whether to change the hyperparameter value of a
model. Such adaptive schemes will only improve forecas_ting performance if the

underlying data generating process (DGP) is changing through time. What
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Table 3.8: BVARs with Varied A\, Out-of-Sample Relative MSFE, 1981 -

2003
SMALL CEE MEDIUM LARGE

EMPL 0.53 0.62 0.53 0.49

h=1 | FFR 0.96 0.85 0.93 0.80
CPI 0.62 0.60 0.57 0.53

TV} 2102  2.063 2.025 1.821

EMPL 0.43 0.57 0.45 0.37

h=3 | FFR 1.23 1.05 1.12 0.95
CPI 0.59 0.51 0.52 0.50

TV} 2.241 2133 2.090 1.819

EMPL 0.58 0.79 0.61 0.48

h=6 | FFR 146  1.08 1.16 1.05
CPI 0.60 0.49 0.44 0.50

TV} 2.650 2.362 2.202 2.036

EMPL 0.75 0.91 0.78 0.71

h=12| FFR 1.46 1.24 1.73 1.76
CPI 0.77 0.54 0.51 0.52

TV} 2987  2.693 3.018 2.987

the “optimal” ddaptive scheme will be deper_lds on how the underlying DGP

is changing over time.

Although there is a strong belief that there has been structural change in the
economic system during our sample period, there is no precise information
about how the parameters have changed. Therefore, instead of making an
arbitrary assumption about mechanism that governs sﬁch changes and then
deriving the optimal adaptive scheme for that mechanism, we consider an
adaptive scheme that makes good sense to us. From the practice of forecasting,
we know that adaptive schemes that give very high weight to new information

often chase noises and do not perform very well. Hence, we consider the

following scheme.

Let to and t; represent the positions of January 1981 and December 2003,

respectively. ‘We start from the suitable hyperparameter value of each model
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and each forecast horizon from Table 3.3. We use A}, to denote this initial
hyperparameter value. Let )\ﬁ‘T denote the value used in a given period T. At
the start of each period T' € [to,t;], we use a model p in making a forecast
?ﬁ;ﬁ: At the end of the period T, after realizing the actual data Yp, we-
calculate the square forecast error from the Bayesian VAR pu:

SFEUE™ = (g — Gem ™), (3.22)

as well as the square forecast error from the benchmark model SF E(o) for

each variable of interest i € 7.

We also calculate at this point in time the indicators:

INDCEY =3 — 0 SFE 7 O (3.23)
ieT Zt —to SFE;py+ (276 + to — T)SFE; ;.

for 3 values of the hyperparameter ), which are X} 1, i »+0.001, and A; ;. —
0.001°. We use the indicator IN DC(“ N o approximate the marginal i increase
in the sum of relative MSFE from using different values of A at time T. Observe
that the term Zz':to SFEi(?h);t in the denominator increases as T increases. We
put the term (276 +t,—T')S FE,(%)TG into the denominator as well to make the
value of IN DC’,(I’;‘T’.’\) relatively stable along the time T'. Otherwise, the value
/\‘,:,T will be more fluctuated for small 7" and very stable for larger T, if we fix

a constant threshold as in the following.

Among these 3 hyperparameter values, we first choose the one that gives the
minimum value of I NDC(" NIt is A = N> We also use this value as

A 74y in the next period. Otherwise, for A € {A} - + O.OOI,Aﬁ,T.— 0.001}, if

5 We use stepsize equal to 0.001 in every case, except for the case of LARGE model with
h = 12 that we use step size at 0.0005.

6 Recall that 276 = t; — to — 1 is the total number of repetitions in our out-of-sample
exercise.
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Table 3.9: BVARs with Varied )\, Out-of-Sample Relative MSFE, 1981 —

2003
SMALL CEE MEDIUM LARGE

EMPL 0.53 0.62 0.52 0.48

FFR 0.95 0.84 0.91 0.78

h=1 CPI 0.61 0.60 0.57 0.53
TV} 2.098  2.053 2.003 1.798

)‘If:,() 0.130 0.129 0.096 0.053

EMPL 0.42 0.56 0.43 0.36

FFR 1.23 1.04 1.12 0.91

h=3 CPI 0.59 0.52 0.53 0.48
TV 2.237 2.124 2.079 1.747

Moo| oar 0143 0117 0.072

EMPL | 0.53 0.77 0.44 0.47

FFR 1.47 1.11 1.04 1.02

h=6 | CPI 0.62 0.50 0.50 0.49
TV} 2613  2.383 1.978 1.975

Mo 0.130 0.134 0.017 0.059

EMPL 0.72 0.92 0.81 0.57

FFR 1.47 1.24 1.63 1.54

h=12| CPI 0.78 0.54 0.46 0.44
TV} 2.966 2.698 2.908 2.548

aoo| 0102 0049 0.020 0.006

"IN DC’;:I'.)“""T) -1 NDC,(";‘,‘;-A)) is higher than 0.0001 we use this new value as

Mhr41 in the next period. Observe that we can increase the fluctuation of the
hyperparameter value X} 1. by increasing the stepsize (Currently at 0.001) and
lowering the threshold value (Currently at 0.0001). Actually, we have made
some experiments with a range of threshold values and stepsizes. The setting
reported here yields the best results. Note also that in this process we use the
information up to period 7" to ﬁgure out the hyperparameter value /\Z’T 41 that

will be applied in the next time period T + 1.

At the end of the exercise, we calculate relative MSFE for each variable of

interest ¢ € Z from the square forecast errors SFE(u, A, 7)., .. calculated at
h,T. T
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the start of each period T. The relative MSFE can be written as:

" t1 SFE(I;;»Ax,g)
t=t, i,h;t
RMSFE}) = ==b o (3.24)
Zt:to SFEi,h;t

Table 3.9 reports the relative MSFE from this exercise.

Comparing Table 3.9 to Table 3.4, there is just a small improvement of the
forecasting performance of each Bayesian VAR from this exercise. This im-
provement, however, does not affect our finding in Section 3.4 that the fore-

casting performances of the larger models are not impressively better than that

of the smallest model.
3.7 Conclusion

Bayesian or shrinkage estimation allows us to use all available information to
forecast key economic indicators. BGR show us this point using the U.S. data.
The results of BGR, similar to our Table 3.1 or Table 3.5, implicitly imply

that a 3-variable VAR with only target variables is grossly inadequate.

However, this impression is false and is a result of their practice of not allowing
shrinkage at ‘all for this 3-variable model. This 3-variable VAR has 13 lags,
estimated using 120 observations. We have shown that if we use a shrinkage
estimator for this 3-variable model with an appropriate hyperparameter value,
the improvement of larger models will be minimal. Specifically, the 7-variable
and 20-variable models considered in BGR do not seem to have a clear edge
over the 3-variable model, and the improvement of the 131-variable model is

much less pronounced than what BGR implies.

We try allowing for time-varying hyperparameter values as well, but the result

we have found so far is that the time-varying scheme just marginally improves
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the performance of each model. It does not change our i)revious conclusion

either.

In this study, we also demonstrate a way to figure out the suitable hyperpa-
rameter value for each model specification with a given forecast horizon. The
value is chosen based on the out-of-sample forecasting performances in the test
period, which is a part of the pre-evaluation period. This process takes time
for the LARGE model. The estimation of the LARGE model involves calcu-
lating for the inverse of matrix of dimension (1,704 x 1,704). Since we have
to estimate the model 120 times for each value of A and each forecast horizon
h in the grid search shown in the Appendix C, it costs us about 3 days for
each of the 4 steps in the search under the computation of a Pentium Core 2

processor. The whole process of the grid search, which is composed of 4 steps,

requires about two weeks.

However, in a real forecasting practice we need to figure this suitable hyper-
parameter value just once. We think that this is the process that should be
taken rather than depending on an arbitrarily chosen value. Moreover, as can
be observed from Table 3.6 and Table 3.7, the value tends to be stable for a

' long enough series as in the case of U.S. data.

It would be convenient if we can figure out some patterns of changes in the
suitable hyperparameter values of the Bayesian VARs. For example, the values
may decrease for longer forecast horizons or bigger model specifications. Our
results so far have not shown any obvious pattern. However, a more thorough

investigation in this direction is still interesting.

Another interesting way to deal with the hyperparameter value is to figure out
a good updating scheme. The scheme that can tell a suitable hyperparameter

value when there is an additional actual realization looks very attractive for
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a real forecasting practice. Unfortunately, this hyperparameter has a non-
linear relationship with the forecasting performances of the model. One might
have to depend on a relatively complicated framework to figure out an optimal
updating scheme for the model. However, our results with a simple sensible

scheme in Section 3.6 are encouraging.
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Cradient Matrix of the Coefficients
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To simplify the notation, let Z = Q! + X’X. The posterior mean of the

matrix B can be written as:

B=ZzY 0B+ X'Y). (B.1)

The derivative of B with respect to A can be computed from:

0B 1[0 ~in 027N a1z, o
5 =7 (_a,\(ﬂ B+XY)>+< o) )(Q B+Xy),
8 = 14 0271\ ~ ;=
71 -1 -1 !
=2 (“a,\Q B)—l—( 5 )(9 B+X'Y). (B.2)

From Magnus and Neudecker (1999), the derivative of an inverse matrix of

functions Z can be written as:

871 107\ '
=27 (EX)Z L (B.3)

Since the matrix X’X is not a function of A, the derivative 0Z/9 is:

0z 907! 2
N —;\Edzag(a%, 0232202, 2% 02 0?0l PP 02 0).
(B.4)

The derivative (Q2~1B) /8 can also be written as:

8~ 1~ [o071) - 4
750 B-( 5 )B, (B.5)

and the value of 8Q~1/d) is as in (B.4).
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Totally, from (B.1) - (B.5), we have:

3 A-1 A—1 o
0B _ ;- (89 ) B-2z71 (_ag)\ ) Z QB + X'Y),

E)} )Y
A N
z (W) (B - B). (B.6)
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Grid Search, 1971 - 1980
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Table C.1: SMALL, 1971 — 1980
stepl step2 step3 step4
h ATy grad | Tvmd grad A1y grad P grad
©.001 3711 - 134.132 | 0.1 1956 -0463 | 0.11 1952 -0.278 | 0.121 1950 - 0.110
1 2.473 0.472 | 0.2 1972 0542 | 0.12 1951  -0.124 | 0.122 1.950 - 0.096
2 2.831 0.274 | 0.3 2.040 0741 | 0.13 1.950 0.008 | 0.123 1.950 - 0.082
3 3.052 0.177 | 0.4 2114 0740 | 0.14 1.951 0.121 | 0.124 1.950 - 0.069
4 3.197 0.119 | 0.5 2186  0.694 | 0.15 1.952 0.220 | 0.125 1.950 - 0.055
1 5 3.207 0.083 | 0.6 2253  0.641 | 0.16 1.955 0.305 | 0.126 1.950 - 0.042
6 3.368 0.060 | 0.7 2315 0591 | 0.7 1.958 0.378 | 0.127 1.950 - 0.029
7 3.419 0.045 | 0.8 2371 0546 | 0.18 1.962 0.441 | 0.128 1950 - 0.017
8 3.458 0.034 | 0.9 2424 0506 | 0.19 1.967 0.496 | 0.129 1.950 - 0.004
9 3.488 0.026
10 3.511 0.021
stepl " step2 step3 stepd
h A TV grad A v grad A Tvied grad A Ty grad
0.001 2701 -100.100 | 0.1 1877 -0.216 | 0.11 1876 - 0.017 | 0.111 1876 0.001
1 2.460 0.384 | 0.2 1919 0797 | 012 1.878 0.142 | 0.112 1.876 0.018
2 2.701 0.148 | 0.3 2.010  0.958 | 013 1.878 0.274 | 0.113 1.876 0.034
3 2.805 0.071 | 0.4 2103  0.888 | 0.14 1.882 0.386 | 0.114 1.876 0.051
4 2.857 0.038 | 0.5 2186 0774 | 0.15 1.886 0.483 | 0.115 1.876 0.067
3 5 2.886 0.022 | 0.6 2258  0.664 | 0.16 1.891 0.566 | 0.116 1.876 0.082
6 2.903 0.014 | .0.7 2320 0572 | 017 1.897 0.638 | 0.117 1.876 0.098
7 2.915 0.009 | 0.8 2373 049 | 0.18 1.904 0.700 | o0.118 1.876 0.113
8 2.922 0.006 | 0.9 2.420 0435 | 0.19 Lo11 0.752 | 0119 1.876 0.128
9 2.927 0.005
10 2.931 0.003
stepl step2 step3 stepd
h A TR grad | TVv{mN grad P o grad P A grad
0.001 3775 5383 | 01 1893 -0477 | 0.11 1889 -0278 | 0.131 1.887 0.004
1 2.234 0.268 | 0.2 1905  0.433 | 012 1.887  -0.127 | 0.132 1.887 0.015
2 2.416 0.119 | 0.3 1.957 0556 | 0.13 1.887 -0.007 | 0.133 1.887 0.025
3 2.499 0.0568 o4 2.011 0.518 Q.14 1.887 0.092 0.134 1.887 0.035%
4 2.540 0.028 | 0.5 2060 0458 | 0.15 1.889 0175 | 0.135 1.887 0.045
6 5 2.561 0.016 | 0.6 2103  0.404 | 0.16 1.891 0.245 | 0.136 1.887 0.055
6 2.573 0.009 | 0.7 2141 0360 | 0.17 1.893 0.305 | 0.137 1.887 0.064
7 2.581 0.006 | 0.8 2175 0324 | 018 1.897 0.355 | 0.138 1.887 0.074
8 2.585 0.004 | 0.9 2206 0294 | 0.19 1.501 0.398 | 0.139 1.887 0.083
9 2.589 0.003
10 2.591 0.002
stepl step2 step3 stepd
h A Ty grad | a1y grad ATy grad P A grad
5.001 5535 348.436 | 0.1 1912 ~-0.095 | 0.11 1913 0.313 | 0.101 1912 - 0.049
1 2.255 0177 | 0.2 1981 0781 | 012 . 1918 0.563 | 0.102 1.912 - 0.000
2 2.364 0.067 | 0.3 2.047 0540 | 013 1.924 0.711 | o0.108 1.912 0.046
3 2.411 0.032 | 0.4 2.093 0414 | 0.4 1.932 0.793 | 0.104 1.012 0.090
" 2.434 0.017 | 05 2131 0348 | 0.15 1.940 0.833 | o0.105 1.912 0.132
12 5 2.448 0.010 | 06 2163 0298 | 0.6 1.948 0.846 | 0.106 1.912 0172
6 2.455 0.006 | 0.7 2191  0.260 | 017 1.957 0.842 | 0.107 1.912 0.209
7 2.460 0.004 | 0.8 2215 0228 | 0.8 1.965 0.827 | 0.108 1.912 0.246
8 2.463 0.003 | 0.9 2.237  0.200 | 0.19 1.973 0.805-| 0.109 1.913 0.280
9 2.466 0.002
10 2.467 0.001
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Table C.2: CEE, 1971 — 1980
stepl step2 step3 step4
R A Ty grad | A TVBN grad A TV grad P A grad
0.001 2661 - 51.314 | 0.1 1858 - 0.632 | 0.11 1853 -0.366 | 0.121 1850 - 0.134
1 2.485 0.676 | 0.2 1875  0.580 | 012 1.850  -0153 | 0.122 1.850 - 0.116
2 3.086 0.555 | 0.3 1945  0.787 | 013 1.849 0.017 | 0123 1.850 - 0.098
3 3.617 0.508 | 0.4 2.027  0.834 | 0.14 1.850 0.153 | 0.124 1.850 - 0.081
4 4.103 0.462 | 0.5 2110 0826 | 015 1.852 0.263 | 0.125 1.849 - 0.063
1 5 4.541 0.415 | 0.6 2192 0.797 | 0.6 1.855 0353 | 0.126 1849  -0.047
6 4.932 0.369 | 0.7 2270  0.764 | 017 1.859 0.426 | 0.127 1.849 - 0.030
7 5.280 0.326 | 0.8 2.384 0731 | 018 1.864 0.487 | 0.128 1.849 - 0.014
8 5.585 0.287 | 0.9 2416  0.702 | 0.19 1.869 0538 | 0120  1.848  o0.001
9 5.855 0.253
10 6.002 0.222
stepl step2 step3 step4
h A TV grad | 2 Tyied) grad A Ty grad X Tyed) grad
0.001 2654 -20.586 | 0.1 1760 - 1.124 | 011 1750 - 0776 | 0.141 1735 - 0.080
1 2.405 0.654 | 0.2 1750 0591 | 0.12 1744  -0.485 | 0.42 1739 -0.013
2 2.931 0.445 | 0.3 1836  0.873 | 0.3 1741 -0.246 | 0.143 1.739  0.004
3 3.332 0.362 | 0.4 1926  0.919 | 014 1739 -0.048 | 0.144 1.739 0.021
4 3.662 0.300 | 0.5 2.018  0.899 | 0.15 1.739 0114 | 0145 1.739 0.037
3 5 3.935 0.249 | 0.6 2105  0.853 | 0.16 1.741 0248 | 0.146 1.739 0.053
6 4.163 0.209 | 0.7 2188  0.799 | 017 1.744 0.359 | 0.147 1.739 0.069
7 4.355 0.176 | 0.8 2265  0.746 | 0.8 1.748 0.451 | 0.148 1.739 0.084
8 4.518 0.150 | 0.9 2.337  0.697 | 0.9 1.753 0.527 | 0.149 1.739 0.100
° 4.656 0.128
10 4.775 0.110
stepl step2 step3 stepd
R P 4 A grad | x  TVieN) grad A TV grad ATy grad
0.001 2763 50819 | 0.1 1865 - 0.839 | 0.11 1858 - 0.547 | 0.131 1862 - 0.054 |
1 2.791 1044 | 0.2 1882 0.777 | 0.2 1854  -0.293 | 0132 1.852 - 0.034
2 3.665 0.730 | 0.3 1981 1130 | 013 1.852  -0.074 | 0.133 1.852 - 0.015
3 4.290 0.534 0.4 2.099 1.212 0.14 1.852 0.113 0.134 1.852 0.004
4 4.754 0.401 | 0.5 2221 1217 | 015 1.854 0272 | 0135 1.852 0.023
6 5 5.105 0.308 | 0.6 2342 1196 | 0.16 1.857 0.407 | 0.136 1.852 0.041
6 5.379 0.243 | 0.7 2460 1162 | 0a7 1.862 0522 | 0.137 1.852 0.060
7 5.597 0.196 | 0.8 2574 1124 | 018 1.868 0621 | 0.38 1.852 0.078
8 5.774 0.160 | 0.9 2685  1.084 | 0.19 1.874 0.705 | 0.139 1.852 0.095
9 5.919 0.132
10 6.041 0.111
stepl step2 step3 stepd
h A Ty grad | 2 TV ("N grad L grad P A grad
0,001 3016  220.535 | 0.1 1945 1373 | 0.01 5273 - 56.549 | 0.041 1859 - 0.807
1 3.318 1279 | 02 2.084 1429 | 0.02 1.984 -12.212 | 0.042 1.898 - 0.686
2 4.256 0.658 | 0.3 2.238  1.644 | 0.03 1918  -3.228 | 0.043 1897 - 0573
3 4.746 0.365 | 0.4 2407  1.716 | 0.04 1.899  -0.937 | 0.044 1897 - 0.467
4 5.043 0.245 | 05 2578  1.680 | 0.05 1.896 0.056 | 0.045 1.896 - 0.367
12 5 5.259 0.193 | 0.6 2742 1.605 | 0.06 1.899 0.647 | 0.046 1.896  -0.273
6 5.437 0.166 | 0.7 2.808 1522 | 0.07 1.908 1.008 | 0.047 1.896 - 0.184
7 5.593 0.147 | 0.8 3.046  1.439 | 0.08 1.919 1215 | 0.048 1.896 - 0.100
8 5.731 0.131 | 0.9 3.188  1.358 | 0.09 1.932 1.324 | 0.049 1.896 - 0.020
9 5.854 0.116 . -
10 5.964 0.103
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Table C.3: MEDIUM, 1971 — 1980
stepl step2 step3 step4
h P 4 A grad | »  TVv#M grad P S A grad 2 Ty grad
0.001 2650 -44.160 | 0.1 1665  0.122 | 0.01 2.101 - 28.381 | 0.081 1665 - 0.176
T 2.479 0.714 | 0.2 1743 1.047 | 0.02 1.926 -11.827 | 0.092 1665 - 0.139
2 3.009 0.383 | 0.3 1.851  1.082 | 0.03 1.831 - 7.657 | 0.003 1.665 - 0.102
3 3.299 0.211 | 0.4 1957  1.038 | 0.04 1767  -5.185 | 0.094 1.665 - 0.067
4 3.453 0.122 | 05 2058 0982 | 0.05 1725  -3.451 | 0.095 1.665 - 0.033
1 5 3.556 0.075 | 0.6 2.153  0.924 | 0.06 1.697  -2.208 | 0.096 1.665 - 0.000
6 3.605 0.049 | 0.7 2243 0867 | 0.07 1679  -1.317 | 0.097 1.665 0.032
7 3.651 0.033 | 038 2327 0812 | 0.08 1.670 - 0.677 | 0.098 1.665 0.063
8 3.669 0.024 | 0.9 2.405  0.761 | 0.09 1.665  -0.215 | 0.099 1.665 0.093
9 3.690 0.017
10 3.743 0.013
stepl step2 step3 step4d
h A TyN grad | 2 v grad A TN grad ATy grad
0.001 2677 -9.506 | 01 1608 -0.360 | 011 1656 - 0.113 | 0.111 1.696 - 0.002
1 2.282 0.488 | 0.2 1731 0.656 | 0.2 1.696 0074 | 0112 1.696 - 0.071
2 2.599 0.199 | 0.3 1.806  0.796 | 0.3 1.697 0218 | 0.113 1.695 - 0.051
3 2.739 0.096 | 0.4 1887  0.814 | 0.14 1.700 0.330 | 0.114 1695 - 0.032
1 2.806 0.052 | 05 1967  0.780 | 015 1.704 0417 | 0.115 1605 - 0.013
3 5 2.851 0.031 | 0.6 2042 0722 | 0.6 1.708 0.487 | 0.116 1.695 0.006
6 2.871 0.020 | 0.7 2111 0.658 | 017 17113 0.542 | 0.117 1.695  0.028
7 2.892 0.013 | 0.8 2174 0.59% | 0.8 1.719 0.588 | 0.118 1.696 0.041
8 2.897 0.009 | 0.9 2230 0539 | o1s 1725 0.625 | 0.119 1.696 0.058
9 2.911 0.007
10 2.927 0.005
stepl step2 step3 stepd
h A Ty grad | a1y grad s A grad A Ty grad
0.001 5824 46.860 | 0.1 23231 0.548 | 0.01 2355 =25.316 | 0.011 2234 - 18.655
1 2.895 0.379 | 0.2 2323 1.095 | 0.02 2.193 1.846 | o.012 2.218 - 13.367
2 3.122 0.132 | 0.3 2433 1.061 | 0.03 2.215 1.604 | 0.013 2206 - 9.227
3 3212 0.059 | 04 2532 0933 | 004 2.223 o204 | 0.014 2198 -6.025
4 3.251 0.031 | 0.5 2619  0.797 | 0.05 2.224  -0.143 | 0.015 2194 - 3.575
6 5 3.279 0.018 | 0. 2692  0.677 | 0.06 2222  -0.118 | 0.018 2192 - 1.726
6 3.202 0.011 | 0.7 2.755 0577 | 0.07 2.222 0.051 | 0.017 2.191 - 0.350
7 3.308 0.008 | 0.8 2808  0.497 | 0.08 2.223 0.237 | 0.018 2.191 0.652
8 3.310 0.005 | 0.9 2855 0432 | 0.09 2.226 0.405 | 0.019 2.192 1.363
9 3.321 0.004
10 3.327 0.003
stepl step2 step3 stepd
h A Ty grad | A TV grad P & A grad N grad
0.001 3174  206.889 | 0.1 2.937 5.071 | 0.01 2477 -63.264 | 0.021 2254 1.166 |
1 4.683 1130 | 0.2 3253  2.440 | 0.02 2.254 -0.672 | 0.022 2.256 2.712
2 5.355 0.379 | 0.3 3487 2273 | 0.03 2.309 9.260 | 0.023 2.260 4.021
3 5.607 0.162 | 0.4 3708 2149 | 0.04 2.416 11555 | 0.024 - 2.264 5.136
4 5719 0.082 | 0.5 3915 1985 | 0.05 2532 11425 | 0.025 2.270 6.092
12 5 5.782 0.046 | 0.6 4104  1.800 | 0.06 2641 10228 | 0.026 2.276 6.916
6 5.827 0.028 | 0.7 4275 1613 | 007 2.736 8.710 | 0.027 2.284 7.629
7 5.849 0.018 | 0.8 4428 1437 | 0.08 2.816 7.262 | 0.028 2.292 8.249
8 5.858 0.012 | 0.9 4563  1.275 | 0.09 2.882 6.038 | 0.029 2.300 8.789
9 5.866 0.008 .
10 5.875

* Step 4 is also applied for the

;Krues of ) between 0.06 and 0.07 in this case. The one shown in the table yields better results.
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Table C.4: LARGE, 1971 — 1980

stepl step2 step3 stepd
h A TN grad | A TV grad ATy grad A v grad
0.001 2545 - 244.283 | 01 1642 1.353 | 0.01 T1.863  -22.827 | 0.061 1598 -0.136
1 2.063 0.062 | 0.2 1777 1193 | 0.02 1.704  -10.355 | 0.052 1598 - 0.051
2 2.127 0.008 | 0.3 1.876  0.783 | 0.03 1.635 -4.328 | 0.053 1.598 0.020
3 2.524 0.003 | 0.4 1940 0503 | 0.04 1.607 - 1.560 | 0.054 1.598 0.104
4 2.988 0.001 | 0.5 1979  0.328 | 0.05 1.599  -0.227 | 0.055 1.599 0.175
1 5 3.529 -0001 | 06 2.005 0.221 | 0.06 1.600 0473 | 0.056 1.599 0.242
6 6.178 - 0.000 | 0.7 2.028 0.153 | 0.07 1607  0.873 | 0.057 1.599 0.304
7 8.458 -0.002 | 08 2.036  0.110 | 0.08 1617 1114 | 0.058 1.599 0.364
8 16.511 -0.003 | 0.9 2.052 0.082 | 0.09 1629 1263 | 0.059 1.600 0.420
9 21.860 0.000
10 30.033 0.000
stepl step2 step3 . stepd
h A TV grad | A TV*N  grag P S A grad A TvieD grad
0.001 2581 - 236.990 | 0.1 1626 0.673 | 0.01 1978 -13.317 | 0.071 1614 -0.059
1 1.788 0.018 | 0.2 1690 0.489 | 0.02 1.834 -13.480 | 0.072 1.614 - 0.008
2 1.801 0.002 | 0.3 1727 0272 | 0.03 1726 -8.171 | 0.073 1.614 0.040
3 2.003 0.001 | 0.4 1749  0.162 | 0.04 1.665 - 4.363 | 0.074 1.614 0.087
4 2.270 0.003 { 05 1760  0.102 | 0.05 1633 -2136 | 0.075 1.614 0.130
3 5 2.481 0.005 | 0.6 1.767  0.066 | 0.06 1619  -0.855 | 0.076 1.614 017
6 3.540 0.013 | 0.7 1775 0.046 | 0.07 1614 -0113 | o.077 1.615 0.210
7 4.673 0.023 | 038 1778 0.032 | 0.08 1615 0314 | 0.078 1.615 0.246
8 7.618 0.047 | 0.9 1780  0.024 | 0.09 1620 0550 | 0.079 1.615 0.281
9 10.733 0.073
10 15.450 0.108
stepl step2 step3 stepd
h PN A grad [ A 7V grad A TvEN grad A Ty grad
0.001 740 - 216.779 | 01 5340 1.585 [ 0.01 2413 22.720 | 0.051 33250 - 1510
1 2.579 0.023 | 0.2 2.448  0.700 | 0.02 2471  -5.454 | 0052 2.292 - 1.295
2 2.608 0.004 | 0.3 2500 0.373 | 0.03 2.393  -8.107 | 0.053 2291 - 1.081
3 2.815 0.002 | 0.4 2520 0217 | 0.04 2.327 -4.777 | 0.054 2290 - 0.880
4 3.207 0.003 | 0.5 2544 0.134 | 0.05 2.296 - 1.756 | 0.055 2290 - 0.689
6 5 3.189 0.007 | 06 2.554 0.087 | 0.06 2288  0.106 | 0.056 2289 - 0.510
6 4.683 0.016 | 0.7 2558  0.059 | 0.07 2.295  1.075 | 0.057 2289  -0.341
7 5.786 0.026 | 0.8 2.568  0.042 | 0.08 2.308  1.496 | 0.058 2.288 - 0.182
8 8.262 0.060 | 0.9 2.575 0.030 | 0.09 23324  1.615 | 0.059 2.288 - 0.033
9 12.477 0.099
10 17.466 0.143
stepl step2 step3 stepd
r ATy grad | A TVP)  grag A TyeN grad A TvimN grad
0.001 3702 - 103754 | 01 3671 5.660 | 0.0 2605 47.772 | 0.001 ER ~103.75
1 4.385 0.065 | 0.2 4006 2.074 | 0.02 3.008  24.394 | 0.002 2.901  -237.304
2 4.365 0.009 | 0.3 4158 1113 | 0.03 3.348  7.992 | 0.003 2.691  -171.138
3 4.564 0.004 | 04 4248 0.640 | 0.04 3218 6.958 | 0.004 2.561 - 90.969
4 5.129 0.003 | 05 4203  0.390 | 0.05 32904 8189 | 0.005 2.500 - 36.068
12 5 4.882 0.007 | 0.6 4.320 0251 | 0.06 3.379  8.593 | 0.008 2.483 - 1.646
6 6.462 0.014 | 0.7 4339  0.169 | 0.07 3463  8.180 | 0.007 2.493  20.192
7 7.7117 0.020 | 0.8. 4348  0.119 | 0.08 3541 7.377 | 0.008 2520  34.204
8 8.988 0.045 | 0.9 4.376  0.086 | 0.09 3.610  6.484 | 0.009 2.559  42.915
9 13.824 0.094
10 17.860 0.114

Step 4 is also applied for the values of A between 0.001 and 0.01 in this case. The one shown: in the table yields better results.
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Chapter 4

Shrinkage Estimation of Vector

Autoregressive Models
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First, we show a close relationship between the Bayesian VAR with Litterman prior
and the ridge regression, which is a well-known shrinkage estimator. Next, we com-
pé,re the out-of-sample forecasting performances of the Bayesian VAR with Litter-
man prior to other shrinkage estimators, such as the LASSO (Least Absolute Shrink-
age and Selection Operator) or the elastic net, which, in the literature, have some
record in outperforming ridge regression. In doing this, we modify the LASSO and
the elastic net to admit the decay rate of effects of lags as in the case of the Bayesian
VAR. The LASSO outperforms the Bayesian VAR in our empirical study on the U.S.
macroeconomic data, which supports the idea that there is some redundancy in the

VAR with 3 endogenous variables and 13 lags.
4.1 Introduction :

In recent years, we have witnessed a growing interest in forecasting models
that take into account a large number of predictors. This can be linked to
the improvement in computer technology and the idea that people in the real
world usually incorporate a lot of information into their economic decision
framework. A popular method in this line of literature is the approximate fac-
tor model, popularized by Stock and Watson (2002a) and Bai and Ng (2002).
Stock and Watson (2002b), De Mol et al. (2008), and Bernanke and Boivin
(2003) among others show that this method performs very well in forecast-
ing important macroeconomic indicators. The principle components teéhnique
employed to estimate comm_on factors in the approximate factor models does

not impose any limit on the number of predictors that can be considered in a

model.

Since the principle components estimator can be regarded as a shrinkage esti-
mator, other alternative shrinkage estimators are also proposed as close sub-

stitutes to the approximate factor model. These include the Bayesian re-
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gression with normal priors and the LASSO, which is a Bayesian regression
with double-exponential priors, by De Mol et al. (2008), and the partial least
squares regression by Groen and Kapetanios (2008). These authors show that

the forecasts by these methods are asymptotically similar to ones of the ap-

proximate factor model.

Boivin and Ng (2006) issue an important caution to the practice of putting a
huge number of predictors into the approximate factor model. They warn that
smaller models can outperform larger ones in forecasting if many uninforma-
tive predictors are incorporated into the latter. In the principle components
regression, principle components associated with higher variances are consid-
ered as true signals, while ones with lower variances are discarded as noise.
Since uninformative predictors can increase variances without informing much
about the true signals, we may end up throwing away the signals, while keeping

the noise, in the case of larger models.

Bai and Ng (2008) use the elastic net, proposed by Zou and Hastie (2005) as
an extension of the LASSO, as their automated variable selector. They show
that some smaller models with the selected variables clearly outperform larger
models that incorporate all the variables in the data set. They explain their

results using the argument made by Boivin and Ng (2006).

We see that we can interpret the results in Bai and Ng (2008) differently. |
Throwing ‘away some predictors can reduce the variances of its estimated co-
efficients as well as its forecasts. This is similar to fixing the coefficients in
front of the thrown away predictors at zeros. If we choose correctly to throw
away the uninformative predictors, this will not affect the expected value of the
forecast but will reduce its variance, and may help improve the out-of-sample

forecasting performances in any experiment with repeated sampling.



4. Shrinkage Estimation of Vector Autoregressive Models 117

Our bias-variance tradeoff argument is more general as it does not depend on
the mechanism specific to the principle components regression. In this way,
we think that results as in Bai and Ng (2008) can be generalized to the case of
VARs as well. Consider a VAR with long lags. It is hard to believe that all the
lags included into the model are informative in predicting the endogenous vari-
ables. We see that this explains the impressive performances of the Bayesian
VAR with Litterman prior over the unrestricted OLS VAR as recorded in the

literature. See, for example, Litterman (1986) and Robertson and Tallman

(1999).

Here, we want to study the forecasting performances of Bayesian VAR, with
Litterman prior in comparison to some selected shrinkage estimators. We
are interested in Bayesian VAR with Litterman prior because it is a popu-
lar framework in macroeconomic forecasting for central banks and interna-
tional organizations around the world. See, for example, Doan et al. (1986),
Ciccarelli and Rebucci (2003), and Zha (1998). Recently, Baribura et al. (2008)
demonstrate that it is possible and satisfactory to incorporate a large set of
epdogenous variables with long lags into the model. This will expose the

framework to an even wider range of applications in the future.

We choose the LASSO, the elastic net, and a procedure that uses LASSO as
the variable selector as our selected alternatives. Note that Hsu et al. (2008)
apply the LASSO as a subset selection method on VAR before. However, we
are interested in the forecasting performances of its estimates in comparison
with the Bayesian VAR here. To motivate our interest, we first note that there
is a close relationship between the Bayesian VAR with Litterman prior and the
ridge regression, which is a well-known shrinkage regression. We demonstrate

this relationship in Section 4.2. This means some shrinkage estimators that



4. Shrinkage Estimation of Vector Autoregressive Models 118

outperform ridge regression in the literature may outperform Bayesian VAR

with Litterman prior as well, when applied to the VAR.

Tibshirani (1996), while proposing the LASSO, employs a simulation study to
show that if the true (unknown) coefficients of a model are composed of 1)
a lot of zeros and just a small number of large values, or 2) a few zeros and
a moderate number of moderate-sized values, LASSO can outperform ridge
regression in out-of-sample prediction. Later, Zou and Hastie (2005) show that
the elastic net can further improve the predictive performances of the LASSO.
- We modify the LASSO and the elastic net to make them take into account the
decaying effects of lagged variables. This enables similar treatment on lagged
variables as in the usual Bayesian VAR. The modification will be explained in

more details in Section 4.3.

The simulation study in Tibshirani (1996) assumes ii.d. and exogenously
given predictors. This is not the case for a VAR. In Section 4.4, we perform a
simulation study that uses some VARs as the true models. Our study generany
confirms the results in Tibshirani (1996). However, we do not see the difference
in performances between the LASSO and the elastic net. In one case study, we
also use a VARMA(1,1) as the true model. Under this case, the application of
Bayesian information criteria to the unrestricted VAR outperforms all of the

shrinkage estimators under the range of parameters considered.

In Sectioﬁ 4.5, we employ all the aforementioned techniques to the real Us
data set obtained from Stock and Watson (2005). There are 3 endogenous .
variables, with 13 lags in the VAR model that we consider. Even though we
do not see a big improvement of the forecasting performances, the application
of LASSO von the VAR tends to dominate the Bayesian VAR with Litterman

prior for most of the forecast horizons considered. It also clearly demonstrates
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the problem of redundancy in the VAR. Section 4.6 concludes the paper.
4.2 Bayesian VAR and Ridge Regression

The Bayesian VAR can be applied to nonstationary time series. See, for ex-
ample, Litterman (1986), Robertson and Tallman (1999), or Banbura et al.
(2008). However, to make the relationship between Bayesian VAR with Lit-
terman prior and the standard ridge regression explicit, we consider only sta-
tionary time series here. This also makes it convenient as we can demean the

series without loss of generality. The results of the study, however, can be

generalized to nonstationary time series.

Let Y; = (y1t, ..., Ynt)’ be an x 1 vector of n stationary and demeaned endoge-

nous variables in period ¢. We consider the VAR relationship given by:
Vi=AYia+AY, o+ . +AY, ,+ U, (4.1)

where A;,7 = 1,...,p, is a n X n matrix of unknown coefficients, and U; =
(uigy .-y Unt)’ is @ n x 1 vector of unknown disturbances. We assume that:

U, ~iid. N(0, ),

nxl nxl nxn

where 0 is a vector of zeros, and the time-invariant matrix ¥ is a positive

definite matrix.

‘Let X; = (Y/,,...Y,_,) be anpx1 vector containing p lags of 3, and T be
a scalar representing the total number of observations (Y3, X;). Upon setting

t = 1 for the first observation, i.e. assuming history starts at time 1 — p, we
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can rearrange the VAR from (4.1) into:
Y =XB+U, (4.2)

where Y = (Y3,...,Yr) is the T x n matrix of dependent variables, X =
(X1, ..., X7) is the T x np matrix of independent variables, B = (Ay, ..., Ap)
is the np X n matrix of unknown coefficients, and U = (Uy,...,Ur)’ is the
T x n matrix of disturbances. Let u be the vector obtained from stacking the
columns of the disturbance matrix U from (4.2). The above assumption on U,

is equivalent to:

u ~N( v e I),
Tnx1 Tnx1 nxn TxT

where ® denotes the Kronecker product, and I is an identity matrix.

With the seemingly-unrelated-regressions (SUR) structure, the efficient esti-

mator for B is the same as an unrestricted OLS estimator, which is:
Bl = (X'X)71X'Y. (4.3)

We use B i =1, ...,n, to represent the i-th column of the estimate B©) =

(BC) | BY*)), and Y; = (yir, ..., vir)’ to represent the i-th colgmn of the

matrix of dependent variables Y. The estimator in (4.3) implies:
BE — (X' X)X, (4.4)
We know that the estimator in (4.4) is consistent:

VI(B™ ~ B ) % N( 0,0} plim(T - (X'X)™)),

npx1 npxl npxnp

where o2 is the (i,1)-th element of the covariance matrix ¥. This implies that
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with large enough number of sample observations 7', we can approximately

treat B as:

B ~ N( B; ,o2(X'X)™). (4.5)
npx1 npx1

The unrestricted OLS estimator (4.3) or (4.4) is not defined when the number
of independent variables np is higher than the number of observations T'. This
is because X’X becomes a singular matrix. Even when the OLS estimator is
well defined, a large value of np or strong multicollinearity between variables
in the matrix X will increase the variance of the estimate B{*”. We expect

shrinkage regressions to help ameliorate these problems.

4.2.1 Bayesian VAR with Litterman Prior

Bayesian VAR with Litterman prior is a popular shrinkage regression in macroe-
conomic forecasting. See, for example, Ciccarelli and Rebucci (2003) and
Doan et al. (1986). The method assumes each unknown coefficient of the
model (4.1) to admit Litterman prior distribution. The sample observations
are, then, used to update this distribution according to Bayes’ law. We fol-
low Kadiyala and Karlsson (1997) and Baribura et al. (2008) to put a modified
version 6f Litterman prior as our prior distribution. From now on, when we
refer to Bayesian VAR, we mean the method described in this section. Since

only the posterior mean is used in forecasting, we will focus on this estimate

only.

Let b = vec(B) be a n?p x 1 vector obtained from stacking columns of the

matrix of coefficients B in (4.2). We assume that the vector b has a Normal-
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(Inverted)-Wishart distribution, given by:

b |U ~N(b ,¥e@@/X)). Q) and U~ iW (Y ,¢),
nxn nxn

n2px1l nxn n2px1 nxn npxnp

where b is the prior mean value of vector b, A®¥") ig a scalar parameter
determining the overall tightness of prior distribution around mean, € is the
matrix of parameters determining prior variance of b, U is the prior mean value
of the covariance matrix ¥, and ¢ is the degree of freedom of the inverted-

Wishart distribution.

We choose parameters of the prior (f), Q, \i!, ¢) to make it match the modified
Litterman prior. With stationary and demeaned variables, the prior mean of

the vector of coefficients is set at b = O(nnx1)- The matrices U and Q are at:
¥ = diag(o?, ..., 02),

and

& g 1 11 11 1
= diag 1"-0%’""1"-0?,’2"-af’""2"-a?,""’p"-af’m’p”-oﬁ ,

(4.6)

where 7 is another parameter of the model determining the decay rate of effects
of lags. The degree of freedom is set at ¢ = n + 2 to make prior mean and

variance be E(b) = b and var(b) = ¥ ® (1/A®¥)) . Q, respectively.

Recall that we define the matrix of unknown coefficients in (4.2) as B =

(A1, ..., Ap). The variance of prior distribution var(b) = ¥ ® (1/A¢t*)y. O
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implies:

apeD) ey g,

I y

var((A)y] =
(bvar)y g2 L.,
COE=%, ifi#j,
where (A;);; is the (4, j)-th element of the [-th lag coefficient matrix A;,l =
1,...,p. This is suggested by Litterman (1986). We can see that A(t*3") deter-
mines the overall magnitude of prior variance of each coefficient (A;);;. The
term [" is added to reflect the declining effects of lagged variables. The ra-

tio (67/07) is used to adjust the difference in units of measurement between

different variables i and j.

The posterior mean b®an)  which we will use as the Bayesian VAR estimate,

is obtained from stacking the columns of the matrix B®") given by:
B(bvar) - ()\(b"‘")fZ"l + XIX)_IXIK

Let B be the i-th column of the estimate matrix B¢ The estimator

of B™™ can be written as:
B = et 4 X' X)X (4.7)

When the OLS estimator in (4.4) is well defined, the estimator in (4.7) is the .

same as:
Bng‘uar) _ (A(bvar)ﬁ—l + X’X)_I(X,X)BEOIS) . (4.8)

It is clear from (4.8) that the (Euclidean) norm of this estimate is shorter than

that of the OLS estimate, || B**”|| < || BS))].
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Baribura et al. (2008) show that Bayesian VAR helps avoid the problem of
undefined OLS estimator, when the number of independent variables np is a
lot larger than the number of observations T'. Even when the OLS estimator is
well defined, Litterman (1986), Robertson and Tallman (1999), and our pre-
vious chapter, for example, show that Bayesian VAR clearly outperforms the

unrestricted OLS VAR in out-of-sample forecasting.

4.2.2 Ridge Regression

Ridge regression was originally introduced by Hoerl and Kennard (1970) to
deal with the problem of singularity of the matrix X’X in an OLS regression.
However, we can look at it as a regression that imposes a penalty on the size

of the estimated coefficients as well. The ridge regression estimate B{™ can

be defined as:

B = argmin { (Y~ XB) (Y~ XB) + XV(BB)},  (49)

B;eRmP

where A > 0 is the ridge parameter that penalizes larger Ly norm of the

estimate B{™.

The ridge regression estimator of Bf'r) is:
BI = (A 4 X’X)“X’Y,-, ' (4.10)
or:
BI = (A1 4 X'X) (X' X)BE,

when the OLS estimator in (4.4) is well defined. It is well known that even
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though the ridge regression estimator shrinks each estimated coefficient toward
zero, it does not put any at exactly zero. The ridge regression estimate is not
invariant under scaling of the independent variables. This can be seen from
our proof of Proposition 4.2 in the next section. In practice, the independent

variables are usually standardized before being applied with ridge regression.

In the static regression context, there is ample evidence that the ridge regres-
sion outperforms OLS in out-of-sample forecasting. This is explained using
the well-known bias-variance tradeoff in statistical decision theory. See Chap-
ter 2 of Hastie et al. (2001) for more details on the topic. This bias-variance
tradeoff can not be written explicitly for the case of VAR. However, we expect
~ that similar logic should be applicable. Accordingly, shrinkage regressions, like
ridge, tend to work well under the conditions that 1) the norm of the true un-
known coefficients || B;|| is not too large, 2) there is a strong multicollinearity
between independent variables, and 3) the number of observations T is not

too large in comparison with the number of independent variables np. We see

that these are all relevant to the VAR.

4.2.3 Bayesian VAR as An Augmented Ridge Regression )

We want to show a close relationship between Bayesian VAR and ridge regres-
sion in this section. We start from our first observation that the estimator

(4.7) can be seen as the solution of the optimization problem:

B®* = argmin {(Y,- — XB)(Y; — X B;) + A\¢ven) (B;Q—IB.-)} . (411)
B,',ER"P

‘We state this as our first result:
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Proposition 4.1 The posterior mean of Bayesian VAR with modified Litter-

man prior is the solution of the optimization problem (4.11).

Proof. The first-order condition of the problem (4.11) is:

—2X'(Y; — XBi(lmar)) + 2A(Wa'l‘)ﬁ-lB§b’uar) -0,

()\(bvar)ﬁ—l + XIX)Bi(b’Ua"‘) — Xl}/i’

which yields the estimator of B asin (4.7). m
Proposition 4.1 sees Bayesian VAR as a regression that penalizes weighted sum
of the squared size of the coefficients. This is the reason that Bayesian VAR,

like ridge regression, usually does not put any estimated coefficient at zero.

Next, define gf‘;? T = B?‘ )'XT+1. as the period T+ 1 forecast from a regression
p given information up to time T, where X7, = (Y7, ..., Y7_,,,)" be thenpx 1
vector of all endogenous variables from period T'—p+1 to period T. Let X* =
X2 be a matrix of scaled independent variables, and X3 41 = QY2 X1, be
the corresponding scaling of the vector Xr,;. Our next result says that the‘
ridge regression forecast of period T + 1 using X* and X3} 41 is exactly the

same as the Bayesian VAR forecast of the period using X and Xr4;.

Proposition 4.2 Provided that A\ = At the Bayesian VAR forecast

gf?f}n. is ezactly the same as the ridge regression forecast QETTTE'_"”T = B Xz, 1
where:

BI* = (A 4 XY X)X
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Proof. The estimator of B{™* can be re-written as:

BI* = (A1 4+ XX TIXTY;,
— (Ql/2)\('r1‘)ﬁ—lﬁl/2 + Ql/lexﬁ1/2)—lﬁlf2xly;’
— Q—l/2(/\(lrvar)s"-'z—l + X,X)—IX,},,',
— Q_l/zégbvar)'

Since we have X7,, = QY2 X141, B,-(")* = QY 2B§bwr) implies @,g;}..‘ur =

Bi(buar)lfz—l/2ﬁl/2XT+l — A'E?Il')fl)ﬁ' -

If the parameter 7 in the matrix  from (4.6) is set to be m = 0, the. trans-
formation X* is actually the standardization of X. Since it is common in
the literature to standardize the matrix X before applying ridge regression,
Proposition 4.2 tells us that our Bayesian VAR with m = 0 will just produce

the same forecasts as ridge regression under the standard practice.

However, it is common in application that 7w is set at # = 1 or # = 2. See,
for example, the settings in Robertson and Tallman (1999), Barbura et al.
(2008), or Kadiyala and Karlsson (1997). This may cause some differences in
the forecasts between the standard practice of ridge regression and Bayesian

VAR. We develop a relationship between these two in the following.

Let S = diag(1/0y,...,1/04;...;1/01,...,1/0,) be the standardization matrix,
and W = diag(1™,...,1™;...;p",...,p") be the weight matrix. It is easy to
see that X® = XS is the matrix of standardized independent variables, and
W-152 is equal to the parameter ) of Bayesian VAR. Define the augmented

ridge regression estimator B,?“") as the solution of the optimization:

BC™ = argmin { (Y: = X°B)) (Y; — X°By) + A (B;WBi)} - (412
.éiER"P
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We have that:

Corollary 1 Given that A7) = X7 the qugmented ridge regression fore-

cast ﬁi(:lTr:r)”T = Bl Xz, +1 s ezactly the same as the Bayesian VAR forecast
~(bvar)
Yir4117

Proof. From Proposition 4.1 and the proof of Proposition 4.2, we have:

BE = e+ XXXy,
= (SACMIWSS + SX'X )T SX'Y,,
=S (A0t 4 X' X)X,
_ S~IB§MGT).

Then, the statement of the corollary follows. m

Problem (4.12) can also be seen as applying Bayesian VAR with parameter
Q=w- to the standardized independent variables. Note that since we
use an iterative process in generating forecasts for other forecast horizons,

Proposition 4.2 and Corollary 1 can be applied to these forecasts as well.

4.3 LASSO and the Elastic Net

43.1 LASSO

Since ridge regression usually keeps all' coefficients nonzero, it is criticized be-
cause 1) it does not create a parsimonious model in comparison to OLS, and
2) it may generate huge prediction errors if the matrix of true (unknown) coef- .
ficients is sparse. The technique called LASSO (Least Absolute Shrinkage and

Selection Operator), proposed by Tibshirani (1996), can avoid these problems.
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The LASSO estimate B!**** can be defined as:

B9 — argmin {(n - XB)Y(Y;— XB)) + Aﬂm)ué,.h} : (4.13)
EiE]R"P

where |Bj|y = P |b;i| denotes the L, norm of the vector B;, while bj;,j =

1,...,np, is the j-th element of the vector B;. The estimate B*** sets some

coefficients at zeros, creating a parsimonious model. Unfortuna.tely;there is

no closed-form solution for the problem (4.13) in general.

A closely related definition of the LASSO estimate to (4.13) is:

Bl = argmin(V; — XB,)(Y; — X By), (4.14)
EiER"P ‘

subject to |E|1 < gllasso)

where 002559 ig a scalar governing the size of the L; norm of the LASSO
estimate B{***. These two definitions are equivalent; that is, for a given
Alasso) g < \(as50) < og there exists a 80255°) guch that the two definitions
share the same estimate (Osborne, Presnell, and Turlach, 2000b). It is a lot

more convenient for a computational algorithm to use (4.14), as it can check

for the magnitude of the L, norm of B?"”") easily.

There are various methods to solve for the LASSO estimate.' See Schmidt
(2005) for a survey on these methods. We use the algorithm called LARS-
LASSO here. To solve for the LASSO estimate, first note that the estimate

BY**) solves the necessary condition:

2X'(Y; _ XBﬁ(lassO)) — A(lasso)s(lasso)’ (4'15)

where E0299) = (¢, ..., &)’ is of the following form: & = 1 if Byf”") > 0,
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& = —1if b < 0, and ¢ € [~1,1] if B***” = 0; while b{***” is the j-th
element of the LASSO estimate B{***. Observe that according to (4.15), if
X; and Xy are the j-th and k-th variables in the matrix X (the j-th and k-th

columns) with i)g-lia”"), Blas=°) £ 0, we have:

1 X3(Y; — X B = | X4(Y; — XBIe*?)| = |\lasso) /g (4.16)

LARS (Least Angle Regression) is a model selection algorithm, proposed by
Efron et al. (2004), which adds a variable into the “active set”, denoted by A,
one-by-one. Let ﬁ 4 be the current forecast of Y; according to the active set
A, and & = X[(Y; — )7,3 A) be the inner product between the j-th variable X;
and the current forecast error. Starting from an empty active set A = ), the
variable that possesses the highest absolﬁte value |é;| will be added into the
active set A first. After that, LARS generates forecast in the direction that
equates |&;| of variables j in the active set to the absolute value |é| of the

newly added variable k. This means the variables j in the active set A share

the same value of |&;|.

The LARS-LASSO algorithm is a modification of LARS that uses the con-
dition (4.15) in determining the signs of the nonzero estimated coeflicients.

Accordingly, we have:
sign(X}(Y; — X B{***?)) = sign (), (4.17)

for any nonzero estimate Egli“”o) # 0, and a positive penalty A(2**9) > 0. LARS-
LASSO uses the constraint in (4.14) as its stopping condition. See Appendix E
for more details about LARS and its LARS-LASSO modification.

The simulation study in Tibshirani (1996) shows that LASSO performs much‘
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better than ridge regression if the vector of true (unknown) coefficients B;
possesses 1) a lot of zeros and a small number of large values, or 2) some
zeros and a moderate number of moderate-sized values. LASSO is also shown
in Zou and Hastie (2005) and chapter 3 of Hastie et al. (2001) to outperform

ridge regression in real applications using biological prostate cancer data.

4.3.2 The Elastic Net

Zou and Hastie (2005) provide three scenarios that make the implementation

of LASSO inappropriate:

(1) If the number of independent variables is higher than the number of

observations N > T, LASSO can select at most T variables.

(2) If there is a group of variables with very high pairwise correlation, LASSO
tends to select only one variable from the group and does not care which

one is selected.

(3) In an empirical assessment, if there is high multicollinearity between

independent variables, LASSO is usually dominated by ridge regression.
All of these are relevant to our study.
Zou and Hastie (2005), hence, propose the elastic net that combines the LASSO

and ridge penalties. The naive version of the elastic net estimate B{"*™ can

be defined as:

B™™ = argmin {(n — XB)'(Y; — XB:) + \|By|, + ,\ge">(f3;1§i)} . (4.18)
e | .

However, this naive version tends to over-shrink the estimated coefficients in

many empirical examinations. The elastic net estimate B is therefore de-
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fined as:
B = (14 ) B (4.19)

Generally, there is no closed-form solutions for the problem (4.18).

The elastic net is shown to outperform LASSO in various simulations and
emf)irical studies. These also include the cases when LASSO dominates ridge
regression. This finding may not be surprising, however, if we allow the param-
eter A¥™ to be very close to zero. It means the elastic net considers LASSO

forecast as one of its options.
Problem (4.18) can be transformed into another problem similar to (4.13) of
LASSO. First, define some artificial variables as follow:

X }/z (en)
Xt = (1+2)12 Yt = , and § = — 21

’

VAL (1 1+ AEM

Next, let Bi" = (14 AF™)Y/2B; be an artificial vector of coefficients, and B;"

be the solution of the problem:

~

Bf = argmin {(Y;* — X*Bf)(Y;" — X*Bf) +6|Bf.}.  (4.20)

B} eRnr

Straightforward calculation shows that the naive elastic net estimate is B§"°") =

(1+A™)=1/2 B+ Hence, the elastic net estimate B{™ can be written as:

BEM = 1+ A2 B} (4.21)

Solving for B; from the problem (4.20) is exactly the same as solving for the
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LASSO estimate B from the problem (4.13). Zou and Hastie (2005) pro-
pose applying LARS to the problem (4.20) and adjust the estimate according
to equation (4.21). This process is called LARS-EN.

4.3.3 The Modified Elastic Net

We are interested in applying different weights of thé coefficients into the elastic
net. As seen in section 4.2.3, this will allow us to standardize the independent
variables as well as putting unequal effects to different-lagged variables. We
define the modified naive elastic net estimate Bi(m"e") as the solution of the

optimization problem:

Fmmen) (Y; — XB;Y(Y; — XB;)

= argmin ~ _ o , (4.22)
BicRrr ATV B + AT (B B;)
and define the modified elastic net estimate B,-(me") as:
B.(men) — (1 + /\gmen))Bgmnen). . (423)

Note that if we have A{™™ = 0, the modified elastic net estimate can be seen

as the modified LASSO estimate as well.

To implement our modified elastic net, let X* = X (/2 be the matrix of scaled

independent variables as in the previous section. Next, following Zou and Hastie

(2005), define:

X Y;
X+ = (1 + Agmen))—lﬂ —

/ Agmen) Inp ) Onp
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and
(men)
)\ 1

/1 + }\gmen)

Construct another artificial vector of coefficients B+ = (1+A{™™)1/2Q-1/2 ;.

0=

Then, proposition 4.3 follows:

Proposition 4.3 Let B;’ * be the solution of the problem:

Birt = argmin {(¥;" — X* BIY(Y - X B+ 8B}

B} terre

The modified elastic net estimate B,(me") 1§ given by:

B = (1.4 2202 B

Proof. Substitute B = (1-+A"™)/20-1/2 B, into the optimization problem
and multiply the matriées. The problem will turn into problem (4.22). Hence,
the modified naive elastic net estimate is Efmne") =1+ ,\g'"e"))-l/ 2012 B+
and the modified elastic net estimate as stated in the proposition. m

Proposition 4.3 implies that we can use LARS-EN to implement our modified

elastic net as well.
4.4 Simulation Study

Ideally, we should generate a large cross section of time series, apply the menus
of above methods on each time series, and average the results across all time’
series. In that way, if a small number of series happen to possess unusual
features, averaging across a large number of series will make their effect neg-

ligible. However, this practice is very costly in this study. This is because
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we have to determine parameters of various regressions for each of them. The
process we use to determine these parameters, which will be explained more
clearly below, involves grid searches that compare out-of-sample performances

of various parameter values in a test period. It takes time to determine each

parameter of each regression.

Here, to remedy this problem, we use the time dimension instead. With each
data generating process, we simulate only one time series. However, we simu-
late a large number of observations for this series. We next apply on the series
the rolling window procedure usually used in empirical studies with real data.
In the procedure, we consider a sub-period of the series each time. The next
sub-period is made different from the current sub-period by adding in some
new observations outside the current sub-period and deleting out some obser-
vations inside. We then average the results across these sub-periods. Since the
generated data are stationary, we see that the problems from strange features

in this exercise should be minimal.

We employ 3 data generating processes, each of which will be explained later.
With each data generating process, we generate 1,800 observations of n = 3
endogenous variables, starting from a (13 x 3) matrix of zeros (Resulting in
totally 1,813 observations). The same set of errors is used in each process. To
minimize the effect of the initial condition, we discard the first 560 observa-~
tions. This leaves 1,253 observations of n = 3 endogenous variables in each
data set. The first 253 observations will be used as the pre-evaluation period,

and the remaining 1,000 as the evaluation period.

For notational convenience, we also use Y: = (1, Y2, yat)', t = 1,...,1253 to
denote our simulated series. We apply all the methods explaihed in previous

sections to each simulated data set. We consider 4 forecast horizons, h €
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{1,3,6,12}, and 3 decay rates of effects of lags, 7 € {0,1,2}. The order of

VAR in each regression is fixed at p = 13. We use the unrestricted VAR as

our benchmark regression.

In addition to the regressions we described so far, we also add two additional
procedures. First, we apply variable selection using Bayesian information crite-
ria (BIC) to the unrestricted VAR. This is for comparison purposes. We figure
out the BIC of the‘unrestricted VARs with 1 to 13 lags of every endogenous
variable. The model with the smallest BIC value will be chosen. Second, we
combine LASSO and Bayesian VAR together. Since some previous simulation
studies show that ridge regression applies a more suitable level of shrinkage to
the case of non-sparse matrix of true (unknown) coefficients, the practice of
using LASSO as the variable selector and applying the shrinkage of Bayesian

VAR may outperform applying Bayesian VAR alone.

Let Yr(ﬁ,:',)f = (37§“ T’fr)hh gjg’,ﬂ)hlf)’ denote the h-steps ahead forecast from period

7, obtained from the regression p with the decay rate of lags m. The one-step
ahead forecast is computed from:

O () _ 21(78

Yo = X;+1B(” ™.
For horizons h > 1, we use the iterative process to produce the forecasts. Since
we have h < p, we can recursively construct a matrix of independent variables

Xf'i:l)f according to:

el 9, L] C 'y ,
X0 = (G VYL Y,

using the forecasts ?r(iﬂl]r’ ey }77(11’;3, and the observations Y;, ..., Y 4p—p. The
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point estimate of the h-steps forecast, then, is computed from:

Oy () B(pm
Y‘r+h|‘r - X‘r+h|‘rB(” )
We use }A’T(_?_)h'r to denote the h-steps ahead forecast from the benchmark unre-

stricted OLS VAR.

The observations from ¢ = 254 to ¢t = 1253 (1,000 observations) are used as
our evaluation period. Let 75 = 254 and 73 = 1253 denote the first and the

last observations of the period. For a given forecast horizon h, we compute

forecasts }A’T(i,fll in each period 7 = 19—h, ..., 7;—h (1,000 times), using the most

recent 120 observations (Rolling scheme, 120 observations). That is we start
by using the observations from ¢t = 75 — h — 120 to t = 79 — h to estimate the

regression p and construct the forecast /%™

r(olm—h' Next, we use the observations

fromt =1 —h—119tot = 79 — h+ 1 to again estimate the regression p

and construct the forecast Kﬁﬁm—h +1- We repeat this process until we get all

1,000 forecasts for each regression.

The forecasting performance of each forecasting method is measured in terms
of Mean Squared Forecast Error (MSFE). For a regression p with parameter

7 and forecast horizon h, we have:

1 n1—h

(um) _ )
MSFEi,h - n—T0+1 T_;h (yz,‘r+h yi,r+h|r) )

where 7 indexes the variable of interest, and ﬁf‘;ﬂlf is the forecast for the

i variable, which can be taken from the vector Yr(i,:?f In this simulation

study, we are interested in forecasting all 3 endogenous variables. This means

i=1,2,3.
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We report the MSFE of each regression relative to the benchmark regression.

That is, we report the Relative MSFE (RMSFE), given by:

MSFE%™

RMSFE®™ = :
" MSFEY

A number smaller than one for RM S FEi(,‘,‘l’") implies that the regression p with

parameter 7 performs better than the unrestricted OLS VAR.

The parameters A(#) of a regression p are chosen from out-of-sample perfor-
mance in the test period. This test period covers the observations from ¢t = 134
tot = 253 (120 observations). f‘or the Bayesian VAR, we select the parameter
A®vr) that minimizes the sum of RM S’FEé"h’”) of all 3 endogenous variables in
our test period. We refer the readers to our previous chapter for more details
of this selection procedure. For the modified LASSO, we cannot choose the
value of parameter A(2%) directly. This is because the LARS algorithm, which
we use to implement LASSO, does not allow us to do so. We hence select the
ratio s(@ss9) = \B,f’“”")\l / thozs) |1, and fix it in our evaluation period instead.
This means we set §(ess0) = s(tess0)| )|, in each date. We set up a grid of 90
values, ranging from 0.01 to 0.90, to search for the ratio s(2*°) that minimizes

the sum of RM SFE,ff‘,:") of all 3 endogenous variables in the test period.

Similar to the modified LASSO, we cannot directly choose the parameters
Almem) and A{™™*™ | We instead choose and fix the ratios s*) = |B®)|, | BE),,
k = men, mnen. In searching for the pairs of parameters (s(™"") ,\g'""e")) and
(s(mem) ™M) for our modified elastic nets, we set up a grid of 420 pairs
of values. This results from the Cartesian product of a set of 21 values of
s k = men, mnen, fanging from 0.10 to 0.90, and another set of 20 values of

A®) k= men, mnen, ranging from 0.001 to 500. We use the same criteria in
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choosing the parameters. For the combination of LASSO and Bayesian VAR,
we select variables using LASSO with its associated s(%**) first, and select the

parameter A(¥%") again under the model with selected variables only.

In all of the following, it turns out that the out-of-sample performances of our
modified elastic net (MEN) are usually outperformed by either the LASSO or

the modified naive elastic net (MNEN). Hence, we do not report its results.

4.4.1 Simulation 1

In this simulation, we generate the data according to the VAR in (4.1):
Y; = BOY'X, + U,, where U; ~iid. N(0,¥6Y), (4.24)

With data described in Section 4.5, we first estimate the unrestricted OLS
VAR of order p = 13 with 3 endogenous variables, using the whole data set.
Next, with a 5-percent significant level, we recursively eliminate insignificant
estimates one-by-one, until there is none of them left. The resulted matrix of
coefficients is used as BV, and the estimated covariance matrix as U1 in
(4.24). These matrices are shown in Appendix F. Our matrix B! contains

a lot of zeros, with the absolute values of non-zero elements between 0.03 and

0.55.

Table 4.1 reports the parameters from grid searches for various regressions. It
also reports the associated sums of RM SFE,.(,',‘;") of the 3 endogenous variables
during the test period. For each regression, the first column contains the
parameter(s), while the second column the sum of RM SFEg,‘,’"). For each
regression and each forecast horizon h, the bold-faced numbers indicate the

smallest sum of RM SFEZ.(,",L’”) across the decay rates . That is, for example,
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Table 4.1: Parameters from grid searches, Simulation 1

BVAR LASSO LASSO4+BVAR MNEN
(bvar) (lasso) s(laaso)’ sUmmnen) ;

A sum s sum A(bvar) sum Ag’""‘") sum

h=1 156.25 2.299 0.20 2.185 | 0.20, 118.15 2.284 0.22, 0.10 2.185

T=0| h=3 287.27 | 2.249 0.20 2.192 | 0.20, 173.13 2.234 | 0.38, 1.00 2.192
h=6 369.82 | 2.349 0.21 2.280 | 0.21, 177.78 | 2.317 | 0.22, 0.05 2.280

h=12 | 516.563 | 2.656 0.16 2.559 | 0.16, 198.37 | 2.611 | 0.18, 0.10 2.559

h=1 39.06 | 2.220 0.19 2.165 | 0.19, 27.41 2.195 | 0.18, 0.001 | 2.166

=1} h=3 45.65 | 2.246 0.21 2.196 | 0.21, 29.54 2.223 | 0.22, 0.05 2.196
h=6 53.28 | 2.359 0.18 2.294 | 0.18, 26.85 2.340 | 0.18, 0.001 2.294

h=12 94.26 | 2.670 0.16 2.568 | 0.16, 24.03 2.641 | 0.18, 0.10 2.569

h=1 11.81 | 2.221 0.17 2198 | 0.17, 10.61 2.222 | 0.14, 0.001 2.199

m=2| h=3 8.60 | 2.256 0.17 2.220 | 0.17, 7.00 2.252 | 0.18, 0.001 2.221
h=6 8.75 | 2.371 0.17 2.315 | 0.17, 5.86 2.358 | 0.18, 0.001 2.316

h=12 23.11 | 2.680 0.16 2.597 | 0.16, 9.47 2.672 | 0.18, 0.001 2.599

in the case of Bayesian VAR the decay rate m = 1 yields the smallest RMSFE

for the forecast horizons h = 1,3, and the decay rate = 0 for the horizons

h=6,12.

One interesting feature of Table 4.1 is that given a forecast horizon h, when the
decay rate of lags 7 is higher, the grid search for each regression usually yields
parameter(s) associated with smaller penalty on the magnitude of the estimate
B§“ ). For example, given the horizon h = 1, the parameters of Bayesian VAR
A®var) are at 156.25, 39.06, and 11.81, when the decay rate 7 are at 0,1, and
2, respectively. Our grid search yields parameters that try to offset the decay

rates on the effects of lagged variables.

Using the parameters reported in Table 4.1, the out-of-sample RMSFEs of each
regression in the evaluation period are shown in Table 4.2. For the LASSO, the
‘combination of LASSO and Bayesian VAR (LASSO-+BVAR), and the modified
naive elastic net (MNEN), we also report the average numbers of variables
selected during the evaluation pel;iod (1,000 estimations). These numbers are
reported in the column naméd “no. var”. The bold-faced numbers in each
column are those that on average perform best across the values of the decay

rate 7 for each forecast horizon h.



4. Shrinkage Estimation of Vector Autoregressive Models 141
Table 4.2: RMSFEs of different regressions, Simulation 1
=0 VAR+BIC | BVAR LASSO LASSO+BVAR MNEN
RMSFE | RMSFE | RMSFE no. var | RMSFE no. var | RMSFE no. var
varl © 0.838 0.784 0.760 10.30 0.777 10.30 0.760 10.31
h=1 var2 0.936 0.865 0.887 13.14 0.875 13.14 0.887 13.15
var3 1.004 0.832 0.841 10.87 0.828 10.87 0.841 10.88
average 0.926 0.827 0.829 0.827 : 0.829
varl 0.867 0.837 0.799 10.32 0.829 10.32 0.801 9.74
h=3 var2 0.913 0.849 0.871 13.14 0.865 - 13.14 0.871 12.73
var3d 1.016 0.842 0.845 10.87 0.845 10.87 0.850 10.44
average - 0.932 0.843 0.838 0.846 0.841
varl 0.817 0.810 0.791 11.00 0.818 11.00 0.791 10.98
h=6 var2 0.880 0.839 0.856 13.66 0.843 13.66 0.856 13.63
var3 1.051 0.893 0.884 11.35 0.886 11.35 0.884 11.33
average 0.916 0.847 0.844 0.849 0.844
varl 0.822 0.840 0.830 7.76 0.839 7.76 0.830 8.01
h =12 var2 0.840 0.847 0.850 10.77 0.848 10.77 0.850 11.02
var3 0.985 0.923 0.904 8.81 0.908 8.81 0.903 8.98
average 0.882 0.870 0.861 0.865 0.861
=1 VAR+4+BIC | BVAR LASSO LASSO+BVAR MNEN
RMSFE | RMSFE | RMSFE  no. var | RMSFE no. var | RMSFE no. var
varl 0.838 0.753 0.743 13.00 0.754 13.00 0.741 12.30
h=1 var2 0.936 0.846 0.860 14.19 0.854 . 14.19 0.863 13.66
var3d 1.004 0.865 0.825 11.66 0.849 11.66 0.829 11.10
average 0.926 0.821 0.809 0.819 0.811
varl 0.867 0.785 0.772 14.35 0.777 14.35 0.771 14.35
h=3 var2 0.913 0.850 0.862 15.18 0.850 15.18 0.862 15.18
vard 1.016 0.865 0.831 12.71 0.854 12,71 0.831 12.71
average 0.932 0.833 0.821 0.827 0.821
varl 0.817 0.791 0.774 12.33 0.783 12.33 0.774 12.32
h=6 var2 0.880 0.844 0.856 13.66 0.846 13.66 0.856 13.65
var3 1.051 0.909 0.889 11.10 0.900 11.10 0.889 11.09
average 0.916 0.848 0.840 0.843 0.840
varl 0.822 0.835 0.828 10.91 0.838 10.91 0.829 11.17
h =12 var2 0.840 0.846 0.851 12.53 0.857 12.53 0.851 12.81
var3 0.985 0.937 0.891 10.01 0.896 10.01 0.890 10.27
average 0.882 0.873 0.857 0.863 0.857
T=2 VAR+BIC | BVAR LASSO LASSO+BVAR MNEN
RMSFE | RMSFE | RMSFE no. var | RMSFE no. var | RMSFE  no. var
varl 0.838 0.746 0.752 15.71 0.745 15.71 0.744 13.77
h=1 var2 0.936 0.861 0.861 15.97 0.864 15.97 0.866 14.40
var3 1.004 0.916 0.839 13.58 0.919 13.58 0.853 11.86
average 0.926 0.841 0.817 0.843 0.821
varl 0.867 0.758 0.765 15.72 0.757 15.72 0.767 16.33
h=3 var2 0.913 0.857 0.864 15.97 0.858 15.97 0.863 16.43
var3 1.016 0.897 0.845 13.58 0.908 13.58 0.843 14.14
average 0.932 0.838 0.825 0.841 0.824 ]
varl 0.817 0.776 0.772 15.73 0.772 15.73 0.774 16.34
h=6 var2 0.880 0.849 0.853 15.97 0.852 15.97 0.853 16.43
var3 1.051 0.929 0.883 13.58 0.927 13.58 0.880 14.13
average 0.916 0.852 0.836 0.850 0.835
varl 0.822 0.830 0.836 15.11 0.830 15.11 0.839 16.34
h=12 var2 0.840 0.845 0.857 15.48 0.848 15.48 0.860 16.43
var3 0.985 0.954 0.874 12.99 0.935 12.99 0.871 14.12
average 0.882 0.877 0.856 0.871 0.857




4. Shrinkage Estimation of Vector Autoregressive Models 142

From Table 4.2, it is obvious that each regression outperforms the OLS VAR,
which is our benchmark model. The performance gain is about 10 to 20 percent
for every regression. On average, all shrinkage regressions can outperform the
use of BIC with OLS VAR as well. This gain in performances presents for

every decay rate 7 applied.

Looking at the best performances of each regression for a given forecast hori-
zon h, the LASSO and the MNEN turn out to be the best aﬁong all regres-
sions. These two outperform the Bayesian VAR by about 0.5 to 2 percent,
and outperform the use of BIC on OLS VAR by about 10 percent. Another
interesting feature is that out of 39 independent variables (13 lags of 3 en-
dogenous variables), the LASSO and the modified naive elastic net can obtain

their performances from just about one third (no. var is about 13) of these

variables.

In our simulation 1, the best decay rate for forecast horizons h = 1,3 is at
m = 1. However, it varies for h = 6,12. We can see some differences in
the performances across the decay rates, even our grid search tends to obtain

parameter values that try to offset the effects of the decay rates, as explained

before.

4.4.2 Simulation 2

We use the estiinated coeflicients from the unrestricted OLS VAR on the whole
data set, without setting any coefficients to zero. The resulted matrix of
estimated coefficients B¢? and ¥®? will repiace BGY and ¥6Y in (4.24).
‘The matrix B¢? and ¥(2 are also shown in Appendix F. All the elements in _

the matrix B2 have their absolute values between 0.002 and 0.53. To make
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Table 4.3: Parameters from grid searches, Simulation 2

BVAR LASSO LASSO+BVAR MNEN
(bvar) (lasso) s(lauo)’ s(mnen),
A sum | s sum A(bvar) sum ,\;mnen) sum
h=1 120.76 | 2.404 0.28 2.412 | 0.28, 126.25 2.443 | 0.42, 0.50 2411
=0} h=3 192.90 | 2.357 0.25 2.378 | 0.25, 168.66 | 2.376 | 0.50, 1 - 2377
h=26 | 268.74 | 2.322 0.16 2.315 | 0.16, 216.26 2.375 | 0.18, 0.10 2.315
h =12 | 356.00 | 2.573 0.15 2.502 | 0.15, 229.57 | 2.568 | 0.22, 0.50 2.503
h=1 27.99 | 2.342 0.23 2.359 | 0.23, 30.86 2.369 | 0.46, 1 2.358
t=1| h=3 30.19 | 2.355 0.20 2.370 | 0.20, 32.28 2.380 | 0.42,1 2.370
h=6 42.72 | 2.339 0.13 2.318 | 0.13, 31.92 2.359 | 0.14, 0.01 - 2.318
h =12 57.39 | 2.595 0.15 2.514 | 0.15, 23.80 2.570 | 0.14, 0.001 2.515
h=1 7.04 | 2.367 0.15 2.369 | 0.15, 10.82 2.394 | 0.14, 0.001 2.371
t=2] h=3 5.59 | 2.375 0.17 2.381 | 0.17, 7.89 2.393 | 0.18,0.05 2.381
h=6 7.89 | 2.358 0.14 2.341 | 0.14, 8.86 2.380 | 0.14, 0.001 2.341
h=12 11.81 | 2.607 0.13 2.543 | 0.13, 6.47 2.593 | 0.14, 0.001 2.545

the results comparable to simulation 1, we use the same set of simulated errors

and the same procedure to generate this data set.

Table 4.3 reports the parameters from grid searches for various regressions,
as well as the associated sums of RM SFEé‘;’") in the test period. Observe
that we still get the parameter(s) that offsets the difference in decay rate .

The bold-faced numbers indicate the smallest sum of RM SFE,g,",;") across the

decay rates 7 for each forecast horizon h.

Table 4.4 reports the out-of-sample RMSFEs of each regression in our eval-
uation period. Similar to results in simﬁlation 1, shrinkage regressions out-
perform the unrestricted OLS VAR and the use of BIC to select variables for
OLS VAR. However, the LASSO and the modified naive elastic net do not
outperform Bayesian VAR in this simulated data set. It ca.n be said that the

performances of these three are the same for any given forecast horizon h.

4.4.3 Simulation 3

The ciata seﬁ is generated according to a VARMA(1,1) model, given by:

Y, = B®Y,_1 + U, + 030U,_;, U, ~iid. N(0,U6¥), (4.25)
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Table 4.4: RMSFEs of different regressions, Simulation 2
=0 VAR+BIC | BVAR LASSO LASSO+BVAR MNEN
RMSFE | RMSFE | RMSFE no. var | RMSFE no. var | RMSFE no. var
varl 0.872 0.804 0.802 15.80 0.811 15.80 0.802 15.85
h=1 var2 0.966 0.869 0.884 17.28 0.881 17.28 0.884 17.33
var3 1.029 0.835 0.831 15.42 0.841 15.42 0.831 15.47
average 0.956 0.836 0.839 0.845 0.839
varl 0.929 0.857 0.839 14.03 0.864 14.03 0.839 14.11
h=3 var2 0.975 0.881 0.902 15.92 0.884 15.92 0.902 16.02
var3 1.057 0.861 0.862 13.80 0.870 13.80 0.862 13.91
average 0.987 0.866 0.868 0.873 0.867
varl 0.879 0.850 0.857 8.55 0.861 8.55 0.855 8.79
h=6 var2 0.906 0.852 0.870 11.15 0.864 11.15 0.870 11.35
var3 1.062 0.886 0.926 9.42 0.912 9.42 0.924 9.60
average 0.949 0.863 0.884 0.879 0.883
varl 0.832 0.841 0.834 7.92 0.842 7.92 0.834 7.75
h=12 var2 0.847 0.848 0.850 10.51 0.851 10.51 0.849 10.33
var3 0.927 0.878 0.875 8.90 0.878 8.90 0.876 8.77
average 0.869 0.856 0.853 0.857 0.853
=1 VAR+4BIC | BVAR LASSO LASSO+BVAR MNEN
RMSFE | RMSFE | RMSFE no. var | RMSFE no. var | RMSFE  no. var
varl 0.872 0.782 0.790 15.91 0.786 15.91 0.788 16.46
h=1 var2 0.966 0.856 0.878 16.78 0.868 16.78 0.876 17.36
vard 1.029 0.869 0.836 14.54 0.879 14.54 0.838 15.34
average 0.956 0.836 0.835 0.844 0.834
varl 0.929 0.812 0.813 14.04 0.812 14.04 0.811 15.15
h=3 var2 0.975 0.880 0.903 15.37 0.891 15.37 0.900 16.30
var3 1.057 0.885 0.875 12.82 0.900 12.82 0.871 14.11
average 0.987 0.859 0.864 0.868 0.861
varl 0.879 0.834 0.833 9.50 0.833 9.50 0.831 10.04
h=6 var2 0.906 0.860 0.883 11.76 0.877 11.76 0.882 12.27
var3 1.062 0.907 0.941 9.11 0.931 9.11 0.935 9.56
average 0.949 0.887 0.886 0.880 0.882
varl 0.832 0.837 0.834 10.79 0.836 10.79 0.833 10.12
h=12 var2 0.847 0.851 0.854 12.87 0.862 12.87 0.852 12.34
var3 0.927 0.880 0.866 10.10 0.869 10.10 0.868 9.61
average 0.869 0.856 0.851 0.856 0.851 :
=2 VAR+BIC | BVAR LASSO LASSO+BVAR MNEN
RMSFE | RMSFE | RMSFE no. var | RMSFE no. var | RMSFE  no. var
varl 0.872 0.781 0.789 14.81 0.786 14.81 0.788 14.18
h=1 var2 0.966 0.876 0.895 15.55 0.893 15.55 0.897 14.96
var3 1.029 0.921 0.875 13.15 0.947 13.15 0.881 12.60
average 0.956 0.860 0.853 0.875 0.855
varl 0.929 0.792 0.804 16.18 0.797 16.18 0.803 16.41
h=3 var2 0.975 0.889 0.906 16.62 0.906 16.62 0.905 16.87
var3 1.057 0.922 0.889 14.30 0.953 14.30 0.889 14.65
average 0.987 0.868 0.866 0.885 0.866
varl 0.879 0.824 0.823 14.19 0.827 14.19 0.823 14.19
h=6 var2 0.906 0.870 0.886 14.96 0.882 14.96 0.886 14.95
var3 1.062 0.936 0.923 12.58 0.970 12.58 0.923 12.58
average 0.949 0.876 0.877 0.893 0.877
varl 0.832 0.834 0.842 13.52 0.835 13.52 0.842 14.19
h=12 var2 0.847 0.852 0.859 14.37 0.858 14.37 0.861 14.94
var3 0.927 0.887 0.855 12.07 0.879 12.07 0.854 12.55
average 0.869 0.858 0.852 0.857 0.852
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Table 4.5: Parameters from grid searches, Simulation 3

BVAR LASSO LASSOFBVAR MNEN
b ! ) 3(lasso)7 s(mnen)’
A\(bvar) sum | s(lasso sum A(bvar) sum Agmne") sum
h=1 2.85 2.630 0.38 2.362 0.38, 3.12 2.588 0.38, 0.001 2.362
=0 h=3 29.22 2.429 0.33 2.465 0.33, 25.00 2.371 0.34, 0.05 2.466
h=6 342.94 2.376 0.12 2.386 0.12, 138.41 2.382 0.18, 0.50 2.386
h =12 106 2.196 0.01 2.195 0.01, 90.70 2.175 0.22, 30 2.195
h=1 2.64 2.339 0.20 2.211 0.20, 2.53 2.334 0.22, 0.10 2.214
=1 h=3 17.22 2.236 0.19 2.386 0.19, 15.87 2.241 0.90, 5 2.347
h=6 87.34 2.273 0.06 2.318 0.06, 120.76 2.315 0.62, 10 2.320
h =12 108 | 2.195 0.01 2.195 | 0.01, 78.31 2.162 | 0.42, 50 2.195
h=1 1.80 | 2.164 0.10 2.158 | 0.10, 1.95 2.163 | 0.22, 1 2.147
T=2 h=3 9.47 | 2.098 0.07 2.229 | 0.07, 9.41 2.076 | 0.86, 10 2.092
h=6 34.20 | 2.172 0.03 2.295 | 0.03, 40.57 | 2.190 | 0.82, 10 2.194
h =12 108 | 2.195 0.01 2,195 | 0.01, 66.10 | 2.156 | 0.62, 30 2.191

where the matrices B¢3), 93 and ¥(*3) are the maximum likelihood estimates
of VARMA(1,1) from the same data set as in simulations 1 and 2. These
matrices will also be shown in Appendix F. The same set of simulated errors

and the same procedure as in Simulations 1 and 2 are used to generate the

data set.

Table 4.5 reports the parameters from grid searches, as well as the associated
performances in the test period. Then, Table 4.6 reports the out-of-sample
performances of the regressions in the evaluation period. The bold-faced num-

bers are still those that averagely perform best across the decay rates 7 for

each forecast horizon h.

According to Table 4.6, the performances of LASSO turn out to be the worst,
while ones of the combination of LASSO and BVAR are the best among shrink-
age regressions. This is the opposite case to simulation 1, of which the results
are in Table 4.2. Observe also that in this simulation, the application of BIC

on OLS VAR provides the best performances of all in every forecast horizon.

Looking across all simulations, we can see that the LASSO can outperform
the Bayesian VAR when the matrix of true (unknown) coefficients is a sparse

matrix. Under this condition, it is desirable to work with LASSO as well,
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Table 4.6: RMSFEs of different regressions, Simulation 3
=0 VAR+BIC | BVAR LASSO LASSO+4+BVAR MNEN
RMSFE | RMSFE {| RMSFE no. var | RMSFE  no. var | RMSFE no. var
varl 0.704 0.915 0.862 11.20 0.835 11.20 0.863 11.17
h=1 var2 0.699 0.844 0.838 28.37 0.837 28.37 0.838 28.37
vard 0.709 0.864 0.808 23.19 0.848 23.19 0.808 23.17
average 0.704 0.874 0.836 0.840 0.836
varl 0.687 0.813 0.838 5.35 0.797 5.35 0.840 4.76
h=3 var2 0.696 0.776 0.846 27.12 0.775 27.12 0.844 27.05
var3 0.687 0.787 0.838 20.12 0.782 20.12 0.837 19.69
average 0.690 0.792 0.840 0.785 0.840
varl 0.706 0.805 0.927 1.18 0.801 1.18 0.927 1.18
h=6 var2 0.745 0.779 0.836 17.54 0.788 17.54 0.836 17.84
var3 0.702 0.772 0.822 2.72 0.752 2.72 0.822 2.73
average 0.718 0.786 0.862 0.780 0.862
varl 0.749 0.830 0.831 1.00 0.772 1.00 0.831 1.00
h=12 var2 - 0.845 0.846 0.847 3.21 0.850 3.21 0.846 2.97
var3 0.772 0.839 0.840 1.00 0.787 1.00 0.840 1.00
average 0.789 0.838 0.839 0.803 0.839
=1 VAR+BIC | BVAR LASSO LASSO+BVAR MNEN
RMSFE | RMSFE | RMSFE no. var | RMSFE no. var | RMSFE no. var
varl 0.704 0.822 0.857 8.66 0.793 8.66 0.858 8.80
h=1 var2 0.699 0.773 0.795 23.99 0.773 23.99 0.793 24.84
var3 0.709 0.800 0.783 19.15 0.797 19.15 0.783 19.54
average 0.704 0.798 0.812 0.787 0.811
varl 0.687 0.766 0.800 7.08 0.756 7.08 0.823 3.21
h=3 var2 0.696 0.747 0.810 23.56 0.741 23.56 0.770 37.50
var3 0.687 0.748 0.795 18.46 0.741 18.46 0.780 22.47
average 0.690 0.754 0.801 0.746 0.791
varl 0.706 0.773 0.938 1.18 0.786 1.18 0.953 1.14
h=6 var2 0.745 0.768 0.809 14.01 0.762 14.01 0.800 25.48
vard 0.702 0.752 0.833 2.67 0.737 2.67 0.840 2.76
average 0.718 0.764 0.860 0.762 0.864
varl 0.749 0.831 0.831 1.00 0.769 1.00 0.831 1.00
h =12 var2 0.845 0.846 0.846 3.43 0.847 343 0.846 4.55
var3 0.772 0.840 0.840 1.00 0.784 1.00 0.840 1.00
average 0.789 0.839 0.839 0.800 0.839
=2 VAR+BIC | BVAR LASSO LASSO+BVAR MNEN
RMSFE | RMSFE | RMSFE no. var | RMSFE  no. var | RMSFE  no. var
varl 0.704 0.766 0.752 10.17 0.755 10.17 0.746 17.25
h=1 var2 0.699 0.740 0.768 19.95 0.736 19.95 0.751 37.36
var3 0.709 0.767 0.772 16.75 0.758 16.75 0.768 31.16
average 0.704 0.758 0.764 0.749 0.755
varl 0.687 0.730 0.794 3.70 0.719 3.70 0.743 11.38
h=3 var2 0.696 0.726 0.771 17.30 0.716 17.30 0.724 39.04
var3 0.687 0.720 0.761 13.05 0.709 13.05 0.722 37.89
average 0.690 0.725 0.775 0.715 0.730
varl 0.706 0.747 0.895 1.48 0.767 1.48 0.776 9.07
h=86 var2 0.745 0.756 0.785 - 11.77 0.752 11.77 0.767 39.04
var3 0.702 0.731 0.816 3.04 0.730 3.04 0.760 37.28
average 0.718 0.745 0.832 0.750 0.768
varl 0.749 0.831 0.831 1.00 0.766 1.00 0.831 1.11
h=12 var2 0.845 0.846 0.847 6.36 0.845 6.36 0.847 37.24
var3 0.772 0.840 0.840 1.37 0.782 1.37 0.840 2.90
average 0.789 0.839 0.839 0.798 0.839
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since it outperforms the application of BIC on OLS VAR. The LASSO tends
to be worse than the Bayesian VAR when the matrix of true coefficients is not
sparse. Moreover, under the case that the true data generating process is a.

VARMA(1,1), there is no need to apply shrinkage regressions at all.

Even to a small extent, f,he decay rate 7 affects the forecasting performances
of each regression as well. We see that this is another area to improve the
forecasting performances of shrinkage regressions. Even our simulations show
that better performances in the test period cannot insure better performances
in the evaluation period, but the simulations show that the performances in
the test period are not bad indicators of the performances in the evaluation
period. If there is no superior substitutes, these can be used to select the decay

rate to be applied with each regression.
4.5 Empirical Study

In this study, we employ the US data set of Stock and Watson (2005), which
covers the period from January 1959 to December 2003. There are 3 en-
dogenous variables i, which are 1) the growth rate.of employment (AEMPL),
computed from the number of employees on non-farm payrolls, 2) the change
of annual inflation (AINF), computed from the (seasonally adjusted) consumer
price index, and 3) the change in (effective) Federal Fund Rate (AFFR).
These variables are calculated as in De Mol et al. (2008) to obtain station-
arity. That is we have AEMPL as the monthly growth rate of the num-
ber of employees on non-farm payrolls, AINF is calculated from AINF; =
100 x {log(CPI;/CPI;_y2) —log(CPI,_1/CPI;_3)}, and AFFR is a monthly

change.

Similar to the previous section, we consider 4 forecast horizons, h € {1,3,6,12}.
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Table 4.7: Parameters from grid searches, 3 variables, test period 1971-

1980
BVAR LASSO LASSO+BVAR MNEN
b . s(lnsao)' s(mnen),

Abvar) sum s{lasso) sum A(bvar) sum ’\g,mm) sum

h=1 173.13 1.943 0.25 2.005 | 0.25,115.60 1.948 | 0.50, 1 2.004

=0 h=3 216.26 | 2.062 0.23 2.880 0.23, 152.42 | 2.059 | 0.46, 1 2.088
h=6 318.88 | 2.021 0.20 1.969 | 0.20, 156.25 | 1.990 | 0.22, 0.1 1.969

h =12 | 108.51 | 2.700 0.26 2.739 | 0.26, 132.12 | 2.724 | 0.54, 1 2.738

h=1 | 53.28 | 1.940 | 0.21 2.014 | 0.21, 35.86 1.065 | 0.42, 1 2.009

=1 h=3 38.10 | 2.069 0.17 2.113 | 0.17, 23.80 2.083 | 0.38,1 2.109
h=6 50.30 | 2.044 0.20 2.009 | 0.20, 24.03 2.032 | 0.30, 0.5 2.008

h=12 13.32 | 2.714 0.27 2.795 | 0.27, 17.22 2.747 | 0.62,1 2,786

h=1 25.25 | 1.988 0.15 2.070 | 0.15, 24.75 2.022 | 0.86, 10 2.025

n=2| h=3 8.65 | 2.112 0.12 2.155 | 0.12, 4.96 2.135 | 0.90,5 2.130
h=6 9.64 | 2.084 0.15 2.048 | 0.15, 4.83 2.084 | 0.14, 0.001 2.050

h =12 1.28 | 2.733 0.28 2.806 | 0.28, 1.57 2.755 | 0.86,1 2.739

The order.of the VAR in each regression is fixed at p = 13. We are interested
in forecasting all of these 3 endogenous variables. The test period is set from
January 1971 to December 1980 (120 times), while the evaluation period is
from January 1981 to December 2003 (276 times). Let 79 and 7 denote the
positions of the first and the last observations in each period. We produce the
forecasts AT(_‘;,:?T in each time 7 = 79 — h,...,71 — h using the most recent 10

years of sample observations up to time 7 (Rolling schemé, 120 observations).

Table 4.7 reports the parameter(s) of each regression p from grid search, as well
as-its associated sum of RM SFEi(",‘,’") of the 3 endogenous variables ¢ dﬁring
the test period. Since the out-of-sample performances of the modified elastic
net (MEN) are dominated by the LASSO, we do not report its results here.
As in the previous section, bold-faced numbers indicate the best perforniances

across the decay rates m for each forecast horizon h.

Table 4.7 looks closer to Table 4.1 in Simulation 1 and Table 4.3 in Simulation
2 than Table 4.5 in Simulation 3. In moét of the cases, the decay rate 7r =0
performs best. Lag discounting does not seem to matter. The results from

Table 4.7 do not imply the decaying effects of lagged variables as in the case
of VARMA(1,1) in our Simulation 3.
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Table 4.8: RMSFEs of different regressions, 3 variables, evaluation period

1981-2003
VAR | BVAR LASSO LASSO + BVAR MNEN
+BIC

RMSFE | RMSFE | RMSFE no. var | RMSFE no. var | RMSFE no. var
AEMPL 0.889 0.778 0.788 11.37 0.771 11.37 0.787 11.47
h=1 AFFR 0.403 0.409 0.462 16.00 0.476 16.00 0.462 16.07
AINF 0.830 0.743 0.681 11.72 0.712 11.72 0.681 11.79

average 0.707 0.643 0.644 0.653 0.643
AEMPL 0.852 0.862 0.825 10.69 0.880 10.15 0.827 10.23
h=3 AFFR 0.523 0.616 0.589 13.79 0.639 14.93 0.637 15.01
AINF 0.791 0.696 0.652 9.19 0.667 10.75 0.642 10.83

average 0.722 0.725 0.689 0.729 0.702
AEMPL 0.893 0.870 0.847 7.85 0.888 7.85 0.907 3.45
h=6 AFFR 0.473 0.524 0.547 13.45 0.549 13.45 0.487 7.94
AINF 0.889 0.779 0.740 9.27 0.760 9.27 0.804 5.11

average 0.752 0.724 0.711 0.732 0.733
AEMPL 0.795 0.804 0.770 11.99 0.770 11.99 0.772 12.77
h=12 AFFR 0.397 0.490 0.444 16.43 0.451 16.43 0.448 17.01
AINF 0.692 0.677 0.613 12.32 0.651 12.32 0.617 12.94

average 0.628 0.657 0.609 0.624 0.612

Using the appropriate parameter(s) reportéd in Table 4.7, the out-of-sample
RMSFEs of each regression during our evaluation period are reported in Ta-
ble 4.8. Here, instead of evaluating the performances for every value of decay
rate 7, we choose only one value according to the information in Table 4.7.
That is, we choose a value of 7 for each regression p in each forecast horizon h
that makes the regression pérform best during the test period. The bold-faced

numbers indicate the regression that on average performs best for each forecast

horizon h.

According to Table 4.8, every shrinkage estimator outperforms the OLS VAR,
which is the benchmark model. Each usually outperforms the application'
of BIC on the OLS VAR as well. For forecast horizons h = 3 to h = 12,
the LASSO is obviously the best performer. Its performance gain over the
application of BIC with OLS VAR is, on average, about 2 to 4 percent, while
over thé Bayesian VAR is about 1 to 4 percent. For the horizon A =1, it can
be said that the performance of LASSO is at the same ievel as Bayesian VAR

and the modified naive elastic net.

The results in Table 4.8 look relatively similar to that of Table 4.2 in our
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Simulation 1. The LASSO on avérage performs best there as well. This implies
that the data generating process of the three selected U.S. variables agrees more
with that of our Simulation 1. Recall that the true matrix of coefficients in
this simulation is a sparse matrix (See again Appendix F). This indicates the

redundancy of the VAR with long lags.

Consider also the average number of variables selected (no. var) by the LASSO.
We can see that the relatively superior performances of the LASSO can be
obtained from only one third of the total 39 independent variables (13 lags
of 3 endogenous variables). If one uses the LASSO as the variable selector
before applying the Bayesian VAR, performances similar to that of applying
the Bayesian VAR alone can be obtained as well. This can be seen from
comparing RMSFEs of the procedure LASSO+BVAR to that of the BVAR.
This also confirms the redundancy of the VAR with long lags.

At last, Table 4.9 reports the proportion of each variable selected by the
LASSO out of the 276 repetitions in our evaluation period. The table re-
ports the cases of (i) the forecast horizon h = 3 (One-quarter ahead) and the
decay rate m = 1, and (ii) the forecast horizon h = 12 (One-year ahead) and
" the decay rate m = 0 only. Results of the other cases are rather similar. The
numbers 1—10 in parentheses indicate the ten most frequently chosen variables
in each forecasting equation. For example, in predicting AEM PL 12-periods
ahead, the second lag of AEM PL itself, which is chosen in all 276 repetitions,

is the most frequently chosen variable.

According to Table 4.9, the LASSO does not pick the same lags of every
endogenous variable into each forecasting equation. The recent lags of each
endogenous variable turn to be among the most frequently chosen ones in

predicting itself in the future. Apart from these, the chosen variables seem
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Table 4.9: Proportion of each variables selected by the LASSO
)mr=1land h=3
LAGS AEMPL AFFR AINF
AEMPL AFFR AINF | AEMPL AFFR AINF | AEMPL AFFR _AINF
1 92.4% 25.7%  50.4% 98.6%  100.0% 42.8% 1.7% 89.9%  100.0%
(3) (8) (2) 1) (6) (3) (1)
2 100.0%  43.8%  78.6% 44.2% 81.9%  59.4% 86.6% 79.3%  52.5%
) (4) (3) (6) 4) (5) (7
3 100.0%  50.7%  18.5% 51.4% 7%  21.5% 21.0% 4.0%  31.5%
1 (7 (10) (5)
4 65.6% 181%  51.1% 2.5% 73.9%  52.5% 4.7% 120%  10.5%
(5) (6) (4) (9)
5 19.2% 13.8%  43.1% | 40.9% 17.8%  26.8% 54%  80%  37.7%
(10)
6 17.4% 6.9%  43.5% 37.0% 19.9%  12.3% 6.9% 4.3% 1.4%
7 14.1% 6.9%  7.2% 29.0% 55.1%  50.4% 4.3% 0.0%  0.0%
(7)
8 26.1% 76%  45.1% 12.7% 42.4%  41.3% | 40.9% 14.1%  0.0%
(10) (9)
9 2.2% 16.7%  0.0% 34.1% 54.7%  25.1% 17.0% 0.0%  47.8%
(8) (8)
10 0.0% 0.0%  8.7% 22.8% 16.3%  2.9% 12.0% 29%  214%
11 9.1% 17.8%  7.2% 5.4% 428%  83% 0.0% 47%  13.8%
12 5.8% 14%  0.0% 11.6% 76%  22% 5.4% 1.1%  100.0%
- @)
13 0.7% 48.9%  0.4% 11.2% 22.5%  13.8% 0.0% 2.9%  0.0%
9)
(i) r=0and h=12
LAGS AEMPL AFFR AINF
T AEMPL AFFR AINF | AEMPL AFFR AINF | AEMPL AFFR AINF
1 87.0% 18%  127% | 93.8%  100.0% 25.4% 57.6% 471%  84.4% |
(3) (2) @ (7) (2)
2 100.0%  152%  45.3% 44.9% 71.0%  46.7% 83.3% 71.0%  47.5%
(1) (8) (5) (3) (4) (9)
3 98.9% 44.6%  15.6% 50.7% 72.5%  21.7% | 51.8% 62%  26.8%
(2) (9) (3) (8)
4 76.1% 16.3%  51.4% 2.9% 68.1%  41.3% 6.5% 13.0%  11.6%
(5) (8) (6)
5 40.2% 13.8%  43.1% 40.2% 17.0%  27.9% 14.5% 31.5%  42.4%
6 21.4% 7.2%  43.8% | 29.0% 17.4%  19.6% 18.5% 12.0%  3.3%
(10)
7 19.2% 72%  12.3% | 34.8%  641%  54.3% 7.6% 112%  6.9%
(8)
8 27.5% 16.3%  50.4% 28.3%  42.8%  63.4% 62.3% 34.4%  2.2%
(7) (9) (6)
9 12.0% 22.8%  4.3% 62.7% 59.1%  28.3% 46.0% 5.4%  68.1%
(10) (10) (5)
10 0.0% 0.4%  28.6% | 20.3% 22.1%  14.9% 25.4% 18.1%  46.0%
(10)
11 23.6% 40.9%  41.7% 152%  58.3%  13.8% 17.8% 23.9%  20.7%
12 12.3% 26.1%  11% 64.5%  42.8%  9.8% 18.5% 25.7%  100.0%
(7 @)
13 29.7% 79.3%  5.1% 36.2% 72.5%  38.4% 0.0% 26.4%  31.9%
&)

(3)
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to reflect seasonal and computational effects. For example, the 12-th lag of
AINF, which is the most frequently chosen variable in predicting itself 3-
periods or 12-periods ahead, may reflect the yearly difference transformation
that we employ to make the variable stationary. It seems that we can mimic
the results of the LASSO by employing a model selection procedure that al-
lows different lags of each independent variable to enter the forecasting model.
However, this can be very costly if we want to incorporate many independent

variables with various lags in our forecasting practice.
4.6 Conclusion

We demonstrate a close relationship between the Bayesian VAR and ridge
regression. Accordingly, the Bayesian VAR can be seen as applying ridge re-
gression on the scaled matrix of independent variables in the VAR relationship.
In this way, we see that the LASSO and the elastic net, which are shown in
the literature to outperform ridge regression under some circurnstanées, may

outperform the Bayesian VAR as well.

We develop a way to implement different decay rate of effects of lags on the
LASSO, as well as on the elastic net proposed by Zou and Hastie (2005). Our
simulation study confirms the study in Tibshirani (1996) that if the matrix
of true (unknown) coefficients is a sparse matrix, the LASSO will outperform
the Bayesian VAR. This happens even when we use VAR as our true model,
which makes all regressors endogenous. However, we do not see the difference

in performances between the LASSO and the elastic net.

The empirical results on the U.S. data set with 3 endogenous variables and
13 lags in the VAR relationship shows that LASSO can help forecasting in
a VAR framework. Applying the LASSO on the VAR usually outperforms
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the Bayesian VAR. The results also suggest that there is strong evidence of
redundancy of the 3-variable VAR with 13 lags.

We see that there is a relationship between our study and Boivin and Ng
(2006) as well. Redundancy should become more problematic if we add more
irrelevant endogenous variables into the VAR. In this way, bigger models may
not always be p‘refe‘rable. The extension of the LASSO or sdme other automatic :
variable selectors that can take into account group effects (all lags of one

endogenous variable) is an interesting topic to be pursued in the future.



Appendix E
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The method of least angle regression (LARS) is a new model selection algo-

rithm purposed by Efron et al. (2004). It adds a variable into the selected set
| one-by-one. A variable to be added, however, must, firstly, be considered im-
portant in explaining the dependent {/ariable, and, secondly, not be too similar

to the variables selected beforehand.

LARS is quick. In each step, it increases the length of the projection just
enough to make the inner product between the residual and the newly added
variable have the same magnitude as with all the previously selected variables.
Since the residual is not orthogonal to the spaée of previously selected variables,
the newly added variable can be highly correlated to the previously chosen

ones. -We explain the algorithm of LARS below. For more details about
LARS, see Efron et al. (2004).

The algorithm of LARS begins by setting the forecast f’i(o) = 0. Suppose
17,;("—1) is the current estimate, compute the vector of inner products:

2= X0 - YY),

with & be the j-element of this vector &. Let A = {j : |&] = C} be the
set of indices of selected variables, where C' = max; |¢;]. We use s; = sign(é;)

to represent the sign of the inner product ¢;, and define the matrix of active

“variables corresponding to A as:
Xa = (5;X;)jea

Let ay = (14(X%4X4)"114)"Y/2 be a scalar, where 1,4 is a vector of ones of

length equaling the number of elements in A. We construct the unit equian-



Appendix E. LARS 156

gular vector with columns of the matrix X 4 as:
ug = X wa,
where ws = aa(X4X4)"'14 is a vector of weights. Observe that:
Xyua=aala, - (E.1)

which implies that a4 is the equal magnitude of inner product between each

variable in the active matrix X 4 and the unit vector u 4.

Define the vector of inner products between variables in X and u 4 as:
a=X'uy,

with a; be the j-th element of the vector a. LARS updates the forecast ac-

cording to:
?i(q) — 1‘/i(q-1) + Fu, (EQ)
with:
-y (222 S ), @

where the minimization considers positive components only, and A° is the

complement of the set A.

Equation (E.3) implies that the length 4 applied to the unit vector u 4 is chosen

for a new variable to be added into the set of selected variables A next step.
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To see this, given a scalar v > 0, define:

Yi(y) = V0 4 yua (E.4)

Then, the next step inner product between a variable X; and (Y; — f’,(’y))

becomes:

¢i(7) = Xi(Y; = Yi(y)) = & — va;. (E.5)

For any previously selected variable j € A, the definition of the set A and
(E.1) yield:

()] = € —vaa. (E.6)

For one of the variables not been selected yet j € A, the scalar 4 in (E.3)

equates (E.5) and (E.6), which means that this variable will be in the selected

set A next step.

To implement the LASSO, we need a modification on LARS that enforces the

condition:

sign(f);li“”)) = sign(é&;) = sj, (E.7)

where I;glia”") is the j-th element of the estimate B{***®. See the formal argu-
ment for the need of this condition in Lemma 8 of Efron et al. (2004). Consider
the case that we have just completed the g-th step of LARS, while the estimate
from the (g—1)-th step still satisfies the condition (E.7). Let Vo = x Bl
and 8§3‘1) be the j-th element of the vector B, According to (E.4), 135-3_1)

is equal to 5§3-2) +4sjwa; for j € A, where w, ; is the corresponding element
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in the vector w4, and equal to 0 for j € A°.

From (E.4), we can see that:

Yi(y) = XBi(v), where bii(v) = 5§3_1) + ysjwa , for j € A

The coefficient Bﬁ (7) will change sign at:

~ _1 '
1 = b0 [(sjway),

and the first such change occurs. at:
~ _ -+ .
J = min™{y},

where the minimization considers only positive components. Define a scalar ¥

as:

) %> if there exists 7; > 0,
’7 ==
400, otherwise.

For any v > 4, the condition (E.7) is violated, because I;;i(')/) has switched

- signs, while ¢; has not.

The LARS-LASSO Modification is: if 4 > 4, apply v = 7 in the ongoing LARS
step, and remove j from the calculation of the next equiangular direction. That
is:

V@ = Y@ 4 qu,, and A@ = A=) _ (5} (E.8)

rather than (E.2). If only a single index j is added or deleted from the set
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A in each step, it can be shown that the LARS-LASSO yields all the LASSO

solutions. See Theorem 1 of Efron et al. (2004).
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0.197 0541 0 0.180 0529  0.096 W
0 0334 0062 0013 0309  0.052

0 0 0278 0.053  0.080  0.247
0.305  0.266  0.151 0275 0201  0.119
0 -0.176  0.049 —0.009 -0.175  0.034

0 0 0 —~0.043 —0.022  0.043
0.225 0 0 0216  0.125  0.046
0 0 0 ~0.025 —0.065  0.023

0 0 0 —0.010  0.083 —0.025
0.094 0 0 0.125  0.078 -0.009
—0.036 —0.203 0 ~0.037 —0.179  0.004
~0.090 0 0 —0.066 —0.069  0.021
0 0 0 0.092 —0.069 —0.009

0 0 0050 —0.016 —0.063  0.051

0 0 0 —0.022  0.066  0.069

0 0 0 —0.006 —0.165 -—0.100

“ oo 0 0 —-0.019 -0.010  0.003
0 0 0 -0.015 0063  0.006

0 0 0 ~0.031  0.101 -0.109
(g;:‘a)) = 0 -0214 0 g;x"";) =| -0.019 -0235 0.019
0 0215 0090 0.033  0.165  0.089

0 0 0 : 0.025 0109  0.030

0 0112 0055 ~0.027 0077  0.054

0 0 0 0.044 0102 —0.008

0 0201 0 0.078  0.359  0.028

0 0.086 0 -0.024  0.083 —0.030

0 0 0105 —-0.025 0088  0.082

0 0 0 —0.039 —-0030  0.091

0 0 0 -0.003 —0.068  0.034

0 0 0 ~0.013  0.036 0.074

0 0 0 0015 -0.241  0.013

0 -0124 0 —0.048 —0.089 —0.033

0 0 0160 0.030 0021  0.129

0 —-0.373 0 0026 —0402 -0.003

0 0 0046 0.031 —0.075  0.051

0 0 —0.465 0024 0007 -0.469

0 0 0 —0.002 0.093 0.018

0  0.160 0 —0.040  0.156 —0.035

] 0 0 0091 | | 0040 0104 0073 |
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0.039 0.011 —0.001 0.037 0.011
e = | 0011 0245  0.008 |- v = | go011 0233
—0.001 0008  0.064 ~0.001 0.008
1.043 0.053 ~—0.280 ~0.806 —0.039
B =1 1297 0111 -1.162 |- e =1 _o788 0211
0.122 0.167  0.534 ~0.163 —0.102

0.036 0.013 0.000
vl = | 0013 0274 0.011
0.000 0.011 0.081

—-0.001
0.008
0.061

0.308
1.234
—0.388
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This study considers macroeconomic forecasting with non-structural models.
In Chapter 2, we assess the predictive performances of financial variables in
comparison with non-financial leading indicators in predicting Australian re-
cessions. In the context of forecasting, it is more appropriate to assess the pre-
dictive performances of these predictors using the out-of—sé,mple method. How-
ever, there are rare recessions in Australia. Hence, we apply the re-sampling
assessment scheme in figuring out robust predictors for Australian recessions.
This involves repeatedly re-shuffling the data set and re-applying the out-of-
sample assessment to the re-shuffled set. We find that the results from this

re-sampling assessment may be very different from that of the usual out-of-

sample assessment.

When defining recessions with the turning points from the Melbourne Institute
(R1 definition), Australian recessions seem to follow U.S: recessions with some
lags. Our out-of-sample assessment reports that the U.S. short-term interest
rate becomes the best predictor in forecasting the Australian recessions 4-
quarters ahead to 6-quarters ahead. We see that this is the result of the fact
that there are only 2 recessionary sessions in our out-of-sample evaluation
period, which starts from 1st quarter of 1981, and one of these two sessions is
led by the Gulf War. Estrella and Mishkin (1998) show that the U.S. recession
~associated with the Gulf War cannot be predicted well by the U.S. interest rate

spread, which normally performs well in predicting earlier recessions.

In our re-sampling assessment, the U.S. short-term interest rate performs
poorly in predicting Australian recessions under this R1 definition. Its 4-
quarter ahead to 6-quarter ahead predictive performances are outperformed |
by many other variables, including the inflation rate and the U.S. interest rate

spread. In contrast, the U.S. interest rate spread turns to be the best predictor
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for the 6-quarter to 7-quarter ahead forecast horizons.

We believe that the results from our re-sampling assessment are more robust
than ones from the usual out-of-sample assessment. This means the best pre-
dictors from the re-sampling assessment should perform better in prédicting
Australian recessions in fhe future. Our re-sampling assessment confirms the
usual out-of-sample assessment for the findings that financial vafiables usually
outperform non-financial leading indicators, and the U.S. financial variables

have strong performances in predicting Australian recessions.

Chapter 3 re-examines the finding of Banbura et al. (2008) that the out-of-
sample forecasting performances of the Bayesian VAR with Litterman prior
can be improved by expanding the number of endogenous variables into the
model. In their study, the model, with 131 endogenous variables, obviously
outperforms smaller models with 3 and 7 variables. However, the model with

20 endogenous variables yields performances that can match the largest model.

After showing that the forecasting performances of various specifications can
be affected by the value of the parameter that governs the overall dispersion
of the prior distribution, we argue that the way Banbura et al. (2008) set the
values of this parameter in various specifications is not convincing. The authors
set the values to fix the in-sample fit of various specifications to be the same
as the unrestricted OLS VAR with 3 endogenous variables. This implies the
smallest Bayesian VAR in their study is the unrestricted OLS VAR, and the

larger specifications can benefit more from shrinkages.

We see the more pertinent way is to compare the best performances of these '
specifications. However, we still follow the logic of the out-of-sample assess-
ment method, and attempt to find the suitable parameter values that should,

lead to the best performances after considering the pre-evaluation period only.
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Hence, we set the latter part of the pre-evaluation period to be our test period,
and determine the suitable parameter values according to the out-of-sample

performances in this test period.

We show that we can determine the optimal parameter values in this teét
period. We apply each of these parameter values to the associated specifica~
tion in our out-of-sample assessment. Our results still confirm the finding of
Banbura et al. (2008) that larger specifications perform better than smaller
ones. However, the improvement in the performances of larger models is a lot

less pronounced than the one shown by Baribura et al. (2008).

Chapter 4 considers the Bayesian VAR with Litterman prior from a different
perspective. We think that the mechanism of the bias-variance tradeoff in
statistics can be applied to the VAR as well. We start by showing a close
relationship between the Bayesian VAR with Litterman prior and the ridge
regression. With this close relationship, we suspect that the impressive perfor-
mances of the Bayesian VAR with Litterman prior recorded in, for example,
Litterman (1986) and Robertson and Tallman (1999) can be explained by the

same mechanism that makes the ridge regression outperform the OLS regres-

sion.

This also means some alternative shrinkage regressions that have a record
to outperform the ridge regression may outperform the Bayesian VAR with
Litterman prior as well. We select the LASSO, the elastic net, and a procedure
that uses LASSO as the variable selector before applying the Bayesian VAR
with Litterman prior as our alternatives. We also modify the LASSO and
the elastic net to make them take into account the declining effects of lags of

endogenous variables.

Our simulation study confirms our priori expectation that the LASSO and the
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elastic net applied on a VAR outperform the Bayesian VAR with Litterman
prior, when the matrix of true (unknown) coefficients is sparse. The reverse
is true when all the elements of the matrix of true (unknown) coefficients are
nonzero. However, we cannot observe the difference in performances between

the LASSO and the elastic net, when applied on the VAR.

The empirical result that uses the U.S. employment, inflation rate, and the
Federal Fund Rate data to predict themselves shows that the LASSO ou.tper—
forms the Bayesian VAR with Litterman prior for most of the forecast horizons
considered. This confirms that there is a redundancy problem in a small VAR

with just 3 endogenous variables and 13 lags.

This is also an early caution to the practice of incorporating a large number
of endogenous variables into the Bayesian VAR. There would be no harm to
incorporate additional variables, which are informative. However, it would be

wrong to think that just adding some more variables will benefit the forecasting

performances of the model.
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