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A B STR A C T

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 implement 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 

establish 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 Keynesian 

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, consumption 

functions in Keynesian models did not follow what predicted by consumer 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. I t  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 indicators, 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 variables. We 

can extract important information of the common 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 [Teräsvirta (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 in 

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 example, 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 R2 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 accuracy 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-sample 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 that 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 Banbura 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 Banbura 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

tics1. 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 scheme 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 literature2. Next, we show the close relationship between the 

Bayesian VAR with Litterman prior and ridge regression.

1 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 endogenous 

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 variables 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 indicators 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 interest 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 studies. 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 employ the out-of-sample 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 ahead forecast 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.



2. Predicting Australian Recessions Using Financial Variables 15

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 model to forecast the binary recession/expansion vari­

able. Our decision and the details of this model will 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-financial 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, growth 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 spreads, and the inflation rate are in quarterly 

growth rates. Australian data come from the Reserve Bank of Australia. 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). Most of the non-financial variables are published with one- 

quarter lag by the related authorities. 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: D escr ip tio n  o f  d a ta  an d  th e ir  in fo rm a tio n  lags
V a r i a b l e s  D e s c r ip t i o n  I n f o r m a t i o n  L a g
________________________________________________________________ ________________________________________ ( Q u a r t e r )

F in a n c ia l  V ariab les

S P R E A D  10-year A u s tra lia n  Gov B ond ra te  m inus 9 0 -day  b an k  a c ce p te d  b ill r a te  0
SH_R 90-day  b an k  accep ted  bill r a te  0
LG _R 10-year A u s tra lia n  Gov B ond  ra te  0
D_SH_R 90-day  b a n k  accep ted  bill r a te  m in u s  3 -m o n th  U .S. T re a su ry  B ill r a te  0
D_LG_R 10-year A u s tra lia n  G ov B ond ra te  m inus 10-y ear U .S . T re a su ry  B ond  r a te  0
M 3-G R  G ro w th  ra te  o f M 3 0
C U R .G R  G ro w th  r a te  of cu rren cy  0
R _ M 3 .G R  G ro w th  ra te  of M3 d efla ted  by C P I 1
R _C U R _G R  G ro w th  ra te  of c u rren cy  d e fla ted  by  C P I 1

S T O C K -G R  G ro w th  r a te  of A u s tra lia n  A ll O rd  Index  0
E X C H -G R  G ro w th  ra te  o f exchange ra te  (U .S . D o lla r /A u s  D o lla r)  0
IN F  In fla tio n  (g row th  r a te  of C P I) 1

N o n -F in a n c ia l  V ariab les

R T T _ G R  G ro w th  r a te  of value of re ta il  tra d e  d e fla ted  by  C P I 1
D W E L L .G R  G ro w th  r a te  of dw elling  ap p ro v a ls  1
N O N R E S -G R  G ro w th  r a te  of n o n -re s id en tia l ap p ro v a ls  1
SV _EX _G R  G ro w th  ra te  o f vo lum e of se rv ice  e x p o rt  1
T O T .G R  G ro w th  r a te  of te rm s  of t ra d e  1
G O L D .G R  G ro w th  r a te  of gold price  0

U .S . F in a n c ia l  V ariab les

U S -S P R  10-year U .S . T re asu ry  B ond ra te  m in u s  3 -m o n th  U .S. T re a su ry  B ill r a te  0
US_SH_R 3 -m o n th  U .S. T reasu ry  B ill r a te  0
US_LG_R 10-year U .S. T re asu ry  Bond ra te  0
U S -S T K -G R _____ G ro w th  r a te  of "D ow  Jo n es  In d u s tr ia l  A v erag e  in d ex "_____________________________________ 0

x t below is the latest available data of variable x  at time t. 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 

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

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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F igure 2.1: A ustralian  R eal G D P  and R1

F igure 2.2: A ustralian  R eal G D P  and R 2

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 periods 

R1 and R2. Bars in both figures represent these recession periods. We can see 

that there are more recession 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 t, where:

I 1, if the economy is in recession in quarter t ,
Rt = \

0, otherwise.

The estimated equation is:

P(Rt+k =  1) = F(ß'xt), (2.1)

where P (R t+h = 1) is the probability of recession in period t -F h with h 

representing the forecast horizon, ranging from 1-quarter ahead to 8-quarters 

ahead, F(.) is the cumulative normal distribution function, ß  is the vector of 

parameters to be estimated, and x t 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
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Teräsvirta (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 Teräsvirta, 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 

[Teräsvirta (1994)], and threshold autoregressive model [Potter (1995)] can be 

used to forecast recessions in the future. 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 study. 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 t_i 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 R t , 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 t_\ becomes 

important in predicting the value of R t 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 t whether 

the economy is in recession or not. We are still not certain whether including 

Rt_l 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, Chauvet and Potter (2002). This extension 

requires the authors to use Bayesian estimation techniques, which consume 

much higher resources especially in an out-of-sample 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 

x t 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 t0 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 1st Quarter of 1970 (The first observation) to 

period to — h to estimate a model and produce an /i-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 t\ — h, when the /i-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 best 2-quarter ahead predictor of a recession. We 

combine the short rate at time t 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 t is very informative for predicting 

recessions 4-quarters ahead then the growth rate of M3 at time t — 2 is likely 

to be useful for predicting recessions 2-quarters ahead. This is something that 

Estrella and Mishkin (1998) and the papers that repeat Estrella and Mishkin 

(1998) for other countries do not consider. Let I2 =  0,1, . . .  ,5 represent the
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lag of this additional variable. We are left with 154 — h — I2 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 2 used in Estrella and Mishkin (1998). The formula for this 

measure is:

where n is the number of observations, Lm is the maximum value of log like­

lihood function of the model, for in-sample prediction, or the value of log 

likelihood function of the forecasts, for out-of-sample prediction, and Lc is the 

associated maximum value of log likelihood of the model with only a constant 

term.

Let P[^h be the forecasted probability of recession in period t+ h  from a specific 

model m. For the case of out-of-sample prediction, the log likelihood function 

of the forecasts Lm can be expressed as:

- ( 2 /n )L c

pseudo R 2 =  1 —

t\  —h

Lm =  L l < > -  ‘" ( i  -  Ö )  +  J W  In /£ * ].
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 Lm varies along the model used in 

making the forecasts, the value Lc does not.



2. Predicting Australian Recessions Using Financial Variables 25

There is a direct relationship between the value Lm and the log probability 

score (L P S ), which is commonly used to measure the accuracy of probability 

forecasts. The LP S  measures the closeness, on average, between the predicted 

probabilities and the actual realizations represented by the binary 0/1 variable 

Rt+h- See Diebold and Rudebusch (1989) for more details. We have LP S = 

— (l/n )L m, where n =  ti — to is the number of observations in the out-of-sample 

evaluation period.

Since the values of Lm and Lc are always non-positive, the lower the value 

Lm/L c the higher the value of LPS, which suggests the more accurate are the 

forecasts from the model. For an in-sample assessment, the pseudo R2 ranges 

from 0, for the case that the predictor is uninformative (Lm is equal to Lc), 

to 1, for the case that the predictor is very informative (Lm is zero, which is 

the highest possible value). For an out-of-sample assessment, the pseudo R2 

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, ^-statistics provide additional information. The 

^-statistics are used to perform the statistical hypothesis testing, which is not 

possible when considering only pseudo R2. 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 covariance matrix is used 

in constructing our ^-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 sample 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 before 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 dependent variable 

Rt+h to the independent variable(s) xt in each date t. Note that xt is a vector. 

For the case that we combine two predictors together, an element of xt 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 block as our evaluation period. We 

remove a block of 50 dates, instead of randomly rearranging the new data set, 

to preserve 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 (Rt+h,xt) 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 quarter 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 R2 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 2 is the simple average of the statistics from 

these repetitions.

For the case of the combinations of two variables, we allow up to I2 = 5 

lags of the additional variable. We are left with 154 — h — l2 observations in 

performing this exercise. Hence, we repeat it 104 — h — l2 times to deplete 

all the possibilities. The reported pseudo R2 is also the simple average of the 

statistics from these repetitions.
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T able 2.2: In -Sam ple S tatistics: LHS is R l ,  R H S are C on stan t and the  
V ariable as S tated

D ependent V ariable is R1 h = Q uarters Ahead
1 2 3 4 5 6 7 8

F in a n c ia l V a r ia b le s

SPREAD pseu d o  R2 0.079 0.128 0.146 0.127 0.101 0.057 0.035 0.020
t-stat -3.99* -3.61* -2.97* -2.48* -2.16** -1.56 -1.28 -1.31

SH_R p seu d o  R2 0.183 0210 0.210 0.177 0.133 0.082 0.050 0.029
t-sta t 6.14* 4.92* 4.19* 3.45* 2.80* 1.98** 1.52 1.20

M3 GR p seu d o  R2 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 pseu d o  R2 0.098 0.091 0.080 0.072 0.113 0.135 0.168 0.158
t-stat 3.61* 2.85* 2.34* 2.00** 2.55* 3.07* 4.37* 5.43*

INF p seu d o  R2 0.181 0.263 0.197 0.166 0.142 0.135 0.143 0.099
t-sta t 4.24* 5.71* 4.61* 4.49* 4.54* 4.77* 4.31* 2.98*

N o n -F in a n c ia l V a r ia b le s

RTT_GR p seu d o  R2 0.049 0.054 0.000 0.006 0.016 0.031 0.004 0.004
t-sta t -1.85 -2.17** -0.21 1.08 1.70 247* 1.12 1.04

DWELL GR pseu d o  R2 0.111 0.103 0.041 0.008 0.001 0.009 0.008 0.015
t-stat -3.55* -2.95* -2.04** -0.91 0.36 1.00 0.84 0.99

U. S. F in a n c ia l V a r ia b le s

US SPR p seu d o  R2 0.000 0.010 0.055 0.099 0.094 0.097 0.094 0.081
t-sta t 0.28 -1.00 -1.95 -2.19** -2.09** -2.13** -2.67* -3.28*

US SH R p seu d o  R2 0.068 0.106 0.150 0.179 0.157 0.134 0.116 0.095
t-sta t 3.55* 3.32* 3.50* 3.51* 3.43* 3.38* 3.24* 2.71*

US LG R p seu d o  R2 0.093 0.102 0.103 0.102 0.087 0.069 0.057 0.047
t-sta t 4.71* 3.73* 3.29* 2.95* 2.55* 2.18** 1.87 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 pseudo R 2 and ^-statistics from the 

model with a constant and an individual variable as stated in the tables. The 

left-hand side (LHS) variable is Rl 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.l and Table A.2 of the Appendix A. Each bold-faced 

number indicates the maximum pseudo R2 in each corresponding column.

Looking at pseudo R2 and ^-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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T a b le  2 .3: In -S a m p le  S ta tis tic s: L H S is R 2 , R H S  are C o n sta n t and  th e  
V ariab le as S ta ted

D ependent Variable is R2 h = Q uarters Ahead
1 2 3 4 5 6 7 8

F in a n c ia l V a r ia b le s

SPREAD pseu d o  R2 0.029 0.044 0.050 0.051 0.089 0.076 0.024 0.003
t-stat -2.21** -2.25* -2.21** -2.52* -2.54* -2.35* -1.41 -0.5

SH R pseudo  R2 0.087 0.099 0.090 0.077 0.083 0.072 0.037 0.021
t-stat 4.08* 3.50* 3.08* 2.75* 2.50* 2.36* 1.8 1.42

M3 GR pseudo  R2 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 2.12** 2.31*

CUR GR pseudo  R2 0.035 0.076 0.069 0.055 0.050 0.034 0.069 0.084
t-stat 2.52* 2.85* 2.40* 2.20** 2.20** 2.46* 3.58* 3.21*

INF pseudo  R2 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* 1.91 1.55 1.21 1.46

N o n -F in a n c ia l V a r ia b le s

RTT GR pseudo  R2 0.037 0.048 0.006 0.004 0.006 0.041 0.022 0.013
t-sta t -2.77* -2.93* -1.22 -1.09 1.41 3.11* 2.54* 1.89

DWELL GR pseudo  R2 0.011 0.014 0.030 0.016 0.009 0.006 0.014 0.047
t-sta t -1.43 -1.79 -1.87 -1.55 -1.11 -0.94 1.6 2.64*

U .S . F in a n c ia l V a r ia b le s

US SPR pseudo  R2 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 -1.71 -1.63 -1.20

US SH R pseudo  R2 0.050 0.057 0.061 0.081 0.109 0.116 0.100 0.071
t-stat 3.17* 2.59* 2.47* 3.06* 3.6 7* 3.61* 3.32* 2.87‘

US LG R pseu d o  R2 0.054 0.064 0.062 0.071 0.082 0.082 0.071 0.062
t-sta t 3.36* 2.90* 2.73* 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 Rl, while the U.S. short-term interest rate 

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

Table 2.4 and Table 2.5 show the values of pseudo R 2 resulted from the out-of- 

sample assessment. The LHS variable is Rl 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 number is the maximum value of pseudo R 2 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



2. Predicting Australian Recessions Using Financial Variables 30

Table 2.4: O u t-o f-S am p le  pseudo R 2: L H S  is R l ,  R H S  are C onstan t and  
th e  V a ria b le  as S ta ted

Dep V a r =  R1
hi = Q uarte rs  A head

1 2 3 4 5 6 7 8

Financial Variables
S P R E A D 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
M 3 G R 0.005 0.033 0.092 0.177 0.164 0 .165 0 .144 0 .108
C U R G R 0.028 0.026 0.002 0.015 0 .030 0.071 0 .102 0.177
INF 0.147 0.183 0.151 0.169 0 .148 0 .145 0.156 0.121

Non-Financial Variables

R T T  G R 0.058 0.062 ... ... ... 0.001 ... 0.000
D W E L L _G R 0.047 0.034 0.029 0.003 ... ... ... 0.013

U S. Financial Variables

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: O u t-o f-S am p le  pseudo R 2: 
th e  V a ria b le  as S tated

L H S  is R 2 , R H S  are C o nstan t and

Dep V a r =  R2
h = Q uarte rs  A head

1 2 3 4 5 6 7 8

Financial Variables
S P R E A D 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 G R 0.018 0.026 0.039 0.062 0 .019 0 .052 0.067 0 .070
C U R G R 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

Non-Financial Variables

R TT G R 0.036 0 .049 ... ... 0.000 0.000 0.006 0 .013
D W E LL_G R 0.007 0.013 0.026 0.018 0 .005 0.000 0.006 0.027

U.S. Financial Variables

US SP R ... ... ... 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 h =  4. Only the 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 (US23HJR) 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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F igure 2.3: P rob ab ility  o f R ecession: 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

ables outperform noil-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. For short 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 (USJ3HJR). Up to 5 lags of the additional variable 

are allowed. As before, the bold-faced numbers indicate the maximum values 

of pseudo R2 in each forecast horizon.

Table 2.6 presents the values of in-sample ^-statistics and pseudo R 2 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 2 for the 

models using a constant, 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 -S a m p le  S ta tis t ic s :  R H S  are C o n sta n t, I N F , and  th e  V ari­
a b le  as S ta te d

Dependent . _____ h = Quarters Ahead_____  Dependent . _____ h °  Quarters Ahead
Variable is R1 1 2 3 Variable Is R2 1 2 3

SPREAD pseudo R2 0.216 0.330 0.281 SPREAD pseudo R2 0.114 0.130 0.132
0 t-stat -2.66* -2.82* -2.42* 0 t-stat -1.20 -1.45 -1.45

t-stat INF 3.86* 5.12* 4.15* t-stat INF 3.58* 3.49* 3.90*
pseudo R2 0.245 0.336 0.257 pseudo R2 0.117 0.127 0.124

1 t-stat -2.98* -2.56* -1.92 1 t-stat -1.17 -1.13 -1.11
t-stat INF 3.60* 5.04* 3.85* t-stat INF 3.30* 3.12* 3.52*

pseudo R2 0.260 0.322 0.239 pseudo R2 0.120 0.125 0.149
2 t-stat -3.11* -2.12** -1.56 2 t-stat -1.19 -1.08 -1.67

t-stat INF 3.60* 5.06* 3.71* t-stat INF 3.22* 3.05* 3.39*
pseudo R2 0.241 0.295 0.208 pseudo R2 0.122 0.154 0.141

3 t-stat -2.57* -1.40 -0.73 3 t-stat -1.33 -1.83 -1.52
t-stat INF 3 59* 4.66* 3.58* t-stat INF 3.23* 2.93* 3.27*

pseudo R2 0.246 0.282 0.207 pseudo R2 0.164 0.161 0.116
4 t-stat -2.60* -0.96 -0.75 4 t-stat -2.7 O' -2.04" -0.75

t-stat INF 3.97* 5.02* 3.99* t-stat INF 3.76* 3.46* 3.87*
pseudo R2 0.217 0.277 0.204 pseudo R2 0.161 0.123 0.110

5 t-stat -1.57 -0.87 -0.80 5 t-stat -2 62* -0.99 0.02
t-stat INF 4.03* 5.23* 4.21* t-stat INF 3.90* 3.61* 4.29*

SH R pseudo R2 0.277 0.374 0.314 SH R pseudo R2 0.144 0.158 0.149
0 t-stat 4.29* 3.45* 3.05* 0 t-stat 2.36* 2.23" 1.91

t-stat INF 3.12* 4.16* 3.32* t-stat INF 2.94* 2.75* 3 12*
pseudo R2 0.295 0.365 0.281 pseudo R2 0.150 0.150 0.136

1 t-stat 4.37* 3.12* 2.46* 1 t-stat 2.50* 1.90 1.49
t-stat INF 3.08* 4 43* 3.32* t-stat INF 2.74* 2.59* 3.06*

pseudo R2 0.300 0.344 0.252 pseudo R2 0.145 0.141 0.141
2 t-stat 4.31* 2.55* 1.92 2 t-stat 2.34* 1.63 1.52

t-stat INF 3.19* 4.44* 3.33* t-stat INF 2.79* 2.71* 3.15*
pseudo R2 0.283 0.319 0.225 pseudo R2 0.141 0.151 0.138

3 t-stat 3.77* 2.12" 1.32 3 t-stat 2.14“ 1.78 1.51
t-stat INF 3.53* 4 68* 3.52* t-stat INF 3.08* 2.94* 3.33*
pseudo R2 0.267 0.300 0 215 pseudo R2 0.155 0.153 0.123

4 t-stat 3 52* 1 68 1.14 4 t-stat 2.55* 1.96" 1.12
t-stat INF 3.90* 4 94* 3 84* t-stat INF 3.48* 3.35* 3.78*

pseudo R2 0.238 0.288 0.209 pseudo R2 0.154 0.132 0.118
5 t-stat 2.78* 1 46 1.01 5 t-stat 2.68* 1.43 0.91

t-stat INF 4.04* 5 32* 4.15* t-stat INF 3.69* 3.57* 4.04*
pseudo R2 0 192 0.271 0.239 GOLD GR pseudo R2 0.114 0.112 0.120

0 t-stat -1.41 -1.07 -1.91 0 t-stat 1.13 0.07 1.12
t-stat INF 4.16* 5.52* 4.47* t-stat INF 3 81* 3.91* 4.35*
pseudo R2 0.188 0.306 0.265 pseudo R2 0.105 0.119 0.109

t-stal -0.&9 -1.65 -1.79 1 l-sta\ -0.05 A .00 -0.2b
t-stat INF 4.13* 5.51* 4.56* t-stat INF 3.87* 3.97* 4.29*
pseudo R2 0.225 0.356 0.240 pseudo R2 0.112 0.112 0.140

2 t-stat -2.12” -3.03* -2.09" 2 t-stat 0 93 -0.34 -2.36*
t-stat INF 3.85* 5.10* 4.50* t-stat INF 3.86* 4.07* 3.94*

pseudo R2 0.236 0.299 0.216 pseudo R2 0.105 0.138 0.116
3 t-stat -2.34* -1.99** -1.39 3 t-stat -0.18 -2.14" -0.84

t-stat INF 3.70* 4.97* 4.39* t-stat INF 3.86* 3.77* 4.35*
pseudo R2 0.202 0.274 0.199 pseudo R2 0.125 0.115 0.122

4 t-stat -1.34 -1.06 -0.52 4 t-stat -1.78 -0.64 -1.08
t-stat INF 4.26* 5.44* 4.47* t-stat INF 3.60* 3.88* 4.45*
pseudo R2 0.214 0.293 0.201 pseudo R2 0.120 0.144 0.171

5 t-stat -1.86 -1.68 -0.62 5 t-stat -1.20 -1.68 ■2.48'
t-stat INF 4.35* 5.73* 5.01* t-stat INF 3.79* 4.68* 5.14'
pseudo R2 0.197 0.293 0.267 US SH R pseudo R2 0.119 0.129 0.130

0 t-stat 1.59 1.80 2.47* 0 t-stat 1.54 1.49 1.49
t-stat INF 3.62* 4.76* 3.60* t-stat INF 3.27* 3.17* 3.52*

pseudo R2 0.218 0.320 0.287 pseudo R2 0.122 0.130 0.142
1 t-stat 2.42* 2.48* 2.78* 1 t-stat 1.69 1.46 1.96”

t-stat INF 3.44* 4.55* 3.41* t-stat INF 3.16* 3.05* 3.32*
pseudo R2 0.240 0.325 0.256 pseudo R2 0.120 0.138 0.157

2 t-stat 3.00* 2.46* 2.24" 2 t-stat 1.48 1.78 2.35*
t-stat INF 3.14* 4.16* 3.17* t-stat INF 2.99* 2.70* 2.76*

pseudo R2 0.269 0.319 0.247 pseudo R2 0.136 0.163 0.168
3 t-stat 3.78* 2.39* 2.18** 3 t-stat 2.12" 2.46* 2.45*

t-stat INF 3.25* 4.34* 3.39* t-stat INF 2.99* 2.64* 2.88*
pseudo R2 0.255 0.306 0.239 pseudo  R2 0.158 0.172 0.157

4 t-stat 3.57* 2.25** 2.06” 4 t-stat 2.83* 2 6 3 ' 2.14"
t-stat INF 3.34* 4.44* 3.50* t-stat INF 2.86* 2S9* 3.02*
pseudo R2 0.236 0.293 0.224 pseudo R2 0.164 0.159 0.137

5 t-stat 3.10* 1.77 1.50 5 t-stat 2.93* 2.19" 1.62
t-stat INF 3.29* 4.45* 3.48* t-stat INF 2.69* 2.60* 3.22*

Note: * significant at 1% ** significant at 5%
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T ab le  2.7: In -S a m p le  Statistics: R H S  are  C o n s tan t, U S_SH _R , and the  
V a ria b le  as S tated

h » Quarter» Ahead h » QuartT» Ah «ad

pseudo R7 
t-etat

t-stat US_SH_R 
pseudo R2 

1-st at
t-stat US_SH_R 

pseudo R2 
t-etat

t-stat US_SH_R 
pseudo R2 

t-etat
t-etat US_SH_R 

pseudo R2 
t-etat

t-etat US_SH_R 
pseudo R2 

t-etat
t-etat US SH R

2.25** 
0 188 
0 58 
2.67* 
0 183 
0.21 
2.97* 
0.183 
-0.08 
3.09* 
0.182 
0.07 
302*

0179 
1.11 
1 86 

0.163 
046 
2 38* 
0 160 
0.11 
2.79* 
0.161 
-014 
298* 
0.160 
0 02 
2 91* 
0.160 
-0 09 
2 93*

0.139 
0.44 

20 8 - 
0 135 
0.05 
2 63* 
0 137 
-0.22 
2 94* 
0.137 
-0.03 
2 82* 
0 137 
-0.12 
291* 
0.137 
-0.19 
2.98*

0.116 
003 
243* 
0.120 
-0.31 
3.01* 
0.119 
-0.14 
291* 
0.119 
-0 18 
299* 
0 120 
-0 22 
3.04* 
0.119

0097
-028
242*
0097 
-019 
2.62*
0098 
-026 
273* 
0 099 
-024 
274* 
0098 
-0 19 
274* 
0.097 
-0.06 
269*

t-stat U S S H R  
pseudo R2 

t-stat
t-stat US_SM_R 

pseudo R2 
t-stat

t-stat US SH R

t-etat US_SH_R 

t-etat
t-etat US_SH_R 

t-stat
t-stat US SH R

0 096 
1.17
1 50 

0.104 
1.25 
1.54 

0.101 
1 22 
1.91 

0 086 
0 57
2 44* 
0089 
0.13 
2.7y 
0103 
-0.13
3 06*

0 120 
0.82 

20 2 - 
0 118 
0.77 
2.44* 
0.111 
0.14 
3.01* 
0.114 
-0.21 
3.32* 
0.124 
-042 
3.46* 
0.124 
-0 66 
3 58*

0 120 
0.52 
237* 
0.117 
-0.15 
3.00* 
0.121 
-0.47 
3 38* 
0 126 
-0 65 
3.56* 
0.128 
-0.90 
3.64* 
0.124 
-0.72 
360*

0 100 
-0.17 
277*
0103 
-0.54 
3 23* 
0105 
-0.74 
3 56* 
0 107 
-0 98 
369*
0104 
-0.75 
3 52* 
0101 
-0 38 
329*

0.073 
-0.36 
2.57* 
0.073 
-0.57 
2.87* 
0.075 
-0.82 
3.10* 
0.073 
-0.57 
3 00* 
0.071 
-0.28 
2.92* 
0 073 
0.54 
2 56*

M3 GR pseudo R2 0.331 0.293 0.259 0218 0.163 M3 GR pseudo R2 0.116 0.118 0 142 0 134 0.109
0 te tat 4.46* 2.24** 2.49* 254* 250* 0 t-stat 1 94 1 08 1 60 2 06** 22 9-

t-stat US SH R 3.16* 3.30* 3.18* 3.11* 250* te ta t US SH R 2.79* 363* 3.57* 3 22* 2.67*

t-stat US_SH_R 
pseudo R2 

t-etat
t-etat US_SH_R 

pseudo R2 
t-etat

t-stat US_SH_R 
pseudo R2 

t-etat
t-stat US_SH_R 

pseudo R2 
t-etat

t-etat US SH R

0.311 
220** 
3.24* 
0 294
2.31** 
3.18* 
0 269 
202** 
3.20* 
0 235 
1.79 
3 19* 
0.206 
1.48 

3 29*

0277 
239* 
3 12* 
0.249 
2.17- 
3.11* 
0.214 
1 98“  
3.15* 
0.182 
1 55 
3 21* 
0.162 
080 
3.33*

0.230 
23 1 - 
3 00* 
0.193 
217“  
3.08* 
0.160 
1.73 
3 16* 
0.139 
0.77 
3 26* 
0 138 
-0.40 
3 26*

0 179 
236* 
293* 
0.144 
1.94 
300* 
0.121 
088 
3.12* 
0.121 
-0 50 
3.16* 
0.118 
-0 03 
3.02*

0.125
2.01-
246*
0.100
097 
256* 
0099 
-0 50 
264* 
0.098 
-007 
259*
0098 
0 34 
251*

t-etat
t-etat US SH R 

pseudo R2 
t-stat

te ta t US_SH_R 
pseudo R2 

t-stat
te ta t US_SH_R 

pseudo R2 
t-etat

te ta t US_SH_R 

t-stat
te ta t US SH R

0091 
1.07 
2.95* 
0.105 
1.54 
2.73* 
0.113 
1.76 
2 66* 
0.123 
1 89 
2.89T 
0.140

0.134 
1.54 
3.57* 
0.139 
1.83 
3.41* 
0.145 
1 90 
3.42* 
0.156 
1.68 
3 55* 
0.123 
0.49 
3 64*

0 148 
1.97- 
3.48* 
0.150 
2 0 3 - 
335* 
0.155 
1 66 
3 29* 
0.123 
0 39 
3 50* 
0.133 
-0 90 
4,02*

0134 
2.22-  
3 08* 
0.134 
1 82 
2.95* 
0102 
0.47 
3.18* 
0.111 
-0 86 
3 42* 
0.102 
-041 
3.24*

0.107 
1.99- 
2.59* 
0.073 
0.65 
2.74* 
0.078 
-0.76 
2.82* 
0.072 
-0 34 
2 76* 
0.079 
0.71 
2-62*

pseudo R2 
te ta t

t-stat US_SH_R 
pseudo R2 

te tat
t-etat US_SH_R 

pseudo R2 
te ta t

t-etat US_SH_R 
pseudo R2 

te tat
t-etat US_SH_R 

te ta t
t-etat U S S H R  

pseudo k  
te tat

te ta t US iS SH R
dö R1"

0.203 
1 06 

292* 
0 237 
1.67 

2 95* 
0 251
2 05** 
287* 
0 296 
2.97* 
3.22* 
0296 
3.45*
3 39* 
0.291 
3 22* 
3.45*

0.216
1 69
2 81* 
0235 
2.13- 
282* 
0261 
301* 
278* 
0263 
3.55* 
111* 
0 269 
3 31* 
3.33* 
0283 
283* 
3 44*

0.214 
21 9 - 
265* 
0 244 
3.17* 
267* 
0 230 
3 56* 
2 59* 
0 237 
3.25* 
293* 
0 259 
2 85* 
321* 
0 230 
2 54* 
3.17*

0.229
326*
240*
0.217
401*
2.40*
0.210
3.25*
238*

0200 
4 26* 
1 80 

0.195 
3 68* 
1 88

0.232
1A T
2.64*

0.203
297*
1.82

0212
26r
285*
0.183
2.24-
286*

0.185 
2.76* 
2 08- 
0163 
249* 
2 29 - 
0.166 
280* 
2.21-

te ta t
te ta t US SH R 

t-etat
te ta t US SH R 

t-etat
te ta t US_SH_R 

pseudo R2 
te ta t

te ta t US SH R 

t-stat
te ta t U5_SH _R

t-stat 
te ta t US_i

te ta t
t-etat US_SH_R 

pseudo FI2 
te tat

t-etat US_SH_R 

te ta t
t-etat US_SH_R 

pseudo R2 
te tat

t-etat US_SH_R 
pseudo R2 

te tat
t-etat US_SH_R 

pseudo R2 
te tat

t-stat US SH R 
lo Rr

te tat
t-etat US_SH_R 

pseudo R2 
te tat

t-stat US SH R 
pseudo R2 

te tat
t-stat US SH R 

pseudo R2 
te tat

t-etat U S S H R  
pseudo R2 

te ta t
t-etat US_SH_R 

pseudo R2 
te ta t

te ta t US SH R

0.182 
-0.53 
3 50* 
0.183 
0.37 
3.54* 
0.189 
0.71 
3.51* 
0.187 
0.45 
3.52* 
0.188 
0.51 
3.57* 
0 187 
0.40 
367* 
0.195 
-0.95 
3 24* 
0.196 
-0.94 
3.44* 
0.201 
-1.11 
3.27* 
0.201 
-1.36 
3.06* 
0.197 
-1.38 
2.96* 
0.187 
-0.68 
292*

0.163 
0.65 
362* 
0.170 
0.93 
3 50* 
0.164 
050 
3 44* 
0.169 
0.67 
3.51* 
0.165 
0.41 
3 63* 
0.160 
000 
3 76* 
0.174 
-0.92 
3.09* 
0.177 
-1 02 
297* 
0182 
-1.43 
2 83* 
0176 
-1.47 
271* 
0.165 
-0.64 
270* 
0.161 
-0.26 
2 66*

0 152
1 24 
360* 
0.143 
0.71 
3 40* 
0.146 
0.72 
3.44* 
0.144 
053 
3 53* 
0.137 
0.02 
3.73* 
0 136 
-0 04 
367* 
0.155 
-1.03 
2.58* 
0.157 
-1.37 
2.50* 
0.155 
-1.58 
2.51* 
0.142 
-0 68 
2.51* 
0.138 
-0.25 
2.45* 
0.145 
-0.57 
2.35*

0.132 
1.04 
3.41* 
0.132 
0.87 
330* 
0.127 
0.58 
3.30* 
0.119 
0.14 
3 36* 
0.119 
-0 02 
3 39* 
0.118 
-0.13 
339* 
0.139 
-1 26 
2.00** 
0.135 
-1.45 
216** 
0.125 
-0.75 
240* 
0.120 
-0.24 
241* 
0.127 
-0.54 
221-  
0.142 
-0 84 
208**

0.118 
1.13 
2  87* 
0.110 
0.70 
276* 
0098 
019 
269*
0098 
008 
269* 
0 098 
-0.10 
269* 
0.102 
0.77 
261* 
0.115 
-1.38 
1.56

0.103 
-0.73 
1 90

0099 
-0.32 
2.12-  
0.106 
-0 56 
1.87 

0.121 
-0 85 
1.70

0.114 
-0.76 
1 84

Note: * significant at 1% ** significant at 5%
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Table 2.8: O ut-of-Sam ple pseudo R 2: R H S are C on stan t, IN F , and th e  
V ariable as S ta ted

D ep  V ar = R1 lag h  = Q u a r te r s  A h e a d
D ep  V ar = R2 lag h  = Q u a r te r s  A h e a d

1 2 3 1 2 3

SH _R 0.148 0.198 0.190 INF 0 .130 0 .123 0 .126

Financial Variables Financial Variables
SPR EA D 0 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 .1 4 9
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 Non-Financial Variables
GOLD GR 0 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. Financial Variables
US SH R 0 0.084 0.115 0 .205 US SH R 0 0 .137 0.141 0 .145

1 0 .112 0.175 0.254 1 0 .147 0.139 0 .156
2 0.171 0.216 0 .212 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 0.177 0.192 0.171
5 0.221 0 .176 0.165 5 0 .188 0.168 0.141

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 2 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 horizon varies here. It is indicated by 

bold type in the table.

Table 2.9 shows the values of out-of-sample pseudo R2 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 R2: RHS are Constant, US_SHJR, and 
the Variable as Stated

Dep Var *  R1
h *  Q uarters Ahead Dep Var 3 R2

h *  Quarters Ahead
4 5 6 7 8 a9 4 5 6 7 8

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 Variables
M3 GR 0 0.373 0.333 0.298 0.244 0.170 M3 GR 0 0.137 0.117 0.161 0.154 0.122

1 0.363 0.322 0.272 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 0.117 0.151 0.175 0.136 0.072
3 0 327 0.261 0.195 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 0.114 0.097 0.075

CUR GR 0 0.175 0.149 0.158 0.115 0.198 CUR_GR 0 0.109 0.130 0.116 0.138 0.125
1 0.173 0.187 0.182 0.229 0.205 1 0.112 0.098 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 0.195 3 0.137 0.171 0.201 0.204 0.121
4 0.350 0.320 0.304 0.244 0.161 4 0.166 0.193 0.250 0.157 0.070
5 0.357 0.335 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 0 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

U.S. Financial Variables
US SPR 0 0239 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 0.201 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-quarters 

ahead forecasting is the U.S. short-term interest rate at time t and the growth 

rate of currency at time t — 5. The best combination for /i-quarters ahead 

forecasting, h = 6,7,8, is the U.S. short-term interest rate at time t 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 

comparing 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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F ig u re  2.5: P robab ility  o f R ecession: R l  and h =  1

(a) SH R
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bility of Rl 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 (panel b) correctly predict both recession periods.
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F igure 2.6: P robab ility  o f R ecession: R1 and h — 4

(a) US SH R
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Table 2.10: Re-Sampling pseudo R2: LHS is R l, RHS are Constant and 
the Variable as Stated

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

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 . . . . . . . . . 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

Non-Financial Variables

RTTJ3R 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 2 from our re-sampling 

exercise. Table 2.10 presents the case that the LHS variable is Rl 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 2 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-sample 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 Rl, and from in­

flation rate to short-term interest rate for R2. However, in the overall picture
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T able  2.11: R e-Sam pling pseudo R 2: LHS is R 2, R H S are C onstant and  
th e Variable as S tated

D ep  V ar = R
hi = Q u a r te r s  A h e a d

1 2 3 4 5 6 7 8

F in a n c ia l V a r ia b le s

S PR EA D 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 G R 0.002 0.016 0 .034 0 .066 . .. 0 .006 0.031 0.032
CUR G R 0.004 0.013 0 .022 0.014 0 .030 0 .034 0.086 0.108
INF 0.104 0.118 0 .1 1 6 0 .064 0 .002 . .. . .. . ..

N o n -F in a n c ia l V a r ia b le s

RTT G R 0.046 0.063 . .. . .. . .. 0 .0 1 5 . .. 0.004
D W ELL_GR 0.008 0.014 0 .030 0 .0 1 5 . .. . .. 0.007 0 .040

U .S . F in a n c ia l V a r ia b le s

US S P R ... . .. . .. . .. 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 Rl.

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 els stated in the table, as independent variables. The LHS 

variables are Rl and R2, respectively, in the left and right panels of the table.
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Table 2.12: R e-Sam pling pseudo R2: RH S are C on stan t, IN F  and th e Vari­
able as S tated

Dep Var = R1 lag h = Quarters Ahead Dep Var = R2 lag h = Q uarters Ahead
1 2 3 1 2 3

INF 0.149 0.232 0.165 SH_R 0.113 0.133 0.120

F in a n c ia l V a ria b le s F in a n c ia l V a r ia b le s

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 ... 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 0.164 0.178 0.172
1 0.180 0.274 . .. 1 0.177 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 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

N o n -F in a n c ia l V a ria b le s N o n - F in a n c ia lV a r ia b le s

RTT GR 0 0.111 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 0.111 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 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

U .S . F in a n c ia l V a ria b le s U .S . F in a n c ia l V a r ia b le s

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 ... ... 0.111 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 .ll. As in 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 R2 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 combination of inflation rate and 

the interest rate spread (SPREAD) is the best for R l, 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: R e -S am p lin g  pseudo R2: L H S is R l ,  R H S  a re  C o n s ta n t,
U S _ S P R  a n d  th e  V ariab le  as S ta te d

Dep Var = R1 h = Q uarters Ahead
4 5 6 7 8

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 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

AIon-Financial Variables
GOLD GR 0 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 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 0.039 0.040 0.122 0.125 0.082
4 0.054 0.100 0.126 0.109 0.073
5 0.109 0.103 0.113 0.102 0.059

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 Rl. The table reports 

the values of pseudo R 2. The table shows that the combination of the U.S. 

interest rate spread and the growth rate of currency (CUR_GR) performs best 

in predicting Rl 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 R2 from the case that the LHS variable is
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Table 2.14: Re-Sampling pseudo R2: LHS is R2, RHS are Constant,
US_SH_R and the Variable as Stated

Dep Var = R2
h = Quarters Ahead

4 5 6 7 8

US_SH_R 0.065 0.078 0.086 0.058 0.032

Financial Variables
M3 GR 0 0.116 0.088 0.112 0.121 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 0.055 0.055 0.076 0.055 ...

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 ... 0.067 0.054
4 0.028 0.048 0.066 0.079 0.086
5 0.038 0.089 0.057 0.100 0.055

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 recessions 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 

model is estimated), the sparseness of recessions may make such evaluation

inaccurate.
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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 R l, 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, including 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 Rl 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).



Appendix A

Full Results
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Table A .l: In-Sample Statistics: LHS is Rl, RHS are Constant and the Variable as 
Stated

h = Q uarte rs  Ahead
1 2 3 4 5 6 7 8

SPREAD p seu d o  R2 
t-stat

0.079
-3.99*

0.128
-3.61*

0.146
-2.97*

0.127
-2.48*

0.101
-2.16**

0.057
-1.56

0.035
-1.28

0.020
-1.31

SH_R p seu d o  R2 
t-stat

0.183
6.14’

0.210
4.92*

0.210
4.19*

0.177
3.45*

0.133
2.80*

0.082 
1.98**

0.050
1.52

0.029
1.20

LG_R p seu d o  R2 
t-stat

0.158
6.15*

0.154
4.41*

0.142
3.55*

0.118
2.85*

0.085
2.23**

0.057
1.72

0.035
1.31

0.020
0.96

D_SH_R p seu d o  R2 
t-stat

0.115
4.39*

0.100
3.15*

0.065
2.15**

0.030
1.20

0.015
0.79

0.002
0.28

0.000
-0.07

0.003
-0.34

D_LG_R p seu d o  R2 
t-stat

0.072
3.41*

0.055
2.16**

0.041
1.55

0.021
0.98

0.009
0.59

0.002
0.30

0.000
-0.05

0.003
-0.33

M3_GR p seu d o  R2 
t-stat

0.011
1.14

0.031
1.68

0.101
3.23*

0.183
4.21*

0.160
2.19**

0.153
2.35*

0.127
2.42*

0.089
2.38*

CUR_GR p se u d o  R2 
t-stat

0.098
3.61*

0.091
2.85*

0.080
2.34*

0.072
2.00**

0.113
2.55*

0.135
3.07*

0.168
4.37*

0.158
5.43*

R_M3_GR p seu d o  R2 
t-stat

0.029
-1.19

0.024
-1.05

0.000
0.12

0.018
1.39

0.024
1.33

0.025
1.34

0.012
0.84

0.008
0.72

R_CUR_GR p se u d o  R2 
t-stat

0.021
-1.50

0.060
-2.87*

0.037
-2.25*

0.029
-1.92

0.004
-0.76

0.001
-0.32

0.000
-0.06

0.003
0.65

STOCK_GR p se u d o  R2 
t-stat

0.063
-2.37*

0.046
-2.12**

0.071
-2.26*

0.044
-2.11**

0.006
-0.99

0.000
0.00

0.006
0.76

0.001
0.23

EXCH_GR p seu d o  R2 
t-stat

0.026
-2.18**

0.024
-2.08**

0.029
-2.27**

0.013
-1.56

0.000
0.11

0.008
1.02

0.015
1.28

0.008
0.94

INF p se u d o  R2 
t-stat

0.181
4.24*

0.263
5.71*

0.197
4.61*

0.166
4.49*

0.142
4.54*

0.135
4.77*

0.143
4.31*

0.099
2.98*

R T T G R p se u d o  R2 
t-stat

0.049
-1.85

0054
-2.17**

0 000 
-0.21

0 006 
1.08

0  016 
1.70

0.031
2.47*

0.004
1.12

0.004
1.04

DW ELLGR p se u d o  R2 
t-stat

0.111
-3.55*

0.103
-2.95*

0.041
-2.04**

0.008
-0.91

0.001
0.36

0.009
1.00

0.008
0.84

0.015
0.99

NONRES_GR p se u d o  R2 
t-stat

0.020
-1.71

0.013
-1.57

0.000
-0.38

0.000
-0.01

0.001
0.46

0.000
-0.14

0.001
-0.51

0.003
0.94

SV_EX_GR p se u d o  R2 
t-stat

0.000
0.18

0.000
0.08

0.004
0.78

0.004
-0.83

0.016
-2.06**

0.026
-2.26**

0.001
-0.53

0.000
0.03

TOT_GR p se u d o  R2 
t-s ta t

0.042
-2.19**

0.030
-2.16**

0.013
-1.70

0.002
-0.76

0.019
1.69

0.007
0.80

0.023
1.17

0.015
0.77

GOLD_GR p se u d o  R2 
t-stat

0.005
-0.79

0.001
-0.3

0.019
-1.05

0.040
-1.28

0.014
-0.72

0.006
-0.48

0.002
-0.46

0.002
0.34

US_SPR p se u d o  R2 
t-sta t

0.000
0.28

0.010
-1

0.055
-1.95

0.099
-2.19**

0.094
-2.09**

0.097
-2.13**

0.094 
-2.6 7*

0.081
-3.28*

US_SH_R p se u d o  R2 
t-s ta t

0.068
3.55*

0.106
3.32*

0.150
3.50*

0.179
3.51*

0.157
3.43*

0.134
3.38*

0.116
3.24*

0.095
2.71*

US_LG_R p se u d o  R2 
t-stat

0.093
4.71*

0.102
3.73*

0.103
3.29*

0.102
2.95*

0.087
2.55*

0.069
2.18**

0.057
1.87

0.047
1.62

US_STK_GR p se u d o  R2 
t-s ta t

0.003
-0.71

0.002
-0.54

0.001
0.45

0.000
-0.21

0.000
-0.12

0.001
0.55

0.002
-0.45

0.000
-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 = Q uarters Ahead
1 2 3 4 5 6 7 8

SPREAD p seudo  R2 
t-stat

0.029
-2.21**

0.044
-2.25*

0.050
-2.21”

0.051
-2.52*

0.089
-2.54*

0.076
-2.35*

0.024
-1.41

0.003
-0.5

SH_R pseu d o  R2 
t-stat

0.087
4.08*

0.099
3.50*

0.090
3.08*

0.077
2.75*

0.083
2.50*

0.072
2.36*

0.037
1.8

0.021
1.42

LG_R p seu d o  R2 
t-stat

0.085
3.80*

0.086
3.04*

0.070
2.55*

0.054
2.17“

0.040
1.88

0.034
1.72

0.026
1.49

0.025
1.54

D_SH_R p seu d o  R2 
t-stat

0.036
2.03“

0.042
1.93

0.033
1.68

0.013
1.03

0.008
0.68

0.002
0.36

0.001
-0.28

0.003
-0.46

D_LG_R p seu d o  R2 
t-stat

0.037
2.18“

0.029
1.74

0.015
1.15

0.001
0.28

0.003
-0.37

0.008
-0.55

0.011
-0.69

0.006
-0.69

M3_GR p seu d o  R2 
t-stat

0.023
1.92

0.023
1.94

0.034
1.51

0.049
2.40*

0.022
1.47

0.044
1.76

0.052
2.12”

0.055
2.31*

C U R G R p seu d o  R2 
t-stat

0.035
2.52*

0.076
2.85*

0.069
2.40*

0.055
2.20“

0.050
2.20“

0.034
2.46*

0.069
3.58*

0.084
3.21*

R_M3_GR p seu d o  R2 
t-stat

0.005
-1.06

0.007
-1.18

0.001
-0.19

0.004
0.49

0.003
0.59

0.013
0.89

0.029
1.77

0.028
1.98”

R_CUR_GR p seu d o  R2 
t-stat

0.027
-2.11”

0.007
-0.91

0.009
-0.91

0.001
-0.21

0.007
0.74

0.001
0.24

0.023
1.88

0.026
2.48*

STO C K G R p seu d o  R2 
t-stat

0.001
-0.34

0.008
-1.03

0.023
-1.68

0.059
-2.25*

0.018
-1.73

0.004
-1.10

0.001
0.45

0.005
0.76

EXCH_GR p seu d o  R2 
t-stat

0.000
0.06

0.005
-0.99

0.015
-1.45

0.026
-1.43

0.008
-1.01

0.005
-1.24

0.001
-0.55

0.001
0.64

INF p seu d o  R2 
t-stat

0.105
3.92*

0.112
3.97*

0.109
4.47*

0.057
3.19*

0.017
1.91

0.020
1.55

0.010
1.21

0.013
1.46

RTT _GR p seu d o  R2 
t-stat

0.037
-2.77*

0.048
-2.93*

0.006
-1.22

0 004 
-1.09

0 006 
1.41

0.041
3.11*

0 022 
2.54*

0.013
1.89

DWELL_GR p seu d o  R2 
t-stat

0.011
-1.43

0.014
-1.79

0.030
-1.87

0.018
-1.55

0.009
-1.11

0.006
-0.94

0.014
1.6

0.047
2.64*

NONRES_GR p seu d o  R2 
t-stat

0.002
-0.49

0.017
-1.80

0.002
-0.71

0.004
1.02

0.004
1.29

0.010
1.39

0.000
0.30

0.002
0.49

SV_EX_GR p seu d o  R2 
t-stat

0.000
0.10

0.002
-0.63

0.003
-0.50

0.009
1.02

0.000
0.27

0.010
-1.25

0.000
0.11

0.002
-0.65

TOT_GR p seu d o  R2 
t-stat

0.039
-2.43*

0.024
-1.87

0.003
-0.49

0.002
-0.41

0.000
-0.10

0.011
1.91

0.026
1.89

0.000
-0.10

GOLD_GR p seu d o  R2 
t-stat

0.017
1.42

0.001
0.40

0.021
1.48

0.001
0.22

0.021
-1.73

0.002
-0.38

0.010
-0.77

0.034
-1.78

US_SPR p seu d o  R2 
t-stat

0.001
-0.44

0.001
-0.31

0.003
-0.54

0.012
-1.05

0.030
-1.67

0.041
-1.71

0.037
-1.63

0.014
-1.20

US_SH_R p seu d o  R2 
t-stat

0.050
3.17*

0.057
2.59*

0.061
2.47*

0.081
3.06*

0.109
3.67*

0.116
3.61*

0.100
3.32*

0.071
2.87*

l)S_LG_R p seu d o  R2 
t-stat

0.054
3.36*

0.064
2.90*

0.062
2.73*

0.071
3.1*

0.082
3.54*

0.082
3.35*

0.071
2.87*

0.062
2.60*

US_STK_GR p seu d o  R2 
t-stat

0.036
-2.13”

0.018
-1.73

0.033
-2.39*

0.006
-1.05

0.005
-0.72

0.012
1.72

0.011
2.16”

0.001
0.35

Note: * significant at 1% ** significant at 5%
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Table A .3: Out-of-Sample pseudo R 2: LHS is R l, RHS are Constant and the Vari­
able as Stated

h = Q u a r te rs  A h e ad
1 2 3 4 5 6 7 8

SPREA D 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 G R 0.012 0.039 0.032 0.031 -0 .002 -0.007 -0 .010 -0.006
STO C K  G R 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 G R 0.047 0.034 0.029 0.003 -0 .032 -0 .037 -0 .009 0.013
NO N RES G R 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
G O L D G R -0 .018 -0.004 0.013 0.027 0.008 0 .003 -0.012 -0.007
US S P R -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 2: LHS is R2, RHS are Constant and the Vari­
able as Stated

h = Q u a r te r s  A h e ad
1 2 3 4 5 6 7 8

SPREA D 0.026 0.049 0.057 0.062 0.091 0.081 0.020 -0.018
SH R 0.104 0.119 0.106 0.088 0.092 0 .079 0 .025 0.000
LG R 0 .093 0.097 0.076 0.052 0.028 0 .018 0.006 0.010
D SH R 0.032 0.045 0.032 0.002 -0 .002 -0.011 -0 .028 -0.034
D LG R 0 .028 0.009 -0.008 -0.013 -0 .034 -0.031 -0 .019 -0.012
M 3 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
R M3 GR 0.003 0.005 -0.001 -0.003 -0.001 0 .010 0 .032 0.028
R CUR G R 0.019 0.001 0.001 -0.017 -0 .019 -0 .013 0.021 0.025
STO C K  G R -0.004 0.003 0.011 -0.034 -0 .004 -0.007 -0.021 -0.028
EXCH GR -0 .012 -0 .017 -0.010 0.016 -0 .007 -0 .003 -0.011 -0.008
INF 0.130 0.123 0.126 0.075 0.009 0.021 -0.001 0.005
RTT GR 0.036 0.049 -0.049 -0.021 0.000 0.000 0.006 0.013
DWELL G R 0.007 0.013 0.026 0.018 0 .005 0.000 0.006 0.027
NO NRES G R -0 .010 -0.022 -0.009 -0.004 -0 .004 -0 .016 -0 .008 -0.007
SV EX G R -0 .004 -0 .010 -0.013 -0.015 -0 .016 0 .009 -0 .006 -0.008
TO T GR 0.051 0.029 -0.003 0.001 -0 .002 -0 .010 0.013 -0.008
GOLD G R 0.016 -0.003 -0.004 -0.011 0 .008 -0 .010 0.008 0.021
US S P R -0 .015 -0.009 -0.005 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
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: RHS are Constant, INF, and the Variable as Stated

Dependent " h ■ Quartere Aheed
I. R1 *® 1 7 'Variable la R1 1 2  3

SPREAD peeudo R1 0 216 0 330 0 281
0 tatet 2 66 2 82 -242

t atet INF 3 86 5 12 4 15

peeudo R* 0 245 0 336 0257
1 ta tet -2 06 •2 56 •1 92

t atet INF 360 504 3 85

peeudo Ra 0 260 0 322 0 239
2 ta tet -3.11 -2 12 -1 56

t-etat INF 360 506 371

peeudo R2 0 241 0295 0208
3 t-etat 2 57 -1 40 -0.73

t-etat INF 3 59 4 66 3 58

peeudo R* 0 246 0282 0 207
4 tatet 2 60 -0 96 -0 75

t atet INF 397 502 399

t-etat
0217 0277 0 204

5 -1.57 0 87 -0 80
t-atat INF 4 03 5 23 4 21

SH R
t-etat

0 277 0.374 0.314
0 4 29 3.45 3.05

t atet INF 3.12 4.16 3.32

peeudo Ra 0 295 0365 0281
1 t-etat 4.37 3.12 2 46

t-etat INF 308 4.43 3.32

peeudo R’ 0.300 0 344 0252
2 t-etat 4.31 2 55 1 92

t-atat INF 3.19 4 44 3 33

peeudo RJ 0 283 0310 0 225
3 ta tet 377 2 12 1.32

t-atat INF 353 4 68 3 52

paeudoR1
t-atat

0 267 0 300 0 215
4 352 1 68 1 14

t-atat INF 390 4 94 3 84

peeudo R* 0 236 0 288 0 209
5 t-atat 278 1.4« 1 01

t-atat INF 404 532 4.15

LG R peeudo Ra 0 266 0338 0 269
0 t-etat 4 27 2 91 2 49

t-atat INF 3 28 4 48 347

peeudo R* 0 268 0333 0253
1 t-etat 425 2 64 2.13

t-atat INF 339 4 56 3 59

peeudo R2 0 266 0 320 0233
2 t-etat 4 04 2 36 1 74

357 4 69 3 73

peeudo R1 0 259 0 308 0222
3 t-etat 375 2.14 1 46

t-etat INF 388 500 3 96

peeudo R2 0 238 0 292 0211
4 3 27 1 81 1 14

4.02 5 » 4 15

peeudo R2 0 222 0283 0 206
5 t-etat 283 1 50 0 92

t-atat INF 411 5 58 4 34

D_SH_R 0 253 0320 0 230
0 3 45 2 30 1 50

t-atat INF 379 5.31 4 25

t-etat
0 239 0291 0 20«

1 2 96 1 54 0.71
t-atat INF 3 90 5 41 423

peeudo R2 0 226 0 280 0 204
2 t-etat 2 62 1.13 0 66

t-etat INF 407 5.73 4 44

peeudo R2 0202 0272 0.197
3 t-etat 1.61 0 80 0.19

t-atat INF 4.19 5 89 4 54

peeudo R2 0.200 0267 0 196
4 t-etet 1 60 0 58 0 05

t-etat INF 435 5 87 4 68

T .« "’ 0.193 0 266 0 197
5 1.26 046 0 02

t-atat INF 447 6.13 4 85

D_LG_R peeudo R2 0 226 0 293 0219
0 t-etat 2 60 1 48 1.07

t-atat INF 389 560 4 33

peeudo R2 0.219 0288 0 208
1 t-etat 1 29 0.77

t-etat MF 4.10 578 4 45

peeudo R* 0223 0286 0 206
2 t-etat 233 1 26 0 72

t-etat INF 430 599 4 62

0.214 0282 0 203
3 2.10 1 18 065

t-etat MF 4 50 6 29 4 81

peeudo R* 0.204 027« 0 196
4 1 73 1 02 0.39

t-atat INF 446 643 4.91

peeudo R1 0 202 0274 0 198
5 1.73 0 96 0 35

Dependent 1|

Variable le R2 1 2 3
SPREAD peeudo R2 0.114 0.130 0.132

0 t-etat -1.20 -1 45 •1 45
t-etat INF 358 349 3 90

peeudo R1 0 117 0 127 0 124
1 t-atat -1 17 -1.13 • 1 11

t-etal INF 330 3.12 3 52

peeudo R2 0 120 0 125 0 149
2 t-etat -1 08 1 67

t-etat INF 3 22 3.05 3 39

peeudo R2 0.122 0 154 0.141
3 t-etat •1 33 •1 83 -1 52

t-etat INF 323 293 327

peeudo R2 0.164 0.161 0.116
4 t-etat -2.70 204 -0 75

t-etat INF 3.78 346 387

peeudo R2 
5 t-etat

0 161 0 123 0.110
2 62 0 99 0 02

t-etat INF 390 361 4 29

SH R peeudo R1 0.144 0.158 0.149
0 t-etat 2 36 2 23

t-etat INF 294 275 3.12

peeudo R2 0 150 0 150 0.136
1 t-etat 2 50 1 90 1 49

t-etat INF 274 2 59 3 06

peeudo R2 0 145 0.141 0 141
2 t «tat 234 1 63 1 52

t-etat INF 279 2 71 3 15

peeudo R2 0.141 0.151 0 138
3 t-etat 2 14 1 78 1.51

t-etal MF 3 06 294 3 33

peeudo R2 0 155 0 153 0 123
4 t-etat 2.55 1 96 1-12

t-etat MF 348 3.35 3.78

peeudo R* 0.154 0 132 0 118
5 t-eiet 268 143 0 91

t-etat MF 3 69 357 404

LG_R 0 145 0 153 0 138
0 t-etat 2 37 1 92 1 53

t-etat MF 303 294 3 39

peeudo R* 0 149 0 143 0.128
1 t-etat 2 48 1.70 1 26

t-etat INF 3 09 3 06 3 52

peeudo R2 0 141 0 135 0 122
2 t-etat 221 1 46 1 04

t-etat INF 323 322 3 69

peeudo R* 0.134 0.130 0 122
3 t-etat 204 1.32 1 06

t-etat MF 345 344 3.91

peeudo R1 0 126 0 126 0.119
4 t-etat 1 84 1.32 0 93

l-etai Mt 3 56 35« 403

peeudo R2 0 12« 0 126 0 124
5 t-etat 1 64 1.18 1.14

t-etal INF 368 370 4.17

D SH R peeudo R2 0.125 0 136 0 125
0 t-etat 1 54 1.49 1 20

t-etat MF 355 350 401

peeudo R2 
1 t-etat

0.127 0 128 0.111
1 69 1.27 0 45

t-etat INF 344 340 4 02

peeudo Ra 0.126 0.118 0.110
2 t-etat 1.75 0 79 0.36

t-etat MF 3 5« 369 4 29

peeudo Ra 0 113 0 115 0 108
3 t-etat 1 06 0 54 0.11

t-etat MF 378 385 4 32

4 t-etat
0.113 0.114 0109

105 052 -0.27
t-etat INF 399 40« 4 42

peeudo Ra 
5 t-etat

0.111 0.111 0.111
091 -0 01 -0 24

t-etat MF 409 408 4 44

0_LG_R peeudo Ra 0 128 0.127 0.114
0 t-etat 1 66 1 22 062

t-etat MF 3.57 363 4 13

peeudo Ra 0.124 0.120 0.108
1 t-etat 1 64 -0 05

t-etat MF 368 3.77 4 29

peeudo Ra 0.119 0.112 0.113
1.48 0.32 0 48

t-etat MF 3.89 398 447

peeudo Ra 
3 t-etat

0.107 0 112 0115
0 62 -0.29 -0 55

t-etat MF 3 95 403 442

peeudo R2 
4 t-etat

0 104 0.113 0114
-0 22 
3.92

-0.41 -0 57
t-etat MF 3.99 4.34

peeudo Ra 0.105 0.113 0.110
5 t-etat -0 29 -035 -0.22
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Table A .5 (Continued)
1 ■ Quarter* Ahead h ■ Quartan  Ahaad

M3 GR paaudo R' 0 182 0 263 0233 M3 GR paaudo R2 0 107 0.113 0.117
0 t-atat -0 36 0 14 2 16 t-atat 051 0 59 0 79

tatat INF 4 35 5 81 3 77 t-atat INF 376 372 3.71

paaudo R* 0 180 0 280 0 275 paaudo R2 0 105 0114 0115
1 t-atat 0 10 1 54 2 95 1 t-atat 0 10 0 49 0 96

t-atat INF 3 81 505 3 32 t-atat INF 3 58 3 19 3 58

paaudo R2 0.220 0 348 0 280 paaudo R2 0.116 0 127 0 110
2 t-atat 2 55 307 1 84 2 t-atat 1.12 1.51 0 46

t-atat INF 338 4 87 4 06 t-atat INF 329 3.44 3 90

paaudo R2 0 259 0 321 0254 paaudo R2 0 117 0.111 0.116
3 t-atat 2 88 1.71 1 66 3 t-atat 1.21 0 20 0 82

t-atat INF 2.70 4 67 3 54 tatat INF 3 06 348 327

paaudo R1 0 269 0 346 0 258 paaudo R2 0 108 0 125 0 126
4 t-atat 237 2 07 1 84 4 t-atat 073 1 21 1 36

t-atat INF 369 546 4 23 tatat INF 347 335 4 00

paaudo R2 0 258 0314 0 229 paaudo R2 0.117 0 127 0 127
S t-atat 2 05 1 68 1.53 5 t-atat 1 29 1.24 1 40

t-atat INF 3 53 4 91 3 94 tatat INF 322 3.17 3 76

CUR GR paaudo Rz 
t-atat

0.193 0 263 0 200 CUR GR paaudo l r  
t-atat

0.106 0 125 0 120
0 1.21 0 22 049 0 0 18 1.25 0 92

t-atat INF 299 4 70 3.74 t-atat INF 304 268 2 65

paaudo R2 
t-atat

0185 0 265 0 196 paaudo R2 0.115 0.118 0111
1 070 0.51 -0 06 1 t-atat 1 28 0 80 0 49

t-atat INF 287 4 87 4 35 t-atat INF 260 2.57 2 77

0.184 0 264 0213 paaudo R2 0 114 0114 0 111
2 t-atat 0 68 -0 45 1.14 2 t-atat 1.23 0 62 0 51

t-atat INF 3.13 592 396 t-atat INF 276 3.09 3 03

paaudo R2 0.180 0 264 0 218 paaudo R2 0 107 0.112 0 106
3 t-atat 011 0 43 1 40 3 t-atat 0 64 0 34 -0.16

t-atat INF 381 573 3 58 t-atat INF 2 91 326 3 46

paaudo R2 0 189 0 269 0232 paaudo R2 0 105 0.111 0 115
4 t-atat 1 29 0 94 2.13 4 t-atat 0 43 0 36 1 08

t-atat INF 313 527 304 t-atat INF 294 355 2.87

paaudo R2 
t-atat

0 200 0 286 0232 paaudo R2 0.104 0 118 0 124
5 1.78 1 72 2 09 5 t-atat 0.11 1 09 1.37

t-atat INF 300 4 61 2 84 t-atat INF 309 2 61 2 51

R M3 GR paaudo R2 0 182 0 263 0233 R M3 GR paaudo R2 0 107 0.113 0.117
0 t-atat 0 36 0.14 2 16 0 t-atat 051 059 0 79

t-atat INF 376 4 99 4 29 t-atat INF 372 407 4.17

paaudo R2 0 218 0262 0 213 paaudo R2 0.114 0.114 0.110
1 t-atat -252 0 02 1 32 1 tatet -1.23 062 0 39

t-atat INF 472 5 69 4 50 t-atat INF 4 26 397 4.32

paaudo R2 0 184 0 299 0234 paaudo R2 0 105 0 120 0 116
2 t-atat 0 66 1 94 1.72 2 tatet 0 10 0 96 1 02

t-atat INF 4 12 5 52 5 36 t-atat INF 385 378 4.34

paaudo R2 0 201 0 290 0 215 paaudo R2 0.110 0.115 0 122
3 t-atat 165 1.57 117 3 t-atat 0 74 075 1 09

t-atat INF 394 5 78 4 67 t-atat INF 383 379 4 06

t-atal
0223 031» 0216 T ^ ," ' 0.114 0 136 0.150

4 2 19
6 47

1 09 4 1 23 1 61 2 09
t-atat INF 461 4 77 t-atat INF 4 30 4 16 4 78

paauoo K1 0 200 0 273 0202
T . » , "

0.114 0.132 0.129
5 t-atat 127 0 92 0 64 5 1 09 1.50 1 50

t-atat INF 445 5 »1 4 66 t-atat INF 3 80 400 4 88

R CUR GR paaudo R1 0 193 0 263 0200 R CUR GR paaudo R2 0 106 0 125 0 120
0 1-21 022 0 49 0 t-atat 0 18 1.25 0 92

t-atat INF 4 83 4 72 379 t-atat INF 3 66 366 3.71

paaudo R2 0 248 0 318 0238
PT . » R’

0113 0 120 0 109
t t-atat -2 82 2 50 •203 1 -1 01 -0 94 -0 16

t-atat INF 4 08 551 4 90 t-atat INF 3 9» 3 99 4 49

paaudo R2 0 206 0 288 0 198 paaudo R2 0.110 0.111 0.121
2 t-atat -1.70 •1.75 4) 37 2 t-atat -0 82 -0.01 0 96

t-atat INF 3 81 6 03 4.51 t-atat INF 381 387 4.71

paaudo R2 0 211 0 267 0 197 paaudo R2 0 105 0 120 0.110
3 t-atat 204 0 69 ■0.19 3 t-atat •0 17 0 85 0 38

t-atat INF 4.51 5.74 4 54 t-atat INF 389 3.61 4.44

paaudo R2 0 185 0 263 0 196 paaudo R2 
t-atat

0111 0.112 0 139
4 t-atat -0 86 -0 31 -0 07 4 0 93 0 38 1 99

t-atat INF 431 5.75 4 58 t-atat INF 389 3 86 4.13

0 192 0.271 0197 paaudo R2 0 105 0.123 0125
S t-atat -1.26 • 1 09 •0.16 5 t-atat -0 20 1 14 1.54

t-atat INF 4 40 5 96 4 66 t-atat INF 3.91 3.75 4 29

STOCK GR paaudo R2 0 235 0 307 0258 STOCK GR paaudo R2 0 106 0.117 0.125
0 t-atat -2.19 2 09 2.12 0 t-atat 0 26 -078 -1 33

t-atat INF 402 565 4 61 t-atat INF 389 387 4 50

paaudo R2 0200 0299 0.214 paaudo R2 0.105 0.118 0140
1 t-atat -1 65 ■ 1 95 -1.73 1 t-atat -033 0 97 -1 84

t-atat INF 402 542 4 42 t-atat INF 3.75 364 4 23

paaudo R2 0 242 0 293 0 198 paaudo R2 0.121 0 158 0.119
2 t-atat 2 19 -1 93 -0 53 2 -1 50 -2.13 •1 56

t-atat INF 4.45 5 58 4.52 t-atat INF 3.61 379 4 43

paaudo R2 0 205 0262 0202 paaudo R2 0143 0.119 0.109
3 t-atat -1 82 000 0 80 3 205 -1.21 0 32

t-atat INF 4.11 5 53 4.87 t-atat INF 375 379 4 28

paaudo R2 0.181 0 267 0212 paaudo R2 0.113 0.112 0.111
4 t-atat 048 0 86 1.56 4 -1.27 -0.51 075

t-atat INF 420 5 62 4 53 t-atat INF 3.91 387 4.14

paaudo R2 0 181 0277 0 197 r ,,Rl 0.106 0.113 0.117
5 0 35 022 5 060 0 59 1 05

t-atat INF 423 5 65 4 56 t-atat INF 366 402 4 62
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Table A .5 (Continued)
h - Quarters Ah a ad h - Quarter* Ahead

EXCH GR pseudo R2 0.197 0 275 0217 EXCH GR peeudo R2 0 107 0 114 0 119
0 t-stat -1 80 •1 58 -2.11 i t-etat 0 56 0 59 •1 13

t-atat INF 4 18 5 58 4 45 t-etat INF 3 89 390 4 46

pseudo R2 0 186 0 269 0198 peeudo R2 0.105 0 116 0 121
1 t-atat •1 12 -1 08 «62 t-stat -0 12 0 76 • 1 02

t-atat INF 4 12 562 4 44 t-etat INF 3 91 376 4 18

peeudo R2 0.195 0 265 0 201 peeudo R2 0 112 0.127 0.111
2 t-atat 1 53 0 60 1 t-etat -0 94 •1 28 -0 73

t-etat INF 4 08 563 4 63 t-etat INF 375 3 62 4 21

pseudo R2 0 185 0 265 0213 peeudo R2 0.125 0.116 0111
3 t-stat 0 89 0 58 1 65 t-atat -1 57 0 95 -0 71

tatet INF 4 15 5 72 494 t-etat INF 378 3 87 4 33

pseudo R2 0.180 0 267 0205 peeudo R2 0.117 0 120 0 111
4 t-stat -0 19 0 85 0 99 4 t-etat 1 38 -1 34 -0 86

t-etat INF 4 20 568 452 t-etat INF 3.93 401 4 51

peeudo R2 0 188 0 280 0205 pseudo R2 0.110 0.112 0 112
5 t-atat 1 03 1 35 0 98 5 t-atat -1 09 0 34 0 58

t-atat INF 4 30 5 57 4 59 t-etat INF 3.76 368 4 56

RTT_GR peeudo R1 0 189 0 269 0.223 RTT_GR peeudo RT 0.113 0 124 0.111
0 -0 92 0 87 1 82 0 t-atat 1 09 1 54 0 82

t-stat INF 375 4 83 4.57 t-etal INF 327 3 18 4 04

0 249 0 262 0202 peeudo R2 0 152 0 116 0 112
1 • 1 87 0 09 1.12 1 t-etat •2.75 -0 77 0 68

t-atat INF 5.10 565 4 59 t-etat INF 4 16 399 4 50

peeudo R2 0 181 0 281 0227 peeudo R2 0 106 0.111 0 123
2 t-etat 0 32 1 60 2 27 2 t-etat 0 44 0 28 1.93

t-atat INF 4 17 563 4.77 t-etat INF 3.81 3 84 434

pseudo R2 0 181 0 269 0212 pseudo R2 0.113 0 112 0 134
3 t-stat 0 52 0 96 1.85 3 t-etat -1.18 0 59 2 10

t-atat INF 4.17 560 4 45 t-etat INF 4 19 3 88 4 14

peeudo R2 0193 0 292 0.199 pseudo Ra 0 110 0.151 0.130
4 1 26 2 31 1 02 4 t-stat 0 86 2 59 2 05

t-atat INF 4 28 568 4 64 t-etat INF 3 96 391 4 64

peeudo R2 0 194 0263 0197 peeudo R2 0.129 0.120 0.114
3 t-etat 1 46 -0 18 -0 10 5 t-etat 1 84 1 28 1 03

t atet INF 4 13 569 4 67 t-etat INF 3 53 379 4.32

DWELL GR pseudo R1 0 245 0 315 0208 DWELL GR peeudo R1 0 107 0.114 0 118
0 t-stat •2 40 1 88 •1 17 0 t-etat -0 49 0 61 -1 07

t-atat INF 384 521 4.47 t-etat INF 368 3.71 4 21

pseudo R1 0 247 0 276 0196 peeudo R2 0.109 0.125 0 114
1 t-etat 301 1 36 «01 1 t-stat 0 89 1 35 0 88

t-etat INF 401 540 4.51 t-etat INF 3 71 364 421

peeudo R2 0 205 0 263 0 211 pseudo R2 0.121 0 120 0.111
2 t-stat •2 14 -0.13 1.01 2 t-etat -1 75 -1 18 0 53

t-stat INF 4 34 538 4 45 t-etat INF 3.77 376 4 25

0 188 0 265 0 207 peeudo R2 0 122 0 119 0.113
3 •1 05 0 50 0 94 3 t-etat 1 82 1 03 0 83

t-stat INF 4 36 553 4 60 t-etat INF 398 403 4 48

0 180 0 266 0198 peeudo R* 0.120 0.123 0.120
4 0 11 053 0 32 4 t-etat -1.57 1 30 1 55

t-stat INF 421 5 64 4 97 t-etat INF 3 88 3 85 4 59

t atat
0 197 0 285 0 726 peeudo R* 

5 t-stat
0 108 0.131 0 168

S 1 33 1 34 1 62 065 1 85 3 02
t-etat INF 4 30 5.15 <63 t-etat INF 378 391 502

NONRES GR peeudo R2 0.190 0 267 0 199 NONRES GR peeudo R1 0 105 0 122 0 109
0 t-stat 122 -071 0 53 0 t-etat -0.11 1 40 0 03

t-stat INF 4.15 553 4 54 t-etat INF 3 83 385 4 39

peeudo R2 0 205 0 264 0197 peeudo R2 
1 t-etat

0129 0115 0.111
1 t-etat • 1 70 0 54 «24 -222 0 89 0 71

t-atat INF 4 87 5 74 4 58 t-etat INF 4 27 409 4.36

peeudo R2 0 187 0 266 0 198
2 t-atat

0.110 0 112 0 109
2 t-etat • 1.19 0 98 « 62 1 06 034 0 53

t-stat INF 4 50 558 4 65 t-etat INF 3 96 391 435

peeudo R1 0 182 0 272 0 198 peeudo R2 0.114 0.124 0 132
3 t-stat 0 46 1.31 0 62 3 t-etat 1 29 1 50 1.97

t-atat INF 4.14 5.25 4 47 t-etal INF 393 390 4 93

t-etat
0.180 0 263 0199 peeudo R2 0.108 0 119 0 108

4 021 0 41 « 88 4 t-atat 0 78 1 28 002
t-etat INF 421 573 4 65 t-etat INF 3.91 394 4 37

peeudo R1 0.181 0 265 0.199 pseudo R1 0 113 0111 0.111
5 t-stat 027 0 60 072 5 t-stat 1.20 046

t-etat INF 420 581 4.6. t-etat INF 3 80 391 4 49

SV EX GR peeudo R2 0 181 0263 0199 SV EX GR pseudo R2 0.105 0 114 0.115
0 t-atat 0.07 0 10 0 63 0 tatet 008 0 58 0 76

t-atat INF 426 5.72 4 66 t-etat INF 391 4.01 4 27

peeudo R2 0 182 0 264 0 207 peeudo R2 0.110 0 119 0.112
1 t-stat -0.45 0 44 -1.22 1 t-etat 076 081 0 74

t-atat INF 4 30 580 4.62 t-etat INF 394 396 4 37

peeudo R2 
t-stat

0 168 0 264 0 206 pseudo R2 0.107 0.122 0.110
2 1.23 -0 57 •1.60 2 t-etat •048 1.24 0 46

t-stat INF 4 59 560 4 48 t-etat INF 380 4.21 4.71

peeudo R2 0.183 0 281 0225 peeudo R2 0.113 0.112
0.37

0.116
3 069 -1.76 -1 95 3 t-atat 1 06

t-atat INF 4.18 600 5.22 t-etat INF 392 393 4 48

peeudo R1 0 182 0272 0199 pseudo R2 0110 0.113 0.112
t-atat 059 1 29 0 63 4 t-etat 1 03 0 69 082

t-stat INF 4 18 5 54 4.78 t-etat INF 391 380 4.19

peeudo R2 0 229 0 273 0 198
5 t-etat

0 122 0.113 0.118
5 t-etat 2 89 1 64 «54 -1.82 058 -1 16

t-etat INF 4 66 5 66 4.52 t-etat INF 406 4 11 4 88
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Table A .5 (Continued)
Dapar*danl h ■ Quarta» » ANaad DtpMd*« h -  Quartata Rhaad

Variate la a R1 **_____________ 1______2 )___ VariafalalaR? ^ _________I 2 T~
T°T-0" puudoR1 0 194

0 t-MM -1.42
0 206 
•0 70

0.197 
-0 00

TOT_GR paaudo R* 0.120
MM -1.54

1117
-180

0.100
116

« MM INF 3.95 530 4.31 FMM INF 3 42 394 397

p««j<lo R* 0.201 0.207 0196 0.112
4X37

1109
1 i i l l  -1.90

1-atM INF 4.03
-0 90 
5.54

0 00 
4 59

FatM -1.44
FatM INF 300

4X23
4J6

■0 96 
5.06 4 64

paaudo R* 1111
Fatal -0 80

FatM INF 4.01

1115
4X71

1100
4)29

0.282
1.70

0202
080

paaudo R* 1107
MM 4X56

1111
-0.12

0.117
1.17

506 4.73 FatM INF 3 00 393 4.37

f atal INF 4 30

0299
190
575

0219
1.72

paaudo R* 1104
FatM -006

1-atM INF 300

1121 1136
1.73

paaudo R1 0.183
S l-atat 0.02

f atal INF 4.10

1272
1.07

0 200
048 
4 59

paaudo R’ 1109
FatM 179

FatM »» 381

1127
IJI

1112
4X44

OOLOCfl paaudo R* 0.192
• t-MM -1.41

1271
-1.07
552

0239
-1.81

GOLD G« paaudo R1 1114
1-atM 1.13

FatM INF 381

1112
107

1120 
1.12 
4 36

p__ niw, 1300 0206 paaudo R1 0 106 0JJ9 1109

1 Mai INF 4.13
-1.06
5.51

-1.79
4 56

FMM -0 06
FatM INF 387

1 00 
397

4)28
429

paoudo R* 0225
2 l-atat -2.12

0.356 
-3 03

0240
•208

paaudo R* 0.112
1-atM 193

0.112 
-0 34

1140
-238

f atal IMF 3.86 510 4 50 FatM IF» 308 4.07 3.94

paoudo R* 0.230
3 l-atal -2.34

f atal INF 3.70

1299
-1.98

1210 
• 1.38 
4 38

paaudo R* 1106
1-atM 4X10

FatM INF 3 86

1130
-2.U
377

1118
-084
4J6

paaudo R* 0 202
4 f Mat -1.34

t-atMINF 4.20

1274 
-1 08

0.199
-0.52

paaudo R1 1126
1-atM -1.78

FatM INF 360

1116
4)54

0.122
-1.08

paaudo R* 0.214 1290 0201 paaudo R* 1120 1144 8171
9 l-atat -1.00

l-atal INF 4.35
-1 64
573

-102
501

FatM -120
FatM INF 379

•1.08
4.88

US_SPR paaudo R1 0.190
0 l-otat 1.21

l-atat INF 4.07

1263
-0.19
559

0227
-1.06

US_SPR paaudo R' 1106
MM 113

FatM INF 381

1112
122
392

0.100
ODI
434

paaudo R* 0.101
1 f Mal -0 39

1287
-1.81

0201
-119

paaudo R’ 0.106
I-MM 128

1111
107
386

0.111
4X47

paaudo R* 0.200 0306 0239 paaudo R* 0.106 1112 0.117
2 l-atat -1.79

l-atal INF 3.94
-1.87
518

•1.78 FatM 0.33
1-atM INF 384

-0 24 
381

4X91
386

paaudo R* a240
3 l-atal -2.90

FatM INF 4.09

1308 
•2.18 
523

0248
-1.99

paaudo R* 1108
FMM 4X47

FMM INF 3.66

1122
-14»

0.125
-1.19
386

paaudo R* 0.239
4 l-atal -3.07

l-atal INF 4.02

1311
-2.22

0247
-129

paaudo R' 1118
FatM -128

FatM INF 181

1129
-122
338

0.122
-108

paaudo R' 0232
9 l-atal -2 00

l-atal INF 3.78

1302
-208

0233 
•1 98 
385

paaudo R* 1122
FatM -1.47 -1.13

327
4X33
4.13

US_SM_ R paaudo R* ai97
0 l-atal 1.59

1293
1.80

0207
147

US SH R paaudo R' 1119
FatM 1.54

1129 
1 49

1IX  
149

f-otal INF 3.02 4.70 300 FatM INF 327 317 3-52

paaudo R* 0.210
f l-atal 2.42

f atal INF 344
1320
248
4.56

1287
2.78

paaudo R‘ 1122 1130
146

1142
189
332

paaudo R* 0.240
2 t-atal 300

1325
240

0259
224

paaudo R* 1120
• -MM 1 4«

1139 
* 7»

0.157

VMM INF 314 4 10 317 * «« INF 2 99 270 279

paaudo R* 0.209
3 Fatal 378

FatM INF 329

1318
238
4 34

0.247
219
336

paaudo R* 1139
FatM 212

FMM INF 2 99

1183
248

1198
245
288

paaudo R* 0 256
4 VMM 357

0.306
2.25

0236
208

paaudo R* 1159
283

1157
214

FatM INF 334 4.44 350 FatM INF 289 298 302

paaudo R* 0.238
8 l-atat 3.10

Fatal INF 329

1293
1.77
4.46

0224
1.50

paaudo R1 0.184

1-atM»» 286

1150
219

0.137
182
322

US.LO.R paaudo R3 0.210
9 Fatal 277

t-atMINF 360

1290
2.12

0241
217
3.72

USLGR paaudo R' 1124
FatM 184

FMM INF 329

1138
1.82
319

11X
1.72
3.02

paaudo R> 0.223
1 f-alM 107

0 290 1239 
2 00

paaudo R’ 1131
FMM 213

1138
1.74 182

3521 atal INF 353 499 307 1-atM INF 321 318

paaudo R* 1220
2 I Mat 2.85

FatM INF 347

0.292
1.78
4 04

0223 
1 56

paaudo RJ 0.127
1-atM 1.89

FatM INF 114

1138
1.83

1148
282

paaudo R* 0.223
3 Fatal 290

1286
1.58 1 33

paaudo R* 1139 1161
218

1150
188

FatM INF 353 4 70 304 FMM II» 119 304 337

paaudo R* 0.214
4 I at at 200

t-atMINF 301

1277
1.31
4 09

0209
1.13

paaudo R' 1145
FMM 263

t-atMINF 113

1153
218

1143
1.77

paaudo R* 1203
9 t-Mat 211

1273 
1 06

0206 
0 80

paaudo R* 1147
t-atM 284

1-atM»» 311

0.145
1.90

1138
180

US STK OR paaudo R1 1101 0.263 0203 US STK GR paaudo R1 1134 1123 1136
9 l-atal 4112

FatM INF 4.30
107
586

1.00
4.64

FatM .t.71
FatM»» 384

-1.28
397

•1.94
441

paaudo R* 1102
1 l-atat 150

0.281
1.79

1201
0 86

paaudo R* 0.111
t-atM 4X96 VS

1109 
4) 19

Fatal INF 4.20 521 4 39 FatM»» 389 380 4.45

paaudo R* 0.192
2 1-atM 1.23

FatM INF 4.45

1206
183

1196
170
4 59

paaudo R* 1126
FatM -1.83

FatM INF 370

1112
-0.45
393

1109
4X24

paaudo R* 1183
3 FatM 151

FatM INF 4.03

0 273 0214 paaudo R* 1106 1111 0.138
1.22
553

212
4.48

FatM 4X30
1-otMMF 383

4X13
388

287
446

paaudo R* 1180
4 FatM 4X15

0-204
177

1198
FatM 4)00

1123
1.50

0.1»
201

FatM INF 4.20 501 4.57 FatM INF 389 402 449

paaudo R* 1200
9 MM 213

1208
1 06

1206
1.21

paaudo R* 1140 1143
281

11»
184
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Table A .6: Table A6: In-Sample Statistics: RHS 
Variable as Stated

are Constant, US_SH_R, and the

h " Quart»™ Ahsad h ■ Qua r tf»  Ah—d

SPREAD p**udo FT 0.232 0.196 0 149 0122 0097 SPREAD PMUdoR1 0.101 0 152 0147 0103 0.072

(-•tat US_SM_R 299 2.97 3.10 305 257 ta t at U SSH R 2.54 281 282 3.03 2 90

puudo R2 0.221 0174 0 141 0.1« 0.106 PMUdoR2 0 133 0.146 0121 0.100 0078

t-»Ul US_SM_R 3.14 3.21 332 319 238 t«tat U SSH R 233 301 339 307

P**©0© R2 0 202 0168 0 139 0.131 0.111 pMudo R2 0 130 0.117 0.119 0.107 0.079

t-start US SM R 333 338 332 295 245 ta t at U SSH R 254 344 3.70 3.53 3 .«

pMudo R* 0 1« 0165 0 153 0 136 0.115 pssudo R2 0093 0 114 0.128 0.109 0076

tatat U SSH R 342 338 316 299 249 1st at US SH R 287 375 381 353 2.92

puudo R2 0.188 0.178 0.155 0137 0.119 pMudo R2 0 099 0 128 0131 0107 0.072
4 t a t at

ta tat US_SH_R
■0.69
3.43

-1.22
322

-1.23
313 298

-121
250

4 t-stat
ta t at US_SH_R

-0.01
317

0.70
384

1.25
3.78

1.10
335

038
282

puudo R* 0 200 0179 0 155 0 140 0.132 pssudo R2 0 107 0 130 0128 0102 0 077
5 tatat

tatat US SH R
-1 22 
328

-128
320

-122
313

-125
300

-166
249

5 tatat
(•tat US SH R

064
343

1.16
385

1.17
3.60

038
3.18

0 65
270

SHR p -u d o r f 0 220 0179 0139 0.116 0097 SHR pssudo R2 0.096 0 120 0.120 0100 0.073

ta tat U SSH R 1.79 186 2 » 243 242 ta tat US_SH_R 150 202 2.37 277 257

pMudo R2 
1 t-stat

0.203 
1 13

0.163
046

0 136 
0.05

0 120 
031

0.097
019 1 tatat

0 104 
12b

0.118
077

0117
0.15

0103
0.54

0.073
0.57

tatat US_SH_R 2.25 238 263 301 262 ta tat US_SH_R 1.54 244 300 3.23 287

pssudo R2 0.188 0160 0.137 0.119 0.098 pssudo R2 0.101 0.111 0121 0.105 0.075

«■•tat US SH_R 2.67 279 294 291 273 ta tat US SH R 1.91 301 3.38 356 3.10

3 tatat
0.183
021

0.161 
•0 14

0.137
-0.03

0.119
018

0.009
024

pssudo R2 
3 tatat

0 086 
0.57

0.114
-021

0126
0 65

0.107
0 98

0.073
057

«-•tat US SH R 297 298 282 299 274 tatat US SH R 244 332 356 369 300

puudo R2 0.183 0160 0 137 0120 0098 puudo R2 0 089 0.124 0128 0104 0071

tatat US SH R
-0.06
3.09

002
291

-0.12
2.91

022
304

019
274

4 tatat
ta tat US_SH_R

0.13
279

-0 42 
346

0 90
364

0.75
3.52

0 28
2.92

S
0.182
007

0160 
-0 09

0.137 
-0 19

0.119
020

0007
006

pssudo R2 
5 tatat

O.KB
-0.13

0.124 
-0 66

0124
072

0.101
038

0.073
054

«■•«at US SH R 302 293 298 309 269 ta tat US SH R 306 358 3.60 3.29 2 56

LG R pMUdoR7 0.187 0.159 0 134 0 119 0.103 LG R PMUdoR2 0 084 0 110 0120 0106 0.072
0 t-atat

«•Mat US_SH_R
0.73
204

030
2.13

■0 04 
2.33

0 39
286

060
280

0 tatat
ta tat US_SH_R

054
183

-0.27
275

0 58
300

-0.71
319

033
2.75

p^ u Jo R 1 0 183 0159 0138 0126 0109 pssudo R2 0.083 0.111 0.122 0102 0.070

«-•tat US_SH_R 2.39 248 *2.71 327 306 ta tat US_SH_R 218 288 3.15 341 280

pMudo R2 
2 t-atat

0.182
000

0162 
-0 36

0.144
-0.61

0.132
082

0116 
0  94

pssudo R2 
2 tatat

0 083 
020

0.112
•0.37

0122
054

0102
0 40

0071
028

t-«tat US_SH_R 264 2.75 301 356 327 fatal US SH R 231 305 3.33 351 2.91

pMudo R1 0 184 0167 0 148 0.137 0.119 pssudo R2 0 083 0114 0123 0102 0.071

t-«tat US SH_R 286 2 97 327 384 334 ta tat US_8H_R 250 320 3.45 3.54 269

PMudo R*
4 t-atat

0187
-051

0170
-0.74

0 153 
0.96

0 140 
-108

0.119
-100

pssudo R2 0089
0.17

0.122 
-0 08

0123 
0  42

0.101
-027

0.071
004

t-»tat US_SH_R 303 3.16 3.51 398 330 ta tat US_8H_R 267 334 352 3.47 2.93

puudo R2 0189 0174 0 155 0 130 0.118 pssudo R2 0.103 0 121 0122 0100 0.071
S t-atat

t-»tat US_SH_R
-0 69 
3.17

-0.93
333

•1.06
368

-1.07
402

095
321

5 tatat
ta tat US_SH_R

0.25
289

-015
344

02 3
3.53

0  18 
346

0.17
289

D_SH_R p«*udo R1 0220 0179 0 130 0116 0097 D5M R pssudo R2 0 096 0 120 0120 0100 0 073

t-atat US_SHR 356 339 330 314 265 tatat US_8H_R 331 381 3.61 3.21 2.71

puudo R2 0 206 0.165 0.136 0.119 0007 pssudo R2 0093 0.115 0.117 0100 0070
1 t-atat

t-atat US_SH_R
1 28 
3.55

0.54
3.41

008
327

024
312

008
265

1 tatat
ta tat US_SH_R

087
316

0 59 
374

0.12
3.50

0 3 2
316

0.16
2.77

pMudo R2 0190 0160 0 137 0.119 0098 pssudo R2 0 087 0.111 0119 0.100 0.071

«•tat US_SH_R 3.52 3 36 32* 319 269 ta tat US_SH_R 306 356 348 3 18 2.80

pssudo R* 
3 t-atat

0.184
0.33

0.160
-0.04

0.139
034

0 122
046

0.099
028

pssudo R2 
3 tatat

0 083 
-0.05

0.114
-0.15

0122
0.10

O101 
0 18

0.071
022

«•tat US SH R 343 329 336 326 269 ta tat US SH R 295 358 3.50 3.19 2J1

PMUdoR* 0.182 0163 0.140 0.120 0098 pssudo R2 0089 0.122 0.123 0102 0.074

tatat US_SH_R 3.41 343 3.41 324 265 ta tat US_SH_R 310 378 3.52 3.21 2.87

piaudo R2 
S t-atat

0.185 
0 46

0.164
058

0.138
0.37

0 119 
020

0103
062

pssudo R2 
5 t-stat

0.102
007

0.122
0.27

0123
043

0104 0.093
1.46

«-•tat US SH R 3.47 3.46 336 317 274 ta tat US SH R 341 375 3.52 3.31 293

D_LG_R PMUdoR1 0.224 0.178 0 142 0.117 0 096 D_LG_R pssudo R2 0 085 0.110 0119 0.106 0.075

«-•tat US_5H_R 356 3.41 3 27 307 256 ta tat US SH R 307 3.45 3.33 304 265

ptaudoR* 0205 0169 0.136 0.118 0 098 pssudo R2 0 083 0.113 0122 0.101 0 070

«-«at US SH R 3.51 3.41 3 26 304 254 ta tat US_SH_R 291 340 3.33 3.08 2.75

PMUdoR* 0.192 0.161 0 137 0.120 0.100 pssudo R2 0.087 0.116 0121 0100 0071
2 t-atat

t-stat US_SH_R
0.82
3.50

027
338

-0.13
3.24

028
305

034
256 ta tat US_SH_R

-0.46
293

-0 55 
343

0 46
3.44

0.02
316

008 
2 80

PMUdoR1 0.185 0160 0.138 0120 0.099 pMudo <e 0088 0.115 0122 0.101 0.073

tatat US_SH_R 346 3.32 3.20 302 256 ta tat US_SH_R 286 352 3.45 3.17 280

pMUPtoR* 0183
0.07

0161
-0.13

0.138
-0.21

0.119
017

0 098 
0.10

pssudo R2 
4 t-stat

0.091
-041

0.122
022

0123
0.34

0103
0.51

0.076
068

t-stat US_SH R 344 330 3.18 304 255 ta tat US_SH_R 305 370 3.49 317 2.82

PMUdoR1 0182 0.160 0.137 0.118 0.097 pssudo R2 0.103 0.122 0.125 0.106 0.078

ta tat US_5H_R 3.42 3.29 3.19 301 258 ta tat US SH R 338 372 3.50 3.17 2-79
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Table A .6 (Continued)
Dapandan» " h = Quaitara Ah«ad Dapandant ' h ■ Quwt»n Ah—d

Vartabta I» R1 Ug____________ 4______ 5______ 6_______7______ 8 Vylabta I» R2 **____________  4_______S______ 6______ 7_______8_
M3_GR 0.331 0.293 0.258 0.218 0.163 M3_GR paaudo R2 0.116 0.118 0142

°206
0.109

tatat US_SM_R 3.« 3.30 3.18 311 2.50 t-atat US_SH_R 279 363 357 322 267

p-odoR1 0.311 0.277 0230 0179 0 125 paaudo R2 0091 0.134 0148 0134 0 107

tatat US_SM_R 324 3.12 300 293 246 tat at US_SM_R 295 357 348 308 2.59

puudo R* 0.294 0249 0.«3 0.144 0 100 paaudo R2 0.105 0139 0150 0134 0073

tatat US_SM_R 3.18 3.11 3.08 300 256 t-atat US_SH_R 273 341 3.35 295 2.74

PM lido R1 0 269 0214 0160 0.121 0 099 paaudo R2 0.113 0.145 0155 0.102 0.078
3 1-Mat

tatat US_SM_R
202
320

1 98 
315

1.73
3.16

0 88
312

-0 50 
264

3
t-atat US SM R

176
266

190
342

1 66 
329

047
3.18

-0.76
2.82

pMudo R2 0 235 0.182 0 139 a 121 0 098 paaudo R2 0.123 0.156 0123 0.111 0072

tatat USSMR 3.21 326 316 259 tat at US_SMR 289 355 3.50 342 2.76

puudo R2 0.205 0162 0.138 0 118 0 098 paaudo R2 0140 0 123 0.133 0.102 0.079
5 t-atat

t-atat US_SHR
1.48
3.29

080
3.33

•0 40 
326

-003
302

0.34
251

5 t-aUt
tat at USSMR

1 81 
323

049
364

-0 90 
402

-041
324

071
2.62

CUR_GR pMudO V?
° ro 6

0216 0214 0 229 0200 CURGR paaudo R7 0 106 0126 0.122 0.130
° r 78

t-atat US_SM_R 292 281 265 240 180 tatat US_SM_R 237 309 3.22 291 223

0.237 
1 67

0.235
2.13

0244
3.17

0.217
4.01

0.195
368 1

paaudo R2 0.103
140

0.116
1.01

0145
2.37

0141
269

0.121
359

t-atat US_SH_R 295 282 267 240 1 88 tatat US SM_R 243 325 320 2.74 225

p^udoie 0.251 0261 0230 0.210 0.2D3 paaudo R* 0 091 0.130 0155 0144 0.151

t-atat US_SH_R 287 278 2.59 238 182 tatat US_SM_R 250 309 308 270 2.11

puudo R2 0 295 
297

0263
355

0237
325

0.232
282

0.185
276 3

paaudo R2 0.121
240

0.157
272

0170
349

0185
362

0.120
285

t-atat US_SM_R 322 3.11 293 284 208 tatat U3_5M_R 248 327 317 2.72 243

pMudoR* 0 295 0269 0259 0212 0.163 paaudo R2 0.140 0.175 0212 0.152 0 082

t-atat US SM R
3.45
3.39

331
333

285
321

267
285

249
229

4
tatat US SM R

291
272

365
339

3.51
3.15

2.97
2.98

1 26 
2.62

piwdoR1 0 291 0283 0.230 0 183 0 166 paaudo R2 0.158 0212 0172 0.110 0 079
S t-atat

t-atat US_SH R
3 22 
345

283
3.44

2.54
3.17

224
286

280
221

5 tatjt
»-Mat l»_SM_R

380
299

356
337

2 86 
3.39

1.15
200

1.15
255

R M3 GR PMudo R5 0 215 0196 0 168 0.135 0.110 R M3 GR paaudo R2 0 090 0.117 0.134 0138 0 107
0 t-atat

t-atat US_5H_R
200
356

1 52 
339

1.47
339

100
332

093
285

0 fatal
tatat US SM R

0.76
312

0 88 
374

1 02 
3.71

1.96
361

2.13
306

pMudo R1 0218 0.191 0.151 0.129 0 098 paaudo R2 0.088 0127 0155 0137 0.076

t-atat US_SH_R 342 3 43 336 324 274 tatat US_SM_R 305 372 3.79 342 296

paaudo R2 
2 t-atat

0 210
1.44

0173
081

0 145 
065

0.119
0.15

0.107
-094 2

paaudo R2 
tatat

0.085
0.94

0.143
188

0153
2.03

0106
082

0.073 
-0 53

t-atat US_SH_R 3.51 344 335 325 266 tatat US_SM_R 304 374 368 332 2 87

PMudoR* 0.195 0170 0 137 0128 0.138 paaudo R2 0.114 0 149 0128 0103 0.100

t-atat US_SMR 351 339 3 39 324 266 tatat US_SM_R 306 384 J5 3.32 287

PMudo R* 
4 t-atat

0.192
059

0.161 
0 13 C 06

0 158 
-197

0 129 
-302 4

paaudo R2 
t-atat

0125
202

0.130
1.01

0124 
-0 45

0130
-137

0.119
-2.73

t-atat US SM R 345 343 344 323 263 tatat US SM R 346 390 362 337 279

*—«**»» 0 1 « %VK «U4 paauöo f t C.m 0.1» 0151 0.150 0 071
5 l-alat

t-atat US_SH_R
0.13
349

-082
353

-1.84
348

-273
320

-1.18
266

5
tatat US_SM_R

1.12
358

-0 39 
375

-1.35
388

-258
343

-0 13 
283

R_CUR_GR paaudo R2 0 201 0159 0.134 0.117 0.102 R_CUR_GR p*~do R> 0 081
°ro l

0117 0127

t-atat US_SMR 339 3.41 3.37 326 277 tatat US_SM_R 315 400 3.65 355 308

paaudo R* 0.182 0159 0 136 0.124 0.103 paaudo R2 0 094 0.111 0147 0131 0071
1 t-atat

t-atat US_SM_R
■0 43 
3.49

-0.04
341

021
3.37

091
328

081
277

1
tatat U5_SM_R

1.03
322

034
3.70

2.17
3.83

227
3.48

0.26
288

puudo R2 0 182 0 160 0 140 0122 0.107 paaudo R2 0.083 0.137 0147 a ioo 0 085
2 t-atat

t-atat US_SM_R
-0 24 
3.51 3.43

0.71
3.36

066
323

083
272

2 tatat
tatat US_SM_R

027
308

197
379

221
366

013
321

1 36 
2.93

puudo R* 
3 t-atat

0.183
0.25

0.168
096

0.144
088

0 127 
1.11

0 099 
049 3

paaudo R2 
tatat

0.114
196

0 150 
234

0123
0.37

0122 
1 69

0075
064

t-atat US SM R 3.49 340 333 327 272 tatat US_SM_R 325 381 3.54 338 3.00

paaudo R2 0.194 0.172 0.149 0122 0.096 paaudoR2 0.130 0.124 0151 0108 0.097

t-atat US_SM_R 3.47 335 3.41 325 266 tatat US_SM_R 345 367 3.64 3.51 2.55

S "̂T-atat
0.191 
1 09

0171 
1 33

0 139 
073

0.118
■0.12

0.099
076 S

paaudo R2 0.104
050

0.149
1.97

0128
094

0126 
-1 56

0.079
-0.96

t-atat US_5H_R 3.42 340 335 318 275 taut US_SH_R 336 383 3.71 308 272

STOCK GR paaudo R2 0.212 0159 0.135 0.127 0.097 STOCK GR paaudoR2 0.132 0 122 0117 0.103 0 081
0 t-atat

t-atat US_SM_R
-1.95
3.56

-0 60
344

031
345

0.92
350

042
277

0 tatat
tatat US_SM_R

-237
318

-156
375

■0.51
359

065 
3 46

0.99
3.25

paaudo R2 0.185 0159 0.142 0.118 0.104 paaudo R2 0099 0.113 0119 0106 0.079

t-atat US_SM_R 3.54 348 348 328 260 tatat US_SM_R 331 377 361 3.59 2.91

paaudo R2 0182 0.164 0 136 0.129 0 097 paaudo R2 0.087 0.111 0124 0107 0 081
2 t-atat

t-atat US_SM_R
-0.04
3.52

0.67
3.46

006
340

-099
313

-012
268

2
tatat US_SM_R

-1.12
321

029
364

0.70
3.75

1.18
3.33

087
282

paaudo R2 0.184 0.161 0.154 0.120 0.103 paaudo R2 0 083 0.115 0125 0106 0072
3 t-atat

t-atat US_5M_R
0.43
3.47

-024
344

-1.44
3.42

-0l37
321

-081
268

3 tatat
tatat US_SM_R

0.03
307

044
358

0.77
3.53

069
324

-0.29
2.80

paaudo R2 
4 t-atat

0183
-0.33

0.180 
-1 70

0.139 
-0 50

0.126
-1.02

0.106
-091 4

paaudo R2 0.090
036

0.123
058

0125
060

0102
-047

0.083
-1.30

t-atat US_SM R 3.51 3.52 3.43 331 276 tatat US_SM_R 304 365 3.51 325 3.04

p«*udo R* 0204 0162 0 145 0.129 0.104 paaudoR2 0.104 0.125 0123 0115 0.125

t-atat US_SM_R 3.61 3.54 3.57 344 m tatat US SM R 330 359 3.61 3 63 339
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Table A .6 (Continued)
Dapandant 

Variaöl* I.R1
h « Quarter» Ahaad Dapandant j

4 5 6 7 Varlabi* It R2 4 5 6 7
EXCHGR ptaudo R7 0 182 0164 0 162 0 156 0 120 EXCHGR ptaudo R7 0095 0.110 0.116 0101 0079

tatat U SSHR 3.38 3.41 3.51 346 302 fatal US SH R 295 373 362 342 302

(Mudo R1 0 182 0176 0.161 0133 0.113 ptaudo R7 0086 0.112 0117 0103 0 128

t »tat US_SM_R 351 349 343 336 288 ta t at USSH R 305 365 363 340 3.12

p»*udo R7 0 189 0173 <” « 0 126 0.117 ptaudo R7 0 088 0.112 0.120 0.144 0150

t-atat US_SH_R 352 346 342 325 275 ta tat US_SH_R 311 365 362 334 308

paaudo R7 0 197 0168 0.145 0 139 0.115 ptaudo R7 0084 0.115 0166 0183 0 083
3 tatat

t-«tat US_SH_R
1.21
355

0 80 
347

092
340

151
323

143
271

3
ta tat US SH R

-055
306

0.54
373

228
3.61

3.22
3.51

1 42 
288

p**udo R7 0 190 0169 0 157 0.137 0.107 ptaudo R7 0090 0 167 0211 0.114 0.072

tatat US SH R 353 343 333 320 2.70 ta tat US_SH_R 322 373 3.74 329 286

pMUdoR7 0 187 0176 0.151 0 125 0 130 paaudo R7 0.143 0 204 0.132 0.102 0 081
5 t-atat

t-*UI US.SH R
0.72
350

127
3.33

1.25
3.29

0.91
318

223
265

5
ta tat US_SH_R

220
326

321
367

121
3.51

-0 48
3.32

-1 29 
2.91

INF 0 265 0228 0.203 0 195 0.143 INF ptaudo R1 0.102 0 109 0.117 0.100 0072

t -start US_SM_R 269 260 245 222 194 ta tat US_SM_R 248 348 3.09 313 2.63

pMudo R7 0.248
329

0225
356

0212
324

0 162 
205

0.141
185 1

ptaudo R7 
tatat

0082
034

0.111
032

0118
025

0099
0.03

0106 
3 18

tatat US_SH R 273 2.61 2.42 2.42 202 tatat US_SH_R 276 312 335 308 2.12

PMudo R* 0 250 0.238 0.183 0.163 0.50 ptaudo R7 0085 0.111 0119 0133 0092

tatat US_SH R 289 2.76 2.71 260 206 ta tat US_SHR 260 338 338 2.71 231

PMudo R* 
tatat

0 259 
306

0204
1.85

0.180
1.57

0.169
1.81

0.152
213 3

ptaudo R7 
tatat

0083 
0 00

0.114
-008

0.152
266

0118
196

0092
2.11

tatat US_SH_R 298 2.87 2.73 255 202 ta tat US_5M_R 279 350 308 280 2.34

paaudo R7 0 223 0201 0.184 0.170 0.156 ptaudo R7 0 089 0.151 0.136 0.118 0.134

t-atat US_SH_R 296
1 50 
285

1 70 
2.72 249

215
1.94

4 tatat
ta tat US_SH_R

005
296

249
317

1.70
3.07

1.77
2.81

321 
1 99

ptaudo R7 0 224 0208 0 188 0.176 0.136 ptaudo R7 0136 0 137 0.138 0160 0.102
t-atat

l-*tat US SH_R
1.57
3.13

1 68 
2.99

1 87 
2.81

205
253

195
207

5 tatat
ta tat US SH R

262
277

172
321

160
3.14

295
258

228
224

RTT GR ptaudo R7 0 194 0.184 0.180 0 126 0 104 RTT GR ptaudo R7 0082 0 122 0173 0.132 0089
t-atat

t-atat US_SH_R
1 80 
363

1 95 
362

2 88
3.72

1.55
341

1.51
285

0 tatat
ta tat US_SH_R

-049
303

1.71
373

3.61
3.90

282
3.57

1 94 
289

ptaudo R7 0.202 0200 0.142 0.124 0.102 ptaudo R* 0090 0.159 0146 0115 0.070

t-ttal US_SH_R 360 367 345 330 275 ta tat US_SH_R 304 376 3.78 331 288

t-atat
0223
255

0.166
1.28

0 142 
1 14

0.123
1.07

0 097 
019 2

ptaudo R7 
tatat

0130
306

0139
255

0134
1.73

0100
-0.21

0.071
-0.17

t-ttat US SH R 3.79 349 3.41 3.23 270 ta tat US SH R 311 378 361 331 2 88

P t t^ o  K* 0.191 0168 0 144 0119 0 098 P—udoR* 0.113 0 133 0.122 0101 0.071

t-ttat US_SHR 356 345 337 3.24 271 ta tat US_SH_R 326 376 360 3.29 2.87

t-ttal
0 193 
1.32

0170 
1 33

0 138 
060

0119
-005

0098
-0.15 4

ptaudo R7
fatal

0 110 
200

0.122
016

0.122 
0 19

0101
035
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Table A .6 (Continued)
v E E t V
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Table A .7: Out-of-Sample pseudo R2: RHS are Constant, INF, and the Variable as 
Stated

Dep Var = R1

SPREAD

SH_R

LG_R

D_SH_R

D_LG_R

M3_GR

CUR_GR

R M 3 G R

R_CUR_GR

STOCK_GR

EXCH_GR

h = Quarters Ahead h = Q uarters Ahead
1 2 3 1 2 3

0 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

0 0.200 0.271 0.259 SH R 0 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

0 0.217 0.242 0.201 LG R 0 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 0.111 0.103
4 0.197 0.181 0.157 4 0.135 0.117 0.108
5 0.186 0.171 0.155 5 0.134 0.117 0.117

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

0 -0.024 0.025 0.061 D LG R 0 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

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 0.218 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 0.205 S 0.139 0.147 0.146

0 0.109 0.155 0.106 CUR GR 0 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 0.111 0.070
4 0.107 0.168 0.144 4 0.124 0.077 0.111
5 0.126 0.175 0.202 5 0.105 0.114 0.125

0 0.146 0.179 0.175 R M3 GR 0 0.125 0.122 0.133
1 0.141 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 0.219 0.181 3 0.133 0.123 0.136
4 0.181 0.231 0.183 4 0.142 0.157 0.182
S 0.177 0.207 0.169 5 0.136 0.154 0.144

0 0.109 0.155 0.106 R CUR GR 0 0.120 0.104 0.120
1 0.132 0.183 0.183 1 0.133 0.121 0.109
2 0.171 0.215 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 0.109 0.115 0.160
5 0.169 0.197 0.153 5 0.113 0.137 0.139

0 0.140 0.208 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 0.136 5 0.125 0.112 0.099

0 0.116 0.161 0.123 EXCH GR 0 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 0.111 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)

Dep Var = R1

RTTJ3R

DWELL_GR

NO NRESG R

SV_EX_GR

T O T G R

G O LD G R

U S S P R

US_SH_R

US_LG_R

US_STK_GR

h = Quarters Ahead
Dep Var = R2 h = Q uarters Aheadrag

1 2 3 a9 1 2 3

0 0.131 0.161 0.144 RTT GR 0 0.108 0.132 0.101
1 0.225 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 0.171 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

0 0.105 0.051 0.145 DWELL_GR 0 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
5 0.105 0.163 0.193 5 0.132 0.142 0.168

0 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

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 0.111 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

0 0.161 0.182 0.147 T O T G R 0 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

0 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 o .a a i 0.119 0.145
S 0.191 0.127 0.145 5 0.144 0.170 0.171

0 0.121 0.145 0.177 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 0.201 5 0.143 0.136 0.114

0 0.084 0.115 0.205 US SH R 0 0.137 0.141 0.145
1 0.112 0.175 0.254 1 0.147 0.139 0.156
2 0.171 0.216 0.212 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 0.177 0.192 0.171
5 0.221 0.176 0.165 5 0.188 0.168 0.141

0 0.131 0.141 0.157 US LG R 0 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

0 0.120 0.131 0.134 US STK GR 0 0.141 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 2: RHS are Constant, US_SH_R, and the Vari­
able as Stated

Dep Var = R1 h = Q uarters A head Dep Var = R2 h = Q uarters Aheadag 4 5 6 7 8 4 5 6 7 8

SPREAD 0 0.289 0 245 0085 -0.022 0022 SPREAD 0 0.113 0.156 0.154 0 098 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 0.173 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 0 095 0.046

SH R 0 0.202 0.199 0.139 0.070 0.036 SH R 0 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 0.094 0.115 0.094 0.054
1 0.195 0.174 0.154 0.126 0.076 1 0071 0.090 0.115 0.092 0.055
2 0 2 1 0 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 2 2 2 0.185 0.154 0.123 0.070 4 0.077 0 105 0.124 0 091 0.056
5 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 0.202 0.199 0.139 0.070 0.036 D SH R 0 0.098 0.117 0.124 0.081 0.035
1 0 2 4 6 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 0.159 0.116 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 0.095 0.085 0.056
1 0 221 0.185 0.151 0.110 0.060 1 0.056 0 082 0 108 0.086 0.059
2 0.224 0.182 0.143 0.100 0 058 2 0.060 0 094 0.117 0.090 0.057
3 0.222 0.175 0.135 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 0.373 0.333 0.298 0.244 0.170 M3 GR 0 0.137 0.117 0.161 0.154 0.122
1 0.363 0.322 0.272 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 0.117 0.151 0.175 0.136 0.072
3 0.327 0.261 0.195 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 0.114 0 097 0.075

CUR GR 0 0.175 0.149 0.158 0.115 0.198 CUR GR 0 0.109 0.130 0.116 0.138 0.125
1 0.173 0.187 0.182 0.229 0.205 1 0.112 0.098 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 0.195 3 0.137 0.171 0.201 0.204 0.121
4 0.350 0.320 0.304 0 244 0.161 4 0.166 0.193 0.250 0.157 0.070
5 0.357 0.335 0.281 0.204 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 0.146 0.073
2 0.260 0.208 0.173 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 0.177 0.149 0.093 5 0.114 0.123 0.151 0.152 0.062

R CUR GR 0 0.256 0.192 0.158 0.121 0.090 R CUR GR 0 0.075 0.102 0.117 0.139 0.104
1 0 2 2 8 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 0.173 0.126 0.076 4 0.146 0.113 0.154 0.088 0.073
5 0.236 0.203 0.160 0.118 0.079 5 0.097 0.139 0.118 0.101 0.068

STOCK GR 0 0 239 0.191 0144 0.135 0.082 STOCK GR 0 0.055 0.112 0.119 0.084 0.028
1 0.232 0.176 0.166 0.120 0.080 1 0.090 0.104 0.103 0.076 0.076
2 0.216 0.195 0.153 0.124 0.063 2 0.087 0.091 0.102 0.106 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 0.190 0.198 0.169 0.166 0.115 EXCH GR 0 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 0.213 0.201 0.164 0.129 0.104 2 0.091 0.104 0.124 0.153 -0.029
3 0.237 0.196 0.167 0.148 0.099 3 0.083 0.108 0.192 -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)

Dep Var =  R1

INF

RTTG R

DWELLGR

NONRESGR

SV_ EX_GR

T O TG R

GOLDGR

US_SPR

US_ LG_R

US_ STK_GR

h = Quarters Ahead Dep Var =  R2 h »  Quarters Ahead
ag 4 5 6 7 8

ag
4 5 6 7 8

0 0.289 0.246 0.221 0.202 0.146 INF 0 0.120 0 096 0.128 0.096 0.058
1 0.278 0 248 0.233 0.181 0.142 1 0.079 0.112 0.119 0.094 0.112
2 0.287 0.266 0.218 0.183 0.149 2 0.092 0.102 0.121 0.141 0 095
3 0.302 0.245 0.215 0.188 0.148 3 0.081 0.105 0 172 0.123 0.095
4 0.277 0.242 0.220 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

0 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 0.101 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 0.153 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

0 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

0 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 0.153 0.123 0.072 1 0.089 0.094 0.124 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 0.06G 4 0.069 0.114 0.128 0.084 0.059
5 0.217 0.160 0.153 0.114 0.061 5 0.100 0.115 0.118 0.088 0.061

0 0.238 0.203 0.178 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 0.067
3 0.234 0.193 0.161 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 0.133 0.096 0.072
5 0.226 0.184 0.160 0.128 0.083 5 0.080 0.119 0.128 0.101 0.066

0 0.233 0.203 0.170 0.151 0.108 TOT GR 0 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 0.146 0.099 0 066
2 0.227 0.200 0.169 0.169 0 080 2 0.081 0.128 0.126 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 0.247 0.190 0.162 0.123 0.084 5 0.102 0.126 0.133 0.095 0.063

0 0.240 0.197 0.166 0.111 0.088 GOLD GR 0 0 086 0.101 0.113 0.109 0.074
1 0.241 0.200 0.152 0.124 0.132 1 0 084 0.101 0.136 0.110 0.057
2 0.242 0.180 0.156 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 0.122 0082 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

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 0248 0.201 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 -0.006 5 0.114 0.149 0.142 0.096 0.073

0 0.239 0.200 0.170 0.132 0.094 US LG R 0 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 0.170 0.121 0.096 4 0.073 0.098 0088 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

0 0.218 0.188 0.162 0.101 0.069 US STK GR 0 0.092 0.110 0.113 0.090 0.059
1 0.226 0.197 0.132 0.110 0.067 1 0.086 0.107 0.121 0.093 0.056
2 0.233 0.162 0.145 0.118 0.088 2 0.083 0.106 0.119 0.092 0.061
3 0.196 0.174 0.156 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 0.127 0.114 0.068
S 0.225 0.198 0.161 0.124 0.073 5 0.093 0.110 0.148 0.098 0.048
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Table A .9: Re-Sampling pseudo R 2: LHS is R l, RHS are Constant and the Variable 
as Stated

h = Q uarters Ahead
1 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
S TO C K  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
DW ELL 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
T O T  GR 0.033 0.018 - 0.002 - 0.012 0.006 - 0.016 - 0.003 - 0.064
G O LD  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 - 0.015 - 0.023 - 0.029 - 0.032 - 0.030 - 0.060 - 0.056

Table A. 10: Re-Sampling pseudo R 2: LHS is R2, RHS are Constant and the Variable 
as Stated

h = Q uarters Ahead
1 2 3 4 5 6 7 8

SPREAD 0.038 0.062 0.060 0.052 0.088 0.067 - 0.014 - 0.057
SH R 0.113 0.133 0.120 0.094 0.087 0.070 0.030 0.003
LG R 0.084 0.079 0.070 0.052 0.033 0.024 0.016 0.013
D SH R 0.020 0.032 0.014 - 0.027 - 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 0.016 0.034 0.066 - 0.007 0.006 0.031 0.032
CUR GR 0.004 0.013 0.022 0.014 0.030 0.034 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 0.003 0.014
STO C K  GR - 0.021 - 0.010 - 0.002 - 0.068 - 0.023 - 0.007 - 0.012 - 0.023
EXCH GR - 0.016 - 0.012 - 0.015 0.012 - 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
DW ELL 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
T O T  GR 0.028 0.015 - 0.032 - 0.022 - 0.014 - 0.001 0.005 - 0.067
GOLD GR - 0.007 - 0.019 - 0.022 - 0.041 0.004 - 0.048 - 0.048 - 0.008
US SPR - 0.021 - 0.026 - 0.022 - 0.009 0.017 0.037 0.028 - 0.004
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
US STK  GR 0.028 - 0.009 0.026 - 0.009 - 0.018 - 0.016 - 0.014 - 0.058
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Table A .11: Re-Sampling pseudo R 2: RHS are Constant, INF, and the Variable as 
Stated

Dep Var = R1 h = Quarters Ahead Dep Var = R2 h ■ Q uarters 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 0.161 0.252 0.133 LG_R 0 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 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 0.046 0.095 0.005 D LG R 0 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 0.066 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 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 0.121 0.188 0.095 CUR GR 0 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 0.121 0.208 0.191 R M3 GR 0 0.089 0.110 0.109
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 0.121 0.188 0.095 R CUR GR 0 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 0.194 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 0.190 STOCK GR 0 0.081 0.106 0.117
1 0.154 0.233 0.164 1 0.084 0.111 0.066
2 0.167 0.232 0.146 2 0.106 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 0.143 0.220 0.168 EXCH GR 0 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 0.115 0.098 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

1 2 3 1 2 3

0.111 0.192 0.153 RTT  GR 0 0.069 0.111 0.101
0.180 0.148 0.134 1 0.158 0.019 0.047
0.111 0.190 0.134 2 0.073 0.094 0.114
0.126 0.209 0.157 3 0.075 0.102 0.120
0.109 0.207 0.145 4 0.088 0.123 0.107
0.122 0.203 0.137 5 0.097 0.101 0.107

0.138 0.196 0.147 DWELL GR 0 0.080 0.105 0.111
0.165 0.217 0.109 1 0.099 0.121 0.109
0.157 0.172 0.080 2 0.119 0.117 0.092
0.126 0.165 0.124 3 0.119 0.097 0.090
0.080 0.127 0.126 4 0.085 0.096 0.116
0.068 0.181 0.172 5 0.065 0.123 0.168

0.131 0.203 0.134 NONRES GR 0 0.079 0.096 0.103
0.151 0.203 0.129 1 0.090 0.104 0.105
0.146 0.222 0.145 2 0.101 0.107 0.105
0.088 0.207 0.148 3 0.107 0.119 0.105
0.125 0.209 0.145 4 0.098 0.090 0.101
0.126 0.204 0.139 5 0.092 0.101 0.106

0.138 0.217 0.148 SV EX GR 0 0.089 0.103 0.075
0.140 0.218 0.152 1 0.089 0.079 0.104
0.131 0.217 0.154 2 0.076 0.109 0.096
0.134 0.223 0.164 3 0.097 0.097 0.118
0.128 0.221 0.128 4 0.081 0.105 0.097
0.151 0.212 0.143 5 0.127 0.106 0.101

0.155 0.227 0.157 TOT  GR 0 0.098 0.113 0.083
0.162 0.223 0.155 1 0.106 0.091 0.102
0.148 0.216 0.164 2 0.091 0.105 0.101
0.133 0.234 0.145 3 0.095 0.102 0.112
0.139 0.218 0.168 4 0.093 0.112 0.127
0.119 0.209 0.093 5 0.100 0.109 0.044

0.149 0.229 0.196 GOLD  GR 0 0.091 0.098 0.086
0.138 0.258 0.217 1 0.081 0.091 0.090
0.175 0.292 0.186 2 0.081 0.094 0.134
0.172 0.240 0.166 3 0.081 0.128 0.097
0.143 0.222 0.131 4 0.112 0.091 0.090
0.159 0.196 0.095 5 0.100 0.118 0.132

0.128 0.198 0.179 US SPR 0 0.085 0.099 0.096
0.116 0.232 0.222 1 0.088 0.098 0.100
0.138 0.245 0.177 2 0.087 0.094 0.103
0.194 0.241 0.206 3 0.085 0.104 0.113
0.188 0.248 0.212 4 0.090 0.111 0.103
0.184 0.242 0.185 5 0.086 0.094 0.091

0.101 0.198 0.144 US SH R 0 0.101 0.105 0.122
0.106 0.199 -0.387 1 0.104 0.114 0.138
0.102 -0.131 -0.450 2 0.102 0.121 0.135

- 1.545 -4.690 0.111 3 0.121 0.132 0.140
- 3.268 0.099 0.129 4 0.131 0.131 0.118
0.069 -0.193 0.110 5 0.123 0.097 0.099

0.098 0.201 0.148 US LG R 0 0.102 0.122 0.133
0.118 0.191 0.129 1 0.113 0.129 0.142
0.113 0.166 0.108 2 0.116 0.134 0.140
0.097 0.146 0.096 3 0.130 0.138 0.142
0.073 0.130 0.062 4 0.133 0.135 0.128
0.060 0.078 0.028 5 0.130 0.117 0.114

0.107 0.199 0.146 US STK  GR 0 0.101 0.071 0.116
0.118 0.207 0.144 1 0.083 0.121 0.102
0.132 0.204 0.140 2 0.113 0.095 0.088
0.114 0.212 0.160 3 0.081 0.090 0.125
0.126 0.207 0.120 4 0.092 0.102 0.102
0.148 0.179 0.124 5 0.119 0.123 0.079
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Table A. 12: Re-Sampling pseudo R 2: LHS is R l, RHS are Constant, US_SPR, and 
the Variable as Stated

y 4 5 6 7 8

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 0.113 0.114 0.125 0.114 0.076

SH  R 0 -0.371 0.006 0.121 0.114 0.069
1 -2.386 0.058 0.118 0.109 0.076
2 -9.238 0.058 0.111 0.112 0.075
3 -37.729 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 0 -22.520 -0.017 0.113 0.113 0.077
1 -20.984 0.000 0.105 0.110 0.073
2 -4.529 -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 0089 0.059
5 - 1.919 -0.276 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 -0.093 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

M 3 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 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

R M3 GR 0 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
s 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 0.116 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
s 0.066 0.082 0.109 0.120 0.090

STO C K  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 0.136 0.111
1 0.089 0.080 0.109 0.120 0.106
2 0.087 0.055 0.098 0.114 0.106
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)

4 5 6 7 8

INF 0 0.211 0.175 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 0.177 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 0.111 0.117 0.088
3 0.090 0 084 0.113 0.115 0.083
4 0.088 0 083 0.111 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 0.075 0.074 0.097 0.082 0.060
2 0.068 0.063 0.073 0.059 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 0.086

NONRES GR 0 0.075 0.073 0.102 0.111 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 0.097 0.100 0.144 0.116 0.086
1 0.106 0.118 0.101 0.108 0.083
2 0.122 0.052 0.100 0.107 0.092
3 0.060 0.069 0.095 0.110 0.093
4 0.061 0.051 0.102 0.115 0.128
5 0.073 0.073 0.114 0.159 0.089

TOT GR 0 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 0.055 0 009 0 045 0 043 0 053
5 0.004 0 029 0.060 0.090 0 084

GOLD GR 0 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

US SH R 0 -0.241 -3.677 -0.017 0.011 -0 014
1 -9.123 -0.022 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 0.040 0.078 0.083 0.035
5 - 0.040 0.033 0.084 0.063 -0.003

US LG R 0 -0.241 -3.570 -0.017 0.011 -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 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 0.039 0.040 0.122 0.125 0.082
4 0.054 0.100 0.126 0.109 0.073
5 0.109 0.103 0.113 0.102 0.059
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Table A. 13: Re-Sampling pseudo R2: LHS is R2, RHS are Constant, US_SH_R, and 
the Variable as Stated

4 5 6 7 8

SPREAD 0 0 0 9 0 0.143 0.111 0.020 -0.025
1 0.140 0.134 0.054 0.011 -0.002
2 0.130 0.065 0.040 -0.003 0.020
3 0.056 0.039 -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 0.049 -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 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 0.052 -0.097 0.053 0.037
5 0.022 0.053 -0.184 0.035 0.040

D S H R 0 0.075 0.068 0.039 0 0 0 6 -0.014
1 0.066 0.062 0.029 0.023 0.015
2 0.048 0.029 0.050 -0.002 0.023
3 0.019 0.047 -0  047 0.028 0.030
4 0.024 0.049 -0.043 0 0 0 2 0.036
5 0.021 0.060 -0.088 0.006 0.054

D L G  R 0 0.047 0.004 -0.017 -0.018 - 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

M 3 GR 0 0.116 0.088 0.112 0.121 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 0 5 0 -0.020
5 0.077 0.044 0.009 -2.210 -0.085

CUR_GR 0 0.045 0.067 0.077 0.111 0.119
1 0.059 0 0 7 2 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

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 0.021 0.048 -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 0.127 -0.007 0.058 0.018
4 0.113 0.059 -0.056 0 0 3 6 0.044
5 0.024 0.088 -0.016 0.062 0.039

STO C K  GR 0 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 0.009 0.048
3 0.047 0.050 0.018 0.061 -0.010
4 0.039 0.063 0.030 0.003 0.031
5 0.035 -0.004 -0.001 0.053 0.075

EXCH  GR 0 0.051 0.047 0.075 0.046 0.027
1 0.045 0.066 0.074 0.065 0.099
2 0.056 0.062 0.085 0.063 0.116
3 0.050 0.074 0.102 0.127 0.055
4 0.056 0.139 0.122 0.079 0.034
5 0.096 0.091 0.029 0.049 0.034
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Table A. 13 (Continued)

4 5 6 7 8

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 0.056 -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 0 091 0.118 0.148
2 0.042 0.075 0.135 0.172 0.075
3 0.064 0.128 0.155 0.065 -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 0 0.057 0.070 0.062 0.037 0.015
1 0.059 0.061 0.070 0.052 0029
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 0 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 0 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 0.013 -0.063 0.035 0.036
4 0 011 -0 019 -2 816 -0 003 0 028
5 -0.021 0.050 -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 0.063 -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 -0.299 -0.077 0.040
5 0.015 0.056 -0.138 -3.256 0.037

US STK GR 0 0.055 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 0.086
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 Bayesian 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 hyperparameter of the prior of a smaller model is carefully 

chosen, the improvement in performances of larger models is not as impressive 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) 

report 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 forecasting performances of the models. 

See, for example, Bernanke and Boivin (2003), Stock and Watson (2002b), 

D’Agostino and Giannone (2007), and Forni et al. (2003).

Bahbura 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 model clearly 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-
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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 calculate 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 Yt = (i/1)t z/2,t ••• ym,t)' be 

a n m x l  column vector of m  endogenous variables in period t. The VAR has 

its reduced form as:

Yt =  A\ Yt~i + A 2 Yt- 2  +  ••• + Ap Yt-p +  c +  Ut , (3.1)
m x l  m x m  mx  1 m x m  mx 1 m x m  m x l  m x l  m x l

where c =  (ci, ...,cm)' is the vector of constants, and Ut = (uiit ... umit)' is the 

vector of unknown disturbances. We assume that:

Ut ~ N (  0 , ),
mx 1 m x l  m x m

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

Let X t =  (y/_l5..., Y ' 1)' be a column vector containing p lags of Yt and a 

constant 1. With observations t =  1,...,T , we can rearrange the VAR from 

(3.1) into:

y  = x  b a u , (3.2)
T x m  T x k  k x m  T x m

where Y  = (Yi, ...,Y j) ' is the matrix of dependent variables, X  = {X\, ...,X t )'
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is the matrix of independent variables, B = (A \ , ..., Ap, c)' is the matrix of 

unknown coefficients, U = (U\, is the matrix of disturbances, and

k = mp A 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 Ut is equivalent to:

u ~  N(  0 , ^  0  I  ),
T m x l  T mx  1 m x m  T x T

where 0  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 ) - l (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 sample 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 coefficients at the point that makes Yt be a vector of univariate random 

walks, i.e. the means are at A\ = /mxm and A2,-.-,Ap —  0 m x m . It may or 

may not allow for drift. The coefficients are also uncorrelated with each other, 

with prior variances given by:

Var[(Ai)ij\ = <
A2 
12 ,

_  A 2

i =  j,

otherwise,

where (A)p is the i j -th element of the /-th lag coefficient matrix Ai, A > 0 

is the hyperparameter determining the overall tightness of the distribution 

around the random walk, of, i =  1, is the variance of disturbance term

of the variable yi,t in the VAR, and 7r €E (0,1] is another hyperparameter, 

reflecting the relative importance of other endogenous variables j  ^  i in ac­

counting for the variation of variable i. 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 zero means tighten­

ing the prior distribution toward the random walk. The term l2 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 7T has the same 

function as l2, 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 erf/cr2 is used to account 

for the difference in the units of measurement of different variables i 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 T 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 I \F ~  N(  b , T ® Fl ) and T ~ i W {  'F ,a ), (3.4)
k m x l  m x m  kmx  1 m x m  k xk  m x m  m x m

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

be E(b)  =  b and Var{b) =  'F ® FI.

Following Kadiyala and Karlsson (1997) and BGR, the parameters of the dis­

tribution in (3.4), b, FI, and T, are chosen to match the Minnesota prior. The 

parameter b is obtained by stacking columns of the matrix B, given by:

diag(Si, <5m)

(fc— m — l ) x m  

^1 '

where diag{5\ , ..., <5m) is an m x m  diagonal matrix with values $ i,..., 5m along 

its main diagonal, Si, i =  1, can be either 0 or 1, and 6j, i = 1, is

a constant or zero. Originally, Litterman sets each Si, i =  1 ,..., m , equal to 1. 

However, following BGR, it is more appropriate to set this value at S j  = 0 for

B =
k x m

1
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any mean-reverting variable j.

The parameters T and are set to be:

T = dialer?,..., crjjj,
771X 771

and

( 1 1 1
p  = A2 • diag | 2 ’ 2 5

^1 ’ P2 ■ <?m’ V ' t )  ’
(3.5)

where € is a very small number. These parameters make the prior variance of 

the coefficients, T <g) Q, follow the Minnesota prior, with one exception that 

the hyperparameter tt must be equal to 1 (See Kadiyala and Karlsson, 1997, or 

Robertson and Tallman, 1999, for more details). In practice, each parameter 

of is set to be the variance of the OLS residual from a univariate autoregressive 

model of order p of the variable yiit.

The posterior distribution of this model is also Normal-(Inverted)-Wishart, 

given by:

b I $  , V ~ i V ( b , T  <8> fi ) and T | Y  ~  iW(  T ,T  + a),
fcmxl m x m  T x m  k mx  1 m x m  k x k  m x m  T x m  m x m

(3.6)

where Q = (fl_1 +  X 'X )~ l , b is obtained from stacking columns of the matrix 

B, given by:

B = (Q_1 + X ' X ) - \ Q - lB  + X ’Y), (3.7)
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and T is given by:

=  Y ' Y  -  +  X ' X ) B  + B'D~lB  +  'I. (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  = ( r r 1 + x'xy^n^B + (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 H, 

setting different values of A 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 = +oo, 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_1 into the ma­

trix X' X .  This 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 H yperparam eter 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 Yf'+fy = {y[̂ t+h\t ••• ym't+h\t)' denote the point estimate of the h-steps 

ahead forecast obtained from the model /i with the hyperparameter value A. 

The point estimate of the one-step ahead forecast is computed from:

y-(ßA)'
I t + i \ t x ;+ib ^ a> (3.10)

where B M̂,A) is the posterior mean of the coefficients from the model /i with 

the hyperparameter value A. For the case of p > h > 1 that we consider, we 

can recursively construct a matrix of independent variables given by:

Y"(mA) __ ( y ( p A )1 y ( ^ A )1 \ r t  y /  -I y
^ t + h l t  \ I t + h - l \ V  X  > • * * >  1 t + h - p i  l ) > (3.11)

using the forecasts Y ^ j^ ^ v and the sample observations Yt, ..., Yt+h-P-

The point estimate of the h-steps forecast, then, is computed from:

1 t+h\t ys~t+ h\ tJD (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 /i. We use Y ^ ^  to 

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

BGR, of which S{ 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 to and t\ denote the position of January 1971 and December 

2003 in the data set. For each forecast horizon h, we compute in each

period t = to — 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 t (Rolling scheme, 

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

variances of the constant terms in the matrix Ft in (3.5), to be 10-10.

The forecasting performance is measured in terms of out-of-sample Mean 

Squared Forecast Error (MSFE). For the model /z, the value A, the forecast 

horizon h , and the variable z, we have:

M S F E ^  =  t- - | -  - f £  ( lM «  -  # £ & ,) 2 • (313)
t=to — h

The results are reported for MSFE in relative to one of the benchmark model 

(Random walk with drift), given by:

R M S F E
M S F E § X) 

M SFE?} '
(3.14)

A number smaller than 1 for R M S F E f ^  implies that the model fi with value 

A performs better than the random walk.

The variables of interest i 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 [i which are:

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

3) CPI.

2. CEE.  This is the model of Christiano et al. (1999). There are 7 vari­

ables, 3 as in S M A L L , and 4) index of sensitive material prices, 5) 

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

3. M E D I U M . There are 20 variables, 7 as in C E E , 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) Ml money stock, 18) Standard and Poor’s 

Price Index, 19) Yields on 10 year U.S. Treasury Bond, and 20) effective 

exchange rate.

4. LARGE  This specification 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 ß = S M A L L , 

A =  0.262 for ß =  C E E , A = 0.108 for ß = M E D I U M , and A = 0.035 for 

/i =  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 To denote the position of December 1969 in the data set. Define 

the in-sample 1-step ahead mean squared forecast errors (m s f e ) for a model
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T able 3.1: B V A R s different A ,  O ut-of-Sam ple R elative  M SFE , 1971 - 2003

S M A L L C E E M E D I U M L A R G E
EM PL 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

II C
O FFR 1.57 1.12 0.96 0.92

CPI 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 oo 0.262 0.108 0.035

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

msf e? M = -T izwimV -  y*.t+1):
0 ^  t=p

Note that y^t+l\t is the in-sample forecast (Estimated value) for y i t + 1 within 

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

Next, estimate the unrestricted OLS VAR of the S M A L L  model using the 

data from January 1960 to December 1969, and figure out the in-sample fit 

(Fit), given by:

Fit
m s f e  
m s f e f ^ p,=SMALL,  A=+oo

where Z =  { E M P L ,  F F R ,  C P I}  is the set of variables of interest.

At last, for each model fr ^  S M A L L ,  determine from grid search the hy­

perparameter A(vFit) tha t 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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Â L'hlt) Can be defined as:

We see that the way BGR set the hyperparameter values biasses against small 

models. First, note that the SM A L L  Bayesian VAR of BGR is actually the 

unrestricted OLS VAR. This is because the hyperparameter of the model is set 

at A =  Too. The S M A L L  model does not benefit from shrinkage estimation 

at all. Next, observe that larger models will be assigned with lower values of 

the hyperparameter A. 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 observations1, 

this way of assigning the hyper parameter 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 S M A L L  model is a 3-variable VAR with 13 lags, 

which results in 40 coefficients to be estimated per equation including the

1 Zha (1998) provides a good discussion on this point.
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T able 3.2: B V A R s sam e A, O ut-of-Sam ple R e la tiv e  M SF E , 1971 - 2003

A =  0.035 S M A L L C E E M E D I U M L A R G E
EM PL 0.64 0.61 0.52 0.45

h =  1 F F R 1.00 0.95 0.87 0.75
C P I 0.57 0.51 0.51 0.51

EM PL 0.63 0.56 0.48 0.37
h =  3 F F R 1.06 1.03 1.02 0.92

C P I 0.47 0.38 0.38 0.40
EM PL 0.73 0.63 0.58 0.51

h  =  6 F F R 1.11 1.11 1.28 1.24
C PI 0.46 0.34 0.34 0.40

EM PL 0.93 0.71 0.72 0.81
h =  12 F F R 1.22 1.27 1.56 1.80

C P I 0.51 0.40 0.38 0.45

A =  0.108 S M A L L C E E M E D I U M L A R G E
EM PL 0.54 0.59 0.54 0.51

h  =  1 F F R 0.96 0.86 0.79 0.75
C P I 0.55 0.51 0.51 0.55

E M PL 0.49 0.55 0.50 0.40
h =  3 F F R 1.08 0.94 0.96 0.94

C PI 0.47 0.39 0.40 0.46
EM PL 0.55 0.66 0.66 0.54

/i =  6 F F R 1.18 1.03 1.31 1.33
C P I 0.48 0.37 0.37 0.47

EM PL 0.65 0.76 0.87 0.96
h =  12 F F R 1.29 1.21 1.56 1.86

C PI 0.55 0.47 0.44 0.59

A = 0.262 S M A L L C E E M E D I U M L A R G E
EM PL 0.57 0.65 0.66 0.65

/ i =  1 F F R 0.92 0.90 0.85 0.82
C PI 0.55 0.55 0.54 0.62

EM PL 0.53 0.63 0.63 0.47
h =  3 F F R 1.14 1.12 1.04 1.05

C P I 0.48 0.43 0.44 0.51
E M PL 0.60 0.79 0.82 0.62

h  =  6 F F R 1.29 1.30 1.51 1.49
C P I 0.50 0.44 0.39 0.52

E M PL 0.65 0.96 1.10 1.09
/i =  12 F F R 1.50 1.49 1.85 1.96

C P I 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 

A =  0.262, the SM A LL  model outperforms other larger models 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 procedure 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 specification 

ß 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 2003.

In searching for a suitable hyperparameter value, let tq and t\ denote the 

position of January 1971 and December 1980 in the data set, respectively. 

For a forecasting span h G (1,3,6,12} and an arbitrary hyper parameter value 

A, we can compute a forecast for each period r  =  tq — /i, ...,ri — h

(120 times), using the same setting as in the previous section (p = 13, rolling 

scheme with 120 observations, e = 10~10). These point forecasts can be used to 

compute M S F E \ ^  and R M S F E \ ^  from (3.13) and (3.14), for each variable
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of interest i .Let T V ^  = R M S F E ^ PL h +  +  R M S F E ^ j ,

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 for each specification fa and each forecast horizon h 

from grid search such that:

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 Too.

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:

A£ = argmin T V ^ l'~X\ (3.15)
Ä

To avoid this, we calculate the derivative d T V ^ ' ^ / d A to help search for each

d T V ^ ,X)
dX

d M S F E ^ PLth/ d \  | 0 M S F E qpj h/ d \  | d M S F E ^ / d X

M S F e Z pl,h M S F E ™ p

(3.16)

EMP L, h

E MP L, h 'CPI,h FFR,h

where for each variable i € {E M P L ,C P I ,  FFR},

d M S F E ^ hX) 1
d \ Ti -  T0 +  1 t=TQ—h

t—TQ — h

Given an m  x n matrix Z, we use dZ/dX to denote the gradient matrix of Z  

with respect to A. The gradient matrix dZ/dX has the same dimension as Z
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with dzij/dX as its i j -th element. This is the same for a gradient vector dz/dX

of an m  x 1 vector z. The value of d y[^ \ \ t/dX in (3.17) can be taken from 

the gradient vector d Y^ ' ^ /dX.  From (3.12), the gradient vector d Y^ f y /dX

can be written as:

d Y ( m A )

dX d \ b m  +
f d  B ^ \
\ d x T  ) (3.18)

where d B ^ ’̂ / dX  is given by2:

d B ^ ' A) 
dX ( n ^ 'x)- 1 +  X ^ ' X ^  1 ^  - j  ( ß (/x) -  £ {m>a)) . (3.19)

We can compute the gradient vector d Yf+fy / dX recursively, using (3.18) and,

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

(3.20)

and

9 9 V & \
dX

d Y (f*A)
t+ i |t

dX 1 x (k—m h + m )
(3.21)

We perform grid search in finding the values of A£ for each forecasting horizon 

h and each model specification /i. We search for the suitable hyperparameter 

A£ with 3 decimal places, which makes our grid search composed of 4 steps sis 

follow3:
2 See the Appendix B for the derivation of dB^A) jq\  in (3.19).

. 3 It is possible that our grid search may not return the optimal hyperparameter as 
defined in (3.15), if the function T V ^ ’X̂ 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 SMALL  model, using the add-on application OPTMUM in GAUSS. It
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1. Calculate the values of target variable T V ^L,XX> and gradient d T V ^ ,x  ̂/d A 

for each of 11 values of A, which are 0.001 and 1,2,...,10. Figure out 

the possible region of the hyperparameter value A£ * * 4. Let Asi denote the 

lower bound of this region.

2. Calculate the values of target variable T V ^ ,XX> and gradient d T V ^ '^ /d A 

for each of 9 values of A, which are Xsi +0.1, Asi +  0.2,..., Asi +  0.9. Figure 

out the possible region of the hyperparameter value A£. Let As2 denote 

the lower bound of this region.

3. Calculate the values of target variable T V ^ 'X>> and gradient d T V ^ ’X̂ /  dA 

for each of 9 values of A, which are As2 + 0.01, As2 -F 0.02,..., As2 4- 0.09. 

Figure out the possible region of the hyperparameter value A£. Let AS 3  

denote the lower bound of this region.

4. Calculate the values of target variable T V ^ 'X̂ for 9 values of A, which 

are AS 3  +  0.001, AS 3  +  0.002,..., AS 3  +  0.009. The suitable hyperparameter 

value A£ is the one associated with the minimum value of T V ^ ’X̂ from 

these 4 steps.

Table 3.3 reports the optimal hyperparameter A£ with the associated values 

of target variable T V ^ 'X̂ and gradient, for each forecast horizon h and each 

model specification /r. 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 tQ and t\ 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 T V ^ ' X̂ than one at the lower 
bound.
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T a b le  3.3: X£ from  grid  search  an d  T V ^ ' X\  1971 - 1980

S MA LL C E E M E D I U M LARGE

h = 1
K

T \ f  GA) 
gradient

0.130
1.950
0.008

0.129
1.849
0.001

0.096
1.665
-0.000

0.053
1.598
0.029

?r II 00

K
r p y ( ß A )

gradient

0.111
1.876
0.001

0.143
1.739
0.004

0.117
1.695
0.024

0.072
1.614
-0.008

h = 6
K

gradient

0.130
1.887
0.007

0.134
1.852
0.004

0.017
2.191
-0.350

0.059
2.288
-0.033

h = 12
■K

’j'yGA)

gradient

0.102
1.912

-0.000

0.049
1.896
-0.020

0.020
2.254
-0.672

0.006
2.483
-1.646

^t+h\t^ *n  ea°h period t = to — h,...,ti — h (276 times) with VAR of order 

p — 13, using the most recent 10 years of observations (Rolling scheme, 120 

observations), and the parameter e at 10-10. These forecasts are used to cal­

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

and CPI. Table 3.4 reports the result of this assessment, with the associated 

values of T V ^ ' K) =  £ \ €l R M S F E ^  and A£.

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 2003.

According to Table 3.4, the LARG E  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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T able 3.4: B V A R s w ith  O ut-of-Sam ple R e la tiv e  M S F E , 1981 - 2003

S M A L L C E E M E D I U M L A R G E
EM PL 0.53 0.62 0.53 0.49

F F R 0.96 0.85 0.93 0.80
h =  1 CPI 0.62 0.60 0.57 0.53

T v ^ ' x*} 2.104 2.067 2.025 1.822

K 0.130 0.129 0.096 0.053
EM PL 0.42 0.56 0.44 0.37
F F R 1.23 1.06 1.13 0.9500II CPI 0.59 0.52 0.54 0.51

r r r y ( ß A h ) 2.234 2.145 2.107 1.830
K 0.111 0.143 0.117 0.072

EM PL 0.53 0.77 0.63 0.49
F F R 1.47 1.12 1.17 1.05

h =  6 CPI 0.62 0.51 0.43 0.50
r p y i n - A h ) 2.612 2.391 2.225 2.045

K 0.130 0.134 0.017 0.059
EM PL 0.72 0.91 0.82 0.69
F F R 1.47 1.24 1.75 1.75

h =  12 CPI 0.78 0.54 0.47 0.52

2.966 2.696 3.045 2.970

K 0.102 0.049 0.020 0.006
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T able 3.5: B V A R s different A, O ut-of-Sam ple R ela tive  M SF E , 1981 - 2003

S MALL C E E M E D I U M LARGE
EM PL 0.81 0.68 0.54 0.47

h = 1 FFR 1.71 0.99 0.94 0.78
CPI 0.83 0.64 0.57 0.54

v h 3.360 2.313 2.049 1.794
EMPL 0.67 0.65 0.43 0.32

C
OII FFR 1.74 1.43 1.12 0.89

CPI 0.73 0.58 0.53 0.48
T V ^ ' X) 3.132 2.649 2.077 1.689
EMPL 0.89 0.95 0.62 0.45

C
OII-c
f FFR 2.44 1.58 1.36 1.00

CPI 0.77 0.59 0.48 0.47
T V ^ ' X) 4.105 3.117 2.461 1.925
EMPL 1.04 1.33 0.93 0.82

h = 12 FFR 3.18 1.63 1.40 1.64
CPI 1.04 0.80 0.51 0.56

T V ^ ' X) 5.266 3.761 2.840 3.014
A oo 0.262 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 LA RGE  model 

helps further improve the forecasting performances.

However, Table 3.4 shows that this impression is false. This is a result of 

allowing no shrinkage at all for the S MA LL  model. If we use Bayesian or 

shrinkage estimation with the SMA LL  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 also 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: A£ from grid search and TV^ß,X\  1971 - 1990

SM ALL C EE M E D IU M LARG E
AH 0.164 0.102 0.078 0.044

h = 1 2.003 1.920 1.793 1.666
gradient -0.002 0.007 0.010 -0.069

AH 0.089 0.085 0.066 0.048

COII 'jry(ßA) 2.044 1.857 1.849 1.691
gradient -0.005 0.003 -0.036 -0.063

AH 0.059 0.066 0.022 0.043
h —  6 2.195 1.986 2.246 2.199

gradient -0.030 0.014 0.033 -0.002
AH 0.073 0.055 0.047 0.005

h = 12 2.407 2.227 2.691 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 A£ varies 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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T a b le  3.7: from  grid  search  an d  T V ^ ’X\  1971 - 2000

SM ALL C E E M E D IU M LARGE

h = 1
K

T  1/(m,a)h
gradient

0.168
2.030
-0.001

0.101
1.963
-0.007

0.077
1.828
0.015

0.043
1.704
-0.008

h = 3
K

gradient

0.098
2.045
-0.002

0.083
1.877
-0.018

0.062
1.852
-0.018

0.046
1.699
0.096

h = 6
K

gradient

0.071
2.199
0.000

0.064
2.004
-0.010

0.022
2.212
-0.225

0.041
2.176
-0.028

h = 12
K

j-'y(rA)
gradient

0.086
2.434
-0.017

0.054
2.276
-0.004

0.043
2.690
0.134

0.005
2.724
4.146

VARs. The values from Table 3.3 are used to make forecasts from January 

1981 to December 1990. Ones from Table 3.6 are used for the forecasts from 

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 p. and forecast horizon h. Comparing 

the results in Table 3.8 and Table 3.4, we can see that our exercise can just 

marginally improve 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 determining whether to change the hyperparameter value of a 

model. Such adaptive schemes will only improve forecasting performance if the 

underlying data generating process (DGP) is changing through time. What
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T able 3.8: B V A R s w ith  Varied A, O ut-of-Sam ple R ela tive  M SF E , 1981 - 
2003

SM ALL C EE M E D IU M LARG E
EM PL 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
TVh 2.102 2.063 2.025 1.821

EMPL 0.43 0.57 0.45 0.37

COII FFR 1.23 1.05 1.12 0.95
CPI 0.59 0.51 0.52 0.50
TVC 2.241 2.133 2.090 1.819

EMPL 0.58 0.79 0.61 0.48
h = 6 FFR 1.46 1.08 1.16 1.05

CPI 0.60 0.49 0.44 0.50
t v /: 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
t v /: 2.987 2.693 3.018 2.987

the “optimal” adaptive scheme will be depends 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 such 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 tQ to denote this initial 

hyperparameter value. Let Â  T denote the value used in a given period T. At 

the start of each period T  €E [£o,£i], we use a model fi in making a forecast 

Yr'iT-h- At the en<̂  the Peri°d after realizing the actual data Yy, we 

calculate the square forecast error from the Bayesian VAR fa:

S F E % $ T) =  (yjjT -  { £ & )» , (3.22)

as well as the square forecast error from the benchmark model SFE^. j ,  for 

each variable of interest i G I .

We also calculate at this point in time the indicators:

I N D C f f l
S F E <J$

V - = ----------7m---------— ----------------7m-, (3.23)U  E l,0S F E l Z  + (276 +  to -  T ) S F E ^ t

for 3 values of the hyperparameter A, which are A£ T, A£T + 0.001, and X^T — 

0.0015. We use the indicator I N D C ^ ^  to approximate the marginal increase 

in the sum of relative MSFE from using different values of A at time T. Observe 

that the term Ylt=t0 S F E ^ t in the denominator increases as T  increases. We 

put the term (276 +  £o — T ) S F E ^ . t 6 into the denominator as well to make the 

value of I N D C l ^  relatively stable along the time T. Otherwise, the value 

Â  T will be more fluctuated for small T  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 N D C ^ \  If it is A =  A£T, we also use this value as 

A£r+ i in the next period. Otherwise, for A € (A£r  +  0.001, A£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 =  £i — to — 1 is the total number of repetitions in our out-of-sample 
exercise.
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T able  3.9: B V A R s w ith  V aried  A, O u t-o f-S a m p le  R e la tiv e  M S F E , 1981 — 
2003

SMALL CEE MEDIUM LARGE
EM PL 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
T K 2.098 2.053 2.003 1.798
+ 0 0.130 0.129 0.096 0.053

EM PL 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

ĥ,0 0.111 0.143 0.117 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* 2.613 2.383 1.978 1.975

ĥ,0 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
TVS 2.966 2.698 2.908 2.548

0.102 0.049 0.020 0.006

— INDCf l^)  is higher than 0.0001 we use this new value as 

A^t+i in the next period. Observe that we can increase the fluctuation of the 

hyperparameter value t 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 tha t in this process we use the 

information up to period T  to figure out the hyperparameter value A£ T+1 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 i E l  from the square forecast errors SFE(n,  A£ T). hT calculated at
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the start of each period T . The relative MSFE can be written as:

RMSFEf t (3.24)

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 previous 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 LARG E  model. The estimation of the LARG E  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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To simplify the notation, let Z = Q, 1 X ' X . The posterior mean of the 

matrix B  can be written as:

B = z - \ n ~ l B  + x 'Y ) . (B.l)

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

d- » = Z --> 
d \ 'B  + X ’Y ) \  + + X'Y) ,

(B.2)

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

functions Z  can be written as:

ö ^  = _Z-> W  3-1
d \  I  l)X ) (B.3)

Since the matrix X ' X  is not a function of A, the derivative d Z jd A is:

dZ dVt - l

d \  d \
- 3d ia g (a l .... < £ ;22 • a \ ..... 22 • a2m, ...;p2 • a?, ...,p2 ■ <£;0).

(B.4)

The derivative d(Q lB ) / d A can also be written as:

(B.5)

and the value of dQ 1 / d \  is as in (B.4).
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Totally, from (B.l) - (B.5), we have:

ae
Jx = z - 1

d n ~ l
d \

z l (n~lB +  X 'Y ),
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Table C.l: SMALL, 1971 -  1980

h A
s te p l  

j ' y  ( A1 > ^ ) g rad A
ste p 2

'j’y  (/*>^) g rad A
s te p 3  

T V ^  ^ ) g ra d A
ste p 4

<y* yr ( A1 • ^ ) g rad
0.001 2.711 - 134.132 0.1 1.956 - 0.463 0.11 1.952 - 0 .278 0.121 1.950 - 0 .110

1 2.473 0.472 0.2 1.972 0.542 0.12 1.951 - 0 .124 0 .122 1.950 - 0 .096
2 2.831 0.274 0.3 2.040 0.741 0 .1 3 1 .9 5 0 0 .0 0 8 0.123 1.950 - 0.082
3 3.052 0.177 0.4 2.114 0.740 0.14 1.951 0.121 0.124 1.950 - 0.069
4 3.197 0.119 0.5 2.186 0.694 0.15 1.952 0.220 0.125 1.950 - 0.055

1 5 3.297 0.083 0.6 2.253 0.641 0.16 1.955 0.305 0.126 1.950 - 0 .042
6 3.368 0 .060 0.7 2.315 0.591 0.17 1.958 0.378 0 .127 1.950 - 0 .029
7 3.419 0.045 0.8 2.371 0.546 0.18 1.962 0.441 0.128 1.950 - 0 .017
8 3.458 0.034 0.9 2.424 0.506 0.19 1.967 0.496 0 .129 1.950 - 0 .004
9 3.488 0.026

10 3.511 0.021

h A
s te p l
(A* i ^ ) g rad A

ste p 2  
(a1.*  ) g rad A

ste p 3  
T  v  (A4 ^ > g ra d A

ste p 4
«py (M.*) g rad

0.001 2.701 - 100.100 0.1 1.877 - 0.216 0.11 1.876 - 0 .017 0 .1 1 1 1 .8 7 6 0 .0 0 1
1 2.460 0.384 0.2 1.919 0.797 0.12 1.876 0.142 0.112 1.876 0.018
2 2.701 0.148 0.3 2.010 0.958 0.13 1.878 0.274 0.113 1.876 0.034
3 2.805 0.071 0.4 2.103 0.888 0.14 1.882 0 .386 0.114 1.876 0.051
4 2 .857 0.038 0.5 2.186 0.774 0.15 1.886 0 .483 0 .115 1.876 0.067

3 5 2.886 0.022 0.6 2.258 0.664 0.16 1.891 0.566 0.116 1.876 0.082
6 2.903 0.014 0.7 2.320 0.572 0.17 1.897 0.638 0.117 1.876 0.098
7 2.915 0.009 0.8 2.373 0.496 0.18 1.904 0.700 0.118 1.876 0.113
8 2.922 0 .006 0.9 2.420 0.435 0.19 1.911 0.752 0 .119 1.876 0.128
9 2.927 0.005

10 2.931 0.003

h A
s te p l

« J iy  (M i ^ ) g rad A
ste p 2

' j ’ y r  (A1 • g rad A
ste p 3

'y 'y r ( M T ^ ) g rad A
step 4

j> y ( A J i ^ ) g rad
0.001 2.775 5.383 0.1 1.893 - 0.477 0.11 1.889 - 0 .278 0.131 1.887 0.004

1 2.234 0.268 0.2 1.905 0.433 0.12 1.887 - 0 .127 0.132 1.887 0.015
2 2.416 0.119 0.3 1.957 0.556 0 .1 3 1 .8 8 7 -  0 .0 0 7 0.133 1.887 0.025
3 2 499 0.056 0.4 2.011 0.518 0.14 1.&87 0 .0 0 2 0 .1 3 4 1.887 0 .035
4 2.540 0.028 0.5 2.060 0.458 0.15 1.889 0 .175 0.135 1.887 0.045

6 5 2.561 0.016 0.6 2.103 0.404 0.16 1.891 0 .245 0.136 1.887 0.055
6 2 .573 0 .009 0.7 2.141 0.360 0.17 1.893 0.305 0.137 1.887 0.064
7 2.581 0.006 0.8 2.175 0.324 0.18 1.897 0.355 0.138 1.887 0.074
8 2 .585 0.004 0.9 2.206 0.294 0.19 1.901 0.398 0.139 1.887 0.083
9 2.589 0.003

10 2.591 0.002

h A
s te p l  

T V  (/A>^) g rad A
ste p 2

g rad A
ste p 3

T V g rad A
ste p 4

T V g rad
0.001 2.935 248.436 0.1 1.912 - 0.099 0.11 1.913 0.313 0.101 1.912 - 0.049

1 2.255 0.177 0.2 1.981 0.781 0.12 1.918 0.563 0 .1 0 2 1 .9 1 2 - 0 . 0 0 0
2 2.364 0 .067 0.3 2.047 0.540 0.13 1.924 0.711 0.103 1.912 0.046
3 2.411 0 .032 0.4 2.093 0.414 0.14 1.932 0.793 0.104 1.912 0.090
4 2.434 0.017 0.5 2.131 0.346 0.15 1.940 0.833 0.105 1.912 0.132

12 5 2.448 0.010 0.6 2.163 0.298 0.16 1.948 0.846 0 .106 1.912 0.172
6 2.455 0.006 0.7 2.191 0.260 0.17 1.957 0.842 0 .107 1.912 0.209
7 2.460 0.004 0.8 2.215 0.228 0.18 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
h A

s te p l
(Mi^) grad A

step2
'J 'V ^ grad A

step 3
T v grad A

step4
r v U .A ) grad

0.001 2.661 - 51.314 0.1 1.858 - 0 .632 0.11 1.853 - 0 .366 0.121 1.850 - 0 .134
1 2.485 0.676 0.2 1.875 0.580 0.12 1.850 - 0 .153 0.122 1.850 - 0 .116
2 3.086 0.555 0.3 1.945 0.787 0.13 1.849 0.017 0.123 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 2.110 0.826 0.15 1.852 0.263 0.125 1.849 - 0.063

1 5 4.541 0.415 0.6 2.192 0.797 0.16 1.855 0.353 0.126 1.849 - 0 .047
6 4.932 0.369 0.7 2.270 0.764 0.17 1.859 0.426 0.127 1.849 - 0 .030
7 5.280 0.326 0.8 2.344 0.731 0.18 1.864 0.487 0.128 1.849 - 0 .014
8 5.585 0.287 0.9 2.416 0.702 0.19 1.869 0.538 0 .1 2 9 1 .8 4 9 0 .0 0 1
9 5.855 0.253

10 6.092 0.222
s te p l step2 step 3 step4

h A (Mi^) grad A grad A T V grad A T V grad
0.001 2.654 - 20.586 0.1 1.760 - 1.124 0.11 1.750 - 0 .775 0.141 1.739 - 0.030

1 2.405 0.654 0.2 1.759 0.591 0.12 1.744 - 0 .485 0.142 1.739 - 0.013
2 2 931 0.445 0.3 1.836 0.873 0.13 1.741 - 0 .246 0 .1 4 3 1 .7 3 9 0 .0 0 4
3 3.332 0.362 0.4 1.926 0.919 0.14 1.739 - 0 .048 0.144 1.739 0.021
4 3.662 0.300 0.5 2.018 0.899 0.15 1.739 0.114 0.145 1.739 . 0 .037

3 5 3.935 0.249 0.6 2.105 0.853 0.16 1.741 0.248 0.146 1.739 0.053
6 4.163 0.209 0.7 2.188 0.799 0.17 1.744 0.359 0.147 1.739 0.069
7 4.355 0.176 0.8 2.265 0.746 0.18 1.748 0.451 0.148 1.739 0.084
8 4.518 0.150 0.9 2.337 0.697 0.19 1.753 0 .527 0.149 1.739 0.100
9 4.656 0.128

10 4.775 0.110
s te p l step2 step 3 step 4

h A T V  (  ̂) grad A TV^ grad A T V (^'^) grad A T V grad
0.001 2.763 50.819 0.1 1.865 - 0 .839 0.11 1.858 - 0 .547 0.131 1.852 - 0.054

1 2.791 1.044 0.2 1.882 0.777 0.12 1.854 - 0 .293 0.132 1.852 - 0.034
2 3.665 0.730 0.3 1.981 1.130 0.13 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 .1 3 4 1 .8 5 2 0 .0 0 4
4 4.754 0.401 0.5 2.221 1.217 0.15 1.854 0.272 0.135 1.852 0.023

6 5 5.105 0.308 0.6 2.342 1.196 0.16 1.857 0.407 0.136 1.852 0.041
6 5.379 0.243 0.7 2.460 1.162 0.17 1.862 0.522 0.137 1.852 0.060
7 5 .597 0.196 0.8 2.574 1.124 0.18 1.868 0.621 0.138 1.852 0.078
8 5.774 0.160 0.9 2.685 1.084 0.19 1.874 0.705 0.139 1.852 0.095
9 5.919 0.132

10 6.041 0 .1 1 1

s te p l step2 step 3 step4
h A grad A T V grad A T V grad A T V grad

0.001 3.016 220.535 0.1 1.945 1.373 0.01 2.273 - 56.549 0.041 1.899 - 0 .807
1 3.318 1.279 0.2 2.084 1.429 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 1.918 -  3 .228 0.043 1.897 -  0 .573
3 4.746 0.365 0.4 2.407 1.716 0.04 1.899 - 0 .937 0.044 1.897 - 0 .467
4 5.043 0.245 0.5 2.578 1.680 0.05 1.896 0.056 0.045 1.896 - 0 .367

12 5 5.259 0.193 0.6 2.742 1.605 0.06 1.899 0.647 0 .046 1.896 -  0 .273
6 5.437 0.166 0.7 2.898 1.522 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 1.215 0.048 1.896 - 0 .100
8 5.731 0.131 0.9 3.186 1.358 0.09 1.932 1.324 0 .0 4 9 1 .8 9 6 -  0 .0 2 0
9 5.854 0.116

10 5.964 0.103
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Table C.3: MEDIUM, 1971 -  1980

h A
s te p l  

y’y  (M»A ) g rad A
s te p 2  

p y \ l l |A) g rad A
s te p 3  

p y ( t l »A) g rad A
step 4  

p y  (/*• A) g rad
0.001 2.659 - 44.169 0.1 1.665 0.122 0.01 2.101 - 28.281 0.091 1.665 - 0.176

1 2.479 0.714 0.2 1.743 1.047 0.02 1.926 - 11.827 0.092 1.665 - 0 .139
2 3.009 0.383 0.3 1.851 1.082 0.03 1.831 - 7 .657 0.093 1.665 - 0 .102
3 3.299 0.211 0.4 1.957 1.038 0.04 1.767 - 5 .185 0.094 1.665 - 0 .067
4 3.453 0.122 0.5 2 .058 0.982 0.05 1.725 - 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 .0 9 6 1 .6 6 5 -  0 .0 0 0
6 3.605 0.049 0.7 2.243 0.867 0.07 1.679 - 1 .317 0 .097 1.665 0.032
7 3.651 0.033 0.8 2 .327 0.812 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
s te p l s te p 2 s te p 3 s tep 4

h A p y  (Mi A) g rad A j ’y f  M t A ) g rad A p y ( .P iA ) g rad A p y  (Mi A) g rad
0.001 2.677 - 9 .505 0.1 1.698 - 0 .360 0.11 1.696 - 0 .113 0.111 1.696 - 0 .092

1 2.282 0.488 0.2 1.731 0.656 0.12 1.696 0.074 0.112 1.696 - 0.071
2 2.599 0.199 0.3 1.806 0.796 0.13 1.697 0.218 0.113 1.695 -  0.051
3 2.739 0.096 0.4 1.887 0.814 0.14 1.700 0.330 0.114 1.695 - 0 .032
4 2.806 0.052 0.5 1.967 0.780 0.15 1.704 0 .417 0.115 1.695 - 0 .013

3 5 2.851 0.031 0.6 2 .042 0.722 0.16 1.708 0.487 0 .116 1.695 0.006
6 2.871 0.020 0.7 2.111 0.658 0.17 1.713 0.542 0 .1 1 7 1 .6 9 5 0 .0 2 3
7 2.892 0.013 0.8 2.174 0.596 0.18 1.719 0.588 0.118 1.696 0.041
8 2.897 0.009 0.9 2 .230 0.539 0.19 1.725 0.625 0.119 1.696 0.058
9 2.911 0 .007

10 2.927 0.005
s te p l s te p 2 s te p 3 s tep 4

h A p y ( » i * ) g rad A p y  ( M» A ) g rad A g rad A p y  (Mi A) grad
0.001 2.824 46.860 0.1 2.231 0.548 0.01 2.255 - 25.316 0.011 2.234 - 18.655

1 2.895 0.379 0.2 2.323 1.095 0.02 2.193 1.846 0.012 2.218 - 13.367
2 3.122 0.132 0.3 2.433 1.061 0.03 2.215 1.604 0.013 2.206 - 9 .227
3 3.212 0.059 0.4 2  532 0.933 0.04 2.223 0 *294 0.014 2.199 -  6 025
4 3.251 0.031 0.5 2 .619 0.797 0.05 2.224 - 0 .143 0.015 2.194 - 3 .575

6 5 3.279 0.018 0.6 2 .692 0.677 0.06 2.222 - 0 .118 0.016 2.192 -  1.726
6 3.292 0.011 0.7 2 .755 0.577 0.07 2.222 0.051 0 .0 1 7 2 .1 9 1 -  0 .3 5 0
7 3.308 0.008 0.8 2.808 0.497 0.08 2.223 0.237 0.018 2.191 0.652
8 3.310 0.005 0.9 2.855 0.432 0.09 2.226 0.405 0 .019 2.192 1.363
9 3.321 0.004

10 3.327 0.003
s te p l s te p 2 s te p 3 s tep 4

h A g rad A py ( l *> ^) g rad A p y  (m i A) g rad A j - y  (MiA) g rad
0.001 3.174 206.889 0.1 2.937 5.071 0.01 2.477 - 63.264 0.021 2.254 1.166

1 4.683 1.130 0.2 3 .253 2.440 0 .0 2 2 .2 5 4 -  0 .6 7 2 0.022 2.256 2.712
2 5.355 0.379 0.3 3 .487 2.273 0.03 2.309 9.260 0 .023 2.260 4.021
3 5.607 0.162 0.4 3.708 2.149 0.04 2.416 11.555 0.024 2.264 5.136
4 5.719 0.082 0.5 3.915 1.985 0.05 2.532 11.425 0.025 2.270 6.092

12 5 5.782 0 .046 0.6 4.104 1.800 0.06 2.641 10.228 0.026 2.276 6.916
6 5 .827 0 .028 0.7 4 .275 1.613 0.07 2.736 8.710 0.027 2.284 7.629
7 5.849 0 .018 0.8 4.428 1.437 0.08 2.816 7.262 0.028 2.292 8.249
8 5.858 0.012 0.9 4 .563 1.275 0.09 2.882 6.038 0.029 2.300 8.789
9 5.866 0.008

10 5.875 0.006
* S te p  4 is a lso  a p p lie d  for th e  v a lu es  of A b e tw een  0 .0 6  an d  0 .07  in  th is  case . T h e  o n e  show n in  th e  ta b le  y ie ld s  b e t te r  re su lts .
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Table C.4: LARGE, 1971 -  1980
h A

s te p l
g rad A

ste p 2
T V grad A

s te p 3
T V g rad A

ste p 4
g rad

0.001 2.545 - 244.283 0.1 1.642 1.353 0.01 1.863 -22 .827 0.051 1.598 - 0.136
1 2.063 0.062 0.2 1.777 1.193 0.02 1.704 -10 .355 0.052 1.598 - 0.051
2 2.127 0.008 0.3 1.876 0.783 0.03 1.635 - 4 .328 0 .0 5 3 1 .5 9 8 0 .0 2 9
3 2.524 0.003 0.4 1.940 0.503 0.04 1.607 - 1.560 0.054 1.598 0.104
4 2.988 0.001 0.5 1.979 0.328 0.05 1.599 - 0 .227 0.055 1.599 0.175

1 5 3.529 - 0.001 0.6 2.005 0.221 0.06 1.600 0.473 0.056 1.599 0.242
6 6 .178 - 0.000 0.7 2.028 0.153 0.07 1.607 0.873 0.057 1.599 0.304
7 8.458 - 0.002 0.8 2.036 0.110 0.08 1.617 1.114 0.058 1.599 0.364
8 16.511 - 0 .003 0.9 2.052 0.082 0.09 1.629 1.263 0.059 1.600 0.420
9 21.860 0.000

10 30.033 0.000
s te p l s te p 2 s te p 3 s te p 4

h A j» y  (m.* ) g rad A T V  ( g rad A T V  (^ ^ ) g rad A g rad
0.001 2.581 - 236.990 0.1 1.626 0.673 0.01 1.978 -13 .317 0.071 1.614 - 0.059

1 1.788 0.018 0.2 1.690 0.489 0.02 1.834 -13 .480 0 .0 7 2 1 .6 1 4 - 0 .0 0 8
2 1.801 0.002 0.3 1.727 0.272 0.03 1.726 - 8.171 0.073 1.614 0.040
3 2.003 0.001 0.4 1.749 0.162 0.04 1.665 - 4 .363 0.074 1.614 0.087
4 2.270 0.003 0.5 1.760 0.102 0.05 1.633 - 2 .136 0.075 1.614 0.130

3 5 2.481 0.005 0.6 1.767 0.066 0.06 1.619 - 0 .855 0.076 1.614 0.171
6 3 .540 0.013 0.7 1.775 0.046 0.07 1.614 - 0 .113 0.077 1.615 0.210
7 4.673 0.023 0.8 1.778 0.032 0.08 1.615 0.314 0.078 1.615 0.246
8 7.618 0 .047 0.9 1.780 0.024 0.09 1.620 0 .550 0.079 1.615 0.281
9 10.733 0.073

10 15.450 0.108

h A
s te p l

T V ^ ' ^ g rad A
ste p 2
(M»*) g rad A

ste p 3  
T  V  (^ ^ ) g rad A

ste p 4
g rad

0.001 2.740 - 216.779 0.1 2.340 1.585 0.01 2.413 22.720 0.051 2.294 - 1.519
1 2.579 0.023 0.2 2.448 0.700 0.02 2.471 - 5.454 0.052 2.292 - 1.295
2 2.608 0.004 0.3 2.500 0.373 0.03 2.393 - 8 .107 0.053 2.291 - 1.081
3 2.815 0.002 0.4 2.529 0.217 0.04 2.327 - 4 .777 0.054 2.290 - 0.880
4 3.207 0.003 0.5 2.544 0.134 0.05 2.296 - 1 .756 0.055 2.290 - 0 .689

6 5 3.189 0.007 0.6 2.554 0.087 0.06 2.288 0.106 0.056 2.289 - 0 .510
6 4.683 0.016 0.7 2.558 0.059 0.07 2.295 1.075 0.057 2.289 -  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 2.324 1.615 0 .0 5 9 2 .2 8 8 -  0 .0 3 3
9 12.477 0.099

10 17.466 0.143
s te p l s tep 2 s te p 3 s tep 4

h A j . y  (/*.*) g rad A T V grad A 1j-»y (Z1*-̂ ) g rad A grad
0.001 3.102 - 103.754 0.1 3.671 5.650 0.01 2.605 47.772 0.001 3.102 -103.754

1 4.385 0.065 0.2 4.006 2.074 0.02 3.008 24.394 0.002 2.901 -237.304
2 4.365 0.009 0.3 4.159 1.113 0.03 3 .148 7.992 0.003 2.691 -171.138
3 4.564 0.004 0.4 4.248 0.640 0.04 3 .218 6.958 0.004 2.561 - 90.969
4 5.129 0.003 0.5 4.293 0.390 0.05 3.294 8.189 0.005 2.500 - 36.068

12 5 4 .882 0.007 0.6 4.320 0.251 0.06 3.379 8.593 0 .0 0 6 2 .4 8 3 -  1 .6 4 6
6 6.462 0.014 0.7 4.339 0.169 0.07 3.463 8.180 0 .007 2.493 20.192
7 7.717 0.020 0.8 4.348 0.119 0.08 3.541 7.377 0.008 2.520 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
* S te p  4 is a lso  a p p lie d  for th e  v a lues of X b e tw een  0.001 an d  0.01 in  th is  ca se . T h e  o ne  show n in  th e  ta b le  y ie ld s  b e t te r  resu lts .
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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

pare 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 tha t this method performs very well in forecast­

ing im portant macroeconomic indicators. The principle components technique 

employed to estimate common 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.
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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, Baiibura et al. (2008) 

demonstrate that it is possible and satisfactory to incorporate a large set of 

endogenous 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
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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 i.i.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 generally 

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 Section 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 on 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 Bahbura 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 Yt = (yu, ■■■, V n t )' be a n  x 1 vector of n stationary and demeaned endoge­

nous variables in period t. We consider the VAR relationship given by:

Yt = A{Yt-\ +  A2V - 2  + ••• +  ApYt_p + Ut, (4-1)

where Ai,i  =  1 ,...,p , is a n x n matrix of unknown coefficients, and Ut =

(u \t, ...,unt)' is a n x 1 vector of unknown disturbances. We assume that:

Ut ~  i.i.d. N(  0 , 4/ ),
n X l n x l  n x n

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

definite matrix.

Let X t = { y i - i , Y t - p ) '  be a np x 1 vector containing p lags of Yt, and T  be 

a scalar representing the total number of observations (Yt, X t). 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 = X B  + U, (4.2)

where Y  = ( Y i , Yt )' is the T  x n matrix of dependent variables, X  = 

(Xi, is the T  x np matrix of independent variables, B = (A i,..., Ap)'

is the np x n matrix of unknown coefficients, and U = (U\, 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 Ut 

is equivalent to:

u ~  N( 0 , T (8) /  ),
T nx  1 Tnx  1 n x n  T x T

where <g> 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:

We use B\ols\ i  = 1, ...,n, to represent the z-th column of the estimate B̂ olŝ  = 

{B[ols\ . . . , B {nls)), and Yi = {yn, ■■.,1/ )̂' to represent the z-th column of the 

matrix of dependent variables Y. The estimator in (4.3) implies:

B{o1 s) =  ( x ' x y 1x ,Y. (4.3)

b Io1s) = ( .x 'x y 'x 'Y i . (4.4)

We know that the estimator in (4.4) is consistent:

Vf{M°ls) -  B i ) ^ N (  0 ,c7,2plimfT - ( X ' X ) - 1])

where of is the (z, z)-th element of the covariance matrix T. This implies that
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with large enough number of sample observations T, we can approximately 

treat b [o1ŝ as:

B f s)~ N (  Bt , ^ ( X ' X ) - ' ) .  (4.5)
n p x 1 n p x 1

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 ß{°ls\  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 Banbura et al. (2008) to put a modified 

version of 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 n2p 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-



4. Shrinkage Estimation of Vector Autoregressive Models 122

(Inverted)-Wishart distribution, given by:

b |T  ~7V( b , vp 0  (1/A(bvar)) • Q ) and T ~iW ('P,</>),
n2p x l  n x n  n2p x l  n x n  npxnp n x n  n x n

where b is the prior mean value of vector b, A ^ ar) is a scalar parameter 

determining the overall tightness of prior distribution around mean, Q is the 

matrix of parameters determining prior variance of b, 4/ is the prior mean value 

of the covariance matrix 4>, and 0 is the degree of freedom of the inverted- 

Wishart distribution.

We choose parameters of the prior (b, Q, \P, 0) 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 = 0 ( j v n x i ) -  The matrices 4/ and Q are at:

vp =

and

diag
l w - <72 ’ 1* • <rl 2* 2 ’ 2 * P *  ■ o \  ’ ' P *  • & r

(4.6)

where it 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) = 4> 0  ( l /A ^ “̂ ) • Q, respectively.

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

( A \ , A p)'. The variance of prior distribution var(b) =  \P 0  (1 /A ^ar )̂ • Q
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implies:

var[{Ai)ij] =
(1 / \ ( b v a r )) 

ln if i = j,
(1/A(b«ar)) a 2

l” a ? ’ if i ±  h

where (Ai)ij is the (z, j)-th element of the Z-th lag coefficient matrix A i,l = 

l,...,p . This is suggested by Litterman (1986). We can see that \ (bvar) deter­

mines the overall magnitude of prior variance of each coefficient (A i)ij. The 

term ln is added to reflect the declining effects of lagged variables. The ra­

tio (of/<7j) is used to adjust the difference in units of measurement between 

different variables i and j.

The posterior mean tu6uar), which we will use as the Bayesian VAR estimate, 

is obtained from stacking the columns of the matrix B^bvar\  given by:

ßibvar) = (X{b»ar)fi- 1 +  X'X)~l X'Y.

Let B^bvaA be the i-th column of the estimate matrix B (bvar) . The estimator 

of B^bvaA Can be written as:

B ^ ar) = (A(W )Q_1 + X'X)~lX' Yi. (4.7)

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

same as:

B ^ ar) =  (A(fcwar)£ r 1 + X ' X ) - 1(X'X)b \o1s). (4.8)

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

that of the OLS estimate, | | ^ war)|| < ||J5(oiŝ ||.
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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 -rr  ̂ can 

be defined as:

B[rr) = argmin {(X -  X B i) \Y i-  X A(rr)(B 'B ,)} , (4.9)
Bi€RnP  ̂ '

where A ^  > 0 is the ridge parameter that penalizes larger L2 norm of the 

estimate B ^ r\

The ridge regression estimator of B ^  is:

ß[rr) = (A(rr)/  +  X ' X y lX 'Y u (4.10)

or:

ß V r) = (a ( ^ 1 + X 'X ) - l (X 'X )B \ols),

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 ||Hi|| 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<W ) =  argmin { (y  -  X B4) '(y  -  X B t) +  . (4.11)
B iE R nP  ̂ J

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

man prior is the solution of the optimization problem ( f .l l) .

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

- 2 X \Y i -  X B fvar)) +  2A( w ) C r1ß f war) =  0,

(A(6 var)&-l + X ' X ) ^ ^  =  X'Yi,

which yields the estimator of ß f var̂  as in (4.7). ■

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 y ^ + i\t =  B\^' X t+i as the period T A 1 forecast from a regression 

/i given information up to time T, where X t+i — (Yf, ..., Yf_p+1)' be the np x 1 

vector of all endogenous variables from period T — pA  1 to period T. Let X* =  

XVt1̂ 2 be a matrix of scaled independent variables, and X f+1 =  LT^Xt+i be 

the corresponding scaling of the vector X t+i- Our next result says that the 

ridge regression forecast of period T A 1 using X* and X£+i is exactly the 

same as the Bayesian VAR forecast of the period using X  and X t+\-

P roposition  4.2 Provided that = A ^ar ,̂ the Bayesian VAR forecast 

vIt+pt *5 exac V̂ the same as the ridge regression forecast y^T+\\r = ■̂■t+\>

where:

(A(rr)7 + X*'X*)-lX*'Yi.



4. Shrinkage Estimation of Vector Autoregressive Models 127

Proof. The estimator of B ^ *  can be re-written as:

Blrr)* =  ( A (rr)7 +  X ^ X ^ X ^ 'Y i ,

= (n1/2\ {rr)n~ln1/2 + Q1/2x ,xf21/2)~1n1/2x ,yi,

=  q - i/2(a + x ' x y ' x ' Y i ,

= n~ 1' 2 B^ar).

Since we have X£+1 = D1//2AV+i, B -rr *̂ =  H-1/2 implies 2/-r̂ +i|T =

B f var)' h - ^ / 2X T+l = y^Tiir- ■

If the parameter 7r in the matrix Q from (4.6) is set to be 7r =  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 7r = 0 will just produce 

the same forecasts as ridge regression under the standard practice.

However, it is common in application that tt is set at 7r =  1 or tt = 2. See, 

for example, the settings in Robertson and Tallman (1999), Baribura 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(\/(Ji, ..., l / a n; ...; 1/<ti, ..., l/crn) be the standardization matrix, 

and W  = diag(ln, ..., 1*; ...,£>*) be the weight matrix. It is easy to

see that X s — X S  is the matrix of standardized independent variables, and 

IT-1 S'2 is equal to the parameter D of Bayesian VAR. Define the augmented 

ridge regression estimator B^arr  ̂ as the solution of the optimization:

B\arr) = argmin { (Yt -  X , Bi)'(Yi -  X sBt) +  A<arr>(ß'W ßi)} ■ (4-12)
BiER^P  ̂ J
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We have that:

C orollary 1 Given that \(arA = \(bvar)} the augmented ridge regression fore­

cast y^T+\\t  ~  B {iarr)'X f+l is exactly the same as the Bayesian VAR forecast
~(bvar)
^i,T+l|T-

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

ß larr) = (A(arr) W  + X ^ X ^ X ^ i ,

= (sx{arr)ws~2s + sx'xsy'sx'Yi,
= s '“ 1(A(6var)^ _1 +  x ' x y ' x ' Y i ,

_  C<-1 ß { b v a r )

Then, the statement of the corollary follows. ■

Problem (4.12) can also be seen as applying Bayesian VAR with parameter 

Q. — W ~l 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

4.3.1 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 ß f as'sô can be defined as:

B ^ sso) =  argmin { (Yt-  XBJM-  + , (4.13)
A e K np  ̂ J

where =  Y^jL\ Ibji\ denotes the L\ norm of the vector Bi, while bji,j = 

1 ,...,np , is the j-th  element of the vector B{. The estimate B ^assô  sets some 

coefficients at zeros, creating a parsimonious model. Unfortunately, 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:

B f‘“o) =  argmin(y; -  X B ^ ^  -  X B {), (4.14)
Bi£Knp

subject to \B\i < Qdasso)?

where Qdass°) is a scalar governing the size of the L\ norm of the LASSO 

estimate B ^asso\  These two definitions are equivalent; that is, for a given 

ytiasso)  ̂ q <  (̂lasso) < ^ ^  there exists a 0(Zasso) such 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 Lx norm of B^asso) 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 

g(iasso) scqves necessary condition:

2X'(Yi -  X B llasso)) =  \( lasso)E(lasso), (4.15)

where ~J(lassô  =  (£ i,..., £npY is of the following form: £j = 1 if frfias5°) > Q,
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& = - 1  if b^asso) < 0, and ty e  [-1,1] if b^asso) = 0; while b«asso) is the j-th  

element of the LASSO estimate ß b asso\  Observe that according to (4.15), if 

X 3 and Xk are the j-th  and k-th variables in the matrix X  (the j-th  and k-th 

columns) with 6^asso\  ^  0, we have:

\X'{Yi -  X B ? asso))I =  IX'k(Yi -  X B l lasso))I =  |A(Zasso)/2|. (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 Yit̂  be the current forecast of Y; according to the active set 

A, and Cj =  XBYi — be the inner product between the j-th  variable Xj 

and the current forecast error. Starting from an empty active set A  = 0 , the 

variable that possesses the highest absolute value |cj| will be added into the 

active set A  first. After that, LARS generates forecast in the direction that 

equates \dj\ of variables j  in the active set to the absolute value \dk\ of the 

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

the same value of \dj\.

The LARS-LASSO algorithm is a modification of LARS that uses the con­

dition (4.15) in determining the signs of the nonzero estimated coefficients. 

Accordingly, we have:

sign(X'(Yi -  X B ?asso))) = sign(6<fs'>)), (4.17)

for any nonzero estimate 6^“ss0̂ ^  0, and a positive penalty Mtasso) > 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 

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 can

be defined as:

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

many empirical examinations. The elastic net estimate ß \en̂  is therefore de-
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fined as:

B (en) (1 +  A <“ >)£<” »>. (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 

empirical studies. These also include the cases when LASSO dominates ridge 

regression. This finding may not be surprising, however, if we allow the param­

eter 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:

(1 + A<en)) - ‘/2
/

and S

Next, let B f  = (1 +  X ^ Y ^ B i  be an artificial vector of coefficients, and B f  

be the solution of the problem:

B t  =  argmin {(y,+ -  X +B t)'{Y ?  -  X +B+) + Älß+I,} . (4.20)
B+eR«p

Straightforward calculation shows that the naive elastic net estimate is =

(1 +  \ {'n)) - l/2B+. Hence, the elastic net estimate B[en̂  can be written as:

B\en) = (i +  x{Yn)Y ,2B t-  (4-21)

Solving for BY from the problem (4.20) is exactly the same as solving for the
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LASSO estimate B-lassô  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 the 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 B-mnen  ̂ as the solution of the 

optimization problem:

B (m n en ) argmm
AeRT,p

(Yi -  XBiYiYi -  XBi)
+  A (m en) | ^ _ i / 2 ^ | i +

> , (4.22)

and define the modified elastic net estimate R-men' as:

B lmen) = (1 + Âmen)) ^ mnen). (4.23)

Note that if we have Â77167̂  =  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 Yl1̂ 2 be the matrix of scaled 

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

(2005), define:
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and

x (men)

6 =  , 1
v 'l + A<men)

Construct another artificial vector of coefficients B f + = (1 +  ̂ men))i/2Q-i/2j£^ 

Then, proposition 4.3 follows:

P roposition  4.3 Let B f + be the solution of the problem:

B++ = argmin {(Y++ -  X ++S t++)'(T++ -  X++B++) +  ö ^ h }  .
B f + eRnp

The modified elastic net estimate is given by:

g ( m e n )  =  ^  +  ^ m en)^  1 /2q 1/2 £ + +

Proof. Substitute B f + =  ( 1 + A i n t o  the optimization problem 

and multiply the matrices. The problem will turn into problem (4.22). Hence, 

the modified naive elastic net estimate is ^ |mnen) =  (1 T /\(men)) -1/2Q1/2.B++ 

and the modified elastic net estimate as stated in the proposition. ■ 

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



4. Shrinkage Estimation of Vector Autoregressive Models 135

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 Yt = (yu, y2t, Vu)', t = 1 , 1 2 5 3  to 

denote our simulated series. We apply all the methods explained in previous 

sections to each simulated data set. We consider 4 forecast horizons, h G
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{1,3,6,12}, and 3 decay rates of effects of lags, n € {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.

t , obtained from the regression p with the decay rate of lags 7r. The one-step 

ahead forecast is computed from:

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

Let y^h\r ~  (i/w+hiT ••• ^3Mt+/i|t)/ denote the h-steps ahead forecast from period

V>(/x,7r)/ _  y '  d (m>70 
r T+l|r — A r+1D

according to:

y ( w ) '
1 T + h — l | r ’

y-(/l,7I-)/ y / y / \/
•*> •rr+l|r ’ 1 t» •"> 1 T + h —p )  ’

using the forecasts Yr1 T+h — 1|t ’ ■•>Yt+i \t and the observations VT, ..^YT+h^p. The
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point estimate of the h-steps forecast, then, is computed from:

1 r+h\r t +/ i |t

We use yT(̂ | T to denote the h-steps ahead forecast from the benchmark unre­

stricted OLS VAR.

The observations from t = 254 to t = 1253 (1,000 observations) are used as 

our evaluation period. Let tq =  254 and T\ — 1253 denote the first and the 

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

forecasts in each period r  =  r0 —h , ..., T\ — h (1,000 times), using the most

recent 120 observations (Rolling scheme, 120 observations). That is we start 

by using the observations from t = To — h — 120 to t = Tq — h to estimate the 

regression /a and construct the forecast Y ^ ’*J_h. Next, we use the observations 

from t =  To — h — 119 to £ =  t0 — h + 1 to again estimate the regression /i 

and construct the forecast VrT̂ j T0_ft+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 /i with parameter 

7T and forecast horizon h, we have:

M S F E ^  = -r ~ \  + i E (»*-*-«SSV)’.
T=TQ—h

where i indexes the variable of interest, and y^+h\t f°recast f°r the

i variable, which can be taken from the vector Y ^ ^ T. 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:

R M S F E ^ n)
M SF E .^,7r) 

MSFE<°>'

A number smaller than one for R M S F E [ ^  implies that the regression /i with 

parameter 7r performs better than the unrestricted OLS VAR.

The parameters A ^ of a regression /i are chosen from out-of-sample perfor­

mance in the test period. This test period covers the observations from t = 134 

to t = 253 (120 observations). For the Bayesian VAR, we select the parameter 

\(bvar) minimizes the sum of R M S F E \ ^  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 \d ass°) 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(Zass°l =  \B^ass°'> \ x j\ B^>ls\  \ ̂  and fix it in onr evaluation period instead. 

This means we set Qdass°) — date. We set up a grid of 90

values, ranging from 0.01 to 0.90, to search for the ratio s(iasso) that minimizes 

the sum of R M S F E \ ^  of all 3 endogenous variables in the test period.

Similar to the modified LASSO, we cannot directly choose the parameters 

y[men) an(£ (̂mnen) instead choose and fix the ratios = \B[k^\i/\Bl°ls^\i, 

k = men, mnen. In searching for the pairs of parameters (s(mnen)) ^(mnen)̂  and 

( s (m en) ^b™ e n ) )  £o r  o u r  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\  k = m en, m nen , ranging from 0.10 to 0.90, and another set of 20 values of 

A(fc), 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^lassô  first, and select the 

parameter \ (bvar) 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):

Yt = B {sl)'X t +  Uu where Ut ~  i.i.d. N {0, (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 B^sl\  and the estimated covariance matrix as 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 R M S F E \ ^  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 R M S F E \ß̂ \  For each 

regression and each forecast horizon h , the bold-faced numbers indicate the 

smallest sum of R M S F E across the decay rates i t . That is, for example,
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T a b le  4.1: P a r a m e te rs  from  grid  sea rch es , S im u la tio n  1
B V A R L A S S O L A S S O + B V A R M N E N

^ ( b v a r ) su m s ( la s s o ) su m
s U a s s o )  

\ ( b v a r ) su m
g ( m n e n )

. ( m n e n ) 
A2

su m

h  =  1 156.25 2.299 0.20 2.185 0 . 20 , 118.15 2.284 0 . 22 , 0.10 2.185
7T —  0 h =  3 287.27 2.249 0 .2 0 2 .192 0 . 20 , 173.13 2.234 0 .3 8 ,  1 .00 2 .192

h =  6 3 6 9 .8 2 2 .349 0 .21 2 .280 0 .2 1 ,  177 .78 2 .3 1 7 0 .2 2 ,  0 .05 2 .280
h =  12 5 1 6 .5 3 2 .656 0 .1 6 2 .559 0 .1 6 ,  198 .37 2 .611 0 .1 8 ,  0 .1 0 2 .559
h  =  1 3 9 .0 6 2 .220 0 .1 9 2 .165 0 .19 ,  27 .41 2 .1 9 5 0 .1 8 ,  0 .001 2 .166

7T =  1 h  =  3 4 5 .6 5 2 .246 0.21 2.196 0 .2 1 ,  2 9 .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 2.198 0 . 17 , 10.61 2.222 0 . 14 , 0.001 2.199

7T —  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 n =  1 yields the smallest RMSFE 

for the forecast horizons h =  1,3, and the decay rate n  =  0 for the horizons 

h =  6 ,1 2 .

One interesting feature of Table 4.1 is that given a forecast horizon h, when the 

decay rate of lags n  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 VA.R 

A ^ar) are at 156.25, 39.06, and 11.81, when the decay rate 7r 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-t-BVAR), and the modified 

naive elastic net (MNEN), we also report the average numbers of variables 

selected during the evaluation period (1,000 estimations). These numbers are 

reported in the column named “no. var”. The bold-faced numbers in each 

column are those that on average perform best across the values of the decay 

rate 7r for each forecast horizon h.



4. Shrinkage Estimation of Vector Autoregressive Models 141

T able 4.2: R M SFE s of different regressions, S im ulation  1
7T — 0 V A R + B IC B V A R L A S S O L A S S O + B V A R M N E N

RM SFE R M SFE RM SFE no. var R M SF E no. var R M SFE 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
v arl 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
var3 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
v arl 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 .8 4 7 0.844 0.849 0.844
v arl 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 .8 7 0 0.861 0.865 0.861
7T =  1 V A R + B IC B V A R L A S S O L A S S O + B V A R M N E N

RM SFE R M SFE RM SFE no. var R M SF E no. var R M SFE no. var
v a rl 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
var3 1.004 0.865 0.825 11.66 0.849 11.66 0.829 11.10

average 0.926 0 .8 2 1 0 .8 0 9 0 .8 1 9 0 .8 1 1
v arl 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
var3 1.016 0.865 0.831 12.71 0.854 12.71 0.831 12.71

average 0.932 0 .8 3 3 0 .8 2 1 0 .8 2 7 0 .8 2 1
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 .8 4 3 0.840
v a r l 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 .8 6 3 0 .8 5 7

7T =  2 V A R + B I C B V A R L A S S O L A S S O + B V A R M N E N
R M SFE R M SFE RM SFE no. var R M SF E no. var R M SFE no. var

v a r l 0.838 0.746 0.752 15.71 0.745 15.71 0.744 13.77
/i =  l 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

v arl 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

v arl 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 .8 3 6 0.850 0 .8 3 5

v a r l 0.822 0.830 0.836 15.11 0.830 15.11 0.839 16.34
h = 1 2 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 .8 5 6 0.871 0.857
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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 7r 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 among 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 

7T = 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 estimated coefficients from the unrestricted OLS VAR on the whole 

data set, without setting any coefficients to zero. The resulted matrix of 

estimated coefficients B ^  and 4/(s2) will replace and in (4.24).

The matrix B^sT) and are also shown in Appendix F. All the elements in 

the matrix B^sT> have their absolute values between 0.002 and 0.53. To make
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Table 4.3: P a ra m e te rs  from  g rid  sea rch e s, S im u la tio n  2
B V A R L A SSO L A S S O + B V A R M N E N

\ ( bvar) s u m s (lasso) s u m
s (lasso)

\(bvar) s u m
s (mnen)

» (mnen) 
A2

s u m

h =  1 120.76 2.404 0.28 2.412 0.28, 126.25 2.443 0.42, 0.50 2.411
7T =  0 h  =  3 192.90 2.357 0.25 2.378 0 .2 5 , 1 6 8 .6 6 2 .3 7 6 0.50, 1 2.377

h  =  6 2 6 8 .7 4 2 .322 0 .16 2 .315 0.16, 216.26 2.375 0 .1 8 , 0 .1 0 2 .315
h  =  12 3 5 6 .0 0 2 .573 0 .15 2 .502 0 .1 5 , 2 2 9 .5 7 2 .5 6 8 0 .2 2 , 0 .5 0 2 .503
h  =  1 2 7 .9 9 2 .342 0 .23 2 .359 0 .2 3 , 3 0 .8 6 2 .3 6 9 0 .4 6 , 1 2 .358

7T — 1 h =  3 3 0 .1 9 2 .355 0 .20 2 .370 0.20, 32.28 2.380 0 .4 2 , 1 2 .3 7 0
/i =  6 42.72 2.339 0.13 2.318 0 .1 3 , 3 1 .9 2 2 .3 5 9 0.14, 0.01 2.318

II-e 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

7T =  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 R M SF E [^,7r- in the test period. Observe 

that we still get the parameter(s) that offsets the difference in decay rate 7r. 

The bold-faced numbers indicate the smallest sum of R M S F E \ ^  across the 

decay rates tt 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 simulation 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 can be said that the 

performances of these three are the same for any given forecast horizon h.

4.4.3 Simulation 3

The data set is generated according to a VARMA(1,1) model, given by:

Yt =  ß (s3)yt_! + Ut + e (s3)C/t_i, Ut ~  i.i.d. N (0, T (s3)), (4.25)
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T able 4.4: R M SF E s of different regressions, S im ulation  2
7T — 0 V A R + B IC BVA R LASSO L A S SO +B V A R M NEN

RM SFE RM SFE RM SFE no. var RM SFE no. var RM SFE no. var
v a rl 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
v arl 0.929 0.857 0.839 14.03 0.864 14.03 0.839 14.11

COli
-£ 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

v arl 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

v arl 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

7T =  1 V A R + B IC B V A R LASSO L A S SO +B V A R M NEN
RM SFE RM SFE RM SFE no. var RM SFE no. var RM SFE no. var

v a r l 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

var3 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

v arl 0.929 0.812 0.813 14.04 0.812 14.04 0.811 15.15
/i =  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
/i =  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 0.867 0.886 0.880 0.882

v arl 0.832 0.837 0.834 10.79 0.836 10.79 0.833 10.12
/i =  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

7T =  2 V A R + B IC BVA R LASSO L A S SO +B V A R M NEN
RM SFE RM SFE RM SFE no. var RM SFE no. var RM SFE no. var

v arl 0.872 0.781 0.789 14.81 0.786 14.81 0.788 14.18
/i =  l 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

v arl 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

v a r l 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

v a r l 0.832 0.834 0.842 13.52 0.835 13.52 0.842 14.19
/ i =  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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T a b le  4.5:  P a ra m eters  from  grid  sea rch es , S im u la tio n  3
B V A R L A S S O L A S S O + B V A R M N E N

^(bvar) sum s ( l a s s o ) sum
s ( l a s s o )  

\ (*> v a r ) sum
s ( m n e n )

,(mnen)
A2

sum
h = 1 2.85 2.630 0.38 2.362 0 .38 , 3.12 2.588 0 . 38 , 0.001 2.362

7T =  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

7T — 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 =  12 106 2.195 0.01 2.195 0 . 01 , 78.31 2.162 0 . 42 , 50 2.195
h = 1 1 .8 0 2 . 1 6 4 0 .1 0 2 . 1 5 8 0 . 1 0 ,  1 . 9 5 2 . 1 6 3 0 . 2 2 ,  1 2 . 1 4 7

7T =  2 h = 3 9 . 4 7 2 . 0 9 8 0 . 0 7 2 . 2 2 9 0 . 0 7 ,  9 .4 1 2 . 0 7 6 0 . 8 6 ,  10 2 . 0 9 2
h = 6 3 4 . 2 0 2 . 1 7 2 0 . 0 3 2 . 2 9 5 0 . 0 3 ,  4 0 . 5 7 2 . 1 9 0 0 . 8 2 ,  1 0 2 . 1 9 4
h = 12 1 0 6 2 . 1 9 5 0 .0 1 2 . 1 9 5 0 . 0 1 ,  6 6 . 1 0 2 . 1 5 6 0 . 6 2 ,  3 0 2 .1 9 1

where the matrices B 0^s3\  and \[ds3) 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 tt 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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T able 4.6: R M SFE s of different regressions, S im ulation  3
7T =  0 V A R + B IC B V A R L A SSO L A S S O + B V A R M N E N

RM SFE RM SFE RM SFE no. var RM SFE no. var RM SFE 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
var3 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  =  1 2 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
7T —  1 V A R + B I C B V A R L A S S O L A S S O + B V A R M N E N

RM SFE RM SFE RM SFE no. var RM SFE no. var RM SFE no. var
varl 0.704 0.822 0.857 8 . 6 6 0.793 8 . 6 6 0.858 8.80

/ i  =  l 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

/i =  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
var3 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 = 1 2 var2 0.845 0.846 0.846 3.43 0.847 3.43 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 .8 3 9 0.800 0 .8 3 9
7T =  2 V A R + B I C B V A R L A SSO L A S S O + B V A R M N E N

RM SFE RM SFE RM SFE no. var RM SFE no. var RM SFE no. var
varl 0.704 0.766 0.752 10.17 0.755 10.17 0.746 17.25

/i =  l 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 .7 6 4 0 .7 4 9 0 .7 5 5
varl 0.687 0.730 0.794 3.70 0.719 3.70 0.743 11.38

/i =  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 .7 7 5 0 .7 1 5 0 .7 3 0
varl 0.706 0.747 0.895 1.48 0.767 1.48 0.776 9.07

h =  6 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 .8 3 2 0 .7 5 0 0 .7 6 8
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 .7 9 8 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, the decay rate n 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 (A1NF), 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, A1NF is calculated from AIN F t = 

100 x {log(CPIt/C P I t- i 2 ) — log(C P/i_ i/C P /t_i3)}, and AFFR is a monthly 

change.

Similar to the previous section, we consider 4 forecast horizons, h G {1, 3,6,12}.
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T able 4.7: Param eters from grid searches, 3 variables, te s t  period  1971-
1980

B V A R L A S S O L A S S O + B V A R M N E N

j ^(b var) sum s ( la s s o ) sum
s ( la s s o )

\(bvar) sum
c(mnen) d » 
^(mnen) sum

h =  1 173.13 1.943 0 .2 5 2 .0 0 5 0 .2 5 ,1 1 5 .6 0 1 .948 0 .5 0 , 1 2 .0 0 4
7T =  0 h =  3 216 .26 2.062 0.23 2.880 0 .2 3 , 1 5 2 .4 2 2 .0 5 9 0 .4 6 , 1 2 .0 8 8

h =  6 318 .8 8 2.021 0 .2 0 1 .9 6 9 0 .2 0 , 1 5 6 .2 5 1 .9 9 0 0 .2 2 , 0 .1 1 .969
h =  12 108 .51 2 .700 0 .2 6 2 .7 3 9 0 .2 6 , 1 3 2 .1 2 2 .7 2 4 0 .5 4 , 1 2 .7 3 8
h =  1 53 .28 1.940 0.21 2.014 0.21, 35.86 1.965 0.42, 1 2.009

7T =  1 h =  3 38.10 2.069 0 .1 7 2 .1 1 3 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 =  \2 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

7T =  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 =  \2 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 tq and T\ denote the 

positions of the first and the last observations in each period. We produce the 

forecasts in each time r = tq — h, ...,Ti — h using the most recent 10

years of sample observations up to time r  (Rolling scheme, 120 observations).

Table 4.7 reports the parameter(s) of each regression /r from grid search, as well 

as its associated sum of R M S F E [ ^  of the 3 endogenous variables i during 

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 performances 

across the decay rates ir 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 most of the cases, the decay rate n = 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: R M SF E s of different regressions, 3 variables, eva lu ation  period
1981-2003

V A R
+ B I C

B V A R L A SSO L A S S O  +  B V A R M N E N

RMSFE RMSFE RMSFE no. var RMSFE no. var RMSFE no. var
AEM PL 0.889 0 .7 7 8 0.788 11.37 0.771 11.37 0.787 11.47

h =  1 AFFR 0.403 0 .4 0 9 0.462 16.00 0.476 16.00 0.462 16.07
AINF 0.830 0 .7 4 3 0.681 11.72 0.712 11.72 0.681 11.79

average 0.707 0 .6 4 3 0.644 0.653 0.643
AEM PL 0.852 0.862 0 .8 2 5 10.69 0.880 10.15 0.827 10.23

h =  S A FFR 0.523 0.616 0 .5 8 9 13.79 0.639 14.93 0.637 15.01
AINF 0.791 0.696 0 .6 5 2 9.19 0.667 10.75 0.642 10.83

average 0.722 0.725 0 .6 8 9 0.729 0.702
AEM PL 0.893 0.870 0 .8 4 7 7.85 0.888 7.85 0.907 3.45

h =  6 AFFR 0.473 0.524 0 .5 4 7 13.45 0.549 13.45 0.487 7.94
AINF 0.889 0.779 0 .7 4 0 9.27 0.760 9.27 0.804 5.11

average 0.752 0.724 0 .711 0.732 0.733
AEM PL 0.795 0.804 0 .7 7 0 11.99 0.770 11.99 0.772 12.77

h =  12 AFFR 0.397 0.490 0 .4 4 4 16.43 0.451 16.43 0.448 17.01
AINF 0.692 0.677 0 .6 1 3 12.32 0.651 12.32 0.617 12.94

average 0.628 0.657 0 .6 0 9 0.624 0.612

Using the appropriate parameter(s) reported 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 7r, we choose only one value according to the information in Table 4.7. 

That is, we choose a value of ir for each regression /i in each forecast horizon h 

that makes the regression perform 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 the Bayesian VAR is about 1 to 4 percent. For the horizon h = 1, it can 

be said that the performance of LASSO is at the same level 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 average 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 rr = 1, and (ii) the forecast horizon h = 12 (One-year ahead) and 

the decay rate tt = 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 AE M P L  12-periods 

ahead, the second lag of A E M P L  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



4. Shrinkage Estimation of Vector Autoregressive Models 151

Table 4.9: P rop ortion  o f each variables se lec ted  by th e  LASSO

(i) 7T — 1 and h =  3
L A G S A E M P L A F F R A I N F

A E M P L A F F R A I N F A E M P L A F F R A I N F A E M P L A F F R A I N F
1 92.4% 25.7% 50.4% 98.6% 100.0% 42.8% 71.7% 89.9% 100.0%

2
(3)

100.0% 43.8%
(8)

78.6%
(2)

44.2%
(1)

81.9% 59.4%
(6 )

86.6%
(3)

79.3%
(1)

52.5%

3
(1)

100.0% 50.7%
(4)

18.5% 51.4%
(3)

71.7%
(6)

27.5%
(4 )

21.0%
(5 )

4.0%
(7)

31.5%

4
(1)

65.6%
(7)

18.1% 51.1%
(1 0 )
2.5%

(5)
73.9% 52.5% 4.7% 12.0% 10.5%

5
(5)

19.2% 13.8%
(6)

43.1% 40.9%
(4 )

17.8%
(9)

26.8% 5.4% 8.0% 37.7%

6 17.4% 6.9% 43.5% 37.0% 19.9% 12.3% 6.9% 4.3%
(10)
1.4%

7 14.1% 6.9% 7.2% 29.0% 55.1% 50.4% 4.3% 0.0% 0.0%

8 26.1% 7.6% 45.7% 12.7%
(7 )

42.4% 41.3% 40.9% 14.1% 0.0%

9 2.2% 16.7%
(1 0 )
0.0% 34.1% 54.7% 25.7%

(9)
17.0% 0.0% 47.8%

10 0.0% 0.0% 8.7% 22.8%
(8)

16.3% 2.9% 12.0% 2.9%
(8)

21.4%

11 9.1% 17.8% 7.2% 5.4% 42.8% 8.3% 0.0% 4.7% 13.8%

12 5.8% 1.4% 0.0% 11.6% 7.6% 2.2% 5.4% 1.1% 100.0%

13 0.7% 48.9% 0.4% 11.2% 22.5% 13.8% 0.0% 2.9%
(1)

0.0%
(9)

(ii) 7T =  0 and h = 12
L A G S A E M P L A  F F R A I N F

A E M P L A F F R A I N F A E M P L A F F R A I N F A E M P L A F F R A I N F
1 87.0% 1.8% 12.7% 93.8% 100.0% 25.4% 57.6% 47.1% 84.4%

(3 ) (2) (1) (7 ) (2)
2 100.0% 15.2% 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% 6.2% 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 ) (6) (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%
(1 0 )

7 19.2% 7.2% 12.3% 34.8% 64.1% 54.3% 7.6% 11.2% 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%
(1 0 ) (1 0 ) (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% 15.2% 58.3% 13.8% 17.8% 23.9% 20.7%

12 12.3% 26.1% 1.1% 64.5% 42.8% 9.8% 18.5% 25.7% 100.0%
(7) (1)

13 29.7% 79.3% 5.1% 36.2% 72.5% 38.4% 0.0% 26.4% 31.9%
(4 ) (3 )
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to reflect seasonal and computational effects. For example, the 12-th lag of 

A I NF,  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 circumstances, 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 preferable. The extension of the LASSO or some 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

LARS
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The method of legist 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 variable, 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 space 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 y/ 0̂ =  0. Suppose 

y/ 9-1  ̂ is the current estimate, compute the vector of inner products:

c =  X'(Yi -

with Cj be the ’̂-element of this vector c. Let A = { j  : |cj| =  C} be the 

set of indices of selected variables, where C =  maxj \dj\. We use Sj =  sign(cj) 

to represent the sign of the inner product Cj, and dehne the matrix of active 

variables corresponding to A  as:

XA —  (sjXj)jeA.

Let aA =  {VA{X'AX A) x1^) 1/2 be a scalar, where 1^ is a vector of ones of 

length equaling the number of elements in A. We construct the unit equian-
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gular vector with columns of the matrix X A as:

u a  =

where wA =  aA(X'AX A) l \ A is a vector of weights. Observe that:

X a ua = a Al A, (E.l)

which implies that aA is the equal magnitude of inner product between each 

variable in the active matrix X A and the unit vector uA.

Define the vector of inner products between variables in X  and uA as:

a =  X'uA,

with cij be the j-th  element of the vector a. LARS updates the forecast ac­

cording to:

V A "  + (E.2)

with:

7 min+
j e A c

(  C — Cj C +  dj
l OiA  — CLj OiA  +  d j

(E.3)

where the minimization considers positive components only, and A c is the 

complement of the set A.

Equation (E.3) implies that the length 7 applied to the unit vector uA 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 7 > 0, define:

Yi( 7) =  7 ’"1) + 7 UA. (E.4)

Then, the next step inner product between a variable Xj  and (T* — 4* (7)) 

becomes:

Cjin ) = X'̂Yi-  Yt{7)) =  cj -  (E.5)

For any previously selected variable j  G A , the definition of the set A  and 

(E.l) yield:

\Cj(l)\ = C ~  (E.6)

For one of the variables not been selected yet j  G A c, the scalar 7  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 (6^SS0)) =  sign(cj) =  (E.7)

where fr̂ asso) is the j -th element of the estimate ß (lass°'>. 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 q-th step of LARS, while the estimate 

from the (q—l)-th step still satisfies the condition (E.7). Let Y}9 ^ =  XB[q 

and ^ be the j-th  element of the vector B^q~l\  According to (E.4), b̂ q ^ 

is equal to +  7SjW^j for j  G A , where is the corresponding element
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in the vector w^, and equal to 0 for j  6 A c.

From (E.4), we can see that:

£ (7 ) =  XBi(7), where 6^(7) =  ^ !_1) +  lSjWA j , for j  G A

The coefficient 6^(7) will change sign at:

7j =  /{SjWAj),

and the first such change occurs at:

j  = min+{7j},
JEA

where the minimization considers only positive components. Define a scalar 7 

as:

7
7j, if there exists 7j- > 0, 

+00, otherwise.

For any 7 > 7, the condition (E.7) is violated, because 6^(7) has switched 

signs, while c- has not.

The LARS-LASSO Modification is: if 7 > 7, apply 7 =  7 in the ongoing LARS 

step, and remove j  from the calculation of the next equiangular direction. That 

is:

yW =  y /» -1» +  7U4, and X (,) =  -  {j}. (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).



Appendix F
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B (sl)  =  
( 3 9 x 3 )

0.197 0.541 0 0.180 0.529 0.096

0 0.334 0.062 0.013 0.309 0.052

0 0 0.278 0.053 0.080 0.247

0.305 0.266 0.151 0.275 0.291 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 0.216 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 0.050 - 0.016 - 0.063 0.051

0 0 0 - 0.022 0.066 0.069

0 0 0 - 0.006 - 0.165 - 0.100

0 0 0 - 0.019 - 0.010 0.003

0 0 0 - 0.015 0.063 0.006

0 0 0 - 0.031 0.101 - 0.109

0 - 0.214 0 B (s2) =
( 3 9 x 3 )

- 0.019 - 0.235 0.019

0 0.215 0.090 0.033 0.165 0.089

0 0 0 0.025 0.109 0.030

0 0.112 0.055 - 0.027 0.077 0.054

0 0 0 0.044 0.102 - 0.008

0 0.291 0 0.078 0.359 0.028

0 0.086 0 - 0.024 0.083 - 0.030

0 0 0.105 - 0.025 0.088 0.082

0 0 0 - 0.039 - 0.030 0.091

0 0 0 - 0.003 - 0.068 0.034

0 0 0 - 0.013 0.036 0.074

0 0 0 0.015 - 0.241 0.013

0 - 0.124 0 - 0.048 - 0.089 - 0.033

0 0 0.160 0.030 0.021 0.129

0 - 0.373 0 - 0.026 - 0.402 - 0.003

0 0 0.046 0.031 - 0.075 0.051

0 0 - 0.465 - 0.024 0.007 - 0.469

0 0 0 - 0.002 0.093 0.018

0 0.160 0 - 0.040 0.156 - 0.035

0 0 0.091 0.049 0.104 0.073
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0.039 0.011 - 0.001 0.037 0.011 - 0.001

* ( s l > = 0.011 0.245 0.008 0.011 0.233 0.008

- 0.001 0.008 0.064 - 0.001 0.008 0.061

1.043 0.053 - 0.280 - 0.806 - 0.039 0.308

£ } ( s 3 ) - 1.297 0.111 - 1.162 e ( s 3)  =
- 0.788 0.271 1.234

0.122 0.167 0.534 - 0.163 - 0.102 - 0.388

0.036 0.013  0.000 

0.013  0.274  0.011

0.000  0.011 0.081



Chapter 5

Conclusion
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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-sample 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 predicting 

Australian recessions in the future. Our re-sampling assessment confirms the 

usual out-of-sample assessment for the findings that financial variables 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 test 

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 

Bahbura 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 Bahbura 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 outper­

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.



References

Alles, L. (1995). The Australian term structure as a predictor of real economic 
activity. Australian Economic Review 28(4), 71-85.

Anderson, H. M. and F. Vahid (2001). Predicting the probability of a reces­
sion with nonlinear autoregressive leading-indicator models. Macroeconomic 
Dynamics 5, 482-505.

Ang, A., M. Piazzesi, and M. Wei (2006). What does the yield curve tell us 
about GDP growth? Journal of Econometrics 131, 359-403.

Bai, J. and S. Ng (2002, January). Determining the number of factors in 
approximate factor models. Econometrica 70(1), 191-221.

Bai, J. and S. Ng (2008). Forecasting economic time series using targeted 
predictors. Journal of Econometrics 1J6, 304-317.

Baribura, M., D. Giannone, and L. Reichlin (2008, November). Large Bayesian 
VARs. Working Paper Series 966, European Central Bank.

Bates, J. M. and C. W. Granger (1969). The combination of forecasts. Oper­
ations Research Quarterly 20, 451-68.

Bernanke, B., J. Boivin, and P. S. Eliasz (2005, January). Measuring the effects 
of monetary policy: A factor-augmented vector autoregressive (FAVAR) ap­
proach. The Quarterly Journal of Economics 120(1), 387-422.

Bernanke, B. S. and J. Boivin (2003, April). Monetary policy in a data-rich 
environment. Journal of Monetary Economics 50(3), 525-546.

Bernard, H. and S. Gerlach (1998, July). Does the term structure predict 
recessions? The international evidence. International Journal of Finance & 
Economics 3(3), 195-215.

Birchenhall, C. R., H. Jessen, D. R. Osborn, and P. Simpson (1999, July). 
Predicting U.S. business-cycle regimes. Journal of Business & Economic 
Statistics 17(3), 313-23.

Birchenhall, C. R., D. R. Osborn, and M. Sensier (2001, May). Predicting UK 
business cycle regimes. Scottish Journal of Political Economy f8 (2), 179-95.



REFERENCES 169

Boivin, J. and S. Ng (2006). Are more data always better for factor analysis? 
Journal of Econometrics 132, 169-194.

Box, G. E. and G. M. Jenkins (1970). Time series analysis: Forecasting and 
control. San Francisco, Holden-Day.

Burns, A. F. and W. C. Mitchell (1946). Measuring Business Cycles. New 
York: National Bureau of Economic Research.

Burr, T. L. and H. A. Fry (2005, August). Biased regression: The case for 
cautious application. Technometrics ^7(3), 284-296.

Chauvet, M. and S. Potter (2002). Predicting a recession: Evidence from 
the yield curve in the presence of structural breaks. Economics Letters 77, 
245-253.

Chauvet, M. and S. Potter (2005). Forecasting recessions using the yield curve. 
Journal of Forecasting 24, 77-103.

Christiano, L. J., M. Eichenbaum, and C. L. Evans (1999). Monetary policy 
shocks: What have we learned and to what end? In J. B. Taylor and 
M. Woodford (Eds.), Handbook of Macroeconomics, Volume 1, Chapter 2, 
pp. 65-148. Elsevier.

Ciccarelli, M. and A. Rebucci (2003). Bayesian VARs: A survey of the re­
cent literature with an application to the European monetary system. IMF 
Working Paper WP/03/102, International Monetary Fund.

Cooper, R. L. (1972, Winter). The predictive performance of quarterly econo­
metric models of the United States. In Econometric Models of Cyclical 
Behavior, Vols. 1 and 2, NBER Chapters, pp. 813-948. National Bureau of 
Economic Research, Inc.

D’Agostino, A. and D. Giannone (2007, November). Comparing alternative 
predictors based on large-panel factor models. CEPR Discussion Papers 
6564, C.E.P.R. Discussion Papers.

De Mol, C., D. Giannone, and L. Reichlin (2008). Forecasting using a large 
number of predictors: Is Bayesian shrinkage a valid alternative to principal 
components? Journal of Econometrics 146, 318-328.

Diebold, F. X. (1998, Spring). The past, present, and future of macroeconomic 
forecasting. Journal of Economic Perspective 12(2), 175-192.

Diebold, F. X. and G. D. Rudebusch (1989, July). Scoring the leading indica­
tors. Journal of Business 62(3), 369-91.

Doan, T., R. Litterman, and C. Sims (1986). Forecasting and conditional 
projection using realistic prior distributions. Research Department Staff 
Report 93, Federal Reserve Bank of Minneapolis.



REFERENCES 170

Dotsey, M. (1998). The predictive content of the interest rate term spread for 
future economic growth. Economic Quarterly 84 (3), 31-51. Federal Reserve 
Bank of Richmond.

Dueker, M. (1997). Strengthening the case for the yield curve as a predictor of 
U.S. recessions. Federal Reserve Bank of St. Louise Review (Mar), 41-51.

Dueker, M. (2005, January). Dynamic forecasts of qualitative variables: A 
Qual VAR model of U.S. recessions. Journal of Business & Economic Statis­
tics 23, 96-104.

Dueker, M. J. and K. Wesche (2005). Forecasting macro variables with a Qual 
VAR business cycle turning point index. Technical report.

Efron, B., T. Hastie, I. Johnstone, and R. Tibshirani (2004, April). Least angle 
regression. Annals of Statistics 32(2), 407-451.

Elliott, G. and A. Timmermann (2004, September). Optimal forecast combi­
nations under general loss functions and forecast error distributions. Journal 
of Econometrics 122(1), 47-79.

Engle, R. F. and C. W. J. Granger (1987, March). Co-integration and error 
correction: Representation, estimation, and testing. Econometrica 55(2), 
251-76.

Estrella, A. (1998). A new measure of fit for equations with dichotomous 
dependent variables. Journal of Business and Economic Statistics 16(2), 
198-205.

Estrella, A. and G. A. Hardouvelis (1991, June). The term structure as a 
predictor of real economic activity. Journal of Finance 46(2), 555-76.

Estrella, A. and F. Mishkin (1998). Predicting U.S. recessions: Financial vari­
ables as leading indicators. The Review of Economics and Statistics 80(1), 
45-61.

Estrella, A. and F. S. Mishkin (1997, July). The predictive power of the term 
structure of interest rates in Europe and the United States: Implications for 
the European Central Bank. European Economic Review 41 (7), 1375-1401.

Estrella, A. and A. P. Rodrigues (1998). Consistent covariance matrix estima­
tion in probit models with autocorrelated errors. Working Paper, Federal 
Reserve Bank of New York.

Estrella, A., A. P. Rodrigues, and S. Schich (2003). How stable is the predictive 
power of the yield curve? Evidence from Germany and the United States. 
The Review of Economics and Statistics 85(3), 629-644.

Fisher, C. and B. Felmingham (1998). The Australian yield curve as a leading 
indicator for consumption growth. Applied Financial Economics 8, 627-635.



REFERENCES 171

Forni, M., M. Hallin, M. Lippi, and L. Reichlin (2000, November). The gener­
alized dynamic-factor model: Identification and estimation. The Review of 
Economics and Statistics 82(4), 540-554.

Forni, M., M. Hallin, M. Lippi, and L. Reichlin (2003, September). Do finan­
cial variables help forecasting inflation and real activity in the Euro area? 
Journal of Monetary Economics 50(6), 1243-1255.

Frank, I. E. and J. H. Friedman (1993, May). A statistical view of some 
chemometrics regression tools. Technometrics 55(2), 109-135.

Granger, C. W. J. (1969, July). Investigating causal relations by econometric 
models and cross-spectral methods. Econometrica 37(3), 424-38.

Groen, J. J. J. and G. Kapetanios (2008). Revisiting useful approaches to 
data-rich macroeconomic forecasting. Staff Reports 327, Federal Reserve 
Bank of New York.

Hamilton, J. D. (1989, March). A new approach to the economic analysis 
of nonstationary time series and the business cycle. Econometrica 57(2), 
357-84.

Hamilton, J. D. (1994). Time Series Analysis. Princeton: Princeton University 
Press.

Hamilton, J. D. and G. Perez-Quiros (1996, January). What do the leading 
indicators lead? Journal of Business 69(1), 27-49.

Harding, D. and A. Pagan (1999). Knowing the cycle. Melbourne Institute 
Working Paper No. 12/99, University of Melbourne.

Harding, D. and A. Pagan (2002). Dissecting the cycle: A methodological 
investigation. Journal of Monetary Economics f9, 365-381.

Harding, D. and A. Pagan (2006, May). Synchronization of cycles. Journal of 
Econometrics 132(1), 59-79.

Harding, D. and A. Pagan (2009, January). An econometric analysis of some 
models for constructed binary time series. NCER Working Paper Series 39, 
National Centre for Econometric Research.

Hastie, T., R. Tibshirani, and J. Friedman (2001). The Elements of Statistical 
Learning: Data Mining, Inference, and Prediction. Springer-Verlag.

Hoerl, A. E. and R. W. Kennard (1970, February). Ridge regression: Biased 
estimation for nonorthogonal problems. Technometrics 12(1), 55-67.

Hsu, N.-J., H.-L. Hung, and Y.-M. Chang (2008). Subset selection for vector 
autoregressive processes using Lasso. Computational Statistics and Data 
Analysis 52, 3645-3657.



REFERENCES 172

Issler, J. V. and F. Vahid (2006). The missing link: Using the NBER recession 
indicator to construct coincident and leading indices of economic activity. 
Journal of Econometrics 132, 281-303.

Kadiyala, K. R. and S. Karlsson (1997). Numberical methods for estima­
tion and inference in Bayesian VAR-models. Journal of Applied Economet­
rics 12(2), 99-132.

Karunaratne, N. D. (2002). Predicting Australian growth and recession via 
the yield curve. Economic Analysis & Policy 32(2), 233-250.

Kauppi, H. and P. Saikkonen (2008, 07). Predicting U.S. recessions with 
dynamic binary response models. The Review of Economics and Statis­
tics 90(A), 777-91.

Litterman, R. B. (1986). Forecasting with Bayesian vector autoregressions - 
five years of experience. Journal of Business and Economic Statistics 4( 1), 
25-38.

Lowe, P. (1992). The term structure of interest rates, real activity and inflation. 
Research Discussion Paper 9204, Reserve Bank of Australia.

Magnus, J. R. and H. Neudecker (1999). Matrix Differential Calculus with 
Applications in Statistics and Econometrics (2nd ed.). John Wiley & Sons.

Marcellino, M. (2006). Leading indicators. In G. Elliott, C. Granger, and 
A. Timmermann (Eds.), Handbook of Economic Forecasting, Volume 1, 
Chapter 16, pp. 879-960. Elsevier.

Moore, G. H. (1990). Leading Indicators for the 1990’s. New York: Dow 
Jones-Erwin.

Naylor, T. H., T. G. Seaks, and D. W. Wiehern (1972, August). Box-Jenkins 
methods: An alternative to econometric models. International Statistical 
Review /  Revue Internationale de Statistique JO(2), 123-37.

Nelson, C. R. (1972, December). The prediction performance of the FRB- 
MIT-PENN model of the U.S. economy. American Economic Review 62(5), 
902-17.

Osborne, M. R., B. Presnell, and B. A. Turlach (2000a). A new approach 
to variable selection in least squares problems. IMA Journal of Numerical 
Analysis 20, 389-404.

Osborne, M. R., B. Presnell, and B. A. Turlach (2000b). On the LASSO and 
its dual. Journal of Computational and Graphical Statistics 9(2), 319-337.

Poke, J. and G. Wells (2007, December). The term spread and GNP growth in 
Australia. CAM A Working Paper No. 27/2007, Center for Applied Macroe­
conomic Analysis, Australian National University.



REFERENCES 173

Potter, S. M. (1995). A nonlinear approach to U.S. GNP. Journal of Applied 
Econometrics 10(2), 109-25.

Robertson, J. C. and E. W. Tallman (1999, Ql). Vector autoregressions: 
Forecasting and reality. Federal Reserve Bank of Atlanta Economic Re­
view 84 (1), 4-18.

Sargent, T. J. and C. A. Sims (1977). Business cycle modeling without pre­
tending to have too much a priori economic theory. Technical report.

Schmidt, M. (2005, December). Least squares optimization with 11-norm reg­
ularization. Cs542b project report, Department of Computer Sciences, Uni­
versity of British Columbia.

Sims, C. A. (1980, January). Macroeconomics and reality. Econometrica 48(1), 
1-48.

Sims, C. A. and T. Zha (1998). Bayesian methods for dynamic multivariate 
models. International Economic Review 39 (4), 949-968.

Smith, P. (2005). What economic indicators have led Australian GDP over 
the past decade? Quarterly Bulletin of Economic Trends 3, 19-22.

Stock, J. H. and M. W. Watson (1989). New indexes of coincident and leading 
economic indicators. In NBER Macroeconomics Annual 1989, Volume 4, 
NBER Chapters, pp. 351-409. National Bureau of Economic Research.

Stock, J. H. and M. W. Watson (1992). A procedure for predicting recessions 
with leading indicators: Econometric issues and recent experience. NBER 
Working Papers 4014, National Bureau of Economic Research.

Stock, J. H. and M. W. Watson (2002a, December). Forecasting using prin­
cipal components from a large number of predictors. Journal of American 
Statistical Association 97(460), 1167-1179.

Stock, J. H. and M. W. Watson (2002b, April). Macroeconomic forecasting 
using diffusion indexes. Journal of Business & Economic Statistics 20(2), 
147-62.

Stock, J. H. and M. W. Watson (2003). Forecasting output and inflation: The 
role of asset prices. Journal of Economic Literature 41(2>)i 788-829.

Stock, J. H. and M. W. Watson (2005). Implications of dynamic factor mod­
els for VAR analysis. NBER Working Papers 11467, National Bureau of 
Economic Research.

Teräsvirta, T. (1994). Specification, estimation and evaluation of smooth tran­
sition autoregressive models. Journal of the American Statistical Associa­
tion 89, 208-18.



REFERENCES 174

Teräsvirta, T. (2005, May). Forecasting economic variables with nonlinear 
models. Working Paper Series in Economics and Finance 598, Stockholm 
School of Economics.

Tibshirani, R. (1996). Regression shrinkage and selection via the LASSO. 
Journal of the Royal Statistical Society: Series B 58(1), 267-288.

Verbeek, M. (2004). A Guide to Modern Econometrics (2 ed.). West Sussex: 
John Wiley & Sons.

West, K. D. (2006). Forecast evaluation. In G. Elliott, C. Granger, and A. Tim- 
mermann (Eds.), Handbook of Economic Forecasting, Volume 1, Chapter 3, 
pp. 99-134. Elsevier.

Zellner, A. and C. Hong (1989). Forecasting international growth rates using 
Bayesian shrinkage and other procedures. Journal of Econometrics fO, 183— 
202.

Zellner, A. and C. Min (1999). Forecasting turning points in countries’ output 
growth rates. Journal of Econometrics 88, 203-303.

Zha, T. (1998, Ql). A dynamic multivariate model for use in formulating 
policy. Economic Review 83(1), 16-29. Federal Reserve Bank of Atlanta.

Zou, H. and T. Hastie (2005). Regularization and variable selection via the 
Elastic Net. Journal of the Royal Statistical Society: Series B 67(2), 301- 
320.


