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Abstract

Some prominent economic experts have contended that (the early stages of) the Great
Recession resembled the Great Depression. In this paper, we utilize an expert-based frame-
work to produce probabilistic projections for output growth and inflation during the recent
slump. We divide our US data prior to the Great Recession into five distinct historical
eras. Each expert estimates a vector autoregressive model (VAR) on data from a unique
era, with epoch dates reflecting conventional timing assumptions adopted in the economic
history literature. We find that our Great Depression expert performs relatively well in
terms of the logarithmic score averaged over the out of sample evaluation period from
2005Q1 to 2010Q4, when compared to a benchmark VAR estimated on Great Moderation
data. However, other experts are competitive individually, along with a combination of
experts from different eras. Given the Great Depression expert’s forecast densities have
statistically significant predictive content for output growth and inflation over the evalu-
ation period, we investigate economic significance by adopting a cost-loss ratio approach.
We find that the Great Depression expert outperforms the Great Moderation benchmark
provided that unanticipated negative output growth events are relatively costly. More gen-
erally, for both output growth and for low inflation events, the Great Depression expert
fails to beat the benchmark. Unfortunately, the Great Depression expert’s projections lack
confidence—stemming from the many uncertainties in the Great Depression era. Even for
negative output growth events, the Great Depression expert gives too many false alarms.
More confident historical experts, such as Bretton Woods, perform better overall. Hence,
although the Great Depression helps predict the Great Recession, from a probabilistic
perspective, other historical eras have economic relevance.

∗We are grateful for financial support from SSHRC and the ARC (LP0991098). Contact: Patrick Coe,
patrick.coe@carleton.ca. We benefitted greatly from comments by Simon van Norden, Angela Redish, Tim
Hatton, the 45th Canadian Economics Association Conference, the ANU’s Centre for Economic History workshop
on “Economics and Finance in the Prelude to the Great Depression”, and the Macro Brownbags at ANU and
Carleton.

1



1 Introduction

Should economic experts have predicted the US Great Recession given the historical expe-

riences of the Great Depression and other eras? Among others, Krugman (2009), Eichen-

green and O’Rouke (2009a, 2009b) and Almunia et al (2010) have argued that the initial

stages of the Great Recession resembled the Great Depression. Their analyses relate the

time paths of key real macro variables in the latest crisis to those from the Great Depres-

sion. (As Eichengreen and O’Rouke (2010, 2012) note, the time paths display greatest

similarity for the global economy in the early stages of the Great Recession.) Bordo and

James (2010) discuss common features of the two crises, drawing attention to commonali-

ties in monetary policy, banking regulation, institutional failures and global imbalances.

In this paper, we investigate the relationship between the US Great Depression and

the recent recession from a predictive perspective. Specifically, we examine whether the

Great Depression has predictive content for the Great Recession, explicitly focusing on

out of sample density forecasts with real-time US data. In contrast to the time path

approach adopted in earlier research, we utilize time series models to produce probabilistic

forecasts. As noted by Greenspan (2004), and his discussants, Feinstein, King and Yellen

(2004), macroeconomic policy decisions typically require probabilistic information. Expert

confidence receives explicit consideration with probabilistic forecast evaluation.

We consider a number of historical experts in our predictive analysis, drawing on the

experiences of many historical eras, not just the Great Depression. We subdivide our US

sample (prior to the Great Recession) into five specific eras, based on conventional timing

assumptions adopted in the economic history literature. We fit a bivariate Vector Autore-

gressive (VAR) model in output growth and inflation to each historical period, estimating

the model parameters on the subset of observations associated with each era. We refer

to each unique combination of historical data and estimated parameters as an “expert”.

Each expert generates probabilistic forecasts for output growth and inflation over the out

2



of sample period 2005Q1 to 2010Q4. We consider each expert’s forecasts individually, and

in combination, adopting a linear mixture of experts framework (sometimes referred to

as the Linear Opinion Pool, LOP); see (among others) Wallis (2005), Mitchell and Hall

(2005) and Timmermann (2006).

Turning to our main findings, overall the Great Depression expert performs well relative

to the benchmark Great Moderation expert, based on the end of evaluation (time averaged)

logarithmic score. This metric measures the Kullback-Leibler “distance” between the out

of sample forecast density and the “true” but unknown density; see explanations in Jore,

Mitchell and Vahey (2010), Clark (2011), Billio, Casarin, Ravazzolo and van Dijk (2013)

and Clark and McCracken (2013). In this sense, our research confirms the findings from the

ocular analysis provided by (among others) Eichengreen and O’Rouke (2009a, 2009b, 2010,

2012). That is, the historical experience of the US Great Depression helps predict the recent

crisis. On the other hand, several historical experts produce comparable performance to the

Great Depression expert from a statistical perspective. These include Bretton Woods, and

the LOP combination of experts from different eras. In addition to the Great Depression,

other eras matter.

To investigate the economic value of the probabilistic forecasts produced by the Great

Depression and other experts, we deploy the cost-loss ratio approach proposed in economics

by Granger and Pesaran (2000a, 2000b). Murphy (1977), Katz and Murphy (1997), Berro-

cal et al. (2010) and Garratt, Mitchell and Vahey (2013) consider various applications in

meteorology, finance and economics. We evaluate the probabilistic forecasts for negative

output growth events and for low inflation events during the Great Recession. We find

that for some parameterizations of the cost-loss ratio, the Great Depression expert out-

performs the Great Moderation benchmark for negative output growth events. But, lack

of confidence—stemming from uncertainty in the historical data—degrades the economic

value of the predictions for both variables from the Great Depression expert. More confi-
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dent historical experts, including Bretton Woods, give fewer false alarms and so perform

better in general. Hence, although the Great Depression carries predictive content for the

Great Recession, other eras have relevance.

Although our primary interest is probability forecasting, we also report results for sta-

tistical tests of point forecasting accuracy based on Root Mean Squared Prediction Error

(RMSPE). Unsurprisingly, our findings are consistent with the common view that simple

univariate forecasting models are hard to beat from a point forecasting perspective. Of

course, the accuracy of probabilistic forecasts cannot be assessed directly from measures

of point forecasting performance, but the results based on RMSPE indicate some scope for

more complex forecasting models. Recent papers by (for example) D’Agostino, Gametti

and Giannone (2011), D’Agostino and Surico (2012) and Groen, Paap and Ravazzolo

(2013) emphasize that time-varying parameters and (in some cases) stochastic volatility

can improve point and density forecasts with macroeconomic data. In contrast, our in-

dividual historical experts produce forecasts from VARs, to remain consistent with the

prevalent pre-Great Recession consensus view that constant parameter models forecast

well. (Nevertheless, the LOP expert combination has time-varying weights.)

The remainder of this paper is as follows. In the subsequent section, we describe the

relationship between eras and experts and characterize our US sample data. In section 3,

we describe our methods for model fitting and out of sample evaluation. In section 4, we

discuss our results. And in the final section, we conclude by proposing extensions to our

approach.

2 Eras and Experts

In this section, we define the eras that form the basis of our analysis and describe the data.
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2.1 Defining Historical Eras for the US

Among others, Meltzer (1986), Bordo and Haubrich (2008) and D’Agostini and Surico

(2012) divide the US historical (quarterly) data into distinct eras. A review of the relevant

textbooks suggests a fairly high degree of consensus about the timing of epochs in American

economic history. See, for example, Hughes and Cain (2011) and Walton and Rockoff

(2010). In our analysis, we work with five eras: 1890Q1 - 1913Q4, 1919Q1 - 1939Q4,

1946Q1 - 1971Q4, 1972Q1 - 1983Q4 and 1984Q1 - 1999Q4.

The first of these, 1890Q1 - 1913Q4, is sometimes referred to as the Classical Gold

Standard. The second era, 1919Q1 - 1939Q4 covers the interwar years and so contains the

roaring 20s, the 1929 stock market crash and the Great Depression. The third, 1946Q1 to

1971Q4, coincides with the Bretton Woods system. The fourth, 1971Q1 through 1983Q4

sees the Great Inflation, with the end marked by Volcker’s disinflation. The final era,

1984Q1 - 1999Q4, has been dubbed the Great Moderation, reflecting the relative stability

of the macroeconomy.1 In the analysis that follows, we shall refer to the five eras as: the

Gold Standard, Great Depression, Bretton Woods, Great Inflation, and Great Moderation,

respectively. The evidence from these eras is used by historical experts to make out of

sample predictions over the evaluation period 2005Q1 to 2010Q4. Although this evaluation

period encompasses the quarters usually associated with the “Great Recession”, there is

controversy about the timing of the recent economic crisis. (For example, Eichengreen and

O’Rouke (2010, 2012) discuss the evidence of economic resuscitation during 2010 by the

World Economy.) With the controversy about timing in mind, in the results that follow

we break our statistical evaluation of forecast performance into sub-periods, to permit an

investigation of the time variation in performance. (Hereafter, we use the terms Great

Recession and evaluation period interchangeably.)

Although the dates marking the start and the end of the historical eras are relatively

1We truncate the Great Moderation era slightly to allow for a “training period” for expert combination in
our empirical analysis.
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conventional, differences do arise in the economic history literature. For example, Bordo

and Haubrich (2008) consider two divisions of the post-WWII sample. The first has two

epochs, one in the middle of 1971 and one at the end of 1984, and as such is very similar to

our division of the post-war data. The second divides the post WWII sample with a single

epoch in the middle of 1971, giving a single era that pools the Great Inflation and Great

Moderation. We repeated the empirical analysis that follows with the post-WWII data

divided into just two eras, 1946Q1-1971Q4 and 1972Q1-1999Q4 and found quantitatively

similar results. (These are reported in the appendix.)

2.2 The Historical Data

We compare and contrast the historical US sample data for output growth and inflation

from 1890 to 2010. Figure 1 plots the two variables for each of our five eras, together with

the data spanning the recent crisis, 2005Q1 - 2010Q4. Table 1 reports summary statistics.

We utilize Gross National Product (GNP) to measure output and the GNP deflator to

measure prices. Both figure 1 and table 1 describe the “final vintage” data, based on the

historical data from Balke and Gordon (1986) and the observations available from FRED

(released September 27, 2012). The appendix that accompanies this paper provides data

details.2

Figure 1 and the summary statistics in table 1 indicate that differences arise across eras

in the unconditional means and volatilities of the two macroeconomic variables. During the

Great Recession, the unconditional mean of output growth, displayed in panel (a) of table

1, first row, is approximately 0.3. The Great Depression represents the closest historical era

with a mean of just over 0.4. Of the remaining eras, all give unconditional means in excess of

the Great Depression. The Great Inflation era comes second closest to matching the Great

Recession data at nearly 0.7, with Bretton Woods marginally higher still, then the Great

2The final vintage of data are utilized for forecast evaluation in the results presented below. The appendix
provides results for alternative definitions of the realized observations.
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Moderation and the Gold Standard. The unconditional mean of inflation for the Great

Recession, panel (b) of table 1, first row, at just over 0.5, sits relatively close to the Great

Moderation mean of around 0.6. The Great Depression is the only era to have a negative

mean. The remaining eras have higher (positive) means than the Great Moderation, with

the exception of the Gold Standard at approximately 0.2. Hence, looking across the two

variables, in terms of unconditional means, the Great Depression looks closest of the eras

at matching the output growth realizations in the Great Recession. But deflation in the

Great Depression contrasts with the modest inflation in the Great Recession.

Since probabilistic forecasts take into account expert uncertainty, the volatility of the

data are particularly important. Figure 1 illustrates one difference between the Great

Depression and the Great Recession data. The Great Depression era sees considerably

more volatility, particularly for output growth. The largest deviations from the respective

unconditional means during the Bretton Woods era and the Great Inflation resemble the

time paths of the data during the recent slump. The standard deviation of output growth,

panel (a) of table 1, second row, during the Great Recession is less than one third of the

comparable summary statistic for the Great Depression, just over 3.4. In terms of output

growth volatility, the Great Inflation and Bretton Woods, both around 1.2, represent the

closest eras to the Great Recession, 0.9, with the Great Moderation being the only era

with a smaller standard deviation than the Great Recession. For inflation volatility, panel

(b), second row, the Great Moderation closely matches the Great Recession (last two

columns) at around 0.3. The remaining eras have higher standard deviations, with the

Great Depression highest at 2.5.

The last row in each of the two panels of table 1 records a measure of the frequency

of “extreme” events. Panel (a) displays the fraction of periods in which output growth

is negative; panel (b) shows the fraction of observations in which inflation falls below the

threshold 0.25. Although these thresholds are to some extent arbitrary, (one-period) re-
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cession and low inflation (deflation) events greatly concern policymakers, not least because

modern policymakers prefer to communicate the risk of extreme outcomes to the public.3

Looking at panel (a), last column, 25% of the observations in the 2005Q1 through 2010Q4

evaluation record instances of negative output growth. The Great Inflation era matches

this fraction exactly, with Bretton Woods and the Gold Standard both very close at 22%

and 26%, respectively. In contrast, the Great Depression era has nearly 40%, and the Great

Moderation around 5%. Turning to the last row of panel (b), roughly 17% of observations

in the evaluation period result in low inflation events, a number closely matched by the

Bretton Woods era, around 19%. The other eras are bounded from above by the Great

Depression, 62%, and from below by the Great Inflation, 0% for the same event.

Overall, our summary statistics of the data in the various eras suggest that the Great

Depression era closely matches the Great Recession in terms of the unconditional mean

of output growth. But, the unconditional means of inflation in these two periods are very

different. More importantly, with probability forecasting in mind, both variables are much

more volatile during the Great Depression than during the forecast evaluation period, as

Figure 1 illustrates. This provides some justification for not restricting our subsequent

empirical analysis to the Great Depression expert, broadening the framework to include

experts from other eras, and combinations of experts.

3 Fitting VAR models and the LOP

3.1 A VAR model for Each Expert

Our experts produce predictions in the following manner. We assume that each expert

uses model parameters determined solely by data from their respective era. As a result,

3Our economic loss based evaluation below utilizes these same thresholds to define the economic events of
interest. Theoretically, negative measured inflation is neither necessary nor sufficient for deflation; see, the
discussions in Kilian and Mangenelli (2007).
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throughout the evaluation period encompassing the Great Recession, the experts give

different predictions.

Each expert utilizes a reduced-form bivariate VAR in output growth and inflation, given

by:

∆yt = αi,y + βi,yy(L)∆yt + βi,py(L)∆pt + ui,y,t

∆pt = αi,p + βi,yp(L)∆yt + βi,pp(L)∆pt + ui,p,t

(1)

where yt is (log) real output, pt is the (log) price level, L is the lag operator and ∆ =

1 − L is the first difference operator. The lag polynomials of this system are βi,yy(L) =∑k
j=1 βi,yy,jL

j , βi,py(L) =
∑k

j=1 βi,py,jL
j , βi,yp(L) =

∑k
j=1 βi,yp,jL

j , and βi,pp(L) =∑k
j=1 βi,pp,jL

j . The subscripts i denote the model used by expert i. The error terms are

mean zero, serially uncorrelated and distributed according to:

 ui,y,t

ui,p,t

 ∼ N(0,Σi) where Σi =

 σ2i,y 0

0 σ2i,p

 . (2)

For each each expert, we assume VAR order 4. (We experimented with different lag lengths

in the VAR and found very similar results. The appendix describes results for lag orders

1, 2 and 8.)

3.2 Real-time Data, Estimation and Forecasting

As Croushore and Stark (2001) note, many US macroeconomic variables are subject to

considerable and badly-behaved data revisions. Failing to account for this by using heavily

revised data often masks real-time predictive content. Therefore, we employ real-time

quarterly data for our two US macroeconomic variables: output growth and inflation. The

raw data for GNP and the GNP deflator are taken from the Federal Reserve Bank of St

Louis’ Archival Dataset (ALFRED). This is a collection of vintages of National Income

and Product Accounts. We utilize the vintage that reflects the information available at the
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end of the respective quarter.4 Note that this most recently available data vintage contains

data up to and including the previous quarter, but does not include the current quarter.

Given the VAR parameters estimated for each expert on historical data, the real-time

forecasts for each expert utilize the most recently available data vintage to forecast one

step ahead, through the out of sample forecasting exercise. That is, for 2005Q1 to 2010Q4,

which spans the onset of the Great Recession, we forecast each variable for each of the five

experts (and the combination). The real-time data from 2000Q1 provide observations to

“train” the weights for the combination.

We emphasize that we focus on a particular research question. Namely, what would

an expert who considers evidence only from her own era predict about the recent crisis,

conditional on the latest available data? Hence, we do not update the estimates of the

VAR parameters using those observations subsequent to the expert’s respective era. For

example, for the Great Depression expert to generate a forecast density of output growth

(and inflation) for the 2008Q1 observation, with a VAR containing 4 lags, requires 2008Q1

vintage data for 2007Q1 to 2007Q4, and the VAR(4) parameter estimates obtained solely

from the Great Depression era, 1919Q1 - 1939Q4. The estimated parameters for each

expert, based on the final vintage of data and estimated by Ordinary Least Squares, are

provided in table 2.

The predictive density for output growth for expert i is given by g(∆yτ | Ii,τ ). Note,

the information set, Ii,τ , differs across experts. While each information set contains the

same lagged values of output growth and inflation from τ−4 to τ−1, they contain different

values for the estimates of the VAR parameters, β̂i. Each expert forms a different forecast

density for ∆yτ when given the same values of ∆yτ−1 . . .∆yτ−4 and ∆pτ−1 . . .∆pτ−4.

These densities follow a multivariate t-distribution with mean µi,τ and scale Σi,τ . Here

µi,τ = Xτ β̂i where Xτ contains the lagged values of output growth and inflation from the

4The appendix to this paper contains further details on the real-time data.
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most recently available vintage of data at time τ , and

Σi,τ =
1

νi

(
1 +XτM

−1
i X ′τ

)
Si (3)

where νi = Ti + 1 − k − 2 with k = 9 being the number of parameters in each equation

of the VAR(4) and Ti being the sample size used for VAR estimation by expert i. Finally

Mi = X ′iXi, where Xi is the era specific data used by expert i to estimate (??) and Si is

the standard matrix of Ordinary Least Squares sum of squared residuals.

3.3 Combining Forecasts Using the LOP

We utilize a linear opinion pool (LOP) to combine the forecast densities from our system

of experts; see, among others, Wallis (2005), Mitchell and Hall (2005) and Jore, Mitchell

and Vahey (2010). The opinion pool approach has a long tradition in management science

for effective combination of expert opinions. Wallis (2005) discusses the foundations for

and development of prediction with opinion pools in various applied statistical fields. One

appealing feature of the LOP is that the combination of Gaussian forecast densities is not

necessarily (or generally) Gaussian. That is, the LOP affords additional flexibility to the

combination, with scope for asymmetries in the forecast densities.5

We approximate the unknown “true” forecast densities for output growth and inflation

by using (time-varying) combinations of the individual forecasts from the experts. Given

i = 1, . . . , N experts, with N = 5, the expert combination density for output growth is

defined by the LOP:

p(∆yτ ) =
N∑
i=1

wi,τ g(∆yτ | Ii,τ ), τ = τ , . . . , τ , (4)

5Kascha and Ravazzolo (2010) contrast the properties of linear and logarithmic opinion pools. For Gaussian
forecast densities—such as those produced by a VAR—the latter opinion pool restricts the combination to be
Gaussian. Timmermann (2006) provides a literature review.

11



where g(∆yτ | Ii,τ ) is the one step ahead forecast density from expert i for output growth

in period τ , conditional on the information set Ii,τ . The publication delay in the pro-

duction of real-time data ensures that this information set contains only lagged variables,

dated τ − 1 and earlier. The non-negative weights, wi,τ , in this finite mixture sum to

unity. Furthermore, the weights may change with each recursion in the evaluation period

τ = τ , . . . , τ . Combination density forecasts for inflation are determined in an analogous

manner, from the individual densities for inflation generated by each expert.6

We adopt weights based on the out of sample fit of the individual expert’s forecast

densities. The logarithmic scoring rule provides an intuitively appealing method to gauge

fit, giving a high score to a density forecast that assigns a high probability to the realized

value of the variable of interest. The logarithmic score of the ith density forecast, ln g(∆yoτ |

Ii,τ ), is the natural logarithm of the probability density function g(. | Ii,τ ), evaluated at

the realization, ∆yoτ .7

The recursive weights for the one step ahead densities for output growth take the form:

wi,τ =
exp

[∑t=τ−1
t=τ−κ ln g(∆yot | Ii,τ )

]
∑N

i=1 exp
[∑t=τ−1

t=τ−κ ln g(∆yot | Ii,τ )
] , τ = τ , . . . , τ (5)

We set τ = 2005Q1 and τ = 2010Q4 and so calculate weights and expert combination

forecasts for the period 2005Q1 to 2010Q4. Here κ is the length of the rolling window used

to determine the weights and 2000Q1 to 20004Q4 comprises the training period used to

initialize these weights. We report results below with a window length of κ = 12; that is

a rolling three year window. (We experimented with different window lengths and found

little variation in forecast performance. The window lengths we considered are κ = 4, 8,

12, 16 and 20. See the appendix for details.)

6We assess the forecast performance for output growth and inflation individually, so the weights differ across
variables (as well as across time periods).

7See the appendix for further details of the calculation of log scores.
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Since our forecasts are generated in real time, the weights of equation (??) are also

calculated in real time. That is, the realizations of output growth (and inflation) used

to calculate the logarithmic scores for each forecast from τ − κ to τ − 1 in equation (??)

come from the latest available data vintage at time τ . In the same way that the forecast

for each expert only uses information available in real time in period τ , the linear opinion

pool forecast only uses information available in period τ in real time.

Note that the LOP combination weights for output growth (inflation) only depend on

realizations and forecast densities for output growth (inflation). It is also important to

stress that the weights on the various specifications vary through time. The system of

experts exhibits greater flexibility than any single linear VAR specification.

We also constructed a variant of the LOP combination using the “optimised” weights

discussed by Hall and Mitchell (2007) and Geweke and Amisano (2011). This variant

deploys weights that maximise the logarithmic score of the combined expert-based system

for each time period. We also considered a post-processing step prior to combination, to

remove the forecast bias for each expert; see Ravazzolo and Vahey (2013). In practice, we

found that using these alternative methods for constructing the combination forecast gave

qualitatively similar results. See the appendix for details.

4 Results

In evaluating the probabilistic forecasts of the individual experts, and the combination, we

considered three methods of defining the realised variable: the latest available “final” vin-

tage of data, the set of first releases of the measurements and the set of second releases. We

report results utilizing the final vintage (observed on September 27th, 2012) measurements

to define the realised values in the sections that follow. The results varied little across the

different targets, and so we confine the reporting of results for the first and second releases

to the appendix.

13



We break our presentation of the results into two sub-sections. First, using statistical

criteria, we consider whether the Great Depression expert, together with the other his-

torical experts, individually and in the LOP combination, outperform the benchmark, the

VAR estimated with Great Moderation data, in forecasting output growth and inflation

from 2005Q1 to 2010Q4. Then, we turn our attention to an economic evaluation of the

probabilistic forecasts, based on a cost-loss approach (following, among others, Granger

and Pesaran, 2000a).

4.1 Forecasts from Historical Experts

In our consideration of statistical evaluation of expert performance, we focus primarily

on density forecasting, which emphasises the uncertainty of expert predictions. For com-

pleteness, we report for each variable in turn, a conventional analysis of point forecasting

accuracy based on RMSPE. Of course, accurate point forecasts are neither necessary nor

sufficient for a strong density forecasting performance. And, the point forecasts are not

utilized in the subsequent decision-theoretic analysis; the cost-loss ratio framework based

on asymmetric loss requires probabilistic forecasts.

4.1.1 Output Growth

We begin by discussing the central location of the forecast densities for output growth

produced by the experts. Figure 2 plots the means of the out of sample forecast densities for

output growth from 2005Q1 to 2010Q4 for each expert, as well as for the LOP combination.

Unsurprisingly, none of the experts comes close to the realizations for the slump in economic

growth in 2008, at the trough of the recession. The Great Depression expert’s “most

likely” prediction sits closer to realised output growth during that year, and in the early

part of 2009, than those of the other experts.8 However, the Great Depression expert is

8The forecast densities of the individual experts are symmetric by construction. The LOP combination has
scope for departures from symmetry but in this application the forecast densities are close to Gaussian in practice.
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pessimistic about recovery in the second half of 2009, under predicting output growth.

In contrast, the Great Inflation expert foresees the most likely path for output growth to

be much stronger than the realizations throughout the evaluation period. In particular,

excessive optimism results in very little drop in the forecast during 2008. The remaining

three experts produce central projections that typically lie between the Great Depression

and Great Inflation experts, with all three predicting a weak decline in output growth

for this particular calendar year. The last panel of figure 2 shows the mean of the LOP

combination. By incorporating information from all experts, the LOP combination tracks

the Great Recession reasonably well from an ocular perspective, and while still missing the

trough of 2008, the combination anticipates the recovery somewhat better than the Great

Depression expert during the second half of 2009.

We report RMSPE for output growth in panel (a) of table 3 for each expert, and for

the LOP combination, with the Great Moderation benchmark (normalized to one).9 We

also report RMSPE for three two-year windows, 2005Q1 - 2006Q4, 2007Q1 - 2008Q4 and

2009Q1 - 2010Q4. As one might expect from the plots in figure 2, overall the Great De-

pression expert outperforms slightly the Great Moderation benchmark, during the period

2005Q1 - 2010Q4. The extent of the improvement lies close to 5%, with the gains occur-

ring mostly during 2007 and 2008, and performance during 2009 and 2010 being inferior to

the benchmark. From an individual expert perspective, the Great Depression marginally

outperforms the other experts in terms of point forecasting output growth over the whole

evaluation period, although the difference is not statistically significant at the 10% level

utilizing a Diebold-Mariano test.10 That said, the LOP combination performs marginally

See, for example, figures 3 and 6, discussed below.
9Recall, that we only use data that was available in real time when constructing our expert and combination

forecasts. For details on forecast evaluation when data are subject to revision see Clark and McCracken (2009).
10We employ the Harvey, Leybourne and Newbold (1997) version of the Diebold-Mariano statistic with a

correction for autocorrelation and the small sample. The tests based on this statistic imply no significant
improvement in forecast accuracy relative to the benchmark for any of our experts individually, and for the LOP
combination.
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better still in terms of point forecast accuracy, again by a statistically insignificant margin

relative to the benchmark. The LOP combination performs relatively well in particular

during 2009 and 2010, when the point forecasts from the Great Depression expert remain

too pessimistic.11 The LOP combination is also slightly better than the individual experts

in terms of point forecasting in 2005 - 2006 and 2007 - 2008, although marginally inferior

to the Great Moderation benchmark in the first two years of the evaluation. Finally, al-

though the remaining experts fail to improve on the point forecasting performance of the

benchmark over the whole evaluation period, the predictions from the Gold Standard and

Bretton Woods experts differ little from the benchmark in terms of RMSPE. To summarize

our analysis of point forecasting performance for output growth, some experts including the

Great Depression produce lower RMSPE than the Great Moderation benchmark. However,

the margin of improvement is statistically insignificant.

Moving beyond point forecasting to density forecasting performance, we report logarith-

mic scores for the output growth forecast densities (averaged over the evaluation period)

in panel (a) of table 4 for each expert, as well as for the LOP combination. Note that the

logarithmic scores are calculated using ln g(∆yoτ | Ii,τ?), where τ? refers to the data avail-

able in real time.12 Again, the Great Depression expert performs well relative to the Great

Moderation benchmark, in this case with a margin of improvement of around 28% over-

all, and a relatively strong performance in 2007 and 2008, when the improvement exceeds

40%. As with the point forecasts, the LOP combination performs well, outperforming the

benchmark by nearly the same margin as the Great Depression expert, around 27%, rank-

ing better than the individual experts for 2005 - 2006 and 2009 - 2010, and only beaten

by the Great Depression expert during 2007 - 2008. The other experts do relatively well

11Recall that the weights in the LOP combination utilize logarithmic scores, and not RMSPE, so the effec-
tiveness of the LOP for point forecasting stems from the accuracy of the density forecasts.

12The Probability Integral Transforms for each expert and the LOP combination for both variables are reported
in the appendix. These suggest that (to varying degrees) the expert and LOP combination forecasts are too
diffuse, with the exception perhaps of Bretton Woods and the Great Moderation experts.
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too, from an individual perspective, in terms of logarithmic score, with the Great Mod-

eration benchmark producing the least accurate density forecasts. In terms of statistical

significance, all four experts and the LOP combination outperform the benchmark at the

5% level.13

Figure 3 sheds light on the relative accuracy of the density forecasts produced by the

experts. We plot the predictive density for each expert, and the LOP combination for the

2008Q4 observation, which saw the largest decline in real output during the evaluation.

In each panel, a vertical dashed line depicts the realized value for output growth and the

vertical dotted line marks the mean of the forecast density. With the exception of the Great

Depression expert, the forecast densities centre between 0.74 (Great Moderation expert)

and 0.97 (Great Inflation), missing the realized value of around -2.81 by a considerable

margin. The Great Depression expert has a marginally lower central forecast than the

other experts for this observation, as well as for the other quarters in 2008 (see, figure 2).

Considering the uncertainty about these point forecasts—captured by the forecast

variance—the Great Depression expert has the least confidence in the central projection

with a forecast variance of 8.86, followed by the Gold Standard (4.50), Great Inflation

(1.62), Bretton Woods (0.89) and the benchmark (0.25). Like the Great Depression expert,

the LOP combination (6.32) has considerably lower confidence than the Great Moderation

benchmark. This benchmark expert has almost zero mass outside the range -0.5 to 2.0,

and so misses the realised value. In contrast, the Great Depression expert attaches the

highest probability to the realized value for 2008Q4. The mean of the Great Depression

forecast density lies closest to the realization and this expert’s density is also the most

13This test is based on the Kullback-Leibler information criterion (KLIC) and utilizes the expected differences
in the log scores of candidate densities. Suppose that there are two forecast densities, g(∆yτ | I1,τ ) and g(∆yτ |
I2,τ ). The KLIC differential between them is the expected difference in their logarithmic scores dτ = g(∆yτ |
I1,τ ) − g(∆yτ | I2,τ ). The null hypothesis of equal forecast performance is H0 : E(dτ ) = 0. A test can then
be constructed, since the mean of dτ over the evaluation period (d̄τ ) has, under appropriate assumptions, the
limiting distribution

√
T d̄τ → N(0,Ω), where Ω is a consistent estimator of the asymptotic variance of dτ and

T is the length of the evaluation period. See, Amisano and Giacomini (2007) and Bao et al. (2007) for further
details.
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diffuse of the five experts.14

Panel (a) of figure 4 plots the LOP combination weights for output growth between

2005Q1 and 2010Q4, and confirms the importance of the Great Depression for the expert

pool. The Great Depression expert receives weight ranging from around 0.45 to 0.6 for

most of the evaluation period. The Gold Standard has fairly constant weight at around

0.4. The weight on the Bretton Woods expert starts close to zero but rises to about 0.1

by the end of 2009, before falling again. The weights on the Great Inflation and Great

Moderation experts stay close to zero for the whole period.15

To summarize our analysis of density forecasting performance for output growth, all

experts produce significantly lower logarithmic scores than the Great Moderation bench-

mark, with the most accurate forecasting performance coming from the Great Depression

expert. But, the margin of performance advantage over other historical experts is small

and the forecast densities from the Great Depression expert are very diffuse in general.

4.1.2 Inflation

Turning to the results for inflation, we begin by discussing the central location of the fore-

cast densities produced by the experts. Figure 5 displays the forecast density means from

the experts, and the LOP combination, through the evaluation. In contrast to output

growth, here both the Gold Standard and the Great Depression experts are too pessimistic

in general, with the most likely forecasts from the Great Depression expert exhibiting con-

siderable volatility. The LOP combination also tends to under predict inflation, although

by a slightly smaller margin of error than either of the pre-WWII experts. On the other

hand, the Great Inflation expert systematically over predicts inflation. Both the Bretton

14Figure 4 also illustrates the near-Gaussian characteristics of the LOP combination forecast density for this
observation. This feature is typical for all observations and across both variables.

15We experimented with restricting the weights in the LOP combination to be equal across experts. This
variant gave a similar density forecasting performance for output growth and inflation (although the point
forecasting performance for inflation was slightly better).
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Woods and Great Moderation experts have forecast density means that match reasonably

well with actual inflation, although the latter misses the pick up in inflation apparent from

late 2009.

Panel (b) of table 3 shows that in terms of RMSPE, both the Great Depression ex-

pert and the LOP combination fail to beat the benchmark for inflation during the period

2005Q1 - 2010Q4. Nevertheless, the LOP combination lowers the RMSPE during the last

two years, as does the Bretton Woods expert. The Bretton Woods expert performs best

overall when considering the whole evaluation period, despite failing to outperform the

benchmark during 2007Q1 - 2008Q4. Even then, Bretton Woods ranks best of the histor-

ical experts—none of the experts beat the benchmark for those quarters. In terms of the

most likely projection, the 4% improvement by the Bretton Woods expert over the bench-

mark is not statistically significant at the 10% level utilizing a (modified) Diebold-Mariano

test.16 To summarize our analysis of point forecasting performance for inflation, most

experts including the Great Depression fail to beat the RMSPE of the Great Moderation

benchmark. The Bretton Woods expert performs best, improving on the RMSPE of the

benchmark, but by an insignificant margin.

Moving to the density forecasting evaluation for inflation, the (relative) logarithmic

scores shown in panel (b) of table 4 reveal that the Great Depression expert performs well.

The margin of improvement overall exceeds 26% and the null of equal forecast performance

is rejected at the 1% significance level utilizing the Amisano-Giacomini test. However, all

experts and the LOP combination outperform the benchmark by a significant margin for

this variable, with the prediction of the Gold Standard expert (narrowly) ranking best

overall. Although the LOP combination does not dominate the individual Gold Standard

expert, it still does well relative to the benchmark and is broadly comparable with the other

individual experts. For example, the LOP combination outperforms the benchmark by

16The tests of relative forecast performance fail to reject the null of equal forecast performance for each expert
and the benchmark over the period 2005Q1 - 2010Q4.
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around 23% overall, with the performance differential varying little through the evaluation

period, and never failing to beat the benchmark.

Figure 6 plots the predictive density for each expert, and the LOP combination, for

the 2009Q2 observation for inflation. This is the only quarter which saw a decline in the

GNP deflator during the evaluation. It is analogous to figure 3 for output growth in that

it marks the lowest realization of inflation (-0.19%) during the evaluation period. As in

figure 3, in each plot a vertical dashed line depicts the realized value for output growth

and a vertical dotted line marks the mean of the forecast density. This figure illustrates

the extreme uncertainty of the Gold Standard and Great Depression experts. The Gold

Standard expert has the least confidence in the central projection with a forecast variance

of 2.80, followed by (in rank order) the Great Depression (2.12), Bretton Woods (0.34),

Great Inflation (0.33), and the benchmark (0.07). Again, the LOP combination (1.68) has

considerably lower confidence than the Great Moderation expert.

The LOP combination weights for inflation, displayed panel (b) of figure 4, demonstrate

the importance of the Great Depression, with a weight close to 0.30 at the start of the

evaluation, and rising (with reversals) subsequently to receive highest weight. The Bretton

Woods and Gold Standard typically receive a greater weight than the Great Depression

at the start of the evaluation, in the neighborhood of 0.35. The weights on the remaining

experts, the Great Inflation and Great Moderation, are relatively small.

To summarize our analysis of density forecasting performance for inflation, all experts

produce significantly lower logarithmic scores than the Great Moderation benchmark, in-

cluding the Great Depression expert.

4.1.3 Discussion

Looking across the evaluations for output growth and inflation, the Great Depression

expert performs relatively well at density forecasting. The Great Depression expert is sig-
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nificantly better than the benchmark for both variables and receives a high weight in the

LOP combinations for both variables. For point forecasting, the results are less encour-

aging, with the performance advantage not statistically significant for output growth, and

the benchmark dominating for inflation. The benchmark Great Moderation VAR itself

produces point forecasts of comparable accuracy to univariate autoregressive specifications

(see the appendix for details). In this sense, our results conform with the consensus view

that naive forecasting models perform well in terms of point forecasting.

Although the Great Depression expert performs well, the other historical experts are

comparable in terms of density forecasting performance. For example, the Bretton Woods

expert performs significantly better than the benchmark for both variables. Furthermore,

the LOP combination—which utilizes information from all the experts—only just fails to

match the Great Depression expert in terms of density forecasting for output growth, with

slightly better density forecasting performance for inflation.

We emphasize that in our analysis reported above, each individual expert does not

learn from data subsequent to her own era. The experts are, in that sense, defunct.

What happens if an expert learns from the data subsequent to her own? How would

the performance of, say, the Great Depression expert change if the VAR parameters were

estimated on data from the Great Depression onwards? In general, we found qualitatively

similar results. We report these in the appendix.

We also considered a number of methodological variants to check the robustness of our

results. Results for these alternative experiments are provided in the appendix. These

include: all experts using univariate autoregressive (AR) models, expert performance rel-

ative to AR estimated on Great Moderation data, expert performance relative to a VAR

estimated over an expanding window, expert performance relative to a full historical sam-

ple VAR, and “direct” forecasting of longer horizons (2 and 4 steps ahead). In all cases, the

main findings were qualitatively similar. Namely, the Great Depression expert has some
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predictive power for the Great Recession, but other historical experts are competitive, as

are combinations of experts.

4.2 Economic Evaluation with the Cost-loss Ratio

Although the Great Depression expert has some predictive power for the Great Recession

in terms of density forecasting accuracy (as do other experts), the forecast densities are

very diffuse. Put differently, the Great Depression expert lacks confidence (relative to the

benchmark). Given the uncertainty apparent in the Great Depression (and some other

eras), the economic value of the historical experts might be overstated by the differences in

the logarithmic score. To investigate this further, we adapt the cost-loss ratio framework

proposed in economics by Granger and Pesaran (2000a). Similar frameworks have been

deployed in previous research to study applied forecasting problems in meteorology, finance

and economics. See, for examples, Murphy (1977), Katz and Murphy (1997), Berrocal et

al (2010) and Garratt et al (2013).

We focus initially on the decision by a policymaker to communicate the risk of negative

output growth to the public. We assume that a preemptive verbal “slump warning” results

in a one-period (time-invariant) economic cost to society of C, regardless of whether the

event occurs or not. The cost reflects the adjustment of the private sector to the warning

of a contraction.17 In the absence of the warning, society incurs a one-period loss, L, if

the slump event occurs. This reflects the economic loss associated with an unanticipated

contraction. The cost-loss ratio, R, defined as C/L, lies in the range 0 < R < 1, implying

that the costs are asymmetric. Although the exact size of this ratio is unknown (and

could be time varying), a high incidence of slump warnings by policymakers implies a low

relative cost of the warning. A cost-loss ratio towards the lower end of the range, where

unanticipated slumps are relatively costly, would result in more frequent warnings.

17We assume that, in the short term, the warning does not alter the path of the macroeconomic variables.
The variables are treated as predetermined for one step ahead forecasts (nowcasts).
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As Pesaran and Granger (2000a, 2000b) note, this simple decision-theoretic framework

can be generalized in a number ways. For example, one could allow for multiple hierar-

chical actions (signals), time-varying loss and further asymmetries in the costs associated

with correct and incorrect warnings. Here, we keep things simple to provide a convenient

graphical representation of the variation in economic loss with the relative cost parameter,

R.

We should also emphasize that event warnings are commonly utilized in the meteorology

literature. For example, for a meteorology office to issue a public warning (for example, a

“red” alert for a storm) requires a probabilistic forecast for a given “extreme” event (based

on storm weather conditions).18 The meteorological offices publish forecast densities (often

on-line) but prefer to communicate with the public using storm warnings because some

forecast users find forecast densities hard to interpret. Similarly, in our macro application,

we assume that the policymaker wishes to communicate the risk of the slump to the public

via an event warning because forecast densities, and probabilities, pose interpretation issues

for some economic agents. In economics, event warnings by policymakers are verbal and

typically not formally color coded.19

To derive the optimal rule for publishing the warning, compare the expected cost of

the warning, C, to the expected cost of “no warning”, pr(∆yt < 0)L, where pr(∆yt < 0)

denotes the probability that negative growth occurs. If the policymaker minimizes the

expected cost, a warning corresponds to the case R = C/L < pr(∆yt < 0). On the other

hand, if R ≥ pr(∆yt < 0) then the policymaker issues no warning. Since the decision

to issue a warning depends on the probability, pr(∆yt < 0), communication requires a

probabilistic assessment.

Notice that the point forecasts (used to construct the RMSPE reported in the previous

18See the UK Met office explanation of storm warnings http://www.metoffice.gov.uk/guide/weather/warnings.
19However, consistent use of specific language provides a means to communicate event risk in both weather

and economic forecasting applications.
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section) do not provide enough information for the policymaker to decide whether to com-

municate. The time-varying forecast uncertainty of each expert matters. Notice also that

the loss function does not utilize the logarithmic score of the forecast densities. However,

we would hope that the experts performing well on that metric would produce probabilities

useful to a policymaker facing asymmetric loss.

We calculate the total loss over our evaluation period as:

TEL = n01L+ n10C + n11C (6)

where n01 is the number of times the policymaker did not issue a warning but negative

growth occurred, n10 is the number of times the policymaker issued a warning but negative

growth did not occur (false alarm) and n11 is the number of times a warning was issued

and negative growth did occur (correct alarm). The residual case (n00) has no warning

and no negative growth. So the economic loss in that case is zero. With 24 quarters in our

evaluation period n00+n01+n10+n11 = 24. In the revised data used for forecast evaluation,

there are 6 realizations with negative output growth between 2005Q1 and 2010Q4. Hence,

the event of interest occurs in a quarter of the observations under consideration.

Panel (a) of table 5 reports TEL for the output growth event for each expert using

values of R between 0.05 and 0.5.20 For values of R less than 0.2, implying a high economic

cost to society from an unanticipated slump (relative to an anticipated contraction) the

Great Depression expert results in lower TEL values than the (Great Moderation) bench-

mark (normalized to one). For example, for R equals 0.05, the loss ratio is around 46%,

implying a 54% improvement in performance. However, values of R greater than 0.15 give

mixed performance relative to the benchmark.

Arguably, the Great Moderation expert provides a relatively weak benchmark for low

values of R. Therefore, in panel (b) of table 5 we give the performance relative to the

20For R > 0.5 there are very few instances in which the experts issue any negative growth warnings.
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unconditional probability of the recession event (normalised to one), calculated as the pro-

portion of the observations within the last three years in which negative output growth

occurred.21 For values of R above 0.15, this approach gives higher economic loss than the

Great Moderation benchmark—that is, the row labelled Great Moderation shows relative

economic loss of less than one. However, for R below 0.2, the unconditional probability

provides a sterner test for the historical experts. Even by this standard, the Great De-

pression expert performs well. In this case, the Great Depression lowers the relative loss

for all values of R displayed, except 0.3 and 0.35. And, the best performance comes at

R = 0.1 when the relative TEL lies at 0.62—a performance differential in favour of the

Great Depression expert of around 38%.

It is clear from both panel (a) and (b) of table 5, however, that other experts, and the

LOP combination, can match the Great Depression. For example, Bretton Woods generally

outperforms the Great Depression expert and the Great Moderation expert, with loss ratios

typically (but not always) less than 1.0 for R values below 0.45. Panel (b) shows that the

Bretton Woods expert consistently outperforms the unconditional probability too, with

TEL ratios below 1.0 throughout the range of R values shown. Furthermore, the Gold

Standard expert is as good as, or beats the Great Depression expert for all values of R, as

does the LOP combination.

Panel (a) of figure 7 provides a plot of TEL against R for the Great Depression, Bretton

Woods, the LOP combination and the Great Moderation benchmark (normalized to TEL

equals 1.0). Looking across the range of values for R shown, Bretton Woods typically

dominates (although at R equals 0.2, the benchmark outperforms all experts). The LOP

combination provides better probabilistic forecasts than the Great Depression for R greater

than 0.25, and is never worse than the Great Depression.

Where does the Great Depression go wrong? Recall our earlier finding that the Great

21We calculated this unconditional probability over a three year real-time data window to match the window
length of the LOP expert combination.
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Depression expert lacks confidence; the forecast densities are typically very diffuse. As a

result, at values of R less than 0.4, the Great Depression expert always issues a negative

growth warning. Panels (c) and (d) of table 5 indicate that slump warnings are given in

all 24 observations in the evaluation, with 6 of them being correct and 18 incorrect. In

contrast, the Great Moderation expert rarely gives a warning. At R equals 0.3, for example,

this expert gives 2 correct warnings and 0 incorrect warnings in 24 periods. Bretton Woods

strikes the best compromise. For example, at R equals 0.3, there are 3 correct warnings,

and 0 incorrect slump warnings.

Turning to the economic value of inflation predictions, table 6 records relative loss, for

values of R of 0.5 and below, for the event where inflation is less than a threshold of 0.25%.

To some extent, the exact threshold is arbitrary but the results are similar for inflation

events in the range 0 to 0.5%.22 Here, we interpret R as the (unknown) relative economic

cost of anticipated to unanticipated “low” inflation events, where a policymaker wishes

to preemptively signal the probability of a low inflation event. There are 4 realizations

of inflation below the 0.25% threshold in the 24 observations covered by the evaluation.

Panel (a) displays the relative loss for each expert with the Great Moderation benchmark

normalized to one. Panel (b) records the relative loss with the unconditional probability

of the event normalized to one.

The Great Depression expert results in lower TEL values than the Great Moderation

benchmark (panel (a), normalized to one) for only R = 0.05. In panel (b), the Great

Depression beats the unconditional probability only for R less than 0.25. The LOP com-

bination typically matches or outperforms the Great Depression expert slightly. However,

the Bretton Woods and Great Inflation experts consistently beat the Great Depression

and the LOP combination for all values of R. These two experts also beat the Great

Moderation, and the unconditional probability, for all values of R shown.

Panels (c) and (d) of table 6 reveal the uncertainty, or lack of confidence, displayed by

22See the appendix for further details.
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the Great Depression expert. This expert does well in terms of giving correct warnings—

often getting all 4 realizations of inflation below the 0.25 threshold. However, for R below

0.40, the Great Depression expert issues a warning for every period in the evaluation. The

LOP combination typically matches the performance of the Great Depression expert, but

gives a lower number of false alarms for R in the range 0.35 to 0.5. The Bretton Woods

expert nearly matches the Great Depression (and the LOP combination) in terms of correct

warnings of low inflation events; and typically records fewer false alarms. In contrast, the

Great Inflation expert performs relatively well in terms of generating substantially fewer

false alarms, yet this expert foresees issues fewer correct inflation warnings.

Panel (b) of figure 7 plots the relative loss for the “low” inflation event, for both the

Great Recession and the Bretton Woods experts, together with the LOP combination,

relative to the Great Moderation benchmark. The Bretton Woods expert records the best

performance in the range 0.25 < R < 0.5. The Great Depression expert performs very

badly for some values of R, and (except at R = 0.05, a tie) is never the best expert and

the LOP combination performs at least as well for all values of R shown.

Overall, although the density forecasting evaluation based on the (time averaged) loga-

rithmic score suggests that the Great Depression expert outperforms the Great Moderation

benchmark, our economic evaluations based on events of interest for economic growth and

inflation weakens this conclusion. The Great Depression era was characterized by consider-

able uncertainty, resulting in very diffuse forecast densities. Therefore, this expert usually

correctly predicts the occurrence of extreme events, but (also) issues too many false alarms.

More confident historical experts perform better in general from an economic perspective.

In particular the Bretton Woods expert performs better than the Great Depression expert

for both output and inflation. Hence, although the Great Depression carries predictive

content for the Great Recession, when accounting for expert uncertainty, other eras are

informative, both individually and collectively, in our decision-theoretic evaluation.23

23If the Great Depression expert had the same forecast uncertainty as the Bretton Woods expert, the economic
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5 Conclusion

Our two main results are as follows. First, probabilistic predictions from the Great Depres-

sion would have proved useful in projecting the path of the Great Recession. Specifically, we

find that an expert utilizing data from this historical era, armed with a VAR, outperforms

the Great Moderation expert in terms of the average logarithmic score over the evaluation

period. This finding matches with the ocular analysis of Eichengreen and O’Rouke (2009a)

and others. But, the Great Depression is not the only era to have predictive power. In

particular, Bretton Woods and the LOP combination of experts perform very well too, in

a statistical sense.

We deploy a cost-loss analysis to illustrate the economic significance of the forecast per-

formance differentials for negative output growth and low inflation events. We find that

the Great Depression expert’s probabilistic forecasts for negative output growth events

would reduce economic loss relative to the Great Moderation benchmark for some parame-

terizations of the cost-loss ratio. But, other experts typically do better. In general, looking

across negative output growth and low inflation events, the probabilistic predictions from

the Great Depression perform poorly from this economic perspective. Since the diffuse

nature of the forecast densities from the Great Depression owes something to the VAR

model used for forecasting, as well as to the historical data, in future work, we plan to

extend our analysis to consider richer models, that vary across experts. An investigation

into whether theory-driven (cross-equation) restrictions reduce the uncertainty inherent in

the probabilistic predictions from the Great Depression expert seems like a fruitful avenue

for future research.

loss performance would match (approximately) that of the Bretton Woods expert. See the appendix for details.
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Table 2: Sample Estimates of VAR(4)

Sample
1890Q1-1913Q4 1919Q1-1939Q4 1946Q1-1971Q4 1972Q1-1983Q4 1984Q1-1999Q4

(a) Output Growth Equation

∆yt−1 0.404∗ 0.238† 0.312∗ 0.343∗ 0.235
∆yt−2 −0.033 0.045 0.161 −0.036 0.269†

∆yt−3 0.011 0.553∗ −0.006 −0.097 −0.201
∆yt−4 −0.311∗ −0.263∗ −0.284∗ −0.044 0.020
∆pt−1 0.112 0.334 0.153 −0.705† −0.059
∆pt−2 −0.270∗ −0.484 −0.149 0.371 −0.184
∆pt−3 −0.103 −0.400 −0.193 −0.595 −0.559
∆pt−4 −0.019 0.326 −0.027 0.162 0.125
Intercept 0.985∗ 0.213 0.900∗ 1.849∗ 0.998∗

R2 0.374 0.360 0.321 0.320 0.300

(b) Inflation Equation

∆yt−1 −0.040 −0.026 0.118∗ −0.005 0.075
∆yt−2 0.197∗ 0.044 0.022 −0.001 −0.031
∆yt−3 −0.095 0.150∗ −0.115∗ 0.023 −0.043
∆yt−4 0.141† −0.036 0.010 0.046 0.050
∆pt−1 0.135 0.938∗ 0.388∗ 0.528∗ 0.352∗

∆pt−2 −0.137 −0.245 0.112 0.229 0.051
∆pt−3 0.016 −0.254 0.115 0.280 0.359
∆pt−4 −0.277∗ 0.091 −0.126 −0.344∗ 0.226†

Intercept 0.078 −0.232 0.320∗ 0.500 −0.124

R2 0.189 0.654 0.408 0.561 0.616

Notes: The Gold Standard expert estimates a VAR(4) on data from 1890Q1 to 1913Q4. The other experts estimate

VAR(4) models on data from 1919Q1 to 1939Q4 (Great Depression), 1946Q1 to 1971Q4 (Bretton Woods), 1972Q1 to

1983Q4 (Great Inflation), and 1984Q1 to 1999Q4 (Great Moderation). The period 2000Q1 to 2004Q4 comprises the

training period to calculate initial weights for the Linear Opinion Pool combination. The observations from 2005Q1

to 2010Q4 are used for forecast evaluation. ∗ (†) indicates statistical significance at the 5% (10%) level.



Table 3: RMSPE Relative to Great Moderation Expert

2005Q1-2010Q4 2005Q1-06Q4 2007Q1-08Q4 2009Q1-10Q4

(a) Output Growth

Gold Standard 1.022 1.070 0.994 1.111
Great Depression 0.948 1.050 0.881 1.151
Bretton Woods 1.030 1.066 1.008 1.101
Great Inflation 1.482 1.724 1.258 2.114
Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.929 1.008 0.926 0.890

(b) Inflation

Gold Standard 2.047 3.354 2.142 1.080
Great Depression 1.973 2.689 2.304 1.328
Bretton Woods 0.955 0.709 1.231 0.811
Great Inflation 1.563 1.402 1.677 1.539
Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 1.359 2.185 1.553 0.656

Notes: One-sided Diebold-Mariano tests conducted at a 10% statistical significance level fail to reject the null

hypothesis of equal forecast accuracy between the forecasts of each historical expert (and the Linear Opinion Pool

combination) relative to the Great Moderation expert.



Table 4: Log Scores Relative to Great Moderation Expert

2005Q1-2010Q4 2005Q1-06Q4 2007Q1-08Q4 2009Q1-10Q4

(a) Output Growth

Gold Standard 0.736∗ 0.833 0.600 0.841
Great Depression 0.723∗ 0.829 0.576 0.832
Bretton Woods 0.839∗ 0.872 0.770 0.907
Great Inflation 0.855∗ 0.903 0.743 0.973
Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.726∗ 0.827 0.585 0.831

(b) Inflation

Gold Standard 0.772† 0.843 0.749 0.732
Great Depression 0.776† 0.841 0.757 0.739
Bretton Woods 0.785† 0.829 0.776 0.754
Great Inflation 0.845∗ 0.868 0.836 0.833
Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.766† 0.835 0.744 0.729

Notes: In testing the out of sample accuracy of the forecast densities of our historical experts (and the Linear Opinion

Pool combination) relative to the Great Moderation expert, the superscript ∗ (†) denotes rejection of the null of equal

density forecast performance at the 5% (1%) significance level.



Table 5: Economic Loss, Output Growth Event

Cost of Issuing a Negative Growth Warning
0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

(a) Total Economic Loss Relative to Great Moderation Benchmark

Gold Standard 0.46 0.55 0.81 1.05 1.22 1.30 0.91 0.85 0.90 1.09
Great Depression 0.46 0.55 0.81 1.09 1.33 1.57 1.57 1.44 1.09 0.91
Bretton Woods 0.44 0.48 0.70 1.05 0.94 0.85 0.88 0.89 1.00 1.00
Great Inflation 0.44 0.36 1.03 1.00 1.17 1.15 1.00 1.11 1.10 1.09
Great Moderation 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Linear Opinion Pool 0.46 0.55 0.81 1.09 1.33 1.50 1.30 1.11 0.80 1.00

(b) Total Economic Loss Relative to Unconditional Probability Benchmark

Gold Standard 0.71 0.62 0.83 0.82 0.81 0.85 0.60 0.54 0.76 1.00
Great Depression 0.71 0.62 0.83 0.86 0.89 1.01 1.04 0.93 0.92 0.83
Bretton Woods 0.68 0.54 0.71 0.82 0.63 0.55 0.58 0.57 0.85 0.92
Great Inflation 0.68 0.41 1.06 0.79 0.78 0.75 0.66 0.71 0.93 1.00
Great Moderation 1.53 1.13 1.02 0.79 0.67 0.65 0.66 0.64 0.84 0.92
Linear Opinion Pool 0.71 0.62 0.83 0.86 0.89 0.97 0.86 0.71 0.67 0.92

(c) Number of Correct Alarms (n11)

Gold Standard 6 6 6 6 6 6 5 3 2 0
Great Depression 6 6 6 6 6 6 6 5 5 4
Bretton Woods 6 6 5 3 3 3 2 2 1 1
Great Inflation 6 6 2 2 1 1 1 0 0 0
Great Moderation 4 2 2 2 2 2 1 1 1 1
Linear Opinion Pool 6 6 6 6 6 6 5 4 3 1

(d) Number of False Alarms (n10)

Gold Standard 18 18 18 17 16 14 6 1 0 0
Great Depression 18 18 18 18 18 18 18 12 6 2
Bretton Woods 17 15 9 5 2 0 0 0 0 0
Great Inflation 17 10 2 0 0 0 0 0 0 0
Great Moderation 8 2 1 0 0 0 0 0 0 0
Linear Opinion Pool 18 18 18 18 18 17 12 6 0 0

Notes: The unconditional probability benchmark uses the proportion of past observations where ∆yt < 0 using a

window of 12 quarters and real time data. The number of times an expert fails to predict a negative output growth

event which then occurred can be calculated using panel (c) and n01 = 6 − n11 where 6 is the number of negative

growth occurrences in the evaluation sample.



Table 6: Economic Loss, Inflation Events

Cost of Issuing a Low Inflation Warning
0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

(a) Total Economic Loss Relative to Great Moderation Benchmark

Gold Standard 0.77 1.20 1.64 1.41 1.60 1.76 1.89 2.00 2.30 2.30
Great Depression 0.77 1.20 1.64 1.41 1.60 1.76 1.89 1.92 2.32 1.80
Bretton Woods 0.77 1.20 1.64 1.35 1.13 0.90 0.76 0.58 0.73 0.70
Great Inflation 0.61 1.45 1.39 0.88 1.00 0.88 0.83 0.79 0.73 0.70
Great Moderation 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Linear Opinion Pool 0.77 1.20 1.64 1.41 1.60 1.76 1.89 1.88 0.88 0.60

(b) Total Economic Loss Relative to Unconditional Probability Benchmark

Gold Standard 0.83 0.67 0.92 0.96 1.20 1.38 1.79 2.00 2.20 2.88
Great Depression 0.83 0.67 0.92 0.96 1.20 1.38 1.79 1.91 2.22 2.25
Bretton Woods 0.83 0.67 0.92 0.92 0.85 0.71 0.73 0.58 0.70 0.88
Great Inflation 0.65 0.81 0.78 0.60 0.75 0.69 0.79 0.79 0.70 0.88
Great Moderation 1.07 0.56 0.56 0.68 0.75 0.79 0.95 1.00 0.96 1.25
Linear Opinion Pool 0.83 0.67 0.92 0.96 1.20 1.38 1.79 1.88 0.85 0.75

(c) Number of Correct Alarms (n11)

Gold Standard 4 4 4 4 4 4 4 4 4 4
Great Depression 4 4 4 4 4 4 4 4 3 3
Bretton Woods 4 4 4 3 3 3 2 2 1 1
Great Inflation 4 2 2 2 1 1 1 1 1 1
Great Moderation 3 3 3 2 2 2 2 2 2 2
Linear Opinion Pool 4 4 4 4 4 4 4 3 3 2

(d) Number of False Alarms (n10)

Gold Standard 20 20 20 20 20 20 20 20 20 19
Great Depression 20 20 20 20 20 20 20 19 19 13
Bretton Woods 20 20 20 15 10 6 2 0 0 0
Great Inflation 15 7 5 3 2 1 1 1 0 0
Great Moderation 8 7 5 5 5 5 5 5 4 4
Linear Opinion Pool 20 20 20 20 20 20 20 17 4 0

Notes: The unconditional probability benchmark uses the proportion of past observations where ∆pt < 0.25 using a
window of 12 quarters and real time data. The number of times an expert fails to predict a low inflation event which
then occurred can be calculated using panel (c) and n01 = 4−n11 where 4 is the number of low inflation occurrences
in the evaluation sample.
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Figure 2: Output Growth Forecast Means and Realizations 2005-2010

2005 2006 2007 2008 2009 2010 2011
−3

−2

−1

0

1

2

3

Gold Standard Expert

2005 2006 2007 2008 2009 2010 2011
−3

−2

−1

0

1

2

3

Great Depression Expert

2005 2006 2007 2008 2009 2010 2011
−3

−2

−1

0

1

2

3

Bretton Woods Expert

2005 2006 2007 2008 2009 2010 2011
−3

−2

−1

0

1

2

3

Great Inflation Expert

2005 2006 2007 2008 2009 2010 2011
−3

−2

−1

0

1

2

3

Great Moderation Expert

2005 2006 2007 2008 2009 2010 2011
−3

−2

−1

0

1

2

3

LOP Combination

Notes: The dashed lines depict the realizations and the solid lines the means of the forecast densities.



Figure 3: Output Growth Forecast Densities 2008Q4
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Notes: The vertical dashed lines indicate the location of the realization in 2008Q4 and the vertical dotted lines indicate the

means of the forecast densities.



Figure 4: Linear Opinion Pool Weights 2005 - 2010
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Notes: The solid line with no symbol is the weight on the Gold Standard expert, the dashed line represents the Great

Depression expert, the solid line with the circle symbol the Bretton Woods expert and the solid line with the square symbol

the Great Inflation expert. Finally the solid line with the star symbol (which barely departs from zero) represents the Great

Moderation expert.



Figure 5: Inflation Forecast Means and Realizations 2005-2010
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Figure 6: Inflation Forecast Densities 2009Q2
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Notes: The vertical dashed lines indicate the location of the realization in 2009Q2 and the vertical dotted lines indicate the

means of the forecast densities.



Figure 7: Economic Loss Relative to Great Moderation Expert
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A.1



A.1 Data

Croushore and Stark (2001) emphasize that many US macroeconomic variables are revised.
Ignoring this issue and using heavily revised data obscures real-time predictive content in
general. In the main text of the paper, we utilize real-time quarterly measurements for our
two US macroeconomic variables: output growth and inflation.

The real Gross National Product (GNP) and the GNP deflator measures come from the
Federal Reserve Bank of St Louis Archival Dataset (ALFRED). This collection of vintages
of National Income and Product Accounts allows us to select the vintage that reflects the
information available at the end of the respective quarter. Then all out of sample forecasts
(including those used to “train” the expert combination) are based on the most recently
available data vintage at the end of each quarter. Table A1 gives a list of the latest available
data vintage for each period that we forecast. Note that in quarterly observation t, the latest
vintage contains data up to and including t − 1. We use this to forecast output growth
and inflation for observation t. In this sense, we refer to this as an out of sample real time
forecasting exercise.

The VAR parameters estimated for each expert are based on historical data. In principle,
the parameters of each expert’s VAR could be based on the data available in that era. In
practice, however, national income accounting did not exist prior to WWI, so real-time mea-
surements for the Gold Standard would be infeasible. For the four eras prior to the Great
Moderation, we use data from Balke and Gordon (1986). (These data are seasonally adjusted
using the X-12-ARIMA seasonal adjustment program from the U.S. Census Bureau.) For the
Great Moderation expert, the data are from the Federal Reserve Economic Data (FRED)
database of the St Louis Federal Reserve Bank.

Regardless of the source of the data, logarithmic first differences are used to produce the
output growth and inflation variables utilized in the analysis.

In the main text of the paper, we evaluate forecasts against the “final” vintage: the vintage
released September 27th 2012. Results given below in this appendix are based on alternative
definitions of the “target” to be forecast. In particular, the first and second releases of each
observation.

A.2 Density Forecast Evaluation with Logarithmic

Scores

Logarithmic scores provide the statistical metric for our density forecast evaluations. We take a
numerical approach to construct the natural logarithm of the predictive density at the outturn.
We derive the predictive density from the cumulative Student’s t−distribution:

F (∆y|νi) =

∫ ∆y

− inf

Γ
(
νi+1

2

)
Γ
(
νi
2

) 1
√
νiπ

1(
1 + s2

νi

) νi+1

2

ds (A.1)

using the tcdf command in Matlab.

A.2



A.3 Additional Results

Alternative Post-WWII Eras

Bordo and Haubrich (2008) use two different divisions of the post-WWII data. The first is
very similar to ours and has three eras: Bretton Woods, the Great Inflation and the Great
Moderation. The second combines the last two eras into a single, post-Bretton Woods era. We
repeated the analysis presented in the paper with just two post-WWII eras: Bretton Woods
(1946Q1 to 1971Q4) and post-Bretton Woods (1972Q1 to 1999Q4).

The results from this experiment appear in table A2 which reports root mean squared
prediction errors (RMSPE) and (time averaged) logarithmic scores (at the end of the eval-
uation period) relative to the post-Bretton Woods expert. The results are little changed by
this alternative subdivision of the post-WWII data. The Great Depression expert performs
relatively well, but other experts matter. Specifically, looking at output growth evaluating
forecasts based on logarithmic scores, the Great Depression expert and the Linear Opinion
Pool (LOP) combination outperform the benchmark, as do other experts. The performance
differentials are more modest than those reported in the main text of the paper because the
single post-Bretton Woods expert benchmark performs slightly better than the Great Moder-
ation expert utilized as the benchmark there. Pooling the data from the Great Inflation and
Great Moderation eras also typically results in slightly more diffuse forecast densities than in
the case with only Great Moderation data. Nevertheless, there are significant gains in forecast
accuracy for the historical experts by the logarithmic score metric.

From the perspective of point forecasting, evaluating forecasts based on RMSPE, the Great
Depression experts and the Linear Opinion Pool (LOP) combination of experts show modest
(and statistically insignificant) gains relative to the (post-Bretton Woods) benchmark for out-
put growth. But the benchmark produces a slightly better RMSPE for inflation.

Alternative VAR Lag Orders

The main text of the paper has each expert utilizing a VAR(4). Table A3 reports RMSPE and
logarithmic scores for alternative lag structures in the VARs (VAR(1), VAR(2) and VAR(8)),
with all statistics reported relative to the VAR(4) case by the corresponding expert. This table
shows that the logarithmic scores for our experts vary little with the VAR lag order. Of the
performance ratios for density forecasting displayed, only 1 implies a difference in predictive
ability relative to the VAR(4) that exceeds 4% in absolute value. (For the Great Inflation
expert, the VAR(8) implies a worsening in predictive ability of 21% relative to the VAR(4)
for output growth.) For example, for the Great Depression expert (LOP combination), the
difference never exceeds 2% (1%). Again, there are significant gains in forecast accuracy in
terms of the logarithmic score for the Great Depression and the other historical experts across
both variables.

For RMSPE, there is more variation across lag lengths and performance is generally (but
not always) superior with a lag length of less than four. Notably, the VAR(1) point forecasts
are most improved, relative to the VAR(4), for inflation for the Gold Standard and the Great
Depression experts. Nevertheless, even in the case of the VAR(1) for inflation, the benchmark
Great Moderation VAR (4) dominates all experts, apart from Bretton Woods.
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Alternative LOP Window Lengths

In the paper, we report results where the weights in the LOP combination are calculated over a
window length of κ = 12 quarters. Table A4 shows both density and point forecasting perfor-
mance metrics for the LOP combination forecasts with the weights calculated over alternative
window lengths: 4, 8, 12, 16 and 20 quarters. These metrics are reported relative to the case
given in the main text of the paper, that is κ = 12. The logarithmic score improves slightly as
the LOP combination window length increases for output growth, but not for inflation where
performance is unaffected. The RMSPE improves for output growth but deteriorates for infla-
tion as the window length increases. Across values of κ, the results are consistent with those in
the main text of the paper. The LOP outperforms the Great Moderation benchmark in terms
of logarithmic scores, but there are no statistically significant gains with respect to RMSPE.

Alternative LOP Combinations

The main text reports forecast evaluations for a LOP combination of experts. Table A5 reports
results in terms of RMSPE and logarithmic score (relative to the Great Moderation VAR (4))
with a selection of alternative aggregation methods. The first is a simple equal weighted LOP
forecast density average, in which each of the individual forecasts receive a weight of 0.20 in
the combination for all observations. The second uses a LOP combination of bias-corrected
individual forecast densities. The two-step approach follows Ravazzolo and Vahey (2013). We
estimate the forecast bias as the average distance of the mean of each forecast density from the
realization over the window τ − κ to τ − 1. Finally, we report results for a variant of the LOP
based on the “optimised” weights discussed by Hall and Mitchell (2005) and Amisano and
Geweke (2011). This utilizes weights that maximise the logarithmic score of the expert-based
system over the window τ − κ to τ − 1 for each time period. These alternative combinations
are inferior to the LOP results reported in the main text in terms of RMSPE (although not
statistically significant). The logarithmic scores are very similar to those reported in the main
text.

Alternative Targets

In the paper, we evaluate our individual expert and LOP combination forecasts against the
final vintage of output growth and inflation data (released September 27th). Table A6 reports
RMSPE and logarithmic scores utilizing first and second release data to define the realiza-
tions. Regardless of the target variable definition, the same picture arises in terms of density
forecasting. The Great Depression expert produces relatively accurate density forecasts for
both variables—outperforming the Great Moderation VAR(4) benchmark based on logarith-
mic score—but other experts do at least as well. Also, in terms of point forecasts, utilizing the
RMSPE as the performance metric, the Great Depression fails to outperform the benchmark
for both variables.

Probability Integral Transforms

Figures A1 and A2 report histograms of the probability integral transforms for each of our
experts over the 2005Q1 to 2010Q4 evaluation. These exhibit departures from the uniform
distribution, providing an ocular assessment of forecast density calibration. Looking across
the two variables of interest, the Great Depression expert produces forecast densities that are
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too diffuse giving probability integral transforms that cluster in the middle of the range. In
contrast, the Bretton Woods expert gives forecast densities that are closer to uniform, although
there are too few realizations in the upper tail for output growth, and in both the upper and
lower tails for inflation. Given the short evaluation sample of just 24 quarters, including the
Great Recession, uniformity for the probability integral transforms represents a relatively strict
performance criterion.

Extant Experts

In the main text of the paper, each historical expert only considers evidence from her own
era. An alternative experiment would be to allow experts to learn from their own era and all
subsequent eras. To estimate the VAR(4) of the extant Great Depression expert, we pooled
the data from 1919Q1 onwards and treated the other experts analogously. (The extant Great
Moderation expert is equivalent to the original Great Moderation expert reported in the main
text and uses data from 1984Q1 to 1999Q4 for parameter estimation.)

Table A7 reports the VAR(4) parameter estimates for the extant experts. Table A8 reports
the corresponding RMSPE and logarithmic scores. The results for density forecasting match
closely those displayed in the main text of the paper (table 4).

In terms of point forecasting, however, relative RMSPE improves with learning. That
is, the extant experts come closer to matching the benchmark than the era-specific experts
considered in the main text (table 3). For output growth, there is a more modest improvement
in RMSPE for some experts, although not for the Great Depression.

AR(4) Models

We report results in table 9 for an experiment in which each expert utilizes a univariate AR(4)
model, rather than a VAR(4) as in the main text of the paper.

The (time averaged) logarithmic scores (relative to a AR(4) Great Moderation benchmark)
closely resemble those reported in the main text. The Great Depression expert outperforms
the benchmark by in excess of 25% for both variables. Other historical exports are comparable,
along with the LOP combination. The forecast improvement is significant at the 10% level for
all experts.

The Great Depression expert delivers more modest (less than 10%) and statistically in-
significant gain in RMSPE for output growth (relative to a AR(4) Great Moderation bench-
mark), as does both the Great Inflation expert and the LOP combination. None of the experts
outperform the benchmark in terms of RMSPE for inflation.

Alternative Benchmarks

In the paper, we report results relative to the VAR (4) Great Moderation benchmark. An
alternative benchmark would be a univariate AR(4) for each variable—abstracting from the
dependence between the two macro variables. Results using these respective benchmarks
are reported in panel (a) of table A10. Panel (b) adopts a recursively estimated VAR(4)
benchmark, in which the parameters are updated through the evaluation period. Overall,
drawing conclusions across panels (a) and (b), the conclusions are similar to the main text.
Namely, the Great Depression expert performs well relative to the benchmark in terms of
density forecasting (with some variation in the magnitude and statistical significance of the
performance differential). But, other historical experts perform comparably, as does the LOP
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combination. In terms of point forecasting performance, either the experts can’t match the
benchmark, or the differentials are statistically insignificant.

Another approach to benchmarking would be to pool the data across historical eras and
estimate the benchmark VAR(4) on the full sample. This VAR is the same as the extant
Gold Standard expert case, with estimated VAR parameters reported in table A7 of this
appendix. For example, the Great Depression expert utilized to generate results in tables 3
and 4 (of the main text) produces performance comparable to this alternative benchmark,
labelled Gold Standard in table A8 (of this appendix), for both variables in terms of density
forecasting and for output growth in terms of point forecasting. (The Great Depression expert
fails to outperform this alternative benchmark for inflation on the basis of RMSPE.) Hence,
we conclude that the Great Depression expert (and other experts) compare well with a full
historical VAR in terms of out-of-sample density forecasting. Nevertheless, the full historical
sample VAR(4) provides a tougher benchmark than the Great Moderation VAR(4) reported
in the main text. We note, however, that historical data were conventionally ignored in macro
prediction exercises towards the end of the Great Moderation. This provides some motivation
for utilizing the Great Moderation VAR(4) benchmark in the main text as the basis for our
out of sample evaluation exercise spanning the Great Recession.

Alternative Horizons

In the main paper, we report one quarter ahead out of sample forecasts. In this appendix,
we report RMSPE and logarithmic scores for two and four quarter ahead “direct” forecasts.
To do this for the two quarter ahead forecast we alter the lag polynomials in the VAR to be
βi,yy(L) =

∑5
j=2 βi,yy,jL

j etc. In the case of the four quarter ahead forecast we alter the lag

polynomials in the VAR to be βi,yy(L) =
∑7

j=4 βi,yy,jL
j etc. The results of these experiments

are reported in table A11. At both horizons, the results are qualitatively similar to the one
step ahead case reported in the main text. That is, the Great Depression expert performs
well relative to the VAR(4) Great Moderation benchmark in terms of density forecasting.
Yet, some other historical experts perform are competitive with the Great Depression expert,
as is the LOP combination of experts. In terms of point forecasting performance, either
the experts can’t match the benchmark, or the differentials are statistically insignificant. The
Great Depression expert performs particularly badly on the basis of RMSPE at longer horizons.

Alternative Inflation Thresholds

In the economic forecast evaluation section of the main paper, we report results utilizing an
(annualized) inflation threshold of 0.25%. This event occurs in four of the 24 observations in the
out of sample evaluation. Here we consider economic loss for alternative inflation thresholds.
Table A12 reports economic loss (relative to the benchmark Great Moderation VAR(4)) for
inflation thresholds of 0%, 0.1%, 0.2%, 0.3%, 0.4% and 0.5%. During the evaluation, the
number of events corresponding to inflation below these threshold are 1, 1, 3, 4, 7 and 11,
respectively. For inflation thresholds of 0.4% and less, the Great Depression expert typically
issues too many false alarms. However, there is a range of values for R over which other experts
(e.g. Bretton Woods or the Great Inflation) deliver a reduction in economic loss. For the 0.5%
threshold, the benchmark dominates in every case except for Bretton Woods with R in excess
of 0.4.
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A Hybrid Expert

The Great Depression expert often performs poorly in terms of economic loss because the
uncertainty around the forecast causes too many false alarms. Here, we construct a hybrid
expert to illustrate this point. The hybrid forecast density utilizes the mean of the forecast
density from the Great Depression expert but the forecast error standard deviation of the
Bretton Woods expert. Table A13 shows a reduction in economic loss for this hybrid expert
relative to the Great Depression expert for values of R in the range 0.20 ≤ R < 0.5. The table
also reveals the number of false alarms from the hybrid to be considerably lower than for the
Great Depression expert for some values of R.
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Table A1: Release Dates, Data Vintages, 2000Q1-2010Q4

2000Q1 00/03/30 2006Q1 06/03/30
2000Q2 00/06/29 2006Q2 06/06/29
2000Q3 00/09/28 2006Q3 06/09/28
2000Q4 00/12/21 2006Q4 06/12/21
2001Q1 01/03/29 2007Q1 07/03/29
2001Q2 01/06/29 2007Q2 07/06/28
2001Q3 01/09/28 2007Q3 07/09/27
2001Q4 01/12/21 2007Q4 07/12/20
2002Q1 02/03/28 2008Q1 08/03/27
2002Q2 02/06/27 2008Q2 08/06/26
2002Q3 02/09/27 2008Q3 08/09/26
2002Q4 02/12/20 2008Q4 08/12/23
2003Q1 03/03/27 2009Q1 09/03/26
2003Q2 03/06/26 2009Q2 09/06/25
2003Q3 03/09/26 2009Q3 09/09/30
2003Q4 03/12/23 2009Q4 09/12/22
2004Q1 04/03/25 2010Q1 10/03/26
2004Q2 04/06/25 2010Q2 10/06/25
2004Q3 04/09/29 2010Q3 10/09/30
2004Q4 04/12/22 2010Q4 10/12/22
2005Q1 05/03/30
2005Q2 05/06/29
2005Q3 05/09/29
2005Q4 05/12/21

Notes: Release dates are reported as YY/MM/DD.
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Table A2: Forecast Evaluations for Alternative Post-WWII Eras,
2005Q1-2010Q4

RMSPE Log Scores
Output Growth Inflation Output Growth Inflation

Gold Standard 1.041 1.946 0.841† 0.906∗

Great Depression 0.966 1.876 0.825† 0.912∗

Bretton Woods 1.050 0.908 0.958† 0.921∗

Post-Bretton Woods 1.000 1.000 1.000 1.000

Linear Opinion Pool 0.943 1.330 0.829† 0.900∗

Notes: (1) These statistics are reported relative to a benchmark VAR(4) with parameters estimated on

the sample 1972Q1 to 1999Q4. The target is the final (September 27th, 2012) vintage. (2) A Diebold-

Mariano test failed to reject the null hypothesis of equal forecast accuracy between each historical

expert and the benchmark at the 10% significance level. (3) For the Amisano-Giacomini test of forecast

density accuracy, the superscript ∗ (†) denotes rejection of the null of equal forecast accuracy at the

5% (10%) significance level.
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Table A3: Forecast Evaluations with Alternative VAR Lag Lengths,
2005Q1-2010Q4

Output Growth Inflation
VAR(1) VAR(2) VAR(8) VAR(1) VAR(2) VAR(8)

RMSPE

Gold Standard 0.929 0.961 1.208 0.716 0.813 0.823
Great Depression 1.003 0.978 1.220 0.744 0.850 1.173
Bretton Woods 0.901 1.025 1.061 0.888 0.863 1.193
Great Inflation 0.902 0.923 1.842 1.089 0.838 1.159
Great Moderation 0.922 1.046 1.041 1.034 0.978 1.091
Linear Opinion Pool 0.983 0.974 1.191 0.845 0.849 1.009

Log Scores

Gold Standard 0.988 1.001 1.014 0.991 0.994 0.995
Great Depression 0.996 0.999 1.009 0.988 0.992 1.010
Bretton Woods 0.960 1.009 1.031 0.991 0.989 1.027
Great Inflation 1.007 0.958 1.213 1.028 0.976 1.001
Great Moderation 1.019 1.004 0.975 1.030 0.991 0.963
Linear Opinion Pool 0.994 1.001 1.008 0.996 0.998 0.998

Notes: The figures in the table above are RMSPE and logarithmic scores of the forecasts generated by

a VAR of order p relative to those generated by a VAR(4) for the same expert. The target is the final

(September 27th, 2012) vintage.
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Table A4: Forecast Evaluations for Alternative LOP Combination Window
Lengths, 2005Q1-2010Q4

RMSPE Log Scores
Output Growth Inflation Output Growth Inflation

κ = 4 1.046 0.867 1.010 0.998
κ = 8 1.018 0.949 1.002 0.999
κ = 12 1.000 1.000 1.000 1.000
κ = 16 0.989 1.053 0.999 1.000
κ = 20 0.999 1.109 0.998 1.001

Notes: target is the final (September 27th, 2012) vintage. RMSPE and Log Scores are reported relative

to those of the LOP with κ = 12.

Table A5: Forecast Evaluations for Alternative LOP Combination Methods,
2005Q1-2010Q4

RMSPE Log Scores
LOP combination Output Growth Inflation Output Growth Inflation

Equal Weight 1.026 1.034 0.744∗ 0.765∗∗

Bias Adjustment 1.217 1.409 0.731∗ 0.767∗∗

Optimized Weights 0.948 1.863 0.722∗ 0.775∗∗

Notes: (1) Forecast evaluations are relative to a benchmark Great Moderation VAR(4); and, the target is

the final (September 27th, 2012) vintage. (2) A Diebold-Mariano test failed to reject the null hypothesis

of equal forecast accuracy between each historical expert and the benchmark at the 10% significance

level. (3) For the Amisano-Giacomini test of forecast density accuracy, the superscript ∗∗ (∗) denotes

rejection of the null of equal forecast accuracy at the 1% (5%) significance level.
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Table A6: Forecast Evaluations for Alternative Targets, 2005Q1-2010Q4

RMSPE Log Scores
Output Growth Inflation Output Growth Inflation

a) Target is 1st Release

Gold Standard 1.033 2.016 0.795∗ 0.782∗∗

Great Depression 1.051 1.971 0.789∗ 0.787∗∗

Bretton Woods 1.041 1.080 0.857∗ 0.804∗

Great Inflation 1.709 1.720 0.891† 0.875∗

Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.932 1.340 0.789∗ 0.778∗∗

(b) Target is 2nd Release

Gold Standard 1.041 2.040 0.787∗ 0.789∗∗

Great Depression 1.044 1.992 0.780∗ 0.794∗∗

Bretton Woods 1.042 1.090 0.852∗ 0.809∗∗

Great Inflation 1.695 1.751 0.886† 0.881∗

Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.938 1.352 0.779∗ 0.784∗∗

Notes: (1) Forecast evaluations are relative to a benchmark Great Moderation VAR(4). (2) A Diebold-
Mariano test failed to reject the null hypothesis of equal forecast accuracy between each historical
expert and the benchmark at the 10% significance level. (3) For the Amisano-Giacomini test of forecast
density accuracy, the superscripts †, ∗ and ∗∗ denote that the null of equal forecast performance is
rejected at the 10%, 5% or 1% significance level, respectively.
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Table A7: Sample Estimates of VAR(4), Extant Experts

Sample
1890-1913, 1919-39 1919-39 1946-1999 1972-1999 1984-1999

& 1946-99 & 1946-99

(a) Output Growth Equation

∆yt−1 0.358∗ 0.273∗ 0.340∗ 0.369∗ 0.235
∆yt−2 −0.003 0.044 0.132† 0.068 0.269†

∆yt−3 0.266∗ 0.429∗ −0.043 −0.101 −0.201
∆yt−4 −0.292∗ −0.265∗ −0.192∗ −0.006 0.020
∆pt−1 0.138† 0.290∗ 0.032 −0.441† −0.059
∆pt−2 −0.265∗ −0.391∗ −0.073 0.298 −0.184
∆pt−3 −0.120 −0.290† −0.219† −0.444† −0.559
∆pt−4 −0.068 0.253∗ 0.006 0.304 0.125
Intercept 0.640∗ 0.493∗ 0.883∗ 0.815∗ 0.998∗

R2 0.271 0.295 0.266 0.274 0.300

(b) Inflation Equation

∆yt−1 0.032 0.009 0.067† 0.031 0.075
∆yt−2 0.063† 0.018 −0.030 −0.012 −0.031
∆yt−3 −0.003 0.092∗ −0.059 0.060 0.043
∆yt−4 0.019 −0.042 0.047 0.032 0.050
∆pt−1 0.518∗ 0.903∗ 0.575∗ 0.571∗ 0.352∗

∆pt−2 0.023 −0.152† 0.148∗ 0.239∗ 0.051
∆pt−3 0.096 −0.132 0.139† 0.276∗ 0.359∗

∆pt−4 −0.156∗ 0.052 −0.145∗ −0.124 0.227†

Intercept 0.163∗ 0.122† 0.224∗ −0.052 −0.124

R2 0.370 0.637 0.574 0.812 0.617

Notes: The extant Gold Standard expert uses a VAR(4) with parameters estimated on pooled historical
data from 1890Q1 onwards. That is, data from the Gold Standard and all subsequent eras. The other
experts are treated analogously.
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Table A8: Forecast Evaluations for Extant Experts, 2005Q1-2010Q4

RMSPE Log Scores
Output Growth Inflation Output Growth Inflation

Gold Standard 0.939 0.988 0.738∗ 0.763∗∗

Great Depression 0.973 1.197 0.746∗ 0.774∗∗

Bretton Woods 1.009 1.010 0.862∗ 0.801∗∗

Great Inflation 0.981 1.063 0.875∗ 0.852∗∗

Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.952 1.011 0.745∗ 0.766∗∗

Notes: (1) Forecast evaluations are relative to a benchmark Great Moderation VAR(4); and, the target is

the final (September 27th, 2012) vintage. (2) A Diebold-Mariano test failed to reject the null hypothesis

of equal forecast accuracy between each historical expert and the benchmark at the 10% significance

level. (3) For the Amisano-Giacomini test of forecast density accuracy, the superscript ∗∗ (∗) denotes

rejection of the null of equal forecast accuracy at the 1% (5%) significance level.

Table A9: Forecast Evaluations for Experts with AR(4), 2005Q1-2010Q4

RMSPE Log Scores
Output Growth Inflation Output Growth Inflation

Gold Standard 1.156 1.740 0.746∗ 0.732∗

Great Depression 0.940 1.820 0.726∗ 0.737∗

Bretton Woods 1.018 1.008 0.825∗ 0.752∗∗

Great Inflation 0.921 1.673 0.779∗ 0.846∗

Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.975 1.353 0.733∗ 0.730∗

Notes: (1) Forecast evaluations are relative to a benchmark Great Moderation AR(4); and, the target is
the final (September 27th, 2012) vintage. (2) A Diebold-Mariano test failed to reject the null hypothesis
of equal forecast accuracy between each historical expert and the benchmark at the 10% significance
level. (3) For the Amisano-Giacomini test of forecast density accuracy, the superscript ∗∗ (∗) denotes
rejection of the null of equal forecast accuracy at the 1% (5%) significance level.
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Table A10: Forecast Evaluations Relative to Alternative Benchmarks,
2005Q1-2010Q4

RMSPE Log Scores
Output Growth Inflation Output Growth Inflation

(a) Benchmark is Univariate AR(4)

Gold Standard 1.091 2.000 0.743∗ 0.736∗∗

Great Depression 1.012 1.928 0.730∗ 0.740∗∗

Bretton Woods 1.099 0.933 0.847∗ 0.748∗∗

Great Inflation 1.581 1.527 0.864† 0.805∗∗

Great Moderation 1.067 0.977 1.010 0.953
Linear Opinion Pool 0.992 1.329 0.733∗ 0.731∗∗

(b) Benchmark is Recursive VAR(4)

Gold Standard 1.028 2.236 0.752∗ 0.814∗

Great Depression 0.954 2.155 0.738∗ 0.819∗

Bretton Woods 1.037 1.044 0.856∗ 0.828∗

Great Inflation 1.491 1.707 0.873† 0.891∗

Great Moderation 1.006 1.092 1.021 1.054
Linear Opinion Pool 0.935 1.485 0.741∗ 0.808∗

Notes: (1) Each univariate AR(4) benchmark is estimated over the 1984Q1-1999Q4 sample; the re-

cursive VAR(4) benchmark is estimated over an expanding window that starts in 1984Q1. (2) The

target is the final (September 27th, 2012) vintage. (3) A Diebold-Mariano test failed to reject the null

hypothesis of equal forecast accuracy between each historical expert and the benchmark at the 10%

significance level. (4) For the Amisano-Giacomini test of forecast density accuracy, the superscripts †, ∗
and ∗∗ denote that the null of equal forecast performance is rejected at the 10%, 5% or 1% significance

level, respectively.
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Table A11: Forecast Evaluations for Alternative Forecast Horizons,
2005Q1-2010Q4

RMSPE Log Scores
Output Growth Inflation Output Growth Inflation

a) Forecast Horizon t+ 2

Gold Standard 1.100 2.142 0.729∗ 0.706∗∗

Great Depression 0.946 3.368 0.713∗ 0.675∗∗

Bretton Woods 1.136 1.040 0.869∗ 0.821∗∗

Great Inflation 1.598 1.863 0.859† 0.821∗

Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.936 1.507 0.716∗ 0.682∗∗

(b) Forecast Horizon t+ 4

Gold Standard 1.234 1.443 0.785∗ 0.770∗∗

Great Depression 0.866 4.736 0.806∗ 0.842∗∗

Bretton Woods 1.125 1.259 0.800∗ 0.802∗∗

Great Inflation 1.612 3.394 0.892∗ 1.093
Great Moderation 1.000 1.000 1.000 1.000
Linear Opinion Pool 0.975 1.297 0.778∗ 0.770∗∗

Notes: (1) Forecast evaluations are relative to a benchmark Great Moderation VAR(4); and, the target is

the final (September 27th, 2012) vintage. (2) A Diebold-Mariano test failed to reject the null hypothesis

of equal forecast accuracy between each historical expert and the benchmark at the 10% significance

level. (3) For the Amisano-Giacomini test of forecast density accuracy, the superscripts †, ∗ and ∗∗
denote that the null of equal forecast performance is rejected at the 10%, 5% or 1% significance level,

respectively.
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Table A12: Economic Loss for Alternative Inflation Event Thresholds,
2005Q1-2010Q4

Relative Cost of Issuing an Inflation Warning
0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

(a) π < 0
Gold Standard 0.89 1.50 1.89 2.18 2.67 3.27 3.50 4.36 4.74 3.00
Great Depression 0.89 1.50 1.89 2.18 2.67 3.27 3.35 3.09 3.32 3.00
Bretton Woods 0.89 1.19 0.95 0.45 0.67 0.59 0.56 0.45 0.53 0.67
Great Inflation 1.00 0.88 0.76 0.64 0.67 0.59 0.56 0.45 0.53 0.67
Linear Opinion Pool 0.89 1.50 1.89 2.18 2.67 3.14 1.75 1.00 1.00 0.67

(b) π < 0.1%
Gold Standard 3.00 1.41 1.76 2.18 2.40 2.57 2.71 3.20 3.86 2.17
Great Depression 3.00 1.41 1.76 2.18 2.40 2.57 2.60 2.93 2.57 1.33
Bretton Woods 3.00 1.41 1.10 1.00 0.60 0.57 0.44 0.47 0.36 0.33
Great Inflation 4.25 0.94 0.71 0.73 0.60 0.57 0.44 0.47 0.36 0.33
Linear Opinion Pool 3.00 1.41 1.76 2.18 2.40 2.57 2.26 0.80 0.68 0.67

(c) π < 0.2%
Gold Standard 0.80 1.33 1.18 1.41 1.60 1.76 2.05 2.18 2.30 1.90
Great Depression 0.80 1.33 1.18 1.41 1.60 1.76 2.05 2.09 1.84 1.60
Bretton Woods 0.80 1.33 1.08 1.18 1.00 0.83 0.66 0.77 0.73 0.60
Great Inflation 0.63 1.50 0.90 0.76 0.73 0.63 0.66 0.64 0.52 0.50
Linear Opinion Pool 0.80 1.33 1.18 1.41 1.60 1.76 2.21 1.77 0.81 0.60

(d) π < 0.3%
Gold Standard 1.50 1.20 1.44 1.71 1.60 1.76 1.89 2.00 2.10 2.18
Great Depression 1.50 1.20 1.44 1.71 1.60 1.76 1.89 2.00 2.12 1.64
Bretton Woods 1.50 1.20 1.44 1.57 1.27 1.12 0.93 0.58 0.56 0.64
Great Inflation 1.31 1.70 1.22 1.07 1.00 0.95 0.83 0.79 0.76 0.64
Linear Opinion Pool 1.50 1.20 1.44 1.71 1.60 1.76 1.89 1.96 1.42 0.73

(e) π < 0.4%
Gold Standard 1.14 1.41 1.60 1.50 1.33 1.44 1.63 1.66 1.76 1.85
Great Depression 1.14 1.41 1.60 1.50 1.33 1.44 1.63 1.66 1.68 1.62
Bretton Woods 1.14 1.41 1.60 1.50 1.22 1.36 1.40 1.14 1.11 0.92
Great Inflation 1.14 1.12 2.13 1.38 1.00 0.98 0.98 1.00 0.96 0.92
Linear Opinion Pool 1.14 1.41 1.60 1.50 1.33 1.44 1.63 1.66 1.63 1.00

(f) π < 0.5%
Gold Standard 1.04 1.14 1.20 1.26 1.20 1.31 1.17 1.30 1.27 1.33
Great Depression 1.04 1.14 1.20 1.26 1.20 1.31 1.17 1.30 1.27 1.28
Bretton Woods 1.04 1.14 1.20 1.26 1.20 1.25 1.15 1.24 0.95 0.89
Great Inflation 1.04 1.10 1.18 1.68 1.35 1.42 1.08 1.24 1.10 1.11
Linear Opinion Pool 1.04 1.14 1.20 1.26 1.20 1.31 1.17 1.30 1.27 1.06

Notes: Forecast evaluations are relative to a benchmark Great Moderation VAR(4); and, the target is

the final (September 27th, 2012) vintage.
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Table A13: Economic Loss for Hybrid Expert, 2005Q1-2010Q4

Cost of Issuing a Warning
0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

(a) Output Growth

(i) Total Economic Loss
Great Depression 0.46 0.55 0.81 1.09 1.33 1.57 1.57 1.44 1.09 0.91
Hybrid Expert 0.46 0.55 0.93 1.00 1.06 1.07 0.84 0.96 0.94 0.91

(ii) Number of Correct Warnings
Great Depression 6 6 6 6 6 6 6 5 5 4
Hybrid Expert 6 6 5 5 5 5 5 4 4 4

(iii) Number of False Alarms
Great Depression 18 18 18 18 18 18 18 12 6 2
Hybrid Expert 18 18 16 12 10 8 5 4 3 2

(b) Inflation

(i) Total Economic Loss
Great Depression 0.77 1.20 1.64 1.41 1.60 1.76 1.89 1.92 2.32 1.80
Hybrid Expert 0.77 1.20 1.64 1.35 1.27 1.24 1.10 1.08 1.05 1.00

(ii) Number of Correct Warnings
Great Depression 4 4 4 4 4 4 4 4 3 3
Hybrid Expert 4 4 4 4 4 4 4 4 4 3

(iii) Number of False Alarms
Great Depression 20 20 20 20 20 20 20 19 19 13
Hybrid Expert 20 20 20 19 15 13 10 9 7 5

Notes: (1) The hybrid expert uses the forecast mean of the Great Depression expert and the forecast
standard deviation of the Bretton Woods expert. (2) Forecast evaluations are relative to a benchmark
Great Moderation VAR(4); and, the target is the final (September 27th, 2012) vintage.
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Figure A1: Histogram of Output Growth Probability Integral Transforms,
2005Q1-2010Q4
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Figure A2: Histogram of Inflation Probability Integral Transforms,
2005Q1-2010Q4
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