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Abstract

Output gaps that are estimated in real time can differ substantially from those estimated after the
fact. We aim to understand the real-time instability of output gap estimates by comparing a suite of
reduced-form models. We propose a new statistical decomposition and find that including a Okun’s law
relationship improves real-time stability by alleviating the end-point problem. Models that include the
unemployment rate also produce output gaps with relevant economic content. However, we find that no
model of the output gap is clearly superior to the others along each metric we consider.

JEL classifications: E24, E32, ES2.
Keywords: Output gap; real-time data; trend-cycle decomposition; unobserved components model.

*We thank without implication Gianni Amisano for helpful comments and suggestions. Michael Kister and Niko Paulson
provided excellent research assistance. We also thank seminar participants at CBF 2018, SETA 2019, and IAAE 2019 for their
comments. The views expressed here are our own and do not necessarily reflect the views of the Board of Governors of the Federal
Reserve or the Federal Reserve System.



1 Introduction

The output gap—the deviation of observed output from its potential level—is a concept fundamental to the
conduct of economic policy. Indeed, the cyclical state of the economy is often at the forefront of policymak-
ers’ thinking, and they often refer to the output gap when discussing policy decisions.! Yet the output gap
is never observed and must be estimated. And in an influential paper, Orphanides and van Norden (2002)
document that output gap estimates are unreliable in real time, throwing into question their adequacy for
policymakers.

In light of these findings, a large literature has taken on the challenge of improving the stability of
real-time output gap estimates. Garratt, Lee, Mise and Shields (2008) ameliorate the end-point problem by
detrending output data that has had forecasts appended to it, while Clements and Galvao (2012) explicitly
model data revisions alongside the output gap. Another approach is to include highly cyclical variables
in multivariate models. Trimbur (2009) finds manufacturing capacity utilization improves the real-time
properties of output gap estimates. Fleischman and Roberts (2011) extract an output gap estimate from
a large number of macroeconomic variables; their model also improves real-time stability. Finally, Edge
and Rudd (2016) consider the real-time properties of the Federal Reserve staff’s judgmental output gap
estimates. They show that, in contrast to model-based approaches, the Board staff produced stable output
gap estimates in real time between the mid-1990s and the mid-2000s (when their sample ends).

In this paper, we aim to understand what contributes to the real-time stability of an output gap estimate.
To do so, we produce output gap estimates from a suite of models, including the models considered in
Orphanides and van Norden (2002), the relatively new de-trending methods from Mueller and Watson (2017)
and Hamilton (2018), the judgmental output gap from the Federal Reserve’s staff, as well as a number
of univariate and multi-variate unobserved components models. We next propose a decomposition of the
estimates from models that can be written as a linear Gaussian state-space system. The decomposition
estimates the contribution of each observable series to the real-time instability of the output gap from three
distinct sources: revisions to the underlying data, parameter instability, and the end-point problem. Lastly,
we consider the performance of the various output gaps in terms of their economic value by comparing them
to a judgmental estimate produced by the staff of the Federal Reserve, their ability to forecast inflation, and

whether they are consistent with ex-post monetary policy decisions.

I'See, for example, the January 19, 2017 speech of Janet Yellen “The Economic Outlook and the Conduct of Monetary Policy,”
made when she was Chair of the Federal Open Market Committee of the Federal Reserve.



The results confirm the difficulty of estimating the output gap in real-time. First, we find that the Federal
Reserve staff’s output gap is as stable as any of the model-based estimates we consider, reconfirming Edge
and Rudd (2016) with a dataset that now includes the Great Recession. We also find that the Tealbook output
gap has economic content, in the sense that it forecasts inflation no worse than any of the other models we
consider and implies an interest rate policy that is relatively close to the actual outcome.> Among the models
we consider, those that include an Okun’s law relationship, relating the unemployment rate’s deviation from
its trend to the output gap, are overall quite similar to the Tealbook output gap estimate. They provide a
stable and reliable estimate of the cyclical position of the economy, and are consistently among the best
performers along a number of economic considerations, suggesting that they have the ability to inform
policy in a meaningful way.

A recent related literature has focused on estimating the output gap using large macroeconomic panels.
Aastveit and Trovik (2014) and Barigozzi and Luciani (2018) use large datasets to estimate the output gap via
a dynamic factor model. Morley and Wong (2019) estimate the output gap with a Bayesian VAR comprising
a large macroeconomic dataset. Importantly, their methodology allows them to inspect the contribution of
VAR forecast errors to the cycle. They find that the unemployment rate is the single most important variable
that contributes to the cycle. However, these papers do not focus on the real-time stability of the output gap
estimate.

The next section introduces the real-time data and various models used to estimate the cyclical state
of the economy. Section 3 documents the real-time stability of the suite of models we consider, while in
Section 4 we decompose the model’s relative instability. In Section 5 we evaluate the economic relevance

of the output gap instabilities we document, and the final section provides a concluding discussion.

2 Empirical design

2.1 Real-time data

We use real-time vintage data throughout the paper. Our primary data source is the Real-time Dataset for

Macroeconomic of the Federal Reserve Bank of Philadelphia, where we obtain real-time data vintages of real

2The Federal Reserve Board staff estimate is contained in a document known as the Tealbook, prepared prior to each Federal
Open Market Committee (FOMC) meeting. The Tealbook was previously known as the Greenbook. Throughout, however, we will
refer to the Federal Reserve staff forecast as the Tealbook. Tealbook forecasts can be found at: https://www.philadelphiafed.
org/research-and-data/real-time-center/greenbook-data/l


https://www.philadelphiafed.org/research-and-data/real-time-center/greenbook-data/
https://www.philadelphiafed.org/research-and-data/real-time-center/greenbook-data/

GDP, the unemployment rate, the GDP price deflator, and manufacturing capacity utilization.> The database
contains quarterly real-time vintages for each series. That is, the real-time vintage gives the data series as it
would have been seen by a practitioner as of the middle of each quarter. Vintage 7 + 1 contains data that
typically begins in 1947:Q1 and continues through quarter 7'. For real GDP, inflation, and the unemployment
rate, our first vintage is 1965:Q4, while the first available vintage for manufacturing capacity utilization is
1985:Q3. The final vintage in our dataset is 2019:Q1, for 214 vintages in total. The 1996:Q1 real-time GDP
vintage is missing because of a federal government shutdown. *

We also consider the real-time stability of the output gap estimate produced by the staff of the Federal
Reserve Board. The staff estimate is contained in a document known as the Tealbook, prepared prior to each
Federal Open Market Committee (FOMC) meeting. Tealbook output gap estimates since March 1996 are
available from the Federal Reserve Bank of Philadelphia. Following Orphanides and van Norden (2002) we
use the first Tealbook estimate available each quarter. However, Edge and Rudd (2016) provide real-time
output gap nowcasts—that is, estimates of the output gap in the previous quarter—since 1950:Q4, which we

use to extend our sample earlier into history. Because Tealbook forecasts are made public with a five year

lag, the last Tealbook output gap estimate in our dataset is from the fourth quarter of 2013.°

2.2 Models of the output gap

We first consider several univariate trend-cycle decompositions explored by Orphanides and van Norden
(2002) and Edge and Rudd (2016). Let y denote 100 times the log of real GDP. We first decompose log
real GDP into a trend (y*) and a cycle (C) using a linear time trend, a quadratic trend, and the HP filter.
For completeness, we add other more recently developed models. The first is the trend-cycle model from
Garratt et al. (2008) (GLMS). The GLMS methodology aims to reduce the end-point problem by applying
an HP filter to a data series that has been augmented with a forecast from an AR model. The Mueller and
Watson (2017) (MW) extracts a trend from a univariate series by projecting the series onto a small number
of trigonometric functions intended to isolate the low-frequency information in the series. Finally, Hamilton

(2018) provides a new regression-based approach to trend extraction. Each of these consider only real GDP

3See table Al. Croushore and Stark (2001) and the Federal Reserve Bank of Philadelphia’s website (https://www.
philadelphiafed.org/research-and-data/real-time-center/real-time-data) provide additional details.

#We set output gaps to missing in 1995:Q4 since many of the models cannot produce a gap estimate without additional assump-
tions. There are then 213 observations when we work with real-time data.

5See Cleve, Luke Van and Laforte, Jean-Philippe, and Stella, Andrea (2019) for additional details about vintages of the Federal
Reserve staff’s output gap estimate.
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and are straightforward to implement.

Our primary focus, however, is on output gap estimates produced by unobserved components (UC)
models, because we can cast them in state space form which offers a way to formally assess properties of the
output gap estimates. The UC models decompose the log of real GDP into a trend, cycle, and idiosyncratic
error (ey): y; = y; +C; + ey;. Trend output follows random walk with drift, 7, which itself follows a random

walk:

Vi = Vi T+ &

T = T—1+ &y

The drift term captures slow-moving changes to the growth rate of trend output due to, for example, changes
to productivity growth or demographics. The error terms, €+, and €, are distributed as standard normals.

The output gap, C, follows a stationary AR(2) process

G = 01G1 +0Co+ &

where the error term &, is distributed as a standard normal. We consider several nested versions of this
framework. The first is the univariate model above, first studied in Clark (1987). We then gradually enlarge
the information set of the model to include other important macroeconomic indicators. We add to the frame-
work above the unemployment rate, capacity utilization, and inflation one at a time. Considering results
from bivariate UC models allows us to single out the individual contributions of the various macroeconomic
indicators. In each case, the only change to the model is the inclusion of an additional observation equation
and state-transition equation to the model. Consider the model that adds variable x. This variable relates to
the output gap:

x =x{ +C + o1 Cr—1 + ey,

where the parameters o and o; measure the observable’s response to changes in the output gap C. In the
bivariate model with the unemployment rate, these would be Okun’s law coefficients, whereas in the model
with inflation, these would be Phillips curve parameters instead (Kuttner 1994). The other trend component,
x;, again follows a random walk.

The largest model includes real GDP, unemployment and inflation. While we will not explore the various



trends that result from our models, in principle, they are of interest. For example, the unemployment rate
trend, u*, could proxy the NAIRU (Staiger, Stock and Watson 1997), and the trend of inflation, 7*, could
be interpreted as a proxy for inflation expectations (see Stock and Watson (2007), Kim, Manopimoke and
Nelson (2014), and Clark and Doh (2014)). The fundamental aspect of our small multivariate models,
whether they include unemployment rate or inflation, is the presence of a common cycle that affects the
deviation of each macroeconomic variable from its trend.

For each data vintage, all models are estimated on an estimation sample that begins in 1960:Q1 and
which expands as time goes by. The UC models are cast as linear Gaussian state-space models. We estimate
these models in a Bayesian way using a Gibbs sampler. Since the estimation is standard, we leave the
details to Appendix A2.1. However, in our experience, Bayesian unobserved components models can be
sensitive to the priors placed on the variance of shocks to model trends.® Because we produce real-time
estimates, we require a method for setting model priors in a systematic, data-driven manner. We take the
following approach. For a given observable and data vintage, we produce an estimate of the trend using an
HP filter on a pre-sample period, 1947:Q1-1959:Q4. We then center our Inverse Gamma prior about the
variance implied by this pre-sample trend. We set the degrees of freedom parameter in the IG distribution
to 7./20, where T, denotes the number of observations in data vintage v. Priors for other model parameters

are conjugate and diffuse. More details can be found in Appendix A2.2.

3 Estimating the output gap in real time

Following Orphanides and van Norden (2002) and Edge and Rudd (2016), for each data vintage, define the
real-time output gap, CR, as the estimate of the output gap in the previous quarter. So, for example, the real-
time output gap associated with the 2019:Q1 vintage is the estimate of the output gap in 2018:Q4. Because
the first estimate of quarterly NIPA data is released with roughly a one-month lag, this assumption ensures
that a model estimated at vintage v has the first NIPA estimates for output and inflation in quarter v — 1, as
well as the monthly estimates of the unemployment rate and capacity utilization.

Figure 1 shows the sequence of real-time output gap estimates. While each output gap estimate is
broadly pro-cyclical, at any point in time the models deliver a wide range of estimates. Table 1 provides

summary statistics, which reinforce the observation that output gap estimates differ dramatically across

®When the models are estimated via maximum likelihood, in our experience this sensitivity manifests itself as sensitivity to
starting values.



models: the real-time estimates have notably different means and volatilities, and often have different first

derivatives and signs.

Figure 1: Sequence of real-time output gap estimates, 1965:Q3-2018Q4.
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Notes: Figure shows the sequence of real-time output gap estimates for the suite of models we consider.
GLMS refers to Garratt et al. (2008), and MW to Mueller and Watson (2017). Grey shaded areas denote
NBER-defined recession. Final Tealbook estimates for 2013:Q3. See text for details.

Table 1: Summary statistics of real-time output gap estimates, 1965:Q3-2018Q4.

N.obs Mean Stddev Min Max % >0

Linear 213 -4.55 4.06 -12.53 247 8
Quadratic 213 0.41 3.24 -6.71  6.52 57
HP 213 -0.11 1.62 -6.63 3.84 56
GLMS 213 -0.40 1.06 -4.22 148 39
Hamilton 213 0.42 249 -8.11  6.24 62
MW 213 1.01 1.36 -3.05  3.89 77
UC (GDP) 213 -0.93 1.40 -6.72 191 25

UC (GDP/r) 213 -0.55 1.50 -5.24 340 36
UC (GDP/CU) 134 -0.49 1.54 -6.31 197 43
UC (GDP/u.) 213 -0.89 2.73 -8.86  3.26 46
UC (GDP/u./m) 213 -0.73 2.66 -8.01 3.17 46
Tealbook 192 -2.99 3.84 -1621 290 27

Notes: Sample period is 1965:Q3-2018:Q4 except for UC(GDP/CU) (begins in 1985:Q2) and Tealbook
(ends in 2013:Q3). 1995:Q4 set to missing for all models. % > 0 denotes the percent of quarters when the
output gap is positive. See text for details.




Table 2 describes the revisions of each output gap model we consider. We define the output gap revision
in quarter 7 to be the difference between the in-sample output gap estimate from our last vintage, V=2019:Ql,
and the real-time estimate. The revision proxies for uncertainty that surrounds any given real-time output
gap estimate. The columns labeled “NSR” report noise-to-signal ratios: The first is defined as the ratio of the
standard deviation of the model revision to the standard deviation of the final gap estimate, and the second
is the ratio of the root mean square of the revisions to the standard deviation of the final gap estimate. The
column “% sign agree” measures the fraction of observations where the real-time and final estimate have
the same sign, i.e., whether the economy is above or below potential.

Table 2: Summary statistics of output gap revisions, 1965:Q3-2018:Q4.

NSR NSR % sign
N Mean Stddev RMSE (SD) (RMSE) agree

Linear 213 548 2.04 5.85 043 1.22 34
Quadratic 213 -0.21 3.73 3.73 1.11 1.11 62
HP 213 0.16 1.53 1.54 1.05 1.05 59
GLMS 213 044 0.99 1.08 0.67 0.74 73
Hamilton 213 -0.48 1.25 1.34 048 0.51 84
MW 213 -1.01 1.72 1.99 1.11 1.28 57
UC (GDP) 213 191 2.08 2.82  0.73 1.00 65
UC (GDP/x) 213 0.80 1.31 1.53  0.70 0.81 77
UC (GDP/CU) 134 0.54 1.23 1.34  0.72 0.78 76
UC (GDP/u.) 213 0.82 1.38 1.60  0.49 0.56 81
UC (GDP/u./m) 213 0.71 1.22 1.41 0.43 0.50 83
Tealbook - - - - - - -

Notes: Revision defined as final output gap estimate less real-time estimate, C; — CF and C!" denotes the
output gap estimate using the V=2019:Q1 data vintage. Bold face entries indicate best performing model
according to that measure. All statistics are for 1965:Q3-2018:Q4 except for UC (GDP/CU), which begins
in 1985:Q2. Tealbook revision statistics not available because Tealbook 2019:Q1 output gap estimate is not
yet available. See text for details.

Most univariate models fare quite poorly in terms of their real-time stability. With the exception of the
GLMS and Hamilton models, the univariate models have noise-signal ratios that almost always exceed one.
The procedure of Garratt et al. (2008) does improve real-time stability. We are among the first to evaluate
the real-time properties of the newer detrending methods—see also Quast and Wolters (2019) and Berge
(2020)—and find that while Hamilton’s (2018) method is relatively stable, the MW decomposition is less
stable than many other univariate models in real time. Among the UC models, UC (GDP) and UC (GDP/r)
are less stable than the other UC models, but are about as stable as the univariate models. Comparing the

UC (GDP/m) model to the UC (GDP), and comparing UC (GDP/u./) to UC (GDP/u.), adding inflation



does not improve real-time stability, in contrast to Planas and Rossi (2004). Finally, we note that output
gap estimates of models that include the unemployment rate have smaller revisions, less variable revisions,
smaller noise-signal ratios, and tend not to change signs. Gonzalez-Astudillo and Roberts (2016) show
that the unemployment rate helps identify the cyclical component of GDP; these results indicate it can
also improve the real-time stability of that estimated cycle, despite the additional parameters that must be
estimated.

Table 3: Summary statistics of output gap revisions, selected subsamples.

1975:Q1-1997:Q4 1998:Q1-2013:Q3

NSR NSR % sign NSR NSR % sign

N (SD) (RMSE) agree | N (SD) (RMSE) agree
Linear 91 0.57 2.31 24 63 0.27 0.67 48
Quadratic 91 0.75 1.68 45 63 042 0.53 95
HP 91 1.11 1.10 55 63 0.88 0.88 65
GLMS 91 0.72 0.74 75 63 0.67 0.76 73
Hamilton 91 0.40 0.50 93 63 0.28 0.28 90
MW 91 1.17 1.33 51 63 0.71 1.13 68
UC (GDP) 91 0.75 0.88 58 63 0.53 1.07 62
UC (GDP/r) 91 0.72 0.74 76 63 0.55 1.12 63
UC (GDP/CU) 50 0.63 0.64 72 63 044 0.77 78
UC (GDP/u.) 91 0.53 0.53 79 63 0.29 0.64 81
UC (GDP/u./m) 91 0.45 0.45 85 63 0.29 0.61 78
Tealbook 91 1.51 1.85 77 63 043 0.49 92

Notes: Revision defined as 2013:Q4 output gap estimate less real-time estimate, Ct2 013:04 _ CR. Bolded
entries indicate best performing model according to that metric. Real-time vintages for UC(GDP/CU) begin
in 1985:Q2; statistics for UC(GDP/CU) are in italics for the first subperiod because of the shorter period
over which they are calculated. First subsample begins in 1975:Q1 because the 2013:Q4 Tealbook output
gap estimate begins in that quarter. See text for details.

In Tables 3 and 4 we compute these summary statistics for selected subperiods. Table 3 splits the sample
into two roughly equal subperiods, 1975:Q3-1997:Q4 and 1998:Q1-2013:Q3, following Edge and Rudd
(2016).” We end the sample in 2013 so that we can include the Tealbook output gap estimates. Edge and
Rudd (2016) document that the Federal Reserve’s output gap estimates become much more stable beginning
in the 1990s, and we find that remains true even after including the Great Recession period. The model-based
estimates are also more stable in the second half of the sample, but the improvement in stability is not as

pronounced as in the case of Tealbook estimates. Among the UC models, the models using unemployment

7Edge and Rudd (2016) consider two subsamples, 1980Q1:1992Q4 vs 1994Q1:2006Q4 and 1966Q1:1997Q4 vs
1998Q1:2006Q4. Our main takeaways are robust to splitting our sample in 1993 instead of 1997 and to starting the sample in
1980 instead of 1975.



are again the most stable.

Table 4 measures the stability of the output gap estimates at turning points, presumably the most impor-
tant periods of time for policymakers. We compute output gap revisions for the 12 quarters prior to NBER
peaks and troughs. Table 4 is broadly similar to the previous ones in that the Hamilton-trend implied output
gap and the output gap estimated with the UC models using unemployment are very stable at turning points.
Interestingly, the Tealbook has produced relatively less stable output gap estimates prior to turning points,

especially business cycle peaks.

Table 4: Real-time output gap revisions at turning points.

NBER peaks NBER troughs

NSR NSR % sign NSR NSR % sign

N (SD) (RMSE) agree | N (SD) (RMSE) agree
Linear 91 0.65 3.23 15 91 041 1.75 30
Quadratic 91 1.48 1.47 69 91 1.00 1.00 73
HP 91 1.13 1.39 55 91 0.75 1.08 57
GLMS 91 0.86 1.18 66 91 0.64 0.86 67
Hamilton 91 0.61 0.64 87 91 043 0.49 920
MW 91 1.16 1.15 64 91 0.89 0.90 74
UC (GDP) 91 0.86 2.24 49 91 0.73 1.31 54
UC (GDP/x) 91 0.82 1.20 73 91 0.76 0.84 73
UC (GDP/CU) 39 [1.34 2.65 85 39 044 0.85 85
UC (GDP/u.) 91 0.59 1.08 78 91 041 0.66 75
UC (GDP/u./m) 91 0.54 0.99 85 91 0.38 0.58 79
Tealbook 65 1.99 2.47 63 66 0.97 1.19 80

Notes: Revision defined as 2013:Q4 output gap estimate less real-time estimate, Ct2 013:04 _ CR. Bolded
entries indicate best performing model according to that metric. Italicized entries indicate the model has
fewer observations. Real-time vintages for UC(GDP/CU) begin in 1985:Q2. There are fewer Tealbook
observations because the 2013:Q4 Tealbook output gap estimate begins only in 1975:Q1. See text for
details.

4 Decomposing output gap revisions

We now turn to understanding why some real-time estimates of the output gap are more stable than others.
We propose a decomposition that measures the contribution of each observable series to the instability of
the output gap from three distinct components: revisions to the underlying data, parameter instability, and

the end-point problem.



4.1 Sources of instability

The model parameters from a model estimated on data vintage v and periods t = 1,...,T are denoted @} ...

Also assume that 7'+ 1 is the last available vintage. We can then define the following objects.

* The final output gap estimate in period ¢, (@TH) is the smoothed estimate of the output gap in

t|T

period t when the model is estimated using the complete final data vintage, T + 1.

* The quasi-final output gap estimate, Ct (®T+1) is the filtered estimate of the output gap, again

|t

using parameters estimated from the full sample of the final data vintage.

* The quasi-real time estimate, C t‘ f (@TH) is the filtered estimate of the output gap produced using

parameter estimates from the final data vintage, but estimated using data only through period ¢.

* The real-time output gap estimate, C 1 t(@’ +1) is the filtered estimate of the gap using all available

data from vintage r 4 1.

The revision C [T Cﬁt that was used in Section 3 to compute real-time stability statistics can be decom-

posed:

cl—ck

tle =

,lT(®1TJT’1) c9" (@7 1) Effect of end-point problem

t)t

OF(@T+1) —c2*(@T+!) Effect of parameter instability )

\r t\t

+cer ) - Cli(@1}")  Effect of data revisions

|t

The difference C [T — % is due to the end-point problem, since we are comparing two sets of estimates

t\t
obtained with exactly the same parameter estimates and the same data vintages, but data samples of different

lengths. The difference C — ok

e e is due to parameter instability since the only difference between the two

estimates is whether we use data through T or ¢ to estimate the parameters. Finally, the difference C[% Cl‘ ,
is due to data revisions, since the quasi-real estimate is obtained with the final vintage and the real-time
estimate with the real-time vintage, but both estimates are obtained filtering the data through period ¢ and
using parameters estimated with data through period ¢.

We can further track the source of each element of the decomposition in (1) into the effects from each
observable included in the model. The unobserved states from a model estimated in state-space form are

weighted averages of the observables, where the weights are functions of the parameters (Koopman and

Harvey 2003). For the purposes of illustration, consider the decomposition of the UC (GDP/u.) model (of

10



course, the algebra is generalizable). The various estimates of the output gap in period ¢ are:

T
¢l = Y Wi(O7 7 uc +wp(O7F")ye]
=1
t

CP" =Y [we(O7 ue +wi(OF,)ye]

i @)
C = Y WO ur +wh(OT ) y,]
7=1
t
Cf =Y Wi (O e+ wi (O] ye].
7=1

The equations in (2) decompose the level of any given estimate of the output gap. We can now write
output gap estimate instability in terms of the observables by implementing a variance decomposition of
the output gap revisions. By plugging (2) into (1) and taking the standard deviation, we can decompose the

standard deviation of CF,

4T~ C[’TI into the contributions of the end-point problem, parameter instability, and

data revisions, and decompose each component into the contributions of the observables series.

4.2 Decomposition results

To motivate the decomposition of the revisions, Figure 2 plots the sequence of real-time output gap estimates
from the multivariate unobserved component models, and decomposes the level of those estimates into the
contribution of the observables following equation (2). As shown in the upper-left panel, the UC (GDP/rx)
model relies heavily on inflation to make inference about the output gap in the 1960s and early 1970s, but
almost exclusively relies on the information coming from real GDP to estimate the output gap since the mid-
1990s. After 1980, inflation carries very little information about the output gap estimate in either model that
includes it. The UC models that condition on the unemployment rate or capacity utilization heavily rely on
them to estimate the cyclical state of the economy. Real GDP also influences the output gap estimate, but
its influence is relatively small, especially when compared to the cyclical information in the unemployment
rate.

Table 5 decomposes the change in the output gap estimate from the real-time estimate to the final. We
decompose the noise-to-signal ratio that uses standard deviations. To do so, we take the standard deviation
of both sides of equation (1), and then divide by the standard deviation of the final estimate. The end-point

problem explains the bulk of the revisions to the output gap for all models. Indeed, it often explains all or

11



Figure 2: Decomposition of real-time output gap estimates, selected UC models.
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Notes: Figures show decomposition of real-time output estimate from selected UC models. Contribution of
observable (in p.p.) shown as shaded bar, which sum to output gap estimate. See text for details.
more than all of the noise-to-signal ratio. Decomposing the variance of equation (1) involves computing
the covariances among the three components, which we summarize in the residual at the bottom of Table 5;
these covariances turn out to be mostly negative and explain for a few models large portions of the noise-to-
signal ratio. For instance, when we compare the GLMS to the HP filter, the improvement in noise-to-signal
ratio does not seem to come from a reduction in the end-point problem, bur rather a larger negative residual,
which is driven by a negative correlation between the end-point problem and the data revision components.
The contribution of parameter instability is largest for the UC (GDP/x) model, and especially from inflation.
In previous sections we showed that models that include labor market data produce a more stable output
gap in real time. Table 5 shows that the improvement in stability is obtained by reducing the influence of
the end-point problem. The contribution of data revisions does not become smaller when other observables

are added to the univariate model, and the contribution of parameter instability may become larger. For
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example, comparing the variability of the UC(GDP) output gap to that from UC(GDP/x/u.), we see that the
variability as measured by the noise-to-signal ratio is more than a third lower. Most of that improvement is

due to a reduction in the end-point problem.

Table 5: Decomposing the noise-to-signal ratio into observables.

ucC HP  GLMS ucC ucC ucC ucC
(GDP) (GDP) (GDP) (GDP/m) (GDP/CU) (GDP/u.) (GDP/m/u.)
NSR (SD) 0.7 1.0 0.7 0.7 0.7 0.5 0.4
Of which is due to:

Data Revisions 0.2 0.4 0.7 0.4 0.2 0.1 0.2
GDP 0.2 04 0.1 0.3 0.3 0.1 0.1
T 04 0.1

CU 0.3
u. 0.1 0.2
Parameter instability 0.1 0.0 0.0 0.4 0.1 0.1 0.3
GDP 0.1 0.0 0.0 0.3 0.5 0.1 0.1
T 0.5 0.2

CU 0.4
u. 0.1 0.2
End-point problem 0.7 1.0 1.0 0.7 0.7 0.5 0.5
GDP 0.7 1.0 1.0 0.7 0.6 0.5 0.4
T 0.1 0.0

CU 0.3
u. 0.3 0.2
Residual -0.3 -0.3 -1.0 -0.8 -0.3 -0.3 -0.5

Notes: Table decomposes the standard deviation of the revisions of the output gap estimates and divides it by the
standard deviation of the final estimate. Residual is due to covariances among components. All statistics are for
1965:Q3-2018:Q4 except for UC (GDP/CU), which begins in 1985:Q2. See text for details.

5 Economic relevance

In addition to being stable in real-time, output gap estimates should also be meaningful: a model that
estimates the output gap to be a constant is stable but entirely useless. We examine three practical uses
of output gap estimates. First, we compare model output gap estimates to the Federal Reserve Board’s
judgmental one. We also evaluate whether output gaps are useful in the context of Phillips curve forecasts

of inflation, and if they can describe a benchmark interest rate for policymakers.
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5.1 How do the model estimates compare to Tealbook estimates?

Since Edge and Rudd (2016) show that the Fed’s output gap measure is a reliable input to the FOMC’s
decision-making process, in Table 6, we compare the real-time output gap estimates to the real-time output
gap estimate from the Tealbook. Table 7 compares them to the October 2013 Tealbook estimate instead.

With the exception of the linear trend in the more recent sub-sample, model-based output gaps are, on
average, lower than the Tealbook estimate, although the standard deviation of that difference is usually large
enough that one would not reject a null hypothesis that it is zero. In Section 3, we found that some univariate
models produced stable real-time output gap estimates, for example, the output gap from Hamilton was very
stable in real-time across different subsamples. However, the Hamilton filter’s output gap is very different
from the Tealbook’s estimate. Indeed, when the final Tealbook estimate is used as “truth,” Table 7, the
noise-to-signal ratios are higher than one in the first half of the sample and more than twice the magnitude
of many of the other models in the second half.

In terms of noise-to-signal ratios, the UC models that include the unemployment rate tend to perform
best. Close inspection of Figure 1 shows that UC (GDP/u.) and UC (GDP/u./7) are both very close to the
Tealbook output gap estimate starting from the late 1980s. Prior to that, the two model estimates are quite

similar, but the model that includes inflation has a slightly higher output gap estimate throughout the 1970s.

Table 6: Evaluating model-based estimates relative to real-time Tealbook estimates.

1975:Q1-1997:Q4 1998:Q1-2013:Q3
NSR  NSR NSR  NSR
N Mean SD (SD) (RMSE) | N Mean SD (SD) (RMSE)

Linear 91 -0.03 3.15 0.72 0.72 63 275 257 0.83 1.22
Quadratic 91 -578 3.15 0.72 1.51 63 -1.87 1.66 0.54 0.81
HP 91 -3.84 420 0.96 1.30 63 -1.73 3.07 1.00 1.14
GLMS 91 -349 382 0.88 1.18 63 -1.31 239 0.77 0.88
Hamilton 91 -476 4.11 094 1.44 63 -2.04 233 0.76 1.00
MW 91 -482 436 1.00 1.49 63 -333 3.05 099 1.46
UC (GDP) 91 -3.00 338 0.78 1.03 63 -0.73 1.60 0.52 0.57
UC (GDP/r) 91 -3.07 378 0.87 1.11 63 -090 175 0.57 0.64
ucC (Gbp/CU) 50 -1.31 162 0.72 0.93 63 -0.56 193 0.63 0.65
UC (GDP/u.) 91 -2.38 2.08 048 0.72 63 -0.69 073 0.24 0.33
UC (GDP/u./m) 91 -2.47 231 0353 0.77 63 -0.64 0.72 0.23 0.31

Notes: Table shows summary statistics for difference between real-time model-based output gap estimate
relative to real-time Tealbook estimate, C,R’TB — Cf’i. Bolded entries denote best performing model according
to each metric. Real-time estimates from UC (GDP/CU) begin in 1985:Q2; shortened sample indicated with
italics. See text for details.
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Table 7: Evaluating model-based estimates relative to October 2013 Tealbook.

1975:Q1-1997:Q4 1998:Q1-2013:Q3
NSR  NSR NSR  NSR
N Mean SD (SD) (RMSE) | N Mean SD (SD) (RMSE)

Linear 91 241 133 059 122 |63 334 265 1.09 1.76
Quadratic 91 333 149 066 161 |63 -128 195 081 096
HP 91 -139 233 1.03 120 |63 -1.14 238 098  1.08
GLMS 91 -1.04 169 075 088 |63 -072 1.72 071 077
Hamilton 91 -232 246 1.09 149 |63 -145 1.77 073 094
MW 91 238 264 1.17 157 |63 274 234 097 148
UC (GDP) 91 -056 157 070 073 |63 -0.14 097 040  0.40
UC(GDP/z) 91 -062 1.66 073 078 |63 -031 121 050 051
UC (GDP/CU) 50 -1.24 1.06 073 112 |63 0.03 141 058  0.58
UC(GDPu) 91 007 174 077 077 |63 -010 1.12 046  0.46
UC (GDP/u/m) 91 -0.03 1.50 0.66 0.66 |63 -0.05 1.13 047  0.46
Tealbook 91 244 341 151 185 |63 059 1.05 043 049

Notes: Table shows summary statistics for difference between real-time model-based output gap estimate
relative to real-time Tealbook estimate, /7% — R Bolded entries denote best performing model according
to each metric. Real-time estimates from UC (GDP/CU) begin in 1985:Q2; shortened sample indicated with
italics. See text for details.

5.2 Forecasting inflation

We now consider the importance of real-time instability to predictions of inflation. We fit Phillips curve

models to each output gap estimate that we consider:
6

Bim—i+YC_y + e A3)
1

ot =a+

i

where 7, = 400xlog(P;/P—1) is the annualized growth rate of the core PCE price index and 7} *7 s the
average inflation rate from quarter ¢ to ¢ + h; C,’;l is the real-time output gap estimate from model i that is
available in quarter . We constrain the coefficients on lagged inflation to sum to one and estimate equation
(3) via ordinary least squares. We forecast three horizons: two, four, and eight quarters ahead. For each
horizon-model pair, we consider the sequence of real-time, quasi-real time, and the 2013:Q4 output gap
estimate. Because we are interested in isolating the impact of the output gap when forecasting inflation, we
use the current vintage of inflation data. To keep the estimation sample the same for all models, our first
out-of-sample forecast is made using models estimated from 1985:Q2, the first available real-time estimate
from the UC (GDP/CU) model, and the first out-of-sample forecast is produced for the first quarter of 1990.

After that, we expand the window used to estimate (3) until our final forecast quarter, 2013:Q3.
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Table 8 shows the ratio of the RMSE for each model relative to the RMSE from the model that uses the
October 2013 Tealbook output gap. The raw RMSE for the October 2013 Tealbook is shown in bolded text.
For other models, values less than one indicate superior inflation forecasts relative to the null model. We

test for superior forecast ability using a Diebold and Mariano (1995) test and using Newey-West standard

€ITor1S.
Table 8: Phillips curve based forecasts of core PCE inflation, 1990:Q1-2013:Q3.
Two quarters ahead Four quarters ahead Eight quarters ahead
RT QRT 2013:Q4 RT QRT 2013:Q4 RT QRT 2013:Q4

Linear 1.02  1.03 1.02 1.02  1.02 1.03 1.01  1.02 1.02
Quadratic 1.05 1.04 1.01 1.04 0.97 1.00 1.03  0.99 1.00
HP 0.99 0.96 0.98 0.88 0.89 0.91 0.86 0.93 0.93
GLMS 1.05 1.04 0.98 0.96 0.95 0.91 092 0.92 0.93
Hamilton 1.01  0.97 0.95 091 0.92 0.87 0.89 0.97 0.88
MW 1.07  1.05 1.04 1.03  1.01 0.98 0.99 0.98 1.02
UC (GDP) 1.08 1.07 1.01 1.05 1.01 1.00 1.01  0.99 1.00
UC (GDP/m) 1.02  1.07 1.03 1.00 1.03 1.00 0.98 0.99 0.98
UC (GDP/CU) 1.05 1.07 1.00 1.05 1.06 1.01 1.06 1.06 1.02
UC (GDP/u.) 1.07  1.07 1.02 1.06 1.06 1.02 1.05 1.05 1.03
UC (GDP/u./r) 1.06 1.07 1.03 1.05 1.07 1.03 1.05 1.05 1.03
Tealbook 1.04 - 0.46 1.02 - 0.44 1.04 - 0.46

Notes: Absolute RMSE of inflation forecast from equation 3 using October 2013 Tealbook output gap
estimate shown as bolded values. All other entires are the ratio of that RMSE to the bolded value. Out-
of-sample period is 1990:Q1-2013:Q3 and models are estimated beginning in 1985:Q2 using an expanding
window. Asterisks indicate dominance of indicated model over the null Tealbook estimate is statistically
significant at 10 (*) or 5 (**) percent level and with Newey-West standard errors. See text for details.

As has been shown in other empirical applications—e.g., Stock and Watson (2009), Berge (2018), and
Dotsey, Fujita and Stark (2018), among many others—no single output gap estimate produces clearly su-
perior Phillips curve based inflation forecasts. Table 8 shows a period wherein inflation has been quiescent
(Coibion and Gorodnichenko 2015). In this period, although some output gap estimates may slightly out-
perform the null Tealbook output gap-based forecast, the improvement is never statistically meaningful.
However, when we evaluate other out-of-sample periods, and if we substitute total PCE price inflation for
core, we find that no output gap estimate clearly dominates the others. (See Appendix A3.)

Unsurprisingly, focusing on each model’s individual results, the best inflation forecast is produced when
using the 2013:Q4 output gap estimate. Forecast performance tends to deteriorate when real-time or quasi-
real-time estimates are used to forecast inflation instead. The reduction in forecast ability, however, is rather
small. For example, when we focus on the four-quarter ahead forecasts, the deterioration in forecast ability

from using real-time output gap estimates to the 2013:Q4 output gap estimate is around 2-3 percentage
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points relative to the Tealbook estimate, and in fact, for some of the univariate filters, the real-time estimate

actually produces superior inflation forecasts to the 2013:Q4 estimate.

5.3 Output gaps as input to policy

Lastly, we evaluate the implications of the different output gap estimates for monetary policy. Because
policy is not set in a rules-based manner, and because it is likely that policymakers implicitly consider an
output gap that may be described as some combination of the output gaps presented above, comparing the
Taylor-rule implied interest rates to the actual federal funds rate is a transparent and easy-to-understand way
to understand the relative performance of the output gaps. For each output gap, we compute the short-term

interest rate prescribed by the Taylor (1993) rule:

re=r +m+wcC +wr(T—1"), )]

where r} is the neutral interest rate, 7; is percent change in inflation from one year ago, y; is the output gap,
and 7 is the trend rate of inflation. In the 1993 paper, Taylor sets we = wy = 1/2, and assumes that r;/
and 7 are time-invariant and equal to two percent. Results using a “balanced” Taylor rule with we = 1;
wyr = 1/2 are presented in Section A4 of the Appendix.

Figure 3 plots the Taylor-rule implied policy rates using our various real-time output gap estimates.
The Taylor rule uses time-invariant estimates of 7£* and r*, so that the prescribed interest rates tend to be
below realized federal funds rate in the first half of the sample and above it in the second half. However, the
pattern of Taylor-rule-implied interest rates broadly follow that of the realized effective funds rate—given the
pattern of inflation, the rules prescribe high interest rates in the 1970s followed by a steady move lower. The
prescribed interest rates also tend to move lower during or immediately following NBER-defined recessions.
Each of the output gaps imply notable downward movements to the Federal funds rate in the 1990, 2001 and
2007-2008 recessions. Notably, and in contrast to the actual policy rate, some output gaps imply an increase
in the Federal funds rate at the end of the Great Recession. For example, the Mueller-Watson output gap
implies a minimum value of the federal funds rate of roughly 1 percent in 2009:Q3 before increasing to 5%
percent in 2011:Q3. The interest rate implied by the Tealbook’s output gap estimate increases much more
gradually after the Great Recession, and is just 1.5 percent in the final available period, 2013:Q3.

Table 9 calculates the root-mean-square error for each Taylor (1993) rule implied interest rate relative to
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Figure 3: Taylor (1993) rule implied federal funds rate, 1965:Q3-2018:Q4.
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Notes: Figure shows prescribed interest rate from Taylor 1993 rule, calculated as in equation 4 with wy; =

we = 1/2, T equal to the four quarter change in the real-time GDP price deflator, y; as the real-time output
gap estimate, and ©* = r* = 2 percent. Effective federal funds rate shown as thick black line. See text for
details.

the effective federal funds rate, again for the full sample and a roughly equal split sample. As before, we test
for statistically meaningful differences relative to the interest rate implied by the October 2013 Tealbook
output gap estimate. The real-time Tealbook output gap produces an implied interest rate that is closest to
policy in the most recent period; in fact, the real-time output gaps imply an interest rate path that is closer
to actual policy than the output gap estimate from 2013:Q4. However, in the first half of the sample, the
interest rate implied by Tealbook is among the least similar to actual policy.

No model clearly outperforms the others in terms of delivering an interest rate path that matches actual
policy. Many of the models that were relatively stable in real time would have implied interest rate policies
that were ultimately ignored by policymakers. Again consider the Hamilton model as an example, since it
delivers stable output gaps in real time. Yet in late 2010, this model would have implied an interest rate
policy more than 300 basis points higher than the actual federal funds rate, and nearly 350 basis points

higher than the policy implied by the Tealbook’s output gap. Similarly, the linear detrending of real GDP
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resulted in relatively stable real-time output gap estimates, but would have prescribed sizable and persistent

negative policy rates through at least 2018.

Table 9: RMSE of prescribed interest rate from Taylor (1993).

1965:Q3-2013:Q3 1975:Q1-1997:Q4 1998:Q1-2013:Q3

RT QRT 2013:Q4 RT QRT 2013:Q4 RT QRT 2013:Q4
Linear 284 266 2.6 356 334 3.11 241 217 222
Quadratic 228 232 3.4 279 2838 344 1.68 159 251
HP 258 261 259 283 289 288 255 249 227
GLMS 249 247 257 2.83  2.83 2.88 223 222 223
Hamilton 256 259 253 286 294 292 244 236 224
MW 290 288 256 288 288 277 3.1 3.04 233
UC (GDP) 234 238 317 2.83* 287 320 176 174 2.66
UC (GDP/m) 251 248 275 294* 2.84*  3.00 190 1.89 235
UC (GDP/CU) - 246 274 ~ 290"  3.08 208 198  2.08
UC (GDP) 247 251 290 292 298 324 202 200 224
UC (GDP/u/m) 251 255  2.89 292 299 323 204 200  2.18
Tealbook 259 - 2.67 349 - 3.23 127 - 1.54

Notes: Table shows RMSE of implied interest rate from Taylor (1993) rule calculated using each output
gap estimate relative to actual effective federal funds rate. UC (GDP/CU) is excluded from the real-time
evaluation in the first two sub-samples due to shortened sample availability. Asterisks denote that DMW test
statistic for dominance of indicated model over the null October 2013 Tealbook output gap is statistically
significant at 10 (*) or 5 (**) percent level. See text for details.

6 Conclusions

We consider several statistical models of the U.S. economy and evaluate their estimates of the output gap
along several dimensions. First, we document that output gap estimates can be wide ranging and that
real-time estimates from these models can be heavily revised after the fact. We propose a statistical decom-
position of output gap revisions, and find that the end-point problem is the primary reason that univariate
models fail to achieve real-time stability. The finding suggests that methods aimed at reducing the impact of
the end-point problem may be particularly useful to policymakers.

While researchers such as Garratt et al. (2008) or Clements and Galvado (2012) have tackled this problem
explicitly, we find another possible avenue: the use of labor market information when producing output gap
estimates. The models we consider that contain an Okun’s law relationship are able to provide an estimate
of the output gap that is relatively stable in real time, in spite of the fact that they contain more parameters

to be estimated. These output gap estimates also have useful economic properties. Models that include
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the unemployment rate are consistently among the best-in-class of the models we consider in terms of their
usefulness as a harbinger of future inflation and as a gauge for the stance of monetary policy. And since their
output gap estimates are relatively stable, this performance does not substantially deteriorate when used in
real time relative to when used ex-post.

Finally, the real-time stability of the output gap—as was emphasized by Orphanides and van Norden
(2002)—is not the only metric by which to judge output gap estimates. No output gap estimate we consider
is clearly superior to the others along each metric. While the Mueller-Watson gap produced relatively
accurate forecasts between 1984 and 2013, when used in a Taylor rule, it also prescribed a Federal Funds
rate of more than 5 percent only a few years after the end of the Great Recession. Similarly, while the Garratt
et al. (2008) procedure does reduce the end-point problem inherent when filtering in real time, the output
gap produced by that procedure is often outperformed in terms of economic significance. Of course, at the
time of writing the U.S. economy has been subject to an unprecedented economic and social trauma: the
outbreak of the COVID-19 in late 2019 and 2020. It will be interesting to continue to monitor the real-time

behavior of these various output gap estimates and their usefulness to policymakers.
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Appendix

Al Data details

Table Al: Description of real-time data vintages

First real-time  Final real-time

Variable . . Source
vintage vintage
Real GDP 1965:Q4 2019:Q1 FRB-Ph RT
GDP deflator 1965:Q4 2019:Q1 FRB-Ph RT
Unemployment rate 1965:Q4 2019:Q1 FRB-Ph RT
Man. capacity utilization 1985:Q3 2019:Q1 FRB-Ph RT
Tealbook gap 1975:Q1 2013:Q4 FRB-Ph GB

Notes: FRB-Ph RT denotes real-time dataset from the Federal Reserve Bank of Philadel-
phia, available at https://www.philadelphiafed.org/research-and-data/real-time-center/
real-time-data. FRB-Ph GB denotes Greenbook/Tealbook dataset from Federal Reserve
Bank of Philadelphia, available at https://www.philadelphiafed.org/research-and-data/
real-time-center/real-time-data/greenbook. The Philadelphia Fed Greenbook data has real-time
output gap estimates since 1975:Q1. To this data we append earlier Federal Reserve staff nowcasts beginning
in 1950:Q4, obtained from Edge and Rudd (2016).

A2 Estimation details

A2.1 Overview of Estimation

The UC models can be cast as linear Gaussian state-space models, the estimation of which can be achieved
using standard methods. Here we outline the estimation procedure.

Group the observables into the vector ¥; and the unobserved states into the vector s;. For example, the
UC(3) model would have ¥, = (y,,u,,n,)’ and s, = (y/, 7", uf, 7, C;,Cr— )'. The model is then compactly

written in state-space form:

Y, =Fs; + e, etNN(O,Z) (D

St = Gslfl +8[, 8, ~ N (O, Q) (2)

Measurement errors are uncorrelated with each other as well as with the shocks to the states.
We estimate the model using Bayesian methods and using a Gibbs sampler. The intuition of the sampler

is straightforward: conditional on the data and states, equations 1 and 2 are a set of independent linear, Gaus-
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sian regressions for which parameters can be sampled from their known posterior distribution. Conditional
on the model’s parameters, the states can be drawn using the Kalman filter. Thus, we estimate the model
using a Gibbs sampler alternates between draws of model parameters that are conditioned on the states and
draws of the states that are conditioned on model parameters.

Each step of the sampler is standard; see, e.g., Kim and Nelson (1999). Our priors are conjugate so that

all the posteriors are known in closed form. The algorithm consists the following five steps:

1. Sample F. Conditional on the data, states and X, draw the slope terms in equation 1. Because X is

diagonal, we do this equation-by-equation.
2. Sample Y. Conditional on the data, states, and F', draw the variances of the measurement errors.

3. Sample G. Conditional on states and (), draw the AR parameters of the cycle. We impose stationarity

of the autoregressive process via rejection sampling.

4. Sample Q). Conditional on the data (y7), states (s’) and G, draw the variances of the shocks to the

states.

5. Sample the states. Conditional on the data and parameters, we draw the states using the Durbin and

Koopman (2002) and as implemented in Jarocifiski (2015).

We produce 12,000 draws from this sampler, ignoring the first 2,000 and using a thinning factor of 10

for a total of 1,000 draws each model’s posterior distribution.

A2.2 Priors

We set our priors in the following data-driven manner. As described in the text, in general our priors follow

the typical Normal-Inverse Gaussian scheme. Our priors are set for each vintage as follows.

¢ For the priors of the variance for innovations to trends (e.g., &+, &, €+), we set the scale parameter
of the distribution, which controls the tightness of the prior, to be T vintage /9() 3 somewhat informative
distribution. We then HP filter a pre-sample (1947-1959) of the vintage data. The shape parameter is

then set so that the prior distribution is centered about the HP-filter-implied trend variance.

* We follow an analogous procedure for setting the prior for the variance of the innovations to the drift

in trend output, €;.
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* The prior for the variance of the innovations to the cycle is centered about the variance of the pre-
sample’s HP-filter implied cycle, and with scale parameter equal to one, a much less informative

prior.
* Measurement error innovations are very loosely specified, assumed to be IG(1,1).
* Qur priors for “slope coefficients” are Gaussian and not tightly specified.

— Reflecting our belief that the cycle is quite persistent, our priors for the AR coefficients of the
cycle, ¢; ¢, are centered at (3/2, -2/3)’ with variance-covariance matrix equal to the identity
matrix.

— The o parameters are given economically sensible priors with variance-covariance matrix equal
to the identity. For inflation, the mean of ¢ and ¢ are set to ¥io and %20. When the observable is
unemployment, they are centered about -2 and -V4, and for capacity utilization they are centered

at 0 and much more diffuse, with variance-covariance matrix equal to ten times the identity.

Table A2 shows the priors and posteriors for the 2019:Q1 vintage of the UC (GDP/u./7) model.

Table A2: Priors and posterior distribution of UC (GDP/u./7) model.

Priors Posteriors
Parameter 5% Mean 95% | 5% Mean 95%
(07) -2.14 -5 1.14 | -65 -41 -23
o -1.89 -25 139 | -.14 .01 15
Bo -1.54 .10 1.74 | -32 -03 27
Bi -1.59 .05 1.69 | -.07 22 49
ol -14 150 314 | 154 168 1.81
) 231 -.67 98 | -84 -72 -58
Oy .03 .24 44 20 34 .57
O: .00 .02 .05 .02 .02 .03
Oy .00 .07 .16 13 21 .30
O .00 .08 .19 43 52 .65
oc .29 1.08 1.82 | .35 45 .56
Oy 23 1.00 1.73 | .23 .29 .36
Oe.u 23 1.00 1.73 | .13 15 17
Ornu 23 1.00 1.73 | .56 .65 .73

Notes: This table shows the priors and posteriors of UC(GDP/u./) model estimated on the for 2019:Q1
vintage. ¢ denotes standard deviation of shock process.
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A3 Alternative inflation forecast experiments

Table A3: Phillips curve based forecasts of total PCE inflation, 1990:Q1-2013:Q3.

Two quarters ahead

Four quarters ahead

Eight quarters ahead

RT QRT 2013:Q4 RT QRT 2013:Q4 RT QRT 2013:Q4
Linear 1.0l 099 098 100 098 098 .00 096 098
Quadratic 1.01 096  1.04 1.00 094  1.04 098 095  1.04
HP 097 095  0.99 092 092 097 0.89 090 098
GLMS 097 097  0.99 093 093 097 092 093  0.99
Hamilton 098 094 094 094 094 092 090 093  0.89
MW 1.03 100  1.02 1.02 098  1.00 099 095 101
UC (GDP) 1.02 100  1.03 1.01 099  1.02 098 097  1.02
UC (GDP/r)  1.01 099  1.02 1.01 097  1.01 1.00 097  1.00
UC (GDP/CU) 1.03 1.0l 1.01 .04 1.02  1.02 1.04 1.02  1.03
UC (GDP/u)  1.05 104  1.04 1.05 1.05  1.05 1.04 104  1.05
UC (GDP/u/n) 1.05 1.04  1.04 1.05 104  1.05 1.04 103  1.05
Tealbook .04 - 1.20 .03 - 1.00 .04 - 0.88

Notes: Absolute RMSE of inflation forecast from equation 3 using October 2013 Tealbook output gap
estimate shown as bolded values. All other entires are the ratio of that RMSE to the bolded value. Out-
of-sample period is 1990:Q1-2013:Q3 and models are estimated beginning in 1985:Q2 using an expanding
scheme. Asterisks denote that DM test statistic for dominance of indicated model over the null Tealbook
estimate is statistically significant at 10 (*) or 5 (**) percent level. See text for details.

Table A4: Phillips curve based forecasts of core PCE inflation, 1984:Q1-2013:Q3.

Two quarters ahead

Four quarters ahead

Eight quarters ahead

RT QRT 2013:Q4 RT QRT 2013:Q4 RT QRT 2013:Q4
Linear 107 1.06  1.09 105 1.08 1.1 102 108 1.12
Quadratic 1.06 1.05  1.03 1.05 1.06  1.05 .03 1.06  1.10
HP 098 096  1.01 096 096  1.00 093 095 095
GLMS .00 1.01 101 098 1.00  1.00 099 1.00 095
Hamilton 098 096  0.96 095 094 093 092 095 094
MW 096 093 101 099 094  0.99 1.03 097 092
UC (GDP) 098 1.05  1.03 098 1.07  1.04 1.01 1.08  1.08
UC(GDP/r) 094 105  1.04 092 105  1.06 097 1.04  1.08
UC (GDP/CU) - 105 101 - 105  1.02 - 106  1.03
UC (GDPu) 107 1.09  1.06 .08 111 1.09 1.05 110  1.12
UC (GDP/u/n) 1.08 1.10  1.06 1.08 112 1.09 1.05 110 1.11
Tealbook .03 - 063 - 099 - 066 - 092 - 0.75

Notes: Absolute RMSE of inflation forecast from equation 3 using October 2013 Tealbook output gap
estimate shown as bolded values. All other entires are the ratio of that RMSE to the bolded value. Out-
of-sample period is 1984:Q1-2013:Q3 and models are estimated beginning in 1975:Q1 using an expanding
scheme. Real-time UC (GDP/CU) model omitted due to short sample. Asterisks denote that DM test statistic
for dominance of indicated model over the null Tealbook estimate is statistically significant at 10 (*) or 5

(**) percent level. See text for details.
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Table AS5: Phillips curve based forecasts of total PCE inflation, 1984:Q1-2013:Q3.

Two quarters ahead Four quarters ahead Eight quarters ahead
RT QRT 2013:Q4 RT QRT 2013:Q4 RT QRT 2013:Q4

Linear 1.04 1.04 1.04 1.02  1.05 1.06 1.00  1.06 1.07
Quadratic 1.04 1.03 1.03 1.02  1.03 1.05 1.01 1.03 1.10
HP 1.02  1.00 1.02 0.99 0.98 1.01 096 0.97 0.97
GLMS 1.02  1.03 1.01 1.00 1.01 1.01 098 0.99 0.97
Hamilton 1.01  0.99 1.01 0.98 0.98 0.99 0.94 0.96 0.97
MW 1.03  1.00 1.02 1.04 1.01 1.00 1.06 1.03 0.93
UC (GDP) 1.02  1.05 1.03 0.99 1.05 1.04 0.99 1.06 1.07
UC (GDP/r) 1.01  1.04 1.04 098 1.04 1.05 097 1.03 1.07
UC (GDP/CU) - 1.04 1.01 0.78 1.04 1.02 - 1.04 1.03
UC (GDP/u.) 1.06 1.07 1.05 1.06 1.08 1.07 1.04 1.08 1.11
UC (GDP/u./r) 1.06 1.07 1.05 1.07 1.08 1.08 1.04 1.08 1.10
Tealbook 1.02 - 1.36 0.98 - 1.26 0.89 - 1.27

Notes: Absolute RMSE of inflation forecast from equation 3 using October 2013 Tealbook output gap
estimate shown as bolded values. All other entires are the ratio of that RMSE to the bolded value. Out-
of-sample period is 1984:Q1-2013:Q3 and models are estimated beginning in 1975:Q1 using an expanding
scheme. Asterisks denote that DM test statistic for dominance of indicated model over the null Tealbook
estimate is statistically significant at 10 (*) or 5 (**) percent level. See text for details.
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A4 Alternative Taylor rule implied interest rates

Here, we repeat the analysis of section 5.3 but use instead a rule with we = 1 and w, = 1/2.

Figure A1l: “Balanced” Taylor rule implied federal funds rate, 1965:Q3-2018:Q4.
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Notes: Figure shows prescribed interest rate from Taylor 1993 rule, calculated as in equation 4 with wy =
1/2, we = 1, w equal to the four quarter change in the real-time GDP price deflator, y;, as the real-time output
gap estimate, and #* = r* = 2 percent. Thick black line denotes actual effective federal funds rate. See text
for details.
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Table A6: Performance of prescribed interest rate from ’ ‘balanced” Taylor rule.

1965:Q3-2013:Q3

1975:Q1-1997:Q4

1998:Q1-2013:Q3

RT QRT 2013:Q4 RT  QRT 2013:Q4 RT QRT 2013:Q4
Linear 524 480 421 527 462 3.7 6.18 580 4.72
Quadratic 292 302 429 343 368 439 261 250  3.82
HP 274 277 273 3.04 3.1 3.08 273 266 232
GLMS 242 239 270 290 290  3.08 204 203 223
Hamilton 303 306  3.08 346 360 3.6 279 270  2.69
MW 333 331 274 305 309  2.87 393 382 257
UC (GDP) 228 230 427 298 299 378 137 129  3.87
UC (GDP/x) 260 254 3.3 314 293% 330 1.62 160 274
UC (GDP/CU) - 267 325 327" 3.63 206 194 225
UC (GDP/u.) 3.02  3.04 381 369  3.69  4.03 250 250  3.23
UC (GDP/uw/m) 3.05 3.07  3.78 357 366  4.00 255 240 3.3
Tealbook 425 - 3.23 5.75 - 4.01 190 - 1.58

Notes: Table shows RMSE of implied interest rate from “balanced” Taylor rule (wc = 1, w, = 1/2) calcu-
lated using each output gap estimate relative to actual effective federal funds rate. UC (GDP/CU) is excluded
from the real-time evaluation in the first two sub-samples because of limited sample. Asterisks denote that
DMW test statistic for dominance of indicated model over the null October 2013 Tealbook output gap is
statistically significant at 10 (*) or 5 (**) percent level. See text for details.
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