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1 Introduction

The COVID-19 recession was extremely deep but short lived, with a large recovery in eco-

nomic activity making it appear more U shaped than L shaped. In this note, we consider

the extent to which the shape of recessions such as the COVID-19 recession can be predicted

in real time. To do this, we first revisit our Markov-switching model of U.S. real GDP from

Eo and Morley (2022) that accommodates the two different types of recessions in terms of

shape. Following Lenza and Primiceri (2022) for linear time series models, we find that it

is important to account for extreme outliers during the pandemic when estimating model

parameters, but a simple decay function for volatility from 2020Q2 leads to robust inferences

compared to our original estimates. The model, which also allows for a gradual change in

the long-run growth rate given the challenges of estimating a possible discrete structural

break near the end of the sample period, clearly classifies the COVID-19 recession as being

U shaped rather than L shaped. We then consider real-time data and find that our model

could also be used in conjunction with Survey of Professional Forecasters (SPF) data to ac-

curately predict the nature of recovery at the time of the trough of a recession. Our real-time

analysis considers the last four recessions and we illustrate how plausible modeling choices

which could have been made at the time would have correctly predicted the shape of each

recession.

Our analysis builds off the large literature on real-time analysis of the output gap following

the seminal paper by Orphanides and Norden (2002) and demonstrates that our Markov-

switching model can be used for current analysis of the shape of a recession, in addition to

ex post historical classification. We find that SPF data is useful for identifying the trough

of a recession and the nature of recovery, even though the exact path of output is difficult

to accurately predict. The results also provide an out-of-sample validation of our Markov-

switching model of U.S. real GDP developed in Eo and Morley (2022) in terms of capturing

and characterizing the COVID-19 recession.

The rest of this note is organized as follows: Section 2 presents our updated model,

including the decay function used to address the extreme outliers during the pandemic, and

reports parameter estimates and inferences about the shape of recessions. Section 3 considers

real-time analysis for predicting the shape of the last four recessions. Section 4 concludes.
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2 Updating the Model to Address COVID-19

We update our Markov-switching model from Eo and Morley (2022) to account for the ex-

treme outliers due to the COVID-19 pandemic using a decay-function approach developed

by Lenza and Primiceri (2022).1 This model allows a given recession to either permanently

alter the level of aggregate output (i.e., an L-shaped recession) or only have a temporary

effect (i.e., a U-shaped recession). To also allow for the possibility of a change in the long-

run growth rate near the end of the sample period, we consider a version of the model

applied to “dynamically-demeaned” output growth, which was also considered in the ro-

bustness analysis in Eo and Morley (2022).2 In particular, following Kamber, Morley and

Wong (2018), dynamic demeaning involves calculating deviations from a slowly-moving time-

varying unconditional mean as follows: ∆ỹt ≡ ∆yt − 1
40

∑39
j=0 ∆yt−j. Then, our model for

dynamically-demeaned output growth, ∆ỹt, has the following time-varying conditional mean

based on three regimes:

∆ỹt = µ0 + χt · µ1 · 1(St = 1)

+ χt · µ2 · 1(St = 2) +
m∑
k=1

χt−k · λ · 1(St−k = 2) + χtet, (1)

where 1(·) is an indicator function, St is a latent Markov-switching state variable that takes

on discrete values such that St = 0 for the expansionary regime, St = 1 for the L-shaped

contractionary regime, and St = 2 for the U-shaped contractionary regime according to

transition probabilities Pr[St = j|St−1 = i] = pij for i, j = 0, 1, 2, and et ∼ N(0, σ2
t ), with

σ2
t = σ2

v0 · 1(t ≤ τv) + σ2
v1 · 1(τv < t) and τv = 1984Q2 based on the estimated breakdate

in residual volatility reported in Eo and Morley (2022). The extreme observation of output

growth in 2020Q2 due to the spread of COVID-19 is taken into account using a scaling

factor χt, as proposed by Lenza and Primiceri (2022). Before the onset of the COVID-19

pandemic at time t∗ = 2020Q2, we set χt = 1 (i.e., t < 2020Q2). After that time period,

χt∗+j = 1 + (c0 − 1)ρj, where j represents the time elapsed since the pandemic began. For

1The decay function was originally featured in a working paper version of Lenza and Primiceri (2020)
that was released in August 2020 and so plausibly could have been considered in real time as early as 2020Q3
when data for the trough quarter 2020Q2 became available.

2See Eo and Kim (2016) to understand the significance of considering time-variation in long-run growth
when identifying the contractionary regime.
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output growth during contractionary regimes, we set µ1,t = µ1 and µ2,t = µ2 if t < 2020Q2

and µ1,t = χt · µ1 and µ2,t = χt · µ2 otherwise. Accordingly, if St = 2 during the pandemic,

the bounceback effect based on the distributed lag term in (1) for the U-shaped recovery

would be determined by λ2,t−k = −µ2/m if t ≤ 2020Q2 and λ2,t−k = −χt−k ·µ2/m otherwise,

with the length of the post-recession bounceback effect set to m = 5 based on the estimate

reported in Eo and Morley (2022). The scaling parameter c0 is expected to be much larger

than one given the extreme magnitude of the reduction in output growth in 2020Q2, but

in practice we estimate it without any restriction on its value and, importantly, we do not

impose which type of recession it is associated with ex ante. The decay parameter ρ is

restricted to be between 0 and 1 in estimation.

Raw data for U.S. real GDP were obtained from FRED and converted to growth rates

for the sample period of 1947Q2 to 2022Q4 by calculating 100 times the first differences of

natural logarithms. For our real-time analysis in the next section, the real-time data for

U.S. real GDP, including SPF nowcasts and forecasts, were obtained from the Philadelphia

Fed’s Survey of Professional Forecasters. We note that the real-time data, including the SPF

responses corresponding to real GNP prior to 1992.

Table 1 presents the updated parameter estimates, which are very similar to those for

the same parameters included in the original model in Eo and Morley (2022) (see Table 5

in the original paper). The additional parameters related to volatility during the COVID-19

pandemic are c0 and ρ. The estimate of ĉ0 = 5.17 suggests the shock in the pandemic was

five times as large as a typical recessionary shock. Then, the estimate ρ̂ = 0.83 suggests that

more than half of the extra volatility dies out within a year.

Figure 1 shows that the updated model captures the various NBER recessions well and

classifies recessions as being U or L shaped in the same way as the original analysis in Eo and

Morley (2022) (see panel (d) of Figure 6 in the original paper).3 The additional COVID-19

3The finding that the 2007-09 recession was U shaped is arguably the most controversial finding with our
model. Huang, Luo and Startz (2016) find it is L shaped using a similar model, but with regimes identified
by the NBER instead of estimated using Markov-switching regimes. Likewise, Donayre and Panovska (2021)
find it is L shaped when averaging across the Hamilton (1989) and the Kim, Morley and Piger (2005) models
using Bayesian model averaging with weights based on the Schwarz information criterion. Eo and Morley
(2022) show that it is crucial to allow for a slowdown in the long-run growth rate prior to the Great Recession,
as we do when considering dynamic demeaning, in order to identify the Great Recession as being U shaped.
That is, the slower growth in U.S. real GDP evident after the Great Recession appears to have started prior
to the Great Recession, not because of it. See Eo and Morley (2022) for a full discussion of this timing of
the trend growth slowdown.
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recession is very short lived and is clearly classified as being more U shaped than L shaped.

3 Real-Time Analysis of the Last Four Recessions

In this section, we employ real-time analysis to examine the ability of our model to predict

the shapes of recessions. We find that SPF data is helpful in determining the trough of a

recession and also predicting the nature of recovery at the time of the trough, even though

SPF predictions about the future level of output are not always particularly accurate or even

unbiased.4

For our real-time analysis, we consider the last four recessions (1990-91, 2001, 2007-09,

and 2020) for which enough data were available to have plausibly been able to estimate our

model with different types of recessions at the time.5 Given the real-time setting, we continue

to consider dynamic demeaning to allow for possible gradual changes in the long-run growth

rate.

First, we consider when SPF nowcasts and forecasts of real GDP predict the trough of a

recession to have occurred. For the last four recessions, we find that median SPF predictions

always correctly identify the trough as either a forecast or a nowcast (i.e., within the quarter

following the trough). The real-time data and SPF predictions for both the quarter of the

trough and the quarter following the trough are presented and compared with the final

vintage data for the last four recessions in Figure 2.

Then using the SPF nowcasts and forecasts as augmented data for future observations of

real GDP with which to estimate our model and classify a recession as being L or U shaped,

we find that the implied nature of the recovery is correctly predicted for each recession.

4See Coibion and Gorodnichenko (2012, 2015) and Coibion, Gorodnichenko and Kamdar (2018) on in-
formation rigidity in SPF forecasts. In particular, Coibion and Gorodnichenko (2015) show that the degree
of information rigidity significantly decreases one year after the start of a recession, making it unable to
reject the null hypothesis of full-information rational expectations. This finding can potentially explain why
SPF nowcasts and forecasts are effective in detecting the troughs of business cycles in our model. Also see
Zanetti Chini (2023) on state-dependent biases related to recessions.

5While the Hamilton (1989) model had been around for a few years before the 1990-91 recession, models
incorporating bounceback dynamics were only in the early stages of being developed, with the nonlinear
model in Beaudry and Koop (1993) being a prominent early example, although it was not nested within a
Markov-switching framework. See Kim and Nelson (1999) and Kim, Morley and Piger (2005) for Markov-
switching models of U.S. real GDP that explicitly build off of Beaudry and Koop (1993). Also, see multivari-
ate unobserved components models with Markov-switching in trends and cycles, such as Kim and Murray
(2002), Kim and Piger (2002), and Kim, Piger and Startz (2007), that implicitly allowed for both L and U
shaped recessions.
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The results for this real-time analysis are presented in Figure 3. It is worth noting that

our model augmented with SPF data does not always identify the end of a contractionary

regime in real time even though the SPF is able to identify the trough. The issue is that

the Markov-switching model can fit the SPF predicted data by suggesting a contractionary

regime persists, as it is generally expected to with a conditional probability of around 70%

according to the estimates in Table 1, with a sequence of positive forecast errors at least as

well or slightly better than if a switch to an expansionary regime occurred and there were a

sequence of negative forecast errors to capture the relatively weak initial recoveries implied

by the SPF. Only with actual realized data do the contractionary probabilities settle down to

what we find for the full-sample estimates.6 But, importantly, the Markov-switching model

combined with the SPF data does correctly predict the type of recession in real time when

comparing to the final revised probabilities in Figure 1. Specifically, in Figure 3, we can see

that the model identifies the 1990-91 and 2001 recessions as being L shaped and the 2007-09

and 2020 recessions as being U shaped at the time of the trough for each recession.

The ability to identify the shape of recession in real time also means that we are able to

obtain a reasonably reliable estimate of the output gap in real time. Morley and Panovska

(2020) show that the output gap based a set of linear and nonlinear models that includes

the Hamilton (1989) model and the Kim, Morley and Piger (2005) model is substantially

more reliable than the Hodrick and Prescott (1997) and Hamilton (2018) filters when using

the standard metrics for real-time evaluation from Orphanides and Norden (2002). Figure 4

shows that the estimated output gap based on the trend/cycle decomposition approach in

Morley and Piger (2008), which was also considered in Eo and Morley (2022), is quite reliable

in real-time when calculated using real-time real GDP data augmented with SPF predictions

and that it is very similar to the estimated model-averaged output gap reported in Morley

and Panovska (2020).7 Specifically, by identifying the 1990-91 and 2001 recessions as being

L shaped in real-time, our model also implies little or no output gap for the 1990-91 and

2001 recessions. By contrast, it implies large, negative output gaps for the 2007-09 and 2020

6Data revisions also play some role in different real-time probabilities. For example, the finding of a high
probability of a contractionary regime in 1986Q2 given the 1990Q1 vintage of data considered in panel (b)
of Figure 3 reflects an implied negative growth rate for the quarter of -0.44% based on real GNP data at the
time that was revised away in later vintages with the switch to real GDP in 1992, for which the corresponding
final-vintage growth rate in 1986Q2 is 0.45%.

7See Eo (2022) for the estimation of the output gap using SPF forecasts based on unobserved components
models.
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recessions, consistent with their identification as U-shaped recessions in real-time and the ex

post estimated output gap based on the final vintage data.

4 Conclusion

We have shown that a Markov-switching model of U.S. real GDP with two different types of

recessions from Eo and Morley (2022) clearly identifies the COVID-19 recession as being U

shaped and was able to do so in a real-time setting when including a decay function for shock

volatility during the pandemic in the model and augmenting real-time real GDP data with

observations based on predictions from the SPF. Indeed, the Markov-switching model would

have successfully predicted the shape of the last four recessions in real time at the time of

the trough identified by the SPF. This analysis shows that SPF data can be useful in making

qualitative predictions about the nature of a recession even if the quantitative predictions

about the path of real GDP are not always very accurate. We also find that estimates of

the implied highly-asymmetric output gap are also quite reliable in the real-time setting. As

our focus is on predicting the shape of a recession, we leave analysis about why a particular

recession is L or U shaped to future research, although we note that a very recent paper by

Huang, Luo and Startz (2023) provides a promising extension of our model to incorporate

time-varying transition probabilities that allows consideration of what variables might drive

or predict different types of recessions.
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Table and Figures

Table 1: Parameter estimates for the updated model

Parameter Estimate Standard Error
p01 0.03 0.01
p02 0.02 0.01
p11 0.74 0.11
p22 0.71 0.11
µ0 0.07 0.04
µ1 -1.19 0.18
µ2 -1.89 0.22
λ2 0.38 0.04
σv0 0.87 0.06
σv1 0.43 0.03
c0 5.17 1.09
ρ 0.83 0.07

log-lik -347.92

Note: The model in (1) is estimated using the full sample of realized data from 1947Q2 to 2022Q4 with
parameters τv = 1984Q2 and m = 5 based on Eo and Morley (2022). Estimates are reported for both µ2

and λ2 even though they are jointly estimated using the restriction λ2,t−k = −µ2/m if t ≤ 2020Q2 and
λ2,t−k = −χt−k · µ2/m otherwise.
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Figure 1: Recession probabilities for the updated model
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Figure 2: Log real GDP for final vintage versus real-time data plus SPF predictions
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Figure 3: Recession probabilities for full sample estimation versus real-time predictions
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Figure 4: Estimates of output gap in real time and full sample for the last four recessions
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