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Abstract

Using data from the Survey of Professional Forecasters, we observe that a large frac-

tion of analysts’ expectations about future economic growth is not due to technology or

other shocks to fundamentals measured by the business cycle literature. We find that

these unexplained changes in forecast revisions predict significant boom-bust dynam-

ics in the key macroeconomic aggregates. We offer a novel theory where boom-bust

dynamics stem from expectation shocks orthogonal to fundamentals.

JEL classification: C32, E32

Keywords: Animal Spirit, Boom Bust, Business Cycle, Sunspot

∗We would like to thank the editor, Yuriy Gorodnichenko, the associate editor, Cosmin Ilut, and the
anonymous referee for their comments and guidance. We are also grateful to Susanto Basu, Carola Binder,
Ryan Chahrour, Peter Ireland, Pablo Guerrón-Quintana, Jaromir Nosal, Tristan Potter, and Fabio Schiantarelli.
This paper previously circulated under “What are the Sources of Boom-Bust Cycles?”
†University of Alberta, brianti@ualberta.ca
‡Santa Clara University, vcormun@scu.edu



We uncover a new finding on the sources of expectation changes and their propagation.

When changes in expectations do not stem from technology or other measured funda-

mental shocks, they are likely associated with boom-bust dynamics in key macroeconomic

indicators. Specifically, we find that after a positive shock to expectations, output initially

rises but eventually falls significantly below trend. In contrast, changes in expectations due

to fundamental shocks result in trend-reverting dynamics without any oscillatory patterns.

We organize the paper in two parts. In the first part, we extract and examine the com-

ponent of agents’ expectations that is unexplained by technology or other shocks to funda-

mentals estimated by the business cycle literature. To do so, we use data from the Survey

of Professional Forecasters (SPF), and compute the time t revision of one-year-ahead ex-

pectations on real GDP growth that analysts formed in quarter t − 1. We then extract

the surprise in analysts’ revisions that is unrelated to past, present, and future technology

growth, and to the expectations thereof. We find that these expectation surprises explain

between 41% and 52% of the changes in analysts’ expectations, depending on whether we

control for other measured fundamental shocks besides technology.

Next, we examine the propagation of these expectation shocks. Using local projections,

we estimate that a positive expectation shock leads to boom-bust dynamics in aggregate

quantities. GDP, consumption, hours, and investment significantly increase on impact,

and remain elevated for about three years, after which they display a significant contrac-

tion below their long-run trend. In addition, we find that, on average, analysts correctly

predict both the boom and the bust, without further revising their forecasts as the shock

propagates.

Our results might be contaminated by other fundamental shocks than current or ex-

pected changes in technology. To alleviate this concern, in the robustness checks section,

we control for a broad spectrum of fundamental shocks measured by the business cycle

literature. We show that results remain largely unchanged. In addition, we discuss why

other studies adopting similar semi-structural identification procedures have not found
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boom-bust dynamics in response to expectation shocks. The closest paper related to our

empirical findings is Levchenko and Pandalai-Nayar (2020). Their estimation strategy also

entails extracting the residual of analysts’ forecasts that is orthogonal to anticipated and

surprise technology shocks. However, they estimate the responses using Vector Autore-

gressions, without finding boom-bust dynamics. We show that the key innovation of our

strategy is the use of local projections, which, in small samples, are more suited to estimate

medium to long horizon dynamics than Vector Autoregressions.

Before turning to an explanation of our findings, we further argue that shocks to funda-

mentals are likely not responsible for the boom-bust dynamics that we uncover. To do so,

we carry out two distinct exercises. First, we estimate the impulse response to analysts’

revisions without controlling for changes in technology or other fundamental shocks. We

find that positive revision surprises do not predict a future bust, but boom-bust dynamics

obtain only when we remove the fundamental component. Second, we identify technology

shocks and estimate their effects on the business cycle. Specifically, we extract the surprise

component of the growth rate of utilization-adjusted Total Factor Productivity, and esti-

mate its effect on the economy via local projections. We find that technology shocks lead

to significant and positive deviations of macroeconomic aggregates from their long-run

trend, without exhibiting any oscillatory pattern.

Altogether, our results reveal the presence of economic disturbances that i) drive a sig-

nificant portion of fluctuations in analysts’ forecasts, ii) are orthogonal to a broad range of

measured fundamentals, and iii) induce boom-bust dynamics. However, it remains chal-

lenging to tease out the specific nature of these disturbances. In the second part of the

paper, we propose a theory wherein these disturbances stem from self-fulfilling fluctua-

tions in agents’ expectations about the future economic outlook. We specifically focus on

expectation changes that are orthogonal to fundamentals. In the final section, we broaden

our scope and discuss how our theory accommodates other fundamental shocks within the

expectation component we’ve identified.
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The model is a Real Business Cycle model with both expectation and technology shocks.

Expectation shocks endogenously arise from the interplay of two frictions. First, we as-

sume that firms can borrow from households up to a limit that depends on their market

value. Second, we assume that firms face a working capital requirement. We demonstrate

that the interaction between the borrowing limit and the working capital requirement

generates self-fulfilling equilibria, that is, equilibrium changes in agents’ expectations in-

dependent from fundamentals. The intuition is as follows. If households become more

optimistic regarding firm value, the borrowing constraint relaxes, and firms can finance

more production. As firms increase their labor demand, households’ income increases and

so does their demand for firm assets. Consequently, firm value rises, validating the initial

optimism of households.

Next, we feed the model with both i.i.d. expectation shocks orthogonal to fundamentals

and transitory technology shocks. The model replicates the conditional boom-bust dynam-

ics that we find in the data. The intuition is that while both expectation and technology

shocks increase firm value, the nature of the increase matters for propagation. During an

expectation-driven expansion, firm value rises because households increase their saving

desire in expectation of a future recession. Then, a recession results from the interaction

between households’ sale of firm assets and the tightening of firms’ borrowing constraints.

During an expansion driven by a temporary improvement in technology, in contrast, firm

value increases because firms become more profitable. Since households know that higher

firm values are due to higher technology, they will not sell firm assets, and, consequently,

there will be no crunch in credit.

Related literature This paper contributes to several strands of the business cycle litera-

ture. First, we relate to the broad class of papers using semi-structural identification meth-

ods to isolate the main comovement associated with a target variable. These papers often

apply the “max-share” identification method proposed by Uhlig (2004), which shows how

to extract the main shocks explaining the fluctuations in the GNP. In the context of expec-

3



tations, Leduc and Sill (2013), Fève and Guay (2019), and Levchenko and Pandalai-Nayar

(2020) recover expectation shocks targeting expectation changes available from survey

data. Their identification procedure requires estimating a VAR, whereas we offer an al-

ternative method which relies on local projections. A related handful of papers, instead,

find instrumental variables to identify expectation shocks more narrowly. In particular,

Benhabib and Spiegel (2019) identifies expectation shocks from political outcomes, while

Lagerborg et al. (2022) identifies them from the number of fatalities in mass shootings.

Both studies find that these shocks have sizeable effects on the economy, but they are silent

on their medium-horizon impact.

Second, we contribute to the literature on endogenous cycles. Works in this literature

build on the view that the economy is subject to an endogenous propagation mechanism

responsible for recurrent boom-bust cycles.1

Finally, our model builds on the class of models with equilibrium indeterminacy and

sunspot shocks. The workhorse model in this literature is the one by Benhabib and Farmer

(1994), in which equilibrium indeterminacy arises due to aggregate increasing returns

to scale. A close paper to ours is Benhabib and Wen (2004), which shows that sunspot

models can replicate the autocovariance properties of the data. We also relate to those

models that generate self-fulfilling rational expectations equilibria from credit market am-

plification, such as Benhabib and Wang (2013), Liu and Wang (2014), and Azariadis et al.

(2015). These papers examine the responses to a single shock, or focus on replicating the

unconditional properties of the data, whereas we offer a theory of boom-bust dynamics

conditional on the source of fluctuations. We further discuss the relation with sunspot

models at the beginning of Section 2.2

1 See Boldrin and Woodford (1990) for a survey, or the more recent works by McKay and Wieland (2021),
Bianchi et al. (2024), and L’Huillier et al. (2024).

2 Our interpretation of expectation shocks is similar to the one in Acharya et al. (2021) in which endogenous
sentiments are defined as self-fulfilling expectation changes orthogonal to fundamentals. This interpretation
is different from exogenous sentiments, defined as exogenous stochastic processes altering agents’ first-order
beliefs (a.k.a. noise shocks) or higher-order beliefs about fundamentals. Works on the estimation of noise
shocks include, for instance, Oh and Waldman (1990), Beaudry and Portier (2004), Lorenzoni (2009),
Schmitt-Grohé and Uribe (2012), Blanchard et al. (2013), Hürtgen (2014), Forni et al. (2017), Chahrour
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1 Expectation shocks and boom-bust dynamics

In this section, we examine the changes in analysts’ expectations that cannot be accounted

for by technology, the expectations thereof, and by other shocks to measured fundamen-

tals. Not only do we find that about 50% of analysts’ expectation revisions are not due to

the fundamentals we control for, but also that such residual component is associated with

dynamics that are remarkably different from the ones generally attributed to fundamental

shocks.

Identifying expectation shocks We proxy expectations of market participants using

expectations data from the Survey of Professional Forecasters (SPF) maintained by the

Philadelphia Fed. The survey is available from 1968Q4 and consists in quarterly forecasts

of a number of macroeconomic indicators at several horizons. In our baseline specifica-

tion, we use the mean of analysts’ one-year-ahead forecasts of U.S. real GDP growth from

1970Q3 to 2020Q1.3 Let xt+h|t−1 be the mean analysts’ forecast of xt+h made in quarter

t− 1, we compute quarter t forecast revision as

St =
xt+3|t

xt−1|t
−
xt+3|t−1

xt−1|t−1

,

where the second term on the right-hand side is the forecast of annual GDP growth made

in quarter t − 1, and the first term is the updated forecast in quarter t. The difference

between the two, St, is the revised forecast that analysts make upon the arrival of new

information at time t.4

and Jurado (2018, 2022), Benhima and Poilly (2021), Enders et al. (2021), and Faccini and Melosi (2022).
Other notable examples of papers analyzing exogenous sentiments can be found in Angeletos and La’o (2010,
2013) and Rondina and Walker (2021).

3 We start from 1970Q3 to avoid discontinuities in the data, annd we stop in 2020Q1 to exclude the COVID-19
recession.

4 Note that xt−1|t−1, the nowcast of xt−1 made in t − 1, and xt−1|t, the backcast in t, are not necessarily the
same since analysts do not observe the current values of xt. See Enders et al. (2021) for an exploration of
the economic effects of nowcast errors.
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Next, we regress the forecast revision on the past, present, and future technology, and on

past and present expectations of future technology. Importantly, including both realized

technology and its expectations allows us to control for fluctuations induced by ex-post

wrong beliefs about future technology, i.e., noise shocks (see Chahrour and Jurado, 2018).

The regression reads:

St = αSt−1 +
K∑

k=−K

βk∆ log TFPt−k +
J∑
j=0

δjbt−j + νt, (1)

where we omit the constant for convenience. Regression (1) includes three sets of con-

trols. First, we control for past forecast revisions. Under full information rational ex-

pectations, time-t revisions should only be affected by contemporaneous variables, but

Coibion and Gorodnichenko (2015) shows that forecast revisions predict future forecast

errors. Therefore, we add lagged revisions to the set of controls, and verify that the resid-

ual νt is not autocorrelated. The second set of controls includes the past, present, and

future realizations of total factor productivity. We use utilization-adjusted quarterly TFP

from John Fernald’s website, and control for four lags and twelve leads.5 Finally, the term

bt ≡ Êt[log TFPt+3 − log TFPt−1] is the estimated beliefs on future annual TFP growth,

where we keep the timing consistent with the forecast revisions St. Since TFP expectations

are not readily available in the survey, we compute bt as the fitted value of the following

regression:

log TFPt+3 − log TFPt−1 =
M∑
m=0

αm∆ log TFPt−m +

Q∑
q=0

βqPCt−q + ηt+3, (2)

where the left-hand side is the annual growth rate of quarterly TFP, and the right-hand side

includes both present and past values of quarterly TFP growth and of the first four principal

components of the quarterly dataset maintained by McCracken and Ng (2020). We set the

5 We verify that results remain unchanged when we increase the number of leads or lags. See Figure D1 in the
Supplementary Material.
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number of lags M and Q equal to four.6 Table C1 in the Supplementary Material shows the

results for both regressions, whereas Figure B1 illustrates the expectation shock series ν̂t.

Perhaps surprisingly, the R-squared of the regression in Equation (1) is 48%, meaning that

more than half of changes in analysts’ expectations are not due to realized changes in TFP

or noise. Furthermore, the R-squared increases only to 59% when we additionally control

for several externally identified fundamental shocks. These controls include the monetary

policy shocks of Romer and Romer (2004), the military spending shocks of Ramey (2011),

the unanticipated and anticipated tax shocks of Mertens and Ravn (2012), the oil price

shocks of Kilian (2008), the financial uncertainty series of Ludvigson et al. (2021), and the

SPF forecast dispersion series as in Ilut and Schneider (2014).

Impulse responses to expectation shocks The residual, ν̂t, from Equation (1) is our ob-

ject of interest. We estimate the impulse responses to a one standard deviation increase in

ν̂t using local projections as in Jordà (2005). Specifically, we run the following projections:

yt+h − yt−1 = θhν̂t +
P∑
p=1

[
δpν̂t−p + λp∆yt−p

]
+ 1h>0η̂t+1,t+h + ηt,t+h for h = 0, 1, . . . , H (3)

where the parameter θh is the response of y to a positive expectation shock after h periods.

In the baseline, we control for the first four lags of both ν̂t and the first difference of yt.

In addition, when h > 0, we control for the residual η̂t+1,t+h estimated in the (h − 1)-th

regression and forwarded by one period.7

Figure 1 illustrates the responses of forecast revisions and of the log of real GDP to both

a change in the raw forecast revisions St, and to an expectation shock ν̂t. We compute 80%

and 90% confidence intervals using Eicker-Huber-White heteroscedasticity-robust standard

errors (see Montiel Olea and Plagborg-Møller, 2021 for a discussion). Three patterns

6 Figure D1 in the Supplementary Material shows that results are robust to changing the number of lags or the
number of principal components.

7 The inclusion of the residuals from the previous regression increases the efficiency of the estimator. This
is because η̂t+1,t+h is, by construction, orthogonal to the regressor ν̂t, therefore, its inclusion improves the
accuracy of θ̂h (see Wooldridge, 1993, pp. 687). Nevertheless, Figure D1 in the Supplementary Material
reveals that our conclusions do not change when we remove the estimated residuals from the set of controls.
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emerge. First and foremost, the response of GDP hinges on whether we control for TFP

in Equation (1). The top-left panel shows a transitory but persistent increase in the real

GDP in response to a positive change in forecast revisions. Conversely, the bottom-left

panel shows boom-bust dynamics in response to an expectation shock. More specifically, a

positive expectation shock brings about a gradual increase in the real GDP which remains

elevated for about three years, significantly falling below the trend afterward.

Second, forecast revisions show very little sign of overshooting following an expectation

shock. The response of forecast revisions dies out quickly, suggesting that the bust in GDP

might not be associated with analysts further revising their expectations downward. This

pattern lends support to theories in which agents are able to predict both the boom and

the bust already at the time when the shock hits. Such theories do not require departures

from full information rational expectations.8

Third, in the left panels, we juxtapose analysts’ revisions with actual GDP realizations.

We find that analysts correctly predict the GDP increase after an expectation shock, but

they underpredict the GDP increase after a change in forecast revisions. While this latter

finding aligns with Coibion and Gorodnichenko (2012), which shows that analysts fail to

adjust their predictions in response to shocks to fundamentals, the fact that expectation

shocks do not lead to predictable forecast errors suggests that these shocks are likely to

originate from non-fundamental disturbances. The reason is that such disturbances arise

from intrinsic (thus, observable) changes in agents’ expectations, rather than from exoge-

nous shocks that analysts may not perfectly observe.

1.1 Robustness checks

Let’s subject our results to alternative specifications. In the interest of space, Figure 2

only plots the responses of real GDP to a positive expectation shock. The solid red lines

8 Notable examples of boom-bust cycle theories featuring deviations from full information rational expec-
tations are Bianchi et al. (2024), in which agents have diagnostic expectations, and Rondina and Walker
(2021), in which agents don’t have full information but learn about the shock only gradually.
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illustrate the responses under several specifications, whereas the blue line with circular

markers is our baseline response. We address six major concerns.

First, since we estimate expectation shocks as the residuals from the regression in Equa-

tion (1), these shocks may contain forecast revisions induced by fundamentals other than

technology. Thus, the first panel plots the GDP response after adding other measured fun-

damental disturbances to the set of controls in Equation (1). More specifically, we control

for the monetary policy shock series of Romer and Romer (2004) and extended by Wieland

(2021), the military spending series of Ramey (2011), the unanticipated and anticipated

tax shocks estimated by Mertens and Ravn (2012), the oil price shocks estimated by Kil-

ian (2008), the financial uncertainty series by Ludvigson et al. (2021), and the interdecile

range of one-quarter-ahead SPF forecasts of real GDP growth to proxy for ambiguity as

in Ilut and Schneider (2014). The restricted sample ranges from 1971Q1 to 2004Q3. We

find that the point estimates are largely unvaried relative to the baseline. This is some-

what not surprising given that these shocks contribute very little to the R-squared of the

regression in Equation (1). We also find that, despite the loss of observations, point esti-

mates are estimated more accurately, as shown by the narrower confidence bands. Overall,

even though there might still be some fundamentals left in the variation that we isolate,

results exclude a broad spectrum of fundamental shocks. This suggests a prominent role

for pure expectational changes driving boom-bust dynamics, such as waves of optimism or

pessimism.

A second source of concern is the choice of the forecast series and its aggregation

method. In the baseline, we take the mean of the analysts’ forecast on real GDP growth.

In the second and third panel of the first row, instead, we estimate the responses us-

ing, respectively, the median forecast revisions of real GDP growth, and the first principal

component of forecast revisions of the unemployment rate, industrial production, and the

real GDP. As an additional robustness check, we recognize that our baseline does not dis-

tinguish between business cycles and low frequency fluctuations induced by expectation
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shocks. Since we are mainly interested in the business cycle fluctuations, we detrend the

real GDP series, and estimate its response to expectation shocks using the following modi-

fied version of Equation (3):

ydett+h = θhν̂t +
P∑
p=1

[
δpν̂t−p + λpy

det
t−p

]
+ 1h>0η̂t+1,t+h + ηt,t+h for h = 0, 1, . . . , H (4)

where ydett stands for the detrended log of real GDP. Figure 2 shows the responses either

after we remove the linear trend, or when we use a more sophisticated High-Pass filter

which excludes fluctuations with periodicities over 200 quarters. Since filtering removes

long run fluctuations, estimates are more accurate at longer horizons, resulting in narrower

confidence bands.

The last three robustness checks concern the sample period, the number of lags in the

local projections, and alternative measures to control for anticipated TFP changes. In

particular, we begin the sample in 1982Q1, after the Volcker disinflation. We increase the

number of lags P in Equation (3) to eight. And, as a last exercise, we control for news

shocks in TFP, using the estimation procedure in Barsky and Sims (2011).

Overall, Figures 1 and 2 suggest the presence of a pervasive component induced by ex-

pectation changes unrelated to measured fundamentals. Such a component drives boom-

bust dynamics on real GDP.

Discussion We are not the first to identify expectation shocks as surprises of agents’ ex-

pectations orthogonal to TFP. In particular, our identification strategy resembles the one

adopted by Levchenko and Pandalai-Nayar (2020, LPN henceforth). LPN estimates a struc-

tural vector autoregression model including four lags of TFP, GDP, consumption, hours,

and the one-quarter-ahead SPF forecasts of real GDP. The sample ranges from 1968Q4

to 2010Q3. Expectation shocks are estimated as those that maximize the forecast error

variance of analysts’ forecasts, while being orthogonal to surprise and news of TFP. They

find that expectation shocks explain a relevant fraction of U.S. GDP but they do not find
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evidence of boom-bust dynamics. The distinction with our results arises because a VAR(p)

estimates impulse responses at horizon h > p only using the first p sample autocovariances.

In contrast, local projections exhibit greater flexibility by projecting the dependent variable

at horizon h onto current shocks. Consequently, VARs and local projections estimate the

same impulse responses only when enough lags are included (see Plagborg-Møller and

Wolf, 2021, and Li et al., 2022).

To see this, we first replicate the VAR(4) of LPN over their sample. The solid line in

Figure 3 shows the response of real GDP.9 Real GDP rises over the first few quarters, and

then slowly returns to trend in a monotonic fashion. Next, we examine the responses after

increasing the number of lags to eight in the VAR (left panel), or running local projections

on LPN’s shocks. For the local projections, we use the specification in Equation (3) with

eight lags, i.e., P = 8. The lines with circles show the responses under these alternative

specifications. Both extensions feature significant boom-bust dynamics. Furthermore, de-

spite differences in the identification strategy and the variable selection, the VAR(8) and

the local projections predict dynamics that are remarkably similar to the ones obtained in

our baseline.

1.2 Responses of other variables and variance decomposition

Let’s turn to the responses of other key macroeconomic indicators and compute the impor-

tance of expectation shocks.

Responses of other variables We document the macroeconomic responses to an ex-

pectation shock by estimating Equation (3) for several macroeconomic indicators. Figure

4 shows the responses of (the log of) real investment, real consumption, hours worked,

CPI, labor productivity, and utilization-adjusted TFP. The response of TFP is never statis-

tically different from zero, indicating that we are controlling for enough leads and lags in

Equation (1). Investment, consumption, and hours comove and display similar boom-bust

9 See Section E of the Supplementary Material for details regarding the estimation and the response of all
variables included in the VAR.

11



dynamics to the ones estimated for real GDP in Figure 1.10 The positive response of CPI

and the comovement among variables suggest that we are capturing a source of demand

shocks. Finally, labor productivity decreases during the boom, while it increases during the

bust, albeit the estimated response is inaccurate. This pattern is particularly informative

from a model standpoint. In fact, as we shall discuss in Section 2, the fall in labor produc-

tivity falsifies models of production externalities and aggregate increasing returns to scale

as candidate explanations of expectation-driven fluctuations.11

Forecast error variance decomposition We follow Gorodnichenko and Lee (2020) and

compute the share of the forecast error variance of all variables examined in Figures 1

and 4 explained by expectation shocks.12 Table 1 reports the estimated shares at four,

eight, and twenty quarters, and the numbers in parentheses are one standard deviation

intervals. Expectation shocks explain up to one third of the variation of GDP. A similar

patter emerges for real investment and hours worked. For real consumption and CPI

the variance explained is somewhat smaller. In addition, Table H1 in the Supplementary

Material reports similar values for the shares of forecast error variance after we control for

other fundamental shocks in Equation (1).

1.3 Technology shocks and conditional spectral densities

We now analyze the difference between expectation and technology shocks, and discuss

the implications for the business cycle literature.

Responses to a technology shock It is extensively documented that TFP follows a near

random-walk process and is the main contributor to long-run fluctuations. Thus, the spec-

ification in Equation (3) is not suitable in this case, as it would inevitably capture both the

permanent and the transitory effects of a TFP shock. Suppose, indeed, that TFP shocks

10 Figure F1 in the Supplementary Material reveals that stock prices, commercial and industrial loans, and
nonfinancial business debt also display boom-bust dynamics.

11 The difference in the conditional cyclicality of labor productivity can also help explain the reduced-form
acyclicality of labor productivity found in the data (see Stiroh, 2009).

12 See Section G of the Supplementary Material for details.
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generated transitory oscillatory dynamics while also affecting the long-run level of output.

Then, impulse responses estimated using Equation (3) would not cross the zero line, and

we would erroneously conclude that TFP shocks do not account for boom-bust dynamics

at business cycle frequencies. Thus, we choose to study the responses on the detrended

variables, so as to isolate the transitory effects of TFP shocks from the permanent ones.

We begin by estimating an innovation in TFP growth using a modified version of Equation

(2), that is:

∆ log(TFPt) =
M∑
m=1

αm∆ log(TFPt−m) +

Q∑
q=1

βqPCt−q + ut (5)

where ut takes the interpretation of a technology shock. The number of lags M and Q is

equal to four. Next, we estimate the business cycle responses by detrending the macroeco-

nomic variables using a High-Pass filter that excludes periodicities over 200 quarters. The

responses are estimated following Equation (4).

Figure 5 reports the impulse responses of several macroeconomic aggregates. A technol-

ogy shock brings about a significant comovement of all variables examined. The responses

are hump shaped, but there is no significant boom-bust pattern, unlike the responses to an

expectation shock. The response of CPI is negative and significant confirming the supply-

side nature of the shock, and the response of labor productivity is positive and significant,

unlike in the case of expectation shock where we found labor productivity to be mildly

countercyclical.

Overall, results on technology shocks are not surprising. In fact, there is ample evidence

on the effects of technology shocks consistent to what we find (see for example Gali, 1999

and Basu et al., 2006). However, they stand in stark contrast to the dynamics we found in

response to expectation shocks. Technology shocks might be important to explain business

cycles, but they are unlikely the cause of boom-bust phenomena.
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Discussion There are two key implications of our findings. First, business cycles should

be predictable, at least in part. Second, recessions are more likely to occur after an ex-

pansion that has a dominant nontechnology source. Beaudry et al. (2020) documents the

predictability of boom-bust cycles. Specifically, the authors show that the spectral densi-

ties of U.S. macroeconomic indicators display a peak at business cycle frequencies.13 They

then show that standard models of business cycles cannot reproduce such spectral density

peak. Our results complement their findings by shedding light on the sources of boom-bust

cycles. Building on their work, it is possible to separately compute the spectral densities

implied by expectation and technology shocks. Let the estimated structural moving aver-

age of variable yt conditional to a shock ε̂t be

ŷt|εt =
H∑
h=0

θ̂hε̂t−h

where H is a truncation horizon that we set equal to 36 quarters.14 Then, the estimated

conditional spectral density of y at frequency ω implied by the shock ε̂ is

ŝk(ω) =
σ̂2
ε

2π

[
H∑
h=0

θ̂(h)eihω

][
H∑
h=0

θ̂(h)e−ihω

]
.

The first column of Figure 6 shows the spectral densities of real GDP implied by expectation

and technology shocks. The x-axis is the periodicity, defined as the inverse of the frequency

ω. The spectral density of GDP conditional on expectation shocks exhibits a peak at a

periodicity of about 40 quarters, consistent to what Beaudry et al. (2020) finds in the

reduced form data. The spectral density conditional on technology shocks, in contrast, is

monotonically increasing in the periodicity. A similar contrasting pattern appears when we

consider other macroeconomic indicators (see Figure I2 in the Supplementary Material).

13 The spectral density is a useful diagnostic tool of boom-bust dynamics because it decomposes the autoco-
variance function at different frequencies. A spectral density peak occurring at a given frequency means that
the economy oscillates according to a predictable cycle with a length equal to the frequency of the peak.

14 Figure I1 in the Supplementary Material shows that our conclusions do not rely on the truncation horizon.
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Taken together, our findings provide new discipline for models of business cycles. As in

Beaudry et al. (2020), our results favour models that embed a strong endogenous mecha-

nism that is able to reproduce predictable boom-bust dynamics. However, such mechanism

should be shock dependent: boom-bust cycles should stem from expectation shocks and

not from technology shocks. In the remaining part of the paper, we write a model with

one such mechanism.

2 A model of conditional cycles

A model consistent with the empirical evidence presented above should satisfy the follow-

ing three properties. First, it should embed sources of fluctuations beyond the fundamental

shocks we controlled for. Second, the model should reproduce boom-bust dynamics con-

ditional on the shock that hits the economy. Third, it should reproduce the monotonic

pattern of forecast revisions depicted in Figure 1.

We choose to write a model that belongs to the class of models with self-fulfilling equi-

libria as in Benhabib and Farmer (1994). This class of models is suitable because (i)

it rationalizes the existence of non-fundamental sources of fluctuations, a.k.a. sunspots;

(ii) the amplification mechanism responsible for self-fulfilling fluctuations often generates

boom-bust dynamics; and (iii) the sunspot process can be i.i.d and perfectly observable,

leading to a one-time change in forecast revisions. However, we cannot readily employ

off-the-shelf models from the sunspots literature for two key reasons.

First, many of these models predict an increase in labor productivity following a positive

expectation revision. A noteworthy example is the seminal model of Benhabib and Farmer

(1994), in which equilibrium indeterminacy stems from aggregate increasing returns to

scale due to a production externality. Since the amplification mechanism that operates

in response to sunspots relies on such increasing returns, the model features an upward-

sloping aggregate labor demand. Consequently, labor productivity is procyclical condi-

tional to a sunspot shock. The cyclicality of labor productivity aligns with empirical data
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when sunspots correlate with productivity-amplifying events, such as technological shifts.

However, this contrasts with our findings concerning the labor productivity response to

purified innovations in forecast revisions.15

Second, even if we consider a model with equilibrium indeterminacy that does not

stem from a production externality, such a model is likely to predict boom-bust dynam-

ics regardless of the type of shock. An illustrative example is the model of Benhabib and

Wang (2013). This model incorporates financial frictions into an otherwise standard Dixit-

Stiglitz monopolistic competition model. The financial constraint relaxes during booms,

leading to an endogenous counctercyclical markup channel which shifts the labor demand

upward and results in equilibrium indeterminacy. While the responses to sunspot shocks

align with our empirical findings, the model predicts boom-bust dynamics even following

a technology improvement. This stems from the fact that the financial constraint hinges

solely on aggregate output, thus amplifying responses irrespective of the source of shocks.

For these reasons, we offer a different foundation of equilibrium indeterminacy. As in

Benhabib and Wang (2013), financial amplification is essential for our model to reproduce

boom-busts in response to sunspot shocks. However, contrary to their model, financial fric-

tions dampen the responses to technology relative to the frictionless benchmark, offering

an explanation for the absence of technology-driven boom-bust dynamics.

2.1 Firms sector

There is a continuum of firms of measure one with gross revenue function yt = F (zt, nt) =

ztn
1−θ
t . The variable zt is the stochastic level of technology common to all firms and nt is the

labor input. We assume that firms issue noncontingent bonds bt+1 at a price bt+1/rt that can

be purchased by the households. In addition, they receive a tax advantage such that given

the interest rate rt, the effective gross interest rate paid by the firm is Rt = 1 + rt(1 − τ)

where τ is the tax benefit. Thus, for τ > 0, firms are effectively more impatient than

15 Other examples of models in this class are Wen (1998), Benhabib and Wen (2004), and Liu and Wang
(2014).
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households so that if financial markets are not too tight, the stock of debt will be positive

in equilibrium. Besides the intertemporal debt, firms raise funds with an intraperiod loan

`t to finance working capital. Because revenues are realized at the end of the period,

working capital is required to cover the intraperiod cash flow mismatch. The loan `t is

paid at the end of the period with no interest.16

The timing of the events is as follows. Firms enter the period with outstanding debt

equal to bt. They first observe the realizations of shocks, and then choose labor expenses

wtnt, the new intertemporal debt bt+1, and the amount of dividends dt to distribute. Since

payments are made before the realization of revenues, the intraperiod loan is

`t = wtnt + dt + bt − bt+1/Rt,

and the end of period firms’ budget constraint is

bt+1/Rt + yt = wtnt + dt + bt. (6)

From the budget constraint and the expression for the intraperiod loan above, it follows

that firm revenues are equal to the intraperiod loan, that is `t = yt.

Incentive compatible constraint When revenues realize, firms decide whether or not to

repay the intraperiod loan they owe to households. Consistent with recent evidence on

the procyclicality of unsecured debt (see Azariadis et al., 2015), we assume that contract

enforcement is imperfect so that firms have incentives to default. If a firm defaults, it

can divert its end of period revenues yt. However, a defaulting firm can be caught with

probability γ, in which case its assets will be liquidated, and will cease to operate. If a firm

is not caught, instead, it will continue to retain access to credit in future periods.17 Thus, a

16 The assumption of two types of debt is made for analytical convenience. In particular, the intratemporal debt
can be replaced with cash that firms carry from the previous period. Cash would then be used to finance
working capital and pay part of dividends.

17 Assuming that in the case of being caught a firm would also lose its revenues does not quantitatively alter
our results.
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firm defaults if the expected value of defaulting is greater than the expected value of non

defaulting, that is,

yt + (1− γ)Et[mt,t+1Vt+1] > Et[mt,t+1Vt+1]

where mt,t+1 is the households’ stochastic discount factor, and Vt+1 is the firm future value

defined as the net present value of future dividends.

Since shocks realize at the beginning of period, there is no intraperiod uncertainty, so

that households can lend an amount that deters default in equilibrium. Using the expres-

sion above, the incentive compatible constraint is

γEt[mt,t+1Vt+1] ≥ yt. (7)

This constraint effectively limits both types of firm’s debt. The left-hand side is equal to

γ times the firm market value, and decreases with the amount of intertemporal debt bt+1.

Whereas the right-hand side is equal to the end-of-period revenues yt, which are equal to

the firm’s intraperiod loan `t.

Firm’s optimization problem The problem of the individual firm can be written recur-

sively as

Vt = max
dt,nt,bt+1

{
dt + Et

[
mt,t+1Vt+1

]}
(8)

subject to (6) and (7).

Firm’s first order conditions are

(1 + µtγ)Et [mt,t+1] =
1

Rt

(9)

wt
1− µt

= (1− θ) yt
nt

(10)

where µt is the Lagrange multiplier associated to the incentive constraint. Equation (9)

is the first order condition for new intertemporal debt bt+1. Equation (10) is the first
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order condition for labor input and shows that financial frictions introduce a time-varying

labor wedge that depends positively on µt. Conditions (9) and (10) highlight the key

propagation mechanism of the model. During a boom, equity prices are elevated and the

stochastic discount factor is high, thus µt decreases according to Equation (9). A decrease

in µt, in turn, shifts the labor demand outward as firms can finance more labor.

2.2 Households sector

There is a continuum of homogeneous utility-maximizer households of measure one. House-

holds are the owners of firms and hold noncontingent bonds issued by firms. Households’

utility function is

U(ct, nt) =
c1−σ
t − 1

1− σ
− α n

1+φ
t

1 + φ

where the parameters σ and φ are both strictly greater than zero. The household’s budget

constraint is

ct +
bt+1

1 + rt
= wtnt + bt + dt − Tt (11)

where the government finances the tax benefits to firms through lump-sum taxes equal to

Tt = Bt+1/[1 + rt(1− τ)]−Bt+1/(1 + rt), and Bt+1 is the aggregate stock of firm bonds.

Household’s optimization problem The household problem is standard. The household

maximizes its utility function subject to the budget constraint in Equation (11). The first

order conditions with respect to nt and bt+1 are

wt = αcσt n
φ
t (12)

c−σt = β(1 + rt)Et[c
−σ
t+1]. (13)

Equilibrium condition (12) is the labor supply, and equilibrium condition (13) is the house-

holds’ Euler equation, which pins down the stochastic discount factor mt,t+1 = β(ct/ct+1)σ.

Equations (6)-(13) describe the equilibrium dynamics of the model.
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2.3 Inspecting the mechanism

We now turn to the explanation of the equilibrium dynamics. To simplify the analysis,

we work with the loglinearized equilibrium equations around the steady state. The steady

state is derived in Section J.1 of the Supplementary Material, while Section J.2 of the same

document presents the loglinearized system of equilibrium equations.

Amplification and indeterminacy Let’s consider the loglinearized labor market clearing

condition that equates the labor supply to the labor demand

φn̂t + σĉt = ẑt − θn̂t −
µ

1− µ
µ̂t (14)

where hats denote aggregate variables expressed as loglinear deviations from the steady

state, and µ = τ(1−β)
γ(1−τ+τβ)

is the steady state value of the Lagrange multiplier µt. Note that

when the tax benefit parameter τ is equal to zero, µ is also equal to zero, so that the

financial constraint is slack, the last term on the right-hand side of Equation (14) vanishes,

and the model reduces to the standard RBC model. When τ is positive, instead, µ is

also positive, and the financial constraint binds in the steady state. In this case, changes

in µ̂t shift the labor demand, potentially leading to self-fulfilling changes in autonomous

consumption.

To see this, combine the loglinearized version of Equations (9) and (13), and rearrange

them to obtain

µ̂t = −(1 + µγ)
βσ

1− β
[ĉt − Et(ĉt+1)]. (15)

Equations (14) and (15) capture the key financial amplification channel. Specifically,

Equation (15) shows that µ̂t falls when consumption is temporarily high. In turn, a fall in

µ̂t increases labor demand in Equation (14), leading to higher consumption and further

reducing µ̂t. This dynamic arises because, during temporary economic booms, households

tend to increase their desire to save, which relaxes the financial constraint and leads to a

20



higher supply of credit. By borrowing more, firms increase their labor demand, resulting

in an increase in output and households’ labor income.

Combine Equations (14) and (15) to obtain

φn̂t + σĉt = ẑt − θn̂t +
µ(1 + µγ)

1− µ
βσ

1− β︸ ︷︷ ︸
≡ζ

[ĉt − Et(ĉt+1)]. (16)

The term ζ is the elasticity of labor demand to the inverse of expected consumption growth,

and captures the strength of the amplification channel induced by financial frictions. In

fact, ζ increases with the tax advantage τ and decreases with the probability of being

caught γ. Note that when ζ is zero, Equation (16) becomes static. Thus, financial frictions

introduce a dynamic channel to the standard RBC model. For large values of ζ, expec-

tations of future consumption matter, and the model can admit local indeterminacy of

equilibria. The following proposition solves for the emergence of self-fulfilling equilibria.

Proposition 1 The model admits local indeterminacy around the steady state if and only if

ζ > ζ̄, where ζ̄ ≡ σ(1−θ)+φ+θ
2(1−θ) .

Proof. Rearrange Equation (16) using the production function and resource constraint, as

Et(ĉt+1) =
ζ(1− θ)− σ(1− θ)− φ− θ

ζ(1− θ)︸ ︷︷ ︸
≡λ

ĉt +
1 + φ

ζ(1− θ)
ẑt (17)

then local indeterminacy obtains if and only if |λ| < 1. Thus, the following two conditions

must be satisfied

(i) θ + σ(1− θ) + φ > 0

(ii) ζ > φ+σ(1−θ)+θ
2(1−θ) .

where condition (i) is always satisfied since the parameters θ, σ, and φ are all positive by

assumption.
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The proposition above states that when financial frictions are severe, so that ζ is large,

changes in relative consumption are self-fulfilling. Condition (ii) is instructive. Consider

a one percent increase in consumption, keeping technology at steady state. Using the fact

that ĉt = ŷt = (1− θ)n̂t, the effective labor supply increases by φ
1−θ + σ. The labor demand,

instead, decreases by θ
1−θ as in the standard RBC, while it increases by ζ(1− Et(ĉt+1)) due

to the amplification from financial frictions. Thus, an equilibrium exists if φ
1−θ + σ = ζ(1−

Et(ĉt+1))− θ
1−θ . However, future consumption cannot fall more than one percent otherwise

the dynamics will be explosive. It follows that 2ζ − θ
1−θ > ζ(1− Et(ĉt+1))− θ

1−θ = φ
1−θ + σ

which results in condition (ii) after solving for ζ.

Indeterminacy and boom-bust dynamics Next, we turn to discussing the emergence

of boom-bust dynamics. Equation (17) above indicates that the model admits a simple

univariate autoregressive representation.18 The proposition below provides conditions for

the emergence of boom-bust dynamics in this simple case. We define boom-bust dynamics

as a situation where consumption (and output) exhibits negative autocorrelation.

Proposition 2 Let ẑt = 0. The model features negative consumption (and output) autocorre-

lation if and only if −1 < λ < 0, that is, iff

σ(1− θ) + φ+ θ

2(1− θ)
< ζ <

σ(1− θ) + φ+ θ

1− θ
.

Proof. The autocorrelation function of consumption is Γ(h) = λh, with h = 0, 1, .., if the

model features indeterminacy of equilibria, otherwise Γ(h) = 0, ∀ h. Then Γ(h) is negative

at some horizons if and only if −1 < λ < 0.

In words, in order to obtain boom-bust dynamics, Proposition 2 states that the degree

of financial frictions should be strong enough to obtain indeterminacy of equilibria – so

that consumption is a persistent process – but not too large. The reason why ζ is bounded

18 This occurs because we assumed no frictions in the equity market, so that the amount of outstanding debt can
be absorbed by firm equity issuance without affecting real outcomes in equilibrium. We introduce dividend
adjustment costs in the quantitative version of the model, which results in complex equilibrium dynamics.
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from above can be seen again from the labor clearing in Equation (16). For sufficiently

small values of ζ, an increase in current consumption is an equilibrium only if future

consumption falls.

Conditional boom-bust dynamics Under indeterminacy, the forecast error of consump-

tion depends on both pure sunspots, which we label expectation shocks, and on technology

shocks. As a result, the model solution becomes

ĉt+1 = λĉt +
1 + φ

ζ(1− θ)
ẑt + εst+1 + ψεzt+1 (18)

where εs is an expectation shock, and εz is a technology shock. The effect of technology

shocks is indeterminate, and depends on the response of consumption beliefs, governed

by the parameter ψ. We assume ψ to be non-negative.

Equation (18) reveals that under indeterminacy of equilibria, not only consumption

depends upon its past value – effectively introducing an additional state variable to the

system – but also from the past value of technology zt. Importantly, since the loading

of current consumption on past technology is positive, the autocorrelation of consump-

tion conditional on technology shocks can be positive even if counsumption is negatively

autocorrelated in response to expectation shocks. This is the key finding of the model.

The intuition behind this result is that during an expansion, equity prices rise and the

financial constraint relaxes, leading to an improvement in economic activity. However, the

nature of the equity price increase matters greatly for the dynamics that follow. During

expectation-driven expansions, equity prices rise due to higher current consumption rela-

tive to future consumption, which raises households’ stochastic discount factor. In contrast,

technology improvements lead to higher equity prices because of higher firm profitability.

As the expansion progresses, households decide how much firm assets to sell based

on the nature of the expansion. If the expansion is expectation-driven, households sell

off firm assets in anticipation of a future slowdown in economic activity, resulting in a
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recession due to their failure to internalize the adverse effects of their asset sales on the

financial constraint. If the expansion is technology-driven, instead, households recognize

that equity prices are elevated due to higher profitability and not just optimism, and do

not reduce credit to firms, preventing a recession. The proposition below provides the

parameter conditions for the emergence of conditional boom-bust dynamics.

Proposition 3 Let ẑt ∼ i.i.d. and −1 < λ < 0. The autocorrelation of consumption is

negative conditional on expectation shocks, and positive conditional on technology shocks if

and only if −λ < ψ ζ(1−θ)
1+φ

< − 1
λ
.

Proof. The proof is relegated to Section J.3 of the Supplementary Material.

Proposition 3 implies that when ψ is large enough, the model generates boom–bust dy-

namics even in response to technology shocks. The intuition is simple. The parameter ψ

captures the strength of the expectation channel operating in the wake of a technology

increase. If the expectation channel is too strong, thereby leading to a large response of

consumption, then the sunspot dynamics dominate, and technology shocks bring about

boom-bust responses. Conversely, for small enough values of ψ, the expectation channel

does not dominate, and the model predicts monotonic consumption responses to a tech-

nology shock.

2.4 Extended model

To bring our theory to the data, we extend the model with three additional features. First,

we allow for endogenous accumulation of physical capital kt, so that the production func-

tion becomes yt = ztk
θ
tn

1−θ
t . We assume that firms own capital and accumulate it by

investing an amount it of their resources. We also add adjustment costs in investment,

such that the law of motion for the stock of capital takes the form:

kt+1 ≤ (1− δ)kt +

[
ς1

1− υ

(
it
kt

)1−υ

− ς2
]
kt, with ς1 = δυ, and ς2 =

δυ

1− υ
,
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where υ governs the sensitivity of the cost to investment, the parameter values ς1 and ς2

are set such that the steady state capital depreciation rate is equal to δ, and ∂kt+1/∂it = 1,

which implies a Tobin’s q equal to one in the steady state.

Second, we capture documented evidence of preferences for dividend smooothing (Lint-

ner, 1956) by introducing distribution costs of dividends in the following form:

χ(dt) = dt + κ(dt − d)2

where κ ≥ 0 determines the degree of dividend adjustment costs, and d is the steady state

value of firm dividends.

Third, we allow households to form an external habit in consumption, so that their

utility function becomes

Et

{
∞∑
s=0

βt+s

[
(ct+s − ιCt+s−1)1−σ − 1

1− σ
− α

n1+φ
t+s

1 + φ

]}
;

where ι ∈ [0, 1) determines the degree of habit formation, and Ct is aggregate consump-

tion. These three features add persistence to the model dynamics, resulting in cycles of

longer length.19

Parameterization Table 2 reports the parameter values of the model. We divide the

parameters into two groups. We calibrate the first group of parameters from either un-

conditional moments of the data or from findings of previous studies. The second group

of parameters, instead, is estimated using some of the conditional moments presented in

Section 1. Specifically, we set the parameters governing the shock processes based on the

empirical responses of technology and of forecast revisions, while we estimate the remain-

ing parameters, namely, the inverse of households’ intertemporal elasticity of substitution

σ, and the investment adjustment cost υ, via spectral density matching. Formally, we

19 See Sections K.1-K.3 of the Supplementary material for details about the extended model, and Section K.5
for a discussion about the frequency of the cycle implied by the model parameters.
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choose the parameters set Σ = {σ, υ} to minimize

J = min
Σ

[Ψ̂−Ψ(Σ)]′V −1[Ψ̂−Ψ(Σ)],

where Ψ̂ is the empirical spectral density of GDP conditional to the shocks, Ψ(Σ) is the

model’s counterpart, and V is a diagonal matrix with the variances of the estimated em-

pirical spectral densities along the main diagonal.

Model performance and conditional responses Figure 6 illustrates the model responses

to expectation and technology shocks along with their empirical counterparts. The model

replicates both the conditional spectral density and the impulse response of output fairly

well. Additionally, Figure 6 shows the responses of expected output and forecast revisions.

While these responses align well after an expectation shock, the impact responses to a

technology shock display some significant divergence. By assumption, the model-implied

forecasts overlap with output realizations, while analysts seem to under-predict the short-

horizon response of output.20

Turning to the responses of other untargeted variables, Figure 7 demonstrates that the

model does a good job replicating the dynamics in response to both shocks. In particular,

the model captures the buildup of nonfinancial debt-to-GDP ratio during both types of

expansions, and it matches the deleveraging ensuing expectation-driven booms.21

2.5 Whither fundamental shocks?

Figure 8 shows the model responses of output to a government spending and to a discount

factor shock. We consider the special case where we assume the shock autocorrelations

to be 0.99 and no impact response of consumption beliefs to fundamental shocks. The

assumption on beliefs is needed to select the equilibrium response to the shocks. It is

20 Our model can potentially match analysts’ under-predictions to a technology shock by relaxing the assump-
tion of full information as in Benhabib et al. (2015) or Acharya et al. (2021).

21 In Section L of the Supplementary material, we show that the model is also able to reproduce the pattern of
the recession probability estimated from the reduced form data.
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equivalent to assuming that fundamental shocks are not correlated with sunspots, where

sunspots are defined as the forecast errors in consumption one quarter ahead that are

orthogonal to technology (see Benhabib and Wang, 2013). The model does not predict

boom-bust output dynamics in response to these shocks. The reason is that assuming zero

correlation with sunspots selects an equilibrium path that features very little amplification.

Naturally, the assumption of no correlation with sunspots might not be warranted by the

data, and boom-bust dynamics might emerge if we allow for some correlation.

As such, two lessons follow. First, there could be some fundamentals left in the 50%

of the data that we isolated, but if so, the model tells us that the responses that we find

are mostly due to expectation shocks. Second, there is evidence that some fundamentals

can cause boom-busts dynamics (as shown by McKay and Wieland, 2021 for the case of

Romer and Romer’s monetary policy shocks), and that could be about their correlation

with sunspots. We control for those shocks, but, in any case, the model can potentially

replicate them.22

3 Conclusion

Much of the business cycle literature focuses on models featuring no connection between

expansions and recessions. A smaller literature, instead, proposes models of limit cycles

and chaos wherein cycles occur even absent of any perturbation. In this paper, we have

uncovered new empirical findings that call for business cycle theories where these two

views coexist. In particular, our results suggest that cycles emerge endogenously as a result

of changes in expectations. We offer one such unifying theory. The main ingredient of our

theory is a pecuniary externality stemming from an endogenous financial constraint. We

show that, even under rational expectations, this is enough for purely expectation-driven

fluctuations to be an independent source of fluctuations, and to shape the economy in a

profoundly different way than fundamental-driven fluctuations.

22 Ilut and Saijo (2021) provides a model where fundamental shocks endogenously appear as correlated to
distorted expectations.
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Figure 1: GDP response to a forecast revisions shock and expectation shock

Note: Impulse responses to a one standard deviation forecast revision shock (first row) and expectation
shock (second row). Sample period: 1970Q3–2020Q1. Shaded areas are the 80% and 90% confidence
bands calculated with Eicker-Huber-White heteroscedasticity-robust standard errors. Horizontal axes indi-
cate quarters and vertical axes indicate percentage points (forecast revision) and percent deviations from
pre-shock trend (GDP). In the first column, the X mark is the expected Real GDP growth implied by the
impact response of the forecast revisions.
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Figure 2: GDP responses to an expectation shock using different specifications

Note: Impulse responses of real GDP to a one-standard deviation expectation shock under different spec-
ifications. The solid line is the point estimate, and the shaded areas are the 80% and 90% confidence
bands calculated with Eicker-Huber-White heteroscedasticity-robust standard errors. Lines with circles and
dashed lines are the point estimates and the 90% confidence bands of the baseline specification presented
in Figure 1. Horizontal axes indicate quarters and vertical axes indicate percent deviations from pre-shock
trend. In the first row, in the first panel we control for shocks measured by the literature (see Section 1.1 for
their list); in the second panel we use the median of the expected real GDP growth from the SPF; s in the
third panel we use the first principal component of the SPF forecast revisions of real GDP growth, industrial
production growth, and unemployment rate. Specifications in the fourth panel (first row) and first panel
(second row) detrend the real GDP using a linear trend and a High-Pass filter that excludes periodicities
over 200 quarters, respectively. In the second row, in the second panel we restrict the sample period to
1982Q1-2020Q1; third and fourth panels show a specification that controls for eight lags in Equation (3)
and for news shocks as estimated by Barsky and Sims (2011), respectively.
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Figure 3: GDP responses to an expectation shock identified as in Levchenko and Pandalai-
Nayar (2020)

Note: Impulse responses of real GDP to a one-standard deviation expectation shock. Sample period:
1968Q4–2010Q3. The solid line and the shaded areas are the baseline point estimate and 80% and 90%
confidence bands (Efron bootstrap) following LPN. On the left, the line with circles and the dashed lines are
the point estimate and the 80% confidence bands (Efron bootstrap) from the VAR with eight lags instead
of four. On the right, the line with diamonds and dashed lines are the point estimate and 80% confidence
bands (Eicker-Huber-White heteroscedasticity-robust standard errors) of the Local Projection estimator with
eight lags in which we project real GDP on the expectation shock series estimated as in LPN. Responses are
scaled to match the annual cumulative effect of an expectation shock on real GDP as originally estimated
by LPN.
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Figure 4: Responses of macro-variables to an expectation shock

Note: Impulse responses of macro-variables to a one-standard deviation expectation shock. Sample period:
1970Q3–2020Q1. Solid lines indicate the point estimate and the shaded areas indicate 80% and 90% confi-
dence bands calculated with Eicker-Huber-White heteroscedasticity-robust standard errors. Horizontal axes
indicate quarters and vertical axes indicate percent deviation from pre-shock trend. All the variables are
log-transformed. See Table A1 in the Supplementary Material for data sources and descriptions.
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4 quarters 8 quarters 20 quarters

GDP 33.0 26.6 16.2
(26.9,39.0) (23.1,30.1) (4.3,28.1)

Forecast revision 39.8 30.1 33.1
(33.3,46.2) (21.2,39.0) (19.1,47.1)

Investment 31.0 27.7 27.9
(24.8,37.2) (19.2,36.2) (12.3,43.5)

Consumption 15.4 6.5 14.4
(10.9,20.0) (4.8,8.3) (2.3,26.4)

Hours 28.2 22.6 21.5
(23.7,32.6) (16.0,29.2) (0.6,42.5)

CPI 7.7 14.1 20.4
(5.7,9.6) (10.3,17.9) (15.3,25.5)

Labor productivity 1.0 4.6 2.5
(-4.8,6.9) (0.9,8.3) (-2.6,7.6)

TFP 0.1 0.1 1.1
(-2.0,2.2) (-1.7,1.9) (-2.0,4.1)

Table 1: Forecast error variance explained by expectation shocks

Notes: Share of the forecast error variance explained by expectation shocks for the baseline specification.
Numbers in parentheses are one standard deviation confidence intervals. Forecast error variance shares
are computed as in Gorodnichenko and Lee (2020) (see Equation 10, page 923). See Section G of the
Supplementary Material for additional details.
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Figure 5: Responses of macroeconomic variables to a technology shock

Note: Impulse responses to a one-standard deviation technology shock. Sample period: 1970Q3–2020Q1.
Solid lines indicate the point estimate and the shaded areas indicate 80% and 90% confidence bands calcu-
lated with Eicker-Huber-White heteroscedasticity-robust standard errors. Horizontal axes indicate quarters
and vertical axes indicate percent deviation from pre-shock trend. All the variables are log-transformed. See
Table A1 in the Supplementary Material for data sources and descriptions.
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Parameter Description Value Target / Reference

First group

β Discount factor .9926 Annual bond yield = 3%
α Disutility of labor 40.03 Average Hours = .3
φ CRRA in labor .5 Frisch elasticity = 2
ι Habit formation .7 Smets and Wouters (2007)
τ Tax shield .35 Jermann and Quadrini (2012)
θ Capital share .36 Jermann and Quadrini (2012)
δ Capital depreciation rate .025 Annual depreciation rate = .10
γ Financial constraint .0885 Average Debt-to-GDP ratio = .391
κ Dividend adjustment cost .7993 s.d.(∆d)/s.d.(∆y) = .475

Second group

σz s.d. of εzt .7079 Impact response of TFP to ût
ρz Persistence of εzt .9663 IRF of TFP to ût
ψ Impact effect of εzt .0799 Impact response of GDP to ût
σs s.d. of εst .3009 Impact response of St to ν̂t
σ CRRA in consumption 1.5903 Spectral density of GDP
υ Investment adjustment cost .6227 Spectral density of GDP

Table 2: Extended model’s parameter values

Notes: We assume technology to follow an AR(1) process, that is, ẑt = ρz ẑt−1 + εzt . See Section K.4 of the
Supplementary Material for further details.
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Figure 6: Model performance

Note: Empirical and model-implied spectral densities and impulse responses conditional to expectation
(top panels) and technology (bottom panels) shocks. Black solid lines indicate empirical moments with
90 percent confidence intervals, lines with circles represent model-implied moments conditional to an ex-
pectation shock, and lines with diamonds represent model-implied moments conditional to a technology
shock. Expected output Et(Yt+3) is built using the scale-adjusted SPF expectations, that is, Et(Yt+3) =
Yt−1(xt+3|t/xt−1|t), where xt+h|t is the SPF mean expectation of output Yt+h using information at time t.
Section K.6. in the Supplementary material shows the model spectral density under different parametriza-
tions.
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Figure 7: Model performance on untargeted impulse responses

Note: Empirical and model-implied impulse responses conditional to expectation shocks (top panels) and
technology shocks (bottom panels). Solid lines indicate empirical moments with 90 percent confidence
intervals, lines with circles represent model-implied moments conditional to an expectation shock, and lines
with diamonds represent model-implied moments conditional to a technology shock.
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Figure 8: Responses to other fundamental shocks

Note: Model-implied impulse responses of output to a discount factor shock (line with circles) and
to a government spending shock (line with diamonds). A discount factor shock εbt is modeled as
log(βt/β) = ρb log(βt−1/β) + εbt , where ρb = .99. A government spending shock is modeled as log(Gt/G) =
ρg log(Gt−1/G) + εgt , where ρg = .99 and G is government spending in steady state, calibrated so that its
share of output is 0.2. Responses are normalized to have a unit impact effect.
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