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ABSTRACT

Recessions cause substantial but delayed drops in output, followed by recoveries with abnor-

mally high growth. We propose a new theory where the awareness of new risks negatively

impacts growth, leading to recessions of varying duration and severity. Our model shows

that risk premia and return volatilities exhibit a hump-shaped pattern at the onset of re-

cessions, not rising immediately, unlike in most non-expected utility models (Ai and Bansal,

2018). These results align with empirical patterns of output, risk premia, and volatilities

observed during recessions. Hence, our model explains a stronger link between fundamentals

and asset prices observed during recessions and recoveries.
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Preceding a crisis, there is often a heightened awareness of new risks. Take, for instance,

the early days of 2020 when news emerged about a novel virus. Initially, this news did

not trigger a crisis, as it remained uncertain whether the virus could be contained or if it

would evolve into a full-fledged pandemic. While people were already aware of the presence

of this new risk (the COVID-19 virus), there was still a lot of uncertainty about what the

consequences would be. The COVID-19 pandemic serves as a vivid illustration of how an

entirely new risk can disrupt the world, yet this awareness of new risks is not unique to that

particular episode. In Figure 1, we present Google search trends for “subprime,” “housing

crisis,” and “mortgage crisis,” key terms associated with the Global Financial Crisis. This

figure reveals that even prior to the onset of the recession, there was a notable surge in interest

surrounding topics related to what later became recognized as pivotal factors contributing

to the crisis.

(a) The Great Recession (b) The COVID-19 Pandemic

Figure 1. Awareness of New Risks. This figure displays the Google Trend word count for crisis
terms related to two distinct events: the Global Financial Crisis (a) and the Covid-19 Pandemic recession
(b). Data comes from Google Trends, which starts in 2004. Numbers represent search interest relative to
the highest point on the chart for the given region and time. A value of 100 is the peak popularity for the
term.

Asset prices are forward-looking indicators that reflect investors’ expectations about fu-

ture economic activity. Typically, one might expect the emergence of new risks and the

anticipation of an economic slowdown to be immediately reflected in asset prices, leading
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to an immediate decline upon the discovery of a new risk. However, data shows that asset

prices do not fall immediately. Instead, recessions materialize when bad news about the

new risk unfolds, and expectations worsen progressively as a series of adverse shocks oc-

cur. This deterioration in both actual shocks and investors’ expectations does not happen

instantaneously, which explains why we do not see an immediate drop in economic activity.

In this paper, we present an equilibrium model where crises are triggered by the emergence

of new risks. Aggregate output growth is i.i.d. normally distributed. However, unexpectedly,

the economy enters a potential recession when a new source of risk arises, leading to an

anticipated temporary drop in output. The expected trajectory of output growth is U-

shaped: it starts with a significant decline, followed by accelerated growth that brings output

back to its pre-crisis level. Once recovery is complete, the new risk dissipates, highlighting its

temporary impact on the economy. We integrate this output dynamic with a representative

agent model that incorporates external habit preferences, following the approach of Menzly,

Santos, and Veronesi (2004). This framework offers tractable closed-form solutions for asset

prices while delivering a high equity premium and realistic return volatility.

We show that in our framework, asset prices exhibit a U-shaped response to the emergence

of new risks and the anticipated slowdown in economic growth. Instead of reacting immedi-

ately, expected returns display a hump-shaped pattern: risk premia temporarily rise as the

crisis unfolds while current risk premia remain low. Our model captures this lagged response,

consistent with empirical observations, challenging non-expected utility asset-pricing models

that predict immediate market reactions (Ai and Bansal (2018). Specifically, a model with

Epstein-Zin-Weil preferences and early resolution of uncertainty, or one based on ambiguity

aversion, would require an ex-ante premium for these new risks—either as compensation for

not immediately knowing whether the new risk leads to a prolonged economic downturn (Ai

and Bansal (2018) and Ai (2010)), or for the ambiguity arising from not knowing the precise

link between news and fundamentals (Illeditsch (2011) and Illeditsch (2021)). In both cases,

the unconditional premium would be too high (and increasing in the new risk sources) and
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asset prices would react earlier than what is observed in the data.

Our model rationalizes the stronger link between fundamentals and asset prices observed

during crises, reflecting the increased sensitivity of financial markets to economic downturns.

We demonstrate the robustness of our model by applying it to various historical periods

characterized by economic downturns, showcasing its consistent ability to capture asset price

dynamics during crises. We focus our analysis on the Global Financial Crisis (GFC) due

to its significant global impact and data availability. We calibrate our model to match

the trajectory of quarterly output level during the GFC period and the increase in output

volatility observed during crises to ensure that our model produces realistic first and second

moments of the simulated output, presented in Panel a) of Figure 2). We use only output

data for estimation, excluding asset-pricing moments, thereby testing the model’s ability to

replicate asset price dynamics. Panels b) through d) compare our model predictions for the

price-dividend ratio, risk premia, and return volatility with actual data.

The predictions of our model are closely aligned with empirical evidence, accurately

capturing the size, shape, and timing of key asset-pricing dynamics during crises. Specif-

ically, the model forecasts a significant and prolonged, but not immediate, decline in the

price-dividend ratio, consistent with observed data (see Panel b) of Figure 2). It also pre-

dicts a hump-shaped increase in risk premia and return volatility. This pattern mirrors the

pronounced hump-shaped trajectories observed in the implied risk premium of Marfè and

Pénasse (2024) and the lower bound on the equity premium of Martin (2017). Similarly, the

observed return volatility exhibits a distinct hump during the GFC, further validating our

model’s ability to capture these asset-pricing movements. The successful application of our

model to the GFC (and other NBER-crisis periods) highlights its general applicability and

effectiveness in explaining how the awareness of new priced risks affects asset prices.

A distinguishing feature of our model is the predictable hump-shaped (or dip-shaped)

patterns in asset-pricing dynamics during crises. Although there is extensive economic liter-

ature analyzing the business cycle and the shapes of output fluctuations during crises, little
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(a) Matching GDP dynamics (b) Price-dividend ratio

(c) Risk Premium (d) Return volatility

Figure 2. Global Financial Crisis period – Data versus Model Predictions. This
figure compares model predictions (depicted by blue dashed-dotted lines) with empirical observations (shown
as black and red solid lines). We compare the level of real GDP per capita in (a), the price-dividend ratio
in (b), measured using the CAPE ratio, equity risk premia in (c), measured using the Marfè and Pénasse
(2024) index derived from stochastic volatility and Martin (2017)’s lower bound on risk premium, and
monthly realized volatility and VIX in (d), measured using the sum of daily squared returns. Section V
describes how we estimate model parameters to match output data observed during the GFC period.

attention has been paid to the resulting patterns in asset prices. In the tradition of Lucas

(1978), we model output dynamics to derive asset-pricing implications that directly link the

behavior of asset prices to output dynamics during crises. The asset-pricing patterns during

crises are driven by the time-series behavior of both the expected growth and volatility of

output. As new risks arise, both the market price of risk and assets’ exposure to it increase,

peaking before decreasing, which results in hump-shaped risk premia. Additionally, the
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highest expected returns align with peaks in expected output volatility. Thus, our model

provides a rational explanation for the delayed reaction of asset prices to recessions and their

hump-shaped pattern, filling a gap in the literature by highlighting how awareness of new

risks affects asset prices over time.

Our novel approach to modeling crises is motivated by two key empirical observations.1

First, when a new risk emerges, output does not drop immediately; instead, there is a delayed

decline as economic conditions gradually deteriorate over time. Second, after reaching a

trough, the economy experiences a recovery phase characterized by abnormally high positive

growth, with output growing faster than its long-term average. To capture both of these

phenomena, we introduce a new stochastic process η, which models the gradual decline in

output leading up to the crisis, as well as the accelerated growth during the recovery period.

In our model, once a crisis event is triggered, output takes time to reach its minimum,

reflecting the real-world lag between the emergence of new risks and their full impact on

the economy. Similarly, η captures the post-crisis abnormal growth, aligning our model with

empirical evidence of faster-than-average output growth during recoveries. This approach

allows us to model realistic output dynamics around crises, including both the delayed drop

and the subsequent rebound. In Section II, we discuss in detail the output and asset-pricing

dynamics around crises observed in the data.

This paper is structured as follows. Section I discusses the related literature. In Section

II, we document a number of empirical facts about the macroeconomy and asset prices

around crises. Section III presents the model and Section IV the data used. We estimate

the model parameters in Section V and conclude in Section VI.

1Morley and Piger (2012) show that recessions cause large, negative, but transitory fluctuations in output.
Using Hamilton (1989) model, Kim, Morley, and Piger (2005) estimate U.S. business cycle dynamics and
identify a significant post-recession “bounce back” in aggregate output levels and minimal permanent effects
of recessions on the U.S. economy.
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I. Review of literature

Empirical facts. Recessions lead to gradual and prolonged declines in consumption

(Barro and Ursúa, 2008). This trend also applies to asset prices. As noted by Muir (2017),

asset prices during crises often follow a U-shaped trajectory, with cumulative returns declin-

ing by approximately 40%. However, about half of this loss is typically recovered within a

few years. An analysis of 42 recessions in 14 countries since 1951 shows that both prices and

dividends generally begin to decline at the start of a recession and remain significantly low

even a dozen quarters after the recession ends (Kroencke, 2022).

The gradual, U-shaped response of output and other macroeconomic variables to reces-

sions—rather than an immediate reaction—has been widely documented. Basu, Candian,

Chahrour, and Valchev (2021) identify shocks to equity risk premia and show that output re-

sponds to these shocks in a similarly U-shaped pattern. Christiano, Eichenbaum, and Evans

(2005) find that consumption and investment react in a hump-shaped manner following an

expansionary monetary policy shock. In a Bayesian DSGE framework, Smets and Wouters

(2007) generate hump-shaped responses of aggregate demand, driven by variable capital uti-

lization and fixed production costs. Beaudry and Portier (2006) show that both consumption

and stock prices respond with a pronounced hump shape to long-run TFP shocks. Finally,

Brunnermeier, Palia, Sastry, and Sims (2021) estimate a structural VAR linking financial

variables to economic activity and report clear hump- or dip-shaped patterns.

Our model incorporates the U-shaped pattern of output and predicts a gradual price

decline, followed by a recovery period. In our model, the arrival of crises is exogenous.

Supporting this, Jordà, Schularick, and Taylor (2011) find it plausible that crises emerge un-

predictably. They also note considerable variations in crises regarding their effects on output

and consumption, as well as their duration, features that our model effectively mirrors.

Theoretical Perspectives on Recessions and Risk Premia. Kroencke (2022) shows

that innovations in expected returns are highly volatile during recessions and illustrates
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that these facts are difficult to explain within standard asset pricing theories. Simulating

“recessions” using frameworks like the Bansal and Yaron (2004) long-run risk model, the

Campbell and Cochrane (1999) habit model, and the Wachter (2013) model of rare disasters,

he observes that none of these models adequately capture the observed variances in stock

prices or price changes.2

Risk premia are substantially higher in recessions than in expansions (Muir, 2017; Lustig

and Verdelhan, 2012). Muir (2017) adds that risk premia spike dramatically in financial

crises, defined specifically as a banking panic or banking crises, but rise only modestly

in recessions or wars. Muir (2017) argues that standard consumption-based asset pricing

models do not reconcile these facts because the overall drop in consumption and the increase

in consumption volatility is fairly similar across financial crises and recessions and is largest

during wars.3

Our model generates and matches the heightened volatility observed during recessions.

Specifically, we use the observed variance ratio between crisis and non-crisis periods as a

key moment to estimate the model parameters driving each crisis in our sample. The model

implies not only significant increases in risk premia but also elevated return volatility, aligning

closely with empirical evidence.

Nakamura, Steinsson, Barro, and Ursúa (2013) estimate an empirical model of consump-

tion disasters, which generates an equity premium from disaster risk that is substantially

smaller than in disaster models. They conclude that an unrealistically large value of the

inter-temporal elasticity of substitution is necessary to explain stock-market crashes at the

onset of disasters. Gourio (2012) introduces time-varying disaster risk into a standard real

business cycle model, which is also capable of generating a U-shaped reaction of macroe-

conomic variables and asset prices. His approach, however, relies on leverage to generate

2For a detailed review of the implications of disaster risk for asset pricing, see Tsai and Wachter (2015).
3More recent literature offers clues on the potential mechanism driving the higher expected returns

observed during recessions. Ai and Bhandari (2021) show that when idiosyncratic risk to human capital is
not fully insurable, the anticipation of lack of risk sharing in the future can raise workers’ current marginal
utilities during recessions.
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volatility of cash flows and returns, and it does not address the volatility of the unlevered

return on capital.

Ghaderi, Kilic, and Seo (2022)’s model of slowly unfolding disasters explains the gradual

response of asset prices to economic shocks through information processing. In this frame-

work, agents learn about the time-varying intensity of consumption jumps, which increases

during disasters. The process of recognizing a sustained transition to a recessionary state

contributes to the prolonged effects associated with disasters. In contrast to our model,

Ghaderi, Kilic, and Seo (2022)’s gradual response of asset prices is not driven by the output

dynamics observed during crises, but is instead the result of agent learning about consump-

tion jumps.

The post-crisis period is associated with abnormally high economic growth, also known as

the bounce-back effect in level (Nakamura, Steinsson, Barro, and Ursúa, 2013; Kim, Morley,

and Piger, 2005). Classical asset-pricing models, including the Ghaderi, Kilic, and Seo

(2022)’s slowly unfolding disasters model, do not generate this recovery period. Beeler and

Campbell (2012) show the long-run risk model produces persistence but not mean reversion

in the level of consumption. Hasler and Marfè (2016) highlight the importance of recoveries

that follow disaster events in explaining the observed shape of the term structures of equity

return.

Our model contributes to the existing body of literature studying the relationship be-

tween crises and their ensuing impacts on asset prices and economic activity. We show that

during economic recessions, the connection between asset prices and fundamentals becomes

significantly stronger. Using a novel general equilibrium model, we explain why asset prices

do not respond immediately to the introduction of new risks, even in the face of an antici-

pated economic slowdown. Our model predictions can quantitatively match the asset price

reactions, which manifest in a hump-shaped pattern of expected returns and return volatil-

ity. The paper sets itself apart from other existing theories by demonstrating that the model

can mirror actual recession dynamics, both in terms of changes in observed levels of output
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and risk premia.

II. Empirical facts

In this section, we discuss empirical stylized facts of output, crisis heterogeneity, and

asset prices during different phases of the business cycle.

A. The U-shaped output during crises

Figure 3 shows the evolution of US production over the past 70 years, highlighting that

recessions have consistently created significant economic disruptions. These periods generate

large output gaps due to substantial drops in total output, while there are no similar positive

shocks. This asymmetric feature, first documented by Neftci (1984), is a reason why the Na-

tional Bureau of Economic Research (NBER) focuses on identifying and studying recessions.

While this asymmetry is well-documented in the data, our model in Section III explicitly

incorporates it as a novel feature.

(a) Output Level (1949-2021) (b) Output Growth (1949-2021)

Figure 3. Real GDP per capita (1949-2021) Panel (a) displays the evolution of the quarterly
real and potential output in the United States (per capita) between 1949 to 2021. In panel (b), the figure
shows the year-on-year change in the quarterly GDP and potential output (the blue and dashed black line,
respectively) as well as the 10-year average total GDP growth rate (yellow line). Shaded areas represent
NBER recessions.
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Since the 1990s, growth has been more moderate compared to previous decades, a trend

attributed by Fernald (2015) to a mid-2000s slowdown in labor productivity. Despite this

moderation, negative shocks during NBER recession periods continue to have a substan-

tial impact on output dynamics. To account for these varying growth trends, we measure

abnormal growth as the deviation of actual growth in a given quarter from the historical

10-year average. This measure provides a clearer picture of the deviations around crises. The

left plot of Figure 4 shows abnormal growth for U.S. output from 1950 to 2021. Abnormal

growth is typically negative leading to crises (as highlighted by the red arrows) and becomes

positive during recoveries (as highlighted by the green arrows), reinforcing the asymmetry

observed in business cycles.

(a) Abnormal growth (1949-2021) (b) Abnormal growth around crises

Figure 4. Abnormal output growth (1949-2021). The figure displays the level of abnormal
growth measured as the difference between the realized annual growth rate of the real GDP per capita and
the 10-year historical average output growth. Panel (a) describes the time series evolution of abnormal
growth from 1949 until 2021. Shaded areas reflect NBER recessions. Panel (b) shows the average evolution
of abnormal growth around crisis driver dates, i.e., it displays the aggregated average abnormal growth levels
up to six quarters before and after the beginning of each NBER recession. The wide transparent blue bars
represent the aggregate average dynamics. The narrow bars in color describe the individual NBER crisis
observations covered in our sample.

We aggregate pre- and post-crisis periods to compute the average abnormal growth rate

for up to six quarters before and after a crisis. The right plot of Figure 4 shows this trend,

with the red circle highlighting the gradual decline in abnormal growth preceding the official
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start of NBER recessions and the green circle marking the positive abnormal growth observed

after the crisis. On average, after a year, the economy enters a recovery phase where realized

output eventually catches up to potential output. This catch-up occurs within a few years

and post-crisis growth often exceeds normal levels compared to the historical 10-year average

growth rate, highlighted by the green circle on the right graph of Figure 4. Consistent with

these observations, Bordo and Haubrich (2017) confirm that U.S. recessions are typically

followed by rapid recoveries, except in three cases: the Great Contraction in the 1930s, the

early 1990s recession and the Global Financial Crisis.

B. Heterogeneity across economic crises

Historical evidence highlights that crises differ significantly in their characteristics, includ-

ing duration, severity, and post-crisis recovery dynamics. Figure 5 documents the duration

(in years) and severity (measured as a drop in output at the crisis trough) of all NBER-

designated recessions from 1947 until 2024. Using the NBER method, we identify and date

12 recognized crises from 1947 to 2024. Unlike the NBER, a crisis ends for us when real

quarterly output returns to pre-crisis levels, covering 30.97% of quarters as crisis periods.

On average, it takes about a year to reach a crisis trough and two years to fully bounce back

to pre-crisis output levels.

Figure 5 compares the severity and duration of the 12 recessions included in our sample.

Crisis severity is defined as the percentage decline in output at the trough (lowest point)

relative to the recession’s start date. Panel (a) shows that the most severe recession is

the COVID-19 recession, followed by the Great Recession. Panel (b) illustrates the output

dynamics of each recession, measuring the duration from the start to the trough and from

the trough to recovery back to pre-crisis levels. The light gray bars represent the “start to

trough” period, while the darker bars indicate the “trough to recovery” period.

While the COVID-19 recession in 2020 was one of the shortest recessions on record, it

caused an unprecedented GDP contraction of almost 10%, highlighting that short crises can
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(a) Crisis severity (b) Crisis duration

Figure 5. Crisis characteristics. The figure highlights the differences in both the depth of the
economic downturns and the length of the recovery periods across various recessions. Panel (a) shows the
severity of economic recessions, represented by the percentage drop in output at the lowest point of each
crisis. Panel (b) illustrates the duration of these recessions, with light gray bars representing the period from
the start to the trough, and dark gray bars representing the period from the trough to recovery.

also cause substantial economic damage. In contrast, the Global Financial Crisis lasted more

than five years, with cumulative losses far exceeding most downturn periods.

Understanding this heterogeneity is critical for modeling the impact of crises on asset

prices. More severe crises, with larger GDP declines and slower recoveries, are likely to

impose greater downward pressure on asset valuations. Furthermore, the speed of mean

reversion in output after a crisis varies across episodes, with some crises exhibiting rapid

recoveries, while others (e.g., the Global Financial Crisis) are marked by prolonged stagnation

or sluggish rebounds.

Our asset-pricing model in Section III accounts for this crisis-specific variation by incor-

porating heterogeneous output dynamics following economic shocks. Specifically, differences

in recovery speeds and the magnitude of economic disruptions directly influence the evolution

of key risk factors that determine asset prices.
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C. Asset prices around crises

How do asset prices respond to recessions? Figure 6 provides a detailed view of how stock

market valuations, risk premia, and return volatility evolve around crises. The top left plot

shows the time series of the Shiller CAPE ratio, a measure of stock market valuations, from

1881 to 2024. It illustrates how valuations fluctuate over time, with notable drops during

major economic crises. The left middle plot highlights stock market risk premia, with the

red line representing the Marfè and Pénasse (2024) measure and the blue line showing the

Martin (2017) implied lower bound. Finally, the plot in the bottom left shows the time series

of the VIX, an indicator of market volatility, from 1990 to 2021.

The right-hand plots examine the behavior of these variables around crises, aggregating

data from 24 months before to 24 months after the start of each NBER-designated reces-

sion. The top right graph illustrates the U-shaped pattern of the CAPE ratio, showing an

initial decline during crises followed by a gradual recovery as markets stabilize and valu-

ations rebound. The middle right plot focuses on the Marfè and Pénasse (2024) measure

of risk premia, which exhibits a hump-shaped pattern. Risk premia rise gradually at the

onset of a recession, peaking shortly after the crisis begins, before slowly reverting toward

steady-state levels during the recovery phase. This behavior contrasts with regime-switching

models, where risk premia adjust instantaneously. The bottom right plot highlights the VIX

dynamics, which tend to peak just before or around the official start of recessions and remain

elevated for an extended period, often lasting up to two years. However, the VIX patterns

are noisier and less consistent than the other variables, as this measure aggregates data from

only four NBER recessions.

These patterns reveal key stylized facts about asset prices during crises. For instance,

while the Dot-com bubble saw minimal changes in risk premia, the Great Recession triggered

a much larger and more prolonged increase. Similarly, the VIX response varies by crisis, with

particularly high and prolonged spikes during the Global Financial crisis and the COVID-

19 pandemic. The U-shaped behavior of the CAPE ratio and the hump-shaped dynamics
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(a) CAPE (1881-2024) (b) CAPE around crises

(c) Risk premia (1874-2017) (d) Risk premia (Marfè and Pénasse, 2024)
around crises

(e) VIX (1990-2021) (f) VIX around crises

Figure 6. Asset prices around crises. The figure displays the CAPE ratio, risk premia, and
return volatility, measured using the VIX index. We plot the development of the monthly levels of the CAPE
ratio (Figure (a)), risk premia (Figure (c)), and VIX (Figure (e)) over time, as well as their conditional levels
observed in months before and after NBER crises (in Figures (b), (d), and (f), respectively).
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of risk premia and volatility highlight the need to account for crisis-specific dynamics in

asset-pricing models, a challenge we address in the next section.

III. The Model

In this section, we derive equilibrium asset prices in an exchange economy that captures

business-cycle dynamics through realistic output fluctuations observed during crises. We

introduce a time variation in risk aversion by endowing the representative investor with

external habit-forming preferences to better match unconditional moments of asset prices.

A. Output

Our model’s main innovation is incorporating output patterns during crises into the

output process via two interconnected processes: ηt, defined below in Equation (3) and

referred to as the crisis impact, and xt, defined below in Equation (4) and referred to as

the crisis driver. The crisis driver (xt) captures the expected trajectory of the economic

disruption due to the new source of risk,4 while the impact of the crisis (ηt) reflects the

immediate and dynamic response of output to this disruption. Specifically, we decompose

the output as follows.

Yt = Ŷtηt, (1)

where Ŷt represents output under normal economic conditions (e.g., Ŷt can be viewed as

potential output when firms operate at full capacity). The process Ŷt follows a geometric

Brownian motion

dŶt = µŶ Ŷtdt + σŶ ŶtdZŶ ,t, (2)

where µŶ and σŶ are constants and ZŶ ,t is a Brownian shock.

The crisis impact, ηt, is a strictly positive stochastic process that depends on a two-state

4We use the term ‘new risks’ to refer to crisis-specific shocks that alter the path of output and risk premia.
These are modeled via crisis-specific calibrations to capture observed heterogeneity across recessions.
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continuous-time Markov process ωt ∈ {H,L}. In normal economic times, ωt = H, ηt = 1, and

thus output growth is i.i.d. normally distributed. When a crisis occurs at random time s,

ωt = L, ηt becomes stochastic and typically falls below one, reflecting the negative impact on

output Yt.

Transitions from the normal state H to the crisis state L occur at a random arrival time

s that is exponentially distributed with intensity parameter ν. Once a crisis begins at time

s, the crisis impact, ηt, evolves for all t ≥ s according to:

dηt = κη (xt − ηt)dt + σηηt (λ − ηt)dZη,t, (3)

where κη > 0, ση > 0, λ > 1, and Zη,t is a Brownian shock. The instantaneous volatility term,

σηηt(λ − ηt), ensures that ηt remains within the interval (0, λ), given that λ > 1. The initial

and terminal conditions for the crisis-impact process are ηs = ητ = 1, where τ denotes the

end of the crisis defined in Equation (5).

The crisis impact, ηt, is reverting towards the crisis driver, xt, where xt is given by

xt = 1 − (e−κ1(t−s) − e−κ2(t−s)) ε, ∀s ≤ t ≤ τ (4)

where 0 < κ1 < κ2 and ε > 0. The crisis driver xt follows a U-shaped pattern: it starts at

one, decreases to a minimum, and then reverts back towards one, as shown in Figure 7.

This reflects temporary output destruction during crises, followed by above-average growth

during recovery.5

The crisis ends at the stopping time τ , defined as:

τ = inf { t > s +∆, s.t. ηt = 1}, (5)

5Gârleanu and Panageas (2015) use a similar approach with the sum of two negative exponential functions
to model the hump-shaped pattern of earnings, while Blanchard (1985) applies the same functional form to
capture complex household income paths in Footnote 8.
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where the strictly positive parameter ∆ ensures that ηt does not immediately return to 1 at

time s, preventing the emergence of a crisis. Intuitively, ∆ captures the time it takes for the

crisis to fully impact the economy and for agents to adjust their expectations. The timeline

below describes the evolution of output during a crisis starting at time s.

t
0 s s +∆ τ = inf{t > s +∆}

Yt = Ŷt Yt = Ŷtηt Yt = Ŷt

There are several important aspects of the crisis impact process in Equation (3): (i) when the

economy enters the crisis state L, a new Brownian motion, Zη,t, emerges, affecting output

and becoming priced; (ii) both the mean and volatility of output growth become stochastic;

(iii) output volatility jumps at time s since λ > 1, even though the output level does not;

and (iv) setting λ > 1 ensures the economy exits the crisis state in finite time τ .

Figure 7. Crisis-driver (xt) and crisis-impact (ηt) variables. The red line shows the
crisis-driver variable xt that responds to an initial shock ε = 0.4. The blue line describes the output reaction
to the crisis, represented by ηt. The shaded area represents the 5-95% confidence bands for the simulated Yt

paths. The parameters are set to µŶ = 0.0197, σŶ = 0.0254, κη = 0.2, λ = 1.01, ση = 0.3, κ1 = 0.5 and κ2 = 3.4.

Figure 7 shows the crisis driver, xt (red line), the average path of the crisis impact, ηt (blue

line), and output, Yt (black dotted line with shaded 5-95% confidence bands). The U-shaped

pattern of xt, along with ηt catching up to it, suggests that both ηt and aggregate output
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follow similar dynamics. These U-shaped output patterns during recessions and recoveries

may result from gradual adjustments in capital and labor inputs, as well as inter-temporal

smoothing by households with borrowing constraints.

This delayed reaction of output is chosen on purpose to fit the dynamics of output around

crises. In data, we observe that the drop in realized output is not instantaneous. In fact, in

Figure 4 we show that abnormal growth, which measures the difference between the realized

GDP growth and a 10-year historical average GDP growth, drops in a gradual manner. This

gradual drop in output growth is followed by the ‘bounce-back’ effect, where the abnormal

growth becomes positive. Both features of the aggregate output data are consistent with our

model.

The left plot of Figure 8 shows the crisis driver xt (red line), while the right plot shows

the average path of the crisis impact, ηt, (blue line with shaded 5-95% confidence bands)

for different initial shocks ε ∈ {0.05,0.2,0.4}. Larger initial shocks lead to more severe and

prolonged recessions. The response of xt to the initial shock is sharper than that of ηt, which

is expected since ηt adjusts to xt over time, depending on κη.

Figure 8. Crisis driver and crisis impact for different initial crisis shocks. The red
line shows xt and the blue line depicts ηt for different levels of the shock ε, that is, 0.05, 0.2, and 0.4, with
shaded areas around ηt representing 5-95% confidence bands. The parameters are set to κη = 0.2, λη = 1.01,
ση = 0.3.
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Figure 9 illustrates how the parameter κη (in panel (a)) influences the behavior of the

crisis impact ηt. The red line shows the crisis driver xt, the blue solid line shows the average

path of the crisis impact, ηt, when κη = 0.5 (with shaded 5-95% confidence bands), and

the blue dashed line shows the average path of the crisis impact, ηt, (with shaded 5-95%

confidence bands) when κη = 3, κ1 = 0.5 and κ2 = 3.4. When κη is higher, ηt tracks the path

of the crisis driver xt more closely, leading to faster recoveries and shorter recessions. In

contrast, lower values of κη result in slower adjustments of ηt to xt, prolonging the recession

and delaying recovery.

Increasing the levels of κ1, κ2, and their ratio (κ2/κ1) also impacts the severity and

duration of crises, similarly to an increase in κη, as shown in panel (b) of Figure 9. This

indicates that all three κ parameters are important determinants of crisis characteristics,

which can differ significantly across recessions.

(a) κη (b) κ1 and κ2

Figure 9. Crisis driver and crisis impact for different κi parameters. Panel (a)
displays xt and ηt for different levels of κη, that is, 0.5 and 3, with shaded areas around ηt representing
5-95% confidence bands, with κ1 = 0.5 and κ2 = 3.4. Panel (b) shows xt and ηt for different levels of [κ1, κ2],
that is, [0.3,3.4] and [2,10], with κη = 0.2. The remaining parameters are set to ε = 0.4, λ = 1.01, ση = 0.3, in
both panels.

Deeper and more persistent crises, which cause long-lasting damage, can be generated

in this model by a combination of a large initial shock ε and low κ parameters. This aligns

with empirical evidence that severe crises often take longer to resolve. By incorporating these

dynamics, the model allows us to distinguish between different types of recession events. For
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example, financial crises often exhibit greater severity and persistence compared to non-

financial crises, and these distinctions are reflected in their varying impacts on asset prices

(Reinhart and Rogoff, 2009).

B. Asset pricing

In this section, we determine the price, expected return, and volatility of the market

portfolio, along with the risk-free rate, and analyze their behavior during crises. In our

framework, the asset-pricing patterns emerge directly from the U-shaped dynamics in ex-

pected output growth and volatility. This transmission mechanism offers a clean mapping

from macro dynamics to asset returns. Initially, we use a stochastic discount factor (SDF)

as in Menzly, Santos, and Veronesi (2004), which results in hump-shaped stock market risk

premia and volatilities, while the price-dividend ratio remains relatively flat. Therefore, in

Section III.C, we explore a model with amplified risk aversion, where during a crisis, risk

aversion is influenced by both normal and emerging output shocks, and its long-run mean is

more closely tied to output dynamics. All proofs are provided in Appendix A.

B.a . Preferences

We consider a representative agent (RA) who maximizes

E0 [∫
∞

0
u(Ct,Ht, t) dt] = E0 [∫

∞

0
e−ρt log (Ct −Ht) dt] , (6)

where Ct is consumption, ρ is the time discount rate, and Ht = Ct(1 − 1/Rt) is an external

habit. We refer to Rt as (conditional) risk aversion, since the local coefficient of relative risk

aversion is

Rt ≡ −
uCC(Ct,Ht, t)Ct

uC(Ct,Ht, t)
= Ct

Ct −Ht

. (7)

Rather than modeling the dynamics of the inverse surplus consumption ratio (Rt) as in

Campbell and Cochrane (1999), we follow Menzly, Santos, and Veronesi (2004) and let risk
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aversionRt evolve as a mean-reverting process that is perfectly (locally) negatively correlated

with consumption growth. Specifically,

dRt = κR (R̄ −Rt)dt − α (Rt − λR) (
dCt

Ct

−Et (
dCt

Ct

)) , (8)

where R̄ > λR > 0 ensures that Rt is bounded below by the parameter λR > 0. The parameter

κR > 0 is the speed of mean reversion in Rt; a lower κR implies that consumption shocks have

a more persistent impact on risk aversion because Rt takes longer to revert to its long-run

mean. The strictly positive parameter α governs how negative consumption shocks raise risk

aversion Rt; a larger α implies a higher volatility of risk aversion Rt.

Finally, the conditional expectation of future risk aversion is

Et [Ru] = R̄ + (Rt − R̄)e−κR(u−t), ∀u > t. (9)

Over any sufficiently long horizon, the economy may switch multiple times between normal

and crisis regimes. Consequently, Rt is exposed to distinct Brownian shocks—ZŶ ,t in normal

times and Zη,t in crises. Nonetheless, the conditional expectation Et[Ru] does not depend

on how often these transitions occur. As long as the current level Rt is known, the process

ultimately reverts toward the same constant long-run mean R̄, as in Menzly, Santos, and

Veronesi (2004).6 Hence, even though Rt path-wise reflects the sequence of shocks in normal

and crisis states, its conditional expectation depends solely on the current value of Rt.

We relax this assumption in Section III.C, allowing Rt to revert toward a time-varying

mean, R̄t, which depends on the crisis driver xt. This additional feedback further raises risk

aversion during crises, and thus aligns more closely with the notion of habit intensifying in

distressed periods.

6
R̄ is the unconditional long-run mean of Rt because if we let time t in Equation (9) start in the infinite

past we have that
lim

t→−∞
Et[Ru] = R̄.
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B.b. The stochastic discount factor

Upon imposing market clearing (Ct = Yt) and using the marginal utility of the RA as the

pricing kernel Mt, the stochastic discount factor (SDF) is

Mt = e−ρt
1

Yt −Ht

= e−ρtRt

Yt

. (10)

The term e−ρt/Ct corresponds to the classical log-utility SDF, where e−ρt captures time

discounting, and marginal utility is higher in states with lower aggregate consumption Ct.

The term Rt (the inverse surplus consumption ratio) amplifies the marginal utility when Ct

is close to the habit level Ht. In such states, (Ct −Ht)/Ct (the surplus consumption ratio) is

small, implying a higher Rt and thus further discounting.

Importantly, because Ct does not jump when the economy transitions into or out of a

crisis, the random times s and τ are not priced with log-utility.7 Therefore, applying Itô’s

lemma to Mt given in Equation (10) leads to the risk-free rate and the market prices of risk

presented in the next proposition.

Proposition 1: The dynamics of the equilibrium stochastic discount factor, Mt, are

dMt

Mt

= −rt dt − θŶ ,t dZŶ ,t − θη,t dZη,t. (11)

In equilibrium the risk-free rate is

rt = rlog + rhabitt +

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

rcrisist if ωt = L

0 if ωt =H,
(12)

where rlog = ρ + µŶ − σ2
Ŷ

is the constant log-utility component and rhabitt = κR (1 − R̄Rt
) −

α (1 − λR
Rt
)σ2

Ŷ
is the habit-driven component. The new crisis term that only appears when

7While the output level does not jump at these times, the conditional output distribution does change,
so such events can be priced under alternative preferences (e.g., Epstein-Zin-Weil preferences).
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ωt = L is

rcrisist = κη (xt/ηt − 1) − σ2
η (λ − ηt)

2 − α(1 − λR
Rt

)σ2
η (λ − ηt)

2
. (13)

The market price of risk for the Brownian shock ZŶ ,t is

θŶ ,t = σŶ (1 + α(1 −
λR
Rt

)) . (14)

The market price of risk for the Brownian shock Zη,t is

θη,t =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

ση (λ − ηt) (1 + α (1 − λR
Rt
)) if ωt = L

0 if ωt =H.
(15)

The left plot in Figure 10 shows the market prices of risk. The average θŶ ,t, represented

by the solid blue line with 5 − 95% confidence bands, remains relatively flat during the

crisis, although its volatility significantly increases during the first two years of the new risk

source before stabilizing. In contrast, the market price of the new risk source ηt exhibits a

hump-shaped pattern, skewed to the right, with the right tail peaking almost three times the

average after three years. While the average θŶ ,t maintains a modestly declining trend, the

awareness of the new risk source significantly amplifies overall risk compensation, driving it

upward in a pronounced hump-shaped trajectory. This dynamic highlights the critical role

of the new risk source in reshaping risk premia during crises.

Awareness of a new source of risk also affects the risk-free rate, as illustrated in the

right graph in Figure 10. The black solid line represents the constant risk-free rate that

would prevail under i.i.d. consumption growth with a log-utility representative agent. The

green line captures the additional habit-driven component introduced by habit-formation

preferences. Once a crisis emerges, the red line shows a further decline in the risk-free rate,

reflecting lower expected output growth and stronger precautionary savings. As the crisis

subsides and the growth recovers, precautionary savings diminish, pushing the rate back up,

thus producing a “U”-shaped pattern (blue line) for the overall risk-free rate.
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(a) Market prices of risk (b) Risk-free rate

Figure 10. Market prices of risk and risk-free rate. Panel (a) shows the time-series
evolution of the market prices of the ‘normal’ output risk (θŶ ,t) in blue and ηt risk (θη,t) in red. Panel

(b) displays the time-series evolution of the equilibrium risk-free rate and its individual components in a
crisis state, i.e., when s < t +∆ < τ . The total real risk-free rate, rt, is in blue. This risk-free rate can be
decomposed into three components: rt = r

log
+ rhabitt + rcrisist . Parameters used to create this figure are the

following: µŶ = 0.0197, σŶ = 0.0254, ρ = 0.04, κR = 0.16, λR = 22, R̄ = 34, α = 25.125, κ1 = 0.5, κ2 = 3.4,
ε = 0.4, κη = 0.2, ση = 0.3 and λ = 1.01. Shaded areas represent 5-95% confidence bands.

B.c. The stock market

The market portfolio is a claim on the aggregate output stream. Consequently, its price

is

St = Et [∫
∞

t

Mu

Mt

Yu du] = ϕtYt, (16)

where ϕt is the price-dividend ratio. Substituting the SDF from Equation (10) into Equation

(16), changing the order of integration and expectation, and using Equation (9) for the

conditional expectation of risk aversion leads to

ϕt = ∫
∞

t
e−ρ(u−t)Et [

Ru

Rt

] du = ∫
∞

t
e−ρ(u−t) ( R̄

Rt

+ (1 − R̄
Rt

) e−κR(u−t)) du. (17)

Equation (17) shows that the price-dividend ratio depends entirely on the time discount rate

ρ and the current level of risk aversion Rt with its long-run mean R̄ and speed of mean

reversion κR. Neither the crisis state nor the frequency of regime transitions enter explicitly.

Intuitively, once Rt is known, the conditional expectation of future risk aversion is pinned
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down by Equation (9), so additional information about the timing of the crisis does not alter

ϕt. Evaluating the integral in Equation (17) completes the derivation of the price dividend

ratio. Then, applying Itô’s lemma to St = Ytϕt, provides the instantaneous expected return

and volatility of the market portfolio, as summarized in the next proposition.

Proposition 2 (Market Portfolio): In equilibrium, the price of the market portfolio is St =

Ytϕt. The price-dividend ratio is

ϕt =
1

ρ
( R̄
Rt

+ ρ

ρ + κR
(1 − R̄

Rt

)) = ϕ0 + ϕR
1

Rt

, (18)

where ϕ0 = 1/(ρ + κR) and ϕR = R̄ϕ0κR/ρ. The instantaneous return of the market portfolio

including dividends is

dRt ≡
dSt + Yt dt

St

= µR,t dt + σR,Ŷ ,t dZŶ ,t + σR,η,t dZη,t

with σR,Ŷ ,t = σŶ VR,t and

VR,t = 1 +
⎛
⎝

κR
R̄

Rt

ρ + κR R̄Rt

⎞
⎠
α(1 − λR

Rt

) . (19)

The exposure to shock Zη,t is σR,η,t = VR,tση (λ − ηt) if ωt = L otherwise is zero. The instan-

taneous expected return µR,t, and volatility σR,t are:

µR,t = rt + θŶ ,tσŶ VR,t + θ̂η,tσηηt (λ − ηt)VR,t, (20)

σR,t = VR,t

√
σ2
Ŷ
+ σ2

η(λ − ηt)2. (21)

The price-dividend ratio, ϕt, strictly decreases as the level of risk aversion, Rt, increases.

Although the volatility of ϕt increases with awareness of a new source of risk and exhibits a

hump-shaped pattern, its level does not reflect the U-shaped pattern of the output because

the conditional expectation of risk aversion does not. However, in the following section, the

crisis driver, xt, directly influences the long-term mean of risk aversion. This results in a
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(a) Risk premium (b) Return volatility

(c) Risk premium with bands (d) Return volatility with bands

Figure 11. Equilibrium risk premium and return volatility. The figure shows the
decomposition of the equilibrium risk premium (Panel (a)) and return volatility (Panel (b)) into the two
components driven by output (blue) and ηt risk (orange). Panel (c) and (d) show the equilibrium risk
premium and return volatility with 5-95% confidence bands. Parameters used to create this Figure are the
following: µŶ = 0.0197, σŶ = 0.0254, ρ = 0.04, κR = 0.16, λ = 22, R̄ = 34, α = 25.125, κ1 = 0.5, κ2 = 3.4,
ε = 0.4, κη = 0.2, ση = 0.3 and λη = 1.01.
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decline in the price–dividend ratio, which adopts a U-shaped pattern during crises.

The left column of Figure 11 shows the stock market risk premium, while the right column

depicts stock market volatility. In the first row, the black solid line represents the overall

stock market risk premium (left plot) and volatility (right plot). The blue area highlights

the contribution of the normal risk source ZŶ , while the red line shows the impact of the

new risk source Zη. Both the risk premium and volatility follow a hump-shaped pattern,

consistent with the data. The second row incorporates 5–95% confidence bands, emphasizing

their right-skewed distributions, where the stock market risk premium and volatility more

than double in the right tail.

C. Asset pricing with risk aversion amplified during crises

Habit-forming preferences imply that agents become more risk-averse as consumption

declines. In the previous section, following Menzly, Santos, and Veronesi (2004), we assumed

that risk aversion, Rt, is locally, perfectly negatively correlated with consumption growth

and converges towards a constant long-run mean R̄. However, empirical evidence shows that

the price-dividend ratio dips during crises, a pattern not captured by our previous model. To

account for this, we now allow agent risk aversion to further increase during crises, leading to

a U-shaped pattern in the price-dividend ratio. Specifically, we generalize the previous setup

by replacing R̄ in Equation (8) with a time-dependent R̄t, determined by the consumption

crisis driver xt. Specifically,

R̄t = R̄ + b (1 − xt) , (22)

where b ≥ 0. Thus, whenever xt drops below one, the anticipated path of Rt increases,

amplifying the effects of bad consumption shocks on asset prices during crises. In contrast,

when the economy recovers and xt increases to one, risk aversion reverts more rapidly to

lower levels. The parameter b governs this “crisis amplification”: a larger b implies a stronger
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increase (and subsequent fall) in risk aversion, while b = 0 recovers the original model with a

constant long-run mean. We explore a range of b values (150–300) to illustrate the sensitivity

of asset pricing dynamics to crisis amplification. These are chosen to match key moments in

asset returns during select crises.

To analyze how the new source of risk affects asset prices under amplified risk aversion, we

focus on one crisis period and thus compute prices for t ∈ [s, τ]. We assume τ = ∞ when b > 0

to enable tractable closed-form solutions for the asset-pricing implications under amplified

risk aversion. We cannot derive stock prices in closed form as in Section III. B.a due to

the complexity of future distributions of entry and exit times. By assuming agents focus

only on current crises and setting τ = ∞, we achieve closed-form solutions for equilibrium

conditions of the price-dividend ratio and return dynamics. The next proposition presents

the market prices of risk, the risk-free rate, and the price-dividend ratio. It shows that,

aside from the price-dividend ratio and the habit-driven component in the risk-free rate,

these expressions align with Proposition 1. However, dynamics differ due to changes in risk

aversion Rt, leading to more pronounced hump-shaped patterns in stock market risk premia

and volatilities, as illustrated in Figure 13.

Proposition 3: In equilibrium the risk-free rate, rt, is

rt = rlog + ramp.RA
t + rcrisist (23)

with rlog and rcrisist given in Proposition 1. The amplified habit-driven component is

ramp.RA
t = κR (1 −

R̄t

Rt

) − α(1 − λR
Rt

)σ2
Ŷ
. (24)

The expression for the market prices of risks θŶ ,t and θη,t are given in Equations (14) and

(15) of Proposition 1, respectively. The price-dividend ratio is

ϕt = ϕ0 + ϕR
1

Rt

+ ϕamp.RA
R

(t) 1
Rt

, (25)
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where ϕ0 = 1/(ρ+κR) and ϕR = R̄ϕ0κR/ρ is as in Proposition 2. The new crisis term due to

amplified risk aversion is ϕamp.RA
R

(t)/R with

ϕamp.RA
R

(t) = bκRϕ0 (
e−κ1(t−s)

ρ + κ1

− e−κ2(t−s)

ρ + κ2

) ε. (26)

Proposition 3 highlights the impact of heightened risk aversion on the price-dividend (PD)

ratio during crises. In this framework, agents’ risk aversion increases when a crisis unfolds,

leading to a lower inverse surplus consumption ratio. As a result, the PD ratio is influenced

both by the direct effect of the crisis driver ηt on output and by the amplified sensitivity

of risk aversion. The proposition explicitly accounts for this through the additional term

driven by the crisis ϕamp.RA
R

(t)/Rt, which captures how shifts in risk aversion dynamically

alter asset prices.

Figure 12. Price-dividend ratio. The figure shows the equilibrium price-dividend ratio in the
model with amplified risk aversion. Parameters used to create this Figure are the following: µŶ = 0.0197,
σŶ = 0.0254, ρ = 0.04, κR = 0.16, λ = 22, R̄ = 34, α = 25.125, κ1 = 0.5, κ2 = 3.4, ε = 0.4, κη = 0.2, ση = 0.3 and
λη = 1.01. The parameter b is set to 150.

Figure 12 illustrates this mechanism, showing that the PD ratio declines sharply at

the onset of a crisis, forming a U-shaped trajectory over time. This pattern emerges as

heightened risk aversion initially compresses valuations, pushing the PD ratio downward,

before gradually recovering as risk aversion subsides. Unlike standard asset-pricing models

where crises primarily affect output without significantly altering risk premia dynamics,

this model explains why fundamentals and asset prices exhibit stronger comovement during
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downturns. The inclusion of amplified risk aversion effects in the PD ratio provides a possible

rationalization for the observed empirical pattern, where valuation ratios fall during crises

before rebounding in line with improving economic conditions.

Proposition 4: The mean and volatility of the instantaneous return including dividends of

the market portfolio with price St = ϕtYt are

µ̂R,t = rt + (σ2
Ŷ
+ σ2

η (λ − ηt)
2)(1 + α(1 − λ

Rt

))(1 + ϕt − ϕ0

ϕtRt

α(1 − λ

Rt

)) (27)

σR,t = (1 +
ϕt − ϕ0

ϕtRt

α(1 − λ

Rt

))
√
σ2
Ŷ
+ σ2

η(λ − ηt)2. (28)

In Figure 13, the black solid line in the left plot represents the stock market risk premium,

while the right plot depicts stock market volatility over time since the crisis began at date

zero. The blue area indicates the contribution from the Brownian shock ZŶ , and the red area

represents the contribution from the new risk source, captured by the Brownian shock Zη.

Unlike the previous model, there is a hump-shaped pattern in the normal risk contribution

due to increased risk aversion during crises, with additional amplification from the new risk

source. Overall, the figure effectively illustrates the hump-shaped patterns in stock market

risk premium and volatility during the onset of a crisis, aligning with empirical data.

IV. Data

In this section, we describe the datasets used to analyze aggregate output, consumption,

and asset prices. Our analysis spans multiple dimensions, including long-term historical

trends, crisis versus non-crisis periods, and sub-samples before and after the 1990s.

A. Aggregate output and consumption

We use quarterly real GDP per capita data and monthly real industrial production from

FRED, along with U.S. personal consumption expenditures from the Bureau of Economic
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(a) Risk Premium (b) Return Volatility

Figure 13. Risk premia and return volatility with risk aversion amplified during
crises. The figure shows the decomposition of the equilibrium risk premium (Panel (a)) and return volatility
(Panel (b)) into the two components driven by the ‘normal’ output (blue) and ηt risk (orange) in the model
described in Section III.C. Parameters used to create this Figure are the following: µŶ = 0.0197, σŶ = 0.0254,
ρ = 0.04, κR = 0.16, λ = 22, R̄ = 34, α = 25.125, κ1 = 0.5, κ2 = 3.4, ε = 0.4, κη = 0.2, ση = 0.3 and λη = 1.01.
The parameter b is set to 150.

Analysis. We measure year-on-year (Y-o-Y) and quarter-on-quarter (Q-on-Q) log growth

rates of real GDP per capita and real personal consumption expenditures per capita over

the entire sample period (January 1947 to June 2024). Additionally, we analyze these growth

rates in sub-samples: pre-1990s, post-1990s, during crisis periods, and during normal times.

Table I summarizes the results.

Real GDP grew at an average annualized rate of 1.973% (Y-o-Y) and 1.954% (Q-on-Q)

over the entire sample period, while real consumption increased by 2.09% (Y-o-Y). In crisis

periods, output growth drops to -0.195% (Y-o-Y) or increases only modestly by 0.466%

(Q-on-Q), and consumption growth slows to 0.471% (Y-o-Y) and 1.067% (Q-on-Q). During

normal times, output grows at a robust rate of 2.964% (Y-o-Y), with similar consumption

growth.

Volatility rises significantly during crises. The volatility ratios, calculated as the ratio of

standard deviations during crises to those during normal times, range from 1.36 (Y-o-Y) to

2.41 (Q-on-Q) for GDP growth and from 1.40 (Y-on-Y) to 2.07 (Q-on-Q) for consumption

growth.
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GDP growth Consumption growth
Y-on-Y Q-on-Q Y-on-Y Q-on-Q

Entire sample: 1947 - 2024 1.973% 1.954% 2.090% 2.089%
(2.535%) (2.234%) (2.206%) (2.171%)

Pre-1990s 2.304% 2.257% 2.325% 2.313%
(2.868%) (2.204%) (2.197%) (1.911%)

Post 1990s 1.570% 1.578% 1.804% 1.812%
(2.008%) (2.259%) (2.200%) (2.447%)

During crises -0.195% 0.466% 0.471% 1.067%
(2.504%) (3.330%) (2.145%) (3.127%)

During normal times 2.964% 2.964% 2.750% 2.527%
(1.835%) (1.385%) (1.537%) (1.509%)

Crisis-to-non-crisis volatility ratio 1.3647 2.4047 1.3954 2.0713

Table I Quarterly GDP and Consumption Growth Data. This table shows annualized
growth rates and standard deviations for quarterly real gross domestic product (GDP) and quarterly con-
sumption per capita. Y-on-Y indicates year-on-year, Q-on-Q means quarter-on-quarter, both annualized,
using data from January 1947 to June 2024. Real gross domestic product per capita [A939RX0Q048SBEA]
and real personal consumption expenditures per capita [A794RX0Q048SBEA] were retrieved from FRED,
Federal Reserve Bank of St. Louis, on October 3, 2024.

B. Asset prices

We obtain market return data from 1929 to 2019 from Kenneth French’s website and

the Center for Research in Security Prices (CRSP) Index Stock File. Market excess returns

and the annual risk-free rate are adjusted for inflation using the Personal Consumption

Expenditures (PCE) deflator. In addition, we incorporate the VIX, a widely used measure

of stock market return volatility. VIX data is sourced from FRED and spans the period from

1990 to 2021, providing insights into market uncertainty during crises.

As a measure of stock market value, we use the cyclically adjusted price-to-earnings

(CAPE) ratio introduced by Campbell and Shiller (1998), which smooths corporate profit

fluctuations over business cycles. CAPE data, spanning 1871 to 2023, is collected from

Robert Shiller’s website. As a proxy for stock market risk premia, we use two measures:

(i) the stochastic volatility-derived risk premia index by Marfè and Pénasse (2024), covering

the period from 1874 to 2018; and (ii) the lower bound on market risk premia developed by
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Martin (2017), covering the period from 1996 to 2012.

V. Matching output dynamics during the GFC period

We calibrate the model to match the GDP dynamics observed during the Global Financial

(GFC), covering the period from April 2008 to January 2013. We estimate parameters

driving the crisis trigger ηt and the crisis driver xt, which determine output during a crisis.

Importantly, we avoid using asset-pricing data in the estimation process, allowing us to

test the model’s capability to generate meaningful asset-pricing insights without explicit

calibration to asset prices.

We estimate the model parameters by comparing mean trajectories of simulated output

with observed data. We design the objective function to minimize a weighted combination of

two error components. The first term measures the squared difference between the observed

output and the simulated mean output, summed across all quarters. The second term

penalizes deviations between the simulated and observed crisis-to-non-crisis output volatility

ratios.

min
θ

⎧⎪⎪⎪⎨⎪⎪⎪⎩
w

T

∑
t=1

[Ȳ sim
t (θ) − Y obs

t ]
2 + (1 −w)

⎡⎢⎢⎢⎢⎣
(

σcrisis
Y

σnon−crisis
Y

(θ))
sim

− (
σcrisis
Y

σnon−crisis
Y

)
obs⎤⎥⎥⎥⎥⎦

2⎫⎪⎪⎪⎬⎪⎪⎪⎭
, (29)

where Ȳ sim
t (θ) = ∑N

i=1 Y
sim
t (θ).

The simulated volatility ratio is computed by

(
σcrisis
Y

σnon−crisis
Y

(θ))
sim

=
σŶ + ση(λ − η̄)

σŶ

, (30)

where η̄, η̄ = ∑N
i=1∑T

t=1 η
i
t, is the mean simulated η value across all simulations and all quarterly

periods. The observed crisis-to-non-crisis volatility ratio we match equals 1.8847 (the average

Y-on-Y and Q-on-Q crisis-to-non-crisis volatility ratios for real GDP growth, see Table I).

By incorporating both terms, we ensure that the model matches both the first and second
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moments of observed output data.

We estimate parameters using particle swarm optimization, a global search algorithm

well-suited for complex, non-convex optimization problems.8 This algorithm iteratively ad-

justs parameters from the vector θ to minimize the weighted error while respecting lower and

upper bounds. The calibrated parameters include the reversion speeds of the crisis driver xt

(κ1 and κ2), the volatility and reversion speed of the crisis impact ηt (ση and κη), and the

magnitude of the crisis shock (ε).

We simulate 10,000 paths of 20 quarters to match the length of the GFC period. We

set the weight parameter w to 0.9. Our results are robust when choosing alternative values

of w. We choose w = 0.9 to make matching both moments of crisis output relevant when

matching the observed GFC crisis output dynamics. If we set w to 1, the parameter ση, and

thus the second moment of output observed during crises, would not be well-identified. We

define the following lower and upper bounds for θ:

θmin = [0.45,1,0.1,0.01,0.01],

θmax = [0.6,5,2,5,5],

and starting values to be

θ0 = [0.5,4,0.5,0.4,0.4].

Lower and upper bounds for κ1 and κ2 are set to ensure that the process xt converges to one

within a reasonable amount of time and does not stay below one indefinitely.

The remaining model parameters are set to match the unconditional GDP growth rate

(Y-on-Y) and its volatility from our sample period (see Panel A in Table I). Preference

parameters are the same as in Menzly, Santos, and Veronesi (2004) (see Panel B in Table I).

Table II reports the estimated parameters. These estimates yield a simulated crisis-to-

8We use the Matlab function particleswarm, which runs a bound-constrained optimization using particle
swarm optimization.
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non-crisis volatility ratio of 1.8911, closely matching the data counterpart with a difference

of 0.064 units. The combination of the estimated κ parameters and the ε shock generates a

severity and duration of the crisis that are quantitatively consistent with observed data.

This table presents the parameters governing aggregate output dynamics during normal

times (Panel A) and agent preferences (Panel B). The parameters in Panel A are estimated

using real GDP growth data from January 1947 to June 2024 (full sample), as detailed in

Table I. Preference parameters in Panel B are based on Menzly, Santos, and Veronesi (2004),

except for α, which is set to a lower value of 25.125 to account for the newly introduced

crisis component that increases output volatility.

Table II Parameters describing the Aggregate Economy and Preferences. This
table presents the parameters governing aggregate output dynamics during normal times
(Panel A) and agent preferences (Panel B). The parameters in Panel A are estimated using
real GDP growth data from January 1947 to June 2024 (full sample), as detailed in Table I.
Preference parameters in Panel B are based on Menzly, Santos, and Veronesi (2004), except
for α, which is set to a lower value of 25.125 to account for the newly introduced crisis
component that increases output volatility.

Panel A: Real GDP growth (1947-2024)

µY 1.973%
σY 2.535%

Panel B: Parameters from Menzly, Santos, and Veronesi (2004)

ρ 0.04
λ 20

κR 0.16
R̄ 34
α 25.125

Figure 14 illustrates the observed levels of output (black solid line) alongside the fitted

output from the estimation (blue dash-dotted line). The Global Financial Crisis is notable for

its particularly sluggish recovery, which stands out compared to other economic downturns.

Our model, however, implies a slightly faster reversion of output back to its pre-crisis level

and a smaller total dip in output at the crisis trough. Despite these differences, the model
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Table III Estimated Parameters for the GFC period. This table presents the
estimated parameters used to match the model with output dynamics observed during the
GFC period. These parameters from the crisis driver xt and crisis impact ηt processes
determine how output evolves during each crisis.

Parameter θi Estimated Value

κ1 0.5316
κ2 3.4321
κη 0.2231
ση 0.3104
ε 0.4310

captures the dynamics of output during this specific crisis period well, as reflected in the

estimated parameters.

Figure 14. Matching GDP dynamics observed during the GFC period. This figure
shows the quarterly level of U.S. real GDP per capita, indexed to 1 in April 2008 (black line). The blue
dash-dotted line represents the fitted output data, obtained from our estimation.

We use the estimated model parameters to predict how asset prices would behave during

the Global Financial Crisis period and compare these predictions with empirical data in

Figure 15. We examine risk premia from Marfè and Pénasse (2024) and the lower bound of

the equity premium from Martin (2017) in Panel (a); the Shiller’s CAPE ratio in Panel (b);

and VIX and realized volatility, calculated as the annualized standard deviation of the total

36



daily squared returns (evaluated monthly), in Panel (c).

The asset-pricing predictions generated by our model align well with observed data, both

in terms of the dynamics and levels. Specifically, the implied risk premium from Marfè

and Pénasse (2024) and the lower bound of the equity premium from Martin (2017) both

exhibit a distinct hump-shaped trend that matches the predictions of the model. Realized

volatility shows a marked hump shape during the early stages of the GFC. Our model can

quantitatively match the size of the increase in risk premia as well as the intensity of realized

volatility, which peaks at 40% during the deepest point of the crisis.

Note that in our model, the increase in the risk premia and return volatility is linked to

the increase in output volatility. Although it is difficult to measure the output volatility at a

high enough frequency during a recession, we plot the squared growth of industrial production

in Panel (d) of Figure 15. Here we see the same pattern: a hump-shaped volatility. This

pattern is consistent with our model and is an important driver of the joint dynamics of risk

premia and return volatility.

Lastly, we analyze the model’s sensitivity to parameter b, which governs agents’ respon-

siveness to the crisis variable xt. When b = 0, crises do not affect agent average risk aversion,

whereas higher b values strengthen the impact of crises on asset prices by amplifying agent

risk aversion. Figure 16 displays model predictions for the GFC period across different val-

ues of b. Even with b = 0, risk premia and return volatility exhibit a hump-shaped pattern,

which becomes more pronounced as b increases. Notably, the decline in the price-dividend

ratio emerges only when b > 0, driven by heightened risk aversion during crises.

A. Other crisis periods

In Appendix B, we replicate the estimation for the remaining eight NBER crises recorded

since 1947. Specifically, we match the output process observed during the individual crisis

episodes and then use the estimated ‘crisis’ parameters to study how asset prices would

evolve. We compare the model-implied asset pricing moments with data. Our model captures
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(a) Risk Premium (b) Price-dividend ratio

(c) Return volatility (d) Industrial Production Variance

Figure 15. GFC period – Implied asset-pricing moments. This figure compares the mean
simulated model predictions (blue dashed-dotted lines) with equity risk premia: the Marfè and Pénasse (2024)
index (red dotted line) and Martin (2017)’s lower bound (black solid line) in Panel (a); the CAPE ratio (black
solid line) in Panel (b); and monthly realized volatility using daily returns (black solid line) and the VIX
(red line) in Panel (c). Panel (d) plots the squared industrial production growth. Model predictions are
generated with b = 150.

key features of asset pricing dynamics during several other recessions, with varying degrees of

precision depending on the severity and duration of the crisis. Figures in Appendix B show

that our model produces realistic paths of the levels of price-dividend ratio, risk premium,

and return volatility, across numerous crisis events.
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(a) Risk premium (b) Return volatility

(c) Price-dividend ratio

Figure 16. GFC period – Sensitivity analysis for parameter b. This figure presents
the mean simulated model predictions (depicted by blue and red lines) for different values of parameter b,
that is, 0, 100, 150 (in red), and 500 — alongside empirical observations (shown in black lines). Specifically,
we compare equity risk premia, measured using the Marfè and Pénasse (2024) index derived from stochastic
volatility and the lower bound on market risk premia developed by Martin (2017) in Panel (a); return
volatility measured using monthly realized volatility in Panel (b); and the price-dividend ratio measured
using the Campbell-Shiller CAPE ratio in Panel (c), with model predictions.

VI. Conclusion

In this paper, we present a novel equilibrium model that captures the dynamics of asset

prices during crises triggered by the emergence of new risks. Our model incorporates two key

empirical observations: the delayed decline in output following the introduction of new risks,

and the subsequent recovery phase characterized by abnormally high positive growth. By
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introducing a new stochastic process, η, we are able to model the gradual decline in output

leading up to a crisis as well as the accelerated growth during the recovery period.

Our model matches asset-pricing dynamics during crises. Specifically, we demonstrate

that asset prices exhibit a delayed response to new risks, with expected returns displaying

a hump-shaped pattern as the crisis unfolds. This dynamic results in a delayed reaction

of asset prices to news about future economic activity, challenging traditional asset-pricing

models that predict immediate market reactions.

By calibrating our model to output data and excluding asset-pricing moments, we test

its ability to replicate asset price dynamics during crises. The successful application of our

model to the Global Financial Crisis (GFC) and other NBER recessions underscores its

general applicability and effectiveness in explaining how the awareness of new priced risks

affects the real economy and financial markets.

Our approach fills a gap in the literature by directly linking asset price behavior to

output dynamics during crises. It provides a rational explanation for the delayed reaction

of asset prices and their hump-shaped patterns, highlighting the significant role of new

risks in shaping asset pricing dynamics. This has important implications for investors and

policymakers, as understanding the timing and magnitude of asset price responses to new

risks can inform investment strategies and policy decisions aimed at mitigating the impact

of economic downturns.
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Appendix A. Proofs

In this Section, we provide comprehensive proofs for the propositions presented in the

main text of Section III. Before we provide proofs for the propositions, we present the output

and risk aversion dynamics in a normal and a crisis regime. Specifically, applying Itô’s lemma

to Yt = Ŷtηt leads to the following output dynamics.

dYt

Yt

=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

(µŶ + κη (xt/ηt − 1)) dt + σŶ dZŶ ,t + ση (λ − ηt) dZη,t if ωt = L

µŶ dt + σŶ dZŶ ,t if ωt =H
(A1)

Using Equation (A1) and plugging in the shocks to output in Equation (8) leads to the

dynamics of risk aversion Rt. Specifically,

dRt = κR (R̄t −Rt)dt − α (Rt − λR)

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

σŶ dZŶ ,t + ση (λ − ηt) dZη,t if ωt = L

σŶ dZŶ ,t if ωt =H
(A2)

where R̄t = R̄ + b(1 − xt) with b = 0 in Section III. B.a and b > 0 in Section III.C.

Proof of Proposition 1. The risk-free rate and the market prices of risk are derived from the

dynamics of the SDF, Mt = e−ρtRt

Yt
. Suppose that we are in normal times (i.e., ωt =H). Then

applying Itô’s lemma to Mt and using Equations (A1) and (A2) leads to

dMt

Mt

= −(ρ + µŶ − σ2
Ŷ
+ κR(1 − R̄/Rt) − α(1 −

λR
Rt

)σ2
Ŷ
)

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
= rt

dt − σŶ (1 + α(1 −
λR
Rt

))
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

=θŶ,t

dZŶ ,t.

We know that the risk-free rate and market price of output risk in an economy with i.i.d.

output growth and a representative agent (RA) with log utility and time discount rate ρ

is equal to rlog = ρ + µŶ − σ2
Ŷ

and σŶ , respectively. Hence, rt = rlog + rhabitt with rhabitt =

κR(1 − R̄/Rt) −α (1 − λR
Rt
)σ2

Ŷ
. Moreover, the habit amplifies the market price of output risk

by the factor α (1 − λR
Rt
).
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Suppose that we are in crisis times (i.e., ωt = L). Then applying Itô’s lemma to Mt and

using Equations (A1) and (A2), and the expressions for rlog, rhabitt , and θŶ,t from above leads

to

dMt

Mt

= −(rlog + rhabitt + κη (xt/ηt − 1) − σ2
η (λ − ηt)

2 − α(1 − λR
Rt

)σ2
η (λ − ηt)

2)
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

=rt

dt

− θŶ ,t dZŶ ,t − [ση (λ − ηt) (1 + α(1 −
λR
Rt

))]
´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶

=θη,t

dZη,t.

The additional term in the risk-free rate is equal to rcrisist given in Equation (13).

Proof of Proposition 2. The market portfolio is a claim on the continuous output stream

St = ϕtYt. The valuation ratio ϕt is given in Equation (17). Specifically,

ϕt = ∫
∞

t
e−ρ(u−t)Et [

Ru

Rt

] du = ∫
∞

t
e−ρ(u−t) ( R̄

Rt

+ (1 − R̄
Rt

) e−κR(u−t)) du

= R̄
Rt
∫
∞

t
e−ρ(u−t) du + (1 − R̄

Rt

)∫
∞

t
e−(ρ+κR)(u−t) du

= R̄
Rt

1

ρ
+ (1 − R̄

Rt

) 1

ρ + κR
= 1

ρ + κR
+ κR/ρ
ρ + κR

R̄
Rt

= ϕ0 + ϕR
1

Rt

,

(A3)

where ϕ0 = 1
ρ+κR

and ϕR = κR/ρ
ρ+κR
R̄. The dynamics of the valuation ratio ϕt are

dϕt

ϕt

= ϕR
ϕt

d( 1

Rt

) = −ϕR
ϕt

dRt

R2
t

+ ϕR
ϕt

(dRt)2
R3

t

. (A4)

Determining the stochastic part in normal and crisis times for the valuation ratio leads to

dϕt

ϕt

= . . . dt + αϕR/Rt

ϕt

(1 − λR
Rt

)

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

σŶ dZŶ ,t + ση (λ − ηt) dZη,t if ωt = L

σŶ dZŶ ,t if ωt =H
(A5)
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The equilibrium stock price is St = Ytϕt and its instantaneous return including dividends is

dRt ≡
dSt + Yt dt

St

= µR,tdt + σR,Ŷ ,t dZŶ ,t + σR,η,t dZη,t.

Suppose ωt =H, applying Itô’s lemma to St = Ytϕt leads to

dSt

St

= dŶt

Ŷt

+ dϕt

ϕt

+ dŶt

Ŷt

dϕt

ϕt

= . . . dt + σŶ dZŶ ,t + α
ϕR/Rt

ϕt

(1 − λR
Rt

)σŶ dZŶ ,t.

Hence, σR,Ŷ ,t = σŶ VR,t and σR,η,t = 0 with

VR,t = 1 + α
ϕR/Rt

ϕt

(1 − λR
Rt

) = 1 + αϕt − ϕ0

ϕt

(1 − λR
Rt

) = 1 +
κR

R̄

Rt

ρ + κR R̄Rt

α(1 − λR
Rt

) . (A6)

Suppose ωt = L, applying Itô’s lemma to St = Ytϕt, using Equation (A6) leads to

dSt

St

= dYt

Yt

+ dϕt

ϕt

+ dYt

Yt

dϕt

ϕt

= . . . dt + VR,tσŶ dZŶ ,t + VR,tση (λ − ηt) dZη,t.

Hence, we have that σR,Ŷ ,t = σŶ VR,t and σR,η,t = VR,tση (λ − ηt). If ωt = H, then the in-

stantaneous stock market volatility is σR,t = σŶ VR,t. The Brownian shocks ZŶ ,t and Zη,t

are independent and thus he instantaneous stock market volatility if ωt = L is σR,t =

VR,t

√
σ2
Ŷ
+ σ2

η (λ − ηt)
2
. Instead of determining the drift of St by applying Itô’s lemma to

St = Ytϕt we use the pricing equation instead. Specifically,

dRt − rt dt = −
dMt

Mt

dSt

St

= θŶ ,tσŶ VR,t + θ̂η,tσηηt (λ − ηt)VR,t.

Hence, the instantaneous expected stock market return including dividends is

µR,t = rt + θŶ ,tσŶ VR,t + θ̂η,tσηηt (λ − ηt)VR,t.
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Proof of Proposition 3. By applying Itô’s lemma to the stochastic discount factor (SDF)

Mt = e−ρtRt

Yt
, we derive the risk-free rate and market prices of risk. The derivation follows

the same steps as in the proof of Proposition 1, with the only change being the substitution

of R̄ with R̄t. Therefore, the detailed steps are omitted.

The price-dividend ratio with amplified risk aversion for all s ≤ t < τ = ∞ is

ϕt = Et [∫
∞

t

Mu

Mt

Yu

Yt

du] = ∫
∞

t
e−ρ(u−t)E [Ru

Rt

∣ Rt = R, ε̃ = ε] du.

We have that

Et [
Ru

Rt

] = E [Ru

Rt

∣ Rt, ε̃ = ε] = e−κR(u−t) +
R̄
Rt

(1 − e−κR(u−t)) + 1

Rt

(A1
t −A2

t ) ,

with

A1
t = bεκRe−κRu+κ1s∫

u

t
e(κR−κ1)a da and A2

t = bεκRe−κRu+κ2s∫
u

t
e(κR−κ2)a da.

Suppose that κR ≠ κ1 and κR ≠ κ2. Then

A1
t =

bεκR
κR − κ1

(e−κ1(u−s) − e−κR(u−t)−κ1(t−s)) , and A2
t =

bεκR
κR − κ2

(e−κ2(u−s) − e−κR(u−t)−κ2(t−s)) .

The equilibrium price-dividend ratio is then given by

ϕt =
1

ρ + κR
+ R̄
Rt

(1
ρ
− 1

ρ + κR
) + bεκR

Rt

( e−κ1(t−s)

(ρ + κ1)(ρ + κR)
− e−κ2(t−s)

(ρ + κ2)(ρ + κR)
)

= ϕ0 + ϕR
1

Rt

+ ϕamp.RA
R

(t) 1
Rt

,

where ϕ0 = 1/(ρ + κR) and ϕR = R̄ϕ0κR/ρ is as in Proposition 2 and ϕamp.RA
R

(t) is given in

Equation (26).
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Proof of Proposition 4. Recall that the valuation ratio is

ϕt = ϕ0 + ϕ1(t)
1

Rt

, ϕ1(t) = ϕR + ϕamp.RA
R

(t).

The dynamics of the valuation ratio ϕt are

dϕt

ϕt

= 1

Rt

dϕ1(t)/dt
ϕt

+ ϕ1(t)
ϕt

d( 1

Rt

) = 1

Rt

dϕ1(t)/dt
ϕt

− ϕ1(t)
ϕt

dRt

R2
t

+ ϕ1(t)
ϕt

(dRt)2
R3

t

. (A7)

Similarly to the proof of Proposition 2 we determine the stochastic part for the valuation

ratio.

dϕt

ϕt

= . . . dt + αϕ1(t)/Rt

ϕt

(1 − λR
Rt

)

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

σŶ dZŶ ,t + ση (λ − ηt) dZη,t if ωt = L

σŶ dZŶ ,t if ωt =H
(A8)

The equilibrium stock price is St = Ytϕt and its instantaneous return including dividends is

dRt ≡
dSt + Yt dt

St

= µR,tdt + σR,Ŷ ,t dZŶ ,t + σR,η,t dZη,t

Suppose ωt =H, applying Itô’s lemma to St = Ytϕt leads to

dSt

St

= dŶt

Ŷt

+ dϕt

ϕt

+ dŶt

Ŷt

dϕt

ϕt

= . . . dt + σŶ dZŶ ,t + α
ϕ1(t)/Rt

ϕt

(1 − λR
Rt

)σŶ dZŶ ,t.

Hence, σR,Ŷ ,t = σŶ VR,t and σR,η,t = 0 with

VR,t = 1 + α
ϕ1(t)/Rt

ϕt

(1 − λR
Rt

) . (A9)

Suppose ωt = L, applying Itô’s lemma to St = Ytϕt, using Equation (A6) leads to

dSt

St

= dYt

Yt

+ dϕt

ϕt

+ dYt

Yt

dϕt

ϕt

= . . . dt + VR,tσŶ dZŶ ,t + VR,tση (λ − ηt) dZη,t.
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Hence, we have that σR,Ŷ ,t = σŶ VR,t and σR,η,t = VR,tση (λ − ηt). If ωt = H, then the in-

stantaneous stock market volatility is σR,t = σŶ VR,t. The Brownian shocks ZŶ ,t and Zη,t

are independent and thus he instantaneous stock market volatility if ωt = L is σR,t =

VR,t

√
σ2
Ŷ
+ σ2

η (λ − ηt)
2
. Instead of determining the drift of St by applying Itô’s lemma to

St = Ytϕt, we use the pricing equation instead. Specifically,

dRt − rt dt = −
dMt

Mt

dSt

St

= θŶ ,tσŶ VR,t + θ̂η,tσηηt (λ − ηt)VR,t.

Hence, the instantaneous expected stock market return including dividends is

µR,t = rt + θŶ ,tσŶ VR,t + θ̂η,tσηηt (λ − ηt)VR,t.

Substituting the market prices of risk and volatility exposures, followed by some algebraic

manipulation, completes the proof.

Appendix B. Fitting output dynamics during other

crises

Here, we replicate the procedure outlined in Section V to fit output data from NBER

crisis periods since 1947. Specifically, we minimize the error function from equation (29)

using observed output data for each crisis episode. The weight parameter w is set to 0.9.

Consistent with the estimation for the GFC, we target the average unconditional crisis-to-

non-crisis volatility ratio of 1.8911. To achieve this, we simulate 10,000 paths of quarterly

observations, ensuring that the length of each simulated time series matches the observed

duration of each recession. Using the parameters from Table II, we estimate the remaining

five crisis-specific parameters θ = (κ1, κ2, κη, ση, ε).

Below, we present the matched output and the model-implied asset-pricing moments for

each crisis estimation (in blue), along with the corresponding estimated values θ̂. When data
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is available, we also include the empirical counterparts of the implied asset-pricing moments

(in black).
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COVID-19 Recession

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.1. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) presents the model-implied equity risk
premia. Panel (c) reports the price-dividend ratio. Panel (d) compares model predictions with
monthly realized volatility (black solid line) and the VIX (red line). The model predictions are
generated using b = 300, with the estimated parameters provided below.

Parameter θi Estimated Value

κ1 4.3399
κ2 6.1888
κη 1.5664
ση 0.5856
ε 1.0830
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Early 1990s Recession

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.2. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) compares the model-implied equity risk
premia with the Marfè and Pénasse (2024) index. Panel (c) reports the CAPE ratio (black solid
line). Panel (d) compares model predictions with monthly realized volatility (black solid line) and
the VIX (red solid line). The model predictions are generated using b = 100, with the estimated
parameters provided below.

Parameter Estimated Value

κ1 0.6857
κ2 2.2501
κη 1.9471
ση 0.6176
ε 0.1002
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Recession of 1981-82

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.3. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) compares the model-implied equity risk
premia with the Marfè and Pénasse (2024) index. Panel (c) reports the CAPE ratio (black solid
line). Panel (d) compares model predictions with monthly realized volatility (black solid line). The
model predictions are generated using b = 300, with the estimated parameters provided below.

Parameter Estimated Value

κ1 1.5621
κ2 2.8040
κη 1.5822
ση 0.2542
ε 0.3466
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Recession of 1980

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.4. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) compares the model-implied equity risk
premia with the Marfè and Pénasse (2024) index. Panel (c) reports the CAPE ratio (black solid
line). Panel (d) compares model predictions with monthly realized volatility (black solid line). The
model predictions are generated using b = 200, with the estimated parameters provided below.

Parameter Estimated Value

κ1 1.9933
κ2 10.0000
κη 1.9878
ση 0.6979
ε 0.1064
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Recession of 1973-75

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.5. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) compares the model-implied equity risk
premia with the Marfè and Pénasse (2024) index. Panel (c) reports the CAPE ratio (black solid
line). Panel (d) compares model predictions with monthly realized volatility (black solid line). The
model predictions are generated using b = 300, with the estimated parameters provided below.

Parameter Estimated Value

κ1 0.9943
κ2 3.8906
κη 1.9613
ση 0.6405
ε 0.1105
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Recession of 1969-70

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.6. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) compares the model-implied equity risk
premia with the Marfè and Pénasse (2024) index. Panel (c) reports the CAPE ratio (black solid
line). Panel (d) compares model predictions with monthly realized volatility (black solid line). The
model predictions are generated using b = 300, with the estimated parameters provided below.

Parameter Estimated Value

κ1 0.6230
κ2 3.2064
κη 1.8582
ση 0.5190
ε 0.1065
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Recession of 1958

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.7. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) compares the model-implied equity risk
premia with the Marfè and Pénasse (2024) index. Panel (c) reports the CAPE ratio (black solid
line). Panel (d) compares model predictions with monthly realized volatility (black solid line). The
model predictions are generated using b = 200, with the estimated parameters provided below.

Parameter Estimated Value

κ1 1.8035
κ2 4.0918
κη 1.9886
ση 0.6403
ε 0.2377
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Recession of 1953

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.8. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) compares the model-implied equity risk
premia with the Marfè and Pénasse (2024) index. Panel (c) reports the CAPE ratio (black solid
line). Panel (d) compares model predictions with monthly realized volatility (black solid line). The
model predictions are generated using b = 500, with the estimated parameters provided below.

Parameter Estimated Value

κ1 0.9129
κ2 3.9515
κη 1.6304
ση 0.5015
ε 0.1404
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Recession of 1949

(a) Output level (b) Price-dividend ratio

(c) Risk premium (d) Return volatility

Figure B.9. This figure compares the mean simulated model predictions (blue dashed-dotted
lines) with empirical observations when data is available. Panel (a) shows real GDP per capita
(black solid line) alongside model predictions. Panel (b) compares the model-implied equity risk
premia with the Marfè and Pénasse (2024) index. Panel (c) reports the CAPE ratio (black solid
line). Panel (d) compares model predictions with monthly realized volatility (black solid line). The
model predictions are generated using b = 500, with the estimated parameters provided below.

Parameter Estimated Value

κ1 1.6465
κ2 4.3864
κη 1.5272
ση 0.6201
ε 0.1860
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