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Abstract

How far should a central bank cut rates when the perceived risk of a severe
contraction rises? The answer depends on the risk-adjusted neutral rate, which I
propose as the benchmark for the stance of monetary policy: the real rate that
keeps inflation at target and output at potential once risk is taken into account.
When disaster risk rises, asset prices fall, which lowers spending through a
wealth effect, so this rate falls even before any disaster strikes. Disaster-risk
shocks measured from option prices appear in the data as negative demand
shocks that lower output and inflation together. In an estimated nonlinear
New Keynesian model, higher-order moments matter for the neutral rate: a
rise in disaster risk lowers it 1.77 times as much as an equally large rise in
Gaussian volatility. Failing to track this rate is costly. Under a standard Taylor
rule, households would be willing to give up 23.6 basis points of consumption
permanently for the central bank to track it fully instead. To guard against
misspecification, I also estimate this rate semi-structurally: it fell well below
zero in late 2008, so policy was contractionary even though traditionally used
estimates suggest it was accommodative.
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1 Introduction

“Navigating by the stars can sound straightforward. Guiding policy by the stars in
practice, however, has been quite challenging of late because our best assessments
of the location of the stars have been changing significantly.”

— Jerome H. Powell (2018)

The conduct of monetary policy is often described as “navigating by the stars” (Powell,
2018). In this metaphor, the stars are the “normal” or “desired” values around which
output growth, unemployment and interest rates fluctuate. One of these stars is the neutral
rate of interest r}: the real interest rate that keeps output at potential and inflation at target,
and so the rate that monetary policy aims for (Gali, 2015). The gap between the real policy
rate and 7} measures the stance of policy. Policy is contractionary when the real rate is
above r}, because households then postpone spending, which lowers output and inflation.
This idea goes back to Wicksell (1898) and has long guided both central-bank practice and
the field of monetary economics, culminating in the neo-Wicksellian framework outlined
in Woodford (2003). However, as 7} cannot be observed, considerable effort has gone into
estimating it, the most prominent estimate being that of Laubach and Williams (2003).
Figure 1(a) plots the Laubach-Williams estimate, which drifts slowly downwards over the
tirst half of the sample and then rises gently.

In practice, however, navigating by the stars is hard, because the stars move. The real
interest rate needed to keep output at potential and inflation at target varies over the
business cycle. So, too, does the compensation investors require for bearing risk. A large
literature in macro-finance finds that risk premia are countercyclical and that their variation
accounts for most of the volatility of asset prices (Cochrane, 2011). Through asset prices,
risk premia in turn move household spending and employment (Chodorow-Reich et al,,
2021), so the interest rate needed to stabilise the economy should move with them. One
influential explanation for these movements in risk premia is time-varying disaster risk,
the risk of a rare but severe contraction (Barro, 2006). Figure 1(a) also plots the probability
of a large fall in equity prices that option markets assign, which I use to measure disaster
risk. It moves sharply with the business cycle, spiking in 1998, in 2008 and in 2020 and
falling back within a year or two. There is therefore a tension: canonical estimates of the
neutral rate are largely acyclical, whereas risk premia and disaster risk vary sharply over
the business cycle.

This paper asks how far disaster risk, the perceived probability of a disaster, moves the
neutral rate r, what this implies for monetary policy and how large the welfare losses
are when policy fails to track it. To this end, I propose the risk-adjusted neutral rate as the

benchmark for the stance of monetary policy: the real rate that keeps inflation at target
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Figure 1: Disaster risk and the neutral rate

Notes: Panel (a): the current-vintage two-sided estimate of the neutral rate of Laubach and Williams (2003),
in annual percent (left axis), and the quarterly mean of the annualised probability of a large equity-market
decline implied by S&P 500 put options (Barro and Liao, 2021), in percent (right axis), 1995Q1-2025Q2. Panel
(b): the smoothed risk-adjusted neutral rate from the estimated model and the Laubach-Williams estimate,
in annual percent, 1995Q1-2026Q2. Recessions are shaded.

and output at potential once risk is taken into account. It extends the neutral rate of standard
New Keynesian models, the real rate that would prevail if prices were fully flexible, to
account for risk, which drops out of first-order approximations of those models. When
disaster risk rises, asset prices fall, which lowers current spending through a wealth effect.
The risk-adjusted neutral rate therefore falls, even before any disaster strikes. Because
disasters are tail events, the rate that monetary policy aims for then depends not only on
the variance of output growth but also on its higher-order moments, including skewness
and kurtosis. These moments drop out of first-order approximations, so studying this

rate requires a framework that allows for them and for other nonlinearities. This paper



develops such a framework, works out its implications for the risk-adjusted neutral rate
and estimates that rate for the United States with a quantitative model fitted to option
prices and macroeconomic data. Figure 1(b) plots the estimate: it falls sharply when
disaster risk rises, to below zero in 2002-2003, 2008-2012, 2015-2016 and 2020, while the
Laubach-Williams estimate barely moves. The main result is that the risk terms left out of
tirst-order approximations are quantitatively large. Disaster risk moves the neutral rate
substantially, and faster than the standard estimates do. A central bank that judges its
stance against slow-moving estimates can therefore inadvertently tighten policy even as it

cuts rates, if the neutral rate falls by more than the cut.

Contributions. The paper brings together two literatures that have developed largely
apart: the rare-disaster view of asset prices (Barro, 2006) and the neo-Wicksellian theory of
monetary policy (Woodford, 2003). I first develop a two-period New Keynesian model in
which output growth can follow any distribution. Using the cumulant-generating function
of Martin (2013), I characterise analytically how each moment of the distribution of risk,
and not only the variance, affects the economy. I show that changes in the higher-order
moments can move the neutral rate substantially. If the safe rate does not adjust, a rise
in tail risk lowers output even when the first moment, expected future output, is held
fixed. I thus show that movements in tail risk can provide a microfoundation for the
“risk-premium” shock in estimated DSGE models such as Smets and Wouters (2007), which
likewise lowers demand at a given policy rate. I also show that a central bank that responds
only to the second moment of output growth, ignoring its higher-order moments, leaves
large welfare gains unrealised, because its policy rate stays above the neutral rate. In fact,
the cost of this policy misspecification is about as large as the cost of business-cycle risk
itself. I then show that, for a wide range of distributions of output growth, a central bank
that tracks the moments up to the fourth, kurtosis, comes close to replicating optimal
policy.

I then test this mechanism in the data, using the disaster probability of Figure 1(a),
which is inferred from out-of-the-money put options on the S&P 500 (Barro and Liao, 2021).
I find that, as the mechanism suggests, disaster-risk shocks appear in the data as negative
demand shocks: they lower consumption, investment, output and inflation together. This
evidence supports interpreting the risk-premium shock of estimated DSGE models as, at
least in part, a shock to perceived disaster risk. Disaster-risk shocks are also an important
driver of the business cycle, explaining about 15% of the cyclical variation in output and
investment. The joint fall in activity and inflation holds across different identification

schemes and on a sample that includes the pandemic.



To measure the size of these effects, I build a quantitative New Keynesian model in
continuous time and estimate it on US data. The model lets me quantify how far disaster
risk moves the neutral rate, output and inflation over the business cycle, and run policy
counterfactuals. The central bank follows a Taylor rule that can track the neutral rate fully,
partly or not at all, so I can compare these rules by their effects on output, inflation and
welfare.

Quantitative results. First, higher-order moments matter for the neutral rate. I compare
two increases in the risk of productivity growth that leave its mean unchanged and raise
its variance by the same amount. One makes Gaussian shocks more volatile and the
other makes disasters more frequent. Because only disasters also make growth negatively
skewed and fat-tailed, the comparison isolates the role of the higher-order moments. The
rise in disaster risk lowers the neutral rate by 48.8 basis points, 1.77 times as much as
the rise in Gaussian volatility (27.5). A rare, large loss raises households’ precautionary
saving by more than frequent small fluctuations with the same variance, since marginal
utility rises more steeply the further consumption falls. Under log utility the difference is
small. It widens considerably with Epstein—Zin preferences (Epstein and Zin, 1989; Dulffie
and Epstein, 1992), under which households care not only about the immediate loss in a
disaster but also about the weaker future it leaves behind.

Second, the estimated model implies that the Federal Reserve tracks the risk-adjusted
neutral rate only in part. Its policy rule places a weight of 0.64 on that rate, compared with
zero under a standard Taylor rule and one under full tracking. Fitting the model to the
onset of the Global Financial Crisis, I find that in late 2007 the Federal Reserve cut rates by
more than the original Taylor (1993) rule prescribed, but not by enough to keep pace with
the falling neutral rate. Had it followed a standard Taylor rule, which ignores movements
in the neutral rate, the same rise in disaster risk would have lowered output by early 2008
about 46 percent more than under its estimated rule, which tracks them in part.

Third, failing to track the risk-adjusted neutral rate is costly. I measure the welfare loss
of a policy rule that ignores disaster risk by the share of consumption that households
would be willing to give up permanently for the central bank to track the risk-adjusted
neutral rate fully instead. Here, full tracking of the risk-adjusted neutral rate achieves the
flexible-price allocation, in which output stays at potential and inflation at target despite
the same disaster risk. The loss is 0.236% of consumption under a standard Taylor rule.
With a Phillips curve 3 times flatter, closer to recent estimates (Hazell et al., 2022; Del Negro
et al., 2020), it rises to 0.567%.

Finally, to address concerns about model misspecification, I also estimate the risk-



adjusted neutral rate with a semi-structural model that does not impose the model’s
structure. It builds on Laubach and Williams (2003) but lets the option-based measure of
disaster risk lower the neutral rate. The two approaches agree on how strongly disaster
risk moves the neutral rate: a one-percentage-point rise in the disaster probability lowers
it by 24.4 basis points in the semi-structural model and by 27.6 in the estimated model.
The two estimates move together, with a correlation of 0.73 since 1995, and both fall in
every recession. Because option prices respond immediately to news about risk, both drop
sharply when risk spikes: in 2008Q4 the semi-structural estimate reaches —5.76% and the
model’s —1.25%, while the Laubach-Williams estimate stays positive. Published estimates
of the short-run neutral rate also fall below zero in the financial crisis, though they differ on
how far. Measured against the model’s estimate, policy was contractionary at the onset of
the crisis, before the large rate cuts of 2008, and again in 2020Q2, when long-run estimates

suggest accommodation.

Related literature. This paper builds on several strands of work. First, it takes from
the rare-disaster literature the insight that exposure to severe contractions helps explain
high equity premia and low safe rates (Barro, 2006; Gabaix, 2012; Gourio, 2012; Wachter,
2013). A related literature shows that the higher-order moments of consumption growth,
beyond its variance, can account for a large share of the compensation for risk (Martin,
2013; Backus et al., 2014). Isoré and Szczerbowicz (2017) add time-varying disaster risk
to a New Keynesian model and show that, with sticky prices and a low elasticity of
intertemporal substitution, a rise in disaster risk lowers consumption, which gives a
rationale for discount-factor shocks. I take these insights to monetary policy. In the
textbook New Keynesian model, the neutral rate moves with expected potential growth
(Gali, 2015); I show that it also moves with the risk to potential growth. I then ask how far
the policy rate must move to keep output at potential when that risk rises, and how the
answer differs between the volatility of Gaussian shocks and disaster risk.

Second, the demand mechanism relates to work linking asset values, wealth and
economic activity (Del Negro et al., 2017a; Chodorow-Reich et al., 2021; Brunnermeier
et al., 2024). My two-period model builds on that of Caballero and Simsek (2020), in which
higher risk lowers asset prices and, through a wealth effect, aggregate demand. They
measure risk by volatility. I instead let potential output growth follow any distribution, so
its higher-order moments can describe the bad outcomes that financial markets price. I
can then study how these moments move the neutral rate, and what happens to activity
and inflation when policy fails to track it. Another literature emphasises the role that

financial frictions play, whereby falling asset values tighten credit and deepen downturns



(Bernanke et al., 1999; Gilchrist and Zakrajsek, 2012), which can also move the neutral rate.
I abstract from them to focus on how aggregate risk moves the neutral rate. In contrast,
Beaudry et al. (2025) offer a different view of how interest rates affect demand. In their
life-cycle economy, retirement-saving motives can offset intertemporal-substitution and
asset-valuation effects, so activity responds less to persistent changes in interest rates, and
a policy rate that fails to track the neutral rate would do less damage. I abstract from such
life-cycle forces in this paper.

Third, the paper relates to the literature on uncertainty, tail risk and business cycles
(Bloom, 2009; Bloom et al., 2018; Kozeniauskas et al., 2018; Orlik and Veldkamp, 2024).
Closest in spirit are Kozlowski et al. (2019, 2020), who argue that persistent revisions to
beliefs about tail events after the Great Recession kept the riskless rate low and output
depressed, and Pflueger et al. (2020), who find that safe rates fall and investment declines
when financial markets perceive more risk. I take such movements in perceived tail risk
as given and ask what they imply for the stance of monetary policy. Recent work shows
that standard Taylor rules cannot rule out equilibria in which volatility and risk premia
are self-fulfilling, and that a rule that tracks a risk-adjusted neutral rate can restore a
unique equilibrium (Khorrami and Mendo, 2025; Lee and Dordal i Carreras, 2025); Dordal
i Carreras and Lee (2026) study forward guidance at the lower bound when volatility is
endogenous. Monetary policy can also move risk premia, by redistributing wealth towards
households more willing to bear risk (Kekre and Lenel, 2022). In a heterogeneous-agent
New Keynesian model with convenience yields and risk premia, Caramp et al. (2026) find
that monetary contractions raise both Treasury convenience yields and the market-implied
valuation of downside risk, and that risk and liquidity amplify the transmission of monetary
policy. Shifts in the policy regime also help explain persistent swings in asset valuations
(Bianchi et al., 2022). Disaster risk is exogenous in my model, so the analysis isolates how
it moves the neutral rate, which I also measure in the data.

Fourth, the empirical analysis builds on the extraction of risk-neutral distributions
and tail risk from option prices (Breeden and Litzenberger, 1978; Andersen et al., 2015;
Martin, 2017; Barro and Liao, 2021) and on the identification of risk shocks in VARs (Uhlig,
2003; Basu and Bundick, 2017; Basu et al., 2021). Rather than volatility or an estimated
equity premium, I measure risk with an option-implied disaster probability, show in the
two-period model how option prices map into the physical probability of a disaster, and
tind that shocks to this probability appear in the data as negative demand shocks.

Fifth, the welfare analysis connects to work on the cost of aggregate fluctuations.
Normally distributed consumption risk implies small costs under standard preferences

(Lucas, 2003), but the costs become much larger with Epstein—Zin preferences or rare



disasters (Tallarini, 2000; Martin, 2008; Barro, 2009). I separate this fundamental cost of
risk, which monetary policy cannot remove, from the additional cost of failing to track the
neutral rate, which it can.

Finally, the historical analysis complements work on the slow-moving determinants
of the neutral rate, such as trend growth and safety premia (Laubach and Williams, 2003;
Del Negro et al., 2017b; Brunnermeier et al., 2024), and on the demand for safe assets
(Krishnamurthy and Vissing-Jorgensen, 2012; Caballero et al., 2017). The convenience
yield on Treasury securities is specific to one asset, whereas disaster risk is a property of
the economy as a whole. Relative to these slow-moving determinants, the risk-adjusted
neutral rate adds a disaster-risk component that moves with the business cycle, which
brings it closer to the short-run neutral rate studied by Barsky et al. (2014). Ctrdia et al.
(2015) estimate a similar short-run rate and find that a policy rule that tracks it fits US data
better than otherwise identical Taylor rules. My estimated rule nests a standard Taylor
rule and full tracking, so I can measure how far the Federal Reserve tracks a neutral rate
that moves with disaster risk. I estimate the risk-adjusted neutral rate both from the model
and semi-structurally, and compare the two estimates with published estimates of the

short-run and long-run neutral rate.

Outline. Section 2 presents the two-period model, and Section 3 the empirical evidence.
Section 4 develops the quantitative New Keynesian model. Section 5 estimates it, measures
the risk-adjusted neutral rate and the stance of monetary policy, and asks how far disaster
risk moves the neutral rate, how monetary rules respond to news of higher disaster risk,
including at the onset of the financial crisis, what failing to track the neutral rate costs and

how a semi-structural estimate compares. Section 6 concludes.

2 A Two-Period Model of the Neutral Rate

I develop a two-period New Keynesian model in which the growth of potential output,
driven by productivity, can follow any distribution, so that risk is described by all the
moments of that distribution and not only by its variance. The neutral rate nevertheless
has a closed form. I use the model to define the risk-adjusted neutral rate, to ask how these
higher-order moments affect it, and to study what happens to output and welfare when
monetary policy fails to track it. Appendix E.1 sets out the main steps of the derivations,
and Online Appendices A-C give the full proofs.



2.1 A two-period economy

Production and prices. The economy has two dates, t € {0,1}, and one consumption
good produced with capital, which is fixed and normalised to one. Potential output equals
productivity, z;, with zy = 1. At date zero, firms face fully rigid prices, so current output is
determined by demand: firms meet whatever households wish to consume, up to potential
output,

Yo=¢o<zo=1 (1)

Date one represents the long run, when prices are flexible and output reaches potential,
Y1 = z1. Date-one productivity, z1, is random and is the only source of aggregate uncertainty
in the economy. Since zy = 1, its logarithm, G = logz;, is the growth rate of potential
output, or potential growth. As in the New Keynesian literature, potential output is the
level of output under flexible prices (Woodford, 2003; Gali, 2015); here it moves only with
productivity, and a disaster lowers it. For short, I refer to G as output growth.

Monetary policy. With prices fully rigid, the central bank controls the real interest rate
through its policy rate. I therefore treat the one-period real safe log rate, r/, as the policy

instrument, and I abstract from an effective lower bound.

Definition 2.1 (Neutral rate). The neutral rate, r*, is the real safe rate at which the equilibrium

level of current output equals potential, yo = zo.

This rate is the neo-Wicksellian benchmark in this economy (Woodford, 2003): the rate
at which monetary policy neither depresses nor stimulates current demand.! Equivalently,
the neutral rate is the real rate that would prevail if prices were flexible at date zero, so it
does not depend on monetary policy. The central bank chooses the policy rate, and the gap
between that rate and the neutral rate measures the stance of policy.

The terminology follows Obstfeld (2025), who calls the long-run equilibrium real rate the natural
rate and the rate appropriate for monetary policy at a given time the neutral rate. Estimates such as that
of Laubach and Williams (2003) target the former; I study the latter. The flexible-price real rate of New
Keynesian models, which Woodford (2003) calls the natural rate of interest, is what Obstfeld would call the
neutral rate.



Output growth risk. Output growth, G, can follow any distribution, which I summarise

by its cumulant-generating function (CGF),?

= log [E[¢°] = 1,0 + 202 + 2% + Sgt 4 .. 2
cc(0) = logE[e”™"] = k10 29 66 246 , (2)
where x,, = c(G")(O) is the nth cumulant. The first cumulant is mean output growth and the
second is its variance, while k3 and x4 measure (unstandardised) skewness and excess
kurtosis. The CGF works as a bookkeeping device for the whole distribution. I write

g = cg(1) = log [E[z:] for the log of expected date-one output.

Assets. Households trade two assets: a risk-free bond, in zero net supply, with log return
r/; and a claim to aggregate output in the next period, z;, which is in unit supply and costs
Q > 0. I refer to this claim as equity: like the aggregate stock market, it is a risky claim to

the economy’s future output. Its log return is
" =log(z1/Q) = G — log Q.

Because the price of equity is known at date zero, the equity return inherits the CGF of
output growth:
cm(0) = log E[e"] = cc(0) — Olog Q.

Because the price of equity shifts only the mean return, every cumulant of the equity return
beyond the first equals that of output growth G, so skewness and tail risk in output growth
pass one for one into the return on equity. I can therefore characterise risk premia in this

economy for any distribution of output growth.

Households. The representative household is endowed with current output and with
all the equity, and takes income and prices as given. Its preferences are Epstein—Zin
(Epstein and Zin, 1989), which separate risk aversion from the elasticity of intertemporal
substitution; I set the elasticity to one and relative risk aversion to y > 1. At date zero, the
household chooses consumption ¢y > 0, saving ap > 0 and the share « € [0, 1] of saving

2The CGF is defined for all 0 at which [E[¢C] is finite, and satisfies c5(0) = 0. The exact expressions below
require [E[¢?C] to be finite at 0 = 1, =y and 1 — y; the cumulant expansion also requires the Taylor series of
the CGF to converge. Knowing every cumulant is equivalent to knowing every moment. Cumulants are
convenient for two reasons: the cumulants of a sum of independent random variables are the sums of their
individual cumulants, and a deterministic shift in G changes only the first. In asset pricing, Martin (2013)
uses the CGF of consumption growth to express safe rates, risk premia and valuation ratios in terms of all
the cumulants, and Martin (2008) applies it to the welfare cost of disaster risk. I use it to characterise the
neutral rate.

10



held in equity, with the remainder held in the bond. It solves

max logcy + e log U, u, = (IE[C

Co,A0,0
subjectto co+a9 =y +Q, 3)

€1 =dp [ae’m +(1- az)erf] , p>0.

Here U, is the certainty equivalent of future consumption. The household divides its

wealth, vy + Q, between consumption and saving, and saving earns the portfolio return.

Equilibrium. With a unit elasticity of intertemporal substitution, the household consumes

a constant share of its wealth:
Yo + Q

= 14+er @)

Two market-clearing conditions close the model. In the goods market, output is demand-
determined at date zero, ¥y = ¢y, while future consumption equals potential output, ¢; = z;,
in the flexible-price long run. In the asset market, the household holds all the equity and

no bonds, so @ = 1 and a4y = Q. Substituting (4) into goods-market clearing gives
Yo = e’Q. (5)

Equation (5) links current output to the price of equity through a wealth effect. When
equity falls in value, households are poorer and consume less. Because output is demand-
determined at date zero, firms then produce less. Caballero and Simsek (2020) derive a
similar output-asset-price relation, in which risk enters through the volatility of returns.
Here, the price of equity depends on the whole distribution of output growth, so its

higher-order moments, and in particular the risk of a disaster, also move current demand.

2.2 Risk compensation and the neutral rate

To separate the shape of output growth risk from its mean, I write output growth as its

mean plus a “pure risk shock”,
G=x1+§, E[&] = 0.

The pure risk shock isolates the cumulants of G of order two and higher, which describe
only the shape of risk, such as its variance, skewness and tail thickness. I measure the
compensation households require for bearing this risk by the equity premium, ‘W: the log

expected gross return on equity less the safe log return.
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Theorem 1 (The equity premium). The equity premium depends only on the pure risk shock,
and it is positive whenever output growth is risky. At a given g and safe rate, a higher premium
lowers the price of equity and therefore, by (5), current output:

W =logE[e" ] -+ = cc(1) + cc(=y) — cc(1 = y), (6)
logQ=g-+r —W.

Expanding the CGF shows how each feature of the distribution is priced:

T+(=y)'-aQ-y)
n! )

W=) Tcw, Y, 7)
n=2

The coefficients depend only on risk aversion. The first three are Y, = y, Y3 = —y(y — 1)/2
and Y4 = y(2y* — 3y + 2)/12. Variance is therefore priced at y, and since Y3 < 0 and
Y, > 0, negative skewness and positive excess kurtosis add to the premium. Here, all
cumulants beyond the fourth enter as well, so the risk premium prices the whole shape of
the distribution of output growth.

Because the premium lowers current output at a given safe rate, it also determines the
neutral rate: the safe rate that keeps output at potential (Definition 2.1). Following Dordal
i Carreras and Lee (2026), I call this rate the risk-adjusted neutral rate.

Proposition 2.1 (The risk-adjusted neutral rate). Current output equals potential when the safe
rate equals the risk-adjusted neutral rate,

r*=g+p-W, (8)

which falls one for one with the premium at given g and p. At any higher safe rate, output falls
short of potential by the rate gap: logyo = r* —+f for v/ > r*.

The risk-adjusted neutral rate has two parts. The first, g + p, is the deterministic
Ramsey rate: the neutral rate of the textbook New Keynesian model, which moves with
expected potential growth (Gali, 2015). It is higher when expected growth is higher or
households are less patient, because in either case households want to bring consumption
forward, and a higher rate is needed to keep spending at potential. The second is the risk
adjustment, —W, which the textbook model leaves out: risk to potential growth raises the
precautionary demand for the safe asset, so a lower safe rate is needed to keep current
spending at potential. Therefore, a central bank that moves its policy rate one for one with
the neutral rate keeps output at potential. As an implication, any rate cut smaller than the

fall in the neutral rate leaves output below potential even though policy has eased.
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Analytical examples. [illustrate Proposition 2.1 with two familiar distributions. The first
is Gaussian: when the pure risk shock is & ~ N(0, %), all cumulants beyond the second
vanish, so W = yo? and
*=g+p-yo’

The risk adjustment is then the familiar precautionary-saving term, which depends on
variance alone.

The second is the rare-disaster distribution of Barro (2006) with a single disaster size,
a Bernoulli-Gaussian mixture. Output growth has the same Gaussian shock, but with
probability p a disaster also scales future output by ¢*, where u < 0 is the log disaster jump.
Output in normal times is raised just enough to keep expected future output at e$, so a
higher disaster probability changes risk without changing expected output.®> Figure 2
plots the distribution for u = —0.35 and three disaster probabilities: a small disaster mode
sits well below the main mode and grows with p, while the main mode shifts up to keep
expected future output fixed.

The neutral rate is then

(I-p+pe")1—p+pe?*)
1—p + pel-nm '

™ =g+p-yo —log 9)
The logarithmic term is the disaster’s contribution to the risk adjustment. Its largest factor,
1 —p +pe™", reflects how much households value consumption after a disaster, when
marginal utility is 77" times its level without one. Asp — 0 or u — 0, each factor inside
the logarithm tends to one, so the term vanishes and the neutral rate returns to its Gaussian

value.

2.3 Disaster risk, demand and welfare

I now use the disaster economy to quantify how disaster risk changes the neutral rate,
current demand and welfare, using the illustrative calibration in Table 1. The value of g
corresponds to expected output growth of about 2.5 percent. I vary the disaster probability
p between zero and 5 percent for three disaster sizes, which reduce output by about 18,
30 and 39 percent. Throughout, preferences and the volatility of the Gaussian shock are
unchanged, and output in normal times adjusts so that expected future output stays the
same. Holding these fixed isolates the role of the moments beyond the second, such as

skewness and kurtosis.

30utput growth is G = ¢ — 0%/2 — log(1 — p + pe") + Z + Bu, where Z ~ N(0,0?) and B ~ Bernoulli(p) are
independent.
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Figure 2: Distribution of output growth with a rare disaster

Notes: The disaster jump is u = —0.35, with ¢ = 0.0252 and ¢ = 0.02 as in Table 1. Each distribution has the
same expected long-run output, ef.

Table 1: Two-period calibration

Parameter Description Value

y Relative risk aversion 4

P Time preference 0.005

g Log expected date-one output 0.0252

o Gaussian volatility of log output growth 0.02

u Log disaster jump -0.20,-0.35, -0.50
p Disaster probability [0,0.05]

I compare two policies. Under full tracking, the safe rate equals the neutral rate and
output stays at potential. Under a fixed rate, the central bank keeps the safe rate at the
neutral rate of the Gaussian benchmark, 2.86%, and so ignores disaster risk. The fixed rate
mirrors a standard Taylor rule, whose intercept is a constant neutral rate that does not
respond to disaster risk directly. Comparing the two policies shows what is lost when the
central bank ignores disaster risk.

Figure 3 plots the results against the disaster probability for the three disaster sizes,
under the fixed rate. As disaster risk rises, the equity premium rises: equity pays least
in a disaster, when consumption is scarce and each unit is most valuable, so households
require more compensation to hold it. Atp = 5% and u = —0.35, the premium rises from
0.16 to 4.01 percentage points. The risk-adjusted neutral rate falls one for one, from 2.86%
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(a) Equity premium (b) Risk-adjusted neutral rate
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Figure 3: Disaster risk, demand and welfare

Notes: Expected long-run output is fixed. Current output is computed under a fixed rate, with the real safe
rate held at the neutral rate without disasters, 2.86%. Panel (d) reports the fundamental cost of risk, CE"sk,

to —0.99%, and to —6.83% when u = —0.50. Current output falls with it. Facing a riskier
tuture, households want to save more and so spend less today; because prices are rigid,
output is determined by demand, and with the safe rate held above the neutral rate it falls
to 96.23% of potential, even though expected future output is unchanged.

To check the role of the moments beyond the second, I also construct a Gaussian
economy with the same variance and expected long-run output as the disaster economy.
Atp = 5% and u = —0.35, its premium is only 2.49 percentage points, against 4.01 in the
disaster economy. The difference, 1.52 percentage points, is the net contribution of the
moments beyond the second. It lowers the neutral rate one for one and, under a fixed
rate, deepens the contraction by the same amount. Higher-order moments therefore play a

substantial role in movements of the neutral rate.
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Disasters also make risk more costly for households. Panel (d) measures this funda-
mental cost of risk, CE™¥, as in Lucas (2003): the share of consumption at both dates that
households would give up to replace risky future output with its expected value. Without
disasters, the cost is only about 4 basis points of consumption, because Gaussian volatility
is small, as in Lucas’s calculation. But the equity premium measures how much households
dislike risk, and a model that generates a sizeable premium also implies a large cost of risk
(Tallarini, 2000). With disasters, the premium rises to 4.01 percentage points and the cost
to 77 basis points at p = 5% and u = —0.35, so the gains from eliminating this risk are large.
The finding mirrors the large welfare costs of disasters documented by Martin (2008) and

Barro (2009), here in a New Keynesian economy.

2.4 A truncated-moment central bank

Suppose the central bank knows expected future output but tracks only the first N
cumulants of the pure risk shock. Comparing such rules shows how much the higher-order
moments matter for stabilising the business cycle. I define the Ramsey rule as the rule that
fully tracks the neutral rate, setting the safe rate equal to 7* in (8). An N-moment rule

instead truncates the expansion of the premium in (7) after N terms:

N
) Eg+p—ZYnKn =g+p-WwWMN

n=1

Since Y = 0, the rule N = 1 ignores risk altogether and sets the rate at the deterministic
Ramsey rate, g + p; N = 2 accounts for variance, as in the Gaussian case; and N = 3,4 add
skewness and excess kurtosis. When the rule understates the premium, it sets the safe rate
above the neutral rate, and current output falls below potential by the size of the rate error.

Figure 4 compares the different rules for a disaster size of u = —0.35 as the disaster
probability rises from zero to 5%. Under the Ramsey rule, the safe rate falls one for one
with the neutral rate, and output stays at potential. Monetary policy fully stabilises output
against disaster risk.

The N = 1 rule ignores risk altogether. As disaster risk rises, it keeps the safe rate at the
deterministic Ramsey rate, 3.02%, while the neutral rate falls. Policy therefore becomes
increasingly contractionary: at p = 5%, the safe rate is about 401 basis points above the
neutral rate, and current output falls to 96.07% of potential through the negative wealth
effect.

The N = 2 rule now also tracks variance. It lowers the safe rate as disaster risk rises
and stabilises much of the fall in output, but at p = 5% it still leaves the rate about 152
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Figure 4: Policy and welfare under truncated-moment rules

Notes: The disaster jump is u = —0.35. The Ramsey rule fully tracks the neutral rate and keeps output

at potential. Rules N = 1,...,4 know g and approximate only the premium. Panel (c) reports the policy

cost, CEZOl ; panel (d) reports the fundamental cost of risk, CE™*¥, which is common to all policies. Under

the Ramsey rule, the policy cost is zero at every disaster probability, although households still bear the
fundamental cost of risk. Output is expressed as a percentage of potential, and welfare costs are in
consumption basis points. All rules leave the safe rate at or above the neutral rate, and their ranking holds
for these parameter values.

basis points too high and output at 98.49% of potential. Because this rule matches the first
two moments, the policy error comes only from the moments beyond the second, and it
equals the 1.52 percentage points found for the variance-matched Gaussian economy in
Section 2.3. Tracking skewness (N = 3) closes most of the remaining gap, cutting the error
to about 42 basis points and raising output to 99.58% of potential. Adding excess kurtosis

(N = 4) nearly replicates the Ramsey rule, with an error of 4.55 basis points.
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Panels (c) and (d) compare the welfare costs. Panel (c) reports the policy cost of each
rule, CE%OI: the share of consumption at both dates that households would give up to have
output at potential rather than at the level the rule delivers. Because both allocations face
the same risk, this cost comes only from policy. Panel (d) reports the fundamental cost
of risk, the Lucas measure of Section 2.3, which is the same under every rule. Atp = 5%,
the policy cost of the N = 1 rule, about 199 basis points of consumption, is larger than the
fundamental cost of risk, about 77 basis points, and even the cost of the N = 2 rule, about
76 basis points, is close to it. Failing to track the risk-adjusted neutral rate can therefore
cost households more than the business-cycle risk itself.

Central banks therefore need to track movements in the higher-order moments of
output growth, and not only in its variance: tracking up to the fourth cumulant almost
eliminates the policy cost, which remains sizeable when the central bank tracks variance

alone.

Generality of fourth-cumulant tracking. In fact, the N = 4 policy rule remains accurate
well beyond the Bernoulli-Gaussian disaster example. Across eight other distributions of
output growth, holding preferences, expected future output and the variance of G fixed
(Online Appendix Table 2), tracking up to kurtosis keeps the policy error below seven
basis points, whereas tracking only variance misses by up to 83 basis points, so output
again falls short of potential by up to that amount. However, some familiar fat-tailed
distributions, such as the untruncated Cauchy, Student’s ¢, F and inverse-gamma, lie
outside the framework, because their tails are so heavy that the cumulant-generating

function, and with it the premium and the neutral rate, is not well defined.

3 Disaster Risk and Business-Cycle Fluctuations

In this section, I ask whether perceived disaster risk affects the macroeconomy. I measure
disaster risk directly from option prices and identify shocks to it in a vector autoregression
(VAR). I then test whether these shocks behave like negative demand shocks and lower
output and inflation together, as the mechanism of Section 2 suggests. Appendices A and B
give the data and the specifications, and report all robustness results.

3.1 From put prices to disaster probabilities

I use the two-period model of Section 2 to show how the probability of a disaster can

be recovered from option prices. To simplify the exposition, I set ¢ = 0 in the Bernoulli—
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Gaussian example, so future consumption, ¢; = z;, takes only two values. In the normal
state it is cy = e8/(1 — p + pe"), which keeps expected future output at e$; in a disaster,
which occurs with physical probability p, it is cp = e“cy, where ¢ < 1 because the log
disaster jump u is negative. Since equity is a claim on future consumption, it pays cy in the
normal state and cp in a disaster. I introduce a put option on equity with a strike price K
between these two payoffs, cp < K < cy. The put then pays K — cp in a disaster and nothing
otherwise.

Let My and Mp denote the stochastic discount factor in the normal and disaster states.
The price of the put is the probability of a disaster times the value households place on its
payment:

PPU(K) = pMp(K — cp). (10)

A risk-free bond pays one unit in both states and has price e’ =(1- p)My + pMp.
Under the preferences in (3), Mp/Myn = (cp/cn)™ = €77 > 1: households value a unit of
consumption more in a disaster, when consumption is low. The bond price therefore pins
down the level of the stochastic discount factor, and preferences pin down its relative value
across the two states. Substituting both into (10) and solving for p gives

e PPut(K)

) - (11)
P erfpput(K) + e vu [K —cp - erfpput(K)]

Everything on the right-hand side of (11) is either observed or pinned down by the model.
The risk-free rate, the put price and its strike are observed in the data, while risk aversion,
y, and the disaster size, u, are model parameters that also determine the disaster payoff, cp.
Given calibrated values of y and u, (11) therefore recovers the physical disaster probability
from option prices. Under rational expectations, the probability investors perceive, and
hence the recovered p, equals the true probability of a disaster. If investors instead
learn about tail risk from the data, a single rare event can raise the perceived probability
persistently, with lasting effects on the economy (Kozlowski et al., 2020).

3.2 Measuring disaster risk

I measure perceived disaster risk with the approach of Barro and Liao (2021), who apply
the logic of (11) to short-maturity, far-out-of-the-money S&P 500 puts. They allow disasters
to vary in size, with a power law for the ratio of normal to disaster consumption, and
account for falls in equity prices when the disaster probability rises before any disaster.
Option prices then identify the disaster probability times a pricing factor that depends
on risk aversion and the size distribution of disasters; as in (11), calibrating this factor
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supplies the level. Their measure is a disaster probability per year, strictly the annual rate
at which disasters arrive, rather than the one-period probability p of Section 3.1.

Figure 5 plots the estimated annual probability, monthly from September 1994 to August
2025, together with the Chicago Board Options Exchange Volatility Index (VIX). The VIXis
a standard proxy for uncertainty in the literature on uncertainty shocks (Bloom, 2009; Basu
and Bundick, 2017). Perceived disaster risk is low in calm periods, below 2 percent for
most of 2004-2007, and rises sharply in crises. It reached about 42 percent in November
2008, after the collapse of Lehman Brothers, and 24 percent in autumn 2011, during the
euro-area debt crisis. At the onset of the pandemic, in March 2020, it rose to 30 percent.

The two series co-move closely, with a monthly correlation of 0.93. However, they
measure different kinds of risk. The VIX summarises expected volatility over the next
30 days using a wide range of put and call options (Martin, 2011), so it is closest to the
variance of returns and reflects upside as well as downside risk. The disaster probability
captures the left tail of the distribution, where the higher-order moments of the model in
Section 2 matter. Figure 5 also shows that the VIX is noisier. It moves sharply from day to
day, while the disaster probability moves more smoothly.

0.41 VIX  —— Disaster probability L 80
L70
>
£03 60
Qo
3
o -50><
S0.2 >
8 L 40
wn
a
@ 30
Qo1
20
0.0 L10
N L N N e N S N N N N I LN\ AN g O

Figure 5: Estimated disaster probability and the VIX
Notes: The red line depicts the annualised disaster probability extracted from S&P 500 put options following

Barro and Liao (2021), September 1994 to August 2025. The green line depicts the CBOE’s VIX. Shaded areas
indicate NBER recessions.
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3.3 Disaster risk and aggregate demand

Identification. [ estimate a quarterly VAR,

3
Yt =C+ Z B[Yt_[ + Uy, ]E[utu;] = Zu, (12)
=1

where Y; contains eleven variables: disaster probability, p;; per-capita logs of real GDP,
consumption, investment and employment; GDP-deflator inflation; the 5-year Treasury
yield; real stock and Treasury-bill returns; the log dividend—price ratio; and the VIX. The
financial variables show how stock prices and broader market volatility move with disaster
risk. The baseline sample is 1996Q1 to 2019Q4.*

To identify disaster-risk shocks, I use the max-share approach (Uhlig, 2003; Basu et al.,
2021), implemented in the frequency domain as in Angeletos et al. (2020). The VAR
residuals u; are combinations of many underlying disturbances. Among all uncorrelated
combinations of these residuals, the method picks the one that explains as much of the
variation in disaster probability as possible. I call this disturbance the disaster-risk shock
and trace its effects through the economy. The method places no restrictions on how

activity and inflation respond.

Responses to a disaster-risk shock. Figure 6 plots the impulse responses of the main
business-cycle variables to a one-standard-deviation disaster-risk shock. The first panel
shows the response of disaster probability itself, the target of the max-share procedure. The
shock raises the annual probability of a disaster by about 4 percentage points on impact,
and the effect decays within two years. It accounts for over half of the variation in disaster
probability at business-cycle frequencies. Stock prices fall at the same time: the real stock
return is 6.6 percent lower on impact.

Output, consumption, investment and employment all contract. Output falls by 0.28
percent on impact and by 0.39 percent after three quarters. Consumption reaches its trough
after one quarter, with a decline of 0.31 percent. Investment and employment take longer,
falling by 1.0 percent after three quarters and 0.31 percent after five, so the contraction in
output, investment and employment builds over several quarters. The shock accounts for
about 15 percent of the business-cycle variation in output and investment.

The joint fall in consumption and investment is an important pattern, because it

distinguishes between explanations of how risk affects the economy. In a neoclassical

“The start is the first quarter with the full set of VAR variables, including the option-based volatility
series. The end precedes the COVID-19 pandemic, whose quarters dominate the reduced-form residual
covariance and widen the bootstrap bands considerably.
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Figure 6: Real effects of a disaster-risk shock

Notes: Impulse responses to the max-share disaster-risk shock, the shock that explains the most variation
in disaster probability (1996Q1-2019Q4). Horizons run from impact to 20 quarters. In each panel title, the
first number in parentheses is the shock’s share of the forecast-error variance at business-cycle frequencies
(periods of 6-32 quarters), and the second its share at near-unconditional frequencies (periods of 2-500
quarters). Responses of the disaster probability, yields and inflation are in percentage points; other variables
are in percent. Shaded areas are 80% bootstrap bands, from the 10th to the 90th percentile.

economy with flexible prices, output is largely pinned down by productivity, so if
precautionary saving lowers consumption, investment must rise. Barro and King (1984)
show that, in such an economy, shocks other than those to productivity tend to move
consumption and investment in opposite directions. Generating a joint fall in consumption
and investment after a rise in risk is a recurring challenge in the uncertainty-shock literature
(Bloom, 2009; Basu and Bundick, 2017; Bloom et al., 2018). With sticky prices, by contrast,
output is determined by demand: when households cut consumption, firms produce less,
and investment falls with output. A model in which demand determines output therefore
predicts the joint fall. The response of inflation then shows whether the disaster-risk shock
is a demand shock or a supply shock.

Inflation and interest rates. Inflation falls with activity (Figure 7). One quarter after the
shock, inflation is 0.4 percentage points lower at an annual rate, and the 5-year Treasury

yield is 22 basis points lower, after a 11-basis-point decline on impact. Both responses are
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distinguishable from zero. The VIX also rises, by more than 4 index points on impact.
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Figure 7: Financial and nominal responses to a disaster-risk shock

Notes: Impulse responses of the 5-year Treasury yield, inflation (GDP deflator, annualised), and the VIX
to the max-share disaster-risk shock (1996Q1-2019Q4). Horizons run from impact to 20 quarters. In each
panel title, the first number in parentheses is the shock’s share of the forecast-error variance at business-cycle
frequencies (periods of 6-32 quarters), and the second its share at near-unconditional frequencies (periods of
2-500 quarters). Shaded areas are 80% bootstrap bands, from the 10th to the 90th percentile.

Disaster-risk shocks therefore appear in the data as negative demand shocks: they lower
output, consumption, investment, employment, inflation and Treasury yields together,
whereas an adverse supply shock would raise inflation as output falls. The fall in activity
is consistent with the mechanism of Section 2. There, higher disaster risk raises the equity
premium and lowers the price of equity and household wealth, so it depresses demand
when the policy rate does not track the fall in the neutral rate. This evidence supports
interpreting the risk-premium shock of estimated New Keynesian models (Smets and
Wouters, 2007) as, at least in part, a shock to perceived disaster risk, in line with the
risk-centric view of recessions of Caballero and Simsek (2020).

These results differ from those for the risk-premium shock of Basu et al. (2021), who
also use a max-share procedure but target the 5-year equity risk premium rather than
disaster probability. Their shock raises inflation and Treasury yields, so it behaves more
like a supply shock, while targeting disaster probability produces falling inflation and
yields. The equity premium mixes downside risk with other disturbances, whereas disaster
probability measures downside risk more directly.
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3.4 Alternative identification schemes and controls

The max-share shock is a disaster-risk shock only if surprises in p; mostly reflect news about
disaster risk, rather than about growth, credit conditions or monetary policy. When other
shocks also move p;, the max-share shock can mix them in (Dou et al., 2025). I therefore
re-estimate the responses under two alternative identification schemes from the literature,
each resting on different identifying assumptions, and then remove productivity shocks
before identifying the disaster-risk shock. A final check controls for lagged risk-neutral

variance.

Identification by heteroskedasticity. Iadapt the approach of Brunnermeier et al. (2021)
and identify the shocks from shifts in their relative volatility across six historical regimes.
The identifying assumption is that the effects of each shock on the economy stay the same
from one regime to the next. If disaster-risk shocks were far more volatile during the
financial crisis than in the calm years before it, disaster probability and output would move
together more closely during the crisis. With the effects unchanged, that extra comovement
must come from disaster-risk shocks, and its size measures how strongly output responds
to them. This approach imposes no timing or sign restrictions. Relative to the baseline, I
move to monthly data over 1994M9-2025M8 and allow for fat-tailed shocks. The system
has seven variables: disaster probability, real activity, the price level, the policy rate (the
Wu and Xia (2016) shadow rate while it is available), the term spread, the excess bond
premium of Gilchrist and Zakrajsek (2012) and real equity wealth.

Recursive identification. I also estimate quarterly VARs over 1996Q1-2025Q02, a sample
that includes the pandemic, under two standard timing assumptions. In the first, disaster
probability is ordered after the slow-moving macroeconomic variables (Gilchrist and
Zakrajsek, 2012), so the shock is the part of the change in disaster risk that same-quarter
macroeconomic news does not explain. In the second, disaster probability is ordered first
(Basu and Bundick, 2017), so that it can affect all other variables within the quarter.
Under both alternative schemes, the baseline result holds: disaster-risk shocks appear
as negative demand shocks, lowering economic activity and inflation together. Under
identification by heteroskedasticity, the fall in activity shows up in employment, while
monthly GDP is roughly flat. Re-estimating the baseline max-share VAR through 2025Q2
leaves the impact pattern unchanged, although the bands widen because the pandemic

quarters dominate the estimates.
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Controlling for productivity shocks. The max-share shock could also pick up news about
productivity, which moves equity prices and with them the disaster probability. I check
this with the procedure of Basu et al. (2021): I first identify a productivity shock and then
choose the disaster-risk shock among the shocks orthogonal to it. I use two productivity
shocks: the surprise in the utilisation-adjusted productivity series of Fernald (2014), and a
supply shock, the combination of VAR innovations that moves productivity and inflation
most strongly in opposite directions. Removing either leaves the disaster-risk shock almost
unchanged. Its correlation with the baseline shock is 0.994 and 0.976, it explains about the
same share of fluctuations in disaster probability, and output, consumption, investment,
employment and inflation fall much as in the baseline (Appendix A.2.2). The shock behind
the joint fall in activity and inflation is therefore not a productivity shock in disguise.

Controlling for lagged risk-neutral variance. A further check changes the variables
in the baseline VAR rather than its identification. I replace the VIX with SVIX?, the
risk-neutral variance of the market return of Martin (2017), so that the VAR controls for
lagged risk-neutral variance. Output still falls after a disaster-risk shock, and its 80 percent
pointwise interval excludes zero on impact and one quarter later. The result is consistent
with the mechanism of Section 2, in which left-tail risk lowers demand. When the VAR
includes both the VIX and SVIX?, the interval for output includes zero at every horizon,
and stronger restrictions that keep SVIX* unchanged on impact or for a year yield no
output response distinguishable from zero. Appendix A.2.3 gives the details.

These empirical results motivate my quantitative model. In the model, higher disaster

risk lowers the neutral rate, and output falls when policy does not track it.

4 A Quantitative New Keynesian Model with Disaster Risk

To measure how far disaster risk moves the neutral rate, and what happens when monetary
policy fails to track it, I extend the two-period model of Section 2 to a quantitative New
Keynesian model in continuous time (Woodford, 2003; Gali, 2015), in which disasters arrive
as sudden jumps. The quantitative model adds four features. Prices, which were fixed
in the two-period model, now adjust gradually, so inflation as well as output responds
to demand. A disaster is followed by a gradual recovery, and the risk of disasters moves
over time. Finally, monetary policy follows a Taylor rule that can range from ignoring the
risk-adjusted neutral rate to tracking it fully. Appendix E.2 sets out the main steps of the
derivations, and Online Appendix D gives the full proofs.
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4.1 Households

Households choose consumption C;, labour L; and holdings of a safe bond. They have
Epstein-Zin preferences, which separate risk aversion, y > 1, from the elasticity of
intertemporal substitution, set to one as in Wachter (2013). As risk aversion exceeds the
inverse of that elasticity, households care not only about their current consumption but also
about how shocks change their future prospects. A rise in disaster risk therefore matters
to them before any disaster has occurred. In continuous time (Duffie and Epstein, 1992),
continuation utility U, satisfies, for any t < T,

T
U, = [ f F(Cy, Ly, U,) du + uT],
t

with aggregator

1+¢

L
fIGLU) =p1 - y)UllogC gk (Pl - pUlog ((1 - y)pU),

where p > 0 is the rate of time preference and 1/¢, with ¢ > 0, is the Frisch elasticity of
labour supply.

Households earn wages, receive the profits of the firms they own, pay lump-sum taxes,
and can save or borrow through a short-term safe bond. Their flow budget constraint is

db, = (rtbt Wik T )dt,

+=-T,-C

P, P, (13)

where b; denotes real bond holdings, 7; the real safe interest rate, W; the nominal wage, P;
the price level, I'l; nominal profits and T} real taxes. Because bonds are in zero net supply,
by = 0 in equilibrium. Taking wages, profits and taxes as given, households can adjust
labour at every date, including after a disaster, and optimal labour supply equates the real

wage to the marginal rate of substitution between leisure and consumption:

Wi
7 = CL?. (14)

4.2 Firms and productivity

Firms. A competitive final-good sector aggregates a continuum of differentiated interme-

diate goods, j € [0, 1], with elasticity of substitution ¢ > 1. Each intermediate firm faces the
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usual Dixit-Stiglitz demand and produces with a linear technology in labour,

P\~ , ,
v =("2) v v =ALG), (15

where P,(j) is firm j’s price, P, the aggregate price index, Y; aggregate output, L;(j) the
firm’s labour input and A; aggregate productivity, which is common to all firms. A constant

employment subsidy, financed by lump-sum taxes, offsets the monopoly markup.

Price setting. Intermediate firms set prices facing the demand in (15) and quadratic costs
of adjusting them (Rotemberg, 1982). They choose price paths to maximise households’
valuation of profits, net of labour and price-adjustment costs. Changing firm j’s price at
rate 11:(j) = Pi(j)/P:(j) uses Y:[1:(j) — m*]*/(21n) units of the final good, where 7t* is target
inflation and 7 > 0, so a smaller 7 means stickier prices.” The price level cannot jump, but
inflation can, including when a disaster occurs. Because adjustment is costly, firms set
prices taking into account expected future marginal costs as well as current ones, which

yields a forward-looking Phillips curve.

Productivity process. Aggregate productivity is exogenous. Its log combines a growing

permanent component with a mean-reverting component:
logA; =a; +a;,  da; =(3+g)dt,  dg =—xeqidt+0,dZ;.

The permanent component grows at rate g plus a deviation g; that slowly returns to zero,
so expected productivity growth, and with it the neutral rate, can change over time. The
component a;, log productivity relative to the permanent component, is mean-reverting,

with small continuous shocks and rare, sudden falls:
day = —x,a,_dt + 0o dZ} + JodNy, K, >0, 0420, Ja<0,

where Zf and Z{ are standard Brownian motions, N; counts the disasters that have
occurred, and a;_ is productivity just before any disaster at date t. The first two terms
describe productivity in “normal times” and are the continuous-time counterpart of the

autoregressive process in the textbook New Keynesian model (Gali, 2015). Productivity is

°] treat Rotemberg adjustment costs as real resources used up in changing prices, not as fees rebated to
households. Rebating them would leave firms’ pricing unchanged but imply C; = Y}, so inflation would
have no direct welfare cost. In Calvo models that cost comes from the dispersion of relative prices, which is
absent here because all firms charge the same price (Woodford, 2003; Gali, 2015).
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pulled back towards the permanent component at rate x,, and 0,4 scales the small, normally
distributed (Gaussian) shocks that drive ordinary fluctuations.

The third term is where disasters enter. Each time a disaster occurs, productivity,
and with it output at a given level of employment, falls by the fraction 1 — e/4. This
term models the rare but very large contractions that Barro (2006) and Barro and Urstia
(2008) document. In Barro (2006), such losses are permanent. Here, a disaster leaves the
permanent component unchanged and mean reversion gradually unwinds the loss, so a
disaster is a deep contraction followed by a gradual recovery (Gourio, 2008; Nakamura
etal., 2013).

Disaster risk. Disasters arrive with intensity
Ay = Ape Mati-txebe - dE = —x &pdt + 0 dZE, (16)

where Ay > 0 and x,, x¢ > 0, so the probability of a disaster over a short interval dt is
approximately A;dt. Disaster risk has two sources. When yx, > 0, it is countercyclical:
disasters become more likely when productivity is already low. The second source is a
disaster-risk state &;, which mean-reverts with its own shock, Zf, independent of Z{ and
Z$. Disaster risk can therefore rise before productivity has fallen, as the option-based
measure of disaster risk does in crises (Figure 5). Without this state, disaster risk would rise
only once productivity had fallen, so the neutral rate could not fall ahead of a downturn.
Time-varying disaster probability of this kind is standard in the rare-disaster literature
(Gabaix, 2012; Gourio, 2012; Wachter, 2013), and its shocks are the model counterpart of
the disaster-risk shocks identified in Section 3. Setting x, = x: = 0 recovers the constant
intensity of Barro (2006).

Beyond the growth of the permanent component, expected productivity growth has
two parts: the recovery towards that component, less the losses that disasters are expected
to inflict. A realised disaster lowers 4] but leaves af , & and g; unchanged, so it pulls these
parts in opposite directions: when x, > 0, it makes further disasters more likely, but it also
speeds up the expected recovery, since productivity now lies further below its permanent
component.

Unlike the two-period model, which leaves the distribution of output growth unrestric-
ted, the quantitative model specialises risk to normal shocks and disasters of a fixed size.
Disaster risk depends on productivity and on the disaster-risk state rather than on the
output gap, so a downturn caused by weak demand does not itself make disasters more
likely.
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Market clearing. In a symmetric equilibrium, all firms charge the same price. Let
7; = dlog P;/dt denote inflation and 7; = 7t; — 7t* its deviation from target. Production and

goods-market clearing then imply

—2\-1
Y = ALy, Y =W,C, W = (1 - —t) ’

21
with 77 < 27 so that consumption is positive. The resource wedge W, is the gross output
needed to deliver one unit of consumption once price adjustment has been paid for.
At target inflation, W; = 1 and consumption equals output. Away from target, price
adjustment uses up resources, so W; > 1, and a given inflation deviation uses up more of

them when prices are stickier (a smaller 7).

4.3 The neutral rate and monetary policy

With flexible prices, the economy reaches its natural allocation: households supply one
unit of labour, L} = 1, and output and consumption equal productivity, C} = Y} = A,.
Because the subsidy offsets firms” markup, the natural allocation is efficient (Rotemberg
and Woodford, 1997). It is therefore the benchmark that monetary policy aims to achieve
once risk is taken into account. I define the output gap as the log deviation of output from
its natural level, x; = log(Y,/Y}) = log(Y;/A;). The neutral rate is the real safe rate that
supports the natural allocation. Unlike in log-linear New Keynesian models, it keeps the
compensation for risk, including disasters.

The neutral rate also depends on how households value the future. Because productiv-
ity grows along a permanent component, I summarise continuation utility by its value
relative to that component: v; = v(a}, &, g, i;) is the log of households’ certainty-equivalent
consumption, adjusted for hours worked, relative to the permanent component of pro-
ductivity. The corresponding value in the natural allocation, v} = v"(aj, &, ), does not
depend on monetary policy.

Proposition 4.1 (Risk and the neutral rate). With Epstein—Zin preferences and a unit elasticity

of intertemporal substitution, the neutral rate is

IEt[d log At] "
HEpt——— - R, (17)
——
risk adjustment

Ramsey rate
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where R}, the risk adjustment in the natural allocation, is
Ry =102 + (y = Doddwv) + A, [0 e — 1) + [, ], (18)

and v" is the natural value defined above, with Ao} its change when a disaster occurs.

The neutral rate in (17) has two parts. The first, time preference plus expected
productivity growth, is the Ramsey rate of the textbook model: the rate is higher when
households are less patient or expect faster growth. Expected growth is E;[d log A;]/dt =
3+ &t — K4a; + A¢J 4. The second part is the risk adjustment R}, as in Proposition 2.1. Riskier
productivity raises households” demand for the safe bond. Because bonds are in zero net
supply, the safe rate must fall to clear the market, and the risk adjustment measures that
fall.

The risk adjustment has three terms.® The first is the standard precautionary-saving
term, which ordinary productivity shocks would generate even under log utility. The
second is a continuation-value term, which Epstein—Zin preferences add. When higher
productivity raises continuation utility, d,v} > 0, a productivity shock is riskier than its
effect on current consumption alone suggests, so households require more compensation
for bearing it. The third term is the risk compensation for the disaster jump. A disaster
cuts consumption and, with Epstein—Zin preferences, also lowers continuation utility, so
households insure against it by holding more of the safe bond.

Monetary policy. The central bank’s target for the nominal rate follows a Taylor rule
(Taylor, 1993), with the usual responses to inflation and the output gap and an intercept
that can track the neutral rate fully, partly or not at all:

i =+ 7+ (] —F) + Ot + O (19)

Here 7 is the rule’s real intercept, a constant estimate of the neutral rate, and ¢, and ¢, are
the responses to inflation and output gaps. The weight w € [0, 1] sets the fraction of the
neutral rate’s deviation from 7 that passes into the intercept. At w = 0 the rule is a standard
Taylor rule whose intercept does not respond to risk, and at @ = 1 the intercept equals the
neutral rate, so the rule tracks it fully.

The policy rate i; moves gradually towards this target, so the rule is an inertial Taylor

®At the natural allocation, consumption does not respond on impact to the shocks to &; or g, so their
volatilities do not enter (18) as separate variance terms. The volatility of the disaster-risk state can still change
the exposures of v to productivity and disasters. Because trend growth is independent of the other states, v"
is linear in g; with slope 1/(p + xg): the volatility of g; shifts the level of v but not those exposures.
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rule:
diy = «;(if — i) dt + 0;dZ.. (20)

The adjustment speed «; > 0 measures how quickly the policy rate closes its gap to the
target. The inertia reflects the well-documented practice of central banks moving their
policy rates in steps rather than jumping to the rule’s prescription. Policy rules estimated in
the empirical literature also typically include interest-rate smoothing terms (Clarida et al.,
2000; Coibion and Gorodnichenko, 2012). I also add a monetary policy shock, driven by a
standard Brownian motion Z! independent of the other shocks, which captures movements
in the policy rate that the rule does not explain. Because the policy rate adjusts gradually,
it is itself a state variable.”

The real-rate gap, r; — r}, where r, = i, — ;, measures the stance of policy. When the
gap is positive, policy is contractionary. Because the policy rate cannot jump, a sudden
fall in the neutral rate widens the gap on impact under any policy rule. A policy rule that
only partly tracks the neutral rate then leaves some of the gap open even as the policy rate

adjusts.

The IS relation. Households’ choice between consuming and saving in the safe bond,
together with the resource constraint, gives the exact IS relation in the output gap:

E[dx:] _
dt

IEt[d IOg \pt]
dt ’

(re—1r)+ R —-R)) + (21)
where the expectations include both continuous movements and disasters, and R; is the
risk adjustment of (18) evaluated at the actual rather than the natural allocation. The first
term is the textbook intertemporal-substitution effect. Holding the expected future output
gap and the other terms fixed, a real rate above the neutral rate lowers current demand,
because households postpone consumption. The equation describes the expected change in
the output gap, so a high real rate shows up as a low output gap today followed by an
expected recovery.

The second term is absent from the textbook model. It is the difference between the risk
adjustment under the actual allocation and under the flexible-price allocation. This term
is zero when policy stabilises the economy at the flexible-price allocation. If policy lets
the output gap fall when productivity falls, or deepen in a disaster, consumption becomes
riskier than productivity, and households save more as a precaution. With Epstein—Zin
preferences, households also care about how policy changes their future welfare after a

"Fiscal policy is Ricardian, or passive in the terminology of Woodford (2003). I leave the interaction
between disaster risk and fiscal policy to future work.
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shock, which can strengthen or weaken this effect.

The last term comes from changes in the resources that price adjustment absorbs.
Around the natural allocation, the wedge differs from one only at second order in the
inflation gap, so this term drops out of a first-order approximation. The quantitative model

keeps the full nonlinear relation.

The Phillips curve. Firms’ pricing decisions give the exact Phillips curve:

E}[d(W;7t;)] N

= n(e = 1) (e - w,), (22)

oW, =
where [E} is the expectation under households’ stochastic discount factor, with which firms
value future price-adjustment costs. Firms therefore put more weight on states in which
households’ future welfare is low, such as after a disaster. The last term is proportional to
the deviation of real marginal cost from its natural level, and the resource wedge W, scales
inflation only away from target.
To first order in the output and inflation gaps around the natural allocation, the curve
takes the form of the textbook New Keynesian Phillips curve, except that expectations
weight states by continuation utility:

E}"[d7]

t

dt

pTL = + KX, k=1 —-1)(1+ @), (23)
where E!" uses continuation utility in the natural allocation and « is the slope. Stickier
prices (a smaller ) lower x and flatten the curve, so inflation responds less to a given
output gap. Solved forward, the curve sets inflation equal to x times the discounted
expected sum of future output gaps, with more weight on states in which continuation
utility is low. A persistent negative output gap therefore keeps inflation below target.
Higher disaster risk can lower both output and inflation when policy fails to track the
neutral rate, even when current productivity is unchanged. A joint fall in output and

inflation after a rise in disaster risk is what Section 3 finds in the data.
Asset prices. Finally, I model equity as a leveraged claim on consumption (Wachter,

2013), whose dividends respond more strongly than consumption to fluctuations around

their common permanent component:

D; = exp{af + Pacy), ¢a 21,
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where ¢; = logC; - af is log consumption relative to the permanent component. The
parameter ¢, plays the role of leverage. When ¢, > 1, a disaster cuts dividends by more
than consumption, but in the long run dividends grow with consumption, so a change in
trend growth moves both by the same amount.® I price equity with households’ stochastic
discount factor and, following the rare-disaster and long-run-risk literatures (Bansal and
Yaron, 2004; Wachter, 2013), treat it as being in zero net supply. Equity therefore adds
nothing to households’ resources and does not affect the allocation.

The risk adjustment also shows up in asset prices. With a unit elasticity of intertemporal
substitution, a claim to aggregate consumption is worth C;/p under the transversality
condition, and its expected log return, including dividends, exceeds the real safe rate by R;.
At the natural allocation, this premium equals R}, so the compensation investors require
for holding the consumption claim is exactly the amount by which risk lowers the neutral
rate.

5 Quantitative Analysis

I now take the model of Section 4 to US data. The estimated model gives a quarterly path
of the neutral rate, against which I assess the stance of monetary policy. I then use the
model to quantify the effects that moments beyond the variance have on the neutral rate
and how news of higher disaster risk affects the economy under different monetary policy
rules, including at the onset of the financial crisis. Finally, I measure what failing to track
the neutral rate costs and provide an alternative semi-structural estimate of the neutral
rate. Appendix D gives the estimation details and additional results.

5.1 Calibration and estimation

Table 2 reports the model’s parameters in three groups: those I fix using outside evidence,
those I calibrate to asset prices and those I estimate by maximum likelihood.

Policy coefficients and price stickiness. I use the feedback coefficients of Taylor (1993),
¢ = 1.5 and ¢, = 0.5, applied to annualised inflation and the model’s output gap, and
set the inflation target to 2%. Like Nakamura et al. (2025), who vary the intercept of the
Taylor rule, I fix these responses rather than estimate them alongside the weight on the
neutral rate, because the two are hard to tell apart in the data. When the neutral rate falls,

8Equity could instead be valued as a claim to firms’ profits. With sticky prices and flexible wages, profits
rise relative to consumption when the output gap falls, so a procyclical profit claim would require replacing
price rigidity with wage rigidity.

33



Table 2: Parameters of the estimated model

Source (s.e.)

Parameter Description Value
Estimated by maximum likelihood
w Weight on the neutral rate 0.639
Ki Speed of adjustment 5.36
7 Real intercept of the target 0.0102
ol Policy shock 0.00057
K Disaster-risk state: mean reversion 1.003
o Disaster-risk state: volatility 0.0778
p Mean of the disaster measure 0.0620
Calibrated to asset prices
Y Risk aversion 9.98
p Rate of time preference 0.015
0¥ Dividend loading 9.50
Fixed
Or, Px Responses to inflation, output gap 1.5,0.5
n Price-adjustment parameter 0.153
€ Demand elasticity 10
@ Inverse Frisch elasticity 1
* Inflation target 0.02
Ja Disaster size —0.288
Ka Recovery of productivity 0.0347
Ao Disaster intensity ata” = £ =0 0.030
Xar X& Loadings of the intensity 1.45,10.74
oA Ordinary productivity shocks 0.026
3 Trend growth 0.025
Kg, Og Persistence and volatility of g 0.061, 0.0020

[0.59, 0.68]
(0.70)
(0.0009)
(0.0028)
(0.31)
(0.0077)
(0.0138)

Asset returns
Asset returns
Asset returns

Taylor (1993)
Nakamura and Steinsson (2008)
Standard

Standard

Federal Reserve
Calibration
Calibration
Calibration
Calibration

GDP growth volatility
CBO potential output
Calibration

Notes: Rates are annual decimals; volatilities are per square-root year. Standard errors are in parentheses;
the interval for w is the 95 percent likelihood-ratio interval, holding the other parameters at their
estimates. Calibration denotes values chosen by simulated moments (Table 8) in a version of the model
with different policy coefficients. Ordinary productivity shocks are close to the 2 percent normal-times
volatility of Barro (2006) and Wachter (2013).

inflation and output fall with it, so a rate cut could be a response to either. Fixing the

responses also makes a rule with no weight on the neutral rate a standard Taylor rule. I

set the price-adjustment parameter to n = 0.153, so that the Phillips curve has the slope

of a Calvo model in which prices remain unchanged for four quarters on average, about

as long as regular prices last in US microdata (Nakamura and Steinsson, 2008). With this

value of 1, the New Keynesian Phillips curve has a slope of about 0.17 in quarterly units.

Calibrated New Keynesian models use slopes of a similar size (Gali, 2015).
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Productivity and disasters. Disasters are too rare to measure from US data alone, so I
tix their size and frequency using cross-country evidence. A disaster lowers productivity
by 25% (Ja = —0.29), within the range of falls in GDP per capita during the disasters
documented by Barro (2006) and Barro and Ursta (2008). Productivity then recovers with
a half-life of 20 years. A half-life this long fits evidence that output losses after financial
crises persist for decades (Cerra and Saxena, 2008; Miiller et al., 2025). At the steady
state, the disaster intensity is 3.0% a year, close to the annual probability of entering a
disaster of about 2.9% that Barro and Urstia (2008) estimate for OECD countries. Ordinary
productivity shocks have a volatility of 2.6% a year, which brings the model close to the
volatility of quarterly GDP growth. Trend growth averages 2.5% a year, the mean growth
of CBO potential output over the sample, and its deviations from this mean are small and

persistent, with a half-life of about 11 years.

The disaster-risk state. I estimate the process for the disaster-risk state from the option-
based disaster probability of Section 3 alone, following Seo and Wachter (2019) in using
option prices to discipline a time-varying disaster probability. The measure is a noisy

reading of the state around its mean,

Pt:f"*‘ét'*'@f,

P
t

and volatility of & by maximum likelihood. Shocks to disaster risk fade quickly, with
a half-life of about 8 months (x: = 1.00). The state enters the disaster intensity of (16),
Ay = Age Xaf-tXeét g0 the measure moves the intensity but does not set its level. At the

where ¢, is measurement noise, and I estimate the mean, p = 6.2%, and the persistence

steady state, &; = 0 and the intensity is Ay = 3.0% a year, whatever the mean of the measure.
With the calibrated loading x: = 10.7, each percentage point by which the measure rises
above its mean raises the intensity by about 11% of that level. The measure is higher than
the model’s probability of a disaster, averaging 6.3 percent over 1994-2025, because it
counts equity-market falls of roughly 10 percent or more (Barro and Liao, 2021), which are
more frequent than a fall in productivity of 25 percent. The model nonetheless implies
that the measure rises and falls with the disaster intensity: equity is a leveraged claim on
consumption, so large equity-market falls come from disasters, and the risk of such falls
rises with the disaster intensity.

Asset prices. I choose risk aversion, time preference and the dividend loading to match
the volatility of equity returns, the equity premium and the mean safe return over 1994Q4—
2025Q2 (Table 3). Asset prices discipline these parameters because the compensation
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Table 3: Selected moments

Moment Data Model
Equity total-return volatility =~ 8.75 8.80
Mean safe return 0.09 0.28
Mean equity excess return 1.81 1.95
Safe-return volatility 0.67 0.19
Safe-return persistence 0.89 0.89
Mean log dividend yield -4.01 -278

Notes: Data cover 1994Q4-2025Q2 (dividend yield: 1995Q3-2025Q2). Means and standard deviations
are in percent of quarterly real returns; persistence is the first-order autocorrelation. The safe return in
the data is the deflated Treasury-bill return. Model moments average simulated samples of the same
length that start from the 1994Q23 state and contain no disasters. The first three moments are calibration
targets. The dividend yield is the log of trailing twelve-month real dividends over the ex-dividend price.

households require for bearing risk also determines how far risk lowers the neutral rate.
The calibration sets y = 9.98, p = 1.5% and ¢; = 9.50, and the model closely matches equity
volatility and the equity premium. Risk aversion is close to the value of 10 used by Bansal
and Yaron (2004).

The policy rule. The remaining parameters of the policy rule are the weight on the
neutral rate, w; the speed at which the policy rate adjusts towards its target, «;; the rule’s
constant estimate of the neutral rate, 7; and the volatility of policy shocks, o;. I estimate
them, with the standard deviations of the measurement errors, by maximum likelihood
on quarterly GDP growth, the CBO output gap, GDP-deflator inflation, the federal funds
rate and the option-based disaster probability over 1986Q01-2026Q2. The model has no
lower bound on the policy rate, so I treat the 36 quarters in which the funds rate was
at or below 25 basis points as censored observations. Because the model is nonlinear, I
use a nonlinear filter: each quarter, it propagates the full distribution of the states with
the model’s dynamics, including disaster jumps, and updates it by Bayes’ rule with the
quarter’s data. A backward pass then gives the smoothed distribution of the states given
the full sample.

The estimated rule places a weight of @ = 0.64 on the neutral rate, with a 95 percent
interval of 0.59 to 0.68, which excludes both a standard Taylor rule and full tracking. The
policy rate closes about 74% of the gap to its target within a quarter (x; = 5.36), and policy
shocks are small. The intercept, 7 = 1.02%, is close to the mean of the estimated neutral
rate since 1995, 0.91%.
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Figure 8: The risk-adjusted neutral rate

Notes: Smoothed estimate of the risk-adjusted neutral rate in the estimated model, the current-vintage
two-sided Laubach-Williams estimate, and the May 2026 update of the short-run neutral rate of Del Negro
et al. (2017b). The band is the pointwise 90% interval of the smoothed distribution, conditional on the
estimated parameters. The Del Negro et al. value of —30.80% in 2020Q2 lies below the plotted range.
Recessions are shaded.

5.2 The neutral rate and the stance of policy

The filter recovers the states of the economy from the data, and I evaluate the neutral rate
of Proposition 4.1 at the smoothed states. Figure 8 compares this risk-adjusted neutral rate
with two benchmarks. The first is the estimate of Laubach and Williams (2003). It infers the
neutral rate from the slow co-movement of output, inflation and the real interest rate, so it
moves mainly with trend growth and other persistent forces. The second is the short-run
neutral rate of Del Negro et al. (2017b), a DSGE estimate that moves at business-cycle
frequencies with all the shocks their model needs to fit the macroeconomic data. Like the
risk-adjusted rate, it is the real rate in a counterfactual economy without nominal rigidities,
here on an asset as safe and liquid as a three-month Treasury bill. In their model, a rise in
the convenience yield, the premium investors pay for the safety and liquidity of Treasury
securities, lowers this rate, and they attribute most of the decline in interest rates since the
late 1990s to a rising convenience yield.
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The convenience yield and disaster risk lower the neutral rate for different reasons. The
convenience yield is specific to one asset, Treasury securities, whereas disaster risk is a
property of the economy as a whole: it raises households’ precautionary demand for safe
assets in general. In the pandemic, for example, disaster risk rose while strains on dealers’
balance sheets turned the convenience yield on Treasuries negative (He et al., 2022). Because
the model of Del Negro et al. is linearised, changes in aggregate risk can move its neutral
rate only through the convenience yield. The risk-adjusted neutral rate moves with the
business cycle. It falls in every recession and stays below the Laubach-Williams estimate
for most of the decade after the financial crisis, averaging —0.14% over 2010-2019 against
1.10%. In the crisis, it began to fall before output had fallen much: as the option-based
measure of disaster risk rose, the rate fell from 2.90% in 2007Q2 to —0.11% in 2008Q1, when
the short-run rate of Del Negro et al. was still 2.85%. By 2008Q4, the risk-adjusted rate had
reached —1.25% and the Del Negro et al. rate —2.59%, while the Laubach-Williams estimate
was still 0.73%. The risk-adjusted rate reached its lowest value, —1.85%, in 2011Q4. In the
pandemic, the Del Negro et al. rate fell to —30.80% in 2020Q2, as their model absorbed the
collapse in activity during the lockdown, while the risk-adjusted rate fell to —1.18%.

To assess the stance of policy, I subtract each neutral rate from the same real policy rate:
the quarterly mean federal funds rate minus the four-quarter trailing mean of annualised
GDP-deflator inflation, which stands in for expected inflation (Figure 9). Because the
estimated rule fits the funds rate closely, the gap against the risk-adjusted rate comes
mainly from two features of the rule. One is its partial weight on the neutral rate, which
leaves policy contractionary when the neutral rate falls below the rule’s intercept. The
other is its responses to inflation and the output gap.

Measured against the risk-adjusted neutral rate, policy was contractionary at the onset
of the financial crisis, by 0.7 to 1.3 percentage points between 2007Q3 and 2008Q1, whereas
it was accommodative relative to the Laubach-Williams estimate by mid-2008. The large
rate cuts of 2008 then closed the gap: in 2008Q4, the real policy rate of —1.34% was close to
the risk-adjusted neutral rate, while the gap relative to the Laubach-Williams estimate
was —2.07 percentage points. Policy turned contractionary again in 2009, by 1.0 to 1.7
percentage points, when the funds rate was at zero and inflation fell.

The two gaps diverge when disaster risk rises. In 2020Q2, policy was contractionary
relative to the risk-adjusted rate, by 0.51 percentage points, but accommodative relative to
the Laubach-Williams estimate, with a gap of —2.21 percentage points. The gaps agree in
2021 and 2022: both show policy as highly accommodative, with inflation rising while
the funds rate stayed near zero. In 2021Q4, the gap was —7.2 percentage points against
the risk-adjusted rate and —7.5 against the Laubach—-Williams estimate. They differ again
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Figure 9: Real-policy-rate gaps

Notes: Each line subtracts the indicated smoothed neutral rate from the same real-rate proxy, the quarterly
mean federal funds rate minus four-quarter trailing GDP-deflator inflation. The comparison uses the
current-vintage two-sided Laubach-Williams estimate. Positive gaps mean that policy was contractionary
relative to the corresponding estimate. Recessions are shaded.

between 2023 and 2025: the gap relative to the risk-adjusted rate was mostly small, while
the Laubach-Williams gap shows contractionary policy of up to 1.4 percentage points.

5.3 Volatility versus disaster risk

I now ask whether moments beyond the variance matter for the neutral rate. I compare two
permanent increases in risk. The first raises the disaster intensity by one percentage point,
holding the size of a disaster fixed. The second raises the volatility of Gaussian productivity
shocks from 2.6% to 3.9% a year, an increase of 1.3 percentage points, chosen so that it
adds the same variance to productivity growth as the more frequent disasters. Because
more frequent disasters also lower expected growth, I also consider a mean-preserving
version of the disaster experiment, which raises productivity growth between disasters just
enough to keep expected growth unchanged. The mean-preserving increase in disaster
risk and the increase in volatility then add the same variance to productivity growth and

leave its mean unchanged. Any difference in their effects on the neutral rate therefore
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Table 4: The neutral-rate response to higher volatility and disaster intensity

Risk experiment Log utility Epstein—Zin
Higher volatility of Gaussian shocks —4.1 -27.5
Higher disaster intensity -33.3 —66.9
Higher disaster intensity, expected growth fixed —4.6 —-48.8

Notes: Entries are changes in r* in annual basis points at a" = £ = ¢ = 0; negative values denote
declines. The disaster experiments raise the intensity at that state from 3.00% to 4.00% a year, holding
the productivity loss at 25.00%. The volatility experiment raises 04 from 2.60% to 3.88% per square-root
year, adding the same instantaneous variance of log productivity. The final row raises productivity
growth between disasters to preserve mean log growth. Risk aversion under Epstein-Zin preferences is
y =9.98; all other parameters are common across columns.

comes from moments beyond the variance. I report results under Epstein—Zin preferences
and under log utility, for which I set risk aversion to one and keep every other parameter,
including the policy rule, unchanged.

Even under log utility, the two increases in risk have slightly different effects. Once
expected growth is held fixed, disasters lower the neutral rate by 4.6 basis points, against
4.1 for more volatile Gaussian shocks (Table 4). Because households are prudent, the large
losses that disasters bring raise their precautionary demand for safe assets by more than a
rise in Gaussian volatility that adds the same variance.

Under Epstein—Zin preferences, the gap is much larger. More volatile Gaussian shocks
now lower the neutral rate by 27.5 basis points, while more frequent disasters lower it
by 66.9 basis points, and by 48.8 basis points once expected growth is held fixed. The
mean-preserving increase in disaster risk therefore moves the neutral rate 1.77 times as
much as the increase in volatility. Unlike under log utility, households also fear the weaker
future that a disaster leaves behind, which raises the weight they place on disaster states.

5.4 News of disaster risk and monetary policy

I now study how news of higher disaster risk affects the economy. When households learn
that disasters have become more likely, they want to save more, so the neutral rate falls. I
consider an unexpected, one-time disaster-risk shock. It raises the probability of at least
one disaster over the next year by one percentage point, from 3.0% at the steady state,
and fades with a two-year half-life. Households learn at once how the added risk will
evolve, but Gaussian shocks and disasters can still occur. Figure 10 compares the expected
responses under three rules: a standard Taylor rule (w = 0), the estimated rule (w = w) and
full tracking (w = 1).
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Figure 10: Monetary responses to a disaster-risk shock

Notes: A single unexpected disaster-risk shock raises the one-year disaster probability by one percentage
point. The shift in log disaster intensity decays with a two-year half-life; growth between disasters and
the volatility of Gaussian shocks remain fixed. All responses average over subsequent productivity and
disaster risk and are measured against each rule’s own path without the shock. Panel (a) shows changes in
expected log output gaps, in log percentage points. Inflation and real rates are in annual basis points. The
real neutral-rate responses coincide across rules. Full tracking sets w = 0.99.

The neutral rate does not depend on policy: it falls by 141 basis points on impact
under every rule and is still 56 basis points below its initial level a year later. The policy
rate, by contrast, moves only gradually towards the rule’s target, so under every rule it
is unchanged at the moment the news arrives. Under the standard Taylor rule, inflation
falls by 119 basis points and the output gap by 0.57 log percentage points on impact, so
the real policy rate rises by 119 basis points just as the neutral rate falls, and the real-rate
gap widens by 260 basis points. The rule then cuts the policy rate quickly, through its
responses to falling inflation and output: the nominal rate reaches its lowest point, 137
basis points below its initial level, after 5 months. A standard Taylor rule thus responds to
the downturn but does not keep pace with the falling neutral rate.

The estimated rule limits the contraction while cutting the policy rate by less. On
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impact, its output gap falls by 0.29 log percentage points and inflation by 38 basis points,
and its nominal rate falls by at most 96 basis points. The direct response to the neutral rate
largely replaces the rule’s responses to inflation and output rather than adding to them.
By limiting the contraction, it reduces the falls in inflation and output that drive those
responses.

Finally, full tracking keeps inflation close to target: inflation rises by 8 basis points on
impact, and the output gap falls by 0.13 log percentage points before closing within a few
months. The output gap still falls on impact because the policy rate cannot jump, but once
the rate has adjusted, tracking the neutral rate keeps the output and inflation gaps close to
zero, a form of the divine coincidence of Blanchard and Gali (2007). Full tracking achieves
this with the smallest cut in the policy rate of the three rules, 74 basis points: by keeping
inflation at target, it turns that cut into a larger fall in the real rate. Tracking the neutral
rate stabilises the natural allocation in New Keynesian models (King and Wolman, 1999;
Woodford, 2003), and the gap between the real and neutral rates is a useful indicator of
inflationary pressure (Neiss and Nelson, 2003). A mean-preserving version of the shock,
which raises productivity growth between disasters to keep expected growth unchanged,
lowers the neutral rate by 96 basis points on impact and produces responses of the same
shape.

The onset of the financial crisis. The onset of the Global Financial Crisis in late 2007,
almost a year before the collapse of Lehman Brothers, is a period in which disaster risk
rose before any disaster had occurred, so it is a natural test of the model’s news shock.
Figure 11 shows that, from 2007Q4 through 2008Q3, the federal funds rate stayed below
the prescription of the original Taylor (1993) rule, which was elevated during 2007 because
oil shocks had raised inflation. The option-based measure of disaster risk from Section 3
rose from about 1% in early 2007 to around 10% in late 2007 and early 2008, before output
had fallen much.” One reading of the Federal Reserve’s deviation from the Taylor rule in
this period is that it was responding to tail risk, which the model captures through the
weight its policy rule places on the neutral rate. The FOMC'’s statement of 17 August
2007 is consistent with this reading: “although recent data suggest that the economy has
continued to expand at a moderate pace, the Federal Open Market Committee judges
that the downside risks to growth have increased appreciably” (Federal Open Market
Committee, 2007).

The cuts that took the funds rate below the Taylor prescription tracked only part of

9 Appendix C shows that the pattern holds with alternative measures of financial-market stress, the VIX
and the excess bond premium, and Appendix C.3 reports alternative policy rules.
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Figure 11: The federal funds rate and the Taylor rule during the financial crisis

Notes: The figure plots the effective federal funds rate, the prescription from the original Taylor (1993) rule,
i =24 7Y 405 —2) +0.5xKT, with four-quarter GDP-deflator inflation 7' and the real-time output gap
xRT of Nakamura et al. (2025), and the disaster probability implied by out-of-the-money S&P 500 put options
following Barro and Liao (2021). The rate and prescription observations are quarterly, cover 2007Q1-2008Q3,
and are dated at the start of each quarter. Disaster probability is monthly, from January 2007 through July
2008. The July-dated rate and prescription observations therefore cover the third quarter. Shading marks the
part of the NBER-dated recession (December 2007-June 2009) within the plotted window.

the fall in the risk-adjusted neutral rate, so policy remained contractionary relative to that
rate until 2008Q1 (Figure 9). The Federal Reserve cut by more than the Taylor (1993) rule
prescribed, but by less than the neutral rate fell.

To see how much of the early crisis a disaster-risk shock can account for, I fit the size
and date of a single shock like the one above, holding every parameter at its estimate.
The fit targets the changes in private output and the federal funds rate from 2007Q2 to
each of the next three quarters, which I compare with quarterly averages of the model’s
expected responses under the estimated rule (Figure 12). The shock raises log disaster
intensity from a date in 2007Q3 and then decays with a two-year half-life. The best fit
dates the shock about 2 months into 2007Q3, in August 2007, when interbank markets first
seized up, and sets its size at a shift of 0.80 in log disaster intensity. The estimated rule
matches the timing of the rate cuts: by 2008Q1, the change in the model’s funds rate is
—1.42 percentage points, against —2.07 in the data. Output falls by less than in the data,
—0.29 against —1.55 log percentage points, so a single disaster-risk shock accounts for only
part of the early contraction. Financial frictions, which the model leaves out, may have
amplified the crisis further (Bernanke et al., 1999).

To measure how much the Federal Reserve’s response to disaster risk mattered, I solve
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Figure 12: A single disaster-risk shock and the onset of the financial crisis

Notes: Data are changes from 2007Q2 in detrended private output, log(C + ), in log percentage points, and in
the federal funds rate, in annual percentage points. The model shows quarterly averages of the expected
changes in log output and the policy rate after a single disaster-risk shock whose size and date are fitted to
both series under the estimated rule, and the same shock under a standard Taylor rule (w = 0). The zero
values in 2007Q2 mark the normalisation, not an additional fitting observation. Shading marks the quarter
of the shock.

the model again with the same shock, from the same 2007Q2 state, under a standard Taylor
rule that ignores the neutral rate (w = 0). The rule keeps the estimated intercept and
response coefficients and drops only the weight on the neutral rate, so the comparison
isolates what tracking the neutral rate contributed. The rule is not the real-time prescription
of Figure 11. By 2008Q1, the change in output is then —0.43 log percentage points, against
—0.29 under the estimated rule, a fall about 46% larger. The standard rule cuts the funds
rate by more, with a change of —2.29 against —1.42 percentage points, because it responds
to the larger falls in inflation and output that result from ignoring the neutral rate. As after
the news shock, a rule that ignores disaster risk ends up cutting by more, in response to a
contraction that the estimated rule partly avoids. On this reading, the Federal Reserve’s
early cuts below the Taylor prescription limited the first stage of the downturn, and the

responses to the news shock suggest that fuller tracking would have limited it further.

5.5 The welfare cost of failing to track the neutral rate

I now measure what households lose from the fluctuations in output and inflation that
arise when monetary policy does not track the neutral rate. I solve the economy twice,

once with flexible prices, which gives the natural allocation with output at potential and

44



inflation at target, and once with sticky prices under a given monetary rule. In each case, I
compute households’ lifetime utility, which accounts for consumption and hours worked
at every future date and for the risk to productivity, including disasters. Following Lucas
(2003), I express the gap in lifetime utility as the share of consumption that households
would be willing to give up permanently to move from the allocation under the rule to the
natural allocation. Because the natural allocation is efficient, the loss measures the full cost
of the rule’s departures from it.
For small output and inflation gaps, the loss in each period is approximately

1+ I
L 24 L,
2 2n

The first term arises because output gaps distort the choice between consumption and
leisure, and the second because inflation deviations use up goods in price adjustment.
The lifetime loss adds up these flow losses over all future dates and states and, under
Epstein—Zin preferences, gives extra weight to bad outcomes.

Table 5 reports the exact loss under the standard Taylor rule, the estimated rule and full
tracking. Each row fixes the state of the economy. From that state, I compute households’
lifetime utility in the natural allocation and under each rule, and both face the same future
shocks. The loss in a row is therefore the cost of the rule from that state. Because the
natural allocation also changes with the state, differences between rows do not measure
the cost of the shock itself. The first row starts from the steady state with no news, so
lifetime utility averages over all the ordinary productivity shocks, movements in disaster
risk and disasters that may occur in the future. Under the standard Taylor rule, households
would give up 0.236% of their consumption every year to move to the natural allocation;
under the estimated rule, they would give up 0.032%. These losses arise because the
neutral rate changes over time with productivity and disaster risk, while the standard rule
does not respond to these changes directly and the estimated rule responds only partly.
Full tracking comes close to the natural allocation, with a loss of only 0.001%, although
households still face the same productivity risk. The small remaining loss comes from the
gradual adjustment of the policy rate, from policy shocks and from setting w at 0.99 rather
than one.

These losses depend on the slope of the Phillips curve. The calibration implies a slope
of 0.17 in quarterly units, while more recent estimates point to flatter curves (Hazell et al.,
2022; Del Negro et al., 2020). A flatter curve makes each deviation of inflation from target
more costly, so the cost of imperfect tracking rises: with a slope of 0.057, about 3 times
flatter, the loss under the standard Taylor rule rises to 0.567% of consumption and under
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Table 5: Welfare losses under alternative monetary rules

Evaluation Standard Taylor rule Estimated rule Full tracking
Baseline 0.236 0.032 0.001
Flatter Phillips curve 0.567 0.081 0.001
Disaster-risk shock 0.238 0.032 0.001
Disaster-risk shock, mean-preserving 0.238 0.032 0.001
After a realised disaster 0.265 0.036 0.000

Notes: Losses are percentages of natural consumption under Epstein—Zin preferences, 100[1—exp(v,, —v,)].
The estimated rule uses @ = 0.639, and full tracking uses w = 0.99. Within each row, all rules face the
same risks and start from the same state. The second row lowers the slope of the Phillips curve to 0.057
per quarter, about 3 times flatter than the baseline and closer to recent estimates (Hazell et al., 2022). The
first four rows start from a” = £ = ¢ = 0 with the policy rate at * + 7, and the last row from a” = J4.

the estimated rule to 0.081%, while full tracking still costs 0.001% (second row of Table 5).
The losses under the calibrated slope are therefore, if anything, on the low side.

The third row also starts from the steady state, but at that moment households learn
of the news shock, which raises the probability of a disaster over the next year by one
percentage point and fades with a two-year half-life. I solve for the path of the economy
after the news, both with flexible prices and with sticky prices under each rule, and evaluate
lifetime utility when the news arrives, before the policy rate can respond. Ordinary shocks
and disasters can still occur, and once the added risk has faded the economy follows its
usual dynamics again. The standard Taylor rule costs 0.238% of consumption, and the
estimated rule 0.032%. The fourth row repeats the exercise with the mean-preserving shock.
Because that shock also raises productivity growth between disasters to keep expected
growth unchanged, it isolates the effect of higher risk. The losses are similar, 0.238% and
0.032%. In both rows, the loss is close to its steady-state value, because the shock fades
within a few years and the loss measures the cost of each rule over the whole future.

The fifth row starts immediately after a disaster has struck the economy at its steady
state. Productivity is 25% below its permanent component in both the natural and the
sticky-price economies, the disaster-risk state and trend growth are unchanged, and the
policy rate has not yet moved. Because disasters are more likely when productivity is
low, the disaster intensity rises from 3.0% to 4.55% a year. The standard Taylor rule then
costs 0.265% of consumption and the estimated rule 0.036%: the neutral rate rises over the
following years, as productivity is expected to recover, and a rule that does not track it lets

inflation rise. In every row, the loss falls as the rule tracks the neutral rate more closely.
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5.6 A semi-structural estimate of the neutral rate

The estimate of Section 5.2 rests on the full structure of the model: its preferences, its
disaster process and its policy rule. I also estimate the risk-adjusted neutral rate in a
state-space model that builds on Laubach and Williams (2003), as a check that does not
impose this structure. As in their model, the neutral rate is identified from an IS curve, in
which a real rate above neutral depresses demand, and a Phillips curve, in which inflation
falls when output is below potential. I let the neutral rate also respond to the option-based
disaster probability, which can rise abruptly when the outlook deteriorates and so lower
the neutral rate even when trend growth moves little.

The risk-adjusted neutral rate is
rr =+ gtz — OA, (24)

Trend growth of potential output, g}, passes one for one into the rate, z; captures other
persistent determinants and «; is a constant. The last term lets disaster risk lower the rate,
as in Sections 2 and 4. Here A, is the option-based disaster probability of Section 3, a noisy
counterpart of the disaster intensity.

The semi-structural model combines slow-moving macroeconomic data with fast-
moving option prices. The trend, a; + g} + z, is identified from output, potential output
and inflation, as in Laubach and Williams (2003). These series reveal a change in the neutral
rate only gradually, as the gap between the real rate and the neutral rate shows up first in
output and then in inflation, so the trend moves slowly. The disaster-risk term instead
comes from option prices, which respond within days to news about the risk of a severe
contraction.

I estimate the loading 0, together with the shock and measurement-error variances
by maximum likelihood, using output, CBO potential output, changes in inflation and
the disaster probability over 1986Q1-2026Q2, and report smoothed estimates from the
Kalman filter. The weight on the financial-market signal is therefore estimated rather than
imposed, and the loading measures how much disaster risk helps explain output and
inflation. Its estimate is 24.4 basis points per percentage point of the disaster probability,
with a 90 percent bootstrap interval of 15.4 to 32.3 basis points, and the data reject a zero
loading. In the estimated model, the same rise in the option-based probability lowers the
neutral rate by 27.6 basis points,'’ which lies inside this interval. Imposing the model’s

value also barely changes the fit of the semi-structural model, so the two approaches agree

9The value is the model’s average slope as the option-based probability rises above its mean. At the
steady state, the slope is 23.9 basis points.
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Figure 13: The semi-structural estimate with and without disaster risk

Notes: Neutral rates, in annual percent. The semi-structural estimate is the smoothed estimate of (24); the
estimate without disaster risk sets 0; = 0 in that equation at the same smoothed states, a; + g} + z;. The
Laubach-Williams estimate is the current-vintage two-sided estimate of Figure 8. Recessions are shaded.

on how strongly disaster risk moves the neutral rate.

Figure 13 plots the two components separately. Without the disaster-risk term, the
estimate is the smooth trend, which closely follows the Laubach-Williams estimate, with a
correlation of 0.96 since 1995. The disaster-risk term adds the business-cycle movements:
it pulls the estimate well below the trend when perceived risk rises, in 1998, around
2001-2002, from 2008 to 2012 and from 2020 to 2023, and the estimate returns towards the
trend as risk subsides. In 2008Q4, the trend had changed little, while the full estimate fell
to —5.76%. Estimates built from macroeconomic data alone therefore register such falls in
the neutral rate late, if at all.

Figure 14 compares the semi-structural estimate with the model’s. They move together,
with a correlation of 0.73 since 1995, and both fall in every recession. They differ most in
the financial crisis: the semi-structural estimate falls to —5.76% in 2008Q4, against —1.25%
for the model. In 2020Q2, the two estimates are closer, at —1.45% and —1.18%. Measured
against the semi-structural estimate, policy was contractionary by 4.42 percentage points
in 2008Q4, while it was close to neutral against the model’s estimate. Appendix D.5
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Figure 14: Model-based and semi-structural estimates of the neutral rate

Notes: Neutral rates, in annual percent. The model-based estimate is that of Figure 8; the semi-structural
estimate is the smoothed estimate of (24). Bands are pointwise 90% intervals conditional on the estimated
parameters. Recessions are shaded.

explains why the two estimates differ in the financial crisis and compares both with other

published estimates of the short-run and long-run neutral rate and with measures of the
policy setting.
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6 Conclusion

Monetary policy is often described as navigating by the stars, whereby the neutral rate
of interest r}* is the target for the stance of monetary policy. I have argued that this star
moves with the perceived probability of a disaster, so central banks need a benchmark
that moves with it. To this end, I have proposed the risk-adjusted neutral rate as the
benchmark for the stance of policy: the real rate that keeps inflation at target and output at
potential once risk is taken into account. When households perceive a higher probability
of disaster, asset prices fall, which lowers current spending through a wealth effect. The
risk-adjusted neutral rate therefore falls, even before any disaster strikes. Because disasters
are tail events, the risk-adjusted neutral rate depends not only on the variance of output
growth but also on its higher-order moments, including skewness and kurtosis, which
drop out of the first-order approximations used in standard New Keynesian models. I
analytically show that a central bank that responds only to the second moment of output
growth, ignoring its higher-order moments, leaves large welfare gains unrealised, because
its policy rate stays above the risk-adjusted neutral rate. I also show that, for a wide range
of distributions, tracking the moments up to the fourth is sufficient to come close to optimal
policy and to stabilise the economy against tail risk.

Using option prices to measure disaster risk, I find that, as the mechanism suggests,
disaster-risk shocks appear in the data as negative demand shocks: they lower consumption,
investment, output and inflation together. They are also an important driver of the business
cycle. To measure the size of these effects, I build a quantitative New Keynesian model and
estimate it on US data. I find that higher-order moments matter quantitatively: holding the
mean and variance of productivity growth fixed, a rise in disaster risk lowers the neutral
rate 1.77 times as much as a rise in the volatility of Gaussian shocks. I also estimate how
far the Federal Reserve tracks the risk-adjusted neutral rate and find that it does so only in
part. Using the model, I then run a policy counterfactual experiment for late 2007. Had the
Federal Reserve followed a standard Taylor rule, which ignores movements in the neutral
rate, the same rise in disaster risk would have lowered output by early 2008 about 46
percent more than under its estimated rule, which tracks them in part. I also measure the
welfare gains from tracking disaster risk: households would be willing to give up 0.236%
of their consumption permanently for the central bank to track disaster risk fully, keeping
output at potential and inflation at target, rather than follow a standard Taylor rule.

Finally, to address concerns about model misspecification, I also estimate the risk-
adjusted neutral rate with a semi-structural model. The two approaches agree on how

strongly disaster risk moves the neutral rate, and both estimates drop sharply when risk
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spikes, falling below zero in the financial crisis while standard estimates stay positive.
Measured against the model’s estimate, policy was contractionary at the onset of the crisis,
before the large rate cuts of 2008. Slow-moving estimates register falls in the neutral rate
late, if at all, so a central bank that relies on them can tighten policy without intending to,
even while it cuts rates.

Two extensions are left for future work. First, disaster risk is exogenous in my model,
but monetary policy may itself move perceived risk and risk premia (Kekre and Lenel,
2022; Caramp et al., 2026). A model in which policy affects the perceived probability of a
disaster would show whether tracking the neutral rate also dampens the risk that moves it.
Second, the risk-adjusted neutral rate can fall well below zero, as it did in late 2008, when
the policy rate cannot follow. How forward guidance and asset purchases can track it at
the lower bound (Dordal i Carreras and Lee, 2026) is a natural next question. More broadly,
the effects of higher-order moments on monetary economics are a rich area for further

research, and the results of this paper suggest that their policy implications are large.
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A Empirical Analysis: Data and Robustness

This appendix documents the data and reports robustness checks for the empirical analysis
in Section 3. It also reports historical policy-rule comparisons using the risk-adjusted

neutral rate estimated in Section 5.6.

A.1 Data construction
A.1.1 The option-based measure

The monthly disaster-probability series retains the published Barro and Liao (2021)
estimates through March 2021 and extends them using OptionMetrics S&P 500 put data
through August 2025. S&P 500 index options trade in one of the most liquid option markets,
and their prices are widely used to infer the risk-neutral distribution of future market
returns, including the probability of a market crash (e.g. Breeden and Litzenberger, 1978;
Andersen et al., 2015; Martin, 2017). For the local estimate, I select end-of-month contracts
nearest to moneyness targets of 0.5, 0.6, 0.7, 0.8 and 0.9, retaining actual moneyness no
greater than 0.9. Target maturities are 30, 60, 90 and 180 days, with a seven-day tolerance
and admissible maturities of 16-183 days. I reconstruct put prices from implied volatilities
using the Black-Scholes formula with interest and dividend rates set to zero.

Under power-law disaster sizes with tail parameter « and CRRA utility with coefficient
y, the relative option price Q = P/(S - T) satisfies Q ~ n; p; €1**77, where P is the put price, S
the index level, T the maturity, € the moneyness (the strike relative to S) and 1 a collection
of structural constants. The corresponding theoretical log representation is

log Q¢ = po + p1logei + u; +eiy,

where y1; = log p; is the log of the time-varying disaster probability and ; =1+ a —y. The
monthly effects p; therefore trace out movements in p;, while the moneyness slope f; is the
same in every month. In practice, I fit relative option-price levels by least squares, allowing
for maturity and moneyness elasticities, nonnegative monthly effects and an additional
common moneyness term. The local annual disaster probability is the estimated monthly
effect divided by 7;. Risk aversion is fixed at y = 3 and the disaster threshold at 1.1, so a
disaster is a fall in the index to at most 1/1.1 of its level, a decline of at least about 9 percent.
The estimated tail parameter is a = 7.1.

To splice the published and locally estimated series, I forward-fill both to daily frequency
and take monthly means. I then calibrate the local series with an OLS regression of the
published series’ logit on a constant and the local series” logit over their 301 overlapping
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months. The slope is 0.37 and the R? is 0.46. The spliced series keeps the published monthly
observations from September 1994 to March 2021. From April 2021 to August 2025, it uses
the calibrated local estimates, transformed back into probabilities. For the VAR analysis, I
average the monthly disaster probabilities within each quarter.

A.1.2 Macroeconomic variables

Real GDP, consumption and investment are from the Bureau of Economic Analysis national
accounts (seasonally adjusted; nominal consumption and investment aggregates deflated
by the GDP deflator) and enter the max-share VAR as per-capita log levels. The population
series is an HP-filtered trend of the civilian noninstitutional population. For employment,
I use total nonfarm payrolls from the Bureau of Labor Statistics, again in per-capita logs.
Real stock and Treasury-bill returns are the CRSP value-weighted market return and the
CRSP 90-day Treasury bill return, both deflated by the GDP deflator. I build the log
dividend—price ratio from the CRSP returns with and without distributions. The 5-year
Treasury yield averages the daily constant-maturity yield from the Federal Reserve H.15
release over each quarter. The VIX is a one-month volatility index, integrated from S&P
500 option quotes following Martin (2011) and computed from the same option panel as
the disaster probability. It tracks the CBOE index closely.

A.2 VAR specification and identification
A.2.1 Baseline max-share identification

The baseline VAR is equation (12), with the eleven variables listed in Section 3.3, a constant
and three lags, estimated on quarterly US data over 1996Q1-2019Q4. Appendix A.2.4
extends the sample through 2025Q2.

The structural shocks ¢; relate to reduced-form residuals via u; = A¢;, where A is the
impact matrix. Identification is in the frequency domain, following Angeletos et al. (2020):
the disaster-risk shock is the unit-norm impact vector a that maximises the share of the

target’s forecast-error variance attributable to a frequency band Q,

)
f e/B(e™)a| dw

* _ Q11

a* = arg max

lal=t [ ¢/ B(e=)B(eiwye; da’

where e; selects the disaster probability and B(e™*) is the moving-average lag polynomial of
the VAR, post-multiplied by a square root of X, and evaluated on the unit circle. I integrate

the spectral density numerically over the near-unconditional band, ) = [21t/500, 27t/2],
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which covers cycles with periods between 2 and 500 quarters. I normalise the sign of the
shock so that it raises the disaster probability and lowers stock returns on impact. I report
its forecast-error variance shares at this band and at the business-cycle band (periods 6-32
quarters).

The confidence intervals are 80% bands, from the 10th to the 90th percentile of
600 residual-based bootstrap replications. Each replication re-estimates the VAR on
a bootstrapped sample, re-applies the frequency-domain max-share identification and
computes the impulse responses.

A.2.2 Controlling for productivity shocks

To check that the max-share shock does not combine disaster risk with news about
productivity, I adapt the procedure of Basu et al. (2021). I first identify a productivity
shock in the baseline VAR and then maximise the share of disaster-probability fluctuations
explained by a shock orthogonal to it. The VAR keeps its eleven variables, three lags
and 1996Q1-2019Q4 sample, and productivity enters only as an auxiliary series. I regress
quarterly utilisation-adjusted productivity growth (Fernald, 2014) on the VAR’s lags and its
contemporaneous innovations, and the fitted combination of innovations is the productivity
surprise. The first control removes this surprise, and the second a supply shock. The supply
shock is the unit-length combination of innovations whose impact effects on productivity
and inflation have the most negative product, so it moves the two most strongly in opposite
directions. In each case, the disaster-risk shock is the max-share shock within the space
orthogonal to the removed direction, with the baseline normalisation. Intervals come from
the baseline residual bootstrap with 600 draws, which re-estimate the VAR, the auxiliary
regression and both identifications in every draw.

Neither control changes the shock much. The removed directions account for 2.39 and
4.45 percent of the baseline shock’s variance. The new shocks have correlations of 0.994
(bootstrap 10th-90th percentiles 0.902 to 0.999) and 0.976 (0.905 to 0.999) with the baseline
shock. The shock explains 55.82 and 53.88 percent of the variance of disaster probability
at the identification band, against 56.51 percent in the baseline, and its impact effect on
disaster probability is 4.003 and 3.923 percentage points, against 4.065. Figure 15 shows
the responses. Per percentage point of disaster probability on impact, inflation reaches
its trough after one quarter, at —0.099 and —0.099 percentage points, against —0.100 in
the baseline, while output reaches a trough of —0.110 and —0.119 percent after 3 quarters,
against —0.097 percent. Consumption, investment and employment also fall slightly more
than in the baseline, and under the supply-shock control the output trough lies just below

the lower edge of the baseline band at that horizon. Removing productivity or supply
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Figure 15: Responses to a disaster-risk shock after removing productivity shocks
Notes: Responses to a one-standard-deviation disaster-risk shock from impact through 20 quarters,
1996Q1-2019Q4. The solid line is the baseline max-share shock and the shaded area its pointwise 80%
bootstrap band. The other lines re-identify the shock orthogonal to the fitted surprise in utilisation-
adjusted productivity (Fernald, 2014), or to the supply shock that moves productivity and inflation most
strongly in opposite directions. Disaster probability is in percentage points, real quantities in percent
and inflation in annualised percentage points.

shocks therefore leaves the contraction at least as deep as in the baseline.

A.2.3 Controlling for lagged risk-neutral variance

The baseline VAR measures broad market risk with the VIX. To check whether the output
response survives when the VAR conditions on market variance directly, I estimate
two further VARs over the baseline sample, with the same constant, three lags and
transformations. The first replaces the VIX with SVIX?, the annualised one-month risk-
neutral variance of the market return of Martin (2017); the second keeps the VIX and
adds SVIX®. 1 square the daily index before averaging within each quarter, using the
days on which both the VIX and SVIX are available. Because SVIX* enters each VAR as
an endogenous variable, three of its lags enter every equation, so each VAR controls for
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lagged risk-neutral variance. Neither VAR holds variance fixed, however, because the
identified shock remains free to move current and later variance. I identify the disaster-risk
shock as in the baseline and orient it to raise the disaster probability on impact, but drop
the baseline’s additional sign condition on stock returns. Its correlation with the baseline
shock is 0.95 in the first VAR and 0.89 in the second.

With SVIX? in place of the VIX, a one-standard-deviation shock lowers output by 0.21
percent on impact, with an 80 percent pointwise interval of —0.26 to —0.02 percent. The
interval lies below zero on impact and one quarter later and includes zero at every later
horizon up to 30 quarters. In the baseline, it stays below zero from impact through three
quarters. In this VAR, the interval for the average response from impact through four
quarters also includes zero. When the VAR includes both the VIX and SVIX?, output falls
by 0.17 percent on impact, with an interval of —0.24 to 0.04 percent. Here the interval
includes zero at every horizon up to 30 quarters.

I also restrict the shock in four ways within each VAR. The first makes it orthogonal to the
shock that explains the most variation in SVIX®. The other three set the response of SVIX*
to zero on impact, from impact through four quarters, or on impact while also making the
shock orthogonal to a fitted productivity surprise. The orthogonality restriction removes
one variance-related direction but leaves SVIX” free to respond. The zero restrictions fix its
measured response only at the stated horizons. The restricted shocks explain less of the
variation in the disaster probability and are only weakly correlated with the unrestricted
shock. Whatever the restriction, the 80 percent interval for output includes zero at every
horizon up to 30 quarters in both VARs. The point estimates rise at first and fall at longer
horizons, but neither movement is distinguishable from zero. The restrictions can also
remove disaster-risk news that itself moves variance, so the absence of a distinguishable
contraction does not show whether disaster risk has an effect with variance held fixed.

Intervals are pointwise 10th-90th percentiles from 600 residual-bootstrap draws, which
re-estimate each VAR and re-apply every identification in each draw. Intervals for averages
over horizons take the average within each draw. Some draws, 50 in the first VAR and 70
in the second, yield dynamically unstable but finite estimates. I keep them.

A.2.4 Full sample through 2025Q2

I re-estimate the max-share VAR on the full available sample, 1996Q1-2025Q2 (T = 118).
Relative to the baseline window, it adds the COVID-19 collapse and recovery, the inflation
surge and tightening cycle, and the 2025 tariff episode. Figures 16 and 17 report the
resulting impulse responses, which I construct as in the baseline.

The impact pattern is unchanged and demand-like. A shock that raises disaster risk is
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Figure 16: Real effects of a disaster-risk shock: full sample (1996Q1-2025Q2)

Notes: Impulse responses to the max-share disaster-risk shock estimated on the full sample including
COVID-19. Horizons run from impact to 20 quarters. In each panel title, the first number in parentheses is
the shock’s share of the forecast-error variance at business-cycle frequencies (periods of 6-32 quarters), and
the second its share at near-unconditional frequencies (periods of 2-500 quarters). Shaded areas are 80%
bootstrap bands, from the 10th to the 90th percentile.

followed by a synchronised decline in output, consumption, investment and employment,
a fall in the 5-year Treasury yield and inflation, and a rise in the VIX. The declines in real
activity are larger than in the baseline but less persistent: output and consumption trough
at roughly —0.6 and —0.7 percent one quarter after the shock and turn positive after 8
quarters. Because the pandemic quarters dominate the reduced-form residual covariance,
the bootstrap bands also widen substantially. The output response is distinguishable from
zero for the first three quarters, while the consumption and investment bands include zero
at most horizons.

The shock’s business-cycle variance shares rise on the full sample. It accounts for
roughly 71 percent of the business-cycle forecast-error variance of the disaster probability,
41 percent of stock returns and 59 percent of the VIX. For output, consumption, investment
and employment, the shares are 22-30 percent. The shock’s near-unconditional shares
of real activity (10-16 percent) are, however, below the baseline values. The 2020-2025

quarters therefore load heavily on the identified shock at cyclical frequencies but make its

63



S-year Treasury yield (0.21, 0.09) Inflation (0.25, 0.15) VIX (0.59,0.51)

021 45 4

0.2 1

o2 0.0 N —

pp
pp, annualised
index points

0.1 1

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Quarters Quarters Quarters

Figure 17: Financial and nominal responses to a disaster-risk shock: full sample (1996Q1-
2025Q2)

Notes: Impulse responses of the 5-year Treasury yield, inflation (GDP deflator, annualised), and the VIX
to the max-share disaster-risk shock estimated on the full sample including COVID-19. Horizons run
from impact to 20 quarters. In each panel title, the first number in parentheses is the shock’s share of the
forecast-error variance at business-cycle frequencies (periods of 6-32 quarters), and the second its share at
near-unconditional frequencies (periods of 2-500 quarters). Shaded areas are 80% bootstrap bands, from the
10th to the 90th percentile.

effects less precisely estimated.

A.2.5 Recursive identification

I also estimate recursive (Cholesky) VARs under two standard timing assumptions from the
uncertainty and credit-spread literatures. Recursive identification makes its assumptions
explicit, because the disaster-risk shock is the part of the change in disaster risk that the
variables ordered before it do not explain. The results can depend on the ordering, so I
report two. The reduced-form VAR is

p
yr=c+ Z Beyi—e + uy, Elusu;] = X,
=1

and recursive identification sets X, = PP’, where P is lower triangular and the structural
shocks satisfy u; = Pe;. All the identifying assumptions therefore lie in the ordering of y;. I
estimate both VARs on quarterly US data over 1996Q1-2025Q2 (T = 118). The policy-rate
measure is the Wu—Xia shadow federal funds rate (Wu and Xia, 2016) through June 2023,
when the published series ends, and the effective federal funds rate thereafter.

The first, preferred ordering follows the logic of Gilchrist and Zakrajsek (2012). It places

the slow macro block before option-implied disaster risk and the financial and policy block
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after it:

cz ) 5y -pol]’
vy = [ACt, Aiy, Aye, T, P 1 Y ] ’

with p = 2 lags. Innovations to consumption, investment, output growth and inflation can
then move disaster-risk pricing within the quarter, and the disaster-risk shock, the fifth
orthogonalised shock, can move equity returns, the safe yield and policy on impact. The
ordering is the more conservative one here, because it does not assume that option-implied
disaster risk is predetermined with respect to same-quarter macro news. The second
ordering, from the uncertainty-shock approach of Basu and Bundick (2017), puts disaster
risk first:

BB __ . .pol]’
Yy = [Pt/ Yi, Ct, 1ty he, Py, my, L ] ’

with p = 4 lags. This risk-first ordering assumes that disaster-risk news is predetermined
within the quarter and can affect every other variable contemporaneously. In both
specifications, I orient the disaster-risk shock so that p; rises on impact. I then scale all
responses by s = 0.01/IRF,(0), with disaster probability in decimal units, so the plotted
responses correspond to a one-percentage-point increase in annual option-implied disaster
probability. Growth-rate and inflation responses in the Gilchrist-Zakrajsek ordering are
cumulated to level responses, and the log-level variables in the Basu—Bundick ordering
are reported in percent deviations. I construct confidence bands from a residual bootstrap
with 1,000 replications.

The recursive estimates show the same qualitative pattern as the max-share and
heteroskedastic designs. After a one-percentage-point rise in disaster risk, real activity
weakens, the price level softens, safe yields and risky valuations fall, and the policy
rate declines modestly. The pattern is clearest in the Gilchrist-ZakrajSek-style ordering
(Figure 18), where the disaster-risk shock is identified after removing contemporaneous
slow-moving macro and inflation innovations. Over the first eight quarters, output troughs
at about —0.09 percent, consumption at —0.08 percent and investment at —0.20 percent, and
the price level falls by about 0.02 percent. Over the same horizon, the 5-year yield and
the policy rate fall by about 6 and 6 basis points. Real equity valuations drop by roughly
1.4 percent on impact. At their troughs, the 90 percent bands of the output, consumption,
investment, yield and equity responses exclude zero.

In the Basu-Bundick risk-first ordering (Figure 19), output, consumption, investment,
hours and the price level all decline as well, and the policy rate troughs at about —0.11
percentage points. The result therefore holds under both recursive timing conventions. The
disaster-risk shock accounts for a sizeable share of the eight-quarter forecast-error variance

of risky valuations (about 35 percent of the real stock return in the Gilchrist-Zakrajsek

65



Disaster probability (0.82) Output (0.10) Consumption (0.08) Investment (0.10)

012 4 0.16 1

0.06 0.08 0.24

061 /——— /——
£ 0.00 B =
0.00 0.0
03
~0.06 4
024
-0.08 4 0

—0.12 4

pp

Price level (0.04) Stock return (real) (0.35) S-year Treasury yield (0.11) Policy rate (0.06)

0.08 7 0.03 4

[\/\ /\ 0.041
0.04 { 00 0.00 /_\
0.00
= = E
0.00 061 -0.03 4

pp

—0.04 4

~0.04 4 “ 0.06 7 —0.08

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Quarters Quarters Quarters Quarters

Figure 18: Recursive VAR responses to a disaster-risk shock: Gilchrist-ZakrajSek-style
ordering

Notes: Orthogonalised impulse responses from a quarterly recursive VAR in which consumption growth,
investment growth, output growth, and inflation are ordered before option-implied disaster risk, while
the real equity return, the 5-year Treasury yield, and the policy rate are ordered after it (1996Q1-2025Q2,
T =118, 2 lags). The shock is signed and scaled so that annual option-implied disaster probability rises by
one percentage point on impact. Horizons run from impact to 20 quarters. Growth and inflation responses
are cumulated to level responses. Dark and light shaded regions are 68% and 90% residual-bootstrap bands.
The number in parentheses in each panel title is the disaster-risk shock’s share of the forecast-error variance
of that equation at the eight-quarter horizon.

ordering) and of the policy rate (about 28 percent in the Basu-Bundick ordering). Its shares
of real activity are smaller, as in the other designs. Table 6 lists the signs of the responses

under all four identification schemes.

A.3 Historical evaluations of a risk-adjusted rule

I now ask how the risk-adjusted neutral rate changes the policy rate prescribed by a Taylor
rule, which also responds to inflation and the output gap. Figure 20 compares the realised
federal funds rate with the standard Taylor rule and with a version that replaces its fixed
neutral rate with my risk-adjusted estimate. Both rules use the real-time macroeconomic

inputs of Nakamura et al. (2025). In annual percentage units, the two rules are

i®=2+n? +05mY - 2) + 0.5,

(25)
iR’ = rr + n§4) + 0.5(7154) —2) + 0.5x,
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Figure 19: Recursive VAR responses to a disaster-risk shock: Basu-Bundick risk-first
ordering

Notes: Orthogonalised impulse responses from a quarterly recursive VAR in which option-implied disaster
risk is ordered first, followed by output, consumption, investment, hours, the price level, money, and the
policy rate (1996Q1-2025Q2, T = 118, 4 lags). The shock is signed and scaled so that annual option-implied
disaster probability rises by one percentage point on impact. Horizons run from impact to 20 quarters.
Log-level variables are reported in percent deviations; rates and disaster probability are in percentage points.
Dark and light shaded regions are 68% and 90% residual-bootstrap bands. The number in parentheses in
each panel title is the disaster-risk shock’s share of the forecast-error variance at the eight-quarter horizon.

4)
t

gap, or the real-time CBO gap when the Greenbook measure is unavailable. I use the
authors” original data over 1995Q1-2025Q1. The neutral-rate input is the smoothed
semi-structural estimate of Section 5.6, which uses observations through 2026Q2. Because

Here 7" is four-quarter GDP-deflator inflation and x}' is the real-time Greenbook output

the comparison combines real-time macro inputs with a retrospective neutral-rate estimate,
it does not test a rule that policymakers could have implemented with the information
they had at the time.

Full tracking changes the prescribed rate by exactly r} — 2 percentage points relative to
the standard rule. In 2008Q4, the standard rule prescribes 2.69% and the risk-adjusted rule
—5.07%, against a realised funds rate of 0.51%. The realised rate therefore lies between the
two prescriptions. It is easier than the standard rule but tighter than the risk-adjusted rule,
in line with the contractionary stance found in Section 5.6. Both prescriptions are negative
in 2020Q2, —3.58% under the standard rule and —7.02% with full tracking, against a funds
rate of 0.06%.
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Table 6: Responses to a disaster-risk shock across identification schemes

Emp/ Safe POhCY
Identification Output Cons. Inv. Hours Inflation yield rate Equity

Max-share - — - — - — _ _
Heteroskedastic SVAR  flat —_ — - - - - _
Cholesky: GZ-style - - — — - - - _
Cholesky: BB-style - - - - - _ _ _

Notes: The table reports the sign of the median response over the first two years to a shock that raises
annual option-implied disaster risk. The max-share shock is a unit structural innovation, and the
other designs are normalised to a one-percentage-point impact. A dash “—” marks a variable that the
specification does not include. In the heteroskedastic SVAR, output is monthly GDP and employment
is payroll employment; the safe yield is the 10-year minus 3-month term spread, which falls on impact
and reverts within six months.

A deviation from a Taylor-rule prescription and the real-minus-neutral gap in Section 5.6
assess policy against different benchmarks. The rule also responds to inflation and the
output gap, and here it uses real-time macroeconomic inputs. In 2020Q2, for example, the
real rate was 0.79 percentage points above the risk-adjusted neutral rate, but the funds rate
lay far above both rule prescriptions, because the rules respond to the collapse in output.

These calculations change only the neutral-rate intercept and hold the historical
macroeconomic path fixed. They do not measure the equilibrium or welfare effects of
following either rule, and the negative prescriptions need not have been feasible policy
choices. Appendix A.4 repeats the comparison for a balanced-approach rule with current-
vintage core PCE inflation, the CBO output gap and a larger response to the gap. It shows

that the prescriptions also depend on these conventional inputs and coefficients.

A.4 A balanced-approach rule comparison

To show how the rule comparison of Appendix A.3 depends on its conventional inputs, I

evaluate the balanced-approach rule
A =R AT+ 05(m - 2) + 70, mef2,rf) (26)

Inflation is the four-quarter change in the quarterly mean core PCE index, and the output
gap is 100(Y;/YSBO — 1), the percentage gap between real GDP and CBO potential GDP.
Relative to equation (25), the rule keeps the inflation coefficients and the smoothed neutral-
rate estimate but replaces the real-time inputs with current-vintage core PCE inflation and

the CBO gap, and it doubles the coefficient on the output gap from one half to one.
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Figure 20: Standard and risk-adjusted Taylor rules

Notes: Realised federal funds rate, the standard Taylor rule, and full tracking of the risk-adjusted neutral
rate. Both rules use the original real-time inflation and output-gap inputs of Nakamura et al. (2025)
over 1995Q1-2025Q1. Because the risk-adjusted rate is smoothed with observations through 2026Q2, the
comparison is retrospective. Neither rule imposes a lower bound or interest-rate smoothing. Recessions are
shaded.

Figure 21 plots both evaluations against the funds rate. The conventional inputs matter
on their own. With a fixed neutral rate, the balanced-approach rule prescribes 0.05% in
2008Q4, against 2.69% for the standard Taylor rule of Appendix A.3. As in that comparison,
the risk-adjusted neutral rate lowers the prescription markedly in the crises, to —7.71% in
2008Q4 and to —9.80% in 2020Q2 (against —6.35% with a fixed neutral rate). At 2026Q2,
the funds rate is 3.63%. Core PCE inflation of 3.38% and a CBO gap of 0.83 percentage
points imply rule rates of 6.89% with a fixed neutral rate and 6.14% with the estimated
neutral rate. Because the two rules differ by r} — 2 in every quarter, the difference comes
from the whole neutral-rate estimate, not only from its disaster-risk component.
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Figure 21: Historical balanced-approach rule comparisons

Notes: Quarterly funds rate and evaluations of equation (26) using a fixed 2% neutral rate or the smoothed
risk-adjusted estimate. Inflation and the CBO gap come from the data vintage downloaded on 16 September
2026. Recessions are shaded. Neither rule imposes interest-rate smoothing or a lower bound. The calculations
hold the economy’s historical path fixed, so they show what each rule would have prescribed, not how the
economy would have responded to it.

B Heteroskedastic SVAR for Disaster-Risk Shocks

Section 3.4 summarises a structural VAR (SVAR) identified by heteroskedasticity, and this
appendix gives the details. I adapt the framework of Brunnermeier et al. (2021) (henceforth
BPSS) to monthly data, with the option-implied disaster probability of Section 3 as the key
variable.

B.1 Data and transformations

I estimate the baseline heteroskedastic SVAR at monthly frequency over 1994M9-2025M8.
The vector of observables is

Yy = [Pt, x¢, Py, iy, TSy, EBP, Qt]//
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where p; is the option-implied annual disaster probability, x; is real activity, P; is the PCE
price index, i; is the policy-rate measure, TS; is the 10-year Treasury yield minus the 3-month
Treasury bill rate, EBP; is the excess bond premium of Gilchrist and Zakrajsek (2012), and Q;
is a real equity wealth index. Table 7 lists the variables and their transformations. Quantity
and price variables enter in log levels, while rates, spreads and disaster probabilities enter
in decimal units, so that a value of 0.01 corresponds to one percentage point. The real
equity variable is a CRSP total-return equity wealth index deflated by the PCE price index.
For the policy rate, I use the Wu-Xia shadow federal funds rate (Wu and Xia, 2016) until
the published series ends in June 2023, and the effective federal funds rate after that.

The baseline activity variable is industrial production, but the figures report the
responses of monthly GDP and employment. Each comes from an otherwise identical
system in which that variable replaces industrial production, while the financial and

nominal panels come from the baseline system.

Table 7: Monthly variables in the heteroskedastic SVAR

Variable Description Transformation
pt Option-implied annual disaster probability Level, decimal
Xt Industrial production / monthly GDP / employment Log level

Py PCE price index Log level

iy Policy-rate measure (shadow rate, spliced) Level, decimal
TS, 10-year Treasury minus 3-month Treasury bill Level, decimal
EBP, Excess bond premium Level, decimal
Qr Real equity wealth index Log level

B.2 Structural VAR

The empirical model is a structural VAR with n variables and p lags:

p
Aoyr=c+ Z AeYi—¢ + &, (27)
=1

where Ay is the contemporaneous structural matrix, A, are lag coefficient matrices, c is a

vector of constants, and ¢; is an n X 1 vector of mutually independent structural shocks. In
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the baseline specification, n = 7 and p = 6. The reduced-form representation is

p
yy=b+ Z Beyi—¢ + uy, up=Ay'er, Br=Ay'A;, b=Ajc (28)
=

The identification problem is to recover Ay, which maps reduced-form innovations into

orthogonal structural shocks.

B.3 Identification by heteroskedasticity

Following BPSS, identification comes from changes in the relative variances of structural
shocks across regimes. Let m(t) € {1,..., M} denote the variance regime at date t. The
structural shock covariance matrix in regime m is

Elese; | m(t) = m] = Ay, (29)

where A, is diagonal. The propagation matrices A, Ay, ..., A, are held fixed across
regimes, while the diagonal elements of A, vary across regimes. The implied reduced-form

covariance matrix in regime m is
T = Elusu, | m(t) = m] = Ay Au(ApYY . (30)

Changes in L, across regimes can therefore come only from changes in the relative

variances of the orthogonal structural shocks. For two regimes i and j,
L) = AN AT (31)

so the eigenvalues of ;'Y; are the ratios of structural variances across regimes, and its
eigenvectors recover the rows of Ay, up to sign and permutation, provided that different
structural shocks have distinct variance profiles. Scale is fixed by the normalisation

M

1 Z

M 1/\k,m:1; kzl,...,n, (32)
m=

where Ay, is the k-th diagonal element of A,,, so that the average structural variance of

each shock equals one across regimes.
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The baseline model uses M = 6 variance regimes:

1994M9-2001M12, late 1990s/dot-com period,

2002M1-2007M7,  pre-crisis low-volatility period,

2007M8-2010M12, Global Financial Crisis,

2011M1-2019M12, post-crisis recovery,

2020M1-2021M12, COVID and renewed effective-lower-bound period,
2022M1-2025M8, inflation surge, then tightening and easing.

AN e e

The dates need not capture every shift in volatility, because identification requires only that
the average relative variances of the structural shocks differ across regimes. A misdated
boundary would therefore weaken identification and widen the posterior bands, rather

than generate the results.

B.4 Fat-tailed structural shocks

In the preferred specification, the structural shocks are Student-t, as in BPSS. Fat tails
matter because the crisis observations in disaster probability, credit spreads and equity
prices are large, and a Gaussian model can give them too much weight. The Student-t

specification can be written as a scale mixture of normals:
et | Sk, m(t) =m ~ N, Agmsir), — Ske ~ IG(v/2,v/2), (33)

so that marginally ¢, ~ f,. I use the BPSS calibration, v = 5.70. With fat tails, a large
isolated shock can be a draw from the structural distribution itself, so the model need not

explain it entirely through persistent regime-level volatility.

B.5 Bayesian estimation

I estimate the model with the BPSS Bayesian procedure. I first compute the Gaussian
posterior mode and then use it to start the posterior simulation under Student-t errors. The
parameter vector includes Ay and the lag matrices Ay, ..., A,, as well as the regime-specific
variance factors A,, and the scale-mixture terms sy ;.

The priors are those of BPSS. Elements of Aj have diffuse Gaussian priors centred on a
scaled identity matrix, and the lag coefficients a Minnesota-style prior. The variance factors
have a Dirichlet prior that enforces the average-variance normalisation in equation (32).
I generate posterior draws by Gibbs sampling and compute impulse responses for each
draw. The figures plot the posterior median at each horizon, with 68 percent posterior
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bands. These bands come from a single chain of the adapted BPSS sampler, without formal
multi-chain convergence diagnostics, but the qualitative conclusions are the same at the
Gaussian posterior mode and across the activity-variable variants.

B.6 Shock labelling

Identification through heteroskedasticity recovers structural shocks only up to sign and
permutation, so I label the shocks ex post by their impact responses. With IRF; ;(h) the
response of variable i at horizon h to structural shock j, the disaster-risk shock is

jpr = arg m]ax IIRF, ;(0)I, IRF,;,,(0) > 0, (34)

with the sign normalised so that disaster probability rises. The signs of the output, price,

equity and policy responses to the disaster-risk shock are estimated rather than imposed.

B.7 Scaling

I scale the disaster-risk shock to raise annual disaster probability by one percentage point
on impact. Let IRF, pr(0) be the impact response of disaster probability to the identified

disaster-risk shock, where disaster probability is measured in decimal units. Define

0.01

— " IRF;pr(h) = spg IRF; pr(h). 35
IRFp,DR(O) ,DR( ) DR ,DR( ) ( )

SDR

The figures plot 100 IRF; pr(h), which is approximately a percent deviation for log-level
variables and a percentage-point change for rates, spreads and disaster probability. I
construct the inflation response from the price-level response: because P; enters in logs,
the annualised monthly inflation response is

IFEI/:H,DR(I’Z) = 1200 [ﬁlogRDR(h) - ﬁlogP,DR(h - 1)] , (36)

with the impact response defined relative to the pre-shock price level.

B.8 Forecast-error variance shares

Let ©;, denote the structural moving-average coefficient at horizon £, so that

h
Yien — Etyt+h = Z OsE4h—s-
s=0
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The share of the H-month-ahead forecast-error variance of variable i due to the disaster-risk
shock is

FE Vi,DR (H ) =

, (37)
n wH-1{(, 2
where ¢; selects variable i and epr selects the disaster-risk shock. The figures report two
summaries of these shares: their average over horizons H from 6 to 32 months, and the

share at the 24-month horizon.

B.9 Responses to a disaster-risk shock

Figure 22 reports the responses. The first panel shows a persistent but transitory increase
in disaster risk: a one-percentage-point rise in annual disaster probability decays gradually
over the 20 months shown. Financial variables respond immediately. Real equity wealth
falls by roughly 1.0 percent on impact, and the excess bond premium rises by about 2 basis
points and is back at its pre-shock level within about six months. In the model, higher
perceived disaster risk raises the compensation investors require for holding risky claims
and so lowers their prices, and these responses are consistent with that channel. Credit
conditions tighten as well. The contraction in activity is moderate and builds gradually.
Employment declines by about 0.06 percent after one year and 0.09 percent after 20 months,
with posterior bands that exclude zero, while monthly GDP is approximately flat with
wide posterior bands.

The nominal responses point to a demand shock rather than a negative supply shock,
which would raise inflation as output falls. The price level instead falls for most of the
first year, and the inflation response is negative on impact and partly reverses as the price
level recovers. This pattern fits a risk-premium shock that contracts aggregate demand
through asset prices, wealth and credit premia. The max-share evidence shows the same
pattern, but here it arises without any ordering imposed between disaster risk and financial
conditions. The policy rate declines by about 2 basis points and remains below its pre-shock
level for roughly the first year, with a 68 percent band that excludes zero over that window.
The response is small and grows more uncertain at longer horizons, so I read it as evidence
of modest monetary accommodation, not as an estimate of a policy rule. Its sign agrees
with the mechanism of the paper, in which higher disaster risk lowers the neutral rate.

The forecast-error variance shares qualify this interpretation. The disaster-risk shock
explains about 72 percent of the variation in the disaster-probability series itself, but only a
few percent of the variation in activity, equity prices, credit premia, prices and the policy

rate. At monthly frequency, the shock therefore moves the economy in the direction the
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model predicts but is a mild disturbance, not a dominant source of business-cycle variation.
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Figure 22: Responses to a disaster-risk shock: heteroskedastic SVAR

Notes: Posterior median responses to the disaster-risk shock identified in the heteroskedastic SVAR (1994M9-
2025M8), scaled to raise annual option-implied disaster probability by one percentage point on impact.
Horizons run from impact to 20 months, and shaded areas are 68% posterior bands. Quantity and price
variables are in percent deviations, and rates, spreads, inflation and disaster probability in percentage points.
Only the monthly GDP and employment panels come from the activity-variant systems. In each panel
title, the first number in parentheses is the disaster-risk shock’s forecast-error variance share averaged over
horizons of 6 to 32 months, and the second its share at the 24-month horizon.

B.10 Policy-rate splice

The baseline policy series switches from the Wu—Xia shadow rate to the effective federal
funds rate in July 2023, after the published shadow rate ends. By then the funds rate was
already above five percent. Because the two rates differ by about one percentage point at the
join, the splice introduces a step in the policy series. I therefore re-estimate the baseline and
both activity-variant systems with a policy series that uses the shadow rate only in months
when the funds rate is below 25 basis points and the funds rate otherwise (Figure 23).
The disaster-probability, equity, credit-spread, price-level and inflation responses are
unchanged. The policy-rate easing is smaller and shorter-lived (about —1.2 basis points
after six months, and back to zero within a year), and the employment decline disappears.

The baseline activity and policy responses are therefore sensitive to the splice, but the
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financial and nominal evidence is not.
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Figure 23: Impulse responses to a disaster-risk shock: lower-bound-only shadow rate

Notes: As in Figure 22, except that the policy-rate measure is the Wu—Xia shadow rate only in months
when the effective federal funds rate is below 25 basis points and the effective federal funds rate otherwise
(1994M9-2025M8). Horizons run from impact to 20 months.
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C Alternative Measures of Financial Market Stress

This appendix extends the comparison in Figure 11 of Section 5.4 with two other indicators
of financial-market stress, the VIX and the excess bond premium (EBP) of Gilchrist and
Zakrajsek (2012), and with alternative policy rules. The VIX and EBP figures retain their
longer plotting windows. As in Figure 11, the Taylor-rule prescription is the standard
Taylor rule of equation (25), evaluated with the real-time inflation and output-gap data of
Nakamura et al. (2025).

C.1 The VIX

Figure 24 replaces disaster probability with the VIX. The VIX measures the 30-day implied
volatility of S&P 500 index options and is often read as a forward-looking indicator of

market uncertainty and risk aversion (Bloom, 2009).
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Figure 24: The federal funds rate, the Taylor rule and the VIX

Notes: The figure plots the effective federal funds rate, the prescription from the original Taylor (1993) rule
using real-time data, and the VIX (monthly average). The VIX measures the implied volatility of S&P 500
index options and is obtained from the CBOE. The NBER-dated recession (December 2007-June 2009) is
shaded.

The VIX fluctuated between 10 and 15 through mid-2007, rose in the summer of 2007 as
turmoil emerged in the subprime mortgage market, and moved mostly in the 20-30 range
until September 2008. After the collapse of Lehman Brothers, its monthly average rose
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above 60, peaking in November.

The sustained rise in the VIX began as the Federal Reserve started cutting rates, although
inflation and the output gap called for little easing (Figure 26). Its timing, together with the
growing gap between the federal funds rate and the Taylor-rule prescription, is consistent
with the Federal Reserve responding to financial-market stress in addition to inflation and
the output gap.

C.2 The excess bond premium

Figure 25 replaces disaster probability with the EBP, the component of corporate bond
spreads that expected default risk does not explain. The EBP therefore measures the
compensation investors demand for bearing corporate credit risk. Gilchrist and Zakrajsek
(2012) show that it predicts contractions in output, investment and employment, with
information that standard financial indicators such as stock prices and the slope of the
yield curve do not contain.
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Figure 25: The federal funds rate, the Taylor rule and the excess bond premium

Notes: The figure plots the effective federal funds rate, the prescription from the original Taylor (1993) rule
using real-time data, and the Excess Bond Premium (EBP) from Gilchrist and Zakrajsek (2012). The EBP is
the component of corporate bond spreads orthogonal to expected default risk, and so measures risk premia
in credit markets. The NBER-dated recession (December 2007-June 2009) is shaded.

The EBP shows the same timing as disaster probability and the VIX. It was negative in
the first half of 2007, began rising in mid-2007 and reached approximately 1 percentage
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point by early 2008. After the collapse of Lehman Brothers, it rose to its highest level in the
series.

As with the VIX, the EBP rose as the Federal Reserve departed from the standard Taylor
rule, so policymakers may have been responding to credit-market stress as well as to
equity-market volatility. All three measures rose from mid-2007, before the inputs to the
standard Taylor rule called for aggressive monetary easing.

C.3 Alternative Taylor rules

Figure 26 plots the two inputs to the standard Taylor rule, real-time GDP-deflator inflation
and the real-time output gap, over the crisis window. Through 2007, inflation was above
target and the output gap was positive; the gap turned negative only in 2008, and only
modestly until the second half of that year. Neither input therefore called for the aggressive
easing that the Federal Reserve delivered from late 2007.

Figure 27 shows that the shortfall of the federal funds rate below the rule is not specific
to the original Taylor rule. From late 2007 through the third quarter of 2008, all five
standard rule variants prescribe a rate above the federal funds rate.
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Figure 26: Inputs to the Taylor rule: inflation and the output gap
Notes: The figure plots real-time four-quarter GDP-deflator inflation and the real-time output gap (the

Greenbook estimate, or the real-time CBO estimate where the Greenbook estimate is unavailable) from
Nakamura et al. (2025). The NBER-dated recession (December 2007-June 2009) is shaded.
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Figure 27: The federal funds rate and alternative Taylor rules

Notes: The figure plots the observed federal funds rate against five standard Taylor rule variants: the original
Taylor (1993) rule, the balanced-approach rule, the effective-lower-bound-adjusted rule, the inertial rule, and
the first-difference rule. The prescriptions are taken from Figure 1 of the Federal Reserve Board’s web page

“Policy Rules and How Policymakers Use Them”. The NBER-dated recession (December 2007-June 2009) is
shaded.
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D Quantitative Analysis: Estimation and Other Results

This appendix documents the estimation of the model in Section 5.1 and reports additional
results for Section 5.

D.1 Measurement and the likelihood

The estimation uses five quarterly series over 1986Q1-2026Q2: GDP, CBO potential output,
GDP-deflator inflation, the federal funds rate and the option-based disaster probability,
which is available from 1994Q4 to 2025Q2. Model quantities are evaluated at the end of
each quarter. The filter observes GDP growth and the gap between CBO potential output
and GDP rather than their levels:
£
Ay = 3/4+ - gsds + Ag(a" + x +d), +e! — ety_m,
cbo; —yi = —x;—di + ¢ — e,

where Ajh; = hy — hy_14 and d, is a discrepancy between measured and model output that
follows a quarterly first-order autoregression with coefficient 0.5. Inflation and the disaster
measure are observed with noise, nfbs ="+ + efandp, =p+ &+ ef , and so is the
funds rate, ifbs =i+ elt', when it exceeds 25 basis points. In the 36 quarters in which the
funds rate was at or below 25 basis points, the observation contributes only the probability
that the model’s policy rate lies below that threshold,

0.0025 — i;
\/S7+ hf’t/12

where s; is the standard deviation of the measurement error and hz.2 ;/12 the variance of the

log @

approximation error in the model’s policy rate.

I evaluate the likelihood with a filter that uses the same discrete approximation of the
state space as the solution of the model. Between quarters, the distribution of the states
(@, &, g, 1) evolves according to the model’s transition probabilities, including disasters. In
the solution, the disaster intensity of (16) is bounded between Apin = 0.24% and Apax = 5%
a year, which keeps it within a plausible range in states of very low or very high risk.
Conditional on these states, the output discrepancy, the growth of the trend over the quarter
and the previous quarter’s output level are jointly normal. Their means and variances

are updated with each quarter’s observations, and their distribution is collapsed to its
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Figure 28: The likelihood and the weight on the neutral rate

Notes: Log likelihood at each value of w, holding the other parameters at their estimates. The vertical line
marks the estimate, the dashed line the maximum less 1.92, and the shaded band the values of w within it.

first two moments for each value of the states before it is carried forward. The variance of
each observation also includes the error from approximating the corresponding model
quantity. The growth equation treats the previous quarter’s GDP measurement error as a
new draw. This approximation simplifies the filter, and it matters little because that error
has a standard deviation of only 0.2 percent.

The measurement errors of the CBO gap and the funds rate are bounded below at 10
basis points, the smallest error with which quarterly averages measure end-of-quarter
model quantities; both estimates lie at this bound. The noise in the disaster measure
is fixed at the approximation error of the disaster-risk state. The innovation of the
output discrepancy has an estimated standard deviation of 1.18 percent a quarter, and the
measurement error of inflation one of 1.43 percentage points.

Figure 28 shows the log likelihood as a function of w, holding the other parameters
at their estimates. The interval in Table 2 contains the values within 1.92 points of the
maximum. Because it holds the other parameters fixed, it is a conditional interval rather
than a full profile. The likelihood is nearly flat in the size of the policy shock, whose
standard error exceeds its estimate: with shocks of about 5.7 basis points, the data say little
about their size.
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D.2 Model and data moments

Table 8 compares the estimated model with 21 moments of the data over 1994QQ4-2025Q2.
Of the 21 moments, 12 lie within two bootstrap standard deviations of the data. Among
the asset-price moments, only the volatility of the safe return lies outside this range: the
model’s safe return is much smoother than in the data. The mean safe return is higher in
the model, 0.28 against 0.09 percent a quarter, but within the sampling uncertainty of the
data. The table also reports the mean dividend yield, which is not among the 21 moments.
It is much higher in the model, about 6.2 percent a year against 1.8 percent in the data,
so the model values equity low relative to its dividends. The main shortfall concerns the
dynamics of the policy rate. The estimated rule adjusts quickly, so the model’s funds rate
is less persistent than in the data, 0.91 against 0.98, and its changes are less autocorrelated,
0.39 against 0.69. The model’s funds rate also moves less overall and more closely with
inflation. Inflation is less volatile in the model than in the data, with a standard deviation
of 0.27 against 1.46 percentage points, and the measurement error in inflation absorbs most

of the variation in measured inflation.

D.3 The onset of the financial crisis

Section 5.4 fits a single disaster-risk shock to the onset of the financial crisis. The shock
shifts log disaster intensity by 6 from a date 7 in 2007Q3 onwards and then decays with a
two-year half-life. Starting from the 2007Q2 state with the funds rate at 5.25%, I choose
6 €[0,0.80] and 7 € [0, 0.5] years to minimise the sum of squared differences between the
six observed and model changes, in detrended private output, log(C + I), and the federal
funds rate from 2007Q2 to each of the next three quarters, each scaled by the standard
deviation of the observed changes in that variable. The model changes are quarterly
averages of the expected responses under the estimated rule, with every parameter at its
estimate. The counterfactual applies the fitted shock from the same state under the same

rule with w = 0.

D.4 Mean-preserving news and a realised disaster

Figure 29 repeats Figure 10 for the mean-preserving disaster-risk shock, which raises
productivity growth between disasters to keep expected growth unchanged. The neutral
rate falls by 96 basis points on impact, and the responses have the same shape as under the
shock with a fixed drift. Under the standard Taylor rule, the output gap falls by 0.39 log

percentage points on impact, against 0.20 under the estimated rule.
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Table 8: Model and data moments

Moment Data Model Distance
Equity return, SD 8.75 8.80 0.06
Safe return, mean 0.09 0.28 1.12
Equity excess return, mean 1.81 1.95 0.20
Safe return, SD 0.67 0.19 —4.43
Safe return, autocorrelation 0.89 0.89 0.11
GDP growth, SD 1.17 1.06 -0.27
GDP cycle, SD 1.31 1.56 0.81
Inflation, mean 2.17 2.05 -0.43
Inflation, SD 1.46 0.27 -3.22
Inflation, autocorrelation 0.69 0.92 1.60
Disaster measure, SD 5.81 5.09 -0.72
Disaster measure, autocorrelation 0.73 0.82 2.06
Funds rate, mean 2.55 3.16 0.92
Funds rate, SD 2.26 0.98 -5.91
Funds rate, autocorrelation 0.98 0.91 -8.03
Funds rate, fourth autocorrelation 0.79 0.52 -2.77
Funds-rate change, autocorrelation 0.69 0.39 —4.42
Growth and funds rate, correlation 0.11 0.04 —0.66
Funds rate and inflation, correlation -0.00 0.87 4.20
Rate change and lagged growth, correlation 0.14 0.01 -1.14
Rate change and lagged inflation, correlation ~ 0.33  —0.09 -2.67
Dividend yield, mean log —-4.01 -278 26.25

Notes: Data cover 1994Q4-2025Q2. Means and standard deviations are in percent: returns and GDP
growth are quarterly, inflation and the funds rate annual; the GDP cycle is HP-filtered log GDP. The
distance is the difference between model and data divided by the bootstrap standard deviation of the
data moment. Model moments are computed as in Table 3. The dividend yield, the log of trailing
twelve-month real dividends divided by the current real ex-dividend price, is not among the 21 moments;
its data cover 1995Q3-2025Q)2, and its distance uses a moving-block bootstrap of the data mean.

Figure 30 shows the responses to a realised disaster from the steady state, which lowers
productivity by 25% and raises the disaster intensity from 3.0% to 4.55% a year. The
expected recovery of productivity offsets the higher intensity, so the neutral rate changes
little on impact, and it is 43 basis points higher after two years. A rule that does not track it
therefore leaves policy too loose. Under the standard Taylor rule, inflation rises by 88 basis
points on impact and is still 87 basis points above target after five years, against 39 and
33 basis points under the estimated rule. The output gap barely moves under any rule,
because the disaster lowers productivity, and with it the natural level of output, as well as

actual output.
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Figure 29: Monetary responses to a mean-preserving disaster-risk shock

Notes: As in Figure 10, except that productivity growth between disasters rises to keep expected growth
unchanged.

D.5 Comparisons with other measures

I first explain why the two risk-adjusted neutral rates differ in the financial crisis. I then
compare them with other short-run and longer-horizon estimates of the US neutral rate,

and with measures of monetary policy. The comparison runs from 1995Q1 to 2025Q2.

The model and the semi-structural estimate. The two risk-adjusted estimates differ
most when the option-based probability is far above its mean (Figure 14). In the model,
the disaster intensity cannot exceed Am.x = 5% a year. With productivity and trend
growth at the steady state, the intensity reaches this level once the option-based probability
exceeds 11.0%. As the measure rises from its mean to that level, the model’s neutral rate
talls from 1.18% to —0.13%, or by 27.6 basis points per percentage point on average, the
loading reported in Section 5.6. Beyond it, the model’s neutral rate barely responds to
the measure, while the semi-structural loading applies at any level. The option-based
probability reached 36.6% in 2008Q4, which is one reason the semi-structural estimate fell
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Figure 30: Monetary responses to a realised disaster

Notes: A disaster at date zero lowers productivity by 25% from the steady state. Responses average over
subsequent shocks and are measured against each rule’s own path without the disaster. Units are as in
Figure 10. Full tracking sets w = 0.99.

much further than the model’s.

Short-run neutral rates. Figure 31 compares my estimates with the short-run neutral
rates of Curdia et al. (2015) and Del Negro et al. (2017b), and with the Laubach-Williams
estimate. All four short-run rates turn negative in the financial crisis, while the Laubach-
Williams estimate stays positive. In 200804, the semi-structural rate is —5.76% and the
model’s rate —1.25%, against —2.49% for Curdia et al. and —2.59% for Del Negro et al.
The Laubach-Williams estimate is still 0.73%. My estimates therefore agree with these
structural benchmarks that the short-run neutral rate fell below zero in the crisis, but not
on how far it fell.

Differences are larger in the pandemic. In 2020Q2, the two risk-adjusted rates are
—1.45% and —1.18%, whereas the updated Del Negro et al. series falls to —30.80%, far

outside the range of the other estimates. The Ctrdia et al. series ends in 2016 and does not
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Figure 31: Risk-adjusted and published short-run neutral rates

Notes: Annual percent, 1995Q1-2025Q)2. Recessions are shaded. My estimates are those of Figure 14. Ctirdia
et al. is the authors’ 2016 update, which ends in 2016Q3. Del Negro et al. is the May 2026 update; its 2020Q2
value of —30.80% lies below the plotted range. Laubach-Williams is the current two-sided estimate.

cover the pandemic. The estimates also differ in what they measure. Del Negro et al. focus
on the convenience yield that investors attach to the safety and liquidity of Treasuries,
and Curdia et al. estimate the efficient rate of interest, the real rate in a counterfactual
economy free of nominal rigidities and other distortions. My estimates instead show how
risk moves the neutral rate.

Long-run rates. Figure 32 compares my estimates with longer-horizon benchmarks: the
US estimate of Holston et al. (2017), the trend rate of Del Negro et al. (2017b), and the
estimates of Lubik and Matthes (2015) and Christensen and Rudebusch (2019). These
benchmarks describe where the real rate is expected to settle once temporary shocks have
passed. The Lubik-Matthes estimate, for example, is a five-year-ahead real rate, and the
Christensen—-Rudebusch estimate is the expected average short real rate five to ten years
ahead, inferred from inflation-indexed debt. My estimates instead measure a short-run
neutral rate, which moves with current risk, so they diverge from these benchmarks
whenever risk is high.
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Figure 32: Risk-adjusted neutral rates and longer-horizon benchmarks

Notes: Annual percent, 1995Q1-2025Q2. Recessions are shaded. My estimates are as in Figure 31. Holston et
al. is the current US estimate, with the COVID adjustment of Holston et al. (2023); Del Negro et al. is the 2017
trend estimate, which ends in 2016Q4; Lubik-Matthes uses the revised prior of Lubik and Matthes (2023);
and Christensen—Rudebusch is available over 1998Q2-2016Q4.

The gap persists after the financial crisis. Over 2010-2019, the semi-structural rate
averages 0.58% and the model’s rate —0.14%, against 0.92% for Holston et al. and 1.06% for
Lubik-Matthes. The model’s rate stays near or below zero through much of the recovery,
even though its crisis trough is shallower than that of the semi-structural estimate.

Monetary-policy measures. Figure 33 compares my neutral rates with two measures
of the policy setting, both converted into real rates with the same inflation adjustment as
in Section 5.2. The federal funds rate is the conventional proxy, but it stops at zero. The
shadow rate of Wu and Xia (2016) also picks up asset purchases and forward guidance
at the lower bound. Both measures describe the setting of policy, whereas my estimates
describe the benchmark against which that setting is judged. The gap between the two
gives the stance. In the financial crisis, both measures lie above the semi-structural estimate,
so policy was contractionary relative to it on either measure.
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Figure 33: Risk-adjusted neutral rates and real-policy proxies

Notes: Annual percent, 1995Q1-2025Q2. Recessions are shaded. My estimates are as in Figure 31. Each
real policy rate is the quarterly mean nominal rate minus four-quarter trailing GDP-deflator inflation. The
Wu—Xia shadow rate ends in 2023Q2.

D.6 The semi-structural model

The state-space model of Section 5.6 builds on Laubach and Williams (2003). Its state
vector is s; = (v, g7, zt,EE,Xt, x¢)': log potential output, annual trend growth, a persistent
residual component of the neutral rate, the option-implied variance and disaster indices,
and the output gap in percentage points. The neutral rateis 7} = a; + g +z,— 0 1Ay as in
(24); the variance index is filtered but does not enter the rate. The tildes distinguish the
option-based indices from the physical risk of the structural model. In this linear Gaussian
system, they are unbounded indices rather than probabilities. The states follow

yr =y + 8 /4 +, & =g+,
Zr = P2zi-1 + 175, Ay =0.002 + padig + 17?, (38)
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with the variance index following the same first-order process around a long-run mean of

0.01. Aggregate demand follows the IS equation

Xt = ayXe_1 + 100&17(1’&1 -1+ 13, a,=08, a =-04, (39)
in which a real rate above the neutral rate lowers the gap in the next quarter. The real-rate
input is the quarterly mean funds rate minus the four-quarter trailing mean of GDP-deflator
inflation, the proxy of Section 5.2. I fix p, = 0.995 and p, = p, = 0.9, so the long-run mean
of the disaster index is 0.02, and the intercept is a; = 0.0168 + 0.020,, which holds the
neutral rate at the indices’ long-run means fixed when the loading changes.

The observations are log GDDP, the change in GDP-deflator inflation, the squared VIX,
the option-based disaster probability and log CBO potential output, each with its own
measurement error, and the filter uses only the entries observed at each date. Log GDP
equals potential plus the gap, and the two indices are observed with noise. The change
in inflation equals xx; with ¥ = 0.0015, so constant inflation is consistent with a zero
gap. I estimate 0, by Gaussian maximum likelihood over 1986Q1-2026Q2, together with
seven standard deviations: those of the innovations to potential output, the gap and
the two indices, and of the measurement errors in inflation and the two indices. The
innovation standard deviations of trend growth and the residual component, and the
measurement errors of GDP and CBO potential, are fixed. I report smoothed estimates. The
90 percent interval for 0, in Section 5.6 is a model-based bootstrap. The bands in Figure 14
are conditional on the estimated parameters and exclude parameter and specification
uncertainty. The likelihood does not use the published Laubach-Williams estimate.
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E Main Derivations

This appendix gives the main steps behind the results of Sections 2 and 4. The full
arguments, with the regularity conditions and the general-EIS case, are in the Online

Appendix.

E.1 The two-period model

The equity premium and the neutral rate. With the preferences in (3), the household’s

stochastic discount factor is ~
ePeocy”

Elc; "]’

and both assets satisfy E[Me”'] = E[M]e”’ = 1. In equilibrium ¢; = z; = Q¢"". Dividing
one pricing condition by the other removes the scale of M and leaves a relation between

exponential moments of the equity return,
E[e"] = ¢’ E[e7"].

Taking logarithms and using ¢,+(6) = ¢(0) — 6log Q gives the safe rate, r/ = c¢g(1 —y) —
co(—y) —log Q. Subtracting it from the log expected equity return, log E[¢”'] = ¢5(1) —log Q,
gives the premium W = c5(1) + cg(—y) — cg(1 — y) and the price logQ = ¢ — ' — W of
Theorem 1. Output then follows from (5): log yo = p +logQ = (¢ + p — W) — #f, so output
is at potential when v/ = r* = ¢ + p — ‘W, as Proposition 2.1 states.

Two properties of the premium follow directly. First, writing each CGF as its cumulant
series and adding the three evaluations gives W =} ., Yk, with Y, = [1 + (=y)" = (1 —
y)']/n!, the expansion in (7). Because the first-order term cancels, a shift in mean growth

does not change the premium. Second, a CGF is convex, so its derivative is increasing and

1
W = fo |cc(s) = cis = )] ds = 0,

with strict inequality whenever output growth is risky. Online Appendix A .4 gives the
moment conditions and the equilibrium selection behind the pricing equalities.

E.2 The quantitative model

The neutral rate (Proposition 4.1). Let V; = exp(a’ + v;) denote certainty-equivalent
consumption, so that continuation utility is U; = th_y/ [(1 —y)p]. With a unit elasticity of
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intertemporal substitution, the aggregator of Section 4.1 implies the stochastic discount
factor
M; = exp f fu du CO “;; )1 y,

where f; is the derivative of the aggregator with respect to continuation utility. Marginal
utility therefore depends on continuation value as well as on consumption. When y > 1, a
state in which V is low is valued more highly than its consumption alone implies. Because
households can trade the safe bond, the drift of M; must equal —r:M;. Applying It0’s
formula with jumps to M;, and using the equation for v; to eliminate fi;, gives the safe rate
at any allocation,

IE:[dc
vy = p + t([it t] - % (')/ 1)06 t0ypt — At[]c,t + e(l_y)]”'f(e_]"t - 1)], (40)

where 0. and o, are the exposures of log consumption and of v; to ordinary productivity
shocks, and J.; and [, are their changes in a disaster. The expected change in consumption
includes the expected loss from disasters, A;J.;, which the last bracket removes. At the
natural allocation, C; = Ay, s0 0. = 04, Jc = Ja, 0y = 0400} and |, = Ajv}, and expected
consumption growth equals expected productivity growth. Substituting these into (40)
gives (17) with the risk adjustment (18). The same identity also yields the IS relation (21),
as the difference between (40) at the actual allocation, where ¢; = log A; + x; — log Wy, and
at the natural allocation. Online Appendix D.5 gives the equation for v" and the proof that

it is linear in trend growth.

The Phillips curve. Firm j chooses its own inflation rate m;(j), which moves its relative
log price q; = log(P:(j)/P:) at rate 11,(j) — 7. Its value J solves a Bellman equation whose
flow payoff is real profits net of adjustment costs, Y;[e1M — mce™1 — (n(j) — 7*)*/(2n)],
where mc; is real marginal cost net of the subsidy, and in which future payoffs are valued
with M;. The first-order condition for () equates the marginal adjustment cost to the
marginal value of a higher relative price, J, = Y;(m,(j) — *)/1. Differentiating the Bellman
equation with respect to g and imposing symmetry, 4 = 0 and n(j) = &, gives

E2[d(Y7)]

i + nYt[e me; — (e — 1)],

1Y =
where IEE2 is the expectation under the pricing measure defined by M;. Under this measure,

Y;m;, which is proportional to the marginal value of a higher relative price, is priced like

an asset that earns the safe rate and pays a flow proportional to the gap between marginal

93



cost and its flexible-price level.

Two substitutions turn this equation into (22). The first changes the measure. Writing
Y, = W,C; and dividing by C; converts discounting with M, into the continuation-utility-
weighted expectation [E? of the main text: &; = e”’M,C;/Cy is a martingale whose increments
load only on the shocks to v;, so it is the change of measure that weights states by
continuation utility. The second replaces marginal cost. Labour supply (14), the subsidy
and Yi/A; = L, = e give “Smc, = 19 /W, so the flow becomes n(e — 1)[e™ " — W],
Around the natural allocation, W; ~ 1 and e*?% — 1 ~ (1 + ¢)x;, which gives the slope
Kk =1n(e —=1)(1+¢) in (23). Online Appendix D.6 gives the Bellman equation and the change

of measure in full.

The welfare measure. Households’ flow of utility from consumption and hours is
st = log Ct—sz/(l +¢). Inthenatural allocation, L; = 1and C; = A, sos} = log A;—1/(1+);

under a rule, C; = A;e™ /W, and L, = ¢*. The flow loss relative to the natural allocation is

therefore Lo _,
e+o)xe _q TT
di =5} —s = T+ —xt—log(l—ﬁ)zo, 41)

which is zero only when both gaps are zero. The first two terms measure the labour-market
distortion, and the last term measures the resources used in price adjustment. With a unit
elasticity of intertemporal substitution, scaling consumption by a constant b at every date
and state adds log b to s; and to v, so certainty-equivalent consumption is homogeneous
of degree one in consumption. The share of natural consumption that households would
give up to be indifferent between the natural allocation and the rule is therefore

CE =1 - exp{-(v" —v)},

the measure reported in Table 5, with v" and v evaluated at the same state. Expanding
(41) to second order gives d; ~ (1 + @)x? + */(21), the flow loss displayed in Section 5.5.
To this order, the lifetime loss is the discounted sum of these squared gaps, with states
weighted by continuation utility in the natural allocation. Risk aversion therefore changes
the weight on bad states, but not the relative weight on inflation and output gaps. Online

Appendix D.13 gives the exact loss equation and the approximation error.
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