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Abstract

I estimate a medium-scale Heterogeneous-Agent New Keynesian model where the effects

of household heterogeneity are encapsulated in a wedge within the Euler equation. Estimat-

ing the model enables the computation of this wedge over the past decades, facilitating an

investigation into how individual risk and precautionary savings evolve throughout the busi-

ness cycle. By comparing the estimated wedge with empirical measures of individual risk, I

demonstrate that the model captures realistic dynamics of individual risk and precautionary

savings. Notably, the estimated wedge shows a strong correlation with unemployment during

normal times. Furthermore, incorporating this wedge into an otherwise standard macroeco-

nomic model significantly enhances the fit of macroeconomic time series, underscoring the

importance of idiosyncratic risk in shaping business cycles.
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1 Introduction

In this paper, I estimate the contribution of cyclical idiosyncratic risk and associated precautionary

savings to aggregate fluctuations. My framework of analysis is a medium-scale Heterogeneous-

Agent New Keynesian (HANK) model with rich cross-sectional heterogeneity, based on Acharya

and Dogra (2020) and Acharya et al. (2023), in which the contribution of precautionary savings

to aggregate demand is summarized by a wedge in the aggregate Euler equation. This feature

allows me to isolate the role of time-varying precautionary savings for aggregate dynamics and to

compare how alternative popular measures of idiosyncratic risk fare in terms of model fit.

My estimation strategy differs from the recent contributions of Auclert et al. (2020) and Bayer

et al. (2024), who also estimate medium-scale HANK models. In conventional HANK frameworks

such as theirs, uninsured idiosyncratic risk generates not only a precautionary saving motive

but also high-MPC agents. As a result, redistribution, profit allocation, and income cyclicality

jointly interact with precautionary savings in shaping consumption dynamics. By contrast, the

distinctive feature of my approach is that it isolates and quantifies the cyclical strength of the

precautionary savings channel. To this end, I use a Representative-Agent New Keynesian (RANK)

model—where the precautionary motive is shut down—as a benchmark. Introducing cyclical

precautionary savings into this framework substantially improves the model’s empirical fit relative

to the benchmark. Furthermore, the estimated cyclical variation in precautionary savings closely

tracks standard measures of idiosyncratic risk, such as unemployment risk.

The primary contribution of this paper is to quantify the effects of idiosyncratic risk on pre-

cautionary savings over recent decades using the CARA-Normal framework and to compare the

results with empirical measures of individual risk. Developed by Acharya and Dogra (2020) and

Acharya et al. (2023), this framework rests on two key assumptions: idiosyncratic income shocks

are normally distributed, and households exhibit Constant Absolute Risk Aversion (CARA) pref-

erences. These assumptions allow for a closed-form solution of the aggregate Euler equation—a

feature not attainable in conventional HANK models such as those in Auclert et al. (2020) and

Bayer et al. (2024). The CARA-Normal framework is therefore particularly well suited to isolating

and clarifying the link between idiosyncratic risk and precautionary savings over the business cycle.

This tractability enables a clearer and more transparent account of the dynamics of precautionary

savings and their aggregate implications.

My approach also differs from that of Bilbiie et al. (2023), who aim to quantify the relative

importance of the different transmission channels in HANK models. In their framework, precau-

tionary savings are closely tied to the presence of high-MPC agents, since idiosyncratic risk is

modeled as the risk of becoming financially constrained. In this setting, precautionary savings are

governed by the marginal utility gap between savers and high-MPC agents and therefore depend

critically on redistribution policies and on the cyclicality of high-MPC agents’ income. As a result,

precautionary savings cannot be separated from the behavior of high-MPC agents.
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By contrast, the challenge I address is to measure the effects of idiosyncratic risk on precaution-

ary savings while remaining agnostic about the underlying source of risk. My framework isolates

the impact of countercyclical risk without committing to a specific mechanism generating it. The

aggregate effects are summarized by a single statistic that does not depend on whether the under-

lying risk stems from unemployment or other forces. Embedding this statistic in a macroeconomic

model estimated on aggregate time series then allows me to trace its evolution over past decades

and to directly compare it with empirical measures of individual risk.

This approach delivers three main insights. First, it allows for an assessment of whether HANK

models can reproduce empirically observed dynamics of individual risk without directly targeting

these measures in estimation. Second, by comparing the estimated dynamics of idiosyncratic risk

with empirical evidence, it provides a clear answer to the central question of the paper: the dimen-

sion of idiosyncratic risk that matters for business cycles is one that is strongly countercyclical,

with unemployment serving as a good proxy. Third, I show that introducing a single wedge into

an otherwise standard macroeconomic model markedly improves its fit to macroeconomic time

series relative to a benchmark without idiosyncratic risk.

The estimated model also shows that the aggregate consequences of precautionary savings de-

pend critically on the type of shock affecting the economy. In particular, the interaction between

investment dynamics and precautionary savings plays a central role in shaping how idiosyncratic

risk influences output responses, especially following supply shocks. While Acharya and Dogra

(2020) show that countercyclical risk amplifies aggregate fluctuations and procyclical risk dampens

them, I find the opposite relationship for supply shocks once capital and investment are incorpo-

rated: countercyclical risk dampens output fluctuations, whereas procyclical risk amplifies them.

This reversal arises because, under countercyclical risk, the dampening of investment responses

induced by precautionary savings outweighs the amplification of consumption responses, leading

to overall muted output fluctuations. The opposite mechanism operates under procyclical risk,

where investment amplification dominates.

Alongside capital and investment, the model incorporates other features of medium-scale DSGE

models (Christiano et al., 2005; Smets and Wouters, 2007), such as capital utilization, investment

adjustment costs, and nominal rigidities in both prices and wages. The model is estimated over

seven key U.S. time series using Bayesian techniques. By employing the Kalman smoother, I

extract the dynamics of the wedge over past decades. To ensure comparability, I use the same

dataset as Bayer et al. (2024), allowing a direct performance comparison of my model against theirs

in fitting macroeconomic time series. Despite the simplified HANK framework with CARA utility,

the model performs comparably to the Constant Relative Risk Aversion (CRRA) benchmark

up to a first-order approximation, as discussed extensively by Acharya and Dogra (2020) and

Acharya et al. (2023). Notably, my model achieves a higher marginal data density than the one

developed by Bayer et al. (2024), indicating that the CARA-Normal framework is not less effective

in reproducing macroeconomic data.
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Related literature

This paper contributes to the recent literature examining the ability of HANK models to replicate

macroeconomic time series while simultaneously aligning with cross-sectional data on inequality

and time series capturing the dynamics of MPCs and individual risk.

Using a medium-scale HANK model, Auclert et al. (2020) assess its ability to fit business cycle

data. They first match empirical impulse response functions following Christiano et al. (2005)

and then estimate their model on key U.S. time series using Bayesian techniques, as in Smets

and Wouters (2007). The authors find that while their HANK model performs well, additional

assumptions—such as consumption habits or sticky expectations—are required to replicate the

hump-shaped response of consumption following a monetary policy shock.

Bayer et al. (2024) also estimate a HANK model using Bayesian techniques, demonstrating

that their model can simultaneously fit macroeconomic time series and cross-sectional data on

economic inequalities and wealth distributions. In an extension, they incorporate an empirical

measure of income idiosyncratic risk as an observable to discipline individual risk within their

model. Since I use their dataset, I compare the results of my model with their measure of income

idiosyncratic risk.

Challe et al. (2017) highlight precautionary savings as a key driver of business cycles within a

HANK&SaM framework,1 which attributes individual risk to the likelihood of becoming or remain-

ing unemployed. In these models, the precautionary saving motive arises from the probabilities of

both job loss and prolonged unemployment. Their framework is sufficiently tractable to allow for a

finite state-space representation, facilitating straightforward estimation via a maximum likelihood

estimator. They find that precautionary savings play a pivotal role during recessions.

In related work, Cho (2023) estimate a HANK&SaM model in a quantitative setting, em-

phasizing the dual importance of precautionary savings against unemployment risk and MPC

heterogeneity in explaining aggregate fluctuations. However, the author identifies a “MPC puz-

zle,” which emerges from the tension between the volatility of consumption responses driven by

high-MPC agents and the inherent persistence in macroeconomic data.

Bilbiie et al. (2023) estimate a medium-scale version of the tractable HANK model introduced

in Bilbiie (2025), which allows them to disentangle the effects of various HANK features and

assess their relative impact on business cycles. In this framework, there are two types of agents:

savers and hand-to-mouth consumers, with individual risk modeled as the probability of switching

between these types. As a result, precautionary savings are inherently connected to the presence

of high-MPC agents. By aggregating the consumption of both groups, the authors derive an

aggregate Euler equation that captures the effects of MPC heterogeneity and precautionary savings

in response to the risk of becoming hand-to-mouth. Through counterfactual analysis, the authors

1Such models incorporate elements from the search-and-matching (SaM) literature into a HANK framework,
resulting in HANK&SaM models where individual risk is directly tied to employment status (Ravn and Sterk, 2017,
2021; Den Haan et al., 2018).
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demonstrate that consumption inequalities amplify aggregate fluctuations. They identify long-run

inequalities and cyclical precautionary saving behavior as the primary drivers of this amplification.

In contrast to the tractable approaches of Challe et al. (2017) and Bilbiie et al. (2023), the

CARA-Normal framework minimizes assumptions about the sources of individual risk. It assumes

only that households experience normally distributed idiosyncratic income shocks, without spec-

ifying the origin of this risk, thereby allowing for a precautionary saving motive independent of

high-MPC agents’ consumption. This agnostic approach enables a fair comparison between the

estimated wedge and empirical measures of individual risk, providing a more general answer to

the central question posed in the present paper’s title.

This paper is also closely related to Berger et al. (2023), who conduct a “wedge accounting”

exercise in a more general HANK model. The authors exploit the fact that the effects of hetero-

geneity in their model can be summarized by two wedges: one in the Euler equation and another

in the Phillips curve. These wedges are functions of households’ consumption shares and relative

wages. Using microeconomic data, they estimate these wedges, allowing them to evaluate the

effects of heterogeneity on consumption and output. My approach complements that of Berger

et al. (2023): while they use microeconomic data to discipline the wedges and infer the effects

of heterogeneity on macroeconomic outcomes, I estimate the model on macroeconomic data to

compute the wedge and compare the results with empirical measures of individual risk.

Layout

The remainder of the paper is organized as follows: Section 2 details the construction of the

model. Section 3 describes the data and estimation procedure. Section 4 presents and discusses

the estimation results. Section 5 evaluates the most suitable empirical measure of idiosyncratic

risk according to the model. Section 6 explores the effects of idiosyncratic risk on aggregate

fluctuations. Section 7 compares the baseline results with alternative specifications. Finally,

Section 8 concludes.

2 Model

This section introduces a medium-scale DSGE model featuring incomplete markets with both

idiosyncratic and aggregate risk. Unlike quantitative HANK models, the goal here is to maintain

simplicity to isolate the interplay between individual risk and precautionary savings. Following

Acharya and Dogra (2020), two key assumptions underpin this HANK framework: idiosyncratic

shocks are normally distributed, and households’ utility function is a CARA function. To ensure

comparability with Bayer et al. (2024), this model incorporates the main features they considered

while omitting those they excluded.
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The model includes government spendings and bonds, capital accumulation, investment ad-

justment costs, capital utilization, sticky prices, and sticky nominal wages. However, as in Bayer

et al. (2024), it excludes consumption habits2 and price or wage indexation. Hand-to-mouth

(HtM) agents are also excluded, as the focus is on the relationship between idiosyncratic risk and

precautionary savings, and these agents do not save by assumption.3 Unlike Bayer et al. (2024),

this model is log-linearized, aligning it more closely with the approaches of Christiano et al. (2005)

and Smets and Wouters (2007).

2.1 Households

2.1.1 Preferences, idiosyncratic risk and budget constraint

To introduce idiosyncratic risk and precautionary savings, the model adopts a Bewley-Huggett

framework where households face uninsurable idiosyncratic risk due to incomplete financial mar-

kets. Unlike the standard DSGE literature, this model assumes a CARA utility function following

Acharya and Dogra (2020). This assumption enables aggregation of individual consumption and

derivation of a closed-form solution for the aggregate MPC. The utility function for household i

is:

Ut(i) = −1

γ
e−γCt(i) − ρe

1
ρ(Lt(i)−ξ̄)

where γ is the coefficient of absolute risk aversion, ρ governs labor disutility and ξ̄ is a scaling

parameter that will be used to pin down the labor supply at steady state.

Household i chooses consumption Ct(i) and investment At(i) in actuarial bonds. Households

delegate wage4 negotiations to unions, which optimize the aggregate labor supply Lt (more details

in Appendix A.2.3). Households are the sole owners of the firms. Thus, a household i receives

dividends Dt(i) from the intermediate firms and DK
t (i) from the capital firms. As in Acharya and

Dogra (2020), individual income is denoted Yt(i) and is made of labor income, dividends and taxes.

This part of household i’s income is subject to idiosyncratic risk. The second key assumption is

that Yt(i) is normally distributed, so that:

Yt(i) ∼ N (Yt, σ2
t )

where Yt is made of aggregate labor income, dividends and taxes (i.e., Yt =WtLt+Dt+DK
t −Tt).

σ2
t is the variance of idiosyncratic income risk, which may vary with economic activity. The

2While Christiano et al. (2005) and Auclert et al. (2020) show that sluggish consumption adjustments are
necessary to match impulse response functions (IRFs) following a monetary policy shock, Bayer et al. (2024)
demonstrate that their model performs well without consumption habits when estimated using Bayesian techniques.
Excluding consumption habits avoids irrelevant distortions in intertemporal MPCs.

3I discuss how high-MPC agents would affect the results in Subsection 7.3.
4I denote Wt the nominal wage and Pt the price level. The real wage is defined as: Wt ≡ Wt

Pt
.
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household’s utility maximization problem is:

max
Ct(i),At(i)

Et
∞∑
k=0

βkUt+k(i)

s.t. Ct(i) + At(i) = Qt−1At−1(i) + Yt(i)
(1)

where β is the discount factor and Qt is the real return on actuarial bonds.

2.1.2 Consumption

Household i maximizes utility by choosing Ct(i), considering her budget constraint and the ability

to smooth consumption through borrowing or lending. Let xt(i) denote the demeaned cash-on-

hand of household i. Differentiating the maximization program (1) with respect to At(i) and Ct(i)

and combining the First Order Conditions (FOCs), one obtains the following Euler equation:

e−γCt(i) = βQtEt
∫ (√

2πσt+1

)−1

e
−γCt+1(i)− 1

2

(Yt+1(i)−Yt
σt+1

)2

dxt+1(i) (2)

This formulation accounts for aggregate risk, unlike Acharya and Dogra (2020), who assume no

aggregate shocks.5 In Appendix A.2.5, I demonstrate that the aggregate Euler equation remains

unchanged under first-order approximation around the steady state.6

As it is common in the HANK literature, idiosyncratic risk is assumed to vary with economic

activity. Following Acharya et al. (2023), σ2
t is correlated with the deviation of output from its

steady state, such that:

σ2
t = σ̃2e2ϕ(Yt−Y )

where σ̃2 is the steady state variance of Yt(i) and ϕ determines the cyclicality of idiosyncratic risk

(ϕ < 0 implies countercyclical risk, ϕ > 0 implies procyclical risk, and ϕ = 0 implies acyclicality).

We recover the RA paradigm when there is no idiosyncratic risk at all (i.e., σ̃ = 0). In order to

ease the interpretation of the parameter σ̃, I assume that it is proportional to steady state output,

such that: σ̃ = σY . This way, the standard deviation of individual incomes at steady state can

be interpreted in units of aggregate income.

2.1.3 Financial intermediaries

The financial sector is similar to the one in Acharya and Dogra (2020) and Acharya et al. (2023).

Financial intermediaries operate in perfectly competitive markets, earning no profits. They pur-

5Acharya and Dogra (2020) assume that there is no aggregate risk, leading to a simpler formulation of the Euler
equation. As my economy features small aggregate shocks, I have to take into account the effects of aggregate risk
in the Euler equation.

6This approach aligns with other HANK model estimation studies, such as Challe et al. (2017), Auclert et al.
(2020), Bilbiie et al. (2023), Cho (2023), and Bayer et al. (2024).
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chase government debt Bt and receive interest payments. Then, they sell actuarial bonds At to

households with a real return Qt. The decision of financial intermediaries can be represented by

the following maximization program, featuring their actualized constraint:

max
At,Bt

Bt − At s.t.
Bt

R̃t

− At
Qt
≤ 0

where R̃t is the real return on government debt which is equal to the gross real interest rate Rt,

given by the Fisher equation, multiplied by a stochastic process generating a wedge between the

interest rate controlled by the central bank and the return on government debt.7 Hence, the real

return on government debt is such that:

R̃t = VtRt

where Vt is the stochastic process and is assumed to follow the following AR(1) process:

log Vt ≡ vt = %vvt−1 + σvε
v
t

where %v is the persistence parameter and σv is the standard deviation of the shock.

The zero-profit condition implies that At = Bt, yielding the following solution for the maxi-

mization program of financial intermediaries:

Qt = R̃t

2.2 Firm sector

2.2.1 Final goods and intermediate goods producers

This component of the model adheres to standard practices in the DSGE literature. The final goods

sector operates under perfect competition, with households’ preferences for varieties represented by

a CES aggregator (details are provided in Appendix A.2.1). The elasticity of substitution between

varieties is denoted by θ. The intermediate goods sector features monopolistic competition à la

Dixit and Stiglitz (1977). Firms in this sector utilize a Cobb-Douglas production function with

constant returns to scale, where α represents the capital share. This production function is subject

to total factor productivity (TFP) shocks, which follow an AR(1) process. The persistence of these

shocks is governed by the parameter %z, and their standard deviation is denoted by σz. Prices are

assumed to be sticky in the manner of Calvo (1983), where a fraction ζp of firms cannot adjust their

prices optimally at a given time t (additional details are in Appendix A.2.2). This price rigidity

7This allows to introduce a risk premium shock as in Smets and Wouters (2007) and Bayer et al. (2024). This
shock produces aggregate effects similar to those of a “preference shock” (i.e., a shock to households’ discount
factor β).
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results in the emergence of a standard New Keynesian Phillips Curve (NKPC). Furthermore, the

firms’ mark-up is assumed to follow an ARMA(1,1) process, with %p as the persistence parameter,

σp as the standard deviation of the shocks, and ϑp as the weight of the moving average (MA)

component.

2.2.2 Labor market

This aspect of the model is also standard. The labor market operates under monopolistic compe-

tition. Households’ labor supplies are assumed to be differentiated and imperfectly substitutable,

granting them market power to negotiate higher nominal wages. It is further assumed that house-

holds delegate wage negotiations to unions. These unions take into account the preferences of

a hypothetical representative agent who consumes aggregate consumption, as in Auclert et al.

(2021). Nominal wages are assumed to be sticky à la Erceg et al. (2000), meaning that a fraction

ζw of unions cannot adjust wages optimally at a given time t (additional details are provided in

Appendix A.2.3). This wage rigidity results in the derivation of a Wage NKPC. Additionally,

the labor market mark-up is assumed to follow an ARMA(1,1) process, with %w as the persistence

parameter, σw as the standard deviation of the shocks, and ϑw as the weight of the MA component.

2.2.3 Capital firms and investment

These elements also align with other medium-scale DSGE models (further details are provided in

Appendix A.2.4). Following Auclert et al. (2020), capital firms provide capital Kt to intermediate

firms in exchange for RK
t Kt, where RK

t is the rental rate of the capital. These firms aim to

maximize their profits, DK
t , by deciding how much installed capital K̄t to own, how much to

invest in new capital It, and the utilization rate ut of the capital in the production function.

Capital firms convert final goods into new capital using an investment-specific technology.

Consistent with the DSGE literature, this technology is subject to adjustment costs, modeled

as in Christiano et al. (2005). The adjustment cost function S satisfies S(1) = S ′(1) = 0 and

χ ≡ S ′′(1) > 0. The law of motion of capital is influenced by investment-specific technology

shocks, which follow an AR(1) process. The persistence of these shocks is governed by %I , and

their standard deviation is denoted by σI .

Capital utilization is modeled following Smets and Wouters (2007). Capital firms choose the

degree of utilization ut while accounting for the associated cost a(ut). The capital used in the

production function Kt is defined as:

Kt = utK̄t−1

Higher utilization rates increase costs for capital firms. The cost function a(ut) satisfies a(1) = 0,

and the parameter λ is defined as a′′(1)
a′(1)
≡ λ

1−λ . In steady state, all available capital is utilized, so

that u = 1 and the cost associated to capital utilization is null.
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2.3 Government

2.3.1 Monetary policy

The nominal interest rate is determined by a Taylor rule, expressed as:

1 + it = (1 + r)1−%r(1 + it−1)%rΠ
(1−%r)φπ
t

(
Yt
Yt−1

)(1−%r)φy
Ft

where it is the nominal interest rate and r = R− 1 represents the steady state interest rate. The

parameter %r captures the degree of inertia in the nominal interest rate. The central bank seeks

to stabilize inflation, with φπ representing the sensitivity of the nominal interest rate to inflation.

Additionally, the central bank responds to output growth, with φy measuring the sensitivity of

the nominal interest rate to changes in output growth.

Monetary policy innovations are represented by Ft, which is assumed to follow an AR(1)

process:

logFt ≡ ft = %fft−1 + σfε
f
t

where %f is the persistence parameter, σf is the standard deviation of the monetary policy shock.

2.3.2 Fiscal policy

Government spending is assumed to follow a simple rule:

Gt = ΓtG

where G represents the level of government spendings at steady state. Following Bayer et al.

(2024), G is set to one-fifth of the steady-state output Y , implying G = Y
5

. The stochastic process

Γt introduces fiscal stimuli and follows an AR(1) process:

log Γt ≡ gt = %ggt−1 + σgε
g
t + %gzσzε

z
t

where %g is the persistence parameter, σg is the standard deviation of the shock, and %gz captures

the correlation between government spending and the TFP shock, as in Smets and Wouters (2007).

To ensure a balanced government budget, lump-sum taxes paid by households adjust accord-

ingly. The government budget constraint is given by:

Gt + R̃t−1Bt−1 = Bt + Tt
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2.4 Equilibrium and aggregate consumption

In equilibrium, all markets clear. By combining the government’s budget constraint with the

aggregate budget constraint of households, the goods market clearing condition is derived as:

Ct + It +Gt + a(ut)K̄t−1 = Yt

By solving the household’s optimization problem in the presence of aggregate risk, the log-linear

expression for aggregate consumption is obtained (details in Appendix A.2.5):

Cct = CEtct+1 −
1

γ
r̃t −

(
γµ2σ̃2Etµ̂t+1 + ϕγµ2σ̃2Y Etyt+1

)
(3)

where ct, yt r̃t and µ̂t are the log-linear expressions8 for consumption, output, the real interest

rate, and the aggregate MPC respectively. The terms in parentheses on the right-hand side of

(3) represent the “wedge in the (aggregate) Euler equation.” When idiosyncratic risk is absent,

these terms vanish, and the model reduces to the RA case. When idiosyncratic risk is present, the

aggregate MPC influences aggregate consumption, with the log-linear form given by:

µ̂t =
1

R
(r̃t + Etµ̂t+1) (4)

2.5 Model setup

The main equations of the model are summarized in Appendix A.3. The steady-state conditions

are outlined in Appendix A.4, and the log-linearized model is presented in Appendix A.5.

3 Data and estimation procedure

The model is estimated using seven U.S. time series commonly referenced in the DSGE literature.

These include the (shadow) federal funds rate,9 hours worked per capita, and the growth rates of

the GDP deflator, real GDP per capita, real consumption per capita, real investment per capita,

and real wages. The series used for estimation are sourced from FRED and span the period from

1954Q3 to 2019Q4, capturing a wide range of economic conditions, from the Great Inflation to

the Great Recession. The dataset utilized is identical to that of Bayer et al. (2024), facilitating

a straightforward comparison of results (see Appendix A.1 for further details). To reproduce

these seven time series, I incorporate seven aggregate shocks: a TFP shock, an investment-specific

8Let Nt denote an endogenous variable of the model, its log-linear expression is expressed as nt ≡ Nt−N
N ≈

log
(
Nt

N

)
.

9As in Bayer et al. (2024), I use the Wu and Xia (2016) shadow federal funds rate for the period 2009Q1 to
2015Q4.
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technology (IST) shock, a price mark-up shock, a wage mark-up shock, a financial intermediation

shock, a government spending shock, and a monetary policy shock.

The model is estimated using full-information Bayesian techniques in a state-space framework,

leveraging a log-linear representation. Bayesian estimation, standard in the DSGE literature,

aligns with methodologies employed by Smets and Wouters (2007) and is also prevalent in the

HANK literature (Challe et al., 2017; Auclert et al., 2020; Bilbiie et al., 2023; Cho, 2023; Bayer

et al., 2024). The procedure begins with setting prior distributions for the parameters by selecting

a prior mean and standard deviation for each parameter of interest. The mode of the posterior

distribution is then estimated by maximizing the log posterior function, which combines the prior

distributions with the likelihood of the data. To obtain a comprehensive view of the posterior

distribution and evaluate the model’s Log Data Density (LDD), I employ the Metropolis-Hastings

algorithm to generate a single chain of draws. After a long burn-in, 1,000,000 draws from the pos-

terior are used to compute the posterior statistics. Appendix A.6 reports convergence diagnostics

following the method of Geweke (1992), which indicate convergence for all parameters.

Initially, I estimate nearly all model parameters. Subsequently, I calibrate certain parameters

to assess the sensitivity of the results to key parameters (see Section 7).

4 Estimation results

In this section, I present and analyze the results of my model’s estimation. Almost all parameters

are estimated, with the exception of ξ̄,10 the elasticity of substitution between goods θ, and the

capital depreciation rate δ.11

4.1 Prior distribution

Table 1 provides the prior and posterior distributions of the parameters associated with the shock

processes. The prior distributions are consistent with those commonly used in the DSGE literature

(Smets and Wouters, 2007; Justiniano et al., 2010, 2011). Similarly, Table 2 outlines the prior and

posterior distributions for the structural parameters, which are also largely in line with established

literature.

For parameters related to idiosyncratic risk, I set priors based on the calibration choices in

Acharya and Dogra (2020) and Acharya et al. (2023). Drawing from Guvenen et al. (2014), they

argue that the appropriate value for the standard deviation of individual incomes slightly exceeds

0.5.12 Accordingly, I set the prior mean of σ at 0.6 with a standard deviation of 0.15. Additionally,

10ξ̄ is calibrated to ensure that labor supply equals unity in the steady state.
11In line with standard practices in the DSGE literature, these parameters are calibrated. Following Bayer et al.

(2024), I set θ = 11 and δ = 0.0175.
12In Acharya and Dogra (2020) and Acharya et al. (2023), steady-state output is normalized to 1, allowing σ to

also be interpreted in units of aggregate income.
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Table 1: Prior and posterior distribution of shock processes

Prior distribution Posterior distribution

Distr. Mean St. Dev. Mode Mean 95 percent 5 percent

%v Beta 0.5 0.2 0.9305 0.9269 0.9028 0.9508
%z Beta 0.5 0.2 0.9779 0.9757 0.9667 0.9849
%p Beta 0.5 0.2 0.9888 0.9858 0.9759 0.9964
ϑp Beta 0.5 0.2 0.6460 0.6206 0.4973 0.7470
%w Beta 0.5 0.2 0.9904 0.9901 0.9858 0.9946
ϑw Beta 0.5 0.2 0.9289 0.9145 0.8827 0.9481
%I Beta 0.5 0.2 0.0878 0.1120 0.0312 0.1871
%f Beta 0.5 0.2 0.2436 0.2459 0.1573 0.3347
%g Beta 0.5 0.2 0.9768 0.9748 0.9613 0.9889
%gz Beta 0.5 0.2 0.9025 0.8778 0.7876 0.9760
σv Invgamma 0.001 2 0.0021 0.0022 0.0017 0.0028
σz Invgamma 0.001 2 0.0064 0.0065 0.0060 0.0069
σp Invgamma 0.001 2 0.0015 0.0016 0.0013 0.0018
σw Invgamma 0.001 2 0.0083 0.0085 0.0075 0.0094
σI Invgamma 0.001 2 0.0196 0.0195 0.0175 0.0215
σf Invgamma 0.001 2 0.0020 0.0021 0.0019 0.0022
σg Invgamma 0.001 2 0.0098 0.0099 0.0091 0.0106

Note: The posterior distribution is obtained using the Random Walk Metropolis-Hastings algorithm.

they propose that the calibration of risk cyclicality ϕ should yield strongly countercyclical risk,

corresponding to values below −5. I set the prior mean at −5 and the standard deviation at 2. In

Section 7, I examine the implications of alternative calibrations of the parameters specific to the

CARA-Normal framework.

4.2 Posterior distribution

For parameters common to other medium-scale DSGE models, I find that the posterior distribution

closely aligns with results from previous studies (Smets and Wouters, 2007; Justiniano et al.,

2010, 2011). It is also consistent with posterior distributions obtained in estimated HANK models

(Auclert et al., 2020; Bilbiie et al., 2023; Bayer et al., 2024). Both price and nominal wage rigidities

are estimated to be pretty high. This aligns with the typical finding in estimated DSGE models

that both nominal rigidities are important. The capital share, α, is estimated to be relatively low,

around 0.23, which is consistent with the literature, where estimates for α often fall below 0.25.

The posterior mean of the steady-state interest rate is approximately 0.01, corresponding to a 4%

annual rate. This aligns with the average federal funds rate over the sample period.13

13One potential concern is the consistency of the estimated steady-state parameters, as the model is estimated
using demeaned data. However, given that the parameter estimates are reasonable and consistent with the litera-
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Table 2: Prior and posterior distribution of structural parameters

Prior distribution Posterior distribution

Distr. Mean St. Dev. Mode Mean 95 percent 5 percent

r Gamma 0.012 0.001 0.0102 0.0103 0.0090 0.0115
α Beta 0.3 0.05 0.2322 0.2325 0.2196 0.2455
%r Beta 0.5 0.2 0.8059 0.8055 0.7747 0.8356
φπ Normal 1.5 0.25 1.7223 1.7765 1.5367 2.0153
φy Gamma 0.12 0.05 0.1983 0.2070 0.1103 0.3026
ζp Beta 0.7 0.2 0.8192 0.8144 0.7828 0.8477
ζw Beta 0.7 0.2 0.8662 0.8527 0.8138 0.8922
λ Beta 0.5 0.15 0.6777 0.6476 0.5677 0.7824
χ Gamma 4 1 3.7288 3.8377 2.8559 4.7872
γ Gamma 3 1.5 3.6546 3.6498 2.8603 4.3953
ρ Gamma 1 0.5 1.7310 1.9840 1.0712 2.8422
ϕ Normal −5 2 −7.5312 −7.4956 −10.0259 −4.9102
σ Gamma 0.6 0.15 0.8657 0.8909 0.6803 1.0947

Note: The posterior distribution is obtained using the Random Walk Metropolis-Hastings algorithm.

For the parameter governing the degree of risk aversion, the posterior mean of γ is slightly

higher than its prior mean (the posterior mean is 3.6498 compared to a prior mean of 3). High

risk aversion is common in the HANK literature, where the relative risk aversion parameter typ-

ically ranges from 3 to 4 (e.g., Bayer et al. (2024) set this parameter at 4). Higher risk aversion

strengthens the precautionary savings motive. In Section 7, I calibrate γ to 2 to evaluate the

sensitivity of the results to a lower degree of risk aversion.

Having established the conformity of the posterior distribution for the standard parameters, I

now turn to the results for the parameters related to idiosyncratic risk. The posterior mean of the

standard deviation of individual risk in units of aggregate income, σ, is estimated at 0.8909, signifi-

cantly above zero. This implies that the standard deviation of individual incomes is approximately

90% of aggregate income, a notably high value.14 The confidence interval for σ decisively excludes

values near zero. As σ approaches zero, individual risk diminishes, and the model converges to-

wards the RANK framework. The fact that the data strongly supports a high σ underscores the

importance of accounting for individual risk in a DSGE model.

The cyclicality of idiosyncratic risk, ϕ, is estimated to be significantly more countercyclical

than suggested by the prior. The posterior mean is −7.4956, with a confidence interval well below

ture, I argue that estimating these parameters does not harm the quality of the estimation. The posterior mean of α
is close to the calibration used in Auclert et al. (2020), and the posterior distribution of r implies that R−1 ' 0.99,
which is a standard quarterly calibration in the literature.

14The model assumes that idiosyncratic shocks are normally distributed, which allows for the aggregation of
individual consumptions. However, this assumption prevents the model from capturing the skewness in the actual
distribution of individual incomes. Consequently, the high value of σ partly reflects the fact that individual incomes
are not normally distributed but are highly dispersed in reality.
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zero. This result unambiguously indicates that the data favors strongly countercyclical risk. This

finding contributes to the debate in the HANK literature regarding the Forward Guidance Puzzle

(FGP) and the cyclicality of individual risk. McKay et al. (2016) argued that HANK models

solve the FGP but implicitly assumed procyclical individual risk. As demonstrated by Acharya

and Dogra (2020), HANK models can only solve the FGP under the assumption of procyclical

risk. Similarly, Werning (2015) contended that HANK models fail to solve the FGP when risk is

countercyclical or when liquidity is procyclical. My results align with the conclusion that HANK

models, when calibrated in an empirically relevant manner, do not solve the FGP.

In summary, the findings indicate that the data supports high risk aversion, a significant role

for individual risk, and strongly countercyclical idiosyncratic risk. These factors collectively result

in a pronounced precautionary saving motive over the business cycle.

4.3 Estimated dynamics of individual risk over the business cycle

Estimating the model using macroeconomic time series data enables the recovery of unobserved

variables. In particular, the wedge in the Euler equation—the last two terms on the right-hand side

of (3)—is extracted using the Kalman smoother. This smoothed variable captures the influence

of idiosyncratic risk and precautionary savings on business cycle dynamics over the past decades.

The wedge consists of two components: the “MPC component” (γµ2σ̃2Etµ̂t+1) and the “Cycli-

cal component” (ϕγµ2σ̃2Y Etyt+1). The correlation between the wedge and its cyclical component

is 0.999, while the correlation with the MPC component is only 0.22. This indicates that the

wedge is driven almost entirely by its cyclical component.

Table 3: Unconditional variance decompositions of the wedge and its components

In % Risk prem. TFP Mon. pol. Price MU IST Gov. spend. Wage MU

Wedge 8.49 13.75 2.95 37.63 4.19 1.32 31.67
Cyc. comp. 7.32 12.87 2.48 40.08 4.20 1.87 31.17
MPC comp. 24.62 12.03 10.64 23.88 9.47 12.06 7.30

To further explore the determinants of the wedge and its components, it is useful to examine

their variance decompositions. Table 3 reports the contribution of each structural shock to the

variance of the wedge and its components. As shown, the variance decomposition of the wedge

closely mirrors that of the cyclical component.

Similarly, Figure A.1 in the appendix presents the historical decompositions of the wedge and

its components. The historical decompositions of the wedge and its cyclical component are nearly

identical, whereas the one of the MPC component exhibits a distinct pattern.

These findings confirm that the shocks influencing expected output are also those driving the

wedge. Since the objective of this paper is to quantify the effects of cyclical idiosyncratic risk, the
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fact that the cyclical component is the dominant force behind the wedge is a desirable property

of the model.

Figure 1: The estimated wedge in the Euler equation compared to its cyclical (right axis) and its
MPC components (left axis)

To further illuminate the dynamics of the wedge and its components, Figure 1 plots the wedge

(red dashed line) and its cyclical component (black dotted line) against the right axis, while the

MPC component (solid green line) is plotted against the left axis. It is evident from the figure that

the cyclical component accounts for the majority of fluctuations in the wedge. The next section

delves deeper into the estimated dynamics of the wedge throughout the business cycle.

5 Does the model deliver realistic dynamics of individual

risk and precautionary savings?

As highlighted in the previous section, the data strongly supports the presence of significant

individual risk that is highly countercyclical, leading to substantial precautionary savings over the

business cycle. This raises an important question: Is this a realistic measure of individual risk?

Since microeconomic data is not used to directly inform the estimation of individual risk, concerns

may arise regarding the consistency of the estimated parameters that govern the wedge in the

Euler equation. This section addresses these concerns and seeks to answer the central question

posed by the title of this paper.

To evaluate the realism of the estimated individual risk, I compare the estimated wedge in the
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Euler equation with empirical measures of individual risk. This analysis aims to determine which

empirical measure of individual risk aligns most closely with the estimated wedge. It also allows

to assess whether the estimated wedge and its associated parameters are consistent with these

empirical measures. The results of this exercise will provide crucial insights into the validity and

reliability of the model’s representation of individual risk.

5.1 Labor market conditions

I begin by comparing the estimated wedge with various measures related to labor market conditions

and the associated individual risk. Since the relationship between employment conditions and

individual risk is central to HANK&SaM models, this analysis also provides valuable insights for

this literature.

The first comparison is between the estimated wedge and the unemployment rate. Figure 2

illustrates the U.S. unemployment rate, represented by the solid blue line and plotted against the

left axis. The estimated wedge is depicted by the red dashed line and plotted against the right

axis. Visually, the unemployment rate and the wedge appear strongly correlated. The estimated

wedge demonstrates a good fit with unemployment, as both series share similar peaks and troughs.

The correlation between the unemployment rate and the estimated wedge is 0.4.

The model, which imposes minimal assumptions about the sources of individual risk, captures

unemployment fluctuations over the past decades with impressive accuracy. However, the fit begins

to deteriorate after 2013, when unemployment continued to decline sharply while output growth

and inflation remained subdued. Focusing on the period from 1954Q4 to 2013Q1, the correlation

between the unemployment rate and the estimated wedge increases to 0.57. This correlation is even

stronger over the 1968Q1–2013Q1 subperiod, reaching a peak of 0.86. These findings suggest that

the period following the Great Recession is an outlier. Possible explanations for this phenomenon

are discussed in Subsection 5.4.

These findings suggest that countercyclical idiosyncratic risk, measured by the wedge, has

a dynamics similar to the one of unemployment in normal times. The exceptionally strong fit

from the early 1950s to the early 2010s indicates that unemployment risk is a likely key driver

of precautionary savings. This result aligns with the predictions of HANK&SaM models, which

derive a precautionary saving motive from the risk of unemployment. Empirically, this connection

is well-supported by the evidence presented here.

In HANK&SaM models, it is not the unemployment rate itself that drives precautionary sav-

ings. Instead, countercyclical risk is governed by the job-finding and job-loss rates, which determine

the conditional probabilities of becoming unemployed, finding a new job, remaining unemployed,

or staying employed. In estimated HANK&SaM models, these rates are often used as observables.

Challe et al. (2017) and Cho (2023) compute these rates following the method of Shimer (2005)

and Shimer (2012). Following this precedent, I also compare these measures with the estimated
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Figure 2: The estimated wedge in the Euler equation (right axis) compared to the unemployment
rate (left axis)

wedge. Appendix A.1 details precisely how these rates are computed.

In Figure 3, the job-finding rate is represented by a solid blue line, while the estimated wedge

is plotted as in Figure 2. A clear negative correlation emerges between the job-finding rate and

the estimated wedge. As the probability of finding a new job increases, the risk of becoming un-

employed decreases, which explains the negative relationship. Specifically, the correlation between

the job-finding rate and the wedge is −0.39. This indicates a fairly strong negative correlation.

From 1968Q1 to 2013Q1, the correlation increases at −0.54.

In Figure 4, the job-loss rate is shown as a solid blue line, plotted alongside the estimated

wedge as in previous figures. The two series appear positively correlated: when the job-loss rate

increases, the likelihood of becoming unemployed rises, heightening individual risk and thereby

increasing the wedge. Quantitatively, the correlation between the job-loss rate and the estimated

wedge is 0.24 over the full sample, rising to 0.51 during the 1968Q1–2013Q1 subperiod.

These findings indicate that the estimated wedge is strongly positively correlated with the

job-loss rate and strongly negatively correlated with the job-finding rate. This suggests that

both statistics are meaningful indicators of individual risk. However, the unemployment rate

proves to be a better predictor of the wedge than either the job-loss or job-finding rates. As

with unemployment, the correlations between these rates and the wedge decline after 2013. In

particular, the job-finding rate rises sharply and the job-loss rate falls to historically low levels,

yet precautionary savings remain elevated.

I argue that the primary reason the unemployment rate outperforms the job-finding and job-
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Figure 3: The estimated wedge in the Euler equation (right axis) compared with the job-finding
rate (left axis)

Figure 4: The estimated wedge in the Euler equation (right axis) compared with the job-loss rate
(left axis)
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loss rates in tracking the wedge lies in its cyclicality. As discussed in Subsection 4.3, the wedge is

primarily driven by its cyclical component. Therefore, the relative cyclicality of the unemployment

rate compared to the job-finding and job-loss rates is central to explaining its superior performance

in capturing the dynamics of the wedge.

Table 4: Correlations of the wedge and the labor market statistics with output

Period considered Wedge Unemployment Job-finding rate Job-loss rate

Full sample −0.9985 −0.4134 0.3956 −0.2290
From 1968Q1 to 2013Q1 −0.9977 −0.8778 0.5479 −0.4906

Note: Correlations are computed using the output yt series, extracted via the Kalman smoother.

To investigate this further, I compute the cross-correlations between these observables and

smoothed output yt. Table 4 reports these statistics for both the full sample and the subperiod

during which unemployment best tracks the wedge. Over the full sample, the unemployment

rate shows a slightly stronger correlation with output than the job-finding rate, while the job-

loss rate appears to be the least cyclical of the three. In the restricted sample from 1968Q1 to

2013Q1, the absolute correlation between output and the unemployment rate increases to 0.88,

closely approaching the correlation between the wedge and output. During this same period, the

correlation between output and the job-finding rate is 0.55, while the job-loss rate becomes more

countercyclical, with its correlation with output rising to 0.49 in absolute value.

These findings suggest that the stronger cyclicality of the unemployment rate explains its

superior performance in capturing the dynamics of the wedge, which is itself primarily driven

by its cyclical component. Although the job-finding and job-loss rates offer valuable information

about individual risk, the unemployment rate proves to be a more effective and practical proxy.

This underscores the usefulness of the unemployment rate as a simplified yet robust measure of

countercyclical individual risk.

5.2 Income idiosyncratic risk measured in Bayer et al. (2019)

Next, I turn to an empirical measure of income idiosyncratic risk estimated in Bayer et al. (2019),

which aligns more closely with the concept of individual risk commonly used in HANK models.

In Bayer et al. (2024), the authors use this time series as an observable, demonstrating that

their HANK model can simultaneously fit both macroeconomic time series and this measure of

individual risk (though their model explicitly targets this measure during estimation, which mine

does not). The dataset spans from 1983Q1 to 2013Q1 and is based on the Survey of Income and

Program Participation.

For comparison with my results, I plot the measure targeted in Bayer et al. (2024) in Figure 5,

alongside the estimated wedge as in previous graphs. The measure of income idiosyncratic risk is

represented by the solid blue line and plotted against the left axis.
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Figure 5: The estimated wedge in the Euler equation (right axis) compared to an empirical measure
of idiosyncratic income risk (Bayer et al., 2019) (left axis)

Examining the fit between the wedge and the empirical measure from Bayer et al. (2019),

the two series appear to follow a similar pattern, sharing broadly comparable peaks and troughs.

However, there is a slight delay in the response of precautionary savings during the early 1990s

and after the Great Recession. The correlation between the measure from Bayer et al. (2019) and

the estimated wedge is 0.28.

Overall, the fit between this empirical measure and the estimated wedge is reasonably strong,

although it is less pronounced than the fit observed with labor market-related measures. This

suggests that while the measure from Bayer et al. (2019) captures aspects of individual risk relevant

to precautionary savings, labor market conditions may provide a more direct and robust proxy for

the dynamics of countercyclical idiosyncratic risk.

5.3 Consumer sentiment

Finally, I compare the estimated wedge with a measure of consumer sentiment. The dataset,

compiled by researchers from the University of Michigan, is based on the Surveys of Consumers

and spans from 1959Q4 to 2019Q4. While consumer sentiment is not a direct source of individual

risk, it is reasonable to expect a negative correlation with precautionary savings. Intuitively, when

individuals become pessimistic about the present and future states of the economy, they are likely

to save more as a precautionary measure.

In Figure 6, consumer sentiment is represented by the solid blue line and plotted against the

left axis, while the estimated wedge is displayed as in previous graphs. Examining the fit between
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Figure 6: The estimated wedge in the Euler equation (right axis) compared to consumer sentiment
(left axis)

the wedge and consumer sentiment, one observes that when consumer sentiment moves in one

direction, the estimated wedge generally moves in the opposite direction. For instance, during

recessions, when consumer sentiment declines, precautionary savings tend to increase. Conversely,

when consumer sentiment improves, precautionary savings decrease. As expected, the correlation

between consumer sentiment and the smoothed version is negative, at −0.23.

These results confirm the anticipated negative relationship between consumer sentiment and

precautionary savings. While consumer sentiment is not a direct measure of individual risk,

its correlation with the estimated wedge suggests it captures broader economic conditions that

influence precautionary behavior.

5.4 Individual risk in normal times and after the Great Recession

The effects of idiosyncratic risk, as summarized by the wedge, appear to have realistic amplitudes

and dynamics. The fit between unemployment and the estimated wedge is particularly striking

over the period from the early 1950s to the early 2010s. This strong correlation underscores

the fact that my model favors a form of idiosyncratic risk that is strongly countercyclical, like

unemployment risk in normal times. These findings demonstrate that HANK&SaM models are

empirically relevant in capturing the effects of idiosyncratic risk, as the dynamics of unemployment

fluctuations closely mirror those of the wedge in normal periods.

However, the relationship between labor market conditions and precautionary savings seems

to have shifted during the 2010s. The Great Recession and its aftermath appear to have had a
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lasting impact on precautionary savings, disrupting the typical relationship with unemployment.

My model estimates indicate that precautionary savings remained elevated long after the initial

downturn, even as unemployment and the job-loss rate declined sharply and the job-finding rate

increased dramatically.

Figure A.1 and Figure A.2 in the appendix display the historical decompositions of the wedge,

its components, and output. Since the wedge is primarily driven by expected output, the prolonged

period of below-trend output from the Great Recession to the end of the sample explains the

persistently high level of precautionary savings. Therefore, the disconnect observed in the 2010s

between labor market statistics and the wedge reflects a structural shift in the relationship between

labor market outcomes and output.

The literature on liquidity traps in HANK&SaM models provides valuable insights into this

phenomenon. A seminal contribution by Ravn and Sterk (2021) explores the interplay between

unemployment, precautionary savings, and liquidity traps. Their framework demonstrates that

the interaction between nominal rigidities and uninsurable unemployment risk can lead to three

distinct steady states: one for normal times, another characterized by an unemployment trap with

persistently high unemployment and depressed demand, and a third representing a liquidity trap

caused by the Zero Lower Bound. Importantly, their framework suggests that a liquidity trap does

not necessarily result in deflation, which aligns with the experiences of many developed economies

during the 2010s.

Nevertheless, explaining why precautionary savings remained persistently high and aggregate

demand stayed durably depressed over the past decade—despite a sharp decline in unemploy-

ment risk—remains an open question. Aggregate demand may be subdued for reasons beyond

the scope of my model, such as population aging, rising wealth inequality, and secular stagna-

tion. The decline in labor force participation may also have contributed to this phenomenon,

as it mechanically reduced the unemployment rate without necessarily diminishing idiosyncratic

risk. Investigating how such structural shifts influence individual risk and precautionary savings

represents an important direction for future research.

6 The effects of idiosyncratic risk on business cycles

In this section, I show that the effects of precautionary savings on consumption and output vary

considerably depending on the type of shock. My model incorporates seven aggregate shocks:

four demand shocks and three supply shocks.15 Unlike most HANK models, my model does not

include agents with high MPCs, allowing for an isolated examination of the effects of precautionary

15Demand shocks include monetary policy, government spending, financial intermediation, and IST shocks. Sup-
ply shocks include TFP, wage mark-up, and price mark-up shocks. IST shocks behave like demand shocks, but
they are sometimes classified as supply shocks. For the analysis of my results, it is more convenient to categorize
them as demand shocks, as their effects are similar to those of the monetary policy and the risk premium shocks.
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savings on business cycles. In conventional HANK models, the volatility generated by high-MPC

agents can overshadow the effects of precautionary savings.

Acharya and Dogra (2020) and Acharya et al. (2023) show that countercyclical risk amplifies

aggregate fluctuations compared to the RA case, while procyclical risk attenuates output and

consumption responses. This applies to aggregate shocks, forward guidance, and fiscal multipliers.

However, their model does not include investment. This means that, for most shocks, amplification

of consumption responses automatically translates into amplified output responses. In this section,

I demonstrate that this result does not always hold in a similar model that includes capital

accumulation and investment. To do so, I compute the IRFs of the model following each shock,

calibrating parameters to the posterior mean (as shown in Table 1 and Table 2). The IRFs for

the seven aggregate shocks are plotted in Appendix A.8, alongside a counterfactual RA economy

calibrated with σ = 0, while keeping all other parameters unchanged.

For comparison, I also include the IRFs of a reestimated RANK model, with the posterior

means of the parameters reported in Table 5. Given the substantial differences in parameter values

between the baseline and the reestimated RANK models, I focus primarily on the comparison

between the baseline and the RA counterfactual with σ = 0. This approach allows for a clearer

assessment of the aggregate effects of idiosyncratic risk.16

6.1 Demand shocks

For demand shocks, countercyclical risk generates modest amplification of both consumption and

output responses for monetary policy innovations and risk premium shocks (in comparison to the

RA counterfactual with σ = 0). These results align with Acharya and Dogra (2020) and Acharya

et al. (2023): countercyclical risk amplifies consumption and output responses compared to the

RANK counterfactual. A closer look reveals that capital and investment responses are slightly

attenuated, while consumption responses are more strongly amplified, leading to overall output

amplification. As discussed in Challe et al. (2017), precautionary savings can attenuate investment

responses, as households’ additional savings generate downward pressures on the real interest rate.

Examining (3), one can see that the wedge imposes additional pressures on the real interest

rate, r̃t. Since the shadow value of capital, qt, depends negatively on the real rate, a lower r̃t

exerts upward pressure on the price of capital, and vice versa. Because investment responds

positively to qt, these pressures on the price of capital are transmitted to investment dynamics.

In the case of negative demand shocks, the rise in precautionary savings mitigates the decline in

investment—without this mechanism, as shown in the RA counterfactual, the drop in investment

would have been more pronounced.17 Combining the log-linearized Euler equations for actuarial

16Therefore, when I state that idiosyncratic risk amplifies or dampens aggregate fluctuations, the comparison is
made relative to the RA counterfactual, not the reestimated RANK model.

17It is important to emphasize that in this framework, households do not use capital as a vehicle for self-insurance
against idiosyncratic risk. Instead, they rely exclusively on actuarial bonds for this purpose. Consequently, pre-
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bonds and capital with the investment optimality condition yields the following expression for

log-linear investment ιt (see Appendix A.2.6 for derivations):

ιt =
1

1 + β̃
ιt−1 +

β̃

1 + β̃
Etιt+1 + ψ̂t

+
γ

χ(1 + β̃)
Et

∞∑
s=0

β̃s(1− δ)s
 β̃
γ
RKrKt+1+s − C(ct+1+s − ct+s) + γµ2σ̃2µ̂t+1+s + ϕγµ2σ̃2Y yt+1+s︸ ︷︷ ︸

Wedge in t+ s



where ψ̂t is the renormalized IST process and rKt is the (log-linearized) rental rate of capital. This

equation illustrates well how the contemporaneous wedge and the expected path of future wedges

influence investment. Since the cyclical component is the dominant driver of the wedge (and ϕ

is negative), precautionary savings exert upward pressure on investment during recessions and

downward pressure during expansions. This mechanism reflects how expectations of future output

propagate through the wedge to influence capital accumulation dynamics.

For investment-specific technology shocks, the effects on investment are similar in both spec-

ifications. Consumption responses are initially amplified but do not persist, resulting in minimal

differences between the baseline model and the RA counterfactual for output responses. The low

estimated persistence of this shock explains the limited divergence between the two models.

The case of increased government spending is more nuanced, as it is the only shock where output

and consumption are negatively correlated. In both the baseline and the RANK models, higher

government spending reduces consumption. However, precautionary savings decrease as output

rises, given the countercyclical nature of individual risk. This decline in precautionary savings

amplifies the crowding out of investment compared to the RA counterfactual but attenuates the

initial drop in consumption. Ultimately, the response of output is slightly attenuated in comparison

to the RA counterfactual.

Comparing the baseline with the reestimated RANK model, the risk premium and monetary

policy shocks exhibit greater and more persistent effects in the baseline. In contrast, the effects

of the IST shock are significantly more pronounced in the reestimated RANK model, owing to

the much higher estimated persistence of this shock (see Table 5). Regarding the government

spending shock, the decline in consumption is considerably stronger in the reestimated RANK

model, whereas the reduction in investment is more pronounced in the baseline. Ultimately, the

overall output responses are quite similar across both specifications.

cautionary savings affect the capital stock only indirectly, through their influence on the equilibrium real interest
rate.
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6.2 Supply shocks

Supply shocks reveal a more complex interaction between precautionary savings and investment.

For a TFP shock, consumption responses are initially amplified compared to the RA counter-

factual, but overall output responses are attenuated. This occurs because the attenuation of

investment responses is stronger and more persistent than the amplification of consumption re-

sponses. As output rises, precautionary savings decline, which dampens the rise in investment.

The amplification of consumption is short-lived, as the smaller output increase generates a shorter

drop in precautionary savings and reduces the rise in permanent income. Eventually, consumption

responses weaken compared to the RA counterfactual due to the diminished rise in permanent in-

come. Thus, precautionary savings create a persistent attenuation of investment responses but

only a brief amplification of consumption responses, resulting in an overall attenuation of output

responses relative to the RA counterfactual.

A similar dynamic occurs for price and wage mark-up shocks, albeit in the opposite direction.

These shocks reduce output, increasing precautionary savings. The rise in precautionary savings

attenuates the decline in investment and output compared to the RA counterfactual. Consumption

responses are initially amplified but eventually attenuate as precautionary savings stabilize. As

with the TFP shock, there is a turning point where consumption responses become weaker than

in the RA counterpart, reflecting a smaller decline in permanent income.

Fluctuations in precautionary savings are markedly more persistent following supply shocks

than in response to demand shocks. This reflects the fact that supply shocks have more enduring

effects on output dynamics. Since the wedge is primarily driven by its cyclical component, supply

shocks also lead to more persistent variations in precautionary savings.

As shown in Appendix A.2.6, the price of capital, qt, depends on the expected trajectory of

future wedges. Because supply shocks have long-lasting effects on the wedge, it exerts a stronger

and more sustained influence on the current price of capital and, ultimately, on investment. In

contrast, demand shocks elicit less persistent changes in precautionary savings (with the exception

of the government spending shock), which diminishes the influence of the expected path of future

wedges on qt and results in a more limited effect on investment.

Regarding the IRFs of the reestimated RANK model for supply shocks, the responses to the

TFP and wage mark-up shocks are quite similar to those observed in the RA counterfactual. In

the case of the price mark-up shock, however, the effects are generally smaller in the reestimated

RANK model.

6.3 Comparison with counterfactual risk cyclicalities

To further illustrate the ambiguous effects of risk cyclicality on output, I introduce an additional

counterfactual scenario where individual risk is procyclical. In this scenario, I calibrate ϕ to the

opposite value of its posterior mean, resulting in ϕ = 7.4956 (see Table 2). I then compute and
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Figure 7: Consumption responses depending on the cyclicality of the idiosyncratic risk

Figure 8: Output responses depending on the cyclicality of the idiosyncratic risk
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plot the IRFs for this counterfactual case, focusing on the four shocks that generated significant

differences between the estimated model and the RA counterfactual: government spending, TFP,

wage mark-up, and price mark-up shocks.

In Figure 7, I plot the consumption responses for this new counterfactual alongside the baseline

model with countercyclical risk and the RA counterfactual. As shown in the graphs, procyclical risk

leads to an initial attenuation of consumption responses for the TFP and the two mark-up shocks.

These findings are consistent with the results of Acharya and Dogra (2020) and Acharya et al.

(2023), which demonstrate that procyclical risk dampens consumption responses. For government

spending shocks, however, procyclical risk increases precautionary savings, resulting in a larger

drop in consumption compared to the countercyclical and RA cases.

Figure 8 shows the output responses under different risk cyclicality scenarios, plotted in the

same manner as for consumption. Here, procyclical risk amplifies output responses for the TFP

and the two mark-up shocks, while countercyclical risk attenuates their effects. This supports the

earlier discussion: when investment is included in the model, procyclical risk does not necessarily

lead to an attenuation of output responses. In fact, investment responses are more amplified under

procyclical risk. For government spending shocks, procyclical risk increases precautionary savings,

which mitigates the crowding out of investment, ultimately amplifying the output response.

These figures highlight the intricate interplay between precautionary savings and investment.

This mechanism is often obscured in quantitative HANK models because the responses of high-

MPC consumers tend to dominate. However, the strong attenuation of investment responses

following supply shocks, as observed here, is also a key feature of HANK&SaM models, as empha-

sized by Challe et al. (2017) and Den Haan et al. (2018). Using counterfactual scenarios, Challe

et al. (2017) demonstrate the significance of this channel during recessions.

7 Alternative specifications and the quantitative relevance

of idiosyncratic risk

In this section, I calibrate the parameters specific to the CARA-Normal framework to assess their

relative importance for the precautionary saving motive and the model’s ability to fit the data.

Specifically, I examine how these calibrations affect the LDD, which evaluates the model’s fit

to the seven macroeconomic time series. As previously noted, the case of lower risk aversion is

particularly significant, as it substantially weakens the precautionary saving motive. Additionally,

I analyze the effects of acyclical individual risk and a reduced standard deviation of individual

incomes. Furthermore, I compare the baseline model to its RA counterpart to highlight the role

of individual risk and precautionary savings.

The methodology is straightforward: I calibrate each parameter of interest individually and

reestimate the model for each scenario. The four cases I focus on are:
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• σ = 0: Eliminates the effect of ϕ on consumption, representing the RA case.

• γ = 2: Represents a lower degree of risk aversion.

• σ = 0.5: Implies a standard deviation of individual incomes equal to 50% of aggregate

income.

• ϕ = 0: Assumes acyclical individual risk.

The results of this analysis are summarized in Table 5, which reports the LDD and the mean of

the posterior distribution for each scenario. For comparison, the table also includes the correspond-

ing values from the baseline model (referred to as “Baseline,” as shown in Table 1 and Table 2)

and the ones from an estimated Two-agent New Keynesian (TANK) model (see Subsection 7.3).

7.1 Does HANK better fit the data?

One significant advantage of the CARA-Normal framework is that it nests the RANK model,

which is recovered when σ = 0. Reestimating the model without individual risk allows us to assess

whether the differences between the two specifications are substantial. To quantify this, I compare

the LDD obtained without idiosyncratic risk to that of the baseline model.

As shown in Table 5, the LDD drops to 6766.7 in the RANK model, compared to 6774.3 in

the baseline model. Incorporating countercyclical risk improves the LDD by 7.6—a modest yet

meaningful improvement. This result demonstrates that, despite its simplicity, the baseline model

fits the data better than its RA counterpart by a notable margin. For comparison, Bayer et al.

(2024) obtained a LDD of 6588 with their HANK model and 6590 with a RANK version on the

same dataset. Hence, surpassing the RA framework in terms of LDD is no trivial feat. The

CARA-Normal model achieves this by estimating parameters that influence idiosyncratic risk and

risk aversion (more details in the next subsection).

As shown in the variance and historical decompositions in Appendix A.7, the baseline model

attributes little explanatory power to IST shocks in accounting for business cycle fluctuations,

whereas these shocks emerge as the primary driver in the RANK model. This contrast is mainly

due to the estimated persistence of the IST shock, which is very low in the baseline but significantly

higher in the RANK model (see Table 5). Because the IST shock is largely muted in the baseline,

the resulting variance decompositions differ substantially from those of the RANK model. In the

baseline, risk premium and supply shocks play a central role, while in the RANK model, the IST

shock dominates the dynamics of most variables.

Since I use the same dataset as Bayer et al. (2024), it is also possible to compare the fit of my

baseline model to their HANK model. The baseline achieves a LDD of 6774.3, significantly outper-

forming the 6588 obtained by their HANK model. This substantial difference stems primarily from

the fact that the log-linear structure of my model makes parameter estimation straightforward,
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Table 5: Comparison across specifications

Baseline RANK γ = 2 σ = 0.5 ϕ = 0 TANK

Log Data Density 6774.3 6766.7 6767.7 6766.1 6767.1 6773.4
Mean of the parameters
σv S.d. Risk prem. 0.0022 0.0018 0.0018 0.0018 0.0018 0.0018
σz S.d. TFP 0.0065 0.0065 0.0065 0.0065 0.0065 0.0065
σp S.d. Price MU 0.0016 0.0017 0.0017 0.0017 0.0017 0.0017
σw S.d. Wage MU 0.0085 0.0090 0.0093 0.0092 0.0088 0.0078
σI S.d. IST 0.0195 0.0129 0.0128 0.0130 0.0128 0.0201
σf S.d. Mon. Pol. 0.0021 0.0023 0.0023 0.0023 0.0023 0.0023
σg S.d. Gov. Spend. 0.0099 0.0097 0.0097 0.0097 0.0097 0.0097
%v Autocorr. Risk Prem. 0.9269 0.9407 0.9389 0.9399 0.9407 0.9395
%z Autocorr. TFP 0.9757 0.9724 0.9708 0.9707 0.9725 0.9742
%p Autocorr. Price MU 0.9858 0.9752 0.9768 0.9760 0.9750 0.9665
ϑp MA comp. Price MU 0.6206 0.6297 0.6108 0.6140 0.6350 0.6012
%w Autocorr. Wage MU 0.9901 0.9752 0.9757 0.9749 0.9745 0.9599
ϑw MA comp. Wage MU 0.9145 0.7965 0.7760 0.7812 0.8118 0.8935
%I Autocorr. IST 0.1120 0.9035 0.9006 0.9028 0.9003 0.9442
%f Autocorr. Mon. Pol. 0.2459 0.1879 0.2005 0.1945 0.1859 0.1769
%g Autocorr. Gov. Spend. 0.9748 0.9752 0.9749 0.9750 0.9756 0.9801
%gz Corr. TFP Gov. Spend. 0.8778 0.8737 0.8734 0.8729 0.8733 0.8710
r Steady state interest rate 0.0103 0.0102 0.0100 0.0101 0.0102 0.0100
α Capital share 0.2325 0.2392 0.2372 0.2388 0.2390 0.2368
%r Taylor rule inertia 0.8055 0.7834 0.7788 0.7780 0.7850 0.7929
φπ Taylor rule inflation 1.7765 2.1610 2.1742 2.1645 2.1623 2.2446
φy Taylor rule output growth 0.2070 0.4419 0.4304 0.4380 0.4475 0.4871
ζp Price stickiness 0.8144 0.7800 0.7712 0.7721 0.7820 0.7722
ζw Nom. wage stickiness 0.8527 0.7600 0.7355 0.7448 0.7696 0.8569
λ Capital utilization 0.6476 0.7603 0.7665 0.7681 0.7581 0.7647
χ Investment adjustment 3.8377 1.7166 1.7268 1.6326 1.8129 1.0256
γ Risk aversion 3.6498 1.9934 ∅ 1.9541 1.9934 2.0640
ρ Disutility of labor 1.9840 1.7330 1.8031 1.7799 1.7497 1.7501
ϕ Risk cyclicality −7.4956 ∅ −4.1108 −4.3133 ∅ ∅
σ Weight of individual risk 0.8909 ∅ 0.5426 ∅ 0.6006 ∅
η Share of HtM agents ∅ ∅ ∅ ∅ ∅ 0.2617
o Cyclicality of HtM income ∅ ∅ ∅ ∅ ∅ 1.1116

Note: The RANK specification is obtained by calibrating σ = ϕ = 0. The TANK specification is the
RANK model augmented by a share η of HtM agents. The cyclicality of HtM agents’ income is measured
by o. The prior distribution for η is a beta distribution with a mean of 0.25 and a standard deviation of
0.1. The prior for o follows a gamma distribution with a mean of 1.5 and a standard deviation of 0.75.
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allowing to estimate easily the parameters related to utility and idiosyncratic risk, as well as those

affecting the steady state. In contrast, estimating these parameters in the quantitative model of

Bayer et al. (2024) is not as easy, as it requires recomputing the stationary equilibrium of the

HANK economy for each possible value of the steady-state parameters during estimation—a com-

putationally intensive process. Due to this technical difficulty, they do not estimate the parameters

influencing the steady state and utility.18

7.2 Sensitivity of the results to key parameters

The precautionary saving motive is likely sensitive to the calibration of the parameter governing

risk aversion. Higher risk aversion naturally strengthens the precautionary saving motive, while a

lower degree of risk aversion should intuitively weaken it. To test this intuition, I reestimate the

model with γ calibrated at 2, compared to its posterior mean of approximately 3.6. As shown in

Table 5, the LDD drops to 6767.7. The mean of σ is much lower in this case and the mean of

ϕ indicates less countercyclical risk. These results show that lower risk aversion has a significant

effect on the estimates of the parameters governing idiosyncratic risk: the mean of σ and ϕ are

nearly halved. Lower risk aversion dampens the precautionary saving motive, yielding a model

that performs only marginally better than its RA counterpart in terms of LDD. This confirms

that risk aversion is critical for the interaction between individual risk and precautionary savings.

Nevertheless, σ remains well above zero, and ϕ stays significantly negative, indicating that the

precautionary saving motive is not entirely muted.

Taking advantage of the tractability of my model, I also estimate the parameters governing

idiosyncratic risk, which are notably high in the baseline, enhancing the precautionary saving

motive. Calibrating these parameters to lower values is expected to weaken the motive and

worsen the model’s fit to the data. First, I calibrate σ at 0.5, compared to its baseline mean of

approximately 0.9. In this case, the LDD drops to 6766.1, a significant decrease compared to the

baseline. The mean of ϕ is also lower, but still significantly negative. This confirms that a lower σ

dampens the precautionary saving motive as expected. Estimating this parameter is then crucial

to enhance the effects of precautionary savings.

Imposing acyclical idiosyncratic risk also diminishes the effects of precautionary savings on

consumption. When ϕ is set to zero, the LDD drops significantly at 6767.1. This result highlights

the importance of countercyclical risk, as acyclical risk fails to improve meaningfully the model’s

fit to the data. The countercyclicality of individual risk is thus a central feature driving the

effectiveness of precautionary savings. Through counterfactual analysis, Bilbiie et al. (2023) also

find that the countercyclicality of individual risk is crucial to the impact of agent heterogeneity

on business cycles.

18Similarly, Acharya et al. (2024) find that the model of Smets and Wouters (2007) outperforms that of Bayer
et al. (2024) in terms of data fit, further highlighting the advantage of the computational simplicity of log-linear
models.
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These findings emphasize the importance of estimating the parameters governing idiosyncratic

risk to enhance the effects of precautionary savings. In most HANK models, these parameters are

typically calibrated, which may explain why relatively few studies have found that HANK models

consistently outperform RANK models in terms of LDD.

7.3 MPC heterogeneity

MPC heterogeneity is the other central feature of quantitative HANK models. It arises in in-

complete markets frameworks when households face borrowing constraints. As discussed in the

introduction, the presence of high-MPC agents brings inequality and redistribution to the fore-

front, making them key determinants of consumption dynamics alongside precautionary savings.

To assess whether the precautionary savings motive is as important as MPC heterogeneity in

shaping business cycles, I estimate a variant of the model that features tractable MPC hetero-

geneity but excludes idiosyncratic risk. TANK models offer a tractable alternative for capturing

the effects of MPC heterogeneity. In this setup, a share η of consumers are HtM agents who

consume their entire income. Following Bilbiie (2020), the income of these agents is assumed to

be proportional to aggregate income yt, with a proportionality factor captured by the parameter

o.19

Table 5 presents the estimation results of the TANK model. The resulting LDD is slightly lower

than in the baseline, at 6773.4. This suggests that while MPC heterogeneity plays an important

role, it may be somewhat less influential than the precautionary savings motive—though the two

are close. Importantly, the TANK model still performs significantly better than the RANK model,

indicating that both features are essential components of HANK models.

Appendix A.7 also provides the variance and historical decompositions for the TANK model.

These decompositions closely resemble those of the RANK model, but with an even greater role

assigned to the IST shock. This result aligns with the findings of Auclert et al. (2020) and Bayer

et al. (2024), who show that IST shocks are even more influential in HANK models than in their

RANK counterparts. Thus, the shock decomposition in the TANK model is closer to that of a

quantitative HANK model, as high-MPC agents tend to overshadow the impact of precautionary

savings in these models.

Because the baseline and the TANK model exhibit fundamentally different sources of business

cycle fluctuations, a version of the model in which both features—countercyclical risk and MPC

heterogeneity—jointly improve the fit to the data does not seem to exist. Estimating a model

that includes both features results in a bimodal likelihood, with each mode corresponding to one

feature dominating the other. When precautionary savings dominate, the posterior mode of η

is low, and IST shocks play a minimal role, as in the baseline model. Conversely, when MPC

19The (log-linearized) consumption of HtM agents cht is given by: cht = oyt. Transfers and taxes ensure this
proportionality holds, and that there is no inequality in the steady state.
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heterogeneity dominates, the posterior mode of σ is low, and IST shocks become the primary

driver of fluctuations, as in the RANK and TANK models. Whether this tension reflects a broader

structural limitation of HANK models remains an open question, but it represents a promising

direction for future research.

8 Conclusion

This paper makes three main contributions. First, it demonstrates that a HANK framework can

generate empirically realistic dynamics of individual risk and precautionary savings, and identi-

fies unemployment as the most suitable proxy for capturing the effects of idiosyncratic risk on

savings behavior. In doing so, it shows that the dimension of idiosyncratic risk most relevant

for business cycles is one that is strongly countercyclical, such as unemployment risk. Second, it

establishes that incorporating the interaction between individual risk and precautionary savings

substantially improves the model’s ability to match aggregate time series. Third, it shows that

once capital accumulation and countercyclical risk are jointly considered, precautionary savings

can have ambiguous effects on macroeconomic dynamics.

A central takeaway is that a simple heterogeneous-agent model can capture the realistic dy-

namics of precautionary savings over the business cycle without directly targeting any measure of

individual risk. This result underscores that the foundational theory of HANK models aligns with

empirical evidence while highlighting the crucial role of the countercyclicality of individual risk.

Furthermore, the strong link between individual risk and unemployment risk, as emphasized in

this paper, supports the relevance of HANK&SaM models. These models effectively capture the

most significant aspects of individual risk according to my results.

Regarding the model’s ability to replicate macroeconomic time series, the findings indicate that

incorporating countercyclical idiosyncratic risk into a DSGE framework significantly enhances

its performance. Notably, the heterogeneous-agent model outperforms its representative-agent

counterpart by a meaningful margin. While the effects of precautionary savings may not be large,

they are nonetheless impactful, particularly in the context of supply shocks. For these shocks,

countercyclical risk generates a short-lived amplification of consumption responses but attenuates

output responses due to an even greater attenuation of investment responses.
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A Appendix

A.1 Data description

The dataset used for estimation is the same as in Bayer et al. (2024).20 All elements about the

observables are given in the appendix of their paper. The original series span from 1954Q3 to

2019Q4 and are sourced from the St.Louis FED – FRED. Output, consumption and investment

are expressed per capita and in real terms. Below, I detail how each observable is tailored for

estimation21 and how the empirical measures of idiosyncratic risk are computed:

• Output growth: ∆ log(Yt)−∆ log(Yt)

• Consumption growth: ∆ log(Ct)−∆ log(Ct)

• Investment growth: ∆ log(It)−∆ log(It)

• Real wage growth: ∆ log(Wt)−∆ log(Wt)

• Nominal interest rate: log(1 + it)− log(1 + it)

• Hours worked: log(Lt)− log(Lt)

• Inflation: log(Πt)− log(Πt)

• Income idiosyncratic risk in Figure 5: estimated time series for the variance of idiosyncratic

income from Bayer et al. (2019), based on the Survey of Income and Program Participation.

Available from 1983Q1 to 2013Q1. Used in Bayer et al. (2024) as an observable.

• Unemployment rate: quarterly average of the series sourced from FRED, from 1954Q4 to

2019Q4 (FRED mnemonics: “UNRATE”).

• Job-finding and job-loss rates: “As in Challe et al. (2017) and Cho (2023), I follow the

method of Shimer (2005) and Shimer (2012) to compute the job-finding and job-loss rates.

The monthly transition matrices across employment statuses are constructed using season-

ally adjusted data on employment (BLS series LNS12000000), unemployment (BLS series

LNS13000000), and short-run unemployment (BLS series LNS13008396). Then, these ma-

trices are multiplied over the three consecutive months of each quarter to obtain quarterly

transition probabilities. The final series are detrended using the method of Hamilton (2018).”

(the dataset spans from 1954Q4 to 2019Q4).

20The dataset can be found at: https://github.com/BASEforHANK/HANK BusinessCycleAndInequality/blob/
master/src/bbl data inequality.csv.

21∆ denotes the temporal difference operator and N denotes the average of variable N .
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• Consumer sentiment (FRED mnemonics: “UMCSENT”): “Surveys of Consumers, Univer-

sity of Michigan, University of Michigan: Consumer Sentiment, retrieved from FRED”.

From 1959Q4 to 2019Q4. Index 2017Q3 = 100. Not seasonally adjusted.

A.2 Modeling details

A.2.1 Final goods producers

The final goods sector is assumed to be perfectly competitive. A firm combines intermediate goods

to produce final goods using the following CES function:

Yt =

(∫ 1

0

Yt(j)
θt−1
θt dj

) θt
θt−1

where θt is the elasticity of substitution across intermediate goods. This elasticity is not constant

because the price mark-up is subject to stochastic shocks. I denote Mp
t , the price mark-up that

is such that: Mp
t = θt

θt−1
.

The final goods firm pays a price Pt(j) for every Yt(j) that it buys to produce the final goods.

The final goods firm takes the price of the final goods Pt as given since it evolves in a perfectly

competitive market. Cost-minimization together with the zero-profit condition imply that:

Yt(j) =

(
Pt(j)

Pt

)−θt
Yt

where Pt =
(∫ 1

0
Pt(j)

1−θtdj
) 1

1−θt .

A.2.2 Intermediate goods producers

There is a unit continuum of producers of intermediate goods. These firms compete in monopolistic

competition à la Dixit and Stiglitz (1977). Each firm j is assumed to have the same production

technology. Then, firm j’s production function is assumed to take the following form:

Yt(j) = ZtLt(j)
1−αKt(j)

α

where Kt(j) is capital used, Lt(j) is effective labor and Zt is the Total Factor Productivity (TFP)

subject to aggregate shocks. The TFP is assumed to follow the following AR(1) process:

logZt ≡ zt = %zzt−1 + σzε
z
t

where %z is the persistence parameter and σz is the standard deviation of the shock.

Intermediate firms have to pay households for their labor supplies and they rent capital from
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capital owners. Under monopolistic competition, the real profit of a firm j Dt(j) can be written

such that:

Dt(j) =
Pt(j)

Pt
Yt(j)−WtLt(j)−RK

t Kt(j)

It is assumed that the intermediate goods producers hire capital and labor from a common market.

As a result, all firms share the same capital-to-labor ratio (i.e., Kt(j)
Lt(j)

= Kt
Lt

). This implies that the

optimal demand for production factors is identical across all intermediate goods producers. Cost

minimization results in:

Wt = St(1− α)Zt

(
Kt

Lt

)α
(A.1)

RK
t = StαZt

(
Lt
Kt

)1−α

where St is the real marginal cost. Let’s denote MPLt, the marginal productivity of labor which

is defined as:

MPLt ≡
∂Yt
∂Lt

=
(1− α)Yt

Lt

From (A.1), one obtains:

St =
Wt

MPLt

Intermediate firms possess a degree of market power due to consumers’ preference for variety.

Under monopolistic competition à la Dixit and Stiglitz (1977), a firm j can set a price Pt(j) above

the market average price Pt while still facing positive demand. Consequently, firm j seeks to

determine the optimal price Pt(j) that maximizes its profit Dt(j).

Since all firms share the same production technology and marginal cost, the profit-maximizing

price is identical across firms and is denoted as P ∗t . However, I assume the presence of price

stickiness à la Calvo (1983). Specifically, a fraction ζp of firms cannot adjust their prices in period

t, while the remaining fraction (1 − ζp) can reset their prices and set them at the optimal level

P ∗t . As a result, a fraction ζp of firms must retain the prices they last set when they had the

opportunity to adjust.

Under this pricing mechanism, the probability that a given price remains unchanged for one

period is (1 − ζp)ζp, for two periods is (1 − ζp)ζ2
p , and for k periods is (1 − ζp)ζkp . The resulting

equation governing the dynamics of the aggregate price level under sticky prices is then given by:

Pt =
[
ζpP

1−θt
t−1 + (1− ζp)P ∗t

1−θt
] 1

1−θt

or equivalently:

Πt
1−θt = ζp + (1− ζp)

(
P ∗t
Pt−1

)1−θt
(A.2)

where Πt is inflation in level, that is defined such that: Πt = Pt
Pt−1

.
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The profit maximization program of a firm j is:

P ∗t = arg max
Pt(j)

Et
∞∑
k=0

ζkpQt,t+kYt+k(j)

[
Pt(j)

Pt+k
− St+k

]

s.t. Yt+k(j) =

(
Pt(j)

Pt+k

)−θt+k
Yt+k

where Qt,t+k =
∏t+k−1

s=t
1
R̃s

is the stochastic discount factor as in Acharya and Dogra (2020).

The FOC of this program is:

Et
∞∑
k=0

ζkpQt,t+kYt+k(j)

(
P ∗t
Pt+k

−Mp
t+kSt+k

)
= 0 (A.3)

Log-linearizing (A.2) and (A.3) while assuming that inflation is null at steady state and com-

bining these two expressions yields the New Keynesian Phillips Curve:

πt = β̃Etπt+1 + κpst +mp
t

where β̃ = 1
R

, κp = (1−ζp)(1−β̃ζp)

ζp
and mp

t is the renormalized version of log
(
Mp

t

Mp

)
. As in Smets and

Wouters (2007), I assume that mp
t follows an ARMA(1,1) process such that:

mp
t = %pm

p
t−1 + σpε

p
t − ϑpε

p
t−1

where %p is the persistence parameter, σp the standard deviation of the shock and ϑp measures

the weight of the MA component. At steady state, the price mark-up returns to its initial value:

Mp = θ
θ−1

.

A.2.3 Labor packers and unions

The labor market is assumed to be affected by real and nominal rigidities as the goods market.

For expositional purposes, I decompose the utility function of an agent i such that:

Ut(i) = u(Ct(i)) + h(Lt(i))

where u(Ct(i)) = − 1
γ
e−γCt(i) and h(Lt(i)) = −ρe

1
ρ(Lt(i)−ξ̄). The marginal rate of substitution

between labor and consumption of an agent i is:

MRSt(i) =

∣∣∣∣h′(Lt(i))u′(Ct(i))

∣∣∣∣
Following Erceg et al. (2000), each household supplies a differentiated labor service, which

grants them market power to negotiate higher wages. The labor market operates under monop-
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olistic competition à la Dixit and Stiglitz (1977). Additionally, labor packers aggregate these

differentiated labor supplies using the following CES function:

Lt =

(∫ 1

0

Lt(i)
νt−1
νt di

) νt
νt−1

where νt is the elasticity of substitution across differentiated labor services. Similarly to the price

mark-up, this elasticity is not constant because it is assumed that the wage mark-up is subject to

stochastic shocks. The wage mark-up is denoted such that: Mw
t = νt

νt−1
.

I assume that labor packers evolve in a perfectly competitive market so that they make no

profits. Then, the mission of unions is to sell households’ labor supplies to the labor packers.

Similarly to the final goods producers, labor packers buy a differentiated labor service Lt(i) for a

wage Wt(i) and they take the average nominal wage Wt as given. Cost minimization coupled with

the zero-profit condition yields the following demand function:

Lt(i) =

(
Wt(i)

Wt

)−νt
Lt

where Wt =
(∫ 1

0
Wt(i)

1−νtdi
) 1

1−νt .

As in Erceg et al. (2000), unions negotiate wages, but each union cannot renegotiate in every

period, following the Calvo (1983) framework. Specifically, each union has a probability ζw of not

being able to renegotiate in period t and a probability (1− ζw) of being able to do so. Due to the

presence of wage stickiness, nominal wages are not always set at their optimal level W ∗
t in every

period. This leads to nominal wage inflation in the model, which is defined as follows:

Πw
t =

Wt

Wt−1

or equivalently:
Wt

Wt−1

=
Πw
t

Πt

where Πw = 1 since Π is assumed to be equal to unity. Nominal wages evolve in a similar fashion

as prices do, that is:

Wt =
[
ζwW

1−νt
t−1 + (1− ζw)W ∗

t
1−νt] 1

1−νt (A.4)

Since unions cannot renegotiate wages in every period, they must account for the possibility

that they may not be able to do so in the future when formulating their maximization program,

following a similar logic to that of intermediate firms. Given agent heterogeneity, I follow Auclert

et al. (2021) in assuming that unions base their decisions on the preferences of a representative

middleman who consumes aggregate consumption Ct while negotiating the optimal wage W ∗
t . The
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unions’ maximization problem is then given by:

W ∗
t = arg max

Wt(i)
Et

∞∑
k=0

(β̃ζw)k
[
u′(Ct+k)

Wt(i)

Pt+k
Lt+k(i)− h(Lt+k(i))

]
s.t. Lt+k(i) =

(
Wt(i)

Wt+k

)−νt
Lt+k

The FOC of the previous program is:

Et
∞∑
k=0

(β̃ζw)ku′(Ct+k)Lt+k(i)

[
W ∗
t

Pt+k
−Mw

t+k

h′(Lt+k(i))

u′(Ct+k)

]
= 0 (A.5)

Log-linearizing22 (A.4) and (A.5) and combining these two expressions, one obtains the New

Keynesian Wage Phillips Curve:

πwt = β̃Etπwt+1 − κw(ωt −mrst) +mw
t

where κw = (1−ζw)(1−β̃ζw)
ζw

and mw
t is the renormalized version of log

(
Mw

t

Mw

)
. As in Smets and

Wouters (2007), I assume that mw
t follows an ARMA(1,1) process such that:

mw
t = %wm

w
t−1 + σwε

w
t − ϑwεwt−1

where %w is the persistence parameter, σw the standard deviation of the shock and ϑw measures

the weight of the MA component. At steady state, the wage mark-up returns to its initial value:

Mw = ν
ν−1

.

A.2.4 Capital firms and investment

Following Auclert et al. (2020), capital firms own the capital stock and they rent it to intermediate

firms. In exchange for this service, they receive RK
t Kt. Capital firms have then to decide how

much capital to own, how much to invest in new capital and what utilization rate is optimal. The

profit of capital firms DK
t is:

DK
t = RK

t Kt − a(ut)K̄t−1 − It

Capital firms are in charge of turning final goods into new capital using an investment-specific

technology. As it is standard in the DSGE literature, I assume that this technology is affected

by adjustment costs. I model these adjustment costs as in Christiano et al. (2005), relying on a

function S satisfying S(1) = S ′(1) = 0 and χ ≡ S ′′(1) > 0. Hence, capital firms create new capital

22The log-linearized real wage is denoted such that: ωt ≡ Wt−W
W ≈ log

(Wt

W
)
.
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according to the following law of motion:

K̄t = (1− δ)K̄t−1 + ΨtIt

(
1− S

(
It
It−1

))
(A.6)

where Ψt is an investment-specific technology shock. As in Smets and Wouters (2007), this shock

is renormalized in the log-linear model.23 I assume that it follows the following AR(1) process:

ψ̂t = %Iψ̂t−1 + σIε
I
t

where ψ̂t is the renormalized shock in the log-linear model, %I is the persistence parameter and σI

the standard deviation of the shock.

All the capital stock might not be used in the production function. This depends on the degree

of capital utilization, as stated by the following equation:

Kt = utK̄t−1 (A.7)

Equation (A.7) describes how the degree of capital utilization ut affects the capital ultimately

used in the production function. In steady state, all the capital stock is used, so that u = 1. a(ut)

is the cost associated to the degree of capital utilization. Following Smets and Wouters (2007), I

assume that a(1) = 0 and denote a′′(1)
a′(1)
≡ λ

1−λ .

Similarly to intermediate firms, I assume that capital firms use Qt,t+k to discount the future.

The maximization program of capital firms is then:

max
K̄t,It,ut

Et
∞∑
k=0

Qt,t+kD
K
t+k

s.t. K̄t = (1− δ)K̄t−1 + ΨtIt

(
1− S

(
It
It−1

))
Kt = utK̄t−1

(A.8)

Differentiating (A.8) with respect to K̄t, it follows that:

R̃tQt = EtRK
t+1ut+1 − Eta(ut+1) + (1− δ)EtQt+1 (A.9)

where Qt is the Lagrange multiplier (or the capital price) associated to (A.6). Differentiating (A.8)

with respect to It, one finds:

QtΨt

[
1− S

(
It
It−1

)
− It
It−1

S ′
(

It
It−1

)]
= 1− Et

Qt+1

R̃t

Ψt+1

(
It+1

It

)2

S ′
(
It+1

It

)
(A.10)

23In the log-linear model, this implies: ψ̂t ≡ 1
χ(1+β̃)

ψt, where log Ψt ≡ ψt.
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Differentiating (A.8) with respect to ut, one obtains:

RK
t = a′(ut)

A.2.5 Derivation of aggregate consumption

Demeaned cash-on-hand is defined as:

xt(i) = R̃t−1(At−1(i)− At−1) + Yt(i)− Yt

Let Ct(xt(i)) denote the consumption of household i as a function of her demeaned cash-on-

hand xt(i). By iterating forward the previous equation and incorporating household i’s budget

constraint, the demeaned cash-on-hand in period t+ 1 can be expressed as:

xt+1(i) = R̃t (xt(i)− Ct(xt(i)) + Ct) + Yt+1(i)− Yt+1

As Yt+1(i) is normally distributed, we have xt+1(i) ∼ Nt(R̃t (xt(i)− Ct(xt(i)) + Ct) , σ
2
t+1). Com-

bining the expression of the demeaned cash-on-hand in t+ 1 with (2), one obtains:

e−γCt(xt(i)) = βR̃tEt
∫
e−γCt+1(xt+1(i))

{
1√

2πσt+1

e
− 1

2

(
xt+1(i)−R̃t[xt(i)−Ct(xt(i))+Ct]

σt+1

)2}
dxt+1(i)

As shown in Acharya and Dogra (2020), individual consumption can be expressed in the absence

of aggregate shocks as:

C(x) = C + µx ∀x

where µ = 1 − 1
R

. Let’s define r̃t ≡ log R̃t
R

, Ĉt(xt(i)) ≡ Ct(xt(i)) − C(x) and Ŷt ≡ Yt − Y . As

discussed in the main text, σt is assumed to covary with output, such that: σt = σ̃eϕŶt . Rewriting

the Euler equation as a function of Ĉt(xt(i)), one gets:

e−γ[C+µx+Ĉt(xt(i))] = βRer̃tEt
1

σ̃eϕEtŶt+1

×
∫
e−γ[C+µxt+1(i)+Ĉt+1(xt+1(i))]

{
1√
2π
e
− 1

2

(
xt+1(i)

σ̃e
ϕEtŶt+1

−Re
r̃t [(1−µ)x−Ĉt(xt(i))+Ĉt]

σ̃e
ϕEtŶt+1

)2}
dxt+1(i)

When there is only idiosyncratic risk, the previous equation reduces to:

1 =
βR

σ̃

∫
e−γµ(xt+1(i)−x)f

(
xt+1(i)− x

σ̃

)
dxt+1(i)
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where f
(
xt+1(i)−x

σ̃

)
= 1√

2π
e
− 1

2

(
xt+1(i)−x

σ̃

)
. Solving the integral yields the following expression for

the steady state interest rate:

R =
1

β
e−

γ2µ2σ̃2

2

A first-order Taylor expansion of the individual Euler equation around the steady state yields:

0 =

{
βR

σ̃

∫
e−γµ(xt+1(i)−x)f

(
xt+1(i)− x

σ̃

)
dxt+1(i)

}
︸ ︷︷ ︸

=1

r̃t

+

{
βR

σ̃

∫
e−γµ(xt+1(i)−x)f

(
xt+1(i)− x

σ̃

)
dxt+1(i)

}
︸ ︷︷ ︸

=1

(−ϕ)EtŶt+1

+

{
βR

σ̃

∫
e−γµ(xt+1(i)−x)f

(
xt+1(i)− x

σ̃

)
dxt+1(i)

}
︸ ︷︷ ︸

=1

γĈt (xt(i))

+
βR

σ̃

{
(−γ)

∫
e−γµ(xt+1(i)−x)f

(
xt+1(i)− x

σ̃

)
Et
[
Ĉt+1 (xt+1(i))

]
dxt+1(i)

}
︸ ︷︷ ︸

≡ς

+
βR

σ̃

∫
e−γµ(xt+1(i)−x)f ′

(
xt+1(i)− x

σ̃

)(
xt+1(i)− x

σ̃

)
dxt+1(i)︸ ︷︷ ︸

=−σ̃e
γ2µ2σ̃2

2 (1+γ2µ2σ̃2)

(−ϕ)EtŶt+1

− β
(
R

σ̃

)2 ∫
e−γµ(xt+1(i)−x)f ′

(
xt+1(i)− x

σ̃

)
dxt+1(i)︸ ︷︷ ︸

=γµσ̃2e
γ2µ2σ̃2

2

(
Ĉt − Ĉt (xt(i))

)

+
βR

σ̃

∫
e−γµ(xt+1(i)−x)f ′

(
xt+1(i)− x

σ̃

)
dxt+1(i)︸ ︷︷ ︸

=γµσ̃2e
γ2µ2σ̃2

2

(
−x
σ̃

)
r̃t

To simplify the Euler equation further, one needs to specify the form of households’ policy functions

(otherwise there is no simpler formulation for ς). I guess and verify that individual consumptions

take the form:

Ĉt(x) = Ĉt + µµ̂tx ∀x

where µ̂t = µt−µ
µ

. Substituting this guess in the previous equation, one obtains an expression for

the aggregate Euler equation:

0 = r̃t − ϕEtŶt+1 + γĈt + γµµ̂tx− γEtĈt+1 − γµ (Etµ̂t+1)x+ γ2µ2σ̃2Etµ̂t+1

−
(
1 + γ2µ2σ̃2

)
(−ϕ)EtŶt+1 +Rγµ2µ̂tx− γµxr̃t
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Matching coefficients in x, one finds:

µ̂t =
1

R
(r̃t + Etµ̂t+1)

that is (4) in the main text. Combining the two previous equations, the aggregate Euler equation

boils down to:

0 = r̃t − ϕEtŶt+1 + γĈt − γEtĈt+1 + γ2µ2σ̃2Etµ̂t+1 −
(
1 + γ2µ2σ̃2

)
(−ϕ)EtŶt+1

Let’s define the log-linearized variables ct ≡ Ĉt
C

and yt ≡ Ŷt
Y

. Rewriting the aggregate Euler

equation as a function of these log-linearized variables, one finally gets:

Cct = CEtct+1 −
1

γ
r̃t − γµ2σ̃2Etµ̂t+1 − ϕγµ2σ̃2Y Etyt+1

that is (3) in the main text.

A.2.6 Derivation of investment as a function of the wedge

Log-linearizing the Euler equation for capital (A.9) yields the following expression:

qt = β̃RKEtrKt+1 + β̃(1− δ)Etqt+1 − r̃t

Isolating r̃t in (3), the aggregate Euler equation for actuarial bonds becomes:

r̃t = γC(Etct+1 − ct)− γ
(
γµ2σ̃2Etµ̂t+1 + ϕγµ2σ̃2Y Etyt+1

)
Substituting this into the equation for qt gives:

qt = β̃RKEtrKt+1 + β̃(1− δ)Etqt+1 − γC(Etct+1 − ct) + γ
(
γµ2σ̃2Etµ̂t+1 + ϕγµ2σ̃2Y Etyt+1

)
Iterating forward the previous expression, one obtains:

qt = Et
∞∑
s=0

β̃s(1− δ)s
[
β̃RKrKt+1+s − γC(ct+1+s − ct+s) + γ

(
γµ2σ̃2µ̂t+1+s + ϕγµ2σ̃2Y Etyt+1+s

)]
The previous expression illustrates well how the current price of capital is influenced by the

expected path of future wedges. This is crucial to understand how precautionary savings shape

investment. Log-linearizing (A.10) provides the investment equation:

ιt =
1

1 + β̃
ιt−1 +

β̃

1 + β̃
Etιt+1 +

1

χ(1 + β̃)
qt + ψ̂t
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where ιt ≡ It−I
I
≈ log

(
It
I

)
and ψ̂t ≡ 1

χ(1+β̃)
ψt. Substituting the forward-looking expression for qt

into the investment equation yields:

ιt =
1

1 + β̃
ιt−1 +

β̃

1 + β̃
Etιt+1 + ψ̂t

+
1

χ(1 + β̃)
Et

∞∑
s=0

β̃s(1− δ)s
[
β̃RKrKt+1+s − γC(ct+1+s − ct+s) + γ

(
γµ2σ̃2µ̂t+1+s + ϕγµ2σ̃2Y yt+1+s

)]

Putting γ in factor of the whole sum, one finally obtains:

ιt =
1

1 + β̃
ιt−1 +

β̃

1 + β̃
Etιt+1 + ψ̂t

+
γ

χ(1 + β̃)
Et

∞∑
s=0

β̃s(1− δ)s
[
β̃

γ
RKrKt+1+s − C(ct+1+s − ct+s) + γµ2σ̃2µ̂t+1+s + ϕγµ2σ̃2Y yt+1+s

]

A.3 Summary of the main equations

A.3.1 Consumption

e−γCt(xt(i)) = βQtEt
∫ (√

2πσt+1

)−1

e
−γCt+1(xt+1(i))− 1

2

(Yt+1(i)−Yt
σt+1

)2

dxt+1(i)

R̃t =
Vt(1 + it)

EtΠt+1

σ2
t = (σY )2e2ϕ(Yt−Y )

A.3.2 Labor market

Wt =
[
ζwW

1−νt
t−1 + (1− ζw)W ∗

t
1−νt] 1

1−νt

Et
∞∑
k=0

(β̃ζw)ku′(Ct+k)Lt+k(i)

[
W ∗
t

Pt+k
−Mw

t+k

h′(Lt+k(i))

u′(Ct+k)

]
= 0

MRSt = eγCt+
Lt−ξ̄
ρ

Wt

Wt−1

=
Πw
t

Πt

A.3.3 Capital utilization

Kt = utK̄t−1

RK
t = a′(ut)
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A.3.4 Capital and investment

R̃tQt = EtRK
t+1ut+1 − Eta(ut+1) + (1− δ)EtQt+1

QtΨt

[
1− S

(
It
It−1

)
− It
It−1

S ′
(

It
It−1

)]
= 1− Et

Qt+1

R̃t

Ψt+1

(
It+1

It

)2

S ′
(
It+1

It

)
K̄t = (1− δ)K̄t−1 + ΨtIt

(
1− S

(
It
It−1

))
A.3.5 Production and market clearing

Yt = ZtL
1−α
t Kα

t

Ct + It +Gt + a(ut)K̄t−1 = Yt

A.3.6 Production factors

Wt = StMPLt

MPLt =
(1− α)Yt

Lt

RK
t = StαZt

(
Lt
Kt

)1−α

A.3.7 Price dynamics and inflation

Πt
1−θt = ζp + (1− ζp)

(
P ∗t
Pt−1

)1−θt

Et
∞∑
k=0

ζkpQt,t+kYt+k(j)

(
P ∗t
Pt+k

−Mp
t+kSt+k

)
= 0

A.3.8 Monetary policy

1 + it = R1−%r(1 + it−1)%rΠ
(1−%r)φπ
t

(
Yt
Yt−1

)(1−%r)φy
Ft

A.3.9 Fiscal policy

Gt = ΓtG

A.4 Steady state of the model

A.4.1 Consumption

R =
1

β̃
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µ =
R− 1

R

C = Y − I −G

A.4.2 Labor market

MRS =
ν − 1

ν
W

L = 1

Πw = 1

A.4.3 Capital utilization

u = 1

a(u) = 0

A.4.4 Capital and investment

RK =
1

β̃
− (1− δ)

Q = 1

I = δK

A.4.5 Production and market clearing

Z = 1

Y = Kα

A.4.6 Production factors

S =
θ − 1

θ

MPL = (1− α)Y

W = SMPL

K =

(
αS

RK

) 1
1−α

A.4.7 Price dynamics and inflation

Π = 1

Mp =
θ

θ − 1
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A.4.8 Monetary policy

1 + i = R

A.4.9 Fiscal policy

G =
Y

5

A.5 Log-linear model

The aggregate marginal propensity to consume µt is denoted in log-linear terms such that:

µ̂t ≡
µt − µ
µ

≈ log

(
µt
µ

)
Likewise, capital utilization ut is denoted in log-linear terms such that:

ût ≡
ut − u
u
≈ log

(ut
u

)
Log-linearized investment ιt is such that:

ιt ≡
It − I
I
≈ log

(
It
I

)
The log-linearized real wage ωt is such that:

ωt ≡
Wt −W
W

≈ log

(
Wt

W

)
The other log-linearized variables are denoted such that: nt ≡ Nt−N

N
≈ log

(
Nt
N

)
.

A.5.1 Consumption

r̃t = it + vt − Etπt+1 − r

µ̂t = β̃ (Etµ̂t+1 + it + vt − Etπt+1 − r)

Cct = −1

γ
(it + vt − Etπt+1 − r) + CEtct+1 − γµ2(σY )2ϕY Etyt+1 − γµ2(σY )2Etµ̂t+1

where the wedge is equal to: γµ2(σY )2ϕY Etyt+1 + γµ2(σY )2Etµ̂t+1.

vt = %vvt−1 + σvε
v
t

A.5.2 Labor market

πwt = β̃Etπwt+1 − κw(ωt −mrst) +mw
t
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mrst =
lt
ρ

+ γCct

mw
t = %wm

w
t−1 + σwε

w
t − ϑwεwt−1

ωt = ωt−1 + πwt − πt

A.5.3 Capital utilization

kt = ût + k̄t−1

rKt =
λ

1− λ
ût

A.5.4 Capital and investment

qt = β̃RKEtrKt+1 + β̃(1− δ)Etqt+1 − (it + vt − Etπt+1 − r)

k̄t = (1− δ)k̄t−1 + διt + δχ(1 + β̃)ψ̂t

ιt =
1

1 + β̃
ιt−1 +

β̃

1 + β̃
Etιt+1 +

1

χ(1 + β̃)
qt + ψ̂t

ψ̂t ≡
1

χ(1 + β̃)
ψt

ψ̂t = %Iψ̂t−1 + σIε
I
t

A.5.5 Production and market clearing

yt = zt + (1− α)lt + αkt

zt = %zzt−1 + σzε
z
t

yt =
C

Y
ct +

I

Y
ιt +

G

Y
gt +

K

Y
RK ût

A.5.6 Production factors

ωt = st +mplt

mplt = yt − lt

rKt = st + zt + (1− α)(lt − kt)

A.5.7 Price dynamics and inflation

πt = β̃Etπt+1 − κp(mplt − ωt) +mp
t

mp
t = %pm

p
t−1 + σpε

p
t − ϑpε

p
t−1
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A.5.8 Monetary policy

it = %rit−1 + (1− %r)(r + φππt + φy(yt − yt−1)) + ft

ft = %fft−1 + σfε
f
t

A.5.9 Fiscal policy

gt = %ggt−1 + σgε
g
t + %gzσzε

z
t

A.6 MCMC diagnostics

After a long burn-in, 1,000,000 posterior draws are used to compute the posterior statistics. The

jumping scale parameter is tuned to ensure that the acceptance rate remains between 25% and

33% across all specifications. To provide evidence of chain convergence, I follow Geweke (1992)

by testing the equality of means between the first 20% and the last 50% of the draws for each

parameter. The table below reports the p-values for each parameter across the baseline, RANK,

and TANK models. At the 5% significance level, the null hypothesis of equal means cannot be

rejected for any parameter.
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Table A.1: Geweke (1992) convergence diagnostics

Parameter Description P-value

Baseline RANK TANK

σv S.d. Risk prem. 0.343 0.208 0.447
σz S.d. TFP 0.058 0.467 0.292
σp S.d. Price MU 0.332 0.376 0.325
σw S.d. Wage MU 0.698 0.369 0.329
σI S.d. IST 0.595 0.572 0.313
σf S.d. Mon. Pol. 0.474 0.174 0.543
σg S.d. Gov. Spend. 0.377 0.975 0.216
%v Autocorr. Risk Prem. 0.484 0.639 0.321
%z Autocorr. TFP 0.244 0.811 0.419
%p Autocorr. Price MU 0.925 0.612 0.599
ϑp MA comp. Price MU 0.147 0.226 0.810
%w Autocorr. Wage MU 0.776 0.756 0.265
ϑw MA comp. Wage MU 0.908 0.494 0.478
%I Autocorr. IST 0.644 0.854 0.227
%f Autocorr. Mon. Pol. 0.664 0.487 0.900
%g Autocorr. Gov. Spend. 0.969 0.831 0.252
%gz Corr. TFP Gov. Spend. 0.646 0.304 0.907
r Steady state interest rate 0.253 0.571 0.211
α Capital share 0.896 0.942 0.243
%r Taylor rule inertia 0.818 0.378 0.975
φπ Taylor rule inflation 0.577 0.136 0.059
φy Taylor rule output growth 0.467 0.617 0.392
ζp Price stickiness 0.328 0.300 0.816
ζw Nom. wage stickiness 0.925 0.617 0.398
λ Capital utilization 0.615 0.500 0.199
χ Investment adjustment 0.602 0.758 0.173
γ Risk aversion 0.653 0.274 0.516
ρ Disutility of labor 0.938 0.755 0.443
ϕ Risk cyclicality 0.796 ∅ ∅
σ Weight of individual risk 0.561 ∅ ∅
η Share of HtM agents ∅ ∅ 0.443
o Cyclicality of HtM income ∅ ∅ 0.638

Note: P-values are computed based on the 15% Taper window of Newey–West standard errors.
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A.7 Variance and historical decompositions of the baseline, the RANK,

and the TANK models

Table A.2: Unconditional variance decompositions in the baseline

In % Risk prem. TFP Mon. pol. Price MU IST Gov. spend. Wage MU

Output 7.70 12.71 2.73 39.19 5.28 1.94 30.44
Inflation 68.61 3.42 6.53 16.69 1.57 0.76 2.42

Investment 15.21 6.60 5.44 44.46 21.04 0.91 6.35
Consumption 3.08 7.55 1.10 24.62 0.43 0.17 63.06
Hours worked 9.58 15.79 3.63 23.59 7.97 4.00 35.44

Real wage 1.26 13.32 0.25 83.49 0.55 0.10 1.03
Nominal rate 73.56 1.17 15.58 5.89 2.14 1.05 0.63

Table A.3: Unconditional variance decompositions in the RANK model

In % Risk prem. TFP Mon. pol. Price MU IST Gov. spend. Wage MU

Output 1.94 17.12 1.59 18.71 35.44 1.23 23.97
Inflation 39.37 3.70 7.09 9.59 36.07 0.08 4.11

Investment 1.34 5.89 1.10 11.78 70.15 0.02 9.73
Consumption 1.43 15.81 1.09 17.31 24.56 0.50 39.30
Hours worked 2.52 4.68 2.28 14.27 49.12 2.02 25.10

Real wage 0.77 24.74 0.40 49.18 21.38 0.06 3.46
Nominal rate 42.45 0.96 4.14 1.44 49.00 0.14 1.87

Table A.4: Unconditional variance decompositions in the TANK model

In % Risk prem. TFP Mon. pol. Price MU IST Gov. spend. Wage MU

Output 3.77 19.79 3.42 17.08 34.69 1.42 19.83
Inflation 30.62 3.46 6.87 9.29 45.78 0.13 3.85

Investment 2.64 6.20 2.53 11.17 66.56 0.11 10.79
Consumption 3.18 19.76 2.47 15.74 30.28 0.72 27.84
Hours worked 4.82 4.74 4.77 15.30 45.30 2.63 22.43

Real wage 0.69 27.86 0.36 37.67 29.70 0.15 3.57
Nominal rate 33.48 0.54 2.80 1.11 60.72 0.21 1.14
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(a) Wedge in the Euler equation

(b) Cyclical component

(c) MPC component

Figure A.1: Historical decompositions of the wedge in the Euler equation and its components
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(a) Baseline

(b) RANK

(c) TANK

Figure A.2: Historical decomposition of output in different specifications
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(a) Baseline

(b) RANK

(c) TANK

Figure A.3: Historical decomposition of consumption in different specifications
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(a) Baseline

(b) RANK

(c) TANK

Figure A.4: Historical decomposition of investment in different specifications
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(a) Baseline

(b) RANK

(c) TANK

Figure A.5: Historical decomposition of the real wage in different specifications
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(a) Baseline

(b) RANK

(c) TANK

Figure A.6: Historical decomposition of hours worked in different specifications
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(a) Baseline

(b) RANK

(c) TANK

Figure A.7: Historical decomposition of inflation in different specifications
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(a) Baseline

(b) RANK

(c) TANK

Figure A.8: Historical decomposition of the nominal rate in different specifications
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A.8 Estimated response functions

Figure A.9: Estimated response to a TFP shock: comparison with the RA counterfactual (σ = 0)
and the reestimated RANK model.
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Figure A.10: Estimated response to a price mark-up shock: comparison with the RA counterfactual
(σ = 0) and the reestimated RANK model.

Figure A.11: Estimated response to a wage mark-up shock: comparison with the RA counterfactual
(σ = 0) and the reestimated RANK model.
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Figure A.12: Estimated response to an investment-specific technology shock: comparison with the
RA counterfactual (σ = 0) and the reestimated RANK model.

Figure A.13: Estimated response to an increase in government spendings: comparison with the
RA counterfactual (σ = 0) and the reestimated RANK model.
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Figure A.14: Estimated response to a monetary policy innovation: comparison with the RA
counterfactual (σ = 0) and the reestimated RANK model.

Figure A.15: Estimated response to a risk premium shock: comparison with the RA counterfactual
(σ = 0) and the reestimated RANK model.
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