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ABSTRACT OF THE DISSERTATION

Essays on Cross-sectional Methods in Macroeconomics

by

Paula Donaldson

Doctor of Philosophy in Economics

University of California San Diego, 2026

Professor Johannes Wieland, Chair

This dissertation examines how cross-sectional methods can be used to study the trans-
mission of macroeconomic shocks, combining methodological contributions with applications to
fiscal policy, financial intermediation, and business cycle dynamics.

In Chapter 1, I study cross-sectional designs that exploit heterogeneous exposure to
aggregate shocks for estimating partial-equilibrium elasticities in macroeconomics. I show that
these designs can fail to identify partial-equilibrium elasticities when exposure to the shock
of interest is correlated with exposure to aggregate variables that move in general-equilibrium.
I develop a test for this identification failure and propose a new decomposition method that

leverages both cross-sectional and time-series variation to address it. Applying the method to

Xvii



estimate US cross-sectional fiscal multipliers, I find that accounting for heterogeneous exposure
to monetary policy reduces the estimated two-year multiplier from 1.5 to 1.

In Chapter 2, we study how asset repatriations can deepen financial systems, using
Argentina’s 2016 Tax Amnesty as a case study. The program generated a large inflow of
foreign-currency deposits into banks, allowing us to study the transmission of a currency-specific
liquidity shock. Exploiting variation in banks’ exposure to this inflow and firms’ exposure to
banks, we find positive effects on firms’ financial and real outcomes. We discipline a small
open economy model with heterogeneous banks and firms using our reduced-form elasticities
and use it to quantify aggregate effects and the roles of currency composition and openness in
transmission.

In Chapter 3, we use regional heterogeneity across U.S. states to study why some national
recessions are followed by stronger recoveries than others. Leveraging heterogeneous exposure
to the national business cycle across U.S. States, we estimate the trajectory of more exposed U.S.
States relative to less exposed ones. For the 1990-1, 2001, and 2007-9 recessions we estimate
that more exposed States experienced a stronger boom-bust cycle and for the other recessions we
estimate a deeper V-shaped recession in more exposed States. Our estimates support theories
that these recessions are caused by different shocks. In a quantitative model matched to our
cross-sectional estimates, boom-bust cycles persistently depress the natural rate of interest r* in

the recovery.
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Chapter 1

Cross-sectional Identification with Hetero-
geneous Exposure to General-equilibrium
Effects

1.1 Introduction

Cross-sectional methods are increasingly used in macroeconomics, international and
spatial economics to study how the economy responds to aggregate shocks. When households,
firms, or regions differ in their exposure to these shocks, a comparison of their relative responses
recovers the elasticity of the cross-sectional outcome to the aggregate shock. Examples include
fiscal, trade, and monetary policy, among other economic settings in which heterogeneous
exposure to aggregate shocks can be exploited for identification.!

These methods are designed to identify partial-equilibrium, or micro-level, elasticities.
This requires separating the direct effect of the shock from the aggregate effects it sets off in
general equilibrium. The typical empirical strategy combines time fixed effects, which absorb the
aggregate effects, with cross-sectional differences in exposure, which provide the variation needed
to isolate the direct effect. Throughout this paper, I refer to these cross-sectional elasticities as

portable? elasticities, echoing the terminology introduced by Nakamura and Steinsson (2018).

'Some influential examples include fiscal and tax policy (Parker et al., 2013; Nakamura and Steinsson, 2014;
Zidar, 2019; Pennings, 2021), credit supply (Mian and Sufi, 2014), monetary policy (Ottonello and Winberry, 2020;
Peydr6 et al., 2021), trade shocks (Autor et al., 2013, 2021), investment elasticities (Zwick and Mahon, 2017), and
wealth effects (Guren et al., 2021b; Chodorow-Reich et al., 2021), among others.

’1 use the term portable to describe elasticities estimated at different levels of aggregation that capture the



Such elasticities are valuable for their external validity and their role in policy evaluation and
counterfactual analysis. By isolating well-identified responses to shocks, they enable progress on
important questions that aggregate time series analysis alone cannot resolve.

But this strategy rests on a strong identifying assumption: that exposure to the shock
is uncorrelated with sensitivity to aggregate variables that co-move in general equilibrium. In
practice, the same characteristics that drive exposure to one policy often also shape sensitivity
to others. For example, regions more exposed to fiscal expansions may also be more or less
sensitive to interest rates, which typically respond to fiscal policy. In such settings, cross-sectional
variation in exposure does not isolate the direct effect of the shock. Identification fails because the
estimated elasticity is contaminated by heterogeneous responses to dynamic general equilibrium
effects. I refer to such environments as HEDGE settings, short for heterogeneous exposure to
dynamic general equilibrium effects. This paper asks: How can portable elasticities be reliably
identified in such environments?

I provide a new framework that makes it possible to identify portable elasticities in
HEDGE economies. The approach combines elements from cross-sectional and time-series
analysis to decompose the elasticity estimated using the typical two-way fixed effects (TWFE)
design into the portable elasticity of interest and a HEDGE term. I use the framework to
estimate cross-sectional fiscal multipliers in the US, allowing states to differ in their exposure
to changes in both defense spending and interest rates. The two-year multiplier drops from 1.5
to 1 when applying the decomposition. This finding challenges the view that TWFE estimates
of cross-sectional fiscal multipliers are independent of the monetary stance. The estimated
portable multiplier is smaller for two reasons: (i) US states that are more exposed to defense
spending are also less sensitive to monetary policy shocks, and (ii) monetary policy responds
to an expansionary defense spending shock by tightening interest rates. Finally, I develop a

two-region TANK model, combining features of Nakamura and Steinsson (2014) and Herrefio

cross-sectional, direct effect of an aggregate shock while holding other aggregates fixed. Depending on the
context, this may correspond to an individual optimization problem (e.g., marginal propensities to consume) or to a
partial-equilibrium elasticity where some local market clears (e.g., cross-sectional multipliers).



and Pedemonte (2025), to interpret the empirical findings. The model analogue of the TWFE
multiplier can vary sharply across monetary regimes once HEDGE is present, challenging its
usefulness for bounding the aggregate multiplier. In contrast, the portable multiplier maintains
its ability to provide upper and lower bounds on the aggregate effects of fiscal policy shocks

across monetary regimes.

The Identification Challenge
First, I establish the conditions under which HEDGE represents an identification challenge

to elasticities estimated using the following TWFE specification:

Yiesn = BnSix€xt + Ain + Ain + €irahs (1.1)

where Y;; is the outcome of unit i at time 7 (e.g., local GDP), s;, denotes the exposure of unit
i to an aggregate variable X, and &, is an innovation to X in period ¢. Consider an economy?>
where units differ in their exposure to two aggregate variables: G, the variable of interest (e.g.,
government spending), and R; (e.g., monetary policy rate). Then it can be shown that the estimate

of B, from a TWFE regression like (1.1) converges to:

cov [sig,s,-r] cov [RHh,sgt]

V[sig] V[ggt]

Br— By +v : (1.2)

¢ Rg p

where &, is an innovation to G;, s is unit i’s exposure to k € {G,R} and y measures the
differential response to R, conditional on s;;. ﬁ;: is the portable elasticity at horizon A.

This expression highlights that two objects determine whether the endogenous response
of R to & is fully differenced out. First, a cross-sectional term—denoted by ¢—that measures
whether exposure to G is correlated with exposure to R. For example, are regions that receive

more military spending also more or less sensitive to interest rate changes? The cross-sectional

3Concretely, consider a unit-level outcome that evolves according to: Y;; = BX $;G; +y X 8i- Ry + 1y +u; + ;4.



term will be different from zero when the sensitivities of economic units to G and R are correlated
in the cross-section.

Second, a time-series object—denoted by R, ,—that captures the impulse response of R
to the shock of interest, &g, at horizon h. For example, in a fiscal setting, this could represent the
response of monetary policy to government spending or tax policy shocks. The time series term
will be different from zero when the shock of interest triggers an endogenous general equilibrium
(GE) response in R.

The TWFE specification implicitly assumes that the cross-sectional heterogeneity used
for identification only drives exposure to the shock of interest and not to any aggregate variable
that the researcher intends to difference out. This is a strong assumption for many empirical
applications where exposure shifters often reflect structural characteristics of economic agents
(e.g., demographics, industrial composition, financial constraints). It is plausible that such
characteristics drive the response to multiple aggregate variables.

This poses a clear identification challenge: we cannot rely on time-fixed effects alone to
control for general equilibrium responses. The estimated coeflicients reflect not only the direct
effects of the shock of interest but also the effects through the endogenous response in other

aggregate variables:

Brn— BE+yxpxRyp. (1.3)
———
Qh

This second component, which I label the HEDGE term and denote by €2, acts as an additional
treatment effect. It measures how the endogenous and dynamic response of R to &g, affects
the outcome of units that are relatively more exposed to G. Specifically, for a given general
equilibrium response Ry ;, the contribution of the HEDGE term depends on the covariance
between exposure to the shock of interest and exposure to the general equilibrium response.

This creates two concerns. First, the sign of the bias introduced by HEDGE is not dictated



by economic theory alone, but by the sign of ¢, the scaled covariance between exposure shifters
in the cross-section. As a result, it is possible for general equilibrium forces that attenuate
the aggregate effect of a shock, such as contractionary monetary policy in response to a fiscal
expansion, to increase the estimated cross-sectional effect, depending on the structure of the
data. Second, exposure shifters used in different studies can be correlated with sensitivities to
different aggregate variables, leading to variation in estimated effects even when studying the
same aggregate shock. These issues highlight the importance, both for interpretation and for

empirical consistency, of separating the direct effect from the component driven by HEDGE.

Decomposition Framework

I develop a framework that brings in additional information to identify portable elasticities
in HEDGE economies. Its goal is to decompose /3, in expression (1.3) into a portable component
,Bf and an HEDGE component €2;,. Specifically, I develop an estimation procedure for the latter
term. The framework is based on the results in McKay and Wolf (2023) and Barnichon and
Mesters (2023), who show that reduced-form impulse responses to contemporaneous and news
shocks are sufficient to construct dynamic counterfactuals in a general class of linear models. 1
adapt these results to a different object of interest: the identification of cross-sectional elasticities
clean of HEDGE.

The methodology combines cross-sectional and time-series analysis in three steps. First,
a cross-sectional step estimates the response of the outcome Y, to an innovation in R, the
aggregate variable we intend to difference out, conditional on s;,, the exposure shifters used for
identification. Second, a time series step estimates a sequence of counterfactual innovations
to R that replicate the impulse response of R to the shock of interest £¢,. The final step uses
the cross-sectional responses from the first step to evaluate the propagation of the innovations
estimated in the second step. This provides an estimate of €2, for each horizon A. The estimated
portable elasticity at horizon A, 8%, is then given by Bj, — Q.

Applying the decomposition requires one additional input relative to the TWFE strategy:



exogenous variation in the aggregate variable (or variables) that confound identification. The
specific nature of this variation — whether contemporaneous or involving news (i.e., anticipated)
shocks — depends on the structure of the data-generating process. I distinguish three cases:
static, dynamic without anticipation effects, and dynamic with anticipation effects, each imposing
different informational requirements for identifying portable elasticities.

Before turning to the implementation of the decomposition, I show that the same source of
exogenous variation can also be used to test the presence of HEDGE. The test is straightforward
to implement within the TWFE specification: it requires adding an interaction between s;, and
the source of exogenous variation in the aggregate variable of interest. For example, one can test
whether exposure to fiscal policy is correlated with exposure to monetary policy by adding an
interaction between s;, and the interest rate, instrumenting the latter with a well-identified series
of monetary shocks. A statistically significant coefficient on this interaction term is evidence of
HEDGE, provided the aggregate variable responds to the shock of interest. Importantly, the test
relies only on s;,, the source of cross-sectional variation being used for identification, and does
not require knowledge of the true exposure shifters for other aggregate variables, such as s;, in
the above example. If the test finds evidence of HEDGE, the decomposition framework uses the
same exogenous variation to estimate and remove the associated bias.

In static environments, fluctuations are driven by purely transitory shocks, and the
framework can be implemented using any observed contemporaneous shock to the GE variable R.
Although of little empirical relevance, I present this static setting to discuss how my framework
relates to a common robustness check used in the cross-sectional literature. This robustness check,
often referred to as control function approach, aims to address the HEDGE omitted variable bias
by including an interaction term between the exposure shifter to the shock of interest, s;¢, and
the endogenous aggregate variable R that the researcher suspects is not being differenced out.
The underlying assumption is that this interaction term controls for the differential effects of R,
without the need to use exogenous variation in R. In static settings, I show that my framework

and the control function approach yield equivalent results. They both identify the true portable



elasticity.

However, this equivalence result breaks down in dynamic settings, a characteristic feature
of most empirical applications. Once dynamics are at play, the control function approach yields
inconsistent estimates of portable elasticities because it cannot control for the dynamic path of the
GE variable conditional on the shock of interest. It can only control for dynamic paths of the GE
variable that lie in the subspace generated by variation in the included controls. In the simplest
case with only a control for R,, this corresponds to the unconditional autocovariance of R;.* By
contrast, the decomposition framework provides an estimation strategy that explicitly accounts
for the dynamic behavior of macroeconomic variables. Thus, my approach is robust to general
macroeconomic settings and represents an improvement over the control function approach.

The dynamic settings can be separated into two cases. First, I show how to implement
the framework in dynamic settings without anticipation or forward-looking effects—referred
to as Markov economies. In such cases, identification requires no further information beyond
the static case: contemporaneous innovations in R suffice to identify the HEDGE term and the
portable elasticity across horizons.

In settings with forward-looking dynamics, where both contemporaneous and expected
realizations of variables affect current responses, identification of €, additionally requires
news shocks to the expected future path of the GE variable (Barnichon and Mesters, 2023;
McKay and Wolf, 2023). Because such shocks are difficult to obtain, I outline how to apply the
framework under limited information and then employ model simulations to assess estimation
performance. Across both Markov and forward-looking economies, the framework improves
upon the TWFE and control function approaches, even when only contemporaneous innovations

to R, are available.

“Intuitively, the impulse response of R depends on the shock that drives it. For example, monetary policy
may respond to a demand shock with a hump-shaped path, while orthogonal innovations in R may follow a more
AR(1)-like process. A single contemporaneous control cannot distinguish between these shock-contingent responses.



Empirical Application

I illustrate how to implement the framework by estimating US cross-sectional fiscal
multipliers using state-level data, perhaps the most influential application of cross-sectional
methods in macroeconomics. There is consensus that an advantage of cross-sectionally identified
multipliers is their independence from GE effects, in particular those operating through the
response of monetary policy. I study whether this is the case: Is monetary policy differenced out
in the cross-section of US states? For estimation, I use the dataset on local defense spending
built by Dupor and Guerrero (2017) and the series of Romer and Romer (2004) monetary shocks.
Using specification (1.1), which is standard in the literature, I estimate a cumulative 2-year
multiplier of 1.5. Applying the decomposition framework, I estimate a portable multiplier of
1. This estimate should be interpreted as a monetary-policy—portable multiplier, that is the
cross-sectional effect of government spending holding the monetary response fixed.’

The difference with the TWFE estimate implies a positive HEDGE term. This arises
because US states that are more exposed to defense spending shocks are also less sensitive to
interest rates and, on average, interest rates increase in response to defense spending shocks.
Together, these two imply an upward bias in the TWFE estimate.® This finding challenges the
assumption that TWFE estimates of the cross-sectional fiscal multiplier are independent from
the monetary regime and underscores the importance of GE effects in shaping cross-sectional
estimates.

To interpret the empirical estimates, I build a two-region New Keynesian model with
heterogeneity in exposure to fiscal and monetary policy. The framework combines the structure of

Nakamura and Steinsson (2014), who study government spending in a two-region representative

SWhile the framework accommodates multiple confounding GE variables, I leave the analysis of additional
sources of GE feedback to future work. Importantly, as discussed below, removing this monetary policy channel
already restores a central use of cross-sectional multipliers: it allows researchers to combine the estimated effect
with alternative monetary policy regimes and still make valid inferences on the aggregate effects of fiscal policy.

These findings can be translated into the notation used to define Qj, as follows. Increases in the interest rate
have contractionary effects on local production, so y< 0. The fact that high s;, states are less sensitive to interest
rates implies ¢< 0 and a monetary tightening following the fiscal shock implies R, ;> 0. Taken together, this yields
Qp =y X¢dXRg >0 and an upward bias in the TWFE estimates.



agent setting, with the two-region TANK features of Herrefio and Pedemonte (2025), who
introduce hand-to-mouth households but abstract from fiscal shocks. The model delivers
theoretical analogs of the TWFE cross-sectional multiplier, the HEDGE term, and the portable
multiplier and allows me to decompose the cross-sectional effect into distinct channels. In
particular, 1 separate the usual demand forces—expenditure switching across regions and
intertemporal substitution driven by relative price changes—f{rom a HEDGE channel that captures
intertemporal substitution driven by changes in the common national rate. This channel arises
when regions differ in their interest rate sensitivity and acts as an additional treatment that pushes
the TWFE cross-sectional multiplier away from its portable value.

Previous work has argued that cross-sectional multipliers can be interpreted as bounds on
the aggregate effects of fiscal policy, serving as an upper bound under conventional monetary
policy, where contractionary interest rate responses are differenced out, and as a lower bound at
the zero lower bound (Chodorow-Reich, 2019; Dupor et al., 2023). This bounding logic relies
on the cross-sectional design cleanly separating the direct effect from the aggregate missing
intercept (Wolf, 2023b) operating through monetary policy. With HEDGE, this separation
fails: time fixed effects no longer fully remove the monetary response. As a result, the TWFE
cross-sectional multiplier can vary widely across monetary regimes and need not bound the
aggregate effect. In contrast, the portable multiplier remains stable across monetary regimes and
retains its interpretation as a valid bound.

Finally, the model delivers a sufficient statistic that summarizes the precision loss from
relying on limited news shocks. Calibrating this statistic to the US setting indicates that the
decomposition recovers the portable multiplier with only limited error, even in a forward-looking

New Keynesian setting.

Related Literature
This paper contributes to three strands of the macroeconomics literature. First, it is related

to the empirical literature that uses cross-sectional methods to identify the effects of aggregate



shocks. Nakamura and Steinsson (2018) provide a general review of the state and scope of
this literature, while Chodorow-Reich (2020) focuses on the specifics of cross-regional analysis.
Nakamura and Steinsson (2018) introduce the concept of portable statistics as well-identified
moments or parameters that can be used to distinguish between models and imported across
economic settings, precisely due to their partial equilibrium interpretation.

The typical empirical design in this literature relies on time fixed effects’ to absorb
GE effects. Papers that recognize the limitations of time fixed effects usually address the
problem through a control-function approach, incorporating an interaction between the exposure
shifter used for identification and the aggregate variable that varies in GE. First, I show that,
in typical macroeconomic settings, the control function approach generally fails to control
for HEDGE. Second, I propose a methodological framework that identifies PE elasticities in
HEDGE economies and is robust to the dynamic patterns of macroeconomic data. The estimation
framework in this paper extends the use of cross-sectional methods to macroeconomic settings in
which cross-sectional variation plus time fixed effects are insufficient to control for dynamic GE
effects.

This paper complements a recent literature that studies other limitations of cross-sectional
designs to estimate the effects of aggregate shocks. Canova (2024) proposes an estimator robust
to heterogeneity in the autoregressive dynamics of local outcomes. Adao et al. (2019a) and
Manuel (2025) show how to incorporate spatial links between regions, which allows indirect
shock spillovers (through trade and migration) to be accounted for in local impact estimates. On
a different front, Almuzara and Sancibridn (2024) focus on inference in these settings, advancing
a procedure to obtain robust standard errors with correct coverage.

The study closest to this paper is Arkhangelsky and Korovkin (2024), who propose a
reweighting procedure to identify contemporaneous responses to aggregate shocks in the presence
of unobserved aggregate confounders. Their synthetic control approach constructs weights that

orthogonalize exposure to the shock of interest from exposure to these confounders in the cross

7With a single cross-section, the intercept plays the role of time fixed effects in panel settings.
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section.

This paper is complementary and takes a different route to the same identification
challenge. I focus on environments in which aggregate variables are observed but respond
dynamically to the shock. Rather than reweighting the cross section, I use time-series variation
to construct counterfactual shocks that offset the GE response of observed aggregate variables.
This approach accommodates settings in which the same exposure drives sensitivity to multiple
aggregates and where no single reweighting scheme can eliminate all sources of bias.

The decomposition framework that I propose is also closely related to the re-centered
instrument in Borusyak and Hull (2023). In their setting, the shift-share instrument is re-centered
by subtracting its expected value across possible shock assignments, so that it isolates variation
arising from higher-than-expected exposure to exogenous shocks. My approach can be thought
of as re-centering the aggregate shock of interest by removing the expected GE response that it
induces in other aggregates.

The question of how to translate cross-sectional effects into aggregate effects has led
to a growing literature on aggregation. Aggregation strategies include back-of-the-envelope
calculations, model-based aggregation, and econometric frameworks that employ panel and
factor structures (Sarto, 2024; Matthes et al., 2024)9. Several papers combine reduced-form
estimates at different levels of aggregation with structural assumptions, as in Guren et al. (2021b),
Chodorow-Reich et al. (2021), Guren et al. (2021a), Wolf (2023b) and Wolf (2019). I complement
this strand of work with a method to identify the free-of-GE micro elasticities that serve as
starting points for both back-of-the-envelope and model-based aggregation.

The methodological framework that I propose is closely related to recent advances in the

8To fix ideas, consider a setting with a single aggregate confounder R. The standard identifying condition
requires cov(s;g€q:,Sir R;) = 0, which fails in the presence of HEDGE. My approach can instead be interpreted
as constructing a counterfactual instrument Z;; = S;iq(€g: — €r), where &,; denotes the counterfactual shock that
offsets the GE response of R; to &,,. This implies that cov(Zi;,s;R;) = 0, even when no reweighting of the cross
section can achieve this orthogonality. This construction illustrates how time-series information can be used to undo
the GE response by orthogonalizing shocks, rather than shares.

These papers propose econometric frameworks that estimate aggregate effects directly using a Bayesian approach
in Matthes et al. (2024) and a factor model in Sarto (2024).
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computation of macroeconomic counterfactuals made by McKay and Wolf (2023), Barnichon and
Mesters (2023) and Caravello et al. (2024). McKay and Wolf (2023) show that reduced-form time
series responses to contemporaneous and news policy shocks are sufficient to construct policy
rule counterfactuals in a general class of linearized models. Barnichon and Mesters (2023) further
show that these impulse responses are also enough to characterize the optimality of the policy rule.
My decomposition framework builds on their work and extends it to the cross-sectional setting.
I show how to combine cross-sectional and time series reduced-form responses to aggregate
shocks to purge cross-sectional elasticities from HEDGE. The decomposition that I propose
can be interpreted as computing cross-sectional elasticities under the counterfactual scenario of
homogeneous exposure to GE.

The empirical application speaks to the literature on cross-sectional fiscal multipliers.
Examples of this literature are Nakamura and Steinsson (2014), Chodorow-Reich et al. (2012),
Auerbach et al. (2020), Demyanyk et al. (2019), Dupor and Guerrero (2017), Dupor et al. (2023),
Pennings (2022), and Pennings (2021), among others. Chodorow-Reich (2019) provides a
comprehensive review of the lessons from this literature. One of the advantages attributed to
cross-sectional methods for the estimation of fiscal multipliers is their independence from the
state of the economy. In particular, their independence from the stance of monetary policy.'?

At the same time, it is well documented that sensitivities to interest rates vary substantially
between economic units (e.g., households, firms, or regions). For example, Herrefio and
Pedemonte (2025) find that US cities with lower per capita income are more responsive to
monetary policy, a pattern that they show is consistent with a New Keynesian model of a
monetary union with heterogeneous shares of hand-to-mouth households. Building on these

insights, I revisit the estimation of cross-sectional fiscal multipliers by explicitly accounting

10The strength of the monetary policy response to fiscal shocks is an important determinant of the size of the
aggregate fiscal multiplier. Theoretical and empirical papers on the interaction between fiscal and monetary policy
include Christiano et al. (2011), Canova and Pappa (2011), DeLong and Summers (2012), Bachmann and Sims
(2012), Riera-Crichton et al. (2015), Auerbach and Gorodnichenko (2015), Farhi and Werning (2016), Leeper et al.
(2017), Kato et al. (2018), Ramey and Zubairy (2018), Ramey (2019), Cloyne et al. (2020), Hack et al. (2023),
among many others.
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for heterogeneity in monetary policy responses. My contribution is twofold. First, I show that
heterogeneity in monetary policy responses across US states is correlated with their exposure
to defense shocks. This implies that time fixed effects do not fully difference out monetary
policy responses. Second, I introduce new estimates that control for these differential effects,
thereby providing estimates of the cross-sectional fiscal multiplier that can be more confidently

interpreted as independent of the monetary policy stance.

Layout

The remainder of the paper is structured as follows. Section 1.2 discusses the identification
challenge at the core of the paper and presents a diagnostic test for it. Section 1.3 presents the
estimation framework. Section 1.4 presents the empirical application. Section 1.5 presents a
2-region New Keynesian model to interpret the empirical findings from the previous section.

Lastly, Section 1.6 concludes.

1.2 When Does HEDGE Challenge Portability?

First, this section introduces a simple framework to illustrate the identification challenge
that arises when units are differentially exposed to aggregate variables that co-move with the
shock of interest. Next, it presents a diagnostic test to detect whether HEDGE is present with
respect to some aggregate variable R that the researcher intends to difference out.

To build intuition, consider a simple HEDGE economy in which units differ in their

exposure to an aggregate shock of interest 4, and to one other aggregate variable R;:
Yie = Bsig€gr +ySir R + ut; + us + g, (1.4)

where Y;; is the outcome (e.g., local GDP) of unit i in period ¢ and s;; denotes the unit-specific
exposure shifter to the aggregate variable k. Unit, time, and unit-time idiosyncratic shocks are

denoted with a u plus the corresponding sub-indices. It can be shown that specification (1.1)'!,

"Tn terms of this example, specification (1.1) is Y;; 44 = BrSigEgr + Ain + At + €141
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which uses unit and time fixed effects, recovers:

cov [sl-g,s,-r] cov [Rt+h»8gt]

V[Sig] V[ggl]

Bn— B} +v (1.5)

¢ Rg.n

The above expression clarifies the conditions under which the dynamic effects that operate
through R are not fully differenced-out. There are two distinct objects: one related to time
series variation, R, = {R g,h} 1, and one related to the source of cross-sectional variation used for
identification, ¢. The former measures the impulse response of R to the G shock of interest. In
other words, R, captures the dynamic path of R conditional on the realization of the shock of
interest. For example, in a fiscal application, this could be the response of federal tax rates to
federal government spending shocks.

The cross-sectional term, ¢, measures the degree to which unit-specific exposure shifters
to different aggregate variables co-move with each other. It informs whether the driver of
exposure to the shock of interest g, is systematically related to the driver of exposure to R. For
example, are regions that receive more government spending systematically more or less sensitive
to taxation or to monetary policy? Expression (1.5) highlights that the assumption in a TWFE
strategy like (1.1) is that the source of cross-sectional heterogeneity used for identification only
drives variation in exposure to the shock of interest and not to any of the {R,k }« variables that the
researcher intends to difference out:

cov[sig,sik] =0 Vk with cov[Rf+h,

gg:] # 0 for some h. (1.6)

This assumption may be hard to satisfy in several macroeconomic applications where the type of
unit-level characteristics that we use to proxy for heterogeneity in exposure to one aggregate shock
are also likely to affect exposure to other aggregate variables. For example, in the fiscal literature,

constrained or hand-to-mouth households are an important determinant of the sensitivity of
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output to fiscal stimulus. These households play a similar role when it comes to the sensitivity of
output to monetary policy shocks.

Violations of the identifying assumption lead to omitted-variable bias, whose sign and
magnitude can vary depending on the source of heterogeneity. As a result, studies using different
sources of cross-sectional variation (or focusing on different time periods) may estimate different
elasticities for the same aggregate shock, due to loading on different aggregate variables that
move in GE. Such situations decrease the portability of cross-sectionally identified elasticities
not just because some of the general-equilibrium responses are part of the estimates, but also
because how these GE responses affect estimates depends on the cross-sectional and time-series

variation that is being used.

1.2.1 Test for HEDGE

Next, I present a test to diagnose whether HEDGE poses an identification threat. In
economic terms, two conditions must be satisfied for HEDGE with respect to a given aggregate
variable R to pose an identification problem. First, R must respond to the shock of interest; that
is, it must be one of the macroeconomic variables that move in general equilibrium. Second,
at the cross-sectional level, units with different exposures to the shock of interest must exhibit
heterogeneous responses to changes in R.

I assume that the researcher has identified a set of aggregate variables {Rf }kek that
respond in GE to the shock of interest, in the sense that cov(Rf, €gr) # 0, and that she intends
to difference out. This set can be informed by time-series econometric tools, economic theory,
or a combination of both. The test proposed here focuses on the second condition for HEDGE,
namely whether the cross-sectional variation used for identification is orthogonal to differential
responses to these equilibrium variables.

The goal is then to test whether s;, drives heterogeneity in cross-sectional responses to a
given aggregate variable R. Let ., denote a source of exogenous variation in R (e.g., a monetary

policy shock). The test exploits variation in &, to identify differential responses to R, conditional
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on s;g. It can be implemented via the following regression:
Yil+h = ChXS,gR,+/l,h +/1lh+el't+h fOl‘ all h S H, (17)

where the interaction s;¢R; is instrumented with s;,&,;, and A;;, Ay, are horizon-specific unit
and time fixed effects. In regression (1.7), ¢;, captures how the response of Y;;.j to changes in
R; varies with s;,. For aggregate variables that respond to the shock of interest, a statistically
significant coefficient indicates that units more exposed to G also respond differently to changes in
R at horizon h, violating the identification assumption of the TWFE approach. In sum, evaluating
HEDGE in relation to an aggregate variable R amounts to testing whether these coefficients are

jointly zero:
Hy: cp, =0V heH, Hy:cp,#0 forsome heH. (1.8)

Rejection of the null hypothesis implies that units with different levels of exposure to
the shock of interest, as captured by s;¢, exhibit systematically different responses to changes in
the aggregate variable R. In this case, estimates from cross-sectional regressions that rely on
time fixed effects are likely to confound the direct effect of the shock with general equilibrium
responses operating through R. Detecting such patterns in the data is a signal that HEDGE
may be an identification threat and that a correction is necessary, such as the decomposition
framework proposed in Section 1.3.

The test can be easily generalized to assess exposure heterogeneity with respect to multiple

aggregate variables. Specifically, several interaction terms of the form s,-gR,k, each instrumented

k

+» can be included for a set of variables {Rk}keK . A joint test of significance on

with s;,&
the corresponding coeflicients {cA];l} then provides a diagnostic for which general equilibrium
channels pose a threat to identification in the cross section.

Importantly, the informational cost of this diagnostic is relatively low. The test requires
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only a source of exogenous variation in the aggregate variable R that the researcher aims to
difference out. This variation is the same as that used to study the effects of R itself, for example,
monetary or tax policy shocks, and can often be recovered using structural time series methods
such as VARSs or narrative identification approaches. In addition, the test does not require
knowledge of the true driver of unit-level exposure to R. This is because, in a linear regression
framework, what matters for the estimation is the linear relationship between the true exposure
shifter and s;,. Therefore, as long as s;, is used for identification and is linearly related to the

true exposure shifter, the test remains valid.

Recap

This section clarifies when HEDGE poses a threat to the identification of portable
elasticities. Specifically, HEDGE threatens the validity of the TWFE strategy when (i) the GE
variable responds to the shock of interest and (ii) the exposure shifter used for identification is
correlated with heterogeneity in responses to that GE variable. I provide a simple test to detect
such threats by leveraging exogenous variation in the GE variable. A rejection of the null signals
that the identifying variation used in the cross-section is also picking up differential responses
to general equilibrium forces. In such cases, cross-sectional estimates are likely to conflate the
direct effect of the shock with these indirect channels. The next section presents a decomposition

framework to estimate portable elasticities by separating them from the HEDGE component.

1.3 Decomposition Framework

This section presents a decomposition framework to identify portable elasticities in
HEDGE economies. The goal is to decompose /3, the elasticity estimate for horizon & of the
TWEE specification, into two distinct components: a portable component, ,Bf , and a HEDGE
component, denoted by €2j,.

The HEDGE component ; measures how the response of a GE variable, namely R,

affects the outcome of units with different levels of exposure to the shock of interest. In summary,
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the framework I propose uses reduced form cross-sectional responses to R to remove the effect of
the expected response of R from the TWFE estimates. I outline how to implement this procedure
under varying assumptions about the structure of the economic environment. In each case,
identifying the HEDGE term requires access to exogenous variation in R, but the nature of this
variation depends on the specific setting. I distinguish three stylized cases in terms of their
informational requirements and describe how the methodology applies to each.

The first case corresponds to static economic environments. Here, both aggregate and
cross-sectional variables are assumed to be driven by purely transitory, serially uncorrelated
shocks. Implementing the framework requires access to contemporaneous innovations in the GE
variable, R. Although this case has limited empirical relevance for macroeconomic questions,
it provides a useful benchmark to compare the proposed framework with the control function
approach, which consists of including the interaction s;¢ R, as a control in the estimating equation.
I show that under the static setting assumptions, the two approaches yield equivalent results.
Both consistently estimate portable elasticities. However, the control function approach yields
inconsistent estimates when dynamics are introduced, whereas the proposed framework remains
valid.

The second case considers dynamic environments that admit a finite-order vector auto-
regression (VAR) representation (i.e. environments that satisfy a Markov structure). In this
environment, implementing the framework requires contemporaneous innovations in R, just as
in the static setting. This allows identification of the HEDGE term, Qj, both at impact and at
different horizons (& > 0).

The third and most general case extends the framework to forward-looking environments,
where both current and expected future realizations of variables affect present outcomes, such as
in DSGE models. In these settings, identifying the HEDGE terms requires information not only
on contemporaneous innovations in R, but also on news shocks that shift expectations about the
future path of R. This extension is built on the work of McKay and Wolf (2023) and Barnichon

and Mesters (2023), who show how time-series reduced-form responses to contemporaneous and
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news shocks can be used to construct counterfactuals at the aggregate level.
The remainder of this section presents each case in detail. Then, it briefly discusses
the argument to establish consistency and how to conduct inference. Detailed explanations are

relegated to Appendix A.1.6 and Appendix A.1.7, respectively.

1.3.1 Static Setting

Consider an economy that can be characterized by the following system of equations:

= . . . y
Gi=aR;+ug Yi —leth+'ySert+ul+ut+”it
- 2
R =6G,+u sig ~ N(5,0%,)
t t rt g (Sl)
— . Sy . Sr
ur: ~ N(O, 0',3) Sir = ¢sigtu;",  Sig L u;

u” ~N(0,07), u)~N(0,07)

where i denotes economic units (e.g., regions, households, firms) and 7 time. G; and R; are two
aggregate variables that are allowed to endogenously respond to each other. ug; and u,, have
the interpretation of structural innovations to G and R, respectively. The unit-level outcome
Y;; is a function of both G; and R, plus unit, time and unit-time idiosyncratic innovations. The
cross-sectional variation in exposure to G and R is governed by s;, and s;,, respectively. I assume
that s;,, the exposure shifter to R;, is linearly related to s;¢, the exposure shifter to G,, with
¢ governing the strength of this relation. When ¢ = 0, the exposure shifters to G and R are
uncorrelated in the cross section. I further assume that the cross-sectional exposure shifters, s;,
and s;,, are time-invariant and, therefore, independent of aggregate shocks.

The economy is static in the sense that cross-sectional and aggregate variables respond

only contemporaneously to shocks, with no propagation over time. Given the absence of dynamics,
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the portable elasticity is non-zero only at impact

. |8 ifth=0
By = (1.9
0 ifh>0

and measures the relative effect of a change in G on the unit-level outcome, holding R fixed. The
static nature of the problem implies that the cross-sectional elasticity for any horizon 4 > 0 is
equal to zero, thus I drop the subscript 4 for the remainder of this subsection.

For illustration purposes, I consider a simplified setting with a = 0, shutting down the
endogenous response of G; to R;. The estimation steps and results that follow equally apply to a
setting with two-way feedback as shown in Appendix A.1.1. I also normalize the variance of
idiosyncratic shocks and the shares s;, to unity.

Consider a researcher who observes an innovation &g, to G, satisfying Assumption 1.1.

Assumption 1.1. The observed innovation g, is a noisy measure of the structural shock ug;:
Egt = Kilgt + Vg, K #0, (1.10)
where vq; ~ N(0, O'Eg) is orthogonal to all structural innovations, in particular

cov[Ver,ug] =0, cov[ve,ur] =0. (1.11)

This assumption ensures that &, isolates variation in G; orthogonal to the structural
innovation in R;. More generally, £,, may load on other aggregate innovations, in which case the
decomposition that follows purges R-driven effects but may still reflect transmission through

those channels.!?

12See Appendix A.1.3 for details.
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The typical estimation strategy consists of the following TWFE regression:

Yit:bXSigG,+/1i+/lt+ei;. (112)

Because G, may be endogenous, s;¢&e, is used as an instrument for 5;,G,. Here, A; and
A; denote unit and time fixed effects, respectively. For ease of exposition, I set x such

that cov[Gy,&4]/v[€e] = 1. The coefficient then converges in probability to the following

expression: '

cov[sirRy, Sig€g]

E[b]-p" =
[b]=B" =7 cov[Gy,&g] 113
coV[R;, &4] (1.13)

=yYXpX
yxé cov[Gy,&4]

Here v is the structural coefficient governing the response of Y; to a change in R;, conditional
on exposure s;-, and ¢ captures the cross-sectional correlation between s;¢ and s;-. The product
¥ =y X ¢ therefore captures the response of ¥; to a change in R;, conditional on s;, rather than

.14
Sl'r.

COV[RI‘, ggt]

E[b] -B" = x
V[Egt]

=Q, (1.15)

where Q denotes the bias associated with HEDGE. In order to decompose b into a portable and

an HEDGE component, I propose an estimator for €2, such that :

A

E[BF] =E[b-Q] =8". (1.16)

This is the key idea of the framework. The additional piece of information required to estimate €2

BThroughout, expectations of estimated coefficients refer to their probability limits.
14Replacing s;, for its expression in terms of ¢, sig and ;" in the unit-level outcome yields:

Yir = BX5igGr+yXPXsigRe +y XU} Ry +uj +u; +u, (1.14)
= BXS5igG +7 X SigRe +y XUl Ry +uj +u; +u,, '

where ¥ is the parameter associated to the interaction term between s;¢ and R;.
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is an instrument &,, for R; that satisfies the following:

Assumption 1.2. The observed innovation &,; is a noisy measure of the structural shock u,;:
Ert = VU +1yy, U FO,
where 1, ~ N (0O, 0',%) is orthogonal to structural innovations, in particular:
cov[np,ug] =0, cov[n.,u.] =0. (1.17)

Unlike &g, , the orthogonality restriction on 77, cannot be relaxed. Any loading of 77, on
other structural innovations would induce correlation between &,; and these shocks, violating the
exclusion restriction necessary for instrument validity.

Equipped with &, and &,,, the estimation proceeds in three steps. For clarity, I describe
the procedure in terms of population moments; the empirical implementation replaces these
with their sample counterparts. Throughout, I denote the contemporaneous response of X to the

observed innovation €i; by Xy ; = cov[ Xy, ext]/v]ers].

1. Cross-sectional Step. Estimate the coefficients from a regression of Y;; on s;,&,; and s;g&,4.

These coeflicients converge in probability to:
B+YXRg;, YXR,,;,

respectively.

2. Time Series Step. The response of R, to a unit change in &,,, given by R, ;, may differ
from its response to a unit change in &y, given by R, ;. This step estimates these two

time-series impulse responses and then rescales &,; to match the response of R; to gg;:
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~ ~ Rg,l
Rr,t XEpr = Rg,t =& = .

.t

3. Final Step. Combine the cross-sectional response to &,, with the rescaling from the

time-series step to obtain:
CS Step
- Ry,
YXR, ;X =Q.
R,

s

——
TS Step

This constructs the counterfactual response of Y;; to the component in R; induced by &,

isolating the HEDGE contribution to the baseline estimate.

Next, I present a detailed discussion on the implementation of each step.

Cross-sectional Step

The goal of this step is to identify the reduced form response of ¥; to both G and R,
conditional on exposure to the shock of interest s;,. As outlined above, this requires access to an
instrument for R;. For example, if R, is the interest rate, then a series of well-identified monetary

policy shocks would satisfy this requirement. The reduced form responses to changes in G; and

R; can be estimated as follows:
Yiy =D Xsig€gr +CXSiger +Ai + A + €y, (1.18)

where each aggregate shock is interacted with s;,, the exposure shifter to G,. It can be shown

that this specification recovers the following two coefficients:

E[b] = B +7X Ry, E[¢] =7 X Ry,
— P+ x5 (1.19)

——
Q
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where ¢ captures the response of R to an innovation in G. First, the coeflicient on s;¢&,; isolates
variation in R, that is orthogonal to G,, and therefore identifies y. Second, because this regression
only exploits the variation in R, coming from &,,, the coefficient b is still a combination of the
portable and HEDGE components as in the TWFE case. In this reduced-form specification, we
isolate the variation in R; driven by &,,, explicitly omit the endogenous variation in R; induced
by G;.

Alternatively, one could augment the TWFE regression (1.12) by incorporating s;, R; as
an additional interaction:

Yi = b X 510G+ ¢“F X s5;g R+ A+ A, + €S F (1.20)

Under the assumptions of this setting, this regression identifies 87 in one step as OLS partials-out
the correlation between G, and R;. This estimation strategy is often referred to as the control
function approach. In such a case, there is no need for the additional time-series step that I
discuss next. However, the control function approach works under restrictive assumptions on
the dynamics of the data generating process, as I clarify in the next subsection. Because these
assumptions are hard to justify in macroeconomic environments, I outline the time series step to
(1) show that the decomposition and control function approach yield equivalent results in static

settings and (i1) ease the transition to dynamic settings.

Time-series Step

The purpose of this step is two-fold. First, it estimates the response of R, to each aggregate
shock. Second, it uses these responses to compute the size of a hypothetical &,; shock that
matches the response of R to a unit change in &¢,. The time series responses to each shock can

be estimated using:

R, =veg tag, +eyy, (1.21)
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with the estimated coefficients converging to:

E[?] =R, =0, E[a] =R, ;. (1.22)

Here ¥ denotes the estimated response of R to a unit change in g4, and d the estimated response
to a unit change in €,,. Next, I use these estimated responses to calculate a hypothetical shock &,

that changes R; exactly by v. This hypothetical shock— denoted by &,; —is given by:

= E[éy] = . (1.23)

ISP IR

Final Step
The final step uses ¢, the estimated reduced form response of Y; to R from the cross-
sectional step, to evaluate the effect of &,,, the hypothetical shock to R from the time series step.

This yields a consistent estimate of €2, the HEDGE term:

E[Q] =E[é¢Xxéx] =7X6 = Q. (1.24)

Br=b-¢xé, = E[B]=5", (1.25)

where b and ¢ are estimated in the cross-sectional step and &,, is estimated in the time series step.
As mentioned above, under the assumptions made in this section, this three-step procedure yields

an equivalent result to the control function approach.

Monte Carlo Simulations
The performance of the decomposition is illustrated using Monte Carlo simulations.
I simulate data from an economy characterized by the system of equations presented above

and estimate three different specifications: (i) Baseline, (i1) Decomposition, and (iii) Control
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function. Baseline corresponds to the TWFE regression. Decomposition corresponds to the
results of applying the framework presented above and control function to the results from using
specification (1.20). Figure 1.1 presents the distribution of the estimated coefficients for each
strategy in an economy with =7y =6 = ¢ =.5 and @ = 0. The population values for the portable
and HEDGE terms are 8 = .5 and Q = .125, respectively. There are two takeaways. First, the
baseline estimates are biased and centered on 8” + Q = .625. Second, both the decomposition
and control function approach consistently estimate 8. Figure A.1 in Appendix A.1.1 shows
that the same results hold for an economy with two-way general equilibrium feedback between G

and R (that is, a # 0).

0.65 1

0.60 1

0.551

0.50 1

Baseline Decomposition Control Function

Figure 1.1. Static Monte Carlo Simulations - 87 = .5

Note: Distribution of point estimates for the Baseline, Decomposition and Control Function estimation
strategies. Based on 1000 repetitions with sample size of n = 100 and ¢# = 300 and parameters settod = =y =¢ = .5.

1.3.2 Dynamic Markov Settings - No Anticipation Effects

This subsection studies dynamic environments where aggregate variables evolve according
to a finite-order VAR, while cross-sectional outcomes respond to current and lagged realizations

of these aggregates and may exhibit their own persistence. I refer to these as Markov environments.
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These settings lie between static and forward-looking models, allowing for persistence while
abstracting from anticipation effects.

In this environment, the control function approach generally fails to deliver consistent
estimates, even though it is valid in static settings. The Markov structure makes it possible
to isolate the source of this failure. It also provides a transparent benchmark that serves as a
stepping stone to the forward-looking environments studied in Section 1.3.3.

In Markov environments, aggregate and cross-sectional variables evolve according to the

following system of equations.

G[ P Gt—' Ugt
=>'m; | |+B| .
R| = |R

t t—j Uyt

(S2)
S K L
y
Yy = Zﬁssith—s + Z YieSirRe— + Z YiYir+ui+u+u,
s=0 k=0 =1

where G, and R, follow a VAR(p) process, allowing for responses to each other’s
structural shocks ug; and u,,. The unit-level outcome Y;; follows an AR(L) process and loads
heterogeneously on contemporaneous and lagged realizations of both G, and R;, with the same
exposure shifters applied uniformly across all lags. All other features of the environment are as
in the static setting described in Section 1.3.1.

I assume that agents do not anticipate future realizations of aggregate shocks. Under this
Markov structure, sequences of shocks that replicate a given path of aggregate variables ex post
also reproduce the corresponding outcome responses.

For exposition purposes, I use as an example an economy with P=1,§=K=L=0
and where G does not respond to R. As in the static setting, [ normalize the standard deviation

of idiosyncratic shocks to unity. This yields familiar expressions that are helpful in building

27



intuition. Formally, the economy is characterized by:

G =pgGio1 +ug, (1.26)
R =prR 1 +6G, +uy, (L.27)
Y,',:ﬁXSith+y><sl-,Rt+u,~+ut+ul.yt. (1.28)

I refer to this as the AR(1) case. This simplified example departs from the static setting only by
introducing persistence in the aggregate variables. The parameters p, and p, govern the strength
of persistence in G and R, respectively.

The goal is to estimate 57, the dynamic differential response of Y; to a shock to G;,

holding the time-path of R fixed. For the AR(1) example, this implies:
B, =Bxp, v h, (1.29)

where ,85 captures the cumulative direct effect of a shock to G; on Y45, holding the
entire path of R fixed. Consider a researcher who observes an innovation in G, denoted by &,;,

that satisfies Assumption 1.3.

Assumption 1.3. The observed innovation g, is a noisy measure of the structural shock ug;:
Egr = Klgt +1gt, K #0, (1.30)
where n4; ~ N (0, O'Vz) is orthogonal to contemporaneous, past, and future structural innovations:
cov[ne,uis] =0 Vke{gr},s. (1.31)

Throughout, I denote the impulse response of X to an observed innovation &¢; by

X ={Xkn}n Here Xy denotes the impulse response of X to €, at horizon . As before, I
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normalize « such that G, = 1.
The TWEFE estimation strategy can be implemented through the following panel local

projection for each horizon h:
Yieeh = bp X 8igGy+ Aip + A + €ipah, (1.32)

where s;,G; is instrumented with s;,&,, to address potential endogeneity concerns in G,. Here,
bj, measures the cumulative effect of a change in G; on Y4, for the unit with average exposure.
Horizon-specific unit and time fixed effects are captured by A;; and A,, respectively. The estimate

for by, converges to:

Elbn)= B, + Q. (1.33)
N—— N——
Portable Effect HEDGE term

The first term is the portable component that measures the effect of interest, holding the path of
R fixed. The second term € captures the HEDGE component that is now horizon-specific. In

the AR(1) case, these terms can be expressed as: !>

E[éh] = :8 Gg,h + 7¢Rg,h

h
P
=Bxpl+yox6 ) pi 7 pl. (1.34)
~——— j=0
By,
Qh

If $=0 or 6 =0, the HEDGE terms vanish and the benchmark strategy recovers the true

portable effect. We can break down €2, into two terms:

Qp, =y X Rg,h~ (135)

I5The assumptions on &g imply that the first-stage coeflicient Gg o = 1, so I omit it for notational simplicity.
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As in the static setting, the first term ¥ = y X ¢ measures the differential response of ¥; to
a change in R, conditional on s;,. The second term measures the dynamic response of R to a
shock to G.

Next, I outline how to implement each step of the decomposition to estimate €2, in Markov
settings. The additional input relative to the TWFE strategy is the same as in the static setting:
an instrument for the contemporaneous realization of R. In what follows, I assume that, on top of
the shock of interest £¢;, we observe a contemporaneous innovation to R;, denoted by &,,, that

satisfies Assumption 1.4.

Assumption 1.4. The observed innovation &, is a noisy measure of the structural shock u,;:
Ert =V +1p, UV #O, (1.36)
where 1, ~ N (0, 0',%) is orthogonal to contemporaneous, past, and future structural innovations:
cov[n,urs] =0 Vke{gr},s. (1.37)

This assumption implies that &,, isolates exogenous variation in R, that is orthogonal to
contemporaneous, past, and future innovations to G, as well as, past and future innovations to

R.16

Cross-sectional Step
The goal of this step is to identify the dynamic reduced-form responses of ¥; to G and R,
conditional on s;,. For identification of the R responses, we exploit the variation in R induced by

the innovation &,;. The following local projection can be used to estimate these reduced-form

16This assumption allows for correlation between &,; and &,;. The HEDGE term can still be identified in this
case as OLS partials out any shared variation.
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responses:

Yitrh = bn X Sig€gr + Cp X Sig&rt + Ain + At + €ty (1.38)

where each aggregate shock is interacted with s;,, the exposure shifter to G. First, this specification
identifies the same by, as the baseline regression.!” This is because the additional interaction

only captures variation in R that is not correlated with G. For the AR(1) case, this implies

E[by] =BGgn + 7 Res. (1.39)

Second, this regression also identifies the response of ¥; to R, conditional on s;, and conditional

on the path of R after a change in &,,:

E[én] =7 Ry . (1.40)

Inspection of b » and ¢, clarifies that the omitted variable bias due to HEDGE is a function of
R, while the estimated reduced-form response of ¥; to R is a function of a different source of
variation, namely R,.

In this example, expressing the impulse responses in terms of parameters yields:

h
Elbi] = Bxpg+7%6 ) o by E[en] =7 %p} (1.41)
—— j=0
2
Qp

Here, the estimated coefficient on the interaction term s;¢&,, is a function of the differential

sensitivity parameter ¥ and the auto-regressive structure of R. To better understand the link

"In the general case in which the first-stage coefficient on &g 1s different from one, then the reduced form
regression identifies a rescaled version of the expression in (1.34). The rescaled version is given by kg X Bzw where
K¢ is the coeflicient of the first stage and IQZW is the 2SLS coefficient of (1.34). Given that the decomposition results
are robust to arbitrary first-stage values, I omit them from the main outline. The important point is that introducing
the interaction between s;, and &,, does not directly address the omitted variable bias due to HEDGE.
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between ¢;, and Qj,, we can rewrite the latter as:

h
Q= [wfwzpf‘fp{g]xa vV h>0. (1.42)
j=1
Consider the special case where G; is an impulse (i.e. p, = 0) so that the second term in the

expression above drops:
Q,=yplxs. (1.43)

In this case, ¢), identifies a rescaled version of €2, where the scale depends on ¢, the parameter

that governs the contemporaneous response of R; to G;:
Q,=ypxs  vs.  E[én] =7p". (1.44)

Intuitively, this scaling captures that in this example a change of one unit in &,; changes R; by
one unit, whereas this change is size ¢ for a change of one unit in &4;. Therefore, the only piece
of information missing to compute €2, in this scenario is 6. Or, more generally, the ratio between
the impact response of R to each aggregate shock, as in the static setting example.

Next, the time-series step provides a general strategy to take into account the difference
between the impulse responses R, and R,, which serves as a bridge between the HEDGE term

and ¢y,.

Time-series Step

This step provides the additional inputs required to move from ¢, to ;. From the
previous step, we know how to evaluate the cross-sectional propagation of changes in R caused
by &,; using ¢;. Following the methodology of Sims and Zha (2006), one can find a combination
of innovations in R, denoted by &, = {&,/44}4, which taken together reproduce R, the impulse

response of R to a G shock. Then we can use the reduced-form estimates from the cross-sectional
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step to evaluate the response of Y; to the sequence of innovations &,.

By construction, this sequence of innovations exactly replicates R, in the ex post sense.
This is because at each point in time 4 > 0 we hit the economy with additional surprises to R,
unexpected from the perspective of 7 = 0. Under the Markov assumption, innovations are not
anticipated, so enforcing the path R, ex post through a sequence of unexpected shocks yields
the same outcome response as if that path had been anticipated ex ante. Section 1.3.3 relaxes
the assumption of no anticipation effects following the work by McKay and Wolf (2023) and
Barnichon and Mesters (2023).

Applying the approach of Sims and Zha (2006) requires estimates of the impulse response
of R to the two aggregate shocks, &,; and &,,. These can be estimated using traditional time

series methods, for example, local projections (Jorda, 2005):
Riyh = ViEgr + apEry + €ppip. (1.45)
The regression coeflicients v and dj converge to the following expression:
E[ﬁh] = Rg,h, E[dh] = Rr,h~ (146)
In the AR(1) example, this is equivalent to:
h h . .
E[04] =0p +6 ) p/ 7 i, E[an] = pl. (1.47)
j=1

In this example, unless p, = 0, the path of R will differ between shocks even after rescaling by 6.
We can use f(g = {Pn}, and R, = {dp}, to find the sequence of innovations &,. Before

presenting the general formula, I illustrate how the procedure works using the AR(1) example.
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Finding the innovation for period & = 0 requires:

A0€ri+0 = Do = E[&.4+0] =E =9. (1.43)

where &,, denotes the estimated counterfactual shock for period s. In other words, we look for
the shock size to R that matches the estimated impact effect of a unit change in &¢,. From the

perspective of i = 1, this innovation implies that R changes by:

E[d1X&ns0] =6p,  # E[P1] =6p,+0pg. (1.49)

Although the innovation for period /& = 0 matches the impact response Vg, it does not
match the response at & =1 that is given by 1. Therefore, we feed in an additional innovation
that hits the economy in period & = 1 to account for the remaining difference between the two

paths:

V1 =a1 X Epp0+ Ao X Epa, (1.50)

where to evaluate the effect of this second innovation we use the contemporaneous coefficient dy.

This implies that the estimated &,,4; satisfies:

E[ért+1] =0pg. (1.51)

The sequence of ex-post innovations that replicates the path R ¢ up to horizon H is

characterized by Proposition 1.1.

Proposition 1.1. Under Assumption 1.4, ay # 0. Hence, for any horizon H, there exists a unique
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sequence of innovations {éth}f:O such that
h

vhzzah_jémj Vhelo,... H). (1.52)
=0

. N P . R : . .
Moreover, since dy — ay, it follows that 4o # 0 with probability approaching one, so that the

empirical analogue
h
Oh= ) dn e (1.53)
=0

is well-defined.

This result applies to any economy that satisfies (S2), including settings with two-way

feedback between G and R.

Final Step

Once we estimate &,, we can compute Qh as follows:
h
Qn=> ik VheH. (1.54)
k=0

That is, we estimate €, using the reduced-form estimates from the cross-sectional step
to evaluate the propagation of the sequence of innovations &,. Crucially, the cross-sectional
estimates ¢, are evaluated using a sequence of shocks that generate the same variation in R that
we used to identify those cross-sectional coefficients in the first place. Under the assumptions of
this subsection, this yields a consistent estimate of the HEDGE term at each horizon A. Lastly,

the portable elasticity estimate is computed as follows.
Bl =by Q. (1.55)

where by, is the estimated coefficient on s;,£,, from the cross-sectional step.
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Control Function Approach in Dynamic Settings

Inclusion of the interaction s;, R; as a control, in general, does not deliver a consistent
estimate of ﬁf . The reason is that the additional interaction term can only control for time paths
of R that can be spanned by variation in the included controls, instead of variation in £¢,. Because
these two sources of variation may generate different time paths for R, the control function
approach is not a valid robustness check for HEDGE in general macroeconomic environments.
Intuitively, the dynamic response of R depends on the shock that drives it. For example, monetary
policy may respond to a demand shock with a hump-shaped path due to inertia, while orthogonal
fluctuations in R may follow a more AR(1)-like process. A contemporaneous control s;oR;
cannot distinguish between these state-contingent paths.

Concretely, the control function approach specification is given by:

Yiern = b5 X 516Gy + ¢S F X s R+ A5F +25F +e5F, (1.56)

where s;,G; is instrumented with s;,&,,, as in the baseline TWFE strategy, and the superscript
CF is used to denote the estimates from the control function approach. In the AR(1) example, it

can be shown that:
E[BgF]—ﬁfocf/x(Rg,h—(SRR,h), (1.57)

where 6 R ;, is proportional to the path of R spanned by the included controls (in this

case, the contemporaneous realization R,).!® Specifically, §, captures the contemporaneous

8Plugging in the expressions for R, p and Ry , yields:

h h
o o
Ryn—0Rg, =5pt+6 > pt pt—6 pl =6 p}/p}. (1.58)
j=1 — Jj=1
RR,II

In this AR(1) example, the control function approach partially addresses the problem by taking care of the correlation
between &g, and Ry, resulting from the pure auto-regressive structure of R. However, it cannot account for the
dynamic effects of &4, on Ry, that go through {G k}Zzl. Note that, for example, if R responded to G with a lag
then the control function approach would, in expectation, yield no improvements over the TWFE strategy for 2 > 0.
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response of R to the G shock.

Expression (1.57) highlights that, unless R ;= 0R ;,, the control function approach
does not provide a consistent estimate of ﬁf . For example, if the path of R resembles an
AR(2) conditional on &, but an AR(1) unconditionally then R, # 6R ;. In Appendix A.1.3,
I derive the expected value of Ble for alternative DGPs to further illustrate the mechanics of
the control function approach. Moreover, while the control function approach is inconsistent in
general, its performance relative to its (biased) population value can vary substantially with model
mis-specification. In particular, when the set of additional controls, such as lagged dependent
variables or lagged shocks, is misspecified, the resulting estimates can deviate considerably from

that population value.
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Figure 1.2. Dynamic Setting Without Anticipation Effects - Monte Carlo Results.
Note: Solid lines show the estimated cross-sectional responses to a G shock for three specifications -
TWFE, Decomposition Framework and Control Function - together with the population portable and total (,B,f +

Q) elasticities. Shaded areas show 90% confidence bands. Based on 1000 repetitions with N = 300 and 7" = 1000.
The DGP is generated using the same parameters as for the static case plus p, = .8,p0, = .8,p, = .0.

Monte Carlo Simulations
The performance of the decomposition is illustrated through a series of Monte Carlo
simulations. I simulate data for different economies that satisfy the Markov assumptions of

system (S2) and estimate three different impulse response functions: i) TWEFE, ii) Control
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Function, 1i1) Decomposition Framework. These correspond respectively to specifications (1.32)
and (1.56), and to the portable elasticity obtained from the decomposition strategy discussed
above.

I present two sets of results. First, in Figure 1.2 I show results for the AR(1) example.
Full details on the parameters used for the simulation can be found in the Appendix A.1.3. The
figure shows the estimated cross-sectional responses to £,;. The dashed black line corresponds
to the population portable elasticity, while the dotted black line corresponds to the population
total effect (i.e., ﬂf + Q). The decomposition framework provides a consistent estimate of the
portable elasticity at all horizons. In contrast, neither the TWFE strategy nor the control function
approach identify the portable elasticity.

Second, I study the performance of the decomposition and control function approaches
in a variety of data-generating processes that fit into (S2). The sample size is set to N = 300
and T = 1000, and the number of repetitions to J = 1000. Appendix A.1.3 details the set of
data-generating processes and their parameter values. For each estimation strategy k, DGP z and
horizon A, I compute the absolute difference between the population portable elasticity, ,Bf 5> and
the average estimate across all repetitions and then normalize it by ﬁf , to make it comparable

across DGPs.

-1vJ 1k P
ko |J Zj:]bjzh_ﬁzh|

zh P
|85, |

(1.59)

Consistency requires 0’; , — 0. Table 1.1 shows the mean and standard deviation of 0;‘ , by horizon
and estimation method. The decomposition approach consistently recovers the true portable

effects as opposed to the control function approach and TWFE baseline strategy.

Extensions
Appendix A.1.3 presents the derivations and results for settings with two-way general

equilibrium feedback (2W-GE) between aggregate variables. This analysis yields an important
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Table 1.1. Absolute Mean Relative Bias by Estimation Method and Horizon.

Estimation Strategy h =0 h=1 h=2 h=3 h=4 h=35

Decomposition 0.002 0.002 0.007 0.013 0.021 0.031
(0.003) (0.002) (0.007) (0.014) (0.023) (0.035)

Control Function 0445 0259 0245 0.282 0379 0516
(0.494) (0.223) (0.182) (0.300) (0.417) (0.519)

TWFE 0.146 0226 0333 0463 0.603 0.743
(0.130) (0.192) (0.295) (0.385) (0.480) (0.580)

Note: Standard errors shown in parentheses. Values are reported as fractions of the population portable
elasticity (1 = 100 %). The sample size is set to N =300 and 7 = 1000 and the number of repetitions to J = 1000.
See Appendix A.1.3 for further details on each parametrization.

insight. I show that, in general, when there is 2W-GE, the cross-sectional elasticities estimated
using either two-stage least squares (2SLS) or reduced-form analysis will be contaminated by GE
effects, even in the absence of HEDGE. In other words, in such settings, the HEDGE conditions
discussed at the beginning of the paper are sufficient to break identification but not necessary.
The TWEFE strategy will, in general, not identify a clean partial equilibrium elasticity in these
settings. This happens because units that are more exposed to G will be more exposed to both
the autonomous change in G triggered by &£, and to the posterior change in response to R. This
is an overlooked source of omitted variable bias that this paper brings to light and which the
decomposition framework also addresses.

Appendix A.1.3 shows that the decomposition framework can accommodate settings
where both R; and &g, are correlated with a third aggregate variable A; (for example, TFP,
exchange rate), but A, affects all units in the same way. This echoes empirical applications for
which the available source of variation &, is not as good as random at the aggregate level, but it
does satisfy exogeneity with respect to A, in the cross section. Note that this is equivalent to
saying that there is no HEDGE with respect to A,.

Appendix A.1.4 discusses three alternative estimation strategies that one might expect to
address HEDGE, and demonstrates through a Monte Carlo simulation exercise that they fail to do

so. The strategies considered are (i) interactive fixed effects (Bai, 2009); (ii) alternative version of
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the CFA including s;- R, rather than s;, R;; (iii) alternative CFA instrumenting s;o R; with s;0&,;.

1.3.3 Forward-Looking Dynamic Setting

This section generalizes the decomposition framework to settings with forward-looking
dynamics. This is akin to the dynamics implied by DSGE models, which I use as a laboratory to
test the performance of the framework. The difference with respect to the preceding section is that
now there can be anticipation effects: agents respond both to current and expected realizations of
macroeconomic variables. The key implication is that estimating the differential response to the
conditional path of the GE variable, R, requires feeding the system a counterfactual sequence of
R shocks that reproduces R, both ex post and in expectation.

As shown by McKay and Wolf (2023) and Barnichon and Mesters (2023), constructing
counterfactuals that are robust to forward-looking dynamics requires access to shocks that shift
both the contemporaneous and expected future realization of macroeconomic variables. First, |
show how to implement the decomposition when a researcher has access to these types of shocks
and then I discuss implementation in cases where access to shocks is limited. In settings with
limited access to news shocks, the decomposition framework provides an approximation to the
population portable elasticity. The conditions that determine the precision loss resulting from
limited information depend on the data-generating process and the shocks under analysis. As
an illustration, in Section 1.5.3, I study the determinants of the decomposition accuracy in the
context of a two-region New Keynesian model used to estimate cross-sectional fiscal multipliers.

Consider an economy in which the unit-level outcome can be characterized as follows.

F F
Yy = ZﬁfsigEt[GHf] +Z7’f5irEz [Rz+f]

f=0 =0 (1.60)

S K L
4 ¢ y
+ 3 BlsigGios+ D Visi R+ Y Wi +ui+u+1c),
s=1 k=1 =1

where E; [ X;4 ¢] is the expectation at time ¢ for the realization of X in period f + f. The parameter
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By, for f >0, captures the present response to the expected realization of G in period 7 + f.
Similarly for y¢. I assume that only the first ' expected realizations of aggregate variables
matter for the present responses and use the superscript ¢ to denote the responses to lagged
realizations of the aggregate variables.!® In addition, I assume that exposure shifters are
variable-specific but not horizon specific (i.e., s;, determines the cross-sectional response to both
contemporaneous, expected, and lagged realizations of G).?°. The aggregate processes are as in
the Markov economy with the addition that they are subject to both contemporaneous and news

(or anticipated) structural innovations:

i u
Bl ¥, (1.61)

1—j Uyt

t :ZMj

G P G
Rl Jj=1 R
where uy; is the vector of contemporaneous and news shocks to & in period ¢.%!

Assumption 1.5. For each aggregate variable k € {g,r}, the innovation vector uy,; admits the

decomposition

wie = (U Yoo (1.62)

where u?{ . Is a contemporaneous shock and, for f > 1, ”2 ref is a news shock revealed at time t

about the realization of variable k at time t + f.

19 Alternatively, the DGP in (1.60) can be interpreted as an approximation of a true DGP with F* = co and y =0
for f>F.

20The estimation framework does not require knowledge of the true exposure shifters to R so assuming a
constant s;, is without loss of generality. Horizon-specific shifters to R, s;, ; for j € {F,K}, imply that ¢ becomes
horizon-specific which will be reflected in the estimated cross-sectional responses to different news shocks (See
cross-sectional step below). The assumption that s;, is a good proxy for exposure to present and expected realizations
of G is in line with most empirical work. If the exposure shifters to the contemporaneous realization of G, s;¢, and
to the expected realizations of G, s;,_r, differ, then s;, X £4; Will be a strong instrument for s;, X G; but possibly
weaker for s;4 X E;[G,4r]. This is independent of HEDGE and, therefore, relaxing the assumption of constant s;,
exceeds the scope of this paper.

21For example, the first entry of uy; corresponds to a contemporaneous shock, while the second one corresponds
to news about the realization of k in period ¢ + 1.
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All innovations are mean zero and mutually orthogonal:
cov[ulyy ptthyr ;1 =0 forall (k, f,1) # (K, f.1). (1.63)

This orthogonality assumption implies that each news shock shifts expectations about
a specific future realization of the aggregate variable without affecting other horizons or
contemporaneous innovations. The rest of the economy is the same as in the Markov setting of
Subsection 1.3.2.

The object of interest is the dynamic effect of a shock to G, on the cross-sectional
outcome, holding the realized and expected path of R fixed. Consider the following panel local

projection with two-way fixed effects:
Yiteh = b X 5igGy+ Aip + 4n + €ir4h, (1.64)

where s;,€,, is used as an instrument for s;,G, to address potential endogeneity concerns. To
simplify notation, I assume that 8; = 8V f, £ and shut down the parameters on lagged realizations
of aggregate and local variables in the process for Yj;. Then, b converges to the following

expression:

cov [Et [Rt+h+f] B Sgt]

V[sgl]

F
E[bi] = Bf+ D vs9 : (1.65)
f=0

Qp

where the first term is the portable component that captures the effect of a shock to G; on Yj41,
including the effects through changes in future G, holding E;[R;;] for & > 0 constant. The
second term is the HEDGE component which is a function of (i) the contemporaneous and
expected changes in R, conditional on a shock to G, and (ii) the cross-sectional sensitivities to

contemporaneous and expected future realizations of R, conditional on s;,. Next, I outline how
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the cross-sectional and time-series steps can be generalized to accommodate forward-looking

dynamics.

Cross-sectional Step

This section outlines the estimation strategy used to identify the dynamic reduced-form
responses of Y; to G, and to both current and expected changes in R. The latter set of parameters
measures the response of Y, to the expectation formed at time ¢ about the realization of R, ¢.
For example, for & = f = 0, this parameter measures the contemporaneous response of Y;; to a
contemporaneous innovation in R. Identifying these parameters requires exogenous variation
in the period-t expectation about the realization of R, . In other words, we need to observe

news (or anticipated) shocks about the realization of R,y that agents learn about in period 7. Let

t

8r,t+f

denote an observed innovation that captures news received at time ¢ about the realization
of R/, . Analogously to the Markov setting, I assume that these observed innovations are noisy

measures of the corresponding structural news shocks:

Erinf TUFUy pHyps VP 2O, (1.66)

t

where the noise terms n, P

are orthogonal to all structural innovations. For example, an
unexpected monetary policy announcement this quarter about a possible one-period interest rate
hike next quarter could be used to identify the coefficients for f = 1, at different horizons.

Suppose that we have access to news shocks up to horizon F, then we can estimate the

following reduced-form local projections:

F
t
Yiien = by X Sig€gr + Z Cfp X Sig€y 145 + A+ A+ €itan. (1.67)
f=0

Here ¢y, is the reduced form response of Y4, to the news received at ¢ about the
realization of R, r, conditional on s;,. As before, b n 1s the reduced-form response of Yj;4j to a

change in G,, conditional on s;g.
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Time-Series Step
The time-series step estimates the impulse response of R to (i) the shock of interest, and

(i1) the same set of contemporaneous and news shocks to R used in the cross-sectional step.

F
Riyn =vheg + Z afh8£,,+f +€riths (1.68)

=0
where s; 14f is the news shock to R defined above. The coefficients a s, measure the response
of R, to the information received in period ¢ about the realization of R, . Under rational
expectations, ¥, and d ¢, are unbiased estimates of cov[E;[R;;1],&,:] and cov[E;[Ri4], s;,Hf],
respectively.

Next, I use the impulse responses to the F + 1 news shocks to find the combination of
date-7 shocks that replicates the estimated impulse response of R to £, R ¢ = {Vn}n. Let A be an
(H + 1) x (F +1) matrix whose (h, f)-th entry is dj, the estimated response of R, to a time-¢
news shock about Ry, ;.

The estimated sequence of counterfactual date-r news shocks & = { is defined

At F
Erref } =0

as the solution to:
R, = AZ". (1.69)

Proposition 1.2.

i. If R ¢ lies in the column space of A, then there exists a sequence &' that exactly replicates

R ¢- Moreover, if A has full column rank, this solution is unique.

ii. If R ¢ does not lie in the column space of A, the solution is given by the least squares

projection:

& =arg min ||ﬁg—Ae||2. (1.70)

e cRF+1
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iii. A sufficient condition for the uniqueness of the solution in (ii) is that A has full column

rank, in which case:
& =(A'A)'A'R,. (1.71)

The rank condition on A is an empirical property of the estimated impulse responses. In
particular, while Assumption 1.5 provides a structural interpretation of the shocks, uniqueness of
the counterfactual decomposition depends on whether the observed news shocks span sufficiently
rich variation in the data. The system is overidentified when H > F, exactly identified when H = F,
and underidentified when H < F. In typical applications, H > F + 1, so an exact replication is not
guaranteed. In this case, the solution corresponds to the projection of R ¢ onto the space spanned

by the news shocks observed at time .

Final Step
Lastly, I compute €, by using the estimates from the cross-sectional step to evaluate the

propagation of the estimated sequence of news shocks é':
F
Q= emxél,, (1.72)
f=0

where the superscript 7 is used to denote the estimated HEDGE term of the ex-ante decomposition.

The estimate for B2 follows from the following:

By =by -, (1.73)

Limited News Shocks
In the cases where we observe F < F news shocks, the decomposition yields an approxi-
mation to the population portable elasticities. In general, the loss of precision increases in the

strength of forward-looking dynamics beyond F (i.e., the importance of the parameters y r for
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f > F) and in the difference between the observed path of R after the shock of interest and the
path enforced by the estimated sequence of shocks &’. In Section 1.5.3, T use a two-region New
Keynesian model to explore which observable moments can be used to study the performance of

the framework in settings with limited access to news shocks.

DSGE Monte Carlo Simulations

To assess the performance of the decomposition framework, I conduct DSGE Monte
Carlo (Ramey, 2016) simulations using data generated from a two-region New Keynesian model
with government spending shocks. The model extends Nakamura and Steinsson (2014) by
allowing heterogeneity across regions in both their exposure to government spending, G,, and
their sensitivity to the interest rate, R;. Without loss of generality, I assume that cov[s;g, s;r] <0,
so that the region more exposed to G, is less sensitive to R;. Government spending follows an
AR(1) process with innovation &g, while the nominal interest rate, i, is determined by a Taylor
rule and subject to its own shock g;;. As a result, the real interest rate R; responds positively
and persistently to fiscal shocks (that is, cov[R;44,&g:] > 0). This calibration implies a positive
HEDGE term. Appendix A.4 details the full model, and Table A.9 summarizes the calibration.

The simulated data are used to estimate cross-sectional fiscal multipliers using the
estimation strategies discussed above. Given the forward-looking nature of standard New-
Keynesian dynamics, I assume access to a finite number of news shocks (i.e., F < F = 00) when
applying the ex-ante decomposition.

I compare two parametrizations that differ in how R; responds to a monetary shock
&1, while holding fixed the response of R; to &¢. In both scenarios, fiscal shocks induce a
persistent increase in R;. In the first scenario—labeled misaligned—monetary shocks induce only
a transitory response in R;, while in the second—Ilabeled aligned—the response is calibrated to
more closely mirror the one following fiscal shocks.?? In other words, these scenarios play with

. - -0 . . .
the difference between R, and R, the estimated response of R to a contemporaneous innovation

22In Appendix A.1.5, Figure A.3 plots the impulse responses of R for each scenario.
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to the monetary rule.

Figure 1.3 presents the simulation results. The left panel corresponds to the misaligned
scenario, and the right panel corresponds to the aligned scenario. In each case, I show the
estimated multipliers for four estimation strategies: (i) the TWFE approach, (ii) the control
function approach, (iii) the ex-ante decomposition using only a contemporaneous innovation to
R, (iv) the ex-ante decomposition using four news shocks?® to R.

The misaligned scenario combines the strong forward-looking dynamics of the model
(Del Negro et al., 2023; McKay et al., 2016) with significantly different paths for R after each
aggregate shock. In this setting, the decomposition framework improves on the TWFE estimator,
but suffers from some loss of precision. This is because the estimation is constrained by the
limited number of shocks (i.e. F = {1,4}). Nevertheless, the decomposition estimates, using one
or four shocks, both outperform the control function approach, which in this calibration yields
estimates that closely resemble those of the TWFE benchmark.

In the aligned scenario, the model still features forward-looking dynamics, but the interest
rate responses to fiscal and monetary shocks are more closely aligned. Here, the decomposition
performs substantially better. In particular, the ex-ante decomposition with one or four news
shocks recovers a portable elasticity that is very close to the population value at all horizons. While
the control function estimator also improves under this calibration, it continues to under-perform

relative to the decomposition approach.

Extensions

Appendix A.1.5 presents several extensions of the simulation analysis. First, I show
that the decomposition framework consistently recovers the portable elasticity as the number of
available news shocks increases, under both parameterizations. Second, I examine environments
with weaker forward-looking dynamics to confirm that the precision loss from limited information

is smaller in those settings. Finally, in Subsection 1.5.3, I explore, within the limited-information

23That is, on top of the contemporaneous innovation, I assume that the researcher observes news shocks about the
realization of R in period ¢ + s for s = {1,2,3}.
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(A) - Misaligned R Paths (B) - Aligned R Paths
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Figure 1.3. DSGE Monte Carlo Simulations - Results.

Note: The left (right) panel corresponds to a calibration where the path of R is misaligned (aligned) across
aggregate shocks (See Figure A.3). The solid black line corresponds to 87 the population portable elasticities.
The dashed lines correspond to different estimation methods. 37WFE: TWEE approach; A¢F: control function
approach; ﬁgmn rex- €x-ante decomposition using k shocks.
setting, which observable data moments are informative about the accuracy of the framework

and whether the method tends to over- or under-estimate the population portable elasticity, using

the structure of the two-region New Keynesian model.

1.3.4 Asymptotic Properties and Inference

This section summarizes the asymptotic properties of the estimators and the corresponding
inference procedure. A formal discussion of consistency is provided in Appendix A.1.6. The
argument proceeds in three steps. First, consistency of the panel local projection estimators is
established under large-N, fixed-T asymptotics. Second, consistency of the time-series local
projection estimators is established under large-7 asymptotics. Third, ,éf; is shown to be a
continuous mapping of these estimators and therefore consistent by the Continuous Mapping

Theorem under mild non-degeneracy conditions.
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The estimated portable elasticities at horizon 4 depend on both panel and time-series
coeflicients across horizons. For inference, I jointly estimate the cross-sectional and time-series
parameters using a just-identified GMM system, which facilitates inference across moment
conditions. This approach allows me to explicitly account for the covariance between panel and
time-series moment conditions induced by shared aggregate shocks by clustering at the time
level.

For the covariance between panel moment conditions associated with different parameters,
the framework can flexibly accommodate alternative clustering schemes (e.g., time, unit, or
two-way clustering). For the time-series moments, I use a HAC-consistent estimator as the
baseline.

Standard errors for the HEDGE terms and the portable elasticities are obtained via the
Delta method applied to the cluster-robust covariance matrix of the moment conditions. Monte
Carlo simulations show that this procedure delivers (i) standard errors equivalent to those from
the control function approach in static settings, and (ii) correct coverage in dynamic environments.

A detailed exposition of the inference procedure is provided in Appendix A.1.7.

Recap

This section outlined an estimation strategy to decompose cross-sectionally identified
elasticities into a portable component and an HEDGE component. The framework combines
cross-sectional and time-series analysis. In the cross-sectional step, it estimates the differential
responses to innovations in the variable of interest, G, and to innovations in the variable(s)
that the researcher wants to difference out, R, conditional on exposure to the main variable of
interest s;,. In the time-series step, it estimates the impulse response function of R to both the
shock of interest, £,,, and to innovations to R itself, &,,. Finally, the output of these steps is
combined to estimate the HEDGE component. I discuss how to apply each of these steps under
different assumptions about the data-generating process and about the information available to

the researcher. Using DSGE Monte Carlo simulations, I show that the decomposition framework
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identifies the portable elasticity. In cases where the researcher has access to limited information,
the decomposition framework works as an approximation to the true portable elasticity, and it
represents an improvement on both baseline estimates that ignore HEDGE and the correction

implied by the control function approach.

1.4 Application - US Cross-sectional Fiscal Multiplier

To illustrate the use of the decomposition framework, I revisit the estimation of the US
cross-sectional fiscal multiplier through the lens of an HEDGE economy. In particular, I evaluate
the possibility that states in the US differ not only in how exposed they are to fiscal shocks but
also to changes in interest rates. I focus on the link between government spending and interest
rates for two reasons. First, the strength of the monetary policy response to government spending
shocks (i.e., the degree of monetary offset) is an important determinant of the aggregate fiscal
multiplier. The response of monetary policy is undoubtedly among the set of aggregate variables
that we aim to difference out by using cross-sectional methods (Nakamura and Steinsson, 2014).
Importantly, there is consensus in the profession that available estimates of the cross-sectional
fiscal multiplier are independent of monetary policy, and the method proposed in this paper is
designed to test whether this is indeed the case. Second, it is well documented that interest
rate sensitivities vary substantially across economic regions (e.g. Carlino and DeFina (1998);
Almgren et al. (2022); Herrefio and Pedemonte (2025)), making it a natural starting point to
explore the sensitivity of cross-sectional fiscal multipliers to HEDGE.

The empirical results should therefore be interpreted as isolating a single, yet economically
central source of GE feedback—monetary policy. In this sense, the decomposition recovers
a monetary-policy—portable multiplier, i.e., the cross-sectional effect of government spending
holding the monetary response fixed. While other aggregate channels may also generate
heterogeneous general equilibrium effects, I abstract from them in this application and leave their

analysis to future work. Importantly, as shown below, removing this channel already restores the
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ability to use cross-sectional estimates to study counterfactual monetary policy regimes.

For estimation, I use the dataset built by Dupor and Guerrero (2017). The authors
construct a panel dataset of US state-level defense contracts between 1951 and 2014.%* Gross
State Product data are sourced from BEA and available from 1963 onward. Following Sarto
(2024), I exclude four small-population states with extreme variation in Gross State Product.
Including all states yields similar point estimates with larger variance.?> Both output and defense
contracts are deflated using the national Consumer Price Index and scaled by state population. I
complement this dataset with data on the Federal Funds rate, total nominal federal tax receipts,
nominal GDP, and the series of Romer and Romer (2004) monetary policy shocks as extended by
Wieland and Yang (2020). The frequency of analysis is yearly and covers the period 1969-2007.2

I construct output and defense spending variables to estimate cumulative fiscal multipliers
following the recommendations of Ramey and Zubairy (2018). Concretely, the cumulative

percentage change in variable X, relative to a baseline level of output Y;;_; is computed as:

%€ [Z?:()Xit+j] —(h+1)X;y

C = - x 100, (1.74)
it—1

where the subscript i indexes US states and ¢ indexes years. The aggregate variables are
constructed analogously. I measure the state-level exposure to defense spending, s;,;, following
Nakamura and Steinsson (2014):
pc ;v pe
Git /Ylt

Sigg = it it 175
18t ch/Ytpc ( )

where G/ is per-capita real defense spending in state i during year 7 and Y is per-capita real

24Data between 1951-2009 is sourced from two reports: the Prime Contract Awards by State report and the
Atlas/Data Abstract for the US and Selected Areas. Both were compiled by the Directorate for Information Operations
and Reports. Data for 2010-2014 are sourced from USASpending.gov.

2The excluded states are North Dakota (0.23% of the US population), South Dakota (0.27%), Wyoming (0.18%),
and Alaska (0.23%). These states display multiple observations with GSP yearly changes over 20%. Figure A.18 in
the Appendix presents results including all states.

26The sample is limited by the time-span of the Romer-Romer monetary policy shocks.
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output in state i during year . GF“ and Y/ are the corresponding national counterparts. The idea

is that a state is relatively more exposed to defense spending if its share of local defense spending

to GDP is higher than the corresponding national share. I follow Nakamura and Steinsson (2014)

and define s;, as the average of this ratio over the first five years of their sample (i.e., 1966-1970).
First, I estimate the cross-sectional fiscal multiplier using the TWFE regression.

YS,, =BV X GS,, + A + Ay + Controls + er, (1.76)

c

c
where Y ik

ih is the cumulative

is the cumulative change in real output per capita in state i, G
change in per capita defense contracts in state 7, and A;;,, 4, are horizon-specific fixed effects for
each state and year. 1 follow the literature and instrument Gg h with s,-thC, where s;, denotes
state i’s exposure to aggregate defense spending. The instrument interacts this predetermined
exposure with the contemporaneous aggregate change in defense contracts, GIC, thus isolating
variation in regional spending driven by changes in aggregate defense spending. I control for
the lag of real per-capita output growth. The parameter of interest is ,BZW, which measures the
response of local output to an increase in local government spending equivalent to 1% of local
output - the cross-sectional fiscal multiplier. The superscript TW is used to denote that this
estimate corresponds to the TWFE specification.

The standard practice in this literature is to cluster standard errors at the state (unit) level.
However, as shown in Almuzara and Sancibridn (2024), the appropriate clustering dimension in
shift-share settings with a common aggregate shock corresponds to the time dimension. Common
aggregate shocks induce correlation in residuals across units within a given period. I conduct
Monte Carlo simulations in Appendix A.1.7 that confirm this result: clustering at the unit level
leads to substantial undercoverage at all horizons.

Accordingly, I report baseline results using time-level clustering for the panel estimates

and follow the inference procedure outlined in Appendix A.1.7. This approach generally delivers

52



larger standard errors than unit-level clustering.?’

The left panel of Figure 1.8 plots the estimation results. The TWFE multiplier is 1.5 at
the two-year horizon and above one at all shorter and longer horizons.

Next, I present evidence of HEDGE with respect to monetary policy responses and
implement the decomposition framework as outlined in Section 1.3.2 using a sequence of
counterfactual contemporaneous shocks and as outlined in Section 1.3.3 using only date zero

shocks. In the following, I provide further details on each step.

1.4.1 HEDGE Test

I test for HEDGE in monetary policy responses by estimating the following local
projections:

Y€

iteh = Ch X Sighy + Aip + Ay + Controls + ;4. for h=1,4, (1.77)

where i; is the Federal Funds Rate. For estimation, I instrument s;4i; with 5;,RR;, where RR; are
the Romer-Romer monetary shocks.

Figure 1.4 shows that the estimated response is positive and statistically significant at all
horizons. This finding rejects the null of homogeneous exposure to interest rate changes and
suggests that time fixed effects alone may not fully absorb monetary policy shocks in this setting.
In particular, the results indicate that states more exposed to defense spending, as measured by
sig, are less responsive to changes in interest rates.

One possible explanation relates to differences in the cyclicality of government and
private demand. If government purchases are less cyclical than private consumption, states with
higher exposure to defense spending may be less sensitive to interest rate fluctuations. Another
possibility is cross-state income differences: Figure A.10 in Appendix A.2 shows that per capita

income is positively correlated with s;¢, and to the extent that higher income is associated with

2’For comparison, Figure A.16 reports results using unit-level clustering.
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weaker liquidity constraints, this pattern is consistent with existing evidence for the U.S. (Herrefio

and Pedemonte, 2025) and for Europe (Almgren et al., 2022).

Robustness

Appendix A.3.1 presents detailed results for each of the following robustness checks. First,
in Figure A.12, I show that the estimated response is robust to including the interaction between
government spending and state-level exposure sithC. Second, I re-estimate equation (1.77) using
the monetary shock series from Aruoba and Drechsel (2024) for the period 1980-2007. Figure
A.13 shows a positive estimated response, although less precisely estimated, possibly due to
the shorter sample. Third, I estimate state-specific output elasticities to the Romer and Romer
(2004) shock using local projections. Figure A.14, shows that the estimated state-level elasticities
are positively correlated with state-level exposure to G and that the correlation is statistically

significant.

Horizon

Figure 1.4. HEDGE Test - Response of ¥; to i;, Conditional on s;,.

Note: Shaded area represents 68% (darker) and 90% (lighter) confidence bands. Plot corresponds to the
cumulative percentage differential response of local output to a percentage point increase in the Federal Funds rate,
evaluated at s;¢ = 1.

The previous test indicates that in this empirical setting the cross-sectional condition for

HEDGE to represent an identification challenge is met: s;, drives cross-sectional responses to
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both defense and monetary policy shocks. Next, I show that the time-series condition is also met,
namely, that the interest rate moves in response to a defense spending shock, which motivates the

use of the decomposition framework.

1.4.2 Time-Series Step

The following step estimates the time series response of the interest rate to defense
spending shocks and monetary policy shocks. First, this will inform whether the interest
rate is effectively a GE variable in this empirical setting. I find this to be the case, so I use
these reduced-form impulse responses to construct two different sequences of counterfactual
monetary surprises. The first one, following Subsection 1.3.2, finds the sequence of ex-post
contemporaneous surprises to the interest rate that replicate its observed path after a defense
spending shock. I refer to this as the ex-post decomposition (Sims and Zha, 2006). Second,
following Subsection 1.3.3, I find the magnitude of a period zero monetary surprise that better
matches the estimated path of the interest rate after a defense spending shock in the least squares
sense. [ refer to this as the ex-ante decomposition (McKay and Wolf, 2023; Barnichon and
Mesters, 2023).

First, I run the following local projections:

liop = va,C+ahRRt+Controls+e,+h, (1.78)

where i, is the Federal Funds rate, G is the one-year change in national defense contracts relative
to GDP and RR; are the series of Romer and Romer (2004) monetary policy shocks. The set
of controls includes lagged realizations of the dependent variable, the Romer-Romer shock,
per-capita real output (in logs), the average federal tax rate, CPI inflation, and per-capita real
defense spending (in logs). Standard errors are HAC robust.

Figure 1.5 shows the impulse response functions of the interest rate to each aggregate

shock. In response to a defense spending shock equivalent to 1% of lagged national output, the
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Figure 1.5. Time-series Step - Interest Rate Responses.
Note: Shaded area represents 68% (darker) and 90% (lighter) confidence bands. The green line shows the

response of the nominal interest rate to a defense spending shock equal to 1% of lagged national output. The red line
shows the response to a Romer—Romer monetary policy shock of one standard deviation.

t.28 A one-standard-deviation

interest rate increases by around 1.5 percentage points on impac
Romer—Romer shock raises the interest rate by 1 percentage point on impact, with a peak response
of approximately 1.9 percentage points in the second year. Importantly, the shape of these two
impulse responses is relatively similar, which, as I discuss in Subsection 1.5.3, indicates that
the loss of precision in applying the decomposition without access to news shocks should be
relatively small.

In order to implement the ex-post decomposition, I employ the estimated dynamic
response to the Romer-Romer monetary shock to compute up to H = 4 counterfactual monetary
surprises that replicate the interest rate response to the defense spending shock. Figure 1.6A
displays the resulting sequence of shocks, denoted é.

For the ex-ante decomposition, I only use a single counterfactual shock &° that hits

the economy at 4 = 0 and propagates according to dj. This involves solving the minimization

problem (1.79) to find the size of the Romer—Romer shock that best replicates the path of the

28The response to a one standard deviation increase in Gf is of approximately 0.42 percentage points.
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interest rate following the defense shock. Setting F = 0, the minimization problem becomes:

H
~0 _ . A s 2
e’ = argrenelﬁhz(:)(vh danpe)”, (1.79)

where dpo = dy, are the estimated responses to a Romer-Romer shock. I find that a Romer-Romer
shock of &° = 1.98 standard deviations minimizes (1.79). Figure 1.6B plots the resulting ex-ante
counterfactual path for the interest rate, alongside its estimated response to the defense shock. The

counterfactual path remains within one standard deviation of the target response at all horizons.

—8— Defense Shock
6 %~ Counterfactual path

Percentage Points

Counterfactual Shocks (Std. Dev.)

1 2 3 4
1 2 . 3 4 Horizon
Horizon

(A) Ex-post Counterfactual R Shocks. (B) Ex-ante Counterfactual Path of R.
Figure 1.6. Time Series Step - Counterfactual Computations.
Note: Panel (A) shows the sequence of estimated counterfactual monetary shocks for the ex-post
decomposition. The units are standard deviations of Romer-Romer monetary shocks. Panel (B) shows the

counterfactual path for R implemented by the ex-ante decomposition with € = 1.98. Defense Shock is the estimated
response of the interest rate to the defense shock with its corresponding 68% and 90% confidence bands.

1.4.3 Cross-sectional Step

I jointly estimate the cross-sectional responses to defense spending shocks and interest

rate shocks using the following reduced-form specification:
YE, = bpXsigGE +ch X sigRR; + Aip + Ay + Controls + ejr4,, (1.80)

where RR; is the series of Romer and Romer (2004) monetary shocks and Gtc is the one-year

change in aggregate defense contracts. I include the same set of controls as in the TWFE
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specification. The coefficient c;, captures the differential response of cumulative output to a
one standard deviation in the monetary shock for the region with exposure equal to the national
average. I separately estimate the first-stage regression for local government spending using:

GC

€ o= 00X 5igGE + i+ Ay + Controls + e, (1.81)

where 6, captures the first-stage coefficient at horizon /4. I add as controls all variables included
in the reduced form specification (1.80). I proceed in two steps to align the units from the
time-series and cross-sectional reduced-form estimates.

Figure 1.7 shows the percentage response of local output to a monetary shock of
one standard deviation, evaluated at s;, = 1. The estimated differential response is positive
and significant at all horizons, consistent with the findings in the HEDGE test above. The
corresponding two-stage least squares responses to the defense shock, bj,/8}, are nearly identical

to the TWFE estimates and are therefore relegated to Figure A.15 in Appendix A.3.2.%°

Years

Figure 1.7. Response of Y; to RR;, Conditional on s;,.

Note: Shaded area represents 68% (darker) and 90% (lighter) confidence bands. Standard errors are
computed as described in Appendix A.1.7 with time-level clustering for panel moment conditions. The solid line
shows the cumulative percentage response of local output to a one standard deviation Romer-Romer shock, evaluated
at 5;¢ = 1. The specification controls for lagged output growth.

These estimates may differ from BIW if there is in-sample correlation between the Romer-Romer shock and any
of the other regressors included in the specification.
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1.4.4 Portable Multiplier Estimate

Lastly, I combine the results of the previous two steps to construct estimates for the

portable cross-sectional multiplier up to H = 4. Formally, ,@5 is given by:

0

A b= X0 Gk X Ersrk b,—¢,xe
P k=0 - = A ChEE (1.82)

_ BP
h,Expost — A ’ h,Exante —
On

D[

h

where &, 4 is the ex-post monetary surprise in period ¢ + k and &" is the period zero monetary
shock. Dividing by the first stage coeflicient expresses results in terms of changes to local
government spending as is usual in this literature. Figure 1.8 shows the results for each version
of the decomposition and for the TWFE specification.® The control function approach, shown
for completeness, delivers estimates that are virtually identical to those of the TWFE strategy.
The portable multiplier is below the TWFE multiplier at all horizons for both versions. This is
for two reasons. First, it reflects the fact that ¢;, > 0 which means that US states that are more
exposed to defense spending also react less to changes in interest rates. Second, the interest rate
is estimated to increase in response to a defense spending shock. Together, both forces push
the cross-sectional multipliers estimated using the TWFE strategy above the estimated portable
multipliers. For example, at the two-year horizon, the TWFE multiplier is 1.5 while the estimated
portable multiplier is 1.

Lastly, Figure 1.9 shows the estimated HEDGE terms for each version of the decomposition

expressed in the same units as the cross-sectional multiplier:

A

-Q'h,Exante

O

Qh,Exposl

— , (1.83)
On

Qh,Expost = s Qh,Exam‘e =

where ), are the first stage coefficients from (1.81). The estimated HEDGE terms are statistically
different from zero at the 90% level for 4 > 1 for both versions of the decomposition. For

comparison, Figure A.17 reports results clustering at the unit-level.

30See Figure A.16 for unit-level clustering.
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Standard TWFE Expost Decomposition Exante Decomposition

40 =%~ Control Function 4.0 40
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Figure 1.8. Decomposition Results for the US Cross-Sectional Multiplier.

Note: Shaded area represents 68% (darker) and 90% (lighter) confidence bands. Standard errors are
computed as described in Appendix A.1.7 with time-level clustering for panel moment conditions. Point estimates
show the cumulative percentage change in local output when local defense spending increases by 1% of local output.
Ex-post Decomposition shows results for the decomposition outlined in Subsection 1.3.2. Ex-ante Decomposition
shows results for the decomposition outlined in Subsection 1.3.3 using a single shock. The blue dotted line shows
the results from the control function approach.

dEXPOSt dgxante
1.2 1 1.2 1
1.0 1.0
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a
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0.2 1 0.2 1
0.0 0.0
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Figure 1.9. Decomposition Results - Estimated HEDGE Terms.
Note: The plot shows the point estimate and confidence bands for Qh, Expos: on the left-hand side and for

Qh, Exante ON the right-hand side. Standard errors are computed as described in Appendix A.1.7 with time-level
clustering for panel moment conditions.

Robustness
Appendix A.3.2 presents results from a series of robustness checks. First, Figure A.16 and

Figure A.17 report the baseline specification using unit-level clustering for panel moments instead
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of time-level clustering. As expected, this choice yields narrower confidence bands. Second,
I show that results are robust to using the real Federal Funds rate instead of the nominal rate.
Figure A.19 shows that the point estimates for the portable multiplier remain largely unchanged,
although the ex-post decomposition becomes noisier. Third, Figure A.20 shows that the results
are robust to using the period average value of s;¢, instead of the average of 1966-1970. Fourth I
present results using two alternative sets of controls in the cross-sectional regressions: (i) no
controls, (ii) baseline plus lagged shock(s). Figure A.21 shows results when no controls are
included - in line with the baseline choices of, for example, Nakamura and Steinsson (2014);
Dupor and Guerrero (2017); Auerbach et al. (2020). This choice results in significantly larger
estimates of the cross-sectional fiscal multiplier relative to my baseline specification, which
controls for lagged output growth. The fact that controlling for lagged output dampens the
cross-sectional multiplier was first noted by Ramey (2020). Overall, both the TWFE and portable
multipliers shift up, yet the magnitude of the estimated HEDGE term remains stable. Figure
A.22 corresponds to the baseline specification augmented by adding lags of the corresponding
aggregate shocks, interacted with s;,. Adding lagged shocks further shifts downward both the
TWEFE and portable estimated multipliers, in particular, both drop below 1 at the two-year horizon.
However, the estimated HEDGE term is of the same magnitude as in the baseline specification,
albeit much less precisely estimated. Fifth, I present the results for seven alternative control
choices detailed in Table A.8. Figure A.23A plots the baseline estimate for the TWFE alongside
each of the seven alternatives. Figures A.23B and A.23C repeat this exercise for the ex-ante
portable multiplier and the HEDGE term, respectively. Across specifications, the estimated

HEDGE terms fall within one-standard deviation of the baseline estimates.

Recap
This section revisits the estimation of cross-sectional fiscal multipliers using state-level
data for the US between 1969-2007. I show that taking into account the heterogeneous effects of

monetary policy across US states matters for the estimation of cross-sectional fiscal multipliers.
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In particular, I estimate a portable multiplier that is meaningfully lower than baseline TWFE
estimates. This finding underscores the limitations of relying solely on time fixed effects to

difference-out GE effects, in particular, those operating through systematic monetary responses.

1.5 Model

This section develops a theoretical counterpart to the empirical decomposition of Section
1.4 using a two-region New Keynesian environment. The model provides a structural interpretation
of the empirical objects by expressing the TWFE cross-sectional multiplie—denoted by .Z¢cs—
the HEDGE term Q, and the portable multiplie—denoted by .Z g ¢—in terms of model-implied
responses to a fiscal policy shock. I use the model to decompose .Z¢g into three channels:
substitution between regional goods; intertemporal substitution driven by regional inflation
differentials; and the HEDGE channel, which arises when regions differ in their responsiveness to
aggregate real interest rate movements. The HEDGE term enters as a residual general-equilibrium
force that moves the model-analogue of the TWFE multiplier away from its portable counterpart.

Next, I show that HEDGE can cause cross-sectional multipliers to vary widely across
monetary regimes, sometimes in directions opposite to those of the aggregate multiplier. This
challenges the common interpretation of .#Z¢g, the TWFE cross-sectional multiplier, as partial
equilibrium objects, a view often justified by the inclusion of time fixed effects. Crucially,
when regions differ in their exposure to general-equilibrium forces, .#¢s reflects not only direct
policy effects, but also heterogeneous responses to GE adjustments. As a result, the property
highlighted in prior work (Chodorow-Reich, 2019; Dupor et al., 2023) that cross-sectional
multipliers can serve as upper or lower bounds on the aggregate multiplier, depending on the
monetary environment, is no longer guaranteed when HEDGE is present and not taken into
account. In contrast, the portable multiplier .# g ¢ - for which this paper provides an identification
strategy - retains several key properties: GE invariance, validity as a bound on the aggregate

multiplier, and usefulness for model comparison.
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Finally, I treat the two-region New Keynesian model as a useful approximation to the
empirical environment and ask: which observable data moments best predict the precision loss
in estimating the HEDGE term under limited information? The model reveals that a sufficient
statistic, the cumulative discrepancy between the realized and counterfactual path of R, is highly
informative about the estimation error in the HEDGE term. I then calibrate the model to match
the empirical value of this moment. This allows me to evaluate how the decomposition performs
in a data-generating process that mirrors the empirical setting in Section 1.4. The results suggest
that, conditional on the model environment, the method delivers accurate estimates of the portable

multiplier even in the presence of strong forward-looking dynamics.

Environment

I now present a general model structure, beginning with its sequence-space representation
and structural blocks. The derivations follow McKay and Wolf (2023); Wolf (2023a), and the
two—region31 model is based on Nakamura and Steinsson (2014). The economy consists of two
regions and is characterized by a set of n; X 2 endogenous regional variables {K;} and a set of n,,
endogenous aggregate variables {W,}. There are two structural aggregate shocks s € {w,w,}
that represent changes in aggregate variables wi,, wy, € W;. The time path of a shock s is denoted
by &, and € = (&y,,,&w,) denotes the full path of the shock. Each entry j in & corresponds
to an innovation in wy, that is announced at time ¢ = 0 and implemented at time # = j.32 Let
dx = {x;};2, denote the perfect-foresight path of a variable x, and let dx|; be the corresponding

path conditional on the shock sequence &. The regional block of the model is characterized by

HidK+H,,dW =0, (1.84)

3IThe framework can be generalized to arbitrary N regions.
32For example, if ; is the vector of innovations to the nominal interest rate, then the first entry captures a
contemporaneous surprise, while the second represents news received at ¢ = 0 about a change in the rate at 7 = 1.
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where the vector dK collects the time paths of k, € K; and similarly for dW. The matrices Hj
and H,, condense the relationships that characterize the regional block.?® The aggregate block is

characterized by
ArdK+ A, dW+ A =0. (1.85)

The above formulation assumes that the structural shocks only affect the regional block through
their effect on the set of aggregate variables W,. This assumption is important because it ensures
that these shocks serve as valid instruments for the observed realizations of the policy or aggregate
variables.

I denote by H? the partial equilibrium Jacobian of z with respect to x. This matrix maps
changes in the time-path of variable x to changes in variable z, holding all else equal. Each
column j of this matrix gives the path of z in response to a one-unit innovation to x announced
at t = 0 and implemented at # = j. The general equilibrium Jacobian of z with respect to the
structural shock &, is denoted by Jiwl. Each column j of this matrix contains the general
equilibrium response of an endogenous variable z to a change in w; announced in period ¢ = 0

and implemented in period ¢ = j.

1.5.1 Anatomy of the NK Cross-sectional Fiscal Multiplier

I use these objects to characterize the determinants of the cross-sectional fiscal multiplier
in a standard two-region New Keynesian model. I take as a baseline the model in Nakamura and
Steinsson (2014) and extend it to allow regional heterogeneity in household responses to the real
interest rate. While the full model features both Ricardian and hand-to-mouth households, the
derivations below assume a representative household in each region for tractability. The main
features of the model are summarized here, with full details presented in the Appendix A.4.

The economy consists of two regions of equal size n, denoted H (Home) and F (Foreign).

31 omit regional shocks and unobserved variables for notational simplicity but the environment can be generalized
to accommodate those features.
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In each region, a representative household has separable preferences over labor and consumption
and CES preferences over domestically and foreign-produced goods, each of which is itself a
CES aggregate of locally produced varieties. Financial markets are complete, which implies
perfect risk sharing across regions.

The federal government purchases domestic and foreign varieties using the same CES
demand structure of households. Aggregate government spending is subject to an idiosyncratic
shock &, that increases spending heterogeneously across space: each additional dollar of spending
increases purchases of the Home (Foreign) good by sy X n (sg X n) dollars. The government
levies lump sum taxes to ensure the budget balances in each period.

On the supply side, local firms produce differentiated varieties using local labor as the
sole input. Firms compete monopolistically and set prices a la Calvo, giving rise to two regional
New Keynesian Phillips curves. Lastly, the nominal interest rate is set by a monetary authority
and is subject to an idiosyncratic shock &;.

Aggregate government spending, G, follows an exogenous process governed by:
dG = [AS] e, (1.86)

where Ag allows for a general auto-regressive structure. This implies the following process for

regional government consumption g,:

dg, = Hg dG
(1.87)
=s5,dG Vr=HF.

The scalar s, captures the exposure of the region r to aggregate government purchases.

The nominal interest rate is set according to the following inertial Taylor rule:

di=AldY + A]'dII + AT g, (1.88)
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where Y and II denote aggregate output and national inflation, respectively (i.e., the weighted
sum of the corresponding regional counterparts). Total consumption in region r is determined by

the Euler equation:
de,=H, dr+H!dq VYV r=H,F. (1.89)

Consumption depends on the path of the national real interest rate, r € W, and the real
exchange rate, ¢ € K, which captures regional inflation differentials. The real exchange rate
reflects the gap between the national and local real rates induced by differences in regional CPI
inflation.

The path of local output can be expressed as a function of regional demand, regional

government purchases, and relative prices across regions.
dY,=H"dcy+H dcp+H5 dg, +H dg ¥ r=H.,F. (1.90)

The first two terms on the right-hand side capture the effects of changes in regional
consumption demand. The third term captures the effect of regional government purchases on
local output. The last term measures the effect of changes in ¢, the real exchange rate between
regions.

Let &, denote a time path of structural shocks such that £, = [1,0,..0] and &; = 0. In
other words, there is a contemporaneous one-time increase in &, that propagates according to
(1.86) and no further shocks hit the economy. We want to compute the cross-sectional output

multiplier, .Zcg, in response to &g:

Mes = _ . (1.91)

where division between vectors is understood element-wise across horizons. Since dg, = s,dG,
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we have:
dgy—dgr = (su—sr)dG, (1.92)

which yields

B dyHleg _dyFlsg
(SH—SF) dG|8g ’

Mcs (1.93)

where .Z¢s measures the relative change in local output per unit of differential government
spending between regions after an aggregate fiscal shock.>* Substituting in the structural
expressions for local output and consumption yields a decomposition into three components: two

relative price effects and one interest rate sensitivity term.

1 r r
Mcs =dl+ (s —s7) dG|8 (®15+®Eg)dq|8g+19[HCH—HCF]dr|8g , (1.94)
s

where d1 is a vector of ones with the same dimension as dG. In this model, the cross-sectional
fiscal multiplier can deviate from unity through three channels.?

First, an expenditure switching channel, which captures how households reallocate
consumption between Home and Foreign goods in response to changes in relative prices. Its
strength is governed by ®fg, a function of the elasticity of substitution across Home and Foreign
goods and the degree of home bias in preferences. A positive fiscal shock raises the relative price
of goods produced in the more exposed region, leading households to substitute toward the less
exposed region. This substitution dampens the local output response, reducing the multiplier.

The second is a relative intertemporal substitution channel that reflects the effect of

differences in local real rates on consumption. These differences arise due to heterogeneous

34Without loss of generality, the above formula can be modified to compute either cumulative multipliers or
multipliers relative to the change in government purchases on impact.

35In the full model, the presence of hand-to-mouth households adds an additional Keynesian channel that,
generally, amplifies the cross-sectional multiplier.
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consumption baskets across regions - for example, from home-biased preferences - which cause
region-specific CPI inflation responses. This channel operates through movements in the real
exchange rate and its strength is governed by ®;5. Under home bias, the relative intertemporal
channel also has a negative effect on the size of the multiplier. The fiscal shock generates expected
relative disinflation in the more exposed region, raising its relative real interest rate and lowering
its relative consumption.?® Like the ES channel, this channel tends to reduce the multiplier.

The third channel, which I refer to as the HEDGE channel, also operates through
intertemporal substitution but captures differences in sensitivity to the national real rate between
regions. This channel is non-zero only when regions differ in their interest rate sensitivity. For
example, with CRRA utility and separable preferences, this would be the case with region-specific
intertemporal elasticities of substitution (IES). Its strength is governed by two components: (i)
1}, a function of the degree of home bias in preferences; and (ii) the heterogeneity in real rate
sensitivity. Unlike the other two channels, HEDGE can amplify or dampen the cross-sectional
multiplier, depending on the direction of the real rate movement and the correlation between
exposure to fiscal policy and interest rate sensitivity.

The portable multiplier is defined as the TWFE cross-sectional multiplier net of the
HEDGE channel:

I[H], ~H' ]| drps,
(s—sr) dGis,

MEg = Mcs — (1.95)

HEDGE Channel

This mirrors the decomposition in equation (1.2) and identifies the model-based analogue to the
empirical HEDGE term, Q,, and to the portable elasticity, ,85 . The first term in the HEDGE

channel captures the relative sensitivity to the real rate, normalized by fiscal exposure. The

360n impact, the spending shock increases relative producer price inflation for the exposed region. Regional
convergence requires that this initial difference in inflation rates across regions be compensated for by expected
relative disinflation in the future. That is, there is a decrease in expected future producer price inflation in the exposed
region relative to the less exposed region. With home bias, this translates into a decrease in expected consumer price
inflation for the exposed region because its consumption basket is loads more heavily on its locally produced good.
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second captures the general equilibrium response of the real rate to government spending shocks.

To compute the model analogue of the empirical HEDGE term €, Iisolate the contribution
of the real interest rate channel to the differential in cross-regional output dy ge, — dy ple,- I ask:
What portion of the differential would arise if the only effect of the fiscal shock were the general
equilibrium path of the real rate, holding all other channels constant? To answer this, I construct
a counterfactual sequence of monetary policy shocks that reproduces the real rate path dr|g,
induced by the original fiscal shock. This allows me to simulate the output effects of the HEDGE
channel in isolation and recover the model-implied path of Q.

Under the assumption that structural shocks affect regional outcomes only through their
impact on aggregate variables, the HEDGE term can be computed using the general equilibrium
response of local output to a time-path of monetary innovations &; that replicates dr|g,. Letting
G;' denote the general equilibrium Jacobian of the real rate with respect to the monetary shock

i, I compute the following:
& =[G: dr,,, (1.96)

where &; is the vector of contemporaneous and news shocks that implements the desired real rate

path. Given this sequence, the region-specific output responses are:
dy. s, =Gy'& Vr=H,F. (1.97)

The implied model counterpart to £y, is given by:

_ dynis, —dYrls
(SH_SF)dGlsg,

(1.98)

where Q = {Qh}fzo denotes the vector of model-implied HEDGE terms across horizons.

Subtracting this vector from the TWFE multiplier .#cs yields .# %

- the model-analogue of the

portable cross-sectional multiplier.
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1.5.2 Pitfalls of Failing to Control for HEDGE

The previous discussion highlighted how the HEDGE channel may dampen or amplify the
cross-sectional fiscal multiplier relative to a counterfactual economy where regions are equally
responsive to interest rate changes. In this section, I use the model to study the implications of
failing to control for HEDGE on (i) the dispersion of cross-sectional fiscal multipliers and on (ii)
their relation to the aggregate fiscal multiplier - denoted by .#4.

The first point relates to the monetary policy invariance that has been attributed to the
available estimates of the cross-sectional multiplier. In HEDGE economies, the New Keynesian
model can generate cross-sectional fiscal multipliers .#¢g, which are just as dispersed as the
aggregate multipliers.

The exercise is as follows. Consider three different monetary policy rules that have
different implications for the covariance between government spending shocks and real interest
rates. These are the same three rules studied by Nakamura and Steinsson (2014). In the first
case, the monetary authority follows an inertial Taylor rule with a weight on inflation of ¢, =
1.5 and on the output gap of ¢, = .1. This monetary rule implies an aggressive response to the
inflationary pressures that follow a government spending shock. For the second case, I assume
that the monetary authority keeps the national real rate fixed at its steady-state level in response
to government spending shocks (i.e. i; — E; [Hffig ] = rgs = iss). In the third case, the monetary
authority keeps the nominal interest rate fixed at its steady-state level in response to government
spending shocks (i.e. i; = isg). This last scenario is akin to an economy that hits the Zero Lower
Bound (ZLB).

In addition, I consider two scenarios for the covariance between exposure to government
spending shocks and to interest rate changes. In both cases, the shock is to £, but the difference
comes from how the aggregate shock loads in each region. I refer to the case where the more
interest rate sensitive region is more exposed to government spending as high IES, and to the

reverse case as low IES. Essentially, I solve the model for each combination of monetary rule
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and spending shock structure to compute the corresponding cross-sectional and aggregate fiscal
multipliers. The calibration is the one used for the DSGE Monte Carlo exercise in Subsection

1.3.3, detailed in Table A.9.

Table 1.2. Fiscal Multipliers & Monetary Policy with HEDGE.

Government Spending Shock

Monetary Rules High IES Low IES
Taylor Rule

Portable Cross Sectional Multiplier - . gs .95 .95
TWEE Cross Sectional Multiplier - .#Z¢g .6 1.3
Aggregate Multiplier - .#4 .64 .64
Fixed Nominal Rate

Portable Cross Sectional Multiplier - .# gs .95 .95
TWEFE Cross Sectional Multiplier - .#¢s 1.07 .82
Aggregate Multiplier - .#4 1.12 1.14
Fixed Real Rate

Portable Cross Sectional Multiplier - .# gs .95 .95
TWEFE Cross Sectional Multiplier - .#s .95 95
Aggregate Multiplier - .#4 1 1

Note: The table shows one year multipliers for alternative monetary rules and cross-sectional loadings of
the government spending shock.

Table 1.2 presents the model-analogues of the TWFE and portable cross-sectional
multipliers, as well as the aggregate multiplier for each scenario. The portable cross-sectional
multiplier is, by definition, invariant to monetary policy and to the structure of the government
spending shock. However, the TWFE cross-sectional multiplier depends on both the monetary
response and on which region is more exposed to the spending shock. These multipliers range
between .6 and 1.3, whereas the aggregate multiplier, which also depends on the monetary rule,
ranges between .64 and 1.14. This exercise illustrates that HEDGE can introduce substantial
variability in cross-sectional multipliers depending on the direction of GE responses and the
correlation between cross-sectional exposures.

The results in Table 1.2 also show how general equilibrium forces that attenuate the

aggregate effect of a fiscal shock, like the aggressive monetary response implied by the Taylor
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rule case, can actually increase the estimated cross-sectional effect, conditional on the structure
of the government spending shock. For example, a researcher studying the effect of a government
spending shock tilted to the low IES region in a ZLLB environment would estimate a smaller
cross-sectional multiplier than a researcher doing so under normal monetary policy. The opposite
is true with a shock tilted to the high IES region. The counterintuitive and context-specific way
in which HEDGE affects cross-sectional estimates brings us to the second point of this section.
Namely, how informative are TWFE cross-sectional estimates of the aggregate fiscal multiplier?

Previous work has argued that under conventional monetary policy, such as a Taylor
rule that responds aggressively to inflation, the cross-sectional multiplier is likely to serve as an
upper bound on the aggregate multiplier. The reason is that TWFE cross-sectional estimators
do not include the contractionary effects of monetary tightening, which typically dominate the
dampening effects of expenditure switching or relative intertemporal substitution. Conversely, at
the ZLB, monetary policy is unresponsive, so cross-sectional estimates tend to understate the
aggregate effects, acting as a lower bound. Table 1.2 shows that these conclusions may no longer
hold once HEDGE is present and is not accounted for. In particular, changes in the bias of the
government spending shock or the differential interest rate sensitivities across regions can flip
these bounding relationships in either direction.

This highlights a key point: When general equilibrium responses to monetary policy
contaminate cross-sectional estimates, the sign and magnitude of the resulting bias become
context-specific. As a result, TWFE cross-sectional multipliers cannot be reliably interpreted
as bounds on aggregate effects. In contrast, the portable multiplier ./, g ¢» Which I show how to
identify empirically, retains its validity to bound the aggregate fiscal multiplier regardless of the

monetary policy regime.

1.5.3 Performance of the Decomposition with Limited Information

In general, access to news shocks is limited. For this reason, I use the model to propose a

series of data moments that can be used to assess the performance of the framework in settings
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with limited access to news shocks. In particular, I simulate data from the model to study how
the method performs in relation to the following two questions: 1) How close is the estimated
HEDGE term to its theoretical value?; 2) Are the estimated portable elasticities an upper or lower
bound for the theoretical portable elasticities? Throughout the exposition, I consider a researcher

who applies the ex-ante decomposition using a single date zero innovation in the GE variable.

How close is the estimated HEDGE term to its theoretical value?

I measure the overall discrepancy between the estimated and true HEDGE term as follows.

Q Q
-1 t+h — t+h
Do=H Z o (1.99)

Dg measures the average percent deviation between the estimated and true HEDGE term up to
horizon H. I express it as a percent to facilitate comparison across calibrations with HEDGE
terms of different size.

A sufficient statistic for the overall performance of the decomposition is the difference
between the integral of the path for the GE variable in response to the shock of interest and the

integral of its counterfactual path using a single date zero shock, namely:

DR_ZRgh—Zg,,OR,,h. (1.100)

h=0

where &, is the size of the counterfactual shock that solves the least squares projection in
Proposition 1.2. The intuition behind this result is straightforward: the better we enforce the
deviation in R from its pre-shock value, the closer the estimation is to the true HEDGE term.
Figure 1.10A plots Dy against D, for different model calibrations. These calibrations differ only
on the assumed persistence for the shock processes. The calibration associated with a smaller

Dp yields a better overall performance as measured by Dg.
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Figure 1.10. Performance with Limited Information.

Note: The x-axis measures the cumulative differential between the path of R after the shock of interest and
the counterfactual implied from a decomposition using only a single date zero shock. The y-axis shows the average
(across time) difference between the true model-implied HEDGE term and its estimated value. Positive values on
the y-axis imply that on average the estimated HEDGE term is smaller than the true value. Panel (A) plots results

for a model without discounting in the Euler equation. Panel (B) plots results for models with different degrees of
discounting in the Euler Equation. A higher value (e.g. yellow dots) implies stronger forward-looking dynamics.

Are the estimated portable elasticities an upper or lower bound?

Figure 1.10A shows that the sign of Dy is informative about whether the estimated
HEDGE term understates or overstates the true HEDGE term. In particular, when Dg is positive
and the deviations of R from the pre-shock values are smaller under the counterfactual than
the realized path, then ﬂ, on average, underestimates the true €. The reverse is true when Dg
is negative. The intuition behind this result is that using a counterfactual path that does not
perturb the economy enough leads to an underestimation of the HEDGE term. In such a case, the
estimated portable elasticity is an upper bound for the true portable elasticity, in absolute terms.

The preceding discussion evaluated performance taking as given the strength of forward-
looking dynamics in the economy. Next, I repeat this exercise using simulated data from

economies with different degrees of forward-looking forces. I extend the baseline model to allow
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Table 1.3. Calibration - Matching Dy in the Model and Data.

Parameter Description Value Target
n Size of Home Region 5 Equal sized regions
s Exposure of region j = H, F to g, 8,1.2 g, tilted towards Foreign region
o Average IES 1 Nakamura and Steinsson (2014)
oH Home IES 1.2 Home relatively more i sensitive
oF Foreign IES 8 Foreign relatively less 7 sensitive
Ay Share of Hand-to-mouth 2 Common across regions
Ps; Persistence of Monetary Policy Shock .75 Set to match Dg

Note: This table corresponds to the calibration used in Subsection 1.5.4. It details the calibration for
parameter values that are either new to the model or that differ from Nakamura and Steinsson (2014). The remaining
parameters are detailed in Table A.9.

for a discount term, « € (0, 1], in the Euler equation (McKay et al., 2017, 2016). The lower a,
the more muted the effect of expected future consumption on current consumption decisions -
with @ = 1 in the baseline model. Figure 1.10B shows the simulation results for the same set of
calibrations as Figure 1.10A but considering different values for «. First, the two data moments
discussed above apply equally well regardless of the strength of forward-looking forces. Second,
the plot shows that given a value for Dg, the cost of using limited information decreases as
forward-looking forces become less important.

In summary, the previous analysis shows how data moments that are easy to compute can

be used to inform the performance of the method, given the modeling assumptions.

1.5.4 Empirical Results Through the Lens of the Model

I take advantage of the mapping between the model and the estimation framework to
evaluate the precision of my empirical findings from Section 1.4. Concretely, I calibrate the
model to match the empirical value of Dg in order to answer: How well does the decomposition
with a single shock perform in this model economy?

To perform the model-based decomposition, I extend the two-region RANK model of

Nakamura and Steinsson (2014) to a two-region economy with two types of households: Ricardian
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and hand-to-mouth (H2M). The environment thus combines the key features of Nakamura and
Steinsson (2014) with the two-region TANK model of Herrefio and Pedemonte (2025), who
analyze heterogeneous regional responses to monetary policy in a setting without fiscal shocks. I
assume an equal share of hand-to-mouth households across regions. These households play a
key role in disciplining the level of the portable multiplier, which I target to be around one at year
two, consistent with the empirical estimates in Section 1.4.

To generate cross-regional heterogeneity in the sensitivity to monetary policy, I introduce
region-specific intertemporal elasticities of substitution for Ricardian households. This allows
the model to replicate the observed variation in interest rate sensitivity and its correlation with
fiscal exposure. In this calibration, the gap between the TWFE and portable cross-sectional
multipliers, i.e., the HEDGE term, is driven by the combination of the real rate response to the
fiscal shock and the heterogeneity in Ricardians’ IES across regions.

In the following, I outline the rest of the calibration details. Most of the parameters are
set to their values in Nakamura and Steinsson (2014). These parameters are detailed in Table
A.9 in Appendix A.4. Table 1.3 summarizes the parameters that differ from those in Nakamura
and Steinsson (2014) or are newly introduced in my extended model. I consider equally sized
regions such that n = .5. These equally sized regions are heterogeneously exposed to national
government spending shocks instead of region-specific government spending shocks. This means
that when government spending increases, it increases everywhere but with different intensities
across space, in line with the time-series variation used in Section 1.4. I set the exposure
shifters to national government spending shocks to sy = .8 and sg = 1.2. Therefore, government
spending shocks are biased towards the Foreign region as sy > sy. These parameters have no
direct counterpart in Nakamura and Steinsson (2014) because the authors use region-specific
government spending shocks.>” To generate differential sensitivities to interest rate changes,

I allow Ricardian households to have region-specific IES. I set the average IES for Ricardian

37 Alternatively, one can think of region-specific shocks as setting s; = 1 and s;- = 0. In addition, this parameter
becomes irrelevant for homogeneous regions, and the only requirement for identification of the cross-sectional
multiplier is sy # SF.
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households equal to 1 as in Nakamura and Steinsson (2014) and the region-specific IES to
oy = 1.2 and o = .8. The Home region is relatively more sensitive to changes in the interest rate.
This calibration reproduces the correlation between the sensitivities to fiscal and monetary policy
shocks found in Section 1.4. This exercise targets the sign of the correlation between fiscal and
monetary sensitivity rather than the dynamic path of cross-sectional interest rate responses, a task
that I leave for future work. Lastly, the share of hand-to-mouth households is set at 4, = .2 for
both regions to target the level of the portable multiplier close to unity on the two-year horizon.

Crucial for this exercise are the parameters that govern the response of the real rate
to government spending and monetary policy shocks. To minimize my departure from the
calibration in Nakamura and Steinsson (2014), I match Dg by choosing the persistence for the
monetary policy shock, leaving the process for government spending unchanged. This requires

the monetary policy shock to follow an AR(1) with persistence p., = .75. Formally,

iy = pitr—1 + (1= p) [iss + @2 11758 + ¢, V58] + uyy, Uit = Pe;Uir—1 + iy (1.101)

The nominal interest rate follows an Taylor rule subject to an AR(1) shock, and national
government spending follows an exogenous AR(1) process, as in Nakamura and Steinsson (2014).

Next, I simulate data from the model and apply the decomposition framework assuming
that only a contemporaneous interest rate shock is available. Figure 1.11 displays the results.
The left panel plots the cumulative fiscal multipliers across horizons, comparing the true model-
implied portable multiplier (black dotted line) with several alternative estimators. Both the TWFE
estimator and the control function approach exhibit upward bias relative to the true portable
multiplier, driven by the positive HEDGE term. In contrast, estimates obtained by applying either
the ex post decomposition or the ex ante decomposition with a single shock correct for most of
the omitted variable bias, bringing estimated multipliers much closer to the true portable effect.

Importantly, both versions of the decomposition perform well even in a setting with

strong forward-looking dynamics (McKay et al., 2016; Del Negro et al., 2023). This is consistent
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with the findings of the previous subsection, which showed that a small Dg - that is, a small
discrepancy between the realized and counterfactual path of R -implies a limited precision loss
under restricted information.

Figure 1.11B zooms in on the year-two multiplier and quantifies the extent to which each
method corrects for the HEDGE term. While the TWFE and control function estimators overstate
the true portable multiplier by approximately 0.5 points, the decomposition-based estimators
align much more closely with the model-implied benchmark. In particular, allowing for additional
news shocks to the monetary policy rule (F' =2 or F =4) yields only modest improvements
relative to the single-shock decomposition. This highlights that when the counterfactual path
of R can be closely approximated, even with limited instruments, the decomposition method
delivers accurate estimates of the portable elasticities.
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Figure 1.11. Decomposition Results using Model Simulated Data.
Note: Panel (A) shows the estimates of the cross-sectional fiscal multipliers for different estimation

strategies, together with the true model implied values. Panel (B) zooms in at the 2-year horizon multipliers shown
in the left panel. Results are based on 100 repetitions.

1.6 Conclusion

This paper addresses the identification challenge that arises in cross-sectional empirical

strategies when units’ exposure to multiple aggregate variables is driven by common exposure
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shifters. In such scenarios, the typical empirical design that relies on cross-sectional variation
in exposure combined with time fixed effects fails to separately identify portable or partial
equilibrium effects from general equilibrium driven responses. This challenges the portability of
these estimated elasticities, limiting their external validity and their usefulness for policy analysis.

To overcome this problem, I introduce a decomposition framework that explicitly separates
portable effects from general equilibrium driven effects by jointly exploiting cross-sectional and
time-series variation. The method clarifies the conditions under which portable statistics can be
consistently estimated and implemented under varying informational assumptions ranging from
static to forward-looking dynamic environments.

Applying this framework to US data, I estimate the cross-sectional fiscal multiplier
and demonstrate that accounting for general equilibrium effects operating through monetary
responses significantly reduces the estimated cross-sectional multiplier. This finding challenges
the conventional assumption in this literature that monetary policy responses are fully absorbed
by time-fixed effects, highlighting the importance of explicitly accounting for monetary-fiscal
interactions when estimating cross-sectional multipliers.

More broadly, the framework can be applied beyond fiscal policy to settings where
cross-sectional estimates may be shaped by general-equilibrium feedback—such as monetary,
trade, or credit-supply shocks. By clarifying how to recover portable elasticities in HEDGE
economies, it provides a foundation for reinterpreting and extending existing work that combines
micro data with aggregate shocks. Future research can use this approach to obtain clean empirical
counterparts of the objects required for model calibration, policy evaluation, and counterfactual

analysis.
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Chapter 2

The Financial Channel of Tax Amnesty
Policies

2.1 Introduction

The size and depth of a country’s financial system are central to fostering innovation,
facilitating international trade, and promoting economic development. However, in many
economies, a substantial share of domestic savings is concealed offshore or held informally
outside the banking system to evade taxes (Alstadseter et al. (2018)). This practice undermines
both public revenue collection and the development of domestic financial markets.! If even
a small portion of this wealth were repatriated, it could generate a sizable inflow of foreign-
currency deposits into domestic banks. Yet little is known about the policies that can trigger
such repatriation and about what would be the real effects of such a sudden increase in banks
foreign-currency liquidity.

One policy that could play this role is a tax amnesty—a temporary program allowing
taxpayers to declare previously untaxed or hidden assets with reduced penalties. Since 2005, more
than 40 countries have implemented a tax amnesty policy. Notable examples - each revealing
assets exceeding $50 billion - include those launched in Brazil (2016), Italy (2009), Argentina

(2016) and Indonesia (2016). Recent literature has primarily focused on the fiscal channel of

! Alstadszter et al. (2018) documents that approximately 10% of global GDP is held in tax havens. This estimate
is likely conservative, as it does not account for cash holdings concealed outside the formal banking system, such as
cash stored at home or in security boxes.
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tax amnesties, examining how asset disclosures affect governments’ ability to raise revenue.
However, one potentially important aspect remains overlooked: the capacity of tax amnesty
policies to expand the economy through the financial system. By channeling hidden assets into
domestic banks, these policies can increase bank liquidity and the supply of bank credit and, in
turn, promote investment and growth of firms in the private sector. We refer to this mechanism
as the financial channel of tax amnesty policies. Despite its potential relevance, particularly in
economies with underdeveloped financial systems, there is currently no evidence documenting
this channel.

This paper studies the effects of large scale asset repatriations in the context of Argentina’s
2016 Tax Amnesty, one of the largest asset disclosure programs in history. The program generated
an influx of savings into domestic banks equivalent to 1.4% of GDP, the vast majority of which
were denominated in US dollars. We exploit the heterogeneous exposure of domestic banks
to these inflows, combined with variation in firm exposure to affected banks, to identify the
response of banks and firms to the amnesty-induced financial shock. We find that more exposed
banks significantly increased their credit supply, leading to improvements in firms’ financial
and real outcomes - particularly in overall bank borrowing, access to dollar credit, imports,
exports, and employment. These results suggest that the gains from tax amnesties through the
financial system can be substantial, especially in shallow credit markets. Moreover, because
the shock shifted the relative supply of dollar- versus peso-denominated credit, we use this
episode to study firms’ currency composition decisions and how these affect their input mix in
the production function. We find evidence of substitution between debt in different currencies
and significant heterogeneity between firms. To quantify the macroeconomic importance, we
develop a small open economy model with heterogeneous firms that finance working capital
through a monopolistically competitive banking sector. In the baseline calibration, the model
implies that the tax amnesty increased GDP by 0.9%.

The Argentinian experience provides an ideal setting for studying the effects of large-scale

capital inflows and the financial channel of tax amnesty policies for several reasons. First,
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the program was remarkably successful, leading to the disclosure of assets equivalent to 21%
of GDP?. The program allowed citizens to declare previously hidden assets in exchange for a
relatively small penalty. Crucially, it offered incentives to repatriate financial assets from foreign
bank accounts to domestic banks. As a result, more than 20% of all disclosed bank holdings were
deposited in Argentine banks, an amount equivalent to 1.4% of GDP3. Second, the vast majority
of repatriated savings were denominated in US dollars. In this respect, the tax amnesty resembled
an unusual episode of reverse capital flight, offering a unique opportunity to study the impact of
foreign currency inflows on the domestic financial system, including changes in bank and firm
financial behavior as well as firms’ participation in international markets. Third, Argentina is a
middle-income economy with a relatively underdeveloped financial system and limited access to
credit markets. At the time of the amnesty, domestic bank credit to the private sector was only
13% of GDP, well below the Latin American average of 40%, making the economy particularly
suited to benefit from an expansion in credit supply.

Studying the financial channel of tax amnesty policies has been challenging because it is
difficult to combine policy variation with comprehensive data. We overcome these challenges by
combining bank-to-firm lending data from the Credit Registry of the Central Bank of Argentina
with firm-level employment data from the tax authority and trade data from customs records.
Our dataset covers the universe of firm-to-bank credit transactions, the currency composition
of firm-level credit, bank balance sheets, and firm-level outcomes. A key feature of our data is
that it identifies the precise amount of dollar deposits each bank received as a result of the tax
amnesty. This level of granularity is rarely available to researchers and is specific to Argentina,
where regulatory mandates required amnesty-related deposits to be made into designated special
bank accounts.

Our empirical analysis is structured around four steps. First, we assess the effectiveness

2This figure includes both real (e.g. residential properties, businesses, vehicles, art, etc.) and financial (e.g. cash,
bank accounts abroad, equity holdings, etc.) assets.

3Cash and bank account holdings accounted for 30% of total disclosed assets, making them the second most
significant asset category. The first asset category in terms of disclosed values was portfolio investments.
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of the tax amnesty policy in inducing citizens to deposit concealed cash holdings in domestic
banks. Second, we analyze how banks responded to the inflow of tax amnesty dollars. Third, we
investigate firm-level borrowing responses as well as the effect of the shock on firms’ currency
choices. Finally, we examine the real effects of the tax amnesty policy, focusing on how it affected
firms’ performance in labor and international markets.

We start by documenting the significant and unprecedented inflow of dollars into the
Argentine banking system due to the tax amnesty. In a two-month window, dollar deposits
in domestic banks increased by 50%, while peso deposits remained largely unaffected by the
policy. Furthermore, we show that there was considerable variation in how tax amnesty dollars
flowed into banks. Banks with a higher proportion of dollar deposits in their liabilities before the
amnesty experienced stronger inflows of dollar funds. Although median bank deposits increased
by 2% of their total private sector deposits, some banks experienced increases over 13%, and
others did not receive additional deposits.

We study the response of bank lending by leveraging this variation in bank exposure to
the tax amnesty. We measure bank-level exposure as the ratio of dollar deposits received during
the tax amnesty to the bank’s total deposits. Importantly, we show that, across exposure levels,
banks were balanced in terms of both observable characteristics and pre-amnesty lending trends.
To identify the effect of the tax amnesty on bank lending, we employ the within-firm approach
popularized by Khwaja and Mian (2008) that leverages variation in exposure across different
banks lending to the same firm. By only exploiting within-firm variation, our estimation strategy
effectively controls for any potential correlation between firm-specific credit demand shocks and
the distribution of bank exposure. We find that bank exposure resulted in a relative increase in
lending. On average, banks in the 75th percentile of exposure granted 11% more credit relative
to those in the 25th percentile. This effect is more pronounced for credit granted to exporters,
which are the firms that typically rely more on dollar-denominated debt.

Next, we study the impact of the tax amnesty on the financial and real performance of

firms. For identification, we leverage the fact that not all firms were equally exposed to the
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increase in credit supply since they were borrowing from different banks before the tax amnesty.
We construct firm-level exposure as a weighted average of bank exposure, where the weights
correspond to the share of debt with each bank prior to the tax amnesty. The intuition is that
there is some rigidity in firm-bank relationships, so a firm is more exposed to the shock if it
is already connected to those banks that receive more dollars. Our identification assumption
is that, in the absence of the tax amnesty, firms connected to high-exposure banks would have
followed a similar trend to firms not connected to them. We provide evidence supporting this
assumption by showing that the pre-trends between more exposed and less exposed firms are not
significantly different prior to the tax amnesty. In addition, we restrict our comparisons to firms
with heterogeneous exposure levels within narrowly defined industries and with the same trade
status. This approach helps to control for potential confounding effects from any post-amnesty
shock that might differentially affect exposed and non-exposed firms due to their preexisting
characteristics.

We first test whether the positive effects observed in the within-firm analysis extend to
the total borrowing of the firms, as it is possible that firms were mainly substituting existing
debt across banks. Our findings provide evidence against such substitution. More exposed firms
experienced greater credit growth compared to less exposed ones. Our estimates are of similar
magnitude to those from the within-firm analysis, which we interpret as evidence of a strong
firm borrowing channel rather than a reallocation of existing borrowing to more exposed banks.
Specifically, we estimate that an average firm in the 75th percentile of exposure experienced a
9.7% increase in credit relative to a firm in the 25th percentile of exposure. Consistent with our
within-firm results, we also find stronger effects among differentially exposed exporters, with the
impact of the tax amnesty being more than twice as large as that observed for the average firm.

Next, we evaluate the performance of the dollar credit market in response to the tax
amnesty shock, which improved the capacity of banks to issue dollar-denominated credit. In
emerging economies, the availability of foreign currency credit, particularly in dollars, matters

for firm performance. Fluctuations in dollar credit availability have been shown to lead to
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reduced firm investment (Kalemli-Ozcan et al. (2016),Elias (2021)), reduced export dynamism
(Paravisini et al. (2015b)), and weaker employment growth (Hardy (2023)). Thus, it is important
to assess how tax amnesties, when they channel foreign-currency savings toward domestic banks,
contribute to smoothing and deepening access to dollar credit. Given that few firms held dollar
debt at the beginning of the sample, our analysis focuses on the extensive margin, examining how
changes in foreign currency funding impact firms’ participation in this credit market. Our results
indicate that firms that were more exposed to the tax amnesty were significantly more likely
to borrow in dollars. Specifically, firms in the 75th percentile of exposure had a 3 percentage
point higher probability of borrowing in dollars compared to those in the 25th percentile. This
represents a 10% increase relative to the unconditional probability of holding dollar debt at the
start of the sample.

We then examine how the tax amnesty influenced the currency composition of firms’
borrowing, shifting our focus from credit growth outcomes to the currency choices made by
borrowing firms. Understanding the ease with which firms can substitute between credit in
different currencies is crucial to assessing the real and aggregate consequences of fluctuations in
dollar credit availability, particularly in emerging economies. We provide a causal estimate of
the elasticity of substitution between peso and dollar debt by leveraging the currency-specific
nature of the shock. We argue that the amnesty created a heterogeneous firm-level shifts in the
relative supply of dollar-denominated loans, offering a promising quasi-experimental setting to
explore this substitution elasticity. We discuss how the institutional regulations of the financial
system are essential for this supply shifter to work as proposed and conduct tests that show no
differential movements in peso lending rates between more and less exposed banks.

We estimate this elasticity of substitution using firm-level exposure to the tax amnesty
as a shifter in the relative cost of debt in different currencies. We find that peso- and dollar-
denominated credit are at least weak substitutes, with differential effects between exporters and
non-exporters. Although understanding the drivers of this heterogeneity is beyond the scope of

our paper, our results suggest a role for differences in productive processes and tasks in shaping
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firms’ debt portfolio decisions. We believe that investigating what shapes this heterogeneity is
a promising research avenue, as it can provide insights into how these differences might affect
aggregate outcomes when dollar credit fluctuates.

Lastly, we examine how easing credit access affects firm behavior across several di-
mensions. Firms with greater exposure to the amnesty shock experienced a relative increase
in total imports, particularly of intermediates and capital goods, highlighting a direct impact
on investment. Exports also rose significantly for more exposed firms relative to less exposed
ones, with those in the lowest export quartile increasing exports by 4% for each percentage
point of exposure. Employment increased by an estimated 2% per percentage point of exposure,
indicating that credit access supports operational expansion and job creation. However, we find
no evidence of a relative change in average wages, suggesting that increased labor demand was
met by a relatively elastic firm-level labor supply. Taken together, these results underscore the
role of credit access in enhancing firm growth, resilience, and market integration.

To interpret the empirical findings and assess their aggregate implications, we develop a
small open economy general equilibrium model with heterogeneous banks and multi-currency
firm financing. The model builds on the framework of Herrefio (2023), extending it to an open
economy environment with multiple financing currencies. As in Herrefo (2023), imperfectly
competitive banks set lending rates and firms finance working capital needs through bank credit.
We enrich this framework by allowing banks to raise funding in multiple currencies and firms
to choose both the bank and the currency of borrowing. The model features banks that set
currency-specific lending rates, where the marginal cost of dollar wholesale funding is decreasing
in the bank’s dollar deposit base. On the firm side, producers use labor and imported intermediate
inputs, and must finance in advance each input’s cost through working capital loans. The currency
composition of financing needs is allowed to differ across inputs. Specifically, guided by the data,
imported inputs are assumed to be more dollar-intensive than wage payments, reflecting that
international transactions are invoiced in dollars and that domestic banking regulations channel

dollar credit toward trade-related activities. This generates a direct link between currency-specific
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deposit shocks and firms’ relative input costs: an inflow of dollar deposits compresses dollar
lending rates, disproportionately reducing the effective cost of imported inputs relative to labor,
and thus reshaping the optimal input mix.

The model delivers a mapping between our empirical reduced-form coefficients and
structural objects, which we exploit for identification and calibration. In particular, we show how
the relative reduced form responses of the dollar share, imports and labor help discipline the
elasticity of substitution between peso and dollar debt. In our preferred calibration, we estimate
aggregate effects of the tax amnesty shock equivalent to 0.9 percent of GDP. This implies a
GDP-to-deposits aggregate elasticity of around .13.

In summary, these results suggest that tax amnesty policies can expand a country’s financial
sector, increase access to credit, and foster firm growth in both domestic and international markets
by incentivizing the flow of private savings into domestic banks. Policymakers gain two key
insights: first, tax amnesty policies have benefits beyond raising government revenue; second,
these policies should be designed to not only encourage asset disclosure, but also actively promote
the deposit of cash holdings into domestic banks. This is important since many tax amnesty
laws stop at disclosure incentives and fail to create channels that direct funds into the domestic
financial system.

More broadly, our results highlight that imperfect substitution between dollar and peso
debt, combined with the differential specialization of currencies in financing different production
inputs, implies that the real effects of capital flow episodes depend critically on the currency
denomination of the shock. When liquidity expansions are dollar-specific the transmission to
production decisions is asymmetric: if international trade financing is more dollar-intensive
than wage-bill financing, a dollar liquidity shock disproportionately reduces the effective cost of

imported inputs relative to labor, tilting firms’ optimal input mix toward imported intermediates.

87



Related Literature

This paper contributes to four strands of the literature. First, the paper relates to recent
literature that studies the consequences of tax amnesties. Previous studies in this literature have
primarily focused on the immediate fiscal impacts of these policies on disclosure of hidden assets
and its effect on government tax revenues and public spending (Londofio-Vélez and Tortarolo,
2022; Langenmayr, 2017; Lejour et al., 2022; Gil et al., 2024). For instance, Londofio-Vélez
and Tortarolo (2022) investigate the fiscal impact of the same policy in Argentina and find that
the tax amnesty led to improved tax compliance, increased government revenue, and expanded
social transfers. Gil et al. (2024) study the importance of deterrence laws and beliefs about
future amnesties on incentivizing asset disclosure. Unlike these previous studies, which focus on
hidden asset declarations and their fiscal effects, our paper is the first to examine the indirect
consequences of the policy through the financial sector and spillovers to firms. We show that
tax amnesties can encourage the deposit of hidden assets into domestic banks, and that banks
more exposed to these inflows expand their credit supply. Consequently, firms connected to these
banks experience improved performance due to enhanced access to credit. Our findings suggest
that tax amnesties have the potential to influence economic growth through their effects on banks
and firms in the private sector, extending beyond their direct impacts on government tax revenues
and spending.

Second, this paper contributes to the literature in macroeconomics that identifies the
economic effects of credit supply shocks by isolating the bank lending channel. Papers in this
strand include Kashyap and Stein (2000); Amiti and Weinstein (2011); Khwaja and Mian (2008);
Schnabl (2012); Federico et al. (2023); Mora (2013); Chodorow-Reich (2014); Herreno (2023);
Paravisini (2008); Villacorta et al. (2023); Paravisini et al. (2015b); Alfaro et al. (2021); Amiti and
Weinstein (2018); Jiménez et al. (2020); Aristizdbal-Ramirez and Posso (2024), among others.
We focus on a relatively underexplored dimension of the bank lending channel: the currency
denomination of credit supply shocks. By exploiting the regulatory framework of Argentina’s

tax amnesty, we identify a shock that expanded dollar liquidity across banks heterogeneously,
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without a corresponding shift in peso funding conditions. This allows us to study not only
how banks adjust their lending in response to a foreign-currency deposit shock, but also how
the currency composition of credit supply propagates to firms’ real decisions. Crucially, we
show that the currency of the shock matters for transmission: because imported inputs are more
dollar-intensive, a dollar liquidity shock disproportionately reduces the effective cost of importing
relative to hiring, reshaping firms’ optimal input mix.

We also contribute to this literature by extending the framework of Herrefio (2023) to an
open economy with multi-currency financial frictions. The model links the currency composition
of bank funding to firms’ input demand and financing decisions, allowing us to study how the
denomination of credit supply shocks shapes real economic activity.

Third, this paper relates to the literature on financial development, credit constraints,
and firms’ performance (Levchenko et al. (2010); Chor and Manova (2012); Caggese and
Cuiiat (2013); Manova (2012, 2008); Paravisini et al. (2015b,a); Federico et al. (2023); Kohn
et al. (2016); Leibovici (2021); Kohn et al. (2023)). While most of these studies focus on the
role of access to credit in facilitating exporting, our paper extends the analysis to the causal
impact on importing. In this context, Kohn et al. (2023) empirically document that financially
underdeveloped economies exhibit a slower aggregate response following trade liberalization,
attributing this to credit constraints affecting importing possibilities. Additionally, Muils (2015)
documents the relationship between importing and access to credit. We contribute to this literature
in two dimensions. First, we combine exposure of banks to the tax amnesty with firm-to-bank
data to empirically estimate the causal effect of credit availability, especially in dollars, on firms’
importing activities. Second, most of these papers do not have access to data on the currency
denomination of the credit. We are able to study how access to dollar credit deferentially affect
firms’ participation in international markets.

Fourth, this paper contributes to the literature on flight capital and capital reversals. In
this field, commercial banks have been identified as significant channels of contagion during

periods of international capital reversals, as they often reduce their credit supply, negatively
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impacting firms’ borrowing and output. Since sudden inflows of capital are hard to identify, most
studies focus on crises and sudden capital outflows. In contrast, our paper adds to this literature
by documenting the effects of a sudden inflow of capital into banks and examining how this influx
influences the broader economy.

Finally, the paper is also related to the literature exploring the drivers of firms’ foreign
currency debt choices in emerging economies (such as Calvo (2002); Galindo et al. (2003);
Allayannis et al. (2003); Kamil (2012); Brown et al. (2011); Degryse et al. (2012); Brown et al.
(2014); Hardy (2018)). The richness of our data and the regulatory environment of the tax
amnesty provides an ideal scenario to show novel patterns about the relationship between dollars
and pesos debt. In addition, the dollar-specific shock to banks allow us to identify the firm
borrowing elasticity between pesos and dollar debt.

The remainder of the paper is organized as follows. Section 2.2 provides background
on tax amnesty programs and details the institutional context of the Argentine case. Section
2.3 describes the datasets used in the empirical analysis. Section 2.4 outlines the identification

strategy and presents the main results. Finally, Section 2.6 offers concluding remarks.

2.2 Tax Amnesties and Argentina’s Experience

Tax Amnesties

A tax amnesty, as defined by Le Borgne and Baer (2008), is a limited time offer by the
government that allows taxpayers to settle their tax liabilities for a defined amount, often including
a reduction or forgiveness of interest and penalties. This settlement pertains to previous tax
periods and grants taxpayers freedom from legal prosecution related to the disclosed tax liabilities.
Le Borgne and Baer (2008) highlight three goals of these programs: (1) raise government revenue
quickly, (2) increase future tax compliance, and (3) incentivize asset repatriation of flight capital
for reasons that go beyond immediate revenue and tax compliance motives.

The existing literature has primarily addressed the first two objectives, largely overlooking

the indirect effects through asset repatriation. This paper focuses on asset repatriations. We adopt
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a broad definition of "asset repatriation,” which includes inflows into domestic banks from: (a)
cash previously held abroad, and (b) cash held domestically but informally outside the banking
system (for example, “under the mattress” or in private vaults).*

Tax amnesty programs are increasingly used by governments as policy tools, a trend
expected to grow due to enhanced measures against cross-border tax evasion, making these
programs more likely to succeed.> In the past 20 years, over 30 countries have launched tax
amnesty programs with varying levels of success in terms of asset disclosure. Notable examples
of successful tax amnesty programs include Brazil (2016) with $50 billion disclosed, Chile (2015)
with $18.7 billions, Italy (2009) with $102 billion, Indonesia (2016) with $346 billion, Argentina
(2016) with $116 billion, and Pakistan with $21 billion. Other countries that implemented
national programs are United Kingdom, Russia, Spain, India, among others. Regarding asset
repatriation, some of these programs included incentives for repatriation, while others did not.
Unfortunately, data on the exact amount of repatriated cash holdings for most of these programs

is typically not available.

Argentina’s Tax Amnesty

In July 2016, Argentina enacted a tax amnesty law allowing citizens who had previously
concealed assets from the tax authority to disclose them by paying a modest penalty for past tax
evasion. This policy was part of a larger government initiative aimed at achieving budget balance.
Specifically, the tax amnesty played an important role in immediately increasing tax revenue
through the collection of one-time penalties and by broadening the future tax base.

Argentina’s 2016 tax amnesty is one of the largest of its kind worldwide. Disclosed assets
amounted to approximately 19% of GDP, effectively doubling the country’s wealth tax base.
Londono-Vélez et al. (2022) provide a detailed analysis of the fiscal aspects of this episode. In

the following, we highlight the aspects of the amnesty that are particularly relevant for the present

4 Although informally held domestic cash is already within the country, its effects resemble those of repatriated
funds, as both increase banks’ dollar deposit base.

SExamples of such measures include the US Foreign Account Tax Compliance Act (FATCA) and the global
Common Reporting Standard (CRS) for the automatic exchange of financial account data.
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study.

Under the policy, citizens could disclose any type of asset subject to wealth taxes,
regardless of its geographical location (whether domestic or offshore). Eligible assets included
stocks, portfolio investments, residential properties, cars, foreign currency checking accounts,
and cash holdings, among others. A significant portion of the disclosed assets were held abroad,
notably foreign currency checking accounts, real-estate, and financial investments.

In this study, we focus on the disclosure of two types of financial assets: (i) foreign-
currency savings held in offshore bank accounts and (ii) foreign-currency cash holdings stored
informally outside the domestic financial system (e.g., cash stored at home or in safety deposit
boxes). We bundle them together as “repatriated cash holdings" because both increase the dollar
deposits in the domestic financial system.

Specifically, citizens who disclose assets held in foreign bank accounts were given two
options: keep these assets abroad or repatriate them to a domestic bank. Repatriation was
incentivized by a lower penalty rate, encouraging inflows of these funds into Argentina’s banking
system. In contrast, citizens who disclosed foreign currency cash holdings were required to
deposit them in domestic banks, as there was no alternative option available. Both types of assets
had a defined time window, August to December 2016, for their repatriation or formal deposit
into the domestic banking system. Thus, from the perspective of domestic banks, these two
distinct asset classes represented an economically equivalent inflow of foreign currency deposits
during the amnesty period.

Citizens who opted to declare cash or repatriate foreign currency had to open a special
foreign currency bank account at a bank of their choice to deposit the money. This is convenient
because it allows us to observe the exact amount of dollars that entered the bank system because
of the tax amnesty. We will refer to the specially created bank accounts as Tax Amnesty Accounts.

In addition, they were required to park declared funds in those same accounts for six months®.

There were a number of exceptions to the parking requirement. For example, the requirement could be lifted if
funds were applied to purchase government debt securities
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The amount of foreign currency deposits (mainly US dollars) that flowed into domestic banks
was equivalent to 1.4% of GDP and implied almost a doubling of the stock of private dollar
deposits in domestic banks. This occurred within a very short window of around three months as
most funds were effectively repatriated between October 2016 and December 2016. This inflow
of dollars into domestic banks is what we refer to as the tax amnesty shock throughout the paper.’

Figure 2.1A shows the aggregate stock of dollar deposits held in 7ax Amnesty Accounts.
The inflow of tax amnesty funds was concentrated in the last quarter of 2016 even though the tax
amnesty window opened in August 2016. After the 6-month parking period, depositors could
transfer their holdings to their standard dollar checking accounts, which explains the gradual
decline in deposits in Figure 2.1A.

Figure 2.1B contextualizes the relevance of the tax amnesty shock. It plots the evolution
of total private sector dollar deposits. The tax amnesty resulted in a significant increase in
dollar-denominated deposits at domestic banks, which doubled. Tax amnesty funds explain more

than 80% of the increase in dollar deposits during the last semester of 2016.
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(A) Deposits in Special Accounts (B) Dollar Deposits
Figure 2.1. Tracking Tax Amnesty Dollars

Note: Data are in billions of US dollars. Panel (a) shows the evolution of dollar deposits in the specially
created bank accounts. The red bars correspond to the months of the tax amnesty window. Each bar corresponds to
the aggregate stock of dollar deposits at the end of each month. After the 6-month parking period, funds gradually
flow out of the special accounts into traditional dollar checking accounts. Panel (b) shows the evolution of dollar
deposits held by the private sector. The shaded region corresponds to the tax amnesty window.

"Note that this excludes from the analysis any foreign currency holdings at bank accounts abroad that citizens
did not choose to deposit in Argentinian banks.
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2.3 Data

We combine four datasets: i) bank-level balance sheet data obtained from the Central
Bank of Argentina (BCRA); ii) firm-level data on exports and imports from the Argentinian
Customs Office; iii) firm-to-bank data on domestic credit compiled by the Central Bank of
Argentina (BCRA); and iv) administrative records on firm-level employment and average wages
from Argentina’s tax authority (AFIP). All data sets are collected monthly and cover years from
2014 to 2018. We employ bank-level balance sheets to recover information on banks’ assets,
liabilities, core capital, and profits. These data cover a total of 80 banks operating in Argentina,
both publicly and privately owned. We complement balance sheets with bank-level performance
indicators (e.g., leverage ratios, return on assets, and average interest rates), which are published
by the Central Bank. Importantly, the balance sheet records the amount of dollar deposits that
each bank received during the tax amnesty. Banks were required to inform the outstanding
stock of deposits in checking accounts that were specially created for tax amnesty.®We restrict
the analysis to banking institutions that had a participation in total deposits of at least 0.05%
during our sample period. This leaves us with 28 domestic banks that take up more than 97% of
aggregate deposits.

We use Credit Registry data to obtain firm-level credit indicators. We employ two data
sets within the Credit Registry. Our primary source of information contains detailed firm-bank
level data on monthly total outstanding loans. This dataset covers all private non-financial firms
that have debt with domestic banks between 2014 and 2018. We complement this information
with a second dataset that started being recorded in August 2015. This additional data set contains
disaggregated information on the currency composition of firm-level debt. For each firm, we
observe the level of pesos and dollar debt over time. We focus on firms that report debt to banks

at some point during the period considered. In addition, we drop firms for which total credit

8Section 2.4 provides more details on how we use this information to construct the exposure of banks to the tax
amnesty shock.
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never exceeds 50 US dollars and winsorize the top and bottom 1% of observations to limit the
influence of outliers. After this process, we are left with data on 77,777 firms.

Lastly, we gather information from several sources to obtain a comprehensive picture of
the consequences of the tax amnesty on firms’ real performance. We use comprehensive customs
data covering the universe of firm-level export and import transactions. This data set covers the
period 2014 to 2018. It provides monthly information on the value (in US dollars) of exports and
imports for each firm, categorized by country (origin/destination) and product at the 6-digit level.
We link this data set to fiscal files generated by the Argentina Tax Authority (AFIP) using unique
firm identifiers to enrich our analysis. This allows us to obtain additional information on formal
employment, average wages, and firms’ main sector of activity. Consequently, we are able to
construct firm-level measures of employment, exports, imports, and payroll for the years 2014 to

2018.

2.4 Empirical Analysis

We empirically examine the impact of the tax amnesty in Argentina through the financial
channel. Specifically, we analyze to what extent the resulting capital inflow influenced banks’
credit supply and, in turn, how the expanded credit access affected output of firms.

We first construct bank- and firm-level exposure measures to the tax amnesty. The
empirical analysis then proceeds in two steps. First, we examine the bank lending channel,
assessing whether more exposed banks expand their credit supply by more. Second, we analyze
the impact of the increase in credit supply on firm-level outcomes, including borrowing, trade

(imports and exports), and employment.

2.4.1 Bank and Firm Exposure
Bank-level Exposure
The balance sheet of domestic banks records the stock of deposits held in the special

accounts created during the tax amnesty. For each bank b, we compute the average deposits
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reported in these special accounts between October 2016 and December 2016. We refer to this
object as the tax amnesty funds received by bank b. Next, we measure the exposure of bank b to
the tax amnesty as the ratio between its tax amnesty funds and its total private sector deposits in

the quarter preceding the tax amnesty. Formally,

Tax Amnesty Fundsy,
b= Total
Dy

x 100, 2.1

where Dgf(f”’ are the average total deposits in 2016Q2. S; measures the importance of the
inflow of dollars due to the tax amnesty relative to the existing liquidity of each bank. Banks
experienced varying levels of exposure to the tax amnesty funds, with an average exposure of
10% and a standard deviation of 10 percentage points. For the most exposed banks, the liquidity
shock represented nearly 20% of their preexisting deposit liabilities. The difference in exposure
between a bank in the 75th percentile of exposure and one in the 25th percentile of exposure is
10 percentage points.

The differences in inflows at the bank level were partly shaped by the existing banking
relationships of households. Three pieces of evidence support this. First, the variation in bank
exposure is positively correlated with the share of dollar deposits a bank held before the amnesty
(Appendix Figure B.9). Second, at the municipality level, inflows are concentrated in areas
with higher pre-existing dollar deposits, indicating households deposited funds in banks where
they had prior relationships. Third, most individuals transferred funds from special amnesty
accounts to other accounts within the same bank after the holding period ended, suggesting that
they already had accounts there (Appendix Figure B.10).

Although our identification strategy does not rely on balance in pre-amnesty characteristics,
examining the relationship between these characteristics and our exposure measure is informative.
Figure 2.2 presents the coeflicients from individually regressing a comprehensive set of baseline
bank characteristics on tax amnesty exposure. With the exception of public ownership, for which

we explicitly control in all specifications, we find no systematic differences between banks with
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higher and lower exposure.

Public Bank - e

Share of Business Lending -

Leverage
Liquidity - —_————
ROE +
Average Loan Rate —_—

Average Deposits Rate

ROA -

Assets -

Share of Aggregate Deposits - ——

Figure 2.2. Banks Characteristics - Balance Test
Note: We report 95% confidence bands. Bank characteristics are averages of the year before the tax amnesty.
All variables were standardized with the exception of the participation of each bank in aggregate deposits (our proxy
for bank size). Regressions are weighted by the share of each bank in total private sector lending. Public Bank: =1
if bank is publicly owned. Share of Business Lending: weight of lending to firms in total lending. Leverage: assets
over equity. Liquidity: ratio of liquid assets over total assets. ROE: return on equity. Average Loan Rate: average

interest rate on local currency loans. Average Deposit Rate: average interest rate on local currency deposits. ROA:
return on assets. Assets: total assets. Share of Aggregate Deposits: participation of each bank in aggregate deposits.

More importantly, Figure 2.3 illustrates the relationship between bank exposure and
credit supply using raw data. Panel (a) aggregates firm-level debt within each exposure quartile,
while panel (b) restricts the sample to firms borrowing from both low- and high-exposure banks,
allowing for within-firm comparisons across banks. In both panels, lending to firms follows
parallel trends across exposure groups in the two years prior to the policy, indicating the absence
of pretrends or anticipation effects. Following the policy, even without controlling for fixed
effects, banks with higher exposure exhibit a clear increase in total lending.

Intuitively, the policy was introduced as a one-off fiscal measure in a context unrelated
to banking sector distress, which reduces the likelihood of observing pretrends or anticipation

effects.
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their real debt from each of these group of banks. In other words, firms appear in both the red and blue lines. In both
cases the base period is 201642 and total credit is expressed in current US dollars.

Firm-level Exposure

We measure firm-level exposure as:

Si= ) WS, (2.2)
b

where §; is firm’s i exposure to the tax amnesty shock and w?b is the weight of bank b on
firm’s i total borrowing in the quarter preceding the tax amnesty. The exposure of firm i is a
weighted average of the exposure of the banks from which firm i borrowed at the start of the
tax amnesty. We argue that the fact that different firms are connected to banks with different
degrees of exposure provides a source of plausibly exogenous variation in the credit supply faced
by individual firms.

As an initial overview of the results—which we will explore in more detail in Section
2.4.3 —Figure 2.4 provides information on the debt dynamics of firms with different levels
of exposure over time, as observed in the raw data. The left panel illustrates the evolution of
total credit for firms with below- and above-median exposure, while the right panel depicts the
evolution of dollar-denominated debt. Both measures are expressed in current US dollars and

relative to 201942 to facilitate comparison.
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First, the raw data do not show evidence of differential pretrends across firms with
different exposure to the shock. Second, after tax amnesty, firms with higher exposure experienced
stronger total debt growth, particularly in dollar-denominated debt, relative to their lower exposure
counterparts.

We will revisit these results in Section 2.4.3 when we formally analyze the impact of the
tax amnesty on firm outcomes.
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(A) Total Debt (in US Dollars). (B) Dollar Debt (in US Dollars).
Figure 2.4. Below vs. Above Median Firm Exposure.
Note: Panel A shows the evolution of total debt, expressed in current US dollars, for firms below and above
median exposure. The period covered is 2014g1 —201842. Panel B plots the evolution of dollar debt, expressed in

current US dollars, for each group of firms. Panel B covers the period 20154 — 201842 for which dis-aggregated
data by firm-currency is available.

2.4.2 Bank Lending Channel

We begin by testing the presence of a bank lending channel in response to the funding
shock generated by the tax amnesty. Specifically, we examine whether banks that were more
exposed to the inflow of tax amnesty funds extended more credit than less-exposed banks.
To isolate the effects of credit supply from potential demand-side confounders, we follow the
within-firm estimator proposed by Khwaja and Mian (2008). This estimator exploits the fact
that many firms borrow simultaneously from multiple banks and compares lending changes
by differently exposed banks to the same firm, effectively controlling for any time-varying

firm-specific shocks to credit demand.
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Assume that there are only two time periods ¢ = 0, 1, before and after the tax amnesty

shock. Then, we can express the level of debt of the firm i with bank b in period ¢ as:

Yiro = @io + vipo + I'Xp0 + €0 (2.3)

Yio1 =it +vip1 +I'Xp1 +BSp + i1 (2.4)

The realization of Y;;; depends on a number of objects. First, a;; captures firm-time credit demand
shocks that a firm spreads homogeneously between all its lenders. Second, v;;, are credit demand
shocks specific to a certain bank-firm relationship. For example, a firm needs a type of credit
line that is offered only by a specific bank. X, captures all other bank-specific liquidity shocks
except for the tax amnesty shock. Finally, S; is our measure of bank-level exposure to the tax

amnesty shock and &;;, 1s an idiosyncratic shock. Taking first differences yields:

AYip = Aa; +Avip + TAX, + BSp + €. (2.5)

We are interested in estimating S, which captures the marginal effect of an increase in the
exposure of bank b on its lending to firm i. 8 has a causal interpretation under the condition that
bank exposure is not correlated with other factors that affect changes in credit demand and bank

liquidity. We take equation 2.5 to the data as follows:

log Lip: = ajs +vip + B Sp X Post +I'X, e X PoSt + €. (2.6)

In order to make within-firm comparisons we restrict the analysis to multi-bank firms. This
allows us to incorporate firm-time fixed effects, a;;, which absorb time-varying firm-specific
credit demand shocks that firms spread equally across all their lenders. We also include firm-bank
fixed effects to control for aspects specific to each firm-bank match. Post is a dummy equal

to one after the start of the tax amnesty. Lastly, we incorporate as bank-level controls a set of
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bank characteristics, measured at the quarter prior to the shock, and we interact them with our
Post dummy. Based on the balance tests from Section 2.4.1, we include bank ownership status

(private vs. public) and bank size as controls in our preferred specification.

Results

Table 2.1 presents our results. Point estimates measure the percent increase in lending
to firm i by bank b for every percentage point (p.p.) increase in bank exposure. The results in
column (1) include only firm-time fixed effects. Column (2) adds bank-firm fixed effects and
bank ownership controls. Our preferred specification, in column (3), also adds bank size controls.
Comparing between banks in the 75" versus 25" percentile of exposure’, we find an increase in
lending of 10.7% .

In column (4) we allow for the effect of exposure to differ across exporters and non-
exporters, where the exporting status of a firm is defined at baseline. Exporters are the main

recipients of dollar bank credit '°

thus we would expect a higher impact on credit supplied to them.
The coefficient on the interaction term is positive and statistically significant. If we compare
between banks in the 75" versus 25" percentile of exposure, we find an increase in lending to
the same exporting firm of 18.4%. The same comparison for non-exporting firms yields a 7%
increase in lending. In summary, we find evidence of a bank lending channel in response to the
tax amnesty shock. Banks that were more exposed to the tax amnesty granted more credit relative

to their less exposed counterparts. The effect was heterogeneous between lending to different

types of firms. The impact on exporters was greater and more than double that of non-exporters.

The difference in exposure between the 75th and 25th percentiles of exposure is 10 percentage points.
19Tn Appendix B.2 we provide details on the distribution of dollar-denominated bank credit to firms at the start of
the tax amnesty.
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Table 2.1. Bank Lending Channel.

(D (@) 3) 4

Bank Exposure X Post ~ 0.21** 1.17** 1.07** 0.71*

(0.097) (0.125) (0.130) 0.141)

... X Exporter 1.13"

(0.395)

N 1655983 1655981 1655981 1655981
Firm-Time FE Yes Yes Yes Yes
Bank-Firm FE No Yes Yes Yes
Public Bank-Time FE No Yes Yes Yes
Bank Size - Time FE No No Yes Yes
R-squared 0.61 0.87 0.87 0.87

Note: * p <0.10, ™ p <0.05, ** p <0.01. Standard errors in parentheses and clustered at the bank-firm
level. Point estimates measure the percent increase in L;p, for every 1p.p. increase in bank exposure, Sp. Post is
equal to one between (201603,20180Q2). The sample consists of all firms that have debt with two or more banks.
We winsorize the top and bottom 1% of observations to limit the influence of outliers. Bank size is measured as the
participation of each bank in total deposits at baseline and public bank is an indicator for a bank being publicly
owned.

Identification Assumptions

Our empirical strategy for the bank lending channel exploits variation in the intensity of
the liquidity shock across banks lending to the same firm, following Khwaja and Mian (2008).

The key identification assumption is that, conditional on our set of fixed effects and
controls, banks that received more amnesty funds were not differentially exposed to other
unobserved shocks that affected either (i) their lending capacity (ii) or the credit demand they
faced. Under this assumption, differences in post-amnesty lending behavior across banks capture
a causal supply-side response to the inflow of funds.

To structure our identification discussion, we distinguish two main potential threats, one
arising from unobserved bank-level supply shocks and the other from firm-level credit demand
shocks.

On the bank supply side, a potential threat to identification would arise if unobserved
funding shocks or shifts in banks’ lending capacities were correlated with the inflow of amnesty
deposits. We mitigate this concern in two ways. First, we show that banks were balanced in

terms of observable pre-amnesty characteristics across levels of amnesty exposure, suggesting
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that differential deposit inflows were not systematically related to pre-existing differences in bank
health or lending capacity. Second, we show that our results remain unchanged when adding
controls for observable bank characteristics—such as size and ownership status—interacted
with post-amnesty time indicators, suggesting that observable proxies for bank-level funding
conditions do not account for the estimated effects.

On the credit demand side, our identification assumption further requires that changes
in credit demand faced by banks are not systematically correlated with their exposure to the
shock. To mitigate concerns about firm-level demand shocks, we exploit within-firm variation,
following the methodology developed by Khwaja and Mian (2008). Specifically, by restricting
our analysis to firms borrowing simultaneously from multiple banks with varying levels of
exposure, we effectively absorb any firm-level shocks affecting their overall demand for credit.
Panel (b) of Figure 2.3 illustrates this clearly, showing the differential credit growth for highly
exposed versus less exposed banks using only firms that borrowed from both groups prior to
the amnesty. Because each firm contributes to both high and low exposure bank groups, any
observed differences post-amnesty cannot be attributed to aggregate firm-level demand shocks.

A remaining threat to our identification arises if there are bank-firm specific credit
demand shocks, that is, shocks affecting certain bank-firm pairs disproportionately due to factors
such as bank specialization or differential exposure to other simultaneous economic shocks. A
particularly relevant potential shock relates to foreign trade financing. The contemporaneous
trade liberalization that occurred in Argentina between 2016 and 2017 could have led international
trade-oriented firms (exporters or importers) to redirect their credit demand specifically towards
banks specialized in trade finance. If these banks were systematically more or less exposed to the
amnesty-induced inflow, our estimates would be biased.

In Appendix B.4, we show results for a number of alternative specifications. First,
we present results controlling for different measures of bank specialization to foreign trade
financing and show that our findings remain largely unchanged. Second, we show that our results

remain unchanged when adding, one at a time, additional bank-level controls to our preferred
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specification. Each of these robustness exercises is designed to address the identification threats

identified above.

2.4.3 Firm-level Outcomes

In the previous section, we established that firms borrowed relatively more from banks
that were more exposed to the tax amnesty shock. But did this relative shift towards more
exposed banks result in more total borrowing by firms? Or did firms mostly reallocate their debt
portfolio from less exposed towards more exposed banks? This section tackles this question,
which is in turn key to understanding the potential effects of the tax amnesty shock on firms’ real
performance.

We begin by describing our estimation strategy. For the remainder of this section, we will
be interested in measuring the effect that firm-level exposure, S;, had on a series of firm-level
outcomes Y;; - including total credit, access to dollar credit markets, trade performance and
employment growth. For simplicity, suppose that there were only two periods # = 0,1 that
correspond to before and after the tax amnesty, respectively. We can think of outcome Y;; as

follows:

Yio = a; +1i0 + X0 + €i0s (2.7)

Yii = @i+ i1 +UXp()1 + B2Si + &1 (2.8)

The realization of outcome Y; in period ¢ = 0 is the result of (i) a time-invariant firm shifter, a;;
(ii) a time-varying firm-level shifter, n;;; (iii) a credit supply shifter, X;,(;0, coming from the
banks from which firm i sources its debt (other than the tax amnesty); plus, (iv) an idiosyncratic
component g;9. In period # = 1, we add the credit supply shock resulting from the tax amnesty, S;.

Taking first differences yields:

AY; = Ai]i +ﬁ25,~ + FAXb(i) +é. (29)
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Our main object of interest is 8. It captures the causal effect of firm exposure on outcome Y;. To
identify S,, two conditions must be satisfied. First, there should be no systematic correlation
between changes in firm-level shifters and firm exposure to the shock. Formally, we need
E[An;S;] = 0. For example, if ¥j; is firm-level credit, then credit demand shocks hitting specific
firms over time should not be related to their exposure to the shock. The second condition speaks
to the correlation between firm exposure and, what can be thought of as, all other liquidity shocks
hitting the banks from which firm 7 borrows. Formally, we need E[X; ;) ;S;] = 0. This would be
challenged if more exposed banks were also more likely to be hit by other funding shocks than
less exposed banks over time.

We take equation 2.9 to the data using the following difference-in-difference specification:

logYy, = B2 Si x Post +I'X ;) X Post+y; + vy +ey, (2.10)

where the dependent variable is the logarithm of the outcome of interest (unless otherwise noted)
in period ¢, Post is a dummy equal to 1 after the start of the tax amnesty, X ;) is a vector of
firm-level weighted average bank controls, y; are firm fixed effects and y;; capture industry-time
fixed effects. Firm-level bank controls are computed as weighted averages of baseline bank
characteristics, where the weight is the share of each bank b in firms i debt at baseline. We study
the time period between 2014-2018. The frequency of analysis is either quarterly or annual,
depending on the outcome variable.

We address the concern that firm exposure could potentially be correlated with time-
changing shifters at the industry level, such as credit lines for specific industries, by adding
time-industry fixed effects. These take care of any trends in firm-level shifters that are shared
within narrowly defined industries (6-digit level). We take a conservative stance and include
the same two bank controls as in our within-firm regressions and interact them with the Post
dummy. These bank controls are ownership status (privately or publicly owned bank) and bank

size, which we measure as a bank’s participation in total deposits.
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Lastly, we estimate the event-study analogue of Equation 2.10 to check for pretrends
and to study the dynamic impact of the shock. Our baseline dynamic difference-in-difference

specification is:

log¥i= > (BeSi+ Ty ) X1t = 5) +yi+ e +ei @.11)

se(xh)
where 1(¢ = s) are quarterly or yearly time dummies and 4 is the horizon of analysis (e.g., eight
quarters before and after the shock). The coefficient 8; measures the s-period cumulative effect

of firm exposure on outcome Y. The absence of pre-trends requires 8, =0 V s <0.

Identification Assumptions

Our identification assumption is that, conditional on our set of fixed effects and controls,
firms more exposed to the tax amnesty shock, through their pre-existing borrowing relationships
with more affected banks, were not differentially affected by unobserved shocks to our outcomes
of interest. We rely on the standard parallel trends assumption: that in the absence of the amnesty,
outcomes for more and less exposed firms would have followed similar trends within the same
industry and foreign trade participation group.

The inclusion of industry- foreign trade participation-time fixed effects is central to this
strategy, as it absorbs any time-varying shocks common to firms operating in the same product
markets and sharing the same exposure to the contemporaneous trade liberalization. Reassuringly,
none of the outcome variables display significant pre-trends, and our quarterly firm-level loan
data allow us to verify that the amnesty began affecting firms precisely in mid-2016, mitigating
concerns that differential exposure reflects other contemporaneous shocks rather than the amnesty

itself.
Firm Borrowing

In this section we explore the impact of the tax amnesty shock on credit growth and credit

access through three different avenues. First, we study whether the positive effects identified
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in the within-firm regression extend to the overall borrowing behavior of firms. This aims to
determine if firms that were more exposed to the shock experienced higher credit growth - a
mechanism often referred to as the firm borrowing channel. Second, we evaluate the performance
of the dollar credit market, as the tax amnesty shock significantly enhanced banks’ capacity to
issue dollar-denominated credit. The well-functioning of foreign-currency, in particular dollars,
credit markets has been pointed out as an important driver of firm performance, specially in
emerging economies. Thus, we evaluate the tax amnesty’s effectiveness in broadening and
deepening the domestic market for dollar credit.

Finally, we examine how the tax amnesty influenced the currency composition of firms’
borrowing, shifting our focus from aggregate credit growth to the currency choices made by
borrowing firms. By leveraging the currency-specific nature of the shock, we estimate the
reduced-form effect of dollar liquidity expansions on the share of dollar-denominated debt in
firms’ credit portfolios. As we show in the model in Section 2.5, this reduced-form elasticity is
informative about the structural elasticity of substitution between peso- and dollar-denominated

debt, providing a moment that helps identify this parameter.

Total Credit

We begin by analyzing the effect on firms’ total borrowing. Note that this analysis allows
to capture changes in total credit at the firm level and therefore directly speaks to credit expansion,
rather than substitution across banks. As such, it complements the bank-lending regressions with
firm-year fixed effects, which may be reflecting a reallocation of credit across banks with different
exposure. By focusing on total firm borrowing, this approach allows us to assess whether firms
actually increase overall credit, rather than simply experiencing a reshuffling of credit across
lenders.

We employ quarterly data for single and multi-bank firms!!, winsorize the dependent

"'"The bank-lending regressions restrict the sample to multi-bank firms and pre-existing bank relations. Firm-level
regressions consider both single and multibank firms, plus all credit available to the firm at each point of time. Thus,
total credit incorporates both preexisting bank relations and newly formed ones.
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variable at the 1% level and cluster standard errors at the firm level. Reported coeflicients measure
the percentage increase in total credit for every additional percentage point in firm exposure.
Table 2.2 shows the results of running specification (2.10) with total firm credit as
dependent variable. Column (1) only includes firm fixed effects and column (2) adds (6-digit)
industry-time fixed effects. Both specifications show positive and statistically significant results.
Column (3) shows the results from our preferred specification which includes firm fixed effects,
(6-digit) industry-time fixed effects and firm-level bank controls. For the average firm, the effect
of an additional percentage point in exposure is .97%. When comparing between firms in the

75" versus 25" percentiles of exposure!?

, our estimates imply an increase of 9.7% in total credit.
The magnitude of this effect is almost the same as that found for the within-firm exercise. We
interpret this finding as evidence that exposure to the tax amnesty shock primarily influenced
total firm credit, rather than firms reallocating existing borrowing across differentially exposed
banks. In column (4) we add an interaction term with a firm’s exporting status. We find that the
effect of exposure was stronger among exporting firms, which is consistent with our within-firm
findings.

We complement the above results by estimating the dynamic difference-in-difference
specification outlined in equation (2.11). We set the base period to 2016q2 which corresponds to
the quarter preceding the launch of the tax amnesty. The event study plot in Figure 2.5 shows
no significant evidence of pretrends for at least a year and a half prior to the shock. The plot
shows that the positive effects of firm exposure gradually build up over time with a peak effect of
around 2% at the 2-year horizon.

The above results establish that firms that were more exposed to the tax amnesty shock,

due to their pre-existing bank relations, experienced higher credit growth.

12The difference in exposure between a firm in the 75h percentile of exposure and one in the 25th percentile is 10
percentage points.
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Table 2.2. Firm Borrowing - Total Credit.

() 2) 3) “)

Firm Exposure X Post 1.39"* 121" 097  0.86™*

(0.093)  (0.105) (0.141) (0.144)

... X Exporter 2,17

(0.613)

N 1362654 1355733 1355733 1358139

Firm FE Yes Yes Yes Yes
Industry-Time FE No Yes Yes Yes
Public Bank-Time FE No No Yes Yes
Bank Size - Time FE No No Yes Yes

Number of Firms 75879 75494 75494 75628
R-squared 0.85 0.85 0.85 0.85

Note: ** p <0.05, *** p < 0.01. (6-digit) Industry-time fixed effects are allowed to differ across exporters
and non-exporters. Bank size and bank ownership controls are firm-level averages. Nominal variables are winsorized
at the top and bottom 1% to limit the influence of outliers. The time period spans between 2014g2 —201842 and the
frequency of the data is quarterly. Post indicates the period (2016¢3,201842). Point estimates measure the percent
increase in total credit for every percentage point of firm exposure. The standard deviation of firm exposure is 10
percentage points. In column 4, the exporting status of a firm is defined at baseline.
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Figure 2.5. Total Firm Borrowing.

Note: We report 95% confidence intervals. Standard errors are clustered at the firm level. We include
firm fixed effects, (6-digit) industry-time fixed effects and firm level averages of bank size and bank ownership
interacted with time dummies as additional controls. The base period corresponds to 2016q2. Nominal variables are
winsorized at the top and bottom 1% to limit the influence of outliers. The plot shows the estimated coefficients on
firm exposure for each quarter. Point estimates measure the percentage increase in total debt for every 1 percentage
point increase in firm exposure relative to baseline. The standard deviation of firm exposure is 10 percentage points.
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Access to Dollar Credit Markets

The tax amnesty led to an increase in the foreign currency liquidity of banks, thus
potentially allowing them to grant more dollar credit to domestic borrowers. The role of access
to foreign currency credit markets for firm performance has received significant attention in
corporate finance and international economics literature, particularly following the freezing of
international markets during the Great Recession. Fluctuations in dollar credit availability are
linked to reduced firm investment (e.g. Kalemli-Ozcan et al. (2016),Elias (2021)), diminished
export dynamism (e.g. Paravisini et al. (2015c)), and weaker employment growth performance
(e.g. Hardy (2023)). The tax amnesty shock resembles the opposite of a reversal in international
capital flows, providing a unique opportunity to study how changes in foreign currency funding
affect firms’ participation in foreign-currency credit markets.

To examine the impact of the tax amnesty on firms’ access to domestic dollar-denominated
credit, we leverage that our dataset includes the loan’s currency denomination from 2015q4
onward. The currency denomination of a bank liquidity shock theoretically increases loanable
funds in both foreign and domestic currencies. However, due to currency mismatch regulations,
domestic banks are restricted in how they can use dollar-denominated liabilities. Specifically, they
must match dollar liabilities with dollar assets. This requirement creates a direct link between
the currency denomination of the shock and the supply of dollar credit.

In addition, access to domestic dollar credit is restricted to firms whose revenues are,
at least partially, linked to the evolution of the dollar exchange rate. These firms are primarily
exporters, suppliers of exporters, or producers of highly tradable goods whose prices are set
internationally. At the beginning of 2016, 27% of the firms in our sample had some amount of
dollar-denominated bank credit. This percentage drops to 13% when considering only firms with
an outstanding balance of at least 500! and increases to 50% when conditioned on the firm
being an exporter and/or importer. Regarding the distribution of dollar credit, exporting firms

held around 80% of total dollar credit at the start of the sample, while exporters and importers

I3This restriction excludes firms that use, for example, credit cards abroad, etc.
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combined accounted for almost 90%. Appendix B.2 provides further details on the distribution
of domestic dollar credit before and after the tax amnesty.

As pointed out above, a small number of firms had dollar debt before the tax amnesty
which restricts the power of intensive margin analysis. For this reason, we focus our analysis
on the extensive margin effects of the tax amnesty. This allows us to study changes in access
to dollar credit for a larger sample of firms. We define two outcomes related to the ability of
firms to borrow in dollars. First, we construct an indicator variable that is equal to one if the
firm 7 has positive dollar credit in period ¢, and zero otherwise. This variable allows us to
estimate the effect of the tax amnesty on the probability of having access to dollar credit for the
average firm. Second, we construct an indicator equal to one in every quarter in which the firm i
experienced an increase in dollar credit, and zero otherwise. This outcome variable allows us to
study a combination of intensive and extensive margin results without dropping firms with zero
outstanding balances, giving a more general picture of the response of dollar credit growth for
the average firm.

Table 2.3 summarizes our results. Columns (1) and (2) use the probability of having
dollar credit as the dependent variable. Our results indicate that firm exposure had a positive
and significant effect on this probability. Our preferred specification in column (2) finds that
an additional percentage point of exposure increased it by .3 percentage points. Comparing
between firms in the 75" versus 25" percentiles of exposure, we find an increase of 3 percentage
points in the probability of borrowing in dollars. This represents a 10% increase relative to
the unconditional probability of holding dollar debt at the start of the sample. In columns (3)
and (4) we show results for our dollar credit growth indicator. We estimate that an additional
percentage point of exposure increased the probability of dollar credit growth by .22 percentage
points. When comparing between firms in the 75 versus 25" percentiles of exposure, this is an

increase of 2.2 percentage points in our outcome variable.
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Table 2.3. Access to Dollar Credit Market.

(D (2) (3) (4)
Dollar Debt Dollar Debt Dollar Debt Growth Dollar Debt Growth

Firm Exposure X Post 0.13** 0.31™ 0.09*** 0.22%**

(0.021) (0.028) (0.017) (0.023)

N 832009 832009 832009 832009
Firm FE Yes Yes Yes Yes
Industry-Time FE Yes Yes Yes Yes
Public Bank-Time FE No Yes No Yes
Bank Size - Time FE No Yes No Yes

Number of Firms 75649 75649 75649 75649
R-squared 0.65 0.65 0.34 0.34

Note: Standard errors in parentheses and clustered at the firm level. * p < 0.10, ** p <0.05, *** p <0.01.
(6-digit) Industry-time fixed effects are allowed to differ across exporters and non-exporters. Bank size and bank
ownership controls are firm-level averages. The time period spans between 201504 —20180Q2. Post indicates the
period (2016¢3,2018¢2). Point estimates measure the p.p. increase in the dependent variable for every 1 p.p. of
firm exposure.

Firm-level Currency Choices

Next, we study how the tax amnesty shock affected the currency choices made by firms.
Specifically, we exploit the currency-specific nature of the shock and institutional features of
Argentina’s financial system to estimate the reduced-form effect of a dollar liquidity expansion
on the share of dollar-denominated debt in firms’ credit portfolios. As we show in the model, this
reduced-form elasticity is informative about the structural elasticity of substitution between peso

and dollar loans, which we denote «:

dln LPesos

2.12
OlnL* ~ ( )

where the superscript * denotes a dollar-denominated quantity.

Emerging markets are recurrently subject to fluctuations in the availability and access to
foreign-currency credit markets. For example, the global financial cycle is well documented in
papers such as Obstfeld and Zhou (2022), Bruno and Shin (2023), Rey (2014), Miranda-Agrippino

and Rey (2022), Boyarchenko and Elias (2024), among others. The real and aggregate effects of
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relative fluctuations in domestic versus foreign currency funding will partly depend on firms’
ability to substitute one source of funds for the other. If both types of financing serve the same
purposes or can be used to finance the same types of activities, then we would expect peso and
dollar credit to act as substitutes for each other. However, different forms of financing may be
better suited for different productive tasks based, for example, on the maturity of the project or
the source of revenues. This can lead to complementarities between debt in different currencies,
thereby limiting the ability of firms to hedge against fluctuations in dollar credit by turning to
peso markets. Although there is little evidence on how these dynamic portfolio choices take
place, knowledge of the substitution parameter is crucial for understanding the aggregate effects
of fluctuations in the availability of foreign currency debt.

To estimate the reduced-form effect of dollar credit on currency composition, our cross-
sectional design requires a shock that shifts the supply of dollar credit heterogeneously across
firms, while any induced change in peso credit supply is orthogonal to firm-level exposure
Si. This is weaker than requiring peso supply to be unaffected by the amnesty altogether: it
permits a uniform expansion in peso lending capacity, for instance through system-wide portfolio
rebalancing or freed up lending limits, as long as this expansion does not favor firms with higher
dollar exposure. We argue that the tax amnesty shock satisfies this condition. The regulatory
requirements that were in place at the time tightly limited domestic banks’ on- and off-balance
sheet currency exposure, ruling out a direct channel through which dollar inflows could be
converted into additional peso lending. Any indirect effect on peso supply, such as firms freeing
up peso borrowing capacity as they shift toward dollars, would have to operate through bank-firm
specific channels correlated with S; to threaten identification. We show in Appendix B.5 that
bank-level exposure has no detectable effect on the evolution of average peso lending rates,
suggesting that any such indirect channel is not quantitatively important.

We estimate specification (2.10) with the share of dollar debt as the dependent variable.
Our preferred specification includes the same set of fixed effects and firm-level bank controls

as for the firm borrowing channel. We also include an interaction between the baseline share
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of dollar debt and the Post treatment dummy to restrict our comparisons to firms with similar

currency composition at baseline but heterogeneous in their exposure to the tax amnesty shock.

Table 2.4. Share of Dollar Debt.

Yy;: Share of dollar credit (D) 2) 3)
Firm Exposure X Post A2 0.08"
(0.007) (0.01)
... X Non-Exporter 0.08***
(0.01)
... X Exporter 14
(0.07)
ap, @z Yes Yes Yes
X controls No Yes Yes
Number of Firms 73795 73795 73795

Baseline dollar share - All firms 2%
Baseline dollar share - Exporters 7%

Note: Standard errors in parentheses and clustered at the firm level. * p <0.10, ** p < 0.05, *** p <0.01.
(6-digit) Industry-time fixed effects are allowed to differ across exporters and non-exporters. Bank size and bank
ownership controls are firm-level averages. The time period spans between 201504 — 201802 and the frequency of
the data is quarterly. Post indicates the period (2016¢3,201842). Point estimates measure the percentage point
increase in the share of dollar credit for every percentage point of firm exposure. The standard deviation of firm
exposure is 10 percentage points. In column 3, the exporting status of a firm is defined at baseline.

Table 2.4 presents our results. We estimate that the average firm experiences an increase
in the participation of dollar in total borrowing of .12 percentage points for every percentage point
of exposure. Moving from the 25th to the 75th percentile of exposure implies an increase in the
dollar share of 1.2 percentage points. This represents a 50% increase relative to the baseline share
of dollar debt of the average firm. Column 3 shows that the point estimate for exporters is almost
double that for non-exporters, however, the effects are less precisely estimated. In Section 2.5 we
show how this reduced-form elasticity maps to the structural elasticity of substitution between
peso and dollar debt: under the identifying assumptions of our cross-sectional design, a larger
currency-composition response to the dollar shock is informative of higher substitutability

between the two forms of credit.
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Imports

We study how the tax amnesty shock affected the importing behavior of firms. Our
hypothesis is that improved access to credit, particularly dollar-denominated bank loans, helps
credit-constrained firms overcome the sunk costs of discovering foreign suppliers, as well as
finance international purchases.

We restrict the analysis to firms that were already importing before the amnesty and focus
on annual imports. We then examine two margins of adjustment: (i) the intensive margin, which
focuses on import volumes, and (ii) the extensive margin, focusing on the number of products
and the number of origins.

The results of our static difference-in-difference are presented in Table 2.5. Just as in the
analysis of firm credit outcomes, we include firm fixed effects, industry-time fixed effects and
the same set of firm-level weighted average bank controls. We measure the number of imported
products as the number of distinct products imported by a firm during each year. The number of

origins is computed analogously.

Table 2.5. Effect on Imports.

ey 2 3) C)) )
Total Imports Intermediates Capital Goods Origins Products
Firm Exposure X Post 1.27** 1.23** 0.44~ 0.10 0.11
(0.315) (0.357) (0.248) (0.088) (0.142)
N 57079 48875 33023 57079 57079
Firm FE Yes Yes Yes Yes Yes
Industry-Year FE Yes Yes Yes Yes Yes
Public Bank-Year FE Yes Yes Yes Yes Yes
Bank Size-Year FE Yes Yes Yes Yes Yes
Number of Firms 13489 11850 8660 13489 13489
R-squared 0.81 0.84 0.73 0.88 0.85

Note: * p <0.10, ™ p <0.05, ** p <0.01. Standard errors in parentheses and clustered at the firm level.
Point estimates in columns 1 — 3 measure the percent increase in the outcome of interest for every 1 p.p. increase in
firm exposure. Point estimates in columns 4 — 5 are expressed in p.p.. The sample consists of all firms that were
importing at the start of the tax amnesty. Nominal variables are winsorized the top and bottom 1% to limit the
influence of outliers.
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We find that higher firm exposure resulted in an increase in their total imports relative to
less exposed firms. If we compare between firms in the 75" versus 25" percentile of exposure,
we find an increase of 12.7% in total imports. We then look at different types of imported products
and find evidence of an increase in both intermediate and capital goods. This is suggestive that
firms were using the newly funds to invest. Lastly, we find no evidence that greater exposure to
the tax amnesty affected the extensive margin, either through the introduction of new products or

sourcing from new origins.
Exports

Next, we examine how increased access to credit affects export performance. Since
exporting is a finance-intensive activity, looser dollar-credit conditions can influence exporting by
easing borrowing constraints. An increase in exports can also be indicative of a firm increasing
its productivity. Table 2.6 reports the main results. We restrict the sample to firms that were
exporting before the tax amnesty. As in previous exercises, we include firm fixed effects, year fixed
effects, and the same set of firm-level weighted average bank controls. We replace industry-time
fixed effects with main exported product (6-digit HS) by time fixed effects to better account for
time-varying demand shocks specific to the good being sold. Columns (1)—(3) sequentially add
fixed effects and controls.

Throughout the specifications, we observe a positive effect on exports. Our preferred
specification in column (3) shows a positive and significant effect of exposure on total exports. A
comparison between firms at the 75th and 25th percentiles of exposure implies a 13.7 percent
increase in exports.

We then study whether the effect of firm exposure was homogeneous between exporters of
different sizes. If the increase in credit supply operates through a relaxation in firm’s borrowing
constraints, then we should see a greater impact for firms closer to this constraint or with less
access to credit markets. In general, those are small- and medium-sized firms. To evaluate

whether this is the case, we estimate the impact of firm exposure for each quartile of the exporting
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Table 2.6. Effect on Exports.

ey 2) 3 “)

Firm Exposure x Post 0.99* 1.10™ 137"
0.41) (0.43) (0.58)
... X Exports Quantile = 1 4.04*
(1.19)
... X Exports Quantile = 2 1.02
(0.95)
... X Exports Quantile = 3 1.02
(0.92)
... X Exports Quantile = 4 -0.09
(0.87)
N 19075 19075 19075 19075
Firm FE Yes Yes Yes Yes
Productx Year FE Yes No No No
Productx YearxDestination FE No Yes Yes Yes
Bank Controls No No Yes Yes
Number of Firms 4,925 4,925 4925 4925
R-squared 092 092 093 0.93

Note: * p <0.10, ™ p <0.05, ™ p < 0.01. Standard errors in parentheses and clustered at the firm level.
Point estimates measure the percent increase in export values for every 1 p.p. increase in firm exposure. We restrict
the sample to all firms that were exporting at the start of the tax amnesty. We winsorize the top and bottom 1% of
observations to limit the influence of outliers.

distribution. We report our findings in column (4). In fact, we find strong evidence that the
increase in exports was driven mainly by smaller exporters (in terms of their exported values). If
we compare between a highly exposed exporter and a low exposed exporter, both in the lower
quartile of the export distribution, we find an increase of 40% in total exports. The estimated
coeflicients are positive and smaller for the two middle quartiles but statistically insignificant.
Finally, the impact on the top quartile of exporters is null. These results are consistent with the
fact that smaller firms tend to be more financially constrained. In addition,

Our dynamic difference and difference plots in Figure 2.6 complement these findings.
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Figure 2.6. Exports.
Note: We report 95% confidence intervals. Standard errors are clustered at the firm level. The plot shows
the estimated coefficients on firm exposure for each year. Point estimates measure the percentage increase in export

values for every 1 p.p. increase in firm exposure. We restrict the sample to all firms that were exporting at the start
of the tax amnesty and winsorize the top and bottom 1% of observations to limit the influence of outliers.

Labor Outcomes

Tax amnesties and inflows of capital have been studied for their potential effects on
government revenue and capital flows, but a lesser-known potential outcome is the indirect
benefits they may offer to employers and workers of firms connected with banks exposed to these
capitals. By overcoming liquidity constraints, firms can increase investment and productivity,
which can lead to an increase in the number of employees or the wages paid. In other words, the
benefits of liquidity shocks stemming from tax amnesties can trickle down to workers. Although
this effect is often overlooked, we shed light on this potential outcome and provide an analysis of

the impact of tax amnesties on labor outcomes.
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Table 2.7. Employment and Wages.

ey @) 3) “ ) (6)
Employment Employment Employment Wages Wages Wages
Firm Exposure X Post 0.20"** 0.17** 0.17% 0.01 0.02 0.02
(0.03) (0.04) (0.05) (0.02) (0.03) (0.03)
... X Post 0.08 0.06
(0.15) (0.09)
N 1258952 1258952 1258952 1258260 1258260 1258260
Firm FE Yes Yes Yes Yes Yes Yes
Time-Industry FE Yes Yes Yes Yes Yes Yes
Public Bank-Time FE No Yes Yes No Yes Yes
Bank Size - Time FE No Yes Yes No Yes Yes
Number of Firms 69828 69828 69828 69812 69812 69812
R-squared 0.96 0.96 0.96 0.85 0.85 0.85

Note: * p <0.10, ** p <0.05, *** p <0.01 Standard errors in parentheses and clustered at the firm level.
Point estimates measure the percent increase in the outcome of interest for every 1 p.p. increase in firm exposure.
Employment refers to the total number of formal employees in each quarter . Wages corresponds to the average
nominal wage paid by each firm in quarter . Bank controls include bank size and bank ownership status interacted
with the Post indicator as in previous regressions.

Table 2.7 reports the results for our difference-in-difference specification. The first two
columns show results on employment without and with bank controls, respectively. The third
column incorporates an interaction term for the export status. Columns (4)-(5) show results for
firm-level average wages without and with bank controls, respectively, and column (6) adds an
interaction term for export status. We find positive and significant effects of firm exposure on
employment. The export status term is also positive, but statistically insignificant. Our findings
imply that an average firm in the 75" percentile of exposure experienced an average increase of
2.1% in employment relative to the average firm in the 25" percentile, during the aftermath of
the tax amnesty. In contrast, the impact of firm exposure to the tax amnesty on average wages is
not statistically significant. In a context of increasing employment, any increase or decrease in the
wages of workers who remain with the firm could have been offset by changes in the composition
of the workforce.

Lastly, Figure 2.7 shows the event study for firms’ employment. Reassuringly, we observe
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no pretrends for these firms in the years before the event and a substantial and persistent increase

in employment after the tax amnesty.
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Figure 2.7. Employment.
Note: We report 95% confidence intervals. Standard errors are clustered at the firm level. The plot shows

the estimated coeflicients on firm exposure. Point estimates measure the percent increase in employment for every 1
p-p- increase in firm exposure. Employment is defined as the total number of formal employees in each quarter 7.

2.5 A Model of Multi-Currency Bank Credit

This section presents a small open economy general equilibrium model to study the
aggregate effects of large-scale foreign-currency funding shocks, such as the one induced by the
tax amnesty. The framework builds on the bank lending channel model of Herrefo (2023) along
two dimensions. First, we extend the model to a small open economy in which firms combine
labor with imported intermediate inputs in production. Second, we introduce multi-currency
credit markets, allowing banks to intermediate both peso- and dollar-denominated funding and
firms to borrow in either currency. The economy consists of a representative household, a
finite number of non-tradable producers, a tradable sector, and a finite number of imperfectly
competitive banks. As in Herrefio (2023), firms must finance production expenditures in advance
through working-capital loans, making production decisions sensitive to credit conditions.

A central feature of the model is that bank credit is denominated in multiple currencies,

with currency-specific lending rates that depend on banks’ funding conditions. Firms combine
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peso- and dollar-denominated borrowing to finance different production inputs, and the reliance
on each currency may vary across inputs. This structure generates a direct link between the
currency composition of bank funding and firms’ effective marginal costs, providing a mechanism
through which shifts in dollar liquidity affect the relative cost of different inputs.

We model the tax amnesty as a deposit shock that increases dollar liquidity heterogeneously
across banks. Banks receiving larger inflows rely less on costly wholesale funding and reduce
their dollar lending rates. Because imported inputs rely more heavily on dollar financing than
wages, the decline in borrowing costs disproportionately lowers the effective cost of imports,
inducing firms to expand imports and production. The resulting increase in output raises overall
financing needs, generating a scale effect that also increases peso-denominated borrowing despite
potentially unchanged peso lending rates. These mechanisms jointly imply differential responses
in input demand and credit composition across firms, linking bank-level deposit shocks to the
patterns documented in the data.

Next, we outline the model in full detail.

2.5.1 Household

The representative household consumes a final good ¢ and supplies a total of A7 hours
of labor to firms in the non-tradable sector and Ay hours to the tradable sector. The household
owns all firms and banks in the economy and receives total profits I1. Preferences are represented

by a Greenwood-Hercowitz-Huffman (GHH) utility function:

1 h1+z// h1+¢ I-v
U(c, hyr, hr) = - My T , 2.13
(¢,hnt, hr) I_U(C T+u 1+¢,) (2.13)

where v denotes the coefficient of relative risk aversion, ¥ is the inverse of the Frisch elasticity
of labor supply and W is a preference shifter calibrated to match the observed allocation of labor
between the tradable and non-tradable sectors in the initial steady state.

The final consumption good ¢ aggregates non-tradable consumption c¢y7 and tradable
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consumption cr via a CES technology:

y-1 74

L y=1 y-1
c= [(ANT)%CNVT +(1=Anp)7 ) ] , (2.14)

where 7y is the elasticity of substitution between tradable and non-tradable goods. The non-tradable

bundle aggregates differentiated varieties produced by domestic firms:

CNT =

! 1 o-1 o1
DAY cl.J‘\’,T] . (2.15)

i=1

Standard CES demands yield the following demand schedules for non-tradable (tradable)

consumption:
-y -y
cNT = ANt (%) c, cr = (1-Anr) (%) c, (2.16)

where p is the corresponding CES price index. The demand schedule for each individual variety

of the non-tradable good c; y7 1s given by:

ci,NT:A,-(ﬂ) ey Viel (2.17)
PNT

Households supply labor to each sector according to:

v _ WNT y _ WT
hyr = —— h

=T (2.18)
p T wp

where wyr and wr are the prevailing wages in the non-tradable and tradable sector, respectively.

2.5.2 Firms
Non-Tradable Sector
The non-tradable sector consists of a discrete number of firms, indexed by i € {1,...,1},

producing differentiated varieties under monopolistic competition. Each firm produces output y;

122



using labor /; and an imported intermediate input M; using a Cobb-Douglas technology:
yi = ARINT MITONT (2.19)

where A is aggregate productivity and ayr € (0, 1) is the output elasticity of labor. Demand for
each variety is y; = A; (pi/pnt) ™7 YNT-
Firms must borrow to finance input expenditures in advance. The working capital

requirement, which applies to both the wage bill and the import bill, satisfies:
Fiw =wnrh;, Fim =puM,. (2.20)

The working capital requirement for each input carries its own composite financing cost, R; w
and R; p respectively. A key innovation of our framework is that firms optimally choose both the
bank and the currency of borrowing for each input — and crucially, the currency composition of
financing needs may differ across inputs. These choices are central determinants of the effective
interest rate, R; w and R; j7, faced by the firm for each input which we characterize in detail in

Section 2.5.3. The effective cost of employing each factor, inclusive of financing, is:
wi =wnr(1+60R;w), pim =pu(1+6R;m). (2.21)

The firm maximizes profits I1; = p;y; —w;h; — p; y M; subject to the production technology and

demand. Cost minimization for a given y; yields the unit cost function:

1 { w: \oNT =~ l-ant
meinr = — | —- P . (2.22)
A \ant I —ant

Under monopolistic competition, the optimal price is a constant markup y over marginal cost:

pi=H-— (2.23)

1 (WNT(l +Riw) )QNT (PM(l +Ri,M))1_aNT
A b

anT 1 -anr
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and the demand for each factor is.:

anT 1 _ (I-anp) 1
— PiYi, I —

h=—m7— = —DiVi.
" wnr(1+ Riw) Yoo+ R

(2.24)

Financing costs act as a wedge on effective input prices, inflating the cost of each input by
the input specific borrowing cost. A firm facing higher financing costs therefore demands fewer
inputs, linking financial conditions to production decisions. Importantly, since the financing
composite for imported inputs may differ from that of labor—reflecting the firm’s currency
and bank choices—financing distortions need not affect both inputs symmetrically, potentially

affecting the input mix.

Tradable sector
The tradable sector consists of a representative, perfectly competitive firm that takes the

world price pr as given. Production follows a Cobb—Douglas technology:
yr=AhST MO, (2.25)

As in the non-tradable sector, the firm must finance its wage bill and imported inputs in advance,
facing composite borrowing costs Ry w and Ry s, respectively. Under perfect competition, price

equals marginal cost, implying the following factor demand schedules:

ar (1 - Q’T)
hr = ————— , Mr= ——F— . 2.26
"= r (% Rew) pPTyT = o (L Rar) PTyT (2.26)
Market clearing in the tradable sector requires:
yr=cr+X, (2.27)

where cr denotes domestic demand, determined by household consumption choices in (2.16),

and X denotes exports. We assume foreign demand is perfectly elastic at the world price pr.
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2.5.3 Financing Structure

Firms must finance their expenditure on each input prior to production. For each input,
financing is organized in three steps. First, firms choose how to split total financing between
bank credit and other external sources. This decision follows a CES structure and is common
across inputs. Second, conditional on using bank credit, firms choose how to finance each input
using peso- and dollar-denominated loans. The elasticity of substitution at this stage governs
how easily a given input can be financed using one currency rather than the other. We allow
this elasticity to differ across inputs, capturing that some expenditures are more tightly linked
to foreign-currency financing. Third, for each currency, firms allocate borrowing across banks.
Loans from different banks are imperfect substitutes and are combined through a CES aggregator.
This allocation depends only on the currency-specific borrowing rate offered by each bank and
does not vary across inputs.

Taken together, the financing structure is a three-layer CES nest: firms choose between
bank and non-bank finance at the top level, determine the currency composition of bank borrowing
at the intermediate level, and allocate borrowing across banks within each currency at the bottom

level.
Bank Credit versus Other Finance

For each input k € {W, M}, total financing is a CES bundle of bank loans L; ; and other

non-bank related direct finance OF; ;:

S
5-1]38-1

161 1 el
Fix= w;LiJ‘z +(1—wB)60I7l.Jf , (2.28)
where wp is the preference for bank credit and ¢ is the elasticity of substitution between bank
credit and other finance. For notational simplicity, we assume that wp does not differ across the

input purposes of financing.
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The composite interest rate for each k is the CES price index

14+ Rig = [a)B (1+ri04) "+ (1-wp) (1 +ri,op)“5] , (2.29)

=

where r; 1 i 1s the composite bank lending rate for input k, that depends on interest rates of the
banks the firm is connected to, and r; o is the rate on other external finance, assumed exogenous.

The share of financing sourced from bank credit for input k is

SiLk=w
i,L.k B ( 1+ Ri,k

and the bank loan demand for input k satisfies L; x = S; 1« Fi k. The cheaper bank credit is relative

to alternative financing, the more the firm tilts its financing structure toward bank borrowing.
Peso versus Dollar Bank Credit

Conditional on using bank credit, firms choose the currency composition of borrowing
separately for each input k € {W, M }. Bank credit for input k is a CES aggregate of dollar- and

peso-denominated loans:

Kl
1 K=l K=l ] -1

e K 1 K
Lix = |w} (LngD) (1 —wp) (Lf]fs) , ) (2.31)

The parameter wy governs the baseline dollar intensity of financing input k, while x; governs the
elasticity of substitution between dollar and peso credit for that input.

A higher w; means that, holding relative borrowing costs fixed, dollar credit is more
useful for financing input k. By contrast, x; determines how easily firms can substitute between
peso and dollar credit when their relative costs change. Low substitutability means that the two
currencies are not merely alternative units of account, but provide different financing services.
This is particularly relevant for imported inputs. Dollar credit may be better suited to finance

imports because foreign suppliers often invoice, settle, or require guarantees in dollars. In
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that case, peso and dollar loans are imperfect substitutes even after accounting for interest-rate
differences: a peso loan may not provide the same liquidity, collateral, or payment services as
a dollar credit line. By contrast, wage payments are made domestically and in pesos, making
peso and dollar credit more interchangeable for financing the wage bill, apart from exchange-rate
risk and regulatory constraints. The model captures these differences through input-specific
parameters.

The weights wy allow imports to have a higher baseline reliance on dollar credit than
wages. The elasticities ki allow the ease of substitution between dollar and peso borrowing to
differ across inputs. Thus, the framework can accommodate both a higher average dollar share
in import financing and a heterogeneous ability to replace dollar credit with peso credit when
financing different aspects of production.

The composite bank lending rate for input k is

1

1-« 1—kp | T=xg
1+r,~,L,k:[wk(1+rUSD) k+(1—a)k)(1+rPES) "] ‘) (2.32)

i i

Uus

i

where V5P and rf) ES are the composite interest rates that firm i faces for dollar and peso loans,
respectively. These rates depend on the portfolio of banks from which the firm sources credit in

each currency. The corresponding currency-specific loan demands are

1+7USD\ ™ 1 4+ PES)
LUSD :wk(ﬁ’“) Lix, L7 =(1-wp) m Li. (2.33)
1,L, 1L,

Aggregating across inputs, total firm-level borrowing in each currency is

LlySD _ LIW,USD +LZM,USD’ LlpES _ L?/,PES+LI{14,PES_ (2.34)
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Allocation across Banks

For each currency ¢ € {USD, PES}, firm i’s total demand Lf 18 sourced from banks via a

competitive CES aggregator:

Lf=

1 ot ]
YsalLh) | (2.35)
b

The parameter £ governs the elasticity of substitution across loans from different banks. The
weights s;, > 0, with )}, s;, = 1, represent the strength of the lending relationship between
firm i and bank b, assumed common across currencies. The CES structure captures imper-
fect substitutability across bank loans due to frictions in switching and relationship-based
intermediation.

The effective interest rate firm i faces in currency ¢ is

=
1+I’f= [Zsib(1+ri)l—g]1 | 236)

b

and the demand for loans from bank b in currency ¢ satisfies:

1+70\°
LY, = sip (1 ri{) LY Vib,t. (2.37)
2.5.4 Banking Sector
Banks are indexed by b € {1,...,B} and operate under monopolistic competition in

the loan market. Each bank sets currency-specific lending rates, taking as given the demand

schedules generated by firm-level loan aggregators. Banks maintain separate balance sheets for
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peso and dollar operations:

L}F =DJES + NJES, (2.38)

LUSD = pUSD 4 K, + NUSP, (2.39)

where Df; denotes deposits, N]‘; denotes wholesale funding in currency ¢, and K}, is bank equity,
which we allocate to the dollar book. Dollar deposits include the amnesty-induced inflow:

ADYP = D50 —Dy>”, = Amnesty Funds,. (2.40)

To capture how bank funding composition affects lending behavior, we assume that
wholesale funding costs decline with deposit liquidity. This is consistent with evidence that
wholesale funding becomes more expensive as the deposit base erodes. The marginal cost of

funds is currency specific:

pPesos
MC[ES = 1+r*’PES—¢PES# +p, (2.41)
b
DUSD
b

where r*!

are exogenous base rates, p is a risk premium, ¢ysp governs the sensitivity of dollar
funding costs to dollar deposit scarcity, ¢pgrs governs the sensitivity of peso funding costs
to peso deposit scarcity, and Bi denotes a currency-specific benchmark liquidity level. The
currency-specific benchmarks allow the model to capture that peso and dollar wholesale funding
markets may evaluate bank liquidity differently. Peso wholesale funding is sourced domestically,
through interbank markets, central bank facilities, and local institutional investors, so its cost
depends on the bank’s peso liquidity position. Dollar wholesale funding is instead obtained

from international counterparties, such as correspondent banks, which potentially place greater

weight on the bank’s foreign-currency liquidity. To align the model with our empirical exposure
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measure, we set the dollar benchmark to pre-amnesty total deposits, BgSD = Dgoptr“el Under this

normalization,

ADYSP
AMC,PP = _¢USDW =—duspSh- (2.43)

b,pre

Thus, dollar deposit inflows lower dollar funding costs in direct proportion to the empirical
exposure Sp, while changes in peso deposits do not mechanically affect dollar rates. This
specification should be interpreted as a reduced-form normalization that preserves the mapping
between the model and the identifying variation in the data. Monopolistic competition in the

lending market implies that optimal loan rates are set as a constant markup over marginal cost:

PES
1+7PES = = |14+,5PES _ g D”—+ (2.44)
b T oo PESBPES Pl :

b
: Dy
1+r,€]SD:8_1 1+r*’USD—¢USDW+p . (2.45)
b

These expressions imply cross-bank heterogeneity in lending rates, driven by differences in
deposit liquidity across currencies. Banks with greater deposit funding in a given currency face
lower marginal costs and therefore offer more favorable lending rates in that market segment.

Aggregating across borrowers, total credit demand faced by bank b in each currency is given by:
s s s s
LYSP =" LGP, LpES =) LGES, (2.46)
i i

Total lending by bank b is then

Ly=LYP +LVES. (2.47)
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2.5.5 Market Clearing and Aggregation

We close the model by imposing market clearing conditions and defining aggregate

variables. Labor markets clear in each sector:

1
hyny = Zh,-, h = hyy + hr. (2.48)
i=1

Non-tradable goods markets clear variety by variety, ¢; y7 = y; for all 7, which implies cyr = ynT
in aggregate.

Total imports equal the sum of imported inputs used by all firms:
I
M= > M;+M¥. (2.49)

i=1

The balance of payments equates net exports to net financial outflows:

USD

pr(yr—cr)—puM= Z [r*’USD ~ dusp—— | NYSP, (2.50)
b

By,

where the right-hand side captures interest payments on dollar-denominated wholesale funding.

Nominal GDP is given by the sum of domestic absorption and the trade balance:

pGDP =pc+pr(yr—cr)-puM. (2.51)

Normalizing pr = py = 1, real GDP in units of the final consumption bundle is

GDP =4 Q1= =M (2.52)
p
With tradable prices normalized to one, the real exchange rate is given by
1
rer=2L = 2 (2.53)
p P

131



Using this definition, real GDP can be expressed as

GDP =c+rer [(yr—cr) - M]|. (2.54)

2.5.6 Equilibrium

Given the deposit shock {Amnesty,};, the external financing rate r; or, bank equity
{Kp}», and parameters, an equilibrium consists of prices {p;, pn1, P17, P> WNT, WT }, Interest rates
(rUSD pPES LUSD .PES

b s s T 0 Lk Rik b, and real allocations {y;, hi, M, ¢i Nt e, ¢, hy yr, hr, MT, X,

Lé’

b Lf’ o Ng} such that all agents optimize and all markets clear.

2.5.7 Mapping Empirical Estimates to Structural Objects

We use the model to derive structural expressions for the reduced-form coefficients
estimated in Sections 2.4.2 and 2.4.3. To simplify notation, we show derivations assuming an
initial equilibrium with symmetric rates (ryS? = r}25 = r; o = 7 for all b and all i), however,
in the quantitative exercise we allow for a wedge between peso and dollar rates, as well as
heterogeneous baseline bank rates, consistent with the context that we study. Throughout this

section, we drop the distinction between tradable and non-tradable firms and we denote the

production-weighted average dollar preference by
o=awy+(l1-a)wy (2.55)

where ww and w), are the dollar preferences in the wage and import bank financing aggregators,

respectively, and a denotes the labor share. As mentioned earlier, we set the benchmark level of

Total

deposits By, to the pre-amnesty level of total deposits B, = D et

For small r, this implies that
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the change in the bank-level dollar rate between the pre- and post amnesty shock satisfies:

ADUSD
din(1+ rgSD) ~ a’rgSD =—dusp b

otal
D{” (2.56)

= —¢usp X Sp,

where §;, matches the measure of bank-level exposure employed in Section 2.4.

Bank Lending Channel
We log-linearize the bank—firm loan allocation equation to isolate the effect of dollar
deposit shocks on credit supply within the dollar segment of the credit market. The model-

analogue for the bank lending channel regression is:
dInLY%P =g gysp Sp+ i +eip. (2.57)

This expression captures how bank-level funding shocks translate to within-firm credit
reallocation across lenders. Conditional on firm-level credit demand and aggregate financing
conditions, banks receiving larger dollar deposit inflows reduce their lending rates and expand
dollar credit supply to a given firm. The strength of this reallocation depends on two key
parameters: the elasticity of substitution across banks, &, and the sensitivity of dollar lending
rates to bank liquidity, ¢ysp.

To connect this expression to our empirical specification, we exploit the assumption that
the change in peso lending rates is common across banks. As a result, changes in equilibrium

peso lending to a given firm are spread homogeneously across banks,
dInLiES = dn LPES, (2.58)

and are absorbed by firm fixed effects. Identification therefore comes entirely from

variation in dollar lending rates across banks within a firm. Because our data do not separately
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measure lending by currency at the bank—firm level, we work with total lending L;;, = L%S D, LSjE S

A first-order approximation around the initial equilibrium yields:
dinL;, = a_)8¢USD Sp+4;+ep, (259)

where @ denotes the baseline share of dollar lending in total bank credit. This rescaling relative
to expression (2.57) reflects that the deposit shock operates only through the dollar segment of
lending, so its effect on total credit is proportional to the initial weight of dollar-denominated loans.

Equation (2.59) provides a direct mapping to our empirical bank lending channel regression:

BPEC = e dusp. (2.60)

Firm Borrowing Channel

The response of total bank credit at the firm level reflects two distinct margins: (i) an
expansion in overall financing needs driven by higher production, and (ii) a reallocation from
other external finance toward bank credit as the cost of bank credit declines. The model-implied

analogue of the firm-borrowing regression is:
dlogL,-:/1+¢U5Da_) [O'U)B+5(1—Q)B)]Si+ei, (261)

where A is an intercept that captures general-equilibrium effects common across firms.

The implied elasticity is therefore:
B =pusp@ [cwp+6(1-wp)]. (2.62)

The first component, o wp, captures the scale effect: lower borrowing costs reduce marginal costs
and prices, increasing demand and, in turn, financing needs. This channel is stronger when goods

are more substitutable, as a given price decline translates into a larger expansion in firm-level
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output. The second component, ¢ (1 —wp), captures substitution across financing sources. As
bank lending rates fall relative to other external finance, firms reallocate borrowing toward banks.
This effect is stronger when bank credit and other external finance are close substitutes (i.e.
higher §). Both margins are scaled by the baseline dollar exposure @, reflecting that the deposit
shock operates through the dollar component of bank lending. As a result, the pass-through from
bank-level funding shocks to firm-level borrowing is proportional to the initial importance of

dollar-denominated credit in firms’ financing structure.

Currency Composition Channel
We next characterize how firms adjust the currency composition of their borrowing in
response to the shock. The change in the share of dollar credit can be decomposed into two

distinct channels:

qud
din|——]=21-> 0“9 (1-wy)dIn(1+r"7) + (09— ]dInLE  +e;  (2.63)
)2 2

Within-input substitution Differential FBC across inputs

where @y denotes the output share of input k (i.e. @ and (1 — «@)). Here, std = 2% denotes the
share of input & in total dollar borrowing, so that the term (9‘,?“1 — ) captures whether input k&
is more or less dollar-intensive than predicted by its participation in production.

The first term captures within-input substitution: as dollar borrowing becomes cheaper,
firms tilt the financing of each input toward dollar-denominated credit. The strength of this
channel is governed by the elasticity of substitution across currencies, kj, and the baseline reliance
on peso financing, 1 —wy. The second term captures across-input reallocation. When inputs
differ in their dollar intensity, changes in the composition of production and financing needs
affect the overall currency mix of borrowing. In particular, if inputs that are more dollar-intensive
expand more in response to the shock, the aggregate share of dollar borrowing increases even

absent within-input substitution.
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Substituting for d In Lf yields the following estimating equation:

LI.“d
dln( lL ):/H‘PUSD [ZQZSde(l—wk)+Z(st‘l_ak)wk(; Si+e; (2.64)
k

i 3

where A captures general-equilibrium effects common across firms. The implied elasticity is

therefore:

B = pusp [Z O (1—wi) + ) (04 - ar) wi 5] (2.65)
k k

When inputs have identical dollar intensities (wy = w), the across-input channel is absent. If

substitution across currencies is also homogeneous (ki = k), the elasticity reduces to:

BC€ = pusp k. (2.66)

Intuitively, the share of dollar credit responds more when it is easier to substitute bank credit

denominated in different currencies.

Input Demand

We next characterize the response of firm-level input demand to the deposit shock. The
responses of employment and imported inputs combine two channels. First, the shock lowers
average financing costs, reduces marginal costs, and expands output. This generates a scale effect
that raises demand for both inputs. This is the same scale effect analyzed for the firm borrowing
channel. Second, when imports and wages differ in their dollar financing intensity, the shock
changes their relative effective costs which generates a substitution effect. If imported inputs
are more dollar-intensive than wage payments, the decline in dollar borrowing rates lowers the

effective cost of imported inputs by more than the effective cost of labor, inducing substitution
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toward imports. The model-implied elasticities for each input are:

B = puspwpod+puspwp(l—a)(ww —wy), (2.67)
scale effect substitution effect

B = puspwpod+uspwpa(wy —ww), (2.68)
scale effect substitution effect

The scale effect is common across inputs and increasing in the elasiticity of substitution o, as
discussed for the firm borrowing channel. The substitution effects have opposite signs across
inputs. When wj; > ww, imported inputs benefit more from the decline in dollar borrowing costs,
so firms substitute toward imports and away from labor, holding the price of each input fixed.

The difference between the import and employment elasticities isolates this relative-cost channel:

B = BEMP = pyspwp(wp — ww). (2.69)

This gap is strictly positive if import financing is more dollar-intensive than wage financing.
These expressions are derived around the symmetric benchmark. Outside this benchmark, the
elasticities also depend on the initial peso—dollar interest rate wedge and on the elasticity of

substitution between peso and dollar credit for each input.'

4Qutside of the symmetric equilibrium, the expression for these elasticities is given by:

Awl(d-g)e—llow Au(1-0)(1-a)om

w usd
= - wp X
IB ¢ B ww+(1—ww)A"$d a)M+(1—u)M)AX;d

Ayl(l-0)(1-a)-1]oy Aw (1 —0)aww

M usd
= —¢" %0 %
p ¢ i wp + (1 —wpr) A4 ww + (1 - ww)Alsd

4 Lo pPES \ 17K L4fM\1-6 LW\ 1-6

H usd _ r _ i _ i .

with Ap4 = (1+FUSD) , Ay = (W) and Ay = ( W ) . Throughout, a bar over an interest rate
L 1

denotes its value in the initial equilibrium, before the deposit shock.
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Identifying structural parameters

Collecting the previous elasticities, the model implies that:

BEEC = pyspare (2.70)
B = pyspdowp+6(1-wp)] 2.71)
BEC = pusp ZQZSde(l - wy) +Z (6459 — ) wy 6 (2.72)

k k

BE"™ = ¢ysp wp [ww + (00— @] (2.73)

B = ¢ysp wp [wy + (0~ 1)) (2.74)

Since ¢ysp enters all moments multiplicatively, ratios of estimated responses identify the
substitution parameters &, 9, kw, and k7, while the absolute scale of any single moment recovers
¢usp. Outside the symmetric equilibrium, the employment and import elasticities also depend on
kw and ks through the initial peso—dollar interest rate wedge, providing the additional variation
needed to identify the currency-substitution elasticities given & recovered from 878, This gives a
system of five moments in five parameters. In practice, identification of ;s is weak because import
financing in Argentina is heavily concentrated in dollars, leaving little currency-composition
variation on that margin. We therefore fix x); = 1 and estimate (¢ysp,€,d, k) by minimum

distance targeting all five moments, with B¢ providing an over-identifying restriction.

2.5.8 Calibration

We calibrate the model to reflect the structural and financial characteristics of the
Argentine economy using a combination of administrative data and aggregate national accounts.
Parameters are grouped into four categories: non-bank parameters, banking sector parameters,
loan allocation weights, and steady-state ratios. Table 2.8 reports the values and sources. All

variables are expressed in real terms and reflect pre-amnesty averages.
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We set o, the elasticity of substitution across firm varieties, to 7 which implies a 15%
steady-state markup. For the Frisch elasticity, i, we consider three alternative values to assess
the sensitivity of our results to labor supply responses.

We calibrate production elasticities using the observed input cost shares. With a
Cobb—Douglas technology, output elasticities correspond to cost shares evaluated at marginal
cost; in our setting, this would ideally include financing costs. In practice, we approximate these
elasticities using expenditure shares on labor and imported inputs, abstracting from financing
costs due to the lack of input-specific interest rate data.!> Specifically, we group non-importing
firms and importing firms that do not export into the non-tradable sector and compute the
aggregate share of the wage bill in total input expenditures to discipline ay7r. We then apply the
same procedure to exporting firms to calibrate a7.'%

We calibrate the parameters that govern the composition of firm financing as follows. We
use firms that do not import or export to discipline wage-financing parameters. For these firms,
bank borrowing primarily reflects wage financing, so the ratio of credit to the wage bill identifies
the bank-financing intensity for labor, wp w, while their dollar share of borrowing identifies the
currency composition of wage financing, wy. We then turn to importing firms, for which total
credit finances both wages and imported inputs. Using data on their total credit, wage bill, and
imports, and imposing that the wage-financing intensity is the same as for non-importers, we
back out the bank-financing intensity of imports, wp ps. Finally, combining these objects with
the observed dollar share of borrowing among importers, we recover the dollar share of import
financing, wyy, as the residual that reconciles the aggregate currency composition of credit with

its decomposition into wage and import financing. This procedure relies on the assumption

5By omitting domestic intermediates and calibrating using only labor and imported inputs, we effectively
normalize the cost shares over a reduced set of inputs. This implies that the levels of both elasticities are inflated
relative to their true values, as the denominator excludes the share of domestic intermediates. However, the relative
importance of labor versus imported inputs is preserved, with a Cobb-Douglas technology.

16Using raw expenditure shares instead of financing-inclusive cost shares introduces a potential bias. If the
effective financing wedge is higher for wages than for imports, this procedure understates the labor elasticity a,
while the opposite holds if the effective financing wedge is higher for imports. Because imports may face lower
interest rates but a larger fraction of expenditures requiring financing, the direction of the bias is theoretically
ambiguous.
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that differences in credit intensity across firms arise from input composition rather than from
systematic differences in financing needs across firm types.

We solve the model for B =4 and I = 100. We calibrate the exposure of each bank as
follows. In the data, we rank banks by exposure and bin them into four groups, each accounting
for one fourth of total lending at the start of the tax amnesty. This leaves us with four bank
types. We then rank firms by exposure and bin them into 100 firm types, each accounting for one
percent of total lending. For each firm bin, we compute the share of lending from each bank type
at baseline and compute bin-level exposure as in the empirical section. We choose equal weights
for each firm-bin in the consumption index.

The rest of the banking parameters are set as follows. We calibrate the shares of deposits,
equity, and whole-sale funding using bank-balance sheet data. During the period of analysis,
deposits made up 70% of aggregate bank funding and equity an additional 10%. Since we do not
have precise data on foreign whole-sale funding, we calibrate it as the residual 20%. We assume
equal balance-sheet composition across banks before the amnesty.

We model the tax amnesty as an exogenous increase in aggregate deposits that accrue
to individual banks with heterogeneous intensity. We calibrate the size of the shock to match
the aggregate increase in deposits, both as a share of GDP and as a share of bank funding, and
its distribution across banks as explained above. We hold all other exogenous variables fixed at

l

their pre-amnesty levels, this includes the baseline interest rates 7** in each currency, bank-level

equity Kp, the interest rate on external finance r; o, and aggregate productivity A.

2.5.9 Aggregate Effects of the Financial Channel of the Tax Amnesty

We use the model to evaluate the aggregate effects of the credit supply shock caused
by the Tax Amnesty. We simulate an exogenous increase in bank deposits, consistent with the
observed inflows during Argentina’s 2016 tax amnesty. The model captures how this liquidity
expansion affects loan supply, interest rates, firms’ currency composition, input demand, and real

activity through general equilibrium adjustments.
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Table 2.8. Calibration.

Symbol Description Value Source
Household Block
1/y Frisch elasticity of labor supply varies Sensitivity analysis
0% EoS between tradables and non-tradables 0.5 Gonzalez-Rozada et al.
(2003)
o EoS across varieties 7 Mark-up of 17%
A; Firm i weight in consumption index 1/1 Normalization
ANT Weight of non-tradables in consumption 0.77 National Accounts
Production Block
aNT Labor share in non-tradable production 0.93 Cost share data
ar Labor share in tradable production 0.79 Cost share data
WB.NT Share of bank credit in financing - 27 Credit registry
Non-tradables
WB.T Share of bank credit in financing - Tradables Sl Credit registry
WkK,NT USD share in k’s financing - Non-tradables .05(91) Credit registry (See text)
Wk.T USD share in &’s financing - Tradables .05 (.95) Credit registry (See text)
Sib Bank-firm loan shares Credit registry
Kk EoS across currencies for financing input & 3.5(1) Estimated (See text)
& EoS across banks 7.5 Estimated
0 EoS across bank and other finance 6.75 Estimated
Bank Block
$usp Sensitivity of dollar funding costs to deposits ~ 0.85 Estimated
Sp Bank exposure to amnesty inflows varies by bank Bank balance sheet data
peUSD Baseline wholesale dollar funding rate .04 Average real dollar rate
roPES Baseline wholesale peso funding rate .08 Average real peso rate
By, Benchmark liquidity level varies by bank Total deposits pre-shock
Macro Aggregates
Qx Share of exports in GDP 0.12 National Accounts
Qpy Share of imports in GDP 0.12 National Accounts
Qc Domestic absorption to GDP 1 Normalization

Note: EoS denotes elasticity of substitution. The set of parameters Q¢ It Qx,Qpr, Q¢ are required to solve
the model using hat algebra.

In the baseline calibration, we set the inverse Frisch elasticity to one and estimate the

structural parameters to match the reduced-form elasticities as described in Section 2.5.7. The
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model implies that the tax-amnesty deposit shock increased bank loans by 6.4% and GDP by
.91%. This corresponds to an output-to-loans elasticity of 0.14. As a benchmark, we also report
a back-of-the-envelope calculation that applies a general-equilibrium multiplier of one to the
reduced-form employment and import elasticities, weighted by their initial-equilibrium cost
shares, implying a GDP increase of 2.1%, larger than the model-implied effect.

Table 2.9 reports the fit of the five targeted moments at the estimated parameters. The
model matches the bank lending channel, firm borrowing, currency composition, and employment
elasticities to within 0.05. The largest discrepancy is on the import elasticity, which the model
undershoots by 0.14. Raising «y to 7 (i.e. setting it equal to &) closes only part of this gap,!”
suggesting the model may be missing an extensive margin of import adoption or understating

substitutability between domestic and imported inputs in production.

Table 2.9. Moment Fit.

Moment Target Model  Gap

Bank lending channel (332€) 1.070 1.070 —0.000
Firm borrowing (375) 0.970 1.011 +0.041
Currency composition (8€€)  0.600 0.577 —0.023
Employment (3£P) 0.170 0.185 +0.015
Imports (3/"P) 1.230 1.089 -0.141

Note: The table reports the targeted reduced-form moments, the model-implied values at the estimated
parameters (¢ysp,e&,d,kw), and the gap between the two.

Table 2.10 reports the baseline results and a set of counterfactual simulations, organized
in three groups. The first group varies the currency-substitution elasticity for wage financing, k.
The second group varies labor supply flexibility through the Frisch elasticity. The third varies
the degree of openness. Together, these exercises characterize how the real effects of a dollar
liquidity shock depend on the supply-side margins available to firms.

One key margin in the model is how easily firms can substitute between peso and dollar

17Setting «ps = 7 at the baseline calibration changes GDP from 0.92% to 0.94% and raises the model-implied
import elasticity from 1.09 to 1.11.
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credit when financing wage payments. Because import financing is already heavily dollarized at
baseline, the currency-substitution elasticity for imports k,; has little scope to operate, and we fix
it at the Cobb-Douglas limit of one. The interesting variation is therefore in xy, which governs
how much of the decline in dollar borrowing costs is transmitted to firms’ effective cost of hiring.

The baseline estimate of xy = 3.5 implies that firms have moderate ability to substitute
toward dollar credit when financing wages, and the model implies a GDP increase of .92%. To
assess how much this margin matters for aggregate transmission, we consider two alternative
scenarios. Setting k ~ 1 (i.e. Cobb-Douglas) which implies firms maintain fixed currency
shares in wage financing and the dollar shock passes through only via the initial dollar exposure
ww. In this scenario, GDP increases by .81%. At the other extreme, setting ky = € ~ 7 makes
peso-dollar substitutability for wage financing as high as substitutability across banks and results
in a GDP increase of 1.12%. The range of .8 to 1.12 percentage points across these three scenarios
indicates that the currency-substitution margin on the wage side is a quantitatively important
determinant of aggregate transmission.

We next ask how the aggregate response varies with the supply-side elasticity of the
economy, holding the financial structure fixed at the baseline. Two parameters govern this
elasticity: the Frisch elasticity of labor supply and the degree of openness.

A higher Frisch elasticity allows the labor market to accommodate the expansion in firms’
hiring demand with smaller wage adjustment, amplifying the quantity response. Reducing the
inverse Frisch elasticity from one to two-thirds dampens the GDP response from .91% to .78%.

Openness plays an analogous role through the imports margin. When the economy is
more open, firms can expand production by drawing on imported inputs supplied at fixed world
prices, making the effective supply of production inputs more elastic. This is the open-economy
counterpart to a high Frisch elasticity: both increase the responsiveness of output to a given
reduction in financing costs. Reducing openness from (X + M)/GDP = 0.24 to 0.10 lowers the
GDP response to .45%, as firms become more reliant on domestic labor for expansion and the

tighter labor market constrains the output response.
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Table 2.10. Simulation Results: Aggregate Effects of the Tax Amnesty.

Currency Substitution Labor Supply Openness

kw=1 «kw~3(Baseline) «xy=e~7 1/y=2/3 (X+M)/GDP =0.10

Back-of-the-envelope (M = 1) 2.1%

GDP 0.81% 0.92% 1.12% 0.78% 0.45%
Tradable output 2.15% 2.10% 1.98% 1.91% 0.99%
Non-tradable output 1.08% 1.25% 1.58% 1.13% 0.56%
Tradable/Non-tradable output 1.99 1.68 1.25 1.69 1.76
Bank loans 6.12% 6.40% 6.93% 6.24% 3.80%
Y /L elasticity 0.13 0.14 0.16 0.13 0.12

Note: The table shows percentage changes relative to the initial steady state following the tax-amnesty
deposit shock.

Overall, the simulations suggest that capital inflows associated with asset repatriation can
have non-negligible aggregate effects when the financial system intermediates them into credit.
The magnitude of the response depends on the currency-substitution margin available to firms
for wage financing, the flexibility of labor supply, and the degree to which firms can substitute
toward imported inputs at world prices. The latter two operate symmetrically as supply-side

elasticities that amplify or dampen the transmission of financial shocks to real activity.

2.6 Conclusion

This paper identifies a new channel through which tax amnesties affect the economy: the
financial channel. When designed to encourage asset repatriation, these policies can expand the
financial sector, especially in underdeveloped credit markets. We study Argentina’s 2016 Tax
Amnesty, one of the largest in history, and show that the inflow of hidden assets into domestic
banks increased credit supply. Banks more exposed to these inflows expanded lending, which in
turn improved firms’ access to credit. This facilitated firm growth, as more exposed firms raised
imports, exports, and employment.

The structural model we develop clarifies the mechanism behind these effects. By allowing

repatriated assets to strengthen domestic bank balance sheets, tax amnesties expand the supply
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of credit, which then relaxes firms’ access to credit. In our preferred calibration, the resulting
credit expansion translates into a real GDP gain of around .9%, highlighting the macroeconomic
significance of the financial channel. This mechanism provides a new rationale for implementing
tax amnesty policies—beyond their direct fiscal impact—particularly in economies where credit
markets remain shallow.

Taken together, our findings reveal that tax amnesty policies can stimulate economic
growth by expanding the financial sector, demonstrating effects beyond their direct fiscal impact.
These results are particularly relevant for countries with underdeveloped financial systems, where
the potential for growth through improved access to capital is significant.

The financial channel of tax amnesties has two main policy implications. First, it highlights
an additional benefit that should be considered when evaluating such programs. Second, it
suggests that policymakers should design incentives not only to encourage disclosure of hidden
assets but also to promote their repatriation into domestic banks.

These findings have broader implications beyond tax amnesties. They demonstrate
that sudden liquidity shocks, particularly in foreign currency, can materially influence credit
availability, firm growth, and aggregate economic activity. These inflows disproportionately
benefit firms engaged in international trade. Policymakers should consider both the incentives
for asset repatriation and the potential effects of capital inflows on the domestic financial system

when evaluating macroeconomic policy tools.
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Chapter 3

Why are Some Recoveries Weak and Oth-
ers Strong?

3.1 Introduction

The recoveries from the 1990-1, 2001, and 2007-9 recessions have been weak. The blue
bars in Figure 3.1 show that private domestic demand' grows by only 2.2% on average in the
four quarters following these recessions, much less than the 8.4% average growth rate in the four
quarters following other recessions. The red bars show that growth after each of the 1990-1,
2001, and 2007-9 recessions is also weak relative to the pre-recession trend, computed as the
annualized growth rate from the last business cycle peak to the current business cycle peak. This
contrasts with the strong recoveries from the other recessions, in which recovery growth exceeds
the pre-recession trend. This paper asks why are the recoveries from the 1990-1, 2001, and
2007-9 weak—recovery growth is below the pre-recession trend—and why are recoveries from
the other recessions strong?

A range of explanations have been put forward to explain why some recoveries are
weak: Bad luck (Gali et al., 2012), investment boom-bust cycles (Beaudry et al., 2018; Rognlie
et al., 2018), credit boom-bust cycles (Jorda et al., 2013), different sectoral incidences of shocks
(Beraja and Wolf, 2022), changes in beliefs (Kozlowski et al., 2019, 2020), the secular decline in

manufacturing (Leamer, 2021), hysteresis (Benigno and Fornaro, 2018; Garga and Singh, 2021;

!The sum of consumption expenditures and private investment.
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Note: The post-recession growth rate is the growth rate of private domestic demand (consumption
expenditures plus private investment) for the four quarters after the recession trough. The pre-recession trend is the

annualized growth rate between the prior business cycle peak and the current business cycle peak, except for 1948-9
where the trend is linearly extrapolated from 1947Q1-1948Q4.

Figure 3.1. Growth of Private Domestic Demand after Recession Trough.
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Reifschneider et al., 2015), and an exogenous slowdown in trend growth (Fernald et al., 2025).

These theories imply different counterfactual paths for output. Figure 3.2A illustrates
these counterfactuals around a hypothetical GDP path similar to the Great Recession. Hysteresis
or changes in beliefs due to the recession imply a persistent gap between realized GDP and
its counterfactual path absent the recession. An exogenous slowdown in trend growth instead
implies that growth would have been weak even absent the recession. We also expect the
counterfactual and realized GDP path to converge as bad luck eventually ends. And boom-bust
explanations imply that GDP was high before the recession, and through the recession converges
to counterfactual GDP.

Distinguishing between these theories is difficult because the counterfactual path of output
is unobserved. Common strategies to recover aggregate counterfactuals include extrapolating
from existing trends (e.g., Blanchard et al., 2015), extrapolating from other countries or past
recessions (e.g., Jorda et al., 2013), or using a structural model to infer shocks and counterfactuals
(e.g., Gali et al., 2012). That disagreement about the correct counterfactual remains reflects that
each of these methods embodies important trade-offs. Trend extrapolation holds fixed the country
and the recession, but must assume that the trend continues on its existing path. In practice,
trend extrapolations are sensitive to the chosen horizon (Ball, 2015), and would be invalid under
some theories such as boom-bust cycles or if aggregate output is non-stationary. In comparing a
recession to past recessions or across countries one needs to determine which differences need
to be controlled for in order to generate a valid counterfactual (Howard et al., 2011). Finally,
structural models may imbue the researchers priors, such as over what mechanisms are most
important, as well as model misspecification in the analysis (Kehoe et al., 2018).

Figure 3.2B shows that regional data can help uncover the underlying counterfactual and
thereby discriminate between theories for weak recoveries. For simplicity, suppose that there are
two regions, one is completely exposed and one is completely unexposed to the recession. If the
two regions are on parallel trends absent the recession, then the unexposed region provides the

correct counterfactual for the exposed region.
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Aggregate GDP

Treatment Effect: Aggregate GDP — Counterfactual
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Regional GDP

Quarters Quarters

(A) Aggregate Counterfactuals. (B) Regional Identification.

Treatment Effect: Exposed — Unexposed (norm. at P)

Boom-Bust Boom-Bust
Hysteresis Hysteresis.
Change in Beliefs Change in Beliefs
P T T+h P T T+h
Quarters Quarters

(C) Aggregate Recession IRF. (D) Relative Recession IRF.

Figure 3.2. Explanations for Weak Recoveries.
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Section 3.2 formalizes identification. In a simple many-good, many-region new Keynesian
model, we show that the aggregate effects of the recession can be recovered up to scale from
the relative recession impulse response function: the relative effect on output in a region that
experiences a 1% deeper recession due to its greater exposure to the aggregate business cycle
shock compared to another region.

The model shows that the relative recession impulse response function can be estimated
with a Bartik IV strategy. In the first stage we predict relative recession depth across regions using
a cyclical Bartik that interacts regional industry shares with the cyclical component of national
industry growth, and in the second stage we use this instrumented variable to predict relative
regional growth before, during, and after the recession. If the cyclical Bartik is uncorrelated
with local demand and supply shocks as well as region-specific trends, then this IV strategy
recovers the true relative recession impulse response function, and thereby the (scaled) aggregate
recession impulse response function.

Figures 3.2C and 3.2D illustrate the identification strategy in the two-region example.
The aggregate recession impulse response function in Figure 3.2C is not directly observable and
requires modeling a time-series counterfactual. However, the relative recession impulse response
function represents the same object and can be feasibly estimated in the data by comparing more
and less-exposed regions. In more general settings, general equilibrium forces can scale up or
down the regional responses to the aggregate shock, but the aggregate recession impulse response
function can still be recovered from the relative recession impulse response function up to scale.
As the relative recession impulse response function remains informative about the aggregate
recession impulse response, it can help discriminate among theories for weak recoveries.

The cross-region approach holds two important advantages in estimating the recession
impulse response function over other methods. First, it is much more robust to trend misspecifi-
cation than time-series or cross-country panel approaches. Aggregate trends are differenced out,
so cross-regional comparisons do not require taking a stance on the stationarity of aggregate

GDP, which is notoriously difficult to determine (Stock and Watson, 1999). The construction of
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the cyclical Bartik still requires a model of industry trends, but we show that idiosyncratic mea-
surement error in industry trend growth washes out at the regional level under mild assumptions
on regional specialization. This contrasts with time-series or cross-country panel estimators that
are almost surely inconsistent under any trend mismeasurement.

Second, regional data holds the country and the recession fixed, which facilitates
identifying the dynamics of the recession. For instance, a more persistent aggregate demand
shock will induce a more persistent recession across more and less exposed regions, and thus
poses no problem for our identification strategy. In a cross-country or in a time-series setting,
two recessions may correspond to shocks with different dynamics. Consider the case in which
one recession is a -1% decline in output that lasts one year, and the other recession is a -2%
decline in output that shrinks to -1% in the following year and then to zero. Comparing these
recessions yields a scaled “treatment effect” of -1% in the first year and -1% in the second year,
and thus greater persistence than implied by either recession.

In Section 3.3 we construct the cyclical Bartik instrument based on State industry shares
from the quarterly State personal income accounts at the beginning of all post-war recessions
and combine them with detrended national industry growth rates from the NBER recession peak
to the NBER recession trough. We use leave-one-out growth rate to remove any mechanical
correlation of the Bartik with local shocks.

We illustrate how the data inform our estimates in Section 3.4 by exploiting the equivalence
between the Bartik approach and weighted GMM using exposure shares (Goldsmith-Pinkham et al.,
2020). For pre-1990 recessions the Bartik instrument loads most strongly on the manufacturing
sector. We show that States with an above-average manufacturing share experience a deeper
recession but also a stronger recovery after the national recession trough. We find a similar pattern
in the Covid recession, in which an above-average hospitality and food service share predicts
both a deeper recession and stronger recovery. In contrast, a higher construction share during the
Great Recession or higher professional services and IT share in 2001 implies a weaker recovery

despite a deeper recession. More exposed States also experience relatively strong growth prior
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to the recession. The different recession-recovery patterns suggest that the relative recession
impulse response function is different across recessions with weak and strong national recoveries.

We estimate relative recession impulse response functions in Section 3.5. For recessions
with a strong national recovery (pre-1990 and 2020), we estimate a deeper V-shape recession
in more exposed U.S. States relative to less exposed States. The more exposed States see a
larger fall in income, GDP, and employment and a larger increase in unemployment during the
recession, but then grow more quickly in the recovery compared to less exposed States. We
cannot statistically reject a complete relative recovery in these recessions, though some point
estimates suggest modest hysteresis effects.

For recessions with a weak national recovery, 1990-1, 2001, and the Great Recession, we
find that more exposed States experience a stronger boom-bust cycle. In the national recovery
phase, the more exposed States do not grow more despite their deeper local recession. However,
they do grow more quickly prior to the recession. Thus, the relative recession impulse response
function displays an inverse V-shape consistent with boom-bust explanations for weak recoveries
(Beaudry et al., 2018; Jorda et al., 2013; Rognlie et al., 2018). Again, the point estimates suggest
some modest hysteresis effects in the more exposed States relative to less exposed States, but we
cannot statistically reject that a recovery to the pre-boom trend.

Our estimates for strong national recoveries support plucking models of the business
cycle (Friedman, 1993; Dupraz et al., 2023), in which recessions are a drop in output below the
balanced growth path. For the weak national recoveries of 1990-1, 2001, and the Great Recession,
our evidence for is consistent with an “upward” pluck, in which the recession is a drop from an
unsustainable boom. To the extent that hysteresis effects are present, these are quantitatively
similar across the two types of recessions, which suggests that they are not the main driver of the
different recovery patterns.

Following Goldsmith-Pinkham et al. (2020) we decompose our relative recession impulse
response functions into the relative recession impulse response functions implied by exposure to

a particular sector and the associated sectoral weights. This allows us to test whether changes in
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the relative recession impulse response function across recessions are due to changes in recession
trajectories from particular sectoral exposures or changes in sectoral exposure weights. Across
different sectoral exposures, we find evidence of V-shaped relative recessions in more exposed
States for the pre-1990 recessions and COVID-19, and boom-bust cycles for the 1990-1, 2001, and
Great Recession. This suggests that changing recovery patterns extend beyond the manufacturing
sector emphasized by Leamer (2021). Furthermore, changes in sectoral weights play a minor
role in explaining weak versus strong recoveries.

We then show that distinguishing between the two types of recessions that we identify
matters for policy. We first show that a two-region New Keynesian model with a durable good
can match the different recession patterns in the data. Regions that produce relatively more of
the durable goods are more exposed to the aggregate business cycle, which allows us to compute
relative recession impulse response functions in the same way as in the data. Boom-bust shocks
predict a weak recovery in the model because the output in more exposed regions is inflated at the
onset of the recession and will diverge from output in less exposed regions. Shocks that induce
intertemporal trade-offs, such as monetary policy or a temporary pandemic, instead predict a
strong recovery as the recession is simply a temporary deviation from the balanced growth path.

We use the model to calculate the long-run path of the natural rate of interest R*—the
real interest rate that closes the output gap. The model predicts that boom-bust recessions are
followed by a prolonged slump in R*, whereas intertemporal shocks raise R* in the recovery.
This follows from the different dynamics of the capital stock: in boom-bust cycles the capital
stock is too high and investment too low, so aggregate demand must be supported by a period of
prolonged low real interest rates. However, following intertemporal recessions, the capital stock
is too low as investment was delayed, which implies that the recovery is supported by pent-up
demand. This shows that appropriately calibrating monetary policy in the recovery depends

importantly on a correct diagnosis of the recession.
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3.2 Model of Regional Exposure to National Recessions

We develop a multi-region, multi-good new Keynesian model, in which regions are
heterogeneously exposed to the aggregate business cycle. The main result is Proposition 3.1,
which shows that regional variation in business cycle exposure can be exploited to recover the
dynamics of the aggregate business cycle shock, and thereby discriminate among theories for
weak aggregate recoveries. The model also illustrates key benefits of using regional data for
identifying the dynamics of the business cycle shock: We impose only weak restrictions on
the relative mismeasurement of cyclical trends, whereas even iid mismeasurement of aggregate
trends will induce bias in other approaches. Furthermore, cross-regional variation by definition
loads on the common aggregate recession, whereas approaches that leverage cross-recession

variation over time or across countries are likely biased if recessions are not identical up to scale.

3.2.1 Households

A representative household maximizes utility

1 O—A L1+r]
E —1. 3.1
B0 O(Hﬁs) Yot r e
subject to the budget constraint,
> PyiCor+ B =WiLi+(1+ir1)B 1, (32)

g=1

where Cyg; is consumption of good g at time 7, Py, is its price, B, are bond holdings, L, is labor,
W, is the nominal wage, and i, is the nominal interest rate.

We assume that the household only chooses consumption goods. Labor is not a choice
variable but determined by labor demand due to sticky wages. In Section 3.2.8 we discuss an

extension of the model with hand-to-mouth consumers.
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The first order conditions for the consumption goods are,

. Py
g Cyr® = Atpi;, g=1,..G (3.3)
A = B (1 +7)Edss1, (3.4)

where A, is the marginal utility of consumption, P; is an aggregate price index, and 1 +r; =

(1+i;) PI: = is the real interest rate.
Heterogeneity in utility curvature o, makes goods differentially sensitive to aggregate
shocks. Heterogeneity in curvature o also affects the balanced growth path. In this model we

neutralize the latter impact by setting

Vgs = g Z0¢ ! (3.5)

8.t

where Z, ; is good-level productivity. This implies that in our model output of good g will grow
linearly in Z, ; irrespective of the curvature ;. We make this assumption to create a separation
between business cycle sensitivity and long-run growth across sectors. In our quantitative model

in Section 3.6, durability determines cyclical sensitivity without affecting long-run growth.

3.2.2 Regional Industry Demand

We assume a standard constant-elasticity of substitution demand system across regions

for each good,

ng

1 1 ng—1\ ng—1
ng ng
2G| (3.6)
i=1

Cg’l‘ =

which implies that the demand for good g in region i is given by,

Pi,g,t e
Cigr = Qigt P Cos. 3.7)
gt
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We allow the shares a;g, to vary over time across regions,
— &
Qjgr = Ajge" ™, (3.8)

and we discuss the relevance of the region-specific demand shocks @&;; for identification below.

3.2.3 Firms, Technology, Prices, and Market Clearing

Output of good g in region i, Y, is produced by a representative firm using linear

technology,
Yiet =ZgiLigys, 3.9

where Z, ; is good-level productivity and L;, ; is labor used in region i for good g. Sectoral

productivity Z, ; grows according to an ideas production function,

- 1-¢ pé
Zgi=0XeZ 2 YE (3.10)

where X, ; is an exogenous productivity trend, the term Y; .1 captures hysteresis effects of output
on productivity when & > 0, and 6, is set such that X ; is the gross productivity growth rate

when there are no output fluctuations. We define the exogenous productivity path with
Zg,l = Xg,l‘zg,l‘—l' (311)

Firms are perfectly competitive and set prices equal to marginal cost,

Wi

Pi,g,t: 7 ; .
8

(3.12)
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We assume wages are indexed to an aggregate productivity index,
G
z=| |z (3.13)
g=1
and aggregate prices P;, but are otherwise insensitive to the business cycle,
Wi,g,l = WP[Z[. (314)

This assumption fulfills two objectives. First, over the long-run wages are consistent with a
balanced growth path with full labor mobility across sectors. Second, in the short-run, prices and

wages insensitive to the business cycle,

Pigi Por  _ Z
A A= (3.15)
Py P Zg

In Section 3.2.8 we discuss an extension in which prices respond endogenously to the local
business cycle.

Regional goods market clear when output equals consumption,

Yi,g,t = Ci,g,t- (3.16)

3.2.4 Equilibrium

Given exogenous known sequences for the real interest rate {r;} the discount

t=0°
factor {B,}72,, expectations of long-run marginal utility of wealth, {E;A«}?, regional de-

mand {&;} and sectoral productivity {{X&t}gzl}zo the equilibrium is a sequence of

0o
t=0’

{0 Z4, Zyg., Cos 5 Crgn Vg 2 } that satisfy (3.3)-(3.16).

We log-linearize this equilibrium around a “balanced growth” equilibrium with the same
productivity paths {{Zg,t}g=1 }ro, and all other sequences at steady state. We denote the outcomes

of the balanced growth equilibrium by X;,, for any variable X, lower case letters are logs x = In X,
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and the outcomes in the log-linearized equilibrium by £;¢; = X;¢; — Xigr = In X;¢; —In )_(igt.
3.2.5 Aggregate Business Cycle

We define the aggregate recession impulse response function as the sum of the deviation

from the balanced growth path and any hysteresis effects to the balanced growth path,

a A A
SitE) 9= 2 ||+ s (3.17)
s=0 g=1 8 s=0

The Lagrange multiplier can be solely expressed in terms of the exogenous sequences of

the equilibrium,

K T
. 1 = 1 5 1 .
A = a — | (Bras +Fras) + lim | —————| Edy.  (3.18)
1—625=1a—§§ 1-¢5, 5 Toe\1-¢X L, 5

The growth rate of output is the sum of the growth rate of the business cycle and trend

growth,
h—1
A'yin = N'Sn+€ ) Jies + Ay (3.19)
s=0 S~——

Trend Growth

Aggregate Recession Impulse Response Relative to t

where A" is an h-period difference.
We next show how we can recover the aggregate recession impulse response function in

(3.19) using regional variation.

3.2.6 Regional Bartik Structure

Combining market clearing (3.16), regional demand (3.7), and sticky relative prices

(3.15) implies that regional output of good g is proportional to aggregate output of good g and
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regional demand shifters @;;,

P; g N

8.t &ir

Yigr = Qigt (—P ) Yoi = aigeYy,. (3.20)
8.t

This setting therefore implies a Bartik structure for local real output growth,

~———— ———
Local Output Growth ~ Local Demand Shifter

G
Aign = Naga ) pigA e (3.21)
g=1

Bartik Predicted Growth, yiB otk

PigYig: - . . L
where pj ¢ = % is the nominal output share of good g in region i at 7.
i,t1i,
. . B . . BC
We can further decompose Bartik predicted growth Yitsen MEOQ business cycle Yitath
and a trend component y?”
itt+h’
B - ,BC BT
Yidarh = Yirgrn T Yissrn (3.22)
where
G 1 h—1
=1 Migto
BC  _ g=1""18 o ha o
Vien= 1 X A" +€ D Dy . (323
Zg:l ,Ug,t(Tg s=0
———
Relative Regional Business Cycle Exposure ~ Aggregate Recession Impulse Response Relative to t
G
BT h~
Yitieh = Z HMi.g,t X A'Zgirn - (3.24)
g=1 S~ —

Regional Trend Exposure  Sectoral Trend

The two Bartik components have different structures. The business cycle Bartik loads
on aggregate business cycle shocks based on the covariance of sectoral weights and sectoral

sensitivity. The trend Bartik loads on sectoral trends based on sectoral weights alone.
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3.2.7 Relative Recession Impulse Response Function

We exploit the Bartik structure to infer the dynamics of the aggregate business cycle. Let

the national business cycle peak be t = P and the recession trough be t =7 > P. We estimate an [V

regression, in which we predict local output growth relative to the peak AT-P+h ViT+h =YiT+h=Yi.P

using local recession depth A®~Ty; p = y; p — y; 7, instrumented by the Bartik predicted recession

depth, yng, while controlling for the Bartik predicted growth relative to the peak, yfg Pah
First Stage: AP_Ty,-,p =7y0+ ylyfgj + 72yf£,P+h +Vir. (3.25)
Second Stage: ATy =61+ BuAP Ty p+ {hyf}T)’PJrh +&ipsh- (3.26)

In what follows we call {8}, };, the relative recession impulse response function, because
it measures the relative behavior of output of a region that experiences a 1% deeper recession
compared to another region.

We next state the key aggregation result of this section, that the relative recession impulse

response function can recover the aggregate business cycle (3.19) up to scale.

Proposition 3.1. If Bartik predicted recession depth is uncorrelated with local demand shocks

BC

; PT,Ah&l-,erh] =0, then the IV estimator of the relative recession impulse response

Covily
function recovers the aggregate recession impulse response function scaled by its size during the

recession,

v AT+h_P)A’T+h +& Z?:SZ_P_I VP+s
By — o T : (3.27)
A9 +EX 2 Yp+s

Scaled Aggregate Recession Impulse Response relative to P

3.2.8 Extensions

In Appendix C.1, we extend the model to include regional hand-to-mouth consumers,

prices that respond to the local recession, and endogenous monetary policy. We show that in

160



each case Proposition 3.1 continues to hold unchanged. Intuitively, each of these extensions
either scales up or down the effect of the aggregate business cycle shock on regions, which in
turn scales the first-stage and reduced-form estimates, or it rescales the aggregate business cycle
shock itself. But since our IV estimator normalizes the scale to a 1% relative recession, we

recover exactly the same (scaled) aggregate recession impulse response function.

3.2.9 Mapping Relative Recession Impulse Response Functions to
Theories

Proposition 3.1 makes clear that our approach is able to discriminate between theories for
slow recoveries to the extent that these differ in their scaled aggregate recession impulse response
function, which we recover via the relative recession impulse response function ;. Consider the
case of an AR(1) beta-shock and an AR(1) monetary policy shock with identical persistence p,
and assume there is no hysteresis & = 0. Then the recession trough immediately follows the peak
T = P+ 1. The relative recession impulse response function recovers the aggregate business

cycle persistence:

—p" ifh>0
Bn = (3.28)
0 if h <0.

However, the relative recession impulse response function is not informative about the size or
identity of the shock. For example, monetary policy shocks and beta shocks with persistence p
both predict this relative recession impulse response function regardless of their size.

One theory of slow recoveries is that these recessions coincided with a general slowdown
in productivity growth (Fernald et al., 2025). Our estimates will be unaffected by simultaneous
trend shocks if regional business cycle exposure is uncorrelated with aggregate trends. In this
case, if the underlying aggregate business cycle shock is the same across recessions with weak

and strong aggregate recoveries, we will recover the same relative recession impulse response
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function B;, even when the aggregate dynamics are very different.

Another view is that slow recoveries are due to bad luck, in the sense that the economy
continues to be subject to negative shocks in the recovery phase (Gali et al., 2012). One
interpretation is that the bad luck manifests itself in a more persistent business cycle shock,
which implies a slower recovery. In this case, we should observe that the relative recession
impulse response function 3, is more persistent in recessions with slow recoveries, but eventually
converges to zero as bad luck goes away.

A third view is that boom-bust cycles give rise to slow recoveries. In this framework we
can capture a boom through expectations of higher permanent income relative to the balanced
growth path, E,A., < 0. For illustration we make the dynamics simple: Households form these
optimistic expectations in one period, A; = E; A« < 0, and learn that these expectations are wrong
the following period, As1 = Brr1deo = 0. These periods then correspond to the recession peak

and trough respectively. The relative recession impulse response function is

-1 ifh>0
Br=490 ifh=-1 (3.29)
-1 ifh<-1.

That the relative recession impulse response function remains at -1 after the recession implies
that regions with a deeper recession do not experience a stronger recovery. Recoveries look weak
in this case because the boom represents an unsustainable deviation from the balanced growth
path. Importantly, this theory predicts that regions with a deeper recession should grow relatively
more prior to the recession.

Now consider the hysteresis case. For simplicity we assume the underlying shock is an

AR(1) shock to beta or the real interest rate at t = 0. The relative recession impulse response
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function ;, incorporates the hysteresis effect:
B = ) (3.30)

The relative recession impulse response function converges to —% because hysteresis causes a
permanently lower level of output. Thus, similar to the boom-bust scenario, hysteresis predicts
that relative recoveries look weak. In contrast to the boom-bust cycle, there is no pre-trend in the

hysteresis relative recession impulse response function.

3.2.10 Identifying Assumptions

The model highlights the necessity of an identification strategy for the relative recession
impulse response function, as OLS estimates are almost certainly biased. In particular, local
demand shocks &;; reduce both regional recession depth A”~Ty; p and increase regional growth
AT=P+hy. .1, biasing the relative recession impulse response function 8, downward. The
identification problem is reminiscent of cross-country panel approaches, which must assume that
country-specific shocks are uncorrelated with recession intensity.

The Bartik approach identifies the relative recession impulse response function if States

with greater exposure to the national cycle due to their industry structure do not systematically

experience either positive or negative local shocks,

G
. L hs
Covi[y75 7. A" pos] o Covi[ ) Higo =M1 = 0. (3.31)
g=1

This is the standard Bartik assumption. We remove any mechanical correlation between the
Bartik instrument and local shocks by constructing leave-one-out industry growth rates.
We also remove any correlation between the cyclical exposure and exposure to industry

BT

trends by controlling for the trend Bartik y’, .,

in the first and second stage. This is important
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in practice because sectors such as manufacturing is known to be both cyclically sensitive and in

secular decline.

3.2.11 Comparison with Other Approaches

Regional identification of the relative recession impulse response function conveys
two important advantages compared to time-series or cross-country panel identification of the
aggregate recession impulse response function. First, the construction of the cyclical Bartik
does not require taking a stance on the aggregate trend. In practice, it is notoriously difficult
to determine whether aggregate GDP is trend-stationary or a random walk (Stock and Watson,
1999), and aggregate trend extrapolation is very sensitive to timing decisions (Ball, 2015).

The construction of the cyclical Bartik does require taking a stance on industry trends,
but we show next that it is much more robust to trend misspecification than other approaches.
Denote the measurement error in industry-level trend at time 7 by é,,. In Appendix C.2 we
show that we continue to identify the relative recession impulse response function if variation
in measurement error across goods g is orthogonal to the output growth of the typical good-g
producer over the recovery phase, Cov, [AT=Pé, p, 3 tt; o (AT*""Py; 744-p] = 0.2 This imposes a
restriction on the joint distribution of the covariance structure of measurement error and regional
exposures. For example, this restriction is satisfied if variation in measurement error across
goods is as good as randomly assigned and regional production is sufficiently diversified in the
limit E, ( Qi ,ul.z,g’ t) — 0.3 Consistent with this assumption, Foerster et al. (2022) document that
variation in long-run TFP growth across sectors is almost entirely idiosyncratic.* Appendix C.2

also provides alternative conditions that allow for correlated measurement error across goods.

2Any common trend measurement error across industries is differenced out in the regional regressions (3.25)-
(3.26), and thus poses no threat to identification.

3These assumptions are equivalent to Assumption 2 in Borusyak et al. (2022). As in their work, our asymptotics
implicitly assume that G (I) — oo as [ — oo.

4Specifically, the factor structure for sector TFP growth explains less than 10% of the variation for each sector,
and is statistically insignificant in all cases (Foerster et al., 2022, Appendix Table A1). In contrast, Foerster et al.
(2011) document the business cycle fluctuations in industrial production are well explained by a factor model, which
is consistent with our model.
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Importantly, we do not have to restrict the serial correlation in measurement error in any way.
This is because these assumptions imply that good-level trend measurement error washes out
asymptotically at the regional level, and thereby justify estimating relative recession impulse
response functions at the regional rather than at the industry level.

These assumptions also contrast with the much stronger assumption required in a time-
series or cross-country panel approach, where one must impose that measurement error in
the estimated aggregate trend be orthogonal to output growth across recession episodes j,
Cov;[Ali~Pigp ,ATi+m=Fiyr ;] = 0. As we show in Appendix C.2, any stochastic component in
aggregate trend growth, such as a productivity slowdown that coincides with recession episodes,
will result in a non-zero covariance between the measurement error term and post-recession output
growth. Thus, recovering the aggregate recession impulse response function from time-series
variation requires trend growth to be either deterministic or measured without error.

Second, regional data holds the country and the recession fixed, which facilitates
identifying the dynamics of the recession. For instance, a more persistent aggregate demand
shock will induce a more persistent recession across more and less exposed regions, so that
our identification strategy will uncover the more persistent dynamics in the cross-section. In a
cross-country or in a time-series setting, two recessions may correspond to shocks with different
dynamics. Consider the case in which one recession is a -1% decline in output that lasts one year,
and the other recession is a -2% decline in output that shrinks to -1% in the following year and
then to zero. Comparing these recessions yields a scaled “treatment effect” of -1% in the first
year and -1% in the second year, and thus greater persistence than implied by either recession.

The main disadvantage of the regional approach is that is estimates the relative recession
impulse response function rather than the aggregate recession impulse response function. Within
the simple model in this section, these correspond exactly to each other. In our quantitative
model in Section 3.6, this correspondence does not hold exactly, but we show that the relative
recession impulse response function remains informative about the aggregate recession impulse

response function. In the spirit of Nakamura and Steinsson (2018), it is an identified moment
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that helps discipline aggregate theories of slow recoveries.

3.3 Data

Our identification strategy requires business-cycle frequency data that is disaggregated by
both location and industry for the entire post-war period. We use the quarterly BEA State personal
income data, which is disaggregated by industry since 1948. The industry detail increases from 12
SIC sectors from 1948-57 to 14 SIC sectors from 1957-2001 and to 24 NAICS sectors from 1997
onward. Our outcomes are quarterly State personal income, quarterly State unemployment rates
from Fieldhouse et al. (2024), quarterly State employment data from the BLS,> and, post-2005,
quarterly State-level GDP from the BEA. We deflate all nominal variables using the national
GDP deflator, and convert all data (except unemployment) to per capita using State population
estimates from the U.S. Census linearly interpolated to a quarterly frequency.

When using personal income data we aim to closely proxy for local private output. We
therefore exclude the government sector from personal income. We also exclude the finance,
insurance, and real estate (FIRE) sector and agriculture and mining. For these sectors we find the
largest divergence between local GDP growth and local personal income growth, likely because
the geography of ownership and production are more often different in these sectors than in other
sectors.

We follow the standard NBER dating for recession peaks and troughs, except that we
combine the 1980 and 1981-2 recession into a single episode. We detrend both State recession
depth and national industry growth using NBER-peak to NBER-peak growth rates. This gives
us (1) a slightly stronger first stage and (2) puts more weight on sectors that experience a sharp
change in growth rates in a recession relative to sectors that grow fast or slow due to an underlying

trend. For the 1948-9 recession and for the SIC-NAICS switch in 1997 we do not have industry

>We seasonally adjust the raw monthly employment data using the Census X-13 algorithm up to February 2020.
We then apply the last year of seasonal factors to the remaining sample. This procedure avoids contamination of
the seasonal factors by the sharp Covid recession. We then aggregate the seasonally adjusted data to a quarterly
frequency.
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data from the prior peak, in which case we proxy the trend using the average growth rate from

the available data up to the current peak.’

3.4 Illustration of the Empirical Approach

Goldsmith-Pinkham et al. (2020) show that estimation using the Bartik instrument (3.23)
is equivalent to weighted GMM using the shares s; . P, as instruments.” We therefore illustrate
the empirical approach based on the sectoral shares that receive the highest weight in the Bartik
instrument. Specifically, in Section 3.5.4 we show that the Bartik instrument loads most strongly
on the manufacturing share in pre-1990 recessions, on the construction share in the Great
Recession, on the accommodation and food sector during COVID-19, and on IT and professional
services in the 2001 recession.

Figure 3.3 plots the time path of average per-capita State personal income relative to the
national recession peak, when sorted by the key sources of variation in the Bartik instrument.
The top left panel sorts U.S. States by their manufacturing share in each recession, and then pools
across all pre-1990 recessions.® The average recession begins five quarters before the trough,
when the high and low manufacturing groups cross at 0 on the y-axis. The difference between
the two groups at the NBER trough (0 on the x-axis) therefore measures the relative recession
depth. The high manufacturing States decline by 3.4% more during the recessions relative to the
low manufacturing States. In other words, the high manufacturing States are more exposed to the
national recession.

After the recession trough, high manufacturing areas grow more quickly than low
manufacturing areas, which indicates that they catch up from a deeper recession. The high

manufacturing areas grow an additional 1.8% in the ten quarters of the recovery, making up more

The Personal Income files switch to a more detailed SIC classification in 1957. We aggregate these to the
coarser historical classification for the purpose of constructing peak-to-peak growth rates for the 1957-8 recession.

7 Adao et al. (2019b) and Borusyak et al. (2022) also show that identification can also be based on exogeneity of
the sectoral shocks rather than the sectoral shares. However, their approach requires a large number of independent
sectoral shocks, which is not applicable to our setting.

8We group States on whether they are above or below the mean share separately for each recession.
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Figure 3.3. Outcomes by Key Sources of Variation of the Bartik Instrument.
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than half of the relative recession depth. The top left panel also shows that high-manufacturing
States grow 0.11% less per quarter relative to low-manufacturing States before the recession.
Accounting for this relative trend implies that the relative recovery is complete after 10 quarters.’

The pre-1990 recession plot also illustrates that our cross-sectional recession elasticities
are robust to misspecification of the aggregate trend, unlike a time-series analysis. Both the low
and high manufacturing areas are 2.4% below their pre-recession trend 10 quarters after the
recession trough. But this may reflect that the aggregate pre-recession trend was too high for both
groups. Blanchard et al. (2015) show that time-series estimates of output gaps are very sensitive
to assumptions about the aggregate pre-recession trend. Our analysis does not require taking a
stance on the aggregate pre-recession trend.

In the top right panel of Figure 3.3 we show that U.S. States loading more on the
construction sector in the Great Recession experience both a deeper recession and a weaker
recovery. Specifically, high construction exposure predicts a 1.6% deeper recession and a 0.9%
weaker recovery in the first ten quarters after the NBER trough. These patterns are very different
from the pre-1990 recession, in which more exposed States were catching up after the recession.
Another difference is the pre-trend: The more exposed States in the Great Recession grew faster
than the less exposed States. These patterns inform our cross-sectional regression that the Great
Recession was a boom-bust cycle.

The COVID-19 recession shows a similar pattern to the pre-1990 recessions: States with
a steeper recession due to greater exposure to accommodation and food also experience stronger
recoveries. The catch-up in levels is nearly complete: the recession is 2.8% deeper in the States
with a high accommodation and food share, but the recovery is also 2.6% stronger.

The final subplot on the bottom right shows that for the 2001 recession the patterns are
qualitatively similar to the Great Recession: a deeper recession due to a greater loading on IT and

professional services implies a weaker recovery. More exposed States also grow more quickly

The relative recovery adjusting for the trend is 1.8% + 15%0.11% = 3.4%, which is equal to the 3.4% relative
recession depth.
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before the recession, again indicating boom-bust dynamics across States.

In summary, the data suggests that the pre-1990 and the Covid recessions have V-shaped
relative recession impulse response functions, in which a deeper recession predicts a stronger
recovery. In contrast, exposure to the Great Recession and the 2001 recession predicts an inverse-V
shaped relative recession impulse response function: faster growth prior to the recession, followed
by a steeper decline and weaker recovery. We next make this finding explicit using regression

analysis.

3.5 Results
3.5.1 First Stage

We pool our estimates across the two recession groups: those with weak aggregate
recoveries (1990-1, 2001, and 2007-9) and those with strong aggregate recoveries (1948-9,
1953-4, 1957-8, 1960-1, 1969-70, 1973-5, 1980-2, 2020). Pooling helps to statistically distinguish
these recession groups and is supported by the similar qualitative recession pattern we document
above.

We start with the pooled first stage,

A" Dyip, = y1yip, 1,1 (P} € {1990,2001,2007}) +y2y;’5, 7,1(P; € {Other Recs.})
+61ypp, 1,1 (Pj €{1990,2001,2007}) + 62y;’p, 7,1 (P; € {Other Recs.})  (3.32)

+{Xi,j+0j+6i,j,ha

in which we regress recession depth relative to trend APi7T; Yi,p; = Yip; —Yi1; ON Bartik-predicted
recession depth yflg_,-,Tj‘ We allow the relationship to vary across recession groups. 7y is the
elasticity of actual recession depth w.r.t. predicted recession depth in the 1990-1, 2001, and
2007-9 recessions. vy, captures the average elasticity for the other recessions. We include

recession fixed effects 6; that isolate within-recession variation, consistent with Proposition 3.1.
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Table 3.1. First Stage: Predicting Local Recession Depth.

Incl. Earn. All Earn.  Unempl. Employ.  GDP
Coeff. on Predicted Recession Depth:

90-1, 01, 07-9 2795 22427 58.459*  1.993"*  4.068"**
(0.750) (0.656)  (27.188) (0.487) (0.956)
Pre-1990 & 2020 1487 0.866™" 64.896" 0.985""* 1.078"*

(0.334) (0.222) (9.541)  (0.215) (0.217)

Bartik Trend Control Yes Yes Yes Yes Yes
Local Pre-Trend Control Yes Yes Yes Yes Yes
Recession FE Yes Yes Yes Yes Yes
F-stat (90-1, 01, 07-9) 13.9 11.7 4.6 16.7 18.1
F-stat (pre-1990/2020) 19.8 15.2 46.3 21.0 24.6
p-val equality 0.114 0.050 0.824 0.061 0.003
State Clusters 100 100 100 100 100
R? 0.136 0.056 0.137 0.150 0.408
Observations 544 543 490 535 100

Note: *p < 0.1, *p <0.05, **p < 0.01. Standard errors clustered by state.

We control for Bartik-predicted trend, yflf_ r.» separately for each recession group. The
[l A

control vector X, ; contains the State’s average growth rate from 15 years before the recession
to 5 years before the recession, again interacted with recession group. This control addresses
any State-specific trends uncorrelated with industry trends. Figure 3.3 shows that differentially
exposed States are on different pre-trends, which indicates either differences in underlying trend
growth or a boom-bust cycle. We start the trend control five years prior to the recession so as to
minimize capturing boom-bust dynamics, and we show that our results are robust to extending
this window. Within each Recession Group we cluster by State.'”

The pooled first stage estimates are shown in Table 3.1. In columns (1) and (2) we show

that predicted recession depth based on State income shares and national trends strongly predicts

19Double-clustering by both State and recession date and adjusting for small numbers of clusters following Imbens
and Kolesar (2016) generally produces smaller standard errors than clustering by State alone. See Figure C.1. This
suggests that our Bartik approach largely captures cross-state correlations, consistent with Adao et al. (2019b).
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State recession depth in income. For the 1990-1, 2001, and 2007-9 recessions the first stage
coeflicient for income included in the instrument is y; = 3 (t-statistic 4.5). This means that a 1%
deeper predicted recession translates into a 3% deeper local recession. For the other recessions
the first stage coefficient is y, = 1.4 (t-statistic 4.4). In columns (3) through (5) we measure State
recession depth relative to trend with the unemployment rate, employment, and GDP. In each

case, our Bartik instrument is a powerful predictor of the State recession depth.

3.5.2 Relative Recession Impulse Response Functions

We next estimate relative recession impulse response functions across recession groups.
Within each group, these capture the differential movement of income across more and less
exposed States both before and after the national recession.

Specifically, we pool equation (3.26) across recession groups,

Yizy+h—Yi.p; = BunAP Ty, p I(P; € {1990,2001,2007})
+BoyAPi iy, p 1(P; € {Other Recs.}) (3.33)
+5h1yf;j,le(Pj € {1990,2001,2007}) +5h1yf,€j,Tj1(Pj € {Other Recs.})

+ le'J + Q;h + Eij.hs

where y; r;+n — yip; is h-quarter growth in the outcome variable since the recession peak P;.

APi=Tj Yi.p; is the instrumented recession depth from the first stage (3.32).

Figure 3.4 plots our estimates for the relative recession impulse response functions, 515,
and Sy, for h = —40 quarters before the recession trough to 4 = 20 quarters after the recession
trough. For h = 0, the estimate is close to -1 for both recession groups. If there were no trends
in our measure of local recession depth, these estimates would be equal to -1 exactly. They are
close to -1 because the relative trends are not very important over the short recession duration.

Other than the immediate period prior to the recession trough s = 0, the two relative

recession impulse response functions look different. For the 1990-1, 2001, and 2007-9 recessions,
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Figure 3.4. IRF of State Personal Income P.C. by Recession Group.
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a deeper relative recession predicts a weaker relative recovery. This is reflected in the decreasing
estimates of the relative recession effect for 4 > 0. Thus, States that are more exposed to the
recession experience relatively weaker growth in the recovery compared to less exposed States.

From h = -20 to & = —10, the more exposed States grow relatively more quickly compared
to the less exposed States in the 1990-1, 2001, and 2007-9 recessions. This is captured by the
increase in B, over this window from roughly -1 to slightly above 0. The strong relative growth
in more exposed States is a break from their prior behavior. Going from & = —20 back as far as
h = —40, the more exposed States are growing at a similar pace than the less exposed States. The
point estimates for the recovery period are somewhat below the pre-recession trend, which is
indicative of modest hysteresis. However, the confidence intervals are also consistent with no
hysteresis effects in the 1990-1, 2001, and 2007-9 recessions.

The relative recession impulse response function for the pre-1990 and 2020 recessions is
very different. Prior to the recession, the more exposed States are on a slight downward trend
relative to the less exposed States, but the point estiamtes are not statistically different from zero.
During the recession, the more exposed States experience a sharp relative decline, followed by
an almost equally sharp relative recovery. Four quarters after the recesssion trough, we can no
longer reject the null that the more exposed States have fully caught up to the less exposed States.
The point estimates for the recovery are again consistent with modest hysteresis. !!

Through the lens of our model in Section 3.6, the relative recession impulse response
function for the 1990-1, 2001, and 2007-9 recessions is most consistent with a boom-bust cycle
(Beaudry et al., 2018; Jorda et al., 2013; Rognlie et al., 2018), in which more exposed States
experience a stronger boom followed by a stronger bust and a return to the pre-boom trend. The
relative recession impulse response function for the pre-1990 and 2020 recessions is consistent
with plucking models of the business cycle (Friedman, 1993; Dupraz et al., 2023). The more

exposed States are plucked down by a shock during the recession, but then return to their prior

"The second decline at & > 12 quarters reflects a subsequent recession: the peak of the 1960-1 recession follows
only eleven quarters after the 1957-8 recession.
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trend in the recovery. While we find some evidence for hysteresis effects, their magnitude is very
similar across the two recession groups, which suggests that the difference in recovery strength is
not driven by a hysteresis mechanism. Instead our evidence suggests that the weak recoveries in
the 1990-1, 2001, and 2007-9 recessions relative to the other recessions are due to different types

of shocks.

3.5.3 Other Outcomes

Our baseline outcome variable is State income, specifically the components of State
income that were included in our Bartik instrument. We next show impulse response functions
for four alternative outcomes: all State income (including all sectors, transfers, dividends, and
rent), the State unemployment rate, State employment, and for the last two recessions, State GDP.
The four impulse response functions are plotted in Figure 3.5.

The boom-bust pattern for all State income in the 1990-1, 2001, and 2007-9 recessions is
essentially the same as in our baseline estimates, though less precisely estimated (Figure 3.5A).
For the pre-1990 and 2020 recessions, the recovery is more complete based on all income and
suggests a complete absence of hysteresis effects.

The unemployment impulse response function in Figure 3.5B is noticeably different
from the other outcomes. It displays convergence in unemployment rates across States for all
recessions, consistent with prior work by Blanchard and Katz (1992) and Yagan (2019). But the
speed is very different: For the 1990-1, 2001, and 2007-9 recessions convergence takes four years,
whereas for the pre-1990 and 2020 recessions convergence is almost complete after one year.

There are no noticeable pre-trends in unemployment for the pre-1990 and 2020 recessions.
In contrast, unemployment in more exposed States was relatively low at the peak of the 1990-1,
2001, and 2007-9 recessions, consistent with a relative boom in the labor market. However,
this boom is relatively small compared to other outcomes. The relative boom in State income
in Figure 3.4 in the five years prior to the recession is almost as large as the relative bust. The

relative decline in unemployment in the prior to the recession is only one-quarter as large as the
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subsequent increase in unemployment. This suggests that boom-bust cycles may have asymmetric
effects on labor markets and that unemployment rates are less informative about the boom-bust

nature of a recession than other outcomes.

Unemployment Relative to Peak (p.p.)

All State Income P.C. Relative to Peak (%)
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(A) All State Income P.C.. (B) Unemployment Rate.
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Figure 3.5. Recession Impulse Response Function for Other Outcomes.

Figure 3.5C plots the relative recession impulse response function for employment to
population ratio. The patterns are qualitatively similar to the income results: a sharp recovery
in the pre-1990 and 2020 recessions, and a boom-bust cycle in the 1990-1, 2001, and 2007-9
recessions. But quantitatively there are two notable differences. First, there is weaker evidence
that the more and less exposed States are on parallel trends. In particular, for the pre-1990 and
2020 recessions, the more exposed States are on a relative downward trend prior to the recession.
For the 1990-1, 2001, and 2007-9 recessions, the pre-trend appears to be first negative before

turning positive in the five years prior to the recession. Second, there is stronger evidence for
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hysteresis effects in employment than in income. The failure of parallel trends does suggest
this interpretation should be taken with caution. However, regardless of the interpretation, the
hysteresis effects are not different across recession groups, and thus do not explain the differential
recovery speed.

The GDP data is more limited since it is only available for the last two business cycles.
Yet the patterns are similar to the broader sample for State income. The Covid recession displays
a fast recovery to the pre-recession trend. The Great Recession shows a boom-bust cycle. These
outcomes corroborate our findings using State income.

For comparison, we plot the relative growth rates of population for the two recession
group in Appendix Figure C.3. Population grows relatively more in the more exposed States in
the 1990-1, 2001, and 2007-9 recessions, but relatively less in the other recessions. Population
growth remains smooth throughout the recession, unlike the economic outcomes in Figures 3.4
and 3.5. Our results extend the findings of Autor et al. (2021) for the Great Recession and support
their conclusion that the “estimates for population belie the expectation of a lasting downturn in

the CZs with greater exposure to the Great Recession.”

3.5.4 Decomposition of the Impulse Response Function

We decompose our Bartik estimates to (1) show what variation is most important and
(2) determine whether the changes across recessions come from different behavior within or
across industries (or both). Goldsmith-Pinkham et al. (2020) show that the Bartik estimator is
equivalent to a weighted GMM estimator, in which the local industry shares s; x p, in (3.23) are
the instruments and industry growth rates g_; . P,.T; are the weights. When the industry growth

rates are common across locations, then we can decompose the Bartik estimate for 85 in (3.26) as

Bu= ) @crBuip; (3.34)
k.j
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where B, p; is the estimate for B, from instrumenting (3.26) using the industry share s; x p;
and ay,p; is its associated “Rotemberg” weight in the Bartik instrument. In our setting, this
decomposition holds only asymptotically since we use leave-one-out growth rates to construct
the Bartik instrument. In practice, the estimates from the leave-one-out Bartik and the common
growth rate Bartik are very close, so the decomposition remains informative about what sources
of variation matter for our estimates.

We focus on the estimates for State income from Figure 3.4. In Figures 3.6A and 3.6B
we show how these impulse response functions are informed by exposure to five broad sectoral
aggregates that we can consistently define throughout the sample: Construction, manufacturing,
transportation and utilities, wholesale and retail trade, and other services. Each estimated impulse
response function uses the corresponding local income share of that sector as instrument for local
recession depth. When a sector share is largely uninformative about local recession depth, then
its corresponding Rotemberg weight @y p; will be small and the standard error for B,k p; Will
be large. We therefore exclude sectors with a weight less than 0.05 from the figure. Appendix
Figure C.2 includes all sectors.

The three major sectors that inform recession depth in the 1990-1, 2001, and 2007-9
recession are construction (a = 0.3), transportation and utilities (@ = 0.08), and other services
(@ = 0.54). Figure 3.6A shows that recession exposure based on each of these major sectors
predicts a boom-bust cycle. In almost all cases, the pooled estimate is within the 95% confidence
band of each of the sectoral exposures. Thus, the boom-bust nature of these recessions is
broad-based rather than confined to a particular industry. It also suggests that the boom-bust
cycle is unlikely to be due to a correlation of sectoral exposure and local income shocks, as
one then would expect the boom-bust cycle to be confined to sectors that are overrepresented in
locations subject to those local shocks.

Leamer (2021) argues that weak recoveries in the manufacturing sector help explain weak
aggregate recoveries in the 1990-1, 2001, and 2007-9 recessions based on cross-State data. While

we also find that manufacturing exposure predicts weaker recoveries in the 1990-1, 2001, and
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2007-9 recessions, exposure based on the other sectors yields a similar pattern. Furthermore,
these other sectors matter more both in the cross-section and in the aggregate, based on their
Rotemberg weights and aggregate sectoral shares. This suggests that an explanation for weaker
recoveries based solely on the changing behavior of manufacturing is likely incomplete.

For the national recessions before 1990 and in 2020, exposure is primarily determined by
the local income shares in manufacturing (@ = 0.52), wholesale and retail trade (@ = 0.08), and
other services (a = 0.37). Figure 3.6B shows that each of the three sectoral exposures predicts a
rapid recovery from the NBER trough in these recessions. There is no evidence of boom-bust
cycles. If anything, the more exposed States based on manufacturing and wholesale and retail
trade are on a downward-trend relative to less exposed States. The recovery from the recession is
consistent with a return to this downward-trend. Service sector exposure predicts no differential
trend prior to the recession and a complete recovery thereafter.

Comparing Figures 3.6A and 3.6B, we find that all major sector exposures predict weak
recoveries in the 1990-1, 2001, and 2007-9 recessions and strong recoveries in the other recessions.
This implies that the weaker recovery dynamics are coming primarily from within-sector changes
rather than changes in sectoral weights.

Figures 3.6C and 3.6D show the impulse response functions when the variation is
restricted to particular recessions. For both the 2001 and 2007-9 recession the boom-bust pattern
is evident and each contains the pooled estimate within their 95% confidence bands. This is
despite these recessions loading on different sectors: Cross-State variation in recession depth
during the Great Recession is best explained using exposure to the construction and health sectors.
For the 2001 recession, exposure to health and information and professional services matters
most. The Figure omits the 1990-1 recession in which local industry shares have little predictive
power for local recession depth, which is reflected in both a low Rotemberg weight @ = 0 and
wide confidence band (Appendix Figure C.2C).

There is no evidence of a boom-bust cycle in the pre-1990 or the Covid recessions in

Figure 3.6D. Instead, these recessions show a rapid recovery in the quarters after the NBER
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trough. States more exposed to the 2020 recession show a complete relative recovery within
a year to their pre-recession relative trend. This pattern is primarily informed by exposure to
the accommodation and food and the entertainment sectors: States like Nevada and Hawaii
contracted sharply during Covid but then rapidly recovered as the economy re-opened. The more
exposed States to pre-1990 recessions also grow relatively quickly after the recession trough. In
this sense, the pre-1990 recessions look similar to the Covid recession and different from the
1990-1, 2001, and 2007-9 recessions. However, States exposed to the pre-1990 recessions and
Covid recession differ in their pre-trends and thus in the extent to which their relative recovery
looks complete in levels after the recession. For the pre-1990 recessions, the more exposed States
are on a slight downward trend, whereas in the Covid recession the more exposed States are on a
slight upward trend prior to the recession.

In short, weaker recoveries following a boom-bust cycle are a broad-based phenomenon
across sectors and recessions for the 1990-1, 2001, and 2007-9 recessions. In contrast, the strong
recoveries from the pre-1990 and Covid recessions are also broad-based, and they do not display

any boom-bust dynamics.

3.5.5 Robustness

We conclude our empirical analysis by showing that our main results are robust to a
variety of changes in the construction of the instrument, the set of fixed effects, and the sample.
We present these robustness checks in Figures 3.7A to 3.7F. Each figure contains six panels. The
left column shows the IRFs for the 1990-1, 2001, and 2007-9 recessions and the right column for
the other recessions. The top panel shows how the IRFs change when we vary the instrument
(Figures 3.7A and 3.7B), the middle panel varies the fixed effects (Figures 3.7C and 3.7D), and
the bottom panel changes the sample (Figures 3.7E and 3.7F). In each case, we re-estimate the
first stage and second stage for each variation.

Figures 3.7A and 3.7B show how the IRFs for the 1990-1, 2001, 2007-9 recessions and

the other recessions change when we construct the instrument differently. In (2) we construct
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the peak-to-peak national industry growth rates two quarters prior to the NBER peak and in (3)
we construct it using five-year pretrend from the NBER peak. In (4) we omit detrending local
recession depth. Neither of these changes materially affects the impulse response functions. In
(5) and (6) we include the government and government and finance sectors in local income shares.
This means that as well as comparing across private industries we also compare more cyclical
private industries with the less cyclical government sector. The main change is that the boom-bust
pattern for the 1990-1, 2001, 2007-9 recessions starts earlier and is a bit more pronounced.

In Figures 3.7C and 3.7D we vary the set of fixed effects to proxy for local shocks
correlated with national recession exposure. In (2) we include State fixed effects which absorb
any permanent difference across States such as permanently different trends correlated with
recession exposure. We find that State fixed effects primarily affect the IRF for the fast recoveries
by flattening the pretrend and making the recovery look more complete. In (3) and (4) we use
Census region and Census division fixed effects interacted with recession fixed effects. These
fixed effects capture local shocks that are regional in nature even if they vary across recessions.
They primarily change the IRF for the 1990-1, 2001, 2007-9 recessions by increasing the size of
both the boom and the bust.

In Figures 3.7E and 3.7F we show the sensitivity to the sample. In (2) we drop the
three most mining-intensive States and in (3) the three most finance-intensive States, the two
categories in which we are least confident that the location of income corresponds to production.
The differences from our baseline are minimal. (4) drops the Covid recession, which makes
the downward-trend in the other recessions more pronounced. (5) and (6) show only the Great
Recession and the 2001 recession, respectively. Both display the boom-bust pattern of our

baseline.
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3.6 Quantitative Model

The objective of this section is to build a quantitative model that is consistent with the two
different types of recessions we document above and then to use that model for policy analysis.
The model has two region and two goods, with goods subject to standard New-Keynesian price
stickiness. The two-good structure allows for the regions to be differentially exposed to a national

recession so we can run the same regressions in the model as we do in the data.

3.6.1 Households

Households maximize expected utility subject to their budget constraint. The expected

utility function of household i is given by:

) (Ct)l—(r Di tl—O'd Ltl+v
E; l——+ : - , 3.35
,,o;ﬁ e Sl & v (3.35)

where C; is consumption of a composite nondurable good, D;; is the durable stock of household
i and L; is total labor supply. ¢; and ¢, are time-varying preference shifters for durable goods
consumption and labor supply that keep hours worked and the ratio of nondurable to durable
consumption constant along the balanced growth path.!? £y 18 an exogenous stationary shock to
durable preferences that we use to model a boom-bust cycle.

The durable stock Dj; is specific to the household. We assume that each period only a
fraction (1 —60?) of households is allowed to re-optimize its durable stock. This formulation,

which follows Evans and Ramey (1992) and Orchard et al. (2023), reduces the counterfactually

12The process for ¢, is such that it implies constant hours along a balanced growth path:
o =(C1) 72, (3.36)

where Z; is the level of productivity of the aggregate economy. The taste for durables, i;, contains a productivity
component as well as an exogenous stationary process &y;:

v =9z7 " (3.37)
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high sensitivity of durable consumption to interest rate changes present in standard models,
while preserving tractability. Nondurable consumption C; is identical between households due to
consumption insurance and labor supply L; is identical because it is set by labor unions.
Expectations are specific to household i due to information stickiness as in Auclert et al.
(2020) and Carroll et al. (2020). The current state at ¢ is common knowledge, so households
never violate their budget constraint. There is uncertainty about the future path of aggregate
shocks and households update their expectations with i.i.d. probability 1 — 6 in each period.
The aggregate budget constraint and the law of motion for the aggregate durable stock

are given by:

At = (1 +it—1)At—] +WZLI—PIC5—LP1‘D;—P';CXI (338)
1
D= [ Didi (3.40)
0

where P; is the price index for nondurable goods, A; are nominal bond holdings, i; is the nominal
interest rate in terms of nondurable goods, W, L, is nominal labor income, D; is the aggregate
durable stock, Py is the price index of durable goods , X; is the composite durable good and ¢D;
are operating costs from using the durable goods (e.g. gas, insurance), which we assume are
denominated in units of nondurable goods.

Durable purchases, X;, include maintenance costs, given by ydD;_;, and new durable
purchases, I,. Maintenance costs require households to pay a portion y of depreciation as

maintenance expenditures in each period. This yields:

Xt:X(SD[_1+I[ (3.41)

I;=D;—(1-(1-x)6)D;-;. (3.42)

Households optimally choose the schedule for {Cj;, D;, Ajq, Xit}fio that maximizes their
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utility given their information set. Labor supply is not chosen directly by the household, but by
regional labor unions which we describe later on. The separability of preferences allows us to
break up the household problem in two steps. We first solve for the optimal choices of C; and A;
and, given these, we solve the durable choice problem. The first order conditions for C; and A;

yield a standard Euler equation:

1+
a,:ﬁ(n ’)AM, (3.43)
t+1
A =(C)77, (3.44)

where A, is the Lagrange multiplier on the aggregate budget constraint and I, = P,/ P;_; is the
gross inflation rate for nondurable goods. The optimal choice for D;; conditional on household i

making an adjustment at time ¢ solves:

(1= (1=x)8)’Dy,)' ™
1-0y

TB?-X E; Z (ﬁgd)s wl+s8(ﬁt+s — st (1= (1 —)()5)SD,~’,
vt s=0

. (3.45)
-1
— DD+ Y BT (1=01) (1= (1= x)8) sspfy s Diss
s=0

where 9" is the probability that the durable stock chosen at ¢ survives s periods into the

future and p} = Py /P, is the relative price of the durable good. The first term in brackets,

X)fs)sDi,t)

1 l-oy4
w,sw((l a —ou , captures the utility flow of the durable stock in 7+ s. The term

Arst(1 = (1= x)6)°D;, measures the cost of operating the durable stock in utils of time 7+
while the term p7D;, measures the cost of purchasing the durable stock in period z. The last
term captures the resale value of the durable stock if an adjustment opportunity arrives in period
t+ 5. All households that re-optimize at # solve the same problem, therefore, we can denote their
optimal durable stock choice by Dy. It can be shown that Dy satisfies the following Calvo-type

specification'?:

13This formulation is analogous to the optimal re-set price in a standard model with Calvo-type price rigidities.
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Qi\og
o= (2%
LAQy,

Qi =YiEyrrs +Bgd(1 -(1 _X)5)l_a-dgl,z+1,

_(1-(-x)9)
(1+i)IT!

t+1

92,[ = /1; (p;C +(

p;(c8e1— 1)) +,39d(1 —(1=x)0) 0,41,

(3.46)

(3.47)

(3.48)

where cg;41 =1+ % is the capital gain from selling the stock of durable goods in period

t+ 1. The optimal aggregate purchases of durable goods are given by:

X, =(1-6%|D; = (1= (1= x)8) D1 | + x6D,-1,

(3.49)

The first term captures new durables purchases by households that are allowed to reset their

durable stock and the second term captures maintenance expenditures which are incurred by all

households, regardless of their re-set status. Aggregate nondurable expenditure, ND;, is defined

as the sum of consumption of the nondurable good plus operating costs:
NDI = Cl + LDI,

3.6.2 Regional Demand

The composite nondurable good is given by:

nc
nc—1
nc—1

el c—
NDt: yCNDll e +(1—’)/C)ND21‘ e ,

where ND,,; denotes consumption of nondurable goods produced in region r.
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The composite X; aggregates durable goods produced in each region according to:

Tx

nx—1
x

nx-1 nx-1 nx—1
Xi = |vXt ™ +(1=y0) Xy ] ) (3.52)

where X,; denotes purchases of durable goods produced in region r.
Similarly, total labor supply is a CES aggregate over labor supplied to each region:

7][

-1 et |7
Li=|yeLi; " +(1—7ye)Ly ) (3.53)

where L,; denotes hours worked in region r. 1, governs the elasticity of substitution of labor
supply across regions and y, captures the relative preference of households to work in region 1.

Given these preferences, we have the following regional demand schedules:

—Nc X —Mx
Py
NDy; =y ND, Ff) Xi =y Xe| o (3.54)
t t
_ Py o _ 2 o
NDy = (1-y.)ND; B Xor = (1-yx) X o (3.55)
t t
With the corresponding CES price indices given by:
1-n.
Py = |yePu' 7+ (1= ye) Py | (3.56)
- .
Py = [%CPTtI Tt (=) Py, ""] : (3-57)

3.6.3 Nondurable Goods Production

Nondurable goods are produced by perfectly competitive firms using a technology linear

in labor. The problem of a representative firm located in region r is:

max 7= PrtYrt — WrtLrt S.t. Yr[ = ZtZrLrta (358)
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where Z; is aggregate TFP, Z, is a region-specific productivity shifter, and W,, is the nominal
wage prevailing in region r. Under flexible prices, profit-maximizing firms set prices equal to

nominal marginal costs:

(3.59)

3.6.4 Durable Goods

In each region, a continuum of perfectly competitive firms operate with a technology that
transforms local nondurable goods into durable goods subject to a congestion externality (McKay
and Wieland, 2022). This externality introduces decreasing returns to scale in durable goods
production. The technology of a representative firm 7 in region r is:

Xrt

Xire = Z; My , (3.60)

r

where Z} is region-specific productivity in durable production, M;,, are inputs of locally-sourced
nondurable goods, X,, is total durable good production in region r and X, is durable production

—¢
of r on the balanced growth path. The term (%) captures the congestion externality.

The optimal price of the perfectly competitive firm is:
4
v _ Pr

rt:Zx
r

Xri

a (3.61)

Firms set prices equal to region-specific marginal costs. P; is the price of non-durable goods
produced in region r. Parameter £, the inverse price-elasticity of durable supply, governs the

strength of the congestion externality.

3.6.5 Aggregate TFP growth

Total factor productivity Z; grows at a constant rate g,; = g.
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3.6.6 Labor Unions

There is a continuum of labor unions in each region. Each union j supplies a differentiated
labor type to a local competitive firm that aggregates all labor types and sells them at price W,
to local nondurable producers. The aggregator is,

V-1

L = , (3.62)

1 M1
/0 Le(j) = dj

where £" measures the elasticity of substitution across labor types within a region and Lft is
labor demand from nondurable producers located in region r.

The labor demand faced by union j is given by:

Wn (i)
Wi, ‘

LY (j) = Li’,( (3.63)

The union chooses wages to maximize the average expected utility across households subject to a
Calvo-type friction. The problem of a union j in region r that gets to re-optimize its wage at

time ¢ is as follows:

*

- W, (D)
S |t d . d .
max (ﬂ@w)s Ut+SLL , (])_ULrt+sL (])
W:z(]); ¢ Pt+s rt+s|t s ri+s|t
where:
LYy i) = Lie Wi Wi ()72, (3.64)
1 _ 1

ULrl+s = ‘101‘+SL;/+S/)/;[ Lrlz(;’ (365)
Ucl+s = 1l+.§" (366)

6"* is the probability that the wage contract survives s periods into the future, U, is the marginal

utility of consumption and Uy, is the marginal disutility of labor supplied to region r. In absence
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of an adjustment opportunity, the prevailing wage in ¢ + s stays fixed at its period ¢ value. The
labor union chooses W, () such that it maximizes household utility over the expected duration of
the wage contract. Since the problem of all unions adjusting in period ¢ in region r is symmetric,

we omit indexing the optimal reset wage by j. The optimal wage contract solves:

e Fiy
e 3.67
Wre e -1 F2rl ( )
L, 1 L " w
Fi=v," oL, "L} Liws +pO T Fiy e (3.68)
Fore = 4 LEWE +BO"TIE " Fay 1 (3.69)

where lowercase letters denote real wages and I1; denotes the gross price inflation rate. With
perfectly flexible wages, optimality implies that wages equal a constant mark-up over the marginal
rate of substitution. Away from this scenario, the wage mark-up will fluctuate across time and
unions. This wage dispersion induces a wedge (in terms of utils) between hours worked, L,;, and

effective hours worked, LY:
Ly =stLY, (3.70)

where s}, measures the degree of wage dispersion across unions within a region. This wedge

evolves according to:

w

Hw.())
sr’: rt\J di
’ /O(W) ’

w

|\ —E —-&
w W,z
:(1—9W)(W—:) +9W( u’/’rtl s 3.71)
w th - w| Wri=1 - w
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The real wage index for jobs located in region r satisfies:

rt

w 1-gv [ 172"
Wyt = [(1 — 6"y, v (Wrt—lnt_l) ] : (3.72)

Lastly, the aggregate real wage, wy,, is characterized by the following CES index:

1

=T
w; = ygwit_w +(1 _W)wél_mw ) (3.73)

3.6.7 Monetary Policy

The central bank sets the real interest rate according to the following monetary policy

rule:

oL
L
l+r =(1 +rss)(zt) Errs (3.74)

where 7 is the real rate along the balanced growth path, L is aggregate labor along the balanced

growth path and &,; is an exogenous shock to the real interest rate.

3.6.8 Market Clearing
Regional goods market clearing implies:

X

P
Yy =Cp+ P—”X,, vV or=1,2. (3.75)
rt

Aggregate output, Y;, is given by:

Yl‘ = _Y1[+_Y2[. (3.76)
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Lastly, asset market clearing implies:

A, =0. (3.77)

3.6.9 Stationary Equilibrium

We normalize all prices by the nondurable price index, P;, and make the economy
stationary by expressing all the growing variables relative to aggregate productivity. We
denote with lowercase letters these relative variables and solve the model around a zero-
inflation balanced growth path with y =l =1, wgs = w; s = 1, and equal-sized regions,
D1.ssYl.ss = P2.ssY2.ss = -9Yss. The stationary equilibrium is defined by a sequence of productivity-
adjusted quantities and wages, a sequence of goods prices {p;, p},}, plus a sequence for the real
rate {r;} such that, given the realizations for {&y,&,}: (1) household utility and firm profits are

maximized, (2) durable and nondurable goods markets clear, and (3) the asset market clears.

3.6.10 Calibration

Table 3.2 shows the calibrated parameters. We calibrate the model to a quarterly frequency.
We set the parameters for the household sector as follows. For the degree of household inattention

we choose 0 = .93, in line with the estimates of Auclert et al. (2020). We calibrate the effective

B

discount factor to T
8z

= .99 to match the average real rate during our sample. We calibrate
the depreciation rate to match the average depreciation of the stock of private fixed assets plus
durable goods in the BEA fixed asset table between 1947-2019. Operating and maintenance
costs are computed as in McKay and Wieland (2022). Operating costs include expenditures
in households utilities (PCE), expenditures in motor vehicle fuels and fluids (PCE), and taxes
on the housing sector. We calibrate ¢ = .005 to match the average operating costs as a share of
the durable goods stock. Maintenance costs are calculated by aggregating household and motor

vehicle maintenance expenditures from the Personal Consumption Expenditures (PCE) data,

as well as intermediate goods and services from the housing output table. We set y = .17 to
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Table 3.2. Calibrated Parameters.

Parameters Value
1/o Nondurable EIS 25
1/ Durable EIS 25
W Taste for Durables 6.3
’ Inverse Price Elasticity of Durable Supply 1
L Operating cost 0.005
X Maintenance cost 0.17
0 Depreciation rate 0.017
u:ﬁ Effective Discount factor 0.99
g Productivity Growth .005
Y/Z Output to TFP Ratio 1
14 Inverse Frisch elasticity 1
oL Taylor Rule Coefficient - Output 0
Ne Elasticity of Substitution - Nondurables 5
M Elasticity of Substitution - Durables 7
ne Elasticity of Substitution - Labor Supply 5
Ey Elasticity of Substitution - Labor Demand 7
0 Degree of Information Stickiness 93
69 Calvo Parameter - Durable Consumption .8
" Degree of Wage Stickiness 9
Vx Regional Bias in Durable Demand 5
Ve Regional Bias in Labor Supply .5
Ve Regional Bias in Nondurable Demand .5
VA Productivity of Investment Sector in Region 1 1.04
zZ Productivity of Investment Sector in Region 2 95
VA Productivity of Nondurable Sector in Region 1 98
7> Productivity of Nondurable Sector in Region2  1.01

match the average ratio of maintenance costs to depreciation. The taste for durable goods, i,
is calibrated to match the average ratio of nondurable consumption to the durable stock during
our sample. We set 8¢ the Calvo friction in the durable choice problem, at ¢ = .8. This implies
an elasticity of investment to the real rate of -4 (Gilchrist and Himmelberg (1995), Auclert and
Rognlie (2018)). We set the elasticity of substitution for durables equal to n7, = 7 and the elasticity
of substitution for nondurables to 7. = 5. Higher values for these elasticities imply stronger

expenditure switching effects in response to changes in prices across regions. We choose these
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values to reflect the relatively lower tradability of nondurable goods which we characterize as
mostly being labor services. Lastly, we set the elasticity of substitution of labor supply between
regions at iy = 5.

We calibrate the production side as follows. We normalize the output-to-TFP ratio to one
in the stationary equilibrium. The deterministic component of TFP growth, gz, is calibrated to
match the average quarterly growth rate of real GDP per capita over the period 1947-2019. We
calibrate the inverse supply elasticity of durable goods to { = .1 based on House and Shapiro
(2008). We set the elasticity of substitution of labor demand across unions to &,, = 7. This is in
the middle range of values used in the literature and implies a wage markup of 15% in the steady
state. We set the degree of wage stickiness to 6,, = .9, which implies that unions re-optimize
wages on average every 10 quarters.

We set the productivity parameters in the durables sector, Z{ and Z;, and nondurables
sector, Z1 and Z,, to generate heterogeneity in the industrial composition between regions.
Specifically, we choose Z7 such that the participation of region I in total durable production is
55%. Then Zj is set to guarantee that the relative aggregate price of durable goods is equal to one
in steady state (that is, p;, = 1). Lastly, we choose productivity values in the nondurable sector
to ensure that both regions have the same level of steady-state output. As a result, Region 1 is
relatively specialized in the production of durable goods, while Region 2 is relatively specialized

in nondurable goods.

3.6.11 Matching the Data

We model boom-bust recessions as the result of a fake news shock to households’ taste for
durables ;. We assume a two-wave information structure to construct the fake news shock which
we briefly describe next. Appendix C.4 provides further details. In period t = 0, news arrive
about an increase in ¥; beginning in period s > 0. This constitutes the first wave of information.
Starting at r = 0, agents gradually learn of this future path at a rate 1 — 6, where 6 € [0, 1) captures

the degree of information stickiness. Households who update their information set expect a
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higher return on durable consumption beginning in period s. In anticipation of this, they build up
their durable stock, which boosts output and the investment share. Because households update
their information set infrequently, this results in a gradual build-up of the aggregate durable
stock. In period z < s, a second wave of information begins. In each period ¢ > z, a share 1 — 6
of agents who expect ¥; to increase at time s learn that the taste for durables will not change.
Households who receive this new piece of information find themselves with an excess stock of
durable goods they wish to liquidate. Initially, this results in a deceleration of the process of
accumulation of durable goods at the aggregate level. Accumulation decelerates but does not
come to an immediate halt. This is because the stock of households that still expect ¢, to increase
is large relative to those who learn of the second wave. As the second wave of information
disseminates, the liquidation of excess stocks generates a bust in output, a sustained decrease in
the investment share, and a slow recovery of the economy relative to the elevated pretrend.

We generate a V-shaped recession pattern for the pre-1990 and Covid recessions using a
temporary monetary policy shock. In practice, any transitory shock in the model will generate a
V-shaped recession in the model. We choose monetary policy shocks because they are considered
important drivers of pre-1990 recessions (Coibion, 2012; Romer and Romer, 2023). One can
interpret the Covid recession as a period in which the price of consumption today relative to
the future—the real interest rate—was high due to health risk associated with certain types of
consumption. An unexpected increase in the real interest rate induces intertemporal substitution
away from consumption and investment that cause output to temporarily drop below trend before
bouncing back once the monetary shock recedes. Due to the importance of intertemporal motives
in such shocks, we call them intertemporal shocks.

We model the relatively weaker trend of the more exposed region as the result of a change
in yy, the regional bias in durable demand. A change in vy, triggers the reallocation of durable
household purchases across regions, holding total purchases fixed. This allows us to compute the
path of y, that rationalizes a given time path for the differential in growth rates between regions,

absent any national recessions. Given the linearity of the model, we can then additively feed in
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the aggregate shocks that generate national recessions, as discussed above.

We solve the model in the sequence space using the methods developed by Auclert et al.
(2021). We then simulate the path of the economy for different shocks that generate heterogeneous
recessions and recovery dynamics. Importantly, we keep all the parameters that affect the steady
state fixed across recessions, which means that all differential dynamics can be traced back to
the type of shock that hits the economy. Next, using the simulated data, we compute the model
analog of the relative recession impulse response function in Figure 3.4. Specifically, we estimate
the same regression (3.33) using a Bartik instrument in the model as we do in the data.

We estimate the path of y,'# and the parameters that govern the shock processes to match
the impulse responses in Figure 3.4. We assume AR(1) processes for both the monetary policy

and taste for durables shocks:

g =pre;_ +e;, e id N(O, O'rz) (3.78)

S
8;/’ = pd,sf_] +e;ﬁ, el,p X N(O, oi), (3.79)

where p, and o, are the persistence and standard deviation of shock x. For each alternative
explanation, we estimate the persistence of the shock processes. We also estimate the timing of
each information wave, s and z. Let f(I') denote the vector of model-implied cross-sectional
impulse responses evaluated at parameter values I'. Let 8 denote the vector of empirical impulse
responses estimated in Section 3.5 .

We estimate the parameters by solving:

[ =argminyr (B f(I)) W (B~ £(I)), (3.80)

where W is a diagonal weighting matrix containing the estimated variances of the elements of

B and T is the value of the parameter vector that minimizes the weighted distance between the

!4In particular, we estimate a single path of y,, which means that both types of recessions occur around the same
relatively weaker pretrends.
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Table 3.3. Estimated Parameters.

Value
Intertemporal vs. Boom-bust
Persistence of Monetary Policy Shock Or 946
Persistence of Taste Shock Py 1
Fake News Date S 17
Second Wave of News Date zZ 14

model-implied and empirical impulse responses. Table 3.3 presents the estimated parameters.
Throughout the exercise, we calibrate the standard deviation of each aggregate shock to match
the average depth of the recession in our sample, which is 5.3%.

In Figure 3.8 we show that when recessions are driven by different aggregate shocks, the
model can generate impulse response functions that closely match the cross-sectional estimates
for the 1990-1, 2001, and 2007-9 recessions. Regions that are more exposed to the boom-bust
recession have a relatively higher above-trend growth rate due to the prior boom. Recoveries
in these regions will look weaker because they can never catch up to this inflated pre-recession
trend. The estimation favors a slight downward trend in the more exposed regions due to the
negative pretrend prior to the boom.

Intertemporal shocks, such as a monetary policy shock, do not affect the pretrend and
represent only a temporary departure from it. Thus, these shocks predict a V-shaped relative
recovery in the absence of pretrends. However, our estimates point to a significantly lower trend
growth rate in the more exposed States which helps the model match the observed recovery in

the data.

3.6.12 Policy Analysis

We next show that distinguishing between boom-bust cycles and intertemporal shocks is
important for policy in the recovery. Specifically, for each recession we solve for the path of the

real interest rate R* that closes the aggregate output gap starting at the recession trough. We
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Figure 3.8. Matching the Recession IRF - Liquidationist vs. Intertemporal.

scale each recession to a 5.2% peak-to-trough decline in aggregate output, which is the empirical
average for both types of recessions. Figure 3.9 shows the 10-year R* zero coupon rate computed
using the expectations hypothesis.

The model implies that long-run R* persistently declines following a boom-bust cycle,
reaching a trough of 20 basis points. In contrast, the V-shaped monetary policy recession predicts
no change in long-run R*.

These distinct patterns for R* are due to the dynamics of the capital stock. Following
a boom-bust cycle, the economy finds itself with excess capital. Investment is persistently low
and aggregate demand needs to be supported using a low real interest rate. In contrast, the
intertemporal recession considered here lasts only one period, so closing the output gap from
the recession trough onward amounts to offsetting the contractionary monetary shock. More
generally, if an intertemporal recession lasted for several periods and policy closed output gaps
only after the recession had ended, delayed investment would leave the capital stock below steady
state. In that case, pent-up investment demand would push R* up during the recovery. This

implies that the degree of monetary accommodation required in the recovery depends importantly
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on the type of shock.

—e— Liquidationist R *(10Y)
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Figure 3.9. R: - Liquidationist vs. Intertemporal.

3.7 Conclusion

The recoveries from the 1990-1, 2001, and 2007-9 recessions have been weak relative to
other postwar business cycles. We provide new cross-State evidence that suggests the recovery
patterns are due to different shocks: Boom-bust cycles in the 1990-1, 2001, and 2007-9 recessions
give rise to weak recoveries and intertemporal shocks in the pre-1990 and 2020 recessions predict
strong recoveries. Our model that quantitatively matches these patterns shows that recessions
caused by boom-bust cycles require extended periods of accommodative policy relative to

recessions caused by intertemporal shocks.
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Appendix A
Appendix to Chapter 1

A.1 Decomposition Framework - Additional Derivations
and Results

A.1.1 Static Setting - Further Details

This appendix presents the derivations for a generalized static setting with two-way
feedback between aggregate variables. In the following, I reproduce the system of equations that
characterize a static economic:

G, =aR, +uy Yir = BX 5igGr+y X sir Ry + i +up + 1),
- 2
Rt :5Gt+url sig "’N(S,O-Sg)
Sy
u ~N(0,07) Vk=g,r Sir = @Sig +u;

, 2 y 2
uf ~N(0,05), u;~N(0,0y).

With two-way feedback, the process for the aggregate variable G and R can be rewritten

as:
1 a
Gr = Tt + Tt (A1)
0 1
R, = I 5augt + T Uy (A.2)
Next, I outline the general formulas for each step of the decomposition.
Cross-sectional Step
The reduced-form regression from the cross-sectional step is given by:
Yii = bsigegr +CSigEry + Ai + A + €y (A.3)
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The regression coefficients b and ¢ converge to:

B Yo

E[b] = A4

=1t Toas (A4)
. Ba y

E[¢] = . A
e = e " T2as (&-3)

Note that, due to the presence of two-way feedback, we cannot decompose b into two additive
terms as before. The first term on the right-hand side is a rescaled version of the portable
elasticity where the rescaling captures the contemporaneous feedback between aggregate variables.
Similarly for the HEDGE term. However, this is not an impediment to apply the decomposition
as I show next.

Time Series Step
The estimated responses of R; to each aggregate shock are given by:

0 Bla]= ——.  (A6)

R =veg +agy +epy, E[V] = T oa’ —

The hypothetical &,; shock - denoted by &,, - satisfies the following:

| <D

=0. (A7)

Ert =

Last Step

As pointed out above, with two-way feedback we cannot in general neatly decompose
the TWFE estimate into two additive terms but we can still consistently estimate the portable
elasticity in the same way as before. Evaluating the effect of £,; using ¢ from the cross-sectional
step and subtracting it from b yields:

A A

B =b-¢x8&,
__ B, 35 _ a5 AS)
" l-ad l-as 1-ad 1-aé '
:ﬁ_

Monte Carlo Simulations with Two-Way Feedback

The performance of the decomposition is illustrated using Monte Carlo simulations. I
simulate data from an economy characterized by the system of equations presented above with
a # 0 and estimate three different specifications: (i) Baseline, (ii) Decomposition, and (iii)
Control Function. Baseline corresponds to the two-way fixed-effects regression. Decomposition
and control function correspond to the results of applying the framework presented above or the
control function approach. Figure A.1 presents the distribution of the estimated coefficients for
each strategy in an economy with 8 =7y =6 = ¢ = @ = .5 . The population value for the portable
effect is .5 and the omitted variable bias due to HEDGE is .33. There are two takeaways. First,
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the baseline estimates are biased and centered on 8 +Q = .83. Second, both the decomposition
and control function approach consistently estimate 3°.

0.9 1
0.8 1 -

0.7 I

0.6

Baseline Decomposition Control Function

Figure A.1. Static Monte Carlo Simulations with Two-Way Feedback.

Note: Distribution of point estimates for the Baseline, Decomposition Framework and Control Function
estimation strategies. Based on 1000 repetitions with sample size of n = 100 and ¢ = 300 and parameters set to

§=B=y=¢=a=.5.

A.1.2 Decomposition a la Sims and Zha (2006) - Further Details

This appendix presents derivations for the ex-post decomposition in a more general
economy than the AR(1) example in the main text.
Let the data-generating process be characterized by

Sg

S
Sig = U;", Sir = ¢Sig +u;",

J
G = ZngGt—j +Ugs,

j=1
M N
R; = Z prmRt—m, + Z 0nGron =+, (A9)
m=1 n=0
S K L
Yieen = ZﬁssigGHh—s + Z YieSirRevn—k + Z UiYisent+uy,,, Vh=0,
s=0 k=0 =1

uge ~ N(0,07), u* ~N(0, O'SZk) Vk=g,r, u, ~N(0, O'yz).

The derivations that follow set ¢; = O for notational tractability. This is without loss of generality.
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The total, portable and HEDGE effects of a shock to G, in period ¢ + & are given by:

K

0G 4h— OR; 1 h_
T t+h—s t+h—k
- Trehzs : (A.10)
By SZ:(;IBS Ditg; kZ:(:)Vk‘/’ ditg:
ot o

where the effects are evaluated at s;, = 1. The total derivative of the cross-sectional outcome at
horizon h with respect to u,, is given by:

K
OR;4}—
vh= > vt (A.11)

Reduced Form Analysis
Consider the following panel local projections with two-way fixed effects:

Yiieh = bp X Sig€gt + Cp X Sig&ps + Ain + Aty + €jrap, (A.12)

where &,; and &,; are the innovations to G and R, respectively. The regression coeflicient by,
converges to:

S K

Ay COV[GHh—s,ggt] COV[RHh—k,ggt]

Blbal = ) fs— o+ ) b (A.13)
5=0 8t k=0 81

VseS suchthat h—s>0and V k € K such that 1 —k > 0. The regression coeflicient
¢j converges to:

coV[Rishk, Ert]

v[en]

K
E[és] = Z)’kfﬁ

k=0

, (A.14)

VkeK suchthat h—k >0. If £& [vlfgf]’g”] = [VIE;”: isg’] for all 4 € H, then the cross-sectional
step directly provides us with an estimate of “at each horizon. However, whenever the
conditional path of R given each aggregate shock differs, an additional correction is needed.
Implementing this correction requires information from time-series analysis. Basically, we need
estimates for the path of R conditional on the realization of each aggregate shock.

The time-series step estimates the path of R conditional on each aggregate shock using:

Rivh = vin€gr +an&p + €ppip. (A.15)
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The coefficients v, and a; converge to

E[aAh] _ cov Rt+h’8rt Z mcov Rt+h m’grt] COV[”th,Srt]’ (A.16)
8” grt V[grt]
cov|Riip, & N coV|Rish—n,E
E[‘A}h] _ [ t+h gl] _ Z ren [ t+h—n gl], (A.17)

V[ggt] - =0 ' V[ggt]

for all m € M such that 2—m >0 and for all n € N such that 4 —n > 0. Following the notation in
the body of the paper, I denote with R, ; and R, ;, the impulse response of R to each innovation
at horizon h.

The coeflicients ¢, from the cross-sectional step identify the differential response of
the unit level outcome to a unit increase in &,;,. This &,; shock implies a path for R given by
ay for each h. However, to construct the HEDGE term we need the path for R given by the
coeflicients 9. Following Sims and Zha (2006), I outline how to replicate R, using a series of
contemporaneous innovations to R dated s > 0 for all s € H.

For h = 0, we want to find the size of the &,¢ shock that equalizes both paths on impact:

Rg,O
Rr,O

Rgo=R,0é0 = Er0 =

(A.18)

An R shock of size &, yields an interest rate response equal to R, 9. Next, we can evaluate E[ o]
for an innovation to R of size £,¢, instead of unity:

E[20% &r0] = FoR 0810
=JoR, 0 (A.19)
= Q.
The differential response of Y;; to an innovation to R of size &,¢ equals the response that operates

through the endogenous response of R to a G shock. In other words, the HEDGE term for 4 = 0.
For h = 1, it will be the case that, unless R, and R, are multiples of each other:

R, # R,.150. (A.20)

This means that the initial rescaling by £, is not enough to equalize the conditional paths of R
at horizons h > 0. The next step is to feed in a contemporaneous innovation at date 2 = 1 that
accounts for the remaining difference:

Er = Rg,l - Rr,lérO (Azl)
R
— Ry - R 522, (A22)
Rr,O

where £, is an innovation to R taking place at 7 + 1. This gives us two R shocks—{&,¢, &,1 }—that
propagate to the cross-sectional outcome as follows
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E[é1 X &0+C0XEr] = [JoRr1 +F1R0|Rgo+FoRr0|Rg1 —Rr1Rg 0
=YoR, 1R 0+V1Rg0+70Rs1—VoR, 1R0 (A.23)
=¥1Rg0+7VoR; 1
=Q.

In period h = 1, it is as if the economy was responding to a shock of size &,( that took place a
period ago plus to a shock of size &, taking place contemporaneously. The combination of these
responses identifies Q.

As before, for 1 = 2 we construct a contemporaneous shock at date 4 = 2 equivalent to
the difference between R, > and the R path implied by the sequence of shocks fed in so far:

Ep = Rg,Z_Rr,ZgrO_Rr,lérl, (A24)

where R, &, is the response of R at 4 =2 to the shock that took place at t =0 and R, 1§, is the
response of R at h =2 to the shock that took place in the previous period. Note that because
R, =11 omit it from the left-hand side. Once we have &, we can construct an estimate for €2,
as:

E[éa X &0+ 1 X Erp +Co X Ea] = Q. (A.25)

The two formulas below generalize the computation of the sequence of shocks &,; and the
estimation of Q, for any 4 > 0.

h
Py = Zdh_kérk Vhe H, (A.26)
k=0
_ h
Q= Zéh_ké,k Vhe H. (A.27)
k=0

A.1.3 Dynamic Setting without Anticipation Effects - Further Details

Control Function Approach in Dynamic Settings

This Appendix presents detailed derivations for the control function estimator.

The reason why the control function approach fails to control for the dynamic path of the
GE variable in response to a shock of interest £, is independent of whether the setting is a panel
or a time-series regression. Given this, in this Appendix I provide details on the mechanics of the
control function approach using an aggregate setting.

Throughout, I use the Frisch—Waugh-Lovell (FWL) theorem to characterize the expected
value of the elasticities estimated under the control function approach. The FWL theorem implies:
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b= , A28
where:
X =x— 0z, g covlezl (A.29)
v[z]
cov|y,z]
yri=y- 0yz, 0y = V[;}] : (A.30)
AR(1) Process for G and R
First, I consider the following DGP:
Gt :ngt—l +l/lgt (A31)
Rt = ,DI’RZ—I + 5Gl‘ + urt (A.32)
Yt :ﬂG['i"th'l‘Myt (A33)

where I assume the researcher observes an innovation to G, &g, that satisfies Assumption (1.3).
The control function approach can be implemented with the following local projection:

Yien =bpGr+cpRi+ e (A.34)

where G; is instrumented with g,;. The FWL theorem implies the following expression for the
2SLS estimate by,:

R cov[YlR’,eLtR’]
E[by] = o g (A.35)
cov[G; g5 ']
Then expanding and re-arranging the numerator yields:
cov|G;, R
cov[YtiI;’,s;th] = ,Bpi,’ (cov[Gt,sgt] - %cov[&,sﬂ])
Rivn, R
+y (COV [Rt+h, ggt] - MCOV [Rta 8gl‘] )
VIR (A.36)

- ol (vleud -6 T o)
coV[R1p, Ry]

LA )

+y (cov [Rivh,€g1] —

where I used the fact that cov[R;,&,:] = 6v[&,]. Similarly, the denominator can be expressed as:

cov[Gy,R]

GLRi LR _5
cov[G; ey, '] = v]eg] IR

b gt

v[Eg]. (A37)
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Putting both pieces together, yields:

1R
. yvleg ']
E[b4] = Boy + S (Ryn—Renx Ry, (A.38)
cov[G; g5 ']
where: R X
RR,hECOV[ t+hs Ry (A.39)

V[R;]

The term R , captures the component of the dynamic path of R that is predictable from
the included control R;. More generally, when additional controls are included, R 3, captures
the projection of R;;j onto the space spanned by those controls (e.g., current and lagged values
of R and other aggregate variables).

This expression highlights that unless Ry ;, can be represented as a linear combination of
the paths of R spanned by included controls, the CFA fails to address the HEDGE bias.

Dynamic Setting - Monte Carlo Simulations

In the following, I detail the DGPs used to produce Table A.3 in the main body of the
paper. For reference, I reproduce the general system of equations:

t:|
2
ltlt

(A.40)

K
IBSSigGHh—s + Z YiSirRevn—i +
s=0 k=0 =1

— y
Yiern = YiYien—1 +uin +ugp +u;,,, Yh20.

S L
Each DGP is evaluated at three different values for the correlation between the exposure
shifters s;, and s;,. I fix the standard deviation of all idiosyncratic shocks to unity. The sample

size is set to N = 300, T = 1000, and the number of repetitions is set to J = 1000.

Table A.1. Monte Carlo DGPs — Dynamic Setting.

DGP # Description Mgy Myy Mgy Mg Bs Vi Yy
1 VAR(1), no lagged Y¥; 0.8 0.8 0.5 0.0 {1.0} {0.5} {0.0}
2 VAR(1), AR(1)in Y; 0.8 0.8 0.5 0.0 {1.0} {0.5} {0.8}
3 VAR(2), AR(1) in ¥; {0.7,0.2} {0.4,0.5} {0.5,0.0} {0.0,0.0} {1.0} {0.5} {0.8}
4 VAR(1),lags in G and R in ¥; 0.7 0.4 0.5 0.0 {0.5,0.2} {0.5,0.05} {0.0}
5 VAR(1), unrestricted 0.8 0.8 0.5 -0.3 {1.0} {0.5} {0.0}

Note: Note: Each DGP is evaluated at ¢ € {0.1,0.5,1}. Parameters m,, denote the eftect of variable y on
variable x in the VAR at different horizons. The S, yx, and y; parameters correspond to the effects of G,_, R,_x,
and Y;;_; in the unit level outcome. Zero entries indicate either exclusion or no persistence.

208



Two-Way GE Feedback - Two Sources of Omitted Variable Bias

This appendix studies the cross-sectional identification of partial-equilibrium elasticities
(PE) when there is two-way feedback (2W-GE) between aggregate variables. It shows that
with generalized feedback between aggregate variables cross-sectional elasticities are generally
contaminated by GE responses even when the covariance between exposure to the shock of
interest €4, and exposure s;; to some other aggregate variable K; is zero.

The general setting is still characterized by (S2) - which I reproduce below for convenience:

o]= S]]

(AA41)
Yy = Zﬂsslth S+Z7’ksert k+Z¢’let l+ul+ut+ul,

s=0

Sir = ¢Sig + Ui, .

Necessary Conditions to Difference-out GE using reduced form analysis

I study the necessary conditions for a reduced-form TWFE local projection to identify
the partial equilibrium effect of a change in G; on Yj;.5. Concretely, the regression under
consideration is given by:

Yieen = bR Sig€qr + din + Ao + €irsns (A.42)

where g, 18 an observed innovation to G in period ¢. Let be be the coeflicient of interest, where
the superscript RF refers to reduced form. To build intuition, I start with the following simplified
DGP for G and R:

G[ = ngt—l + Q’R[ + Ugt, Rt = erl‘—l +5Gt + Uyt (A43)

The VAR(1) representation can be written as

Pg Py a 1
G, = Gi1 + ———Ri_1 + e+ A.44
T l—as ! ! l—as ' ! l—adut 1—a/(5ugt ( )
Pr 0pPg 1 0
R, = Ry + Gro1 + e+ : A4S
T l—as ! ! l—as ' ! l—aéu[ 1—a/(5ugt ( )

Then, consider a simple DGP for Y;; given by:

Yi = BsigGr+ysir Ry + uir, Sir = Psig+ €} (A.46)
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It can be shown that the coefficient of interest converges to the following expression for 2 = 0 and
h =1, respectively:

[;(I)QF N B + Pyo , E{QF - B(pg +adpy) + ¢y (pg+pr)
l-ad 1-ad (1-ad)? (1-aod)?

(A47)

Now, consider an economy in which exposure shifters to G and R are uncorrelated in the
cross-section - that is, ¢ = 0. This leaves us with the following.

A B A B(pg+adpy)
¢,3, bl - W

# Bp,. (A.48)

Both reduced form coefficients are contaminated by GE effects even in absence of HEDGE. A
necessary condition to fully difference-out GE using a reduced-form cross-sectional regression
is that there should be no two-way feedback between the aggregate variable of interest and any
variable that responds to it in general equilibrium. Otherwise, the reduced-form coefficients
identify a rescaled version of the true partial effect even when cov (s, s;] = 0.

Is 2SLS the solution?
Suppose that instead of using the reduced form, we chose to instrument G; with g,;. The
first stage coeflicient is given by:

1
oFs = . A.49
1—ad ( )

The 2SLS estimates converge to:

25 _ ros  Blpg+adpy)
omhsh T TR

# Bpg. (A.50)
For this DGP, using &g, as an instrument for G; removes GE on impact but not at 4 = 1 (nor at
any h > 0). What if instead we instrument G4 with &¢,? In this case, the first stage coefficient
is horizon-specific, and for & = 1, we get:

Fs _ Pg+@op;

1 - (1—0’5)2. (ASI)

The first stage coeflicient for & = 0 is the same as in the previous case. The 2SLS estimates
converge to:

b — B, b — p, (A.52)

where I use the subscript H to denote that these estimates correspond to a 2SLS regression where
G+, 1s being instrumented for, instead of G;. In the context of this specific DGP, instrumenting
G4, 1dentifies the impact effect of a change in G and the local projection recovers the same
coeflicient at all horizons. Note that this does not identify the cumulative impulse response but
does identify an object that is free of GE. Crucially, this worked because, for this DGP, G4,
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captures, or blocks, all paths between &,; and Y;;4;. Consider departing from this scenario by
adding an autoregressive component in the unit-level outcome:

Yie = BsigGr + Y +u,-yt’ (A.53)
or, for lagged G to have an effect on the unit-level outcome:
Yie = B5igGr + B15igGr-1 +M,}, (A.54)

Now, G4, no longer blocks all channels through which a change in &, affects Y;;,,. Therefore,
instrumenting G4, with &,; will not be enough to difference-out GE effects. The 2SLS estimates
for these two alternative DGPs at & = 1 are:

52 — B (pg +6apr)
0

(pg +0ap;)
L 1- 5

+BY #Blpg+y), by =p——

+B1 #Bpg+p1.  (ASS)

when instrumenting G;, and

1-ad
(pg +6apy)

1-ad

72S.H _
‘_#ﬁ(pg"'l//)’ bl _ﬁ+181 (pg+50!,0r)

by = p+py #Bpg+B1, (AS6)
when instrumenting G;.,. The expressions to the right of the # sign correspond to the PE

elasticities for each DGP and horizon.

The Decomposition Framework also addresses this omitted variable bias
Using the reduced-form responses estimated from:

Yiteh = bn X Sig€gr + Cp X Sig€rs +in +Ain + €i14n (A.57)
Rivp = VhEgt + Ap&Ers + Ertihs (A.58)

one can implement the decomposition framework as outlined in 1.3.2 and consistently estimate
the partial equilibrium elasticity at all horizons, even when there is two-way feedback between
aggregates in a system like S2. Next, I present results from a Monte Carlo simulation exercise
and the algebraic details for the first two horizons in a simplified DGP.

HEDGE Test

In environments with 2W-GE feedback, the interpretation of the HEDGE test requires
additional care. When G, responds endogenously to R;, variation in &,, induces changes in both
aggregate variables. As a result, even in the absence of comovement between exposure shifters
(i.e., ¢ = 0), the interaction s;,&,; Will be correlated with s;,G;.

In this case, a rejection of the null should not be interpreted as evidence of heterogeneous
exposure to R per se (i.e., ¢ # 0), but more generally as evidence of heterogeneous exposure to
equilibrium responses of the economy. In particular, units that are more exposed to G will also
be differentially exposed to the endogenous response of G to R. Therefore, the HEDGE test
should be interpreted as a diagnostic for residual cross-sectional heterogeneity in exposure to
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aggregate responses, rather than a test exclusively of ¢ # 0.

Monte Carlo Simulation - Results

For illustration, I ran a Monte Carlo exercise in which I simulate data from alternative
DGPs that fit into the system given by (S2) to estimate b;. Throughout, I set ¢ = 0 to focus on the
omitted variable bias that arises independently of HEDGE. The sample size is set to N = 300 and
T =500, the number of repetitions to J = 1000, and the standard deviation of all idiosyncratic
shocks to unity. Table A.2 provides further details on each of the DGPs used in the Monte Carlo
exercise. I consider four estimation strategies: (1) a TWFE reduced-form local projection, (2)
the decomposition framework, (3) a TWFE local projection instrumenting G; with &g, and (4) a
TWEE local projection instrumenting G4, with &,4;. For each estimation strategy k, DGP z and
horizon h, I compute the absolute difference between the true portable elasticity, 5 Py and the
average estimate across all repetitions and then normalize it by ﬁf , to make it comparable across
data-generating processes:

-1 xJ Tk P
ko |J Zj'=1bjzh_'31h|

(A.59)
Z" |8, |

Consistency requires th — 0. Table A.3 shows the mean and standard deviation of Hfh by
horizon and estimation method. The decomposition approach outperforms all three estimation
strategies at every horizon and yields unbiased estimates of the true portable elasticities, with
only minor bias at longer horizons.

Table A.2. Two-Way GE - Parameterizations of DGPs in Monte Carlo Simulations.

DGP# Description Mgg =Mypy  Mgr  Myg Bs Yk vi
1 AR(1) in G and R, no lagged Y. 0.6 -03 05 {1.0} {0.5} {0}
2 Adds persistence in Y;, with one autoregressive lag. 0.6 0.1 05 {1.0} {0.5} {0.8}
3 Adds distributed lag response of Y to G via multiple S;. 0.6 0.1 0.5 {1.0,0.4,0.2} {0.5} {0}
4 Combines lagged Y and lagged G. 0.6 0.1 0.5 {1.0,0.4,0.2} {0.5} {0.8}
5 Adds three autoregressive lags of Y. 0.6 0.1 0.5 {1.0} {0.5} {0.5,0.3,-0.1}

Note: Parameters my, denote the effect of variable y on variable x in the VAR at different horizons. The
Bs, Yk, and y; parameters correspond to the effects of G,,, R;_, and lags of Y;;_; in the unit level outcome. Zero
entries indicate either exclusion or no persistence.

212



Table A.3. Absolute Mean Relative Bias by Estimation Method and Horizon.

Estimation Strategy h=0 h=1 h=2 h=3 h=4 h=5

Decomposition Framework  0.002  0.005  0.009  0.015 0.019  0.027
(0.001) (0.002) (0.006) (0.010) (0.010) (0.016)

Reduced Form 0.002 0078 0211 0391 0587 0.788
(0.002) (0.098) (0.273) (0.469) (0.636) (0.744)

IV (t) 0001 0079 0213 0391 0587 0.787
(0.001) (0.097) (0.273) (0.469) (0.636) (0.743)

IV (H) 0.001 0624 1556 3.494 5159  8.680

(0.001) (0.026) (0.191) (1.662) (1.123) (2.353)

Note: Standard errors shown in parentheses. Values are reported as fractions of the true portable elasticity

(1 =100 %). The sample size is set to N = 300 and T = 500 and the number of repetitions to J = 1000.

Decomposition Framework with 2W-GE - Detailed Algebra for 7 =0, 1

The DGP is the same as that used before, which assumes a VAR(1) process for aggregate

variables and only contemporaneous G and R to directly affect the local outcome.

Gl = ng[_l +a’R, +l/lgt,
R: = prRi—1 + G +uyy,

Y = ﬁsith +ysir Ry + w,

it’
_ S Sr
Sir = ¢s,-g +u;",  Sig 1 u;’.

Cross-sectional Estimates
The estimated coefficients of the cross-sectional step for 4 =0, 1 converge to:

hol= P, 70 . Blpg+asp,)  F(pg+pr)
Elbo] = -+ . Elb1] = = e
E[éo] = P& ¥y E[é] = Palpg+pr) | 7(pr+dapy)

= + ,
l-ad 1-ad (1-ad)? (1-ad)?

Time Series Estimates
The estimated coefficients from the time series step for 2 = 0,1 converge to:

1 prt+oap,
E[dg] = ——, E[4] = ——= 2,
9] =255 )= ey
6 0(pr+pg)
E[po] = —0—, E[p] = — 5.
%ol l1-ad 91 (1-ad)?
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Decomposition
The counterfactual shock for 4 = 0O satisfies the following:

6 1
l—-a6 1-aé
5 = &rp.

Vo = ap€ro— &r0

(A.65)
(A.66)

Next, we can evaluate the differential response to R at €, and subtract it from the differential

response to G:

E[Bo—f‘o)(ér()] = X0

B N yo _[ Ba N ¥
l—-ad 1—-adb l—-ad 1—-adb
_ﬁ(l—a5)+ y5 6
T l-ad l—aé 1-aé

= .
In period & = 1, this shock &,¢ = ¢ implies the following realization for R;;;:
pr+oapg 6(pr+pg)
R,i=——0 # Rii=——"—.
ST = ao)? 17 (1= as)?

We want to find a second date & = 1 shock &, such that:

E[91] = E[d; X &r0+do] X &/1]
o(p, + r+oa 1 .
(or+pg) _ prdapg B[]
(1-a6)? (1-a6)? 1-aé
— E[,1] =dp,.

Next, we evaluate the differential response of ¥; to these two R shocks, {&,9,&,1}:

E[¢1 X &0+ Co X Er1),

(A.67)

(A.68)
(A.69)

(A.70)

(A.71)

(A.72)

and subtract it from the differential response of the cross-sectional outcome to a G shock in

period ¢ + 1:

ﬂ(pg +adp,) + 775(pg +0r) |
(1-ad)? (1-aod)? |

A

E[b) —¢1 X E,0—Coxér1] =

palpg+pr)  ¥or +6apg)_6_ Ba+7
(1-ad)? = (1-ao)? 1—as’®

= Bpg = ﬁf'

This process can be extended to further horizons.
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Robustness to cov|[eg, A;] #0

This appendix lifts the assumption that the researcher observes a purely structural
innovation to G;. I consider settings in which &g, the observed shock of interest, is correlated
with the realization of a third aggregate variable A;. This nests cases in which the shock is not a
source of exogenous variation at the aggregate level but satisfies exogeneity in a cross-sectional
setting, conditional on the exposure shifters and time fixed effects. For illustration purposes,
consider the following minimal setting.

G =pgGio1 +ug, (A.74)
R =prRi-1 +0G; +uyy, (A.75)
A =k,Gi+ugy, (A.76)
Yii = BsigGi +ysir Ry + xSia A + u; + +ul.y[, (A.77)
Sir = ¢Sig +u;", (A.78)

cov[sig,Sia] = 0. (A.79)

Here, A, is a third aggregate variable that contemporaneously responds to changes in G;
and to its own structural innovation. In addition, units are differentially exposed to A according
to the exposure shifter s;, and the parameter y. In a cross-sectional TWFE regression, the shock
g4 satisfies exogeneity with respect to A; if cov[s;g, sia) = 0. That is, the cross section identifies
a causal effect of &, if there is no HEDGE in relation to A;.

Next, I show that the decomposition framework consistently identifies the portable
elasticity in settings that use variation correlated to a third aggregate variable. I consider DGPs
that fit into the following system of equations:

G, P Gz—j Ugy
R | = ZMj Ri_j|+B|uq|,
Al J=1 At—j Ugt
S K w
Yo = G R A (83)
it = ,Bssig t-s T YkSirlXi—k + XwSiadt—w,
s=0 k=0 w=0
L
y
+ ) WY +ui+u+ug,

I=1
Sir = @Sig +u;", Sia = ESig + U}, sig ~ N (1,us,).
For simulations, I study DGPs that (i) satisfy the identification assumption of the researcher
- namely cov|siq, 5iq] = 0 (€ = 0); and (ii) fail to satisfy it because they display HEDGE in A;, on
top of R;. In both cases, the decomposition identifies its object of interest. That is, a sequence
of elasticities that are clean of the effects operating through changes in R. The difference is
that in the first case, the estimated elasticities are also independent of changes in A;, whereas in
the second case they are a combination of the true portable elasticity and the HEDGE channel
associated with A;. Table A.4 provides details on each of the DGPs used in the Monte Carlo

215



exercise. In all cases, the sample size is set to N = 100 and 7" = 500, the number of repetitions
to J =500, and the standard deviation of all idiosyncratic shocks to unity. For each estimation
strategy k, DGP z and horizon 4, I compute the absolute difference between the true portable
elasticity, 8% , and the average estimate across all repetitions and then normalize it by )il , to make
. Z . Z

it comparable across data-generating processes:

-1 xJ Tk P
ko |J Z.i=1bjzh_'31h|

zh P
A

(A.80)

Consistency requires th — 0. Table A.5 shows the mean and standard deviation of Hfh by
horizon and estimation method. The decomposition approach consistently recovers the true
portable effects as opposed to the control function approach.

Table A.4. Three-Way GE — Parameterizations of DGPs in Monte Carlo Simulations.

DGP - Description Mg Mg, Mgg My Mg Mpq  Mag  Mag  Mar Bs Yk Xw 70K
Aisiid. 09 {0,0  {0,0} 0.7 {0.5,0} {0.3,0} 00 {02} {00}  {1.0} {0.5} {02} 08 0
Adds persistence in A,. 09 {00}  {0,0 07 {050} {03,0} 04 {02} {00}  {1.0} {0.5} {02y 08 0
Adds R — A channel via mgy. 09 {00}  {0,0} 0.7 {05,0} {03,0} 04 {02} {0.4,0} {1.0} {0.5} {02} 08 0
Adds A — G channel via g, 08  {0,0} {0.1,0} 07 {050} {030} 04 {02} {020} {1.0} {0.5} {02y 08 0
3W-GE. 09 {-0.3,0} {0.1,0} 0.7 {0.5,0} {0.3,0} 04 {02} {02,0} {1.0} {0.5} {02} 08 0
Adds lags of G, R, and A in Y. 09 {-03,0} {0.1,0} 0.7 {0.5,0} {0.3,0} 04 {02} {0.2,0} {1.0,0.2} {0.5,0.2} {0.2,03} 08 0
Adds HEDGE-A via ¢ > 0. 09 {-03,0} {0.1,0} 07 {050} {03,0} 04 {02} {0.2,0} {1.0} {0.5} {02} 08 05

Combines lagged inputs with HEDGE-A. 0.9 {-0.3,0} {0.1,0} 0.7 {0.5,0} {03,0} 04 {02} {0.2,0} {1.0,02} {0.5,0.2} {0.2,03} 08 0.5

Note: Each DGP is evaluated at ¢ € {0.1,0.5, 1}. Parameters m,, denote the eftect of variable y on variable
x in the VAR at different horizons. The B, vk, xw and y; parameters correspond to the effects of G;_g, Ry, A;—;
and Y;;_; in the unit level outcome. Zero entries indicate either exclusion or no persistence.

Table A.S. DGPs with cov[A;,&g] # 0 - Absolute Mean Relative Bias by Estimation Method.

Estimation Method A =0 h=1 h=2 h=3 h=4 h=5 h=6

Decomposition 0.004 0.005 0.007 0.009 0.010 0.011 0.012
(0.003) (0.003) (0.005) (0.006) (0.007) (0.008) (0.010)

Control Function 1.266 0560 0331 0.236 0246 0343  0.453
(0.414) (0.167) (0.073) (0.129) (0.189) (0.202) (0.210)

Note: Standard errors in parenthesis. Values are reported as fractions of the true portable elasticity (1 =
100 %). Based on J = 500 repetitions with N = 100 and 7 = 500.

A.1.4 Comparison with Other Estimation Approaches

This appendix discusses how the decomposition approach outlined in Section 1.3.2
compares to three alternative approaches: (i) Interactive fixed effects (Bai, 2009), (ii) control
function approach assuming s;, is observed, (iii) 2SLS control function approach.
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Interactive Fixed Effects

The cross-sectional outcome Y;; evolves according to

Yl‘t:ﬁxsl‘th+'ysl‘rR[+ui+u[+u'i); (A.81)

The Interactive Fixed Effects (IFE) estimator (Bai, 2009) augments the TWFE regression
with L latent factors to absorb unobserved heterogeneity:

,
IFE l rl
Yieen = Bl E X sigegr+ > ALfL+ Ain+ A+ e, (A.82)
=1

where {17, f'} are estimated jointly with B® via alternating least squares (ALS). The rationale
is that if the residual error contains a factor structure orthogonal to s;¢&g,, the ALS procedure
recovers both the factor and the causal coefficient without bias. After removing two-way fixed
effects, the residual contains the GE term:

Nit+h = VSirRen + ”?;+h' (A.83)
From (S2), the residual satisfies:
_ R R yoo_ R R y
Wien = v5ir [UR (o) + 0 (o) 416 = vsir [wf (o) +0f (o) |+, (A4
——
Rin & fr

where w;f (&x) denotes the component of R, driven by contemporaneous and past £; shocks for
k = g,r. The residual admits a rank-1 factor structure, as all components of R, load on the same
cross-sectional vector s;-. However, this factor is a function of both &, and &,,, and is therefore
correlated with the regressor s;,£,,. As a consequence, the ALS algorithm cannot separate the
variation in Y;;,,, generated by s;,&,, from that generated by ’)/Sirl//}lf (&xt), because the two share
the same cross-sectional loading direction and their time-series components are correlated.

With a single factor, the IFE model is correctly specified in terms of rank. However, the
factor f; = l//,’f (8g1) + 1//5 (&r¢) is itself a function of &¢; and therefore correlated with the regressor
Sig€g: in both time-series and cross-sectional dimensions. As a result, the orthogonality condition
required for IFE to recover the causal coefficient fails. In the ALS procedure, the regressor and
the factor compete to explain the same variation in Y;;,j, leading the estimator to attribute part of
the treatment effect to the factor and producing an overcorrection relative to TWFE.

Figure A.2 presents results from a Monte Carlo simulation to illustrate the previous
discussion.
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Figure A.2. Monte Carlo Simulations - Alternative Estimation Approaches.

Note: Simulation results based on 1000 repetitions with N = 100 and 7' = 300. 90% confidence bands.
The DGP is generated using the following parameter values: pg = o, =.8,6 =.5,8=1,y =.5,¢ = .5. The variance
of all innovations is set to unity.

Controlling for s;, R,

Suppose that we had knowledge of the exposure shifters s; and extended the baseline
specification with an interaction between these and R;:

CF—Sir
Yiten = B, X Sig€gt + Vi X Sir Ry + Aip + Aty + €t (A.85)

This strategy fails to recover the true portable elasticity under the same conditions as the control
function approach. The interaction s;-R; exploits the same time-series variation as the control
function and therefore cannot separately identify the component of R, driven by &¢;. As a result,
it does not control for the endogenous response of R; to &, unless the corresponding time paths
are linearly dependent.

This extension highlights that the difficulty in addressing the bias associated with HEDGE
stems from the dynamic response of macroeconomic aggregates. Figure A.2 presents results
from a Monte Carlo simulation to illustrate this point.

Controlling for R, instrumented with ¢,

This strategy differs from the control function approach by instrumenting R, rather than
using its realized value. By a similar argument, it also fails. While the control function uses
the variation in R, orthogonal to &, this approach isolates the component of R; driven by &,,.
Unless the path of R; in response to &,; spans its response to &g, this variation is insufficient
to account for the endogenous response of R; to 4. Figure A.2 presents results from a Monte
Carlo simulation to illustrate this point.
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A.1.5 Forward-Looking Settings - Further Details

Figure A.3 shows the response of R to &, the fiscal shock, and to each of the two
scenarios for the persistence of g;;, the monetary shock.

- Egt
- &;t - Misaligned
—e— ¢t - Aligned

0.4+

0.31

0.21

R Response - Percentage Points

0.0

Horizon

Figure A.3. Path of R Conditional on Aggregate Shocks.

Figure A.4 presents additional simulation results. The upper row is an extension of
Figure 1.3 in the main text that considers additional news shocks. It can be seen that, both in the
Misaligned and Aligned, incorporating further news shocks improves the performance of the
decomposition until it finally recovers the true portable elasticities. In the Aligned case, using
news beyond F = 4 yields negligible gains.

The bottom row considers an economy with weaker forward-looking dynamics by
introducing a discount term in the Euler equation' of households (McKay et al., 2017). Discounting
weakens the importance of expected output gaps for current consumption responses and, overall,
moves the economy closer to the Markov setting. I set the discounting parameter to @ = .95
(relative to a baseline without discounting, @ = 1). As expected, decreasing the strength of
forward-looking dynamics improves the performance of a decomposition that uses a limited
number of news shocks.

The Euler equation is given by:

_1 a
C, 7 =9BE[Crr1” o (1 +r141)], (A.86)

where « is the discounting parameter and } is a constant calibrated to match steady-state consumption.
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Figure A.4. Forward-looking Settings - Additional Simulation Results.

Note: Misaligned refers to the case where the trajectory of R differs across shocks, while Aligned
corresponds to the case where these trajectories are relatively similar. The top row shows the estimation results
using different numbers of news shocks in an economy without discounting (i.e., standard Euler equation), while the
bottom row corresponds to an economy with a discounted Euler equation (McKay et al., 2017). The discounting
parameter is set to a = .95.

A.1.6 Asymptotic Properties

This section establishes the consistency of the estimators for ﬁg . The argument proceeds
in three steps. First, I establish consistency of the panel local projection estimators under large-N,
fixed-T asymptotics. Second, I establish consistency of the time-series local projection estimators
under large-T" asymptotics. Third, I show that BAf is a continuous mapping of these estimators
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and therefore consistent by the Continuous Mapping Theorem under suitable non-degeneracy
conditions.

Assumptions for Panel Local Projections

Throughout, I consider asymptotics as N — oo for T fixed. Aggregate shocks and time
fixed effects are treated as fixed in the cross-sectional limit.

Assumption A.1.
Ei[sigeir+n | X] =0,

where X = &¢,&,,4i5, As5. This is the key identifying condition for a panel TWFE local
projection (that relies on cross-sectional variation for identification). It holds if, conditional on
the realization of aggregate shocks, the fixed effects and included controls, high and low exposure
units do not experience systematically different unobserved shocks.

Assumption A.2.
supEle;,, | X] <0? <o, sups;, < oo
it i

Assumption A.3. For each t and h,

1
—2Zsigsjgcov[ei,J,h,eth | X] >0 asN — .
i)

This condition allows for common factors with heterogeneous loadings and/or cluster
components. It requires that exposure shares are sufficiently dispersed within and across clusters,
and asymptotically orthogonal to heterogeneous loadings (i.e. no HEDGE). This assumption
does not preclude arbitrary serial correlation within units i (i.e. cov[e;,e;s | X] is unrestricted
for s #1).

Assumption A .4.

2

'g—>#s2>0 as N — oo,

13

N L4’
i=1

where §;, denotes the within-transformed exposure. This ensures that cross-sectional

variation in exposures does not degenerate and is an identification condition that allows b and

chf to be separately identified from A;j.

Assumption A.S. The aggregate shocks satisfy:

T T
> By =0 Vf=0,..,F, and Y EusfEuip=0 Vf#f.

=1 t=1

This holds exactly when all shock series are mutually orthogonal in the time-series
dimension, which can be imposed without loss of generality by orthogonalizing the shocks prior
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to estimation. Assumption A.5 is made to simplify the proof exposition because it allows the
multivariate regression to be analyzed via scalar OLS formulas.
After within transformation:

F
Viteh = bpSig€gr + Z Ch,fSig€rixf + irth, (A.87)
f=0
where 7 denotes the within transformation of variable z.
Under Assumption A.5, the regressors 3;,&o, and {5;¢&,1+ f}}::o are mutually orthogonal

in the sample, so the TWFE estimators reduce to:2

Zt,i gigggtéiﬁh

by=0bn+ S L (A.88)
Zt,i(sigggt)2
ZzigigéeréiHh
Cnr=cpr+ ——— ) (A.89)
/ / Zz,i(siggrt+f)2
For fixed T and N — oo, it suffices to show that>
1 - .
W;(siggkt)2 —~C>0Vk=g,r, (A.91)
1
Anin = N Z SigCit+h 2,0 for each ¢ and . (A.92)
For the first condition, since 7T is fixed and &y, is constant across i,
1 T | 5 1 2 1 2
WZ(Siggk’) = ?Zskt-ﬁZsig — TZskt-,usz > 0, (A.93)
t,i t i t
|
>0 a.s.

where the first factor is strictly positive almost surely provided the shocks are non-degenerate,
and the second factor converges to a strictly positive constant by Assumption A.4.

The general multivariate case without Assumption A.5 requires positive definiteness of the matrix Z’Z/NT.
Because all regressors share the same cross-sectional loading §;,, this matrix converges to p2 - X, where X is the
variance-covariance matrix of the shock series. Positive definiteness therefore holds if and only if Assumption A.4
holds and the shocks are linearly independent over the T observed periods. The latter is assumed in the time-series
step of the proof.

3The condition for the numerator follows from the fact that the numerator can be factored as:

1 - . 1 N 1 I
ﬁzsigskteit+h = ngkt (stigeit+h)’ (A.90)
t

t,i i

=ANth

where the factoring uses the fact that £, is constant across i and fixed conditional on X. Since T is fixed, it suffices
P . . .
to show A5, — O for each ¢ and £; the full numerator is then a finite weighted sum of 0, (1) terms and hence 0,,(1).
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For the second condition, it suffices to show that:
E[AnN:n | X] =0 and V[Anms | X] — 0, (A.94)

The first condition follows from Assumptions A.1 and A.2. Since the within transformation is a
bounded linear operation in T, it preserves conditional mean independence.* The conditional
variance of Ay, is given by:

[ I I S Y
VIAvn | X] = 5| D S5 VI@an | X1+ 3 SigSjecov[Zian Eeen | X]

i i#]

(A.95)

Weak cross-sectional dependence, as stated in A.3, implies that the second term in brackets goes
to zero asymptotically. Assumptions A.4 and A.2 imply? that the first term goes to zero too,
hence:

Co?l 1
VIAwin | X1 < = ,- S?g=0(ﬁ)—>0asN—>oo (A.96)

Then, by Chebyshev’s inequality:

VI[Awnw | X]

P(|Anin —E[Anm | X]| > €] X) < 2

— 0. (A.97)

Since E[Any, | X] =0, we have |An:n —E[Anen | X1| = |Anen|, and by the law of total probability:
P(lAnu| > &) =E[P(|Anm| > €| X)] — 0. (A.98)

Therefore:
bh-by 50, ehp—chp 0 VhandV f. (A.99)

Assumptions for Time-series Local projections

Assumption A.6. {{&,/+ f}l;:o’ Eq1, €141} 1S covariance-stationary and ergodic with:

Elersr] = Eleg] = Elers] =0

Assumption A.7.

E[sfﬁf] = O'zf < oo,E[egtz] = 0'§ < 00, E[et2+h] = 0'62 <00

4The within transformation writes &;;45 = €jr4hn — €;. — €141 + €.., where each cross-sectional average €., =
# 2j€jr+n satisfies E[§;g€.115 | X] =0 by Assumption A.1 applied uniformly across j.
>The within transformation preserves the boundedness of second moments.
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Assumption A.8.
E[63t+f-] = O'rz’f >0, E[sél] = O'g2 >0

This condition guarantees that the shocks have variation over time.

Assumption A.9.
E[grt+fet+h] =0, E[ggtet+h] =0

The OLS estimator (v, {d,. f}?zo) satisfies:

Vh—Vh 1 T
R == zz
({ahf—ahf}gzo) (TZ o

where z; = (&g, {erf}J]f:O)T. By Assumption A.6 and A.8, as T — oo, %Z,ztz;r LR %,;, which
is positive definite under Assumption A.8. By Assumptions A.9 and A.7 and the ergodic LLN,

%Zzt €r+h

t

%thteﬁh LR E[zie/+n] = 0. Slutsky’s theorem gives (V4 — vy, {dns — ahf}JFc:O)T 2o0.

Consistency of 37

For the Markov setting, the portable elasticity at horizon # is defined as:
By =g" (bh, {cs, vs,as}ﬁio) (A.100)

where ¢ is a continuous mapping on the domain ©) = {(bh,{cs,vs,as}?:o) Dvo # 0}. In

particular, the only parameter entering the denominator of g™ is aj.

Assumption A.10. Non-zero Impact effect of &,; in the Markov setting:
ap#0

This assumption requires that the instrument for the GE variable has a non-zero effect
upon impact and implies that g is continuous at the true parameter vector.
For forward-looking settings, the portable elasticity at horizon 4 is defined as:

ﬁ; = gFL (bha {Chf}]lj:o’ {VSa {asf}][::()}f:o) (AIOI)

where gf* is a continuous mapping on the domain ©} - = {(bh, {chf}JIf:O, {ve{as YoMy -
A has full column rank}. A is a matrix that collects the impulse responses of R to the news
shocks across horizons.

Assumption A.11. Rank Condition in the Forward-looking setting.
The matrix A has full column rank.
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This condition ensures the uniqueness of the solution to the least squares problem and
guarantees that the mapping from time-series coeflicients to the vector of counterfactual shocks,
and hence to ﬁ; , s continuous in a neighborhood of the true parameter vector. This is a sufficient
condition for consistency.®

Since the parameter vector is finite-dimensional, marginal convergence in probability of
each component implies joint convergence in probability. Given consistency of (b, ¢, £>Vn,dp)
for all 4 < H and for all f € F, it follows that

(:);"14 = (l;h, {és}?:oa {{)S,dé‘}io) i) (b/’h {Cs}io, {Vs, as}io) = @M, (A102)
A ~ N ~ N p
®£L = (bha {chf}ff‘:()’ {VS’ {an}j;C‘:()}fI:()) - (bh, {C/’lf}jff‘:()a {VS’ {asf}‘?:()}sH:() = ®§L (A103)

By the Continuous Mapping Theorem,

n Abe P
Bl =gk 5 gk @k =pF  for k=M,FL.

A.1.7 Inference

This appendix describes the procedure to compute standard errors for the estimated
portable elasticities.

Let 6" denote the (K » +K;) x 1 vector of parameters at horizon /, where K, is the number
of panel parameters and K; is the number of time-series parameters. The set of parameters
0= [0}"]2’:1 can be estimated via just identified GMM. For panel regressions, assume the data
are already two-way demeaned; let X;; represent the two-way demeaned version of the variable
x;r. The moment conditions for each horizon 4 are given by:

1 ok ~
my (0" = < ) Sl k=1 Ky, (A.104)
it
1 , ,
m," (") = ?fo ern, kK =1,...,K, (A.105)

t

where ¢é; 4, and e,y represent residuals from the panel and time-series regressions,
respectively. Throughout, I refer to the first set as panel moment conditions and the second set as

Full column rank of A is a sufficient but not necessary condition for consistency. If A is rank deficient, the
least squares problem admits multiple solutions for the vector of counterfactual shocks. However, [3’5 remains
uniquely defined provided that the response of the unit-level outcome to the news shocks lies in the row space of
A. Equivalently, for any vector d in the null space of A, it must hold that Z?:o chydy =0 for all h. Economically,
this condition requires that any linear combination of news shocks that leaves the path of R unchanged must also
leave the path of the unit-level outcome unchanged. This is implied by the assumption of instrument validity, which
requires that the news shocks affect the unit-level outcome only through their equilibrium effect on the path of R.
Under this restriction, ,8;: depends only on the projection of {cj s}y onto the row space of A, and full rank is not
necessary for consistency.
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time-series moment conditions. Define the full vector of moment conditions for horizon /4 as:
m"(6") = (mP’h(Hh) mT’h(Qh)), (A.106)

where m”"(6") and m”-"(6") stack the panel and time-series moments, respectively. Let
the stacked moment vector across all horizons be denoted as:

m(®) = (ml(Hl) m?(6?) mH(QH).) (A.107)

The vector of parameters © can be estimated in one step by minimizing the quadratic
form:

® = argmin m(®) Wm(0), (A.108)
o)
where W = [, the identity matrix.

Standard Errors

The (K, + K;)H x (K, + K;) H covariance matrix of the moment conditions, S, is calculated
as follows. First, I assume zero covariance between moment conditions on different horizons 4,
implying that S is a block diagonal with blocks $”.” Within each horizon :

1. For panel moments, the approach can flexibly accommodate three clustering approaches:
(1) time, (i1) unit, and (iii) two-way clustering, denoted respectively by S f’ S f’, and Sé‘w.

2. For time-series moments, I employ a Newey—West heteroskedasticity-and-autocorrelation
consistent (HAC) estimator:

L
Shac =T+ > w(® [P +1(0)], (A.109)
=1
where
1 L ¢
l—’\ - _ T.,h;Ah T,h s Al — 1_ ) A.ll
) thzml] O (G, wO == (A.110)

7As an alternative I allow for covariance of moment conditions across horizons within each block (i.e., panel and
time series moment conidtions). In that case, the covariance matrix is no longer block diagonal, and the off-diagonal
blocks are estimated as

Shit' — Zm?(eh)m, @y, h#h'.
In Monte Carlo simulations, this approach leads to systematically larger standard errors and overcoverage when
ignoring the cross-terms between panel and time series blocks. This may reflect the fact that moment conditions at

different horizons load on the same underlying shocks, inducing strong cross-horizon dependence. For this reason, I
adopt the block-diagonal specification as the baseline.

226



3. To capture the covariance between panel and time-series moments within the same time
period, I define the aggregated moment vector at time ¢ as

Py o
hoohy _ (M (07)
0") = , A.111
m[ ( ) (mtT,h(eh) ( )
where
% Zf\il xil,téi,ﬁh x,leHh
m;"(8") = : : mPhehy = | (A.112)
K, - :
N i & i xKern

The time-clustered covariance between panel and time-series moments is then
1 &
ah P.hphy,, T.hph
Sh = ?th @"ymI "9y . (A.113)
r=1

The covariance matrix for horizon 4 is given by

. Sh gh
Sh=| ot ~PT | A.114
(<S£T>' szmc) (A

The full covariance matrix is block diagonal across horizons:
S = diag(8',$2,...,81). (A.115)

For completeness, I also consider allowing for covariance across horizons. For h # h’, define the
off-diagonal block of the covariance matrix as

(S S
S = SAhh/ S\'hh/ . (A.116)
TP T
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where

Shp = %imp @M ymP" (0", (A.117)

U | I;I ~ ey

Str = D mi (@ m{ (@Y. (A.118)
t;l

Spr = %me’h(éh)mf’”(éh')’, (A.119)

PO | t;l ~ Y

St =7 > m " @"ym] " @y (A.120)

Under this specification, the full covariance matrix S is no longer block diagonal across horizons.
I also consider a restricted version that rules out covariance between panel and time-series
moments, both within and across horizons. In that case, I set

§h.=0 forallh,  SM=SM'-0 forallhs/, (A.121)
while allowing Sff; and S‘?’} to be nonzero. Thus, the off-diagonal blocks reduce to
o (SEE 0 ,
S ="pp |, h#EN. (A.122)
0 877

The asymptotic variance-covariance matrix of © can be computed as:
A PP
V(0) = ?(G S7G),

where G is the Jacobian of the moment conditions evaluated at ®. The standard errors for the
vector B = {BF'} | can be computed using the Delta method as follows:

SE(B) = \VfTV(O)V/,

where V £ is the Jacobian of B with respect to the vector of estimated parameters.

To evaluate the properties of the proposed inference procedure, I conduct Monte Carlo
simulations in both static and dynamic settings.

In the static case, standard errors obtained from the joint GMM system coincide with
those from the control function approach only when the covariance between panel and time-series
moment conditions is properly accounted for. Ignoring this covariance leads to substantial
overcoverage. Thus, the equivalence result for point estimates between the decomposition and
control function approaches extends to inference when the shared variation across panel and
time-series moments is incorporated.

In the dynamic setting, I consider four alternative estimators of the covariance matrix S,
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which differ in whether they allow for (i) covariance between panel and time-series moments
within a horizon (“cross-moments’) and (ii) covariance across horizons (“‘cross-h). The four
cases are: (i) allowing cross-moments but imposing independence across horizons; (ii) imposing
independence both across blocks and across horizons; (iii) allowing covariance both across
blocks and across horizons; and (iv) allowing covariance across horizons within blocks while
imposing zero covariance between panel and time-series moments.

The simulation results in Figure A.6 show that accounting for covariance across blocks,
as in the static setting, improves coverage for the impact elasticity, but this does not extend to
longer horizons. Beyond impact, allowing for cross-moment covariance leads to systematic
undercoverage, regardless of whether cross-horizon dependence is included. In contrast, allowing
for cross-horizon covariance alone leads to overcoverage. For this reason, I adopt as a baseline the
specification that sets both cross-moment and cross-horizon covariances to zero, which displays
the right coverage.

In addition, I conduct a Monte Carlo to explore coverage rates in small samples. Concretely,
I repeat the exercise setting N = 50 and T = 40, similar to the sample size of the empirical
application in Section 1.4. Figure A.7 presents the results. The baseline specification (ii) exhibits
some undercoverage at longer horizons, but still delivers the most stable coverage profile among
the estimators considered.

Lastly, Figure A.8 presents simulation results using the baseline specification (ii) replacing
time-clustering by unit-clustering for panel moments. This exercise sets the sample back to
N =100 and T = 300. The results are in line with the findings in Almuzara and Sancibridn
(2024), who point out that clustering at the unit level with common aggregate shocks can lead to
substantial undercoverage.

Standard Error for Estimated Exante Counterfactual Shock

I briefly outline the construction of the standard error of & for the single-shock case in
the ex ante decomposition. The standard error of the ex ante shock is computed using the Delta
method, treating the estimated impulse responses as jointly estimated. The ex ante shock size &'
is defined as the scalar that minimizes the weighted distance between R ¢ and ftr,

A/ A
R.WR,

gl =argmin(R, —eR,)W(R, - ¢R,) = .
€ WR,

(A.123)

r

As a baseline, I set W = 1/v(R g). Letz= (fl;,, IAi/r)’ collect the estimated impulse responses,

with covariance matrix S, obtained from the joint GMM system described above. The asymptotic
variance of &, is then given by

S(&)=V.e"S8.V.&, (A.124)

where V&’ denotes the gradient of &’ with respect to z. This approach accounts for estimation
uncertainty in the estimated impulse responses of R to each aggregate shock.
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@ GMM w/covariance: 90.3 Control Function: 90.3
GMM w/o covariance: 97.7

Figure A.S. Inference - MC Simulation - Static Setting.

Note: The plot shows the distribution of standard errors from the control function approach (light green),
GMM with time-cluster covariance between panel and time series moments (blue) and GMM with zero covariance
across panel and time series moments. The coverage rate is shown in the legend next to the label for each case.

Based on 1000 repetitions.
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Figure A.6. Inference - MC Simulation - Dynamic Setting.

Note: The figure reports coverage rates across horizons 4 for four alternative estimators of the covariance
matrix S. With Cross-Moments — Without Cross-h: S allows for covariance between panel and time-series
moment conditions within each horizon (time clustering), but remains block diagonal across horizons. Without
Cross-Moments — Without Cross-h: § is block diagonal both across horizons and between panel and time-series
moments. With Cross-Moments — With Cross-h: S allows for covariance both across horizons and between panel and
time-series moment conditions. Without Cross-Moments — With Cross-h: S allows for covariance across horizons
within panel and within time-series moments, while imposing zero covariance between panel and time-series
blocks. All results are based on 1000 Monte Carlo repetitions with N=100 and T=300. The DGP is parametrized as
pg=pr=.8,0=.5,=1,7=.5,¢=.5. The variance of all innovations is set to unity.
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Figure A.7. Inference - MC Simulation - Dynamic Setting with Small Sample.

Note: The figure reports coverage rates across horizons 4 for four alternative estimators of the covariance
matrix S. With Cross-Moments — Without Cross-h: S allows for covariance between panel and time-series
moment conditions within each horizon (time clustering), but remains block diagonal across horizons. Without
Cross-Moments — Without Cross-h: § is block diagonal both across horizons and between panel and time-series
moments. With Cross-Moments — With Cross-h: S allows for covariance both across horizons and between panel and
time-series moment conditions. Without Cross-Moments — With Cross-h: S allows for covariance across horizons
within panel and within time-series moments, while imposing zero covariance between panel and time-series blocks.
All results are based on 1000 Monte Carlo repetitions with N =50 and T = 40. The DGP is parametrized as
pg=pr=.8,0=.5,=1,7=.5,¢=.5. The variance of all innovations is set to unity.
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Figure A.8. Inference - MC Simulation Dynamic Setting with Unit-level Clustering.

Note: The figure reports coverage rates across horizons & for the Without Cross-Moments — Without
Cross-h estimator of the covariance matrix $ using unit-level clustering for panel moment conditions. All
results are based on J = 1000 Monte Carlo repetitions with N = 100 and 7' = 300. The DGP is parametrized as
pe=pr=.8,0=.5,=1,y=.5¢=.5. The variance of all innovations is set to unity.
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A.2 Data

This appendix presents additional details and descriptive statistics on the data used for
the estimation of cross-sectional fiscal multipliers in Section 1.4.

In Table A.6 I present descriptive statistics for the main time series and cross-sectional
variables used in the regression analysis. The sample period is 1967-2007. GZC measures the
one-year change in real per-capita defense contracts relative to lagged GDP. The average change
in G€ is close to zero with a standard deviation of around .3 percent of output. The standard
deviation of the Romer-Romer monetary policy shock is close to 1 percentage point. The average
exposure to defense spending is .85 with substantial heterogeneity across space. The participation
of defense spending in output for the most exposed region is more than three times that of the
aggregate economy, whereas for the least exposed one the participation is close to one tenth.

Table A.6. Descriptive Statistics for Time Series and Cross-Sectional Variables

Variable Mean Median Std Dev  Min Max Units
Aggregate Variables

G,C -0.01 -0.04 0.28 -0.78 1.03 % of Yficl
T-bill Rate (3M) 4.20 4.25 3.02 0.03 14.03 %o
Real T-bill Rate (3M) 1.19 1.39 1.93 -3.37 545 %o
Romer-Romer MP shock 0.00 0.21 0.93 -2.18 1.89 %o
Cross-sectional Variables

Y”C 1.68 1.65 3.82 -29.52 3439 Y% of Yl.ffl
Gg -0.01 -0.01 0.88 -9.04 758 Y of Yl’;fl
sfre 0.85 0.79 0.54 0.15 3.19

féc 16731 16067 3107 11581 30096 Real p.c.
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Table A.7. Top 5 States by Exposure to Defense Spending - 1966-70 Average

Top 5 States - 1966-70 Average s °

ig
Connecticut 3.19
Texas 1.87
Missouri 1.70
California 1.68
Massachusetts 1.48
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Figure A.9. Time Series Data.

Note: Nominal variables are deflated using the consumer price index. The Romer-Romer monetary shock
series is expressed in standard deviations around a zero mean.
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Figure A.10. Exposure to Defense Spending and Per-Capita Income.

Note: Nominal variables are deflated using the consumer price index.
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Figure A.11. Pre-period and Period-Average Exposure to Defense Spending.

Note: Pre-period corresponds to the average for 1966-1970 while Period-average corresponds to the average
for 1969-2007.
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A.3 Estimation Results

A.3.1 HEDGE Test - Robustness

Figure A.12 presents results when including the interaction between s;, and the fiscal
shock. Formally:
Y<

h = thSingthhXS,-gi,+/1ih + Ay, + Controls + e;;4 1, for h=1,4. (A.125)

The estimated responses are quantitatively unchanged relative to the baseline estimates in Figure
1.4.

% per p.p.
N

Years

Figure A.12. HEDGE Test - Robustness to Inclusion of s;, X G

Note: Shaded areas correspond to 68% (darker) and 90% (lighter) confidence bands. The sample covers
1970-2007. The point estimates measure the cumulative percent change in local output per percentage point increase
in the Federal Funds rate.

Figure A.13 plots the estimated responses when using the series of shocks of Aruoba and
Drechsel (2024) instead of the Romer and Romer (2004) shocks. The sample is reduced to the
years between 1980-2007 because of the shock series availability.

Lastly, I estimate state-specific output elasticities to changes in the interest rate. For each
state j and horizon 4, I estimate:

S . .

YCh= D ChXRRs+ @1V +ejon, (A.126)

5s=0

where cil measures the response of Yg ., to a one standard deviation Romer and Romer (2004)

monetary shock. Figure A.14 plots the estimated responses against s;, - the exposure to defense

spending used for identification. Each panel corresponds to a different horizon and the solid black

line shows the estimated linear fit. Estimate state-specific elasticities are positively correlated

with s;, at all four horizons. The estimated linear relationship is statistically significant at least at
the 5% level for all horizons.
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w

Horizon
Figure A.13. HEDGE Test- Differential Response to i; - Aruoba and Drechsel (2024).
Note: Shaded areas correspond to 68% (darker) and 90% (lighter) confidence bands. The sample covers

1980-2007. The point estimates measure the cumulative percent change in local output per percentage point increase
in the Federal Funds rate.
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Figure A.14. State-Specific Interest Rate Elasticities and s;,.
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A.3.2 Decomposition of the US Cross Sectional Multiplier - Additional
Results

o— BIW
3.5 Bh

—_ BES
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1.0 15 2.0 25 3.0 3.5 4.0
Horizon

Figure A.15. Comparison between ,BZW and Bgs .

Note: Shaded areas correspond to 68% (darker) and 90% (lighter) confidence bands. The superscript 7TW
denotes the TWFE specification and CS denotes the estimate from the cross-sectional step of the decomposition
framework. Both specifications control for lagged output growth. Time-clustered standard errors.

Standard TWFE Expost Decomposition Exante Decomposition
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Figure A.16. Decomposition Results for the US Multiplier - Unit-level Clustering.

Note: Shaded area represents 68% (darker) and 90% (lighter) confidence bands. Standard errors are
computed as described in Appendix A.1.7 with unit-level clustering for panel moment conditions. Point estimates
show the cumulative percentage change in local output when local defense spending increases by 1% of local output.
Ex-post Decomposition shows results for the decomposition outlined in Subsection 1.3.2. Ex-ante Decomposition
shows results for the decomposition outlined in Subsection 1.3.3 using a single shock. The blue dotted line shows
the results from the control function approach.
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Figure A.17. Estimated HEDGE Terms - Unit-level Clustering.
Note: The plot shows the point estimate and confidence bands for Qh, Expos: on the left-hand side and

for fz,,, Exante ON the right-hand side. Standard errors are computed as outlined in Subsection 1.3.4 with unit-level
clustering for panel moment conditions.
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Figure A.18. Decomposition Results for the US Multiplier - All States.

Note: Shaded area represents 68% (darker) and 90% (lighter) confidence bands. Standard errors are
computed as described in Appendix A.1.7 with time-level clustering for panel moment conditions. Point estimates
show the cumulative percentage change in local output when local defense spending increases by 1% of local output.
Ex-post Decomposition shows results for the decomposition outlined in Subsection 1.3.2. Ex-ante Decomposition
shows results for the decomposition outlined in Subsection 1.3.3 using a single shock. The blue dotted line shows

the results from the control function approach.
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Figure A.19. Results for the Real Federal Funds Rate.

Note: Shaded areas correspond to 68% (darker) and 90% (lighter) confidence bands. Results from using
the estimated path of the real Federal Funds rate to construct ex-post and ex-ante sequences of counterfactual shocks.
All specifications include the same set of controls as in the baseline. Standard errors are computed as outlined in
Subsection 1.3.4 with time-level clustering for panel moment conditions.
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Figure A.20. Average Exposure Share 1966-2007.

Note: Shaded areas correspond to 68% (darker) and 90% (lighter) confidence bands. Results of using the
average exposure to defense spending between 1966-2007 instead of the average during the pre-period. Standard
errors are computed as outlined in Subsection 1.3.4 with time-level clustering for panel moment conditions.
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Figure A.21. No Controls in Cross-sectional Regressions.
Note: Shaded areas correspond to 68% (darker) and 90% (lighter) confidence bands. Results from dropping

the control for lagged output growth. Standard errors are computed as outlined in Subsection 1.3.4 with time-level
clustering for panel moment conditions.
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Figure A.22. Adding Lagged Shocks as Controls.
Note: Shaded areas correspond to 68% (darker) and 90% (lighter) confidence bands. Results from adding

sl-gGlC_l as control in the TWFE regression and, both sithc_l and s, RR;_1 in the cross-sectional step regression.
Standard errors are computed as outlined in Subsection 1.3.4 with time-level clustering for panel moment conditions.
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Table A.8. Alternative Controls in Cross-sectional Regressions.

Spec#  Included Controls

Baseline Y{

1 YE | sigXGE |, sig X RR;_|
In(Yi—1)

No controls

Y sigX Gy

Sig X RR,—1, 5ig X GE |
In(Y;—1), sig X G |, 5ig X RR1_

YC

it-1°

~N O e AW

Sig X RR;_4
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Figure A.23. Alternative Controls.

Note: Shaded areas correspond to a one standard deviation. Baseline: Yf_l; 1: Yf_l, Sig X Gtc_],
Sig X RR;_1; 2: In(Y;;-1); 3: No controls; 4: Yl.(tj_l, Sig X Gtc_l; 5: Sig X RR;_1, Sig X Gtc_l; 6: In(Yi;-1), sig X Gtc_l,

Sig XRR;_137: YE

it—1° Sig XRlel.
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A.4 Model Details

This Appendix presents a full model of a monetary union with two heterogeneous regions
labeled Home and Foreign. The model is an extension of Nakamura and Steinsson (2014) to
include two types of households - Ricardians and Hand-to-Mouth - as in Herrefio and Pedemonte
(2025). In addition, regions can differ in their (i) household composition, (ii) intertemporal
elasticity of substitution, (iii) size, and (iv) exposure to government spending shocks.

A.4.1 Home Households

The total population of the monetary union is normalized to one. The size of the Home
region is n, while the size of the Foreign region is (1 —n). The Home region is populated by two
types of agents - Ricardians and Hand-to-mouth - indexed with subscripts R and C, respectively.
The share of the Home population that is Hand-to-mouth is given by 1. Both households have
the same preferences over labor and consumption, but differ in their access to asset markets. They
maximize lifetime utility subject to their budget constraints.

(o)

max ﬁ’“U(CH,k,m,LH,k,,H) V k=C,R. (A.127)

CH,k,r+s 7LH,k,t+s
s=0

The budget constraints for each type of household are the following:

(1-2)

PiChct < (1 =1)Wh L+ T

Yu:—Tcy, (A.128)

PiChr:i+Bu1 < (1 =1)Wn Ly g+ (1+i;)Bu;+ Yui—Try. (A.129)

Z
1-A"
P, is the Home CPI (i.e. the cost of acquiring one unit of the home consumption bundle). B,
are holdings of nominal bonds that pay the national interest rate i;+1. Wg, 1s the nominal wage
rate in the Home region. Ly i, is per-capita labor supply of households of type k. Y, are
aggregate nominal profits from firms in the Home region. A share z of the aggregate profits is
transferred to the Ricardian households such that the profits per capita are given by 127 Yp, and
similarly for the hand-to-mouth households. T j ; are lump-sum taxes levied by the national
government on household type k.

The Home final consumption good, Cp;, 1s a CES bundle of Home and Foreign

. H Foo.
composite goods, Cp; ,  and Cy )

1

n- n-
n

1 1 -1
Cii=|¢pChi, 7 +(1=op)iCh 7 VY k=C,R. (A.130)

I use superscripts to denote the region where production takes place and subscripts to denote
the region where consumption takes place (i.e. C II; Kt is a composite of goods produced in
region F' consumed by household type k located in region H). The parameter n governs the
elasticity of substitution between domestic and foreign goods. Parameter ¢y captures the share of
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Home goods in total consumption and, hence, the extent of home bias. Both parameters govern
the strength of expenditure-switching in response to changes in relative regional prices. Each
regional composite good is a CES bundle of individual varieties.

6-1 6-1

2 1 T
’ Chias = [ / cZ,k,,(z)%dz , (A.131)
0

1
H _ H _0_
CH,k,t_ [/ CH,k,t(Z)"*le
0

where ¢! HE .(z) and ck HE. ,(z) denote consumption of Home and Foreign variety z, respectively.
The parameter 6 governs the elasticity of substitution between varieties produced within a given
region. Goods trade freely across regions; therefore, both regions face the same prices for each
individual variety. I denote prices at the variety level by pf(z) and pf (z), respectively. Price
indexes are defined as follows.
1
/ pri(2)'"dz
0

1
/ pr.(z)'0dz
0
1

1-n

1
[

: (A.132)

1
-0

PH,z: P PF,t:

and

Pr= ¢ Py T+ (11— P, (A.133)

Py and Pr,; are the PPI prices indexes of goods produced in the Home and Foreign region,
respectively. As mentioned above, $; is the CPI price index of the Home region. I assume that
preferences are separable in labor and consumption. Concretely,

— 1
clou™ Mty
H.k, H. k.t
U (CH,k,t,LH,k,t) = ey — (A.134)
I- OoH 1+ v

where oy is the intertemporal elasticity of substitution and v is the Frisch elasticity of labor
supply. Utility maximization by Ricardian households yields a standard Euler equation:

-1 P,
HRt = PE; HRt+l(1+l’)Pt+l (A.135)
The intratemporal trade-off between labor and consumption is dictated by:
-1
WLy W
H"i’f =(1-1)—2 k=C,R. (A.136)
c,’H 1
H k.t

Note that this trade-off is the same for both Ricardians and hand-to-mouth households.
Lastly, minimization of costs to achieve a given consumption level Cp x; implies the

252



following demand schedules:

-n

PH, PF
CH . =" Ch 50,[ , Ch = (=™ Chis 7)[’ , (A.137)
G @\
H PHZ F F PFi\Z
cht( )_CH,kt Prs ) , CH,k,l‘(Z) :CH,k,t P—Ft) , (A.138)

for k = C,R.

A.4.2 Foreign Households

The problem for the Foreign region is symmetric, so I only present some key equations
here. The share of Hand-to-mouth households in the Foreign region is denoted by A¥. The final
good bundle of the Foreign region, Cr x , is given by:

n

n-1 n-1

n-1
Cris= ¢"kat 7 +(1—¢F)%C§{k,,T] V k=C,R, (A.139)

where ¢ governs the degree of home-bias in the Foreign region. The Foreign Euler equation for
Ricardian households is:

CP_“,(;?Ft = PE: FRt+1(1 '”1)50* ; (A.140)
t+1
where P is the CPI price level in the Foreign region given by:
l

P = [¢FP1 T+ (1-¢M)P, ] (A.141)

A.4.3 Risk-sharing Condition

Complete markets and the Euler equations of the Home and Foreign region imply the
following risk-sharing condition:

— = w0y, (A.142)

where w; = 1 on a balanced growth path and Q; = ;D) is the real exchange rate between regions in
the monetary union. Note that the risk-sharing condition is in terms of Ricardian consumption
only.
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A.4.4 Household Aggregates

Per capita consumption and labor supply in the region r satisfy:
Cr,t = ﬂrCr,C,t + (1 _ﬁr)cr,R,ta Lr,t = /1rLr,C,t + (1 _/lr)Lr,R,t, (A143)
forr = H, F. Aggregate consumption and labor supply satisfy:

C[ :nC[-[,t'F(l—n)CF,t, Lt :nLH,t'l'(l—l’l)LF’[. (A144)

A.4.5 Production

The problem of Home and Foreign producers is symmetric, so I focus on Home firms.
The economy features a continuum of monopolistically competitive producers of Home varieties,
indexed by z, each operating the technology y7(z) = L%, (z). They take regional wages as given
and set prices subject to a la Calvo stickiness. The demand schedule for firm z is given by:

yi'(z) = |nCf , + (1 =n)Cf +nG{!

-0
PH,t(Z)) ’ (A.145)

H.t

where Cg’ , and Cz{"{, , are the per-capita demands for Home goods coming from Home and Foreign

households, respectively. G is per-capita government demand of the Home good.® Firms take
regional wages, Wg ;, as given such that nominal marginal costs are:

Wh

H
MC/ (z) = aL- l(z)

(A.1406)

Firms get to reset prices with probability 1 —a every period (Calvo, 1983). They choose
prices to maximize the discounted value of future real profits subject to the demand schedule in
(A.145). Concretely, the problem of a firm that gets to reset prices at ¢ is:

WH s
max Za/ Avesti¥ir () | Prs(2) - % st (A.145), (A.147)
P2 LH t+s(Z)

where Ay, is the stochastic discount factor of the Ricardian household, p}, .(z) is the optimal

reset price and yﬁs| ,(2) is the demand faced in period 7 + s conditional on resetting prices in
period ¢. The solution to this problem yields the following New-Keynesian Regional Phillips
Curve (NK-RPC) for Home PPI inflation:

R = kphel + BB [Rp 1], (A.148)

where 7y is the deviation of the Home PPI inflation from a steady state of zero inflation,

8This formulation assumes that the government has the same CES preferences over individual varieties as
households.
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Ky = w governs the slope of the Home NK-RPC, riic is the deviation of Home real

marginal costs from the steady state marginal costs. Due to the symmetry of the problem, we can
express the Foreign NK-RPC as:

RF:= KF”’in +BE[RF 41], (A.149)

where kr and «j, differ whenever the degree of price stickiness is heterogeneous between regions.

A.4.6 Government

The government consumes Home and Foreign varieties and raises revenues through
lump-sum and income taxes on households. Government consumption follows an AR(1) process
and its within-region composition mimics that of private consumption.” Per-capita total demand
for Home and Foreign goods is:

G = (1= pg) Gy + oGl + 5+, (A.151)
F Gr
G =(1-pg)Gys+pgGr +ef +e,”, (A.152)

where G is the steady-state participation of government spending in output, which I assume is
common between regions. The parameter p, governs the persistence of fiscal shocks. Regional

k
government spending is subject to two different idiosyncratic shocks: ef and ef;" fork=H,F.
The first one is a purely region-specific shock as in Nakamura and Steinsson (2014). The process
for the second one, etG", is as follows:

SH I—SH
efH = 78[G, el = mg?, (A.153)

where stG is an aggregate fiscal shock that loads differently between regions. The per capita

loadings are given by *2 and 11_ = respectively. The case where s, = n represents a government
spending shock that hits all regions with equal intensity. The structure of this new shock mimics

the Bartik-type instruments that are encountered in the local multipliers literature and results in a

This implies that per-capita government spending in varieties from the Home and Foreign region are given by:

-0
: ¢f(2)=GF

-0
PH,t(Z)
Py,

pF,t(Z)

H H
(2)=G
gt t PF,[

(A.150)
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closer map between the model and the data.!® Lastly, total government spending G, satisfies:
G, =nGF +(1-n)GF. (A.154)
The government follows a balanced budget where
P,Gy =T+ (Wit L+ (1= m)Wr L ). (A.155)

where 7; are the total lump sum taxes and %, the price index of government purchases.

A.4.7 Monetary Policy

The monetary authority sets the nominal interest rate following a Taylor rule:
iv = prig-1 + (1= ) iss + ST 4 8,975 ) + s, (A.156)

where £; denotes the deviation of variable x from the zero inflation steady state. I1*® is aggregate

inflation, defined as I1;'*® = nIl, + (1 —n)IL}. I1, and IT} are the CPI inflation rates in the Home

and Foreign region, respectively. The national output gap is defined by $/%¢ = n$f + (1 —n)$F.

A.4.8 Market Clearing

Per capita Home and Foreign output are

yH % /O : W (2)de. yr = ﬁ /O 1 v (2)dz. (A.157)
Then, the total output is
Y, =nY+(1-n)YF. (A.158)
Clearing of the goods market requires the following.

nY =nCj,+(1-n)Cf, +nG], (A.159)
(1-n)Y/ =nCj;,+(1-n)Cf, +(1-n)GY, (A.160)

where all variables refer to amounts per capita.

10The reason is that in a setting where aggregate policies are not completely differenced-out, the size of the
aggregate response becomes relevant. It therefore makes a difference whether we study a fiscal shock to a marginal
region versus an aggregate and sizable increase in government spending that loads differently across regions. The
aggregate responses to these two types of shocks will be different. In the extreme, a shock to an infinitesimal region
would trigger an infinitesimal aggregate response, so whether this is differenced out or not will likely not matter
much.
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A.4.9 Calibration

Table A.9 summarizes the calibration. I stick to the calibration in Nakamura and Steinsson
(2014) for most parameters. The first part of the table presents all parameters that are the same in
both papers. In the second part of the table, I show parameter choices that differ from Nakamura
and Steinsson (2014) or are newly introduced in this paper. The baseline calibration sets Ay =0
and generates heterogeneous interest rate sensitivities through differences in the IES of Ricardian
households. These are set to oy = 1.25 and o = .75. The parameter sy, which governs the
degree of Home bias in the aggregate government spending shock, stG, is set to .8. This implies
that the Home region is relatively more exposed to government spending shocks.

Table A.9. Baseline Calibration.

A. First Set of Parameters

B Discount factor .99
14 Frisch Elasticity of Labor Supply 1
n Elasticity of Substitution between Home and Foreign Goods 2
0 Elasticity of Substitution between individual varieties 7
a Labor Coefficient in Production Function .63
Igs Steady-state Nominal Rate .01
Gy Participation of Government Spending in Steady State 2
T Income Tax Rate 0
o Home Bias in Home Region .85
a Degree of Price Stickiness 5
Oi Persistence of Monetary Policy Rule 8
On Inflation Coefficient in Taylor Rule 1.5
by Output Coefficient in Taylor Rule 1
B. Second set of Parameters

n Size of Home Region 5
Z Ricardian Participation in Profits 1
Ay Share of Hand-to-Mouth in Region r 0
oy (oF) IES of Ricardian Households in Home (Foreign) region 1.25 (.75)
SH Home Bias of Aggregate Government Spending Shock 8
Pg Persistence of Government Spending .85
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Appendix B
Appendix to Chapter 2

B.1 Data Cleaning

B.1.1 Bank Balance Sheet Data

Our initial dataset consisted of raw data from 64 banks operating domestically. To ensure
the reliability and relevance of our analysis, we applied a series of filters which narrowed down
the dataset to a final sample of 46 banks.

We exclude: i) seven banks that were not operational in 2016; ii) two banks with no
lending activity according to the credit registry data in certain years of our sample; iii) four banks
that were not actively operating in all years of our sample; and, iv) five banks that reported zero
deposits in all years. These filters leave us with a balanced panel of banks that actively participate
in the domestic financial system. Our sample accounts for 97% of total private sector deposits
and 96% of total credit granted to the private sector.

B.1.2 Data Quality

We combine two sources of micro-data to construct bank credit variables. Both are
collected by the Credit Registry of the Central Bank of Argentina. The first is the core information
collected at the firm-bank level with monthly frequency. This data set contains outstanding
end-of-month total credit levels for every bank-firm pair between 2013 and 2019. We supplement
these data with an information Annex that started being recorded in 2015Q4. We source firm level
data disaggregated by currency' from this Annex. Note that this information is not available at
the firm-bank level, unlike the first dataset. Figure B.1 compares the aggregate bank credit from
our two micro-data sources with the aggregate data published by the Central Bank. Our aggregate
series, constructed with firm-bank data, accurately tracks the macro series. The aggregate series
built from the Annex data performs relatively well in terms of tracking the slope of the macro data
but misses its level. Importantly, Figure B.2 shows that total dollar debt from the Annex closely

'Banks separately inform the outstanding end-of-month level of debt in domestic and foreign currency. The
latter is informed in US dollars.
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tracks the evolution of dollar debt in the macro data. In Figure B.5 we plot both aggregate dollar
debt series in first differences against each other. Most data points lie at the 45 degree line.

The aggregate series for Peso debt that we construct out of the Annex data has a number
of caveats. Figure B.3 plots our results. First, discrepancies in the level of Peso debt account for
the bulk of the difference between our total debt series and that of the macro data. Second, and
most importantly, the Peso debt series from the Annex crosses the macro-data during our period
of analysis.

We choose a conservative approach and avoid using the pesos debt data from the Annex.
Instead, we take total firm-level debt from the core dataset, firm-level dollar debt from the Annex
and combine them to get an implicit measure of firm-level pesos debt. Figure B.7 shows that,
despite level differences, our implicit measure of pesos debt is well aligned with the macro data
once first differenced.

1500000

1000000

Billions (ARS)

500000

2013m1
2014m1
2015m1
2016m1
2017m1
2018m1
2019m1

—— Micro Data === Micro Data - by currency =~ —— Macro Data

Figure B.1. Total Bank Credit

Note: Data are expressed in billions of Argentine Pesos. Macro data corresponds to the end-of-period total
credit granted to private non-financial firms published by the Central Bank of Argentina. The aggregated micro data
excludes firms in the public and financial sectors to maximize comparison.

2Since our empirical approach differences out the level of debt, this is the relevant statistic to assess the quality
of our data.
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Figure B.2. Dollar Bank Credit

Note: Data are expressed in billions of Argentine Pesos. Macro data corresponds to the end-of-period total
credit in foreign currency granted to private non-financial firms published by the Central Bank of Argentina. The
aggregated micro data excludes firms in the public and financial sectors to maximize comparison.
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Figure B.3. Pesos Bank Credit (Raw)

Note: Data are expressed in billions of Argentine Pesos. Macro data corresponds to the end-of-period total
credit in domestic currency granted to private non-financial firms published by the Central Bank of Argentina. The
aggregated micro data excludes firms in the public and financial sectors to maximized comparison.
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Figure B.6. Total Bank Credit - First Differences

Note: Original data was log transformed and first differenced. Micro data refers to the dollar series
constructed using the Annex. Macro data corresponds to the aggregate debt series published by the Central Bank of

Argentina
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Figure B.7. Pesos (Implicit) Bank Credit - First Differences

Note: Original data was log transformed and first differenced. Micro data refers to the dollar series
constructed using the Annex. Macro data corresponds to the aggregate dollar debt series published by the Central

Bank of Argentina

B.1.3 Alternative Measure of Firm Exposure

Our baseline measure of firm exposure is:

Si= ) WS (B.1)
b
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where the weights u)fb’“” , correspond to the participation of bank b in the total debt of

firm i in the quarter before the implementation of the tax amnesty (i.e., 2016Q2). The binscatter
plot below shows that our measure of firm exposure is invariant with regard to considering the
average weight during the year prior to the tax amnesty. The correlation coefficient between these
two alternatives is = .97.
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Firm Exposure - Previous Quarter
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20
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Figure B.8. Firm Exposure: Alternative Weights

Note: The x-axis computes firm exposure using year-to-date weights while the y-axis uses last quarter’s
weights. The correlation coefficient between these two alternative ways of measuring firm exposure is = .97.

B.2 Composition of Dollar Debt

We group companies with positive dollar debt between 2015Q4 and 2016Q4 into six
mutually exclusive groups: (i) exporters with dollar debt above 1,000; (ii) exporters with dollar
debt below 1,000; (iii) importers that do not export with dollar debt above 1,000; (iv) importers
that do not export with dollar debt below 1,000; (v) firms that neither export nor import with
dollar debt above 1,000; and (vi) firms that neither export nor import with dollar debt below
1,000. Table B.1 summarizes the characteristics of each group. Around two thousand exporting
firms take on the bulk of dollar debt with an average participation of 87%. They also have higher
levels of average and median dollar debt per firm. Importers who do not export represent 5.5% of
the total dollar debt at the start of the study, while the rest of firms that neither export nor import
take up 6.8%. The average and median dollar debt levels of both types of firms are orders of
magnitude lower than those of exporters. The industrial composition differs substantially between
exporters and the other two groups of firms (regardless of their dollar debt level (above/below
1K). Among exporters, 70% belong to the industrial or agricultural sector. This share drops to
30% for nonexporting importers and to only 10% among neither exporting nor importing firms.
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Table B.1. Composition of Dollar Debt - at Baseline.

Average Debt Median Debt Participation(%) Manufacturing(%) Agricultural(%) Number of Firms

Exporters (+1k) 1243541 34892 87.4 0.6 0.1 1893
Exporters(-1k) 272 171 0.0 0.7 0.0 2076
Importers(+1k) 115554 2335 5.6 0.3 0.0 1586
Importers(-1k) 260 162 0.0 0.3 0.0 3044
Non Exp./Imp.(+1k) 54666 2202 6.8 0.1 0.1 14659
Non Exp.Imp.(-1k) 190 80 0.1 0.1 0.1 17190

Note: The table reports descriptive statistics for firms with positive dollar debt between 2015Q4 and
2016Q4. Debt values are expressed in nominal US dollars. Participation denotes each group’s share of total dollar
debt at baseline.

B.3 Empirical Analysis

B.3.1 Characteristics of Banks Receiving Tax Amnesty Funds

Figure B.9 shows a binscatter plot of bank exposure against the share (%) of dollar
deposits before the shock.

Bank Exposure

0 A 2 .3
Share of Dollar Deposits (at baseline)

Figure B.9. Bank Exposure and Dollar Deposit Share.

Note: The share of dollar deposits in the x — axis is the average share for 201602.

We also leverage the mandatory six-month holding period for tax amnesty special accounts
to track the movement of these funds once they become eligible for reallocation. If households
have other accounts in the bank, it is expected that they will move their dollars within the same
bank. As shown in Figure 2.1B, the balances in tax amnesty accounts declined dramatically
across banks after the end of this period. At the same time, the overall dollar deposits within each
bank remained largely stable. This stability suggests that individuals primarily transferred funds
from special accounts to their existing standard dollar accounts within the same bank. To see
this, Figure B.10 presents a histogram of the percentage change in total dollar deposits between
the first quarter of 2017 - when most funds were required to be held in special accounts - and the
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second quarter of 2017, after the holding period expired. The median change is 3.8%, and 85%
of banks in the sample experienced fluctuations of less than 10%.

Fraction

.05

0
-5 -4 -3 -2 -1 0 A 2 3 4 5

Change in Total Dollar Deposits: Q2 to Q1, 2017
Median: 0.04

Figure B.10. Total Dollar Deposits by Bank: Changes between 2017q1-2017q2.

Note: The x-axis represents the change in total dollar deposits between 2017q2 (period in which the
mandatory special accounts were not binding) and 2-17q1 (period in which the mandatory special accounts were
binding).

B.4 Bank Lending Channel - Robustness Checks

This section presents robustness results for the bank lending exercise. Table B.2 shows
the results when we flexibly control for bank specialization at the industry and international trade
financing level.

We construct measures of bank specialization to control directly for bank-firm specific
demand shocks. Specifically, we define banks’ specialization along two dimensions. Industry
specialization: we measure the extent to which bank b specializes in lending to a firm’s industry
J- We construct two measures based on 2015 (pre-shock) data: (i) the share of total lending to
industry j provided by bank b, and (ii) the share of bank b’s total lending dedicated to industry j.
Foreign trade specialization: we similarly measure banks’ specialization in lending to exporting
and importing firms, constructing two analogous measures based on pre-shock data: (i) the share
of total trade-related lending provided by bank b to exporters/importers, and (ii) the share of
bank b’s total lending directed towards exporters/importers. As a robustness check, we include
the interaction between the specialization measures, the firm type (industry or trade participation)
and a post-amnesty indicator in our regression specifications. This strategy allows us to directly
absorb any firm-bank-specific credit demand shocks correlated with bank specialization.

Table B.3 presents additional results where we control for a battery of bank-level
characteristics interacted with a post-treatment dummy. Overall, our results remain remarkably
stable across specifications.
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Table B.2. Bank Lending Channel - Bank Specialization Controls.

Baseline Industry4 Exportery Importery Industryg Exporterg Importerp

Bank Exposure X Post  1.10"** 111 0.99*** 0.84** 1.10"** 1.09*** 1117
(0.132)  (0.132) (0.132) (0.131) (0.132) (0.132) (0.132)

N 1635729 1635496 1635729 1635729 1635496 1635729 1635729
Firm-Time FE Yes Yes Yes Yes Yes Yes Yes
Bank-Firm FE Yes Yes Yes Yes Yes Yes Yes
Public Bank-Time FE Yes Yes Yes Yes Yes Yes Yes
Bank Size - Time FE Yes Yes Yes Yes Yes Yes Yes
R-squared 0.87 0.87 0.87 0.87 0.87 0.87 0.87

Note: * p <0.10, ** p <0.05, *** p < 0.01. Standard errors in parentheses and clustered at the bank-firm
level. The subscript A is used to denote the specialization measure computed as the share of credit from bank b going
to firm type X, where X is either industry, exporting or importing status. The subscript B denotes the specialization
measure computed as the share of credit to firm type X supplied by bank b. Point estimates measure the percent
increase in L;p, for every 1p.p. increase in bank exposure, S,. Post is equal to one between (201603,201802).
The sample consists of all firms that have debt with two or more banks. We winsorize the top and bottom 1% of
observations to limit the influence of outliers. Bank size is measured as the participation of each bank in total
deposits at baseline and public bank is an indicator for a bank being publicly owned.

Table B.3. Bank Lending Channel - Bank-level Time Varying Controls.

Baseline Leverage Dollar Assets Default(%) ROE CB Bonds

Bank Exposure X Post  1.10"** 1.00*** 1.10%** 1.20%** 1.03%** 1.34%*
(0.132)  (0.131) (0.132) (0.135) (0.133) (0.141)

N 1635729 1635729 1635729 1635729 1635729 1635729
Firm-Time FE Yes Yes Yes Yes Yes Yes
Bank-Firm FE Yes Yes Yes Yes Yes Yes
Public Bank-Time FE Yes Yes Yes Yes Yes Yes
Bank Size - Time FE Yes Yes Yes Yes Yes Yes
R-squared 0.87 0.87 0.87 0.87 0.87 0.87

Note: * p <0.10, ** p <0.05, *** p < 0.01. Standard errors in parentheses and clustered at the bank-firm
level. Each column incorporates an additional interaction between the post indicator and a bank characteristic.
Leverage measures bank leverage, dollar assets measures the participation of dollar securities in total dollar assets,
default is the share of private sector loans in default, ROE measures return on equity and CB Bonds measures the
participation of bonds issued by the central bank on total assets. Point estimates measure the percent increase in
Lip, for every 1p.p. increase in bank exposure, Sp. Post is equal to one between (20160Q3,201802). The sample
consists of all firms that have debt with two or more banks. We winsorize the top and bottom 1% of observations to
limit the influence of outliers. Bank size is measured as the participation of each bank in total deposits at baseline
and public bank is an indicator for a bank being publicly owned.
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B.S5 Elasticity of Substitution Between Peso and Dollar Debt

B.5.1 Pesos Lending Rate and Bank Exposure

We tested whether bank exposure had an impact on the average peso lending rate set by
individual banks. A differential response of the peso-lending rate across banks with different
exposure would pose a threat to our identification assumption. Unfortunately, the only information
we have on interest rates is the average lending rate for the entire portfolio of peso-denominated
loans granted to the private sector. This series includes both loans to households and private
nonfinancial firms. It also reflects the specific composition of credit lines in each bank portfolio
that are likely to be heterogeneous. In the exercise below, we include several controls in an
attempt to reduce the influence of heterogeneity on the composition of the loan portfolio on our
estimates.

We run the following lag-augmented panel local projection:

2
AIpeses = S+ TaXp+ Y Onsipe 0" +eprin (B.2)
s=1

where i ff}f‘” is bank’s b average pesos lending rate 4 periods after the start of the tax amnesty and
Sp 1s bank exposure. B, measures the differential effect of bank exposure on the pesos lending
rate at horizon 4. We let h = {—4, 8}, which allows us to check for pretrends. X, is a vector of
bank-level controls. On top of the bank controls included in the main text (i.e. bank size and
bank ownership status), we add the share of commercial loans at baseline. This additional control
helps us to account for differences in the composition of loan portfolios. We incorporate two lags
of the dependent variable and cluster standard errors at the bank level. Figure B.11 plots the
estimated coefficients. We do not find significant evidence of a differential response of pesos
lending rates across banks with differential exposure to the tax amnesty shock. For reference, the
average lending rate was 32.3% during this time period.
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Figure B.11. Bank Exposure and Pesos Lending Rates

Note: We report 95% confidence intervals. Standard errors are clustered at the firm level.Point estimates
measure the percentage point increase in the pesos lending rate for every 1p.p. increase in bank exposure, relative to
baseline. The time period corresponds to 2015Q2 2018Q2 and the base period is set to 2016q2. Standard errors are
clustered at the bank level.
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Appendix C
Appendix to Chapter 3

C.1 Simple Model Extension

C.1.1 Hand-to-Mouth Households

We assume a fraction u of all households are hand-to-mouth. Hand-to-mouth households
are distributed across regions proportional to output across regions. They earn income a fraction
u of local income and only spend on local goods.

Market clearing for each good is,

Yi,g,t =(1 _//‘)Ci(jg,t +:ucm

ig.t (C.1)

where Ci’jg, , 18 per capita consumption by the optimizing representative household and Cfg 418
per capita consumption by hand-to-mouth households.

Hand-to-mouth consumers have consumption shares a,; for each good g, similar to
optimizing households,

m Pi,g,t 8 m
Ci,g,l = Qg P_ Cil . (CZ)
it
Given optimal prices (3.15), we get
m Zl,g
Cou = ag¥i—~ (C3)
t
A\ s
Cq, =g (Z) Zig. (C4)
Market clearing implies,
1
A\ oz Z,
Yor=(1-pag (=L Zig+agu¥, =~ (C.5)
Z Z;
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Total local output is,

A
Yi: = Z(l H)aige” it (ag (Zz) Z,,g) +,uCl.’f1l

™ ™ Z't
= ea” Z a’ing,t - ea”ﬂYt_l + ﬂYi,t
g=1 Zi

Za YZ
_/J iglgt ™ 1— /.l[Zt

The log-linear approximation around the trend growth path is,

. 1 A .
Ver =——1—w)A; +uy;

'\§>
Il
|
Mo S

Local output growth is

1 U
h A h h
A"Yirren ® i + m Z,Ui,g,tA Ygr+h T EA Yi+h-

The aggregate business cycle at t is unchanged,

Therefore, the cyclical Bartik is,

-1

(C.6)

(C.7)

(C.8)

(C.9)

(C.10)

h—1 h—1
yzzz+h (I—p) Z,Uzgz Z,Ugt (Ahfﬁh +§Zy;+s)+,U(Ahﬁz+h+§zyz+s)-
s=0 s=0

(C.11)

Under conditions from Proposition 3.1, we get a first stage and reduced form coefficient

equal to,

1 AT P+ €SP 5p,

L=y ATPyp 43P 5p,
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The IV coeflicient is the ratio d1/y; and unchanged from Proposition 3.1. Intuitively, the Bartik
underpredicts the recession in more exposed regions because it captures only the hand-to-mouth
response in the average region. The Bartik exposure therefore gets scaled up in the first stage (and
reduced form), and the common hand-to-mouth response in the average region gets absorbed by
the recession fixed effect.

C.1.2 Local Prices Respond to Recession

We assume that the relative price of good g in region i relative to the industry price is set
based on the relative recession in region i with elasticity «;,

Pi,g,t _ V_Vig (Yi,t/Zi,t)Kl

Per W, \ Yi/Z

(C.14)

and the industry price relative to the aggregate price is based on the goods-level relative recession
with elasticity kg < ming o,

P Wo (Yori/Zos\*C Z
et _ T8 sl Zga ! (C.15)
P, w Y:/Z, Zgt
where kg = «; = 0 (acyclical relative prices) corresponds to the baseline model.
Then local output of good g is equal to
Wg - Yz t/Zit i
Y; =q; —_— - - Y, C.16
i,8,t igt ( W ) ( Yt/Zt g.t ( )
and aggregate output of good g is equal to,
1
=\ -1 o
Wg Yt KG 4 87KG
Yei=Zgs|ag (W) (Z) A2 (C.17)
Local output growth has a Bartik structure
1 1 o
Ayien = A& en + ot A e
Yit+ 147K, i+ 1+ 17%; gZ:; Hi gD Yg.r+
Local Output Growth Local Demand Shifter
Bartik Predicted Growth, yf L ieh (C.18)
TIK1 h
A
1+ nKp J/Z‘iﬁ
Aggregate Growth
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Define &, = 0y — kg > 0. The cyclical component of industry growth is,

1 L
ygz+§zygs: (wfzys)——(ﬂt ¢ A). (C.19)
g N

=0

The cyclical component of output is,

=1 Zngl ,ugta-L =1
Vi +§Zﬁs == R— (/lz +& ﬂs) (C.20)
5=0 I-k6 Xy Hetz, 5=0

which implies,

G 1
I -«kg Zkzlﬂkta.—k

KG +

-1
(yt +§Zys) : (c21)

T 1
)A’g,t"'fzyg,s:T G 1
=0 Og Zkzl Mkt gz,

The cyclical component of Bartik predicted growth is,
Zg:l /Ji,g,t~L h—
—- X (A 9o +& Z Pras |- (C.22)

s=0

BC
yltt+h

G 1
Zkzlﬂkza._k

— ————
Relative Regional Business Cycle Exposure ~ Aggregate Business Cycle

Under conditions from Proposition 3.1, we get a first and reduced form coefficient equal to,

1
Y1 = s (C.23)
1 AT+h P n+ T+h—P—-1 s
1+ fZ YpP+ (C.24)

Cl4nk; AT-P§ T+§ZTP Ypas

The IV coefficient is the ratio d;/y; and unchanged from Proposition 3.1.

The Bartik now overpredicts the recession in more exposed regions because it captures
only the price response in the average region. The Bartik exposure therefore gets scaled down in
the first stage (and reduced form). Good-specific price responses do not pose an issue as these
only affect how the aggregate shock affects the Bartik, but not how the Bartik differentially affects
regions.

C.1.3 Endogenous Monetary Policy Response

Suppose the central bank follows a Taylor rule in which the real interest rate responds to
the cyclical component of output,

Fo =@+ vy, (C.25)
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where 7, is a monetary policy shock.
Then the only difference from the baseline model is the solution for A;,

N
(©e]

. 1 1 N
A= = o (Biss + Vixs)
L+(¢-6 X, 5= Z(; 1+ (- T, &
. (C.26)
+ lim ! E;/lT.

T\ 1+ (0= Zg, &

Since no other equation changes, Proposition 3.1 goes through unchanged.

C.2 Trend Mismeasurement

C.2.1 Trend Mismeasurement in the Cross-Region Approach

The IV strategy discussed in Section 3.2 requires an estimate of the Bartik predicted
recession depth which we denote by yng:

5e5r = tigpA Sy p. (C27)
8

We construct the estimated cyclical component of sectoral output as

~ =

Ygir =Ygt —Vgi> (C.28)
where ¥, , is an estimate for the trend-component of sectoral output. We model the true sectoral
trend as

yg,t =Ygl +Ug +NgUs+ Uy, (C.29)

where y, captures a deterministic trend, u, , is a sector-specific stochastic component, and
u, is an aggregate trend shock. We assume that both processes are mean-zero, E (ug,) = E(u;) = 0.
The parameter n, ~ (0, 0',?) governs the differential exposure of sector g to the aggregate trend
shock.

Throughout, we assume that sector-specific shocks are (i) uncorrelated across goods, (ii)
uncorrelated with the aggregate shock, and (iii) orthogonal to sectoral trend parameters and
specialization patterns, {y¢,7¢}¢ and {1 ¢};.
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Assumption C.1.

Ugy Lug s Vg8 and Vs
ug, Lug; VgeG and seT

Ugr L {{yg’ ng}g, {:ui,g}i}
E(”g,t) =E(u)=0 Vag,s.

Trend mismeasurement e, ; after fitting a linear trend is

Cor = (Vg —Ve)t +itg s +Mglt; + 1y (C.30)

where ¥, is the OLS estimate for the deterministic trend coeflicient. As T — oo, ¥, —y, — 0 and
trend mismeasurement collapses to

€gr = Ug s +1gls +Us. (C.31

Then, the estimated Bartik instrument ing can be expressed as
<BC P-T P-T
Yipr = Zﬂi,g,P[A Ye.p —A Pl (C.32)
g
and the IV estimator of the relative recession impulse response function as

T+h-P sBC
Cov; (A Yi,T+h> yi,p,T)

By = (C.33)

Cov; (AP_T)’L',P,?EE,T)

Under the assumptions stated in Proposition 3.1 and further assuming that trend mismeasurement
APTe ¢,p over the recession is uncorrelated with the cyclical component of sectoral output, it
follows that:

. Cov; (A“h_Pﬁi,nh, yf,? T) —Cov; (AT+h_Pyi,T+h, 2 ,Ui,g,tAP_Te_g,P)
Bl - . (€34
Cov; (AP_Tf’i,P, yfﬁT) —Cov; (AP_T)_’i,Pa g ,ui,g,lAP_Te_g,P)

Assumption C.2.

Cov; ( Z /'li,g,tAT+s_P)/\7g,T+Sa Z ﬂi,g,tAP_Te_g,P) =0 V .
8 8
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Then, it follows that IV — B if, and only if

Cov; (AT”‘P Fires Y yi,g,tAT—Pég,T) 0 fors=0,h, (C.35)
8

where the last expression uses AP~ T¢é, p = ~AT"Pé, . This is the identifying assumption for
trend mismeasurement to wash-out in the regional design. The covariance in (C.35) can be
re-written as:

Covg(APZyr, Y HighP* Fires) =0, (€.36)
i

where D =T — P denotes recession duration. For T — oo, replacing for the definitions of y; 74
and e, ; yields:

Cov, (ADug,T + r]gADuT + ADuT,

Z O {ygr X (D +s)+ AD”ug/,TH + ng/AD+suT+h + AD+SuT+h}) -0,
g/

where Oy o = 3 i o Mi o’ This covariance can be further broken up into the following six terms:

C1=(D+5) ) YeEg(O oA uy7) (C.37)
g/

Co = APur(D+5)X 3 7y | Eg (O ) = 1E (O )| (C.38)

g/
Cs = E(APuy tAP*u, 14 ) X E (Z 12 ) (C.39)
g g g.T+s g ig
Co = AP ur o X By (APugr )" Oy g1y ) (C.40)
g/

Cs = APurx 3 AP ug .| Ey (O 0y ) ~ 7 (O )| (C.41)
g/

Co = ADMTAD+SMT+S X Z ng [Eg (®g,g"7g) - ﬁEg (®g,g’)] > (C-42)

g/
Vari(n:)

where 77 = é 2gMg and 1; = Xy li g Mg. We omit the covariance terms that involve
the average effect of the aggregate trend shock as those are differenced-out. First, C; and Cy
converge to zero by Assumption C.1—trend shocks have mean zero and are orthogonal to sectoral
parameters. Second, for C3 to converge to zero we impose the following assumption on regional
output composition.
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Assumption C.3.

Eg(Zﬂiz,g,r) -0 as G — co.

This asymptotic condition guarantees that sectoral-level trend shocks wash-out in the
cross-section and can be thought of as a bound on regional specialization. In other words, we
require that regions are sufficiently diversified across sectors g. This is a necessary condition.

Lastly, for C,,C5 and Cg to converge to zero it suffices to establish conditions under

which the term in brackets—E, (®g,g"7g) -nk, (@)g,g/)—cancels out, although there exist weaker
conditions specific to each covariance term that could make orthogonality hold. Below we

establish a condition on sectoral loadings 7, that guarantees that these covariances collapse to
Zero:

Assumption C.4. The sectoral-level loadings n, are independently and identically distributed

across goods with mean 17 and variance 0'3:

id
77g lflv (77,0'3)

A corollary of Assumption C.4 is that regions are in expectation homogeneously exposed
to the aggregate trend shock—E (7;) = X, pi g E(ng) = 1.

C.2.2 Trend Measurement in a Time-Series Approach

We observe J recession episodes indexed by j, each with peak P; and trough 7;. Consider
a local projection for each horizon h:

Yren=yp; = @ + B9, —I1,) + €,
—_
ATy
where yp, — $7, measures the national recession depth relative to trend. {§}°}, is the aggregate
recession impulse response function and measures the behavior of aggregate output to a 1% deeper
recession. We assume that each recession episode j is driven by an i.i.d shock By ; ~ (0, 0'52).
This generates the cross-episode variation in recession depth required to identify {§}°}, using a
time-series approach.

Constructing recession depth relative to trend requires an estimate of the aggregate trend.
The estimated trend component of aggregate output is

Vi =yi+ér, (C.43)
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where y; is the true trend component, ¢; is measurement error and the superscript e is used to
denote estimated components of output. The estimated cyclical component is then given by
yi=y-y;
=9 —é,

(C.44)

where J; is the true cyclical component. The estimated A-period difference in the cyclical
component is

Ahyz+h Vien =i = Ah)A’Hh — A" (C.45)
The OLS estimator of the aggregate recession impulse response function converges to
s = Covj(yryen=yr;9p, =97,
" Var;(35, - 57
Cov: (AT+h Pij h+AT+h PJyT h,AJ ij —AT P!eT)

Var;(ALi=Fiy )

(C.46)

Further assuming that the trend and cyclical component of aggregate output are orthogonal to
each other we get:

Al Cov](AT +h— P]yT +h,AT ])A}Tj) COVj(ATf+h_Pij.+h,ATJ‘_PJ‘e_Tj)
By =~ TP, + 7, (C.47)
Varj(A="i§ ) Varj(A'="i§ )
Proposition C.1.
Cov (A", AT7Pi9p,

Var;(ALi=Fiy )

Varj(APj_T’ﬁPj)

where Kk = ———————1—
Var;(ATi71 3¢ )
J

measures the degree of attenuation bias.

The assumption that Cov; (ATi*h=P; VT +hs ATi=Pi e‘Tj) = (0 is strong. Even if the estimated
trend y; is orthogonal to the cycle, the covariance remains non-zero whenever the aggregate
trend has a stochastic component. This is because trend growth during the recession window
[P;,T;] and trend growth over the recovery horizon [P;,T; + h] share a common component,
generating a non-zero covariance across episodes j. We show this formally next when the trend
has a deterministic and stochastic component.

Let the aggregate trend y, evolve according to

Ve=vyt+uy, (C.49)

277



where v; = p,v;—1 +1; and n; ~ N (O, 0',%). The OLS estimator converges to
yi = 9t (C.50)

Measurement error is given by &, = u; + v, where v, = (¥ —y)t is finite-sample estimation noise
(i.e., v > 0asT — o0). Under y; L {J;}s, the covariance between output growth over the
recovery and measurement error reduces to

CovJ~(AD-f+h)'2T/.+h,AD-fe'Tj) =Cov;(y(Dj+h)+ AD-f+th_/.+h, (y=v)(D;)+ AD-"vrj)
= Covj(y(D;+h)+AP*ur . (7 =7)D; +A%Tj) (C.51)
=y (7=y)Var;(D,) + Cov (AP ur, ., APsur, ),

where D ; =T, — P; is recession duration. The first covariance term collapses to zero as T — oo.
The second term is the main driver of identification failure. Further noting that

Dj+h
. Di+h Di+h—
APy = (™ = Ve, + > 0 e s (C.52)
s=1
D;
. D D.—
APiug, = (py" = Dvp,+ ) oy npyes. (C.53)

s=1

It follows that Cov; (ADf+thj+h,AvaTj) # 0 whenever 0'3 #0.
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C.3 Figures

State Income P.C. Relative to Peak (%)
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Figure C.1. IRF of State Income by Recession Group Double-Clustering by State and Recession.
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(C) Recessions: 1990-1, 2001, 2007-9.
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Figure C.2. IRFs based on Major Industry and Recession Variation.
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Figure C.3. Recession Impulse Response Function for Population.

C.4 Information Structure

This appendix details how we model boom-bust or liquidationist recessions using a fake
news shock to household’s taste for durables ;.

Notation

Let J*? be the full-information Jacobian for an input i and output 0. Each column s of this
matrix tracks the response of output o to a one-time innovation to input 7 in period s. Concretely,
we have

doo .. dor1
o i 5
. i O¢
JO,l - . ) Jl(i;l = —0 - (C.54)
dor-1 ... Bor Ls
dip diT_q

Throughout, we fix i = and o0 = y, so we omit superscripts. We use the notation J[sep, ceq] t0
denote the submatrix of J from row a to b and column ¢ to d, and is zero otherwise. We label
the first column and row as 0, so the final column and row are labeled T'— 1. We also define
0,, as a row of m zeros and 0,, , as an m X n matrix of zeros. The taste shock is a T'x 1 vector
Yor-1 = (¥)]2, . We denote the subsequence from  to ¢+ k by ¢, 1+«. Under full information
the output sequence, yo -1, in response to the shock path o r—; is:

yor-1=JYor-1 (C.55)

Importantly, we can construct impulse responses that incorporate different information
structures by combining different columns of the full information Jacobian J. Below we detail
our approach.
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Fake News Shocks

We assume the following two-wave information structure to model the fake news shock.
In period ¢ = 0, news arrive about an increase in ¥, starting at time s > 0. This is the first wave of
information. We denote the shock sequence associated to this wave by ¢8’T_1:

0O,s—l

@[’81—1 = (&S’T_l ) (C.56)

where ¢, > 0 for some k > s. Starting at ¢ = 0, agents learn of the sequence "bg,T—l at
rate 1 — 6, where 0 governs the degree of information stickiness. Households that update their
information set expect a higher return from durable consumption beginning in period s. In
anticipation of this, they build-up their durable stock which boosts output and the investment
share. Because households update their information set infrequently this results in a gradual
build-up of the aggregate durable stock. At time z < s a new wave of information starts. In each
period 7 > z, a share 1 — 6 of the agents that expect the shock sequence to be i, 7_1 learn that the
sequence will instead be ¢, 7—; = 0. This is equivalent to learning of a shock with path given by
J,,T_l = —ng_l. Households that receive this new piece of information, find themselves with an
excess stock of durable goods that they wish to liquidate. Initially, this results in a deceleration of
the accumulation process of durable goods at the aggregate level. Accumulation decelerates but
does not come to an immediate halt. This is because the stock of households that still expect the
shock sequence wg,T—l is large relative to the stock that learns of :/70;_1. As the second wave of
information disseminates, the liquidation of excess stocks generates a bust in output, a sustained
decrease in the investment share and a slow recovery of the economy relative to the preceding
boom period. Next, we provide further details on how we implement and put together each of
these information waves.

Implementation of the first wave
We can construct the outcome of the first information wave as the following series of
learning steps:

yor-1=(1=0)J¥57 [learn at 0] (C.57)
US| 01.7-1 0
+0(1-6 ’ ’ learn at 1 C.58
(1-6) (()T_ 1 J [0°T—2,0oT_2]) Yor-1 [ ] (C.58)
02,2 0272 0
+0°(1-6 ’ ’ learn at 2 C.59
( ) (OT—Z,Z J [o.T-z,o.T_z]) wO’T—l [ ] ( )
(C.60)
+67 1 (1-0) Or-17-1 Or-1 w0 llearn at T — 1] o)
Orr—1  J [000,000] i
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The summation representation is given by:

T-1

Ok k Ok, 7k 0

=)y efa-e " ’ C.62

Yor-1 LZ:(:) ( ) (OT—k,k J{0eT-1-k,0T-1-k] WO’T'I ( )

where each term & in the summation captures the response of households that learn about

the shock sequence 1//8 7_1 in period 7 = k. We can define the sticky-information Jacobian S such
that the outcome effect of the first wave is then

Yor-1=S¥gr_, (C.63)

S can be constructed recursively using
S{keT—1koT—1] = S[keT—1,keT—1] + 0 (1 = 0)J[0uT—1 -k 0eT—1-k]» k=0,..T-1 (C.64)
(C.65)

Implementation of the second wave

The second wave of information, which starts at z < s, gradually updates the information set
of households that expect the shock sequence 9[’81—1 by feeding in the sequence Yo 7_1 = —wg’T_] .
We refer to the stock of households that believe the shock sequence to be wg,T_ | as believers.
In each period 7 > z, a portion of believers learns that the sequence will be o 7-1 = 0 and the
remaining believers only learn of the current realization ;. This means the latter know that the
taste for durables did not change at ¢, ¥, = 0, but still expect ¢?+ ; for k> 0.

For implementation, we need to keep track of the stock of households that expect lﬁg’T_l
at each point in time. Every period the flow of new believers is given by:

new believers, = (1—6)6’, t=0,...,.T-1 (C.66)

These are the households that continue to learn about the first wave of information. Next, we
assume that belief updating from the second wave of information happens immediately after the
first wave and, as mentioned before, it can only affect the current stock of believers. Current
believers are the sum of past believers and new believers. Starting from ¢ > z, each period a
fraction (1 —6) of them gets converted to non-believers (i.e. learns about the second wave):

0, if t<
new non-believers, = ) ) 1 g (C.67)
(1-6)(believers,_; +new believers,), if 1>z

This means that the stock of believers is simply past believers plus the net change in believers:
believers; = believers;_; + new believers; — new non-believers;, (C.68)

We can compute the sticky information Jacobian associated to the second wave as follows:
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$o0.7-1 = new non-believers, (O(T)Z’Z Jioor OZ’IT;ZT 1]) Yor-1 [unlearn at z] (C.69)
ray4 o/ —7—1,Uef —7—

+believers, ( 01 ) v, (C.70)
J[0eT-1-2,0]
+new non-believers_. | Oct1.ze1 Ozt 7221 Yor-1 [unlearn atz+1]
0T—z—1,z+l J[OOT—z—2,00T—z—2]
(C.71)
+believers, . | ( Ozt ) Uil (C.72)
J[OOT—Z—z,O]
(C.73)
- Or—17—1 Or—11 )~
+new non-believersy_; Yor-1 (C.74)
01,71 J[0e0,000]
+ believersy_g ( Or-11 ) Ir_1 [ unlearn at T — 1]
J[000,0]
(C.75)

We can define the sticky-information Jacobian W such that the outcome effect of the
second wave is:

Jor-1=Wior-1 (C.76)

W can be constructed recursively using:

W[lk.T_l’k.T_l] = W[lk.T_l’k.T_” +new non-believersyJjoer—1-k,007-1-4]> k=s,...,T-1
(C.77)
Wiear—14 = believersiJjoar—14y,  k=s,...,T—1 (C.78)
w=w!+w? (C.79)

Combining both waves
The total effect of the two waves is

Yor-1 = SUgr_, +Wihor-1 (C.80)
= (S-W)yor_, (C.81)

The matrix K = S — W governs the transmission of a fake news shock with path given by
¢8 -1
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