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Abstract

This paper argues that the post-pandemic U.S. expansion has been partly sus-

tained by Fisher-type redistribution from nominal creditors to nominal debtors. I

build a Heterogeneous-Agent New Keynesian model with long-term nominal claims

disciplined to two micro targets: the cross-section of net nominal positions (NNP)

and the covariance between NNP and marginal propensities to consume (MPCs).

Feeding in the realized 2021-22 price-level surprise, the model implies an impact

rise in aggregate consumption of about 0.5% and a moderate but persistent in-

crease in inflation of about 0.3pp. A behavioral extension, capturing households’

partial awareness of debt devaluation, dampens the impact response yet prolongs

the effects. I validate the mechanism using a large U.S. fintech panel (430k house-

holds, daily flows), combining cross-sectional variation in baseline exposures with

local-projection dynamics: results are consistent with the model and lean towards

the behaviorial extension. Finally, I show that an active Fisher channel ampli-

fies conventional monetary policy and reshapes the role of nominal rigidities in its

transmission to aggregate demand.
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1 Introduction

Over the course of 2022, as the Federal Reserve began raising rates at the fastest pace in

four decades, many economists across the financial sector, central banks, and academia

anticipated an imminent recession.1 However, not only did a recession fail to materialize,

but the U.S. economy also recorded robust growth, with real personal consumption ex-

penditures (PCE) increasing by more than 3% in both 2023 and 2024. A similar upside

surprise has been unfolding in 2025, with U.S. consumption remaining resilient despite

significant headwinds from tariffs and policy uncertainty.

In this paper, I propose that wealth transfer from nominal creditors to debtors driven

by unexpected inflation has been sustaining aggregate demand in the post-pandemic pe-

riod. This idea dates back to Fisher (1933): unexpected inflation reduces the real value

of nominal claims.2 If nominal debtors have a higher marginal propensity to consume

(MPC) than nominal creditors (Tobin, 1982), then such a redistribution raises aggregate

demand.

In Pallotti (2022), I showed that U.S. households have accumulated substantial nomi-

nal assets and liabilities over the past four decades. As first noted by Doepke and Schneider

(2006), these nominal positions are unevenly distributed across the population. Wealthier,

middle-aged, and elderly households hold most of the nominal assets, such as bonds and

deposits, while nominal liabilities - especially fixed-rate mortgages - are more prevalent

among the young middle class.3 Consequently, unexpected inflation redistributes wealth

away from the former group and towards the latter one.

The seminal work by Auclert (2019) incorporated Tobin (1982)’s insight into a Het-
1For example, a Bloomberg article predicted a 100% likelihood of a recession in 2023 (link). A survey

of academics led by the Initiative on Global Markets indicated that, as of June 2022, 70% of respondents
believed a recession would start before the end of 2023, with an additional 10% expecting it by 2024Q2
(link). During the press conference following the December 2023 FOMC meeting, Fed Chair Jay Powell
reflected on these predictions: “So I think forecasters generally, if you go back a year, were very broadly
forecasting a recession for this year (...) that includes Fed forecasters and really essentially all forecasters
(...).”

2Nominal claims are financial assets and liabilites with a fixed face value, such as bonds or fixed-rate-
mortgages.

3In the United States, unlike in some countries (e.g. the UK or Spain), more than 95% of outstanding
mortgages in 2021 were fixed-rate for the entire duration of the loan, meaning that the nominal payments
implied by the contract were completely independent from realized inflation or any reaction from monetary
policy - see graph 19.
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erogeneous Agent New Keynesian (HANK) framework, in the broader context of the

distributional consequences of monetary policy. In this paper, I build a HANK model

specifically designed to match key empirical evidence on the Fisher channel, namely the

distribution of net nominal positions (NNP) across households4 and the empirical co-

variance between NNP and MPC - a sufficient statistic in Auclert (2019) that standard

HANK models have so far struggled to match.

I then use my HANK model to analyze how the “inflation shock” in 2021-2022 has

affected aggregate consumption via wealth redistribution. According to the model, shift-

ing wealth from households with lower MPCs holding nominal assets to those with higher

MPCs holding nominal liabilities through unexpected inflation has boosted aggregate con-

sumption by around 0.5 percent in the 2023, gradually diminishing thereafter. Through

a standard New Keynesian Phillips curve, inflation also rose endogenously in response to

the wealth redistribution - by about 0.3 percentage points in 2023, with a similar decay

over time. Therefore, in a HANK model that matches some key empirical moments for

the Fisher channel, unexpected inflation can “feed on itself”, even when monetary pol-

icy follows a standard Taylor rule. Building on Schnorpfeil et al. (2023), who show that

households may be only partially aware of the debt-devaluing effect of inflation, I extend

the my HANK model to incorporate a form of cognitive discounting for gains and losses

on long-term nominal claims (e.g., fixed-rate mortgages). This behavioral friction damp-

ens the initial consumption response yet imparts a more persistent stimulus to aggregate

demand over time.

Empirical evidence supports the modelâs prediction about consumption responses. I

use a very large transactions dataset from a U.S. fintech company covering 2014â2024 to

construct a balanced panel of roughly 430,000 households. This newly constructed panel

is, to my knowledge, the first dataset that enables analysis of consumption, income, and

asset flows at a daily frequency for hundreds of thousands of U.S. households for over ten

years.5 The sample closely tracks official aggregates (e.g., retail sales and personal income)
4NNP is defined as the market value of nominal assets minus the market value of nominal liabilities.
5I thank Richard Blundell, Vasco Carvalho, Tao Chen, Stephen Hansen, and Gianluca Violante for

many useful discussions on sample selection and income measurement in an ongoing project using the
same fintech data; some of those insights are reflected in the panel used here.
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and mirrors key distributional features (the income distribution, the share of mortgagors,

and the distribution of mortgage payments in the Survey of Consumer Finances (SCF)).

Over the inflationary episode, households with larger fixed-rate mortgages exhibit system-

atically stronger spending growth. Quantitatively, the estimated responses are broadly

consistent with the model but somewhat smaller and more persistent than in my bench-

mark HANK calibration, which tilts the evidence toward the behavioral extension rather

than the fully rational benchmark.

I also move beyond the current inflationary episode to examine the broader impli-

cations of the Fisher channel for monetary policy. I uncover two main findings. First,

the presence of an active Fisher channel substantially amplifies the effectiveness of mon-

etary policy, making a standard monetary policy shock up to 50% more powerful. This

arises because unexpected movements in inflation that follow a monetary policy shock

transfer wealth from richer, low-MPC households to indebted, high-MPC households.

Second, the Fisher channel quantitatively dampens the role of nominal rigidities in de-

termining monetary policy’s effectiveness. In standard models, higher nominal rigidities

strengthen monetary policy by increasing the impact of policy shocks on the real interest

rate. However, the Fisher channel introduces an offsetting effect: when prices are stickier,

inflation responds less on impact, reducing the wealth transfer between low-MPC creditors

and high-MPC debtors. In my model, the real-rate channel still dominates, so the con-

ventional result holds: stronger nominal rigidity generally increases policy effectiveness.

Nevertheless, the Fisher channel quantitatively narrows substantially the gap in outcomes

across different levels of nominal rigidity, and allows monetary policy to have meaningful

real effects even with completely flexible prices. At the zero lower bound (ZLB), both the

real-rate channel and the Fisher channel act in the same direction, thereby substantially

reinforcing the “paradox of flexibility” described by Eggertsson and Krugman (2012).

My model builds on a standard HANK framework, in which households face idiosyn-

cratic risk and a borrowing constraint. Agents save and borrow in one account comprising

long-term nominal claims whose maturity aligns with the average duration of nominal

positions in the economy. I also follow an emerging convention in the HANK literature,

adopting a sticky-wage, flexible-price specification as in Auclert et al. (2024a). Under this
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assumption, the real wage always follows productivity, allowing me to abstract from the

impact of inflation on the split between labor and capital income (Lorenzoni and Wern-

ing, 2023) and thus focusing solely on how unexpected inflation redistributes nominal

wealth. As I show in the paper, this modeling choice is broadly consistent with the recent

U.S. experience, as nominal wages largely kept pace with the price level during the latest

inflationary episode, unlike in other countries.6

Of course, in the model, inflation is an endogenous variable. Recent work has pro-

posed several structural shocks as the main drivers of the post-pandemic inflation surge,

including both supply- and demand-side factors (e.g., Bernanke and Blanchard, 2023;

Dao et al., 2024; Giannone and Primiceri, 2024). Since my focus lies on how the wealth

redistribution caused by unexpected inflation propagated to aggregate demand, it is not

strictly necessary for my research question to take a stance on the exact combination of

the primitive structural shocks that moved inflation in the first place. Instead, in my

model, I simply introduce a one-off shock to the unit of account whose magnitude repli-

cates exactly the unanticipated rise in the price level observed in 2021-2022 - reducing

the real value of nominal claims and reallocating resources from asset-rich households to

indebted ones. By examining the impulse response of consumption and inflation to this

wealth redistribution shock, I isolate the Fisher channel’s contribution to aggregate con-

sumption - relative to a counterfactual where households faced the same structural shocks

but had only real assets. This approach allows me to concentrate on the redistributive

effects of inflation stemming from nominal positions, without necessarily taking a stance

on the specific structural origins of the inflation surge within the model.

To organize the empirical evidence, I use two complementary designs. First, a trans-

parent pre/post cross-section a la Mian et al. (2013) regresses household spending growth

over the episode on baseline nominal exposures interacted with the cumulative price-level

surprise; identification comes from cross-sectional heterogeneity in exposures combined

with a common aggregate surprise. This delivers the headline finding: nominal liabilities

load positively and precisely on spending, nominal assets load near zero. Second, I trace
6In some cases, nominal wage growth exceeded the rise in prices, especially for lower-income groups

(Autor et al., 2023).
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dynamics in a local-projection framework that regresses horizon-h spending changes on

baseline exposures interacted with monthly inflation surprises, including household and

calendar-month fixed effects. This design maps more cleanly to model IRFs and shows

a liability-driven response that is persistent rather than front-loaded, therefore closer to

the behavioral extension than to a purely rational benchmark. Results are robust to al-

ternative pre/post windows, winsorization choices, and control sets. Placebo exercises in

pre-inflation windows show no significant liability effect, underscoring that the estimated

responses seem activated by the inflation surprise rather than by pre-existing trends.

Because my fintech data contain flows but not stocks, I reconstruct exposures at the

household level. On the liability side, I infer mortgage balances from observed payment

streams and prevailing rates at origination, and distinguish likely fixed- and adjustable-

rate loans using the cadence and sign of payment changes; the resulting balance distri-

butions closely track the one in the Survey of Consumer Finances. On the asset side, I

proxy liquid balances by capitalizing interest-income inflows at contemporaneous deposit

rates; this matches central quantiles reasonably well but is noisier in the upper tail and,

by construction, misses long-duration nominal assets (e.g., bonds). These features - short

duration, plus measurement noise - tend to attenuate the asset slope toward zero.

As additional evidence, reported in the appendix, I conduct a cross-county analysis

similar to Mian et al. (2013), using county-level spending data from Chetty et al. (2020)

alongside data on nominal assets and liabilities from the New York Fed and the IRS

Statistics of Income. Once again, counties with more negative net nominal positions -

especially those carrying more nominal debt - showed relatively stronger consumption

growth after the onset of the inflation shock, although the results are not statistically

significant in this case.

Literature Review This paper builds on some of the very first HANK models that

included nominal assets, such as Auclert (2019) and Luetticke (2021). Most of the subse-

quent HANK literature employed either one-period real assets or continuous-time frame-

work based on Kaplan et al. (2018), where inflation plays no redistributive role. Recent

exceptions include Auclert et al. (2024a), which considers the redistribution of wealth
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between households and the government in the case of nominal bonds (as there are no

debtors within their household sector), as well as Yang (2022), Kaplan et al. (2023), An-

geletos et al. (2024), all which consider the redistributive impacts of unexpected inflation

across households. Relative to these studies, I develop a model that closely replicates

both the empirical distribution of net nominal positions and the covariance between NNP

and marginal propensities to consume - a sufficient statistics in Auclert (2019) to evaluate

the impact of the Fisher channel on aggregate consumption within a very broad class of

environments. Matching both statistics is also what distinguishes my paper from Auclert

et al. (2024b), which shows that letting households choose optimal portfolios between

nominal and real bonds in a Huggett (1993) model brings the covariance between MPC

and NNP closer to empirical estimates. I also build on Auclert et al. (2020) and Auclert

et al. (2024a) when incorporating in my baseline HANK model cognitive discounting,

reflecting the insight of Schnorpfeil et al. (2023) that households may not be fully aware

of the Fisher channel.

I then apply my framework to the specific case of the latest U.S. inflation episode, and

test the model’s consumption implications using high-frequency alternative data from a

fintech company (as in, among many others, Diamond and Moretti, 2021; Buda et al.,

2023), highlighting the value of fintech data sources for macroeconomic modeling.

Structure of the paper Section 2 presents the HANK model. Section 3 uses it to ex-

amine how the wealth redistribution propagated to aggregate consumption and inflation.

Section 4 evaluates the strength of the Fisher channel empirically using the fintech data.

Section 5 investigates the role of the Fisher channel in amplifying monetary policy and

reassesses the importance of nominal rigidities. Section 6 concludes.

2 The Model

Households face idiosyncratic risk and are constrained in their borrowing capacity, deriv-

ing utility from consumption and leisure. They save and borrow into a long-term nominal

assets modeled as in Woodford (2001): at price Qt, the asset provides a stream of nominal
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payments 1, δ, δ2, . . ..

The household’s problem is given by:

max
tcitu8

t“0

E0

«

8
ÿ

t“0
βt pupcitq ´ vpnitqq

ff

(1)

subject to Ptcit ` QtΛit “ p1 ` δQtqΛi,t´1 ` Ptzit, @t (2)

QtΛit ě aPt, @t (3)

where cit is consumption, nit hours worked, Λt is the amount of nominal claims and

Qt their price. Net labor income zi,t is given by:

zit “ τtpwteitnitq
1´θ (4)

Where τt is the intercept of the retention function, wt is the real wage, eit is household-

level productivity, and θ is the progressivity parameter. As shown by Heathcote et al.

(2017), this rule can approximate particularly well the existing tax structure in the US.

Following a convention in the HANK literature (e.g. Auclert et al. (2024a)), households

are off their labor supply curve with hours worked nit chosen by the unions and taken

by the household as given, as described below. For simplicity, unions follow a uniform

allocation rule, with nit “ Nt.

The borrowing limit a in equation 3 is defined in real terms, so that unexpected

inflation effectively relaxes the borrowing constraint. This is a natural starting point, as

any more elaborate borrowing constrained defined e.g. in terms of debt-to-income ratio

(as in e.g. Paz-Pardo (2021)), or collateral value (as in e.g. Iacoviello (2005)) will also

relax when nominal incomes and/or house prices approximately follow the evolution of

the price level. As discussed in appendix A.2, this has been broadly the case during the

latest inflationary episode in the US. Moreover, in my calibration outlined below I will

have virtually no households at the borrowing constraint in the steady state, which makes

the particular modeling choice of the borrowing limit relatively unimportant in terms of

the implications of the model for aggregate consumption.
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The price of the long-term bond Qt is pinned down by a no-arbitrage condition given

the expected path of nominal interest rate it:

Qt “
1 ` δEtrQt`1s

p1 ` itq
(5)

The ex-post real interest rate rt faced by households is then simply given by the Fisher

equation:

1 ` rt “
p1 ` it´1q

p1 ` πtq
“

p1 ` δQtq

Qt´1

1
1 ` πt

(6)

Finally, the utility function belongs to the constant elasticity of substitution (CES)

family with intertemporal elasticity σ, i.e. upcq “ c1´ 1
σ

1´ 1
σ

, while the disutility function from

work has a Frisch elasticity of labor supply ϕ i.e. vpNq “ N1` 1
ϕ .

Supply On the supply side, I follow a convention in the HANK literature by adopting

sticky wages and flexible prices. As emphasized by Auclert et al. (2023) and Broer et al.

(2020), this combination of sticky wages and flexible prices is more in line with empirical

evidence, as it does not feature countercyclical profits and large income effects on labor

supply. As well known, both of these features are instead typical of flexible wages, sticky

price versions of New Keynesian models. More specifically, in my baseline specification

there is a representative firm that produces output with a technology which is linear in

labor Nt and productivity At

Yt “ AtNt

Solving the firm problem yields Wt

Pt
“ At: the real wage thus follows productivity,

which is constant in the rest of the paper.7 In other words, price inflation and nomi-

nal wage inflation are the same at all times.8 A constant real wage and no profits are

conceptually appealing for my purpose as they allow the model to abstract away from
7The firm problem here is simply given by maxNt

PtAtNt ´WtNt.
8As way to see it, Wt

Pt
“ At @ t therefore Wt´1p1`πw

t q

Pt´1p1`πtq
“ At´1p1 `gAtq, take logs and obtain πw

t ´πt “

gAt “ 0.
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any redistributional effect of unexpected inflation stemming from differential impacts on

profits versus labor income (see, e.g. Lorenzoni and Werning (2023)). As discussed in

appendix A.2, the real wage has indeed remained approximately constant in the US dur-

ing the latest inflationary episode, and it actually increased for the bottom half of the

distribution (Autor et al. (2023)).

Sticky wages Wages are set by unions subject to a quadratic costs a la Rotemberg

(1982). Appendix A.1 describes the union problem following Auclert et al. (2024a), which

extends to the heterogeneous agent setting the standard microfoundation of sticky wages

from Erceg et al. (2000), showing that it leads in equilibrium to the New Keynesian Wage

Phillips Curve (NKWPC) for wage inflation πwt :

πwt p1 ` πwt q “ κw

˜

µw
N

1{ϕ
t

pC˚
t q´σp1 ´ θqpYt ´ Ttq{Nt

´ 1
¸

` βπwt`1p1 ` πwt`1q (7)

Where κw denotes the slope of the NKWPC, which is in turn a function of the elas-

ticity of substitution across different union tasks and the costs of adjusting wages, as

documented in section A.1. µw is the mark-up applied by unions, Tt “ wtNt ´
ş

zitdi are

total taxes collected by the government, and C˚
t is a virtual consumption aggregator that

captures the aggregate wealth effect on labor supply, defined as:

C˚
t “

ˆ
ż

e1´θ
it

ş

e1´θ
it di

c´σ
it di

˙´ 1
σ

Monetary Policy The monetary authority follows a standard Taylor rule for setting

the nominal interest rate it:

it “ r˚
` ψEπt ` ϵt (8)

Where r˚ is the steady state real interest rate, ψ is the coefficient on inflation, and ϵt
a monetary policy shock.9

9For simplicity and in keeping with most of the HANK literature, I assume inflation in the steady
state to be 0.
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Government The government issues long-term nominal debt Λg
t , which is the coun-

terpart of the net nominal claims held by the household sector. It faces a standard

intertemporal budget constraint with nominal bonds:

Pt Gt ` Qt Λg
t “ p1 ` δQtq Λg

t´1 ` Pt Tt (9)

Defining Bt “
QtΛg

t

Pt
brings us back a more familiar formulation Gt ` Bt “ p1 `

rtq Bt´1 ` Tt, where rt is the ex-post real interest rate given by the Fisher equation 6.

In the benchmark version of the model, I assume that government adjust government

spending Gt in response to shocks that move its real debt level Bt away from the steady

state, with a coefficient γG:10

Gt “ Gss ´ γGpBt ´ Bssq (10)

Equilibrium Given initial values for nominal government debt Λg
t´1, nominal wage

Wt´1, price level Pt´1, a distribution of households over skills e and assets Λ such that the

economy starts from its steady state, a general equilibrium is a path for prices {Pt, Wt,

πt, πwt , rt, it, Qt} and aggregates {Yt, Nt, Ct, Λg
t , Gt, Tt} such that households optimize,

unions optimize, no arbitrage 5 is satisfied, the representative firm optimizes, monetary

policy follows the Taylor rule 8, the government satisfies its budget constraint and 10,

and markets clear:

Yt “

ż

citdi ` Gt (11)

Λg
t “

ż

Λitdi (12)

10As discussed also below in the context of the calibration, the choice of adjusting government spending
rather than taxes in response to a deviation of government debt from its steady state level is a conservative
one, in order to limit as much as possible the (positive) implications for aggregate consumption stemming
from a devaluation of the government nominal debt after unexpected inflation.
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2.1 Calibration

I calibrate the model at a yearly frequency, following conventions in the literature for

most of the parameters. The main deviation from the literature consist in relaxing the

borrowing constraint to account for mortgage debt, as typical HANK models are calibrated

to account only for consumer credit. Table 1 reports all the parameter values.

Households Both the intertemporal elasticity of substitution σ and the Frisch elasticity

of labor supply θ have values well within the ranges of empirical estimates at 0.5 (see also

Auclert et al. (2021)). The income process faced by households is also standard and follows

an AR(1) process with persistence ρe of 0.91 and a standard deviation of the earnings σe
at 0.92, as in e.g. Auclert and Rognlie (2018). I discretize this process using Rouwenhorst

method on a grid of 11 points for eit.

In order to match the empirical distribution of net nominal positions, I set the bor-

rowing limit a to -1, where 1 is the average yearly income in the economy. This is a

deviation from the literature, as a is typically calibrated to zero or to minus the average

quarterly income (see e.g. Kaplan et al. (2018)). The standard calibration in HANK has

been motivated by focusing on consumer credit: here, my emphasis in on matching the

empirical distribution of NNP, which include also mortgages. The real return is 5% per

year as in Auclert et al. (2024a). While high, this allows me to match the distribution of

the NNP better, as well as hitting perfectly the covariance between MPC and NNP. The

discount factor β clears the asset market at 0.85. Finally, the bond decay parameter δ is

set at 0.8 to match the average duration of nominal positions at the end of 2020, which

was approximately 5 years (Pallotti (2022)).

Supply I set wage markup to 1.1 and the coefficient for wage rigidity to 0.05 following

standard values in the literature based on Grigsby et al. (2021).

Policy Government spending represents 20% of GDP. The level of government debt in

the steady state is also at 20% of GDP, as it acts as a counterpart to the aggregate Net

Nominal Position of the household sector, which was 20% of GDP at the start of the
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inflation episode (as in Pallotti (2022)). As my focus here is on the redistribution within

the household sector, I prefer to capture the distribution of NNP across households and

their aggregate position well, rather the actual NNP of the government (which is lower in

the data, as foreigners also hold U.S. nominal debt).11 The responsiveness of government

spending to deviation of its debt level from the steady state γG is set conservatively at

0.1, implying a small but quite persistent response. Once again, the rationale behind

this choice is to limit as much as possible the influence of government actions on the

implications of the model for consumption, as my primary focus here is the redistribution

of wealth across households. The coefficient for tax progressivity is 0.18, as in Heathcote

et al. (2017). Finally, the coefficient on expected inflation in the Taylor rule is set to 1.25.

Solution method I use 500 points on a grid for assets, solving the household problem

through the endogenous grid method. The model is solved using the Sequence Space

Jacobian method from Auclert et al. (2021).

Calibration

Parameter Description Value Parameter Description Value

σ IES 0.5 κw Slope of wage Phillips curve 0.05
ϕ Frisch 0.5 µw Wage markup 1.1
a Borrowing constraint -1 ψ Taylor Rule coefficient 1.25
θ Tax progressivity 0.18 B Government Debt/GDP 0.2
ρe Autocorrelation of earnings 0.91 G Government spending 0.2
σe Std of log earnings 0.92 γG G response 0.1
β Discount Factor 0.85 r˚ Eq. real rate 0.05
δ Bond decay 0.80 πss Steady-state inflation 0

Table 1: Calibration of all the parameters in the model. All values follow standards in the literature,
except for the borrowing constraint a, in order to account for mortgages, and the Governemnt Debt/GDP
B in order to match the NNP of households in Pallotti (2022).

11As shown in Pallotti (2022), the rest of the world plays a significant role in financing the large NNP
of the government in the US. As my model is a closed economy, I currently abstract from the wealth
redistribution from the rest of the world towards the U.S. following unexpected inflation.

13



2.1.1 Results

Table 2 reports percentiles of the distribution of the net nominal position over labor

market income in the model against the ones from the 2019 Survey of Consumer Finances

(SCF), following the methodology in Pallotti (2022) in order to compute both the direct

and indirect nominal positions in the SCF.12 Overall, the matching is quite accurate.

Both distributions switch from negative to positive NNP between the 50th and the 75th

percentiles, and have similar value in the left tail as well as to some extent in the right tail,

despite the well known difficulty for the one-account HANK model to capture the very

wealthy (e.g. Castaneda et al. (2003)). This relatively good performance in the right tail

of the NNP distribution of my model is also driven by the fact that the NNP distribution

is not as skewed as the one for overall wealth, which includes also housing, stocks and

other real assets.

Net nominal positions in the model and in the data

NNP Quantiles Consumption CDF

Pct Model Data Model

1 -7.2 -6.8 0.0%
5 -4.8 -3.6 0.8%
10 -3.5 -2.5 2.3%
25 -2.3 -1.1 8.7%
50 -0.9 -0.1 25.3%
75 0.5 0.4 51.3%
90 2.0 2.2 74.3%
95 2.9 4.1 84.7%
99 4.6 10 95.7%

Table 2: Net nominal position (NNP) over household annual labor income in the model and in the
2019 Survey of Consumer Finances (SCF). The last column reports the cumulative distribution function
(CDF) of consumption in the model at each NNP percentile.

12As in Doepke and Schneider (2006), I take include nominal positions that are directly held in
household portfolios (e.g. mortgages or bonds) as well as those held through investments intermediaries,
such as bonds held by a mutual funds where households are shareholders. Moreover, I also take into
account indirect nominal positions arising from the households’ ownership of equity in firms, which have
nominal assets or liabilities on their balance sheets. For details, see Pallotti (2022).
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Most importantly, the model can perfectly match the empirical covariance between

NNP and MPC at -0.072, which is the most precise estimate among the ones in Auclert

(2019). As shown in Auclert (2019), within a very general class of models, this covari-

ance is a sufficient statistics to predict the impact on aggregate consumption of a wealth

redistribution stemming from a one-off shock to the price level.

Matching well the distribution of NNP as well as the covariance between NNP and

MPC comes at the cost of having virtually no people at the borrowing constraint, and

thus a lower average MPC in the model, which is 21% per year - in the low range of

the empirical estimates. The intertemporal Keynesian cross Auclert et al. (2024a) is

therefore less powerful in this model relative to a baseline HANK, and the propagation

to the broader economy of any initial impulse to aggregate demand can be interpreted as

a lower bound.

3 Wealth Redistribution and its Propagation

I use the model to examine how the wealth redistribution resulting from an inflation shock

propagates to aggregate variables, specifically consumption and inflation. I measure the

latest inflation shock by comparing the expected path for the price level from the Survey

of Professional Forecasters at the end of 2020 with the actual evolution of the price level

- which was around 10% higher by the end of 2022.13

This shock to the price level has been arguably due to several factors: supply chain

disruptions, generous transfers from the government to households, or monetary policy

remaining accommodative even after inflation started to exceed 2% year-on-year in April

2021, among others (e.g. Giannone and Primiceri (2024), Bernanke and Blanchard (2023),

Dao et al. (2024). Since my interest lies solely in how the redistributive effects implied by

this inflation shock (due to the presence of nominal assets and liabilities) propagated to

the rest of the economy, it is not strictly necessary to specify within the model the exact

combination of underlying structural shocks that caused this spike in the price level in
13Figure 16 in the Appendix shows the actual and expected paths for the price level as of December

2020.
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the first place.

Instead, in the model, I directly shock the wealth distribution by simulating a change

in the unit of account equal in magnitude to the surprise inflation observed over 2021

and 2022. Through the lens of the model, the only effect comes from the net nominal

position Λ becoming less valuable in terms of real consumption c, redistributing resources

away from asset-rich households and towards indebted ones. Another equivalent way of

modeling the change in the unit of account is a one-off MIT shock as a wealth tax, θπ, on

wealth holdings Λ, which results in negative outlays for creditors and a positive subsidy

to debtors and to the government (which has a negative net nominal position).

A possible interpretation of the impulse response function (IRFs) of consumption and

inflation to this wealth redistribution is to compare a real-asset economy, hit by the same

combination of primitive structural shocks that moved inflation in the first place, to a

nominal-asset economy where these primitive shocks also had redistributive effects due to

the unexpected inflation they generated. In turn, these redistributive effects transmitted

to aggregate consumption and inflation according to the IRFs shown below.

Of course, it is entirely feasible within the model to generate inflation (and thus wealth

redistribution) also through some primitive structural shocks. We will look at the example

of monetary policy shock thorugh the lens of the model in Section 5.

3.1 Impact on aggregates

The right panel of figure 1 depicts the response of aggregate consumption to the inflation

shock described above. Consumption rises by 0.5% in the first year and then begins to

slowly decline back toward the steady state, ultimately undershooting it. Similarly, as

reported in the right panel of figure 1, inflation rises by 0.3 pp in the first year through

the New Keynesian Wage Phillips Curve 7, slowly decaying afterwards. In this sense,

a sizeable inflationary shock in a HANK model featuring nominal wealth redistribution

tends to moderately feed on itself.

Figure 2 sheds light on the various channels behind the aggregate increase in con-

sumption reported in the left panel of figure 1. The impulse to aggregate consumption
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Figure 1: Model implied impulse response functions (IRFs) of consumption and inflation to the wealth
redistribution generated by the 2021-2022 inflation shock in the United States.

from the wealth redistribution alone is represented by the dotted blue line in the right

panel of figure 2 (“direct response”): it is initially expansionary, increasing aggregate

consumption by around 0.4% as the wealth redistribution draws resources from creditors

with low MPC and distributes them towards debtors with high MPC. After a few years,

however, this direct response of consumption to the wealth shock turns negative. The in-

tuition behind it is that while households close to the borrowing constraint initially raise

their consumption substantially, eating up most of their gains in a few periods, wealthier

households behave more in line with the Permanent Income Hypothesis (Friedman, 1957),

cutting their consumption almost permanently by an amount close to the annuity value

of the negative wealth shock. Over time, the small but persistent cut in consumption of

creditors dominates the initial spending spree of indebted households, also because the

household sector as a whole has a positive net nominal position.

The rest of the lines in figure 2 capture the internal dynamics of the model. The initial

positive direct effect on consumption raises aggregate income in the economy (the blue line

in the left panel of figure 2), which further boosts consumption through the intertemporal

Keynesian cross (Auclert et al., 2024a) - captured by the dotted orange line in the right

panel of figure 2. Output increases initially also thanks to a small but persistent rise in

government spending due to devaluation of its nominal debt, as per equation 10 - shown
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by the green line in the left panel of Figure 2.

Figure 2: Decomposition of the net effect on consumption reported in the left panel of figure 1 into
the direct impact of the redistributive shock, the feedback loop from income to consumption through
the intertemporal Keynesian cross, as well as the impact from the reactions of government spending and
interest rates in the model. Left panel reports the IRFs of the inputs to the household problem, right
panel reports each input transmission to aggregate consumption.

The increase in output from both consumption and government spending pushes up

inflation according to the New Keynesian Wage Phillips Curve (Equation 7), as in figure

1, right panel. This rise in inflation due to the wealth redistribution triggers a monetary

policy response, raising nominal interest rates according to the Taylor rule (Equation 8)

by around 40 basis points on impact, as reported in the purple line within the left panel of

Figure 2. The ex-post real interest rate (red line in the left panel of Figure 2) is therefore

negative in the first period - both because of the unexpected inflation reported in the

right panel of figure 1 and because the price of the long-term bond unexpectedly falls -

due to discounting the higher future path of nominal interest rates.

As the negative direct effect on consumption driven by creditors begins to dominate

the positive general equilibrium effect from the intertemporal Keynesian cross after a

few years, both aggregate consumption and inflation begin undershooting their steady-

state values. Consequently, monetary policy starts to cut interest rates (marginally) and

consumption converges back to its equilibrium level from below. The model suggests that

while the effects of wealth redistribution on aggregate quantities become very small after
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a few years, they are nevertheless very long-lasting, as it takes a several years for the

wealth distribution to return back to its ergodic state.

3.1.1 Behavioral frictions

In the simulation discussed above, I assumed that households perfectly understood that

unexpected inflation implied a reduction in the present value of their nominal assets or lia-

bilities. However, using data for Germany, Schnorpfeil et al. (2023) show that households

are often unaware of the reduction in the real value of their nominal debt induced by the

Fisher effect. This is particularly relevant for long-term nominal positions, like mortgages

or Treasuries, where the reduction in the real value of cash flows from these instruments

happens over long time horizons, and it thus may not be immediately apparent to some

households.

To capture this potential friction in the model, I shift from simulating a one-off shock

to simulating a similar nominal cash-flow redistribution but now happening over time.

Concretely, I introduce an inflation tax θπ,t on nominal assets and liabilities that phases

off completely after d years.

θπ,t “

$

’

&

’

%

γπ

d
for 0 ă t ă d

0 for t ě d

Here, γπ represents the overall inflation shock described above, and d is the average

duration of net nominal positions as of the end of 2020 (five years, as in Pallotti (2022)).

Households with negative net nominal positions Λ receive a subsidy equal to θπ,tΛit, while

households with positive net nominal positions have to pay the equivalent tax. This

simulates a reduction in the negative cash flow implied by a mixture of short and long

term nominal debt, or in the positive cash flow implied by a mixture of short and long-term

nominal positions. This tax lasts only d periods, and households form their expectations

about the future values of this tax under cognitive discounting, following Gabaix (2020):

EB
t rθπ,t`1s “ θπ,ss ` m̃Etrθπ,t`1s (13)
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Here, θπ,ss is the steady-state value of this tax, which is zero. The parameter m̃

governs the degree of cognitive discounting regarding the future values of this tax, or in

other words the myopia of these households with respect to the future reduction in the

value of their nominal assets and liabilities. For m̃ “ 0, households are fully myopic

and every reduction in the real value of their nominal assets or liabilities comes to them

as a surprise each period t. For m̃ Ñ 1, the model gets closer to the case of rational

expectations in the previous section, where households perfectly anticipate the reduction

in the present value of all their future nominal cash flows.14

Figure 3 reports the impulse response functions (IRFs) for consumption and inflation

in the model for varying degrees of m̃. For m̃ close to one, the effect is similar to the

rational expectations case. As we decrease m̃ towards zero, the response of consumption

becomes less pronounced on impact but more persistent over time. This occurs because

indebted households adjust their consumption positively every time they realize their

liabilities have actually a lower value than they expected - without (or only partially)

anticipating that this is going to happen again over the next periods. The response of

inflation for lower m̃ is more persistent - though broadly similar on impact, since the

unions are fully rational and forecast the cumulative deviation of consumption from its

steady state when setting wages.

4 Empirical Evidence

A key prediction from Section 3.1 is that households with more negative net nominal

positions (debtors) should increase consumption more following the inflation shock, and

vice-versa for households with positive net nominal positions (savers). I test this prediction

using a large U.S. fintech transactions dataset (2014-2024) that allows me to construct

householdâlevel measures of nominal liabilities (principally fixed-rate mortgage balances)

and nominal assets (liquid deposit balances inferred from interest income). I then relate
14There is a subtlety that makes the exercise in the previous section not perfectly comparable even

with m̃ “ 1. For m̃ Ñ 1, households understand more and more that their future nominal assets
Λit, nottheonesintheinitialperiodΛi0, willbedevaluedbythetaxθπ,t. Ceteris paribus, this encourages them
to save less and consume more. With
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Figure 3: Impulse response functions (IRFs) of consumption and inflation to the wealth redistribution
generated by the inflation shock when households exhibit cognitive discounting with respect to the re-
duction in the real value of their long-term assets and liabilities. A lower m̃ implies more myopia, as in
Equation 13.

subsequent spending changes to these pre-period exposures. As a complementary check,

I replicate the analysis with publicly available data that proxy aggregate nominal assets

and liabilities at the county level; those results, which are directionally consistent but less

precise, are reported in Appendix C.

4.1 Data description

The dataset covers almost 100 billion transactions for more than 45 million unique users

from January 1st 2010 to May 31th 2024.15 The fintech company supplying the data offers

a financial platform to U.S. banks. The data consist of all inflows (e.g., salaries, transfers,

refunds) and outflows (e.g., direct debits, credit card spending, cash withdrawals, mort-

gage payments) of the bank accounts of each user tracked by the fintech. Although it is

possible that the users have additional accounts not captured in the dataset, I apply some

active filtering to mitigate these concerns. I treat each user as representing a household

unit.
15The exact numbers for the whole sample are 97,869,791,714 transactions and 45,302,620 unique

account holders.
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Sample selection I construct a panel of users who remain continuously active from

January 1, 2014 to the last available month in the data (May 2024). This ensures that I

can abstract from entry and exit dynamics and that each user has a sufficiently long trans-

action history to impute their nominal assets and liabilities at the onset of the inflationary

period. To exclude users whose main bank accounts may not be captured by the fintech

provider, I further restrict the sample to households performing at least nine transactions

per month over the entire period. This restriction allows me to closely match both official

U.S. aggregate series (e.g., consumption and income) and the income distribution in the

Survey of Consumer Finances (SCF). Increasing the monthly transaction threshold shifts

the lower end of the income distribution above that of the SCF.

Because data collection issues on the fintech part led to a drop in the number of ac-

counts for some users starting in 2022, I additionally limit the sample to households whose

total number of accounts does not decline between 2022 and the end of the sample. In

addition, in order to mitigate potential contamination from small or medium enterprises

(SMEs), I exclude households holding more than eight bank or eight card accounts at any

point in time, as well as households who in any month receive only inflows categorized by

the fintech in income classes that are likely SME-related (e.g. “Electronics/General Mer-

chandise”, “Restaurants”) rather than income classes associated with typical household

income sources (e.g., “Salary”, “Interest Income”).16

After applying all these restrictions, the final panel consists of 430,760 users who are

continuously active each month from January 2014 to May 2024. I further restrict trans-

actions to those denominated in U.S. dollars and apply the fintech provider’s algorithm

to remove outliers and duplicates.
16Some of these inflows categorized under e.g.“Electronics/General Merchandise” may be valid refunds

to debit/credit card spending from households or incorrect classification by the fintech’s algorithm.
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4.2 Validating the data against US official statistics

4.2.1 Tracking US Aggregates

The data align closely with official U.S. consumption statistics. Figure 4 shows a compari-

son between U.S. Census monthly retail sales data with credit and debit card expenditures

extracted from the fintech data, showing a tight correspondence at a monthly frequency

over a ten-year period. There is reasonable alignment also with Personal Consumption

Expenditures (PCE) from the Bureau of Economic Analysis (BEA), even though some

items like owners’ equivalent rent or government-financed purchases (e.g., Medicaid) are

absent from the fintech data by design, as they do not involve monetary transactions (see

figure 23 in the appendix).

Figure 5 similarly illustrates that total inflows in the fintech data closely track the

evolution of personal income from the BEA. Discrepancies appear to be driven essentially

by seasonal adjustment in the official series and the unadjusted nature of the fintech flows.

Overall, these comparisons underscore that the fintech data reliably capture the trends in

U.S. consumption and income.

Figure 4: Comparison of aggregate consumption in the fintech data with U.S. Retail Sales from January
2014 to May 2024. The fintech data are restricted to a panel of users who performed at least 9 relevant
transaction per month during this period, resulting in a panel of 430,760 users. Both values are indexes
starting at 100 in January 2014.
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Figure 5: Comparison of total income inflows in the fintech data (not seasonally adjusted) with official
U.S. Personal Income (BEA) (seasonally adjusted) from January 2014 to May 2024. The fintech data are
restricted to a panel of users who performed at least at least 9 relevant transaction per month during this
period, resulting in a panel of 430,760 users. Both values are indexes starting at 100 in January 2014.

4.2.2 Income distribution

Table 3 contrasts the 2021 income distribution derived from the fintech records with the

distribution reported in the 2022 Survey of Consumer Finances (SCF), which refers to the

same calendar year.17 For the fintech’s sample, total income is the sum of all inflows that

the provider’s classification algorithm tags as “Salary/Regular Income”,“Other Income”,

“Investment/Retirement Income”, or “Interest Income”. The data understate the very top

of the income distribution but track the remainder fairly closely. One structural difference

helps explain this pattern: the fintech data record inflows to bank accounts, which can

be net of tax withholding and other payroll deductions, whereas the SCF measures self-

reported pre-tax income. Some attenuation, especially at the top, is therefore expected. In

contrast, the top 1% misalignment likely reflects incomplete coverage of very high-income

households, rather than the omission of certain types of income flows.
17This subsection and the related appendix benefited from extensive discussion and feedback in a

ongoing project using the same fintech data with Richard Blundell, Vasco Carvalho, Tao Chen, Stephen
Hansen and Gianluca Violante.
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Total Income by percentile: Fintech vs. SCF, 2021 (USD 000)

Fintech SCF

Income group Median Mean Median Mean

Bottom 20 24.78 22.73 20.54 19.39
20-39.9 56.70 56.53 43.24 43.17
40-59.9 80.60 80.90 70.26 71.46
60-79.9 111.62 112.50 115.66 117.28
80-89.9 149.86 150.90 189.16 193.37
90-95 188.52 189.76 299.41 307.19
95-99 246.35 254.26 546.94 636.49
Top 1 410.34 461.94 1848.36 3191.79

Table 3: Comparison of total income by group across the income distribution: Fintech vs. Survey of
Consumer Finance, 2021 (USD 000). The fintech data are restricted to a panel of users who performed at
least at least 9 relevant transaction per month from 2014 to 2024, resulting in a panel of 430,760 users.
Statistics for the SCF are weighted using survey weights.

4.3 Constructing nominal assets and nominal liabilities

4.3.1 Mortgages

Mortgage payments A key advantage of these data is that one can identify households

who are paying down a mortgage. Specifically, I use the fintech's internal algorithm,

which classifies transactions based on their descriptions and counterparties, to isolate

mortgage-related payments. Among those flagged as mortgage payments, I only retain

those exceeding $200 to limit the inclusion of unrelated or incidental charges. Figure 6

shows that the fraction of households marked as mortgagors in my core sample almost

perfectly matches the fractions from the 2019 and 2022 Survey of Consumer Finance

(SCF).

Conditioning on households with positive mortgage payments, the three diagnostics

in the figures below show close alignment of levels and dispersion across the various years:

(i) the 2015 histogram overlays are similar throughout the interior of the distribution;

(ii) the 2018 quantile-quantile plot lies near the 45-degree line at all deciles; and (iii)

the 2021 empirical cumulative distribution functions nearly coincide after truncation at
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Figure 6: Fraction of households paying down a mortgage each month in the fintech data (January
2019–October 2023) versus the fraction of households carrying mortgage debt in the 2019 and 2022 SCF.
The fintech sample includes users with at least 9 transactions per month from 2014 to 2024, resulting in
a panel of 430,760 users.

the 99th percentile. The most likely reason for which the fintech series slightly exceeds

the SCF in all years is mechanical: bank payments include escrowed property taxes and

homeowners/mortgage insurance, whereas the SCF instructs respondents to exclude these

components when possible. Overall, the evidence indicates that conditional on having a

mortgage, the fintech data reproduce the SCF distribution of monthly payments with a

small, interpretable upward shift.
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Figure 7: Comparison of mortgage payments in the fintech data with mortgage payments in the SCF for
2015. In the SCF, respondents are asked to exclude insurance and escrow. The fintech sample includes
users with at least 9 transactions per month from 2014 to 2024, resulting in a panel of 430,760 users.
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Figure 8: Comparison of mortgage payments quantiles in the fintech data with mortgage payments
quantiles in the SCF for 2018. In the SCF, respondents are asked to exclude insurance and escrow. The
fintech sample includes users with at least 9 transactions per month from 2014 to 2024, resulting in a
panel of 430,760 users.
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Figure 9: Comparison of the Empirical Cumulative Distribution Function of mortgage payments in the
fintech data with the one in the SCF for 2021. In the SCF, respondents are asked to exclude insurance
and escrow. The fintech sample includes users with at least 9 transactions per month from 2014 to 2024,
resulting in a panel of 430,760 users.

Constructing Mortgage Payment Streams I transform raw transaction debits cat-

egorized as “Mortgage” into household-level payment streams following these steps:

• First, within each household I bucket monthly mortgage debits by rounded payment

size (default $ 400) to reduce fragmentation from escrow drift. Consecutive months

in the same bucket are grouped into runs, allowing short gaps (ď 3 months), and I

retain only persistent runs (ě 3 months).

• For each run I construct a proxy for principal-and-interest (P&I) payments by scaling

the observed debit by an escrow factor (default=0.92) and smoothing it with a rolling

median of 3m.

• I then stitch adjacent runs within a household (with a tolerance of gaps of three

months) unless the payments jump by more than 50% in either direction, suggest-

ing a major refinancing event has occurred and the new stream should be treated
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separately.

• Finally, smaller step changes in this smoothed stiched series are flagged when they

exceed both a relative and an absolute threshold (default is the maximum between

100 $ and more than 10% of the monthly payment), suggesting some refinancing

event for fixed-rate mortgages or some adjustment in the rate for adjustable rate

mortgages has taken place.

ARM/FRM identification To identify likely ARMs, I require most step intervals to

fall in semiannual or annual cadence bands and that the direction of payment changes

always follows the one of the six-month change in the 1-year Constant Maturity Treasury

(CMT) index. The rest of step changes are likely small refinancing events, with those

mortgages therefore treated as FRM. This procedure yields a percentage of ARM mort-

gages over total outstanding mortgages of 3.6%, consistent with empirical evidence from

the National Mortgage database from the Federal Housing and Finance Agency (FHFA),

according to which ARM in the US have been 4% of the total on average over the period

of interest. Further implementation details appear in appendix B.1.

Principal Balance Imputation In what follows, I work at the level of a single mort-

gage stream and denote by At the estimated proxy for the principal-and-interest payment

associated with that stream in month t, by rt the (loan-specific) monthly interest rate

applied in that month, and by n0 the original mortgage term (in months) at origination

or refinancing. According to the National Mortgage Database from the Federal Housing

Finance Agency (FHFA), the average mortgage term at origination in the U.S. has been

in a tight neighboroud around 26 years over the past two decades, as shown in Figure 20

in Appendix B.1. I therefore take n0 “ 312 as the benchmark value. For left-censored

mortgages - cases in which households are already observed making mortgage payments

during the first three months of 2014, when my panel begins - I assume n0 “ 156 (half of

the benchmark) for simplicity.

Regarding the interest-rate path rt, I distinguish between fixed-rate mortgages (FRM)
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and adjustable-rate mortgages (ARM). For FRM, I construct a piecewise-constant rate

path using the average rate on 30-year mortgages published by Freddie Mac and available

on FRED. Specifically, at origination and at each subsequent step in the flow of payments

that I identify in the data, I set rt equal to the contemporaneous monthly equivalent of

the average 30-year mortgage rate and hold it fixed at that value until the next step is

identified. For ARM, I construct an analogous piecewise-constant rate path indexed to

the market yield on U.S. Treasury Securities at the 1-year constant maturity (CMT-1Y),

also from FRED, plus a constant spread of 2%. At origination and at each subsequent

step, I reset rt to the contemporaneous monthly equivalent of the CMT-1Y rate plus 2%

and then hold rt fixed until the next step is identified.18

For both class of mortgages, the initial balance is computed as the present value of an

annuity:

B0 “
A0

`

1 ´ p1 ` r0q´n0
˘

r0
.

I then update the balance on a monthly basis according to:

Bt`1 “ max
␣

Btp1 ` rtq ´ At, 0
(

.

If At “ 0 for three consecutive months, I assume the loan has been fully repaid and set

Bt “ 0. Substantial refinancing events - defined as cases where payments increase by more

than 50% - are treated as new streams, as these likely involve either significant cash-out

refinancing or prepayment. In such cases, the initial principal balance B0 is re-estimated

following the same procedure described above.

Results Table 4 reports the comparison between the mortgage and home-equity loan

balances in the SCF and those inferred from the fintech data. For both 2018 and 2021,

the fraction of households with mortgage debt is aligned across sources at close to 40%.

Mean mortgage balances are somewhat lower in the fintech sample - about 12 percent be-
18All benchmark rates (Freddie Mac 30-year for FRM, CMT-1Y plus 2% for ARM) are first converted

to their monthly equivalents.
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low the SCF in 2018 and nearly matched by 2021 - but the percentiles track remarkably

well, suggesting that the imputation procedure recovers the bulk of the observed distri-

bution in survey data. Figures 21 and 22 in Appendix B.1 compare the full distribution

of outstanding mortgage in the fintech data with the corresponding weighted distribution

from the SCF for 2018 and 2021. The shapes of the two distributions are very similar

across years, both exhibiting the expected right-skewness and a comparable upper tail.

The fintech data tend to show slightly more mass in the lowest part of the distribution,

especially in 2021, consistent with a marginally higher share of small or recently origi-

nated loans - but differences remain modest. Overall, the visual evidence supports the

quantitative comparison in Table 4, suggesting that the imputation of principal balances

reproduces the empirical distribution of household mortgage debt in survey data with

reasonable accuracy.

Principal balance outstanding for residential debt: Fintech vs. SCF

2018 2021

Statistic Fintech SCF Fintech SCF

Share with balance ą 0 0.39 0.42 0.40 0.42
Mean balance 77,503.24 88,063.63 86,931.71 89,643.42
P10 0.00 0.00 0.00 0.00
P25 0.00 0.00 0.00 0.00
Median 0.00 0.00 0.00 0.00
P75 111,229.39 125,194.17 139,564.37 129,000.00
P90 256,703.22 278,209.27 299,146.15 268,399.62
P99 640,173.01 725,662.52 707,584.35 780,265.51

Table 4: Principal balance outstanding for residential debt. Fintech vs. SCF, 2018 and 2021 (USD).
Principal balance outstanding in the fintech are imputed as described in section 4.3.1. The fintech sample
includes users with at least 9 transactions per month from 2014 to 2024, resulting in a panel of 430,760
users. SCF statistics include both mortgages and HELOC and are weighted using survey weights.

4.3.2 Liquid assets

I impute a yearly proxy of liquid balances for each user by summing the inflows categorized

as “interest income” by the fintech in a given year and capitalizing those inflows into a

balance outstanding based on the average interest rate on checking accounts in the US
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recorded by the Federal Deposit Insurance Corporation in the same year. Comparing this

proxy to liquid assets held in the SCF show a relatively good correspondence, especially up

to the 60th percentile. Holdings of the top 1% are overestimated, potentially because large

flows categorized as “interest income” may be related to other, higher yielding sources

than deposits.

Liquid assets: Fintech vs SCF

Fintech SCF

Liquidity group Median Mean Median Mean

Bottom 20 0.33 0.37 0.05 0.12
20-39.9 1.73 1.80 1.70 1.70
40-59.9 5.03 5.27 6 6.39
60-79.9 14.20 15.16 20 20.78
80-89.9 37.53 39.22 52 54.54
90-95 82.80 87.63 110 111.05
95-99 235.77 280.53 220 262.86
Top 1 1154.73 4971.78 810 1189.77

Table 5: Proxy for liquid balances in the fintech data versus deposits in the SCF by percentile: Fintech
vs. SCF, 2021 (USD 000). The fintech sample includes users with at least 9 transactions per month from
2014 to 2024, resulting in a panel of 430,760 users. SCF statistics include checking and savings accounts
and are weighted using survey weights.

4.3.3 NNP

My proxy for each user net nominal position is defined as liquid assets minus the out-

standing principal balance on fixed-rate mortgages.19 In principle, the fintech data also

include information on other types of loans and financial assets; however, their classifica-

tion is less precise, and imputing the corresponding outstanding balances is considerably

more difficult. For this reason, I focus exclusively on these two components.
19I focus on fixed-rate mortgages to cleanly isolate the effect of the Fisher channel, as nominal payments

on those mortgages are constant for the whole duration of the loan. For adjustable-rate mortgages,
nominal payments over the period of interest have been increasing following the broader movement in
interest rates. Fixed-rate mortgages make up for 95% of the mortgages outstanding in the U.S. (see figure
19).
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4.4 Empirical evidence

I present two approaches to test whether households adjusted their consumption in re-

sponse to the inflation shock as predicted by section 3.

4.5 First approach: pre-post comparison

Following the approach in Mian et al. (2013), among others, I estimate a cross-sectional re-

lationship between household nominal exposures at the baseline and subsequent spending

growth over the inflation episode.

Setup. Figure 27 (in section B.3) shows that year-on-year inflation began exceeding

2% in March 2021, surpassing 5% by June 2021. Around this time, the rise in inflation

also gained substantial media coverage, as evidenced by Google trends data (Figure 28).

The baseline window T0 is therefore the first quarter of 2021 and the late window T1

is the corresponding period in 2023, in line with the model in section 3 (robustness to

alternative T0 and T1 is reported below and in appendix B.3). For each household i, I

compute average consumption Ci,T in each window and consider the absolute change in

consumption over the period ∆Ci “ Ci,T1 ´ Ci,T0 as well as its log counterpart. I also

construct the cumulative price-level surprise between the end of T0 and the start of T1:

Πs
∆T ”

ÿ

tPpT0,T1q

pπt ´ πet q.

where πt is realized monthly inflation and πet the ex-ante expected monthly inflation,

measured from the Survey of Professional Forecasters as of T0.

Specification. I regress the spending change on net nominal position NNPi,T0 and,

in a decomposition, on nominal liabilities NLi,T0 and nominal assets NAi,T0 . I report

estimates in levels, so coefficients are directly interpretable as dollars of spending per unit

of nominal exposure per unit price-level surprise:

∆Ci “ α ` βNNP ˚ pNNPi,T0 ˚ Πs
∆T q ` X 1

i,T0θ ` εi,T (14)
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and

∆Ci “ α ` βL ˚ pNLi,T0 ˚ Πs
∆T q ` βA ˚ pNAi,T0 ˚ Πs

∆T q ` X 1
i,T0θ ` εi,T (15)

Controls Xi,T0 are state fixed effects measured as of T0. Appendix tables vary T0, while

main-text tables vary T1.

Results Table 6 and 7 reports the results.20 The pre/post estimates in levels are con-

sistent with a clear debtor response: liabilities interacted with the cumulative price-level

surprise load positively and significantly across late windows. However, both the asset

slope and the NNP slope are flat. The most plausible interpretation is that my asset

proxy (deposits) (i) has short duration and reprices quickly, (ii) can be reallocated during

the inflationary episode, and (iii) is measured with error and has heavy tails, as reported

in table 5. Each of these forces attenuates β̂A toward zero. For the NNP , its coeffi-

cient β̂NNP from the univariate regression 14 can be expressed as (dropping subscripts for

simplicity):

β̂NNP “
βA

“

VarpNAq ´ CovpNA,NLq
‰

` βL
“

CovpNA,NLq ´ VarpNLq
‰

VarpNA ´ NLq
.

As reported in table 10 in appendix B.3, VarpNAq is more than a thousand times

larger than VarpNLq, while CovpNA,NLq « 0. This mechanically drives β̂NNP toward

zero, even though the liability signal is large and significant in the multivariate regression.
20For computational constraints, I run the regressions on a random sample of 20% of households in

the my balanced panel, namely 85,976 users.
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Pre/post spending response to net nominal position, by late window T1

(2022) (2023) (2024)

β̂NNP 0.000*** 0.000** -0.000
(0.000) (0.000) (0.000)

State FE ✓ ✓ ✓
Winsor (1%) ✓ ✓ ✓

N 85,976 85,976 85,976
R2 0.000 0.000 0.000

Table 6: Estimates of equation (14), regressing the change in household consumption ∆Ci between T0 “

Jan–Mar 2021 and alternative late windows T1 on baseline net nominal positions NNPi,T0 interacted with
the cumulative price-level surprise pNNPi,T0 ˆΠs

∆T q. Entries report β̂NNP and robust standard errors (in
parentheses); all specifications include state fixed effects, and ∆Ci and nominal exposures are winsorized
at the 1% level.

Pre/post spending response to nominal liabilities and assets, by late window T1

(2022) (2023) (2024)

β̂L 0.005*** 0.004*** 0.005***
(0.001) (0.001) (0.001)

β̂A 0.000*** 0.000** 0.000
(0.000) (0.000) (0.000)

State FE ✓ ✓ ✓
Winsor (1%) ✓ ✓ ✓

N 85,976 85,976 85,976
R2 0.002 0.001 0.001

Table 7: Estimates of equation (15), regressing the change in household consumption ∆Ci between
T0 “ Jan–Mar 2021 and alternative late windows T1 on baseline nominal liabilities and assets, pNLi,T0 ˆ

Πs
∆T q and pNAi,T0 ˆ Πs

∆T q. Entries report β̂L and β̂A with robust standard errors (in parentheses); all
specifications include state fixed effects, and ∆Ci and nominal exposures are winsorized at the 1% level.

Macro interpretation Taking the signal from liabilities and using β̂L » 0.004 (units:

dollars of ∆C per dollar of L per log-point of surprise), a 10 pp cumulative surprise

between 2021Q1 and 2023Q1 and an average fixed-rate mortgage balance of L̄ » $210,000
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imply

∆Cmortgagor « β̂L ˆ Πs
ˆ L̄ « 0.004 ˆ 0.10 ˆ 210,000 « $85 per month.

With roughly 40% of households holding mortgages, this maps to about $52bn per year,

or « 0.3% of 2023 PCE, a magnitude that sits just between the direct effect21 predicted

by the HANK benchmark at 0.4% (figure 2) and the total effect for the behavioral variant

with high-degrees of cognitive discounting at 0.2% (figure 3). Of course, this empirical

estimate should be read as only the debtor-side contribution, being therefore a likely upper

bound on the overall effect. Together with the fact that β̂L is stable across windows and

slightly larger in 2024, rather than rapidly declining as the benchmark with rational

expectations would predict, the empirical evidence seems more consistent with the model

with cognitive discounting of section 3.1.1, also inspired by Schnorpfeil et al. (2023) results

for Germany.

Placebo test As a falsification, I shift the entire exercise to pre-inflation windows start-

ing in 2018-2020. In those periods, the estimates for NL are never statistically different

from zero and very close to zero in terms of point estimates, with the pattern observed

in 2021-2024 disappearing. This is consistent with the mechanism being activated by the

inflation surprise, rather than by time-invariant differences in spending trends. Appendix

B.3 reports the results.

4.5.1 Second approach: local projections

The second approach aims at tracing out dynamics more explicitly. I therefore estimate

horizon-by-horizon responses of spending growth to the monthly surprise in inflation over

the period. The local projection (LP) framework avoids imposing a parametric adjustment

path and reports tβphquHh“0, similar to Cloyne et al. (2020), among many others. My
21As emphasized by Wolf (2023), among others, these types of regressions exploiting cross-sectional

exposures lack the general equilibrium effects (the so-called ”missing intercept”). The counterpart of the
regression results in the HANK model in section 2 is therefore the direct effect from the redistribution
shock on the expenditure of the households, abstracting from other general equilibrium effects reported
in figure 2.
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baseline LP regresses ∆hCi,t “ Ci,t`h ´Ci,t
22 on pre-period exposures NNPi,T0 interacted

with the rolling price-level surprise πst “ πt ´ πet , where πet comes from the survey of

professional forecasters as of T0. I also include two-way fixed effects and estimate the

following equations:

∆hCi,t “ α ` βNNP phq ˚ pNNPi,T0 ˚ πst q ` γi ` τt ` εi,t`h (16)

and

∆hCi,t “ α ` βLphq ˚ pNLi,T0 ˚ πst q ` βAphq ˚ pNAi,T0 ˚ πst q ` γi ` τt ` εi,t`h (17)

The household fixed-effect γi absorbs any permanent household-level heterogeneity,

while month FE τt absorb aggregate shocks. Identification comes from cross-sectional

exposure ˆ common monthly inflation surprise.

Results. Figure 10 reports the results for equation 17. As in Section 4.5, the coefficients

for nominal liabilities are orders of magnitude larger than those for nominal assets. While

there is month-to-month volatility, the relatively flat impulse response and the presensce

of statistically significant responses even twenty months after the initial shock are once

again more consistent with the behavioral model with cognitive discounting rather than

the full rational-expectations benchmark.
22In this regression, Ci, t is seasonally adjusted by estimating a common month factor on the 2014-2019

sample to abstract from the Covid-shock.
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Figure 10: Estimated local projections of ∆hCi,t on pNLi,T0π
s
t q and pNAi,T0π

s
t q from equation 17. The

solid lines plot point estimates of β̂Lphq and β̂Aphq, with shaded 95% confidence intervals (HC1-robust).

4.6 County-level results

Appendix C reports cross-county regressions parallel to the household exercise above

(this time, in logs). With full controls, the point estimate on net nominal position to

income (NNP {Y ) is negative but imprecise (-0.29), the one on nominal liabilities-to-

income (NL{Y ) is positive and comparatively more precise (0.72) while the nominal asset

slope (NA{Y ) is near zero. While these point estimates for the net nominal position and

nominal liabilities are consistent with the theory, neither is statistically significant.

5 Implications for Monetary Policy

The previous two sections focused on the importance of the Fisher channel in the context

of the surprising strength of aggregate demand in the US post-pandemic. In this section,

I move beyond the current inflationary episode - studying monetary policy in my HANK
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model featuring a quantitatively disciplined Fisher channel.

Monetary policy shocks I start by simulating a standard 25 bps expansionary shock

with persistence ρ “ 0.7 as in Kaplan et al. (2018).23 I trace out the IRFs of consumption

and inflation when households and the government have nominal assets, as in my model,

and then contrast those IRFs with the ones of an identical model but with real assets (as in

most baseline HANK models), where unexpected inflation has therefore no redistributive

impacts.

Figure 11: Impulse response functions of consumption and inflation to a standard monetary policy shock
with and without an active Fisher channel in the model. In the model with nominal assets, monetary
policy is around 50% more powerful as it also induces unexpected wealth redistribution across households.

Figure 11 reports the results. The left panel shows that an active Fisher channel makes

monetary policy almost 50% more powerful on impact in its transmission to consumption.

The intuition is the same as in the previous section: a persistent monetary policy shock

generates some unexpected inflation (reported in the right panel of figure 11 ) which

redistributes resources from wealthy households towards indebted ones with a higher

MPC. In turn, this also generates more inflation thorough the standard New Keynesian

Wage Phillips Curve 7.24

Increasing the degree of activeness of monetary policy through a higher coefficient on
23The path for the monetary policy shock is reported in figure 18 in the appendix.
24As noticed in section 3.1, the smaller but more persistent cut to consumption by wealthy households

- who behave more according to the permanent income hypothesis (Friedman (1957)) - dominates over
time the temporary spike in consumption of indebted households. The aggregate consumption IRFs to
an expansionary monetary policy shocks therefore mildly undershoots its real-assets counterpart at long
horizons.
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inflation in the Taylor rule 8 reduces the differences across models with nominal and real

assets. Intuitively, in the case of an expansionary monetary shock, the systematic compo-

nent of monetary policy in case of an higher Taylor coefficient responds more aggressively

in the model with nominal assets to counteract the inflationary impact stemming from

the Fisher channel. In turn, this limits the differences across the model with nominal and

the one with real assets.

Nominal Rigidities and the Effectivness of Monetary Policy In my model, vary-

ing the degree of nominal rigidity produces two opposing effects with respect to the impact

of monetary policy shocks on consumption. On the one hand, reducing the degree of nom-

inal rigidities implies that the real interest rate responds less to a monetary policy shock,

decreasing the effectiveness of monetary policy - in line with conventional wisdom. On

the other hand, in my model, less nominal rigidities also lead to a stronger reaction of in-

flation on impact, which leads to more wealth redistribution from low MPC households to

high MPC ones, thus increasing the positive impact of an expansionary monetary policy

shock on consumption.25

In my benchmark calibration of the model, the first channel through the real-rate still

quantitatively dominates the opposing force arising from the Fisher channel. Therefore,

consistent with conventional wisdom, monetary policy is still more effective the higher

the degree of nominal rigidities. However, the Fisher channel still plays a significant

quantitative role in dampening the differences across levels of nominal stickiness.

Figure 12 visualizes this point. The left panel shows the IRF of consumption in

my benchmark model to the same monetary policy shock as the one in the previous

paragraph, for different calibrations of the slope of the New Keynesian Wage Phillips

Curve - i.e. the parameter κw in equation 7. Monetary policy is more effective the

stickier nominal wages are, but the differences between IRFs are relatively small, due to

the counterbalancing effect of the Fisher channel. The right panel of Figure 12 shows the

same IRFs of consumption across the same values of κw, but in a model with only real

assets. The differences in consumption IRFs across different values of κw are now much
25Clearly, the reverse applies to contractionary shocks.
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larger due to the absence of the Fisher channel. As discussed in the previous paragraph,

the absence of the Fisher channel also dampens the overall impact of monetary policy on

consumption.

For some extreme parameterizations of the model that overstate the covariance be-

tween the marginal propensity to consume (MPC) and net nominal positions (NNP), the

Fisher channel actually dominates the conventional impact of monetary policy on the

real interest rate. This generates a “paradox of flexibility” whereby monetary policy has

larger real effects the smaller the degree of nominal rigidity in the model. However, this

paradox arises from a different mechanism than the one emphasized by Eggertsson and

Krugman (2012), which operates through the effects of unexpected inflation in lowering

the real interest rate when the nominal rate is stuck at the zero lower bound (ZLB).

In my model, when monetary policy is stuck at the ZLB and the economy faces a de-

mand shock, the Fisher channel will add to the real-rate channel, making the paradox of

flexibility identified by Eggertsson and Krugman (2012) more pronounced.

Model with Fisher Channel Model without Fisher Channel

Figure 12: Impulse response functions of consumption to a standard monetary policy shock for different
degrees of nominal rigidity in the model. Left panel: benchmark model with nominal assets; right
panel: model with real assets, where there is no redistribution of wealth generated by inflation. Sticky:
κw “ 0.05; baseline: κw “ 0.10; flexible: κw “ 0.15.

6 Conclusions

This paper extends a standard HANK framework to incorporate household balance sheets

with nominal assets and liabilities in a way that matches both the empirical distribution of
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net nominal positions (NNP) and their covariance with marginal propensities to consume.

In doing so, it highlights the quantitative relevance of the Fisher channel for macroeco-

nomic outcomes - an effect emphasized first by some seminal papers in the literature

(Auclert (2019); Luetticke (2021)) but then often overlooked in models with only real,

one-period assets. I further introduce a parsimonious behavioral friction - cognitive dis-

counting of gains and losses on long-duration nominal claims (e.g., fixed-rate mortgages),

inspired by the empirical work of Schnorpfeil et al. (2023) - that attenuates households’

immediate response to unexpected inflation while making its effects more persistent.

Quantitatively, the baseline full-information model implies that the wealth transfer

from creditors to debtors induced by the 2021-2022 inflation shock raised aggregate con-

sumption by about 0.5% on impact, with effects that decay relatively rapidly. The behav-

ioral extension delivers a smaller impact response but a more persistent stimulus. Micro

evidence from a large fintech panel is consistent with these mechanisms and leans towards

the behavioral extension, with an estimate of the direct impact that aggregates to 0.3% of

PCE, with a similar response in early 2024. In impulse-response form, the local-projection

estimates are volatile but show overall a response to nominal liabilities devaluations pos-

itive and often statistically significant several months after the initial shock, while the

response to nominal assets remain near zero throughout.

Implications are significant. Because unexpected inflation redistributes toward in-

debted, higher-MPC households, the Fisher channel substantially amplifies monetary

transmission: in the model, consumption responses to monetary policy shocks are up

to 50% larger under a conventional Taylor rule and rational expectations. Moreover,

amplification relies less on nominal rigidities, since redistribution operates even with flex-

ible prices, and at the zero lower bound the Fisher channel magnifies the ”paradox of

flexibility” (Eggertsson and Krugman, 2012).

Overall, the results underscore that the distribution of nominal exposures and the de-

gree to which households attend to inflation’s balance - sheet consequences are first-order

for the dynamics of aggregate demand, which is important for macroeconomic analysis

and forecasting more generally. Accounting for these mechanisms helps explain the re-

silience of U.S. consumption in the wake of the recent inflation shock, with the behavioral
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extension suggesting that this tailwind may persists for several years.
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Appendix A Model
A.1 Unions
This sections describes the key steps behind the New Keynesian Wage Phillips Curve 7. It recaps
the crucial steps in Auclert et al. (2024a), referring to that paper for further details. As already
mentioned in the main text, labor hours nit are not chosen by households, but are determined
by labor demand from unions. In the spirit of Erceg et al. (2000), each worker belongs to a
union k, which employs a fully representative sample of the population. Each union aggregates
individual tasks into Nkt “

ş

eitniktdi. These tasks are combined by a competitive labor packer
into aggregate employment according to

Nt “

ż
ˆ

N
ϵ´1

ϵ
kt dk

˙
ϵ

ϵ´1

and then sold to firms at price Wt.
Adjusting wages has quadratic costs that feed in directly in the utility function, of the form

´
ψ
2
ş

´

Wkt
Wkt´1

´ 1
¯2
dk.

Each union sets a common wage Wkt for each efficient unit of labor provided by its members
and (for simplicity) asks each member to work the same amount of hours, so Nkt “ nikt. As
noted by Auclert et al. (2024a), a more general rule nit “ npeitqNt “ would be equivalent to
redefining the eit to account for the function n. In equilibrium, all unions choose the same wage
Wkt “ Wt and all households work the same amount of hours nit “ Nt.

Wkt is set by each union in order to maximize the average utility of its members, which is
given by:

max
Wk,t

ÿ

τě0
βτ`T

˜

ż

tupci,t`τ q ´ vpmi,t`τ qu dψi,t`τ ´
ψ

2

ˆ

Wk,t`τ

Wk,t`τ´1
´ 1

˙2
¸

where ψi,t`τ is the distribution of households and the maximization is subject to the demand
curve for labor:

Nkt “

ˆ

Wkt

Wt

˙´ϵ

Nt

Where Wt “
`ş

W 1´ϵ
kt dk

˘

1
1´ϵ is the price index for aggregate employment services.

Taking the first-order condition wrt to Wk,t, applying the envelope theorem to the household
problem 1 whereby Bcit

BWkt
“

Bzit
BWkt

(recalling the definition of zit from 4), recognizing that all
unions are identical and thus in equilibrium Wkt “ Wt, defining wage inflation πw “ Wt

Wt´1
´ 1

and rearranging as in Auclert et al. (2024a) we arrive at the New Keynesian Wage Phillips
Curve:

πwt p1 ` πwt q “
ϵ

ψ

ż

Nt

ˆ

v1pnitq ´
ϵ´ 1
ϵ

Bzit
Bnit

u1pcitq

˙

di` βπwt`1p1 ` πwt`1q (18)

According to 18, the unions set higher wages whenever the average marginal rate of sub-
stitution between hours and consumption v1pnitq

u1pcitq
is above the marginal income from extra hour

(after tax), marked down by ϵ´1
ϵ .
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Equation 18 can be rewritten in terms of aggregates by noticing that in equilibrium since
nit “ Nkt “ Nt we have:

Bzit
Bnit

“ p1 ´ θqτite
1´θ
it

ˆ

Wt

Pt

˙1´θ

N´θ
t “ p1 ´ θq

e1´θ
it

ş

e1´θ
it di

pYt ´ Ttq

Nt

And therefore:

πwt p1 ` πwt q “
ϵ

ψ

ˆ

Ntv
1pNtq ´

ϵ´ 1
ϵ

p1 ´ θqpYt ´ Ttqu
1pC˚

t q

˙

` βπwt`1p1 ` πwt`1q

Where u1pC˚
t q is defined as

u1pC˚
t q “

ż

e1´θ
it u1pcitq
ş

e1´θ
it di

di

Substituting in for the utility function, we get equation 7.

A.2 Inflation, nominal wages and house prices
Figure 13 compares nominal wages, as measured by the Atlanta Fed Wage Tracker, with the
Consumer Price Index (CPI), both normalized to 100 as of December 2020. In contrast to many
Euro Area countries, nominal wages in the United States have almost kept pace with CPI. Figure
14 provides a breakdown by wage level, revealing that lower-wage workers experienced faster
wage growth. Both figures abstract from productivity growth over the period.

Figure 15 shows the Case-Shiller index for U.S. home prices at the national level, also nor-
malized to 100 as of December 2020. Throughout the inflationary episode, home values increased
substantially more than the CPI on average.

Figure 13: Price-level path for CPI and nominal wages from the Atlanta Fed Wage Tracker, normalized
to 100 as of December 2020.
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Figure 14: Path for nominal wages constructed from 12-Month Moving Averages Growth Rates from
teh Atlanta Fed Wage Tracker for quartiles of the wage distribution, normalized to 100 as of December
2020.

A.3 Inflation shock
Figure 16 reports the gap between the expected path of inflation and its actual realization,
starting in December 2020. By December 2022, the cumulative differenceâcovering the period
used in this paper â amounted to almost exactly 10%. Throughout, I refer to this gap as the
inflation “surprise,” defined relative to the expectations held in December 2020.

Although inflation expectations did adjust upward over this interval, nominal assets and
liabilities have an average duration of approximately 5 years. As a result, upward revisions
to inflation expectations after December 2020 do not alter the initial inflation surprise as just
defined, but they do allow agents to adjust shorter-term nominal positions as these mature, so
that the realized wealth effect of the surprise is smaller for those positions. Long-term nominal
claims, such as Treasuries or fixed-rate mortgages, are still subject to the full devaluation implied
by the unexpectedly high inflation relative to December 2020 expectations. In contrast, short-
term instruments like deposits or consumer credit can be reinvested or refinanced at higher
nominal rates, mitigating part of the inflation-induced loss or gain.

As a result, monetary policy tightening that happened over 2022 may slightly overstate the
wealth redistribution calculated here, because higher interest rates reduce the devaluation of
short-term nominal positions. However, this effect should be quantitatively small, given the
long duration of most nominal exposures and the fact that policy rates rose mainly toward the
end of 2022. Moreover, Figure 17 illustrates that the difference between historically expected
and actual inflation persisted into 2023–2024, adding around 2.5 additional percentage points at
the time of writing. This later development increases the overall redistribution relative to what
is analyzed in the paper, offsetting any mitigating effect from interest rate hikes on short-term
positions.
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Figure 15: Price-level path for CPI and the Case-Shiller U.S. National Home Price Index from Standard
& Poors, normalized to 100 as of December 2020.

Figure 16: Actual and expected price-level path for CPI from December 2020 to December 2022.
Expectations according to the Survey of Professional Forecasters as of December 2020.

A.4 Structural shocks
Figure 18 reports the path of the monetary policy shock considered in the paper, following
Kaplan et al. (2018)
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Figure 17: Actual and expected price-level path for CPI from December 2020 to August 2024. Expec-
tations according to the Survey of Professional Forecasters as of December 2020.

Figure 18: Monetary policy shock with persistence ρ “ 0.7 as in Kaplan et al. (2018)
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Appendix B Fintech data
B.1 Imputation of principal balance outstanding

Figure 19: Percentage of Adjustable Rate Mortgages (1/4 and 5+ years) over outstanding mortgages
in the US. Source: Federal Housing Finance Agency

Figure 20: Average Term of Mortages at Origination. Source: Federal Housing Finance Agency
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Figure 21: Distribution of Mortgages/HELOC principal balance outstanding, excluding households
with 0 balances, SCF versus fintech data, 2018.

Figure 22: Distribution of Mortgages/HELOC principal balance outstanding, excluding households
with 0 balances, SCF versus fintech data, 2021.

B.2 Fintech data vs US official aggregates
Figure 23 compares aggregate consumption data from the fintech sample with Personal Con-
sumption Expenditures (PCE) on Goods from the BEA.
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Figure 23: Comparison of official US Personal Consumption Expenditures on Goods with fintech-based
aggregate expenditures, January 2019 to October 2023.

B.3 Robustness - fintech data
Tables 8 and 9 assess the sensitivity of the pre/post estimates in equations (14) and (15) to
alternative definitions of the baseline window T0, holding the late window T1 fixed in 2024.
Varying T0 from Jan–Mar to Mar–May 2021 leaves the qualitative conclusions unchanged. The
coefficient on net nominal position β̂NNP remains close to zero across all specifications, while
the liability coefficient β̂L is positive, stable in magnitude, and precisely estimated. The asset
coefficient β̂A is small and often statistically indistinguishable from zero. These results confirm
that the main finding—a robust debtor-side spending response to the inflation surprise, alongside
an attenuated asset and net-position response—does not depend on the precise timing of the
pre-inflation baseline window.

B.3.1 Why the net-nominal-position slope is attenuated.

Table 10 clarifies why the univariate coefficient on net nominal position in equation (14) is
close to zero despite a sizable and precisely estimated liability effect in equation (15). The
mapping from pβ̂L, β̂Aq into the implied β̂NNP depends on the relative dispersion of nominal
assets and liabilities and on their covariance. In the data, the variance of nominal assets is
orders of magnitude larger than the variance of nominal liabilities, while CovpA,Lq « 0. As a
result, the numerator of the implied β̂NNP is dominated by the asset component—even though
β̂A is near zero—and the overall implied net-position slope is mechanically pushed toward zero.
Consistent with this logic, the implied β̂LAñNNP

NNP matches closely the directly estimated β̂NNP ,
confirming that the flat net-position response primarily reflects the combination of a near-zero
asset slope and the much larger dispersion of assets relative to liabilities, rather than the absence
of a debtor-side response.

B.3.2 Placebo tests

To assess whether the pre/post patterns reflect the inflation surprise rather than pre-existing
differential trends, I re-estimate equations (14) and (15) on pre-inflation windows. Tables 11
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Pre/post spending response to net nominal position, by baseline window T0

Jan–Mar Feb–Apr Mar–May

β̂NNP -0.000 0.000** 0.000*
(0.000) (0.000) (0.000)

State FE ✓ ✓ ✓
Winsor (1%) ✓ ✓ ✓

N 85,976 85,976 85,976
R2 0.000 0.000 0.000

Table 8: Estimates of equation (14), regressing the change in household consumption ∆Ci on baseline
net nominal positions NNPi,T0 interacted with the cumulative price-level surprise pNNPi,T0 ˆ Πs

∆T q.
Columns vary the pre-period window T0 (Jan–Mar, Feb–Apr, Mar–May 2021) while holding the late
window T1 fixed in 2024. Entries report β̂NNP with robust standard errors (in parentheses) clustered by
state; all specifications include state fixed effects and winsorize ∆Ci and nominal exposures at the 1%
level.

Pre/post spending response to nominal liabilities and assets, by baseline window T0

Jan–Mar Feb–Apr Mar–May

β̂L 0.005*** 0.004*** 0.003**
(0.001) (0.001) (0.001)

β̂A 0.000 0.000** 0.000**
(0.000) (0.000) (0.000)

State FE ✓ ✓ ✓
Winsor (1%) ✓ ✓ ✓

N 85,976 85,976 85,976
R2 0.001 0.001 0.000

Table 9: Estimates of equation (15), regressing the change in household consumption ∆Ci on baseline
nominal liabilities and assets pNLi,T0 ˆΠs

∆T q and pNAi,T0 ˆΠs
∆T q. Columns vary the pre-period window

T0 (Jan–Mar, Feb–Apr, Mar–May 2021) while holding the late window T1 fixed in 2024. Entries report
β̂L and β̂A with robust standard errors (in parentheses) clustered by state; all specifications include state
fixed effects and winsorize ∆Ci and nominal exposures at the 1% level.

and 12 set T0 “ Jan–Mar 2018 and vary T1 over 2019–2021: the liability slope β̂L is econom-
ically close to zero and statistically indistinguishable from any meaningful response, and the
net-position and asset coefficients are also negligible in magnitude (occasional statistical sig-
nificance reflects the large sample size). Tables 13 and 14 instead vary the baseline window
within 2018 while holding T1 fixed in 2024; again, coefficients fluctuate around zero and do not
display the stable, positive debtor-side response found in the main specifications. Overall, the
placebo evidence supports the interpretation that the positive β̂L estimated during the inflation
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From liability and asset slopes to the implied net nominal position slope

Estimate (per log-pt) s.e.

βL{Πs 0.0491 (0.0084)
βA{Πs 0.0000 (0.0001)
Second moments (scaled by pΠsq2; units $2

VarpAq 3.29 ˆ 1011

VarpLq 2.32 ˆ 108

CovpA,Lq ´2.84 ˆ 107

pA,Lq ´0.003
VarpA´ Lq 3.30 ˆ 1011

β̂LAñNNP
NNP {Πs ´0.0000 (0.0001)

Direct β̂NNP {Πs ´0.0000 (0.0001)

Notes: N “ 85,976; state FE; winsor 1%; Πs “ 0.098 log-pt.
Numerator shares: bArVarpAq ´ Covs “´122%; bLrCov ´ VarpLqs “`222%.

Table 10: Diagnostic decomposition mapping the coefficients pβ̂L, β̂Aq from equation (15) into the
implied net nominal position coefficient β̂NNP in equation (14) on the same household sample. The table
reports βL{Πs and βA{Πs, second moments of nominal assets and liabilities (scaled by pΠsq2), and both
the implied β̂LAñNNP

NNP {Πs and the directly estimated β̂NNP {Πs. Notes describe sample restrictions, the
use of state fixed effects, 1% winsorization, and the contribution of each component to the numerator of
the mapping formula.

episode captures an exposure-driven response to the price-level surprise, rather than persistent
differences in spending trends across households.

57



Placebo pre/post spending response to net nominal position, by late window T1

T1 2019 2020 2021

β̂NNP -0.000*** (0.000) -0.000*** (0.000) 0.000 (0.000)
N 85976 85976 85976
R2 0.000 0.000 0.000

Table 11: Diagnostic decomposition mapping the coefficients pβ̂L, β̂Aq from equation (15) into the
implied net nominal position coefficient β̂NNP in equation (14) on the same household sample. The table
reports βL{Πs and βA{Πs, second moments of nominal assets and liabilities (scaled by pΠsq2), and both
the implied β̂LAñNNP

NNP {Πs and the directly estimated β̂NNP {Πs. Notes describe sample restrictions, the
use of state fixed effects, 1% winsorization, and the contribution of each component to the numerator of
the mapping formula.

Placebo pre/post spending response to nominal liabilities and assets, by late window T1

T1 2019 2020 2021

β̂L 0.000 (0.000) 0.001 (0.001) 0.001 (0.001)
β̂A -0.000*** (0.000) -0.000*** (0.000) 0.000 (0.000)
N 85976 85976 85976
R2 0.000 0.000 0.000

Table 12: Placebo estimates of equation (15), using a pre-inflation baseline T0 “ Jan–Mar 2018 and
alternative late windows T1 P 2019, 2020, 2021. The outcome is ∆Ci; entries report β̂L and β̂A on
pNLi,T0 ˆΠs

∆T q and pNAi,T0 ˆΠs
∆T q, respectively, with robust standard errors (in parentheses) clustered

by state. Specifications include no additional controls beyond the intercept and winsorize ∆Ci and
nominal exposures at the 1% level.

Placebo pre/post spending response to net nominal position, by baseline window T0

T0 Jan-Mar Feb-Apr Mar-May

β̂NNP -0.000*** (0.000) 0.000 (0.000) -0.000 (0.000)
N 85976 85976 85976
R2 0.000 0.000 0.000

Table 13: Placebo estimates of equation (14), varying the pre-inflation baseline window T0 (Jan–Mar,
Feb–Apr, Mar–May 2018) while holding the late window T1 fixed in 2024. The outcome is ∆Ci and
the regressor is NNPi,T0 ˆ Πs

∆T . Entries report β̂NNP with robust standard errors (in parentheses)
clustered by state. Specifications include no additional controls beyond the intercept and winsorize ∆Ci

and nominal exposures at the 1% level.
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Placebo pre/post spending response to nominal liabilities and assets, by baseline window
T0

T0 Jan-Mar Feb-Apr Mar-May

β̂L 0.001 (0.001) -0.001 (0.001) -0.003*** (0.001)
β̂A -0.000*** (0.000) 0.000 (0.000) -0.000 (0.000)
N 85976 85976 85976
R2 0.000 0.000 0.000

Table 14: Placebo estimates of equation (15), varying the pre-inflation baseline window T0 (Jan–Mar,
Feb–Apr, Mar–May 2018) while holding the late window T1 fixed in 2024. The outcome is ∆Ci; entries
report β̂L and β̂A on pNLi,T0 ˆ Πs

∆T q and pNAi,T0 ˆ Πs
∆T q, respectively, with robust standard errors (in

parentheses) clustered by state. Specifications include no additional controls beyond the intercept and
winsorize ∆Ci and nominal exposures at the 1% level.

Appendix C Cross-county evidence
For cross-county evidence, I use real-time credit and debit card expenditures at the county level
provided by Affinity Solutions and made publicly available by Chetty et al. (2020). Figure 25
presents the time series for the US and compares it with aggregate expenditures from BEA
data, showing reasonable alignment. Figure 24 contains an example of the data for the county
of Dutchess, NY.

I complement these data on expenditures by constructing a new measure of net nominal
position at the county level. I follow a separate procedure for assets and liabilities. For nominal
assets, I start from the total nominal assets held by US domestic households as computed in
Pallotti (2022), and then assign it proportionally across counties based on each county share
of yearly interest income over national interest income - both reported by the IRS Statistics of
Income.26 For nominal liabilities, I use the debt-to-income ratio for each county as of the start
of the inflation episode in 2021 Q1, reported by the NY FED, and scale it by income at the
county level reported by the IRS Statistics of Income.27

The net nominal position of county j is therefore simply:

NNPj “ NA Ij
I

´ DTIj Yj , (19)

Where NA represents total nominal assets held by U.S. households, Ij yearly interest income
in county j, DTIj and Yj respectively the debt-to-income ratio and yearly income of county j.

Regression I follow a similar approach as in section 4.4, regressing the log change in con-
sumption at the county level during the inflationary shock on a measure of the county-level
NNPs at the start of the period. I scale county-level NNP by its income Yj . As the daily or
weekly values are extremely volatile, as before I take an average of June and July 2021 as a

26I thus abstract away from differences in maturity structure of nominal positions across counties and
adopt a risk-neutral approach with respect to differential exposure to default risk, assuming this is fully
reflected in interest income.

27Figure 26 in the appendix illustrates the variation in the debt-to-income ratios at the county level.
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starting point of the inflation episode and of August and September 2023 as the endpoint.28

The results are robust to alternative specifications for the time interval. Equation 20 below
describes my empirical strategy:

∆ log
`

Cj
˘

“ α ` β1
NNPj
Yj

` β2Xj ` εj , (20)

I control for a number of confounding factors Xj which may have been relevant to determine
the county-level spending growth over the inflationary shock. These include state-level fixed
effect, industry composition at the county level (defined as the share in employment for each
NAICS 2-digit sectors) and the level of employment in each county at the start of the inflation
episode (an average over the first two months, as above).

Results Table 15 reports the results. Consistently with the theory, counties with a more
negative NNP tended to exhibit higher spending growth following the onset of the inflationary
trend. As before, the first column uses all controls: moving to the right side of the table, these
controls are progressively excluded. The magnitude of the coefficient shrinks, and the sign flips
once the analysis does not control for industry composition.

Table 16 decomposes the NNP {Y at the county level into nominal assets and liabilities,
again gradually excluding controls moving to the right side of the table. Consistently with the
theory, counties with more nominal debt have seen a larger consumption response - with the
estimate close to being statistically significant. The effect of nominal assets is much less precisely
estimated, and the point estimate is slightly above zero, in contrast with the theory. Both signs
flips once the analysis is not limited to within-State variation and does not control for industry
composition.

C.1 Data sources for county-level regressions
The data on credit and debit card spending at the county level are freely downloadable here
https://tracktherecovery.org/. Data on demographic structure at the county level are
publicly available from Census at this link https://www2.census.gov/programs-surveys/
popest/datasets/2020-2022/counties/asrh/. Chart 24 plots county level spending for the
county of Dutchess. Chart 25 aggregates up spending for all counties and compare it to Personal
Consumption Expenditures according to the BLS. Chart 26 plots the debt to income ratio for
U.S. counties according to the NY Fed as of the first quarter of 2021. Figure 27 contains the
CPI for the US, while chart 28 reports google searches for inflation in the U.S., showing a pickup
around May 2021, coincident with the start of the inflationary period.

28Data are seasonally adjusted as in Chetty et al. (2020).
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Figure 24: Example for the county of Dutchess of credit and debit card spending from January 1st 2020
to April 30th 2023. Source: https://tracktherecovery.org/.

Figure 25: Total consumer spending in the US - Affinity versus BEA Personal Consumption Expendi-
tures.
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Figure 26: Debt to income ratio for U.S. counties as of 2021Q1. Source: Federal Reserve of New York.

Figure 27: CPI for the US. Source: Fred.

Figure 28: Google searches for inflation in the US. Source: Google Trends.
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NNP and Spending Growth at the county level

(1) (2) (3) (4)

NNP/Y -0.2866 -0.1018 0.1476 0.6640
(0.459) (0.385) (0.295) (0.300)

State FE ✓ ✓ ✓

Industry Comp. ✓ ✓

Employment ✓

N 952 1607 1607 1607
R2 0.447 0.394 0.371 0.007

Table 15: Results of regression 20 of consumption growth from June-July 2021 to August-September
2023 on NNP/Y (net nominal position relative to income) plus controls, all at the county level. Controls
include state-level fixed effect, industry composition at the county level (defined as the share in employ-
ment for each NAICS 2-digit sectors) and the level of employment in each county at the start of the
inflation episode.
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Nominal assets and liabilities and spending growth at the county level

(1) (2) (3) (4)

NL/Y 0.7193 0.4640 0.0683 -0.1168
(0.691) (0.574) (0.351) (0.678)

NA/Y 0.1300 0.277 0.4600 -1.2669
(0.736) (0.679) (0.795) (0.525)

State FE ✓ ✓ ✓

Industry Comp. ✓ ✓

Employment ✓

N 952 1607 1607 1607
R2 0.448 0.394 0.372 0.011

Table 16: Results of regression 20 of consumption growth from June-July 2021 to August-September
2023 on NL/Y and NA/Y (respectively, nominal liabilities and nominal assets relative to income) plus
controls, all at the county level. Controls include state-level fixed effect, industry composition at the
county level (defined as the share in employment for each NAICS 2-digit sectors) and the level of em-
ployment in each county at the start of the inflation episode.
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