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[T]he various linkages between heterogeneity and aggregate demand are not yet
well understood, either empirically or theoretically. – Yellen (2016)

1 Introduction

The Great Recession was a pivotal moment for modern business cycle research. One of the
key elements revealed by the recession was that distributional factors could have significant
effects on macroeconomic fluctuations. Indeed, a major objective of policymakers has since
become understanding the distributional effects of macroeconomic stabilization policies and
the propagation of these policies via redistribution. However, this is not the only question
that the Great Recession posed. Another important issue is whether inequality and redis-
tribution contribute to variation in aggregate demand. If distributional forces can initiate
demand-driven business cycles, appropriate policies should be taken to stabilize the economy.
In this regard, it is central to understand how the power of stabilization policies varies with
the level of inequality. Although the Great Recession spurred interest in these questions, we
still possess a limited understanding of the interplay between business cycles, inequality, and
stabilization policies, as underscored by former Fed chair Yellen (2016).

This paper investigates the above questions both empirically and theoretically. Using a
novel, quarterly time series of inequality, I empirically study how drivers of business cycles
cause variations in inequality at cyclical frequencies. I also explore the other direction from
inequality to macroeconomic fluctuations. I document that changes in the cross-sectional
dispersion of economic resources can significantly influence aggregate demand. To shed
light on the mechanisms through which inequality impacts aggregate demand, I develop a
new, tractable theoretical framework. This model highlights the interplay among inequality,
marginal propensities to consume (MPCs), and aggregate demand in a parsimonious manner.
Finally, I discuss an intriguing policy implication of the model that the power of monetary
and fiscal policies increases with the level of inequality. These results illustrate why inequality
matters for business cycles and stabilization policies and why policymakers should be aware
of the distributional outcomes of their policies, even if their objectives only concern aggregate
economic conditions.

The greatest hurdle in the empirical analysis is to find a high-frequency measure of in-
equality.1 I resolve this problem by constructing a new quarterly inequality index based

1Most existing measures of inequality are annual such as the top income share of Piketty and Saez (2003),
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on the Quarterly Census of Employment and Wages (QCEW), a quarterly, publicly avail-
able, administrative database. I extract an earnings distribution in each quarter from these
microdata and construct a time series of inequality measures.

The QCEW publishes counts of employment and pretax earnings at the U.S. county level
by detailed industry classification codes. Although the data are not at the individual level,
they are disaggregated enough to capture major dynamics of earnings inequality. The number
of observations (e.g., 265,805 in 2001:q1) is enormous given the administrative nature of the
data source. Furthermore, inequality series based on the QCEW show similar historical
trends to existing series based on individual but annual data.

Using this new, high-quality, quarterly time series of earnings inequality, I study how
driving forces of business cycles influence earnings inequality. I report impulse response
functions (IRFs) and forecast error variance decompositions (FEVDs) of earnings inequality
in relation to shocks to total factor productivity, monetary policy, and fiscal policy. I doc-
ument that an expansionary productivity shock and a contractionary government spending
shock significantly reduce earnings inequality in the medium run. However, for the first two
years, the responses are small and statistically insignificant for both shocks. On the other
hand, monetary policy shocks have little effect on earnings inequality at all horizons. These
facts may provide useful empirical inputs to theoretical heterogeneous agent models (for
example, Gornemann, Kuester and Nakajima, 2016; Guerrieri and Lorenzoni, 2017; Kaplan,
Moll and Violante, 2018; McKay, Nakamura and Steinsson, 2016; McKay and Reis, 2016).

Next, I turn to the other direction, from inequality to business cycles. While studies
of business cycles typically focus on level shocks to aggregates, I propose using innovations
in inequality as a measure of “redistribution” shocks. Intuitively, rising inequality or redis-
tribution from the poor to the rich may reduce aggregate demand because MPCs decrease
in income and wealth (see Dynan, Skinner and Zeldes, 2004; Johnson, Parker and Souleles,
2006; Parker et al., 2013; Zidar, 2019).

Specifically, I rely on unanticipated innovations in the time series of earnings inequality,
which are orthogonal to aggregate shocks and macroeconomic variables. In response to
these innovations that summarize redistributive forces shifting earnings from the bottom
to the top, real GDP, consumption, investment, price levels, and the federal funds rate

the top wealth share of Saez and Zucman (2016), the log P90/P10 wage ratio of Autor, Katz and Kearney
(2008), and the Gini coefficient prepared by the U.S. Census Bureau. However, annual data are not suitable
for the time-series analysis in this paper due to small sample sizes and difficulties in identifying high-frequency
variations.
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decrease in a U-shaped manner. The signs of these IRFs imply that aggregate demand is
affected by the redistribution of earnings. Furthermore, the responses are substantial; the
FEVD of real GDP due to these innovations is 35 percent at a four-year horizon. In short,
redistribution shocks are an important cause of business cycles, similar to standard level
shocks to aggregates.

To illustrate the amplification and propagation of redistribution shocks, I develop two
dynamic stochastic general equilibrium (DSGE) models. I study a simple model to build the
intuition based on the analytical results and a medium-sized model to rationalize the large,
U-shaped empirical IRFs for aggregate variables. These models feature hand-to-mouth and
intertemporal agents in line with Campbell and Mankiw (1989) and Galí, López-Salido and
Vallés (2007). Unlike usual two-agent models, however, I assume that the labor productivity
of the hand-to-mouth agent is lower than that of the intertemporal agent. This setup accords
with the empirical evidence that MPCs decrease in income and wealth, that the probability
of being credit constrained decreases in income (Crook, 2001, 2006), and that there is limited
participation in financial markets among households with below-median wealth (Guiso and
Sodini, 2013).

I consider a shock that increases the dispersion of idiosyncratic labor productivity, which
makes the rich richer and the poor poorer. The main analytical result from the simple two-
agent New Keynesian (TANK) model is that this redistribution shock affects the output gap
and price inflation in the exact same manner as a discount rate shock does in a representative
agent New Keynesian (RANK) model. This new finding clearly illustrates why inequality
and redistribution can be a primitive source of aggregate demand shocks in a representative
agent framework.

However, this simple TANK model (and its standard extensions) cannot rationalize the
empirical IRFs, especially the U-shaped patterns. For the quantitative analysis, therefore,
I introduce three novel and realistic components into the model: an endogenous extensive
margin between two agents, decreasing relative risk aversion (DRRA) consumption utility,
and a small amount of financial income for the credit-constrained agents. The interplay of
these features induces new channels through which redistribution shocks affect aggregate
demand. Furthermore, these new channels help the model to generate large, U-shaped
IRFs that are comparable to the empirical IRFs. Because a consumer in my model can
only temporarily be hand-to-mouth or intertemporal due to the extensive margin between
two agents, I dub the model “the temporarily hand-to-mouth and intertemporal agent New
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Keynesian model,” or for short, the “THINK” model.
The THINK model further predicts that inequality affects the power of stabilization

policies. Intuitively, in an economy with higher inequality, there may be more people at
the bottom of either the income or wealth distribution. Because they lack sufficient buffers
to absorb shocks, their MPCs are higher. Then, an interaction effect between having more
people and higher MPCs makes aggregate consumption demand more sensitive to economic
conditions, including monetary and fiscal policies. This channel is relevant to the U.S.
economy because the share of households with negative net wealth has been increasing since
1969 (Wolff, 2017). Consistent with this insight, stabilization policies in the THINK model
are more powerful when the level of inequality is higher. Furthermore, my empirical results
conform to this theoretical prediction. Using a variety of datasets (state level, aggregate,
various sample periods and identified shock series), I find that the U.S. economy responds
more strongly to policy shocks when income is distributed more unequally.

Literature. There are several empirical studies on cyclical variations in inequality.
Some focus on the effects of inflation on poverty or the redistribution of nominal wealth
(Blank and Blinder, 1986; Doepke and Schneider, 2006; Romer and Romer, 1999). Others
look at differential exposure of individual consumption, earnings, and income to aggregate
fluctuations (Parker and Vissing-Jorgensen, 2009; Guvenen, Ozkan and Song, 2014; Guvenen
et al., 2017). Coibion et al. (2017) is related to this paper and studies how inequality
responds to monetary policy shocks. I extend previous work to other major structural
shocks. Furthermore, I investigate how inequality impacts business cycles and articulate the
mechanisms at play using structural models, whereas neither of these questions is covered in
Coibion et al. Finally, Coibion et al. use the Consumer Expenditure Survey, while my data
source is the QCEW.

My model features both hand-to-mouth and intertemporal agents as in Bilbiie (2008),
Campbell and Mankiw (1989), and Galí, López-Salido and Vallés (2007). Although these
models usually assume equally productive agents and ignore distributional factors, I intro-
duce earnings inequality with heterogeneous labor productivity. This model provides a new,
simple theoretical framework for studying inequality and macroeconomic fluctuations. This
parsimonious framework is further consistent with the empirical evidence in the sense that
less productive workers have higher MPCs and are more likely to be credit constrained (see
Crook, 2001, 2006; Dynan, Skinner and Zeldes, 2004; Johnson, Parker and Souleles, 2006;
Parker et al., 2013; Zidar, 2019).
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To study economic fluctuations with distributional issues, one can develop heterogeneous
agent New Keynesian (HANK) models. These quantitative models can generate a realistic
description of cross-sectional distributions of households as an equilibrium outcome (see
Kaplan and Violante, 2018, for a review). An alternative approach is to construct models
with two (or a finite number of) agents as a middle ground between tractable RANK and
rich HANK models (Acharya and Dogra, 2018; Bilbiie, 2019; Challe et al., 2017; Debortoli
and Galí, 2017; Ragot, 2018; Ravn and Sterk, 2018). I use the latter approach and emphasize
insights based on simple, analytical expressions highlighting HANK mechanisms.

The THINK model features an extensive margin between two agents. Bilbiie (2019) con-
siders an analogous channel with fixed transition probabilities in his analytically tractable
HANK model. My paper goes one step further and makes transition probabilities vary en-
dogenously with aggregate fluctuations. Because earnings risk is countercyclical as reported
by Guvenen, Ozkan and Song (2014), Ravn and Sterk (2017), and Storesletten, Telmer and
Yaron (2004), it is harder for credit-constrained agents to escape their constraints in a reces-
sion. Thus, the number of credit-constrained agents increases during economic downturns,
constituting a new channel for aggregate consumption dynamics (Mian, Rao and Sufi, 2013).

Auclert and Rognlie (2018) also investigate the effects of redistribution shocks on eco-
nomic output. They find small aggregate effects in their HANK model, contrary to the
predictions of my THINK model and empirical results. However, these two models differ
from each other in several respects. For example, Auclert and Rognlie assume CRRA prefer-
ences and flexible prices, while I assume DRRA preferences and sticky prices. Furthermore,
Auclert and Rognlie do not include an autoregressive term in the monetary policy rule,
whereas the policy rate is smooth in my model. When all the differences are combined, the
two models generate divergent predictions on the effects of redistribution shocks.

Outline. The remainder of this paper is organized as follows. Section 2 covers the con-
struction of the novel, high-quality, high-frequency measure of earnings inequality. Section
3 examines the responses of earnings inequality to shocks to stabilization policies and total
factor productivity. In Section 4, I study the direction from earnings inequality to busi-
ness cycles and illustrate that an unanticipated positive innovation in earnings inequality
substantially decreases aggregate demand in a U-shaped manner. Section 5 rationalizes the
large, negative, U-shaped responses of aggregate demand to a redistribution shock in DSGE
models. Section 6 discusses the relationship between the power of stabilization policies and
the level of inequality. Section 7 concludes the paper.
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2 A New Quarterly Measure of Inequality

2.1 Data

The QCEW is a quarterly, publicly available, administrative database. The Bureau of Labor
Statistics and the state employment security agencies prepare the data based on reports filed
by employers, which are collected for unemployment insurance programs.

The employment series covers all forms of jobs: full time, part time, temporary, and
permanent. The wages in the data are pretax earnings, including bonuses, stock options,
profit distributions, and some fringe benefits, such as the cash value of meals and lodging.

The main advantages of the QCEW are frequency, coverage, and accuracy. First, the
QCEW is quarterly, whereas most of the other data previously used for studying inequality
are annual.2 Moreover, the QCEW covers all counties and industries. Finally, the data are
administrative and therefore observed with little measurement error.

However, the data are not perfect. First, the data are not at the individual level. The
most granular information available is average earnings and the number of workers in a cell,
where a cell is an industry/county/ownership-type combination.3 Thus, measures in this
paper represent between-cell, not within-cell inequality. Moreover, self-employed workers
are not included, and some observations are suppressed due to confidentiality. Finally, the
data cover only earnings.4

Although it is not at the individual level, the QCEW is sufficiently disaggregated. For
example, the number of cells in the first quarter of 2001 is 265,805, which far exceeds the
number of respondents in a typical survey. Furthermore, the log P90/P10 index from the
QCEW is consistent with the same measure based on individual-level but annual data (see
Section 2.2). In other words, the measurement errors due to the unobservable within-cell

2For example, Guvenen et al. (2015), Guvenen, Ozkan and Song (2014), and Song et al. (2018) use the
Master Earnings File of the U.S. Social Security Administration. Piketty and Saez (2003) rely on tax return
statistics of the Internal Revenue Service. The Current Population Survey (CPS) is analyzed by Autor,
Katz and Kearney (2008). The CPS has two types of earnings data. The first type is collected annually in
the March annual demographic survey. The other is based on merged outgoing rotation groups (MORG)
available monthly. However, the MORG data are about usual weekly earnings and, therefore, are not suitable
for identifying high-frequency variation in inequality.

3The ownership code differentiates establishments owned privately, by a local government, by a state
government, by the federal government, and by an international government.

4However, taking capital income into account might not significantly affect the log P90/P10 index (the
benchmark measure in this paper) because capital income is extremely concentrated above the top 10th
percentile.
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inequality seem to be small.5

I use several filters to attenuate the potential adverse effects of extreme observations and
seasonality. First, observations with unreasonably small earnings are dropped. Following
Guvenen et al. (2015), the threshold is what can be earned by working one-quarter of full
time at half the legal minimum wage rate. Second, I seasonally adjust the percentiles of the
log earnings distribution and deflate the nominal variables using the GDP implicit deflator
(see Appendix A for details).6

Table 1 shows summary statistics for selected quarters. The upper half of Table 1 displays
the number of observations and coverage. The number of cells is very large, greater than two
hundred thousand after a few early quarters. The lower half of the table shows the sizes of
the cells. For example, there are 66 workers in a median-sized cell in the first quarter of 2014,
which corresponds to only 0.00007% of the total number of workers. In other words, the
sizes of most of the cells, in which I assume workers earn uniformly divided compensation,
are small when we consider the cross-section of earnings.

2.2 Percentiles and the Inequality Index

In the right panel of Figure 1, I plot selected percentiles of the real earnings distributions
(annualized) in log scale. The U.S. real earnings distribution has widened for the last few
decades because the upper half of the distribution has grown fast. Similarly, the gap be-
tween the median and the bottom 10th percentile increased throughout most of the periods
considered, with the exception of the late 1990s (see also Figure A2 in Appendix A). Finally,
the imprints of historical events such as the dot-com bubble around 2000 and the subprime
crisis around 2008 are evident among the top percentiles.

The new quarterly log P90/P10 index, which is my benchmark inequality measure, is
shown in the left panel. When it is compared with an annual measure reported by Autor,
Katz and Kearney (2008), not only the historical pattern but also the values are similar.7

5Relatedly, Song et al. (2018) argue that changes in earnings inequality in the U.S. have been primarily
a between-firm, not within-firm, phenomenon. This might explain why ignoring within-cell inequality leads
to little distortion in time-series variation.

6All standard macroeconomic variables are obtained from the FRED database operated by the Federal
Reserve Bank of St. Louis.

7I construct three other measures: the cross-sectional standard deviation of log real earnings, Gini coef-
ficients of real earnings, and top 10% earnings shares. Although these series successfully replicate historical
patterns, their levels are lower than the corresponding measures based on individual-level but annual data
(Figures A3 and A4 in Appendix A).
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Because Autor, Katz and Kearney use individual-level data in the CPS March survey, this
similarity indicates that my quarterly series is of high quality.

My new quarterly series has desirable properties for the following reasons. First, the
QCEW is a large administrative dataset. Second, although within-cell inequality is not
observable, the size of most cells is small. Furthermore, the P90/P10 index is rather robust
to changes in within-cell inequality because the index utilizes only two points in the entire
distribution. Finally, considering the log P90/P10 index makes it possible to circumvent
measuring inequality within the extreme tails and to focus on inequality in the “middle
class,” who substantially affect aggregate variables.

3 From Aggregate Shocks to Earnings Inequality

This section investigates how earnings inequality reacts to major drivers of business cycles.
The estimated IRFs and the FEVDs constitute novel empirical facts regarding the dynamics
of earnings inequality.

3.1 Shocks and the Sample Period

I analyze the relationship between my inequality index and structural shocks to total factor
productivity (TFP), monetary policy (MP), and fiscal policy (FP). For the TFP shocks,
I employ utilization-adjusted changes in productivity, constructed by Fernald (2014) in a
similar manner to how Basu, Fernald and Kimball (2006) adjust annual measures. For the
MP shocks, Romer and Romer (2004) draw orthogonal components in the federal funds rate
to the Federal Reserve’s information set. I use an updated version of the series, extended to
2008 by Coibion et al. (2017). Finally, I rely on the FP shock series in Auerbach and Gorod-
nichenko (2012), which is obtained by comparing the realized growth rates of government
spending with its forecasts from the Greenbook and the Survey of Professional Forecasts.

My sample begins in 1978, when major changes to the coverage of the QCEW became
effective.8 The sample ends in 2008, when the updated MP shock series stops.

8Specifically, the Federal Unemployment Compensation Amendments of 1976 became effective on January
1, 1978. These amendments incorporated major changes to the state unemployment insurance program on
which the raw data of the QCEW are based. See https://www.bls.gov/cew/cewbultncur.htm#Coverage.
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3.2 Impulse Responses

Let yt, xt,1, xt,2, and xt,3 be the inequality index, TFP, MP, and FP shocks in period t,
respectively. The response of yt+h to a unit impulse in xt,j is denoted by ψh,j. The IRF,
{ψh,j}, is estimated using local projections of Jordà (2005):

yt+h − yt−1 = ch +
Ly∑
i=1

ρ
(h)
i ∆yt−i +

Lx∑
i=0

3∑
j=1

β
(h)
i,j xt−i,j + u

(y)
t,h , (1)

where β(h)
0,j captures ψh,j for each h and j. In other words, {β(h)

0,j : h = 0, 1, . . . } represents
how the inequality index responds to xt,j. I similarly estimate how the aggregate earnings
in the QCEW react to xt,j.

In Equation (1), lags of ∆yt and xt,j are included on the right-hand side to absorb the
predictable variation. I set Ly and Lx at six, but the results are robust to different choices
of lag length and various specification details. Finally, the identified shocks in Equation
(1),xt,j, are orthogonal to each other. For every pair of the three shocks, the null of zero
correlation is not rejected at the 5% level. Details of these statistical tests and sensitivity
analysis are in Appendix B.1-3.

The results are depicted in Figure 2. In response to a one-standard-deviation positive
TFP shock (3 percent, annualized), the aggregate earnings increase with a peak of ap-
proximately 3 percent (annualized) after 10 quarters, and the inequality index decreases by
approximately 2.5 log points (annualized) after 3 to 4 years. Thus, the earnings distribu-
tion shifts to the right, while the dispersion among the middle 80% shrinks.9 This result is
consistent with the prediction of a heterogeneous agent model in Gornemann, Kuester and
Nakajima (2016). Note further that my results pertain to cyclical variation in productivity
and inequality around trends, not the trends themselves. Secular patterns in skill-biased tech-
nological change and inequality, documented by, e.g., Goldin and Katz (2009) and Krusell
et al. (2000), are absorbed by the intercept in Equation (1) and do not appear in ψh,j.

MP shocks have little effect on the earnings dispersion among the employed. Although
contractionary MP shocks significantly decrease aggregate earnings, the log(P90/P10) index

9The reduction in the inequality index, log(P90/P10), arises mostly because the upper half of the dis-
tribution, represented by log(P90/P50), is compressed (Appendix B.5). However, the right tail above P90
reacts differently. Indeed, the P99/P50 index and top 10% share increase given positive TFP shocks (Ap-
pendix B.6 and Figure B.7). As a result, the earnings distribution becomes more right-skewed in response
to a positive TFP shock.
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does not react substantially, which is also consistent with what Coibion et al. (2017) find us-
ing a different dataset (see their Figure 3). In theory, contractionary MP shocks may increase
or decrease earnings inequality, as is the case in Gornemann, Kuester and Nakajima (2016)
and Dolado, Motyovszki and Pappa (2018), respectively. However, in any case, my results
imply that the redistribution of earnings should be quantitatively minimal, and the level
effects of monetary policy across different earnings groups are fairly uniform. Furthermore,
the redistribution channel of monetary policy might be more effective through either unem-
ployment risk, financial income, or the impacts of inflation on nominal wealth, rather than
through labor earnings among the employed (see Auclert, 2019; Kaplan, Moll and Violante,
2018, for the redistribution channel).

The earnings distribution widens when government expenditures increase, consistent with
the outcome of the model in Heer and Scharrer (2016). The responses in Figure 2 are delayed
and persistent like those to TFP shocks. The peak effects are 3.8 log points (annualized)
after 15 quarters given a one-standard-deviation shock (4.2 percent, annualized).10

3.3 Forecast Error Variance Decompositions

Next, I evaluate the economic significance of each shock as a driver of earnings inequality at
business cycle frequencies. I calculate the FEVDs of the inequality index in relation to each
shock. The parameters of interest are

sh,j =
V ar

(∑h
i=0 ψi,jxt+h−i,j

)
V ar (yt+h − yt−1 − Pt−1 (yt+h − yt−1)) , (2)

where the subscript j indexes the type of shocks (TFP, MP, or FP) and Pt(·) indicates a
projection on a period-t information set. The forecast error, yt+h − yt−1 − Pt−1(yt+h − yt−1),
consists of the effects of {xt,j} and an unrelated component, u(FE)

t,h,j : yt+h− yt−1−Pt−1(yt+h−
yt−1) = ψ0,jxt+h,j+ · · ·+ψh,jxt,j+u(FE)

t,h,j . Then, the contribution of the shock j to the forecast
error variance is captured by sh,j. In other words, it measures the importance of shock j in
explaining the dynamics of yt at horizon h.

I employ a bias-corrected R2 estimator of Gorodnichenko and Lee (2019), a flexible
method for estimating the FEVDs with local projections. For the projection Pt−1(·) in

10Similar to the case for the TFP shock, rising dispersion among the upper half is crucial to the reaction.
The increase in the P90/P50 index is significantly, whereas that in the P50/P10 index is not (Appendix
B.5).
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Equation (2), I use the three shocks and ∆yt at lags 1 to 4. I estimate the FEVDs based on
the sample both with and without the early Volcker period, during which the Fed targeted
the quantity of nonborrowed reserves rather than the federal funds rate. This is because,
unlike most of the other results in this paper, the estimated FEVDs for FP shocks are
sensitive to several observations between 1979 and 1982.11 In addition to the sample period,
the results are robust to various specification details (Appendix B.4).

The results are shown in the lower half of Figure 2. TFP and FP shocks are major
determinants of earnings inequality at the 3- to 4-year horizons. TFP shocks explain ap-
proximately 20-30 percent of the forecast error variances of the inequality index. Similarly,
approximately 20 percent is due to FP shocks after the early Volcker period. Note that the
FEVDs for TFP and FP shocks are consistent with the delayed and persistent IRFs. For MP
shocks, the estimated FEVDs are statistically insignificant, similar to the impulse responses,
shown in the upper half of Figure 2.

In sum, expansionary FP shocks substantially increase earnings inequality in the medium
run. On the other hand, earnings inequality does not react to MP shocks, which is contrary
to the predictions of several theoretical heterogeneous agent models. This result further
implies that monetary actions are more suitable when policymaker’s objective is to design
stabilization policies that are neutral to the dispersion of earnings. Finally, TFP shocks have
statistically and economically significant medium-run effects on earnings inequality.

Although macroeconomic factors matter for earnings inequality at the 3- to 4-year hori-
zons, they have little effect on earnings inequality at shorter horizons. Similarly, a consid-
erable fraction of the short-run movements of earnings inequality are unpredictable even
when the information set is substantially extended. The role of this unanticipated variation
in earnings inequality will be studied in the next section as a potential source of business
cycles.

4 From Earnings Inequality to Business Cycles

The previous section highlights that drivers of business cycles (especially shocks to TFP
and fiscal policy) affect earnings inequality. Here, I focus on the other direction, from
earnings inequality to business cycles. I show that inequality itself can substantially impact

11Relatedly, Coibion (2012) and Romer and Romer (2004) find that the estimated effects of MP shocks on
output are also sensitive to the inclusion of this period in the sample.
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aggregate demand by redistributing economic resources across agents with different MPCs,
and so policies are called for to stabilize business cycles.

This section begins with heuristics for how shocks to earnings inequality can be related to
aggregate demand shocks. In the empirical analyses, I rely on unanticipated innovations in
the inequality index, which summarize shocks to individual heterogeneity and redistributive
factors in the economy in a parsimonious manner. In response to an unanticipated innovation
in inequality that represents redistribution of earnings from the bottom to the top, aggregate
variables such as real GDP, the price level, and interest rates decline substantially in a U-
shaped manner. The signs of the estimated IRFs imply that redistribution shocks reduce
aggregate demand. The FEVDs further highlight that these redistributive forces may be an
important source of macroeconomic fluctuations.

4.1 Inequality, Redistribution, and Aggregate Demand

Shocks to inequality can generate aggregate fluctuations. Intuitively, a mean-preserving
spread of earnings reduces aggregate consumption demand given a concave consumption
function, as shown by Rothschild and Stiglitz (1970, 1971). Furthermore, empirical evidence
strongly supports the concavity of the consumption function (Dynan, Skinner and Zeldes,
2004; Johnson, Parker and Souleles, 2006; Parker et al., 2013; Zidar, 2019). Therefore, a
redistribution shock constitutes a negative demand shock in a system of aggregate variables.
Note that two factors are essential for this heuristic. First, the shocks to inequality reflect
redistribution from the bottom to the top. Second, MPCs decrease in income.

4.2 Unanticipated Innovations in Inequality

To empirically evaluate the mechanism above, I begin by identifying redistribution shocks
from time-series variation. Specifically, I use an unanticipated innovation, xt,ineq, in the
inequality index, yt:

yt − yt−1 = Γ′xZ
(x)
t + xt,ineq. (3)

The unanticipated innovation in earnings inequality, or in short, a redistribution shock, is a
component of yt orthogonal to the information set, denoted by Z(x)

t . Major macroeconomic
variables are included in Z(x)

t , such as the effective federal funds rate (EFFR), inflation, the
growth rates of real GDP, consumption, and investment, and the structural shocks to TFP,
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MP, and FP in Section 3. Throughout this paper, real GDP, consumption, and investment
are measured in per capita terms. Z(x)

t also contains an intercept and 6 lags of ∆yt and
the variables above. I include a sufficient number of lags to remove predictable variation as
much as possible.

Except for ∆yt, all the contemporaneous variables are included in Z(x)
t . Thus, the iden-

tification of xt,ineq is equivalent to that of a structural vector autoregression model with
Cholesky ordering where ∆yt is the last variable. By purging all contemporaneous comove-
ments, I define xt,ineq in a conservative manner.

Omitted variable bias might threaten my identification. If there is a demand shock not
originating from but affecting earnings inequality, this may distort my empirical results.
In this regard, I add three probable confounding factors to Z(x)

t : shocks to an excess bond
premium (EBP), news, and consumer confidence. For the EBP, I use average corporate bond
premiums unrelated to the systematic default risk of individual firms, following Gilchrist and
Zakrajšek (2012). For news shocks, I rely on stock prices, lnSt, and TFPt, similar to Beaudry
and Portier (2006). The idea is that a component of ∆ lnSt unrelated to ∆TFPt reflects
news about the future. Finally, I employ a measure of consumer confidence, E5Y, in Barsky
and Sims (2012). Barsky and Sims show that the E5Y contains information on animal spirits
in the sense of Lorenzoni (2009).

Although an uncertainty shock may be another confounding factor, it is unlikely to
quantitatively affect my estimates. The identified xt,ineq based on the Z(x)

t above is almost
orthogonal to uncertainty shocks in Jurado, Ludvigson and Ng (2015).

Figure 3 depicts the identified redistribution shocks. It follows a white noise process in
the sense that the autocorrelations and partial autocorrelations at every lag are statistically
insignificant. Furthermore, the redistribution shock does not Granger cause the shocks to
TFP, MP, FP, and uncertainty, and vice versa. Finally, the identified shock series is not
sensitive to excluding the early Volcker period from the sample (see Appendix C.1).

While it is difficult to rationalize the realized shocks, some of them have narratives
related to the distribution of tax changes. The identified series is consistent with leading
tax reforms, where the shading in Figure 3 denotes when they were signed into law. For
example, the Tax Reform Act of 1986, or Reagan II in Figure 3, reduced the top marginal
income tax rates from 50% to 28%. Piketty and Saez (2003) note that, at least temporarily,
the earnings distribution widened as a result. It was signed into law in the middle of the
fourth quarter of 1986, and xt,ineq was positive in the following quarters. In a similar vein, the
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Economic Recovery Tax Act of 1981, or Reagan I, lowered the top tax rate from 70% to 50%,
and positive unanticipated innovations followed. Another example is the Omnibus Budget
Reconciliation Act of 1993 during the Clinton administration. It raised the top income tax
rate from 31% to 39.6%, and the negative xt,ineqs in 1993:q4 and the following quarter may
be related to the reform. Finally, the Jobs and Growth Tax Relief Reconciliation Act of 2003,
or the Bush tax cut, lowered the top rate from 38.6% to 35%. The positive unanticipated
innovations in the third and fourth quarters of 2003 might reflect this change.

4.3 Impulse Responses

At the beginning of this section, I proposed the hypothesis that inequality might reduce ag-
gregate demand by redistributing resources from the bottom to the top. Here, I empirically
evaluate this hypothesis by looking at how key macroeconomic variables respond to unantic-
ipated innovations in earnings inequality. My results are consistent with the hypothesis in
the sense that real GDP, price levels, and interest rates decline simultaneously in response
to xt,ineq.

I use the following local projections to estimate the IRFs:

mt+h −mt−1 = ψ
(m)
h xt,ineq + Γ′mZ(m)

t + u
(m)
t,h , (4)

where ψ(m)
h is the parameter of interest, and {ψ(m)

h : h = 0, 1, . . . } represents howm responds
to a unit redistribution shock. Z(m)

t includes macroeconomic variables such as EFFR, the
GDP deflator inflation rate, and growth rates of real GDP, consumption, and investment,
their lags, lags of xt,ineq, and an intercept. The lag length is 6, and the results are robust
to the lag specification. When estimating the responses of the inequality index, yt, to the
redistribution shock, xt,ineq, lags of ∆yt are further added to Z(m)

t .
The results in Figure 4 are consistent with the hypothesis that redistribution shocks

affect aggregate demand. A one-standard-deviation unanticipated innovation that increases
earnings inequality lowers real GDP by 1.64 percent (annualized) after two years.12 Similarly,
real consumption, investment, and the EFFR decrease. Although negative responses of the
GDP deflator after 3 to 4 years are weak, these estimates are sensitive to observations during
the early Volcker period. When I use the sample from 1983, the estimated peak effect becomes

12Although xt,ineq is a generated regressor, we do not need to adjust the inference when the null hypothesis
is that ψ(m)

h = 0. See Coibion and Gorodnichenko (2012, Appendix D) and Pagan (1984).
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-0.84 percent (annualized) and significant (see Figure C.5). The comovement whereby real
GDP, consumption, investment, price levels, and the policy rate decrease simultaneously
implies that redistribution shocks reduce aggregate demand. Finally, these variables react
in a U-shaped manner, where the peak effects occur after approximately 2 years.

The responses are economically and statistically significant. The magnitudes of the re-
sponses are comparable to other prominent structural shocks. For example, one-standard-
deviation shocks to MP and TFP affect real GDP by approximately 2 percent (annualized)
at the peak (Figures D.2 and D.3), where the peak effect associated with xt,ineq is 1.64 per-
cent. In other words, inequality significantly matters for aggregate fluctuations through its
effects on aggregate demand and slack in an economy. Furthermore, the results are robust
to various modifications to the baseline specification, such as the consideration of different
lag length, exclusion of the early Volcker period, inclusion of federal transfer payments in
Z(x)
t , and use of inequality measures other than the log P90/P10 index (see Appendix C.2).
Straub (2018) notes that aggregate implications of changing inequality may depend on

whether it is based on permanent or transitory income. Because consumption may be ap-
proximately linear in permanent income, growth in permanent income inequality may have
little effect on aggregate demand. In this regard, it is intriguing that my redistribution
shocks increase the inequality index only temporarily in Figure 4. A one-standard-deviation
redistribution shock increases the log P90/P10 index by approximately 2 log points (annual-
ized) concurrently, and the responses gradually return to zero, similar to an AR(1) process.
Thus, my series presumably represents shocks to the dispersion of transitory earnings.

4.4 Forecast Error Variance Decompositions

This subsection examines the economic importance of redistribution shocks as a source of
U.S. business cycles. Specifically, I estimate the extent to which the forecast error variances
of aggregate variables are attributable to unanticipated innovations in earnings inequality.

Figure 5 depicts the results based on bias-corrected R2 estimators of Gorodnichenko and
Lee (2019). Unanticipated innovations in earnings inequality explain the large variation in
the log P90/P10 index in the short run, consistent with the IRF in Figure 4 and with the
fact that major structural shocks have little effect on earnings inequality in the short run
(Section 3.3). The estimate for real GDP at a four-year horizon is 35 percent, with the
lower bound of its 90 percent confidence interval being approximately 20 percent. For real
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consumption and investment, the estimates are 25 and 20 percent at a four-year horizon,
respectively, implying that redistributive forces may be an important source of aggregate
fluctuations. On the other hand, the EFFR and GDP deflator are mostly driven by other
factors. Finally, these results are not sensitive to the specification details (see Appendix
C.3).13

In summary, the main conclusion in Section 4 is that redistribution shocks can substan-
tially reduce aggregate demand in a U-shaped manner. This novel empirical finding leads to
natural follow-up questions regarding the mechanisms at work. The next section develops
DSGE models to investigate the amplification and propagation of redistribution shocks and
illustrate how the shape and magnitude of the empirical IRFs can be rationalized.

5 Redistribution Shocks in DSGE Models

This section introduces redistribution shocks into DSGE models. I show that a redistribution
shock in a simple TANK model resembles a discount rate shock in a textbook RANK model.
This result implies that earnings inequality can be a primitive source of aggregate demand
shocks in a representative agent framework. For the quantitative evaluation, I develop the
temporarily hand-to-mouth and intertemporal agent New Keynesian (THINK) model. I
demonstrate how this model rationalizes the large, negative, U-shaped, empirical IRFs in
Section 4.

5.1 Redistribution Shocks in a Simple Two-Agent New Keynesian
Model

Suppose that there are two types of households. The first type is a hand-to-mouth agent,
and the other type can intertemporally smooth their consumption. Following Debortoli and
Galí (2017), I call the hand-to-mouth agents Keynesians and the others Ricardians.

The Keynesians are credit constrained and cannot engage in intertemporal optimization.
Thus, their consumption is determined by labor earnings. That is, PtCK

t = ZK
t WtN

K
t ,

where Pt =
(∫ 1

0 Pj,t
1−εP dj

)1/(1−εP )
is an aggregate price level, Wt is a nominal wage rate,

13Because it is difficult to precisely estimate FEVDs using a finite sample, caution needs to be exercised
when interpreting the results. In particular, the redistribution shock, which is a generated variable, might
involve measurement error. However, Gorodnichenko and Lee (2019) show that measurement errors induce
negative asymptotic biases; therefore, my estimates are conservative and in favor of there being no effect.
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CK
t =

(∫ 1
0

(
CK
j,t

)(εP−1)/εP
dj
)εP /(εP−1)

is a composite consumption bundle, and ZK
t denotes

the labor productivity of the Keynesians. They choose hours of work, NK
t , to equate a

real wage rate and a marginal rate of substitution: ZK
t
Wt

Pt
= vN (NK

t )
uC(CKt ) , where the period utility

function is U(CK , NK) = u(CK)−v(NK), and subscripts C and N denote the first derivative
with respect to C and N , respectively.

On the other hand, the Ricardians maximize Et
[∑∞

τ=0 β
τU(CR

t+τ , N
R
t+τ )

]
subject to flow

budget constraints: Pt+τCR
t+τ+ BRt+τ

1+it+τ = BR
t+τ−1+ZR

t+τWt+τN
R
t+τ+θRDDt+τ−Tt+τ , where BR

t is
an amount of risk-free nominal bonds, it is a nominal interest rate, and CR

t , NR
t , and ZR

t are
similar to those variables for the Keynesians. Dt denotes aggregate dividends, and I assume
that each Ricardian agent owns θRD share of the firms. s̄K and s̄R represent the population
shares of Keynesians and Ricardians; therefore, θRD = 1/s̄R. Tt is the lump-sum tax. A
Ricardian’s problem leads to the following optimality conditions: 1 = Et

[
β
uC(CRt+1)
uC(CRt )

1+it
1+πPt+1

]
and ZR

t
Wt

Pt
= vN (NR

t )
uC(CRt ) , where π

P
t denotes price inflation.

Usually, in TANK models, ZK
t and ZR

t are the same, and earnings inequality is excluded
from the analysis. I assume instead that ZK

t < ZR
t . As Keynesians earn less and consume a

larger fraction of increases in earnings than Ricardians, the MPC decreases in earnings in my
model, consistent with empirical evidence. The coefficient of relative risk aversion (RRA)
and the inverse Frisch elasticity of labor supply at the steady state are denoted by γ and ϕ,
respectively.

Firms pay price adjustment costs a la Rotemberg (1982), where the quadratic costs are
proportional to ψP . I further assume that the central bank uses a standard policy rule to
choose it. For further details, see Appendix D.1.

In this model, there are two types of distributional factors: the distribution at the steady
state and redistribution shocks. First, I denote the consumption and labor shares of the
Keynesians at the steady state by s̄KC = s̄K C̄K

C̄
and s̄KN = s̄K Z̄KN̄K

N̄
, where C and N are

aggregate consumption and labor in efficiency units, and a bar denotes the value at the
steady state. s̄RC and s̄RN are defined accordingly. Second, the redistribution shock is an
exogenous force that decreases ZK

t and increases ZR
t such that s̄KN ŽK

t + s̄RN Ž
R
t = 0 for all t.

Here, a check denotes the log-deviation from the steady-state value. This shock induces a
mean-preserving spread of the earnings distribution given the steady-state labor hours.

Let xt be an output gap, Y̌t − Y̌ n
t , where Y n

t is the level of output when prices are
fully flexible. I further define φC as C̄/Ȳ and φG as Ḡ/Ȳ , where G represents government
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expenditure. The first-order dynamics of this model can be described by the policy rule for
the central bank and the following two equations:

xt = Et [xt+1]− 1
γ̃

(
it − Et

[
πPt+1

]
− rnt

)
, (5)

πPt = βEt
[
πPt+1

]
+ λ̃xt, (6)

where rnt is the real interest rate under flexible prices, λ̃ = εP−1
ψP

∆, γ̃ = γ
(
1− s̄KC φC 1+ϕ

γ+ϕ∆
)
/
(
s̄RCφC

)
,

and ∆ =
(
ϕ+ s̄RNγ

s̄RCφC

)
/
[
1−

(
s̄KN −

s̄RN
s̄RC
s̄KC

)
γ(1+ϕ)
γ+ϕ

]
. The derivations are in Appendix D.1.2.

Note that these equations are observationally equivalent to the dynamic IS curve and the
Phillips curve in a standard three-equation RANK model (Galí, 2015; Woodford, 2003).

Inequality matters in this model in two respects. First, the distributional parameters,
s̄KC , s̄KN , s̄RC , and s̄RN , affect the propagation of shocks by changing the slopes, 1

γ̃
and λ̃, in

Equations (5) and (6). Second, the redistribution shock impacts Y̌ n
t and rnt . Here, I focus

on the redistribution shocks and relegate details of the first respect to Appendix D.1.1 (see
also Bilbiie, 2008). I will further revisit the relationship between the level of inequality and
propagation of structural shocks including stabilization policy measures in Section 6.

Suppose that ŽK
t follows an AR(1) process,

ŽK
t = ρZŽ

K
t−1 − σZuZt , where 0 < ρZ < 1. (7)

The mean-preserving spread assumption, s̄KN ŽK
t + s̄RN Ž

R
t = 0, implies that ŽR

t = ρZŽ
R
t−1 +

σZ
s̄KN
s̄RN
uZt . To simplify exposition, I further assume that the consumption and labor shares

of the Keynesians are the same, s̄KC = s̄KN .14 In this case, one can show that Y̌ n
t becomes

unrelated to the redistribution shocks.15 Furthermore, uZt propagates through the natural
rate of interest, rnt , in the following manner.

∂Et[rnt+τ ]
∂uZt

= −ρτZ
s̄KC
s̄RC

1 + ϕ

γ + ϕ
γ(1− ρZ)σZ < 0. (8)

The uZt shock that increases earnings inequality decreases rnt . Note that this propagation
resembles how a contractionary discount rate shock in a RANK model works: when utility

14A sufficient condition for s̄KC = s̄KN is φG = Ḡ
Ȳ

= 1
εP

. When the steady-state price markup is 20 percent
(Rotemberg and Woodford, 1997), this corresponds to φG being equal to 17 percent.

15When s̄KC 6= s̄KN , the redistribution shock has a supply-side effect of altering Y̌ nt . However, this effect is
small as long as s̄KC is close to s̄KN . See Appendix D.1.2 for an analysis of this general case.

18



in the future is discounted less, rnt decreases, and a representative agent consumes less, as
the future becomes more important. Thus, the redistribution shock in the simple TANK
model is isomorphic to a demand shock in a RANK model. This result further illustrates
why individual heterogeneity can be a source of aggregate demand shocks in a representative
agent framework.

Intuitively, ČK
t is similar to ŽK

t because the Keynesians are hand-to-mouth. On the
other hand, the Ricardians intertemporally smooth their consumption; therefore, ČR

t is less
volatile than ŽR

t . When a large decrease in ČK
t and a small increase in ČR

t are combined,
aggregate consumption, Čt, negatively responds to uZt . In short, the redistribution shock
that increases earnings inequality is a negative aggregate demand shock.

In the model above, Čt decreases contemporaneously and returns monotonically to zero.
Therefore, although the simple TANK model is useful to build intuition, it cannot quanti-
tatively rationalize the U-shaped empirical responses of aggregate consumption in Section
4. While introducing habit formation in preferences for consumption is useful to induce
hump-shaped dynamics in response to MP shocks (Woodford, 2003), this is not the case
for redistribution shocks. Because the Keynesians consume all of their labor earnings every
period, habit formation does not play a central role and ČK

t closely follows ŽK
t . While the

dynamics of ČR
t are affected by consumption habits, it responds positively to an increase

in ŽR
t . By combining the negative AR(1)-like dynamics of ČK

t and positive hump-shaped
responses of ČR

t , the model cannot generate U-shaped responses of Čt to uZt . To rational-
ize the empirical IRFs and better understand the propagation of the redistribution shocks,
further enhancement of the model is required.

5.2 The THINK Model and Its Quantitative Evaluation

In the previous subsection, I demonstrate analytically that the redistribution shock reduces
aggregate consumption demand. Here, I quantitatively examine the effects of the redistri-
bution shock using a two-agent, medium-sized DSGE model building on Christiano, Eichen-
baum and Evans (2005) and Smets and Wouters (2007). The model features temporarily
hand-to-mouth, intertemporal (THI) agents and New Keynesian (NK) characteristics. This
THINK model successfully generates large, U-shaped IRFs comparable to the empirical es-
timates.
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5.2.1 The THINK Model

The THINKmodel extends the simple TANKmodel in several respects. Regarding individual
heterogeneity, three new features are introduced: an endogenous extensive margin between
the Keynesian and Ricardian “families,” a DRRA consumption utility, and a small amount of
financial income accruing to the Keynesians. Standard frictions in medium-sized NK models
are further incorporated, such as investment and capital utilization adjustment costs, sticky
wages, and habit formation in preferences.

5.2.1.1 The Keynesian and Ricardian Families

I introduce an extensive margin of being a credit-constrained or unconstrained agent in
the model, which makes the population shares of both families endogenously determined.
Suppose that sKt and sRt are the number of members in each family in period t. The transition
probability of becoming a Keynesian in period t among agents who were Ricardians in period
t− 1 is denoted by qRKt , and the other transition probabilities are denoted accordingly. The
Keynesian family in period t consists of agents who were Keynesians in period t − 1 and
Ricardians in period t− 1:

sKt = sKt−1q
KK
t + sRt−1q

RK
t . (9)

It is clear that qKRt = 1− qKKt , qRRt = 1− qRKt , and sRt = 1− sKt .
I assume that the probability of remaining in the Keynesian family for an agent who was

a Keynesian in the previous period is as follows:

qKKt = q̄KK
(
Yt

Ȳ

)−ηY (sKt−1
s̄K

)−ηs
, ηY ≥ 0 and ηs ∈ R. (10)

For special cases, the type of agent is fixed when q̄KK = 1, ηY = 0, ηs = 0, and qRRt =
1. If q̄KK = s̄K , ηY = 0, ηs = 0, and qRRt = s̄R, agents are credit constrained in an
identically and independently distributed manner. The parameter ηY governs the cyclicality
of qKKt . As documented by Guvenen, Ozkan and Song (2014), Ravn and Sterk (2017),
and Storesletten, Telmer and Yaron (2004), unemployment risk and idiosyncratic earnings
risk are countercyclical. During recessions, more people receive large negative idiosyncratic
shocks and become credit constrained. A positive ηY captures this channel, as qKKt increases
when output Yt is low. That is, it is difficult to escape from a credit-constrained state during
economic downturns. On the other hand, ηs influences the persistence of the number of
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credit-constrained agents. For example, when sKt−1 > s̄K , a positive ηs lowers the probability
of staying in the Keynesian family, which increases the degree of mean reversion in the
number of credit-constrained agents, sKt .

The parameter ηY can be microfounded as follows. Suppose that the earnings of agents
who were credit constrained in the previous period are represented by an inverse Pareto
distribution υ−1

i,t Yt, where υi,t ∼ Pareto(ηY ) for υi,t ≥ υm. I assume further that one needs
to earn more than a threshold to circumvent the credit constraint, where the threshold
is an aggregate variable. In this setup, qKKt becomes proportional to Y −ηYt . Intuitively,
an increase in aggregate income positively affects individual earnings, which leads to fewer
credit-constrained agents. That is, “a rising tide lifts all boats.” Furthermore, ηs can be re-
lated to the (negative) elasticity of the threshold earnings to the number of credit-constrained
agents. For example, consider a case in which sKt > s̄K . The additional credit-constrained
agents would have enough resources not to be constrained at the steady state; therefore,
they are likely to be wealthier on average than those who would be credit constrained at the
steady state. Because these additional credit-constrained agents can sell illiquid assets for
cash or pledgeable collateral, relatively lower earnings may be sufficient for these agents to
escape credit constraints. While such actions are not explicitly modeled here, a positive ηs
reflects this channel by lowering the threshold earnings and making more agents circumvent
credit constraints. On the other hand, banks may become reluctant to issue new loans to
households when many households are already indebted. Banks may have to expend ad-
ditional efforts on screening because some of the potential borrowers may have poor credit
conditions. Therefore, these agents may need more earnings to not be credit constrained.
If this channel is important, ηs may be negative. In short, the sign of ηs is not clear a
priori, and I let the estimation later pin down a value. See Appendix D.2.3 for more on this
microfoundation.

Although one can impose a similar structure on qRKt , a time-varying qRKt has little effect
on aggregate dynamics around the steady state in the benchmark calibration.16 Therefore,
I shut down this channel and assume that qRKt = q̄RK and qRRt = q̄RR to make the model
parsimonious and keep my analysis focused.

I assume that each Keynesian receives a positive share, denoted by θKD , of dividends
16For example, Equation (9) implies that šKt = q̄KK(šKt−1+q̌KKt )+q̄KR(šRt−1+q̌RKt ). Because sKt−1+sRt−1 =

1 and šRt−1 = − s̄
K

s̄R š
K
t−1, the contribution of the time-varying q̌RKt to šKt depends on q̄KR. Because q̄KR = 0.01

in the benchmark calibration, q̄KRq̌RKt is negligible.
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because even wealth-poor households have some financial investments (Guiso and Sodini,
2013). Furthermore, one could regard a part of this income as government transfers to the
poor or pensions. Finally, Kaplan and Violante (2014) documents that wealthy consumers
can be credit constrained when they invest in illiquid assets. It is natural to suppose that
these agents are credit constrained but receive some financial income.

Similarly, each Ricardian holds θRD,t share of the stocks. Because the population shares
of two families are time-varying, at least one of θKD and θRD,t should also be time-varying to
satisfy sKt θ

K
D + sRt θ

R
D,t = 1. I fix θKD for simplicity, and let θRD,t be determined by sKt and

sRt . Note that θRD,t = 1−θKD
1−sKt

+ θKD ; therefore, θRD,t increases in sKt . This result implies that
financial assets are concentrated among fewer people (high θRD,t) in a recession when more
agents are credit constrained (high sKt ). Indeed, the correlation between the HP filtered top
10% wealth share in Saez and Zucman (2016) and log real GDP per capita is −0.26. Finally,
I assume that θKD ≤ θRD,t in all cases I study.

There is a continuum of agents in both families supplying different types of labor in a
monopolistically competitive manner. Subject to quadratic wage adjustment costs based on
nominal wage inflation, πWl,t , a Keynesian agent has the following budget constraint:

PtC
K
l,t = ZK

t Wl,tN
K
l,t −

ψW
2
(
πWl,t

)2
ZK
t WtN

K
t + θKDDt. (11)

When a Ricardian becomes a Keynesian, one brings θKD share of the stocks, leaving all the
other assets to the Ricardian family. On the other hand, when a Keynesian becomes a Ricar-
dian, one carries all the wealth to the new family. This assumption makes each Keynesian
receive a constant fraction of the dividend, θKDDt, although the number of Keynesians is
time-varying. A budget constraint for a type-l Ricardian worker is given by

PtC
R
l,t +

BR
l,t

1 + it
= BR

l,t−1 + ZR
t Wl,tN

R
l,t −

ψW
2
(
πWl,t

)2
ZR
t WtN

R
t + θRD,tDt − Tt +Rt, (12)

where Rt denotes lump-sum redistribution within the Ricardian family to equalize the finan-
cial resources available to the new and continuing Ricardians.

The consumption utility, u
(
Cι
l,t − bιCι

t−1

)
for ι ∈ {K,R}, features an external habit,

indexed by bK and bR. The coefficient of RRA at the steady state is given by γK

1−bK and
γR

1−bR . Note that bR and γR do not necessarily equal bK and γK . I instead consider DRRA
preferences, consistent with the empirical results in Calvet, Campbell and Sodini (2009,
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Section IV.C). In my model, having DRRA corresponds to the condition that γK

1−bK ≥
γR

1−bR .
Agents in the Keynesian family are more relative risk averse and consume less than those in
the Ricardian family.

5.2.1.2 The Labor Market, Firms, and the Central Bank

To focus on the new features in the demand block, I minimize deviations from the supply
block of the standard medium-sized DSGE models. I briefly describe these parts here and
relegate the details to Appendix D.2.

The labor unions determine the wage rate and labor hours for each worker. The quadratic
nominal wage adjustment costs in Equations (11) and (12) induce sticky wages and a wage
Phillips curve.17

Monopolistically competitive firms choose the price of their product, labor input, in-
vestment, and capital utilization rate subject to nominal price adjustment costs, investment
adjustment costs, and capital utilization costs. Firm j maximizes the discounted dividends,
Et
[∑∞

τ=0Q
D
t,t+τDj,t+τ

]
, where the stochastic discount factor (QD

t,t+τ ) is based on the marginal
consumption utilities (uKC,t and uRC,t) weighted by the time-varying population share (sKt and
sRt ) and the equity shares (θKD and θRD,t):

QD
t,t+τ = βτ

sKt+τθ
K
Du

K
C,t+τ + sRt+τθ

R
D,t+τu

R
C,t+τ

sKt θ
K
Du

K
C,t + sRt θ

R
D,tu

R
C,t

Pt
Pt+τ

. (13)

Finally, a policy rule for the central bank is as follows:

it = (1− ρi)̄i+ ρiit−1 + (1− ρi)(ζππPt + ζY Y̌t) + σiu
i
t. (14)

5.2.2 Calibration and Estimation

Here, I discuss parameter values for the THINK model. First, I calibrate some parameters
with commonly used values. For estimation, I match the empirical and model IRFs in

17One may instead consider a competitive labor market. For a simple exposition, suppose that γK =
γR = γ and bK = bR = 0. In this case, the individual labor supply schedule becomes Žιt + w̌t = ϕŇ ι

t + γČιt
for ι ∈ {K,R} in log-linearization. For structural shocks not affecting ŽRt or ŽKt directly, I have γ(ČRt −
ČKt ) = −ϕ(ŇR

t − ŇK
t ). This result implies that consumption inequality, log

(
CR

t

CK
t

)
, and earnings inequality,

log
(
ZR

t N
R
t

ZK
t NK

t

)
, are negatively correlated, conditioned on shocks other than the redistribution shocks. This

prediction contradicts empirical findings in Coibion et al. (2017) that consumption inequality increases in
response to a contractionary MP shock, whereas earnings inequality is unresponsive.
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a Bayesian framework following Christiano, Trabandt and Walentin (2010). This limited
information approach allows me to focus on the shocks of interest while not being specific
about the remainder of the data generating process. I calibrate the parameters about which
the empirical IRFs are less informative using statistics from microdata. By doing so, I
can reduce the number of parameters to be estimated and sharpen the identification of
my estimator. Below, I focus on the parameters governing household heterogeneity and
distributional factors. A full list of the parameters can be found in Table 2.

I assume that one-fifth of the population is Keynesian in the steady state following
Debortoli and Galí (2017). The consumption and earnings share of the Keynesians, s̄KC
and s̄KN , are based on those of the bottom quintile households sorted by wealth in the data
(Krueger, Mitman and Perri, 2016; Kuhn and Rios-Rull, 2016).18

For the transition probability from the Ricardian family to the Keynesian family at the
steady state, q̄RK , I note that Equations (9) and (10) lead to

šKt = (q̄KK − q̄KKηs − q̄RK)šKt−1 − q̄KKηY Y̌t (15)

and that q̄KK = 1− q̄KR = 1− s̄R

s̄K
q̄RK . Here, ηs and ηY govern the persistence and cyclicality

of šKt , respectively. Because ηs and ηY appear only in the above equation in the log-linearized
system, I fix q̄RK at 0.0025 and estimate ηs and ηY later. When q̄RK = 0.0025, 4.5 percent
of the Ricardians transition to the Keynesians in 5 years at the steady-state transition rates.
This rate is similar to the transition probability from positive to strictly negative net worth
in the Panel Study of Income Dynamics. For example, this transition probability between
1984 and 1989 (1989 and 1994) is 4.4 (4.7) percent in the data.

Using Equation (11), one can write θKD in terms of s̄K , s̄KC , s̄KN , and other parameters
(see Appendix D.2.2). Given the benchmark parameter values, θKD becomes 0.44. Because
s̄K = 0.2, approximately 9 percent of the total financial income accrues to the Keynesians.
This small amount of financial income reflects the presence of wealthy hand-to-mouth agents
among the Keynesians (Kaplan, Violante and Weidner, 2014) and the fact that even the
wealth-poor households have some financial investments (Guiso and Sodini, 2013).

Some parameters are estimated by matching the empirical and model IRFs in a Bayesian
framework following Christiano, Trabandt and Walentin (2010). Specifically, I use the

18In light of the wealthy hand-to-mouth agents of Kaplan and Violante (2014), I also consider a case with
higher s̄KC and s̄KN . The aggregate implication of the model is not substantially changed much based on
different parameter estimates (see Appendix D.2.2.4).
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responses of real GDP, consumption, investment, the GDP deflator, and EFFR to one-
standard-deviation shocks to redistribution, monetary policy, and TFP. A list of the esti-
mated parameters includes the RRA of the Keynesians (γK), ratio of the marginal consump-
tion utilities (ūKC /ūRC), negative elasticity of qKKt with respect to Yt and sKt−1 (ηY and ηs), and
parameters for capital utilization costs, investment adjustment costs, and exogenous shock
processes.

As shown in Figure 4, the empirical responses of the above variables to redistribution
shocks are nil at impact by construction. Obviously, this minimum delay restriction may
have further effects on the empirical IRFs at short lags. Therefore, I use the responses to
redistribution shocks at lags 4-12 for parameter estimation.19 For details of the estimation,
see Appendix D.2.2.

The results are summarized in Table 2. The Keynesian consumption habit parameter,
bK , is assumed to be 0 because pre-MCMC numerical optimizations assign 0 to bK . γK is
8.53 in the posterior mode, which is much greater than γR = 2. Therefore, agents become
more risk averse and consuming less when credit constrained. In line with this result, Guiso
and Sodini (2013) report that the 90th percentile of a cross-section of coefficients of RRA in
the U.S. is 16.4. Given that the population share of the Keynesians is 20 percent and the
coefficients of RRA decrease in wealth, my estimate seems reasonable.

The estimated ratio of the marginal consumption utilities at the steady state, ūKC /ūRC , is
3.83, implying that the Keynesians value marginal consumption more than the Ricardians.
Given the estimates of ηY and ηs, Equation (15) becomes šKt = 0.46šKt−1− 4.34Y̌t. Thus, the
number of Keynesians is countercyclical. When output decreases by 1 percent, sKt increases
by 4.34× s̄K = 0.87 percentage points.

Given a one-standard-deviation redistribution shock, the productivity of the Keynesians,
ZK
t , decreases by σZ in log-deviation (Equation (7)). To better understand the value of

σZ , I compute how much the log P90/P10 index, yt, responds to the same shock. Suppose
that there exists a continuum of agents whose idiosyncratic log labor productivity, denoted
by zi,t, is normally distributed. Let σt be its cross-sectional standard deviation. Then,
yt = σt[N−1(0.9) − N−1(0.1)] = −2σtN−1(0.1), where N−1(·) is the inverse cumulative
distribution function of the standard normal distribution. Because the population share

19For the other shocks, when this restriction is not relevant to the identification, I utilize the contem-
poraneous responses to inform the short-run dynamics. The responses at lags 1-3 are dropped to avoid
overweighting these cases, especially the dynamics due to TFP shocks. However, the results are robust to
this choice.
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of the Keynesians is 0.2, the 10th percentile of zi,t can be related to log(ZK
t ). That is,

log(ZK
t ) ≈ σtN−1(0.1), ignoring the mean that is preserved by redistribution shocks. Finally,

it follows that yt − ȳ ≈ −2[log(ZK
t ) − log(Z̄K)] = −2ŽK

t . As shown in Figure 4, a one-
standard-deviation redistribution shock increases yt by 2 log points (annualized) or 0.5 log
points at a quarterly frequency. This effect translates into a decrease in log(ZK

t ) by 25 log
basis points, which is similar to the posterior mode of σZ , 28 log basis points.

Figure 4 illustrates how major macroeconomic variables respond to a one-standard-
deviation redistribution shock in the data and the estimated THINK model. The fit of
the model is reasonably good in the sense that the peak effects and shapes of the IRFs are
similar. The estimated model can also replicate the empirical responses to MP and TFP
shocks. For the robustness of the results, see Appendix D.2.2.

In summary, the redistribution shock in the estimated THINK model substantially re-
duces aggregate demand in a U-shaped manner. This result calls for a further inspection of
aggregate demand in this model, which is the topic of the next subsection.

5.2.3 Aggregate Demand in the THINK Model

This subsection studies amplification and propagation of the redistribution shock in the
THINK model with a focus on aggregate demand. I investigate the source of the large,
U-shaped decline in aggregate demand and how it relates to the new features in this model.
Below, I discuss the responses of CK

t , CR
t , It, and Ct to the redistribution shock that increases

earnings inequality.
The Keynesians are hand-to-mouth. When a redistribution shock lowers labor productiv-

ity, ZK
t , their earnings and therefore consumption, CK

t , decrease. However, this direct effect
on CK

t may not be crucial for the U-shaped decline in aggregate demand for three reasons.
First, in log-linearization, a 1 percent decrease in CK

t implies a s̄KC percent decrease in aggre-
gate consumption, where s̄KC is the consumption share of the Keynesians at the steady state.
However, s̄KC is small, only 11 percent in the benchmark calibration. Second, {ZK

t } is only
moderately persistent. Its half-life is approximately 3 quarters given ρ̂Z = 0.78. Finally, the
dividend income, θKDDt, in Equation (11) is countercyclical, conditioned on the redistribu-
tion shock. Therefore, a decline in earnings for the Keynesians is more or less offset by an
increase in the dividend, dampening the response of CK

t .
The Ricardians are aware of the fact that there is a chance of receiving large neg-

ative idiosyncratic shocks and being credit constrained in the next period. Therefore,
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the Euler equation for the Ricardians becomes 1 = Et

[
β
qRRt+1u

R
C,t+1+qRKt+1u

K
C,t+1

uRC,t

1+it
1+πPt+1

]
, where

uιC,t ≡ u′
(
Cι
t − bιCι

t−1

)
for ι ∈ {K,R}. In log-linearization, the Euler equation becomes

ǔRC,t = β(1 + ī)
(
q̄RREt

[
ǔRC,t+1

]
+ q̄RK

ūKC
ūRC

Et
[
ǔKC,t+1

])
+
(̌
it − Et

[
πPt+1

])
, (16)

where ǐt ≡ log
(

1+it
1+ī

)
. Two nonstandard aspects in Equation (16) reflect idiosyncratic risks

and precautionary motivation. First, the Ricardians care about not only ǔRC,t+1 but also
ǔKC,t+1 as in Bilbiie (2019) and Challe et al. (2017). Second, β(1 + ī) < 1, similar to the
discounted Euler equation of McKay, Nakamura and Steinsson (2017). This is because

β(1 + ī) =
[
1 + q̄RK

(
ūKC
ūRC
− 1

)]−1
and ūKC > ūRC .

When a redistribution shock increases the productivity of the Ricardians, their consump-
tion, CR

t , responds positively in a hump-shaped manner. There are two reasons for the
hump-shaped responses. First, uRC,t features consumption habits. Second, the redistribution
shock reduces Et

[
ČK
t+1

]
or equivalently increases Et

[
ǔKC,t+1

]
. In Equation (16), an increase

in Et
[
ǔKC,t+1

]
has a positive effect on ǔRC,t, corresponding to a negative effect on CR

t . Be-
cause being credit constrained is more unpleasant than usual, the Ricardians exercise more
precaution and consume less contemporaneously.20 For these reasons, the initial increase
in ČR

t is rather muted. This muted response of ČR
t helps the concurrent decline in ČK

t to
propagate and reduce aggregate demand. However, it is clear that this direct effect on ČR

t

cannot initiate a recession in response to the redistribution shock because the Ricardians
increase their consumption.

The two-agent structure in the THINK model adds a new dynamic to investment through
the discount factor that firms use to discount future profits. The discount factor, QD

t,t+τ , is
given by βτ s

K
t+τ θ

K
Du

K
C,t+τ+sRt+τ θRD,t+τu

R
C,t+τ

sKt θ
K
Du

K
C,t+s

R
t θ

R
D,tu

R
C,t

Pt
Pt+τ

as in Equation (13). In response to the redistribu-
tion shock, uKC,t increases substantially because CK

t decreases and γK is high. In other words,
one more unit of financial income becomes much valuable because the constrained agents
have to significantly reduce their consumption. As a result, the utility value of the current
marginal profit sKt θKDuKC,t+sRt θRD,tuRC,t increases and QD

t,t+τ decreases.21 This decrease in QD
t,t+τ

20The DRRA preference further amplifies this effect. Because ǔKC,t+1 = −γKČKt+1, ǔRC,t = − γR

1−bR (ČRt −
bRČRt−1) and γK > γR

1−bR , ǔKC,t+1 is more sensitive to ČKt+1 than ǔRC,t to ČRt . Therefore, ČRt should decrease
more than the decrease in β(1 + ī)q̄RK ūK

C

ūR
C

Et[ČKt+1] to match both sides of Equation (16).
21Although the other terms in QDt,t+τ may vary, the marginal utilities are the most quantitatively important
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leads to a lower present discounted value of the future dividends and therefore a lower value
of physical capital in the present. As the current value of physical capital decreases, firms
reduce investments accordingly.

Next, I discuss aggregate consumption, Ct = sKt C
K
t +sRt CR

t , in detail. In log-linearization,
I have the following decomposition of Ct into three pieces:

Čt = s̄KC Č
K
t + s̄RCČ

R
t +

(
s̄KC − s̄RC

s̄K

s̄R

)
šKt . (17)

This decomposition of aggregate consumption highlights a key, novel propagation mechanism
in the THINK model. The first and second terms represent the direct effects on CK

t and
CR
t . When the redistribution shock reduces ŽK

t , ČK
t decreases, while the opposite holds

for the Ricardians. These direct effects explain the entire variation in Čt in other TANK
models where agents’ types are fixed or sKt and sRt are constant. However, my model features
an additional channel due to the time-varying number of credit-constrained agents. In the
THINK model, a higher šKt leads to lower aggregate consumption because individuals who
become credit constrained substantially reduce their consumption. The last term in Equation
(17) represents this distributional effect, where the coefficient on šKt is negative.22 Because
šKt is countercyclical, as illustrated in Equation (15), the last term in Equation (17) is
procyclical, amplifying aggregate fluctuations.

Figure 6 shows how the three terms in Equation (17) and aggregate consumption respond
to a one-standard-deviation redistribution shock. As discussed above, the direct effects on
CK
t contribute little to the responses of aggregate consumption after a few quarters. In

addition, the direct effects on CR
t are positive. Thus, the negative, U-shaped responses of

aggregate consumption are mostly driven by distributional effects.
Recall that investment decreases in response to the redistribution shock. A decline in

investment, combined with the direct effects on Keynesian consumption, lowers aggregate
demand. As the economy enters a recession, idiosyncratic earnings risk increases; therefore,
some Ricardians become credit constrained. As they become Keynesians, their consumption
decreases, which further reduces aggregate demand. As a result, the recession deepens,
idiosyncratic earnings risk further increases, more Ricardians become Keynesians, and the
process continues. This aggregate demand spiral amplifies the distributional effects, making

driver of QDt,t+τ (see Appendix D.2.5).
22Note that s̄K

C

s̄K = 1
s̄K

(
s̄KC̄K

C̄

)
= C̄K

C̄
. Thus, the condition that C̄K < C̄R implies that s̄K

C

s̄K <
s̄R

C

s̄R .
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it the major source of aggregate consumption fluctuations.23

It is clear from Equations (15) and (17) that the value of ηY is crucial for determining
the magnitude of the distributional effects. Here, I provide three facts to supplement the
discussion and support my estimate of ηY (4.38), shown in Table 2.24 First, in the develop-
ment of the Great Recession, many people were credit constrained because access to credit
was limited (Mian, Rao and Sufi, 2013; Mian and Sufi, 2015). Consistent with this episode,
a positive ηY in my model makes the number of credit-constrained agents countercyclical.
Second, unemployment risk may contribute to the countercyclical variations in šKt . Given
ηY = 4.38 and other parameters, Equation (15) becomes šKt = 0.46šKt−1 − 4.34Y̌t. Thus, the
semi-elasticity of sKt with respect to output is ∂sKt

∂Y̌t
= −4.34× s̄K = −0.87, meaning that the

population share of the Keynesian family increases by 0.87 percentage points when output
decreases by 1 percent. A similar semi-elasticity of the unemployment rate with respect
to real GDP per capita in the U.S. is -0.44 based on the HP filtered quarterly series. Be-
cause there also exists countercyclical earnings risk conditioned on being employed (Guvenen,
Ozkan and Song, 2014), the sensitivity of šKt to Y̌t in my model may not be unreasonably
large. Finally, I can rely on the microfoundation in Section 5.2.1 to draw insights on ηY from
the data. This microfoundation assumes that the left tail of the earnings distribution can be
approximated by an inverse Pareto random variable υ−1

i,t Yt, where υi,t ∼ Pareto(ηY ). When
I derive this Pareto coefficient from the QCEW data, I obtain similar values to my estimate
of ηY . See Appendix D.2.3 for details.

Thus far, I have shown how redistribution can be a source of demand-driven business
cycles. The three novel features, an extensive margin of being credit constrained, DRRA
preferences, and a small amount of financial income accruing to the constrained agents,
helped the THINK model rationalize the large, negative, U-shaped empirical impulse re-
sponses of aggregate variables. In doing so, I relied on methods developed for studying
linear systems. However, inequality may have a nonlinear effect of altering how an economy

23Auclert and Rognlie (2018) also study a redistribution shock and find that its aggregate effects are
small in their HANK model. However, their model features a CRRA preference and flexible prices, and an
autoregressive term is not included in the monetary policy rule, unlike my THINK model. When I change
parameters to make the THINK model similar to the model in Auclert and Rognlie, the THINK model also
predicts little effect of the redistribution shock on real variables. Furthermore, each of the factors above
is important for my rationalization of the large, U-shaped estimated responses in Section 4. For example,
when I fix ρi at 0 while not changing the other parameters, the peak effect of the redistribution shock on
output becomes less than half of that in the benchmark case (see Appendix D.2.4).

24Because quarterly time-series data on sKt are not available, it is difficult to calibrate ηY directly from
Equation (15).
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responds to stabilization policies and other structural shocks. Investigating this question
requires a separate approach because of its nonlinear nature.

6 Inequality and the Power of Stabilization Policies

This section covers policy implications of rising inequality in the U.S. Intuitively, when the
level of inequality is higher, there are more people who are earnings- or wealth-poor and
therefore have higher MPCs. Then, an interaction effect between more people and higher
MPCs can make aggregate consumption demand sensitive to economic conditions and stabi-
lization policies. Consistent with this intuition, the THINK model predicts that the power of
stabilization policies increases in the level of inequality. Empirical evidence based on various
datasets is also in line with this prediction. In addition to my findings that inequality and
redistributive factors can drive macroeconomic fluctuations, this policy implication provides
another reason why understanding inequality is important for policymakers.

6.1 Policy Implications of the THINK Model

To understand the relationship between the power of stabilization policies and the level of
inequality, the following decomposition of aggregate consumption in the THINK model is
useful. Let dsKt be sKt − s̄K . Other linear deviations are denoted similarly. From Ct =
sKt C

K
t + sRt C

R
t , it follows that

dCt = s̄KdCK
t + s̄RdCR

t + (C̄KdsKt + C̄RdsRt ) + (dsKt dCK
t + dsRt dC

R
t ). (18)

Note that this is an exact equation, not an approximation. When compared with Equation
(17), the first three terms in Equation (18) correspond to the direct and distributional effects
in the log-linear approximation. However, there exists an additional term, representing the
interaction effect between distribution (dsKt and dsRt ) and changes in individual consumption
that are tightly related to MPCs (dCK

t and dCR
t ). Thus, aggregate consumption demand

can respond more sensitively to stabilization policies when there are more agents with higher
MPCs. If the same mechanism applies to other structural shocks, aggregate fluctuations
may become larger, and macroeconomic volatility in general may be elevated. Fortunately,
however, stabilization policies also become more powerful.
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In the U.S., the number of people at the bottom of wealth distribution, where people have
high MPCs, has increased in parallel with the levels of earnings and income inequality. For
example, Wolff (2017) reports that the share of households holding nonpositive net worth
(less than $5,000 constant 1995 dollars) increased by approximately 6 (13) percentage points
from 1969 to 2013 in the U.S.

In light of these changes, I consider two initial states of the model economy: high and low
inequality. In the high (low) inequality state, sKt−1 is 0.25 (0.15), and all the other variables
equal their steady-state values. The range of 10 percentage points is around the midpoint
between 6 and 13 percentage points in Wolff (2017). Based on a third-order approximation
to the THINK model, I compute the generalized IRFs, conditioned on the high- and low-
inequality states. Figure 7 shows the generalized IRFs of aggregate consumption, given
that sKt−1 is 0.25 or 0.15. The left panel illustrates the generalized IRFs to a one-standard-
deviation contractionary MP shock, while the right panel presents the corresponding results
for an expansionary FP shock. It is clear from both panels that aggregate consumption
responds more strongly to policy shocks when the level of inequality is higher. The results
for other variables are similar (Appendix E.1). Thus, stabilization policies in the THINK
model become more powerful when the level of inequality is higher.

The discussion thus far illustrates a mechanism through which the level of inequality
can affect the propagation of structural shocks. Among many structural shocks, I have
concentrated on monetary and fiscal policy shocks and derived novel policy implications. In
the next subsection, I empirically test this theoretical prediction.

6.2 The Empirical Evidence

Here, I investigate several datasets to test the novel policy implications above. The main idea
is to include an interaction term between an inequality measure and a structural shock in local
projections. Consistent with the theoretical prediction, the coefficient on this interaction
term is statistically and economically significant, implying that inequality matters for the
propagation and amplification of stabilization policies.

I examine three different datasets to enhance the robustness of the results. The first
dataset consists of quarterly observations of earnings inequality, various aggregate variables,
and several structural shocks in recent decades. The second dataset includes an annual but
long history of income inequality, some aggregate variables, and a military news shock. The
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last dataset is based on state-level annual series of income inequality, real GDP, and military
procurement spending since the 1960s. For identification, I exploit time-series variation in
the first two datasets and variation across states and time in the last dataset. For all the
data, shocks, and specifications, the results consistently imply that more inequality leads
to larger responses to policy shocks of the same size, consistent with the theoretical policy
implications of my THINK model.

6.2.1 Recent Data

The first dataset consists of quarterly observations including the MP and FP shocks, my log
P90/P10 index based on the QCEW, and major macroeconomic variables in Sections 2-4.25

I consider the following local projections with an interaction term, xtyt−1:

mt+h −mt−1 = βhxt + γhxtyt−1 + Γ′xy,hZ
(xy)
t−1 + u

(xy)
t,h , (19)

where xt represents a unit structural shock and yt−1 is the inequality index in the previous
quarter. A macroeconomic variable, mt, responds to the shock by βh+γhyt−1 after h periods.
Therefore, the response of mt depends on the level of inequality, yt−1, and the dependence
is parametrized by γh. Z(xy)

t−1 includes an intercept and four lags of xt, yt, xtyt−1, ∆mt, and
∆mtyt. The sample period is from 1978:q1 to 2008:q4.

Panel (a) of Figure 8 shows the estimated response of aggregate consumption to a one-
standard-deviation contractionary MP shock, conditioned on yt−1 being plus or minus one
standard deviation from the average. It is clear that the contractionary effects of the MP
shock are much stronger when earnings inequality is higher. Relatedly, the null hypothesis
that γh = 0 is rejected at the 10 percent level for all h between 9 and 17. The results are
similar for the FP shocks, as illustrated in panel (b). In response to a one-standard-deviation
expansionary FP shock, consumption increases more when earnings are more unequally
distributed. γ̂h is also statistically significant at the 10 percent level for all h between 7 and
11. Thus, I conclude that high earnings inequality makes contractionary MP shocks more
contractionary and expansionary FP shocks more expansionary. Finally, the estimates for
other macroeconomic variables are in line with these findings (Appendix E.2).

25See Appendix E.2 for the results based on the TFP shocks.
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6.2.2 Historical Data

Although the results above are intriguing, one might be concerned about a rising trend in
inequality during the sample period. In the worst case, earnings inequality might simply
capture a trend in the U.S. economy becoming more volatile for other reasons.

To address this concern, I examine a long history of inequality and economic growth in
the U.S. since the early 20th century. The top 10% income share of Piketty and Saez (2003)
is suitable for this purpose because it starts in 1917. Important for my identification, it
follows a U-shaped pattern instead of an upward trend.

The cost of extending the sample backward is that few reliably identified shock series
are available. The narrative measure of military news shocks constructed by Ramey and
Zubairy (2018) is an exception, dating back to 1889. By combining the two sources, I obtain
data spanning from 1917 to 2015.

I estimate Equation (19) using the historical data, where the dependent variable is real
GDP per capita. As illustrated in panel (c) of Figure 8, the U.S. economy responds more
strongly to military news shocks when the top 10 percent takes more income. For example,
a military news shock with a present-discounted value of 10 percent of trend GDP increases
real GDP per capita by 4.9 percent after 3 years when the top 10% income share is 47.1
percent, as in 2010. However, the same shock raises real GDP per capita only by 1.3 percent
when the top 10% holds 33.5 percent of income, as in 1980. Similarly, the GDP deflator
and unemployment rate react more strongly to the shock, conditioned on higher inequality
(Appendix E.3).

6.2.3 State-Level Data

Finally, I compare states with different levels of inequality. For inequality, I employ the
Frank-Sommeiller-Price series for the top 10% income share by state (Frank et al., 2015).
This series is constructed by applying methods similar to Piketty and Saez (2003) at the state
level. For state GDP and military procurement spending, I use the data from Nakamura
and Steinsson (2014). The sample period is from 1969 to 2008.

Let mi,t, gi,t, and yi,t be real GDP per capita, real military procurement spending per
capita, and the top 10% income share in state i in year t. mt and gt without the subscript i
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refer to the same variables at the U.S. level. I estimate the following panel regression:

mi,t+h −mi,t−1

mi,t−1
= βh

gi,t − gi,t−1

mi,t−1
+ γh

gi,t − gi,t−1

mi,t−1
× yi,t−1 + Γ′i,t,hZi,t + ui,t,h, (20)

where m and g are now in levels, not in logarithms. Instrumental variables, Di × gt−gt−1
mt−1

for
all i, are used for the first two regressors in Equation (20), where Di is a dummy variable
for state i. Zi,t includes time and state fixed-effects, mi,t−1−mi,t−2

mi,t−2
, and yi,t−1. Standard errors

are clustered by state.
When aggregate military expenditures increase, some states receive more military spend-

ing or also have higher income inequality. My identifying assumption, similar to that of
Nakamura and Steinsson (2014), is that the U.S. does not engage in aggregate military
buildups because these states are experiencing or expected to suffer from sluggish growth
relative to the others.

The results are shown in panel (d) of Figure 8. Consistent with the other results, fiscal
expansion is more powerful in states where income inequality is higher. In response to a
military spending shock that amounts to 1 percent of real state GDP (gi,t−gi,t−1

mi,t−1
= 0.01), real

state GDP per capita increases by 12.5 (1.2) percent when the top 10% income share is 47.1
(33.5) percent. Furthermore, γ̂h is positive and statistically significant at the 1 percent level
for h = 1, 2, and 3.

In summary, I examined the three datasets above and relied on several variations to
identify the effects of the level of inequality on the propagation of monetary and fiscal
policies. The results from these extensive empirical investigations are consistent with the
policy implication of the THINK model that the power of stabilization policies increases in
the level of inequality.

7 Conclusion

The Great Recession stimulated interest in how inequality, aggregate fluctuations, and sta-
bilization policies are related. Using a new quarterly measure of earnings inequality based
on high-quality administrative data, I illustrate that inequality matters for policymakers in
three respects. First, earnings inequality reacts to fiscal policy and total factor productivity
shocks at business cycle frequencies. Second, unanticipated increases in earnings inequality
induce recessions by reducing aggregate demand in a U-shaped manner. Finally, higher levels
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of inequality make stabilization policies more powerful.
I further develop a new, tractable theoretical framework that rationalizes my empirical

findings. This framework provides novel insights into the mechanisms through which in-
equality affects aggregate demand and the power of stabilization policies. The simplicity of
the approach can help researchers easily link models to data and thus stimulate further re-
search in this area, which has historically relied on computationally intensive heterogeneous
agent models.
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Table 1: Summary statistics.

1975:q1 1984:q1 2001:q1 2014:q1

Industrial classification SIC
2-digit

SIC
4-digit

NAICS
6-digit

NAICS
6-digit

Number of cells 105,026 219,300 265,805 268,875

Total number of workers, million 59.9 64.8 89.0 96.3

Total quarterly earnings, USD billion 145.5 297.6 846.4 1,303.4

Average quarterly earnings, USD 2,430 4,590 9,514 13,540

Distributions of the number of workers in a cell

P1 1 1 1 1

P25 24 18 23 23

P50 78 51 64 66

P75 280 167 207 214

P99 8,750 4,109 4,543 4,948

Notes: A cell means an industry/county/ownership-type combination in the QCEW, where the ownership
code differentiates establishments owned privately, by a local government, by the federal government, and
by an international government. Because the number of workers is counted in each month in this dataset,
I use the average number of workers over three months in each cell. The earnings are pretax and available
at a quarterly frequency. As shown in the upper half of the table, the number of cells is far greater than
the sample size of a typical survey. Furthermore, the size of most of the cells is small. For example, there
are approximately 66 workers in a median-sized cell in the first quarter of 2014, which corresponds to only
0.00007% of the total number of workers in the same period.
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Table 2: Model parameters.

Parameter Value Description, Source, and Comment
β 0.99 Time preference
γK 8.53e Coefficient of RRA for the Keynesian at the SS: γK/(1− bK)
bK 0 Consumption habits for the Keynesian(1)

γR 2 Coefficient of RRA for the Ricardian at the SS(2): γR/(1− bR)
bR 0.7 Consumption habits for the Ricardian(2)

ūKC /ū
R
C 3.83e Ratio of the marginal consumption utilities at the SS

s̄K 0.2 Population share of the Keynesian family at the SS(3)

s̄KC 0.11 Consumption share of the Keynesian family at the SS(4)

s̄KN 0.08 Labor share of the Keynesian family at the SS(5)

qRK 0.0025 Transition probability from the Ricardian to the Keynesian family
ηY 4.38e Negative elasticity of qKKt with respect to Yt (Equation (10))
ηs 0.53e Negative elasticity of qKKt with respect to sKt−1 (Equation (10))
ϕ 1/0.54 Elasticity of labor disutility at the SS(6)

δ 0.025 Capital depreciation rate
α 2/3 Production function: Y = AK1−αNα.

Φν
νν(ν̄) 0.21e Second derivative of the capital utilization costs at the SS(7)

ΦI
II(1) 1.65e Second derivative of the investment adjustment costs at the SS
MP 1.2 Gross price markup at the SS(8)

ψP 233.3 Price adjustment costs. Equivalent to a Calvo probability of 0.75.
MW 1.2 Gross wage markup at the SS(9)

ψW 706.3 Wage adjustment costs. Equivalent to a Calvo probability of 0.75.
φC 0.6 C̄/Ȳ .
φI 0.2 Ī/Ȳ . φG ≡ Ḡ/Ȳ = 0.2.
ρi 0.9 Monetary policy: interest rate smoothing (Equation (14))
ζπ 2 Monetary policy: responsiveness to price inflation (Equation (14))
ζY 0.15 Monetary policy: responsiveness to output (Equation (14))
ρZ 0.78e Persistence of redistribution shocks
ρA 0.81e Persistence of productivity shocks
ρG 0.97 Persistence of government expenditure shocks(10)

σZ 0.0028e Standard deviation of redistribution shocks
σi 0.0008e Standard deviation of monetary policy shocks
σA 0.0094e Standard deviation of productivity shocks
σG 0.0050 Standard deviation of government expenditure shocks(10)

Notes: e: estimated, posterior mode. SS: steady state. (1) The pre-MCMC numerical optimization returns
0. (2) The labor unions share the same parameters. (3) Debortoli and Galí (2017). (4) Krueger, Mitman
and Perri (2016). (5) Kuhn and Rios-Rull (2016). (6) Chetty et al. (2011). (7) The first derivative,
Φνν(ν̄) = 0.035, is chosen to make ν̄ = 1. (8) Rotemberg and Woodford (1997). (9) Griffin (1992) and Huang
and Liu (2002). (10) Smets and Wouters (2007).

41



1970 1980 1990 2000 2010 2020
1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8
Log P90/P10 index, QCEW and CPS

QCEW CPS, Autor et al. (2008)

1970 1980 1990 2000 2010 2020
8

10

15

25

50

75

100

150

200
Percentiles of real earnings (in 2009 USD 1K)

1 5 10 30 50 70 90 95 99

Figure 1: The new quarterly inequality index and percentiles of real earnings.

Notes: The left panel depicts my new, quarterly inequality index in comparison with an annual measure
based on individual-level data. The latter is constructed by Autor, Katz and Kearney (2008), using the March
annual demographic survey in the CPS. Note that the two series have similar values and historical patterns.
The right panel shows selected percentiles of the real earnings distribution (annualized) in logarithmic scale.
Each percentile is deflated using the GDP implicit deflator.
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Figure 2: Effects of structural shocks on earnings inequality and aggregate earnings (IRFs and FEVDs).

Notes: The upper three panels show the IRFs of the inequality index and aggregate real earnings. I consider one-standard-deviation shocks
to TFP, MP, and FP. The units are annualized log points and percentages. Robust standard errors are used. Because the KPSS test does
not reject the null of trend-stationarity for aggregate real earnings, I include the dht term and substitute yt−i for ∆yt−i in Equation (1)
(Kwiatkowski et al., 1992). The benchmark result is not sensitive to the specification details. See Appendix B.3 for results based on other lag
lengths, other inequality measures, specifications controlling for the early Volcker period, a model with an oil supply shock of Kilian (2008), and
IRFs estimated in a shock-by-shock manner. The lower panels illustrate the FEVDs of the inequality index. Because of the bias-correction step
in the estimator of Gorodnichenko and Lee (2019), the estimates can be negative, indicating a minimal contribution of the shock of interest to
the forecast error variance. The benchmark sample spans from 1978:q1 to 2008:q4, where I also show the estimates based on the sample from
1983:q1. This is because the FEVDs for FP shocks are sensitive to several observations during the early Volcker period. See Appendix B.4 for
an extensive robustness check.
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Figure 3: Identified unanticipated innovations in earnings inequality.

Notes: This figure plots the unanticipated innovations in earnings inequality, xt,ineq, in Equation (3). The
grey bars depict major tax reforms in the U.S. The name of each reform, the exact date when it was signed
into law, and the president at the time are as follows: (i) the Economic Recovery Tax Act of 1981 (ERTA
81), August 13, 1981, Ronald Reagan; (ii) the Tax Reform Act of 1986 (TRA 86), October 22, 1986, Ronald
Reagan; (iii) the Omnibus Budget Reconciliation Act of 1993 (OBRA 93), August 10, 1993, Bill Clinton; and
(iv) the Jobs and Growth Tax Relief Reconciliation Act of 2003 (JGTRRA 03), May 28, 2003, George W.
Bush. OBRA 93 raised the top marginal income tax rates, while the others did the opposite. For example,
TRA 86 reduced the top marginal income tax rate from 50% to 28% effective from tax year 1987. Piketty
and Saez (2003) note that the earnings distribution widened as a result. Consistently, xt,ineq is positive in
1987:q1. A similar relationship between the signs of xt,ineq and narratives of tax changes hold for the other
tax reforms above.
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Figure 4: Responses of macroeconomic variables to redistribution shocks.

Notes: The empirical IRFs are estimated using local projections in Equation (4). The impulse is a one-
standard-deviation unanticipated innovation that increases earnings inequality, xt,ineq. The bottom-right
panel illustrates the response of the log P90/P10 index, yt. I compute robust standard errors and plot the
90% confidence band. The signs and shapes of the IRFs imply that this shock substantially reduces aggregate
demand in a U-shaped manner. Furthermore, the negative responses of the GDP deflator after 3 to 4 years
become statistically significant when I use the sample after the early Volcker period. This result is robust to
various specification details (see Appendix C.2). For the theoretical IRFs, I evaluate the THINK model at
the posterior mode, shown in Table 2. Following the discussion in Section 5.2.2, I plot −2Et

[
ŽKt+h

]
× 400

for the model-based responses of earnings inequality. Note that the peak effects of both the empirical and
model responses are similar. Furthermore, the model responses are in the 90 percent confidence bands at
most lags. Although this is not the case for small hs, the moment conditions for h < 4 are not considered
when evaluating the posterior, as discussed in Section 5.2.2. This is because the contemporaneous empirical
responses for the above variables (except for yt) are zero by construction, which further affect estimates for
small hs.
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Figure 5: FEVDs of macroeconomic variables.

Notes: I employ the bias-corrected R2 estimator of Gorodnichenko and Lee (2019) to estimate the FEVDs
in relation to unanticipated innovations in earnings inequality. Because of the bias-correction step in the
estimator, the estimates can be negative, indicating a minimal contribution of the shock of interest to the
forecast error variance. The 90 percent bootstrapped confidence bands are denoted by the dotted lines. The
estimate for real GDP at a four-year horizon is 35 percent with the lower bound of its 90 percent confidence
interval being approximately 20 percent. For real consumption and investment, the estimates are 25 and
20 percent at a four-year horizon, respectively. This result implies that redistributive forces may be an
important source of aggregate fluctuations. On the other hand, the EFFR and GDP deflator are mostly
driven by other factors. Finally, the unanticipated innovations in earnings inequality explain large variations
in the log P90/P10 index in the short run. These results are not sensitive to the specification details (see
Appendix C.3).
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Figure 6: The decomposition of aggregate consumption responses.

Notes: This decomposition shows how different terms in Equation (17) respond to a one-standard-deviation
redistribution shock in the THINK model. The dotted line represents the direct effect on Keynesian con-
sumption, Et

[
s̄KC Č

K
t+τ

]
. The dash-dot line is for the direct effect on Ricardian consumption, Et

[
s̄RCČ

R
t+τ

]
.

The distributional effect, Et
[(
s̄KC − s̄K

s̄R s̄
R
C

)
šKt+τ

]
, is illustrated by the dashed line. The responses of ag-

gregate consumption, Et
[
Čt+τ

]
, are shown by the red solid line with diamonds. The units are annualized

percent, obtained by multiplying the model outcome by 400. It is clear that the negative, U-shaped responses
of aggregate consumption are mostly driven by the distributional effects.
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Figure 7: Theoretical responses of consumption, conditioned on the level of inequality.

Notes: Following Andreasen, Fernández-Villaverde and Rubio-Ramírez (2017), the generalized impulse
responses are computed using the third-order pruned state-space system. In the high inequality state,
sKt−1 = 0.25, and all the other variables equal their steady-state values. The low-inequality state is based on
sKt−1 = 0.15. The impulses are one-standard-deviation contractionary monetary policy shocks and expansion-
ary fiscal policy shocks. The units for the responses are annualized percent. It is evident that stabilization
policies are more powerful in the high-inequality state than in the low-inequality state. The results for the
other variables are similar (Appendix E.1).
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Figure 8: Empirical responses of consumption or GDP, conditioned on the level of inequality.

Notes: Panels (a) and (b) depict the generalized impulse response functions (GIRFs) of consumption given a one-standard-deviation contrac-
tionary monetary policy shock and an expansionary fiscal policy shock. I use recent data spanning from 1978:q1 to 2008:q4, as discussed in
Section 6.2.1. Each panel plots two GIRFs, conditioned on the value of the log P90/P10 index being one standard deviation below or above the
mean, 1.38 and 1.64, respectively. For the responses of other macroeconomic variables and results based on total factor productivity shocks,
see Appendix E.2. The results in panel (b) are based on the long historical data of Piketty and Saez (2003) and Ramey and Zubairy (2018),
where the sample period is from 1917 to 2015. Important for my identification, the top 10% income share displays a U-shaped pattern during
the sample periods. The impulse is a military news shock from Ramey and Zubairy with a present discounted value amounting to 10 percent of
trend GDP. I plot the GIRFs of real GDP, conditioned on the top 10% income share being 33.5% and 47.1%, as in 1980 and 2010, respectively.
The result for the GDP deflator and unemployment rate and further robustness checks are shown in Appendix E.3. Finally, I compare U.S.
states with different levels of inequality. I show the responses of state real GDP to a military spending shock that amounts to 1% of state
GDP. I use Equation (20) in Section 6.2.3 to estimate the GIRFs, conditioned on the top 10% income share by state. It is clear that all the
results above imply that the power of stabilization policies increases with the level of inequality. Economic output responds more strongly
when earnings and income are more unequally distributed.
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