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Abstract

We use new disaggregated household balance sheet measures to quantify the business cycle
dynamics of the wealth distribution in the US since 1989. After introducing these data and
establishing their credibility, we show that wealth inequality is highly procyclical, mostly re-
flecting heterogeneous portfolio exposure to aggregate price risk, although group-specific asset
return and saving dynamics also contribute. Furthermore, we show that a positive house price
shock lowers wealth inequality, while a positive shock to equity prices and unemployment

causes inequality to increase, as do accommodative monetary policy shocks.
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1 Introduction

Recent macroeconomic research suggests heterogeneity in household income and wealth is impor-
tant in propagating aggregate shocks and determining macroeconomic outcomes (see, e.g., Krueger
et al.|(2016), Kaplan et al.| (2018)). Despite recent advances in measuring long-term trends in the
wealth distribution (Saez and Zucman! (2016), Kuhn et al.| (2020), |[Smith et al.| (2023)), the income
distribution (Piketty et al. (2018))), as well as business cycle dynamics of the income distribution
(Guvenen et al.|(2014])), Guvenen et al.|(2021)), data on the business cycle dynamics of household
portfolios has until now been limited. This scarcity of such data has limited the understanding
of the evolution of household balance sheets during recessions, as well as the ability to test and
discipline theoretical advances in heterogeneous agent models featuring aggregate risk (Ahn et al.
(2017)).

This paper bridges this empirical gap by providing the first analysis of the cyclical dynamics of
the wealth distribution. Our analysis relies on the Distributional Financial Accounts (DFAs), a new
quarterly time series of household balance sheets for different segments of the wealth distribution
from 1989 to the present that are by construction consistent with the Financial Accounts of the
United States. The data’s quarterly measures permit higher frequency observation of household
portfolios than are available in other data sets, and therefore allow a unique look at the wealth
distribution’s evolution through recent business cycles. The data also fulfill a long-standing demand
for distributed household wealth data consistent with macro aggregates |Deaton| (2005)), Piketty
et al.| (2018)). This paper extends the DFAs by including additional Financial Accounts data on
wealth flows to decompose the sources of wealth accumulation across the business cycle, and by
examining finer wealth groups at the top of the distribution to highlight their key role in wealth
accumulation across the business cycle.

Since the credibility of our analysis hinges critically on the accuracy of the DFA data, the first
part of our paper details the methodology underlying our data. The DFAs infer quarterly changes
across the wealth distribution by applying established “temporal disaggregation” methods (see,
e.g.,/Chow and Lin| (1971), Fernandez| (1981)), Litterman| (1983), Monch and Uhlig (2005)) to the
Survey of Consumer Finances (a triennial measure of the household wealth distribution) and the

Financial Accounts of the United States (a quarterly measure of aggregate household wealth). After



confirming that our data capture trends in inequality established in other studie{l, we externally
validate our estimates by showing that the DFAs successfully match actual measures not used in
their construction. In particular, we use a special SCF panel collected in 2009Q3 as a one-time
follow-up to the regular 2007 SCF and show that our estimates successfully capture the changes in
the holdings of specific assets and liabilities for different wealth groups between 2007 and 2009,
with our estimates of net worth in 2009Q3 falling firmly within the 95% confidence intervals in
nearly all instances. Given the significant economic and asset price volatility during this time
period, we view this as a stringent test that our data reassuringly pass.

Our paper then makes two novel contributions. First, we provide a detailed summary of the em-
pirical patterns that summarize the cyclical dynamics of the wealth distribution. We document that
wealth inequality is highly procyclical, since wealth gains and losses disproportionately accrue to
the wealthiest of households during economic expansions and downturns. Furthermore, we show
that these cyclical dynamics are mostly explained by systematic differences in portfolio compo-
sition and exposure to aggregate price changes across the wealth distribution. In particular, risky
asset holdings of wealthy households—mainly in the form of business equity, which has higher ex-
pected but more volatile returns—drive significant cyclical variation in their overall wealth returns,
while households outside the top 1% hold a mixture of housing and equity wealth with less expo-
sure to cyclical price risk. However, we also show that group-specific factors reflecting systematic
differences in asset returns and savings dynamics that are unrelated to differences in portfolio com-
position are procyclical for wealthier households, thereby amplifying the procyclicality of wealth
inequalityE]

As a second contribution, we exploit our quarterly time series to estimate the wealth distri-
bution’s response to specific shocks to key aggregate economic variables. An active structural

literature considers the redistributional—and in some cases theoretically ambiguous—impact of

'See, e.g., |Wolff et al.[(2012), Piketty| (2013), |Bricker et al.|(2016)), Saez and Zucman| (2016), Rios-Rull and Kuhn
(2016)), |Kuhn et al.|(2020)), Smith et al.| (2023)

“These patterns are consistent with evidence from other countries, with Bach et al.| (2020) finding that systematic
differences in portfolio composition are key in explaining inequality dynamics in Sweden, and |[Fagereng et al.[ (2020)
finding that group-specific factors affect wealth accumulation in Norway. Furthermore, |[Smith et al.| (2023)) and |Bricker
et al.[(2018)) present evidence of heterogeneous returns within asset class in the U.S.



aggregate shockf] that our novel high-frequency distributional data can test empirically. Apply-
ing standard local projection method (Jordd| (2005))), we show that a positive shock to house price
growth is associated with a statistically significant decrease in wealth inequality (reflecting a shift in
wealth towards households in the 50-90th percentiles of the wealth distribution), a positive shock to
equity prices causes inequality to increase (reflecting an shift in wealth towards the top 1% wealth-
iest households relative to households in the 70-99th percentiles of the wealth distribution), and
that an increase in unemployment increases wealth inequality (reflecting declines in wealth shares
for the bottom 70% of the wealth distribution).

Most importantly, we also show that a decline in interest rates causes a notable rise in wealth
inequality—a pattern that is confirmed using interest rate shocks identified by a standard Cholesky
decomposition and high-frequency surprises around policy announcements—as wealth shifts away
from the middle and towards the top of the wealth distribution. These effects are quantitatively
meaningful, as they imply that a 100bp accommodative monetary policy shock raises the Gini
coefficient by .012 on average over the subsequent 16 quarters, an effect equivalent to about 14%
of the overall increase in wealth inequality over the last 30 years.

The key takeaway from our results is that since different segments of the wealth distribution
hold different portfolios and are therefore differentially exposed to macroeconomic shocks, accu-
rately modeling wealth distribution dynamics requires a sufficiently rich portfolio choice problem.
The data and analysis in this paper suggest that future generations of models should allow for
sufficiently rich debt, liquidity, and asset return dynamics—which our results suggest will likely
require modeling portfolio allocations across at least three assets—to capture the interplay between
changes in the wealth distribution and macroeconomic aggregates (see, e.g., Kaplan and Violante
(2014)) and risk premia (Kekre and Lenel (2022)), as well as to generate realistic aggregate price
dynamics. We expect that the analysis and numerical targets provided in this paper will aid in the
development and disciplining of such models.

Our paper relates to several strands of economic research. First, several recent studies, includ-
ing |Saez and Zucman| (2016) and Smith et al.| (2023)), have attempted to improve measurement

of wealth inequality by capitalizing individual-level income tax returns, while Kopczuk and Saez

3See, e.g., Doepke and Schneider] (2006), Rubio| (2011)), |Calza et al.[ (2013)), |Auclert| (2019), [Kaplan et al.| (2018},
Luetticke|(2021), and [Kekre and Lenel| (2022)), |Garriga et al.|(2017).



(2004) do the same using estate tax filings. The longer-run trends in wealth inequality captured by
our data generally align with these studies, but our study differs by focusing on quantifying higher
frequency changes in wealth inequality over the business cycle (and documenting its drivers). There
are some drawbacks to our approach, namely that the cross-sectional distributional data we rely on
to form wealth groups does not allow us to track household mobility into different wealth groups
over time. While we suspect household rankings are unlikely to change much at quarterly fre-
quencies, we can not rule out some migration across groups, and our estimates may therefore
understate individual-level volatility in wealth. We therefore view our data as complementary to
existing wealth inequality measures and our results as a building block for future work that tracks
individual household balance sheets at higher frequencies.

A second set of empirical papers rely on the SCF to measure inequality (see, e.g., [Wolff et al.
(2012), Bricker et al.| (2016), Rios-Rull and Kuhnl (2016))). In addition to providing higher fre-
quency distributional measures, we build upon this work by fully reconciling the SCF with official
aggregate household balance sheet measuresE] More recent work by |[Kuhn et al.| (2020) combines
triennial SCF data post-1983 with annual survey data from 1952-1973 to provide insight into long-
term dynamics of the distribution of wealth. Our findings that house price changes affect the middle
class’s wealth and that changes in equity prices affect the top of the wealth distribution are con-
sistent with findings in [Kuhn et al.| (2020). However, the annual data used by these authors to
study higher-frequency changes in wealth are only available pre-1973 and analysis afterwards re-
lies on triennial SCF data. Our analysis therefore complements the work in | Kuhn et al.[(2020) by
examining higher-frequency changes in the wealth distribution during the past three decades.

Third, our work relates to a number of papers that model the dynamics of the wealth distribution—
including|Chatterjee|(1994), Ferreira (1995), Piketty| (1997), Alvarez-Peldez and Diaz{(2005), Ben-
habib et al.[|(2011), Benhabib et al.| (2016)), and [Benhabib et al. (2017)—which we complement by
providing model-free estimates of wealth distribution dynamics at higher frequencies. Addition-

ally, in work developed contemporaneously with ours, (Garbinti et al. (2021) and |Blanchet and

“By merging survey data with national accounting data, the DFAs provide a comprehensive new measure of the
distribution of aggregate household wealth. Thus, the DFAs help overcome some of the challenges that have impeded
past efforts to integrate microeconomic data with macroeconomic analysis (see |Carroll (2014) for a rich discussion of]
this issue).



Martinez-Toledanol| (2023)) estimate synthetic savings rates, where savings includes some of what
we identify as capital gains. Consistent with this and other papers cited here, these two studies
find that changes in asset prices have helped drive longer-run trends in wealth accumulation and
wealth concentration. Clearly, the considerable recent interest in wealth dynamics speaks to its
importance.

Fourth, heterogeneous agent macro-models featuring aggregate risk are not new (see, e.g.,
Krusell and Smith| (1998)) but have gained significant traction in macroeconomic research recently
(see [Kaplan and Violante| (2018)) for a review). In addition, recent work examines the interaction
between inequality and aggregate economic measures like inflation (see, e.g.,|Doepke and Schnei-
der| (2006) and Meh et al.| (2010), aggregate demand (see, e.g., |Guerrieri and Lorenzoni| (2017)
and |Auclert and Rognlie| (2018))), fiscal policy (see, e.g.,Kaplan and Violante| (2014)), McKay and
Reis| (2016), [Hagedorn et al.| (2019), Bhandari et al.| (2021)), and monetary policy transmission
(see, e.g., [Werning| (2015), Mckay et al.| (2016)), [Kaplan et al.| (2018)), (Gornemann et al.| (2016),
Luetticke| (2021)) and [Auclert (2019), [Kekre and Lenel| (2022)). Our paper contributes to this in-
creasingly important literature by providing the data needed to test business cycle dynamics of
macroeconomic models that incorporate balance sheet heterogeneity.

Our paper proceeds as follows. Section [2] introduces the methodology used in producing the
DFAs and shows that the data credibly capture changes in household balance sheets across the
wealth distribution. Section [3] provides a detailed look at the dynamics of the wealth distribution,
while Section ] uses our data to estimate impulse responses to various economic shocks. Finally,

Section [5]concludes with a brief discussion of lessons for future modeling efforts.

2 Methodology and Data

The data used in this paper build on and extend the Distributional Financial Accounts (DFAs)—
the quarterly distributional data published by the Federal Reserve Board. The DFAs are a new
data set which track the distribution of household wealth for four broad wealth groups—which we
expand upon in this paper—as well as several other socio-economic groupsE] The data complement

and expand on other existing measures of household wealth inequality (Saez and Zucman| (2016),

>The data were first published in March 2019 and can be found at: https://www.federalreserve.gov/releases/efa/efa-
distributional-financial-accounts.htm.



Bricker et al.|(2016), |Smith et al.| (2023))) by providing high frequency measures of changes in the
wealth distribution that are consistent with the US national economic accounts—a feature that is
lacking in most studies of wealth inequalityE]

The DFA data are constructed by integrating two data sets produced by the Federal Reserve
Board: the Financial Accounts of the United States and the Survey of Consumer Finances (SCF).
The Financial Accounts are U.S. national accounts that provide regular, timely, and comprehensive
measures of the aggregate household balance sheet, with quarterly data releases within 10 weeks
of the end of the quarter. These aggregate data do not provide any information on the distribution
of the balance sheets, however. Complementing these aggregate series, the SCF collects detailed
household balance sheet information for a representative cross-section of U.S. households (includ-
ing of very wealthy households). However, the SCF is fielded triennially, which limits the ability
of researchers to use these data to study changes in the distribution of household wealth during
business cycles. The crux of the construction of the quarterly distributional data is to combine
the SCF’s rich distributional information with the Financial Accounts’ quarterly aggregates in a
manner that is consistent with both data sets.

The construction of the DFA data proceed in three key steps. First, we align the aggregate
balance sheet implied by the SCF to the Financial Accounts’ household net worth Table B.101.h,
a recent data product that breaks out households from the long-standing table B.101 that also in-
cludes nonprofit organizations. Second, with the reconciled triennial SCF balance sheet in hand,
we calculate the shares of the total SCF wealth held by each wealth group, and then estimate the
SCF balances for each asset and liability category for quarters where the SCF is not observed using
temporal disaggregation methods (see Section[2.2)). The estimation allows us to populate the miss-
ing SCF quarters with estimates for each distributional stratum, as though the SCF were observed
quarterly. Third, from the reconciled, quarterly SCF data, we construct the share of wealth held by
each wealth group and apply this share to the aggregate Financial Accounts’ balance to evaluate

the amount of the national wealth held by this group.

%See Deaton|(2005), Carroll| (2014), and|Ahn et al.|(2017) for discussion on the importance of distributional measures
consistent with national statistics.



2.1 Reconciling the Financial Accounts and the SCF

The first step in constructing the DFAs is reconciling the measurement concepts used in the SCF
with those used in the Financial Accounts. Aggregate household wealth data in the Financial Ac-
counts are found in Table B.101.h, which reports total U.S. household wealth and its 19 main
components. The detailed nature of the SCF questionnaire allows us to create either direct or close
analogues of most Financial Accounts balance sheet concepts. The details of the reconciliation
procedure between SCF and FA assets and liabilities are too extensive to be fully described in this
paper, and are the focus of |Batty et al.| (2019) and Batty et al.[(2022). However, in the online ap-
pendix, we describe in detail measurement and reconciliation of the four largest household balance
sheet items (i.e., pension entitlements, real estate, corporate equities and mutual funds, and equity
in noncorporate equity), with a particular emphasis on measurement of private business wealth (an
area of active research).

The results of the SCF-B.101.h reconciliation are summarized in Table[I|by showing the ratio of
the two measures for each line of Table B.101.h, for each wave of the SCF since 1989A ratio of
100% would indicate that the two series match exactly, while lower (higher) percentages indicate
that the reconciled SCF is understated (overstated) relative to the B.101.h totalﬂ For reference, the
figure also shows the level of the B.101.h and SCF series in 2019 in billions of dollars.

Overall, the topline numbers (assets, liabilities, and net worth) from our reconciled SCF balance
sheet are quite similar to those from B.101.h. For example, in 2019, reconciled SCF assets aggre-
gate to $125 trillion, compared with $123 trillion on B.101.h. Moreover, reconciled 2019 SCF
liabilities aggregate to $14 trillion, versus $15 trillion on B.101.h. Averaging across SCF waves,
aggregate SCF net worth is very close (at 104%) to B.101.h net worth. In addition, the two data sets

also align quite well for most of the underlying, granular asset and liability categories, although

"The SCF baseline data are adjusted with weigths developed by the SCF staff to incorporate supplemental wealth
data from Forbes 400 households to ensure full coverage of the wealth distribution (Bricker et al.[(2019)).

8Because it is calculated residually, the B.101.h includes the holdings of sectors not captured elsewhere in the Finan-
cial Accounts, the most significant of which is hedge funds. However, the newly available supplemental hedge funds
balance sheet in the Financial Accounts reveals only a minimal imprint of the inclusion of the hedge funds balance
sheet on the DFAs results. For more information on Table B.101.h, see Household and Nonprofit Balance Sheets in the
Financial Accounts of the U.S.

“ An exact ratio of 100% (and double asterisks) implies that the B.101.h total is distributed to SCF respondents using
an asset- or liability-specific imputation rule and the B.101.h and reconciled SCF lines match by construction. See Batty
et al.[(2019) and Batty et al.|(2022) for details.


https://www.federalreserve.gov/econres/notes/feds-notes/household-and-nonprofit-balance-sheets-in-the-financial-accounts-of-the-us-20190104.html
https://www.federalreserve.gov/econres/notes/feds-notes/household-and-nonprofit-balance-sheets-in-the-financial-accounts-of-the-us-20190104.html

larger differences can be observed in some years for certain asset classes. For large asset categories
that disproportionately affect the distribution of wealth, differences between the reconciled SCF
and B.101.h balance sheets are reasonably small on average, despite the very different approaches
in constructing the two data sets.

An important caveat to our analysis is that we should not be too concerned about the perfect
alignment between the SCF reconciled balance sheets with the FA levels. The DFAs are designed
to provide a wealth distribution that is consistent with the household wealth levels captured by
national accounts statistics—the Financial Accounts. To ensure that the SCF totals match the
corresponding FA aggregates, in the final step of the reconciliation exercise, we scale the reconciled
SCF balance sheet items up or down using a scaling factor that is independent of observables.
Further, we would be more concerned if there were evidence that the SCF’s balance sheet item
distributions across households—which is the information from the SCF used in constructing the
DFAs—were systematically biased, or in cases where the reconciled SCF and FA measures differ
because only one contains a component that likely skew towards one end of the wealth distribution.
Bricker et al.| (2016) presents evidence that that mismeasurement in the SCF is not driven by any
one group, while Batty et al.| (2019) and Batty et al.|(2022) document that the DFAs are robust to a

number of alternative reconciliation assumptions.
2.2 Estimating SCF Balance Sheets in Unobserved Quarters in the DFAs

With the reconciled balance sheet in hand, the next challenge is estimating the reconciled SCF bal-
ance sheets for quarters where SCF measures are not available. This “temporal disaggregation”
problem of imputing higher-frequency data from lower-frequency observations has been well-
studied, beginning with [Chow and Lin| (1971)) and extended to allow for richer error processes
by [Fernandez| (1981)), and [Litterman| (1983). We follow standard methods and use the empirical
relationship between the SCF, the Financial Accounts, and other economic data to estimate latent
reconciled SCF balance sheets in quarters when only the Financial Accounts and macroeconomic
data are available.

The baseline approach adopted in the DFAs is based on methodology proposed in{Chow and Lin
(1971) and extended by |[Fernandez (1981). The Chow-Lin method assumes that the target series Y

(in our case, the level of each reconciled SCF balance sheet line) to be estimated can be selected



from a latent vector X . Let B be the matrix which selects the observed elements Y:
Y = B'X. (1)

In our application, Y is observed every 3 years, while X is quarterlym
The Chow-Lin method uses higher frequency indicator series, denoted here by Z, to estimate

the underlying series X. If X and Z have a linear relationshiﬂ
X =pZ+u, (2)

where the residual vector u is mean zero with covariance matrix V' = E[uv/], then combining
Equations [T and [2] implies that
Y = B'Z'8+ Bu. 3)

The Chow-Lin method solves the multiple regression model specified by Equations [I] and [3] to
obtain an estimate of X given observations Y and Z and covariance matrix V. The DFA data use
the [Fernandez| (1981) solution, which assumes a random walk in the error term, where p = 0 in the

following set of equationsE-]

Ut = Ug—1 + V¢

Vg = pUi—1 + M
'Formally, we suppose that Y = [y1, %2, ...,Ym| is observed m times, with k — 1 unobserved periods between
observations and e periods to extrapolate after the last observation of Y so that X = [z1, z2, ..., z,]" with observation

ym of Y corresponding to observation (,,_1yr+1 of X. The n x m matrix B can thus be written as

L O(mfl)k
B = O(m—l)k L
Oc Oe

where ¢ represents a k-dimensional column vector with one as the first element and zero elsewhere, and where 0; denotes
a j-dimensional column vector of zeros.

"7 can be expressed as an n X ¢ matrix Z = [Z1,Zs, ..., Z,], where each Z; denotes a separate column vector
Zi = [2i1, 75,25« - s ziyn}' corresponding to the it" indicator series.

2The online appendix describes the solutions proposed by (Chow and Lin| (1971)), [Fernandez (1981), and [Litterman
(1983).
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Monch and Uhlig| (2005) (among others) show that the Chow-Lin method can be recast in a state-
space format that permits consistent estimates via maximum likelihood estimation of the resulting
Kalman smoother problem. Given that this framework is more commonly employed in macroeco-
nomic research, we also provide the state-space representation of the problem (assuming u is ar(1)
with innovation ;).

Let (; be the state vector, which includes the most recent observations of y; and error term utE

Then a generalized version of our state equation can be expressed as

/
Yt a p Y1 Ty 1
Gt = +[7 ]+ M- “4)
Ut 0 p Ut—1 0 1

The observation equation is then expressed as

Yy = BiG; o)

[1,0] fort=0,12,24...
B; = , (6)

[0,0] otherwise,

yielding a linear system equivalent to that defined by Equations [Iand 3] Further assuming normal
errors yields a likelihood function that can be estimated using a Kalman smoother. Asymptotically,
both the Chow Lin and the state-space formulation provide consistent estimates but might differ in
small samples and due to the assumed normal errors when driving the likelihood function.

Overall, the results from estimating the state-space model align closely with results from our
baseline estimates; these comparisons (augmented with standard errors) are presented in the online
appendix. The similarity in these two estimation methods indicates the robustness of our results to
alternative, and likely more familiar, approaches to estimating latent household balance sheets for
our wealth groups.

As a final step in producing the DFAs, we project the Financial Accounts data onto the recon-

ciled quarterly SCF asset and liability share estimates. To do so, we define fyf P as the level of the

3This is defined equivalently to Equation 18 in the online appendix.
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asset or liability indexed by balance sheet line j, for wealth quantile group p, in quarter ¢, and let F{
denote the corresponding line from the B.101.h balance sheet. Defining group p’s asset or liability

share of balance sheet line j in quarter ¢ as its share of the total reconciled SCF balance sheet line

J\p
ip_ N
wpt = ———
Ji.k
E :k Vi

and multiplying these balance sheet shares by the total B.101.h balance sheet line
3 = Tl

yields estimates of assets and liability levels for each quantile that aggregate to the Financial Ac-

counts household balance sheet table
2.3 Temporal Disaggregation in Practice

To implement our temporal disaggregation method, we must choose the (quarterly) indicator series
Z that contain information about the evolution of the reconciled SCF asset and liabilities for each
wealth group—the target series—for periods in which the SCF is not observed. Given that the
limited SCF history, we use a parsimonious set of the indicator series that either measure concepts
similar to the target series or contain information about the distribution of household balance sheet
items and economic events that drive shifts in those distributions (Batty et al. (2022))).

First, we follow the DFAs’ methodology and for each SCF balance sheet series, we use the
corresponding quarterly B.101.h series in every interpolation. Since the aggregate FA series and
the reconciled SCF series are closely related by construction, the FA series are highly predictive
of levels of assets and liabilities for each wealth group. Second, we include the S&P500 index
in regressions of a number of asset and liabilities as the index is correlated with both financial
assets and overall business cycle dynamics. Similarly, we include the the Federal Housing Finance
Agency (FHFA) home price index for assets and liabilities that are related to housing, and the

federal funds rate for nonfinancial assets whose values and flows are tied to interest rates. Third, the

14Because aggregated balance sheet items are constructed from B.101.h balance sheet lines and not reconciled SCF
balance sheet lines, the shares of aggregated balance sheet lines for each wealth quantile do not necessarily align with
the shares from the SCF.
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aggregate debt-to-income ratio from the Financial Accounts is used as an indicator series for each
liability category, as this ratio likely correlates differentially with the liabilities of different wealth
groups. Fourth, whenever possible, we also include indicators for participation in the relevant
markets; for example, for housing-related balance sheet categories, we use the homeownership
rate constructed from the U.S. Census Current Population Survey (CPS). Finally, we include the
ratio of defined-benefit assets to defined-contribution assets from B.101.h table for pensions, and
we use vehicles and student loans outstanding from the Federal Reserve’s G.19 Consumer Credit
data release as an indicator for depository loans and consumer credit, respectively. In the online
appendix, we summarize the indicator series included in group-specific regressions for each asset
and liability class on our reconciled household balance sheet.

Two points are worth highlighting regarding our choice of indicator variables Z. First, each
balance sheet line has a different set of Z variables, and the loadings on the Z variables for a
given asset or liability category are allowed to vary by wealth group. For example, for household
holdings of mortgages held by the top 1% wealth group, the regressions include the Z.1 aggregate
household mortgage debt, but the contribution of this aggregate variable (as well as any other vari-
ables included in our regressions) will be different than that estimate for the bottom 50%. Second,
as noted above, in many of the regressions we include relevant price indexes (e.g., equity prices
or house prices); these indices generally have high correlation with the re-valuation component of
the relevant Z.1 Financial Accounts aggregate, as most Z.1 aggregates are recorded at market val-
ues. While we find that these price indices contain some incremental predictive power, our results

would not be substantively different if they were excluded.
2.4 The Data Overview

Our core data set is presented in Figure[I] which shows the real wealth levels (Panel (a)) and shares
(Panel (b)) of net wealth for households across the wealth distribution. We group households into
six granular wealth groups: bottom 50%, 50 - 70%, 70 - 90%, 90 - 99%, 99 - 99.9%, and top .1%.

In terms of long-run trends, the figures align with the findings of a number of recent studies (see,
e.g., (Wollff et al| (2012), Piketty| (2013)), Bricker et al.| (2016)), [Rios-Rull and Kuhn| (2016)), Kuhn
et al.| (2020), and [Smith et al.| (2023)) that documented a substantial increase in wealth inequality

13



in recent decadesE] As shown in Figure |1} the wealth share of the top 10% of U.S. households
(the teal, green, and purple portions of graph) increased from 61 to 70 percent since 1989, with this
trend almost entirely driven by an increase in the top 1% wealth share (purple and green) from 23
percent to 31 percent. In contrast, the bottom 70% (yellow and orange) held very little wealth and
experienced a sizable decrease in relative wealth.

The rise in wealth concentration stems primarily from increased concentration of assets (Fig-
ure[2)) rather than a decreased concentration in liabilities (Figure[3)). The share of assets held by the
top 10% of the wealth distribution rose from 55 percent to 64 percent since 1989, with asset shares
increasing the most for the top 1% of households. These increases were mirrored by decreases for
households in the 50-90" percentiles of the wealth distribution In contrast to assets, the distri-
bution of liabilities in Figure [3(b) is both much more equitable than the distribution of assets and
has changed relatively little since 1989.

The high-level drivers of the wealth distribution in the DFAs also align with patterns shown in
recent work in |Kuhn et al.[(2020). These “historical SCF” data combine triennial SCF data post-
1983 with annual survey data from 1952-1973 to show that differential changes in equity (which
are predominantly held by wealthy households) and housing (which dominate portfolios of the
middle class) returns have shaped postwar wealth trends. The DFAs show similar patterns. Figure
M| shows that despite clear cyclical booms and busts, business equity has increased as a share of
total wealth (from 25% to 36%) while the top 1%’s share of business equity has risen (from 41%
to 51%) since 1989. Thus, much of the increase in top wealth shares is explained by increased
equity concentration. Figure[5]shows a similar set of charts for real estate equity and middle class
families (as proxied by the 50-90" percentile). Despite a notable boom-bust cycle, housing as a
share of total wealth (Panel (a)) has become a smaller since 1989 at the same time that the share

of housing assets held by middle class families has also fallen (Panel (b)). These two patterns are

5The alignment with studies that rely on the SCF is somewhat mechanical, as by construction the SCF distributions
underlie the wealth concentrations trends captured by the DFAs, with the caveat that different valuations in the FAs to
which the SCF shares are applied can lead to slightly different estimates than the straight read of the SCFE. Other studies
that use income tax data to distribute aggregate assets—as in|Smith et al.| (2023)) and [Saez and Zucman|(2016)—report
higher concentration of wealth at the top. For example, the updated |Saez and Zucman| (2016) results suggest close to
20% wealth share for the Top 0.1% group, compared to the DFA estimate of 13%. [Smith et al.|(2023), at about 15% in
their latest year are closer to the DFA results.

!$The online appendix shows that the inequality of holdings within asset class generally increased as well.
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major drivers of the overall decline in middle class wealth shown in Figure

Furthermore, several studies (e.g., [Krusell and Smith| (1998), (Greenwald| (2018)), Jones et al.
(2022), Kaplan et al.|(2020)), Garriga and Hedlund|(2019)) have shown that household debt levels—
which |Kuhn et al.| (2020) show have increased particularly for low wealth households—have be-
come increasingly important drivers of macroeconomic dynamics. In Figure[6] the DFAs similarly
show that debt growth drove overall wealth dynamics for the bottom half of the wealth distribution
over the last 30 years. For example, a rapid increase in leverage during the housing boom pulled the
bottom 50%’s net worth negative for several quarters after the housing bubble burst, and elevated
debt holdings kept the bottom 50%’s nominal wealth below its level in the mid-1990s until very
recently, despite substantial deleveraging after the Great Recession.

Turning to higher-frequency observations, Panel (a) in Figure [I] shows that household wealth
varies substantially between the SCF observations (indicated by black dots). In particular, the
figure shows the evolution of wealth for our six wealth groups during the dot-com boom and bust
between 1998 and 2001, the early-2000s recession, the start of the housing boom between 2001
and 2004, the Great Recession between 2007-2010, a sharp equity market drop in 2018:Q4, and
the Covid-19 pandemic. The higher-frequency dynamics align intuitively with the economic events
that drive them, with Panel (b) in Figure [T| showing that higher frequency changes in the wealth
distribution generally occur during recessions and are relatively short-lived, and therefore are often
missed by lower-frequency SCF data. For example, the top 1%’s share fell during both the 2002
and Great recessions but had mostly recovered by the 2004 and 2010 waves of the SCF. Overall,
Figure [T| suggests our data captures meaningful variation in wealth levels and shares between SCF
waves, which we exploit starting in Section [3| to formally document the dynamics of the wealth

distribution.
2.5 Consistency With Untargeted Moments

While our data align well with results from lower-frequency studies, the DFAs success in matching
actual measures of the wealth distribution not used in their construction is the best test of data
quality. Opportunities for such external validity are limited, but a special SCF Panel was collected
in 2009Q3 as a one-time follow-up to the regular 2007 SCF and was not used in constructing

our data. This sample therefore offers a rare opportunity to compare the DFA estimates against
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a straight-read of household-level data, and poses a stringent validation test given the significant
economic and asset price volatility during this period

Figure [/|summarizes the DFA and 2009 SCF data for each of our six wealth percentile groups.
In each panel, the first bar illustrates the DFA household balance sheets in the 2007:Q3 (aligned
with the collection of the 2007 SCF data), the second bar presents the estimated DFA data for
2009:Q3, and the third bar presents the 2009 SCF Panel household balance sheet data (also col-
lected in the third quarter), with the 95 percent confidence interval around the net worth estimate
for each group constructed from the 2009 SCF Panel. The regions of each bar above the x-axis
indicate the level and composition of assets (real estate, other non-financial assets, and financial
assets), and the regions below the x-axis indicate liabilities (mortgage and non-mortgage).

Panel (a) compares the two data sets for the wealthiest 0.1%. Entering the recession in the
3rd quarter of 2007, aggregate net worth for this top wealth group was about $8.2 trillion (first
column), but by the third quarter of 2009 aggregate assets of this group had fallen to less than
$7 trillion according to our DFA estimates (second column). The 2009 SCF Panel (third column)
shows a similar decline in overall net worth, with a drop in business equity (green region) driving
most of the decline in both the DFA and SCF data.

The DFAs are even more accurate for the remaining wealth groups, since they not only capture
the decline in equity prices, but also the decline in house prices that weighed on middle-income
balance sheets over this period. As a result, Panels (b)-(f) show that balance sheet measures in the
2009 DFA and SCF data across the wealth distribution are quite close. Importantly, as Figure
illustrates, the 2009Q3 DFAs estimates for net worth for each the wealth groups fall into the 95%

confidence intervals, except for the 50-70th group which falls slightly outsideﬁ Overall, our

7One caveat to this analysis is that the 2009 SCF is not designed to be nationally representative of the set of 2009
households; rather, it represents the 2009 experience of the set of households that were interviewed in 2007. Furthermore,
to reduce respondent burden, the 2009 Panel survey questionnaire did not repeat the detail found in the 2007 cross
section. Hence, some of the finer detailed categories cannot be mapped, leading us to focus in this section on broader
asset and debt categories than those shown in Table

8 There is a good deal of uncertainty in the SCF estimates for the top 0.1% and the next 0.9% wealth groups, which
tends to subside as one moves down the wealth distribution. The SCF confidence intervals shown in Figure [7] account
for SCF sampling and unit nonresponse variability. Furthermore, the estimated wealth levels by wealth group between
in the DFAs and the SCF can differ by 10 percent or more in some of the panels in Figure[7] For example, the total net
worth for the 90-99th percentile wealth group is about $24 trillion in 2007Q3 in the DFA data, compared to $22.5 trillion
in the 2009 SCF panel data. For the 50-70th percentile wealth group, the difference is about $0.4 trillion, a meaningful
change given that the net worth of this wealth group averages about $4.5 trillion between the two data sets.
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exercise suggests that the DFAs provide credible measures of household balance sheets and net

worth across the wealth distribution in quarters when the SCF is not collected.

3 Business Cycle Dynamics of Wealth Distribution

In this section we turn to describing the wealth distribution dynamics in more detail, with a partic-
ular focus on differences across wealth groups.

As motivation, in Figure 8 we plot the quarterly changes in wealth shares for each of the six
considered wealth groups, with gray bars indicating NBER recessionsfﬂ The figure reveals sys-
tematic differences in the cyclical behavior of the wealth shares. Panel (a) in Figure [§| makes clear
that the top 1% and the 0.1% shares vary procyclically, with notable drops during each of the three
recessions captured in our data. In contrast, in Panel (b), the 90-99* and 70-90%" percentiles of
the distribution move countercyclically. Finally, Panel (c) shows that wealth shares of households
in the Bottom 50% and in the 50-70" percentiles of the wealth distribution are roughly acycli-
cal. Hence, cyclical variation in the wealth distribution is largely confined to the wealthiest 30%
of households, with wealth shares shifting from the Top 1% to 70-90!" and 90-99*" percentile

households during recessions and expansions.
3.1 Differences in Asset Price Exposures

An intuitive driver of these cyclical dynamics is the fact that households across the wealth dis-
tribution hold different portfolios and therefore have different exposure to asset price changes.
To demonstrate simply, Figure [9] shows the portfolio compositions for our six wealth groups—
averaged across all quarters and rescaled so that total assets equal to one. The two wealthiest
groups are heavily concentrated in business equity, and their wealth shares will change predom-
inantly in response to changes in business values. Meanwhile, the middle wealth groups (i.e.,
households below the top 10% but above the bottom 50% of the wealth distribution) are better

diversified across asset classes, while poorer households (i.e., the bottom 50%) are more levered

The results in Figure |8 should be viewed in the context of the often vast differences in wealth levels and wealth
shares between the groups. As shown in Figure[T} in 2021Q4 the bottom 50 holds close to $4 trillion in wealth while the
top 0.1% hold about $18 trillion. Additionally, the bottom 70% of the U.S. households account for less than 10 percent
of total wealth.
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and invested in non-financial assetsFE] Figure |§I thus suggests that higher-wealth households as a
group are more exposed to cyclical risk than households lower in the wealth distribution.
To demonstrate more formally, for each wealth group p we estimate a simple factor model of

group-specific percent changes in net worth (AY}) in excess of the one-year treasury rate so that

K
AY] = B8+ > B Xk + - ™
k=1

In specifying factors X}, we choose variables that are likely to capture cyclical sources of wealth
VariationE-] Specifically, we include excess public equity returns (measured as the differences be-
tween realized S&P 500 returns and the one-year treasury rate), excess housing returns (measured
by the difference between realized Corelogic housing index returns and the one-year treasury rate),
and the one-quarter change in the Fed Funds and 5-year forward rates to capture changes in bond
prices and the cost of credit. We also include the unemployment rate to capture changes in house-
hold savings rates due to changes in income and a time-varying precautionary saving motive.

The results of these regressions are presented in Table [2] from which we highlight several re-
sults. First—consistent with the pattern shown in Figure [9] and recent research on differences in
household portfolios (e.g., |[Bach et al.| (2020))—higher wealth groups are much more exposed to
changes in the valuation of business equity, as evidenced by the higher coefficient on S&P 500 re-
turns for high-wealth households. For example, a 10 percentage point increase in S&P 500 returns
is associated with roughly a 3 percentage point increase in wealth growth for households in the top
1%, but the effect is only about half as large for other householdsEZI

In contrast, house price exposures are particularly important for wealth accumulation of middle-

The degree of diversification declines as one moves down the wealth distribution, with the 2016 SCF households
in the bottom 50-60" percentile of the wealth distribution holding over 60 percent of their assets in housing, with the
remainder split quite evenly between financial retirement and non-retirement assets.

2I'The objective of the analysis in this section is to highlight the systematic differences in the exposure of household
portfolios to cyclical risk associated with asset price movements, rather than to study the response of wealth changes to
the full set of indicators Z used in the construction of the DFAs and summarized in Table 4 in the online appendix.

2Furthermore, in the online appendix, we find suggestive evidence that the greater sensitivity of higher-wealth house-
holds to equity returns is partially explained by their exposure to riskier private business returns (in addition to a higher
overall equity share). As shown in Table 6 of the appendix, augmenting our model to include the S&P Listed Private
Equity Index—which measures returns of publicly-held private equity companies from 2004 onwards—suggests that
private equity returns drive a large share of wealth changes for higher-wealth households but have no explanatory power
for wealth changes of the bottom 90% of the wealth distribution.
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and lower-wealth groups. In particular, coefficients on house prices are also positive for all groups,
but largest for the bottom 70% of the wealth distribution. For example, a 10 percentage point rise in
excess return on housing increases wealth growth for households in the 50-70th percentiles of the
wealth distribution by 5 percentage points while only raising wealth accumulation by 2 percentage
points for the top 0.1% of households. The dominant role of housing wealth in explaining wealth
fluctuations for middle- and lower-wealth households aligns intuitively with Figure 0] as well as
recent research (e.g.,|Kuhn et al.[(2020)) that examines wealth accumulation at lower frequencies.

Third, higher interest rates generally lower wealth growth but the effects are mostly insignifi-
cant, likely reflecting that the effects of interest rates on asset valuations are largely captured by
other included variables. Finally, a higher unemployment rate is associated with lower wealth
growth for all households but especially for the bottom 50% of households that are most exposed
to cyclical layoffs such that can lead to sustained downward pressure on income and saving.

The share of variation in wealth accumulation explained by our model is also of interest. We
find that our factor model can explain over 50% of the percent changes in wealth accumulation for
all wealth groups outside of the bottom 50%, with greater explanatory power for households in the
middle of the wealth distribution. This greater explanatory power likely reflects that middle-wealth
households disproportionately hold public assets and house prices that are well captured by the
included variables. In contrast, the explanatory power is lower (at about 18%) for the bottom 50%
wealth group for which income and savings are more important drivers of wealth fluctuations, as
well as for the top 0.1% (at about 56%) for which greater exposure to privately held businesses

likely generates more idiosyncratic risk.
3.2 Decomposing Wealth Changes into Aggregate and Group-Specific Factors

While our factor model can explain a significant amount of wealth accumulation for all wealth
groups, it cannot explain all changes, and may overstate the importance of aggregate price fluc-
tuations if group-specific factors—a growing body of influential research (see, e.g., [Bach et al.
(2020), [Fagereng et al.| (2020), [Kuhn et al.| (2020), [Benhabib et al.| (2017))) has highlighted that

group-specific differences in returns and savings in explaining wealth fluctuations—are correlated
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with aggregate price movementsFE]
To examine the role of aggregate and group-specific risks we decompose changes in wealth
into these two components. To do so, we define the intertemporal law of motion for each asset or

liability j on group p’s balance sheet
VPP = (14 1] + € + 09P)Yh + SP, (8)

where r{ is the aggregate return to asset j in period ¢ common to all groups, eg P is group’s p scale-
dependent idiosyncratic return for asset j in period ¢, 7 is the sum of type-dependent returns
for members of the wealth group p for asset class 7, and Sg P is group p’s saving into asset class
J FEI This expression can be decomposed into the contribution to next period’s wealth due to capital
gains from common aggregate price changes (Ef ) and the contribution due to group specific returns

and savings (U7?) so that

YtJ}p :Y;j_’q 1+ 7“{ +ez7p+9j,p+5g,p/nj;q ) (9)
=~
E} U

Aggregating over all assets, group p’s net worth can be expressed in aggregate price changes and

group-specific factors

NW 9.
D Z}/tj 1—|—E]—|—Ujp) (10)
= NprZa’plx(l—l—E]—l—U]’p) (11)
J
= YNV % (1 + EP + UP), (12)

where a{ | is the portfolio share group p’s wealth invested in asset j, and E¥ and U denote

the change in wealth due to common aggregate capital gains and group-specific contributions,

2Qur data are not well-suited to distinguish between the latter two explanations (i.e., group-specific returns vs. dif-
ferences in savings).

*In terminology fashioned after |Gabaix et al.| (2016), scale-dependence is a positive correlations between household
wealth and returns to wealth. Type-dependence is a fixed-effect, persistent heterogeneity in returns.
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respectively. Finally, we rewrite Equation [12|as the quarterly growth rate of group p’s net worth

Y;NW,p

AYNVP = —1=E'+UP. (13)

NW,p
Y,

In our subsequent analysis, returns to wealth E¥ are computed from the Federal Reserve’s Z.1 re-
evaluation component (Eg ) and DFA group-specific portfolio shares (agf’l), while changes from
group-specific factors U are defined as the residual change in wealth that is not explained by
aggregate price ﬂuctuations

Figure [10] shows the resulting decomposition, from which we highlight three results. First,
for each wealth group, the common returns (Fy, black lines) drive most of the changes in net
worth (AYtNW’p , blue lines). Thus, our decomposition suggests that most within-group variation
in wealth growth over time is explained by aggregate price movements, consistent with our findings
in Table

Second, the relative size of the common return E¥ fluctuates systematically over the business
cycle. During economic expansions, the common return E} increases monotonically with wealth
for the top 50%, and is a major driver of the larger wealth gains by the top 1% wealth group dur-
ing economic booms and larger declines during economic contractions. In contrast, for the bottom
50% of households, EY is highly volatile and exhibits large positive and negative swings. Although
wealth for lower-wealth households is primarily concentrated in assets with less cyclical risk (i.e.,
real estate) than households at the top of the wealth distribution (i.e., business equity), these house-
holds also hold high levels of mortgage debt and consumer credit. This leverage amplifies smaller
price fluctuations, particularly following the run-up in household debt in the mid-2000s.

Finally, the group-specific return UY (red line) is largely acyclical—although still sizable—for
the bottom 99% of households, suggesting that group-specific returns tend to mostly be idiosyn-
cratic for the majority of U.S. households@ However, and highly notably, U? is fairly procyclical
for the wealthiest 0.1% and 99-99.9% groups, likely reflecting the tendency of the top 1% to hold

% As in the past literature (Garbinti et al.| (2021), Blanchet and Martinez-Toledano|(2023)), and [Kuhn et al.|(2020), for
example) we do not attempt to disentangle mobility across wealth groups between quarters. However, given the high
frequency of our data, it is likely that the effects of migration are small.

*Group-specific return U? to wealth for the bottom 50% of households is highly volatile (again due to their substantial
leverage) but exhibit little cyclical variation.
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assets that are more exposed to cyclical risk within a given asset class (e.g., private business eq-
uity), as captured by e{ Pin Equation For wealthier households, both type dependence and riskier
holdings within a given asset class are consistent with the findings in [Fagereng et al.| (2020) and

Bach et al. (2020).
3.3 Decomposing Changes in Wealth Shares

The greater cyclicality of both aggregate and group-specific wealth fluctuations of the top 1% (and
corresponding lower exposure for lower-wealth groups) is a key driver of the cyclical fluctuations
in wealth shares shown in Figure To demonstrate this formally, after defining w! as wealth share
of group p at time ¢ and dividing Equation [I3| by total wealth we can express quarterly changes in

wealth shares as

YNW,p Z , YNW’p/
D P t—1 P p ot
wt—wt_l—iNW,/ (Et+Ut)_<]\m]7/_1 . (14)
Zp’ }/t v Zp’ thfl v

YNW,p

The term inside the brackets in Equation |14{ thus shows that—as long as Zt;iﬁva, > 0—each
/Lt

group p’s wealth share (depicted in Figure [8) will increase if the total net rpeturn on wealth for

group p (Ef 4 UY) is larger than the net return on aggregate wealth (3 , yNWe / /Dy YN -

I)E] This intuitively implies that wealth distribution dynamics are determined by differences in
relative returns to wealth (inclusive of savings) across groups such that in a given period the wealth
distribution will shift towards households that accumulate more wealth than the average household.

In Figure[TT| we quantify how much the group-specific and aggregate wealth drivers contribute
to the overall cyclical changes in wealth shares using a series of counterfactual exercises. In the first
counterfactual, we assume that returns from aggregate price changes (EY) align with each group’s
realized returns but that group specific returns are held fixed at their group-specific sample aver-
age (UP) each period. In the second counterfactual, we assume that returns from aggregate price

changes are constant at their group-specific sample average (EP) each period and group specific

NW,p
t—1

>"The relationship N W
rr

7 > 0 generally applies, as both the aggregate and the group specific net worth are

positive. However, the net worth for the bottom 50% of the wealth distribution turned temporarily negative in the wake
of the Global Financial Crisis. During those quarter, the reverse would thus apply. Namely, the bottom 50%’s wealth
share would increase if (EY + UY) < (32, y N /2 YNV ).
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returns align with each group’s realized returns (U}') The first counterfactual therefore captures
cyclical changes in the wealth distribution only from aggregate price fluctuations (but preserving
long-run changes in wealth shares), while the second captures changes only from group-specific
factors.

These exercises demonstrate that for most households, changes in wealth shares would have
been more muted and much less cyclical absent aggregate price changes. This is particularly true
for households in the top 70% of the wealth distribution, as evidenced by the modest variability in
the blue line but near overlap of the red and black lines. And indeed, in the online appendix—which
quantitatively summarizes the contributions of aggregate and group-specific changes—we estimate
that cyclical wealth variance for households in the top half of the wealth distribution would be
less than half as large if aggregate price changes are excluded, but only 10-20% smaller if group-
specific price changes were set to zero. Our results therefore suggest that aggregate price changes
account for the bulk of the of cyclical variance in wealth shares are the main driver of cyclical

fluctuations in the distribution of wealth.
3.4 Moments for Modeling

The patterns documented above suggest that accurately capturing distributional wealth dynam-
ics requires more detailed modeling of household asset holdings, particularly since balance sheet
heterogeneity implies that different households will respond differently to different shocks. For
example, in the online appendix, we show that the Covid recession and the Great Recession drove
very different balance sheet dynamics across the wealth distribution. To help guide future research
on modeling distributional wealth dynamics, in Table[3|we provide a set of unconditional moments
that summarize wealth dynamics at a quarterly frequency. In the first column we provide the av-
erage level of the Gini coefficient and wealth shares over our sample period. In the remaining
columns, we present the mean, standard deviation, skewness, kurtosis, and auto correlations of
quarterly percent changes in net worth for different wealth groups. The online appendix provides
the same set of moments conditional on expansions and recession, as well as for year-over-year
percent changes in wealth for different wealth groups.

Consistent with patterns shown in previous sections, the moments in Table [3]imply that wealth

changes at the top end of the wealth distribution are on average larger, more volatile, and more
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autocorrelated than most other wealth groups, reflecting this group’s exposure to equities. Table
also shows that the standard deviation of quarterly percent changes in wealth for the bottom 50%
group is larger than for other wealth groups, reflecting the high leverage of low wealth households
that leads to outsized changes in net worth (particularly when asset prices fall during recessions).
We also find that wealth changes for most groups are slightly negatively skewed, with the negative
skewness for both the top and bottom wealth groups driven by recessionary periods (see the online
appendix). Finally, with the exception of the 90-99th percentile group, tests reject the null of
normality in the distribution of wealth changes.

Developing models that incorporate rich enough asset structure to match the moments in Table
[Bl—as well as other patterns documented above and the richer underlying balance sheet dynamics
for different wealth groups captured by our full publicly available data set—is a fruitful area of
future research. Our analysis and data provide a useful set of statistics that are internally consistent

with standard macroeconomic aggregates that can help advance these efforts.

4 The Effect of Specific Shocks on the Wealth Distributions

Section |3| documented the cyclical fluctuations in the distribution of wealth. These changes—
regardless whether they reflect aggregate price or group specific changes—reflect the realized set
of all economic shocks and the consumption, investment, and saving decisions households make
in response to these shocks. Economists and policy makers are, however, often interested in the
effects of specific shocks that are hard to estimate in lower-frequency distributional data because
many shocks and decisions occur between observations. Our higher-frequency data offer more
temporal variation that can help tease out the wealth distribution’s response to economic shocks of
interest, so in this section we estimate impulse response functions of the wealth Gini coefficient (a
summary measure of inequality) and of the wealth shares to innovations in key economic variables.

We apply local-linear projections (Jordd| (2005)) to estimate through 2019Q3 the effects of
shocks to the federal funds rate and other macroeconomic variables on our wealth inequality mea-
sures. Local-linear projections allow for estimation of impulse response functions without requir-
ing estimation of the underlying VAR or other joint representation of the data. We use Cholesky

decomposition to identify the shocks, with the variables including the output gap, unemployment
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rate, inflation, annualized stock price growth, house price growth, our wealth inequality measure,
and the federal funds rateFE] In all analyses, we control for 8 lags of the included variables as well
as a linear time-trend.

Our estimates of the effects of macroeconomic shocks on the Gini coefficient are presented
in Figure To start, a positive shock to house price growth in Panel (a) is associated with
a statistically significant decrease in wealth inequality, while a positive shock to equity growth
in Panel (b) causes inequality to increase. These results align with our analysis in Section (3.1
where house price returns disproportionately affect wealth growth of middle-wealth households
while stock prices have larger effects on the wealthiest households. Indeed, as shown in the online
appendix, a positive house price shock leads to a statistically significant increase in the wealth
shares of the 50-90% wealth groups, as house price gains lead to a relatively larger growth in net
worth for the middle-wealth households for which leveraged housing assets represent a key balance
sheet item. By contrast, in the online appendix, a positive shock to equity price growth is associated
with an increase in wealth shares of the top 1% wealth groups, a decline in the wealth share of the
90-99% wealth group, and no statistically significant impact on the bottom 90% of the wealth
distribution, consistent with the fact that the majority of the business wealth is controlled by the
top 10% of households. Taken together, our result indicate that whereas house price shocks affect
wealth inequality by redistributing relative wealth toward middle-wealth households, redistributive
effects of an equity price shock are mostly confined to households within the wealthiest 10%.

Panel (c) in Figure [I2] shows the effect of an inflation shock on wealth inequality. The effects
of inflation shocks on wealth inequality are theoretically ambiguous since they have two offsetting
effects (Doepke and Schneider|(2006)). First, inflation increases devalue cash-like assets relative to
other assets like business equity, which suggests increased inflation might increase inequality given
the higher business equity exposure of higher-wealth households. However, increased inflation also
devalues liabilities, which could lower inequality given that lower-wealth households are more
levered (Figure[9). Our estimates imply a positive inflation shock causes a near-term decline in the
wealth Gini—indicating a decline in inequality—although the results are generally not statistically

significant. However, further analysis of net worth shares (see the online appendix) suggests that

ZImpulse responses are robust to changes in the Wold-causal ordering of the considered variables.
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a positive inflation shock lowers wealth shares of the top 1%—the group that holds most fixed
interest rate assets—while raising wealth shares of other households that hold the majority of fixed
interest rate debt (i.e., mortgages), consistent with the findings from |Doepke and Schneider| (2006).

Figure[I2]panel (d) shows that an increase in the unemployment rate causes a persistent, statisti-
cally significant increase in wealth inequality. This result is again intuitive, since poorer households
are disproportionately affected by changes in unemployment during economic downturns, and in-
come for wealthier households is better buffered by a higher share of capital income (Gornemann
et al.|(2016)). Indeed, as shown in the online appendix, the wealth shares of the top 30% of house-
holds generally rise following an unemployment shock, while the wealth shares of the bottom 70%
tend to decline. Furthermore, Figure [I2] panel (¢) shows that an increase in GDP (relative to po-
tential output) is associated with an increase in wealth inequality. Finally, in Figure [I2] panel (f),
we find that accommodative policy shocks are associated with an increase in inequality that is per-
sistent for up to three years, with the increase in overall inequality following an accommodative
monetary policy shock driven by an increase in wealth shares for households in the 70-99.9% and
reduction in wealth shares for the bottom 70% of the wealth distribution.

Our finding that accommodative policy increases inequality speaks directly to concerns that
unusually accommodative policy post-Global Financial Crisis had exacerbated inequality trends
(see, e.g., Bernanke| (2015)), Bullard| (2014), Merschl (2014), and |Yellen| (2016)). The theoretical
predictions of the effect of declines in the Fed funds rate are ambiguous, as reductions in the
policy rate might increase wealth inequality by increasing prices of business equity and other assets
that benefit wealthier households, but could also lower inequality by raising earnings and wealth
of households in the bottom of the earnings distribution (Heathcote et al.| (2010). Our estimates
suggest that the former channel dominates, and that accommodative policy shocks are inequality
increasing.

Although the results in Figure [I2] are intuitive and robust to use of shocks identified by alter-
native orderings, the usual identification concerns that arise when shocks are identified based on a
Wold-causal ordering apply. This is especially true for our monetary policy effect estimates, since
large changes in the Fed Funds rate often occur in volatile economic environments when other

macroeconomic indicators are also changing rapidly. To address this challenge, we therefore re-
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estimate the local projection effects of monetary policy by using monetary policy shocks identified
in Gertler and Karadi| (2015)—which identifies shocks using high frequency surprises around pol-
icy announcements as external instruments—on data through 2012. For robustness, we repeat the
estimation using monetary policy shocks identified inNakamura and Steinsson|(2018]) for the same

sample. Specifically, we estimate:

Yt+h = Wn + Brshocky + Ypai—1 + Eyp for h € {1, ..., 16}. (15)

where where y is the variable of interest (i.e., Gini or a wealth share), x is a vector of control
variables, and shock is the identified shock. Our vector of baseline control variables, x, contains
lagged values of output gap, unemployment gap, stock priced growth, and fed funds rate levels.

The resulting estimates, shown in Figure again imply that accommodative monetary policy
shocks cause a persistent, statistically significant increase in the Gini coefficient that is qualitatively
robust to choice of policy shocks. Our estimated effects are also quantitatively meaningful, with
each 100bp accommodative monetary policy shock from |Gertler and Karadi (2015) increasing the
wealth Gini coefficient by .0124 on average in the subsequent 16 quarters, an effect equivalent to
about 14% of the increase over the last 30 years.

In Figure [14] we repeat our same regressions using each wealth group’s wealth share as the
outcome variable. These estimates suggest that the increase in inequality is primarily associated
with wealth redistribution in the top third of the wealth distribution, with the statistically significant
increase in the wealth share of the top 0.1% group accompanied by a statistically significant decline
in the wealth share of the 70-90% groupr] These patterns suggest that reductions in the policy rate
on average increase wealth inequality by boosting the value of publicly held business equity (e.g.,
Bernanke and Kuttner| (2005), Rigobon and Sack! (2004), [Paul (2018))) that is primarily held by
wealthier households (Auclert (2019)).

PQur results speak to the distributional consequences of different shocks and not to the effects of these shocks on
the level of wealth in the aggregate or for each wealth group. For example, an interest rate shock will have an effect
on wealth accumulation for a range of assets, most prominently on housing and business wealth. When it comes to the
dynamics of wealth shares, however, the wealth gains and losses are a relative concept: one group’s gain in wealth share
is another group’s loss, and multiple assets can contribute to the relative shifts. Figure[T4]describes the case where an
accommodative monetary policy shock increases wealth levels for a range of families, but relatively more so for those at
the top of the wealth distribution.
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Taken together, our results strongly suggest that policy rate reductions increase wealth inequal-
ity, but these results should be interpreted with several caveats. First, our estimates reflect the
effect of short-term changes in the Fed funds rate, and do not speak to the effects of unconventional
monetary policy or persistently low rates. Second, our results do not speak to the effects of macroe-
conomic shocks on earnings, consumption and overall welfare, which may be of primary interest
to policy makers. Third, our estimates are specific to the period since 1989 covered by our data. As
a result, the policy implications of these reduced-form IRFs should be interpreted cautiously and
as complements to more structural, model-based estimates of the effects of macroeconomic shocks

on wealth inequality.

5 Conclusion

Many of this paper’s qualitative findings are fairly intuitive, especially since heterogeneity in house-
hold portfolios—which drives much of the variation in the wealth distribution—is observable in
lower frequency data. Additionally, most of our findings—for example, how various aggregate
shocks affect the wealth distribution—are consistent with the predictions of an active academic
literature. However, this paper provides the first empirical documentation of these patterns, and
therefore contributes to the strands of economic research discussed in Section [11

Our findings have direct implications for macroeconomic models that aim to accurately cap-
ture wealth dynamics at business cycle frequencies. We show how the different portfolios held
by different types of households lead to systematic shifts in the distribution of wealth following
cyclical price changes and other aggregate shocks that cause inequality measures to vary procycli-
cally. We also show how group-specific factors affect wealth accumulation and further reinforce
the procyclicality of returns for wealthy households, while real estate holdings—which are less
cyclical—dampen balance sheet fluctuations over the business cycle for the middle- and lower-
wealth households that are highly exposed to this asset class.

These patterns suggest that accurately modeling wealth distribution dynamics at higher fre-
quencies requires a sufficiently rich portfolio choice problem, and that future generations of mod-
els should allow for sufficiently rich debt, liquidity, and asset return dynamics—which we believe

will likely require modeling portfolio allocations across at least three assets—to capture the inter-
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play between changes in the wealth distribution and macroeconomic aggregates. Research along
these lines is rapidly developing, and our data and estimates provide a set of benchmarks that will
help advance this research and help discipline the channels through which household balance sheet

heterogeneity interacts with aggregate shocks to affect aggregate outcomes.
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6 Data Availability

The code replicating the tables and figures in this article can be found in Bricker et al.|(2025)) in the
Harvard Dataverse, https://doi.org/10.7910/DVN/YF8PVI.
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Table 2: 1989-2019 Factor Regression

37

Dependent variable: Quarterly Wealth Change by Wealth Group

Top 0.1% 99-99.9% 90-99% 70-90% 50-70% Bottom 50%
(1) 2 (3) (1 (2) 3
S&P 500 0.271%*** 0.322%** 0.188*** 0.139%** 0.169*** 0.067
(0.033) (0.022) (0.018) (0.014) (0.022) (0.135)
Core Logic HPI 0.211 0.325%** 0.284%** 0.423%*** 0.518*** 0.510
(0.145) (0.098) (0.077) (0.061) (0.098) (0.596)
FFR, 1 Quarter Change 0.300 —0.436 —0.809** —1.152%** —0.944** —0.889
(0.623) (0.421) (0.333) (0.264) (0.424) (2.569)
5 Year Forward Rates —1.089 —0.515 0.401 0.017 0.660 —9.379*
(1.172) (0.792) (0.626) (0.497) (0.798) (4.831)
Unemp. Rate —2.941*** —0.971 —0.887* —0.184 —0.912 —11.461***
(0.966) (0.653) (0.516) (0.410) (0.658) (3.982)
Constant 0.135 0.219 0.577*** 0.234 0.119 —2.298
(0.357) (0.241) (0.191) (0.151) (0.243) (1.471)
Observations 103 103 103 103 103 103
R2 0.560 0.745 0.631 0.663 0.550 0.175
Adjusted R? 0.537 0.732 0.612 0.646 0.527 0.133
Residual Std. Error (df = 97) 2.330 1.575 1.245 0.988 1.586 9.604
F Statistic (df = 5; 97) 24.649*** 56.615%** 33.138*** 38.173*** 23.750*** 4.121%**

*p<0.1; **p<0.05; ***p<0.01
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Table 3: Moments of the Wealth Distribution: Gini, Wealth Shares, and Changes in Wealth Levels at a
Quarterly Frequency

Gini and Quarterly Changes in the Wealth Gini
Wealth Shares Coefficient (1/100 pt) and Wealth Levels (%)
Standard Auto-
Mean Mean Deviation Skewness Kurtosis correlation

Gini Coefficient 0.78 0.06 0.27 -0.11 3.37 -0.173
Net Worth Shares

Bottom 50% 0.02 1.24 9.55 0.48 8.73 0.195
50-70% 0.09 1.12 2.13 -0.77 5.45 0.0874
70-90% 0.24 1.28 1.51 -0.40 4.05 0.0467
90-99% 0.37 1.45 1.88 -0.15 3.96 0.0762
99-99.9% 0.17 1.61 2.89 -0.59 3.97 0.0764
Top 0.1% 0.11 1.78 3.22 -0.58 4.88 0.196

Note: This table describes moments of the dynamics of the wealth distribution using quarterly changes in the Gini coefficient (row 1)
and in net worth across given wealth groups (rows 2-7) from 1989Q3 to 2019Q4. Column 1 describes the overall sample means of
the level of the Gini coefficient and the share of wealth held by different wealth percentile groups. Rows 2-7 show the mean quarterly
change in the Gini coefficent (in 1/100 points) and the mean quarterly percent change in net worth for each of the wealth groups. For
example, quarterly nominal wealth grew 1.45%, on average, during the sample period. The final column describes the auto-correlation

between these quarterly changes.



Figure 1: Wealth Levels and Shares in the DFAs
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Source: Authors’ calculations using Board of Governors of the Federal Reserve System, Distributional Financial Accounts (DFA).



Figure 2: Total Assets by Wealth Percentile Group
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Figure 3: Total Liabilities by Wealth Percentile Group
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Figure 4: Business Equity Holdings and the Top 1%

(a) Total Business Equity as a Share of Total Wealth (b) Top 1%’s Share of Total Business Equity
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Source: Authors’ calculations using Board of Governors of the Federal Reserve System, Distributional Financial Accounts (DFA).



Figure 5: Real Estate Equity Holdings and the Middle Class

(a) Real Estate Equity as a Share of Total Wealth
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(b) 50-90th Percentiles Share of Total Real Estate Equity
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Source: Authors’ calculations using Board of Governors of the Federal Reserve System, Distributional Financial Accounts (DFA).



Figure 6: Bottom 50% Balance Sheet
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Note: This figure shows aggregate balance sheet of the bottom 50% in each quarter of the DFA data. Assets are divided into two

categories: real estate (blue) and all other assets (green). Liabilities are divided into two categories: mortgages (red) and all other

liabilities (orange). Aggregate net worth (the difference between assets and debts in each quarter) is shown as a black line. Source:

Authors’ calculations using Board of Governors of the Federal Reserve System, Distributional Financial Accounts (DFA).



Figure 7: Comparison to the 2009 SCF Panel
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Note: This figure shows aggregate wealth and its composition for six wealth groups in the DFA data (2007Q3 and 2009Q3 in the first
two columns, respectively, of each panel) and in the 2009 SCF Panel (the third column in each panel). The interpolated DFA data in
2009Q3 (second column) is similar in aggregate and composition to independently-collected SCF Panel data from 2009 (third column).
Whiskers around the net worth estimates for each group on the third column represent the 95% confidence interval around the net worth
estimate for each group in the 2019 SCF Panel. The confidence intervals account for sampling variability and nonresponse. Source:
Authors’ calculations using Board of Governors of the Federal Reserve System, Distributional Financial Accounts (DFA) and Survey

of Consumer Finances (SCF).
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(a)

Figure 8: Cyclical Variation in Wealth Shares.
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Note: This figure shows a moving average of quarterly changes in the share of wealth held by six wealth groups in each quarter. Source:

Authors’ calculations using Distributional Financial Accounts.
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Figure 9: Portfolio Shares of Different Wealth Groups
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Note: The figure shows the portfolio compositions for (rescaled so that total assets equal to one) for our six wealth groups averaged

across all quarters. Source: Authors’ calculations using Board of Governors of the Federal Reserve System, Distributional Financial
Accounts (DFA).



Figure 10: Decomposition of AYtN WP into aggregate price changes, group-specific changes.
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Note: This figure shows a moving average of quarterly changes in net worth (blue line) in each DFA quarter for six wealth groups.
These quarterly changes are decomposed into that attributable to aggregate price changes (black line) and other wealth group-specific
changes (red line). Source: Authors’ calculations using Distributional Financial Accounts and Z.1 revaluations.
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Figure 11: Counterfactual Wealth Shares, No Aggregate Price and Group Specific Changes.
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Note: This figure shows quarterly changes in the share of wealth held by six wealth groups in each DFA quarter (as in ﬁgureand the

expected quarterly changes under two counterfactual scenarios. The first counterfactual (dashed blue line) captures cyclical changes

in the wealth distribution only from aggregate price fluctuations (but preserving long-run changes in wealth shares), while the second

(dashed red line) captures changes only from group-specific factors.

Accounts and Z.1 revaluations data.

Source: Authors’ calculations using Distributional Financial
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Figure 12: Impulse response of Gini coefficient to macroeconomic and financial shocks.
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Note: Error bands indicate 90% confidence intervals. Estimation sample is 1989Q3-2019Q3.



Figure 13: Impulse response of Gini coefficient

(A) Gertler and Karadi (2015)

(B) Nakamura and Steinsson (2018)
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Note: Estimates based on exogenous monetary policy shocks identified by extending the methodology in |Gertler and Karadi| (2015)
on data through 2012. For robustness, we repeat the estimation using monetary policy shocks identified in [Nakamura and Steinsson!

(2018). Error bands indicate 90% confidence intervals.
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Figure 14: Impulse response of group-specific wealth shares
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Note: Estimates based on exogenous monetary policy shocks identified by extending the methodology in |Gertler and Karadi| (2015)
on data through 2012. For robustness, we repeat the estimation using monetary policy shocks identified in [Nakamura and Steinsson

(2018). Error bands indicate 90% confidence intervals.
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