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Abstract

We study the lifecycle dynamics of wealth inequality using 1993-2019 Nor-
wegian administrative panel data on wealth and income. Employing a novel
budget-constraint approach, we decompose the excess wealth of the top 0.1%
households relative to the median between ages 45 and 64 into higher saving
rates (36%), inheritances (31%), returns (28%), and labor income (5%). One-
quarter of the wealthiest—the “New Money”—start with negative wealth on
average but accumulate rapidly through high labor income and exceptionally
high saving rates and returns. The “Old Money” inherit substantial wealth
and grow it through above-average though more modest saving and returns.
We use these dynamic facts to evaluate five standard wealth inequality mod-
els. Although these models match cross-sectional wealth concentration, they
fail to reproduce the distinct dynamics of New and Old Money. A heteroge-
neous entrepreneurship model with decreasing returns to scale technology and
nonhomothetic preferences is consistent with the observed dynamics.
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1 Introduction

Wealth concentration is increasingly at the center of academic and public dis-
course, prompting active debate on issues such as wealth taxation (e.g., Piketty
(2014)). To study these questions, however, cross-sectional evidence alone is insuf-
ficient; understanding how the wealthiest accumulate fortunes over the life cycle is
essential as different mechanisms imply different policy prescriptions. Do they inherit
their wealth (De Nardi (2004))? Or do they build it up by consistently investing
in high-return assets (Benhabib et al. (2019) and Cagetti and De Nardi (2006)), by
saving a higher portion of their income due to lower discount rates (Krusell and A. A.
Smith (1998)), or by saving more as a result of temporarily extremely high earnings
(Castaneda et al. (2003))? We shed light on these questions by empirically investi-
gating the joint dynamics of wealth and income over the life cycle using Norwegian
administrative panel data between 1993 and 2019. We then use these dynamic facts
to test leading theories of wealth inequality.

Because of data limitations, the earlier literature has mostly analyzed wealth
concentration using quantitative models calibrated with cross-sectional survey data
(see De Nardi and Fella (2017) for a survey).! Instead, we exploit a long panel dataset
to document long-term wealth accumulation patterns empirically. Its administrative
nature with third-party reporting ensures minimal measurement error or attrition.
Thanks to its richness, we can study the joint dynamics of all household budget
constraint variables such as wealth, labor and capital income, taxes and transfers,
as well as inheritances (including inter vivos transfers). Finally, its large sample size
enables precise estimates for narrowly defined groups, including households at the
very top of the wealth distribution.

In our empirical analysis, we leverage the completeness of our data to quantify

'For example, in the US, the main data source on wealth, the Survey of Consumer Finances
(SCF), is a triennial cross-sectional survey. The Panel Study of Income Dynamics (PSID) also collects
wealth data since 1999 but does not sample the top 1% households well (Insolera et al. (2021)), even
though they own more than one-third of total wealth. Finally, Saez and Zucman (2016) impute
household wealth from administrative tax records by capitalizing income from different assets, but

this method requires strong assumptions on returns (M. Smith et al. (2023)).



the contribution of each budget constraint component to wealth inequality employ-
ing a novel dynamic accounting decomposition based on household’s intertemporal
budget constraint. We start with documenting the underlying heterogeneity by retro-
spectively tracking wealth, return and saving rates, labor earnings, and inheritances
by following the same individuals for the past 26 years, conditional on the terminal
wealth quantile and age group.? We then employ our accounting method to decom-
pose the wealth gap between the top and median households into these components.
First, on average, the wealthiest households begin adult life substantially richer
than others in their cohort. For instance, the richest 0.1% of households aged 50—
54 hold, on average, 124.3 times the economy-wide average wealth ($434,000 in 2019;
hereafter referred to as “AW”). The same households already owned around 7x AW in
their mid-20s. Moreover, the top 0.1% group owns around 8-9 times as much wealth
as those in the next 0.9% —a gap that remains roughly stable over the life cycle.
However, within-cohort wealth concentration declines over the life cycle as bottom-
half households steadily accumulate housing wealth and converge to the median.
Second, the wealthiest 0.1% have maintained substantially higher equity shares
(85%-90% of their portfolios), particularly in private businesses, starting from very
young ages—even compared with cohort peers of similar wealth. They also maintain
moderate leverage throughout life, hovering around 50%, primarily through private
businesses. For households below the 90th percentile, in contrast, housing constitutes
around 90% of gross wealth over the life cycle. Consistent with their higher equity
shares, wealthier households persistently earn significantly higher returns (see also
Bach et al. (2020) and Fagereng et al. (2020a)). Among 50- to 54-year-olds, long-
term annual returns on net wealth rise monotonically from 1.4% for the bottom 50% to
9.1% for the top 0.1% , with differences most pronounced among younger households.
Third, among the same households, lifetime annual labor income rises from 0.2 x
AW for the bottom 50% to 0.6 x AW for the top 0.1%, while annual inheritances jump
from negligible amounts to 0.4 x AW for the wealthiest. Despite higher labor income

2This backward-looking approach, of course, conditions on an endogenous variable (e.g., house-
holds reaching the top). We complement this analysis with a forward-looking investigation docu-
menting the same features over the subsequent 26 years, conditional on the initial wealth quantile.

These two approaches jointly paint a complete picture of lifecycle wealth dynamics.



and inheritances, these sources constitute a small share of total lifetime resources
for the top 0.1%, with equity income dominating. Furthermore, while the wealthiest
receive inheritances earlier in life—allowing longer compounding periods—their labor
income advantages emerge more gradually.

Finally, we compute the past 26-year saving rate out of gross (Haig-Simons) in-
come. Consistent with previous evidence (e.g., Fagereng et al. (2019)), saving rates
rise steeply with wealth from around 10% in the bottom half to 35%-85% for the top
0.1% across age groups. Importantly, this positive correlation is not merely mechani-
cal (i.e., higher saving rates moving households up the wealth distribution); the next
26-year saving rate also increases with initial wealth, as do returns.

As our primary empirical contribution, we quantify each factor’s importance in ex-
plaining the wealth gap between the wealthiest and median households. We simulate
counterfactual wealth profiles by sequentially replacing each variable in the budget
constraint—such as the saving rate or return on net wealth—with its age-specific
average for the reference group, the middle 50% of households. Since wealth accu-
mulation is dynamic and nonlinear, the order of replacement matters; we therefore
employ a Shapley-Owen (S-O) decomposition that averages the marginal effect of
each component across all possible permutations (Shorrocks (2013)). Our approach
ignores behavioral responses and thus has to be understood as an accounting exercise
capturing the first-order effects of each dimension of heterogeneity. Yet, we view its
simplicity and transparency—avoiding any behavioral assumptions—as an advantage
enabled by the completeness of our data. Moreover, we use these novel descriptive
moments to benchmark structural models of wealth inequality.

Among households aged 50-54, the wealth gap between the top 0.1% and the
median is mainly accounted for by higher saving rates (39.1%), higher inheritances
(32.8%), and higher return rates (24.7%), with higher labor income explaining only
a small remainder (3.4%). Three conclusions follow. First, higher labor income
and higher returns on wealth, commonly viewed as central, jointly account for less
than a third of the gap. Second, heterogeneity in saving rates is more important
than heterogeneity in rates of return and labor income for top wealth accumulation.
Third, after correcting for underreporting and accounting for the compounding of

inheritances and inter vivos transfers received earlier in life, we find a substantially



larger role for intergenerational transfers than previous empirical work suggests (e.g.,
Black et al. (2022) and Charles and Hurst (2003)).

We find similar patterns across all age groups from 45 to 64, reinforcing our bench-
mark results. Furthermore, moving up the wealth distribution within the top 10%,
higher inheritances and returns become increasingly important in explaining excess
wealth relative to median households. Conversely, the relative importance of saving
rates and labor income declines at the very top of the distribution. Finally, the im-
portance of each component is robust to alternative assumptions, including imputing
market values for private firms, more aggressively inflating intergenerational transfers,
and removing remaining time-series nonstationarity. Although these adjustments can
change the level of top wealth, the S-O shares remain remarkably stable.

As our second major empirical contribution, we document significant heterogeneity
among top wealth owners. One quarter of the top 0.1% aged 50-54 were already in
the top 0.1% in their mid-20s, with average net wealth of 26 x AW -—the Old Money—
while another quarter of them start with an average negative net wealth of —0.1 x AW
and receive minimal intergenerational transfers. This latter group, the New Money,
rapidly grows their wealth early in life, as they earn even higher returns and save at
higher rates than the Old Money, and progressively shift their portfolio from housing
to private businesses. After 26 years, their portfolio allocation resembles that of the
Old Money, although their net worth remains somewhat lower.

Applying the S-O decomposition, we find that by age 50 the wealth gap between
the New Money and mid-wealth households is driven by higher saving rates (50.1%)
and higher returns on net wealth (37.6%), with higher labor income (13.3%) also con-
tributing significantly. Inheritances contribute slightly negatively (-1.1%), reflecting
that the New Money start out with below-average initial wealth. In contrast, the
fortunes of the Old Money by age 50 are mostly due to higher inheritances (42.2%),
higher saving rates (31.4%), and higher returns (25.9%), with higher labor income
contributing little (0.6%). These results highlight that wealthy households are far
from homogeneous: they include both self-made entrepreneurs and businesses heirs.

As our third major contribution, we use the empirical dynamic decomposition
results to test five competing quantitative theories of wealth inequality, each tied

to a specific component of the household budget constraint. We begin with a basic



lifecycle Bewley model with accidental bequests and non-Gaussian idiosyncratic la-
bor income risk estimated with our data. We then add, one at a time, the leading
mechanisms proposed in the literature: a superstar earnings state (Castaneda et al.
(2003)), heterogeneity in the rate of return (Benhabib et al. (2019)), heterogeneity
in the discount rate (Krusell and A. A. Smith (1998)), and a nonhomothetic warm-
glow bequest motive (De Nardi (2004)). All augmented models replicate the targeted
cross-sectional inequality moments; only the basic model falls short, as is well known
(Aiyagari (1994)). In the absence of dynamic evidence, each augmented model would
therefore appear to be a plausible explanation for top wealth concentration. Applying
the S-O decomposition to simulated data reveals a very different picture. In all mod-
els, except the superstar specification, inheritances explain 53%-107% of the wealth
gap between the top 0.1% and median households. Therefore, these models gener-
ally do not feature the observed rapid rise of the New Money. Instead, top wealth
accumulates gradually across generations. Furthermore, the Old Money do not grow
their inheritances as much as our data show. The superstar model, in contrast, loads
excessively on labor income (57%) and minimally on inheritances (7%), failing to cap-
ture the Old Money dynamics observed in the data. These features of the data are
crucial for the design of optimal tax policies (Boar and Midrigan (2023) and Guvenen
et al. (2019)).

Motivated by these findings, we develop and estimate a sixth model that directly
targets the dynamic S-O moments for the top 0.1%, the New Money, and the Old
Money. This full model combines two empirically essential mechanisms: (i) hetero-
geneous entrepreneurial returns that are nonmonotone with wealth, arising from de-
creasing returns to scale production and financial frictions (Cagetti and De Nardi
(2006) and Quadrini (2000)), and (ii) nonhomothetic consumption-saving prefer-
ences (Carroll (1998)). In the stationary distribution, entrepreneurial productivity—
thereby the average realized return—is positively correlated with wealth, but condi-
tional on productivity, returns decline with wealth due to decreasing returns to scale.
This allows highly productive New Money entrepreneurs to accumulate wealth rapidly
early in life while keeping the fortunes of the Old Money bounded. In addition, the
nonhomothetic saving motive helps generate the high saving rates observed at the top

of the distribution—especially for the Old Money, whose returns are above average



though modest, therefore, insufficient on their own to explain their high saving rate.
The model successfully reproduces the lifecycle wealth accumulation patterns of both
the New Money and the Old Money.

2 Longitudinal Data on Wealth and Income

We use data from a combination of administrative tax and income records, which
contain detailed information on assets, income, taxes, transfers, and demographic
information for the entire Norwegian population from 1993 to 2019. These registers
include annual tax records, a shareholder registry, firm balance sheets, the inheritance
tax registry, and the central population register. Most information is third-party re-
ported to the tax authorities, ensuring accuracy and reliability.® Figure 1 summarizes
the main variables used in our analysis. Similar data have been used by other work
(e.g., Fagereng et al. (2020a, 2019)), so, for brevity, we relegate the details on the data
sources and the description of variables to Appendix A of the online supplemental
material in Hubmer et al. (2026) (OSM hereafter).

Our measure of household net wealth accounts for all financial assets (e.g., stocks,
mutual funds, bonds, cash and deposits), real estate, and private business assets. Li-
abilities comprise both personal debt (e.g., credit card debt, student debt, and mort-
gages) and private firm liabilities. Bank accounts, bonds, mutual funds, listed shares
and other securities in the Norwegian Central Security Depository, and personal debt
are third-party reported in tax records, ensuring high accuracy. Housing values are
imputed annually from contemporaneous transactions data using a machine-learning
method (Fagereng et al. (2020b)).

The value of equity owned by the household is primarily derived from personal tax
records, supplemented with detailed information on individuals’ ownership of publicly

traded stocks and tax values of private firms.* Tax values follow standardized rules

3Both wealth and income are taxed in Norway. Norwegians are asked to report all of their assets
and liabilities, even if they do not meet the tax threshold. All variables are measured as of December

31 of each year, so our data represent an end-of-year snapshot of individuals’ balance sheets.
4We trace indirect ownership of public equity through private holding companies back to ultimate

individual owners. This adjustment has minimal impact: on average, only 2.5% of private equity is

reclassified, with negligible variation across wealth groups or time.



FIGURE 1 — SUMMARY OF VARIABLES
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Notes: See Appendix A in OSM for measurement of these variables and additional details.

, designed to measure assets at current market values rather than historical cost.’
These valuations account for depreciation, pension obligations, and value of invento-
ries. In practice, however, tax values correlate highly with book values (Fagereng et al.
(2020a)), which generally exclude intangible assets and may understate true economic
values. Importantly, the measured firm values align well with the entrepreneurs’ busi-
ness wealth in the model in Section 6, ensuring consistency between our empirical and
quantitative approaches. Furthermore, in Section 5.1.1 we report the sensitivity of
our S—O decomposition to imputing market values for private firms using time-varying
multipliers estimated from publicly listed firms.

Most income components are precisely reported in tax records, comprising labor

earnings (including self-employment income), interest income and expenses, transfers,

5Tax authorities regularly audit private firms to assess their value and compare it with reported
tax forms. Although not all firms are audited, firms with revenues over around $500,000 are required

to have their balance sheets audited by an approved auditing entity.
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and taxes. Rental income from real estate is directly observed. Following the rental-
equivalence approach, annual owner-occupied housing income is imputed on average
at 2.2% of property value (Eika et al. (2020)), adjusted for changes in the price-to-rent
ratio over our sample period (Figure 1.2 in OSM).

Measuring equity income (including unrealized capital gains) is more complicated.
A 2006 dividend tax reform triggered a shift from dividends to retained earnings
(capital gains).® Following previous studies using Norwegian data (Alstadsaeter et al.
(2025) and Fagereng et al. (2020a, 2019)), we obtain both dividends and retained
earnings by linking individuals’ equity ownership—both direct and indirect through
holding companies—to companies’ balance sheets using the shareholder registry from
2005 onward, when the registry became complete. This approach captures total
returns to equity ownership regardless of payout form, ensuring our measures are not
distorted by tax-motivated payout timing.

Prior to 2005, we impute dividends and capital gains by training a gradient boost-
ing regression with around 30 individual and aggregate predictors using post-2005
information. This method can capture complex nonlinear relationships without re-
quiring explicit feature engineering. Out-of-sample predictions successfully replicate
both the level of returns and their variation across the wealth distribution. See Ap-
pendix A.5 in OSM for details.

Inheritance data are available through 2013, when the inheritance tax was abol-
ished. This registry contains all inter vivos transfers and inheritances—including
those below the tax threshold—with information on donors, recipients, and taxes
paid. Assets in the inheritance registry are substantially undervalued but subse-
quently appear at full value in recipients’ wealth, raising measured saving rates and
potentially distorting measured return rates. Thus, we correct for this undermeasure-
ment by reversing statutory discount rates. Private equity transfers received a 70%
discount on assessed values below NOK 10 million (~ $1.5 million) until 2009 and
40% thereafter. For real estate, we infer a 45% discount. We proxy unobserved estate
composition with the recipient’s portfolio shares.

Adjusted inheritances closely match heirs’ share of donors’ end-of-life estate across

6First, large dividends were paid out immediately before the reform, with minimal distributions

afterward. Second, holding companies were created to defer or avoid dividend taxation.



all years, providing strong validation. For the wealthiest 0.1%, they remain about
30% below estate shares, possibly reflecting pre-death donations, end-of-life health
expenditures, and estate transfer costs. We implement a robustness check for this
discrepancy in Section 5.1.1.

For post-2013 years, we impute inheritances by assigning each child an equal share
of the deceased’s estate—motivated by the strong fit between adjusted inheritances
and estate shares pre-2014. For inter vivos transfers, we first estimate a probit model
for receipt (extensive margin), then employ a rich gradient boosting regression to
predict amounts conditional on receipt (intensive margin). Out-of-sample validation
confirms accurate predictions of both the frequency and magnitude of transfers across
wealth groups. Finally, we further augment our measurement of inter vivos transfers
by using data on intergenerational equity transfers from the shareholder registry af-

7 See

ter 2005, replacing their values when shareholder-registry values are larger.
Appendix A.6 in OSM for details.

Our data exclude pension wealth. Over 80% of Norwegian pensions are pay-as-
you-go, with most of the rest covered by employer-provided plans. Only 0.3% of total
pension wealth is held in personal plans reported on tax returns. Given our focus on
the wealthiest households, pension wealth likely constitutes a minor fraction of their
net wealth.

Our data also exclude offshore wealth not reported to Norwegian tax authorities.
Alstadseeter et al. (2018) show that accounting for hidden wealth increases the share
of the top 0.1% of households by 1 percentage point (p.p.) of total wealth. Finally,

our data exclude assets with difficult-to-measure value (e.g., art or jewelry).

Sample selection. The main variable of interest in our analysis is net wealth, for
which the natural decision-making unit is a household. Furthermore, the Norwegian
government taxes the wealth of individuals in a household jointly. Therefore, we
measure all variables—assets, liabilities, and income—at the household level. In
our baseline sample, we consider all individuals who are at least 20 years old with
nonmissing net wealth. This leaves us with a sample of 74.4 million individual-year
observations and an average of 2.75 million households per year. We convert all

nominal values to 2018 prices using the Norwegian Consumer Price Index.

7Only about one-third of parent—child equity transfers appear in the inheritance registry.



Cross-sectional wealth distribution over the life cycle. Before delving into
longitudinal dynamics, we briefly describe the evolution of the cross-sectional wealth
distribution over the life cycle. The average wealth displays a hump-shaped profile
over the life cycle (Figure I.1a in OSM), rapidly increasing from 0.15 x AW to 1 x AW
between ages 25 and 45, after which wealth accumulation slows down before peaking
at 1.6 x AW at age 65. The median wealth grows faster than the average, indicating
a steeper wealth profile in the bottom half of the distribution (Figure I.1b in OSM).
Thus, wealth concentration declines over the life cycle (Figure I.1¢ in OSM), with
the share of total net worth held by the top 1% declining sharply from close to 50%
at age 25 to less than 20% at age 50, as opposed to the fanning out of earnings
inequality (e.g., Ozkan et al. (2023)). We find similar patterns in the SCF (despite
the significantly higher wealth concentration in the US). This suggests that similar

economic forces are in play behind lifecycle wealth dynamics in both countries.

3 Lifecycle Wealth Dynamics

As a first step toward our dynamic decomposition, we describe how each household
budget constraint component evolves differently across the wealth distribution. We
organize the empirical analysis around the intertemporal budget equation

Wit =Wis1+ (RigWis—1+ Liy + Hit) XSi4, (1)

)

where W;; denotes household ¢’s net worth in year ¢. The return on net wealth
R, ; includes income from equity (including unrealized capital gains), safe assets, and
real estate, net of interest payments and wealth and capital income taxes. After-
tax labor earnings L, include wage and salary income, self-employment income, and
government transfers (such as unemployment and disability benefits). Inheritances
and inter vivos transfers net of taxes are captured by H;;. Finally, S;; represents
the gross saving rate from total income, so that consumption equals (1 —S5;;) x
(RigWis—1+ Liy + Hiy).

To understand the heterogeneity underlying our decomposition results, we exam-
ine these variables over the life cycle across wealth groups using two complementary

approaches. Our main approach retrospectively traces these variables over the preced-
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ing 26 years, stratified by the terminal wealth quantile and age group. For example,
we identify wealthy households in 2019 and follow their trajectories back to 1993.
Although intuitive, this backward-looking approach suffers from a “survivorship
bias”—focusing exclusively on successful households may obscure critical information
about those who failed to accumulate wealth. To address this limitation, we comple-
ment it with a forward-looking approach that tracks the same variables prospectively

over 26 years through 2019, conditional on initial wealth and age.

3.1 Methodology

Retrospective Analysis. For each conditioning year 7 < 2019, we group house-
hold heads into 5-year age bins, h € {45 —49,...,75 — 79,80+}, where the lower
bound of 45 ensures we can follow at least some households back to age 20 in 1993.
Within each age group h, we rank them with respect to their average net wealth
between 7 and 7 — 1, WZT = 0.5 x (W, + W, ,_1), which mitigates transitory fluc-
tuations.

We partition households into nine wealth groups denoted by BWJh. The first
two contain households with negative average net wealth (WZLT < 0) and those
with minimal positive wealth, WZT € [0, W), where W™ is 9,000 NOK in
2019. These groups comprise 21.5% and 3.4% of our sample in 2019, respectively.
The remaining households are then ranked into the following seven quantiles: j €
{[wmir, P50) , [P50, P75),[P75, P90), [P90, P95) , [P95, P99),

[P99, P99.9),> P99.9}, where Px denotes the xth percentile of the WZT distribution.

For each age-wealth group Bth, we compute moments of all budget constraint
variables, denoted M ;. To control for year effects, we repeat this analysis across
10 conditioning years 7 € {2010, 2016, ...,2019} and average the resulting moments:
Mh,j = % 230:13010 Mg’j.g Restricting to 7 > 2010 ensures a minimum 17-year panel
window for all households.

Forward-looking Analysis. We also group household heads aged 20+ into five-
year age bins (h) for each 7 € {1993,1994,...,2002}. Within each age group h,

households are ranked by their average net wealth W:L . and assigned to the same

8While this approach smooths out short- and medium-term time effects, our 1993-2019 sam-
ple period necessarily reflects a specific historical context that includes the information technology

revolution, globalization, and institutional evolution.
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nine wealth categories (j) defined previously. These forward-looking wealth groups,
denoted F th, trace wealth accumulation paths conditional on initial economic posi-

tions. As before, we report moments averaged across all conditioning years.

Unit of Analysis and Household Composition. We measure wealth and income
at the household level—where saving decisions are made— while tracking individuals
who are household heads in conditioning year 7. These individuals may belong to
different households over time (e.g., due to marriage or divorce). Although family
formation can affect wealth accumulation (Fagereng et al. (2022)), our results are

robust when restricting the analysis to a balanced panel of compositionally stable
households (see Appendix I in OSM).

3.2 Dynamic Average Wealth Profiles

We start by presenting the average net worth (W ;) over the life cycle. Figure 2a shows
that the richest 0.1% of households aged 50-54 (BW2%40) own 124.3x AW. The same
households were already quite wealthy 26 years prior, owning 6.9 x AW, indicating
a substantial degree of persistence at the top of the wealth distribution. The next
0.9% wealth group has seen average wealth increasing from 1.1 x AW to 11.9 x AW
over the same period. Similarly, F Wg(l);gglg—those in the top 0.1% of households aged
20-24—own 18.8 x AW in the beginning of the sample period. Instead of seeing any
mean reversion, their wealth increased to 40 x AW by their mid-40s (Figure 2b). In
fact, the top group’s wealth growth is similar to that of the other groups in the top
5%; consequently, wealth concentration in the right tail of the distribution remains
mostly unchanged over the life cycle.

Consistent with these patterns, 24.0% of BW;%{;‘E were already in the top 0.1%
quantile of their cohort initially (Figure B.1a in OSM). We later refer to these house-
holds, who started their lives rich and have remained rich, as part of the “Old Money”
and investigate them in more detail. Yet, about 24% of those who reach the top 0.1%
of the distribution started below the 90th percentile. This group of households broadly
belongs to the “New Money” who start with average initial wealth of —0.1 x AW,
and we contrast their wealth dynamics with that of the Old Money in Section 4.

Despite the substantial persistence at the top of the wealth distribution over the
life cycle, the bottom half of the distribution converges to the median. Young house-

holds with little wealth experience steep wealth growth, especially between ages 25
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FIGURE 2 -~ AVERAGE WEALTH PROFILES

(A) Backward-Looking Wealth Profile (B) Forward-Looking Wealth Profile
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Notes: Figures 2a and 2b show the backward-looking and forward-looking average wealth profiles, respectively. The
vertical axis displays wealth in units of AW, re-scaled using the inverse hyperbolic sine (IHS) transformation (IHS,

Pence (2006)) given by In (GW“ +. 02wz + 1) with 6 = 0.5.

and 35. Therefore, the decline in wealth inequality is mainly because of the bottom
half of the distribution converging toward the median.

Given our research question—why are the wealthiest so wealthy?—we focus pri-
marily on the retrospective approach, highlighting differences with the forward-looking
approach where relevant. This approach allows us to quantify the mechanisms—high
saving rates, returns, inheritances, labor income—that characterize actual top wealth
accumulation, rather than ex ante expected paths that may or may not lead to the
top. We concentrate on prime-age households (5054 years old) in the main text (i.e.,
BVV]-50_54), discussing age variation where relevant. See Appendices in OSM for the

results from the forward-looking approach and for other age groups.

3.3 Portfolio Composition and Long-term Returns

We now analyze differences in rates of return by focusing on four broad asset
categories—housing, safe assets, public equity, and private business wealth—as well
as liabilities (including both personal debt and private firm liabilities).

As has been documented in cross-sectional data (e.g., Carroll (2000)), wealthy
households tend to hold most of their wealth in equity, particularly in private busi-
nesses. For the top 0.1% group (B Wg%_ggflg), the average equity share of the portfolio

over the previous 26 years hovers above 90%, almost all of it invested in private busi-

nesses (Figure 3a). Exploiting our longitudinal data further, we show that households
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Portfolio Shares

FIGURE 3 — BACKWARD-LOOKING PORTFOLIO SHARES
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Notes: Figure 3 shows the portfolio shares (left y-axis) and leverage (right y-axis) for households aged 5054, weighted
by gross assets. Private business share is defined as the ratio of private business assets to gross household wealth and
leverage includes both personal debt and private business liabilities.

reaching the top 0.1% invested in equity significantly more heavily starting earlier in
life, even compared with those of similar wealth and age (Appendix D in OSM).
Therefore, their large equity shares do not just reflect the cross-sectional correlation.
They have small shares of safe assets and housing, which remain roughly constant over
the life cycle. Finally, they are moderately levered throughout life, primarily through
private businesses, with liabilities hovering around 50% of total assets (including firm
assets).”

In contrast, for households below the 95th percentile of the wealth distribution,
housing is the single most important asset in their portfolios. For example, for median-
wealth households (BW[?QE?;%)) housing constitutes around 90% of their gross wealth
throughout the sample period (Figure 3b).!° They also start their lives with much

higher leverage (80% of total assets), mostly in the form of long-term debt, and reduce

9Excluding firm liabilities, the top 0.1%’s direct household leverage is only 1.8%.
0The public equity share in Norway is significantly lower than in the US and other OECD

countries, while real estate wealth is higher. This is because, first, the Norwegian tax policies
promote homeownership (80%+ ownership rate vs. 65% in the US). Second, tax incentives favor
private business ownership over public equity. Third, Norway’s public pension system owns roughly

one-third of all public equity (see Fagereng et al. (2019)).
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FIGURE 4 — LoNG-TERM AVERAGE RETURNS ACROSS THE WEALTH DISTRIBUTION
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Notes: 26-year average of asset value-weighted mean annual returns within terminal age and wealth groups, averaged
across different conditioning years. Equity wealth includes public equities and private business wealth (net of private
business liabilities).

it to 40% of total assets by age 50.

Lifecycle Returns. Consistent with recent empirical evidence (Bach et al. (2020)
and Fagereng et al. (2020a)), Figure 4a shows large differences in life cycle average

returns.'* For households aged 50-54, the average annual return over the previous
50—54 )
[Wymin, P50)

to 9.1% for the top 0.1% (BW2%45). These differences are more pronounced among

26 years increases monotonically from 1.4% for those below median (BW

younger cohorts: There is only a 3.5 p.p. difference among households aged 80 and
above versus 7.5 p.p. for those aged 50-54. Finally, the wealthiest earn more volatile
and more positively skewed returns (Figure C.3 in OSM).

Equity returns are substantially higher but hump-shaped across the wealth dis-
tribution. They rise from 12% for below-median households to above 16% in the
top 10% of the wealth distribution, then decline to 11% for the top 0.1% group,

HTn our analysis, we follow Fagereng et al. (2020a), in calculating the ex post return as the ratio
of annual income (including unrealized capital gains) generated from the asset to its value at the
beginning of each year, which we adjust for intra-year asset purchases and sales & la Dietz (1968).
Life cycle average returns are weighted averages of returns over the life cycle, across households
For details of our method, see Appendix C in

within wealth groups, across conditioning years.

OSM.
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B Wg};gg.g) (Figure 4b).'? This pattern aligns with standard models of entrepreneurs
facing decreasing returns to scale and collateral constraints (e.g., Cagetti and De
Nardi (2006)), as discussed in Section 6. These findings indicate that the top 0.1%
earn higher returns on net worth primarily through their larger equity allocation.

Examining returns on safe assets and housing, we find that the first generates the
lowest returns, ranging from below 1% for below-median wealth households to 3.5%
for the top 0.1% (Figure C.2a in OSM). Housing returns increase from around 5%
for below-median households to about 8% above the 95th percentile (Figure C.2b in
OSM).

Although backward-looking measures mechanically reflect selection—since house-
holds with high past returns are more likely to end up at the top—our forward-looking
analysis shows similar patterns when households are ranked by initial wealth. House-
holds starting wealthy earn persistently higher returns (Figure C.4a in OSM), largely
driven by higher equity portfolio shares (Figure 1.17 in OSM). Thus, selection alone

does not explain the strong portfolio and return differences we observe.

3.4 Labor Income and Inheritance Heterogeneity

Among 50- to 54-year-olds, average annual labor income (L;;) over the past 26
years rises from above 0.2 x AW for below-median-wealth households to 0.6 x AW
for the top 0.1% (Figure 5a). While economically meaningful, mechanically accumu-
lating these differences explains only a modest fraction of the wealth gap, and their
contribution depends critically on how long income differences compound and on as-
sociated differences in saving and return rates. Moreover, the gradient is noticeably
flatter for younger age groups, limiting the scope for compounding early in life. Our
S-O decomposition in Section 5 provides a disciplined way to quantify these forces.

Although labor income exceeds inheritances (H;,) for most age and wealth groups
(Figure 5b), the inheritance gradient is much steeper in relative terms. Inheritances
are nearly zero for below-median wealth households but rise to above 0.4 x AW
annually for the top 0.1%. Unlike labor income, top wealth owners receive inheritances

earlier in life, allowing longer compounding. The steep relative gradient and earlier

12Fagereng et al. (2020a) find a positive correlation between net wealth and equity returns. Our
differing results stem from using weighted versus unweighted measures (Figure C.1 in OSM). Boar

et al. (2022) similarly document declining equity returns by firm value in Spain.
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FIGURE 5 — LABOR INCOME AND INHERITANCES BY WEALTH

(A) Lifetime Labor Income (B) Lifetime Inheritances
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Notes: Average annual after-tax, after-transfer labor income (including self-employment income) and after-tax inher-
itances (including inter vivos transfers) in the last 26 years.

timing highlight inheritances’ distinctive role at the top.

Despite higher labor income and inheritances, these sources constitute only a small
share of lifetime resources—the noncompounded sum of all income plus initial wealth
in 1993—for the top 0.1% (for details see Appendix E in OSM). For the top 0.1%,
labor income and inheritances account for less than 13% of lifetime resources, while
equity income constitutes around 88% (consistent with high returns and large initial
wealth). In contrast, the bottom 90% derive 80%-90% of their lifetime resources from
labor (see also Black et al. (2023)).

3.5 Lifecycle Saving Rate Heterogeneity

Several papers show that saving rates increase with wealth and income (e.g.,
Fagereng et al. (2019), Bach et al. (2017), Carroll (1998), and Dynan et al. (2004)).
We confirm this finding holds true from a lifecycle perspective. We define individual
i’s lifetime saving rate as S; = (W, — Wi 1993) /Yir, where Y ; is lifetime income—
the sum of income from all sources between 1994 and 7 (equation 1). For each age
h and wealth group j, we compute the average saving rate weighted by the lifetime
income Y; -, then average across base years 7.

The lifetime saving rate increases with wealth, from around 10% for the bottom
half of the wealth distribution to 35%-85% for the top 0.1% across age groups, with
a steeper gradient for younger age groups (Figure 6a). By age 50-54, the richest

households have saved around 80% of lifetime income, while the middle class, (P50-
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FIGURE 6 — LIFETIME GROSS SAVING RATE ACROSS THE WEALTH DISTRIBUTION

(a) Backward Looking (B) Forward Looking
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Notes: Lifetime saving rate, defined as the ratio of cumulated savings to cumulated gross income, by terminal and
initial age and wealth groups.

P75], have saved around 20% of their lifetime income. These patterns align with
those in Fagereng et al. (2019).'3

Again, a potential concern is that the wealth-saving correlation is mechanical, as
higher saving rates move households up the distribution. However, Figure 6b shows
that lifetime saving rates remain strongly increasing in initial wealth (F Wﬁl), though
the relationship is quantitatively weaker. Households starting below P75 save around

25%-30% of their lifetime income, while those in the top 0.1% save up to 80%.

4 New Money versus Old Money

While the wealthiest on average start their working lives very rich, at least a
quarter of them start with minimal wealth (Section 3.2). This section examines
within-group heterogeneity among the wealthiest aged 50-54 (BW;%Z%Q) by ranking
them into quartiles based on the sum of initial wealth (nggzl) and the net present
value of all future net inheritances discounted at the average net wealth return of

3.3%.1* Bottom quartile households—the “New Money”—start with little wealth and

3Fagereng et al. (2019) emphasize that higher gross saving rates among the wealthy are driven
by capital gains, which we observe for the wealthiest primarily as retained earnings from private
businesses. To treat business income symmetrically regardless of payout form, we use the gross

saving rates in our analysis.

14See Appendix 1.3 in OSM for similar patterns for other age groups.
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FIGURE 7 — AVERAGE WEALTH PROFILE: OLD MONEY AND NEW MONEY
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Notes: Retrospective average wealth profile of four groups within the top 0.1% group aged 50-54, which are ranked
by the sum of their initial average wealth (WZ-’1994) and the present value of all inheritances net of taxes. The y-axis
is re-scaled using the THS transformation.

receive minimal intergenerational transfers but eventually reach the top of the wealth
distribution. Top quartile households—the “Old Money” —are already wealthy when
young and remain in the top wealth group. We confirm that the New Money actually
come from modest backgrounds with limited resources, whereas the Old Money are

substantially more likely to have wealthy parents.'®

4.1 Average Wealth Profiles

The Old Money have an average net worth of 25.9 x AW in 1993 in their early
20s versus a negative —0.1 x AW for the New Money (Figure 7). The New Money
then experience rapid wealth growth, especially between their late 20s and age 40,
after which growth slows down. By contrast, the Old Money see their wealth grow
steadily. As a result, while the gap between the Old Money and New Money shrinks
significantly, it remains quite large even after 26 years. The two middle quartiles are

closer to the New Money than to the Old Money, in terms of their initial wealth and

156.2% and 26.5% of the Old Money have parents in their cohorts’ top 0.1% and top 1%, respec-
tively, versus only 1.1% and 6.8% for the New Money, with 75% of the New Money parents being
in the bottom 90% (see Figure 1.9 in OSM).
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Portfolio Shares

FIGURE & — PORTFOLIO SHARES: OLD MONEY AND NEW MONEY
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Notes: Portfolio shares and leverage for the Old Money (left) and New Money (right) aged 50-54.

lifecycle wealth dynamics.!

Where does the initial wealth of the Old Money come from?  Although
we do not have data on inter vivos transfers and inheritances prior to 1994, we
use data on post-tax and transfer labor earnings since 1967 to argue that the Old
Money’s vast majority of initial wealth should be thought of as having originated from
intergenerational transfers. First, the simple sum of earnings until age 24 amounts
to only 1.19 x AW, or 4.6% of initial Old Money wealth. Second, instead of simply
summing up all labor income, we capitalize it before 1993 using the average saving
rate and return on wealth observed between 1993 and 2019 for this group. By this
metric, they would have accumulated 0.98 x AW from their labor income prior to
1993, which again accounts for only 3.8% of their initial wealth. Finally, in Section 5
we extend the S-O decomposition back to age 20 by finding younger “twins” of the
Old Money to show that the fundamental source of their wealth in their mid-20s is

intergenerational transfers.

4.2 Portfolio Composition and Long-term Returns
Because the Old Money hold the majority of wealth within the top 0.1%, their

portfolios closely mirror the weighted average for the group shown in Section 3.3:

16M. Smith et al. (2019) also find that in the US, more than 75% of top earners are self-made

and unlikely to receive large financial inheritances or inter vivos gifts.
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They have invested heavily in equity, particularly private business, and maintain
moderate leverage mainly through their firms. Total liabilities hover above 40% of
total assets, similar to the leverage of their businesses (Figure 8a).

In contrast, the New Money start their working lives with only 9.5% of their
portfolios in equity (Figure 8b). As their wealth grows, its composition shifts from
housing to private business, reaching 95.4% of their portfolio by their 50s—similar to
Old Money’s private business share. Notably, the New Money start highly indebted—
with a 1.47 debt-to-asset ratio (thereby starting with negative average net wealth)—
but quickly reduce leverage to around 45% until age 35. Consistent with their portfolio
evolution, the liabilities shift from personal debt to private business debt, which
decline from above 60% of firm assets to about 50% by age 50.!” Thus, New Money

businesses are somewhat more levered than those owned by Old Money.

Lifecycle Returns. The New Money earn substantially higher returns on net wealth
across age groups, with generally more pronounced differences for younger cohorts
(Figure 9a). For those aged 50-54, the average return on net wealth is 12.2% for
the New Money versus 7.5% for the Old Money. This finding is perhaps surprising
because the New Money initially hold less equity—the highest-returning asset class.
We therefore investigate average returns for each asset class individually.

Early in life, the New Money are mostly invested in housing, earning returns
similar to those of the Old Money. We also do not find significant differences in safe
asset returns between the groups (see Figure C.5 in OSM). Instead, differences in
net wealth returns stem mainly from large disparities in equity returns (Figure 9b).
Among 50- to 54-year-olds, the New Money earn a high 18.0% annual average return
on their equity versus 8.5% for the Old Money. Thus, although the New Money hold
smaller equity shares, substantially higher returns from these investments yield higher

long-term returns on net wealth relative to the Old Money.

170Only 10% of both New Money and Old Money hold law or medical degrees, while 38% and
48% respectively have a high school education or less. Wealth accumulation dynamics are similar
across professions. Thus, unlike what M. Smith et al. (2019) show for the US, highly educated
entrepreneurs (e.g., lawyers, physicians, and so on) neither drive New Money—Old Money differences
nor dominate top wealth groups, partly reflecting Norway’s public health care system and civil law

tradition.
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FIGURE 9 - LONG-TERM AVERAGE RETURNS: OLD MONEY AND NEW MONEY
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Notes: 26-year value-weighted average returns for four quartiles within the top 0.1% group aged 50-54.

Higher equity returns for the New Money, however, come with higher volatility.
For instance, among 50- to 54-year-olds, the P90-P10 gap of the returns on net wealth
is around 58% for the New Money versus 49% for the Old Money (Figure C.6 in
OSM). Furthermore, this higher dispersion is mainly driven by more volatile yet

more positively skewed equity returns for the New Money relative to the Old Money.

Labor Income and Inheritance Heterogeneity. By construction, the Old Money
receive substantially higher intergenerational transfers after age 24. The Old Money
households aged 50-54 receive an average of 1.2 x AW in inheritances annually, com-
pared with nearly zero for the New Money. Labor earnings show no significant dif-

ferences between these groups.

4.3 Lifetime Saving Rate

The large differences in rates of return help explain the closing wealth gap between
the New Money and Old Money over the life cycle. However, saving behavior also
plays a major role. As Figure 10 shows, the New Money save at substantially higher
rates than the Old Money across age groups. Among 50- to 54-year-olds, the New
Money’s lifetime saving rate—defined in Section 3.5— is roughly 20 percentage points
higher than that of the Old Money. In the next section, we quantify the importance
of these channels (e.g., saving rate, rate of return, and so on) for wealth accumulation

differences between the New Money and Old Money.

22



FIGURE 10 — SAVING RATE: OLD MONEY AND NEW MONEY
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Notes: Lifetime saving rate (see Section 3.5) for four quartiles within the top 0.1% group aged 50-54 .

5 Why Are the Wealthiest So Wealthy?

So far, we have shown that wealthy households differ systematically from the rest
of the population in their initial wealth, portfolio composition, return rates, sources
of income, and saving rates. In this section, we combine these results to provide a set
of counterfactuals to quantify the importance of these factors. We focus on five main
sources of heterogeneity in the budget constraint: rates of return, saving rates, labor
income, inheritances (including inter vivos transfers), and initial wealth.

The decomposition begins with the budget constraint in equation 1, from which
we derive the path of net worth between 1994 and 7 as a function of five sequences
of factors, {Wii}1_ 1000 = f (Wine03, {Lit, Hit, Rz, Sit}i—1904)- We use this function
to simulate counterfactual wealth profiles by iteratively replacing these factors with
values from the reference group.!® We use the middle 50% (households between

the 25th and 75th percentiles of wealth) in the same age group and conditioning

8The budget equation can be defined using alternative saving rates. For example, defining
saving rate out of cash on hand (i.e., Sy = Wis/ Wis—1+ Ly + Hiy + Ri tW; ;1)) yields similar

conclusions (see Figure F.6 in OSM).
19To be precise, to smooth out the noise in the data, we implement this exercise at the age-wealth

group level by aggregating the budget constraint in equation 1 within each Bth.
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year, BW[;‘D%’P%), as the reference group. For any wealth group Bth, we start
with the budget constraint in the initial year and simulate the counterfactual wealth
evolution consecutively for the following years by replacing some or all factors with
their corresponding values for the reference group.

For example, to assess how the wealth profile of the top 0.1% of wealth owners
(BW2Fge) in 2019 would differ had they earned the same return as the middle 50%,
we construct a counterfactual average wealth profile by assigning them the after-tax
return of mid-wealth households in the same cohort (R;) while holding all other factors
fixed at their actual values—that is, f (W/i71993, {L,}t, H;,, R, Sm};lg%). We repeat
this construction for each conditioning year 7 € {2010,2011,...,2019} and average
over 7. See Appendix F in OSM for details.

These counterfactual wealth profiles abstract from behavioral responses and thus
capture only first-order effects of each dimension of heterogeneity. Replacing labor
income, for instance, may also affect saving rates, portfolio composition, or realized
returns. While such interactions could matter quantitatively, our dynamic accounting
decomposition offers a simple and transparent empirical benchmark that quantifies
the first-order contribution of each component. Moreover, the resulting dynamic
moments provide disciplined targets for evaluating and estimating structural models

of wealth inequality in Section 6.

Expanding panel dimension. Our 26-year panel allows us to trace households
aged 50-54 back to their mid-20s to late-20s depending on birth year (in 1993).
While this approach already captures most of their wealth accumulation, it is more
restrictive for older cohorts and for the Old Money, who possess substantial initial
wealth. To extend the analysis back to age 20, we supplement wealthy households in
the baseline sample with younger “twins.”

We identify younger twins of the wealthiest households in our baseline sample
(i) whose wealth profiles closely resemble those of the original top 0.1% households
over a ten-year window beginning at the age at which the originals are first observed
(e.g., ages 24-33 for the youngest cohort) and (ii) who are age 20 or younger in 1993.
Similarity is measured using the Mahalanobis (1936) multivariate distance metric.
For each original household, we select the closest match, choosing as many twins as

there are original wealthy households (additional details in Appendix F in OSM).
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Average wealth profiles of twins and originals align closely between ages 24 and 33
(Figure F.1 in OSM).

Because the decomposition begins at age 20, we interpret initial wealth at that
age as intergenerational transfers. For parsimony and consistency with the structural
model in Section 6, we combine initial wealth and inheritances into a single category

in the decomposition, although we discuss their individual roles below.

5.1 Decomposing Top Wealth Inequality

Before turning to the S-O decomposition, we begin with a simple counterfactual
exercise that changes only one factor at a time while keeping others unchanged (see
Figure F.7 in OSM). This “single-factor” decomposition isolates the importance of
each component independent of changes in other contributing factors; therefore, the
resulting effects do not sum to 100%.

Replacing the high returns of the top 0.1% among households aged 50-54 (B W;%%)
with average returns of mid-wealth households sharply reduces their terminal wealth
from 124 x AW to 31 x AW—a decline of about 90 x AW. Similarly, substituting
their initial wealth at age 20 with those of median households lowers wealth at age 50
by about 85 x AW, while inheritances received after age 20 contribute only 21 x AW,
underscoring the importance of longer compounding time.

Substituting the labor income of mid-wealth households has only a small effect
(9 x AW), consistent with the low share of lifetime resources the top 0.1% derive
from labor and the smaller labor income gaps earlier in life. By contrast, replacing
their high saving rate with that of mid-wealth households reduces wealth at 50 by a
staggering 115 x AW, reflecting the central role of saving behavior for accumulating

large fortunes.

Shapley-Owen Decomposition.

The previous results quantify each factor’s importance holding others fixed at
their actual values. For instance, we find that high returns are very important for the
high net worth of the wealthiest by simulating a counterfactual wealth path with mid-
wealth households’ rate of return while keeping their actual high inheritances. The
importance of a high return on wealth, however, would be diminished if the wealthiest
received the (lower) inheritances of mid-wealth households. More generally, because

the budget constraint is jointly nonlinear in the respective components, summing the
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FIGURE 11 - DETERMINANTS OF THE TOP 0.1% WEALTH ACCUMULATION
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Notes: The S-O decomposition for top 0.1% households aged 50-54.

marginal effects in the previous section adds up to more than 100% of the wealth gap.
Relatedly, the order in which the respective components of the budget constraint are
replaced matters.

To address these concerns, we employ a Shapley-Owen decomposition, which cy-
cles through all possible permutations of the order in which different components of
the budget constraint are replaced (5! = 120 combinations for five variable sets).
Furthermore, the resulting average marginal effects exactly add up to account for
the entire wealth between any given group and the reference group of mid-wealth
households (Shorrocks (2013)). See Appendix F in OSM for details.

Figure 11 summarizes the results for households in the top 0.1% at age 50-54.
Inheritances (including those at age 20 and afterward) account for a large share of
the wealth gap, declining from 100% of the gap in the beginning (by construction) to
32.8% of the gap by age 50. As individuals age, the relative importance of inheritances
declines—even though individuals receive inheritances later in life as well—while the
roles of saving rates and rates of return rise. By age 50, higher saving rates explain
39.1% of the gap and higher returns account for 24.7%. Together, these three com-
ponents account for 96.6% of the total wealth gap. The small remainder (3.4%) is

accounted for by higher labor earnings.

26



We conclude that, first, higher labor income and higher returns, which are typically
regarded as the main drivers of wealth inequality, jointly explain less than one-third
of the wealth gap. Second, differences in saving rates are at least as important
a factor. As demonstrated in Section 6, these differences are difficult to attribute
to precautionary saving motives or higher expected returns, and instead necessitate
nonhomothetic preferences.

Lastly, while previous research has found a minor role for intergenerational trans-
fers in perpetuating wealth inequality, we show that inheritances account for at least
one-third of the top wealth gap.? For example, Black et al. (2022) also use Norwegian
data to argue that transfers are not the primary source of wealth, even among the
very wealthy.?! Our contrasting findings reflect differences in the measurement of in-
heritances as well as that the wealthiest receive transfers earlier in life and compound
them at significantly higher rates through elevated returns and saving rates relative

to the rest of the population.
5.1.1 Additional Results and Robustness

Other age groups. For brevity, our main analysis focused on households aged 50—
54. The top panel of Table I extends the S-O decomposition to other age groups
ranging from 45—the oldest age for which we can track households back to age 20
without relying on the twin-matching procedure—to 64, the final pre-retirement age
group. Across these age groups, the excess wealth of top 0.1% households relative
to median households is consistently explained by three primary factors: higher sav-
ing rates (35%-39%), inheritances received at age 20 and afterward (30%—33%), and
higher returns (25%-29%). Higher labor income accounts for the residual (3%—6%).
The contribution of each factor varies only marginally across age groups (and com-

pared to our benchmark 50- to 54-year-old group), and this stability reinforces our

20Geveral studies find intergenerational transfers reduce wealth concentration (Boserup et al.
(2016) for Denmark; Wolff (2002) for the US) or explain little intergenerational wealth persistence
(Charles and Hurst (2003)). Exceptions include Nekoei and Seim (2023), who show Swedish wealth
inequality increases post-inheritance as only wealthy heirs preserve transfers, and Boserup et al.

(2018), who find initial wealth at age 18 matters for later Danish wealth inequality.
21However, they find transfers constitute a large proportion of resources for a small number of

people who have wealthy parents, consistent with our Old Money findings.
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main finding.

Other wealth groups. Given the large wealth concentration at the top of the dis-
tribution, our main analysis focused on the wealthiest 0.1% of households. Panel II of
Table I presents the S-O decomposition for other wealth groups within the top 10% of
the distribution.?? Moving up the wealth distribution, we see several patterns emerge.
First, inheritances play an increasingly important role in explaining excess wealth rel-
ative to median households at the very top, reflecting both the greater concentration
of inheritances among the wealthiest (Figure 5b) and stronger compounding through
higher saving and return rates. Second, while saving rates increase monotonically
in household wealth (Figure 6), their relative contribution declines in the far right
tail. Third, the relative importance of differential returns on net wealth increases
monotonically in household wealth, mirroring the pattern for lifetime average rates
of return (Figure 4) and that the wealthiest possess larger initial wealth (Figure 2)
to compound over time. Finally, the contribution of labor income declines at the top
of the wealth distribution, consistent with our findings on sources of lifetime income
(Appendix E in OSM).

Robustness under alternative assumptions. Panel III of Table I reports the
sensitivity of our baseline S-O decomposition to alternative assumptions (see Figure
F.3 in OSM for corresponding age profiles). Scenario 1 (S1) replaces private-firm tax
values with imputed market values using time-varying market-to-tax value multipliers
estimated from publicly listed firms.?® This adjustment mechanically raises the net
wealth of the top 0.1% from 124 x AW to 215 x AW-—reflecting an average multiplier
of about 1.8 and the high private-equity share of top portfolios—and generates cor-

22We do not employ the twin-matching approach here and instead track profiles from age 24
onward only, because twin matching becomes less relevant for wealth groups closer to the median
as their early life wealth profiles are similar (for instance, the [P90, P95) have initial wealth of
0.25 x AW at age 24, closely resembling the 0.12 x AW of median households at that age). As a
result, for the top 0.1%, the contribution of inheritances increases from 32.8% to 42.4% because all

initial wealth at age 24 is interpreted as inheritance.
ZWe rely on estimates from Andresen and Bg (2022), shown in Figure F.2 in OSM. We view

these imputed market values as upper bounds for private firm valuations because publicly listed

firms are presumably positively selected.
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responding capital gains and savings. However, the S-O shares change little because
initial wealth, capital income, and savings all rise roughly proportionally.

S2 imputes additional intergenerational transfers by marking up observed inheri-
tances and inter vivos transfers after age 20 by 30% for the top 0.1%. The 30% factor
comes from linking children to parents and comparing parental wealth at death to
our adjusted registered inheritance measure; for the top 0.1%, this ratio averages
1.3 (Figure A.3 in OSM). We view this as an upper bound, since not all parental
wealth is necessarily transferred. Even so, the inheritance share in the S-O decom-
position increases only slightly, reflecting that most of the inheritance contribution
arises through initial wealth at age 20 and its compounded effect over the life cycle.

S3 removes remaining aggregate time-series trends beyond those already elimi-
nated by normalizing by calendar-year average wealth (AW) as well as averaging
over 10 conditioning years. For each budget variable—mnet wealth, labor income,
capital income, and inheritances— in each age we create a time-independent distri-
bution by averaging their quantile functions across all years (for details see Appendix
F.1 in OSM). Thus, someone at P99 of the age-50 wealth distribution in any year
owns the same time-averaged wealth value, while her labor income or capital income
are replaced with values from corresponding age-specific time-invariant distributions.
This yields a synthetic stationary panel that preserves lifecycle and cross-sectional
heterogeneity within each variable while removing all remaining time-varying shifts.
Our S-O decomposition results under this exercise remain close to the benchmark,
suggesting little role for nonstationarity in our data. The terminal wealth level of the
top 0.1% decreases slightly, from 124.3 x AW to 119.8 x AW, reflecting that wealth

inequality at the end of our sample was slightly above the sample average.

5.2 Decomposing the New Money—Old Money Wealth Gap
The importance of each variable in the budget constraint for wealth accumulation
differs sharply between the Old Money, who begin adulthood with substantial wealth,
and the New Money, who start with very little wealth. To quantify these differences,
we apply the S-O decomposition separately to each subgroup of the top 0.1%. Figure
12 reports the decomposition of each group’s lifetime wealth gap relative to the P25-

P75 reference households.
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TABLE I - SHAPLEY-OWEN DECOMPOSITION: ADDITIONAL RESULTS

2019 Wealth (x AW) Inheritance =~ Saving  Return Labor

I. Terminal age groups for the top 0.1%, wealth dynamics from age 20

Age 45-49 98.0 31.2% 33.9% 29.2% 5.7%
Age 50-54 124.3 32.8% 39.1% 24.7% 3.4%
Age 54-59 126.7 29.7% 37.3% 27.8% 5.1%
Age 60-64 122.0 30.8% 35.1% 29.2% 4.9%
II. Wealth groups among aged 50-54, wealth dynamics from age 24

[P90, P95) 3.1 22.7% 62.2% 6.3% 8.9%
[P95, P99) 4.9 27.4% 53.9% 8.4% 10.3%
[P99, P99.9) 11.9 36.7% 40.7% 13.0% 9.6%
Top 0.1% 124.3 42.4% 37.4% 16.5% 3. 7%
ITI. Robustness: Top 0.1% aged 50—54, wealth dynamics from age 20
Baseline 124.3 32.8% 39.1% 24.7% 3.4%
S1. Market value private firms 2154 33.3% 36.0% 28.4% 2.3%
S2. Marking up inheritances 124.3 33.5% 38.9% 24.0% 3.5%
S3. Stationary distribution 119.8 32.1% 37.1% 28.4% 2.3%

Notes: Each row reports average wealth in 2019 together with the S-O decomposition shares. Panel I reports results
for the top 0.1% at different terminal ages, tracking wealth dynamics from age 20 (twins are added to extend profiles
back to age 20, except for the 45-49 group). Panel II reports results for different wealth groups within the terminal
age group 50-54, tracking wealth dynamics from age 24 without twin matching. Panel III reports robustness exercises
for the baseline group of the top 0.1% aged 50-54, including alternative assumptions on private-firm valuation (S1),
intergenerational transfers (S2), and the construction of stationary age-specific distributions (S3).

Old Money. Figure 12a shows that inheritances dominate as the source of the Old
Money’s wealth advantage. Higher saving rates are the second-largest contributor,
while higher returns also matter but to a smaller degree. By age 50, 42.2% and 31.4%
of the wealth gap of the Old Money is explained by higher inheritances and higher
saving rates, respectively. A higher return on wealth represents 25.9%, whereas only

0.6% is accounted for by relatively higher labor income.

New Money. The New Money tell a different story (Figure 12b). High saving rates
account for 50.1% of their excess wealth relative to mid-wealth households, followed
by high returns on wealth (37.6%) and high labor income (13.3%). In contrast,
inheritances contribute close to zero—indeed, they are slightly negative at -1.1%—
consistent with these households starting with slightly negative initial wealth, below
the average of the middle wealth group.

This contrasting evidence highlights the distinct economic forces that propel dif-

ferent households into the top of the wealth distribution: inherited wealth and saving
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FIGURE 12 — SHAPLEY-OWEN DECOMPOSITION: NEW MONEY AND OLD MONEY
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Notes: S-O decomposition for the New and Old Money households aged 50-54.

behavior for the Old Money, versus aggressive saving, strong returns, and high labor
income for the New Money. We use these insights in the next section to distinguish

between competing theories of top wealth inequality.

6 Theories of Wealth Inequality

We now connect our dynamic empirical findings to theories of wealth inequality.
We proceed in two steps. First, we evaluate a set of standard “single-channel” models,
each calibrated to match cross-sectional wealth inequality through one mechanism at
a time—such as superstar income, heterogeneous returns, stochastic discount factors,
or nonhomothetic bequest motives. While these models can fully rationalize cross-
sectional inequality moments, we show that they fail to capture key dynamic features
revealed by our empirical decomposition. Second, we show how our new dynamic
moments can be used constructively to discipline structural models. We calibrate a
richer model that embeds several mechanisms simultaneously, directly targeting the
dynamic decomposition. This exercise illustrates how our new evidence can identify

the forces behind wealth accumulation.

6.1 Evaluating Theories of Wealth Inequality
Basic model. We start from a baseline heterogeneous agents lifecycle model a

la Aiyagari-Bewely-Huggett-Imrohoroglu with log consumption utility, u (¢) = Inec.
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Agents live for a finite number of periods, divided into working and retirement years,
and die stochastically with an age-specific conditional probability 1. During work-
ing years, households face a labor income process estimated to match lifecycle patterns
and non-Gaussian features in Norwegian data (Halvorsen et al. (2022)); in retirement,
they receive pension income. The labor income process contains a fixed type (€), a
first-order Markov persistent component (1) whose innovations are drawn from a mix-
ture of normal distributions, and fully transitory non-Gaussian shocks (£). Hence,
for a given idiosyncratic exogenous state, © = (&, 7, ), the household problem can be

written as

Vi(w,©) = max {u(c) + (1 — Yp1)E [V (w',0) | O]},

c,w'>0

st.ctrw =w—7%w)+ (1 —7%) 7w+ 1,(0),

where w, 7, and 7% denote household wealth, the progressive wealth tax, and the
flat capital income tax, respectively. Furthermore, [, (©) represents post-tax-and-
transfer earnings. All taxes and transfers (including pensions) are calibrated to the
Norwegian data (see Appendix G in OSM for the externally calibrated parameter
values). Finally, the baseline model features accidental bequests.

We calibrate a single parameter, the discount factor f = 0.975, to match the
empirical aggregate wealth-to-labor income ratio of 6.4. As in Aiyagari (1994), the
baseline fails to generate sufficient top wealth concentration, even when paired with
a realistic non-Gaussian earnings process (Guvenen et al. (2024)). In our calibration,
the top 0.1% wealth share at age 50 is just 0.8%, far below the 9.3% observed in the
data (see column (1) of Table II).

Building on the baseline, we examine four augmented models (columns (2)—(5)
of Table II), each corresponding to a prominent theory of wealth inequality with
a counterpart in our empirical decomposition. We calibrate all of them to match
cross-sectional wealth inequality in the spirit of this literature.

Superstars. Column (2) introduces a superstar income state into the labor in-
come process, following Castanieda et al. (2003). Similarly to their calibration strat-
egy, we calibrate the value (108.2 x average labor income) and persistence (0.644) of

this shock to match two key cross-sectional statistics at age 50: the top 0.1% wealth
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share (9.3%) and the top 0.1% total income share (6.6%).%*

Heterogeneous returns. Column (3) augments the basic model with heteroge-
neous returns to wealth (e.g., Benhabib et al. (2019) and Hubmer et al. (2021)). We
replace capital income in the budget constraint of the household with (1 — 7%) - (r +
z+4()-w, where z is a fixed type and ( a transitory shock. We calibrate the dispersion
of z (0.048) and of ¢ (0.186) to again match the top 0.1% wealth and income shares.?®

Stochastic-#. Column (4) introduces fundamental heterogeneity in saving be-
havior via heterogeneity in the discount factor, following Krusell and A. A. Smith
(1998). We model f; as a fixed type that remains constant within a generation but
follows an AR(1) process across generations. We fix the persistence of this process
to the one of permanent labor ability (0.24) and calibrate the dispersion (0.113) to
match again the top 0.1% wealth share.

Nonhomothetic bequests. Finally, column (5) augments the basic model with a
nonhomothetic bequest motive (e.g., De Nardi (2004)). We add a warm-glow bequest
utility term v(b) = xIn(b + b), weighted by the death rate 1,4;. We calibrate the
nonhomotheticity parameter b = 10.0 x AW and the weight y = 40.8 to match the
top 0.1% wealth share and average wealth at death (0.8 x AW).

Evaluation of augmented models matched to cross section. FEach of
these four augmented models in columns (2)—(5) successfully replicates top wealth
concentration at age 50-54 (Panel A of Table II). Figure 13 assesses their broader
performance against cross-sectional inequality moments. The left panel shows that
all models reproduce the declining lifecycle profile of top wealth shares. The right

panel compares top income concentration: while all models generate less income

24We target a population fraction of superstars of 0.04%, borrowing from Castaiieda et al. (2003),
and assume that only the highest labor type (€) can enter the superstar state. Given the calibrated
superstar state exit probability of 1 —0.644 = 35.6%, the implied entry rate into the superstar state,

among the highest labor type workers (6% of the population), equals 0.25%.
25We fix the intergenerational persistence of z to the one of permanent labor ability (0.24). As a

result, the lifetime average return exhibits intergenerational persistence of 0.17, close to the estimate
reported in Fagereng et al. (2020a). Alternatively, we have disciplined the return process by directly
matching the cross-sectional return standard deviation (10.2 p.p.). The results, available on request,

are very similar.
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FIiGURE 13 — MODEL FIT TO CROSS-SECTIONAL INEQUALITY MOMENTS
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Notes: The fit of each of the four single-channel models to cross-sectional data on top wealth (left) and top income
(right) concentration over the life cycle.

than wealth inequality—as in the data—only the heterogeneous-returns and super-
star models match observed levels. The stochastic-5 and nonhomothetic bequest
models fall short, as they are theories of wealth, not of top income.

We conclude that, based on cross-sectional data alone, all four models remain
viable candidate explanations for top wealth concentration. To evaluate the fit of
these models to the dynamics of wealth accumulation, we apply the same empirical
procedure to simulated data and compute the S-O decomposition for households aged
50-54 in the model’s stationary equilibrium. Results are shown in Panel B of Table
IT for the full top 0.1% group, while Panels C and D provide the S-O decomposition
for the New Money and Old Money subgroups.

Compared to the data, these models place too much weight on inheritances and too
little on return and saving rate heterogeneity, generating excessive intergenerational
persistence in wealth. This pattern appears not only for the full top 0.1% group
but also when we split that group into quartiles by initial wealth, Q1-Q4. In the
data, New Money households start out poor and rise rapidly through high returns
and high saving rates. In most models, however, Q1 households start out already
wealthy because inheritances dominate their dynamics, so they produce too few self-
made households and too little early-life wealth growth. Likewise, the Q4 group
(Old Money in the data) relies disproportionately on inherited wealth in the models,
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TABLE II — QUANTITATIVE MODELS AND DYNAMICS MOMENTS

Structural Models

(1) (2) 3 @ (5)  (6)

Data Basic Superstar Returns 5 Bequest Full

Target cross-section v v v v v
Target dynamics v

A. Cross-Sectional Moments
Wealth /Lab.Inc. ratio 6.4 6.4 6.4 6.4 6.4 6.2 6.2
Top 0.1% wealth (%) 9.3 0.8 9.3 9.3 9.3 9.2 9.2
Top 0.1% income (%) 66 0.8 6.6 6.6 1.8 20 6.8
Business owners (%) 7.2 7.3
Debt-to-equity 1.5 1.5
B. Dynamics: Top 0.1% Wealth Decomposition
Initial wealth (AW) 6.9 2.7 5.5 31.8 57.7 124.8 8.8
Wealth at 50-54 (AW) 124.3 11.2 124.3 124.3 124.3 122.2 122.5
Inheritance (%) 32.8  33.3 6.6 53.3  68.6 106.9 32.3
Labor income (%) 3.4 50.1 57.1 0.0 0.2 0.0 5.1
Returns (%) 24.7 -0.1 -0.2 20.3 -0.2 0.0 27.1
Saving rate (%) 39.1 16.7 36.5 26.4 314 -6.8 35.5
C. Dynamics: Q1 (Data: New Money) Wealth Decomposition
Initial wealth (AW) -0.1 0.0 0.0 6.9 255 112.9 0.0
Wealth at 50-54 (AW) 83.7 10.9 108.3 745 787 110.1 834
Inheritance (%) -1.1 -14 -0.1 36.1 55.6 107.1 0.0
Labor income (%) 13.3 723 61.2 0.4 2.7 -0.1  13.7
Returns (%) 37.6  -0.1 -0.1 284 -0.3 0.0 38.9
Saving rate (%) 50.1 29.2 39.0 35.1 41.9 -7.0 474
D. Dynamics: Q4 (Data: Old Money) Wealth Decomposition

Initial wealth (AW) 25.9 9.0 20.6 74.0 113.5 139.5  33.5
Wealth at 50-54 (AW) 217.0 10.7 133.9 214.8 204.6 136.9 213.6
Inheritance (%) 42.2  110.1 21.0 60.0 74.7 106.7 44.6
Labor income (%) 0.6 4.2 49.1 0.0 -0.1 0.0 1.9
Returns (%) 25.9 -0.1 -0.2 18.6 -0.2 0.0 22.9
Saving rate (%) 314 -14.1 30.1 21.4 25.5 -6.7 30.6

Notes: Columns 2-6 report the model counterparts to the moments in the data (column 1). In each column, targeted
moments are in bold. Cross-sectional wealth and income shares are computed at age 50-54. The dynamic wealth
decompositions are computed using the backward-looking Shapley—Owen method at age 50-54. For Panels C and D,
households in the top 0.1% at age 50-54 are divided into quartiles based on their initial wealth in the first period (age
23). We refer to Q1 as New Money and Q4 as Old Money when describing the data.
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exhibiting far less active accumulation than in the data, where Old Money households
continue to earn high returns and save at elevated rates.

Among these single-channel models, the superstar model comes closest to gen-
erating New Money—type dynamics. Superstar income can be interpreted as en-
trepreneurial income from both labor and capital. Yet, this model still places too
much weight on the joint labor and capital returns contributions (56.9% vs. 28.1% in
the data) and far too little on inheritances (6.6% vs. 32.8%). Q4 households fail to
compound their initial wealth as their returns are too low. In sum, although all mod-
els replicate the cross-sectional concentration of wealth, none matches the dynamic

processes that underpin top-wealth accumulation in the data.

6.2 Disciplining Theories of Wealth Inequality

These findings point to two key ingredients needed to match the dynamic features
of the data. First, heterogeneous returns, nonmonotone in wealth, are essential to
generate New Money households who start with little or no wealth yet accumulate
rapidly. Second, a mechanism is needed to ensure that high-wealth households already
save at higher rates early in life, and to transmit wealth across generations so as to
generate Old Money households—without overstating the role of inheritances as the
previous models do. We incorporate both elements in the full model (column (6) of
Table IT), augmenting the basic model in two ways. First, households may invest in
a decreasing returns to scale production technology with heterogeneous returns to a
fixed factor (a la Cagetti and De Nardi (2006) and Quadrini (2000)). Second, we
introduce nonhomothetic preferences via wealth in the utility function (e.g., Carroll
(1998), Gaillard et al. (2023), and Straub (2019)). We discipline the strength of these

mechanisms by directly targeting our dynamic S-O decomposition facts.

Model details and calibration. We choose nine parameters to target fourteen
moments in the data. The targeted moments are the five cross-sectional statistics in
Panel A of Table II-—the wealth—labor income ratio, the top 0.1% wealth and income
shares, the share of business owners, and the aggregate debt-to-equity ratio—together
with the SO wealth decomposition shares for the full top 0.1% group and for the
New Money and Old Money subgroups in Panels B-D.?¢ While the nine parameters

26Each decomposition contains four entries that sum to 100% and therefore provides three inde-

pendent moments.
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are jointly identified, we describe below the moment to which each parameter is most
closely tied. With fourteen moments and nine parameters, five moments act as over-
identifying restrictions.

First, households may invest in a stochastic production technology that uses cap-
ital to generate additional income: 7(w,z,() = max{0, maxg<x,{(e*** - k)* — (§ +
r) -k — c¢s}}, where w is net worth, k is entrepreneurial capital subject to a col-
lateral constraint parametrized by A, z is the entrepreneurial type (constant over
the life cycle), and ¢ is an ii.d. shock. We fix the returns to scale parameter at
w = 0.8, consistent with the literature (e.g., Guvenen et al. (2023)). Decreasing re-
turns are crucial to match high returns to equity early in life for new entrepreneurs,
enabling fast wealth accumulation while preventing excessive divergence as wealth
grows. We allow the fixed type z to be correlated with the permanent labor type
&z = /1—p%Lz+ pe-2=(€ — Ele]), where the latent type Z follows an indepen-
dent AR(1) Gaussian process with cross-sectional dispersion o, and intergenerational
persistence p,. Under this formulation, o, is the standard deviation of the effective
entrepreneurial type z and p,, is its correlation with labor type.

The dispersion of (i) the fixed type (0, = 0.527)) and (ii) the i.i.d. shock (o¢ =
0.774)) jointly shape the cross-sectional top 0.1% income and wealth shares at age
50. (iii) The correlation p., = 0.473 primarily affects the labor income contribution
to New Money wealth accumulation, while (iv) the persistence p, = 0.721 controls
intergenerational propagation of high entrepreneurial returns and hence the return
component of Old Money.?” (v) The fixed cost ¢; = 0.138 x AW controls the 7.2%
share of entrepreneurs in the population, and (vi) the leverage constraint A = 2.93
the aggregate debt-to-equity ratio of 1.5.%

Second, we modify period utility to Inc + yIn(a + a), interpreting the latter as

“capitalist spirit” motive. This preference for wealth mirrors the warm-glow bequest

2"In simulated data, the persistence of the return fixed effect computed as in Fagereng et al.
(2020a) is lower at 0.171, close to their empirical estimate of 0.16, because the persistence of effective
entrepreneurial ability z is a convex combination of p, and the one of € (0.24), interacts with

decreasing returns to scale, and is attenuated by the substantial i.i.d. shock (.
28The implied weighted average firm leverage is about 60%, consistent with the household-level

firm-leverage patterns shown in Sections 3.3 and 4.2.
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motive, except that it is not multiplied by the death rate and, therefore, already
important early in life. For comparison, the warm-glow bequest model in column
(5) loads way too much on inheritances and even features a negative saving rate
contribution (since wealthy heirs initially deplete their wealth).?® (vii) The weight
X = 0.68 and (viii) the nonhomotheticity parameter a = 10.3 x AW affect primarily
the inheritance and saving rate contributions in the S-O decomposition. Finally, as
in all model versions, (ix) 8 = 0.934 controls the wealth-labor income ratio.’

This leaves several of the S-O shares, in particular for New and Old Money, as
overidentifying restrictions. In addition, Table II also reports the starting and end

points of each group’s lifecycle wealth profiles as additional validation.

Findings. Column (6) of Table II shows that the full model provides a close joint
fit to both the cross-sectional moments and the dynamics of wealth accumulation.
At age 50, the model replicates the empirical SO decomposition for the top 0.1%,
matching the relative importance of inheritances, labor income, returns, and saving
behavior. Figure 14a further shows that the model captures the lifecycle patterns
of these components: inheritances dominate early in life but gradually decline in
importance, while differences in saving rates and realized returns increasingly account
for the widening wealth gap as households age.

The model also replicates the rapid wealth accumulation of the New Money. As
in the data, they start with zero wealth and reach 83.4 x AW by age 50. Their
fast rise is driven primarily by high saving rates and high returns, with a nontrivial
contribution from high labor income. As in the data, the New Money in this model
earn even higher returns than the Old Money, who themselves enjoy above-average
returns. This result arises from decreasing returns to scale technology; conditional on
productivity, returns decline with wealth. Therefore, the New Money operate highly
productive but capital-constrained start-ups that grow rapidly. Figure 14b shows the

29Benhabib et al. (2019) use a quantitative model targeted to US data to find that return hetero-
geneity contributes to top wealth concentration but is not sufficient. In addition, a luxury bequest

motive is quantitatively important in accounting for top wealth inequality.
30We remove accidental bequests as these overstate the importance of inheritances, even when

x = 0. We relegate non-essential calibration details to Appendix G in OSM, which also shows results

for the deterministic lifecycle versions of single-channel models.
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FIGURE 14 — SHAPLEY-OWEN WEALTH DECOMPOSITION IN THE FULL MODEL
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resulting lifecycle S-O decomposition.

The model also matches the finding that while the Old Money start with substan-
tial inherited assets (33.5 x AW), they continue to grow their fortunes to 213.6 x AW.
The Old Money own mature, well-capitalized firms with healthy returns that, com-
bined with the nonhomothetic consumption-saving motive, sustain persistent wealth
accumulation. Figure 14c shows the corresponding lifecycle S-O decomposition.

These findings have important implications for the design of capital income and
wealth taxation, as the equity-efficiency trade-off depends critically on the nature of

wealth dynamics among the wealthiest—dynamics our analysis helps to illuminate.

7 Conclusions

The earlier literature has offered several explanations for the observed high concen-
tration of wealth, such as the intergenerational transmission of bequests and human
capital (De Nardi (2004)) and the heterogeneity in rates of return (Benhabib et al.
(2019) and Cagetti and De Nardi (2006)), saving rates (Krusell and A. A. Smith
(1998)), and labor earnings (Castaneda et al. (2003) and Kaymak et al. (2026)). In
this paper, we used a rich administrative dataset from Norway between 1993 and 2019
to quantify the importance of each of these channels for the wealth accumulation of
the richest households. We find that, between ages 45 and 64, the excess wealth of the
top 0.1% relative to mid-wealth households is accounted for by higher saving rates

(36%), higher inheritances (31%), and higher returns (28%), whereas higher labor
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income accounts for the small residual (5%).

Furthermore, we find significant heterogeneity among the wealthiest: Around one-
fourth of these households, the New Money, start below the median wealth yet achieve
rapid wealth growth. Their fast ascent to the top is accounted for by a higher saving
rate (50%) and by higher returns on net wealth (38%), with higher labor income (13%)
also contributing significantly. In contrast, the Old Money are mainly characterized
by higher inheritances (42%) and to a lesser extent by higher saving rates (31%) and
higher returns (26%).

Our empirical findings shed light on mechanisms underlying wealth accumula-
tion, especially for the richest. Compared with our new empirical evidence, standard
models of wealth inequality—whether emphasizing bequests, return heterogeneity, or
stochastic discount factors—put too much emphasis on inheritances and too little
on return and saving rate heterogeneity in accounting for top wealth concentration.
They generate too few New Money households and insufficient wealth growth for Old
Money. The superstar model exhibits the opposite problem, producing too few Old
Money households. However, a heterogeneous entrepreneurship model with decreas-
ing returns to scale technology—yielding nonmonotone wealth-dependent returns—
and nonhomothetic preferences successfully replicates both cross-sectional inequality
as well as our novel evidence on the dynamics of wealth inequality.

These quantitative findings reveal that our novel dynamic empirical facts indeed
help us quantify the role of different economic forces behind top wealth concentration.
As different mechanisms imply different economic policy prescription, we hope our

findings will further feed back into economic research and policy analyses.
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A Data Appendix

A.1 Data sources

Tax returns (TAX). The main data source is tax returns for all persons in Norway
from 1993 to 2019. The tax system is residence based (excluding Norwegians living
abroad). Income is taxed individually, but wealth is taxed jointly for married couples.
Cohabitant couples are taxed separately, even if they own assets jointly. For housing,
the division of jointly owned assets follows formal ownership shares, whereas mortgage
division is chosen freely. For most households, this division has little consequence, as
only a fraction pay wealth taxes due to exemption thresholds. All values are measured
as of December 31. We revert items reported with discounted tax values to their initial
market value (see discounts in Table A.1). Records rely primarily on third-party
reporting from employers and financial intermediaries (e.g., banks, brokers, or the
Norwegian Central Securities Depository (VPS)). Items not provided by third parties
(e.g., foreign income) are self-reported and checked by the tax authority, which also

utilizes automatic routines to flag and audit extreme fluctuations in income or wealth.

Shareholder register (SHR). All private companies must submit shareholder
information to the Norwegian Tax Administration. The register is available partially
from 2001 and completely from 2004. We calculate a person’s ownership fraction by
combining individually owned shares with the total number of shares. While some
companies are held directly, many are owned indirectly through other firms. We trace
indirect ownership back to the ultimate individual owner through up to four layers.

Including additional layers does not change our results in any material way.

Firm balance sheet and tax return. For equity in unlisted firms, we rely on
assessed values derived from balance sheets and book values reported to tax authori-
ties. Balance sheets include total equity, assets, debt, retained earnings, revenue, and
profits. Tax authorities use routines to identify underreporting. Additionally, firms

with turnover above USD 500,000 are required to have their balance sheets audited.

Housing wealth. We use housing wealth based on an ensemble machine-learning
method on transaction data for the period 1993-2019. This imputation covers owner-
occupied housing, secondary housing, and cabins. Wealth is allocated to individu-

als according to ownership shares. Our construction of housing wealth extends the



methodology in Fagereng et al., 2020b from 2015 to 2019.

Central population registry and Norwegian educational database. The an-
nual national register, available since 1964, contains individual identification num-
bers, residence, marital status, and highest completed education. Each individual
has a unique personal ID number, and marital status is recorded as single, mar-
ried /cohabitant, widowed, divorced, or separated. We create a household ID using
spousal IDs and marital status; a change in status (e.g., marriage or divorce) gen-
erates a new household ID. The head of household is defined as the older spouse.
A household’s "year of death" is computed using the full panel of individual death
dates (and is missing whenever any member survives to the end of the observation

window). It is defined as the maximum year of death associated with that household
ID.

Inheritance tax records. These records include information about inheritances
and inter vivos gifts as derived from Inheritance tax records from 1995 to 2013. The

inheritance tax in Norway was abolished in 2014.

A.2 Income Sources
Labor income, self-employment income, and transfers. Source: Tax records

and Social Security Administration records [annual, 1993-present)].

e Labor income: Labor income includes wages and salaries, bonuses and other
irregular payments. The information is third-party reported by employers
Tax codes: TAX 2.1.

e Labor income from self-employment: Labor income from self-employment
corresponds to the labor component of business income reported in tax records.
Norway employs a dual-income tax system where capital taxation is proportional
and labor taxation is progressive. To ensure neutrality between wage earners and
entrepreneurs, income from self-employment and closely held companies is split: an
imputed return to capital is taxed as capital income, while the residual is taxed as
labor income. After the tax reform in 2006 it is calculated from net business profits
minus an imputed return to business capital, which approximates the normal return
on invested assets. The remaining income is treated as labor income of the owner,

taxed like wage income (subject to social security contributions and progressive



income tax), and is recorded at the individual level across all businesses owned by
the taxpayer.
Tax codes: TAX 1.6, TAX 1.7 and TAX 2.7).

Transfers: Transfers includes unemployment benefits, sickness benefits, paid parental
leave, disability benefits, public pensions, and other social welfare payments.

Tax codes: TAX 2.1.7, TAX 2.2, sykepenger, foreldrepenger, dagpenger, arbeid-
savklaringspenger, tidbegrenset uforestonad, bostgtte and sosialhjelp from the Social

Security Administration.

Interest income and expenditure. Source: Tazx records [annual, 1993-present].
Interest income is the sum of interest income on bank deposits in Norway (TAX 3.1.1),
other interest income (TAX 3.1.2), interest on loans to companies (TAX 3.1.3), yields
and disbursements from endowment insurance (TAX 3.1.4), and interest income on

bank deposits abroad (TAX 3.1.11). We impute interest on outstanding claims and

private loans using the average deposit rate. Interest expenditure is payments on

debt at home and abroad (TAX 3.3.1 + TAX 3.3.2 + TAX 3.3.4).

Dividends. Source: Taz records [annual, 1993-present| , Shareholder registry [an-

nual, 2001-present], Firm balance sheet and taz return [annual, 1995-present]. Tax

records contain taxable dividends received from stocks and shares registered in the

VPS (TAX 3.1.5), from mutual funds (TAX 3.1.6), from private equity, and foreign
shares or unit trusts not registered with the VPS (TAX 3.1.7).

From 2004, dividends received from non-listed companies can be obtained by

combining a person’s share in a company with the company’s dividend payout. Using

the fraction of an unlisted company (k) that an individual (i) owns (as measured
in the SHR, and including indirect ownership), s%, and multiplying with dividends
from an unlisted company, DF, gives us an alternative measure of dividend income as

>, s5DEF. These provide two sources of information for dividends. In practice, 92%

of observations are equal in the two datasets, whereas 8% have a positive value in tax

records (TAX) and zero in the shareholder registry (SHR) or vice versa. When there
is a discrepancy, we use the non-zero value. Otherwise, we use tax values (TAX) up

to and including 2003, and shareholder registry (SHR) from 2004.

Capital gains from housing. Source: Imputed housing values [annual, 1994-2019].

Capital gains from housing are calculated as the annual change in imputed house value

3



in years with no transactions, winzorized at the top and bottom 2% values (e.g., 2nd
and 98th percentiles). In years with market transactions, capital gains from housing
are set to zero since net transactions are measured directly from housing transaction
data (i.e., net saving in housing is calculated based on net transactions at market
value in a given year), while capital gains are imputed, and therefore, it would not
add up if we tried to decompose the two parts. Capital gains from housing are also

set to zero in period t if the housing value is zero in either ¢ or ¢ — 1.

Income from housing. Source: Taz records, imputed housing values [annual, 1993-
2019]. Following the rental-equivalence approach, annual owner-occupied housing in-
come is imputed on average at 2.23% of property value (Eika et al. (2020)), adjusted
for changes in the price-to-rent ratio over our sample period calculated by the OECD.
Total housing income is thus the sum of imputed rental income, income from own-
ership of real assets from tax returns (TAX 2.8.2), and taxable income from renting
out a holiday home or property abroad (TAX 2.8.3 + TAX 2.8.5).

Capital gains from private equity. Source: Shareholder registry [annual, 2001-
present|, Firm balance sheet and taz return [annual, 1995-present|. Capital gains on
private equity are obtained by linking individual and firm data using SHR. Balance
sheets contain information about total equity (total assets minus total debt), earned
capital, dividends, total revenue, profits before tax, and profits after tax. We measure
unrealized capital gains as the individual’s share of their company’s retained earnings.
Retained earnings in year t is the part of earned capital that is not paid out as
dividends. Using the fraction of a company (k) that an individual (i) owns (as

measured in the SHR), s%, we allocate these earnings to ultimate owners.

Capital gains from directly held public equity. Source: Shareholder registry
lannual, 2001-present|, Tax records [annual, 1993-present]. For years where stock
specific prices are available (2004-2015), capital gains on directly held public equity
is calculated as y! = (pst — pst—1) * (w;_1), where w;g is the individual’s holding of
a stock s at the end of t — 1, and p,is the price. Otherwise, the overall Oslo Stock
Exchange (OSE) price change is used, and gains are calculated as y5, = (pf” — pl”,) *
0.5(wh + wh’ ).

Capital gains from mutual funds. Source: Tax records [annual, 1993-present].

Following Fagereng et al. (2019), we obtain capital gains from mutual funds by assum-
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ing that mutual funds investors own a composite index fund representative of the Oslo
Stock Exchange (OSE) market (80%) and the MSCI World (20%) with price p;*/ as
measured on December 31 of year t — 1, which we take from the OSE price database.
Yields on mutual funds are calculated as y7 = (p}" —p/™)) % 0.5(w}’ +w! ), where
f

w;y” is assets in mutual funds in year ¢.

A.3 Assets and Liabilities

Safe assets. Source: Taz records [annual, 1993-present]. Safe assets are sum of
bank deposits in Norwegian banks (TAX 4.1.1) + cash (TAX 4.1.3) + deposits in
foreign banks (TAX 4.1.9), bond funds and money market funds (TAX 4.1.5), bonds
(TAX 4.1.7.2), and other financial assets such as outstanding claims/loans to friends
and family (TAX 4.1.6).

Public equity. Source: Tax records [annual, 1993-present]. Public equity includes
mutual funds/stock market funds (TAX 4.1.4) and shares/stocks and shares listed in
VPS (TAX 4.1.7).

Private equity. Source: Tax records [annual, 1993-present|, Sharecholder registry
lannual, 2001-present|, Firm balance sheet and taz return [annual, 1995-present]. The
value of private equity assets in tax records is the firm-assessed tax value of shares in
non-listed Norwegian firms plus non-listed bonds and options (TAX 4.1.8). A private
business is a company that is not listed on a stock exchange. These firms are typically
small- to medium-sized businesses or holding companies. In 2006, Norway introduced
a dividend tax at the personal level as part of a major tax reform. One response to this
reform was that the number of holding companies increased, as owners would retain
their earnings in firms to avoid paying dividend tax. These holding companies are
therefore common, especially at the top of the wealth distribution. It is important
to account for indirect ownership so that we are able to allocate capital gains to
the ultimate owner. The approach is similar to other papers using Norwegian data
(Alstadsaeter et al. (2018), Fagereng et al. (2020a, 2019)). Using the fraction of
an unlisted company (k) that an individual () owns (as measured in the SHR and
including indirect ownership), s¥, and multiplying with the equity value of an unlisted
company (V/¥), gives us an alternative measure of the overall value of unlisted shares
owned as Y, sk V;*. The correlation between equity values in TAX and book values

is 0.98 for non-zero values in both registers. We compute indirect ownership up to



four layers. For more than four layers, it becomes difficult to avoid a degree of cross-
ownership. We use equity values from balance sheets to ensure a consistent measure
of returns but balance-sheet holdings are rescaled so that their aggregate matches the
tax-based total to ensure a consistent measure over time, since we use the tax return
until 2003 and balance sheet information from 2004. In addition, we use information
from SHR and balance sheets in 2001-2003 when possible.

Housing. Source: Imputed housing values from Fagereng et al. (2020b) [annual,
1993-2019]. We use imputed values of housing based on ensemble machine-learning
methods on housing transaction data, as described in detail in Fagereng et al. (2020D).
The imputation includes not only owner-occupied housing, but also secondary housing
and cabins (holiday homes). Housing wealth is allocated to individuals according to
their ownership shares. That is, if a married couple has reported that the wife owns
30% and the husband 70%, these ownership shares are used when allocating household

values to individuals.

Household Liabilities. Source: Tax records [annual, 1993-present]. Household
liabilities include total household debt; That is, the sum of mortgages, student loans
and consumer debt (TAX 4.8).

A.4 Taxes

Total taxes. Source: Tax records [annual, 1993-present]. Total taxes include those

paid on labor income, capital income and wealth.

Labor income tax. Source: Tax records [annual, 1993-present]. Tax on labor in-
come, T', is derived from other tax components and approximated as T} = (T} — T )—
Yerf, where Y¢ is capital income (as defined in tax records), T" is total taxes, T" is

wealth tax, and 7¢ is the flat tax rate on capital income.

Capital income tax. Source: Taz records [annual, 1993-present]. Capital tax is
approximated as T} = Y,°7/, where Y is capital income as defined in tax records and
7¢ is the flat tax rate on capital income, which was 28% until 2014. From 2014 to

2019, the tax rate on capital was gradually reduced to 22%.
Wealth tax. Source: Tazx records [annual, 1993-present]. During our sample period,

wealth taxation has become more lenient, both through a reduced rate and through

specific valuation concessions. Table A.1 shows the evolution of the wealth tax over



TABLE A.1 - THE WEALTH TAX 1993-2015

Tax Value (%) Tax Value (%)
Allow- Primary Pub. stock/ Allow-  Primary Pub. stock/

Year Rates ances home* priv. equity**  Year Rates  ances home* priv. equity**
1993 1/1.3 120/235 20-25 100(75)/30 2011 1.1 700 25 100
1994-97 1.1/1.4/1.5 120/235/530 20-25 100(75)/30 2012 1.1 750 25 100
1998-04 0.9/1.3 120/540 20-25 100(65)/65 2013 1.1 870 25 100
2005 0.9/1.3 151/540 20-25 65 2014 1.0 1000 25 100
2006 0.9/1.3 200/540 20-25 80 2015 0.85 1200 25 100
2007 0.9/1.3 220/540 20-25 85 2016 0.85 1400 25 100
2008 0.9/1.3 350/540 20-25 100 2017 0.85 1480 25 90
2009 1.1 470 20-25 100 2018 0.85 1480 25 80
2010 1.1 700 25 100 2019 0.85 1500 25 75

Allowances in 000s of NOK. * Prior to 2010, tax values were based on construction cost and adjusted irregularly, but
on average kept at a level corresponding to 20%-25% of market value. Not shown in the table are the values of other
real estate, such as secondary housing, holiday homes, and business property. These were also reported by their set
tax values until 2010, when they were replaced by 40% of market value. This discount has been reduced in recent
years. ** In 1994-2004, there was no tax discount on shared traded on the stock exchange, except for small to medium
sized businesses (in parentheses). After 2004, the same discount applies to both public and private stocks.

our sample period.

Inheritance tax. Source: Inheritance tax records [annual, 1995-2013]. Norway
taxed inheritances for most of the study period. Records were digitized in 1995
through the tax’s 2014 abolition, limiting our observation window. We observe the

exact inheritance taxes paid by each heir.

A.5 Imputing Equity Income Prior to 2005

Following previous studies using Norwegian data (Alstadseeter et al. (2025) and
Fagereng et al. (2020a, 2019)), we obtain both dividends and retained earnings
by linking individuals’ equity ownership—both direct and indirect through holding
companies—to companies’ balance sheets using the shareholder registry only from
2005 onward. To address this limitation, we employ machine learning techniques
to impute equity income for 1994-2004 using a machine-learning model trained on
post-2004 data.
A.5.1 DModel Selection: Gradient Boosting Regression

We employ Gradient Boosting Regression (Friedman, 2001) from Pedregosa
et al., 2011 library as our machine learning model of choice. This technique constructs
an ensemble of decision trees sequentially, with each new tree specifically targeting

and correcting the residual errors from previous iterations. This adaptive approach

L Although the shareholder registry starts in 2001, records are only complete from 2004 onward.

We use actual data when available.



is particularly valuable for our microdata analysis, where complex, hierarchical rela-
tionships often exist beneath the surface.

Before selecting Gradient Boosting Regression as our preferred method, we eval-
uated several alternative machine learning approaches for imputing financial data.
These alternatives included Random Forest Regression, which builds multiple deci-
sion trees independently and averages their predictions; AdaBoost, an earlier boosting
algorithm that uses a different weighting scheme; standard Decision Tree Regression;
and parametric approaches such as Lasso and Ridge regression with polynomial fea-
tures to capture non-linearities.

Gradient Boosting Regression consistently outperformed these alternatives in our
context. A primary advantage of gradient boosting is its capacity to capture intri-
cate non-linear relationships without explicit feature engineering. In our context,
for example, we hypothesize that wealth and age significantly influence returns, but
the precise functional form of these relationships remains uncertain and likely highly
non-linear. Gradient boosting excels at discovering these complex patterns, enabling
us to model relationships that would be difficult to specify parametrically.

The technique demonstrates remarkable robustness to outliers—a critical advan-
tage given the heavily skewed distributions of wealth, inheritance, and investment
returns in our population. This robustness stems from the algorithm’s approach
of predicting target variables by averaging values within decision tree leaves, which

naturally moderates the influence of extreme observations.

A.5.2 Hyperparameter Optimization and Validation Framework
We follow a rigorous statistical learning framework designed to ensure both opti-
mal performance and reliable generalization to out-of-sample data. We implement a

comprehensive two-stage validation strategy:

1. Initial Train-Test Partition. We begin by partitioning our full dataset into
strictly separated training (80%) and testing (20%) samples using a fixed ran-
dom seed to ensure reproducibility. This initial partition is established before
any model development begins, guaranteeing that the test set remains com-
pletely untouched during all stages of model optimization. The test set serves
as our final evaluation benchmark, providing an unbiased assessment of model

performance on data not used in any aspect of model development.



2. Hyperparameter Optimization via Randomized Search. Within the

training set, we implement an efficient hyperparameter optimization procedure
using RandomizedSearchCV from scikit-learn. Rather than exhaustively search-
ing all possible hyperparameter combinations (which would be computationally
prohibitive), we use a randomized search that samples from parameter distri-
butions.
During the optimization process, each candidate parameter configuration un-
dergoes k-fold cross-validation within the training set. This creates multiple
training-validation splits, ensuring that parameters generalize well across differ-
ent subsets of our data rather than overfitting to idiosyncratic patterns in any
single subset.

The hyperparameter space we explore includes:

e learning rate is drawn from a uniform distribution between 0.05 to 0.15.
This parameter controls how much each new tree contributes to the ensemble.

Lower values require more trees but often lead to better generalization.

e max _depth is drawn from random integers between 3 and 15. It determines
the maximum depth of each decision tree Deeper trees can capture more

complex patterns but risk overfitting.

e n_estimators is a uniform integer variable between 100 and 200. It defines
the number of sequential trees to build. More trees generally improve perfor-

mance until diminishing returns set in.

By defining continuous distributions rather than discrete points for parameters
like learning rate (e.g., uniformly distributed between 0.05 and 0.15), we can
discover optimal settings that might be missed by coarser grid-based approaches.
We also utilize parallel processing (n_jobs=5) to speed up the tuning process,

allowing for more thorough exploration of the parameter space.

A.5.3 Training Model Using Post-2005 Data
We obtain both dividends and retained earnings for equity using the link between
individuals’ equity ownership and companies’ balance sheets given by the shareholder

registry, which is available only from 2005 onward. Below, we explain how we prepare



the data to be used in our imputation. We also discuss our model’s performance in

fitting the data.

Data Preparation We define total wealth as the sum of private equity, public
equity, housing, and safe assets minus liabilities. Equity holdings are calculated as
the sum of private and public equity components. Following established practice in
the literature (Fagereng et al. (2020a)), we exclude individuals with financial wealth
below NOK 9,000 (approximately USD 1,000) to ensure reliable return calculations
and avoid extreme values caused by small denominators. Furthermore, to mitigate the
influence of extreme return values, we winsorize the equity return variable at the 0.5th
and 99.5th percentiles, replacing extreme values with these percentile thresholds. We
compute equity returns by summing capital gains on private equity, capital gains on
stocks, and dividend income, then dividing by the average equity holdings between
the current and previous year (a la Dietz (1968)).

We normalize wealth and equity variables by the average wealth and average equity
holdings in each year, while income variables are normalized by average earnings,

ensuring comparability across time. The full list of predictor variables includes:

e Individual Characteristics.

1. Individual’s age

2. Gender indicator (1 for male, 0 for female)

3. Labor income, normalized by average earnings

4. Self-employment income, normalized by average earnings

5. Sum of inheritance and inter-vivos transfers received, normalized by average

wealth
e Wealth Measures.

1. Total wealth, normalized by average wealth
2. Arc-percent change in wealth from previous year

3. Individual’s percentile position in the wealth distribution within year
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4. Total equity holdings (private + public), normalized by average equity holdings
5. Arc-percent change in equity holdings from previous year
6. Average of current and previous year’s equity holdings, normalized

7. Individual’s percentile position in the equity distribution within year
e Portfolio Composition.

1. Share of total assets held in equity

2. Arc-percent change in equity share from previous year

3. Share of total assets held in housing

4. Arc-percent change in housing share from previous year

5. Share of total assets held in safe assets (e.g., deposits, bonds)
6. Arc-percent change in safe assets share from previous year

7. Share of equity holdings invested in publicly traded securities
8. Arc-percent change in public equity share from previous year

9. Leverage ratio (liabilities divided by total assets)
e Returns on Other Asset Classes.

1. Return on housing investments
2. Arc-percent change in housing returns
3. Return on safe assets

4. Arc-percent change in safe asset returns
e Macroeconomic Indicators.

1. Average wealth in the population for the given year

11



TABLE A.2 — R? for Imputing Equity Returns
(1) (2) (3)
Train Sample Test Sample Entire Data

R* 0.68 0.46 0.64
Obs 991,478 247,869 1,239,347

2. Arc-percent change in average wealth from previous year

3. Average equity holdings in the population for the given year

4. Arc-percent change in average equity holdings from previous year
5. Average earnings in the population for the given year

6. Arc-percent change in average earnings from previous year

This rich feature set enables the model to capture diverse factors influencing equity re-
turns, including individual financial circumstances, portfolio decisions, position in the
wealth distribution, and broader economic conditions. The inclusion of arc-percent
changes for many variables allows the model to incorporate dynamic financial behav-

iors and trends over time.

A.5.4 Model Performance and Results

We now discuss how good our imputation of returns on equity is. The explanatory
power of our model is relatively high with an overall R-squared of about 0.68 for the
training data, 0.46 for the out-of-sample test, and 0.64 for the entire data (A.2).

Figures A.1 and A.2 show the impressive performance of our gradient boosting
model in capturing the heterogeneity of equity returns across both the wealth and
equity distributions. The predicted returns (red lines) track closely the actual returns
(blue lines) across training, test, and full samples demonstrates the model’s ability to
generalize effectively.

Figure A.1 reveals several key patterns in equity returns across the wealth distri-
bution. Below the 80th percentile, the model successfully captures a subtle U-shaped
pattern. From the 80th percentile onward, equity returns rise steadily, accelerating
for the wealthiest households—the model accurately tracks this non-linear relation-

ship as returns increase from approximately 7% in the middle of the distribution to
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FIGURE A.1 — AVERAGE RETURNS OVER THE WEALTH DISTRIBUTION

(A) Training sample (B) Test Sample (¢) Whole sample
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Notes: Panel A shows the average equity returns across the wealth distribution. Panels B and C show the same
figure for test and entire samples, respectively. The last two points correspond to percentiles between P99-P99.5 and
P99.5-P100, respectively.

about 20% at the very top. At the extreme upper end, returns decline sharply, which
the imputation also matches closely.

The striking agreement between actual and predicted returns across all three
panels confirms that our model successfully replicates the wealth gradient in invest-
ment performance documented in previous literature. This gradient—where wealthier
households achieve systematically higher returns—represents a crucial mechanism in
wealth inequality dynamics that our imputation method preserves.

Figure A.2 offers a complementary perspective by plotting returns against the
equity distribution itself (among equity holders). A clear monotonic relationship
between the amount of equity held and the returns achieved. Households with larger
equity positions (higher percentiles) systematically outperform those with smaller
positions, with returns rising from approximately 4% at the bottom to less than 20%
at the top of the distribution. The model captures the subtle downturn in returns
at the very top of the equity distribution, potentially reflecting different investment
constraints or strategies among those with the largest equity holdings.

These results provide strong validation for our machine learning approach to equity
returns imputation, demonstrating that the model successfully captures both the level
of returns and their complex variation across the wealth and equity distributios. The
maintained heterogeneity in returns is essential for our empirical investigation of

lifecycle wealth accumulation.
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FIGURE A.2 — AVERAGE RETURNS OVER THE EQUITY DISTRIBUTION

(A) Training sample (B) Test Sample (¢) Whole sample
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Notes: Panel A shows the average equity returns across the equity distribution (among those that hold equities).

Panels B and C show the same figure for test and entire samples, respectively. The last two points correspond to
percentiles between P99-P99.5 and P99.5-P100, respectively.

A.6 Inheritances and Inter vivos Transfers

Intergenerational transfers (IGT)—inheritances and inter vivos—are an important
component of household wealth dynamics. Norway provides detailed administrative
registers on these transfers, but the data have two key limitations. First, the inher-
itance and gift tax was abolished in 2014, after which no information on transfers is
collected. Second, even prior to 2014, statutory valuation discounts imply that both
inheritances and gifts are systematically undermeasured. This appendix describes

how we correct for undermeasurement pre-2014 and how we impute transfers for the
period 2014-2019.

Institutional Background Through 2013, Norway levied a recipient-based inher-
itance and gift tax, with exemptions (NOK 470,000 per donor; NOK 940,000 from
two parents in 2013) and marginal tax rates ranging from 6% to 15% depending on
kinship and size of transfer. Transfers were reported to tax authorities irrespective of
tax liability, and the register records both inheritances and gifts, linked to donors and
recipients. Norway also has strict heirship rules, guaranteeing children a minimum
statutory share (two-thirds of the estate). Surviving spouses could hold an undivided
estate until death.

A.6.1 Inheritances

Correcting for undermeasurement of inheritances pre-2014 Before 2014,
inheritances on private business equity and real estate were recorded at discounted

values. We correct all reported inheritances by reversing these statutory discounts.
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FIGURE A.3 — ADJUSTED REGISTERED INHERITANCE VERSUS HEIRS’ ESTATE
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Note: Averages (in 2018 NOK) by year (left) and recipient wealth group (right). Comparison shown
only for matched observations (i.e., when reported inheritances can be linked to a deceased parent
with children).

For private equity, inheritances received a 70% discount on assessed values below NOK
10 million (approximately $1.5 million) until 2009 and a 40% discount thereafter. For
real estate there was no formal discount, but undervaluation practices were common.
By exploiting differences between registered inheritances and an heir’s share of a
deceased person’s wealth, we infer a 45% discount for real estate. We proxy for
unobserved inheritance composition with the observed recipient’s portfolio shares.

Figure A.3 shows that the resulting adjusted registered inheritances closely match
heirs’ share of the donor’s end-of-life estate, both in levels and in year-to-year vari-
ation, providing strong validation for the correction procedure. The only system-
atic deviation arises for the wealthiest top 0.1%, where adjusted inheritances remain
about 30% below heirs’ estate shares. It is unclear whether this reflects residual un-
dermeasurement or genuinely lower transfers to children at the top (e.g., end-of-life
expenditures, donations). To bracket this uncertainty, we report a robustness check
inflating top 0.1% IGT by 30% in Section 5.1.1 (Table I, Panel III, S2).

Imputing inheritances post-2014 For the period 20142019, we impute inheri-
tances by assigning each child an equal share of a deceased parent’s estate (using the
longest-living parent if the parents were still married, or dividing each parent’s estate
separately if divorced). By construction, these imputed inheritances exactly match
heirs’ share of the estate in each year. The excellent fit between adjusted inheritances

and heirs’ estate shares in the pre-2014 period (right panel of Figure A.3) provides
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reassurance that this post-2014 imputation is accurate.

A.6.2 Inter vivos Transfers

Correcting for undermeasurement of inter vivos transfers pre-2014 Inter
vivos gifts recorded in the registry are systematically undermeasured for the same
reasons as inheritances: statutory valuation discounts. We correct these amounts by
reversing the relevant discounts using the same procedure as for inheritances, and by
proxying for the asset composition of transfers using the recipient’s portfolio shares.

A second source of undermeasurement is that many transfers of private busi-
ness equity are not reported as gifts in the inheritance registry. By linking the in-
heritance registry to the shareholder registry, we find that only about one-third of
parent—child equity transfers appear in the inheritance registry. To address this under-
reporting, we augment inter vivos transfers by replacing the corrected gift value with
the shareholder-registry value whenever the latter is larger. This procedure ensures
that substantial private-equity transfers, which are common among wealthier house-
holds, are incorporated even when not formally reported as gifts. The augmented
series provides a consistent and comprehensive measure of inter vivos transfers until
2013, capturing both valuation adjustments and transfers that bypass the inheritance
reporting system.
2-Step Imputation Method for Inter vivos Gifts post-2014 After 2013, inter
vivos gifts are no longer recorded in the inheritance and gift registry. We therefore
construct inter vivos transfers for the period 2014-2019 using two sources of informa-
tion. First, for households with observed private equity transfers in the shareholder
registry, we treat these transactions as inter vivos gifts and use their recorded values
directly. Second, for households without such transfers, we impute inter vivos gifts
using a model trained on pre-2014 data.

In the first stage, we estimate the probability of receiving a gift as a function
of recipient age, recipient wealth group in period t—1, parental wealth group, and
immigrant status. In the second stage, we use machine learning, specifically gradient
boosting regression (Friedman, 2001) from Pedregosa et al., 2011 library, to predict
the conditional value of a transfer based on recipient and parental characteristics. The
final imputed inter vivos gift is obtained using the predicted probability of receiving

a gift and the predicted conditional value.
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FiGURE A.4 — Predicted probability of inter vivos transfers, by age and parental
wealth

Probability of transfer We estimate the probability of receiving a gift as a Logit
function of own age, own wealth group in period t-1, parental wealth group, and
immigrant status. Figure A.4 shows predicted probabilities of receiving a gift by own

age and parental wealth group.

Conditional value of transfer We train a model to predict inter vivos transfers
(net of private equity transfers). We structure our data set in long form, where
each observation represents an individual-year combination. This longitudinal for-
mat allows us to track changes in wealth, income, and family circumstances over
time, capturing both static characteristics and dynamic financial behaviors that may
influence gift patterns. Our machine learning model incorporates a carefully selected
set of explanatory variables spanning multiple dimensions of individual and family

circumstances:

e Demographics: male (binary), age (continuous), number of siblings (count), im-

migration status (binary).

e Parental Vital Information: mother’s age (continuous), mother’s survival status
(binary indicator for alive at year-end), mother’s mortality event (binary indicator
for death during year), father’s age (continuous), father’s survival status (binary
indicator for alive at year-end), father’s mortality event (binary indicator for death

during year).
e Individual’s Wealth Portfolio: total wealth (normalized by average wealth),
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wealth dynamics (arc-percent change since previous year), asset allocation (eq-
uity share and housing share of total portfolio), portfolio re-balancing (arc-percent

changes in equity and housing shares).

e Parental Wealth Portfolio: parents’ combined wealth (normalized by average

wealth), parents’ asset allocation (equity share and housing share of portfolio)

e Individual’s Income Measures: capital income (normalized by average wealth),
labor income (normalized by average earnings), income dynamics (arc-percent changes

in both capital and labor income)

e Historical Intergenerational Transfers Indicators: Ever received an inter

vivos transfers or inheritances (binary).

e Target Variable: Our primary target variable is inter vivos transfers, normalized

by the average wealth (AW) in the corresponding year.

We normalize wealth and income variables by the average wealth (AW) and average
earnings (AE) in each year to ensure comparability across time. We keep only non-
zero observations.

We now discuss how good our imputation of inter vivos transfers is. The model fits
the training sample well, with an R-squared of 0.94, though predictive performance
is lower out-of-sample (with 0.33 R-squared) and 0.82 for the full dataset (Table
A.3). The out-of-sample R-squared, while modest, reflects the inherent difficulty of
predicting transfers for households with no observed inheritance records—a challenge
common to any imputation of this kind. More importantly, Figure A.5 illustrates the
remarkable performance of our gradient boosting model in capturing the relationship
between wealth and inter vivos transfers across the wealth distribution, including in
the out-of-sample test data. The figure displays the logarithm of average transfers
(normalized by average wealth) against wealth groups (same groups as in previous
figures), with actual inheritance values shown in blue and model predictions in red.
This logarithmic scale enables visualization of the wide range of inheritance values
while highlighting relative differences.

Across all three panels—training sample (A), test sample (B), and the entire sam-

ple (C)—the model accurately reproduces the distinctive non-linear non-monotone
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Average Inter Vivos Transfer (log)

TABLE A.3 — R? for Imputing Inter Vivos Gifts

(1) (2) (3)

Train Sample Test Sample Entire Data

R* 0.94 0.33 0.82
Obs 43,058 10,765 53,823

FIGURE A.5 — AVERACGE INTER VIVOS TRANSFERS OVER THE WEALTH DISTRIBUTION

(A) Training sample (B) Test Sample (¢) Whole sample
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Notes: Panel A shows the average inheritance (in terms of average wealth) across the wealth distribution. Panels B
and C show the same figure for test and entire samples, respectively.

pattern of gifts across the wealth distribution. Most notably, the model successfully

captures several critical empirical patterns:

1. The U-shaped relationship at the lower end of the wealth distribution, with
relatively higher transfers for the very poorest households (negative net wealth),

followed by a dip for households in the 0-50th percentiles.

2. The steady increase in transfers values from the 50th percentile upward, reflect-
ing the increasing probability and magnitude of wealth transfers as household

wealth rises

3. The acceleration in transfers amounts at the very top of the distribution (above
the 99.9th percentile), where the curve steepens significantly, capturing the

concentration of large inheritances among the wealthiest households

The model’s predictions closely track actual values across both the training and
test samples, demonstrating strong generalization performance rather than overfit-
ting. This consistency between samples provides confidence that the imputation

methodology will produce reliable estimates for the post-2014 period not covered by
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FIGURE A.6 — ADJUSTED AND IMPUTED HOUSEHOLD INTER VIVOS TRANSFERS
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actual data. These results confirm that our machine learning approach successfully
preserves the complex distributional characteristics of inter vivos patterns—a crucial
requirement for subsequent analyses of wealth mobility and inequality. By accurately
capturing how inter vivos transfers varies non-linearly with wealth, the model pro-
vides imputed values that maintain the important structural relationships observed in
the empirical data, enabling more robust analysis of wealth dynamics over the entire
1993-2019 period.

This procedure extends the inter vivos transfer series beyond 2013 in a way that
maintains continuity with the administrative data. Figure A.6 displays the resulting
time series, combining adjusted observed transfers before 2014 with equity-based and

imputed transfers thereafter.
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End-of-Period Wealh Rank, BW“_‘

B Long-term Transition Matrix

We examine intragenerational wealth mobility using backward- and forward-looking
transition matrices. Figure B.la shows where households aged 50-54 in each wealth
group originated from in 1994, while Figure B.1b tracks 25- to 29-year-olds forward
to 2018-2019. These matrices, averaged over 10 conditioning years, represent roughly
the same cohort. For additional age groups, see Figure B.2.

Among the top 0.1% of households, 48% were already in the top 1% in 1994, with
24% maintaining top 0.1% status throughout (the "Old Money"). Remarkably, 24%
rose from the bottom 90%—the "New Money".

FIGURE B.1 — LONG-TERM INTRAGENERATIONAL TRANSITION MATRIX

(A) Backward-Looking Transition (B) Forward-Looking Transition
Initial Average Wealth Rank Ending Average Wealth Rank
[0.50]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1% [050]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1%
\ \ \ \ \ \ \ \ \ \ \ \ \ \
[050]4 652 214 94 24 14 0.2 0.0 [050]4 544 235 138 43 32 0.6 0.1
(507511 443 30.1 170 50 32 0.4 0.0 E (50-75]4 508  26.1 145 45 34 0.6 0.1
.
g
(759011 33.1 289 224 8.0 64 1.1 0.0 & (759014 460 274 16.0 54 43 09 0.1
=
B
(909514 254 253 247 11.1 108 26 0.1 2 (90954 368 288 193 74 62 14 0.1
=]
2
(959914 185 210 242 135 16.6 58 04 &‘3 (959914 305 258 220 9.7 9.1 26 0.2
s
(99-99.917 133 163 204 128 204 127 40 ‘g (99-99.919 19.7 19.7 211 134 182 7.1 0.9
7
Top0.1%- 52 6.5 122 8.1 204 237 240 Top0.1%- 24 5.1 63 63 207 369 224

Note: Figure B.la shows the fraction of households in different percentiles of the wealth distribution in Wi,1994
(columns), conditional on their percentile of the wealth distribution in the conditioning year, BVVJ-50754 (rows). Each
row sums to 100. Figure B.1b shows similar results by initial wealth, FWj%*29 (rows), and the wealth distribution

in Wi,g[)lg (columns).

Wealth persistence is strong at both extremes: 80% of initial the top 0.1% house-
holds remained above the 95th percentile by 2019, with only 2.4% falling below me-
dian wealth. Similarly, most households starting below the 75th percentile maintained

their relative position, though a small fraction climbed above the 90th percentile.
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End-of-Period Wealh Rank, BW"

FIGURE B.2 - LONG-TERM TRANSITION MATRIX: AGE GROUPS

End-of-Period Wealh Rank, BW".

End-of-Period Wealh Rank, BW"

(A) Age [45—49] (B) Age [55-59]
Initial Average Wealth Rank Initial Average Wealth Rank
[050]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1% [0.50]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1%
\ \ \ \ \ \ \ \ \ \ \ \ \ \
[050]1 62.7 222 103 28 1.7 03 0.0 [050]4 67.6 207 8.5 20 1.1 0.1 0.0
=
(50-75)1 465 28.1 16.5 49 34 0.5 0.0 o (507514 429 314 176 4.8 29 03 0.0
£
(759011 364 28.1 210 74 6.0 12 0.0 & (759011 297 30.0 239 8.8 6.6 10 0.0
|
<
(909519 274 27.1 238 9.7 9.4 2.5 0.1 § (90-9517 219 245 264 123 122 27 0.1
]
.
(959911 194 245 236 124 147 49 0.5 5 (959914 151 193 247 148 192 6.5 04
%
(99-99.9]9  12.1 194 222 132 193 10.3 35 5 (99-99.9]7 104 127 18.8 132 239 17.1 40
=
m
Top0.1%- 48 9.9 15.1 8.5 19.1 20.5 222 Top0.1%- 4.1 50 9.5 6.4 18.3 295 27.1
(¢) Age [60-64] (D) Age [65-69]
Initial Average Wealth Rank Initial Average Wealth Rank
[050]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1% [050]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1%
\ \ \ \ \ \ \ \ \ \ \ \ \ \
[0,50]4 69.4 20.1 78 17 0.8 0.1 0.0 [050]4 70.1 20.0 75 16 0.7 0.1 0.0
- % -
(50-7511 417 327 179 48 26 03 0.0 m (507514 415 333 18.0 4.6 24 02 0.0
~
g
(759014 275 305 253 9.2 6.6 09 0.0 & (7590]1 264 31.1 260 94 64 0.7 0.0
=
B}
(90-95]9 193 237 27.6 13.6 132 25 0.1 2 (909519 173 233 29.1 143 136 23 0.1
=
9
(959914 125 17.5 25.1 15.8 218 6.9 0.4 5 (959914 1.1 155 247 17.1 242 7.1 04
%
(99-99.911 8.0 10.7 158 122 275 218 40 5 (99-99]4 62 79 137 115 304 263 4.1
£
i3}
Top0.1%- 2.5 6.0 9.0 5.1 16.0 318 297 Top0.1% 20 53 72 43 135 347 330
(E) Age [70-74] (F) Age [75-79]
Initial Average Wealth Rank Initial Average Wealth Rank
[050]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1% [0.50]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1%
\ \ \ \ \ \ \ \ \ \ \ \ \ \
[050]4 704 19.7 76 16 0.7 0.1 0.0 [050]4 70.6 193 76 17 0.7 0.1 0.0
- gﬁ
(50-75)1 419 336 175 44 23 02 0.0 m (507511 426 335 170 44 23 0.2 0.0
2
(75-90]4 26.1 31.8 262 9.1 6.2 0.7 00 f.z (759011 259 327 262 8.6 57 0.7 0.0
=
<
(909511 162 235 30.1 148 133 20 0.1 § (909511 156 242 312 143 12.7 20 0.1
2
(959911 95 144 25.1 183 256 6.8 03 5 959911 96 135 253 19.1 259 6.4 03
%
(99-99.91 4.7 5.5 114 12.1 329 29.1 43 &5 (99-999]7 33 4.6 9.9 119 36.6 293 44
=
43}
Top0.1%- 14 33 5.1 52 14.1 39.1 318 Top0.1%- 04 32 32 50 16.7 374 34.1

Notes: Figure B.2 shows the intragenerational persistence of net wealth. Figure B.2 shows the results by first sorting
household whose head is in different age groups in the conditioning year and then again by Wiylggg. Each cell represent
the fraction of household in different percentiles of the wealth distribution in Wi’1993 (columns), conditional on their
percentile of the wealth distribution in the conditioning year, BWJh (rows).
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B.1 Intergenerational Wealth Persistence

FIGURE B.3 — INTERGENERATIONAL TRANSITION MATRIX: AGE GROUPS

(A) Age [45-49] (B) Age [55-59]
Parents Life Time Wealth Rank Parents Life Time Wealth Rank
[0,50]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1% [0,50]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1%
; | | \ | . . ; | | | | . .
[0,50]9 47.6 36.8 12.7 2.1 0.7 0.1 0.0 [0,50] 47.2 37.6 12.5 2.0 0.7 0.0 0.0
=z | = ,
e (50-75] 34.7 41.1 18.8 3.8 1.5 0.1 0.0 a (50-75] 339 41.7 18.7 4.0 1.6 0.1 0.0
£ ¥
& (759019 270 39.1 24.5 6.1 3.0 0.3 0.0 & (15901 264 40.1 23.7 6.3 32 0.3 0.0
= =
< <
g (909517 21.9 35.6 27.1 8.7 5.8 0.9 0.0 g (90-95]4 21.8 35.0 27.0 9.2 6.4 0.6 0.0
B S
E (95-99]17 195 30.6 26.5 11.1 9.8 23 0.1 'E (95-99]117 163 32.0 27.2 12.2 10.3 2.0 0.1
0 0
S k)
& (99-99.9]11 140 229 23.1 10.0 17.3 1.5 13 & (9999917 140 28.1 21.3 10.9 155 8.6 1.6
5] 5]
53] 23]
Top 0.1% 9.2 16.6 18.4 6.1 8.6 18.4 227 Top0.1%7 7.0 228 15.8 11.4 13.9 17.7 11.4
(c) Age [60-64] (D) Age [65-69]
Parents Life Time Wealth Rank Parents Life Time Wealth Rank
[0,50]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1% [0,50]  (50-75] (75-90] (90-95] (95-99] (99-99.9] Top 0.1%
; . . A . . . ; . . . . . .
[0,50]9 48.8 36.7 11.8 2.0 0.7 0.0 0.0 [0,50]9 51.9 34.4 10.9 2.0 0.8 0.0 0.0
= =
z 50-75]1 36.4 40.6 17.5 3.7 1.7 0.1 0.0 z 50-75]1 389 38.4 17.2 3.7 1.7 0.1 0.0
= =
é (75-90]17 28.8 39.7 21.8 6.1 34 03 0.0 g (75-90]11 31.8 36.6 21.8 59 3.6 0.3 0.0
E=i =
< <
g (909519 22.5 36.0 252 8.9 6.4 0.9 0.0 § (90-95]4  25.0 333 25.7 8.3 6.8 1.0 0.0
B S
5 (959911 183 312 27.0 113 9.8 22 0.1 5 (95-99]7 204 29.7 25.0 11.8 10.7 23 0.1
0 0
k) k)
5 (99-99.911 16.2 25.6 22.0 10.5 159 8.5 1.2 <5 (99-99.9]11 16.1 259 22.3 10.9 16.3 8.1 0.3
=] <
s3] 53]
Top 0.1% 13.7 17.6 19.8 115 9.9 16.8 10.7 Top 0.1%7 7.1 14.3 243 10.0 18.6 20.0 5.7

Notes: Figure B.3 shows the intergenerational persistence of net wealth. It shows the results by first sorting household
within age groups by the lifetime wealth (until 2015) of their parents. Each cell represent the fraction of household
in different percentiles of the parents wealth distribution (columns), conditional on their percentile of the wealth
distribution in the conditioning year (until 2015), BW"? (rows). Each row sums to 100. The Parents Life Time
Wealth Rank is calculate as the rank of the average weaith adjusted for an age and year specific mean.

23



C Calculation of Returns and Additional Figures

We calculate returns for total net worth, safe assets, equity (private and public),

and housing at the household level. As in Fagereng et al. (2020a), we define returns

Y5 Gy Y
wgt +Fz‘?§ /2

financial assets (interest income), equity (dividends plus unrealized capital gains from

on net wealth as ], = , where y5,, 45, and y? correspond to income from
stocks and private equity), and housing (imputed rental income plus capital gains),
and oY is interest paid, respectively. We define wf, as the stock of wealth at the
beginning of the period. Finally, F} is net flows of gross wealth during period ¢
(asset yields happen during the year, and households add/subtract from assets). We
calculate similar returns for safe assets, equity, and housing. Table C.1 shows assets-
weighted cross-sectional moments of the distribution of returns in our sample (bottom

panel), which are relatively close to those in Fagereng et al. (2020a).

TABLE C.1 — WEALTH RETURNS

N 000s  Mean SD. Skew.  Kurt. P1 P5 P10 P50 P90 P95 P99
Panel A: Individual-level returns: FGMP (2005/2015)
All 27,318 0.034 0.203 0.296 23974 -0.622 -0.236 -0.103 0.022 0.185 0.292 0.735
Equity 10,072 0.083 0.363 2.463 24412 -0.793 -0.350 -0.157 0.035 0.374 0.605 1.476
Housing 21,333 0.045 0.201 2.668 30.762 -0.534 -0.229 -0.088 0.025 0.183 0.281 0.811
Safe 27,374  -0.012 0.034 4.787 50.634 -0.061 -0.043 -0.042 -0.017 0.020 0.030 0.104
Panel B: Individual-level returns: This paper (2005/2019)
All 26,424 0.032 0.131 0.823 13.396 -0.390 -0.138 -0.067 0.019 0.149 0.222 0.490
Equity 10,888 0.071  0.230 3.750 31.728 -0.390 -0.150 -0.100 0.032 0.263 0.416 1.017
Housing 26,315 0.039 0.135 0.490 12.311 -0.449 -0.140 -0.047 0.022 0.153 0.227 0.514
Safe 26,219 0.001  0.024 3.553 37.369 -0.034 -0.027 -0.022 -0.002 0.026 0.034 0.072
Panel C: Household-level returns: FGMP (2005/2015)
All 19,356 0.032 0.183 0.506 16.993 -0.576 -0.228 -0.100 0.022 0.177 0.276 0.655
Equity 7,977 0.084 0.381 3.018 30.796 -0.837 -0.352 -0.157 0.034 0.374 0.608 1.537
Housing 14,550 0.044 0.187 2.246 26.583 -0.504 -0.215 -0.084 0.028 0.179 0.275 0.738
Safe 19,431 -0.013 0.030 3.387 31.369 -0.057 -0.042 -0.042 -0.017 0.020 0.029 0.083
Panel D: Household-level returns: This paper (2005/2019)

All 17,807 0.030 0.123 0.701 15.120 -0.376 -0.129 -0.060 0.018 0.141 0.205 0.431
Equity 8,508 0.070  0.239 4.007 37.861 -0.407 -0.154 -0.100 0.031 0.263 0.415 1.030
Housing 17,723 0.040 0.131 0.804 16.300 -0.405 -0.134 -0.046 0.024 0.152 0.219 0.481
Safe 17,675 0.001 0.022 2.687 25.537 -0.032 -0.027 -0.022 -0.001 0.026 0.034 0.068

Notes: Table C.1 shows cross sectional statistics of the returns distribution for different asset classes based on a
pooled sample of households between 2005 and 2019. We calculate returns following Fagereng et al (2020). Equity
corresponds to the returns on private and publicly traded firms.

The average annual return on net wealth increases with wealth, from -4.0% for
the first decile to 6% for the top 0.1% (Figure C.1). Returns on safe assets also
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rise with net wealth but only above the 40th percentile. The return on housing
shows a hump-shaped pattern. The weighted and unweighted average returns for net
wealth, safe assets, and housing are similar in shape. However, returns on equity
differ significantly: Unweighted returns rise from 6% for the bottom decile to 11.0%
for the top 1%, then drop to 10% for the top 0.1%. The weighted average returns
are hump-shaped relative to wealth, peaking at 10% around the 99th percentile and
falling to 6% for the top 0.1%. This indicates strong decreasing returns to scale for
equity at the top of the wealth distribution, consistent with empirical evidence from
Spain (Boar et al. (2022)).

FIGURE C.1 — CROSS-SECTIONAL AVERAGE RETURNS
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Notes: Figure C.1 shows the average returns within different quantiles of the household net worth distribution. To
construct this figure, we pool household observations between 2005 and 2019. Weighted averages are weighted using
the value of the corresponding asset. Negative or missing asset values are assigned a weight of 0.
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C.1 Additional Figures on Returns

FIGURE C.2 — LONG-TERM AVERAGE RETURNS ON ASSETS BY TERMINAL WEALTH

(A) Safe Assets (B) Housing
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Notes: Figure 77 shows the asset value-weighted cross-sectional mean of annual returns within age and wealth groups
averaged across different conditioning years.

FIGURE C.3 — DISPERSION AND SKEWNESS OF RETURNS

(a) Net Wealth Returns: Dispersion (B) Net Wealth Returns: Skewness

Terminal Age Group 4] Terminal Age Group
A9 -o- [45-49] == [50-54] [45-49] =5 [50-54]
[60-64] == [70-74] [60-64] =~ [70-74]
80+ 80+ e T e
351 7 2 g
,
,
K
; .
31 e -
/
ey 01
254%. T o
S -=0="" &
Ommmmn -
(0P50] (PSO.PT5] (P75.P90] (P90.P9S] (P95.P99] (P99.P99.9] Top 0.1 (0P50] (PSO.PT5] (P75.P90] (P90.P9S] (P95.P99] (P99.P99.9] Top 0.1
Terminal Wealth Rank (BW ) Terminal Wealth Rank (BW )
(¢) Equity Returns: Dispersion (p) Equity Returns: Skewness
#1 Terminal Age Group 5 Terny

15-49] == ]50-54]
[60-641" "=~ [70-74]
80+

[45-49]

2 [50:54

- Y ’

4 o — e 24,

P

14

24

T T T T T T T 07 T T T T T T T
(0,P50]  (P50,P75] (P75,P90] (P90.P95] (P95,P99] (P99,P99.9] Top 0.1 (0,P50]  (P50,P75] (P75,P90] (P90,P95] (P95,P99] (P99,P99.9] Top 0.1

Terminal Wealth Rank (BW ) Terminal Wealth Rank (BW ")

Notes: Figure C.3 shows the asset value-weighted, 15-year average of the P90-P10 and Kelley skewness

(S = ggg:g?g — ggg:g%g) of annual returns within age and wealth groups averaged across different condition-

ing years. We only use calendar years 2005-2019 for higher-order moments to avoid using imputed equity returns.
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FIGURE C.4 — LONG-TERM AVERAGE RETURNS: FORWARD APPROACH

(A) Net Wealth (B) Equity
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Notes: Figure C.4 shows the asset value-weighted, 26-year average mean of annual returns within age and wealth
groups averaged across different conditioning year for households in the FVV}1 wealth group.

FIGURE C.5 — LoNG-TERM AVERAGE RETURNS: OLD MONEY AND NEW MONEY

(A) Safe Assets

(B) Housing
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Notes: Figure C.5 shows the 26-year mean of the value-weighted average returns for households in the BWZ P99.9

wealth group, which are ranked in quartiles according to the sum of their initial average wealth (Wl-,1994) and the
present value of all future inheritances net of taxes.
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FIGURE C.6 — DISPERSION AND SKEWNESS OF RETURNS: OLD MONEY AND NEw MONEY

(A) Net Wealth Returns: Dispersion (B) Equity Returns: Dispersion
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Notes: Figure C.6 shows the asset value-weighted, 15-year average of the P90-P10 and Kelley skewness

Sy — P90=P50 _ P50—P10
K = P9oo—P10 ~ P90—P10

according to the sum of their initial average wealth (Wi71994) and the present value of future inheritances net of
taxes. We only use calendar years 2005-2019 for higher-order moments to avoid using imputed equity returns.

) of annual returns for households in the BWQ pog.g Wealth group, ranked in quartiles
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D Portfolio Composition

In Section 3.2 we show that the wealthiest invest in equity more heavily from early
in life. We now show that the current wealthiest invested in equity more heavily in
the past even compared with those of similar wealth and age. We regress the portfolio
equity share in every year ¢ between 1993 and 2013 on dummies for W:L 2015- We find
that even conditional on contemporaneous wealth and age, those households that
end up in the top 0.1% have invested on average 4 p.p. and 12 p.p. more in equities
compared with those that end up in the next 0.9% and those below the 95th percentile,
respectively (Table D.1). These differences mostly stem from a larger portfolio share
of private businesses, which are also very important for wealth concentration in the

US (Cagetti and De Nardi (2006)).

TABLE D.1 — EQUITY PORTFOLIO ACROSS WEALTH GROUPS, W, 95

Total Equity Public Private
0.124%** 0.0090**%*  0.115%**

Wi a015 > P99.9

(0.0007) (0.0005) (0.0005)
—h 0.0882%** 0.0127%F%  0.0756***
P99 < Wi 5015 < £99.9 (0.0002) (0.0002) (0.0002)
Pos < T p 0.0316*** 0.0098***  (0.0218***
95 < Wi 05 < P99 (0.0001) (0.0001) (0.0001)

Notes: Table D.1 shows the coefficients of a panel regression of equity shares on WZQOK, dummies. We control for
the highly nonlinear contemporaneous relationship between wealth and portfolio shares by including 28 dummies
of net worth in every year t (W; ) as well as year and age effects. The dummy for Wzgms < P95 is omitted.
We control for age and year dummies, as well as dummies for current wealth for the following 28 wealth groups
{<0,[0,0.5], (0.5,1],(1,2],(2,3],...,(24,25] , 4+25} . Standard errors are in parentheses (*** p < 0.01).
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E Sources of Lifetime Income

FIGURE E.1 — DECOMPOSITION OF TOTAL LIFETIME RESOURCES: Age [50-54]
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Notes: Lifetime resources are calculated as the sum of all sources of income within an age and wealth group. Therefore,
the average share of each income source is weighted by lifetime resources. Shares are calculated separately for each
conditioning year and then averaged across all conditioning years.

In this appendix, we perform a static accounting decomposition of total life time
resources without compounding. Consider the sum of yearly budget constraints be-

tween 1993 and a conditioning year 7:

T T
Wir = Wi+ . [Li,t +Hiyy+ RE + R, + RE + Ty - Iﬁt} - Y Cir. (2
t=1994 t=1994

~~

Total life-time resources:?i,.r

where W, is household ¢’s net wealth at the end of year ¢, L;-’t and If[l-,t are labor
income (includingself-employment income) and inheritances (incl. inter vivos trans-
fers), pre-tax. The termsf%ft, th, and, Rfi denote income from equity, safe assets,
and real estate, all pre-tax. The terms 7;; and Ift represent public transfers net of
taxes and interest payments for liabilities. We denote the sum of these flows between
1993 and 7 , and initial wealth W 1993, as the life time resources of ¢, Y;T

For each age h and wealth group j, we compute each component’s share out
of lifetime resources, e.g., (37,904 Lit) /Yir for labor income, as a weighted aver-
age, averaged across base years, 7 € {2010,2011,...,2019}. The most important
source—_88.4%—of lifetime income for the top 0.1% 50-to-54-year-old wealth owners
(BW3%54) is equity income (Figure E.1). In contrast, for households below the 99th

percentile, labor income constitutes the majority of their resources.
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FIGURE E.2 — DECOMPOSITION OF TOTAL LIFETIME RESOURCES: AGE GROUPS
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Notes: Figure E.2 shows the shares of lifetime income for a sample of households in a given conditioning year for
different age groups conditional on BW?". Lifetime resources refers to the sum of initial wealth (net worth in 1993)
and all income sources between 1994 and the conditioning year. We average these shares across conditioning years.
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F Shapley-Owen Decomposition

This appendix provides details on the S-O decomposition of wealth gaps (Shorrocks,
2013) used in Section 5.

Step 1: Obtaining profiles for target and reference groups. We follow our
retrospective approach to define a target (e.g., in the baseline, the top 0.1% aged 50—
54 in 2019, or corresponding Old Money households) and a reference group (always
P25-P75 of the same age group). Let G denote a group.

Step 2 (optional): Expanding panel dimension (“twins”). Because the panel
begins in 1993, the youngest observable age for some groups may be older than 20
(i.e., hfys > 20, where hY denotes the age of G in year t). To construct their
complete profiles from age 20 onward, we supplement such groups with matched
younger “twins” for some exercises (including our baseline): In particular, for group G
we find twins aged h{yos in the middle of our sample, which can be followed back until
age 20. To find these twins, we minimize the Mahalanobis distance (Mahalanobis,
1936) between households in G and their twins over two variables: i) wealth level at
age h¥ye; and ii) nine-year wealth growth between hfyg; and hfye; +9 (e.g., 24 to 33).2
The nine-year window maximizes the number of years we can use in our analysis and
captures the fast wealth growth observed in the early years of the life cycle among
some groups, such as the New Money. We select as many twins as there are original
households in G. Figure F.1 shows average wealth for the top 0.1% aged 50-54 group
and their twins. Combining these series, we construct backward profiles from age 50
to 20.

Step 3: Computing the S-O decomposition. To smooth out noise in the data,
we implement the S—O decomposition at the group level, aggregating the budget

constraint in equation 1. For each G = (h,p), where h denotes the age group and j

2Mahalanobis distance measures a point’s distance from a multivariate distribution, accounting
for correlations between variables. This distance is defined as D? = (x — m)TC~!(x — m), where x
is a vector of observations, m is the mean of each vector, and C is the covariance matrix. If variables

are uncorrelated, this measure reduces to the normalized Euclidean distance.
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the wealth group:
Wt (h7.]) = VVt—l (h7]) + (Rt (h7.]) Wt—l (hvj) + Lt (haj) + Ht (h7.7)) XSt (h7.7) : (3)

Here, W;(h,j) denotes average wealth in group (h,j) at time t. Li(h,j) is aver-
age labor income, Hy(h,j) is average inheritances and inter vivos transfers, and
Ry(h,j)Wi_1(h,j) is average capital income, each measured after taxes and trans-
fers. We denote as R;(h, j) the average rate of return on wealth (weighted by W;;_1)
and as Si(h, j) the average gross saving rate (weighted by total income R; W, 1 +
L+ H;;). We treat the wealth profile as a function of five components, x € X =
{L,H,R,S, Wy}, where Wy is wealth at age 20, interpreted as inherited wealth,
which we therefore combine with inheritances H in our results.

To isolate the contribution of component x, we recompute the wealth path of the
target group replacing x with the age-specific values of the reference group, denoted
by z;(h). Because the mapping from components to wealth is nonlinear, the order of
replacement matters. The S-O averages the marginal effect of replacing a component
on the wealth gap, over all 5! = 120 permutations.

Formally, denote by WtZ (h,j), for Z C X, the counterfactual wealth profile of
group (h,p) when replacing components Z with the values of the reference group,
denoted by an overbar. For instance, after replacing both the saving rate and the

return rate, the counterfactual wealth profile is computed as
W (b g) = WS (b g)+ | L (hy ) + H (b, §) + R () W (R, )| Si(h).

Hence, the contribution of a component z € X to the wealth gap between group (h, p)

and the reference group in year ¢ is

. , Z'x (5—1Z] -1 1.~ , ~ Z0lx .
crng) = Y PO gz gy i ]
ZCX\{z} '

where WtZ (h,j) is the counterfactual wealth path after replacing a subset Z of the
components but not x, and WtZU{I} (h,j) is the same after replacing = as well. Note
that after replacing all five components, counterfactual wealth equals the one of the

reference group by construction, WtX (h,j) = Wy(h) . Hence, the total wealth gap
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FIGURE F.1 — COMPARISON GROUP AND TWINS USED IN S-O DECOMPOSITION
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Notes: Figure F.1 shows the average wealth profile of the baseline group of top 0.1% separated in New and Old Money
and for their “twins”, averaged across all conditioning years.

Wi (h, j)—W; (h) equals the sum of the contributions >, C¥ (k, j) , and we compute
the S-O share of component « as Sharef (h,j) = CF (h,j) /> pex CF (h,5).2

F.1 Details of Robustness for S-O Decomposition
Scenario 1. Figure F.2 shows the ratio of market values to tax values for private

firms used in Section 5.1.1.

FIGURE F.2 — MARKET-TO-TAX MULTIPLIER

| <~ Data
—&- Imputed (2004/06 Average)

2.59
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Market-to-Tax Value for Unlisted Firm
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Year

Notes: Estimated market-to-tax value multiplier used in robustness scenario to inflate private equity tax values. Based
on Andersen and Bo (2022).

3 A minor adjustment is applied when saving or return rates become ill-defined due to near-zero
denominators (in the early years of the New Money). In these cases, we replace age-specific rates
with life-time averages to compute marginal changes in the S—O. This affects only a handful of

observations.
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Scenario 3. Scenario 3 removes remaining aggregate time-series trends beyond
those already eliminated by normalizing by calendar-year average wealth (AW) as
well as averaging over 10 conditioning years. We construct a time-invariant distribu-
tion for each variable in each age. For each budget constraint variable x we observe
in our data (wealth, labor income, inheritance, and capital income), we:

1. Compute its quantile function (inverse CDF) in each year t and for each age h,
with each variable normalized by average wealth in year ¢, AW, .

2. Create a time-invariant distribution by taking an average of quantile functions
across years, F__ r(p) = 5 ol F, tl’h(p).

3. Replace each observation 7 in year t at age h .5, by its corresponding time-
invariant value using this stationary distribution & ; = _; ;(Fx,m(af;t,h,i)).

We replicate our S-O decomposition using these variables from corresponding time-
invariant distributions. Thus, someone at the 99th percentile of the age-50 wealth
distribution in any year owns the same time-averaged wealth value, while her labor
income or capital income are replaced with values from corresponding age-specific
time-invariant distributions. This yields a synthetic panel that preserves life cycle

and cross-sectional heterogeneity within each variable while removing all remaining

time-varying shifts.

FI1GURE F.3 — S-O DeEcoMPoOSITION ToP 0.1%: ROBUSTNESS

(A) Market values (B) Inheritance inflation (c) Stationary distribution
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Notes: Figure F.3 displays robustness scenarios for top 0.1%, 50-54 terminal age group, S-O decomposition. Corre-
sponds to Table I, Panel III. Panel A uses imputes market values for private firms (S1), Panel B inflates intergenera-
tional transfers by 30% (S2), and Panel C transforms the data to stationary age-specific distributions (S3).
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F.2 S-O Decomposition: Additional Figures

FIGURE F.4 — DETERMINANTS OF ToP 0.1% WEALTH: AGE GROUPS
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Notes: Figure F.4 shows the S-O decomposition for households in BWQ Ppog.o for different age groups.
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FIGURE F.5 — DETERMINANTS OF ToP WEALTH: P95-P99 AND P99-P99.9
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FiGUuRrE F.6 — S-O DECOMPOSITION, B
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FIGURE F.7 — SINGLE-FACTOR DECOMPOSITION FOR BASELINE GROUP
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Notes: Counterfactual wealth profile by changing one budget constraint variable at the time.
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G Details of Quantitative Exercises

A household’s efficiency units of labor supply e;;, are given by

Ine;p, = wn + & + ik + &in ,
— ~— N =~

life cycle ~ permanent  persistent stochastic  transitory stochastic

where kj, is a life cycle component—common for all households—assumed to be a
quadratic function of age, and é; denotes a household’s fixed labor efficiency type,
which is inherited imperfectly across generations: €chiiq = PeCparent +Eopiq- 1 he param-
eter p, captures the inter generational correlation of labor efficiency, and ¢ ~ N (0, 0,)
is an i.i.d. shock. The stochastic component of labor efficiency comprises a persistent
component, denoted by 7;;, and a transitory component, denoted by &;,. The tran-
sitory shocks and innovations to the AR(1) persistent component are modeled as a

mixture of normals:

¢ N (g 1,0¢1) with probability p¢,
ih =
N (g 2,0¢2) with probability 1 — pS.

o ‘ " 0 _ N(pin,1,00,1)  with probability p".
Nih = PnMih—1 + €;,, Where Ein
N(pin2,0n,2) with probability 1 — p”.

The mixture of normal distributions is crucial in matching the negative skewness
and excess kurtosis that characterize the typical earnings process (Guvenen et al.
(2021)). Without loss of generality, we normalize n and £ to have zero mean (e.g.,
pn P+ pin2(1 —p") = 0) and assume p, 1 < 0, pe 1 < 0 for identification. Finally, we

assume an age-dependent probability of drawing shocks given by

i

e x,t

= 1q G where .t = ag + by (£/10) + ¢, (t/10)* ,x € {n, &}

p* = p*(t)

We estimate this income process using data on household labor income after tax and
transfers (see Table G.1 for parameter values). We employ the method of simulated
moments, targeting the following sets of moments: (i) the standard deviation, skew-
ness, and kurtosis of one-year earnings growth and (ii) five-year earnings growth;
(iii) auto-correlation matrix of log income, and (iv) average earnings and variance of

log income over the life cycle. Following Guvenen et al. (2021), we minimize in our
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TABLE G.1 — INCOME PROCESS PARAMETERS

Pe g, Pn On,1 0p,2 Hn,1 0¢,1 0¢2 He
0.24 0.332 1.00 0.539 0.057 -0.395 0.316 0.082 -1.899
p" p°
an by Cn ag be Ce
-3.008 -0.379 -0.179 -1.884 -2.896 0.543

Note: Table shows the parameter estimates of the labor income process.

estimation the (weighted) sum of squared arc-percent deviations between the data
and simulated moments. Using the same data, Halvorsen et al. (2022) estimate an
inter-generational correlation of income of p. = 0.24, which we use in our calibration.
We set the interest rate r = 5.5%, corresponding to the equilibrium interest rate
under a Cobb-Douglas technology, r = aK% ! —§, given § = 0.05, o = 0.4, the

normalization L = 1, and a targeted wealth-labor income ratio % = Iil_?: of 6.37.

Role of Accidental Bequests. In Section 6, we assume accidental bequests in
model versions (1)-(5). Here, we remove this assumption by imposing a deterministic
life cycle. We re-estimate all five models using the same calibration strategy. Except
in the warm-glow bequest model of column (5), initial wealth is zero, and consequently
the contribution of inheritances to the wealth gap is zero (Panel B of Table G.2). The
stochastic-5 model in (4) has trouble even generating enough wealth inequality by
age 50 without differences in initial wealth. The other single-channel models generate

sufficient wealth inequality, but neither one captures the dynamics of top wealth well.

TABLE G.2 — RE-ESTIMATED MODELS WITHOUT ACCIDENTAL BEQUEST

1) B B ()
Data Basic Superstar Returns B Bequest
Target cross section v v v v
A. Cross-Sectional Moments
Wealth/Lab.Inc. ratio 6.4 6.4 6.4 6.3 3.1 6.4
Top 0.1% wealth (%) 9.3 0.8 9.3 9.0 4.8 9.3
Top 0.1% income (%) 6.6 0.8 6.6 6.9 09 1.3
B. Dynamics: Top 0.1% Wealth Decomposition
Initial wealth (AW) 6.9 0.0 0.0 0.0 0.0 189.6
Wealth at 50-54 (AW) 124.3 10.9 124.1 119.2  63.7 124.3
Inheritance (%) 32.8 0.0 0.0 0.0 0.0 117.3
Labor income (%) 34 771 68.5 6.1 31.7 -0.1
Returns (%) 24.7 -0.1 -0.1 41.8 -0.9 0.4
Saving rate (%) 39.1 23.0 31.6 52.1 69.2 -17.7

Note: In each column, targeted moments are in bold.
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H Additional Tables

TABLE H.1 — BASIC SAMPLE STATISTICS

Panel A: Population Shares

1995 2000 2005 2010 2015 2019
Age 18/24 15.66 14.14 14.17 13.35 14.87 13.93
Age 25/44 36.49 36.59 34.91 33.63 32.13 32.64
Age 45/64 25.12 27.92 30.18 31.06 30.43 30.25
Age 65+ 22.74 21.35 20.74 21.97 22.57 23.18
Male Head 63.20% 62.60% 62.50%  62.60% 62.10% 61.7%

Panel B: Descriptive Statistics (US$ of 2018)

Mean  Std. Dev. P10 P50 P90 P99 P99.9
Safe Assets 44,000 164,614 711 16,199 102,511 379,068 1,344,367
Public Equity 8,321 137,860 0 0 13,369 124,931 609,948
Private Equity 32,194 1,518,483 0 0 921 327,148 3,949,190
Housing 295,056 303,067 2,151 219,579 654,347 1,415,022 2,230,372
Debt 89,056 102,144 80 59,509 219,409 427,636 652,016
Net wealth 290,514 1,724,325 -10,736 176,690 632,432 1,677,903 6,132,153

Household Observations: 74.4 Million

Notes: Panel A shows, population shares for head of household. Panel B shows household-level wealth statistics in
real US$ of 2018 (1 USD=8.14 NOK). To obtain these statistics, we first calculate cross sectional moments at the
annual level and then we average the statistics across all years in the sample (1993 to 2019).

TABLE H.2 — INCOME AND WEALTH CONCENTRATION

Bottom 50 Top 10% Top 5% Top 1% Top 0.1%  Top 0.01%

Labor Earnings 5.84 35.35 21.09 6.29 1.23 0.28
Total Income 20.83 31.31 21.47 10.94 5.71 3.07
Safe Assets 3.55 61.51 45.85 21.80 7.85 2.75
Public Equity -0.00 92.33 82.26 56.06 28.86 15.04
Private Equity -0.82 100.77 100.34 91.33 63.14 35.57
Housing 7.37 38.05 23.83 7.28 1.01 0.47
Debt 3.21 42.74 25.96 8.44 0.97 0.15
Net wealth 0.37 50.95 36.17 17.58 8.69 4.52

Notes: Cross sectional concentration statistics at the household level. To calculate these statistics, we first calculate
cross sectional moments at the annual level and then we average across all years in the sample (1993 to 2019). The
concentration of net wealth deviates slightly from official statistics due to our use of alternative housing values.
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TABLE H.3 — SAMPLE STATISTICS: US SCF DATA

Descriptive Statistics (US$ of 2018)

Safe Assets
Public Equity
Private Equity
Housing

Gross Wealth
Debt

Net wealth

Mean
125,615
84,644
91,180
237,051
538,491
78,513
459,978

SD
602,358
1,109,028
1,825,445
1,477,831
3,293,036
532,779
3,113,103

P10 P50
85 16,521

0 0

0 0
0 98,010
382 143,885
-2 12,596
21,741 78,847

P90
281,479
76,413
7,301
457,038
938,809
194,056
801,826

P99

1,620,551
1,569,328
1,574,025
2,389,650
7,116,825

694,872

6,685,830

P99.9
5,924,482
9,102,842
12,985,575
10,598,920
31,126,536
2,637,272
27,845,214

Notes: Table H.3 show cross sectional statistics of the population of households in the United States using data from
SCF in real US$ of 2018. To obtain these statistics, we first calculate cross sectional moments at the annual level and
then we average the statistics across all years in the sample after 1989.

TABLE H.4 — INCOME AND WEALTH CONCENTRATION: US SCF DATA

Bottom 50 Top 10% Top 5% Top 1% Top 0.1%  Top 0.01%
Income 9.41 49.92 38.58 21.42 8.32 3.03
Safe Assets 1.60 70.35 55.24 28.46 9.16 2.89
Public Equity -0.04 95.77 87.27 59.96 25.47 8.90
Private Equity -0.01 99.95 97.48 77.97 36.47 13.67
Housing 4.77 59.39 47.08 26.87 11.17 4.87
Gross Wealth 3.86 68.31 56.79 33.12 12.06 3.88
Debt -0.08 58.84 43.93 23.31 10.95 5.59
Net wealth 1.78 73.37 61.55 36.24 13.28 4.33

Notes: Table H.4 show cross sectional statistics of the population of households in the United States using data from
SCF in real US$ of 2018. To obtain these statistics, we first calculate cross sectional moments at the annual level and
then we average the statistics across all years in the sample after 1989.
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I Additional Figures

I.1 Aggregate Time Series and Cross Sectional Moments

FIGURE 1.1 — AVERAGE WEALTH AND CONCENTRATION OVER THE LIFE CYCLE

(A) Average Net Wealth

(B) Selected Percentiles for Norway
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Notes: Panel A shows the within-age-group average. Panel B shows selected percentiles of the wealth distribution in

Norway averaged across years. All values are expressed relative to the average wealth in the economy (AW). Panel C
shows the within-age-group share of wealth averaged across years.

FiGURE 1.2 — HOUSE PRICES AND RENTAL EQUIVALENCE IN NORWAY

(A) Evolution of House Price-to-Rent Ratio in

Norway

(B) Rental Equivalence for Homeowners
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(2020) and time-varying price-to-rent

ratio from the Analytical Price Indicators of the OECD available here. Rental income is equal to House Value; ; x

(renty /price,).
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https://data-explorer.oecd.org/vis?fs[0]=Topic%2C1%7CEconomy%23ECO%23%7CPrices%23ECO_PRI%23&pg=0&fc=Measure&bp=true&snb=30&vw=tb&df[ds]=dsDisseminateFinalDMZ&df[id]=DSD_AN_HOUSE_PRICES%40DF_HOUSE_PRICES&df[ag]=OECD.ECO.MPD&df[vs]=1.0&dq=NOR.Q..&pd=1990-Q1%2C2025-Q4&to[TIME_PERIOD]=false

FIGURE [.3 — TIME SERIES OF WEALTH AND CONCENTRATION
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Notes: Figure 1.3 shows time series of different moments of the wealth distribution in Norway.
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FIGURE 1.4 — PORTFOLIO COMPOSITION OVER THE LIFE CYCLE
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Notes: Figure 1.4 shows the portfolio shares and leverage within five-year age groups labeled by their starting age
(25-29, 30-34, and so on) for Norway and the United States. For comparability, private equity is the net value of
private businesses. Leverage does not include firm debt. Portfolio shares are calculated as the ratio between the
value of all assets in a particular category (e.g. total value of safe assets) over the total value of gross wealth (i.e.
sum of wealth in housing, safe assets, public equity, and private equity) within an age group. Similarly, within-group
leverage, is the ratio between the sum all debt (e.g. mortgages, student debt, credit card debt) within a wealth rank
and age group and the sum of all total assets within the same group.

FIGURE 1.5 — PORTFOLIO COMPOSITION OVER THE WEALTH DISTRIBUTION
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Notes: Figure 1.5 shows the portfolio shares and leverage within wealth percentiles for Norway and the United States.
For comparability, private equity is the net value of private businesses. Leverage does not include firm debt. Portfolio
shares are calculated as the ratio between the value of all assets in a particular category (e.g. total value of safe assets)
over the total value of gross wealth (i.e. sum of wealth in housing, safe assets, public equity, and private equity) within
an wealth group. Similarly, within-group leverage, is the ratio between the sum all debt (e.g. mortgages, student
debt, credit card debt) within a wealth group and the sum of all total assets within the same group.
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I.2 Backward-Looking Results

FIGURE 1.6 — BACKWARD-LOOKING WEALTH PROFILES: AGE GROUPS
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Notes: Figure 1.6 shows the evolution of average wealth for different wealth groups conditional on their wealth at the
end of the sample period sorted by Bth.
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F1GURE 1.7 — BACKWARD-LOOKING PORTFOLIO SHARES: AGE GROUPS
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Notes: Figure 1.7 shows the evolution of the portfolio shares (left y-axis) and leverage (right y-axis).
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I.3 New Money and Old Money: Additional Figures

FiGURE 1.8 — AVERAGE WEALTH PROFILE: OLD MONEY AND NEW MONEY
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Notes: Figure 1.8 shows the average wealth profile for household whose head is in different wealth age and belong to

the top 0.1% of the wealth distribution at the end of the sample (BWh

ZP99~9> and were in different quartiles of the

initial average wealth distribution (Wi’1994).
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FIGURE 1.9 - INTERGENERATIONAL TRANSITION MATRIX: AGE GROUPS
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Notes: Figure 1.9 shows a intergenerational transition matrix between households wealth in 2015 and their parental
household wealth for households in different age groups. Each cell represent the fraction of household in different
percentiles of the parents wealth distribution (columns), conditional on their percentile of the wealth distribution in
the conditioning year, BW;‘ (rows). Each row sums to 100. The Parents Life Time Wealth Rank is calculate as the
rank of the average wealth adjusted for an age and year specific mean.
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FIiGURE 1.10 — INCOME SOURCES FOR NEW- AND OLD-MONEY HOUSEHOLDS

(A) Age [45—49] (B) Age [50-54]
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Notes: Figure 1.10 shows the shares of lifetime income for a sample of households in a given conditioning year for
different age groups conditional on BWQ pog.g and were in different quartiles of the initial average wealth distribution

(Wi,1994). Lifetime income refers to the sum of initial wealth (net worth in 1993) and all income sources between
1994 and the conditioning year. We average these shares across conditioning years.

FIGURE I.11 — EpucATION SHARES FOR NEW AND OLD MONEY HOUSEHOLDS

(A) Top 0.1% (B) Top 1%
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Notes: Figure I.11 the share of different education groups households (highest degree of the head of the household) for
households at the top 0.1% and top 1% among 50 to 54 year old hotfholds (BW;%;%"lgand BWE(;;Q?;I respectively)
divided in New Money (first quartile in the initial average wealth, W; 1994) and Old Money (forth quartile in the
initial average wealth, W,-,1994). HS is High-school or less, FNCE BA/MA is Bachelor or MBA on a finance or
business administration major, BA and MA are other bachelor degrees or master degrees, MD is Medical Doctor or

Dentist, H-STEM is BA or MA on a health related degree (except for Medical Doctor or Dentist) and STEM major.
The data in this Figure covers the period 1993-2015.
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Portfolio Shares

Portfolio Shares

Portfolio Shares

FIGURE 1.12 — PorTFOLIO SHARES: OLD MONEY AND NEW MONEY AND AGE GROUPS
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Notes: Figure 1.12 shows the portfolio composition and leverage for households that belong to the top 1% in a

conditioning year 7 for the New and Old Money households.
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I.4 Balanced Sample

FIGURE 1.13 — BALANCED BACKWARD-LOOKING WEALTH PROFILES
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Notes: Figure I.13 shows average wealth for different BW! groups considering households that have been stable for
at least ten years. The data in this Figure covers the period 1993-2015.
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FIGURE 1.14 — BALANCED FORWARD-LOOKING WEALTH PROFILES
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Notes: Figure 1.14 shows average wealth for different F’ W;’ groups considering households that have been stable for
at least ten years. The data in this Figure covers the period 1993-2015.
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I.5 Forward-Looking Results

FIGURE 1.15 — FORWARD-LOOKING WEALTH PROFILES: AGE GROUPS
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Notes: Figure 1.15 shows the evolution of average household for households in different F’ th groups.
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FIGURE 1.16 — FORWARD-LOOKING TRANSITION MATRIX: AGE GROUPS
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Notes: Figure 1.16 shows the intragenerational persistence of net wealth. Figure 1.16 shows the results by first sorting
household whose head is in different age groups in the conditioning year and then again by Wiygolg. Each cell represent
the fraction of household in different percentiles of the wealth distribution in Wi,zmg (columns), conditional on their
percentile of the wealth distribution in the conditioning year, FW;L (rows).
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FIGURE 1.17 — FORWARD-LOOKING PORTFOLIO SHARES FOR ToP 0.1%: AGE GROUPS
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Notes: Figure 1.17 shows the evolution of the portfolio shares (left y-axis) and leverage (right y-axis) for households.
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FIGURE 1.18 — FORWARD-LOOKING LIFETIME RESOURCES: AGE GROUPS
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Notes: Figure 1.18 shows lifetime resources shares for households in different age groups and wealth rank, FW]h.

Lifetime resources refers to the sum of initial wealth (net worth in conditioning year) and all income sources between

the conditioning year and 2019. We average these shares across conditioning years.
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