
Understanding 100 Years of the Evolution of
Top Wealth Shares in the U.S.:

What is the Role of Family Firms?

Andrew G. Atkeson Magnus Irie

UCLA Economics, FRB MPLS LSE Finance



The Rich are Different From You and Me ....

1. They have a lot of money

2. Lots of wealth mobility

I Many at the top got rich quickly

3. Top wealth shares have changed rapidly and by large amounts over
last 100 years

4. Data on Innovations to top wealth

I Bloomberg and Forbes Billionaires

I Gomez 2021, Zheng 2021

I Bach, Calvet, Sodini 2020

I Fagareng et. al. 2019

This paper: Quantitative model to match these four facts based on
Family Firms and their changing dynamics over the past 100 years



Empirical Challenge

Quantitative model of level and dynamics of top wealth shares

Simple random growth models: large top wealth shares imply slow
dynamics for those top shares

I Luttmer (2016)

I Gabaix, Lasry, Lyons, and Moll (2016) Appendix E

I Hubmer, Krusell, and Smith (2020) Figure 8

also imply low wealth mobility from the bottom

I Luttmer (2011)

I Benhabib, Bisin, and Luo (2019)

Challenge: how to match facts 2 and 3 conditional on
matching facts 1 and 4?



Family Firms and Dynamics of Top Wealth Shares

Family Firms: Striking Feature of Capitalist Economies

I Concentrated position even in large public firms

I Small minority overall but prevalent among very wealthy

I Families can remain undiversified for multiple generations

I Alessandra Peter (2020)

Family Firms and the Nouveau Riche

I Many of the very rich have recent fortunes

I Some of them came from very poor backgrounds

I Rapid mobility from the bottom



Family Firms and Dynamics of Top Wealth Shares

This paper: simple model of wealth dynamics

I Analytical link between dynamics of top wealth in response to
shocks and wealth mobility from the bottom
Facts 2 and 3 tied together in both a one-type and two-type model

I GLLM 2016 has slow dynamics of top wealth shares because it
doesn’t have enough wealth mobility from the bottom

I Two-type model with “family firms” goes a long way to reconcile
facts 1 - 4

I Difference in volatilities versus difference in means: Bach, Calvet,
Sodini 20

I Hypothesis: changing dynamics of family firms can account for
evolution of U.S. top wealth shares over the past century



Plan for the talk

Motivating Facts

Model: Champernowne (1953) with two types

Transitions: Gabaix, Lasry, Lions and Moll (2016) and Luttmer (2016)

I Top wealth dynamics and wealth mobility from the bottom

Calibration, drivers of wealth mobility

Transitions 1920-2020



Four Facts



The very rich have a lot of money

Forbes 400 have $3.2 Trillion in 2020

Equivalent to 2.9% of Household Net Worth

Bloomberg top 100 Billionaires worldwide have $3.5 Trillion

Pareto tail coefficient ≈ 1.5



Wealth mobility: many get rich quickly

10 is truly bottom, 9 is working class, 8 is middle to upper middle class

8 of these self-made are under 40
(2 Snap, 2 Facebook, 3 Airbnb, 1 Nikola Motor)

70% of wealth of Bloomberg top 100 Billionaires is self-made

Proportion of self made has increased: was less than 1/2 in 1984 downward



US Top Wealth Shares move a lot and quickly over 100 years

Figure 1: Wealth Concentration in the United States
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B. Wealth Composition for Key Components within Top Decile (2016)

Taxable Fixed Income Private Business Public Equity

0
2

4
6

8
10

Sh
ar

e 
of

 T
ot

al
 H

ou
se

ho
ld

 W
ea

lth
 (%

)

P90-91
P91-92

P92-93
P93-94

P94-95
P95-96

P96-97
P97-98

P98-99
P99-99.9

P99.9-100

Equal Return, Individual (PSZ 2018)
Our Preferred Estimate
Raw SCF
Raw SCF + Forbes 400

0
2

4
6

8
10

Sh
ar

e 
of

 T
ot

al
 H

ou
se

ho
ld

 W
ea

lth
 (%

)

P90-91
P91-92

P92-93
P93-94

P94-95
P95-96

P96-97
P97-98

P98-99
P99-99.9

P99.9-100

Equal Return, Individual (PSZ 2018)
Our Preferred Estimate
Raw SCF
Raw SCF + Forbes 400

0
2

4
6

8
10

Sh
ar

e 
of

 T
ot

al
 H

ou
se

ho
ld

 W
ea

lth
 (%

)

P90-91
P91-92

P92-93
P93-94

P94-95
P95-96

P96-97
P97-98

P98-99
P99-99.9

P99.9-100

Equal Return, Individual (PSZ 2018)
Our Preferred Estimate
Raw SCF
Raw SCF + Forbes 400

Notes: This figure plots the share of total household wealth for di↵erent wealth groups. Panel A graphs
our preferred specification for the top 0.1% share of net household wealth, along with analogous series from
Piketty, Saez and Zucman (2018), Saez and Zucman (2016), Kopczuk and Saez (2004a) (retrieved from and
updated in the appendix of Saez and Zucman (2016)), and the SCF. Panel B plots the share of aggregate
household wealth in 2016 for di↵erent groups within the top decile that comes from taxable fixed income
wealth, private business wealth, and public equity wealth. For example, private business wealth of the top
0.1% amounts to 8% of aggregate household wealth in the raw SCF series.
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US Forbes 400 wealth share more than triples since 1980’s

Figure 2: Growth of the Forbes 400 and Top 1%, 0.1%, 0.01% Wealth Share
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Notes. The figure plots the cumulative growth of top wealth shares for groups defined in the top Forbes percentile, which

includes 400 households in 2017. Data for the top 10%, 1%, 0.1%, 0.01% is from Saez and Zucman (2016).

and I classify as birth any entry in the top due to inheritance.

The first line of Table 1 reports each term geometrically averaged over the entire time period. I

find that the 3.9% yearly growth of the top wealth share during the time period can be decomposed

into a within term equal to 3.0%, a displacement term equal to 2.5%, and a demography term equal

to -1.5%. The demography term is itself the sum of a death term (-1.1%), a population growth

term (-0.8%), and a birth term (0.4%). Put di↵erently, if there had not been any dispersion in the

wealth growth among households, the growth of top shares would have been 1.4%, not 3.9%.

Figure 3 plots the result of the accounting decomposition every year. Yearly fluctuations in

the top share are almost entirely driven by fluctuations in the within term. However, while the

within term can be positive or negative, the displacement term is always positive. This is why the

contribution of the displacement term becomes quantitatively more important at longer frequency.

To examine low-frequency changes in the decomposition since 1983, Table 1 also reports the

terms averaged across three time periods of equal duration since 1983. The first period covers 1983-

1994, which includes the 1990-1991 recession. The second period covers 1994-2005, which includes

the 2001 recession. The third period covers 2005-2017, which includes the 2007-2009 recession.

The displacement term has been gradually decreasing over time: it goes from 3.3% in the first

part of the sample (1983-1994), to 2.7% in the second part of the sample (1994-2005), and finally to

1.5% in the third part of the sample (2005-2017). In the appendix, Table A2 formally shows that

this decline is statistically significant. In the rest of the section, I focus on understanding the level
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The very wealthy have very concentrated portfolios

Statistics for Top 100 Billionaires in Bloomberg Data

Total Net Worth in Billions 3,547$       

Fraction Cash 0.11
Fraction Private Assets 0.21
Fraction Public Shares 0.68

Fraction of Public Shares in top holding 0.93
Fraction of Public Shares in top three holdings 0.98

Fraction of Net Worth in Private Assets 
plus largest public holding 0.84

Fraction of Net Worth Self Made 0.70
Fraction of Net Worth Inherited 0.30

from Bloomberg Billionaires. Exceptions Bill Gates and Ernesto Bertarelli
Goldsmith: Also true for top wealthy families in 1930’s



Model



Model Overview

I Discrete Time Random Growth Model: Champernowne (1953)

I Trinomial model with reflecting barrier at bottom

I allows for type-dependent processes for wealth

I Gabaix, Lasry, Lions, and Moll (2016)

I Luttmer (2016)

I Jones and Kim (2018)

I Family Types: Family Firm (F) and Diversified (D)

I Switch D → F : start a family firm

I Cagetti and De Nardi (2009), Quadrini (2009)

I Switch F → D: diversify the family holdings

I Bertrand and Schoar (2006), Peter (2019)

I Abstract from labor income: Benhabib, Bisin, Luo (2017)

I The rich are different from you and me ...



Trinomial Implementation

Individual assets on a grid

W (n) = exp(n∆)

for n = 0, 1, 2, . . ..

probability up puit for type i = F,D

for n = 1, 2, . . ..

probability down pdit

probability stay 1− puit − pdit

for n = 0.

probability stay 1− pui

1− φF probability transition F → D

1− φD probability transition D → F

νF , νD stationary fractions of each type



Trinomial vs. Binomial Model

Moments of innovations:

Mean
(pu,j,t − pd,j,t)∆ = µjt∆t

Uncentered second moment

(pu,j,t + pd,j,t)∆
2 = σ2

jt∆t + µ2
jt∆

2
t

Binomial Model: pu + pd = 1 Trinomial Model: 0 ≤ pu + pd ≤ 1

In trinomial model, given grid step size ∆, flexibility in picking level of
moments



Transitions of Top Wealth Shares and

Wealth Mobility: Analytical Results



Steady State with one type

Second order difference equation for asset density gss(n)

1 stable eigenvalue 1 > λ > 0

λ =
pu
pd

Steady-state asset density

gss = Λ

Λ(n) = (1− λ)λn

Asset tail coefficient

ζss = − 1

∆
log(λ)

Can hit same tail coefficient with small or large asset innovation
moments µ∆t and σ2∆t with small or large pd



Continuous time limit

Step Size
∆ = σmax

√
2∆t

Mean
(pu,j,t − pd,j,t)∆ = µ∆t

Uncentered second moment

(pu,j,t + pd,j,t)∆
2 = σ2∆t + µ2∆2

t

Expected growth in the level of wealth

gj,t = µj,t +
σ2
j,t

2

lim
∆t→0

ζss = −2µ

σ2



GLLM (2016) transition experiment

Initial distribution of assets by type

g0 = Λ0 6= Λss

Λ0(n) = (1− λ0)λn0

Initial Tail Coefficient

ζ0 = − 1

∆
log(λ0)

New Steady State Tail Coefficient

ζss = − 1

∆
log(λss)

What does asset density at t look like?

gt = Tt(Λ0)



GLLM (2016) transition experiment

Let 1 be a density that puts weight one on lowest node.

Let Tt(1) be the density after t periods for a cohort that started at the
bottom.

Proposition:
The sequence gt = Tt(Λ0) satisfies

gt+1 = Agt + (1−A)Tt(1)

where A is a scalar given by

A ≡
(
pd(1− λ0)(

λss
λ0
− 1) + 1

)

Alternatively

gt = Tt(Λ0) = AtΛ0 + (1−A)

t−1∑
k=0

At−k−1Tk(1)



GLLM (2016) transition experiment

Proposition:
The sequence gt = Tt(Λ0) satisfies

gt+1 = Agt + (1−A)Tt(1)

where A is a scalar given by

A ≡
(
pd(1− λ0)(

λss
λ0
− 1) + 1

)

Proof.
Direct calculation gives that

T(Λ0) = AΛ0 + (1−A)1.

The operator T is linear. Repeated application of this operator to
gt+1 = T(gt) starting from g0 = Λ0 then gives the result.



Wealth mobility: A Transition starting from the bottom ζss = 1.5

Compare CCDF of Tt(1) to steady-state CCDF at percentile α:

Gt(n(α))/α

Wealth mobility high when asset innovation moments are large
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Figure 3: Time paths for Gt(n(↵))/↵ at top wealth percentiles ↵, for a cohort starting at the
bottom of the asset distribution. ↵ = 1%, 0.1%, 0.01%, 0.001%, 0.0003%. We see that the speed of
the transition is much slower when � is low.

This computational experiment indicates that the extent of wealth mobility from

the bottom is dramatically impacted by the magnitude of the volatility of innovations

to the idiosyncratic component of wealth.

The transition of the tail coe�cient We now illustrate quantitatively the con-

nection between the extent of wealth mobility from the bottom and the speed of

transition of the distribution of assets to steady-state. To do so, we revisit the tran-

sition experiment considered in Gabaix et al. (2016) and described in Proposition 1.

Note that our results from Proposition 1 and in Figure 3 indicate that the transition

of the distribution of assets in this experiment is slowest at top wealth percentiles

as the time it takes for Tk(1) to converge to steady-state is longest at these top

wealth percentiles. As a result, we focus on the transition of the tail coe�cient of

the distribution of assets at top wealth percentiles.
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Convergence of Tail Coefficient ζss = 1.5

Plot of tail coefficient ζt(n(α)) for percentiles α

Rapid convergence of tail coefficient for high percentiles when asset
innovation moments are large

Specifically, in our transition experiment, we start the economy with an initial

distribution of assets ⇤0 with an initial tail coe�cient of ⇣ = 2 and we compute the

transition of this distribution to the new steady-state distribution ⇤ss in which the

steady-state tail coe�cient is ⇣ = 1.5. We display the evolution of the tail coe�cient

of wealth at top wealth percentiles over a 100 year period of this transition. When

the distribution of assets has an exact Pareto tail, the slope of this graph is constant.

However, during the transition, the asset distribution will not be exactly Pareto and

hence the slope will depend on the wealth node at which it is computed. We therefore

compute this wealth-level dependent slope, ⇣t(n), in accordance with Equation 2 for

nodes n(↵) corresponding to the top wealth percentiles ↵ = 1%, 0.1%, 0.01%, 0.001%

and 0.0003%.

We plot the results of this computation in Figure 4.
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Figure 4: Time paths for the tail coe�cient of the asset distribution, ⇣t(n(↵)). The tail coe�cient
is computed at ↵ corresponding to various top wealth percentiles.

We see in Figure 4a that when the standard deviation of innovations to the log

of the idiosyncratic component of assets is set to � = 0.5, the transition of the tail

coe�cient for top wealth percentiles is fairly rapid. It takes roughly 50-60 years to

transition from a tail coe�cient of 2 to a coe�cient of 1.5. The transition is slower

24
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Summary of one-type model: option in the literature

1. The very rich have a lot of money 3

2. Lots of wealth mobility

I Many at the top got rich quickly 7

3. Top wealth shares have changed rapidly and by large amounts over
last 100 years 7

4. Innovations to top wealth are volatile 3

If you calibrate to the tail coefficient of wealth and the standard
deviations of innovations to wealth with normal innovations to log wealth,
then you miss wealth mobility and the dynamics of top wealth shares



Summary of one-type model: high volatility

1. The very rich have a lot of money (ζss = 1.5) 3

2. Lots of wealth mobility

I Many at the top got rich quickly 3

3. Top wealth shares have changed rapidly and by large amounts over
last 100 years 3

4. Innovations to top wealth are volatile 7

If you calibrate to the tail coefficient of wealth and wealth mobility, you
get top share dynamics, but then the standard deviation of innovations to
wealth with normal innovations to log wealth is too high



Two Type Model



Steady State Two Type Model

One high variance type F and one low variance type D

Two linked second order difference equations for densities gj,ss(n)

2 stable eigenvalues 1 > λa > λb > 0

Steady-state densities for j = F,D

gj,ss = ajΛa + bjΛb

aj + bj = 1

Λi(n) = (1− λi)λni i = a, b

gss(n) =
∑
i=1,2

νigi,ss(n)

Limiting tail coefficient and fraction of family firms at the top

lim
n→∞

ζss(n) = − 1

∆
log(λa) νF (n)→ νFaF

νFaF + νDaD



Calibrating Parameters and Moments

Eight parameters: ∆t,∆, νF , φF , puF , pdF , puD, pdD

1. Step size and time period

I ∆ = σmax︸ ︷︷ ︸
50%

√
2 ∆t︸︷︷︸

1/15000

2. Switching rates

I F → D 6.66% per year: persistence of family firms

I D → F unconditional fractions νF = 5% and νD = 95%

I Bhandari and McGrattan (2020) Census data suggest
F → D 10% per year Business Age

3. Two probabilities of innovations to wealth for each of two types

I limiting tail coefficient of wealth at the top − log(λa)/∆ = 1.5

I Bach et. al. moments
I gap in wealth growth rate top 10% and 0.01%: 3.43%

I σ10% = 10.3%, and σ0.01% = 35.79%



Upward wealth mobility with Family Firms

Still lots of upward mobility with just 5% Family Firms
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Upward wealth mobility with Alternative Calibrations

Mobility from bottom into Forbes 400:
Is it differences in means or differences in volatilities across types
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Transitions 1920-2020



Evolution of idiosycratic volatility of individual stocks

Figure 3: Volatility and Correlation of Return Factor Model Residuals

Panel A shows the average pairwise correlation for total and idiosyncratic returns within each calendar year.
Panel B shows the cross-sectional average annualized firm-level volatility each year for total and idiosyncratic
returns. Idiosyncratic volatility is the standard deviation of residuals from the market model, the Fama-
French three-factor model, or a five factor principal components model for daily returns within each calendar
year.
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This common variation in idiosyncratic volatility cannot be explained by comovement

among factor model residuals, for instance due to omitted common factors. Panel A of

Figure 3 shows that raw returns share substantial common variation, with an average pairwise

correlation of 13% over the 1926-2010 sample, and occasionally exceeding 40%. However,

the principal components model captures nearly all of this common variation at the daily

frequency, as average correlations among its residuals are typically less than 0.2%, and are

never above 0.9% in a year. The same is true for the market and Fama-French models.

Moving to a higher number of principal components, such as 10, has no quantitative impact

on these results. Indeed, the Fama-French model and the five principal component model

appear to absorb all of the comovement in returns, making omitted factors an unlikely

explanation for the high degree of commonality in idiosyncratic volatilities.

Despite the absence of comovement among residual return realizations, Panel B of Figure

3 shows that average idiosyncratic volatility from various factor models is nearly the same as

12

from Herskovic, Kelly, Lustig, van Nieuwerburgh (2014)



A Full Transition Experiment

100 years from 1920 to 2020

initial distribution with tail coefficient ζ0 = 1.5

hold gj , σD,∆,∆t constant

For Family Firms σFt
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Model implied top tail coefficients 1920 - 2020

inequality bottoms out 20-40 years after bottom of equity volatility
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Model implied top wealth shares 1920 - 2020

bottoms out 20-25 years after bottom of equity volatility d = 0.9486
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share of wealth held by top 1% and top 0.1%
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Model implied very top wealth shares

Still a bit slow.

1920 1930 1940 1950 1960 1970 1980 1990 2000 2010 2020

share of wealth held by top 0.01%
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Model implied very top wealth shares

Timing is a bit off.
Less than 10% stay in Forbes 400 for whole 30 years (compare to Gomez)

1980 1985 1990 1995 2000 2005 2010 2015 2020

Year
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Summary of family firm model

1. The very rich have a lot of money (ζss = 1.5) 3

2. Lots of wealth mobility

I Many at the top got rich quickly 3

3. Top wealth shares have changed rapidly and by large amounts over
last 100 years 3

4. Innovations to top wealth are volatile 3

Our top share dynamics are a little slow.
One might go to three or more types to refine model or consider jumps
Key is to get fast mobility from the bottom



Wealth Mobility: you don’t stay on top for long

List of Wealthy American Families 1924 (Lundberg 1937)
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List of Wealthy American Families 2015 (Forbes)

Rank  Name Net Worth Origin of Wealth
1 Walton family $130  billion Wal-Mart
2 Koch family $82 billion diversified
3 Mars family $78 billion candy
4 Cargill-MacMillan family $49 billion Cargill Inc.
5 Cox family $41 billion media
6 S.C. Johnson family $30 billion cleaning products
7 Pritzker family $29 billion hotels, investments
8 (Edward) Johnson family $28.5 billion money management
9 Hearst family $28 billion Hearst Corp.

10 Duncan family $21.5 billion pipelines
11 Newhouse family $18.5 billion magazines, cable TV
12 Lauder family $17.9 billion Estee Lauder
13 Dorrance family $17.1  billion Campbell Soup Co.
14 Ziff family $14.4 billion publishing
15 Du Pont family $14.3 billion DuPont (chemicals)
16 Hunt family $13.7 billion oil
16 Goldman family $13.7 billion real estate
18 Busch family $13.4 billion Anheuser-Busch
19 Sackler family $13 billion pain medicines
20 Brown family $12.3  billion liquor
21 Marshall family $12 billion diversified
22 Mellon family $11.5 billion banking
23 Butt family $11 billion supermarkets
23 Rockefeller family $11 billion oil
25 Gallo family $10.7 billion wine, liquor

back



GLLM (2016) transition experiment

[
aF,t+1

aD,t+1

]
=

[
φFAF (1− φF )AD

(1− φD)AF φDAD

] [
aF,t

aD,t

]
[
bF,t+1

bD,t+1

]
=

[
φFBF (1− φF )BD

(1− φD)BF φDBD

] [
bF,t

bD,t

]

Aj =

[
1 + pu,j

1− λa
λa

− pd,j(1− λa)

]

Bj =

[
1 + pu,j

1− λb
λb

− pd,j(1− λb)
]

and cF,0 = cD,0 = 0 and

cF,t+1 = φF (aF,t + bF,t) + (1− φF )(aD,t + bD,t)− (aF,t+1 + bF,t+1)

cD,t+1 = φD(aD,t + bD,t) + (1− φD)(aF,t + bF,t)− (aD,t+1 + bD,t+1)

back



Some keep these concentrated portfolios for generations

from EY St Gallen Family Business Index follows family firms in 2nd
generation or more



Census Data on Business Age

from Bhandari and McGrattan 2021
back


	INTRODUCTION
	INTRODUCTION


