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APPENDIX D: EMPIRICAL APPENDIX ON FORBES 400

D.1. Autocorrelogram

FIGURE D.1 PLOTS THE SERIAL CORRELATION OF THE WITHIN, BETWEEN, AND DEMOG-
RAPHY TERMS. Each term has different patterns. The within term is serially uncorrelated,
which reflects the fact that stock market returns are approximately uncorrelated over
time. The between term is positively correlated over time, with an AR(1) structure, which
reflects the fact that the dispersion of wealth growth among top households tends to be
serially correlated over time (as seen in Figure 4a). Finally, the demography term is nega-
tively correlated at the 1-year horizon, with a MA(1) structure, which reflects the fact that
the fraction of top households that die in a given year tends to be negatively correlated
over time. Intuitively, a higher number of deaths in a given year implies fewer deaths in
the following year, as the remaining population is younger.

D.2. Measuring the Wealth of Drop-Offs

The decomposition in Section 2 requires knowing the wealth of households that drop
off the top percentile. However, before 2012, Forbes only rarely reported the wealth of
individuals who dropped out from the top 400. First, 70% of households that drop off
the top percentile actually stay in the Forbes 400. Indeed, the top percentile used in this
paper is composed of only 264 households in 1983 (it was chosen so that, with population
growth, it includes 400 households in 2017). Because wealth is so concentrated in the top,
there is usually a great difference between the last individual in this top percentile and
the wealth of the last individual in the top 400. Therefore, most households that drop off
this top percentile stay in the top 400.

I now focus on the remaining 30% of households that drop off the Forbes 400. Formally,
the problem boils down to estimating the average of a variable (the wealth growth of
top households) that is left censored. In this particular setting, the Kaplan and Meier
(1958) estimator gives tight bounds to estimate this quantity. The idea is to estimate the
average growth rate of drop-offs using the observed negative growth rates of households
in the top percentile. The identifying assumption is that the distribution of growth rates
is homogeneous for households within the top percentile.

More precisely, the Kaplan and Meier (1958) method is to first estimate the survival
function, that is, in my setting the probability that wealth growth is lower than a certain
threshold P((wit+1 −wit)/wit ≤ x). This survival function can then be used to estimate the
expectation of wealth growth conditional on being lower than a certain threshold, that is,
E[(wit+1 −wit)/wit|(wit+1 −wit)/wit ≤ x].

I check the validity of this imputation method by focusing on years where Forbes reports
the wealth of drop-offs (i.e., 2012–2017). In these years, I compare the result obtained
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FIGURE D.1.—Autocorrelogram for the within, between and demography terms in the Forbes 400. Note:
The figure plots the autocorrelation for the within, between, and demography terms obtained by applying
the accounting framework (2) on the growth of the Forbes 400 wealth share. The dashed lines represent the
95% confidence bands corresponding to the null hypothesis of no correlation. Data are from Forbes and the
Financial Accounts of the United States.

from the estimated method and the result obtained using the real wealth of drop-offs.
Table D.I shows the average return of these drop-offs using the imputed method and
the actual data reported by wealth. The estimates differ by only 2 percentage points, on
average (−26% versus −28%). The fact that the Kaplan–Meier estimator gives such a
good result is intuitive: because wealth is so concentrated, households at the very top of
the wealth distribution hold ten times more wealth than the households at the percentile
threshold and, therefore, I actually observe a large part of the distribution of negative
wealth shocks.

The last four columns report the estimates for the within and between terms using
imputed and real data. The estimates differ by 5 basis points. The bias is small because,
as discussed above, the Kaplan–Meier method provides accurate estimates of the wealth
growth of imputed households. Moreover, the wealth share represented by the imputed
households is small to begin with.

I use the same method to impute the second, third, and fourth order of wealth to obtain
the estimate of standard deviation, skewness, and excess kurtosis reported in Table IIa.

TABLE D.I

EFFECT OF USING IMPUTED VERSUS REPORTED WEALTH OF DROP-OFFS ON DECOMPOSITION.

Year
Average Wealth Growth

of Drop-Offs (%) Within (%) Between (%)

Imputed Actual Imputed Actual Imputed Actual

2011–2012 −33�56 −36�48 7�75 7�70 1.22 1.26
2012–2013 −27�34 −29�82 6�77 6�73 1.13 1.17
2013–2014 −23�82 −19�35 2�36 2�44 1.69 1.61
2014–2015 −26�44 −30�28 −2�99 −3�08 1.34 1.42
2015–2016 −26�46 −32�53 3�29 3�15 1.33 1.46
2016–2017 −16�97 −19�14 1�49 1�44 1.61 1.65

2011–2017 −25�93 −28�22 3�05 3�00 1.38 1.43

Note: The table compares the within and the between terms (defined in (2)) using imputed data and actual data about the wealth
of drop-offs. Starting from 2011, Forbes systematically reports the wealth of all drop-offs. For these years, one can compare the results
of the accounting framework using this reported data as opposed to the imputation using Kaplan and Meier (1958). All terms are in
percentages. Data are from Forbes and the Financial Accounts of the United States.
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D.3. Assessing the Importance of Measurement Error in Wealth

How does transitory measurement errors in wealth affect the accounting framework?
Suppose that wealth follows a simple diffusion process with drift μ and volatility ν. More-
over, suppose that wealth is only observed every year, and only with some errors, that is,
we only observe ŵit =wite

εit , where εit is an i.i.d. process with E[eεit ] = 1.
The log change in observed wealth between t and t + 1 can be written as

log
(
ŵit+1

ŵit

)
= μ+ ν(Bit+1 −Bit) + εit+1 − εit �

Denote ρ the slope coefficient in a regression on observed wealth growth on its lagged
value. We can relate ρ to the variance of measurement errors, Var(εit):

ρ= cov
(
log(ŵit+1/ŵit)� log(ŵit/ŵit−1)

)
Var

(
log(ŵit/ŵit−1)

)

= cov
(
μ+ ν(Bit+1 −Bit) + εit+1 − εit�μ+ ν(Bit −Bit−1) + εit − εit−1

)
Var

(
μ+ ν(Bit −Bit−1) + εit − εit−1

)
= − Var(εit)

ν2 + 2 Var(εit)

This equation makes it possible to recover the variance of measurement errors from the
serial correlation of log wealth growth. More precisely, Table D.II reports an estimate for
ρ≈ −0�01, which implies Var(εit)/ν2 ≈ 1%.

TABLE D.II

SERIAL CORRELATION OF WEALTH GROWTH IN THE
FORBES 400.

Wealth Growth

(1)

Lagged Wealth Growth −0�01
(0.01)

Constant 0.05
(0.00)

R2 0.18
Period 1983–2016
FE Individual
N 11,392

Note: The table shows the result of regressing future wealth growth
on current wealth growth with individual fixed effects, that is, denoting
wit the wealth of household i at time t:

log
(
wit+1
wit

)
= αi +β log

(
wit

wit−1

)
+ εit+1�

Estimation is done via OLS. Standard errors are in parentheses and are
estimated using Newey–West with three lags. Data are from Forbes.
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Denote ̂Between the between term obtained by applying the accounting framework on
ŵit between t and t + 1. Over a short time period, Proposition 2 says that the relative bias
in the between term is equal to the relative bias in the variance of log wealth growth:

̂Between − Between
Between

≈ 2 Var(εit)/ν2�

Overall, this exercise suggests that the relative bias in the between term is around 2%,
which is very small.

APPENDIX E: DECOMPOSING THE GROWTH OF BILLIONAIRE’S SHARES IN RUSSIA
AND CHINA

I now compare the accounting decomposition obtained for the U.S. with other coun-
tries, using Forbes’s list of international billionaires starting in 1987. One difficulty is that
the number of billionaires in each country tends to be much smaller than in the U.S.
Therefore, I restrict myself to Russia and China, the two countries with the highest count
of billionaires in 2010 outside the U.S.56 I consider the wealth share of the percentile com-
posed of 50 billionaires in 2010. Since China counts less than 50 billionaires before 2010,
I only look at the growth of this wealth share in the 2010–2017 period.57

Another concern is that data quality may be lower for these two countries compared
to the U.S. In particular, the addition of a billionaire to the list may reflect the fact that
Forbes becomes more familiar with the country over time, rather than a real change in
the underlying wealth distribution. To address this concern, I manually check that each
new Chinese or Russian billionaire can be traced back to a particular event, such as a
successful IPO or a high stock market return; otherwise, I remove the household from
the sample. Finally, data on per capita household wealth in Russia and China are taken
from the World Wealth and Income Database.

Table E.I shows the result of the accounting decomposition for these two countries as
well as the results of the U.S. for the same time period. Figure E.1a plots the average
within, between, and demography terms in each country over time as well as their stan-
dard errors. Wealth inequality increased in both countries: the yearly growth rate of the
top share is 1�0% in China and 8�0% in Russia. The average within term has a large stan-
dard error, which reflects the short time window for the decomposition as well as the
small number of households in each group. In contrast, the between term is much more
precisely estimated. As a consequence, in the rest of the analysis, I focus on comparing
the between term across countries.

The between term averages to 1�1% in Russia over the last 10 years, which is roughly
similar to the average between term in the U.S. over the same time period. In contrast, the
between term averages to 4�2% in China, which is three times higher than the average be-
tween term in the U.S. To better understand this difference, I compare the model-implied
between term 1

2 · gt (qt)q2
t /(pwPt) · νt (qt)2 in China, using the same methodology as the

U.S. (see Figure E.1b). This allows me to decompose the change between the between

56For the sake of the exercise, I group together China, Hong Kong, and Taiwan.
57The evolution of wealth inequality in China and Russia has been also discussed in Novokmet, Piketty, and

Zucman (2018) and Piketty, Yang, and Zucman (2019).
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TABLE E.I

DECOMPOSING THE GROWTH OF THE BILLIONAIRES’ WEALTH SHARE.
(a) Summary

Growth of Top Percentile Wealth Share

Total Within Between Demography

United States 3.1 3�1 1.4 −1�4
China 1.0 −2�5 4.2 −0�8
Russia 8.0 6�9 1.1 0�0

(b) Within

Within

Total Average Wealth Growth in Top Percentile −Growth Country Wealth per Capita

United States 3�1 8.1 −4�8
China −2�5 9.1 −11�9
Russia 6�9 2.9 3�8

(c) Between

Between

Total Inflow Outflow

Total nI
wI�1−q1
wP0�0

Total nO
q1−wO�1
wP0 �0

United States 1.4 1.1 8�2 14 0.2 5�9 4
China 4.2 2.8 17�6 17 1.4 16�7 9
Russia 1.1 0.7 10�6 6 0.5 10�6 4

(d) Demography

Demography

Total Birth Death Population Growth

Total nB
wB�1−q1
wP0 �0

Total nD

q1−
wP0\D�1
wP0\D�0

wD�0

wP0 �0
Total 1 − nP0

q1−
wP0\D�1
wP0\D�0

wP0 �0

wP0 �0

United States −1�4 0.3 0.3 78 −0�9 1.6 −56 −0�8 1.0 −74
China −0�8 0.1 0.6 21 −0�7 1.1 −63 −0�2 0.3 −62
Russia 0�0 0.0 0.0 — 0�0 0.0 — 0�0 0.0 —

Note: Table E.I reports the geometric mean of the growth rate of billionaires’ shares as well its decomposition into a within,
between, and demography terms as defined in accounting framework (2). The within term is further decomposed into the growth
of the average wealth of households initially in the top percentile and the growth of the per capital wealth in each country (both
expressed in real dollars). All terms are in percentages. Data are from Forbes, the Bureau of Economic Analysis, and the World
Wealth and Income Database.

term in China and in the U.S. as a sum of two factors:

	

〈
1
2
gt (qt)q2

t

pwPt

νt (qt)2

〉
︸ ︷︷ ︸

2�7%

=
〈

1
2
gt (qt)q2

t

pwPt

〉
×	

(
νt (qt)2

)
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1�3%

+ 〈
νt (qt)2

〉 ×	

(
1
2
gt (qt)q2

t

pwPt

)
︸ ︷︷ ︸

1�4%
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FIGURE E.1.—Decomposing the annual growth rate of billionaires’ shares (2010–2017). Note: Figure E.1a
plots the average annual growth rate of the billionaires’ shares in the U.S., Russia, and China, as well as the
within, between, and demography terms defined in the accounting framework (2). The figure also plots the
95% confidence interval for the average of each quantity over the time period. Figure E.1b plots the average
estimates of gt (qt)q2

t /(pwPt) and νt (qt)2 for these three countries. Data are from Forbes and the World Wealth
and Income Database.

where 	x (resp., 〈x〉) denotes the difference (resp., average) of variable x between China
and the U.S. I find that the relatively high level of the between term in China comes from
the combination of two distinct forces. First, the standard deviation of (log) wealth growth
among top households is much higher in China compared to the U.S. Second, wealth
inequality in China is much lower to begin with, which makes it easier for households
with high realized growth rates to displace existing fortunes at the top.

APPENDIX F: DECOMPOSING THE GROWTH OF TOP INCOME SHARES

I now apply the accounting framework to decompose the growth of top income shares in
the U.S. The key difference with wealth is that income is a flow, not a stock. In particular,
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transitory shocks play a much larger role in driving the dynamics of income in the short
run, even though they only play a small role in shaping the income distribution.58 The
situation is similar to the measurement error problem discussed in Appendix D: while we
would like to do the decomposition on the permanent component of labor income, we
only observe a noisy version of it.

One simple way to adapt the accounting framework to top income shares is to apply the
decomposition on a more “permanent” measure of income: the average income received
by each individual averaged over a 3-year period.

I use the IRS public use panel files created by the Statistics of Income Division from
1979 to 1990. This data set includes a random subsample of taxpayers who can be fol-
lowed over time between 1979 and 1990. Following Piketty and Saez (2003), I construct
a comprehensive measure of earnings, which includes wages, salary, and entrepreneurial
income.59 I focus on tax filers who file jointly—note that, in this context, birth and death
represent taxpayers who start or stop filing jointly. The sample contains 5523 distinct tax-
payers. Finally, I replace values of income below the bottom 10% (in a given year) by
the bottom 10% quantile. While this winsorizing does not play an important role for the
results of the accounting decomposition, it helps making the distribution of log income
growth closer to a normal distribution and, therefore, to obtain a better approximation by
the diffusion model obtained in Section 3.

As mentioned earlier, I want to focus on the permanent component of income. To do
so, I average income over 3-year periods before applying the accounting on the sample.
I then annualize each term to obtain yearly terms (i.e., dividing them by three). I find
similar results using a larger time period such as 6 years, which suggests that 3 years is
enough to focus on the permanent component of income.

Table F.I shows the result of the accounting decomposition for the top 100%, top 10%,
and top 2% (due to fact I only observe a sample of taxpayers, I cannot delve into smaller
top percentiles—the top 2% only represents 100 taxpayers). Note that, by definition, the
growth of top income share and the between term for the top 100% are equal to zero.

I find that the annual growth rate of top income shares during the time period for the
top 2% is 4�0%. This number can be decomposed as follows: a within term of 0�3%, a
between term of 4�2%, and a demography term of −0�5%. In other words, the between
term plays an even larger role compared to top wealth shares: the between term accounts
for the whole increase in top income inequality.

Figure F.1 plots the result of the decomposition over all percentiles. While the within
term and the demography term are relatively stable across the income distribution, the
between term gradually increases with top percentiles. As a result, the increase of the
between term with respect to percentiles lines up with the increase of the top income
share, suggesting again that the between term has been a key driver of the rise in top
income shares during the time period.

To understand why the between term increases with top percentiles, Figure F.1a plots
the contributions of gt (qt)q2

t /(pwPt) and νt (qt)2 as a function of the top percentile. The
standard deviation of log income follows a U-shape, as in Guvenen, Karahan, Ozkan,
and Song (2021). However, gt (qt)q2

t /(pwPt) increases almost monotonically with the top
percentile, except at the very top. Overall, I find that the model-implied between term
increases monotonically with top percentiles.

58See Heathcote, Perri, and Violante (2010) and Blundell, Pistaferri, and Preston (2008).
59More precisely, I construct earnings as adjusted growth income minus capital gain, dividend income, in-

terest income, rental income, and royalties.
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TABLE F.I

DECOMPOSING THE GROWTH OF TOP INCOME SHARES (1979–1990).

(a) Summary

Growth of Top Income Shares

Total Within Between Demography

Top 100% 0.0 −0�1 0.0 0�1
Top 10% 2.2 −0�0 2.3 −0�1
Top 2% 4.0 0�3 4.2 −0�5

(b) Within

Within

Total Average Income Growth in Top Percentile −Growth of U.S. Income per Capita

Top 100% −0�1 2.5 −2�6
Top 10% −0�0 2.6 −2�6
Top 2% 0�3 2.9 −2�6

(c) Between

Between

Total Inflow Outflow

Total nI
wI�1−q1
wP0�0

Total nO
q1−wO�1
wP0 �0

Top 100% 0.0 0.0 0.0 — 0.0 0.0 —
Top 10% 2.3 1.2 7.3 16 1.2 7.4 16
Top 2% 4.2 2.5 9.2 26 1.8 8.8 21

(d) Demography

Demography

Total Birth Death Population Growth

Total nB
wB�1−q1
wP0 �0

Total nD

q1−
wP0\D�1
wP0\D�0

wD�0

wP0 �0
Total 1 − nP0

q1−
wP0\D�1
wP0\D�0

wP0 �0

wP0 �0

Top 100% 0�1 3.8 5.1 75 −3�0 4.2 −72 −0�9 1.0 −91
Top 10% −0�1 1.1 3.5 32 −1�0 2.4 −38 −0�3 1.0 −35
Top 2% −0�5 0.9 3.0 33 −1�2 2.6 −37 −0�3 0.9 −30

Note: Table F.I reports the average of the annual growth rate for the top 100%, 10%, and 2% income shares, as well as the within,
between, and demography terms defined in the accounting framework (2). All terms are in percentages. Data are from the IRS public
use panel files.



DECOMPOSING THE GROWTH OF TOP WEALTH SHARES 9

FIGURE F.1.—Decomposing the growth of top income shares (1979–1990). Note: Figure F.1a plots the av-
erage of the within, between, and demography terms as measured for each top percentile of the income distri-
bution. Figure F.1b plots the average estimates of gt (qt)q2

t /(pwPt) and νt (qt)2 for each top percentile of the
income distribution. Data are from the IRS public use panel files.
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