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IS INDEX CONCENTRATION AN INEVITABLE
CONSEQUENCE OF MARKET-CAPITALIZATION

WEIGHTING?
Lisa R. Goldberga,∗, Ananth Madhavanb, Harrison Selwitza,

and Alexander Shkolnikc

Market-cap-weighted equity indexes are ubiquitous. However, there are growing concerns
that such indexes are increasingly concentrated in a few stocks. We ask: Does market-cap
weighting inevitably lead to increased concentration over time? The question of inevitabil-
ity arises from research that develops probabilistic causal mechanisms for the dominance
by a few firms over time. We show that while the concentration currently observed in
major equity market indexes is substantial, it is not at an all-time high. Monte Carlo
simulations calibrated to market data provide insight into various approaches to mitigate
concentration, albeit at the expense of higher turnover.

Many traditional equity indexes—originally
intended as performance benchmarks to capture
the entire market in a region, asset class, or
sector—are weighted by market capitalization.1

Cap-weighted schema have strong justification on
theoretical and practical grounds. Theory comes
from the capital asset pricing model (Sharpe,
1964) where investors hold combinations of the
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Sausalito, CA 04965, USA. Phone: 415.339.4300. E-mail:
lisa.goldberg@blackrock.com.
bBlackRock, 400 Howard Street, San Francisco, CA 94105,
USA.
cUniversity of California, Santa Barbara, California 93106,
USA.
∗Corresponding author.

market portfolio and riskless bonds. From a
practical perspective, cap-weighted indexes are
naturally self-rebalancing, reducing turnover and
transaction costs relative to alternative weighting
schema that may require more extensive rebal-
ancing. Indeed, the very first index fund (for the
Samsonite Luggage pension plan) was initially
equal weighted, but the high turnover led to a
transition to cap weighting, specifically the S&P
500.2 Yet, despite their advantages, concerns that
cap-weighted indexes are overly concentrated in
the largest stocks are increasingly common.3

We ask: Will the use of market-cap weighting in
indexes inevitably lead to increased dominance
over time by the largest firms? The question of
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Is Index Concentration an Inevitable Consequence of Market-Capitalization Weighting? 51

inevitability is suggested by research that shows,
under a variety of possible and plausible causal
mechanisms, that the distribution of firm size may
be increasingly dominated over time by just a few
firms.

We begin by defining an intuitive metric for index
concentration at a point in time. We then exam-
ine the time series of concentration for major
equity indexes over the 25 years from 1996 to
2021. Many cap-weighted indexes are currently
very concentrated. The MSCI Emerging Markets
Index and the S&P 500 Index have seen the largest
increases in concentration, with current levels
above those of the peak of the dot-com era in
1999, but no such trend is evident for the MSCI
EAFE Index. Given the prominence of the S&P
500 Index, we examine in detail the concentra-
tion and turnover in that index from 1975 onward.
Interestingly, although concentration in the S&P
500 Index is the highest in a quarter century, it
was even higher in the 1970s.

Simple descriptive statistics provide useful
insight but may be limited in our understanding
of future dynamics. We turn to power laws that
are pervasive in the social and physical sciences
to model concentrated phenomena. A random
variable follows a power law distribution if the
probability of a value exceeding x is propor-
tional to x to the power of a negative constant.
Power law distributions occur widely in physics,
biology, earth and planetary sciences, demogra-
phy, and the social sciences, including economics
and finance. Of particular interest, power laws
allow us to model the entire distribution of index
weights and, under simple assumptions about
the random growth of firm size, provide insights
into the long-run concentration of cap-weighted
indexes as shown in the Appendix. When we take
these concepts to the data, we find that power laws
can describe index concentration well, especially
in the tails of the distribution, although we are not

yet close to the extreme concentration that might
occur in a steady state. In other words, although
the weights of the largest stocks in many indexes
are high, these are well below what we would
expect over the long run with random growth in
firm size.

We then turn to the question of what can be done
to mitigate rising concentration. Index reconstitu-
tion offers one potential tool for index providers.
We study the impact of the annual reconstitution
in June of the Russell 2000 from 1996 to 2022.
Examining historical changes in index breadth
between end-May and end-June in the Russell
2000, we find strong evidence that reconstitution
significantly reduced concentration.4 Concentra-
tion decreased significantly in all 27 years for the
month-pairs around the reconstitution. Running
the same analysis for other pairs of sequential
months shows much smaller, mostly positive
changes in concentration.

Beyond reconstitution, we explore the impact
of alternative index construction methodologies,
including capping approaches, that index con-
structors might take to mitigate concentration.
Monte Carlo simulations calibrated to market data
provide insight into an approach to diminishing
concentration, albeit at the expense of higher
turnover.

The present paper contributes to the literature
on index weighting and cap weighting.5 Sev-
eral empirical studies have discussed how size
and sector bias may limit diversification and how
dominance by stocks whose valuations have risen
quickly may add to risk.6 Questions of concentra-
tion have also gained more prominence recently
because of the growth of custom indexes that seek
exposure to a particular sub-industry, style factor,
or theme.7 The proliferation of exchange-traded
funds (ETFs) has also played an important role in
the growth of custom indexes. These new indexes
typically use market-cap weighting within their
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geographies or industries but may use alternative
weighting schemes to avoid being dominated by
the largest firms in their segments.8 The present
paper provides a framework to examine these
topics from a quantitative viewpoint.

We note in passing that our analysis is dis-
tinct from fundamental indexing, which weights
securities on accounting or fundamental charac-
teristics such as profits or book value, to avoid
investing in stocks that are potentially overpriced
and hence may dominate a traditional market-
cap-weighted index. Hsu (2006), Arnott and Hsu
(2008), and Arnott et al. (2008) provide a ratio-
nale for alternative indexing, Chow et al. (2011)
provide a survey, and Perold (2007), and Gra-
ham (2012) offer counter-arguments. We do not
make any statements about the return properties
of alternative weighting schema (see Fernholz,
1999), choosing to focus on the time series of
concentration.

The present paper proceeds as follows: Section 1
provides metrics for index breadth and concen-
tration and offers descriptive statistics for major
market indexes over time; Section 2 provides an
introduction to power laws and explores the eco-
nomic rationale for why concentration may rise

over time; Section 3 uses power laws to explain
the economics of why index concentration occurs
in the first place and how it may change over time;
Section 4 analyzes ways to mitigate these effects;
and Section 5 concludes.

1 Index Breadth and Concentration

1.1 Measurement

Figure 1 shows the weight of each stock in the
S&P 500 Index as proxied by the iShares S&P
500 Index ETF (ticker: IVV) as of December 31,
2020, where stocks are ranked with 1 being the
greatest weight. (Because of corporate actions,
the index has more than 500 constituents; this
variation is not uncommon.) We observe that the
very largest stocks account for a significant frac-
tion of the index relative to the tail, a characteristic
of power law distributions.

Simple measures of concentration (such as the
weight of the top five constituents) miss the distri-
bution outside the extreme largest stocks. There
are other metrics for concentration such as the
Gini coefficient which is very commonly used in
the study of income or wealth disparities. The Gini
coefficient requires computing a Lorenz curve

Figure 1 S&P 500 Index weights as of December 31, 2020, by rank.

Source: BlackRock, based on index holdings data from MSCI on December 31, 2021.
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Is Index Concentration an Inevitable Consequence of Market-Capitalization Weighting? 53

based on all the data points and ranges between
0 (total equality) and 1 (perfect inequality). Here,
we focus on a closely related metric that also looks
at the distribution as a whole. Specifically, we
focus on breadth, defined as the inverse of the
Herfindahl–Hirschman Index (HHI) over n stocks
in the universe:

Bn = 1

/ n∑
i=1

(Si)
2 (1)

where Si is the weight (in decimal) of stock i =
1, . . . , n HHI is widely used as a concentration
metric in industrial organization.9 Breadth is intu-
itive: For example, in an equally weighted index
of 500 stocks, the weight of stock i is Si = 0.002
so B = 500; a fund holding a single asset, e.g., a
gold ETF, would have B = 1. Using Equation (1),
we find that the breadth of the S&P 500 is 67.5
names as of December 31, 2021. Breadth then
gives rise to a natural measure of concentration
that we use to compare across indexes at a point
in time or to measure changes in a particular index
over time.

Specifically, we scale B by the number of con-
stituents, with n � 1 and define concentration as:

Cn = 1 − (Bn/n). (2)

Concentration lies between 0 and 1. The case
of Cn = 0 corresponds to an equal-weighting
scheme, whereas Cn ≈ 1 corresponds to dom-
inance by one asset. One could also compute
the absorption ratio (see Kritzman et al., 2011)
which, based on a principal components analysis,
equals the fraction of variability that is explained
by the first few eigenvectors. In practice, all the
metrics for concentration yield the same conclu-
sions and we report results using Equation (2) for
simplicity.

Industry rotation may mitigate the impact of
concentration because the composition of the top-
most index ranks is not stable. In March 2020,

Berkshire Hathaway was the fifth-largest stock
until it was displaced by Alphabet, which itself
was ultimately displaced by the entry of Tesla on
December 21, 2020, as the largest weighting ever
added to the index.10 Indeed, none of the top five
names in the S&P 500 Index in December 2000
were in the top five in December 2020, as shown
in Table 1.

1.2 Empirical evidence on concentration

To study the time series of concentration, we focus
first on the past 25 years and four major equity
indexes: S&P 500, Russell 2000, MSCI EAFE,
and MSCI Emerging Markets. Figure 2 shows
the history concentration (C) for the four indexes
from 1996 to 2021. Since indexes are not directly
investible, we use the respective iShares ETFs as
proxies11 and study their actual holdings as of
December 31 of each year from 1996 to 2021.
For one very large index, EAFE, there is no evi-
dence that concentration increased from 1995 to
2021, and indeed concentration appears to have
decreased, perhaps as a result of a broadening of
the eligible universe.

Concentration was highest in emerging markets,
first decreasing from 1996 to 2010 and then rising

Table 1 Rotation in top five names of S&P 500 Index,
2000–2021.

December December September January
2000 2010 2020 2021

General Exxon Mobil Apple Apple
Electric

Exxon Apple Microsoft Microsoft
Mobil

Pfizer Microsoft Amazon Amazon
Cisco General Facebook Facebook

Electric
Citigroup Chevron Alphabet Tesla

Sources: BlackRock; Bloomberg, as of December 31, 2021; and
Debru (2020).
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54 Lisa R. Goldberg et al.

Figure 2 Time series in breadth from 1996 to 2021. Breadth is computed using index holdings as of December
31 of each year.

Source: Authors’ estimates based on data from MSCI as of December 31, 2021.

thereafter. But for the S&P 500, breadth declined
from a maximum of 141.5 on December 31, 2016,
to 67.5 on December 31, 2021, while concen-
tration rose from 0.72 to 0.87 in that period,
the highest on record in the past quarter cen-
tury. The Russell 2000 is an interesting example
because it is cap-weighted but focused on small-
cap stocks. It also has challenges with turnover, as
the largest stocks in the index tend to leave upon
annual rebalancing, which we will discuss later.
We see rising concentration in the Russell 2000,
but with a value of 0.54 as of December 31, 2021
(and breadth of 934 names), this index was less
concentrated than the others.

Comparing concentration across indexes and time
also suggests that there is no simple relation
between concentration and the number of stocks
in the index. We have seen periods when Cana-
dian, Dutch, and Finnish markets were dominated
by single stocks and very highly concentrated.
While in general we expect a negative relation
between the number of constituents and con-
centration, many other factors are at work. For
example, an equally weighted S&P 500 Index has
a concentration that might be much less than a

country fund with a few dozen stocks. We discuss
this point later in this paper.

We turn now to a deeper analysis of concentra-
tion in the largest securities in an index. We use
research on power laws to understand if there is
systematic tendency for the upper tail to become
more concentrated over time.

2 Economics of Index Concentration

2.1 Modeling extreme events

Power laws are ubiquitous in many fields. The
distributions of the populations of cities, earth-
quake magnitudes, solar flares, frequency of use
of words in language, firm sizes, income, and
wealth have been modeled using power laws.12

In financial markets, extreme return events are
more likely and larger in magnitude than sug-
gested by normality as witnessed by events such
as the Quant Quake of 2007, Global Financial Cri-
sis of 2009, and Flash Crash of 2010, Covid Crisis
of 2020.13 In this section, we discuss using power
laws to (1) model the concentration in indexes,
and (2) explain why concentration occurs and why
it may change over time.
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Mathematically, a power law is a relation of the
type Y = ζX−α, where Y and X are variables of
interest, α > 0 is the power law exponent, and
ζ > 0 is a constant. Pareto’s law (see Pareto,
1896; Mandelbrot, 1960) has the cumulative
distribution function:

P(X > x) = ζx−α, (3)

for X > xmin where xmin > 0. This is based
on Pareto’s analysis of the proportion of indi-
viduals with an income above a certain level x.
A lower α means a higher degree of inequality
in the distribution, i.e., a greater probability of
finding exceptionally large values.

A special but important case is Zipf’s law where
α = 1. A linguist, Zipf (1949) found that the
frequency of the ith most common word in English
text, denoted by Si , is inversely proportional to its
rank i out of n, so that we obtain:

Si ∼ 1/i. (4)

Tests typically involve inverting Zipf’s law in
Equation (4) together with Equation (3) to obtain:

P(S > Si) ≈ Rank(Si) = i ≈ ζx−α. (5)

Equation (5) implies that:

ln(i) = ln(ζ ) − α · ln(Si) + ε. (6)

The power law coefficient in Equation (6) can thus
be estimated via a linear regression of log rank on
log size.

2.2 Economics of power laws

A considerable body of work has gone into
explaining why power laws are prevalent in so
many diverse areas. In this section, we sketch one
candidate explanation for rising concentration in
indexes—a phenomenon known as Gibrat’s law.
Following Gabaix (1999),14 consider a stock i

whose market capitalization (scaled by the total
market cap of the index) at time t is denoted Si,t .
These weights evolve randomly Si,t+1 = ri,t+1,

Si,t , where ri,t+1 = exp(gi,t+1) and gi,t+1 is a ran-
dom growth rate (not necessarily normal) where
we normalize the mean to zero. This is known as
Gibrat’s law. As time goes on, the distribution of
firm weights will change.

In the Appendix, we demonstrate that the result-
ing stationary distribution of cap-weighted index
weights is Zipf (although it need not be the only
stationary distribution) when firm size follows
Girbrat’s law with a rule that prevents firms from
becoming too small. Scale invariance drives this
result. The Zipf distribution does not have a mean
or any higher moments but it may be useful for
understanding the extreme portion of the proba-
bility distribution above a certain size. Gibrat’s
Law is used here to motivate the dynamic forces
giving rise to dominance of a few firms; indeed,
there are other plausible causal mechanisms that
might also give rise to power law distributions.15

However, we do not make a statement that this
outcome is inevitable: real-world processes are
more complex than the simple dynamics of these
models. Furthermore, actions by index providers,
asset managers, and regulators also affect index
concentration.

2.3 Example: US city sizes

Before we delve into index concentration, we
provide a motivating example based on Gabaix
(1999). He examines the size of US cities and
finds support for Zipf’s law.16 He ranks city size
(1 = New York City, 2 = Los Angeles, . . .) and
regressed the log rank on the log of city popu-
lation and estimates the power coefficient α ≈ 1.

Figure 3 shows an update of Gabaix (1999) using
US city population as of June 2020. Each dot is
a city, and the line shown is the ordinary least
squares (OLS) estimate of Equation (5).

Consistent with Gabaix (1999), we focus on the
top 135 metro regions and estimate a power law
coefficient of α = 1.12 and R2 = 0.95.17 This is
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Figure 3 Log rank–log size regression for size of US cities: June 2020.

Source: Authors’ estimates based on data from the Statistical Abstract of the United States (2020).

slightly higher in (absolute) magnitude than the
estimate in Gabaix (1999). We also observe that
Zipf does not fit well for the top 10 cities shown
on the right-hand side of the plot, although it does
fit the lower tail well. When we turn to indexes,
we will again see deviation from linearity in log
rank–log size plots for the largest weights, while
the relatively substantial tails of the distributions
are well fit with power laws.

While the OLS estimates are unbiased and con-
sistent, the estimated standard error (0.022) needs
modification because of autocorrelation induced
by the ranking procedure. Gabaix and Ibragimov
(2011) show that the correct standard error is:

SE = |α|√(2/n) (7)

where α is the OLS estimate of the slope coeffi-
cient in Equation (6). This calculation yields an
adjusted standard error of 0.136, so we cannot
reject the null hypothesis that the distribution is
Zipf. The regression is, however, very sensitive to

the choice of truncation point. When we use 415
metro regions as our cutoff, we obtain α = 0.81,
and the null hypothesis that the power law coef-
ficient Zipf is rejected.18 We conclude that Zipf
may not capture the size distribution of the largest
metro areas, although it does fit the lower tail well.
We will see the same pattern expressed when we
apply these tools to analyze index concentration.

3 Empirical Analysis Using Power Laws

3.1 Using power law distributions to model
index concentration

Let us revisit the results on the four indexes fea-
tured in Figure 2 using the regression approach of
Equation (6) to investigate whether power laws
capture the concentration in the largest names.
Figure 4 shows a scatter plot of log rank on log
size for four public equity indexes on December
31, 2021. There is a concave relationship between
log rank and log size for all four indexes,19 and
each has a substantial, linear tail. This relationship
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Is Index Concentration an Inevitable Consequence of Market-Capitalization Weighting? 57

Figure 4 Rank-size scatter plots for four public equity indexes: December 2021.

Source: Authors’ estimates based on data from BlackRock as of December 31, 2021.

is present throughout our data set. The concavity
means that the distribution of firm sizes cannot, in
its entirety, be well fit with a power law. Instead,
we use Formula (6) to fit power laws to the tails for
the distributions, where the log rank–log size plots
are approximately linear.20 For each index on each
date, we compute the mean m and standard devia-
tion s of log size. Then, we fit a regression line to
observations for which log size exceeds the cutoff
m + s.

The table at right shows the estimated power
law coefficients, the standard error of the esti-
mate computed by Formula (7), the number of
observations in each tail, and the goodness of fits

measured by R2. The fits are excellent, with R2

values greater than or equal to 0.97.

Power law Standard Number of
Index coefficient error observations R2

S&P 500 1.33 0.21 82 0.99
Russell 2000 3.08 0.22 377 0.97
MSCI EAFE 1.87 0.22 139 0.99
MSCI EM 1.40 0.14 207 0.99

We reject the Zipf distribution for three of the
four indexes since the value of 1 is outside the
interval alpha ± SE. For the S&P 500, the value
1 is within the interval, and we fail to reject the
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Figure 5 Estimated power law coefficients from 1996 to 2021 for major equity indexes.

Source: Authors’ estimates based on data from BlackRock as of December 31 of each year.

Zipf distribution as a descriptor of the lower tail
of the distribution, i.e., the stocks on the right of
Figure 1.

Figure 5 plots the estimated power law coefficient
α by year for the four indexes. A comparison
of Figures 2 and 5 illustrates the inverse rela-
tionship between concentration and power law
coefficients. Concentration was lowest and esti-
mated power law coefficients were highest and
least stable for the Russell 2000, the one index in
the group that excludes the largest securities in its
market.

Table 2 shows, for each index, averages over time
of the estimated power law coefficient, the stan-
dard error computed by Formula (7), the number
of observations in the tail, and the goodness of
fit measured by R2. The fits are good throughout
the study period, with average R2 values rang-
ing from 0.94 for the Russell 2000 Index to 0.99
for the MSCI EM Index. Figure 5 implies that
α = 1.5 is a better fit to cap-weighted indexes
than the Zipfian power law (α = 1). Indeed,
the Zipf distribution is rejected throughout the

Table 2 Average statistics for estimated power law
coefficients from 1996 to 2021 for major equity
indexes.

Power law Standard Number of
Index coefficient error observations R2

S&P 500 1.48 0.24 78.54 0.96
Russell 2000 3.43 0.26 349.15 0.94
MSCI EAFE 1.67 0.19 162.81 0.96
MSCI EM 1.48 0.18 143.69 0.99

Source: Authors’ estimates based on data from 1996 to 2021
sourced from BlackRock as of December 31, 2021.

study period for three of the four indexes, and
it is borderline for the S&P 500 Index.

3.2 Zipf and current index concentration

The discussion so far indicates that although
the tails of market-cap distributions are well
described by power laws, the coefficients are sig-
nificantly different from 1. Another way of stating
this fact is that while power laws (although not
Zipf) work in describing the bulk of the distribu-
tion, they suggest higher levels of concentration
for the largest firms than is observed in the data.
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To illustrate, we compare empirical index weights
directly with weights predicted by a Zipf distri-
bution. The weight of constituent i under Zipf is
given by:

Si = 1

/ ⎛
⎝i

n∑
j=1

1/j

⎞
⎠, (8)

where n is the number of constituents. Define
Hz

n = ∑n
j=1 1/j ≈ ln(n) + γ , where

γ = 0.577 . . . is the Euler–Mascheroni constant,
which we use to construct the Zipf weights. For
n > 1, these weights are given by:

Si = 1/iHz
n (9)

which is decreasing in n. For the largest five con-
stituents from n, we obtain from Equation (9):
S1 = 1/Hz

n, S2 = 1/2Hz
n, . . . , S5 = 1/5Hz

n.

So, applying Zipf’s Law to the S&P 500, the
top five constituents with n = 500 would have
weights, in percent, of 14.69, 7.34, 4.90, 3.67,
and 2.94, respectively. Figure 6 compares the top
20 theoretical and actual weights (in percent) as
of December 31, 2021, based on holdings of the
iShares fund that seeks to track the S&P 500.

Figure 6 shows that we are still far from Zipf in
terms of concentration in the upper tail, that is
the left-most 20 stocks of Figure 1 with n = 500.
Indeed, the implied breadth of the Zipf distribu-
tion is B = 28.2, implying a high concentration
C = 0.95, well above the actual index concen-
tration. The actual top five holding weights (in
percent, as of December 31, 2020) were 6.68,
5.30, 4.38, 2.07, and 1.69. As with the analysis of
city size in Figure 3, we observe deviations from
the Zipf weights in the largest stocks.

Will expanding the number of constituents in the
index (n) mitigate concentration? Since the Zip-
fian weight Si = 1/iHz

n from Equation (9) is
decreasing in n, this seems plausible. However,
the answer is no. Figure 7 shows the Zipfian
weights of the top security (lower line) and the top
10 securities (upper line) as a function of n. We
see that the weights of the top securities quickly
decrease as n increases but approach a constant
level asymptotically. So, even if the S&P 500 were
expanded to 2,000 stocks, we still would not be
able to lower the Zipf weight of the top stock to
below 10% or the weight of the top 10 to below
35%. This also illustrates why the link between

Figure 6 Top 20 Zipf and actual weights for the S&P 500 Index.

Source: Authors’ estimates as of December 31, 2021, based on index holdings data from MSCI.
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Figure 7 Zipfian weight of the top security (bottom line) and top 10 securities (upper line) as a function of the
number of constituents n.

Source: Authors’ computations based on Equation (9).

the number of constituents and concentration is
complex.

In summary, although Zipf is a stationary distri-
bution for cap weights under a random growth
process, we still have a long way to go before
we get to levels of concentration that a Zipfian
distribution would imply in the largest stocks.
Rather, a power law with α = 1.5 may a be good
descriptor of the tail of the distribution of index
weights. We turn now to more a practical question:
What can index providers do to mitigate rising
concentration, and at what cost?

4 Mitigating Concentration

4.1 Rebalancing and reconstitutions

All indexes, including market capitalization-
weighted indexes, need to periodically recon-
stitute and rebalance due to changes in index
inclusion criteria or corporate actions. Recon-
stitution refers to adding or deleting securities
from an index based on the index criteria, while
rebalancing refers to adjusting index weights as
specified by the index provider to reflect corpo-
rate actions such as mergers or spin-offs. Periodic
reconstitution potentially offers index providers
a tool to mitigate concentration by adding new

constituents and migrating the largest to other
indexes.

Finance theory does not offer much guidance
regarding the impact of index reconstitution on
concentration. Intuition suggests that reconstitu-
tion would have potentially large positive impacts
on breadth for market cap-weighted indexes that
change at both the top and the bottom and also
equal-weighted indexes. We would expect the
smallest effects for large-cap indexes.

In this section, we study the impact on concentra-
tion of the annual reconstitution of the Russell
2000 small stock index from 1996 to 2022. A
comparison of the effect of index reconstitution
across indexes is beyond the scope of this paper
but is an interesting topic for future research. The
Russell 1000 and 2000 together constitute the
Russell 3000 index, a broad-based index of US
stocks. The Russell indexes are rebalanced each
June on the last Friday of the month. The Russell
2000 is an ideal candidate for analysis because
annual reconstitution is based on market capi-
talization and rank, hence is free of subjective
biases (see Madhavan et al., 2022), and because
no other index provider rebalances in the same
week.
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We expect the reconstitution to increase breadth
(i.e., lower concentration as shown in Equa-
tions (1) and (2)) as larger firms migrate up to the
Russell 1000 and smaller firms from outside the
Russell 3000 enter at the bottom. We examine his-
torical changes in breadth between end-May and
end-June in the Russell 2000, and find strong evi-
dence that reconstitution significantly increases
breadth and, equivalently from Equation (2),
reduces concentration. The change in breadth was
positive in all 27 reconstitutions, with a mean
change of 192.2. Breadth increased dramatically
post-reconstitution as shown in Figure 8. This is
especially evident at the end the dot-com era in
1999–2000. The effect of increased breadth is to
reduce concentration by 8% overall, a substantial
figure.

As a check, we ran the same analysis for all
other pairs of sequential months and found much
smaller, mostly positive changes in concentration
and negative changes in breadth. The changes
in breadth for other pairs of months were noth-
ing like those shown in Figure 8. This suggests
that index reconstitutions are an avenue for index

providers to mitigate concentration concerns.
Index providers may choose to have larger or more
frequent reconstitutions to maintain breadth.

4.2 Directly addressing concentration

Beyond periodic reconstitutions, index providers
have experimented with ways to diversify and
have made changes to their methodologies to
reflect new developments. We examine the impact
of alternative weighting schemes on the con-
centration of cap-weighted indexes. A popular
scheme is equal weighting (e.g., weight of 1/N),
which has the advantage of simplicity, albeit with
higher turnover.21 Our focus here is on approaches
that preserve cap weighting to some extent. We
first consider the MSCI 25/50 rule, which man-
dates that no single issuer should account for more
than 25% of an index, and the aggregate weight of
issuers each exceeding 5% of the index should not
exceed 50% of the index’s total assets. We next
consider the UCITS 5/10/40 rule, which is simi-
lar in form: it limits ownership in a single issuer
to 10% and caps total ownership of issuers with
weight exceeding 5% to 40%.

Figure 8 Changes in index breadth for the Russell 2000 index from 1996 to 2022 from end-May to end-June.

Source: Authors’ computations based on Equation (1).
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An alternative is diversity weighting, which
derives from mathematical theory. Diversity
weighting schema are of interest because of
their properties. Define Si to be the market cap
weight of i. Fernholz (2005) defines a family of
(diversity) index weighting schemes based on a
parameter p (for 0 < p < 1), where πi , the
weight of constituent i, is proportional to S

p

i :

πi = S
p

i

/ n∑
j=1

S
p

j . (10)

As p ranges from 0 to 1, this diversity weight-
ing scheme in Equation (10) interpolates between
equal weighting and market-cap weighting.22

From a practical perspective, diversity weight-
ing offers a systematic way to interpolate between
equal and cap weighting which may be of interest
to sophisticated institutional clients in separately
managed accounts.

4.3 Can capping rules mitigate concentration?

We examine the ability of various rules to mitigate
concentration in the S&P 500 Index, expanding
the date range from January 31, 1975, to Decem-
ber 31, 2021, with a monthly data frequency
using data from MSCI. Over this period, neither
the MSCI 25/50 nor UCITS 5/10/40 rules was
binding on the S&P 500 Index, so we focus our
empirical analysis on diversity weighting.

In Figure 9, we show the time evolution of con-
centration in the S&P 500 Index and its diversity-
weighted counterpart. Trends in concentration,
breadth, and power law exponent of the diversity-
weighted and cap-weighted S&P 500 Index were
in sync, but the absolute levels were materially
different. At the end of 2021, for example, the
breadth of the S&P 500 Index, or effective number
of securities, was 67.5, while diversity weighting
increased that value to 327.1. The correspond-
ing power law coefficient increased from 0.89 to

1.78. We also include the equal-weighted index
for comparisons in breadth, concentration, and
turnover.

Diminished concentration in a cap-weighted
index comes at the cost of excess turnover, which
was generally increased by diversity and equal
weighting, as shown in Figure 9. Exceptions
include periods in which large-cap securities
entered or exited the index. In these cases, the
reduction in weights of these securities under
diversity weighting trumped the excess turnover.
One such example is the entrance of Tesla in
December 2020. As of December 31, 2020,
Tesla’s weight in the S&P 500 Index was 1.69%.
Diversity-weighted, Tesla would comprise 0.72%
of the index, enough reduction to bring the total
month-to-month turnover down below that of
the cap-weighted index. The enormous spike in
turnover in the equal-weighted index in 1976 is
explained by the large number of additions and
deletions in that year. Figure 9 illustrates the pos-
itive association between breadth and power law.
In our data sample, the correlation between the
two measures was 0.45. Note the big turnover
spikes for the equally weighted S&P 500 in the
bottom right panel of Figure 9; these appear to cor-
respond to a big drift upward in concentration just
prior to reconstitution consistent with Figure 8.

Figure 10 shows the difference in annual-
ized turnover between market-cap and diversity-
weighted S&P 500 Index. We see that diversity
weighting led to generally higher turnover, and
there were times when this was significantly
larger.

4.4 Using simulation to evaluate concentration
mitigation schemes

Simulation sheds light on concentration mitiga-
tion schemes. We follow Gabaix (1999), who
models the evolution of normalized market cap,
the fraction of the market accounted for by a firm,
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Figure 9 Concentration metrics and turnover for the S&P 500: January 1975–December 2021.

Source: Authors’ estimates using monthly market cap and index holdings data from MSCI, as of December 31, 2021.

Figure 10 Difference in annualized turnover between market-cap and diversity-weighted S&P 500 Index.

Source: Authors’ estimates using monthly market-cap and index holdings data from MSCI, as of December 31, 2021.
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with a reflecting geometric Brownian motion,
which we specify below.23

Suppose each firm in an index grows randomly so
that Si,t+1 = γi,t+1 Si,t , where:

γi,t+1 = exp(gi,t+1 + ei,t+1). (11)

Here, gi,t+1 is interpreted as the organic growth
rate (which could be positive or negative) plus a
random shock ei,t+1 so that:

ln(Si,T ) = ln(Si,0) +
∑

gi,t +
∑

ei,t . (12)

As T gets large, the distribution of size becomes
a log normal distribution through the central
limit theorem. In this distribution, unlike Zipf,
the higher moments are all well-defined. Gabaix
(1999) shows that with a minimum threshold
for viable inclusion size (quite plausible in the
index context), Equation (12) leads to a Pareto
distribution as specified in Equation (3).

In the Appendix, we specify our model in more
detail including the key parameters. Here, we pro-
vide values for parameters, which are calibrated

Figure 11 Concentration metrics and turnover for simulated indexes.

Source: Authors’ computations.
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to market data. The simulation is run in monthly
intervals with inputs set accordingly. We set
volatility to 0.118, which is calibrated from
monthly normalized growth of firms in the S&P
500 Index between January 1975 and January
2022. This translates to an annualized volatil-
ity of approximately 41%, which is reasonable
for individual stocks. Portfolio volatility is, of
course, much lower. Our hypothetical index is
taken to be the 500 largest firms in a universe of
N = 4,000 securities. The other key parameter
is the smallest fraction of the market that can be
realized by a firm, denoted by Smin. We chose
Smin so that NSmin = 0.35, which, as shown in
the Appendix, is equivalent to a power law expo-
nent α of approximately 1.5, consistent with our
reported results.

Continuing our focus from the empirical sec-
tion on cap weighting and diversity weighting
with p = 0.5, we show breadth, concentration,
power law exponent, and annualized turnover
for our simulated indexes in Figure 11.24 Since
the simulated index is reconstituted monthly, we
measure turnover across quarterly intervals to
approximate the empirical index’s reconstitution
cycle. Simulation results are based on 1,000
experiments. Across our experiments, diversity
weighting elevated the median breadth of the
simulated cap-weighted index from 123 to 407.
The corresponding median values of concentra-
tion were 0.75 and 0.19. Diversity weighting
raised the power law exponent of the simulated
cap-weighted index from 1.51 to 3.03.25 The
cost of diversity can be measured in turnover,
whose annualized median value was 21% for the
simulated cap-weighted index and 47% for its
diversity-weighted counterpart.

So, with turnover over twice as high in the simu-
lated diversity-weighted index, the corresponding
transaction cost drag will similarly be higher.

Assuming costs of 0.2% in individual stocks, this
amounts to an annual drag of 0.094% vs. 0.04%
under cap weighting. With, say, $24 trillion fol-
lowing major indexes, this amounts to additional
costs of $13 billion per annum, a huge amount to
index investors.

In Figure 12, we look at the dependence of index
concentration on the diversity weight exponent p.

The figure shows this dependence for the S&P
500 Index on December 31, 1993, when the
market was relatively diversified, and on Decem-
ber 31, 2021, when the market was relatively
concentrated.

As we vary the diversity weight exponent p, we
obtain a concentration curve, which shows how
the concentration of a diversity-weighted index
varies for a fixed set of market caps as p ranges
between 0 and 1. We show the curve for the cap
weights taken from the median path of our exper-
iment along with two curves based on empirical
cap weights of the S&P 500 Index on two different
dates. Moving from equal weights (p = 0) to cap
weights (p = 1), concentration rose more slowly
for the median simulated index than the empiri-
cal indexes. For cap weights, concentration of the
median simulated index, 0.76, lay between the
December 1993 value of 0.69 and the December
2021 value of 0.87.

Finally, we look at the time it takes to go from
a starting distribution to a steady-state distribu-
tion of market caps in our simulation. We run
three experiments distinguished by assumption on
initial state. The simplest is that all firms begin
at zero growth, which corresponds to an equally
weighted initial distribution of normalized market
caps. We also use trailing one-year growth rates
for firms in the S&P 500 as of December 31,1993,
when the market was relatively diversified, and as
of December 31, 2021, when the market was rel-
atively concentrated. The median time to steady
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Figure 12 Dependence of concentration on diversity weight exponent for the S&P 500 Index on two dates and
a simulated index.

Source: Authors’ computation and market cap and index holdings data from MSCI.

state decreased from 550 months to 530 months to
496 months for the three cases, i.e., 40–45 years
in our simulation. Of course, this assumes no
mitigating efforts. Even under simplistic assump-
tions for the random growth of firms, the extreme
dominance of a few firms emerges.

5 Conclusion

Market-capitalization weighting is a traditional
and popular approach to constructing indexes.
Developed initially for performance measure-
ment, market-cap-weighted indexes are now com-
mon benchmarks for equity index–tracking funds
and ETFs. The relatively low turnover in cap-
weighted indexes together with their association
with the market portfolio are important rationales
for their widespread adoption. However, there
are increased concerns that some cap-weighted
indexes may suffer from overly concentrated posi-
tions in a few stocks, limiting diversification and
exposing investors to the risks that some of the
largest holdings are overpriced.

We find that some, but not all, major indexes have
seen increases in concentration in the past quarter
century. To put this in context, we examine the
historical concentration of major equity indexes.
It turns out that concentration varied dramatically
across indexes, and the current levels, albeit quite
high, are not very unusual by historical standards.
For example, the S&P 500 Index was more con-
centrated in December 1975 than in December
2021.

The academic literature on concentrated phenom-
ena, including distributions of words, sizes of
cities, and other areas in which the largest players
dwarf the smaller ones, offers several plausible
mechanisms that may help (1) explain concentra-
tion in firm size, and (2) provide insight into its
evolution over time. These mechanisms suggest
that the eventual distribution of cap weights in a
market or index may be approximated by power
laws in the tails. We generally reject the Zipf
distribution for current indexes, meaning we are
far from the possible extremes of concentration
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suggested by theory, particularly for the largest
constituents.

We show that index reconstitution can be an effec-
tive tool to mitigate concentration, at least in the
case of an index where firms can both exit above
and enter below. We suspect this to be the case also
for diversity-weighted indexes including the spe-
cial case of equal-weight indexes. However, this is
a topic for future research. To assess both the effi-
cacy of a basic theory that predicts concentration
and the cost of concentration mitigation schemes,
we develop a simulation based on a geometric
Brownian motion with a reflecting barrier. This
model fits empirical data remarkably well, sug-
gesting that market concentration may, to some
degree, be the inevitable consequence of dynamic
forces.

The framework developed herein has several prac-
tical uses. For example, index providers may
use our findings to use index reconstitutions
proactively to manage concentration, perhaps by
reconstituting more frequently or by changing the
minimum criterion for index inclusion. In con-
sidering the choice of index benchmark, asset
managers can use the approach developed here to
assess the trade-off between lower concentration
and higher turnover. We find that concentration
mitigation schemes are effective, but they gen-
erate additional turnover and higher transaction
costs, and so may reduce investors’ returns rel-
ative to cap weighting. Our framework offers a
potential to gauge the relative merits of these mit-
igation efforts. As usual, there is no free lunch,
and we conclude that market-cap weighting is not
likely to be displaced in the near term.

Appendix

Under random growth for firm size, Zipf is a
stationary distribution

Proof. This derivation follows Gabaix (1999).

Since the market capitalization weights add to 1,
we have

N∑
i=1

Si,t = 1. (A.1)

This implies that

E[r] =
∫ ∞

0
rf (r)dr = 1, (A.2)

where f (r) is the distribution function of r ,
which in turn derives from the distribution func-
tion of the random growth rates. At time t , the
distribution of weights is Gt(S) = P(St > x).

If there exists a stationary distribution26 G(S) of
index weights, then

Gt+1(S) = Gt(S) = G(S). (A.3)

Combining Equations (A.2) and (A.3):

Gt+1(S) = P(St+1 > S)

= P(rt+1St > S)

= Gt

(
S

r

)

=
∫ ∞

0
G

(
S

r

)
f (r)dr. (A.4)

We see that G(S) = b
S

where b is a con-
stant is a solution using Equation (A.1) where∫ ∞

0 rf (r)dr = 1. This establishes that Zipf is
a stationary long-run distribution under random
growth for firm size.

Simulation formulation

We begin with the growth rate distribution, which
is expressed in terms of an arithmetic Brownian
motion that is 0 at time 0:

dXt = mt + σBt . (A.5)

The evolution of normalized market caps over
time is given by

St = Smin exp(Xt + Lt), (A.6)
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where Lt = inf0 ≤ s ≤ t · min(0, Xs), and Smin

is the smallest fraction of the market that can be
realized by a firm. In this setting, S hits the barrier
Smin precisely when the driving Brownian motion
X hits a new low. As explained in Gabaix (1999),
when the underlying Brownian motion’s drift is
negative and given by:

m = (−σ 2/2) ∗ 1/(1 − Smin/Savg), (A.7)

the distribution of S achieves a steady-state power
law distribution with exponent

α = 1/(1 − Smin/Savg). (A.8)

Here, Savg is the expected value of St , which is the
same for each time t . In a market with N firms, we
set Savg = 1/N , which gives us the steady-state
power law exponent27:

α = 1/(1 − NSmin). (A.9)

This completes the description of the simulation.

Endnotes
1 See, e.g., Madhavan (2016). A prominent exception

is the Dow Jones Industrial Average, which is price
weighted.

2 See, e.g., Wigglesworth (2021).
3 Baxter (2022) discusses ETF concentration risk and

notes “Even deliberately diffuse funds can still be caught
by overexposure to once-fashionable companies.”
See also Morningstar (2020) at https://www.morning
star.com/articles/992504/the-sp-500-grows-ever-more-
concentrated. Debru (2020) notes that as of November
2020, the five biggest stocks in the S&P 500 represented
21% of the index, almost double the long-term average
of 12.5%. Academic concerns go back much further,
as in Strongin et al. (2000), Bernstein (2003), Tabner
(2007), and Malevergne et al. (2009).

4 We thank the anonymous reviewer for this and many
other excellent suggestions.

5 Roll (1977) famously questions the common use of
cap-weighted equity indexes as a proxy for the market
portfolio. The point is carried further in Bohn et al.
(2022), who document a large-cap bias in cap-weighted

subportfolios of market indexes. Using the methodol-
ogy from their paper, they find that the largest decile of
securities has more than 90% of the active weight of the
S&P 500 Index against the Russell 1000 Index. See also
Jiang et al. (2020).

6 See, e.g., Amenc et al. (2011) for a review. See also Hau-
gen and Baker (1991), Grinold (1992), Amenc et al.
(2012), Tabner (2007), and Malevergne et al. (2009),
among others. Levy (2016) compares the market with
a large number of randomly constructed and passively
held portfolios and finds that 69% of these random
portfolios yielded higher Sharpe ratios than the market.

7 Newer, factor, and thematic indexes are not just per-
formance benchmarks but are designed also to be
investible. Such indexes may be non-market cap-
weighted. Robertson (2019) finds a recent proliferation
of indexes. She documents “substantial heterogeneity”
across indexes and concludes that the overwhelming
majority of the indexes in her sample “are used as a
primary benchmark by only a single fund.”

8 In the factor space, concentration has grown larger,
and investors need to be conscious of unintended fac-
tor allocations arising from following common indexes.
Madhavan et al. (2018) show that there is large time-
series variation in the exposures of common indexes,
implying that the implicit factor loadings of indexes are
time varying. Their analysis breaks down the style factor
exposure of each benchmark index using stock-by-stock
style scores.

9 The breadth of a portfolio or an index can be thought
of as its effective number of securities. Consider three
portfolios consisting of two stocks each, with weight
distributions of 0.5–0.5, 0.8–0.2, and 0.99–0.01. These
portfolios have breadth of, respectively, 2.00, 1.47, and
1.02.

10 See, e.g., Santilli (2020).
11 We use the actual iShares exchange-traded funds (ETFs)

that seek to track these indexes.
12 Power laws are possibly so prevalent across seem-

ingly diverse applications because of their aggregation
properties. The sum of two (independent) power law
distributions yields another power law distribution. The
product of two power laws or their max (or min) also
yields a power law distribution.

13 For applications in economics/finance, see Axtell
(2001), Bouchard et al. (2009), Gabaix (1999, 2009),
Saichev et al. (2010), and Fernholz and Fernholz (2020),
among many others. Shankar et al. (2015) use power
laws to analyze changes in the distribution of trading
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volumes of S&P 500 stocks and non-S&P 500 stocks
over time.

14 Gibrat (1931) proposes proportional random growth as
the source of power law distributions. Other explana-
tions include the transfer of that power law through
matching and optimization and network effects.

15 A Zipf distribution may also arise through optimization.
In designing a language, for example, very long words
would be rare while very common words would be short.
This may also arise through chance, as for example, with
monkeys typing on keyboards with a space marking the
end of a word.

16 Zipf’s law has been used in index construction in the
crypto space. The T3 Crypto-X Power Index, initiated in
January 2014, seeks to represent a value of investment in
a portfolio of top 10 cryptocurrencies by market capital-
ization with weighting determined by Zipf’s law chosen
as “a middle ground between investing according to mar-
ket capitalization, which heavily prioritizes Bitcoin and
a few other major cryptocurrencies, and equal distri-
bution which puts too high of a risk on less established
assets.” Source: https://t3index.com/indices/crypto-xp/.

17 We take α as the negative of the estimated slope
coefficient by convention.

18 In the original 1999 study, data for only 135 metro
regions was available. Today, the US data covers more
than 400 cities.

19 In the language of Fernholz and Fernholz (2020), the
plots in Figure 4 are “quasi-Zipfian” and can be fit to
rank-based Atlas models.

20 Examples of models that fit a power law only to the tail
of an empirical distribution are found, for example, in
Embrechts et al. (1997) and Goldberg et al. (2008).

21 A discussion of equally weighted strategies is in
DeMiguel et al. (2009).

22 The properties of diversity weighting strategies are
developed in Fernholz et al. (1998) and Fernholz (1999,
2002, 2005). Diversity weighting is a generalization
of equal weighting, which is studied in Booth and
Fama (1992) and Fernholz and Maguire (2007). Fern-
holz (1999) argues that diversity-weighted portfolios
will outperform cap-weighted portfolios over the long
run.

23 See Harrison (2013, Chapter 1).
24 We omit results for MSCI 25/50 rule and the UCITS

5/10/40 rule, which were rarely binding.
25 While the median power law of the simulated cap-

weighted index of 500 firms was 1.51, the corresponding
exponent for the simulated full universe of 4,000 firms
was 1.54, consistent with theory.

26 Gabaix (1999) provides the necessary conditions for the
existence of a stable, time-invariant distribution.

27 Lowering the product NSmin, by lowering either the
number of firms in the simulation or the reflecting
barrier, drives the power law exponent closer to 1,
increasing instability in estimates of concentration and
turnover.

Acknowledgment

This material is for academic use and is not
intended as the basis of investment advice or rec-
ommendations to buy or sell any securities. The
authors thank Xuan Che for his expert research
assistance, and Andrew Ang, Robert Anderson,
Julia Belford, Samara Cohen, Jennifer Hsui,
Jason Ribando, Nogie Udevbulu, an anonymous
reviewer, and seminar participants at the Lon-
don Quant Group and Berkeley’s Consortium for
Data Analytics in Risk (CDAR) for their helpful
comments.

References

Amenc, N., Goltz, F., Lodh, A., and Martellini, L. (2012).
“Diversifying the Diversifiers and Tracking the Tracking
Error: Outperforming Cap-Weighted Indices with Lim-
ited Risk of Underperformance,” Journal of Portfolio
Management 38, 72–88.

Amenc, N., Goltz, F., Martellini, L., and Retkowsky, P.
(2011). “Efficient Indexation: An Alternative to Cap-
Weighted Indices,” Journal of Investment Management
9, 1–23.

Arnott, R. D. and Hsu, J. C. (2008). “Noise, CAPM
and the Size and Value Effects,” Journal of Investment
Management 6, 1–11.

Arnott, R. D., Hsu, J. C., and West, J. (2008). The Fun-
damental Index: A Better Way to Invest (Hoboken: John
Wiley & Sons, Inc.).

Axtell, R. (2001). “Zipf Distribution of US Firm Sizes,”
Science 293, 1818–1820.

Baxter, D. (2022). “Tech Stock Shocks Test Concentration
Risk for ETF Investors,” Financial Times, October 3.

Bernstein, P. (2003). “Points of Inflection: Investment
Management Tomorrow,” Financial Analysts Journal 59,
18–23.

Bohn, J., Goldberg, L. R., and Ulucam, S. (2022). “Sustain-
able Investing from a Practitioner’s Viewpoint: What’s in

Second Quarter 2023 Journal Of Investment Management

Not for Distribution



70 Lisa R. Goldberg et al.

Your ESG Portfolio?” Journal of Investment Management
20, 14–29.

Booth, D. G. and Fama, E. F. (1992). “Diversification
Returns and Asset Contributions,” Financial Analysts
Journal 48, 26–32.

Bouchaud, J-P., Farmer, J. D., and Lillo, F. (2009). “How
Markets Slowly Digest Changes in Supply and Demand,”
In Handbook of Financial Markets: Dynamics and Evolu-
tion, K. R. Schenk-Hoppé and T. Hens, eds., pp. 57–160.
Amsterdam: North Holland Publishing Co.

Chow, T., Hsu, J. C., Kalesnik, V., and Little, B. (2011). “A
Survey of Alternative Equity Index Strategies,” Financial
Analysts Journal 67, 37–57.

Debru, P. (2020). “S&P 500 or S&P 5? Is the Current
Concentration Sustainable Long Term?” ETF Stream,
November 5. Available at: https://www.etfstream.com/
features/sp-500-or-sp-5-is-the-current-concentration-
sustainable-long-term/.

DeMiguel, V., Garlappi, L., and Uppal, R. (2009). “Opti-
mal versus Naive Diversification: How Inefficient is the
1/N Portfolio Strategy?” Review of Financial Studies 22,
1915–1953.

Embrechts, P., Klüppelberg, C., and Mikosch, T. (1997).
Modelling Extremal Events: For Insurance and Finance
(Berlin, Heidelberg: Springer-Verlag).

Fernholz, R. (1999). “On the Diversity of Equity Markets,”
Journal of Mathematical Economics 31, 393–417.

Fernholz, R. (2002). Stochastic Portfolio Theory (New
York: Springer-Verlag).

Fernholz, R. (2005). “Stock Market Diversity,” INTECH
Working Paper.

Fernholz, R., Garvy, R., and Hannon, J. (1998). “Diversity-
Weighted Indexing,” Journal of Portfolio Management
24, 74–82.

Fernholz, R., and Maguire, C. Jr. (2007). “The Statistics
of Statistical Arbitrage,” Financial Analysts Journal 63,
46–52.

Fernholz, R. T. and Fernholz, R. (2020). “Zipf’s Law for
Atlas Models,” Journal of Applied Probability 57, 1276–
1297.

Gabaix, X. (1999). “Zipf’s Law for Cities: An Explanation,”
Quarterly Journal of Economics 114, 739–767.

Gabaix, X. (2009). “Power Laws in Economics and
Finance,” Annual Review of Economics 1, 55–93.

Gabaix, X. and Ibragimov. R. (2011). “Rank — 1/2: A
Simple Way to Improve the OLS Estimation of Tail Expo-
nents,” Journal of Business Economics and Statistics 29,
24–39.

Gibrat, R. (1931). Les inégalités économiques (Paris:
Recueil Sirey).

Goldberg, L. R., Miller, G., and Weinstein, J. (2008).
“BeyondValue at Risk: Forecasting Portfolio Loss at Mul-
tiple Horizons,” Journal of Investment Management 6,
73–98.

Graham, J. (2012). “Comment on the Theoretical and
Empirical Evidence of Fundamental Indexing,” Journal
of Investment Management, First Quarter.

Grinold, R. (1992). “Are Benchmark Portfolios Efficient?”
Journal of Portfolio Management 19, 34–40.

Harrison, J. M. (2013). Brownian Models of Performance
and Control (New York: Cambridge University Press).

Haugen, R. and Baker, N. (1991). “The Efficient Market
Inefficiency of Capitalization-Weighted Stock Portfo-
lios,” Journal of Portfolio Management 17, 35–40.

Hsu, J. C. (2006). “Cap-Weighted Portfolios are Suboptimal
Portfolios,” Journal of Investment Management 4, 1–10.

Jiang, H., Vayanos, D., and Zheng, L. (2020). “Tracking
Biased Weights: Asset Pricing Implications of Value-
Weighted Indexing,” NBER Working Paper No. 28253.
DOI 10.3386/w28253.

Kritzman, M., Li, Y., Page, S., and Rigobon, R. (2011).
“Principal Components as a Measure of Systematic Risk,”
Journal of Portfolio Management 37, 112–126.

Levy, M. (2016). “It’s Easy to Beat the Market,” Journal of
Investment Management 14, 38–50.

Madhavan, A. (2016). Exchange-Traded Funds and the
New Dynamics of Investing (NewYork: Oxford University
Press).

Madhavan, A., Sobczyk, A., and Ang, A. (2018). “What’s
in Your Benchmark? A Factor Analysis of Major Market
Indexes,” Journal of Portfolio Management 44, 46–59.

Madhavan, A., Ribando, J., and Udevbulu, N. (2022).
“Demystifying Index Rebalancing: An Analysis of
the Costs of Liquidity Provision,” Journal of Port-
folio Management 48, jpm.2022.1.366; DOI: https://
doi.org/10.3905/jpm.2022.1.366.

Malevergne, Y., Santa-Clara, P., and Sornette, D. (2009).
“Professor Zipf Goes to Wall Street,” National Bureau of
Economic Research Working Paper.

Mandelbrot, B. (1960). “The Pareto-Levy Law and the Dis-
tribution of Income,” International Economic Review 1,
79–106.

Morningstar (2020). “The S&P 500 Grows Ever More
Concentrated.” Available at https://www.morningstar.
com / articles / 992504 / the-sp-500-grows-ever-more-
concentrated.

Pareto, V. (1896). Cours d’économie politique (Geneva:
Droz).

Perold, A. F. (2007). “Fundamentally Flawed Indexing,”
Financial Analysts Journal 63, 31–37.

Journal Of Investment Management Second Quarter 2023

Not for Distribution



Is Index Concentration an Inevitable Consequence of Market-Capitalization Weighting? 71

Robertson, A. Z. (2019). “Passive in Name Only: Dele-
gated Management and ‘Index’ Investing,” Yale Journal
on Regulation 36, 795–851.

Roll, R. (1977). “A Critique of the Asset Pricing Theory’s
Tests Part I: On Past and Potential Testability of a Theory,”
Journal of Financial Economics 4, 129–76.

Saichev, A., Malevergne, Y., and Sornette, D. (2010).
Theory of Zipf’s Law and Beyond (Berlin, Heidelberg:
Springer-Verlag).

Santilli, P. (2020). “Tesla Stock Joins the S&P 500: A Game
Changer,” Wall Street Journal, December 21, 2020.

Shankar, S., Miller, J., and Balakrishnan, P. (2015).
“Concentration of Trading in S&P 500 Stocks,”
http://dx.doi.org/10.2139/ssrn.2742363.

Sharpe, W. F. (1964). “Capital Asset Prices: A Theory of
Market Equilibrium under Conditions of Risk,” Journal
of Finance 19, 425–441.

Strongin, S., Petsch, M., and Sharenow, G. (2000). “Beat-
ing Benchmarks,” Journal of Portfolio Management 26,
11–27.

Tabner, I. (2007). “Benchmark Concentration: Capital-
ization Weights versus Equal Weights in the FTSE 100
Index,” University of Stirling Working Paper.

Wigglesworth, R. (2021). Trillions: How a Band of Wall
Street Renegades Invented the Index Fund and Changed
Finance Forever (Portfolio/Penguin: New York).

Zipf, G. (1949). Human Behavior and the Principle of Least
Effort: An Introduction to Human Ecology (Cambridge:
Addison-Wesley).

Keywords: Index; concentration; breadth; power
law; turnover; reflecting Brownian motion

Second Quarter 2023 Journal Of Investment Management

Not for Distribution



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 900
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




