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Abstract

Equity markets are now largely dominated by passive investments, this study intro-
duces the Indexing Inclusion Ratio (IXI) as a measure of passive ownership to assess its
increasing impact on U.S. equity markets. The findings reveal that high-indexed stocks
highly outperform their low-indexed counterparts, primarily due to the influx of passive
capital flows rather than fundamental value. By analyzing the expected return both
ex-ante through implied costs of capital and ex-post by adjusting for passive flows and
earnings anomalies, I show that high-indexed stocks exhibit lower expected returns,
indicating a potential correction when the trend toward passive investing reaches equi-
librium. In addition, I show that the recent underperformance of value and small-cap

stocks is intrinsically related to the secular passive shift.

Keywords: Asset pricing, institutional investors, index effect, passive investing, mu-
tual funds, ETFs
JEL Codes: G11, G12, G23

*I am grateful to my supervisors Laurent Barras and David Schumacher for their invaluable guidance and
support. I acknowledge helpful comments from Daniel Andrei, Vincent Grégoire, Thomas Rivera, Gregory
Weitzner, Begum Ipek Yavuz, and seminar participants at McGill University. All remaining errors are my
own. I am thankful for the research support from the Social Sciences and Humanities Research Council of
Canada.

tUniversity of Quebec at Montreal, Ecole des sciences de la gestion (behmaram.pouya@uqgam.ca)



1 Introduction

Over the past decade, the U.S. equity markets have undergone a transformative shift toward
passive investment strategies, with passive equity funds now accounting for 50% of all equity
fund investments as of 20197 Although the merits of passive investing, such as lower costs
and historically better returns, have been well established, there remains a gap in the liter-
ature examining the nuanced repercussions of this seismic shift. This paper aims to fill this
void by addressing pivotal questions about the long-term implications of this transition for
market equilibrium prices and stock performance, especially for stocks heavily represented
in popular indices. Specifically, I show that the rising trend in passive investing could be
artificially boosting the prices of highly indexed stocks, subsequently reducing their future
expected returns. Given the growing appeal of passive investment products, this trend poses
a risk to the long-term returns of retirement funds and pensions. In addition, I explore the
potential implications of this shift on the recent underperformance of traditional valuation
factors, including size and value.

What can the historical performance of high-indexed stocks reveal about their future
prospects? Informed by a model from Kashyap et al.| (2021), this paper examines two
core hypotheses concerning high-indexed stocks: first, that their prices rise with increasing
passive ownership; and second, that they are likely to yield lower expected returns. However,
these expectations are confounded by two opposing channels. Firstly, the continued shift
toward passive elevates the demand for high-indexed stocks, which, due to their less elastic
demand, reap disproportionate price benefits over their fundamentals, thus leading to lower
expected returns that incorporate both demand and risk premiums. Secondly, increased
passive ownership lowers the price elasticity of the stock, thereby incentivizing firms to
undertake riskier growth projects, as highlighted by Buss and Sundaresan| (2020), which in
turn increases profits and future expected returns. To empirically validate these hypotheses

in the presence of opposing channels, I use methods described by Pastor et al.| (2022), adapted
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to the dynamics of passive and active investing. My results indicate that these competing
channels result in negative expected returns overall; however, ongoing inflows into passive
investment postpone the realization of these lower expected returns.

My study focuses on the U.S. stock market. I construct a precise measure of passive
ownership for each stock that I call Indexing Inclusion ratio (IXI) which is not only limited
to index mutual funds and ETFs but also includes the so-called closet indexers which are a
group of active funds that closely follow their respective benchmark weights. Unlike similar
measures such as the Benchmarking Intensity (BMI) proposed by ?, which relies on fund
return and index weight data and assumes that all benchmarked funds strictly adhere to their
indices, IXI takes a more nuanced approach. It utilizes actual fund-holding data to gauge
passive ownership and accommodates the evolving ”active share” of each fund, acknowledging
that not all funds fully mimic their benchmark weights. This is particularly important for
capturing the direct demand funds exert on stocks through their holdings, offering a more
accurate and textured understanding of how active is increasingly becoming more passive
over time. Moreover, IXI offers broader coverage than BMI, drawing from 41,200 global
funds across 460 indices compared to BMI which only focuses on U.S. equity funds across 38
indices. This is especially relevant given the rise of foreign fund ownership in U.S. stocks [}

My data sample spans from 2000 to December 2021. Throughout this period, the cap-
weighted portfolio of high-indexed stocks consistently outperformed low-indexed stocks,
achieving an average annual return of 4%. I label this return difference as HILI (high-
indexed minus low-indexed). In particular, HILI boasts an annualized Sharpe ratio of 0.59,
surpassing the stock market’s 0.34 ratio over the same period. The recent strong perfor-
mance of high-indexed stocks may seem to suggest promising future returns for passive
investments. However, my findings indicate a different story. The notable outperformance
of HILI is largely driven by the unexpected passive flows, rather than what the fundamental

risk-return profile of these stocks would suggest. My examination of passive capital flows
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reveals a significant increase in passive ownership and a steady shift of capital from active
to passive investments over the last ten years. In particular, the IXI measure that monitors
this trend has nearly doubled. I have observed that sudden fluctuations in IXI, especially
when new indices are added, correlate positively with HILI. As a result, as passive ownership
grows, high-indexed stocks continually surpass their low-indexed counterparts.

" which quantifies the divergence

I introduce a key metric called the ”indexing premium,’
in expected returns between stocks with high and low degrees of passive ownership. I esti-
mate these expected returns using a dual-method approach: first, by utilizing ex-ante data
through the Implied Cost of Capital (ICC) measure; and second, by employing ex-post data
that filters out earnings-related news and market flow shocks. My findings show a predomi-
nantly negative indexing premium for most of the sample period. This suggests that there
are two contrasting mechanisms at work. On the one hand, increased passive ownership can
fundamentally enhance a company’s value by inducing higher investments in riskier growth
projects, thereby potentially elevating its future returns. However, a surge in inelastic pas-
sive demand can often inflate stock prices without corresponding fundamental improvements,
thereby depressing expected future returns. My results indicate that the latter effect out-
weighs the former, leading to an overall negative impact on expected returns. To refine my
understanding, I specifically use the second method of measuring the expected return by
deriving an ex post estimate of the expected return of HILI. When I control for both the
influence of passive investment inflows and unexpected earnings shocks, the counterfactual
performance of HILI turns mostly negative. This implies that stocks with high levels of
passive ownership could underperform in the long term, particularly if the increasing passive
investment flows were to wane.

My primary findings that tie passive ownership shocks to stock returns hinge on the time
series of sorted portfolios of stocks based on their degree of passive ownership. I further
bolster this analysis by implementing panel regressions on individual stocks, which yield

several insights. Firstly, a stock’s return displays a positive cross-sectional relationship with



its IXI score. However, this relation diminishes when I include a stock-level measure of
change in passive flow. This indicates that shocks to a stock’s passive flow contribute to
the exceptional performance of highly indexed stocks throughout the period in question.
Time-series data mirrors these outcomes, showcasing that even with lower expected returns,
high-indexed stocks outperform low-indexed stocks due to new index additions and large
capital shifts from active to passive investments.

This analytical interpretation of the superior return of high-indexed stocks mirrors the
insights of the model from [Péastor et al.| (2022)). In times when both passive ownership and
passive investment flows amplify unexpectedly, HILI registers positive returns, driven by the
increasing investor preference for passive instruments and, in turn, high-indexed stocks. Out-
performance caused by the strengthening of investor passive demand is followed by a lower
expected performance of HILI going forward as the shift from active to passive loses speed
and finally reaches an equilibrium where the surviving active opportunities increase. That
is, a shift in HILI's expected future performance relates inversely to its realized performance.

The pronounced outperformance of high-indexed stocks in recent times provides clarity
on the subpar returns of value and small-cap stocks during the 2010s. This decade was
particularly challenging for the HML and SMB factors of Fama and French! (1993)). I explore
the modified framework of [Pastor et al. (2022), which suggests that asset prices are driven
by a two-factor model consisting of the market portfolio and the HILI factor. The HILI
factor captures the returns from a strategy that favors high-indexed stocks and disfavors
low-indexed ones. The allocation of individual stocks in this strategy is based on their
respective IXI scores. My findings indicate that the two-factor model can explain part of the
decline in SMB and HML during the specified timeframe. Specifically, from November 2012
to December 2020, HML’s monthly CAPM alpha was -60 bps, a value that is significant.
However, when evaluated under the two-factor model, HML’s alpha stands at an insignificant
-30 bps. In parallel observation, the inclusion of the HILI factor reduces the SMB alpha by

more than 90%. It is also important to note the inverse correlation between the HILI



factor and both HML and SMB. This is mainly because value and small-cap stocks are less
frequently included in prominent indices.

Numerous studies, including those of |French (2008) and [Ben-David et al.| (2017)), have
highlighted the benefits of passive investment strategies, and experts such as [Sharpe| (1991)
have highlighted their potential advantages over active approaches. Bond and Garcia, (2022)
further discussed the growing trend towards indexing as participation costs decrease. How-
ever, there seems to be less exploration of the long-term implications of this move toward
passive investing, particularly for high-indexed stocks. My research aims to fill this gap,
suggesting that the recent performance of high-indexed stocks might not necessarily predict
their future.

Passive funds, particularly ETFs, are now the largest group of institutional investors.
Studies such as Gompers and Metrick| (2001) have shown that institutional demand for
certain stock characteristics (e.g., high liquidity, large-cap) impacts stock prices and returns.
Furthermore, |[Edelen et al.| (2016) revealed that the positive influence of institutional demand
on future returns could be transient. Building on this, my study distinguishes between
realized and expected returns, using the best-performing return proxies such as the implied
cost of capital, as evidenced by [Lee et al. (2021). Notably, past studies have not tackled the
sheer magnitude of the modern passive sector, which, when combined with its rigid demand,
could magnify its price influence on stocks.

Recently, Buss and Sundaresan| (2020)) argued that passive ownership can boost informa-
tional efficiency. This fosters riskier growth moves by companies with high passive ownership,
sparking active investors to gather more data, which in turn heightens price information and
in response lowers the cost of capital for the firm. My findings provide an empirical test
for this theoretical model showing that despite the fact that this mechanism fundamentally
boosts the value of the firm, the overall effect on the expected returns remains negative. Fur-
thermore, I argue that their current advantages, influenced by passive flows, might diminish

as the shift from active to passive peters out.



Historically, the literature on the index effect has provided insights into the relationship
between institutional demand and asset prices. The seminal works by Harris and Gurel
(1986) and [Shleifer| (1986) presented arguments about the nature of demand curves for stock
prices. Price pressure and imperfect substitute hypotheses offered contrast perspectives,
suggesting variations in stock demand (Scholes| (1972),|Chang et al.| (2015)). Although|Chang
et al. (2015) used a regression discontinuity technique to examine the effect of index inclusion
on the stock price, the overarching influence of passive flows was somewhat overlooked.
Furthermore, as passive investing becomes more dominant, the short-term demand pressure
from new index inclusions becomes less important compared to the consistent growth in
the size of popular index providers. ? moved the discourse forward with the concept of
benchmarking intensity (BMI). However, their focus remains narrowly tailored to the small
threshold of Russell 1000/2000 index reconstitution, specifically finding that an increase in
a stock’s BMI can be linked to underperformance over a 1-5 year period. This work relies on
historical returns within a 1-5 year time frame as a simple proxy for expected returns, which
may not accurately capture the influence of the persistent and growing passive flows. In
contrast, my study argues that stocks with higher passive ownership have shown consistent
outperformance. Furthermore, when the scope is expanded to include stocks in all major
indices like the S&P 500, the underperformance suggested by ? is compensated. This occurs
because of long-term secular growth in passive investing, which effectively postpones the
realization of lower expected returns until an equilibrium in passive investment is reached
sometime into the future.

The inverse relationship between realized returns and shifts in expected returns is a rec-
ognized concept in the stock return literature. Although this inverse relationship is clear as
discussed by Fama and French| (2002)) and |Cochrane, (2008), estimating stock expected re-
turns presents inherent complexities, whereas the ex-ante and ex-post measures of expected
returns that are used in this study allow for a more parsimonious and transparent manifesta-

tion of this relationship despite the existence of two opposing channels affecting the expected



returns.

Finally, my research contributes to the discussion of factor investing and expected returns.
Although studies such as|Asness et al. (2018)), Harvey and Liu/ (2016), and [Hou et al.| (2020))
document the underperformance of previously known investing factors such as size and value
over the past decade, I shed light on a potential cause. In particular, as growth and large-cap
stocks dominate passive products, the dip in performance of size and value factors appears
to align with the growing prominence of passive investing. My analysis reveals that indexing
could be responsible for almost all the observed underperformance in small-cap stocks and
contributes to approximately 50% of the decline in value stocks over the past decade.

The paper is organized as follows. In Section 2] I draw some testable hypotheses about the
realized and expected returns of the indexed stocks using a simple adapted model. Next, in
B}, T introduce the concept of the indexing inclusion measure and provide a detailed overview
of the data at hand. Proceeding to Section[5] I explore the realized returns of indexed stocks,
using portfolios sorted by the IXI measure. In Section [ the emphasis moves to assessing
expected returns. In this section, I utilize two different approaches: one based on ex-ante
data and the other on ex-post data, demonstrating how the expected return becomes negative
when considering the effects of IXI and passive flow. In section [7] I construct a stock-level
metric for passive flow, offering insights that reinforce the observations made at the portfolio
level and shedding light on how the passive shift might underpin the underperformance seen
in value and size factors. The paper concludes with Section [§, where I draw together and

discuss the overarching themes and findings.

2 Model of Asset Prices with Active and Passive In-
vestors

To show how asset prices and expected returns behave in the presence of a substantial group

of indexed investors, I use Kashyap et al. (2021)) simple model of delegated asset management



with heterogeneous benchmarks that I modify to also include passive managers. In this
model, instead of mostly focusing on the heterogeneous fund managers whose performance
is compared to an index, I focus more on the passive and closet indexer investors. The
primary function of the model is to provide some testable hypotheses about the relationship

between indexing inclusion and realized and expected stock returns.

2.1 Model

Consider a typical setting. There are two time periods, t = 0,1. The available investment
options include a risk-free bond with an interest rate of zero, which is normalized to zero,
and N risky assets indexed by n = 1,..., N that entitle the holder to cash flows D(n)
realized in period 1. The vector representation for the period zero risky asset prices is
denoted by S = (S(1),...,S(N)) and similarly the vector notation for period one cash
flows are denoted by D = (D(1),...,D(N))". In period one, the asset prices are equal to
cash flows D. The cash flows D are jointly normally distributed, D ~ N(u, ), where p =
(n(1),...,u(N)), ¥n, = Var(D(n)) = 02 , and ,,, = Cov (D(n), D(m)) = pyn0nOm. 1
assume that the matrix X is invertible. The risky assets have a fixed total number of shares
in supply denoted by z = (z(1),...,z(N))".

All benchmark indices are indexed by ¢ = 1,..., I where each benchmark index ¢ consists
of a portfolio of N stocks with shares denoted by w; = (w;(1),...,w;(N))’, depending on
each index constituents the w; can take a value of zero.

There are three agents in this economy. Direct investors are similar to retail investors
and manage their own money, which takes up A\p fraction of the population. Active fund
managers are hired by fund investors to manage portfolios of stocks and are evaluated against
a benchmark index. The faction of the population of all active managers that are evaluated
against a specific benchmark i is indicated by A\ Similarly, passive fund managers are hired
by fund investors to exactly follow their respective index and their population fraction for

each index i is denoted by AF. All agents have a constant absolute risk aversion (CARA)



utility function over terminal wealth W, U(W) = —e™W where v > 0 is the coefficient of
absolute risk aversion. The direct investor’s terminal wealth is W = Wy + 2/, (D — S), where
W) is the initial wealth of the investor, and the vector xp denotes the number of shares held
by the direct investor. The compensation of active fund managers for the funds that are
benchmarked to index ¢ is denoted by w; and depends on three components: one is a linear
payment based on the absolute performance of the fund, the second component depends on
the performance of the fund relative to benchmark ¢, and the third part is independent of

performance.

where R; = (D — S) is the fund’s portfolio performance and B; = w(D — S) is the
performance of index ¢. The measures a and b determine the compensation sensitivities to
absolute and relative performance. The fund manager chooses a portfolio of x; shares to
maximize his utility U (w;). A passive fund manager is obligated to hold the same quantity
of shares as their designated index. Consequently, they have a notable high value of b,
where b — oo. This strongly incentivizes them to exclusively maintain the benchmark
index portfolio, with substantial penalties for any deviations from it. Following a standard

mean-variance portfolio optimization, the portfolio demand for direct investors is:

rp = —Z_l (2)

Active fund managers have different demand due to their compensation contract, which

is given by:

i = ;(,u - S)x Tt +

“ y(a+b) a—l—bwi' (3)

The active fund manager divides their risky asset allocations between two distinct port-

folios: the mean-variance portfolio (represented by the first term in equation and the



reference portfolio (denoted by the second term). The reference portfolio is established as
the fund manager aims to avoid lagging behind the benchmark index. In alignment with the
preferred habitat theory, the fund manager shows a greater preference for stocks within their
benchmark. It is important to note that the demand for the reference portfolio, symbolized
as w; remains inelastic. This demand remains independent of the asset’s inherent risks and is
solely determined by the compensation scheme. In the case of passive fund managers where
a=0,b=0,zF =w,.

Using the market clearing condition for the risky assets, Apzp + Zle (N + 2\ = 7,

the equlibrium asset price is:

b 1
= —~vAY *__E A+ \Pw: 4
S (I a+bi:1>\zwz+)\lwz> @

where A = [/\ D+ %] - is the adjustment to risk aversion imposed by market clearing.

Equation {4 sheds light on the driving factors behind the index effect in the model. The
manifestation of the index effect can be seen through the term a%b le Mw; + Mw;, which
captures the aggregate inelastic demand from fund managers. When a stock is added to an
index or its weight within the index increases, its price also increases. An additional insight
is that when an increasing number of fund managers, represented by their assets under
management (AUM), follow a particular index 4, it intensifies the price pressure resulting
from indexing, which in turn magnifies the impact of index inclusion. The more indices a
stock is part of, and the greater its weight in those indices, the more it attracts attention
from fund managers, leading to an upswing in its price.

Next, the model also provides some predictions about the expected stock returns or the

cost of equity, which is the main focus of this paper. The expected return for the stock (n),

denoted in terms of a per-share return as AS(n) = i(n) — S(n), is as follows:

E[AS(n)] = yAo? (:Z‘ _ b Z A + /\fw,) (5)

a—+b4
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Equation |5 suggests that the aforementioned price pressure is enduring and persists for
the duration that a stock stays within the index of fund managers. All else being equal, stocks
with a higher indexing inclusion ratio, which in this setup is denoted by Zi]:l Mw; + APw;,
will have lower expected returns. Moreover, should the indexing score of a stock rise (perhaps
due to its addition to an index), the price should also increase while the expected return

decreases.

3 Dateset

The data for mutual fund and ETF stock holdings are sourced from FactSet, which offers
a more comprehensive data set compared to the quarterly Thomson Reuters mutual fund
holdings Database, which is mostly limited to the U.S. funds.

To estimate the Indexing Inclusion ratio (IXI), benchmark index data for each fund
is sourced from Morningstar, which provides extensive benchmark coverage for a range of
mutual funds and ETFs. This data is then integrated with the fund-holding data from
FactSet.

To measure the indexing inclusion ratio, the weights of each stock within each index is
measured by pooling together the holdings of all the index ETFs and open-ended mutual
funds that share the same index benchmark id. The IXI score is calculated using all active
and passive funds that have a corresponding identified benchmark from Morningstar. The
passive IXI is calculated only using the funds that are identified as the index.

The FactSet security level holding data is aggregated at the company level using Permco
as I require one unique IXI measure for each company. Firm characteristics and price data
are extracted from a merge of CRSP-Compustat data, where only the Permno with the
highest market cap is kept as the primary for each Permco.

In the interest of data accuracy and reliability, only the securities with share codes 10,

11, 12, and 18, trading on NYSE, AMEX, and NASDAQ), are retained, with corresponding
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exchange codes equal to 1,2 and 3. The earning announcement dates and news are obtained
from the I/B/E/S dataset from WRDS. Finally, the Fama-French factors are obtained from

the Kenneth French Data Library.

4 Indexing Inclusion (IXI) as a Measure of Stock Pas-
sive Ownership

The aggregated holdings of indexed passive investors for each stock divided by its market
cap is the simplest way to proxy for the passive ownership of a stock.However, this approach
understates passive ownership because it excludes the substantial capital managed by funds
that track indices without explicitly declaring themselves as passive. A comprehensive mea-
sure must therefore account for both declared index funds and the so-called closet indexers.

Existing fund-level measures such as the Benchmarking Intensity (BMI) of |Pavlova and
Sikorskaya (2023)) and index tracking error are incentive-based metrics. These measures eval-
uate whether fund managers follow their stated prospectus benchmarks, a question central to
fund performance evaluation and detecting benchmark misfit risk in portfolio construction.
However, incentive-based measures face a fundamental limitation when applied to stock-level
asset pricing research: they assume that any fund benchmarked to an index holds exactly
the index weights at all times. This assumption is particularly problematic for BMI, which
attributes the entire assets under management of a benchmarked active fund to the passive
ownership of index constituents, regardless of how the fund actually allocates its capital. In
practice, actively managed funds even those with stated benchmarks, routinely deviate from
benchmark weights in pursuit of alpha, rendering the assumption of perfect index compliance
empirically untenable.

I introduce the Indexing Inclusion Ratio (IXI), a holdings-based measure of realized
passive capital allocation at the stock level. Unlike BMI, which infers passive ownership

from fund mandates, IXI directly examines actual portfolio holdings and captures only the
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passive portion of each fund’s assets. For actively managed funds benchmarked to an index,
IXT adjusts their contribution based on their Active Share which is the degree to which their
holdings deviate from benchmark weights. A fund with 40% Active Share contributes only
60% of its assets to the passive measure, reflecting that 40% of its portfolio represents active
bets rather than mechanical index tracking.

All benchmarks are indexed by ¢ = 1,...,I while the individual funds are indexed by
j=1,...,J.

where

/L',t = Z Ajy <1 - %Z |wj,t(n) - wzt(")l) (7)

Where w;(n) refers to the weight of the asset n at time ¢ within index i. A,; is the
total assets under management (AUM) of fund j at time ¢ that is benchmarked to index i
and the M E;(n) denotes the overall market capitalization of stock n at time ¢. The term in
parentheses equals one minus the Active Share of fund j relative to its benchmark, calculated
following |Cremers and Petajisto (2009). This formulation weights each fund’s contribution
to passive ownership by the fraction of its portfolio that actually tracks the benchmark. A
pure index fund with zero Active Share contributes its full AUM to the measure, while an
active fund with 40% Active Share contributes only 60% of its assets, reflecting that the
remaining 40% represents active positions that deviate from benchmark weights.

The key methodological distinction between IXI and BMI lies in the treatment of bench-
marked active funds. BMI assumes that any fund declaring a benchmark index holds exactly
the index weights at all times, effectively treating the full AUM of benchmarked funds as
passive capital. This assumption leads to substantial overestimation of realized passive own-
ership, as actively managed funds routinely deviate from their benchmarks in pursuit of

alpha. IXI addresses this limitation by using actual fund holdings to measure the degree of
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index tracking, capturing only the portion of assets that genuinely follows passive strategies.
This distinction is particularly important in the earlier part of my sample when the preva-
lence of closet indexing was lower and active funds exhibited greater deviation from their
benchmarks.

The distinction between incentive-based and realized measurement also relates to the
broader literature documenting hidden passive capital. |Chinco and Sammon| (2024) demon-
strate that actual passive ownership is approximately double self-declared index fund hold-
ings when accounting for internally managed index portfolios, closet indexers, and quasi-
indexing strategies across all institutional investors. While my measure focuses specifically
on mutual funds and ETFs rather than the full institutional investor universe, the underlying
intuition is similar: substantial passive capital is hidden within vehicles that do not explicitly
declare themselves as passive. IXI captures this hidden passive capital within the fund sec-
tor by examining what funds actually hold rather than what they claim to track, identifying
closet indexers whose portfolios closely mirror benchmarks despite active classifications and
corresponding fee structures.rf]

The distinction between incentive-based and realized measurement has direct implications
for interpreting empirical results in asset pricing research. Incentive-based measures answer
the question: “How much capital is supposed to track indices?” Realized measures answer:
“How much capital actually tracks indices?” For research questions about how passive capital
influences stock prices, and where the relevant economic mechanism works through investors’
actual portfolio holdings rather than through contractual mandates, realized measures offer
the suitable empirical basis.

The construction methodology yields three distinct measures that decompose passive
ownership along economically meaningful dimensions. The main measure, IXI, captures
Active Share adjusted passive ownership by incorporating both pure index funds and the

passive component of closet indexers. A stock’s IXI reflects the fraction of its shares held by

3See (Cremers et al.| (2016) for comprehensive evidence on the prevalence of closet indexing globally,
estimating that approximately 20% of mutual fund assets are closet indexed.
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Table 1: Fund Universe Summary Statistics by Fund Type

Category Statistic Full Sample 2000-2006 2007-2012 2013-2019 2020-2021 2022-2023
All Funds N Funds 22,936 5,823 9,839 16,437 19,504 22,352
Total AUM ($B) 11628.8 3342.3 6550.0 16146.6 25263.0 26422.0
Mean AUM ($M) 713.7 624.9 692.0 1028.6 1306.4 1192.3
Median AUM ($M) 98.5 99.7 102.9 119.6 131.2 107.4
Unique Benchmarks 6,837 1,566 2,728 4,774 5,723 6,701
Passive ETF N Funds 5,359 411 1,289 3,354 4,268 5,201
Total AUM ($B) 3139.7 359.1 1112.2 3990.6 8786.6 10330.0
Mean AUM ($M) 835.5 1012.4 900.0 1239.6 2071.3 1992.1
Median AUM ($M) 62.1 70.2 71.3 71.2 93.5 73.0
Unique Benchmarks 3,336 248 789 2,081 2,651 3,278
Passive OEF N Funds 2,363 495 916 1,606 1,641 1,943
Total AUM ($B) 1025.0 211.5 450.5 1314.3 2550.3 3057.5
Mean AUM ($M) 819.0 477.3 538.2 935.1 1576.2 1642.8
Median AUM ($M) 88.4 80.2 78.5 112.8 168.0 126.0
Unique Benchmarks 1,110 230 434 756 814 970
Active Benchmarked N Funds 15,214 4,917 7,634 11,477 13,595 15,208
Total AUM ($B) 7464.1 2771.7 4987.3 10841.6 13926.1 13034.5
Mean AUM ($M) 654.4 607.4 675.3 979.9 1033.6 861.2
Median AUM ($M) 115.2 104.8 112.9 136.3 140.3 115.9
Unique Benchmarks 3,425 1,279 1,880 2,615 3,049 3,423

This table reports summary statistics for the fund universe used to construct IXI, broken down by fund type and time period. Passive
ETF and Passive OEF are exchange-traded funds and open-end mutual funds, respectively, classified as index funds based on Morningstar
style classification. Active Benchmarked includes all non-index funds with a declared prospectus benchmark. N Funds is the number of
unique funds observed during the period. Total AUM is the average annual assets under management in billions USD. Mean and Median
AUM are cross-sectional statistics of fund-level average AUM in millions USD. All funds have benchmark assignments from Morningstar.
AUM calculated from FactSet holdings data.

15



investors whose portfolios, in aggregate, track major market indices, regardless of whether
those investors explicitly declare themselves as passive. This is the primary measure used
throughout the analysis.

The second variant, IXI,,, measures passive ownership arising solely from declared index
funds. This measure is comparable to traditional passive ownership estimates based on fund
classifications and serves as a lower bound on realized passive ownership, capturing only the
capital that is explicitly and transparently committed to index tracking strategies. The third
variant, IXI,on-aqj, represents total benchmarked capital without Active Share adjustment,
effectively assuming that all funds benchmarked to an index fully track it regardless of
their actual holdings. This measure is methodologically comparable to BMI in that both
rely on the assumption of full benchmark compliance among benchmarked funds. IXI, o adj
therefore provides an upper bound on passive ownership, and the comparison between IXI
and IXI,on-aqj quantifies the degree to which incentive-based measures may overstate realized
passive capital allocation when active funds deviate from their stated benchmarks.

By construction, the ordering I X [, < IXI < I X1I,onaq; holds for each stock-month
observation. The difference between IXI and IXI,,s, which I term the Closet Gap, captures
the passive capital embedded within funds that charge active fees while holding portfolios
that closely mirror benchmark weights. This hidden passive capital would be overlooked by
conventional measures relying solely on fund classifications.

The final IXI sample covers 6,767 unique CRSP common stocks from January 2000
through December 2023. The measure incorporates holdings from over 22,000 distinct funds
benchmarked to nearly 7,000 unique indices including their variations, providing comprehen-
sive coverage of the passive investing landscape. Table [1| provides an overview of the fund
universe by fund type and time period. As the sample progresses, the dominance of pure
index funds in terms of assets under management becomes increasingly pronounced, with
passive ETFs growing from approximately 359 billion dollars in the early part of the sample

to over 10.3 trillion dollars by the end of the sample period in 2023. The breadth of index
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coverage is particularly important given the proliferation of specialized indices, including
sector funds, factor funds, and thematic ETFs, that now constitute a meaningful fraction of
passive assets but would be missed by measures focusing only on broad market benchmarks.

Table 2: Properties of Index Inclusion Intensity (IXI)

Full Sample 2000-2006 2007-2012 2013-2019 2020-2021 2022-2023

Panel A: Descriptive Statistics

Avg IXI, % 8.1 2.8 6.8 11.0 14.2 14.0
Median IXI, % 4.7 1.8 6.2 9.6 12.4 10.8
SD of IXI, % 9.2 2.9 6.1 9.7 12.1 12.9
Min IXI, % 0.0 0.0 0.0 0.0 0.0 0.0
Max IXI, % 97.9 97.9 97.9 97.9 96.5 95.5
Avg IXI Passive, % 6.3 1.8 4.7 8.6 11.9 12.0
SD of IXI Passive, % 7.6 1.9 4.2 7.9 10.2 11.1
Avg IXI Unadjusted, % 18.3 9.0 20.0 23.1 24.9 22.8
SD of IXI Unadjusted, % 18.3 8.9 18.5 19.8 21.0 20.8
Avg no. of benchmarks 31.5 11.8 21.5 40.3 59.4 65.9
Panel B: Average Contribution of Major Benchmark Families (%)

S&P 500 42.4 67.5 49.2 40.7 38.5 38.3
Russell 2000 9.8 10.7 14.0 11.4 7.9 7.9
Russell 1000 2.3 2.3 2.5 2.6 2.2 2.0
Russell 3000 2.2 1.1 2.1 2.5 2.1 2.2
CRSP US Total Market 11.7 4.9 9.3 12.7 12.6 12.5
Nasdaq 100 6.4 13.9 9.9 5.6 5.6 6.3
Panel C: Contribution to IXI by Fund Type (%)

Pure Passive 78.3 73.1 73.8 81.8 86.3 88.3
Closet Indexers 21.7 26.9 26.2 18.2 13.7 11.7

This table reports properties of Index Inclusion Intensity (IXI). IXI measures the realized passive capital allocation
at the stock level, weighted by funds’ Active Share relative to their declared benchmarks. IXI Passive captures
ownership from self-declared index funds only. IXI Unadjusted measures total benchmarked capital without Active
Share adjustment. Panel A shows descriptive statistics with IXI values expressed in percentage points. Panel B reports
the value-weighted average contribution of major U.S. benchmark families to a stock’s IXI, where weights are each
stock’s total IXI dollar contribution (market capitalization x IXI). Contribution is the ratio of IXI coming from funds
benchmarked to each index family to the stock’s total IXI. Panel C decomposes IXI into contributions from Pure
Passive funds (self-declared index funds) and Closet Indexers (benchmarked funds with Active Share adjustment);
these sum to 100% by construction. Sample: CRSP common stocks, 2000-2023.

Table [2| reports properties of the IXI measure. Panel A presents descriptive statistics
across the full sample and five sub-periods that capture distinct phases of the passive invest-
ing revolution.

Average IXI increased from 2.8% during 2000-2006 to 14% during 2022-2023, a five-

fold increase reflecting the dramatic shift toward passive strategies over the sample period.

The dispersion of IXI, measured by standard deviation, grew proportionally from 2.9% to
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approximately 12%, indicating that the rise in passive ownership has not been uniform across
stocks but rather has created substantial cross-sectional variation that can be exploited for
identification in empirical tests.

The contrast between the two IXI variants is especially revealing. The average IXI,on-adj,
a BMI-comparable metric that assumes complete index adherence, is 18.3% across the entire
sample which is more than twice the 8.1% average recorded for IXI. This large difference
demonstrates that incentive-based measures substantially overstate realized passive owner-
ship by ignoring the active share of benchmarked funds. In the early sample period (2000
2006), the ratio of IXI,onaq; to IXI exceeds three, reflecting the prevalence of truly active
management during this period. By 2022-2023, this ratio has compressed to approximately
1.6, consistent with the widely documented trend toward closet indexing as active managers
face competitive pressure from low-cost passive alternatives.

Panel B reports the contribution of major U.S. benchmark families to aggregate IXI.
Since there are many variations of the same benchmark which can differ across different
currencies, total return vs. net return etc., I calculate each benchmark family’s contribution
as the ratio of IXI coming from funds benchmarked to that family relative to the stock’s total
IXI, then compute value-weighted averages where weights are each stock’s passive dollar
amount (market capitalization multiplied by IXI). This value-weighting approach ensures
that the reported contributions reflect where passive capital is actually concentrated rather
than giving equal weight to small stocks with idiosyncratic benchmark exposure.

The S&P 500 family dominates passive ownership, contributing 42.4% of total IXI on a
value-weighted basis over the full sample. This concentration has declined over time from
67.5% during 2000-2006 to 38.4% during 2020-2023 as total market indices (CRSP US Total
Market: 11.7%) and factor-based strategies have gained market share. The Russell 2000 con-
tributes 9.8% of passive ownership, reflecting its role as the dominant small-cap benchmark,
while the NASDAQ-100 accounts for 6.4%, concentrated among technology stocks.

Panel C decomposes IXI into contributions from pure passive funds and closet indexers.
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Pure passive funds account for 78.3% of total IXI over the full sample, with this share
increasing from 73.1% in 2000-2006 to 88.3% in 2022-2023. The rising pure passive share
reflects both the growth of explicit index funds and ETFs and the declining prevalence of
closet indexing.

Figure [1| presents the time-series evolution of average IXI, IXI,as, and IXI,gn ag. Several
notable patterns emerge. First, all three measures exhibit strong growth, with a clear accel-
eration after the 2008 financial crisis, which spurred both retail and institutional investors to
allocate more capital to passive vehicles. Second, the gap between IXI, o a4; and IXI—which
reflects how much incentive-based measures are overstated, has decreased over time, though
it remains significant. Third, the gap between IXI and IXI,,s, referred to as the Closet
Gap, has leveled off and in recent years has begun to shrink, in line with a decline in closet

indexing.

5 Realized Return of High-indexed Stocks

Over the past two decades, stocks with a high IXI score have demonstrated substantial
outperformance relative to their low IXI counterparts. The comparative performance of these
monthly sorted and value-weighted portfolios, which span from January 2000 to January
2021, is illustrated in Figure 2] The solid blue line in this figure represents high IXT stocks,
showcasing the cumulative value-weighted return on the portfolio of stocks that exhibit IXI
scores in the top third. In contrast, the dashed blue line delineates the corresponding return
for stocks that fall within the bottom third of IXI scores, thus characterizing low IXI stocks.
The divergence between these two portfolios became particularly pronounced after 2012, a
period that also marked significant shifts from active to passive investing. In particular,
the past decade has witnessed the outperformance of highly indexed stocks over low-indexed
ones. This disparity has resulted in a cumulative return difference of approximately 325%

over our 20-year sample period.
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Evolution of Passive Ownership Measures
Cross—sectional mean IXI across all CRSP common stocks, 2000-2023
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Figure 1: Evolution of IXI Measures (2000-2023)

This figure plots the monthly cross-sectional mean of IXI across all stocks from 2000 to 2023. The Solid Line
(IXTI) represents the primary measure, defined as the aggregate dollar value of passive capital (from index
funds and the passive component of active funds. The Dashed Line (IXI Passive) represents ownership held
strictly by declared index mutual funds and ETFs. The Dotted Line (IXI Unadjusted) represents the total
ownership of all funds benchmarked to indices without adjusting for Active Share (equivalent to the BMI
measure approach).

The robust performance of HILI (high IXI minus low IXI portfolio) cannot be accounted
for by exposure to well-documented return factors in asset pricing. The first column of Table
confirms that the monthly performance disparity between high and low IXI stocks remains

statistically significant. Subsequent columns in Table 3| present the outcomes of regressing

HILI on various factors, encompassing those included in the five-factor models proposed by

Fama and French| (2015), the momentum factor proposed by (Carhart| (1997)), and the green

minus brown factor which captures the degree of ESG compliance of stocks by
(2022). In all scenarios, HILI’s alpha (the regression constant) is both economically and
statistically meaningful. The smallest alpha for HILI, as outlined in Table |3| is reported

in column 6, which accounts for the Fama-French five factors. The portfolio’s exposures
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Cumulative Returns of Low and High IXI Portfolios
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Figure 2: The cummulative returns of High IXI vs. Low IXI portfolios

to SMB, HML, and RMW suggest that HILI leans towards larger, growth-oriented stocks,
and firms with higher profitability. After adjusting for these exposures, the alpha of HILI
continues to be statistically significant at a 5% confidence level.

To assess the robustness of the findings, Table in the Appendix replicates the analysis
conducted in Table |3] with a notable adjustment: stocks within the top 2.5 percentile of
market capitalizations are excluded each month. This methodological refinement ensures

that the results are not disproportionately influenced by a small subset of megacap stocks.

6 Indexing Premium

In this section, I investigate the expected return dynamics of stocks categorized into high and
low Indexing Inclusion (IXI) portfolios. The concept of an ”indexing premium” is introduced,

capturing the predicted return discrepancy between high IXI and low IXI stocks. Specifically,

21



Table 3: High IXI minus Low IXI sorted portfolios performance

Dependent variable:

HILI
(1) (2) (3) (4) (5) (6) (7) (8)
Constant 0.388"*  0.370%* 0424 04207 (.344* 0271 0.420™*  0.450*
(0.136)  (0.138)  (0.128) (0.124) (0.134) (0.124) (0.124) (0.197)
MKT-Rf 0.034 0.086"* 0.086*  0.113**  0.145"*  0.096"*  0.085"
(0.037)  (0.035) (0.034) (0.029) (0.034) (0.031) (0.042)
SMB —0.259%*  —0.257***  —0.197"*  —0.210"* —0.261"**  —0.243"**
(0.055) (0.057) (0.069) (0.067) (0.057) (0.083)
HML —0.055  —0.110*  —0.201**  —0.048  —0.103*
(0.045) (0.043) (0.058) (0.048) (0.059)
RMW 0.152* 0.166***
(0.079) (0.063)
CMA 0.243
(0.115)
MOM 0.021 0.075
(0.031) (0.051)
GMB 0.057
(0.085)
Observations 253 253 253 253 253 253 253 144
R2 0.000 0.006 0.149 0.156 0.181 0.214 0.159 0.204
Note: *p<0.1; *p<0.05; **p<0.01

The performance of the high IXI minus low IXI (HILI) portfolio, sorted on a monthly basis, is assessed using data spanning
from 2000 to 2021. The outcome variable in this context is the HILI - the difference in returns between the high and low IXI
portfolios. The excess market return is represented by Mkt-RF. SMB and HML correspond to size-sorted and value-sorted
factors as proposed by [Fama and French|(1993). Moreover, profitability and investment factors are denoted by RMW and
CMA as per [Fama and French|(2015). MOM is the momentum factor of |(Carhart|(1997). GMB is the green minus brown
factor of [Pastor et al.|(2022). Notably, all returns are expressed in percentages and at a monthly frequency, with robust
standard errors enclosed in parentheses.
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the equity indexing premium is defined as the expected return on the High-Low indexing
ratio (HILI) spread. As expected stock returns are not directly observable, it is necessary
to estimate the equity indexing premium. To this end, I adopt two methods based on both
ex-ante data using the implied cost of capital (ICC) method and the ex-post data by purging

the earning-related news and flow shocks.

6.1 Measuring the Implied Cost of Capital (ICC)

In this section, I outline the method that I use to calculate the ICC for stocks. I adopt the
methodology established by |Hou et al. (2012), hereafter referred to as "HVZ.” This method-
ology is built on the residual income valuation model proposed by |Gebhardt et al. (2001]).
Unlike the IBES earnings forecasts often used in such calculations, the HVZ methodology
employs earnings forecasts derived from regression analyses. My implementation stays as
close as possible to that of HVZ, as per the execution by [Lee et al.| (2021) and Pastor et al.
(2022]).

The implied cost of capital, denoted as r, below, is the internal rate of return that aligns
the present value of future dividends with the currently observed stock market capitalization.

This can be expressed with the following formula:

Ei [NLijyr] —1e X Ey [Bigir
ME;, = zt+z [NV 1—:7“) 1B (8)

In this equation, M E; ; is the current stock market cap, NI, ;. is the forecast of earnings
or more specifically net income before extraordinary items in year ¢t + 7, and B, ; is the book
value of equity. The ICC r, is specific to firm ¢ and time ¢, but I omit these subscripts
for the sake of simplicity in notation, and similarly the ¢ subscript is dropped for ME; .

Implementing a 12-year forecasting horizon with a terminal perpetuity the equation can be
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simplified to the following:

11
E; [(ROEt+T - 7"e) Bt+771] E; [(ROEt+12 - Te) Bt+11]
ME, =B
=Bt ) (L+7e)" - re (14 1:)" ©)

T=1

Where ROFE; stands for the return on equity that is N1I; divided by B;. I estimate the
forecasted earnings NI for the first 3 years using the HVZ method. Where for each month,
and for each forecasting horizon 7 of 1, 2 and 3 years, the following pooled cross-sectional

regression is estimated:
NIjr =00 +0qAip+ Dy +asDD;y + ouE; y + asNegE; ; + agACi ¢t + €50+ (10)

Where A, is the total assets, D;; is the dividend payment, DD;, is a dummy variable
that equals 1 for dividend payers and 0 otherwise, NegFE;, is a dummy variable that equals
1 for firms with negative earnings and 0 otherwise, and AC;; is accruals. All explanatory
variables are measured in dollars as of year ¢ and are winsorized at 1% and 99% levels each
year. The pooled regressions are estimated using the previous ten years of data and the
forecasted NI, . is obtained by multiplying the independent variables for each firm 7 and
year ¢t with the coefficients (a, ..., ag).

When predicting ROE over forecast horizons ranging from 7 = 4 to 12 years, I use a
linear interpolation method. This interpolates from the forecasted ROE three years ahead,
gradually converging to the median ROE within the industry. I operate under the assumption
that by year t + 12, the ROE will have reverted to its industry’s historical median value.
Adhering to the methodology outlined by Lee et al.[(2021)), I calculate the industry’s median
ROE annually, using data from the preceding decade. In alignment with this classification,
I organize firms into 48 Fama-French industry categories. As per the HVZ guidelines, when
determining the median industry ROEs, I exclude any loss-making firms.

The future book value per share B; ;- is calculated based on the accounting clean surplus

relation:
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Bitvr = Bijrr 1+ Nljyyr — Diyir (11)

where D; ;.. is the total dividends in year ¢t + 7. Additional provisions are incorporated
to limit instances of the forecasted negative book value of equity, as the current framework
permits dividends to assume negative values, implying the firm is issuing new equity. Finally,

the ICC estimates are winsorized at the 1st and 99th percentiles.

6.2 Indexing Premium: ICC

The ex-ante method equates each stock’s expected return to its Implied Cost of Capital
(ICC). The ICC represents the discount rate that aligns the stock’s current market price
with the present value of its projected future cash flows, using contemporaneous data. The
expected HILI return is therefore formulated based on the ICCs of the individual stocks.

Employing an ex-ante approach, I calculate the ICC for each stock-month. The ICC
is inferred through market price data and predicted cash flows, in accordance with the
traditional discounted cash flow formula. Following the steps of Hou et al.| (2012), which
is rooted in the seminal framework of |Gebhardt et al. (2001) but employs regression-based
forecasts in place of analyst earnings forecasts, the ICC is estimated. In line with Pastor
et al.| (2022)), from various ICC methods surveyed by |Lee et al.| (2021)), I select the approach
that was found to yield the most precise cross-sectional expected return estimates.

Figure |3| illustrates a time series of ICCs for the high IXI and low IXI portfolios that
make up the long and short legs of the HILI. The ICC of each portfolio is calculated as the
value-weighted average of the ICCs of its component stocks. Throughout most of the sample
period from 2000 to 2021, the high IXI portfolio’s ICC consistently falls short of the low IXI
portfolio’s ICC, denoting a persistently negative equity indexing premium and suggesting a
lower expected return for highly indexed stocks. Figure {4 plots the ICC spread between high

IXI and low IXI portfolios which average around -0.3% per year during the sample period

25



with the highest peaks during the 2007-2008 financial crisis and the lowest point during the
2020 covid crash.

Assuming that the ICC is a credible proxy for the expected stock return, the consistent
negative indexing premium endorses the proposition that the strong performance of HILI
during the sample period, with the main exception of the 2007-2008 financial crisis, was
largely unexpected.
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Figure 3: The weighted average of ICC across IXI portfolios

Figure [5| presents the ICC metrics for portfolios sorted by monthly IXI across different
categories of stocks. The top two panels delineate the distribution within the size dimension,
where each month stocks are segregated into terciles according to market capitalization.
The top left panel represents the upper-tercile or large-cap stocks, and the top right panel
illustrates the lower-tercile or small-cap stocks. Within each size category, portfolios are

further arranged based on the IXI score to assess whether the ICC disparity between high
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Figure 4: The weighted average of ICC Spread: Indexing Premium

and low IXI groups remains consistent across diverse stock types.

In the context of large-cap stocks, the ICC differential between high and low IXI portfolios
is marginal, and the low IXI ICC even dropped below the high IXI from 2013 to 2021. In
contrast, for small-cap stocks, the ICC of the low IXI portfolio substantially exceeds the high
IXTI portfolio beginning in 2011. The expected return of small-cap stocks as proxied by the
ICC is predictably higher, averaging around 8.3%, as compared to large-cap stocks which
maintain an average ICC of approximately 5.5%.

The lower two panels in Figure |5|illustrate the average ICC of IXI sorted portfolios across
three tertiles of the book-to-market (B/M) ratio. The lower left panel represents the bottom
tertile of B/M or the growth stocks. Here, the ICC for both high IXT and low IXI portfolios
is similar, though the high IXI portfolio’s ICC slightly exceeds the low IXI’s, particularly

towards the end of the sample period. For value stocks, depicted in the lower right panel,
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the low IXI portfolio’s ICC diverges upward from the high IXI portfolio beginning in 2011.
In particular, the average ICC for growth stocks remains lower at approximately 4.4%,
compared to that of the value stocks, which is nearly double, around 8.7%.

Overall, it can be deduced from the results in Figure [5| that the majority of the negative

indexing premium is driven by the value and small-cap stock which also happens to have

lower IXI score on average.
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Figure 5: The weighted average of ICC across IXI sub-portfolios of large vs. small and growth vs. value

Further insights into the indexing premium are derived from a panel regression presented
in Table[d This table presents the results of regressing a stock’s ICC on its lagged IXI score,
while accounting for both month and firm fixed effects. The standard errors are robust by
double clustering on firm-month. The significantly negative slope estimate (t = —17.22) is

notable, and further substantiates the existence of a negative indexing premium.
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Table 4: Panel regression of ICC on lagged IXI using both month and firm fixed effects and with robust
double clustered SE

Dependent variable:

ICC

Lag IXI —0.133***

(0.007)
Observations 726,536
Within R? 0.03
Adjusted R? 0.55
Month FE Y
Firm FE Y
Note: *p<0.1; *p<0.05; **p<0.01

6.3 Measuring Indexing Premium from Historical Realizations

One of the fundamental challenges in asset pricing is discerning an asset’s unconditional
expected return, denoted as pu = E {r;}, from ex-post data. Following Pastor et al.| (2022), a
straightforward approach would utilize the asset’s sample average return, represented as 7,
as an estimator for p. Another, perhaps more nuanced, method incorporates supplementary
information from a contemporaneous variable, x;. This variable, by design, correlates with
the return given E {x;} = 0. In our setting, this might be instantiated as an earnings release
shock.
Given the regression format

re = a+ br; + € (12)

it is evident that a can be interpreted as p due to the ex-ante zero mean of x;. From this,
our estimation of p can be derived from the sample estimate of a. Simplifying further, the

OLS intercept is formulated as

Q=7 — bz (13)

where b denotes the OLS slope coefficient and ¥ represents the sample average of x;.
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To gain insight from this estimator, consider a scenario where x; has a positive sign,
implying b > 0. If the realizations of x; systematically exceed their expectations, rendering
x > 0, ¥ would overstate p to an extent of bx. This overestimation is effectively corrected
by the estimator a, which adjusts 7 by the term bz. In contrast, for z < 0, 7 is likely
to underestimate p, and a essentially compensates for this discrepancy. In general, when
Z # 0, the regression intercept improves the potential distortion in 7. This logic remains
robust even when z; extends to a vector of variables, since their sample means diverge from

Zero.

6.4 Measuring Earning News Shocks and Passive Flow

To utilize the approach relying on a, it is crucial to define x;. Essentially, z; represents a
vector of shocks from two main sources. First, stock-specific information directly influences
earnings expectations and returns, hence the incorporation of earnings news into x;. Sec-
ondly, the surge in demand for passive investment products affects the differential in returns
between high-indexed and low-indexed stocks. This shift towards passive investment, espe-
cially evident in the US, has not only grown rapidly but also indicates passive strategies
taking a larger share of the market.

When a significant portion of assets are held in passive investments, its impact on ex-
pected stock returns becomes more pronounced, as predicted by the PST model. Subse-
quently, I will outline the methods to quantify these shock sources. In specifying x;, I
introduce two metrics of earnings news derived from the CRSP and I/B/E/S datasets. The
initial metric is influenced by the notion that significant earnings news emerges on the days
of firms’ earnings-related announcements, as highlighted by Beyer et al.| (2010) and subse-
quently by |Pastor et al.| (2022). I determine stock returns in excess of the market within a
three-day trading window centered on these announcement dates, aggregating these excess
returns for distinct events in a specific stock-quarter.

The secondary metric is oriented towards long-term earnings news, which can manifest
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sporadically between quarterly announcements. This metric uses analysts’ predictions of a
firm’s long-term earnings growth. For a firm ¢ in quarter ¢, it’s computed as the difference
between the earliest median forecast for the quarter t+1 and the concluding median forecast
for the quarter ¢ — 1. Performing predictions from quarters ¢ — 1 and ¢ + 1 ensures the
encapsulation of all earnings revelations during quarter ¢t. Even though this metric might
include minor details from quarters ¢ — 1 or ¢t + 1, such inclusions are inconsequential, since
they are unlikely to elucidate returns in quarter t. This metric is winsorized at the 1%
threshold.

Considering that HILI identifies a discrepancy in portfolio returns, it is crucial to con-
vert firm-specific earnings metrics into the respective portfolio-level measures for z;. This is
achieved by applying HILI’s portoflio constructions, where monthly value-weighted averages
of the firm-specific metrics within HILI’s high-indexed and low-indexed categories are calcu-
lated, and their difference is assessed. It is important to recognize the inherent difficulties
in isolating the portion of returns affected by earnings news. The mentioned metrics, al-
though strong, may not encompass all pertinent earnings information. The primary metric
may miss flash news outside the three-day announcement window. A notable limitation of
the secondary metric is the gap between analysts’ and investors’ forecasts. Additionally,
since analysts’ long-term forecasts cover only three to five years, this metric might overlook
changes in earnings forecasts beyond a five-year period.

Considering the substantial and continuously growing asset base of passive investing, it
is reasonable to suggest that passive investing has significantly influenced HILI’s observed
returns. The impact of inelastic passive demand could be significant, particularly given re-
search showing that stock prices can react noticeably to even small changes in demand, as
highlighted by Koijen and Yogo| (2019) and |Gabaix and Koijen! (2020). I present two vari-
ables to explore the impact of passive investing. The first variable uses flows into passive
funds as a measure of changes in investor demand for indexed assets. Utilizing data from

Morningstar, I collect information on the quarterly total inflows into U.S. passive funds.
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" are adjusted by the average total market capital-

These flows, referred to as ”passive flows,’
ization of CRSP stocks for the respective quarter. Interestingly, passive flows experienced
a notable increase from 2013 to 2021, with a marked acceleration beginning in 2017. The
second investment metric uses the lagged total assets (AUM) of passive funds to gauge the
prevailing investor sentiment towards passive investments. This selection is guided by PST’s
theoretical assertion that expected green-minus-brown returns are inversely proportional to
the average intensity of ESG preferences, and the size of the ESG sector is directly linked to

such preferences. I calculate the passive fund AUM using Morningstar data and adjust the

passive AUM relative to the total market valuation of CRSP stocks.

6.5 Indexing Premium: Earning News and Passive Flow

Columns 1 and 2 of Table [5| display the results of regressions of HILI returns on the two
earnings variables and the two flow and asset size variables. Earlier, it was observed that HILI
leans toward large growth stocks. To ensure that this inclination towards size and growth
is not influencing my findings, I examined columns 3 and 4 of Table [5| which are labeled
“HILI Alpha” These columns represent regressions where the dependent variable is redefined
as the HILI return adjusted for the three factors presented by |[Fama and French (1993). I
derived this return by adding the intercept to the residual of the time series regression of
HILI against these factors. In particular, the slope coefficients in these columns closely match
those in the first two columns of the table. A potential concern with regressing returns on
contemporaneous flows is reverse causation. It is possible that, rather than flows (or shifts in
investors’ passive demands) influencing returns, the flows might be pursuing recent returns
within the same timeframe. The potential endogeneity issue was addressed by employing
the previous quarter’s value as an instrument for the passive flow of the same quarter,
subsequently estimating the regression through two-stage least squares. This method relies
on the reasonable exclusion restriction that flows cannot follow future returns. My analysis

reveals significant first-stage t-statistics, confirming that the relevance condition is satisfied
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and there are no concerns regarding weak instruments.

The coefficients related to passive flows and assets in Table [5| all adhere to predictions.
Specifically, passive flows have a positive association with the HILI spread, while passive size
has a negative association. For the HILI spread, all coefficients are statistically significant
with the exception of A Earnings Forecasts. Additionally, the passive size is not significant
when the dependent variable is the HILI alpha.

In the absence of passive flow shocks or other shocks to high-indexed vs. low-indexed
stock earnings, how would the cumulative retrun of HILI portfolio look? Figure [6]juxtaposes
HILI’s actual returns with a hypothetical scenario where these shocks are absent. Using the
regression results from column 2 of Table 4, I determine the theoretical monthly HILI return
by summing the regression intercept with the estimated residual. In Figure [0 the dashed
trajectory illustrates the cumulative counterfactual return, while the solid line presents the
cumulative realized return.

The comparison in Figure [f] reveals a compelling insight that throughout most of the
time series, if we disregard the passive flow and earnings shocks, HILI’s trajectory is largely
in the negative with a slightly declining trend. This mirrors the negative intercepts found in
columns 1 and 2 of Table 4. Importantly, starting from 2003, HILI’s counterfactual returns

consistently lag behind its realized returns.

7 A Stock Level Measure of Passive Flow

The empirical analysis I have conducted so far revolves around the time series of returns
from high-indexed versus low-indexed portfolios. Nevertheless, to ensure that my results are
not exclusively tied to portfolio returns, I explore panel regressions focused on individual
stocks. A key component for this analysis is the stock-specific passive flow metric. This
metric is crucial to assess the potential impact of passive flows on stock returns, considering

their respective IXI score. Specifically, passive AFlow;, denotes the total change in capital
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Table 5: Passive Flows and Size

Dependent variable:

HILI Return HILI Alpha
(1) (2) (3) (4)
Constant —0.152 —0.155 0.007 0.005

(0.268)  (0.202)  (0.213)  (0.175)

Earnings Release Returns  0.372** 0.435™* 0.437*  0.514*
(0.176) (0.148) (0.179)  (0.155)

A Earnings Forecasts 0.016 0.200 0.083 0.196
(0.180) (0.126) (0.130) (0.138)
Passive Flow 1.103** 0.875**
(0.456) (0.406)
Passive Size —(0.814*** —0.448
(0.293) (0.285)

Observations 252 252 252 252
Note: *p<0.1; *p<0.05; ***p<0.01

The performance of the high IXI minus low IXI (HILI) portfolio, sorted
on a monthly basis, is assessed using data spanning from 2000 to 2021. The
outcome variable in columns 1-2 is the HILI - the difference in returns between
the high and low IXI portfolios. Earnings Release Return is the individual
stock’s sum of excess returns during the three-trading day window around the
earnings release date. A Earnings Forecasts is the change in IBES analysts’
median long-term forecast of earnings growth rate. The passive flow is the
quarterly dollar flow into passive funds scaled by the average total CRSP
market size. The passive flow is instrumented by its previously quarterly
value. The Passive Size is the total AUM of all passive US funds which is
scaled by the total CRSP market size. Columns 3-4 are the alpha from a time-
series regression of HILI on Fama-French three-factors model. In particular,
all regressors are standardized, and all regressions include robust standard
errors enclosed in parentheses.
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Figure 6: The cumulative return of the counterfactual HILI portfolio. The solid blue line represents the
realized cumulative return on HILI portfolio. The dashed red line shows the counterfactual monthly returns
of HILI which is estimated from column 1 of table[5] The counterfactual returns are measured by subtracting
the fitted regression value minus the intercept from the realized returns.

allocated to stock 7 at time t by both purely passive and closet indexer mutual funds,
including ETFs.

But first, I need a stock-level measure of passive flow, in order to estimate whether the
passive flows at the individual level can affect the stock returns given their IXI score. The
passive AFlow; ; is the total change in the dollar amount of capital flowing to stock ¢ at time
t of all passive and closet-indexer mutual funds and ETFs. I compute this measure using

the number of shares held for each stock ¢ within each passive fund j using the Factset fund

holding database and then compute the following:
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AShares; ;; = Shares; ;; — Shares; j;_1
Flow; j, = AShares; ;; x Price;,

NetFlow, ; = Z Flow; ;+

J

(14)

NetFlow; ¢

Flow;,; = ———
OWiz AvgMktCap,

AFIOWi’t = %i,t — Pﬁs@i,t—l

Where Shares; ;; represents the number of shares of stock ¢ held by fund j at time ¢, and
AvgMktCap, is the average CRSP market capitalization for month ¢.

Table [6] displays the panel regressions in which individual stock returns in month ¢ are
analyzed against various predictors. These regressions include time-fixed effects, emphasizing
the cross-sectional variation in returns. Column 1 starts with a single predictor, the stock’s
indexing inclusion score, denoted as IX1I;;_1. The following columns add predictors for
changes in stock flow and earnings measures. The earnings metrics are firm-specific versions
of those used in Table [ Column 4 introduces additional individual stock controls, such as
the log of lagged market equity, the log of the lag book-to-market ratio, and stock returns
from months ¢t — 12 to t — 2. The final column includes the interaction between the lag IXI
and the change in flow, while maintaining the same control variables.

The scenario in which only IXI serves as the regressor shows its notable positive corre-
lation with the returns (observed in column 1). This aligns with the trend where high IXI
stocks outperform, as mirrored in HILI. Even after introducing the change in flow and earn-
ings variables in the regression (columns 3 and 4), the coefficient of IXI retains its positive
significance. Hence, in line with the HILI findings, the association between indexing inclu-
sion and returns remains distinctly positive, even after factoring in the impacts of passive

flow and earnings shocks.
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When considering the coefficients tied to the stock passive flow metrics, it can be inter-
preted that high-indexed stocks tend to outperform during periods of rising passive flow,
as evidenced by the positive interaction term in column 5 which is not highly significant
but still retains a t-score of 1.35. This observation aligns with the results derived from the
HILI-centric regressions in Table

Table 6: Individual Stock Returns and IXI

Dependent variable:

RGtiﬂg
(1) (2) (3) (4) ()
IXT; 0.048**  0.048"*  0.033** 0.036** 0.036**

(0.016)  (0.016)  (0.015)  (0.015)  (0.015)

AFlow;, 0.039**  0.039**  0.114**  0.133**
(0.015)  (0.015)  (0.030)  (0.033)

IX[i,t,1 X AFZO'U}Z"t 0.034
(0.025)
Earnings Release Ret, ; 2.664** 2,184 2.184***

(0.015)  (0.015)  (0.015)

AFEarnings Forecasts;, 0.225**  0.125"*  0.125***
(0.015) (0.015) (0.015)

Controls No No No Yes Yes
Observations 520,324 520,320 519,464 460,556 460,556
R? 0.00002  0.00003 0.058 0.119 0.119
Note: *p<0.1; *p<0.05; **p<0.01

The performance of individual stock monthly returns, is assessed using data spanning
from 2000 to 2021. The I X I; ;1 is the stock’s lagged Indexing Inclusion score. AFlow;
measures the individual change in stock passive flow. Farnings Release Ret;; is the
individual stock’s sum of excess returns during the three-trading day window around the
earnings release date. AFarnings Forecasts;; is the change in IBES analysts’ median
long-term forecast of earnings growth rate. Column (4) regression includes controls for
log of lagged stock market cap, log of lagged book-to-market ratio, and the stock’s return
during the month ¢ — 12 to ¢ — 2. Notably, all regressors are standardized and all the
regressions are clustered by month with robust standard errors enclosed in parentheses.
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7.1 Size and Value

In recent years, there has been a noticeable underperformance of value and small-cap stocks
as shown by figures and The small-cap premium identified in the early work of
Fama and French| (1993)) has been elusive in recent decades, as noted by |Asness et al.| (2018)).
One potential explanation for this observed underperformance might be the increasing dom-
inance of passive investors’ portfolios by large-cap, predominantly growth stocks. As passive
investing strategies, especially those tracking major indices, inherently tilt toward the largest
market capitalizations and trending growth stocks, this could exert significant influence on
stock prices and consequently impact the relative performance of value and small-cap stocks.

Figure |8 shows the percentage of total investors” wealth that is dedicated to the smallest
cap stocks in the first quintile. The figure presents the diminishing contribution of the

smallest cap stocks in the overall investors’ portfolio over time.

Investment porportion

0.3%

2005 2010 2015 2020
Year

Figure 7: The proportion of average investors’ AUM dedicated to smallest cap stocks over time. The y-axis
shows what percentage of the total investor holdings is in the smallest cap stocks. The stocks are divided
into 5 quintiles at each quarter.

Figure [§| offers a clearer understanding of passive and active ownership of the smallest
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capitalization stocks. The figure displays the passive and active investors’ assets under
management dedicated to the smallest cap stocks as a percentage of the overall market,
taking into account the general growth of the investment market and the inflow and outflow
of funds to these stocks. The figure shows a decreasing trend in active ownership of the
smallest cap stocks, with passive ownership making up only a small percentage of the overall
ownership of these stocks. Similarly, figure [J] illustrates the passive and active ownership of
the largest capitalization stocks. In contrast to the smallest cap stocks, the overall ownership

of the largest cap stocks as a percentage of the total market has remained stable over time.

0.6% |

Type

Passive ownership is rapidly increasing, while active ownership is decreasing.
B scive
. Passive

2005 2010 2015 2020
Year

0.4% -

®

Quintile size / Total Market

0.2% |

®

0.0% |

Figure 8: This graph shows the investor composition of the smallest cap stocks as a proportion of the total
combined investors’ AUM. The y-axis is the total aum that is invested in the smallest size quintile stocks as
a percentage of the total aum invested in the whole market at each quarter

The strong correlations of HILI with value and size, as shown in table[3] raise an interest-
ing question: How much has the superior performance of high-indexed stocks compared to
low-indexed ones influenced the significant underperformance of value and size sectors over

the last ten years?
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Figure 9: This graph shows the investor composition of the largest cap stocks as a proportion of the total
combined investors’ AUM. The y-axis is the total aum that is invested in the smallest size quintile stocks as
a percentage of the total aum invested in the whole market at each quarter

To address this question, I use the adapted PST’s two-factor model, where the key
factors are the market portfolio and the HILI factor. As indicated in columns 2 and 4 of
Table [7, the HILI coefficients are negative and highly significant. The alphas of HML and
SMB in this two-factor model are less pronounced compared to when only the market is
considered. For example, HML’s initially significant alpha of approximately -61 bps reduces
to an insignificant -31 bps, while SMB’s significant alpha drops to nearly zero. Importantly,
the underperformance significance of HML and SMB vanishes with the inclusion of HILI.

These findings indicate that approximately 50% of HML’s negative alpha and almost all
of SMB’s underperformance can be linked to the strong performance of the IXI factor. Since
value stocks generally have low-indexed traits and large stocks typically exhibit high-indexed
features (mainly due to the dominance of large-cap and growth stocks in major indices), this
analysis highlights the difficulties encountered by value and small-cap strategies, particularly

as the move towards passive investing has accelerated over the past ten years.

40



Table 7: Explaining the role of the Indexing Inclusion Factor on Value and Size. From 2011 to 2021, I
analyzed HML (columns 1 and 2) and SMB (columns 3 and 4) returns against the excess market return and
HILI return. Returns are shown as percentages per month, and robust standard errors are in parentheses.

Dependent variable:

HML SMB

(1) (2) (3) (4)
Constant —0.608** —0.312 —0.389* —0.011

(0.298) (0.270) (0.219) (0.185)
MKT-RF 0.134 0.093 0.271** 0.218***

(0.096) (0.082) (0.056) (0.039)
HILI —0.409*** —0.522***

(0.118) (0.095)

Observations 120 120 120 120
R? 0.043 0.160 0.194 0.403
Note: “p<0.1; *p<0.05; **p<0.01

8 Conclusion

Over the past two decades, the momentum has shifted towards passive investment strate-
gies. Although these strategies offer low costs and more predictable returns, their rising
prominence has had significant effects, especially on high-indexed stocks in the US. Despite
the recent strong performance of these stocks, there are signs pointing to a less promising
future. This upturn is largely attributed to unexpected increases in passive ownership and
the broader trend of moving from active to passive investment strategies.

The core of this study is the Indexing Inclusion ratio (IXI), a new measure of passive
ownership. The IXI provides a detailed view that captures a broader range of passive invest-
ments, including closet indexers. In line with the adapted PST model, the data suggests that
as the surge in passive strategies slows down and the market moves towards equilibrium, the
expected returns for high-indexed stocks may diminish.

Another key finding is the concept of the indexing premium, which underscores the dif-
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ference in expected returns between high and low-indexed stocks. A consistent negative
indexing premium throughout the study period suggests that the strong performance of
high-indexed stocks may have caught many off-guard.

This study also clarifies the ambiguous performance patterns of value and small-cap
stocks. The rise of passive investment and the dominance of growth and large-cap stocks in
passive portfolios can provide insights into their recent underperformance.

In summary, this research sheds light on the intricate relationship between passive invest-
ing trends, high-indexed stocks, and market dynamics. It serves as a reminder to investors
about the importance of critical evaluation, emphasizing that past performance isn’t always
a reliable predictor of future results. The landscape of passive investing is evolving, and a

measured approach is essential as we move forward.
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Appendices
Appendix A

Table A.1: Summary statistics somparison between IXI and BMI measures

Time Period

Full 2000-2006 2007-2012 2013-2018
Sample
Statistics IXI
(Active Share Adjusted)
IXI Mean % 9 3.2 9.6 13.5
IXI SD % 8.8 3.2 7.1 9.5
Min IXI 0 0 0 0
Max IXI 99 66 96 99
Avg no. of Indices 22.2 14.3 20.2 22
Statistics IXI
(Not Adjusted)
IXTI Mean % 15.2 6.3 16.5 21.9
IXI SD % 13.5 5.6 11.8 15.1
Min IXI 0 0 0 0
Max IXI 99 o8 97 99
Avg no. of Indices 22.2 14.3 20.2 22
Statistics BMI
BMI Mean % 154 15.2 17.1 15.5
BMI SD % 8.9 5.8 9.3 10.7
Min BMI 0 0 0 0
Max BMI 98.7 57.4 9R.7 70.1
Avg no. of Indices 9 7.5 9 8.3

The table reports the summary statistics for IXI and BMI measures. The first set of
numbers in statistics IXI (active share adjusted) refers to the main measure of indexing
used in this paper, which adjusts the contribution of each active fund to IXI measure
by their active share. Non-adjusted statistics for IXI is constructed in a similar manner
to BMI by assuming that all benchmarked active funds are fully closet indexer. The
average number of Indices is at stock level. summary statistics for BMI measure is
extracted from Table 1 of ?.
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Table A.2: High IXI minus Low IXI sorted portfolios performance Minus Megacaps

Dependent variable:

HILI
(1) 2) (3) (4) (5) (6) (7) (8)
Constant 0.343**  0.342°  0.382*  0.374™*  0.290"*  0.248"  0.369"*  0.284*
(0.104)  (0.109)  (0.110) (0.100)  (0.103)  (0.099) (0.101)  (0.149)
MKT-Rf 0.002 0.040 0.040*  0.067**  0.085"* 0.046*  0.069*
(0.029)  (0.029) (0.024)  (0.025)  (0.025) (0.026)  (0.036)
SMB —0.186*  —0.190"*  —0.130*  —0.137**  —0.192"*  —0.105
(0.071) (0.056)  (0.051)  (0.050) (0.055)  (0.071)
HML 0.095* 0.040 —0.012 0.099*  —0.053
(0.054)  (0.049)  (0.058) (0.053)  (0.047)
RMW 0.152*  0.160"
(0.049)  (0.044)
CMA 0.138*
(0.080)
MOM 0.012 0.049
(0.035)  (0.031)
GMB 0.064
(0.075)
Observations 253 253 253 253 253 253 253 144
R2 0.000  0.00003  0.103 0.134 0.168 0.183 0.135 0.089
Note: “p<0.1; *p<0.05; ***p<0.01

The performance of the high IXI minus low IXI (HILI) portfolio, sorted on a monthly basis, is assessed using data
spanning from 2000 to 2021. The market cap is winsorized to remove the top 2.5 percentile at every month. The
outcome variable in this context is the HILI - the difference in returns between the high and low IXI portfolios. The
excess market return is represented by Mkt-RF. SMB and HML correspond to size-sorted and value-sorted factors as
proposed by [Fama and French|(1993). Moreover, profitability and investment factors are denoted by RMW and CMA
as per [Fama and French|(2015). MOM is the momentum factor of |Carhart|(1997). GMB is the green minus brown
factor of |Pastor et al.|(2022). Notably, all returns are expressed in percentages and at a monthly frequency, with robust
standard errors enclosed in parentheses.
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Figure A1l: Cumulative return of Large cap and small Cap ETFs)

300.00%

256.18%

200.00%

152.13%

100.00%

0.00%

2014 2015 2016 2017 2018 2018 2020 2021 2022 2023

= IVE = VW

Figure A2: Cumulative return of growth and value ETFs)
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