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Abstract
This paper analyzes the impact of passive investing on price informativeness by comparing
how well market prices predict future profit levels for firms with high and low levels of active
mutual fund ownership by constructing cross-sectional forecasting regressions of future profits
on current market valuations. I find that firms with high amounts of active ownership display
greater informational content in their prices from 1990–2009 in terms of predicting variation
in future profits. Moreover, the magnitude of this incremental informativeness is larger
when comparing firms with comparatively higher and lower levels of active ownership. This
result is robust to using different metrics for the measure of profitability as the dependent
variable, as well as across forecasting ranges of one to five years. However, the magnitude
of the incremental information contained in prices of firms with high amounts of active
ownership has decreased over this time period. While theory would predict that the higher
price informativeness in firms with high active ownership would extend to real investment
decisions, I find empirical evidence that suggests this channel is weak.
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Introduction
The invention of the first index mutual fund in 1975 by John Bogle, the Vanguard

First Index Investment Trust, marked a fundamental paradigm shift in the industry of investing. In an era of stock-picking, the concept of gaining exposure to the broader market as a
whole was entirely foreign and at first criticized. Today, retail investors can access the same
product from Vanguard that tracks the performance of the Standard & Poor’s 500 Index
(S&P 500) through an exchange-traded fund (ETF) for 4 basis points in fees and through an
instantly redeemable security. This kind of index investing has provided large-scale access
to diversified portfolios that were previously only available to large, sophisticated investors.
More broadly speaking, assets linked to "passive" investing strategies, which can be defined
as targeting long-term appreciation with limited day-to-day management of the portfolio,
have grown significantly and are even projected to surpass total active fund assets in the
United States by 2024 (Bogle, 2016). This growth has given millions of retail investors access
to strategies that often manage to outperform active strategies despite charging fees that are
orders of magnitude lower.
While the increase in indexing (and passive investing more generally) has clearly
brought many benefits, its rapid ascent raises questions about potential adverse consequences. Much of this focus has fallen on the channel of corporate governance and whether
common ownership (significant ownership by large institutional investors of multiple firms
within a particular industry) leads to anti-competitive behavior. 1 Instead, this paper aims to
address the question from a price efficiency standpoint: has the increase in passive investing
caused stocks to become mispriced? The answer to this question has potential ramifications
not only for the asset management industry but also the real economy if it means capital
markets are less efficient in allocating capital to its most productive uses.
From a theoretical perspective, it follows that the recent shift from active to passive
1

See Azar, Raina, and Schmalz (2016), Azar, Schmalz, and Tecu (2018), and Dennis, Gerardi, and Schenone
(2018) for examples.
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management would be accompanied by a decrease in price efficiency, ceteris paribus. Trading
by active investors is the mechanism through which information is incorporated into prices
in a process known as price discovery. As such, increasing amounts of passive ownership
could lead to mispricing of stocks. Passive investing in essence is a form of "free-riding" on
the price discovery done by active market participants. Thus the dwindling number of active
investors may cause the price discovery mechanism to be less efficient, leaving stock prices
to diverge from their fundamental value.
In this paper, I examine this phenomenon by quantifying the relationship between active mutual fund ownership and price informativeness in U.S. stocks from 1990–2009 through
the construction of cross-sectional forecasting regressions that regress future profits on current market valuation ratios. The estimates generated allow for testing of the incremental
information incorporated into prices by comparing how well the prices of firms with high
amounts of active ownership are able to predict variation in future profits relative to firms
with low amounts of active ownership, ex post. I apply a similar framework to examine
whether this informativeness extends beyond forecasting profits to real investment decisions
by testing if the prices of firms with high active ownership are also able to better predict
variation in future investment expenditure.
This paper presents two main findings. First, I find robust empirical evidence that
supports the theoretical prediction that firms with higher active ownership would have more
informative prices in terms of predicting variation in future profits. This result holds for the
entire period of analysis 1990–2009, and across multiple measures of profit and forecasting
horizons. Moreover, I find that the magnitude of the effect is larger when I compare firms
closer to the tails of the active ownership distribution. However, the magnitude of the incremental informativeness in prices for high active ownership firms appears to have decreased
over this time period. Second, I find evidence suggesting that the incremental informational
contained in prices of firms with high active ownership does not transmit to real decisions,
as I find no consistently significant difference in ability to predict variation in investment

2

as measured through capital expenditures (CAPEX) and research and development (R&D)
from prices between firms with high and low levels of active ownership.
The remainder of the paper proceeds as follows. Section 2 overviews the theory and
existing literature on price informativeness, active fund management, and the fundamental
role of prices and price efficiency in guiding real decision-making. Section 3 describes the
data and framework I use to estimate the effect of active ownership on price informativeness.
Section 4 presents the results, and Section 5 concludes.

2

Background and Conceptual Framework
This section overviews the theoretical underpinnings that motivate this paper’s re-

search design and places the paper within the literature surrounding passive ownership and
price informativeness. First, I review the mechanism through which financial markets and
prices have an impact on the real economy. I then discuss how the efficiency of these markets and prices impact real decision-making. This section then concludes by reviewing recent
research on the effects of passive ownership on price efficiency.

2.1

The Role of Financial Markets in the Real Economy
With as much attention paid to financial markets as is the case in countries like the

United States, it is natural to ask how these markets affect the real economy. Primary
markets (such as initial public offerings or follow-on equity issuance), in which investors
directly purchase securities from companies, affect real investment decisions as they involve
direct transfer of resources to firms. However, secondary financial markets (e.g. the stock
market), in which investors trade securities among themselves, do not transfer any capital
to actual firms, yet tremendous resources and attention are still devoted to these secondary
markets. Bond et al. (2012) reconcile this disconnect by positing that secondary markets
prices have effects on real economic activity as they guide the actions of decision makers in the

3

real economy. Going all the way back to at least Hayek (1945), it has been thought that prices
act as a channel to aggregate information from decentralized sources. Fama (1970) similarly
argues that the primary function of the capital markets is to allocate ownership of the
economy’s capital stock, and that "prices provide accurate signals for resource allocation".

2.2

The Impact of Price Efficiency on Real Decision-Making
One channel through which the efficiency of stock prices affects the real economy is by

influencing investing decisions. Fishman and Hagerty (1989) formalize this effect, which was
first discussed by Baumol (1965), though under the framework of showing that firms benefit
from more informative disclosure. Nonetheless, the result holds for examining the effect of
overall price informativeness on investment decisions, as that is the mechanism discussed in
their paper. First, let us assume that a given manager sets their firm’s investment level with
the objective of maximizing the firm’s stock price, and that their investment decisions are
unobservable by the market.2 The manager faces the full marginal cost of any investment
projects they undertake. However, the firm’s stock price does not reflect the full marginal
benefit of investment, as an investment that increases the present value of future cash flows
accruing to shareholders by $1 per share does not increase the share price by the full $1
(as the signal carried by the trading process of the investment contains noise). As a result,
absent perfectly efficient markets, the manager underinvests as compared to socially optimal
levels. This result implies that when share prices are more efficient (closer to reflecting true
fundamental value of the firm), the manager is more incentivized to make optimal investment
decisions as the marginal benefit of investment is less distorted.
However, Fishman and Hagerty (1989) argue that it is only the presence of information in the market and incorporation of that information into prices that is beneficial and
that the information contained in the share price itself is of no use to management. This may
not be the case though, as Bond et al. (2012) present the argument that efficient prices are
2

While aggregate investment levels for public firms are disclosed, it is reasonable to assume that decisions
at the project level are not observable.
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not only important through Fishman and Hagerty’s (1989) discussed incentive channel, but
also because firm managers can learn from the prices themselves. In order for this to be true,
managers do not need to be less informed than market traders. Instead, they only need to
not have perfect information about every decision-relevant factor. Even if managers are the
most informed agents about their firm, outsiders may provide incremental information that
is useful.3 Bond et al. (2012) gives the example of a manager contemplating an acquisition
for another firm. Typically this is after completing internal analysis and hearing the counsel
of investment banks and reaching the conclusion that the value of the target firm exceeds
the offer price. However, speculators may have greater information than the manager and
the firm’s advisors on factors that influence the desirability of the deal and trade on this
information.4 Thus after seeing the negative price reaction to an announced acquisition, a
manager may choose to cancel the deal. Luo (2005) finds empirical support for the existence
of this informational channel in the context of mergers and acquisitions.

2.3

Existing Literature on the Link Between Passive Ownership,
Price Efficiency, and Investment
Because of the large and increasing amount of passive ownership tied to stock indices,

index inclusion provides an ideal backdrop to examine the potential decoupling of a stock’s
price from its fundamentals.5 As a result, there have been numerous studies on the price
effects of index inclusion. Shleifer (1986) shows that stocks added to the S&P 500 index
experience abnormal price increases, attributing the effect to outward shifts in downward
sloping demand curves. Other studies have shown the same price effects, but attribute the
3

Bond et al. (2012) give the reasoning that while any one given investor may be less informed than the
manager, the market is able to aggregate the information of many speculators who are collectively more
informed than the manager, as is suggested by Grossman (1976) and Hellwig (1980). Secondly, decisions
faced by the manager depend not only on information about the firm but also on external information such
as the broader state of the economy, the competitive landscape, and the demand of consumers.
4
They posit that these factors may include standalone value of the target firm, potential synergies between
the two firms or the ability to achieve said synergies, and future prospects of the industry.
5
Over the last 40 years, the amount of capital allocated to index investing has grown by more than $4 trillion
dollars (Bogle, 2016).
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effects to the positive signal of a firm’s prospects due to index inclusion (Jain, 1987; Dhillon
and Johnson, 1991), and the rise in investor awareness (Chen et al., 2004). However, there
is debate as to whether this effect is permanent, with both Harris and Gurel (1986) and
Kasch and Sarkar (2011) finding that these effects are temporary. Nevertheless, the existing
literature on the potential price effects of index inclusion demonstrates that passive investing
may serve to distort prices by an observable magnitude.
Index inclusion provides a setting to study the adverse effects of passive investment
beyond just price effects, and there is a growing body of literature to suggest that there
may be further distortions. With the S&P 500 representing 70+% of the total U.S. market
capitalization, the potential consequences of the mispricing of the index’s constituent stocks
could be significant not just from academic and investing perspectives, but also for the real
economy from a capital allocation standpoint. The findings of Coles et al. (2018) support
the theoretical predictions of Basak and Pavlova (2013) that index inclusion is followed by
higher stock price volatility. Coles et al. (2018) also find that following index assignment, a
stock’s price behaves less like a random-walk, which serves as the benchmark from (Fama,
1970) for weak-form efficiency according to the Efficient Markets Hypothesis (EMH). Coles et
al. (2018) finds that index inclusion is not accompanied by a statistically significant decrease
in post-earnings-announcement drift (PEAD), concluding that index inclusion doesn’t affect
EMH semi-strong form efficiency.6 Coles et al. (2018) empirically demonstrates that there is
a significant shift from active to passive mutual fund ownership following index assignment,
providing the catalyst for these distortions to occur.
Beyond index inclusion, there has been limited empirical research on the direct impact
of increased passive investment on stock price efficiency. Wermers and Yao (2010) begin
to address this void in the research. However, Wermers and Yao’s (2010) identification
6

PEAD refers to the tendency for stock prices to continually drift (for up to several weeks or even months)
in the direction of an earnings announcement that is either above or below expectations. This phenomenon
was first documented in the seminal work of Ball and Brown (1968), and serves as an empirical contradiction
of the semi-strong form of efficiency under EMH, which posits that stock prices instantly reflect all publicly
available information.
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of passive ownership relies on having explicit mention of an index in the fund name, and
more generally does not directly compare fund holdings to index constituents. Moreover,
their paper measures price informativeness through a Fama-MacBeth specification, using
R2 (regressing weekly individual stock returns on weekly market returns) and probability
of informed trading models (as put forth by Easley et al., 2002). These measures serve as
indirect measures of price informativeness, and ultimately Wermers and Yao (2010) do not
find conclusive evidence suggesting active ownership improves price informativeness.
In contrast with Wermers and Yao’s (2010) measures of price informativeness, Bai et
al. (2016) derive a welfare-based measure that quantifies the information contained in prices
that is relevant for real outcomes, i.e. reported earnings and investment. Bai et al. (2016)
build off of the work of Bond et al. (2012), which distinguishes between revelatory price
efficiency (RPE), capturing information produced by independent market participants, and
forecasting price efficiency (FPE), which encapsulates both market-based information and
internal information disclosed by managers and is reflected in prices. In other words, FPE
represents price informativeness: the extent to which prices forecast future cash flows and/or
investment expenditure. From a theoretical perspective, this metric of price informativeness
can be represented as
VF P E = Var(E[z|q]),

(1)

where q is the firm’s market-to-book ratio (to allow comparisons between firms) and z is
net productivity. Empirically, Bai et al. (2016) quantify this metric by constructing crosssectional regressions of future earnings on current stock market valuation ratios while controlling for current earnings and industry. This measure then reflects the extent to which the
stock market is able to distinguish between firms that will be profitable and those that will
not be. When viewed on this basis, the main finding of Bai et al. (2016) is that prices have
become significantly more informative over the period 1960-2014, which they attribute to
greater informational production and availability, increased market liquidity, and increased
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spending on price discovery.7
Bai et al. (2016) also find that firms with higher institutional levels of ownership have
higher price informativeness than those with low levels of institutional ownership, and the
difference has increased over time.8 This result is consistent with the notion that institutional
investors contribute to information production. However, while this analysis reveals the
importance of the relative amount of institutional ownership, I posit that it is not the level of
overall institutional ownership, but rather the composition of that ownership between active
and passive investors that determines a given firm’s price informativeness. More specifically,
if firms with more institutional ownership are producing information that is incorporated
into a stock’s price, then firms where that ownership consists of more active investors should
have even more informative prices. It is active owners that are engaging in information
production: making informed investments based on their own research and intuition on
company fundamentals. Whether or not firms with higher levels of active ownership display
higher price informativeness is the question of interest for this paper.
If the channels between information reflected in prices and real decision-making are
indeed robust, there would be a similar observable link between prices and investment. Using
a similar specification as their analysis for predicting future earning with the addition of
controlling for current investment, Bai et al. (2016) find that market prices are significantly
predictive of future investment in terms of both CAPEX and R&D, with the predictive power
trending up over time for R&D but not for CAPEX. These findings support theoretical
predictions, as investment leads to earnings. It follows that predicted variation of R&D from
prices has gone up over time as the economy has shifted more towards services that depend
on investment in intangible capital, which is by nature harder to value.
7

The increase in price informativeness was found when the sample was limited to non-financial S&P 500
firms. When the sample is extended to the universe of all public firms, Bai et al. (2016) find that price
informativeness decreases, though attributes this trend to increasing earnings dispersion over the period of
analysis. This increase in earnings dispersion is indicative of the compositional shift of the sample of all
public firms, which suggests it cannot be compared over time.
8
Bai et al. (2016) use the median institutional ownership share for each year as the cutoff for classifying
firms as high or low institutional ownership.
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This thesis contributes to the literature in two main ways. First, this paper is the
first to combine a more precise identification of active ownership that directly compares
fund holdings to benchmark index constituents with a measure of price informativeness that
focuses on real outcomes: firms’ profit and investment levels. Previous literature has focused
on price efficiency from an EMH (Coles et al., 2018) perspective or by comparing individual
stock and market returns (e.g., Wermers and Yao, 2010; Chen et al., 2007). Secondly, this
paper shows that the increased price informativeness from institutional ownership found by
Bai et al. (2016) stems not from the group of all institutional investors, but rather specifically
from active owners. This result is consistent with the theoretical equilibrium predictions of
Grossman and Stiglitz (1980) that it is informed (i.e. active) investors that drive prices to
their efficient levels.

3

Data and Methodology
This section overviews the construction of the paper’s dataset and research design.

The final dataset consists of 61,415 firm-years for publicly listed U.S. firms from 1990–2009,
combining market based figures such as market capitalization with publicly reported line
items from financial statements.

3.1

Data
I obtain data from five sources: the Center for Research in Security Prices (CRSP)

database, the Thomson-Reuters Mutual Fund Holding Database (S12), Antti Petajisto’s
publicly available Active Share data on his website, the MFLINKS tables, and Standard &
Poor’s Compustat database.
I use the CRSP database for shares outstanding data, which gives the unadjusted
number of publicly held shares for a given stock. Because I perform all analysis on a full
calendar year basis, I use the shares outstanding value as of the fourth quarter of each

9

calendar year.9
I use the Thomson-Reuters Mutual Fund Holding S12 database as my source of ownership data. This database contains quarterly ownership data for all registered mutual funds
that report their holdings with the Securities and Exchange Commission (SEC), constructed
from 13F filings as well as voluntary disclosures by the mutual funds. Reported securities
include all NYSE/AMEX/NASDAQ, Toronto, and Montreal common stocks. The holdings
are identified at the security level by CUSIP, a unique identifier for all stocks publicly registered in the United States or Canada. The database identifies funds using a unique identifier
assigned by Thomson-Reuters and has reported most mutual fund holdings on a quarterly
basis since 1980.
I use Antti Petajisto’s public database for Active Share data, constructed as described
in Petajisto (2013). This measure quantifies how active a given fund is, and is described
below in the methodology section. The database contains calculated Active Share figures
across the universe of registered mutual funds through December 2009.
Because the S12 and Active Share databases use different identifiers, the MFLINKS
tables provide a reliable means to link the two to a common identifier for funds, the Wharton
Financial Institution Center Number (WFICN). The database was created by Wharton
Research Data Services in conjunction with Russ Wermers.
Standard & Poor’s Compustat serves as my source of all firm fundamental and daily
market data. Compustat compiles firm fundamental data from the required disclosed financial reports of publicly traded companies (Forms 10-K and 10-Q in the U.S.), both annually
and quarterly. I use the fundamental data for all income statement metrics (measures of
profitability such as Earnings Before Interest and Tax (EBIT)) and balance sheet metrics
(providing a means to normalize earnings metrics so I can compare across firms). Compustat also provides daily security trading data, from which I use the closing share price. In
combination with the CRSP shares outstanding data, I am able to calculate year-end market
9

Shares outstanding data is only publicly disclosed on a quarterly basis.
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capitalization.

3.1.1

Construction of Combined Database
In order to align data with firm fundamental data from Compustat, I perform all

analysis on a calendar year-end basis. Thus, I include only firms with fiscal year-ends in
March, June, September, or December. Because shares outstanding counts are only publicly
disclosed on a quarterly basis, I only use the CRSP shares outstanding data from the fourth
calendar quarter of each year. Similarly, I use the reported fourth quarter holdings from the
S12 database, and the Active Share data calculated as of the fourth quarter. 10 For market
capitalization figures, I use the aforementioned shares outstanding and the closing price of
the last trading day of each respective calendar year for the calculation.
First, I merge the S12 database with the MFLINKS tables to assign each fund the
WFICN identifier. This allows me to then merge the resulting data with Petajisto’s Active
Share data. As Bai et al. (2016) did in testing for the relationship between institutional
ownership and price informativeness, I use the set of all firms so that there is more crosssectional variation in active ownership. I then classify each fund for each year as either
"passive" or "active", using the suggested breaking point for active fund classification of 0.6
from Petajisto (2013). For each year and for each stock, I sum across all funds, resulting
in the total amount of shares owned by active owners. After this sum, each data entity
is now a firm-year. I merge the resulting data with the CRSP shares outstanding data,
assigning the number of shares outstanding as of the fourth calendar quarter for each firm
and for each year. I then divide the amount of shares owned by active investors by the total
amount of shares outstanding, giving me the percentage of active ownership. To be included
in my sample, each firm-year observation must have available data for stock price, number
of shares outstanding, profit metrics, active ownership, and total assets. To mitigate the

10

Both databases refer to the same event-time space, as they are based on mutual fund quarterly filings.
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effect of outliers, I winsorize profit metrics at the 1 and 99 percent levels. 11 Table 1 presents
summary statistics for the full sample of U.S. equities from 1990–2009.
It is important to note the limitations of the data I use in my analysis, the most
pertinent of which is that the scope of ownership only covers mutual funds in the S12
database. While Thomson’s S34 database provides holding data on a broader universe of
investors that includes institutions such as banks, insurance companies, and hedge funds,
the data is aggregated at the institutional level. This then makes accurate identification of
how "active" a given investor is impossible. For example, the S34 database aggregates all
holdings for Fidelity Investments, despite encompassing strategies that range from purely
passive to purely active.12 By instead quantifying active ownership at the individual fund
level, I can more accurately identify whether or not an investor owns a stock as part of an
active or passive strategy with a measure that directly compares fund holdings to benchmark
index constituents.

3.2

Methodology and Research Design
This section describes the framework used to identify active ownership and then

estimate the effect of active ownership on predicting variation in future profit and investment
levels. The rest of this section proceeds as follows. Section 3.2.1 overviews an explanation
of and justification for using Cremers and Petajisto’s (2009) Active Share measure as my
identification of active ownership at the fund level. Section 3.2.2 outlines the model used to
generate estimates for price informativeness as it relates to profit. Section 3.2.3 updates the
model to predict variation in future investment expenditure.

11

Figures 16, 17, and 18 in the Appendix show the evolution of the 1st and 99th percentiles (the values
below and above which are winsorized) of the lead profit metrics.
12
Fidelity’s Magellan Fund is perhaps the most famous actively managed mutual fund, yet Fidelity also
offers numerous purely passive index funds.
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3.2.1

Active Share as Identification of Active Ownership
In order to explore the effects of passive investing on price informativeness, I first

define a metric to quantify how passive or active a particular investor is. Before 2009, the
traditional measure of active ownership was through tracking error volatility, representing
the difference in volatility between the return of a given portfolio and its benchmark return.
However, the seminal work of Cremers and Petajisto (2009) illustrates why tracking error
volatility can lead to incorrect conclusions of how active a fund is. They describe the two
different ways fund management can be "active", i.e. when fund holdings differ from the
holdings of the benchmark index. First, funds can select individual stocks that the fund
believes will outperform. Second, funds can invest on the basis of factor timing, which
places time-varying bets on systemic risk relative to the benchmark index, for example
entire industries or sectors of the economy. While both investing strategies would be defined
as active, tracking volatility error often represents a distorted measure. For example, single
stock pickers who have investments across industries will have much lower calculated tracking
error volatility simply as a result of the diversification allowed by individual stock picks,
whereas an active investor who utilizes a factor strategy will have higher reported tracking
error volatility. As a result, Cremers and Petajisto (2009) suggest an alternative metric that
directly compares a portfolio’s holdings to the holdings of its benchmark index. Thus, a
portfolio has a long position in a stock when it has a higher weight for a stock than the
weight of that stock in the benchmark index, and an implicit short position in the stock if is
underweighted relative to the index or does not hold it at all. They define this Active Share
metric as
N

1X
|wi,j − wk,j |
Active Sharei =
2 j=1

(2)

for each fund i, where wi,j represents the weight of stock j in the fund i’s portfolio, wk,j
represents stock j’s weight in the mutual fund i’s benchmark index k, and the sum goes
across all publicly listed stocks. For funds that have equity-only portfolios and do not
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utilize leverage or employ short positions, this metric will always fall between 0% and 100%.
Intuitively, the metric then provides an indication of what percentage a given fund’s portfolio
differs from the index to which its performance is benchmarked. For a fund that is able to
exactly mimic a given index’s constituent stocks and weights, its Active Share would be 0%,
whereas a fund that has no overlap with its benchmark index at all will have an Active
Share of 100%. This measure of active ownership has been adopted as industry standard by
financial information providers such as Morningstar and FactSet, and is the measure that I
use in this paper to identify active owners.

3.2.2

Price Informativeness Forecasting Model
This paper will largely build off the framework established by Bai et al. (2016) for

measuring price informativeness, in constructing cross-sectional regressions of future earnings
on current stock market valuation ratios while controlling for current earnings and industry.
For every year t = 1990, ..., 2009 and time horizons h = 1, 3, 5, I regress
Mi,t
Mi,t
Ei,t+h
= at,h + bt,h Activei,t + ct,h log(
) + dt,h [Activei,t × log(
)]
Ai,t
Ai,t
Ai,t
Ei,t
s
+ et,h (
) + ft,h
1si,t + i,t,h , (3)
Ai,t
where i is the firm index,
base in year t, and

Mi,t
Ai,t

Ei,t+h
Ai,t

is the lead profit metric for firm i divided by its total asset

represents the total market capitalization for firm i in year t, similarly

divided by firm i’s total asset base in year t. The coefficient of interest is dt,h , which represents
the incremental price informativeness for firms with high active ownership (Activei,t = 1)
in year t with forecasting horizon h years out. It then follows that ct,h represents the price
informativeness for firms that fall in the low active ownership group (Activei,t = 0). It
is important to keep the coefficient dt,h ’s incremental nature in mind, as all estimates of
price informativeness for high active ownership are presented on this incremental basis. The
total price informativeness for high active ownership firms would then be captured by the
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sum ct,h + dt,h . I include current earnings,

Ei,t
,
Ai,t

as a control to isolate the predictive power

of prices for future earnings. The indicator 1s controls for sector fixed-effects using the
Standard Industry Classification (SIC) code. The variable Activei,t is a dummy variable
indicating if firm i in year t is classified as having high active ownership based on each year’s
cross-sectional distribution of percentage active ownership. I initially use each year’s median
active ownership percentage as the cutoff for Activei,t and later use above the 70th percentile
and below the 30th percentile and above the 90th and below the 10th percentile as cutoffs.
Following Bai et al. (2016), I focus on longer forecasting horizons (three and five
years) as including current earnings already serves as an extremely strong predictor of next
year’s earnings, though I include the one year forecasting horizon in tables for completeness.
Furthermore, from a capital allocation standpoint, longer time horizons allow sufficient time
for investment implementations and associated cash flow materialization to occur. I primarily
use EBIT as the measure of earnings, though I also use Net Income (NI) and Cash Flow
from Operations (CFO) in robustness checks. Standard errors are clustered at the industry
level. While the time series of estimates dˆt,h from regressing Eq. (3) and associated standard
errors allow me to test for statistical significance, in order to account for the variability in
the forecasting variable log(Mi,t /Ai,t ) across years and express results in meaningful units, I
apply the transformation
q
HighActive
)t,h = F P Et,h
= dˆt,h × σt (log(Mi,t /Ai,t ))
( VFHighActive
PE

(4)

where dˆt,h is the generated estimate of dt,h from running Eq. (3) and σt (log(Mi,t /Ai,t )) is
the cross sectional standard deviation in forecasting variable log(Mi,t /Ai,t ). The measure
HighActive
F P Et,h
then represents the incremental future dollars of profit per dollar of total

assets h years from current year t predicted for a 1% increase in the Mi,t /Ai,t ratio for firms
designated as high active ownership. While the earlier Eq. (1) represented VF P E as variance
HighActive
metric
of expected future profits given current market prices, the calculated F P Et,h
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takes a square root to give meaningful units. For low active ownership firms I similarly apply
the transformation

(

q
LowActive
VFLowActive
)t,h = F P Et,h
= ĉt,h × σt (log(Mi,t /Ai,t ))
PE

(5)

LowActive
where ĉt,h is generated from running Eq. (3). F P Et,h
represents the estimated future

dollars of profit per dollar of total assets h years from current year t predicted for a 1%
increase in the Mi,t /Ai,t ratio. The overall FPE for firms with high active ownership is then
HighActive
LowActive
+ F P Et,h
, though in my results I present the high active
estimated by F P Et,h

firms’ FPE on an incremental basis.

3.2.3

Investment Forecasting Model
While Eq. (3) examines whether the prices of firms with more active ownership better

predict variation in future earnings, theoretical predictions also suggest that this greater
informational content in prices should extend to real decisions by better predicting variation
in investment expenditure. This investment can take place in the form of both CAPEX and
R&D expenditure. I run similar forecasting regressions as before, but now using these two
measures of investment as the dependent variable. I regress
Mi,t
Mi,t
R&Di,t+h
= at,h + bt,h Activei,t + ct,h log(
) + dt,h [Activei,t × log(
)]
Ai,t
Ai,t
Ai,t
R&Di,t
Ei,t
s
) + ft,h (
) + gt,h
1si,t + i,t,h (6)
+ et,h (
Ai,t
Ai,t
and
Mi,t
Mi,t
CAP EXi,t+h
= at,h + bt,h Activei,t + ct,h log(
) + dt,h [Activei,t × log(
)]
Ai,t
Ai,t
Ai,t
Ei,t
CAP EXi,t
s
+ et,h (
) + ft,h (
) + gt,h
1si,t + i,t,h (7)
Ai,t
Ai,t
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where I additionally control for current investment

R&Di,t
Ai,t

or

CAP EXi,t
.
Ai,t

The coefficient dt,h

then represents the incremental predicted variation of investment from prices for high active
ownership firms, and the coefficient ct,h captures the predicted variation of investment from
prices for low active ownership firms. As I do with predicting variation in earnings from
prices, I multiply the generated estimates ĉt,h and dˆt,h by σt (log(Mi,t /Ai,t )) in order to reach
a figure that can be compared across years and in meaningful terms, which I refer to as
investment forecasting price efficiency (IFPE). These measures are represented as

HighActive
IF P Et,h
= dˆt,h × σt (log(Mi,t /Ai,t ))

(8)

LowActive
IF P Et,h
= ĉt,h × σt (log(Mi,t /Ai,t )).

(9)

and

4
4.1

Results
Active Ownership and Price Informativeness
My first test cuts the data using the median active ownership share for each year as

the cutoff for classifying firms as having high or low levels of active ownership. I regress
Eq. (3) for each year t and for each time forecasting horizon h. As previously discussed,
I first use EBIT over assets as the dependent variable. Table 2 displays an example crosssectional forecasting regression for t = 2009 and h = 1, 3, 5. Figure 1 plots the value
of estimated coefficient ĉt,h , which represents the price informativeness for firms with low
active ownership, and coefficient dˆt,h , which represents the incremental price informativeness
for firms with high active ownership. Both sets of coefficients ĉt,h and dˆt,h are positive with
statistical significance at the 5% level for every base year t = 1990, ..., 2009 and for both
h = 3 and h = 5. I find that dˆt,h is consistently greater in magnitude than ĉt,h . Interestingly,
I also find significant fluctuation in the estimated high active ownership incremental price
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informativeness coefficient dˆt,h , yet the estimated low active ownership price informativeness
coefficient ĉt,h does not deviate from 0.01 for h = 3 and 0.02 for h = 5. The magnitudes of
the estimates are higher for h = 5 than for h = 3 for both sets of coefficients, potentially
indicating that markets prices are more informative on a longer time horizon, supporting the
result from Bai et al. (2016).
Next, I multiply the resulting coefficients ĉt,h and dˆt,h by cross-sectional standard
deviation of log(Mi,t /Ai,t ) according to Eq. (4) and Eq. (5) in order to obtain FPE estimates
HighActive
LowActive
. Figure 2 plots the time series of these estimates for h = 3
F P Et,h
and F P Et,h

and h = 5. The results suggest that stocks with higher active ownership have significantly
more informative prices. The incremental FPE for high active ownership firms ranges from
0.02 to almost 0.17, and given that the median of

Ei,t+3
Ai,t

is 0.076 and median

Ei,t+5
Ai,t

is 0.089

across the full sample, this incremental FPE is potentially significant in magnitude. However,
the incremental price efficiency for high active ownership firms appears to decrease over time.
This suggests that the ability of active investors to identify firms with higher future profits
(relative to current market valuations) has diminished over time. This result is consistent
with (and perhaps explanatory for) the secular shift from active to passive strategies (in
terms of investors’ allocations), as active investors have a harder time justifying their higher
fees in an environment where they are not able to significantly better identify which firms
are going to be more profitable.
While this baseline specification provides evidence supporting the theoretical prediction that active owners contribute to price informativeness, there are important caveats to
the conclusions drawn. First, there is significant heterogeneity in lead profit levels, with
σ(

Ei,t+3
)
Ai,t

= 0.238 and σ(

Ei,t+5
)
Ai,t

= 0.316, making the economic significance of the magnitude

of the observed effects inconclusive. Moreover, there is sometimes a statistically significant
negative coefficient on the Activei,t term in the forecasting regressions, suggesting that firms
with high active ownership have lower earnings growth (since current earnings are controlled
for). Lower growth in earnings may be conducive to observing more informative prices as
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measured through this channel, as lower growth firms’ profits may be easier to project as a
result of less variation in the outcome variable. As a result, I look directly to the growths in
profits for the high and low active ownership groups in order to ensure that the incremental
informativeness for the high active ownership group is not just attributable to investing in
lower growth firms. Figure 9 in the Appendix plots the average three and five year forward
compound average growth rates in EBIT for the high and low active ownership groups. There
does not appear to be a discernable consistent difference in the growth profile between firms
with high and low active ownership.

4.1.1

Quasi-continuous Incremental Price Informativeness from Active Ownership
In order to further bolster the validity of the price informativeness estimates, I move

away from classifying high active ownership with the yearly median percentage of active
ownership as the cutoff. While my baseline analysis defines high active ownership by using a
discrete binary measure, the true relationship is likely closer to continuous. The relationship
between active ownership and price informativeness may not be linear, but theory predicts
that it would approximate a monotonically increasing function. Even if there are diminishing returns in price informativeness to increasing amounts of active ownership, they are
nonnegative. It then follows that the observed difference in price informativeness between
firms with high and low amounts of active ownership would be more pronounced as I shift
the classification of high/low active ownership to the tails of the yearly cross-sectional active
ownership distribution.
To test this prediction, I regress Eq. (3) while restricting the sample to the top
and bottom 30% as well as top and bottom 10% of the yearly active ownership distribu-
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tion.13 Figure 3 presents the resulting estimated coefficient dˆt,h when varying the cutoffs for
Activei,t and thus restricting the sample to the tails of the yearly active ownership distribuHighActive
figures after multiplying the estimate dˆt,h
tion. Figure 4 then plots the yearly F P Et,h

by σt (log(Mi,t /Ai,t )) in accordance with Eq. (4). I find that the incremental price informativeness estimates for high active ownership firms are consistently higher the further out in
the active ownership distribution I restrict the sample. However, it is important to caveat
that the sample size shrinks as it moves to the tails of the distribution, so estimates generally
have higher standard errors (though still consistently positive with statistical significance at
the 5% level). Figure 3 and Figure 4 thus empirically support the theoretical prediction that
active ownership and price informativeness approach a monotonically increasing relationship, as observed incremental price informativeness is higher in magnitude when I restrict
the sample to firms with comparatively higher and lower levels of active ownership beyond
just using the yearly median amount of active ownership as the cutoff for defining high or
low active ownership. This observed trend is consistent for both forecasting horizons h = 3
and h = 5.

4.2

Active Ownership and Investment
After finding that firms with more active ownership have more informative prices

in predicting profits, I then test if this incremental informativeness extends to investment
decisions as theory would predict. Following my baseline model for predicting variation in
profits, I use the yearly median percentage active ownership to classify Activei,t . I regress
Eq. (6) and Eq. (7) for each year t and time horizon h. Table 3 represents an example
investment forecasting regression for year t = 2009 with R&D as the chosen measure of
investment. Figure 5 (R&D) and Figure 6 (CAPEX) plot the time series of the coefficients
13

Thus if in a given year a firm’s active ownership percentage fell above that year’s 70th (or 90th when using
the top and bottom 10%) percentile level of active ownership it would have Activei,t = 1, and if the firm’s
level of active ownership fell below that year’s 30th (or 90th in case of using the top and bottom 10%)
percentile level of active ownership it would have Activei,t = 0. The middle 40% (or 80%) of the yearly
active ownership distribution is then excluded from the sample.
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ĉt,h and dˆt,h for h = 3 and h = 5. The coefficient ĉt,h represents the estimated investment
price informativeness for firms with low active ownership, and the coefficient dˆt,h represents
the estimated incremental investment price informativeness for firms with high active ownerHighActive
and
ship. Figure 7 (R&D) and Figure 8 (CAPEX) then show the calculated IF P Et,h
LowActive
IF P Et,h
measures, which account for variation in log(Mi,t /Ai,t ) across years. IFPE

can be interpreted as the predicted dollars of investment per dollar of assets associated with
a 1% increase in the Mi,t /Ai,t valuation ratio.
From the estimated coefficient dˆt,h in Figure 5 and Figure 6, as well as the constructed
IFPE metric in Figure 7 and Figure 8, I find that there is not a consistent significant
difference in the ability to predict future investment expenditure from current market prices
for firms with high active ownership. However, to the extent that this difference did exist,
there has been a noticeable decline in the incremental informational content of prices in
predicting future investment spend for high active ownership firms over the period 1990–2009.
This trend is consistent across both measures of investment and both forecasting horizons
h = 3 and h = 5, and is also consistent with the decrease in incremental informational
content of prices that was observed in predicting variation in future profits. Interestingly,
the predictive power of the low active ownership group (and thus baseline predictive power
for high active ownership firms) does not fluctuate much over the period 1990–2009, just as
it did not when predicting profits. Furthermore, the estimated coefficient ĉt,h was positive
and statistically significant at the 5% level for every base year t = 1990, ..., 2009 for both
measures of investment and both forecasting horizons h = 3 and h = 5.

4.3
4.3.1

Robustness Checks
Alternative Profit Measures
I use EBIT as the primary dependent variable of interest following Bai et al. (2016)

as it is the most widely available metric. Furthermore, it represents a company’s operating
profit, thus ignoring effects of financing and capital structure which are harder for informed
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traders and analysts to project. However, other measures of profit may be of interest as
well, and serve as a robustness check for the conclusions drawn when using EBIT. For
example, Net Income (NI) represents "bottom-line" profit, and can be thought of as the
residual profit available to equity investors, i.e. shareholders. Another metric, Cash Flow
from Operations (CFO), represents the actual cash generated from operations as opposed to
just the accounting operating profit represented by EBIT or NI. Both NI and CFO are also
often of interest to active investors.
In order to see if the earlier results hold when using these alternative measures of
profit, I regress Eq. (3) for every year t = 1990, ..., 2009 and forecasting horizons h = 1, 3, 5,
but using NI and CFO as the measure of profit rather than EBIT. As before, I first use the
yearly median level of active ownership as the cutoff for Activei,t . Figure 10 (NI) and Figure
11 (CFO) show the evolution of the price informativeness estimates ĉt,h and dˆt,h for low and
high active ownership firms, respectively. Figure 12 (NI) and Figure 13 (CFO) then show
HighActive
LowActive
measures. The estimated incremental price
the evolution of the F P Et,h
F P Et,h

informativeness dˆt,h is positive with statistical significance at the 5% level in every year and
forecasting horizon for both NI and CFO. I therefore find that the earlier results are robust
to choice of profit measure.

4.3.2

Restricting the Sample to S&P 500 Firms
As noted in Bai et al. (2016), the sample of all publicly traded firms may experience

compositional shifts that make it difficult to draw conclusions across time. 14 As a robustness
check, I repeat earlier analysis with the sample restricted to nonfinancial S&P 500 firms,
as their characteristics have remained very stable over the course of the period of analysis.
Moreover, this compositional stability increases the validity in drawing conclusions in the
trend in incremental price informativeness for firms with high amounts of active ownership.
14

Bai et al. (2016) sought to analyze changes in price informativeness from 1960–2014, a time period in
which there was a large divergence in earnings dispersion for the set of all firms compared to the set of
S&P 500 firms.
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This is especially the case as many large passive owners own all of the constituent S&P 500
firms indiscriminately in constructing index funds, thus providing a sample that allows for
more precise isolation of the effect of active ownership on price informativeness.
I regress Eq. (3) with this sample, now using the yearly median active ownership
percentage among S&P 500 firms as the cutoff for Activei,t . Figure 14 shows the estimates dˆt,h
for each year t and forecasting horizons h = 3 and h = 5, along with 95% confidence intervals.
Figure 15 shows the estimate ĉt,h and associated 95% confidence intervals.15 Among S&P 500
firms, the price informativeness estimates ĉt,h for firms with low active ownership (and thus
the baseline informativeness for high active ownership firms) often carries a wide confidence
interval but is generally positive and of significant magnitude compared to the estimates
generated using the sample of all firms. Given the vast amount of resources devoted to
covering these companies in the investment industry combined with likely more informative
disclosure and the theoretical channels through which information is incorporated into prices,
the result that S&P 500 firms’ prices are more informative in predicting future profit is
unsurprising.
The estimates also show a decline in the incremental information contained in prices
of firms with more active ownership that is consistent with the decline observed in the
sample of all firms. However, whereas the incremental price informativeness coefficient dˆt,h
remained positive with statistical significance for the sample of all firms throughout the
entire time period of analysis, the estimates generated with the sample of S&P 500 firms are
not consistently positive with statistical significance in the 2000s, particularly for forecasting
horizon h = 5. This can likely be partially attributed to the higher baseline level of price
informativeness for low active ownership firms, meaning the informational returns generated
by active investors are much lower. Furthermore, the backdrop of increasing passive assets
linked to the S&P 500 at the cost of active owners may mean that the level of active ownership
is becoming insufficient to correctly price the stocks.
15

Here I show ĉt,h and dˆt,h coefficients separately in order to display surrounding confidence intervals, as
there are many years (particularly in the 2000s) when the coefficients are not statistically significant.
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5

Conclusions
I examine the effects of higher levels of active ownership on price informativeness,

defined as the ability to predict variation in future profits and investments. While there has
been both theoretical and empirical research on the effect of institutional ownership on price
informativeness, the differential effects that passive and active ownership have remains a
relatively unexplored field. From a theoretical perspective, one would expect that it is active
and not passive institutional ownership that contributes to price informativeness. In fact,
passive ownership in the purest sense in the form of index funds would appear to decrease
price informativeness, as passive owners’ buying and selling becomes completely decoupled
from analysis of company fundamentals. By constructing cross-sectional regressions that
regress future profits on current market prices, this paper finds that firms with higher levels
of active ownership have significantly more informative prices in terms of predicting future
profits. This finding is robust to using multiple measures of profits and across multiple forecasting horizons. However, the magnitude of this incremental informativeness has decreased
over the time period 1990–2009, though remains statistically significant. Despite theoretical
predictions, this paper finds that the incremental informativeness associated with high active
ownership does not translate from predicting variation in profits to predicting variation in
investment expenditure.
It is easy to see in the extreme case how high levels of passive investment can be
detrimental to the economy. If all investors were passive, e.g. basing all investment decisions
on whether a given stock was in a particular index, then prices would lose their meaning
and the stock market would cease to function. However, while the past few decades have
seen tremendous growth in passive investing, there remains a large (but shrinking) number
of active investors. The question that then follows asks what level of active investing is
sufficient for stock prices to avoid diverging from efficient levels. Furthermore, there is the
possibility of passive investors actually making the stock market more efficient through the
outperformance of many inferior active investors, thereby leaving behind only active investors
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who contribute positively to price efficiency via a Darwinian effect. Even if this is the case
though, the remaining volume of active investors may be insufficient to trade prices back to
their efficient levels.
Though this paper shows that lower active ownership is associated with lower price
informativeness, this result’s implications for broader welfare are inconclusive. The benefits
of the ascent of passive investing cannot be understated, most saliently the dramatic increase
in access to sophisticated investing strategies for extremely low fees and at small minimum
investment sizes. While decreases in stock price efficiency may have negative consequences
for efficient capital allocation, the notion of the stock market perfectly allocating capital to
its most efficient uses is a stylized ideal, and furthermore any decreases in efficiency may not
be of economically significant magnitudes. This paper’s results may be most impactful in
relation to the asset management industry. First, the diminished ability of active investors
to identify firms that will outperform in the future relative to current market sentiment
helps explain why their returns (and thus assets under management) have similarly suffered.
Second, the decrease in price efficiency in the U.S. stock market may actually present an
opportunity for active investors as the search for alpha becomes more profitable. Ultimately,
the ownership of public firms by a rapidly changing asset management industry is a situation
to be closely monitored.
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Figures
Figure 1: Price Informativeness Coefficients from Forecasting Regressions

Notes: Figure 1 plots the estimated coefficients ĉt,h and dˆt,h from running cross-sectional
E
Mi,t
Mi,t
forecasting regression (3): Ai,t+h
= at,h +bt,h Activei,t +ct,h log( Ai,t
)+dt,h [Activei,t ×log( Ai,t
)]+
i,t
E

s
et,h ( Ai,t
1si,t + i,t,h , where M is market capitalization, A is total assets, E is EBIT, 1s is
) + ft,h
i,t
a sector indicator, and Activei,t is an indicator indicating high active ownership. The yearly
median active ownership percentage serves as the cutoff for Activei,t . The estimate ĉt,h
represents the price informativeness for firms with low active ownership, and dˆt,h represents
the incremental price informativeness for firms with high active ownership. Standard errors
are clustered at the industry level. All coefficients are positive with statistical significance
at the 5% level.
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Figure 2: Forecasting Price Efficiency for High and Low Active Ownership Firms

Notes: Figure 2 plots the forecasting price efficiency for predicting variation of lead EBIT
from current market prices for firms with low active ownership and the incremental forecasting price efficiency for firms with high active ownership. This metric is derived by
E
multiplying the estimated forecasting coefficients ĉt,h and dˆt,h in regression (3): Ai,t+h
=
i,t
M

M

E

i,t
i,t
s
at,h + bt,h Activei,t + ct,h log( Ai,t
1si,t + i,t,h by
) + dt,h [Activei,t × log( Ai,t
)] + et,h ( Ai,t
) + ft,h
i,t
the cross-sectional standard deviation of log(Mi,t /Ai,t ).
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Figure 3: Incremental Price Informativeness Estimates for Differing Definitions
of High Active Ownership

Notes: Figure 3 plots the set of estimated coefficients dˆt,h for price informativeness from
E
Mi,t
= at,h + bt,h Activei,t + ct,h log( Ai,t
)+
running cross-sectional forecasting regression (3): Ai,t+h
i,t
M

E

i,t
s
dt,h [Activei,t × log( Ai,t
1si,t + i,t,h , as the sample is restricted to the tails of
)] + et,h ( Ai,t
) + ft,h
i,t
the active ownership distribution by varying the cutoffs used for defining Activei,t . EBIT is
used as the measure of profit E. Standard errors are clustered at the industry level.
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Figure 4: Incremental Forecasting Price Efficiency Estimates for Differing Definitions of High Active Ownership

Notes: Figure 4 plots the incremental forecasting price efficiency for high active ownership
firms as I vary the cutoffs for classifying Activei,t . This metric is derived through by multiE
= at,h + bt,h Activei,t +
plying the estimated forecasting coefficients dˆt,h in regression (3): Ai,t+h
i,t
M

M

E

i,t
i,t
s
ct,h log( Ai,t
1si,t +i,t,h by the cross-sectional standard
)+dt,h [Activei,t ×log( Ai,t
)]+et,h ( Ai,t
)+ft,h
i,t
deviation of log(Mi,t /Ai,t ). EBIT is used as the measure of profit E.
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Figure 5: Investment Price Informativeness Coefficients from Forecasting Regressions (R&D)

Notes: Figure 5 plots the estimated coefficients ĉt,h and dˆt,h from forecasting regression (6):
R&Di,t+h
Mi,t
Mi,t
E
R&D
= at,h +bt,h Activei,t +ct,h log( Ai,t
)+dt,h [Activei,t ×log( Ai,t
)]+et,h ( Ai,t
)+ft,h ( Ai,ti,t )+
Ai,t
i,t
s
1si,t + i,t,h . The estimates ĉt,h represent the investment price informativeness for firms
gt,h
with low active ownership, and estimates dˆt,h represents the incremental investment price
informativeness for firms with high active ownership. The yearly median active ownership
percentage serves as the cutoff for Activei,t . Standard errors are clustered at the industry
level.
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Figure 6: Investment Price Informativeness Coefficients from Forecasting Regressions (CAPEX)

Notes: Figure 6 plots the estimated coefficients ĉt,h and dˆt,h from forecasting regression
CAP EXi,t+h
Mi,t
Mi,t
E
(7):
= at,h + bt,h Activei,t + ct,h log( Ai,t
) + dt,h [Activei,t × log( Ai,t
)] + et,h ( Ai,t
)+
Ai,t
i,t
CAP EXi,t
)
Ai,t

s
1si,t + i,t,h . The estimates ĉt,h represent the investment price informa+ gt,h
tiveness for firms with low active ownership, and estimates dˆt,h represents the incremental
investment price informativeness for firms with high active ownership. The yearly median
active ownership percentage serves as the cutoff for Activei,t . Standard errors are clustered
at the industry level.

ft,h (
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Figure 7: Investment Forecasting Price Efficiency: Predicting Variation in Investment (R&D) from Prices

Notes: Figure 7 plots investment forecasting price efficiency of predicting variation of
future R&D spend from current market prices. This metric is derived by multiplying
R&Di,t+h
=
estimated investment forecasting coefficients ĉt,h and dˆt,h in regression (6):
Ai,t
M

M

E

R&D

i,t
i,t
s
1si,t +i,t,h
)+dt,h [Activei,t ×log( Ai,t
)]+et,h ( Ai,t
)+ft,h ( Ai,ti,t )+gt,h
at,h +bt,h Activei,t +ct,h log( Ai,t
i,t
by cross-sectional standard deviation of log(Mi,t /Ai,t ). The yearly median percentage active
ownership serves as the cutoff for Activei,t . Standard errors are clustered at the industry
level.
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Figure 8: Investment Forecasting Price Efficiency: Predicting Variation in Investment (CAPEX) from Prices

Notes: Figure 8 plots investment forecasting price efficiency of predicting variation of future
CAPEX spend from current market prices. This metric is derived by multiplying estiCAP EXi,t+h
mated investment forecasting coefficients ĉt,h and dˆt,h in regression (7):
= at,h +
Ai,t
M

M

E

CAP EX

i,t
i,t
s
bt,h Activei,t +ct,h log( Ai,t
)+dt,h [Activei,t ×log( Ai,t
)]+et,h ( Ai,t
)+ft,h ( Ai,t i,t )+gt,h
1si,t +i,t,h
i,t
by cross-sectional standard deviation of log(Mi,t /Ai,t ). The yearly median of percentage active ownership serves as the cutoff for Activei,t . Standard errors are clustered at the industry
level
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35

2,926
0.096
0.147
0.023
0.049
0.104
0.161
0.123
0.159
0.098
0.074

Total Assets ($M)
EBIT(t+3)/Assets
EBIT(t+5)/Assets
NI(t+3)/Assets
NI(t+5)/Assets
CFO(t+3)/Assets
CFO(t+5)/Assets

R&D(t+3)/Assets
R&D(t+5)/Assets
CAPEX(t+3)/Assets
CAPEX(t+5)/Assets
27,432

0.043
0.047
0.056
0.049

175
0.089
0.104
0.041
0.051
0.103
0.124

188
3.88

0.230
0.323
0.137
0.084

17,895
0.272
0.375
0.271
0.343
0.236
0.341

11,369
6.74

1990–1999
Median
StDev

0.099
0.119
0.059
0.046

10,145
0.076
0.102
0.028
0.040
0.092
0.123

3,731
8.59

Mean

33,983

0.041
0.041
0.028
0.026

536
0.071
0.080
0.037
0.042
0.084
0.097

456
6.61

0.162
0.221
0.093
0.062

82,699
0.214
0.267
0.207
0.254
0.192
0.246

16,747
8.41

2000-2009
Median
St. Dev.

0.108
0.134
0.074
0.058

6,800
0.084
0.122
0.025
0.045
0.097
0.138

2,988
7.41

Mean

61,415

0.041
0.043
0.038
0.035

330
0.076
0.089
0.038
0.046
0.092
0.107

314
5.18

0.191
0.266
0.113
0.073

61,425
0.238
0.316
0.234
0.292
0.209
0.287

15,075
7.99

Full Sample
Median
StDev

Notes: Table 1 presents summary statistics of key variables for my full sample of U.S. equities from 1990–2009, as well as
broken out by decade. I calculate market capitalization from the closing share price reported by Compustat and the shares
outstanding figure from CRSP as of the last trading day of each calendar year. I calculate Active Ownership from combining
Antti Petajisto’s Active Share figures on his website with S12 data as described in the data section. Total Assets and profit
and investment metrics are from Compustat.

Observations

1,840
5.78

Market Cap ($M)
Active Ownership (%)

Mean

Table 1: Summary Statistics

Table 2: Example Price Informativeness Forecasting Regressions

log(Mi,2009 /Ai,2009 )
Activei,2009
Activei,2009 × log(Mi,2009 /Ai,2009 )
E2009 /A2009
R-Squared
N

h=1

E2009+h /A2009
h=3

h=5

0.007***
(0.002)
-0.229***
(0.047)
0.019***
(0.004)
0.702***
(0.033)

0.009**
(0.004)
-0.313***
(0.075)
0.025***
(0.006)
0.668***
(0.066)

0.018***
(0.001)
-0.394***
(0.135)
0.030***
(0.011)
0.629***
(0.098)

0.67
3,400

0.41
2,809

0.31
2,416

Notes: Table 2 reports the results for an example cross-sectional forecasting regression (3):
Ei,t+h
Mi,t
Mi,t
E
s
= at,h + bt,h Activei,t + ct,h log( Ai,t
) + dt,h [Activei,t × log( Ai,t
)] + et,h ( Ai,t
) + ft,h
1si,t + i,t,h ,
Ai,t
i,t
where 2009 is the base year t, Mi,t is market capitalization, Ai,t is total assets, E is earnings
as measured through EBIT, and Activei,t is an indicator representing high active ownership.
The yearly median level of active ownership serves as the cutoff for indicator Activei,t .
Standard errors are clustered at the industry level and are in parentheses. *** p<0.01, **
p<0.05,* p<0.1
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Table 3: Example Investment Forecasting Regressions

log(Mi,2009 /Ai,2009 )
Activei,2009
Activei,2009 × log(Mi,2009 /Ai,2009 )
R&D2009 /A2009
EBIT2009 /Ai
R-Squared
N

h=1

R&D2009+h /A2009
h=3

h=5

0.011***
(0.002)
0.013
(0.055)
-0.001
(0.004)
0.806***
(0.022)
0.006
(0.013)

0.022***
(0.005)
-0.006
(0.065)
0.000
(0.005)
1.086***
(0.100)
0.011
(0.029)

0.032***
(0.007)
-0.052
(0.110)
0.003
(0.008)
1.388***
(0.149)
-0.036
(0.079)

0.84
3,400

0.64
2,809

0.57
2,416

Notes: Table 3 reports the results for an example cross-sectional investment forecasting reR&D
Mi,t
Mi,t
E
gression (6): Ai,ti,t+h = at,h +bt,h Activei,t +ct,h log( Ai,t
)+dt,h [Activei,t ×log( Ai,t
)]+et,h ( Ai,t
)+
i,t
R&D

s
1si,t + i,t,h , where 2009 is the base year t, Mi,t is market capitalization, Ai,t
ft,h ( Ai,ti,t ) + gt,h
is total assets, E is earnings as measured through EBIT, and Activei,t is an indicator representing high active ownership. The yearly median level of active ownership serves as the
cutoff for indicator Activei,t . Standard errors are clustered at the industry level and are in
parentheses. *** p<0.01, ** p<0.05,* p<0.1
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Appendix
Figure 9: Earnings Growth Comparison for High and Low Active Ownership
Firms

Notes: Figure 9 plots the three and five year forward compound annual growth rates in
EBIT for yearly high and low active ownership groups. Classification for high and low
active ownership groups is based on whether a given firm’s active ownership percentage falls
above or below the yearly median level of active ownership. Calculated growth values are
winsorized at the 1% level to mitigate the effect of extreme outliers.
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Figure 10: Robustness Check: Price Informativeness Coefficients from Forecasting Regressions Using NI as Profit Measure

Notes: Figure 10 plots the estimated coefficients ĉt,h and dˆt,h from running cross-sectional
E
Mi,t
Mi,t
= at,h +bt,h Activei,t +ct,h log( Ai,t
)+dt,h [Activei,t ×log( Ai,t
)]+
forecasting regression (3): Ai,t+h
i,t
E

s
et,h ( Ai,t
1si,t +i,t,h , with NI as the measure of profit E. The estimates ĉt,h represents the
)+ft,h
i,t
price informativeness for firms with low active ownership, and the estimates dˆt,h represents
the incremental price informativeness for firms with high active ownership. The yearly
median active ownership percentage is used as the cutoff for Activei,t . Standard errors are
clustered at the industry level.
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Figure 11: Robustness Check: Price Informativeness Coefficients from Forecasting Regressions Using CFO as Profit Measure

Notes: Figure 11 plots the estimated coefficients ĉt,h and dˆt,h from running cross-sectional foreE
Mi,t
Mi,t
= at,h + bt,h Activei,t + ct,h log( Ai,t
) + dt,h [Activei,t × log( Ai,t
)] +
casting regression (3): Ai,t+h
i,t
E

s
et,h ( Ai,t
1si,t + i,t,h , with CFO as the measure of profit E. The estimates ĉt,h represents
) + ft,h
i,t
the price informativeness for firms with low active ownership, and the estimates dˆt,h represents the incremental price informativeness for firms with high active ownership. The yearly
median active ownership percentage is used as the cutoff for Activei,t . Standard errors are
clustered at the industry level.
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Figure 12: Robustness Check: Forecasting Price Efficiency Using NI as Profit
Measure

Notes: Figure 12 plots the forecasting price efficiency for predicting variation of lead NI
from current market prices for firms with low active ownership, as well as the incremental
forecasting price efficiency for firms with high active ownership. This metric is derived by
E
multiplying the estimated forecasting coefficients ĉt,h and dˆt,h from regression (3): Ai,t+h
=
i,t
M

M

E

i,t
i,t
s
at,h + bt,h Activei,t + ct,h log( Ai,t
) + dt,h [Activei,t × log( Ai,t
)] + et,h ( Ai,t
) + ft,h
1si,t + i,t,h by the
i,t
cross-sectional standard deviation of log(Mi,t /Ai,t ).
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Figure 13: Robustness Check: Forecasting Price Efficiency Using CFO as Profit
Measure

Notes: Figure 13 plots the forecasting price efficiency for predicting variation of lead CFO
from current market prices for firms with low active ownership, as well as the incremental
forecasting price efficiency for firms with high active ownership. This metric is derived by
E
multiplying the estimated forecasting coefficients ĉt,h and dˆt,h from regression (3): Ai,t+h
=
i,t
M

M

E

i,t
i,t
s
at,h + bt,h Activei,t + ct,h log( Ai,t
) + dt,h [Activei,t × log( Ai,t
)] + et,h ( Ai,t
) + ft,h
1si,t + i,t,h by the
i,t
cross-sectional standard deviation of log(Mi,t /Ai,t ).
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Figure 14: Robustness Check: Incremental Price Informativeness for High Active Ownership S&P 500 Firms

Notes: Figure 14 plots the estimated coefficient dˆt,h from running cross-sectional forecasting
E
Mi,t
Mi,t
E
regression (3): Ai,t+h
= at,h +bt,h Activei,t +ct,h log( Ai,t
)+dt,h [Activei,t ×log( Ai,t
)]+et,h ( Ai,t
)+
i,t
i,t
s
s
ft,h 1i,t + i,t,h on the sample of non-financial S&P 500 firms, along with corresponding 95%
confidence intervals. EBIT is the measure of profit used as E. The estimated coefficient dˆt,h
represents the incremental price informativeness for high active ownership firms, with the
cross-sectional median of percentage active ownership (among S&P 500 non-financial firms)
serving as the cutoff for Activei,t . Standard errors are clustered at the industry level.

43

Figure 15: Robustness Check: Price Informativeness for Low Active Ownership
S&P 500 Firms

Notes: Figure 15 plots the estimated coefficient ĉt,h from running cross-sectional forecasting
E
Mi,t
Mi,t
E
= at,h +bt,h Activei,t +ct,h log( Ai,t
)+dt,h [Activei,t ×log( Ai,t
)]+et,h ( Ai,t
)+
regression (3): Ai,t+h
i,t
i,t
s
s
ft,h 1i,t + i,t,h on the sample of non-financial S&P 500 firms, along with corresponding 95%
confidence intervals. EBIT is the measure of profit used as E. The estimated coefficient
ĉt,h represents the baseline price informativeness for low active ownership firms, with the
cross-sectional median of percentage active ownership (among S&P 500 non-financial firms)
serving as the cutoff for Activei,t . Standard errors are clustered at the industry level.
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Figure 16: Winsorized Lead EBIT Values

Notes: Figure 16 plots the 1st and 99th percentiles of the three and five year lead EBIT
over total assets values for each year from 1990–2009. Values below the 1st percentile and
above the 99th percentile of each metric for each year were winsorized to mitigate the effect
of outliers.
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Figure 17: Winsorized Lead NI Values

Notes: Figure 17 plots the 1st and 99th percentiles of the three and five year lead NI over
total assets values for each year from 1990–2009. Values below the 1st percentile and above
the 99th percentile of each metric for each year were winsorized to mitigate the effect of
outliers.
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Figure 18: Winsorized Lead CFO Values

Notes: Figure 18 plots the 1st and 99th percentiles of the three and five year lead CFO over
total assets values for each year from 1990–2009. Values below the 1st percentile and above
the 99th percentile of each metric for each year were winsorized to mitigate the effect of
outliers.

47

References
Azar, José, Martin Schmalz, and Sahil Raina. 2016. "Ultimate Ownership and
Bank Competition." Working Paper.
Azar, José, Martin Schmalz, and Isabel Tecu. 2018. "Anticompetitive Effects of
Common Ownership." The Journal of Finance 73 (4):1513-1565.
Bai, Jennie, Thomas Philippon, and Alexi Savov. 2016. "Have Financial Markets
Become More Informative?" The Journal of Financial Economics 122(3).
Ball, Ray and Philip Brown. 1968. "An Empirical Evaluation of Accounting Income
Numbers." The Journal of Accounting Research 6(2):159-178.
Basak, Suleyman and Anna Pavlova. 2013. "Asset Prices and Institutional Investors." American Economic Review 103 (5): 1728-58.
Baumol, William. 1965. The Stock Market and Economic Efficiency. New York: Fordham Univ. Press.
Bogle, John. 2016. "The Index Mutual Fund: 40 Years of Growth, Change, and
Challenge." The Financial Analyst Journal 72(1): 9-13.
Bond, Phillip, Alex Edmans, and Itay Goldstein. 2012. "The Real Effects of
Financial Markets." Annual Review of Financial Economics 4: 339-360.
Chen, Honghui, Gregory Norohna, and Vijay Singal. 2004. "The Price Response
to S&P 500 Index Additions and Deletions: Evidence of Asymmetry and a New
Explanation." The Journal of Finance 59: 1901-1929.
Chen, Qi, Itay Goldstein, and Wei Jiang. 2007. "Price Informativeness and Investment Sensitivity to Stock Prices." Review of Financial Studies 20: 619-650.
Coles, Jeffrey, Heath Davidson, and Matthew Ringgenberg. 2018. "On Index
Investing." University of Utah Working Paper.
Cremers, Martin and Antti Petajisto. 2009. "How Active is Your Fund Manager?
A New Measure That Predicts Performance." Review of Financial Studies 22: 33293365.
Dennis, Patrick, Kristopher Gerardi, and Carola Schenone. 2018. "Common
Ownership Does Not Have Anti-Competitive Effects in the Airline Industry." Working Paper.
Dhillon, Upinder and Herb Johnson. 1991. "Changes in the Standard and Poor’s
500 List." Journal of Business 64: 75-85.

48

Easley David, Soeren Hvidkjaer, and Maureen O’Hara. 2002, "Is Information
Risk a Determinant of Asset Returns?" The Journal of Finance 47: 2185-2221.
Fama, Eugene. 1970. "Efficient Capital Markets: a Review of Theory and Empirical
Work." The Journal of Finance 25: 383-417.
Fishman, Michael and Kathleen Hagerty. 1989. "Disclosure Decisions by Firms
and the Competition for Price Efficiency." The Journal of Finance 44(3): 633–46.
Grossman Sanford. 1976. "On the Efficiency of Competitive Stock Markets Where
Traders Have Diverse Information." The Journal of Finance 31(2): 573–84.
Grossman, Sanford and Joseph Stiglitz. 1980. "On the Impossibility of Informationally Efficient Markets." American Economic Review 70: 393-408.
Harris, Lawrence and Eitan Gurel. 1986. "Price and Volume Effects Associated
with Changes in the S&P 500 List: New Evidence for the Existence of Price Pressures." The Journal of Finance 41: 815-829.
Hayek, Friedrich. 1945. "The Use of Knowledge in Society." American Economic
Review 35(4): 519-530.
Hellwig Martin. 1980. "On the Aggregation of Information in Competitive Markets."
The Journal of Economic Theory 22(3): 477-498.
Jain, Prem. 1987. "The Effect on Stock Price of Inclusion in or Exclusion from the
S&P 500." Financial Analyst Journal 43: 58-65.
Kasch, Maria and Asani Sarkar. 2014. “Is there an S&P 500 index effect?” University
of Mannheim and Federal Reserve Bank of New York Working Paper.
Luo, Yuanzhi. 2005. "Do Insiders Learn from Outsiders? Evidence from Mergers and
Acquisitions." The Journal of Finance 60(4):1951–82.
Petajisto, Antti. Accessed 5 October 2018. http://www.petajisto.net/data.html
Shleifer, Andrei. 1986. "Do Demand Curves for Stocks Slope Down?" The Journal of
Finance 41: 579-590.
Wermers, Russ and Tong Yao. 2010. “Active vs. Passive Investing and the Efficiency
of Individual Stock Prices.” Unpublished paper, University of Iowa and University
of Maryland.

49

