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Chapter 1

Introduction

This dissertation explores the asset pricing implications of several changes in finan-

cial markets over recent decades. As the U.S. stock market has evolved, it has become

increasingly dominated by a small set of large firms, so-called "superstars," while the

number of publicly listed firms has steadily declined. Simultaneously, institutional in-

vestors, such as broker-dealers and hedge funds, now play a central role in market

making, and factor-based investing has become an important strategy in asset manage-

ment. These developments raise several important questions for asset pricing: How do

dominant firms influence capital allocation and risk premia? What role does interme-

diary financial health play in shaping demand and price dynamics? And how should

we interpret the overlap among factor-based investment strategies?

The goal of this dissertation is to address these questions by examining how market

concentration, institutional demand, and risk factors contribute to asset pricing. Each

chapter in this dissertation focuses on one of these topics. The common theme is that

these market trends, whether related to firm dominance, financial intermediation, or

investment strategies, link to frictions that distort asset prices and generate risk premia.

Chapter 2 investigates the implications of superstar firms on asset pricing. The rise

of superstar firms, which dominate their markets in size and market power, has gener-

ated much attention in macroeconomics (e.g., Hsieh and Klenow, 2009; Gutierrez and

Philippon, 2017; Autor, Dorn, Katz, Patterson, and Van Reenen, 2020). These firms
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are associated with lower labor shares (Autor, Dorn, Katz, Patterson, and Van Reenen,

2020), lower aggregate output (Schlingemann and Stulz, 2022), lower aggregate pro-

ductivity (Gutierrez and Philippon, 2019), and less efficient capital allocation (Bae, Bai-

ley, and Kang, 2021). However, little is known about how their dominance affects the

pricing of risks in financial markets. This chapter addresses this gap by looking at the

consequences of superstar firms on efficient capital allocation and proposing capital

misallocation between superstar and non-superstar firms as a priced macroeconomic

risk factor. With quarterly U.S. firm-level data from 1975 to 2023, I use a common

proxy for capital misallocation, i.e., the cross-sectional dispersion in marginal product

of capital (MPK), and decompose it into misallocation within superstar firms, within

non-superstar firms, and between the two groups – termed "MPK spread."

The intuition is that, in an efficient market, production capital flows to the most

productive firms. If superstar firms disproportionately absorb capital due to their size

or market power, the result is misallocation that dampens long-run economic growth.

I show that changes in the MPK spread, which capture capital misallocation between

superstar and non-superstar firms, are robustly priced in the cross-section of stock re-

turns. Specifically, stocks with negative exposure to changes in the MPK spread outper-

form stocks with positive exposure by 4.8% annually. Moreover, I show that the MPK

spread predicts long-run macroeconomic indicators such as consumption growth, in-

dustrial production, employment, and innovation, particularly among non-superstar

firms.

This chapter contributes to the literature in three ways. First, it links a macroeco-

nomic consequence on efficient capital allocation caused by superstar firms to asset

pricing. Second, it introduces the MPK spread as a key state variable consistent with

the Intertemporal Capital Asset Pricing Model (ICAPM). Third, it emphasizes that the

only component of aggregate capital misallocation with predictive power for future

economic growth and the pricing power in the cross-section of stock returns is capital

misallocation between superstar and non-superstar firms.

Chapter 3 turns to the role of financial intermediaries, specifically broker-dealers
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and hedge funds, in shaping asset prices through leverage constraints. The asset pric-

ing literature has recognized the importance of intermediary constraints such as capital

and leverage in risk pricing (e.g., Brunnermeier and Pedersen, 2009; He and Krishna-

murthy, 2013; Adrian, Etula, and Muir, 2014; He, Kelly, and Manela, 2017). However, to

the best of our knowledge, limited empirical evidence has quantified how constraints

on intermediaries affect asset demand and asset prices. In this chapter, co-authored

with Dongryeol Lee, we apply the demand system approach from Koijen and Yogo

(2019) using institutional ownership data to estimate how changes in broker-dealer

leverage influence the demand elasticity of different types of institutional investors.

By estimating the price impacts due to each type of investors, we develop a frame-

work that can explain how seemingly small shifts in leverage can amplify effects on the

cross-sectional variation of asset returns.

The main intuition is that intermediaries play a key role in absorbing risk in financial

markets. When their leverage is constrained, for instance, during economic downturns,

they reduce their demand for risky assets, reducing asset prices even in the absence of

changes to fundamentals. We find that a one-standard-deviation reduction in broker-

dealer leverage leads to an average price decline of 1.6%, with stronger effects among

stocks disproportionately held by hedge funds. The chapter contributes to the literature

in two ways. First, it introduces a demand system that quantifies intermediary-induced

price pressures. Second, it highlights the importance of broker-dealer balance sheets in

understanding time-varying risk premia through the hedge fund channel.

Next, Chapter 4 examines the phenomenon of factor overlap in asset pricing mod-

els. Factor investing, in which investors construct portfolios based on stock character-

istics such as value, momentum, and idiosyncratic volatility, has become widespread

among institutional investors (e.g., Fama and French, 1993a; Asness, Moskowitz, and

Pedersen, 2013; Hou, Xue, and Zhang, 2014). While each factor is constructed based

on a unique characteristic, many stocks are simultaneously included in multiple fac-

tor portfolios. This chapter proposes that such overlap is not random but economically

meaningful: Stocks with high factor overlap are exposed to multiple priced risk sources
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and therefore exhibit stronger performance.

To test this hypothesis, I create a stock-level measure of factor overlap and sort

stocks into decile portfolios based on their degree of overlap. I find that stocks with

a high degree of overlap earn significantly higher returns than those with no overlap –

up to 3% annually – and have stronger pricing power in the Fama-MacBeth two-stage

regressions across different robust tests. The intuition behind this result is straightfor-

ward: Overlapping stocks are jointly exposed to various risk factors and thus provide

greater compensation for bearing systematic risk. However, surprisingly, pure factor

stocks that are included only in a single factor display no abnormal returns, although

they, on average, have a higher characteristic spread than overlapping factor stocks.

This chapter contributes to the literature by (1) developing a new empirical measure of

factor overlap and (2) demonstrating that such overlap is a source of return predictabil-

ity.

Together, the three chapters examine how several trends in financial markets, such

as rising market concentration, financial intermediation, and factor-based investing,

shape asset pricing. They demonstrate that capital misallocation and intermediary con-

straints introduce distinct sources of priced risk that are not easily captured by tradi-

tional models. On the other hand, the commonality across seemingly unrelated factors,

through overlapping stocks, is a key driver of factor returns, challenging the conven-

tional method in asset pricing of constructing factors independently.

The remaining structure of this dissertation is as follows. Chapter 2 focuses on mar-

ket concentration, capital misallocation, and asset pricing. Chapter 3 studies asset pric-

ing through the lens of a demand system shaped by broker-dealer leverage. Chapter 4

turns to overlapping factors and their implications for risk premia.



Chapter 2

Market Concentration, Capital

Misallocation, and Asset Pricing1

Abstract

Superstar firms, which dominate stock markets through their large size and high markups,
can distort efficient capital allocation. This paper empirically studies the asset pricing
implications of superstar firms through the channel of capital misallocation, measured
as the cross-sectional dispersion in the marginal product of capital (MPK). I decompose
this measure into misallocation (1) among superstars, (2) among other firms, and (3)
between these two groups. I find that only changes in the third component, termed the
"MPK spread," are negatively priced in the cross-section of stock returns. Stocks with
negative exposure to these changes outperform stocks with positive exposure by 4.1%
per year. In the long run, a higher MPK spread predicts lower economic growth and
aggregate stock returns, while in the short run, it predicts lower innovation growth.
Consistent with the ICAPM framework, capital misallocation between superstar and
non-superstar firms is a key state variable, and its changes capture a macroeconomic
risk factor.

Keywords: Superstar firms, capital misallocation, economic growth, cross-sectional
asset pricing.

JEL codes: E22, G11, G12, G14.
1 I am grateful to my supervisors, Aleksandar Andonov and Esther Eiling, for their continuous sup-

port. I thank Dennis Bonam, Winston Wei Dou, Nan Li, Alberto Manconi, Agnieszka Markiewicz, Elisa
Pazaj, Florian Peters, Simon Rottke, Majeed Simaan, Esad Smajlbegovic, Di Tian, Chi-Yang Tsou, Fabio
Trojani, participants at the ICMA Doctoral Finance Symposium 2024, CREDIT 2024, 7th Asset Pricing
Conference by LTI@UniTO 2024, Nederlandse Economendag 2024, AFA/ASSA Annual Meeting 2025,
EAYE Annual Meeting 2025, EFMA Annual Meeting 2025, and the Finance Group Brownbag Seminar at
the University of Amsterdam for helpful comments and discussions.
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2.1 Introduction

In recent decades, the US stock markets have become increasingly concentrated.

Not only did the number of listed firms decline by 50% between 1996 and 2012 (Doidge,

Karolyi, and Stulz, 2017), but also a few numbers of highly successful firms, so-called

"superstar" firms, have dominated the market (Kwon, Ma, and Zimmermann, 2024).

These developments have led to several macroeconomic and corporate consequences,

such as the decline in aggregate labor share (e.g., Autor, Dorn, Katz, Patterson, and

Van Reenen, 2020) and contribution to GDP (e.g., Schlingemann and Stulz, 2022). How-

ever, little is known about the implications for asset pricing.

This paper shows the asset pricing consequences of superstar firms through the

channel of capital misallocation. Bae, Bailey, and Kang (2021) find that stock market

concentration is associated with capital misallocation as it impedes competition and

innovation. As higher capital misallocation hinders economic growth (David, Hopen-

hayn, and Venkateswaran, 2016; Dou, Ji, Tian, and Wang, 2023), capital misallocation

could be a candidate state variable that predicts changes in investment opportunities

in the Intertemporal CAPM (ICAPM) framework.

My paper finds that capital misallocation between superstar and non-superstar firms

is a key state variable and its changes capture a macroeconomic risk factor. Using the

quarterly data of US-listed firms from Compustat from 1975:Q1 to 2023:Q4, I measure

capital misallocation as the cross-sectional dispersion in the firm-level marginal prod-

uct of capital (MPK) (David and Venkateswaran, 2019) and David, Schmid, and Zeke

(2022). I decompose this measure into three components: (1) misallocation among su-

perstar firms, (1) misallocation among non-superstar firms, and (3) misallocation be-

tween these two groups referred to as "MPK spread." I construct changes in the aggre-

gate misallocation and each component and show three key results.

First, only changes in the MPK spread, indicating capital misallocation between

superstar and non-superstar firms, are a priced risk factor. In different cross-sections

of stock returns, changes in the MPK spread carry a negative price of risk, implying
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that stocks with negative exposure to the changes earn a higher expected return. These

stocks depreciate when changes in the MPK spread rise, making them more risky. In

contrast, stocks with positive exposure to these changes earn a lower expected return.

Their returns tend to increase when changes in the MPK spread rise, making them a

hedge. The long-short portfolio sorted on individual stock exposure to changes in the

MPK spread, referred to as the MPK spread-mimicking portfolio, earns an expected

return of −4.1% per year.

Second, in contrast, changes in the aggregate capital misallocation and the other

components do not carry significant prices of risk. A spanning test analysis confirms

the dominance of the MPK spread over other components. Specifically, only the MPK

spread-mimicking portfolio spans the portfolio exposed to changes in aggregate mis-

allocation. Whereas, the portfolios exposed to changes in aggregate misallocation and

other components do not span the MPK spread-mimicking portfolio.

Third, only the MPK spread is a key state variable as it predicts future economic

growth. In the long term, a higher MPK spread predicts lower consumption growth,

industrial production growth, and employment growth. In the short term, a higher

MPK spread predicts lower aggregate innovation growth and innovation growth of

non-superstar firms. In contrast, aggregate capital misallocation as well as the other

components do not yield any predictive power. Therefore, only capital misallocation

between superstar and non-superstar firms is a candidate state variable.

Consistent with the ICAPM, the MPK spread satisfies three restrictions proposed

by Maio and Santa-Clara (2012). First, the MPK spread as a state variable negatively

forecasts changes in investment opportunities, proxied by the aggregate stock returns.

Second, changes in the MPK spread as a factor earn a negative price of risk in cross-

sectional tests, consistent with the sign of forecast. Third, in the multi-factor model that

includes market and changes in the MPK spread as the factors, the market price of risk

estimated from the cross-sectional tests is economically plausible as an estimate of the

coefficient of relative risk aversion (RRA) of the representative investor.

These findings imply that a higher spread in the mean productive use of produc-
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tion capital between superstar and non-superstar firms discourages long-run economic

growth. Thus, changes in capital misallocation between superstar and non-superstar

firms represent negative news to investors whose marginal utility depends on con-

sumption growth risks. In the ICAPM framework, these changes capture a macroeco-

nomic risk factor, highlighting superstar firms’ role in shaping the risk premium asso-

ciated with capital misallocation.

Following Autor, Dorn, Katz, Patterson, and Van Reenen (2020) and Cheng, Vyas,

Wittenberg-Moerman, and Zhao (2024), I identify superstar firms as the top 5% firms in

their industries based on market capitalization and market power. I estimate firm-level

market power as markup, proxied by the ratio of sales to the cost of goods sold, using

the method from De Loecker, Eeckhout, and Unger (2020)2. I measure firm-level MPK

as the log ratio of output-to-capital. Capital includes both tangible capital (net property,

plant, and equipment) and intangible capital estimated from Eisfeldt and Papanikolaou

(2013) and Eisfeldt, Kim, and Papanikolaou (2020). Aggregate capital misallocation is

then the dispersion in MPK across firms in each quarter. A time series of the changes in

misallocation shows that periods of high capital misallocation coincide with recessions,

consistent with the countercyclical pattern of capital misallocation documented in the

literature (e.g., Eisfeldt and Rampini, 2006; Bloom, 2009; Bachmann and Bayer, 2014;

Kehrig, 2015; David, Schmid, and Zeke, 2022).

To test the role of superstar firms, I examine the pricing of changes in aggregate mis-

allocation, misallocation among superstar firms, misallocation among non-superstar

firms, and the MPK spread. The cross-sectional Fama-MacBeth regressions show that

changes in the MPK spread are significantly and negatively priced in the cross-section

of 25 size×book-to-market, 10 momentum, 25 size×investment, 25 size×operating prof-

itability portfolios. This finding is robust to using Giglio and Xiu (2021)’s 202 portfolios.

Whereas, the pricing of changes in aggregate misallocation and the other two compo-

nents are not robust and consistent across different models and test portfolios.

Next, I create mimicking portfolios to examine individual stock exposure to changes

2 Additionally, I also impose the condition that superstar firms have to increase their markup shares
within their industries compared to the previous 12 quarters (3 years).
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in aggregate misallocation and each component. For each stock, I regress the quarterly

excess returns on the changes using a rolling window of 20 quarters. Then I sort stocks

into quintiles based on their beta estimates in each quarter. The value-weighted port-

folios show that the average excess returns decrease as the stock exposure to changes

in the MPK spread increases. The long-short portfolio has an average annual excess

return of −4.1%. The abnormal returns (alphas) of the long-short portfolio estimated

from the CAPM, the Fama and French (1992b, 1993b)’s three-factor, and the Fama and

French (2015a)’s five-factor models are significantly negative. The post-formation port-

folios also show a negative beta in the lowest quintile and a positive beta in the highest

quintile. These findings are robust when I construct an equally weighted portfolio.

Finally, to test whether the aggregate misallocation or its components is a state vari-

able, I run the standard predictive regression of several future macroeconomic vari-

ables on the lagged aggregate misallocation and its components. I find that only the

MPK spread predicts negative per capita real consumption growth (nondurables and

services), industrial production growth, employment growth, and stock market returns

in the next 4 to 12 quarters (1 to 3 years). The MPK spread also predicts negative ag-

gregate innovation growth, especially innovation growth of non-superstar firms in the

next 1 to 5 quarters. Thus, only capital misallocation between superstars and non-

superstars shows both pricing power in the cross-section and predictability power in

the time series.

The main asset pricing results are robust to various specifications. Alternative defi-

nitions of superstars based on market capitalization or sales show that the top 50 firms

confirm the results in the cross-sectional asset pricing tests and predictability. Besides,

the results are robust to using different industry classifications, a value-weighted mea-

sure for misallocation, separating misallocation by tangible and intangible capital, the

pre-2000s and post-2000s subsamples, and using annual frequency.

The contribution of this paper is threefold. First, I link the macroeconomic conse-

quences of superstars to asset pricing. Second, I propose capital misallocation between

superstars and non-superstars as a state variable and its changes as a priced risk fac-
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tor. Third, my findings highlight the role of superstars in shaping the price of risk

associated with capital misallocation: Superstar firms, resulting in higher capital misal-

location, could prevent innovation growth and deter economic growth, consistent with

Bae, Bailey, and Kang (2021) and Kung and Schmid (2015). Investors are willing to pay

a sizeable premium to eliminate such long-run uncertainty about economic growth.

Related literature. My paper contributes to three strands of literature. First, the lit-

erature has documented several macroeconomic consequences of superstar firms. For

example, Autor, Dorn, Katz, Patterson, and Van Reenen (2020) argue that the rise of

superstar firms leads to a decline in the aggregate labor share3. Schlingemann and

Stulz (2022) argue that the market capitalization of listed firms has become less infor-

mative about firms’ contribution to aggregate output4. Gutierrez and Philippon (2019)

also find that the contribution of superstar firms to aggregate productivity growth has

also decreased. My paper contributes to this literature by linking one consequence of

superstar firms to asset pricing.

Particularly, there has been evidence that superstar firms deter efficient capital allo-

cation. For instance, Bae, Bailey, and Kang (2021) find that a concentrated stock market

is less likely to allocate capital to firms that could use capital more efficiently. Su (2022)

also shows that capital misallocation increases when the economy includes superstar

firms5. De Loecker, Eeckhout, and Unger (2020) and De Loecker and Eeckhout (2021)

show that economic activity is more reallocated toward superstar firms. Neuhann and

Sockin (2024) suggest that financial market concentration can dampen efficient capital

3 Technological advances push sales toward the most successful firms in the service industry whose
contribution to labor share is relatively low, leading to a decline in the aggregate labor share. Gutierrez
and Philippon (2020) also find that the contribution of superstar firms to aggregate labor productivity
has decreased.

4 This is due to the decline in the manufacturing industry oriented in tangible capital and the shift
towards the service industry which favors intangible capital.

5 When firms face uncertainty in their product quality, superstar firms become riskier as they face
more volatile fluctuations in their markups.
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allocation6. Based on this evidence, my paper shows that changes in capital misalloca-

tion between superstar firms and non-superstar firms capture an asset pricing factor.

Second, several papers have shown that markups are an important source of capital

misallocation. Peters (2020) finds that older firms improve their productivity away

from competitors, raising the markups that they can optimally charge on their existing

products, consistent with the superstar phenomenon. Capital misallocation rises as a

result of a decline in creative destruction. David and Venkateswaran (2019) estimate

that markup heterogeneity explains a large share of 14% in the capital misallocation

in the US. Consistently, I find that rising markup yields a higher MPK level for the

superstars7.

Furthermore, capital misallocation is an important deterrent to economic growth

(Eisfeldt and Rampini, 2006, 2008; Eisfeldt and Shi, 2018). My paper adds to the liter-

ature by looking at different components of an empirical measure of capital misalloca-

tion. I find that only the component that captures the misallocation between superstar

firms and the rest of the firms negatively predicts proxies for economic growth. Other

components do not have predictive power for economic growth.

Third, recent papers document asset pricing implications of superstar firms and

market concentration. For example, Emery and Koëter (2024) show that rising stock

market concentration increases the size premium. Cheng, Vyas, Wittenberg-Moerman,

and Zhao (2024) show in product markets that firms with high exposure to superstars

experience weaker financial performance and higher risk. Hou and Robinson (2006)

6 Other papers also support the fact that the presence of superstars creates market inefficiency. For
instance, Grullon, Larkin, and Michaely (2019) show firms in concentrated industries become more prof-
itable by higher profit margins, rather than higher productivity. Thus, market concentration can yield
profits to winners rather than enhancing the whole economy. Covarrubias, Gutierrez, and Philippon
(2020) document a "bad concentration" in the market after the 2000s, since concentration increases the
barrier to entry and reduces innovation. Gopinath, Kalemli-Özcan, Karabarbounis, and Villegas-Sanchez
(2017) also document an increase in capital misallocation in South Europe and observe that firms with
higher net worth, but not necessarily higher productivity, attract more capital, causing productivity
losses.

7 Baqaee and Farhi (2020) show that reallocation of market share toward high-markup firms improves
the aggregate TFP growth in the U.S. The intuition is that firms with high markups were too small to
begin with, so the reallocation of labor and capital toward these firms improves TFP growth over time.
My paper studies superstar firms that are very large in terms of size and markup each quarter and
considers capital misallocation in a static production function.
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shows at the industry level that firms in more concentrated industries earn lower ex-

pected returns. My paper finds evidence for market-wide concentration and that stocks

negatively (positively) exposed to changes in misallocation between superstar and non-

superstar firms earn a higher (lower) expected return.

The mechanism of my paper is closely related to Dou, Ji, Tian, and Wang (2023) who

show that changes in aggregate misallocation carry a negative price of risk. As capi-

tal misallocation prevents optimal R&D and innovation, capital misallocation captures

news about long-run economic growth8. The source of friction that drives misalloca-

tion is financial constraints, while my paper studies size and market power as the main

sources of friction.

Finally, my paper examines the effect of capital misallocation on risk premia. Whereas,

David, Schmid, and Zeke (2022) study the role of risks in generating misallocation and

find that firms’ exposure to systematic risk is an important source of misallocation.

Misallocation increases in times when risk premia are high and thus is countercyclical.

My paper confirms the countercyclicality of the capital misallocation between superstar

and non-superstar firms.

The remaining organization of the paper is as follows. Section 2.2 discusses in de-

tail the data and variable construction and derives a decomposition based on superstar

vs non-superstar portfolios. Section 2.3 shows main cross-sectional asset pricing re-

sults. Section 2.4 examines the predictability for future economic growth and tests the

restrictions for ICAPM. Finally, Section 2.5 discusses different tests for robustness, and

Section 2.6 concludes.

2.2 Data construction

In this section, I discuss the data and describe the method to identify superstar firms.

I discuss the empirical measure of capital misallocation. Furthermore, I decompose

the aggregate capital misallocation into three components: misallocation among super-

8 Changes in misallocation are a risk factor as capital misallocation influences the investors’ stochastic
discount factor (SDF) through its effect on consumption growth.
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star firms, misallocation among other firms, and misallocation between superstars and

other firms.

2.2.1 Sample and variable construction

The sample contains CRSP common stocks (share codes 10 or 11) traded on NYSE,

AMEX, or Nasdaq (exchange codes 1, 2, or 3). Following the standard literature, I

exclude the financial sector (SIC 6,000 - 6,999), utilities (SIC 4,900 - 4,999), and public

administration (SIC 9,000 - 9,999), since firms in these sectors have little capital. Then,

I compute quarterly stock returns from the monthly stock file to merge with firm char-

acteristics from Compustat Fundamentals Quarterly. I take stock returns as of the end

of a quarter and accounting variables at the end of the previous quarter to ensure that

accounting data are public on the trading date and that market participants have access

to accounting variables. The results are also robust to without this timing convention.

I obtain firm market capitalization from Compustat (mkvaltq), which equals price

times shares outstanding (prccq × cshoq) if the value is missing. The resulting market

cap is closely identical to when I compute price times shares outstanding at quarter-

end from CRSP. All nominal variables are adjusted for inflation using the GDP deflator

(GDPDEF series from FRED at quarterly frequency). I also exclude micro-cap stocks

whose prices are less than $1 and observations with negative values for sale (Compustat

saleq) and physical capital (ppentq). The final sample contains 590,154 unique firm-

quarter observations from 1975:Q1 to 2023:Q4, as capital is only available for most firms

after 1974:Q4.

The variable for intangible capital (intanq) is often missing in Compustat. Therefore,

I estimate intangible capital using the perpetual inventory method from Eisfeldt and

Papanikolaou (2013) and Eisfeldt, Kim, and Papanikolaou (2020). Specifically,

INTit = (1 − δ)INTit−1 + SG&Ait (2.1)

where the initial value is INTi0 = SG&Ai1/(g+ δ), g = 0.1, and δ = 0.2. The estimation
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uses 100% SG&A (Compustat xsgaq). The Appendix reports the robust result when

using 30% of (SG&A minus R&D) plus 100% of R&D as in Peters and Taylor (2017).

Following David, Schmid, and Zeke (2022) and David, Hopenhayn, and Venkateswaran

(2016), I compute the firm-level MPK as the log ratio of output to lagged capital9. I

use sales as output and net property, plant, and equipment (ppentq) as tangible capi-

tal plus intangible capital estimated from Eisfeldt and Papanikolaou (2013). I exclude

firm-quarter observations with a ratio of intangible to tangible capital exceeding 10, be-

cause unlikely it is more than 10 times the mean ratio as discussed in David, Schmid,

and Zeke (2022). Besides, I winsorize the log MPK at 1% and 99% in each quarter to

avoid outliers.

In the main analysis, the test portfolios for the Fama-MacBeth regressions include 25

size and book-to-market, 10 momentum, 25 size and investment, 25 size and operating

profitability sorted portfolios. In the robustness section, I use the 202 portfolios used in

Giglio and Xiu (2021): 25 portfolios sorted by size and book-to-market ratio, 17 industry

portfolios, 25 portfolios sorted by operating profitability and investment, 25 portfolios

sorted by size and variance, 35 portfolios sorted by size and net issuance, 25 portfolios

sorted by size and accruals, 25 portfolios sorted by size and beta, and 25 portfolios

sorted by size and momentum. I retrieve all factor data at a quarterly frequency and

annual frequency for a robust check from Kenneth French’s data library10.

In addition, I construct several macroeconomic variables. The per capita real con-

sumption is the total real consumption of nondurable goods and services, divided by

the total population, obtained from the US Bureau of Economic Analysis (BEA). The in-

dustrial production index measures the real output of all relevant establishments in the

US, retrieved from the Federal Reserve Bank of St. Louis (FRED). The monthly aggre-

gate US unemployment rate is from the Bureau of Labor Statistics (BLS), compounded

to quarterly frequency.

Besides, following Bae, Bailey, and Kang (2021), I construct the aggregate innovation

proxy as a natural logarithm of one plus the number of patents divided by the popu-

9 Changes in capital misallocation capture the recessions better when we take the lagged capital.
10 https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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lation. The aggregate number of patents are from the All Technology (Utility Patents)

Reports from the US Patent and Trademark Office (USPTO)11. Similarly, I compute the

innovation proxy in each portfolio as the natural logarithm of one plus the total number

of patents divided by the total market capitalization in each portfolio. I use firm-level

patent data from Kogan, Papanikolaou, Seru, and Stoffman (2017).

2.2.2 Identifying superstar firms

The literature often characterizes superstars as a top number of highly successful

firms in the economy. For example, Bae, Bailey, and Kang (2021) select the largest 5 or

10 firms in each country based on their market cap at the end of each year. Schlinge-

mann and Stulz (2022) select the top 1, 3, 5, or 10 firms in the whole economy or 3 in

each of Fama-French’s 48 industries based on their market cap each year. Although

there is no unified definition, in this paper, I identify superstars based on Autor, Dorn,

Katz, Patterson, and Van Reenen (2020)’s discussion that superstars are firms increas-

ingly dominating their industries, leading to rising concentration.

In each quarter, I select the top 5% firms in their SIC two-digit industries based on

their market power. To proxy firms’ market power, I estimate the firm-level markup

ratio from De Loecker, Eeckhout, and Unger (2020), i.e. 0.85 times the ratio of sale to

the cost of goods sold (0.85 × saleq/cogsq). De Loecker, Eeckhout, and Unger (2020)

show that the output elasticity of variable input 0.85 is time-invariant and contributes

little to the rise in markups, so I also fix this coefficient across all stocks. In some cases,

the industries include less than 20 firms in a given quarter, so I follow Cheng, Vyas,

Wittenberg-Moerman, and Zhao (2024) to assign the largest markup firm as the super-

star in that industry.

As many papers identify mega-firms such as Apple and Amazon as superstars, I

multiply this markup ratio by the firm-level market cap to take into account the size

11 https://www.uspto.gov/web/offices/ac/ido/oeip/taf/h_at.htm

https://www.uspto.gov/web/offices/ac/ido/oeip/taf/h_at.htm
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of firms (0.85 × saleq/cogsq × market cap)12. Finally, I also impose the condition that

superstar firms have to increase their markup shares within their industries compared

to the previous 12 quarters (3 years) to follow that intuition from Autor, Dorn, Katz,

Patterson, and Van Reenen (2020) that superstars increasingly dominate the market13.

2.2.3 Capital misallocation

In the absence of any friction, MPK should equalize across firms. The MPK disper-

sion can help to measure capital misallocation because it is proportional to aggregate

TFP loss (Midrigan and Xu, 2014). Capital misallocation is defined as the firm-level log

MPK dispersion. Following David, Schmid, and Zeke (2022) and David, Hopenhayn,

and Venkateswaran (2016), I compute the misallocation as the cross-sectional variance

across all firm MPKs within each quarter t as

σ2
mpk,t =

1
N − 1

N

∑
i=1

(mpkit − µmpk,t)
2. (2.2)

where σ2
mpk,t and µmpk,t =

1
N ∑N

i=1 mpkit denote the variance and the mean MPK of the

economy.

The intuition of the capital misallocation is as follows. To minimize the total fac-

tor productivity (TFP) loss, the economy needs to allocate capital efficiently. The TFP

loss is at the minimum if firm-level MPKs equalize, i.e. σ2
mpk,t = 0, the allocation that

maximizes the static production of all firms in the economy. If MPK varies substan-

tially across firms, it implies that the economy forgoes the opportunity to increase the

aggregate output by reallocating capital from low MPK to high MPK firms. A lower

MPK among firms in the cross-section implies misallocated capital that high MPK firms

could have more efficiently utilized.

Finally, capital misallocation, i.e. MPK dispersion, is the cross-sectional variance of

12 Cheng, Vyas, Wittenberg-Moerman, and Zhao (2024) multiply the market ratio by the sales. Robust
results show that my main findings are robust to the choice of either sales or market cap to identify
superstars.

13 Figure A1 shows the rise in market concentration among superstar firms and the rise of aggregate
capital misallocation.
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firm-level MPK in each quarter. Furthermore, I propose changes in capital misalloca-

tion as the log changes of capital misallocation with respect to the 4-quarter lag. I take

annual log changes in remove seasonal fluctuations of sales that influence the measure

∆σ2
mpk,t = σ2

mpk,t − σ2
mpk,t−4. (2.3)

Figure 2.1 shows the MPK distribution over time. Panel A shows that the MPK dis-

tribution is right-skewed and the distribution becomes more heavily tailed over time.

Panel B plots the percentiles of the MPK distribution in each quarter. Superstars are

firms in the further right tail of MPK distribution, so the skewness of MPK distribu-

tion captures MPK of superstars. Positive changes in the skewness of MPK indicate

increases in MPK of superstars relative to other firms, which raises the MPK spread.

To examine which component of misallocation is important for asset pricing and

which subset of firms drives the misallocation, I decompose the capital misallocation

into contributions by each subset of firms. In the case of two groups (superstar firms

and non-superstar firms), the aggregate MPK dispersion can be decomposed into

σ2
mpk︸︷︷︸

Total misallocation (Misalltotal)

=
N0 − 1
N − 1

σ2
mpk,0︸ ︷︷ ︸

Misallocation within non-superstars (Misallrest)

+
N∗ − 1
N − 1

σ2
mpk,∗︸ ︷︷ ︸

Misallocation within superstars (Misalltop)

+
N0N∗

N(N − 1)
(µmpk,0 − µmpk,∗)

2︸ ︷︷ ︸
MPK spread

(2.4)

Section A1 in the Appendix shows the derivation. Intuitively, I decompose the cap-

ital misallocation into three components: the misallocation among superstars, the mis-

allocation among non-superstars, and the misallocation due to the (squared) difference

in the mean MPK between the two portfolios, referred to as "MPK spread." Finally, we

can decompose the changes in misallocation into

∆Misalltotal = ∆Misallrest + ∆Misalltop + ∆MPK spread (2.5)
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Figure 2.1: MPK distribution over time
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Description. This figure plots MPK distribution across all firms in each year. Panel A plots the distribu-
tion density in 1990, 2010, and 2020. Panel B plots different moments of the distribution of average MPK
from 1975:Q1 to 2023:Q4, compared to the average MPK of superstars. Firm-level MPK is the output-to-
capital ratio. I use sales as output and net property, plant, and equipment (ppentq) as physical capital
plus intangible capital estimated from Eisfeldt and Papanikolaou (2013).
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Figure 2.2 plots the time series of the aggregate misallocation and its components.

Periods of high misallocation tend to coincide with the NBER recessions, implying the

countercyclicality of capital misallocation. Consistent with David, Schmid, and Zeke

(2022), MPK dispersion rises during economic downturns. The MPK spread, i.e. the

misallocation between superstars and non-superstars, particularly displays clear cycli-

cal patterns.

In an efficient market, capital flows towards its most productive uses, i.e. firms

with the highest MPK would attract more investment. Intuitively, when superstar firms

dominate this capital inflow, it may not always be due to their superior productivity. If

these firms’ higher MPKs result from market distortions, such as barriers to entry for

competitors, then the higher MPK reflects an inefficiency rather than a pure productiv-

ity advantage. This misallocation can lead to slower economic growth by preventing

capital from reaching potentially innovative but smaller competitors.

2.3 Asset pricing results

Bae, Bailey, and Kang (2021) show that stock market concentration is associated with

capital misallocation as it impedes competition and innovation. As higher capital mis-

allocation indicates slower economic growth (David, Hopenhayn, and Venkateswaran,

2016; Dou, Ji, Tian, and Wang, 2023), capital misallocation could be a candidate state

variable that predicts changes in investment opportunities under the Intertemporal

CAPM (ICAPM) framework.

In this section, I show the cross-sectional asset pricing results of changes in capi-

tal misallocation and its components. I first run the Fama-MacBeth regressions and

then form the factor-mimicking portfolios sorted on individual stock exposure to the

changes.
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Figure 2.2: Capital misallocation against NBER recessions
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Description. This figure plots the aggregate misallocation, misallocation to non-superstars, misalloca-
tion to superstars, and the MPK spread. The sample is from 1975:Q1 to 2023:Q4. In each quarter, capital
misallocation σ2

mpk,t is the cross-sectional dispersion of MPK across firms. The aggregate misallocation is
be decomposed into:
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2.3.1 Cross-sectional analysis

In this section, I examine whether the changes in aggregate misallocation and each

component are priced in the cross-section of expected stock returns. Following the

standard Fama-MacBeth two-stage procedure, for each test portfolio i, I first estimate

the factor loadings (βik) using time-series regressions of portfolio excess returns on the

risk factor(s)

Re
it = αi + ∑

k
βik fkt + uit, (2.6)

where k is the number of risk factors. Second, for each time t, I estimate the price of risk

for each factor (λk,t) using cross-sectional regressions

Re
it = λ0,t + ∑

k
λkt β̂ik + εi,t. (2.7)

The risk premium for each factor k is then the time-series average of the price of

risk λk = 1
T ∑T

t=1 λ̂kt. As a convenience to compare the magnitudes of the asset pricing

results, I standardize the changes in aggregate misallocation and its components. Ta-

ble 2.1 reports results for the second-stage regressions. Panel A shows that results in

the cross-section of 25 size × book-to-market and 10 momentum portfolios, the CAPM

cannot explain the difference in average returns across portfolios since the price of risk

is statistically insignificant in Model (1). The adjusted R-squared is close to zero. In

contrast, when Model (2) includes the market factor and changes in aggregate misallo-

cation, the changes in aggregate misallocation have a negative price of risk, although

not significant.

When the model includes changes in each component as a separate factor, Model

(5), (8), and (9) show that changes in the MPK spread carry a negative price of risk. The

price of risk is significantly priced at the 5% level across all models. Adding this factor

to the CAPM increases the cross-section R-squared by 65%. In contrast, adding other

changes does not improve the fit any further. The findings are consistent in Panel B
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Table 2.1: Cross-sectional asset pricing tests

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Pricing 25 size×book-to-market and 10 momentum portfolios
Constant 12.090 10.792 10.895 11.405 14.109 13.051 12.544 14.467 13.972

(3.67)∗∗∗ (3.25)∗∗∗ (3.28)∗∗∗ (3.47)∗∗∗ (4.26)∗∗∗ (4.15)∗∗∗ (4.01)∗∗∗ (4.42)∗∗∗ (4.43)∗∗∗

[3.67]∗∗∗ [2.99]∗∗∗ [3.05]∗∗∗ [3.14]∗∗∗ [2.52]∗∗ [2.90]∗∗∗ [3.07]∗∗∗ [2.62]∗∗∗ [2.56]∗∗

MKT -0.257 -0.057 -0.056 -0.318 -1.191 -0.771 -0.608 -1.253 -1.094
(-0.25) (-0.05) (-0.05) (-0.31) (-1.17) (-0.78) (-0.62) (-1.23) (-1.10)
[-0.22] [-0.04] [-0.04] [-0.25] [-0.65] [-0.50] [-0.43] [-0.69] [-0.60]

∆Misalltotal -0.435 0.501 0.342 0.374
(-0.99) (1.36) (0.97) (0.89)
[-0.90] [0.94] [0.73] [0.52]

∆Misallrest -0.410 0.590 -0.034
(-0.87) (1.56) (-0.10)
[-0.80] [1.08] [-0.06]

∆Misalltop -0.353 -0.494 0.205
(-1.40) (-1.99)∗∗ (0.91)
[-1.25] [-1.50] [0.52]

∆MPK spread -1.077 -1.066 -1.036
(-3.54)∗∗∗ (-3.88)∗∗∗ (-3.71)∗∗∗

[-2.09]∗∗ [-2.29]∗∗ [-2.13]∗∗

R2 0.012 0.064 0.050 0.131 0.668 0.200 0.148 0.669 0.688
Adj. R2 -0.018 0.006 -0.009 0.077 0.647 0.122 0.066 0.637 0.646
RMSE 2.701 2.669 2.689 2.572 1.590 2.508 2.588 1.613 1.592
Fama-Macbeth t-statistics in parentheses
Shanken t-statistics in square brackets
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 size × book-to-market, 10 momentum, 25 size×investment, and 25 size×operating profitability
portfolios. The sample runs from 1975:Q1 to 2023:Q4. Returns and risk premia are reported in percent
per year (quarterly percentages multiplied by four).
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Table 2.1: Cross-sectional asset pricing tests - continued

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel B: Pricing 25 size×book-to-market, 25 size×investment, 25 size×operating profitability portfolios
Constant 8.642 8.574 8.539 9.785 9.186 9.676 9.904 8.998 10.594

(2.82)∗∗∗ (2.88)∗∗∗ (2.86)∗∗∗ (3.17)∗∗∗ (3.01)∗∗∗ (3.13)∗∗∗ (3.19)∗∗∗ (3.02)∗∗∗ (3.38)∗∗∗

[2.45]∗∗ [2.51]∗∗ [2.50]∗∗ [2.64]∗∗∗ [2.44]∗∗ [2.51]∗∗ [2.49]∗∗ [2.44]∗∗ [2.42]∗∗

MKT 0.166 0.183 0.192 -0.120 0.014 -0.090 -0.149 0.059 -0.344
(0.17) (0.19) (0.20) (-0.12) (0.01) (-0.09) (-0.15) (0.06) (-0.35)
[0.13] [0.14] [0.15] [-0.09] [0.01] [-0.07] [-0.11] [0.04] [-0.23]

SMB 0.668 0.667 0.667 0.722 0.661 0.739 0.749 0.657 0.747
(1.75)∗ (1.74)∗ (1.74)∗ (1.90)∗ (1.73)∗ (1.95)∗ (1.98)∗∗ (1.71)∗ (1.97)∗∗

[1.16] [1.16] [1.16] [1.22] [1.10] [1.23] [1.23] [1.09] [1.16]
HML 1.054 1.051 1.049 1.064 0.958 1.053 1.037 0.936 0.897

(2.23)∗∗ (2.23)∗∗ (2.22)∗∗ (2.25)∗∗ (2.04)∗∗ (2.23)∗∗ (2.20)∗∗ (1.99)∗∗ (1.91)∗

[1.49] [1.49] [1.48] [1.46] [1.30] [1.42] [1.37] [1.27] [1.13]
UMD 3.057 3.006 2.964 2.940 3.390 2.395 2.335 3.239 2.522

(2.90)∗∗∗ (3.02)∗∗∗ (2.98)∗∗∗ (2.75)∗∗∗ (3.18)∗∗∗ (2.35)∗∗ (2.30)∗∗ (3.20)∗∗∗ (2.47)∗∗

[2.30]∗∗ [2.38]∗∗ [2.35]∗∗ [2.11]∗∗ [2.39]∗∗ [1.73]∗ [1.66]∗ [2.38]∗∗ [1.65]
∆Misalltotal -0.051 -0.157 -0.174 -0.055

(-0.32) (-0.96) (-1.05) (-0.34)
[-0.26] [-0.72] [-0.78] [-0.26]

∆Misallrest -0.069 -0.216 -0.261
(-0.42) (-1.25) (-1.48)
[-0.34] [-0.95] [-1.01]

∆Misalltop 0.260 0.405 0.423
(1.48) (2.05)∗∗ (2.12)∗∗

[1.19] [1.57] [1.49]
∆MPK spread -0.443 -0.462 -0.426

(-2.89)∗∗∗ (-3.03)∗∗∗ (-2.85)∗∗∗

[-2.21]∗∗ [-2.31]∗∗ [-1.94]∗

R2 0.719 0.720 0.720 0.737 0.738 0.744 0.751 0.740 0.780
Adj. R2 0.703 0.699 0.700 0.718 0.718 0.722 0.729 0.717 0.757
RMSE 1.273 1.281 1.280 1.242 1.240 1.232 1.216 1.242 1.152
Fama-Macbeth t-statistics in parentheses
Shanken t-statistics in square brackets
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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when the models include the Fama and French (1992b, 1993b) three factors and momen-

tum factor and the cross-section includes 25 size × investment and 25 size × operating

profitability portfolios. While the significance of the price of risk of other decomposed

changes is not robust to different t-ratios, the significance of the price of risk of changes

in the MPK spread remains consistent.

Intuitively, a positive change in the MPK spread raises the difference in the mean

MPK between superstars and non-superstars. Superstars on average have higher MPK,

while other firms on average have lower MPK, leading to an increase in the MPK dis-

persion. The economy as a result operates as a higher capital misallocation. Thus, an

increase in capital misallocation represents negative news for investors whose marginal

utility depends on future consumption growth. If the rise in the MPK spread lowers

economic growth, changes in the MPK spread carry a negative price of risk. While

other components do not yield significant results, these results imply that the price of

risk of aggregate capital misallocation is mainly driven by the difference in the MPK

level of superstars compared with other firms in the economy.

Figure 2.3 plots the realized versus predicted returns from the cross-section of 25

size × book-to-market and 10 momentum portfolios. Panel E shows that adding changes

in the MPK spread to the CAPM reduces the pricing error (RMSE) to 1.59. Panel F re-

ports the same pricing error when the model includes other changes. These results

confirm an important role of superstars in asset pricing: The negative price of risk of

capital changes in misallocation terms from the difference in the MPK level between

the superstars and non-superstars.

The value premium, i.e. firms with high book-to-market have on average higher

expected returns, is well documented in the literature. Parker and Julliard (2005b) dis-

cuss that value stocks have high average returns because they pay off poorly before

and early in recessions, captured by ultimate consumption risk. Thus, the expected ex-

cess return of value-minus-growth stocks predicts consumption growth. Since higher

capital misallocation also predicts a lower consumption growth rate (Dou, Ji, Tian, and

Wang, 2023; David, Hopenhayn, and Venkateswaran, 2016), firms’ book-to-market and
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Figure 2.3: Realized versus predicted mean returns
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B. CAPM + ΔMisalltotal
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C. CAPM + ΔMisallrest
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D. CAPM + ΔMisalltop
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E. CAPM + ΔMPK spread

mom1

mom10

mom2
mom3

mom4

mom5
mom6 mom7

mom8mom9

s1bm1

s1bm2 s1bm3

s1bm4

s1bm5

s2bm1

s2bm2 s2bm3
s2bm4

s2bm5

s3bm1

s3bm2

s3bm3

s3bm4

s3bm5

s4bm1s4bm2s4bm3
s4bm4

s4bm5

s5bm1s5bm2s5bm3

s5bm4

s5bm5

RMSE = 1.59

0
4

8
12

16
R

ea
liz

ed
 m

ea
n 

re
tu

rn
s 

(%
 p

er
 y

ea
r)

0 4 8 12 16
Predicted expected returns (% per year)

F. CAPM + ΔMisallrest + ΔMisalltop + ΔMPK spread

Description. This figure shows the cross-sectional asset pricing tests from the CAPM. Test portfolios
include 25 size × book-to-market portfolios and 10 momentum portfolios. Each panel plots the realized
mean excess returns of the portfolios against the mean excess returns predicted by the CAPM with the
changes in aggregate misallocation and its components. The sample runs from 1975:Q1 to 2023:Q4.
Returns are in percent per year.
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exposure to changes in misallocation must align in the sign direction.

Based on these mechanisms, I examine the factor loadings in the 25 portfolios formed

on size × book-to-market ratio. I test separately the exposure to the changes in aggre-

gate misallocation and changes in each component, controlling for the market risk. If

the negative price of risk lines up with the portfolios, mechanically firms with higher

book-to-market ratios are more negatively exposed to changes in the MPK spread. In

other words, value stocks should have lower betas for changes in the MPK spread than

growth stocks.

Table 2.2 reports the first-stage betas across the portfolios. In Panel A, the decreas-

ing trend in the beta of the changes in aggregate misallocation, when portfolios are

sorted from low to high book-to-market, reflects the mechanics for the negative price

of risk. However, no betas are insignificant. In Panel B, the changes in misallocation

in the non-superstar portfolio show no significant betas. Thus, these two factors are

seemingly spurious factors. In Panel C, the changes in misallocation in the superstar

portfolio, most betas are negative and large but weakly significant. Only changes in

the MPK spread shown in Panel D display a clear decreasing trend across the book-

to-market portfolios within each size. Most betas (24/25) are significant, consistent

with the hypothesis that value stocks load more negative exposure to the changes than

growth stocks.

2.3.2 Factor-mimicking portfolios

Next, I create portfolios sorted on individual stock exposure to changes in capital

misallocation and each component. To estimate the firm-level exposure, for each stock,

I regress the quarterly excess returns either on changes in aggregate misallocation or

its components by a rolling window of 20 quarters (with a minimum of 12 quarters

available).

Re
it = αi + βit∆zt + εit, t = t − 20 → t. z ∈ {Misalltotal, Misallrest, Misalltop, MPK spread}

(2.8)
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Table 2.2: Exposure in the 25 size × book-to-market portfolios

Panel A: Loading on ∆Misalltotal
β t(β)

Low 2 3 4 High Low 2 3 4 High
Small -0.220 -0.335 -0.666 -3.174 -5.842 -0.041 -0.076 -0.145 -0.652 -0.985
2 -0.647 -1.099 -3.184 -2.498 -2.959 -0.134 -0.250 -0.719 -0.534 -0.529
3 1.237 -0.140 -1.845 -2.488 -3.073 0.269 -0.035 -0.467 -0.537 -0.567
4 0.273 -2.662 -2.317 -3.399 -5.468 0.073 -0.735 -0.613 -0.715 -1.114
Big 0.507 -2.237 -3.021 -3.660 -3.272 0.174 -0.825 -1.021 -1.003 -0.694

Panel B: Loading on ∆Misallrest
β t(β)

Low 2 3 4 High Low 2 3 4 High
Small 0.971 0.678 0.418 -2.144 -4.515 0.177 0.153 0.091 -0.444 -0.771
2 0.411 -0.240 -2.320 -1.524 -1.853 0.084 -0.055 -0.527 -0.329 -0.337
3 1.929 0.641 -0.960 -1.506 -2.159 0.417 0.163 -0.244 -0.329 -0.406
4 0.848 -1.959 -1.527 -2.358 -4.421 0.222 -0.539 -0.406 -0.503 -0.908
Big 0.954 -1.578 -2.483 -2.914 -2.423 0.325 -0.575 -0.840 -0.804 -0.518

Panel C: Loading on ∆Misalltop
β t(β)

Low 2 3 4 High Low 2 3 4 High
Small -7.608 -6.667∗ -7.897∗∗ -7.387∗∗ -8.365∗ -1.599 -1.673 -2.153 -1.961 -1.845
2 -6.447 -6.946∗ -7.139∗∗ -6.877∗ -7.681∗ -1.538 -1.916 -1.967 -1.882 -1.850
3 -5.878 -6.773∗∗ -5.761∗ -6.445∗ -7.388∗ -1.447 -2.012 -1.724 -1.787 -1.795
4 -5.252 -4.536 -4.652 -6.766∗∗ -6.383∗ -1.519 -1.428 -1.474 -1.979 -1.774
Big -4.117 -3.042 -1.537 -2.283 -5.030 -1.594 -1.317 -0.590 -0.861 -1.336

Panel D: Loading on ∆MPK spread
β t(β)

Low 2 3 4 High Low 2 3 4 High
Small -12.973∗∗ -11.059∗∗ -11.839∗∗ -12.092∗∗ -16.284∗∗ -2.539 -2.449 -2.560 -2.338 -2.333
2 -11.703∗∗ -9.488∗∗ -10.191∗∗ -11.290∗∗ -12.863∗∗ -2.442 -2.368 -2.358 -2.423 -2.070
3 -6.934∗ -8.291∗∗ -10.171∗∗∗ -11.427∗∗ -10.713∗ -1.739 -2.274 -2.700 -2.542 -1.718
4 -5.955 -8.478∗∗ -9.350∗∗ -12.357∗∗∗ -13.146∗∗ -1.544 -2.453 -2.541 -2.717 -2.507
Big -4.536∗ -7.993∗∗∗ -7.024∗∗ -9.558∗∗ -10.299∗∗ -1.649 -2.811 -2.346 -2.412 -2.156

Description. This table reports the factor loadings on changes in aggregate misallocation and its com-
ponents for each of the 25 size × book-to-market portfolios, i.e. the betas from the first stage of Fama-
MacBeth regressions. Particularly, for each test portfolio i, I estimate the factor loadings using time-series
regression of the excess returns against the risk factor(s): Re

it = ci + ∑k βik fkt + uit. The sample runs from
1975:Q1 to 2023:Q4.
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The stock’s exposure to the changes in misallocation equals the misallocation-beta

estimated from these regressions. Each quarter, I sort stocks into quintiles based on

their misallocation-beta, lagging by one quarter. I hold and rebalance the portfolio

every quarter.

Table 2.3 reports the average (expected) returns and the abnormal returns (alpha)

when stocks are sorted into portfolios based on the exposure to the MPK spread. Portfo-

lio returns are value-weighted by market cap. Across the portfolios, the average excess

returns decrease as the exposure to changes in the MPK spread rises from Quintile 1

(11.3%) to Quintile 5 (7.2%). Importantly, stocks in Quintile 1 have a negative exposure

to exposure to changes in the MPK spread. The expected return reduces when mis-

allocation increases, i.e. a positive change in misallocation, making these stocks risky.

Hence, they carry higher risk premia. Whereas, stocks in Quintile 5 have a low expected

return. These stocks have a positive exposure to changes in the MPK spread. That is,

their expected returns increase when misallocation rises, making them a hedge. Thus,

these stocks carry lower risk premia. The long-short portfolio (Q5–Q1) has an average

excess return of −4.1% per year with a t-statistic of −2.72, consistent with the negative

price of risk of changes in the MPK spread.

The long-short portfolio has a negative and significant abnormal return (alpha) in all

asset pricing models - the CAPM, Fama and French (1992b, 1993b) three-factor, and the

Fama and French (2015a) five-factor models. Interestingly, the market beta is insignif-

icant in the long-short portfolios across all models. The Appendix shows the same set

of results for the exposure to the changes in aggregate misallocation and changes in

the misallocation within each portfolio. Yet, the results are insignificant. These results

strengthen the mechanism for the negative price of risk of the changes in the MPK

spread.

Table A2 reports the results using the equally weighted returns. The average returns

in each portfolio become higher but the long-short returns remain negative at −3.2%

per year and significant at the 5% level. Across the CAPM, Fama and French (1992b,

1993b) three-factor, and the Fama and French (2015a) five-factor models, the alphas are
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Table 2.3: Exposure to changes in the MPK spread (value-weighted results)

Q1 (low) Q2 Q3 Q4 Q5 (high) Q5–Q1

Panel A: Expected return
Re 11.298∗∗∗ 9.468∗∗∗ 9.286∗∗∗ 7.052∗∗∗ 7.158∗∗∗ -4.140∗∗∗

(6.34) (5.74) (5.71) (4.69) (5.72) (-2.72)

Panel B: CAPM
MKT 1.220∗∗∗ 0.983∗∗∗ 0.915∗∗∗ 0.988∗∗∗ 1.182∗∗∗ -0.038

(23.05) (46.49) (38.53) (39.35) (28.79) (-0.63)
αCAPM 0.594 0.843 1.258∗ -1.617∗∗ -3.213∗∗ -3.807∗∗

(0.41) (1.16) (1.79) (-2.08) (-2.57) (-2.12)

Panel C: FF3 + UMD
MKT 1.149∗∗∗ 0.980∗∗∗ 0.927∗∗∗ 0.997∗∗∗ 1.094∗∗∗ -0.055

(20.50) (36.01) (34.89) (34.31) (24.06) (-0.82)
SMB 0.174∗∗ -0.033 -0.083∗∗ -0.045 0.205∗∗∗ 0.031

(2.25) (-0.73) (-2.03) (-0.89) (2.76) (0.32)
HML -0.191∗∗ -0.016 0.002 -0.047 -0.181∗∗∗ 0.010

(-2.46) (-0.46) (0.06) (-1.25) (-3.87) (0.11)
UMD 0.005 -0.038 -0.043 0.034 -0.052 -0.056

(0.09) (-1.27) (-1.48) (1.09) (-0.91) (-0.87)
αFF3+UMD 1.329 1.253 1.647∗∗ -1.673∗∗ -2.056 -3.384∗

(0.83) (1.51) (2.27) (-2.09) (-1.59) (-1.68)

Panel D: FF5
MKT 1.131∗∗∗ 0.997∗∗∗ 0.961∗∗∗ 1.019∗∗∗ 1.086∗∗∗ -0.045

(21.48) (35.80) (38.03) (37.63) (23.46) (-0.66)
SMB 0.132∗ -0.022 -0.045 -0.029 0.191∗∗ 0.059

(1.82) (-0.49) (-1.09) (-0.60) (2.53) (0.62)
HML -0.231∗∗ -0.066 -0.064 -0.166∗∗∗ -0.139∗ 0.093

(-2.48) (-1.50) (-1.55) (-4.02) (-1.84) (0.81)
RMW -1.044∗∗ 0.003 0.618∗∗∗ 0.466∗∗ -0.605∗∗ 0.439

(-2.50) (0.02) (3.54) (2.19) (-2.11) (0.84)
CMA 0.589 0.513∗ 0.506∗ 0.821∗∗∗ -0.097 -0.686

(1.17) (1.71) (1.97) (3.35) (-0.19) (-1.07)
αFF5 2.419 0.569 0.103 -2.455∗∗∗ -1.694 -4.113∗∗

(1.64) (0.71) (0.15) (-3.14) (-1.38) (-2.06)
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports value-weighted average excess returns and alphas in annual percentage
for portfolios sorted on exposure to changes in the MPK spread. For each stock, I regress the quarterly
excess returns either on changes in misallocation or each component by a rolling window of 20 quarters
(with a minimum of 12 quarters available). Each quarter, I sort stocks into quintiles based on their
misallocation-beta, lagging by one quarter. I hold and rebalance the portfolio every quarter. The sample
runs from 1975:Q1 to 2023:Q4.
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Table 2.4: Post-formation portfolio exposure

Q1 (low) Q2 Q3 Q4 Q5 (high) Q5–Q1

Panel A: Value-weighted portfolios
MKT 1.281∗∗∗ 1.029∗∗∗ 0.864∗∗∗ 0.954∗∗∗ 1.137∗∗∗ -0.144∗∗

(24.58) (43.55) (37.05) (40.69) (27.94) (-2.51)
∆MPK spread -0.666∗∗ 0.063 -0.195 0.148 0.207 0.873∗∗

(-2.19) (0.35) (-1.16) (0.92) (0.77) (2.23)
α -0.019 -0.046 0.082 0.191 -0.118 -0.099

(-0.05) (-0.27) (0.50) (1.00) (-0.42) (-0.20)

Panel B: Equally weighted portfolios
MKT 1.461∗∗∗ 1.138∗∗∗ 1.111∗∗∗ 1.136∗∗∗ 1.311∗∗∗ -0.150∗∗∗

(20.62) (21.93) (22.25) (19.91) (18.32) (-3.51)
∆MPK spread -1.327∗∗∗ -0.479 -0.441 -0.325 -0.701 0.626∗∗

(-2.74) (-1.43) (-1.44) (-1.04) (-1.54) (2.16)
α 0.853 0.847∗∗ 0.727∗∗ 0.902∗∗ 0.828∗ -0.025

(1.59) (2.15) (2.13) (2.41) (1.69) (-0.07)
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the betas from the regression of portfolio returns, whose portfolios are
sorted on the stock exposure to changes in the MPK spread, against the market and changes in the MPK
spread. The sample runs from 1975:Q1 to 2023:Q4.

significantly negative so the standard asset pricing models cannot explain the abnormal

returns to the exposure to changes in the MPK spread.

Table A3 reports the value-weighted average characteristic of the stocks in each

quintile portfolio. The results show that, on average, stocks negatively exposed to

changes in the MPK spread (Quintile 1) tend to be smaller (low market cap), lower

market power (markup), value firma, young (lower duration), but more innovative

than stocks positively exposes to changes (Quintile 5). Thus, non-superstar firms tend

to be negatively exposed to changes in the MPK spread. Whereas, superstar firms tend

to be positively exposed to theses changes. Consistently, non-superstar firms tend to be

risky, and superstar firms tend to provide a hedge during economic downturns against

changes in the MPK spread.

After sorting stocks into the portfolios, we can examine in the post-formation pe-

riod whether the beta of each portfolio lines up. Table 2.4 reports the coefficients from

regressing value-weighted/equally weighted returns of each portfolio on the changes

in MPK spread and the market factor. The post-formation portfolios show a negative
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Table 2.5: Portfolio spanning tests

Panel A: Benchmark = Long-short returns to ∆Misalltotal-mimicking portfolios
Test portfolio = Returns to ∆Misallrest ∆Misalltop ∆MPK spread

Jensen alpha -0.003 0.004 -0.044∗∗

(-0.49) (0.37) (-2.45)

Panel B: Benchmark = Long-short returns to ∆MPK spread-mimicking portfolios
Test portfolio = Returns to ∆Misallrest ∆Misalltop ∆Misalltotal

Jensen alpha -0.001 0.004 0.005
(-0.03) (0.39) (0.23)

t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the spanning test alphas and the corresponding t-statistics. Panel A
shows the time-series regressions of the returns to the changes in aggregate misallocation on returns to
each component. Panel B shows the regressions of the returns to changes in the MPK spread on the
returns to changes in misallocation in superstars, non-superstars, and all firms. The sample runs from
1975:Q1 to 2023:Q4.

beta in the lowest quintile and a positive beta in the highest quintile. Furthermore, the

intercept is insignificant, implying that no returns remain unexplained in the portfolio.

Thus, the exposure to MPK spread of the long-short portfolio returns is consistent.

2.3.3 Spanning tests

Next, I study the diversification benefits of each portfolio. This section tests whether

the portfolio exposed to changes in the MPK spread adds to the mean-variance effi-

ciency of other portfolios, and vice versa. I regress the returns of the test assets on

the market and the returns of the benchmark assets. If the test assets exactly price the

benchmark assets, then the intercept alphas should equal zero. This is known as the

Jensen measure. Under the null hypothesis, the benchmark assets span the test assets.

If the Jensen measure is significantly different from zero, then adding the test assets to

the benchmark improves the mean-variance efficiency.

Table 2.5 shows the results. In Panel A, the benchmark assets are the returns to

the long-short portfolio exposed to the changes in aggregate misallocation. The Jensen

measure is significantly different from zero for the portfolio exposed to changes in the
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MPK spread as the test asset. Therefore, adding the portfolio exposed to changes in

the MPK spread to the portfolio exposed to the changes in aggregate misallocation

improves the mean-variance efficiency.

Panel B shows the same set of results except that the benchmark assets are the re-

turns to the long-short portfolio exposed to changes in the MPK spread. The portfolio

exposed to changes in the MPK spread prices all benchmark portfolios. Hence, Adding

the portfolio exposed to changes in the MPK spread improves the mean-variance effi-

ciency of the portfolio exposed to the changes in the aggregate misallocation and other

portfolios.

2.4 Predicting economic growth

A candidate for ICAPM state variables must forecast the investment opportunities.

In this section, I examine the predictability of the MPK spread for future economic

growth. Particularly, I use the non-standardized variables to avoid forward-looking

bias and run the standard predictive regressions.

Panel A of Table 2.6 reports the results of the following predictive regression:

∆CGt:t+k = α + βzt + ϵt:t+k, z ∈ {Misalltotal, Misallrest, Misalltop, MPK spread} (2.9)

where CGt:t+k is the per capita real consumption growth (nondurable and services) in

k quarters. In each quarter, real consumption per capita is the total real consumption of

nondurable goods and services, divided by the total population. The predictive vari-

ables zt are the aggregate misallocation, misallocation among non-superstars, misallo-

cation among superstars, and the MPK spread. The columns show results for k = 1, 4, 8

and 12 quarters. I calculate standard errors based on Hodrick (1992) and based on

Newey and West (1987) with k − 1 lags.

From 1 to 8 quarters ahead, the MPK spread negatively predicts changes in per

capita real consumption growth. The coefficient is significant at 1% level, with an ad-

justed R-squared of more than 6% across the quarters. The magnitude of the forecast
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Table 2.6: Predicting proxies for economic growth

Misalltotal Misallrest Misalltop MPK spread

β̂ R2 RMSE β̂ R2 RMSE β̂ R2 RMSE β̂ R2 RMSE

Panel A: Per capita real consumption growth
k = 1 -0.091 0.006 1.008 -0.086 0.005 1.008 -0.697 0.057 0.982 -0.271 0.039 0.991

(-0.59) (-0.56) (-1.13) (-3.39)∗∗∗

[-0.59] [-0.56] [-1.12] [-3.38]∗∗∗

k = 4 0.067 0.001 1.855 0.080 0.001 1.855 -0.550 0.010 1.847 -0.750 0.089 1.772
(0.36) (0.41) (-1.16) (-3.24)∗∗∗

[0.32] [0.37] [-1.10] [-3.00]∗∗∗

k = 8 0.035 0.000 2.508 0.053 0.000 2.508 -1.077 0.022 2.480 -0.756 0.050 2.444
(0.09) (0.13) (-0.99) (-2.59)∗∗∗

[0.08] [0.12] [-0.96] [-2.64]∗∗∗

k = 12 -0.166 0.002 3.058 -0.151 0.002 3.058 -1.832 0.043 2.995 -0.333 0.007 3.051
(-0.32) (-0.28) (-1.14) (-0.87)
[-0.32] [-0.28] [-1.13] [-0.88]

Panel B: Industrial production growth
k = 1 -0.278 0.020 1.753 -0.272 0.017 1.755 -1.458 0.081 1.697 -0.282 0.014 1.759

(-1.20) (-1.17) (-1.73)∗ (-1.57)
[-1.20] [-1.16] [-1.72]∗ [-1.56]

k = 4 -0.524 0.012 4.288 -0.522 0.011 4.290 -1.964 0.025 4.260 -1.176 0.040 4.225
(-1.03) (-0.99) (-1.39) (-2.19)∗∗

[-0.93] [-0.89] [-1.29] [-2.13]∗∗

k = 8 -0.914 0.017 6.345 -0.923 0.016 6.348 -2.350 0.016 6.347 -2.423 0.079 6.139
(-0.72) (-0.70) (-0.93) (-3.38)∗∗∗

[-0.69] [-0.67] [-0.91] [-3.34]∗∗∗

k = 12 -1.363 0.026 7.559 -1.402 0.026 7.561 -2.054 0.009 7.628 -1.662 0.027 7.558
(-0.78) (-0.78) (-0.67) (-1.70)∗

[-0.77] [-0.76] [-0.67] [-1.71]∗

Panel C: Employment growth
k = 1 -0.093 0.007 0.994 -0.089 0.006 0.995 -0.585 0.041 0.977 -0.153 0.013 0.991

(-0.64) (-0.62) (-1.01) (-2.30)∗∗

[-0.64] [-0.62] [-1.00] [-2.28]∗∗

k = 4 0.148 0.007 1.538 0.163 0.008 1.537 -0.429 0.009 1.537 -0.497 0.056 1.500
(1.04) (1.10) (-1.01) (-2.49)∗∗

[0.94] [1.00] [-0.94] [-2.38]∗∗

k = 8 0.294 0.016 2.114 0.317 0.017 2.112 -0.501 0.007 2.123 -0.887 0.096 2.026
(0.83) (0.87) (-0.58) (-4.04)∗∗∗

[0.80] [0.83] [-0.56] [-3.98]∗∗∗

k = 12 0.260 0.009 2.459 0.282 0.010 2.458 -0.560 0.006 2.463 -0.585 0.032 2.431
(0.54) (0.56) (-0.50) (-2.24)∗∗

[0.53] [0.55] [-0.49] [-2.28]∗∗

t-ratio of Hodrick (1992) with k-1 lags in parentheses. t-ratio of Newey-West (1987) with k-1 lags in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the results of the following predictive regression:

Qt:t+k = α + βzt + ϵt:t+k,

where Q ∈ {CG, IP, E}. The macroeconomic data to construct this measure are obtained from the Bureau
of Economic Analysis. The predictive variables zt are aggregate misallocation, misallocation among non-
superstars, misallocation among superstars, and the MPK spread. The sample runs from 1975:Q1 to
2022:Q4.
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is also larger at a longer horizon. The aggregate misallocation, misallocation among

non-superstars, and misallocation among superstars on the other hand are statistically

and economically insignificant.

Panel B of Table 2.6 reports the results of the following predictive regression:

∆IPt:t+k = α + βzt + ϵt:t+k (2.10)

where IPt:t+k is the industrial production growth in k quarters. From 8 to 12 quar-

ters forward, the MPK spread also predicts negative changes in industrial production

growth. Other variables in contrast yield no significant predictive results.

Panel C of Table 2.6 reports the results of the following predictive regression:

∆Et:t+k = α + βzt + ϵt:t+k (2.11)

where Et:t+k is the log employment growth in k quarters. The MPK spread on the other

hand predicts higher changes in employment growth. Other variables in contrast yield

no significant predictive results.

Consistently, changes in the MPK spread also robustly predict negative economic

growth. Table 2.11 reports the same set of regressions when changes in aggregate misal-

location and the MPK spread act as predictors. Changes in the MPK spread negatively

predict consumption growth, industrial growth, and employment growth. Although

the changes in aggregate misallocation have some predictive power in some models,

the positive sign is counter-intuitive since higher misallocation as in the literature pre-

dicts lower economic growth and hence consumption growth (David, Hopenhayn, and

Venkateswaran, 2016).

Intuitively, the predictability results support the mechanism that superstar firms

attract more capital disproportionally due to their market power rather than their pro-

ductivity. If the driving factor is productivity, it would be considered good news for the

economy, making it unclear why it would be associated with negative outcomes such

as slower economic growth, and declining employment. Therefore, the results suggest
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that the observed effects are not tied to productive efficiency but rather to the influence

of market power, which could negatively impact these economic indicators.

Finally, I test the mechanism that the MPK spread dampens innovation activity in

the short run. I test the predictability of the MPK spread for innovation growth using

the following predictive regression:

∆It:t+k = α + βzt + ϵt:t+k (2.12)

where It:t+k is the innovation growth in k quarters.

Table 2.7 reports the results for k = 1, 2, 3, 4, 5 and 6 quarters. I construct the inno-

vation proxy It as the natural logarithm of one plus the total number of patent applica-

tions divided by the total firm market cap on the aggregate level, within superstars, and

within non-superstars portfolios. Panel A shows that the MPK spread predicts negative

changes in innovation growth. Both statistical significance and economic significance

are large comparing to the aggregate capital misallocation.

Panel B uses changes in innovation growth among non-superstars as the dependent

variable. In all quarters, the MPK spread significantly predicts negative changes in

innovation growth among non-superstars. Both economic significance and statistical

significance increase with the horizon from 1 to 5 quarters. Whereas, the coefficients

for aggregate misallocation across all quarters are not significant.

Yet, when Panel C uses changes in innovation growth among superstars as the de-

pendent variable, no coefficients are statistically and economically significant. These

results imply a higher discrepancy in the mean productive use of capital between su-

perstars and non-superstars discourages innovation activity in the economy, especially

among non-superstars, leading to lower economic growth in the long run.

This implication is consistent with Bae, Bailey, and Kang (2021) who also find that

higher stock market concentration is associated with lower innovation activity. It is

also consistent with Kung and Schmid (2015) who show that innovation endogenously

generates long-run fluctuation in economic growth. In contrast, the aggregate capital

misallocation, the misallocation among superstars and among non-superstars do not
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Table 2.7: Predicting innovation growth

Misalltotal Misallrest Misalltop MPK spread

β̂ R2 RMSE β̂ R2 RMSE β̂ R2 RMSE β̂ R2 RMSE

Panel A: Aggregate innovation growth
k = 1 -0.001 0.000 0.025 -0.002 0.000 0.025 0.488 0.005 0.025 -6.516 0.013 0.025

(-0.06) (-0.08) (0.90) (-2.23)∗∗

[-0.06] [-0.08] [0.89] [-2.22]∗∗

k = 2 0.007 0.001 0.033 0.006 0.000 0.033 0.868 0.009 0.032 -7.089 0.009 0.032
(0.22) (0.19) (1.14) (-1.91)∗

[0.20] [0.17] [1.01] [-1.77]∗

k = 3 0.019 0.004 0.036 0.018 0.003 0.036 1.210 0.015 0.036 -12.314 0.023 0.036
(0.50) (0.48) (1.25) (-2.46)∗∗

[0.47] [0.45] [1.17] [-2.37]∗∗

k = 4 0.037 0.014 0.036 0.036 0.013 0.036 1.653 0.028 0.036 -10.875 0.018 0.036
(0.82) (0.80) (1.38) (-2.27)∗∗

[0.79] [0.77] [1.32] [-2.19]∗∗

k = 5 0.047 0.020 0.038 0.046 0.019 0.038 2.133 0.041 0.037 -8.159 0.009 0.038
(0.91) (0.88) (1.41) (-1.10)
[0.87] [0.85] [1.36] [-1.09]

k = 6 0.065 0.035 0.040 0.064 0.033 0.040 2.850 0.066 0.039 -4.687 0.003 0.040
(1.11) (1.08) (1.58) (-0.48)
[1.09] [1.06] [1.55] [-0.48]

Panel B: Innovation growth of non-superstar firms
k = 1 -0.002 0.000 0.030 -0.003 0.000 0.030 0.538 0.004 0.030 -9.215 0.019 0.029

(-0.08) (-0.11) (0.82) (-2.50)∗∗

[-0.08] [-0.11] [0.82] [-2.49]∗∗

k = 2 0.009 0.001 0.038 0.009 0.001 0.038 0.772 0.005 0.038 -10.281 0.015 0.038
(0.28) (0.25) (0.91) (-2.37)∗∗

[0.25] [0.23] [0.81] [-2.20]∗∗

k = 3 0.025 0.005 0.042 0.025 0.004 0.042 0.901 0.006 0.042 -18.665 0.039 0.041
(0.63) (0.61) (0.82) (-3.18)∗∗∗

[0.60] [0.58] [0.78] [-3.09]∗∗∗

k = 4 0.045 0.014 0.043 0.044 0.013 0.043 1.313 0.012 0.043 -15.838 0.026 0.043
(0.94) (0.93) (0.97) (-2.92)∗∗∗

[0.91] [0.89] [0.93] [-2.83]∗∗∗

k = 5 0.055 0.019 0.045 0.054 0.018 0.045 1.790 0.020 0.045 -14.617 0.020 0.045
(0.99) (0.97) (1.06) (-1.68)∗

[0.95] [0.93] [1.03] [-1.68]∗

k = 6 0.075 0.032 0.047 0.075 0.031 0.047 2.400 0.032 0.047 -10.575 0.010 0.048
(1.20) (1.18) (1.19) (-0.95)
[1.17] [1.16] [1.17] [-0.95]

Panel C: Innovation growth of superstar firms
k = 1 0.004 0.000 0.026 0.005 0.000 0.026 0.283 0.002 0.026 0.767 0.000 0.026

(0.16) (0.20) (0.41) (0.25)
[0.15] [0.19] [0.41] [0.25]

k = 2 0.011 0.001 0.038 0.011 0.001 0.038 1.315 0.018 0.036 0.005 0.000 0.038
(0.28) (0.29) (1.11) (0.00)
[0.24] [0.24] [0.95] [0.00]

k = 3 0.022 0.004 0.041 0.019 0.003 0.041 2.201 0.037 0.041 1.727 0.000 0.041
(0.39) (0.32) (1.31) (0.31)
[0.35] [0.29] [1.19] [0.30]

k = 4 0.040 0.010 0.044 0.038 0.009 0.044 2.762 0.050 0.044 -2.111 0.000 0.044
(0.55) (0.51) (1.32) (-0.34)
[0.52] [0.48] [1.22] [-0.34]

k = 5 0.058 0.018 0.049 0.056 0.016 0.049 2.745 0.040 0.049 2.893 0.001 0.050
(0.68) (0.63) (1.13) (0.42)
[0.66] [0.61] [1.09] [0.41]

k = 6 0.075 0.026 0.053 0.074 0.025 0.053 3.290 0.051 0.051 6.101 0.003 0.053
(0.80) (0.75) (1.23) (0.70)
[0.79] [0.74] [1.21] [0.67]

t-ratio of Hodrick (1992) with k−1 lags in parentheses. t-ratio of Newey–West (1987) with k−1 lags in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the results of the following predictive regression:

Rt:t+k = α + βzt + ϵt:t+k,

where It:t+k is the innovation growth in k quarters. The predictive variables zt are the aggregate misal-
location and the MPK spread. The predictive variables zt are the aggregate misallocation and the MPK
spread. The columns show results for k = 1, 2, 3, 4, 5 and 6 quarters. I construct the innovation proxy It
as the natural logarithm of one plus the number of patent applications divided by the firm market cap.
The number of patent is from Kogan, Papanikolaou, Seru, and Stoffman (2017). The sample runs from
1975:Q1 to 2022:Q4.
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show predictive power and their changes do no carry a significantly negative price of

risk. Therefore, only the MPK spread is a good candidate state variable.

2.4.1 Consistency with the ICAPM

In this section, I examine whether changes in capital misallocation between super-

star and non-superstar firms as a risk factor satisfy the restrictions under the ICAPM

framework. Maio and Santa-Clara (2012) proposes three restrictions associated with

the ICAPM. The first restriction concerns the forecasting power of state variables for in-

vestment opportunities. Specifically, the state variables must forecast the first moment

(expected returns) or second moment (market volatility) of aggregate stock returns.

Subsequently, I examine whether aggregate capital misallocation or its component

predicts future stock market excess returns. Table 2.8 reports the results of the following

predictive regression:

Re
mkt,t:t+k = α + βzt + ϵt:t+k (2.13)

where Re
mkt,t:t+k = Re

mkt,t+1 + · · ·+ Re
mkt,t+k is continuously compounded market excess

return, using the CRSP value-weighted returns in excess of the US one-month Treasury

Bills rate, from the end of quarter t to the end of quarter t + k.

I construct out-of-sample predictability following Campbell and Thompson (2008).

I estimate the Equation (2.13) using all available returns up to quarter t with a minimum

of 80 quarters. Then I use the estimates α̂t and β̂t, using data from the start of the sample

period to quarter t, to forecast the k-quarter excess return from quarter t to t + k:

R̂e
mkt,t:t+k = α̂t + β̂tzt, (2.14)

The out-of-sample R-squared for the predictive regressions uses the historical aver-
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Table 2.8: Predicting aggregate stock returns

Misalltotal Misallrest Misalltop MPK spread

β̂ R2
IS R2

OOS RMSE β̂ R2
IS R2

OOS RMSE β̂ R2
IS R2

OOS RMSE β̂ R2
IS R2

OOS RMSE

k = 1 0.676 0.008 0.018 6.622 0.729 0.009 0.019 6.620 -1.056 0.003 0.015 6.639 -1.084 0.018 0.002 6.590
(1.44) (1.49) (-0.76) (-2.43)∗∗

[1.43] [1.48] [-0.76] [-2.42]∗∗

k = 4 1.304 0.013 0.023 10.082 1.396 0.014 0.024 10.078 -1.398 0.002 0.014 10.137 -1.654 0.018 0.003 10.058
(1.95)∗ (2.02)∗∗ (-0.60) (-2.66)∗∗∗

[1.61] [1.67]∗ [-0.51] [-2.24]∗∗

k = 8 1.660 0.013 0.020 12.822 1.777 0.014 0.021 12.817 -1.561 0.002 0.011 12.896 -2.613 0.028 -0.005 12.728
(1.51) (1.57) (-0.43) (-2.53)∗∗

[1.33] [1.38] [-0.39] [-2.26]∗∗

k = 12 2.038 0.015 0.017 14.973 2.181 0.016 0.018 14.967 -2.028 0.002 0.014 15.068 -2.815 0.024 -0.011 14.906
(1.28) (1.32) (-0.41) (-1.87)∗

[1.18] [1.22] [-0.38] [-1.75]∗

t-ratio of Hodrick (1992) with k-1 lags in parentheses. t-ratio of Newey-West (1987) with k-1 lags in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the results of the following predictive regression:

Re
mkt,t:t+k = α + βzt + ϵt:t+k,

where Re
mkt,t:t+k is the stock market excess returns in k quarters. Stock market returns are the value-

weighted CRSP returns in excess of the risk-free rate. The predictive variables zt are aggregate misallo-
cation, misallocation among non-superstars, misallocation among superstars, and the MPK spread. The
sample runs from 1975:Q1 to 2022:Q4.

age excess market return as a benchmark as follows:

R2
OOS = 1 − ∑T−k

t=80(Rmkt,t:t+k − R̂mkt,t:t+k)
2

∑T−k
t=80(Rmkt,t:t+k − kR̄mkt,1:t)2

, (2.15)

where R̄mkt,1:t is the average excess market return up to quarter t, and T represents

the length of the return series. The summation covers all quarters starting in quarter

241. The out-of-sample R-squared can be negative if the predictive variable has poor

out-of-sample predictability.

As a result, the MPK spread negatively predicts the future stock market returns in

all quarters. The coefficient is significant at the 5% level for 1 quarter and 1% level for

4 quarters ahead. The in-sample R-squared is approximately 1.8% for 1 and 4 quarters

and 2.8% for 8 quarters. The out-of-sample R-squared is positive and is approximately

0.2% and 0.5%. Thus, the MPK spread satisfies the first restriction for the ICAPM al-

though the goodness of fit is relatively low.

The second restriction concerns the relationship between the predictive power of

the state variable and the risk premium of the risk factor. Specifically, if a state variable
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forecasts positive (negative) expected returns, then the innovation or changes in the

state variable as a risk factor should earn a positive (negative) price of risk. Previous

findings show that the MPK spread negatively predicts investment opportunities and

changes in the MPK spread are negatively priced in the cross-sectional tests. Thus,

these findings satisfy the second restriction for the ICAPM.

Intuitively, an asset negatively exposed to innovations in a state variable also neg-

atively covaries with future expected returns. Such an asset provides a hedge against

reinvestment risk, as it delivers higher returns when aggregate returns are expected

to be lower. Because it offers protection during economic downturns, a risk-averse

investor would be willing to hold this asset even if it offers a lower expected return.

Therefore, a negative covariance with the innovation of the state variable results in a

negative price of risk for the factor, implying that investors accept lower returns for the

benefit of hedging against future economic downturns.

The third restriction requires that the estimated market price of risk, which reflects

the risk-aversion coefficient of the representative investor, must be economically plau-

sible. The ICAPM in unconditional form with a hedging risk factor and the market has

the form

E(Re
i,t+1) = γm Cov(Re

i,t+1, MKTt+1) + γz Cov(Re
i,t+1, ∆zt+1) (2.16)

Intuitively, for an asset that does not provide a hedge against changes in current

aggregate wealth, as it pays in good times (periods with high returns on wealth), a

risk-averse investor would be willing to hold such an asset only if it offers a premium

over the risk-free rate. Following Maio and Santa-Clara (2012), I estimate the price of

risk of each factor γ using the GMM system with N + 2 moment conditions:
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gT(b) ≡
1
T

T−1

∑
t=0


Re

i,t+1 − γmRe
i,t+1(MKTt+1 − µm)

−γzRe
i,t+1(∆zt+1 − µz)

MKTt+1 − µm

∆zt+1 − µz

 = 0, i = 1, . . . , N. (2.17)

The first factor in this model is the market with unconditional mean µm. The second

factor is the changes in the state variable z ∈ {Misalltotal, Misallrest, Misalltop, MPK spread}.

To test the goodness of fit, I construct the mean absolute pricing error (MAE)

MAE =
1
N

N

∑
i=1

|α̂i|, (2.18)

where α̂i, i = 1, . . . , N represents the pricing errors associated with the N test assets.

The second measure is the cross-sectional OLS R-squared:

R2
OLS = 1 − VarN(α̂i)

VarN(R̄i)
, (2.19)

where R̄i = 1
T ∑T−1

t=0 Re
i,t+1 is the average excess return for asset i. R2

OLS measures

the fraction of the cross-sectional variance in average excess returns explained by the

model.

Table 2.9 reports the estimation of the first-stage GMM using equally weighted er-

rors, using the same test portfolio as in Maio and Santa-Clara (2012). In particular, the

coefficient of relative risk aversion (RRA) should fall within a reasonable range, typi-

cally between 1 and 10 (Mehra and Prescott, 1985). In all models, the risk price of the

market is significantly positive and has a magnitude of approximately 5. However,

only Regression (4) shows a significant negative price of risk of the changes in the state

variable, particularly the MPK spread. This result is consistent with the results in the

Fama-Macbeth regressions. Thus, these findings satisfy the third restriction.

In conclusion, the MPK spread predicts changes in economic growth and aggregate

stock returns. Changes in the MPK spread, exacerbating capital misallocation, repre-
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Table 2.9: Factor risk premiums for empirical risk factors

(1) (2) (3) (4)

Panel A: 25 size×book-to-market portfolios
MKT
γ 5.945∗∗∗ 5.823∗∗∗ 5.945∗∗∗ 5.343∗∗∗

(10.49) (9.95) (10.81) (8.85)
∆Misalltotal
γ 0.098∗

(1.81)
∆Misallrest
γ 0.115∗∗

(2.03)
∆Misalltop
γ -0.066∗

(-1.75)
∆MPK spread
γ -0.256∗∗∗

(-5.38)

R2
OLS 0.661 0.663 0.666 0.490

MAE 0.021 0.020 0.022 0.018

Panel B: 25 size×momentum portfolios
MKT
γ 5.409∗∗∗ 5.596∗∗∗ 5.902∗∗∗ 5.399∗∗∗

(7.82) (8.39) (9.71) (9.18)
∆Misalltotal
γ 0.154∗∗

(2.52)
∆Misallrest
γ 0.129∗∗

(2.34)
∆Misalltop
γ 0.012

(0.22)
∆MPK spread
γ -0.273∗∗∗

(-7.28)

R2
OLS 0.659 0.663 0.466 0.610

MAE 0.018 0.020 0.022 0.020
GMM robust t-statistics in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the estimation from the first-stage GMM with equally weighted errors.
The test portfolio includes 25 size×book-to-market portfolios in Panel A and 25 size×momentum port-
folios in Panel B. The coefficient γ represents the price of risk for the corresponding factor. The sample
runs from 1975:Q1 to 2022:Q4.
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sent bad news for investors whose marginal utility depends on long-run consumption

growth. Hence, consistent with the ICAPM framework, the MPK spread is a state vari-

able, and changes in the MPK spread are a priced risk factor.

2.5 Robustness tests

In this section, I check the robustness of the main findings. The main results are

robust to alternative definitions of superstars, additional test portfolios in the Fama-

MacBeth regressions, industry classifications, value-weighted capital misallocation, types

of capital, subsample periods, and annual frequency data.

2.5.1 Alternative definitions of superstar firms

To identify superstar firms, I adopt a widely used approach that defines them as

the largest firms based on market capitalization or sales (Bae, Bailey, and Kang, 2021;

Schlingemann and Stulz, 2022). While the number of listed firms in the U.S. stock mar-

ket increased substantially before the 2000s and has since declined, the concentration

of superstar firms within the top decile of market capitalization and sales distribution

has remained relatively stable.

Table 2.10 shows that the pricing results are robust to defining superstar firms as the

50 firms sorted by market cap and sales. The MPK spread is negatively priced, although

the significance is relatively weaker. Yes, it is consistent with the main findings as the

top 50 superstar firms sorted by market cap or sales are nearly identical to superstar

firms identified by markup shares.

The main mechanism driving the MPK spread in this paper is the markup of super-

star firms. Ayyagari, Demirgüç-Kunt, and Maksimovic (2024) find that markups are

positively related to a greater probability of being a star firm. However, another po-

tential friction contributing to capital misallocation could be financial constraints. To

investigate this alternative, I estimate firm-level financial constraints using two stan-

dard proxies: the Kaplan and Zingales (1997) index (KZ index) and the Whited and Wu
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Table 2.10: Pricing 35 portfolios by alternative definition of superstars

Top 50 firms sorted on market cap Top 50 firms sorted on sale

(1) (2) (3) (4) (5) (6) (7) (8)

Constant 12.090 10.792 10.978 9.870 14.968 10.838 12.166 14.435
(3.67)∗∗∗ (3.25)∗∗∗ (3.28)∗∗∗ (2.89)∗∗∗ (4.51)∗∗∗ (3.21)∗∗∗ (3.74)∗∗∗ (4.51)∗∗∗

[3.67]∗∗∗ [2.99]∗∗∗ [3.18]∗∗∗ [2.33]∗∗ [3.49]∗∗∗ [3.09]∗∗∗ [3.70]∗∗∗ [3.53]∗∗∗

MKT -0.257 -0.057 -0.057 0.073 -1.089 -0.027 -0.342 -0.931
(-0.25) (-0.05) (-0.05) (0.07) (-1.10) (-0.03) (-0.34) (-0.95)
[-0.22] [-0.04] [-0.05] [0.05] [-0.77] [-0.02] [-0.29] [-0.67]

∆Misalltotal -0.435
(-0.99)
[-0.90]

∆Misallrest -1.189 -1.267
(-0.65) (-0.69)
[-0.62] [-0.65]

∆Misalltop -0.182 -0.034
(-1.55) (-0.54)
[-1.24] [-0.51]

∆MPK spread -0.147 -0.154
(-2.30)∗∗ (-2.67)∗∗∗

[-1.76]∗ [-2.05]∗∗

R2 0.012 0.064 0.038 0.140 0.129 0.040 0.035 0.144
Adj. R2 -0.018 0.006 -0.022 0.086 0.074 -0.020 -0.026 0.091
RMSE 2.701 2.669 2.707 2.560 2.576 2.704 2.712 2.553
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 size × book-to-market and 10 momentum portfolios. The sample runs from 1975:Q1 to
2023:Q4. Returns and risk premia are reported in percent per year (quarterly percentages multiplied
by four). For robustness, I identify superstars as the top 50 firms sorted on market cap or sales each
quarter.
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(2006) index (WW index). Higher values of these indices correspond to greater finan-

cial constraints. Accordingly, I redefine superstar firms as the bottom 5% within their

industries based on financial constraints. Results reported in Table A5 indicate that

the price of risk of the MPK spread is not significant under this alternative definition,

suggesting that financial constraints do not drive my asset pricing results.

Additionally, I test the robustness of these findings by splitting the sample into top

and bottom halves based on markup. When I randomly select 50 firms from each half

and repeat this process 500 times, the results indicate that only 4.8% of the changes in

the MPK spread are statistically significant at the 5% level (see Table A1). This simula-

tion supports the conclusion that essentially superstar firms’ markup drives the MPK

spread.

2.5.2 Predictability of risk factors

Consistently, if a state variable predicts future economic growth and stock market

returns, then changes in the state variable should also predict these variables since they

carry the same information. Thus, I run the same predictive regressions using changes

in the aggregate capital misallocation and changes in MPK spread.

Panel A of Table 2.11 reports the results of predicting per capita real consumption

growth (nondurable and services) in k quarters. The predictive variables zt are changes

in the aggregate misallocation and the MPK spread. The columns show results for

k = 1, 4, 8, 12 and 20 quarters. In all quarters forward, higher changes in the MPK

spread predict lower changes in per capita real consumption growth. The coefficient is

the most significant at 8 and 12 quarters forward, with an adjusted R-squared of 6-7% in

Regression (6) and (8). The changes in aggregate misallocation on the other hand have

a statistically significant power in 4, 8, and 12 quarters but the economic significance

is almost close to zero and has a counter-intuitive sign since higher misallocation as

in the literature predicts lower economic growth hence consumption growth (David,

Hopenhayn, and Venkateswaran, 2016).

Panel B reports the results of predicting industrial production growth. In 8,12, and
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Table 2.11: Predicting economic growth using risk factors

∆Misalltotal ∆Misallrest ∆Misalltop ∆MPK spread

β̂ R2 RMSE β̂ R2 RMSE β̂ R2 RMSE β̂ R2 RMSE

Panel A: Per-capita real consumption growth
k = 1 -0.193 0.037 0.992 -0.172 0.030 0.996 -0.349 0.067 0.976 -0.191 0.021 1.000

(-0.83) (-0.77) (-1.37) (-2.38)∗∗

[-0.82] [-0.76] [-1.36] [-2.37]∗∗

k = 4 0.305 0.028 1.830 0.322 0.031 1.827 -0.207 0.007 1.850 -0.687 0.081 1.779
(1.91)∗ (2.07)∗∗ (-1.18) (-2.59)∗∗∗

[2.12]∗∗ [2.27]∗∗ [-1.27] [-2.39]∗∗

k = 8 0.648 0.069 2.420 0.681 0.076 2.411 -0.272 0.007 2.499 -0.855 0.070 2.418
(2.61)∗∗∗ (2.86)∗∗∗ (-0.81) (-2.86)∗∗∗

[2.59]∗∗ [2.84]∗∗∗ [-0.79] [-2.90]∗∗∗

k = 12 0.840 0.071 2.951 0.885 0.079 2.939 -0.420 0.010 3.046 -0.935 0.058 2.972
(2.32)∗∗ (2.60)∗∗∗ (-0.88) (-2.90)∗∗∗

[2.35]∗∗ [2.64]∗∗∗ [-0.87] [-2.98]∗∗∗

Panel B: Industrial production growth
k = 1 -0.255 0.021 1.752 -0.219 0.016 1.757 -0.605 0.066 1.711 0.014 0.000 1.771

(-0.79) (-0.70) (-1.69)∗ (0.09)
[-0.78] [-0.70] [-1.68]∗ [0.09]

k = 4 0.189 0.002 4.309 0.272 0.004 4.305 -1.266 0.049 4.206 -0.217 0.001 4.310
(0.41) (0.57) (-3.64)∗∗∗ (-0.35)
[0.39] [0.54] [-3.52]∗∗∗ [-0.34]

k = 8 0.698 0.012 6.360 0.868 0.019 6.338 -2.261 0.072 6.163 -1.523 0.034 6.288
(1.16) (1.56) (-2.63)∗∗∗ (-2.14)∗∗

[1.16] [1.57] [-2.55]∗∗ [-2.14]∗∗

k = 12 0.603 0.006 7.638 0.833 0.011 7.618 -3.041 0.086 7.324 -1.518 0.024 7.567
(0.72) (1.10) (-2.85)∗∗∗ (-2.00)∗∗

[0.71] [1.10] [-2.82]∗∗∗ [-2.04]∗∗

Panel C: Employment growth
k = 1 -0.221 0.050 0.972 -0.206 0.044 0.975 -0.265 0.040 0.977 -0.021 0.000 0.997

(-1.05) (-1.03) (-1.14) (-0.21)
[-1.05] [-1.02] [-1.14] [-0.21]

k = 4 0.059 0.002 1.543 0.073 0.002 1.542 -0.230 0.013 1.534 -0.217 0.012 1.535
(0.36) (0.43) (-1.96)∗∗ (-0.84)
[0.36] [0.44] [-2.32]∗∗ [-0.80]

k = 8 0.412 0.038 2.089 0.442 0.044 2.083 -0.323 0.013 2.116 -0.632 0.053 2.073
(2.04)∗∗ (2.20)∗∗ (-1.41) (-2.22)∗∗

[2.08]∗∗ [2.26]∗∗ [-1.37] [-2.22]∗∗

k = 12 0.547 0.046 2.413 0.594 0.054 2.403 -0.524 0.025 2.440 -0.654 0.043 2.417
(2.41)∗∗ (2.82)∗∗∗ (-1.54) (-2.41)∗∗

[2.42]∗∗ [2.84]∗∗∗ [-1.52] [-2.47]∗∗

t-ratio of Hodrick (1992) with k−1 lags in parentheses; Newey–West (1987) in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the results of the following predictive regression: Qt:t+k = α + βzt +
ϵt:t+k, where Q ∈ {CG, IP, E, Re

mkt}. The macroeconomic data to construct this measure are obtained
from the Bureau of Economic Analysis. Stock market returns are the value-weighted CRSP returns in
excess of risk-free rate. The predictive variables zt are changes in the aggregate misallocation and the
MPK spread.
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20 quarters forward, higher changes in the MPK spread also predict lower changes in

industrial production growth. Panel C reports the results of predicting employment

growth. Although the changes in aggregate misallocation have predictive power in

8 and 12 quarters ahead, the sign is not economically intuitive. Changes in the MPK

spread on the other hand predict negative changes in employment growth.

2.5.3 Additional test portfolios

This section shows the robustness of the main results by using a different set of test

portfolios. Table 2.12 reports the pricing results in the cross-section of 202 portfolios

used in Giglio and Xiu (2021): 25 portfolios sorted by size and book-to-market ratio,

17 industry portfolios, 25 portfolios sorted by operating profitability and investment,

25 portfolios sorted by size and variance, 35 portfolios sorted by size and net issuance,

25 portfolios sorted by size and accruals, 25 portfolios sorted by size and beta, and 25

portfolios sorted by size and momentum.
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Table 2.12: Pricing Giglio and Xiu (2021)’s 202 portfolios

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Models including MKT factor
Constant 10.479 9.847 9.950 9.652 10.988 9.789 9.738 10.633 10.465

(4.25)∗∗∗ (3.93)∗∗∗ (3.99)∗∗∗ (3.80)∗∗∗ (4.49)∗∗∗ (3.90)∗∗∗ (3.87)∗∗∗ (4.34)∗∗∗ (4.22)∗∗∗

[4.25]∗∗∗ [3.73]∗∗∗ [3.83]∗∗∗ [3.17]∗∗∗ [3.10]∗∗∗ [3.14]∗∗∗ [3.17]∗∗∗ [3.09]∗∗∗ [3.07]∗∗∗

MKT 0.092 0.169 0.166 0.029 -0.336 -0.033 0.005 -0.275 -0.291
(0.10) (0.19) (0.19) (0.03) (-0.39) (-0.04) (0.01) (-0.32) (-0.34)
[0.09] [0.15] [0.15] [0.02] [-0.24] [-0.03] [0.00] [-0.20] [-0.22]

∆Misalltotal -0.345 -0.076 -0.108 -0.027
(-1.68)∗ (-0.47) (-0.66) (-0.16)
[-1.51] [-0.35] [-0.51] [-0.11]

∆Misallrest -0.304 0.010 0.103
(-1.53) (0.06) (0.64)
[-1.38] [0.05] [0.44]

∆Misalltop -0.491 -0.515 -0.311
(-2.16)∗∗ (-2.19)∗∗ (-1.48)
[-1.77]∗ [-1.77]∗ [-1.06]

∆MPK spread -0.960 -0.889 -0.808
(-3.51)∗∗∗ (-3.70)∗∗∗ (-4.02)∗∗∗

[-2.39]∗∗ [-2.59]∗∗ [-2.84]∗∗∗

R2 0.001 0.064 0.046 0.209 0.340 0.238 0.211 0.357 0.386
Adj. R2 -0.004 0.055 0.037 0.201 0.333 0.226 0.199 0.347 0.374
RMSE 2.524 2.449 2.472 2.252 2.057 2.216 2.255 2.036 1.994
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 portfolios sorted by size and book-to-market ratio, 17 industry portfolios, 25 portfolios sorted
by operating profitability and investment, 25 portfolios sorted by size and variance, 35 portfolios sorted
by size and net issuance, 25 portfolios sorted by size and accruals, 25 portfolios sorted by size and beta,
and 25 portfolios sorted by size and momentum. The sample runs from 1975:Q1 to 2023:Q4.
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Table 2.12: Pricing Giglio and Xiu (2021)’s 202 portfolios - continued

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel B: Models including MKT, SMB, HML, and UMD factors
Constant 7.550 7.314 7.279 7.555 7.541 7.077 7.154 7.371 7.107

(3.82)∗∗∗ (3.88)∗∗∗ (3.88)∗∗∗ (3.73)∗∗∗ (3.81)∗∗∗ (3.74)∗∗∗ (3.80)∗∗∗ (3.93)∗∗∗ (3.77)∗∗∗

[3.59]∗∗∗ [3.63]∗∗∗ [3.62]∗∗∗ [3.51]∗∗∗ [3.45]∗∗∗ [3.48]∗∗∗ [3.54]∗∗∗ [3.55]∗∗∗ [3.35]∗∗∗

MKT 0.478 0.537 0.545 0.477 0.461 0.591 0.574 0.505 0.564
(0.61) (0.70) (0.71) (0.60) (0.59) (0.77) (0.74) (0.66) (0.73)
[0.46] [0.52] [0.53] [0.46] [0.43] [0.57] [0.56] [0.48] [0.53]

SMB 0.630 0.625 0.624 0.630 0.628 0.616 0.619 0.624 0.614
(1.66)∗ (1.64) (1.64) (1.66)∗ (1.65) (1.62) (1.63) (1.64) (1.62)
[1.16] [1.14] [1.14] [1.16] [1.13] [1.12] [1.13] [1.12] [1.09]

HML 0.966 0.994 0.994 0.967 0.937 0.992 0.993 0.959 0.956
(1.96)∗ (2.02)∗∗ (2.02)∗∗ (1.96)∗ (1.90)∗ (2.02)∗∗ (2.02)∗∗ (1.95)∗ (1.94)∗

[1.39] [1.43] [1.43] [1.39] [1.32] [1.42] [1.43] [1.35] [1.34]
UMD 1.575 1.618 1.619 1.576 1.622 1.614 1.614 1.650 1.646

(2.82)∗∗∗ (2.89)∗∗∗ (2.89)∗∗∗ (2.82)∗∗∗ (2.90)∗∗∗ (2.88)∗∗∗ (2.88)∗∗∗ (2.95)∗∗∗ (2.94)∗∗∗

[1.97]∗ [2.01]∗∗ [2.01]∗∗ [1.97]∗ [1.98]∗∗ [2.00]∗∗ [2.00]∗∗ [2.01]∗∗ [1.99]∗∗

∆Misalltotal 0.082 0.084 0.083 0.100
(0.51) (0.52) (0.51) (0.63)
[0.44] [0.44] [0.44] [0.52]

∆Misallrest 0.091 0.100 0.126
(0.56) (0.62) (0.79)
[0.49] [0.53] [0.65]

∆Misalltop -0.022 -0.060 -0.116
(-0.18) (-0.53) (-1.07)
[-0.16] [-0.45] [-0.87]

∆MPK spread -0.325 -0.320 -0.348
(-2.29)∗∗ (-2.23)∗∗ (-2.51)∗∗

[-1.91]∗ [-1.86]∗ [-2.06]∗∗

R2 0.528 0.532 0.533 0.528 0.542 0.534 0.533 0.544 0.546
Adj. R2 0.519 0.520 0.521 0.516 0.530 0.519 0.519 0.530 0.529
RMSE 1.748 1.744 1.744 1.752 1.727 1.746 1.748 1.727 1.728
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2.12 reports results. The price of risks of the changes in aggregate misallo-

cation loses significance when included in the CAPM and Fama and French (1992b,

1993b) three-factor model. Yet, in all models, only the changes in the MPK spread dis-

play a negative price of risk, with a statistical significance of less than 1%. Although

all intercepts are significant, changes in aggregate misallocation and its components

as macroeconomic risk factors are non-return based and nontradable, so we cannot

emphasize the significance of the intercepts unless they are implied from a theoretical

model.
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2.5.4 Industry classification

First, to examine whether the main results are driven by firms in leading industries,

I re-estimate the pricing model after excluding technology firms, identified by the two-

digit SIC code "73." The results, reported in Table A6, indicate that the MPK spread

remains significantly negatively priced in all models. These findings confirm that su-

perstar firms are not necessarily concentrated in leading industries such as technology.

Thus, the effects documented in the paper are not driven solely by the dominance of

firms in these industries.

Second, in Table A7, I assess the robustness of the main results using the 300-

industry classification from Hoberg and Phillips (2016), which provides a more granu-

lar delineation of industry boundaries based on product market similarities. The results

show that the MPK spread remains significantly negatively priced, consistent with the

main findings. This suggests that the main conclusions are not sensitive to the choice

of industry classification.

2.5.5 Value-weighted capital misallocation

The Appendix derives the general formula for the subsample decomposition of the

value-weighted variance. The value-weighted capital misallocation has the form

σ2
mpk,w =

N
N − 1

K

∑
k=1

Nk − 1
Nk

Ωkσ2
mpk,w,k︸ ︷︷ ︸

Within-group misallocation

+
N

N − 1

K

∑
k=1

Ωk(µmpk,w,k − µmpk,w)
2

︸ ︷︷ ︸
Between-group misallocation

(2.20)

where Ωk = ∑i∈k wi is the total weight for each portfolio, and wi is the weight of each

stock. I normalize the weights so that ∑K
k=1 Ωk = 1. Furthermore, µmpk,w = ∑N

i=1 wimpki

is the value-weighted mean MPK in the whole sample, and µmpk,w,k = ∑i∈k
wi
Ωk

mpki is

the value-weighted mean MPK in each portfolio.
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In the case when k = 2, the value-weighted capital misallocation has the form

σ2
mpk,w =

N
N − 1

N0 − 1
N0

Ω0σ2
mpk,w,0︸ ︷︷ ︸

Misallocation among non-superstars

+
N

N − 1
N∗ − 1

N∗
Ω∗σ2

mpk,w,∗︸ ︷︷ ︸
Misallocation among superstars

+
N

N − 1

[
Ω0(µmpk,w,0 − µmpk,w)

2 + Ω∗(µmpk,w,∗ − µmpk,w)
2
]

︸ ︷︷ ︸
MPK spread

(2.21)

Table 2.13 reports results using Giglio and Xiu (2021)’s 202 test portfolios. When

the model includes the market, changes in the aggregate capital misallocation are sig-

nificantly and negatively priced. However, the significance vanishes when the model

includes the Fama and French (1992b, 1993b) three factors and momentum factor. Con-

sistently with the main finding, changes in the MPK spread carry a negative price of

risk. Thus, the pricing power of changes in misallocation between superstar firms and

other firms is robust to the cross-sectional measure for aggregate capital misallocation.
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Table 2.13: Pricing Giglio and Xiu (2021)’s 202 portfolios using value-weighted misallocation

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Models including MKT factor
Constant 10.479 10.494 14.534 13.911 13.919 13.948 13.411 13.374 14.375

(4.25)∗∗∗ (4.22)∗∗∗ (5.83)∗∗∗ (5.55)∗∗∗ (5.65)∗∗∗ (5.84)∗∗∗ (5.68)∗∗∗ (5.55)∗∗∗ (5.97)∗∗∗

[4.25]∗∗∗ [3.34]∗∗∗ [4.87]∗∗∗ [4.66]∗∗∗ [3.50]∗∗∗ [4.78]∗∗∗ [4.64]∗∗∗ [3.63]∗∗∗ [4.22]∗∗∗

MKT 0.092 -0.149 -1.223 -1.097 -1.146 -1.139 -0.976 -1.039 -1.310
(0.10) (-0.17) (-1.47) (-1.30) (-1.35) (-1.38) (-1.19) (-1.23) (-1.58)
[0.09] [-0.12] [-1.05] [-0.94] [-0.77] [-0.97] [-0.83] [-0.73] [-0.99]

∆Misalltotal -0.769 -0.434 -0.509 -0.326
(-2.50)∗∗ (-1.94)∗ (-2.19)∗∗ (-1.33)
[-1.95]∗ [-1.53] [-1.73]∗ [-0.85]

∆Misallrest 0.609 0.297 0.384
(2.26)∗∗ (1.46) (1.86)∗

[1.84]∗ [1.15] [1.28]
∆Misalltop -0.613 -0.646 -0.361

(-2.29)∗∗ (-2.37)∗∗ (-1.43)
[-1.88]∗ [-1.89]∗ [-0.99]

∆MPK spread -1.266 -1.048 -0.876
(-3.57)∗∗∗ (-3.57)∗∗∗ (-3.84)∗∗∗

[-2.19]∗∗ [-2.31]∗∗ [-2.64]∗∗∗

R2 0.001 0.127 0.210 0.256 0.300 0.300 0.263 0.343 0.376
Adj. R2 -0.004 0.118 0.202 0.249 0.293 0.289 0.251 0.334 0.363
RMSE 2.524 2.366 2.250 2.183 2.118 2.124 2.179 2.056 2.011
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for 25 portfolios sorted by size and book-to-market ratio, 17 industry portfolios, 25 portfolios sorted by
operating profitability and investment, 25 portfolios sorted by size and variance, 35 portfolios sorted by
size and net issuance, 25 portfolios sorted by size and accruals, 25 portfolios sorted by size and beta, and
25 portfolios sorted by size and momentum. The sample runs from 1975:Q1 to 2023:Q4.
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Table 2.13: Pricing Giglio and Xiu (2021)’s 202 portfolios using value-weighted misallocation
- continued

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Models including MKT, SMB, HML, and UMD factors
Constant 7.550 7.473 7.272 7.330 7.838 7.322 7.130 7.783 7.485

(3.82)∗∗∗ (3.71)∗∗∗ (3.92)∗∗∗ (3.87)∗∗∗ (3.87)∗∗∗ (3.97)∗∗∗ (3.85)∗∗∗ (3.86)∗∗∗ (4.05)∗∗∗

[3.59]∗∗∗ [3.48]∗∗∗ [3.68]∗∗∗ [3.63]∗∗∗ [3.29]∗∗∗ [3.72]∗∗∗ [3.59]∗∗∗ [3.29]∗∗∗ [3.45]∗∗∗

MKT 0.478 0.372 0.412 0.395 0.253 0.405 0.443 0.270 0.333
(0.61) (0.47) (0.54) (0.51) (0.32) (0.53) (0.58) (0.34) (0.43)
[0.46] [0.36] [0.41] [0.39] [0.23] [0.40] [0.43] [0.24] [0.31]

SMB 0.630 0.548 0.561 0.566 0.622 0.555 0.570 0.617 0.635
(1.66)∗ (1.45) (1.49) (1.52) (1.66)∗ (1.48) (1.53) (1.65) (1.71)∗

[1.16] [1.01] [1.04] [1.05] [1.09] [1.03] [1.05] [1.08] [1.12]
HML 0.966 0.932 0.917 0.933 0.916 0.917 0.893 0.899 0.865

(1.96)∗ (1.87)∗ (1.84)∗ (1.87)∗ (1.84)∗ (1.84)∗ (1.80)∗ (1.82)∗ (1.75)∗

[1.39] [1.32] [1.30] [1.32] [1.23] [1.30] [1.26] [1.21] [1.17]
UMD 1.575 1.646 1.641 1.660 1.731 1.635 1.624 1.709 1.690

(2.82)∗∗∗ (2.93)∗∗∗ (2.92)∗∗∗ (2.95)∗∗∗ (3.07)∗∗∗ (2.91)∗∗∗ (2.89)∗∗∗ (3.04)∗∗∗ (3.00)∗∗∗

[1.97]∗ [2.04]∗∗ [2.03]∗∗ [2.06]∗∗ [2.02]∗∗ [2.02]∗∗ [2.01]∗∗ [2.00]∗∗ [1.98]∗∗

∆Misalltotal -0.136 -0.132 -0.119 -0.058
(-0.76) (-0.74) (-0.67) (-0.32)
[-0.67] [-0.65] [-0.59] [-0.26]

∆Misallrest -0.051 -0.052 0.083
(-0.27) (-0.28) (0.46)
[-0.24] [-0.25] [0.37]

∆Misalltop 0.040 0.014 0.024
(0.23) (0.08) (0.14)
[0.20] [0.07] [0.11]

∆MPK spread -0.530 -0.509 -0.500
(-2.89)∗∗∗ (-2.76)∗∗∗ (-2.72)∗∗∗

[-2.33]∗∗ [-2.23]∗∗ [-2.20]∗∗

R2 0.528 0.528 0.528 0.529 0.550 0.529 0.533 0.552 0.556
Adj. R2 0.519 0.515 0.516 0.517 0.539 0.514 0.518 0.538 0.540
RMSE 1.748 1.753 1.752 1.751 1.711 1.756 1.748 1.712 1.709
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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2.5.6 Tangible capital versus intangible capital

With a rising trend of intangible capital among superstars, in this section, I inspect

whether any specific type of capital could drive capital misallocation and may affect

the main results. In the same cross-section with Table 2.1, when I estimate the changes

in aggregate misallocation and its components using physical capital, the magnitude of

the price of risk inflates, but the statistical significance remains weak. When the changes

in misallocation only consider intangible capital, then the price of risk is no longer

priced, but the negative size reserves. Importantly, in both types of capital, the price

of risk of changes in the MPK spread remains negative and strongly significant. These

results imply that the dispersion in the mean tangible and intangible MPK between

superstars and non-superstars is equally important. Thus, no particular type of capital

drives the main findings.

2.5.7 Pre-2000s and post-2000s subsamples

Two trends that may affect superstars differently between these two periods are (1)

the composition of superstars and (2) the decline in number of listed firms. Before the

2000s, superstar firms are mainly firms in the manufacturing industries with high tan-

gible capital. After the 2000s, many superstar firms are in the tech and service industry

with high intangible capital (Schlingemann and Stulz, 2022). Thus, there is an increas-

ing market concentration towards firms in riskier industries in the later subsample.

On the market-wide, the number of listed firms has declined after the 2000s (Doidge,

Karolyi, and Stulz, 2017). This trend may also affect the markup of superstars in the

public market so I inspect the pricing power of changes in capital misallocation in each

subsample.

In general, the long-short portfolio yields a negative expected return and the de-

creasing trend in expected returns across the beta-sorted portfolios remains across the

subsamples. One interesting result is that before the 2000s when superstars were mainly

in the manufacturing industries, the significance of the results was weak. Furthermore,
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Table 2.14: Pricing tangible versus intangible misallocation

Tangible capital Intangible capital

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Constant 12.090 10.964 11.798 13.468 10.224 12.225 13.150 12.183 17.843
(3.67)∗∗∗ (3.11)∗∗∗ (3.33)∗∗∗ (4.01)∗∗∗ (3.10)∗∗∗ (3.66)∗∗∗ (3.94)∗∗∗ (3.69)∗∗∗ (5.67)∗∗∗

[3.67]∗∗∗ [3.05]∗∗∗ [3.33]∗∗∗ [3.03]∗∗∗ [1.71]∗ [3.65]∗∗∗ [3.55]∗∗∗ [2.63]∗∗∗ [3.73]∗∗∗

MKT -0.257 -0.024 -0.194 -0.965 -0.102 -0.283 -0.497 -0.598 -1.777
(-0.25) (-0.02) (-0.18) (-0.94) (-0.10) (-0.27) (-0.47) (-0.59) (-1.87)∗

[-0.22] [-0.02] [-0.15] [-0.65] [-0.05] [-0.23] [-0.38] [-0.39] [-1.13]
∆Misalltotal -0.203 0.069

(-0.49) (0.13)
[-0.47] [0.13]

∆Misallrest -0.041 0.443
(-0.10) (0.88)
[-0.09] [0.78]

∆Misalltop -0.710 -0.897
(-2.21)∗∗ (-2.00)∗∗

[-1.66]∗ [-1.42]
∆MPK spread -1.168 -0.961

(-3.52)∗∗∗ (-2.82)∗∗∗

[-1.93]∗ [-1.84]∗

R2 0.012 0.024 0.013 0.259 0.529 0.012 0.031 0.195 0.191
Adj. R2 -0.018 -0.037 -0.049 0.213 0.499 -0.050 -0.029 0.145 0.141
RMSE 2.701 2.727 2.742 2.375 1.894 2.743 2.716 2.475 2.482
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 size × book-to-market and 10 momentum portfolios. I use sales as output and net property,
plant, and equipment (ppentq) as physical capital plus intangible capital estimated from Eisfeldt and
Papanikolaou (2013). The sample runs from 1975:Q1 to 2023:Q4. Returns and risk premia are reported
in percent per year (quarterly percentages multiplied by four).
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Table 2.15: Exposure to changes in the MPK spread - subsample periods

Q1 (low) Q2 Q3 Q4 Q5 (high) Q5–Q1

Panel A: Pre-2000s
Re 10.971∗∗ 10.566∗∗∗ 9.888∗∗∗ 9.995∗∗∗ 7.050∗ -3.922∗

(2.56) (2.85) (2.90) (2.95) (1.83) (-1.86)

αCAPM 0.212 0.768 0.889 1.316 -3.161 -3.373
(0.10) (0.64) (0.73) (0.95) (-1.65) (-1.06)

αFF3 2.004 0.551 1.126 0.414 -1.249 -3.253
(0.95) (0.39) (0.86) (0.26) (-0.67) (-1.05)

αFF5 2.977 -0.409 -0.807 -2.250 -3.554 -6.531∗

(1.28) (-0.27) (-0.66) (-1.56) (-1.66) (-1.80)

Panel B: Post-2000s
Re 11.099∗∗ 9.968∗∗∗ 10.548∗∗∗ 8.465∗∗ 5.755 -5.344∗∗∗

(2.36) (2.64) (2.97) (2.25) (1.28) (-2.83)

αCAPM 2.060 2.538∗ 3.371∗∗∗ 1.127 -2.876 -4.936∗∗

(1.00) (1.93) (3.31) (0.71) (-1.46) (-2.44)

αFF3 1.876 2.416∗ 3.531∗∗∗ 1.318 -2.856 -4.731∗∗∗

(0.96) (1.84) (3.67) (0.88) (-1.45) (-2.57)

αFF5 3.657∗∗ 1.477 2.370∗∗ -1.174 -3.357 -7.013∗∗

(2.06) (1.10) (2.32) (-0.82) (-1.52) (-2.28)
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports value-weighted average excess returns and alphas in annual percentage
for portfolios sorted on exposure to changes in the MPK spread. Panel A reports the results for the
subsample 1975:Q1–2000:Q4. Panel B reports the results for the subsample 2001:Q1–2023:Q4. For each
stock, I regress the quarterly excess returns either on changes in misallocation or each component by a
rolling window of 20 quarters (with a minimum of 12 quarters available). Each quarter, I sort stocks into
quintiles based on their misallocation-beta, lagging by one quarter. I hold and rebalance the portfolio
every quarter.
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the economic magnitude is also lower, compared to the expected returns in the post-

2000s subsample. These results cast on the rising importance of superstars in driving

the price of risk of changes in misallocation.

2.5.8 Annual frequency

The main results in the paper use the quarterly frequency. Table A9 reports replica-

tion of the sample using the annual frequency. There is a stronger pricing power for the

price of risk of the changes in aggregate misallocation. The pricing of changes in the

MPK spread is robust to the annual frequency. Interestingly, the Fama-French model

could explain 52% of the variation in the portfolio returns, indicated by the adjusted

R-squared. When including changes in the MPK spread, the adjusted R-squared im-

proves to 63.7%. Table A8 in the Appendix shows the same set of results for annual

frequency, using intangible capital from Peters and Taylor (2017) instead of the esti-

mated method from Eisfeldt and Papanikolaou (2013). These results also confirm the

robustness of our main findings that the MPK spread drives the price of risk of capital

misallocation, implying that superstars influence asset prices via the channel of capital

misallocation.
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2.6 Conclusion

This paper shows the asset pricing consequence of superstar firms. Specifically, I

propose a new state variable in the ICAPM framework: capital misallocation between

superstar and non-superstar firms. Using a measure of cross-sectional MPK dispersion,

I decompose capital misallocation into three components: the misallocation within the

superstar portfolio, the misallocation within the non-superstar portfolio, and the MPK

spread. The MPK spread captures the dispersion in mean MPKs across the two portfo-

lios.

In the cross-section of stock returns, I find that changes in the MPK spread are sig-

nificantly and negatively priced. Stocks with negative exposure to the changes in this

component carry higher risk premia, while stocks with positive exposure carry lower

risk premia. Besides, adding the MPK spread-mimicking portfolio also improves the

mean-variance efficiency of other portfolios. In the time series, the MPK spread nega-

tively predicts long-run consumption growth, industrial production growth, employ-

ment growth, and future stock market returns. Whereas, in the short run, the MPK

spread predicts lower aggregate innovation growth and innovation growth among

non-superstars.

These findings are economically intuitive. In an efficient market, capital flows to-

wards its most productive uses. Yet, if superstar firms’ MPKs are driven by market

distortions, such as market power that raises barriers to competitor entry, the higher

MPK reflects an inefficiency rather than a pure productivity advantage. Such misallo-

cation can dampen economic growth by restricting capital access to smaller, potentially

innovative competitors. Therefore, capital misallocation between superstar and non-

superstar firms emerges as a state variable, with changes in this misallocation capturing

a priced risk factor.

While the literature highlights the rise of superstars and the rise in capital misallo-

cation, this paper highlights the role of superstars in shaping the price of risk associated

with capital misallocation. One direction for future work is to model and test the inno-
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vation channel through which superstar firms deter innovation growth of other firms,

resulting in the pricing power and predictability power of changes in misallocation

between superstar and non-superstar firms.
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A1 Appendix: Equally weighted capital misallocation

In each quarter t, capital misallocation is given by the dispersion in firm-level (log)

MPKs in the economy

σ2
mpk,t =

1
N − 1

N

∑
i=1

(mpkit − µmpk,t)
2 (2.22)

where σ2
mpk,t and µmpk,t = 1

N ∑N
i=1 mpkit denote the variance and the mean MPK of

the whole sample. Dropping the time subscript for convenience and expanding the

variance yield

σ2
mpk =

1
N − 1

N

∑
i=1

(mpki − µmpk)
2 (2.23)

=
1

N − 1

N

∑
i=1

mpk2
i − 2

N
N − 1

µ2
mpk +

N
N − 1

µ2
mpk (2.24)

Hence,

σ2
mpk +

N
N − 1

µ2
mpk =

1
N − 1

N

∑
i=1

mpk2
i (2.25)

⇐⇒ (N − 1)σ2
mpk + Nµ2

mpk =
N

∑
i=1

mpk2
i (2.26)

Assume that firms are sorted into K portfolios, in which we allow for different num-

bers of stocks in each portfolio and denote it as Nk, where ∑K
k=1 Nk = N1 + N2 + · · ·+

NK = N. We can derive Equation (2.26) analogously for each portfolio with the corre-

sponding variance σ2
mpk,k and mean µmpk,k. Furthermore, we can decompose the right-

hand side of Equation (2.25) into
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σ2
mpk +

N
N − 1

µ2
mpk =

1
N − 1

[
N1

∑
i=1

mpk2
i +

N2

∑
i=1

mpk2
i + . . . +

NK

∑
i=1

mpk2
i

]
(2.27)

⇐⇒ σ2
mpk =

1
N − 1

K

∑
k=1

(Nk − 1)σ2
mpk,k +

1
N − 1

[
K

∑
k=1

Nkµ2
mpk,k − Nµ2

mpk

]
(2.28)

Since the total sample mean equals the weighted average of the subsample means,

weighted by the number of observations,

µmpk =
N1µmpk,1 + N2µmpk,2 + . . . + NKµmpk,K

N1 + N2 + . . . + Nk
(2.29)

=
1
N

K

∑
k=1

Nkµmpk,k (2.30)

⇒ Nµ2
mpk =

1
N

(
K

∑
k=1

Nkµmpk,k

)2

(2.31)

Hence,

σ2
mpk =

1
N − 1

K

∑
k=1

(Nk − 1)σ2
mpk,k +

1
N − 1

 K

∑
k=1

Nkµ2
mpk,k −

1
N

(
K

∑
k=1

Nkµmpk,k

)2
 (2.32)

=
1

N − 1

K

∑
k=1

(Nk − 1)σ2
mpk,k +

N
N − 1


1
N

K

∑
k=1

Nkµ2
mpk,k︸ ︷︷ ︸

E(µ2
mpk,k)

−
(

1
N

K

∑
k=1

Nkµmpk,k

)2

︸ ︷︷ ︸
E(µmpk,k)2


(2.33)

(2.34)

Recognizing that the second and the third terms capture the second and the (squared)

first moment or the expected value of the subsample mean MPKs, we can further
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rewrite the aggregate misallocation as

σ2
mpk =

K

∑
k=1

Nk − 1
N − 1

σ2
mpk,k︸ ︷︷ ︸

Within-group misallocation

+
N

N − 1
Var(µmpk,k)︸ ︷︷ ︸

Between-group misallocation

(2.35)

where Var(µmpk) denotes the variance of the portfolio mean MPKs. Thus, we can de-

compose the aggregate capital misallocation into the portfolio-specific misallocation,

i.e., the misallocation among the firms in each portfolio and the dispersion in the mean

MPKs across portfolios.

To separate superstars, I sort the sample into two portfolios each quarter: the super-

star portfolio which includes superstar firms (k = ∗), and the non-superstar portfolio

which includes the remaining firms (k = 0). The second term of Equation (2.35) simpli-

fies to the case when K = 2. Specifically,

Var(µmpk,k) =
1
N

2

∑
k=1

Nkµ2
mpk,k −

(
1
N

2

∑
k=1

Nkµmpk,k

)2

=
N0(N − N0)

N2 µ2
mpk,0 +

N∗(N − N∗)

N2 µ2
mpk,∗ − 2

N0N∗
N2 µmpk,0µmpk,∗

=
N0N∗

N2 (µmpk,0 − µmpk,∗)
2

Hence, we can rewrite Equation (2.35) in this case as

σ2
mpk =

N0 − 1
N − 1

σ2
mpk,0︸ ︷︷ ︸

Misallocation among non-superstars

+
N∗ − 1
N − 1

σ2
mpk,∗︸ ︷︷ ︸

Misallocation among superstars

+
N0N∗

N(N − 1)
(µmpk,0 − µmpk,∗)

2︸ ︷︷ ︸
MPK spread

(2.36)
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A2 Appendix: Value-weighted capital misallocation

The general formula for the value-weighted variance, assuming no observation with

zero weight, has the form

s2
w =

N
N − 1

N

∑
i=1

wi(xi − x̄w)
2 (2.37)

where N is the number of observations, wi is the weight for the observation xi, x̄w =

∑N
i=1 wixi is the value-weighted mean of the sample.

Assume the sample splits into K portfolios, each with Nk observations and weights

wi such that ∑i∈k wi = Ωk for each portfolio k. I normalize the weights so that ∑N
i=1 wi =

1 and

K

∑
k=1

Ωk =
K

∑
k=1

∑
i∈k

wi =
N

∑
i=1

wi = 1. (2.38)

For each portfolio k, the weighted variance s2
w,k and the weighted mean x̄w,k are given

by

s2
w,k =

Nk
Nk − 1 ∑

i∈k

wi

Ωk
(xi − x̄w,k)

2 (2.39)

x̄w,k = ∑
i∈k

wi

Ωk
xi ⇐⇒ ∑

i∈k
wixi = Ωk x̄w,k (2.40)

Then total weighted mean x̄w is of the form

x̄w =
N

∑
i=1

wixi =
K

∑
k=1

∑
i∈k

wixi =
K

∑
k=1

Ωk x̄w,k
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From the total weighted variance, we have

s2
w =

N
N − 1

N

∑
i=1

wi(xi − x̄w)
2

=
N

N − 1

K

∑
k=1

∑
i∈k

wi(xi − x̄w)
2

=
N

N − 1

K

∑
k=1

∑
i∈k

wi

[
(xi − x̄w,k)

2 + 2(xi − x̄w,k)(x̄w,k − x̄w) + (x̄w,k − x̄w)
2
]

Consider the cross-term

K

∑
k=1

∑
i∈k

wi(xi − x̄w,k)(x̄w,k − x̄w) =
K

∑
k=1

(x̄w,k − x̄w)∑
i∈k

wi(xi − x̄w,k)

=
K

∑
k=1

(x̄w,k − x̄w)(∑
i∈k

wixi − x̄w,k ∑
i∈k

wi)

=
K

∑
k=1

(x̄w,k − x̄w)(Ωk x̄w,k − Ωk x̄w,k)

= 0

Thus,

s2
w =

N
N − 1


K

∑
k=1

∑
i∈k

wi(xi − x̄w,k)
2

︸ ︷︷ ︸
Within-group variances

+
K

∑
k=1

∑
i∈k

wi(x̄w,k − x̄w)
2

︸ ︷︷ ︸
Between-group variance


The first term represents the within-group variances, and the second term repre-

sents the between-group variance, i.e. the weighted variance of the subsample means

from the total mean. We can write the within-group variances as

K

∑
k=1

∑
i∈k

wi(xi − x̄w,k)
2 =

K

∑
k=1

Ωk ∑
i∈k

wi

Ωk
(xi − x̄w,k)

2

=
K

∑
k=1

Nk − 1
Nk

Ωks2
w,k
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where wi
Ωk

is the weight within each portfolio such that ∑i∈k
wi
Ωk

= 1. For the between-

group variance,

K

∑
k=1

∑
i∈k

wi(x̄w,k − x̄w)
2 =

K

∑
k=1

(x̄w,k − x̄w)
2 ∑

i∈k
wi

=
K

∑
k=1

Ωk(x̄w,k − x̄w)
2

Combining both terms, we have:

s2
w =

N
N − 1

[
K

∑
k=1

Nk − 1
Nk

Ωks2
w,k +

K

∑
k=1

Ωk(x̄w,k − x̄w)
2

]

where Ωk = ∑i∈k wi, x̄w = ∑N
i=1 wixi, and x̄w,k = ∑i∈k

wi
Ωk

xi.

Given K = 2, the formula simplifies to

s2
w =

N
N − 1

[
N1 − 1

N1
Ω1s2

w,1 +
N2 − 1

N2
Ω2s2

w,2 + Ω1(x̄w,1 − x̄w)
2 + Ω2(x̄w,2 − x̄w)

2
]

.
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A3 Appendix: Additional results

Figure A1: Market concentration and capital misallocation
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B. Aggregate capital misallocation

Description. This figure shows the rising trend in market concentration and aggregate capital misallo-

cation. Panel A plots the market cap of top 10, 20, and 50 superstar firms by size and market power over

the total market cap in percentage. Panel B plots the dispersion in MPK across firms, where MPK is the

log output-to-capital (measured by sale/cogs). The sample is annual from 1975 to 2023.
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Figure A2: Changes in capital misallocation against NBER recessions
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Description. This figure plots the changes in aggregate misallocation ∆σ2
mpk,t, changes in misallocation in

non-superstars ∆σ2
mpk,t0, changes in misallocation in superstars ∆σ2

mpk,t∗, and changes in the MPK spread

∆ Var(µmpk,k). The sample is from 1975:Q1 to 2023:Q4. In each quarter, capital misallocation σ2
mpk,t is the

cross-sectional dispersion of MPK across firms. The changes in misallocation are the annual changes in
capital misallocation:

∆σ2
mpk,t = σ2

mpk,t − σ2
mpk,t−4,

whose level can be decomposed into:

σ2
mpk︸︷︷︸

Total misallocation (Misalltotal)

=
N0 − 1
N − 1

σ2
mpk,0︸ ︷︷ ︸

Misallocation within non-superstars (Misallrest)

+
N∗ − 1
N − 1

σ2
mpk,∗︸ ︷︷ ︸

Misallocation within superstars (Misalltop)

+
N0N∗

N(N − 1)
(µmpk,0 − µmpk,∗)

2︸ ︷︷ ︸
MPK spread
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Table A1: Significance of ∆MPK spread - simulation results

Frequency Percent
∗∗∗ p < 0.01 2 .4
∗∗ p < 0.05 24 4.8
∗ p < 0.10 36 7.2
∗ p < 1 438 88
Total 500 100

Description. This table reports the significance of the price of risk of changes in the MPK spread in
the second-stage Fama-MacBeth regression. Each simulation selects randomly 50 firms to the superstar
portfolio.
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Table A2: Exposure to changes in the MPK spread (equally weighted results)

Q1 (low) Q2 Q3 Q4 Q5 (high) Q5–Q1

Panel A: Expected return
Re 16.965∗∗∗ 13.699∗∗∗ 12.935∗∗∗ 12.607∗∗∗ 14.025∗∗∗ -2.940∗∗

(4.25) (4.35) (4.26) (3.93) (3.68) (-2.56)

Panel B: CAPM
MKT 1.403∗∗∗ 1.138∗∗∗ 1.115∗∗∗ 1.171∗∗∗ 1.332∗∗∗ -0.072∗

(18.73) (21.34) (21.07) (21.50) (19.49) (-1.92)
αCAPM 4.712∗∗ 3.464∗∗ 2.990∗∗ 2.357 2.466 -2.245∗

(2.32) (2.28) (2.09) (1.57) (1.28) (-1.91)

Panel C: FF3 + UMD
MKT 1.091∗∗∗ 0.952∗∗∗ 0.941∗∗∗ 0.966∗∗∗ 1.029∗∗∗ -0.062

(21.56) (30.84) (32.38) (33.46) (27.10) (-1.42)
SMB 1.189∗∗∗ 0.825∗∗∗ 0.772∗∗∗ 0.854∗∗∗ 1.144∗∗∗ -0.045

(14.76) (16.25) (16.24) (18.39) (18.21) (-0.60)
HML -0.013 0.147∗∗∗ 0.136∗∗∗ 0.109∗∗∗ 0.007 0.020

(-0.18) (4.20) (4.36) (2.82) (0.13) (0.36)
UMD -0.158∗ -0.097∗∗ -0.089∗∗ -0.126∗∗ -0.177∗∗ -0.020

(-1.80) (-2.52) (-2.02) (-2.30) (-2.47) (-0.42)
αFF3+UMD 6.504∗∗∗ 3.955∗∗∗ 3.442∗∗∗ 3.257∗∗∗ 4.323∗∗∗ -2.180∗

(4.37) (4.75) (4.44) (3.65) (3.18) (-1.82)

Panel D: FF5
MKT 1.108∗∗∗ 0.988∗∗∗ 0.986∗∗∗ 1.021∗∗∗ 1.065∗∗∗ -0.043

(19.57) (31.72) (34.85) (34.28) (24.84) (-0.97)
SMB 1.187∗∗∗ 0.860∗∗∗ 0.818∗∗∗ 0.907∗∗∗ 1.171∗∗∗ -0.015

(15.67) (17.31) (18.57) (23.47) (17.71) (-0.22)
HML -0.045 0.087∗ 0.052 0.006 -0.032 0.013

(-0.45) (1.68) (1.08) (0.12) (-0.42) (0.15)
RMW -1.286∗∗∗ 0.126 0.471∗∗ 0.364∗∗ -0.672∗∗ 0.614

(-2.87) (0.64) (2.11) (2.11) (-2.40) (1.45)
CMA 1.017∗ 0.717∗∗∗ 0.809∗∗∗ 1.085∗∗∗ 0.964∗∗ -0.054

(1.94) (2.78) (3.20) (3.72) (2.09) (-0.13)
αFF5 6.104∗∗∗ 2.397∗∗∗ 1.430∗ 0.861 2.933∗∗ -3.172∗∗

(4.37) (2.85) (1.79) (1.15) (2.51) (-2.39)
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports equally weighted average excess returns and alphas in annual percentage
for portfolios sorted on exposure to changes in the MPK spread. For each stock, I regress the quarterly
excess returns either on changes in misallocation or on each component by a rolling window of 20 quar-
ters (with a minimum of 12 quarters available). Each quarter, I sort stocks into quintiles based on their
misallocation-beta, lagging by one quarter. I hold and rebalance the portfolio every quarter. The sample
runs from 1975:Q1 to 2023:Q4.
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Table A3: Characteristics of stocks in the MPK spread-mimicking portfolios

Low Q2 Q3 Q4 High High–Low t(High–Low)

β∆MPK spread -0.592 -0.198 -0.022 0.169 0.513 1.105 (2.43)
Market cap 17,492.180 38,355.184 49,901.367 29,264.824 25,961.316 8,469.136 (3.36)
Markup ratio 1.785 1.680 1.682 1.825 1.934 0.148 (4.54)
Book-to-market 0.501 0.490 0.474 0.478 0.461 -0.039 (-1.94)
Innovation 19.908 29.970 36.518 18.421 18.042 -1.866 (-1.73)
Duration 62.301 80.425 81.964 79.883 64.740 2.439 (2.35)
Investment 2,179.251 6,231.840 12,381.994 6,100.768 4,392.167 2,212.916 (4.32)
Physical capital 3,754.690 9,973.484 9,830.880 7,848.565 4,537.075 782.385 (2.29)
Intangible capital 1,812.195 2,899.301 2,930.864 2,621.818 2,197.016 384.821 (4.26)

Description. This table reports the value-weighted average characteristics of stocks in each MPK spread-
mimicking portfolio. The sample runs from 1975:Q1 to 2023:Q4.
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Table A4: Predicting aggregate patent ratio

∆Misalltotal ∆Misallrest ∆Misalltop ∆MPK spread

β̂ R2 RMSE β̂ R2 RMSE β̂ R2 RMSE β̂ R2 RMSE

k = 1 -0.039 0.003 0.021 0.022 0.001 0.021 -0.373 0.002 0.021 -6.769 0.154 0.019
(-0.61) (0.36) (-0.39) (-4.27)∗∗∗

[-0.60] [0.36] [-0.38] [-4.19]∗∗∗

k = 2 0.048 0.003 0.027 0.012 0.000 0.027 1.092 0.010 0.027 -8.501 0.145 0.025
(0.53) (0.13) (0.84) (-4.05)∗∗∗

[0.49] [0.13] [0.90] [-4.52]∗∗∗

k = 3 -0.074 0.005 0.033 -0.104 0.009 0.033 -0.734 0.003 0.033 -4.824 0.032 0.033
(-0.58) (-0.69) (-0.58) (-2.70)∗∗∗

[-0.57] [-0.67] [-0.53] [-2.65]∗∗

k = 4 -0.033 0.001 0.038 -0.006 0.000 0.038 1.724 0.013 0.038 -5.373 0.030 0.038
(-0.25) (-0.03) (1.13) (-2.20)∗∗

[-0.24] [-0.03] [1.14] [-2.60]∗∗

k = 5 -0.008 0.000 0.045 -0.077 0.002 0.045 0.357 0.000 0.045 -4.901 0.018 0.045
(-0.04) (-0.33) (0.21) (-1.86)∗

[-0.04] [-0.33] [0.21] [-2.02]∗∗

k = 6 -0.248 0.016 0.050 -0.264 0.018 0.050 0.792 0.001 0.051 -15.007 0.021 0.050
(-0.86) (-0.91) (0.45) (-2.34)∗∗

[-0.84] [-0.90] [0.47] [-2.06]∗∗

t-ratio of Hodrick (1992) with k−1 lags in parentheses; Newey–West (1987) in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the results of the following predictive regression:

It:t+k = α + βzt + ϵt:t+k,

where It:t+k is the innovation growth in k quarters. The predictive variables zt are changes in the aggre-
gate misallocation and the MPK spread. The columns show results for k = 1, 4, 8, 12 and 20 quarters.
Following Bae, Bailey, and Kang (2021), I construct the innovation proxy It as the natural logarithm of
one plus the number of patent applications divided by the population. The number of patents granted
each year is from the US Patent Trademark Office (USPTO) and the US population is from the U.S. Bu-
reau of Economic Analysis (BEA). The aggregate patent ratio equals = log(1 + # patents/population).
The sample is at an annual frequency from 1975 to 2020.



A3 Appendix: Additional results 71

Table A5: Pricing 35 portfolios - Decomposition using financial constraints

Kaplan-Zingales (KZ) Index Whited-Wu (WW) Index

(1) (2) (3) (4) (5) (6) (7) (8)

Constant 12.090 10.792 10.914 18.735 11.921 10.539 13.710 11.410
(3.67)∗∗∗ (3.25)∗∗∗ (3.33)∗∗∗ (5.02)∗∗∗ (3.19)∗∗∗ (3.10)∗∗∗ (3.71)∗∗∗ (3.43)∗∗∗

[3.67]∗∗∗ [2.99]∗∗∗ [2.98]∗∗∗ [3.72]∗∗∗ [3.19]∗∗∗ [2.85]∗∗∗ [3.46]∗∗∗ [2.86]∗∗∗

MKT -0.257 -0.057 -0.124 -2.297 -0.208 0.015 -0.823 -0.109
(-0.25) (-0.05) (-0.12) (-2.01)∗∗ (-0.19) (0.01) (-0.75) (-0.11)
[-0.22] [-0.04] [-0.10] [-1.37] [-0.17] [0.01] [-0.62] [-0.08]

∆Misalltotal -0.435
(-0.99)
[-0.90]

∆Misallrest -0.513 -0.445
(-1.22) (-0.97)
[-1.08] [-0.88]

∆Misalltop 0.879 -0.307
(2.17)∗∗ (-1.10)
[1.59] [-1.01]

∆MPK spread -0.027 0.475
(-0.08) (1.35)
[-0.07] [1.12]

R2 0.012 0.064 0.093 0.351 0.013 0.060 0.092 0.048
Adj. R2 -0.018 0.006 0.036 0.310 -0.049 0.001 0.036 -0.011
RMSE 2.701 2.669 2.629 2.224 2.741 2.676 2.629 2.692
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 portfolios sorted by size and book-to-market ratio and 10 portfolios sorted by momentum.
Superstar firms are in the bottom 5% in their industries by their financial constraints. As proxies for
financial constraint, I use Kaplan and Zingales (1997)’s (KZ) index and Whited and Wu (2006)’s (WW)
index. The higher the KZ index or the WW index, the higher the likelihood of financial constraint.
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Table A6: Pricing 35 portfolios excluding tech industries

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Constant 12.090 10.746 10.676 11.536 13.470 11.529 11.251 13.618 12.718
(3.67)∗∗∗ (3.26)∗∗∗ (3.23)∗∗∗ (3.53)∗∗∗ (4.07)∗∗∗ (3.75)∗∗∗ (3.65)∗∗∗ (4.23)∗∗∗ (4.13)∗∗∗

[3.67]∗∗∗ [2.99]∗∗∗ [2.93]∗∗∗ [3.38]∗∗∗ [2.16]∗∗ [3.55]∗∗∗ [3.51]∗∗∗ [2.21]∗∗ [1.97]∗

MKT -0.257 -0.063 -0.032 -0.301 -0.901 -0.314 -0.225 -0.927 -0.627
(-0.25) (-0.06) (-0.03) (-0.30) (-0.89) (-0.32) (-0.23) (-0.92) (-0.65)
[-0.22] [-0.05] [-0.02] [-0.25] [-0.45] [-0.26] [-0.19] [-0.46] [-0.30]

∆Misalltotal -0.441 -0.052 -0.164 0.284
(-1.12) (-0.19) (-0.62) (0.72)
[-1.01] [-0.17] [-0.57] [0.38]

∆Misallrest -0.480 -0.018 -0.198
(-1.10) (-0.06) (-0.72)
[-0.99] [-0.06] [-0.34]

∆Misalltop -0.235 -0.207 0.163
(-1.08) (-0.95) (0.75)
[-1.01] [-0.89] [0.35]

∆MPK spread -1.171 -1.188 -1.259
(-3.63)∗∗∗ (-4.20)∗∗∗ (-4.40)∗∗∗

[-1.92]∗ [-2.19]∗∗ [-2.09]∗∗

R2 0.012 0.080 0.076 0.081 0.474 0.091 0.083 0.475 0.513
Adj. R2 -0.018 0.023 0.018 0.024 0.442 0.003 -0.005 0.424 0.448
RMSE 2.701 2.647 2.653 2.645 2.001 2.673 2.684 2.032 1.988
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 portfolios sorted by size and book-to-market ratio and 10 portfolios sorted by momentum.
Superstar firms are defined by the top 5% in their industries by the markup share, using two-digit SIC
codes. In this analysis, I exclude the tech industries with the two-digit SIC code of "73."
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Table A7: Pricing Giglio and Xiu (2021)’s 202 test portfolios - using Hoberg and Phillips
(2016)’s 300 industry classification

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Constant 10.628 12.403 11.509 11.335 10.464 14.040 14.125 11.862 12.459
(2.84)∗∗∗ (3.14)∗∗∗ (2.96)∗∗∗ (3.04)∗∗∗ (2.80)∗∗∗ (3.54)∗∗∗ (3.51)∗∗∗ (3.05)∗∗∗ (3.36)∗∗∗

[2.83]∗∗∗ [2.84]∗∗∗ [2.84]∗∗∗ [2.87]∗∗∗ [2.21]∗∗ [2.88]∗∗∗ [2.82]∗∗∗ [2.44]∗∗ [2.70]∗∗∗

MKT -0.569 -1.072 -0.810 -0.918 -1.204 -1.583 -1.769 -1.564 -1.696
(-0.40) (-0.74) (-0.56) (-0.65) (-0.84) (-1.11) (-1.23) (-1.07) (-1.18)
[-0.31] [-0.55] [-0.43] [-0.49] [-0.56] [-0.76] [-0.84] [-0.73] [-0.81]

∆Misalltotal -0.480 -0.631 -0.589 -0.227
(-1.80)∗ (-2.18)∗∗ (-2.09)∗∗ (-0.98)
[-1.49] [-1.67]∗ [-1.58] [-0.72]

∆Misallrest -0.264 -0.468 -0.215
(-1.29) (-2.01)∗∗ (-1.14)
[-1.10] [-1.53] [-0.83]

∆Misalltop -0.123 -0.121 -0.136
(-1.81)∗ (-1.79)∗ (-2.01)∗∗

[-1.43] [-1.25] [-1.41]
∆MPK spread -0.766 -0.643 -0.584

(-2.99)∗∗∗ (-2.90)∗∗∗ (-2.66)∗∗∗

[-2.20]∗∗ [-2.11]∗∗ [-1.94]∗

R2 0.038 0.165 0.099 0.169 0.467 0.292 0.401 0.543 0.555
Adj. R2 0.033 0.156 0.090 0.161 0.462 0.282 0.391 0.536 0.546
RMSE 3.440 3.214 3.338 3.205 2.567 2.966 2.730 2.382 2.357
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 portfolios sorted by size and book-to-market ratio, 17 industry portfolios, 25 portfolios sorted
by operating profitability and investment, 25 portfolios sorted by size and variance, 35 portfolios sorted
by size and net issuance, 25 portfolios sorted by size and accruals, 25 portfolios sorted by size and beta,
and 25 portfolios sorted by size and momentum. Superstar firms are defined by the top 5% in their
industries by the markup share, using 300 industry classification from Hoberg and Phillips (2016). The
sample runs from 1975 to 2022.
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Table A8: Cross-sectional asset pricing tests - alternative measure for intangible capital

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Constant 20.904 19.552 19.635 20.890 19.656 20.172 20.208 17.806 18.174
(6.96)∗∗∗ (7.43)∗∗∗ (7.47)∗∗∗ (7.24)∗∗∗ (6.75)∗∗∗ (7.57)∗∗∗ (7.61)∗∗∗ (7.31)∗∗∗ (7.64)∗∗∗

[5.49]∗∗∗ [6.14]∗∗∗ [6.18]∗∗∗ [5.69]∗∗∗ [4.44]∗∗∗ [5.65]∗∗∗ [5.81]∗∗∗ [4.53]∗∗∗ [4.81]∗∗∗

MKT -11.685 -9.675 -9.761 -10.864 -9.621 -10.051 -10.137 -7.748 -8.049
(-2.93)∗∗∗ (-2.69)∗∗ (-2.72)∗∗∗ (-2.86)∗∗∗ (-2.54)∗∗ (-2.78)∗∗∗ (-2.81)∗∗∗ (-2.26)∗∗ (-2.37)∗∗

[-2.09]∗∗ [-1.95]∗ [-1.97]∗ [-2.02]∗ [-1.54] [-1.86]∗ [-1.91]∗ [-1.29] [-1.36]
SMB 2.648 2.375 2.381 2.544 2.855 2.560 2.497 2.840 2.862

(1.62) (1.45) (1.45) (1.55) (1.73)∗ (1.56) (1.52) (1.72)∗ (1.73)∗

[1.02] [0.93] [0.93] [0.97] [0.96] [0.94] [0.93] [0.91] [0.93]
HML 2.787 2.578 2.545 2.383 2.133 2.739 2.713 2.598 2.650

(1.13) (1.05) (1.03) (0.95) (0.85) (1.11) (1.10) (1.05) (1.08)
[0.71] [0.67] [0.67] [0.60] [0.47] [0.67] [0.68] [0.56] [0.58]

∆Misalltotal -0.260 -0.381 -0.371 -0.144
(-0.79) (-1.11) (-1.08) (-0.46)
[-0.61] [-0.78] [-0.78] [-0.27]

∆Misallrest -0.223 -0.352 -0.172
(-0.70) (-1.05) (-0.55)
[-0.53] [-0.74] [-0.33]

∆Misalltop -0.101 -0.133 -0.048
(-0.77) (-1.01) (-0.35)
[-0.53] [-0.68] [-0.20]

∆MPK spread -0.463 -0.492 -0.458
(-3.83)∗∗∗ (-3.92)∗∗∗ (-3.64)∗∗∗

[-2.36]∗∗ [-2.30]∗∗ [-2.16]∗∗

R2 0.568 0.559 0.557 0.563 0.629 0.591 0.578 0.672 0.673
Adj. R2 0.542 0.524 0.522 0.528 0.599 0.549 0.535 0.639 0.632
RMSE 1.814 1.851 1.854 1.842 1.698 1.800 1.829 1.612 1.626
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 size × book-to-market, 10 momentum, 25 size and operating profitability, and 25 size and
investment portfolios. I obtain intangible capital from Peters and Taylor (2017), accessed via WRDS. The
sample runs from 1975 to 2022.
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Table A9: Cross-sectional asset pricing tests - annual frequency

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Constant 21.248 21.022 20.335 20.741 24.741 19.322 20.304 24.218 23.201
(7.74)∗∗∗ (7.62)∗∗∗ (7.60)∗∗∗ (6.72)∗∗∗ (8.15)∗∗∗ (7.59)∗∗∗ (6.73)∗∗∗ (8.06)∗∗∗ (7.03)∗∗∗

[6.05]∗∗∗ [4.75]∗∗∗ [4.56]∗∗∗ [5.03]∗∗∗ [4.20]∗∗∗ [4.87]∗∗∗ [5.00]∗∗∗ [4.15]∗∗∗ [3.86]∗∗∗

MKT -12.531 -12.336 -11.645 -13.558 -16.363 -10.691 -13.068 -15.715 -16.189
(-3.54)∗∗∗ (-3.45)∗∗∗ (-3.31)∗∗∗ (-3.46)∗∗∗ (-4.31)∗∗∗ (-3.14)∗∗∗ (-3.39)∗∗∗ (-4.16)∗∗∗ (-3.93)∗∗∗

[-2.52]∗∗ [-2.02]∗∗ [-1.87]∗ [-2.38]∗∗ [-2.14]∗∗ [-1.88]∗ [-2.32]∗∗ [-2.06]∗∗ [-2.07]∗∗

SMB 2.223 2.214 2.096 2.805 2.270 1.889 2.798 2.209 2.608
(1.53) (1.51) (1.43) (1.67) (1.55) (1.30) (1.66) (1.51) (1.55)
[0.94] [0.80] [0.74] [1.00] [0.71] [0.70] [1.00] [0.69] [0.75]

HML 2.976 3.269 3.449 3.030 3.540 3.689 3.128 3.788 3.714
(1.68)∗ (1.83)∗ (1.94)∗ (1.50) (1.99)∗ (2.07)∗∗ (1.56) (2.14)∗∗ (1.86)∗

[1.04] [0.97] [1.00] [0.91] [0.91] [1.12] [0.94] [0.98] [0.90]
∆Misalltotal 0.945 0.829 0.231 0.566

(2.96)∗∗∗ (2.75)∗∗∗ (0.81) (1.97)∗

[1.80]∗ [1.71]∗ [0.57] [0.99]
∆Misallrest 1.087 0.902 0.119

(2.95)∗∗∗ (2.85)∗∗∗ (0.42)
[1.74]∗ [1.78]∗ [0.22]

∆Misalltop -0.185 -0.177 -0.078
(-0.81) (-0.79) (-0.36)
[-0.56] [-0.54] [-0.19]

∆MPK spread -1.311 -1.028 -1.037
(-4.85)∗∗∗ (-4.40)∗∗∗ (-4.08)∗∗∗

[-2.44]∗∗ [-2.20]∗∗ [-2.17]∗∗

R2 0.494 0.505 0.512 0.550 0.543 0.525 0.551 0.555 0.631
Adj. R2 0.465 0.465 0.473 0.514 0.506 0.476 0.505 0.510 0.584
RMSE 2.162 2.161 2.146 2.060 2.077 2.139 2.080 2.069 1.905
Fama-Macbeth t-statistics in parentheses. Shanken t-statistics in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the prices of risk with Fama and MacBeth (1973a) and Shanken t-statistics
for the 25 size × book-to-market, 10 momentum, 10 investment, and 10 operating profitability portfolios.
The sample runs from 1975 to 2023. Returns and risk premia are reported in percent per year.



Chapter 3

Intermediary Asset Pricing Through the

Lens of a Demand System1

Abstract

How does broker-dealers’ leverage shift asset prices when their assets under manage-
ment are relatively small? We explore the channel through which broker-dealers extend
leverage to hedge funds using an asset demand system. During recessions, broker-
dealers face binding leverage constraints and reduce their borrowing to hedge funds.
Then, hedge funds are forced to sell assets and deleverage, creating demand pressures
that shift asset prices. We find that hedge funds exert the largest price impact across all
stocks among institutions, and their price impact increases substantially during crises
as they need to deleverage. On average, a 1% increase in broker-dealers’ leverage raises
the price impact of the average hedge fund by 2% in the following year. These impacts
are more pronounced among illiquid stocks. Our findings suggest that hedge funds
significantly influence stock prices when broker-dealers’ leverage constraints are bind-
ing.

Keywords: Intermediary Asset Pricing, Demand System, Broker-Dealers, Hedge
Funds.

JEL codes: D92; E24; G32; J41; L25.

1 This chapter is co-authored with Dongryeol Lee. We are grateful to Aleksandar Andonov, Esther
Eiling, Enrico Perotti, Moto Yogo, Simon Rottke, Ralph Koijen, Tyler Muir, and participants at the UvA
Finace Brownbag Seminar for helpful comments and discussions.
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3.1 Introduction

Since the 2008 Global Financial Crisis (GFC), there has been a growing interest in the

roles of financial intermediaries in financial markets. The Intermediary Asset Pricing

literature shows that the financial health of intermediaries, typically proxied by broker-

dealers’ leverage, is crucial for understanding risk premia (e.g., He and Krishnamurthy,

2013; Adrian, Etula, and Muir, 2014; He, Kelly, and Manela, 2017; Haddad and Muir,

2021).

However, broker-dealers represent a small portion of the stock market, with their

holdings accounting for less than 2%. So, how can broker-dealers’ leverage affect asset

pricing when their assets under management are so small? We explore this question

through the channel in which broker-dealers extend leverage to hedge funds. Hedge

funds rely on broker-dealers to provide financing and facilitate trades through prime

brokerage services. During recessions, broker-dealers face binding leverage constraints

and reduce borrowing to hedge funds. Then, hedge funds are forced to sell assets,

creating short-term demand pressures that shift asset prices. Thus, broker-dealers’ (BD)

leverage could impact financial markets through its effects on hedge funds.

We test this mechanism using stock-level 13F holding data from 2000:Q1 to 2023:Q3.

We start by documenting that brokers-dealers reduce their lending to hedge funds

when their leverage increases. A 1% increase in broker-dealer leverage is associated

with a 4% decline in hedge fund leverage, measured as borrowing from prime brokers

relative to net assets. As hedge funds’ funding conditions tighten, they reduce their

holdings, which implies they are forced to sell their assets and deleverage.

To examine how hedge funds’ deleveraging impacts stock markets, we use the de-

mand system of asset pricing (Koijen and Yogo, 2019). We find that hedge funds exert

the largest price impact across all stocks among institutions, and their price impact in-

creases substantially during crises. A 10% demand shock to hedge funds shifts stock

prices by an average of 0.2% across all stocks, with the effect increasing to 0.3% dur-

ing the 2008 financial crisis. In contrast, broker-dealers exhibit negligible price impact,
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suggesting their more inelastic demand and role as liquidity providers rather than price

movers. Moreover, other institutional investors, aside from hedge funds and broker-

dealers, also show smaller price impacts than hedge funds. Given that these institutions

collectively hold more than 60% of the stock market, our results highlight the pivotal

role hedge funds play in the stock market.

Finally, we find that higher broker-dealer leverage predicts greater price impacts.

A 1% increase in BD leverage raises the price impact of hedge funds by 2% in the fol-

lowing year, a magnitude comparable to that of all other institutions combined. No-

tably, when measuring price impact per million dollars of holdings, a 1% increase in

BD leverage corresponds to a 23.8% price impact for hedge funds, compared to just

0.5% for other institutions. This finding further validates our claim that BD leverage

influences the stock market through hedge funds.

This paper provides several insights into the role of broker-dealer leverage in shap-

ing asset prices through hedge funds’ holdings. While existing research has empha-

sized the importance of intermediaries in determining risk premia, this study high-

lights the channel through which broker-dealers can influence stock prices, even when

their assets under management are relatively small. Specifically, we show that broker-

dealers’ leverage constraints during downturns amplify hedge funds’ price impact, as

hedge funds are forced to sell assets in response to tightened leverage conditions of

broker-dealers. By quantifying the price impact of hedge fund demand shocks and

linking these shocks to broker-dealer leverage, the paper provides empirical evidence

that connects financial intermediary health to cross-sectional variations in stock returns.

Related literature. Our paper contributes to three strands of literature. First, the

Intermediary Asset Pricing literature emphasizes the importance of intermediaries’ fi-

nancial health in understanding asset prices and risk premia. For example, He and

Krishnamurthy (2013, 2018) show that when intermediaries face tighter leverage con-

straints, their ability to provide liquidity to the market decreases, leading to higher risk

premia. Brunnermeier and Pedersen (2009) show that margin constraints on interme-
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diaries lead to a feedback loop between asset prices and market liquidity, magnifying

price fluctuations during periods of stress. However, little is known about what type

of intermediaries influence asset prices, since institutional investors are heterogeneous.

Our paper looks at broker-dealers, hegde funds, and other types of institutions.

Broker-dealers’ laverage or capital constraint is typically proxied for the intermedi-

aries’ finanacial health. Adrian, Etula, and Muir (2014) find that the leverage of security

broker-dealers reflects the tightness of their funding constraints. Shocks to the lever-

age construct an intermediary SDF as these shocks are priced in the cross-section of

asset returns. He, Kelly, and Manela (2017) show that the capital constraints of pri-

mary dealers construct a priced risk factor. Besides, Kargar (2021) find that the wealth

share of broker-dealers predicts stock market excess returns and shocks to the relative

wealth share of broker-dealers explain the cross-section of stock returns. Alternatively,

our paper highlights the link of leverage constraints and asset pricing through via the

channel of hedge funds’ demand for assets. Particularly, the leverage constraint influ-

ences hedge funds’ price impact during economic downsturns.

Besides, our findings are consistent with Haddad and Muir (2021) that interme-

diaries’ financial constraints have a more pronounced impact on asset classes where

households are less active. Stocks are an important asset class, with institutions hold-

ing of at least 70% of total assets under management, while households own less than

30% by the end of 2020.

Second, the literature has documented the relationship between hedge funds and

broker-dealers. Hedge funds, as large institutional investors, often rely on broker-

dealers to provide financing and facilitate trades through prime brokerage services.

Broker-dealers, in turn, use their balance sheets to extend leverage to hedge funds,

making this relationship crucial for market liquidity.

Adrian and Shin (2010) show that during periods of financial stress, when broker-

dealers reduce their leverage due to capital constraints, hedge funds are forced to

deleverage, exacerbating market volatility. Our paper adds to the evidence of this

relationship by looking at their demand for assets and price impacts. While existing
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research tends to focus on the systemic risks of leverage during crises, our study quan-

tifies how broker-dealer leverage constraints affect hedge funds’ price impact on stocks

and cross-sectional asset pricing.

Also, studies focusing on hedge funds reinforce our findings. For example, Boyson,

Stahel, and Stulz (2010) show that large adverse shocks to liquidity, such as poor dealer

stock performance, increase the likelihood of contagion (clustering of extreme nega-

tive returns) across hedge funds. Similarly, Ben-David, Franzoni, and Moussawi (2012)

demonstrates that hedge fund flows and leverage-driven trades can create price pres-

sures. Using the demand system, we estimate the price impact of hedge funds on

stocks. We find that higher leverage of broker-dealers predicts higher price impact

of hedge funds on stocks.

Third, our paper contributes to understanding the role of institutional investors’

demand on asset pricing. The demand-based approach to asset pricing introduced by

Koijen and Yogo (2019) allow a more granular understanding of how different types

of institutional investors nad household affect prices based on their portfolio choices.

Our paper focuses on the interaction between broker-dealers and hedge funds. By

showing that hedge funds, rather than broker-dealers, exert the largest price impact

due to their higher demand elasticity, and that this impact is magnified during periods

of financial stress when broker-dealer leverage is constrained, our findings provides

insights into how institutional investors through their balance sheet constraints can

affect asset pricing.

The remainder of the paper is organized as follows. Section 3.2 explains how we

construct the data and main variables. Section 3.3 shows evidence on the channel that

broker-dealers extend leverage to hedge funds. Section 3.4 explores the impact of this

channel on the stock market using the demand system of asset pricing. Finally, Sec-

tion 3.5 concludes.
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3.2 Data construction

3.2.1 Institutional holdings and stock characteristics

We obtain the direct stock holdings of institutional investors from FactSet, sourced

from regulatory 13F filings. Asset managers who own 13F securities of more than $100

million in market value must report their long positions on the Securities and Exchange

Commission Form 13F. In each quarter, the holding for each stock held by each institu-

tion equals shares multiplied by price. The assets under management (AUM) of each

institution are then the sum of all holdings within each quarter. We follow Koijen and

Yogo (2019) to assign zero holding when a stock from the previous 11 quarters is no

longer in the portfolio since the investment universe of the median investor is persis-

tent over 11 quarters.

We match the information on stocks from the Center for Research in Security Prices

(CRSP) and Compustat. Our data set contains NYSE/AMEX/NASDAQ stocks with

common share codes 10, 11, 12, or 18. Stock returns and shares outstanding come from

CRSP Monthly Stock File. Accounting data are from CRSP/Compustat Merged Fun-

damentals Annual and Quarterly. We compute market equity as the price times shares

outstanding. Since the holdings data are on a quarterly basis, we compound the returns

over the quarter and keep other characteristics at quarter-end.

3.2.2 Investor classification

We classify investors into three groups: Broker-dealers, hedge funds, and other

types of institutions, using FactSet’s classification of investor types. The market clear-

ing condition requires the shares outstanding of each stock to equal the total shares

held by all investors in that stock. Hence, we assign the residual between shares out-

standing and the total shares held by 13F investors to the holdings of households (i.e.

individual investors). Any small investors who own less than $10 million in AUM are
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Figure 3.1: Asset Under Management of Broker-Dealers and Hedge Funds
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Description. This figure plots the share of total asset under management (AUM) by each investor type.
In each quarter, we aggregate the AUM share by each investor group. The AUM share is the percentage
of AUM of each investor over the total share AUM in each quarter. AUM is the total holdings of each
investor in each quarter. Holdings are reported in 13F institutional holdings from FactSet Ownership.
The sample period runs from 2000:Q1 to 2023:Q3.

also considered as households since small investors are not required to file Form 13F2.

In case that the total holdings across investors for a stock exceed its market value, we

scale the holdings of each investor proportionally, so that all holdings add up to the

market value, following Koijen and Yogo (2019).

Figure 3.1 shows the share of total AUM for broker-dealers and hedge funds. The

main observation is that AUM share of broker-dealers has remained relatively small

and stable throughout the period. Starting at around 1% in 2000, broker-dealers main-

tained a consistent share of AUM, with slight fluctuations, but overall their holdings

do not exceed 2% of the total AUM. Even during periods of downturns, such as the

2008 GFC, broker-dealers’ AUM share showed only a modest increase, implying their

limited role as asset holders.
2 All small investors under this filter own a negligible fraction of the total market cap so they do not

affect the findings if we include some of them as institutions.
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Table 3.1: Summary of Holdings

(1) (2) (3) (4) (5) (6)
# Institutions % Mkt Held Median AUM 90th AUM Median # Stocks 90th # Stocks

Panel A: All institutions
2000-2004 2,010 58.60 376 6,273 91 551
2005-2009 2,730 67.68 345 6,195 78 546
2010-2014 3,230 70.59 339 6,373 73 532
2015-2019 4,287 73.21 311 6,064 70 522
2020-2023 5,444 66.24 232 4,730 67 449

Panel B: Hedge funds
2000-2004 288 1.30 254 1,318 45 169
2005-2009 580 3.04 259 1,973 32 181
2010-2014 652 3.65 292 2,454 26 179
2015-2019 834 4.25 341 2,932 20 214
2020-2023 869 2.88 271 2,585 18 196

Panel C: Broker-dealers
2000-2004 18 0.80 1,533 22,266 586 2,263
2005-2009 30 1.28 1,685 26,672 556 2,254
2010-2014 44 1.73 917 26,994 453 2,331
2015-2019 53 1.93 787 28,951 321 2,144
2020-2023 61 1.74 1,003 46,858 310 1,899
Panel D: Others
2000-2004 1,705 56.49 404 7,339 100 598
2005-2009 2,120 63.36 370 8,181 93 612
2010-2014 2,534 65.21 351 8,041 88 566
2015-2019 3,400 67.03 302 7,173 85 555
2020-2023 4,514 61.63 223 5,375 77 470

Description. This table reports the average of each summary statistics within the given period. The table
reports the number of institutions, the percentage of the market held, the median and 90th percentile
AUM, and the median and 90th percentile number of stocks held. The sample period is from 2000:Q1 to
2023:Q3.

In contrast, the AUM share of hedge funds starts at a modest level of approximately

2% in 2000 but grows significantly over the next two decades. Hedge funds’ share

spikes around the 2008 financial crisis, reflecting their ability to accumulate assets dur-

ing times of market volatility and stress. At their peak in the mid-2010s, hedge funds

held over 6% of total AUM, a much larger share than broker-dealers. After reaching

their peak, hedge funds’ AUM share gradually declined, settling around 4-5% by 2023.

Table 3.1 reports the summary of holdings by each investor group over five periods

from 2000 to 2023. In Panel A, which aggregates all institutions, the number of insti-

tutions and their percentage of market share steadily increases from 2,010 institutions

holding 58.60% of the total AUM between 2000-2004, to a peak of 4,287 institutions
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holding 73.21% of the market between 2015-2019. However, the trend slightly reverses

in the most recent period (2020-2023), with 5,444 institutions holding a reduced 66.24%

market share. This shift indicates that while the number of institutions continues to

grow, the average market share per institution has diminished slightly.

Specifically for hedge funds in Panel B, their influence on the market has also grown

steadily. The percentage of market held by hedge funds increases from 1.30% in the

early 2000s (2000-2004) to 4.25% by 2015-2019, before declining to 2.88% in the most

recent period. This decline in market share in the latest period contrasts with their me-

dian and 90th percentile AUM figures, which show relatively high asset concentration.

Hedge funds’ 90th percentile AUM, for instance, rises to 2,932 million between 2015-

2019 before slightly declining to 2,585 million by 2020-2023. These figures suggest the

concentration of assets within a few major players.

In Panel C, broker-dealers maintain a relatively small but concentrated presence

in the market. Despite only holding a small percentage of the market (from approxi-

mately 0.80% to 1.93% over the periods), the broker-dealers in the 90th percentile con-

sistently manage large amounts of assets, with 46,858 million in AUM for the top 10%

in the 2020-2023 period. This concentration highlights the role of large broker-dealers

in managing significant amounts of capital despite their relatively small numbers in the

market.

3.2.3 Broker-dealers’ leverage

We follow Adrian, Etula, and Muir (2014) to use the leverage ratio measured by

assets relative to the equity of all security broker-dealers, denoted as BD leverage:

levBD
t =

Total financial assetsBD
t

Total financial assetsBD
t − Total liabilityBD

t
(3.1)

where the total financial assets and the total liability of security broker-dealers are from

the U.S. Flow of Funds. The leverage factor is then given by the seasonally adjusted log
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the leverage

lev f act =
[
∆ ln

(
levBD

t

)]SA
. (3.2)

We replicate the leverage factor to obtain the values up to 2023:Q3. The data for total as-

sets and total liability are available on the FRED (respectively the series BOGZ1FL664090005Q

and BOGZ1FL664190005Q).

3.3 Broker-dealers extending leverage to hedge funds

In this section, we show evidence that broker-dealers extend leverage to hedge

funds. Figure 3.2 plots the time series of broker-dealers’ leverage (BD Leverage) and

hedge fund borrowing from prime brokers. The figure suggests hedge fund reduces

their borrowing from prime brokers once BD leverage increases. This implies that

broker-dealers do not extend leverage to hedge funds once their funding conditions

tighten.

To further examine how hedge funds reduce their borrowing from broker-dealers,

we regress their leverage on BD leverage. We first compute hedge funds’ leverage as

the ratio of their borrowing from prime brokers to net assets (Net Leverage) or net equity

holdings (Net Equity Leverage). Table 3.2 documents the results. The table suggests

a 1% increase in BD leverage is associated with approximately 4% decline in hedge

funds’ leverage. This implies that broker-dealers reduce their borrowing substantially

to hedge funds when they face leverage constraints.

Given that broker-dealers reduce their lending to hedge funds once their funding

conditions tighten, we test whether hedge funds liquidate their positions in the stock

market as they cannot borrow from broker-dealers. Table 3.3 regresses hedge funds’

holdings in the stock market on BD leverage. The table shows hedge funds reduce

their stock holdings as BD leverage increases. Column (1) suggests a 1% increase in

BD leverage is associated with $34 billion decrease in hedge funds’ stock holdings. We

also examine their share of holdings to evaluate whether their reductions exceed those
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Figure 3.2: Broker-Dealers’ Leverage and Hedge Fund Borrowing
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Description. This figure plots the time series of broker-dealers’ leverage (BD Leverage) and hedge fund
borrowing from prime brokers.

Table 3.2: Broker-Dealers’ and Hedge Funds’ Leverage

Net Leverage Net Equity Leverage

(1) (2)

BD Leverage -0.038∗∗∗ -0.022∗∗∗

(-5.281) (-6.216)

Observations 43 43
R2 0.354 0.611
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table regresses hedge funds’ leverage on broker-dealers’ leverage (BD). Net (Equity)
Leverage refers to the ratio of hedge funds’ borrowing from prime brokers to their net assets (net equity
holdings). t-statistics reported in the parentheses are based on Newey-West standard errors with 4 lags.
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Table 3.3: Broker-Dealers’ and Hedge Funds’ Holdings

Holdings (Billion $) Share

(1) (2)

BD Leverage -33.849∗∗∗ -0.048∗∗

(-4.152) (-2.100)

Observations 95 95
R2 0.496 0.169
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table regresses hedge funds’ stock holdings on broker-dealers’ leverage (BD). Holding
(Billion $) refers to the dollar amount of holdings in billion $ and Share refers to its share of holdings in
the stock market. t-statistics reported in the parentheses are based on Newey-West standard errors with
4 lags.

of other investors. Column (2) confirms this result, showing that a 1% increase in BD

leverage corresponds to a 5% decrease in hedge funds’ stock holdings. This implies

hedge funds actively reduce their positions in the stock market and deleverage once

they face borrowing constraints.

3.4 Broker-cealers’ leverage and price impacts

The previous section characterizes how an increase in broker-dealers’ leverage leads

hedge funds to reduce their borrowing from brokers and deleverage. This section ex-

plores its impact on the stock market using the demand system of asset pricing (Koijen

and Yogo (2019)).

3.4.1 Characteristic-based demand estimation

During recessions, broker-dealers face binding leverage constraints and cannot ex-

tend leverage to hedge funds. Then, hedge funds are forced to sell assets, creating

short-term demand pressures that shift asset prices. Thus, we outline the characteristic-

based demand model used to investigate the demand elasticity of institutional investors,

specifically hedge funds and broker-dealers.
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Using the demand system asset pricing methodology from Koijen and Yogo (2019),

we can model the demand of investor i for stock n as,

wit(n)
wit(0)

= exp
{

β0,itmet(n) + β′
1,itxt(n) + αit

}
ϵit(n), (3.3)

where wit(n) denotes investor i’s portfolio weight for stock n at quarter t, wit(0) de-

notes portfolio weight on the outside asset, met is the market cap, Xt is a vector of

characteristics, and ϵit is the latent demand. We include the same characteristics as in

Koijen and Yogo (2019): an instrument for market equity, book equity, profitability, in-

vestment, dividends, and market beta. We estimate Equation (3.3) using the non-linear

GMM method under the moment condition

Et[ϵit(n)|m̂eit(n), xt(n)] = 1 (3.4)

where m̂eit(n) denotes the instrument for market equity. For institutions with more

than 1,000 holdings, we can estimate the model at the investor level. For those insti-

tutions with fewer than 1,000 holdings, we group them by type and then quantiles of

AUM within each type to run a pooled estimation.

Figure 3.3 shows the cross-sectional mean of the estimated coefficients on charac-

teristics by each investor type. Panel A reports the coefficients on log maket-to-book

equity for hedge funds, broker-dealers, households, and other institutions. A higher

coefficient (up to one) implies that the institution do not deviate away from their bench-

mark portfolio when the price changes. Thus, a higher coefficient implies a more in-

elastic demand.

We observe that the demand elasticity for hedge funds is lower than that of broker-

dealers throughout the sample period, reflecting the more elastic demand of hedge

funds relative to broker-dealers who face leverage constraints. Broker-dealers consis-

tently show the highest demand elasticity, which remains relatively stable over time,

while hedge funds experience a decline in elasticity until around 2009, after which their

demand become more ineleastic.
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Figure 3.3: Demand Elasticities
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Description. This figure reports the cross-sectional mean of the estimated coefficients by institution
type, weighted by assets under management. The sample period runs from 2000:Q1 to 2023:Q3. Panel
A reports the coefficients on log market-to-book equity. A higher coefficient (close to 1) implies higher
rice elasticity of demand. Panel B reports the coefficients on book equity. A higher coefficient implies
portfolio tilting towards large-cap stocks.
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Panel B reports the coefficients on book equity, which measures the preference for

size by institutional type. Broker-dealers have the highest coefficient on book equity,

implying that they tilt their portfolio towards large-cap stocks. The result is consis-

tent with banks in Koijen and Yogo (2019)’s sample, since banks are largely the parent

holding institutions of broker-dealers. Hedge funds, in contrast, tilt their portfolio to-

wards smaller stocks, although the trend in demand for larger stocks have increased

over time.

3.4.2 Price impacts

As an implication from the deman system, we can estimate the price impact on each

stock for each type of institution. Then, we can examine how the price impact by each

type of institution comove with BD leverage. Following Koijen and Yogo (2019), the

market clearing condition suggests for each stock n,

MEt(n) =
I

∑
i=1

Aitwit(n, me, x, ϵ), (3.5)

where Ai is investor i’s assets under management (AUM). Taking the log of the market

clearing condition gives,

pt = f (pt) = log

(
∑

i
Aitwit(pt)

)
− st, (3.6)

where s = log(S) is the log of the number of shares outstanding. Thus, we can obtain

an implicit function for the log price as follows,

pt = g(st, xt, At, βt, ϵt). (3.7)

The equation implies that asset prices are fully determined by shares outstanding (s),

characteristics (x), the wealth distribution (A), the coefficients on the characteristics (β),

and the latent demand (ϵ). The price impact of a change in investor i’s latent demand
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for stock n is given as the n-th diagonal element of the matrix has the form

PIi
t :=

∂pt

∂ log(εi,t)′
=

(
I −

I

∑
j=1

Aj,tβ0,j,tH−1
t Gj,t

)−1

Ai,tH−1
t Gi,t. (3.8)

where β0,j,t is the coefficient of investor j on market-to-book, and matrices

H := diag

(
∑

i
Aiwi

)
= ∑

i
Ai diag(wi) (3.9)

Gi := diag(wi)− wiw′
i . (3.10)

Equation (3.8) represents the coliquidity matrix for investor i, which measures the

elasticity of asset price changes (denoted by pt) with respect to idiosyncratic shocks to

investor i’s latent demand (denoted by εi,t). The inverse of this matrix is the aggre-

gate demand elasticity. The n-th diagonal element of the term outside the inverse in

Equation (3.8) has the form

Ai,twi,t(n) [1 − wi,t(n)]

∑J
j=1 Aj,twj,t(n)

. (3.11)

which accounts for how sensitive investors’ portfolio weights (wj,t) are to changes in

asset prices. Thus, Equation (3.8) estimates the price impact of demand shocks for investor

i. Following Koijen and Yogo (2019), we estimate the price impact for each stock and

institution via the diagonal elements of ∂pt
∂ log(εi,t)′

. For each stock, we estimate the price

impact for each institution with a 10% demand shocks on that stock. We then aggre-

gate the price impact on each stock by institutional types, weighted by their holding

in the stock. Finally, we obtain the value-weighted price impact across all stocks for

each institutional type, weighted by the stock market cap. This time-series captures the

aggregate price impact of each type of institution on the overall stock market.

Figure 3.4 plots the price impact across all stocks over the sample period from

2004:Q1 to 2023:Q3. The price impact is represented as an elasticity, where an estimate

of 0.1 implies that the price increases by 1% for a 10% demand shock. In Panel A, which
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Figure 3.4: Price Impact Across All Stocks
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Description. This figure reports the cross-sectional distribution of price impact across all stocks for the
average hedge funds, broker-dealers, and other investors. Price impact is defined as an elasticity, where
an estimate of 0.1 implies that the price increases by 1% for a 10% demand shock. For each stock, we
estimate the price impact for each institution with a 10% demand shocks on that stock, following Koijen
and Yogo (2019). We then aggregate the price impact on each stock by institutional types, weighted by
their holding in the stock. Finally, we take the value-weighted price impact across all stocks for each
institutional type, weighted by the stock market cap. The sample period is from 2000:Q1 to 2023:Q3.
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Figure 3.5: Price Impact Across Least Liquid Stocks
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Description. This figure reports the cross-sectional distribution of price impact across least liquid stocks
stocks for the average hedge funds, broker-dealers, and other investors. Price impact is defined as an
elasticity, where an estimate of 0.1 implies that the price increases by 1% for a 10% demand shock. Least
liquid stocks are defined based on their position in the cross-sectional distribution of price impact. Least
liquid stocks as those at the 90th percentile of the distribution of price impacts across stocks. For each
stock, we estimate the price impact for each institution with a 10% demand shocks on that stock, fol-
lowing Koijen and Yogo (2019). We then aggregate the price impact on each stock by institutional types,
weighted by their holding in the stock. Finally, we take the value-weighted price impact across all stocks
for each institutional type, weighted by the stock market cap. The sample period is from 2000:Q1 to
2023:Q3.

depicts the price impact on all stocks, hedge funds consistently show a higher price im-

pact than broker-dealers throughout the sample period. A 10% positive demand shock

by the average hedge fund increases stock prices by 0.2% across all stocks.

Broker-dealers, in contrast, exhibit a relatively low price impact across the entire

period. This finding indicates that hedge funds, with a more elastic demand, exert

greater influence on the prices of average stocks than broker-dealers, who have a more

inelastic demand. The stable yet low impact from broker-dealers could reflect their

more passive role in price setting across all stocks.
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Figure 3.5 focuses on the price impact on the least liquid stocks. Least liquid stocks

as those at the 90th percentile of the distribution of price impacts across all stocks3.

These stocks exhibit higher price sensitivity to demand shocks, meaning that changes in

investor demand have a larger effect on their prices. During financial crises or periods

of financial stress, liquidity often dries up, especially for the least liquid stocks.

Panel B shows that hedge funds have a larger impact on price movements in least

liquid stocks. A 10% positive demand shock by the average hedge fund increases stock

prices by 0.4% across these stocks. During recessions, particularly in the 2008 GFC,

hedge funds’ price impact spikes dramatically, with a 10% demand shock leading to

an increase of up to 7% in stock prices. Importantly, the price impact from the hedge

funds are economically large. Koijen and Yogo (2019) reports the price impact for the

average investment advisor with a 10% demand shock on the least liquid stocks is

approximately 0.22% in 2017:Q2. We find that the price impact for the average hedge

fund with a 10% demand shock on the least liquid stocks is approximately 0.4% in

2017:Q2, doubled the average investment advisor.

This sharp increase reflects the vulnerability of illiquid stocks to shifts in hedge fund

demand, especially during periods of market stress when liquidity is scarce. Broker-

dealers, on the other hand, maintain a consistently low price impact on illiquid stocks,

suggesting that they do not play as significant a role in driving price changes, even

during periods of downturns.

Overall, among all institutions, we find that hedge funds exert the largest price im-

pact across all stocks, and their price impact comoves with BD leverage. Although

often broker-dealers are considered as marginal investors, broker-dealers themselves

have a relatively muted price impact across all stocks, consistent with their more in-

elastic demand and their role as liquidity provxiders rather xice movers. This result

implies that hedge funds’ demand and price pressure on stocks comove with leverage.

Providing leverage to hedge funds is an indirect way of how BD leverage matters for

3 Liquidity is associated with how quickly and easily a stock’s price adjusts to changes in supply and
demand, with less liquid stocks having a higher price impact for a given demand shock Koijen and Yogo
(2019).
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asset pricing.

Table 3.4 reports the main findings of this paper. This table reports the results from

the single predictive regressions that examine how BD leverage predicts future price

impacts for hedge funds and broker-dealers, over time horizons ranging from one to

eight quarters ahead. The regression has the following form:

PI I
t:t+q = α + βlevBD

t + ϵt:t+q. (3.12)

In Column (1)-(3), the dependent variable is the average price impact PI I
t:t+q. In Col-

umn (4)-(6), the dependent variable is the average price impact scaled by total AUM of

each type (in million USD). The regressions use BD leverage as the key predictor. We

report t-statistics based on Newey and West (1987) corrections, respectively.

In Panel A, for hedge funds, we observe that a 1% increase in BD leverage leads to

an increase in the aggregate price impact by 1.5% to 1.7% at in the followig quarter and

the followig quarter year. When we measure the price impact per million dollars of

holdings, the effect of BD leverage on hedge funds becomes much more pronounced: a

1% increase in BD leverage leads to a substantial price impact of 23.8% in the following

quarter, decreasing to 18.0% over an two-year horizon (q=8). These findings highlight

the significant sensitivity of hedge funds’ price impacts to BD leverage, suggesting that

hedge funds respond strongly to changes in BD leverage, especially in terms of their

holdings’ price impact per dollar invested.

Panels B and C reveal smaller price impacts for broker-dealers and other institu-

tions. In Panel B, the aggregate price impact for broker-dealers is much lower, with

coefficients around 0.8% across different quarters, and the price impact per million dol-

lars of holdings is between 9.9% and 11.2%. In Panel C, other institutions exhibit similar

aggregate price impact coefficients; yet, the price impact per million holdings is min-

imal (between 0.5% and 0.6%). These results suggest that the effect of BD leverage is

particularly strong for hedge funds, significantly amplifying their price impacts com-

pared to broker-dealers and other institutions. The relatively higher R2 values in Panel

B indicate that BD leverage explains a substantial portion of the variation in broker-
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Table 3.4: Predicting Price Impacts on All Stocks

Dependent variable: Aggregate price impact Price impact per $1M holdings

(1) (2) (3) (4) (5) (6)
q=1 q=4 q=8 q=1 q=4 q=8

Panel A: Hedge funds
BD leverage 0.015 0.017 0.014 0.238 0.225 0.180

[3.80]∗∗∗ [2.75]∗∗∗ [2.31]∗∗ [4.30]∗∗∗ [3.02]∗∗∗ [3.12]∗∗∗

R2 0.094 0.175 0.171 0.135 0.162 0.170
RMSE 0.004 0.003 0.003 0.055 0.047 0.036

Panel B: Broker-dealers
BD leverage 0.008 0.008 0.007 0.112 0.112 0.099

[9.25]∗∗∗ [7.78]∗∗∗ [4.16]∗∗∗ [6.35]∗∗∗ [4.70]∗∗∗ [4.99]∗∗∗

R2 0.309 0.391 0.387 0.267 0.307 0.340
RMSE 0.001 0.001 0.001 0.017 0.016 0.013

Panel C: Others
BD leverage 0.019 0.018 0.018 0.005 0.006 0.005

[4.33]∗∗∗ [3.23]∗∗∗ [4.49]∗∗∗ [5.39]∗∗∗ [3.92]∗∗∗ [4.87]∗∗∗

R2 0.128 0.191 0.324 0.241 0.312 0.387
RMSE 0.004 0.003 0.002 0.001 0.001 0.001
t-ratio of Newey-West (1987) with k-1 lags in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the coefficient of regressing future price impacts for each type of insti-
tutions on BD leverage: PI I

t:t+q = α + βlevBD
t + ϵt:t+q. For each stock, we estimate the price impact for

each institution with a 10% demand shocks on that stock, following Koijen and Yogo (2019). We then
aggregate the price impact on each stock by institutional types, weighted by their holding in the stock.
PI I

t:t+q is the value-weighted price impact across all stocks for each instituional type, weighted by the
stock market cap. In Column (1)-(3), the dependent variable is the aggregate price impact PI I

t:t+q. In
Column (4)-(6), the dependent variable is the aggregate price impact scaled by total AUM of each type
(in million USD). The sample period is from 2000:Q1 to 2023:Q3.
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dealers’ price impacts, althoughthough the magnitude of the effect remains lower than

for hedge funds.

Overall, the table indicates that hedge funds are the primary channel through which

BD leverage affects stock market price impacts. The sensitivity of hedge funds’ price

impacts, especially when measured per million dollars, underscores their role in trans-

mitting the effects of BD leverage to the broader market. This implies hat BD leverage

influences the market primarily through hedge funds.

Table 3.5 examines how BD leverage affects the price impacts of the least liquid

stocks held by hedge funds, broker-dealers, and other institutions. In Panel A, for

hedge funds, a 1% increase in BD leverage significantly raises the aggregate price im-

pact on illiquid stocks by 4.3% to 5.0%, with a large increase in price impact per million

dollars of holdings, from 58.1% at a one-quarter horizon to 44.1% over eight quarters.

This indicates that hedge funds’ positions in less liquid stocks are highly sensitive to

changes in BD leverage.

In contrast, Panels B and C show much smaller effects for broker-dealers and other

institutions. Broker-dealers see an increase of about 1.2% in aggregate price impact and

15.9%-18.2% in price impact per million dollars. Other institutions experience minimal

sensitivity, with only a 1.0%-1.1% increase in price impact per million holdings. These

findings suggest that BD leverage primarily affects illiquid stock price impacts through

hedge funds rather than through broker-dealers or other institutions.

In summary, BD leverage is a significant predictor of future price impacts for both

hedge funds and broker-dealers. Interestingly, hedge funds exhibit a larger response

to changes in BD leverage. These findings highlight the crucial role that intermediary

leverage plays in shaping market dynamics, particularly by influencing the future price

impacts of institutional investors.



98 Intermediary Asset Pricing Through the Lens of a Demand System

Table 3.5: Predicting Price Impacts on Least Liquid Stocks

Dependent variable: Aggregate price impact Price impact per $1M holdings

(1) (2) (3) (4) (5) (6)
q=1 q=4 q=8 q=1 q=4 q=8

Panel A: Hedge funds
BD leverage 0.043 0.050 0.042 0.581 0.554 0.441

[3.91]∗∗∗ [2.92]∗∗∗ [2.62]∗∗ [4.22]∗∗∗ [3.01]∗∗∗ [3.13]∗∗∗

R2 0.106 0.206 0.210 0.129 0.158 0.168
RMSE 0.012 0.009 0.007 0.139 0.117 0.090

Panel B: Broker-dealers
BD leverage 0.012 0.011 0.009 0.182 0.180 0.159

[8.68]∗∗∗ [4.78]∗∗∗ [2.32]∗∗ [7.36]∗∗∗ [5.63]∗∗∗ [5.29]∗∗∗

R2 0.280 0.344 0.249 0.323 0.391 0.427
RMSE 0.002 0.001 0.001 0.024 0.021 0.017

Panel C: Others
BD leverage 0.042 0.039 0.037 0.011 0.011 0.010

[4.36]∗∗∗ [3.19]∗∗∗ [4.32]∗∗∗ [5.22]∗∗∗ [3.77]∗∗∗ [4.67]∗∗∗

R2 0.123 0.176 0.296 0.218 0.280 0.355
RMSE 0.010 0.008 0.005 0.002 0.002 0.001
t-ratio of Newey-West (1987) with k-1 lags in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the coefficient of regressing future price impacts for each type of insti-
tutions on BD leverage: PI I

t:t+q = α + βlevBD
t + ϵt:t+q. For each stock, we estimate the price impact for

each institution with a 10% demand shocks on that stock, following Koijen and Yogo (2019). We then
aggregate the price impact on each stock by institutional types, weighted by their holding in the stock.
PI I

t:t+q is the value-weighted price impact across least liquid stocks for each instituional type, weighted
by the stock market cap. Least liquid stocks are defined at 90th percentile cross-sectional distribution of
price impact. In Column (1)-(3), the dependent variable is the aggregate price impact PI I

t:t+q. In Column
(4)-(6), the dependent variable is the aggregate price impact scaled by total AUM of each type (in million
USD). The sample period is from 2000:Q1 to 2023:Q3.
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3.5 Conclusion

This paper highlights the role of broker-dealers and hedge funds in asset pricing.

Our findings imply that broker-dealers, despite their smaller share of total assets un-

der management, shape the leverage for hedge funds. During periods of financial

stress, when broker-dealers face tighter leverage constraints, hedge funds are forced

to deleverage, leading to significant price impacts across stocks. This effect is particu-

larly pronounced for less liquid stocks and those highly sensitive to leverage shocks,

confirming the importance of intermediary health in driving cross-sectional variation

in stock returns.

Using a characteristic-based demand system, we quantify the elasticity of demand

for hedge funds and broker-dealers. Hedge funds, with their higher demand elasticity,

show a stronger direct impact on prices, while broker-dealers influence asset prices

indirectly through their role in providing leverage. This interplay between broker-

dealers’ leverage constraints and hedge funds’ demand help us understand how finan-

cial health of intermediaries affect asset pricing, especially during times of economic

downturns.

Future research could examine the impact of regulatory changes targeting broker-

dealer leverage, such as capital requirements on asset pricing through shifts in hedge

fund behavior. For example, we could assess how regulations like the Dodd-Frank

Act or Basel III, which impose stricter capital standards on broker-dealers, alter hedge

funds’ ability to leverage and maintain positions, particularly in high-volatility.
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A1 Appendix: Additional results

Figure A1: Coefficient on Characteristics
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Description. This figure reports the cross-sectional mean of the estimated coefficients by institution

type, weighted by assets under management. The sample period runs from 2000:Q1 to 2023:Q3. Panel

A reports the coefficients on profitability. Panel B reports the coefficients on investment. Panel C reports

the coefficients on dividend-to-book equity. Panel D reports the coefficients on market beta.
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Figure A2: Standard Deviation of Latent Demand
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Description. This figure reports the cross-sectional standard deviation of log latent demand by institu-
tion type, weighted by assets under management. The sample period is from 2000:Q1 to 2023:Q3. A
higher standard deviation implies more extreme portfolio weights tilted away from observed character-
istics.
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Table A1: Predicting Price Impacts across All Stocks using Primary-Dealer Capital Ratio

Dependent variable: Aggregate price impact Price impact per $1M holdings

(1) (2) (3) (4) (5) (6)
q=1 q=4 q=8 q=1 q=4 q=8

Panel A: Hedge funds
PD capital ratio 0.111 0.098 0.094 1.904 1.642 1.375

(3.39)∗∗∗ (3.11)∗∗∗ (4.50)∗∗∗ (5.48)∗∗∗ (3.52)∗∗∗ (2.84)∗∗∗

[3.35]∗∗∗ [2.77]∗∗∗ [4.40]∗∗∗ [5.42]∗∗∗ [3.11]∗∗∗ [2.73]∗∗∗

R2 0.233 0.282 0.374 0.389 0.400 0.478
RMSE 0.004 0.003 0.002 0.047 0.040 0.029

Panel B: Broker-dealers
PD capital ratio 0.038 0.035 0.036 0.582 0.587 0.566

(4.73)∗∗∗ (3.78)∗∗∗ (6.19)∗∗∗ (5.18)∗∗∗ (3.58)∗∗∗ (3.81)∗∗∗

[4.68]∗∗∗ [3.44]∗∗∗ [5.99]∗∗∗ [5.12]∗∗∗ [3.19]∗∗∗ [3.66]∗∗∗

R2 0.309 0.361 0.513 0.328 0.388 0.535
RMSE 0.001 0.001 0.001 0.016 0.015 0.011

Panel C: Others
PD capital ratio 0.147 0.106 0.083 0.026 0.024 0.023

(4.69)∗∗∗ (2.84)∗∗∗ (2.47)∗∗ (4.46)∗∗∗ (2.83)∗∗∗ (2.44)∗∗

[4.64]∗∗∗ [2.51]∗∗ [2.36]∗∗ [4.42]∗∗∗ [2.49]∗∗ [2.34]∗∗

R2 0.358 0.315 0.348 0.256 0.259 0.333
RMSE 0.004 0.003 0.002 0.001 0.001 0.001
t-ratio of Hodrick (1992) with k-1 lags in parentheses.
t-ratio of Newey-West (1987) with k-1 lags in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the coefficient of regressing future price impacts for each type of institu-
tions on capital ratio: PI I

t:t+q = α + βηt + ϵt:t+q. For each stock, we estimate the price impact for each
institution with a 10% demand shocks on that stock, following Koijen and Yogo (2019). We then aggre-
gate the price impact on each stock by institutional types, weighted by their holding in the stock. PI I

t:t+q
is the value-weighted price impact across all stocks for each institutional type, weighted by the stock
market cap. In Column (1)-(3), the dependent variable is the aggregate price impact PI I

t:t+q. In Column
(4)-(6), the dependent variable is the aggregate price impact scaled by total AUM of each type (in million
USD). The sample period is from 2000:Q1 to 2023:Q3.
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Table A2: Predicting Price Impacts across Least Liquid Stocks using Primary-Dealer Capital
Ratio

Dependent variable: Aggregate price impact Price impact per $1M holdings

(1) (2) (3) (4) (5) (6)
q=1 q=4 q=8 q=1 q=4 q=8

Panel A: Hedge funds
PD capital ratio 0.295 0.263 0.252 4.716 4.063 3.362

(3.19)∗∗∗ (2.87)∗∗∗ (4.54)∗∗∗ (5.32)∗∗∗ (3.45)∗∗∗ (2.84)∗∗∗

[3.15]∗∗∗ [2.56]∗∗ [4.44]∗∗∗ [5.26]∗∗∗ [3.06]∗∗∗ [2.74]∗∗∗

R2 0.220 0.267 0.369 0.382 0.394 0.472
RMSE 0.011 0.009 0.007 0.117 0.100 0.071

Panel B: Broker-dealers
PD capital ratio 0.060 0.049 0.051 0.914 0.849 0.829

(4.65)∗∗∗ (4.04)∗∗∗ (3.20)∗∗∗ (5.44)∗∗∗ (3.95)∗∗∗ (4.72)∗∗∗

[4.60]∗∗∗ [3.73]∗∗∗ [3.05]∗∗∗ [5.38]∗∗∗ [3.56]∗∗∗ [4.55]∗∗∗

R2 0.303 0.307 0.392 0.366 0.401 0.564
RMSE 0.002 0.001 0.001 0.023 0.021 0.015

Panel C: Others
PD capital ratio 0.347 0.256 0.194 0.057 0.052 0.048

(4.89)∗∗∗ (3.00)∗∗∗ (2.60)∗∗∗ (4.69)∗∗∗ (2.94)∗∗∗ (2.47)∗∗

[4.83]∗∗∗ [2.66]∗∗∗ [2.49]∗∗ [4.64]∗∗∗ [2.60]∗∗ [2.38]∗∗

R2 0.380 0.351 0.389 0.287 0.288 0.357
RMSE 0.009 0.007 0.005 0.002 0.002 0.001
t-ratio of Hodrick (1992) with k-1 lags in parentheses.
t-ratio of Newey-West (1987) with k-1 lags in square brackets.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the coefficient of regressing future price impacts for each type of in-
stitutions on capital ratio: PI I

t:t+q = α + βηt + ϵt:t+q. For each stock, we estimate the price impact for
each institution with a 10% demand shocks on that stock, following Koijen and Yogo (2019). We then
aggregate the price impact by institutional types, weighted by their holding in the stock. PI I

t:t+q is the
value-weighted price impact on each stock across least liquid stocks for each institutional type, weighted
by the stock market cap. Least liquid stocks are defined at 90th percentile cross-sectional distribution of
price impact. In Column (1)-(3), the dependent variable is the aggregate price impact PI I

t:t+q. In Column
(4)-(6), the dependent variable is the aggregate price impact scaled by total AUM of each type (in million
USD). The sample period is from 2000:Q1 to 2023:Q3.



Chapter 4

Overlapping Factors1

Abstract

Characteristic-based factors, such as value, momentum, and low volatility, are con-
structed from the same universe of stocks. Therefore, they can contain some of the
same stocks. Although the degree of overlap among these factors is not excessive, I
find that the overlap matters. Stocks included simultaneously in the same leg across
multiple factors, so-called overlapping stocks, earn an average abnormal return of 66
basis points per month. In contrast, pure factor stocks included in a single factor earn
on average, across all factors, only 5 basis points per month, despite similar industry
composition, institutional ownership, and portfolio turnover. Further, the portfolio of
overlapping stocks is priced in the cross-section of stock returns, while the portfolio of
all pure factor stocks is not. Exposures to macroeconomic and liquidity risks cannot ex-
plain the return difference. Only in the short leg, overlapping stocks are more exposed
to investor sentiment and have a higher short interest than pure factor stocks.
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4.1 Introduction

Despite the large number of asset pricing factors proposed in the literature, in-

vestors typically focus on a small set of well-known characteristic-based factors, such

as value (e.g., Fama and French, 1992a), momentum (e.g., Jegadeesh and Titman, 1993),

and idiosyncratic volatility (e.g., Ang, Hodrick, Xing, and Zhang, 2006). These factors

are known to have low correlations. For example, the correlation between momentum

and low volatility is 0.13 and the correlation between value and momentum is even

negative at −0.22 (see also Asness et al., 2013)2. At the same time, characteristics-based

factors are all constructed from the same universe of stocks. Therefore, stocks can be

selected simultaneously across multiple factor portfolios, even for seemingly unrelated

characteristics.

This paper shows that the low correlation coefficients hide important overlap in per-

formance drivers across factor-based investment strategies. Although commonly used

long-short factors do not overlap excessively compared to a random-sorting bench-

mark, the overlap is important for investors and for asset pricing. Particularly, I find

that the subset of stocks that are included simultaneously in the same leg across mul-

tiple factors, so-called overlapping stocks, drives nearly all factor performance. Over-

lapping factor stocks earn on average an abnormal return of 66 basis points per month.

In sharp contrast, pure factor stocks that are included only in a single factor display no

abnormal returns. The average abnormal return of pure factor stocks across all factors

is only 5 basis points per month.

This finding is surprising given that these pure factor stocks have similar size, in-

dustry composition, and turnover to overlapping factor stocks. Importantly, overlap-

ping stocks are not in the extreme tails of the original factor portfolios since the char-

acteristic spreads of the overlapping stocks are not higher than those of the pure factor

stocks. The overlapping stocks are not in the extreme tails of any factor portfolio since

the characteristic spreads are not larger than those of the original factor portfolios. For

2 Based on monthly returns between 1952:07 and 2020:12.
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example, the value spread, which measures the difference in the book-to-market ratio

between value and growth stocks, of the total high-minus-low (HML) portfolio is 0.95,

while the value spread of the overlapping HML stocks is 0.80. Pure HML stocks have

a higher value spread of 1.07.

I focus on five well-known factors, starting with value (HML), momentum (MOM),

and idiosyncratic volatility (IVOL). These factors have been shown to robustly pre-

dict returns in the cross-section (e.g., Ang, Hodrick, Xing, and Zhang, 2006; Asness,

Moskowitz, and Pedersen, 2013; Kelly, Pruitt, and Su, 2019; Ehsani and Linnainmaa,

2022) and these strategies account for a large share of factor investment products of-

fered by the asset management industry3. Furthermore, these three factors are con-

structed based on seemingly unrelated information (book-to-market ratio for HML,

past returns for MOM, and past idiosyncratic volatility for IVOL) that are identified

as independent characteristics among non-micro cap stocks (Green, Hand, and Zhang,

2017). I extend my analysis by considering the profitability factor (RMW) and the in-

vestment factor (CMA), as in Fama and French (2015b).

I form factor portfolios by sorting stocks into quintiles while controlling for size4. I

then decompose each factor into overlapping stocks that are sorted into the same leg of

multiple factors and pure factor stocks that are uniquely sorted into a single factor. I

combine all overlapping stocks into a value-weighted long-short portfolio and all pure

factor stocks into another value-weighted long-short portfolio. I document three main

results.

First, I examine the degree of overlap between the long-short portfolios of different

factors. Compared to a benchmark that is based on random sorting stocks into quintile

portfolios, I do not find excessive overlap. The benchmark predicts that 10.4% stocks

will be selected into the same quintile of two or three factors. This is similar to the data,

where the fraction of overlap in the long leg (i.e., top quintile) is 9.9% and in the short

leg (i.e., bottom quintile) it is 13.2%.

3 Yet Lettau, Ludvigson, and Manoel (2018) show that not all value funds systematically tilt towards
value stocks.

4 All quintile portfolios contain an equal proportion of large caps, medium caps, and small caps and I
always report value-weighted returns.
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Second, I document important differences in the performance of overlapping stocks

versus pure factor stocks. The portfolio that contains all overlapping stocks generates

an average return of 66 basis points per month. In sharp contrast, the average monthly

return of all pure factor stocks (across the three factors) is only 5 basis points. Thus,

almost the entire return performance of these factors is driven by the same overlapping

subset of stocks5. This result is robust when I use a different set of factors that includes

RMW, CMA, and IVOL.

Third, I show that overlapping stocks are priced in the cross-section of stock re-

turns, while pure factor stocks do not carry a significant price of risk. I estimate Fama-

MacBeth’s (1973) regressions on different cross-sections of stock returns where I in-

clude both the value-weighted long-short portfolio of all pure factor stocks and that

of all overlapping stocks as two separate factors6. I find that the price of risk for the

overlapping portfolio is highly significant and greater than one in all specifications. In

contrast, the portfolio with only pure factor stocks (across all three factors) is not signif-

icantly priced when both the overlapping and the pure factor portfolios are included

as factors.

These results also shed new light on the well-known negative correlation between

HML and MOM (see e.g., Asness et al., 2013). I find that this negative correlation is

driven by the pure factor stocks. However, the stocks that overlap in the same leg (i.e.,

value stocks that are also past winners and growth stocks that are also past losers) are

the ones that deliver the risk premium. Pure HML stocks and pure MOM stocks are

not priced in the cross-section of returns when I control for overlapping stocks.

Finally, I seek to explain the difference in performance between overlapping stocks

and pure factor stocks. An advantage of my empirical approach is that I can identify ex-

actly which stocks are in the overlapping and pure factor portfolios. Despite the vastly

different performance, the overlapping and pure factor stocks are similar across many

5 In addition, the mean-variance spanning tests show that overlapping stocks always span the pure
factor stocks, but not vice versa.

6 I combine 25 size×value, 25 size×momentum, 25 size×volatility as the test portfolios. In a robust-
ness test, I also use different test portfolios such as a combination of 25 size×net share issues and 25
size×accruals portfolios.
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dimensions. These stocks have similar sizes (since I control for size in my portfolios),

industry composition (stocks in the manufacturing industry account for the most in

both portfolios), and portfolio turnover (the average turnover rate is 26% for the pure

factor portfolio and 39% for the overlapping portfolio).

I then explore several potential risk-based explanations, by comparing the expo-

sures of overlapping and pure factor stocks with respect to various measures of con-

sumption risk, a recession indicator, liquidity risk measures, the term spread, and the

default premium. Overall, I find no important differences.

Next, I move on to mispricing-based explanations. My results suggest that they

play a more significant role in overlapping stocks than for pure factor stocks when

focusing on the short leg. Specifically, the short leg of the overlapping portfolio loads

more negatively on investor sentiment as in Baker and Wurgler (2007) than the short

leg of the pure factor portfolio. Also, the short interest is higher for overlapping stocks

than for pure factor stocks after the 2000s, which implies higher anomaly returns to

the short leg of the overlapping portfolios. At the same time, I find that institutional

ownership is similar for overlapping stocks and pure factor stocks. Importantly, the

return difference between overlapping and pure factor stocks is not only due to the

short legs but in part due to differences in the long legs of these portfolios as well.

I perform several robustness tests. First, I consider an alternative set of factors that

includes CMA, RMW, and IVOL. My methodology and results are robust to this al-

ternative set of factors as the overlapping stocks again strongly outperform pure fac-

tor stocks. Second, my findings are robust across different subsample periods. Even

though traditional factors have low performance in the period 2001-2020, I still observe

the strong outperformance of the overlapping portfolio compared to the pure factor

portfolio in this subsample period. Third, my findings are robust to sorting stocks into

characteristic quintiles using NYSE breakpoints instead of assigning an equal number

of stocks to each quintile. Further, my results are robust when portfolios are rebalanced

every quarter. Given lower trading costs with quarterly rebalancing, this robustness

test suggests that focusing on overlapping stocks is a feasible strategy for investors.
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My findings have important implications for asset managers investing in smart-beta

or factor-based products. Many institutional investors such as pension funds allocate

a substantial share of capital to these strategies (e.g., Canada Pension Plan Investment

Board, Norwegian Sovereign Wealth Fund). My results suggest that rather than re-

moving overlap between factors or hiring separate managers for each factor product,

investors should focus more on this overlap, as these stocks are the ones driving factor

returns. My results also highlight the importance of academic research to provide a

unified explanatory framework for cross-sectional anomalies rather than focusing on

explaining each factor separately.

Related literature. During the past decades, the asset pricing literature has un-

covered hundreds of factors linked to the cross-section of stock returns. Many factors

are based on firm characteristics (e.g. among many others, Fama and French, 1992a,

1993a, 1996; Cochrane, 2011; Nagel, 2013). Analyzing this factor zoo, Harvey, Liu, and

Zhu (2016) report that many do not survive a multiple testing framework. McLean and

Pontiff (2016) show that many factor premiums decline after publications of the factors,

while Hou, Xue, and Zhang (2020) find that their economic significance is often weaker

than originally reported. These findings suggest that many seemingly distinct factors

could simply reflect the same information set (Jensen, Kelly, and Pedersen, 2023; Feng,

Giglio, and Xiu, 2020). This is in line with my result that the portfolio and asset pricing

performance of five well-known factors are driven by exactly those stocks that appear

simultaneously in multiple factors. Although I only study five well-known factors, it is

straightforward to extend this method to more factors.

Many papers have tried to summarize the information or extract the commonal-

ity of factors. Stambaugh and Yuan (2017) form two mispricing factors by averaging

stock rankings of anomalies that exhibit high correlations. In other words, the paper

combines signals from similar factors. By contrast, I combine signals from seemingly

unrelated factors, so there is no high correlation among the factors and no similar con-

struction of the chosen factors. Chen and Velikov (2023) study the expected returns of

the average anomaly. When averaging across signals, a weaker signal for one factor
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could be offset against strong signals for other factors. Instead, my paper focuses only

on stocks with strong signals and I compare stocks with a single signal versus multiple

signals.

Bryzgalova, Huang, and Julliard (2023) apply a Bayesian approach to extract the

common information among factors. In my paper, I show that it is not just a common

driver but actually the same subset of stocks included in different factors driving factor

premia. Bessembinder (2018) finds that the long-term market returns are driven by a

small subset of stocks. Consistently, I find that returns on five well-known factors are

also driven by a subset of stocks, namely those that appear simultaneously in multiple

factors.

Another strand of literature looks at the interaction effect between factors. Ehsani

and Linnainmaa (2022) find that factors displaying momentum themselves help explain

the performance of multiple factors. I also find that momentum stocks are present in

the set of overlapping stocks. However, the outperformance of this set of overlapping

stocks is not just due to factor rotation, since the set includes those stocks that appear

in momentum and other factors at the same time. Green, Hand, and Zhang (2017) find

many independent characteristics among non-micro cap stocks, which include namely

book-to-market, return volatility, and momentum. My results show that factor perfor-

mance of the corresponding characteristic sorted portfolios relies heavily on stocks that

score high (or low) on a multiple of these characteristics.

Stambaugh, Yu, and Yuan (2015) find that, among overpriced stocks (stocks in the

short leg), the IVOL characteristic is negatively related to the abnormal return. My

results are consistent as I find that, in the short leg, higher IVOL implies more overlap-

ping stocks, and then more negative returns. Asness, Moskowitz, and Pedersen (2013)

finds the negative correlation between value and momentum. Ali, Hwang, and Tromb-

ley (2003) finds that the book-to-market ratio is greater for stocks with higher IVOL.

Zhang (2006) reports that momentum is concentrated among stocks with high IVOL. In

my paper, I find all these relationships hold in the total factor portfolios and the port-

folios containing pure factor stocks but not in the portfolios containing overlapping
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stocks. Yet, only the portfolios of overlapping stocks earn abnormal returns and are

significantly priced in the cross-section.

Müller and Schmickler (2021) consider a large set of anomalies and find evidence

for many anomaly interactions. Here, I start from a portfolio perspective and focus on

a smaller set of factors that are frequently implemented in practice. I compare different

multi-factor strategies and decompose the factor portfolios into pure factor stocks and

overlapping factor stocks. Favilukis and Zhang (2019) find that, by sorting portfolios

conditionally, momentum is high among stocks in the short leg of many anomalies,

including growth, high IVOL, low operating profitability, and high investment. My

methodology is different in the way that I sort my portfolios independently on each

characteristic. Since my paper focuses on overlap, my method is transparent in what is

in the overlap.

Recently, studies in Machine Learning have developed frameworks that incorporate

information from these interaction effects (see, for example, Moritz and Zimmermann,

2016; Bryzgalova, Pelger, and Zhu, 2019; Chen and Velikov, 2023; Freyberger, Neuhierl,

and Weber, 2020; Kozak, Nagel, and Santosh, 2020; Avramov, Cheng, Metzker, and

Voigt, 2023). In my paper, my portfolio strategy is transparent and aligns closely with

the conventional approach to factor construction. Furthermore, my method enables the

precise identification of stocks that overlap in factor portfolios, allowing for a detailed

examination of their characteristics.

The rest of the paper is organized as follows. Section 4.2 describes the data and

methodology. Section 4.3 analyzes the performance and asset pricing tests of overlap-

ping stocks and pure factor stocks. Section 4.4 discusses potential explanations for the

difference in performance. Section 4.5 presents several practical implications and ro-

bustness checks. Section 4.6 concludes.
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4.2 Data and methodology

4.2.1 Data

I compute the monthly firm characteristics for HML, MOM, and IVOL factors from

July 1952 to December 2020. My main data source is the CRSP/Compustat U.S. stock

universe. I filter all common stocks (with share code 10 or 11) traded on NYSE, AMEX,

or Nasdaq (with exchange codes 1, 2, or 3).

HML is formed on the book-to-market ratio. I follow closely the standard method

described in Kenneth R. French’s data library7. MOM is formed on prior 12-to-2 re-

turns. I follow Jegadeesh (1990) and Jegadeesh and Titman (1993) by using monthly

returns from the past months t − 2 to t − 12, skipping the most recent month to avoid

market microstructure issues. IVOL is formed on residual volatility, which is the stan-

dard deviation of residuals in the Fama-French three-factor model as in Ang, Hodrick,

Xing, and Zhang (2006).

Ri
t = αi + βi

MKT MKTt + βi
SMBSMBt + βi

HMLHMLt + εi
t.

For each stock, I regress the excess returns on the Fama-French three factors using a

window of 60 days (minimum of 20 days). I then compute the residual volatility by the

standard deviation of all residuals in each month for a given stock8.

I choose the HML, MOM, and IVOL factors for the main analysis since these fac-

tors robustly predict cross-sectional returns and have received the most attention from

prior academic research. Asness, Moskowitz, and Pedersen (2013) find evidence for

value and momentum return premiums across markets and asset classes. Ang, Ho-

7 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
8 I use a window of 60 days (minimum of 20 days) instead of 20 days (minimum of 15 days) as in Ang,

Hodrick, Xing, and Zhang (2006). 60 days give more observations for each rolling regression, which
can yield more reliable estimates. In comparison with the paper, I find a similar pattern that the short
portfolio, containing stocks with highest idiosyncratic volatilities, yields the lowest expected return. The
difference in average returns between the long and the short portfolios is 0.25% per month. Ang et al.
report 1.06% per month (Table VI, Panel B), which is based on a shorter sample period (1963-2000) and a
shorter window for rolling regressions (20 days).

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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drick, Xing, and Zhang (2006) find that the returns on stocks with high idiosyncratic

volatility cannot be explained by the size, value, and momentum factors. Kelly, Pruitt,

and Su (2019) find that value, momentum, and idiosyncratic volatility are three among

ten firm characteristics that necessarily explain the variation in stock returns9. Besides,

these three factors seem to be unrelated in terms of the type of information used to

extract a signal for expected returns. HML is purely based on accounting data. MOM

relies on past performance. Whereas, IVOL is formed on residual volatility of the asset

pricing model.

For robustness checks, I replicate the CMA and RMW factors. CMA is formed on

the change in total assets from the fiscal year ending in t − 2 to the fiscal year ending in

t − 1, divided by the total assets in t − 1. RMW is formed on operating profitability. In

each June, operating profitability is the annual revenue less cost of goods sold, interest

expense and selling general, and administrative expenses, divided by the book equity

in the previous fiscal year.

In my analysis, I either include HML or I include CMA and RMW in the set of fac-

tors. Fama and French (2015b) find that HML is redundant when adding CMA and

RMW, and they are based on related information. The construction of HML requires

book equity which in turns requires total assets. CMA and RMW also require the book

equity and total assets, resulting in a higher correlation between these factors and a

potentially larger degree of overlap. Table A2 shows that none of the five characteristic

values is on average highly correlated with each other. The correlation between mo-

mentum and low volatility is 0.13 and the correlation between value and momentum

is negative at −0.22. The return correlations show that CMA is highly correlated with

HML (0.65 on average); however, I do not include these two factors in the same set. My

conclusions are highly robust to alternative choices of factors.

9 Kelly, Pruitt, and Su (2019) investigate 36 firm characteristics and find ten of them remain statistically
significant at 1%.
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4.2.2 Factor decomposition methodology

I decompose the universe of stocks into overlapping stocks and pure factor stocks. I

also decompose each factor into so-called pure factor stocks and so-called overlapping

stocks that also appear in the same (long or short) leg of other factors. This section

discusses my empirical approach.

First, I construct each factor portfolio based on the characteristic ranking of stocks

while controlling for size. Specifically, in each month, I first sort stocks into the 30th and

70th percentile of market cap, using NYSE breakpoints. Then, within each size tercile,

I rank stocks by the characteristic value and split them equally into quintiles. Thus,

each characteristic quintile portfolio contains the same amount of stocks. Portfolios are

value-weighted and rebalanced every month.

This deviation is a mild difference from the traditional approach by Fama and French,

where stocks are sorted into characteristic quintiles by using NYSE breakpoints. Here,

I make sorting univariately distributed so that I can derive the benchmark. Since the

number of stocks is the same in every quintile, the probability that a stock appears in

any portfolio is simply 1/5. With this probability, I can calculate the benchmark frac-

tion that each factor overlaps with each other. Yet my robust results show that the

conclusions remain the same when I sort all characteristics by using NYSE breakpoints.

For another technical convenience, I do not sort stocks from the lowest to the highest

characteristic values, but from the least attractive to the most attractive manners of

characteristic. In other words, for every factor, Quintile 5 or the top quintile denotes

the long portfolio, while Quintile 1 or the bottom quintile denotes the short portfolio.

Henceforth, I reverse the sort from high to low values for idiosyncratic volatility and

investment. The final data set is the characteristic scores from one to five for each stock

in each month10.

I define each time that a stock appears in a top or bottom characteristic quintile as

the stock receiving a signal for its positive or negative return. I do not count stocks in

the intermediate quintiles (Quintiles 2, 3, and 4) as stocks receiving a signal, so in my

10 The correlation between my returns and French’s data is above 97% for all factors.
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methodology, I only consider strong signals11. To measure the fraction of overlap, for

each stock in each month, I count how many signals the stock receives for a given top

or bottom quintile. I denote frequency k in Quintile j as the number of times that a stock

has score j, for j ∈ {1, 5}, among all factors in the strategy. Thus, k ranges from 0 to S

signals, where S denotes the number of factors such as S = 3 in the strategy that invests

in HML, MOM, and IVOL. I identify the number of signals by three cases. Namely in

Quintile j, a stock can receive

1. no signal (k = 0): The stock exhibits no signal when it does not appear in Quintile

j of any characteristic. The stock is not sorted into the quintile of my interest so I

do not investigate this case.

2. a single signal (k = 1): The stock exhibits a single signal when it appears in Quin-

tile j of only one factor but not in this quintile of any other factors. This stock is

defined as a pure factor stock. For example, if a stock scores 3 for momentum and

volatility but 5 for value, then this stock only exhibits a positive signal for high

expected returns for value. Thus, this stock receives a pure value signal.

3. multiple signals (k ≥ 2): The stock exhibits multiple signals when it appears in

Quintile j of at least two factors. In other words, at least two factors contain the

same stock in the same leg. This stock is defined as an overlapping stock. In an

extreme case, if a stock scores 5 in all three factors, then it exhibits multiple signals

for high expected returns for all three factors.

Note that I only consider signals in the same leg of multiple factors as multiple

signals. Although a stock sorted in the top quintile of one factor can also be in

the bottom quintile of another factor, these two signals cancel out in my equal-

weighted multi-factor strategy, so I do not consider this stock as an overlapping

stock.

Signals in the extreme quintiles indicate the decision to go long, if stocks appear in

11 Stambaugh and Yuan (2017) study average signals from the percentile ranks of 11 anomalies. Here,
I only count strong signals that are from the top 20% and the bottom 20% of the characteristic rankings.
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the top portfolio, or to go short if stocks appear in the bottom portfolio. With this mea-

sure, I can decompose our universe of stocks into stocks receiving a single signal (so-

called pure factor stocks) and stocks receiving multiple signals (so-called overlapping

stocks). The overlapping portfolio contains overlapping stocks that overlap between

factors: HML & MOM, HML & IVOL, MOM & IVOL, or HML & MOM & IVOL, illus-

trated as the shaded regions in Figure 4.1. The pure factor portfolio contains pure factor

stocks across the three factors, so this portfolio contains all pure HML, pure MOM and

pure IVOL stocks.

This measure also allows me to decompose each factor into the pure factor portfolio

that contains stocks receiving only a signal for that factor and the overlapping portfolio

that contains stocks receiving the same signal for that factor and some other factors. For

example, in the long leg of HML, the pure HML portfolio contains pure value stocks,

while the overlapping HML portfolio contains value & winner, value & low-vol, and

value & winner & low-vol stocks.

4.2.3 Analysis of degree of overlap

Since all long-short factors are constructed from the same universe of stocks, by

chance there can be overlap. In this section, I compare the degree of overlap based on

a random-sorting benchmark to the actual degree of overlap I observe in the data.

I derive a benchmark fraction of overlap assuming all signals follow a uniform dis-

tribution. When initially sorting on size, the probability that a stock appears in the ith

size percentile equals

Pr(size = i) =
1
m

, i = 1, . . . , m.

Then within each size percentile, the probability that a stock has a characteristic score j

equals

Pr(char = j|size = i) =
1
5

, i = 1, . . . , m; j ∈ {1, 5}.
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Figure 4.1: Fractions of overlapping stocks and pure factor stocks
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Pure MOM
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HML & MOM
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Panel A: Benchmark
Overlapping 10.4%

Pure factor 38.4%
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12.3%
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Panel B: Long leg
Overlapping 9.9%

Pure factor 39.2%
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10.9%
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2.8%
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No signal 56.4%

Panel C: Short leg
Overlapping 13.2%

Pure factor 30.4%

Description. This figure presents a Venn diagram of HML, MOM, and IVOL portfolios. Within the
portfolios, the shaded areas represent overlapping stocks and the non-shaded areas represent pure factor
stocks. The areas outside the portfolios represent stocks that are not sorted into the portfolio of any factor.
The benchmark is the same for the long leg and short leg.
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The unconditional probability is hence given by

p := Pr(char = j) =
m

∑
i=1

Pr(char = j|size = i)Pr(size = i)

= m × 1
5
× 1

m
=

1
5

.

This likelihood represents the probability that a stock exhibits a signal to a given

quintile portfolio. By independent sorting, the size controls do not affect the signal

likelihood p. Let fS(k) be the fraction of signal k in an S-factor strategy. Then k follows

the Binomial(S, p) distribution and fS(k) is the probability that takes the form

fS(k) =
(

S
k

)
pk(1 − p)S−k

=

(
S
k

)(
1
5

)k (4
5

)S−k
, k = 0, . . . , S.

Under this notation, the fraction of a single signal is then fS(1), and the fraction of

multiple signals is given by ∑S
k=2 fS(k), the total probability that the stock has from two

to S signals in the given factor portfolio.
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Table 4.1: Fraction of pure factor stocks and overlapping stocks

Long leg Short leg Benchmark

Panel A: In the universe of stocks
Pure factor 0.392 0.304 0.384

Pure HML 0.123 0.109 0.128
Pure MOM 0.135 0.099 0.128
Pure IVOL 0.134 0.096 0.128

Overlapping 0.099 0.132 0.104
HML & MOM 0.032 0.028 0.032
HML & IVOL 0.033 0.030 0.032
MOM & IVOL 0.026 0.053 0.032
HML & MOM & IVOL 0.007 0.021 0.008

Panel B: In each factor portfolio
HML 1.000 1.000 1.000

Pure HML 0.628 0.579 0.640
Overlapping HML 0.372 0.421 0.360

HML & MOM 0.165 0.148 0.160
HML & IVOL 0.171 0.159 0.160
HML & MOM & IVOL 0.036 0.114 0.040

MOM 1.000 1.000 1.000
Pure MOM 0.674 0.491 0.640
Overlapping MOM 0.326 0.509 0.360

HML & MOM 0.161 0.140 0.160
MOM & IVOL 0.130 0.262 0.160
HML & MOM & & IVOL 0.035 0.107 0.040

IVOL 1.000 1.000 1.000
Pure IVOL 0.669 0.481 0.640
Overlapping IVOL 0.331 0.519 0.360

HML & IVOL 0.166 0.150 0.160
MOM & IVOL 0.130 0.262 0.160
HML & MOM & IVOL 0.035 0.107 0.040

Description. This table reports the average fraction of pure factor/ overlapping stocks in the data versus
the benchmark fraction in the strategy that invests equally in HML, MOM, and IVOL. The benchmark

fractions are given by fS(k) = (S
k)
(

1
5

)k ( 4
5

)S−k
, k = 0, . . . , S for S = 3. The benchmark is the same for

the long leg and the short leg. The empirical fractions are the average of fractions in each month per
portfolio.
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Table 4.1 reports the average fractions of signals in our universe of stocks, in each

factor portfolio, with the corresponding benchmark fractions. Figure 4.1 also visual-

izes in the Venn diagram these factions in our universe of stocks, in comparison to the

benchmark. I find that on average the fraction of overlapping stocks and the fraction of

pure factor stocks in all portfolios are almost the same as the benchmark. The difference

is economically small, approximately by a few percent per month.

For example, while the random-sorting benchmark predicts that the fraction of over-

lapping stocks is 10.4%, I find that my data contains on average 9.9% stocks with mul-

tiple signals in the long leg and 13.2% stocks with multiple signals in the short leg

(Panel A). Within the HML portfolio, the long leg contains 62.8% pure value stocks and

37.2% overlapping value stocks, while the short leg contains 57.9% pure growth stocks

and 42.1% overlapping growth stocks (Panel B). The benchmark predicts that each leg

contains 64% pure value stocks and 36% overlapping value stocks, so the difference in

each leg is relatively small. Hence, in the data, there is no excessive overlap in either our

universe of stocks or in each individual factor portfolios. This natural overlap occurs

because, given the same universe of stocks, I choose the top 20% and the bottom 20%

of stocks in each characteristic. In overall, I find that there is overlap between factors

but the degree of overlap is not excessive relative to the random-sorting benchmark.

Yet it is surprising when I show that these overlapping stocks nearly drive all the factor

performance.

4.3 Performance and asset pricing test

4.3.1 Portfolio performance

In this section, I study the performance of each decomposed portfolio to examine

whether the overlap between factors matters and which subset of stocks drives the

performance of the multi-factor strategy. I start with a multi-factor strategy that equally

invests 1/3 in HML, 1/3 in MOM and 1/3 in IVOL. I then disentangle stocks that

appear in the same leg of two or more factors at the same time (overlapping stocks)
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and stocks that appear in only one factor (pure factor stocks).
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Table 4.2 reports the summary statistics of each portfolio in comparison to the mar-

ket and the equal-weighted multi-factor portfolio. Market is the value-weighted av-

erage of all stocks in the sample, giving an excess return of approximately 65.1 basis

points per month. The multi-factor portfolio, which contains both the pure factor and

overlapping stocks, is the average of all three factor returns, so the mean return of this

portfolio is between the long-short overlapping and the long-short pure factor portfo-

lios (5.0 < 28.7 < 65.6 basis points).

I observe the outperformance of overlapping stocks in several aspects. First, only

the long-short overlapping portfolio performs closely to the market (65.6 ≈ 65.1 basis

points). This implies that a subset of stocks overlapped in multiple factor portfolios can

generate the same average return as the market portfolio which invests in the entire

universe of stocks. The long-short pure factor portfolio, by contrast, generates almost

no average return compared to the market (5.0 basis points).

Second, the long-short overlapping portfolio yields a higher expected return so it

also results in higher volatility, specifically 4.71% per month. However, this portfo-

lio yields a higher Sharpe ratio than the equal-weighted multi-factor portfolio and the

long-short pure-factor portfolio (0.14% > 0.11% > 0.04%). Third, the long-short over-

lapping portfolio yields the largest and most significant CAPM alpha (1.0 > 0.46 >

0.10). Especially in the short leg, only overlapping stocks deliver a negative alpha of

−0.60. It implies that only stocks overlapped in the short leg of multiple factors can

deliver shorting benefits.

Overall, the average returns on pure factor stocks are very close to zero (even though

I combine pure factor stocks of three different factors). In contrast, overlapping stocks

appear to drive the entire average return across seemingly unrelated factor strategies.

Figure 4.2 visualizes the performance of each portfolio by plotting the cumulative

excess returns. The figure supports the previous finding and suggests including es-

pecially overlapping stocks in the short leg. I observe that only the overlapping short

portfolio underperforms the market cumulatively. It is important that not only the short

leg but also the long leg of the overlapping portfolio outperforms the market over time.
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Figure 4.2: Cumulative returns of the overlapping and pure factor portfolios
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Description. This figure plots the cumulative log-returns of the overlapping and pure factor portfolios
in each leg, in comparison to the market portfolio. The sample contains the monthly excess returns from
1952:07 to 2020:12 (822 months). The short portfolios are in solid and the long portfolios are in dashed
lines. The pure factor portfolios are in black and overlapping portfolios are in grey.



4.3 Performance and asset pricing test 125

The combination of the long and short legs of overlapping stocks accumulates the most

returns, as the gap between these two portfolios is the widest. Moreover, this gap in-

creases over time.

Next, I decompose each factor portfolio to study the characteristics of the stocks

that drive each factor return. I classified stocks in each factor portfolio by two types:

(1) those appearing in this factor only (pure factor stocks with a single signal to this

factor), and (2) those appearing in this factor and other factors (overlapping stocks

with the same signal to multiple factors). The first subset of stocks forms a pure factor

portfolio and the second subset forms an overlapping portfolio.
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Table 4.3: Individual factor decomposition

Total Pure Over- Decomposition of overlapping portfolio

Factor Factor lapping HML & MOM HML & IVOL MOM & IVOL 3F

Panel A: HML
Return (%)

Long 1.077 0.983 1.205 1.256 1.054 1.387
Short 0.976 1.101 0.708 0.630 0.958 0.313
Long–Short 0.101 -0.118 0.498 0.625 0.095 1.074

Log-market cap
Long 4.486 4.264 4.865 4.561 5.118 4.941
Short 5.124 5.414 4.732 4.726 5.103 4.159
Long–Short -0.638 -1.150 0.134 -0.165 0.015 0.781

Avg. weight 1.000 0.598 0.402 0.152 0.180 0.071
Characteristic spreads (Long–Short)

Book-to-market ratio 0.947 1.068 0.801 0.643 0.947 0.679
Prior 12-to-2 return (%) -3.025 -17.015 16.730 71.181 -32.460 65.654
Residual volatility (%) -0.078 0.220 -0.692 0.060 -1.101 -1.200

Panel B: MOM
Return (%)

Long 1.328 1.363 1.365 1.256 1.340 1.387
Short 0.732 0.924 0.475 0.630 0.372 0.313
Long–Short 0.596 0.439 0.891 0.625 0.968 1.074

Log-market cap
Long 5.133 5.231 4.918 4.561 5.371 4.941
Short 4.423 4.724 4.153 4.726 3.822 4.159
Long–Short 0.710 0.507 0.765 -0.165 1.549 0.781

Avg. weight 1.000 0.604 0.396 0.148 0.181 0.069
Characteristic spreads (Long–Short)

Book-to-market ratio -0.297 -0.510 0.051 0.643 -0.607 0.679
Prior 12-to-2 return (%) 68.153 68.771 64.789 71.181 60.744 65.654
Residual volatility (%) -0.116 0.184 -0.604 0.060 -1.018 -1.200

Panel C: IVOL
Return (%)

Long 1.021 0.938 1.246 1.054 1.340 1.387
Short 0.856 1.042 0.660 0.958 0.372 0.313
Long–Short 0.165 -0.104 0.585 0.095 0.968 1.074

Log-market cap
Long 5.213 5.234 5.194 5.118 5.371 4.941
Short 4.316 4.376 4.269 5.103 3.822 4.159
Long–Short 0.897 0.858 0.925 0.015 1.549 0.781

Avg. weight 1.000 0.574 0.426 0.176 0.182 0.069
Characteristic spreads (Long–Short)

Book-to-market ratio -0.004 -0.127 0.259 0.947 -0.607 0.679
Prior 12-to-2 return (%) -8.580 -24.732 13.825 -32.460 60.744 65.654
Residual volatility (%) -1.056 -0.942 -1.129 -1.101 -1.018 -1.200

Description. We decompose each factor into pure factor stocks and multi-signal stocks. This table reports
the summary statistics of decomposed portfolios for each factor: HML (Panel A), MOM (Panel B), and
IVOL (Panel C), where 3F denotes HML & MOM & IVOL. The sample is from 1952:07 to 2020:12 (822
monthly returns). Portfolios are value-weighted of stocks returns and rebalanced every month. The
characteristic spreads are the long–short averages over time of the value-weighted characteristics of the
stocks in each portfolio.
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Table 4.3 reports the average returns and characteristics of each decomposed factor

portfolio. In all factors, I find that the overlapping portfolios drive almost the entire per-

formance of the factors. The long-short overlapping portfolios generate higher average

returns than the total factor portfolios (49.8 > 10.1 basis points in HML, 89.1 > 59.6 ba-

sis points in MOM, and 58.5 > 16.5 basis points in IVOL). In contrast, the return of the

pure factor portfolio falls below that of the total factor. The average long-short returns

for the pure MOM portfolio is 43.9 basis points, while the returns are even negative

for the pure HML portfolio (−11.8 basis points) and for the pure IVOL portfolio (−10.4

basis points).

Interestingly, I find that the value premium is driven by those value stocks that

are also past winners (positive momentum) and those growth stocks that are also past

losers (negative momentum). The return outperformance of HML & MOM stocks over

the pure HML stocks comes from both legs (1.26% > 0.98% in the long leg and 0.63% <

1.10% in the short leg). The difference makes the long-short return of the HML & MOM

portfolio on average higher than that of the pure HML portfolio.

This result might at first seem to contradict Asness, Moskowitz, and Pedersen (2013)’s

finding that HML and MOM are negatively correlated. I observe the same in that the

total HML portfolio has a negative prior return of −3.03% per month. The pure HML

portfolio has a large negative prior return, but the HML & MOM portfolio has a large

positive prior return. Therefore, the negative correlation between HML and MOM

seems to come from the negative comovement between pure HML and pure MOM

stocks. I find that the correlation between the pure HML portfolio returns and the pure

MOM portfolio returns is indeed negative (−0.54, not shown in the table).

However, what drives the performance of multiple factors are overlapping stocks.

If I look at the decomposition of the overlapping HML portfolio, the HML & MOM

portfolio not only generates a high average return but also yields the highest past per-

formance. The high average prior returns indicate that the past performance of the

HML portfolio is driven by MOM when HML stocks are also sorted into the MOM

portfolio. I find that only uniquely sorted stocks in either HML or MOM make these
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two factors negatively correlated, but they contribute almost no returns to the factors,

especially to HML. Hedging HML stocks against MOM stocks implies removing any

overlapping stocks that are both these two factors, which weigh for 15.2% in the HML

portfolio and 14.8% in the MOM portfolio, that drive the factor premiums.

I find no peculiar characteristics in the overlapping portfolios. Since I control for

size, the long leg and short leg in each factor have approximately the same log-market

cap. Importantly, the value spread (i.e., the average book-to-market ratio of value

stocks minus that of the growth stocks) is smaller for the overlapping HML portfolio

(0.80) than for the total HML portfolio (0.95) and than for the pure HML stocks (1.068).

In all other overlapping portfolios, the characteristic spreads are roughly the same as

in the total factor portfolio, so stocks in the overlapping portfolios do not appear in the

extreme tails of the factors.

I also check the portfolio turnover and find that the turnover rate of the overlap-

ping portfolio is reasonable. Figure 4.3 plots the proportion of stocks in a portfolio this

month staying in the same portfolio in the following month. In most months, the pro-

portion of stocks staying in the same portfolio is high and stable at an average of 61.5%.

Thus, the average turnover rate in the overlapping portfolio is about 38.5% per month.

The average turnover rate is 26% for the pure factor portfolio. This result implies that

for practitioners, the strategy that invests in overlapping stocks is feasible. Also, it in-

fers a stability link for future research to study the portfolio turnover of the subset of

stocks driving the factor performance12.

In the MOM factor, the long-short portfolio of HML & MOM stocks also yields a

higher average return and a higher past performance than that of pure momentum

stocks. The outperformance of the overlapping MOM portfolio over the pure MOM

portfolio seems to come from the short leg, with an average return of 0.48% per month.

However, the prior return gap in the overlapping MOM portfolio is not considerably

different from that in the pure MOM or the whole MOM portfolio. I find similar con-

12 The turnover rate is possibly lower if portfolios are rebalanced quarterly. In my robustness check for
quarterly rebalancing, I still find abnormal returns in the overlapping stocks. Therefore, focusing on the
overlapping stocks would be a feasible strategy for investors.
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Figure 4.3: Proportion of stocks staying in the portfolio next month

(a) Overlapping portfolio
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Description. This figure plots the proportions of stocks in the overlapping and the pure factor portfolios
that stays in the same portfolio in the following month. The sample contains the monthly excess returns
from 1952:07 to 2020:12 (822 months). The portfolio is rebalanced every month.
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clusions for the IVOL factor. The average return of the MOM & IVOL portfolio is

higher than that of other decomposed portfolios. The outperformance of the overlap-

ping IVOL and the MOM & IVOL portfolio comes from both legs. Indeed, MOM stocks

seem to drive other factor performance, which is in line with the finding of Ehsani and

Linnainmaa (2022). However, I find that what drives multiple factor performance is

not just factor rotation, but it is a subset of stocks appearing in multiple factors at the

same moment in time.

Figure 4.4 plots the cumulative returns of the decomposed overlapping portfolios

in each factor. I observe that all portfolios containing overlapping stocks perform as

least as well as the total factor portfolio, in all panels. In contrast, the pure HML, pure

MOM, and pure IVOL portfolios underperform the total factor portfolios cumulatively

over time.

4.3.2 Cross-sectional asset pricing tests

The previous section shows the difference in portfolio performance when I compare

pure factor stocks to overlapping stocks. This section analyzes the asset pricing impli-

cations. I run the Fama and MacBeth (1973b) regressions for different cross-sections of

stock returns.

The test portfolios combine 25 portfolios formed on size and value, 25 portfolios

formed on size and momentum, and 25 portfolios formed on size and idiosyncratic

volatility. Alternatively, I also test on a combination of 25 portfolios formed on size and

net stock issues and 25 portfolios formed on size and accruals. In each specification, I

include the MKT factor, SMB factor, the three original factors (HML, MOM and IVOL),

the long-short overlapping portfolio as a factor, and the long-short pure factor portfolio

as a factor. Note that the pure factor portfolio contains pure factor stocks across all three

factors. In the first stage, I run a time-series regression for each test portfolio i, yielding

estimates for the factor loadings βi for each factor portfolio ft

Ri,t = αi + βi ft + εi,t, i = 1, ..., N.
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Figure 4.4: Cumulative returns of decomposed factor portfolios

(a) HML

(b) MOM

(c) IVOL

Description. This figure plots the cumulative log-returns of long-short portfolios in each factor: HML
(Panel A), MOM (Panel B), and IVOL (Panel C). The sample contains the monthly excess returns from
1952:07 to 2020:12 (822 months)
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In the second stage, I run a cross-sectional regression of estimated factor loadings β̂i for

each month t

Ri,t = λ0 + λt β̂i + ϵi,t, t = 1, ..., T.

The risk premium for each factor portfolio λ is the time average of the estimated λ̂t.

Table 4.4 reports the time-series mean and t-statistic of the cross-sectional regression

coefficients.
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Table 4.4: Fama–MacBeth cross-sectional regressions

(1) (2) (3) (4) (5)

Panel A: Cross-section of 25 size×value, 25 size×momentum,
and 25 size×volatility portfolios
λMKT -1.038∗∗∗ 0.753∗∗ 0.354 -0.203 0.559∗∗

(-6.21) (2.18) (1.36) (-0.94) (1.97)
λSMB 0.134∗∗∗ 0.216∗∗∗ 0.165∗∗∗ 0.141∗∗∗ 0.181∗∗∗

(2.59) (3.81) (3.20) (2.73) (3.45)
λHML 0.248∗∗

(2.52)
λMOM 0.685∗∗∗

(6.88)
λIVOL 0.344∗∗∗

(3.63)
λ3F

overlap 1.231∗∗∗ 1.525∗∗∗

(9.15) (7.19)
λ3F

pure 0.601∗∗∗ -0.194
(6.89) (-0.96)

λ0 1.748∗∗∗ -0.117 0.303 0.869∗∗∗ 0.099
(10.45) (-0.32) (1.14) (3.91) (0.34)

Adjusted R2 0.309 0.773 0.694 0.560 0.733

Panel B: Cross-section of 25 size×net share issues
and 25 size×accruals portfolios
λMKT -0.704∗∗ 0.379 0.269 -0.131 0.167

(-2.25) (0.81) (0.56) (-0.34) (0.33)
λSMB 0.168∗∗∗ 0.111 0.139∗∗ 0.086 0.107

(2.82) (1.34) (2.30) (1.27) (1.50)
λHML 0.530∗∗

(1.96)
λMOM 2.350∗∗

(2.49)
λIVOL 0.209

(0.78)
λ3F

overlap 1.312∗∗∗ 1.193∗∗∗

(3.17) (2.73)
λ3F

pure 0.728∗∗∗ 0.497
(2.82) (1.39)

λ0 1.354∗∗∗ 0.259 0.365 0.769∗∗ 0.468
(4.31) (0.55) (0.75) (2.00) (0.93)

Adjusted R2 0.325 0.662 0.511 0.548 0.551
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the second-stage cross-sectional regressions by Fama and MacBeth
(1973b) on the returns of 75 portfolios formed on size×value, size×momentum, and size×volatility
(Panel A) and 50 portfolios formed on size×net share issues and size×accruals (Panel B). Double sorted
portfolios are retrieved from Kenneth R. French’s data library.

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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I find strong evidence that a value-weighted long-short portfolio with all overlap-

ping stocks is priced in the cross-section of stock returns. When the test portfolios

include size with value, momentum, and volatility (in Panel A), the estimated price of

risk of this overlapping portfolio is significant and positive at 1.23, with a t-value of

9.15 (Column 3). This is much larger and more significant than each factor risk pre-

mium when I include all three total factors in the model. The price of risk estimate of

the pure factor portfolio is significant and positive (Column 4), but the unpriced risk

λ0 is also significantly different from zero. Note that the pure factor portfolio is ex-

posed to all three factors as it contains all pure HML, all pure MOM, and all pure IVOL

stocks. When I include both the overlapping portfolio and the pure factor portfolio as

two separate factors in the model (Column 5), only the overlapping portfolio remains

significantly priced.

Indeed, the overlapping portfolio is priced in almost all cross-sections of stock re-

turns. When I use the test portfolios sorted on completely different characteristics such

as net share issues and accruals (Panel B), the total IVOL factor is no longer signifi-

cantly priced. However, the estimated price of risk of the overlapping portfolio is still

greater than one and highly significant. I find the same evidence that the overlapping

stocks are priced in every scenario but the pure factor stocks are not priced when the

model includes both returns of the overlapping and the pure factor portfolios as sepa-

rate factors. Also, when I only include the overlapping portfolio, the intercept becomes

insignificant, while it is significant and positive when I only include the pure factor

portfolio.

Finally, I study the asset pricing implications of the overlapping stocks contained in

each factor separately. I run the Fama-Macbeth cross-sectional regressions of returns of

25 portfolios formed on size and the characteristic of each individual factor, the over-

lapping and pure factor portfolios. Table 4.5 reports the estimated risk premiums for

value (Panel A), momentum (Panel B), and volatility (Panel C).
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Table 4.5: Fama–MacBeth cross-sectional regressions on decomposed individual factors

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Cross-section of 25 size×value portfolios
λMKT -1.237∗∗∗ -0.656 -0.294 -0.814 -0.135 -0.602 -0.854 -0.065

(-2.61) (-1.11) (-0.39) (-1.34) (-0.17) (-0.94) (-1.55) (-0.06)
λSMB 0.083 0.122 0.133 0.111 0.135 0.123 0.117 0.129

(1.06) (1.48) (1.57) (1.34) (1.60) (1.48) (1.42) (1.54)
λHML 0.275∗∗∗

(2.79)
λ3F

overlap 1.076∗∗∗ 1.350∗∗

(2.67) (2.10)
λ3F

pure 0.308 -0.021
(1.61) (-0.06)

λHML
overlap 0.722∗∗∗ 1.364

(2.87) (1.18)
λHML

pure 0.308 -0.183
(1.35) (-0.28)

λ0 1.967∗∗∗ 1.314∗∗ 0.951 1.493∗∗ 0.797 1.264∗ 1.518∗∗∗ 0.739
(4.19) (2.14) (1.19) (2.36) (0.94) (1.88) (2.64) (0.65)

Adjusted R2 0.397 0.543 0.531 0.449 0.528 0.508 0.488 0.505

Panel B: Cross-section of 25 size×momentum portfolios
λMKT -1.511∗∗∗ -0.395 0.629 0.070 1.376∗ -0.153 -0.597∗ 0.547

(-4.98) (-1.09) (1.29) (0.17) (1.75) (-0.39) (-1.72) (0.68)
λSMB 0.190∗∗ 0.227∗∗ 0.184∗ 0.132 0.270∗∗ 0.202∗∗ 0.212∗∗ 0.184∗

(2.01) (2.40) (1.94) (1.38) (2.28) (2.13) (2.23) (1.91)
λMOM 0.723∗∗∗

(6.95)
λ3F

overlap 1.188∗∗∗ 1.945∗∗∗

(6.78) (3.00)
λ3F

pure 0.716∗∗∗ -0.768
(6.33) (-1.01)

λMOM
overlap 1.168∗∗∗ 1.771∗∗∗

(7.16) (2.84)
λMOM

pure 0.984∗∗∗ 0.432
(5.33) (1.10)

λ0 2.208∗∗∗ 1.173∗∗∗ 0.067 0.646 -0.713 0.917∗∗ 1.390∗∗∗ 0.162
(6.99) (3.21) (0.14) (1.51) (-0.88) (2.34) (3.97) (0.19)

Adjusted R2 0.375 0.879 0.874 0.833 0.893 0.859 0.834 0.870

Panel C: Cross-section of 25 size×volatility portfolios
λMKT -0.702∗∗∗ 0.931∗∗ 0.690 0.391 0.616 0.721 0.424 0.689

(-2.81) (2.05) (1.61) (0.91) (1.41) (1.62) (0.98) (1.55)
λSMB 0.080 0.158 0.224∗∗ 0.224∗∗ 0.198∗ 0.183∗ 0.065 0.370∗∗

(0.77) (1.50) (2.04) (1.97) (1.74) (1.71) (0.62) (2.50)
λIVOL 0.398∗∗∗

(3.66)
λ3F

overlap 1.693∗∗∗ 1.658∗∗∗

(4.72) (4.58)
λ3F

pure 1.352∗∗∗ -0.419
(3.28) (-0.53)

λIVOL
overlap 1.249∗∗∗ 2.753∗∗∗

(4.80) (3.20)
λIVOL

pure 0.993∗∗∗ -1.443
(3.72) (-1.64)

λ0 1.428∗∗∗ -0.355 -0.097 0.211 -0.006 -0.113 0.221 -0.101
(5.90) (-0.74) (-0.22) (0.46) (-0.01) (-0.24) (0.49) (-0.22)

Adjusted R2 0.150 0.683 0.608 0.416 0.612 0.575 0.419 0.665
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the second-stage cross-sectional regressions by Fama and MacBeth
(1973b) on the returns of 25 portfolios formed on size×value (Panel A), size×momentum (Panel B), and
size×volatility (Panel C). Double sorted portfolios are retrieved from Kenneth R. French’s data library.

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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I find that overlapping stocks are also priced in the cross-section of each characteris-

tic test portfolio. The lambda estimate of the overlapping portfolio is more than one and

highly significant whenever I add the returns of this portfolio to the model (Columns

3 and 5 in all panels). Whereas, the lambda estimate of pure factor stocks loses its sig-

nificance and even flips the sign when I add the betas with respect to both portfolios to

the model (from Column 4 to Column 5 in all panels). When decomposing each factor

into the portfolio that contains overlapping stocks and the one that contains pure factor

stocks, I draw the same conclusions. In all panels, the OLS adjusted R-squared shows

that the goodness of fit of the model increases by a bit when I add the overlapping

portfolio to the FF2 model. Although λ0 is not close to zero in all regressions, they are

all insignificant when the model includes the overlapping portfolios.

In brief, these findings imply that factor performance is driven by the performance

of a subset of stocks that makes factor portfolios overlap. The overlapping stocks are

priced in almost all cross sections. In contrast, when I add a combination of all pure

factor stocks of the three factors, the pure factor stocks are not significantly priced.

Next, I study the diversification benefits of each portfolio. I test whether the over-

lapping portfolio adds to the mean-variance efficiency of the pure factor portfolio, and

vice versa. I regress the returns of the test assets on the market, size factors, and the re-

turns of the benchmark assets. If the test assets exactly price the benchmark assets, then

the intercept alphas should equal zero. This is known as the Jensen measure. Under

the null hypothesis, the benchmark assets span the test assets. If the Jensen measure is

significantly different from zero, then adding the test assets to the benchmark improves

the mean-variance efficiency. Table 6 reports the results of spanning tests.
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In panel A, the overlapping portfolios are the test assets while the counter-part pure

factor portfolios are the benchmark assets. In the total factor strategy and in each factor

portfolio, adding the pure factor portfolio leads to smaller alphas but all coefficients are

still large and significantly positive, in comparison to when including only the market

and the size factor. Therefore, the overlapping portfolio is not spanned by the pure

factor portfolio.

In panel B, I run the same analysis but the overlapping portfolios are the benchmark

assets while the counter-part pure factor portfolios are the test assets. Except for HML,

all alphas in the regressions on the market and size factors are significantly positive.

The smaller magnitude in comparison to the alphas in Panel A is consistent with my

first result that the overlapping portfolios yield a higher Sharpe ratio than the pure

factor portfolio, given relatively the same volatility. Furthermore, when adding the

overlapping portfolio returns, the estimates for alphas become smaller and some even

flip their signs (in the overlapping portfolio and the overlapping IVOL portfolio). I

confirm that the overlapping portfolio spans the pure factor portfolios. However, the

pure factor portfolios are not always spanned by overlapping portfolios. Overlapping

stocks with multiple signals to their expected returns can improve the efficient frontier.

4.4 Potential explanations

In this final section, I seek to explain the difference in performance between over-

lapping stocks and pure factor stocks. This analysis is my work in progress. An ad-

vantage of my empirical approach is that I can identify exactly which stocks are in the

overlapping and pure factor portfolios. Despite the vastly different performance, the

overlapping and pure factor stocks are similar across many dimensions. These stocks

have similar size (since I control for it in my portfolios), industry composition13, and

portfolio turnover. Importantly, overlapping stocks are not in the extreme tails of the

original factor portfolios since the characteristic spreads of the overlapping stocks are

13 Stocks in the manufacturing industry account for the most in both overlapping and pure factor port-
folios.
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not higher than those of the pure factor stocks. I look at several risk exposures that are

either risk-based or mispricing.

4.4.1 Risk-based explanations

A natural explanation for the performance difference is consumption growth risk

since it is an appropriate measure of systematic risk in the Consumption-based CAPM

(e.g., Breeden, 1979; Mankiw and Shapiro, 1986).

I regress the excess returns on each leg of the overlapping and pure factor portfolios

on the real consumption growth rate, per capita, CGt. In each month, real consumption

per capita is the total real consumption of nondurable goods and services, divided by

the total population. All data to construct this measure are obtained from the Bureau of

Economic Analysis. In the regressions, I also control for other macroeconomic variables

including a recession indicator from NBER Irecession,t, term spread TERMt measured by

10Y government bond minus 3M Treasury Bills, and default premium DEFt measured

by BAA minus AAA rated corporate bonds.

Rt = a + bCGt + cIrecession,t + dTERMt + eDEFt + ϵt.

Panel B of Table 4.7 reports the estimates. I observe that, in the long leg, the over-

lapping portfolio has a significantly positive exposure to the real consumption growth

per capita. A percent increase in the real consumption growth rate is associated with

an average of 46.4 basis points increase in returns of overlapping stocks. Whereas, the

pure factor portfolio has a lower exposure (14.7 basis points), and this coefficient is not

significant. In other positions and other variables, I do not find evidence to explain the

difference in performance of these two portfolios. Although significant, the recession

indicator loads similarly on both overlapping and pure factor portfolios, which is rea-

sonable because recessions affect the market as a whole so it affects both overlapping

and pure factor stocks.

I find that the real consumption growth risk can explain some of the abnormal re-

turns of overlapping stocks in the long leg. However, when I estimate the same expo-
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sure to different measures such as Parker and Julliard (2005a)’s ultimate consumption

risk, consumption growth rate on durable goods, Kroencke (2017)’s unfiltered NIPA

consumption on quarterly rebalanced portfolios, I find no such significant result (see

Table A3). Hence, consumption risk is not yet sufficient to explain the outperformance

on a quarterly basis.
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Table 4.7: Economic risk exposures

Long Short Long–short

Overlapping Pure factor Overlapping Pure factor Overlapping Pure factor

Panel A: Consumption risk and other macroeconomic risk exposures
CGt 0.464∗∗ 0.147 0.281 0.220 0.183 -0.073

(2.04) (0.62) (0.74) (0.85) (0.67) (-0.88)
IRecession,t -1.171∗∗ -1.187∗∗ -1.100 -1.269∗∗ -0.070 0.082

(-2.25) (-2.18) (-1.27) (-2.15) (-0.11) (0.44)
TERMt 0.143 0.227 0.101 0.189 0.043 0.038

(1.08) (1.63) (0.46) (1.25) (0.27) (0.78)
DEFt 0.216 0.496 0.904 0.787∗ -0.688 -0.291∗

(0.53) (1.15) (1.33) (1.69) (-1.40) (-1.96)
a 0.492 -0.044 -0.676 -0.327 1.168∗∗ 0.284∗

(1.17) (-0.10) (-0.97) (-0.69) (2.33) (1.87)
Observations 701 701 701 701 701 701
Adjusted R2 0.012 0.009 -0.000 0.008 -0.001 0.001

Panel B: Liquidity measures
LIQt 6.053∗ 8.061 6.738∗∗ 6.124∗ -2.009 0.614

(1.89) (1.39) (1.97) (1.65) (-0.43) (0.47)
VIXt -0.183∗∗∗ -0.195∗∗∗ -0.186∗∗∗ -0.182∗∗∗ 0.012 -0.004

(-6.92) (-4.07) (-6.62) (-5.98) (0.33) (-0.36)
TEDt -0.271 -1.085 -0.184 -0.237 0.813 0.052

(-0.56) (-1.23) (-0.35) (-0.42) (1.16) (0.26)
a 4.932∗∗∗ 5.282∗∗∗ 4.875∗∗∗ 4.770∗∗∗ -0.350 0.105

(9.64) (5.68) (8.93) (8.07) (-0.47) (0.50)
Observations 419 419 419 419 419 419
Adjusted R2 0.177 0.083 0.164 0.136 -0.000 -0.006

Panel C: Exposures to investor sentiment
St−1 -0.117 -0.149 -0.624∗∗ -0.252 0.507∗∗∗ 0.103∗

(-0.72) (-0.87) (-2.34) (-1.35) (2.60) (1.71)
a 0.767∗∗∗ 0.600∗∗∗ 0.116 0.533∗∗∗ 0.651∗∗∗ 0.067

(4.75) (3.51) (0.44) (2.86) (3.34) (1.11)
Observations 641 641 641 641 641 641
Adjusted R2 -0.001 -0.000 0.007 0.001 0.009 0.003
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the estimated risk exposures to several variables. In all panels, the depen-
dent variable Rt is the excess returns of the overlapping/ pure factor portfolios. In panel A, we regress
the monthly excess returns on per capita real consumption growth (CG), NBER’s recession dummy vari-
able, term spread measured by 10Y government bond minus 3M Treasury Bills, and default premium
measured by BAA minus AAA rated corporate bonds, from 1962:08 to 2020:12

Rt = a + bCGt + cIrecession,t + dTERMt + eDEFt + ϵt.

In panel B, we regress the monthly excess returns on Stambaugh, Yu, and Yuan (2012)’s liquidity factor
(LIQ), the implied market volatility (VIX), and funding liquidity (TED spread), from 1986:02 to 2020:12

Rt = a + bLIQt + cVIXt + dTEDt + ϵt.

In panel C, we regress the monthly portfolio excess returns on the Baker and Wurgler (2007)’s investor
sentiment index, lagged by one month, from 1965:07 to 2018:12

Rt = a + bSt−1 + ϵt.
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Besides, Panel B of Table 4.7 reports the estimates for risk exposure to several liq-

uidity measures such as Stambaugh, Yu, and Yuan (2012)’s liquidity factor, the implied

market volatility, and the funding liquidity measured by the TED spread. Generally,

in the long legs, I observe that only consumption growth and market liquidity are sig-

nificant. However, these variables affect the overlapping and the pure factor portfolios

in a similar fashion, since the coefficients are similar in the sign and magnitude. When

consumption grows and the market liquidity rises, stocks in the long leg of both the

overlapping and pure factor portfolios receive higher positive returns.

4.4.2 Mispricing explanations

Next, I examine several mispricing-based explanations by looking at investor senti-

ment, short interest, and institutional ownership.

Investor sentiment

Investor sentiment seems to be a natural candidate to explain the short leg of over-

lapping stocks since intuitively investors are more sensitive to growth, past-loser, and

high-volatility stocks. It is because these stocks might be more difficult to arbitrage

and to value (Baker and Wurgler, 2007). In this analysis, I follow Stambaugh and Yuan

(2017) by regressing the portfolio excess returns on the lag of investor sentiment as in

Baker and Wurgler (2007)

Rt = a + bSt−1 + ϵt

Panel C of Table 4.7 reports the estimates. In the short leg, I observe a strong re-

sult that investor sentiment loads significantly and more negatively on the overlap-

ping portfolios: −62.4 basis points for the long-short returns of overlapping portfolios.

Whereas, the investor sentiment does not load significantly on the pure factor port-

folio. Consequently, the exposure of investor sentiment on overlapping stocks is five

times that on pure factor stocks (50.77 basis points in the overlapping portfolio versus
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10.3 basis points in the pure factor portfolio). My result is consistent with the result of

Stambaugh, Yu, and Yuan (2012): High investor sentiment period follows by lower re-

turns on the short leg. When investor sentiment is higher, stocks are more overpriced,

so more overlap in the short leg.

Short interest

I look at the short leg of the portfolios to find whether the amount of short selling

can explain the difference. I do so by constructing short interest at the portfolio level.

Figure 4.5 plots the value-weighted average short interest in the short leg of the over-

lapping and the pure factor portfolios over time. Figure A2 reports equal-weighted

values.

In all panels, I find that short interest is higher in the overlapping portfolios than

in the pure factor portfolios. Especially in the last decade, the gap has become widen.

This result implies that investor increases shorting selling in stocks that are overlapped

in multiple factors. All these results somewhat explain the outperformance of overlap-

ping stocks. Yet the outperformance of overlapping stocks comes from both legs.

Institutional ownership

Finally, I look into who owns overlapping stocks and pure factor stocks. I compute

the institution ownership (IO) ratio, which is the total institutional ownership divided

by adjusted total shares outstanding, using data from the SEC 13F. Figure 4.6 plots the

value-weighted IO ratios for the long leg of the overlapping portfolio and the pure

factor portfolio. Figure A3 reports equal-weighted IO ratios.

I find that institutional ownership has increased over the years in all portfolios. Un-

til recently, the IO ratio has hit approximately 70%. Regardless of the trend, I find no

difference in the ratio that institutional investors own in overlapping versus pure factor

stocks. Perhaps there are times that the IO ratio in the overlapping portfolio is slightly

lower than in the pure factor portfolio. However, this might be due to limits to arbi-

trage. As institutional investors are less willing and able to establish the overlapping



144 Overlapping Factors

Figure 4.5: Short interest in the short legs (value-weighted)
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(b) Growth portfolios
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(c) Past−loser portfolios
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Description. This figure plots the value-weighted short interest divided by shares outstanding in the
short leg of multiple portfolios. I obtain short interest for each stock from Compustat Supplementary
Short Interest File. The sample is from 1978:01 to 2020:12.
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Figure 4.6: Institutional ownership ratio in the long legs (value-weighted)
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(b) Value portfolios
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(c) Past−winner portfolios
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(d) Low−volatility portfolios
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This figure plots the value-weighted institutional ownership ratio in the long leg of several factor portfo-
lios. The IO ratio, in percentage, is the total institutional ownership divided by the total shares outstand-
ing (adjusted). I obtain the total IO from SEC 13F and the adjusted total shares outstanding from CRSP.
I keep data at quarter dates end. The sample is from 1980:03 to 2020:03.
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strategy, it is harder for them to trade these stocks. Therefore, it might be because in-

vestors find it more difficult to exploit these opportunities, although overlapping stocks

outperform pure factor stocks in the long leg. In general, I find no difference in IO be-

tween the overlapping and the pure factor portfolios14.

4.5 Practical implications and robustness checks

4.5.1 Alternative choice of factors

So far my multi-factor strategy focuses on HML, MOM and IVOL, controlling for

size. I now show that my findings are robust when I use an alternative set of fac-

tors, consisting of investment (CMA), profitability (RMW), and IVOL. Fama and French

(2015b) find that the HML factor is redundant with respect to the CMA and RMW fac-

tors. I therefore remove HML and consider CMA and RMA instead. Furthermore, I

leave out MOM, as the previous analysis revealed an important role of overlapping

momentum stocks. Table 4.8 shows the same setup of results for portfolio decomposi-

tion.

14 I also find similar industry composition (unreported result).
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Table 4.8: Decomposing individual factor portfolios (CMA, RMW, and IVOL)

Total Pure Over- Decomposition of overlapping portfolio

Factor Factor lapping CMA & RMW CMA & IVOL RMW & IVOL 3F

Panel A: CMA
Return (%)

Long 1.071 1.046 1.074 1.146 0.991 1.248
Short 0.951 1.092 0.692 0.885 0.707 0.291
Long–short 0.120 -0.047 0.381 0.260 0.284 0.957

Log-market cap
Long 4.566 4.351 5.231 5.151 5.274 5.660
Short 4.969 5.034 4.864 4.979 4.978 4.365
Long–short -0.403 -0.683 0.368 0.172 0.296 1.295

Avg. weight 1.000 0.681 0.319 0.114 0.154 0.050
Characteristic spreads (long–short)

Change in total assets -0.496 -0.426 -0.665 -0.716 -0.489 -1.023
Operating profitability -0.002 -0.263 0.431 1.189 -0.216 1.291
Residual volatility (%) -0.179 0.141 -0.767 -0.013 -1.072 -1.394

Panel B: RMW
Return (%)

Long 1.095 1.114 1.093 1.146 1.033 1.248
Short 0.797 0.867 0.724 0.885 0.753 0.291
Long–short 0.299 0.247 0.369 0.260 0.279 0.957

Log-market cap
Long 5.129 5.076 5.227 5.151 5.223 5.660
Short 4.504 4.861 4.102 4.979 3.693 4.365
Long–short 0.625 0.214 1.125 0.172 1.530 1.295

Avg. weight 1.000 0.620 0.380 0.116 0.214 0.051
Characteristic spreads (long–short)

Change in total assets -0.079 0.141 -0.420 -0.716 0.100 -1.023
Operating profitability 1.064 1.076 1.020 1.189 0.921 1.291
Residual volatility (%) -0.214 0.154 -0.854 -0.013 -1.268 -1.394

Panel C: IVOL
Return (%)

Long 1.021 1.016 1.028 0.991 1.033 1.248
Short 0.856 1.055 0.649 0.707 0.753 0.291
Long–short 0.165 -0.040 0.379 0.284 0.279 0.957

Log-market cap
Long 5.213 5.209 5.231 5.274 5.223 5.660
Short 4.316 4.407 4.231 4.978 3.693 4.365
Long–short 0.897 0.801 0.999 0.296 1.530 1.295

Avg. weight 1.000 0.582 0.418 0.155 0.213 0.050
Characteristic spreads (long–short)

Change in total assets -0.142 0.051 -0.362 -0.489 0.100 -1.023
Operating profitability 0.076 -0.162 0.446 -0.216 0.921 1.291
Residual volatility (%) -1.056 -0.929 -1.186 -1.072 -1.268 -1.394

Description. We decompose each factor into a portfolio containing pure factor stocks and a portfolio
containing overlapping stocks. This table reports the summary statistics of decomposed portfolios for
each factor: CMA (Panel A), RMW (Panel B), and IVOL (Panel C), where 3F denotes CMA & RMW &
IVOL. The sample is from 1952:07 to 2020:12 (822 monthly returns). Portfolios are value-weighted of
stocks returns and rebalanced every month. The characteristic spreads are the long–short averages over
time of the value-weighted characteristics of the stocks in each portfolio.
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I find that the long-short return is the highest in the overlapping factor portfolio that

contains stocks from the factor appearing in the same leg of one or two other factors.

These stocks again have normal size and similar characteristic spreads to the total factor

portfolio. Therefore, stocks in the overlapping factor portfolio are not small-cap stocks

and they are not sorted into the extreme tails of the factors. CMA & RMW, CMA &

IVOL, and RMW & IVOL stocks have similar long-short returns to each other, so there

is not one category of overlapping stocks that drives the overall returns on overlapping

stocks.
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Table 4.9: Fama–MacBeth cross-sectional regressions on alternative factors (CMA, RMW, and
IVOL)

Dependent variable: Cross-section of 25 size×investment,
25 size×profitability, and 25 size×volatility portfolios

(1) (2) (3) (4) (5)

λMKT -0.759∗∗∗ 0.452 0.545 -0.246 0.534
(-4.13) (1.07) (1.58) (-0.88) (1.55)

λSMB 0.126∗∗ 0.145∗∗ 0.151∗∗∗ 0.122∗∗ 0.159∗∗∗

(2.29) (2.39) (2.73) (2.21) (2.85)
λCMA 0.132

(1.25)
λRMW 0.197∗

(1.85)
λIVOL 0.329∗∗∗

(3.10)
λ3F

overlap 1.446∗∗∗ 1.489∗∗∗

(5.50) (5.58)
λ3F

pure 0.538∗∗∗ -0.031
(2.71) (-0.13)

λ0 1.445∗∗∗ 0.143 0.060 0.882∗∗∗ 0.082
(7.91) (0.33) (0.17) (2.98) (0.23)

Adjusted R2 0.283 0.642 0.599 0.369 0.610
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the second-stage cross-sectional regressions by Fama and MacBeth
(1973b) on the returns of 75 portfolios formed on size×investment, size×profitability, and size×volatility.
Double sorted portfolios are retrieved from Kenneth R. French’s data library.

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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I also run the Fama-Macbeth regressions on the returns of 75 portfolios formed by

sorting stocks on size and the characteristics of these alternative factors. when includ-

ing the three individual total factors, I find that only IVOL is significantly priced (the

lambda of RMW is marginally significant). However, the lambda of the overlapping

portfolio is again positive and highly significant. The lambda of the pure factor port-

folio loses its significance when I also add the overlapping portfolio to the model. In

short, my findings are robust to this alternative choice of long-short factors.

4.5.2 Subsample periods

With respect to the portfolio performance of the multi-factor strategy consisting of

HML, MOM, and IVOL, I replicate the results by splitting my main sample period into

subsample periods. Panel A of Table A4 in the Online Appendix reports the portfolio

statistics for the subsample period from July 1952 to December 1980. Panel B reports

the statistics for the subsample period from January 1981 to December 2000. Panel C

reports the statistics for the subsample period from January 2001 to December 2020.

In all subsample periods, the long-short overlapping portfolio has a higher mean

excess return and a higher Sharpe ratio than the multi-factor portfolio. Whereas, the

long-short pure factor portfolio shows the opposite. Factors are known to be mostly

profitable during the 1980-2000 and die out after 2000. I observe the same trends since

during the 1981-2000 period: the mean excess returns in all portfolios are high and the

return distributions are positively skewed in all long-short portfolios. During 2001-

2010, the mean excess returns are lower, but the positive CAPM alphas still survive.

Therefore, my main findings are robust to different sample periods.

4.5.3 Sorting on NYSE breakpoints

In my main analysis, I sort stocks proportionally into the characteristic quintiles. By

doing so, stocks are univariate distributed, so I can compare the fractions of overlap-

ping stocks and pure factor stocks in my data with the random-sorting benchmark. For

robustness check, I sort stocks into the characteristic quintiles by using NYSE break-
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points as in the traditional Fama-French factor formation. Table A5 in the Online Ap-

pendix shows the average fraction of stocks in each quintile. I observe that the average

fractions of overlap in this table are similar to the fractions when I sort stocks propor-

tionally as shown in Table 4.1. The fraction of overlapping stocks is relatively higher

in the short leg i.e. 20.4% compared to 13.2% in the main analysis. However, the per-

formance of overlapping and pure factor portfolios is not different from the ones in my

main analysis.

Table A6 in the Online Appendix reports the summary statistics of portfolios sorted

using NYSE breakpoints. I observe little difference in the average returns, Sharpe ra-

tio, and the average characteristic values in the overlapping and pure factor portfolios

from when I sort stocks equally into the quintiles. Therefore, my previous conclusions

regarding the performance of overlapping stocks versus pure factor stocks remain the

same.

I also run the Fama-MacBeth regressions on the portfolios sorted by using NYSE

breakpoints. Table A7 and Table A8 in the Online Appendix report the cross-sectional

regressions. It still holds that the portfolio contains overlapping stocks that are priced

in all cross sections. The estimated price of risk of this portfolio is significant and ex-

ceeds one, and the intercept of these regressions is insignificant and close to zero. In

contrast, the the estimated price of risk of the pure factor portfolio when included alone

has a significant and large intercept, while it is not priced when included with the over-

lapping portfolio. Of all, my results are robust to sorting by NYSE breakpoints.

4.5.4 Quarterly rebalancing

I perform another check for robustness as well as another practical implication for

investors by rebalancing portfolios on a quarterly basis. For investors, quarterly rebal-

ancing could be a more feasible strategy than monthly rebalancing in terms of lower

trading costs. To construct the factor portfolios, I use the characteristic scores in the last

month of the quarter. The portfolio returns are value-weighted and the portfolios are

rebalanced every quarter.
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Table A9 in the Online Appendix reports the portfolio statistics. All returns are

expressed in percentages per quarter, so the values in this table can be divided by three

if I want to compare them with the results of the monthly returns. I still observe the

outperformance of the overlapping portfolio whose average long-short return is 1.39%

per quarter while the pure factor portfolio only generates an average return of 0.19%

per quarter. The Sharpe ratio of the overlapping portfolio is approximately triple that of

the pure factor portfolio (0.35 versus 0.14). Again, the abnormal returns of the factors

are driven by overlapping stocks within these factors. In comparison to investing in

the multi-factor portfolio, the overlapping portfolio results in higher abnormal returns

on average (1.39% > 0.75% per quarter). As an implication for investors, focusing on

overlapping stocks could be a feasible strategy.

Table A10 in the Online Appendix reports the Fama-Macbeth cross-sectional regres-

sions on 75 test portfolios formed on size and value, momentum, and idiosyncratic

volatility (Panel A) and 25 portfolios formed on size and net share issues and accruals

(Panel B). Again, I observe that only the overlapping portfolio is significantly priced

and the unpriced risk is not significant in the model that includes the returns on the

overlapping portfolio and the pure factor portfolio (Column 5). The adjusted R-squared

increases as I include the overlapping portfolio as a factor in the model. Hence, my re-

sults are robust to quarterly rebalancing. Although the sample size drops from 882

monthly returns to 274 quarterly returns and the trading costs are possibly lower on

the quarterly rebalancing, I still find abnormal returns in the overlapping stocks.
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4.6 Conclusion

Characteristics-based long-short factors are all constructed from the same universe

of stocks. Already by chance alone, they can have some stocks in common. This pa-

per shows that although the degree of overlap between HML, MOM, and IVOL is not

excessive compared to a random-sorting benchmark, the overlap is important for in-

vestors and for asset pricing. I find strong evidence that these overlapping stocks drive

the portfolio performance and the asset pricing performance of factors. This result also

holds when I decompose each factor portfolio and when I consider CMA and RMW as

alternative factors. Importantly, these overlapping stocks are not in the extreme tails

of any factor, so I am not selecting outliers. In addition, I find that overlapping stocks

are priced in all cross sections while pure factor stocks are not priced when added to

the overlapping portfolio. Furthermore, including overlapping stocks improves the

efficient frontier while it is not always true for pure factor stocks.

Despite the vast difference in performance, overlapping and pure factor stocks are

surprisingly similar in many dimensions; in terms of size, sorting characteristics, turnover,

industry composition, institutional ownership, and exposure to various macro-economic

risks. While I have not found a single variable that can explain the return difference be-

tween the long-short portfolios, I find that in the long leg, overlapping stocks load more

on ultimate consumption risk than pure factor stocks. In the short leg, overlapping

stocks have higher short interest than pure factor stocks and they are more exposed to

investor sentiment.

My paper provides some important implications for asset managers investing in

smart-beta or factor-based products. My results suggest that rather than removing

overlap between factors or hiring separate managers for each factor product, investors

should focus more on these overlapping stocks as they are the dominant ones driving

most of the factor returns.
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A1 Appendix: Pricing decile portfolios

I regress the returns of decile portfolios sorted on book-to-market, prior 12-to-2 re-

turns, and residual volatility against fmy different asset pricing models: CAPM with

SMB (denoted as FF2), FF2 with each factor (HML, MOM, or IVOL), FF2 with returns on

the overlapping factor portfolio (overlapping HML, overlapping MOM, or overlapping

IVOL respectively), and FF2 with returns on the pure factor portfolio (pure HML, pure

MOM, or pure IVOL respectively). Table A1 reports the mean excess returns, estimates

for alphas and factor loadings in the top and bottom decile portfolios.
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Table A1: Pricing decile portfolios

Mean FF2 FF2 + Factor FF2 + Overlapping FF2 + Pure factor

Portfolio return α̂ α̂ β̂Factor α̂ β̂Factor
overlap α̂ β̂Factor

pure

Panel A: Decile book-to-market portfolios (Factor = HML)
High 0.889∗∗∗ 0.150 -0.165∗∗ 0.909∗∗∗ -0.094 0.297∗∗∗ 0.232∗∗∗ 0.542∗∗∗

(4.26) (1.35) (-2.35) (35.10) (-0.92) (13.20) (2.88) (26.78)

Low 0.597∗∗∗ -0.075 0.079∗ -0.446∗∗∗ 0.112∗∗ -0.229∗∗∗ -0.128∗∗∗ -0.348∗∗∗

(3.46) (-1.23) (1.76) (-26.89) (2.21) (-20.43) (-3.41) (-36.86)

High–Low 0.292∗ 0.225 -0.244∗∗∗ 1.355∗∗∗ -0.206 0.526∗∗∗ 0.361∗∗∗ 0.890∗∗∗

(1.86) (1.48) (-2.95) (44.52) (-1.58) (18.35) (4.11) (40.52)
Average |α̂| 0.116 0.083 0.076 0.116
GRS F-stat 2.376 2.980 1.884 5.938
GRS p-value 0.009 0.001 0.044 0.000

Panel B: Decile 12-to-2 return portfolios (Factor = MOM)
Up 1.224∗∗∗ 0.479∗∗∗ 0.028 0.591∗∗∗ 0.081 0.347∗∗∗ 0.298∗∗∗ 0.456∗∗∗

(5.94) (4.63) (0.43) (36.27) (0.96) (21.96) (4.89) (39.49)

Down -0.014 -0.956∗∗∗ -0.238∗∗ -0.940∗∗∗ -0.200∗ -0.659∗∗∗ -0.729∗∗∗ -0.569∗∗∗

(-0.05) (-5.89) (-2.38) (-37.70) (-1.78) (-31.22) (-5.86) (-24.15)

Up–Down 1.238∗∗∗ 1.435∗∗∗ 0.266∗∗∗ 1.530∗∗∗ 0.281∗ 1.006∗∗∗ 1.027∗∗∗ 1.025∗∗∗

(5.26) (6.16) (2.62) (60.48) (1.90) (36.17) (7.48) (39.41)
Average |α̂| 0.364 0.134 0.121 0.258
GRS F-stat 5.939 4.366 3.171 6.713
GRS p-value 0.000 0.000 0.001 0.000

Panel C: Decile idiosyncratic volatility portfolios (Factor = IVOL)
Lowvol 0.585∗∗∗ 0.200∗∗∗ -0.002 0.342∗∗∗ 0.012 0.204∗∗∗ 0.145∗∗∗ 0.281∗∗∗

(4.22) (3.65) (-0.04) (20.68) (0.28) (19.36) (3.37) (20.70)

Highvol 0.046 -0.943∗∗∗ -0.348∗∗∗ -1.009∗∗∗ -0.479∗∗∗ -0.503∗∗∗ -0.852∗∗∗ -0.463∗∗∗

(0.14) (-7.19) (-4.01) (-31.01) (-4.52) (-20.36) (-7.17) (-12.36)

Lowvol–Highvol 0.539∗∗ 1.143∗∗∗ 0.346∗∗∗ 1.351∗∗∗ 0.492∗∗∗ 0.707∗∗∗ 0.997∗∗∗ 0.744∗∗∗

(1.98) (7.16) (3.91) (40.69) (4.26) (26.31) (7.55) (17.87)
Average |α̂| 0.230 0.143 0.165 0.251
GRS F-stat 8.006 5.274 5.459 7.874
GRS p-value 0.000 0.000 0.000 0.000

Observations 822 822 822 822
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the time-series regressions of each set of the long and the short
characteristic-sorted portfolios on CAPM with size (FF2 := CAPM + SMB), FF2 with factor returns,
FF2 with returns on the long–short overlapping portfolio within the factor, and FF2 with returns on
the long–short pure factor portfolio within the factor. The sample is 1952:07 to 2020:12 (822 monthly
returns). Decile portfolios are retrieved from Kenneth R. French’s data library. The first column displays
the mean excess return of each portfolio.

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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On average, the long-short strategy earns positive excess returns. With portfolios

sorted on book-to-market, the high-minus-low portfolio yields an average return of

0.29% per month. With portfolios sorted on prior returns, the loser portfolio generates

an insignificant negative return of −0.01% per month. The winner portfolio generates a

significant positive return of 1.22% per month. Thus, the winner-minus-loser portfolio

earns an average return of 1.24% per month. With portfolios sorted on residual volatil-

ity, the difference between the low-volatility and high-volatility portfolios is 0.54% per

month.

Adding each factor to the benchmark model (FF2 + Factor) significantly reduces

the alpha. With portfolios sorted on book-to-market, the estimated alpha for the high-

minus-low strategy reduces from 0.23% to −0.24%. The average absolute alpha over ten

portfolios reduces from 11.6 to 8.3 basis points. With portfolios sorted on prior returns,

the estimated alpha of the winner-minus-loser strategy reduces from 1.44% to 0.27%

and the average absolute alpha reduces from 36.4 to 13.4 basis points. With portfolios

sorted on residual volatility, the estimated alpha of the lowvol-minus-highvol strategy

reduces from 1.14% to 0.35% and the average absolute alpha reduces from 23.0 to 14.3

basis points.

Consistently, adding the overlapping factor performance to the benchmark (FF2 +

overlapping) improves pricing the decile portfolios. In the HML strategy, alpha be-

comes insignificant and reduces from 0.23 to −0.21. In the MOM strategy, alpha is less

significant and it reduces by more than half of the benchmark (1 − 0.28/1.44). In the

IVOL strategy, alpha also reduces by more than half of the benchmark (1 − 0.49/1.14).

These results imply that less returns remain unexplained in the model after including

the overlapping factor portfolio as a factor. I find that including the overlapping fac-

tor performance improves the alpha of the long-short strategy just as well as including

each individual factor.

I also find that the overlapping factor portfolio prices each individual portfolio more

modestly than the factor itself. Figure A1 plots the mean return and the estimated alpha

of each decile portfolio. Across the deciles, the alpha in the FF2 + overlapping model
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Figure A1: Time-series alphas in decile portfolios

(a) Book-to-market portfolios (Factor = HML)
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(b) 12-to-2 return portfolios (Factor = MOM)
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(c) Residual volatility portfolios (Factor = IVOL)
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Description. This figure plots the mean returns and time-series alphas of decile portfolios formed on
HML (Panel A), MOM (Panel B), and IVOL (Panel C). The time-series regressions of each set of decile
portfolios are on CAPM with size (FF2 := CAPM + SMB), FF2 with factor returns, FF2 with returns on
the overlapping factor portfolio, and FF2 with returns on the pure factor portfolio. The sample is from
1952:07 to 2020:12 (822 monthly returns).
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closely follows the alpha in the FF2 + Factor model. Yet there is less overshooting in the

intermediate portfolios, especially from Decile 2 to Decile 4 of prior return and residual

volatility portfolios. I also find that FF2 + overlapping only yields significant alphas in

the long and short portfolios and not in any intermediate decile portfolio.

Formally, Table A1 reports the test for joint significance of alphas, introduced by

Gibbons, Ross, and Shanken (1989). In all panels, I find that the GRS F-statistic to test

the null hypothesis that alphas across all decile portfolios are zero remain low. There-

fore, including the overlapping factor performance in the benchmark model reduces

the significance of alpha across decile portfolios.

I find opposite conclusions when including the pure factor performance in the bench-

mark (FF2 + Pure factor). Adding this portfolio as a factor does not improve pricing

the decile portfolios. Although the estimated betas of the pure factor strategy are sig-

nificantly large in all three panels, the estimated alphas are not much different from

the benchmark. The average absolute alphas and the GRS-test statistics are also just

similar to the benchmark. Therefore, adding the pure factor returns as a factor to the

benchmark model has no contribution in pricing the characteristic-sorted portfolios.

So far, I find that the overlapping factor portfolio is powerful in pricing single-sorted

portfolios and it outperforms the factor in pricing intermediate portfolios. In contrast,

the pure factor portfolio contributes no benefit to the cross-sectional multi-factor strate-

gies, in comparison to the benchmark. The overlapping factor portfolio contains fewer

stocks than the total factor portfolios, but this portfolio has approximately the same

explanatory power as all three factors when included as a priced risk factor. The pure

factor portfolio that contains stocks sorted only to that factor does not perform differ-

ently than the benchmark.
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A2 Appendix: Additional results

Figure A2: Short interest in the short legs (equal-weighted)

(a) Overlapping/ Pure factor portfolios
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(b) Growth portfolios
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(c) Past−loser portfolios
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(d) High−volatility portfolios
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Description. This figure plots the equal-weighted short interest divided by shares outstanding in the

short leg of multiple portfolios. I obtain short interest for each stock from Compustat Supplementary

Short Interest File. The sample is from 1952:07 to 2020:12 (822 monthly returns).
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Figure A3: Institutional ownership ratio in the long legs (equal-weighted)

(a) Overlapping/ Pure factor portfolios
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(b) Value portfolios
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(c) Past−winner portfolios
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(d) Low−volatility portfolios
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Description. This figure plots the equal-weighted institutional ownership ratio in the long leg of multi-
ple factor portfolios. The IO ratio, in percentage, is the total institutional ownership divided by the total
shares outstanding (adjusted). I obtain the total IO from SEC 13F and the adjusted total shares outstand-
ing from CRSP. I keep data at quarter dates end. The sample is from 1980:03 to 2020:03.
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Figure A4: Proportion of stocks staying in the portfolio next month in the CMA-RMW-IVOL
strategy

(a) Overlapping portfolio
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Description. This figure plots the proportions of stocks in the overlapping and the pure factor portfolios
that stays in the same portfolio in the following month. The sample is from 1952:07 to 2020:12 (822
monthly returns). The portfolio is rebalanced every month.
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Table A2: Correlations of firm characteristics and factor returns

Panel A: Correlations between characteristics
Mkt. cap B/M Op. prof. ∆ total assets 12-to-2 return Resid vol.

Mkt. cap 1.00
B/M -0.09 1.00
Op. prof. 0.02 -0.07 1.00
∆ total assets -0.00 -0.09 0.04 1.00
12-to-2 return 0.03 -0.25 0.02 -0.02 1.00
Resid vol. -0.15 0.18 -0.08 0.02 -0.10 1.00

Panel B: Correlations between factor returns
MKT HML RMW CMA MOM IVOL

MKT 1.00
HML -0.14 1.00
RMW -0.20 -0.28 1.00
CMA -0.34 0.65 -0.06 1.00
MOM -0.10 -0.22 0.17 -0.08 1.00
IVOL -0.57 0.25 0.36 0.48 0.13 1.00

Description. This table shows the correlations between stock characteristics and between the factor
returns from 1952:07 to 2020:12 (822 months). We construct each factor using five value-weighted port-
folios from characteristic, controlling for size. The monthly size breakpoints are the 30th and 70th NYSE
percentile. Stocks are equally divided into quintiles of characteristics. Panel A reports the average cor-
relation between stock characteristics over time. Panel B shows the correlation between factor portfolio
returns over time. Factor returns are the returns of the long-short portfolio (Q5-Q1).
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Table A3: Consumption risk exposures

Long Short Long–short

Overlapping Pure factor Overlapping Pure factor Overlapping Pure factor

Panel A: Exposure to quarterly real consumption growth
CG 0.159 -0.007 0.101 -0.011 0.166 0.112

(0.59) (-0.02) (0.40) (-0.04) (0.63) (1.29)
Constant 0.876∗∗∗ -0.434 0.510∗∗ 0.374 1.310∗∗∗ 0.136

(3.14) (-1.12) (1.99) (1.34) (4.85) (1.53)
Observations 274 274 274 274 274 274
Adjusted R2 -0.002 -0.004 -0.003 -0.004 -0.002 0.002

Panel B: Exposure to ultimate consumption risk
UC -0.032 -0.077 -0.058 -0.058 0.046 -0.000

(-0.41) (-0.70) (-0.80) (-0.72) (0.58) (-0.01)
Constant 1.220∗∗ -0.011 0.973∗∗ 0.727 1.231∗∗ 0.247

(2.41) (-0.02) (2.04) (1.38) (2.36) (1.46)
Observations 262 262 262 262 262 262
Adjusted R2 -0.003 -0.002 -0.001 -0.002 -0.003 -0.004

Panel C: Exposure to ultimate consumption risk and consumption growth rate on durable goods
UC -0.082 -0.143 -0.094 -0.108 0.061 0.014

(-1.05) (-1.27) (-1.26) (-1.32) (0.75) (0.53)
CG (DG) 1.254∗∗∗ 1.638∗∗ 0.879∗ 1.234∗∗ -0.384 -0.355∗∗

(2.63) (2.40) (1.95) (2.49) (-0.78) (-2.23)
Constant 0.864∗ -0.475 0.724 0.377 1.340∗∗ 0.347∗∗

(1.67) (-0.64) (1.47) (0.70) (2.48) (2.00)
Observations 262 262 262 262 262 262
Adjusted R2 0.019 0.016 0.009 0.018 -0.004 0.011

Panel D: Exposure to unfiltered NIPA consumption (nondurables and services)
Unf. NIPA (NG&S) 0.137 0.229 0.110 0.152 -0.093 -0.042

(1.28) (1.52) (1.09) (1.37) (-0.85) (-1.18)
Constant 0.711∗∗ -0.927∗∗ 0.371 0.060 1.637∗∗∗ 0.311∗∗∗

(2.25) (-2.07) (1.24) (0.18) (5.09) (2.97)
Observations 266 266 266 266 266 266
Adjusted R2 0.002 0.005 0.001 0.003 -0.001 0.001

Panel E: Exposure to unfiltered NIPA consumption (nondurables only)
Unf. NIPA (NG) 0.137 0.229 0.110 0.152 -0.093 -0.042

(1.28) (1.52) (1.09) (1.37) (-0.85) (-1.18)
Constant 0.711∗∗ -0.927∗∗ 0.371 0.060 1.637∗∗∗ 0.311∗∗∗

(2.25) (-2.07) (1.24) (0.18) (5.09) (2.97)
Observations 266 266 266 266 266 266
Adjusted R2 0.002 0.005 0.001 0.003 -0.001 0.001

t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the estimated risk exposures to several variables. In all panels, the de-
pendent variable is the excess returns of the overlapping/ pure factor portfolios. CG is the quarterly real
consumption growth rate on nodurables and services. UC is the Parker and Julliard (2005a)’s quarterly
ultimate consumption risk. CG (DG) is the quarterly real consumption growth rate on durable goods.
Unfiltered NIPA consumption measured are obtained from Kroencke (2017). The sample is from 1952:Q3
to 2020:Q4.
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Table A5: Fraction of pure factor and overlapping stocks based on NYSE breakpoints

Long leg Short leg

Panel A: In the universe of stocks
Pure factor 0.381 0.346

Pure HML 0.105 0.137
Pure MOM 0.156 0.082
Pure IVOL 0.120 0.127

Overlapping 0.087 0.204
HML & MOM 0.031 0.034
HML & IVOL 0.024 0.061
MOM & IVOL 0.026 0.065
HML & MOM & IVOL 0.006 0.044

Panel B: In each factor portfolio
HML 1.000 1.000

Pure HML 0.634 0.495
Overlapping HML 0.366 0.505

HML & MOM 0.188 0.122
HML & IVOL 0.145 0.222
HML & MOM & IVOL 0.033 0.161

MOM 1.000 1.000
Pure MOM 0.713 0.365
Overlapping MOM 0.287 0.635

HML & MOM 0.142 0.149
MOM & IVOL 0.120 0.289
HML & MOM & IVOL 0.025 0.197

IVOL 1.000 1.000
Pure IVOL 0.683 0.426
Overlapping IVOL 0.317 0.574

HML & IVOL 0.137 0.206
MOM & IVOL 0.149 0.219
HML & MOM & IVOL 0.031 0.149

Description. This table reports the average fraction of pure factor/ overlapping stocks in the data versus
the benchmark fraction in the strategy that invests equally in HML, MOM, and IVOL. The benchmark

fractions are given by fS(k) = (S
k)
(

1
5

)k ( 4
5

)S−k
, k = 0, . . . , S for S = 3. The benchmark is the same for

the long leg and the short leg. The empirical fractions are the average of fractions in each month per
portfolio.
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Table A7: Fama–MacBeth cross-sectional regressions with sorting by NYSE breakpoints

(1) (2) (3) (4) (5)

Panel A: Cross-section of 25 size×value, 25 size×momentum,
and 25 size×volatility portfolios
λMKT -1.038∗∗∗ 0.753∗∗ 0.365 -0.646∗∗∗ 0.476∗

(-6.21) (2.18) (1.40) (-3.43) (1.75)
λSMB 0.134∗∗∗ 0.216∗∗∗ 0.167∗∗∗ 0.118∗∗ 0.182∗∗∗

(2.59) (3.81) (3.23) (2.28) (3.44)
λHML 0.248∗∗

(2.52)
λMOM 0.685∗∗∗

(6.88)
λIVOL 0.344∗∗∗

(3.63)
λ3F

overlap 1.151∗∗∗ 1.255∗∗∗

(9.01) (8.34)
λ3F

pure 0.492∗∗∗ -0.101
(5.06) (-0.72)

λ0 1.748∗∗∗ -0.117 0.279 1.374∗∗∗ 0.146
(10.45) (-0.32) (1.04) (7.35) (0.51)

Adjusted R2 0.309 0.772 0.698 0.422 0.724

Panel B: Cross-section of 25 size×net share issues
and 25 size×accruals portfolios
λMKT -0.704∗∗ 0.379 0.183 -0.607∗ 0.202

(-2.25) (0.81) (0.38) (-1.89) (0.42)
λSMB 0.168∗∗∗ 0.111 0.147∗∗ 0.117∗ 0.109

(2.82) (1.34) (2.43) (1.65) (1.55)
λHML 0.530∗∗

(1.96)
λMOM 2.350∗∗

(2.49)
λIVOL 0.209

(0.78)
λ3F

overlap 1.093∗∗∗ 1.227∗∗∗

(2.95) (3.12)
λ3F

pure 0.458 0.402
(1.49) (1.30)

λ0 1.354∗∗∗ 0.259 0.447 1.277∗∗∗ 0.444
(4.31) (0.55) (0.92) (4.00) (0.92)

Adjusted R2 0.325 0.662 0.486 0.380 0.525
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the second-stage cross-sectional regressions by Fama and MacBeth
(1973b) on the returns of 75 portfolios formed on size×value, size×momentum, and size×volatility
(Panel A) and 50 portfolios formed on size×net share issues and size×accruals (Panel B). Double sorted
portfolios are retrieved from Kenneth R. French’s data library.

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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Table A8: Fama–MacBeth cross-sectional regressions on individual factors with sorting by
NYSE breakpoints

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Cross-section of 25 size×value portfolios
λMKT -1.237∗∗∗ -0.656 -0.367 -1.108∗∗ -0.307 -0.621 -0.886 0.028

(-2.61) (-1.11) (-0.51) (-2.06) (-0.42) (-0.99) (-1.62) (0.03)
λSMB 0.083 0.122 0.133 0.090 0.137 0.124 0.114 0.139

(1.06) (1.48) (1.57) (1.13) (1.61) (1.49) (1.39) (1.63)
λHML 0.275∗∗∗

(2.79)
λ3F

overlap 0.927∗∗∗ 1.039∗∗∗

(2.70) (2.67)
λ3F

pure 0.182 -0.091
(0.80) (-0.32)

λHML
overlap 0.655∗∗∗ 1.399

(2.85) (1.63)
λHML

pure 0.267 -0.358
(1.14) (-0.61)

λ0 1.967∗∗∗ 1.314∗∗ 1.023 1.826∗∗∗ 0.959 1.281∗ 1.554∗∗∗ 0.638
(4.19) (2.14) (1.35) (3.34) (1.26) (1.95) (2.74) (0.66)

Adjusted R2 0.397 0.543 0.534 0.384 0.537 0.512 0.477 0.543

Panel B: Cross-section of 25 size×momentum portfolios
λMKT -1.511∗∗∗ -0.395 0.629 -0.387 0.680 -0.170 -0.636∗ 0.310

(-4.98) (-1.09) (1.28) (-1.05) (0.80) (-0.44) (-1.85) (0.42)
λSMB 0.190∗∗ 0.227∗∗ 0.179∗ 0.099 0.184 0.202∗∗ 0.207∗∗ 0.196∗∗

(2.01) (2.40) (1.89) (1.03) (1.62) (2.13) (2.18) (2.06)
λMOM 0.723∗∗∗

(6.95)
λ3F

overlap 1.153∗∗∗ 1.186∗∗

(6.72) (2.48)
λ3F

pure 0.750∗∗∗ 0.037
(6.02) (0.07)

λMOM
overlap 1.097∗∗∗ 1.527∗∗∗

(6.98) (2.61)
λMOM

pure 0.918∗∗∗ 0.450
(5.18) (1.22)

λ0 2.208∗∗∗ 1.173∗∗∗ 0.058 1.168∗∗∗ 0.002 0.931∗∗ 1.434∗∗∗ 0.406
(6.99) (3.21) (0.12) (3.16) (0.00) (2.38) (4.13) (0.51)

Adjusted R2 0.375 0.878 0.865 0.833 0.859 0.855 0.829 0.857

Panel C: Cross-section of 25 size×volatility portfolios
λMKT -0.702∗∗∗ 0.931∗∗ 0.692 -1.148∗∗∗ 0.234 0.757∗ 0.433 0.377

(-2.81) (2.05) (1.64) (-3.99) (0.42) (1.71) (0.89) (0.77)
λSMB 0.080 0.158 0.207∗ -0.031 0.132 0.197∗ 0.053 0.353∗∗∗

(0.77) (1.50) (1.91) (-0.28) (1.08) (1.83) (0.51) (2.61)
λIVOL 0.398∗∗∗

(3.66)
λ3F

overlap 1.521∗∗∗ 0.908
(4.79) (1.58)

λ3F
pure -1.654∗∗∗ -0.688

(-3.08) (-1.09)
λIVOL

overlap 1.161∗∗∗ 2.226∗∗∗

(4.86) (3.66)
λIVOL

pure 1.057∗∗∗ -1.531∗

(3.12) (-1.87)
λ0 1.428∗∗∗ -0.355 -0.108 1.777∗∗∗ 0.329 -0.150 0.257 0.173

(5.90) (-0.74) (-0.24) (6.67) (0.59) (-0.32) (0.52) (0.35)
Adjusted R2 0.150 0.697 0.630 0.416 0.665 0.600 0.339 0.699
t statistics in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the second-stage cross-sectional regressions by Fama and MacBeth
(1973b) on the returns of 25 portfolios formed on size×value (Panel A), size×momentum (Panel B), and
size×volatility (Panel C). Double sorted portfolios are retrieved from Kenneth R. French’s data library.

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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Table A10: Fama–MacBeth cross-sectional regressions (quarterly rebalancing)

(1) (2) (3) (4) (5)

Panel A: Cross-section of 25 size×value, 25 size×momentum,

and 25 size×volatility portfolios

λMKT -1.884∗∗∗ 1.338∗∗ -0.160 -0.894∗∗∗ -0.206

(-7.40) (2.43) (-0.46) (-3.05) (-0.57)

λSMB 0.314∗∗∗ 0.414∗∗∗ 0.296∗∗∗ 0.281∗∗∗ 0.292∗∗∗

(3.73) (4.65) (3.54) (3.34) (3.48)

λHML 0.114

(0.74)

λMOM 1.406∗∗∗

(9.10)

λIVOL 0.797∗∗∗

(5.25)

λ3F
overlap 2.244∗∗∗ 2.156∗∗∗

(9.55) (7.26)

λ3F
pure 1.073∗∗∗ 0.397∗

(7.72) (1.68)

λ0 2.338∗∗∗ -0.944∗ 0.410 1.263∗∗∗ 0.466

(8.96) (-1.67) (1.12) (4.15) (1.21)

Adjusted R2 0.409 0.919 0.736 0.693 0.738

Panel B: Cross-section of 25 size×net share issues

and 25 size×accruals portfolios

λMKT -0.628 0.554 0.284 -0.507 0.254

(-1.33) (0.87) (0.52) (-1.07) (0.44)

λSMB 0.399∗∗∗ 0.421∗∗∗ 0.324∗∗∗ 0.362∗∗∗ 0.324∗∗∗

(4.17) (3.87) (3.30) (3.73) (3.30)

λHML 0.383

(1.25)

λMOM 1.730∗

(1.74)

λIVOL 0.408

(1.25)

λ3F
overlap 1.584∗∗∗ 1.576∗∗∗

(3.39) (3.36)

λ3F
pure 0.641∗∗ 0.268

(2.49) (0.89)

λ0 1.068∗∗ -0.128 0.115 0.917∗ 0.144

(2.22) (-0.20) (0.21) (1.89) (0.25)

Adjusted R2 0.513 0.752 0.697 0.624 0.699

t statistics in parentheses

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Description. This table reports the second-stage cross-sectional regressions by Fama and MacBeth

(1973b) on the returns of 75 portfolios formed on size×value, size×momentum, and size×volatility

(Panel A) and 50 portfolios formed on size×net share issues and size×accruals (Panel B). Double sorted

portfolios are retrieved from Kenneth R. French’s data library. The sample is from 1963:Q3 to 2020:Q4.

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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Summary

This dissertation, titled "Market Concentration, Institutional Demand, and Risk Factors

in Asset Pricing," explores several developments in asset pricing through three intercon-

nected essays. Each chapter builds on a major post-20th-century economic trend: rising

stock market concentration, the increase in institutional ownership, and the decline in

the number of U.S.-listed firms.

In Chapter 2, "Market Concentration, Capital Misallocation, and Asset Pricing," I exam-

ine the asset pricing implications of superstar firms. Superstar firms, which dominate

stock markets through their large size and market power, can deter efficient capital al-

location. Using quarterly data on U.S.-listed firms from 1975 to 2023, I use a proxy for

capital misallocation as the cross-sectional dispersion in the marginal product of capi-

tal (MPK), and decompose this measure into three components: within superstar firms,

within non-superstar firms, and between the two groups, the latter referred to as the

"MPK spread." For asset pricing tests, I apply Fama-MacBeth regressions and construct

factor-mimicking portfolios. I also run standard predictive regressions to examine the

forecasting power of each component for multiple macroeconomic indicators.

Empirically, I find that only changes in the MPK spread, i.e., capital misallocation

between superstar and non-superstar firms, are robustly priced in the cross-section

of stock returns. Stocks with negative exposure to changes in the MPK spread earn

annual returns approximately 4.8% higher than those with positive exposure. More-

over, higher MPK spread predicts lower future consumption growth, industrial pro-

duction growth, employment growth, and innovation growth, particularly among non-

superstar firms. These findings support the MPK spread as a key state variable con-
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sistent with the Intertemporal Capital Asset Pricing Model (ICAPM), implying that

changes in capital misallocation between superstar and non-superstar firms capture a

priced macroeconomic risk factor. This chapter contributes to the literature by identi-

fying a priced risk factor driven by market concentration.

Chapter 3, "Intermediary Asset Pricing Through the Lens of a Demand System," co-

authored with Dongryeol Lee, investigates how broker-dealers, though holding less

than 2% of stock market assets, affect asset prices through their lending to hedge funds.

Using institutional holdings from 2000 to 2023, we estimate a characteristic-based de-

mand system to capture institution-specific demand elasticities. We then quantify how

broker-dealer leverage shifts hedge funds’ demand for assets and price impact.

We find that declines in broker-dealer leverage significantly reduce hedge fund asset

demand, leading to price pressures. A one-standard-deviation decline in broker-dealer

leverage reduces stock prices by approximately 1.6%, with the effect more pronounced

in stocks held by hedge funds. Particularly, a 1% increase in broker-dealer leverage

corresponds to a 2% rise in hedge funds’ price impact in the following year, especially

for illiquid stocks. These effects intensify during recessions, when broker-dealers face

binding constraints and hedge funds are forced to deleverage. This chapter provides

evidence that intermediary leverage constraints amplify asset return variation and af-

fect stock prices through hedge funds.

Finally, Chapter 4, "Overlapping Factors," analyzes the role of stocks that simulta-

neously load on multiple characteristic-based factors such as value, momentum, and

volatility. I construct a stock-level measure of factor overlap, sort stocks into deciles

based on overlap count, and evaluate return predictability and performance. I also

perform cross-sectional pricing tests and various robustness checks.

Despite low correlations between traditional factor strategies, I find substantial over-

lap when sorting stocks into factor portfolios. Overlapping stocks–those that appear in

the same leg across multiple factors–earn average monthly abnormal returns of 66 basis

points, compared to just 5 basis points for pure factor stocks that appear in only one fac-

tor. These overlapping stocks are robustly priced in the cross-section, while pure factor
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portfolios are not. Importantly, overlapping stocks are not extreme in factor character-

istics or more exposed to macroeconomic or liquidity risk. In the short leg, overlapping

stocks exhibit greater sensitivity to investor sentiment and elevated short interest. This

chapter highlights the importance of accounting for overlap in factor construction, as

overlapping stocks drive much of the return and pricing power in multi-factor strate-

gies.

Together, these three essays provide insights into how several changes in financial

markets, ranging from market concentration and intermediary constraints to the struc-

ture of factor investing strategies, shape asset prices and risk premia. The findings

could provide important implications for investors, asset managers, and policymakers

seeking to understand the underlying drivers of risk premia in the post-20th-century

equity markets.



Samenvatting (Summary in Dutch)

Dit proefschrift, getiteld "Market Concentration, Institutional Demand, and Risk Factors

in Asset Pricing," onderzoekt risico en rendementsverhoudingen op financiële mark-

ten door middel in drie onderling verbonden essays. Elk hoofdstuk richt zich op een

belangrijke economische trend sinds de 20e eeuw: de toenemende marktconcentratie,

de toename van eigendom door institutionele beleggers en de afname van het aantal

beursgenoteerde bedrijven in de VS.

In Hoofdstuk 2, "Market Concentration, Capital Misallocation, and Asset Pricing," on-

derzoek ik de effecten van zogenaamde "superster" ondernemingen op het risico en

verwacht rendement op beursgenoteerde aandelen. Supersterondernemingen, die aan-

delenmarkten domineren door hun grote omvang en grote marktmacht, kunnen een

efficiënte kapitaalallocatie in de weg staan. Met behulp van kwartaalgegevens over

Amerikaanse beursgenoteerde bedrijven van 1975 tot 2023 meet ik kapitaalmisallo-

catie op basis van de spreiding in het marginale product van kapitaal (MPK). Ik maak

een onderscheid tussen drie componenten: binnen supersterbedrijven, binnen niet-

supersterbedrijven, en tussen superster- en niet-supersterbedrijven, en duid de laatste

component aan als de "MPK spread." Ik pas Fama-MacBeth regressies toe en construeer

factor nabootsende portefeuilles om de de effecten op het risico en het verwachte ren-

dement te meten. Ik gebruik ook regressies om de voorspellende kracht van elke com-

ponent voor toekomstige fluctuaties in verschillende macro-economische indicatoren

te beoordelen.

Mijn empirische resultaten laten zien dat alleen veranderingen in de MPK spread,

hetgeen duidt op kapitaalmisallocatie tussen superster- en niet-supersterbedrijven, robu-
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ust worden geprijsd in aandelenrendementen. Aandelen met een negatieve bloot-

stelling aan veranderingen in de MPK spread behalen ongeveer 4,8% hogere jaarlijkse

rendementen dan aandelen met een positieve blootstelling. Bovendien voorspelt een

hogere MPK spread lagere toekomstige consumptiegroei, industriële productiegroei,

werkgelegenheidsgroei en innovatiegroei, vooral voor niet-supersterbedrijven. Deze

bevindingen tonen aan dat de MPK spread een belangrijke verklarende variabele is

voor aandelenrendementen, hetgeen consistent is met het Intertemporal Capital As-

set Pricing Model (ICAPM). Dit impliceert dat veranderingen in kapitaalmisallocatie

tussen superster- en niet-supersterbedrijven een macro-economische risicofactor vormt.

Dit hoofdstuk levert een bijdrage aan de literatuur door een geprijsde risicofactor te

identificeren die gedreven wordt door toenemende marktconcentratie.

In Hoofdstuk 3, "Intermediary Asset Pricing Through the Lens of a Demand System,"

geschreven in samenwerking met Dongryeol Lee, onderzoeken we hoe broker-dealers,

ondanks het feit dat ze minder dan 2% van de aandelenmarkt bezitten, de aandelenpri-

jzen beïnvloeden door leningen te verstrekken aan hedgefondsen. Met behulp van in-

stitutionele holdings data van 2000 tot 2023 schatten we een op characteristic-based de-

mand system om instellingsspecifieke vraagelasticiteiten te schatten. Vervolgens kwan-

tificeren we hoe de hefboomwerking van broker-dealers de vraag van hedgefondsen

naar aandelen verandert.

We vinden dat een afname van de hefboomwerking van broker-dealers de vraag

naar hedgefondsactiva aanzienlijk vermindert, wat leidt tot prijsdruk. Een daling van

de leverage van broker-dealers met één standaarddeviatie verlaagt de aandelenko-

ersen met ongeveer 1,6%. Dit effect sterker is bij aandelen die worden aangehouden

door hedgefondsen. Een stijging van de hefboomwerking van makelaars-handelaars

met 1% komt overeen met een stijging van de invloed van hedgefondsen op de ko-

ersen in het volgende jaar met 2%, vooral voor niet-liquide aandelen. Deze effecten

zijn sterker tijdens recessies, wanneer broker-dealers te maken krijgen met bindende

beperkingen en hedgefondsen gedwongen worden om te deleveragen. Dit hoofdstuk

levert structureel bewijs dat intermediaire hefboombeperkingen de variatie in aande-
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lenrendementen versterken en de aandelenkoersen beïnvloeden via hedgefondsen.

Tenslotte analyseer ik in Hoofdstuk 4, "Overlapping Factors," de rol van aandelen die

tegelijkertijd in meerdere kenmerkende factoren voorkomen zoals waarde, momentum

en volatiliteit. Per aandeel meet ik de mate van overlap, i.e., in hoeverre dit aandeel

voorkomt in de long (of in de short) portfolio van meerdere factoren. Dan sorteer ik

aandelen in op basis van de mate van overlap en test de invloed hiervan op het risico

en gemiddeld rendement.

Ondanks de lage correlaties tussen traditionele factorstrategieën, vind ik aanzien-

lijke overlap in het sorteren van aandelen. Overlappende aandelen - aandelen die in

dezelfde lag voorkomen van meerdere factoren - behalen een gemiddeld abnormaal

maandelijks rendement van 66 basispunten, vergeleken met slechts 5 basispunten voor

zuivere factoraandelen die slechts in één factor voorkomen. Deze overlappende aan-

delen zijn robuust geprijsd in de cross-sectie van gemiddelde aandelenrendementen,

terwijl zuivere factorportefeuilles dat niet zijn. Belangrijk is dat overlappende aan-

delen niet extreem zijn in factorkarakteristieken of meer blootgesteld zijn aan macro-

economische of liquiditeitsrisico’s. In plaats daarvan vertonen ze op de korte termijn

een grotere gevoeligheid voor het beleggerssentiment en een verhoogde short inter-

est. Dit hoofdstuk benadrukt het praktische belang van rekening houden met overlap

in factorconstructie, aangezien overlappende aandelen veel van het rendement en pri-

jszettingsvermogen in multifactorstrategieën bepalen.

Samen bieden deze drie essays nieuwe inzichten in hoe diverse economische ve-

randeringen, variërend van marktconcentratie en intermediaire beperkingen tot de on-

twikkeling van factorbeleggingsstrategieën, de prijzen van activa en risicopremies beïn-

vloeden. De bevindingen kunnen belangrijke implicaties hebben voor beleggers, ver-

mogensbeheerders en beleidsmakers die de onderliggende drijfveren van risicopremies

op moderne aandelenmarkten willen begrijpen.
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