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Abstract

In modern asset markets, man and machine compete for pro�ts. How does each

fare? I build a learning model in which quantitative investors (reliant on computer

models) have more learning capacity but less �exibility to adapt to market conditions

than discretionary investors (reliant on human judgment). I use machine learning to

categorize US active equity mutual funds as quantitative or discretionary. Consistent

with the model's predictions, I �nd that quantitative funds hold more stocks, specialize

in stock picking, and engage in more overcrowded trades. Discretionary funds hold

lesser known stocks, switch between picking and timing and outperform in recessions.
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1 Introduction

This is only a foretaste of what is to come, and only the shadow of what is going

to be. We have to have some experience with the machine before we really know

its capabilities. It may take years before we settle down to the new possibilities,

but I do not see why it should not enter any one of the �elds normally covered

by the human intellect, and eventually compete on equal terms.

Alan Turing (The Times, June 11, 1949: �The Mechanical Brain�)

Since the �rst appearance of computers, there has been a debate about whether machines

are capable of �thinking� and �learning� and ultimately competing with humans in

intellectual endeavors. This debate is nowadays more relevant than ever, as advances in

arti�cial intelligence together with the wider availability of big data and computing power,

promise to enhance machine capabilities (Haenlein and Kaplan (2019)).

This paper studies how di�erences in the decision making process of discretionary funds

(reliant on human judgment) and quantitative funds (reliant on computer programs) impact

their investment choices and performance. I focus on active equity mutual funds in the US

and analyze the implications of two commonly understood di�erences between humans and

machines: �capacity� and ��exibility�. On the one hand, machines have a greater capacity for

processing information than humans, leading to a higher precision of their private signals. On

the other hand, humans are more �exible in adapting to changing market conditions, as the

traditional �xed-rules approach to machines programming limits their adaptability. Finally,

information accessible to humans might not be machine-processable and vice-versa. While

machines' superior information processing capacity and humans' superior �exibility are not

surprising, exploring the nature of these advantages and how they play out in an equilibrium

asset market teaches us about what market conditions favor humans or machines.

I proceed in three main steps. First, I develop a novel methodology to categorize mutual

funds as quantitative or discretionary. Next, I propose a general equilibrium model that

incorporates the capacity and �exibility trade-o�s of quantitative and discretionary investors

and use it to derive a number of testable predictions about their di�erences in strategy and

performance. Finally, I use the classi�cation to test these predictions empirically.

Studies of the di�erences in strategy and performance between quantitative and

discretionary mutual funds are scarce and often based on small samples. That is despite
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industry evidence (e.g. Becker and Reinganum (2018)) that quantitative equity

management emerged in the 1980s and grew steadily afterwards, due to improvements in

computing power, information technologies and �nance theories. The main reason for the

lack of research on this topic is that quantitative funds are not easily identi�able. That is

why the �rst step of my analysis is to develop a novel classi�cation.

To do so, I collect 31, 695 prospectuses for 3,150 mutual funds from 2000 to 2017. I then

use a machine learning algorithm, the random forest, applied to the �Principal Investment

Strategy� section of these prospectuses to categorize funds as quantitative or discretionary.

In that section funds are required to disclose the key methods utilized in selecting securities.

This paper is the �rst to isolate the full strategy section for all US active equity mutual funds.

Looking at the full section allows considering all disclosed information about funds' strategies.

Excluding other sections limits misinterpretations as, for instance, mentions of quantitative

methods in the risk or performance sections might be unrelated to funds' strategies.

I then ask experts to categorize a randomly selected sample of 500 of these sections as

belonging to quantitative or discretionary funds. This serves as a training sample for the

random forest algorithm. The random forest endogenously develops a categorization rule by

analyzing di�erences in the text of the pre-classi�ed quantitative and discretionary strategy

descriptions.1 In out-of sample testing, I obtain 92.31% accuracy using this decision rule. I

then use it to classify all funds as quantitative or discretionary.

The main advantages of this method, versus a more traditional keywords-based approach,

are that it allows to endogenously identify a comprehensive list of terms which are informative

in splitting the sample, while simultaneously accounting for the relationships between those

terms in the text. This helps to avoid false positives, as the presence of a single term of

interest would not be su�cient in determining assignment to a given category. At the same

time, it allows considering some generic terms that, included in isolation, would increase

categorization error, but conditionally on the presence of other terms in the text, increase

the probability of a strategy description belonging to a quantitative or discretionary fund.

Using this classi�cation, I can then report a number of stylized facts about quantitative

funds. Unsurprisingly, I �nd that their presence has been steadily growing between 2000

and 2017: they tripled in number and experienced a more than 6-fold increase in assets

under management. They grew at a faster rate than discretionary funds, going from 2.63%

1A more detailed description of the algorithm can be found in Section 3.2 and in the Internet Appendix.
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to 6.62% of the market's Total Net Assets (TNA) and from 7.87% to 17.18% of the total

number of funds. On average, quantitative funds are 12% younger and 24% smaller; they

charge 7.11% lower expense ratios and 5.55% lower management fees, exhibit 38.96% higher

holdings turnover, hold 23.81% less cash, experience larger out�ows during recessions and

hold stocks that are more exposed to the book-to-market and momentum factors and less

exposed to the size factor (i.e. larger) than discretionary funds.

I next propose a general equilibrium model of mutual fund investors that incorporates the

capacity and �exibility advantages/constraints of quantitative and discretionary investors. I

use that model to shed light on the mechanisms through which these di�erences in learning

abilities impact investment behavior and ultimately performance.

I do so by extending the learning model by Kacperczyk et al. (2016) � KVV. Theirs is a

static general equilibrium model with multiple assets subject to a common aggregate shock

and individual idiosyncratic shocks. These assets are traded by two categories of agents:

skilled investors and unskilled investors. All investors learn from price signals, but skilled

investors also learn from private signals. Skilled investors have limited learning capacity,

which they allocate to learning about idiosyncratic shocks or the aggregate shock. Recessions

are modeled as periods of greater risk aversion and higher volatility of the aggregate shock.2

As in KVV, in my model all investors learn from prices. I interpret KVV's skilled

investors as being discretionary investors, discretionaries. I augment KVV's model along

two dimensions. (1) I add another type of skilled investor: quantitative investors, quants.

Quants have unlimited learning capacity but only receive private signals about

idiosyncratic shocks (i.e. they do not receive a private signal about the aggregate shock).3

Discretionaries have limited learning capacity, but can receive private signals about any

type of shock. (2) I impose upper-bounds on the precision of private signals, I allow these

upper-bounds to vary by asset and by investor type (i.e. quants or discretionaries). The

variation by asset should be interpreted as meaning that there might exist assets for which

relatively less information is available (e.g. younger or smaller companies). Hence, the

2Various studies have shown that aggregate stock market volatility is higher in recessions (e.g. Hamilton
and Lin (1996); Campbell et al. (2001); Engle and Rangel (2008)).

3While this assumption is plausible for modeling equity mutual funds, it is not applicable to other types of
quantitative investing. E.g. quantitative macro hedge funds specialize in timing the market following trends
and using signals derived from macroeconomic indicators. For those investors an opposite assumption would
be appropriate as, usually, their models do not select assets, instead they generate signals that determine
how much to buy or sell of a pre-speci�ed set of assets in order to pro�t from future price movements.
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maximum signal precision attainable for those assets might be lower than the precision

attainable for assets for which more information is available. The variation by investor type

should be interpreted as meaning that some information available for human consumption

might not be available for machine consumption and vice versa. Hence, even if learning all

available information for human (resp. machine) consumption, the maximum precision of

the human and machine private signals might di�er. This second innovation in the model is

useful in characterizing the mechanism through which quants and discretionaries interact

in equilibrium. In fact, it allows to derive testable predictions about cross-sectional

di�erences in the assets that each type of investor optimally invests in.

To sum up, I focus on two trade-o�s between quants and discretionaries. First, I

incorporate the capacity trade-o� by assuming that quants have unlimited learning

capacity, while discretionaries have limited learning capacity. Second, I incorporate the

�exibility trade-o� by allowing discretionaries to switch freely from learning about

idiosyncratic shocks to learning about the aggregate shock and vice versa; while quants

only learn about idiosyncratic shocks. This assumption should be interpreted as meaning

that they do not incorporate signals based on macroeconomic indicators directly into their

models. It is instead consistent with the notion that they would be using factors and other

stock-speci�c information to identify mis-priced securities. Indeed, factors can be

interpreted as a combination of stock speci�c information with price-based signals. This

assumption is motivated by survey evidence (Fabozzi et al. (2008)) and by industry

evidence on the current state of quantitative equity investment (Becker and Reinganum

(2018)).4 I also �nd strong support for this assumption in in the data. The empirical

testing of Proposition 1 further elaborates on that point.

Solving for the equilibrium interaction of quants and discretionaries in this model, I

obtain six testable predictions.

First, I con�rm KVV's prediction that skilled but capacity constrained investors (in my

model discretionaries) shift from learning about idiosyncratic shocks in expansions to learning

about the aggregate shock in recessions. The intuition is that they optimally allocate their

4These funds are based on the premise of the academic literature on factor investing and anomalies.
Moreover, they use technological innovations to increase the data types that their models are able to analyze.
Their security selection models are not geared towards directly incorporating macroeconomic information in
their predictions. Indeed, in survey evidence, managers of quantitative equity mutual funds mention that
adding macroeconomic concepts directly into their models was one of the least useful potential improvements.
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limited learning capacity to shocks from which they can derive a higher marginal bene�t. In

equilibrium the marginal bene�t of learning about a shock increases with its volatility, as

more volatile shocks have a greater impact on investors' portfolios. So, when the aggregate

shock volatility rises (i.e. in recessions), the incentive to learn about it increases. Given

the assumed di�erences in �exibility, though, quants cannot switch to learning about the

aggregate shock in recessions. Hence, my model predicts that in recessions discretionaries

should display a higher ability to time the aggregate shock, while quants should display a

higher ability to select securities.

Second, quants hold a larger number of stocks than discretionaries. That is because

investors optimally hold those assets about which their signals are more precise. Thanks to

their unlimited learning capacity, quants have a greater signal precision about the payo�s of

more assets; hence optimally hold more of them.

Third, when learning about idiosyncratic shocks, discretionaries focus on stocks for which

relatively less machine-readable information is available (i.e. for which the di�erence in upper-

bound of signal precision between quants and discretionaries is smallest). That approach

allows them to reduce their information disadvantage, or information gap, relative to quants.

The gap can be negative (i.e. they can have an advantage learning about certain assets).

Fourth, dispersion of opinion, and hence of holdings, is greater among discretionaries

than among quants. This follows from discretionaries' limited learning capacity, which they

need to allocate optimally across shocks. This might lead them to learn about di�erent

shocks from each other, as the marginal bene�t of learning about shocks decreases the more

investors learn about them � a substitution e�ect. Quants, instead, learn about all available

and machine-processable information; which leads them to have more similar inputs into

their models. As a result, portfolio allocations of discretionaries are more dispersed.

Fifth, the performance of discretionaries always increases in recessions and when they

learn about shocks with a lower information gap.

Sixth, quants perform worse than discretionaries in recessions. Their performance

decreases as their total share in the market rises, particularly when their overall signal

precision is higher (i.e. when innovations allow processing a greater variety of information).

To test these predictions, I merge my fund classi�cation with the CRSP mutual fund

and stock databases, the Thompson Financial Spectrum dataset, Compustat earnings, IBES

forecasts, Ravenpack news and macro variables from the Federal Reserve Bank of St. Louis.
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First, I measure funds' stock-picking ability and their ability to time macroeconomic

shocks (i.e. macro-timing ability) as the covariance of funds' holdings with future earning

surprises and with future surprises in industrial production (or non-farm payrolls)

respectively. I �nd that in recessions discretionary funds display on average higher

macro-timing ability and lower stock-picking ability than quantitative funds. Moreover,

discretionary funds with the highest stock-picking ability in expansions also display the

highest macro-timing ability in recessions. For quantitative funds that is not the case,

indicating that they are indeed not �exible in changing the focus of their strategies. These

di�erences in timing ability are directly related to the timing of macroeconomic indicator.

With respect to characteristic-timing (Daniel et al. (1997)), quantitative and discretionary

funds do not display di�erences in ability. This is in line with the idea that quantitative

equity funds don't incorporate macroeconomic signals into their models but can use factors

and stock characteristics in selecting assets. These results are in line with Prediction 1.

Second, I �nd that quantitative funds on average hold 39.6% more stocks than

discretionary funds. This translates into greater portfolio diversi�cation: 4.3% lower raw

return volatility and 17% lower idiosyncratic volatility. This result is in line with

Prediction 2.

Third, I proxy for the average information gap in the stocks held by quantitative and

discretionary funds with their average size, age and media mentions. The idea is that more

information is available about larger stocks, for stocks with a longer history and for stocks

with a greater media coverage, making such stocks more easily processable with quantitative

approaches; hence the information gap should be greater. I �nd that the information gap

is larger for stocks held by quantitative funds: they are on average 9.4% larger, 6.7% older

and have 2.5% fewer monthly mentions in the media. This is in line with Prediction 3.

Fourth, I �nd that discretionary funds have signi�cantly more disperse holdings than

quantitative ones do. This result holds for di�erent measures of dispersion of holdings: the

cumulative squared di�erence in the weight allocated by each fund to stocks relative to the

weight allocated by the average fund of the same type (dispersion) � 8.05% lower; and the

average percentage of funds of the same type that hold the same stocks (commonality) �

49.36% higher. I additionally build measures of overcrowding, by multiplying the

commonality measure by the total TNA managed by funds of the same type. I �nd that,

while commonality has been decreasing over time, the overcrowding of discretionary

6



strategies has remained fairly stable, while the overcrowding of quantitative strategies has

been steadily increasing. These results are in line with Prediction 4.

Finally, I �nd that discretionary funds perform signi�cantly better than quantitative

funds in recessions. Additionally, discretionary funds who invest in younger stocks perform

better, while quantitative funds perform better when investing in older stocks. All investors

perform better when investing in smaller stocks with fewer media mentions, which are less

likely to be overcrowded. Finally, all funds with a higher commonality in holdings perform

worse. All funds are also negatively a�ected by overcrowding but the e�ect is signi�cantly

worse for quantitative funds. This is particularly true in recessions. This is consistent with

the notion that their factor-based strategies would become more correlated with each other in

recessions, making in more di�cult to pick assets based on di�erences in their characteristics.

These results are in line with Predictions 5 and 6.

The paper proceeds as follows. Section 2 reviews the related literature. Section 3

describes the classi�cation methodology and new basic facts about quantitative and

discretionary funds. Section 4 presents the model and its implications. Section 5 reports

empirical tests and robustness checks. Section 6 concludes. The Appendix features the

proofs of the model and details about the classi�cation methodology; while the Internet

Appendix contains further details about the classi�cation and additional robustness checks.

2 Related Literature

My paper relates to four streams of research.

First and foremost, it contributes to the growing literature on the di�erences between

�humans� and �machines� in their learning and decision making. I provide a learning-based

explanation for the di�erences in strategy and performance of quantitative and discretionary

equity mutual funds. Among others, Coleman et al. (2020) explore di�erences in investment

recommendations provided by robo-advisors versus humans; while Birru et al. (2019) analyze

the di�erential impact of recommendations provided by quantitative or discretionary sell-

side analysts. Erel et al. (2020), Fuster et al. (2020), and Aubry et al. (2020) explore the

impact of utilizing machine learning versus a human-based approach in selecting directors,

determining credit ratings and pricing art works, respectively.

More speci�cally, I model quants as being less �exible, but having a larger capacity for
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information processing. In that respect, my paper relates more broadly to recent works that

analyze the impact of big data technologies on �nancial decision making (Farboodi and

Veldkamp (2019), Abis and Veldkamp (2020)). This paper provides a framework to think

about how a greater availability of machine-processable information and more �exible AI-

based algorithms might impact the traditional relative advantages of humans and machines.

Second, I contribute to the literature which utilizes natural language processing for

�nancial analysis. I use the random forest algorithm applied to equity mutual funds'

strategy descriptions to categorize them as quantitative or discretionary. Most papers in

this literature utilized a keywords-based method. Recently, machine learning algorithms are

being used instead, as they allow to more thoroughly analyze high-dimensional data such

as text (e.g. Manela and Moreira (2017), Kelly et al. (2019), Cong et al. (2019)).

More directly, this paper contributes to the literature which analyzes natural language

in regulatory �lings. This paper is the �rst to isolate the section of prospectuses which

reports only funds' key strategies. Most papers in this space analyze corporate �lings (10-Ks).

Loughran and McDonald (2011) use them to compile �nance-speci�c sentiment dictionaries;

Hoberg and Phillips (2016) utilize them to construct alternative industry identi�ers; while

Cohen et al. (2020) show that changes to these �lings are predictive of future returns. In

the mutual fund space, Hillert et al. (2016) analyze mutual fund shareholder letters and

show that a less negative writing style leads to higher net �ows. Kostovetsky and Warner

(2020) use short excerpts from prospectus strategy descriptions to examine distinctiveness

of fund styles.5 Finally, Beggs et al. (2019) use a keywords-based approach applied to the

Morningstar strategy excerpts and the full text of summary prospectuses (including, among

others, risk and performance discussions) to categorize funds as quantitative or discretionary;

they study the di�erential impact of their �resales on stock prices.

Third, this paper is the �rst to analyze di�erences in performance between quantitative

and discretionary equity mutual funds. I show that discretionary funds outperform

quantitative ones in recessions. Harvey et al. (2017) do a similar analysis for hedge funds,

without conditioning on business cycles. They �nd that discretionary and quantitative

equity funds perform similarly while quantitative macro funds outperform discretionary

ones. Various studies have shown that mutual fund performance varies over the business

5Morningstar provides short excerpts of the strategy text available in the �lings. The average length of
Morningstar descriptions is 70 words; the average length of descriptions used in this paper is 317 words.
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cycle (Glode (2011); Kosowski (2011); Kacperczyk et al. (2014)). From a theoretical

perspective, shifting skills and performance across the business cycle have been explained

with rational inattention (Sims (2003); Sims (2006); Ma¢kowiak and Wiederholt (2009);

Van Nieuwerburgh and Veldkamp (2010); Ma¢kowiak and Wiederholt (2015); Kacperczyk

et al. (2016)). These papers argue that investors with limited information processing

capacity make rational choices about what information to focus on. KVV show that

capacity constrained investors optimally shift their attention from idiosyncratic shocks in

expansions to aggregate shocks in recessions, leading to cyclicality in performance. My

model extends theirs by allowing skilled investors (quants or discretionaries) with di�erent

learning capacities and �exibilities to interact in equilibrium.

Fourth, I show that quantitative funds have greater commonality in their holdings and

experience greater out�ows in recessions. This might expose the stocks they hold to more

non-fundamental risk. Indeed, Greenwood and Thesmar (2011) �nd that stocks' fragility (i.e.

greater commonality in stocks ownership or more owners with correlated liquidity shocks)

predicts stocks volatility. Anton and Polk (2014) show that the degree of shared ownership

forecasts cross-sectional variation in return correlation. Beggs et al. (2019) show that �resales

by quantitative mutual funds are more correlated and have a greater impact on stock prices.

3 Quantitative versus Discretionary Funds

In this section I describe the data and methodology used to classify funds as quantitative or

discretionary; I then report a series of new facts based on this classi�cation.

3.1 Data

I focus on US active equity mutual funds from January 2000 to December 2017. I obtain the

sample of interest starting from funds featured in the CRSP Survivorship-Bias-Free Mutual

Fund Dataset; I then restrict the sample to equity funds and further exclude international

funds, sector funds, index funds, and underlying variable annuities6. To remove incubation

6I do so by utilizing primarily the CRSP objective code, when missing, I also check the Lipper, Strategic
Insight and Wiesenberger codes and the funds' investment policy. I also use the ETF and variable annuity
fund �ags and I remove funds which contain any of the following stings in their name: �Index�, �Ind�, �Idx�,
�Indx�, �iShares�, �SPDR�, �HOLDRs�, �ETF�, �Exchange-Traded Fund�, �PowerShares� �StreetTRACKS�.
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bias, I keep only observations dated after the fund's �rst o�er date (Elton et al. (2001)). I

also exclude small funds, i.e. those with less than $5 million TNA (Kacperczyk et al. (2008)).

Data is available at the share class level, i.e. sub-funds with the same underlying portfolio

but marketed to di�erent audiences. So, I aggregate all share classes of the same fund at every

point in time into one observation. I do so by: keeping the �rst o�er date of the oldest fund,

summing the TNA of all share classes and weighting all other variables (e.g. fees, returns)

by lagged TNA. I identify share classes of the same fund by constructing a comprehensive

identi�er using the CRSP_CL_GRP and WFICN identi�ers, and fund names. This choice

is particularly relevant for matching returns and characteristics to funds' holdings. I �nally

exclude funds with less that 12 months of observations.

Holdings are obtained by merging the Thomson CDA/Spectrum Mutual Fund Holdings

dataset from January 2000 to August 2008 and the CRSP Mutual Fund Holdings dataset

from September 2008 to December 2017. Thomson Holdings are merged using the WFICN

identi�er, while CRSP holdings are merged using CRSP's mapping between funds

(FUNDNO) and portfolios (PORTNO), adjusted using fund names. The date of switch

between the two dataset is chosen to maximize coverage for the funds of interest. I opted to

merge the two datasets, rather than using Thomson Holdings for the entire period, as

Thomson's coverage deteriorates in 2008 leading to the exclusion of many funds of interest,

especially younger funds (Zhu (2020), Shive and Yun (2013)). This is particularly relevant

as quantitative funds are more prevalent in recent years. Using holdings data, I �nally

remove small funds (i.e. that hold fewer than 10 stocks) and balanced funds (i.e. that on

average dedicate less than 80% of their assets, excluding cash, to holding common stocks;

Kacperczyk et al. (2008)). I then forward �ll holdings to the monthly frequency.7

The start date (January 2000) is dictated by the availability of fund prospectuses. I

remove all fund-month observations that cannot be matched to a prospectus (see Section 3.2

for details). The �nal sample consists of 3, 150 funds and 355, 468 fund-month observations.

Figure 1 displays the number of funds per month. To construct other variables, I also use the

CRSP stock-level database, macroeconomic indicators from the Federal Reserve Bank of St.

Louis, Compustat earnings, IBES forecasts, Fama�French factors, and Ravenpack News.

7For 42% of the �nal sample monthly holdings were already available. 90% of the dataset is forward
�lled for at most 1 quarter and 99% for at most 2 quarters. Maximum forward �lling is restricted to 1 year.
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3.2 Classi�cation Methodology

I classify funds using information contained in the �Principal Investment Strategies� section

of mutual fund prospectuses. This corresponds to item 9 of the N-1A mandatory disclosure

in which funds must �Explain in general terms how the Fund's adviser decides which

securities to buy and sell.� This requirement was added after the 1998 amendment of

mandatory disclosures; all funds were required to comply beginning in December 1999,

hence I start my analysis in January 2000. Focusing on mandatory disclosures allows for

more reliable information than analyzing other self-reported material. In fact, funds are

liable to be sued by the SEC for misrepresenting their investment method.8 Additionally,

isolating the strategy description and excluding other sections of the prospectus (e.g. risk

and performance discussions) allows for a more precise classi�cation. Indeed, mentions of

quantitative methods in other sections might be unrelated to funds' strategies. To my

knowledge, this paper is the �rst to isolate the full strategy section.

The procedure utilized to classify all funds as Quantitative or Discretionary is

summarized below. Appendix A contains a detailed description of all steps.

First I collect prospectuses for the 3, 150 funds of interest from January 2000 to December

2017 from the SEC online database � EDGAR; from which I am able to isolate 31, 695

�Principal Investment Strategy� sections. Prospectuses may be published in any day of the

year and are often published less than once per quarter. Since any material change to the

management of the fund must be reported to the SEC, for any month in which a prospectus

is not available I �ll that information using the latest available prospectus. All observations

in the �nal dataset are matched to a strategy description. When no material changes take

place, funds often re-submit an identical description. Among the matched descriptions, I

identify 24, 695 unique ones.

Next, I use a machine learning methodology, the random forest algorithm, to classify all

strategy descriptions as Quantitative or Discretionary. The random forest is a decision�tree

based algorithm which uses bootstrapping and majority voting to assign a classi�cation to

each item of a pre-classi�ed training sample on the bases of the classi�cations obtained

8An exemplary case was that of the SEC against the quantitative mutual fund AXA Rosenberg.
The fund was heavily �ned for not promptly disclosing to investors an error in their quantitative
model which was argued misrepresented the model's capabilities and risk-taking behavior (see
https://www.sec.gov/news/press/2011/2011-189.htm). Anecdotally, other quantitative investment managers
mention this case as impacting their accuracy in describing their investment processes in prospectuses.
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with multiple decision trees.9 This procedure allows to increase generalizability and reduce

over�tting. The random forest is a relatively transparent algorithm in that it allows one to

visualize the list of features (words and two-word combinations) being utilized, along with

their relative informational content � measured as the reduction in entropy obtained with

each speci�c feature. Thanks to the conditional nature of the algorithm, the list of relevant

features is determined endogenously by considering the joint presence of features in the text.

This also allows avoiding false positives as, for instance, containing the word quantitative

(e.g. �quantitative easing�) wouldn't be su�cient to determine a Quantitative assignment.

Following the procedure detailed in Appendix A, I obtain a �nal decision rule which

uses 904 features, the �rst 15 of which already account for 24.55% of the informativeness

with respect to reducing entropy (Figure 2). The most discriminating features are the

words �quantitative� and �model�, other relevant and highly interpretable features are �use

quantitative�, �proprietary�, �process�, �momentum�, �rank�, and �factor�. The word

�momentum� is in line with survey evidence that active equity quantitative mutual funds

mostly use trend-based measures to incorporate aggregate market dynamics into their

models (Fabozzi et al. (2007)). Most other relevant features are either intuitive or easily

interpretable when bearing in mind the algorithm's conditional nature.10 When applied to

a sample of pre-classi�ed sections that were not used in training the algorithm, I obtain

92.31% accuracy. That decision rule is then used to categorize all strategy descriptions.

All sections are classi�ed independently, still, the �nal classi�cation is highly persistent

(3, 079 funds never change category). This speaks to the robustness of the methodology. To

exclude that persistence or trends in the classi�ed data are driving results mechanically, I

construct two placebo classi�cations that mimic the persistence and trends of the random

forest classi�cation. I then replicate all results using these placebos (Section. 5.7).

3.3 Basic Facts about Quantitative and Discretionary Funds

I merge my classi�cation with the CRSP Mutual Fund dataset, thus I am able to quantify

the prevalence of quantitative funds. Over 2000�2017, quantitative funds tripled in number

9The Internet Appendix contains a detailed description of the Random Forest algorithm.
10For instance, one of the most relevant features is �based�. Although �based� is not in itself that

informative, conditional on the presence of words such as �quantitative� or �quantitative model� it increases
the likelihood of a fund being quantitative. In fact, many quantitative funds describe their strategy with
sentences such as: �The fund uses a quantitative model based on. . . �.
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(from 77 in Jan 2000 to 267 in Dec 2017) and experienced a more than 6-fold increase in

total net assets (from 36.4 bn to 225.52 bn). During this period, quantitative funds grew at

a faster rate than discretionary funds, going from 2.63% to 6.62% of the market's TNA and

7.87% to 17.18% of the number of funds (Figure 1).11

I also report that quantitative funds are on average 12% younger and 24% smaller than

discretionary funds. They have 38.96% faster holdings turnover and hold 23.81% less cash.

They hold stocks with a lower beta with respect to the size factor (i.e. larger) and a higher

beta with respect to the book-to-market and momentum factors (Table 1). They also

experience larger out�ows in recessions; while there are no signi�cant di�erences in �ow

volatility (Table 2). Finally, they charge a 7.11% lower expense ratio (i.e. annual fee as a

percentage of assets). Examining some of its components reveals that they charge 5.55%

lower management fees while �12b1� fees, which includes marketing and distribution fees,

are not signi�cantly di�erent (Table 2). Results are signi�cant after controlling for

de-meaned fund-level characteristics, namely: windsorized expense and turnover ratios,

growth in net fund �ows, 12�month rolling net �ow volatility, style control variables built

as the TNA-weighted beta of stocks held with respect to the size, book�to�market and

momentum factors, the natural logarithm of TNA and of months since inception.

4 A Model of Financial Markets with Quantitative and

Discretionary Investors

In this section I propose a model of an equilibrium asset market in which quantitative

investors (�quants�) and discretionary investors (�discretionaries�) interact. The model builds

on Kacperczyk et al. (2016). Theirs is a static general equilibrium model with multiple assets

subject to a common aggregate shock and to idiosyncratic shocks. Assets are traded by skilled

investors, unskilled investors, and noise traders. Skilled investors can learn about assets'

payo�s, but their learning capacity is limited. I augment that model along two dimensions:

(1) I add a second group of skilled investors, quants, endowed with an unlimited learning

capacity but able to learn only about idiosyncratic shocks. (2) I assume that private signals

contain an unlearnable component (i.e. residual noise) that is heterogeneous across assets

and investor types (i.e. quants or discretionaries).

11Beggs et al. (2019) report a decline in quantitative funds since 2008. This is partly due to sample
di�erences, as they exclusively use WFICN to map to Thomson holdings, which is less complete since 2008.
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4.1 Model

The model has three dates, t = 1, 2, 3. At t = 1, investors allocate their learning capacity. At

t = 2, investors choose their portfolio allocations. At t = 3, prices and returns are realized.

4.1.1 Assets and Risk Factors

There are n risky assets and one riskless asset, with price 1 and payo� r. Of the risky ones,

n − 1 are exposed to both idiosyncratic and aggregate risks, while n is a composite asset

subject to the aggregate risk only. At t=3 the normally distributed risky assets' payo�s are:

fi = µi + bizn + zi and fn = µn + zn. (1)

where fi is the payo� from asset i, for i = 1, . . . , n; risk factors are given by z = [z1, . . . , zn]′ ∼
N(0,Σ); zn represents the aggregate shock and zi for i 6= n idiosyncratic shocks. Σ is a

diagonal matrix s.t. Σii = σi ∈ R+; bi is asset i's exposure to the aggregate risk, µi ∈ R is its

expected payo�. Rewriting system 1 in matrix form yields f = µ+ Γz. The model is solved

in terms of �synthetic� payo�s, a�ected by only one risk factor each: f̃ = Γ−1f = Γ−1µ+ z.

The supply of the ith risk factor is x̄i + xi, where xi ∼ N(0, σx) and x̄i is an expected

component. Supply is stochastic for prices not to be fully revealing. The aggregate risk factor

is assumed to be the one in greatest supply since it a�ects all risky assets (x̄n � x̄i ∀i 6= n).

4.1.2 Investors and Learning

There is a unit mass of mean-variance investors with risk aversion ρ, indexed by j ∈ [0, 1] ,

of whom a fraction χ ∈ [0, 1] are skilled, the rest being unskilled. Among skilled investors,

a fraction θ ∈ [0, 1] are quantitative and (1 − θ) are discretionary. Thus the measures of

quants and discretionaries are, respectively, χθ and χ(1− θ).
Investors receive private signals about risk factors. Signal precision increases with the

capacity for learning. Investor j's private signals vector is sj = [s1j, . . . , snj]
′, such that:

sij = zi + εij, where : εij ∼ N(0, σij) for σij ∈ [σij,∞] (2)

An in�nite learning capacity allows reducing signals volatility to their lower-bound σij;

whereas zero learning capacity leads to an in�nite volatility (σij =∞).
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The lower-bounds in signal volatility ensure that no investor, even those with unlimited

learning capacity, can know the future with certainty. Their heterogeneity across assets

captures potential di�erences in information availability. For instance, less information

might be available about younger or smaller �rms, hence a lower signal precision might be

attainable. Lower-bounds also vary by investor type, the rationale being that information

available for human consumption might not be machine-readable and vice-versa. Hence,

the maximum precision achievable by quants or discretionaries might di�er.

Discretionaries (j = d ∈ [0, χ(1−θ)]) have a learning capacityK, which they can allocate

freely across all risk factors; so that the sum of their signals' precision is bounded:

n∑
i=1

σ−1
id = K where σ−1

id ≥ 0 ∀i = 1, . . . n (3)

Quants (j = q ∈ [0, χθ]) have unlimited learning capacity about idiosyncratic risk factors

∀ i 6= n; but do not receive a private signal about the aggregate shock σnq =∞.

Unskilled investors (j = u ∈ [0, 1 − χ]) have zero learning capacity hence σij = ∞ ∀i =

1, . . . n; which is equivalent to saying that they do not receive any private signal.

All investors learn from prices through the signals vector sp = [s1p, . . . , snp]
′, where:

spi = zi + εip, where εip ∼ N(0, σp). (4)

4.1.3 Recessions

I derive di�erential predictions for expansions and recessions, modeled as periods of higher

aggregate shock volatility, σn.
12.

4.2 Analysis

4.2.1 Optimal Portfolio Choice

In period t = 2, each investor j (j = u, d, q), given initial wealth W0 and having risk

aversion ρ, chooses the optimal portfolio allocation q̃j
∗ to maximize mean-variance utility:

max
q̃j

U2j =
{
ρEj[Wj]−

ρ

2
Vj[Wj]

}
s.t. Wj = rW0 + q̃j

′(f̃ − p̃r). (5)

12For empirical evidence in support of this assumption see footnote 2.
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It follows that

q̃j
∗ =

1

ρ
Σ̂j

−1
(
Ej[f̃ ]− p̃r

)
. (6)

Optimal allocation to risky assets decreases with risk aversion ρ, but increases with posterior

private signal precision Σ̂j
−1

and expected payo� Ej[f̃ ]; the last two measures being group

dependent. Investors with more precise signals, allocate more capital to risky assets.

4.2.2 Market Clearing

Given the optimal portfolio choices of the di�erent investors, the next step is to clear the

asset market by equating the aggregate demand to supply such that:∫
q̃∗j dj = x̄+ x. (7)

The solution to the integral in equation (7) depends on the average learning capacity, across

investor types, toward the di�erent risk factors:

K̄i =

∫
Kij dj =

χθKiq + χ(1− θ)Kid, i = 1, ..., n− 1;

χ(1− θ)Kid, i = n;
(8)

where Kiq =
∫
σ−1
iq ∂q and Kid =

∫
σ−1
id ∂d. I solve for an equilibrium price of the form

pr = (A+B + Cx), where (A,B,C) depend on the model's parameters.

4.2.3 Investors' Learning Choice

At t = 1, all skilled investors choose their optimal learning capacity allocation.

Quants, having unlimited learning capacity, learn all available and machine processable

information about idiosyncratic shocks s.t. σ−1
iq = σ−1

iq and Kiq = σ−1
iq ∀i 6= n.

Discretionaries, having a limited learning capacity, must optimize their allocation. This

choice depends on investors' expectation, at t = 1, of the distribution of excess returns at

t = 2. After some manipulation, their expected utility at t = 1 can be written as:

U1d =
1

2

n∑
i=1

(σ−1
id λi) + constant (9)

16



where λi, the marginal bene�t of learning about risk factor i, is given by:

λi ≡ σ̄i{1 + [ρ2(σx + x̄i
2) + K̄i]σ̄i}; σ̄i =

∫ (
Σ̂j

)
ii
dj =

(
σ−1
i + K̄i +

K̄i
2

ρ2σx

)−1

. (10)

According to equation (10), λi increases with expected supply x̄i and prior volatility σi but

decreases with average private information in the market, K̄i (Appendix C). The latter result

is due to a substitution e�ect: when many investors learn about a given shock, the bene�t

that each derives from that knowledge is reduced. Equation (8) shows that K̄i is a function

of the share χ of skilled investors and among those the fraction θ that are quantitative.

The learning problem of discretionaries is given by:

maxK1d...Knd
1
2

∑n
i=1(σ−1

id λi) + constant

s.t.
∑n

i=1 σ
−1
id 6 K,

σ−1
id ≥ σ−1

id ≥ 0 ∀i = 1, ..., n.

(11)

The solution to this problem consists in allocating all learning capacity to the risk factor i∗

(when i∗ = argmaxi λi) or to a basket of risk factors l∗ such that λl∗ ∈ IM/l
∗ and λl∗ =

argmaxi λi (Van Nieuwerburgh and Veldkamp (2010)). A basket of risky assets could achieve

the same marginal bene�t λi∗ , due to the substitution e�ect previously illustrated.13

An important di�erence from KVV's approach is that here the average signal precision

about each risk factor (K̄i) also depends on the learning advantage (or disadvantage) of

quants (eq. 8) and on the ratio θ of quants to discretionaries among skilled investors. This

point is key for obtaining the model's main predictions.

4.3 Predictions

4.3.1 Optimal Learning

KVV show that, in recessions, the marginal bene�t of learning about the aggregate shock (λn)

increases with σn and ρ, hence capacity constrained investors focus their attention towards

the aggregate shock. In expansions, when σn is lower, capacity constrained investors shift

their attention towards idiosyncratic shocks, focusing on those with the highest volatility (σi).

13The solution is obtained through water�lling. Non-symmetric equilibria where each investors might
choose a di�erent attention allocation are possible due to the same substitution e�ect.
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Similarly to KVV, my model predicts that discretionaries, being capacity constrained, shift

from learning about the aggregate shock in recessions to learning about idiosyncratic shocks

in expansions (Appendix D.1). Quants, instead, specialize in learning about idiosyncratic

shocks. Additionally, my model predicts that in recessions discretionaries display higher

timing ability and lower picking ability than quants. These predictions derive directly from

investors' optimal learning choices.

In expansions two opposing forces are at play. On the one hand, given their overall greater

capacity for learning about idiosyncratic shocks, quants should experience higher picking

ability than discretionaries. This e�ect though is opposed by the cross-asset heterogeneity

in signal precision of quants (σ−1
iq ). If discretionaries were to focus their attention on shocks

for which relatively more information suitable for human consumption was available than

for machine consumption, they could achieve a higher signal precision than quants on those

stocks and overall greater picking ability, given their more concentrated allocations (Prop. 2).

Proposition 1. Discretionaries shift their attention to the aggregate shock in recession;

quants specialize in learning about idiosyncratic shocks. In recessions, discretionaries display

higher timing ability and lower picking ability than quants.

4.3.2 Holdings

Investors optimally hold more of what they know better. This is evident from equation (6),

which shows that the optimal portfolio allocation q̃∗j is proportional to posterior

precision Σ̂−1
j . Quants learn about more shocks, hence have a more precise signal about

more of the risky assets; this leads them to hold more of them.

Proposition 2. Quants optimally hold a greater number of stocks than do discretionaries.

For discretionaries, the incentive to learn about shock i decreases the higher the precision

of quantitative private signals about it (σ−1
iq ). That is because both the average information

about that shock in the market (K̄i) and discretionaries' informational disadvantage relative

to quants increase. To better explain this last concept I de�ne the information gap (Gid)

as the di�erence in private signal precision about shock i between quants and discretionary

investor d:
Gid ≡

(
Kiq − σ−1

id

)
∀i = 1, ..., n− 1,

Kiq = σ−1
iq ∀i = 1, ..., n− 1.

(12)
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Gid is positive for most assets, since quants have a greater capacity for learning. It might be

negative when more information is available for human than for machine consumption. Gid

is strictly increasing in the precision of private signals of quants about asset i (σ−1
iq ), as σ

−1
id

is weakly decreasing in σ−1
iq . As a result, discretionaries optimally focus their attention on

shocks for which their information gap with respect to quants is smaller (Appendix D.2).

Proposition 3. An increase in the private signal precision of quants (σ−1
iq ) weakly reduces

attention allocation of discretionaries to risk factors with a greater information gap.

4.3.3 Dispersion of Opinion

The dispersion of opinion of a representative quant (discretionary) with respect to other

quants (discretionaries) is given by:

E
[
(q̃q − ¯̃qq) (q̃q − ¯̃qq)

′]
=

1

ρ2

n−1∑
i=1

σ−1
iq (13)

E
[
(q̃d − ¯̃qd) (q̃d − ¯̃qd)

′]
=

1

ρ2
K +

1

ρ2

n∑
i=1

(
σ−1
id −Kid

)2
λi (14)

where ¯̃qj =
∫ [

1
ρ
Σ̂j
−1
(
Ej[f̃ ]− p̃r

)
∂j
]
for j ∈ [q, d] (Appendix D.3).

Dispersion of opinion is determined by two e�ects. First, it increases with the total

precision of private signals: the greater the total precision of private signals the more weight

is given to the heterogeneous private signals as opposed to common priors in determining

posteriors. Second, dispersion of opinion increases with the cumulative di�erence in the

attention allocated by investors to each asset with respect to the attention allocated to the

same assets by the average investor of their type. Risk tolerance magni�es both e�ects.

For quants (eq. 13) dispersion of opinion is entirely determined by the �rst e�ect;

attention allocation is always symmetric among quants as they optimally learn all available

and machine processable information. For discretionaries (eq. 14) both e�ects are at play.

The �rst term shows that dispersion of opinion is an increasing function of total private

signal precision K. The second term shows that the greater the di�erence in signal

precision of investor d with respect to other discretionaries
(
σ−1
id −Kid

)
, the greater the

dispersion of opinion. Discretionaries must optimally allocate their limited learning
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capacity; due to a substitution e�ect they might choose to learn about di�erent shocks,

increasing dispersion of opinion (Appendix D.3).

Proposition 4. As long as
∑n

i=1

(
σ−1
id −Kid

)2
λi >

∑n−1
i=1 σ

−1
iq −K, dispersion of opinion is

greater among discretionaries than among quants.

4.3.4 Performance

An investor's risk-adjusted performance is measured as his expected excess return with

respect to the market return. The excess return of investor j is given by (Appendix B):

E [(Rj −RM)] = E
[(
q̃∗j − ¯̃q

)′ (
f̃ − p̃r

)]
=

1

ρ

n∑
i=1

[
λi
(
Kij − K̄i

)]
. (15)

Expected excess returns increase with the precision of the private signals of investor j on

the risk factors he chooses to learn about (∀i s.t. Kij > 0) and in proportion to the marginal

bene�t λi of learning about them. They decrease with increases in the average precision of

private signals about asset i across all investors in the market (K̄i).

Discretionary investor d, when learning about the aggregate shock, earns a positive excess

return if:

λn [K − χ(1− θ)Knd] > χθ
n−1∑
i=1

[
λiσ

−1
iq

]
. (16)

where the left-hand-side represents his informational advantage with respect to both unskilled

investors and quants (i.e., his ability to learn about the aggregate shock when its volatility

is high); and the right-hand-side represents his learning disadvantage with respect to quants

(i.e., his overall lower capacity for learning). When, instead, he learns about idiosyncratic

shocks,14 his expected excess return is positive if:

λl
[
K − χ(1− θ)Kld − χθσ−1

lq

]
> χθ

∑
i 6=(j,n)

[
λiσ

−1
iq

]
. (17)

This second condition is more restrictive for two reasons. First, he allocates the same amount

of total capacity (K) to learning about a shock in much lower supply (x̄n >> x̄l ∀l 6= n).

14Without loss of generality I assume that each discretionary investor d learns about one idiosyncratic
shock l. This could also be a basket of shocks with the same and highest marginal bene�t of learning.
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Second, both investor types learn about the same risk factors, implying a higher average

precision of private signals (K̄l), and a lower marginal bene�t of learning (eq. 35). Moreover,

an increase in the prior volatility of the idiosyncratic shock l, which he chooses to learn

about, increases his expected excess return only if θ is su�ciently low: θ < K−χKld
χḠl

(for

Ḡl =
∫
Gld∂d). Whereas when he optimally allocates all of his attention to learn about the

aggregate shock, increases in σn always have a positive e�ect on his excess return. When

he shifts his attention from idiosyncratic to the aggregate shock, an increase in σn always

increases his performance if he held stocks with a low information gap. Finally, increases

in σi, for i 6= l 6= n always reduce his performance. These observations, taken together with

equations (16) and (17), lead to conclude that discretionaries have higher expected excess

returns in recessions.

From the above condition we further observe that, when discretionaries learn about shocks

with a smaller average information gap, an increase in λl increases their excess return for

a wider range of θ values � always rising if Ḡl < 0. Discretionaries tend to allocate their

attention towards risk factors with a smaller information gap (Prop. 3). This also a�ects

their expected excess returns, which always decrease when the private signal precision of

quants (σ−1
iq ) rises for shocks that they pay attention to (Appendix D.4).

Proposition 5. The performance of discretionaries weakly increases with σn (i.e. in

recessions), and when learning about shocks with a low information gap.

Quants do not reallocate attention. Hence, their expected excess returns depends only

on changes in the marginal bene�t of learning about the various shocks and the consequent

attention reallocation by discretionaries.

When discretionaries learn about the aggregate shocks, quants' performance is positive if:

(1− χθ)
n−1∑
i=1

[
λiσ

−1
iq

]
> χ(1− θ)λnK (18)

When discretionaries learn about a basket of shocks l 6= n, with the same and highest

marginal bene�t of learning λ∗l , the performance of quants is positive if:

(1− χθ)
n−1∑
i=1

[
λiσ

−1
iq

]
> χ(1− θ)

∑
l 6=n

λ∗lKld = χ(1− θ)λ∗lK (19)

21



In comparing the above conditions, two mechanisms are at play: when discretionaries learn

about the aggregate shock, quants are at a learning disadvantage with respect to the shock

in greatest supply (n); making condition 18 more restrictive. When quants and

discretionaries learn about the same shocks, the average private signal precision about

those shocks increases, decreasing their marginal bene�t of learning; making condition 19

more restrictive. A similar reasoning applies when looking at the e�ect of an increase in the

volatility of the aggregate shock σn on the performance of quants. The direct e�ect is a

reduction in performance through an increase in λn. The indirect e�ect is a weak increase

in performance through attention reallocation; i.e. discretionaries reduce the attention

allocated to the basket or shocks l 6= n, increasing its marginal bene�t of learning. Hence,

we cannot unequivocally say whether the performance of quants should increase or decrease

in recessions; but an increase in σn always has a larger positive impact for discretionaries.

Further, the performance of quants always increases with the volatility of shocks that

discretionaries don't learn about (σi for i 6= l 6= n); i.e. with increases in the marginal bene�t

of learning of shocks for which they have a learning advantage. Quantitative performance

increases with the volatility of the shocks that discretionaries also learn about (σl) only when

the information gap is su�ciently high. The performance of quants, though, is not always

increasing in the information gap. The information gap strictly increases with the precision of

private signals of quants σ−1
iq . This has two e�ects on their performance: it directly increases

excess returns thanks to their greater informativeness in choosing portfolio allocations; it

indirectly decreases excess returns as the higher average precision of private signals about

those shocks reduces their marginal bene�t of learning. An increase in σ−1
iq only increases the

performance of quants if their total share in the market (χθ) is su�ciently low (eq. 39).

Finally, quantitative performance worsens as the share of quants among skilled investors

(θ) increases. The negative e�ect of an increase in θ on excess returns is greater when the

total share of quants (χθ) is high and their private signal precision (σ−1
iq ) rises. For a high

enough χθ an increase in σ−1
iq causes excess returns to decrease faster as θ increases (eq. 41).

This is particularly relevant as quants have unconstrained learning capacity and they all learn

about the same shocks. Hence, a small increase in θ can greatly impact λis (Appendix D.5).

Proposition 6. When σn rises (i.e. in recessions), quants experience a smaller increase in

performance than discretionaries. Their performance always decreases as the share of skilled

investors who are quantitative rises; particularly when their overall signal precision and the
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total share of quants in the market is high.

5 Empirical Analysis

5.1 Empirical Measures

Ability: As in KVV, Stock-Picking (SP ) and Macro�Timing (MT ) are the covariance

between the weight allocated by funds to each stock (in excess of the market weight) and

next-period's stocks-speci�c or aggregate shocks respectively. Timing is constructed over

a 12-months rolling window. The principle behind these measures is that fund holdings

re�ect information learned by managers. Hence, for skilled managers, holdings should covary

with innovations in the future fundamentals of stock-speci�c shocks or the aggregate shock;

depending on the ones about which they have private information.

MTjt =
1

TN jt

Nj∑
i=1

T−1∑
τ=0

(wji,t+τ−wmi,t+τ )(bizn,(t+τ+1)); SPjt =
1

N jt

Nj∑
i=1

(wji,t−wmi,t)(zi,(t+1)). (20)

Here j denotes the fund, i the stock, and N jt the number of stocks held by fund j at time t;

wjit is the weight (percentage of TNA) of stock i in the portfolio of fund j at time t, and

wmit is the weight (percentage of market capitalization) of stock i at time t in the CRSP

universe. zit (resp., znt) is the shock speci�c to stock i at time t, measured with earnings

surprises (resp., the aggregate shock, measured with innovations in the change in industrial

production or non-farm payrolls)15, and bi is the exposure of stock i to the aggregate shock.
16

I measure Characteristic-Timing (CT ), as in Daniel et al. (1997); this indicates funds'

ability to time their exposures to the size, book-to-market and momentum factors.

I then construct measures to identify high�ability funds. I select all observations

belonging to the top q% of the MT or CT distributions in recessions or of the SP

distribution in expansions (i.e., the high-ability sample). Then, for each fund I calculate

how frequently they belong to this high-ability sample; where frequency is the number of

months (relative to their respective lifetimes) that funds are among the top timers or the

top pickers. Finally, I construct dummy variables that identify high-ability funds � i.e. the

15Innovations are computed as the residuals of an AR(1) process.
16bi is obtained through 12-months rolling regressions of the return of stock i on future aggregate shocks.
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top q% of funds that most frequently display, high stock-picking ability in expansions

(TopP ickersEq ) or high market-timing ability in recessions (TopT imersRq ).

Information Gap: I measure information gap as the TNA-weighted average of the

information availability for the stocks a fund holds. That is because the information gap is

strictly increasing in the availability of machine-processable information and this should be

more abundant for stocks for which more overall information is available (recall that

quantitative investors are unconstrained in their information processing capacity).

InfoGapwdjt =
Nj∑
i=1

[
wjitIit

]
(21)

where Iit indicates various proxies for information availability for stock i at time t; namely:

the natural logarithm of stock's market capitalization and of the number media mentioned

in Dow Jones news articles every month,17 age (in months) and the number of IBES unique

analysts following the stock. Size and media mentions are log-transformed as their

distributions are skewed.

Dispersion of Opinion: I construct two basic measures: the cumulative squared

di�erence in the weight allocated by each fund and the average weight allocated by funds

of the same type to each stock (Dispersion); the TNA-weighted average of the percentage

of funds of the same type who hold the same stocks as fund j at time t (Commonality):

DispersionFjt =

Nj
t∑

i=1

(
wjit − w̄Fit

)2
; ComonalityFjt =

Nj
t∑

i=1

[
wjit

(
Fit
Ft

)]
(22)

for F = (Q, D), where: w̄Fit is the average weight allocated by quantitative (discretionary)

funds to stock i at time t; Qt (Dt) is the number of quantitative (discretionary) funds at

time t; Qit (Dit) is the number of quantitative (discretionary) funds who hold stock i at t.

I construct another measure that captures commonality in the stocks that investors most

actively learn about. I de�ne �active-weights� as the standardized deviation of the weight

17Measured using Ravenpack news. For each stock in any given month I count the number of news articles
which mentions it, weighted by each article's relevance with respect to the stock of interest.
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allocated by funds to each stock and the stocks' weight in the market (wjit)
A. For each fund-

month I then identify the �active set� as stocks in the top 25% of the funds' active-weight

distribution. Finally, I construct active commonality as the active-weighted average of the

percentage of funds of the same type who are most active on the same stocks as fund j at t:

Active_ComonalityFjt =

Nj
t∑

i=1

[
(wjit)

A

(
FA
it

Ft

)]
; where : (wjit)

A =
|wjit − w̄mit |∑
i |w

j
it − w̄mit |

(23)

for F = (Q, D), where: QA
it

(
DA
it

)
is the number of quantitative (discretionary) funds for

whom stock i belongs to their �active set� at time t.

Finally, using the commonality measures, I construct measures of �overcrowding�;

intended as a combination of the prevalence of funds of the same type in the market and

the commonality in their portfolios. I hence multiply the commonality measure by the sum

of TNA of funds of the same type (Comonality_TNAFjt = ComonalityFjt × TNAFt for

F = (Q,D)). This measure should be interpreted as the total amount of capital managed

by funds of the same type who hold similar stocks.

5.2 Test of Proposition 1: Market-Timing and Stock-Picking

The �rst prediction of Proposition 1 is that discretionaries should switch between stock

picking in expansions and market timing in recessions (as all skilled investors in KVV).

Quants, instead, should not be switching. To test this prediction I construct the market-

timing, stock-picking and high-ability measure described in Section 5.1.18

Timjt = α+β1TopP ickers
E
qj+β2Quantjt+β3TopP ickers

E
qj∗Quantjt+γXjt+ηt+εjt|R; (24)

SPjt = α+β4TopP ickers
E
qj+β5Quantjt+β6TopP ickers

E
qj ∗Quantjt+γXjt+ηt+εjt|R; (25)

Timjt = α+β7TopT imers
R
qj+β8Quantjt+β9TopT imers

R
qj ∗Quantjt+γXjt+ηt+εjt|E (26)

for Tim = [MT,CT ] i.e. Macro-Timing and Characteristic-Timing. Where Quant jt is an

indicator variable identifying quantitative funds (obtained using the methodology described

in Section 3.2). Regressions are conditional on Recession (R) or Expansion (E) periods,

18The utilized cuto�s (q) are all quantiles from the top 10% to the top 25% of high ability funds.
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identi�ed using NBER business cycle dates.Xjt are fund-speci�c de-meaned control variables,

as described in Table 1. All regressions include month �xed�e�ects (ηt); standard errors are

clustered at the fund and month level.19 All estimated coe�cients are shown graphically in

Figures 3 and 4. Con�dence intervals are displayed at the 10% signi�cance level.20

Equation 24 tests whether high-ability funds switch from stock picking in expansions to

macro-timing in recessions. In �gure 3, we observe that discretionary funds with high stock-

picking ability in expansions also have high macro-timing ability in recessions (β1 > 0). For

quantitative funds, however, this e�ect roughly cancels out (β3 ≈ −β1): i.e. quantitative

funds do not optimally switch between stock picking and macro-timing across the business

cycle, while high-ability discretionary funds do so. The e�ect is more pronounced for q = 10%

but still signi�cantly persists for most quantiles up to q = 25%. Results are consistent when

constructing macro-timing using either industrial production or non-farm payrolls. There is

no evidence of switching when looking at characteristic-timing indicating that, as highlighted

in the model, di�erences should come from the timing of macroeconomic shocks.

Equation 25 tests for whether some funds specialize in stock picking across the business

cycle. In Panel 1 of Figure 4 we observe that top discretionary pickers in expansion are not

top pickers in recessions (β4 < 0), for quantitative funds there is always directional evidence,

for most cuto�s also statistically signi�cant, that this e�ect is reversed (β6 ≈ −β4).

Equation 26 tests for whether some funds specialize in market timing across the business

cycle. Panels 2-4 of Figure 4 show that top timers in recessions are not top timers in

expansions (β7 = 0), the e�ect does not seem to be di�erent for quantitative funds (β9 = 0).

Hence, there is no evidence any fund specializes in market timing across the business cycle.

Finally, I test for di�erences in average abilities of quantitative and discretionary funds:

Abilityjt = α + β1Quantjt + γXjt + ηt + εjt|R or E (27)

for Ability = [SP, MT, CT ]. Proposition 1 implies that in recessions β1 should be

signi�cantly greater than zero for stock-picking and signi�cantly lower than zero for

macro-timing. Note that, thanks to de-meaning of the control variables, α represents the

average ability of discretionary funds, while β1 indicates the incremental ability of

19The same control variables, �xed-e�ects and clustering are utilized in all following regressions.
20Con�dence intervals are wider for lower q as sample size shrinks, particularly for quantitative funds.
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quantitative funds. Table 5 con�rms this prediction. For the average discretionary fund

stock picking and characteristic-timing abilities are negative in recessions and positive in

expansions, the opposite is true for macro-timing. For the average quantitative fund these

switching e�ects are diminished. In particular, as predicted by the model, quantitative

funds have higher stock-picking and lower macro-timing abilities than discretionary funds

in recessions. There are no signi�cant di�erences in characteristic-timing.

5.3 Test of Proposition 2: Portfolio Diversi�cation

Proposition 2 states that quantitative funds should hold more stocks than discretionary

funds. To test this prediction I run the following regression:

ln(Diversificationjt) = α + β1Quantjt + β2Quantjt ×Recessiont + γXjt + ηt + εjt (28)

for Diversification = [N, V olatility, Idiosyncratic V olatility]. Where ln is the natural

logarithm; Njt is the winsorized number of stocks held by fund j at time t; V olatility is

the 24 or 36 months rolling return volatility; Idiosyncratic V olatility is the volatility of

the residual of 24 or 36 months rolling regressions of funds' excess returns on the Carhart

four-factor model; Quant jt identi�es quantitative funds; and Quantjt × Recessiont is the

interaction between the Quant jt dummy and a dummy indicating NBER recession dates.

I expect β1 to be positive when the dependent variable is N and negative otherwise. Note

that, since all dependent variables are log-transformed and control variables are de-meaned,

beta1 indicates the percentage increase/decrease of the dependent variable for quantitative

funds. Table 6 shows that quantitative funds hold on average 39.6% more stocks than

discretionary funds (Model 1). Results are robust to controlling for the amount of cash held

(Model 2). The greater portfolio diversi�cation is re�ected in lower portfolio risk. Model 3

(4) shows that quantitative funds exhibit 4.3% (4.6%) lower 24 (36) months rolling return

volatility. Model 5 (6) shows that quantitative funds' returns display 17.1% (17.2%) less 24

(36) months rolling idiosyncratic volatility.

5.4 Test of Proposition 3: Information Gap

Proposition 3 indicates the presence of cross-sectional di�erences in the learning of

discretionary and quantitative investors. In particular, skilled discretionary investors should
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invest in stocks for which the information gap with respect to quantitative investors is

smallest. The information gap should be greater when more overall information is available

about a certain stock, since quantitative investors are unconstrained in their learning, while

discretionary investors are not. For every fund and month I the measure information gap

as described in section 5.1. I then regress the information gap proxies on the quantitative

indicator variable, and on its interaction with the dummy indicating NBER recession dates:

InfoGapjt = α + β1Quantjt + β2Quantjt ×Recessiont + γXjt + ηt + εjt; (29)

I expect β1 to be positive, indicating that quantitative funds hold stocks with a larger

information gap. In Table 7 we see that quantitative funds hold stocks that are on average

larger (Model 1, β1 ∗ 100 = 25.5%). When controlling for the average beta of stocks held

with respect to the size factor, the coe�cient drops in magnitude (β1 ∗ 100 = 9.4%) but

remains marginally signi�cant. In addition, quantitative funds hold stocks that are older

(Model 3; β1

α
∗ 100 = 6.7%); this is a residual e�ect after controlling for the average size of

stocks held, the average beta of stocks held with respect to the size factor and the average

stock illiquidity � measured as one-year rolling Amihud ratios. This is particularly relevant

as quantitative funds usually base their investments on historically back-tested models, when

a su�ciently long time-series is not available (e.g. for younger �rms), it might be di�cult

to obtain statistically signi�cant predictions. Quantitative funds also hold stocks that have

more mentions in Dow Jones media (Model 4, β1 ∗ 100 = 2.5%). Also this is a residual e�ect

after applying the same controls. The e�ect of the Quant dummy on the average number of

unique analysts following stocks held also points to an information story. In Model 6, when

excluding the size and illiquidity controls, there is no signi�cant di�erence in the number of

analysts following stocks held by quantitative and discretionary investors. When including

the size and illiquidity controls (Model 5) we observe that quantitative funds hold stocks

that are followed by fewer analysts (β1

α
∗100 = −2.16%). This indicates that, given a certain

size/liquidity of stocks held, discretionary investors prefer stocks followed by more analysts.

This can be interpreted from an informational perspective, in fact analysts summarize large

amounts of information into reports and recommendations, this service should be particularly

useful to capacity constrained investors.
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5.5 Test of Proposition 4: Dispersion of Opinion

Proposition 4 states that there should be a greater dispersion of opinion among discretionary

investors than among quantitative investors. I test this proposition using the measures for

commonality and dispersion described in section 5.1. The intuition being that a greater

dispersion of opinion among investors about assets' payo� should lead to more diversi�ed

holdings. I test this prediction by running the following regressions:

Djt = α + β1Quantjt + β2Quantjt ×Recessiont + γXjt + ηt + εjt (30)

for D = [Commonality, Active_Commonality, ln(Dispersion)]. Where the dispersion

measure is log-transformed as it presents a skewed distribution.

The model predicts that β1 should be negative for dispersion and positive for

commonality or active commonality. Table 8 shows that quantitative funds display higher

commonality (Model 1, β1

α
∗ 100 = 49.37%), higher active commonality (Model 2,

β1

α
∗ 100 = 49.75%) and lower dispersion (Model 3, β2 ∗ 100 = 8.05%) than discretionary

funds. Figure 3 further displays the distribution of dispersion (Panel 1) and commonality

(Panel 2). The commonality measure displays a two-picked distribution, particularly

pronounced for quantitative funds, indicating that funds polarize between a low and high

common portfolio ownership. Panels 3 and 4 additionally show that commonality has

consistently been higher for quantitative funds, but it has been declining over time. We

further observe that overcrowding is always higher for discretionary funds, as they always

represent a higher total share of the market (Panels 5). Trends in overcrowding, though,

are quite di�erent. At the end of 2017 discretionary funds experience a lower level of

overcrowding than in 2000 (Panel 5). For quantitative funds, instead, we observe that

overcrowding has been rising (Panel 6).

5.6 Test of Propositions 5 and 6: Performance

To test the �rst prediction of Propositions 5 and 6, i.e. that discretionary funds should

perform better in recessions, and they should perform better than quantitative funds, I run:

Perfjt = a+ β1Quantjt + γXjt + ηt + εjt| R or E (31)
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for Perf = [Alpha, V A]. Where Alpha is the winsorized 24 or 36 months alpha, obtained

running rolling regressions of fund excess returns on the 4-factors Carhart model. V A,

value added, is obtained by multiplying Alpha by TNA. Regressions are run separately

for recessions (R) and expansions (E), as it allows to estimate the average performance of

discretionary funds (a) in recession and expansions, while including month �xed-e�ects.21

The model predicts that a should be greater in recessions than in expansions; indicating a

greater performance of discretionary funds in recessions. It further predicts that β1 should

be negative in recessions. Indicating that quants experience a lower increase (potentially a

decrease) in performance in recessions. No speci�c prediction is provided for β1 in expansions.

As displayed in Table 9, a is positive in recessions and negative in expansions; β1 is

negative in recessions, while it is not signi�cantly di�erent from zero in expansions. Results

are signi�cant at the 1% level when measuring performance using Alpha and are still

signi�cant at the 5% level when measuring performance using V A. Given the documented

smaller size of quantitative funds, it is important to adjust performance by TNA. For that

reason all subsequent performance results use value added.

Propositions 5 and 6 further predict that discretionary funds who invest in lower

information gap stocks should experience a higher performance; an increase in the

information gap might have a negative e�ect also on the performance of quantitative

investors when the precision of their private signals is high. To test these predictions I run:

V Ajt = α+β2Quantjt+β3Quantjt×Recessiont+δGjt+δ
′
Gjt×Quantjt+γXjt+ηt+εjt (32)

which, in addition to the variables included in equation 31, includes proxies for the

information gap as de�ned in section 5.1, and their interaction with the quantitative

indicator variable. The model predicts that δ should be negative and signi�cant, whereas δ
′

might be negative or positive depending on whether the measure indicates a high overall

precision of quantitative signals. From Table 10 we observe that discretionary funds

perform better when investing in younger stocks, the e�ect is reversed for quantitative

funds (δ
′ ≈ −δ). Whereas all funds perform better when investing in smaller stocks with

fewer media mentions (δ < 0; δ
′

= 0)22. These results are consistent with the model's

21I could include the Recession dummy in a regression with all observations. In that case, though, the
coe�cient on the Recession dummy cannot be estimated due to multicollinearity with the �xed-e�ects.

22The e�ect of stock size on fund performance is less pronounced for quantitative funds (10% signi�cance).
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intuition. Indeed stocks age vs. stocks size and media mentions likely play at the two

opposite ends of the information gap. Young stocks would probably have a negative

information gap as, without a long enough history, it would be di�cult for quantitative

investors to incorporate them in their statistical models; whereas older stocks are not

necessarily more overcrowded. On the other hand large stocks with high media mentions

are likely to be those with the largest information gap and the most overcrowding.

Finally, to test the model prediction that funds should perform better when fewer other

investors learn about the same shocks as they do, I run:

V Ajt = α+β2Quantjt+β3Quantjt×Recessiont+β4Cjt+β5Cjt×Quantjt+γXjt+ηt+εjt (33)

for C = [Commonality, Active_Commonality], constructed as described in section 5.1. I

also include the interaction between commonality and the quantitative dummy. Table 11

shows that investors perform better when they have a lower commonality in holdings with

other investors of their type (Models 1-4). The e�ect is less pronounced for quantitative

funds when using commonality (Models 1-2), the di�erence disappears when using active

commonality (Models 3-4). Additionally, after controlling for commonality, quantitative

funds on average perform better than discretionary funds in expansions.

Finally, Proposition 6 shows that the performance of quants should deteriorate faster the

greater is the share of quants in the market and the higher their information availability

(�overcrowding�). That is exacerbated when funds hold similar portfolios. To test this

prediction I run the regression in eq. 33 substituting commonality with overcrowding (i.e.

the product of the commonality measures with the sum of TNA of funds of the same type).

Table 11 (Models 5-8) show that all funds are negatively a�ected by overcrowding, but the

e�ect is greater for quantitative ones, particularly in recessions.

5.7 Robustness

As a main robustness check, I construct two placebo classi�cations. The �rst is aimed at

capturing mechanical e�ects coming from the persistence of the Quantitative classi�cation

for any given fund. It takes as input the overall percentage of observations classi�ed as

being quantitative (13.03%), then randomly selects 13.03% of funds from the overall sample

(410 funds) and it permanently assigns a value of 1 to those funds (0 otherwise). The
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second is aimed at capturing mechanical e�ects coming from the upwards trend in the share

of quantitative funds during the sample period. This variable is constructed by randomly

assigning a value of 1 every month to as many observations as those classi�ed to belong to

quantitative funds in that month (0 otherwise). All regressions in the paper are re-run using

these two placebos in place of the classi�cation obtained using the random forest algorithm.

Results are reported in the Internet Appendix. As it would be expected when running

many regressions using a dummy as explanatory variable, a few coe�cients are signi�cant.

Reassuringly, though, we observe that in most regressions the coe�cients on the two placebos

are not signi�cant and there are no clear patterns of signi�cance. This further validates the

measure construction and excludes that simple mechanical e�ects are driving results.

6 Conclusion

This paper demonstrates that there exist signi�cant di�erences between quantitative and

discretionary equity mutual funds, driven by di�erences in their learning behaviors. The

current status quo in quantitative equity modeling determines a trade-o� between learning

capacity and �exibility, which allows humans to maintain greater risk-adjusted performance

in recessions. Quantitative investors, though, display better portfolio diversi�cation and

risk management throughout the business cycle. Another key driver of these di�erences is

overcrowding. As the amount of information progressively incorporated in prices increases,

the ability of investors to maintain high risk adjusted performance deteriorates. This is

particularly relevant for quantitative investors, as they are unconstrained in learning

capacity, hence small increases in the share of quantitative funds can have a great impact

on performance. Funds who can achieve a lower portfolio overlap with respect to their peers

are able to maintain a competitive edge. It is important to understand this interaction

because it could foretell future developments. Indeed, increases in the availability and use

of big data could accentuate the capacity advantages of quantitative funds, but could also

worsen overcrowding. At the same time, recent developments in arti�cial intelligence could

provide a foundation for overcoming the limited �exibility of current quantitative equity

models. This paper provides a framework to think about these issues.
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APPENDIX

A Classi�cation Methodology

I categorize all strategy sections as quantitative or discretionary following the steps below.

First, I obtain a pre-classi�ed training sample: (1) I randomly select one section per fund

of interest and among these I randomly select 500 sections. The random selection mimics the

distribution of fund-month observations, with more observations in later years. (2) I ask 12

experts (Columbia University students with Finance or Economics expertise) to classify the

random sample as Quantitative or Discretionary. (3) I include in the pre-classi�ed sample,

labeled as Quantitative, the 83 descriptions for which more than 50% of students agree

on a Quantitative assignment. (4) Since there are 388 sections for which more than 50% of

students agree on a Discretionary assignment, with the objective of reducing unbalancedness,

I randomly select 124 of them (83 ∗ 1.5) to belong to the pre-classi�ed sample.

Second, I pre-process all sections using the �bag of words� approach: (1) I remove stop-

words (e.g. is, the, and) and �nancial stopwords (e.g. S&P, Russel). (2) I stem words using

the Porter stemmer (thus, e.g.: quantitative, quantitatively, . . . = quantit). (3) I compile a

list of all features mentioned in the pre-classi�ed sample. I exclude features appearing in more

than 60% or less than 5% of the �les, as unlikely to be informative in distinguishing between

the two categories. (4) I transform each section into a vector of features, this contains a 1

(resp., 0) when the section does (resp., does not) mention the feature. (5) I adjust features

weights by within-section frequency versus the frequency in all samples (tf-idf).

Third, I use the random forest to classify all section: (1) I use strati�ed sampling to split

the pre-classi�ed sample into training (75%) and test (25%) samples.23 (2) I train a random

forest classi�er with an ensemble of 1, 000 trees and an entropy-based impurity measure using

the training sample and check the model's accuracy in the test sample; obtaining 94.23%

accuracy.24 This corresponds to 97% recall and 94% precision for Discretionary sections

(30/31 correctly assigned) and 90% recall and 95% precision for Quantitative ones (19/21

correctly assigned).25 (3) I use that model to classify all 24, 389 unique strategy sections.

23This ensures a balanced split of categories when one is less prevalent.
24The internet Appendix contains additional details about the random forest algorithm.
25Accuracy is the percentage of total observations classi�ed correctly. Recall is the percentage of

observations belonging to a given category that are correctly assigned to it. Precision is the percentage
of observations assigned to a given category that correctly belongs to it.
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B Model Solution

The key steps of the model's solution are summarized below. For more details see Admati

(1985) and Kacperczyk et al. (2016). The key di�erence in my model is that the obtained

solution is a function of the fraction of skilled investors who are quantitative and of their

di�erential signal precision. This is key in deriving the model's predictions.

B.1 Market-clearing

The model is solved in terms of synthetic assets, only a�ected by one risk-factor each. Solving

for the market clearing condition we obtain:

A = Γ−1µ− ρΣ̄x̄; B = I − Σ̄Σ−1; C = −ρΣ̄

(
I − 1

ρ2σx
Σ̄−1
η

)
,

p̃r = Γ−1µ+ Σ̄

[(
Σ̄−1 − Σ−1

)
z − ρ(x̄− x)− 1

ρ2σx
Σ̄−1
η x

]
Where: Σ̄−1 = Σ−1 + Σ−1

p + Σ̄−1
η ; Σ−1

P =
(
σxB

−1CC ′B−1′
)−1

= 1
ρ2σx

Σ̄−1′
η Σ̄−1

η

B.2 Discretionary learning choice

Discretionaries solve the below problem to determine their optimal learning:
U1d = E1

[
ρEd [Wd]− ρ2

2 Vd [Wd]
]

Wd = rW0 + q̃∗
′
d

(
f̃ − p̃r

)
q̃d
∗ = 1

ρ Σ̂d
−1
(
Ed[f̃ ]− p̃r

)
The solution is obtained by: (1) Substituting q̃d

∗ intoWd. (2) Computing Ed

[
Wd|Êd

[
f̃
]
, Σ̂d

]
and Vd

[
Wd|Êd

[
f̃
]
, Σ̂d

]
. (3) Substituting the derived moments into the equation for U1d.

B.3 Expected excess returns

The expected excess return is obtained by: (1) solving for (f̃ − p̃r). (2) solving for (q̃j− ˜̄q). (3)

substituting them into: (qj− q̄)′(f −pr) = (qj− q̄)′Γ−1(Γf −Γpr) = (q̃j− ˜̄q)′(f̃ − p̃r). (4) taking
the expectation: E[(q̃j − ˜̄q)′(f̃ − p̃r)] = ρTr(x̄′Σ̄∆Σ̄x̄) + 1

ρTr(∆V ) = 1
ρ

∑n
i=1

[
λi
(
Kij − K̄i

)]
.
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C Comparative Statics

Derivations below are simpli�ed using: (λi − σ̄i) = [ρ2(σx + x̄i
2) + K̄i]σ̄

2
i ≡ γiσ̄2

i > 0 (eq. 10).

The sensitivity of the marginal bene�t of learning about risk factor i with respect to its

expected supply is positive and is given by:

∂λi
∂x̄2

i

=
∂

∂x̄2
i

[
σ̄i + σ̄i

2ρ2σx + σ̄i
2ρ2σxx̄

2
i + σ̄i

2K̄i

]
= σ̄i

2ρ2 > 0 (34)

The sensitivity of the marginal bene�t of learning about risk factor i with respect to the

average precision of private signals about i (K̄i) is negative and is given by:

∂λi
∂K̄i

= −2

(
K̄i

ρ2σx
(2λi − σ̄i) + λi − σ̄i

)
< 0 (35)

The sensitivity of the marginal bene�t of learning about risk factor i with respect to its

volatility is positive and is given by:

∂λi
∂σi

=

(
σ̄i
σi

)2

+ 2

(
λi − σ̄i
σi

)
> 0 (36)

This positive e�ect is decreasing (resp. increasing) in the share of skilled investors that

are quantitative θ for i = 1, ..., n − 1, for shocks with a positive (resp. negative) average

information gap (Ḡid = (σ−1
iq − K̄id)). It is always increasing for i = n, as σ−1

nq = 0:

∂λi
∂σi∂θ

= −2χ
(
σ−1
iq − K̄id

){
3 (λi − σ̄i)

(
2K̄i

ρ2σx
+ 1

)
+ σ̄i

(
2K̄i

ρ2σx

)}(
σ̄i
σi

)2

(37)

The sensitivity of the marginal bene�t of learning about risk factor i with respect to the

average precision of private signals of quants (σ−1
iq ) is negative and given by:

∂λi

∂σ−1
iq

= −2χθσ̄i

(
K̄i

ρ2σx
(2λi − σ̄i) + λi − σ̄i

)
< 0 (38)

The sensitivity of the total bene�t of learning about risk factor i for quants with respect to

the average precision of their private signals (σ−1
iq ) is given by:

∂λiσ
−1
iq

∂σ−1
iq

= λi − 2χθσ̄i

(
K̄i

ρ2σx
(2λi − σ̄i) + λi − σ̄i

)
σ−1
iq (39)
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which is positive i�: χθ < λi

2σ̄i

(
K̄i
ρ2σx

(2λi−σ̄i)+λi−σ̄i
)
σ−1
iq

.

The sensitivity of the marginal bene�t of learning about risk factor i with respect to the

share of skilled investors using quantitative strategies (θ) is given by:

∂λi
∂θ

= −2χ
(
σ−1
iq − K̄id

)
σ̄i

(
K̄i

ρ2σx
(2λi − σ̄i) + λi − σ̄i

)
(40)

which is negative ∀i 6= n for which the average information gap
(
σ−1
iq − K̄id

)
is positive; it is

positive otherwise (i.e. for i = n or for i 6= n and
(
σ−1
iq −Kid

)
< 0). The partial derivative

of ∂λi
∂θ

with respect to σ−1
iq is equal to 0 for i = n (since σ−1

iq = 0), it is otherwise quadratic

with respect to the total share of quants (χθ) such that:

∂λi

∂θ∂σ−1
iq

= a
(
σ−1
iq − K̄id

)
χ2θ2 + b

(
σ−1
iq − K̄id

)
χθ + c

a = 2χσ̄2
i

1

ρ2σx

(
σ̄i + 2σ̄2

i γi
)
> 0

b = 2χσ̄2
i

(
2K̄i

ρ2σx
+ 1

)[
2K̄i

ρ2σx

(
1 + σ̄2

i γi + 2σ̄iγi
)

+ 2σ̄iγi + σ̄2
i γi − σ̄i

]
> 0

c = −2χσ̄2
i

[(
2K̄i

ρ2σx
+ 1

)
(σ̄iγi + 1) +

K̄i

ρ2σx
+ 1

]
< 0

(41)

which is always negative for a negative average information gap � i.e. an increase in σ−1
iq

determines a slower decrease in λi corresponding to an increase in θ. When the average

information gap is positive the e�ect depends on the level of χθ ∈ [0, 1]: for (χθ = 0) it is

negative, for (χθ = 1) it is positive. Hence there exists a (χθ)∗ above which an increase in

σ−1
iq determines a faster decrease in λi corresponding to an increase in θ.

D Proofs

D.1 Proposition 1

Constrained discretionaries, adapt their learning depending on changes in the marginal

bene�t of learning about each shock (λi), which increases with shock i's volatility, σi

(eq. 36) and with its expected supply, x̄2
i (eq. 34). Kacperczyk et al. (2016), show through

water�lling that increases in σi weakly increase the attention allocated to shock i by

capacity constrained investors (attention reallocation is unchanged when no attention or all
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attention was already allocated to shock i prior to the increase in σi). They further show

that this e�ect is magni�ed for the aggregate shock in recessions when both σi and

risk-aversion ρ increase: increases in ρ increase the marginal bene�t of learning about

assets in greater supply, the aggregate shock is in greatest supply. In my model this result

in unchanged. Indeed, theirs is a special case of my model, when the share of quants (θ) is

zero. Increases in the θ further increase the bene�t of learning about the aggregate shock

when σn increases (eq. 37). Hence, in recessions, discretionaries in my model behave like all

skilled investors in KVV and focus on learning about the aggregate shock. Quants, instead,

not being capacity constrained, optimally learn all available and machine processable

information about idiosyncratic shocks, while they don't acquire private signals about the

aggregate shock. Hence, their attention allocation is not a�ected by increases in σn or ρ.

D.2 Proposition 3

An increase in private signal precision of quants about shock l (σ−1
lq ) decreases the marginal

bene�t of learning about it (eq. 38). An increase in the share of quants (θ) decrease the

marginal bene�t of learning about shocks with higher σ−1
lq (eq. 40). In order to verify how

this a�ects the attention allocated by discretionary investor d to shock l, we need to consider

how attention was allocated before the increase. CASE (1): If before the increase in σ−1
lq

no attention was allocated to shock l no attention reallocation happens: an increase in

σ−1
lq reduces the marginal bene�t of learning about shock l. An increase in θ also reduces

the marginal bene�t of learning about shock l if this has a positive information gap. If

the information gap is negative, an increase in θ increases λl but, being λl continuous in

θ, a marginal change in θ cannot change the discrete ranking of λs. CASE (2): If before

the increase in σ−1
lq or in θ all attention was allocated to λl, then no attention reallocation

happens: an increase in σ−1
lq always decrease λl; an increase in θ decreases λl when the

information gap is positive; but, being λl continuous in σ
−1
lq and θ, a marginal increase in

σ−1
lq or θ cannot change the discrete ranking of λis. For a negative information gap, an

increases in θ increase λl further, so there is no incentive to reallocate attention. CASE (3):

If before the increase in σ−1
lq or in θ, l was within the basket of assets among which attention

was allocated, there is attention reallocation. The new equilibrium is obtained by water�lling

(Cover and Thomas (1991); Kacperczyk et al. (2016)). Case 3a: increases in σ−1
lq decrease λl,

decreasing the attention allocated to shock l. This, in turn, increases the incentive to learn
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about it, due to substitution e�ects ( ∂λi
∂K̄l

< 0; eq. 35). Through water�lling, I reallocate

attention among shocks in the basket until either no attention is allocated to shock l or the

marginal bene�t of learning about all shocks is equalized. I construct a new equilibrium.

Consider the set I s.t. λl′ = argmaxλi ∀l
′ ∈ I. Then an increase in σ−1

l′′q
for l

′′ ∈ I leads

to a decrease in λl′′ . To restore the equilibrium I reallocate attention from l
′′
to l

′
, ∀l′ ∈ I

until λl′ = λl′′ ∀l
′
, l
′′ ∈ I. In the new equilibrium both λl′ and σ

−1

dl′′
are smaller. Case 3b:

for Gl > 0 (resp.Gl < 0), an increase in θ decreases (resp. increases) λl, this decreases (resp.

increases) the attention allocated to shock l (σ−1
dl ). This, in turn, increases (resp. decreases)

the incentive to learn about shock l, due to substitution e�ects. Through water�lling, I

reallocate attention among the shocks in the basket until either no (resp. all) attention is

allocated to shock l or the marginal bene�t of learning about all shocks is equalized. An

increase in θ has a negative (resp. positive) e�ect on all shocks in the basket; ∂λi
∂θ
, though,

is strictly decreasing in Gl. This implies that an increase in θ will have a larger e�ect in

decreasing (resp. increasing) the marginal bene�t of learning about those shocks with a

greater (resp. smaller) Gl. Therefore, there exists G
∗
l s.t.

∂λl
∂θ

<
∂λ
′
l

∂θ
∀l′ (resp. ∂λl

∂θ
>

∂λ
′
l

∂θ
∀l′)

if Gl < G∗l ; so attention is shifted to those shocks in the basket with a smaller information

gap. To summarize, if investor d was allocating attention to shock l, after an increase in

σ−1
lq he decreases attention to it. Hence, an increase in σ−1

lq weakly decreases σ−1
id and strictly

increases Gld (eq: 12). Finally, an increase in θ shifts attention to shocks with a lower Gld.

Note that, in the new equilibrium, the attention allocated to each shock in basket l by the

di�erent discretionary investors might di�er. That is due to the same substitution e�ect.

The optimal marginal bene�t of learning λ∗l will be higher the lower the commonality in

attention allocation among discretionaries.

D.3 Proposition 4

Let us de�ne the risk factor portfolio of the average investor as:∫
q̃∗j dj =

1

ρ

∫
Σ̂j
−1
(
Ej [f̃ ]− p̃r

)
∂j =

1

ρ

∫ [
Σ̂j
−1
(

Γ
′
µ+ Ej [z]

)]
dj − Σ̄−1

j p̃r

=
1

ρ

{∫ [
Σ̂j
−1
Ej [z]

]
dj + Σ̄−1

(
Γ
′
µ− p̃r

)}
=

1

ρ

{∫ [
Σ̂j
−1

Σ̂j

(
Σ−1
ηj ηj + Σ−1

p ηp

)]
dj + Σ̄−1

j

(
Γ
′
µ− p̃r

)}
∫
q̃∗j ∂j =

1

ρ

[
Σ−1
ηj z + Σ−1

p ηp + Σ̄−1
j

(
Γ
′
µ− p̃r

)]
(42)
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Then, the risk factor portfolios for the average quant and discretionary are:

¯̃qq =
1

ρ

[
Σ−1
ηq z − Σ−1

p ηp − Σ̂−1
q

(
Γ
′
µ− p̃r

)]
; ¯̃qd =

1

ρ

[
Σ̄−1
ηd z − Σ−1

p ηp − Σ̄−1
d

(
Γ
′
µ− p̃r

)]
(43)

where Σ̄−1
d = Σ−1 + Σ−1

p +
∫

Σ−1
ηd ∂d ; Σ̄−1

q = Σ−1 + Σ−1
p +

∫
Σ−1
ηq ∂q = Σ−1 + Σ−1

p + Σ−1
ηq = Σ̂−1

q .

The last equality indicates that quants optimally drive the volatility of their private

signals to their lower-bounds. Then, the di�erences between the risky portfolio of a

quantitative or discretionary investor and that of the average investor of the same type are:

(
q̃∗q − ¯̃qq

)
=

1

ρ

[
Σ̂q
−1
(
Eq[f̃ ]− p̃r

)
− Σ−1

ηq z + Σ−1
p ηp + Σ̂−1

q

(
Γ
′
µ− p̃r

)]
=

1

ρ
Σ−1
ηq εq (44)

(q̃∗d − ¯̃qd) =
1

ρ

[
Σ̂d
−1
(
Ed[f̃ ]− p̃r

)
− Σ̄−1

ηd z + Σ−1
p ηp + Σ̄−1

d

(
Γ
′
µ− p̃r

)]
=

=
1

ρ

[(
Σ−1
ηd − Σ̄−1

ηd

)(
f̃ − p̃r

)
+ Σ−1

ηd εd

] (45)

where: Σ̂j

−1
(
Ej[f̃ ]− p̃r

)
= Σ̂j

−1
(

Γ
′
µ+ Σ̂j

(
Σ−1
ηj ηj + Σ−1

p ηp
)
− p̃r

)
.

Eq. 45 contains one more term than eq. 44, as discretionaries don't all necessarily have

the same precision of private signals. Indeed, in allocating their limited capacity, they might

optimally choose to learn about di�erent shocks, to limit the average precision of private

signals about any given shock.

Finally, dispersion of opinion is de�ned as the expected square di�erence between the

risky portfolio of an investor and that of the average investor of his type:

E
[(
q̃∗q − ¯̃qq

) (
q̃∗q − ¯̃qq

)′]
=

1

ρ2

n−1∑
i=1

σ−1
iq (46)

E
[
(q̃∗d − ¯̃qd) (q̃∗d − ¯̃qd)

′]
=

1

ρ2
E

[
n∑
i=1

[(
σ−1
id −Kid

) (
f̃ − p̃r

)
+ σ−1

id εid

]2
]

=

=
1

ρ2

[
n∑
i=1

(
σ−1
id −Kid

)2
λi

]
+

1

ρ2
K

(47)

Dispersion of opinion is greater among discretionaries if the portfolio dispersion among

discretionaries more than compensates for their capacity disadvantage with respect to

quants:
∑n

i=1

(
σ−1
id −Kid

)2
λi >

∑n−1
i=1 σ

−1
iq −K.
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D.4 Proposition 5

The expected excess return of discretionaries is given by:

E[RD−RM ] =
1

ρ

∑
l

λl

[
σ−1
ld − χ(1− θ)Kld − σ−1

lq χθ
]

+
1

ρ
λn
[
σ−1
nd − χ(1− θ)Knd

]
− 1

ρ
χθ

n−1∑
i 6=l

λiσ
−1
iq

l is a basket of idiosyncratic shocks that discretionaries might pay attention to.

Increases in σ
i
′ for i

′ ∈ [i, l, n]: An increase in σi′ directly lowers λi′ . The overall

e�ect on performance depends on whether the increase causes any attention reallocation.

σn rises : There are three possible scenarios. CASES (1) and (2): If discretionary investor

d did not pay attention to the aggregate shock or if he allocated all his attention to it prior

to the increase in σn, no attention reallocation happens (sec. D.1). When all of d's attention

was allocated to the aggregate shock, his expected excess return strictly increases due to

an increase in λn, it is otherwise unchanged. CASE (3): Discretionary investor d allocated

some attention to the aggregate shock as part of a basket of shocks prior to the increase in

σn. An increase in λn either causes all attention to be shifted away from the other shocks in

the basket and towards the aggregate shock, or it causes some attention to be reallocated to

the aggregate shock until the marginal bene�t of learning for all shocks is equalized. In both

cases the attention paid to the aggregate shock, Knd, and its marginal bene�t of learning, λn,

increase (prop 1). The shift of attention away from other shocks in the basket, though, raises

their marginal bene�t of learning (λl). This decreases performance by increasing the overall

informational advantage of quants. Case (3a): The net e�ect on performance is always

positive when, after the increase, discretionaries still learn about the same basket of shocks.

In that case the bene�t of learning about all shocks in the basket (λAl ) is strictly higher

than the marginal bene�t for those same shocks before the increase (λBl ), while the learning

capacity of quants and the marginal bene�t of learning about other shocks is unchanged. A

su�cient condition for performance to be positive is:

λAl
[
(σ−1

ld )A − χ(1− θ)KA
ld − σ−1

lq χθ + (σ−1
nd )A − χ(1− θ)KA

nd

]
>

λBl
[
(σ−1

ld )B − χ(1− θ)KB
ld − σ−1

lq χθ + (σ−1
nd )B − χ(1− θ)KB

nd

] (48)

This is always veri�ed since λAl > λBl and from equation 3 we know that:[
(σ−1

ld )A + (σ−1
nd )A

]
=
[
(σ−1

ld )B + (σ−1
nd )B

]
= K and

[
KA
ld +KA

nd

]
=
[
KB
ld +KB

nd

]
= K.
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Case 3b: When all attention is shifted to the aggregate shock, λAn > λAl > λBl = λBn = λB.

Here a su�cient condition for the expected excess return to be positive is:

(λAn − λB)K [1− χ(1− θ)] > χθ(λAl − λB)σ−1
lq ; (49)

always satis�ed if χ < K
σ−1
lq

(λAn−λB)

(λAl −λB)
. Discretionaries learn about shocks with low information

gap, Gl (prop. 3). The smaller σ−1
lq , the higher the maximum χ for which the condition is

satis�ed (always satis�ed for σ−1
lq − K < 0). So, as long as discretionaries learn about low

Gl shocks, an increase in σn weakly increases their expected excess return.

σi 6=n6=j rises : An increase in the volatility of shocks that discretionary investor d does not

learn about strictly decreases his expected excess return. That is because a marginal change

in σi cannot change the discrete ranking of λs, hence no attention is reallocated; while the

competitive advantage of quants with respect to shock i increases.

σl rises : When discretionary investor d optimally pays attention to shock (or a basket

of shocks) l, an increase in its volatility σl has a positive impact on expected excess return

if K − χ(1− θ)Kld − σ−1
lq χθ > 0 or equivalently if: θ < K−χKld

χḠl
. The smaller Ḡl, the higher

the maximum θ for which the condition is satis�ed (always satis�ed for Ḡl < 0).

Increases in σ−1

i
′
q
: An increase in the average signal precision of quants about shock i

′

weakly decreases the attention allocated to it and its marginal bene�t, λ
′
i (prop. 3). Three

cases need to be considered. CASE (1): If discretionary investor d did not pay attention to

shock i
′
prior to an increase in σ−1

i′q
(i
′

= i), no attention is reallocated (sec. D.2); while the

total informational advantage of quants might increase or decrease depending on their total

share in the market, χθ (eq. 39). Consequently, d's expected excess return might decrease

(low χθ) or increase (high χθ). CASE (2): If discretionary investor d placed all his attention

to asset i
′
prior to an increase in σ−1

i′q
, no attention is reallocated (sec. D.2) and an increase

in σ−1
lq strictly decreases his expected excess return:

∂E[RD −RM ]

∂σ−1
lq

= −1

ρ
χθ

[
λl + 2σ̄l

(
K̄l

ρ2σx
(2λi − σ̄i) + λl − σ̄l

)] (
σ−1
ld − K̄l

)
< 0 (50)

CASE (3): If discretionary investor d paid attention to shock l
′
prior to the increase in σ−1

l′q

as part of a basket of shocks, attention is reallocated until either shock l
′
is allocated no

attention or some of the attention previously allocated to it is diverted to other shocks in the
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basket (sec. D.2). This always decreases the optimal marginal bene�t of learning. Case (3a):

When the new basket still contains shock l, the expected excess return of investor d strictly

decreases. An increase in σ−1

l′q
negatively impacts the portion of portfolio directly involving

shock l
′
(eq. 50), while also lowering the marginal bene�t of learning of the other shocks

remaining in the basket. Case (3b): When the new basket does not contain shock l
′
, two

e�ects are at play: �rst, the lower marginal bene�t of learning for the shocks remaining in the

basket lowers expected excess return; second, the increase in σ−1

l′q
might increase or decrease

the total bene�t of learning of quants, hence decreasing or increasing the expected return of

investor d (eq. 39). The net e�ect depends on the total share of quants in the market (χθ).

In this scenario χθ would have to be higher than in CASE 1 for the performance of investor

d to increase; i.e. the decrease in total bene�t of learning of quants would have to more than

compensate for the decrease in d's total bene�t of learning, due to the reduction in optimal

λ. To summarize, an increase in σ−1

i′q
for shocks that d pays attention to always decreases

his expected excess return. An increase in σ−1

i′q
for shocks that d does not pay attention to

(or drops from his attention basket) might increase or decrease his expected excess return,

depending on χθ.

Increases in θ: An increase in θ decreases (resp. increases) the marginal bene�t of

learning of shocks with a positive (resp. negative) information gap (eq. 40), and it increases

the attention allocated by discretionaries to shocks with a lower information gap (sec. D.2).

Hence, when discretionaries pay full attention to the aggregate shock, an increase in θ

strictly increases their performance: it decrease the marginal bene�t of learning of all

idiosyncratic shocks (λi), decreasing the informational advantage of quants; and it

increases the marginal bene�t of learning about the aggregate shock (λn), increasing the

informational advantage of discretionaries. When they pay attention to a basket of shocks

which includes the aggregate shock, an increase in θ determines a shift of attention towards

the aggregate shock (having it the lowest information gap; σ−1
nq = 0), this strictly increases

their performance. When they pay attention only to idiosyncratic shocks, an increase in θ

strictly increases their performance if these shocks have a negative information gap. If they

have a positive information gap, all λs decrease, decreasing both the informational

advantage of quants and the total bene�t of learning of discretionaries. The net e�ect

depends on the share of quants in the market (χθ) and on the magnitude of the

information gap.
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D.5 Proposition 6

The expected excess return of quants is given by:

E[RQ −RM ] =
1

ρ

n−1∑
i 6=l

[
λi

(
σ−1
iq (1− χθ)

)]
+

1

ρ

∑
l

λl

(
σ−1
lq (1− χθ)−Kldχ(1− θ)

)
− 1

ρ
λnKnd

l is a basket of idiosyncratic shocks that discretionaries might pay attention to.

Increases in σ
i
′ for i ∈ [i, l, n]: CASE (1): When discretionaries allocate no attention

to the aggregate shock, increases in σn or σi 6=l do not lead to attention reallocation (sec. D.4).

Hence, increases in σn have no e�ect on the performance of quants, while increases in σi for

i 6= l strictly increase it (∂λi
∂σi

> 0;
∂E[RQ−RM ]

∂σi
> 0). Increases in σl′ for l

′ ∈ l, increase λl′
(∂λl
∂σl

> 0) as discretionaries reallocate attention towards shock l
′
, leading to a higher optimal

marginal bene�t of learning about shocks in l. This has a positive impact on the performance

of quants if σ−1

l′q
(1 − χθ) − Kl′dχ(1 − θ) > 0, which implies: θ < [(σl′q − χKl′d)/(χσl′q −

χKl′d)]; this is always veri�ed for a positive information gap (rhs > 1; θ ∈ [0, 1]); otherwise,

it is veri�ed only if: Kl′d > σ−1

l′q
> χKl′d. CASE (2): When discretionaries allocate all

attention to the aggregate shock, an increase in σi for i 6= n 6= l or in σn no attention is

reallocated (sec. D.4). Hence, increases in σi strictly increase the performance of quants

(∂λi
∂σi

> 0;
∂E[RQ−RM ]

∂σi
> 0), while increases in σn decrease it (

∂λn
∂σn

> 0;
∂E[RQ−RM ]

∂σn
< 0). CASE

(3): discretionaries pay attention to a basket of shocks including both the aggregate and

idiosyncratic shocks. Case (3a): An increase in the volatility of one of the idiosyncratic

shocks in the basket increases the performance of quants, as long as the information gap

is su�ciently high (see CASE 1). Case (3b): An increase in the volatility of the aggregate

shock, determines a shift of attention to it and away from other shocks in the basket and a

net increase in their optimal marginal bene�t of learning (sec. D.4). Here we need to consider

two cases. (a) When discretionaries still learn about all shocks in the basket, an increase

in λn strictly increases their performance. To prove this, consider λB to be the optimal

marginal bene�t of learning of all shocks in the basket before the increase in σn, and λ
A to

be the, strictly greater, optimal marginal bene�t after. Without loss of generality assume

that discretionaries split their attention between the aggregate shock n and one idiosyncratic

shock l. Let's de�neKB
ld andK

B
nd to be the average attention paid by discretionaries to shocks

l and n respectively before the increase, and KA
ld and KB

nd to be their average attention
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after. Finally, recall that discretionaries always allocate the same total capacity (K) to all

shocks in the basket, hence KB
ld + KB

nd = KA
ld + KA

nd = K. Then, the positive impact on

performance due to the decreased attention to shock l (−1
ρ
χ(1−θ)(λA−λB)(KA

ld−KB
ld) > 0) is

perfectly compensated by the negative impact on performance due to the increased attention

to shock n (−1
ρ
χ(1 − θ)(λA − λB)(KA

nd − KB
nd) < 0). Finally, the strictly higher marginal

bene�t of learning about shock l positively impacts the total bene�t of learning of quants

(1
ρ
(1−χθ)(λA−λB)σ−1

lq > 0), increasing their performance. (b) When, following an increase

in σn discretionaries shift all attention to the aggregate shock, three e�ects are at play.

First, the increases in λn and Knd decrease the performance of quants by increasing their

informational disadvantage. Second, the lower average signal precision about the shocks

dropped from consideration increases their marginal bene�t of learning, hence increasing

the total bene�t of learning of quants and their performance. Finally, an increase in the

information gap of the shocks l dropped from consideration increases performance of quants

(before: Kld > 0, hence Ḡl = σ−1

l′q
− Kld < σ−1

lq ; after Kld = 0, hence Ḡl = σ−1

l′q
). The net

e�ect depends on the share of quants in the market (χθ) and on their signal precision (σ−1
iq ).

Increases in θ: An increase in θ strictly decreases the performance of quants when

discretionaries are paying full attention to the aggregate shock: it increases the marginal

bene�t of learning about the aggregate shock λn, increasing the informational advantage of

discretionaries; it decreases all other λis (they would all have a positive information gap),

decreasing the bene�t of learning of quants. When discretionaries learn about idiosyncratic

shocks with a positive information gap, an increase in θ strictly decreases the performance

of quants: it decreases the marginal bene�t of learning about all shocks (λi). When

discretionaries learn about negative information gap idiosyncratic shocks, two e�ects are at

play. First, the marginal bene�t of learning about the shocks ignored by discretionaries

(λi) decreases, decreasing the performance of quants. Second, the marginal bene�t of the

shocks discretionaries pay attention to (λl) increases; this might have a positive impact on

the performance of quants, if the gap is not too negative and the total share of skilled

investors (χ) is not too high. The net e�ect, though, is negative as, by de�nition, these are

the shocks to which quants pay the least attention (lowest σ−1
lq ), hence the negative e�ect

would overweight the potential positive impact. Finally, for a high enough share of quants

(χθ), increases in σ−1
iq exacerbate the negative impact of increase in θ on λi, determining a

faster drop in the marginal bene�t of learning about those shocks (eq. 41).
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Figure 1: Funds Growth: Figure 1 displays the growth in total, quantitative and
discretionary funds by month with respect to the number of funds and their Total Net
Assets. Figure 2 displays the relative size of quantitative funds in terms of assets managed
and number of funds, as a percentage of overall market TNA and total number of funds
respectively. Funds are classi�ed as quantitative and discretionary as described in Section 3.2.
Shaded areas indicate NBER recessions dates.

Figure 2: Random Forest features importance: Informativeness of the �rst 15 features
used by the Random Forest algorithm. Informativeness is intended as the reduction in
classi�cation impurity (measured with entropy)
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Figure 3: Distribution of holdings dispersion, commonality and overcrowding:

Distribution of dispersion (Panel 1) and commonality (Panel 2) by groups; and distribution
of discretionary commonality (Panel 3), quantitative commonality (Panel 4), discretionary
overcrowding (Panel 5), and quantitative overcrowding (Panel 6) over time. Dispersion is
the log of the cumulative squared weight allocated by funds to each stock in excess of the
average weight allocated by funds of their type. Commonality is measured as the weighted
average of the percentage of other funds of the same type who hold the same stocks. Weights
are the percentage of TNA that funds invests in a certain stock. Overcrowding is de�ned as
commonality times the sum of total net assets managed by funds of the same type.
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Table 1: Age, size and style: Dependent variables: the natural logarithm of the number of

months from inception (Age) and of Total Net Assets (TNA); style measured as the TNA-weighted

beta of stocks held with respect to the size, book-to-market and momentum factors (Size, V alue,
Mom); the winsorized turnover ratio of fund holdings (Turnover) and the amount of cash held

(Cash). Independent variables: a dummy identifying quantitative funds (Quant), the interaction

between Quant and a dummy identifying NBER recession dates (QuantXRecess), winsorized

expense ratio (Expenses) and turnover ratio (Turnover), growth in net fund �ows measured

as the monthly percentage change in TNA not determined by fund returns (FlowsGrowth), the
12�months rolling volatility in net fund �ows (FlowsV ol), total fund loads (Loads), and style (Size,
V alue, Mom), fund size (TNA) and age (Age) as de�ned above. Control variables are de-meaned.

Regressions speci�cation: month �xed�e�ects, month and fund clustered standard errors.

Age TNA Mom Size Value Turnover Cash
Constant 4.89*** 5.64*** -0.04*** 0.28*** -0.02*** 0.77*** 3.15***

(368.50) (243.32) (-18.57) (32.97) (-3.63) (73.68) (57.38)
Quant -0.12*** -0.24*** 0.01** -0.09*** 0.07*** 0.30*** -0.75***

(-4.12) (-4.40) (2.21) (-4.79) (5.60) (10.89) (-5.19)
Quant X Recess -0.06* 0.00 -0.01 0.05* -0.02 -0.07** -0.47**

(-1.87) (0.06) (-0.65) (1.88) (-1.00) (-2.36) (-2.10)
TNA 0.20*** 0.00 0.01*** 0.00 -0.03*** 0.00

(25.57) (0.11) (2.78) (0.18) (-5.30) (0.01)
Expenses 0.09** -1.02*** -0.02** 0.26*** -0.03* 0.26*** 1.23***

(2.54) (-14.12) (-2.51) (10.79) (-1.74) (7.81) (5.94)
Turnover -0.02 -0.15*** 0.01*** 0.08*** -0.06*** -0.12

(-1.17) (-5.42) (3.22) (6.77) (-7.16) (-1.34)
FlowsGrowth -2.47*** 1.65*** 0.13*** 0.09 0.21*** -0.30*** 6.38***

(-26.25) (11.65) (3.72) (1.18) (2.62) (-3.01) (10.23)
FlowsVol -0.12*** 2.16*** -0.01* -0.06*** -0.03*** 0.02 0.14

(-4.58) (41.57) (-1.67) (-4.41) (-2.70) (1.16) (1.28)
Size -0.06*** 0.04* -0.01 -0.04** 0.09*** 0.36***

(-4.23) (1.93) (-0.46) (-1.98) (7.17) (4.99)
Value -0.06*** 0.00 -0.04 -0.07* -0.10*** 0.38***

(-4.59) (0.05) (-1.50) (-1.94) (-7.18) (5.16)
Mom 0.04** 0.02 -0.04 -0.10 0.07*** -0.00

(2.48) (0.61) (-0.46) (-1.48) (3.42) (-0.02)
Age 0.69*** 0.01* -0.03*** -0.03*** -0.01 -0.16**

(25.79) (1.85) (-3.35) (-4.45) (-0.96) (-2.27)
Loads 0.72*** -4.23*** -0.41 -1.02 -12.75**

(3.25) (-5.95) (-0.88) (-1.08) (-2.40)
R2 0.25 0.50 0.06 0.06 0.07 0.11 0.05
Obs 331,413 331,413 331,413 331,413 331,413 331,413 314,206

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table 2: Flows and Fees: Dependent variables: growth in net fund �ows measured
as the monthly percentage change in TNA which is not determined by fund returns
(Growth), the 12�months rolling volatility of net fund �ows (V olatility), funds expenses
ratio (Expenses), management fees (Mgmt), Actual 12b1 fee (Actual12b1) and fund loads
(Loads). Independent variables are the same as described in Table 1. Control variables
are de-meaned. Regressions speci�cation: month �xed�e�ects, month and fund clustered
standard errors.

Flows Fees

Growth Volatility Expenses Mgmt Actual 12b1 Loads
Constant -0.001*** 0.201*** 1.223*** 0.720*** 0.243*** 0.009***

(-3.52) (48.85) (202.25) (129.27) (44.15) (38.80)
Quant 0.000 -0.008 -0.087*** -0.040*** 0.017 -0.000

(0.56) (-1.00) (-6.09) (-2.82) (1.24) (-0.74)
Quant X Recess -0.005*** 0.018 -0.022 -0.026 -0.017 0.000

(-3.65) (1.32) (-1.42) (-1.29) (-1.29) (0.75)
Age -0.009*** -0.022*** -0.008 0.037*** -0.084*** 0.002***

(-24.03) (-4.09) (-0.88) (4.95) (-11.25) (8.23)
TNA 0.002*** 0.132*** -0.074*** 0.022*** 0.018*** 0.001***

(10.87) (28.59) (-16.24) (4.81) (5.28) (7.37)
Expenses -0.000 0.000 0.013***

(-0.48) (0.04) (24.50)
Turnover -0.001*** 0.005 0.066*** 0.030*** 0.009 -0.000

(-3.05) (1.16) (8.28) (3.51) (1.61) (-1.09)
Loads 0.045** -1.441*** 11.584*** -2.290*** 10.181***

(2.31) (-3.47) (21.09) (-5.28) (22.75)
Size 0.000 -0.016*** 0.072*** 0.079*** -0.011** -0.001***

(1.18) (-4.28) (10.28) (11.48) (-2.17) (-5.78)
Value 0.001*** -0.013*** -0.011* -0.005 -0.009* -0.000

(2.61) (-2.66) (-1.73) (-0.63) (-1.81) (-0.88)
Mom 0.002*** -0.009* -0.025** -0.013 -0.003 0.001***

(3.56) (-1.66) (-2.52) (-1.26) (-0.46) (3.35)
FlowsVol 0.000 0.000 -0.112*** -0.024** -0.002***

(0.58) (0.04) (-10.88) (-2.58) (-3.44)
FlowsGrowth 0.021 -0.021 -0.618*** -0.129*** 0.003**

(0.58) (-0.48) (-11.15) (-3.97) (2.30)
R2 0.04 0.36 0.34 0.05 0.30 0.19
Obs 331,413 331,413 331,413 331,073 226,911 331,413

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table 3: Test of Proposition 1 � Switching: Graphical representation of regression
coe�cients. Dependent variables: macro-timing in recessions measured as the covariance of
portfolio weights (in excess of the market weight) with innovations in industrial production
(IndPro (R)) or non-farm payrolls (NFPay (R)); and characteristic-timing in recessions
(DGTW (R)) indicating funds' ability to time their exposures to the size, book-to-market
and momentum factors. Independent variables: a dummy identifying quantitative funds
(Quant), dummy variables identifying the top q% of funds with the highest picking ability in
expansions (TopP_E); and the interaction between the Quant dummy and the high-ability
dummy (TopP_E X Q). Measures construction is detailed in Section 5.1. Coe�cients
are estimated using high-ability cut-o�s of q = 10% to q = 25%. Bars indicate 10%
con�dence intervals. All regressions include de-meaned control variables as described in
Table 1; omitted for brevity. Regressions speci�cation: month �xed�e�ects, month and fund
clustered standard errors.
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Table 4: Test of Proposition 1 � Specializing: Graphical representation of regression
coe�cients. Dependent variables: stock picking in recessions and macro-timing in expansions
measured as the covariance of portfolio weights (in excess of the market weight) with earning
surprises (Picking (R)) and innovations in industrial production (IndPro (E)) or non-farm
payrolls (NFPay (E)) respectively; and characteristic-timing in expansions (DGTW (E))
indicating funds' ability to time their exposures to the size, book-to-market and momentum
factors. Independent variables: a dummy identifying quantitative funds (Quant), dummy
variables identifying the top q% of funds with the highest timing ability in recessions
(TopT_R) or picking ability in expansions (TopP_E); and interactions between the Quant
dummy and the high-ability dummies (TopP_ExQ, TopT_RxQ). In each panel the high-
ability dummy is based on the same measure as the dependent variable but in the opposite
business cycle phase. Measures construction is detailed in Section 5.1. Coe�cients are
estimated using high-ability cuto�s of q = 10% to q = 25%. Bars indicate 10% con�dence
intervals. All regressions include control variables as described in Table 1; omitted for brevity.
Regressions speci�cation: month �xed�e�ects, month and fund clustered standard errors.
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Table 5: Test of Proposition 1: All Models in Panel 1 are run using only observations
from NBER recession dates. All Models in Panel 2 are run using only observations from
NBER expansion dates. Dependent variables: stock picking (SP_SUE), macro-timing
(MT_IndPro, MT_NFPay) and characteristics-timing (CT_DGTW ) abilities. Stock
picking and macro-timing are measured as the covariance of portfolio weights (in excess
of the market weight) with future earning surprises and innovations in industrial production
or non-farm payrolls respectively (as de�ned is Section 5.1). Characteristic-timing represents
funds' ability to time their exposures to the size, book-to-market and momentum factors.
Independent variables are the same as described in Table 1. Control variables are omitted for
brevity. Regressions speci�cation: month �xed�e�ects, month and fund clustered standard
errors.

Recessions

SP_SUE MT_IndPro MT_NFPay CT_DGTW
Constant -1.8266*** 0.4092*** 0.3414*** -0.3698***

(-48.00) (36.96) (19.84) (-57.51)
Quant 0.5439*** -0.1412** -0.1566** -0.0367

(4.50) (-2.66) (-2.35) (-0.60)
R2 0.12 0.54 0.36 0.80
Obs 38,846 38,846 38,846 38,846

Expansions

SP_SUE MT_IndPro MT_NFPay CT_DGTW
Constant 0.0710*** -0.0842*** -0.0731*** 0.2676***

(7.92) (-29.20) (-11.09) (98.50)
Quant -0.0593** 0.0303*** 0.0815*** 0.0180

(-2.06) (3.22) (3.50) (0.90)
R2 0.14 0.22 0.42 0.37
Obs 264,405 264,405 264,405 264,405

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table 6: Test of Proposition 2: Dependent variables: the natural logarithm of the
winsorized number of stocks held (ln(Number Stocks)); and the natural logarithm of the 24-
months and 36-months rolling volatility of fund returns (Return V ol) and Carhart 4�factor
idiosyncratic volatility (IV ol − CAR). Independent variables are the same as described
in Table 1. Model (2) also controls for the percentage of cash held (Cash %). Regressions
speci�cation: month �xed�e�ects, month and fund clustered standard errors.

ln(Number Stocks) ln(Return Vol) ln(IVol � CAR)

(1) (2) 24m 36m 24m 36m
Constant 4.404*** 4.434*** 1.494*** 1.532*** 0.065*** 0.150***

(331.33) (304.16) (548.51) (543.34) (9.65) (21.47)
Quant 0.396*** 0.382*** -0.043*** -0.046*** -0.171*** -0.172***

(12.29) (11.71) (-6.00) (-6.33) (-10.26) (-10.11)
Quant X Recess -0.055 -0.068* 0.007 0.017** 0.049** 0.066***

(-1.60) (-1.88) (0.81) (2.12) (2.43) (3.36)
Age -0.069*** -0.070*** -0.004 -0.006 -0.009 -0.011

(-4.31) (-4.23) (-0.96) (-1.34) (-0.96) (-1.10)
TNA 0.118*** 0.116*** 0.005*** 0.005*** -0.018*** -0.015***

(14.61) (14.18) (2.69) (2.74) (-4.48) (-3.58)
ExpenseRatio -0.416*** -0.434*** 0.087*** 0.093*** 0.373*** 0.385***

(-10.83) (-10.78) (9.52) (9.98) (18.04) (18.12)
TurnoverRatio 0.098*** 0.109*** 0.059*** 0.061*** 0.109*** 0.109***

(5.48) (5.83) (10.39) (10.50) (11.14) (10.68)
FlowsGrowth -0.164** -0.161* -0.199*** -0.221*** 0.092* 0.048

(-2.10) (-1.93) (-5.11) (-6.44) (1.84) (0.89)
FlowsVol -0.083*** -0.081*** 0.005 0.002 0.085*** 0.085***

(-3.12) (-3.01) (0.85) (0.29) (6.82) (6.87)
Loads 0.830 0.424 -1.084*** -1.094*** -2.757*** -2.801***

(0.83) (0.42) (-4.47) (-4.47) (-4.89) (-4.83)
Size 0.245*** 0.251*** 0.147*** 0.135*** 0.170*** 0.163***

(13.75) (13.66) (24.56) (22.97) (18.06) (17.40)
Value 0.121*** 0.127*** -0.051*** -0.048*** -0.086*** -0.085***

(7.14) (7.28) (-7.23) (-7.25) (-8.27) (-8.01)
Momentum -0.015 -0.008 -0.002 -0.015 -0.031 -0.027

(-0.65) (-0.32) (-0.12) (-1.19) (-1.53) (-1.37)
Cash % -0.007***

(-3.53)
R2 0.18 0.19 0.76 0.75 0.44 0.44
Obs 331,413 314,206 313,940 292,960 313,940 292,960

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table 7: Test of Proposition 3: Dependent variables: TNA-weighted average of the
natural logarithm of market capitalization (MktCap) and monthly media mentions (News);
age in months (Age), and number analysts following (Analysts) the stocks held. Independent
variables are the same as described in Table 1; plus the TNA-weighted market capitalization
(Stock_Size) and illiquidity�measured using Amihud ratio�(Illiquidity) of stocks held.
Regressions speci�cation: month �xed�e�ects, month and fund clustered standard errors.

Stock Characteristics

MktCap MktCap Age News Analysts Analysts
Constant 9.687*** 9.706*** 314.340*** 4.381*** 8.138*** 8.090***

(266.47) (416.76) (255.95) (835.10) (445.83) (138.17)
Quant 0.255*** 0.094* 21.062*** 0.025* -0.176*** 0.207

(3.06) (1.67) (7.95) (1.76) (-3.84) (1.54)
Quant X Recess -0.039 0.042 2.637 -0.006 -0.004 -0.069

(-0.54) (0.80) (0.85) (-0.28) (-0.06) (-0.58)
log(Age) 0.188*** 0.130*** 0.186 0.012* 0.050** 0.337***

(4.60) (4.93) (0.12) (1.68) (2.16) (5.06)
log(TNA) -0.059*** -0.034** -3.214*** 0.005 0.017 -0.074**

(-2.77) (-2.47) (-4.23) (1.46) (1.47) (-2.14)
ExpenseRatio -1.178*** -0.717*** -22.914*** -0.035** -0.120** -1.878***

(-11.92) (-10.62) (-6.70) (-2.15) (-2.03) (-10.98)
TurnoverRatio -0.235*** -0.097*** -19.910*** -0.032*** 0.103*** -0.263***

(-5.67) (-3.48) (-12.94) (-4.37) (3.89) (-3.82)
FlowsGrowth -1.045*** -0.886*** 18.335 -0.367*** -1.261*** -2.812***

(-4.11) (-5.04) (1.59) (-7.14) (-5.58) (-6.36)
FlowsVol 0.298*** 0.193*** -3.486 -0.018 0.080** 0.532***

(5.96) (5.95) (-1.27) (-1.64) (2.35) (6.02)
Loads 17.649*** 10.168*** 196.028* -0.057 3.580** 30.005***

(5.82) (5.07) (1.85) (-0.12) (2.17) (6.04)
Value -0.244*** -0.361*** 51.046*** 0.074*** -0.347*** -0.713***

(-3.91) (-6.31) (16.75) (4.54) (-4.81) (-6.54)
Momentum 0.237*** 0.165 -25.453*** -0.156*** -0.185 0.159

(2.75) (1.26) (-5.99) (-7.27) (-1.52) (0.98)
Size -1.769*** -12.167*** 0.035* -0.002

(-26.49) (-4.75) (1.81) (-0.03)
Stock_Size 49.174*** 0.594*** 1.517***

(53.68) (70.75) (29.78)
Illiquidity 18.316*** 0.102*** -0.139 -1.390***

(5.00) (2.87) (-1.40) (-2.91)
R2 0.10 0.44 0.65 0.87 0.75 0.41
Obs 331,409 331,409 331,409 331,409 331,409 331,409

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.0156



Table 8: Test of Proposition 4: Dependent variables: winsorized commonality
(Commonality) and active commonality (Active_Commonality); the natural logarithm of
winsorized dispersion (Log(Dispersion)). Commonality (resp. Active_Commonality) is the
weighted average of the percentage of funds of the same type that hold the same stocks (resp.
that are active on the same stocks). Dispersion is the cumulative squared di�erence in the
weight allocated by each funds and the average weight allocated by funds of the same type
to each stock. Measures construction is detailed is Section 5.1. Independent variables are
the same as described in Table 1. Regressions speci�cation: month �xed�e�ects, month and
fund clustered standard errors.

Commonality Active_Commonality Log(Dispersion)
Constant 11.41*** 6.176*** 0.244***

(132.79) (98.01) (15.78)
Quant 5.633*** 3.073*** -0.0805**

(22.01) (18.13) (-2.40)
Quant X Recess 0.315 0.336* -0.0690

(1.11) (1.72) (-1.61)
log(Age) 0.630*** 0.369*** -0.111***

(5.87) (4.28) (-6.00)
log(TNA) -0.183*** -0.0754* -0.00913

(-3.34) (-1.77) (-0.95)
ExpenseRatio -3.001*** -1.965*** 0.200***

(-11.56) (-9.63) (4.42)
TurnoverRatio -0.683*** -0.666*** -0.0786***

(-5.94) (-7.23) (-3.91)
FlowsGrowth -7.086*** -6.247*** -0.0218

(-8.16) (-8.08) (-0.19)
FlowsVol 0.498*** 0.167 0.0999***

(3.34) (1.36) (3.10)
Loads 40.17*** 23.26*** -6.563***

(5.11) (3.93) (-5.42)
Momentum 0.863* 0.486 -0.243***

(1.73) (1.28) (-5.26)
Size -6.508*** -4.171*** 0.293***

(-27.89) (-23.23) (12.26)
Value -1.783*** -0.991*** 0.160***

(-7.57) (-5.07) (5.61)
R2 0.47 0.45 0.14
Obs 331,413 331,413 331,413

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table 9: Test of Propositions 5 and 6: Dependent variables: performance measured as
the 24�months (Models (1)− (3)) and 36�months (Models (4)− (6)) rolling Carhart Alpha
(winsorized at the 1% level) � Panel 1 � and Value Added � Panel 2. Regressions are run
separately for recession (Models (1)−(2)) and expansion (Models (3)−(4)) periods, identi�ed
using NBER business cycle dates. Independent variables are the same as described in Table
1. Control variables are omitted for brevity. Regressions speci�cation: month �xed�e�ects,
month and fund clustered standard errors.

Alpha (CAR)

Recessions Expansions

24m 36m 24m 36m
Constant 0.0462*** 0.00622 -0.0969*** -0.0934***

(7.39) (1.18) (-33.83) (-33.35)
Quant -0.116*** -0.100*** 0.00333 0.0000821

(-6.64) (-6.73) (0.38) (0.01)
R2 0.20 0.18 0.20 0.20
Obs 39,073 35,972 273,463 254,497

Value Added (CAR)

Recessions Expansions

24m 36m 24m 36m
Constant 81.97*** 75.19*** -36.79*** -24.39***

(8.60) (8.23) (-7.14) (-4.41)
Quant -51.27** -60.23*** -8.053 -6.726

(-2.35) (-2.87) (-0.83) (-0.65)
R2 0.10 0.11 0.06 0.06
Obs 39,073 35,972 273,463 254,497

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table 10: Test of Propositions 5 and 6 � Information Gap: Dependent variable:
performance measured as the 24�months (Models (1)-(3)), and 36�months (Models (4)-
(6)) rolling Carhart Value Added (winsorized at the 1% level). Independent variables:
information gap, measured as: the age of stocks held (Stock_Age), the natural logarithm of
the number of times stocks held are mentioned monthly in Dow Jones news (Stock_News),
the natural logarithm of the market capitalization of stocks held (Stock_MktCap). Are
also included interaction terms between all explanatory variables and the Quant dummy
(in interactions abbreviated with: Q). The information gap is the weighted average of the
characteristic of interest for the stocks held each month by each fund, as de�ned is Section 5.1.
Independent variables are the same as described in Table 1. Control variables are omitted for
brevity. Regressions speci�cation: month �xed�e�ects, month and fund clustered standard
errors.

Value Added (CAR) � 24m Value Added (CAR) � 36m

Quant -78.77*** -29.76 -78.72** -83.93*** -31.68 -61.68
(-3.26) (-1.01) (-2.02) (-3.31) (-1.05) (-1.49)

Quant X Recess -77.32*** -80.98*** -78.13*** -76.22*** -80.46*** -77.89***
(-3.34) (-3.40) (-3.30) (-3.45) (-3.50) (-3.42)

Stocks_Age -0.290*** -0.289***
(-5.13) (-5.35)

Stocks_Age X Q 0.239*** 0.252***
(2.91) (2.97)

Stocks_News -36.84*** -36.85***
(-6.83) (-6.80)

Stocks_News X Q 6.734 7.078
(0.88) (0.93)

Stock_MktCap -17.60*** -17.71***
(-5.28) (-5.42)

Stock_MktCap X Q 7.832* 6.072
(1.75) (1.31)

Constant -12.54** -18.68*** -12.53* -2.195 -4.967 -4.917
(-2.09) (-2.91) (-1.75) (-0.34) (-0.78) (-0.65)

R2 0.06 0.06 0.06 0.07 0.07 0.07
Obs 312,536 312,536 312,532 290,469 290,448 290,465

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table 11: Test of Propositions 5 and 6 � Commonality and Overcrowding: Dependent variable:
performance measured as the 24�months rolling Carhart Value Added (winsorized at the 1% level). Independent
variables: commonality (Commonality), active commonality (ACommonality), overcrowding (Overcrowding)
and active overcrowding (AOvercrowding) measures, as de�ned is Section 5.1, and their interaction with the
Quant dummy. Independent variables are the same as described in Table 1. Control variables are omitted for
brevity. Regressions speci�cation: month �xed�e�ects, month and fund clustered standard errors.

Value Added (CAR)

24m 36m 24m 36m 24m 36m 24m 36m
Constant -27*** -17*** -25*** -15*** -12** -2 -16*** -5

(-5.62) (-3.30) (-5.21) (-2.93) (-2.24) (-0.29) (-3.01) (-0.96)
Quant 22** 24** 20** 21** -372*** -333*** -479*** -436***

(2.58) (2.52) (2.12) (2.13) (-3.09) (-2.88) (-4.22) (-3.99)
Quant x Recess -81*** -81*** -80*** -80*** -76*** -73*** -86*** -84***

(-3.33) (-3.43) (-3.37) (-3.48) (-3.08) (-3.02) (-3.43) (-3.41)
Commonality -7*** -7***

(-7.81) (-7.52)
Commonality x Quant 3*** 3***

(2.95) (2.66)
Overcrowding -376*** -396***

(-7.77) (-7.98)
Overcrowding x Quant -1610** -1357**

(-2.59) (-2.28)
ACommonality -8*** -8***

(-7.32) (-6.88)
ACommonality x Quant 1 1

(0.88) (0.61)
AOvercrowding -492*** -525***

(-7.71) (-7.63)
AOvercrowding x Quant -4529*** -4026***

(-4.02) (-3.74)
R2 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07
Obs 312,536 290,469 312,536 290,469 312,536 290,469 312,536 290,469

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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INTERNET APPENDIX

I Classi�cation

I.1 Random Forest Algorithm

The random forest is a type of decision tree classi�er, speci�cally it is an ensemble of decision

trees, whose �nal classi�cation is decided by majority voting.

Binary decision tree classi�ers consist in breaking down the data into subsets by asking a

series of questions inferred from the training sample. More speci�cally at the root of the tree

the algorithm computes the information gain obtained by splitting the data according to each

feature in the features matrix. The feature that determines the highest information gain is

chosen and the training sample is split into two sub-samples according to the chosen feature.

The second iteration includes two nodes, for each of the two nodes the same procedure is

repeated and so on iteratively until all samples at each node belong to the same class. In

order to avoid over�tting a limit to the maximum depth of the tree is usually set � this is

referred to as pruning. In a binary tree the information gain which is maximized at every

split is de�ned as the di�erence in impurity between the parent node and the two children

nodes:

IG(Nodeparent, f) = I(Nodeparent)−
Nleft

Np

I(Nodeleftchild)−
Nleft

Np

I(Noderightchild)

where IG(Nodeparent, f) is the information gain at the parent node for feature f and Np,

Nright and Nleft are the number of samples in the parent node, the right and the left children

nodes respectively.

The impurity measure I(node) used in this paper is entropy:

I(node) = −
class∑
i=1

p(i|node)log2p(i|node)

where p(i|node) is the proportion of samples in the node that belong to class i � hence

entropy is 0 when all samples in a node belong to the same class and it is maximum when

samples are uniformly distributed across classes.

Figure I represents graphically a single decision tree pruned at 3 branches. The
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representation was created utilizing all pre-classi�ed samples (training and testing).26

When utilizing a single decision tree, strong over�tting issues are generally encountered.

A way to minimize these issues is to employ a random forest.

The random forest algorithm can be described in four steps:

1. Randomly choose a sample of size n from the training sample with replacement

2. Grow a decision tree from the selected sample. At each node:

(a) Randomly select f features from the features matrix without replacement

(b) Among the selected subset of features (f) choose the one that maximizes the

information gain and split the node according to that feature

3. Repeat the above 2 steps k times and record the classi�cation of each item in the

training sample by each of the k trees

4. Use majority voting to assign a �nal classi�cation to each item in the training sample

The key parameter to be chosen is the number of trees in the random forest (k), the

larger the number the better the prediction but the higher the computational burden. In

this paper 1, 000 trees were used.

26This was created for illustration purposes only. This tree was not used in creating the classi�cation.
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Figure I: Single decision tree example: Graphical illustration of the decision making process of a single
decision tree. The tree was constructed using the 105 pre-classi�ed sections belonging to the training sample (93
Discretionary and 62 Quantitative). Each box displays the stemmed feature (word or bi-gram) with the highest
entropy, on the bases of which splitting is decided. This is just for illustration purposes. This speci�c tree was
not utilized in the creation of the classi�cation utilized in the paper.
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I.2 Examples of Principal Investment Strategy sections

The following is an excerpt from a strategy section that the Random Forest algorithm

categorized as belonging to a quantitative fund.27

The Fund will be broadly diversi�ed across companies and industries and

will invest in companies that the Adviser has identi�ed to have stable businesses

with low leverage, low earnings-per-share variability and other measures of risk

and high pro�tability. The Adviser believes that the stocks of these types of

companies tend to be lower "beta" stocks and that lower "beta" stocks

generally are less volatile than higher "beta" stocks (that is, their value has a

lower sensitivity to �uctuations in the securities markets). The Adviser expects

low "beta" stocks to produce higher risk-adjusted returns over a full market

cycle than high "beta" stocks. The Fund is actively managed and the Adviser

will vary the Fund's exposures to issuers and industries based on the Adviser's

evaluation of investment opportunities. In constructing the portfolio, the

Adviser uses quantitative models, which combine active management to identify

quality companies and statistical measures of risk to assure diversi�cation by

issuer and industry. (AQR US Defensive Equity Fund. September 2014)

The following excerpt, instead, was categorized as belonging to a discretionary fund.

Sentinel attempts to identify companies that are expected to grow as a result of

the potential long-term return from their investment in research, development,

capital spending and market expansion. In addition, Sentinel looks for

companies that it perceives to be attractively valued relative to their future

growth prospects, as well as to that of the market as a whole. Sentinel utilizes a

blended "top-down" and "bottom-up" approach. In top-down analysis, focus is

on such macroeconomic factors as in�ation, interest and tax rates, currency and

political climate. In bottom-up analysis, focus is on company-speci�c variables,

such as competitive industry dynamics, market leadership, proprietary products

and services, and management expertise, as well as on �nancial characteristics,

such as returns on sales and equity, debt/equity ratios and earnings and cash

�ow growth. (Sentinel Capital Growth Fund. March 2008)

27The full strategy descriptions were utilized for the categorization. I am reporting excerpts for brevity.
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II Placebo Classi�cations

II.1 Construction

The �rst placebo (funds_placebo) takes as input the overall percentage of observations

classi�ed as being quantitative (13.03%), then randomly selects 13.03% of funds from the

overall sample (410 funds) and it permanently assigns a value of 1 to those funds (0

otherwise). The second (months_placebo) is constructed by randomly assigning a value of

1 every month to as many observations as those classi�ed to belong to quantitative funds

in that month (0 otherwise). Figure II shows both the number of funds and the percentage

of funds assigned to the two placebo classi�cations over time.

Figure II: Placebo classi�cations: Number of funds (left index) and percentage of funds
(right index) belonging to the two placebo classi�cations over time.

II.2 Regressions

I replicate all regressions in the paper using the two placebo classi�cations instead of the

quantitative classi�cation constructed using the random forest algorithm. All results are

included below. All regressions include de-meaned control variables as described in Table 1,

month �xed-e�ects and clustering at the fund and month level.
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Table I: New Basic Facts � Age, size and style: Dependent variables: the natural
logarithm of the number of months from inception (Age) and of Total Net Assets (TNA);
style measured as the TNA-weighted beta of stocks held with respect to the size, book-
to-market and momentum factors (Size, V alue, Mom); the winsorized turnover ratio of
fund holdings (Turnover) and the amount of cash held (Cash). Independent variables:
funds_placebo (F � Panel 1) and months_placebo (M � Panel 2) dummies and their
interaction with a dummy identifying NBER recessions periods (Recession), winsorized
expense ratio (Expenses) and turnover ratio (Turnover), growth in net fund �ows measured
as the monthly percentage change in TNA not determined by fund returns (FlowsGrowth),
the 12�months rolling volatility in net fund �ows (FlowsV ol), total fund loads (Loads),
and style (Size, V alue, Mom), fund size (TNA) and age (Age) as de�ned above. Control
variables are de-meaned. Controls are omitted for brevity. Regressions speci�cation: month
�xed�e�ects, month and fund clustered standard errors.

Funds Placebo

Age TNA Mom Size Value Turnover Cash
Constant 4.875*** 5.600*** -0.037*** 0.270*** -0.010* 0.802*** 3.057***

(360.14) (237.27) (-17.41) (30.91) (-1.96) (73.60) (53.93)
F -0.007 0.054 -0.001 -0.005 -0.006 0.006 -0.106

(-0.19) (0.80) (-0.13) (-0.21) (-0.38) (0.20) (-0.67)
F X Recess -0.008 0.014 -0.003 0.023 0.011 -0.009 0.400*

(-0.40) (0.34) (-0.30) (1.09) (0.75) (-0.42) (1.91)
R2 0.25 0.49 0.06 0.05 0.06 0.09 0.05
Obs 331,413 331,413 331,413 331,413 331,413 331,413 314,206

Months Placebo

Age TNA Mom Size Value Turnover Cash
Constant 4.873*** 5.607*** -0.038*** 0.270*** -0.010** 0.803*** 3.048***

(386.00) (254.42) (-18.84) (33.15) (-2.09) (78.63) (58.18)
M 0.001 0.001 0.000 -0.000 -0.004* -0.005* 0.020

(0.26) (0.08) (0.13) (-0.07) (-1.93) (-1.75) (0.74)
M X Recess -0.003 -0.003 -0.003 0.006 -0.004 0.011 -0.027

(-0.28) (-0.18) (-0.75) (0.65) (-0.48) (1.34) (-0.24)
R2 0.25 0.49 0.06 0.05 0.06 0.09 0.05
Obs 331,413 331,413 331,413 331,413 331,413 331,413 314,206

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table II: New Basic Facts � Flows and Fees: Dependent variables: growth in net
fund �ows measured as the monthly percentage change in TNA which is not determined by
fund returns (Growth), the 12�months rolling volatility of net fund �ows (V olatility), funds
expenses ratio (Expenses), management fees (Mgmt), Actual 12b1 fee (Actual12b1) and
fund loads (Loads). Independent variables are the same as described in Table I. Controls
are omitted for brevity. Regression speci�cations: month �xed�e�ects, month and fund
clustered standard errors.

Funds Placebo

Flows Fees

Growth Volatility Expenses Mgmt Actual 12b1 Loads
Constant -0.001*** 0.203*** 1.209*** 0.713*** 0.243*** 0.009***

(-2.85) (46.88) (198.45) (128.33) (42.31) (38.16)
F -0.002** -0.021** 0.020 0.011 0.014 -0.001

(-2.59) (-2.20) (1.08) (0.66) (0.88) (-1.28)
F X Recess 0.001 0.005 0.005 0.001 0.001 0.000

(0.82) (0.50) (0.61) (0.13) (0.23) (0.87)
R2 0.04 0.36 0.33 0.05 0.30 0.19
Obs 331,413 331,413 331,413 331,073 226,911 331,413

Months Placebo

Flows Fees

Growth Volatility Expenses Mgmt Actual 12b1 Loads
Constant -0.001*** 0.200*** 1.212*** 0.714*** 0.244*** 0.009***

(-4.06) (50.59) (209.17) (135.40) (45.52) (40.60)
M -0.000 -0.001 0.001 0.006*** 0.001 0.000

(-0.04) (-0.32) (0.43) (2.89) (0.72) (0.09)
M X Recess 0.000 -0.001 -0.003 -0.005 -0.005 -0.000

(0.34) (-0.26) (-0.56) (-1.02) (-1.12) (-0.98)
R2 0.04 0.36 0.33 0.05 0.30 0.19
Obs 331,413 331,413 331,413 331,073 226,911 331,413

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table III: Test of Proposition 1 � Switching: Graphical representation of regression
coe�cients. Dependent variables: stock picking in recessions and macro-timing in expansions
measured as the covariance of portfolio weights (in excess of the market weight) with
earning surprises (Picking (R)) and innovations in industrial production (IndPro (E))
or non-farm payrolls (NFPay (E)) respectively; and characteristic-timing in expansions
(DGTW (E)) indicating funds' ability to time their exposures to the size, book-to-market
and momentum factors. Independent variables: a dummy identifying the funds_placebo
classi�cation (F_placebo), dummy variables identifying the top q% of funds with the highest
timing ability in recessions (TopT_R) or picking ability in expansions (TopP_E); and
interactions between the F_placebo dummy and the high-ability dummies (TopP_ExF ,
TopT_RxF ). In each panel the high-ability dummy is based on the same measure as the
dependent variable but in the opposite business cycle phase. Measures construction is
detailed in Section 5.1. Coe�cients are estimated using high-ability cuto�s of q = 10%
to q = 25%. Bars indicate 10% con�dence intervals. All regressions include control variables
as described in Table I; omitted for brevity. Regressions speci�cation: month �xed�e�ects,
month and fund clustered standard errors.
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Table IV: Test of Proposition 1 � Switching: Graphical representation of regression
coe�cients. Dependent variables: stock picking in recessions and macro-timing in expansions
measured as the covariance of portfolio weights (in excess of the market weight) with earning
surprises (Picking (R)) and innovations in industrial production (IndPro (E)) or non-farm
payrolls (NFPay (E)) respectively; and characteristic-timing in expansions (DGTW (E))
indicating funds' ability to time their exposures to the size, book-to-market and momentum
factors. Independent variables: a dummy identifying the months_placebo classi�cation
(M_placebo), dummy variables identifying the top q% of funds with the highest timing
ability in recessions (TopT_R) or picking ability in expansions (TopP_E); and interactions
between the M_placebo dummy and the high-ability dummies (TopP_ExF , TopT_RxF ).
In each panel the high-ability dummy is based on the same measure as the dependent variable
but in the opposite business cycle phase. Measures construction is detailed in Section 5.1.
Coe�cients are estimated using high-ability cuto�s of q = 10% to q = 25%. Bars indicate
10% con�dence intervals. All regressions include control variables as described in Table I;
omitted for brevity. Regressions speci�cation: month �xed�e�ects, month and fund clustered
standard errors.
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Table V: Test of Proposition 1 � Specializing: Graphical representation of regression
coe�cients. Dependent variables: stock picking in recessions and macro-timing in expansions
measured as the covariance of portfolio weights (in excess of the market weight) with
earning surprises (Picking (R)) and innovations in industrial production (IndPro (E))
or non-farm payrolls (NFPay (E)) respectively; and characteristic-timing in expansions
(DGTW (E)) indicating funds' ability to time their exposures to the size, book-to-market
and momentum factors. Independent variables: a dummy identifying the funds_placebo
classi�cation (F_placebo), dummy variables identifying the top q% of funds with the highest
timing ability in recessions (TopT_R) or picking ability in expansions (TopP_E); and
interactions between the F_placebo dummy and the high-ability dummies (TopP_ExF ,
TopT_RxF ). In each panel the high-ability dummy is based on the same measure as the
dependent variable but in the opposite business cycle phase. Measures construction is
detailed in Section 5.1. Coe�cients are estimated using high-ability cuto�s of q = 10%
to q = 25%. Bars indicate 10% con�dence intervals. All regressions include control variables
as described in Table I; omitted for brevity. Regressions speci�cation: month �xed�e�ects,
month and fund clustered standard errors.
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Table VI: Test of Proposition 1 � Specializing: Graphical representation of regression
coe�cients. Dependent variables: stock picking in recessions and macro-timing in expansions
measured as the covariance of portfolio weights (in excess of the market weight) with earning
surprises (Picking (R)) and innovations in industrial production (IndPro (E)) or non-farm
payrolls (NFPay (E)) respectively; and characteristic-timing in expansions (DGTW (E))
indicating funds' ability to time their exposures to the size, book-to-market and momentum
factors. Independent variables: a dummy identifying the months_placebo classi�cation
(M_placebo), dummy variables identifying the top q% of funds with the highest timing
ability in recessions (TopT_R) or picking ability in expansions (TopP_E); and interactions
between theM_placebo dummy and the high-ability dummies (TopP_ExM , TopT_RxM).
In each panel the high-ability dummy is based on the same measure as the dependent variable
but in the opposite business cycle phase. Measures construction is detailed in Section 5.1.
Coe�cients are estimated using high-ability cuto�s of q = 10% to q = 25%. Bars indicate
10% con�dence intervals. All regressions include control variables as described in Table I;
omitted for brevity. Regressions speci�cation: month �xed�e�ects, month and fund clustered
standard errors.
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Table VII: Test of Proposition 1: All Models in Panel 1 (Panel 2) are run using
only observations from NBER recession (expansion) dates. Dependent variables: stock
picking (SP_SUE), macro-timing (MT_IndPro,MT_NFPay) and characteristics-timing
(CT_DGTW ) abilities. Stock picking and macro-timing are measured as the covariance
of portfolio weights (in excess of the market weight) with future earning surprises and
innovations in industrial production or non-farm payrolls respectively (as de�ned is
Section 5.1). Characteristic-timing represents funds' ability to time their exposures to the
size, book-to-market and momentum factors. Independent variables are the same as described
in Table I. Controls are omitted for brevity. Regressions speci�cation: month �xed�e�ects,
month and fund clustered standard errors.

Recessions

SP_SUE MT_IndPro MT_NFPay CT_DGTW
Constant -1.7835*** 0.3910*** 0.3292*** -0.3770***

(-47.52) (40.43) (20.82) (-169.79)
F 0.1482 0.0155 -0.0450 0.0239

(1.36) (0.55) (-1.17) (1.48)
R2 0.12 0.54 0.36 0.80
Obs 38,846 38,846 38,846 38,846
Constant -1.7675*** 0.3930*** 0.3217*** -0.3727***

(-51.03) (43.29) (22.11) (-98.94)
M 0.0252 -0.0003 0.0136 -0.0102

(0.43) (-0.02) (0.68) (-0.28)
R2 0.12 0.54 0.36 0.80
Obs 38,846 38,846 38,846 38,846

Expansions

SP_SUE MT_IndPro MT_NFPay CT_DGTW
Constant 0.0645*** -0.0815*** -0.0607*** 0.2696***

(7.47) (-30.02) (-9.85) (157.55)
F -0.0087 0.0091 -0.0152 0.0027

(-0.34) (1.31) (-0.84) (0.33)
R2 0.14 0.22 0.42 0.37
Obs 264,405 264,405 264,405 264,405
Constant 0.0636*** -0.0800*** -0.0620*** 0.2692***

(7.90) (-32.27) (-10.72) (168.14)
M -0.0016 -0.0027 -0.0049 0.0052

(-0.13) (-0.99) (-0.85) (0.59)
R2 0.14 0.22 0.42 0.37
Obs 264,405 264,405 264,405 264,405

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table VIII: Test of Proposition 2: Dependent variables: the natural logarithm of the
winsorized number of stocks held (ln(Number Stocks)); and the natural logarithm of the 24-
months and 36-months rolling volatility of fund returns (Return V ol) and Carhart 4�factor
idiosyncratic volatility (IV ol − CAR). Independent variables are the same as described
in Table I. Model (2) also controls for the percentage of cash held (Cash %). Controls are
omitted for brevity. Panel 1 (2) utilizes the funds_placebo (months_placebo). Regressions
speci�cation: month �xed�e�ects, month and fund clustered standard errors.

Funds Placebo

ln(Number Stocks) ln(Return Vol) ln(IVol � CAR)

(1) (2) 24m 36m 24m 36m
Constant 4.449*** 4.456*** 1.489*** 1.527*** 0.047*** 0.132***

(318.56) (315.42) (517.26) (512.96) (6.70) (18.35)
F 0.037 0.036 0.003 0.003 -0.013 -0.012

(0.92) (0.88) (0.36) (0.38) (-0.63) (-0.56)
F X Recess 0.014 0.018 -0.016* -0.016** -0.035** -0.040***

(0.62) (0.69) (-1.90) (-2.33) (-2.43) (-2.81)
R2 0.16 0.16 0.76 0.75 0.43 0.43
Obs 331,413 314,206 313,940 292,960 313,940 292,960

Months Placebo

ln(Number Stocks) ln(Return Vol) ln(IVol � CAR)

(1) (2) 24m 36m 24m 36m
Constant 4.455*** 4.462*** 1.489*** 1.527*** 0.044*** 0.129***

(340.09) (336.84) (562.15) (556.47) (6.74) (19.17)
M -0.008* -0.007 -0.001 -0.001 0.002 0.002

(-1.76) (-1.57) (-0.87) (-0.55) (0.81) (0.63)
M X Recess -0.004 -0.007 0.001 -0.002 0.002 0.004

(-0.31) (-0.58) (0.16) (-0.75) (0.34) (0.66)
R2 0.16 0.16 0.76 0.75 0.43 0.43
Obs 331,413 314,206 313,940 292,960 313,940 292,960

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table IX:Test of Proposition 3Dependent variables: TNA-weighted average of the natural
logarithm of market capitalization (MktCap) and monthly media mentions (News); age in
months (Age), and number analysts following (Analysts) the stocks held. Independent
variables are the same as described in Table I; plus the TNA-weighted market capitalization
(Stock_Size) and illiquidity�measured using Amihud ratio�(Illiquidity) of stocks held.
Controls are omitted for brevity. Panel 1 (2) utilizes the funds_placebo (months_placebo).
Regressions speci�cation: month �xed�e�ects, month and fund clustered standard errors.

Funds Placebo � Stock Characteristics

MktCap MktCap Age News Analysts Analysts
Constant 9.724*** 9.725*** 316.989*** 4.384*** 8.109*** 8.118***

(258.50) (403.41) (259.26) (812.93) (439.53) (135.22)
F -0.035 -0.044 0.576 0.002 0.052 -0.006

(-0.34) (-0.65) (0.16) (0.12) (0.99) (-0.04)
F X recession -0.047 -0.007 0.927 -0.003 -0.018 -0.086

(-1.14) (-0.17) (0.34) (-0.16) (-0.27) (-1.08)
Size -1.771***

(-26.53)
Stock_Size 49.297*** 0.594*** 1.516***

(53.54) (70.75) (29.77)
Illiquidity 18.161*** 0.102*** -0.137 -1.393***

(4.94) (2.86) (-1.38) (-2.91)
R2 0.10 0.44 0.64 0.87 0.75 0.41
Obs 331,409 331,409 331,409 331,409 331,409 331,409

Months Placebo � Stock Characteristics

MktCap MktCap Age News Analysts Analysts
Constant 9.719*** 9.719*** 317.099*** 4.385*** 8.115*** 8.116***

(276.88) (432.33) (275.91) (871.57) (474.77) (144.45)
M -0.001 -0.001 -0.131 -0.001 -0.013 -0.013

(-0.08) (-0.17) (-0.31) (-0.41) (-0.97) (-0.71)
M X recession -0.010 0.001 -0.227 -0.009* 0.097*** 0.076

(-0.38) (0.04) (-0.22) (-1.65) (2.99) (1.51)
Size -1.771***

(-26.53)
Stock_Size 49.295*** 0.594*** 1.516***

(53.52) (70.77) (29.77)
Illiquidity 18.151*** 0.102*** -0.138 -1.393***

(4.94) (2.86) (-1.39) (-2.91)
R2 0.10 0.44 0.64 0.87 0.75 0.41
Obs 331,409 331,409 331,409 331,409 331,409 331,409

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table X: Test of Proposition 4: Dependent variables: winsorized commonality
(Commonality) and active commonality (Active_Commonality); the natural logarithm of
winsorized dispersion (Log(Dispersion)). Commonality (resp. Active_Commonality) is the
weighted average of the percentage of funds of the same type that hold the same stocks (resp.
that are active on the same stocks). Dispersion is the cumulative squared di�erence in the
weight allocated by each funds and the average weight allocated by funds of the same type
to each stock. Measures construction is detailed is Section 5.1. Independent variables are
the same as described in Table I. Controls are omitted for brevity. Panel 1 (2) utilizes the
funds_placebo (months_placebo). Regressions speci�cation: month �xed�e�ects, month
and fund clustered standard errors.

Funds Placebo

Commonality Active_Commonality Log(Dispersion)
Constant 12.15*** 6.579*** 0.228***

(125.30) (95.14) (14.96)
F -0.127 -0.0503 0.0299

(-0.46) (-0.27) (0.72)
F X Recess 0.0109 0.107 0.0362

(0.06) (0.91) (0.87)
R2 0.41 0.42 0.14
Obs 331,413 331,413 331,413

Months Placebo

Commonality Active_Commonality Log(Dispersion)
Constant 12.13*** 6.575*** 0.231***

(134.30) (102.41) (16.34)
M 0.0135 -0.00446 0.0106*

(0.45) (-0.18) (1.96)
M X Recess -0.0505 0.00639 -0.0112

(-0.61) (0.09) (-0.76)
R2 0.41 0.42 0.14
Obs 331,413 331,413 331,413

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table XI: Test of Propositions 5 and 6: Dependent variables: performance measured as
the 24�months (Models (1)− (3)) and 36�months (Models (4)− (6)) rolling Carhart Alpha
(winsorized at the 1% level) � Panel 1 � and Value Added � Panel 2. Regressions are run
separately for recession (Models (1)−(2)) and expansion (Models (3)−(4)) periods, identi�ed
using NBER business cycle dates. Independent variables are the same as described in Table
I. Controls are omitted for brevity. Regressions speci�cation: month �xed�e�ects, month
and fund clustered standard errors.

Alpha (CAR)

Recessions Expansions

24m 36m 24m 36m
Constant 0.0338*** -0.00491 -0.0960*** -0.0928***

(5.29) (-0.92) (-34.61) (-33.64)
F -0.00344 0.00125 -0.00331 -0.00469

(-0.19) (0.08) (-0.43) (-0.60)
R2 0.19 0.18 0.20 0.20
Obs 39,073 35,972 273,463 254,497
Constant 0.0321*** -0.00542 -0.0962*** -0.0932***

(5.40) (-1.08) (-37.23) (-36.25)
M 0.0100** 0.00531 -0.00153 -0.00149

(2.06) (1.24) (-0.85) (-1.02)
R2 0.19 0.18 0.20 0.20
Obs 39,073 35,972 273,463 254,497

Value Added (CAR)

Recessions Expansions

24m 36m 24m 36m
Constant 77.73*** 69.40*** -34.98*** -21.91***

(8.11) (7.53) (-6.50) (-3.79)
F -11.35 -6.335 -21.90* -25.74*

(-0.41) (-0.25) (-1.80) (-1.93)
R2 0.09 0.11 0.06 0.06
Obs 39,073 35,972 273,463 254,497
Constant 77.46*** 69.21*** -37.04*** -24.60***

(8.45) (7.88) (-7.41) (-4.56)
M_placebo -9.352 -4.937 -5.925* -4.831*

(-1.13) (-0.56) (-1.72) (-1.67)
R2 0.09 0.11 0.06 0.06
Obs 39,073 35,972 273,463 254,497

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table XII: Test of Propositions 5 and 6 � Information Gap: Dependent variable:
performance measured as the 24�months (Models (1)-(3)), and 36�months (Models (4)-
(6)) rolling Carhart Value Added (winsorized at the 1% level). Independent variables:
information gap, measured as: the age of stocks held (Stock_Age), the natural logarithm of
the number of times stocks held are mentioned monthly in Dow Jones news (Stock_News),
the natural logarithm of the market capitalization of stocks held (Stock_MktCap). Are
also included interaction terms between all explanatory variables and the funds_placebo
classi�cation (F ). The information gap is the weighted average of the characteristic of
interest for the stocks held each month by each fund, as de�ned is Section 5.1. Independent
variables are the same as described in Table I. Controls are omitted for brevity. Regressions
speci�cation: month �xed�e�ects, month and fund clustered standard errors.

Value Added (CAR) � 24m Value Added (CAR) � 36m

F -49.39* -52.87 -61.28 -66.56** -58.37 -61.06
(-1.72) (-1.34) (-1.13) (-2.15) (-1.39) (-1.08)

F X Recess 10.36 8.468 10.46 17.98 15.71 17.58
(0.35) (0.29) (0.35) (0.72) (0.63) (0.69)

Stock_Age -0.274*** -0.278***
(-4.65) (-4.95)

Stock_Age X F 0.0876 0.129
(1.06) (1.55)

Stocks_News -37.14*** -37.18***
(-6.80) (-6.78)

Stocks_News X F 7.035 7.347
(0.78) (0.76)

Stock_MktCap -17.23*** -17.53***
(-5.19) (-5.39)

Stock_MktCap X F 4.032 3.588
(0.70) (0.60)

Constant -17.33*** -16.85** -15.79* -5.298 -6.321 -5.993
(-2.66) (-2.28) (-1.78) (-0.76) (-0.79) (-0.64)

R2 0.06 0.06 0.06 0.07 0.07 0.07
Obs 312,536 312,536 312,532 290,469 290,469 290,465

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table XIII: Test of Propositions 5 and 6 � Information Gap: Dependent variable:
performance measured as the 24�months (Models (1)-(3)), and 36�months (Models (4)-
(6)) rolling Carhart Value Added (winsorized at the 1% level). Independent variables:
information gap, measured as: the age of stocks held (Stock_Age), the natural logarithm of
the number of times stocks held are mentioned monthly in Dow Jones news (Stock_News),
the natural logarithm of the market capitalization of stocks held (Stock_MktCap). Are
also included interaction terms between all explanatory variables and the months_placebo
classi�cation (M). The information gap is the weighted average of the characteristic of
interest for the stocks held each month by each fund, as de�ned is Section 5.1. Independent
variables are the same as described in Table I. Controls are omitted for brevity. Regressions
speci�cation: month �xed�e�ects, month and fund clustered standard errors

Value Added (CAR) � 24m Value Added (CAR) � 36m

M -21.03** -5.925 -9.939 -17.00** -14.01 -18.86
(-2.11) (-0.51) (-0.60) (-2.04) (-1.33) (-1.36)

M X Recess -4.418 -5.382 -4.821 -0.398 -1.425 -0.523
(-0.52) (-0.62) (-0.55) (-0.04) (-0.15) (-0.05)

Stock_Age -0.269*** -0.266***
(-4.93) (-5.16)

Stock_Age X M 0.0465 0.0373
(1.53) (1.56)

Stock_News -36.13*** -36.35***
(-7.07) (-7.08)

Stock_News X M -0.00844 2.080
(-0.00) (0.85)

Stock_MktCap -16.69*** -17.17***
(-5.30) (-5.61)

Stock_MktCap X M 0.409 1.430
(0.23) (0.97)

Constant -20.72*** -22.69*** -22.17*** -11.36** -11.74** -11.11*
(-4.08) (-4.42) (-4.10) (-2.10) (-2.11) (-1.94)

R2 0.06 0.06 0.06 0.07 0.07 0.07
Obs 312,536 312,536 312,532 290,469 290,469 290,465

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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Table XIV: Test of Propositions 5 and 6 � Commonality and Overcrowding:

Dependent variable: performance measured as the 24�months rolling Carhart Value Added
(winsorized at the 1% level). Independent variables: commonality (Commonality) and
overcrowding (Overcrowding) measures, as de�ned is Section 5.1, and their interaction with
the funds (F ) and months (M) placebos. Independent variables are the same as described
in Table I. Controls are omitted for brevity. Regressions speci�cation: month �xed�e�ects,
month and fund clustered standard errors.

Value Added (CAR)

24m 36m 24m 36m
Constant -20.82*** -10.48* -21.03*** -10.68*

(-4.01) (-1.86) (-4.02) (-1.89)
F -22.07* -26.17* -20.73* -24.90*

(-1.79) (-1.95) (-1.69) (-1.86)
F X R 9.095 16.78 9.705 17.61

(0.31) (0.67) (0.33) (0.69)
Commonality -6.291*** -6.457***

(-7.35) (-7.23)
Commonality X F 0.859 0.987

(0.53) (0.58)
Commonality TNA -233.9*** -251.5***

(-5.98) (-6.27)
Commonality X TNA X F -3.973 14.79

(-0.05) (0.19)
R2 0.06 0.07 0.06 0.07
Obs 312,536 290,469 312,536 290,469

Constant -22.70*** -12.96** -22.67*** -12.93**
(-4.72) (-2.47) (-4.67) (-2.45)

M -5.720* -4.582 -6.186* -5.145*
(-1.67) (-1.59) (-1.82) (-1.79)

M X R -5.620 -1.565 -4.508 -0.428
(-0.64) (-0.16) (-0.52) (-0.04)

Commonality -6.212*** -6.396***
(-7.65) (-7.52)

Commonality X M 0.386 0.711*
(0.87) (1.79)

Commonality X TNA -235.1*** -250.6***
(-6.42) (-6.68)

Commonality X TNA X M 1.008 4.469
(0.04) (0.24)

R2 0.06 0.07 0.06 0.07
Obs 312,536 290,469 312,536 290,469

t statistics in parentheses; * p<0.10, ** p<0.05, *** p<0.01
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