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Abstract

A growing literature employs equity mutual fund flows to measure stock’s ex-
posure to non-fundamental demand risk - stock price fragility. However, this
approach may be biased by confounding fundamental information potentially
leading to an underestimation of risk exposure. We propose an alternative
estimation procedure that incorporates readily available primary market data
from exchange-traded funds (ETFs). Our proposed procedure significantly
enhances the predictive power of fragility in forecasting stock return volatil-
ity. Moreover, we find that our measure captures the influence of increase
ETF activeness while partially capturing the effect of institutional investors’
demand on price return volatility. Additionally, our analysis reveals a de-
crease in the explanatory power of mutual fund-based fragility. These results
highlight the advantages of employing an ETF-based fragility measure that
takes into account recent developments in the asset management industry,
particularly the rise of passive investing.

Keywords: Non-fundamental demand risk, Fragility, Mutual funds, ETFs, volatil-
ity.
JEL codes: G12, G14, G23

∗Renato Lazo-Paz is from Telfer School of Management, University of Ottawa, 55 Laurier Ave
E, Ottawa, Ontario K1N 6N5, Canada. We thank Hamilton Galindo, Yinjie Shen, Wei Wang,
Maksim Isakin, Fabio Moneta, Adelphe Ekponon, and seminar participants at Cleveland State
University and The University of Ottawa for their valuable comments.



1 Introduction

Classic asset pricing theories state that stock prices fluctuate in response to funda-

mental shocks such as news. This argument is based on the assumption that trading

unrelated to a firm’s fundamentals (i.e., non-fundamental demand shocks) triggers

a response by arbitrageurs who take the opposite side, canceling out any potential

impact on security prices (e.g., Fama, 1965; Ross, 1976). However, a substantial

body of empirical and theoretical literature demonstrates that trading driven by

non-fundamental information can influence stock prices and that arbitrage activity

faces various limitations that contribute to the potential persistence of mispricing1

Thus, results of great interest to measure a stock’s exposure to non-fundamental

induced price variation.

But, how to measure the impact of non-fundamental shocks on stock prices? And

how to measure a stock’s exposure to such risk? The literature has addressed the first

question by observing investor flows to mutual funds and their subsequent effect on

stock prices (Coval and Stafford, 2007; Edmans et al., 2012; Dong et al., 2021). For

the latter, an increasing number of studies2 employ the stock price fragility of Green-

wood and Thesmar (2011). This composite measure combines information on an as-

set’s ownership structure and the owners non-fundamental driven trades to capture

firm-level exposure to non-fundamental demand risk. To capture these liquidity-

motivated trades, Greenwood and Thesmar (2011) also relies on mutual fund flows

as proxy. Yet, despite the widely spread used of mutual fund flows as proxy of , there

is a growing concern on their validity as instruments of non-fundamentally driven

1Seminal theoretical papers modeled the effect of noise traders (De Long et al., 1990), trading
motivated by informational and noninformational motives (Wang, 1996) and the limits to arbitrage
activity (Shleifer and Vishny, 1997) on stock prices and trading volume.

2In empirical corporate finance settings, studies have related stock price fragility to firm’s
financing costs (Francis et al., 2021), cash holdings and investment policies (Friberg et al., 2023).
In the context of asset pricing factors, Huang et al. (2021) estimates the stock price fragility at the
factor level to analyze the component of stock pricing factors returns driven by noise trading.
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price pressure. Most importantly, the assumption of proportional trading and dumb

money.

The focus of this article is to provide the literature with an alternative estimation

of stock price fragility that potentially overcomes recent criticism while capturing a

broader set of non-fundamental-driven sources of price variation. Motivated by the

Exchange-traded Funds (ETF) trading model of Brown, Davies and Ringgenberg

(2021), we propose an alternative estimation of Greenwood and Thesmar (2011)

fragility that employs ETF primary market flows3 and ownership composition. We

argue that this approach does not suffer from several shortcomings of employing

mutual fund data. Moreover, we relate our methodology to the theoretical frame-

work of Ben-David et al. (2021) and show that using ETF data has the additional

benefit of capturing the influence of both retail and institutional investor’s demand

effect on stock’s volatility. We first construct the stock price fragility measure as in

Greenwood and Thesmar (2011), GMF , for the same sample period and extend it

until the last quarter of 2018. We then proceed to reestimate the fragility measure

employing ETFs primary market flows and ownership composition, GETF .

We highlight four main results. First, we find that the statistical and economic

significance of GMF in explaining next quarter stock (excess) return volatility has

significantly declined in the second part of our sample (2009-2018), which coincides

with the out-of-sample period of Greenwood and Thesmar (2011) study. While we do

not focus on studying the determinants of this decline, we observe that this behavior

coincides with a period in which the equity mutual fund industry has experienced

significant outflows, as shown in figure 1, and significant growth of the ETF industry

3An important distinction is between primary and secondary ETF trading markets. The pri-
mary market refers to the creation and redemption process between authorized participants (AP)
and financial institutions. The secondary market refers to the intraday trading that occurs among
investors that could be due to many different reasons. Madhavan (2014) and Ben-David et al.
(2017) provide excellent reviews of the ETF industry.
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in volume and trading participation (Dannhauser and Pontiff, 2019; Glosten et al.,

2021; Easley et al., 2021). This finding is consistent with recent evidence showing

that mutual fund flows might also include information about discretionary trades4

(Huang et al., 2022; Berger, 2022) and time-varying specialized demand5 (Rzeznik

and Weber, 2022). Hence, raising significant concerns regarding the validity of the

proportional trading assumption 6

Second, we show that GETF strongly predicts next quarter’s stock (excess) return

volatility. While the relationship is weak for the first part of our sample, 1989 - 2009,

its economic and statistical significance increases in the second part, 2009 - 2018.

This evidence is consistent with the rise of ETF trading volume (Ben-David et al.,

2017) and participation in institutional and retail investors’ portfolios (Dannhauser

and Pontiff, 2019). Moreover, our findings are consistent with Brown, Davies and

Ringgenberg (2021) model and empirical evidence of ETF primary flows as being

indicatives of non-fundamental demand shocks.

Third, we show that the explanatory power of GETF increased as the level of

ETF activeness has risen in our sample. A potential concern is that our results

are based on comparing two fundamentally distinct investment vehicles regarding

their investment mandates. This is because equity mutual funds are actively man-

aged while ETFs are, by construction, passive vehicles that aim at replicating a

benchmark. We address this concern by estimating the activeness index of Easley

4Discretionary trades refer to those that contain fundamental information. This is, trades
motivated by the fund managers’ beliefs about stock mispricing that represent opportunities to
generate alpha. Contrary to discretionary trades, expected trades assume that fund managers only
expand (contract) their current portfolio in response to inflows(outflows).

5This refers to the demand from funds familiar with a specific set of assets that better allows
them to price them adequately.

6For mutual fund flows to serve as a valid instrument for non-fundamental demand, it is essential
that the information they convey remains independent and unrelated to any fundamental trading
motive. This is possible if we assume that mutual funds trade (buy or sell) such that their initial
allocation proportion does not change when faced with flows. This should be especially stronger
when faced with extreme outflows or fire sales Coval and Stafford (2007); Edmans et al. (2012).
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et al. (2021) for our sample of ETFs. We corroborate the authors’ findings in a

broader sample of ETFs and show that most ETFs are, in fact, active invesments7.

Moreover, we decompose the GETF into active and non-active components and find

that our results are driven mainly by the active component. These results provides

evidence supporting concerns that increased ETF industry activeness Easley et al.

(2021) and that the spread of specialized ETFs may channel demand for overvalued

stocks (Ben-David et al., 2023).

Fourth, we provide evidence that GETF captures the effect of mid and small-

sized institution ownership on stock price volatility. In a recent study, Ben-David

et al. (2021) show that large institutional investors are less able to diversify away

idiosyncratic shocks that affect their holdings due to the correlated behavior of their

constitutient subunits (i.e., granularity). Thus, ownership by large institutional

investors predicts higher stock price volatility. We follow the specification of Ben-

David et al. (2021) and observe that GETF remains significant when we include the

effect of institutional ownership. Moreover, when including GETF the explanatory

power of mid and small institutional ownership disappear. We interpret this evidence

as a result of the distinct ownership structure of the ETF industry. In contrast to the

mutual fund industry, which is mostly owned by households (i.e., retail investors)

ETFs are roughly equally owned by retail and institutional investors (Dannhauser

and Pontiff, 2019). This fact can help explain why including GETF subsumes the

explanatory power of mid and small-sized institutions.

Overall, our results are consistent with the argument that ETF primary markets

flows provide valid signals of non-fundamental demand shocks Brown, Davies and

Ringgenberg (2021) and that not only retail-based ownership but institutional in-

7Easley et al. (2021) define ETF activeness as being in form or in function. A fund is active in
form if it is designated to deliver out-performance or alpha. In function implies that a fund being
passively or actively managed could serve as a building block of an active portfolio.
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vestors ownership may contribute to stock return volatility (Koijen and Yogo, 2019;

Bushee and Noe, 2000; Ben-David et al., 2021). Recent changes in the asset man-

agement industry (i.e., a rise of passive investing), greater accessibility to broader

sets of data, and recent theoretical development and empirical evidence calls for a

revision of the estimation of fragility, which we address in this paper.

This paper contributes to the empirical literature on non-fundamental demand

and stock fragility in asset pricing. Furthermore, we contribute to the literature that

studies the effect of ETF on the volatility (Ben-David et al., 2018) and activeness

on the underlying assets (Easley et al., 2021). While the evidence that the ETS

increases the volatility of the underlying stocks is vast, our analysis provides evidence

that these effects are complemented by ownership structure.

The rest of this article is organized as follows. Section 2 describes the conceptual

framework that supports our empirical approach. Section 3 describes the mutual

fund (MF) and exchange-traded fund (ETF) data sources. Section 4 shows our main

empirical results. Section 5 concludes and briefly discusses the implications of our

results.

2 Conceptual framework

This section describes the theoretical framework that motivates our empirical method-

ology. We then review the theoretical model that illustrates the impact of non-

fundamental demand on asset prices to describe how our proposed measure relates

to previous studies.
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2.1 Non-fundamental demand shocks

Non-fundamental demand shocks lead agents to trade an asset independently of fun-

damental information about deteriorating (improving) future growth perspectives or

changes in risk aspects. While classic asset pricing theory regards those trades as

noise, such flows can cause asset prices to deviate from their fundamental values

(De Long et al., 1990). The financial economics literature that explores the rea-

sons behind such trades is vast but can be broadly categorized into noise/liquidity-

driven (De Long et al., 1990; Wang, 1994) and sentiment-driven8 (Baker and Wur-

gler, 2006). While research acknowledges the influence of non-fundamental demand

shocks on asset prices, it remains a challenge to identify those shocks since fundamen-

tal values are unobservable. To understand why ETF primary market flows provide

clear signals of non-fundamental demand shocks, we begin by briefly describing the

redemption/creation mechanism underlying ETF trading. We then show how this

process helps us understand the intuition behind Brown, Davies and Ringgenberg

(2021) model.

ETFs are commonly regarded as one of the most significant innovations in the as-

set management industry (Madhavan, 2014; Huang et al., 2020). Among the reasons

for such success, are their low transaction costs and intraday liquidity. Moreover, the

expansion of the ETF industry has led to the creation of a wide variety of products

tracking a wide set of benchmarks which offers investors the possibility of gaining

exposure to the broad market and specific sectors (Ben-David et al., 2023). Comple-

menting these characteristics is the redemption/creating mechanism that sets ETFs

apart from other investment vehicles.

ETFs are investment entities that issue securities (primary market) continuously

8The literature on investor sentiment include explanations based on over and under reaction,
gambling-like behavior, disposition effect among among all the phenomena studied by behavioral
finance approach
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traded on public exchanges (secondary market). This specific setting leads to the

possibility of ETFs shares diverging from the Net Asset Value (NAV) of the underly-

ing securities that compose the benchmark. This arbitrage opportunity is corrected

by Authorized Participants (AP). This is known as the creation-redemption mecha-

nism. Brown, Davies and Ringgenberg (2021) argue that this temporary dislocation

between ETF’s NAV and the value of their underlying assets signals the appearance

of a non-fundamental demand shock. Moreover, since these discrepancies are cor-

rected through the redemption (creation) of ETF shares by APs, these changes in

ETF shares (i.e., flows) allow researchers to observe those non-fundamentally driven

trades.

Brown, Davies and Ringgenberg (2021) model the equilibrium ETF flow as fol-

lows

lim
N→∞

∆ =
ϵETF − ϵNAV

λ+ η
(1)

where ∆ is the ETF flows, ϵETF and ϵNAV represent aggregate non-fundamental

demand shocks affecting the ETF shares price and the ETF underlying NAV, re-

spectively. λ proxies for investors’ sensitivity to the measure of shares, and η is a

measure of price pressure. In other words, equation (1) states that the equilibrium

ETF flows does not contain fundamental shocks9 but that they are the product of

net excess demand in either the ETF shares of the ETF underlying assets. The

authors confirm their theoretical model by empirically showing that ETF flows pre-

dict future asset returns that later reverse and that these effect is strongests among

leveraged ETFs and high activity ETFs (those with more active primary markets).

Brown, Davies and Ringgenberg (2021) relate their model to the well-known

9This is because while the demand for the ETF shares and the demand for the underlying
assets both contain fundamental information, this component does not directly appear in the
relative mispricing.
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Berk and Green (2004) model that states that mutual fund flows reflect learning and

adapting investor behavior regarding manager’s skill. However, a notable difference

is that ETFs are passively managed vehicles, thus flows cannot reflect learning about

managerial skills by investors, but competition among APs that arbitrage away any

misalingment between ETF shares value and its underlying NAV. We rely on this

aspect as one of the main advantages of an ETF-based fragility measure over the

one based on mutual fund data since ETF-flows are free of any discretionary skill-

revealing information but rather signal arbitrage activity.

Overall, we argue that as shown by Brown, Davies and Ringgenberg (2021) the

arbitrage mechanism that characterizes the ETF primary market provides two main

benefits for fragility estimation (i) ETF shares creation and redemption (primary

market) signals non-fundamental demand shocks, (ii) the mechanical correction of

misalignments between ETF NAV and underlying assets avoids concerns regarding

discretionary decisions that might confound fundamental information in fund flows.

2.2 Ownership structure and non-fundamental risk

Stock price fragility measures a security exposure to shifts in non-fundamental de-

mand by capturing the joint influence of ownership composition and the variance-

covariance matrix of liquidity-driven trades (flows) of the asset owners. Greenwood

and Thesmar (2011) propose this measure based on a model that represents the

changes in portfolio assets as the function of two components: i) that due to active

rebalancing, and ii) flow-driven trading. Then, under the assumption of a stable rela-

tionship between aggregate flow-driven buys into security, its return can be modeled

as follows:

ri,t+1 = α + λ

∑
k wiktfkt
θit

+ ϵi,t+1 (2)
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Where ri,t+1 is the return of security i calculated from time t to time t+ 1, wikt

is the dollar weight of security i in investor’s k portfolio at time t, fkt net inflows

to investor k, θit is a scaling factor usually proxied by the market capitalization of

security i, λ measures impact of liquidity trades, and ϵi,t+1 and error term. Thus, a

security expected return can be modeled as a function of aggregate flow-driven trades

and an error term. In other words, the assumption of non-fundamental returns due

to flows is captured by the first term on the right-hand side of this equation, while the

error term ϵ can be seen as capturing information about security’s i fundamentals.

If flow-driven demands cancel out across owners, prices should reflect fundamental

information only. However, if that demand is not solved, it has the potential to

exert temporary non-fundamental pressure on prices.

Another key assumption of this model is that flow-driven trading proxy for liq-

uidity demand from investors rather than fundamentals. Therefore, the fkt and ϵi,t+1

are uncorrelated. The stock fragility measure is then developed by first computing

the conditional variance of ri,t+1 as follows:

V art
(
ri,t+1

)
= λ2

(
1

θi,t

)2

Wi,tΩtWi,t︸ ︷︷ ︸
Fragility (G)

+σ2
i,t (3)

where σ2
i,t is the conditional variance of the ϵi,t+1 term (i.e., fundamental news).

Following the assumption of orthogonality between both components, the two com-

ponents that determine the variance due to non-fundamental demand are: Wi,t

which is the vector of the weight of each investor in security i and Ωt the conditional

variance-covariance matrix of flows from investors. Greenwood and Thesmar (2011)

name their proposed variable G stock price fragility,

Ben-David et al. (2021) focuses on studying the relationship between large in-

stitutions’ ownership and asset prices. In principle, the authors argue that the de-
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mand by institutional demands influence stock return behaviors by means of their

proportion of ownership and by the institutions’ possibility of diversifying away any

idiosyncratic shocks (i.e., granularity). Therefore, based on models of assymetric

information and risk-averse market makers, Ben-David et al. (2021) derive the fol-

lowing expression of the determinants of the variance of stock returns:

V art
(
ri,t+1

)
= σ2

e + µ2ϵ2a + µ2ϵ2n
∑(wikt−1f(Akt−1)

mit−1

)2
(4)

Where σ2
e represents the variance component explained by fundamental idiosyn-

cratic shocks, just the σ2
i,t component in equation (3), µ2ϵ2a captures systematic

aggregate shocks driving institutional trades, while the third component includes

the effect of the structure of ownership wikt−1, stock’s market capitalization mit−1,

an idiosyncratic component ϵ2n and a function of institutional investor k demand for

stock i, f(Akt−1). µ is a measure of price impact10

While both Greenwood and Thesmar (2011) and Ben-David et al. (2021) models

consider a stock’s ownership structure as a determinant of stock volatility, the latter

models this effect as a function of the degree of investor granularity and institutional

investor size. Moreover, their model considers the effect that a common component

may influence aggregate demand from institutional investors (µ2ϵ2a).

We argue that an ETF-based fragility measure is able to capture both aggre-

gate demand shocks to institutional investors while considering the effect of their

ownership. This element is missing in Greenwood and Thesmar (2011) specification

since mutual funds are mostly held by households while ETF are owned and traded

by both institutional11 and retail investors (Dannhauser and Pontiff, 2019). Also,

10While this component includes the consideration that demand shocks may affect stock prices
differently, both Greenwood and Thesmar (2011) and Ben-David et al. (2021) models assume this
parameter to be the same across stocks.

11On Appendix A shows the progressive inclusion of ETFs in 13F institutional investors’ port-
folios. We also include data on the adoption of leveraged and inverse-leveraged ETFs. We confirm
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the literature on the widespread use of ETFs by institutional investors is fast grow-

ing showing their use as means to actively gain exposure to specific sectors (Easley

et al., 2021), and by arbitrageurs circumventing short-sale constraints (Karmaziene

and Sokolovski, 2022; Li and Zhu, 2022) and hedging industry risk (Huang et al.,

2020).

2.3 An ETF-based stock price fragility (GETF)

Estimating Git faces two main empirical challenges: (i) observe a source of indepen-

dent shocks to stock prices that is orthogonal to firm fundamentals; and (ii) access

to complete data on assets’ ownership structure. The first challenge, theoretically

the most relevant one, has been widely studied in the financial economics litera-

ture. Starting with Coval and Stafford (2007), many studies have employed flow

pressure from mutual fund sales as indicative of non-fundamental price shocks 12.

Among the reasons to use mutual fund data are evidence of mutual funds mechan-

ically reducing portfolio holds when faced with significant outflows (i.e., fire-sales)

and the well-known fact that the vast majority of mutual funds share owners are

households13 considered to be less financially sophisticated.

Greenwood and Thesmar (2011) cite this empirical evidence and rely on mutual

fund data to estimate the stock fragility measure. It deserves to be emphasized

that the fragility measure includes all mutual fund flows and does not rely on the

most widely used MFFLOW measure proposed by Edmans et al. (2012). MFFLOW

aims at capturing forced selling activity following large mutual fund outflows. While

this approach does not directly suffer from the mechanical realized return mecha-

the findings in the literature by showing the widespread use of ETFs by institutional investors.
12A non-comprehensive list of related studies in empirical asset pricing area include Lou (2012);

Edmans et al. (2012); Huang et al. (2021); Li (2022). See Wardlaw (2020) for a complete discussion
of the related literature in empirical corporate finance.

13According to the 2020 Investment Company Institute (ICI) Fact Book, more than 89% of
mutual fund assets in the US were held by households.
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nism highlighted by Wardlaw (2020), the concerns that mutual funds flows convey

fundamental information remain. Recent papers have raised concerns about using

mutual fund outflow-induce price pressure measures. For instance, Berger (2022)

show that the proportional trading assumption (i.e., managers sell off shares of their

portfolio firms in proportion to their current portfolio weights) does not hold when

empirically tested and leads to significantly biased inferences. Berger (2022) show

that mutual fund managers discretionary sell specific firms. Huang et al. (2022)

find similar results showing that fire sales also convey fundamental information .

Overall, while empirical evidence shows that mutual fund flows, recent studies point

out that employing mutual fund flows approach is, at most, a noisy measure of

non-fundamental shocks.

Motivated by Brown, Davies and Ringgenberg (2021) evidence, we argue that

an ETF-based stock price fragility (GETF ) measure is not affected by the docu-

mented concerns related to mutual fund flows due to using ETF primary flows as

signals of non-fundamental driven demand shocks. Moreover, as previously dis-

cussed, this measure has the potential to capture the effect of institutional demand

on asset prices, an effect mostly overlooked by current methodology. Thus, we follow

Greenwood and Thesmar (2011) and propose a fragility measure that employs only

information (i.e., fund flows and ownership composition) from ETFs.

GETF
it =

(
1

θi,t

)2

WETF
i,t ΩETF

t WETF
it , (5)

Where Wit is the vector of weights of each ETF in security i at time t, Ωt is the

conditional variance-covariance matrix of investors’ dollar flows at time t, and θit is

a scaling factor, usually proxied by security’s market capitalization.

We also extend the expression in equation (5) to distinguish explicitly between

Active and Passive ETFs as described by Easley et al. (2021). In this approach,
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we follow Greenwood and Thesmar (2011) decomposition and rewrite the fragility

measure to include a term for each type of ETF, and a component that considers the

holdings-weighted covariance between the two of them, as detailed in the following

equation.

GETF
it =

(
1

θit

)2

(WActΩActWAct +W PasΩPasW Pas + 2WActΩAct,PasW Pas) (6)

Although this decomposition rules out any other possible investors by considering

only ETFs, it offers the potential benefit of estimating the effect that fragility sources

have on the full measure. This approach allows us to empirically test the concern

brought up by Easley et al. (2021) regarding the increased activeness of the ETFs

on price discovery. Moreover, the development of the ETF industry has been char-

acterized by the creation of highly heterogenous products (Ben-David et al., 2023).

We argue that our measure helps shed lights on these open questions regarding the

impact of ETF trading on overall market efficiency. While GETF
it represents a plau-

sible improvement to the fragility measure, we are aware that it is still an imperfect

proxy. Specifically, we rely on the same assumption of uncorrelated liquidity-driven

trades from investors outside of our sample. We argue that they partially address

some of the shortcomings of the fragility estimation and potentially help reconcile

literature on mutual funds and ETF influence on underlying stocks return volatility.

In the Online Appendix section 0A.1 we provide a theoretical model that provides

a microfoundation of the measure of stock fragility and adds rigor to our discussion

of the relationship between fragility and stock price return volatility.
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3 Data and variable construction

We now describe our data sources and the data-retrieving process before explaining

the methodology for estimating our fragility measure.

3.1 Mutual funds data

Our sample consists of US mutual funds from 1980 to 2018. To determine the

sample period, we follow two criteria. First, since our motivation is to estimate the

benefits of our proposed modified fragility measure, we closely follow Greenwood

and Thesmar (2011) and start our sample period from the last quarter of 1989.

This allows us to replicate their estimations. Second, although the first US-listed

ETF, the SPDR, was launched in 1993, they became relevant investment vehicles in

terms of the number of funds, assets under management (AUM), and participation

in total volume traded in the period 2007-2009 (Madhavan, 2014). This period

matches with the end of Greenwood and Thesmar (2011)’s sample period. Thus, to

test the explanatory power of our proposed measure, we focus on the later part of

our sample, starting in 2009, which allows us to capture the increase of ETF activity

as well as perform an out-of-sample test of the original fragility measure in a context

of raise of passive investing14.

From the Center for Research in Security Prices (CRSP) Mutual Fund Database,

we collect fund returns and total net assets (TNA). We then collect mutual funds’

quarterly holdings data from the Thomson/Refinitiv Mutual Fund Database (s12 ).

We merge both databases using the MFLinks database. As commonly done in the

14For instance, Madhavan (2014) highlights than the US ETF industry assets under management
rose from $70 billion in 2000 to $1.7 trillion by mid-2014. Glosten et al. (2021) mentions that an
increase in market participation has accompanied the rise in AUM since approximately 30% of
US equity trading volume is attributable to ETFs. Regarding relocation from other investment
vehicles, in 2017, the demand for equity ETFs resulted in $186 billion net share issuance, whereas
domestic equity mutual funds had net redemptions of $236 billion.
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literature, we proceed to clean our dataset only to include observations for which

the FDATE matches RDATE. We follow Doshi et al. (2015) to identify and select

US domestic equity mutual funds. Also, we exclude mutual funds with less than

5 million dollars in TNA (Friberg et al., 2022). Our fund sample includes 3,871

distinct US domestic equity mutual funds with 138,316 fund-quarter observations

from the 1989-2018 period.

As commonly done in previous studies, we limit our holdings sample to include

only stocks whose market capitalization is equal or above the NYSE market capi-

talization decile 515.

3.2 Exchange-traded funds (ETFs) data

To create our main ETF database, we use the list of ETFs identifiers from Brown,

Davies and Ringgenberg (2021)16 and combine it with data from Bloomberg and

CRSP. From Bloomberg, we obtain data on outstanding shares and funds’ net asset

value (NAV). When the data is missing or incomplete, we supplement them with

data from CRSP. We collect data on funds’ prices and returns from CRSP. We

obtain data on ETFs portfolio holdings using the Thomson/Refinitiv Mutual Fund

Holdings (s12 ) and complement it with CRSP Mutual Fund Database data. Our

sample of ETF data covers the period from 2000 to 2018.

We impose the same filters in stock size (market capitalization NYSE 5th decile

or above) as in the sample of mutual funds to ensure comparability. In total, our

sample includes 1,096 distinct ETFs for which we have both holdings data and

15Greenwood and Thesmar (2011) highlights two advantages of applying this filter: (1) Simplifies
matrix computations (2) ensures that the estimation focuses on stocks of greater dollar importance
more likely to be affected by liquidity-driven trades. Similarly, Francis et al. (2021) highlights that
an empirical issue in fragility estimation is that it becomes highly noisy if a stock has low mutual
fund ownership, which is precisely the case for stocks with smaller market capitalization. Thus,
limiting the sample of stocks included in the holdings data reduces the possibility of distortions
introduced by those noisy estimations.

16We thank David Brown for providing us with this data.
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price/return data.

[Table 1 Here]

Table 1 (panels A and B) presents descriptive statistics of our Mutual Funds

and ETFs sample. While in any given year, our sample includes more mutual funds

(1,134) than ETFs (334), the ETFs are larger in terms of AUM and hold a larger

number of stocks. Also, as detailed in previous studies, we observe a significant

increase in ETF ownership over time (Da and Shive, 2018; Glosten et al., 2021).

Specifically, it increased from 0.63% on average in the first part of the ETF sample

period to 3.96% in the later part of our sample.

3.3 Mutual-fund-based Fragility

We estimate fragility as detailed in equation (5). The two main components of the

fragility measure are a security ownership composition and the variance-covariance

matrix of investors’ non-fundamentally driven trades. The ownership structure is

proxied by a vector of each mutual fund investor’s portfolio allocation weight to stock

i relative to the fund’s total net assets, as described in the following expression:

wi,j,t =
ni,j,tPit

aj,t

where ni,j,t is the number of securities i held by mutual fund j at time t, Pit is

the price of security i, and aj,t is the total j mutual fund portfolio value. We then

proceed to sum over all the Mutual funds that hold shares of each security i.

Then, we proceed to calculate percentage flows for each mutual fund i at the

end of quarter t as follows:

MFFlowj,t = TNAj,t − TNAj,t−1(1 +Rj,t)
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where TNAj,t is the mutual fund j Total Net Asset for quarter t and Rj,t is

the fund’s total return over that same quarter. Since we employ dollar positions of

each fund in each security in matrix W , we require the covariance matrix Ωt to be

expressed in dollar terms. We follow Greenwood and Thesmar (2011) and rescale

the Ωt matrix by funds assets at time t to obtain an estimate Ω̂t:

Ω̂t = diag(TNAj,t)Ωtdiag(TNAj,t)

Each quarter t, we calculate Ω̂j,t on a five-year rolling window estimation starting

from 1984:Q1. Another advantage of the fragility measure is that since it is estimated

at the stock level, it is possible to aggregate it at the fund level (Friberg et al., 2023)

or even at the factor level (Huang et al., 2021).

3.4 ETF-based Fragility

We estimate ETF-based fragility based on the same specification as in equation (5),

however, we include ETF holdings and flows data only. The elements of matrix

W are estimated the same way as with the mutual fund data. Thus, this vector

represents the ETFs portfolio allocation weights to each stock i multiplied by the

stock’s i price and divided by the total net assets of ETF k.

As with the MF-based fragility, we start by estimating ETF percentage flows as

the change in shares outstanding for ETF fund k at time t,

ETFFlowk,t =
SharesOutstandingj,t
SharesOutstandingj,t−1

− 1

Greenwood and Thesmar (2011) warns about using dollar units to construct the

variance-covariance matrix of flows since it would induce heteroskedasticity. Thus,

as performed with the mutual fund data, we normalize ETF fund flows covariance

17



matrix Ωk,t as follows.

Ω̂k = diag(TNAk,t)Ωk,tdiag(TNAk,t)

For consistency with the MF-based fragility, we estimate Ω̂k based on a five-year

rolling window. We select this starting year to ensure that our estimations include

enough data and avoid noisy outcomes.

[Table 2 Here]

Table 2 shows descriptive statistics of the variables that compose the fragility

measure (Panels A, B, and C) as well as for the square root of MF-based and ETF-

based fragility (Panel D). Both the number of mutual funds and ETFs holding the

same stocks have increased over time, especially in the ETF sample for the later

part of our sample period. The average stock in the mutual fund sample is held by

50 funds, while in the ETF sample, it is approximately 25 funds.

Panel C of Table 2 reports the sample variation of flow’s volatility estimated

as the standard deviation of percentage mutual fund(ETF) flows. The volatility of

Mutual fund flows increased in the first part of our sample period, 1989 to 2009, in

line with the results of Greenwood and Thesmar (2011). Nonetheless, the volatil-

ity decreased in the out-of-sample period from 2010 to 2018. On the other hand,

the volatility of ETF flows has increased significantly over the full sample period,

especially in the later part, 2014-2018.

Concerning the correlation between flows, panel C shows a decrease in mean

values for the mutual funds and ETF sample. It is worth mentioning that both

the bottom and top quintile of flows correlation is considerably similar for both

mutual fund flows and ETF flows. In relation to the squared root value of fragility,

panel D, the increase in the mean value for the mutual fund sample is significant
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for the period between 1989 and 2009, from 0.039 to 0.143. Nonetheless, this value

decreased in the later part of our sample to 0.102 on average. On the contrary, the

mean
√
G has continuously increased for the ETF sample.

A potential concern is that the estimated fragility values are driven by significant

differences in the stocks’ characteristics included in each sample. We check for

this possibility in table A1 of the Online Appendix. In each quarter t, stocks are

sorted into 5 quintile portfolios based on their MF-based GMF (Panel A), ETF-based

GETF (Panel B). Then, we estimate the time-series averages of the cross-sectional

mean of the following variables for each quintile: price, market capitalization, ratio

book-to-market, past 12-month stock returns, firm age (in years), turnover, and the

average number of owners. These are variables that previous studies have shown

to be correlated with future stock return volatility. Our results reveal that values

and dispersion among quintiles are very similar for most variables for the three

different panels and closely resemble the values reported by Greenwood and Thesmar

(2011). This is consistent with the assumption that differences among the sample

of underlying securities do not drive fragility values.

4 Empirical Results

In this section, we perform our main analysis and estimate the fragility measures

influence on the future volatility of asset returns in a regression setting.

4.1 Fragility and stock return volatility

We test for this predictive power by estimating the following Fama and MacBeth

(1973) regression17.

17We perform Fama and MacBeth (1973) regressions to control for the effect of common trends
like increasing ownership of Mutual Funds and ETF.
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σi,t+1 = α + β
√
Gi,t + δZi,t + µi,t (7)

Where σi,t+1 is the one-quarter-ahead standard deviation of daily stock returns

or excess returns. For the excess return volatility, we estimate risk-adjusted returns

from three models: (1) market-adjusted returns, (2) Fama and French (1993) three

factors model, (3) Fama and French (1993) model augmented with the Carhart

(1997) momentum factor. Zi,t represents the vector of control variables, including

the log of unadjusted stock price, the natural logarithm of market capitalization,

the ratio of book equity to market equity, the past 12-month stock return, lagged

skewness of stock returns, the log of firm’s age (in months) and share turnover.

The coefficient β measures the relationship between the current quarter’s fragility

and the next quarter’s stock return volatility. A positive β would indicate that an

increase in stock fragility in the current quarter would forecast an increase in the

next quarter’s stock return volatility.

Equation (7) follows the main specification employed by Greenwood and Thes-

mar (2011). To examine the performance of GMF out-of-sample we repeat the four

main specifications for the sample period between 2009-2018. For comparability, we

run the regressions on GETF for that same period. In addition to evaluating each

measure relation with asset’s return volatility, we also estimate the same previous

specifications including the simultaneous influence of GMF and GETF . These results

are reported in Table 3 and 4.

Columns (1) and (2) report the estimation results of the Fama-Macbeth regres-

sion of one-quarter-ahead standard deviation of daily stock returns on
√
GMF alone.

As previously documented, we confirm that fragility is a strong predictor of future

volatility. However, while the coefficient on
√
GMF remains positive and statisti-

cally significant in the second part of the sample period (2010-2018) we observe a
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reduction in both the coefficient and the t-statistic compared to that reported by

Greenwood and Thesmar (2011).

In Columns (2) and (6), we confirm previous evidence18 that daily stock returns

are correlated with mutual fund ownership (IO). Nonetheless, the correlation be-

tween the number of owners and future volatility lost explanatory power in the later

part of our sample (Column 6).

In columns (3) and (7), we check for the explanatory power of
√
GMF be-

yond ownership concentration, proxied by both mutual fund share and ownership

Herfindal index. Consistent with Greenwood and Thesmar (2011), we observe that

the coefficients on fragility are slightly affected by including such control, thus con-

firming fragility’s ability to explain stock return volatility beyond ownership concen-

tration alone. However, it is worth mentioning that the reduction in the coefficient

values is more pronounced in the second part of our sample.

In the specifications shown in columns (4) and (8), we include the complete set of

control variables. For these cases, the coefficient on
√
GMF drops considerably for the

full sample, 0.072 (t-stat=2.75), and especially in the later part of the sample, 0.018

(t-stat=1.70). While in both cases, the coefficient remains statistically significant,

the reduction in t-statistic value is substantial.

[Table 3 Here]

The remaining columns in table 3 repeat the previous analysis employing
√
GETF .

Column (9) repeats the specifications of Columns (1) and (5). As seen,
√
GETF is a

strongly positive predictor of next quarter standard deviation of daily stock returns.

Moreover, both the coefficient and t-stats of the variable are significantly higher

that of the
√
GMF for the same period. This result remains after we include the full

18For instance, Bushee and Noe (2000), Sias (1996)
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set of controls, column (12). In column (10) we confirm the findings of Ben-David

et al. (2017) that higher ETF ownership is related with higher volatility.

Our results show a decline in the
√
GMF measure while

√
GETF remains a sig-

nificant predictor of return’s volatility. As discussed in section 2.3, in contrast to

mutual funds, ETFs are owned almost equally by households and institutional in-

vestors. Thus, it can be expected that the influence of non-fundamentally driven

demand that GETF captures is different to that of GMF . In other words, while the

ETF-based measure captures a similar component as the MF-based fragility (i.e.,

retail investors’ demand), it also includes institutional investors’ demand. We begin

by exploring these differences by repeating the analysis of table 3 but including both
√
GETF and

√
GMF simultaneously.

[Table 4 Here]

Table 4 shows the results of such analysis. We limit the analysis for the sec-

ond part of the sample (2008-2018) to ensure comparability between measures. In

column (1) we observe that the coefficient on
√
GETF is reduced when we include

√
GMF , nonetheless, remains statistically significant19. In columns (3) and (4) we

sequentially add control variables and observe that
√
GETF coefficient is lower but

statistically significant while
√
GMF is no longer significant.

[Table 5 Here]

We also explore the relationship between fragility and the volatility of returns

in excess of several asset pricing factors. Greenwood and Thesmar (2011) state

that under this specification we can expect to get weaker results since aggregated

19In table A4 of the Online Appendix we replicate this analysis in a different specification setting
as performed by Friberg et al. (2022). In this panel regression setting, our results remain mostly
unchanged.
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versions of fragility may predict the volatility of risk factors themselves. Recent

empirical evidence support this claim by showing that a significant component of

asset pricing factor return movement is not due to changes in economic risk but

rather the result of price pressure from flows (Huang et al., 2021; Li, 2022). Table

5 shows the results of this analysis. We confirm Greenwood and Thesmar (2011)

initial findings. Moreover, in line with our previous results, we observe a significant

decline in coefficient magnitude of
√
GMF variable for the second part of our sample

of Mutual funds (Panel A). We then turn to estimating the relationship with
√
GETF

and for a specification that includes both measures simultanously. Panel B of table

5 shows this results. We see that the coefficients of
√
GETF are significantly higher

than those of
√
GMF . Moreover, the inclusion of

√
GMF reduces

√
GETF coefficient

only by a slight amount. As seen, the estimated relationship between fragility and

excess return volatilty is significant for both
√
GMF and

√
GETF . Nonetheless, this

evidence points out to the ETF-based measure to showing a stronger forecast power.

In sum, our regression results suggest that the difference in the coefficients and

t-stats between GETF and GMF is non-trivial and point out to an increased ability

of GETF to forecast volatility. These results support the notion that ETF flows can

capture non-fundamentally driven shocks that later lead to increase return volatility.

Additionally, we explored the possibility that the difference may be due to GETF

capturing the effect of institutional ownership on volatility. We expand on this

potential explanation in the next section.

4.2 Fragility and large institutional investors

In a recent paper, Ben-David et al. (2021) shows that trading by large institutional

investors induces greater return volatility due to their inability to diversify idiosyn-

cratic shocks among their subunits. In other words, the subunits that conform large
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institutional investors show correlated behavior during those shocks increasing its

effect on asset price volatility. In this section, we separately include the ownership

of large institutional investors, as well as mid and bottom institutions in terms of

assets under management, and evaluate the impact that the predictive power of

GMF and GETF .

Thus, we follow Ben-David et al. (2023) perform the following panel regression

σi,t+1 = β1TopIOi,t+β2MidIOi,t+β3BottomIOi,t+ δZi,t+β4Gi,t+αi+ θt+µi,t (8)

where σi,t+1 is the next quarter t stock i volatility. TopIOi,t is the fraction of

shares outstanding collectively held by the top institutions ranked based on the

money value of portfolio holdings over the previous four quarters. BottomIOi,t

represents the aggregate stock’s i ownership of the smallest institutional investors

whose aggregate money holdings value equals that of the top institutions. MidIOi,t

is collective ownership by those institutions not classified as top neither as bottom.

Zi,t is the vector of control variables that include the log of market capitalization,

book-to-mark ratio, past 6-month momentum returns, the inverse of price ratio

(1/price), and the Amihud illiquidity measure (Amihud, 2002). αi is the stock fixed

effect, and θt is the time (calendar-quarter) fixed effect.

[Table 6 Here]

Table 6 shows the results for two specifications: considering top 3 and top 10

institutional investors. Our results show that GMF is able to predict next-quarter

stock volatility while including the effect of institutional investors’ ownership for the

full sample period. This is in line with the results shown by Ben-David et al. (2021).

However, we observe that this relationship is significantly weaker in the later part

of our sample period (2008-2018).
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We find that GETF is positive and statistically significant for the full period,

but the effect is stronger for the later part of the sample. Interestingly, we observe

that including GETF reduces the explanatory power of bottom institutions on next

quarter stock return volatility. We replicate the results for alternative grouping of

top institutional investors, specifically top 5 and top 10 in the online Appendix, table

A3. Our results remain qualitative the same. Overall, our evidence confirms our

assumption that GETF measure partially captures the effect of institutional investors

demand on volatility and that GMF does not consider. Our results are in line with

Koijen and Yogo (2019) that shows that while top institutions hold a significant

portion of the stock market capitalization, smaller size institutions and households

account for most of stock’s volatility .

4.3 ETF activeness

A valid concern of our empirical analysis is that we combine data from two distinct

investment vehicles. This is in terms of their investment mandates. We follow Easley

et al. (2021) and estimate their Activenss Index to estimate which fraction of our

sample of ETFs can be considered to be active.

ActivenessIndexi,t =
N∑
s=1

wi,s,t − wmarket,s,t (9)

In table 7, for our larger sample of ETFs, we corroborate Easley et al. (2021)

findings and show that most ETFs can be considered as active investment vehicles.

[Table 7 Here]

Is it possible that more active ETFs drive our results? those with an activeness

index above 50%? While Brown, Howard and Lundblad (2021) does not differen-

tiate ETFs by activeness level Easley et al. (2021) shows concern that the growing
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activeness of ETFs may harm price discovery. While, we do not directly test for

the effect on price discovery, it is possible to think that more active ETFs could

be specially important to channel fragility. We follow Easley et al. (2021) and split

our sample based on according to activeness index (50% threshold), since this cutoff

most likely includes both active-in-form and active-in-function ETFs.

[Table 8 Here]

Table 8 repeates the main specifications of tables 4 and 5 but considering the

decomposition of GETF into active and passive ETFs. Column (1) shows that most

of the observed relationship between GETF and volatility steams from active ETFs

component. Column(2) examines the same relationship if we include GMF while

Column (3) shows the results when we include the full set of control variables. Our

results confirm the concerns brought up by Easley et al. (2021) regarding the role

that increased ETF activeness play on price informativenes. We show that the active

ETF component of the ETF-based fragility measure is responsible for most of the

observed relationship.

5 Conclusion

Numerous studies in financial economics have focused on measuring the influence of

non-fundamentally driven trades on stock prices. These studies strive to empirically

capture mispricing signals, gauge its impact on prices, and examine the reactions

of market participants to such occurrences.A widely adopted empirical approach

to capture a stock’s exposure to non-fundamentally driven demand shocks is to

estimate the Greenwood and Thesmar (2011) fragility. However, its estimation is

based on strong assumptions that may raise concerns about data suitability and the

validity of the inferences drawn from this approach.
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Recently literature points out to ETF primary market data as clearly reflecting

non-fundamentally driven shocks to stock prices (Brown, Davies and Ringgenberg,

2021). This paper proposes an ETF-based fragility measure that takes advantage

of readily available data on ETFs flows and holdings. In doing so, we aimed at

providing a measure free of most concerns that suround the use of mutual fund

data. We also address recent concerns about the effect of increased ETF activeness

on return’s volatility.

Our empirical evidence supports our main prediction: an ETF-based fragility

measure strongly predict price volatility. Not only are the findings both statistically

and economically significant, but are stronger for the second part of sample period

and remain significant for different specification and to the inclusion of a broad set of

controls. Moreover, we document a decrease in the Greenwood and Thesmar (2011)

explanatory power to forecast price volatility out-of-sample for a period that coin-

cides with the raise of the ETF industry, both in terms of assets under management

and volume traded.

We argue that avoiding accounting for changes in the current asset manage-

ment industry (i.e., raise of passive investing) significantly bias stock’s exposure to

non-fundamental demand risk. Although our approach does not completely resolve

the limitations associated with empirically estimating stock fragility, it represents a

significant advancement by eliminating concerns of the inclusion of confounding fun-

damental information while offering researchers a more accurate proxy for assessing

firm-level exposure to non-fundamental demand risk.
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6 Tables and Figures

Figure 1: Flows to Equity Mutual Funds and Exchange-Traded Funds
(ETFs)

This figure plots the total new cash flows to our sample of equity mutual funds in Panel A and to
the exchange-traded funds (ETFs) in Panel B. The sample period for mutual fund data covers the
period from 1989:Q4 to 2018:Q4. For ETFs data, the sample is from 2000:Q1 to 2018:Q4
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Table 1: Descriptive Statistics

This table reports the time-series average of the cross-sectional mean, median, standard deviation, and
first and third quartiles of several variables for our sample of mutual funds and exchange-traded funds
(ETFs). Number of funds is the average of the total number of funds per quarter. Number of holdings
represents the average number of stocks in the fund’s portfolio. TNA is the fund’s total net assets at
quarter’s end, in millions of USD dollars. Ownership is the percentage of shares outstanding owned
by all equity mutual funds (ETFs) in our sample. NYSE Decile is the average NYSE size decile of a
mutual fund(ETF) portfolio stock. Panel A reports the descriptive statistics for our sample of mutual
funds. Panel B shows the results for the sample of exchange-traded funds (ETFs). Only stocks with
market capitalization equal to or higher than the NYSE size decile 5 are included. The Full sample
covers the period from 1989:Q4 to 2018:Q4.

Panel A: Mutual Funds
Full Sample Mean by period

Mean Std p25 Median p75 1989-1999 2000-2009 2010-2018

Number of funds 1,138 501 690 1352 1537 524 1494 1441
Number of holdings 80 85.071 36 58 90 66 80 85
TNA (in MM of USD) 879.82 3764.83 30.80 132.78 532.74 467.22 733.43 1219.15
Ownership (%) 8.71 12.29 1.49 5.15 11.86 4.28 10.95 11.20
NYSE decile 8.05 0.11 7.99 8.03 8.11 8.08 8.10 7.97

Panel B: ETFs
Full Sample Mean by period

Mean Std p25 Median p75 1989-1999 2000-2009 2010-2018

Number of funds 334 276 94 112 571 89 606
Number of holdings 116 188 18 48 110 93 120
TNA (in MM of USD) 1,760.5 9,280.1 34.3 157.8 689.1 1,000.3 1,766.9
Ownership (%) 2.27 2.97 0.14 0.91 3.64 0.63 3.96
NYSE decile 7.41 1.73 6.00 7.00 9.00 7.46 7.37
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Table 2: Fragility and fragility components descriptive statistics

This table reports the time-series statistics of cross-section averages mean, median, standard deviation, and first and third
quartiles of the following variables: Number of owners is the total number of funds holding the same stock. Flow volatility
represents the standard deviation of mutual (ETF) fund flows. Flow correlation is the Pearson correlation of fund flows at
the fund pair level, each quarter. Fragility (sqrt) is the square root of the fragility measure estimated as in equation 3. Only
stocks whose market capitalization is equal to or higher than the NYSE size decile 5 are included. The sample period for the
equity mutual funds is from 1989:Q4 to 2018:Q4, while for the exchange-traded funds (ETFs) is from 2000:Q1 to 2018:Q4.
Fragility is winsorized at the 1% and 99% levels.

Mutual funds ETFs

Mean Std p25 Median p75 Mean Std p25 Median p75

Panel A: Number of owners
1989-1999 22 26 7 15 27 2000-2008 5 4 2 4 7
2000-2009 76 71 28 59 100 2009-2013 31 24 7 31 50
2010-2018 82 65 40 72 108 2014-2018 51 31 29 48 73
Full sample 50 61 7 27 73 Full sample 25 29 4 9 44

Panel B: Flow volatility
1989-1999 4.664 11.505 0.399 0.870 2.749 2000-2008 0.351 0.491 0.058 0.177 0.369
2000-2009 5.498 17.178 0.408 0.895 3.933 2009-2013 0.824 0.963 0.342 0.493 0.741
2010-2018 4.248 11.093 0.279 0.541 1.388 2014-2018 1.755 2.648 0.431 0.693 1.273
Full sample 4.821 13.500 0.331 0.650 2.472 Full sample 0.858 1.586 0.187 0.389 0.746

Panel C: Flow correlation
1989-1999 0.097 0.646 -0.384 0.133 0.653 2000-2008 0.066 0.633 -0.441 0.058 0.615
2000-2009 0.069 0.485 -0.215 0.069 0.386 2009-2013 0.027 0.460 -0.238 0.004 0.306
2010-2018 0.035 0.417 -0.179 0.033 0.260 2014-2018 0.025 0.433 -0.225 -0.006 0.273
full sample 0.072 0.432 -0.149 0.063 0.319 Full sample 0.028 0.426 -0.206 -0.002 0.262

Panel D: Fragility (sqrt)
1989-1999 0.039 0.207 0.000 0.001 0.005 2000-2008 0.001 0.006 0.000 0.000 0.000
2000-2009 0.143 0.434 0.001 0.006 0.051 2009-2013 0.010 0.041 0.000 0.000 0.000
2010-2018 0.102 0.217 0.001 0.022 0.114 2014-2018 0.064 0.130 0.000 0.001 0.047
Full sample 0.105 0.303 0.001 0.011 0.064 Full sample 0.028 0.089 0.000 0.001 0.001
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Table 3: Fragility and stock return volatility

Standard deviation of daily stock returns over quarter t+1 (σt+1) are regressed on squared fragility
√
G at quarter t and a set of lagged control variables

as detailed in Eq. (5) using the Fama and MacBeth (1973) methodology. This table reports the average slope coefficients and the Newey-West t-statistics

in parentheses. Fragility is measured employing only mutual fund flows and holdings data (
√
G

MF
), and ETF data only (

√
G

ETF
). The control variables

included are: the log of stock price, the log of market capitalization, the ratio of book equity to market equity, the past 12-month cumulative stock return,
lagged skewness of monthly stock returns, the log of age, share turnover, and the lagged dependent variable (σ).

Mutual funds ETFs

Full sample 2009 - 2018 2009 - 2018

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
√
G

MF
0.459*** 0.305*** 0.072** 0.325*** 0.189*** 0.018*
(11.82) (8.57) (2.75) (8.75) (6.26) (1.70)

√
G

ETF
0.825*** 0.722*** 0.338***
(7.76) (7.10) (5.93)

IO 0.015*** 0.014*** 0.003*
(15.64) (14.27) (2.35)

log(numb owners) 0.027 -0.033** -0.032***
(1.26) (-2.82) (-3.37)

Own Herfindahl -0.002*** -0.001 -0.004*** -0.002*** -0.001 -0.011
(-4.27) (-1.14) (-6.51) (-5.03) (-1.00) (-1.06)

Add Controls No No No Yes No No No Yes No No No Yes
N 148,342 148,342 148,342 137,283 58,377 58,377 58,377 54,633 45,078 45,078 44,808 42,776
adj. R2 0.010 0.049 0.045 0.486 0.007 0.045 0.043 0.376 0.013 0.025 0.024 0.373
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Table 4: MF and ETF Fragility and stock return volatility

Standard deviation of daily stock returns over quarter t+1 (σt+1) are regressed on squared
fragility

√
G at quarter t and a set of lagged control variables as detailed in Eq. (5) using the

Fama and MacBeth (1973) methodology. This table reports the average slope coefficients
and the Newey-West t-statistics in parentheses. Fragility is measured employing only mutual

fund flows and holdings data (
√
G

MF
), and ETF data only (

√
G

ETF
). The control variables

included are: the log of stock price, the log of market capitalization, the ratio of book equity
to market equity, the past 12-month cumulative stock return, lagged skewness of monthly
stock returns, the log of age, share turnover, and the lagged dependent variable (σ).

2009 - 2018

(1) (2) (3) (4)√
G

MF
0.067* 0.015 0.009
(1.99) (1.16) (1.03)

√
G

ETF
0.790*** 0.795*** 0.426***
(7.77) (8.20) (7.95)

IOMF 0.014*** 0.012*** 0.005***
(11.11) (12.37) (7.47)

IOETF -0.002* -0.012*** -0.007***
(-2.03) (-6.58) (-4.96)

log (numb MF owners) -0.031*
(-2.25)

log (numb ETF owners) -0.032*
(-2.57)

Own MF Herfindahl -0.004*** -0.002***
(-10.74) (-5.56)

Own ETF Herfindahl 0.001 -0.011
(0.77) (-1.07)

Add Controls No No No Yes
Obs. 44,956 44,956 44,956 44,956
adj. R2 0.015 0.025 0.034 0.376
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Table 5: Fragility and excess return volatility

Standard deviation of excess stock returns over quarter t+1 (σexc
t+1) are regressed on squared fragility√

G at quarter t. Excess returns are estimated based on the single-factor market model (1-Factor
σ) the Fama and French (1993) three-factor model (3-Factor σ), and the Fama and French (1993)
three-factor model augmented with the momentum factor of Carhart (1997) (4-Factor σ). This
table reports the average slope coefficients and the Newey-West t-statistics in parentheses. In panel

A, Fragility is measured based only on mutual fund flows and holding data (
√
G

MF
). In panel B,

Fragility is estimated as detailed in Eq. (5) based on ETF data only (
√
G

ETF
).

Panel A: Mutual fund Fragility
Full sample 2009 - 2018

1-Factor σ 3-Factor σ 4-Factor σ DGTW 1-Factor σ 3-Factor σ 4-Factor σ DGTW
√
G

MF
0.530*** 0.526*** 0.527*** 0.407*** 0.400*** 0.391*** 0.397*** 0.331***
(7.86) (7.81) (7.96) (7.49) (12.01) (11.81) (11.65) (9.77)

Obs. 148,337 148,337 148,337 111,704 58,373 58,373 58,373 41,459
adj. R2 0.010 0.010 0.010 0.010 0.011 0.010 0.010 0.012

Panel B: ETF and Mutual fund Fragility (2009-2018)
ETF MF and ETFs

1-Factor σ 3-Factor σ 4-Factor σ DGTW 1-Factor σ 3-Factor σ 4-Factor σ DGTW
√
G

MF
0.245*** 0.238*** 0.245*** 0.231***
(5.46) (5.35) (5.28) (5.67)

√
G

ETF
0.831*** 0.804*** 0.814*** 0.774*** 0.767*** 0.744*** 0.748*** 0.619***
(9.18) (9.08) (9.27) (7.48) (8.62) (8.73) (8.86) (6.74)

Obs. 45,076 45,076 45,076 32,677 45,076 45,076 45,076 32,677
adj. R2 0.020 0.018 0.018 0.026 0.022 0.020 0.020 0.029
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Table 6: Stock return volatility, ownership by large 13F institutional
investors, and stock price fragility

This table presents the results of a panel regression of next quarter’s stock volatility on a set
of different aggregations of Institutional Ownership and stock price fragility estimated based on
mutual fund data only (GMF ) or ETF data only (GETF ). We estimate stock volatility as the
standard deviation of daily stock returns within each quarter. Top IO represents the aggregate
ownership of the largest institutional investors in a given stock. For specifications (1), (2), and
(3), we sum the ownership of the top 3 institutions, while for specifications (4), (5), and (6),
we take the top 10 institutions. Bottom IO represents the combined ownership of the smaller
institutional investors whose equity holdings equal that of the top IO.Middle IO is the aggregated
ownership of all institutional investors not considered neither in the top nor the bottom group
of investors. The control variables include the Amihud (2002) illiquidity measure, the inverse
of the stock price at quarter-end, book-to-market ratio, the log of the market capitalization of
each stock estimated at quarter-end, and past 6-month momentum return over the previous two
quarters. t-statistics are reported in parentheses and are based on standard errors clustered at
the stock and quarter levels. ∗ ∗ ∗ , ∗∗, and ∗ represent statistical significance at the 1%, 5%,
and 10% levels, respectively. The full sample period is from 1989:Q4 to 2018:Q1.

Full Sample 2009-2018
Top 3 Inst Top 10 Inst Top 3 Inst Top 10 Inst

(1) (2) (1) (2) (1) (2) (1) (2)

Top IO 0.471*** 0.547*** 0.263** 0.424*** 0.568*** 0.617*** 0.406*** 0.424***
(2.71) (4.37) (2.37) (4.44) (5.00) (4.37) (4.29) (4.44)

Mid IO 0.163** 0.115 0.184** 0.048 0.164** 0.115 0.158* 0.048
(2.23) (1.32) (2.06) (0.48) (2.06) (1.32) (1.75) (0.48)

Bottom IO -0.466*** 0.069 0.157 0.076 0.086 0.069 0.106 0.076
(-2.90) (0.58) (-1.45) (0.72) (0.72) (0.58) (1.08) (0.72)

GMF 0.071*** 0.070*** 0.039* 0.041*
(2.87) (2.85) (1.97) (1.91)

GETF 0.295** 0.208** 0.305** 0.288**
(2.09) (2.01) (2.25) (2.17)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Stock FE Yes Yes Yes Yes Yes Yes Yes Yes
Calendar-Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Obs. 131,040 68,960 131,678 69,217 77,054 68,960 77,421 69,217
adj. R2 0.668 0.675 0.667 0.674 0.675 0.675 0.674 0.674
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Table 7: Activeness of ETF sample

This table reports the time-series averages of the cross-sectional mean, median, standard deviation,
and 90th percentile of the activeness index (%) for the full sample period that covers the period from
2000:Q1 to 2018:Q4 as well as for three subperiods: before 2009, between 2009 and 2014, and from 2014
to 2018. For the same subperiods, the table shows the breakdown of the number of funds and assets
under management (AUM) by the following four levels of activeness: Very Passive (VP) (activeness
index < 25%), Moderately Passive (MP) (25% < activeness index < 50%), Moderately Active (MA),
(50% < activeness index < 75%), and Very Active (VA) (activeness index > 75%).

Activeness index (%) Number of funds (%) AUM(%)

Mean Median Std P90 VP MP MA VA VP MP MA VA

Full sample 89.41 97.38 17.48 99.95 0.92 4.69 10.27 84.53 19.91 11.98 6.99 62.09

Before 2009 87.31 93.63 15.11 99.41 1.49 3.60 14.12 82.09 18.22 9.04 9.01 59.20

2009-2014 89.36 97.23 17.21 99.94 0.93 4.15 9.13 86.07 18.94 10.26 6.40 66.68

2014-2018 89.90 97.67 17.46 99.96 0.81 5.96 6.10 87.13 24.42 20.59 8.21 46.78

Table 8: Stock return volatility, excess return volatility, and activeness
of ETFs

This table presents the results from Fama and MacBeth (1973) regressions of next quarter’s total return
volatility and excess return volatility on squared fragility of the current quarter. We estimate Fragility
as detailed in Eq. (5). Following Easley et al. (2021), we classify ETFs according to their activeness
index value into passive (Activeness index < 50%) and active (Activeness index > 50%) ETFs. The
control variables included in specification (3) are: the log of stock price, the log of market capitalization,
the ratio of book equity to market equity, the past 12-month cumulative stock return, lagged skewness
of monthly stock returns, the log of age, share turnover, and the lagged dependent variable (σ). The
sample period is from 2009:Q1 to 2018:Q4

Total return volatility Excesss return volatility

(1) (2) (3) 1-Factor σ 3-Factor σ 4-Factor σ 1-Factor σ 3-Factor σ 4-Factor σ

√
G

ETF (Active)
0.801** 0.727** 0.381** 0.887** 0.817** 0.745*** 0.783** 0.623** 0.648***
(2.89) (2.91) (2.26) (2.88) (3.07) (3.30) (2.91) (3.12) (3.38)

√
G

ETF (Passive)
0.128* 0.130 -0.170** 0.164* 0.162* 0.116* 0.127 0.0848 0.0873
(1.92) (0.32) (-1.97) (2.10) (1.85) (2.06) (0.32) (0.11) (0.22)

√
G

MF
0.387*** 0.003 0.236*** 0.223*** 0.230***
(8.12) (0.20) (5.32) (5.11) (4.96)

Add Controls No No Yes No No No No No No
Obs. 18,563 18,563 18,016 18,563 18,563 18,563 18,563 18,563 18,563
adj. R2 0.013 0.026 0.471 0.014 0.012 0.011 0.029 0.026 0.025
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Online Appendix

OA1. A theoretical model of stock price fragililty

Our proposed model extends the Merton (1971)’s model to consider an idiosyn-

cratic liquidity shock in an economy with two agents, which are heterogeneous in

preferences.

OA1.1. The Economic Setup

We first begin by defining that the agent’s preferences are represented by the CRRA

utility function as follows:

Ui (t, ct) = e−ρt

[
cγiit − 1

γi

]
, i = 1, 2,

where 1 − γi is the relative risk aversion (RRA) of agent i, ρ represents the

impatience rate which is the same for both agents, and cit is the consumption rate

per unit of time of agent i. Furthermore, the agents have access to two long-lived

financial assets. The first asset is the risky one with a price Pt, and the second asset

is the risk-free asset with a price Bt. The dynamic of asset prices is exogenous with

the following dynamic:

dPt

Pt

= αdt+ σdZt (1)

dBt = rBtdt, (2)

where α is the expected rate of return of the risky asset. We assume that this

asset does not have dividends since it is common for mutual funds to reinvest all the

profits in the portfolio. The volatility of risky asset returns is represented by σ, and
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r is the risk-free interest rate. The aggregate shock in this economy is represented

by dZt, where Zt is a standard Brownian motion.

The wealth dynamic of the agent i evolves according to Eq. (3).

dWit = Wit

[
θi(α− r) + r − cit

Wit

]
dt+WitθiσdZt +Witσi,LiqdZi,Liq, (3)

where θi is the weight of the investment in the risky asset in the portfolio of

agent i. We assume that an agent may experience surprise liquidity shocks such as

a sudden drop in wealth. This shock is an idiosyncratic shock and is represented

by dZi,Liq, where Zi,Liq is a standard Brownian motion. We also assume that these

idiosyncratic shocks are not correlated between agents. Assuming that σi,Liq is

positive, a (negative) liquidity shock is when dZi,Liq is negative, which means that

the agent suddenly experiences a drop in his wealth. The Eq. (3) in compact form

is

dWit = Witµitdt+WitqidZ̃i, (4)

where

µit = θi(α− r) + r − cit
Wit

(5)

qi = [θiσ σi,Liq] (6)

dZ̃i =
[
dZt dZi,Liq

]′
(7)

We now define the consumption-portfolio choice problem for the agent i as

max
{cit,θit}

E0,Wi0

[ ∫ ∞

0

U(t, cit)dt

]
(8)

subject to
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dWit = Witµitdt+WitqidZ̃i (9)

with the following constraint

cit ≥ 0, (10)

where Wi0 is the initial wealth of agent i.

The stochastic optimal control problem (Eq. 8, 9, and 10) can be transformed

into a dynamic stochastic programming problem represented by the Hamilton-Jacobi-

Bellman equation as follows.

∂Vi (t,Wit)

∂t
+ sup

cit,θit

{
U (t, cit) +A(t)Vi (t,Wit)

}
= 0, (11)

where Vi is the function value for the agent i and A(t) is the second-order partial

differential operator. We then use the first-order conditions to obtain the agent i’s

optimal portfolio.

Lemma A6.1. Given the optimal value function, Vi, that solves the Hamilton-

Jacobi-Bellman equation, the optimal portfolio for agent i = 1, 2 is

θit =

(
α− r

σ2

)
1

1− γi
(12)

OA1.2.Non-fundamental Demand of the Risky Asset

We now calculate the total demand for the shares of the risky asset, which is Nd:

Nd =
2∑

i=1

Ni = N1 +N2, (13)
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where Ni is the risky asset demand (in terms of the number of shares) of agent

i. We know that the optimal portfolio, θit, can also be written as

θit =
PtNit

Wit

(14)

Then, we can obtain the shares demand of agent i

Nit =
Witθit
Pt

(15)

Introducing Eq. (15) into the aggregate risky asset demand (Eq. 13), we have

Nd =
2∑

i=1

Nit =
W1tθ1t
Pt

+
W2tθ2t
Pt

, (16)

which is the share demand of the risky asset. Ordering the elements of Eq. (16),

we have

Nd =
1

Pt

(
W1tθ1t +W2tθ2t

)
(17)

The Eq. (17) suggests that Nd depends on three stochastic processes: Pt, W1t,

and W2t.

Nd = f(Pt,W1t,W2t)

Using the Itô’s lemma, we find the dynamic of risky-shares demand, dNd.

Lemma A6.2. The dynamic of the risky asset demand is represented by the follow-

ing stochastic differential equation
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dNd =
1

Pt

g(W1t,W2t)dt+
1

Pt

h(W1t,W2t)dZt+
1

Pt

[θ1tW1tσ1,Liq]dZ1,Liq+
1

Pt

[θ2tW2tσ2,Liq]dZ2,Liq

(18)

where

g(W1t,W2t) = (19)

h(W1t,W2t) = (20)

We also can split the change in asset demand as the change in fundamental

demand and non-fundamental demand as follows.

dNd =
1

Pt

g(W1t,W2t)dt+
1

Pt

h(W1t,W2t)dZt︸ ︷︷ ︸
=dNf :change in fundamental Demand

+
1

Pt

[θ1tW1tσ1,Liq]dZ1,Liq +
1

Pt

[θ2tW2tσ2,Liq]dZ2,Liq︸ ︷︷ ︸
=dNf :change in non-fundamental Demand

(21)

Then, Eq. (21) could be expressed as

dNd = dNf + dNnf , (22)

where the change in non-fundamental demand is driven by the agent’s liquidity

shocks.

dNnf =
1

Pt

[θ1tW1tσ1,Liq]dZ1,Liq +
1

Pt

[θ2tW2tσ2,Liq]dZ2,Liq (23)

We then use the definition of portfolio weights to obtain the number of shares of

the risky asset per agent as follows.
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θit =
PtNit

Wit

−→ Nit =
θitWit

Pt

(24)

We introduce the expression θitWit/Pt into Eq. (23) resulting

dNnf = N1tσ1,LiqdZ1,Liq +N2tσ2,LiqdZ2,Liq (25)

This equation reflects the effects of liquidity shock of two agents in the total

non-fundamental demand. For instance, if only agent 1 experiences a liquidity shock

(dZ1,Liq < 0), this will reduce the non-fundamental demand of the risky asset with

intensity σ1,Liq. We can also consider the ownership (or concentration) of the asset

in the analysis. Dividing the Eq. (25) by the total shares outstanding, N , and

considering that ηit is the ownership of agent i of the risky asset at time t: ηit =

Nit/N , we have

dNnf = Nη1tσ1,LiqdZ1,Liq +Nη2tσ2,LiqdZ2,Liq (26)

Suppose that σ1,Liq = σ2,Liq, but agent 1 has more shares of the asset in his

portfolio, i.e., η1 > η2. In this case, if agent 1 experiences a liquidity shock, the

effect on non-fundamental demand would be higher than the case in which agent 2

experiences the same shock. The reason for that is agent 1 has more concentration of

the asset in his portfolio. Therefore, ownership is relevant to understand the effects

of liquidity shocks on asset demand and hence on asset prices.

OA1.3. Stock Price Fragility

Greenwood and Thesmar (2011) define fragility as “the expected volatility of non-

fundamental demand given an asset’s ownership structure.” In our theoretical

model, shifts in non-fundamental demand are represented by Eq. (26). Although its
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expected value is equal to zero, E(dNnf ) = 0, its variance fits with the asset fragility

definition of Greenwood and Thesmar (2011). Then, we define asset fragility as the

variance of dNnf as follows

Fragility = V ar(dNnf ) (27)

In order to be explicit on the asset ownership and the Var-Cov matrix of liquidity

shocks, we express dNnf in matrix form as follows.

dNnf = [Nη1 Nη2]︸ ︷︷ ︸
M

σ1,LiqdZ1,Liq

σ2,LiqdZ2,Liq


︸ ︷︷ ︸

Z

≡ MZ (28)

Then, V ar(dNnf ) is defined as follows

V ar(dNnf ) = E [MZZ ′M ′] , with E[dNnf ] = 0

= ME [ZZ ′]M ′

= N2 [η1 η2] Ω

η1
η2

 (29)

where [η1 η2] is a vector of asset ownership and Ω is the Var-Cov matrix of liquidity

shocks defined as

E [ZZ ′] = Ω =

 σ2
1,LiqV ar(dZ1,Liq) σ1,Liqσ2,LiqCov(dZ1,Liq, dZ2,Liq)

σ1,Liqσ2,LiqCov(dZ1,Liq, dZ2,Liq) σ2
2,LiqV ar(dZ2,Liq)


(30)

In our model, we assume that both idiosyncratic shocks are independent, then
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Cov(dZ1,Liq, dZ2,Liq) = 0. However, the model can be easily extended to the case in

which these shocks are correlated. With Eq. (30), our fragility definition would be

Fragility = V ar(dNnf ) = N2 [η1 η2] Ω

η1
η2

 , (31)

which considers the effect of ownership and the Var-Cov matrix of liquidity

shocks. This result provides a microfoundation of the measure of stock fragility

of Greenwood and Thesmar (2011).

OA1.4. Stock Price Fragility and Stock Return Volatility

We then analyze the connection between fragility and stock return volatility based

on our model. First, we assume the supply side of the shares of the risky asset is

represented by

N s
t = APt, A > 0 (32)

In equilibrium, we have

dN s
t = dNd

t , (33)

Using the Eq. (32) and the Eq. (22), the equilibrium condition (33) is equivalent

to

d(APt) = dNf + dNnf (34)

Dividing by Pt and then applying the variance operator in Eq. (34), we have

A2Var

[
dPt

Pt

]
=

1

P 2
t

Var[dNf ] +
1

P 2
t

Var[dNnf ], (35)
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which connects the volatility of the rate of return with the fragility measure.

Lemma A6.3. Given the equilibrium condition in Eq. (33) and the assumption of

the supply side of the risky asset, there exists a relationship between the volatility of

the rate of return and the variance of the change of non-fundamental demand, which

is the definition of stock fragility.

Var

[
dPt

Pt

]
=

1

A2P 2
t

Var[dNf ] +
1

A2P 2
t

Var[dNnf ]︸ ︷︷ ︸
Fragility

, (36)

where the rate of return of the risky asset is represented by dPt/Pt.
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OA2. Stock characteristics of quintile portfolios

Table A1: Stock Characteristics

For quarter t, stocks in our sample are sorted into 5 quintile portfolios based on their
fragility. Fragility is defined as the conditional expected variance of flow-driven net buys
into a stock. This table reports the time-series mean of the cross-sectional average of several
stock-level characteristics for each fragility quintile portfolio. PRC is share price. Market
Cap is the average stock’s market capitalization (end-of-quarter share price times the total
number of shares outstanding), expressed in millions of US dollars. BM is the book-to-
market ratio. Ret12 is the past 12-month stock return. Age (years) is the firm’s Age is
calculated as the number of years (months/12) since the first return appears in CRSP.
Turnover is the average monthly share turnover (monthly volume traded over total shares
outstanding) over the previous 3 months. N Owners is the average number of mutual funds
(ETFs) that hold the same stock. Panel A shows the results for quintile portfolios sorted on
fragility estimated as in Eq. (5) that consider flows and holdings data from mutual funds
only (GMF ). Similarly, Panel B reports the average values for the characteristics sorted on
fragility calculated using ETF data exclusively (GETF ). The sample covers the period from
1989:Q4 to 2018:Q4.

Panel A: MF fragility (GMF )
Quintile PRC Market Cap BM RET12 Age Turnover N Owners

1(low) 196.5 16,423.9 0.719 0.247 21.7 0.238 40.5
2 280.9 18,696.1 0.608 0.264 25.4 0.202 90.6
3 63.0 7,978.9 0.605 0.278 22.4 0.228 71.6
4 46.9 4,645.8 0.623 0.242 20.9 0.243 60.7
5 (high) 41.0 3,095.3 0.632 0.207 19.7 0.266 55.5

Panel B: ETF fragility (GETF )
Quintile PRC Market Cap BM RET12 Age Turnover N Owners

1(low) 250.7 17,070.2 0.676 0.174 24.4 0.208 36.6

2 105.1 29,573.6 0.573 0.191 30.1 0.194 64.5

3 98.9 15,935.4 0.590 0.218 24.9 0.225 38.5

4 60.6 9,718.1 0.595 0.236 23.6 0.215 47.6

5 (high) 48.2 12,771.7 0.670 0.176 24.9 0.224 28.9
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OA3. Sorting on Fragility
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Table A2: Portfolio sorting on fragility

At the end of each quarter, we form quintile stock portfolios based on one-quarter lag stock
price fragility estimated using only mutual funds data (GMF ) or only ETF data (GETF )
and track their monthly excess returns as the value-weighted average of excess returns on all
stocks in each portfolio. Quintile 1 includes the stocks with the highest value of each stock
price fragility measure, while Quintile Q5. Q1-Q5 is the spread portfolio that goes long
Q1 and shorts Q5. Panel A presents the risk-adjusted one-quarter return of each portfolio.
Panel B shows similar results when we track portfolio returns in the next two quarters. We
adjust risk exposure using the three factors of Fama and French (1993) - FF3, the five factors
of Fama and French (2015) - FF5, and the Fama-French five-factor model augmented with
the illiquid-minus-liquid (IML) factor Amihud (2019) and the momentum factor of Carhart
(1997) - FF5MA. Alphas are in percent per month. ∗ ∗ ∗ , ∗∗, and ∗ represent statistical
significance at the 1%, 5%, and 10% levels. The sample period is from 1989:Q1 to 2018:Q4.

Panel A: Equally-weighted
FF3 FF5 FF5MA

Q1 Q5 Q1-Q5 Q1 Q5 Q1-Q5 Q1 Q5 Q1-Q5

GMF 0.008 -0.328 0.335 -0.004 -0.331 0.327 -0.007 -0.293 0.287
(0.08) (-2.35) (2.55) (-0.04) (-2.34) (2.43) (-0.07) (-2.12) (2.02)

GETF 0.072 -0.333 0.404 0.052 -0.320 0.372 0.019 -0.278 0.297
(0.77) (-2.45) (3.20) (0.56) (-2.35) (2.98) (0.20) (-2.15) (2.34)

Panel B: Value-Weighted
FF3 FF5 FF5MA

Q1 Q5 Q1-Q5 Q1 Q5 Q1-Q5 Q1 Q5 Q1-Q5

GMF 0.076 -0.132 0.208 0.065 -0.143 0.208 0.042 -0.147 0.189
(0.81) (-1.72) (1.70) (0.70) (-1.82) (1.68) (0.45) (-1.79) (1.44)

GETF 0.029 -0.251 0.279 -0.023 -0.259 0.277 -0.013 -0.251 0.238
(0.30) (-2.32) (2.27) (-0.23) (-2.37) (2.23) (-0.13) (-2.20) (1.91)

Panel C: Two-quarters ahead Equally-weighted
FF3 FF5 FF5MA

Q1 Q5 Q1-Q5 Q1 Q5 Q1-Q5 Q1 Q5 Q1-Q5

GMF -0.096 -0.337 0.241 -0.103 -0.337 0.234 -0.102 -0.284 0.182
(-0.99) (-2.34) (1.78) (-1.05) (-2.30) (1.69) (-1.02) (-1.97) (1.27)

GETF 0.112 -0.391 0.502 0.108 -0.388 0.495 0.041 -0.335 0.376
(1.18) (-2.75) (3.96) (1.12) (-2.74) (3.92) (0.43) (-2.52) (3.09)

Panel D: Two-quarters ahead Value-Weighted
FF3 FF5 FF5MA

Q1 Q5 Q1-Q5 Q1 Q5 Q1-Q5 Q1 Q5 Q1-Q5

GMF -0.088 -0.122 0.034 -0.095 -0.140 0.045 -0.115 -0.134 0.019
(-0.94) (-1.41) (0.28) (-1.00) (-1.60) (0.36) (-1.14) (-1.45) (0.14)

GETF 0.084 -0.309 0.393 0.081 -0.313 0.394 -0.001 -0.280 0.279
(0.85) (-2.54) (2.68) (0.81) (-2.54) (2.64) (-0.01) (-2.18) (1.82)
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OA4. Alternative specifications - Large institutional investors,

fragility and stock return volatility

Table A3: Stock return volatility, ownership by large 13F institutional
investors, and stock price fragility

This table presents the results of a panel regression of next quarter’s stock volatility on a set
of different aggregations of Institutional Ownership and stock price fragility estimated based on
mutual fund data only (GMF ) or ETF data only (GETF ). We estimate stock volatility as the
standard deviation of daily stock returns within each quarter. Top IO represents the aggregate
ownership of the largest institutional investors in a given stock. For specifications (1), (2), and (3),
we sum the ownership of the top 5 institutions, while for specifications (4), (5), and (6), we take
the top 7 institutions. Bottom IO represents the combined ownership of the smaller institutional
investors whose equity holdings equal that of the top IO. Middle IO is the aggregated ownership
of all institutional investors not considered neither in the top nor the bottom group of investors.
The control variables include the Amihud (2002) illiquidity measure, the inverse of the stock
price at quarter-end, book-to-market ratio, the log of the market capitalization of each stock
estimated at quarter-end, and past 6-month momentum return over the previous two quarters.
t-statistics are reported in parentheses and are based on standard errors clustered at the stock
and quarter levels. ∗ ∗ ∗ , ∗∗, and ∗ represent statistical significance at the 1%, 5%, and 10%
levels, respectively. The sample period is from 1989:Q4 to 2018:Q1

Full Sample 2009-2018
Top 5 Inst Top 7 Inst Top 5 Inst Top 7 Inst

(1) (2) (1) (2) (1) (2) (1) (2)

Top IO 0.467*** 0.578*** 0.429*** 0.534*** 0.652*** 0.678*** 0.567*** 0.594***
(3.35) (5.84) (3.45) (5.83) (5.62) (5.84) (5.65) (5.83)

Mid IO 0.131* 0.054 0.125 -0.004 0.116 0.053 0.075 -0.003
(1.77) (0.52) (1.54) (-0.04) (1.23) (0.52) (0.79) (-0.04)

Bottom IO -0.284** 0.106 -0.227* 0.124 0.139 0.106 0.155 0.124
(-2.18) (1.00) (-1.91) (1.20) (1.42) (1.00) (1.60) (1.20)

GMF 0.061*** 0.052*** 0.041* 0.036*
(2.89) (2.88) (1.94) (1.97)

GETF 0.304** 0.314** 0.384** 0.394**
(2.13) (2.06) (2.33) (2.36)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Stock FE Yes Yes Yes Yes Yes Yes Yes Yes
Calendar-Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes
Obs. 131,394 69,101 131,481 69,121 77,236 69,101 77,277 69,121
adj R2 0.668 0.675 0.668 0.675 0.675 0.675 0.675 0.675
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Table A4: Stock return volatility and fragility as in Friberg et al. (2023)

This table presents the results of a panel regression of average daily return volatility over the
next quarter on the square root of mutual fund fragility and ETF fragility following Friberg et al.
(2023). We include as control variables the log of market capitalization, the inverse of stock price
as well as Year-Quarter and firm fixed effects. t-statistics are reported in parentheses and are
based on standard errors clustered at the stock levels. ∗ ∗ ∗ , ∗∗, and ∗ represent statistical
significance at the 1%, 5%, and 10% levels, respectively. To compare our results to those of
Friberg et al. (2023) we define the sample period from 2001:Q1 to 2017:Q4

All firms IO > 0.2 Mkt cap > Median

(1) (2) (3) (4) (5) (6) (7) (8) (9)
√
GMF 0.065*** 0.032* 0.060*** 0.046*** 0.064*** 0.046***

(3.60) (1.86) (3.37) (2.57) (3.58) (2.59)
√
GETF 0.187** 0.176** 0.191** 0.179** 0.193** 0.178**

(2.24) (2.10) (2.26) (2.20) (2.34) (2.13)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Obs. 98,304 69,776 69,776 95,923 68,744 68,744 98,283 69,772 69,772
adj. R2 0.662 0.683 0.689 0.661 0.683 0.688 0.662 0.683 0.691
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OA5. 13F Institutional investors ETF and leveraged/inverse

holdings ETF

The first domestic ETF was introduced in 1993 while the first domestic leverage ETF
was created in 2006. Since their inception, ETF attracted the attention of investors
due to their hybrid design that combined characteristics of open and closed-end
mutual funds while offering, initially, broad diversification at a lower cost.

Leverage ETFs were first launched to the market in 2006. Similarly to traditional
ETFs, these funds offered exposure to a wide set of benchmarks, however, their
replication method includes using derivatives. This mechanism allows ETFs fund
managers to leverage the performance of the fund. While a positive exposure is
possible (obtaining 1.5x or 2x the return of a specific benchmark) it is also possible
to obtain a negative exposure. This is, investors can also buy ETFs that offered
to provide the negative exposure by obtaining negative multiplier of the benchmark
return, for instance -1.5x -2x of the return.

We identify leverage and inverse-leverage ETFs as those that include the follow-
ing terms in their names: leverage, inverse, Double, Short, Ultra, UltraShort, 4x,
3x, 2.5x, 2x, 1.5x, 1.25x.
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Figure A1: 13F Institutional Investors holding ETFs

This figure plots the total number of 13F institutional investors, the number of 13F institu-
tional investors that held ETFs and leveraged/inverse-leveraged ETFs in their portfolios at
the last quarter of five different years.
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Figure A2: 13F Institutional Investors holding ETFs

This figure shows the time series of the percentage of 13F institutional investors that held
exchange-traded funds (ETFs) in their portfolios from 1993 to 2021. 13F institutional
investors are classified based on three different criteria. In panel A, investors are classified
into short-horizon and long-horizon based on the average churn ratio of Yan and Zhang
(2009). In panel B, we group investors into transient (i.e., show high portfolio turnover and
highly diversified portfolios), dedicated (i.e., characterized by large investments in portfolio
firms and low portfolio turnover), and quasi-indexer (i.e., those with low portfolio turnover
but more diversified portfolios) Bushee (2001). In panel C, we classify investors following
Koijen and Yogo (2019). The 13F holdings data is obtained from Thomson/Refinitiv, while
ETF data is collected from Bloomberg and CRSP.
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Figure A3: 13F Institutional Investors holding leveraged/inverse-
leveraged ETFs

This figure shows the time series of the percentage of 13F institutional investors that held leverage
or inverse-leveraged exchange-traded funds (ETFs) in their portfolios from 1993 to 2021. 13F insti-
tutional investors are classified based on three different criteria. In panel A, investors are classified
into short-horizon and long-horizon based on the average churn ratio of Yan and Zhang (2009). In
panel B, we group investors into transient (i.e., show high portfolio turnover and highly diversified
portfolios), dedicated (i.e., characterized by large investments in portfolio firms and low portfolio
turnover), and quasi-indexer (i.e., those with low portfolio turnover but more diversified portfolios)
Bushee (2001). In panel C, we classify investors following Koijen and Yogo (2019). The 13F hold-
ings data is obtained from Thomson/Refinitiv, while leveraged and inverse-leveraged ETF data is
collected from Bloomberg and CRSP.
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