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Abstract

We study investor redemptions and portfolio rebalancing decisions of prime money market mutual
funds (MMFs) during the Eurozone crisis. We find that sophisticated investors selectively acquire in-
formation about MMFs’ risk exposures to Europe, which leads managers to withdraw funding from
information-sensitive European issuers. That is, MMF managers, particularly those serving the most
sophisticated investors, selectively adjust their portfolio risk exposures to avoid information-sensitive
European risks, while maintaining or increasing risk exposures to other regions. This mechanism helps
to explain the occurrence of selective “dry-ups” in debt markets where delegation is common and returns
to information production are usually low.
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1 Introduction

Intermediated short-term debt markets play a key role in providing liquidity to firms and households.

Through intermediation, large volumes of near riskless, short-maturity debt contracts are regularly writ-

ten and rolled over by issuers, with minimal frictions and with little attention paid by financial markets. A

leading example of low-involvement intermediation is prime money market mutual funds (MMFs) which,

with assets totalling about $3 trillion at the end of 2018, are a major source of corporate debt funding,

especially for financial institutions.1

In normal times, short-term debt securities fluctuate little in value because their payoffs are near-certain

and rarely change with the arrival of new information. In such an “information insensitive” environment,

investors have very limited incentives to expend resources to monitor intermediaries’ investment strategies,

and, with low expected benefits, may rationally choose to engage in little to no information acquisition,

reducing the transaction costs and redundant acquisition of information about collateral quality.2 Likewise,

absent concerns about fundamental credit quality, strategic complementarities (i.e. concerns about negative

externalities from other investors’ actions) play little role in governing investors’ choices.3

In such a setting, a rapid “dry-up” of liquidity may develop as a result of information events which

cause investors to become concerned, almost overnight, about the value of the often opaque, hard-to-value,

pools of assets backing debt obligations. These concerns, in turn, may generate incentives for debt-holders

to acquire information about risk exposures and/or to worry about the potential adverse effects of other

investors’ redemptions. Specifically, in MMF markets, redemptions may ensue when investors choose to

scrutinize funds’ portfolio exposures more carefully, revise expectations about other investors’ actions, and,

if risks are perceived to be too high, redeem their shares. Under these circumstances, MMF shares become

information-sensitive and investor perceptions of MMFs’ risks are suddenly differentiated. Nevertheless,

even during a crisis, information acquisition may be selective, and available information incomplete. After

all, MMF payoffs are, by design, insensitive to most changes in market conditions. Moreover, private

information acquisition is costly and MMF portfolios are complex, containing many securities from global

1See https://www.ici.org/research/stats/mmf/mm_12_20_18.
2See, e.g., Dang et al. (2017), Gorton (2017), Dang et al. (2015), Holmstrom (2015), and references therein.
3For models of intermediation with strategic complementarities, see e.g., Diamond and Dybvig (1983); Goldstein and Pauzner

(2005). For applications to open-ended mutual funds, see, e.g., Chen et al. (2010); Schmidt et al. (2016); Goldstein et al. (2017).
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issuers.4

Motivated by these ideas from prior theoretical models, this paper empirically documents a novel source

of fragility in short-term debt markets that is driven by such an incomplete information acquisition setting.

Selective or incomplete information acquisition by investors can prompt selective portfolio rebalancing by

intermediaries (i.e., MMF portfolio managers) by creating incentives to avoid holding only those securities

that are most impacted by the negative news signals at the onset of a crisis. To the extent that such rebalanc-

ing by portfolio managers suppresses their investors’ need to engage in subsequent information acquisition

and/or reduce strategic complementarities, rebalancing may prevent further redemptions. Thus, managers

may rationally exhibit an aversion to “headline risk” and avoid information-sensitive securities. In MMF

markets, where the benefits of maintaining exposures to comparatively riskier securities are quite low, even

small fluctuations in perceived risks can be associated with rapid dry-ups in funding for the issuers of such

securities.

To shed light on this mechanism, we study investor responses to initial portfolio risk and the subsequent

portfolio rebalancing by MMF managers during the 2011-12 Eurozone crisis, where a major concern for

investors was the geographic origin of the issuer of a particular security. At the time, numerous press reports

cited concerns from regulators and other market participants about the exposures of European banks to a

potential Greek default. These events increased the quantity/value of available information about individual

MMFs’ exposures to European default risk, relative to risks emanating from other regions, plausibly making

redemptions disproportionately sensitive to cross-sectional differences in MMFs’ European exposures.5

Since investors choose how much information, if any, to acquire about credit risk, we should expect

to see the largest amount of information acquisition and the largest flow responses to individual funds’

credit risks among investors with the greatest comparative advantage (i.e., lowest costs/highest benefits)

4Consistent with this hypothesis, Peter Crane (CEO of Crane Data, one of the two major data vendors for MMFs) noted in an
interview with the authors that shortly prior to the 2008 failure of Lehman Brothers (and a subsequent run on the MMF sector), “the
Reserve Primary Fund was posting its full portfolio on its website and updating it daily, so it showed all of that Lehman paper sitting
there. That didn’t stop all of the big institutional clients from leaving their cash there over the weekend [during which Lehman
failed].” By this time, Lehman’s stock was already down 95% from its 52 week high and the Reserve Primary Fund – a large MMF
that “broke the buck” during the crisis – held more than 1% of its portfolio in Lehman’s short term debt.

5Such heterogeneity in redemption decisions contrasts with the more uniform redemptions from riskier MMFs that would be
expected following an increase in investor risk aversion alone or in the absence of information processing capacity constraints.
Even if investors begin to acquire more information, most are unlikely to have the information processing infrastructure in place to
permit efficient risk reallocation in bad times. As formalized by Hanson and Sunderam (2013), it takes time and resources to scale
up capacity to collect and process information. Thus, information acquisition, even by sophisticated investors, is likely selective
and incomplete during stress episodes, as shown by the anecdotal evidence discussed in the prior footnote.
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in acquiring and processing information. Also, more precise public information (i.e., a market-wide lower

marginal cost of gathering information) about European issuers’ changing default risks might make investors

better able to coordinate runs on individual MMFs with high European exposures. In both cases, MMF

managers who cater predominantly to highly sophisticated investors have the strongest incentives to quickly

move their portfolios away from these informationally-sensitive securities.6

Taking advantage of the rich detail available in MMF portfolio holdings reports starting November

2010, we provide empirical evidence consistent with MMF managers acting upon such incentives. To the

extent that a reduction in risk exposure to certain issuers is not replaced one-to-one with added exposure to

other issuers, such behavior may indeed have the effect of making MMF investors’ payoffs safer. However,

fragility may simply be pushed one link further down the chain by concentrating a reduction in financing on

a particular subset of issuers. As is well known, MMFs rapidly and dramatically cut exposures to European

issuers during the period of our study (see, e.g., Ivashina et al., 2015). We offer evidence that, controlling

for initial risk exposures, managers with the most attentive investors adjusted their portfolios away from

Eurozone credit risks by the largest amount. At the same time, MMF funding of issuers from outside

of Europe with comparable default probabilities remained stable or even increased throughout the period,

consistent with a selective focus on the part of fund investors and, in turn, fund managers.

We note that testing these ideas requires (i) accurate measures of fund-level credit risk, commensurate

with the real-time information available to sophisticated investors, and (ii) good proxies for (heterogeneous)

investor information acquisition and their processing capacity. To this end, we combine granular MMF

portfolio holdings data – the same information available to investors on a monthly basis as of the end of

2010 – with a data set of contemporaneous issuer default probabilities to calculate forward-looking, fund

and security-level credit risk measures that move with market conditions. These detailed data also enable

us to characterize fund manager portfolio rebalancing decisions throughout the crisis. Furthermore, we

use a unique, proprietary dataset of types of shareholders in each MMF shareclass to classify institutional

ownership (our proxy for low/high information acquisition costs) with more precision than in previous

6Schmidt et al. (2016) provide a model in which strategic complementarities are stronger in funds with a higher concentration
of sophisticated investors, so managers with better-informed investors may also have a stronger incentive to avoid information
sensitive securities. Further, when investors’ actions are strategic complements, investors have an incentive to “know what other
investors know” (Hellwig and Veldkamp, 2009) and acquire similar types of information. In our setting, given the media and
regulatory focus on European exposures, it is most likely that investors would coordinate on acquiring more information about
these dimensions of portfolio risk, so these mechanisms potentially reinforce one another.
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studies.7 We supplement this latter information with data logs containing a record of the number of times

investors view the fund filings on the SEC’s EDGAR website – a direct measure of investor acquisition of

the most readily available detailed information on MMFs.

Empirically, we find evidence consistent with the premise that sophisticated investors are the investors

most responsive to fund-level credit risk. Prime MMFs, especially those serving the most sophisticated

investor-types (“HiSOPH” funds), experience brisk outflows, amounting to roughly 10% of aggregate as-

sets, from June 8–July 5 of 2011.8 Moreover, outflows are sharpest among shareclasses with the highest

concentration of sophisticated investors and with higher credit risk at the onset of the crisis.9 In contrast,

we see little-to-no evidence of a differential response according to initial credit risk among shareclasses

owned by less sophisticated investors (“LoMiSOPH” funds). Our above-mentioned measure of investor in-

formation acquisition from the SEC EDGAR website also points to little information acquisition prior to

June 2011, followed by a substantial increase in information acquisition during the crisis. This increase

occurred almost exclusively among funds with a high concentration of sophisticated investors, suggesting

that more sophisticated investors were much more likely to have viewed the holdings information of indi-

vidual MMFs during the Eurozone crisis, motivating sophisticated investor outflows, at least in the absence

of risk-mitigating actions of MMF portfolio managers.

While sophisticated investors likely processed and incorporated holdings information into their redemp-

tion decisions, the data point to a selective focus on Europe. We find that European risk exposures are highly

predictive of redemption behavior within HiSOPH shareclasses relative to shareclasses with less sophisti-

cated ownership. In contrast, portfolio exposures outside of Europe are not associated with redemptions,

even in HiSOPH shareclasses, consistent with investors’ risk assessments narrowly focusing on the impact

of the Eurozone crisis on European issuers.

Turning to MMF managers’ responses, we provide multiple pieces of evidence consistent with an at-

7We consider a broad definition of “sophisticated accounts” as those in which natural persons represent a minority of ownership
interest. By this definition, we estimate that 26% of self-designated “institutional” shareclasses of MMFs have less than 5%
sophisticated ownership, while 16% of institutional classes have at least 95% sophisticated ownership, by dollar value.

8We choose July 5, 2011 as an endpoint because large outflows from prime funds ceased after that date, a well as to avoid
contaminating flows related to the Eurozone crisis with flows due to concerns about a potential breach of the U.S. debt ceiling in
mid-to-late July 2011. For robustness, we also consider an alternative time range, similar to Chernenko and Sunderam (2014)–June
1 to July 31, 2011–with qualitatively similar results.

9While we find that investor sophistication is a clear predictor of information acquisition during the crisis, having a higher
initial risk exposure, conditional on sophistication, does not predict higher information acquisition across funds at the onset of the
crisis.
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tempt by managers of HiSOPH funds to make their portfolios less informationally sensitive. We demon-

strate that HiSOPH funds reduced the credit risk of their portfolios to a significantly higher degree, relative

to LoMiSOPH funds, per unit of initial European credit risk. Further, these reductions came completely from

efforts to rebalance away from European issuers. We find no evidence of similar reductions in exposure to

issuers outside of Europe, even when non-European initial exposures are high. To the contrary, HiSOPH

funds – funds more likely to be monitored by their investors – with initially high European exposures sub-

stitute more aggressively towards non-European exposures and, in the process, increase their non-European

credit risk level relative to their pre-crisis portfolios. These findings suggest that fund managers rebalanced,

not according to agnostic measures of issuer credit risk, but according to pressure from sophisticated in-

vestors on MMF managers to make portfolios less sensitive to events in Europe. Consistent with large

blockholders internalizing the costs of potential redemptions and being less selective in their information

acquisition efforts, we find that portfolio rebalancing away from Europe is more muted in funds with more

concentrated ownership (as proxied for by their average balance size).

We consider three alternative explanations for our findings. First, our rebalancing analysis compares

funds with similar ex-ante risk levels but different investors. A natural concern could be that HiSOPH

funds differ from their peers in terms of unobservable exposures to the Eurozone crisis, which might lead

them to reduce their European holdings more aggressively. However, we demonstrate that the relationship

between initial credit risk and observed increases in counterfactual credit risk is similar across HiSOPH

and LoMiSOPH funds, and that several observable measures of pre-crisis portfolio composition are similar

across groups, conditional on our initial risk measures. Second, similar to the evidence in Strahan and

Tanyeri (2015), the need to meet heavy redemptions may have led HiSOPH funds with greater European

exposures to pull back proportionally to their regional allocations, implying that our results, in part, might

be driven by outflows as opposed to a desire to reduce portfolio information sensitivity. However, results

are insensitive to various controls for redemptions, and we find similar differences between HiSOPH and

LoMiSOPH funds when we re-estimate the model for subsamples split on prior outflows.

A third alternative explanation involves regulations on the MMF investable universe. Perhaps, a dispro-

portionate fraction of European issuers, relative to issuers in other regions, simply drop below investment

grade and, thus, lose access to the heavily-regulated MMF sector. Such a scenario may explain managers’
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focused withdrawals from this market. We find evidence counter to this simple “flight-to-quality” story;

that is, we observe very large reductions in the total value of issuance of short-term debt securities, and

reductions in maturities of new securities for essentially all European issuers – even those with low default

probabilities throughout the crisis. These reductions in total funding and maturities are larger for riskier

European issuers, consistent with the patterns documented for wholesale funding dry-ups in Perignon et al.

(2018) and Covitz et al. (2013). However, we find no similar reductions of funding on average, nor are

reductions in funding correlated with default risk, outside of Europe.

Our paper contributes to a recent literature studying sources of financial fragility in short-term funding

markets and, in particular, the 2011-12 Eurozone crisis.10 Chernenko and Sunderam (2014) find that, over

the summer of 2011, MMFs holding more Eurozone bank debt experience greater outflows. Correa et al.

(2013) find that, as MMFs reduced lending to European banks, U.S. branches of European banks reduce

lending to U.S. entities. Ivashina et al. (2015) make a similar argument, finding that European banks that

are more reliant on dollar-denominated funding from MMFs experience larger declines in their outstanding

dollar loans. The main focus of these papers is quite different from ours, however. They study how the

lending channel can generate credit supply shocks for firms outside of Europe. Conversely, we focus on

the information acquisition and monitoring behavior of investors with different sophistication levels and

the implications of this behavior for how managers restructure their portfolios following an initial credit

shock.11 Moreover, we propose new tests to plausibly identify this mechanism.

The remainder of the paper proceeds as follows. Section 2 contains a short background on MMFs

and the 2011-12 Eurozone crisis. Section 3 develops the hypotheses that we test in our empirical analysis.

Section 4 introduces our dataset, which is used to study investor redemptions and information acquisition

(Section 5) and fund portfolio risk reallocations (Section 6) during and after the Eurozone crisis. Section

7 compares the level of MMF funding available to individual issuers, both between and within regions.

Section 8 concludes.
10Covitz, Liang, and Suarez (2013) study the asset-backed commercial paper (ABCP) market, while McCabe (2010), Kacper-

czyk and Schnabl (2013), Duygan-Bump et al. (2013), Strahan and Tanyeri (2015), and Schmidt et al. (2016) study investor behavior
and flows to MMFs around the Lehman crisis. Goldstein (2013) provides a survey of the empirical literature on bank runs.

11In other words, the primary focus of these earlier studies is on how changes in the total quantity of assets under management
(which declined disproportionately for MMFs serving sophisticated investors and with high European credit risk exposures) affect
the total amount of lending to issuers in other regions.
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2 Background: Money Market Funds and the Eurozone Crisis

MMFs are mutual funds that are widely used by U.S. corporations and individuals as a liquid cash in-

vestment. They invest exclusively in short-term debt securities, a “default-remote” contract designed to be

informationally insensitive. In normal times, investors may rationally choose to be inattentive to news about

the value of MMF portfolios, choosing to delegate the details of these investment decisions to a MMF man-

ager.12 On the asset side, they are an important provider of short-term financing to corporations, holding

16.6% of their aggregate portfolios in time deposits (e.g., bank CDs), 14.3% in commercial paper (CP),

26.9% in Treasury and Agency securities, 17.4% in repurchase agreements (repos), 13.8% in municipal

securities, and 11.0% in other investments at the end of 2010.13 Similar to a bank deposit account (but, in

actuality, an equity investment), shares in a MMF are designed to each have a constant value of $1, allowing

investment and redemption by investors without loss of principal (i.e., similar to a bank account).14 There

are three categories of money market funds: prime, government, and tax-exempt. Prime funds are the largest

category, the most flexible and riskiest of such funds.

MMFs must adhere to strict portfolio restrictions under SEC Rule 2a-7 of the Investment Company

Act of 1940. This provision, along with the ability to round prices to the nearest penny, allows MMFs

to maintain, almost always, the above-mentioned $1 per share net asset value (NAV); they may do so as

long as their mark-to-market portfolio values do not deviate by more than 50 bps from $1, under which

circumstance they would reprice NAV shares to “break the buck”. This feature of investors’ payoffs – that

those withdrawing from funds quickly may exit at the $1 NAV, leaving remaining investors to potentially

bear the costs of liquidating portfolio assets – creates a first-mover advantage and, in turn, makes investors’

redemption decisions strategic complements (Chen et al., 2010; Goldstein et al., 2017; Schmidt et al., 2016).

In 2010, the SEC adopted a set of amendments to Rule 2a-7 which mandated that funds file complete

portfolio holdings reports (Form N-MFP) within five days of month-end. These data facilitate a richer

analysis of fund portfolio risks than was possible during the 2008 crisis, which we exploit throughout this

paper.

12These features of short-term debt payoffs are discussed extensively in Gorton and Pennacchi (1990), DeMarzo et al. (2005),
Holmstrom, 2015, Dang et al. (2017), and references therein.

13http://www.icifactbook.org/deployedfiles/FactBook/Site%20Properties/pdf/16_fb_table36.pdf
14https://www.federalreserve.gov/releases/z1/current/accessible/l121.htm.
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Investors responded to the Eurozone crisis with heavy redemptions from prime MMFs during June and

July of 2011. Citing their exposure to Greek debt, on June 15, 2011, Moody’s placed several French banks

on review for possible downgrade. Figure 1 shows that prime MMFs experienced outflows amounting to

roughly 10% of aggregate assets ($113 billion) from June 8–July 5 of 2011, and, at the same time, gov-

ernment MMFs experienced heavy inflows. After this period, however, the influence of the Eurozone crisis

on MMF flows is less clear. That is, later in July 2011, a second potential crisis appeared as Republicans

in the U.S. Congress demanded concessions in return for extending the federal debt ceiling. MMF flows

remained flat between mid-July until the debt ceiling deadline approached on August 2. Indeed, in late-July

and early-August of 2011, outflows from both prime and government MMFs rose sharply. To separate these

events, we focus on the period from June 8 through July 5 of 2011 when evaluating factors contributing to

rapid outflows from MMFs during the Eurozone crisis.

The Eurozone crisis continued long after flows began to slow from MMFs. Figure 2 shows average

5-year CDS premiums on banks in Europe, the U.S., and the Asia/Pacific region. Credit risk moved slowly

upward during June and July of 2011, accelerating in August of 2011. Credit risk remained high until

September of 2012, when the European Central Bank (ECB) announced that it would buy unlimited amounts

of the bonds of troubled Eurozone countries, thereby committing to be a lender of last resort.

Relative to issuers based in other regions, a disproportionate amount of public information was available

about the changing fortunes of European issuers during the period of our study. To demonstrate this, we

collect information from Bloomberg on the daily number of news articles written about each of the issuers

funded by prime funds and use this to construct indices of media attention by region, details of which are

provided in Appendix D. These indices, which we plot in Figure 3, track one another quite closely up until

May 2011, at which point media coverage of European issuers further increases, whereas media coverage on

issuers from other regions remains relatively flat. From July 2011 through the end of the year, the volume

of news articles on European issuers is roughly two to three times the average from 2010, and European

issuers continue to receive elevated levels of coverage relative to other regions, until the spring of 2012.
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3 Hypothesis Development

In this section, we develop a set of hypotheses which we empirically test in the following sections. Our

first hypothesis is that, from the start of 2011 (shortly after holdings data first become available) until the

events of June 2011 described above, the MMF industry is in an information-insensitive state – meaning

that the expected benefit from incurring costs to distinguish the credit risk of individual MMFs is small. In

this state, more sophisticated MMF investors exhibit no greater responsiveness to changes in credit risk than

less sophisticated investors. Moreover, cross-sectional variation in credit risk does not predict investors’

subsequent information acquisition. Below, we test these predictions by considering the cross-sectional

correlation between investors’ redemptions (a signal of information acquisition) and MMF portfolio credit

risk, conditional on investor sophistication. We do so using data prior to the Eurozone crisis.

The onset of the Eurozone crisis is associated with sharply elevated default risk levels for the portfolio

holdings of some MMFs, increasing incentives of MMF investors to acquire information about funds’ risk

exposures. In this more information-sensitive regime, we expect investors, particularly larger, more sophis-

ticated institutional ones, to acquire more information. Investors, then, act on this information by retreating

selectively from funds for which fundamentals were revealed to be weak, leading to a reallocation of AUM

across funds. In this regime, the mechanisms discussed in Section 1 – costly information acquisition and

strategic complementarities – have several testable implications for the behavior of both investors and funds.

These implications are described next.

Starting with the investors, our second hypothesis is that investors with a comparative advantage at

monitoring (1) acquire/receive more information about individual funds’ risk exposures and (2) respond

more intensely to changes in funds’ perceived credit risks. Testing this hypothesis requires observable

proxies for monitoring costs, which we describe below. We expect these proxies to signal increased levels

of investor information acquisition, particularly for investors with low information acquisition costs. We

validate this expectation using web views of funds’ SEC filings.

In practice, information acquisition is costly, and investors likely differ in their likelihood of receiving

and/or capacity for processing information about portfolio risk. Since MMFs hold many heterogeneous as-

sets in their portfolios, risk assessment is complex and available information is often incomplete.15 When

15The evidence we present below (for example, the number of views of SEC filings in Figure 5) is consistent with unsophisticated
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choosing between multiple types of signals to acquire, investors may find it beneficial to selectively ac-

quire information about a subset of assets (Kacperczyk et al., 2016) – most likely European assets in our

setting. Even those investors that do not actively pursue new information may still be exposed to certain

public signals during this period. We assume that investors were more likely to receive information about

European risks in MMFs’ portfolios, relative to risks emanating from other regions, and also that this type

of information may serve as a coordination signal. Hence, investors’ actions might be disproportionately

influenced by those risk exposures about which they are most aware. In particular, we expect to see larger

redemption responses to portfolio risks from European relative to other sources of risk, with the most sophis-

ticated investors responding comparatively more. We test these predictions by considering the correlation

between investor withdrawals and credit risk during the Eurozone crisis, separately by region and by investor

sophistication.

Turning to the behavior of fund managers, our third hypothesis is that incomplete information acquisi-

tion by investors will create manager incentives to selectively rebalance their portfolios. A key underlying

assumption is that changes in portfolio asset composition will change the information that investors are

likely to receive, whether from private information acquisition and/or from exogenous public signals. If

the signals associated with certain asset positions are perceived by managers as boosting the likelihood of

future redemptions, managers will reduce exposures to only the affected assets, even across sets of securities

with similar objective default probabilities. Thus, holding credit risk constant, we expect managers to more

aggressively rebalance away from assets for which the benefit/likelihood of acquiring information about

default risk is relatively high (and/or the cost is low). In addition, we expect these incentives to be strongest,

leading to relatively larger reductions in risk, in those funds that are most exposed to the initial information

event as well as in those funds catering to more sophisticated investors.16 Note that such rebalancing incen-

tives may exist irrespective of whether the underlying objective is to weaken complementarities or to avoid

private information acquisition on the part of sophisticated investors; we do not distinguish between these

investors (e.g., retail customers) receiving essentially no information about MMFs’ risk exposures during our sample period. Given
the information insensitivity of MMF portfolio payoffs, we assume (and test below) that the decision by more sophisticated investors
(e.g., institutional investors) regarding whether to disinvest will also be based upon incomplete information.

16Recall that, in the model of Schmidt et al. (2016), higher information processing capacity is associated with stronger com-
plementarities. The argument that large institutional investors have a stronger incentive to withdraw from MMFs in response to
increases in credit risk is subject to the important caveat that very large blockholders better internalize the negative externalities
associated with their redemptions in response to news about credit risk (Chen et al., 2010) and refrain from doing so, which could
weaken these rebalancing incentives. We further discuss and empirically explore this point in section 6.2.
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two potential mechanisms.

Managers can reduce the information sensitivity of their portfolios by rebalancing risk across regions

(i.e., if news about European issuers is more plentiful than news about Asia/Pacific issuers) and within

regions (i.e., if information about some European issuers is more readily available and/or valuable). We

expect that managers may choose to avoid the more information-sensitive issuers or security types, such as

those with lower expected recovery rates or longer maturities. We test these latter implications by studying

compositional changes of fund portfolios. We test all of the above predictions in Sections 6 and 7.

4 Data and Variables

Our empirical analysis relies on data merged from five sources, the union of which represents, to our knowl-

edge, the most comprehensive and complete empirical database studied to date on MMFs.

Our first data source consists of a complete record of the portfolio holdings of all prime MMFs at

each month-end in the 2011–2012 period. The SEC’s 2010 Amendments require each MMF, starting in

November 2010, to file Form N-MFP each month with the SEC. We obtain this detailed monthly portfolio-

level holdings information from SEC’s EDGAR data site. For each portfolio security, the fund must report

the name of the issuer, details about the issue (e.g., the type of security and whether it is collateralized), and

the security’s maturity. We categorize the holdings on Form N-MFP by the parent of the issuer.17 We assign

each parent firm to a particular region of the world, based on the parent firm’s headquarters. From this data

set, we calculate our main credit risk measures (discussed next) as well as measures of fund liquidity and

dollar exposures to European issuers during the crisis.

Second, to generate our credit risk measure, the “expected-loss-to-maturity” (ELM) of the fund’s port-

folio, we use default probabilities that match the time to maturity of each security in our N-MFP data. We

obtain default probabilities from the Risk Management Institute (RMI) of the National University of Singa-

pore. RMI generates forward-looking default probabilities for issuers on a daily basis for maturities of 1, 3,

6, 12, and 24 months ahead.18 We hand match firms in the RMI database with the list of parent companies

17Parent companies are often global firms that may need dollar funding from MMFs. For example, Honda Auto Receivables
Owner Trust, which issues commercial paper in the U.S. to help finance auto loans to U.S. residents, is affiliated with Honda Motor
Company Ltd., which is its “parent.”

18These probabilities are generated using the reduced form forward intensity model of Duan, Sun, and Wang (2012). RMI covers
around 60,400 listed firms (some of which are no longer active) in 106 economies around the world and issues default probabilities
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that issue debt to MMFs from our N-MFP data; this matching has a 90% success rate. For the remaining

10% of securities in N-MFP, we use other market quotes to arrive at estimated default probabilities (see

Appendix B). We calculate the expected-loss-to-maturity on a security as the issuer’s default probability

(maturity-matched to the security and then annualized) times the expected loss given default. Each security-

level risk estimate is then multiplied by its portfolio weight and summed across all securities in a fund’s

portfolio. ELM approximates the annualized expected loss on a fund’s portfolio.19 Appendix B details this

calculation and documents the necessary assumptions.

We use this framework to construct a counterfactual measure of credit risk (CELM) by applying current

default probabilities to fund portfolio holdings as of May 31, 2011. Then, by comparing ELM with CELM

after May 2011, we can determine whether a fund’s actual portfolio is more or less risky than its May

2011 portfolios would have been had the fund continued to hold the same securities with the same portfolio

weights as May 2011. This provides a timely measure of how a portfolio manager’s actions have altered the

fund’s risk profile since May 2011.

Figure 4 shows that ELM evolves with market conditions. This figure plots monthly asset-weighted

averages (across all prime MMFs) of three fund credit risk measures (LHS) and, for comparison, the

5-year CDS premium for the iTraxx European senior financial index (RHS). Fund credit risk measures

include ELM, its counterfactual (CELM), and the prime-to-government money market fund yield spread

(Yield spread). Yield spread is the most commonly used indicator of a prime fund’s credit risk. It is simple

to calculate, but the use of amortized cost accounting means that a fund’s yield spread can lag behind a

fund’s “true” credit risk. In Figure 4, average ELM and yield spread diverge by as much as 12 bps/year, and

yield spread appears to lag 2–3 months behind ELM throughout the crisis. In contrast, ELM and, especially,

CELM, appear to closely track the market’s perceived credit risk in European banks as measured by CDS

premiums.

for 34,000 firms. In fact, RMI publishes default probabilities for a number of firms which are important for our analysis, but for
which CDS are not traded, notably for Canadian banks.

19To an extent, RMI’s default probabilities take into account the prospect of common shocks across firms. Our credit risk
measure, ELM, does not, however, directly account for the extent of co-movement in default probabilities across firms held within
an individual fund’s portfolio. Correlated defaults with a portfolio could be of serious concern during those rare events when a large
number of defaults occur simultaneously. Collins and Gallagher (2016) calculate the cost of “break the dollar insurance” (BDI),
which accounts for correlation in credit risk across issuers but, unlike ELM, cannot be broken out into regional risk contributions.
Borrowing their BDI measure, we find that it is highly correlated over time with ELM (ρ = 0.95 for the asset-weighted average
fund over time and ρ = 0.85 across individual funds). Moreover, we verify the robustness of our main results to using BDI instead
of ELM. See Appendix B and, in particular, Figures B1 and B2 for more details.
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Third, we use a unique and novel database consisting of the proportion of assets, for each MMF share-

class, held by different categories of investors at the start of 2011. This proprietary data is compiled by the

Investment Company Institute (ICI) from fund transfer agents.20 A shortcoming of publicly available data

sets such as iMoneynet, is that so-called “institutional” shareclasses often are comprised of collective trusts

or omnibus accounts sold through brokers, which have large numbers of retail investors (also referred to as

“natural persons”). Thus, prior studies that treat all institutional shareclasses alike have missed a good deal

of the heterogeneity in the underlying investor base. As we show in Appendix Figure C1a, only about half

of the money in self-designated prime institutional shareclasses come from true institutions. Our preferred

measure of investor sophistication, SOPH, is the portion of “truly institutional” investors (i.e., accounts for

which natural persons do not represent the beneficial ownership interest) in a given fund or shareclass.21

Our maintained assumption is that these truly institutional investors are more sophisticated and face lower

costs of acquiring information.22

Fourth, we use a separate data source, iMoneyNet.com, to calculate investor flows to/from both indi-

vidual shareclasses and individual funds during the Eurozone crisis, along with several other explanatory

variables. Most notably, from daily iMoneyNet data, we obtain the dependent variable for cross-sectional

regressions explaining flows (FLOW ), which is measured as daily percentage changes in assets of each

shareclass during the crisis. From iMoneyNet, we also measure each class’s (log) total net assets (ASSET S),

historical flow variation (FLOWST D) and gross 7-day annualized yield (GY IELD).23

Finally, we use aggregate daily views of individual funds’ SEC Edgar filings as our proxy for investor

information acquisition, using files which track the number of hits on each page (URL) along with a blurred

20All statistical analyses were conducted using only high-level categorizations and de-identified data (this data is not publicly
available or for purchase). The data contains estimates of the number of accounts in each fund, from which we calculate each fund’s
average balance size. This variable is measured imperfectly, however, as brokers and 401(k) plans often pool their clients into one
“omnibus” account which appear as one account despite containing a multitude of investors. Given this caveat, we use this variable
only as a control and in auxiliary analyses. We merge the RMI/N-MFP data set with ICI and iMoneyNet data based on EDGAR
identifiers, CIK codes, and tickers.

21True institutional investors consist of nonfinancial corporations, financial corporations, nonprofit accounts, state/local gov-
ernments, other intermediated funds (e.g., hedge funds and fund-of-fund mutual funds), and other institutional investors (e.g.,
international organizations, unions, and cemeteries). See Appendix C for a more detailed discussion.

22We split all funds with at least one (self-designated) institutional shareclass into terciles based upon SOPH and use the
breakpoints from this procedure to sort all funds, including those with only retail shareclasses, into three categories. The breakpoints
are at 13% and 57% of fund assets coming from sophisticated investors. While this procedure yields unequal numbers of funds
within each group due to a large number of retail funds with near-zero sophistication, it creates more separation across funds, such
that HiSOPH are markedly more sophisticated than remaining funds, on average–82% of the assets of the HiSOPH group are
owned by sophisticated investors compared to only 14% of the assets of remaining funds (LoMiSOPH).

23FLOWST D is calculated as the (log) standard deviation of daily percentage changes in fund assets over the prior 3 months.
This measure captures the historical liquidity needs of a fund’s investors (Gallagher and Collins, 2016; McCabe, 2010).
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IP address of the user and a precise timestamp. For further details, see Appendix D.

Table 1 depicts rich heterogeneity in the characteristics of prime MMFs during the Eurozone crisis.24

While the median fund had outflows of just over 1% of its assets over the period of heavy redemptions in

June and early July of 2011, at the 10th percentile, outflows reached more than 15% of fund assets. The

number of EDGAR page views also rose relative to before the crisis, from 14.55 to 19.80, with an across-

fund standard deviation of 144.68 page views, implying substantial heterogeneity in investor attention as a

response to the crisis.

Next, we turn to measures of credit risk and rebalancing. The average fund had nearly 17 basis points

of credit risk over the 2011–2012 period, of which 10 bps came from European (“EU”) holdings and 7

bps came from non-European (“NotEU”) holdings. Counterfactual portfolios became much riskier over the

period, with average CELM of 24 bps, most of which (19 bps) could be attributed to European holdings.

The “pre” vs. “post” crisis comparison in the table suggests that actual MMF risk from Europe, ELM(EU),

fell marginally during the crisis, from 10.96 bps to 9.54 bps. Meanwhile, risk emanating outside of Europe

rose by about 3 bps. These differences, ELM−CELM, imply that substantial rebalancing occurred over the

crisis period. In fact, the average fund rebalanced 9.56 bps out of Europe and 1.61 bps into other regions.

As further evidence of rebalancing, the European share of credit risk from new securities (identified using

the CUSIP) fell from 77% to 56% as the crisis developed.

5 Investor Information Acquisition and Redemption Behavior

Focusing on the rapid outflows from prime MMFs that took place early on in the Eurozone crisis, this section

tests the prediction that selective information acquisition plays an important role in explaining investor

redemption choices following bad news signals.

5.1 Direct evidence on investor information acquisition

As argued in Section 3, MMF investors have limited incentives to actively acquire private information about

funds’ credit risk exposures in normal times. To test this prediction, we generate time series measures

of investor information acquisition by exploiting the availability of regulatory filings on the SEC EDGAR
24These statistics are displayed at the fund portfolio level. Appendix Table A1 presents statistics for key variables used in our

fund flow regressions at the shareclass level.
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website. Although investors can access information on fund portfolios from other sources, the information

available on the EDGAR website is standardized across funds and time during our period of study. It is also

updated regularly. Crucially, for certain key filings, we can unambiguously associate web traffic with the

specific filings of individual funds and then aggregate investors’ web traffic over time and across funds to get

a proxy for active information acquisition.25 Finally, the activity logs include a scrambled IP address, which

makes it possible to classify different page views according to the activity level of the user and exclude web

traffic that is unlikely to be associated with actual human interaction with the website.26

Figure 5 plots the total number of page views for different types of funds, expressed as a fraction of the

number of total accounts across all funds within each category, where we sort funds into three categories

–LoSOPH, MiSOPH, and HiSOPH– based on the fraction of AUM owned by sophisticated investors. We

express these monthly traffic levels as a rate per 10,000 investors. Further note that we graph the web

traffic series for the LoSOPH and MiSOPH funds on a separate axis, given that their activity measures

are substantially lower relative to HiSOPH funds, consistent with SOPH being a good proxy for investor

attentiveness; the average traffic levels for the three months prior to the start of the crisis–March through

May 2011–are 16.2, 1.2, and 0.66, for high, mid, and low sophistication-level funds, respectively.

Page views of HiSOPH funds’ filings increase sharply in the months of June and July 2011. In fact, the

spike at 189 views per 10,000 accounts is almost 12 times larger relative to the pre-period.27 Recall, much of

the news coverage about MMFs exposures occurred late in the month of June 2011. We observe non-trivial

increases in traffic levels for LoSOPH and MiSOPH funds, though the magnitudes are much smaller in both

absolute and percentage terms relative to the HiSOPH funds – consistent with true institutional investors

having a comparative advantage at information acquisition (as well as a larger benefit from their generally

larger positions). Information acquisition activity returns to pre-crisis levels from August 2011 onward.28

25We aggregate views of Forms N-MFP (holdings reports) and 497K (summary prospectuses), which make up a very large share
of total traffic on MMF’s EDGAR pages and can be uniquely linked with a single fund. Many of the other forms are filed at a higher
(e.g., fund management company) level and contain less standardized information.

26A non-trivial fraction of EDGAR web traffic is related to automatic data collection algorithms, and the use of these algorithms
has increased over time to some extent. Following Loughran and Mcdonald (2014) and Lee et al., 2015, we apply a “no robot” filter
which discards any IP addresses which view more than 50 unique CIKs (the SEC’s identifier) on a single day. Noting that there is
a very strong time trend in the number of non-human views (these users are clearly identifiable from the timestamps in the data,
see Loughran and Mcdonald (2014) ), we use the threshold they propose to rule out these sources of traffic. To the extent that these
views are disproportionately coming from more sophisticated accounts, this likely works against us (since removing these "bot"
views would understate the difference between traffic for HiSOPH funds relative to other funds).

27To the extent that, in addition to using Edgar, sophisticated investors are able to process holdings reports from fund manage-
ment company websites, these measures of SEC page traffic are lower bound estimates of information acquisition.

28In unreported additional analysis, we aggregate the data in a slightly different way, classifying individual IP addresses into
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These results are consistent with investors acquiring little-to-no information about credit risk in normal

times and support the view of financial crises as “information events” during which sophisticated investors

substantially increase information acquisition.29 To our knowledge, such direct evidence on changes in

information acquisition during a crisis is new to the literature.

5.2 Investor redemption behavior

Figure 6 provides preliminary evidence on the role of investor sophistication and credit exposure in explain-

ing redemptions from funds. It shows daily flows, aggregated across shareclasses, around the June 15, 2011

announcement that Moody’s had downgraded French bank credit ratings. The figure plots the log percentage

change in assets in the days around this announcement for four categories of shareclasses, cross-sorted by

ELM (fund credit risk) and investor sophistication, relative to assets under management as of May 31, 2011.

Class sophistication is measured by the portion of class assets held by sophisticated investors (SOPHc). Us-

ing the distribution of assets under management as of May 31, 2011, shareclasses are binned into low, mid,

and high terciles and, in regression specifications below, these categories are associated with the indicator

variables DLow,c, DMid,c, and DHigh,c, respectively.

Consistent with being in an information-insensitive regime in the days prior to the announcement,

cumulative flows to all four groups hovered close to zero and were in close alignment. Regardless of

investor sophistication, we observe no systematic difference in the redemptions of investors in funds with

high and low ELM prior to the June 2011 news events–which pushed MMFs into the spotlight.

From June 15th onward, “HiSOPH x HiELM” shareclasses experience large outflows during the two

weeks following the downgrade. On a cumulative basis, a very economically significant 12 percent of

assets were lost relative to peak AUM as of June 7th, whereas HiSOPH funds with lower risk exposures

do not experience withdrawals. In contrast, redemptions of less sophistication investors are similar for both

terciles based upon the level of activity on the EDGAR website. The spikes in activity are almost exclusively coming from the most
active IP addresses on the site, consistent with information acquisition activities being concentrated among institutional investors,
rather than retail investors. Performing a double sort on these (MMF and investor-level) classifications, we find that the increase in
June and July 2011 is predominantly driven by active EDGAR users looking at forms filed by HiSOPH funds.

29As further evidence, the small spike in page traffic for mid and high sophistication funds in February 2011 are most likely
related to an SEC press release from January 31, 2011 announcing the introduction of Form N-MFP. We are able to confirm that
much of the variation in SEC page views pre-dates the Eurozone crisis: many of the same investors who responded to the SEC’s
January 2011 press release also monitored fund N-MFP filings during the summer of 2011. In other words, there appears to
be a class of investors that followed the SEC announcement and learned about the information contained in the new form. See
https://www.sec.gov/news/press/2011/2011-32.html.
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high and low ELM funds, consistent with earlier evidence of limited information acquisition among less

sophisticated investors. These patterns support the hypotheses in Section 3. However, this analysis does not

control for other potentially relevant investor or fund characteristics. Next, we conduct cross-sectional flow

regressions at the shareclass level.

In Section 3, we make predictions about differential redemption responses across investors with similar

MMF portfolios according to their ability (or incentive) to acquire information. Given our sample size, a

fully nonparametric matching procedure is impractical, so we approximate such an experiment through the

following regression specification, run at the shareclass level:

FLOWc =
J

∑
j∈{All},{EU},or{EU,NotEU}

RISKc, j ·
[
βLow, j ·DLow,c +βMid, j ·DMid,c +βHigh, j ·DHigh,c

]
+X ′cγ + εc,

(1)

where shareclass-level variables, some of which vary only at the fund (portfolio) level, are denoted by “c”

subscripts and the j subscript refers to the geograpical source of credit risk (which can originate from “All”

regions, “EU, or “NotEU”).30 FLOWc, is the cumulative percentage change in class shares over the period

of heavy outflows, 6/7/2011–7/5/2011. Our benchmark portfolio credit risk measure, RISKc, j, is a fund’s

expected-loss-to-maturity (ELM f (c))31, which is identical across shareclasses within a fund.

Regression (1) also includes a number of class- and fund-level controls, Xc, including the logged total

net assets of the class and the fund (ASSET Sc and ASSET S f (c), respectively), the fund’s annualized gross

yield (GY IELD f (c)), the logged historical investor flow variation (FLOWST Dc), the share of fund assets not

maturing during the month nor invested in Treasury/Agency securities (ILLIQUIDITYf (c)), sophistication

category dummies as well as a continuous measure of class sophistication (SOPHc), the log of the average

balance size for the fund (BALSIZE f (c)), and an indicator for whether the class is designated as “institu-

tional” in the fund’s prospectus (INSTc). All independent variables are measured at the beginning of period

over which FLOWc is measured. To reduce the impact of outliers in flows (which tend to be driven by small

shareclasses), we winsorize flows at the 2nd and 98th percentiles and note that results are similar at other

30To economize on notation in equation (1), we mark all variables with a c subscript. In the text below, we identify variables
that only vary at the fund-level with the subscript f (c), where f (c) captures the known mapping from shareclass to fund indices.

31In these flow-risk regressions, ELM f (c) is winsorized at the 98th percentile across security-level holdings before aggregation
to the fund-level. The next section describes this process in more detail (see footnote 38). Winsorization is performed here to be
consistent with that later analysis. Results are similar with the un-winsorized ELM f (c) measure.
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thresholds. All standard errors are clustered at the fund level.32

Table (2) summarizes the coefficients of interest from Equation 1 for different specifications and time

periods. Columns (1)–(3) estimate a monthly panel regression relating monthly flows with lagged fund

and investor characteristics using data for the four months prior to the crisis, where we also include time

fixed effects. In column (1) we interact total ELM with our sophistication indicators. Column (2) uses the

contribution to ELM from European (“EU”) issuers only. Column (3) estimates a bivariate specification

which allows for different coefficients on the contribution to fund ELM from European and non-European

(“NotEU”) issuers. In all three columns, we find a low R2 and small and statistically insignificant coefficients

on these credit risk measures, consistent with investors reacting very little to fluctuations in credit risk in

normal times. The bottom of the table includes p-values for a test of equal flow sensitivity of HiSOPH and

LoSOPH shareclasses to variation in credit risk, i.e., βLow,All = β High,All in columns (1), (4), (5), and (8) and

βLow,EU = β High,EU otherwise. We fail to reject this hypothesis in the pre-period. Our finding in column (3)

is consistent with Chernenko and Sunderam (2014), who find that European exposures do not predict flows,

controlling for yield.

The remaining columns (4)-(10) estimate the same specification using cumulative outflows during the

crisis period as the dependent variable. Here, notable differences begin to emerge depending on investor

sophistication. Columns (4)–(5) estimate Equation (1) using overall ELM as the credit risk measure without

and with controls, respectively. In both cases, coefficients are decreasing in investor sophistication, and

only βHigh is significant at the 95% level (we omit the second subscript since there is a single category).

This is consistent with our hypothesis, suggesting that investors who have a stronger incentive to acquire

information are more responsive to cross-sectional differences in funds’ credit risk exposures. Including

fund controls, we see a modest increase in the predictive power of the specification and a modest reduction

in the magnitude of βHigh. The estimated magnitude of βHigh in column (5) is nontrivial: it suggest that

predicted outflows from HiSOPH shareclasses would be about 4.0 percentage points larger (18 × 0.22) if its

fund’s ELM is at the 90th percentile relative to a fund with an ELM at the 10th percentile (see Table A1).

This effect is substantial relative to the change in aggregate assets under management for prime institutional

32Our analysis winsorizes at the 2nd and 98th percentile to manage the small fund denominator problem (i.e., flows will be more
volatile as a percentage of assets for smaller funds). To explore the robustness of our findings, we re-calculated the flow regressions
in Table (2) using winsorization at the 1st and 99th percentiles. While the associated tests are marginally less powerful due to the
slightly greater influence of outliers, all but one of the columns maintain statistical significance.
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shareclasses (-9%, see Figure 1).

Column (6) repeats the analysis using only the contribution to ELM from European issuers, discarding

any credit risk emanating from other regions. The estimate of βHigh increases and is highly significant,

whereas coefficients for other shareclasses (βLow and βMid) are small and insignificant. Moreover, the dif-

ference between βLow and βHigh is highly significant. We observe a slight increase in the R2 despite the fact

that our predictor variable ignores some sources of risk; at about 14 bps (see Table A1), the 90-10 spread for

European credit risk is non-trivial. It implies that a HiSOPH shareclass in a fund with European exposure at

the 90th percentile would receive outflows during the crisis period that are about 4.5 percentage points (of

assets) larger relative to a HiSOPH shareclass in a fund at the 10th percentile of European exposure. The

magnitudes of these effects are roughly on par with those in Chernenko and Sunderam (2014).

Column (7) estimates a bivariate specification which includes both European and non-European ELM.

As before, βHigh,EU is virtually unchanged and highly significant whereas the coefficient on not-Europe is

insignificant. These highly asymmetric responses to a credit risk measure, which is directly comparable

across regions, suggest that European risk was viewed by investors as being different, in the sense that

equivalent risks emanating from other regions were not associated with investor redemptions. Our results

point to a more nuanced response to the crisis than one that can be explained by a simple story in which

“EU securities were more risky and sophisticated investors ran on the riskiest funds.”33 Moreover, we

find evidence of selectivity among highly sophisticated investors. These results, coupled with qualitative

evidence of media coverage centered on MMFs’ European exposures in June-July 2011, suggest that fund

managers–especially those with sophisticated clients–had a disproportionate incentive to rebalance away

from European risks, which we investigate in the next section.

In interpreting the above findings, one must be wary of unobservable factors. An identification concern

would arise, for example, if, after controlling for the European ELM, HiSOPH funds differ from other funds

in terms of their exposures to unobserved elements of the Eurozone crisis that worsen over time. To partially

address this concern, in columns (8)–(10) we re-estimate the specifications from columns (5)–(7) using the

33Chernenko and Sunderam (2014) show that the fraction of AUM in European securities predicts outflows from sophisticated
investors, even after controlling for yield. Such a result could reflect the fact that, during this period, Eurozone exposure was a
better proxy for overall credit risk relative to the (backward-looking) yield measure. As such, while their empirical results are
consistent with selectivity, this finding does not speak to selectivity of investors’ redemption behavior per se. In contrast, our risk
measures are constructed to have units (bp of credit risk) that allow for a direct comparison across regions–i.e., if investors were
equally responsive to European and non-European credit risks, we would expect βHigh,EU = β High,NotEU .
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counterfactual expected-loss-to-maturity (CELM9/2011
f ) in place of ELM f . This alternative measure captures

a fund’s credit risk as of 9/31/2011, had the fund continued to hold the same portfolio it held as of 5/31/2011,

just before the Eurozone crisis worsened. We choose 09/30/2011 because the Eurozone crisis had grown

acutely worse by this date (see Figure 2). Results are qualitatively similar to those based on ELM and are

highly statistically significant, though magnitudes are smaller (which is expected because the distribution of

CELM has more dispersion relative to ELM).34 Sophisticated investors appear to have redeemed more from

funds that were on a trajectory to have the highest expected losses during a prolonged Eurozone crisis.35

There is no evidence of a similar perspicaciousness with respect to impending risk from other regions.

6 Regional Portfolio Risk Rebalancing

The flow regressions in Table 2 suggest that sophisticated investors acquired information about and pre-

dominantly withdrew from funds with higher levels of credit risk. Further, these investors appear to have

selectively monitored risk attributable to investments in Europe, compared to other regions. This section

studies the portfolio rebalancing responses of fund managers in the wake of the outflows, and the extent to

which such rebalancing differed for funds that predominantly catered to sophisticated investors.

6.1 Rebalancing regressions

We evaluate the short-, medium-, and long-run influences of investor flows on fund managers’ (re-)allocation

decisions using the following cross-sectional regression at the fund-level:

REBALANCING f ,t = αt + ∑
k∈Low,Mid,High

Dk f

[
βktELM(EU) f +ωktELM(NotEU) f

]
+X ′f ,tγt + ε f ,t , (2)

where the summation is over the three investor sophistication categories, k, defined at the fund-level as

discussed in Section 4 according to our estimate of SOPH f as of May 2011. Since, in aggregate, MMFs

34In Appendix Table A2, we estimate similar specifications which use the EDGAR page view data at the fund-level to form an
alternative proxy for the intensity of investor information acquisition based on the ratio of the number of page views in the months
prior to June 2011 to the number of accounts in each MMF. We find very similar results to those from Table 2 when sorting on
this alternative measure of sophistication, despite it being generated from very different information. Again, investors who monitor
fund websites are more responsive to credit risk, but their responses are selectively focused on European securities.

35This result does not, of course, imply that the most sophisticated investors necessarily anticipated the unfolding of the crisis.
Rather, it suggests that these investors were able to identify funds with the greatest exposure to issuers that were most likely to be
adversely affected if, as turned out to be the case, the Eurozone crisis continued to escalate.
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experienced heavy redemptions only at the onset of the Eurozone crisis, and since the crisis endured long

after redemptions moderated, we can track the responses of fund managers over time. For instance, in the

short run, we might expect fund managers to have fewer opportunities to address the factors driving outflows

from their funds as they simply try to meet redemptions by offloading their most liquid assets.36

Our preferred rebalancing measure is ELM f ,t−CELM f ,t , the actual contribution of a region to a fund’s

credit risk (ELM f ,t) on a given date minus the counterfactual contribution (CELM f ,t), both measures poten-

tially being region-specific (we omit this notation for simplicity). By constructing counterfactual portfolios,

we can adjust for the credit risk a fund would have had on a given date had the manager elected to do nothing,

effectively holding an unchanged set of securities. Thus, the dependent variable captures a fund manager’s

efforts since May to actively increase (+) or reduce (-) the fund’s credit risk relative to the pre-crisis baseline

portfolio on May 31, 2011. We take snapshots of this variable at the end of each month during the Eurozone

crisis. Our vector of controls, X f ,t , includes the fund-level versions of the same controls considered in the

flow regression above in addition to the reduction in assets under management, if any, experienced by each

fund during the onset of the crisis, OUT FLOWf . Credit risk changes substantially throughout the crisis, so

we allow these coefficients to vary across calendar months then present averages over various periods.37

The key explanatory variable of interest in (2) is the interaction between ELM(EU) f , which measures

the initial level of European exposure of a fund’s portfolio prior to the start of the crisis, and dummies

Dk f which, as above, separate funds into three categories based on the fraction of assets under manage-

ment owned by sophisticated investors, with DHigh, f indicating the tercile with the highest concentration

of sophisticated investors. Our baseline specification separates risk into components associated with Euro-

pean and non-European exposures, constructed as the average of each fund’s regional ELM measures from

January through May 2011.

We apply two simple adjustments to the data before estimation. First, since we are interested in how

variation in initial European exposures correlates with rebalancing, we exclude funds that have essentially

no (ELM(EU) f < 2 bp) pre-crisis European exposure to potentially rebalance out of. Second, we observe

that, as the crisis develops, a small number of funds have substantial initial exposures to a small subset of

issuers (in particular, the Belgian bank Dexia) that experience dramatic increases in their default probabil-

36Strahan and Tanyeri (2015) find that funds with greater outflows during the 2008 MMF crisis became temporarily riskier as
managers fed redemptions with the safest and most liquid assets.

37Similar results obtain from restricted models which impose constant coefficients over longer periods, e.g., calendar quarters.
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ities starting in October 2011. These cases induce a handful of outliers in our credit risk and rebalancing

measures. To ensure that our conclusions are not influenced by a small number of pre-existing positions

subject to out-sized increases in default probabilities (essentially all of these positions had been eliminated

before October), we adopt a winsorization approach.38

The βkt , coefficients compare rebalancing activity of fund managers who had investors with similar

information acquisition costs (as proxied for investor sophistication measure) but different European ex-

posures. For instance, βHigh,t characterizes the change in expected rebalancing during the crisis (in basis

points) of a HiSOPH f manager in response to a one bp change in initial European risk exposure. Since

this coefficient is estimated in cross-sectional regressions, it is identified via differences in initial portfolio

composition across HiSOPH f funds.

An assumption underlying this setup is that differences in initial portfolio exposures are associated

with comparable differences in counterfactual exposures. In other words, initial differences in credit risk are

good proxies for increases in future portfolio risk, holding fixed the portfolio over time, and these differences

are comparable across HiSOPH and LoMiSOPH funds. This is essentially a “parallel trends” assumption

because it allows us to exploit differences in initial exposures that are comparable across sophistication bins.

Under these conditions, we would expect similar rebalancing patterns per unit of initial exposure if there is

little or no cross-sectional variation in investors’ information processing capacity.

Table 3 presents a formal test for this assumption – namely that differences in initial credit risk pre-

dict similar changes in portfolio risk exposures for HiSOPH versus LoMiSOPH funds. Specifically, we

test whether the coefficients on the linear projection of CELM f ,t , as well as its breakdown into regional sub-

components CELM(EU) f ,t and CELM(NotEU) f ,t , per unit of initial credit risk are comparable across funds

with different categories of investor sophistication. Columns (1)–(3) present averages of the monthly coef-

38Specifically, for each month in our sample, we compute the distribution of security-level ELM, where we weight holdings
according to their market values in the aggregate money market portfolios. We, then, winsorize security-level ELM at the asset-
weighted 98th percentile, then compute ELM f ,t as asset-weighted average of the winsorized security-level measures. (We do not
winsorize below since the distribution is naturally bounded below by zero.) We follow an analogous procedure for CELM f ,t . This
approach has the advantages that it (a) applies the identical contribution to credit risk for two funds that hold the same security
at the same time and (b) makes the ELM measures additive across regions, which would not be the case if we computed fund-
level measures first, then winsorized afterwards. We obtain similar results with higher and lower thresholds. For example, when
we winsorize instead at the 99th percentile, we obtain modestly larger estimates for the rebalancing effects. For the most part,
this happens because HighSoph funds had slightly higher average initial exposures to a couple of these distressed issuers, which
increases the CELM coefficients a little more relative to our preferred specification with 98% winsorization. At the same time, ELM
– CELM coefficients increase even more relative to our baseline estimates because HighSoph funds (like all others) eliminated their
pre-existing exposures to them. Accordingly, we prefer the more conservative approach because we do not want our results to be
unduly influenced by modest differences between funds’ initial exposures to these issuers.
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ficients from a specification identical to Equation (2) which uses total fund risk, CELM f ,t , as the dependent

variable. Different rows correspond to averages computed over different subperiods (roughly quarterly),

where the “Pre-crisis” period ranges from January through April 2011 (well before the downgrades of major

European banks), “Post-crisis” denotes the 12-month period from 2011Q4–2012Q3 when fund redemptions

had slowed but global credit risk was elevated, and different columns are associated with different sophisti-

cation groups.

While the coefficients in columns (1)–(2) exhibit non-trivial time-series variation, increasing substan-

tially relative to the pre-crisis period, the differences across investor sophistication bins in column (3) are

always statistically insignificant. This finding confirms our parallel trends assumption. Columns (4)–(6)

and (7)–(9) report the same coefficients for CELM(EU) f ,t and CELM(NotEU) f ,t , respectively. Results are

similar for EU exposures. Unsurprisingly, initial EU exposures are relatively uncorrelated with changes in

CELM outside of Europe, given that we are already conditioning on initial non-EU exposures. Point esti-

mates are weakly negative, but generally insignificant.39 The last row repeats this exercise, with all controls

dropped except for indicators for the sophistication categories. This more parsimonious specification further

supports our parallel trends assumption.

6.2 Investor information acquisition costs and fund risk rebalancing

Having established empirical support for our parallel trends assumption, we next present our main rebal-

ancing results. Panel A of Table 4 is structured as in the previous table, except that the dependent variables

are [ELM f ,t −CELM f ,t ], [ELM(EU) f ,t −CELM(EU) f ,t ], and [ELM(NotEU) f ,t −CELM(NotEU) f ,t ], re-

spectively. In the period prior to the crisis, differences between the βLow,t , βMid,t , and βHigh,t coefficients

are quantitatively small and statistically indistinguishable from one another, both overall and across regions,

suggesting that the average pre-period exposures are unrelated to pre-crisis trends in the accumulation of

credit risk.

Even in the very short run, fund managers with initially high levels of European credit risk exposures

began to reduce overall portfolio risk. The point estimates for 2011Q3, though far from trivial, are relatively

modest in magnitude relative to later periods and statistically indistinguishable between HiSOPH and other

39We present the coefficients on credit risk from outside of Europe (ωkt ) in Appendix Table A4. Again, we observe that initial
non-European exposures predict increases in counterfactual portfolio risk, consistent with the rise in global credit risk observed in
Figure 2, and differences in ωkt across fund sophistication terciles are insignificant.
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funds. Short-run efforts to reduce portfolio risk were likely impeded by the need to meet redemptions with

sales of more liquid securities, making it challenging initially to reduce risk. This channel may have been

more important for HiSOPH funds since they received above-average levels of redemptions during the crisis.

Focusing on the HiSOPH funds, we note that each additional 5 bps of initial European exposure (roughly

one standard deviation) is associated with a 1.9 bp (5×0.37) reduction in European exposure and a 1.4 bp

(5×0.27) increase in exposure to issuers outside of Europe.

Beginning in 2011Q4 and continuing through 2012Q3, reductions in European credit risk grow relative

to the counterfactual. Looking first at overall rebalancing (columns 1–3), we find that, per basis point of

initial European credit risk, βHigh,t is strongly negative and consistently more than twice as large as either

βLow,t or βMid,t , suggesting that more exposed, HiSOPH funds cut European exposures more aggressively

than funds with less sophisticated investors. However, like their investors, fund managers did not treat all

origins of credit risk equally; columns (4)–(9) show that the reductions in overall risk exposure and the

difference in overall coefficients between HiSOPH and LoMiSOPH funds are entirely driven by Europe. As

was the case in 2011Q3, higher initial European exposure is associated with statistically significant increases

in risk exposures outside of Europe. To visualize these results, Figure 7 plots monthly coefficients on βLow,t ,

βMid,t , and βHigh,t . The graph suggests that it took time, following the redemptions over the summer of 2011,

for funds to undertake major portfolio adjustments. The bulk of the rebalancing occurred from October 2011

through June 2012, coinciding with the period of elevated credit risk in global banks (Figure 2).40

Table 4, Panel B, presents several additional robustness checks and subsample splits to help better

understand the mechanism.41 For brevity, we focus on the post-crisis period (2011Q4-2012Q3), suppressing

additional subperiods. The first row (B.1) demonstrates that our baseline conclusions are quite similar even

if we drop all controls (including non-European risk) except for sophistication category dummies, which are

necessary given our use of interaction terms.

Earlier, we argued that very large blockholders may (a) have a stronger incentive to actively monitor

fund portfolios (i.e., have more complete information available) and (b) be more likely to internalize the

40Nonparametric sorts of
[
ELM f ,t −CELM f ,t

]
by sophistication and region (or country), presented in Appendix Table A4, also

show a delay in rebalancing. Moreover, these sorts tell us that from May through August 2011, the average HiSOPH fund reduced
credit risk by 20 basis points less than did the average LoSOPH fund. By November 2011, this differential had more than fully
reversed. The average fund withdrew most from French and Belgian issuers while risk exposures to Japanese issuers grew the most.

41In Appendix Table A5, we draw similar conclusions from an analysis of three alternative measures of portfolio rebalancing
which do not require specifying a counterfactual portfolio risk measure.
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negative externalities produced by their redemptions (i.e., due to concerns about strategic complementari-

ties). We investigate this possibility in rows B.2 and B.3 by splitting funds into two groups based on whether

their average balance sizes are greater than or less than $2 million, which is similar conceptually to the ap-

proach in Chen et al. (2010) and Goldstein et al. (2017). βHigh,t is more than twice as large in magnitude

for low balance funds relative to high balance funds. Additionally, funds with small balances and initially

high European exposures are somewhat more likely to increase risk exposures outside of Europe, suggestive

of reallocation away from European risks rather than a simple flight-to-quality. In contrast, for funds with

large average balances, we can no longer reject the hypothesis that βHigh,t is significantly different from

the average of βLow,t and βMid,t . These results are consistent with large blockholders internalizing potential

negative externalities from “running on Europe”, relative to smaller investors.

In Section 5, we demonstrated that HiSOPH funds with higher initial European risk exposures expe-

rience larger outflows during June-July 2011 relative to other funds with similar portfolios. As such, an

alternative explanation for our findings relates to Strahan and Tanyeri (2015), namely that funds experienc-

ing larger outflows (independent of investor sophistication) may disproportionately reduce exposure to risky

securities, as was the case following the 2008 Lehman episode.

We address this potential concern in several ways, but ultimately our evidence is inconsistent with a di-

rect effect of outflows driving our results. First, we note that our main specification includes outflows during

the summer of 2011 as a control, though its inclusion has only a minimal impact on our main coefficients

of interest. Second, to allow for the possibility that outflows from more sophisticated investors are more

informative, row B.4 presents estimates from our main specification allowing the coefficient on outflows to

be heterogeneous across different sophistication bins. Results are quite similar. Finally, in rows B.5 and

B.6, we re-estimate the model for subsamples of funds that experience outflows greater than or less than

2 percent of assets under management, which is effectively a double-sort on sophistication and outflows.

Interestingly, for both sophistication groups, we find modestly larger rebalancing responses for funds with

lower outflows, suggesting that it may have been more difficult for funds with high outflows to quickly

reduce risk exposures in the short run. Differences between HiSOPH and LoMiSOPH funds, though not as

precisely estimated, are similar in magnitude to the baseline estimates in both subsamples.

The results in Table 4 are consistent with managers acting upon differential incentives to reduce ex-
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posures to informationally-sensitive debt during the crisis. Such incentives appear to have been strongest

among funds serving the most attentive investors, particularly when average balance sizes are small. This

interpretation is reinforced by our analysis of views of SEC EDGAR filings which finds that, during (but

not prior to) the crisis, funds with high European credit risks are significantly more likely to be monitored

when they have more sophisticated ownership; see Appendix figure A5 for more detail.

Finally, exploiting the granular nature of our data, we provide additional evidence in Appendix A on

changes in portfolio composition by investigating specific portfolio actions taken by fund managers with

respect to sales, additions and security rollovers. Added securities represent active choices on the part

of managers and, hence, are unlikely to be mechanically affected by unobserved heterogeneity in initial

portfolios or investor redemption behavior, making decisions on these securities particularly informative.

First, we show managers tend not to roll-over a maturing security only when that security originates from

Europe and the fund has more attentive investors, a pattern not observed for LoMiSOPH funds. Second,

we examine the composition of the new securities that are added to a fund’s portfolio during the crisis.

New securities reflect active portfolio choices and are, therefore, not mechanically affected by a manager’s

past portfolio decisions or the need to meet investor redemptions. Per unit of initial European credit risk,

HiSOPH funds become more reluctant than LoMiSOPH funds to allocate new risk exposure to Europe

relative to other regions and are more selective, as measured by the average default risk of the issuers of new

holdings. These tests corroborate our original result, namely that HiSOPH funds more aggressively reduce

the information sensitivity of their European portfolios without making similar adjustments elsewhere.

7 Selective Rebalancing from Europe: Issuer-level Results

To the extent that European securities became informationally-sensitive and securities from elsewhere did

not, we would expect to see heterogeneous changes in the credit supply available to issuers with similar

credit risk but located in different regions. The Eurozone crisis provides an ideal setting for such a test:

a market scenario in which the initial shock to credit risk was highly geographically concentrated but was

associated with contemporaneous increases in default risk in other regions of the world.

In this section, we aggregate holdings across all MMFs to the issuer level and characterize the change in

MMF funding received by different issuers during the period of our study. This analysis helps to differentiate
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our proposed explanation for the withdrawal of MMF funding from Europe from a simpler flight-to-quality

story, under which the most effective way for funds to reduce overall credit risk exposure is to dispropor-

tionately eliminate investments in those European issuers that had grown riskier during mid-to-late 2011.42

Access to forward-looking measures of issuer-level credit risk enable us to compare changes in funding for

low and high-risk issuers in different regions. Specifically, for each issuer-fund-month, we compute the

share of fund assets allocated to new securities from that issuer. We then average these portfolio weights

across funds by month, giving us an issuer-level monthly balanced panel. We drop government issuers and

issuers that are held by fewer than ten funds throughout our period of analysis. We repeat this exercise

for uncollateralized securities (which have lower recovery rates) – i.e., commercial paper and certificates of

deposit.

Table 5 presents estimates of the coefficients from the following regression specification:

Log∆Port f olioWeighti,t = β0(δ
Crisis
t ×δ EU

i )+β1
(
δCrisis

t ×δ EU
i ×PDi,t

)
+β2

(
δCrisis

t ×δ NotEU
i ×PDi,t

)
+

β3
(
δ EU

i ×PDi,t
)
+β4

(
δ NotEU

i ×PDi,t
)
+δ EU

i +δt + εi,t ,

(3)

where the dependent variable is the log difference between the issuer’s average portfolio weight at time t and

its weight as of May 2011, again, winsorized at the 2nd and 98th percentiles. The dummy variable, δCrisis
t ,

equals 1 for June 2011 onward. The dummy variables, δ EU
i and δ NotEU

i , equal 1 for European and non-

European issuers, respectively. We always include a time fixed effect, δt , and some specifications include

the annualized 90-day default probability of the issuer, PDi,t measured in percentage points with coefficients

that are allowed to vary over pre/post periods and across regions. We complement these regression speci-

fications with additional nonparametric evidence, which provides summary measures for specific high/low

risk issuers, in Appendix A.

Columns (1)–(6) begin with specifications that restrict β1, β2, β3, and β4 to zero – i.e., a standard

differences-in-differences design. The main coefficient of interest in this specification is β0, which com-

pares the growth rate of assets under management of European issuers with those of their non-European

counterparts. This growth rate is measured in log points (-0.1 corresponds with a 10% change). Column

(1) estimates this coefficient for the full sample of private issuers and securities, without placing any restric-

42For instance, Ivashina et al. (2015) provide statistics on withdrawals of overall AUM from MMF portfolios as well as a list
of percentage changes in AUM for a subset of European banks. Collins and Gallagher (2016) and Thierfelder (2012) demonstrate
maturity shortening and a shift towards repo for European issuers.
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tions on default risk. Overall, the estimated magnitude of β0 is very large (in absolute value) and highly

statistically significant. For comparison, prior to the crisis, growth rates of new issuance of European and

non-European securities were similar. Column (2) repeats this analysis computing weights based on CP and

CD securities only. The magnitude of the relative decline (β0) is even larger for riskier securities.

We address the concern that a broad flight-to-quality, rather than a disproportionate reduction in assets

from European issuers, explain these findings in two ways. First, in columns (3)–(6), we re-estimate β0

for a restricted sample of issuers with low levels of credit risk. In particular, we restrict the sample to

issuers whose 90-day default probability never exceeds 1% or 0.5% per annum during our sample period.

Even among “safe” issuers, we continue to find large and highly significant estimates of β0– indicating

disproportionate reductions in the financing of European issuers during the crisis.

Second, we estimate the full model in Equation (3) in columns (7) and (8), wherein we test whether

cross-sectional differences in issuer default probabilities are associated with differential reductions in financ-

ing for European versus non-European issuers. Thus, we compare β1 and β2 (the two triple interactions).

The magnitude of our estimate of β1 is quite large as a one percentage point higher annualized default proba-

bility is associated with a 44 logarithmic percentage point reduction in new financing for an issuer located in

Europe. In contrast, our estimate of the same slope coefficient is statistically insignificant outside of Europe

(β2). Moreover, β0 remains quite large at -0.48. Turning to column (8), we find that this interaction term

is even larger in magnitude for CD and CP security types. Thus, European issuers, particularly those with

higher default probabilities, experience reductions in their representation within MMF portfolios, whereas

we observe no similar effect outside of Europe.

Figure 8 plots the distribution of maturities (measured in calendar days) on new securities added to

funds’ portfolios, by calendar quarter. The left panel plots all securities, whereas the right panel plots CP

and CDs, which tend to have longer maturities relative to many others (e.g., repo). Consistent with Perignon

et al. (2018), we see dramatic evidence of maturity shortening for European issuers immediately following

the crisis, whereas the distribution of maturities actually expands outside of Europe.43

Table 6 presents estimates from a set of regressions that is very similar in structure to Equation (3),

only now the dependent variable is the number of calendar days to maturity for newly issued securities.

43In an interview in Crane Data’s newsletter from July 2011, one manager said: “But the other consideration is headline risk...We
aim to be transparent with our clients by providing context around why we are comfortable with specific banks, and we strive to
mitigate risks associated with liquidity drains at these institutions by keeping maturity relatively short.”
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Here, we leverage the disaggregated nature of our data and perform this analysis at the security level be-

cause maturities tend to be quite heterogeneous across different security types (e.g., “overnight” repo). We

hold a number of additional characteristics constant through the inclusion of security category×time and

issuer×security category fixed effects. Through fixed effects, we absorb time invariant issuer characteristics

and time-varying market conditions.

Overall, the results again suggest that European issuers, especially riskier ones, experience substan-

tial declines in maturities while we find no observed change outside of Europe. Our finding that riskier

European issuers experience larger reductions in volume of new issuance and maturities is consistent with

predictions of the models discussed above where uninformed lenders value information-insensitive debt, as

observed by Perignon et al. (2018). However, even European issuers with low levels of credit risk (e.g., de-

fault probabilities less than 50 bp throughout the crisis) experience large reductions in maturity (25 days in

column 5) during the crisis period.44 Estimates in columns (7) and (8) suggest that riskier European issuers

experienced larger reductions in maturity, especially for new CP and CD securities, whereas credit risk and

maturity changes were uncorrelated for non-European issuers.

Both sets of results demonstrate that the European debt market experienced a large, systematic dry-up,

while risky debt in other regions did not. Even fairly safe European issuers experienced large reductions in

funding whereas fairly risky non-European issuers did not, again pointing to a disproportionate reduction in

exposure to European headline risk rather than a broad-based flight-to-quality.

8 Conclusion

Our paper combines several novel data sources to shed new light on investor and MMF managers’ be-

havior and incentives during the 2011-2012 Eurozone crisis. Our results suggest that investors, especially

institutional investors with low costs of processing information, selectively acquired and acted upon (via

redemption behavior) information about MMFs’ risk exposures. These responses appear to emphasize risks

emanating from European issuers relative to other sources of risk. Next, we present evidence that MMF

managers, particularly those with sophisticated clients, selectively rebalanced their portfolios so as to dra-

matically reduce the information-sensitivity of their European holdings. Managers’ incentives to selectively
44See also Farboodi and Kondor, 2018 for a model with heterogeneously informed investors that produces a similar prediction

in times of crisis.
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avoid European securities may, in turn, have reduced the ability of an already-stressed European banking

sector, particularly issuers with the higher credit risk, to access dollar funding from US MMFs.

Our findings suggest that investors’ limited information acquisition may be an important component

in the stability of intermediated short-term funding markets. When investors’ decisions are based on in-

complete information, there can be extra benefits that accrue to fund managers who de-sensitize portfolio

holdings and, in doing so, alleviate investor concerns and prevent a loss of business. Managers can reap

these benefits be either by reducing investors’ incentives to engage in private information production or

by weakening strategic complementarities. Thus, a model featuring selective and incomplete information

acquisition can provide a rational justification for a fund manager who chooses to avoid “headline risk.” Pre-

cisely because the costs of rebalancing away from a particular issuer may be perceived to be low (from both

individual investors’ and the intermediaries’ perspectives), intermediaries may effectively “run” on issuers

in wholesale funding markets. These incentives can lead to “relatively flighty” behavior of investors in these

markets, as emphasized by Ivashina et al. (2015). As the old saying goes, the customer (even if relatively

uninformed) is always right.
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Table 1: Descriptive Statistics

These are descriptive statistics for key dependent and explanatory variables in portfolio-level rebalancing tests. Credit risk is mea-
sured as the expected-loss-to-maturity (ELM) on the fund’s portfolio. The “counterfactual” credit risk (CELM) is measured as
the expected-loss-to-maturity on a given date had the fund continued to hold the same portfolio securities it held as of 5/31/2011.
[ELM−CELM (EU)] is the actual contribution of Europe to a fund’s credit risk on a given date minus the counterfactual contri-
bution had the fund continued to hold the same securities it held as of 5/31/2011 (measured as basis point changes). SOPH is
the portion of fund portfolio assets held by sophisticated investors. The pre-period is defined as January through May of 2011.
FLOWSTD captures the prior 3 month asset variation of the fund.

ALL Pre Post Pre - Post

mean sd p10 p50 p90 mean mean t-stat

Fund Flow % (6/7-7/5/11) -3.12 7.92 -15.22 -1.18 4.56 - - -
# of EDGAR Page Views 18.69 144.68 0.00 2.00 40.00 14.55 19.80 (-1.51)

ELM 16.59 9.44 6.14 15.31 28.35 15.25 16.95 (-4.40)

ELM (EU) 9.84 7.00 1.48 9.05 19.06 10.96 9.54 (6.22)

ELM (NotEU) 6.74 5.90 1.76 5.53 13.25 4.29 7.41 (-9.67)

CELM 24.32 14.73 10.21 20.75 43.82 14.99 26.87 (-34.96)

CELM (EU) 19.19 13.68 6.08 15.51 35.84 10.86 21.46 (-34.63)

CELM (NotEU) 4.99 3.32 1.44 4.28 9.84 4.02 5.25 (-10.42)

ELM - CELM (EU) -9.56 12.55 -23.46 -5.92 0.37 -0.00 -12.17 (49.53)

ELM - CELM (Non-EU) 1.61 3.17 -1.65 0.74 6.62 -0.15 2.09 (-30.97)

ASSETS ($M) 8770.23 18550.46 197.42 2120.65 20734.87 9478.08 8580.37 (1.16)

BALSIZE ($M) 27.04 121.78 0.02 0.84 45.51 26.43 27.21 (-0.16)

SOPH 26.01 30.73 0.00 11.10 81.69 25.51 26.15 (-0.53)

N 3797 814 2983
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Table 5: Issuer-level difference-in-difference estimates – effect of issuer region and risk level on MMF
investment allocations

Using a difference-in-difference regression design of the following form at the issuer-date-level, this table documents that riskier
issuers in Europe experienced the largest declines in MMF asset allocations during the eurozone crisis:

Log∆Port f olioWeighti,t = β0(δ
Crisis
t ×δ EU

i )+β1
(
δCrisis

t ×δ EU
i ×PDi,t

)
+β2

(
δCrisis

t ×δ NotEU
i ×PDi,t

)
+

β3
(
δ EU

i ×PDi,t
)
+β4

(
δ NotEU

i ×PDi,t
)
+δ EU

i +δt + εi,t ,

The dependent variable is the logged month-over-month change in issuer i’s total outstanding debt held by prime MMFs (as a
percentage of total prime MMF assets), Log∆Port f olioWeighti,t . The crisis indicator, δCrisis, takes the value of 1 after May 2011
and 0 before. Issuers headquartered in Europe or outside of Europe are identified with the dummy δ EU

i or δ NotEU
i , respectively.

These indicators are interacted with the issuer’s 90-day annualized default probability, PDi,t . All regressions include date fixed
effects, δt . Specified columns restrict securities to CP and CDs (i.e., uncollateralized securities). Columns (3)–(6) also restrict the
sample to only those issuers with relatively low credit risk – based on the maximum PDi,t of the issuer over the 2011–2012 period.
The dependent variable is winsorized at the 2nd and 98th percentiles across issuers by date.

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

δCrisis
t ×δ EU

i -0.563*** -0.630*** -0.529*** -0.453** -0.548** -0.476** -0.483*** -0.325*

(-4.383) (-4.000) (-3.426) (-2.563) (-2.610) (-2.066) (-2.879) (-1.746)

δCrisis
t ×δ EU

i ×PDi,t -0.443** -0.674***

(-2.249) (-3.239)

δCrisis
t ×δ NotEU

i ×PDi,t -0.093 0.080

(-0.654) (1.124)

δ EU
i ×PDi,t 0.053 -0.008

(0.439) (-0.078)

δ NotEU
i ×PDi,t 0.083 -0.084

(0.882) (-1.390)

δ EU
i 0.035 -0.031 0.082 -0.014 0.048 -0.025 0.043 -0.023

(0.592) (-0.437) (0.988) (-0.135) (0.460) (-0.202) (0.475) (-0.212)

N 2385 1893 1400 1234 1105 979 1821 1581

R2 0.082 0.096 0.073 0.055 0.081 0.053 0.164 0.183

Sample All CP & CDs All CP & CDs All CP & CDs All CP & CDs

Max PD (0,100%) (0,1%) (0,0.5%) (0,100%)
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Table 6: Security-level difference-in-difference estimates – effect of issuer region and risk level on MMF
investment maturities

Using a difference-in-difference regression design of the following form at the security-fund-date-level, this table documents that
riskier issuers in Europe experienced the largest declines in maturities on outstanding debt held by MMFs during the eurozone
crisis:

Maturitys,i, f .t = β0(δ
Crisis
t ×δ EU

i )+β1
(
δCrisis

t ×δ EU
i ×PDi,t

)
+β2

(
δCrisis

t ×δ NotEU
i ×PDi,t

)
+

β3
(
δ EU

i ×PDi,t
)
+β4

(
δ NotEU

i ×PDi,t
)
+δi×δ

Category
s +δt ×δ

Category
s + εs, f ,t

The dependent variable is the number of days until final maturity on security of type s issued by issuer i held by fund f on
date t, Maturitys. f .t . The post period indicator, δCrisis

t , takes the value 1 after May 2011 and 0 before. Issuers headquartered in
Europe or outside of Europe are identified with the dummy δ EU

i and δ NotEU
i , respectively. These indicators are interacted with

the issuer’s 90-day annualized default probability, PDi,t . All regressions include issuer × security category and date × security
category fixed effects, δi× δ

Category
s and δt × δ

Category
s , respectively. Even-numbered columns restrict securities to CP and CDs

(i.e., uncollateralized securities). Columns (3)–(6) also restrict the sample to only those issuers with relatively low credit risk –
based on the maximum PDi,t of the issuer over the 2011–2012 period. The dependent variable is winsorized at the 98th percentile
across securities by date.

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

δCrisis
t ×δ EU

i -33.310*** -42.680*** -23.086*** -25.922*** -24.740*** -21.289** -25.263*** -27.033***

(-7.563) (-5.599) (-4.283) (-3.417) (-3.960) (-2.335) (-4.091) (-2.994)

δCrisis
t ×δ EU

i ×PDi,t -10.590* -26.931***

(-1.732) (-3.244)

δCrisis
t ×δ NotEU

i ×PDi,t -0.018 -1.583

(-0.007) (-0.487)

δ EU
i ×PDi,t 3.972 12.682

(0.641) (1.530)

δ NotEU
i ×PDi,t 2.204 6.845

(0.279) (0.882)

N 111765 60501 66359 37514 45437 25716 102283 56245

R2 0.534 0.374 0.546 0.358 0.541 0.354 0.527 0.365

Sample All CP & CDs All CP & CDs All CP & CDs All CP & CDs

Max PD (0,100%) (0,1%) (0,0.5%) (0,100%)
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Figure 1: Aggregate MMF institutional shareclass flows

This figure shows the change in aggregate institutional shareclass assets of MMFs from May 17–December 16 of 2011. Changes
in assets are normalized by asset values on May 17, 2011. The graph shows flows split by investment objective (i.e., prime versus
government-only MMFs).
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Figure 2: 5-Year CDS premiums for banks by region, 2011

The CDS premium for European financials is the iTraxx senior financial index for Europe. The CDS premiums for large Asia/Pacific
and U.S. banks is the average of 5-year CDS premiums for (Sumitomo Bank and Mizuho Bank, National Australia Bank, Westpac,
and ANZ) and (Bank of America, JPMorgan Chase, Citi, Wells Fargo, and Goldman Sachs), respectively. Canadian banks are
excluded because their CDS is thinly traded.
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Figure 3: Volume of Media Coverage for MMF Issuers, by Region, 2010-2012

The figure presents indices of daily media attention by region. The y-axis variable is the average number of news reports on
Bloomberg referencing MMF issuers each day, by region of issuer headquarters, indexed to 100 as of January 1, 2010.
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Figure 4: Credit risk measures over time

This figure shows the asset-weighted average credit risk in prime MMFs (LHS) and the CDS premium for the iTraxx senior financial
index for Europe (RHS). The credit risk in prime MMFs as of month-end is measured in 3 ways: the annualized expected-loss-
to-maturity (ELM), the counterfactual annualized ELM had prime funds continued to hold their end-May portfolio allocations
(CELM), and the annualized gross yield on each prime MMF minus the yield on the average government MMF (Yield spread).
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Figure 5: Investor information activity on SEC website, by concentration of sophisticated investors

Figure plots the monthly number of EDGAR page views of individual MMF filings split by the sophistication share of the MMF
viewed. As HiSOPH have much higher overall levels of information acquisition, the figure uses a different y-axis for HiSOPH
funds (LHS) and LoMiSOPH funds (RHS). We sum page views across all funds, then divide through by the total number of
investor accounts associated with each group of funds.
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Figure 6: Aggregate prime institutional flows by investor sophistication and credit risk

This figure shows the percentage change in prime assets of MMFs from May 1 through July 14 of 2011. Changes in assets are nor-
malized by asset values on May 31, 2011. We sort shareclasses into terciles based on their concentration of sophisticated investors.
Solid lines plot flows (percentage changes in assets under management) for shareclasses in the top tercile, while dashed/dotted lines
correspond with shareclasses in the mid and bottom terciles. We also sort funds into two bins based on our measure of credit risk
(ELM). Black and red lines correspond with funds in the high and low ELM bins, respectively.
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Figure 7: Rebalancing - actual vs. counterfactual credit risk by region

This figure plots the coefficient estimates of βk in Equation 2 based on a series of monthly cross-sectional regressions. Depen-
dent variables are either

[
ELM−CELMPeriod

f (Region)
]

for regions specified above the plots. Explanatory variables capture the
interaction effect between a fund’s pre-period average European credit risk exposure and its investor sophistication tercile.
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Figure 8: Security maturities by issuer default probability, region, and date

The figure plots the number of days until maturity (y-axis) by date (x-axis). Solid and dashed lines identify securities from Europe
and from outside of Europe, receptively. The figure plots the 25th, 50th, 75th, and 90th percentiles of the cross-sectional distribution
of maturities (in calendar days) of new securities which are added to funds’ portfolios in each calendar quarter. Panel A uses the full
sample of securities. Panel B restricts the sample to CP and CD security categories, which are generally uncollateralized categories.
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A Additional Results Not Included in Main Text

Data construction

Appendix Figure A1 depicts information about each of these data sources and the process used to compile

them. Our first data source consists of a complete record of the portfolio holdings of all prime MMFs at

each month-end in the 2011–2012 period. The SEC’s 2010 Amendments require each MMF, starting in

November 2010, to file Form N-MFP each month with the SEC. We obtain this detailed monthly portfolio-

level holdings information from SEC’s Edgar data site. With respect to each portfolio security, the fund

must report the name of the issuer, details about the issue (e.g., the type of security and whether it is

collateralized), and the security’s maturity. We categorize the holdings on Form N-MFP by the parent of the

issuer. Second, we hand match firms in the RMI database with the list of parent companies that issue debt to

MMFs from our N-MFP data. Third, we use a unique database from the Investment Company Institute (ICI)

consisting of the proportion of assets, for each MMF shareclass, held by broad categories of investors at

the start of 2011. This data also contains detail on the number of accounts associated with each shareclass.

Finally, we use a separate data source, iMoneyNet.com, to calculate investor flows to/from both individual

shareclasses and individual funds during the Eurozone crisis, along with several other explanatory variables.

We join the RMI/N-MFP data set with ICI and iMoneyNet data based on EDGAR identifiers, CIK codes,

and tickers.
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Figure A1: Data aggregation process
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Shareclass-level descriptive statistics

Appendix Table A1 presents statistics for key variables used in our fund flow regressions at the shareclass

level (i.e., regressions shown in Table 2). The right-most columns compare shareclasses with low and mid

sophisticated ownership to those with high sophisticated ownership. Of note is the wide variation in flows

(standard deviation of 8% of assets) experienced by shareclasses during the period of heavy redemptions

(6/7-7/5/2011). Sophisticated ownership is also widely distributed (standard deviation of 32% of assets).

The last columns indicate that HiSOPH shareclasses experienced significantly more outflows relative to

LoMiSOPH shareclasses, consistent with greater monitoring behavior. HiSOPH shareclasses also tend to

have about 3 basis points more credit risk (ELM), on average during the period of heavy redemptions,

than do LoMiSOPH shareclasses. The differential risk is primarily attributable to European securities. We

control for this difference in regressions (Table 2) by separately controlling for sophistication and evaluating

the interaction effect between sophistication and credit risk. HiSOPH shareclasses also tend to be larger

(ASSETS) and higher yielding funds (GYIELD). As expected, they are more likely to be designated as

“institutional” in their prospectus (INST).
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Table A1: Shareclass-level descriptive Statistics, summer redemption period (6/7–7/5/2011)

These are descriptive statistics for key dependent and explanatory variables only. Class-level and fund-level (a.k.a., portfolio-level)
variables are denoted by the subscript “c” and “ f ”, respectively. Flow variables are measured as a percentage of class or fund assets
during the period of rapid redemptions, 6/7/2011–7/5/2011. Credit risk is measured as the expected-loss-to-maturity (ELM f ) on
the fund’s portfolio (measured in basis points). Unless otherwise dated, this variable is averaged across days during 6/7–7/5/2011.
The “counterfactual” credit risk, measured as the expected-loss-to-maturity on 9/30/2011 had the fund continued to hold the same
portfolio securities it held as of 5/31/2011 (CELM f ). SOPH is the portion of class or fund assets held by sophisticated investors.

ALL LoMiSOPH HiSOPH LoMi - Hi

mean sd p10 p50 p90 mean mean t-stat

FLOWc(%) -2.24 8.07 -14.30 -0.85 7.23 -0.85 -5.04 (5.08)

SOPHc1/1/11 (%) 23.15 32.63 0.00 4.12 85.84 3.46 62.77 (-26.77)

ELM f (bps) 14.49 6.37 5.66 14.39 23.92 13.49 16.42 (-4.97)

ELM f (EU) (bps) 10.38 5.57 1.7 10.86 16.16 9.32 12.55 (-6.10)

ELM f (NotEU) (bps) 4.11 2.83 1.38 3.44 8.14 4.17 3.87 (1.17)

CELM f 9/30/2011 (bps) 30.24 12.48 12.09 31.96 44.39 28.11 34.36 (-5.42)

CELM f (EU) 9/30/2011 (bps) 23.47 12.13 4.28 24.96 36.02 21.14 28.20 (-6.20)

CELM f (NotEU) 9/30/11 (bps) 6.77 3.58 3.26 6.15 11.87 6.97 6.16 (2.46)

ASSET Sc6/7/2011 ($ mil) 3175.57 9956.38 16.70 402.30 6876.20 2149.64 5239.93 (-3.01)

ASSET S f 6/7/2011 ($ mil) 13522.11 26456.09 280.30 2586.40 32047.90 9627.11 21359.61 (-4.21)

BALSIZE f 5/31/11 ($ mil) 0.02 0.08 0.00 0.00 0.04 0.02 0.03 (-1.46)

GY IELDc(bps) 24.33 5.69 16.70 25.03 30.48 23.75 25.50 (-3.57)

INSTc 5/31/2011 [0,1] 0.51 0.50 0.00 1.00 1.00 0.30 0.92 (-18.71)

N 494 330 164

Alternative flow regression specification using EDGAR traffic as a proxy for investor infor-

mation processing capacity

In the main text, we use survey data on shareholder composition as our proxy for investor information

acquisition costs. Here, we present the results from a specification which instead uses the number of hits

on the SEC EDGAR webiste from January through June 2011, relative to the number of accounts, as an

alternative measure of investor monitoring intensity. Note that a nontrivial fraction of these page views were

associated with a SEC press release that announced the introduction of Form-NMP.

Similar to the regressions in Table 2, we sort funds into categories based on the level of activity on

the EDGAR site then run a sequence of regressions to predict flows in Table A2. There are two minor

differences relative to the specification described in the text. First, since we cannot allocate traffic across

shareclasses, we run the analysis at the fund level. Second, as this measure is somewhat noisier than our

baseline sophistication measure, we sort funds into two (rather than three) categories. We also omit pre-crisis

48



coefficients for brevity. Otherwise, the empirical specification and layout is identical to columns (4-10) of

Table 2. As is clear from the table, estimates have similar signs and statistical significance to those obtained

in the main text. If anything, magnitudes are slightly higher relative to estimates in Table 2.

Table A2: Flow regressions: the influence of credit risk and investor sophistication (as defined by EDGAR
page views)

The dependent variable (FLOW f ,t ) is the percentage change in the assets of class, f , during month, t. Key explanatory variables
are interactions of fund credit risk and its investor sophistication – high/low dummies generated from the distribution of number of
EDGAR page views relative to the number of accounts as of the start of the year. The credit risk measures used in these interactions
differ according to their moment of measurement and the regional origin of the securities included in the measure. These differences
are marked at the top of the table (“EU” is an abreviation of Europe). Columns (1)–(7) use cross-sectional regressions over the
period of heavy redemptions (6/7–7/5/2011). All regressions include a high views bin (HiV IEWS f ) dummy. Additional controls
are investor sophistication in continuous form (SOPH f ), the fraction of assets under management designated as “institutional” in
the fund’s prospectus (INSTf ), the logged total net assets of the class and the fund (ASSET S f ,t−1 and ASSET S f ,t−1, respectively),
the fund’s annualized gross yield (GY IELD f ,t−1), the asset weighted average of shareclass-level logged historical asset variation
(FLOWST Dc,t−1), the log of the average balance size for the fund (BALSIZE f ), and the share of fund assets not maturing during
the month nor invested in Treasury/Agency securities (ILLIQUIDITY f ). Pre-crisis panel regressions include time fixed effects.
To manage tax season-related outliers, the FLOW f ,t and FLOWST D f ,t−1 are both winsorized at the 2nd and 98th percentiles. In
parentheses are t-statistics, calculated using standard errors clustered at the fund portfolio level. The penultimate row provides the
p-value from a two-sided test that the coefficient on ELM (All or EU) x LoVIEWS equals the coefficient on ELM (All or EU) x
HiVIEWS. Estimates with a p-value below 0.10, 0.05, and 0.01 are marked with a *, **, and ***, respectively.

Crisis period: June 7 - July 5, 2011

ELM measure: Prior month-end ELM September 2011 Counterfactual ELM

Aggregation level for ELM: All All EU EU All EU EU

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

ELM (All or EU) x LoVIEWS -0.106 0.026 -0.030 -0.044 0.007 -0.005 -0.010

(-1.589) (0.330) (-0.297) (-0.415) (0.172) (-0.112) (-0.211)

ELM (All or EU) x HiVIEWS -0.488*** -0.212* -0.496*** -0.528*** -0.146** -0.205*** -0.209***

(-4.594) (-1.738) (-3.565) (-3.712) (-2.348) (-3.200) (-3.268)

ELM (NotEU) x LoVIEWS 0.171 0.091

(0.860) (0.648)

ELM (NotEU) x HiVIEWS 0.458** 0.282

(2.001) (1.453)

N 183 183 183 183 183 183 183

R2 0.10 0.32 0.35 0.37 0.33 0.34 0.35

P value (HML) 0.003 0.063 0.002 0.002 0.020 0.004 0.005

Controls No Yes Yes Yes Yes Yes Yes
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Rebalancing: evidence from sales, additions, and rollovers of new portfolio securities

This section provides complementary evidence on rebalancing behavior by paying attention to the specific

portfolio actions taken by fund managers with respect to sales, additions and security rollovers. Added

securities represent active choices on the part of managers and, hence, are unlikely to be mechanically

affected by unobserved heterogeneity in initial portfolios or investor redemption behavior, making decisions

on these securities particularly informative.

For context, we begin with fund sales. A manager wishing to rid a security from her portfolio can either

wait for the security to mature or sell the security. If our hypothesis stands, we might expect to observe an

uptick in the sales of European securities by funds with more sophisticated investors. However, secondary
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6/15: Moody's downgrade

Figure A2: Fund Sales of CP and CDs into Secondary Markets

This figure shows the estimated portion of total prime MMF assets in CP and CDs that were sold during a given month, by region
of the issuer. These statistics are estimated by tracking CUSIPs held by individual funds over time. For example, if on its January
31 SEC filing a hypothetical fund reports holding a CD with CUSIP “96121H6Q2” that matures on March 5, then that same CUSIP
should be reported on the fund’s February 28 filing (at its amortized cost value). If that CUSIP is missing from the February 28
filing, we can assume the fund sold the CD on the secondary market during February. We study only CDs and CP with at least one
month to maturity because these security types are riskier and not part of a fund’s liquidity during the month of interest; therefore,
a fund may wish to sell these holdings during a credit event. Also, while nearly 100% of CP and almost 80% of CDs listed on SEC
Form N-MFP have CUSIPs, only 10% of repos have CUSIPs. Overall, about a quarter of all prime MMF assets (and a third of their
European assets) are missing CUSIP identifiers. Therefore, these statistics should be regarded as rough estimates of funds’ use of
secondary markets to eliminate CP and CDs.
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markets for short-term securities, like CDs and CP, are famously thin (Covitz and Downing, 2007) and

are even thinner for non-U.S. issued debt. Accordingly, we estimate that monthly fund sales account for

under 5% of assets, on average, over 2011–2012. We arrive at this figure by tracking CUSIPs on fund

holdings over time. Non-maturing CUSIPs that do not appear in a fund’s portfolio as of the next month-end

are assumed to have been sold onto secondary markets.45 The results are presented in Figure A2. Fund

sales of U.S. paper rose during the summer of 2011, while, at the same time, fund sales of European paper

slumped and remained low throughout the Eurozone crisis. Falling liquidity and, hence, lower secondary

market prices for European paper might explain why just 3% of funds’ European CP and CDs were sold

into secondary markets during the peak of the Eurozone crisis in November of 2011. This is consistent with

our earlier observation that the rebalancing accelerated after October 2011 (see Figure 7), well after the

summer’s redemptions.

The graph suggests that funds with sophisticated investors likely held European paper until maturity,

then refrained from replacing it with new European issues, or replaced it with shorter maturing and/or better

collateralized issues. We, therefore, do not attempt to model heterogeneity in security sales across funds

and, instead, turn our attention to securities that are added to fund portfolios during the crisis. Prior analyses

suggest an excess supply of dollar-denominated short-term debt from European banks during the Eurozone

crisis (Correa et al., 2013; Ivashina et al., 2015) and, hence, a variety of securities for MMF managers to

choose from – enabling an analysis of heterogeneity in selections across funds.46

Using the same regression specification from Equation (2), Table A3 presents cross-sectional estimates

relating new security risks (dependent variable) with funds’ initial European exposures and sophistication

during the crisis. The first dependent variable in the table captures the European share of risk (ELM) coming

from CUSIPs that appear in a fund’s portfolio for the first time in a given month (EU%o f NewELM).47

The baseline correlation in the pre-crisis period (February-May 2011, since we lose one month of data to

identify new securities) is positive and significant for both HiSOPH and LoMiSOPH funds, which simply

implies that MMFs with higher (lower) initial European ELM tend to have larger fractions of new portfolio

45Note that securities with CUSIPS are mostly CP and CD securities; repo tend not to have CUSIPs.
46Note also the roughly $85 billion uptick in the dollar-denominated borrowing of European banks from the European Central

Bank (ECB) “swap line” in December of 2011. The ECB swap line has been cited as one of the ways that European banks replaced
financing from MMFs over the period. See: https://www.ici.org/pdf/per19-01.pdf

47To be consistent with our earlier analysis, we winsorize dependent variables at the 95th percentile, though results are similar
if we do not winsorize.
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risk coming from (outside) Europe. Importantly, the slope coefficients between HiSOPH and LoMiSOPH

funds are indistinguishable. Starting in 2011Q3 and continuing through the post-crisis (2011Q4-2012Q3),

LoMiSOPH funds with initially higher European exposures maintain their higher share of new securities

risk coming from Europe. In sharp contrast, the coefficient changes sign for HiSOPH funds, a substantial

decrease to -0.23 from the pre-crisis baseline estimate of 0.59, and this negative estimate persists throughout

the crisis (although it is marginally significant only during the post-crisis period). The difference between

β3t and the average of β1t and β2t is highly statistically significant in the post-crisis, consistent with a much

sharper reallocation away from Europe among funds serving the most sophisticated investors.

Next, we compute a measure of weighted-average issuer credit risk (PDNew), which is the 90-day

annualized default probability of issuers of new portfolio CUSIPs, weighted by the share of fund assets.

We do this separately for European and non-European securities. Pre-crisis estimates suggest that, to some

extent, funds with higher initial European exposures achieved them by allocating more funding towards

riskier European issuers. Consistent with what we would expect to observe from the European component

of a passive portfolio, these coefficients become larger for LoMiSOPH funds in the post-crisis period. In

contrast, the estimates become smaller and remain insignificant for HiSOPH funds. Differences between the

two groups are statistically significant from 2011Q3 onward with respect to new European holdings only.

Finally, we compute a measure of the probability of rolling over maturing securities (ProbRoll). Specif-

ically, for each security due to mature in a given calendar month, we construct a dummy variable which

equals one if we see a new issuer-maturity date-security category combination that had not yet appeared in

a prior portfolio and zero otherwise. The dependent variable a weighted average of these dummy variables,

using the market value of maturing securities as weights, for each month. For European rollover opportuni-

ties, the βk,t’s are modestly negative and insignificantly different from zero in the pre-period, but they diverge

sharply in the post-period. Beginning in 2011Q3 and continuing throughout the post-period, HiSOPH funds

with higher initial European exposures are less likely to roll over maturing positions, whereas LoMiSOPH

funds with higher initial European exposures are more likely to roll over maturing positions. Differences

between the groups are also highly significant.

A consistent pattern in Table A3 is the significant differences, as soon as 2011Q3, in the βk,t estimates.

Recall, that when [ELM−CELM] is the dependent variable (Table 4) significant differences in the βk,t’s do
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not arise until Q42011. This suggests that it takes more time to alter rebalancing measures computed from

the entire portfolio than to adjust measures based only on new holdings or on rollovers.

Table A3: Rebalancing - effect of sophistication and European exposure on new security choice

These are monthly cross-sectional regressions across fund portfolios over selected periods. Reported coefficients are averages of
monthly regression coefficients over each designated period (e.g. 2011Q3). “Pre-crisis” refers to January–April 2011 and “Post-
crisis” refers to 2011Q4–2012Q3. The first dependent variable measures the European share of ELM from new portfolio securities
(EU%o f NewELM,). The second dependent variable captures the asset-weighted average 90-day annualized default probabil-
ity on the issuers of a fund’s new portfolio securities (PDNew). Securities are determined to be “new” if the associated CUSIP
was not in the fund’s portfolio as of the prior month-end. The third dependent variable captures the probability that a maturing
security is rolled-over (ProbRoll) – measured as whether a maturing fund-issuer-maturity date-security category combination reap-
pears the next month (weighted by the dollar value). The table reports coefficients on interactions of a fund’s average pre-period
expected-loss-to-maturity from European securities, ELM(EU) f , with tercile dummies of low-to-mid sophistication, LoMiSOPH,
and, separately, high sophistication (HiSOPH). Controls are as detailed in Table 3. Before being aggregated to the portfolio-level,
both ELM and PD are winsorized at the security-level, on an asset-weighted basis, at the 98th percentile by date (so that estimates
are not unduly influenced by a handful of security holdings with out-sized default probabilities). Robust standard errors are shown
in parentheses. Estimates with a p-value below 0.10, 0.05, and 0.01 are marked with a *, **, and ***, respectively.

REBALANCINGPeriod
f (Region) = αt +∑

3
k=1

[
βkELM(EU) f ×Dk f +ωkELM(NotEU) f ×Dk f

]
+X ′f γ + ε f

Region: EU NotEU

Coeff: [β3=Hi− [β3=Hi−
β3=Hi β1,2=Lo,Mi β1,2=Lo,Mi] β3=Hi β1,2=Lo,Mi β1,2=Lo,Mi]

Dependent variable (Y f ) Period (1) (2) (3) (4) (5) (6)

EU%o f NewELM

Pre-crisis 0.59 1.17 *** -0.58 - - -

(1.37) (3.20) (-1.02) - - -

2011Q3 -0.23 1.67 *** -1.90 *** - - -

(-0.41) (3.72) (-2.84) - - -

Post-crisis -0.65 * 2.04 *** -2.69 *** - - -

(-1.77) (4.55) (-4.87) - - -

PDNew

Pre-crisis 0.22 0.44 *** -0.22 0.05 0.03 0.02

(1.61) (4.28) (-1.38) (0.92) (1.10) (0.29)

2011Q3 0.19 0.71 *** -0.53 * 0.16 0.16 ** 0.00

(0.77) (4.26) (-1.84) (1.28) (2.40) (0.03)

Post-crisis -0.18 0.49 *** -0.67 *** 0.16 0.22 *** -0.06

(-0.90) (3.46) (-2.82) (1.61) (3.15) (-0.49)

ProbRoll

Pre-crisis -0.35 -0.21 -0.13 -1.20 ** -0.98 ** -0.22

(-1.03) (-0.62) (-0.28) (-2.47) (-2.09) (-0.34)

2011Q3 -0.82 ** 0.59 -1.42 ** -0.18 -0.38 0.20

(-2.34) (1.18) (-2.44) (-0.47) (-0.71) (0.32)

Post-crisis -0.52 ** 1.32 *** -1.84 *** -0.24 0.50 * -0.74 **

(-2.17) (3.95) (-4.38) (-1.01) (1.91) (-2.07)
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Additional nonparametric evidence of selectivity at issuer level

As additional of evidence on the selectivity of rebalancing, plots in Figure A3 characterize pre-period vs.

crisis-period changes in each issuer’s average monthly total outstanding debt held by MMFs (measured as

percentage changes relative to the pre-period average) as well as the number of funds financing the issuer.

To construct the figure, we sort all overseas banks by their crisis-period average 90-day default probability,

presenting only the 10 most and 10 least risky banks and contrasting the banks by region. The figure suggests

that the substantial reductions in financing observed for European banks is not matched for Asia/Pacific

banks, even for those Asia/Pacific banks of similar or greater default risk to European banks. Moreover,

while every one of the riskiest 10 European issuers (top panel) experiences a reduction in outstanding debt of

about 10 percent or more, none of the Asia/Pacific issuers have reductions of more than 5 percent. Similarly,

each risky European issuer is financed by between 10 and 56 fewer MMFs during the crisis period, while

the Japanese bank, Mizuho, receives financing from 21 additional MMFs despite being riskier. Even within

the sample of “safe” banks (bottom panel), we observe substantial reductions in the funding of European

issuers. For instance, Santander has an average ELM of 23 bps but, nonetheless, experiences more than a

30% reduction in outstanding debt held by MMFs and is dropped from the portfolio of more than 30 funds

on average over the crisis.
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Figure A3: Rebalancing - differential treatment of issuers by region

This figure plots how the funding relationships between U.S. MMFs and overseas banks changed before and after the start of
heavy redemptions from MMFs due to the Eurozone crisis. Plots show changes in outstanding and number of funds, averaged
over January through May 2011 (“pre-crisis”) and, separately, over June 2011 through September 2012 (the full Eurozone “crisis”
period). In parentheses is the annualized 90-day default probability on the issuer, averaged over each month-end in the post period
during which the issuer had outstanding to at least one fund. In other words, if no fund holds the issuer in a given month, that
issuer’s default probability for that month is excluded in its post-period average. We restrict the sample of issuers to those with at
least $10 million outstanding on average during either period.

Additional rebalancing analysis

Appendix Table A4 presents estimates of the coefficients on the interactions between fund sophistication

categories and pre-period, non-European credit risk (ωk,t in Equation 2). The layout is identical to Tables

3 and 4, where different columns are associated with overall, European, and non-European counterfactual

ELM/rebalancing, though we omit some subperiods for brevity. Panel A corresponds with the specification

in Table 3. In panel A, the dependent variable is the fund’s counterfactual credit risk (CELM), holding the

fund’s portfolio fixed at its May 31st 2011 level. We observe that initial non-European exposures predict
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increases in counterfactual portfolio risk, consistent with the rise in global credit risk observed in Figure 2.

Initial non-European exposures have a weak positive correlation with European CELM for HiSOPH funds,

but, while magnitudes are nontrivial, these coefficients are very imprecisely estimated. In every period

except Q4 of 2011, differences in ωkt across fund sophistication terciles are insignificant. In other periods,

initial differences in non-European exposures of HiSOPH funds are associated with similar changes in

counterfactual risk as for LoMiSOPH funds. Thus, we fail to reject our parallel trends assumption.48

Panel B corresponds with the specification in Table 4. The dependent variable is the fund’s current

credit risk relative to that of its counterfactual portfolio ELM−CELMPeriod
f (Region). We find little evidence

of a pre- vs. post-crisis change in fund managers’ rebalancing efforts according to the funds’ investor so-

phistication and pre-period non-European credit risk. Point estimates, though somewhat imprecise, suggest

that funds with higher non-European exposures also reduced portfolio risk, with HiSOPH funds reducing

risk more than LoMiSOPH funds. We find weak evidence suggesting that funds reduced these exposures

by restructuring their European holdings, though these point estimates might reflect the noisily estimated

gap between ω3 and ω1,2 noted in Panel A. Turning to the right column, funds with initially higher non-

European exposures appear to further increase their non-European risk exposures during the crisis period,

again pointing to a selective focus of risk reduction efforts towards European issuers.

Appendix Figure A4 plots nonparametric sorts of ELM f ,t −CELM f ,t by sophistication and region (as

well as country). In particular, the graphs plot the asset-weighted average risk response (
[
ELMdate−CELMdate

]
)

of prime fund managers in total and by regional contribution. Panels (a) and (b) show that, by the end of

2011, the average fund in the top tercile of sophisticated ownership (panel b) reduced its total credit risk

more than the average fund in the bottom tercile (panel a). Panel (c) helps to quantify this difference. It

shows the average risk reallocation of funds serving sophisticated investors minus that of funds serving

unsophisticated investors, normalized by the average ELM of all funds over the pre-crisis period (15 bps).

These sorts tell us that from May through August 2011, the average HiSOPH fund reduced credit risk by 15

basis points less than did the average LoSOPH fund (panel c). By November 2011, this differential had more

than fully reversed. By the end of 2011, funds serving more sophisticated investors reduced their total risk

exposure by 31% more than did funds serving unsophisticated investors (as a percentage of average ELM

48For this reason, our averages for the Post-crisis period exclude 2011Q4. Further note that our baseline rebalancing specifica-
tions in Table 4 (Panel B, row B.1) yield very similar point estimates if we drop all controls, including non-European exposures,
suggesting that this cross-correlation is unlikely to be driving our main results.
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(c) High SOPH - Low SOPH funds: 

Reallocations by region, normalized by 

average pre-period ELM
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(d) All funds: Reallocations by issuer country
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Figure A4: Credit risk reallocations,
[
ELMdate−CELMdate (RegionorCountry)

]
This figure shows the asset-weighted average of

[
ELMdate−CELMdate (Region)

]
across each group of prime MMFs. This is cal-

culated as the actual contribution of a given region to a fund’s credit risk on a given date minus the counterfactual contribution had
the fund continued to hold the same securities it held as of May 31, 2011 (measured as basis point changes). Panel (a) (top left) in-
cludes only those funds with ownership by sophisticated investors (SOPH) in the bottom tercile, while Panel (b) (top right) includes
only those funds with SOPH in the top tercile. The lines in Panel (c) (bottom left) are calculated as the average risk reallocation for
all high SOPH funds minus the average risk reallocation for all low SOPH funds. We normalize these differences by the average
fund ELM for the pre period (15 bps). Panel d (bottom right) shows the asset-weighted average

[
ELMdate−CELMdate (Country)

]
across all prime MMFs. Omitted countries, such as the U.S., have an average risk response that is consistently very close to zero.

in May 2011). Risk reductions were entirely met from European investments. However, the average fund in

the top tercile of sophisticated ownership was more likely to offset part of the reduction with additional risk
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from the Asia/Pacific region. The average fund withdrew most from French and Belgian issuers while risk

exposures to Japanese issuers grew the most (panel d).

In the main analysis, we quantify a manager’s rebalancing effort as the difference between her actual

portfolio risk – where “risk” is measured as ELM – and her counterfactual portfolio risk (had she maintained

her initial portfolio over time). Here, we explore a different approach which does not require specifying

such a counterfactual, though the basic design remains the same. Specifically, we evaluate three alternative

measures of portfolio rebalancing: (1) the number of issuers for all European securities, (2) the portfolio

weight allocated to European issuers, and (3) the weighted average maturity on European securities. We

separately evaluate these outcomes for all European securities, and uncollateralized European securities.

Uncollateralized securities have lower recovery rates and, hence, may be more information-sensitive.

Table A5 presents estimates of βk,t , based on the specification in Equation 2, for alternative measures

of rebalancing of funds’ European portfolios. Columns (1)–(3) provide estimates for the pre-crisis pe-

riod (January-April 2011), while columns (4)–(6) provide estimates for the post-crisis period, as defined

above. Consistent with our previous results, we find that the pre-period differences between HiSOPH and

LoMiSOPH funds are statistically indistinguishable for all dependent variables.

In the post-period, we observe economically and statistically significant differences by investor sophis-

tication in manager responses to initial portfolio risk. The first two rows use as dependent variables the

change in the number of issuers for all European securities and uncollateralized securities, respectively. The

first row of column (4) suggests that a HiSOPH fund drops a European issuer from its portfolio per 2.8 bps

in initial European exposure. Column (6) implies that, relative to a similar LoMiSOPH fund, a HiSOPH

fund rids an additional 1.5 European issuers from its portfolio per standard deviation in initial European

ELM (5 bps).

In the next two rows, we look at changes in the portfolio weight allocated to European issuers. Again,

we find negative and highly significant coefficients for both HiSOPH (column 4) and LoMiSOPH (column

5) funds. The difference is statistically significant at the 10% level (t-statistic of -2.0) only in the case of

uncollateralized holdings. Although the slope coefficients are similar in magnitude for the uncollateralized

securities, they are more precisely estimated, suggesting that the observed reductions in portfolio shares for

exposed funds are driven predominantly by the uncollateralized portion of the portfolio.
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Table A5: Rebalancing - effect of sophistication and European exposure on other characteristics of European
holdings

These are monthly cross-sectional regressions across fund portfolios over the “Pre-crisis” (January–April 2011) and “Post-crisis”
(2011Q4–2012Q3) periods. Reported coefficients are averages of monthly regression coefficients. Dependent variables measure (1)
the number of European issuers that are financed by the fund, (2) the portfolio weight allocated to European securities, and (3) the
weighted average number of days until maturity of securities originating from Europe. These dependent variables are demeaned for
each fund using the corresponding fund observation from May 31, 2011 and can, therefore, be interpreted as “changes since May
2011.” Results are shown for the full set of securities and, separately, for the subsample of securities that are not fully collateralized
by U.S. government securities. The table reports coefficients on interactions of a fund’s average pre-period expected-loss-to-
maturity from European securities, ELM(EU) f , with tercile dummies of low-to-mid sophistication, LoMiSOPH, and, separately,
high sophistication (HiSOPH). Controls are as detailed in Table 3. Robust standard errors are shown in parentheses. Estimates
with a p-value below 0.10, 0.05, and 0.01 are marked with a *, **, and ***, respectively.

REBALANCINGPeriod
f (Region) = αt +∑

3
k=1

[
βkELM(EU) f ×Dk f +ωkELM(NotEU) f ×Dk f

]
+X ′f γ + ε f

Period: Pre-crisis Post-crisis

Coeff: [β3=Hi− [β3=Hi−
β3=Hi β1,2=Lo,Mi β1,2=Lo,Mi] β3=Hi β1,2=Lo,Mi β1,2=Lo,Mi]

Dependent variable (Y f ) (1) (2) (3) (4) (5) (6)

∆# issuers financed by fund f 0.07 0.16 *** -0.09 -0.36 *** -0.07 -0.29 **

(0.53) (3.27) (-0.65) (-4.32) (-0.76) (-2.50)

uncollateralized version 0.09 0.13 *** -0.04 -0.32 *** -0.13 * -0.18

(0.67) (2.79) (-0.25) (-2.95) (-1.72) (-1.47)

∆Portfolio weight (% of AUM) 0.15 0.02 0.13 -1.58 *** -1.15 *** -0.43

(0.51) (0.12) (0.41) (-5.47) (-5.22) (-1.29)

uncollateralized version 0.07 0.21 -0.15 -1.64 *** -1.07 *** -0.57 **

(0.29) (1.62) (-0.57) (-6.19) (-6.55) (-2.00)

∆Weighted avg. maturity 0.32 0.34 -0.01 -0.59 -0.69 * 0.10

(1.00) (1.51) (-0.04) (-1.64) (-1.87) (0.20)

uncollateralized version 0.37 0.26 0.11 -1.28 ** -0.64 -0.63

(0.98) (0.87) (0.26) (-2.45) (-1.63) (-1.03)

Funds might alternatively have reduced their portfolio risk by reducing the maturity of their asset hold-

ings. The final two rows therefore repeat our analysis with the change in the fund’s weighted average matu-

rity, separately for all securities and uncollateralized securities. Point estimates are negative in all cases but

sharper for uncollateralized securities. For HiSOPH funds, we find that a one bp increase in initial European

exposure is associated with a statistically significant reduction in maturity of 1.3 days for uncollateralized

European holdings. While this magnitude is twice as large as the comparable coefficient for LoMiSOPH

funds, the difference between the two is not statistically significant.
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Fund rebalancing and subsequent investor information acquisition
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Figure A5: Investor information activity on SEC EDGAR website, by fund sophistication and European risk
exposure (ELM)

The figure plots regression coefficients on interactions of a fund’s one-month lagged expected-loss-to-maturity from European and
not-European securities, ELM(EU) f ,t−1 and ELM(NotEU) f ,t−1, with tercile dummies of low-to-mid sophistication, LoMiSOPH,
and, separately, high sophistication (HiSOPH). The dependent variable is the number of times a fund’s EDGAR page was viewed
in month t per 10,000 accounts. Since funds serve different numbers of investors, which may mechanically boost or reduce page
views relative to other funds, this variable is normalized by, first, dividing by the number of investor accounts in the fund and, then,
by subtracting off the pre-crisis (January–May 2011) mean value of this amount, then multiplying by 10,000. In other words, the
dependent variable is the difference in a fund’s average number of views per account per month relative to the fund’s pre-period
monthly average. The dependent variable is winsorized at the 2nd and 98th percentile.

In the main text, we argue that managers reduce exposures to information-sensitive securities in order

to reduce the incentives for investors to monitor their portfolio holdings in future periods. Here, we provide

direct evidence consistent with this argument. Specifically, we use our measures of investor page views on

the EDGAR website, relative to the number of accounts, as a proxy for investor information acquisition and

test whether reductions in portfolio risk exposures are associated with differences in monitoring intensity.
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Then, we use a regression almost identical to Equation (2), except that we use one-period lagged measures

of European and non-European ELM in place of initial ELM. Figure A5 plots monthly coefficients for

European ELM (β3 and 1/2β1+1/2β2) and non-European ELM (ω3 and 1/2ω1+1/2ω2) in panels A and B,

respectively. The web traffic measures are expressed in units of number of views per 10,000 accounts.

Prior to the start of the crisis, estimates of β3 and 1/2β1+1/2β2 are insignificantly different from one

another and slightly negative, consistent with investors not monitoring funds differentially according to

European risks prior to the start of the crisis. A negative coefficient could be expected if very large funds

(in terms of number of accounts) also tend to have higher European credit risk. This could occur if, for

example, there are economies of scale in purchasing securities from a larger number of foreign issuers. If

many of these accounts correspond with retail investors who do not engage in information acquisition, this

could imply that we have the wrong scaling factor in the denominator of the dependent variable. This creates

a downward bias in the coefficients which would work against us finding the positive relation noted above.

As the the crisis continues, consistent with the argument in Section 3, decreases in European ELM are

associated with statistically significant decreases in information acquisition activity for HiSOPH funds. In

contrast, declines in non-European ELM are not associated with changes in information acquisition activity

for HiSOPH funds, and coefficients remain modestly negative or insignificant for LoMiSOPH funds’ expo-

sures from both regions. In short, these results are consistent with the idea that managers of HiSOPH funds

are able to reduce investors’ monitoring intensity by reducing exposures to information-sensitive European

risks.
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B Measuring Credit Risk

Construction of Expected-Loss-to-Maturity (ELM)

To evaluate the risk preferences of funds and their investors during the Eurozone crisis, we construct a

measure of credit risks in MMF portfolios. This is necessary because MMFs price their portfolio holdings

at amortized cost, such that fund yields (and yield spreads) do not immediately reflect changes in the credit

quality of their portfolios’ securities. Furthermore, current market yields on MMFs’ outstanding portfolio

securities are frequently unavailable, since secondary markets for short-term securities, like CDs and CP,

are notoriously thin (Covitz and Downing, 2007). Thus, to study credit risk in MMFs, we use a measure

that evolves with market conditions.

This appendix describes the approach used in this paper – which is based on a method proposed in

Collins and Gallagher (2016) – to estimate the credit risk of prime money market funds. For exposition, we

introduce the following notation:

I = total number of issuers in a fund’s portfolio

J = total number of securities in a fund’s portfolio

Tj = remaining days to maturity for security j

wi j = proportion of a fund’s assets invested in security j issued by issuer i

Ri = recovery rate on an issuer i’s securities in the event of a default

pi(Tj) = cumulative probability through time Tj that issuer i defaults; i.e., P(Di < Tj)

p̃i(Tj) = 1− [1− pi(Tj)]
360/Tj , the annualized counterpart of pi(Tj)

Define expected loss-to-maturity (ELM) for a given fund at a given moment in time to be:

ELM =
I

∑
i=1

J

∑
j=1

wi j(1−Ri)p̃i(Tj) (A1)

To make Equation (A1) operational, we use default probabilities provided by RMI, which are described

in Section 4.1. By hand, we match the month-end portfolio holdings of prime MMFs issuer-by-issuer and

maturity-by-maturity with default probabilities obtained from RMI. Given the RMI default probabilities, the
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annualized expected loss on each security j issued by issuer i is simply (1−Ri)p̃i(Tj).49 In other words,

the expected loss on a security from a given issuer with a given remaining maturity is the relevant default

probability times the expected loss given default. ELM approximates the annualized expected loss on a

fund’s portfolio, where each security is multiplied by its portfolio weight, wi j. Thus, from expected losses

on individual portfolio securities, we can calculate the expected losses on individual prime MMFs, as in

Equation (A1), and on prime MMFs as a group (i.e., asset-weighted average ELM). We can also sum the

contribution to a fund’s total credit risk of securities issued by companies headquartered in a given region

(e.g., ELM (Europe) = ∑
I
i=1 ∑

J
j=1 wi j(1−Ri)p̃i(Tj), where i ∈ Europe).

To calculate ELM we also need recovery rates, Ri, for each issuer. Consistent with market practice

(and with Collins and Gallagher, 2016), we use a recovery rate of .40 for all private sector issuers except

Japanese banks. For Japanese banks, we follow market convention and use a recovery rate of .35. Prior

research suggests that the added complexity of randomizing recovery rates may not offer much additional

insight. Tarashev and Zhu (2008) indicate, based on data collected from Markit for 136 entities, that the

recovery rate that market participants expect varies in a narrow range around 40 percent for daily data from

late 2003 to early 2005. Consequently, we fix our recovery rates at either .35 or .4, depending on the parent

company. If our chosen recovery rates reasonably approximate market views, a fund’s ELM should be a

close, leading indicator of its gross yield spread, which is indeed the case.

We are able to match default probabilities from RMI with the list of parent firms collected from the

N-MFP reports for over 90% of the assets of prime MMFs (excluding, from the denominator, assets issued

by the U.S. government). Here we explain our strategy for handling the 10% of assets that could not be

matched to an RMI default probability and the assumptions we make about the appropriate recovery rates

and default probabilities to assign to certain security types.

• The fixed income securities MMFs hold sometimes have credit enhancements, such as a guarantee,
letter of credit, or other provision that guarantees return of principal and interest. Although such
enhancements reduce the risk of holding a security, we do not take them into account, except in cases
where the guarantee is provided by the U.S. government or other sovereign nation, in which cases we
set Ri = 1.

49To make Equation (A1) operational, we linearly interpolate default probabilities for every day between the maturities that RMI
provides. Because some of the securities held by prime funds mature within 1 to 7 days (e.g., overnight repurchase agreements), we
also need estimates of default probabilities for maturities of less than 1 month. We solve this problem by ruling out the possibility
of instantaneous default (i.e., p̃i(Tj = 0) = 0), allowing us to linearly interpolate between that value and p̃i(Tj = 30,360). Through
this process we obtain p̃i(Tj) for any intervening maturity.
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• One exception to the above rule is when the security is a Variable Rate Demand Note (VRDN) issued
by a company that is not in the RMI database. For example, if Akron Hardware issues a VRDN
with a demand feature provided by Bank of America, we would apply Bank of America’s probability
of default before maturity (with the maturity set to the next put date). About 3% of fund assets are
matched to default probabilities following this method.

• MMFs sometimes hold asset-backed securities. All else equal, asset-backed commercial paper (ABCP)
have less credit risk than securities that are not asset-backed. For example, recovery rates on asset-
backed securities that defaulted during the 2007-2008 crisis are generally reported to have been much
higher (in the range of 80 percent or more) compared with a recovery rate of about 40 percent on
unsecured Lehman Brothers debt. Thus, for ABCP, we set Ri = 0.80.

• Repurchase agreements (repo) are more than fully collateralized by securities that a fund’s repo coun-
terparty (the borrower) must place with a third-party custodian. All else equal, this makes repo less
risky than other senior unsecured debt. Thus, we we set Ri = 0.80 for repo unless the repo is fully
collateralized by Treasury and agency securities, in which case we treat repo as having the default risk
of the U.S. government (i.e., Ri = 1).

• About 5% of fund holdings are issued by municipalities (for which RMI does not calculate default
probabilities). These are most often in the form of VRDNs, which typically have 1-day or 7-day
demand features. These securities are generally considered to be of high credit quality since the fund
can tender the securities to the demand feature provider (usually a financial institution). Rather than
omit these securities from our analysis, we calculate the municipal-to-government money market fund
spread on each day and assume the expected loss on a municipal security on a given day equals this
spread.

• To calculate an expected loss for the remaining 2% of assets that we cannot match with default prob-
abilities, we use the average default probability of the security’s closest peer group. Peer groups are
comprised of securities with a similar maturity that are issued by other companies within the same
sector and region.

• RMI does not publish default probabilities for sovereigns. Consequently, we assume that the default
probabilities for U.S. Treasury and agency securities are zero at all maturities.

As a final note, Collins and Gallagher (2016) explain why the above simplifying assumptions cannot be

avoided by using the yield and/or CUSIP detail available for each security on Form N-MFP to infer a fund’s

credit risk: “The yields on individual securities are usually reported as of the date of purchase, not the date

of filing. Thus, an aggregate credit risk measure based on reported security-level yields would lag behind

the current market. This issue cannot generally be overcome by using the CUSIPs listed on Form N-MFP

and linking those with current market yields from an outside data provider. The majority of prime MMF

assets are CP and CDs, for which in many cases price quotes are not readily available from data services

such as Bloomberg. Even if secondary markets were deeper, 24% of prime MMF assets do not have CUSIPs

reported on Form N-MFP, as of May 2011. Even more troublesome, funds often enter their own internal
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CUSIPs on the Form, introducing matching error. Therefore, current market yields are unavailable for the

majority of holdings.” ELM overcomes these deficiencies.

Accuracy of RMI’s Default Probabilities

Our ELM measure uses default probability estimates computed by the Credit Research Initiative at the

National University of Singapore Risk Management Institute (RMI) and so we next provide details on the

predictive performance of the RMI default probability estimates. Further, we explain how cross-sectional

correlations in these probabilities is accounted for by their approach.50 The RMI has evaluated the accuracy

and unbiasedness of the default probability estimates in a series of technical reports as well as in published

academic research papers (e.g., Duan et al., 2012; Duan and Miao, 2016). In line with common practice

at financial institutions, the RMI measures model performance using accuracy ratios and by comparing

predicted and realized default rates on diversified portfolios with large numbers of assets. In NUS-RMI

(2017), prediction accuracy is evaluated using the accuracy ratio which is a statistic whose range is [0,1],

with zero representing a completely random rating and one representing a perfect rating. Accuracy ratios

are generally very high for European countries, e.g., in excess of 87% on average (across countries) at the

one-month horizon, including 85-87% accuracy ratios for France, Germany and Italy. The corresponding

figure for North America is 94%. Accuracy ratios are a bit lower at the one-year horizon, e.g., 75% for

Europe and 83% for North America. Prediction accuracy is also evaluated using a test statistic based on the

Area Under the Receiver Operating Characteristic (AUROC) which is commonly used in the literature on

evaluation of forecasts of binary data. For Europe as a whole, this measure (which equals one-half if there is

no genuine predictability of defaults) equals 0.94 at the one-month horizon and 0.88 at the one-year horizon.

Turning to the methodology used by the RMI model, forecasts of the probability of default (PD) are

based on the forward intensity model developed in Duan et al. (2012). In broad terms, correlations between

default probabilities are introduced into the RMI model both directly through the use of common covariates

and indirectly via individual firm attributes which, for many of the variables, are strongly correlated.

Specifically, the RMI default prediction system uses 16 market and accounting covariates tracking firm-

level characteristics, Yit , and macro-financial risk factors, Xt , to compute the conditional default probability

of firm i at time t for some forward period τ: pi,t(τ) = Pτ(Xt ,Yit). A key indicator of individual firms’ default

50We thank Professor Jin-Chuan Duan for answering our questions about the methodology and practices used by the RMI.
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probabilities is the distance to default computed using a Merton-type structural model which assumes that

firms’ asset values follow geometric Brownian motion processes. Besides the distance to default, other firm-

specific attributes include idiosyncratic volatility (computed using a one-year horizon), relative size, net

income over total assets, and current assets over current liabilities. Some of these firm-specific attributes,

such as the idiosyncratic volatility, may themselves have a common factor structure and so can help to

incorporate cross-sectional correlations in default risks.

Macro-financial factors include the stock index return, a short interest rate, and the economy-level dis-

tance to default for financial and non-financial firms. The distance to default measures depend on aggregate

market volatility and so help capture correlations in default probabilities. In particular, these common fac-

tors will have contributed towards raising the default probabilities of the vast majority of firms during this

Eurozone Crisis.

The RMI model also incorporates cross-sectional dependencies in default probabilities through a second

channel. The parameters of the forward intensity model are estimated and updated each month using a set of

six calibration groups (North America, Europe, Asia-Developed economies, Emerging Markets, China, and

India). Parameter estimates are pooled for all companies in the same calibration group – for example, for

each firm the distance to default is computed using sector averages of debt computed as current liabilities,

plus half of long-term debt plus some sector-level average coefficient times other liabilities.

The RMI is careful in dealing with illiquidity, tossing out stocks with stagnant price series and adjusting

the distance to default in the Merton model accordingly. To handle issues related to maturities, the RMI uses

the Nelson-Siegel term structure model and sequential Monte Carlo estimation methods. The parameters of

the model only require end-of-month data although the daily estimates of the default probabilities require

daily updates of the firm-specific and aggregate covariates. For some variables, this is accomplished by

using rolling-window averages. More broadly, the pooling of parameter estimates mentioned above means

that not every asset needs to have an observation every day and so provides an effective way to deal with

illiquid assets.
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Adjusting for Correlated Defaults Across Issuers

As discussed above, RMI’s default probabilities take into account the prospect of common shocks across

firms. As a further robustness test, it may be informative, however, to account for the extent of co-movement

in default probabilities across firms held within an individual fund’s portfolio. To do this, we borrow a

measure of the risk premium associated with a fund “breaking the buck” from Collins and Gallagher (2016).

In particular, this measure, BDI(50,300), stands for break the dollar insurance cost, allowing for an insurance

deductible of 50 bps and a maximum payout of 300 bps (consistent with the structure of the U.S. Treasury’s

2008–2009 temporary guarantee program for MMFs).

The advantage of BDI is that, to correctly assess the probability that a fund might break-the-buck,

default correlations are taken into account. This is done using a copula (Li, 2000) implemented by Monte

Carlo simulation. The approach involves simulating random default times for each issuer i a large number

of times, n = 1, ...,N. Default probabilities, and hence the random default times, are correlated across

issuers. Correlations are calibrated to historical movements in default probabilities from January 2011 to

December 2012 and this positive dependence is modeled using a t-copula. If a given simulation indicates

that issuer i defaults before time Tj, a fund experiences a loss on security j equal to the security’s portfolio

weight in the fund multiplied by the expected loss given default. Losses across all of a fund’s securities are

accumulated during a particular simulation, n. If a fund’s losses in simulation n accumulate to more than the

deductible (i.e., 50 basis points of the fund’s assets), the fund is counted as having broken the buck. Monte

Carlo methods are used to implement this process by sampling uniform random variates with a probability

of default based on the correlated default probabilities. The result is BDI – an estimate of the annualized

insurance premium needed to insure a fund against breaking the buck.

A disadvantage of BDI, and the reason we do not use it in the main paper, is that BDI cannot be directly

calculated on the basis of regional exposures (because it considers defaults to be correlated across all issuers,

even those from different regions, in a fund’s portfolio). In contrast, ELM can be generated on a regional

basis. Recall, ELM is just the weighted sum of the expected losses on the fund’s portfolio securities. Sums

can be performed on just the securities from a given region. This is why we use ELM and not BDI in our

main analysis. To try to use BDI to evaluate regional risk allocations, one must first regress BDI, at the fund-

date level, on an interaction between funds’ regional asset exposures and regional average CDS premiums.
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Then, one can use the model to predict the effect on BDI of a fund’s asset exposures to particular regions at

a given moment in time.

Figure B1: Fund ELM and BDI over time, asset-weighted average

This figure plots the asset-weighted average value of ELM against the corresponding value of BDI(50,300) – which is an estimate
of the annualized insurance premium needed to insure a fund against breaking the buck, with a 50 basis point deductible and a 300
basis point maximum payout – over the 2011 through 2012 period.

Figure B1 below plots the overall (non-region specific) ELM and BDI measures for the asset-weighted

average fund. The two risk measures are clearly strongly correlated with a correlation of 0.95 for the asset-

weighted average fund over time and 0.85 across individual funds over time.

Figure B2 documents the robustness of our main results to using this alternative measure of credit

risk that accounts for correlated default probabilities within a fund. To construct this figure, we separately

predict BDI for low and high sophistication funds. Then, we plot the asset-weighted average predicted

value of BDI, by sophistication group, based on individual funds’ actual portfolio holdings as well as their

counterfactual (May 2011) portfolios. We do this for funds’ European (top panel) and Asia/Pacific (bottom

panel) exposures. Consistent with our paper’s key result based on ELM (presented in Table 4, Figure 7, and

Appendix Figure A4), we find that funds serving more sophisticated investors (RHS) rebalanced portfolio

risk out of Europe and into Asia on a larger scale than funds serving less sophisticated investors (LHS). Less
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sophisticated funds also wait longer to adjust.

Figure B2: Predicted BDI from regional exposures, by fund sophistication bin

 

This figure plots predicted values of BDI(50,300) which is an estimate of the annualized insurance premium needed to insure a fund
against breaking the buck, with a 50 basis point deductible and a 300 basis point maximum payout. Predicted values of BDI are
generated from a model in which BDI, at the fund-date level, is regressed on interactions between funds’ regional asset exposures
and the corresponding regional average CDS premium. The model and resultant predicted values are generated separately for low
(LHS) and high (RHS) sophistication funds. The figure plots the asset-weighted average predicted value of BDI, by sophistication
group, based on individual funds’ actual portfolio holdings as well as their counterfactual (May 2011) portfolios. Only predicted
values of BDI from funds’ European (top panel) and Asia/Pacific (bottom panel) exposures are shown.

These results suggest that our main findings hold under correlated defaults across issuers within fund
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portfolios.
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C Investor Sophistication Measure (SOPH)

Our study attempts to precisely separate truly institutional investors (those whom act as an investment agent

for a principal that is not a natural person) from truly retail investors (including those whom invest through

a large 401(k) plan or through an omnibus brokerage account). To achieve this, we segregate high-level

investor types by whether they are predominantly institutional or retail in origin. For example, we have

data on fund ownership by financial corporations, nonfinancial corporations, retirement plans, retail broker-

directed accounts, and retail self-directed accounts.

The mutual fund industry and its transfer agents use what are called social codes to categorize share-

holder types. These social codes classify different types of investor accounts, such as 529 college savings

plans and defined benefit retirement accounts. Different transfer agents have different classification schemes,

thus, the data coming to the ICI (through fund companies) from the transfer agents is modified in order to

fit a unified classification system. The final data set tells us that the high-level category of fiduciary ac-

counts consists of subcategories, such as estates and inheritance trusts. Although we only know aggregate

shareclass assets in the higher-level categories (e.g., retirement plans), knowledge of the underlying subcate-

gories (e.g., 401(k) accounts) and conversations with industry experts about the dominant types of investors

who use MMFs guide our process of separating high-level shareholder types into either truly institutional or

retail.

In fact, a similar process of segregating institutions from retail investors is playing out across the MMF

industry, as fund companies seek to comply with the SEC’s 2014 reforms. Industry convention (based on

SEC suggestion) is to determine whether the investors within each social code are likely to have social

security numbers. If so, these investors are to be classified as “retail.” For example, the agent making the

investment decision for a 401(k) account is likely to be acting for principals having social security numbers,

while one investing on behalf of a defined benefit pension plan is likely to be acting for a principal that does

not have a social security number. Our classifications follow this guiding principle.

We define shares held by these investor types as being truly institutional (i.e., “sophisticated”) in na-

ture: nonfinancial companies, financial companies, nonprofits, state and local governments, other funds,

and other institutions.51 Within these six categories, the vast majority of assets come from financial and

51“Other institutions” are generally international organizations, unions, and cemeteries. The "other funds" category typically
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Figure C1: Prime MMF shareholder-types

This figure shows the portion of aggregate assets of prime MMFs owned by different types of investors and the distribution of
investor sophistication (SOPH) across prime MMFs. “Other institutions” includes other intermediated funds (e.g., hedge funds and
fund-of-fund mutual funds), state/local governments, and other types of institutions (e.g., international organizations, unions, and
cemeteries). “Individuals” includes about equal proportions of individual-directed retail accounts and pooled brokerage omnibus
accounts. “Plans and trusts” are primarily fiduciary accounts (e.g., estates and inheritance trusts) and retirement plans (e.g., 401(k)
and defined benefit pension plans) along with a small amounts from College 529 Savings Plans.

(a) The portion of aggregate assets of prime MMFs owned by different types of investors
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(b) The distribution of investor sophistication (SOPH) across prime MMFs
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accounts for less than 1% of prime MMF assets. We classify these accounts as institutional because an unknown, but presumably
dominant, share comes from hedge funds.
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nonfinancial companies, which are clearly truly institutional. Our retail (i.e., “unsophisticated”) categories

include: retirement plans, 529 plans, fiduciary accounts, brokers dealer/omnibus accounts, and individual

investor accounts. While these categorizations may not be perfect, we believe that this approach produces

the lowest asset misclassification. Throughout our analysis, we measure investor sophistication, SOPH, as

the portion of truly institutional investors, as defined above, in a given fund or shareclass. As documented

in Figure C1a, a significant fraction of AUM in institutional classes originates from natural persons: 25% is

held by individuals through retail accounts or through brokers, and another 23% held by trusts and retire-

ment plans for individual investors. Figure C1b also illustrates that there is large cross-sectional variation

in the share of total “truly institutional” ownership (i.e., SOPH) across MMFs. About 42% of shareclasses

have very little or no institutional ownership. On the other hand, 16% of institutional shareclasses are almost

entirely owned by true institutions. We verify that the underlying composition of investor types, at least in

aggregate, have not changed substantially through time.

This dataset has one important limitation. The ICI aggregates the data collected from fund companies,

which receive the data from transfer agents. Transfer agents often charge funds to return information on

the types of shareholders in their funds. Therefore, in any given year, a fund may choose not to acquire

such data. When a fund does not provide data at the end of a particular year, the ICI estimates its responses

by interpolating between prior and future responses or, until a future response is available, using the prior

response. In the rare instance of when a fund has never reported, the ICI estimates the assets belonging

to each shareholder-type in each shareclass of the fund based on responses from the funds’ peer group

(matched based on method of sale, name, size, and expense ratio). As of 2011, the survey captures 95% of

prime MMF dollar assets and 81% of shareclasses, by number, excluding estimates. Hence, it is typically

small funds that, on occasion, do not respond to the survey. Once these estimates are incorporated, 100% of

dollar assets and numbers of shareclasses are represented.

Our study uses the full data set, including estimates. We do this for two reasons. First, after omitting

estimates, we find that investor make-up changes very little over time, meaning the ICI’s estimates are likely

to be computed consistently over time. Second, our study seeks to describe large dollar responses on the

part of funds and their investors – the kind that may be relevant for systemic risk purposes. A degree of

measurement error in the classification of small funds is unlikely to affect results. Indeed, when we remove
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designated estimates (representing 5% of assets) all results qualitatively hold. Despite its limitations, we

believe this to be the best data set in existence on MMF shareholders.
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D SEC EDGAR Page Views

SEC EDGAR Information Acquisition Measures

This section describes the steps required to construct our measure of investor information acquisition from

the SEC’s EDGAR website. We use the following sequence of steps to collect and process the data.

1. We download the flat files for the 2011-2012 period from https://www.sec.gov/dera/data/
edgar-log-file-data-set.html, which has a single file for each calendar day. This dataset also
includes the url (accession) associated with each individual page view, a scrambled IP address of the
user, as well as a detailed time stamp.

2. From the ICI, we obtain the EDGAR Central Index Key (CIK) and series ID associated with each
MMF. We discard any page which is not associated with the filings of a MMF. There is also a third
identifier, the Class/contract id which is associated with each individual shareclass.

3. Often the CIK is related to the fund management company, rather than a single MMF. For example,
CIK 276516 is the Fidelity Money Market Trust, which is associated with two different funds: the
Retirement Government Money Market Portfolio (series id S000007116) and the Retirement Gov-
ernment Money Market II Portfolio (series id S000007117). Accordingly, this CIK has two different
N-MFP forms filed each month. However, each filing includes a table which lists the CIK, series ID,
and class/contract IDs associated with each form, which looks like this:

We write a simple scraping algorithm to extract the associated information. This allows us to associate
each specific filing with a given set of funds (series IDs).

4. Next, we use the cleaned information from the WRDS SEC Analytics Suite to get the type of form
which is associated with each individual filing. This allows us to isolate page views which are as-
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sociated with specific forms. We aggregate page views associated with the holdings reports (Form
N-MFP, and associated amended versions) and summary prospectuses (Form 497K), which are filed
at the series ID level.52

5. Following Loughran and Mcdonald (2014), we impose a “no robot” filter, excluding IP addresses
which visit more than 50 CIKs on a given day. Finally, to compute the measure of information
acquisition, we count the number of page views associated with a given fund over various intervals of
time. For Figure 5, these views are divided by the total number of accounts (from the ICI) associated
with funds in each sophistication bin, then multiplied by 10,000. For the regressions in Table A5,
these traffic measures are instead normalized by the number of accounts in each fund.

6. For the subset of IP addresses which pass the “no robot” filter, we compute a measure of overall
activity on the EDGAR site. For Figure 5B, we compute the average number of monthly page views
associated with CIKs which are linked with at least one MMF, then rank IP addresses into terciles
based on this measure.

Bloomberg News Coverage Measures

Figure 3 plots a measure of the number of monthly news articles associated with issuers in different regions

over time. To do this, we begin by constructing a list of unique issuers which are used in the regressions in

Section 7, which we then hand match to ticker symbols in the Bloomberg database. We extract time series

on the number of news articles (NEWS_HEAT_PUB_DNUMSTORIES) which are associated (tagged) with

each ticker on each calendar date from 2010-2012. To do so, we follow a procedure virtually identical to the

one described in the internet appendix of Ben-Rephael et al. (2017) utilizing the Bloomberg Excel add-in.

To aggregate across issuers, we compute a weighted average of these news measures, using the the

dollar value of outstanding securities as of the end of May 2011 of each issuer within each region as weights.

This gives us monthly time series of news coverage associated with issuers in each region. We normalize

these indices so that the average monthly volume of articles in 2010 corresponds with a value of 100.

52In a small handful of cases, a particular CIK/series ID is associated with multiple funds. In these situations, we allocate traffic
from these filings proportionally to dollar volume.
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