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Abstract 

To contribute to the understanding of investment funds' (IFs) behaviour, the paper exploits the 
exogenous shock of the Covid-19 pandemic and analyses more than 12 million security sales 
and purchases during the first four months of 2020 by over 20,000 IFs from more than 40 
national jurisdictions and investing in more than 100 economies and 20 industries. Our 
estimates reveal that, when the emergency strikes, IFs do not sell indiscriminately but divest 
from assets considered the most vulnerable at the moment, that is, those issued by more 
Covid-affected countries and industries. Our results also show several dimensions of 
heterogeneity according to the pandemic outbreak phase, asset type, IF category and 
performance, extent of unitholders' outflows, and nationality of IFs. Our results, on the one 
hand, provide new evidence on the intrinsic fragility of IFs, but, on the other, they also show 
that IF industry includes heterogeneous institutions that behave very differently. Finally, our 
results document that monetary policy measures have a reassuring effect also for IFs, which 
corroborates recent evidence on a non-bank financial institution channel of unconventional 
monetary policies. 
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1. Introduction1

Investment funds (IFs) have grown substantially since the global financial crisis,

partly as a result of the increased regulation of banks. IFs hold a large fraction of world

savings, purchase and sell securities all over the globe, and play a crucial role in the

financing of governments and firms. The IF industry receives a great deal of attention

from practitioners, academics, and institutions. Studying IFs’ behaviour can help illu-

minate investor strategies, market functioning, and price developments. Moreover, since

the financial crisis, the debate about IFs has also addressed their intrinsic fragility and

the possible implications of their conduct for financial stability (e.g., Chen et al., 2010;

Financial Stability Board, 2017; Goldstein et al., 2017).2

The Covid-19 crisis provides a valuable opportunity to gain insights into drivers of

IF behaviour and strategies. Their responses and resilience may be tested by exploit-

ing the impact of a major (and truly exogenous) worldwide shock.3 In early 2020, the

outbreak of the pandemic and the subsequent containment measures imposed in many

countries caused a sudden and sharp deterioration in the economic outlook and height-

ened the risk aversion among investors, giving rise to a major re-pricing in global finan-

cial markets (Figure 1). In this paper, we exploit this shock to perform a comprehensive

empirical analysis of the world IF industry. We have the advantage of using a unique,

granular dataset, which contains more than 12 million observations on security sales and

1We would like to thank Giorgio Albareto, Rui Albuquerque, Emilia Bonaccorsi di Patti, Alessio De
Vincenzo, Philip E. Strahan, Luca Zucchelli, and two anonymous referees, for useful comments and sug-
gestions. We are also grateful to Morningstar for access to the Historical holdings dataset. We particularly
would like to thank Emanuela Bassi (Sales Director) and Guillermo Gutierrez Santos at Morningstar Inc.
for their invaluable advice. The views expressed in this article are those of the authors and do not necessarily
represent those of Banca d’Italia.

2IFs often invest in illiquid assets and guarantee their investors high levels of liquidity, although (dif-
ferent from banks) IF investors are not guaranteed to receive a fixed amount when they withdraw their
funds.

3The economic turmoil triggered by Covid-19 differs from past crises with respect to the cause, scope,
and severity. Bernanke (2020) stresses that, while financial imbalances and risks grew over many years
leading up to the 2008 global financial crisis, the Covid-19 crisis erupted abruptly.
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purchases during the first four months of 2020 by over 20,000 IFs located in over 40

national jurisdictions and investing in more than 100 economies and 20 sectors. We be-

lieve ours is the first paper to assess IFs’ portfolio reactions to Covid-19 worldwide as

a function of the spreading news on the pandemic and to comprehensively depict their

decisions when the shock arrived and the panic broke out.

We first show that the pandemic triggered portfolio recomposition by IFs all over

the world. IFs do not sell indiscriminately but divest from financial assets considered

at the moment most troubled, that is, those issued in countries and by industries more

affected by Covid-19. We document that the bulk of the adjustment in IFs’ portfolios

occurs abruptly and severely during the “fever” of the Covid-19 crisis (that is, in March

2020), while signs of resurgence begin to appear already in April, following the excep-

tional policy measures taken worldwide by public authorities.

We then examine the portfolio rebalancing in more detail, exploring several dimen-

sions of IF heterogeneity. First, we find that the rebalancing effect is homogeneous for

domestic and foreign assets (revealing that IFs sell even their own country’s securities

if this allows them to move toward less-Covid affected portfolios). Second, we find that

IFs with more outflows exacerbate the sales of securities issued in more Covid-affected

countries (indicating that IFs and their unitholders may tend not to offset each other

and thus may make fire sales more likely). Third, we find that the rebalancing is het-

erogeneous by type of financial asset and IF category (reflecting the greater impact of

the pandemic on illiquid assets and the varying risk appetites embedded in investment

policies of different IF categories). Fourth, we find that IFs with an average higher per-

formance do not deleverage along with other IFs (suggesting that IF industry includes

heterogeneous institutions, which pursue different portfolio strategies that partially bal-

ance each other). Fifth, we find that the rebound in April 2020 mainly concerns IF

purchases of corporate bonds, which are, to a large extent, the financial asset targeted
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by central banks’ programmes in the period (corroborating the existence and effective-

ness of a channel of unconventional monetary policies acting through non-bank financial

institutions).

Our empirical approach relies on two regression models, which analyse whether,

in response to the Covid-19 shock, IFs reallocate their holdings across countries and

industries. The viral outbreak and subsequent policy measures varied substantially

across countries and industries, both in the intensity and timing. First, until late Febru-

ary, the news of a health emergency only involved China, Korea, and a handful of other

Asian countries. In the second half of February, the contagion reached Europe, but

some European countries, such as Italy and Spain, experienced the spread of virus and

lockdowns several weeks earlier than other countries, such as France, Germany, and the

United Kingdom. Spread to the United States occurred even later. Second, the effects of

the Covid-19 and of the related containment measures were heterogeneous even within

countries and across industries. For example, in high-tech industries, firms adapted quite

well to social distancing requirements by resorting extensively to teleworking. But in

other industries, such as food catering, travel, and tourism, this was infeasible, and the

effect of the Covid-19 on businesses, sales and profits was much more pervasive.4

Our dataset is obtained by combining varied sources. Security-by-security infor-

mation on portfolios of over 20,000 open-ended IFs worldwide is obtained by matching

the Morningstar historical holdings data with the Centralised Securities Database of the

European System of Central Banks. The exposures to the disease across countries are

4Also the re-pricing was rather heterogeneous at both country and industry level. During the first quarter
of 2020, for instance, the S&P 500 fell by 34 percent, from its high to its low; the exchanges in Spain, Italy,
Germany and France experienced high-low declines of 45 percent, 42 percent, 40 percent, and 39 percent
respectively, while Japan and Hong Kong saw declines of 31 percent and 25 percent. The heterogeneity
was even more visible across industries, even within the same country, with firms in high-tech industries,
such as Apple, Microsoft and Google, outperforming the market, while those in food catering, travel and
tourism, such as Marriott, United Airlines, and Royal Caribbean, massively underperforming.
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computed through two alternative indexes: the ratios of total number of Covid-19 con-

firmed cases or confirmed deaths to total population. As is well known, these two ratios

are imperfect measures of the real spread of the contagion and the extent of the health

emergency. However, they are perfectly suitable to our purposes because they reflect the

perception of international investors and the knowledge that they had on the impact of

Covid-19 across countries and over time. The exposures to the disease across industries

are computed through the indexes recently introduced in labour economics, intended to

capture the extent to which firms’ operations in each sector are compatible with social

distancing and lockdowns (Dingel and Neiman, 2020; Hensvik et al., 2020; Koren and

Pető, 2020). These measures quantify, in each sector, the degree to which jobs can be

done from home and do not rely on human interaction in physical proximity. The fund-

by-fund and asset-by-asset granularity of our data allows us to include an extensive set

of fixed effects in the estimations, in the spirit of Khwaja and Mian (2008), Paravisini

(2008), Amiti and Weinstein (2018) and Degryse et al. (2019). These sets of fixed effects

account for all factors affecting the portfolio decisions, before and during the Covid-19

shock, which are different from the pandemic impact, and therefore they are the most

effective means to allow for possible unobservable characteristics of securities and of

IFs that may otherwise blur the results.

Our paper relates to some of the major strands of the literature on IF behaviour.

Section 2 reviews this literature and summarizes our contribution. Our results on the

massive sales of Covid-affected assets contribute to the literature stressing that, in time

of crisis, IFs sell the most troubled assets, that is, those more likely to suffer fire sales.

Our results on higher sales of Covid-affected assets by IFs with more redemptions offer

new evidence on the relationship between the sales of institutional investors and those of

their unitholders. Our results on the contrasting reactions of IFs with different investment

policies and performance abilities show that IF industry is not monolithic and financial
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stability implications may change across IF categories. Our results on the impact of

policy measures suggest that central bank liquidity injections are an effective financial

stability tool that can help reduce the fragility of non-bank financial institutions too. In

addition, our paper complements the fast growing literature on stock markets’ reactions

to the outset of the Covid-19: this literature typically finds that pandemic-resilient issuers

suffer less during the outbreak, we show that IFs prioritize the pandemic resilience of the

issuers.

The rest of the paper is structured as follows. Section 2 reviews the main literature

relating to the paper and clarifies our contribution. Section 3 describes the data. Section

4 discusses the empirical methodology. Section 5 reports the baseline results. Section 6

summarizes our extensions. Section 7 describes robustness checks. Section 8 concludes.

2. Related Literature: review and contribution

Our paper comprehensively analyses IFs’ behaviour at the outbreak of the panic

surrounding Covid-19 and relates to several strands of the literature.

First, it contributes to the literature that analyses the behavior of IFs to understand

their investment strategies and the ultimate impact on price developments. Three par-

ticular themes traditionally examined by this literature are herding, positive-feedback or

trend chasing, and short horizons. Herding refers to the tendency of buying (or selling)

simultaneously the same stocks as other institutional investors. Positive-feedback trad-

ing or trend chasing refers to the habit of buying past winners and selling past losers.

Short horizons refers to the lack of foresight that is traditionally attributed to IFs. These

three aspects are elements of the overall argument that IFs can destabilize stock prices,

because they tend to jump on the bandwagon and buy overpriced stocks or sell under-

priced ones, pushing prices away from fundamentals, especially during crises.5

5The literature argues that institutional investors “herd” because they prefer trading with the crowd,
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These issues relates also to the literature on fire sales, which shows that, especially

during financial crises, institutional investors contribute to depressing the prices of the

securities they hold (e.g., Manconi et al., 2012; Ben-David et al., 2012; Cella et al.,

2013), leading to fire sales (Gabaix et al. (2006); Stein (2009)). In this respect, Coval

and Stafford (2007) show that common ownership by institutional investors increases

the downward pressure on stock prices during asset fire sales. Greenwood and Thesmar

(2011) show that firms whose equities are widely held by institutional investors are more

susceptible to nonfundamental shifts in demand. Koijen et al. (2020) show how changes

in portfolio holdings influence market valuations.

Our paper contributes to these streams of the literature by confirming, on the one

hand, that IFs massively sell assets considered the most troubled in the early pandemic

period, that is, those issued by Covid–affected countries and industries (even irrespective

of other intrinsic characteristics), thus contributing to increase the likelihood of fire sales.

But, on the other hand, our results (both those of sales of more affected assets in March

and rise of purchases in April) are also consistent with an opposing view of institutional

investors as rational investors who pursue not a positive-feedback strategy but a negative-

feedback strategy, that is, they sell stocks that have risen too far and buy those that have

fallen too far (e.g., Lynch and Musto, 2003; Manconi et al., 2012; Spiegel and Zhang,

rather than facing the reputational risk of making mistakes alone, or simply because they receive correlated
private information, perhaps from analyzing the same indicators (Lakonishok et al., 1992; Grinblatt et al.,
1995; Daniel et al., 1997; Sias and Starks, 1997; Nofsinger and Sias, 1999; Graham, 1999). Regarding
positive-feedback, the strategy of buying winners and selling losers relates to the belief that trends are likely
to continue or to the idea that adding winners to the portfolio and eliminating losers has the advantage of
“window dressing” (De Long et al., 1990; Lakonishok, 1991). Regarding short horizons, IFs are expected to
trade over short spans because their optimal response is to attempt to beat the market by selling immediately.
Thus their trading tends to drive prices below fundamental values (Bernardo and Welch, 2004; Morris and
Shin, 2004). Several influential theoretical papers show that short-horizon investors specialize in strategies
that focus on predicting the short-run trades of other market participants, rather than long-run movements
in asset values driven by fundamentals (De Long et al., 1990; Froot et al., 1992; Dow and Gorton, 1994;
Stein, 2005; Allen et al., 2006). In contrast, long-horizon investors tend to hold their shares and “wait out
the storm”. They typically include insurance companies, pension funds, and trusts (e.g., Bessembinder and
Maxwell, 2008).
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2013; Schmidt et al., 2016; Pastor et al., 2021; Jin et al., 2021). Most importantly, we 

find heterogeneous results according to the pandemic outbreak phase, asset type, IF 

category, performance ability, and nationality. All in all, our results offer a more nuanced 

view of IFs: we find they are neither smart negative-feedback investors nor destabilizers 

who herd and chase trends. Instead, they turn out to include heterogeneous institutions, 

which use a variety of portfolio strategies that at least partially offset each other 

(Lakonishok et al., 1992; Kacperczyk and Schnabl, 2013; Zeng, 2017; Zhu, 2021; Pastor 

et al., 2021; Jin et al., 2021).

Second, the paper contributes to the literature on the relationship between sales of 

institutional investors and the behaviour of their unitholders. In addition to being in-

vestors (who invest in financial assets on the asset side of their balance sheets), IFs are 

also funded agents (who receive financing on the liability side of their balance sheet). Of 

course, IF asset-side decisions may well relate to liability-side developments. The litera-

ture (e.g., Coval and Stafford, 2007; Baker et al., 2003; Duchin et al., 2010; Hau and Lai, 

2013; Cella et al., 2013) points out that IF managers tend to expand their holdings with 

capital inflows and liquidate positions to pay for redemptions; such flow-induced trad-

ing can significantly impact both individual stock returns (contributing to driving prices 

temporarily away from information-efficient benchmarks) and the real investment deci-

sions of firms (which may be shaped by non-informative, liquidity-motivated trading). 

We find that IFs with more redemptions intensify their sales of Covid-affected assets, 

and therefore our results corroborate the view that IFs may increase market volatility 

during times of turmoil because they face the risk of having to respond to massive (often 

retail) redemptions (e.g., Simutin, 2014; Barrot et al., 2016; Chernenko and Sunderam, 

2020; Li et al., 2020).6

6Even if this is not the case in all systems, in many countries (such as the United States), the bulk of IF
shares/units is held by retail investors and, in particular, households; the pressure caused by capital flows
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Third, our paper contributes to the literature on market timing and the stock-picking

of institutional investors, which has practical implications for investors and theoretical

implications for market efficiency. Most studies find little evidence that IFs possess mar-

ket timing ability (that is, the ability to increase the exposure to the market index prior

to market advances and to decrease exposure prior to market declines; e.g., Henriksson,

1984; Graham and Harvey, 1996; Becker et al., 1999; Jiang, 2003). In contrast, the find-

ings on the stock-picking talents (that is, the ability to select outperforming assets) are

mixed. A number of traditional studies conclude that mutual funds’ performance on av-

erage falls short of a set of passive benchmarks (e.g., Jensen, 1968; Elton, 1993; Gruber,

1996; Carhart, 1997), while many other papers find that some mutual funds can choose

stocks that outperform benchmarks, even after accounting for expenses and fees (e.g.,

Grinblatt and Titman, 1989; Grinblatt and Titman, 1993; Grinblatt et al., 1995; Kacper-

czyk and Seru, 2007; Jiang et al., 2007; Kacperczyk et al., 2008; Fama and French,

2010). Our evidence confirms, on the one hand, that on average IFs do not beat market

benchmarks, and indeed we find that they perform even worse during the early phase of

the pandemic. However, on the other hand, some IFs do stand out from the others, both

in the pre-pandemic year and in the outbreak phase.

Fourth, our work relates to the literature on the stock market’s response to the on-

set of the Covid-19 pandemic, which shows equity prices reactions to news about the

virus and an increase in market volatility.7 Our analysis differs and complements this

literature, which typically takes the point of view of security issuers and investigates the

tends to be stronger when it originates from retail investors (Lou, 2012). Moreover, the literature shows
that mutual fund shareholders, even when they are not retail investors, behave in ways generally considered
unsophisticated (e.g., Solomon et al., 2014; Kaniel and Parham, 2017).

7In particular, Acharya and Steffen (2020) provide evidence that firms with access to liquidity perform
better during the first quarter of 2020. Ramelli and Wagner (2020) show that non-financial firms with high
exposure to China and greater dependence on international trade as well as with lower cash holdings and
higher leverage are more affected than other firms. Hassan et al. (2020) find that stock returns relate signif-
icantly and negatively to disease exposures. Alfaro et al. (2020) show that stock prices drop in response to
high unexpected infections. Albuquerque et al. (2020) show that stocks with high environmental and social
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characteristics of funded agents that are more likely to amplify or mitigate the pandemic

effect. We instead take the point of view of investors that finance those agents. This

literature typically finds that pandemic-resilient firms suffer less, we show that investors

consider the pandemic resilience of issuers (countries and industries) in allocating their

funds.8

Finally, our paper contributes to the debate on policy implications of IF fragility.

In particular, our paper relates to a few recent studies addressing the issue of IF fragility

in the Covid- crisis (Falato et al., 2020; Haddad et al., 2020; Ebsim et al., 2020; Pastor

et al., 2021) and shows that IF portfolio allocation can increase the volatility of financial

markets following a shock. However, our results suggest that policy measures taken by

monetary authorities after the outbreak of the panic provided a liquidity backstop that

reassured non-bank financial institutions (Falato et al., 2020, Gilchrist et al., 2020, and

Boyarchenko et al., 2020; O’Hara and Zhou, 2021).

3. Data

We build a novel dataset, which combines several sources. After combining all the

sources and eliminating observations with partial information, we end up with a unique

dataset containing more than 12 million observations on security-by-security sales and

purchases during the first four months of 2020 by more than 20,000 IFs from more than

40 national jurisdictions and investing in more than 100 economies and 20 industries.

ratings have significantly higher returns and lower volatility. Pagano et al. (2020) document that stocks
of more pandemic-resilient firms outperform those with lower resilience during the outbreak. Ding et al.
(2020) show that firms with stronger balance sheets and less exposure to Covid-19 perform better during
the first quarter of 2020.

8Glossner et al. (2020) is the only other paper that analyses changes in holdings of institutional investors.
However, they only consider the percentage shares of stocks held by institutional investors for a sample of
US firms and study whether the changes of those percentages relate to specific firm characteristics during
the outbreak of the pandemic. In contrasts, we examine the entire ISIN-by-ISIN portfolio of a massive set
of IFs worldwide, and we explicitly investigate whether the pandemic outbreak itself steers the selection of
financial assets.
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Our final dataset is well representative of the global IF industry, as it corresponds to

about 40% of the worldwide IFs’ total net assets, according to official statistics (EFAMA,

2020).9 The dataset’s representativeness is very high for all countries with a major IF

industry.10

Our dataset draws from four sources. The main one is Morningstar’s database of

historical holdings, which contains portfolio holdings at IF and security-by-security level

for the entire universe of “actively managed” open-ended IFs in the global market.11

We retrieve monthly ISIN-by-ISIN portfolio information from December 2019 to April

2020 for all IFs that provide all ISIN-by-ISIN data in each month of our analysis. We

also draw from the Morningstar database the investment objective and legal domicile of

each IF.12

The second data source is the Centralised Securities Database (CSDB) of the Eu-

ropean System of Central Banks (ESCB), a security-by-security database developed by

the ECB and jointly operated by the National Central Banks (NCBs) of the ESCB. The

CSDB contains reference, price, rating, and statistical classification data for more than

5 million active debt securities, equity shares, and investment fund units issued world-

wide.13 We use the CSDB as a register to decrypt and classify IFs’ ISIN-by-ISIN hold-

9According to (EFAMA, 2020), the entire universe of long-term funds (those classified as equity, bond,
and mixed) amounted at the end of the first quarter of 2020 to about e 36,000 billion.

10The final representativeness is around 40% of total net assets of the country for IFs coming from the
United States, the United Kingdom, Luxembourg, Brazil, and Switzerland; it is about 30% for Germany,
Italy, and Spain. It is even higher than 60% for India and Sweden, while it is a bit lower, around 20%, for
France and Ireland.

11“Actively manged funds” follow an active market strategy as opposed to “passive funds”, such as
exchange traded funds or index funds, which mechanically follow the index they track. Due to their large
differences from the other IFs, passive funds as well as money market funds are not included in our analysis.

12Therefore we exclude necessarily (only) those funds that do not provide a (complete) disclosure of
their holdings in each month of our sample period. Morningstar’s database is survivorship bias-free; that is,
it includes data on both active and no longer active funds. We use information only on active IFs.

13The CSDB contains information on all individual securities, provided that they are either issued by EU
residents or denominated in euros or held or transacted by EU residents. It therefore contains almost all
securities in the world. It is accessible to the entire ESCB and is updated daily with inputs from NCBs and
several commercial data providers. For more details, see The centralised securities database in brief.

14
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14The Covid-19 Global Database of the CSSE at Johns Hopkins University, which is managed by Dong
et al. (2020) and organized as an interactive web-based dashboard, tracks in real time the number of con-
firmed Covid-19 cases and the number of deaths around the world. It is updated daily and is available
through GitHub repository.

15Hensvik et al. (2020) rely on the American Time Use Survey (2011-2018) to estimate the fraction
of employees who work at home and at the workplace as well as the hours worked at home and at the
workplace at the industry level. Alternatively, Dingel and Neiman (2020) use data from O*Net surveys to
assess the teleworkability of occupations and provide industry-level estimates for the percentage of jobs
that can be done at home as well as for the percentage of wages associated with teleworkable occupations.

15

ings under three dimensions of the issuer: country, sector of economic activity, and 

category of financial instrument.

Third, to measure each country’s vulnerability to the Covid-19, we compute two 

ratios: the number of confirmed cases and the number of deaths over total population,  

as monthly sums of the daily data for each country, collected by the Center for Systems 

Science and Engineering (CSSE) at Johns Hopkins University.14

Fourth, to measure the vulnerability to the Covid-19 of each industry, we rely on 

the indexes recently introduced in labour economics by Koren and Pető (2020), Dingel 

and Neiman (2020) and Hensvik et al. (2020), which are intended to capture the extent 

to which firms’ operations are compatible with the social distancing necessitated by the 

Covid-19. Our first choice among these measures is the pandemic-resilience index pro-

posed by Koren and Pető (2020), the KP’s  a  f f  e c t e  d s  h a r  e ,   which is an industry-level 

measure of the percentage of employees affected by the Covid-19 pandemic, due to their 

occupations being communication-intensive or requiring close physical proximity to 

others, or both. We choose this as our main proxy of the Covid impact at the industry 

level, because, besides teleworkability, it explicitly accounts for physical proximity to 

others.15 These measures are estimated for US industries and are applied to the corre-

sponding industries of other countries. The idea is that the Covid-19 impact should be 

very similar for industry types across the world, after controlling for country-specific 

characteristics, and would be so perceived by international investors. As for the few

https://github.com/CSSEGISandData/COVID-19


industries for which the measures on the vulnerability to the Covid-19 crisis are unavail-

able, we carry out several robustness checks (described in Section 7).16

Thanks to the granularity of our dataset at the fund and ISIN level on quantities

and prices, we compute for each financial asset (identified through its ISIN code) the

monthly net purchases (i.e., gross purchases minus gross sales) carried out by each IF

in each month from January to April 2020. We therefore can distinguish exactly the

portfolio changes due to the market price revaluation effect from those due to the actual

financial transactions.17

Table 1 reports summary statistics of our sample with data broken into two spans:

a pre Covid-19 period (i.e., January and February 2020) and a Covid-19 shock period

(i.e., March and April). In the pandemic period, IFs experience large decreases both

in the market values of their security holdings and in the actual net purchases. Also

the dispersion of all variables across IFs increases during the Covid-19 shock. The

measures of Covid-19 impact on countries (number of cases and deaths over population)

are zero until the end of February for the most of countries; those on Covid-19 impact on

industries (KP’s affected shares) are set to zero until the end of February. All measures

show a wide heterogeneity (across countries and industries) after the Covid-19 outbreak.

Table 2 reports summary statistics of the KP metric for those industries with the highest

number of holdings in our sample (covering more than two-thirds of the sample).

16As mentioned, we use the CSDB as a register to decrypt and classify IFs’ ISIN-by-ISIN holdings.
However, the CSDB provides NACE codes, while the KP metric is based on three-digit NAICS 
classifi-cation. To match the KP metric to our ISIN-by-ISIN dataset, we retrieve from Refinitiv 
(Datastream) the NAICS codes of all holdings included in our sample. A minor share of financial assets 
(less than 5 percent of the total) remains unclassified.

17The market price         (revaluation) is measured for each security as the change in market price 
between month t and t − 1 on the overlapping quantity, i.e., (pt − pt−1) ∗ min(qt, qt−1). Then net purchase 
(actual financial transaction) at ISIN level is obtained as the difference between the total portfolio change of 
each asset and its market price revaluation. Details on our measures are provided in Table A1.
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4. Empirical strategy

To evaluate whether, to what extent, and how IFs react to the Covid-19 outbreak and

rebalance their portfolios, we estimate two regression models. The first model analyses

the Covid-19 impact in driving the selection of financial assets by country (controlling

for industry specific characteristics). The second model investigates the Covid-19 impact

in influencing the selection of industries (controlling for country specific characteristics).

In formal terms, the first regression model has the following structure.

Net purchasesi, f ,t = β1 ∗Country Covid19c,t + δ f ,t + φ1s,t + εi, f ,t (1)

where the dependent variable Net purchasesi, f ,t measures the monthly net purchases of

each financial asset i (identified through its ISIN code) run by each IF f in each month

t, scaled by the net asset value of the same IF at the end of the previous month. In

Equation 1, the covariate of interest is Country Covid19c,t, which is the index of the

Covid-19 impact in each country measured by the ratio of total number of cases (or

alternatively total number of deaths) to total population in country c in the month t. The

subscript c indicates therefore the country of destination of the financial investment i of

each IF (each i may belong to only one country c.)

Exploiting the granularity of our dataset, we conduct our estimates by including

interactions between different sets of fixed effects: δ f ,t are interactions between time and

IF fixed effects, while φ1s,t are interactions between time and industry fixed effects. The

inclusion of the around 90,000 fund-time fixed effects (δ f ,t) and the 80 industry-time

fixed effects (φ1s,t) conditions out all time-varying factors across funds and industries

and is therefore the most effective control for accounting for other (different from the

Covid-19) risks and demand conditions that might influence IF decisions and to allow

for possible unobservable characteristics of securities and IFs that could otherwise blur

the results. In particular, the time-varying IF fixed effects δ f ,t control for everything spe-
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cific to a given investor and affecting the overall size of its portfolio. This is important,

given that different IFs may systematically invest in securities involving different levels

of risk. Moreover, δ f ,t also controls for the country of origin of each IF and therefore con-

ditions out all time-varying and time-invariant cross-country traits, such as differences in

economic, financial, institutional, legal, and regulatory systems. Likewise, industry-time

fixed effects φ1s,t remove all sources of bias related to economic and financial conditions

at the industry level, developments in credit risk or financing needs associated with a

given industry, and differences in the intensity of required in-person contact with cus-

tomers, suppliers, and coworkers (which might influence industry level reactions to the

pandemic and are therefore the focus of the second model). Finally, since we allow these

effects to vary over time, they account for the rapid deterioration in the global financial

markets during our sample period. Equation 1 is estimated with robust standard errors

by IF-level clustering, as portfolio choices may vary across IFs.

The second regression model has the following symmetric structure.

Net purchasesi, f ,t = β2 ∗ Industry Covid19s,t + δ f ,t + φ2c,t + εi, f ,t (2)

where the dependent variable Net Purchasesi, f ,t is defined as in Equation 1 as

are the interacted fixed effects δ f ,t. What changes is the covariate of interest Industry

Covid19s,t, which is now the index of the Covid-19 impact in each industry. The sub-

script s refers to the industry of destination of the financial investments of each IF (and

thus each i belongs to only one industry s).18 Like Equation 1, which includes industry-

time fixed effects, Equation 2 includes the interactions (φ2c,t) between time t and country

of destination c fixed effects, which control for all time-varying and time-invariant char-

acteristics of the countries where IFs invest, such as differences in growth, economic

18As mentioned, the KP metric used to estimate Equation 2 is based on three-digit NAICS classification,
whereas industry fixed effects of Equation 1 are based on one-digit NACE industry classification. One-digit
NACE industry classification includes 21 sections, of which there 20 in our dataset. Three-digit NAICS
classification is much more detailed and includes 84 groups.

18



conditions, legal and political systems, reactions to the crisis, institutions and cultural

norms, and demographic and other cross-economy characteristics (while, as in Equation

1, the interacted fixed effects δ f ,t control also for the country of origin of each IF).

In a nutshell, in Equation 1, φ1s,t removes all sources of bias at industry level and

allows estimations to focus on countries and, in particular, on our measure of the Covid-

19 impact across countries; while in Equation 2, φ2c,t removes all potential sources of

bias at country level and allows estimations to focus on our measure of the Covid-19

impact across industries. In some specifications, to further explore whether and how IFs

respond to the pandemic, we interact our Covid-19 measures with different IF individual

characteristics (still controlling for economy-time, industry-time and fund fixed effects).

5. Baseline results

Table 3 reports results of Equation 1. In Specifications (1)-(3), the key regressor

Country Covid19c,t is the ratio of the number of cases to population, while in Specifi-

cations (4)-(6), it is the ratio of the number of deaths to population. For each measure,

the first two specifications progressively include the different sets of time-varying fixed

effects, while the third specification includes additional country characteristics to control

for other specific destination-country features (since economy-time fixed effects are the

main fixed effects in Equation 2).

The results show that the coefficient of the variable of interest Country Covid19c,t

is always significantly negative, which means that the pandemic outbreak leads IFs to

sell mainly financial assets issued by more affected countries and thus to rebalance their

portfolios in favour of assets issued from less affected ones. The economic impact is also

relevant: for example, moving from the 25th to the 75th percentile of the Covid cases of

specification (2), the dependent variable Net Purchasesi, f ,t decreases by 0.001%, which

is a quite sizeable magnitude, since represents about 18 percent of the average net pur-
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chases in the period.

Table 4 reports results of Equation 2. The table reports two specifications pro-

gressively adding the sets of time-varying fixed effects. Again, the coefficient of the

variable of interest Industry Covid19s,t, which is now the index of the pandemic impact

across industries, is statistically negative, meaning that, after the shock, IF portfolios

move toward financial assets issued by less affected industries. The magnitude is again

economically relevant: moving from the 25th to the 75th percentile of the KP metric dis-

tribution, the asset experiences an extra 40 percent drop, compared to the average net

purchases.

For a more exact identification of the moment in which IFs’ sales react to the Covid-

19 shock, we repeat estimations of Equations 1 and 2, allowing the effects to vary over

time through interaction-terms between our Covid indexes and time dummies.19 At the

country level (Table 5) during the “incubation” and the “outbreak” periods (i.e., January

and February, respectively, using the terminology of Ramelli and Wagner, 2020), the

Covid-19 impact variables are not statistically significant, suggesting that IFs were not

yet rebalancing their portfolios in response to pandemic risk. By contrast, during the

“fever” of the virus (i.e., in March), the Covid-19 impact becomes statistically significant

both at the country (Table 5) and industry level (Table 6). Also the coefficient and the

marginal effect are larger in March than in the overall regression. Instead, in April, we

find relevant seeds of resurgence at the country level (Table 5) and a sharp reduction

of the Covid-19 impact at the industry level (Table 6). Although the exposures remain

lower than in the pre-pandemic period, the result of April, after the very first trigger

of the pandemic in March, may be a sign that the exceptional policy measures taken in

those days helped avoid further propagation of financial stress. We turn to this issue in

19There are four month dummies at the country level (form January to April 2020) and two month dum-
mies at the industry level (where January and February are excluded because of zero values).
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the next section, analysing which kinds of assets were more hit by sales of March and 

which benefited more from the rebound of April.

To illuminate the portfolio rebalancing, a related question is whether the Covid 

impact is larger for more exposed portfolios; that is, whether the net sales of more 

Covid-affected securities are amplified by IFs with greater initial percentage shares of 

(ex post) Covid affected securities and by IFs with more (ex post) Covid-oriented port-

folios. To test this hypothesis, we run two additional tests. First, we include in both 

Equations 1 and 2 the interaction-term between our Covid-impact measures and the vari-

able sharei, f ,t−1, which computes, for each IF f , the weight of each financial asset i on 

the total portfolio in the previous month t − 1. If this interaction term were negative, 

it would indicate that, the more relevant the Covid-affected securities are in IF portfo-

lios, the more they are sold when the pandemic breaks out. Second, we introduce in 

both Equations 1 and 2 the interaction-term between our Covid measures and the vari-

able Covid oriented port f olio f ,t−1, which measures to what extent the portfolio held by 

each IF f in the previous moth t − 1 was Covid-oriented, that is, to what extent it was 

affected by the Covid-19 impact, as observed in the month t.20 If this interaction term 

were negative, it would indicate that, the more the IF portfolios were Covid-oriented, 

the more the IFs sold Covid-affected securities. The results of both exercises show that, 

both across countries and industries, the coefficients of the interacted-terms are always 

significantly negative (Tables 7 and 8), which confirms even more that the sales were not 

indiscriminate but were concentrated among Covid-affected assets and helped rebalance 

IF portfolios.

20In other words, the variable Covid oriented port f olio f ,t−1 is obtained as a weighted portfolio, where
the share of each financial asset i in the month t − 1 is weighted by our Covid-19 ratios in the month t.
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6. Extensions

To further explore the issue of IF portfolio rebalancing and behaviour during the

shock, we extend the baseline models to investigate whether IF reactions are heteroge-

neous across types of assets and categories or characteristics of IFs. Specifically, we

estimate a slight different version of Equations 1 and 2, basically adding interactions

between new regressors (which capture specific aspects of holdings or IFs) and our two

variables of interest Country Covid19c,t and Industry Covid19s,t. From a methodolog-

ical point of view, it is worth highlighting that, while in the baseline estimations our

empirical approach allows us to control for these differences, thanks to the set of time-

varying fixed effects and therefore our baseline results are obtained under an “all things

being equal” equilibrium, here the scope is different. Here, we aim to verify whether and

how the differences matter, that is, whether and how the portfolio rebalancing changes

across assets or IFs. Moreover, as we detail in the following analysis, the use of interac-

tions allows us to carry out these analyses without reverting to the sets of fixed effects of

our baseline approach.

Domestic versus foreign rebalancing

The sales of Covid-affected securities might be amplified when the country of res-

idence of financial asset issuers differs from the country of domicile of IFs, for exam-

ple, because IFs could have less confidence in foreign investments during a crisis. To

test this possibility, we repeat estimations of Equations 1 and 2, augmenting the model

with two dummies, identifying domestic and foreign securities, and interacting these

dummies with our variables of interest in each month (both Country Covid19c,t and

Industry Covid19s,t). The exercises are run in a single empirical model rather than in

split samples so as to gain efficiency and allow direct comparison among the coefficients

(e.g., Morck et al., 1988). Table 9, in column (1), reports results of the exercise for Equa-
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tion 1.21 The coefficients of the interaction terms between our Covid-impact measures

and the two (domestic and non-domestic) dummies are always negative in March, and

the magnitude is very close. This means that the pandemic shock prompts IFs to sell

Covid-affected securities, regardless of where they are issued (i.e., both by domestic and

foreign agents), and therefore on average IFs sell even their own country’s securities if

this rebalances their portfolios toward less-Covid affected holdings. On the other hand,

interestingly, the regression shows that the positive result of April is totally driven by

non-domestic purchases, which are therefore the first ones to recover after the initial

shock. This result clashes with a stream of the literature that points out that foreign in-

vestors may have a destabilizing effect, because they overreact or are prone to financial

panic (Dornbusch and Park, 1995; Radelet and Sachs, 1998; Choe et al., 1999), but it

comports with Glossner et al. (2020), who find the stock price drop is more pronounced

for firms held by local (U.S.) investors.

Rebalancing according to the funds flowing out of IFs

As mentioned, the literature on IFs stresses that funds encountering more redemp-

tion requests might be forced more than peers to sell. Accordingly, at the outbreak of

the Covid crisis, IFs behaviour might reflect at least partially the point of view of their

unitholders, who may panic and may want to quickly unload Covid-affected securities.

In the baseline estimations, our empirical approach allows us to control for the spe-

cific differences in IFs policies and developments and thus also for specific differences

in reimbursements. Instead, here we estimate a different version of Equations 1 and

2, verifying exactly whether IFs with larger redemptions by their unitholders sell more

Covid-affected securities.

21As for Equation 2, the exercise provides very similar outcomes, and, for brevity’s sake, it is not re-
ported.
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To verify this hypothesis, it is sufficient to add in both Equations 1 and 2 the covari-

ate out f lows f ,t, which measures, for each IF, the amount of withdrawals in the period.

These estimations are necessarily run replacing the time-varying IF fixed effects δ f ,t with

two additive components (IF and time fixed effects), which control for time-invariant

characteristics at the fund level and time-variant general developments. The results (re-

ported in Table 10) show that the coefficient of Country Covid19c,t remains negative

as in the baseline estimations, and the coefficient of out f lows f ,t is negative as well,

confirming that IFs characterized by more withdrawals sell more when the pandemic

breaks out. Notably, the interaction term between Country Covid19c,t and out f lows f ,t

is also significantly negative, meaning that IFs with more outflows exacerbate the sales

of securities issued in more Covid-affected countries. In other words, IFs seem to sec-

ond their financiers by rebalancing more when their unitholders are more concerned.

On the other hand, in the estimation of Equation 2, the coefficients of the variables

Industry Covid19s,t and out f lows f ,t are negative, while the coefficient of the interaction

term is statistically and economically insignificant, suggesting that unitholders’ inputs

affect the selection of countries more than of industries.22

Rebalancing across IF categories: the role of IF investment policy

To verify whether and how different IF categories behave differently, we split IFs

in our sample, according to the prevailing assets in which they invest, which reflects the

differing risk appetites embedded in their investment policies. We detect three groups

of IFs (equity, fixed income, and mixed funds), which are identified through three dum-

mies. Then we interact the dummies with our variables of interest in each month. From

a methodological point of view, as mentioned, here the scope is not to estimate an “all

things being equal” result but to explore whether and in which direction IF categories

22The results on by industry are unreported but available from the authors.

24

     outflows    
f
 
,t 



matter. The results are reported in column (1) of Table 11 at the country level and in

column (2) of Table 12 at the industry level. They show that IF categories indeed do

matter, as groups characterized by different investments and risk appetites react hetero-

geneously to the crisis: mixed and fixed income IFs rebalance mainly by country, while

equity IFs rebalance mainly across industries. This is consistent with the underlying

policies: the former ones are more interested in government bonds and thus rebalance

by country, while equity IFs are more concerned with firms and thus rebalance mainly

across industries.

Rebalancing across IF categories: the role of IF performance ability

To explore whether IF performance ability matters in the pandemic crisis, we pro-

ceed in two ways. First, we compute at monthly frequency, from January 2019 to April

2020, a measure of IF benchmark-adjusted returns, which are the excess returns with

respect to a market benchmark. Specifically, we compute, for each IF, the benchmark-

adjusted return as the difference between its monthly net returns and the specific bench-

mark return provided in the Morningstar dataset for its category. In our dataset from

Morningstar, IFs are classified into more than 300 asset categories, and for each of cate-

gory, a market benchmark is provided, so we can use 300 different benchmarks. Figure

2 reports the results (aggregated for all IFs in our dataset) and shows, consistent with the

prevailing literature, that on average IFs do not exceed their benchmark market index.

In fact, during 2019, the mean benchmark-adjusted returns, sized in Figure 2 by the red

spots, tend to be on the zero line. IF returns are even lower in March 2020 (the red spot is

well below the zero line), suggesting that IF performance ability decreases in the panic.

Second, we exploit the granularity of these benchmark-adjusted returns and identify

three IF categories related to performance capabilities. We first identify the quartiles of

the measure, computed for all IFs in our dataset over the months of 2019, and then we
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include IFs in three groups characterized on average, respectively, by low, medium, and

high returns.23 Then, as in the other exercises, we interact the three IF categories, sized

by three dummies, with our variables of interest in each month. The results are reported

in Table 13. Notably, IFs with higher pre-pandemic returns are the only group not selling

in March (the coefficient is negative but statistically insignificant only for this group) and

purchasing in April. In other words, IFs that are characterized on average by a stronger

performance ability do not herd even during the crisis.

Rebalancing according to the country of origin of IFs

Reaction to the Covid crisis may also differ across countries of origin of IFs. IFs

from the same country share common regulatory requirements as well as similar policy

and cultural sensitivities, which in turn may affect their portfolio choices, especially

during crises. To examine this possibility, we use the same approach of interacting the

dummies capturing the country of origin of each IF with our Covid-19 measures by

month.24 To ease the interpretation of results, we group the countries of origin of IFs

in four groups: North American, Euro Area, emerging markets, and the rest of world.25

Results by country (column (2) of Table 11) show that in March only North American

IFs present a positive coefficient, which indicates that only IFs from the United States

23IFs are classified with “low”, “medium” and “high” returns, respectively, if during the entire 2019 they
are in the bottom quartile, in the second or third quartile, or in the top quartile.

24The baseline results (obtained “all things being equal”) take into account the effect of the origin country,
which here is the focus of the exercise.

25North American countries include the United States and Canada. Euro Area countries include Aus-
tria, Belgium, Cyprus, Estonia, Finland, France, Germany, Greece, Ireland, Italy, Latvia, Lithuania, Lux-
embourg, Malta, the Netherlands, Portugal, Slovakia, Slovenia, and Spain. Emerging markets include
the BRICS (Brazil, Russia, India, China, and South Africa) and MINT (Mexico, Indonesia, Nigeria, and
Turkey) countries. The rest of the world includes the remaining countries. There are different taxonomies
of emerging markets; our list covers the main countries in the IF industry. In percentage terms, the IFs
from North America represent about 60 percent of the world industry, both according to EFAMA and in
our dataset. The Euro Area IFs account for around 22 percent, according to EFAMA, and 20 percent in our
dataset. Emerging markets’ IFs account for 5 percent, according to EFAMA, and 10 percent in our dataset.
Results do not change if the Hong Kong IFs are considered with those of China.
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and Canada do not rebalance security holdings towards less Covid-impacted countries.

By contrast, emerging markets’ IFs are the most concerned about Covid, as they present

in March the highest negative coefficient and in April continue selling Covid-affected

securities.26 The result suggests that, in emerging markets, still quite untouched by the

virus in March (apart from China, which, however, owns a low share of the worldwide IF

industry), the response of IFs may have been more “emotional” toward events in distant

countries.

Security type rebalancing: the role of assets’ liquidity

The impact of the Covid outbreak could also be heterogeneous across security

types, for example, because investors may be concerned about a potential greater effect

of the pandemic on certain types of assets. In particular, financial assets are characterized

by very different levels of liquidity: equities and government bonds are typically very

liquid, while corporate bonds are illiquid (as equities and government bonds are traded

many times throughout the day, while corporate bonds may not be traded for weeks

and cannot be easily and cheaply liquidated). To explore whether security types and

their liquidity matter, we distinguish between the three kinds of financial assets (equi-

ties and government and corporate bonds) and carry out two exercises. First, we regress

Equations 1 and 2 adding only the interactions between the three security-type dummies

identifying the three assets and the time dummies. This exercise (unreported) confirms

that, even taking into account security type, the sales are larger for more Covid-affected

assets.

More interestingly, the second exercise verifies whether and which security type

is sold more. We re-estimate Equations 1 and 2 (again in a single empirical model in-

stead than in a sample splitting), augmenting the model with the three dummies (i.e., one

26Results by industry provide similar outcomes and are not reported; they are, however, available from
the authors.
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for each type of financial asset) interacted with our variables of interest in each month

(again, both Country Covid19c,t and Industry Covid19s,t). Our results show that IFs sell

only equities to decrease their exposures toward Covid-affected countries (column 2 of

Table 9), while they sell all kinds of assets to rebalance their portfolios across industries

(column 1 of Table 12). Mainly, the results show that the rebound effect of April only

concerns corporate bonds. The higher sales of equities as well as the minor sales of

corporate bonds on March may be explained by their different marketability.27 How-

ever, in particular, the positive coefficient of corporate bonds in April appears associated

with the policy measures taken by the authorities in the period. Corporate bonds are

in fact the financial asset on which central banks concentrated their intervention during

the pandemic crisis.28 The result tallies with the findings of Falato et al. (2020), who

stress that, during the Covid crisis, the effect of monetary policy on non-bank financial

institutions worked mainly through the corporate bond market. Our results complement

theirs: they highlight the role of corporate bonds, looking only at the US market, while

our evidence refers to world data; they show mainly an effect through reverse outflows,

while we show one through purchases. Moreover, we carry out another (unreported)

test combining security type dummies and country-of-origin dummies of IFs and find

that the rebound of April involved corporate bonds held by IFs coming from the United

States as well as from the Euro Area and several other countries.

27Haddad et al. (2020) and Ebsim et al. (2020) provide interesting evidence on major liquidity problems
in the corporate-bond market during the pandemic. The literature reviewed in Section 2, which points to
IF fragility, refers mainly to corporate bond funds, which allow investors to redeem their money on a daily
basis, as well as the other IFs, despite the illiquidity of their holdings.

28In the United States, starting in mid-March, the Federal Reserve purchased a substantial amount of
securities, but at the end of March and into April, the Fed announced, for the first time in the US history, its
purchase of corporate bonds. In the Euro Area, the ECB increased the existing Asset Purchase Programme
and complemented it with the launch of a temporary Pandemic Emergency Purchase Programme with an
overall capacity of e750 trillion, which expanded eligibility to non-financial commercial paper under the
corporate sector purchase programme.
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7. Robustness checks

Market price revaluations

We run also estimations with the same structure as Equations 1 and 2, where, how-

ever, the dependent variable is no longer the Net purchasesi, f ,t of each financial asset,

but the market price revaluations experienced by each financial asset at the outbreak of

Covid-19. The exercise is relevant as, while providing a check of robustness of our data

and results, it verifies the correspondence of market price effects between IF portfolios

and global market developments. The results (reported at country level in Table 14 and

at industry level in Table 15) are as expected: the market price effect on the value of

securities at ISIN level in IF portfolios is negative in the time window of the Covid-19

outbreak, both for the securities issued in more Covid-affected countries and for those

of more Covid-affected industries.

Rebalancing countries along with industries

The expected implication of our baseline results is that IFs’ sales are amplified

when the issuer of financial assets belongs simultaneously to a more Covid-affected

country and industry. To verify this expectation, we interact in a single equation our

two Covid measures (Country Covid19c,t and Industry Covid19s,t). The coefficient of

the interaction-term turns out to be negative, confirming that Covid-affected industries

in Covid-affected countries are sold more.29

29The regression is necessarily performed either including the interaction-term (between
Country Covid19c,t and Industry Covid19s,t) and all time-varying fixed effects but excluding the
separate components of the interaction-term (that is, the two separate variables Country Covid19c,t and
Industry Covid19s,t) or including the interaction-term and the two components but excluding time-varying
fixed effects (and adding time, country, and industry as non-interacted fixed effects). All unreported results
of Section 7 are available from the authors upon request.
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Financial asset characteristics: rating scores, pressure, equities’ liquidity, and firm bal-

ance sheet data

Financial asset characteristics may affect IF net-purchase decisions and could have

some impact on our results, for example, because they are less rated. Our dataset in-

cludes a massive quantity of assets issued all over the world. To verify whether other

intrinsic characteristics of financial assets (other than those linked to the Covid impact)

affect our results and the sales of IFs at the outbreak of the pandemic, we add and interact

with our Covid exposure measures two variables: the rating scores and the “pressure” of

each asset. The rating scores are taken from the CSDB and refer to a large subsample of

our data (around 40 percent of all financial instruments in the sample).30 The variable

“pressure” is defined as the difference between “forced buys” and “forced sales” scaled

by the total number of mutual fund owners (Coval and Stafford, 2007). These estima-

tions confirm our baseline results: our variables of interest, both at country and industry

level, remain significantly negative.

Furthermore, we run two additional tests on equities, which are the financial as-

set on which more data are available. First, we run a new test on the role of liquidity.

Our results already show that, at the pandemic’s outbreak, equities are more sold than

other types of financial assets. Here, we compute the degree of liquidity of each eq-

uity through the “illiquidity” measure introduced by Amihud (2002).31 The exercise

shows that, while baseline results are confirmed, the intrinsic liquidity of each stock

does not play a significant additional role. Second, we run a new test on equities is-

30Among the rating scores available for the same ISIN, due to the presence of different agencies (i.e.,
Fitch, Moody’s and S&P), we apply the first-best rating, following the Eurosystem’s general eligibility
criteria for collateral (Bindseil et al., 2017).

31The illiquidity measure is the daily ratio of absolute stock return to its dollar volume (or counter-
valued in other currencies), averaged over some period. This can be interpreted as the daily price response
associated with one dollar of trading volume, thus serving as a rough measure of price impact. This measure
is obtained by retrieving daily stock return and counter-valued volume from Refinitiv (Datastream).
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sued by non-financial firms. Given the adverse impact of the pandemic on non-financial

firms, heterogeneity in firms’ access to cash and credit may influence firm performance

and hence net purchases from IFs.32 To evaluate whether and how firm characteristics

influence net-purchases and our results, we match (though the ISIN code) equities in IF

portfolios to individual firm balance sheet data.33 Results are reported in Table 16 both

by country and industry. This confirms once again our baseline results and shows in-

terestingly that firms with more cash and less leverage experience less severe sales than

otherwise identical firms.

Placebo tests

To obtain placebo tests of our results, we repeat the same regressions of Equations

1 and 2 over different spans, by artificially linking our Covid-19 measures to the months

of January and February 2020, before the outbreak of the pandemic, instead of March

and April. The results confirm there is no statistically significant relationship between

changes in the portfolio allocation of IFs and the fake Covid-19 measures.

Alternative proxies and other control variables

Several checks are devoted to the use of alternative proxies and the inclusion of

other control variables. First, all results remain unchanged when the dependent variable

Net purchasesi, f ,t is scaled by the net asset value (NAV) at the beginning of the sam-

ple period, instead than at the end of the previous month. Second, all results remain

unchanged when we exclude the smallest IFs (i.e., those with a NAV of less than 20

32E.g., Harford, 1999; Bates et al., 2009; Kahle and Stulz, 2013; Pinkowitz et al., 2015; Giroud and 
Mueller, 2017; Ding et al., 2020.

33We retrieve firm financial data in December 2019 (the last year data before the pandemic crisis) from 
Morningstar Direct. We obtain data on over 20,000 firms across 99 countries and four basic financial 
characteristics:                      which equals the natural logarithm of the book value of total assets; Leverage, 
which equals the ratio of book value of debt divided by the book value of total assets; Cash, which equals 
the total amount of cash and short-term investments divided by total assets; and Return on Assets, which is 
the ratio of net income to total assets.
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million euros, which correspond to the 5th percentile of the NAV distribution). Third,

regarding the estimation of Equation 1, results are stable when we compute the two

Country Covid19c,t measures as monthly averages of the daily data, instead than as

monthly sums of the daily data for each country.

Fourth, still regarding the estimation of Equation 1, results remain unchanged when

we include as an additional regressor an index of government responses to the crisis.34

The inclusion of this index would affect our results if the variable Country Covid19c,t

were also capturing (in addition to the Covid health emergency impact across countries)

the effect of measures taken by governments, for example, because major public inter-

ventions are correlated to major Covid effects. Instead, while the index of government

responses is hardly significant, its inclusion as an additional regressor does not change

the effect of our variable of interest.

Fifth, regarding the estimation of Equation 2, as mentioned, the variable of interest

Industry Covid19s,t is not available for all industries; in particular, it has not been com-

puted for the public sector, because the Covid vulnerability of the public sector is deemed

to relate to country characteristics more than to specific industry features. However, to

check the robustness of results when the public sector is included in the estimations, we

carry out two exercises ascribing conventional values to the variable for the public sector

and controlling these conventional values through a specific dummy equal to one for the

public sector. The conventional values are alternatively either the average value across

the industries of the country or the value of the industry of administrative services. Re-

34We use the index provided by the University of Oxford through the Oxford Covid-19 Government
Response Tracker (OxCGRT). The OxCGRT defines a set of indexes to measure governments’ responses
to the pandemic across countries (190 countries) and over time (over the period of the disease’s spread
(Hale et al., 2020)). Data are available through the GitHub repository. In particular, we rely on the “Overall
Government response index”, which captures several dimensions, such as (i) closures and containment
measures (e.g., school closing, workplace closing, or cancellation of public events), (ii) economic measures
(e.g., income support or debt/contract relief), and (iii) health measures (e.g., testing or contact tracing).
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sults of Industry Covid19s,t remain always negative (as in the baseline estimations), and

the coefficient of the dummy public sector is negative as well.

8. Conclusions

The paper takes advantage of a massive, granular database to analyse the impact

of the Covid-19 outbreak on IFs’ portfolio strategies and contributes to the literature

on funds’ behaviour in several ways. First, it complements the literature on the stock

market response to Covid-19, taking the point of view of investors, instead than that

of firms, and it shows that Covid-19 triggered a worldwide rebalancing of portfolios,

which is not indiscriminate and horizontal but focuses on pandemic-vulnerable assets

across countries and industries. Second, the paper contributes to the literature on IFs’

conduct and the impact on prices, showing that IFs sell assets perceived as more troubled

and this exacerbates the risk of fire sales. Third, the paper enhances the literature on

flow-induced trading, showing that the risk of fire sales is intensified as IFs and their

holders are seized by the same frenzy to sell. Fourth, the paper echoes the traditional

literature on the heterogeneity across institutions, showing that IF categories matter as

funds tend to behave differently according to their investment policies, return ability, and

geographical distance from the crisis. Fifth, the paper enriches the literature on market

timing and stock-picking, showing that, while the bulk of IFs sell more the most Covid-

affected assets, outperforming funds stand apart and do not follow the herd. Finally,

the paper contributes to the debate on the role of IFs after the global financial crisis,

demonstrating, on the one hand, that their portfolio choices can increase the volatility

of financial markets, but, on the other, that they slow their sales coincident with the

monetary policy interventions. This suggests that monetary authorities may also operate

through non-bank financial institutions.
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Figure 1: Stock market returns during Covid-19 pandemic
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The figure plots the cumulative stock market returns since the spread of Covid-19 for each of the selected
economies. (Source: Morningstar Direct).

Figure 2: Benchmark-adjusted returns
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NAICS description holdings KP net
purch.

reval.

325 Chemicals 324,218 21 0.0031 0.0066
334 Computer and electronic products 274,786 13 0.001 0.0018
541 Professional and technical services 225,990 23 0.0029 -0.0048
221 Utilities 220,796 46 0.0012 -0.0173
531 Real estate 209,992 52 -0.0071 -0.0218
523 Securities, commodity contracts,

investments, and funds and trusts
198,942 29 -0.0011 -0.0102

524 Insurance carriers and related
activities

173,864 28 -0.0031 -0.0207

336 Transportation equipment 149,128 19 0.0007 -0.0221
517 Telecommunications 145,802 51 0.0001 -0.0092
333 Machinery 128,768 20 0.0032 -0.0105
511 Publishing industries, except

Internet
106,590 16 0.0062 0.0087

236 Construction of buildings 98,760 24 -0.0074 -0.0148
311 Food manufacturing 93,318 23 0.0025 -0.0021
211 Oil and gas extraction 74,436 30 -0.0111 -0.0155
312 Miscellaneous nondurable goods

manufacturing
72,796 37 0.0013 -0.0104

324 Petroleum and coal products 71,044 31 -0.0109 -0.0342
212 Mining, except oil and gas 68,010 71 0.003 -0.0034
339 Miscellaneous durable goods

manufacturing
64,394 16 0.0001 0.0009

561 Administrative and support services 57,284 35 -0.0042 -0.0175
519 Other information services 52,830 24 0.0063 0.0039
331 Primary metals 49,822 34 -0.0047 -0.0146
515 Broadcasting, except Internet 49,350 35 -0.0022 -0.007
488 Support activities for transportation 48,440 45 -0.01 -0.0208
424 Wholesale trade: Nondurable goods 47,758 29 -0.001 -0.0084
445 Food and beverage stores 44,918 63 0.0085 0.0022
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Table 2: Summary statistics at industry level
The table reports summary statistics for the industries with the highest number of holdings (more 
than two-thirds of our sample). We report the industries’ 3-digit NAICS code, their description 
and the number of holdings in the respective industries. In addition, the table presents KP’s               
                    as defined by Koren and Pető (2020), and the average net purchases and reval-
uations, both scaled by the end of previous period NAV. Data on social distancing exposure by 
sector are retrieved from Koren’s website; NAICS code for each single financial asset, identified 
through its ISIN code, are retrieved from Refinitiv (Datastream).

affectedshare,

http://koren.mk/papers/working_papers/social_distancing/
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Table 4: Net-purchases of financial assets and the Covid-19 impact across industries

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is net-purchases of each financial asset at fund-month level, as a
function of KP’s affected share (Koren and Pető, 2020) at industry level and sets of fixed effects.
Affected share explicitly accounts for teleworkability and also for physical proximity to others,
i.e. exactly what social distancing rules aim to avoid. It measures the percentage of workers in
occupations that are communication-intensive and/or require physical presence in close proxim-
ity to others, in a specific sector. All models control for fund fixed effects. ***, **, and * indicate
that the coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively.
See Table A1 in the Appendix for variable definitions.

VARIABLES (1) (2)

Affected share -0.0001*** -0.0001***
(0.0000) (0.0000)

Fund*Time FE Yes Yes
Country*Time FE No Yes
Fund Clustered Std. Errors Yes Yes
Observations 7,066,595 7,066,585
R2 0.119 0.119
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Table 5: Net-purchases of financial assets and the Covid-19 impact across countries,
by outbreak phase

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is net-purchases of each financial asset at fund-month level, as a
function of Covid-19 impact measures at country level and sets of fixed effects. Covid-19 cases
is the ratio between cumulative Covid-19 confirmed cases and population in a specific country-
time. Covid-19 deaths is the ratio between cumulative Covid-19 deaths and population in a
specific country-time. All models control for fund fixed effects. ***, **, and * indicate that the
coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively. See
Table A1 in the Appendix for variable definitions.

VARIABLES (1) (2)

Covid-19 cases*Jan. -0.4413 -0.2543
(2.5543) (2.5489)

Covid-19 cases*Feb. -0.2014 -0.0902
(0.1299) (0.1294)

Covid-19 cases*Mar. -0.0399*** -0.0372***
(0.0049) (0.0049)

Covid-19 cases*Apr. 0.0082*** 0.0070***
(0.0020) (0.0020)

Fund*Time FE Yes Yes
Industry*Time FE No Yes
Fund Clustered Std. Errors Yes Yes
Observations 12,153,206 11,709,741
R2 0.093 0.094
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Table 6: Net-purchases of financial assets and the Covid-19 impact across indus-
tries, by outbreak phase

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is net-purchases of each financial asset at fund-month level, as a
function of KP’s affected share (Koren and Pető, 2020) at industry level and sets of fixed effects.
Affected share explicitly accounts for teleworkability and also for physical proximity to others,
i.e. exactly what social distancing rules aim to avoid. It measures the percentage of workers in
occupations that are communication-intensive and/or require physical presence in close proxim-
ity to others, in a specific sector. All models control for fund fixed effects. ***, **, and * indicate
that the coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively.
See Table A1 in the Appendix for variable definitions.

VARIABLES (1) (2)

Affected share*Mar. -0.0001*** -0.0001***
(0.0000) (0.0000)

Affected share*Apr. -0.0000*** -0.0000***
(0.0000) (0.0000)

Fund*Time FE Yes Yes
Country*Time FE No Yes
Fund Clustered Std. Errors Yes Yes
Observations 7,066,595 7,066,585
R2 0.119 0.119
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Table 7: Net-purchases of financial assets and the Covid-19 impact across countries,
by Covid exposure of initial portfolios

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is net-purchases of each financial asset at fund-month level, as a
function of Covid-19 impact measures at country level and sets of fixed effects. Covid-19 cases
is the ratio between cumulative Covid-19 confirmed cases and population in a specific country-
time. Covid-19 deaths is the ratio between cumulative Covid-19 deaths and population in a
specific country-time. All models control for fund fixed effects. ***, **, and * indicate that the
coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively. See
Table A1 in the Appendix for variable definitions.

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

Covid-19 cases*
share (lag) -0.1085***

(0.0091)
Covid-19 deaths*
share (lag) -1.1483***

(0.0685)
Covid-19 cases*
portfolio Covid-oriented -0.0110***

(0.0030)
Covid-19 deaths*
portfolio Covid-oriented -0.0454***

(0.0315)

Fund*Time FE Yes Yes Yes Yes
Industry*Time FE Yes Yes Yes Yes
Fund Clustered Std. Errors Yes Yes Yes Yes
Observations 8,392,534 8,392,534 11,278,036 8,708,169
R2 0.108 0.105 0.0878 0.0903
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Table 8: Net-purchases of financial assets and the Covid-19 impact across indus-
tries, by Covid exposure of initial portfolios

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is net-purchases of each financial asset at fund-month level, as a
function of KP’s affected share (Koren and Pető, 2020) at industry level and sets of fixed effects.
Affected share explicitly accounts for teleworkability and also for physical proximity to others,
i.e. exactly what social distancing rules aim to avoid. It measures the percentage of workers in
occupations that are communication-intensive and/or require physical presence in close proxim-
ity to others, in a specific sector. All models control for fund fixed effects. ***, **, and * indicate
that the coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively.
See Table A1 in the Appendix for variable definitions.

VARIABLES (1) (2)

Affected share*
share (lag) -0.0009***

(0.0001)
Affected share*
portfolio Covid-oriented -0.0001***

(0.0000)

Fund*Time FE Yes Yes
Country*Time FE Yes Yes
Fund Clustered Std. Errors Yes Yes
Observations 5,088,476 6,818,852
R2 0.141 0.112
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Table 13: Net-purchases of financial assets and the Covid-19 impact across coun-
tries, the role IFs’ performance ability

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is net-purchases of each financial asset at fund-month level, as a
function of Covid-19 impact measures at country level and sets of fixed effects. Covid-19 cases
is the ratio between cumulative Covid-19 confirmed cases and population in a specific country-
time. Covid-19 deaths is the ratio between cumulative Covid-19 deaths and population in a
specific country-time. All models control for fund fixed effects. ***, **, and * indicate that the
coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively. See
Table A1 in the Appendix for variable definitions.

(1)
VARIABLES Quartiles of adjusted returns

Q1 Q2–Q3 Q4

Covid-19 cases*Jan. 9.7304*** 0.2146 -2.0285
(2.4108) (1.0745) (5.0504)

Covid-19 cases*Feb. 0.0704 -0.0343 0.0999
(0.2363) (0.1569) (0.4749)

Covid-19 cases*Mar. -0.0616*** -0.0404*** -0.0100
(0.0140) (0.0062) (0.0088)

Covid-19 cases*Apr. 0.0080 -0.0000 0.0146***
(0.0063) (0.0023) (0.0037)

Fund*Time FE Yes
Industry*Time FE Yes
Fund Clustered Std. Errors Yes
Observations 9,921,165
R2 0.084
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Table 14: Price revaluation of financial assets and the Covid-19 impact across coun-
tries, by outbreak phase

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is price revaluation of each financial asset at fund-month level, as
a function of Covid-19 impact measures at country level and sets of fixed effects. Covid-19
cases is the ratio between cumulative Covid-19 confirmed cases and population in a specific
country-time. Covid-19 deaths is the ratio between cumulative Covid-19 deaths and population
in a specific country-time. All models control for fund fixed effects. ***, **, and * indicate that
the coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively. See
Table A1 in the Appendix for variable definitions.

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

Covid-19 cases*Jan. -9.2348*** -8.7181***
(0.8073) (0.7970)

Covid-19 cases*Feb. 1.5822*** 1.6355***
(0.0932) (0.0938)

Covid-19 cases*Mar. -0.0434*** -0.0326***
(0.0021) (0.0020)

Covid-19 cases*Apr. 0.0347*** 0.0340***
(0.0010) (0.0010)

Covid-19 deaths*Jan. -403.7270*** -378.5886***
(37.0502) (36.5327)

Covid-19 deaths*Feb. 90.0971*** 93.2126***
(5.7364) (5.8223)

Covid-19 deaths*Mar. -0.4133*** -0.3199***
(0.0242) (0.0239)

Covid-19 deaths*Apr. -0.0026 -0.0134**
(0.0052) (0.0053)

Fund*Time FE Yes Yes Yes Yes
Industry*Time FE No Yes No Yes
Fund Clustered Std. Errors Yes Yes Yes Yes
Observations 12,153,206 11,709,741 12,153,206 11,709,741
R2 0.476 0.477 0.476 0.477
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Table 15: Price revaluation of financial assets and the Covid-19 impact across in-
dustries, by outbreak phase

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is price revaluation of each financial asset at fund-month level, as a
function of KP’s affected share (Koren and Pető, 2020) at industry level and sets of fixed effects.
Affected share explicitly accounts for teleworkability and also for physical proximity to others,
i.e. exactly what social distancing rules aim to avoid. It measures the percentage of workers in
occupations that are communication-intensive and/or require physical presence in close proxim-
ity to others, in a specific sector. All models control for fund fixed effects. ***, **, and * indicate
that the coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively.
See Table A1 in the Appendix for variable definitions.

VARIABLES (1) (2)

Affected share*Mar. -0.0001*** -0.0001***
(0.0000) (0.0000)

Affected share*Apr. -0.0002*** -0.0002***
(0.0000) (0.0000)

Fund*Time FE Yes Yes
Country*Time FE No Yes
Fund Clustered Std. Errors Yes Yes
Observations 7,066,595 7,066,585
R2 0.463 0.469
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Table 16: Net-purchases of financial assets and the Covid-19 impact across countries
and industries, the role of firm characteristics

The table reports OLS regression coefficients and associated robust standard errors in parenthe-
ses. The dependent variable is net-purchases of each financial asset at fund-month level, as a
function of Covid-19 impact measures at country level and of KP’s affected share (Koren and
Pető, 2020) at industry level and sets of fixed effects. Covid-19 cases is the ratio between cu-
mulative Covid-19 confirmed cases and population in a specific country-time. Covid-19 deaths
is the ratio between cumulative Covid-19 deaths and population in a specific country-time. Af-
fected share explicitly accounts for teleworkability and also for physical proximity to others, i.e.
exactly what social distancing rules aim to avoid. It measures the percentage of workers in oc-
cupations that are communication-intensive and/or require physical presence in close proximity
to others, in a specific sector. All models control for fund fixed effects. ***, **, and * indicate
that the coefficient estimate is significantly different from zero at 1%, 5%, and 10%, respectively.
See Table A1 in the Appendix for variable definitions.

VARIABLES (1) (2)

Covid-19 cases*Jan. -0.7981
(3.0240)

Covid-19 cases*Feb. -0.2789**
(0.1399)

Covid-19 cases*Mar. -0.0199***
(0.0074)

Covid-19 cases*Apr. 0.0021
(0.0028)

Affected share*Mar. -0.0001***
(0.0000)

Affected share*Apr. 0.0000
(0.0000)

Cash 0.0001*** 0.0000***
(0.0000) (0.0000)

Return on assets 0.0000 -0.0000
(0.0000) (0.0000)

Leverage -0.1630*** -0.2276***
(0.0627) (0.0633)

Total assets -0.0002 -0.0002
(0.0002) (0.0002)

Fund*Time FE Yes Yes
Industry*Time FE Yes No
Country*Time FE No Yes
Fund Clustered Std. Errors Yes Yes
Observations 5,032,629 4,984,723
R2 0.13 0.127
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Appendix A.

Table A1: Variable definitions

Affected share

Industry-level measure of the percentage of employees affected by the
Covid-19 pandemic due to their occupations being communication-
intensive and/or requiring close physical proximity to others. This mea-
sure is based on the North American Industry Classification System
(NAICS) (Source: Koren and Pető (2020))

Confirmed cases
Ratio between number of cumulative Covid-19 confirmed cases and to-
tal population in country c in month t. (Source: Systems Science and
Engineering, John Hopkins University)

Deaths cases
Ratio between number of cumulative Covid-19 deaths and total popula-
tion in country c in month t. (Source: Systems Science and Engineering,
John Hopkins University)

Domicile
The country in which the fund is legally incorporated. (Source: Morn-
ingstar)

Fund Size
Total net asset value in EUR millions of the fund. (Source: Morn-
ingstar)

GDP growth rate Annual growth rate of gross domestic product (GDP). (Source: OECD)

Net purchase
The actual transaction on each security in two subsequent months ob-
tained as the difference between market value development and price
revaluation. (Source: Morningstar)

Outflows

Morningstar calculates asset outflows and inflows for individual funds
on a monthly basis, using an industry-standard approach: net flows is
the change in assets not explained by the performance of the fund. Out-
flows is measured reversing the sign of net flows. (Source: Morningstar)

Price revaluation
Measured for each security as change in market price between two sub-
sequent months on the overlapping quantity, i.e. (pt−pt−1)∗min(qt, qt−1.
(Source: Morningstar)

Public debt-to-GDP
ratio

It measures the gross debt of the general government as a percentage of
GDP. It is a key indicator for the sustainability of government finance.
Debt is calculated as the sum of the following liability categories (as ap-
plicable): currency and deposits; debt securities, loans; insurance, pen-
sions and standardised guarantee schemes, and other accounts payable.
(Source: OECD)

Total exposure (lag)
Total exposure of fund f into ISIN i in previous month. (Source: Morn-
ingstar)

58



(*) Requests for copies should be sent to: 
Banca d’Italia – Servizio Studi di struttura economica e finanziaria – Divisione Biblioteca e Archivio storico – Via 
Nazionale, 91 – 00184 Rome – (fax 0039 06 47922059). They are available on the Internet www.bancaditalia.it.

RECENTLY PUBLISHED “TEMI” (*)

N. 1327 – Foreign investors and target firms’ financial structure: cavalry or lucusts?, 
by Lorenzo Bencivelli and Beniamino Pisicoli (April 2021).

N. 1328 – Board composition and performance of state-owned enterprises: quasi experimental 
evidence, by Audinga Baltrunaite, Mario Cannella, Sauro Mocetti and Giacomo 
Roma (April 2021).

N. 1329 – Can internet banking affect households’ participation in financial markets and 
financial awareness?, by Valentina Michelangeli and Eliana Viviano (April 2021).

N. 1330 – (In)Efficient separations, firing costs and temporary contracts, by Andrea Gerali, 
Elisa Guglielminetti and Danilo Liberati (April 2021).

N. 1331 – The catalytic role of IMF programs, by Claudia Maurini and Alessandro Schiavone 
(April 2021).

N. 1332 – Dating the euro area business cycle: an evaluation, by Claudia Pacella  
(April 2021).

N. 1333 – Population aging, relative prices and capital flows across the globe, by Andrea 
Papetti (April 2021).

N. 1334 – What drives investors to chase returns?, by Jonathan Huntley, Valentina 
Michelangeli and Felix Reichling (April 2021).

N. 1335 – Managerial talent and managerial practices: are they complements?, by Audinga 
Baltrunaite, Giulia Bovini and Sauro Mocetti (April 2021).

N. 1321 – The power of text-based indicators in forecasting the Italian economic activity, 
by Valentina Aprigliano, Simone Emiliozzi, Gabriele Guaitoli, Andrea Luciani, 
Juri Marcucci and Libero Monteforte (March 2021).

N. 1322 – Judicial efficiency and bank credit to firms, by Giacomo Rodano (March 2021).

N. 1323 – Unconventional monetary policies and expectations on economic variables, 
by Alessio Anzuini and Luca Rossi (March 2021).

N. 1324 – Modeling and forecasting macroeconomic dowside risk, by Davide Delle Monache, 
Andrea De Polis and Ivan Petrella (March 2021).

N. 1325 – Foreclosures and house prices, by Michele Loberto (March 2021).

N. 1326 – inancial structure and bank relationships of Italian multinational firms, 
by Raffaello Bronzini, Alessio D’Ignazio and Davide Revelli (March 2021).

N. 1320 – Whatever it takes to save the planet? Central banks and unconventional green 
policy, by Alessandro Ferrari and Valerio Nispi Landi (February 2021).

N. 1336 – Volatility bursts: a discrete-time option model with multiple volatility components, 
by Francesca Lilla (June 2021).

N. 1337 – A liquidity risk early warning indicator for Italian banks: a machine learning 
approach, by Maria Ludovica Drudi and Stefano Nobili (June 2021).

N. 1338 – Macroprudential policy analysis via an agent based model of the real estate 
sector, by Gennaro Catapano, Francesco Franceschi, Michele Loberto and  
Valentina Michelangeli (June 2021).

N. 1339 – Optimal robust monetary policy with parameters and output gap uncertainty, 
by Adriana Grasso and Guido Traficante (June 2021).

N. 1340 – Information or persuasion in the mortgage market: the role of brand names, 
by Agnese Carella and Valentina Michelangeli (June 2021).

N. 1341 – The grocery trolley race in times of Covid-19: evidence from Italy, by Emanuela 
Ciapanna and Gabriele Rovigatti (June 2021).



 "TEMI" LATER PUBLISHED ELSEWHERE 

2019 

ALBANESE G., M. CIOFFI and P. TOMMASINO, Legislators' behaviour and electoral rules: evidence from an Italian 
reform, European Journal of Political Economy, v. 59, pp. 423-444, WP 1135 (September 2017). 

APRIGLIANO V., G. ARDIZZI and L. MONTEFORTE, Using the payment system data to forecast the economic 
activity, International Journal of Central Banking, v. 15, 4, pp. 55-80, WP 1098 (February 2017). 

ARNAUDO D., G. MICUCCI, M. RIGON and P. ROSSI, Should I stay or should I go? Firms’ mobility across 
banks in the aftermath of the financial crisis, Italian Economic Journal / Rivista italiana degli 
economisti, v. 5, 1, pp. 17-37, WP 1086 (October 2016). 

BASSO G., F. D’AMURI and G. PERI, Immigrants, labor market dynamics and adjustment to shocks in the euro 
area, IMF Economic Review, v. 67, 3, pp. 528-572, WP 1195 (November 2018). 

BATINI N., G. MELINA and S. VILLA, Fiscal buffers, private debt, and recession: the good, the bad and the 
ugly, Journal of Macroeconomics, v. 62, WP 1186 (July 2018). 

BURLON L., A. NOTARPIETRO and M. PISANI, Macroeconomic effects of an open-ended asset purchase 
programme, Journal of Policy Modeling, v. 41, 6, pp. 1144-1159, WP 1185 (July 2018). 

BUSETTI F. and M. CAIVANO, Low frequency drivers of the real interest rate: empirical evidence for advanced 
economies, International Finance, v. 22, 2, pp. 171-185, WP 1132 (September 2017). 

CAPPELLETTI G., G. GUAZZAROTTI and P. TOMMASINO, Tax deferral and mutual fund inflows: evidence from 
a quasi-natural experiment, Fiscal Studies, v. 40, 2, pp. 211-237, WP 938 (November 2013). 

CARDANI R., A. PACCAGNINI and S. VILLA, Forecasting with instabilities: an application to DSGE models 
with financial frictions, Journal of Macroeconomics, v. 61, WP 1234 (September 2019). 

CHIADES P., L. GRECO, V. MENGOTTO, L. MORETTI and P. VALBONESI, Fiscal consolidation by 
intergovernmental transfers cuts? The unpleasant effect on expenditure arrears, Economic 
Modelling, v. 77, pp. 266-275, WP 1076 (July 2016). 

CIANI E., F. DAVID and G. DE BLASIO, Local responses to labor demand shocks: a re-assessment of the case 
of Italy, Regional Science and Urban Economics, v. 75, pp. 1-21, WP 1112 (April 2017). 

CIANI E. and P. FISHER, Dif-in-dif estimators of multiplicative treatment effects, Journal of Econometric 
Methods, v. 8. 1, pp. 1-10, WP 985 (November 2014). 

CIAPANNA E. and M. TABOGA, Bayesian analysis of coefficient instability in dynamic regressions, 
Econometrics, MDPI, Open Access Journal, v. 7, 3, pp.1-32, WP 836 (November 2011). 

COLETTA M., R. DE BONIS and S. PIERMATTEI, Household debt in OECD countries: the role of supply-side 
and demand-side factors, Social Indicators Research, v. 143, 3, pp. 1185–1217, WP 989 (November 
2014). 

COVA P., P. PAGANO and M. PISANI, Domestic and international effects of the Eurosystem Expanded Asset 
Purchase Programme, IMF Economic Review, v. 67, 2, pp. 315-348, WP 1036 (October 2015). 

ERCOLANI V. and J. VALLE E AZEVEDO, How can the government spending multiplier be small at the zero 
lower bound?, Macroeconomic Dynamics, v. 23, 8. pp. 3457-2482, WP 1174 (April 2018). 

FERRERO G., M. GROSS and S. NERI, On secular stagnation and low interest rates: demography matters, 
International Finance, v. 22, 3, pp. 262-278, WP 1137 (September 2017). 

FOA G., L. GAMBACORTA, L. GUISO and P. E. MISTRULLI, The supply side of household finance, Review of 
Financial Studies, v.32, 10, pp. 3762-3798, WP 1044 (November 2015). 

GERALI A. and S. NERI, Natural rates across the Atlantic, Journal of Macroeconomics, v. 62, article 103019, 
WP 1140 (September 2017). 

GIORDANO C., M. MARINUCCI and A. SILVESTRINI, The macro determinants of firms' and households' 
investment: evidence from Italy, Economic Modelling, v. 78, pp. 118-133, WP 1167 (March 2018). 

GOMELLINI M., D. PELLEGRINO and F. GIFFONI, Human capital and urban growth in Italy,1981-2001, Review 
of Urban & Regional Development Studies, v. 31, 2, pp. 77-101, WP 1127 (July 2017). 

LIBERATI D. and M. LOBERTO, Taxation and housing markets with search frictions, Journal of Housing 
Economics, v. 46, article 101632, WP 1105 (March 2017). 

MAGRI S., Are lenders using risk-based pricing in the Italian consumer loan market? The effect of the 2008 
crisis, Journal of Credit Risk, v. 15, 1, pp. 27-65, WP 1164 (January 2018). 

MERCATANTI A., T. MAKINEN and A. SILVESTRINI, The role of financial factors for european corporate 
investment, Journal of International Money and Finance, v. 96, pp. 246-258, WP 1148 (October 2017). 

MIGLIETTA A., C. PICILLO and M. PIETRUNTI, The impact of margin policies on the Italian repo market, The 
North American Journal of Economics and Finance, v. 50, WP 1028 (October 2015). 



 "TEMI" LATER PUBLISHED ELSEWHERE 

MONTEFORTE L. and V. RAPONI, Short-term forecasts of economic activity: are fortnightly factors useful?, 
Journal of Forecasting, v. 38, 3, pp. 207-221, WP 1177 (June 2018). 

NERI S. and A. NOTARPIETRO, Collateral constraints, the zero lower bound, and the debt–deflation 
mechanism, Economics Letters, v. 174, pp. 144-148, WP 1040 (November 2015). 

PANCRAZI R. and M. PIETRUNTI, Natural expectations and home equity extraction, Journal of Housing 
Economics, v. 46, 4, WP 984 (November 2014). 

PEREDA FERNANDEZ S., Teachers and cheaters. Just an anagram?, Journal of Human Capital, v. 13, 4, pp. 
635-669, WP 1047 (January 2016). 

RIGGI M., Capital destruction, jobless recoveries, and the discipline device role of unemployment, 
Macroeconomic Dynamics, v. 23, 2, pp. 590-624, WP 871 (July 2012). 

 
 

2020 

ALESSANDRI P. and M. BOTTERO, Bank lending in uncertain times, R European Economic Review, V. 128, 
WP 1109 (April 2017). 

ANTUNES A. and V. ERCOLANI, Public debt expansions and the dynamics of the household borrowing 
constraint, Review of Economic Dynamics, v. 37, pp. 1-32, WP 1268 (March 2020). 

ARDUINI T., E. PATACCHINI and E. RAINONE, Treatment effects with heterogeneous externalities, Journal of 
Business & Economic Statistics, , v. 38, 4, pp. 826-838, WP 974 (October 2014). 

BALTRUNAITE A., C. GIORGIANTONIO, S. MOCETTI  and T. ORLANDO, Discretion and supplier selection in 
public procurement, Journal of Law, Economics, and Organization, v. 37, 1, pp. 134-166, WP 1178 
(June 2018) 

 BOLOGNA P., A. MIGLIETTA and A. SEGURA, Contagion in the CoCos market? A case study of two stress 
events, International Journal of Central Banking, v. 16, 6, pp. 137-184, WP 1201 (November 2018). 

BOTTERO M., F. MEZZANOTTI and S. LENZU, Sovereign debt exposure and the Bank Lending Channel: impact on 
credit supply and the real economy, Journal of International Economics, v. 126, article 103328, WP 1032 
(October 2015). 

BRIPI F., D. LOSCHIAVO and D. REVELLI, Services trade and credit frictions: evidence with matched bank – 
firm data, The World Economy, v. 43, 5, pp. 1216-1252, WP 1110 (April 2017). 

BRONZINI R., G. CARAMELLINO and S. MAGRI, Venture capitalists at work: a Diff-in-Diff approach at late-
stages of the screening process, Journal of Business Venturing, v. 35, 3, WP 1131 (September 2017). 

BRONZINI R., S. MOCETTI and M. MONGARDINI, The economic effects of big events: evidence from the Great 
Jubilee 2000 in Rome, Journal of Regional Science, v. 60, 4, pp. 801-822, WP 1208 (February 2019). 

COIBION O., Y. GORODNICHENKO and T. ROPELE, Inflation expectations and firms' decisions: new causal 
evidence, Quarterly Journal of Economics, v. 135, 1, pp. 165-219, WP 1219 (April 2019). 

CORSELLO F. and V. NISPI LANDI, Labor market and financial shocks: a time-varying analysis, Journal of 
Money, Credit and Banking, v. 52, 4, pp. 777-801, WP 1179 (June 2018). 

COVA P. and F. NATOLI, The risk-taking channel of international financial flows, Journal of International Money 
and Finance, v. 102, WP 1152 (December 2017). 

D’ALESSIO G., Measurement errors in survey data and the estimation of poverty and inequality indices, 
Statistica Applicata - Italian Journal of Applied Statistics, v. 32, 3, WP 1116 (June 2017). 

DEL PRETE S. and S. FEDERICO, Do links between banks matter for bilateral trade? Evidence from financial 
crises, Review of World Economic, v. 156, 4, pp. 859 - 885, WP 1217 (April 2019). 

D’IGNAZIO A. and C. MENON, The causal effect of credit Guarantees for SMEs: evidence from Italy, The 
Scandinavian Journal of Economics, v. 122, 1, pp. 191-218, WP 900 (February 2013). 

ERCOLANI V. and F. NATOLI, Forecasting US recessions: the role of economic uncertainty, Economics Letters, 
v. 193, WP 1299 (October 2020). 

MAKINEN T., L. SARNO and G. ZINNA, Risky bank guarantees, Journal of Financial Economics, v. 136, 2, pp. 490-
522, WP 1232 (July 2019). 

MODENA F., E. RETTORE and G. M. TANZI, The effect of grants on university dropout rates: evidence from 
the Italian case, Journal of Human Capital, v. 14, 3, pp. 343-370, WP 1193 (September 2018). 

NISPI LANDI V., Capital controls spillovers, Journal of International Money and Finance, v. 109, WP 1184 
(July 2018). 



 "TEMI" LATER PUBLISHED ELSEWHERE 

PERICOLI M., On risk factors of the stock–bond correlation, International Finance, v. 23, 3, pp. 392-416, WP 
1198 (November 2018). 

RAINONE E., The network nature of OTC interest rates, Journal of Financial Markets, v.47, article 100525, 
WP 1022 (July 2015). 

RAINONE E. and F. VACIRCA, Estimating the money market microstructure with negative and zero interest 
rates, Quantitative Finance, v. 20, 2, pp. 207-234, WP 1059 (March 2016). 

RIZZICA L., Raising aspirations and higher education. Evidence from the UK's widening participation policy, 
Journal of Labor Economics, v. 38, 1, pp. 183-214, WP 1188 (September 2018). 

SANTIONI, R., F. SCHIANTARELLI and P. STRAHAN, Internal capital markets in times of crisis: the benefit of 
group affiliation, Review of Finance, v. 24, 4, pp. 773-811, WP 1146 (October 2017). 

SCHIANTARELLI F., M. STACCHINI and P. STRAHAN, Bank Quality, judicial efficiency and loan repayment 
delays in Italy, Journal of Finance , v. 75, 4, pp. 2139-2178, WP 1072 (July 2016). 

 
 

2021 

ALBANESE G., E. CIANI and G. DE BLASIO, Anything new in town? The local effects of urban regeneration policies 
in Italy, Regional Science and Urban Economics, v. 86, WP 1214 (April 2019). 

BARONE G., F. DAVID, G. DE BLASIO and S.MOCETTI, How do house prices respond to mortgage supply?, Journal 
of Economic Geography, v. 21, 1, pp.127-140, WP 1282 (June 2020). 

CARMIGNANI A., G. DE BLASIO, C. DEMMA and A. D’IGNAZIO, Urbanization and firm access to credit, Journal of 
Regional Science, v. 61, 3, pp. 597-622, WP 1222 (June 2019). 

DEL PRETE S. and M. L. STEFANI, Women as "Gold Dust": gender diversity in top boards and the performance 
of Italian banks, Economic Notes, Monte dei Paschi di Siena, v. 50, 2, e12183, WP 1014 (June 2015). 

DE PHILIPPIS M., Multitask agents and incentives: the case of teaching and research for university professors, 
Economic Journal, v. 131, 636, pp. 1643-1681, WP 1042 (December 2015). 

FIDORA M., C. GIORDANO and M. SCHMITZ, Real exchange rate misalignments in the Euro Area, Open 
Economies Review, v. 32, 1, pp. 71-107, WP 1162 (January 2018). 

LI F., A. MERCATANTI, T. MAKINEN and A. SILVESTRINI, A regression discontinuity design for ordinal running 
variables: evaluating central bank purchases of corporate bonds, The Annals of Applied Statistics, v. 15, 
1, pp. 304-322, WP 1213 (March 2019). 

LOSCHIAVO D., Household debt and income inequality: evidence from Italian survey data, Review of Income 
and Wealth. v. 67, 1, pp. 61-103, WP 1095 (January 2017). 

METELLI L. and F. NATOLI, The international transmission of US tax shocks: a proxy-SVAR approach, IMF 
Economic Review, v. 69, 2, pp. 325-356, WP 1223 (June 2019). 

NISPI LANDI V. and A. SCHIAVONE, The effectiveness of capital controls, Open Economies Review, v. 32, 1, 
pp. 183-211, WP 1200 (November 2018). 

PEREDA FERNANDEZ S., Copula-based random effects models for clustered data, Journal of Business & 
Economic Statistics, v. 39, 2, pp. 575-588, WP 1092 (January 2017). 

 
 

FORTHCOMING 

ACCETTURO A., A. LAMORGESE, S. MOCETTI and D. PELLEGRINO, Housing Price elasticity and growth: evidence 
from Italian cities, Journal of Economic Geography, WP 1267 (March 2020). 

ALBANESE G., G. DE BLASIO and A. LOCATELLI, Does EU regional policy promote local TFP growth? Evidence 
from the Italian Mezzogiorno, Papers in Regional Science, WP 1253 (December 2019). 

ANZUINI A. and L. ROSSI, Fiscal policy in the US: a new measure of uncertainty and its effects on the 
American economy, Empirical Economics, WP 1197 (November 2018).  

APRIGLIANO V. and D. LIBERATI, Using credit variables to date business cycle and to estimate the 
probabilities of recession in real time, The Manchester School, WP 1229 (July 2019).  

BATINI N., A. CANTELMO, G. MELINA and S. VILLA, How loose, how tight? A measure of monetary and fiscal 
stance for the euro area, Oxford Economic Papers, WP 1295 (September 2020). 



 "TEMI" LATER PUBLISHED ELSEWHERE 

BENETTON M. and D. FANTINO, Targeted monetary policy and bank lending behavior, Journal of Financial 
Economics, WP 1187 (September 2018). 

CORNELI F., Financial integration without financial development, Atlantic Economic Journal, WP 1120 (June 
2017). 

COVA P., P. PAGANO, A. NOTARPIETRO and M. PISANI, Secular stagnation, R&D, public investment and monetary 
policy: a global-model perspective, Macroeconomic Dynamics, WP 1156 (December 2017). 

FERRERO G., M. LOBERTO and M. MICCOLI, The assets' pledgeability channel of unconventional monetary policy, 
Economic Inquiry, WP 1119 (June 2017). 

HERTWECK M., V. LEWIS and S. VILLA, Going the extra mile: effort by workers and job-seekers, Journal of Money, 
Credit and Banking, WP 1277 (June 2020). 

MOCETTI S., G. ROMA and E. RUBOLINO, Knocking on parents’ doors: regulation and intergenerational 
mobility, Journal of Human Resources, WP 1182 (July 2018). 

PERICOLI M. and M. TABOGA, Nearly exact Bayesian estimation of non-linear no-arbitrage term-structure 
models, Journal of Financial Econometrics, WP 1189 (September 2018). 

TABOGA M., Cross-country differences in the size of venture capital financing rounds: a machine learning 
approach, Empirical Economics, WP 1243 (November 2019). 

 




