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Introduction
This thesis consists of three chapters in financial intermediation and political economy. The first
chapter studies how investors’ preference for local stocks affects global mutual funds’ investment
behaviors, and shows that mutual funds overweight stocks from their client countries (i.e., where
funds are sold) to attract investors. The second chapter analyzes the investors’ reaction to political bias
in the financial media, and the third chapter investigates the drivers for consolidations in global mutual
fund industry.
The first chapter studies how mutual funds cater to investors’ local preference as revealed in their
portfolio choices. One central question to both academic and industrial interests is what drives
delegated portfolio decisions. The literature typically answers the question by examining the driving
motives for funds to deliver performance, with the underlying assumption that investors only care
about risk-adjusted returns. However, behavioral models suggest that investors do have “nonperformance-related” preferences, e.g. preferences for the portfolio composition. Whether institutions
make investment decisions responding to such preferences is an open empirical question. I address the
question by examining a sample of international actively managed equity mutual funds, and explore
the impact of funds’ distribution channel characteristics, i.e. the client countries where funds are sold,
and by extension, cross-country investors’ preferences for “local” stocks on mutual funds’ portfolio
decisions. In particular, I provide new evidence on catering-driven investment: mutual funds cater to
their investors’ local preference: they overweight stocks headquartered in the client countries, by 54%
to 120% compared to their peers. Client-country overweighting is stronger in countries where investors
display stronger home bias, and more pronounced in visible stocks. My empirical design that directly
examines the impact of distribution channels does not rely on proxies for investor preferences and
provides clean identification. More important, the granularity of the data allows me to compare the
overweighting of funds managed in the same management firm but differ in their distribution
countries. It ensures that the effect is not driven by funds’ familiarity bias. In addition, comparison of
holdings returns in “client-country” and “non-client country” positions rules out the informationdriven hypothesis. Taken together, these results suggest “catering” channel more likely. The catering
scheme helps funds attract flows and retain investors when funds underperform, yet catering funds
3

underperform. My findings suggest that catering is an important driver for mutual funds’ portfolio
decisions and that the catering-driven investment hurts fund performance. The paper contributes to the
literature that studies the importance of clienteles in delegated management industry and, more
broadly, has implications for understanding how financial institutions design and market their
products catering to investors’ preferences (biases), which has been blamed as one important reason for
the financial crisis during 2007 – 2008.
The second chapter is at the intersection of financial media and political economy. In the paper, we
investigate how investors react to the political bias in the financial media with a clean identification
strategy. Political bias is pervasive in the markets. It affects investors’ decisions and shapes their
opinions. However, the main challenge to measure the impact on investors’ reaction in financial
markets is the identification, because investors’ political preference might be correlated with firms’
fundamentals. We address the issue by employing an exogenous change in the market’s perception of
political bias in the media: the 2007 acquisition of Dow Jones Newswires (DJNW) by News Corp. We
find that investors react to a perceived pro-Republican bias of DJNW: after the acquisition, the prices of
Republican stocks become less sensitive to sentiment in the DJNW. However, we do not find an actual
bias in the news, reflecting a perceived bias of investors. The results suggest that the market tends to
counteract a perceived political bias in the media, and is not always capable to distinguish between real
and perceived biases.
The third chapter examines drivers for consolidation in the global mutual fund industry. The asset
management industry has experienced increasing concentration over the recent 10 years following a
series of asset manager mergers. Thus, mutual funds are managed in large investment conglomerates
and the industry is dominated in a small number of very large management firms. What are the
motives for asset managers to merge? We provide the first empirical evidence by examining 174 global
asset manager mergers and show that there are two drivers: access to new markets and to new
investment expertise. Our empirical setting allows us to open the “black box” of corporate
reorganization and to directly analyze the “production processes” (e.g., portfolio choice, fund launches,
product pricing via fees, etc.) of the individual “business units” (i.e., funds). One important implication
from our paper is that financial mergers create synergies.
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Chapter 1
Financial Product Design and Catering:
Evidence from the Global Mutual Fund Industry

Abstract

What drives delegated portfolio decisions? I provide novel evidence of catering-driven investments by examining
a sample of international actively-managed equity mutual funds. Mutual funds cater to their investors’ preference
for “local” stocks, overweighting stocks headquartered in the client countries, i.e., countries where funds are sold,
by 54% to 120% compared to their peers. I refer to this behavior as “client-country overweighting”. Client-country
overweighting is stronger in client countries where investors display stronger home bias and more pronounced in
visible stocks. Client-country overweighting is not driven by the funds’ familiarity bias or by an information
advantage. The catering scheme helps funds attract investors, despite delivering underperforming portfolios.
Overall, my results suggest that catering is an important driver for mutual funds’ portfolio decisions, and that the
catering-driven investment hurts fund performance.

JEL Classification: G15, G23.
Keywords: International finance, Behavioral finance, Mutual Funds, Portfolio Choice, Catering
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“The key first principle of modern finance, going back to
Markowitz, is that preferences attach to money – to the payoffs of
portfolios – not to the securities that make up portfolios.”
John Cochrane, in his commentary blog (October 9, 2016)

1.1. Introduction
What drives delegated portfolio decisions? A principal assumption of modern portfolio theory is that
investor preferences are defined over portfolio performance (or the properties of portfolio return
distributions). Accordingly, the literature has examined the driving motives of asset managers to
deliver performance such as managerial skill, information, or contractual incentives. 1 However,
growing evidence in behavioral finance suggests that investors also have non-performance-related
preferences, e.g., preference for portfolio composition.2 In this paper, I ask whether and how this affects
delegated portfolio decisions.
I address this question by examining how investors’ preference for “local” stocks impact the
portfolio holdings of active international equity mutual funds. In particular, I associate funds’
distribution channels, i.e., client countries where funds are sold, with investors’ local preference, and
show that distribution channel characteristics matter in determining portfolio choices of asset managers
worldwide.
I find that funds overweight client country stocks. I label this novel behavior as “client-country
overweighting”, and show that it has a sizeable and pervasive impact on mutual fund portfolios. On
average, mutual funds overweight stocks from their client countries by 54%–120% relative to peer
funds with the same investment objective. Client-country overweighting is present across a large
spectrum of fund home countries and client countries.
I focus on three candidate explanations for client-country overweighting: familiarity, information,
and catering. First, client-country overweighting could be a form of funds’ familiarity bias. Prior
For example, Stracca (2006) provides a selective review of the theoretical literature on delegated portfolio management as a
principal-agent relationship in which delegated portfolio decisions respond to investors who only care about risk-adjusted
returns.
2 One form studied extensively is the preference for familiar securities (see French and Poterba (1991), Cooper and Kaplanis
(1994), Coval and Moskowitz (1999), Grinblatt and Keloharju (2001), Massa and Simonov (2006), Ivković and Weisbenner
(2007), Seasholes and Zhu (2010)).
1
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literature has documented ample evidence that familiarity affects portfolio choice (Huberman (2001),
Hong, Kubik, and Stein (2005), Cao et al. (2009), Pool, Stoffman, and Yonker (2012) among others). If
funds are more familiar with client countries than with non-client countries (due to their prior business
exposure, for example), they might overweight such countries. Second, client-country overweighting
could reflect an information advantage in client countries. If funds have better access to information in
client countries, they may prefer to invest in client countries and avoid non-client countries. Third,
client-country overweighting could reflect an effort by funds to cater to investor preferences (or biases).
Given that investors tend to display home bias (see French and Poterba (1991), Cooper and Kaplanis
(1994), Coval and Moskowitz (1999), Grinblatt and Keloharju (2001), Massa and Simonov (2006),
Ivković and Weisbenner (2007), Seasholes and Zhu (2010)), and their decisions can be influenced by
fund holdings (Lakonishok et al. (1991), Musto (1999), Carhart et al. (2002), Meier and Schaumburg
(2006), Solomon, Soltes, and Sosyura (2014) among others), client-country overweighting could be a
deliberate effort to appeal to local investors.
My tests suggest that client-country overweighting is unlikely to be the result of a familiarity bias
or an information advantage. For example, at the country level, the overweighting is robust to
controlling for a large variety of bilateral control variables between home countries and client countries
that proxy for familiarity or information advantages. More importantly, the effect is present among
funds from the same home country that differ in their client countries. At the management firm level, the
overweighting is present among funds that belong to the same management firm but are sold to different
countries. This rules out the possibility that firm-level business ties or overall corporate strategies
towards certain countries drive the overweighting. Furthermore, I show that the overweighting is
unaffected by managerial rotation, suggesting that it does not reflect the biases of individual fund
managers. To rule out the information alternative, I decompose each fund’s portfolio into “client
country” holdings and “non-client country” holdings, and compare the risk-adjusted returns of these
two sub-portfolios. I find them to be identical, that is, I find no evidence that funds generate higher
excess returns in client countries, which rejects the information hypothesis.
In contrast, I find strong evidence that client-country overweighting is a manifestation of
catering. First, client-country overweighting is 68%–115% stronger in countries where investors display
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stronger home bias, i.e., countries with a higher percentage of patriotic respondents to survey questions
asking about national pride or identity importance, or countries where local funds’ exhibit stronger
domestic preference. In addition, when overweighting client countries, funds prefer to invest in highly
visible stocks, i.e., stocks that are followed by more analysts, have higher media coverage, are more
profitable, and have higher sales volumes. Taken together, these results suggest that the overweighting
is a deliberate effort to cater to investors’ local preference and to attract attention. Second, clientcountry overweighting is stronger among funds that charge load fees and have no institutional share
classes, indicating that funds with less sophisticated investors are more likely to resort to catering.
Client-country overweighting is beneficial for funds, as it is associated with higher investment
inflows in the cross-section. Funds in the highest client-country overweighting decile (“catering funds”)
attract 4% higher flows per year compared to funds in the lowest decile. This represents an average
inflow of $55 million per year, a sizeable amount given the average fund size of $449 million in my
sample. The flow response is concentrated among funds with no institutional share classes, consistent
with the above finding that funds with a less sophisticated clientele are more likely to resort to catering.
In contrast, client-country overweighting is costly to investors in at least two ways. First, catering
funds underperform by about 1% per year before fees compared to funds that do not cater. Second,
catering funds have around 1% higher annualized idiosyncratic volatility, implying that they deliver
under-diversified portfolios. Taken together, these findings suggest that catering funds perform worse
and hold inefficient portfolios.
In sum, this paper identifies a novel form of catering in the global mutual fund industry and it is
the first attempt to explore how investor preferences for individual securities affect mutual fund
portfolio choices. The findings highlight the importance of investor preference for portfolio
composition in determining the delegated portfolio decisions, and, more broadly, have important
implications for understanding how institutions cater to their investors’ preferences (or biases) by
designing and marketing their products.
Testing whether institutions design products catering to investors’ non-performance-related
preferences is empirically challenging because any such test depends on a plausible proxy for
investors’ preferences that are robust and unrelated with portfolio performance. My empirical setting
9

that directly examines the impact of funds’ distribution channel characteristics does not rely on any
proxies and provides clean identification. Furthermore, the associated investors’ local preference is
strong to serve as one candidate.
In addition, the international mutual fund industry provides an ideal environment for two
reasons. First, the tools that are available to mutual funds to cater to customers are limited and
observable. Mutual funds can rarely use derivatives to create complex payoff structures for investors
and they cannot involve themselves in complex transactions such as short-selling. Apart from different
fee structures and investment objectives, the main way to tailor their product to investor preferences is
via portfolio holdings. This provides a clean way to capture catering, minimizing potential
confounding effects. More importantly, information on portfolio holdings is precise, detailed, and
publicly disclosed, and observable to investors and the econometrician.
Second, the global setting allows me to explore clienteles across countries and provides sharp
identification. Empirically, I exploit variation along three dimensions: funds invest in multiple
countries, are managed worldwide, and are sold globally. This allows me to compare, say,
overweighting in the U.S. of 1) two funds where one is sold to the U.S. and the other is not, 2) two
aforementioned funds managed in the same home country, and 3) two such funds belonging to the same
management company. In other words, the granularity of the data permits the use of stringent fixed
effects (i.e., investment country × date, investment country × home country × date, or investment
country × management firm × date fixed effects).
This paper makes three contributions to the literature. First, it contributes to the recent literature
that studies the impact of funds’ distribution channels in the mutual fund industry. Researchers exploit
how funds are distributed, i.e., broker-sold channel or direct-sold channel (Bergstresser, Chalmers, and
Tufano (2009), Christoffersen, Evans, and Musto (2013), del Guercio and Reuter (2014), among others)
and study how the distribution channel characteristics are related to fund characteristics. Linked to but
different from these studies, I investigate the impact of the cross-country clienteles on fund portfolios, in
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addition to fund characteristics. To the best of my knowledge, my work is the first to study the impact of
mutual funds’ worldwide distribution channels on their portfolio holdings.3
Second, it complements the few existing empirical studies on how institutions design and market
financial products catering to investors. Existing empirical studies have focused on financial innovation
with the underlying notion that investors might be confounded by the complexity of product features
or fee structures, or be unaware of the differences in shrouded product attributes (e.g., Henderson and
Pearson (2011), Anagol, Cole, and Sarkar (2013), Li, Subrahmanyam, and Yang (2014), Ru and Schoar
(2014), Célérier and Vallée (2015) and others). By comparison, this paper examines a simpler product
design process to appeal to investors’ familiarity bias in the context of the global mutual fund industry.
Hence, it suggests that institutions tailor their products to familarize investors rather than resorting to
complexity. Appealing to investor familiarity might help investors develop trust in mutual funds and
invest despite the underperformance (Gennaioli, Shleifer, and Vishny (2015)). More importantly, the
empirical setup provides a clean way to gauge the catering effect of the clientele characteristics on the
product design process.
Third, it provides new evidence to rationalize the continuing demand for underperforming
financial products.4 A large body of the literature explains the puzzle by examining the demand-side
factors, such as investors’ selection abilities (Zheng (1999), Sapp and Tiwari (2004), Ding et al. (2008),
Frazzini and Lamont (2008), Entrop et al. (2014)), financial literacy (Campbell (2006), Müller and Weber
(2010), Lusardi and Mitchell (2014)), and investment knowledge (Capon, Fitzsimons, and Prince
(1996)). These studies suggest that the ability to identify the superior products ex-ante varies across
investor groups and over time. However, this paper provides novel evidence by examining a different
but equally important angle – the sell-side catering behavior, and shows that catering-driven
investment hurts fund performance yet attracts flows.
The rest of the paper is organized as follows. In Section 1.2, I describe the main data sources and
the construction of main variables. In Section 1.3, I present empirical evidence on mutual funds’ clientFerreira, Massa, and Matos (2013) also use the information on funds’ worldwide distribution channels, yet in a different way
to examine fund characteristics. They find that funds with higher investor-stock decoupling (i.e., investor location does not
coincide with that of the stock holdings) have higher performance.
4 See Jensen (1968), Gruber (1996), Malkiel (1995), Ackermann, McEnally, and Ravenscraft (1999), Fama and French (2010) for
examples.
3
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country overweighting. In Section 1.4, I examine the drivers for client-country overweighting. In
Section 1.5, I investigate the benefits for mutual funds, and the costs to investors. I conclude with
Section 1.6.

1.2. Data and Variable Construction
A. Data Sources
I use several data sources: FactSet International Ownership database, Morningstar Direct, Datastream,
Worldscope, I/B/E/S, and RavenPack news analytics database.
From FactSet, I obtain semi-annual international fund holdings and fund locations. I define the
“home country” for a given fund as the country where its management firm is headquartered. 5 I
complement the fund-level data with fund characteristics from Morningstar Direct. These include the
list of countries where a fund is “available for sale”. I label these countries the “client countries” for
every fund. In addition, I collect monthly fund returns, fees, and total net assets (TNA) as well as other
fund characteristics such as the inception date, the investment style from the same source.6
From the remaining sources, I collect stock-level data. Datastream provides international stock
prices, stock locations, and stock external identifiers data to link with FactSet. Further, I complement
the stock universe with the accounting information (e.g., market capitalization, book value of equity,
ROE, sales, etc.) downloaded from Worldscope. Finally, I construct analyst coverage from the I/B/E/S
international and U.S. files, and media coverage from RavenPack news analytics database.

B. Sample Construction
I start from all open-ended (“OEF”) mutual funds in FactSet, covering the time period from June 2000
to December 2014. I exclude offshore funds because the locations of the funds and the investors are

I do not use the legal domicile as the home country following Ferreira, Matos and Pereira (2009) and Schumacher (2016).
Economically, the location of the management firm identifies the location where the actual portfolio decisions are taken and is
more meaningful.
6 I thank David Schumacher to provide the link between FactSet and Morningstar.
5
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uninformative. 7 Also, I only include funds with non-missing home countries. The initial sample
consists of 54,054 funds, managed in 81 countries.
I match the sample with the Global Open-End Fund section of Morningstar Direct and focus on
actively managed equity funds. That is, I restrict the sample to funds that are classified as “Equity” by
Morningstar and filter out index funds via the “Index” flag. I further exclude funds with missing client
countries. These filters reduce the sample to 16,657 funds.
To investigate the impact of funds’ client country distributions on their portfolio choices and
ensure that funds’ portfolio choices are not driven by investment mandates, I further exclude funds
that have no discretion to invest in multiple countries or have missing investment objectives. In
particular, I exclude “country funds” which have an investment style limited to one country, e.g., “US
Equity Large Cap Value”, “Canadian Equity Large Cap”, “UK Equity Mid/Small Cap”, etc.
Furthermore, I define the set of available investment countries (i.e., “investment opportunity set”) for
every investment style as follows. I sort all countries that funds within a given investment style have
ever held in their portfolios, and focus on the top 25 countries in terms of the average portfolio
weights.8 These filters reduce the sample to 9,688 funds.
Finally, I require information on standard control variables, e.g., TNA, fund age, total expense
ratios, fund volatility, etc., leading to a final sample of 6,480 funds, which are managed in 46 countries,
and sold to 62 countries.

C. Main Variables
Appendix provides a detailed description of all variables used in the paper. Here is only a brief
overview of the two primary variables for every fund 𝑓 at time 𝑡 that quantify the extent of clientcountry overweighting.
The first measure, 𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡, is computed at the fund-country-date level as the excess
portfolio weight in a given investment country 𝑐 in percentage terms:

Offshore funds are classified as “OFF” in FactSet though they are defined as “OEF” in Morningstar.
The top 25 countries in total have accounted for 98% of investments in all countries. My main results still hold with the top
20, top 15, and top 10 countries which account for 96%, 90% and 80% respectively.
7
8
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𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑡 =

̅ 𝑐𝑡
𝑤𝑓𝑐𝑡 −𝑤
̅ 𝑐𝑡
𝑤

,

(1)

where 𝑤𝑓𝑐𝑡 is the portfolio weight of fund 𝑓 invested in country 𝑐 at time 𝑡 , and 𝑤
̅ 𝑐𝑡 is the
corresponding benchmark weight. A fund’s portfolio weight in a given country 𝑐 is computed as the
total market capitalization of all the positions in the stocks in country 𝑐, divided by the fund’s total
equity TNA. I set the portfolio weight to zero if the fund does not invest in a country that belongs to its
investment opportunity set. Hence, the 𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡 variable considers all available countries, and
measures the extent to which a given fund overweights or underweights a country compared to a
benchmark. To account for the importance of a country to funds’ portfolio choices within a given
investment opportunity set, I choose the benchmark group as all active funds in the sample with the
same investment objective. That says, 𝑤
̅ 𝑐𝑡 is defined as the value-weighted average portfolio weight of
all active funds with the same investment objective allocated to the corresponding country 𝑐 at time 𝑡. I
use the 𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡 measure in my baseline results where I examine the portfolio choice, and
present the results of alternative benchmark groups in the robustness checks in Section III.B.
To investigate the impact of funds’ distribution channels on the fund-level characteristics, i.e.,
fund flows, performance and risk, I construct a fund-date level client-country overweighting measure
in the spirit of Kacperczyk, Sialm, and Zheng (2005) and Schumacher (2016) as:
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 = ∑𝑐∈𝐶𝑙𝑖𝑒𝑛𝑡𝐶𝑜𝑢𝑛𝑡𝑟𝑦(𝑤𝑓𝑐𝑡 − 𝑤
̅ 𝑐𝑡 ) × 𝑤𝑚𝑐𝑡 ,

(2)

where 𝑤𝑚𝑐𝑡 is the weight of country 𝑐 in the world market portfolio 𝑚 at time 𝑡. It is calculated as the
total market value of all stocks in the given country, divided by the total market value of all stocks in
the world. The 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 variable is a function of 1) how much the fund 𝑓’s portfolio
weight in a given client country deviates from its peers, and 2) how large the market share of the client
country is relative to the fund’s sale. The underlying assumption is that the market share of a client
country is in proportion to the relative size of the country’s world-market portfolio weight.9 Finally, I
aggregate the products across all client countries, rescaling the weights 𝑤𝑚𝑐𝑡 such that they add up to
one. Therefore, the variable measures the extent to which a fund on average overweights or
underweights a client country that is relatively more or less important to its sales.

9

In unreported results, I use an equal weighting scheme and the results still hold.
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D. Summary Statistics
Figure 1 displays the geographical distribution of European managed mutual funds’ home countries
and client countries for illustrative purposes. I count the number of funds headquartered or sold in a
given country. Not surprisingly, the distributions of funds’ home countries and their client countries
are positively correlated, since a fund is more likely to be sold to its home country. However, there is
still considerable dispersion, e.g., UK is the home country for the majority of the European managed
funds, yet France and Germany are the primary markets for fund sale.
Table 1 presents summary statistics. Panel A shows the detailed funds’ investment styles, the
total number of funds, the total assets under management, and the largest 5 investment countries per
style in the sample. Funds with a “Global” objective (i.e., Global Equity, Global Equity Large Cap,
Global Equity Mid/Small Cap) and an “Europe” objective (i.e., Europe Equity Large Cap and Europe
Equity Mid/Small Cap, Other Europe Equity) represent 68% of the sample in terms of the total assets
under management (50% and 18% respectively), and 66% of the total number of funds (30% and 36%
respectively).
Panel B presents fund-level and stock-level summary statistics. During the sample period, these
funds on average manage US$ 449 million assets, managed by firms that have US$ 29 billion in mutual
fund assets. Funds on average charge an expenses ratio of 1.69%, and the average age is 9 years.

1.3. Evidence on Fund Client-Country Overweighting
This section presents my main results. I provide empirical evidence that mutual funds overweight
stocks from their client countries, after controlling for fund locations.

A. Main Results: Do Funds Overweight Stocks in Their Client Countries?
To examine whether funds tilt their portfolios towards client countries, I first present figures emerging
from the raw sample and then perform regression analyses.
Figure 2 displays the average client-country overweighting in each year over the sample period.
Figure 2.A shows the average portfolio weight in client countries and non-client countries. On average,
15

funds invest around 11% of their portfolios in their client-countries, but only 7% in non-client countries.
Figure 2.B shows the excess portfolio weight (in percentage terms) in client countries, next to the excess
portfolio weight in the home countries to compare the magnitude of the client-country overweighting
to the well-documented home bias. The graph indicates that mutual funds on average overweight their
client countries by around 200% and their home countries by 550%, relative to peer groups. Clientcountry overweighting is sizeable, amounting to approximately 36% of the well-documented home
bias. It maintains a stable level of around 150% over the latest ten years.
Figure 3 dissects the client-country overweighting across the largest 20 home or client countries
in terms of assets under management. In particular, Figure 3.A shows that client-country
overweighting is positive across funds located in 17 out of the top 20 home countries. Figure 3.B
presents a similarly consistent and positive pattern across all of the top 20 client countries from 15% in
the U.S. to 664% in Australia. In sum, the figures suggest that client-country overweighting is pervasive
and economically substantial.
Panel regression analysis complements the preceding figures. I examine the relationship between
portfolio excess weights and distribution channels in the following baseline specification:
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑡 = 𝛼 + 𝛽1 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛽2 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 + 𝛾 ′ 𝑥𝑓𝑐𝑡 + 𝜀𝑓𝑐𝑡 ,

(3)

𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑡 is the excess portfolio weight of fund 𝑓 in semi-annual period 𝑡 in a given investment
country 𝑐 in percentage terms, as defined in the Equation (1) in Section II.C. The key independent
variable of interest is 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 , an indicator equal to one if investment country 𝑐 is a client
country to fund 𝑓, and zero otherwise. 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 is defined similarly, as a dummy variable
equal to one if investment country 𝑐 is the fund 𝑓’s home country at time 𝑡, and zero otherwise. 𝑥𝑓𝑐𝑡 is a
vector of control variables, including standard fund characteristics (i.e., fund size, firm size, fund age,
fund expenses ratio, fund volatility, and fund past returns), bilateral characteristics (i.e., the
geographical distance and a common language indicator), as well as fixed effects. All variables are
defined in the Appendix. Standard errors are clustered at the fund level.
In Panel A of Table 2, I report the baseline estimates. The results suggest that mutual funds
exhibit a strong preference for their domestic stocks, as well as for their client country stocks. In

16

Column (1), the simplest specification without control variables and fixed effects shows that mutual
funds overweight their domestic stocks by 350% compared to other funds in the same investment style,
and overweight stocks from their client countries by 120%, after controlling for funds’ locations. The
client-country overweighting is substantial, as amounting to around one third of the home-country
overweighting.
In Column (2), I add relevant fund characteristics and bilateral control variables that proxy for
familiarity or information advantages, i.e., geographical distances and a common language indicator.
The main results are almost identical.
In Columns (3) – (5), I further add fixed effects to ensure that my results are not driven by
unobserved investment country or investment country-home country pair-wise characteristics. It is
possible that funds overweight a given client country due to good investment opportunities, e.g., better
economic conditions, better investor protection, etc. To mitigate the concern, I include investment
country × date fixed effects in Column (3). These fixed effects absorb any unobserved country-level
heterogeneity and control for the average overweighting of all funds at a given point in time. Moreover,
funds may prefer the client countries because of any unobserved familiarity between their home
countries and the client countries, such as geographical proximity or cultural similarities.10 To control
for this possibility, I include home country × investment country fixed effects in Column (4) and more
granular home country × investment country × date fixed effects in Column (5). These fixed effects
allow me to compare the overweighting of all funds headquartered in the same home country even at the
same point in time. Overall, my results still hold and are robust to all of these specifications.
Finally in Column (6), I orthogonalize the 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 and 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 by augmenting the
Equation (3) with their interaction term. The coefficient of 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 remains significantly
positive, indicating the presence of the client-country overweighting.

B. Robustness Checks

Chan, Covrig, and Ng (2005) perform a detailed study of the determinants of aggregate mutual fund investments in
domestic and foreign markets, showing that familiarity variables, such as physical proximity or common language, have
significant effects.
10
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In Panel B of Table 2, I perform a number of robustness checks. Unless otherwise mentioned, I repeat
the specification in Column (5) of Panel A in Table 2.
Part 1 reports the baseline results with different choices of investment countries included in the
regression. One possibility might be that client-country overweighting is biased upwards by the
skewness distribution of the 𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡 variable. To alleviate this argument, I reduce the number
of investment countries in the regression by focusing on non-home countries, the top 20, top 15, top 10
investment countries, and the countries where funds actually invest, i.e., the corresponding portfolio
weight is positive. My results still hold.
Part 2 presents very similar results if I consider alternative peer groups to construct the
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡 variable. It is possible that the benchmark weights have already deviated towards a
certain set of countries, e.g., the benchmark is biased. To address the concern, I re-construct a number
of benchmark groups. First, I use the passive world-market portfolio in the spirit of Chan, Covrig, and
Ng (2005). Second, I consider the baseline benchmark group that consists of all active funds in the same
investment objective, but excluding the fund itself. Third, I choose all actively-managed funds in the
sample having at least 30 peer funds with the same benchmark index. Fourth, I choose all ETF funds
with the same benchmark index to measure how much more active a given fund invests in its client
countries, relative to a passive investment strategy. My results remain.
Part 3 examines sub-samples to ensure that client-country overweighting is not driven by a
particular set of funds. One such set might be funds that are involved in financial mergers. These funds
might experience a nominal change of their home countries because of cross-border mergers between
their management companies. Therefore, the client-country tilt might be a form of home-country
overweighting. The second possible set might be the E.U. managed funds. Due to the integration of the
European Union, it is more likely that such funds tend to overweight client countries because of
familiarity connections or (perceived) information advantages. The third set might be single-managed
funds. If client-country overweighting is related to any individual managers’ attributes, e.g., limited
attention, experience, familiarity bias, it might be relatively harder to coordinate the overweighting
decisions among teams. As a result, it is more likely that the overweighting behavior is present among
single-managed funds. Therefore, I repeat the baseline specification by excluding funds whose
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management firms have ever completed mergers over the sample period,11 funds that are managed in
the European Union, or single-managed funds. In all rows, the results still hold.
Part 4 includes more stringent and granular fixed effects to address the concern that management
firm characteristics might drive the overweighting. For example, a given management firm might
prefer the client countries with which it has the business connections or affiliations (e.g., Karolyi, Ng,
and Prasad (2015)). To address the concern, I replace home country × investment country × date fixed
effects with investment country × management firm or investment country × management firm × date
fixed effects, to control for management firms’ average overweighting. Therefore, the estimate
identifies the within-firm variation of overweighting of all funds managed by the same asset management
firm (at the same point in time) that differ in their distribution channels. The baseline results are still
there.
In sum, results in this section show that mutual funds tilt their portfolios towards client
countries, suggesting that funds’ distribution channel characteristics affect their portfolio choices.

1.4. Why Do Funds Exhibit Client-Country Overweighting?
In this section, I investigate three candidate explanations, i.e., catering, familiarity bias, and information
advantages, for my main result that funds overweight their client country stocks.

A. Do Funds Cater to Clients’ Local Preference?
The first possibility is that funds overweight client countries to appeal to investors’ local preference.
Under this hypothesis, I expect that funds cater more if their investors are more responsive. In other
words, client-country overweighting is stronger in client countries where investors have a higher local
preference, and in the stocks that are better known to local investors. In addition, overweighting would
be more prominent in funds with less sophisticated investors that may be more subject to behavioral
biases. Therefore, I investigate how client-country overweighting is associated with 1) the extent to
which investors are home biased, 2) the visibility of stocks for investors, and 3) investor sophistication.

I use the data on funds affected by asset management firms’ financial mergers from Luo, Manconi, and Schumacher (2015).
Please refer to that paper for details about the data collection procedure.
11
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First, I examine the cross-country variation of the overweighting in response to investors’ home
bias. I augment the baseline specification with a proxy for the extent of investors’ home bias and its
interaction term with the 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 indicator as:
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑡 = 𝛼 + 𝛽1 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛽2 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡
+𝛽3 𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝐻𝑜𝑚𝑒 𝐵𝑖𝑎𝑠𝑐𝑡 + 𝛿𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝐻𝑜𝑚𝑒 𝐵𝑖𝑎𝑠𝑐𝑡 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛾 ′ 𝑥𝑓𝑐𝑡 + 𝜀𝑓𝑐𝑡 ,

(4)

𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝐻𝑜𝑚𝑒 𝐵𝑖𝑎𝑠𝑐𝑡 is a proxy for how investors in country 𝑐 are home biased at time 𝑡. I use two
proxy sets: one is computed from fund holdings data, and the other is based on individual survey data.
The first set has two continuous variables: equal-weighted or value-weighted average home bias
of funds located in a given client country, 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝐹𝑢𝑛𝑑𝑠 ′ 𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡 . The variable is
constructed as the equal-weighted or value-weighted average domestic portfolio weight of all sample
funds located in a client country 𝑐 at time 𝑡, in excess of the world market capitalization weight of the
corresponding country.
The second set has two binary variables, 𝐻𝑖𝑔ℎ 𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑖𝑑𝑒 and 𝐻𝑖𝑔ℎ 𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒,
measuring the cross-sectional investor patriotism. Morse and Shive (2011) find that more patriotic
countries have greater home bias in equity selections. In the same spirit, I construct two indicators
based on survey data. The first survey data is World Values Surveys,12 which is conducted by social
scientists in face-to-face interviews to ensure the survey validity. It consists of a questionnaire with
around 250 questions, and is asked to an average of about 1000 respondents in around 90 countries. In
particular, I focus on answers to the question “How proud are you to be [substitute nationality]?”, coded as
“very proud”, “quite proud”, “not very proud” and “not proud at all”. For each country, I then
calculate 𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑖𝑑𝑒 as the average percentage of reporters that answer “very proud” or “quite
proud” over the sample period. Finally, I define 𝐻𝑖𝑔ℎ 𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑖𝑑𝑒 as an indicator equal to one if
𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑖𝑑𝑒 is above the median value, and zero otherwise.
The second survey data is National Identity Survey of International Social Survey Program.13 I
focus on the answers to the question “How important do you think to be a citizen of [substitute nationality]?”

12
13

It is administered by University of Michigan. Data can be retrieved via http://www.worldvaluessurvey.org/wvs.jsp.
Detailed information and data can be found at http://www.issp.org/index.php.
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stated as “very important”, “fairly important”, “not very important”, and “not important at all”.
Similarly, I compute 𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 as the average percentage of respondents that answer “very
important” or “fairly important” in each country, and define 𝐻𝑖𝑔ℎ 𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 as an indicator
equal to one if 𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 is above the median value, and zero otherwise.
All specifications use the same control variables in Column (5) of Panel A in Table 2, which
include the standard fund and country-pair characteristics, as well as home country × investment
country × date fixed effects.
I report the results in Table 3. It confirms the baseline result that mutual funds overinvest client
country stocks with a positive coefficient on the 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 variable. More importantly, the tilting
is more prominent in the client countries where investors tend to display stronger local preference, by
about 68% to 115%, compared to the client countries where investors are less home biased.14
Second, I perform stock-level analysis and test how stock visibility is associated with
overweighting. I estimate the regression specification with fund-country-stock-date observations:
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑠𝑡 = 𝛼 + 𝛽1 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛽2 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡
+𝛽3 𝐻𝑖𝑔ℎ 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑐𝑠𝑡 + 𝛿𝐻𝑖𝑔ℎ 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑐𝑠𝑡 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛾 ′ 𝑥𝑓𝑐𝑠𝑡 + 𝜀𝑓𝑐𝑠𝑡 ,

(5)

𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑠𝑡 is similarly defined as in the Equation (1) in Section II.C, yet at the stock level.
Specifically, it is the excess portfolio weight of fund 𝑓 in a given security 𝑠 of a given country 𝑐 at time
𝑡, relative to the average portfolio weight in the corresponding security 𝑠 of all sample funds belonging
to the same investment objective. Indicators for four stock visibility measures, in the spirit of Barber
and Odean (2008), are examined. The first visibility measure is 𝐴𝑛𝑎𝑙𝑦𝑠𝑡 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒𝑐𝑠𝑡 , measured as the
aggregate number of I/B/E/S/ analysts who provide forecasts about earnings of stock 𝑠 in country 𝑐 in
one quarter, two quarters, or one year at time 𝑡 over semi-annual frequency. The second is a stock
profitability characteristic 𝑅𝑂𝐸 and the third is a stock revenue measure 𝑆𝑎𝑙𝑒𝑠. The fourth measure is
𝑀𝑒𝑑𝑖𝑎 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒𝑐𝑠𝑡 , measured as the aggregate number of news articles about stock 𝑠 in country 𝑐
reported in Dow Jones Newswire from RavenPack at time 𝑡 over semi-annual frequency.
For example, the average value of an equal-weighted 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝐹𝑢𝑛𝑑𝑠′ 𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡 is 0.48. Then the overweighting
in the client countries where investors are more home bias is on average 0.48 × 1.42 (Column (1)) = 68% higher.
14
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𝐻𝑖𝑔ℎ 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑐𝑠𝑡 is an indicator equal to one if the stock’s given visibility proxy is above the median
value of the characteristic in each country on a semi-annual basis, and zero otherwise. The control
variables include the standard fund and country-pair characteristics, as well as home country ×
investment country × date fixed effects as in Column (5) of Panel A in Table 2. The regression only
includes stocks that a given fund holds, so all of the observations have positive portfolio weights.15
I report the results in Table 4. The coefficient of the interaction term, 𝛿, is significantly positive
throughout all stock visibility measures, though the result for the measure based on media coverage is
marginally significant. It suggests that the overweighting is concentrated on stocks that are followed by
more analysts, are more profitable, have higher sales and greater media coverage. Economically, funds’
client-country overweighting in stocks that are more visible is from 71% to 230% higher relative to their
peer groups.
Third, I investigate which types of funds tend to overweight their client countries more. If a
fund’s investor clientele is less sophisticated, so that investors may be more subject to their local
preference, then the fund is more likely to exhibit overweighting behavior. Therefore, I examine the
relationship between client-country overweighting and funds’ investor sophistication, i.e., whether
funds have institutional share classes, and whether funds charge load fees, by estimating the
specification at the fund-date level:
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 = 𝛼 + 𝛽1 𝑁𝑜 𝐼𝑛𝑠𝑡. 𝑆ℎ𝑎𝑟𝑒 𝐶𝑙𝑎𝑠𝑠𝑓𝑡 + 𝛽2 𝐻𝑎𝑠 𝐿𝑜𝑎𝑑 𝐹𝑒𝑒𝑠𝑓 + 𝛾 ′ 𝑥𝑓𝑡 + 𝜀𝑓𝑡 , (6)
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 measures the extent to which a given fund 𝑓 overweights its client
countries, computed as the Equation (2) in Section II.C. 𝑁𝑜 𝐼𝑛𝑠𝑡. 𝑆ℎ𝑎𝑟𝑒 𝐶𝑙𝑎𝑠𝑠𝑓𝑡 is an indicator equal to
one if fund 𝑓 has no institutional share classes at time 𝑡 (that is 𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛% = 0), and zero otherwise.
𝐻𝑎𝑠 𝐿𝑜𝑎𝑑 𝐹𝑒𝑒𝑓 is an indicator equal to one if fund 𝑓 charges load fees, and zero otherwise. The control
variables include fund size, firm size, fund age, fund expenses ratio, fund volatility, fund past returns,
fund lag flows, team-managed indicator, and the number of client countries. I include style × date fixed
effects as well in all specifications. The standard errors are clustered by fund.

15

Due to dimensionality problem, I cannot include all stocks within a fund’s investment universe.
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Table 5 reports the results. Columns (1) – (3) do not include control variables. Columns (1) and (2)
include 𝑁𝑜 𝐼𝑛𝑠𝑡. 𝑆ℎ𝑎𝑟𝑒 𝐶𝑙𝑎𝑠𝑠𝑓𝑡 and 𝐻𝑎𝑠 𝐿𝑜𝑎𝑑 𝐹𝑒𝑒𝑓 separately, and Column (3) includes the two
variables in the same specification. Columns (4) – (6) add control variables. Columns (1) and (4) show
that funds targeting individual investors exhibit 19%–31% higher client-country overweighting
compared to funds with only institutional investors.16 Columns (2) and (5) indicate that funds charging
load fees tend to overweight more in their client countries by 25%–38%.17 These funds are likely retail
funds, sold by brokers, and are more likely to attract less experienced and less knowledgeable investors
that are more willing to pay for financial advice. Columns (3) and (6) include the two variables together
and results do not change. All specifications suggest that funds with less sophisticated investor
clientele are more likely to overweight their client countries.
Taken together, results in Table 3, 4 and 5 support the notion that client-country overweighting is
a deliberate effort to cater to investors’ local preference. In particular, the overweighting is more
prominent in countries where investors are more home biased, and in stocks which are more visible to
investors. Additionally, funds with less sophisticated investor clientele tend to exhibit higher
overweighting, suggesting the “catering hypothesis” likely.

B. Do Funds Have Familiarity Bias towards Client Countries?
The second possibility could be that client-country overweighting is a form of funds’ familiarity bias. I
address the potential bias at the country level, the management firm level, and the individual manager
level separately as follows.
First, at the country level and management firm level, my fixed effects strategy (i.e., investment
country × home coutnry × date and investment country × management firm × date fixed effects) in
Table 2 ensures that the overweighting is robust among funds that are located in the same country, or

16

The average value of 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 is 0.16. When funds do not have institutional share classes, they tend to

exhibit
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0.03(Column(4))
0.16

= 18.75% to

0.05(Column(1))
0.16

= 31% higher client-country overweighting.

When funds charge load fees, they tend to have

0.04(Column(4))
0.16

overweighting.
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= 25% to

0.06(Column(2))
0.16

= 37.5% higher client-country

managed by the same firm at the same point in time, yet differ in client country distributions. It already
rules out that country-level or firm-level familiarity bias drives the overewighting.
Second, at the individual manager level, the overweighting might be a form of managers’
familiarity bias if they grew up in funds’ client countries. For example, Pool, Stoffman, and Yonker
(2012) find that U.S. mutual funds overweight stocks from the states where their managers grew up. If
managers are allocated abroad to manage funds which are sold back home, the funds’ overweighting in
the client countries might be a reflection of the individual managers’ domestic biases. Because the
majority of management teams only focus on one set of client countries, I lack the variation to include
investment country × management team × date fixed effects at the first place.18 Instead, I investigate
how the effect changes around managerial rotation. If client-country overweighting is driven by
individual managers’ familiarity bias, then it is more likely to change around managerial rotation. In
particular, I augment the baseline Equation (3) with an indicator 𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛 and its
interaction term with 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 as the following:
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑡 = 𝛼 + 𝛽1 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛽2 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡
+𝛽3 𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝑓𝑡 + 𝛿𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝑓𝑡 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛾 ′ 𝑥𝑓𝑐𝑡 + 𝜀𝑓𝑐𝑡 ,

(7)

𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝑓𝑡 equals to one if fund 𝑓’s management team composition changes relative to
previous period at time 𝑡, and zero otherwise. The control variables include the standard fund and
country-pair characteristics, as well as home country × investment country × date fixed effects.
Table 6 presents the results. I report the estimates on the entire sample in Columns (1) – (2), and
on the sub-samples splitting between single-managed funds in Column (3) and team-managed funds in
Column (4). The coefficient of the interaction term, 𝛿, is not significantly different from zero, indicating
that there is no change in client-country overweighting around managerial rotation. It suggests that the
effect is less likely to be an individual fund manager effect.
Additionally, the stock-level cross-sectional analysis lends additional support to address the
individual managers’ familiarity bias concern. If client-country overweighting is familiarity-driven,
18

Only about 3% of management teams focus on more than one set of client countries. In the subsample with enough
variation, I can include fund management team × investment country fixed effects. The result holds, though less significant
because of the drop in the number of observations.
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then the overweighting is more likely to be stronger in less well known stocks, consistent with the
finding in Pool, Stoffman, and Yonker (2012). They find that the U.S. fund managers’ familiarity-driven
home-state overweighting is more pronounced in less well known stocks, reflecting a perceived
information advantage. However, the results in Table 4 suggest exactly the opposite that client-country
overweighting is stronger in more well known stocks, implying an effort to attract investors.
Taken together, the results in Table 4 and 6 suggest that fund managers’ familiarity bias is not
driving the client-country overweighting effect. To further and more directly address the concern, I am
in the process of collecting data on manager nationality. In summary, funds’ familiarity bias cannot
explain the client-country overweighting effect.

C. Do Funds Outperform in Their Client Countries?
The third potential explanation could be the information hypothesis that mutual funds have superior
information in client countries. Thus, mutual funds might overweight client country stocks when they
have positive information.19 Under the information hypothesis, I would expect that the overweighting
is associated with superior (risk-adjusted) performance in their client countries.
Therefore, I conduct direct performance-based analysis. More specifically, I examine the funds’
performance in their client countries and compare it to the performance in their non-client countries. I
ask: does the “client-country” sub-portfolio deliver the best performance? I therefore construct the subportfolio holdings returns as follows. I compute the value-weighted average returns of all stock
positions in each sub-portfolio and then calculate the value-weighted average returns across funds,
with the weight in proportion to funds’ total net assets (TNA). I use the raw returns, the marketadjusted returns, the industry-adjusted returns and the DGTW-benchmark-adjusted returns in the
spirit of Daniel et al. (1997).
I present the results in Table 7. All four measures throughout Columns (1) – (4) deliver the same
message that funds do not generate superior performance in their client-country positions.
Economically, they underperform by 100 bps to 160 bps per year, though the difference is not
statistically significant. In sum, the performance-based analysis suggests that funds do not likely have
19

Similarly, mutual funds might underweight client country stocks when they have negative information.
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superior information in picking stocks in their client countries, ruling out that information is driving
the overweighting in client countries.

1.5. What Are the Consequences of Client-Country Overweighting?
My main results show that funds tilt towards client country stocks, and the overweighting is not driven
by a familiarity bias or by an information advantage. In this section, I investigate the benefits of the
overweighting strategy for mutual funds and the costs to investors. I show that client-country
overweighting helps mutual funds attract and retain investors, despite delivering underperforming
and under-diversified portfolios.

A. What Do Funds Gain?
A.1. Attracting Investors – Fund Flows
First, I examine the investment flows and ask: do funds that heavily overweight their client countries
attract higher flows? To examine this question, I estimate the specification:
𝐹𝑙𝑜𝑤𝑓𝑡 = 𝛼 + 𝛽𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡−1 + 𝛾 ′ 𝑥𝑓𝑡 + 𝜀𝑓𝑡 ,

(8)

The dependent variable is the semi-annual cumulative investment flows of fund 𝑓 over the previous six
months relative to time 𝑡 . 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 measures the extent to which fund 𝑓
overweighs its client countries, computed as the Equation (2) in Section II.C. 𝑥𝑓𝑡 includes a set of
standard fund characteristics, i.e., fund size, firm size, fund age, fund expenses ratio, fund volatility,
fund past returns, and fund past returns squared (to capture potential nonlinearity in the relationship
between flows and past performance), style and date fixed effects, or style × date fixed effects. I cluster
the standard errors by fund.
I show the results in Table 8. Columns (1) and (2) show that client-country overweighting is
associated with higher flows. Funds in the top client-country overweighting decile (“catering funds”)
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attract 4% higher annualized flows than funds that do not cater, i.e., funds in the bottom decile.20 Given
that the average fund in the sample manages $449 million assets, it represents about $55 million inflows
on average per year.21
In Columns (3) and (4), I present the results in sub-samples of funds with and without
institutional share classes to investigate the flow response of sophisticated and less sophisticated
investors. The results show that the effect is mainly concentrated on funds only with retail share classes
(in Column (3)). It is consistent with the idea that individual investors are less sophisticated and are
relatively easier to reward such catering funds.

A.2. Retaining Investors – Flow-Performance Sensitivity
Second, I examine whether investors are more loyal to catering funds. Hence, I investigate the flowperformance sensitivity by examining how investment flows respond to fund past performance. I use a
piecewise-linear specification in the spirit of Sirri and Tufano (1998), which allows for different
sensitivities at different levels of performance. Specifically, I regress investment flows on performance
segments and further interact the performance buckets with a variable, 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡, to capture the
segmental flow response to funds with different degrees of client-country overweighting within each
performance segment. The specification is:
𝐹𝑙𝑜𝑤𝑓𝑡 = 𝛼 + 𝛽1 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 + 𝛽2 𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘𝑓𝑡 + 𝛽3 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘𝑓𝑡
+𝜆𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 + 𝛿1 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 × 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 + 𝛿2 𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘𝑓𝑡 × 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡
+𝛿3 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘𝑓𝑡 × 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 + 𝛾 ′ 𝑥𝑓𝑡 + 𝜀𝑓𝑡 ,

(9)

I use three 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 measures. The first one is the continuous variable 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 .
The second and the third ones are binary measures, 𝐻𝑎𝑠 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 and 𝐻𝑖𝑔ℎ 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 .
𝐻𝑎𝑠 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 ( 𝐻𝑖𝑔ℎ 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 ) is equal to one if 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 is positive

The average value of 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 in the top and bottom decile is 0.90 and -0.15. Therefore, the additional
semi-annual flows for funds in the top decile relative to funds in the bottom decile is (0.9 + 0.15) × 0.0192 (Column (1)) =
2.02%, which is equivalent to 2.02% × 2 = 4.04% annualized flows.
21 The average annualized flows are 4.05% (Panel B, Table 1) × 2 = 8.1%, representing around (8.1% + 4.04%) × 449 = 54.51
million inflows.
20
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(above the median value), and zero otherwise. 𝑥𝑓𝑡 includes a set of standard fund characteristics (i.e.,
fund size, firm size, fund age, fund expenses ratio, fund volatility, and fund past returns) and style ×
date fixed effects. I cluster the standard errors by fund.
The procedures to assign funds to different performance segments are as follows. First, for every
fund 𝑓 at time 𝑡 , I first attach it a performance ranking score 𝑅𝑎𝑛𝑘 ranging from zero (worst
performance) to one (best performance) based on its past performance among funds in the same
investment objective in the previous one year. Funds’ past performance is measured by monthly raw
returns.22 Second, I assign funds into different performance level buckets which are defined, in a twopiece specification as: 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘 = min(0.5, 𝑅𝑎𝑛𝑘) and 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘 = 𝑅𝑎𝑛𝑘 − 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘, and in a threepiece specification as: 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘 = min(0.2, 𝑅𝑎𝑛𝑘) , 𝑀𝑖𝑑𝑑𝑙𝑒𝑅𝑎𝑛𝑘 = min(0.6, 𝑅𝑎𝑛𝑘 − 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘) and
𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘 = 𝑅𝑎𝑛𝑘 − (𝐿𝑜𝑤 𝑅𝑎𝑛𝑘 + 𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘) . Hence, the coefficients on these piecewise rank
decompositions represent the marginal fund flows in response to different performance levels. The
coefficients of the interaction terms represent how the flow responses change with the extent of funds’
client-country overweighting.
Table 9 contains the results. They suggest two major points: first, there is an overall significant
convexity in the flow-performance relationship such that fund flows react more to high performance
and less to low performance. Taking the coefficients of 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘 and 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘 in Column (1) for
instance, an improvement in performance ranking from the 70th percentile to 80th percentile is
associated with an increase in annualized flows of 4.5% (0.2267 × (0.8 − 0.7) × 2 = 4.53%) whereas the
same amount of improvement in low performance segment implies an increase in annualized flows of
merely 1.2% (0.0585 × 0.1 × 2 = 1.17%).
Second, the convexity is, however, attenuated if the fund has higher client-country
overweighting. The coefficient of the interaction term 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘 × 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 is significantly negative,
indicating that catering funds face a “flatter” flow-performance relation in the low performance
segment. That is, the investment flows are 79% less sensitive to past performance, particularly bad
performance, suggesting that investors are “loyal”, or less likely to withdraw money when catering

22

Past performance measured based on 4-factor alphas gives similar results.
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funds underperform.23 Specifically, a fund in the bottom 50th percentile performance segment generally
can expect an annualized 1.7% outflow; if the fund caters, however, the outflow implied by the estimate
is only 0.36%.

B. What Do Investors Lose?
So far, the results imply that mutual funds benefit from the client-country overweighting strategy by
attracting higher investment flows and retaining investors when they underperform. Are there any
costs to investors? In this section, I run the following regression as:
𝐶𝑜𝑠𝑡𝑓𝑡 = 𝛼 + 𝛽𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 + 𝛾 ′ 𝑥𝑓𝑡 + 𝜀𝑓𝑡 ,

(10)

I examine two 𝐶𝑜𝑠𝑡 variables: fund performance and fund risk. 𝑥𝑓𝑡 includes a set of standard
fund characteristics, i.e., fund size, firm size, fund age, fund expenses ratio, fund volatility, fund past
returns, as well as style and date fixed effects, or style × date fixed effects. I cluster the standard errors
by fund. I report results in this section in Table 10.
A direct way to examine the potential costs is to look at fund returns. Therefore, I examine how
the fund risk-adjusted performance is associated with client-country overweighting. I report three
performance measures: market-adjusted holdings returns, DGTW-benchmark-adjusted returns, and
Sharpe ratio.24
I report the results in Panel A of Table 10. The coefficient of interest throughout all specifications
is economically and significantly negative, indicating that the overweighting strategy reduces fund
returns. Funds in the top client-country overweighting decile underperform by 0.65%–1.24% per year
compared to funds that do not cater, i.e., funds in the bottom decile, depending on the risk
adjustment.25 The performance test suggests that catering funds deliver worse performance.
Second, I look into portfolio diversification. I estimate the Equation (10) with fund idiosyncratic
volatility as the dependent variable and report the results in Panel B of Table 10. The results show that

Take Column (2) as an example. The drop in sensitivity of flows to low performance is calculated as: 0.0669/0.0847 = 79%.
In unreported results, I have similar results if I use value added measures in the spirit of Berk and van Binsbergen (2015).
25 The average value of 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 in the top and bottom decile is 0.90 and -0.15. Therefore, the annualized
underperformance for funds in the top decile relative to funds in the bottom decile is (0.9 + 0.15) × 0.0031 (Column (2)) × 2 =
0.65% to (0.9 + 0.15) × 0.0059 (Column (3)) × 2 = 1.24%.
23
24
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client-country overweighting is related to higher funds’ idiosyncratic risk. Catering funds have
approximately 1% higher annualized idiosyncratic volatility, suggesting that they do not efficiently
diversify their investments.26
Taken together, the results suggest that catering funds underperform and are more volatile.
Under-performance and under-diversification turn out to be two costs for investors.

1.6. Conclusion
I provide novel evidence of catering-driven investments by studying how distribution channel
characteristics affect portfolio holdings of active international equity mutual funds. I find that funds
cater to their investors’ local preference, tilting the portfolios towards client-country stocks by 54% to
120% relative to their peers. Client-country overweighting is stronger in the client countries where
investors display stronger home bias, more pronounced in visible stocks, and more common among
funds that have less sophisticated clienteles. Client-country overweighting is not driven by funds’
familiarity bias and by an information advantage in the client countries.
The overweighting scheme helps funds attract and retain investors. Catering funds attract 4%
higher annualized flows than funds that do not cater. It represents an average inflow of $55 million per
year. Meanwhile, catering funds face a “flatter” flow-performance relationship in the low performance
segment: investment flows are 79% less sensitive to bad past performance, suggesting that investors are
less likely to withdraw money when catering funds underperform.
In contrast, the overweighting strategy is costly to investors. Catering funds underperform by
about 1% per year and have around 1% higher annualized idiosyncratic volatility compared to funds
that do not cater. It implies that they neither diversify efficiently nor generate outperformance.
My paper highlights the role of investor preference for portfolio composition in determining the
portfolio decisions of asset managers. More broadly, it has important implications for understanding
how institutions cater to their investors’ preferences by designing their products, particularly in a way
to appeal to investors’ familiarity.
The annualized idiosyncratic volatility for funds in the top decile relative to funds in the bottom decile is (0.9 + 0.15) ×
0.0024 (Column (2)) × √12 = 0.87% to (0.9 + 0.15) × 0.0029 (Column (2)) × √12 = 1.05% higher.
26
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Figure 1: The Geographical Distribution of Funds’ Home Countries and Client Countries
The figure plots the geographical distribution of the mutual funds’ home countries and their client
countries in the sample, taking Europe as the illustrated example. I show the number of funds located
and sold in a given country.
The Geographical Distribution of Funds’ Home Countries (Europe)

The Geographical Distribution of Funds’ Client Countries (Europe)
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Figure 2: Fund Client-Country Overweighting Over Time
Figure 2.A displays the average portfolio weight in client countries and non-client countries over time.
Figure 2.B displays the average excess weight in percentage terms in client and home countries over
time.
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Figure 3: Fund Client-Country Overweighting Across Home Countries and Client Countries
The figure displays the average client-country excess weight in percentage points for funds located in
the top 20 home countries in Figure 3.A and for funds sold to the top 20 client countries in Figure 3.B.
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Table 1: Summary Statistics
Table 1 presents the summary statistics of the sample. Panel A shows detailed investment styles, and
the total number of funds, the total assets (USD $ in billions) under management, the top 5 investment
countries for each investment style. The top 5 investment countries are based on the average portfolio
weight of all funds in the given investment style allocated to the corresponding country over the entire
sample period. Panel B reports the descriptive statistics.

Investment Style

Panel A: Fund Investment Style Characteristics
Assets ($ billion) # of Funds
Top 5 Investment Countries

Africa Equity
Asia Equity
Asia ex Japan Equity
Communications Sector Equity
Consumer Goods & Services Sector Equity
Emerging Markets Equity
Energy Sector Equity
Europe Equity Large Cap
Europe Equity Mid/Small Cap
Financials Sector Equity
Global Equity
Global Equity Large Cap
Global Equity Mid/Small Cap
Healthcare Sector Equity
Industrials Sector Equity
Islamic Equity
Latin America Equity
Natural Resources Sector Equity
Other Asia Equity
Other Europe Equity
Other Sector Equity
Precious Metals Sector Equity
Real Estate Sector Equity
Technology Sector Equity
Utilities Sector Equity
Total

(1)

(2)

(3)

9.04
12.40
50.01
5.13
8.51
294.63
32.53
187.41
30.51
14.67
274.71
719.70
59.08
33.56
2.75
1.54
33.75
22.93
4.10
162.09
9.87
15.95
79.32
45.34
10.97
2,120.50

65
92
227
40
73
301
89
1,045
261
114
405
1,310
200
149
24
47
46
103
83
1,012
125
48
317
274
30
6,480

ZA, UK, NG, EG, KE
JP, HK, AU, KR, SG
HK, KR, TW, AU, SG
US, UK, JP, DE, FR
US, UK, FR, JP, CH
BR, TR, KR, RU, TW
US, CA, UK, FR, NO
FR, DE, UK, CH, IT
FR, DE, UK, TR, IT
US, UK, CA, DE, CH
US, UK, JP, FR, SE
US, UK, JP, FR, DE
US, UK, JP, BR, TR
US, CH, UK, JP, FR
US, JP, UK, FR, DE
MY, ZA, US, UK, HK
BR, MX, CL, US, VE
US, CA, UK, AU, BR
MY, ID, TH, SG, VN
DE, SE, FR, CH, NO
US, UK, JP, FR, DE
CA, US, ZA, AU, UK
US, FR, UK, JP, HK
US, TW, JP, KR, FI
US, UK, BR, ES, CA
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Table 1: Summary Statistics – continued
Variable

Mean

Std. Dev.

25th Pct.

50th Pct.

75th Pct.

(1)

(2)

(4)

(5)

(6)

0.11
0.16

3.38
0.31

-1.00
-0.02

-0.89
0.03

0.03
0.23

Fund Characteristics
𝐹𝑢𝑛𝑑 𝑠𝑖𝑧𝑒 ($ million)
𝐹𝑖𝑟𝑚 𝑠𝑖𝑧𝑒 ($ million)
𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑠 (%)
𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 (% annualized)
𝐶𝐴𝑃𝑀 𝑖𝑑𝑖𝑜𝑠𝑦𝑛𝑐𝑟𝑎𝑡𝑖𝑐 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 (% monthly)
𝐹𝐹4𝐹 𝑖𝑑𝑖𝑜𝑠𝑦𝑛𝑐𝑟𝑎𝑡𝑖𝑐 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 (% monthly)
𝐴𝑔𝑒 (in years)
𝑃𝑎𝑠𝑡 𝑟𝑒𝑡𝑢𝑟𝑛𝑠 (%)
𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛%

449.03
28,677.00
1.69
19.44
2.50
2.16
9.28
9.11
15.36

2,213.06
86,963.03
0.64
5.63
1.32
1.15
7.78
9.72
31.81

20.28
876.19
1.30
15.70
1.55
1.36
4.00
5.69
0.00

68.76
4,908.60
1.63
18.93
2.20
1.92
7.33
9.79
0.00

254.05
21,716.94
1.98
22.55
3.07
2.68
12.17
14.16
5.25

Fund Performance Variables
𝐹𝑙𝑜𝑤 (% semi-annual)
𝐷𝐺𝑇𝑊 − 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛 (% semi-annual)
𝑀𝑎𝑟𝑘𝑒𝑡 − 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛 (% semi-annual)
𝑆ℎ𝑎𝑟𝑝𝑒 𝑟𝑎𝑡𝑖𝑜 (% semi-annual)

4.05
0.81
0.24
-0.20

20.33
3.16
3.53
4.85

-6.19
-0.34
-0.99
-2.31

-0.64
0.73
0.32
-0.24

8.56
2.19
1.87
1.78

6.08
229.35

6.37
1,063.81

1.64
20.40

3.67
89.67

8.13
180.40

0.48
0.46
87.98
80.90
5,226.22

0.32
0.34
9.75
9.07
4,452.22

0.24
0.17
83.92
77.51
1,144.88

0.42
0.34
90.42
82.10
4,617.80

0.82
0.75
94.90
86.42
8,869.16

Fund Overweighting Measures
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡

Stock Visibility Variables
𝐴𝑛𝑎𝑙𝑦𝑠𝑡 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 (semi-annual)
𝑀𝑒𝑑𝑖𝑎 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 (semi-annual)
Other Variables
𝐶𝑙𝑖𝑒𝑛𝑡 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑓𝑢𝑛𝑑𝑠 ′ 𝑒𝑥𝑐𝑒𝑠𝑠 𝑤𝑒𝑖𝑔ℎ𝑡 (ew)
𝐶𝑙𝑖𝑒𝑛𝑡 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑓𝑢𝑛𝑑𝑠 ′ 𝑒𝑥𝑐𝑒𝑠𝑠 𝑤𝑒𝑖𝑔ℎ𝑡 (vw)
𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑝𝑟𝑖𝑑𝑒 (%)
𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 (%)
𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑎𝑙 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (km)
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Table 2: Fund Overweighting in Client Countries
The table reports the estimates of:
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑡 = 𝛼 + 𝛽1 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛽2 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 + 𝛾 ′ 𝑥𝑓𝑐𝑡 + 𝜀𝑓𝑐𝑡
The dependent variable is the excess portfolio weight of fund 𝑓 in semi-annual period 𝑡 in a given
investment country 𝑐 in percentage terms. It is calculated as the difference between fund 𝑓’s portfolio
percentage invested in the country 𝑐 at time 𝑡 and the corresponding value-weighted average portfolio
weight of all funds in the same investment objective in percentage terms. 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐
(𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 ) is an indicator equal to one if a given investment country 𝑐 is fund 𝑓’s client country
(home country at time 𝑡), and zero otherwise. The set of controls includes fund characteristics (fund
size, firm size, fund age, fund expenses ratio, fund volatility, fund past returns), country-pair
characteristics (geographical distances, a common language indicator), and fixed effects (investment
country × date, or investment country × home country, or investment country × home country × date
fixed effects). Panel A reports the baseline results. Panel B reports robustness checks. In Part 1, I reduce
the number of investment countries in the regression by focusing on non-home countries, the top 20,
top 15, top 10 or the investment countries with positive portfolio weights. In Part 2, I consider
alternative peer groups to compute the 𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡 variable. In part 3, I exclude a set of funds. In
Part 4, I replace investment country × home country × date fixed effects with investment country ×
firm or investment country × firm × date fixed effects. The t-statistics are based on standard errors
clustered by fund. *, **, and *** denote statistical significance at 10%, 5%, and 1% level.
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Table 2: Fund Overweighting in Client Countries – continued
Panel A: Baseline Results
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦
𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦

(1)

(2)

(3)

(4)

(5)

(6)

1.1965***
(12.24)
3.5378***
(23.98)

1.1456***
(12.01)
3.1682***
(18.12)

1.1555***
(11.83)
3.4333***
(17.11)

0.5386***
(6.20)

0.5447***
(6.26)

0.3488***
(3.89)

𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦

Fund and country-pair char.
Inv. cntry × date f.e.
Inv. cntry × home cntry f.e.
Inv. cntry × home cntry × date f.e.
R2
N

1.4980***
(5.93)
N
N
N
N
0.051
2,396,897

Y
N
N
N
0.054
2,396,897
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Y
Y
N
N
0.063
2,396,897

Y
N
Y
N
0.143
2,396,897

Y
N
N
Y
0.167
2,396,897

Y
N
N
Y
0.168
2,396,897

Table 2: Fund Overweighting in Client Countries – continued
Panel B: Robustness Checks
𝑪𝒍𝒊𝒆𝒏𝒕 𝑪𝒐𝒖𝒏𝒕𝒓𝒚
Coefficient

t-stat.

R2

N

(1)

(2)

(3)

(4)

0.5447***

(6.26)

0.167

2,396,897

(3.78)
(5.98)
(5.78)
(4.63)
(5.17)

0.056
0.206
0.243
0.257
0.309

2,300,949
1,936,202
1,471,542
986,528
907,104

Part 2: Alternative definitions of peer groups
World-market portfolio
1.2795***
(8.41)
Baseline, exclude the fund itself
0.5713***
(6.28)
Active funds, the same benchmark index
0.1424***
(2.60)
ETFs, the same benchmark index
0.2060***
(6.75)

0.343
0.161
0.048
0.164

2,396,241
2,396,103
1,660,572
1,353,130

Part 3: Excluding a set of funds
Exclude funds involved in mergers
0.5705***
Exclude funds managed in the EU
1.1145***
Exclude single-managed funds
0.4926***

(6.00)
(4.97)
(4.94)

0.167
0.137
0.165

1,990,338
967,713
1,285,074

Part 4: Alternative fixed effects tests
Include investment country × firm f.e.
Include investment country × firm × date f.e.

(5.54)
(4.55)

0.276
0.438

2,396,897
2,396,897

Baseline Result

Part 1: The selection of investment countries
Baseline, exclude home countries
0.3391***
Include top 20 investment countries
0.5403***
Include top 15 investment countries
0.5309***
Include top 10 investment countries
0.4125***
Include 𝑤𝑓𝑐𝑡 > 0 investment countries
0.6726***

0.5423***
0.5360***
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Table 3: Investor Home Bias and Fund Overweighting in Client Countries
The table reports the estimates of:
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑡
= 𝛼 + 𝛽1 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛽2 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 + 𝛽3 𝐼𝑛𝑣𝑠𝑒𝑡𝑜𝑟 𝐻𝑜𝑚𝑒 𝐵𝑖𝑎𝑠𝑐𝑡
+ 𝛿𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝐻𝑜𝑚𝑒 𝐵𝑖𝑎𝑠𝑐𝑡 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛾 ′ 𝑥𝑓𝑐𝑡 + 𝜀𝑓𝑐𝑡
The dependent variable is the excess portfolio weight of fund 𝑓 in semi-annual period 𝑡 in a given
investment country 𝑐 in percentage terms. It is calculated as the difference between fund 𝑓’s portfolio
percentage invested in the country 𝑐 at time 𝑡 and the corresponding value-weighted average portfolio
weight of all funds in the same investment objective in percentage terms. 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐
(𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 ) is an indicator equal to one if a given investment country 𝑐 is fund 𝑓’s client country
(home country at time 𝑡), and zero otherwise. 𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝐻𝑜𝑚𝑒 𝐵𝑖𝑎𝑠𝑐𝑡 is a proxy for the extent to which
investors are home biased. In Columns (1) – (2), the proxy is 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝐹𝑢𝑛𝑑𝑠′ 𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡,
calculated as the equal-weighted (in Column (1)) or value-weighted (in Column (2)) average domestic
portfolio weight of all sample funds located in country 𝑐 at time 𝑡 in excess of the world market
capitalization weight of the corresponding country. In Columns (3) – (4), the proxy is an indicator that
equals to one if the country-level investor patriotism measure is above the median value, and zero
otherwise. In particular, in Column (3), the patriotism measure is 𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑖𝑑𝑒 , the average
percentage of reporters that answer “very proud” or “quite proud” to the question “How proud are you
to be [substitute nationality]?” in World Values Surveys database. In Column (4), the patriotism measure
is 𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒, the average percentage of reporters that answer “very important” or “fairly
important” to the question “How important do you think to be a citizen of [substitute nationality]?” in
International Social Survey Program database. The set of controls includes fund characteristics (fund
size, firm size, fund age, fund expenses ratio, fund volatility, fund past returns), country-pair
characteristics (geographical distances, a common language indicator) and investment country × home
country × date fixed effects. The t-statistics are based on standard errors clustered by fund. *, **, and ***
denote statistical significance at 10%, 5%, and 1% level.
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Table 3: Investor Home Bias and Fund Overweighting in Client Countries – continued
Client Country Fund’s
Excess Weights
EqualValueWeighted
Weighted
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦
𝐼𝑛𝑣𝑒𝑠𝑡𝑜𝑟 𝐻𝑜𝑚𝑒 𝐵𝑖𝑎𝑠 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦

Fund and country-pair controls
Investment cnt. × home cnt. × date f.e.
R2
N

Patriotism Measure
𝐻𝑖𝑔ℎ
𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑖𝑑𝑒

𝐻𝑖𝑔ℎ 𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦
𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒

(1)

(2)

(3)

(4)

0.0777
(0.62)
1.4223***
(3.76)

0.3098***
(3.01)
0.7722***
(2.88)

0.4568***
(4.93)
0.5293**
(2.53)

0.2332***
(3.05)
1.1523***
(2.75)

Y
Y
0.178
2,055,542

Y
Y
0.178
2,055,542

Y
Y
0.184
1,886,045

Y
Y
0.161
1,991,533
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Table 4: Firm Visibility and Fund Overweighting in Client Countries
The table reports the estimates of:
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑠𝑡
= 𝛼 + 𝛽1 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛽2 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 + 𝛽3 𝐻𝑖𝑔ℎ 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑐𝑠𝑡
+ 𝛿𝐻𝑖𝑔ℎ 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦𝑐𝑠𝑡 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛾 ′ 𝑥𝑓𝑐𝑠𝑡 + 𝜀𝑓𝑐𝑠𝑡
The dependent variable is the excess portfolio weight of fund 𝑓 in semi-annual period 𝑡 in a given
security 𝑠 headquartered in investment country 𝑐 in percentage terms. It is calculated as the difference
between fund 𝑓’s portfolio percentage invested in the security 𝑠 headquartered in the country 𝑐 at time
𝑡 and the corresponding value-weighted average portfolio weight of all funds in the same investment
objective in percentage terms. 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 (𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 ) is an indicator equal to one if a
given investment country 𝑐 is fund 𝑓’s client country (home country at time 𝑡), and zero otherwise.
𝐻𝑖𝑔ℎ 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 is an indicator variable equal to one if stock visibility (proxied by its 𝐴𝑛𝑎𝑙𝑦𝑠𝑡 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒,
𝑅𝑂𝐸, 𝑆𝑎𝑙𝑒𝑠 and 𝑀𝑒𝑑𝑖𝑎 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒) is high, sorted based on the median value of the given characteristic
in every country each semi-annual frequency, and zero otherwise. The set of controls includes fund
characteristics (fund size, firm size, fund age, fund expenses ratio, fund volatility, fund past returns),
country-pair characteristics (geographical distances, a common language indicator) and investment
country × home country × date fixed effects. The sample is restricted to stocks that a given fund has
actually invested, i.e., the stocks with positive portfolio weights. The t-statistics are based on standard
errors clustered by fund. *, **, and *** denote statistical significance at 10%, 5%, and 1% level.
Sorted based on
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦
𝐻𝑖𝑔ℎ 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦
𝐻𝑖𝑔ℎ 𝑉𝑖𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦

Fund and country-pair controls
Investment cnt. × home cnt. × date f.e.
R2
N

𝑨𝒏𝒂𝒍𝒚𝒔𝒕 𝒄𝒐𝒗.

𝑹𝑶𝑬

𝑺𝒂𝒍𝒆𝒔

𝑴𝒆𝒅𝒊𝒂 𝒄𝒐𝒗.

(1)

(2)

(3)

(4)

-1.3027
(-1,57)
-7.5379***
(-14.19)
2.3134***
(3.71)

-0.3740
(-0.49)
-7.0072***
(-17.13)
1.1787**
(2.37)

0.4356
(0.78)
-2.2761***
(-17.18)
0.7144***
(4.46)

-0.2106
(-0.31)
-8.1580***
(-18.36)
0.9124*
(1.92)

Y
Y
0.180
5,660,797

Y
Y
0.174
5,660,797

Y
Y
0.158
5,660,797

Y
Y
0.193
5,660,797
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Table 5: The Determinants of the Fund Level Client-Country Overweighting
The table reports the estimates of:
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 = 𝛼 + 𝛽1 𝑁𝑜 𝐼𝑛𝑠𝑡. 𝑆ℎ𝑎𝑟𝑒 𝐶𝑙𝑎𝑠𝑠𝑓𝑡 + 𝛽2 𝐻𝑎𝑠 𝐿𝑜𝑎𝑑 𝐹𝑒𝑒𝑠𝑓 + 𝛾 ′ 𝑥𝑓𝑡 + 𝜀𝑓𝑡
The dependent variable is a measure of fund 𝑓 ’s degree of portfolio overweighting in its client
countries at time 𝑡. 𝑁𝑜 𝐼𝑛𝑠𝑡. 𝑆ℎ𝑎𝑟𝑒 𝐶𝑙𝑎𝑠𝑠 is an indicator variable that is equal to one if the fund has no
institutional share classes (i.e., 𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛% = 0), and zero otherwise. 𝐻𝑎𝑠 𝐿𝑜𝑎𝑑 𝐹𝑒𝑒 is an indicator
variable that is equal to one if the fund charges load fees, and zero otherwise. The set of controls
includes fund size, firm size, fund age, fund expenses ratio, fund volatility, fund past returns, fund lag
flows, team-managed indicator, the number of client countries and style × date fixed effects. The tstatistics are based on standard errors clustered by fund. *, **, and *** denote statistical significance at
10%, 5%, and 1% level.
(1)

𝑁𝑜 𝐼𝑛𝑠𝑡. 𝑆ℎ𝑎𝑟𝑒 𝐶𝑙𝑎𝑠𝑠

(3)

(4)

0.0295***
(5.53)

0.0557***
(7.07)

0.0372***
(6.55)
0.0433***
(5.19)

N
Y
0.535
51,042

N
Y
0.538
51,042

Y
Y
0.564
51,042

0.0494***
(9.23)

𝐻𝑎𝑠 𝐿𝑜𝑎𝑑 𝐹𝑒𝑒𝑠

Fund controls
Style × date f.e.
R2
N

(2)

N
Y
0.535
51,042
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(5)

(6)

0.0401***
(5.09)

0.0216***
(3.88)
0.0341***
(4.15)

Y
Y
0.565
51,042

Y
Y
0.566
51042

Table 6: Fund Client-Country Overweighting around Managerial Rotation
The table reports the estimates of:
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡𝑓𝑐𝑡
= 𝛼 + 𝛽1 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛽2 𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 + 𝛽3 𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝑓𝑡
+ 𝛿𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝑓𝑡 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐 + 𝛾 ′ 𝑥𝑓𝑐𝑡 + 𝜀𝑓𝑐𝑡
The dependent variable is the excess portfolio weight of fund 𝑓 in semi-annual period 𝑡 in a given
investment country 𝑐 in percentage terms. It is calculated as the difference between fund 𝑓’s portfolio
percentage invested in the country 𝑐 at time 𝑡 and the corresponding value-weighted average portfolio
weight of all funds in the same investment objective in percentage terms. 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐
(𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝑓𝑐𝑡 ) is an indicator equal to one if a given investment country 𝑐 is fund 𝑓’s client country
(home country at time 𝑡), and zero otherwise. The set of controls includes fund characteristics (fund
size, firm size, fund age, fund expenses ratio, fund volatility, fund past returns), country-pair
characteristics (geographical distance, a common language indicator) and investment country × home
country × date fixed effects.
Entire Sample
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦
𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛
𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛 × 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦

Fund and country-pair controls
Investment cnt. × home cnt. × date f.e.
R2
N

Single-Managed

Team-Managed

(1)

(2)

(3)

(4)

0.4892***
(5.14)
-0.0189
(-1.25)
-0.0439
(-0.56)

0.5000***
(5.27)
-0.0087
(-0.59)
-0.0512
(-0.65)

0.5894***
(4.77)
-0.0587***
(-2.68)
-0.0311
(-0.22)

0.3784***
(3.38)
-0.0026
(-0.14)
-0.0337
(-0.39)

N
Y
0.171
1,888,277

Y
Y
0.172
1,888,277

Y
Y
0.201
1,111,823

Y
Y
0.167
776,454
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Table 7: Fund Sub-portfolio Performance
This table reports the sub-portfolio performance for holdings in the client countries (𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦)
and non-client countries (𝑁𝑜𝑛 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦) at the semi-annual frequency. For each fund 𝑓 at time 𝑡, I
first compute a value-weighted sub-portfolios returns, and then make an average across funds,
weighting each fund’s sub-portfolio returns by the fund’s total net assets (TNA). Holdings returns are
raw holdings returns, industry-adjusted returns, market-adjusted returns and characteristics-adjusted
returns. I report the value and the t-statistics for the difference between the two sub-portfolios. In all
panels, *, **, and *** denote statistical significance at 10%, 5%, and 1% level.

𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦
𝑁𝑜𝑛 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦

Coeff (𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑛𝑡. – 𝑁𝑜𝑛 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑛𝑡.)
t-stat (𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑛𝑡. – 𝑁𝑜𝑛 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑛𝑡.)

Raw returns

Industry-adj.
returns

Marketadj. returns

DGTWadj. returns

(1)

(2)

(3)

(4)

0.0428
(1.27)
0.0511
(1.52)

0.0089
(0.66)
0.0142
(1.05)

0.0094
(0.65)
0.0153
(1.06)

0.0135
(1.09)
0.0194
(1.57)

-0.0083
(0.17)

-0.0053
(0.28)

-0.0059
(0.29)

-0.0059
(0.34)
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Table 8: Fund Flows and Fund Overweighting in Client Countries
The table reports the estimates of:
𝐹𝑙𝑜𝑤𝑓𝑡 = 𝛼 + 𝛽𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡−1 + 𝛾 ′ 𝑥𝑓𝑡 + 𝜀𝑓𝑡
The dependent variable is the semi-annual cumulative flows into fund 𝑓 at time 𝑡 over the previous six
months. 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 is a measure of fund 𝑓’s degree of portfolio overweighting in its
client countries at time 𝑡. The set of controls includes fund size, firm size, fund age, fund expenses ratio,
fund volatility, fund past returns, and fund past returns squared, as well as style and date fixed effects
(in Column (1)), or style × date fixed effects (in Columns (2) – (4)). Columns (1) – (2) report the results
on the full sample, and Columns (3) – (4) report the results on sub-samples splitting based on funds’
institutional ownership variable 𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛%, which is the percentage of fund assets in institutional
share classes over the total fund assets. The t-statistics are based on standard errors clustered by fund.
*, **, and *** denote statistical significance at 10%, 5%, and 1% level.
𝑰𝒏𝒔𝒕𝒊𝒕𝒖𝒕𝒊𝒐𝒏% = 𝟎

𝑰𝒏𝒔𝒕𝒊𝒕𝒖𝒕𝒊𝒐𝒏% > 𝟎

(1)

(2)

(3)

(4)

0.0192***
(3.05)

0.0180***
(2.77)

0.0199***
(2.89)

-0.0008
(-0.05)

Y
Y
N
0.061
59,795

Y
N
Y
0.098
59,795

Y
N
Y
0.098
40,229

Y
N
Y
0.150
19,550

Full Sample
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡

Fund controls
Style and date f.e.
Style × date f.e.
R2
N
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Table 9: Fund Flow-Performance Sensitivity and Fund Overweighting in Client Countries
The table reports the estimates of:
𝐹𝑙𝑜𝑤𝑓𝑡 = 𝛼 + 𝛽1 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 + 𝛽2 𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘𝑓𝑡 + 𝛽3 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘𝑓𝑡 + 𝜆𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 + 𝛿1 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡
× 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 + 𝛿2 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 × 𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘𝑓𝑡 + 𝛿3 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 × 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘𝑓𝑡
+ 𝛾 ′ 𝑥𝑓𝑡 + 𝜀𝑓𝑡
The dependent variable is the semi-annual cumulative flows into fund 𝑓 at time 𝑡 over the previous six
months. In Columns (1) – (3), the two piecewise-linear fund performance segments are defined as:
𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 = min(0.5, 𝑅𝑎𝑛𝑘𝑓𝑡 ) and 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘𝑓𝑡 = 𝑅𝑎𝑛𝑘𝑓𝑡 − 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 . In Columns (4) – (6), the
three piecewise-linear segments are defined as: 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 = min(0.2, 𝑅𝑎𝑛𝑘𝑓𝑡 ) , 𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘𝑓𝑡 =
min(0.6, 𝑅𝑎𝑛𝑘𝑓𝑡 − 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 ) and 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘𝑓𝑡 = 𝑅𝑎𝑛𝑘𝑓𝑡 − (𝐿𝑜𝑤 𝑅𝑎𝑛𝑘𝑓𝑡 + 𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘𝑓𝑡 ). The fund
performance rank variable 𝑅𝑎𝑛𝑘𝑓𝑡 ranges from 0 (worst performance) to 1 (best performance), and is
assigned to each fund on semi-annual frequency based on the decile value of its average raw return
within all funds in the same investment style in the previous twelve months. In Columns (1) and (4),
𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 is 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡, the measure of fund 𝑓’s degree of portfolio overweighting
at time 𝑡 in its client countries. In Columns (2) and (5), 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 is an indicator variable
𝐻𝑎𝑠 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡, which is equal to one if 𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 is positive, and zero otherwise. In
Columns (3) and (6), 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡is an indicator variable 𝐻𝑖𝑔ℎ 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡, which is equal to one if
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 is above the median, and zero otherwise. The set of controls includes fund
size, firm size, fund age, fund expenses ratio, fund volatility, fund past returns, as well as style × date
fixed effects. The t-statistics are based on standard errors clustered by fund. *, **, and *** denote
statistical significance at 10%, 5%, and 1% level.
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Table 9: Fund Flow-Performance Sensitivity and Fund Overweighting in Client Countries – continued
𝑶𝒗𝒆𝒓𝒘𝒆𝒊𝒈𝒉𝒕 Measure
𝐿𝑜𝑤 𝑅𝑎𝑛𝑘

𝑪𝒍𝒊𝒆𝒏𝒕 𝑪𝒐𝒖𝒏𝒕𝒓𝒚
𝑶𝒗𝒆𝒓𝒘𝒆𝒊𝒈𝒉𝒕

𝑯𝒂𝒔
𝑶𝒗𝒆𝒓𝒘𝒆𝒊𝒈𝒉𝒕

𝑯𝒊𝒈𝒉
𝑶𝒗𝒆𝒓𝒘𝒆𝒊𝒈𝒉𝒕

𝑪𝒍𝒊𝒆𝒏𝒕 𝑪𝒐𝒖𝒏𝒕𝒓𝒚
𝑶𝒗𝒆𝒓𝒘𝒆𝒊𝒈𝒉𝒕

𝑯𝒂𝒔
𝑶𝒗𝒆𝒓𝒘𝒆𝒊𝒈𝒉𝒕

𝑯𝒊𝒈𝒉
𝑶𝒗𝒆𝒓𝒘𝒆𝒊𝒈𝒉𝒕

(1)

(2)

(3)

(4)

(5)

(6)

0.0585***
(4.79)

0.0847***
(5.08)

0.0834***
(5.43)

0.2267***
(20.31)
-0.0780**
(-2.43)

0.2244***
(14.51)
-0.0669***
(-3.17)

0.2037***
(14.80)
-0.0731***
(-3.49)

-0.1065***
(-3.41)
0.0549***
(4.55)

-0.0214
(-1.09)
0.0351***
(4.32)

0.0172
(0.91)
0.0320***
(3.99)

0.2278***
(4.50)
0.1093***
(16.42)
0.5313***
(15.28)
-0.3089**
(-2.44)
-0.0725***
(-4.13)
-0.1945**
(-2.23)
0.0934***
(4.00)

0.3251***
(4.68)
0.1179***
(13.17)
0.5087***
(10.43)
-0.2547***
(-2.83)
-0.0327***
(-2.88)
-0.0117
(-0.19)
0.0646***
(3.87)

0.3245***
(4.88)
0.1065***
(13.06)
0.5023***
(11.35)
-0.2720***
(-3.02)
-0.0147
(-1.34)
0.0000
(0.00)
0.0620***
(3.69)

Y
Y
0.119
61,252

Y
Y
0.119
61,252

Y
Y
0.119
61,252

Y
Y
0.122
61,252

Y
Y
0.122
61,252

Y
Y
0.122
61,252

𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘
𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘
𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 × 𝐿𝑜𝑤 𝑅𝑎𝑛𝑘
𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 × 𝑀𝑖𝑑𝑑𝑙𝑒 𝑅𝑎𝑛𝑘
𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡 × 𝐻𝑖𝑔ℎ 𝑅𝑎𝑛𝑘
𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡

Fund controls
Style × date f.e.
R2
N
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Table 10: Investors’ Costs and Fund Overweighting in Client Countries
This table reports the estimates of:
𝐶𝑜𝑠𝑡𝑓𝑡 = 𝛼 + 𝛽𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 + 𝛾 ′ 𝑥𝑓𝑡 + 𝜀𝑓𝑡
The dependent variable is a 𝐶𝑜𝑠𝑡 variable (i.e., fund performance measures and fund risk measures).
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡𝑓𝑡 is a measure of fund 𝑓’s degree of portfolio overweighting in its client
countries at time 𝑡. The set of controls includes fund size, firm size, fund age, fund expenses ratio, fund
volatility, fund past returns, as well as style and date fixed effects, or style × date fixed effects. In Panel
A, the dependent variable is the fund level market-adjusted holdings returns (in Columns (1) – (2)), or
the characteristics-adjusted holdings returns (in Columns (3) – (4)), or Sharpe ratio (in Columns (5) –
(6)). In Panel B, the dependent variable is the fund idiosyncratic volatility computed from a CAPM
model (in Columns (1) – (2)) or from a Fama-French 4-factor model (in Columns (3) – (4)). In all panels,
the t-statistics are based on standard errors clustered by fund. *, **, and *** denote statistical
significance at 10%, 5%, and 1% level.
Panel A: Fund Performance and Overweighting in Client Countries
Market-adj. returns
DGTW-adj. returns
Sharpe Ratio
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡

Fund controls
Style and date f.e.
Style × date f.e.
R2
N

(1)

(2)

(3)

(4)

(5)

(6)

-0.0050***
(-3.13)

-0.0031*
(-1.92)

-0.0059***
(-3.94)

-0.0050***
(-3.36)

-0.0055**
(-2.41)

-0.0043**
(-2.00)

Y
Y
N
0.076
95,783

Y
N
Y
0.413
95,783

Y
Y
N
0.176
93,882

Y
N
Y
0.427
93,882

Y
Y
N
0.061
99,036

Y
N
Y
0.187
99,036

Panel B: Fund Risk and Overweighting in Client Countries
𝑪𝑨𝑷𝑴 𝑰𝒅𝒊𝒐𝒔𝒚𝒏𝒄𝒓𝒂𝒕𝒊𝒄 𝑽𝒐𝒍𝒂𝒕𝒊𝒍𝒊𝒕𝒚 𝑭𝑭𝟒𝑭 𝑰𝒅𝒊𝒐𝒔𝒚𝒏𝒄𝒓𝒂𝒕𝒊𝒄 𝑽𝒐𝒍𝒂𝒕𝒊𝒍𝒊𝒕𝒚
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡

Fund controls
Style and date f.e.
Style × date f.e.
R2
N

(1)

(2)

(3)

(4)

0.0026***
(4.23)

0.0024***
(4.05)

0.0029***
(4.83)

0.0028***
(4.79)

Y
Y
N
0.713
90,635

Y
N
Y
0.757
90,635

Y
Y
N
0.693
90,635

Y
N
Y
0.735
90,635
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Appendix: Variable Description
Variable
Fund Catering Measure
𝐸𝑥𝑐𝑒𝑠𝑠 𝑊𝑒𝑖𝑔ℎ𝑡

𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 𝑂𝑣𝑒𝑟𝑤𝑒𝑖𝑔ℎ𝑡

Fund Characteristics
𝐹𝑢𝑛𝑑 𝑠𝑖𝑧𝑒
𝐹𝑖𝑟𝑚 𝑠𝑖𝑧𝑒

𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑠
𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦
𝐴𝑔𝑒
𝐶𝐴𝑃𝑀 𝑖𝑑𝑖𝑜𝑠𝑦𝑛𝑐𝑟𝑎𝑡𝑖𝑐 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦

𝐹𝐹4𝐹 𝑖𝑑𝑖𝑜𝑠𝑦𝑛𝑐𝑟𝑎𝑡𝑖𝑐 𝑣𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦

𝑃𝑎𝑠𝑡 𝑟𝑒𝑡𝑢𝑟𝑛𝑠

Stock Visibility Variables
𝐴𝑛𝑙𝑦𝑠𝑡 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒

Definition
It is calculated as

̅ 𝑐𝑡
𝑤𝑓𝑐𝑡 −𝑤
̅ 𝑐𝑡
𝑤

, where 𝑤𝑓𝑐𝑡 is the portfolio weight of

country 𝑐 in fund 𝑓 ’s portfolio at time 𝑡 , 𝑤
̅ 𝑐𝑡 is the valueweighted average portfolio weight of all funds in the same
investment style in the corresponding country.
It is calculated as ∑𝑐∈𝐶𝑙𝑖𝑒𝑛𝑡𝐶𝑜𝑢𝑛𝑡𝑟𝑦(𝑤𝑓𝑐𝑡 − 𝑤
̅ 𝑐𝑡 ) × 𝑤𝑚𝑐𝑡 , where
𝑤𝑓𝑐𝑡 is the portfolio weight of country 𝑐 in fund 𝑓’s portfolio at
time 𝑡, 𝑤
̅ 𝑐𝑡 is the value-weighted average portfolio weight of all
funds in the same investment style in the corresponding
country, and 𝑤𝑚𝑐𝑡 is the world-market portfolio weight of
country 𝑐 at time 𝑡. The summation is taken over fund 𝑓’s client
countries, and 𝑤𝑚𝑐𝑡 is re-scaled such that they sum up to one.

Natural logarithm of fund TNA (USD $ in millions).
For a given fund 𝑓, it is computed as the natural logarithm of
the total TNA (USD $ in millions) of all funds managed by the
same management company, excluding the fund 𝑓 itself.
The percentage annual expense ratio.
The annualized standard deviation of fund gross returns,
computed over a trailing 12-month window.
Natural logarithm of fund age in years since its inception date.
It is computed as the standard deviation of the residuals from a
CAPM model on a monthly basis over a trailing 24-month
window. The factor is the excess market return, where the
benchmark portfolio comprises all the stocks in the fund’s
investment objective.
It is computed as the standard deviation of the residuals from a
four-factor model on a monthly basis over a trailing 24-month
window. The factors are the excess market return, “SMB”
“HML” and “MOM” in the spirit of Fama and French (1993),
where the benchmark portfolio comprises all the stocks in the
fund’s investment objective.
The cumulative fund gross returns, computed over a trailing
12-month window.

The aggregate number of I/B/E/S analysts who provide fiscal
year one, or quarter one or quarter two earnings estimates for a
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𝑀𝑒𝑑𝑖𝑎 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒

Fund Performance Variables
𝑅𝑎𝑤 𝑟𝑒𝑡𝑢𝑟𝑛
𝐷𝐺𝑇𝑊 − 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛

𝑀𝑎𝑟𝑘𝑒𝑡 − 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 − 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑟𝑒𝑡𝑢𝑟𝑛

𝐹𝑙𝑜𝑤

given stock at semi-annual frequency.
The aggregate number of news articles about a given stock in
Dow Jones Newswire at semi-annual frequency, provided by
RavenPack database.

Semi-annual raw holdings returns.
Characteristic-adjusted return in the spirit of Daniel et al.
(1997). It is a value-weighted average of the characteristicadjusted semi-annual return on each stock in the fund’s
portfolio. For a given stock, the characteristic-adjusted return is
defined as the raw return minus the benchmark return. The
benchmark portfolio is a value-weighted average of all stocks
in the same size/book-to-market/momentum portfolio,
belonging to the fund’s investment style.
Market-adjusted return. It is defined as the value-weighted
average of the market-adjusted semi-annual return on each
stock in the fund’s portfolio. For a given stock, the marketadjusted return is calculated as the raw holdings returns minus
the benchmark return. The benchmark portfolio comprises all
stocks in the fund’s investment objective.
Industry-adjusted return. It is defined as the value-weighted
average of industry-adjusted semi-annual return on each stock
in the fund’s portfolio. For a given stock, the industry-adjusted
return is computed as the raw holdings returns minus the
benchmark return. The benchmark portfolio comprises all
stocks that are in the same industry and comprise the fund’s
investment objective.
On a given month 𝑡, the fund’s investment flows is defined as:
𝑇𝑁𝐴𝑡 − 𝑇𝑁𝐴𝑡−1 × (1 + 𝑅𝑡 )
𝑇𝑁𝐴𝑡−1

𝑆ℎ𝑎𝑟𝑝𝑒 𝑟𝑎𝑡𝑖𝑜

Other Variables
𝐶𝑙𝑖𝑒𝑛𝑡 𝐶𝑜𝑢𝑛𝑡𝑟𝑦

where 𝑇𝑁𝐴 denotes the fund’s total net assets, and 𝑅 is the
fund’s gross return. I compute the cumulative investment flow
over a 6-month period to obtain the 𝐹𝑙𝑜𝑤 variable.
Calculated as the fund’s cumulative 6-month raw returns
minus the value-weighted average returns across all funds in
the same investment style, divided by the fund’s annualized
volatility over the previous 12 months.

An indicator variable equal to one if the investment country is
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𝐻𝑜𝑚𝑒 𝐶𝑜𝑢𝑛𝑡𝑟𝑦

𝑀𝑎𝑛𝑎𝑔𝑒𝑟𝑖𝑎𝑙 𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛

𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑎𝑙 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝐶𝑜𝑚𝑚𝑜𝑛 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒
𝑁𝑜 𝑖𝑛𝑠𝑡. 𝑠ℎ𝑎𝑟𝑒 𝑐𝑙𝑎𝑠𝑠
𝐻𝑎𝑠 𝑙𝑜𝑎𝑑 𝑓𝑒𝑒
𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛%
𝐶𝑙𝑖𝑒𝑛𝑡 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑓𝑢𝑛𝑑𝑠 ′ 𝑒𝑥𝑐𝑒𝑠𝑠 𝑤𝑒𝑖𝑔ℎ𝑡

𝑁𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑝𝑟𝑖𝑑𝑒

𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒

a client country to a given fund, i.e., a country that the fund is
available for sale, and zero otherwise.
An indicator variable equal to one if the investment country is
a given fund’s home country, i.e., the headquarter of its asset
management firm, and zero otherwise.
An indicator variable equal to one if a given fund has any
managerial rotation relative to the previous period, and zero
otherwise.
The logarithm of geographical distance between pair-wise
countries in kilometers.
An indicator variable equal to one if pair-wise countries use the
same language, and zero otherwise.
An indicator variable equal to one if a given fund has no
institutional share classes, and zero otherwise
An indicator variable equal to one if a given fund charges load
fees, and zero otherwise.
The ratio of assets in institutional share classes over total fund
assets.
For a given fund, it is calculated as the value-weighted or
equal-weighted average domestic portfolio weight of all
sample funds located in a given client country, in excess of the
world market capitalization weight of the corresponding
country.
For every country, it is defined as the percentage of
respondents to survey question “How proud are you to be
[substitute nationality]?” that answer “very proud” or “quite
proud”.
For every country, it is defined as the percentage of
respondents to survey question “How important do you think to
be a citizen of [substitute nationality]?” that answer “very
important” or “fairly important”,
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Chapter 2
Much Ado About Nothing:
Is the Market Affected by Political Bias?

Coauthors: Alberto Manconi, Massimo Massa

Abstract
We study whether investor behavior is affected by a political bias. We exploit an exogenous change in the
market’s perception of political bias in the media: the 2007 acquisition of Dow Jones Newswires (DJNW) by News
Corp. We find that investors react to a perceived pro-Republican bias of DJNW: after the acquisition, the prices of
“Republican” stocks (stocks of firms making more political contributions to the Republican party) become less
sensitive to sentiment in the DJNW. The effect is “asymmetric”: investors become less responsive to negative
news about Democrat stocks, and to positive news about Republican stocks. Moreover, the effect is restricted to
DJNW news, and cannot be detected in information channels unaffected by the News Corp. acquisition, such as
corporate press releases and earnings surprises. It also appears driven by stocks traded by more profitable
investors, long-term investors, and investors more likely to have a Democrat leaning. Finally, we show that in fact
the New Corp. acquisition unlikely introduced a political bias in DJNW: there is no significant change in DJNW
sentiment for the average Republican (or Democrat) stock after 2007. This suggests that the market tends to
counteract a perceived information channel bias, and is not always capable to distinguish between real and
perceived biases.

JEL codes: G00, G14
Keywords: Media and financial markets; political bias.
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2.1. Introduction
Political views have a pervasive effect on our lives. Political lenses color the choice of the charities we
support, the school our kids attend, the car we drive (and whether or not we drive one). From a
normative perspective, they ought not to influence our investment decisions. Or at least, they shouldn’t
for the marginal investor; and indeed, a central tenet of the finance literature since at least Fama’s
(1970) seminal paper has been that the market mechanism, by aggregating information from multiple
sources, eliminates biases – including political ones.
But empirically, it is far from clear that financial markets are free from political biases. Stylized facts
such as the emergence of “socially responsible” investment (Krueger (2015)), or large pension funds’
aversion to “sin stocks” (Hong and Kacperczyk (2009)), suggest that the portfolio choices of at least
some investors are informed by social norms and political considerations. However, while it is well
known that a company’s political affiliation can affect its cash flows and risk (Claessens, Feijen,
and Laeven (2008), Faccio (2006), Faccio, Masulis, and McConnell (2006)), much less known is the
extent to which it can directly affect portfolio choices. Our paper aims to fill this gap, by studying
investor reaction to news about politically affiliated stocks. Do investors respond to corporate political
affiliation? Does this have an impact of stock prices?
In the United States, many listed companies routinely make donations to mainstream political
parties. These donations are publicly disclosed, so that the market is well aware of a firm’s political
leaning (Figures 1 and 2). They are also substantial: over our sample period (2000-2012), companies that
make political contributions account for 58% of total market capitalization, and the corporate donations
to the Democrat and Republican parties add up to $623 million. We use data on corporate political
donations, combined with a unique experiment affecting the perceived political orientation of a major
financial newswire, to provide novel, and comparatively clean, evidence on the impact of political bias
in financial markets.
Identification is the main challenge for any study of political bias, because the bias itself is
unobservable. In general, it is difficult to distinguish whether investors hold a given stock due to their
own political bias, or because they expect cash flows/risk management benefits. Furthermore, the
stock’s political affiliation itself can give rise to benefits in terms of cash flows and/or risk exposure
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(Claessens, Feijen, and Laeven (2008), Faccio (2006), Faccio, Masulis, and McConnell (2006)), which
investors might want to capture, regardless of their own political orientation. In other words, if the
stock’s political affiliation is related to financial benefits, increased investor demand for it need not be
due to a bias, but simply reflect rational expectations.
We address these challenges with a novel approach, building on two main ideas. First, rather than
relying on coarse proxies for investor political orientation such as electoral results, we center our
analysis around the market’s reaction to a perceived political bias in the media reporting on individual
stocks. Second, we exploit a unique experiment that exogenously affects the (perceived) media bias: the
acquisition of Dow Jones by News Corporation.
On December 13th, 2007, News Corp. sealed a $5 billion agreement to purchase the publisher of The
Wall Street Journal and Dow Jones Newswires, after three months of drama in the controlling family
and public debate about journalistic values. In particular, a concern emerged that Rupert Murdoch,
News Corp.’s controlling shareholder, would meddle in the editorial affairs, tilting the company’s
outlets towards the right of the political spectrum (Kapur and Mussio (2008)). Leslie Hill, a member of
the Bancroft controlling family who opposed the deal, resigned as a Dow Jones director arguing that
the deal implied “the loss of an independent global news organization with unmatched credibility and
integrity” (Sutel (2007)). In a letter to readers, Wall Street Journal publisher L. Gordon Crovitz felt
compelled to insist that “the same standards of accuracy, fairness and authority will apply to this
publication, regardless of ownership” (Crovitz (2007)).
Two key features of the News Corp.-Dow Jones deal make it an ideal experiment to test for investor
response to corporate political affiliation. First, there is a perception among a wide section of the public,
and potentially stock market investors too, that the acquisition will introduce a political bias in the
traditionally unbiased Dow Jones outlets. Second, the acquisition itself is not related to specific
companies covered by Dow Jones, or to their characteristics, including political affiliation. It is therefore
orthogonal to fundamental information that might be directly reflected in their stock prices. We rely on
these features to study investor political bias, looking at changes, around the News Corp-Dow Jones
acquisition, in the stock price sensitivity to sentiment in the news reported by the Dow Jones
Newswires (DJNW).
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How can the perceived DJNW bias affect investors? One possibility, the least interesting, is that it
simply doesn’t matter. Political bias, if at all present, will likely manifest itself in editorials and op-ed
columns on the Wall Street Journal, which are broader in scope and may lag by several days the
corporate events that are relevant for trading. The Dow Jones Newswires (DJNW) service, more timely
and specific, will stick to the bare facts, so that we should not be able to detect any effects associated
with political affiliation.
A second possibility is that investors and newswire audiences segment along political lines,
reinforcing any underlying media bias. That is, the perceived political affiliation reinforces the
credibility of the news in the eyes of investors of similar affiliation, and this further increases the
impact of the bias. There is evidence that right-leaning audiences tend to tune in to right-wing
newswires and left-leaning investors to left-wing ones. This could be due, for instance, to audiences
suffering from confirmatory bias, which induces a preference for news that confirm their priors
(Gentzkow and Shapiro (2005), Groseclose and Milyo (2005)). The implication is that, after the News
Corp. acquisition, the following of DJNW becomes more right-leaning and therefore more sensitive or
attentive to “Republican” stocks. As a result, the price of these stocks should become more sensitive to
the news sentiment associated with DJNW. The price of “Democrat” stocks, by the same argument,
becomes less sensitive to DJNW sentiment. We term this the “reinforcement” hypothesis.
A third possibility is that investors respond to a perceived bias in DJNW by attaching less
credibility to its news, and neutralize its effect on stock prices. Assuming that DJNW is favorably
biased towards Republican stocks, as a result, the sensitivity of the Republican stock prices to DJNW
sentiment will decrease in the aftermath of the News Corp. acquisition, yielding predictions opposite to
the reinforcement hypothesis. We term this the “sterilization” hypothesis. We find strong support for
this hypothesis in the data.
Using information on corporate political contributions to the Democrat and Republican parties, we
characterize stocks as “Democrat” or “Republican” depending on which party receives the majority of
their contributions. We document a greatly weakened DJNW sentiment impact for Republican stocks
following the News Corp. acquisition. After December 2007, the sensitivity of returns in response to
news sentiment decreases by 75% for Republican stocks. We also find a reduced sensitivity to DJNW
sentiment for Democrat stocks, but the effect in this case is much smaller – only 43%.
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Furthermore, the effect is asymmetric. We find that it is a combination of attenuated reactions to
negative sentiment about Democrat stocks and to positive sentiment about Republican stocks. Taken
together, these results are consistent with investors attaching less credibility to DJNW as a source of
trade-relevant information, due to its perceived political bias.
In addition, the effect appears circumscribed to DJNW. We consider two placebo checks based on
the sentiment extracted from (a) the tone of corporate press releases, and (b) analyst forecast surprises
around earnings announcements from I/B/E/S. These sources of information are independent of DJNW,
and thus not “tainted” by a relationship with News Corp. Consistent with the “sterilization”
hypothesis, we detect no significant change in the market impact of either source’s sentiment following
the December 2007. This suggests that our baseline result is not spurious.
Thus: investors in general are less responsive to DJNW news, and particularly to news containing a
negative tone about Democrat firms. No comparable effects are detectable in other news outlets. What
class(es) of investors drive this effect? We restrict the attention to three key investor features:
information, investment horizon, and political affiliation. Using trading performance as a proxy for
investor information, we find that these effects are driven by the stocks traded by more informed
investors. Indeed, the drop in price sensitivity to DJNW sentiment we document is concentrated on the
stocks where the majority of trades are done by investors with a superior trading performance. We also
find evidence that the “sterilization” effect is stronger for stocks mainly traded by long-term investors,
as well as stocks traded by Democrat investors.
As a final step, we confirm these results by directly focusing on investor trading behavior. Using
institutional investors’ daily trading data from Ancerno, we show that after the News Corp.
acquisition, investors underreact to positive sentiment on Republican stocks. In particular, the
sensitivity of investor trading to news sentiment on average drops by 92% for Republican stocks. This
supports the “sterilization” hypothesis, and shows that on average the market reacts less to media
sentiment, when the sentiment is communicated by a channel (DJNW) that is perceived as biased.
Overall, these findings show that a perceived media bias is on average neutralized by the behavior of
the investors in the market. The question is, however, whether the market reacts to a real bias, or rather
overreacts to a perceived one. We therefore investigate whether the acquisition by News Corp.
introduces a material bias in DJNW. We find evidence to the contrary: in fact, not only do we find very
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little evidence of a political bias in DJNW prior to December 2007, but we also fail to detect any
meaningful change in the average sentiment attached to news about Republican or Democrat stocks
following the News Corp. acquisition, either taken in isolation, or compared to alternative news
sources such as the Financial Times, Reuters Newswire, or analysts (I/B/E/S). The fact that there is no
change in the relative sentiment about Republican and Democrat stocks following the News Corp.
acquisition suggests an overreaction.
These findings have important normative and positive implications. At the same time, they provide
a mixed message. On the one hand, they show that market forces can counteract a political bias in the
media, and thus provide support for a notion of market efficiency. However, this efficiency result is
obfuscated by the fact that the market does not seem to be capable to distinguish between real and
perceived political bias. In fact, one could argue that the very reaction to a perceived, but non-existent,
bias, is itself a political bias.
Our results contribute to different strands of literature. The first is the literature on the role of
political affiliation in financial markets. The focus has mainly be on the link between political affiliation
and better ability to improve the cash flows/reduce the risk of the firm (e.g. Fisman (2001), Claessens,
Feijen, and Laeven (2008), Faccio (2006), Faccio, Masulis, and McConnell (2006)) We contribute by
investigating the link between political affiliation and investor’s perception and interpretation of the
news about the company.
We also contribute to the literature on the impact of media in financial markets. This literature has
mostly focused on the potential market impact of such providers in terms of shaping/distorting market
expectations (e.g. Fang and Peress (2009), Engelberg and Parsons (2011), Tetlock (2010), Gurun and
Butler (2012)). We show that in fact the market is aware of the potential for manipulation and reacts to
perceived biases, up to the point of over-reacting even to perceived ones.
The rest of the paper is organized as follows. In Section 2.2, we describe the main data sources and
the construction of main variables. In Section 2.3, we present the baseline evidence on a drop in the
sensitivity to news sentiment for Republican firms. In Section 2.4, we look into investor characteristics
driving the effect. In Section 2.5, we examine investor trading sensitivity. In Section 2.6, we investigate
the existence of the political bias in the media. We conclude with Section 2.7.

57

2.2. Data and Main Variables
We merge data from a number of sources: the RavenPack news analytics database; data on corporate
political contributions from the Federal Elections Committee (FEC) website (www.fec.gov);
institutional investor trading data from Ancerno; daily stock prices and returns from CRSP; balance
sheet data from Compustat; analyst forecasts from I/B/E/S; and institutional investor holdings from
Thomason Reuters 13F filings. A description of the main data sources and variable construction
follows. We provide detailed definitions of all variables in the Appendix.

A. Dow Jones Newswires
We obtain data on Dow Jones Newswires from RavenPack. RavenPack is a leading provider of realtime news analytics based on the Dow Jones Newswire on more than 30,000 companies worldwide,
widely used by hedge funds, mutual funds, and large banks to systematically incorporate the effect of
news in their investment process. RavenPack identifies the news event discussed in each news article
(e.g. earnings announcement, mergers and acquisitions etc.), the companies that are mentioned, and
how relevant the article is for them. It analyzes DJNW article contents and generates an Event Sentiment
Score (ESS), indicating the positive or negative tone of firm-specific news.
We construct our Dow Jones news sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 variable by taking the decile value of
an average ESS value across all news pieces associated with a given firm on a given day, and scale it to
vary between 0 and 1. As described in Table 1, the average level of the 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 score in our
sample is 0.54 (standard deviation: 0.30). For example, when Amazon Inc. increased its jewelry and
watches sales by more than 120% at the end of the third quarter in 2006, the sentiment score is 0.90;
when in September 2006, Google Inc. was reported as losing 8% - 12% market share in the search
engine market in China, the sentiment score is 0.2.
Our initial sample starts with 17,378,816 firm-day observations, or distinct 9,958 U.S. firms with
non-missing daily returns in CRSP between 2000 and 2012. Requiring availability of RavenPack
𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 value filters the number of observations down to 1,524,148, or 6,871 distinct firms.

B. Political Affiliation
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Next, we retrieve data on firm political affiliation from the Federal Election Commission (FEC) detailed
files for the period from 2000 to 2012. The FEC database contains detailed committee (and individual)
federal contributions starting from 1980. In the committee contribution files, it identifies six groups that
contribute to candidates: 1) Corporation (C), 2) Labor organization (L), 3) Membership organization
(M), 4) Trade association (T), 5) Cooperative (V), and 6) Corporation without capital stock (W).
We restrict our analysis to all contributions classified as made by “Corporation”. For each
contributing firm, we obtain data on the date and the amount of contributions, and the party of the
receiving candidate. We aggregate all contributions made by a given contributing firm to Democrat
party or Republican party candidates each year, and categorize the firm in Republican or Democrats as
a function of its donations.
We create the 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 variable, defined as (𝑅𝑒𝑝 − 𝐷𝑒𝑚)/(𝑅𝑒𝑝 + 𝐷𝑒𝑚) , where 𝑅𝑒𝑝 is the dollar
value of the firm’s contributions to the Republican party, and 𝐷𝑒𝑚 to the Democrat party. The higher
the value of 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛, the more “Republican-leaning” the firm. While this variable is continuous, for
ease of exposition throughout the paper we describe a firm as “Republican” (“Democrat”) if
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is above the media value. Figure 1 summarizes this information over the sample period.
The typical firm in our sample is slightly “Republican”, with an average 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 equal to 0.18
(standard deviation: 0.43, Table 1). The most “Democrat” firm (𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 = -1) in our sample is
Prologis Inc. in 2008, making a total contribution to the Democrat party of $25,000 that year. The most
“Republican” firm (𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 = +1) is Salem Communications Corporation, which contributes to
Republican party nearly every year from 2000 to 2012 (except 2009), with a total amount of $382,300.
Further, we require the availability of information on corporate political contribution data. This
brings down the number of observations to 369,968 (or 838 distinct firms). Requiring the availability of
firm characteristics data in Compustat (log( 𝐹𝑖𝑟𝑚 𝑠𝑖𝑧𝑒 ), log( 𝐵𝑜𝑜𝑘 𝑡𝑜 𝑚𝑎𝑟𝑘𝑒𝑡 ), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒 , 𝑅𝑂𝐴 , and
𝐶𝐴𝑅−11,−2 ) brings the number down to 368,211 (or 821 distinct firms).

C. Trading Data
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We obtain institutional trading data from Ancerno (formerly Abel Noser Solutions Corporation) and
examine the trading patterns of short-term and long-term investors. Ancerno collects the complete
transaction records of its institutional clients that include pension plan sponsors and mutual funds.27
Every observation in Ancerno corresponds to an executed trade. For each trade, Ancerno reports a
client identifier code, a manager identifier code, the date of the trade, the CUSIP and the ticker for the
stock, the number of shares traded, the execution price of the trade, and the direction of the execution,
i.e. “buy” or “sell”. 28 Following Goldstein, Irvine, and Puckett (2011) and Puckett and Yan (2011), we
include only trades on common stocks by plan sponsors and mutual funds.
Within our sample, there are 591 institutions reported in Ancerno, trading 807 stocks. We are able
to track 633 funds within these institutions, trading on average 198 stocks over the period from year
2000 to 2010,29 with an average dollar trading volume of $11.70 million per fund per day. It is estimated
that these institutions account for 8% of the CRSP trading volume and 10% of all institutional trading
volume (Puckett and Yan (2011)). We then aggregate all of the trades at the same direction (buy or sell)
on a given stock in our sample in a given day with nonmissing news 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 variable. We run
separate tests on this subsample, which has 312,789 firm-day observations, or 764 distinct firms.

D. Other Data
Finally, we supplement our sample with several other datasets: analyst earnings forecasts from I/B/E/S,
institutional investor holdings data from Thomson Reuters 13F filings, and state-level electoral voting
results from the US Election Atlas website.30
In a set of robustness checks, we supplement this information with an alternative news sentiment
index, built using textual analysis from Factiva data following Tetlock (2007). We provide descriptive
statistics in Table 1. Panel A presents the summary statistics of the main variables in our sample. Panel
B presents the summary statistics for the Compustat universe.

Other studies that have used Ancerno data: Chemmanur, He, and Hu (2009), Goldstein, Irvine, and Puckett (2011), Puckett
and Yan (2011), Anand, Puckett and Venkataraman (2012).
28 For trade records after 2010, Ancerno does not report the client identifier codes or the manager identifier codes any more.
Hence, it does not allow us to identify who are the traders.
29 Due to restrictions on the Ancerno database, we are only able to identify the trader over the period 2000-2010.
30 The data are available at the URL: http://uselectionatlas.org/RESULTS.
27
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Compared to the Compustat universe, firms in our sample tend to be larger, with an average
market capitalization of $36 billion (the average for the Compustat universe is $4 billion). They have an
average leverage of 26% (average Compustat firm: 21%) and an average book-to-market ratio of 0.63
(average Compustat firm: 0.78). These estimates are consistent with Cooper, Gulen and Ovtchinnikov
(2010), who use the full merged FEC/CRSP/Compustat dataset in a similar manner.

2.3. Changes in Sensitivity to DJNW Sentiment
In our first test, described in this section, we establish our baseline result: the sensitivity of the market
price of “Republican” stocks to DJNW news drops dramatically, following its acquisition by News
Corp. Our baseline specification is:
𝐶𝐴𝑅−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 ×
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽5 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽6 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 +
𝛽7 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡 ,

(1)

The dependent variable is the 3-day cumulative abnormal return around the news release date (on a
given day, the abnormal return is defined as the stock return minus the expected return estimated from
the Fama-French three-factor model). 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is the proxy for the firm's political orientation,
defined above. 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator variable equal to 1 starting from the completion day of
the News Corporation takeover on December 14, 2007, and 0 prior to that date. The control variables
include firm characteristics log(𝐹𝑖𝑟𝑚 𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘 𝑡𝑜 𝑀𝑎𝑟𝑘𝑒𝑡), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒, 𝑅𝑂𝐴, and 𝐶𝐴𝑅−11,−2, as well
as firm and date fixed effects. Following Peress (2014), the standard errors are clustered around
calendar date. 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is a measure of whether a given piece of news is good or bad for a given
stock. In our baseline test, we focus on 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, the standardized sentiment score derived from
RavenPack’s ESS for DJNW news pieces, defined above.
Equation (1) examines whether, following the News Corp. acquisition, the sensitivity of the market
to the sentiment of news reported by DJNW changes, and for what kinds of stocks (Republican vs.
Democrat). The main coefficient of interest is thus 𝛽7 , measuring any differences in the post-News
Corp. acquisition stock price sensitivity to sentiment between “Republican” and “Democrat” stocks.
The results are reported in Table 2. They indicate two major findings. First, following the takeover,
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the market reacts less to the sentiment content in Dow Jones Newswire, with a general drop in the
sensitivity of returns. Second, the effect is stronger on stocks with a more “Republican” orientation.
Prior to the News Corp. acquisition, the sensitivity to DJNW sentiment for a fully “Republican” firm
(𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 = 1) is 0.0157 + 0.0008 × 1 = 0.0165 (column (4)); following the acquisition, it is equal to
0.0157 + 0.0008 × 1 − 0.0094 − 0.0030 × 1 = 0.0041, i.e. a 75% drop. In contrast, while the sensitivity
to DJNW sentiment decreases also for a fully “Democrat” firm (𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 = –1), it only drops by 43%.
Put differently: after News Corp. takes over DJNW, the stock price of firms more aligned with the
Republican party is less sensitive to DJNW news. This is consistent with the market discounting the
sentiment content of DJNW news as biased, and thus less reliable information.
Further tests reveal that this overall effect is asymmetric across negative and positive news,
Republican and Democrat firms. We report them in Table 3, where we estimate the following equation:
𝐶𝐴𝑅−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 +
+𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡 ,

(2)

on subsamples with positive or negative sentiment (𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 score above/below 0.5), and Republican
or Democrat stocks (𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 value above/below the median).
From the estimates of Panel A, we find that the effects are generally stronger for negative news: the
stock return sensitivity to negative news (𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 below 0.5) drops by 81% relative to its pre-News
Corp. acquisition value, whereas the sensitivity to positive news drops by around 22%. The estimates
of Panel B, on the other hand, suggest that the effects are present for both Democrat and Republican
firms. The coefficient on the 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 interaction term is -0.0092 for Democrat firms,
and -0.0104 for Republican ones. Finally, we split the sample as a 2 × 2 matrix, separately examining
the change in sensitivity to DJNW sentiment for positive and negative news, for Democrat and
Republican stocks. We find that the effects are asymmetric: the market reacts 77% less to bad news
about Democrat firms, and 35% less to good news about Republican firms. Taken together, the
estimates of Table 3 are consistent with the market attaching little credibility to negative DJNW news
about Democrat stocks, as well as little credibility to positive DJNW news about Republican stocks.
This is consistent with the “sterilization” hypothesis: investors assume that the DJNW news is biased
against Democrat stocks and in favor of Republican ones, and discount its sentiment accordingly.
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One potential difficulty in interpreting these findings could be faulty omission. “Republican” firms,
for instance, might experience changes in their fundamentals, accurately captured by DJNW. However,
this is unlikely to fully capture our results. In fact, any alternative story of this sort needs to explain a
drop in the sensitivity to sentiment (positive or negative), as opposed to a change in sentiment itself. It
should also explain why the change in fundamentals concentrates on “Republican” firms, leaving the
“Democrat” ones less affected. Indeed, as shown in Table 1 Panel C, the two groups of firms do not
significantly differ in terms of observable characteristics such as size, book-to-market, or leverage.
Another way to address this concern is comparing DJNW to alternative sources of news, unaffected
by the potential for political bias. If some unobserved factor on the firm level drives the effects we have
documented thus far, we should find similar results by looking at alternative news channels. In
contrast, the sterilization hypothesis would predict that the effects are circumscribed to DJNW news
pieces.
We therefore re-estimate the same specification as equation (1) by focusing on the way the market
reacts to two alternative sentiment measures, based on the company’s press releases (𝑃𝑅_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡),
and on earnings surprises relative to analyst forecasts (standardized unexpected earnings, or 𝑆𝑈𝐸).
Intuitively, press releases come directly from the firm, and are thus less subject to any (political) bias
DJNW might introduce; they will, however, reflect any changes in fundamentals. Similarly, consensus
analyst forecasts aggregate a variety of sources and are thus less likely biased; furthermore, they and
actual earnings figures are numerical in nature, so that they cannot convey a bias via, say, tone, as a
news piece might. We thus construct 𝑃𝑅_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 as we do with 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, using all press release
articles in DJNW from RavenPack, and define 𝑆𝑈𝐸 as the difference between actual earnings and the
median analyst forecast, provided by I/B/E/S, scaled by the quarterly stock price, and re-estimate
equation (1) replacing 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 by these variables.
We report the results in Table 4. The dependent variable is the 3-day cumulative abnormal return
around the news release date (in Column (1)) or around the earnings announcement date (in Columns
(2) – (4)). In Column (1), 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the 𝑃𝑅_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 variable, and in Columns (2) – (4), 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is
the 𝑆𝑈𝐸. The results show no change around the News Corp. acquisition in the sensitivity of the stock
price to 𝑃𝑅_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 and 𝑆𝑈𝐸, regardless of the firm’s political affiliation. In other words, the market
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appears to consider press releases and earnings surprises just as reliable after the News Corp.
acquisition as before it. Thus, an alternative explanation of our baseline finding of Table 2 should also
account for the fact that the change in sensitivity to news is restricted to DJNW news.
In sum, the results presented in this section show that, following the News Corp. acquisition, the
market is less responsive to the sentiment of news as reported by DJNW – but not to the sentiment
embedded in other information sources. The question is, what class(es) of investors are responsible for
this effect? This is the topic of the next section.

2.4. Investor Characteristics Driving the Effect
In this section, we study what classes of investors are behind the change in stock price sensitivity to
DJNW sentiment after the News Corp. acquisition. We consider three defining investor characteristics:
information, investment horizon, and political affiliation. We sort stocks into sub-samples based on the
characteristics of their investor base, re-running our baseline test separately on each sub-sample.

A. Informed Investors
We first study if the drop in sensitivity to sentiment is driven by more informed investors. If there is
any bias in DJNW reporting, more informed traders are more likely aware of it and should compensate
for it in their trading and pricing decisions.
As a proxy for investor information, we consider the transactions-based portfolio performance of
the institutional traders in Ancerno. Following Seasholes and Zhu (2010), we estimate a given
investor’s performance with a calendar-time portfolio approach as follows. Whenever an investor buys
(sells) a stock, we place the same number of shares in our calendar-time “Buy” (“Sell”) portfolio.
Hence, we generate a time-series of daily buy and sell portfolio returns. Each calendar day, we then
calculate a value-weighted average return of the buy and sell portfolios, as well as the difference
between the two portfolios. For each investor, we regress the “Buy-minus-Sells” portfolio return on the
market and Fama-French factors over a 24 months trailing window, obtaining a time series of portfolio
excess returns (henceforth, “alphas”), estimated with one- and three-factor models. We then compute a
weighted-average alpha across all investors trading a given stock, or stock-level “alpha”, with weights
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proportional to each trader’s daily trading volume (number of shares bought plus shares sold).
We then re-estimate equation (1), splitting the sample based on the information proxy. We report
the results in Table 5. The sample is split on the basis of 𝐶𝐴𝑃𝑀_𝐴𝑙𝑝ℎ𝑎 (in Columns (1) – (2)) and on the
basis of 𝐹𝐹3𝐹_𝐴𝑙𝑝ℎ𝑎 (in Columns (3) – (4)).
The results show that the effects are concentrated among the more informed investors. Indeed, the
effect of 75% return sensitivity drop of Republican stocks mainly concentrates on the cases in which the
stocks are traded by investors with higher one-factor (three-factor) alpha. In contrast, there is no effect
when the stocks are traded by less informed investors. These results are consistent with our
expectations and suggest that the perceived bias mostly affects the informed investors in the market,
while it does not impact the less informed ones.

B. Long-Term Investors
Next, we focus on investment horizon. We expect that long-term investors should be less affected by
biases in executing their long-term portfolio strategies, and should thus more likely compensate for any
political bias in DJNW reporting in their trading and pricing decisions. We define investor horizon as a
function

of

trading

frequency

using

the

trades

reported

in

Ancerno:

the

variable

𝑆𝑡𝑜𝑐𝑘_𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 measures the frequency at which the typical investor trades a given stock. It
is the weighted average of the number of times that the institutional investors trade on a given stock,
over the entire period preceding the News Corp. acquisition (𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 = 0). We also define
𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 in similar terms, aggregating at the industry (Fama-French 12 Industry
classification) level. We classify investors with below median value of trading frequency as long-term
investors.
We then re-estimate equation (1), splitting the sample based on the investor horizon proxy. We
report the results in Table 6. We split the sample on the basis of 𝑆𝑡𝑜𝑐𝑘_𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 (in Columns
(1) – (2)), and on the basis of the 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 (in Columns (3) – (4)). The results show
that the effects are concentrated among the long-term investors, i.e., investors with lower trading
frequency. Again, these results are consistent with our expectations and suggest that the perceived bias
mostly affects long-term investors.
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C. Politically Affiliated Investors
Finally, we directly focus on the type of political affiliation of the traders. We ask whether the effect
comes from just Democrats becoming less responsive to DJNW reporting, which they perceive as
biased (and therefore offsetting “Republican” trades), or rather both Republicans and Democrats react
in the same way. We therefore use the same approach as in the previous regressions, and we sort
investors as a function of their political orientation. However, given the limited subsample of Ancerno
traders for which we are able to find information on their political contribution, we use a different
approach quantify the color of the political affiliation of the investors. To proxy for political affiliation
of the investors, we condition the nature of the majority of the firm’s shareholder base: institutional
investors or retail investors.
For firms with institutional ownership larger than 50%, the sample is split on the basis of the tilt in
political contributions of the institutional investors from Thomson Reuters 13F filings. We define a
variable 𝐼𝑛𝑠_𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 as the share-weighted average difference between the political contributions to
the Republican Party and to the Democrat Party (scaled by the total contributions to both) of the firm's
institutional investors.
For firms with institutional ownership less than 50%, the sample is split on the basis of tilt in
political voting of the retail investors in the area. We define a variable 𝑆𝑡𝑎𝑡𝑒_𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛, as the
difference between the vote percentage to the Republican Party and to the Democrat Party in the firm's
headquartered state in each Presidential Election Cycle. Then, we re-estimate the previous specification
by splitting the sample as a function of the orientation of the main investors.
We report the results in Table 7. The sample is restricted to firms with institutional ownership less
than 50% in Columns (1) – (2) and firms with institutional ownership larger than 50% in Columns (3) –
(4). The results show that, if we focus on the firms with institutional ownership above median, the
effect is concentrated among Democrat investors, suggesting that it is Democrat investors that discount
the news sentiment of Republican firms. It is important to mention that, as a robustness check, we have
repeated the analysis of this section by replacing returns with investor trades as a dependent variable.
The (unreported) results are similar in the sense that the effect comes from Democrat institutional
investors counteracting the perceived bias of the channel.
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2.5. Investor Behavior
We now directly investigate whether the perceived political bias affects investor behavior, focusing on
the institutional investor trading reported in Ancerno. More specifically, we estimate:
𝑇𝑟𝑎𝑑𝑒−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 ×
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽5 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽6 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 +
𝛽7 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡 ,

(3)

where the dependent variable is a proxy for the trading of the institutional investors. We consider
several alternative proxies for it: 𝑁𝑒𝑡_𝐵𝑢𝑦𝑒𝑟, i.e., a net buyer indicator defined as 1 if 3-day cumulative
value of shares purchased by investors is larger than 3-day cumulative value of shares sold, and
𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒, i.e., a 3-day cumulative value of shares purchased by investors minus the 3-day
cumulative value of shares sold, scaled by the sum of 3-day cumulative value of shares bought and
sold. 3-day cumulative value of shares bought (sold) is computed as the sum of daily dollar amount of
shares bought (sold) over 1 day before to 1 day after the news release date. 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the DJNW
sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, with all the other variables defined as before.
The results are reported in Table 8. In Columns (1) – (2), the dependent variable is 𝑁𝑒𝑡_𝐵𝑢𝑦𝑒𝑟, and
in Columns (3) – (4), the dependent variable is 𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒. The results show that after the
event, the sensitivity of investors trading (i.e. trading imbalance) to news sentiment on average drops
by 35% less for Republican than for Democrat stocks (i.e. the sensitivity drop is 97% for Republican
stocks and 62% for Democrat stocks). This supports the sterilization hypothesis as it shows that on
average the market reacts less to positive sentiment news on Republican stocks when they are
intermediated by a perceived biased channel.

2.6. Is There a Political Bias in DJNW?
Overall, the previous findings show that the market reacts to a perceived bias induced by Murdoch’s
acquisition in the direction of offsetting it. To be able to pass a judgment of what this implies for the
financial markets, we need to know whether the bias was real or just a perceived bias. Indeed, we can
think of market efficiency only if the market neutralizes an existing, material bias. In contrast, if the
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market overreacts to a perceived bias, it would in fact be inefficient. More specifically, if the bias is just
perceived and not real, our results would be suggesting that media analytics and media providers alter
investor behavior not because of what they do, but because of what the market thinks they do. This has
potentially distortionary effects.
To investigate this question, we test whether the event changed the bias of the media channel. We
therefore regress the difference between Dow Jones Newswire sentiment, 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, and other
sentiment measures on the event indicator 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 , the firm political orientation variable,
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛, and their interaction term. We estimate:
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 + 𝛽2 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽3 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 +
𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡 ,

(4)

The dependent variable is either DJNW sentiment score 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, or the difference between it and
some other sentiment indicators. We consider as alternative indicators, i.e., the sentiment based on
analysts’ earnings forecasts (𝑆𝑈𝐸), the sentiment based on Financial Times, the sentiment based on
Reuters News. The Financial Times (or the Reuters News) sentiment is constructed as 𝐹𝑇_𝑆𝑐𝑜𝑟𝑒 (or
𝑅𝑁_𝑆𝑐𝑜𝑟𝑒), defined as the decile value of the (𝑃 − 𝑁)/(𝑃 + 𝑁), where 𝑃 and 𝑁 are the fraction of
positive (negative) words in the Financial Times (or the Reuters News) news pieces on firm 𝑖 on date 𝑡,
as retrieved from Factiva. All the regressions include the same set of firm controls and fixed effects.
We report the results in Table 8. In Column (1), the dependent variable is DJNW sentiment,
𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡. In Columns (2) – (4), the dependent variable is the difference between DJNW sentiment
𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 and 𝑆𝑈𝐸 (Column (2)), the Financial Times sentiment 𝐹𝑇_𝑆𝑐𝑜𝑟𝑒 (Column (3)), the Reuters
News sentiment 𝑅𝑁_𝑆𝑐𝑜𝑟𝑒 (Column (4)). We find that the coefficient of the interaction term is not
significant. That is, the evidence rejects the notion that the change in ownership in the Dow Jones &
Company affected its reporting sentiment about Republican firms. This suggests that the change in
political tilt of Dow Jones was not in fact real, but just a change in perceived political bias.

2.7. Conclusions
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We study the stock market’s reaction to a perceived political bias in the media. We exploit a unique
experiment, shifting the market’s perception of media bias: the December 2007 acquisition of Dow
Jones Newswires by News Corporation. The public, and potentially the market, perceived the
acquisition as introducing a political bias in the traditionally unbiased Dow Jones. At the same time,
the acquisition is unrelated to the companies Dow Jones covers, or their characteristics, providing us
with a relatively clean testing environment.
Our findings show that investors respond to the acquisition as if it introduced a bias. The stock
price’s sensitivity to the sentiment of news reported by Dow Jones Newswire (DJNW) drops by 75%
following December 2007, for “Republican” firms (making larger contributions to the Republican
party). This effect is restricted to DJNW news, and is not detectable in alternative sources of news for
the market, such as press releases or earnings surprises. Furthermore, the effect is stronger for stocks
traded by more profitable institutional investors, long-term investors, as well as when the investors
themselves more likely have a Democrat political orientation. Evidence from daily mutual fund trading
data confirm these findings, suggesting that institutional investors incorporate the perceived media
bias in their trading decisions. Surprisingly, however, we find no evidence that the News Corp.
acquisition introduced any material bias in DJNW reporting.
These findings have important normative and positive implications. On the one hand, they show
that the market on average tends to counteract a political bias in the media channel. One the other
hand, they also show that the reaction is related to a perceived, as opposed to an actual, bias.
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Figure 1: Corporate Contributions to the Democrat and Republican Parties, 2000-2012
The graph reports the yearly total corporate contributions ($ millions) to the Democrat and Republican
parties over our sample period. Corporate contribution data are retrieved from the Federal Election
Commission (FEC) detailed files.
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Figure 2: Number of Democrat and Republican Corporate Contributors, 2000-2012
The graph reports the yearly total number of corporate contributors to the Democrat and Republican
parties over our sample period. Corporate contribution data are retrieved from the Federal Election
Commission (FEC) detailed files. We define a corporation as a Democrat contributor if its total
contributions to the Democrat party are larger than its contributions to the Republican Party, and vice
versa for Republican contributors.
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Table 1: Summary Statistics
Panel A presents the summary statistics of the main variables in our sample. Panel B presents the
summary statistics for the Compustat universe. Panel C presents the average value of the main
variables for Republican and Democrat firms, as well as a t-test of the difference in the characteristics
between the two groups. All variables are defined in the Appendix.

Variable

Panel A: Summary Statistics for Main Variables in the Sample
Std.
25th
50th
75th
Mean
Min
Dev.
Pct.
Pct.
Pct.
(1)

(3)

(4)

(5)

(6)

(7)

Political Orientation Variables
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
0.1805
0.4377
𝐼𝑛𝑠_𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
0.0028
0.2248
𝑆𝑡𝑎𝑡𝑒_𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
-0.0497
0.1636

-1.0000
-1.0000
-0.8592

-0.0691
-0.1581
-0.1774

0.1844
-0.0107
-0.0668

0.4611
0.1948
0.0820

1.0000
1.0000
0.4788

Sentiment Variables
𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
0.5377
𝑆𝑈𝐸 (%)
0.0393

0.2922
0.8037

0.1000
-4.878

0.3000
-0.0129

0.5000
0.0504

0.8000
0.1955

1.0000
2.9573

Firm Characteristics
𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒
0.2588
𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒 ($bn)
36.0089
𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡
0.6321
𝑅𝑂𝐴
0.0434
𝐶𝐴𝑅−11,−2
-0.0003
𝐶𝐴𝑅−1,1
-0.0002

0.1767
59.5007
0.5513
0.0847
0.0632
0.0377

0.0000
0.0029
0.0367
-1.9855
-0.2050
-0.1325

0.1281
3.7257
0.2914
0.0109
-0.0307
-0.0165

0.2372
13.3908
0.4903
0.0405
-0.0005
-0.0005

0.3559
38.2262
0.8130
0.0834
0.0297
0.0157

0.8767
504.2396
8.5657
0.3653
0.2135
0.1343

Trading Measures
𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒

0.6270

-1.0000

-0.5349

0.0284

0.5876

1.0000

0.0233

(2)

Max
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Table 1: Summary Statistics – continued
Panel B: Summary Statistics of Main Variables in Compustat Universe
Std.
25th
50th
75th
Variable
Mean
Min
Dev.
Pct.
Pct.
Pct.
𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒
𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒 ($bn)
𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡
𝑅𝑂𝐴

Max

(1)

(2)

(3)

(4)

(5)

(6)

(7)

0.2087
3.6539
0.7842
-0.0555

0.2069
16.2934
0.7811
0.3026

0.0000
0.0000
0.0367
-3.1634

0.0207
0.0742
0.3406
-0.0350

0.1576
0.3017
0.5892
0.0156

0.3316
1.3243
0.9525
0.0614

0.8767
626.5504
8.5657
0.3653

Panel C: Mean of Main Variables for Republican and Democrat Firms
Variable
Republican Firms
Democrat Firms
t-stat (Rep – Dem)
𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒
𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒 ($bn)
𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡
𝑅𝑂𝐴

(1)

(2)

(3)

0.2568
33.5418
0.6428
0.0470

0.2605
38.1163
0.6232
0.0402

(-0.37)
(-0.75)
(0.66)
(1.68)
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Table 2: Stock return reaction to DJNW sentiment around NewsCorp takeover
The table reports the estimates of:
𝐶𝐴𝑅−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡
+ 𝛽5 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽6 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽7 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟
× 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡
The dependent variable is the 3-day cumulative abnormal return around the news release date,
computed by summing the daily abnormal returns (stock return minus the expected return estimated
from the Fama-French three-factor model) over 1 day before to 1 day after the news release date.
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the Dow Jones Newswire sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, the decile value of an average Event
Sentiment Score (ESS) of all non-press release articles in Dow Jones Newswire on firm 𝑖 on date 𝑡,
provided by RavenPack. 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is a proxy for the firm's political orientation, equal to the firm's
contributions to the Republican party minus its contributions to the Democrat party, divided by the
total contributions to both parties. 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator variable equal to one starting from the
completion day of the News Corporation takeover in December 14 2007, and zero prior to that date.
The set of controls includes log(𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒, 𝑅𝑂𝐴, and 𝐶𝐴𝑅−11,−2 , and
date fixed effects or firm fixed effects. In all specifications the t-statistics are based on standard errors
clustered by date. The symbols *, **, and *** denote statistical significance at 10%, 5%, and 1% level.

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

Controls
Date fixed effects
Firm fixed effects
𝑅2
N

(1)

(2)

(3)

(4)

0.0142***
(32.29)
-0.0009*
(-1.85)
0.0041***
(11.63)
-0.0080***
(-13.72)
0.0009
(1.04)
0.0029***
(4.16)
-0.0034***
(-2.94)

0.0142***
(32.27)
-0.0010**
(-2.06)
0.0040***
(11.17)
-0.0080***
(-13.68)
0.0009
(1.06)
0.0029***
(4.20)
-0.0033***
(-2.91)

0.0153***
(33.08)
-0.0008
(-1.57)

0.0157***
(32.90)
-0.0009*
(-1.67)

-0.0091***
(-15.25)
0.0009
(1.11)
0.0022***
(3.16)
-0.0031***
(-2.71)

-0.0094***
(-15.4)
0.0008
(0.93)
0.0028***
(3.72)
-0.0030***
(-2.62)

No
No
No
0.007
367,733

Yes
No
No
0.007
367,733

Yes
Yes
No
0.023
367,733

Yes
Yes
Yes
0.028
367,732
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Table 3: Sorted by firms’ political orientation and news sentiment
The table reports the estimates of:
𝐶𝐴𝑅−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡
The dependent variable is the 3-day cumulative abnormal return around the news release date,
computed by summing the daily abnormal returns (stock return minus the expected return estimated
from the Fama-French three-factor model) over 1 day before to 1 day after the news release date.
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the Dow Jones Newswire sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, the decile value of an average Event
Sentiment Score (ESS) of all non-press release articles in Dow Jones Newswire on firm 𝑖 on date 𝑡,
provided by RavenPack. 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is a proxy for the firm's political orientation, equal to the firm's
contributions to the Republican party minus its contributions to the Democrat party, divided by the
total contributions to both parties. 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator variable equal to one starting from the
completion day of the News Corporation takeover in December 14 2007, and zero prior to that date. All
regressions include log(𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒, 𝑅𝑂𝐴, 𝐶𝐴𝑅−11,−2 , as well as date
fixed effects, and firm fixed effects. In Panel A, we sort the sample by news sentiment. In Panel B, we
sort the sample by firms’ political orientation. In Panel C, we sort the sample by firms’ political
orientation and news sentiment. A firm is defined as a Republican firm if the 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 variable is
above the median, and as a Democrat firm otherwise. News is classified as having good sentiment if
the average sentiment score (ESS) is above 50, and as having bad sentiment otherwise. The t-statistics
are based on standard errors clustered by date. The symbols *, **, and *** denote statistical significance
at 10%, 5%, and 1% level.
Panel A: Sorted by News Sentiment
Bad Sentiment
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡

Controls
Date and firm fixed effects
𝑅2
N

Good Sentiment

(1)

(2)

(3)

(4)

0.0069***
(4.66)
-0.0059***
(-2.85)

0.0070***
(4.69)
-0.0057***
(-2.71)

0.0169***
(25.76)
-0.0037***
(-3.80)

0.0166***
(25.32)
-0.0036***
(-3.63)

No
Yes
0.058
140,880

Yes
Yes
0.059
140,880

No
Yes
0.038
226,929

Yes
Yes
0.039
226,929
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Table 3: Sorted by firms’ political orientation and news sentiment – continued
Panel B: Sorted by Firms’ Political Orientation
Democrat Firms
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡

Controls
Date and firm fixed effects
𝑅2
N

Republican Firms

(1)

(2)

(3)

(4)

0.0153***
(27.92)
-0.0091***
(-12.58)

0.0153***
(27.99)
-0.0092***
(-12.66)

0.0165***
(30.28)
-0.0105***
(-14.59)

0.0165***
(30.23)
-0.0104***
(-14.51)

No
Yes
0.036
183,292

Yes
Yes
0.037
183,292

No
Yes
0.042
184,522

Yes
Yes
0.043
184,522

Panel C: Sorted by Firms’ Political Orientation and News Sentiment
Bad Sentiment
Good Sentiment
Democrat
Republican
Democrat
Republican
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡

Controls
Date and firm fixed effects
𝑅2
N

(1)

(2)

(3)

(4)

0.0077***
(3.51)
-0.0059**
(-2.00)

0.0052**
(2.57)
-0.0031
(-1.06)

0.0157***
(17.00)
-0.0012
(-0.92)

0.0177***
(20.21)
-0.0062***
(-4.69)

Yes
Yes
0.092
69,747

Yes
Yes
0.09
71,055

Yes
Yes
0.055
113,497

Yes
Yes
0.061
113,425
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Table 4: Stock return reaction to Dow Jones Newswire press release sentiment and earnings
surprise around the takeover
The table reports the estimates of:
𝐶𝐴𝑅−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡
+ 𝛽5 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽6 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽7 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟
× 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡
The dependent variable is the 3-day cumulative abnormal return around the news release date (in
Column (1)) or around the earnings announcement date (in Columns (2) – (4)), computed by summing
the daily abnormal returns (stock return minus the expected return estimated from the Fama-French
three-factor model) over 1 day before to 1 day after the event date. In Column (1), 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the
press release sentiment 𝑃𝑅_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, the decile value of an average Event Sentiment Score (ESS) of all
press release articles in Dow Jones Newswire on firm 𝑖 on date 𝑡, provided by RavenPack. In Columns
(2) – (4), 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the Standardized Unexpected Earnings (SUE), defined as the difference between
actual earnings and the median analyst forecast, scaled by the stock price, provided by IBES.
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is a proxy for the firm's political orientation, equal to the firm's contributions to the
Republican party minus its contributions to the Democrat party, divided by the total contributions to
both parties. 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator variable equal to one starting from the completion day of
the News Corporation takeover in December 14 2007, and zero prior to that date. All regressions
include the set of firm controls (log(𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒, 𝑅𝑂𝐴, 𝐶𝐴𝑅−11,−2 ), date
fixed effects and firm fixed effects. The sample consists of the intersection between the
CRSP/Compustat merged database and Ravenpack (Columns (1)) or IBES (Columns (2)-(4)) and the set
of firms with available political contribution data, over the period 2000-2012. In all specifications the tstatistics are based on standard errors clustered by date. The symbols *, **, and *** denote statistical
significance at 10%, 5%, and 1% level.
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Table 4: Stock return reaction to Dow Jones Newswire press release sentiment and earnings
surprise around the takeover – continued
Press
Release
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

Controls
Date and firm fixed effects
𝑅2
N

Standardized Unexpected Earnings
Full
Negative
Positive

(1)

(2)

(3)

(4)

0.0035***
(5.42)
0.0002
(0.30)
0.0014
(1.48)
0.0005
(0.43)
0.0014
(1.15)
-0.0016
(-0.78)

0.0221***
(11.70)
-0.0001
(-0.06)
-0.0026
(-1.12)
0.0027
(0.89)
0.0037
(1.27)
0.0008
(0.21)

0.0097***
(3.06)
0.0000
(0.00)
-0.0042
(-1.15)
0.0016
(0.38)
0.0097
(1.64)
0.0044
(0.79)

0.0265***
(6.14)
-0.0029
(-1.01)
0.0039
(0.81)
0.003
(0.41)
0.003
(0.75)
0.0035
(0.41)

Yes
Yes
0.045
117,350

Yes
Yes
0.215
17,489

Yes
Yes
0.349
5,841

Yes
Yes
0.268
10,927
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Table 5: Sorted by institutional investors' alphas
The table reports the estimates of:
𝐶𝐴𝑅−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡
+ 𝛽5 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽6 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽7 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟
× 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡
The dependent variable is the 3-day cumulative abnormal return around the news release date,
computed by summing the daily abnormal returns (stock return minus the expected return estimated
from the Fama-French three-factor model) over 1 day before to 1 day after the news release date.
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the Dow Jones Newswire sentiment DJ_Sentiment, the decile value of an average Event
Sentiment Score (ESS) of all non-press release articles in Dow Jones Newswire on firm 𝑖 on date 𝑡,
provided by RavenPack. 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is a proxy for the firm's political orientation, equal to the firm's
contributions to the Republican party minus its contributions to the Democrat party, divided by the
total contributions to both parties. 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator variable equal to one starting from the
completion day of the News Corporation takeover in December 14 2007, and zero prior to that date. In
Columns (1) – (2), the sample is splitted based on 𝐶𝐴𝑃𝑀_𝐴𝑙𝑝ℎ𝑎, defined as a weighted average of all
institutional investors’ CAPM alphas over the trailing 24 months. The CAPM alpha is the intercept
from a CAPM regression of the transactions-based “Buy-minus-Sells” calendar time portfolio returns
on market’s excess returns. In Columns (3) – (4), the sample is splitted based on 𝐹𝐹3𝐹_𝐴𝑙𝑝ℎ𝑎, defined as
a weighted average of all investors’ Fama-French three-factor alphas over the same period. The FamaFrench three-factor alpha is the intercept from a regression of the transaction-based “Buy-minus-Sells”
calendar time portfolio returns on market’s excess returns, SMB and HML. In all cases, the weight is in
proportion to investors’ daily trading volume (shares bought plus shares sold) on the given stock. All
regressions include the set of firm controls (log(𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒, 𝑅𝑂𝐴,
𝐶𝐴𝑅−11,−2 ), date fixed effects and firm fixed effects. In all specifications the t-statistics are based on
standard errors clustered by date. The symbols *, **, and *** denote statistical significance at 10%, 5%,
and 1% level.
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Table 5: Sorted by institutional investors’ alphas – continued

Investor alphas

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

Controls
Date and firm fixed effects
𝑅2
N

CAPM Alpha
below
above
median
median

FF3F Alpha
below
above
median
median

(1)

(2)

(3)

(4)

0.0152***
(23.05)
-0.0014*
(-1.67)
-0.0103***
(-10.34)
0.0010
(0.78)
0.0027**
(1.98)
-0.003
(-1.44)

0.0162***
(22.73)
-0.0003
(-0.34)
-0.0092***
(-9.23)
-0.0002
(-0.12)
0.0040***
(3.17)
-0.0047**
(-2.31)

0.0154***
(23.78)
-0.0009
(-1.05)
-0.0106***
(-10.79)
0.0008
(0.65)
0.0024*
(1.82)
-0.0029
(-1.37)

0.0162***
(22.51)
-0.0004
(-0.50)
-0.0091***
(-9.00)
-0.0003
(-0.25)
0.0038***
(3.00)
-0.0044**
(-2.13)

Yes
Yes
0.046
134,233

Yes
Yes
0.046
134,884

Yes
Yes
0.046
134,301

Yes
Yes
0.045
134,812
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Table 6: Sorted by institutional investors' trading frequency
The table reports the estimates of:
𝐶𝐴𝑅−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡
+ 𝛽5 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽6 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽7 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟
× 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡
The dependent variable is the 3-day cumulative abnormal return around the news release date,
computed by summing the daily abnormal returns (stock return minus the expected return estimated
from the Fama-French three-factor model) over 1 day before to 1 day after the news release date.
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the Dow Jones Newswire sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, the decile value of an average Event
Sentiment Score (ESS) of all non-press release articles in Dow Jones Newswire on firm 𝑖 on date 𝑡,
provided by RavenPack. 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is a proxy for the firm's political orientation, equal to the firm's
contributions to the Republican party minus its contributions to the Democrat party, divided by the
total contributions to both parties. 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator variable equal to one starting from the
completion day of the News Corporation takeover in December 14 2007, and zero prior to that date. In
Columns (1) – (2), the sample is splitted based on 𝑆𝑡𝑜𝑐𝑘_𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦, defined as a weighted
average of the number of times that the institutional investors trade on the given stock over the News
Corporation pre-merger period (𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 = 0). In Columns (3) – (4), the sample is splitted based
on 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑇𝑡𝑟𝑎𝑑𝑖𝑛𝑔_𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦, defined as a weighted average of the number of times that the
institutional investors trade on the given stock’s industry (Fama-French 12 Industry classification) over
the same period. In all cases, the weight is in proportion to the investor’s daily trading volume (shares
bought + shares sold) on the given stock. All regressions include the set of firm controls
(log(𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒, 𝑅𝑂𝐴, and 𝐶𝐴𝑅−11,−2 ), date fixed effects and firm fixed
effects. In all specifications the t-statistics are based on standard errors clustered by date. The symbols
*, **, and *** denote statistical significance at 10%, 5%, and 1% level.
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Table 6: Sorted by institutional investors' trading frequency – continued

Stock trading frequency
Investor trading frequency

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

Controls
Date and firm fixed effects
𝑅2
N

Industry trading
frequency
below
above
median
median

below
median

above
median

(1)

(2)

(3)

(4)

0.0214***
(24.77)
-0.0027***
(-2.80)
-0.0149***
(-14.25)
0.0031**
(2.06)
0.0052***
(4.16)
-0.0063***
(-3.14)

0.0131***
(21.98)
0.0002
(0.33)
-0.0119***
(-9.42)
-0.0008
(-0.67)
0.0001
(0.06)
0.0000
(-0.01)

0.0178***
(20.85)
-0.0024**
(-2.25)
-0.0116***
(-11.26)
0.0020
(1.23)
0.0051***
(3.95)
-0.0057***
(-2.78)

0.0149***
(24.77)
0.0002
(0.32)
-0.0101***
(-7.47)
-0.0004
(-0.34)
0.0017
(0.89)
-0.0031
(-1.01)

Yes
Yes
0.051
131,660

Yes
Yes
0.042
132,949

Yes
Yes
0.049
135,058

Yes
Yes
0.05
133,659
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Table 7: Sorted by investors' political orientation
The table reports the estimates of:
𝐶𝐴𝑅−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡
+ 𝛽5 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽6 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽7 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟
× 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡
The dependent variable is the 3-day cumulative abnormal return around the news release date,
computed by summing the daily abnormal returns (stock return minus the expected return estimated
from the Fama-French three-factor model) over 1 day before to 1 day after the news release date.
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the Dow Jones Newswire sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, the decile value of an average Event
Sentiment Score (ESS) of all non-press release articles in Dow Jones Newswire on firm 𝑖 on date 𝑡,
provided by RavenPack. 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is a proxy for the firm's political orientation, equal to the firm's
contributions to the Republican party minus its contributions to the Democrat party, divided by the
total contributions to both parties. 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator variable equal to one starting from the
completion day of the News Corporation takeover in December 14 2007, and zero prior to that date.
The sample is restricted to firms with institutional ownership less than 50% in Columns (1) – (2) and
firms with institutional ownership larger than 50% in Columns (3) – (4). For firms with institutional
ownership larger than 50%, the sample is splitted based on 𝐼𝑛𝑠_𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛, defined as the shareweighted average difference between the political contributions to the Republican Party and to the
Democrat Party (scaled by the total contributions to both) of the firm's institutional investors. For firms
with institutional ownership less than 50%, the sample is splitted based on 𝑆𝑡𝑎𝑡𝑒_𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛, defined
as the difference between the vote percentage to the Republican Party and to the Democrat Party in the
firm's headquartered state in each Presidential Election Cycle. All regressions include the set of firm
controls (log(𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒, 𝑅𝑂𝐴, and 𝐶𝐴𝑅−11,−2 ), date fixed effects and
firm fixed effects. In all specifications the t-statistics are based on standard errors clustered by date. The
symbols *, **, and *** denote statistical significance at 10%, 5%, and 1% level.
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Table 7: Sorted by investors' political orientation – continued

Investors' Political Orientation based on

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

Controls
Date and firm fixed effects
𝑅2
N

Firms with institutional
ownership<=50%
Election Voting Results
in Firms’ State
below
above
median
median

Firms with institutional
ownership>50%
Institutional Investors’
Contribution
below
above
median
median

(1)

(2)

(3)

(4)

0.0248***
(12.73)
0.0005
(0.16)
-0.0175***
(-6.49)
-0.0062
(-1.56)
-0.0002
(-0.05)
0.0030
(0.57)

0.0172***
(8.14)
0.0028
(1.28)
-0.0106***
(-3.44)
-0.0059*
(-1.95)
-0.0017
(-0.54)
0.0046
(0.91)

0.0123***
(17.51)
-0.0015
(-1.57)
-0.0059***
(-6.62)
0.0016
(1.09)
0.0045***
(3.81)
-0.0058***
(-3.10)

0.0157***
(23.30)
-0.0008
(-1.01)
-0.0109***
(-12.93)
0.0015
(1.18)
0.0008
(0.72)
-0.0002
(-0.09)

Yes
Yes
0.170
21,540

Yes
Yes
0.194
22,203

Yes
Yes
0.037
161,627

Yes
Yes
0.049
157,990
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Table 8: Institutional investors’ trading around the takeover
The table reports the estimates of:
𝑇𝑟𝑎𝑑𝑒−1,1 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 + 𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽3 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽4 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡
+ 𝛽5 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽6 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝛽7 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟
× 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡 + 𝜀𝑖𝑡
In Columns (1) – (2), the dependent variable is 𝑁𝑒𝑡_𝐵𝑢𝑦𝑒𝑟, a net buyer indicator defined as 1 if 3-day
cumulative value of shares purchased by investors is larger than 3-day cumulative value of shares sold.
In Columns (3) – (4), the dependent variable is 𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒. It is defined as 3-day cumulative
value of shares purchased by investors minus the 3-day cumulative value of shares sold, scaled by the
sum of 3-day cumulative value of shares bought and sold. 3-day cumulative value of shares bought
(sold) is computed as the sum of daily dollar amount of shares bought (sold) over 1 day before to 1 day
after the news release date. 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the Dow Jones Newswire sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡, the decile
value of an average Event Sentiment Score (ESS) of all non-press release articles in Dow Jones
Newswire on firm 𝑖 on date 𝑡, provided by RavenPack. 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is a proxy for the firm's political
orientation, equal to the firm's contributions to the Republican party minus its contributions to the
Democrat party, divided by the total contributions to both parties. 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator
variable equal to one starting from the completion day of the News Corporation takeover in December
14 2007, and zero prior to that date. The set of controls includes log(𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡),
𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒, 𝑅𝑂𝐴, 𝐶𝐴𝑅−11,−2 , as well as date fixed effects or firm fixed effects. In all specifications the tstatistics are based on standard errors clustered by date. The symbols *, **, and *** denote statistical
significance at 10%, 5%, and 1% level.
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Table 8: Institutional investors’ trading around the takeover – continued
Net Buyer
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

Controls
Date and firm fixed effects
𝑅2
N

Trading Imbalance

(1)

(2)

(3)

(4)

0.0117*
(1.93)
-0.0067
(-0.92)
-0.0069
(-0.89)
0.0285**
(2.50)
0.0027
(0.28)
-0.0422***
(-2.75)

0.0119*
(1.96)
-0.0072
(-1.00)
-0.007
(-0.90)
0.0281**
(2.47)
0.0038
(0.39)
-0.0411***
(-2.68)

0.0250***
(3.00)
-0.0044
(-0.44)
-0.0180*
(-1.77)
0.0294*
(1.87)
-0.0019
(-0.15)
-0.0430**
(-2.11)

0.0251***
(3.03)
-0.0054
(-0.54)
-0.0180*
(-1.78)
0.0289*
91.84)
-0.0002
(-0.01)
-0.0415**
(-2.03)

No
Yes
0.035
312,572

Yes
Yes
0.036
312,572

No
Yes
0.046
312,572

Yes
Yes
0.047
312,572
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Table 9: Sentiment change around the takeover
The table reports the estimates of:
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑖𝑡 = 𝛼 + 𝛽1 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 + 𝛽2 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝛽3 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 × 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛𝑖𝑡 + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡
+ 𝜀𝑖𝑡
In Column (1), the dependent variable is Dow Jones Newswire Sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡. In Columns
(2) – (4), the dependent variable is the difference between 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 and IBES SUE (Column (2)),
the Financial Times Sentiment 𝐹𝑇_𝑆𝑐𝑜𝑟𝑒 (Column (3)), the Reuters News Sentiment 𝑅𝑁_𝑆𝑐𝑜𝑟𝑒 (Column
(4)). Dow Jones Newswire Sentiment 𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 is the decile value of an average Event Sentiment
Score (ESS) of all non-press release articles in Dow Jones Newswire on firm 𝑖 on date 𝑡, provided by
RavenPack. SUE (Standardized Unexpected Earnings) is the decile value of the difference between
actual earnings and the median analyst forecast, scaled by the stock price, provided by IBES. The
Financial Times (or the Reuters News) Sentiment is 𝐹𝑇_𝑆𝑐𝑜𝑟𝑒 (or 𝑅𝑁_𝑆𝑐𝑜𝑟𝑒), defined as the decile value
of the (𝑃 − 𝑁)/(𝑃 + 𝑁), where 𝑃 and 𝑁 are the fraction of positive (negative) words in the Financial
Times (or the Reuters News) news pieces on firm 𝑖 on date 𝑡, as retrieved from Factiva. 𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 is a
proxy for the firm's political orientation, equal to the firm's contributions to the Republican party
minus its contributions to the Democrat party, divided by the total contributions to both parties.
𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟 is an indicator variable equal to one starting from the completion day of the News
Corporation takeover in December 14 2007, and zero prior to that date. All regressions include the set
of firm controls (log(𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒), log(𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡), 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒 , 𝑅𝑂𝐴, and 𝐶𝐴𝑅−11,−2 ), date fixed
effects and firm fixed effects. In all specifications the t-statistics are based on standard errors clustered
by date. The symbols *, **, and *** denote statistical significance at 10%, 5%, and 1% level.
DJNW
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛 × 𝑃𝑜𝑠𝑡_𝑇𝑎𝑘𝑒𝑜𝑣𝑒𝑟

Controls
Date and firm fixed effects
𝑅2
N

DJNW – IBES

DJNW – FT

DJNW – RN

(1)

(2)

(3)

(4)

-0.0037*
(-1.85)
-0.0026
(-0.98)

-0.0007
(-0.07)
-0.0085
(-0.59)

-0.0224
(-0.47)
0.0461
(0.71)

0.0019
(0.10)
0.0013
(0.05)

Yes
Yes
0.131
367,732

Yes
Yes
0.282
16,481

Yes
Yes
0.422
5,052

Yes
Yes
0.288
14,872
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Appendix: Variable Description
Variables
Political Orientation
𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

𝐼𝑛𝑠_𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

Definitions
𝑅𝑒𝑝−𝐷𝑒𝑚

Proxy for a given firm’s political orientation. It is defined as 𝑅𝑒𝑝+𝐷𝑒𝑚,
the difference between the firm’s dollar contribution to the Republican
and the Democrat parties divided by the total contribution to both
parties. Data on firms’ political contributions are retrieved from the
Federal
Election
Commission
(FEC)
detailed
files
(http://www.fec.gov/finance/-disclosure/ftpdet.shtml).
Proxy for the political orientation of the given firm’s representative
institutional investor. It is calculated as ∑ [𝑤𝑖

𝑆𝑡𝑎𝑡𝑒_𝑅𝑒𝑝𝑢𝑏𝑙𝑖𝑐𝑎𝑛

(𝑅𝑒𝑝𝑖 −𝐷𝑒𝑚𝑖 )
𝑅𝑒𝑝𝑖 +𝐷𝑒𝑚𝑖

], where 𝑤𝑖 is a

weight in proportional to investor 𝑖’s share holdings of the firm. Data
on institutional investor share holdings are retrieved from the Thomson
Reuters 13F database. Data on institutional investors’ political
contributions are retrieved from the Federal Election Commission
(FEC)
detailed
files
(http://www.fec.gov/finance/disclosure/ftpdet.shtml).
Proxy for the political orientation of the given firm’s representative
𝑉𝑜𝑡𝑒𝑅𝑒𝑝%−𝑉𝑜𝑡𝑒𝐷𝑒𝑚%
individual investor. It is calculated as
, i.e., the
𝑉𝑜𝑡𝑒𝑅𝑒𝑝%+𝑉𝑜𝑡𝑒𝐷𝑒𝑚%

difference between the vote percentage to the Republican Party and to
the Democrat Party in the firm's headquarter state in each Presidential
Election Cycle. The firm’s headquarter state is retrieved from
Compustat. Data on state-level electoral outcomes are retrieved from
http://uselectionatlas.org/RESULTS/.
Sentiment
𝐷𝐽_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡

𝑃𝑅_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡

𝑆𝑈𝐸

𝐹𝑇_𝑆𝑐𝑜𝑟𝑒

𝑅𝑁_𝑆𝑐𝑜𝑟𝑒

The decile value of an average Event Sentiment Score (ESS) provided by
RavenPack of non-press release articles in Dow Jones Newswire about
a given firm in a given day.
The decile value of the average Event Sentiment Score (ESS) provided by
RavenPack of press releases in the Dow Jones Newswire about a given
firm in a given day.
Standardized Unexpected Earnings. It is computed as the difference
between actual earnings and the median analyst forecast in the 90 days
before the earnings announcement date, scaled by the average stock
price in the previous quarter.
It is computed as (𝑃 − 𝑁)/(𝑃 + 𝑁), where 𝑃 and 𝑁 are the fraction of
positive (negative) words in Financial Times news articles on firm 𝑖 on
date 𝑡, as retrieved from Factiva.
It is computed as (𝑃 − 𝑁)/(𝑃 + 𝑁), where 𝑃 and 𝑁 are the fraction of
positive (negative) words in Reuters Newswire news articles on firm 𝑖
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on date 𝑡, as retrieved from Factiva.
Firm Controls
𝐹𝑖𝑟𝑚_𝑆𝑖𝑧𝑒

𝐵𝑜𝑜𝑘_𝐸𝑞𝑢𝑖𝑡𝑦

𝐵𝑜𝑜𝑘_𝑡𝑜_𝑀𝑎𝑟𝑘𝑒𝑡

𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒

𝑅𝑂𝐴

𝐶𝐴𝑅−11,−2

𝐶𝐴𝑅−1,1

Trading Measures
𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒

𝑁𝑒𝑡_𝐵𝑢𝑦𝑒𝑟

Market value of a given firm’s equity (defined as the product between
the stock price (Compustat item prcc_f ) and common shares
outstanding (Compustat item csho)). To limit the impact of outliers, it is
winsorized at the 1st and 99th percentiles.
Book value of a given firm’s equity (defined as: Stockholder's equity
(Compustat item seq) − Preferred Stock (Compustat item pstkl) +
Balance Sheet Deferred Taxes and Investment Tax Credit (Compustat
item txditc) − Post Retirement Asset (Compustat item prba)). To limit the
impact of outliers, it is winsorized at the 1st and 99th percentiles.
The ratio of the book value of equity over the market value of equity.
To limit the impact of outliers, it is winsorized at the 1st and 99th
percentiles.
The ratio of the firm’s debt (defined as the sum of the short-term debt
(Compustat item dlc) and the long-term debt (Compustat item dltt))
over the book value of total assets (Compustat item at). To limit the
impact of outliers, it is winsorized at the 1st and 99th percentiles.
The ratio of net income (Compustat item ni) over total assets
(Compustat item at). To limit the impact of outliers, it is winsorized at
the 1st and 99th percentiles.
The 10-day cumulative abnormal return from 11 days before to 1 day
before the news release date. On a given day, the abnormal return is
defined with respect to the Fama-French three-factor model, i.e. the
difference between the stock’s return and the expected return estimated
using the Fama-French three-factor model. To limit the impact of
outliers, it is winsorized at the 1st and 99th percentiles.
The 3-day cumulative abnormal return around the news release date.
On a given day, the abnormal return is defined with respect to the
Fama-French three-factor model, i.e. the difference between the stock’s
return and the expected return estimated using the Fama-French threefactor model. To limit the impact of outliers, it is winsorized at the 1st
and 99th percentiles.

It is defined as 3-day cumulative value of shares purchased by
investors minus the 3-day cumulative value of shares sold, scaled by
the sum of 3-day cumulative value of shares bought and sold. Data on
institutional investor trading is retrieved from Ancerno.
The net buyer indicator. It is equal to one if the 3-day cumulative
trading imbalance measure 𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒 is positive, and zero
otherwise. Data on institutional investor trading is retrieved from
Ancerno.
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Other Variables
𝐶𝐴𝑃𝑀_𝐴𝑙𝑝ℎ𝑎

A weighted average 24-month trailing CAPM alpha of all institutional
investors holding a given stock. Weights are in proportion to each
investor’s daily trading volume (shares bought + shares sold) on the
given stock. The CAPM alpha is the intercept from a CAPM regression
of the transaction-based “Buy-minus-Sells” calendar time portfolio
returns on market’s excess returns.
𝐹𝐹3𝐹_𝐴𝑙𝑝ℎ𝑎
A weighted average 24-month trailing Fama-French three-factor alphas
of all institutional investors holding a given stock. Weights are in
proportion to each investor’s daily trading volume (shares bought +
shares sold) on the given stock. The Fama-French three-factor alpha is
the intercept from a regression of the transaction-based “Buy-minusSells” calendar time portfolio returns on market’s excess returns, SMB,
and HML.
𝑆𝑡𝑜𝑐𝑘_𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
A weighted average of the number of times that the institutional
investors trade on a given stock over the News Corporation pre-merger
period. Weights are in proportion to each investor’s daily trading
volume (shares bought + shares sold) on the given stock.
𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦_𝑇𝑟𝑎𝑑𝑖𝑛𝑔_𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 A weighted average of the number of times that the institutional
investors trade on a given stock’s industry (Fama-French 12 Industry
classification) over the News Corporation pre-merger period. Weights
are in proportion to each investor’s daily trading volume (shares
bought + shares sold) on the given stock.
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Chapter 3
Are Investors for Sale? Evidence from Financial Mergers

Coauthors: Alberto Manconi, David Schumacher

Abstract
We study consolidation in the global asset management industry. The merging companies benefit from the
merger via two channels: access to new markets and to new investment expertise. While the performance of
acquiror-affiliated funds deteriorates during the merger process (mainly driven by declining returns in the
acquiror’s main areas of expertise), the target funds’ performance improves. Following the deal, acquiror and
target companies shift the relative intensity of new fund launches towards new distribution markets, generating
higher flows in new funds launched there. In addition, both acquiror- and target-affiliated funds converge in their
portfolio compositions after gaining a common affiliation. Specifically, acquiror (target) funds begin investing in
areas where the target (acquiror) used to invest prior to the merger, and generate outperformance in those newlyentered investments. Our results indicate that mergers allow acquirors to address their deteriorating performance
because they can capture new flows both directly (via target distribution channels) and indirectly (via learning
about new investment areas).

JEL Classification: G15, G23.
Keywords: Financial Mergers, Mutual Funds, Learning, Portfolio Choice, Performance.
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3.1. Introduction
The global mutual fund sector is, at first glance, extremely dispersed: as of 2012, over 130,000 funds
were offered to investors worldwide (around 30,000 are active equity funds). At the same time,
however, the last 10 years have witnessed an increasing concentration in the global asset management
industry: during the period from 2000 to 2013, the assets managed by the top 1% largest fund families
have gone from about 8 times to over 30 times the size of the entire bottom 50% – a 400% increase. This
consolidation wave has been punctuated by a number of high profile asset manager mergers, the
acquisition of Barclays Global Investors by BlackRock Inc. being perhaps the most visible one. Mutual
funds are thus increasingly managed in large investment conglomerates, and the industry is dominated
by a small number of very large management companies.
This raises a series of questions. What are the motives for global asset managers to merge? What
benefits do acquirors hope to generate when undertaking a merger (and at what costs)? Do funds in
these conglomerates follow independent investment strategies, or are their actions coordinated? In
general, will investors be impacted by such mergers, and how?
In this paper, we analyze mergers between global asset managers to answer but a few of these
questions. Combining a worldwide sample of 174 merger deals in the asset management industry over
the period 2000 to 2013 with the FactSet international institutional ownership data, and the
Morningstar database of international mutual funds, we analyze their impact on firm and investment
policies of both acquirors and targets. Specifically, we study the investment performance of funds
impacted by mergers, various firm responses to this performance, and changes in individual funds’
investment policies, to understand the possible rationales and consequences associated with the
mergers.
To structure the analysis, we contrast two opposing views of why mergers between asset
managers may take place. The first view is that mergers take place because the acquiror is seeking to
extract economic gains from the target. These gains could come in two forms: 1) access to new
distribution channels and markets, and 2) access to new investment expertise. For example, in March
2010, Aviva Investors Global Services Ltd (a U.K. firm) acquires River Road Asset Management LLC (a
U.S. firm), with the stated objectives to create “new opportunities to grow third party institutional
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business in North America” and to provide “Aviva Investors with a strategically important US equity
investment capability.” 31 Under this view, a merger is a form of buying access to investors and
ultimately flows – either directly via new distribution channels, or indirectly because of better
investment expertise that improves performance.
The alternative, less benign view states that mergers between asset managers are a manifestation
of agency problems in which the management of acquiring firms is seeking to build empires that do not
create tangible benefits in the post-integration period. This alternative view reflects the tenor of the
literature that mergers, on average, do not create value for the acquirors (e.g. Andrade, Mitchell, and
Stafford (2001); Betton, Eckbo, and Thorburn (2008); Moeller, Schlingemann, and Stulz (2005)).
Our testing environment is especially well suited to confront these two views, for three reasons.
First, using worldwide data allows us fully gauge the empirical relevance of the alleged market
penetration benefits of the mergers. Restricting the attention to US data may fail to capture these
potential benefits. Second, asset management mergers allow us to open the “black box” of corporate
reorganization because we can directly analyze the “production processes” (portfolio choice, fund
launches and liquidation, product pricing via fees) of the individual “business units” (i.e., funds).
Third, by looking at fund flows and performance we can identify, and quantify, synergies without
relying on measures such as stock returns or valuation multiples. Although widely used in the M&A
literature, these are noisy measures of value creation as they combine (over-)payments, synergies, and
likelihood of success of the merger (Barraclough et al. (2013)). In addition, they are associated with the
entire acquiror-plus-target combination, as opposed to individual business units. In contrast, we can
observe merger gains directly as they accrue to a different extent to different funds within the merging
companies.
Our first observation is that fund performance deteriorates for acquiror-affiliated funds during
the merger process, while the performance of target-affiliated funds improves. The average acquiror
fund underperforms by 40 bps to 100 bps per year, depending on the risk-adjustment, in the postmerger period. Deteriorating performance is concentrated in “old” investments, i.e., in country-

From
Aviva’s
archive/xml_022340.html).
31

press

release

(URL:

http://www.avivainvestors.co.uk/consultants/media-centre/2010-
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industrial sectors held prior to the merger, where it reaches up to 110 bps per year. In contrast, targetaffiliated funds, on average, register a 100 bps to 120 bps per year better performance in the postmerger period, driven by strong performance in the target’s core area of expertise.
These initial observations are consistent with both views outlined above. If mergers are a
manifestation of agency problems, it is perhaps not surprising to observe deteriorating performance for
acquiror-affiliated funds following the deal because internal resources are being misallocated in the
process. Alternatively, if acquirors anticipate deteriorating performance, undertaking the merger could
be a response to counter the negative trend. If so, improving performance of target-affiliated funds may
not be caused by the merger but the outcome of the acquirors selecting high-quality targets with
valuable investment ideas. Therefore, to separate the two, we analyze how various firm and investment
policies change around the merger completion date as well.
We first examine the propensity to launch new funds. Overall, the combined acquiror-target
entity launches fewer funds in the post-merger period, consistent with internal consolidation.
However, the propensity to launch new funds is re-allocated towards “new” distribution markets,
where either the acquiror or the target has no presence prior to the merger. In those markets, the family
effectively does not reduce its propensity to offer new products. This hints at a direct benefit from
acquiring the merger – access to new distribution markets.
Indeed, when we analyze fund flows in the post-merger period, we find that newly-created funds
attract higher flows than existing funds. On average, flows to newly-created funds exceed flows to old
funds by 43% of their TNA (or 30 million USD on average) per year in the post-merger period. This
implies net positive flows to newly created funds. For funds that are launched in the new distribution
markets, the effect is even stronger, and nearly twice as large for those under the umbrella of the target
management firm.
At the same time, following the deal, the acquiror company streamlines its menu of existing
funds, and pursues a strategy of more aggressive pricing of the new funds. Around the typical deal, we
observe 2 fund mergers, and the liquidated fund has 16-19% higher fees compared to the receiving
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fund.32 Furthermore, new funds launched under the name of the acquiror company have 9-22% lower
fees than comparable (same style) acquiror funds that existed prior to the deal. In contrast, the target
company does not appear to price its funds more aggressively after the deal.
While the merger provides access to new markets, a second possible benefit could come in the
form of complementary investment expertise between the acquiror and the target. Consistent with this
idea, we find that acquiror funds on average reallocate their portfolios closer to the pre-merger
portfolios of the target funds, and vice versa. These effects are indicative of synergies due to
information exchanges between acquiror and target funds, or simply “learning”.
How does “learning” take place, and for what investments do newly affiliated funds exchange
information? Building on a growing literature on learning on the job and experience as a first-order
driver of fund performance (e.g., Cici, Gehde-Trapp, Goericke, and Kempf (2015), Kempf, Manconi,
and Spalt (2016), and Schumacher (2016)), we decompose portfolio convergence and analyze countryindustrial sector sub-portfolios of the different funds. Continuing with the Aviva-River Road example,
prior to the acquisition, funds in Aviva have no holdings of stocks in U.S. Automobiles, while River
Road funds have a 2% average exposure to them in their portfolios. Following the acquisition, we ask if
Aviva funds begin establishing an exposure to U.S. Automobiles.
This is indeed the case and the episode reflects a general pattern. We decompose acquiror and
target funds’ holdings depending on whether a given industrial sector-country combination was
exclusively represented in the target funds’ portfolios (like U.S. Automobiles in the River Road
portfolios) or in the acquiror funds’ prior to the acquisition. We find that acquiror funds scale down
their exposure to formerly “acquiror exclusive” country-sectors, and increase their exposure to
formerly “target exclusive” country-sectors. In particular, over the 3-year period following the
acquisition, acquiror funds decrease their exposure (net of price appreciation) to acquiror countrysectors by 6% relative to the size of their overall portfolio, and increase their exposure to new countrysectors by 9%. This is consistent with the acquiror exploiting the target’s expertise. Among the target
funds, we see similar effects: They reduce their exposure to target country-sectors by 9%, and increase
The fund merger results are, at the time of writing (July 2015), based on a restricted sample of fund mergers that we have
been able to identify manually. A future draft will report results based on a more extended sample of fund mergers, which we
are currently collecting.
32
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their exposure to new country-sectors by 12%. In sum, we find strong evidence of portfolio
convergence that is broadly indicative of organizational “learning”.
However, portfolio convergence in itself is not conclusive evidence of “learning”. For example,
the merger could lead to increased in-house competition between newly affiliated funds, as it can
create redundancies in the overall fund menu the combined entity offers to investors. This can make
career concerns loom large for mutual fund managers and lead to herding, giving rise to the observed
convergence in portfolio holdings, and possibly increased risk taking (e.g., Chevalier and Ellison (1999),
Kempf and Ruenzi (2008)).
To clarify if the observed changes in investment policies around mergers are indeed evidence of
“learning”, we decompose fund performance. If portfolio changes are due to “learning”, they should
lead to better investment performance. If instead they are just the result of increased competition or
risk-taking, they should lead either to no performance changes, or to worse risk-adjusted performance.
While the performance of acquiror-affiliated funds deteriorates on average, the portion of their
portfolios that converges to the target’s portfolio actually exhibits superior returns. Specifically, the
acquiror funds realize the highest sub-portfolio performance after the merger in newly entered
country-sectors. The outperformance relative to their old country-sectors is about 2% – 2.2% per year,
depending on the benchmark adjustment. This result is almost symmetrical for target funds, which also
register the strongest sub-portfolio performance in newly-entered investments in the acquiror’s areas of
expertise.
Overall, our results indicate that firms engage in mergers to compensate for deteriorating
performance in their old areas of investment expertise, and that both acquiror and target gain market
access following the merger. We speculate that market access and “learning” via information extraction
are the primary drivers of mergers in the global asset management industry. They constitute hitherto
unexplored but measurable sources of synergies.
In a future draft, we will attempt to clarify this conjecture by answering the following questions.
First, is there direct evidence of “learning” via information extraction, e.g., on part of the acquiror from
the target? We are in the process of collecting individual fund manager data to explore if individual
managers from the target begin managing acquiror funds, and if so, which managers “change sides”.
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Second, is it efficient to gain market access or investment expertise via mergers? We plan to use a
matching-sample analysis to explore if these benefits persist when comparing against other active
funds that entered the same markets or were launched in the same markets, but were not part of a
merger. Doing so will allow us to conclude if market access and information extraction via mergers is a
viable (i.e., cost-efficient) strategy for acquiror funds. Also, we will analyze the matching between
acquiror and target in more detail to better understand the choice of target.
We make two main contributions to the literature. First, we contribute to the literature on
conglomeration in asset management and coordination among funds belonging to the same family.
While the literature largely agrees on the presence of “favoritism” and coordination in fund families
and financial conglomerates in general (e.g. Massa (2003), Gaspar, Massa, and Matos (2006), Massa and
Rehman (2008), Chuprinin, Massa, and Schumacher (2015)), the extant evidence is at best
circumstantial, and indirect. In contrast, by looking within fund portfolios we can directly examine the
“production process” of asset managers, and show that the changes in performance occur precisely in
the sub-portfolios consistent with information extraction.
Second, we contribute to the literature on mergers and acquisitions. Our main contribution here is
to open up the “black box” of reorganizations around mergers, highlighting, identifying, and
measuring important sources of value creation: customer access and the transfer of knowledge and
expertise between the target and the acquiror. This is important not least because the literature on
mergers and acquisitions has often found that merger gains predominantly accumulate to target
shareholders. In contrast, Andrade, Mitchell, and Stafford (2001) point out that identifying what
benefits accrue to acquirors in return has been a thorny issue in the literature. Our set up using mergers
between international asset managers directly speaks to this question, and our empirical strategy
allows us to identify such benefits to acquiror firms.
The paper proceeds as follows. Section 3.2 describes our main data sources and sample
characteristics. Section 3.3 presents preliminary evidence on fund performance around the merger
event. Section 3.4 analyzes firm responses in terms of product launches, fund mergers, flows and
pricing. Section 3.5 analyzes portfolio changes around asset manager mergers and the performance
impact associated with these changes. A brief conclusion follows.
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3.2. Data
Our analysis combines information from a range of data sources: SDC Platinum and Zephyr Mergers
and Acquisitions databases, FactSet Ownership institutional holdings, the Morningstar Global
database, section Global open-end funds, as well as international stock return data from Thomson
Datastream and balance sheet information from WorldScope.
The starting point of our analysis is a sample of mergers between asset managers around the
world, retrieved from the SDC Platinum and Zephyr-Bureau van Dijk Mergers and Acquisitions
databases. Both databases claim to offer comprehensive coverage on M&A deals around the world.
Both databases provide information on acquiror and target identity, deal announcement date and
structure, and source of the information. SDC and Zephyr are complementary: SDC has a longer
history and broader coverage for U.S. deals, Zephyr for non-U.S. deals. Due to constraints on the
availability of institutional investors stock holdings data from FactSet Ownership database (see below),
we consider deals completed after 2000 and up to 2013.
Following Kacperczyk and Hong (2010), we restrict the attention to deals in which both the
acquiror and the target belong to the financial industry (SIC code 6211, “Investment commodity firms,
dealers, and exchanges”), and in which the acquiror controls less than 50% of the target’s share before
and more than 50% after the deal.
We merge the M&A deals with the FactSet ownership database by manually screening acquiror
and target names. FactSet reports security-level holdings for mutual funds (as well as a variety of other
entities, e.g. insurance, closed-end, and pension funds, excluded from our analysis) and the
organizational structure in which a fund is managed (its portfolio management company and that
firms’ ultimate parent company). Ferreira and Matos (2008) describe the database in detail. Wherever
possible, we match the acquiror or target in the M&A deals data directly to a management company in
FactSet. In a number of deals, ultimate parents are directly involved in the merger: for example, in July
2001, Bank of America Corp. (parent company) takes over Marsico Capital Management LLC
(management company). In all such cases, all management companies associated with Bank of America
Corp. are treated as acquirors, and their funds as acquiror funds (and likewise, reversing roles, when
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the target is in turn a parent company). These filters result in a final sample of 174 deals that form the
main sample of the analysis.
For some parts of the analysis, we analyze changes in investment behavior. In those cases, we
impose additional filters which results in a smaller subsample for some tests. Specifically, we require
that portfolio holdings information is available in the FactSet database for both the merging asset
managers at least one year prior to the acquisition completion date. The holdings data are reported at
the semi-annual frequency for about 50% of the entities in FactSet and at quarterly frequency for about
40%. The remaining 10% report mostly at a higher frequency, e.g., monthly, with a few entities only
reporting annually. Following Chuprinin, Massa, and Schumacher (2015), we focus on semi-annual
holdings information throughout the analysis, to maximize coverage.
To obtain data on fund performance, we match FactSet to the Global Open-End funds section of
the Morningstar Direct mutual fund database. From Morningstar, we obtain monthly fund returns,
fees, information on share classes and other fund characteristics such as the investment style of the
fund.33
In our main sample, when we analyze fund performance during the merger process, fund
launches, flows and fees, we impose only minimal filters on the sample. We only require available data
for both bidder and target prior to the merger, and we include all investment objectives and fund types
in the analysis.
When we analyze portfolio holdings, we restrict the attention to open-ended, actively managed
mutual funds.34 We further require that our sample funds are classified as “Equity” by Morningstar (or
have at least 80% of their total net assets (TNA) in equity if the Morningstar identifier is missing), and
that their TNA is at least $5 million, to attenuate any potential incubation bias (Fama and French
(2010)). Finally, to complement the holdings information and to construct benchmark portfolios, we
download stock price and accounting information on all stocks in our dataset from Thomson

A partial linking table between Factset and Morningstar is provided by FactSet directly. We complement this list using a
fuzzy string matching computer program, and manually screen the code output to obtain a complete matching table between
the two databases.
34 We rule out the index funds based on an “Index” flag provided by Morningstar.
33
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Datastream and Worldscope. To this information, we apply standard screens to detect data errors, as
outlined in Ince and Porter (2006) and performed in e.g., Schumacher (2016).
The resulting full data set comprises 8,883 funds, affiliated with 515 management companies (or
their parent companies). The data coverage is broader for acquirors than for targets: out of 8,883 funds
overall, 7,724 are acquiror funds, and 1,775 target funds (616 funds are acquiror funds in one deal and
target funds in another deal); similarly, out of 515 management companies, 404 are acquirors, and 164
targets (53 management companies are acquirors in one deal and targets in another deal). Throughout
the analysis, we will also work on a subset of the data restricted to active equity funds, comprising
3,147 funds (2,675 acquiror funds and 748 target funds), affiliated with 390 management companies
(303 acquirors and 121 targets).35
The set of M&A deals covered by our analysis spans a broad range of 35 countries, and the
average deal in our sample involves 69 funds (affiliated to the acquiror or the target). Table 1 reports
their average characteristics, in the overall sample (column (1)), as well as separately for acquiror
(column (2)) and target (column (3)) funds. The average fund in our sample has TNA equal to $350
million. Compared to the target funds, acquiror funds are on average smaller ($340 m compared to
$395 m, t-stat: -1.91), less volatile (18% annualized compared to 19%, t-stat: -9.23), older (11.64 years
compared to 11.12 years, t-stat: 2.03), have lower expenses (1.27% per year compared to 1.33%, t-stat: 3.18).

3.3. Preliminary Evidence on Fund Performance
In this section we present initial evidence on fund performance around the merger events. Throughout
the analysis, our empirical approach relies on estimating multivariate regressions in event time. Our
baseline specification is:
𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑓𝑑𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡𝑀&𝐴𝑡 + 𝛾 ′ 𝑥𝑓𝑑𝑡 + 𝜀𝑓𝑑𝑡 .

(1)

The dependent variable is an outcome measure (e.g., fund performance, flows, fees, portfolio changes)
for fund 𝑓 involved in merger 𝑑 in period 𝑡. 𝑃𝑜𝑠𝑡𝑀&𝐴𝑡 is an indicator variable equal to one if period 𝑡
occurs after the merger, and zero otherwise. 𝑥𝑓𝑑𝑡 is a vector of control variables including fund (and
35

The subsample includes 133 deals.
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sometimes counterparty fund) characteristics. For every merger, we employ a baseline event window
starting 3 years before the merger until 3 years after the merger completes.
We begin by analyzing fund performance around the deal, and we estimate equation (1),
including fund or style × time fixed effects, with measures of fund performance as the dependent
variable. Table 2 presents the results. Panel A reports the estimates based on all funds involved in the
deal; panel B focuses on the subset of active equity funds, whose holdings we can directly observe from
the FactSet database.36 In panel A, we measure fund performance by style-adjusted returns (columns (1)
and (3)), or alternatively we look at raw returns, and include a full set of style × date fixed effects in the
regression specification (columns (2) and (4); see Gormley and Matsa (2014)). In panel B, we can
directly report risk-adjusted performance for all fund holdings. We adjust the raw holdings returns for
risk using either standard size-value-momentum sorted benchmark portfolios in the spirit of Daniel,
Grinblatt, Titman and Wermers (1997), or domestic market benchmark portfolios. In unreported
results, we use industry adjusted holdings returns or the alpha from a standard Fama-French-Carhart
model, obtaining similar results (available upon request).
Table 2 shows that acquiror funds experience deteriorating performance in the post-merger
period, while the performance of target funds improves over the course of the merger. For acquirors,
risk-adjusted returns are between 40 bps and 100 bps per year lower, depending on the riskadjustment, and highly significant at the 1% level. In contrast, the performance of the target funds
improves following the acquisition, by between 100 bps and 120 bps per year.
In table 3, we dig deeper to understand the causes and consequences of declining acquiror
performance. We decompose the holdings returns for the active equity funds, and focus on the
performance in “old” investments. That is, for every fund, we construct a series of holdings returns that
includes only those country-sectors that were already present before the merger. We focus on this part
of the holdings in order to assess if the value of the acquiror’s expertise is declining, i.e., if the acquiror
appears to be losing the edge. More precisely, we decompose each fund into two sub-portfolios
comprising different industrial sector-country groups of stocks: “old” sub-portfolio 𝑂 and “new” sub-

The funds that appear in the Panel A regressions but not in the Panel B ones include fixed income funds, as well as index
funds and ETFs.
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portfolio 𝑁. The 𝑂 sub-portfolio comprises, for the acquiror (target), all sector-countries that acquiror
(target) funds held prior to the merger; the 𝑁 sub-portfolio the ones they only enter subsequent to the
merger. We aggregate the 𝑂 and 𝑁 country-sectors into one return series each, and re-estimate equation
(1) with this series as dependent variable.
Columns (1) and (2) show that deteriorating performance of acquiror funds is concentrated in
“old” investments. In these sub-portfolios, the decline of performance in the post-merger period is over
54% stronger, reaching up to 120 bps per year. In contrast, target funds experience strong performance
in their “old” investments by achieving 100 bps per year, slightly lower compared to the overall
performance.37
These results set the stage for our subsequent analysis. On the one hand, they could be consistent
with the view, suggested by the agency costs and corporate governance literature, that mergers are
generally negative-NPV projects undertake for empire building and/or managerial entrenchment
(Jensen (1986)). Consequently, performance, or “output” of the acquiror’s business units suffers in the
post-merger integration period. However, a simple explanation based on agency issues cannot account
for the fact that the target funds’ performance improves – as they are controlled by the same entity after
the acquisition, whatever inefficiencies affect the acquiror funds should also affect the target ones.
On the other hand, the fact that declining performance is concentrated in “old” investments could
indicate foresight on part of the acquirors. Indeed, the asymmetry between the acquiror and the target
is consistent with declining performance driving the acquiror to seek new opportunities with an
acquisition and to select a promising target. However, a more detailed analysis of changes in firm
policies is needed to separate the two. If mergers are driven by foresight, then we should observe the
acquiror taking active measures to address the deteriorating performance.

3.4. Fund Launches, Fund Mergers, and Product Pricing
In this section, we analyze a number of firm responses to declining performance of acquiror funds. We
focus on new fund launches, fund mergers, and changes in product pricing via fees.

For the acquiror funds, the economic effect is calculated as: (0.0057 (Column (1) in Table 3) – 0.0037 (Column (1) in Table 2,
Panel B)) / 0.0037 (Column (1) in Table 2, Panel B) = 54%.
37
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One of the stated objectives of the Aviva-River Road case was Aviva’s search for “new
opportunities to grow third party institutional business in North America” – in other words, a search
for new markets. We begin by testing whether there is systematic evidence for such a motive. First, we
analyze the acquiror’s and target’s propensity to launch new funds after the merger completion date,
when they gain access to each other’s distribution networks. Second, we ask whether new funds attract
larger investment flows.
To carry out the test, we modify equation (1) and estimate:
𝐹𝑢𝑛𝑑𝐶𝑟𝑒𝑎𝑡𝑖𝑜𝑛𝑚𝑐𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡 𝑀&𝐴𝑚𝑐𝑡 + 𝛾𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡𝑚𝑐 +
𝛿𝑃𝑜𝑠𝑡 𝑀&𝐴𝑚𝑐𝑡 × 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡𝑚𝑐 + 𝜇′ 𝑥𝑚𝑐𝑡 + 𝜀𝑚𝑐𝑡

(2)

where each observation corresponds to a given asset manager (acquiror or target), a given country, and
a given period around the deal date. The dependent variable 𝐹𝑢𝑛𝑑𝐶𝑟𝑒𝑎𝑡𝑖𝑜𝑛 is a new fund creation
indicator, equal to 1 if manager 𝑚 (acquiror or target firm) launches at least one new fund in market 𝑐
at time 𝑡. 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡 is an indicator equal to 1 for the countries where the acquiror (or the target) did
not have an established presence prior to the deal. We obtain these countries from Morningstar, which
reports the countries where a given fund is “available for sale.” A given country is declared a “new
market” for the acquiror if, prior to the merger, a target fund is available for sale in the country and the
country does not fall under the top decile most penetrated countries by the acquiror in terms of fund
TNA. New markets for the target are analogously defined. The top decile of acquiror distribution
countries captures on average about 80% of the acquiror’s pre-merger TNA. The goal is to identify
countries in which the acquiror (target) likely had no or little developed distribution prior to the
merger, and can rely on the target’s (acquiror’s) distribution following the merger.
Table 4 presents the results. They show that, in general, the propensity to launch new funds
declines following the merger. However, the propensity to launch new funds does not decline in new
markets – the interaction term is consistently positive and significant. These findings could be
confounded by unobserved factors related to the economic conditions in country 𝑐 at a given point in
time, such as e.g. GDP growth, stock market development, capital controls, etc. Therefore, in column 4,
we estimate the model including a full set of country × date fixed effects. The estimates indicate that
overall the likelihood of new fund launches drops by 3.5% following the merger, compared to a pre103

merger baseline of 3%. However, this drop is restricted to old markets: No comparable decline is
observed in the new markets, where all the new fund creation activity is concentrated after the deal. In
sum, they indicate two facts: 1) following the merger, there is restructuring of the fund offer, with a
general drop in the likelihood of offering new funds; 2) however, this effect is mitigated in the target
countries, where the rate of new fund creation is essentially as high as prior to the merger.
Do the newly created funds attract more flows? In table 5, we compare investment flows for preexisting and new funds. We restrict the sample to the post-merger period, and regress investment flows
on a new fund indicator 𝑁𝑒𝑤𝐹𝑢𝑛𝑑, equal to 1 if the fund was launched during the post-merger period
and zero otherwise.
Columns (1) and (3) of table 5 show that newly created funds, both under the acquiror and target
structure, attract more flows than funds that existed prior to the merger. These results take into account
that some existing funds actually receive discretionary increases in fund TNA because the benefit from
fund mergers. Annualized flows to newly-created acquiror funds are around 43% higher per year than
flows to “old” funds that existed prior to the merger. This corresponds to about 30 million USD in
increased inflows per year on average. 38
In columns (2) and (4), we investigate which new funds are primarily responsible for the
increased flows by splitting the 𝑁𝑒𝑤𝐹𝑢𝑛𝑑 indicator in two parts – one for funds available for sale in the
new markets (𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡 indicator), one for funds available for sale in the residual “old” markets
(𝑂𝑙𝑑𝑀𝑎𝑟𝑘𝑒𝑡 indicator). The results show that the higher flows predominantly originate for funds that
are sold in the new markets, under the umbrella of both the acquiror and target management
companies. The flow difference is larger by one third for acquiror funds, and twice as large for the
target funds.
These results are consistent with the acquiror and target families benefiting from the acquisition
by exploiting each other’s established distribution channels to expand their customer base in new
markets.

The number 30 million is calculated as: 0.213 (Column (1) in Table 5) × 2 half years × 71.7 million USD (the average TNA of
newly-created funds) = 30.5 million USD.
38
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Next, we examine if acquirors and targets change their fund pricing around mergers and if they
undertake an effort to streamline their product menu. First, acquirors consolidate and merge existing
funds. The average deal impacts 68 distinct funds (across acquiror and target) and 2 fund mergers take
place around it.39 About 65% of fund mergers in our sample occur after the deal. Second, as reported in
Table 6 (panel A), high fee funds are merged into low fee funds. This is especially true for fund mergers
under the umbrella of the acquiror (columns 3 vs. column 4). In panel B of the same table, we
complement the analysis and test if newly launched funds are priced differently compared to existing
funds. We indeed find that new funds launched under the name of the acquiror family have fees that
are 9-22% lower than those of comparable existing funds.
Overall, the results in this section are consistent with acquirors anticipating the declining
performance documented in the previous section, and are difficult to reconcile with the less benign
view that mergers are a pure manifestation of agency problems. In contrast, we find that acquirors
enact a number of changes in the post-merger period that try to address their deteriorating
performance.

3.5. Portfolio Changes and Performance in New Investments
The second stated objective in the Aviva-River Road merger was Aviva’s desire to provide “Aviva
Investors with a strategically important US equity investment capability”. As before, we now test for
systematic evidence of such a merger objective by analyzing portfolio changes and performance of such
new investments. Any such evidence would indicate that mergers not only provide access to new
distribution markets, but also give rise to information exchanges, or simply “learning”.

A. Portfolio Changes Around the Merger
We first analyze portfolio changes around mergers between asset management companies. How do
acquiror and target funds rebalance their portfolios in the aftermath of the merger?
To capture the possibility that mergers give rise to information exchanges, i.e., learning, we
formulate the “learning hypothesis”. If Aviva indeed expects to use River Road’s greater experience as

39

The rate of fund mergers remains similar if we include mergers between different share classes of a given fund.
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a privileged channel to obtain information on U.S. Automobiles (and vice versa for River Road), we
should expect their portfolios to tilt closer to each other. This effect should be driven by an increased
investment in sectors where the learning opportunities are greater: thus, Aviva funds will increase their
holdings in “River Road-exclusive” sectors, e.g. U.S. Automobiles. In sum, the learning hypothesis
predicts portfolio convergence, especially in the portions of the portfolio where we can expect expertise
complementarities or greater learning opportunities.
To capture fund portfolio allocation decisions around the merger, we develop a measure of
“portfolio distance” between a given fund and a representative counterparty fund. For an acquiror
(target) fund, the representative counterparty fund is defined as the aggregate portfolio of all target
(acquiror) funds prior to the merger. We construct this aggregate portfolio by adding the positions of all
target (acquiror) funds. To manage the high dimensionality of the data and because prior literature
suggests that learning takes place at the industry level (e.g., Kempf, Manconi, and Spalt (2016) and
Schumacher (2016)), we compute all our measures for country-industry sub-portfolios. For instance,
prior to the merger River Road holds 2% of its aggregate portfolio in U.S. Automobiles, and thus
Aviva’s representative counterparty fund has 2% U.S. Automobiles holdings.
We can then define the “distance” between a given fund and the representative counterparty
fund as:
𝐷𝑡 = [∑𝑠(𝑤𝑠𝑡 − 𝑤
̅𝑠 )2 ]1/2

(3)

where 𝑤𝑠 denotes the percentage of fund’s portfolio invested in country-sector 𝑠 , and 𝑤
̅𝑠 is the
corresponding percentage for the representative counterparty fund. For each fund, the weight in a
given sector-country 𝑠 (e.g., U.S. Automobiles) is obtained as the total market value of all the positions
in stocks belonging to 𝑠, divided by the fund’s TNA. The counterparty fund weights are averaged over
the one-year period prior to the merger date and are held constant, while the fund weights 𝑤𝑠𝑡 vary on
a semi-annual basis.
We estimate a version of equation (1), with 𝐷 as the dependent variable. Table 7 reports the
estimates, including different sets of control variables and fixed effects. Each observation corresponds
to one fund, at a given holdings filing date over a window covering 13 (–6, +6) semi-annual periods
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around the merger date.40 The model is estimated separately for acquiror (columns (1) and (2)) and
target (columns (3) and (4)) funds.
For acquiror funds, the distance drops by between 0.0157 and 0.0227, or 5% to 7% relative to the
average pre-merger distance. Intuitively, 𝐷 has the same “units” as portfolio weights, thus this estimate
implies a 1.57% to 2.27% semi-annual portfolio turnover, or around 8 million USD turnover for the
typical acquiror fund in our sample; among the target funds (column (3)), the implied turnover is 12
million USD. Given that the annual turnover for our sample funds is on average around 40%, these
estimates imply that portfolio convergence accounts for about one-eighth of post-deal turnover.
Taken together, these estimates are consistent with an information exchange between the acquiror
and the target around the merger. Since the acquiror (target) funds now follow information obtained
from the target (acquiror), their portfolios are closer to the target’s (acquiror’s) pre-merger
representative portfolio. In sum, this evidence broadly fits the predictions of the learning hypothesis.
A second prediction of the learning hypothesis is that convergence between acquiror and target
funds’ portfolios should take place predominantly in sectors where they have complementary
expertise, i.e. where the acquiror can “learn” from the target (or vice-versa). In terms of our recurrent
example, Aviva funds should invest more closely to River Road funds in U.S. Automobiles, where
Aviva funds have no prior experience.
To take this hypothesis to the data, we turn to the portfolio decomposition into the “old” (𝑂) and
“new” (𝑁) sub-portfolios, and estimate the change in exposure to the 𝑂 and 𝑁 country-sectors, net of
price appreciation, in the spirit of Kacperczyk, Sialm, and Zheng (2005). We define the net purchase of
a given stock 𝑗 as:
𝑤𝑗𝑡−1 (1+𝑟𝑗𝑡 )

𝑤𝑗𝑡 − ∑

𝑗 𝑤𝑗𝑡−1 (1+𝑟𝑗𝑡 )

(4)

where 𝑤 denotes the weight of stock 𝑗 in a given fund’s portfolio as of time 𝑡, and 𝑟𝑗𝑡 the return on the
stock between time 𝑡 − 1 and 𝑡. We aggregate expression (4) across all stocks in the 𝑂 and 𝑁 subportfolio respectively, obtain sub-portfolio net purchases 𝑁𝑃𝑂 and 𝑁𝑃𝑁 . We then estimate a regression
specification as (1), having 𝑁𝑃𝑂 (𝑁𝑃𝑁 ) as the dependent variable.
40

Similar results, available upon request, obtain using (–2, +2) year windows.
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Table 8 reports the results. Columns (1) to (2) focus on acquiror funds and show that they reduce
their exposure to country-sectors held prior to the merger, and increase their exposure to “new”
country-sectors. In particular, acquiror funds reduce their portfolio weight net of price appreciation in
their “old” country-sectors by 6% (relative to the size of the overall portfolio, column (1)) in order to
increase it by 9% in the “new” country-sectors (column (2)) over the 3-year period following the
merger. Similarly, target funds (columns (3)-(4)) reduce their portfolio weights in those country-sector
funds that they were exposed to prior to the merger (by 9%, column (3)). The portfolio weights are reallocated towards formerly acquiror-exclusive country-sectors (by 12%, column (4)).
These changes in portfolio policy appear consistent with the learning hypothesis, as funds reallocate their portfolio towards the counter-parties investment specialty area. A priori, these seem to be
the areas with more “learning opportunities”. Overall, we find that acquiror and target portfolios
robustly converge in composition following the merger.
As a final note, the preliminary performance analysis in section III has shown declining
performance in “old” investments for acquiror funds. We now find that the same funds actively reduce
their exposure to those sectors following the merger, consistent again with funds anticipating
deteriorating performance.

B. Performance in Newly-Entered Investments
Portfolio convergence need not be conclusive proof of an exchange of information between the acquiror
and the target. An alternative explanation could be based on increased “in-house” competition
following the merger, which could induce fund managers to herd (Chevalier and Ellison (1999)). We
thus analyze sub-portfolio performance around the mergers to clarify if the changes in portfolio
policies documented above are driven by “learning” or by other drivers such as herding or internal
competition. “Learning” should lead to improved (risk-adjusted) performance while herding or risktaking should not.
We examine the performance of acquiror and target funds in areas newly entered as a result of
the merger, and compare it to the performance in country-sectors already held prior to the merger.
While all our previous results focused on the evolution of portfolio choice or performance throughout
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the merger process, in this section, we simply ask: which sub-portfolios deliver the highest
performance following the merger?
Therefore, we present our results in Table 9, where we simply measure the average performance
in the post-merger period for the different sub-portfolios. We again split the analysis by acquiror and
target funds. We find mirror-image evidence across acquiror (columns (1) and (2)) and target funds
(columns (3) and (4)). The acquiror and target funds perform best in the “new” country-sectors, i.e.
sectors that they newly enter after the merger. In economic terms, these effects are substantial: they
imply a performance of about 3% annualized, in risk-adjusted terms, for the acquiror funds in the
“new” country-sectors; in comparison, their performance in the “old” country-sectors is a much more
modest 70 – 90 bps per year. Similarly, the target funds generate 2.3% to 3.5% annualized, risk-adjusted
performance in their “new” country-sector investments.
These findings are consistent with an information exchange: as a result of the merger, the target
passes information about profitable investment opportunities in its funds’ expertise areas (the target’s
𝑂 country-sectors) to the acquiror, and vice versa. Both parties then earn higher returns in their
respective 𝑁 country-sectors.
If the target passes valuable information to the acquiror about the target’s 𝑂 country-sectors,
however, why isn’t the target itself capable of profiting from it? One possible reason is that these subportfolios really consist of two parts: “new ideas” and legacy holdings – e.g. positions they have
accumulated over time and that cannot be easily liquidated, for instance due to price impact or
diversification reasons. While the acquiror funds can trade exclusively on “new ideas” in the target’s 𝑂
sub-portfolio, the target funds will also be burdened by their legacy holdings.
We find evidence consistent with this argument in Table 9. Here, we isolate the “new ideas”
component as follows. Out of the target’s 𝑂 sub-portfolio country-sectors managed by a given target
fund, we form a weighted average return with weights proportional to the acquiror net purchases (and
do likewise for the acquiror funds’ case). Consistent with the hypothesis that the information flows
between acquiror and target are profitable, the “new ideas” country-sectors perform in line with the 𝑁
sub-portfolios.
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Overall, the evidence in this section supports the learning hypothesis. In particular, while the
acquiror funds’ overall performance deteriorates following the merger, the effect is in part
compensated by the positive results in the new investments in “target” country-sectors.

3.6. Discussion and Concluding Remarks
We study mergers between asset managers worldwide and changes in the investment strategies of
affiliated mutual funds around those events. Our evidence suggests that market access is an important
driver of the decision to merge with another asset manager. The acquiror and target firms launch new
funds, and expand their customer base, in new markets where they did not have a presence prior to the
deal.
The evidence we present also strongly suggests learning effects within the acquiror-target
combined firm. Both acquiror- and target-affiliated funds converge in their portfolio compositions after
gaining a common affiliation via the merger. The investments newly entered or increased following the
merger generate positive risk-adjusted performance, compensating the deteriorating performance in
their investments held prior (and throughout) the merger. Thus “learning” via information extraction
appears to be a synergy captured by acquiror funds in mergers between asset management firms.
Our initial results raise a number of interesting follow-up questions that we will address in a
future draft. For example, we are not yet able to fully rule out that mergers lead to herding among
target funds. A more detailed analysis of risk-taking will clarify this conjecture. Likewise, an analysis
centered on individual fund managers will help clarify how learning is transferred within the acquirortarget combination.
All in all, our findings underline the importance of specialized distribution channels and
investment skills in international asset management. Our current estimates indicate that acquisitions
can be more efficient an alternative “passive” market-entry, because the performance in new
investments remains significant compared to various passive benchmark portfolios. To investigate
further, in a future draft we will resort to a matching sample analysis comparing acquiror funds to
matching funds that entered the same country-sectors but were not impacted by a merger. This will
clarify if acquiror funds enter those investments more aggressively and with better outcomes.
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Table 1: Sample characteristics
The table reports descriptive characteristics of our sample. Panel A reports the number of deals and the
total net assets (TNA, in USD billions) by deal completion year. Panel B reports the top-5 asset manager
locations involved in M&A deals by number of deals (columns (1) – (2)) as well as by the dollar total
net assets (in USD billions) prior to the mergers (columns (3) – (4)). Panel C reports descriptive statistics
on the fund level for all funds (column (1)), acquiror funds (column (2)), and target funds (column (3))
as well as a t-test of the differences in the characteristics between the two groups of funds (column (4)).
The definitions of all variables are given in the Appendix. 𝑤𝑂 , and 𝑤𝑁 denote portfolio weights
associated with “old” and “new” country-sector investments in a given fund’s portfolio.
A. Deals over time
Nr. deals
TNA ($ bn)

2001
13
417

2002
6
16

2003
3
25

2004
8
70

2005
6
46

2006
9
271

2007
6
179

2008
8
114

2009
17
706

2010
27
355

2011
26
520

2012
20
429

B. Deals across countries
Rank

1
2
3
4
5

By number of deals

By assets under management ($ billions)

Acquiror Country

Target Country

Acquiror Country

Target Country

(1)

(2)

(3)

(4)

U.S. (75)
U.K. (55)
Canada (28)
Spain (25)
Japan (22)
Other (178)

U.S. (57)
U.K. (30)
Canada (17)
Spain (16)
France (7)
Other (68)

U.S. (1,599.42)
U.K. (453.81)
France (216.87)
Canada (127.85)
Germany (124.80)
Other (539.52)

U.S. (366.75)
U.K. (132.86)
Japan (25.88)
Germany (21.14)
Canada (16.64)
Other (82.48)
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2013
25
254

Table 1: Sample characteristics – continued
C. Sample funds characteristics

Fund characteristics
Fund family size ($bn)
Fund size ($m)
Expenses (%)
Volatility
Age (in years)

Overall

Acquiror

Target

t-stat

(1)

(2)

(3)

(4)

13.29
349.89
1.28
0.18
11.55

14.34
340.46
1.27
0.18
11.64

8.36
395.05
1.33
0.19
11.12

15.46
-1.91
-3.19
-9.23
2.03

35.07
97.23
3.03
0.34

35.58
97.70
2.40
0.34

33.14
95.37
5.08
0.32

1.77
5.81
-8.00
2.52

5.55
0.38
0.07

5.61
0.43
0.14

5.27
0.17
-0.25

0.38
2.31
3.29

Pre-merger portfolio characteristics
Number of sector-countries in portfolio
Portfolio weight 𝑤𝑂 (%)
Portfolio weight 𝑤𝑁 (%)
Portfolio “distance” 𝐷
Pre-merger performance
Flow (%)
DGTW-adjusted return (%)
Market-adjusted return (%)
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Table 2: Fund performance around the merger
The table reports the estimates of:
𝑅𝑓𝑚𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡𝑀&𝐴𝑓𝑚𝑡 + 𝜇′ 𝑥𝑓𝑚𝑡 + 𝜀𝑓𝑚𝑡
In Panel A, the dependent variable is the style-adjusted return (columns (1) and (3)) and the raw return
(columns (2) and (4)) for fund 𝑓, belonging to management company 𝑚, in period 𝑡 relative to the
merger date. In Panel B, the sample is restricted to active equity funds in deals that we have holdings
data for both the acquiror and the target one year prior to the merger date. The dependent variable is
the market-adjusted holdings return (columns (1) and (3)) and characteristic-adjusted holdings return
(columns (2) and (4)) for all equity positions of fund 𝑓, belonging to management company 𝑚, in
period 𝑡 relative to the merger date. In both panels, 𝑥 is a vector of fund characteristics (Fund size, Firm
size, Expenses, and Volatility), including fund fixed effects or style × date fixed effects. In all
specifications, the t-statistics are based on standard errors clustered by fund. *, **, and *** denote
statistical significance at 10%, 5%, and 1% level.
A. All sample funds

𝑃𝑜𝑠𝑡𝑀&𝐴

Fund controls
Fund f.e.
Style × date f.e.
R2
N

Acquiror Funds
Style-adj. return
Raw return
(1)
(2)
-0.0022***
-0.0019***
(-4.51)
(-4.25)
Y
Y
N
0.204
57,379

Y
Y
Y
0.922
56,792

Target Funds
Style-adj. return
Raw return
(3)
(4)
0.0048***
0.0059***
(3.55)
(2.76)
Y
Y
N
0.184
12,462

Y
Y
Y
0.925
12,152

B. Active equity funds

𝑃𝑜𝑠𝑡𝑀&𝐴

Fund controls
Fund f.e.
R2
N

Acquiror Funds
Mkt-adj. return
DGTW-adj. return
(1)
(2)
-0.0037***
-0.0052***
(-3.57)
(-4.85)
Y
Y
0.141
24,633

Y
Y
0.14
24,139
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Target Funds
Mkt-adj. return DGTW-adj. return
(3)
(4)
0.0057***
0.0056**
(2.62)
(2.58)
Y
Y
0.166
5,886

Y
Y
0.165
5,791

Table 3: Fund performance in “old” country-sectors around the merger
The table reports the estimates of:
𝑅𝑓𝑚𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡𝑀&𝐴𝑓𝑚𝑡 + 𝜇′ 𝑥𝑓𝑚𝑡 + 𝜀𝑓𝑚𝑡
The dependent variable is the market-adjusted holdings return (columns (1) and (3)) and characteristicadjusted holdings return (columns (2) and (4)) of the sub-portfolios associated with “old” countrysectors, i.e., the holdings of country-sectors that the acquiror or target funds held prior to the merger. 𝑥
is a vector of fund characteristics (Fund size, Firm size, Expenses, and Volatility), including fund fixed
effects. The sample is restricted to acquiror funds in columns (1) – (2) and to target funds in columns (3)
– (4). In all specifications, the t-statistics are based on standard errors clustered around funds. *, **, and
*** denote statistical significance at 10%, 5%, and 1% level.
Acquiror Funds
Mkt-adj. return
DGTW-adj. return
𝑃𝑜𝑠𝑡𝑀&𝐴

Fund controls
Fund f.e.
R2
N

Target Funds
Mkt-adj. return DGTW-adj. return

(1)

(2)

(3)

(4)

-0.0057***
(-4.77)

-0.0059***
(-5.48)

0.0046**
(1.98)

0.0051**
(2.19)

Y
Y
0.138
24,568

Y
Y
0.144
24,076

Y
Y
0.175
5,856

Y
Y
0.170
5,765
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Table 4: Likelihood of launching funds in new markets
The table reports the estimates of:
𝐹𝑢𝑛𝑑𝐶𝑟𝑒𝑎𝑡𝑖𝑜𝑛𝑚𝑐𝑡
= 𝛼 + 𝛽𝑃𝑜𝑠𝑡 𝑀&𝐴𝑚𝑐𝑡 + 𝛾𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡𝑚𝑐𝑡 + 𝛿𝑃𝑜𝑠𝑡 𝑀&𝐴𝑚𝑐𝑡 × 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡𝑚𝑐𝑡 + 𝜇′ 𝑥𝑚𝑐𝑡
+ 𝜀𝑚𝑐𝑡
The dependent variable is a new fund creation indicator that is equal to one if the number of funds
launched at the given time 𝑡 is larger than zero, and zero otherwise. 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡 is an indicator equal to
1 for countries where the counterparty family has sold funds to prior to the merger, excluding the
countries which fall in the top decile of its own market in terms of fund TNA. In Panel B, the sample is
restricted to active equity funds in deals that we have holdings data for both the acquiror and the target
one year prior to the merger date. In all specifications, each observation is a given country m, for either
the acquiror or the target at a given time. 𝑥 is a vector of acquiror- (target-) family characteristics
(Family Size, Expenses, Volatility, Turnover, Past return), deal fixed effects and country × date fixed
effects. The t-statistics are based on standard errors clustered by deal. *, **, and *** denote statistical
significance at 10%, 5%, and 1% level.
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Table 4: Likelihood of launching funds in new markets – continued
A. All sample funds
𝑃𝑜𝑠𝑡𝑀&𝐴
𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡
𝑃𝑜𝑠𝑡𝑀&𝐴 × 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡

Family controls
Deal f.e.
Country × date f.e.
R2
N

(1)

(2)

(3)

(4)

-0.0905***
(-5.16)
-0.1172***
(-6.17)
0.0697***
(4.27)

-0.0926***
(-5.16)
-0.1000***
(-5.55)
0.0702***
(4.19)

-0.1124***
(-6.28)
-0.0900***
(-4.36)
0.0703***
(4.15)

-0.0351**
(-2.18)
-0.0935***
(-4.36)
0.0767***
(4.45)

N
N
N
0.036
18,635

Y
N
N
0.049
18,635

Y
Y
N
0.118
18,635

Y
Y
Y
0.235
18,635

B. Active equity funds
𝑃𝑜𝑠𝑡𝑀&𝐴
𝑁𝑒𝑤 𝑀𝑎𝑟𝑘𝑒𝑡
𝑃𝑜𝑠𝑡𝑀&𝐴 × 𝑁𝑒𝑤 𝑀𝑎𝑟𝑘𝑒𝑡

Family controls
Deal f.e.
Country × date f.e.
R2
N

(1)

(2)

(3)

(4)

-0.0505***
(-4.65)
-0.0613***
(-5.21)
0.0402***
(3.51)

-0.0504***
(-4.72)
-0.0528***
(-4.24)
0.0387***
(3.36)

-0.0627***
(-5.43)
-0.0381***
(-2.77)
0.0374***
(3.18)

-0.0167*
(-1.71)
-0.0413***
(-3.08)
0.0409***
(3.47)

N
N
N
0.017
15,994

Y
N
N
0.021
15,994

Y
Y
N
0.079
15,994

Y
Y
Y
0.224
15,994
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Table 5: Fund flows following the merger
The table reports the estimates of:
𝐹𝑙𝑜𝑤𝑓𝑚𝑡 = 𝛼 + 𝛽𝑁𝑒𝑤𝐹𝑢𝑛𝑑𝑓𝑚𝑡 + 𝜇′ 𝑥𝑓𝑚𝑡 + 𝜀𝑓𝑚𝑡
The dependent variable is the semi-annual investment flow into fund f and 𝑥 is a vector of fund
characteristics (Fund size, Firm size, Expenses, Volatility) including deal and investment style fixed effects.
The sample is restricted to the post-merger completion period (when 𝑃𝑜𝑠𝑡 𝑀&𝐴 is equal to one). The
newly-created fund indicator 𝑁𝑒𝑤𝐹𝑢𝑛𝑑 is equal to one if the inception date of a given fund is later than
the deal’s completion date, and zero otherwise. In columns (2) and (4), we split the indicator 𝑁𝑒𝑤𝐹𝑢𝑛𝑑
in two parts by the new market indicator 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡, and the 𝑂𝑙𝑑𝑀𝑎𝑟𝑘𝑒𝑡 indicator (equal to 1 −
𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡). Panel A includes the entire sample and Panel B restricts to active equity funds with
available holdings data from the FactSet database. In all specifications, the t-statistics are based on
standard errors clustered by fund. *, **, and *** denote statistical significance at 10%, 5%, and 1% level.

117

Table 5: Fund flows following the merger – continued
A. All sample funds
Acquiror Funds
(1)

𝑁𝑒𝑤𝐹𝑢𝑛𝑑

(2)

0.2130***
(7.83)

Target Funds
(3)

(4)

0.3024***
(2.62)

𝑁𝑒𝑤𝐹𝑢𝑛𝑑 × 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡

0.2435***
(5.32)

0.4193***
(3.14)

𝑁𝑒𝑤𝐹𝑢𝑛𝑑 × 𝑂𝑙𝑑𝑀𝑎𝑟𝑘𝑒𝑡

0.1927***
(5.83)

0.2138
(1.25)

Fund controls
Deal and style f.e.
R2
N

Y
Y
0.050
28,927

Y
Y
0.050
28,927

Y
Y
0.151
5,468

Y
Y
0.152
5,468

B. Active equity funds
Acquiror Funds
(1)

𝑁𝑒𝑤𝐹𝑢𝑛𝑑

(2)

0.2269***
(5.90)

(3)

(4)

0.2334**
(2.28)

𝑁𝑒𝑤𝐹𝑢𝑛𝑑 × 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡

0.2468***
(4.14)
0.2167***
(4.56)

𝑁𝑒𝑤𝐹𝑢𝑛𝑑 × 𝑂𝑙𝑑𝑀𝑎𝑟𝑘𝑒𝑡

Fund controls

Target Funds

0.4603***
(3.54)
-0.068
(-0.73)

Y

Y

Y

Y

Deal and style f.e.
R2

Y
0.058

Y
0.058

Y
0.222

Y
0.231

N

11,624

11,624

2,308

2,308
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Table 6: Fund fees
In Panel A, we present a cross-sectional regression on funds involved in fund mergers around our
sample deals. The dependent variable is a given fund’s (or share class) annual expense ratio, regressed
on a 𝑅𝑒𝑐𝑒𝑖𝑣𝑖𝑛𝑔 𝐹𝑢𝑛𝑑 indicator, equal to 1 for funds surviving the merger, as well as the vector of fund
characteristics used throughout. The sample pools acquiror and target funds together in columns (1)
and (2) and is restricted to acquiror funds in column (3) and to target funds in column (4). In Panel B,
different share classes of the same fund are collapsed down to one observation. We run a crosssectional regression of fund average expense ratios on the 𝑁𝑒𝑤𝐹𝑢𝑛𝑑 indicator. Columns (1) and (3) run
the regression on the full sample, and columns (2) and (4) on the active equity funds in a subsample
that we have holdings data for both the acquiror and the target one year prior to the merger date. In all
specifications, the t-statistics are based on standard errors clustered by fund. In both panels, *, **, and
*** denote statistical significance at 10%, 5%, and 1% level.
A. Fees of funds that are involved in fund mergers
(1)
-0.2178***
(-5.67)

(2)
-0.1633***
(-4.50)

(3)
-0.1852***
(-4.95)

(4)
-0.0480
(-0.50)

Fund controls
R2

N
0.040

Y
0.094

Y
0.105

Y
0.071

N

1,598

1,598

1,361

237

𝑅𝑒𝑐𝑒𝑖𝑣𝑖𝑛𝑔𝐹𝑢𝑛𝑑

B. Fund fees following the merger
Acquiror Funds
𝑁𝑒𝑤𝐹𝑢𝑛𝑑

Only active equity funds
Fund controls
Deal and style f.e.
R2
N

Target Funds

(1)

(2)

(3)

(4)

-0.2173***
(-6.93)

-0.0905**
(-2.56)

0.0478
(0.56)

-0.0714
(-0.78)

N
Y
Y

Y
Y
Y

N
Y
Y

Y
Y
Y

0.421
7,272

0.355
3,103

0.665
1,703

0.586
784
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Table 7: Portfolio changes around the merger
The table reports the estimates of:
𝐷𝑓𝑚𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡𝑀&𝐴𝑓𝑚𝑡 + 𝜇′ 𝑥𝑓𝑚𝑡 + 𝜀𝑓𝑚𝑡
The dependent variable 𝐷 is the “distance” between the portfolio holdings of fund 𝑓 and the portfolio
holdings of a representative counterparty fund. When fund 𝑓 is an acquiror (target) fund, the
representative counterparty fund is the average target (acquiror) fund. 𝐷 is the square-root of the sum
of squared difference in portfolio holdings at the country-industry sub-portfolio level and 𝑥 is a vector
of fund characteristics (Fund size, Firm size, Expenses, Volatility, and Past return),

including deal

(columns (1) and (3)) or fund fixed effects (columns (2) and (4)). The sample is restricted to acquiror
funds in columns (1) – (2) and to target funds in columns (3) – (4). In all specifications, the t-statistics
are based on standard errors clustered by fund. *, **, and *** denote statistical significance at 10%, 5%,
and 1% level.

𝑃𝑜𝑠𝑡𝑀&𝐴

Fund controls
Deal f.e.
Fund f.e.
R2
N

Acquiror Funds
(1)
(2)
-0.0227***
-0.0157***
(-9.59)
(-6.87)
Y
Y
N
0.34
24,584
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Y
N
Y
0.833
24,584

Target Funds
(3)
(4)
-0.0305*** -0.0268***
(-6.01)
(-5.64)
Y
Y
N
0.34
5,957

Y
N
Y
0.799
5,957

Table 8: Portfolio changes around the merger
The table reports the estimates of:
𝑁𝑃𝑓𝑚𝑡 = 𝛼 + 𝛽𝑃𝑜𝑠𝑡𝑀&𝐴𝑓𝑚𝑡 + 𝜇′ 𝑥𝑓𝑚𝑡 + 𝜀𝑓𝑚𝑡
The dependent variable is 𝑁𝑃𝑂 or 𝑁𝑃𝑁 , the portfolio net purchases (𝑁𝑃) in “old”, and “new” countrysectors for fund f in period t, and 𝑥 is a vector of fund characteristics (Fund size, Firm size, Expenses,
Volatility, and Past return), including fund fixed effects. The sample is restricted to acquiror funds in
columns (1) – (2) and to target funds in columns (3) – (4). In all specifications, the t-statistics are based
on standard errors clustered by fund. *, **, and *** denote statistical significance at 10%, 5%, and 1%
level.

𝑃𝑜𝑠𝑡𝑀&𝐴

Fund controls
Fund f.e.
R2
N

Acquiror Funds
𝑁𝑃𝑂
𝑁𝑃𝑁
(1)
(2)
-0.0103***
0.0157***
(-13.67
(10.20)
Y
Y
0.184
26,177
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Y
Y
0.25
11,446

Target Funds
𝑁𝑃𝑂
𝑁𝑃𝑁
(3)
(4)
-0.0150***
0.0213***
(-6.91)
(5.45)
Y
Y
0.206
6,031

Y
Y
0.231
3,743

Table 9: Fund sub-portfolio performance following the merger
The table reports the post-merger sub-portfolio performance in “old” (𝑂), “new” (𝑁) and “new ideas”
country-sectors (when 𝑃𝑜𝑠𝑡 𝑀&𝐴 is equal to one). Holdings return are market-adjusted return (columns
(1) and (3)) or characteristics-adjusted return (columns (2) and (4)). The sample is restricted to acquiror
funds in columns (1) – (2) and to target funds in columns (3) – (4). In addition, we report the t-statistics
for differences between the sub-portfolio performances. In all specifications, the t-statistics are based on
standard errors clustered by fund. *, **, and *** denote statistical significance at 10%, 5%, and 1% level.

𝑁𝑒𝑤
𝑂𝑙𝑑
𝑁𝑒𝑤 𝑖𝑑𝑒𝑎𝑠

t-stat (𝑁 − 𝑂)
t-stat (𝑁𝑒𝑤 𝑖𝑑𝑒𝑎𝑠 − 𝑂)
N

Acquiror Funds
Target Funds
Mkt-adj. return DGTW-adj. return Mkt-adj. return DGTW-adj. return
(1)
(2)
(3)
(4)
0.0137***
0.0159***
0.0115***
0.0177***
(6.16)
(7.68)
(3.37)
(5.09)
0.0037***
0.0047***
0.0073***
0.0082***
(6.13)
(6.98)
(5.35)
(5.50)
0.0160***
0.0128***
0.0180***
0.0239***
(4.83)
(4.17)
(2.67)
(3.50)
(5.53)
(3.32)
12,600

(4.60)
(2.87)
12,363
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(2.85)
(1.40)
2,558

(1.31)
(2.37)
2,521

Appendix: Variable Description
Variable
Definition
Acquiror-target pair characteristics
𝐷𝑡
A measure of “distance” between portfolios. It is calculated as 𝐷𝑡 = [∑𝑠(𝑤𝑠𝑡 −
𝑤
̅𝑠 )2 ]1/2 , where 𝑤𝑠 denotes the percentage of fund’s portfolio invested in
country-sector 𝑠, and 𝑤
̅𝑠 is the corresponding percentage for the representative
counterparty fund.
Fund Controls
Fund size
Firm size

Family size
Expenses
Volatility
Turnover

Past return

Natural logarithm of fund TNA (in US $m).
For a given fund 𝑓, it is computed as the natural logarithm of the total TNA (US
$m) of all funds managed by the same management company, excluding the
fund 𝑓 itself.
For a given acquiror (target), it is computed as the natural logarithm of the total
TNA (US $m) of all funds managed by the same acquiror- (target-) family.
The percentage annual expense ratio.
The annualized standard deviation of fund returns, computed over a trailing 12
months window.
Fund turnover ratio. Following Gaspar et al. (2005), it is calculated as:
∑ |𝑁𝑖𝑡 𝑃𝑖𝑡 − 𝑁𝑖𝑡−1 𝑃𝑖𝑡−1 − Δ𝑃𝑖𝑡 𝑁𝑖𝑡−1 |
𝑁 𝑃 + 𝑁𝑖𝑡−1 𝑃𝑖𝑡−1
∑ ( 𝑖𝑡 𝑖𝑡
)
2
where 𝑁𝑖𝑡 is the number of shares of firm 𝑖 held by the fund at time 𝑡, and 𝑃𝑖𝑡
represents the stock price.
The cumulative fund return, computed over a trailing 12 months window.

Performance Variables
DGTW-adj. return
Characteristic-adjusted return in the spirit of Daniel, Grinblatt, Titman, and
Wermers (1997). It is a value-weighted average of the characteristic-adjusted
return on each stock in the fund’s portfolio. For a given stock, the characteristicadjusted return is defined as the raw return minus the benchmark return. The
benchmark portfolio is a value-weighted average of all stocks in the same
size/book-to-market/momentum portfolio, and belonging to the fund’s
investment objective. Investment objectives are retrieved from Morningstar; the
top-10 investment objectives by TNA comprise: Global equity large cap, US
equity large cap blend, US equity large cap growth, US equity large cap value,
US equity mid cap, Global equity, Emerging markets equity, US equity small
cap, UK equity large cap growth and Europe equity large cap.
Mkt-adj. return
Market-adjusted return. It is defined as the raw holdings return minus the
benchmark return. The benchmark portfolio comprises all the stocks in the
fund’s investment objective.
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Flow

Other Variables
Net purchase

𝑃𝑜𝑠𝑡𝑀&𝐴
𝑅𝑒𝑐𝑒𝑖𝑣𝑖𝑛𝑔𝐹𝑢𝑛𝑑
𝑁𝑒𝑤𝐹𝑢𝑛𝑑
𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡

On a given month 𝑡, the fund’s investment flow is calculated as:
𝑇𝑁𝐴𝑡 − 𝑇𝑁𝐴𝑡−1 × (1 + 𝑅𝑡 )
𝑇𝑁𝐴𝑡−1
where 𝑇𝑁𝐴 denotes the fund’s total net assets, and 𝑅 is the fund’s return. We
compute the compounding investment flow over a 6-month period to obtain the
𝐹𝑙𝑜𝑤 variable.

Portfolio weight net of price changes in the spirit of Kacperczyk, Sialm and
Zheng (2005). The weight is adjusted for the price changes and is calculated as:
𝑤𝑗𝑡−1 (1 + 𝑟𝑗𝑡 )
𝑁𝑒𝑡 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑗 = 𝑤𝑗𝑡 −
∑𝑗 𝑤𝑗𝑡−1 (1 + 𝑟𝑗𝑡 )
where 𝑤𝑗𝑡 is the percentage of fund’s portfolio invested in stock 𝑗 at time 𝑡, and
𝑟𝑗𝑡 denotes the return of stock 𝑗 at time 𝑡. Portfolio net purchase 𝑁𝑃𝑂 and 𝑁𝑃𝑁
are the aggregate net purchase of stocks invested in “old” and “new” countries
and sectors.
Indicator variable equal to 1 over the post-merger period, 0 otherwise.
Indicator variable equal to 1 if the fund has funds (or fund share class) merged
into, 0 otherwise.
Indicator variable equal to 1 if the fund’s inception date is later than the
completion date of the deal, 0 otherwise.
Indicator variable equal to 1 if a fund is available for sale in at least one country
where the counterparty has sold funds to prior to the merger, excluding the
countries that fall in the top decile of its own market in terms of fund TNA, 0
otherwise.
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