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1 Introduction

The speed at which information spreads is one of the most significant contributions of technological

progress in recent decades. Especially in financial markets, information can disseminate quickly

through multiple channels and reach many investors. Yet, it is unclear how different information

channels contribute to investment decisions and how they can affect each other. In this paper, we

categorize information channels into direct ones, through which information is collected firsthand,

and indirect channels through network information diffusion. We investigate the effects of both

channels on investors’ portfolio decisions. Moreover, we attempt to understand the role of bilateral

linkages versus the role of system-wide networks on portfolio correlation, as well as the impact of

direct and indirect information acquisition on each other.

With these empirical questions in mind, we identify mutual funds specializing in US stocks

from S&P Intelligence Unit and measure their firsthand direct information acquisition and second-

hand indirect information acquisition through network channels. As a proxy for the first type of

information acquisition, we use SEC Electronic Data Gathering Analysis and Retrieval (EDGAR)

log files to capture funds’ online access to listed companies’ regulatory reports. This approach has

been used in the finance literature extensively (e.g., Loughran and McDonald (2017); Gibbons et

al. (2021)).

We measure funds’ secondhand indirect information acquisition through network information

diffusion following Diebold and Yilmaz’s (2015) methodology to identify linkages between the funds.

More specifically, using a database of daily fund share prices from Bloomberg, we assess the propor-

tion of the variation in the forecast error of one fund’s return that is explained by an independent

shock affecting the return of another fund. The proportion indicates the magnitude of the network

linkage.

We do not assume any particular channel by which information spreads through the network.

The linkages we estimate could encapsulate multiple potential network formats. For instance,

it could be that fund managers acquire information through conversations with each other (i.e.,

word-of-mouth format), by processing past investment decisions made by other funds (i.e., copycat

format), by receiving the same market perspectives from private consultants (i.e., client network

format), or through trading with each other (i.e., trade format). We conduct robustness checks to

ensure the network linkages are not dominated by simultaneous direct information acquisition or

price effect.

We construct bilateral linkages as the sum of two directional linkages between any two funds

and system-wide total connectivity as the sum of all bilateral linkages in our sample. This allows

us to identify our sample funds’ bilateral information flows, as well as a well-specified notion of
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system-wide connectivity of an entire network. An important innovation in our approach is that our

network connectivity measures are continuous, while measurements used in much of the existing

work are binary. This allows us to obtain an intensity measure of the bilateral and the system-wide

network.

We calculate funds’ pairwise quarterly portfolio (absolute) correlations in 2004-2022 to test

their correlation responses to our measures of funds’ direct information acquisition and network

connectivity. We find that bilateral information, whether acquired through the firsthand acquisition

via EDGAR or through bilateral network, makes any two funds’ portfolios less correlated on average.

In contrast, system-wide information, especially through network diffusion, makes funds’ portfolios

more correlated. In particular, the system-wide network connectivity has the largest positive impact

on portfolio correlations among all the channels.

Our interpretation of these results is that, relatively to system-wide network information, the

bulk of bilateral information flows among funds are more likely to be idiosyncratic and out of

liquidity needs, which reduces funds’ portfolio correlations. The fact that system-wide network

connectivity engenders significant and stronger correlations between fund portfolios suggests that

after the idiosyncratic liquidity needs get washed out, there remains some information circulating

in the system-wide network regarding asset payoffs that induces higher correlations across funds.

We conduct various robustness checks to verify that our benchmark regressions capture what is

intended. In particular, given that our network measure using fund returns, we test to ensure the

network effect in our benchmark results is not simply a price effect where funds sharing a common

reaction to the market price, nor from funds’ simultaneous direct information acquisition or asset

holding overlaps. In addition, we also include additional controls to take into account the fact that

a few of the sample funds belong to the same company group.

Once we establish the robustness of our benchmark results, we extend our analysis to various

dimensions. First, we study asymmetric responses of negatively and positively correlated portfolios.

We find that the benchmark results using the full sample are mainly driven by the fund pairs with

non-negative correlations, even though they are a smaller share of the sample. In fact, total network

connectivity becomes even more important for those non-negatively correlated funds, making them

more positively correlated. This result is mainly driven by the larger magnitude on average for

positive portfolio correlations (22%) than negative correlations (-0.65%). Second, we explore the

interactive effects of information channels on portfolio correlations. No interactive effect is found

between direct information acquisition and indirect network channels. However, we show that the

system-wide network weakens the impact of bilateral network on portfolio correlations. Third, we

examine the impact of uncertainty and show that the reduction effect of bilateral connectivity on

portfolio correlation is stronger during high uncertainty periods.
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Finally, when we examine how the information channels affect each other, we find evidence

supporting network’s crowding-out effect as well as its accelerator effect on direct information

acquisition. That is, although network itself does crowd out direct information acquisition, it

strengthens the amplification effect among funds’ direct information acquisition (i.e., others’ infor-

mation acquisition increases one’s own acquisition). This result reconciles two pieces of literature.

One, using laboratory data, finds the two types of information channels are substitutes due to free

riding (e.g., Halim et al. (2019); Ruiz-Buforn et al. (2021)). The other piece of literature, using

theoretical models, shows that network information can be a strategic complement to direct infor-

mation acquisition through various scenarios (e.g., Goldstein and Yang (2015), Ganguli and Yang

(2009), Veldkamp (2006)). For instance, Cobas et al. (2023) shows that more direct information

acquisition can be built on existing network information.

Contributions and Literature Our paper contributes to the understanding of how information

flows from different sources (directly acquired and bilateral versus system-wide network diffusion)

affect portfolio allocation, as well as how they may or may not interact with each other. Specifically,

to our knowledge this is the first paper to distinguish firsthand direct acquisition from bilateral and

system-wide network information flows and to examine their separate as well as interactive effects

on portfolio allocation. In particular, other papers have focused either on the impact of private

information acquisition (Cohen et al. (2008), Cohen et al. (2010)), or that of network (Hong et

al. (2005), Ivković and Weisbenner (2007), Shive (2010), Pool et al. (2015), Ning Ding and Shen

(2017), Rossi et al. (2018)) on portfolio allocation. But none has studied these information channels

simultaneously nor distinguished bilateral versus system-wide networks. Our empirical results

provide evidence for the importance of system-wide network information diffusion on investment

behavior relative to other information channels.

Our work is closely related to the literature on the impact of networks on portfolio allocation.

For instance, Shiller and Pound (1989) survey institutional investors and find that their portfolio

choices are partly influenced by word-by-mouth communications. Feng and Seasholes (2004) exploit

Chinese brokerage rules that investors must trade at their office and show that trades are highly

correlated for those who are geographically close. Hong et al. (2005) find that a mutual fund

manager is more likely to trade a particular stock in any quarter if other managers in the same

city are trading that same stock. Ivković and Weisbenner (2007), using individual investor data

from a single brokerage, find that a ten percentage point increase in neighbors’ purchases of stocks

from an industry is associated with a two percentage point increase in a household’s own purchases

of stocks from that industry. Shive (2010) using Finish data shows that individuals share useful

information which induces financial trading.
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In more recent works, Pool et al. (2015) show that the overlap of funds whose managers reside

in the same neighborhood is considerably higher than that of funds whose managers live in the

same city but in different neighborhoods. Heimer (2016) identifies traders’ network using a dataset

from an investment-specific social network flatform and finds that traders connected in the network

develop correlated levels of the disposition effect. Ning Ding and Shen (2017) and Rossi et al. (2018)

both utilize investment management mandates to identify fund manager networks and find that

funds share more similar and higher returns, holdings, and trading with funds in their mandated

networks than with funds outside the networks. In Di Maggio et al. (2019), investors who are

connected through the same broker execute similar traders. Our paper also highlights the role of

networks on portfolio allocation, like the above papers, but differs in that we bring in the roles of

firsthand direct information acquisition and bilateral versus system-wide networks, as well as their

interactions.

Another key difference is that, while all the papers above identify networks by a single channel

through which investors connect, such as office locations, neighborhoods, brokers, social network

platforms, investment mandates, and education institutions, this paper uses a different identification

approach (Diebold and Yilmaz, 2015) to measure empirical investor network assuming that network

information diffusion occurs simultaneously through multiple venues.1 This measure values the

aggregate strength of all network linkages between two funds over time using a continuous metric,

while the papers in the last paragraph measure one particular linkage with a 0/1 dummy. It also

allows us to compute not only bilateral but also directional and system-wide connectivity measures

that assess different kinds of information diffusion in networks, which the previous papers cannot

do with their network measures.

This paper is also related to a large number of papers on direct information acquisition and/or

portfolio allocation. Many in this strand of literature examine the impact of direct information

acquisition on return forecast accuracy and investment performance, to name a few, e.g., Gibbons

et al. (2021), Chen et al. (2022a) and Chen et al. (2022b), or the impact of information acquisition

cost on portfolio allocation (e.g., Van Nieuwerburgh and Veldkamp (2010)). Our paper focuses on

the impact of direct information acquisition from public sources (with little to no cost) on portfolio

allocation, in addition to the abovementioned network effect.

Regarding the impact of firsthand direct information acquisition and information diffusion

through networks on each other, there is a separate relevant literature to which our work relates.

For instance, in their theoretical paper Han and Yang (2013) show that social communication

1Ozsoylev et al. (2014) also uses an ex-post identification strategy for investor networks, but instead of using
investors’ realized returns they use investors’ realized trades within a short period of time. Also unlike us, they do
not include a direct information acquisition channel.
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crowds out information production. Goyal et al. (2017) find that a decline in relative costs of con-

necting with others increases social networks and makes private investments more dispersed, which

reduces aggregate investment. Halim et al. (2019) use a laboratory experiment to demonstrate

that networks can crowd out information acquisition due to free-riding on the network information.

However, there also exists a whole set of theoretical papers that consider direct information acqui-

sition and network or public information complements (e.g., Goldstein and Yang (2015), Ganguli

and Yang (2009), Veldkamp (2006), Cobas et al. (2023)). Our paper adds to this literature by ex-

amining field data and, to our knowledge, is the first to document the two-fold (both crowding-out

and amplification) effect of network on direct information acquisition.

The rest of this paper is structured as follows. Section 2 describes the databases and measure-

ments. Section 3 lays out our empirical strategy. Section 4 presents and discusses the benchmark

results, as well as robustness checks and extensions. Section 5 concludes.

2 Data

Our empirical analysis combines three different data sets. First, we use quarterly portfolio data of

US equity funds from the S&P Intelligence Unit to assess investment decisions over time. Second,

we obtain daily share prices of the selected funds from Bloomberg to estimate funds’ connectivity

with each other. Finally, we use funds’ internet access to company filings from the SEC’s EDGAR

log file database to indicate each fund’s direct information acquisition activities about the assets

traded in the market.

To maintain a tractable scale, we select from the S&P Intelligence Unit 20 mutual funds that

invest in only US stocks with the biggest average portfolio sizes and fullest price history (by

Bloomberg) in 2004-2022.2 The number of funds we can include in our study is limited by our

computational capacity to infer the funds’ network. As detailed in Section 2.2, the methodology we

use to infer funds’ network requires, as a first step, to estimate a vector autoregression model (VAR)

using the series of fund prices, that is, a twenty-variable VAR model for twenty funds. Moreover,

as we intend to consider the evolution of funds’ connectivity over time, we estimate one VAR per

quarter using 1-year rolling windows of daily data including the quarter of interest. Hence, we

have about 250 daily prices per fund in each VAR estimation. These make the VAR regressions

computationally intensive, which limits our number of funds to 20. As a result, our portfolio sample

consists of a set of 20 matrices, each with rows and columns reporting a fund’s assets and quarterly

positions, respectively. We observe a total of 2,805 different assets throughout the entire sample

over 73 quarters in 2004q1-2022q1.

2However, we remove funds with more than 1000 asset holdings, as they could be index funds.
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Table 1: Fund Portfolio Descriptive Statistics

Fund F1 F2 F3 F4 F5 F6 F7 F8 F9 F10

Size (USDmn) 167.762 94.721 92.911 85.341 72.295 56.344 55.312 52.131 50.197 45.792
In a group 1 No No 2 No No No 2 No No
Number of assets 99 85 222 168 462 117 92 223 269 74

Fund F11 F12 F13 F14 F15 F16 F17 F18 F19 F20

Size (USDmn) 43.646 41.657 33.569 29.376 24.897 21.513 19.494 16.394 25.248 20.022
In a group No No 1 1 No No No No No No
Number of assets 155 384 31 201 616 262 145 248 109 701

Notes: “In a group” indexes ownership of the funds to the same financial institution inside the sample.

Table 1 presents descriptive statistics for the funds in the sample. The portfolios present an

important heterogeneity in both size and assets, which potentially gives them different levels of

market power and visibility in the market. We see that the average size of the funds in our analysis

ranges from 16 to 168 million dollars. The average number of different assets in the portfolio ranges

from 31 to 701 and the average non-zero asset position is approximately 15 million dollars. Most

of the funds are independent institutions, except for funds F1, F13, and F14, and F4 and F8 which

belong to two different companies, respectively. No fund shares the same manager.

2.1 Portfolio Pairwise Correlation and Overlap

To assess the potential convergence in investor decisions, we use two alternative measures for

portfolio similarity: correlation and overlap, and the former measure is our benchmark. To calculate

quarterly correlations, we start by mapping each portfolio’s relative positions, i.e., the percentage

that each asset position represents in the total position of the fund that quarter, into a new matrix

of dimensions 2, 805×73, where rows represent the full set of assets for all funds in the dataset and

the columns are quarters in the sample. For instance, if a fund does not have an asset that other

funds have, then the relative position is zero. Having all the funds’ portfolio relative positions

represented in the same assets-quarters space, we then obtain the pairwise portfolio correlation

using the pair of position vectors in quarter t of funds i and j, denoted as ρi,j,t ∈ [−1, 1].

Table 2 panel 1) presents period-average correlations of a fund with others. There we see

positive averages and negative medians, which suggests that the distribution of the correlations

is right-skewed, where the majority of funds are negatively correlated and some funds have very

strong positive correlations.

We measure portfolio overlap as in Equation 1, following Pool et al. (2015). We calculate funds

i and j’s portfolio weights w of an asset a, take their minimum, and repeat for all assets held by

the two funds in the set At.
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Table 2: Fund Similarity Descriptive Statistics

Fund F1 F2 F3 F4 F5 F6 F7 F8 F9 F10

1) Correlation
Mean 0.016 0.021 0.032 0.154 0.005 -0.007 0.138 0.091 0.001 0.002
Median -0.004 -0.006 -0.008 -0.005 -0.009 -0.009 -0.005 -0.006 -0.007 -0.004
2) Overlap
Mean 0.009 0.014 0.025 0.124 0.005 0.001 0.112 0.084 0.004 0.002
Median 0 0 0 0 0 0 0 0 0 0

Fund F11 F12 F13 F14 F15 F16 F17 F18 F19 F20

1) Correlation
Mean 0.142 0.009 0.003 0.014 0.016 0.12 0.143 0.012 0.005 -0.007
Median -0.005 -0.004 -0.003 -0.005 -0.006 -0.005 -0.005 -0.007 -0.002 -0.009
2) Overlap
Mean 0.11 -0.015 0.003 0.01 0.016 0.098 0.114 0.013 0.007 0.002
Median 0 0 0 0 0.005 0 0 0 0 0

Notes: Mean and median portfolio correlations and overlap correspond to quarterly data in 2004-2022.

PortfolioOverlapi,j,t =
∑
a∈At

min{wa,i,t, wa,j,t} (1)

As shown in Table 2 panel 2), portfolio overlap is on average below portfolio correlations. The

median is mostly at zero. Also, note that funds 3 and 12 have negative (short) positions on assets

at times in our sample, but overall short positions are a small share of our sample.3 This causes

the mean of overlap for fund 12 to be negative. Hence, it is important to note that overlap and

correlation are not the same, although the two portfolio-similarity measures are highly correlated

with a correlation of 0.89 (see Table A.3).

2.2 Network Extraction

Our network extraction methodology and connectivity measures follow those proposed in Diebold

and Yilmaz (2015). That is, the connectivity between two funds is the fraction of the forecast

error variance in one of the fund’s daily returns explained by an independent shock hitting the

other fund’s returns. The advantage of this approach is that pairwise connectivity is directional

(non-symmetric), continuous, and varies for each pair of funds each period.

To estimate the network structure, we first calculate fund returns. For each fund in the sample

3In the case of fund 3, it has only 1 asset on one date that had a short position. In the case of fund 12, it has
negative positions on 18 dates in 140 out of 384 assets. To deal with short positions, we employ the sum of the
absolute values to calculate the total value of the portfolio used in the portfolio weight. This reduces the weight of
assets with short positions.
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we collect daily fund share prices from Bloomberg for the period of 2003-2022 and compute daily

returns in period t for fund i as ri,t = 100 ln(Pi,t/Pi,t−1). The mean and median daily returns are

reported in Table 3 Panel 1). The returns are slightly left skewed.

Table 3: Funds’ Average Centrality and Connectivity Measures

Fund F1 F2 F3 F4 F5 F6 F7 F8 F9 F10

1) Daily Return
Mean (%) 0.000 0.000 0.008 0.003 -0.002 0.004 0.001 0.003 0.006 -0.002
Median(%) 0.000 0.021 0.018 0.016 0.000 0.000 0.000 0.013 0.022 0.000
2) Connectivity
Ci←• 2.410 5.272 0.778 0.385 0.954 1.399 0.588 0.225 0.477 0.130
C•←j 0.185 0.184 0.857 0.893 0.503 0.445 0.710 0.986 0.799 0.614
3) Centrality
Eigen Vector 0.061 0.172 0.077 0.064 0.037 0.057 0.047 0.061 0.046 0.023

Fund F11 F12 F13 F14 F15 F16 F17 F18 F19 F20

1) Daily Return
Mean (%) 0.006 0.01 0.01 0 0.004 0.003 0.006 -0.002 0.004 0.002
Median (%) 0.020 0.016 0.024 0.000 0.000 0.000 0.026 0.000 0.000 0.031
2) Connectivity
Ci←• 0.189 0.274 0.214 0.132 0.125 0.178 0.09 0.1 0.119 0.104
C•←j 0.976 0.78 0.635 0.83 0.806 0.821 0.901 0.761 0.597 0.86
3) Centrality
Eigen Vector 0.064 0.038 0.032 0.027 0.036 0.035 0.038 0.026 0.025 0.035

Notes: Average fund daily returns in 2003-2022. Average fund network features correspond to quarterly
data in 2004-2022.

Then, we estimate a VAR(1) for each quarter using daily returns computed from the share prices

of the 20 funds for the four quarters preceding the quarter under analysis.4 We assume that the

estimated linkages from the prior four quarters affect investors’ decisions in the subsequent periods.

We then use a 10-day projection forecast to obtain the corresponding quarterly orthogonalized

forecast error variance decomposition matrix, from which we infer funds’ connectivity measures.5

In the matrix, each element off the diagonal di,j with i 6= j informs the percentage of the forecast

error variance of returns in fund i that is produced by an independent shock from returns in fund

j. Subsequently, we use five measures of connectivity that we can extract from the matrix, as

in Diebold and Yilmaz (2015): pairwise directional connectivity (Ci←j = di,j and Cj←i = dj,i),

pairwise bidirectional connectivity (Ci,j), total directional connectivity to others (C•←j), total

4As we have a 20-variable VAR to be estimated with a series of about 250 daily prices (of 1-year rolling window)
for each quarter, we simplify as much as possible by choosing a Var(1) model.

5For the selection of the projection horizon, we choose a value from which the connectivity measure starts to
converge. In Figure A.1 in appendix A we show how connectivity varies with the days-in-projection parameter.
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directional connectivity from others (Ci→•), and system-wide connectivity (C).

It is important to note that we are interested in measuring the connectivity over time. As

a result, we will estimate the VAR model for each quarter t and then obtain the corresponding

variance decomposition matrix from which we compute the full set of connectivity measures for the

same quarter. In the following text, we omit the subscript t below to keep equations simple.

Directional and bidirectional pairwise connectivity isolate the mutual relationships between a

pair of funds. The directional pairwise connectivities are denoted Ci←j = di,j and Cj←i = dj,i for

i 6= j and measure the response of i to a shock in j and vice versa, respectively. Meanwhile, the

bidirectional pairwise connectivity in Equation (2) aggregates the directed effects from both i to j

and j to i (with i 6= j). It gives us the bilateral connectivity between two funds in each period.

Ci,j = di,j + dj,i (bidirectional connectivity) (2)

We then aggregate directional measures of connectivity for each fund. For instance, the total

directed connectivity from fund j to others is computed using Equation (3). It represents the

aggregated connectivity effect on all other funds from an independent shock in j.

C•←j =
N∑

i=1,i 6=j

di,j (3)

where N is the number of funds. The fourth measure is total directed connectivity to fund i from

the rest of the network, i.e., Equation (4). It captures how responsive each fund is to the shocks in

the rest of the network.

Ci←• =
N∑

j=1,j 6=i

di,j (4)

Finally, system-wide connectivity in Equation (5) aggregates all directional bilateral effects. Al-

though it does not provide information about the direction of information flows, it measures the

degree of information sharing across the system in each period.

C =
1

N

N∑
i=1

N∑
j=1,j 6=i

di,j (total network) (5)

The pairwise bidirectional connectivity is plotted in Figure 1 for 2005q1 and 2022q1, respectively.

Each node represents a mutual fund, and the width of the links between each pair of nodes represents

the intensity of the connectivity between that pair of funds. The comparison between the two

networks at the beginning and the end of the data sample shows some variations in the system
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Figure 1: Pairwise Bidirectional Connectivity

Notes: Each node represents one fund. The width of the links represents the intensity of the pairwise connection
each period relative to the maximum link intensity in the same period.

connectivity over time, albeit with persistence.

Table 3 panel 2) shows the sample averages of directional connectivity measures. To the extent

of receiving shocks from the others in the network, using the measure Ci←•, we can see that funds

F1, F2, and F6 are the most connected. In other words, those funds have returns that are most

affected by shocks from the other funds in the network. Meanwhile, according to the measure C•←j ,

the funds that are most connected to transmit shocks to others are F8, F11, and F17. Comparing

the two measures, we see that the directional effect from others has more high-value outliers than

the directional effect to others, suggesting that there are a few funds much influenced by others

but no exceptionally influential funds to others in our sample.

We also report the eigenvector centrality in Table 3 panel 3). It captures how connected a fund

is to highly connected funds. According to this measure, the most central node is F2, which also

happens to be the fund with the highest Ci←• measure. In figure 1 we can see that F2 is strongly

connected to funds F3, F4, F8, and F11, which, as expected, are also the most central among the
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funds.

Figure 2: System-wide Connectivity
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Notes: System-wide connectivity is computed according to Equation (5). ltotnet is
the logarithm of total network Ct, and lV IX is log(VIX) plotted on the secondary
axis.

Figure 2 shows the system-wide measure of total network C of the sample funds during our

sample period. It has some variation over time and also appears to have a positive correlation with

the VIX, which is 0.59. This suggests that connectivity increases during times of high uncertainty.

One reason could be that investors connect more to gain more information during such periods.

It is also possible that given the way we measure networks, the measurement itself may capture

some common economic factors that are more prevalent during times of high uncertainty and affect

many assets, rather than the actual network structure. In section 4.3.3, we address this issue.

2.3 Direct Information Acquisition

Finally, we use the EDGAR access log file database. It contains a daily log of the IP addresses

that connect to the SEC site, reporting the date and time of users’ connections, and the listed

companies whose information the users have collected while there. We believe EDGAR log files

provide a good measure for firsthand direct information acquisition by investors. Although there
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are other sources for investors to access firms’ financial disclosures, such as Bloomberg terminals,

the EDGAR filings are a first-source repository with the most detailed information. As noted in

Loughran and McDonald (2017), non-EDGAR sources often process income statement and balance

sheet information from the EDGAR filings and simplify it into a preset framework, and thus omit

valuable information, such as off-balance sheet operations, and are also prone to errors. However,

annual reports on EDGAR have all information, conveyed through the main text, plots, notes, and

footnotes, which cannot be obtained from a Bloomberg terminal or a secondary website.6

We have created a database of all IP addresses used by the funds in our sample to connect to

the Internet from the American Registry for Internet Numbers (ARIN). An IP address is a unique

string of characters organized in four octets of numerical digits. In the database, each fund has one

or more IP addresses, most of them (but not always) varying only in the last octet.

We then match our sample funds’ IP database with the IP addresses in the EDGAR log files.

To keep the privacy of information, EDGAR log files report only the first three octets of the IP

addresses masking the last one with letters. This makes the identification of the fund’s connection

not perfect but noisy. Another company may share the first three octets of its IP address with

some of our funds, which results in more counts to our funds’ connections to the SEC filings than

the actual number of counts. However, for such an overcount to happen, the company sharing the

same first three octets with our sample funds also has to connect to the SEC filings for information

in the same quarter, which may be uncommon. On an empirical assessment of the use of EDGAR

data to measure information acquisition, Gibbons et al. (2021) exploit the fact that brokerage

houses tend to register big blocks of IP addresses, which enables the authors to map the partially

masked IP address to their sample. Similarly, here, we also find that mutual fund companies

register big blocks of IP addresses. For instance, Vanguard registers to all IP addresses that begin

with 192.175.128 (e.g., 192.175.128.0, 192.175.128.1, ..., 192.175.128.254, 192.175.128.255). This

increases the probability of success in our noisy mapping of fund IP addresses to EDGAR log file’s

masked IP addresses.7

It is also important to note that many firms use automated connections to access the SEC

filings. As a consequence, the same IP appears several times in a short period of time (even

within a second), adding volume to the funds’ EDGAR connection counts without reflecting actual

additional information processing by the investors. Hence, we restrict our EDGAR access count to

one per IP address a day. In the case that a fund manages more than one IP address (more than

6According to Loughran and McDonald (2017), the investor relations website for many firms link investors directly
to the EDGAR website for any SEC filings, and these views and downloads are also counted in the EDGAR log.

7It is possible that funds that belong to the same group share IP addresses but it is not always the case. For
instance, in our sample, Funds 4 and 8 in a group share the same IP addresses, while F1, F13, and F14, in a different
group, do not.
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one set of three octets), we consider more than one EDGAR connection by a fund a day, which

would reflect more than one processing unit within the fund.

Then, we use the total number of accesses to EDGAR that each fund made each quarter during

our sample period to proxy for their direct information acquisition activity to different assets.8 In

our sample, Only 9 out of the 20 funds accessed SEC filings through EDGAR. This may be due

to the fact that there are many other direct sources for mutual funds to acquire information about

listed companies, such as their website, shareholders roadshows, or direct visits to the company. As

a result, our EDGAR access proxy may underestimate the direct information acquisition channel.

However, for those 9 funds that accessed EDGAR, there are plenty of cross-sectional and time

variations in the access counts for us to explore empirically.

2.4 Summary Statistics

We report in Table 4 the descriptive statistics of our outcome variables, direct and network infor-

mation acquisition variables that we use in our benchmark analysis. We take the natural logarithm

of the independent variables to keep their magnitudes more comparable with each other. And since

direct information variables’ data is sparser than the other variables, the number of observations

in a regression will be constrained by those direct information variables.

Table 4: Summary Statistics

Variable Definition Obs Mean Std. dev. Min Max

Outcome:
aCorrelation Absolute value of fund-pair correlation 13,107 0.056 0.149 0 0.999

Direct information:
lf1edgar log(all EDGAR connections in a quarter by fund1 in the fund-pair +1) 4,563 0.854 1.424 0 6.979
lf2edgar log(all EDGAR connections in a quarter by fund2 in the fund-pair +1) 4,880 1.551 1.964 0 6.979
lf1f2edgar log(all EDGAR connections in a quarter by fund-pair +1) 2,226 2.058 2.026 0 7.076
ltotinfo log(all EDGAR connections in a quarter by all sampled funds +1) 9,500 4.741 1.684 0 7.130

Networks:
lbidirectionalconn log(bilateral fund-pair network measure) 13,870 -3.662 1.469 -9.118 -0.090
ltotnet log(system-wide network measure) 13,870 2.643 0.116 2.413 2.848

Notes: Sample period is 2004Q1-2022Q1, except that we only have EDGAR log file data up to 2016Q4.

3 Empirical Strategy

We now examine the effect of direct information acquisition and network connectivity on investor

portfolio decisions using quarterly fund-pair panel data. In benchmark specifications, we aim to

test how direct information acquisition (by the fund pair and other funds) and indirect information

8Our EDGAR access counts include a fund’s access to any assets not just the assets they hold.
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acquisition through (bilateral and system-wide) networks affect the strength of the correlation

between investor portfolio decisions. We consider each possible combination (i, j) of the 20 mutual

funds (with i 6= j) in our sample. Thus, we get a panel with 190 mutual fund pairs across 73

quarters in 2004Q1-2022Q1.

Our benchmark specification is:

aCorrelationij,t = β0 + β1log(f1f2edgarij,t) + β2log(total informationt)

+ β3log(bilateral connectivityij,t) + β4log(total networkt) + λij + µij,t (6)

The dependent variable aCorrelationij,t is the absolute value of pair-wise correlation between

the two funds’ (i, j) portfolios in quarter t. Control variable f1f2edgar is fund pair-wise di-

rect information acquisition through EDGAR and is measured as the sum of both funds’ number

of accesses to EDGAR. Variable total information (totinfo) is the direct information acquisi-

tion through EDGAR by all funds in our sample. Variable bidirectional connectivity is the pair-

wise bilateral connectivity measure between the two funds, i.e., Ci,j from Equation (2). Variable

total network (totnet) is the system-wide connectivity measure among all funds in our sample, i.e.,

C over time from Equation (5). We also include pair-wise fixed effects, λij . Again, notice that all

of the raw values for the independent variables are logged.

In the robustness tests, we also consider overlap as the dependent variable and other speci-

fications, which we will detail in Section 4.2. Finally, in all specifications using fund-pair data,

standard errors are two-way clustered at the fund level for each fund in the pair, to control for

possible correlations from repeated observations of a fund across pairs and quarters. Without the

two-way clustering, the standard errors would be underestimated, although the coefficient estimates

are not biased.

4 Results

This section presents the effects of direct and network information acquisition on funds’ portfolio

choice similarities. To highlight the different information channels, we use four metrics: pair-wise

direct information acquisition, system-wide direct information acquisition, bilateral/bidirectional

network, and system-wide network. Our results show that the system-wide network is essential for

increasing fund portfolio similarities.

Next, We conduct various robustness tests to validate our benchmark results. Then, we extend

our analysis to explore asymmetric responses of positive versus negative correlations, respectively,

the interactive effects of the information channels on the correlations, and how the effects of in-
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formation acquisition change during high uncertainty periods. Finally, we examine whether there

exists any amplification or crowding-out effect between the four information channels and direc-

tional information flows.

4.1 Benchmark

We first present the effects of direct and network information acquisition on funds’ portfolio choice

correlation (Table 5). In column (1), we only consider the effect of direct information acquisition.

According to the coefficient of lf1f2edgar, when a fund pair acquires more information, the absolute

correlation between the funds’ portfolios decreases, indicating that the funds may have different

private information sets or different interpretations of their private information. However, when

the total information directly acquired by the whole set of funds in the sample increases (see the

coefficient of ltotinfo), the pair-wise absolute correlation increases. This implies an increase in the

total information in the network leading fund pairs to make more correlated portfolio decisions.

Table 5: Direct and Network Information Acquisition

(1) (2) (3) (4) (5)
Absolute Correlation Direct Network Bilateral System-wide All

lf1f2edgar −0.0052∗ −0.0015 −0.0051∗

(0.0023) (0.0011) (0.0027)

ltotinfo 0.0059∗∗ 0.0004 0.0028
(0.0025) (0.0005) (0.0017)

lbidirectionalconn −0.0019 −0.0062 −0.0052
(0.0017) (0.0043) (0.0044)

ltotnet 0.0414∗∗ 0.0510∗ 0.1565∗

(0.0196) (0.0282) (0.0735)

cons 0.1123∗∗∗ −0.0602 0.1117∗∗∗ −0.0759 −0.3042
(0.0078) (0.0556) (0.0123) (0.0735) (0.2009)

N 2128 13107 2128 8927 2128
Adj. R2 0.875 0.848 0.875 0.864 0.881

Notes: Dependent variable is the absolute value of the portfolio correlation between a pair of two funds.
lf1f2edgar is the log value of the direct information acquisition from accessing EDGAR by the fund pair.
ltotinfo is the log value of the direct information acquisition from accessing EDGAR by all funds in the
sample. lbidirectionalconn is the log value of the network connectivity between the two funds in a pair.
ltotnet is the log value of the network connectivity among all funds in the sample. We also include fund-pair
fixed effects. Standard errors, two-way clustered by each fund in the pair, are in parentheses. Significance
levels: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Column (2) in Table 5 examines the network effect and shows a positive and significant coefficient
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on variable ltotnet. That is, when the network connectivity is stronger in the sample, the two funds

in a pair make more correlated portfolio decisions. The bilateral/bidirectional connectivity has an

insignificant negative effect. This suggests that on average funds rely less on bilateral networks

and copy from one other fund’s information or its investment choices, they learn more from the

system-wide network.

More specifically, one possible interpretation of the above bilateral and system-wide network

effect results is that the bulk of bilateral information flows among funds are likely to be idiosyncratic

in nature and out of liquidity needs. As a consequence, such information flows typically result in

trade either with each other or through a third party. For instance, when Funds A and B are

strongly connected, Fund A learns that Fund B has excess liquidity needs to meet. They will

then be able to trade in the market in opposite directions, pushing their portfolio correlations in a

negative direction.

These liquidity needs, though, are idiosyncratic and washed out in the system-wide connectiv-

ity. The fact that system-wide network connectivity engenders a strong, significant, and positive

correlation between fund portfolios suggests that after averaging out information regarding idiosyn-

cratic liquidity needs, some information circulating in the network regarding asset payoffs remains.

For instance, Fund A learns positive news about Apple stock from an EDGAR pull. This news

leaks through network connections and induces positive correlation across funds as they all seek to

purchase more Apple stock.

Column (3) in Table 5 considers only the effects of bilateral factors: pair-wise direct information

acquisition and pair-wise connectivity. Both weaken the absolute correlation between two funds

on average, confirming the results in columns (1) and (2). However, neither factor is statistically

significant.

The effect of system-wide factors is highlighted in column (4): direct information acquisition by

all funds and the entire network’s connectivity. Their positive coefficients show that system-wide

information acquisition and network connectivity strengthen the absolute correlation between two

funds, confirming the prior results. Again, only the network variable (logged totnet) is statistically

significant.

In column (5), we combine all four information variables into one specification. The coefficients

are consistent with those in the previous columns. The coefficient of ltotnet is still the largest,

highlighting the importance of the system-wide network effect in investment decisions.

4.2 Robustness

We test the robustness of the benchmark findings in this subsection. From our previous results,

the system-wide network information diffusion effect is shown to be important for how correlated

16



fund portfolios are. However, given the way we measure networks using fund returns, there are

several concerns. First, it is possible that this network effect we measure is in fact a price ef-

fect. That is, instead of information diffusion through the network, what the totnet’s coefficient

shows is funds reacting to observing the common market price. Second, if funds directly acquire

information simultaneously and their information all conveys a similar story, which triggers similar

reactions and fund returns, then this direct information acquisition could be mistakenly counted as

bilateral connectivity by our network measurement. Third, when any two funds have overlapping

portfolios, the overlap can mechanically raise both the portfolio asset position correlation and our

bilateral/bidirectional connectivity measure, as the latter is derived from portfolio returns that

depend on portfolio positions.

To address the above concerns, we conduct robustness checks in the next three subsections. In

addition, in the last subsection, we conduct robustness checks by including a dummy variable for

fund pairs in the same group and its interactions. All the robustness regression results are reported

in the Appendix A.

4.2.1 Price effect

To distinguish price effect from network effect, we lag our independent variables by 1 quarter and

2 quarters, respectively, and run the same set of benchmark regressions as before. The intuition is

that if it were price effect, the coefficient of lagged totnet would be different from that of not-lagged

totnet, as the price effect should be simultaneous and not have any impact 1 or 2 quarters later.

The results are reported in Table A.1. We can see that the coefficients of lagged totnet remain

statistically significant and similar in magnitude. This result indicates that the network effect we

have found previously is not a price effect but an effect with persistent impact like a network effect

would be.

4.2.2 Simultaneous information acquisition

To estimate the possibility that our network measure captures the cases when two or more funds

directly acquire similar information simultaneously, first, we test whether any two funds acquire

information in the same quarter. Using the panel data of fund pairs over the sample period, we run

a regression of a fund’s EDGAR access (lf1edgar) on another fund’s EDGAR access (lf2edgar)

in the same period and vice versa. The results are reported in Table A.2 columns (1) and (2).

We find significantly positive coefficients for the impact of a fund’s direct information acquisition

on another fund’s direct information acquisition in the same quarter. Hence, we find evidence of

simultaneous direct information acquisition.
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However, will such incidences of simultaneous direct information acquisition dominate our

measure of bilateral/bidirectional connectivity such that the measure does not capture connec-

tivity but the simultaneous direct information acquisition? In a second test, we regress our

bilateral/bidirectional connectivity measure on pair-wise direct information acquisition and vice

versa (Table A.2 columns (3) and (4)). We do not find any evidence for pair-wise direct informa-

tion acquisition (lf1f2edgar) correlating with our measure of bilateral/bidirectional connectivity

(lbidirectionalconn). Hence, we conclude that our network measure is not dominated by cases

where funds simultaneously and directly acquire similar information.

4.2.3 Fund portfolio overlap

This subsection examines whether overlapping portfolio positions artificially raise both the portfolio

correlation and the bilateral/bidirectional connectivity measure in our sample. As in Pool et al.

(2015), we compute the overlap between portfolios as in Equation (1).

Table A.3 shows the correlations among three variables: the absolute correlation used in the

benchmark, the degree of portfolio overlap, and bilateral/bidirectional connectivity of a fund pair.

It is not surprising to see a high correlation between the absolute correlation and portfolio overlap.

And it is reassuring to see low correlations between bilateral/bidirectional connectivity and the

other two variables. This implies that our absolute correlation variable captures what we need, i.e.,

the degree of portfolio overlap, while portfolio overlap does not influence our bilateral/bidirectional

connectivity measure.

In addition, as an alternative measure for portfolio allocation decision similarity, we use portfolio

overlap as the dependent variable, as in Pool et al. (2015). The results are shown in Table A.4 and

similar to the benchmark results in Table 5. Bilateral variables (lf1f2edge and lbidirectionalconn)

negatively affect portfolio overlap, although insignificant. Among all of the variables, the system-

wide network effect ltotnet is still the strongest and most positive.

4.2.4 Funds in the same group

The last robustness issue is that some of the funds in our sample belong to the same company

group, as shown in Table 1. Understandably, these funds in the same group on average show

a higher bilateral/bidirectional connectivity than other unrelated funds in our sample, according

to our t-test.9 To eliminate the complications that can arise from funds in the same company

group, we add to the benchmark regressions a dummy variable for fund pairs that belong to the

same group and its interaction with key explanatory variables. Since fund managers working for

9The t-test result is not shown here but is available upon request.
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the same group are very likely to know each other, this specification can also tell us how much

our benchmark specification underestimates the bilateral connectivity effect. If bidirectionalconn

perfectly captured a bilateral connection, the coefficient for group × lbidirectionalconn would be

zero.

The results are reported in Table A.5. The estimated coefficient for group× lbidirectionalconn
is statistically insignificant, which implies that lbidirectionalconn captures well the bilateral con-

nection. The group dummy’s interaction terms with other information channel variables are also

mostly insignificant. The only exception is for 1.group × lf1f2edgar which has a significantly

positive coefficient across specifications. This means that for funds in the same groups, direct

information acquisition leads to a stronger portfolio correlation, and the opposite case is true for

funds not in the same groups. It is possible that communication to reach a concensus after process-

ing directly acquired information is more common between fund managers within the same group

than those that are not, which leads to our finding.

4.3 Extensions

Having established the robustness of our empirical measures and results, in the next several sub-

sections we extend the analysis to examine asymmetric responses of positive and negative portfolio

correlations, the interactive impact of information channels on portfolio correlations, and high

uncertainty periods, as well as how information channels can affect each other.

4.3.1 Asymmetric Responses

In this subsection, we divide our sample by the sign of the correlation between any two funds’

portfolios. Notice that the dependent variables are still the absolute value of the correlations

regardless of the signs of the correlations. In Table 6, we report results for funds with non-negative

correlation in the top panel and those for funds with negative correlation in the bottom panel.

The non-negative correlation results are similar to those in the benchmark in Table 5 but with

larger coefficient magnitudes, highlighting the importance of network and information diffusion.

It is worth emphasizing that the number of observations for the non-negative correlation (3,089)

is about one third of that for the negative correlation (10,001). The median of the non-negative

correlations is 0.095, while that of the negative correlations is -0.006. Although many funds are

negatively correlated, the correlations are rather weak. For funds that are positively correlated,

the correlations tend to be much stronger.

Despite that majority of funds are negatively correlated, the negative correlation results are

nuanced because of the weak correlation. Bidirectional network in Table 6 column (6) makes fund
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portfolios less negatively correlated, while system-wide network is no longer significant in affecting

funds whose portfolios are negatively correlated. Overall, the magnitude of the information effect

for the negatively correlated funds is much smaller than that for the positively correlated funds.

4.3.2 Interactive Effects

To understand how the different information channels interact with each other in affecting fund

portfolio decisions, we add their interaction terms to our benchmark specification and report the

results in Table 7. Only column (2) shows a significant interaction effect. Although the bilateral

network by itself strengthens portfolio correlation, its effect is weakened by the system-wide net-

work, which is not surprising to learn. Moreover, at first it may appear odd that now the coefficient

of ltotnet is insignificant. However, once we take into account the significant negative coefficient

for the interaction term lbidirectionalconn × ltotnet and lbidirectionalconn being negative (see

Table 4), the overall effect of ltotnet is still positive as in the benchmark results.

These results highlight the importance of network effects, whether being bilateral or system-

wide. It is also reassuring to know that network variables do not have any interactive effect with

direct information acquisition on portfolio correlations, and vice versa.

4.3.3 High Uncertainty Periods

Next, we consider possible state dependency by interacting our independent variables of interest

with the quarterly volatility index (VIX). But before we run the regression, one may think that

direct and network information acquisition can fluctuate with economic uncertainty. In our dataset,

the only variable that has a relatively high correlation (50%) with VIX is ltotnet. This makes sense

in that during such high uncertainty periods, prices are often driven by common macroeconomic

and uncertainty factors, and given the way we have constructed the network measurement, during

volatile periods ltotnet may capture more of those common factors rather than the actual network

structure.

To tease out the component of macroeconomic and uncertainty effect on the network, we regress

ltotnet on VIX with the following specification and then use the residual and constant (α0 + eij,t),

which we call Residual totnet, to measure the system-wide network without the uncertainty factor

influence.

ltotnetij,t = α0 + α1V IX indexij,t + eij,t
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Table 6: Correlations: Non-negative vs Negative

Non-negative: (1) (2) (3) (4) (5)
Absolute Correlation Direct Network Bilateral System-wide All

lf1f2edgar −0.0160∗∗∗ −0.0078 −0.0174∗

(0.0034) (0.0057) (0.0075)

ltotinfo 0.0141∗∗∗ −0.0004 0.0058
(0.0021) (0.0027) (0.0040)

lbidirectionalconn −0.0047 −0.0121∗∗ 0.0039
(0.0066) (0.0045) (0.0082)

ltotnet 0.1814∗∗ 0.2271∗ 0.5962∗∗

(0.0819) (0.1294) (0.1886)

Constant 0.3444∗∗∗ −0.2802 0.3518∗∗∗ −0.3780 −1.1755∗

(0.0130) (0.2281) (0.0071) (0.3356) (0.4796)

N 691 3089 691 2241 691
Adj. R2 0.746 0.799 0.743 0.837 0.799

Negative: (5) (6) (7) (8) (5)
Absolute Correlation Direct Network Bilateral System-wide All

lf1f2edgar −0.0000 −0.0000 −0.0000
(0.0001) (0.0001) (0.0001)

ltotinfo 0.0000 0.0001 0.0000
(0.0001) (0.0001) (0.0001)

lbidirectionalconn −0.0002∗∗ −0.0000 −0.0000
(0.0001) (0.0001) (0.0001)

ltotnet −0.0020 −0.0023 −0.0009
(0.0012) (0.0016) (0.0011)

Constant 0.0075∗∗∗ 0.0111∗∗∗ 0.0074∗∗∗ 0.0126∗∗∗ 0.0096∗∗∗

(0.0004) (0.0031) (0.0003) (0.0042) (0.0027)

N 1428 10001 1428 6661 1428
Adj. R2 0.804 0.339 0.804 0.359 0.804

Notes: Dependent variable is the absolute value of the portfolio correlation between a pair of two funds
only if the correlation is non-negative (top panel) or negative (bottom panel). lf1f2edgar is the log value
of the direct information acquisition from accessing EDGAR by the fund pair. ltotinfo is the log value of
the direct information acquisition from accessing EDGAR by all funds in the sample. lbidirectionalconn
is the log value of the network connectivity between the two funds in a pair. ltotnet is the log value of
the network connectivity among all funds in the sample. We also include fund-pair fixed effects. Standard
errors, two-way clustered by each fund in the pair, are in parentheses. Significance levels: ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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Table 7: Interactions Between Direct and Network Information Acquisition

(1) (2) (3) (4)
Absolute Correlation Direct Network Bilteral System-wide

lf1f2edgar −0.0071 0.0036
(0.0057) (0.0026)

ltotinfo 0.0056∗ −0.0023
(0.0028) (0.0100)

lf1f2edgar × ltotinfo 0.0003
(0.0010)

lbidirectionalconn 0.0467∗ −0.0099
(0.0223) (0.0059)

ltotnet −0.0258 0.0460
(0.0221) (0.0433)

lbidirectionalconn × ltotnet −0.0184∗∗

(0.0087)

lf1f2edgar × lbidirectionalconn 0.0019
(0.0012)

ltotnet × ltotinfo 0.0010
(0.0040)

Constant 0.1140∗∗∗ 0.1175∗ 0.1004∗∗∗ −0.0630
(0.0099) (0.0582) (0.0177) (0.1121)

N 2128 13107 2128 8927
Adj. R2 0.875 0.848 0.875 0.864

Notes: Dependent variable is the absolute value of the portfolio correlation between a pair of two funds
only if the correlation is non-negative. lf1f2edgar is the log value of the direct information acquisition
from accessing EDGAR by the fund pair. ltotinfo is the log value of the direct information acquisition
from accessing EDGAR by all funds in the sample. lbidirectionalconn is the log value of the network
connectivity between the two funds in a pair. ltotnet is the log value of the network connectivity among
all funds in the sample. We also include fund-pair fixed effects. Standard errors, two-way clustered by
each fund in the pair, are in parentheses. Significance levels: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 8: Uncertainty and Information Acquisition

(1) (2) (3)
Absolute Correlation All Non-negative Negative

lf1f2edgar 0.0042 0.0093 −0.0000
(0.0054) (0.0269) (0.0001)

ltotinfo 0.0017 0.0173∗∗ 0.0001
(0.0034) (0.0058) (0.0001)

lbidirectionalconn 0.0043 0.0371 −0.0003∗∗

(0.0068) (0.0231) (0.0001)

Residual totnet 0.2101 0.6683∗ −0.0078∗∗

(0.1131) (0.3285) (0.0033)

VIX index 0.0112 0.0275 −0.0009∗∗

(0.0092) (0.0373) (0.0004)

lf1f2edgar × VIX index −0.0006 −0.0016 0.0000
(0.0004) (0.0015) (0.0000)

ltotinfo × VIX index 0.0001 −0.0005 −0.0000
(0.0002) (0.0003) (0.0000)

lbidirectionalconn × VIX index −0.0006∗ −0.0020 0.0000∗∗

(0.0003) (0.0012) (0.0000)

Residual totnet × VIX index −0.0045 −0.0103 0.0004∗∗

(0.0035) (0.0150) (0.0002)

Constant −0.4218 −1.3369 0.0255∗∗

(0.2887) (0.8281) (0.0084)

N 2128 691 1428
Adj. R2 0.883 0.810 0.807

Notes: Dependent variable is the absolute value of the portfolio correlation between a pair of two funds.
lf1f2edgar is the log value of the direct information acquisition from accessing EDGAR by the fund
pair. ltotinfo is the log value of the direct information acquisition from accessing EDGAR by all funds
in the sample. lbidirectionalconn is the log value of the network connectivity between the two funds in
a pair. Residual totnet is the residual of log value of the network connectivity among all funds in the
sample teasing out the VIX index effect. We also include fund-pair fixed effects. Standard errors, two-way
clustered by each fund in the pair, are in parentheses. Significance levels: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01.
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Table 8 shows how direct information acquisition and bilateral network affect fund portfolio

correlations depending on the economic volatility. During more volatile periods, bilateral networks

reduce slightly the portfolio correlation. The impact of network Residual network remains positive

and significant for non-negatively correlated funds, and its effect does not vary with VIX.

For those negatively correlated funds, information diffusion through the network during volatile

periods also matters. In particular, during normal times the system-wide network will make the

portfolio correlation less negative. This effect is dampened during economic volatile times.

4.3.4 Amplification or Crowding Out

So far we have examined the information channels’ impact on fund portfolio correlations and over-

laps. In this section, we turn to examine how the information channels affect each other. We first

focus on individual funds’ direct information acquisition behavior and then shift our attention to

fund pairs and their bilateral and system-wide networks.

Individual fund direct information acquisition

First, we examine how an individual fund’s direct information acquisition can be affected by the

direct acquisition of the other fund in a pair and by their bilateral connection. Table 9 columns

(1) and (2) show the results. Each fund directly acquires more information from EDGAR when

the other fund in the pair does the same, and this effect is strengthened when the two funds have

a stronger bilateral network tie. However, the bilateral tie itself reduces the direct information

acquisition. These results are interesting in light of the free-riding issue that is widely discussed

in the literature. We show that what discourages a fund’s information acquisition is not the

information acquisition of the other fund in the same network, but the fact that the fund is in

a network itself. That is, fund managers may choose direct information acquisition less often in

general because they rely on a network (of indirect information); but once other managers in their

network have acquired information directly, they will do so as well.

In Table 9 columns (3) and (4), we replace the bilateral network variable with VIX index to

study the effect of uncertainty. We confirm our prior result that funds positively affect each other’s

direct information acquisition from EDGAR. We also find that uncertainty reduces slightly but

significantly the direct information acquisition and weakens the positive impact of the other fund’s

direct information acquisition on one’s own acquisition. Since in our data uncertainty is associated

with a stronger system-wide network, it is possible that during such volatile times, funds resort more

to network information instead. However, a key difference between uncertainty and network is that

uncertainty makes the positive effect of funds’ direct information acquisition on each other weaker,
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while network makes it stronger. It may be due to the fact that uncertainty is also associated with

low information quality regardless of its sources as found by previous research (e.g., Chahine et al.

(2021)).

Table 9: Individual Fund Direct Information Acquisition: By Pair

(1) (2) (3) (4)
lf1edgar lf2edgar lf1edgar lf2edgar

lf2edgar 0.2600∗∗∗ 0.1946∗∗

(0.0573) (0.0713)

lbidirectionalconn −0.0678∗∗ −0.1365∗∗

(0.0275) (0.0414)

lf2edgar × lbidirectionalconn 0.0318∗

(0.0143)

lf1edgar 0.9205∗∗∗ 0.5194∗∗

(0.1769) (0.1837)

lf1edgar × lbidirectionalconn 0.1475∗∗∗

(0.0392)

VIX index −0.0142∗∗ −0.0311∗∗∗

(0.0054) (0.0092)

lf2edgar × VIX index −0.0016∗∗

(0.0005)

lf1edgar × VIX index −0.0067
(0.0039)

Constant 0.3082 0.7795∗∗∗ 0.8057∗∗∗ 1.8579∗∗∗

(0.1690) (0.0816) (0.1350) (0.1074)

N 2226 2226 2226 2226
Adj. R2 0.506 0.440 0.509 0.437

Notes: Dependent variable is the direct informational acquisition of one fund in a fund pair. lf1(f2)edgar
is the log value of the direct information acquisition from accessing EDGAR by a fund in a pair plus
one. lbidirectionalconn is the log value of the network connectivity between the two funds in a pair. We
also include fund-pair fixed effects. Standard errors, two-way clustered by each fund in the pair, are in
parentheses. Significance levels: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

In addition, we construct a new dataset of individual funds instead of fund pairs used in the

previous analysis to examine how the network affects a fund’s direct information acquisition. As

shown in Table 10 columns (1)-(3), we find no evidence for the impact of centrality or directional

information flows from or to a fund. However, when a fund is more connected to other funds overall

(column 4) and when there is more direct information acquisition by other funds in the network
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(column 5), a fund’s direct information acquisition increases. Column (5) result is consistent

with the prior result in Table 9 in that others’ direct information acquisition increases one’s own

acquisition, but column (4) result appears contradictory to the prior result that network itself

reduces one’s own direct information acquisition while increasing it when others also directly acquire

information. Hence, we add the interaction term between Othersnet and lOthersinfo in column (6),

and the result becomes consistent with that in Table 9.

Table 10: Individual Fund Direct Information Acquisition: By Individual

(1) (2) (3) (4) (5) (6)
lfedgar lfedgar lfedgar lfedgar lfedgar lfedgar

EVCentrality −16.7814
(12.9724)

FromOthers (Ci←•) −0.4046
(1.5372)

ToOthers (C•←j) 0.1171
(0.0715)

Othersnet (Ci←• + C•←j) 0.0972∗∗ −0.7588∗∗∗

(0.0321) (0.2073)

lOthersinfo (log(totinfo-fedgar)) 0.2764∗∗ 0.0318
(0.0879) (0.0899)

lOthersinfo × Othersnet 0.1532∗∗∗

(0.0244)

Constant 2.2162∗∗ 1.5060 1.1022∗∗∗ 1.0511∗∗∗ −0.0488 1.1707∗

(0.7745) (1.1087) (0.0684) (0.0538) (0.4065) (0.5309)

Observations 497 497 497 497 485 485
R2 0.015 0.001 0.002 0.001 0.121 0.193
Adjusted R2 0.013 −0.001 0.000 −0.001 0.119 0.188
F 1.6735 0.0693 2.6840 9.1887 9.8947 752.1984

Notes: Dependent variable is the log value of the direct information acquisition from accessing EDGAR by
a fund. EV Centrality is the eigen vector measure of the fund’s centrality in the network. FromOthers
is the information flow from other funds in the network. ToOthers is the information flow to other funds
in the network. Othersnet is the sum of the above two variables. lOthersInfo is the logged value of total
direct information acquisition by all other funds in the sample except the fund in question. We also include
fund fixed effects. Robust standard errors are in parentheses. Significance levels: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

Fund-pair and system-wide direct information acquisition

Now we return to the fund-pair dataset as used in the benchmark regressions to examine the

information acquisition of fund pairs, as well as that of the network. First, we construct a new

variable lothertotinfo. It is the logged value of total direct information from EDGAR excluding

the direct information of the fund-pair of interest. It measures the other funds’ (less the fund-pair
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in question) direct information acquisition from EDGAR in our system. Then we construct another

new variable lothernet. It is the logged value of all the information flows from and to the fund pair

less the bilateral connectivity between the pair, i.e., C1←• + C•←1 + C2←• + C•←2 − C1,2.

Table 11: Fund-pair and System-wide Direct Information Acquisition

(1) (2) (3) (4) (5)
lf1f2edgar lf1f2edgar lf1f2edgar ltotinfo ltotinfo

lothertotinfo 0.4070∗∗∗ 0.0315
(0.0736) (0.0774)

lothernet 0.7145 −1.5229∗∗

(0.3995) (0.5566)

c.lothertotinfo × c.lothernet 0.3757∗∗∗

(0.0515)

lbidirectionalconn −0.0096
(0.0778)

ltotnet 4.0104∗

(2.0963)

Constant 0.2926 1.3238∗∗ 1.8200∗∗ 4.7049∗∗∗ −5.8576
(0.3194) (0.4106) (0.6371) (0.2905) (5.5451)

Observations 2226 2226 2226 9500 50
R2 0.485 0.363 0.508 0.000 0.071
Adjusted R2 0.474 0.350 0.497 −0.020 0.051
F 30.5624 3.1987 . 0.0154 3.6597

Notes: Dependent variable is information acquisition variable of interest. lf1f2edgar is the log value of
the direct information acquisition from accessing EDGAR by the fund pair. ltotinfo is the log value of
the direct information acquisition from accessing EDGAR by all funds in the sample. lothertotinfo is the
log value of totinfo − f1f2edgar + 1. lothernet is the log value of all the information flows from and to
the fund pair less the bilateral connectivity between the funds in the pair. lbidirectionalconn is the log
value of the network connectivity between the two funds in a pair. ltotnet is the log value of the network
connectivity among all funds in the sample. We also include fund-pair fixed effects, and standard errors,
two-way clustered by each fund in the pair, are in parentheses, except for the regression of ltotinfo in
column (4) with only system-wide variables and many fewer observations. Significance levels: ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 11 columns (1)-(3) show that others’ direct information acquisition increases a fund-pair’s

direct information acquisition but the effect is mostly through network, and the network itself

reduces direction acquisition. These results are consistent with our previous results on individual

funds. When we turn to the total information acquisition by all funds, we find that the system-wide

direct information is not affected by information flow through the bilateral network (column 3),

but is positively affected by the system-wide network (column 4).

With all of the above results, we conclude that the effect of networks on information acquisition is

not a simple crowding out or amplification but both: Although network itself does crowd out direct
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information acquisition, it strengthens the amplification effect among funds’ direct information

acquisition (i.e., others’ information acquisition increases one’s own acquisition). This further

highlights the importance of network in information acquisition: Networks not only disseminate

information but also accelerate direct information acquisition across funds. Hence, networks play

an essential role in the estimation of the total amount of information in the system.

Fund-pair directional information flows

At last, we explore what factors affect directional information flows between two funds. We

find that a fund’s centrality, which captures how connected a fund is to highly connected funds,

positively affects the fund’s impact on another fund (Table 12 columns (1) and (3)). This effect is

stronger if the two funds have a stronger bilateral network. More interestingly, column (4) shows

that a fund’s centrality has a negative impact on its reception of influence from another fund

(although not always significant, e.g., in column 3), and this effect is also further strengthened by

bilateral network.

Table 12: Directional Information Flows

(1) (2) (3) (4)
Eff1f2 Eff2f1 Eff2f1 Eff1f2

EVCenF1 0.7100∗∗∗ 1.1798
(0.2065) (0.9013)

lbidirectionalconn −0.0015 0.0297∗∗∗ −0.0058 0.0052∗∗∗

(0.0016) (0.0099) (0.0044) (0.0005)

EVCenF1 × lbidirectionalconn 0.1283∗∗∗ 0.3287
(0.0379) (0.2097)

EVCenF2 2.8318∗∗∗ −0.1384∗∗∗

(0.2047) (0.0211)

EVCenF2 × lbidirectionalconn 0.6852∗∗∗ −0.0167∗∗

(0.0547) (0.0066)

Constant −0.0088 0.1766∗∗∗ 0.0039 0.0308∗∗∗

(0.0082) (0.0392) (0.0226) (0.0025)

N 13870 13870 13870 13870
Adj. R2 0.198 0.805 0.891 0.155

Notes: Eff1f2 is the bilateral directional influence from fund 1 to fund2, vice versa for Eff2f1.
EV CenF1(2) is the centrality measure of the fund 1(2). lbidirectionalconn is the log value of the network
connectivity between the two funds in a pair. We also include fund-pair fixed effects. Standard errors,
two-way clustered by each fund in the pair, are in parentheses. Significance levels: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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5 Conclusion

Information technology has increased both direct information acquisition and network connectivity

in financial markets. In this paper, we propose an empirical assessment of the effects of direct infor-

mation acquisition and network connectivity on the allocation decisions of a group of institutional

investors.

We implement a novel application for the network extraction methodology from Diebold and

Yilmaz (2015). Their framework allows us to compute bilateral and system-wide network connec-

tions. We also use SEC EDGAR log files to measure funds’ firsthand direct information acquisition.

Using panel fixed effect regressions, we find evidence that system-wide network connectivity strongly

increases institutional investors’ portfolio correlation and is consistently important.

Moreover, our data allows us to examine the impact of information sources on each other

in a network. Others’ direct information acquisition amplifies one’s own acquisition. Network

accelerates such acquisition amplification between funds, although by itself network also reduces

direct information acquisition in general.

Our results call for new theoretical models that can combine both direct information acquisition

and network and examine their joint impact on portfolio allocation and returns. Han and Yang

(2013) is one of the first theoretical papers to combine the two information channels, although they

focus more on market efficiency and welfare, rather than asset allocation. More recently, Cobas

et al. (2023) also explore a competitive financial market with networks and costly information

acquisition, where the direct information acquisition by others in the network can assist one’s own

acquisition, and show that portfolio correlation increases with the total amount of information in a

system that includes both direct and network information acquisition, consistent with our empirical

findings. Another implication of our result is to market volatility, which is well known to be affected

by asset allocation.

This paper’s empirical results also highlight the importance of network and the role it plays

in affecting market information. The literature has been dominated by empirical evidence on

strong free-riding incentives and the crowding-out effect of network or public information on private

information. This paper peels back the well-studied crowding-out layer and reveals the positive

impact of network on information acquisition. Policymakers should take into account such network

effects when considering financial market information flows and the subsequent influence on market

volatility and liquidity. Future studies can also dig deeper into the impact of information channels

on fund performances and the characteristics of their asset holdings using our measurements of

information channels.
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Appendix A Robustness Checks

Figure A.1: Connectivity measure across alternative projection horizon levels.
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Notes: The quarterly connectivity measure corresponds to the sum of all the
estimated linkages among the nodes each period.
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Table A.1: Direct and Network Information Acquisition: Lag(s)

One Lag: (1) (2) (3) (4) (5)
Absolute Correlation Direct Network Bilateral System-wide All

L.lf1f2edgar −0.00434∗ −0.00215 −0.00415
(0.00225) (0.00206) (0.00244)

L.ltotinfo 0.00352∗∗∗ −0.000355 0.000380
(0.000987) (0.000749) (0.00120)

L.lbidirectionalconn −0.00145 −0.00330 −0.00254
(0.00148) (0.00227) (0.00323)

L.ltotnet 0.0417∗∗ 0.0548∗ 0.160∗

(0.0196) (0.0283) (0.0770)

Constant 0.121∗∗∗ −0.0593 0.122∗∗∗ −0.0827 −0.296
(0.0000269) (0.0555) (0.00347) (0.0722) (0.203)

Observations 2145 13041 2145 9051 2145
Adjusted R2 0.877 0.848 0.877 0.865 0.883
r2 0.879 0.850 0.879 0.868 0.885

Two Lags: (1) (2) (3) (4) (5)
Absolute Correlation Direct Network Bilateral System-wide All

L2.lf1f2edgar −0.00324 −0.00315 −0.00321
(0.00219) (0.00239) (0.00201)

L2.ltotinfo 0.000219 −0.00148 −0.00298
(0.000306) (0.00117) (0.00193)

L2.lbidirectionalconn −0.00144 −0.00371 −0.00326
(0.00149) (0.00207) (0.00251)

L2.ltotnet 0.0405∗ 0.0590∗ 0.170∗

(0.0195) (0.0296) (0.0833)

Constant 0.135∗∗∗ −0.0561 0.123∗∗∗ −0.0884 −0.311
(0.00314) (0.0561) (0.00208) (0.0734) (0.213)

Observations 2145 12870 2145 9070 2145
Adjusted R2 0.876 0.848 0.876 0.864 0.883
r2 0.879 0.850 0.879 0.867 0.885

Notes: Dependent variable is the absolute value of the portfolio correlation between a pair of two funds.
All main controls are lagged by one quarter in the top panel and by two quarters in the bottom panel.
lf1f2edgar is the log value of the direct information acquisition from accessing EDGAR by the fund pair.
ltotinfo is the log value of the direct information acquisition from accessing EDGAR by all funds in the
sample. lbidirectionalconn is the log value of the network connectivity between the two funds in a pair.
ltotnet is the log value of the network connectivity among all funds in the sample. We also include fund-pair
fixed effects. Standard errors, two-way clustered by each fund in the pair, are in parentheses. Significance
levels: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A.2: Funds’ Simultaneous Direct Information Acquisition

(1) (2) (3) (4)
lf1edgar lf2edgar lbidirectionalconn lf1f2edgar

lf2edgar 0.1825∗∗

(0.0759)

lf1edgar 0.4520∗∗

(0.1469)

lf1f2edgar −0.0173
(0.0175)

lbidirectionalconn −0.0624
(0.0397)

Constant 0.5191∗∗∗ 1.2449∗∗∗ −3.3921∗∗∗ 1.8441∗∗∗

(0.1223) (0.1195) (0.0360) (0.1361)

N 2226 2226 2226 2226
R2 0.512 0.434 0.747 0.361

Notes: Dependent variable is the information variable of interest. lf1(f2)edgar is the log value of the direct
information acquisition from accessing EDGAR by a fund in a pair plus one. lf1f2edgar is the log value
of the direct information acquisition from accessing EDGAR by the fund pair plus one. lbidirectionalconn
is the log value of the network connectivity between the two funds in a pair. We also include fund-pair
fixed effects. Standard errors, two-way clustered by each fund in the pair, are in parentheses. Significance
levels: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table A.3: Overlapping Portfolios

aCorrelation overlapping bidirectionalconn

aCorrelation 1.0000
overlapping 0.8944 1.0000
bidirectionalconn -0.0647 -0.0504 1.0000
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Table A.4: Direct and Network Information Acquisition: Portfolio Overlap

(1) (2) (3) (4) (5)
Portfolio Overlap Direct Network Bilateral System-wide All

lf1f2edgar −0.0031 −0.0010 −0.0030
(0.0017) (0.0010) (0.0018)

ltotinfo 0.0033∗∗ −0.0012 0.0014∗

(0.0010) (0.0008) (0.0007)

lbidirectionalconn −0.0030 −0.0031 −0.0025
(0.0018) (0.0028) (0.0029)

ltotnet 0.0781∗∗ 0.0487∗∗ 0.1015∗

(0.0319) (0.0186) (0.0498)

cons 0.0895∗∗∗ −0.1843∗ 0.0901∗∗∗ −0.0822∗ −0.1784
(0.0014) (0.0893) (0.0075) (0.0472) (0.1336)

N 2226 13870 2226 9500 2226
Adj. R2 0.906 0.746 0.905 0.868 0.909

Notes: Dependent variable is the degree of portfolio overlapping between a pair of two funds. lf1f2edgar
is the log value of the direct information acquisition from accessing EDGAR by the fund pair. ltotinfo
is the log value of the direct information acquisition from accessing EDGAR by all funds in the sample.
lbidirectionalconn is the log value of the network connectivity between the two funds in a pair. ltotnet is
the log value of the network connectivity among all funds in the sample. We also include fund-pair fixed
effects. Standard errors, two-way clustered by each fund in the pair, are in parentheses. Significance levels:
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A.5: Direct and Network Information Acquisition: Dummy for Funds in the Same
Group

(1) (2) (3) (4) (5)
Absolute Correlation Direct Network Bilateral System-wide All

lf1f2edgar −0.0050∗∗ −0.0024 −0.0050∗

(0.0021) (0.0019) (0.0024)

ltotinfo 0.0043∗ 0.0002 0.0016
(0.0019) (0.0007) (0.0014)

1.group ×lf1f2edgar 0.0509∗∗∗ 0.0682∗∗∗ 0.0639∗∗∗

(0.0013) (0.0191) (0.0110)

1.group ×ltotinfo 0.0302 0.0120 0.0163
(0.0207) (0.0160) (0.0093)

lbidirectionalconn −0.0016 −0.0055 −0.0050
(0.0016) (0.0045) (0.0047)

ltotnet 0.0378∗ 0.0458∗ 0.1353∗

(0.0182) (0.0258) (0.0626)

1.group ×lbidirectionalconn −0.0130 −0.0156 0.0061
(0.0076) (0.0110) (0.0296)

1.group ×ltotnet 0.1747 0.2306 0.5773
(0.2009) (0.3424) (0.4933)

cons 0.1120∗∗∗ −0.0598 0.1117∗∗∗ −0.0748 −0.3117
(0.0086) (0.0551) (0.0135) (0.0748) (0.2008)

N 2128 13107 2128 8927 2128
Adj. R2 0.880 0.848 0.878 0.865 0.888

Notes: Dependent variable is the absolute value of the portfolio correlation between a pair of two funds.
lf1f2edgar is the log value of the direct information acquisition from accessing EDGAR by the fund pair.
ltotinfo is the log value of the direct information acquisition from accessing EDGAR by all funds in the
sample. lbidirectionalconn is the log value of the network connectivity between the two funds in a pair.
ltotnet is the log value of the network connectivity among all funds in the sample. group = 1 when two
funds are in the same group, otherwise zero. We also include fund-pair fixed effects. Standard errors,
two-way clustered by each fund in the pair, are in parentheses. Significance levels: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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