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As the largest part of the mutual fund, open-end funds play a critical role in the
Chinese mutual fund market. In this work, we construct an undirected weighted
fund network of Chinese open-end funds based on the asset co-holding and
explore whether funds’ co-holdings influence their net flows. The network
structure traits are introduced into a panel data model to examine the impact
of the asset co-holding network on fund flow changes. It is revealed that when a
fund has more connections with other funds, indicated by a higher degree in the
co-holding network, it receives more net flows. However, when the average co-
holding value of a fund increases, its outflows outnumber the inflows.
Furthermore, heterogeneity analysis suggests that this effect particularly exists
for low-performance funds. The implications of these findings for fund investor
behavior and the fund market are also discussed.
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1 Introduction

For nearly two decades, the mutual fund market has enjoyed a tremendous growth as
capital market reform progressed in China. Mutual funds also have contributed significantly
to the maturation and professionalization of China’s capital market. In particular, investors
prefer open-end funds for their high liquidity, transparent and reliable information
disclosure, and investment diversification. According to the China Securities Regulatory
Commission, open-end funds accounted for about 90% of the total mutual fund at the end of
2019. The changes in fund flows reflect the preferences of funds’ investors and are also closely
associated with funds’ sizes that directly impact the fundmanagers’ investment decisions and
future performance [1]. Additionally, since open-end funds are substantial stock market
investors, the changes in the fund market are inextricably linked to stock market fluctuations
and returns [2]. Therefore, it is essential to pay attention to the changes in the fund flow for
the benefit of both fund investors and managers and to maintain financial market stability.

Owing to the fact that open-end funds can be purchased and redeemed freely, their sizes
can vary due to different strategies taken by investors. The main influential factor in fund
investors’ behavior is the historical performance of funds, and lots of studies have shown that
open-end fund investors tend to purchase funds with excellent historical performance [3, 4].
However, some studies based on the Chinese fund market have obtained the opposite result,
i.e., investors sell funds when the performance of their holdings improves, a phenomenon
known as the redemption puzzle [5]. Some scholars have used risk-adjusted returns to
measure the performance of China’s open-end funds and found no redemption puzzle [6].
The current empirical studies on the flow-performance relationship of China’s fund market
have not yet reached a consistent conclusion, which is probably because additional factors
that influence funds’ net flows have not yet been thoroughly considered in such an analysis.
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By the end of 2019, the number of China’s open-end funds had
reached more than 5,600 with nearly 4,000 listed companies in
Shanghai Stock Exchange (SSE) and Shenzhen Stock Exchange
(SZSE). Despite the large number of underlying assets, the
phenomenon of funds holding common assets is prevalent in
China, which is usually recognized as the herding effect. The
reasons behind the herding effect are multifold. Deliberately
imitating others’ portfolio may arise from asymmetric
information among fund managers [7]. When faced with severe
asymmetric information, managers who get inside information
ahead adjust their portfolios accordingly [8]. Although anyone is
able to access the information of funds’ asset holdings since mutual
funds must periodically reveal them according to the information
disclosure requirements, managers outside the information scope
may tend to follow the foregoers. A herding strategy may bring
copycat funds comparable to the performances of their target funds
[9]. In addition, fund managers are committed to make
asset allocation decisions in the guidance of incentive provisions
[10]. These provisions might be very similar to each other and may
let the managers pinpoint a certain group of stocks that share
common characteristics, which further result in the prevalence of
portfolio overlaps and concentrated holdings among mutual funds.

Herding behavior has been criticized as an irrational investment
strategy [11, 12]. Although either proactive or unintentional herding
behavior can be described by portfolio overlaps [13], whether
portfolio overlaps of funds could affect fund net flows
conditioning their historical performance is still unclear. To
answer this, the present paper first depicts portfolio overlaps
among funds by constructing fund co-holding networks and then
interprets the impact of fund portfolio overlaps on fund net flows
from the co-holding perspective. To begin with, we construct fund
co-holding networks on a quarterly basis, using the asset-holding
data of open-end equity funds that have always been in duration
from 2011 to 2019. For reasons of data availability and to highlight
major assets, this study focuses on funds’ connections originating
from overlapping portfolios of their top stock holdings. Each edge
represents a portfolio-overlapping relationship between two funds.
The overlapping portfolios among funds create links between funds
which emerge as a co-holding network. Previous works have focused
on the stock network of sharing common mutual funds to unveil
panic contagion which leads to an abrupt crash [14] and have
focused on how the risk tolerance of individuals affects this
procedure [15]. In this study, we conceive the different
perspectives of [15] examining how a fund co-holding network
influence the fund itself, that is, the net flow of a fund.

The node degree and average co-holding value for each fund in
the co-holding network, which portray the extent of portfolio
overlapping from the perspectives of the number of connections
and the average value of each co-holding connection, respectively,
are considered as the potential factors that have an effect on fund net
flows. Specifically, a higher node degree indicates that a fund has
broader assets that are overlapped with other funds, and the average
value of each co-holding connection indicates how much a fund’s
portfolio is overlapped with other funds in each overlapping equity.
Although these might be contributed by various reasons associated
with funds’ managers’ decisions as discussed previously, they could
also influence fund performance and in turn affect the investors’ net
flows of this fund. Alternatively, investors who are familiar with

funds’ portfolios through public announcement would either choose
funds with higher node degrees for the sake of following the general
trend or decline funds that are too similar to others that are easily
affected by market fluctuations. To examine these, we construct a
fixed-effect regression model to examine the impact of fund network
effects on fund net flows with fund network structure variables and
control variables, and furthermore, heterogeneity analysis is
conducted to explore the effect with respect to fund size and
performance. Finally, comparing the results of the fixed-effect
model and the ordinary least squares estimation method proves
the robustness of this paper’s model.

This study has shown that the funds’ co-holding network has an
effect on the fund net flows. The most prominent findings are that
the central funds of the co-holding network, implied by high node
degrees, attract more net flows, while funds with higher average
values of the common assets receive less net flows.We further set the
heterogeneity analysis which confirms that the node degree shows
significance at a level of 5% only in the large-size funds. This implies
that as the large fund’s node degree rises, it would attract more
inflows or fewer outflows. In either the high-performance group or
the low-performance group, the greater the fund node degree is, the
more the fund inflow will be, i.e., investors’ purchases outnumber
redemptions. However, the fund average co-holding value embodies
significance at a level of 1% only in the low-performance group,
indicating that the average influence of fund’s connections in the co-
holding network does not significantly affect the net flows for high-
performance funds. More generally, we offer a new view of
connecting funds in terms of asset co-holdings and supplement
the extant understanding towards fund net flows with network
factors such as the degree and average co-holding value. Overall,
this study sheds light on the importance of co-holding relationships
in determining fund net flows in China, and we believe this novel
perspective would inspire follow-up studies that discuss related
topics.

2 Methods and data

2.1 Fund co-holding network

To capture the correlations among funds due to common stock
holdings, this paper first builds the fund common-holding network
[16]. The co-holding network is projected from a pre-constructed
network between stocks and funds, as shown in Figure 1A, by
assuming that N open-end funds hold a total of K stocks using the
market value of the bulk-holding stocks of each fund. The projected
network, i.e., the co-holding network, is shown in Figure 1B. An edge
between fund nodes represents the existence of co-holding between
two funds. The edge weight measures the degree of impact between
the two funds, which is defined as the market value of the co-holding
equities that are held by the two funds.

Figure 2 shows the network visualization of 195 funds and the
fund network degree distribution based on data of 2011Q1 in China.
As can be seen, small communities of nearly even sizes can be
detected in the fund network derived from common assets. In the
meantime, as Figure 2B shows, the node degrees also have a
relatively homogeneous distribution rather than a heterogeneous
one (e.g., scale free), implying that the co-holding network of funds
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is different from previous financial networks, for instance, those
among stocks [15]. The observations from other snapshots are
similar, indicating stable structures between funds with portfolio
overlaps. In addition, the possible effect from these structures on
fund net flows accordingly deserves further explorations through
econometric models.

Greenwood (2011) analyzed the relationship between the stock
ownership structure and stock vulnerability based on United States
fund holdings data [17]. The study testified that fragile stock caused
by concentrated ownership or its owners faces correlated or volatile
liquidity shocks, and fragility strongly predicts price volatility.

Similarly, liquidation behavior of one or more funds on common
assets can cause interactions between funds that are denoted by
nodes in a fund network, affecting the market price of common
assets [18]. To be more specific, price fluctuations in the sold stock
have spillover effects that include, but are not limited to, changes in
the net asset value of other co-holding funds owning the stock and a
drop in the total net value [13, 19]. “Herding effects” within a group
of investors can also cause inter-nodal effects. Mutual assets based
on common assets may cause greater losses than balance sheet
exposures and exhibit risk contagion characteristics [20].
Nevertheless, these extant advances focus on the phenomenon of

FIGURE 1
(A) Bipartite graph between funds and stocks. (B) Projected fund network. In Figure 1A, fi denotes fund i, i � 1,2, . . . ,N. sj denotes stock j, j � 1, 2, . . . ,K.
hij denotes the value of stock j held by fund i. In Figure 1B, we define the edge weight uij as themarket value of the co-holding equities that are held by the
two funds fi and fj. For example, u12 � u21 � h11 + h12.

FIGURE 2
(A) 2011Q1 fund network visualization. (B) 2011Q1 fund node degree distribution. In (A), the size of a node is proportional to its degree. Each color
represents a community, detected by the Louvain algorithm. The color of an edge is aligned with the color of the node with a larger common holding
value.
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liquidity risk that spreads in common asset networks and the
antecedents and effects of risk propagation. The impact of the
structure of common asset networks on fund flows, however, is
rarely assessed and profoundly motivates the present study. The
issues we intend to address are whether the structural qualities of
funds in the network promote fund inflows or outflows and whether
the explanatory fund structure varies under different heterogeneity
situations.

Specifically, the present study introduces two network-structure
indicators, namely, the node degree (degreeit) and average co-
holding value (achit), to further investigate the impact of co-
holding on open-end fund flows. The node degree (degreeit)
denotes the number of the edges that are connected to the node i
at time t, and the larger the degree is, the more funds that the node
has co-holding relationships with, which indicate that the node is in
a position of higher interconnectedness in the fund network. The
definition is as follows:

degreeit � ∑N

j
nij � ∑N

j
nji (1)

where if node i connected with node j, nji � 1, otherwise nji � 0 (we
deliberately ignore subscript t in nji for clarity). The fund node
degree directly reflects how funds in the market hold common assets
with other funds. Central node funds are consideredmore important
in the network, and such nodes usually have greater influence and
professional advantage, and their investment behavior is easily
referenced or even imitated by other funds [21, 22]. More
importantly, a node degree implies how broadly a fund’s
portfolio is overlapped with others.

In addition, nodes with the same degree value may correspond
to different edge weights. Therefore, we believe that edge weights
should be combined with a node degree, which can describe the
extent of the portfolio overlapping of a fund in a more accurate and
comprehensive manner. We construct a new indicator called the
average co-holding value (achit), which indicates the average per-
connection’s influence of each fund. It is calculated by the node
strength and degree, where node strength denotes the sum of the
edge weights of a node. The definition is as follows; in particular,
achit denotes the average co-holding of fund i in quarter t.

achi,t � node strengthit
degreeit

� ∑N
j uij

degreeit
(2)

Intuitively, the greater the average co-holding value is, the
greater is the extent to which the fund has portfolio overlapping
with others.

2.2 Panel data model

To demonstrate the interaction between individual funds in the
aforementioned network, two fund network indicators, the node
degree and average co-holding value, are included as explanatory
variables. Based on the theory of the performance-flow relationship,
fund performance is included as a control variable in this paper. We
only consider equity funds and hybrid funds in this study because
their assets mainly allocate stocks.

In addition, funds’ fundamental characteristics are also
influential factors that cannot be ignored, such as the fund size,

fund age, and fund return volatility. In summary, this paper
examines the influence of portfolio overlapping, measured from
the perspective of a co-holding network, on fund net flows and
sufficiently controls fund performance and funds’ fundamental
characteristics. A panel data model is therefore established as
follows:

flowit � β0 + β1degreeit + β2achit + β3αit + β4sizeit + β5ageit

+ β6sigmait + εit (3)
where flowit refers to the net flow of fund i in quarter t as the
dependent variable, degreeit refers to the node degree of fund i in
quarter t, and achit refers to the average co-holding value of fund i in
quarter t. The fund node degree and average co-holding value are
used as explanatory variables for the fund network structure and
they have been defined and inferred before. The other variables are
regarded as control variables. αit refers to the risk-adjusted quarterly
excess returns benchmarked against the Fama–French five-factor
model as the fund performance variables. In addition, sizeit refers to
the size of fund i in quarter t, ageit refers to the age of fund i in
quarter t, and sigmait refers to the return volatility of fund i in
quarter t. εit is the residual term. The details are given in the
following sections.

2.2.1 Dependent variable
The dependent variable flowit is defined and measured

according to the current dominant methods [4]. Here, we further
use the change of proxy in fund size in terms of the growth rate of the
total fund net asset value. We define flowit in the view of the growth
rate to remove the effect of fund size magnitude on fund flows to
precisely reflect the extent of change in fund flows. Specifically,
defining TNAit as the total net asset value of fund i at the end of
quarter t and the fund return over the prior year as Ri,t, the net flow
of fund i in quarter t, flowit, is as follows:

flowit � TNAit − TNAit−1 1 + Rit( )
TNAi,t−1

� TNAit

TNAi,t−1
− 1 + Rit( ) (4)

2.2.2 Control variables
The control variables for the model in this paper include fund

performance αit, fund size sizeit, fund age ageit, and fund return
volatility sigmait.

1) Fund performance (αit)

Previous research studies on fund flows of open-end funds mainly
focus on performance-flow relationship, which generally explains that
fund performance has a significant positive effect on fund flows. For
example, historical performance has a positive effect on fund flows [3].
This finding was validated, and then it proved that funds with better
historical performance attract more fund flows [4]. Study on German
equity funds found that investors choose to redeem funds with both
excellent and poor performance and that large fund internal rankings
also influence investors’ redemption decisions [23].

We select the Fama–French five-factor model-adjusted returns
to calculate the fund’s current performance [24]. The Fama–French
five-factor model can explain the portfolio’s excess returns more
effectively. The regression model is as follows:
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Rit − Rft � αit
′ + bi Rmt − Rft( ) + siSMBt + hiHMLt + riRMWt

+ ciCMAt + εit

(5)
where Rit is the monthly return of fund i for month t and Rft is the
risk-free return for month t. We use the 1-year fixed deposit rate as
the risk-free rate. Rmt is the monthly market return on the value-
weighted market portfolio. In addition, bi, si, hi, ri, and ci are the
coefficients of the excess market return, the size factor SMBt, the
orthogonal version of the BM factor HMLt, the profitability factor
RMWt, and the investment factor CMAt. The intercept term αit′

obtained from the regression is the monthly excess return
independent of the risk exposure.

The performance αit′ obtained from the model (5) is calculated in
a monthly manner, and to maintain consistency with the data
frequency of fund’s net flow, its quarter value is aggregated here
by calculating cumulative excess returns. Here, αit denotes the risk
factor-adjusted excess return for quarter t and αu,3v denotes the risk
factor-adjusted excess return for month 3v. The quarterly excess
return is as follows:

αit � 1 + αu,3v−2( ) 1 + αu,3v−1( ) 1 + αu,3v( ) − 1 (6)
In summary, we obtain risk-adjusted quarterly excess returns αit

with the Fama–French five-factor model as a benchmark and take it
as the fund performance for the panel model.

2) Fund size (sizeit)

In addition to performance factors, it has been shown that the
fund flow is negatively correlated with prior fund size, with large-
scale funds growing more slowly than smaller funds [25, 26]. For
active funds, size is the enemy of performance. The larger the fund
size is, the more difficult it is to capture excess returns. Fund flows
are negatively correlated with fund size in a prior period; in
particular, larger funds grew more slowly than smaller funds [26,
27]. Therefore, we take fund size as a control variable. The indicator
is defined as sizeit � ln(TNAi,t−1), where TNAi,t−1 is the total net
asset of fund i in quarter t − 1.

3) Fund age (ageit)

Funds with a long history have sufficient historical data for
reference and attract some conservative investors who prefer funds
with relatively rich market experience. Changes in net flows of
young funds are more sensitive to historical performance [28].
Young funds have higher net flows than senior funds [27].
Therefore, we take fund age as a control variable. The indicator
is defined as ageit � ln(datei,t−1), where datei,t−1 is the number of
days since the fund has been operational originally.

4) Fund return volatility (sigmait)

Fund net flows are also affected by return volatility. According to
portfolio theory proposed by Markowitz, risk-averse investors tend
to choose funds with smoother returns when faced with the same
level of returns, and funds with higher asset risk have lower net flows
[4]. In this study, we take the standard deviation of fund net growth

rate data to calculate this indicator. σ i,t denotes the standard
deviation of daily returns of fund i in quarter t, and n is the
number of trading days in quarter t − 1. The indicator is defined
as sigmait � σ i,t−1

�
n

√
.

In summary, we use panel regression, where we take the fund flow
as the dependent variable, the metrics derived from the fund networks
that demonstrate the interaction between individual funds in the
constructed network as the explanatory variables, and many other
influential factors related to fund flow as control variables. The primary
metrics are degreeit and achi,t that are derived from the fund networks.
The networks are constructed according to the funds’ holding data,
inspired by the valuable insights that network science has brought to
finance and economics [29]. The control variables include fund
performance, age, size, and return volatility. In particular, fund
performance is based on performance-flow relationship theory and
calculated using the Fama–French five-factor model. These variables
have been proven to be useful in predicting the fund flow as discussed.
We conducted essential tests such as the Spearman correlation test and
the Hausman test before panel regression modeling. Figure 3 shows an
illustration of the model in this work, revealing the main variables and
corresponding methodologies.

2.3 Data

The dataset is provided by the CSMAR (https://www.gtarsc.com)
and RESSET databases (http://www.resset.cn), ranging from 2011 to
2019 for 36 quarters. The characteristics of different types of open-end
funds vary. Although the overall size of money funds is significant, they
have lower risk and higher liquidity characteristics and are usually
regarded as risk-free or low-risk investment instruments. In contrast,
equity-biased funds usually have positions of up to 50%–95% in equities
and have the characteristics of high risk and a high return. This paper
selects equity funds and hybrid funds as research subjects based on this
characteristic. We select funds that have always survived during the
sample period, resulting in the balanced panel dataset for 195 funds over
36 quarters.

As for the programming language, in this study, we use Python
to construct the fund network and calculate the fund network
variables (degreeit and achit). We also use MATLAB and Gephi
to draw the fund network graphs. In addition, Stata is used to obtain
the results of regression models.

Table 1 first shows that the absolute value of fund returns is smaller
than that of the market index returns in “Mean” column, but the
standard deviation is much higher than the market index, indicating a
higher dispersion degree of fund returns. The high standard deviation
indicates that the fund returns are highly volatile because this paper
aims at stock funds, with which the stock market itself is pretty volatile.
In addition, the remarkable dispersion in fund returns also suggests that
it is necessary to examine the effect of co-holding networks on funds of
high and low performance, respectively.

Table 2 gives the descriptive statistics of the data. From 2011 to
2019, the average fund flow for full sample is −3.6%, which indicates
that these funds are overall in a state of outflow during the
observation period. The minimum fund node degree is zero,
indicating that there are isolated nodes in the fund network; in
summary, the co-holding network might not be connected. The last
column in Table 2 “Obs” shows the sample size.
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3 Results

3.1 Panel data model

To ensure that the variables in model (3) meet the
prerequisites for regression analysis, we first verify whether

the variables are correlated by conducting the Spearman
correlation test on the panel data. The test results show that
fund flows significantly correlate with explanatory and control
variables at the level of 5%. The Hausman test indicates that a
fixed-effect model fits more for the main model, while a random
effect model fits more for the comparison model with
explanatory variables only. Table 3 shows the empirical
results of model (3).

Column (a) in Table 3 examines only the explanatory variables
on fund flows, whereas column (b) adds control variables. The
models pass the effectiveness test in terms of both the F-statistics and
the fitness degree. The two network variables in model (a) are both
significantly at the level of 1%. The greater the fund node degree is,
the greater the fund’s net flows are, indicating that funds with a
higher connectedness in the network also have relatively higher net
flows. It implies that the central nodes of the network also have
relatively higher inflows or lower outflows. The greater the average
co-holding value is, the lower its net flow is, which indicates that a
fund with a comparatively higher average co-holding value gets
more outflows or less inflows.

FIGURE 3
Illustration of the model.

TABLE 1 Summary statistics of the Fama–French five-factor model.

Variable Obs Mean Median Std (%) 25% quantile 75% )quantile

Rit − Rft 28080 0.12% 3.71% 7.81 −0.88% 1.78

αit 21060 0.02% −0.03% 0.79 −0.54% 0.56

Rmt − Rft 28080 0.35% 0.01% 4.53 −1.17% 0.94

SMBt 28080 1.02% 0.85% 4.91 −2.02% 4.12

HMLt 28080 −0.21% −0.12% 3.54 −2.08% 1.56

RMWt 28080 −0.33% −0.49% 2.83 −1.96% 1.18

TABLE 2 Descriptive statistics of the total data.

Variable Mean Std Min Max Obs

flowit −0.036 0.188 −1.227 7.434 7020

degreeit 4.218 0.732 0 5.187 7020

achit 1.296 0.149 −0.191 4.281 7020

αit 0.001 0.235 −0.073 0.098 7020

sizeit 3.111 0.984 −0.517 5.554 7020

ageit 8.146 0.331 7.089 8.804 7020

sigmait 0.013 0.006 0.0004 0.049 7020
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The inclusion of control factors in model (b) reveals that
including control variables does not change the explanatory
ability of degreeit and achit for fund flows in general.
Additionally, fund performance statistically and economically
explains fund flows, consistent with previous studies. When fund
performance is outstanding in the present period, the fund has more
net flows, which indicates that investors tend to purchase funds.
Current period performance is considerably and positively
connected with fund flows. In summary, with or without control
variables in the model, both the fund network variables we focus on
are statistically significant for fund net flows. In practice, funds with
more “neighbors” receive larger net flows. In contrast, funds with a
higher average co-holding value than their neighbors experience
more withdrawals or a less additional investment from investors.

3.2 Heterogeneity analysis

The previous regression results show that a greater node degree
and higher fund performance have a significant and beneficial
impact on fund net flows, while a higher average co-holding
value has a significant inverse effect on fund net flows. To see if
this result holds true for different types of funds, this study divides
the funds into groups according to fund size and performance and
then investigates the impact of performance and the fund network
structure on fund flows within each group.

To avoid sample selection bias, the top 1/3 funds in sizes are
classified as large funds, while the bottom 1/3 funds are labeled as
small funds. A similar approach is used for fund performance
grouping. The number of funds in the large-sized group is 144,
and there are 140 funds in the small-sized group, while there are
176 funds in the high-performance group and 171 funds in the low-
performance group. Table 4 shows descriptive statistics for the
grouped data.

Table 4 shows that the mean values of both the fund’s degree and
average co-holding value in the large-funds group are slightly higher
than the mean value of the small-funds group. Fund flows for large
funds on average are lower than those for small funds, showing that
large funds have lower net flows. The mean of fund performance
(αit) in the high-performance group is double that of the low-
performance group, demonstrating the grouping’s necessity and

rationale. Simultaneously, fund flows in the high-performance
group are much larger than those in the low-performance
group. Furthermore, additional variables such as fund age, return
volatility, and the two network-related indicators do not differ much
between the high- and low-performance groups.

Based on the Hausman tests, we choose the random-effects
model (RE) for both large-size and small-size groups. For the high-
performance fund group, the fixed-effect model (FE) should be
selected, while for the low-performance fund group, the RE model
should be chosen. Table 5 shows the regression results. The last row
in Table 5 “Obs” shows the sample size.

Table 5 shows that the different fund network indicators have
different significances in different size groups. In the large-funds
group, a degree is significant at a level of 5% while the average co-
holding value is not significant. However, a degree shows no
significance in the small-size group, while achit shows
significance at a 10% significance level. This suggests that when
the node degree of a large-size fund rises, implying the fund stays in
the network’s core, it will attract more net flows. However, for small-
size funds, as the average co-holding value of small funds’ common
holdings increases, fund net flows decrease.

In addition, the impact of funds’ performance on net fund flows
is also statistically significant in either large-size group or small-size
group, with different significance levels. The fund return’s volatility
is significant in both large and small fund models at a level of 1%,
and regardless of fund size, the fund flow is better explained in the
large-funds group when the fund return’s volatility increases. Fund
size and age are not significant for small funds’ net flows.

For heterogeneity analysis on the fund’s performance, the fund
node degree is significant at a level of 1% of significance in the high-
performance group. The average co-holding value factor has no
significance, implying that the average market value of a fund’s
holding in a co-holding network has no relevance on the high-
performance funds’ flows. The fund return’s volatility is also
statistically significant and economically significant, specifically
showing a significant negative movement, that is, the higher the
return volatility is, the more the investors will tend to redeem the
fund to hedge their risk when making investment strategies.

In the low-performance group, a fund node degree shows less
significance (at 10% significance level) than the average co-holding
value (at 1% significance level) on fund net flows. The effect of a

TABLE 3 Regression results of model (3).

Independent variable (a) RE (b) FE

degreeit 0.024*** (.000) −0.011*** (.006)

achit −0.071*** (.000) −0.081*** (.001)

αit / 0.570*** (.000)

sizeit / −0.005 (.365)

ageit / −0.021* (.063)

sigmait / −3.402*** (.000)

R-square .001 0.023

F-value 24.89 26.98

p-values for the t-test of regression coefficients are in parentheses; ***, **, and * indicate rejection of the original hypothesis at the 1%, 5%, and 10% significance levels, respectively.
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node degree on fund net flows is significantly positive, while the
average co-holding value is significantly negative. In other words, an
increase in the node degree will bring more inflows or less outflows
to the fund for low-performance funds. On the contrary, when the
average co-holding value increases, i.e., an increase in the market
value of the fund’s common holdings in each connection, it will
result in less fund net flows for low-performance funds.
Furthermore, the fund degree is significant, but the average co-
holding value is not in the high-performance fund group. In
addition, it is worth noting that the return volatility is
statistically significant in both groups, and fund age only reaches
the 1% significance level in the low-performance fund
group. Specifically, if a fund’s performance is at a low stage for
an extended period of time, investors would prefer to redeem to
reduce losses rather than adding additional investment to the fund.

3.3 Robustness test

We test the robustness of our main findings further through
regression on the ordinary least squares (OLS) model. In

addition, a similar effect of both the degree and average co-
holding value on the fund net flow is obtained by using OLS. In
particular, comparing the regression results in terms of both
F-statistics and R-square, as revealed in Table 6, the fixed-effect
model is superior to the OLS estimation method on significance.
For example, in the OLS model, the degree and average co-
holding value, which are the primary explanatory variables, are
only significant at a level of 5%, while its significance level in the
FE model is at a level of 1%. Overall, the regression results
support the main findings of this paper and further illustrate
the robustness of our panel data model. The last column in
Table 6, “Obs,” shows the sample size.

4 Discussion

This study explores the influencing factors on fund net flows
in the Chinese open-end fund market through constructing a co-
holding fund network to leverage the phenomenon of common
stock holdings and incorporating network indicators at the node
level in explaining the fund net flows. We find that, first and

TABLE 4 Descriptive statistics of variables of heterogeneity analysis.

Variable Grouping by size Grouping by performance

Large fund Small fund High-performance fund Low-performance fund

flowit −.038 −.031 −.021 −.044

degreeit 4.293 4.105 4.271 4.148

achit 1.385 1.214 1.334 1.268

αit .004 −.003 .017 −.016

sizeit 4.053 2.093 3.230 2.966

ageit 8.124 8.174 8.137 8.144

sigmait .013 .013 .013 .013

TABLE 5 Regression results of model (3) in different fund groups.

Variable Grouping by size Grouping by performance

Large fund Small fund High-performance fund Low-performance fund

RE RE FE RE

degreeit .009** (0.028) .013 (.125) .041** (.000) .007* (.064)

achit −.004 (0.854) −.100* (.065) .058 (.236) −0.164*** (.000)

αit .417*** (.001) .447* (.099) .455 (.211) −.063 (.674)

sizeit −.017** (.013) −.014 (.119) −.0002 (.985) .005 (.239)

ageit −.015* (.097) −.020 (.404) .027 (.360) −.031*** (.005)

sigmait −3.821*** (.000) −2.454*** (.008) −2.239*** (.016) −3.397*** (.000)

Obs 2340 2340 2340 2340

p-values for the t-test of regression coefficients are in parentheses; ***, **, and * indicate rejection of the original hypothesis at the 1%, 5%, and 10% significance levels, respectively.
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foremost, the fund degree and average co-holding value do
significantly influence the fund flow. A fund with a greater
degree gets more net flows, and meanwhile, a fund with a
greater average co-holding value gets less net flows. Since a
higher node degree indicates that a fund has broader assets
that are overlapped with other funds and a higher average
value of a co-holding connection indicates more that a fund’s
portfolio is overlapped with other funds in each overlapping
equity, our findings verified that the herd behavior among funds
are indeed associated with investment decisions of funds’
investors, which closely link to fund net flows. More precisely,
the results suggest that investors prefer funds with higher node
degrees but decline funds that are too similar to others. This
might arise from the fact that an investor would like to follow the
general trend to choose high-degree funds but avoid funds with
high co-holding values as they are more easily affected by market
fluctuations. Second, we find that there is a performance chasing
tendency among Chinese open-end funds. Investors prefer to
purchase funds with excellent performance, which proves the
non-existence of the “redemption anomaly” conditioning on the
co-holding factors. This finding is in line with the existing
research [6].

Furthermore, the results from heterogeneity analysis show
that a degree and average co-holding value have different
significances with respect to different sizes and performances.
A node degree is significant in large-size funds but not in the
small-size ones. On the contrary, an average co-holding value is
significant in small-size funds but not in the large-size ones.
When we focus on fund performance groups, a node degree plays
a significant impact on high-performance fund flows, while an
average co-holding value does not, indicating that the average
value of a fund’s connections in a co-holding network does not
significantly affect the fund’s net flows. The low-performance
group did the opposite; only the average co-holding value is
strongly significant for fund flows. These findings suggest that the
co-holding network prompts varied impacts on different funds in

terms of how many co-holding relationships they have
(i.e., degrees) and how much co-holding values they have in
these relationships (average co-holding values).

Based on the foregoing findings, we suggest that by creating a
co-holding network, we may intuitively depict the potential
relationships across funds. These relationships vividly reflect
either proactive or unintentional herding behavior featured by
portfolio overlaps. The fund network structure approach
discussed in this paper offers new perspectives on the
potential factors that influence fund flows. Aside from the
impact of the fund network structure on fund flows, the
network structure may also play a significant role in liquidity
risk propagation and prevention, which is of great interest for
further study. In addition, identifying major fund nodes in the
fund market using the proposed co-holding fund network to
accurately aid regulators in improving the precision of the
financial risk control in the fund market is also worth
attention in the future.
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