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1 Introduction

The rise of the platform economy over the past decade is transforming the way we live.
Empowered by technological innovations, platforms are like intermediaries on steroids, cre-
ating social and business connectivities on a previously unimaginable scale. The widely
adopted platforms, such as Google for information, Amazon for retails, Facebook for social
networking, and Uber for taxi rides, have profoundly re-shaped how information is aggre-
gated and disseminated in their respective industries, and, for better or worse, our actions
follow accordingly.

In this paper, we focus on the impact of the platform economy on financial intermediation.
With the technological developments over the past quarter century, online trading of financial
products has been widely adopted. But the intermediation of financial products, such as
mutual funds, are still segmented by the numerous distribution channels organized by fund
families, banks, and brokers. Under this traditional model, the flow of information is severely
barricaded and segmented — different distribution channels often offer different collections
of funds and, within the same distribution channel, the offering also varies across different
branches and advisers. The flow of information can also be biased, as the distribution
channels promote their own affiliated funds more aggressively, both online on their websites
and offline at their local branches.

The emergence of the FinTech platforms, created by tech-driven firms independent of
the traditional distribution channels, threatens to break this institutional segmentation and
reshape financial intermediation like what Amazon did for books and retail goods. On
the consumer side, investors on the platforms can access a vast number of mutual funds,
which, via apps on mobile devices, are literally at their fingertips. On the product side,
fund managers, no matter how small and invisible, have the potential to reach the entire
user base on the platforms. By vastly improving the means of connectivity and offering
technological efficiency, the platform model takes down the barriers, allows information to
flow more freely, and levels the playing field for all mutual funds. But as the distribution
of funds is made more efficient via the platform model, what is the impact on investors’
allocation of risk? Likewise, as the platforms improve the means of connectivity, what is
their impact on the means of production, particularly for the actively-managed funds? More
generally, what are the economic consequences, both intended and unintended, of this new
and powerful distribution channel on fund investors, fund managers, and fund families?

Our paper provides direct empirical evidences to address these important questions. Plat-
form intermediation of financial products has often been discussed in the literature because
of its huge growth potential (e.g, Goldstein, Jiang, and Karolyi (2019), Philippon (20IR),

Gomes, Haliassos, and Ramadorai (2020) and [Frost_ef all (2019)). But there remains very



limited empirical evidence with respect to what actually happens when platforms take hold
of a sizable market share in the distribution of financial products. Taking advantage of a
2012 policy change in China, which allows FinTech platforms to distribute mutual funds,
our paper is the first to fill the blank. Living in the era of digital payments via Alipay, and
later fueled by the enthusiasm for Ant Financial’s money market fund, Yu’ebao, in 2013,
the Chinese customers are fast adopters of the new platforms. Moreover, compared to the
developed markets, the Chinese mutual fund industry is still in an early stage of develop-
ment, and less burdened with the existing organization structures. All these factors enable
platforms to grow rapidly in China. By 2018, the platforms have already grown into a
formidable presence in distributing mutual funds, with the top platforms covering almost all
of the equity, bond, and mixed mutual funds in China. While the sales numbers have been
closely guarded by the platforms, it has been estimated that, by 2018, about one-third of
the sales of equity, bond, and mixed mutual funds takes place on the platforms, and another
one-third via banks, the largest distribution channel in the pre-platform era.

Focusing first on the impact of the platforms on investor behavior, our empirical results
document a strong platform-induced amplification in performance chasing. We find a striking
increase in performance sensitivity, driven by flows chasing after the top ranked funds much
more aggressively after the emergence of the platforms. Ranking actively-managed equity
funds by their past 12-month returns into deciles,” the average net flow to the funds in the
top decile increases from 1.88% pre-platform (2008-2012) to 19.65% post-platform (2013—
2017). Using the US equity funds as a benchmark, the average net flow to the top-decile
funds is around 6% in both time periods. This amplification of the performance-chasing
post-platform shows up not only in the equity funds, but also in the mixed funds. Moreover,
our data has information on when each mutual fund signs up to which platform. Taking
advantage of this information on staggered entrance, we further test this pattern of amplified
performance-chasing at the fund level. Regressing quarterly fund net flows on fund rankings
and controlling for fund-level characteristics and time and style fixed effects, we find that
the post-platform performance sensitivity is around three times the pre-platform level for
both equity and mixed funds. Moreover, when we tabulate the dynamic effects of entrance
onto platform, we find that the amplification of the performance-chasing occurs only on and
after a fund enters platforms.

The fact that our results can be detected in the publicly observed data is significant — it

LOur results are robust to alternative constructions of past winners. For example, we use the absolute
performance ranking of mutual funds, assuming that investors are more likely to pay attention to the top
10, 20, or 50 funds. We also use past one, three, six, twenty-four, and thirty-six-month returns to rank the
funds, since performance ranks based on these return frequencies are commonly provided on the platforms
as alternatives.



indicates that the platforms have grown important enough to be felt by the entire mutual
fund industry. We further provide direct evidence by taking advantage of a proprietary
dataset obtained from Howbuy, one of the top platforms in China. Focusing first on the
actively-managed equity mutual funds, we find that, from 2015 through 2018, an average of
49.37% of the quarterly purchases on Howbuy goes to the top decile funds. In other words,
on pure platform trading, the top 10% funds claim close to 50% of the market share. By
comparison, when aggregated over all distribution channels, the market share of the top
10% funds during the same time period is on average 37.61%, smaller than that observed on
Howbuy, but larger than the pre-platform number of 23.79%.

Performance-chasing has long been documented as a salient feature of investor behav-
ior in the mutual fund industry (Grubexr (1996), Brown, Harlow, and Starks (1996), and
Chevalier_and FEllison (1997)). What is new and important in our findings is the strong
amplification effect associated with the emergence of platforms. Undertanding the source
of this enhanced performance-chasing is important for the future of the FinTech platforms.
Focusing on investor behaviors, one common perception is that platforms attract new mu-
tual fund investors, who are less sophisticated and potentially more prone to performance
chasing.? If it is the case that platforms mainly bring in new investors, we would expect
an overall increase in the number of mutual fund investors as well as increases in the ratio
of retail investors after a fund enters platforms. Our empirical evidence, however, does not
support this hypothesis.

Another more plausible explanation resides in the technological efficiency of the platforms,
which grant investors easy access to the entire universe of funds, allowing them to purchase,
switch, and redeem at a substantially lower cost. This further gives rise to uniquely different
information structures on- and off-platforms. Off-platform, the information flow is dispersed
in nature, with different investors receiving different information from their respective dis-
tribution channels, attenuating the aggregated effect of performance-chasing. On-platform,
the information flow is uniform in nature, with investors receiving almost identical signals,
which focus mostly on past performance. As a result, individual-level performance-chasing
is synchronized and amplified because of the platform efficiency. In other words, ampli-
fied performance-chasing can be observed at the aggregate level, even if the propensity of

individual performance-chasing remains the same both on and off the platforms.®

2While the emergence of platforms did help attract new mutual fund investors in China, it hap-
pens mostly to the money market funds (e.g., Yu’ebao) and less to the actively-managed equity,
bond, and mixed mutual funds. See 2019 Annual Report of China Asset Management Association,
http://www.amac.org.cn/researchstatistics /publication/.

3Investors on the platforms share the same set of information displayed on their digital devices. Most
platforms group mutual funds by style into tabs for equity, bond, mixed, and index funds. Within each tab,
the default page displays the funds in the order of their past performance. More recently, the traditional



Focusing next on the impact of platforms on fund managers, we find that, in the presence
of amplified performance-chasing, fund managers increase their risk-taking to enhance the
probability of getting into the top rank. Specifically, we find that funds in the top decile
exhibit a pattern of increased volatility for at least two quarters prior to getting into the
top ranking. By contrast, funds outside of the top decile do not exhibit such a pattern.
Moreover, this pattern of increased volatility only emerges after 2013, after the introduction
of the platforms. This increased risk taking behavior is most significant for actively-managed
equity fund managers, but is also present for the mixed funds. Repeating the same exercise
for the US equity funds, we find no evidence of increased risk taking by the top decile funds.

Decomposing the fund volatility further into systematic and idiosyncratic components,
we find that this added risk taking is present in both components, but the increased risk
taking in the systematic component is more troubling. Prior to 2013, funds in the top
ranking decile are associated with higher idiosyncratic risk, both before and after getting
into the top decile, relative to the funds outside of the top decile. But there is no evidence
of such top fund managers taking higher systematic exposure. This result indicates that
prior to 2013, fund managers rely on their own abilities in stock and bond selections to
get into the top decile. Post 2013, however, the risk taking behavior increases not only in
the idiosyncratic component, but also in the systematic component. Given the positive risk
premium associated with the systematic risk, dialing up the systematic component in risk
taking does provide higher expected returns. It indicates that the fund manager has already
maxed out his own skills and is using leverage to get ahead. While the economic magnitude
of the result is relatively small, the emergence of such a practice points to the unintended
consequences associated with the platform intermediation of financial products.

Finally, the emergence of platforms also has a profound impact on large fund families. Be-
fore the rise of the platform economy, large fund families are like segmented mini-platforms,
whose resources are attractive to fund managers. Just like prior to Uber, taxi drivers rely
heavily on the dispatch services. In the era of the platform economy, however, large fund
families as organizations lose their cohesiveness. Empirically, we find that after joining the
top two platforms, the importance of within-family-ranking weakens, whereas the impor-
tance of universal-ranking is amplified in attracting subsequent flow. In other words, after
the introduction of platforms, fund managers are increasingly being compared against the
entire universe of funds, and their relative standing within a family becomes less important.

Moreover, the within family co-movement of fund flows also weakens after the introduction of

channels such as banks and brokers are moving to the platform model by building their own digital apps,
which very much resemble the apps provided by the platforms. There is, however, one important difference —
the default page of the banks’ apps usually displays their affiliated funds at the top. Overall, this reaction of
the traditional channels to the platform phenomenon can also contribute to amplified performance-chasing.



platforms. At the same time, fund families’ incentive to groom star managers also drops, as
they no longer have a strong hold on their fund managers. Consistent with this hypothesis,
we find that, pre-platform, funds from the top ten largest families accounts for a significantly
higher share in the top decile than in other deciles. Post-platform, however, they no longer
have a large presence in the top decile.

Our paper is related to the new and exciting field of FinTech. Among others, Goldstein]
Jiang, and Karolyi (2019), Philippon (2018) and Frosfef all (2019) discuss the FinTech op-
portunities and how their entrance might affect the incumbent financial institutions.? Using
proprietary data from Ant Financial, Han et all (2017) provide empirical evidence on how
FinTech credit might help mitigate credit supply frictions for small businesses on Alibaba’s
retail platform. Our paper contributes to this young and active research area by proving
extensive empirical evidence on what happens when the technology driven platforms are
allowed to enter the industry of financial intermediation to distribute financial products.
Given that this large-scale disruption to mutual fund industry has not yet happened else-
where, our paper offers a glimpse into the future, documenting the intended and unintended
consequences of such a disruption. It is also worthwhile to point out that, while most of
the empirical work in this area relies on proprietary data from one particular platform to
measure the impact of FinTech, the main results of our paper build on the publicly available
data of the entire mutual fund industry in China. In other words, we are reporting the
impact of FinTech on the entire industry, not just one platform or one company. In that
respect, the scope of our results is much broader than what has been documented in the
existing literature.

The empirical results documented in our paper can also help shed light on how the
varied distribution channels of financial products can better serve their customers, and the
appropriate regulatory policies, if any, to help achieve this goal. There are ample evidences
on the distortions in the traditional system, with issues of conflicts of interest at the center
stage.? Relative to this literature, we fill in the gap by providing, for the first time, empirical
evidences on the benefits and costs of large-scale platforms. On the one hand, the platforms
largely lower the barrier of financial market participation, alleviate the conflict of interest,

are free of human cognitive biases, and level the playing field for all mutual funds. These

4Also related are papers by Barber_and Odeanl (2001, 2007) on how internet affects investor behavior,
D’Acunto, Prabhala, and Rossi (?009) on the impact of robo-advising, [Wei and Yang (P019) on online and
offline mutual fund investing, [Tang (2009) and [Vallee and Zeng (2019) on P2P lending, and Buchak ef all
(PIR) and Fnsteref all (2019) on mortgage origination.

5See, for example, Bergstresser, Chalmers, and Tufand (2009), Chalmers and Reuter (20172), Christof
fersen. Evans, and Mustd (2013), and Jenkinson. Jones, and MarfineZ (2016) on the issues of conflicts of
interest on mutual fund advising, and Linnainmaa, Melzer, and Previterd (20IR) for the cognitive biases of
fund advisers.



advantages of FinTech platforms highlight their great potential in the future, especially for
emerging markets with a pressing need for financial services (Badarinza, Balasubramaniam]
and Ramadorai (2019)). On the other hand, the technological efficiency of the platforms
does not equate economic efficiency and there are indeed causes for concerns. In particular,
the platform induced amplification in performance-chasing points to the possibility that
behavior at an individual level can be further amplified on the platforms. Whether or not
the platforms should be more proactive in regulating the flow of information or offering
financial advices to alleviate the unintended consequences is a topic of great interest going
forward.?

Our paper also adds to the large literature on the impact of mutual fund performance
on investment flows. Within this literature, our paper is closest to the work of Kaniel and
Parhaml (2017), who investigate how visibility and prominence affect the flow to top perform-
ers and document that media attention does increase fund flow. Our paper documents this
effect over a much larger scale and finds that the presence of large-scale platforms amplifies
the flow-performance sensitivity in the Chinese mutual fund industry. Moreover, we find
that this influence on investor behavior has implications on the risk-taking behavior of fund
managers and the competitions within fund families.

The remainder of this paper is organized as follows. Section 2 describes the data used
in our study. Section 3 presents the main results related to flow-performance sensitivity
and presents direct evidence of amplified performance-chasing using proprietary data from
Howbuy. Sections 4 explores the consequences of platforms on fund managers and fund
families. Section 5 discusses alternative channels and conducts robustness checks. Section 6

concludes.

2 Data

2.1 The Emergence of FinTech Platforms

Information on the mapping between mutual funds and their distribution channels is collected
from Wind, a prominent financial data provider in China. The data contains the start and
end dates of the distribution relation between mutual funds and their respective distribution
channels. There are three major types of distribution channels in China: banks, brokers,

and FinTech platforms, which are summarized by the upper left panel of Figure 0. Since

6Qutside the industry of financial intermediation, the fact that the platforms can influence investor
behavior through personalized information flow has been recognized, and its validity debated. For example,
Sun_efall (2009) document the large economic impact of the platform’s information flow on customer buying
behavior through a large-scale field experiment with Alibaba’s retail platform.



2008, there has been a steady increase in the number distribution channels via banks and
brokers, with the banks growing faster than the brokers. Platforms burst onto the scene
in 2012, catching up quickly with the banks and brokers and reaching a total number of
115 by 2018. As it is typical in the platform economy, the top platforms grab most of the
market shares while the smaller platforms struggle for survival. In this sense, out of the 115
platforms, only a handful of them are really active.

As of 2018, the two largest platforms are Tiantian and Ant Financial in terms of market
share. Tiantian is among the first four institutions that obtained the fund distribution license
from China Securities Regulatory Commission (CSRC) in February 2012. Ant Financial
missed the first batch of license issuance, but quickly entered the platform business in April
2014 by acquiring Hundsun, the parent firm of a platform called Shumi.? The introduction
of Yu’ebao and the acquisition of Hundsun are highlighted in the graphs, which marked two
milestone events for Ant Financial and the entire mutual fund industry.

The connections between mutual funds and their respective distribution channels are
summarized by the upper right and bottom left panels of Figure I, which report the coverage
of actively-managed mutual funds in our sample by the top-four platforms (Ant, Howbuy,
Tiantian, and Tong Huashun) and an average bank and broker. The coverage is reported
both in percentage (bottom left panel) and in number (upper right panel). As we can see, the
adoption of platforms by mutual funds has been swift. Over the span of just one year, from
2012Q2 to 2013Q)2, the coverage increases from zero to over 60% for the top-three platforms,
indicating that over 60% of the actively-managed mutual funds in our sample sign up to be
covered by the platforms. Compared with that of an average broker or bank, the coverage
of the platform has become significantly larger after the emergence of the platforms. For
example, by 2018, each of the top-four platforms covers over 2000 actively-managed funds,
while an average bank carries less than 300 funds and an average broker carries less than
1000 funds.

Along with their broad fund coverage, the platforms also overlap significantly in their
coverage. As shown in the bottom right panel of Figure [, by 2018, over 90% of the equity
mutual funds are simultaneously covered by all of the top four platforms. For mixed and
bond mutual funds, the common coverage of platforms are around 80% and 70%, respectively.
This high degree of overlap effectively levels the distribution landscape, maximizing the
connections between platforms and mutual funds. By contrast, in the traditional distribution
model, the established connection between funds and banks or brokers might be driven by

their affiliated relationship.

"Since customers from Alipay is the major source of investor flow for Ant Financial platform, we use the
acquisition date as the starting date of the platform operated by Ant Financial in our later analysis.



Overall, the entrance of the platforms has been swift, with mutual funds signing up
quickly to the platforms. Compared with the traditional channels, each platform covers a
larger number of funds, with a significantly high degree of overlap with the other platforms.
It should be emphasized, however, coverage does not equate actual transactions. While
the actual sales numbers have been closely guarded by the platforms, we get a glimpse of
these numbers using the annual reports from East Money, the parent company of Tiantian
platform, one of the first and the largest platforms in China. The 2018 sales of mutual
funds on Tiantian total RMB 525 billion, including 328.7 billion for money market funds.
Excluding money market funds, the 2018 sales number of mutual funds is 196.4 billion for
Tiantian and 2.3 trillion for the entire market. In other words, as one of the top platforms,
Tiantian’s market share is about 8.5% in 2018. This number is roughly consistent with
the estimated magnitudes reported in the press — the platforms in aggregate account for

one-third of the market share.

2.2 Mutual Fund Characteristics and Performance

We obtain the data for mutual funds from CSMAR (China Stock Market & Accounting
Research) and Wind. In China, there are four types of mutual funds: equity mutual funds,
mixed mutual funds, bond mutual funds, and money market funds. We focus on the actively-
managed equity, mixed, and bond mutual funds and exclude index funds, passive funds,
structured funds, and QDII funds from our analysis. For mutual funds with multiple share
classes, we sum across all share classes to derive the total net assets (TNA) of the fund. We
compute fund returns and fund fees as the TNA-weighted average across all share classes.
Following prior literature (e.g., Chevalier_and Ellison ([997), Sirri_and Tufand (I998)),

the flow to fund ¢ in quarter t is computed as:

TNAZ',t — TNAi’t_l (]. + Reti,t)
TNAi,tfl ’

FlOWijt =

where Ret,;, is the quarter-¢ split and dividend adjusted return of fund i. We assume that
inflows and outflows occur at the end of each quarter, and that investors reinvest their divi-
dend distributions in the same fund. To alleviate the concern of outliers, flow is winsorized
at 2% and 98% levels. We further exclude fund-quarter observations when the absolute value
of two adjacent quarter flows are both larger than 100% but in different signs, which may
be caused by errors in reporting TNA. We further require a minimum fund size of 1 million
RMB and a minimum fund age of two years to be included in our sample. We end up with
26,412 fund-quarter observations for our sample from 2008 through 2017.

To examine the impact of platforms, we focus our analyses on two time periods: before



(2008-2012) and after (2013-2017). We begin our post-platform period from 2013, because
although some platforms obtain their licenses from the CSRC in February 2012, it is not
until the end of 2012 that the first batch of funds become available for sale on the platforms.
Table 0 provides the summary statistics of the actively-managed mutual funds in our sample,
with Panel A reporting the aggregate fund information by year, and Panel B reporting the
key fund-level variables for the before and after periods.

As shown in Panel A of Table [, the total number of funds increases steadily from fewer
than 200 in 2008 to close to 3000 by 2019. The number of bond funds is particularly small
in the early years, with only 20 funds by 2009, which prompts us to start the before period
for bond funds from 2010. Another visible change in our sample is the dramatic decrease
in the size of equity funds in 2015, along with the dramatic increase in the size of mixed
funds. This is caused by a policy change in August 8, 2015, which increases the minimum
requirement of stock holding from 60% to 80% for equity mutual funds. As a result, a large
number of equity funds switch to mixed funds around 2015Q3. The second half of 2015 is
also unique because of the sudden collapse of the Chinese stock market in June 2015. To
ensure that our main results are not driven by these major market events, we perform a few
robustness tests including 1) shrink our before and after windows to 2011-2012 (before) and
2013-2014 (after) to avoid the inclusion of 2015; 2) exclude the year of 2015 altogether; and
3) exclude the second and third quarters of 2015. Overall, our results remain robust and
often become stronger both economically and statistically.

Panel B of Table M reports the summary statistics of our main variables for the before
and after periods. There are a few important observations with respect to the difference in
characteristics between the before and after periods. First, there is a significant decrease in
fund size. Taking equity funds as an example, the average fund size decreases from RMB
3.05 billion to 0.62 billion, driven by large initiations of new and smaller funds over our
sample period. It should be mentioned, however, this large initiation of new funds actually
occurs steadily over our sample period and is not uniquely associated with the introduction
of platforms. Moreover, to show that our main results are not driven by this difference in
sample characteristics, we perform robustness test by requiring that funds in the after period
to exist in the before period, and our main results are robust to this sample requirement.

The before and after samples also have a difference in fund returns. The average monthly
return for equity funds is 0.34% in the before sample and 1.43% in the after sample, although
the difference is statistically insignificant. This difference, driven by the aggregate stock
market returns, is unlikely to affect our main results on the cross-section of fund performance
and flow. In addition to controlling the time trend by including time fixed effects, we also
perform robustness test by adopting a narrower window of before (2010-2012) and after
(2013-2014), which exclude the unusual years of 2008 financial crisis and 2015 China stock

10



market crash.

In terms of quarterly flows, the before and after periods do not exhibit statistically signifi-
cant difference in the average level, but there is a rather strong difference in the cross-sectional
standard deviation. Specifically, the standard deviation of flows increases substantially from
11.09% to 31.96% for equity funds, and from 11.71% to 31.70% for mixed funds. This in-
dicates that although the level of flow remains stable, the cross-sectional dispersion in flow
increases significantly in the after period. After we will see later in our main results, this is
very much related to the emergence of the platforms. For bond funds, the average flows are
positive in both periods. Compared with the standard deviation of 11.09% for the equity
funds and 11.71% for the mixed funds during the before period, the flow standard deviation
for the bond funds is quite large, at 26.67%, which is driven mostly by the small sample size
of bond funds in the before period. Overall, this limited pre-platform sample size of bond
funds complicates our main analysis on the difference between the before and after samples,
making the results on bond funds less stable.

The fees charged by funds, including management fee, redemption fee, and subscription
fee, are the nominal fees quoted in percentage points. The usefulness of these fees in our
analysis turns out to be rather limited, as the quoted fees may not reflect the actual fees
charged to investors. For example, the fees are often waived by different channels, condi-
tioning on their promotional policies. As of 2019, both Tiantian and Ant financial waive the
subscription fees for funds offered on the platforms by 90%. Besides, the cross-sectional stan-
dard deviation and range of fees are very small indicating that funds often follow industry

routines when setting the quoted fees.®

3 Empirical Results: Flow-Performance Relation

To examine how platform intermediation alters investor behavior, we start with the flow-
performance relationship, one of the most salient features of investor behavior documented

in the mutual fund literature.

3.1 Flow-Performance: Before and After 2013

We first examine the flow-performance sensitivity for the period around the emergence of
platforms. Using the beginning of 2013 as the break point, we test the difference in the
flow-performance sensitivity over two sample periods: before (2008-2012) and after (2013—

2017). We form performance-based deciles by sorting, at the beginning of each quarter,

8The changes in fees for the before and after sample are generally statistically significant due to the
highly persistent nature of the quoted fees.
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all actively-managed funds within each style category into ten groups, according to their
respective returns over the past 12 months. Figure B reports the flow-performance relation
by plotting the average quarterly flows for the ten performance deciles. Focusing first on
equity funds, we see evidence of performance-chasing in both the before and after periods,
with the flow to the top-decile funds on average higher than the flows to the other deciles. But
the magnitude of performance-chasing increases strikingly post the emergence of platforms:
the top-decile flow increases from 1.88% in the before period to 19.65% in the after period.
This result of amplified performance-chasing can be best summarized by the upper left panel
of Figure B, where the flow-performance curve steepens dramatically in the “after” sample.
This amplified performance-chasing is also observed in mixed funds, which are of lower
expected returns and lower risk compared with the equity funds. Prior to the emergence of
platforms, there is very limited evidence of performance chasing: the top-decile funds attract
a statistically insignificant average flow of 1.21%. Post platforms, however, the top-decile
flow increases to 9.51% with a ¢-stat of 4.19.

For bond funds, the results are mixed. In the before period, the bond sample is rather
small, as China’s fixed-income market, particularly the credit market, starts to take off only
after 2010. For this reason, the decile flows measured for the before period are not very
reliable. Post platforms, we observe evidence of performance-chasing in bond funds: the
top-decile flow is on average 10.21% per quarter with a t-stat of 2.12, while the flows to the
lower-ranking deciles are generally smaller in magnitude and statistically insignificant. In
terms of magnitude, this top-decile flow of 10.21% is close to the 9.51% for the mixed funds
and 19.65% for the equity funds. The volatile nature of the bond-fund flows, however, makes
the results for bond funds less conclusive.”

We further compare our results against the flow-performance relation in the US. For the
same time periods, the upper right panel of Figure 2 plots the flow-performance relation for
actively-managed equity mutual funds in the US. Since there is no obvious shock to the US
fund market around 2013, the flow-performance relation remains stable in the before and
after periods. The average flow to the top-decile funds is around 6% per quarter, larger
than the average flow of 1.88% per quarter in the pre-platform period and much smaller
than the average flow of 19.65% per quarter in the post-platform period. Given that the
distribution of US mutual funds is still under the tradition model, it makes sense that the
flow-performance sensitivity in the US is much smaller than the post-platform era in China.

In addition to the graphical presentation in Figure B, Table B further details the fund

9Although the bond funds are the least volatile among the three fund categories, their quarterly flows
are the most volatile, making our results on flow-performance rather noisy. Moreover, while the equity and
mixed funds are dominated by retail investors, the bond funds actually have a large institutional presence,
especially in the after period when the retail ratio is only 42% on average.
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flow and return information for the ten performance deciles, for the sample before (2008—
2012) and after (2013-2017) the emergence of platforms. One potential concern is that
the amplified performance-chasing might be caused by a drastically different post-platform
sample, owing to, for example, a more dispersed cross-fund returns post platforms. We
address this potential concern by including the statistics of fund return and return dispersion
in Table B. The cross-decile variation in returns, measured by the return difference between
the top- and bottom-decile funds, remains stable at around 2-3% per month. Moreover, the

magnitude of within-decile return dispersion also remains stable across the two time periods.

Time-Series Variation of Flow-Performance

To further connect the amplified performance-chasing to the emergence of platforms, we
examine how the flow-performance sensitivity varies over time. If the drastic increase in
flow-performance relation is driven by the introduction of platforms, we shall expect this
amplification effect happens only on and after 2013. For this, we focus on the quarterly
excess flow to the top-decile funds, measured as the quarterly difference between the top-
decile flow and the flow averaged across all deciles. The upper left panel of Figure B plots this
excess flow (red line marked with “0”) for equity funds, with the shaded area indicating the
95% confidence intervals. Focusing on the time-series variation around 2013, one can observe
a sudden increase in the excess flow into the top-decile funds shortly after the introduction
of platforms. The change is visible even when we restrict the sample to the narrow window
of two years after the policy change (shaded red region). Extending the window to five years
after the policy change (shaded blue region), we observe a much bigger increase in flows to
the best performing funds, though the confidence interval becomes wider due to the unusual
year of 2015. Following this time-series over the long time span, it is interesting to observe
that this amplified performance-chasing varies over time, with some quarters exhibiting a
higher level of performance-chasing than others.

Comparing this time-series pattern against that in the US, we see a rather different trend.
As shown in upper right panel of Figure B, the excess flow to the top-decile funds in the
US also varies over time, peaking at 31% during the first quarter of 2000, after sustained
positive flow at the aggregate level, as measured by the value-weighted average flow (the
blue line marked with “x”). Around the same time, the dot-com bubble peaks in March
2000. While the driver for this time-series variation of performance-chasing is an interesting
topic on its own right, the strong performance-chasing during the dot-com bubble does
indicate a connection between investor enthusiasm and performance-chasing. Similarly, the
recent trend of reduced performance-chasing in the US market coincides with the decreasing

appeal of the actively-managed equity mutual funds in the US. Since 2007, there has been
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substantial fund flows out of the actively-managed funds and into the passively-managed
funds.

Applying this observation to the Chinese market, the increasing trend of performance-
chasing after 2013 is rather puzzling as there has not been any sudden change, neither increase
nor decrease, in investor enthusiasm for equity mutual funds in China. One might argue that
the boom and burst of the Chinese stock market in 2015 resembles that of the US market in
1999-2000. But taking out that time period, we still observe a rather substantial increase in
performance-chasing. In fact, our results are stronger after excluding 2015. Repeating the
same exercise for the mixed mutual funds, the bottom left panel of Figure B paints a similar
picture of increasing performance-chasing after 2013. The evidence of the bond funds, as

shown in the bottom right panel, is mixed and inconclusive.

Panel Regression using the After-2013 Dummy

To formally test the difference in performance-chasing and control for fund characteristics
and the changing market conditions, we investigate the fund flow-performance relationship

in a panel regression setting as follows:

Flow;; = a + 31 - Decile 10;,_1 + (B2 - Decile 10; ;1 x After, + Z Vi Controlf’tf1 +eit,

J

(1)

where Decile 10;,_; equals one if fund ¢ belongs to the top decile based on 12 months return
from quarter t — 4 to quarter ¢t — 1 and zero otherwise. After; equals one if quarter ¢ is after
2013 and zero otherwise. We include time fixed effects to control for time varying market
conditions. As detailed in Table B, we also include the natural logarithm of fund size, natural
logarithm of fund age, fund’s last quarter flow, and fees as controls. While the coefficient
associated with Decile 10,;_; captures the average level of flow-performance sensitivity, the
coefficient associated with the interaction term captures the increase in flow-performance
sensitivity after 2013.

The first three columns of Table B report our main results for equity, mixed and bond
funds respectively. Using data from 2008 through 2017, we split the sample around 2013
into two five-year windows before and after 2013. Focusing first on the coefficient associated
with Decile 10;—1, we see the presence of performance-chasing before 2013, which amounts
to average excess flow of 4.79% per quarter to the top-decile equity funds. The coefficient
associated with the interaction term is 13.12% for equity funds and is statistically significant,
providing strong evidence of amplified performance-chasing after 2013. Overall, the excess

flow to the top-decile equity funds is 17.92% per quarter post 2013, which is 3.74 times the
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pre-2013 level of 4.79%. For mixed funds, we also see a substantial increase in performance
chasing after 2013. The excess flow to the top-decile mixed funds is 15.97% per quarter post
2013, which is 4.54 times the pre-2013 level of 3.52%. For bond funds, we do not see evidence
of increased performance chasing using this specification. We further group all three styles
together and include style fixed effects in the panel regression. Using the estimates from the
“All” column, we find that the excess flow to the top-decile funds is on average 14.60% per
quarter post 2013, which is 2.48 times the pre-2013 level of 5.88%.

To focus more precisely around the event time, we use data from 2011 through 2014
and split the sample around 2013 into two two-year windows before and after 2013. As
shown in the last four columns in Table B, our main results are rather robust. The economic
significance of our results actually increases during this narrow window. Post platforms,
the excess flow to the top-decile funds is 2.67 times the pre-2013 level for all funds. This
specification has the advantage of excluding from our tests the year of 2015, which introduces
two issues into our sample. First, the Chinese stock market experiences a dramatic run up
in first half of 2015 and then a dramatic crash in the second half, introducing noises and
potential unusual investor behavior to our sample. Second, the policy change introduced in
August 2015 increases the minimum requirement of stock holding from 60% to 80% for equity
mutual funds, causing many equity funds to switch to mixed funds in 2015Q3. Moreover,
the narrow window specification also excludes 2008, the year of the financial crisis, from the
analysis. The fact that our main results become stronger by avoiding these unusual years

indicates that these market-level events are not the main driver of our results.

3.2 Staggered Entrance of Funds onto Platforms

Building upon the previous analyses, we further take advantage of the information on the
exact start and end dates of the distribution relation between a fund and a platform. As
shown in Figure 1, funds gradually adopted platform distribution, mainly in the first two
years after platform introduction. This staggered entrance of funds onto the platforms pro-
vides a unique setting for us to precisely identify the effect of platforms on flow-performance

sensitivity.

Panel Regression using Platform dummy

We measure the extent of fund i’s coverage by the platforms using the dummy variable
Platform, ;, which equals one when fund ¢, at the beginning of quarter ¢, is available on the

two major platforms, Tiantian and Ant Financial. We choose Tiantian and Ant Financial
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because these two are the biggest and dominant players in the market.™ Using the fund-level

variable Platform; ;, our panel regression is a modification of the one specified in Equation (I):

Flow;; = o + 81 - Decile 10; ;1 + 3 - Platform,; 4 35 - Decile 10;,_; x Platform,,

+ Z v - Cont]rolgﬂf_1 +eir. (2)
J

The results are summarized in Panel A of Table @. Columns (1) to (4) report the results
estimated using the five years before (2008-2012) and five years after (2013-2017) the intro-
duction of platforms, for equity, mixed, bond, and all funds, respectively. Focusing first on
equity funds, the excess flow to the top-decile equity funds is on average 6.99% per quarter
before joining the platforms. After signing up to the platforms, the same fund in the top
decile would attract an additional quarterly inflow of 16.96% (t-stat=3.75). Overall, the ex-
cess flow to the top-decile funds on platform is 23.95%, much larger than the 17.92% excess
flow estimated using dummy variable After; in Table B. This suggests that despite the swift
adoption of platform, the exact sign-up time of a fund onto the platform contains additional
information than the mere introduction of platform captured by After;.

For mixed funds, we also see a substantial increase in performance chasing after a fund
joins the top two platforms. The excess flow to the top-decile mixed funds on platform is
17.53% per quarter, which is 2.86 times the off-platform level. For bond funds, the increase
in excess flow to the top-decile funds after joining the platforms is not significant under this
specification. Finally, when we group all three styles together, we find the excess flow to the
top-decile funds on the platforms is on average 16.10% per quarter, which is 1.98 times the
off-platform level of 8.13%.

The last four columns of Panel A of Table @ report the results when we focus on the
two-year windows before and after 2013. The results are similar to those in the previous
specification. On platform, the excess flow to the top-decile funds is 3.39 times the off-
platform level for equity funds and 4.43 for mixed funds. Interestingly, the increase in
performance chasing for bond funds is also significant under this specification, partially
because the two-year narrow window avoids the nosier sample in the early 2010.

One potential concern is that some other changes in the market over the years is driving
the change in the flow-performance relation. In the robustness test of Section B, we create a
dummy variable for each year, DYear(t = k), that equals one for year k and zero otherwise.
We control for all the interactions between the Decile 10 dummy and the year dummies

(Decile 10;;—1 x DYear(t = k)) in this specification to allow for time varying flow-performance

10 Anecdotal evidence suggests that Ant Financial and Tiantian together account for majority of the
platform business. For example, see http://fund.jrj.com.cn/2018,/08/27012825002151.shtml.
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relationship. The interaction terms will absorb the change in flow-performance relationship
due to any changes in market condition in each year.™ The significance of the interaction
term Decile 10,1 xPlatform;; remains, as reported in row (3) in Panel B of Table . In
addition to the aforementioned analysis, we also investigate the staggered entrance of funds
onto platforms using a constant sample of funds, adding fund fixed effect, controlling for
bank and broker exposures, or using alternative performance measures. The results are

qualitatively the same. We provide further discussions on robustness checks in Section B.

Dynamic Effect of Fund Entrance onto Platform

To supplement the staggered entrance test, we further examine the dynamic effect of platform
inclusion events on funds’ flow-performance sensitivity. If the flow-performance sensitivity for
funds on and off platforms are inherently different in some unobservable ways, i.e., investors
investing in a fund somehow exhibit stronger performance chasing even before the fund
enters platform, we might expect the increase in flow-performance relationship to occur
before the fund’s actual entrance onto the platforms. On the other hand, if the increase
in flow-performance sensitivity is indeed driven by the platform inclusion event, we shall
expect the increase in performance chasing to take place right after the fund is added to the
platforms.

We investigate the dynamic effect using the following model specification:

Flow;; = a + (1 - Decilel0; ;1 + (5 - Platform(q¢ = —1);+ + B3 - Platform(q = 0),:+
B4 - Platform(q = 1);; + 55 - Platform(q > 2);; + s - Decilel0; ;1 x Platform(q = —1),,
+ 7 - Decilel0; ;1 x Platform(q = 0);; + s - Decilel0; ;,—; x Platform(q = 1), ;+
Bo - Decilel0; ;1 x Platform(q > 2);; + Zvj . Corltlrolg’t_1 +eit, (3)

J

where Platform(q = —1); is a dummy that equals one for the first quarter before fund 7 enters
platform. Platform(q¢ = 0);; and Platform(q = 1);; are similarly defined. Platform(q > 2)
equals one for the second quarter after inclusion and for the subsequent quarters. The
omitted group is ¢ < —2. The interactions of Platform(q = k);+ with Decile 10;,_, capture
the dynamic impact around the time when a fund enters the two major platforms.

Panel B of Table @ shows that increase in flow-performance sensitivity, captured by the
interaction of Platform dummies with Decile 10;,_;, happens exactly after a fund is included

by platforms (¢ = 0 or ¢ = 1). Taking equity funds as an example, the entrance onto

Since flow-performance relationship is estimated using a cross section of funds, we expect the estimates
using this specification to be noisier when there are very few off-platform or non-platform funds.
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platform allows top-decile funds to attract additional 21.69% flow for the first quarter the
fund being included. The magnitude remains large at 20.83% for subsequent quarters. The
coefficient on the interaction term is small and insignificant for quarter ¢ = —1, indicating
that on-platform and off-platform funds are not significantly different in flow-performance
relationship before the platform entrance event. The results are qualitatively the same when
using the long window (2008-2017) or short window (2011-2014) to estimate. Hence, the
tests suggest that entrance onto platforms induces a drastic increase in flow-performance

sensitivity and the effect is likely causal.

3.3 Direct Evidence from Howbuy

In this section, we provide direct evidence on platform-induced performance chasing utilizing
a proprietary dataset obtained from Howbuy, one of the top-five platforms in China.

The dataset from Howbuy contains the share of purchase and redemption for funds
in each performance deciles, occurred on their platform from 2015 through 20182 To
compare the economic magnitude of the performance-chasing behavior on Howbuy with
that of the whole market, we also obtain the quarterly purchase and redemption data at the
fund level from CSMAR. The market share in purchase (redemption) for each performance
decile is calculated as the amount of purchase (redemption) of all funds within a particular
performance decile, divided by the total amount of purchase (redemption) of all funds in the
ten deciles. Therefore, the market shares for all ten deciles sum up to 100%.™ The market
shares of purchase (redemption) occurring on Howbuy and that of the whole market are
calculated in exactly the same way, using the same sample of funds and the corresponding
12-month return decile rank for each fund, allowing for direct comparison. Since the whole
market data is the aggregation over all distribution channels, we expect to observe a much
stronger performance-chasing behavior on pure-platform trading data from Howbuy.

Panel A of Table B presents the market share in purchases for funds in each performance
deciles. Focusing first on the actively-managed equity mutual funds, we observe a monoton-
ically increasing market share in purchase from past loser (Decile 1) funds to past winner
(Decile 10) funds. In the pre-platform period (2008-2012), an average of 23.79% of the
quarterly purchases goes to the top-decile funds, while only 5.14% of purchases goes to the
bottom-decile funds. This purchase-performance chasing behavior becomes much stronger
in the post-platform period (2008-2012). The purchase market share of Decile 10 funds in-
creases from 23.79% to 36.50%. This drastic increase of 12.71% (t-stat = 4.00) is consistent

12\We thank Howbuy for providing this data.

13 As the fraction of purchase and fraction of redemption use different denominator, the two values are
not directly comparable to each other.
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with our prior findings documented using fund net flow.

Next, we turn to Howbuy for direct evidence. From 2015 through 2018, an average of
49.37% of the quarterly purchases on Howbuy goes to the top-decile funds. In other words,
on pure platform trading, the top 10% funds claim close to 50% of the market share. By
comparison, when aggregated over all distribution channels, the market share of the top
10% funds during the same time period is on average 37.61%, much smaller than what is
observed on Howbuy. The fact that investors exhibit stronger performance-chasing purchas-
ing behaviors on pure platform trading lends further support to our interpretation: The rise
in flow-performance sensitivity in the mutual fund market is caused by the introduction of
platforms.

The results for mixed funds are similar to the ones for equity funds. In particular, the
average market share of purchase for the top-decile funds increases from 19.65% in the pre-
platform period to 27.46% in the post-platform period for the whole market. The difference
is 7.81% with a t-stat of 2.60. The performance-chasing behavior for mixed funds again is
much stronger when documented using data from Howbuy. The market share of purchases
for top-decile mixed funds accounts for 39.50% of total purchases on Howbuy, 10.47% (t-stat
= 2.35) larger than that of the whole market. For bond funds, the effect is less pronounced,
partially due to the smaller number of bond funds in the pre-platform period. The average
market share of purchase for the top-decile bond funds increases only slightly from 13.46%
in the pre-platform period to 15.48% in the post-platform period. This number is higher on
Howbuy with a magnitude of 24.76%, though the difference between Howbuy and that of
the whole market is statistically insignificant.

Comparing across the three categories of funds, we see a pattern that is consistent with
our hypotheses: equity funds, with the largest performance variation among the three cate-
gories, start with the highest demand for top performing funds.™ The increase in purchase
fraction for the top-decile funds is also the largest after the introduction of platforms. Mixed
funds exhibit a similar pattern and bond funds a much weaker pattern.

Figure @ further plots the market shares of purchases for funds in the ten performance
deciles. Across the three samples, the market share of purchase increases moderately as
performance decile rises from 1 to 9, wheres the market share jumps up for the top decile,
especially for the post-platform sample and the Howbuy sample. Top-decile funds enjoy the
largest purchase market share on Howbuy, followed by the whole market in the after period,
and followed by the whole market in the before period.

The lower left panel shows the time-series variation of market share of purchases for the

14The return standard deviation of equity funds is the highest among the three styles, as reported in
Panel B in Table 0.
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top-decile equity funds. We present the fraction for the whole market as well as that for
the Howbuy platform. The horizontal blue lines denote the average purchase fractions in
the pre- and post-platform period, respectively. One can observe a sharp increase in the
market share of purchases for the top-decile funds after the introduction of platforms. When
comparing the market share on Howbuy with that of the whole market quarter by quarter,
we find the market share of purchases for the top-decile funds on Howbuy platform comoves
well with that of the whole market. Besides, for the majority of the quarters during this time,
the share on Howbuy is larger than that for the whole market. The upper right and lower
right panels present the corresponding results for mixed funds. The results for mixed funds
exhibit a similar pattern, though with slightly smaller magnitude when compared to equity
funds. Overall, the data from Howbuy provide direct evidence that added flow performance
sensitivity on the platform is driving the magnified performance-chasing effect in the mutual
fund market.

Panel B of Table B presents the corresponding results on the redemption side. Top per-
formance decile funds also constitute a large fraction of total fund redemption. For example,
the average market share of redemption for top-decile funds is 18.00% for equity funds and
15.75% for mixed funds in the pre-platform period. This is consistent with the disposition
effect: Investors are more likely to sell winner funds than loser funds.™ Interestingly, this
performance-chasing redemption behavior is also amplified on the platforms. For equity
funds, the fractions of redemption for top deciles are 45.00% on Howbuy and 26.93% for
the whole market. For mixed funds, the fractions of redemption for top deciles are 35.64%
on Howbuy and 18.98% for the whole market. The “Howbuy-All" differences are both sig-
nificant for these two styles. As platforms provide a more convenient method of trading, it
can also exacerbate the behavioral biases of investors, similar to the findings in Barber and
Odean (2001). As a result, there is a significant increase in redemption fraction for the top

decile in the whole market.

3.4 Change in Investor Compositions

So far, using both the whole market data and the pure-platform trading data from Howbuy,
we document a startling increase in flow-performance sensitivity associated with the emer-
gence of platforms. There are two potential explanations for this amplified performance-
chasing behavior on platforms. One explanation is that the introduction of platforms brings

new, naive investors, who are potentially more prone to performance chasing, into the mutual

15Previous studies find a mixed pattern of selling past winner funds in U.S. (e.g., Barber, Odean, and
Zheng (2000), [vkovié_and Weishenned (2009), Chang, Solomon. and Westerfield (2006)). The disposition
effect of selling past winner funds in China, however, is very robust (e.g., Lieft all (2019)).
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fund industry.

Alternatively, absent any change in investor composition, the unique features of platforms
can result in stronger performance chasing. In particular, platforms grant investors easy
access to almost the entire universe of funds, allowing them to purchase, switch, and redeem
at a substantially lower cost. The unique information structure associated with the platform
technology also contribute to this amplification of performance chasing. Off platforms, the
information flow is dispersed in nature, with different investors receiving different information
from their respective distribution channels, attenuating the aggregated effect of performance-
chasing. On platforms, the information flow is uniform in nature, with investors receiving
almost identical signals focusing mostly on fund past performance ranking. As a result, the
aggregate flow-performance relation is amplified on platforms.

To distinguish these two channels, we examine the change in investor composition after a
fund joins platforms. If the amplified performance chasing is caused mainly by the crowd of
new platform investors, we shall expect a spike in retail investors holding the fund after its
entrance onto platforms. On the other hand, if the technological efficiency and information
structure of platforms play an important role, we shall expect changes in investor composition
to occur only conditional on the fund simultaneously entering the platform and getting into
the top performance rank.

We use three measures as proxies for investor composition of a fund: (1) number of
investors that hold the fund; (2) average dollar value held by an investor of a fund; (3)
retail ratio, which is the asset fraction of a fund held by individual investors. The mutual
fund industry in China is dominated by retail investors. Equity, mixed, and bond funds on
average have a retail ratio of 78%, 85%), and 59% in our before (2008-2012) sample. Despite
the overall mild increasing trend in the ownership of institutional investors, the retail ratio
for all three style categories remain high at 81%, 75%, and 42% respectively in our after
(2013-2017) sample.™

Table B shows the results for investor composition change. We regress semi-annual in-
vestor composition proxies on Platform;; dummy, Decile 10;,_; dummy, and the interaction
of the two. Following the specification in Panel A of Table B, we include controls of fund
size, age, past flow, and fees. Fund and time fixed effects are included in the estimation so
that the coefficient estimates can be interpreted as change in investor composition.

In columns (1), (3), and (5), we include only the Platform;; dummy to examine the

change in investor composition when a fund enters the top two platforms. The coefficient on

16We find institutions purchase a large bulk of mixed and bond funds in the crash period of 2015, which
contributes to the decrease in retail ratio for mixed and bond funds. The transactions made by institutional
investors are often large in size, making the estimation of institutional flow difficult. We thus focus on the
publicly reported retail ratio to infer retail and institutional investors’ change in holdings.
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Platform; ; dummy is insignificant, indicating that joining platforms, by itself, do not bring
new, retail investor to the fund. Therefore, the new mutual fund investors introduced to
the market by platforms are unlikely to fully explain our main results. In columns (2), (4),
and (6), we further add Decile 10;;—1 dummy and its interaction with Platform;; dummy.
We find an increase in the number of fund holders, a drop in the average holding value,
and an increase in retail ratio for a top-decile fund after joining the platform. Specifically,
conditioning on joining the platform and successfully getting into the top rank, the number
of holders for a top-decile fund increases by 37.1%, the average dollar value held by each
investor drops by 25.9%, and the retail ratio increases by 3.62%. This increase in retail ratio
matches well with our estimate using net flow in Table A. For example, consider a fund with
an asset under management of 100 million, of which 75% is held by retail investors; when
the fund gets into the top rank and is available for sale on platforms, Table @ suggests that
it will attract an extra quarterly inflow of 7.97%. Assuming all the extra capital inflow is
driven by retail investors and lasts for two quarters, this will lead to an extra increase in
retail ratio of 3.44% (= (75 + 7.97 x 2) /(100 4+ 7.97 x 2) — 75%).

Overall, our result is more in support of the second explanation. Platforms break down
the segmentation in the mutual fund industry, allowing investors to choose funds freely.
Moreover, the performance ranking that displayed on every individual’s mobile device func-
tions as a signaling device, resulting in synchronized trading and amplified performance-
chasing at the aggregate level. These unique features of the platforms lead to the amplified

performance chasing.

4 Empirical Results: Fund Managers and Families

In this section, we examine the economic consequences of the introduction of platforms on

fund managers and fund families.

4.1 Risk Taking by Fund Managers

The flow-performance relation can be thought of as an implicit incentive contract for mutual
fund managers. A fund manager, in its desire to maximize his/her compensation, has an
incentive to take actions to increase fund capital inflows. Brown, Harlow, and Starks (T996)
and Chevalier_and Ellison (T997) argue that mutual funds respond to these implicit incen-
tives, the convex flow-performance relation, by altering the riskiness of their funds so as to
secure a favorable ranking. In the post-platform era, flow into the top performance decile
increases dramatically. As a result, there could be a substantial change in managerial incen-

tive in this performance region. Specifically, consider a fund that is close to top performer

22



list, the manager has two choices, one is to play it safe and lock in a mediocre inflow, and the
other is to gamble with a probability to capture a large inflow as a top performer. We posit
that, in the after period, funds that are close to the top performer list have higher incentive
to gamble in order to capture the extremely high inflow induced by the platforms. To the
contrary, the convexity at the bottom and medium performance deciles do not change much.

Therefore, there is less change in risk taking behavior for the losing and mediocre funds.

Impact on Fund Portfolio Volatility

To examine managers’ change in risk taking behaviors, we adopt a difference-in-difference
methodology, exploiting the differential treatment effects of funds belonging to different decile
groups. Decile 10 funds are the treated funds as they are most affected by the platform-
induced performance-chasing behavior.

Figure B shows the difference in risk taking for winner (Decile 10) and loser (Decile 1)
funds around the performance ranking date for the period before (2008-2012) and after
(2013-2017) the policy change, respectively. At the beginning of each quarter ¢, we sort all
funds into deciles based on the past 12-month return. Then, we follow the standard event
time method and examine the daily return standard deviation for funds in each performance
decile from quarter ¢t — 4 to t + 4. Quarter ¢ = 0 is the quarter immediately after the
performance sorting. We compute the difference in average daily return standard deviation
between Decile 10 and Decile 1, and plot the time-series average and confidence interval of
this difference around t = 0.

The upper left graph of Figure B shows the change in risk taking for equity funds. In the
post-platform period, funds in the top performance decile, relative to the funds in the bottom
performance decile, exhibit increased daily return volatility from quarter ¢ — 3 to quarter
t — 1. This difference gradually declines to zero in the two quarters after the ranking date
of quarter t — 1. The graph suggests that fund managers of top-decile funds increase their
portfolio risks more than the fund managers of bottom-decile funds at least two quarters
before they successfully get into the top decile. A potential alternative explanation is that
funds with higher volatility before the ranking date might be more likely to enter the top
rank by accident. However, in the before sample, the difference in volatility is close to 0 from
t —4 to t+4. This is consistent with the previous results on the change in flow-performance
sensitivity. As the flow-performance relation is relatively flat in the before sample, the
incentive to boost performance is similar for funds in the high performance range and funds
in the low performance range.

The upper right graph of Figure B presents the corresponding results for equity funds in

the US as a placebo test. There is no obvious difference between the before and after curves.
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Both curves are relatively flat and close to zero around the ranking date. The bottom
two graphs of Figure B show the results for China mixed funds and China bond funds,
respectively. The overall pattern for mixed and bond funds is similar to that for equity
funds in China. Overall, the evidence is consistent with our hypothesis: The introduction of
platforms largely increases the flow to top performing funds, and creates additional incentive
for fund managers to take extra risk in order to get into the top decile.™

We further confirm our results using panel regressions with controls. Since the strength-
ened convex flow-performance relation is mostly driven by performance Decile 10, we create
a dummy variable Decile 10;,_; that equals one if a fund ¢ enters the top performance decile
category at the end of quarter t — 1. We regress quarter ¢ 4 k volatilities on dummy variable
Decile 10; ;-1 and the interaction of Decile 10;,_; with dummy variable After;, which equals

one for the sample on and after 2013. The model specification is as follows:

Std; 4k = o 4 B¥ . Decile 10; 4—1 x After; + B% . Decile 10,41+ Z yjl?Controlg’tfl +eitik, (4)
J

where Std; ;1 is the daily fund return standard deviation for fund 7 at quarter ¢ + k. Coeffi-
cients on Decile 10;,_; captures the risk taking behavior of funds in Decile 10, compared to
the risk taking behavior of funds in the other deciles. The coefficient on Decile 10; ;1 x After,
captures the extra risk taking due to the policy change in 2012. We include controls of fund
size, age, and fees at the end of quarter ¢ — 1. Time fixed effects and fund fixed effects are
included for all the specifications, which alleviates the concern that the change in risk taking
is driven by any aggregate market trend or unobserved time-invariant fund characteristics.
Panel A of Table [@ reports the coefficients on Decile 10,; 1 xAfter; and Decile 10;;_.
We can see that top-decile funds increase their daily return volatility by an extra 0.109%
(t-stat =3.26) in quarter ¢ = —1 after the introduction of platforms, which is equivalent
to an annualized volatility increase of 1.72%. Consistent with the figure, the increased risk
taking starts at least two quarters before the ranking date (k = —3 and k¥ = —2) and
disappears shortly after quarter & = 0. One caveat is that this increase in risk taking is
not economically huge if taking into consideration that the average standard deviation of
fund daily return is around 1.5% as shown in Table [A1. An extra 10.9 basis points increase

in volatility for top-decile funds relative to the other funds is a reasonable magnitude in

17 We also report the summary statistics of daily returns in the before and after period in Table B&I. We
observe a significant increase in return volatility in the post-platform era, whereas the mean, skewness, and
kurtosis of daily returns do not experience any obvious change.

180ne potential reason for the rise in volatility after the ranking date is because managers invest in assets
with higher volatility, and these assets will remain in the portfolio for a while after the portfolio ranking.
We also examine the effect of flow in predicting future fund return and risk taking. As shown in Table B3,
current flow is not indicative of future fund return and volatility.
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terms of change in managerial risk taking.

Systematic and Idiosyncratic Volatility

There are two ways for fund managers to increase their risk taking. One is to rely on their
own abilities in stock and bond selections and increase their idiosyncratic volatility to get
into the top decile. The other is to load more on systematic risk factors and obtain higher
systematic volatility. To disentangle the two channels, we further decompose daily volatility
into systematic volatility and idiosyncratic volatility based on a two-factor model (with an
aggregate stock market factor and an aggregate bond factor).™

We replace the total volatility in equation (4) with systematic/idiosyncratic volatility,
and report the regression results in Panel B and C of Table [, respectively. We find an
increase in both dimensions of volatilities in the two quarters before the ranking date for
funds in Decile 10. The results suggest that both systematic and idiosyncratic volatilities
contribute to the overall increase in managers’ risk taking.

In particular, as shown in Panel C, the coefficients on Decile 10;,_; are positive from
k = —3 to k = —1. This suggests that, in the pre-platform period, fund managers in Decile
10 already rely on their own abilities in stock and bond picking to get into the top decile.
The coefficients on Decile 10;,_; x After, are also positive from &k = —3 to k = —1, which
indicates that, due to the added incentive in the post-platform period, fund managers in
Decile 10 exert even more effort in boosting their idiosyncratic volatility to enhance the
probability of getting into the top decile.

The results on systematic volatility in Panel B show a different pattern. The coefficients
on Decile 10;,_; are negative and mostly insignificant from quarter k = —3 to k = —1. This
suggests that, in the pre-platform period, there is no evidence of fund managers in decile 10
to take more systematic risk relative to other funds before the ranking date. To the contrary,
in the post-platform period, fund managers in Decile 10 increase their systematic volatility
relative to the other funds. This is a sign that the fund managers have already maxed out

their own skills and are using leverage to get ahead.

4.2 Disruptions to Fund Families

In this section, we investigate the impact of platforms on the organization structure of fund

families. Platforms could affect fund families through multiple dimensions. First, platforms

9For each fund-quarter, we regress daily fund return on contemporaneous daily market factor and daily
bond factor. The systematic volatility is the standard deviation of the fitted return and the idiosyncratic
volatility is the standard deviation of the residual terms. To construct factors, we use value-weighted A share
stock return for market return, ChinaBond composite index return for bond return, and one-year deposit
rate for risk free rate.
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provide a common playing field and this may expand the degree of competition from within
families to outside families. Related with this shift in industry organization structure, we
might observe changes in within-family flow co-movement and the incentives for families to
create star funds. Second, platforms bring new opportunity to the fund industry. Families
that quickly seize the platform opportunity will grab the market share from those that are

slow in adopting.

Within-Family Flow Competition

Before the introductions of platforms, family affiliation segments the market through its
brand image and free-switching options for funds in the family (Massa (2003), Nanda, Wang]
and Zheng (2004), Gaspar, Massa, and Matos (2006), etc.). Sheltered under the family
umbrella, individual funds rely largely on the capitals attracted through family brand. As
a result, fund’s performance ranking within the family can be an important determinant of
flow (Kempf and Ruenzi (2007)). In the post-platform era, however, platforms act as one
big family, bring down the barriers, and level the playing field for all funds. Performance
rank in the whole fund universe now plays a more important role in attracting flows, which
weakens the role played by families. Therefore, we expect flow to become less sensitive to
fund’s within-family performance ranking after a fund joins platforms.

To test this hypothesis, in Table B, we examine the response of flow to the performance
ranking within each family. We require a family to have at least five funds and exist for at
least three years before the introduction of platforms to allow for meaningful comparison.
This reduces our sample slightly from 26,412 fund-quarter observations to 22,268. Since
the average number of funds in a family is 7.70 for the pre-platform sample, we focus on
performance quintile rank within each family. We use the same set of control variables in
Panel A of Table @ and further include family fixed effect in this specification.

Column (1) of Table B shows the response of fund flow to the within-family quintile rank,
FamilyRank;;. Column (2) presents the results of fund flow on the Decile 10;;_; dummy
used in our main analysis as a benchmark. Performance rankings within the family and in
the whole fund universe tend to correlate with each other. To disentangle the two effects,
we include both performance indicators and their interactions with the Platform;; dummy
in column (3). We find a significant erosion of the effect of within-family quintile rank after
a fund joins platforms. Before a fund joins platforms, both the within-family performance
quintile rank and the universal Decile 10;;_; dummy play important roles in bringing flow.
Controlling for the universal top decile indicator, a fund will still enjoy an extra flow of
1.12% (t-stat = 4.60) if its within-family quintile ranking increases by one unit. However,

the coefficient on the cross term between within-family quintile rank and the Platform,
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dummy is negatively significant at -1.03 (¢-stat = -2.54). In other words, after a fund joins
platforms, the same change in the quintile rank will only bring 0.09% (=1.12%-1.03%) of
extra flow. The incremental effect of within-family ranking almost disappears after a fund
joins platforms. To the contrary, the position of a fund in the whole universe becomes more
important. A top-decile fund in the whole fund universe will enjoy an extra flow of 15.85%

after it joins the platforms, which is 2.64 times its off-platform level.

Within-Family Flow Correlation

Related with this change in market structure from within-families to outside families, we
expect the co-movement of fund flows within a family to change as well. Funds are tightly
connected through families, sharing similar source of capital and resources. For example,
funds in a family often have access to the same pool of financial analysts, trading desks, legal
counselors, and outside experts. If investors use common information contained in the family
to evaluate an individual fund, we may observe a positive flow spill-over effect among funds
in the same family (Nanda, Wang, and Zheng (2004), Brown and Wi (2016)). Post-platform,
however, investors are paying increasing attention to the performance ranking at the whole
universe and less attention to family specific information, we expect the flow spillover effect
to be less pronounced.

To test this hypothesis, we use two model specifications. First, we regress the flow for
a particular fund in quarter ¢ on the highest fund flow (MaxFlow;,) within a fund family
during that quarter. We exclude the funds with the highest flow within a family in quarter
t from our analysis to avoid mechanical relationship. Columns (1) and (2) in Table @ report
the results of this specification. We observe that the coefficient on MaxFlow;; is positive
and significant at 0.007 (¢-stat = 4.24). This suggests that flow to the “star” fund, the
fund with highest flow in the family, has a positive spillover effect to other funds in the
family. The coefficient on the cross term between MaxFlow;, and the Platform;; dummy is
-0.004 (t-stat = -2.53). The negative interaction coefficient suggests that the spillover effect
weakens once the fund is available on platforms. The estimates stay qualitatively the same
when we further control for Decile 10;;—; dummy and the cross term between Decile 10; ;—q
and Platform;; dummy.

In the second specification, we compute the aggregate flow of all other funds within a

¢ and use this measure to capture the within-family spillover effect. Column (3)

family, Flow™
and (4) report the corresponding results. In both columns, we find a decrease in the response
of fund #’s flow to Flow™. As reported in column (4), for a fund that is not available on the
top platforms, the fund flow is positively related to Flow™. The coefficient is 0.236 (¢-stat

= 3.20). For a fund on the top two platforms, this effect is reduced to 0.036 (=0.236-0.200).
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Overall, the results are consistent with our expectation that the within-family flow spillover

weakens for funds on platforms.

Star Funds from Top Families

So far, we show that investors rely less on family-specific information to evaluate an individual
fund, instead they evaluate each fund in isolation after the emergence of platforms. The
positive spillover effect within family diminishes and flows are highly sensitive to funds’
own performance ranking in the whole fund universe. Given this weakening of connection
between funds and families, we expect families to have lesser control on funds. As a result,
large families have lower incentive and ability to create “star” funds by diverting resources
to these specific funds in the post-platform period.

We find that the presence of “star” funds in large families indeed decreased in the post-
platform period. Panel A of Table [ presents the proportion of funds from large families in
each performance decile rank for the sample before and after the introduction of platforms.
Each quarter end for each style category, we sort all funds into deciles based on the past
12-month return. We then calculate the fraction of funds that belongs to the top ten largest
families (or top five families or top one family) in each decile. In the pre-platform period,
the fraction of large-family funds in the top performance decile is significantly larger than
that in the bottom performance decile. Taking the largest ten families as an example,
large-family funds account for 36.22% of the best-performing funds and only 21.38% of
the worst-performing funds. However, this pattern reversed in the post-platform period.
Large-family funds only account for 18.98% of the best-performing funds, and 23.04% of the
worst-performing funds. The finding is consistent with the interpretation that large families
attract flows through “star” funds in the pre-platform period, but fail to or are less inclined

to apply this strategy in the post-platform era.

Family Entrance onto Platforms

Finally, the rise of platforms could also affect the distribution of family market shares.
Platforms have become one of the leading players in the marketplace for mutual funds.
They help divert flow to better-performing funds in the platform, no matter it big or small,
well-known or invisible. Fund families that embrace the new channel and perform well will
capture a sizable market share, while families that join the platform late or fail to enter the
top performer list will lag behind.

To get a gut feeling of the market landscape, we first examine the change in market
shares for top families. Panel B of Table M exhibits the top ten fund families by market

share before and after the introduction of platforms. The top families’” market shares shrink
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over time. The largest ten families on average account for 45.63% of the industry for the
pre-platform period, while it shrinks to 39.65% in the post-platform period.

Next, we investigate the relation between change in family market share and its entrance
time onto platforms. Figure B plots families’ entering time onto Tiantian and its change
in market share from three years before (2010-2012) to three years (2013-2015) after the

20 We label the largest 15 families and use different colors for

introduction of platforms.
bank- (blue) and broker-affiliated (red) families. At first glance, it seems that big families
and bank-affiliated families enter the platform late. This is consistent with the intuition
that big families, sitting on a big customer base, may overlook the importance of platforms.
Bank-affiliated families often have their own distribution channel and sticky capitals, hence
lack the incentive to join platform early as well™ Moreover, we also observe a negative
relation between the time a fund enters onto the platform and its change in market share.
The fitted line has a slope of -0.129 with a ¢-stat of —2.81. The largest fund family in
our sample is China Asset Management. It joined Tiantian platform late in the December
of 2013 and experienced a decline in its market share during this period. While for early
entrants like Fullgoal and China Universal, they had a positive increase in market share.
The overall evidence is consistent with our interpretation: Families that were rich in

resources tend to overlook the potential of platforms. The slow response of these families to

join platforms contributes to the decline in their market shares in the post-platform period.

5 Alternative Channels and Robustness Tests

In this section, we discuss the alternative channels that potentially can explain our main

results. We also conduct tests to examine the robustness of our findings.

5.1 Self-Selection onto Platforms

One potential alternative channel is that funds self-select to enter platforms and those that
endogenously choose to enter happened to have higher flow-performance sensitivity. Ap-
pendix Table A3 shows the determinants of funds’ and fund families” entrance decisions. We
find that non-bank affiliated funds, fund with low retail ratio, smaller size, and longer history
are more likely to enter platforms early. Those static (or highly persistent) fund character-

istics, however, are unlikely to explain the time-varying flow-performance sensitivity that

20We choose three-year window because all the families enter the platform in the three years after the
policy change. The results are qualitatively the same when using two-year or five-year window.

21We conduct analysis on the determinants of funds’ and families’ entry onto platforms in Appendix Table
A3. The results are consistent with this interpretation.
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increases exactly after a fund enters platform. To further control for fund unobservable
static characteristics, we add fund fixed effect to our baseline specification. The results
are shown in row (1) in Panel A of Table M. With fund fixed effect, we are utilizing the
time-series variation of a fund’s platform exposure to explore the change in flow-performance
relationship. The results remain similar to our baseline specification. After a top-decile fund
enters platform, it attracts a quarterly flow of 18.97%. While the same top-decile fund only
attracts a quarterly flow of 8.23% before it enters platform.

A related concern is that platforms may select certain fund to cover. Knowing that
investors prefer funds with high past returns, platforms may choose to cover top performing
funds first to promote their business during their initial stage of development. However, we
do not find evidence for this concern. According to Appendix Table A3, funds with high
returns by the end of June 2012 are not more likely to be covered by the platform.

The dynamic effect test described in Table B could also help us alleviate the concern
that self-selection drives the change in flow-performance sensitivity. If investors display
stronger performance chasing for those self-selected funds, we shall expect the increase in
flow-performance chasing to occur before a fund’s actual entrance onto platform. However,
Panel B of Table @ shows that this sudden increase in flow-performance relationship happens

only after a fund enters platform.

5.2 Change in Market Condition

Would time-series variation in market condition explain our results? In the pre-platform
sample, funds might be affected by the 2008 global financial crisis. In the post-platform
sample, funds might be affected by the 2015 China stock market crash. In our baseline tests
in Table B and Table B, we report the results for both the long window and short window
around the emergence of platforms. Specifically for the short window that focuses on the
two years before (2011-2012) and two year after (2013-2014) the introduction of platforms,
we still observe this increase in flow-performance sensitivity.

Moreover, we also try to exclude the year of 2015 as a robustness test. Before August
8th, 2015, equity mutual funds are required to hold at least 60% of total assets in stocks.
After the implementation of a new policy in 2015Q3, equity funds are required to hold at
least 80% of total assets in stocks. As a result, a large number of equity funds switched to
mixed funds. Most of the switching were clustered around 2015Q3, accompanied with the
sudden collapse of the Chinese stock market in the second half of 2015. The roller-coaster
2015 experienced huge ups and downs in the stock market, and meantime witnessed over
300 equity funds switching to mixed funds. The row (2) in Panel A of Table [ reports the

estimates by excluding the whole year of 2015 and our results remain similar.
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Finally, to further control for the effect of unknown changes in market condition on
performance chasing, we include year dummies and their interactions with Decile 10;,_; in
the panel regression. The interaction terms between year dummies and Decile 10;,_; will
absorb any changes in flow-performance relation caused by changes in market condition each
year. The result is reported in row (3) of Panel A Table M. The effect from the platforms
still exists after these controls, which suggests that the change in market condition over time

is not the driver of the platform effect in our main result.

5.3 Advertising

Though fund static and persistent characteristics are unlikely to explain the changing flow-
performance relationship, our results could potentially be explained by some time-varying
uncontrolled fund strategies that happened to coincide with the fund’s platform entrance
decision. Advertising is a potential candidate (Jain"and"Wul (2000), Gallaher, Kaniel, and
Starks (2015)). Suppose a fund increases its spending on marketing when it gets into the
top rank, and this happens to be the time that the fund enters platform. Even if platform
has nothing to do with the increased flow, we might still observe a positive correlation
between platform entry and increase in flow-performance sensitivity. Though it is difficult to
completely rule out such alternatives, in Appendix Figure A1, we plot funds’ advertising fees
over time. Funds report sales expenses and operating expenses on a semi-annual basis. If the
increase in flow-performance sensitivity is indeed driven by the change in marketing strategy,
we shall expect the spike in flow-performance sensitivity (Figure B) to coincide with the spike
in funds’ marketing expenses. However, Figure A1 shows that the advertising expense for
bond funds and mixed funds are very smooth over time. Unrelated to the platform entrance,
there is a temporary increase in advertising expense for equity funds around the 2015 market
crash. Overall, there is little evidence that marketing expense is contributing to the increase

in flow-performance sensitivity.

5.4 Change in Morningstar Rating

Another potential candidate for time-varying uncontrolled fund characteristics is Morn-
ingstar rating. If a fund enters platform when it receives a better Morningstar rating, we
might mistakenly contribute the flow attracted through Morningstar rating to platform en-
trance (Del Guercio and Tkad (2008), Ben-David ef all (2019)). Hence, in row (4) of Panel A
Table [, we also control for Morningstar ratings. We include dummy variables Ms5star and
Msdstar, and their interactions with the Platform dummy. Msbstar (Ms4star) equals one if

the fund Morningstar rating is five (four) star, and zero otherwise. The results remain the
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same qualitatively. Controlling for Morningstar ratings, a top-decile fund on the platform

attracts 15.41% quarterly flow, while off-platform it only attracts 7.53% quarterly flow.”

5.5 Fund Strategy and Change in Investor Composition

One may conjecture that the changes in performance chasing is caused by changes in investor
composition. Figure A2 exhibits the average retail ratio of funds in the market. At the
aggregate level, we do not observe a systematic change of investor composition in the market
around the introduction of platforms. Therefore, the change in performance chasing in our
analysis is unlikely to be caused by a systematic increase in retail investors, who might be
more responsive to past performance.

Another potential argument is time-varying fund strategy to change their investor com-
position. If funds with intention to increase their retail ratio are also more likely to join
platforms, and if retail flow is more sensitive to past performance, then this change in fund
strategy can be a confounding factor for our result. However, this conjecture is not supported
in the data. According to our previous analysis, entering platform itself is not associated
with an increase in retail ratio. As shown in column (5) and (6) of Table B, the regression
coefficient of retail ratio on the Platform dummy is insignificant.

Finally, according to Table A3, the past performance of fund is not significantly related
to a fund’s decision to enter platforms. Therefore, our result is not caused by funds with

high recent return choosing to enter platforms to attract retail investor flow.

5.6 Robustness Check under Alternative Settings

We further conduct several tests in Table I and Table I2 to examine the robustness of our
results.

Constant Fund Sample: The number of funds grow gradually during our sample period
(Panel A of Table ). To show that our results are robust with a constant sample of funds, we
require a fund to exist before 2012 to be included in our analysis in this alternative setting.
The result is close to the baseline result, as reported in row (5) of Panel A Table .

Control for Linkages to Banks/Brokerages: According to Figure 0, the number of
banks and brokers with funds distribution license also increased during our sample period.
Moreover, the sales relationship between mutual funds and banks/brokers also increased.
To distinguish the effect of these traditional channels, we further control for the number

of sales relationship between mutual funds and banks/brokers and their interactions with

22Though not reported in the table, the interactions between platform and Morningstar ratings are not
significant, indicating that the performance ranking rather than the Morningstar rating is playing a major
role.
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Decile 10;,; in our analysis. The effect from the platforms still exists after these controls,
as shown in row (6) of Panel A Table [I.

Value-Weighted: Another potential concern is that our results are mainly driven by
small funds. We conduct weighted least squared regressions for our main analysis using the
TNA, ;1 of each fund as the weight for each observation. The results, as reported in row
(7) of Panel A, remain similar to our baseline results.

Using Performance Rank: We replace the top decile dummy with the performance
decile rank, ranging from one to ten, based on the past twelve months performance. In row
(8) of Panel A Table [, the coefficient on the cross term between the performance rank and
the Platform dummy remain significant.

Using the Number of Platforms: In row (9) of Panel A Table [, we replace the
platform; ; dummy with the natural logarithm of the total number of platforms a fund enters,
Log(#Platforms),; ;. The coefficient on the cross term between Decile 10;;; dummy and
Log(#Platforms),, is also significant.

Alternative Performance Horizons: In addition to the Decile 10; ;—; dummy based on
the past twelve months, we also conduct the same analysis for the Decile 10;,_; dummy using
past one, three, six, twenty-four, and thirty-six months. These specifications are consistent
with return horizons used in the ranking list provide by the platforms. Panel B of Table [
reports the panel regression results following the model specification of Panel A of Table @.
The results are qualitatively the same for all return horizons, although the change in flow-
performance sensitivity seems to be more pronounced for the model with past six months
than for other return horizons.

Absolute Performance Ranking: We also conduct the same analyses using absolute
performance ranking instead of relative performance ranking. In particular, for each fund
style and in each quarter, we sort funds into five ranking groups: Top 10, Top 11 to 20, Top
21 to 50, Bottom 100, and others. We create dummy variable for each of the groups. Table
2 presents the corresponding panel regression results with the ranking dummies and cross
terms between the ranking dummies and the Platform;, dummy. “Bottom 100” is omitted
in the regression. The coefficients on the other ranking dummies can be interpreted as the
additional flow for the group relative to “Bottom 100” category. For equity funds, the Top
10 funds attract an extra flow of 15.26% for a fund offline, whereas this number rises to
34.58% for a fund on the top platforms. For Top 11 to 20 equity funds, the additional flows
are 7.23% off-platform and 28.63% on-platform. We find similar pattern for mixed funds,
and the change for bond funds is less pronounced. Overall, the results are consistent with

our baseline results.
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6 Conclusions

The success of the platform economy has transformed the way we live, and the emergence
of platform intermediation of financial products could lead to one of the next disruptions of
the platform economy. Relative to other products and services such as retail goods or taxi
rides, financial products are of unique importance because of their impact on the allocation of
financial capital in the economy. Financial products are also unique in their acute sensitivity
to information and their inherent liquidity, making the intermediation of financial products
difficult to control, especially during adverse market conditions. These considerations, along
with the rapid expansion of technology into financial intermediation in recent years, make
it all the more important for practitioners and policy makers to understand the economic
impact of bringing financial products to the large-scale, tech-driven platforms.

Our paper contributes to this fast growing area by providing, for the first time in the
existing literature, empirical evidences on the profound impact of platform distribution on the
asset management industry. First, we find that distributional efficiency does not necessarily
translate to allocational efficiency. The vast scale and informational efficiency associated with
the platforms have the tendency to synchronize and amplify individual investor behavior.
The amplified performance-chasing documented in our paper is one very important example
of the unintended consequences of the platform economy entering the industry of financial
intermediation. Given that there is no evidence of performance persistence in mutual funds,
neither in the US nor in China, the performance-chasing investors on the platforms are
not using the technological efficiency to help themselves build more efficient investment
portfolios. Second, we also show that improvement in means of connectivity does not equate
improvement in means of production. Indeed, the amplified performance-chasing incentivizes
fund managers to increase risk taking to enhance the probability of getting into the top
rank. Third, by documenting the weakening fund-family ties, we also shed light on how
the traditional organization structures in financial intermediation can be disrupted by the
emergence of the platform economy.

Effective financial practices and regulations build on clear understanding and reliable
data. The empirical evidences documented in this paper serve to better inform the re-
searchers, practitioners and policy makers. In particular, our findings lead us to believe that
platform companies need to move beyond technology and incorporate insights from Finance
and Economics in the designs of their systems — to achieve not only technological efficiency
but also financial efficiency, and to improve not only means of connectivity, but also means
of productivity. For example, whether or not the platforms should be more proactive in
offering financial advices to alleviate the unintended consequences documented in our paper

is a topic of great interest going forward. Relative to the traditional distribution channels,
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platform companies, equipped with superior customer data and advanced analytical technol-
ogy, do have comparative advantages in offering financial services to their customers in the
new era. How to design policies to promote efficient usage of the technological advantages
and avoid unintended consequences presents a challenge as well as an opportunity for the
platform companies. These questions also stress the need for further research in household
finance in the FinTech era, as new technology can lead to fundamental changes in investor
behavior.

Finally, although our paper focuses only on the intermediation of mutual funds, we believe
that our findings could provide broader insights on platform distributions of other financial
products. Indeed, although each type of financial products has its unique design, they share
many common features and concerns, with the risk and return tradeoff functioning as a
common thread. From money market funds to P2P loans, the return and risk characteristics
of financial products expand over a wide spectrum, and the role of platforms can also vary
substantially across these different products. Even in our study of mutual funds, we find
that the platform impact differs between the high return and high risk equity funds and
the low return and low risk bond funds. As the platform economy expands further into the
industry of financial intermediation, we expect our findings to be relevant and instructive to

platform intermediation of the broader collection of financial products.
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Figure 6. Entering Time and Changes in Market Share for Fund Families

This graph shows the entering time of families onto Tiantian platform and the changes in their market
shares. Change in family market share is calculated as the average family market share in the three years
after (2013-2015) the introduction of platforms minus the average market share in the three years before

(2010-2012). The graph includes the largest 50 fund families in our before sample, and we further label the
names of the largest 15 families in the graph.

1.8

Bank-affiliated

Change in Family Market Share
>

1.4|| ® Broker-affiliated
<

Independent
X 10f & rorooal A Share =0.176 — 0.129°* - Time
Q P> IcBC CS (7281)
s
o O0.6f < o
e China Uni | Yin H
& ma.nlversa in Hua (] riarvest
2 02} 4 4 o > o
: Peng Hua
b - i ______ =" > B —
= -0.2f Ron Tong{ | < l
£ g < Hua An
Southern BCM Schroder
Q _ L i
o ~0-6 o0
C GF ChinaAMC
_LC) —-1.0} < EFund ]
Bosera Dacheng
-1.4} () <
-1.8 L L L L L L L L L L L L L L L L L L L L
N O ™~ © O O # N o4 N M S 1N ©~N ® O O 4 N o
O O O O O 4 4 4 O O O O O O O o o +d4 +4 4 O O
sz = £ £ £ £ £ 2 2 22 2 =2 =2 =2 =z =2z =z =z =z =
N N N N N N N N mMm MM M MHM N Mm N M N M N < <
— 4 4 4 4 4 4 4 4 A4 A4 A4 A A A A A4 A A4 A - +
Enter Month

44



6T §T  6°€0LT 96 g9 08 TeLE'T  €9LT g T'TT  §0TG GTe 6102

0¢ 60 V1cL 679 0°¢ 9V~ 66821 8TV'1 67 0L LGL1 8L1 810¢
[ 70 1°6¢4 89¥ Ly 8¢ A iTa 0T0‘1 €¢ 9¢ 0°991 €¢l L10¢
0¢ 0°0- L099 607 87 0¢€- 17606 [qv) 0y GG 08¢ 47 910¢
8¢ Lc 9'1¢ce 80¢ 401 86 ¢09L (4314 8'8 LCl  6'849¢€ 981 G10c
[ 0°¢ V1€l G81 LG [ T'LLY 0Te 99 19 T°L19 9¢€ ¥10¢
0¢ 10 ¢0¢tT Vel Ly e V1es 181 g'¢ 8¢ €699 0L¢ €10¢
€1 8T ¥°06 g8 L'C 0T 9°6¢S 291 €'e g1 6°9€9 0¢c ¢10e
LT L0- 789 [ e G- 7109 941 T'e L'9-  0°0¢L G8T 1102
g1 91 0°6S 0¥ €r g1 8°069 Vel 8¢ €1 018 eVl 0102
V'l 0T 1€ 0¢ [ €¢I 17269 j4q! Vv €VL  €€TL TTT 600¢
V'l 6T L09 91 g 9€l- 088 L6 6°¢ 9°¢l-  €9L€ ¢l 800¢
(33 v 1°€¢ 0T 08 ¥0c 1'89% 08 () L'cc  €€cE qg 200¢

%IUPIS  %PU NNV Spung# %IUPIS %Y NNV Spung# %INUPIS %Y INAV SPung# Iedg

puog POXII\ Aymbgy

Teox Aq ‘A1psnpuy punyg [eninjy Jjo ozI§ 'y [purd

"AToAr3oadsal
‘STOAD] YT PUR %G ‘00T 92 1® 90URIYIUSIS 90U 4y PUR ‘y ¢y "SO1ISTIRIS-] SUIpUOdsor1od o) pue ojdures I93je pue d910Jo( oY} I0J SOIISIIRIS URIUL O}
Ul SEOUDIAPIP oY) JI0dol sUwnN[od omy 4se] oY ], 'suriojyed oY) JO UOIONPOIIUT oY) (LTOZ—ET0T) 199Je SIead oATj pur (g10Z—800g) 210Joq SIedA AT o) I0]
so19sTIRYS AfI9grenb o1[) Jo seSeloar solles-ouwtr) oy) 110del pue ‘Iejrenb Aq Ielrenb s[qerres yoes I0J UOIJRIASD PIepUR)S pue ‘(g)) o[lprenb piry) ‘werpsw
‘(10) omarenb 3s1y ‘uest oy ondwiod apy sjutod o8ejuedoiod Ul pelIodal oIe PuUR SOSSR[D SIRYS PUN JUSISPIP Surjedeidde Aq paje[noes ole 9] uoljduwepal
pue ‘00 wo)dLIOSNS ‘99] JUOTIOSRURWI [RNUUY “S[OAJ] %QG PUR 04z O 1@ MOJJ 9ZLIOSUIM A\ “Iotrenb oty sexopurl 7 jduosqng NG iwﬂhw >\m && NI
se poje[noed ‘Mop A[Iojrenb s punj st MO[] SUpUOW oM} jsed oYy Ul wanjel punj Apyjuowr oerese oy st FHI-Hjoyqy uorydeour s puny e oours
SYJUOW JO I9qUUNU o1} ST 98y ‘puo Iojrenb yoeo je (YN.I) SI0Sse 19U 10 s,punj jo wrjLreso] reingeu o) st (0z1g)307 -ojdwres 1o Ul so[qerrea o)
10] so1)s1pR)s ATewimuns oy} syrodol g pued “A[PA13dadsel ‘spunj puoq pue ‘poxtur ‘A3mbe 10j Ieod yoeo sioyrenb moj ssoroe JurSeroar Aq (9419PiS)

suImj)el A[19)renb punj Jo UOIIRIASD PIRPUR)S [RUOI}09S-SS0I0 ‘Juadtad ul (9490Y) suInjal A[1agrenb punj ‘weni-uol(iq ul (N(V) SIUSWLSeURI I9PUN S)Isse
99e580133e ‘(spun#) spunj onbrun jo roqunu aferose o) 110dal oAy "TeaA Aq IeoA AIISNPUI PUNJ [eNINT PIFRURT-A[OATIOR 1]} JO OZIS 91} SMOYS Y [UR]

so19s17e)S ATewiung ‘T 9[qel,

45



(FEOT)  %xx900 920 <00 200 000  TT0 gro €00 100 000  S00 20f uondwopay

(80°6)  #xx1T0 150 190 90 LT0  FE0 €20 680 €00 000  ¥¢0  99f uoyduosqng

(96°€)  4xx 100 o 0L0 0L0 090 990 900 020 290 090 790  2of puswabvunpy

(s1°0) 18°0 L0GY  LGTT 98¢~ 805 ¥8% 1992 TVEl  g¥g-  €091-  €0% @mopq

(29°1) 82°0 0S50 8.0 ¥50 Ge0 890 920 8¥0  0€0 gro  0€0 ==y

(EE7)  4xx 979 PO'SC €289 88UV 08FE  G9'GS 8T'€C 296G TGOV €T'EE  6T°6F aby
(€22) s« ¥T0- €T ¢0Te  900c 9061 10°0% 06T 0816 G605  G&6L  S50T (oz1)bo7  puog
(9€9)  4xx 200 ¢e0  L€0 P10 €10 0€0 €00 280 €10 €10 €60 90f uondwopay

(€1'97)  4x50°0- ¥e0 611 AN 86'0 10T G0 1€T eIl 00T €T 99f uoyduosqng

(99°€-)  4x€0°0- 8T'0 091 09'T 6VT  erT €10 09T 09T 05T L¥T  99f puowabivunpy

(¥2°0) 0£°0- 0L1€  oFe- €99-  8¥el- I8 ILIT 690-  69¢ 000G ¥OI- mopq

(0e'1) 06°0 860 S8 €01 G0 €1 ¢80 T80  Te0  8T0- €80 ==y

(66'9)  xxx€T8T 69'8¢  SETVIT  898L  8ELV  6V'I8 CeIe GE6L 0099 8€'SF  9T'€9 aby
(€8°6-)  wxx 201" PT L9Te 080 1961 8S0T 06T 192 F¥61¢  S0Te  S91G (oz15)bo7  poxIN
(79€) s ¥TO ee0  G€0 62°0 80 0€0 020 €10 €10 ¢ro 910 20f uonduwopay

(€6'€7) 4% T0°0- P00 LT 0T'T 10T 601 ero  9TT 0Tl SOT 0T 99f uoyduosqng

(67°€7) 446070 ¢To 091 09'T 05T 9F'T 900 09T 09T 06T 6V'T  99f puswabvunpy

(¢21) L6°T 96'1¢  ¥I'0  ¢cl  IVEL- S0~ 60T T0'0  69%-  8¥'9-  I¥C- mopq

(ev'1) 60°T 80T 90 ev'l 180 €1 L90  LL0  G€0  0T°0-  FE0 ==y
(28°07) 96'T- 8¢'9¢  €0°0L  €T6F  9§GE  99°GS SrIE OLTL  €ELY  80TFE  TCLS aby
(F90T-)  4sx 69T 9T 98Te  980c  LT6T  ST0T LOT  ¢9Te  €6Tc  SEIC P8IC (oz15)bo7  Aymby
Fels-7 sy IS €D wepeN 1D uedly PIS €D wempeN 1D wedly

QOUAIYI(T PPV a10Jog

$O19819R)G ATRTUIUNG "¢ [oURJ

46



60 L0°0 70°0 €00 200 200 20’0 €00 50°0 8¢°0 WY -
80°0 S0°0 €0°0 €0'0 200 200 20’0 €0°0 $0°0 60°0 a105o¢]

el 96°0 8.0 99'0 8¢°0 0S°0 €r'0 6’0 &4 €2°0- PUY

LU0 8G°0 870 70 ¥E0 92°0 61°0 11°0 0’0 e1°0- o10j0g

G9°9p 80°€y v6°GY 08'6€ 09°0% v6' TV T8LE c0'ey £9°¢h 01’8y 117V nowpis  puog
it tealte 98'€T LL'TE 9.°€C 11°02 €6°2C 99°€2 61°1E IR 7 o10j0g

(e1°2) (161) (821 (690)  (0g0)  (0z0-)  (gg0-)  (s¢00)  (1T°0) (e1'1)

1201 26’8 ¥6°L A 88'1- 10T 871 e ¢g0 0G°G Yy oy

(08°1) (880)  (ev0) (2o (¢r0o)  (¥o-)  (ogT)  (010)  (2€0) (65°0-)

7°¢T 059 e1'g c6'1 7G0 €6°C- 0g'e- 1¢°0 L0°E ¢T'T- o10j0g

10 €1°0 80°0 L0°0 90°0 L0°0 L0°0 80°0 ¥1°0 280 117V —

70 P1°0 80°0 90°0 900 90°0 90°0 L0°0 11°0 Sv0 o10j0g

96°C 61°C 6l 161 pe'1 eIl 06°0 ¥9°0 120 €60~ A

P81 91’1 80 09°0 070 12°0 €00 81°0- 9%°0- 01T~ o1030g

v 68 97°1¢ 0762 0L°9¢ 9¢°6C ST eve AL ¥9°6g LVVE Yy noLPIS  poxti
8071 0v'sT cr'6 96'S 9¢'9 96°9 06°L 2L 6L°G €G Tl a105og] :

(617) (1o  (101-)  (62€)  (s1e)  (8Le)  (9ge)  (ere)  (@Ev) (0£°0)

16 82°0 L0°C- 107~ L67- z0°g- 8LF- 267~ ST~ 61 Y wmopg

(66°0) (o)  (1re)  (egr)  (99¢)  (gev)  (1871)  (e0e)  (g¥%) (e1'1°)

21 781 €6'1- .- 10°¢- 96°¢- 50°z- ¥0°¢- or°e- €L T- o1030g

870 ¢T'0 60°0 80°0 L0°0 L0°0 L0°0 60°0 LT°0 69°0 Yy -

0€°0 60°0 90°0 900 00 50°0 900 L0°0 60°0 ze0 o1030g

1e°¢ €8T L0°C 8LT el 11 70'T 6.0 70 86°0- A T

671 101 810 09°0 €70 92°0 600 1T0- 9¢°0- 98°0- o1030g

81°6¢ 19°9¢ €eve V6°L1 90'7¢ VG'LT 8€'€T 1971 0g'cT R LYY nowpis b
geer 2ovT €zl €0'8 88°6 VL 44 cr'8 'S 00°2 o10j0g :

(L¥p) (1ge)  (og0)  (882) (1e0)  (190) (101)  (82°¢)  (e7%) (0£°g)

G9'61 7801 €L0 9L~ 6g'g- €8'1- 1€°€- 206-  680I- 79'¢- 1YY oy

(re'1) weo)  (61-)  (Le)  (eee) (8ey) (g6 (eoe)  (L9ed) (L¥¢)

88’1 750 ¢pe- 1872 v0'e- 09°€- 8L€- ¥qH- 9T°¢- 81°¢- o10j0g

(UUIA) OT O[O 6 O[Ped  YOMWAC  LO[PR 9 o[wed G OMPR( T o[wed g o[we( g ofmed  (10s07) T e[we

'sunzogyerd jo worpnponut 9 (L10¢-€103) 1PYe pue (105-800) 2105q
ojdures IeoA-0Al o1[}) 10J soSrIoAR soLIes-ouwil) o) J10dol pue Ierrenb Aq 1ojrenb sorsiye)s o) 9gnduIod 9p “9[I0eP soueuLIojIod yoes I0] (29Yp1s) SuIngal
JO UOIJRIADD PIBPURIS [BUOIJIVS-SSOI0 PUR (MO]IPIS) SMOY JO UOIIRIASD pIepue)s [Buor3oos-ssom ((F—+T1—Hjonqpy) wmnger yyuow-z] jsed oSerose ‘(moyy)
Mo oBeroae Ap1ejrenb oyy ondwoo woyy op\ (FHTHjoyqpy) wmjer yyuow-z  jsed oyj UO POSB( SO[IOP OJUI SPUN [[B 1108 oM ‘A10803e0 9[£)S (RS 10§

pue 103renb yoes 4y ‘suwirojje[d Jo UOIJONPOIJUI S} IoYJe PUE 210Joq ‘O[ep sdueULIOjIad [Des I0] UINjel pue MO[ punj ofeiase o) siiodel o[qe} SIYJ,

S[IJ9(J 9OURULIOJISJ UOvH{ Ul SUIN}9Y pue SMo[q punyj g 9[qel

47



G90°0 YET'0 L20°0 6L0°0 990°0 €eT0 $90°0 12070 A
6£L°8 €98°T 928G 0007 oI7'9% 999 176'C1 G0L'9 SUOIYRAIIS( ()
A N N N A N N N o 91418
A A A A A A A A H PWL],
(€0'1-) (69°0-) (6L°0°) (¥1°0-) (69°2) (56°0-) (16°2) #11)
ee0'1- 66LC- G6°0- 162°0- #xxV6C°C L10°G- #xx9GT°€ PLS'T 00, wonduopayy
(66°0-) (80°1-) (90°0-) (L0'1-) (6L1-) (09'2-) (gL°0-) (6L°0°)
86€°1- ¢9g°¢- ot 0- 886" #0802 40869~ 9VO°T- ¥99'¢- 094 uondiosqng
#0°1) (86°0) (€6°1) (1€°0) (€9°0) (98°2) (65°2) (¢L70)
Tee'e g6°c +E86°€ €60°C- 6S0'T  4sxCCT'OT-  4xsxlOET  TOS'G- 99 jusumeSeuryy
(96°9) (927%) (57°g) (¥ee) (0g7) (68°2) (ev'1) (62°¢)
#5xl80°0 459800 448900 4xxG0T°0 #xxT€00 44x080°0 ¢10°0 #xxL90°0 1=Imorq
(¢Lg) (8L72) (18°¢) (zzT) (eT2) (¥8°0) (19°¢) (LL°0)
£54998°E  1xa808°C  4a€QGT'E 440GT'C #6801 AR #x+G08°C 8LG°0- (a8v)So1
(£9°6-) (¢L9-) (Le¢) (11°9) (86°02-) (60°2T-) (8T'71-) (61°6)
#xx90G°C  5xx998 T 4xxEG9° T~ 4xx6L0°C #xx99C T 5k VIT' 9 4xx086'C  %xx800°€- (oz15)S0T
(6L€) (ze0) (LT2) (1€°¢) (zLQ) (19'1-) (e2°9) (Lv7)
w06 L6TT #xCCGL  4xx9L6°0T #kxGOL'S €TT'8"  wsaVSVCT  4xxPCI'ET YV X0TO[0RQ
(28°€) (97°2) (6L71) (89°¢) (z8°9) (91°7%) (cLT) (217)
eaCEV' G .k GTETT 46T9°C  4xsl66F £54088°G  1xa80G°8T  44481C°E  4xxE6LTF 01199
(8) (2) (9) (g) ) (€) (c) (1)
v puog POXIN Aymbgg v puog POXI Aymbgg
[&al [e'g]

PU® ‘., ‘4 [OAS] PUNJ 9T} JB PAIYSN[D IR SIOLID pIepue)q (g) pue () UWN[0d UT 107309 SO[AYS puny [T [00d om UM S$)09JJ0 POXT OA)S OPN[OUT ITIINJ
pue ‘suorjeoyroads o1} [[® UI S100j0 POXIJ oW} 9pNoul oA\ “suriojye[d Jo UoronpoIul o) (FT0g-£107) 04e siead om) pue (gT0-110g) 9I0Joq SIeak om)
o1} 03 Mmopulm o1} YuLys (8) 03 (¢) summnjo) -surrojreld jo uorponponul oY) (L10Z-€10g) 108 sIeak oAy pur (Z1(0Z—K00¢) 9I0Joq SIeoA oAl oy Jursn
suotjet1yse oy 110dal () og (1) summnio)) -oejusdtod ut seof uorydwopal pue ‘soo] uoydLIosqns ‘soj JUOWIOSRURU [eNUUR SPN[OUT $99,] T — 7 Iojrenb je
uor1dedur pumny 99Ul SYIUOW JO ISQUINU Y} Jo wytreSo] reanjeu oy st L—+%(a8y)So T — 7 1931enb Jo pus 9] 18 YN, SPUNJ JO WIYILILSO] [eINYeU Y} SI
1—#(321G)S0rT *S109}j0 PaXY SWIIY JO 9SNEBIDC PACIOSqe ST AWWNP #I10Y Y Y], "1y pue [—#!(T 9]109(] U9MID( ULIS) UOIIIRISIUL UR SPN[OUL SA\ "OSIMISYIO
0I9Z puR ‘€T()g IeoA Iojje pur ul siojrenb oy) 10J suo srenbs jey) Awmunp ® st L9y dnoid o[A3s s91 Ul T — 7 I9jrenb Jo pus o) 09 dn wInjal YIuow-g |
o1} uo poseq owap soueuriojed doy o) 0y sSuo[eq 2 punj jr ouo s[enbo jeyy Auwrwmp e St T-H?)T O[09(] ‘7 199Ienb I0] MO S,2 punj St #*mo[] oIoym

"A[OA1100dSaT ‘S[OAD] YT PUR G ‘00T OUI J® 9OURDIYIUSIS dI0UID 44y

C3fg + HINAWMOMQQOO . Q.\N + ﬁ@ﬁ< X Hlﬁ.so._ﬂwﬂowﬁ_” . NQ + Hlﬁ.so.mwmowﬁ_” . HQ + 0= ﬂ.sgoﬁm

:ST worgeoyIdads epowt oy ], 'suriojjye[d Jo UOIIONPOIIUI 1) I9)Je Pur 210Joq o[dures o1} I0] SOULISPIP AJTATIISUSS 9OURULIOJIOd-MO]] 1) SOUTUIRXS d[(e} SIY T,

suriojje[J JO UOIINPOIJUT 9y} IO}y PUE 2I10Jo¢ ‘AJIAINISUSS IOUBWLIONIDJ-MO[] "€ 9[eL

48



Table 4. Flow-Performance Sensitivity and Staggered Entrance onto Platform

This table examines the flow-performance sensitivity utilizing the staggered entrance of funds onto platforms.
In Panel A, the model specification is:

Flow; + = o+ 1 - Decilel0; ;1 + 2 - Platform; ; + 83 - Decilel0; ;1 x Platform, , + Z V5 - Controlit_1 +eit,
J

where Flow; ; is fund i’s flow for quarter ¢. Decile 10;;—1 is a dummy that equals one if fund i belongs
to the top performance decile based on the 12-month cumulative return up to the end of quarter ¢t — 1
in its style group, and zero otherwise. Platform;; is a dummy that equals one if fund ¢ is available for
sale as of the beginning of quarter ¢ through the two major platforms: Ant Financial and Tiantian. We
control for Log(Size); ;—1, the natural logarithm of funds TNA at the end of quarter ¢t — 1, Log(Age); +—1, the
natural logarithm of the number of months since fund inception at quarter ¢t — 1, and fund management fees,
subscription fees, and redemption fees in all specifications. We report the estimations using the long window
and short window. The long window includes five years before (2008-2012) and five years after (2013-2017)
the introduction of platforms. The short window includes two years before (2011-2012) and two years after
(2013-2014). We include time fixed effects for all the specifications, and further include style fixed effects as
indicated. Standard errors are clustered at the fund level. *, ** and *** denote significance at the 10%, 5%
and 1% levels, respectively.

A. Staggered Entrance onto Platforms

[-5,5] [-2,2]
Equity Mixed Bond All Equity Mixed Bond All
1 2 3) (4) (5) (6) (7 8)
Decilel0 6.985%** 6.127%** 14.383***  8.132%+* 7.606%* 4.555%** 8.422%%* 6.742%%*
(6.03) (4.71) (4.79) (8.32) (5.67) (3.16) (2.92) (6.57)
Decilel0xPlatform  16.964***  11.399*** -5.101 7.966%F* 18.158***  15.625%**  22.710**  18.850***
(3.75) (5.34) (-1.26) (4.72) (2.61) (2.74) (1.98) (4.16)
Platform -3.097 1.759 1.432 -0.702 -4.915 0.98 10.187** 0.895
(-1.07) (1.29) (0.67) (-0.63) (-1.18) (0.24) (2.08) (0.34)
Log(Size) S2.987FFF  _3.949%**  _G6.073%¥**  _4.260*** -2.046%FF  _1.536%**  _4.663***  -2.488***
(-917)  (-1421)  (-11.96)  (-21.06) (-5.13) (-5.35) (-6.48) (-9.64)
Log(Age) -0.513 1.715%** 0.867 1.019** 2.343%* 3.089%** 3.124* 3.712%%*
(-0.72) (2.62) (0.63) (2.10) (2.53) (3.78) (1.71) (5.82)
Flow,_4 0.065%** 0.014 0.030*** 0.031%** 0.104%** 0.067** 0.085%** 0.086***
(3.23) (1.35) (2.87) (4.51) (3.52) (2.46) (4.29) (5.89)
Management Fee -5.901 3.837%* -16.326%** 1.16 -2.339 3.617 1.349 3.061
(-0.74) (2.26) (-2.87) (0.68) (-0.33) (1.59) (0.14) (0.95)
Subscription Fee -2.957 -0.927 -6.918** -1.991%* -4.063 -0.14 -3.583 -1.371
(-0.89) (-0.67) (-2.58) (-1.72) (-1.14) (-0.09) (-1.07) (-0.98)
Redemption Fee 1.704 3.193%** -2.023 2.259%** -0.202 -1.11 -2.534 -1.054
(1.05) (2.88) (-0.97) (2.65) (-0.13) (-0.91) (-0.62) (-1.02)
Time FE Y Y Y Y Y Y Y Y
Style FE N N N Y N N N Y
Observations 6,705 12,941 6,766 26,412 4,000 2,876 1,863 8,739
R? 0.079 0.065 0.123 0.066 0.084 0.086 0.144 0.071
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In Panel B, we examine the dynamic effect of entering platforms on the flow-performance relationship around
the quarter when a fund is added to the two major platforms. The model specification is:

Flow; ; = o+ 1 - Decilel0; ;1 + B2 - Platform(q = —1); ; + 3 - Platform(q = 0); ¢ + 84 - Platform(q = 1), ,
+ B5 - Platform(q > 2);, + 6 - Decilel0; ;1 x Platform(q = —1);, + 7 - Decilel0; ;1 x Platform(q = 0); ¢

+ s - Decilel0; ;1 x Platform(q = 1); ¢ + B9 - Decilel0; ;1 x Platform(q > 2); , + Z E Control{yt_1 +eie,
J

where Platform(q = 0);; is a dummy that equals one for the quarter when fund 7 is first available for sale
through the two platforms. Platform(¢ = —1);, is a dummy variable that equals one for the first quarter
before fund 4 enters platforms. Platform(q = 1);; is defined similarly. Platform(q > 2) equals one for the
second quarter after inclusion and for the subsequent quarters. The omitted group is ¢ < —2. We include
Platform(¢ = —1);, Platform(¢ = 1);, Platform(q > 2), and their interactions with Decile 10;;_1 to

examine the dynamic impact. The sample and control variables are the same as those in Panel A.

B. Dynamic Effect of Entrance

[-5,5] [-2,2]
Equity Mixed Bond All Equity Mixed Bond All
1 2 3) (4) (5) (6) (7) (8)
Decilel0 6.697F** 5.184%%%  16.816%**  8.178%** T.398FFF 4 441¥HF 9.921%FF  6.694FFF
(5.66) (4.50) (5.25) (8.30) (5.71) (3.19) (3.33) (6.55)
Platform(q=-1)xDecile10 4.168 6.587 -13.883 0.092 4.003 1.383 -10.281 0.925
(0.78) (1.20) (-1.62) (0.02) (0.62) (0.23)  (-1.08) (0.22)
Platform(q=0) x Decile10 4.413 17.526%*%*%  -15.121* 5.132 0.41 14.045* -2.505 4.272
(0.66) (2.76) (-1.79) (1.26) (0.05) (1.84)  (-0.28) (0.85)
Platform(q=1) x Decile10 21.691°** 13.389* -0.467 13.027** 24.505%*  14.440%* 17.615 20.317**
(2.22) (1.77) (-0.04) (2.43) (2.01) (1.82) (0.73) (2.58)
Platform(q>2) xDecilel0  20.832***  11.792%** -7.138 7.933%** 32.659%*  19.412*%  61.534**  34.880***
(3.36) (5.45) (-1.55) (4.24) (2.28) (1.71) (2.29) (3.53)
Platform(q=-1) 0.08 -0.492 3.132 2.368 2.367 0.406 -0.877 0.523
(0.02) (-0.19) (0.72) (1.19) (0.56) (0.11) (-0.15) (0.19)
Platform(q=0) 1.07 0.473 3.879 2.502 3.669 2.886 3.768 3.383
(0.27) (0.21) (1.01) (1.39) (0.67) (0.61) (0.66) (1.09)
Platform(q=1) -0.128 3.425 5.169 3.774%* -3.466 0.378 18.536** 4.543
(-0.03) (1.46) (1.44) (2.04) (-0.56) (0.07) (2.37) (1.20)
Platform(q>2) -6.43 1.649 1.129 -1.455 -20.500%* -2.737 8.228 -7.226
(-1.50) (1.03) (0.47) (-1.12) (-2.41) (-0.43) (0.91) (-1.50)
Controls Y Y Y Y Y Y Y Y
Time FE Y Y Y Y Y Y Y Y
Style FE N N N Y N N N Y
Observations 6,705 12,941 6,766 26,412 4,000 2,876 1,863 8,739
R? 0.083 0.065 0.124 0.067 0.101 0.087 0.159 0.078
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Table 6. The Impact on Investor Composition Change

This table reports the investor composition change after a fund enters onto platforms. Log(#Holders) is
the natural logarithm of the number of investors that hold the fund. Log(HolderDollarValue) is the natural
logarithm of the average dollar value held by an investor of a fund. RetailRatio (%) is the fraction of a
fund held by individual investors. We merge the semi-annual investor composition data in each June and
December with the control variables in the closest previous quarter: Platform,, is a dummy that equals
one if a fund is available for sale at Ant Financial and Tiantian in quarter ¢ — 1 (e.g., March when the
investor composition data is in June). Decile 10; ;1 is a dummy that equals one if fund i belongs to the
top performance decile based on the 12-month return up to the end of quarter ¢ — 1. We further control for
fund’s Log(Size), Log(Age), Flow, and Fees in quarter ¢ — 1. Time fixed effects and fund fixed effects are
included. Standard errors are clustered at the fund level. *, ** and *** denote significance at the 10%, 5%
and 1% levels, respectively. The sample is from 2008 through 2017.

Log(#Holders) Log(HolderDollarValue) RetailRatio (%)
(1) 2) 3) (4) (5) (6)
Platform -0.008 -0.036 0.042 0.065* -0.006 -0.373
(-025)  (-1.24) (1.16) (1.78) (-0.01) (-0.39)
Decile10 -0.079%*** 0.147%%%* -3.824***
(-2.88) (6.27) (-4.10)
Decile10x Platform 0.371%%* -0.259%** 3.626%**
(8.76) (-6.17) (2.80)
Log(Size) 0.408***  0.396***  (.387*** 0.392%+% -9.722% KK 9 723HAK
(19.54)  (19.24)  (17.87) (18.00) (-18.75)  (-18.56)
Log(Age) 0.585%**  0.574***  _0.513***  -0.506%** -1.632 -1.711
(9.82) (9.76) (-9.04) (-8.98) (-0.78) (-0.83)
Flow;_ -0.050%**  _0.0657**F*F  (0.172%** 0.172%%* -3.014%** -2.925%**
(-4.08)  (-479)  (10.84) (10.93) (-7.49) (-7.30)
Management Fee 0.734%*%%  0.707*%*  -0.465%* -0.460** 7.891 8.069
(3.98) (3.89) (-2.28) (-2.27) (1.45) (1.49)
Subscription Fee -0.444* -0.435% 0.349 0.345 -24.830%**  _24,792%**
(-1.94)  (-1.93) (1.17) (1.16) (-4.49) (-4.48)
Redemption Fee 0.516***  0.534%*F* Q. 707***  -(.713%*** 16.689***  16.661***
(2.79) (2.99) (-2.69) (-2.75) (2.98) (2.99)
Time FE Y Y Y Y Y Y
Fund FE Y Y Y Y Y Y
Observations 13,427 13,427 13,427 13,427 13,427 13,427
R? 0.955 0.956 0.853 0.853 0.786 0.786

53



Table 7. The Impact on Managerial Risk Taking

This table shows the managerial risk taking behavior when a fund gets into the top performance decile. The
model specification is as follows:

Std; t 4k = ok + ﬁf - Decilel0; ;1 x After; + Bé’“ - Decilel0; ;1 + Z %’-“Controlit_l + itk
J

where Std; 1 is fund 4’s daily return standard deviation in quarter ¢ + k. Decile 10;;—; is a dummy that
equals one if fund 7 belongs to the top performance decile based on the 12-month return up to the end of
quarter t—1. After; is a dummy variable that equals one for the sample in and after 2013. Panel A reports the
panel regression estimates with fund total volatility as the dependent variable. We further decompose total
volatility into systematic volatility and idiosyncratic volatility based on a two-factor model (an aggregate
stock market factor and an aggregate bond factor). We replace the total volatility in the regression with
systematic/idiosyncratic volatility, and report the results in Panel B and C, respectively. The sample period
is from 2008 through 2017. We include controls of quarter ¢ — 1 end fund’s Log(Size), Log(Age), Flow, and
Fees. Time fixed effects and fund fixed effects are included for all the specifications. Standard errors are
double clustered at fund and time levels. Only the coefficient estimates for Decile 10; ;—; and its interaction
with After; are reported. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively.

A. Total Volatility

k=-3 k=-2 k=-1 k=0 k=1 k=2 k=3

Decile 10xAfter ~ 0.082%%  0.105%%*  0.109%**  0.070**  0.017  -0.009  -0.017
(2.39) (3.32) (3.26) (2.44) (0.93)  (-0.40) (-0.78)
Decile 10 -0.008  -0.022  -0.018 0013 0.022% 0027  0.026
(-0.32)  (-0.86)  (-0.74)  (0.61) (1.70)  (1.49)  (1.41)

B. Systematic Volatility

k=-3 k=-2 k=-1 k=0 k= k= k=
Decile 10xAfter ~ 0.049  0.067**  0.077%*  0.057* 0.01 -0.006  -0.014

(1.43) (2.12) (2.30) (1.82) (0.59)  (-0.24)  (-0.70)
Decile 10 20.023  -0.044  -0.043*  -0.007 0.004 001  0.012

(-0.88)  (-1.61)  (-1.71)  (-0.33)  (0.38)  (0.57)  (0.72)

C. Idiosyncratic Volatility

k=-3 k=-2 k=-1 k=0 k=1 k=2 k=3

Decile 10xAfter  0.037%%  0.046**  0.036*  0.019 0.001  -0.015  -0.006
(2.18)  (251)  (1.84)  (1.00)  (0.09)  (-0.79) (-0.34)
Decile 10 0.040%%%  0.051%%%  0.058%%F  0.050%*%  0.040%% 0.037%%  0.025

(345)  (4.26) (4.95)  (4.37) (4.56)  (248)  (1.52)
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Table 8. Within-Family Ranking

This table reports the panel regression estimates for the sensitivity of fund flow to past performance ranking,
both within fund families and across fund families. We include funds in families with at least five funds and
require the families to exist at least three years before the introduction of platforms. We follow similar
model specification as in Panel A of Table 4. Decile 10; ;1 represents the performance ranking in the whole
fund universe. It is a dummy that equals one if fund ¢ belongs to the top performance decile based on the
12-month return up to the end of quarter ¢t — 1. FamilyRank is the past 12-month-return quintile rank among
the funds in the same fund family. Platform;; is a dummy that equals one if a fund is available for sale
through the major two platforms: Ant Financial and Tiantian. We include controls of quarter ¢ — 1 end
fund’s Log(Size), Log(Age), Flow, and Fees. Time fixed effects, family fixed effects, and style fixed effects
are included for all the specifications. Standard errors are clustered at fund level. * ** and *** denote
significance at the 10%, 5% and 1% levels, respectively.

Dep. Var.: Next Quarter Flow
(1) (2) (3)

FamilyRank 1.583%** 1.122%**
(6.86) (4.60)

Decilel0 T.T84FF* 5 QKH*
(7.01) (5.10)

FamilyRank x Platform -0.277 -1.033**
(-0.70) (-2.54)

Decilel0 x Platform 8.213***  9.853***
(4.30) (4.93)
Platform -0.697 -1.905 -0.086
(:0.44)  (-1.46)  (-0.05)

Log(Size) -5.238*** 5 JTRFK* 5 70K
(-21.62)  (-22.00)  (-22.12)

Log(Age) 1.042%0% 29310k 9 o47Rx
(3.59) (4.23) (4.23)

Flow;_1 0.041***  0.035%**  (.035%**
(5.41) (4.64) (4.61)
Management Fee 3.430%* 2.054 2.133
(1.97) (1.16) (1.21)

Subscription Fee -2.087* -2.217* -2.046*
((1.70)  (-1.83)  (-1.68)

Redemption Fee 2.547** 2.623%** 2. 7Q7HFF*
(2.57) (2.71) (2.76)

Time FE, Style FE, Family FE Y Y Y

Observations 22,268 22,268 22,268
R? 0.067 0.074 0.074
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Table 9. Within-Family Flow Correlation

This table shows the contemporaneous relation between fund flow and family flow. We include funds in
families with at least five funds and require the families to exist at least three years before the introduction
of platforms. We use two proxies for fund i’s family flow: MaxFlow and Flow ‘. Columns (1) and (2) show
the results using MaxFlow, defined as the maximum fund flow within fund ¢’s family in a particular quarter.
We exclude the funds with the maximum flows from the sample to avoid mechanical relationship. Columns
(3) and (4) show the results using Flow ¢, defined as the value-weighted flow in fund i’s family, excluding
fund 1 itself. We follow similar model specification as in Panel A of Table 4. Decilel0; ;—; is a dummy that
equals one if fund ¢ belongs to the top performance decile based on the twelve-month cumulative return up
to the end of quarter ¢ — 1. The performance deciles are formed within each fund style. Platform; . is a
dummy that equals one if a fund is available for sale through the major two platforms: Ant Financial and
Tiantian. We include controls of quarter ¢ — 1 end fund’s Log(Size), Log(Age), Flow, and Fees. Time fixed
effects, family fixed effects, and style fixed effects are included for all the specifications. Standard errors are

clustered at fund level. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively.

Dep. Var.: Current Quarter Flow

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

MaxFlow 0.007**%*  0.007***
(4.24) (4.26)
MaxFlow x Platform -0.004**  -0.004**
(-2.53) (-2.54)
Flow—* 0.246***  (0.236%**
(3.30) (3.20)
Flow~?xPlatform -0.202**  -0.200**
(-2.33)  (-2.31)
Decilel0 5.694%** 8.516%**
(5.29) (6.02)
Decile10 x Platform 6.173%** 5.917%%*
(3.67) (2.86)
Platform 1.837 1.212 -3.596** -4.205%*
(1.61) (1.05) (-2.11) (-2.47)
Log(Size) -2.693%FF 2 837HFFK 5. 596%*FF  _5.768***
(-13.91)  (-14.72)  (-18.33)  (-18.97)
Log(Age) 2.035%** 2.407*** 2.654%** 3.128%**
(4.50) (5.35) (4.18) (4.96)
Flow,;_1 0.027***  0.022%**  (0.042*%**  (0.035%**
(4.18) (3.36) (5.00) (4.15)
Management Fee 5.696***  4.613***  3.757F* 2.395
(3.99) (3.24) (2.12) (1.33)
Subscription Fee -1.76 -1.694 -1.412 -1.302
(-163)  (-1.58)  (-0.99)  (-0.91)
Redemption Fee 1.151 1.471* 1.853* 2.255%*
(1.38) (1.77) (1.87) (2.31)
Time FE, Style FE, Family FE Y Y Y Y
Observations 921,295 21,295 22268 22,268
R? 0.057 0.065 0.064 0.07
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Table 11. Alternative Specifications

This table shows various robustness tests. We follow the same specification as in Panel A of Table 4. The
sample period is from 2008 through 2017. Panel A shows the panel regression estimations under alternative
specifications. In model (1), we include fund fixed effects, and double cluster the standard errors at fund
and time level. In model (2), we report the regression estimates by excluding the whole year of 2015. In
model (3), we create a dummy variable for each year, DYear(t = k), that equals one for year k and zero
otherwise. We control for DYear(t = k) and Decile 10;,_1 xDYear(t = k). In model (4), we control for
morningstar ratings. We include dummy variable Msbstar and Msdstar, and their interactions with the
Platform dummy. Msbstar (Msdstar) equals one if the fund morningstar rating is five (four) star, and zero
otherwise. In model (5), we restrict the sample to funds with inception year before 2012. In model (6),
we control for Log(#Bank); ;1 and Log(#Brokers); :—1, and the interactions between them and the Decile
10, ;—1 dummy. Log(#Bank),, 1 is the natural logarithm of the number of banks a fund is available for
sale at quarter ¢ — 1, and Log(#Brokers); ;1 is defined similarly. In model (7), we estimate weighted least
squared regressions, using the TNA; ;_; of each fund as the weight for each observation. In model (8), we
replace the Decile 10; ;—; dummy with the performance decile rank variable that ranges from one to ten.
In model (9), we replace the Platform;; dummy with the natural logarithm of the number of platforms
that a fund is available for purchase in quarter ¢ — 1. Panel B shows the sensitivity of flow to past returns
at different horizons. We replace past 12-month return Decile 10; ;—; dummy with Decile 10; ;—; dummies
based on past 1, 3, 6, 24, and 36 months returns, respectively. *, ** and *** denote significance at the 10%,
5% and 1% levels, respectively.

A. Alternative Specifications

Decilel0xPlatform  Decile10 N R?

(1). Fund Fixed Effects 10.742%** 8.231%%* 26,412 0.176
(6.29) (6.01)

(2). Exclude 2015 8.377H** 10.610%%* 22,708  0.069
(8.87) (6.08)

(3). Control Dummies of YearxDecile 10 6.598** 12.905%** 26,412  0.067
(2.13) (4.32)

(4). Control for MorningStar 5 & 4 ratings 7.889%** 7.525%F% 26,412 0.067
(4.70) (7.58)

(5). Inception < 2012 8.493%** 6.485%** 18,925 0.058
(4.42) (7.64)

(6). Control Bank & Broker 7.841%%* 5.210%* 26,412  0.067
(3.45) (2.01)

(7). Value-Weighted 8.584%** 3.512%¥% 26,412 0.222
(5.47) (3.59)

(8). Replace Decile 10 with Rankjay, 0.579%** 0.881%%* 26,412 0.064
(3.43) (9.25)

(9). Replace Platform with Log(#Platforms) 4.4447%%* 4.876%FF 26,412  0.177
(7.76) (3.11)

B. Different Past Return Horizons

Past 1 Month Past 3 Months Past 6 Months Past 12 Months Past 24 Months Past 36 Months

1 2 ®3) (4) (5) (6)
Decilel0 5.507%** 6.441%** 8.058%** 8.132%** 4.466%** 4. 747
(5.06) (6.38) (7.88) (8.32) (5.34) (5.03)
Decile10x Platform 4.233%* 6.751%** 12.171%%* 7.966*** 4.409%** 4.310%*
(2.40) (3.93) (6.79) (4.72) (2.75) (2.57)
Controls, Time FE Y Y Y Y Y Y
Obs. 26,412 26,412 26,412 26,412 26,412 26,412
R? 0.060 0.063 0.071 0.066 0.059 0.059
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Table 12. Absolute Performance Ranking

This table shows the panel regressions of quarterly percentage flow on past 12-month absolute performance
ranking (similar to Panel A of Table 4). To mimic investors’ choice set, we estimate the regressions using all
fund units, without aggregating different share classes to the fund level. We divide all fund units in the same
style into five ranking groups: Top 10, Top 11-20, Top 21-50, Bottom 100, and others. We then create dummy
variables that equal to one if a fund’s past 12-month performance falls into the ranking category, and zero
otherwise. We regress quarterly flow on last quarter end fund absolute performance rank dummies, platform;
dummy, and the interactions between the two. Group “Bottom 100” is omitted because of multicollinearity.
We include as controls last quarter end fund Log(Size), Log(Age), Flow, and Fees. Standard errors are
clustered at the fund level. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively.

Dep. Var.: Next Quarter Flow

Equity Mixed Bond All
Top 10xPlatform 19.319%F*%  30.088*** 10.006 19.0377#**
(3.26) (3.98) (0.96) (4.34)
Top 11-20xPlatform  21.403***  10.703* 0.965 10.613%**
(3.51) (1.87) (0.12) (2.78)
Top 21-50xPlatform  14.707*%*  8.429** 3.416 8.021%%*
(4.25) (2.37) (0.73) (3.61)
Others x Platform -0.401 1.504 0.143 0.699
(-0.18) (0.65) (0.06) (0.57)
Top 10 15.257FFF 4 555%FF  14.210%**  10.912%**
(6.25) (2.66) (5.28) (7.92)
Top 11-20 T.231%** 2.755% 14.956***  7.533%**
(4.49) (1.70) (4.35) (5.73)
Top 21-50 5.385%**  34RTHMK  13.504%KF  6.749%**
(5.67) (3.43) (7.03) (8.75)
Others 0.637 -3.385%* 8.088***  2.078%**
(0.92) (-2.11) (4.91) (2.91)
Controls, Time FE Y Y Y Y
Observations 8,892 18,855 15,210 42,957
R? 0.064 0.062 0.098 0.053
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Appendix A

This appendix provides additional results. In particular,

e Table AT provides the daily return distribution for funds in the ten decile ranks before

and after the introduction of platforms;

e Table A2 exhibits the results on the predictive power of flow on future fund return and

risk taking behavior;
e Table A3 exhibits the determinants of funds’/fund families’ entrance onto platforms;

e Figure [AT shows funds’ average advertising expenses around the introduction of plat-

forms;

e Figure A2 shows funds’ average retail ratio over time.
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Table A2. Predicting Future Fund Return and Risk Taking with Flow

This table shows the panel regression estimates of how past flow predicts funds’ future performance and risk

taking measured by daily return standard deviations. The model specification is:

Ret (Std)i7t+k = a+ f; - Platform; ;1 + B2 - Flow; ;1 + 5 - Platform; ;1 x Flow; ;1 + Z vk - Controly, +¢; ¢,
k

where Ret; 1k refers to fund ¢’s quarterly return (%) in quarter ¢ + k. Std; ;44 refers to fund i’s daily return
standard deviation (%) in quarter ¢t + k. We annualize the daily return standard deviation by multiplying
with v/250. We regress future fund returns and standard deviations on quarter ¢ fund flow, Platform; ;1
dummy, and the interactions of the two. We include controls of fund’s Log(Size), Log(Age), Flow, and Fees
at the end of quarter t. Time fixed effects and style fixed effects are included for all specifications. The
standard errors are clustered at the fund level. The sample period is 2008 through 2017. The t-statistics are
reported in parentheses. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively.

Future Quarterly Return Annualized Daily Return Std.

1st Qtr. 2nd Qtr. 3rd qtr.  1st Qtr. 2nd Qtr. 3rd qtr.

Platform x Flow -0.308 0.346 -0.099 -0.668 -1.121%* -0.809*
(-0.56)  (0.61)  (-0.17)  (-1.21) (-1.89) (-1.91)
Platform 0.054 -0.065 -0.025 0.595* 0.530 0.376
(0.16)  (-0.26)  (-0.13)  (1.81) (1.28) (1.17)
Flow 0.118 -0.126 -0.161 -1.103 -0.244 0.152
(0.17)  (-0.24)  (-0.43)  (-1.56) (-0.43) (0.34)
Log(Size) -0.066 -0.090 -0.100 -0.118 -0.037 0.008
(-0.64)  (-1.16)  (-1.42)  (-0.97) (-0.42) (0.10)
Log(Age) -0.215 0.014 -0.083 0.212 0.029 -0.014
(-0.96)  (0.06)  (-0.39)  (0.53) (0.08) (-0.04)
Management Fee 0.458 -0.793 -1.678 12.612%%%  12.762***  12.646%**
(0.51) (-0.80) (-1.43) (9.59) (12.02) (13.95)
Subscription Fee 0.119 0.24 0.171 0.533 0.545 0.643
(0.49) (0.89) (0.51) (1.04) (1.09) (1.23)
Redemption Fee -0.577 -0.415 -0.560  -4.544%**  _4.321%FFF  _4,005***
(-0.79)  (-0.65)  (-0.98)  (-4.78) (-4.62) (-4.86)
Time FE, Style FE Y Y Y Y Y Y
Observations 26,356 26,277 26,190 25,575 25,523 25,482
R? 0.595 0.603 0.609 0.703 0.713 0.728
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Table A3. Determinants of Entrance onto Platforms

This table reports the cross-sectional determinants regression for funds and families’ entrance onto platforms.
Column (1) and (2) includes all the funds with inception dates before the end of 2012. Column (3) and
(4) includes all the families with inception dates before the end of 2012. D(Enter<2013Q1) is a dummy
variable that equals one if the fund or family enters onto Tiantian platform on or before March 31, 2013.
Log(Enter months) is the natural logarithm of the number of months from March 2012 to the time when
the fund enters Tiantian. Bank-affiliated is a dummy variable that equals one if the controlling shareholder
(>30% ownership) is a bank, and Broker-affiliated is defined similarly. We also include control variables of
RetailRatio (%), which is the fraction of a fund held by individual investors at the end of June 2012, past
12-month return by the end of June 2012 (MRet;_; ¢+—4), Log(Size), Log(Age), Flow, and Fees at the end of
June 2012. Control variables for families are constructed as the value-weighted average of all funds within the
family. We include style fixed effect for fund specifications. T-statistics are adjusted using heteroscedasticity-
robust standard errors and are reported in parentheses. *, ** and *** denote significance at the 10%, 5%

and 1% levels, respectively.

Funds Family

D(Enter<2013Q1) Log(Enter months) D(Enter<2013Q1l) Log(Enter months)

Logit OLS Logit OLS
(1) (2) () (4)
Bank-affiliated -1.7T73HH* 0.574%+* -2.073 0.586*
(-4.78) (6.48) (-1.51) (1.72)
Broker-affiliated -0.028 0.089 0.867 -0.04
(-0.13) (1.51) (0.92) (-0.24)
RetailRatio -0.021%** 0.005*** -0.127%%* 0.019**
(-3.80) (3.44) (-3.06) (2.52)
Log(Size) -0.261*** 0.107*** -1.381%** 0.200%
(-2.87) (4.55) (-2.49) (1.88)
Log(Age) 0.745%* -0.210%** 5.369* -0.334
(2.57) (-2.76) (1.95) (-0.81)
Flow;_; 0.788* -0.187*** 0.414 -0.4
(1.91) (-3.07) (0.17) (-0.94)
MRet;_1,1—4 0.187 -0.044 3.05* -0.25
(0.85) (-0.70) (1.94) (-1.31)
Stdarret,t—1,t—s -10.981 -1.279 94.222 -15.971
(-0.73) (-0.31) (0.92) (-0.80)
Management Fee -1.024 0.091 9.616* -1.174
(-0.62) (0.24) (1.80) (-1.05)
Subscription Fee -0.388 0.03 -3.281 0.503
(-0.70) (0.21) (-0.78) (0.67)
Redemption Fee 0.453 -0.172 4.302 -1.193**
(0.92) (-1.35) (1.23) (-2.06)
Style FE Y Y N N
Observations 457 457 60 60
R? 0.115 0.18 0.396 0.358
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Figure A1l. Advertising Expenses around the Entrance

This figure shows funds’ time-series advertising expenses. Funds report operating expense on a semi-annual
basis. We calculate advertising expense as total operating expense subtracting management expense, cus-
todian expense, transaction expense, and interest expense. The annualized advertising expense ratio is cal-
culated as advertising expense scaled by average TNA, Advertise EX P% = Advertise EXP % 2/((TN A; +

TNA;_1)/2). We calculate the cross-sectional average expense ratio for each style of funds. The shaded
area indicates the 95% confidence intervals.
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Figure A2. Retail Ratio around the Entrance

This figure shows funds’ retail ratio over time. Funds report retail ratio on a semi-annual basis. We report

the cross-sectional average retail ratio for each style of funds. The shaded area indicates the 95% confidence
intervals.
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