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This dissertation uses novel data to provide micro-level perspectives on the
behavior of fund managers and investors. Chapter 1 examines the effect of a
trader’s personal co-investment or skin-in-the-game on fund risk-taking. Using
a unique dataset from an online social trading platform, I uncover a source of
exogenous variation in trader’s skin-in-the-game to investigate the causal effect
of skin-in-the-game on fund risk-taking. I find that having no skin-in-the-game
significantly increases trader’s incentive for risk-taking. The findings provide
evidence in support of skin-in-the-game as an important mechanism to align
incentives of traders and investors.

Chapter 2 studies individual fund investor extrapolation. In particular, I
examine fund investment and withdrawal events at individual investor level.
The sample is constructed from brokerage account data of global retail forex in-
vestors from the social trading platform. The findings provide evidence of fund
investor extrapolation, in which the past performance consistency of fund in-
vestment has a significant effect on investor’s withdrawal decision. This effect is
more pronounced for investors from more developed countries. The results also
highlight that investor’s withdrawal decision depends not only on past perfor-
mance and volatility but also on the consistency of past performance. However,
none of these factors positively predicts future performance. These results sup-
port the view that fund investors over-extrapolate as they tend to extrapolate

based on past performance measures and do not profit from doing so.



As U.S. adults increasingly obtain news through mobile devices rather than
desktop computers, Chapter 3 compares “mobile sentiment” with “desktop sen-
timent” in predicting future stock returns and liquidity. I construct unique data
scraped from Google, which sometimes produces very different results on mo-
bile vs. desktop search due to different ranking practices (e.g. a link with text
consisting of negative words about a stock is shown on mobile but not on desk-
top) . Thus, I collect daily Google search results separately on mobile and desk-
top platforms for tickers of stocks in the S&P 500 index. I conduct textual anal-
ysis on the search results. I find that negative mobile or desktop sentiment pre-
dicts abnormal return reversal in the following week with mobile serving as
a more significant predictor than desktop. I show that this reversal is mainly
driven by stock over-pricing. That is as investors become more optimistic due
to recent good news, the stock is over-priced and will later revert back to its fun-
damental value (i.e. lower future returns), whereas as investors become more
pessimistic due to recent bad news, the stock is unlikely to be under-priced and
have reversal. In addition, the effect of mobile sentiment on returns becomes
more pronounced than desktop sentiment in stocks of high retail interests. This
supports the idea that going mobile is a preferred way to obtain trading infor-
mation among less sophisticated investors. I find weak evidence that mobile
sentiment relates more to liquidity measured by effective spreads and volume
than desktop sentiment. The results also suggest that sentiment is mutually
Granger-causal with either return or liquidity. In the end, my results highlight
the growing relevance of mobile media in disseminating financial news, and
provide suggestive evidence that compared with desktop computer users, mo-

bile users are less informed and more akin to sentiment investors.
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CHAPTER 1
EFFECT OF TRADER’S CO-INVESTMENT ON FUND RISK-TAKING

1.1 Introduction

With the rapid growth of the mutual fund and hedge fund industries over the
past decade, the SEC has increased regulatory oversight and disclosure require-
ments to better protect investors. Specifically, the SEC requires mutual funds
to disclose fund management’s ownership annually in the funds’ Statement of
Additional Information starting March 2005. Then in 2011, the Dodd-Frank Act
required hedge funds with more than $150 million to register with the SEC and
file a Form ADYV, in which questions about the insider investment of the funds
were added in 2012'. These regulations aimed at improving transparency and
oversight have brought attention to the role of fund managers” incentives on
risk-taking. One proxy for managerial incentives is managers” ownership stakes
or co-investment in their funds (hereafter skin-in-the-game). In this paper, I ex-

amine how skin-in-the-game affects fund risk-taking.

The literature on mutual funds find that managers with greater fund owner-
ship are associated with less risk-taking behavior (Ma and Tang, 2014); manage-
rial ownership is also positively related to fund style-adjusted returns (Evans,
2008) and four-factor alphas (Khorana, Servaes, and Wedge, 2007); account-
ing for fund performance, funds with managerial ownership attract more in-
vestor flows compared to those with none (Ma and Tang, 2014). For hedge

funds, higher managerial ownership can predict higher future returns (Agar-

'For example, under “Ownership” section in Form ADV, a related question is “what is the
approximate percentage of the private fund beneficially owned by you and your related per-
sons:”



wal, Daniel, and Naik, 2009); high inside investment is associated with smaller
funds, which deliver superior performance as they operate closer to their opti-

mal scale (Gupta and Sachdeva, 2018).

Prior research provides evidence in support of the positive effects of man-
ager’s skin-in-the-game on fund risk-taking and performance. However, there
is a lack of causal evidence as it is challenging to find an exogenous shock to
manager’s skin-in-the-game. To complement the earlier studies, I use a unique
dataset to establish a causal link between manager’s skin-in-the-game and fund
risk-taking. The data come from Zulutrade, a major online social trading plat-
form that connects retail traders (fund managers) with investors. I observe pub-
lic information updated daily that covers trader’s profile, historical trades, and
individual investor of the fund. In this paper, I investigate the differences of
traders with and without skin-in-the-game as well as risks of their managed
funds. I use a source of exogenous variation in skin-in-the-game resulting from
the platform’s exit from the U.S. market to show that removing skin-in-the-
game increases managers’ risk-taking, thereby providing empirical evidence

that skin-in-the-game serves as an important signal of incentive alignment.

I first introduce the design of this study that allows a cleaner inference about
the causal relationship between trader’s skin-in-the-game and fund risk-taking.
On Zulutrade, there are two distinct groups of users: traders and followers (in-
vestors). Once a follower follows a trader, the platform copies any new trade
made by the trader into follower’s brokerage account in real time. The platform
charges the follower for each trade copied and then splits the revenue with the
trader. One key feature of the platform is that it allows a trader to send out

trading signals through a virtual trading account without risking any personal



money. However, if the trader chooses to risk her/his own money when trad-
ing, Zulutrade puts a prominent dollar ($) badge on the trader’s profile. This
skin-in-the-game information is public and updated daily by the platform. The
trader can risk personal money in one of the two ways: (1) have both a personal
follower account and a trader account on the platform and set the follower ac-
count to copy trades from the trader account or (2) link her/his own brokerage
account with the trader account. The skin-in-the-game trader of Type (1) has
a blue dollar badge (hereafter blue trader); the skin-in-the-game trader of Type
(2) has a green dollar badge (hereafter green trader). In mid-2016, Zulutrade
withdrew from the U.S. market due to regulatory issues and stopped serving
USS. followers?. This intervention only affected the traders and followers from
the U.S. The U.S. traders who used to have their own follower accounts copy
their trader accounts were forced to remove skin-in-the-game as their own fol-
lower accounts were closed by the platform. Nevertheless, the U.S. traders can
continue sending out trading signals to the remaining non-U.S. followers on the
platform after the intervention. This creates an ideal quasi-experiment setting
to compare before and after intervention risk-taking of the affected skin-in-the-
game U.S. traders with that of the other unaffected skin-in-the-game traders.
For measurement precision, I evaluate fund performance and risk-taking in
terms of daily net profits. The performance is measured by mean of daily net

profits and the risk-taking is measured by kurtosis of daily net profits.

To identify the role of having no skin-in-the-game, I conduct a diff-in-diff
analysis. Specifically, I assign the affected U.S. traders into the treatment group.

To find a control group, I match each treated U.S. trader to a trader that was un-

2Visit https://www.leaprate.com/2016/10/zulutrade-exits-us-retail-
forex-market-withdrawing-nfa-membership-finalizes-30000-settlement/
for more details
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affected by the platform’s U.S. exit. The matched control traders are blue foreign
traders who must always have skin-in-the-game pre- and post- intervention.
For the matching, I first estimate propensity score by logistic regression, where
I include the following covariates: average fund size, trader’s average rank, as
well as mean, standard deviation, skewness, kurtosis of daily fund profits over
the 8 weeks before the intervention date ¢ (i.e. t —8 weeks to ¢t — 1 week). Then for
each of the treated traders, I match one control trader on the estimated propen-
sity score by nearest-neighbor matching. A balance test of covariates reveals
that the treated and matched control traders do not differ in any systematic
way pre-treatment. Next, I compare how fund performances and risk-taking of
the two groups of traders evolve in the subsequent 8 weeks post-intervention.
The 8-week time window is chosen as in the sample a follower on average in-
vests in a fund for 8 weeks before leaving. The results suggest that having no
skin-in-the-game significantly increases kurtosis of daily profits, which means
higher chance of extreme gains or losses. Meanwhile, I find non-significant ef-
fect of skin-in-the-game on mean or skewness of daily profits, and weak effect
on standard deviation. Overall, having no skin-in-the-game increases trader’s

tendency to take extreme gains or losses.

In addition to the causal evidence, I conduct a panel regression based design
using my full sample from November 2015 to September 2017 to uncover poten-
tial drivers of fund risk-taking. There are four separate regressions with mean,
standard deviation, skewness, or kurtosis of daily profits as the dependent vari-
able respectively. The main independent variable is trader’s skin-in-the-game
on day ¢ with other trader fund characteristics as controls. The results suggest
that putting skin-in-the-game is associated with lower kurtosis and more pos-

itive skewness of daily profits, indicating more conservative trading with less



chance of extreme losses. These are in line with the earlier diff-in-diff analysis
which instead shows more aggressive trading caused by removing skin-in-the-
game. While the full-panel results also indicate worse future performance as-
sociated with skin-in-the-game, they are broadly consistent with the diff-in-diff
evidence on fund risk-taking. This indicates that the findings from this study

could be generalized to a larger population.

This paper has implications for the role of managerial incentives on fund
managers’ risk-taking behavior. Chevalier and Ellison (1997) have documented
a convex flow-performance relationship, in which mutual fund investors re-
ward good performance and do not punish poor performance equally. This
in turn can motivate fund managers to strategically shift risk levels to attract
additional fund flows, which can lead to worse subsequent abnormal returns
(Huang, Sialm, and Zhang, 2011). Ma and Tang (2014) demonstrate that man-
agerial ownership is an important mechanism to reduce mutual fund risk tak-
ing. They find that managers with higher personal ownership of the fund or
skin-in-the-game engage in less risk-taking, have better Sharpe ratios and at-
tract more flows. I provide evidence that skin-in-the-game reduces managers’
risk-taking behavior. In addition, recent studies have highlighted the impor-
tance of mandatory disclosure of information regarding fund governance. Kho-
rana, Servaes, and Wedge (2007), Evans (2008), and Cremers et al. (2009) have
explored the managerial ownership information provided by the mutual funds,
which was newly available after the SEC enacted disclosure rules in the early
2000s. They find higher managerial ownership is associated with better future
return. For hedge funds, Brown et al. (2008) and Ozik and Sadka (2015) show
that private information about a fund ownership structure may constitute mate-

rial information for mitigating agency issues. Agarwal, Daniel, and Naik (2009)



use managerial ownership to capture managerial incentives in hedge funds, and
show higher levels of managerial ownership deliver superior alphas. Recent
study by Gupta and Sachdeva (2018) uses Form ADV data to link inside invest-
ment to hedge fund returns and shows that insider funds outperform and tend
to be smaller, possibly because managers use better strategies in funds with their
own private capital and keep operating these funds closer to optimum scale. My
paper contributes to this strand of literature by showing that skin-in-the-game
as a proxy for fund governance could better inform investors about the fund
managers. In my data, fund manager’s skin-in-the-game is made public and
prominently displayed to all investors and updated daily. I show evidence that
changes in skin-in-the-game influence manger’s risk-taking behavior, thereby

serving as material information for investors.

The findings in this paper are also of interest to regulators. Following the
2008 financial crisis, regulators have been playing a bigger role in protecting
investors. For example, to address moral hazard problem endemic to securiti-
zation®, the Dodd-Frank Act’s risk retention rule mandates that originators and
securitizers retain a 5% interest in their securitizations. This skin-in-the-game
rule is intended to align the incentives of securitizers and investors. Regulators
could consider similar minimum ownership rules to mutual and hedge fund
managers. Moreover, future rules could also aim to increase disclosure require-
ments for factors relevant to conflict of interest between managers and investors.
By shedding light on the positive role of showing skin-in-the-game, I hope that
future regulations would focus on more explicit disclosure of information con-

cerning fund management, such as managerial ownership, compensation struc-

3Loan originators used to be able to quickly sell loans into securitization pools and not bear
any risk on the ultimate performance of the sold loans. This contributed to loosened underwrit-
ing standards and riskier loans revealed by the financial crisis.



ture, and conflicts of interest.

The remainder of this paper is organized as follows. Section 1.2 presents
the data, variable construction, summary statistics and panel regression results.
Section 1.3 provides the main finding on the effect of skin-in-the-game on fund
risk-taking. Section 1.4 provides supporting evidence from panel regression of

the full sample. Section 1.5 concludes the paper.

1.2 Data

1.2.1 Source

The data are from Zulutrade, one of the major online social trading platforms
with over 700,000 registered users focusing entirely on speculative spot forex
trading*. The users consist of two distinct groups: traders and followers (in-
vestors)®. The traders make the trading decisions (i.e. long or short a cur-
rency pair), and the followers passively copy the exact same trades in real time
through Zulutrade platform® (see Figure A.1). Any individual can register as
a trader without any license requirements. To become a follower, one must
have a brokerage account from a broker affiliated with Zulutrade and sign an
agreement to authorize Zulutrade’s automated trade execution and a Zulutrade
markup fee which is incorporated into transaction fees on each trade. In this
way, Zulutrade makes money by collecting its share of the trading transac-

tion fees from followers” brokers (1 to 1.5 pips) on each trade (long or short)

4See Appendix A.2 for more details about the trading instruments.

5An individual can have both a trader and a follower accounts on the platform, but she/he
must sign up the two types of accounts separately.

Sboth limit orders and market orders are supported for copying.



copied through Zulutrade. Then Zulutrade splits this revenue to compensate

the traders’.

As a medium between traders and followers, Zulutrade serves two impor-
tant roles: 1. provide publicly accessible performance details about its traders
and 2. provide automated and flexible trader-following settings to followers.
For the first role, it has a transparent interface to rank and showcase the top per-
forming individual retail traders. For any trader listed on the platform, the sum-
mary performance profile as well as complete historical trade record® are open
to public view (see Figures A.2, A.3). For the second role, Zulutrade allows a
follower to follow a portfolio of traders and customize trade size by trader and
by currency pairs. For example, a follower follows Trader A and sets a fixed
0.01 lot size on any EUR/USD trade from Trader A. Then when Trader A opens
a long trade on EUR/USD, Zulutrade will automatically open a long EUR/USD
trade with 0.01 lot in the follower’s brokerage account regardless of Trader A’s
trade size (see Figures A.4, A.5). The trade is executed in real time by Zulutrade

on the follower’s behalf.

1.2.2 Sample Construction

The data have been collected from Zulutrade through a scraping program which

captures the publicly available trader profile information each day. The data in-

"Traders are paid 0.5 pip for each trade (long or short) executed in a follower account. At the
end of the month the traders are paid only if they are in profit for the month. They are not paid
during a losing month. This rule was introduced by Zulutrade from November 2011, before that
traders were paid regardless of a winning or losing month. See Appendix A.3 for more details
about the social trading platform business models.

8The trading history of a listed trader is available since the time of his /her registration on the
platform. A trader cannot selectively modify or hide particular trades since the trading record
comes directly from live data feed of trader’s brokerage firm untainted by any trader-side record
manipulation.



clude the observed information shown in Figures A.2, A.3. The sample period
covers from November 2015 to September 2017 with 367 trading days. On aver-
age each day I observe about 25,000 listed traders and 13,000 followers with $300
million daily trading volume®’. Zulutrade provides information at the trader
account level. Each trader account has its own profile page associated with a
permanent nickname and ID number, but Zulutrade does not disclose the real
identity of the trader. So I refer each trader account as one distinct trader, and
I treat the fund from all followers following a trader account as one distinct
fund'®. That is each trader is associated with one distinct fund consisting of
followers” money. To study fund risk-taking, I subset the sample to include all
observations of a trader that manages fund with more than 0 U.S. dollar at any
point of time during the sample period. For example, if a trader has a fund
with more than $0 at time ¢, then all observations of the trader before and af-
ter time ¢ are included regardless of whether the fund later becomes $0. Over
the whole sample period, there are 7,644 unique traders/funds with 1,543,081

trader/fund-day observations in total.

1.2.3 Fund Performance and Risk-taking Measures

I measure fund performance and risk-taking in terms of the daily net profits.
Zulutrade provides information about the cumulative fund net profits (after
transaction, platform and trader fees) aggregated over all followers in a fund
since the fund inception. The daily net profits are then computed by taking first

difference of the cumulative profits:

The trading volume only includes followers’ trades executed through Zulutrade
1°One can sign up multiple trader accounts. However, there’s no clear way to unravel which
accounts belong to the same individual or to group the funds at the real trader level



Net Profits; = Cumulative Profit, — Cumulative Profit; ,

Though I can also observe the fund size, the fund size and the fund net profits
are updated independently with different frequency and there is no public in-
formation about the fund net flow. Thus, for measurement precision at the daily
level, I evaluate performance in terms of daily profits instead of daily percent-

age return.

The key fund measures in this paper are the following:

1. Performance measure: mean of daily net profits

2. Risk-taking measure: kurtosis!! of daily net profits

Additional fund measures include standard deviation and skewness!? of

daily net profits.

1.2.4 Trader’s Skin-in-the-game

Zulutrade explicitly shows that a trader has skin-in-the-game by putting a dol-
lar ($) badge next to a trader’s profile picture (see Figure A.2). This information

is public and updated daily, so I am able to keep track of each trader’s change

UKurtosis is defined as excess kurtosis, a measure of whether the data are heavy-tailed or
light-tailed relative to a normal distribution. The normal distribution has a kurtosis of 0. A
positive kurtosis means that relative to normal distribution, the data distribution has a sharper
peak or more frequent observations close to the mean, and has fatter/heavier tails or more
frequent extreme values. A negative kurtosis means that relative to normal distribution, the
data distribution has a flatter peak or less frequent observations close to the mean, and has
thinner/lighter tails or less frequent extreme values.

12Skewness is a measure of the asymmetry of a distribution: a negatively/left skewed dis-
tribution has the mass of the distribution concentrated on the right and a longer left tail; a
positively /right skewed distribution has the mass of the distribution concentrated on the left
and a longer right tail.

10



in skin-in-the-game over time. This also allows me to compare trader charac-
teristics as well as fund risk and performance between traders® (traders with

skin-in-the-game) and traders™® (traders with no skin-in-the-game) each day.

On Zulutrade, a trader can choose whether to put skin-in-the-game whereas
all followers have skin-in-the-game, subject to gains or losses in their broker-
age accounts when following a trader. To have no skin-in-the-game, a trader
links the Zulutrade trader account with a demo (play money) account; when
the trader places trades, these trades are entirely simulated for the trader, but

the followers follow the same trades with real money.

Within the traders with skin-in-the-game, they can be further differentiated
into two groups: green and blue traders. A green trader must link his/her Zu-
lutrade trader account with his/her own real money brokerage account. A blue
trader must have both a trader and a follower accounts on Zulutrade; he/she
must first link a demo account with Zulutrade trader account and then follow
the trader account with his/her own follower account. An advantage of be-
ing a green trader is that one can trade without the trading compliance rules"
placed by the platform on the other types of traders. An advantage of being a
blue trader is that a green trader risks personal money at all times, while a blue
trader can use his/her own follower account to selectively decide when to risk

personal money.

For this study, I group the green and blue traders together into the skin-in-
the-game traders as both traders risk real money following their own trading.
The amount of skin-in-the-game of each trader is not observed as the platform

keeps the balance and equity of trader’s brokerage account private. Instead, I

BVisit https://www.zulutrade.com/trader-guide for details about the trading com-
pliance rules

11
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use a dummy variable skin to indicate whether a trader has skin-in-the-game.
Notice that a trader is free to put or remove skin-in-the-game anytime such that
a trader™® today can be a trader® tomorrow and vice versa, and thus so is the
corresponding fund. I observe that 607 unique traders/funds have switched
between 5 and N° type in the sample. There are 976 switch events from the 607
traders: 111 switches are from green to N, 497 from blue to N5, 368 from N° to
blue, and no switch from N° to green. To account for this time variation of skin-
in-the-game for each trader, for each trading day ¢ I re-group the traders/funds
into traders/funds® or traders/funds™® depending on their skin-in-the-game at
t. This avoids the potential issue of assigning a permanent ° or ™ label to each

trader/fund.

1.2.5 Summary Statistics

Table 1.1 compares the characteristics of traders® and traders™ as well as the
performances and risks of their corresponding funds® and funds™® head to head.
On average 495 traders/funds® and 1315 traders/funds® are reported daily
in the data. I follow the Fama and MacBeth (1973) approach to first calculate
the cross-sectional mean of each variable for traders® and traders™® respectively
each day, and then report the respective time series mean of the daily means of

NS»

each variable in “Mean®” and “Mean columns of Table 1.1.

In Panel A of Table 1.1, notice that on average Trader® appears to be less pop-
ular than Trader™>. Trader® manages a smaller fund than Trader™® - $18,715 ver-
sus $19,334, though the difference is not statistically or economically significant.
Trader® also has fewer followers, worse followers’ ratings, and worse rank. This

might be explained by Trader®’s shorter account age on the platform (76 weeks
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N5’s 96 weeks). However Trader® seems more conservative in trading,

vs Trader
holding trades in shorter duration (21% shorter than Trader™* average trade
duration) and keeping fewer trades open at the same time. In addition, Trader®
does 16% better for the worst historical trade and has 56% lower historical max-

imum drawdown of open trading positions in terms of pips'*, implying that

Trader® generally fares better than Trader™® in a worst-case scenario.

In Panel B of Table 1.1, I focus on the fund performance and risk-taking mea-
sured in terms of daily profits. I first get the daily profits at day ¢ respectively for
the funds which were of ® or ™ type at ¢ — 1. I then report the time series means
of different daily cross-sectional statistics of the daily profits for Funds® and
Funds™® respectively. Notice that Funds® and Funds™® have mean daily losses of
$19.19 and $17.90 with standard deviations of $854.27 and $821.98 respectively
without any significant differences in means. They also have close to 0 median
profits. These are consistent with the view that forex trading has zero expected
return due to the zero-sum game nature'. Since the performances are mea-
sured after fees, the zero return view still applies despite the mean daily losses.
To compare the distributions of daily profits between Funds® and Funds™® in
depth, I also use Max, Min, Skewness and Kurtosis. Both Funds® and Funds™®
have negatively skewed profits meaning that they have mostly consistent small
profits but with occasional large losses. However, Funds® profits are signif-
icantly less negatively skewed which means less chance of extremely losses.
Also Funds® kurtosis is 50% smaller than that of Funds™®. This means Funds®

exhibit significantly less frequent extreme gains or losses. For the extreme cases,

1A pip (price interest point) is the smallest price movement in exchange rate. It is used to
calculate the value change of a forex trading position. See Appendix A.4 for an example.

*In forex trading, every profitable position is matched by an opposite losing position. For
example, if one bets euro will be stronger than dollar, there must be another who bets dollar
will be stronger than euro in order for the trade to occur. In this respect, forex trading does not
generate a net profit to reward all holders of currency risk.
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Mazx and Min statistics show that Funds® have 24% smaller gains on average
in the best cases, but lose 32% less on average in the worst cases than Funds™®.
Moreover, for both fund types the worst case losses are more than double the
best case gains, and extreme gains and losses have much bigger magnitudes
than mean profits. This calls for attention about the kurtosis of profits which
deals with tail risk or risk of rare events. In particular, fat tails, the negative
or left tail to be exact, entail higher chance of extreme losses, which could ruin

investors’ wealth when realized.

1.3 Evidence from a Diff-in-Diff Analysis

The summary statistics show that having skin-the-game can decrease the tail
risk, making funds less prone to extreme gains or losses. However, this finding
could be influenced by potential endogeneity problems. One concern is that a
trader has private information about fund performance that influences putting
or removing skin-in-the-game. For example, a trader may start with no skin-in-
the-game and strategically choose to put skin-in-the-game only after a sequence
of big wins or losses. Assume the trader stays with the original trading strat-
egy. If the performance exhibits reversion to the mean, this can lead to down-
ward bias of the effect of skin-in-the-game on the tail risk. Another concern is
there might exist some unobserved systematic differences between traders® and

tradersNS.

To get a cleaner inference about the causal effect of skin-in-the-game on per-
formance and risk-taking, I conduct an event study exploiting the platform’s

exit from the U.S. market. During late May to early July in 2016, Zulutrade
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withdrew from the U.S. market and terminated services to all U.S. follower
accounts'®. However, any existing U.S. trader could continue to trade on the
platform and collect performance fees from the remaining non-U.S. followers.
As defined in Section 1.2.4, a blue trader is one type of traders with skin-in-
the-game who must have both a trader account and a follower account on the
platform. Now that no U.S. followers are allowed, all U.S. traders that used
to be blue no longer have skin-in-the-game and their blue dollar badges were
removed accordingly as their own follower accounts were closed by the plat-
form. However, the traders that were using a U.S. broker before the interven-
tion could still use the broker with the same account as before, but they could
not make new changes with the U.S. broker (i.e. change from a demo account to
a live account vice versa) as the platform ended affiliation with the U.S. brokers
as part of the U.S. exit. So the U.S. green traders were still green and had skin-
in-the-game despite the intervention. However, former blue U.S. traders could
not switch to be green since they would need a real brokerage account of a U.S.
broker to replace their current demo accounts, which was not possible after the
intervention. In other words, the former U.S. blue traders had no choice to put

skin-in-the-game again and none of them were observed to be green afterwards.

This platform intervention provides an ideal quasi-experiment setting where
the exogenous variation is that the U.S. blue traders were forced to remove skin-
in-the-game since their own follower accounts were terminated by the platform.
This allows me to identify the role of having no skin-in-the-game by comparing
pre- and post-U.S. exit trader/fund characteristics. There were 22 traders/funds
affected by the intervention. I put them into the treatment group. In the next

section, I use matching to construct a control group. The idea is to match on

16Gee footnote 2
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some key confounding factors to make the treatment and control groups closely
comparable so that the only systematic difference between the treatment and

control groups will be the treatment itself.

1.3.1 Matching Process

For each of the 22 treated traders, I match one control trader using nearest-
neighbor matching. The distance is measured by a propensity score with logistic
regression. The control traders are blue foreign traders as they were unaffected
by the platform’s U.S. exit, and they must always have skin-in-the-game pre-
and post-intervention. To ensure the treated and control traders have similar
fund performances, risk-taking, and platform characteristics pre-intervention, I
include mean, standard deviation, skewness, kurtosis of daily fund profits as
well as average fund size and trader’s average rank over the 8 weeks before the
intervention date ¢ (i.e. t-8 weeks to ¢-1 week) in propensity score estimation.
I choose to evaluate the performance and risk-taking over 8 weeks (roughly
two calendar months) so that there are more trading activities captured with
more variability in the daily profits for the treated funds. Overall 16 treated
traders were matched, and the rest were unmatched as they were inactive 8
weeks before the intervention. As shown in Panel A of Table 1.2, the covariates

are fairly balanced across the treated and matched control traders.

1.3.2 Results

I show the diff-in-diff regression results in Panel B of Table 1.2. I examine fund

performance and risk-taking in four separate regressions with mean, standard
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deviation, skewness, or kurtosis of daily profits as the dependent variable re-

spectively. I use the regression framework as follows:

Yir = a; + oy + Bi(treatment; X post; ) + Pofundsize; + Psrank;; + €1 (1.1)

where y;, is the dependent variable, which is mean, standard deviation,
skewness or kurtosis of daily profits of fund i (measured over an eight-week
rolling window); ; and o, capture fund and calendar day fixed effects, respec-
tively; treatment,; is treatment dummy variable (1: fund ¢ is a former U.S. blue
fund; 0: fund ¢ is a control fund); post;; is time dummy variable (1: date ¢ is
post-intervention; 0: date ¢ is pre-intervention); fundsize;; and rank;, account
for average fund size and average trader rank over the previous 8 weeks, re-
spectively. The main coefficient of interest is 3;. The sample includes fund-day
observations of 16 treated funds and 16 control funds from March 1 to Septem-

ber 1 2016.

The results show that having no skin-in-the-game significantly increases
kurtosis of daily profits, whereas there is no significant effect on mean or skew-
ness and weak effect on standard deviation of daily profits. As shown in Figure
1.1, treated and matched control traders have parallel trends in their kurtosis of
daily fund profits before the intervention but the treated traders exhibit a big
spike in kurtosis after the intervention. Therefore, having no skin-in-the-game
makes extreme gains/losses more likely even though it may not significantly
affect performance or other measures. This makes traders’ skin-in-the-game

potentially important in accessing the tail risk of funds.
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1.4 Full Sample Evidence

To check how well the earlier results generalize, I proceed with a panel regres-
sion design with a bigger sample. I use my full sample from November 2015 to

September 2017 with the following regression framework:
Yiten = Bsking, + 1 - X0 + o +np + €54 (1.2)

where y; 1+, is the dependent variable, which is mean, standard deviation, skew-
ness or kurtosis of daily profits of fund 7 from ¢ + 1 trading day to ¢ +n weeks (a
rolling window of n weeks); the independent variable of interest skin dummy
equals 1 if the trader of fund 7 has skin-in-the-game on day ¢ and 0 otherwise;
X, is a set of controls including fund size and profits, trader’s rank, rating,
trade duration, account age, win ratio, and pips on day ¢. To control for the pe-
riod when a fund is potentially defunct, I also include a no-asset dummy which
equals one if a trader has zero asset under management on day ¢ and zero oth-
erwise. To capture individual and time fixed effects, I include «; for trader or
fund fixed effects, and 7, for day fixed effects. For testing significance, I use the

robust ¢-statistics clustered by day.

I present the regression results for a rolling window of four weeks in Table
1.3. The results suggest putting skin-in-the-game lowers kurtosis and increases
positive skewness of daily profits. This resembles a more conservative trading
style with less frequent extreme losses. Surprisingly for performance, putting
skin-in-the-game appears to decrease future mean daily profits. Overall, the re-
sults show that skin-in-the-game makes trading more conservative even though
it may come at the expense of worse mean daily profits. The results are also ro-

bust to different rolling windows. Therefore, the full-sample results are broadly
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consistent with the earlier diff-in-diff findings which could be generalized to a

larger population.

1.5 Conclusion

As mutual funds and hedge funds continue to grow, it is increasingly urgent to
determine the factors that influence fund manager trading behavior. This paper
studies the relation between a manager’s skin-in-the-game and the risk-taking
of the associated fund using a unique dataset from a social trading platform that
has time variation of skin-in-the-game at a daily frequency. I explore the differ-
ences of traders with and without skin-in-the-game as well as the risk-taking
of their managed funds. My paper contributes to the literature by providing

empirical evidence of the causal effect of skin-in-the-game on fund risk-taking.

In particular, I use a source of exogenous variation in manager’s skin-in-
the-game for identification. This comes from an intervention event in which
the platform exited from the U.S. market forcing some U.S. traders to have no
skin-in-the-game. I find that skin-in-the-game has significant impact on trader’s
incentive for risk taking. The results show strong evidence that having no skin-
in-the-game motivates traders to take extreme gains or losses more frequently
as revealed by the higher kurtosis of daily profits. Thus, not putting any skin-
in-the-game encourages risk taking as the traders could aim for extreme gains

without sharing the downside risk with investors.

Overall, my findings suggest that putting no skin-in-the-game can motivate
excessive risk-taking. Therefore, requiring skin-in-the-game is important for

mitigating agency conflicts in managed funds. I believe these results have broad
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regulatory implications regarding mandatory minimum skin-in-the-game and

disclosure policies for mutual funds and hedge funds.
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1.6 Figures
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Figure 1.1: Funds’ kurtosises around the platform intervention

This figure plots the kurtosis of daily profits over time for the treated funds
and the matched control funds over the sample period. The intervention in June
2016 forced all U.S. blue traders to remove skin-in-the-game (treatment) due to

the platform’s exit from the U.S. market. Kurtosis at date ¢ is calculated over the

fund daily profits using an eight-week rolling window.
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1.7 Tables Table 1.1: Summary Statistics for Traders/Funds

This table reports the summary statistics for the sample covering from November 2015 to
Sepetember 2017 with N = 367 trading days. I first calculate the cross-sectional mean of
each variable for traders with skin-in-the-game (denoted by the superscript °) and traders
with no skin-in-the-game (denoted by the superscript °) respectively on each day and
then I report the time series mean of the daily means for the two types of traders respec-
tively in “Mean®” and “Mean™5” columns of this table; in “Diff” column, I report the
mean of time series differences for each variable between the two types of traders; I use
the paired ¢-procedure to test the significance of the mean of the differences and adjust the
t-statistic following Newey and West (1987) method at six lags to overcome serial correla-
tion and heteroskedasticity; the corresponding P-value is reported in “P-value” column
with ***, ** and * denote statistical significance at the 1%, 5% and 10% levels respectively.
Variable definitions: fundsize is the aggregate balance (in U.S. dollars) of all followers fol-
lowing a trader. follower is the number of followers. rating is the average trader ratings
out of 5 rated by the followers. rank is Zulurank (the smaller the better) on the platform.
trades is the total number of historical trades. age is the length of trader’s trading history
(in weeks) on the platform. tradedur is the average duration (in days) of the historical
trades. win is the win percentage of the historical trades. mazopentrades is the max num-
ber of trades that have ever been kept open at the same time. pips is the total pips made
from historical trades (see Appendix A.4 for more details). pipsM DD is the historical max-
imum drawdown of open trading positions in pips. avgpips, worst-trade, best-trade are
the average, worst, and best of all historical trades in terms of pips respectively.

Mean® Mean™® Diff P-value
Panel A: Daily trader profile information
fundsize ($) 18715.46 19333.88 —618.42 0.353
followers 24.68 26.96 —2.28 0.001*
rating 2.08 2.20 —0.12 0.000**
rank 13437.04 9845.07 3591.97 0.000"*
trades 968.53 1292.44 —323.91 0.000**
age (weeks) 76.40 95.20 —18.80 0.000**
tradedur (days) 3.82 4.83 —1.01 0.000***
win (%) 69.34 76.17 —6.82 0.000"**
maxopentrades 20.22 26.24 —6.02 0.000**
pips 1140.62 20078.08 —18937.46 0.000"**
pipsMDD 11396.85 25877.71 —14480.86 0.000"**
avgpips 3.42 28.81 —25.40 0.000**
worst-trade (pips)  —1241.41 —1474.15 232.74 0.000**
best-trade (pips) 589.95 1052.86 —462.92 0.000**
Panel B: Daily fund profit ($)

Max 6281.68 8281.97 —2000.29 0.039™
Min —13322.47 —19696.89 6374.41 0.023*
Mean —19.19 —17.90 —1.28 0.833
Median 0.01 —0.03 0.04 0.731
Percentile-25 —1.80 —12.10 10.29 0.000**
Percentile-75 2.02 10.94 —8.92 0.000**
SD 854.27 821.98 32.29 0.748
Skewness —3.32 —6.47 3.15 0.002**
Kurtosis 204.72 412.04 —207.32 0.000**
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Table 1.2: Fund Performance and Risk-taking around the Platform Intervention

Panel A: Pre-treatment statistics: this panel reports balance test of covariates after
the match. The treatment group consists of all the former U.S. blue traders who
were forced to remove skin-in-the-game by the platform intervention. The control
group consists of the foreign blue traders who had skin-in-the-game pre- and post-
intervention. I match a treated trader to a control trader using one-to-one nearest-
neighbor matching. The distance is measured by a propensity score with logistic
regression. I include mean, standard deviation, skewness, kurtosis of daily fund
profits as well as average fund size and trader’s average rank over the 8 weeks
before the intervention date ¢ (i.e. -8 weeks to t-1 week) in propensity score esti-

mation.
Treatment Control Diff t-stat
Mean —231.77 —83.94 —147.83 —0.64
SD 1,433.25 363.66 1,069.59 0.75
Skewness —-0.43 -0.15 —0.28 —-0.26
Kurtosis 9.85 10.35 —0.51 -0.15
fundsize 33,816.01 10,297.33 23,518.68 0.72
rank 15,828.85 13,161.86 2,666.99 0.87

Panel B: Regression results: this panel reports the result of diff-in-diff regression of
fund performance and risk-taking measures around the platform intervention. The
sample includes fund-day observations of 16 treated funds and 16 control funds
from March 1 to September 1 2016. In (1) to (4) columns, I use mean, standard de-
viation, skewness, or kurtosis of daily profits measured over an eight-week rolling
window as the dependent variable respectively. The performance is measured by
mean of daily profits and the risk-taking is measured by kurtosis of daily profits.
treatment is a dummy variable which equals one for a former blue U.S. trader and
zero otherwise; post is a time dummy variable which equals one if date ¢ is post-
intervention and zero otherwise. The main explanatory variable treatment * post
is an interaction term between the two dummy variables. All regressions include
trader and calendar day fixed effects with the robust ¢-statistics clustered by day
reported in parentheses.

Dependent variable:

Mean SD Skewness Kurtosis
1) ) 3) 4)
treatment*post 2.07 —133.84* 0.03 2,717
(19.85) (69.93) (0.13) (0.75)
fundsize —0.01*** 0.02%* —0.00*** 0.00**
(0.00) (0.00) (0.00) (0.00)
rank 0.01*** —0.03*** 0.00 0.00*
(0.00) (0.00) (0.00) (0.00)
fund FE Y Y Y Y
day FE Y Y Y Y
Observations 2,984 2,984 2,748 2,748
R? 0.55 0.66 0.27 0.56
Adjusted R? 0.52 0.64 0.23 0.54
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Table 1.3: Fund Performance, Risk-taking and Trader’s Skin-in-the-game

This table reports panel regression result of trader’s skin-in-the-game on fund performance

and risk-taking. The sample consists of trader fund-day observations from November 2015
to September 2017 covering 367 trading days. There are four separate regressions with
mean, standard deviation, skewness, or kurtosis of daily profits as the dependent variable
respectively. The fund performance is measured by mean of daily profits and the risk-
taking is measured by kurtosis of daily profits. For a fund on trading day ¢, each dependent
variable in this panel is computed using the future daily profits of the fund starting from
t + 1 trading day up to t + 4 weeks (i.e. a four-week rolling window). The main indepen-
dent variable skin dummy equals one if a trader has skin-in-the-game on day ¢ and zero
otherwise. profit is fund’s daily profit on day t. no-asset dummy equals one if a trader
has zero asset under management on day ¢ and zero otherwise. The other control variables
are defined in Table 1.1. All regressions include trader and calendar day fixed effects with
the robust ¢-statistics clustered by day reported in parentheses.

Dependent variable:

Mean SD Skewness Kurtosis
1) 2) 3) 4)
skin —17.23*** 50.38** 0.04** —0.06™*
(2.62) (6.87) (0.02) (0.03)
fundsize —0.00*** 0.01** —0.00** 0.00***
(0.00) (0.00) (0.00) (0.00)
profit 0.00 0.01 0.00** —0.00
(0.00) (0.01) (0.00) (0.00)
rank 0.00** —0.00** 0.00** —0.00**
(0.00) (0.00) (0.00) (0.00)
rating —4.70%** 18.34* —0.14*** —0.13***
(1.14) (2.81) (0.01) (0.01)
tradedur —0.01* 0.02 0.00 —0.00***
(0.00) (0.02) (0.00) (0.00)
weeks —0.02 —0.27 0.00** —0.00***
(0.01) (0.05) (0.00) (0.00)
win —0.61** 1.89*** —0.01** 0.05**
(0.12) (0.40) (0.00) (0.01)
pips —0.00** 0.00** —0.00 0.00
(0.00) (0.00) (0.00) (0.00)
no-asset —5.03*** 46.12*** 0.28*** —1.19%**
(0.84) (3.92) (0.01) (0.03)
trader FE Y Y Y Y
day FE Y Y Y Y
Observations 1,434,172 1,426,481 894,496 894,496
R? 0.15 0.30 0.20 0.45
Adjusted R? 0.15 0.30 0.19 0.44
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CHAPTER 2
EXCESSIVE EXTRAPOLATION OF INDIVIDUAL FUND INVESTORS

2.1 Introduction

A growing body of literature suggests that investors extrapolate past stock re-
turns: investors’ expectations about a stock’s future return are positively corre-
lated with the stock’s recent past returns'. While the literature has devoted pri-
mary attention to examining extrapolative beliefs with respect to stock market,
there is little large-sample evidence about the return beliefs of individual in-
vestors to delegated assets i.e. investment funds, or about how investors form
extrapolative beliefs besides just from raw past performance. In this paper, I
provide novel micro-level evidence that accounting for past performance and
risk, individual investors also rely on consistency of past performance in mak-
ing fund withdrawal decision. That is investors will stay with (leave) the fund
if recent performance is consistently positive (negative), even though such ex-
trapolative beliefs do not help the investors” future performance. Furthermore,

investors from more developed countries are more subject to extrapolation.

I begin by introducing the data that allow me to examine the existence, de-
terminants and performance consequences of individual fund investors’ extrap-
olative beliefs. The data come from Zulutrade, a major online social trading
platform that connects retail traders (fund managers) with retail followers (in-
vestors) for trading spot forex. Once an investor follows a trader, the platform
copies and executes trades made by the trader into investor’s brokerage account

in real time. The platform is partnered with investor’s brokerage firm, and gen-

'For example, Benartzi (2001); Greenwood and Shleifer (2014); Da, Huang, and Jin (2018)
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erates revenue by receiving fees from the brokerage firm for each trade executed
on investor’s behalf, then the platform splits the revenue with the trader. It is
simple to draw connections between Zulutrade setting and conventional invest-
ment funds: each Zulutrade trader is associated with a distinct fund consisting
of investors” money; similar to an actively managed mutual fund, Zulutrade

trader as the fund manager decides which trades to make on investors” behalf.

Zulutrade is very transparent about each investor’s performance, which al-
lows me to track fund investment, withdrawal and performance at individual
investor level. In particular, I observe all investors of a fund from trader’s pub-
lic profile, then I gather all historical trades from each investor of the fund. The
historical trades are from investor’s public profile, where it shows each trade
transaction timestamped and linked with the identity of trader. These trade
transactions come from investor’s brokerage account. I construct the main sam-
ple based on the investors” historical trading records, where for each investor-
fund pair I aggregate the trades over the investment period into investor-fund-
day observations. This allows me to track daily performance of fund investment
at individual investor level. The constructed sample spans 9 years from Novem-
ber 2007 to December 2016. Overall, there are about 9.6 million investor-fund-
day observations involving about 21 thousand funds and 17 thousand investors
representing more than 160 countries. To my knowledge, this is the only setting
which provides a large sample of individual fund investors at a global scale to

analyze extrapolative beliefs.

I next examine the existence and determinants of extrapolative beliefs.
Specifically, I test the hypothesis that investor expects high (low) performance

if past performance is consistently positive (negative), which predicts that an
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investor will stay with (withdraw from) the fund if recent performance is con-
sistently positive (negative). I model investor’s withdrawal decision by survival
analysis. The model includes multiple observations per investor-fund pair, one
for every trading day until the investor’s withdrawal from the fund. The de-
pendent variable is binary indicating whether investor  withdraws from fund
j on date ¢t. The main independent variables are two separate daily measures of
past performance consistency: the consistency of gains and consistency of losses
of fund investment over the past two weeks. In addition to finding that in-
vestors extrapolate past performance, I find that investors are more (less) likely
to withdraw when experiencing recent consistent losses (gains) after control-
ling for past performance and risk. This evidence is consistent with extrapola-
tive beliefs, in that investor’s expectation about the fund future performance
is strongly positively related to its recent past performance and its performance
consistency. The findings also highlight that extrapolation depends significantly

on past performance consistency in addition to raw performance and risk.

Then I examine whether extrapolation is related to investor’s future perfor-
mance. I use OLS panel regression to test for the relation between past per-
formance and future performance of fund investment. I find that neither con-
sistency of gains nor consistency of losses significantly predicts future perfor-
mance of fund investment, while high recent raw performance significantly
predicts low future performance. Overall, the findings suggest that investors
extrapolate based on past performance consistency in addition to past perfor-
mance, even though past performance and its consistency do not positively
predict the future performance. This provides evidence that investors over-
extrapolate, in that the average belief of investors is not positively related to

the subsequent realized return, suggesting that the extrapolative beliefs are in-
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correct.

Finally, I examine extrapolation and performance predictability within sub-
samples of OECD and non-OECD investors respectively?. I find that fund with-
drawals of the investors from OECD member countries are more influenced by
consistency of either good or poor performance as well as by raw past perfor-
mance than those of the other investors. This suggests that investors from more
developed countries are more subject to extrapolation. Nonetheless, the results
from performance predictions suggest that both groups of investors do not ben-

efit from extrapolation.

My paper contributes to the literature on investor extrapolation, which
posits that investors” expectation of the future return of an asset is a positive
function of the asset’s recent past returns. Such assumption that investors have
extrapolative beliefs is one of the most recognized ideas in behavioral finance.
Theoretical papers have presented models which show that return extrapolation
helps explain a wide range of facts about asset prices including excess volatility,
momentum, and bubbles (Barberis et al., 2015, 2018; Jin and Sui, 2018). Em-
pirical papers have primarily tested extrapolation models by using survey ex-
pectations of investors about future stock market returns, and provide evidence
in support of extrapolation: for the aggregate stock market, Greenwood and
Shleifer (2014), Cassella and Gulen (2018); at individual stock level, Da, Huang,
and Jin (2018) who use data from Forcerank, a crowdsourcing platform for rank-
ing stocks. Moreover, Ertan et al. (2017) use brokerage data on individual in-
vestors to show that individual investors extrapolate stock returns around earn-

ings announcements. In addition, Andonov and Rauh (2018) document that ex-

2The Organisation for Economic Co-operation and Development (OECD) is a group of 36
member countries that promote economic and social policies. The members of the OECD are
mostly developed countries with high-income economies
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trapolative beliefs also affect target asset allocations for institutional investors.
While the literature has established extrapolation in the case of investors to non-
delegated assets like stocks, my study is the first that I am aware of to make this
determination for investors of delegated assets i.e. fund investors who are geo-

graphically diverse.

My findings make two main contributions. First, I show that investors over-
extrapolate fund performance. Their fund withdrawal decisions reflect extrap-
olative beliefs that fund performance trends will persist, but non-positive ef-
fect on subsequent performance demonstrate that these beliefs are incorrect.
Second, I show that extrapolation is not due exclusively to raw performance
since investors also consider the consistency of performance when they extrapo-
late. Both contributions add to our understanding of prior evidence supporting
investor extrapolation. Prior literature has established that stock market par-
ticipants tend to over-extrapolate (Greenwood and Shleifer, 2014; Ertan et al.,
2017; Da, Huang, and Jin, 2018), and I offer evidence that over-extrapolation
is also evident for fund investors. Sirri and Tufano (1998) show that fund in-
vestors infer manager skill from past returns and therefore chase returns; in
the model of Berk and Green (2004), mutual funds face decreasing returns to
scale so that when more funds flow in, past performance does not predict fu-
ture performance. My findings support the interpretation that trend chasing
in mutual funds is not a rational strategy, and demonstrate this at individual
fund investor level. Moreover, the literature on investor experience suggests
that individual experiences of macroeconomic shocks affect investors” expec-
tations Malmendier and Nagel (2011). I demonstrate that investors” personal
experiences of investment performance consistency is also an important factor

in forming expectations.
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The remainder of this paper is organized as follows. Section 2.2 presents
the data, variable definitions, sample construction, and summary statistics. Sec-
tion 2.3 explains the performance consistency measure and survival analysis of
investor’s withdrawal. Section 2.4 studies the existence and determinants of ex-
trapolative beliefs, examines the relation between extrapolation and investor’s
future performance, as well as compares the results for OECD and non-OECD

investors. Section 2.5 concludes the paper.

2.2 Data

2.2.1 Sources

The primary data source is Zulutrade, one of the major online social trading
platforms with over 700,000 registered users focusing mainly on speculative
spot forex trading®. The users consist of two distinct groups: traders and fol-
lowers (investors)*. The traders make the trading decisions (i.e. long or short
a currency pair), and the followers passively copy the exact same trades in real
time through Zulutrade platform® (see Figure A.1). Any individual can regis-
ter as a trader without any license requirements. To become a follower, one
must have a brokerage account from a broker affiliated with Zulutrade and sign
an agreement to authorize Zulutrade’s automated trade execution and a Zulu-
trade markup fee which is incorporated into transaction fees on each trade. In

this way, Zulutrade makes money by collecting its share of the trading trans-

3See Appendix A.2 for more details about the trading instruments.

4An individual can have both a trader and a follower accounts on the platform, but she/he
must sign up the two types of accounts separately.

>both limit orders and market orders are supported for copying.
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action fees from followers’ brokers (1 to 1.5 pips) on each trade (long or short)
copied through Zulutrade. Then Zulutrade splits this revenue to compensate

the traders®.

As a medium between traders and followers, Zulutrade serves two impor-
tant roles: 1. provide publicly accessible performance details about its traders
and 2. provide automated and flexible trader-following settings to followers.
For the first role, it has a transparent interface to rank and showcase the top per-
forming individual retail traders. For any trader listed on the platform, the sum-
mary performance profile as well as complete historical trade record” are open
to public view (see Figures A.2, A.3). For the second role, Zulutrade allows a
follower to follow a portfolio of traders and customize trade size by trader and
by currency pairs. For example, a follower follows Trader A and sets a fixed
0.01 lot size on any EUR/USD trade from Trader A. Then when Trader A opens
a long trade on EUR/USD, Zulutrade will automatically open a long EUR/USD
trade with 0.01 lot in the follower’s brokerage account regardless of Trader A’s
trade size (see Figures A.4, A.5). The trade is executed in real time by Zulutrade

on the follower’s behalf.

The Zulutrade follower data are collected through a scraping program which
captures the publicly available follower profiles. On Zulutrade, a follower pro-
tile is created once the follower links a brokerage account to Zulutrade. The

profile has a permanent ID and stays updated with the corresponding broker-

®Traders are paid 0.5 pip for each trade (long or short) executed in a follower account. At the
end of the month the traders are paid only if they are in profit for the month. They are not paid
during a losing month. This rule was introduced by Zulutrade from November 2011, before that
traders were paid regardless of a winning or losing month. See Appendix A.3 for more details
about the social trading platform business models.

"The trading history of a listed trader is available since the time of his /her registration on the
platform. A trader cannot selectively modify or hide particular trades since the trading record
comes directly from live data feed of trader’s brokerage firm untainted by any trader-side record
manipulation.
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age account with just a few minutes of delay. In the profile, there is a list of
entire historical trades since the follower linked the brokerage account to the
platform. Each trade is timestamped and linked with the identity of whom
opened the trade (i.e. by the follower or by the follower’s chosen traders; see
Figure A.5). By default, the profile is public which allows the follower to share
trading records with peers. To gather the follower profiles, the scraping pro-
gram first visits the profile page of each publicly listed trader; then it compiles
the follower list under the followers section in each trader’s profile, where Zu-
lutrade lists all corresponding followers (including those with private profiles)
of the trader; lastly, it visits each publicly available follower’s profile to obtain
follower’s entire historical trading records. For follower demographics, Zulu-
trade reveals only follower’s country and brokerage firm publicly, which are

also included in the scraped data.

Data on daily foreign exchange rates are obtained from Thomson Reuters. I

use the rates at 5pm New York time every trading day.

2.2.2 Investor, Fund Investment and Withdrawal

To put it in financial terms, each Zulutrade trader is associated with one distinct
fund consisting of money from the followers®. The U.S. dollar balances aggre-
gated across all followers of the trader are the total asset under management
(AUM). Though the platform shows AUM publicly for each fund and lists all
corresponding followers, it does not show any follower’s balance amount and

it does not show if a follower is actively following trader’s trades.

80ne can sign up multiple trader accounts. However, there is no clear way to unravel which
accounts belong to the same individual or to group the funds at the real trader level as Zulutrade
does not disclose the real identity of the trader.
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To address these issues and ensure measurement precision, I determine if a
follower invests in a fund at a particular time using follower’s historical trading
records. I judge investment and withdrawal events by the followed trades from
the trader. A follower is said to become an investor of a fund at the opening time
of his/her first followed trade from the trader of the fund. The follower stays as
an investor if he/she is actively following the trader’s trades. I base follower’s
activeness in following the trader on the number of followed trades each day,
and I treat no followed trades from the trader over 21 consecutive trading days
(one calendar month) or more as an indicator for follower’s withdrawal from
the fund. Specifically, a follower is said to withdraw from a fund each time if
there is at least a 21 consecutive trading day gap, in which the follower neither
has any pre-existing trade nor copies any new trade from the trader. The fol-
lower is said to re-invest in the fund if there is any new followed trade after the

prior withdrawal.

2.2.3 Sample Construction

The main sample is based on the followers” historical trading records, which
were scraped daily in the period of November 2015 to December 2016. As the
main trading instruments are spot forex and precious metals on Zulutrade, fol-
lowers that have only traded spot currencies, gold or/and silver are included
in the analysis’. Overall, there are 19.2 million trades, 17 million of which were
opened by traders with the rest opened by followers themselves. As this paper

focuses on investor’s behavior to performance of fund investment, I direct my

9There are 72 spot currency pairs and 3 spot precious metal pairs included. The excluded
trading instruments include oil, natural gas, equity indices, and cryptocurrencies. About 7% of
the followers are excluded.
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attention to the 17 million trades that were opened by traders.

To construct the main sample, I use the following activeness approach de-
tined previously to determine the period in which a follower is an investor of a
fund, and then aggregate the trades over the period into investor-fund-day ob-
servations. I aim to evaluate daily investment performance in each fund at in-
dividual investor level. As Zulutrade does not show follower’s account balance
publicly, I measure performance in terms of daily net profits (after transaction,
platform and trader fees) instead of daily percentage return. To this end, I first
group trades on each trading day by investor fund pair. Then summing over all
the trades within an investor fund pair, I obtain the total unrealized net profits,
where I use prices from Thomson Reuters to adjust for mark-to-market profits
on each day’s pre-existing trades. The constructed sample spans about 9 years
with the earliest investor fund pair appears in November 2007 with the latest
one up to end of December 2016. In total, there are 9,622,281 investor-fund-
day observations which include 291,724 unique investor-fund pairs consisting

of 17,033 investors and 21,133 funds.

2.24 Summary Statistics

An investor in the data holds a fund for 44 trading days (about 2 calender
months) on average. The sample used in this paper is restricted to include
investor-fund pairs that last at least 10 trading days (2 calendar weeks) because
investors need sufficient time with a fund to form future performance expec-
tation, and very quick withdrawals might be driven by non-performance, non-

fund related factors.
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Table 2.1 provides some summary statistics about the investor-fund pairs
in the sample. On average, during investor’s fund holding period, the perfor-
mance consistency of gains (PosP(C') is 0.12 while the performance consistency
of losses (NegPC) is 0.05 measured over a rolling window of past 10 trading
days. Variables related to reverse disposition effect are gain_all and gain_10days,
which indicate if investor’s cumulative net profits from fund are positive since
the first investing date and the past 10 trading days, respectively. The value
of gain_all means that the average fraction of investor-fund-day observations
at a gain is 0.53 using the first investing date of the fund as the reference pe-
riod. The performance and risk of fund investment are measured by the mean,
standard deviation, and skewness of investor’s daily net profits from fund over
the past 10 trading days. On average, the daily mean profits from a fund are
-$1.51, with $47 standard deviation and positive skewness. Variables related to
investor’s exposure to a fund are trades and position_size, which are investor’s
average number of daily open trades and average trading position size from in-
vesting in fund measured over the past 10 trading days, respectively. Since fund
withdrawal decision is potentially related to whether a follower has invested
in a fund before, the table also includes the number of times of re-investment
(reinvest), if its value is greater than 0, it means the follower has invested in a

fund more than once.
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2.3 Methodology

2.3.1 Performance Consistency Measure

To quantify the performance consistency (PC) of a fund investment, I follow
a methodology motivated by Da, Gurun, and Warachka (2014). In particular, I
use signed versions of PC to examine the consistency of gains and consistency
of losses separately, denoted by PosPC and NegPC. These two measures are

defined below using daily unrealized profits made by the fund for the investor:

(
Y%opos — %oneg  if cumprofit > 0
PosPC = (2.1)

0 otherwise
\

and
4

%neg — %pos  if cumprofit < 0
NegPC = (2.2)

0 otherwise

where cumprofit denotes the cumulative unrealized profits during the for-
mation period; %pos and %neg denote the percentage of days during the forma-
tion period with positive and negative unrealized profits, respectively. PosPC
or NegPC takes on a value between 0 and 1; the larger the value is, the more
consistent are past gains or losses. Notice that PosPC or NegPC' has a time
series property defined by only sign of daily profits. This measure captures the
distribution of daily profits without using the magnitude of daily profits, which

distinguishes it from volatility or skewness that incorporates magnitude.
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2.3.2 Survival Analysis of Investor’s Withdrawal

To investigate investor’s withdrawal decision from a fund, I use survival analy-
sis to evaluate how long investors in the sample typically stay with a fund before
withdrawing. I use a shared frailty model, which extends the Cox proportional
hazards model with a random cluster-specific intercept. A key advantage of the
frailty approach is that it accounts for unobserved heterogeneity across clusters.
In this paper, I use investor-specific cluster as (1) there are repeated observations
per each investor-fund pair over time (2) it is reasonable to assume that some

investors are habitually more prone to withdraw than others.

In the survival analysis, the primary focus is to model the hazard function,
which is the instantaneous rate of occurrence of the event. Here the event of
interest leave;;;=1 if investor ¢ withdraws from fund j on date ¢, and leave,;;;=0
otherwise. The model includes multiple observations per each investor-fund
pair, one for every trading day ¢ until the investor’s withdrawal from the fund.

Correspondingly, the hazard function for the investor ¢, fund j pair is
hij(t) = ho(t) exp(B'Xyje + i) (2.3)

where h(t) is the baseline hazard function which represents the hazard when
Xij+ and o are all zero, X,j; is the vector of covariates, 3 is the vector of regres-
sion coefficients, and «; is the random effect associated with the investor 7. In
terms of the shared frailty v; defined by v; = exp(«;), the hazard function can be
re-written as

hii(t) = ho(t)v; exp(B' Xijt) (2.4)
Assume that the shared frailty v, has a gamma distribution, the model is then

titted by the penalized likelihood method.
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2.4 Extrapolation and Fund Investment Performance

This section contains three parts. I first show that investors in my sample extrap-
olate investment performance from past performance consistency in addition to
past performance and risk. I then show that past performance or its consistency
does not positively predict future performance of fund investment. Lastly, I
show that OECD-investors are more prone to extrapolate than non-OECD in-

vestors, though neither group of investors profits from extrapolation.

2.4.1 Test for Extrapolation

Assume that the investor forms performance expectation based on his/her own
past investment experience with the fund. The extrapolation hypothesis posits
that the investor expects high (low) return if past performance is consistently
positive (negative). Correspondingly, the hypothesis predicts that an investor
will stay with (withdraw from) the fund if recent performance is consistently

positive (negative).

To test this hypothesis, I estimate the shared frailty model shown in Equa-
tion 2.4. The model includes multiple observations per each follower-fund pair
ij, one for every trading day ¢ until the follower i’s withdrawal from the fund
j. The dependent variable leave;;;=1 if follower i withdraws from fund j on
date ¢, and leave;;;=0 otherwise. The main independent variables are PosPC
and NegPC shown in Equations 2.1 and 2.2, which respectively measure the
positive and negative performance consistencies of fund investment j from the

perspective of follower i over t—1 to ¢t —10 trading days (i.e. the past two weeks).
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The coefficient on PosPC or NegPC reflects the change in the hazard rate
when the fund investment performance is consistently good or poor. In Table
2.2 (a), a negative coefficient on PosPC implies that investors are less likely to
withdraw when experiencing recent consistently good performance. A positive
coefficient on NegPC' implies that investors are more likely to withdraw when
experiencing recent consistently poor performance. The coefficients on both
PosPC and NegPC are negatively and positively significant, respectively with

p-values less than 0.01. This indicates extrapolation.

Table 2.2 (b) adds a set of controls that may correlate with the withdrawal
decision. The additional indepdent variable gain_all equals one if investor’s
current cumulative net profits from a fund since the investment starting date
are positive, otherwise zero; gain_10days equals one if investor’s cumulative
net profits from the fund are positive over the past 10 trading days, otherwise
zero. These two gain dummy variables are included to account for potential
reverse-disposition effect in delegated assets as motivated by literature (Chang,
Solomon, and Westerfield, 2016). To control for investment performance and
risk, the independent variables mean, sd and skewness refer to the mean, stan-
dard deviation, and skewness of investor’s net profits (in 10,000s dollars) from
fund j measured over the past 10 trading days, respectively. I add an interaction
term gain_10days * sd to the model as I observe that the effect of standard devia-
tion on investor withdrawal differs when facing recent gains vs. losses. To con-
trol for investor’s exposure to the fund investment, the independent variables
trades and position_size are investor’s average number of daily open trades and
average trading position size (in 10,000s dollars) resulting from the fund invest-
ment measured over the past 10 trading days, respectively. The two variables

trades and position_size can also proxy for investor’s account size and leverage.
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In both specifications Table 2.2 (a) and (b), the coefficient on PosPC' or
NegPC'is qualitatively similar and statistically significant at the 1% level. The
results confirm that investors rely on past performance consistency for with-
drawal decision. Moreover, the negatively significant coefficient on mean im-
plies that investors are less likely to withdraw when getting higher past per-
formance. This is in line with the notion that investors extrapolate from past
performance. Interestingly, in my sample standard deviation of profits appears
to have an asymmetric effect on investor withdrawal. The effect of standard de-
viation on withdrawal is —1.245+1.509* gain_10days. When experiencing losses
in the last two weeks or gain_10days = 0, so the effect of standard deviation is
—1.245 suggesting that investors are less likely to leave a fund if standard devia-
tion is large. When experiencing gains in the last two weeks or gain_10days = 1,
the effect of standard deviation is —1.245 + 1.509 * 1 = 0.264 suggesting that
investors are more likely to leave a fund if standard deviation is large. This
implies that investors tend to tolerate more performance volatility when facing

losses, but not so much when facing gains.

2.4.2 Test for Performance Predictability

To test for the relation between measures of past performance and future per-
formance of fund investment, I use OLS panel regression incorporating investor

and time fixed effects as follows:
profitiji = B Xije + o + 1 + €3 (2.5)

where profit;; 41 is the unrealized dollar net profit of follower i’s investment in
fund j on the next trading day. X;;; denotes the vector of covariates. a; and

denote investor and day-of-the-week fixed effects, respectively.

40



Table 2.3 reports the regression results from Equation 2.5. The coefficient
on either PosPC or NegPC is insignificant and this suggests past performance
consistency does not predict future performance. In addition, the coefficients
on investment risk measures such as sd and skewness are also insignificant.
However, the coefficient on past investment performance mean is significantly
negative at 5% level indicating performance reversal. Also gain_all is signifi-
cantly negative at 1% level and gain_10days is weakly significantly positive at
10% level, which provide mixed evidence about the link of investor’s reverse-
disposition effect to future performance. In addition, the significantly negative
coefficients on trades and position_size indicate investor with higher exposure

to the fund investment also has lower future performance.

Combined with earlier finding on extrapolation, the result suggests that the
past performance consistency on fund investment has a significant effect on
subsequent withdrawal decision, even though it does not help predict the fu-
ture performance. This is consistent with the over-extrapolation hypothesis, in
which investors extrapolate based on past performance sequence and do not

benefit by doing so.

2.4.3 OECD vs. Non-OECD Investors

In this subsection, I test extrapolation hypothesis and performance predictabil-
ity within subsamples of OECD and non-OECD investors respectively. Table
2.4 reports the hazard estimates from Model 2.4 by investor group. The OECD
investors have lower coefficient on PosPC' and higher coefficient on NegPC
than the non-OECD investors. This implies that fund withdrawals of OECD

investors are more sensitive to performance consistency. The OECD investors
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also have lower coefficient on mean, which suggests that OECD investors also
extrapolate more from past performance. The likelihood-ratio tests confirm that
each of the three coefficients on PosPC, NegPC, and mean is significantly dif-

ferent between the two groups of investors at 1% level™.

Table 2.5 reports the OLS estimates from Model 2.5 by investor group. For
both investor groups, effects of positive and negative performance consistencies
as well as standard deviations of performance are not significant. For OECD
investors, past performance is not significantly related to future performance,

whereas for non-OECD investors past performance is negatively correlated.

The findings suggest that extrapolation influences more on investors from
more developed countries, though it does not help with future performance for

either group of investors.

2.5 Conclusion

Recent literature has increasingly recognized the role of investor extrapolation
in asset allocation and asset pricing. Using novel brokerage data from Zulu-
trade a social trading platform, I provide empirical evidence that investors over-
extrapolate based on past fund performance, and that besides raw performance,

past performance consistency is salient to investors when forming expectations.

9To compare coefficients between two groups, I conduct likelihood-ratio test for each coeffi-
cient of interest respectively. Suppose the coefficient is on PosPC. I test goodness-of-fit between
two models. Model 1 uses full sample (both OECD and non-OECD investors), all current co-
variates plus OECD, an indicator variable that takes 1 for OECD investor and 0 otherwise.
Model 2 adds an interaction term OEC D x PosPC to Model 1. Let In(L;) and In(L2) be the max
log likelihood of Models 1 and 2, respectively. The test statistic is 2 * (In(L1) — In(L2)), which
approximately follows a Chi-Square distribution with 1 degree of freedom
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The micro-level data allow me to link fund withdrawal to past performance
at individual investor level. I find evidence consistent with extrapolative be-
liefs, in that investors not only extrapolate past performance, but also are more
(less) likely to withdraw when experiencing recent consistent poor (good) per-
formance after controlling for past performance and risk. This finding, com-
bined with the later result that past performance, its consistency and volatil-
ity are non-positively related to future performance, suggests that extrapolative
fund investing is unprofitable. That is investors over-extrapolate past fund per-
formance. This effect of extrapolation on fund withdrawal is particularly pro-

nounced for OECD-investors in contrast to non-OECD investors.

This study is the first that I am aware of to examine extrapolation for indi-
vidual fund investors on a global scale. My findings generalize extrapolation
behavior in non-delegated assets such as stocks to delegated assets such as mu-
tual funds. I also propose that performance consistency could play a role in
future research on extrapolation. The findings are also of interest to regulators.
In the U.S., the Securities and Exchange Commission (SEC) currently requires
funds to tell investors that a fund’s past performance does not necessarily pre-
dict future results. In light of the findings in this research, asset management
tirms should add that a fund’s past performance, past performance consistency,

and past performance volatility do not necessarily predict future results.
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2.6 Tables

Table 2.1: Summary Statistics for Investor-fund Pairs

This table reports summary statistics for positive performance consis-
tency (PosPC), negative performance consistency (NegPC'), reverse
disposition effect measures (gain_all and gain_10days), performance
and risk (mean, sd and skewness), fund exposure measures (trades
and position_size) as well as the number of times of re-investment
(reinvest). The sample is based on the constructed daily panel of
investor-fund pair observations from Nov. 2007 to Dec. 2016. PosPC
and NegPC' are defined in Equations 2.1 and 2.2, which respectively
capture the positive and negative consistencies of investor’s daily net
profits from fund over the past 10 trading days. gain_all equals one
if investor’s cumulative net profits from fund since the first investing
date are positive on day ¢, otherwise zero; gain_10days equals one if in-
vestor’s cumulative net profits from fund are positive over the past 10
trading days, otherwise zero. mean, sd and skewness refer to the mean,
standard deviation, and skewness of investor’s daily net profits from
fund measured over the past 10 trading days, respectively. trades and
position_size are investor’s average number of daily open trades and
average trading position size from investing in fund measured over
the past 10 trading days, respectively. reinvest is the number of times
investor has invested in the fund in the past as of day ¢.

Mean Median Pctl25 Pctl75 SD
PosPC 0.12 0.00 0.00 0.20 0.21
NegPC 0.05 0.00 0.00 0.10 0.17
gain_all 0.53 1.00 0.00 1.00 0.50
gain_10days 0.52 1.00 0.00 1.00 0.50
mean ($) -1.51 0.10 -2.09 1.97 94.37
sd 47.00 9.43 3.65 27.19 304.65
skewness 0.01 -0.01 -0.74 0.73 1.20
trades 3.41 1.90 1.00 4.00 5.18
position_size ($) 4,201.24 1,286.06 870.95 2,553.68 23,056.94
reinvest 0.16 0 0 0 0.53
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Table 2.2: Test for Extrapolation: Hazard Estimates

This table presents estimates of the determinants of the hazard rate to
fund withdrawal using the shared frailty model below:

hij (t) = ho(t)l/l exp(ﬂlposPC’iﬁ + 52NegPC'ijt + B/Xijt)

ho(t) is the baseline hazard function. v; is the shared frailty associated
with the investor i. The dependent variable leave is one for the (in-
vestor, fund, and trading day) triplet if investor ¢ withdraws from fund
j onday t, otherwise zero. The main independent variables are PosPC
and NegPC', which respectively capture the positive and negative con-
sistencies of investor ¢’s daily net profits from fund j over the past 10
trading days (i.e. t — 1 to ¢ — 10). The rest of the independent variables
are described in Table 2.1, but the variables mean, sd, and position_size

here are measured in 10,000s of dollars. ***, ** and * denote statistical
significance at the 1%, 5% and 10% levels respectively.

(a) (b)
PosPC —1.499*** —0.660***
(0.015) (0.018)
NegPC 0.965*** 0.503***
(0.012) (0.013)
gain_all —0.523***
(0.006)
gain_10days —0.276"**
(0.008)
mean —3.639***
(0.414)
gain_10days*sd 1.509*
(0.341)
sd —1.245%*
(0.221)
skewness —0.082***
(0.003)
trades —0.006***
(0.001)
position_size —0.003
(0.002)
reinvest —0.095***
(0.005)
Observations 7,227,740 7,016,000
Investors 15,073 15,073
Funds 12,086 12,086
Investor-fund pairs 163,774 163,768
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Table 2.3: Test for Performance Predictability: OLS Estimates

This table presents results from the following OLS regression:
profitijii1 = P1PosPCij + BaNegPCijy + B' Xiji + ay + 1y + €ije

The dependent variable profit;; 11 is the unrealized net profit of fol-
lower i’s investment in fund j on the next trading day. The main inde-
pendent variables are PosPC' and NegPC, which respectively capture
the positive and negative consistencies of investor i’s daily net profits
from fund j over the past 10 trading days. The rest of the indepen-
dent variables are described in Table 2.1. Investor and day-of-the-week
tixed effects are o; and 7, respectively. Robust standard errors double-

clustered by investor and day are reported in parentheses. ***, ** and *
denote statistical significance at the 1%, 5% and 10% levels respectively.

PosPC 0.952
(2.201)
NegPC 1.950
(2.742)
gain_all —1.518***
(0.558)
gain_10days 2.189*
(1.160)
mean —0.113*
(0.054)
sd —0.007
(0.021)
skewness —0.183
(0.362)
trades —0.649*
(0.124)
position_size —0.0005***
(0.0001)
Investor FE Y
Day-of-the-week FE Y
Observations 6,838,920
Investors 14,880
Funds 11,636
Investor-fund pairs 156,892
R? 0.004
Adjusted R? 0.001
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Table 2.4: Test for Extrapolation: Hazard Estimates by Investor Group

This table presents estimates of the determinants of the hazard rate to
fund withdrawal using the shared frailty model described in Table 2.2.
OECD column presents hazard estimates for the subsample consisting
of investors from OECD member countries, and non-OECD column
presents hazard estimates for the subsample consisting of the rest of
investors. ***, ** and * denote statistical significance at the 1%, 5% and
10% levels respectively.

OECD non-OECD
PosPC —0.660*** —0.653***
(0.023) (0.032)
NegPC 0.523*** 0.451***
(0.016) (0.022)
gain_all —0.544* —0.484*
(0.007) (0.010)
gain_10days —0.280"** —0.271*
(0.010) (0.014)
mean —4.752%* —3.193***
(0.655) (0.622)
gain_10days*sd 1718 1.548*
(0.502) (0.491)
sd —1.360*** —1.224***
(0.304) (0.344)
skewness —0.081*** —0.084***
(0.003) (0.004)
trades —0.007*** —0.005***
(0.001) (0.001)
position_size —0.003 —0.006*
(0.002) (0.003)
reinvest —0.088*** —0.107***
(0.006) (0.010)
Observations 5,036,891 1,979,109
Investors 8,609 6,464
Funds 9,128 6,967
Investor-fund pairs 108,227 55,541
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Table 2.5: Test for Performance Predictability: OLS Estimates by Investor Group

This table presents results from the OLS regression described in Table
2.3. OECD column presents OLS estimates for the subsample consist-
ing of investors from OECD member countries, and non-OECD col-
umn presents OLS estimates for the subsample consisting of the rest of

investors. ***, ** and * denote statistical significance at the 1%, 5% and
10% levels respectively.

OECD non-OECD
PosPC —0.573 2.490
(1.959) (2.958)
NegPC 4.099 —1.016
(2.681) (3.218)
gain,all —1.382%** —2.273*
(0.470) (1.203)
gain_10days 1.162 3.666™*
(1.047) (1.592)
mean —0.052 —0.155***
(0.040) (0.055)
sd —0.012 —0.005
(0.027) (0.020)
skewness —0.283 —0.184
(0.316) (0.509)
trades —0.658*** —0.564***
(0.206) (0.170)
position_size —0.0004"** —0.001**
(0.0001) (0.0003)
Investor FE Y Y
Day-of-the-week FE Y Y
Observations 4,919,346 1,919,574
Investors 8,520 6,360
Funds 8,798 6,675
Investor-fund pairs 104,030 52,862
R? 0.003 0.004
Adjusted R? 0.002 0.001

48



CHAPTER 3
MEDIA SENTIMENT IN A MOBILE ERA

3.1 Introduction

There are a number of studies that document the predictive value of media sen-
timent on stock market reactions’. However, one aspect for this influence is less
explored: the question of how investors get the news. A 2017 survey conducted
by the Pew Research Center finds that 85% of U.S. adults get their news on a mo-
bile device at least some of the time with higher usage among younger groups
of adults, and nearly two-thirds of those who get news on both mobile and
desktop prefer mobile’. However, attention to news is significantly different
across mobile and desktop users (Dunaway et al., 2018). As most mobile usage
is done on the go, people reading news on mobile spend less than one-third as
much time compared to when reading news on desktop®. Research also sug-
gests that information is harder to process due to the smaller screens of mobile
devices (Kim and Sundar, 2016). Overall, mobile users are mostly characterized
as young with limited attention. Their reaction to financial news provides an

interesting setting to test theories of media sentiment.

Motivated by the increasingly mobile trend in digital news consumption,
this paper proposes novel measures of media sentiment based on Google mo-

bile and desktop search results, and posits that mobile users are less informed

'For example, Barber and Loeffler (1993); Huberman and Regev (2001); Tetlock (2007); En-
gelberg and Parsons (2011); Garcia (2012); Chen et al. (2014)

2See more at http://www.pewresearch.org/fact-tank/2017/10/04/key—
trends—-in-social-and-digital-news-media/

3The differences in mobile and desktop users’ browsing habits come from a report
from Taboola, an online marketing company. See more at https://blog.taboola.com/
desktop-vs-mobile-getting-traffic-want/
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than desktop users, therefore more likely to move prices away from fundamen-
tals affecting future stock returns and liquidity. In particular, I construct mo-
bile and desktop media sentiments respectively using unique web scraped data,
which consist of actual Google search results on both mobile and desktop plat-
forms. My choice of Google is motivated not only by Google’s popularity as the
largest search engine but also by its increased focus to optimize mobile search as
most people today search Google from mobile*. Interestingly, when searching
the same term about a stock on mobile and desktop, Google sometimes returns
drastically different search result contents. This is because Google uses a differ-
ent searching algorithm on mobile devices that (1) prioritizes fast and mobile-
friendly website’ (2) crawls content from the mobile version of a website which
sometimes however carries content different from its desktop version (e.g. see

the differences in the top three results in Figure 3.1 and Figure 3.2).

According to the Pew Research Center, about 20% of the time online news
consumers get their news from search engines while most of the time (about
36%) they get it directly from a news website. I posit that views expressed about
stocks from Google search have the largest impact on naive individual or retail
investors as opposed to sophisticated traders who have access to better sources
of information. Given that mobile users are generally younger, they are likely
to be more overconfident (Barber and Odean, 2001). They are also more likely
to be distracted making decisions based on limited absorbed information. As
such, I expect sentiment of mobile users is better correlated with stock market

reactions than that of desktop users. In this paper, sentiment refers to the level

4Gee more at https://techcrunch.com/2017/12/20/googles-mobile—-first—
search-index—has-rolled-out-to-a-handful-of-sites/

°In February 2016, Google began to favor AMP sites in ranking mobile search results. AMP-
enabled sites use Google’s Accelerated Mobile Page technology to load up pages significantly
faster than regular mobile pages.
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of beliefs of irrational traders or noise traders relative to that of rational traders
(De Long et al., 1990a). Following the empirical evidence reported in Tetlock
(2007), I expect negative sentiment predicts return reversal at longer horizons,
as noise trading or trading based on non-information-based reasons (e.g. lig-
uidity needs) should affect short-term returns that will be reversed in the long
run. Also, models of noise traders predict that unusually high or low values of
sentiment will generate high volume from noise trading (De Long et al., 1990a;
Campbell, Grossman, and Wang, 1993). In the models of Glosten and Milgrom
(1985) and Admati and Pfleiderer (1988), increased noise trading decreases the
market maker’s adverse selection cost leading to increased liquidity reflected by
lower spreads and more depth; Bloomfield, O’'Hara, and Saar (2009) presents ex-
perimental evidence in support of this view. Consequently, I hypothesize that
at individual stock level, high negative sentiment will forecast higher abnor-
mal returns, and large absolute differences in negative sentiment will forecast
higher liquidity with lower spread and higher volume, and the effects should

be stronger from mobile users.

In my empirical work, to quantitatively measure the interactions between
Google search results and stock market, I first conduct textual analysis using
the text content of stock-specific search results for each stock in the S&P 500
index. The mobile and desktop media sentiments of a stock are computed by
using its mobile and PC desktop results, respectively. The text content consists
of the top 30 search results about the stock (equivalent to first 3 pages of re-
sults). The search term is the stock ticker plus the word “stock” (e.g. “MCHP
stock” for Microchip Technology) as motivated by literature (Da, Engelberg, and
Gao, 2011). On each calendar day after 9:30 a.m. New York time, the search is

performed on mobile and desktop platforms, respectively. My sample ranges
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from late August 2017 to December 2018 covering 330 trading days. In con-
trast to the traditional sentiment analysis methods in prior literature (Tetlock,
2007; Loughran and McDonald, 2011), this paper harnesses the advantages of an
open source Python package VADER (Valence Aware Dictionary and sEntiment
Reasoner), a popular lexicon and rule-based natural language processing tool
specifically attuned to sentiments expressed in microblog-like contexts. Com-
pared to the traditional method that calculates the fraction of words classified
as positive or negative based on a fixed dictionary, VADER provides some key
improvements: (a) capture both the polarity (positive or negative) as well as the
intensity (e.g. “good” vs. “great”). (b) use syntactical cues to handle negation
(e.g. “not good”). Moreover, unlike the data sources of prior literature which
are mostly financial in nature, Google are more microblog-like indexing short
truncated content from a variety of websites including blogs, forums, social and
tinancial news media. Hence VADER is well-suited to have a precise gauge of

sentiment in such context.

I then estimate the intertemporal links between mobile or desktop sentiment
and stock market building on Tetlock (2007) who uses vector autoregressions
(VARs). In this paper, the main variables for measuring stock market activ-
ity are abnormal returns, effective bid-ask spread and volume (turnover ratio).
Different from Tetlock (2007)’s focus on a time series - Dow Jones index, I have
a panel data structure as I observe multiple stocks each day and over time.
For this reason, I adopt panel VARs method for my analysis which also cap-
tures time-invariant unobserved heterogeneity across both firms and days of
the week. For estimation of the VAR model, I use equation-by-equation OLS
which is equivalent to Granger causality test (Granger, 1969). An advantage

of this approach is that I'm able to examine the mutual Granger causality or
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one-directional Granger causality between sentiment and different indicators of

market activity.

This paper’s key findings are that high levels of negative mobile or desktop
sentiment predict higher abnormal returns in the following week with mobile
serving as a more significant predictor than desktop; for liquidity, high abso-
lute differences in negative sentiment have a significantly negative impact on
the next trading day’s spread with mobile being more significant than desktop;
however, there is suggestive evidence that only mobile sentiment has impact on
volume. These findings suggest that views expressed in Google search results
reflect investor sentiment. Furthermore, I show that the return reversal pre-
diction from negative sentiment is mainly driven by stock over-pricing rather
than under-pricing. More specifically, as investors become less pessimistic or
more optimistic, the stock is over-priced and will later revert back to its fun-
damental value (i.e. lower future returns), whereas as investors become more
pessimistic, the stock is unlikely to be under-priced and have reversal. This
supports the view that short sale constraints limit the ability of rational traders
to correct overpricing. In addition, the effect of mobile sentiment on returns
becomes more pronounced than desktop sentiment in stocks of high retail in-
terests. The findings also provide suggestive evidence that mobile users help
supply liquidity resulting in lower spreads on the next trading day. To compare
the respective roles of mobile and desktop, I include lags of mobile and desktop
sentiments together for prediction, the coefficients on the lags of mobile sen-
timent are often more significant. Clearly, mobile sentiment serves as a more
prominent predictor for market reactions than desktop. This supports the idea
that mobile users are more susceptible to the influence of media sentiment. One

potential explanation is that the young naive demographic combined with short
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attention span associated with mobile use result in less informed trading. Such
interpretation points to the growing importance of addressing mobile media

when evaluating the effect of media sentiment.

To examine if my sentiment measures reasonably proxy for investor senti-
ment, I use past market behavior to predict the values of my sentiment mea-
sures. I find that negative abnormal returns predict more negative sentiment,
which implies positive feedback trading which seeks to capitalize on an initial
price move by buying when price rises and selling when price falls (De Long
et al.,, 1990b). Also high spread predicts more negative sentiment, which sup-
ports the notion that investors dislike illiquidity. In addition, high trading vol-
ume increases negative sentiment, which could suggest that high volume stocks
exhibit glamor characteristics with lower future returns leading to more nega-

tive future sentiment (Lee and Swaminathan, 2000).

The paper most similar to mine is Joseph, Babajide Wintoki, and Zhang
(2011), who study the market abnormal returns and volume forecasting abil-
ity of the investor sentiment using public search volume index (SVI) data from
Google Trends. My study differs in the type of data and methodologies. I use
unique data of actual observed Google search results which differentiate be-
tween mobile and desktop platforms. I expect the actual content of search re-
sults reveals additional information because the tone of results can lead to dis-
agreement in beliefs which in turn leads to trading. Also the separate treatment
of mobile and desktop contents is novel to my study as I demonstrate mobile

plays a more significant role in the domain of financial markets nowadays.

Moreover, the paper provides suggestive empirical evidence that links lig-

uidity to sentiment. A related study is Liu (2015) who uses survey-based in-
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vestor sentiment index and shows that high sentiment increases market lig-
uidity. Unlike the market-wide sentiment index and liquidity in Liu (2015), I
measure sentiment at the individual stock level, and in addition to turnover, I
construct a high quality stock-level liquidity measure using the national best bid
and offer (NBBO) prices and trades from NYSE Daily Trade and Quote (DTAQ)
data. This allows me to examine how sentiment interacts with liquidity more

granularly over time.

The remainder of this paper is organized as follows. Section 3.2 presents the
data, sentiment analysis method, stock market variables and summary statis-
tics. Section 3.3 examines the relation between sentiment and stock return. Sec-
tion 3.4 examines the relation between sentiment and stock liquidity. Section 3.5

concludes the paper.

3.2 Data

This study uses data collected from stock ticker search results from Google, fi-
nancial data from Compustat and the Center for Research in Security Prices
(CRSP), as well as daily trade and quote data from NYSE DTAQ. The sample

period is from August 2017 to December 2018.

3.2.1 Google search

I used a program to automatically search the tickers of all stocks in the S&P 500
index on Google and extract the text content of search results every day. The

search term is the stock ticker plus the word “stock”, for example for Microchip
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Technology, it’'s “MCHP stock.” Since Google search algorithm treats mobile
and personal computer (PC) users differently®, the same term is searched on
both android phone and desktop PC platforms respectively. To control for in-
fluence of user’s location on search results, the location on both platforms is set

to be Wall Street in New York City.

For each stock ticker, I focus on three sections on its search results page to
form the text corpus: the results section which includes anchor text (i.e. link ti-
tle) and snippet of the results, the news section (if available) which includes text
of stock-specific news headlines, the related searches section (if available) which
includes related search terms. For the results section, a conventional Google
page shows 10 results at default, I increase the limit to 30 results which amount
to pooling results from three conventional pages. I extract the anchor texts and
snippets from all the results to form the text corpus. For the news section, some-
times Google may display headlines of news or top stories related to the stock
ticker at the top of the results page; the news are stock-specific and are typically
sourced from financial news websites. For the related searches section, Google
often display keyword suggestions that are relevant to the searched stock ticker
at the bottom of the results page. Overall, the text content of the results section
makes up the main text corpus, which is combined with news headlines and

related searches if any of those sections is available.

On each trading day, each stock has two platform-dependent sentiment mea-
sures constructed separately from the text corpus of mobile search results and
of PC search results on that day. For non-consecutive trading days, when the
market was not open, I first find the previous trading day and then assign it

the average of the daily sentiment measures since that day until the market

6See footnote 5
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next opens. The platform induced variation in Google results is stressed here as
sometimes it leads to notably different sentiment scores. For instance, “MCHP
stock” (i.e. Microchip Technology stock) is associated with its mobile sentiment
scores in Figure 3.1 and its PC sentiment scores in Figure 3.2 on March 6th, 2018.
In this example, PC results have lower negative intensity and higher positive in-
tensity than the corresponding mobile results. This is partly because PC results
show the positive phrase “designed with customer innovation in mind” repeat-
edly in the result snippets ranked numbers 2 and 3. In contrast, such phrase

does not appear in mobile results.

3.2.2 Sentiment analysis using VADER

In natural language processing, there are two major approaches to conduct sen-
timent analysis: machine learning methods and lexicon-based methods (Guo,
Shi, and Tu, 2016). The machine learning (ML) methods often use supervised
classification framework training classifiers with labeled data. For instance,
Antweiler and Frank (2004) start by manually classifying 1,000 messages from
stock message boards to train a Naive Bayes classifier which is then imple-
mented out-of-sample. In textual analysis the same word could change mean-
ing in different contexts, the ML methods work well when the training data
have researchers’ desired context (e.g. train with blog posts labeled with good,
neutral or bad to classify unlabled blog posts, train with Twitter stock tweets
labeled with buy, hold or sell to classify unlabeled stock tweets). Depending on
the context of interest, training data might not be readily available and manual
classification would be then required to first construct the training data. Unlike

the ML methods, the lexicon methods don’t need to train but instead use prede-
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fined lists of words, in which each word is associated with a specific sentiment.
The lexicon methods are quite common for evaluating sentiment in prior liter-
ature. Tetlock (2007) uses the Harvard IV-4 psychosocial dictionary. Loughran
and McDonald (2011) have compiled positive and negative word lists designed
for use in financial context. Prior literature often follows a lexicon-based textual
analysis that calculates the fraction of words classified as positive or negative
based on a fixed dictionary. However, there are some drawbacks with this sim-
ple technique such as not capturing the intensity of positivity or negativity (e.g.
“good” vs. “great”, “bad” vs. “very bad”) and unable to handle negation (e.g.

“not good” or “not bad”).

To have a more precise gauge of sentiment, this paper uses VADER (Valence
Aware Dictionary and sEntiment Reasoner) which is a popular lexicon-based
method combined with five rules based on grammatical and syntactical cues
to convey changes to sentiment intensity (Hutto and Gilbert, 2014). The sen-
timent lexicon used in VADER is sensitive to both the polarity and the inten-
sity of sentiments (e.g. “great” has higher positive ratings than “good”). The
lexicon is also gold-standard quality attuned especially to microblog-like con-
texts and has been validated by humans. The five rules used in VADER include
treatments for: (1) punctuation (e.g. intensity is increasing in the number of
exclamation points “!”s); (2) capitalization (e.g. “GOOD” is more intense than
“good”); (3) degree modifiers (e.g. “very good” is more intense than “good”);
(4) contrastive conjunction “but” to shift the polarity (e.g. “American Airlines
Group holds several positive signals, but we still don’t find these to be enough
for a buy-recommendation” has mixed sentiment, with the latter half after “but”
dictating the overall rating.); (5) tri-gram examination to identify negation (e.g.

“this company is not effective at turning revenues into bottom line profit” where
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1A

in the tri-gram “is not effective”, “is not” which precedes the positive word “ef-

fective” signals negation and the polarity is flipped into negative).

The paper makes use of VADER python library computing multidimen-
sional sentiment scores for a given text corpus: positive, negative and neutral.
The three scores are ratios for proportions of text that fall in each category. As
mentioned earlier, the simple lexicon method divides total number of positive,
negative or neutral words by the total number of words to compute positive,
negative, or neutral scores. VADER computes the scores differently dividing
the total magnitude of positive, negative, or neutral intensity by the total mag-
nitude of intensity. Just like the scores from the simple method, VADER'’s scores

range from 0 to 1 with the three add up to be 1.

As literature on textual analysis is growing, it has become increasingly im-
portant to choose a transparent, replicable and suitable method when translat-
ing text into quantitative measures. A recent survey paper Loughran and Mc-
Donald (2016) points out “the best way to avoid the numerous and substantial
tripwires in textual analysis is to carefully consider the ability of a program,
word list, and statistical method to work effectively in the specific context of
application.” Since VADER appears to be a nascent method to finance litera-
ture, this study justifies using VADER for two main reasons. (1) VADER lexicon
performs exceptionally well in the social media context comparable to individ-
ual human raters and also adapts well in diverse contexts (Hutto and Gilbert,
2014). A recent benchmark study on 24 sentiment analysis methods (lexicon
or ML-based) find VADER performs the best in 3-class classification (i.e. posi-
tive, negative and neutral) using testing data including Twitter tweets, BBC and

New York Times comments (Ribeiro et al., 2016). In this paper, the text content
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of search results are compiled by Google from a variety of websites not limiting
to financial news media which are the general focus of prior literature. Thus, I
consider social media to be a suitable context, and posit that VADER is appro-
priate for this study. (2) unlike ML methods, VADER is purely lexicon-based,
non-black-box, easily replicable and more computationally efficient. It also does
not require training data which could be a labor intensive to acquire or construct
and sometimes error prone process (e.g. due to lack of representative word fea-

tures in the training data).

3.2.3 Abnormal returns, effective spread and volume

The abnormal returns are defined as the difference between raw returns and
returns on a value-weighted portfolio of firms with similar size, book-to-market
ratio, and past returns (Daniel et al., 1997). In particular, I follow the appendix
in Daniel et al. (1997) to construct 125 portfolios based on a conditional triple-
sort first on quintiles of every U.S. firm’s market equity value, then further on
quintiles of book-to-market ratio, and finally on quintiles of momentum; the
portfolios are re-sorted every year in July. The market value and firm financial
data are from CRSP and Compustat databases. To calculate the abnormal return
of a stock in my sample on date ¢, I first find its matched portfolio and subtract

the date ¢ value-weighted return of the portfolio from the stock’s raw return.

To construct the effective spread, I use DTAQ data, which include all trades
and quotes for stocks traded on NYSE, Nasdaq and the regional exchanges. For
a given stock-day, I follow Holden and Jacobsen (2014) to construct NBBO prices
and clean the trades. I match a given trade to the NBBO that was in effect one

millisecond earlier (i.e. a one millisecond lag). I use Lee and Ready (1991) con-
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vention to determine if the trade is a buy or a sell. Then I calculate the dollar
effective spread for the trade, which is 2D(P — M) where D is a dummy variable
that equals +1 if the trade is a buy and -1 if the trade is a sell, P is the traded
price, and M is the midpoint of the NBBO quotes matched to the trade. Lastly,
I average across all the trades to get the daily effective spread for the stock. As
the level of spread is not stationary, I focus on log difference of spread which

approximates the percentage change in spread in regressions.

For volume measure, I use log value of stock daily turnover ratio and follow
a detrending methodology based on Campbell, Grossman, and Wang (1993) be-
cause the level of log turnover is not stationary. Specifically for a given stock on
date t, I first compute the volume trend as a rolling average of its past 30 days

of log turnover, and then subtract the volume trend from date t’s log turnover.

3.24 Summary statistics

The sample encompasses 379 U.S.-based S&P 500 stocks covering 330 trading
days from August 2017 to December 2018”. There are 116,254 stock-trading day

observations.

Table 3.1.A shows summary statistics for sentiment scores computed sepa-
rately from mobile and PC search results. The average negative sentiment score
for mobile is 1.83%; and the average positive score for mobile is 6.20%. In com-
parison, the average negative sentiment score for PC is 1.79%; and the average

positive score for PC is 6.15%. The correlation between negative mobile and

7Stock selection follows Campbell et al. (1997), in which U.S.-based stocks are identified as
the subset of securities that have a share code (SHRCD field in CRSP) value of either 10 or 11;
the stocks in the sample must also have sufficient information to compute book-to-market ratio
for the fiscal year.
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negative PC sentiment scores is 0.922. The correlation between positive mobile
and positive PC sentiment scores is 0.951. Despite the high correlations, I find
sentiment difference between the two platforms, either negative or positive, is
significantly different from 0 at the 5% level. That is on average for a given
stock, mobile search results have higher negative intensity and higher positive

intensity than corresponding PC results.

Table 3.1.B shows summary statistics for the main variables used in this
study for measuring stock market activity. On average for a stock, abnormal re-
turns are slightly negative, effective spread is about 3 cents and daily turnover

ratio is 0.9%.

3.3 Sentiment and Returns

I run the main regressions to test whether the sentiment predicts future returns
at the individual stock level. Following the literature, I focus on the negative
sentiment® (Tetlock, 2007; Loughran and McDonald, 2011). I adopt a panel vec-
tor autoregressive (Panel VAR) framework in which I simultaneously estimate
the relationship between returns and the negative sentiment. All VAR estimates
include all lags up to 5 trading days prior to market activity. The endogenous
variables in the VAR are individual stock’s abnormal returns (ARet), negative
mobile sentiment score (neg,,,) and/or negative PC sentiment score (neg,.). 1
define a lag operator L5 to transform any variable z, into a row vector consisting

of the five lags of x; (i.e. L5(x;) = [24—1 T1—2 T4—3 Tp_a T4_5)).

The VAR model can be expressed as a system of equations estimated

8In separate tests, I observe insignificant predictability for positive sentiment.
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equation-by-equation using standard ordinary least squares (OLS). Such esti-
mates are consistent without the need to assume the error terms are uncorre-
lated between the equations. Also, this equation-by-equation OLS has the same
setup as testing for Granger causality (Granger, 1969). The main equation of

interest is the returns equation in the VAR:

ARetit = Bnop L5(negmob) + Bpc L5 (negpe) + YL5(ARetiy) + o + o + €5 (3.1)

where the main independent variables of interest L5(negmop) and L5(negmob)
are five lags of negative mobile and PC sentiments, respectively. «; and o,
capture the firm fixed effects and time fixed effects (using day-of-the-week
dummies), respectively. T-statistics are computed using robust standard errors
double-clustered by firm and day to account for serial- and cross-correlation, as

well as heteroscedasticity.

Table 3.2.A reports the regression results from Equation 3.1. It runs a horse
race between mobile and PC sentiments. In specification (1.a), I first use five
lags of negative sentiment scores constructed from mobile results as the main
independent variables. The p-value for the null hypothesis that the five lags of
the negative mobile sentiment do not forecast returns is below 0.001 strongly
implying that negative mobile sentiment is associated in someway with future
returns. The sum of the coefficients on the five lags is 3.1 basis points with
p-value below 0.001, which is significantly different from zero’. That is for a
given stock, a 1% increase in its negative mobile sentiment increases its next
week’s returns by 3.1 basis points. This suggests that negative mobile senti-
ment exerts a statistically and economically significant positive influence on the

returns of the ensuing trading week. Then in specification (1.b), I use five lags

One basis point equals a daily return of 0.01%.
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of negative sentiment scores constructed from PC results as the main indepen-
dent variables. The table shows qualitatively similar results to the mobile case.
Finally in the main specification (1.c), I use both mobile and PC lags as the main
independent variables. Together all the mobile and PC lags are jointly signif-
icant in forecasting returns with p-value below 0.01. However, in this specifi-
cation, only the five mobile lags are jointly significant with p-value below 0.1
whereas the five PC lags are not jointly significant with p-value of 0.713. Also,
only mobile negative sentiment by itself exerts a statistically significant 2.1 ba-
sis points positive influence on the next week’s returns with p-value below 0.05.
This suggests that mobile content has more significant effect on future returns
than PC content, which could be attributed to more noise trading driven by mo-
bile search. Overall, this shows consistent evidence of return reversal caused by

negative investor sentiment, especially from mobile users.

To compare the temporal effects of low and high negative sentiments, I sort
stocks into two subsamples by either mobile or PC negative sentiment. That is
on each trading day, I sort stocks into low (high) negative sentiment group if
they have less (higher) than median negative sentiment score. Figure 3.3 plots
cumulative abnormal returns of low and high negative sentiment stocks. For
low negative sentiment stocks, returns get higher prior to the low negative sen-
timent but then reverse in the future. Interestingly, for high negative sentiment
stocks, returns get lower prior to the high negative sentiment but don’t appear
to reverse in the future. These findings suggest that the prior return reversal
prediction from negative sentiment is mainly driven by stock over-pricing. This
is consistent with the concept that short sale constraints limit the ability of ra-

tional traders to correct overpricing, but not underpricing (Miller, 1977).
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3.3.1 Return Predictability in Subsamples

I now investigate subsamples of stocks in which the effect of mobile sentiment
should be more prominent with higher retail interests. I first sort stocks into
two subsamples by institutional ownership. I use the institutional holdings
data from Factset Lionshares, which collects the mandatory quarterly 13F fil-
ings with the SEC. I define institutional ownership as the sum of the holdings
of all institutions as a percentage of market capitalization for a stock. At start of
each quarter, I sort stocks into low (high) institutional ownership group if they
have less (higher) than median institutional ownership in the ¢ — 1 quarter. Due
to the availability of Lionshares data, the subsamples cover from August 2017 to
June 2018. I then sort stocks into two subsamples by size. On each trading day,
I sort stocks into small (large) size group if they have less (higher) than median

market cap in the ¢t — 1 day.

Table 3.2.B shows OLS estimates of Model 3.1 for each subsample. The five
lags of the negative mobile sentiment are jointly significant with p-value of 0.003
in low institutional ownership subsample, and become insignificant in high in-
stitutional ownership subsample. In contrast, the five lags of the negative PC
sentiment are only weakly jointly significant in high institutional ownership
subsample with p-value of 0.054. This implies that the returns for stocks with
low institutional ownership are more influenced by mobile sentiment rather
than desktop sentiment. Similarly, the five lags of the negative mobile senti-
ment are jointly significant in small size subsample, and become insignificant
in large size subsample. In contrast, the five lags of the negative PC sentiment
are not significant in either subsample sorted by size. This implies that the re-

turns for stocks with small cap are more influenced by mobile sentiment rather

65



than desktop sentiment. Overall, the results suggest that effect of mobile sen-
timent on returns is stronger among stocks with low institutional ownerships

and small sizes.

3.3.2 Predict Sentiment

To see if the sentiment scores provide a reasonable measure of information
about stocks from Google search, I use past abnormal returns to predict the
negative sentiment scores constructed from Google mobile and PC results, re-
spectively. The VAR equation below describes this relationship for respective

platform:
negplatiorm = Bmob LD (1€Gmob) + BPCL5(neng) +~yL5(ARet;+) + o + ap + €, (3.2)

Table 3.3 presents OLS estimates of v in the first five rows, which represents the
impact of past stock abnormal returns on negative sentiment. For either mobile
or PC, Table 3.3 reverses the causal link posited in Table 3.2.A. The table indi-
cates that higher (lower) abnormal returns predict lower (higher) negative sen-
timent which implies positive feedback trading (De Long et al., 1990b). The sum
of the lagged return coefficients for mobile case - specification (2.a) implies that
a 1% increase in the prior day’s abnormal returns leads to a significant 0.079%
decrease in negative mobile sentiment next week with p-value below 0.001. In
specification (2.b), similarly for PC sentiment higher abnormal returns predict a

significant 0.058% decrease with p-value below 0.001.
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3.4 Sentiment and Liquidity

3.4.1 Effective Spreads

Itis also interesting to look at the effect of sentiment on stock liquidity. I start the
analysis first with dollar effective spreads, which reflect stock illiquidity. Note
that theories predict that unusually low or high (i.e. large absolute difference
of) negative sentiment will increase noise trading volume (De Long et al., 1990a;
Campbell, Grossman, and Wang, 1993). Accordingly, I add five lags of absolute
difference between current sentiment and mean of daily sentiments over the
past trading week. The absolute difference is denoted by the AD prefix, which
is applied to mobile and PC negative sentiments, respectively. To control for
directions and past trend of sentiment, I also include five lags of sentiment in the

VAR equation below which models the log difference of dollar effective spreads:

AESpd; 1 =Bnep L5(1€gmob) + Bpc L5 (n€gpe) + Omob L5(ADNEGmob )+ 33)

O L5(ADnegpe) + YL5(AESpd; ;) + o + o + €4

Table 3.4 presents coefficients O,p (rows 6 to 10) and 8. (rows 16 to 20) on
the absolute difference of mobile and PC sentiments, respectively. On a given
platform, each ADneg coefficient measures the impact of a 1% increase in abso-
lute difference of negative sentiment on dollar effective spreads in percentages.
The results suggest that mobile sentiment plays a more direct role than PC sen-
timent in forecasting illiquidity. In all specifications (3.a) to (3.c), the five mobile
or PC lags of absolute difference of sentiment are jointly significant. However,

mobile sentiment appears to have more significant immediate effect on spread:
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in specification (3.a), a 1% increase in absolute difference of mobile negative
sentiment significantly decreases the next trading day’s spread by 38.1 basis
points; in specification (3.c), it decreases the next trading day’s spread by 30.1
basis points though the significance is weaker. PC sentiment has weaker im-
mediate impact on spreads as the first lag of absolute difference of PC negative

sentiment is weakly significant in (3.b) and insignificant in specification (3.c).

This suggests that high absolute difference of negative mobile sentiment
may increase future stock liquidity. The prominence of mobile in the results
is consistent with the theory of De Long et al. (1990a), as mobile users could be

less informed thus help supply liquidity by noise trading.

To see if liquidity affects sentiment, I use past dollar effective spreads to pre-
dict the negative sentiment. The VAR equation below describes this relation-

ship:

negplatiorm = Bmob L (1€gmob) + ,BPCLE)(neng) +~vL5(AESpd; )+ o +ap+e€, (3.4)

Table 3.5 presents OLS estimates of v in the first five rows, which represents
the impact of past stock illiquidity on negative sentiment. For either mobile
or PC, the table indicates that higher illiquidity predict higher negative senti-
ment suggesting investor’s dislike for illiquid stock. The sum of the five lagged
AESpd coefficients implies that a 1% increase in the prior day’s dollar effective
spread leads to a significant 0.004% (0.004%) increase in negative mobile (PC)

sentiment next week with p-value below 0.01.
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3.4.2 Volume

Next, I consider the effect of the negative sentiment on stock volume which also
reflects liquidity. The VAR equation below models stock volume measured by

detrended log turnover:

Vim; s =Bmep L5 (n€gmob) + BPCLB(neng) + Omob L5(ADnegmen) + Opc L5(ADnegp: )+
~YL5(VIm,,) + o + oy + €54
(3.5)

As shown in the specifications (5.a) and (5.b) in Table 3.6, neither mobile
(rows 6 to 10) nor PC negative sentiment (rows 16 to 20) induces a significant
immediate increase in future stock volume. Nevertheless, in the specification
(5.c), the weakly significant first lag of absolute difference of mobile negative
sentiment suggests that high absolute difference of negative mobile sentiment
may increase the next trading day’s volume. This adds to the earlier results from
effective spreads prediction that mobile sentiment relates more to liquidity than

desktop sentiment.

Next, it is possible that the effect goes the other way around, namely high
trading volume increases negative sentiment. The VAR equation below de-

scribes this relationship:

negplatiorm = Bmob LD (1€Gmob) + BPCL5(negpc) +yL5(VIimiy) + a; + oy + €4 (3.6)

The results in Table 3.7 suggest that high past trading volume directly fore-
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casts more negative sentiment. For either mobile or PC, the sum of the five
lagged volume coefficients is significantly positive with p-value below 0.001.
Notice that the strongest and most significant increase in negative sentiment
comes from the first lag or the previous day’s volume. An interpretation of
this finding is that negative sentiment increases as high volume stocks act like

glamor stocks, which have lower future returns (Lee and Swaminathan, 2000).

From the perspective of Granger causality in my VAR framework, it seems
that sentiment is mutually Granger-causal with either return, effective spread

or volume as I find Granger causality in both directions.

3.5 Conclusion

In today’s digital environment, using mobile devices to get information has be-
come increasingly popular especially among young people. Compared to those
who read news on a desktop, people who read news on a mobile device are
less focused on digesting the information. Motivated by the differential user
base and technical functionality of mobile and desktop, this paper examines the
extent to which mobile and desktop news forecast future market returns and

liquidity.

I use unique scraped stock ticker search results data from Google, which
sometimes produces drastically different results on mobile and desktop plat-
forms due to its mobile-specific search optimization. I use VADER package to
quantify mobile and desktop sentiments, which are then used to evaluate the re-
spective roles of the mobile and desktop contents on the stock market. I find that

high levels of negative sentiment predict higher abnormal returns in the follow-
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ing week, and mobile is a more significant predictor than desktop. This return
reversal prediction from sentiment is mainly driven by stock over-pricing, and
the effect of mobile as opposed to PC sentiment is especially pronounced in
stocks of high retail interests. Moreover, mobile users relative to desktop users
may help supply more liquidity when the negative sentiment is unusually low

or high.

My study distinguishes itself from the prior studies through its focus on dif-
ferentiating the role of mobile and desktop news. The current gradual shift to
mobile news consumption signifies an important change in getting and digest-
ing financial information. Plagued by smaller screens and choppy connection,
mobile devices are less conducive to news consumption. Hence there can be a
knowledge gap between investors who mostly get their news from mobile and
those who mostly get it from desktop. As a result, the less-informed mobile
users are more easily swayed by media sentiment to trade. My findings point to
the importance of mobile media in disseminating financial news as well as the

limits to information-seeking on mobile devices.
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Figure 3.1: Sample text corpus of Google search results for a stock ticker (Mo-
bile)

This figure presents the text corpus of Google mobile search results for the
term “MCHP stock” (i.e. Microchip Technology stock). The search was per-
formed on March 6th, 2018 in an android phone environment. The sentiment

scores calculated by VADER are 2.4% negative, 3.6% positive, and 94% neutral.
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Figure 3.2: Sample text corpus of Google search results for a stock ticker (PC)

This figure presents the text corpus of Google PC search results for the same
term at the same time as Figure 3.1. The sentiment scores calculated by VADER
are 1.6% negative, 4.0% positive, and 94.4% neutral. Notice there are 29 results
instead of 30 as Google may sometimes show fewer actual results depending on

the page layout.
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Figure 3.3: Cumulative abnormal returns based on sentiment
This figure shows cumulative abnormal returns of low and high negative
sentiment stocks. On trading day ¢, a stock is in a low (high) negative sentiment

subsample if its negative sentiment that day is below (above) the median of

negative sentiment scores, which are measured by either mobile or PC results.
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3.7 Tables

Table 3.1.A: Summary Statistics for Sentiment Scores (stock/trading day level)

This table reports the summary statistics of sentiment scores evaluated based on the
text of Google ticker search results. The Negative (Positive) score is the total mag-
nitude of negative (positive) intensity divided by the total magnitude of intensity.
The negative and positive scores are computed by VADER python library. The senti-
ment analysis is conducted separately on mobile and PC search results. That is each
stock has its mobile-based sentiment scores and its PC-based sentiment scores each
day. The sample covers from August 2017 to December 2018 (330 trading days) in-
cluding 379 U.S.-based common stocks in the S&P 500 index. All numbers are given
in percentages.

Mean Median Pctl25 Pctl75 SD
Mobile
Negative 1.83 1.50 1.00 2.13 1.72
Positive 6.20 5.10 4.10 6.43 4.03
PC
Negative 1.79 1.40 1.00 2.10 1.85
Positive 6.15 5.00 4.00 6.40 4.17

Table 3.1.B: Summary Statistics for Stock Variables (stock/trading day level)

This table reports the summary statistics of the main variables used in this paper
for stock market activity. Abnormal return is the raw return of a firm minus the
return of a value-weighted portfolio with similar size, book-to-market ratio, and
past returns. Dollar effective spread is computed using constructed NBBO quotes
and trades from DTAQ. Turnover is shares traded divided by shares outstanding.

N Mean Median Pctl25 Pctl7”5 SD

Abnormal return (%) 116,254 -0.02 0.00 -0.66 0.65 1.42
Dollar effective spread (cents)116,254  3.53 1.79 1.05 3.98 5.03
Turnover (%) 116,254  0.90 0.68 0.46 1.04 0.92
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Table 3.2.A: Predicting Abnormal Returns Using Negative Sentiment

This table reports OLS estimates of the coefficients in Equation 3.1. The
negative sentiment scores (neg) are calculated separately using mobile and
PC results, denoted by mob and pc subscripts respectively. Each sentiment
coefficient measures the impact of a 1% increase in negative sentiment on
abnormal returns in percentages. Robust standard errors double-clustered
by firm and day are reported in parentheses. ***, ** and * denote statistical
significance at the 1%, 5% and 10% levels respectively.

(L.a) (1.b) (1.c)
NeYmob,_, —0.002 —0.003
(0.007) (0.008)
N€Ymob,_o 0.004 0.001
(0.011) (0.010)
NE€Gmob,_s 0.021** 0.020**
(0.009) (0.010)
€ Gmobs_s —0.003 —0.008
(0.008) (0.009)
€ Gmobs_s 0.010 0.010
(0.008) (0.009)
negper. —0.001 ~0.001
(0.008) (0.010)
neGper_, 0.008 0.006
(0.011) (0.010)
Ne€Gpe, 5 0.009 —0.0004
(0.008) (0.009)
NeGpe,_4 0.010 0.011
(0.009) (0.010)
neGper_s 0.004 —0.002
(0.009) (0.010)
ARet;_q —0.013 —0.013 —0.013
(0.009) (0.009) (0.009)
ARety_ —0.005 —0.004 —0.005
(0.008) (0.008) (0.008)
ARety_3 0.013 0.013 0.013
(0.009) (0.009) (0.009)
ARety_4 —0.006 —0.006 —0.006
(0.007) (0.007) (0.007)
ARet;_s —0.014* —0.014* —0.014"
(0.007) (0.007) (0.007)
Firm FE Y Y Y
Day-of-the-week FE Y Y Y
Observations 112,033 112,033 112,033
R? 0.004 0.004 0.004
Adjusted R? 0.001 0.001 0.001
p-value for x2(5)[Joint o) 0.000 0.067
p-value for x*(5)[Joint | 0.011 0.713
p-value for x?(10)[.J0int o and pe) 0.007
Sum of five mob lags: Y, B 0.031*** 0.021*
p-value for x*(1)[>"; Bn0n.] 0.000 0.046
Sum of five pclags: }, B,,.; 0.030** 0.014
p-value for x*(1)[>_; B,,..] 0.000 0.191
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Table 3.2.B: Predicting Abnormal Returns Using Negative Sentiment

This table reports OLS estimates of the coefficients in Equation 3.1 for sub-
samples sorted based on institutional ownership and size, respectively.
Low-Inst (High-Inst) column shows OLS estimates for the quarterly sorted
subsample of stocks with less (higher) than median institutional ownership
in the ¢ — 1 quarter. The subsamples cover August 2017 through June 2018.
Small-Size (Large-Size) column shows OLS estimates for the daily sorted
subsample of stocks with less (higher) than median market cap in the ¢ — 1
day. The subsamples cover August 2017 through December 2018. Robust
standard errors double-clustered by firm and day are reported in parenthe-

ses. ***,** and * denote statistical significance at the 1%, 5% and 10% levels
respectively.
Low-Inst High-Inst Small-Size  Large-Size
N€Gmob, —0.003 —0.024 —0.019 0.009
(0.011) (0.019) (0.015) (0.009)
NE€Gmobr_» 0.006 0.017 0.018 —0.013
(0.013) (0.027) (0.019) (0.010)
N€Ymob;—3 0.022* 0.028 0.032** 0.010
(0.012) (0.019) (0.016) (0.012)
NE€Gmobr_4 —0.025" —0.009 —0.015 —0.005
(0.012) (0.022) (0.015) (0.011)
NE€Gmob; s 0.030*** 0.018 0.009 0.008
(0.011) (0.018) (0.017) (0.011)
N€Gpe,_, 0.004 0.056** 0.007 —0.005
(0.013) (0.021) (0.019) (0.008)
e Gper 0.004 —0.042 —0.004 0.012
(0.011) (0.026) (0.019) (0.009)
NeGpe,_ —0.011 —0.001 —0.021 0.010
(0.013) (0.026) (0.017) (0.010)
N€Gpc;_a 0.008 0.039** 0.028* —0.001
(0.013) (0.019) (0.016) (0.011)
NeGpe,_s 0.002 —0.021 —0.007 0.004
(0.013) (0.020) (0.019) (0.011)
L5(ARet) Y Y Y Y
Firm FE Y Y Y Y
Day-of-the-week FE Y Y Y Y
Observations 41,131 30,408 54,788 60,226
R? 0.007 0.007 0.005 0.006
Adjusted R? 0.001 0.001 0.001 0.002
p-value for x2(5)[Joint me) 0.003 0.235 0.049 0.643
p-value for x?(5)[Joint,.| 0.948 0.054 0.504 0.495
p-value for x2(10)[J0int b and pe] 0.001 0.000 0.082 0.074
Sum of five mob lags: 3, By, 0.031* 0.030 0.025 0.009
p-value for x*(1)[>"; B,op.] 0.021 0.206 0.125 0.424
Sum of five pclags: 3, B,.; 0.006 0.031 0.004 0.020
p-value for x*(1)[3, B, 0.707 0.175 0.822 0.110
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Table 3.3: Predicting Negative Sentiment Using Abnormal Returns

This table reports OLS estimates of the coefficients in Equation 3.2. The
dependent variable is negmop, and neg,., for models (a) and (b), respec-
tively. The negative sentiment scores (neg) are calculated separately us-
ing mobile and PC results, denoted by mob and pc subscripts respectively.
Each ARet coefficient measures the impact of a 1% increase in abnormal re-
turns on negative sentiment in percentages. Robust standard errors double-
clustered by firm and day are reported in parentheses. ***, ** and * denote
statistical significance at the 1%, 5% and 10% levels respectively.

(2.a) (2.b)
ARet;_q —0.027** —0.021*
(0.002) (0.002)
ARety_o —0.022*** —0.015"**
(0.002) (0.001)
ARet,_3 —0.015"* —0.010"*
(0.002) (0.002)
ARety_4 —0.010"* —0.007***
(0.001) (0.001)
ARet;_; —0.005"** —0.005***
(0.001) (0.001)
NEGmob,_1 0.413* 0.101**
(0.009) (0.007)
NE€Gmob,_» 0.132*** —0.008
(0.007) (0.006)
NE€Gmob,_s 0.070*** —-0.016™*
(0.006) (0.006)
NG mobs_4 0.059*** —0.007
(0.005) (0.006)
NE€Gmob,—s5 0.075"* 0.002
(0.007) (0.006)
NeGpe, 0.104** 0.415**
(0.009) (0.011)
NEYper_s —0.007 0.136™*
(0.007) (0.009)
NEYper s —0.016™** 0.064**
(0.005) (0.008)
Nedpe, 4 —0.001 0.061***
(0.007) (0.007)
N€Gpe,_s 0.005 0.081**
(0.007) (0.006)
Firm FE Y Y
Day-of-the-week FE Y Y
Observations 112,033 112,033
R? 0.894 0.911
Adjusted R? 0.894 0.911
p-value for \*(5)[Joint are) 0.000 0.000
Sum of five ARet lags: Y. ~; —0.079*** —0.058***
p-value for x*(1)[>"; ] 0.000 0.000
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Table 3.4: Predicting Effective Spreads Using Negative Sentiment

This table reports OLS estimates of the coefficients in equation 3.3. The negative sen-
timent scores (neg) are calculated separately using mobile and PC results, denoted by
mob and pc subscripts respectively. The prefix AD denotes absolute difference between
current sentiment and mean of daily sentiments over the past trading week. On a given
platform, each ADneg coefficient measures the impact of a 1% increase in absolute dif-
ference of negative sentiment on effective spreads in percentages. Robust standard er-
rors double-clustered by firm and day are reported in parentheses. ***, ** and * denote
statistical significance at the 1%, 5% and 10% levels respectively.

(3.a) (3.b) (3.c)
NEGmob;_, —0.316** —0.367**
(0.126) (0.116)
NE€Ymob,_» —0.002 0.069
(0.106) (0.109)
NEGrmob;_s —0.104 —0.077
(0.106) (0.105)
NEGimobr_s —0.140 —0.077
(0.106) (0.113)
NE€Gmob,_s 0.002 —0.034
0.110 0.115
0.168 0.174
ADnegmon, , 0.098 0.238
(0.149) (0.154)
ADnegmop, —0.417* —0.329*
(0.158) (0.155)
ADnegmon,_, —0.259* —0.243*
(0.146) (0.143)
ADnegmon,_5 —0.245 —0.171
(0.155) (0.150)
N€Ype, —0.077 0.138
(0.133) (0.121)
NEGpe,_, —0.144 —0.137
(0.109) (0.109)
NeGpe,_s —0.072 —0.006
(0.118) (0.119)
NeGper_s —0.214* —0.153
(0.107) (0.115)
NEGpe, s 0.065 0.114
0.103 (0.106)
ADnegye, _, —0.180
0.169 (0.176)
ADnegy., , ~0.280* —0.320*
(0.153) (0.153)
ADnegpe, ., —0.336™* —0.210
(0.144) (0.137)
ADnegpe, —0.049 0.077
(0.138) (0.133)
ADnegye, 5 —0.294** —0.209*
(0.136) (0.124)
AESpd; 1 —0.562"** —0.562** —0.562"**
(0.032) (0.032) (0.032)
AFESpd;,_» —0.371** —0.371 —0.371**
(0.027) (0.027) (0.027)
AESpd;_3 —0.227* —0.227* —0.227
(0.025) (0.025) (0.025)
AESpd;—4 —0.144* —0.143** —0.144**
(0.026) (0.026) (0.026)
AESpd;_s —0.070** —0.070"* —0.070"**
(0.023) (0.023) (0.023)
Firm FE Y Y Y
Day-of-the-week FE Y Y Y
Observations 97,123 97,123 97,123
R? 0.247 0.247 0.247
Adjusted R? 0.244 0.244 0.244
p-value for x*(5)[Jointneg,,,,] 0.034 0.015
p-value for x*(5)[Joint eg,.] 0.079 0.334
p-value for x*(5)[Joint apneg, ;) 0.002 0.012
p-value for x2(5)[Joint apneg,.) [0.000 ] 0.021
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Table 3.5: Predicting Negative Sentiment Using Effective Spreads

This table reports OLS estimates of the coefficients in equation 3.4. The
dependent variable is negmop, and neg,., for models (a) and (b), respec-
tively. The negative sentiment scores (neg) are calculated separately using
mobile and PC results, denoted by mob and pc subscripts respectively. Each
AESpd coefficient measures the impact of a 1% increase in dollar effec-
tive spreads on negative sentiment in percentages. Robust standard errors
double-clustered by firm and day are reported in parentheses. ***, ** and *
denote statistical significance at the 1%, 5% and 10% levels respectively.

(4.a) (4.b)
AESpd;_1 0.001** 0.001***
(0.0002) (0.0002)
AESpd;— 0.001"* 0.001***
(0.0003) (0.0002)
AESpd; 3 0.001"* 0.001***
(0.0002) (0.0002)
AESpd;_4 0.001*** 0.001***
(0.0002) (0.0002)
AESpd;_s 0.0005*** 0.0004***
(0.0002) (0.0001)
NeGmob 0.421*** 0.108***
(0.010) (0.008)
NeYmob;_, 0.132*** —0.011*
(0.008) (0.007)
N€Ymob,_s 0.072*** —0.017*
(0.006) (0.007)
NeGmob, 4 0.059*** —0.006
(0.006) (0.006)
NEGmob;_5 0.070* —0.002
(0.007) (0.006)
NeGpe, 0.105*** 0.418***
(0.010) (0.012)
N€Gpe, —0.005 0.136***
(0.007) (0.010)
NeGpe,_s —0.020%** 0.063***
(0.006) (0.007)
NeGpe,_4 —0.002 0.065***
(0.007) (0.007)
NeGpe,_s 0.004 0.082***
(0.007) (0.005)
Firm FE Y Y
Day-of-the-week FE Y Y
Observations 98,637 98,637
R? 0.893 0.912
Adjusted R? 0.893 0.911
p-value for x*(5)[Joint A pspd] 0.000 0.000
Sum of five AESpd lags: >, ~; 0.004** 0.004**
p-value for x*(1)[>", ;] 0.000 0.000
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Table 3.6: Predicting Volume Using Negative Sentiment

This table reports OLS estimates of the coefficients in equation 3.5. The negative sen-
timent scores (neg) are calculated separately using mobile and PC results, denoted by
mob and pc subscripts respectively. The prefix AD denotes absolute difference between
current sentiment and mean of daily sentiments over the past trading week. On a given
platform, each ADneg coefficient measures the impact of a 1% increase in absolute
difference of negative sentiment on detrended log turnover. Robust standard errors

double-clustered by firm and day are reported in parentheses. ***, ** and * denote
statistical significance at the 1%, 5% and 10% levels respectively.
(5-a) (6b) (50)
NE€Ymob, 1 —0.002 —0.001
(0.003) (0.002)
€ Gmob_s ~0.002 ~0.003
(0.002) (0.002)
NEGmob,_s 0.001 0.001
(0.002) (0.002)
NEGmob; 4 —0.005* —0.004
(0.002) (0.003)
NE€Ymob, s —0.002 —0.001
(0.002) (0.003)
ADnegmon, 0.006 0.006*
(0.004) (0.004)
ADnegmon,_, —0.008™ —0.006
(0.004) (0.004)
ADnegmon, —0.004 —0.005
(0.004) (0.003)
ADnegmon, s ~0.002 ~0.003
(0.004) (0.004)
ADn€gman, —0.004 —0.002
(0.004) (0.004)
NEGpe, , —0.003 —0.002
(0.003) (0.003)
NEGpe, o 0.001 0.003
(0.002) (0.002)
edper_s 0.0002 0.0003
(0.002) (0.003)
N€Ype;_4 —0.004* —0.002
(0.002) (0.003)
NEYpe, 5 —0.002 —0.001
(0.002) (0.003)
ADnegp.,_, 0.003 0.002
(0.004) (0.004)
ADnegye, —0.000° ~0.007*
(0.004) (0.004)
ADnegy, ., ~0.001 0.001
(0.004) (0.003)
ADnegpe, ., 0.002 0.004
(0.004) (0.004)
ADnegy, —0.009** —0.008"
(0.004) (0.003)
Vimy_4 0.440** 0.440%* 0.440**
(0.027) (0.027) (0.027)
Vim_y 0.087* 0.087* 0.087*
(0.016) (0.016) (0.016)
Vimg_s 0.042% 0.042%* 0.042**
(0.016) (0.016) (0.016)
Vimg_4 0.012 0.012 0.012
(0.019) (0.019) (0.019)
Vimy_s —0.023 —0.023 —0.023
(0.016) (0.016) (0.016)
Firm FE Y Y Y
Day-of-the-week FE Y Y Y
Observations 97,126 97,126 97,126
R? 0.265 0.265 0.265
Adjusted R? 0.262 0.262 0.262
p-value for x?(5)[Joint neg,, ] 0.091 0.362
p-value for x*(5)[Jointyeg,.] 0.238 0.817
p-value for x2(5)[Joint apneg,,,,) 0.060 0.165
p-value for x*(5)[Joint Apneg,.) 0.020 0.055
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Table 3.7: Predicting Negative Sentiment Using Volume

This table reports OLS estimates of the coefficients in equation 3.6. The
dependent variable is negmop, and negy,., for models (a) and (b), respec-
tively. The negative sentiment scores (neg) are calculated separately us-
ing mobile and PC results, denoted by mob and pc subscripts respectively.
Each Vim coefficient describes the impact of a 1 unit increase in detrended
log turnover on negative sentiment in percentages. Robust standard errors
double-clustered by firm and day are reported in parentheses. ***, ** and *
denote statistical significance at the 1%, 5% and 10% levels respectively.

(6.a) (6.b)
Vimg_q 0.051*** 0.044*
(0.008) (0.008)
Vimg_o 0.014* 0.017**
(0.008) (0.008)
Vim_s —0.003 —0.004
(0.007) (0.007)
Vimg_y 0.009 0.004
(0.009) (0.008)
Vim_s —0.008 —0.011*
(0.009) (0.007)
NE€Gmob; 0.422%** 0.107***
(0.009) (0.007)
NEGmob;_» 0.130*** —0.011*
(0.007) (0.006)
NEYJmob,_3 0.069*** —0.011*
(0.007) (0.006)
NEYmob;_4 0.060** —0.011*
(0.006) (0.007)
NEGmob;_5 0.074*** 0.001
(0.007) (0.006)
NEYpe,_, 0.113** 0.429**
(0.010) (0.011)
NEYpc,_» —0.010 0.131**
(0.008) (0.011)
NEYpe;_s —0.020*** 0.056***
(0.005) (0.008)
NEYpct_4 —0.004 0.066***
(0.008) (0.008)
NeYpe,_s 0.001 0.076***
(0.007) (0.006)
Firm FE Y Y
Day-of-the-week FE Y Y
Observations 97,191 97,191
R? 0.893 0.911
Adjusted R? 0.893 0.911
p-value for x%(5)[Jointyiy) 0.000 0.000
Sum of five Vim lags: ). ~; 0.063** 0.050**
p-value for x*(1)[>", ;] 0.000 0.000
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APPENDIX A

APPENDIX
A.1 Platform Figures
Traders publish trades on ZuluTrade captures
ZuluTrade via ZuluTrade's -— those trades and checks
trading station or through their the number of follower
preferred trading stations. accounts subscribed
under each trade

received. In milliseconds,
ZuluTrade executes the
trades on behalf of the
followers to the followers’
brokerage firms.

Figure A.1: Trade copying process

This flowchart explains how Zulutrade copies trades into followers” broker-
age accounts when traders place the trades. The process is entirely automated.
The followers must decide in advance the following settings tailored to each

trader (see Figure A .4).
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Figure A.2: Trader list and skin-in-the-game (green/blue dollar badge)

This figure illustrates the trader list page of the platform. It provides some
summary statistics about the traders and their followers” fund performance and
risk. Zulutrade indicates with a dollar-sign $ badge that a trader is putting
his/her own real money into his/her own trading. The dollar-sign badge comes

in green and blue colors which both imply skin-in-the-game.

A green trader must link a real brokerage account to his/her own Zulutrade
trader account. A blue trader is both a trader and a follower of his/her own
trading, having both a trader account and a follower account on Zulutrade: a
demo/practice (play money) account is linked to the trader account, which is

followed by his/her own follower account.

The traders listed here are ordered by last-month profit of followers” fund.
Zulutrade also allows a viewer to choose other criter