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Abstract

We unveil asset managers’ social media communications as a distinct new channel for attracting flows
of money to mutual funds. Combining a database of more than 1.6 million posts on X/Twitter by U.S.
mutual fund families with textual analysis, we find that flows of money to mutual funds respond posi-
tively to both the number and tone of the posts. The link between social media communications and
flows of money is not explained by marketing efforts, but the two strategies reinforce each other. A
high-frequency analysis that exploits intraday ETF trade data allows us to isolate the effect of tweets
on investor decisions from potential confounders. We then consider and test four different economic
mechanisms. The results of these tests do not support the hypothesis that asset managers’ social me-
dia communications reduce search costs for potential investors. The results do not support, either,
that asset management companies’ Twitter activity increases investor attention or alleviates informa-
tion asymmetries by communicating performance-relevant information to investors. In contrast, our
evidence suggests that asset managers use social media as an effective persuasion tool.
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1 INTRODUCTION

As of June 2024, more than 5 billion people in the world, 84% of the population aged 18 years and older,
were using social media to communicate with others, entertain themselves, and stay informed.! Social me-
dia has the ability to inform the public by providing instant news updates, facilitating the sharing of ideas,
and connecting individuals. However, the same features that make social media a powerful tool for infor-
mation sharing can also be exploited for influencing individuals’ beliefs and their actions. In the context
of financial markets, social media provides companies with a powerful tool to communicate with investors
and alleviate information frictions by disclosing relevant information in real time with few constraints

on timing or content. However, there are growing concerns that social media can be used to influence in-
vestors’ views and even to manipulate prices.? In this paper, we study social media communications in a
financial market characterized by information frictions and populated by unsophisticated investors, the
market for mutual funds. More specifically, we study the impact of asset management companies’ use of
social media (X/Twitter) on mutual fund investor decisions. Our findings unveil social media as a novel
channel for attracting flows of new money to mutual funds, which is distinct from fund families’ marketing
efforts. Our tests do not support several hypotheses for the economic mechanism underlying the link be-
tween social media activity based on theories of search costs, attention, and information asymmetries, and
point, instead, towards persuasion.

Social media allows asset management firms to communicate with current and prospective investors
without the strict constraints imposed by mandatory information disclosures on the timing, content, and
framing of information.? Asset management companies have incentives to use the flexibility of social me-
dia to alleviate information frictions, such as search costs and information asymmetries that plague the
market for mutual funds (Sirri and Tufano, 1998; Hortagsu and Syverson, 2004; Roussanov et al., 2021).
For instance, asset management companies may use social media to help investors locate key informa-

tion, such as fees and performance that are part of mandatory disclosures, but not easy to find by retail

1Data from https://datareportal.com/social-media-users.

2SEC (2018),“Elon Musk Charged With Securities Fraud for Misleading Tweets,” (https://www.sec.gov/news/press-rel
ease/2018-219); Spichak (2021), “Elon Musk Hopes SEC Will Investigate Him over Dogecoin Tweets: "It Would Be
Awesome’,” Newsweek, (https://www.newsweek.com/elon-musk-sec-investigation-dogecoin-bitcoin-cryptocurrency-twe
ets-1572290) Mohamed (2021),“Big Short’ investor Michael Burry says he’ll stop tweeting after SEC regulators paid him a
visit,” Businessinsider.com; (https://markets.businessinsider.com/currencies/news/big-short-investor-michael-burry-
stop-tweets-sec-regulators-visit-2021-3-1030222890).

3 Advertisement and retail investor communication by asset management companies must comply with SEC rule 482 and
FINRA rule 2210. In 2003, SEC rule 482 modified the Securities Act of 1933-Section 5 that stated that all fund advertise-
ment must have information that is contained in the statutory prospectus. With rule 482, investment companies are allowed
to include information not included in the statutory prospectus. This allows investment companies to include up-to-date in-
formation in rule-482 advertisements, such as information about current economic conditions that are not commonly included
in a fund’s prospectus. FINRA Rule 2210 governs communications with the public including communications with retail and
institutional investors. The rule provides standards for the content, approval, record-keeping and filing of communications
with FINRA. The rule prohibits false, exaggerated, unwarranted, and misleading information communications, as well as
projections of future performance.
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investors. Companies can also use social media to bring investor attention towards their funds. Finally,

social media is an ideal vehicle for conveying soft information that is potentially relevant for future fund
performance. For instance, they may convey asset managers’ views about the markets in which they in-
vest.

On the other hand, asset management companies also have incentives to persuade investors. Mul-
lainathan and Shleifer (2005) and Mullainathan et al. (2008) show theoretically how persuaders can take
advantage of individuals’ associative thinking to create uninformative messages that associate their prod-
uct with a given category and its attributes. For example, asset management companies may want to
associate themselves with enhancers of opportunities in times of high market returns and with trustwor-
thy advisers in down markets. Note, however, that the ability of asset managers to influence investors’
opinions through social media is limited by the fact that in social media, unlike in traditional media, com-
munication is bidirectional. Users are not passive receivers of messages. Instead, they can reply to the
posts of firms in a critical way. Such interactions are observable by other users, who can amplify messages
by liking, reposting or posting them across different platforms in real time and any time of the day. These
features potentially limit the extent to which managers can influence investor perception of their products
(Cade, 2018).

The mutual fund industry is an ideal laboratory to study the use of social media in financial mar-
kets, as thousands of actively managed mutual funds compete for investors’ money in a context of search
costs and information asymmetry.

Twitter is also particularly appropriate for our purposes given its rising influence among investors.
A fast-growing literature provides evidence that Twitter activity can predict prices of stocks and other
asset classes (Bollen et al., 2011; Ranco et al., 2015; You et al., 2017; Gholampour and van Wincoop, 2019;
Gu and Kurov, 2020 Cookson et al., 2023). Importantly, some recent studies show how communications
on Twitter not just predict future returns but also émpact asset prices (Bianchi et al., 2023; Bianchi et al.,
2024; Cookson et al., 2023). A recent work by Cookson et al. (2024b) surveys the fast growing literature
on the role of social media in Finance. Consistently with the increasing relevance of social media in fi-
nancial markets, the presence of asset management firms on Twitter has grown at a very fast pace in the
last years. In our sample, the number of posts on Twitter (tweets) by all mutual fund families went from
almost zero prior to 2009 to around 10,000 tweets per month in 2020.

To investigate whether and how asset management companies influence investors’ decisions through
social media communications, we build a database containing more than 1.6 million Twitter posts by
mutual fund families managing domestic equity funds in the U.S. between January 2009 and December

2020. We then use these data to measure the intensity of Twitter activity by asset management firms at



the monthly frequency, as well as the tone of their tweets (using the VADER, Sentiment Analysis tool).
The tone score from VADER allows us to classify tweets as positive, neutral, and negative. In addition,
we use an unsupervised topic modelling algorithm to study the content of those tweets. This analysis
suggests that tweets by asset management firms fall in one of three main categories. Market Commentary,
Customer Service, and Financial Advice. Finally, we merge the Twitter data with data on U.S. domestic
equity mutual funds obtained from the CRSP Survivor-Bias-Free U.S. Mutual Fund database. In our
sample, 269 out of 848 firms managing U.S. equity funds have a Twitter account and post at least one
tweet during the sample period.

Our findings can be summarized as follows. First, families that use Twitter tend to manage more
assets, more funds, funds in more investment categories, and have better recent performance than families
that do not use Twitter, which suggests that economies of scale play a role in the decision to implement
a social media strategy. Among those firms that use Twitter, intensity of usage is higher among younger
firms, firms managing less risky funds, and firms with better overall performance. Across all non-index
U.S. diversified equity funds, fund families that use Twitter collectively manage 3.16 USD trillion in an
average month, which corresponds to 65.2% of total assets. Moreover, they operate 6,252 funds in an
average month, 52% of the total (12,031).

Second, the number of tweets posted by a fund family in a given month predicts significantly higher
flows to the family’s funds in the following month. The increase in flows is economically significant. A one
standard deviation increase in the number of tweets from the unconditional mean is associated with extra
flows to the family’s funds of 0.035% per month. Since the average family in the Twitter sample manages
assets worth USD 21,799.40 million, this growth in assets amounts to USD 7.657 million. This result is
robust to different ways of modelling the flow-performance relationship, to the inclusion of time, fund, and
fund family fixed effects, and to sample selection bias correction.

Third, we also find that the tone of tweets matters. While the majority of tweets have a neutral
tone, asset management companies also post tweets that are classified as positive or negative. While a
larger number of positive tweets is followed by larger net flows of money, non-positive tweets in a given
month predict lower net flows. This link between the tone of posts and flows is not explained by the tone
capturing different messages about different topics. Exploiting variation in tone across tweets with the
same topic, we continue to find that more positive tweets predict higher flows, although this relation is not
statistically significant for Financial Advice tweets. These findings suggest that fund families’ tweets do
not influence flows by simply providing customer service.

The possibility to attract investors’ money by posting positive tweets raises the question of whether

fund families face any trade-off when posting positively. To address this question we construct measures



of consistency between the tone of the tweets and subsequent fund performance. Our results suggest that
investors seem to value this consistency. Also, they seem to penalize funds of families posting positive
tweets if the subsequent performance of those funds is poor.

Fourth, exploiting data on users’ reactions to tweets (“likes”, retweets, and replies), we find that,
conditional on the number of tweets posted by a fund family, a larger number of interactions with those
tweets further increases flows.

Fifth, the link between Twitter activity and mutual fund flows is not explained by this activity be-
ing correlated with asset management companies’ marketing efforts, although the two strategies appear to
reinforce each other. Our results are not explained, either, by fund families using social media to reiterate
information on a number of known events that may influence flows, such as a change in the fund’s manage-
ment, the presence of funds in the family with very recent stellar performance, or any news about the fund
family disseminated through social media by third parties.

Sixth, to identify the effect of asset management companies’ tweets on investor decisions, we com-
bine a high-frequency approach with intraday ETF trading data. The analysis is based on the idea that
asset management companies’ positive tweets increase the demand not just for their open-end mutual
funds but also for their ETFs. Since ETF shares are traded in an exchange, we expect a family’s positive
tweets to put upward pressure on the price of its ETFs. More specifically, we study whether an ETF’s
price changes in a very short time window around the time when the ETF’s family tweets. This high-
frequency approach allows for clean identification of the effect of tweets on prices with the identifying
assumption being that over such a short window of time no other relevant information affecting the secu-
rity’s price is released (Bianchi et al., 2023, 2024). Our results indicate that a positive tweet by an asset
management company increases the price of its ETFs by 0.65 basis points relative to other tweets with a
neutral tone in the first 35 minutes after the tweet is posted. Consistently with the effect on ETF prices
being driven by increased demand for the family’s products and not fundamentals about the underlying
assets, the price increase reverts over a longer period. These findings provide support for the hypothesis
that asset management companies’ tweets affect fund investor decisions through social media.

Finally, we consider and test four possible mechanisms for the impact of fund families’ tweets on
mutual fund flows. We first test the hypothesis that asset management companies use social media to re-
duce search costs for investors. According to this hypothesis, tweets should increase in net flows but would
not affect outflows, since existing investors have already paid the search cost of the fund (Sirri and Tufano,
1998; Hortagsu and Syverson, 2004). Also, a reduction in search costs should decrease the convexity of
the relation between inflows and performance, particularly among the best performing funds, since new in-

vestors would be willing to consider a larger set of funds and not just recent winners (Huang et al., 2007).



To test these implications, we analyze how the number of tweets affects inflows and outflows of money
and their relation to fund performance. Our evidence does not support the theory’s predictions. Tweets
do not just increase inflows but they also decrease outflows. Moreover, the relation between inflows and
performance does not become flatter.

The results of this analysis do not support an attention hypothesis, either. Models of rational inat-
tention predict that increases in investor attention to stocks result in more retail investors considering
both purchases and sales of stocks, although the increase in purchases by retail investors should be higher
than the increase in sales due to costs and constraints affecting short sales (Barber and Odean, 2008; Da
et al., 2011). The increase in inflows following a higher number of tweets that we observe in the data is
consistent with this story. However, we also find that a higher number of tweets reduces outflows across
funds, which contradicts the theoretical prediction. Moreover, we also find that outflows become less sensi-
tive to performance in the low performance region, which is at odds with the notion of attentive investors
discriminating among the family’s funds.

We then investigate whether asset management companies use social media to reduce information
asymmetries, i.e., to convey to investors information that predicts future fund performance and is not
available to the public. We find no evidence that the number or tone of tweets of an asset management
company predicts superior future fund performance, controlling for fund characteristics, and particularly
for fund size and flows to account for diseconomies of scale, and using different measures of fund perfor-
mance.

Finally, we test a theoretical prediction of the persuasion hypothesis by (Mullainathan and Shleifer,
2005; Mullainathan et al., 2008). In particular, persuasion requires that the message conveyed to investors
be adapted to different circumstances. In times of low investor sentiment, asset managers will want to
associate their products with safety and trust, whereas in times of high investor sentiment, asset managers
will favor the idea of seizing investment opportunities. Consequently, successful persuasion will lead in-
vestors towards safer products such as money market or bond funds in low-sentiment markets and towards
riskier products, such as equity funds, in high-sentiment markets. Since our sample consists of only equity
funds, we would expect the Number of Tweets and Number of Positive Tweets to be more strongly associ-
ated with flows in times of high investor sentiment. Moreover, we would expect retail investors, who are
less sophisticated than institutional investors and more vulnerable to persuasion, to be more sensitive to
tweets in times of high sentiment. Our results confirm these predictions.

Roussanov et al. (2021) show that most funds are too big relative to the efficient size implied by the
model of Berk and Green (2004) and deliver substantially negative abnormal returns to investors, while

a few funds with the most skilled managers are too small and thus are able to outperform, which is con-



sistent with the presence of information frictions. While social media communications can potentially
alleviate information frictions and increases the allocative efficiency of the market, our results point to-
wards social media being used to increase asset managers’ fee revenues while providing little benefit to
investors.

We contribute to the literature by unveiling asset management companies’ social media communica-
tions as a new and distinct channel for influencing mutual fund investors’ decisions. Our paper is related
to studies that investigate advertising in the mutual fund industry. Sirri and Tufano (1998) show that
marketing effort, as proxied by fund fees, is associated with larger fund flows. Jain and Wu (2000) find
that management companies tend to advertise funds with higher recent performance. Crongvist (2006)
investigates the content of mutual fund advertisements in Sweden and finds that most fund ads are not in-
formative about fund quality and yet influence individuals’ portfolio decisions. Gallaher et al. (2015) show
that mutual fund families’ advertising expenditures attract flows to the family’s funds as well as to other
funds in the industry, reduce redemptions, and increase the convexity of the flow-performance relationship.
Our paper is also related to the study of Hillert et al. (2023), who find a positive association between the
tone of the text in shareholder letters from asset management companies and subsequent fund flows.

Social media is fundamentally different from advertising or shareholder letters in that it is bidirec-
tional. Users can interact with firms’ messages and counteract or amplify their effect. Our findings confirm
the importance of marketing in delegated portfolio management, but also show that social media commu-
nications are distinct from marketing. Their effect on flows is independent of that of marketing expenses.
More importantly, unlike studies of mutual fund marketing, we find that social media communications
reduce search costs for investors. Therefore, unlike advertising or marketing, the role of social media is
not limited to persuasion. Another important distinction is that social media communications take place
in real time, which allows us to determine with full precision the time at which messages are released. In
section 6 we exploit this feature to isolate the effect of Twitter posts on ETF share prices from potential
confounders.

Our paper also contributes more generally to the literature on non-mandatory corporate disclosures
(Kim and Verrecchia, 1991; Dye and Sridhar, 2004; Cornelli et al., 2013; Bertomeu and Marinovic, 2016),
and to the recent literature of textual analysis in Finance and Accounting (see Loughran and McDonald,
2016).* The study of Blankespoor et al. (2014) is particularly relevant to our paper. These authors show
that when public firms use Twitter to disseminate firm-initiated news, information asymmetries decline,

as evidenced by narrower bid-ask spreads. In contrast, our results suggest that Twitter does not help

4Recent studies have applied machine learning to study fund’s behavior including analyzing their prospectuses (Abis and
Lines, 2022), or their corporate governance preferences (Bubb and Catan, 2022).



alleviate information asymmetries in the mutual fund industry.

2 DATA

In this section, we describe the data used in the analysis. We draw mainly on two data sets, the CRSP
Survivor-Bias-Free U.S. Mutual Fund database and a database of tweets from January 2009 to December
2020 posted by mutual fund families. From the former, we obtain information at the share class level on
returns, assets under management, investment category, expenses, ticker, manager information, and age.
Even though our Twitter database starts in 2009, we collect mutual fund data from 2006 so we can use
three years of prior historical data to estimate risk-adjusted returns.

For our main analysis, we keep only non index U.S. diversified equity funds following CRSP style
level one (USE = 1 and index_fund_flag = 0). To avoid discrepancies between the objective reported by
CRSP and the Lipper classification of the fund we manually discard those funds whose Lipper objective
class name does not correspond to an equity fund. Among these funds we discard less than one percent of
the funds that are classified as municipal debt funds, money market funds, debt funds, and funds focusing
on other securities.

To construct variables at the mutual fund level, we follow the same share aggregation procedure
as Gil-Bazo and Ruiz-Verdu (2009). Total Net Assets (TNA) of a fund are the sum of the TNA of the
fund’s share classes. Returns and expense ratios are TNA-weighted averages across all share classes in the
fund. The age of the fund is the age of the oldest share class in the fund. Following Berk and van Binsber-
gen (2016) and, Pastor et al. (2015) we exclude observations for funds with less than USD 15 million in
TNA. Finally, we identify if a fund is institutional or retail using Morningstar data following Dumitrescu
et al. (2022). In particular, we collect the institutional flag from Morningstar, which has been used in the
mutual fund literature to identify retail and institutional funds by Evans and Fahlenbrach (2012) and Leip-
pold and Rueegg (2020), among others. We then construct an indicator, Retail, for funds that have more
than 50% of their assets under management in retail share classes.

To create some of our variables, we aggregate data at the fund family level based on the CRSP
identifier mgmt_code. TNA at the family level is the sum of the TNA of each fund in the family, the age
of the fund family is the age of the oldest fund in the family, and flows, expenses and returns are weighted
averages across all funds in the family (based on the TNA of each fund in the family).?

For a subsample of funds, and until 2016, we obtain data on inflows and outflows, as in Christof-

fersen et al. (2013) and Ha and Ko (2019). These data are reported in SEC’s N-SAR form, Item 28, which

5We compute flows at the family level using a weighted average of the flows of each fund in the family since we discard
money market, bond, and hybrid funds from the sample before aggregation.



includes cash-flow information on a monthly basis at the portfolio level.®

Given the findings of Barber et al. (2016) and Berk and van Binsbergen (2016) that investors ap-
pear to use the CAPM to evaluate mutual fund performance, throughout the paper we focus on CAPM
alphas as a determinant of flows, although in unreported results and in the predictability analysis we ver-
ify the robustness of our findings to using the three, four, five and six factor models of Fama and French
(1993, 2015) and the momentum factor in Carhart (1997) to estimate performance.” We compute the

risk-adjusted return, &, of fund 4 in month ¢ as the intercept plus the residual of the CAPM model:

Qit =15 — Bitrfnt? (1)

where 7§, is the excess return of fund ¢ at month ¢ over the risk free rate and r{,, is the excess return of
the market portfolio over the risk free rate. We obtain the monthly risk-free rate and the market portfolio
return from Prof. Kenneth French’s website and ﬁit is estimated for each fund and month ¢ by running
OLS rolling regressions of excess returns on market excess return over the three-year period ending in
month ¢ — 1. If less than three years of data are available in a given window, we require the fund to have at
least 30 months of data and run the regressions with the data available.

To construct the database of mutual fund families’ Twitter accounts we obtain the names of all
asset management companies in the CRSP database managing U.S. equity funds. Then, we perform a
manual search through each one of the family names represented in the variable mgmt_name in the CRSP
database and group similar names using the CRSP aggregation variable mgmt_code. Finally, we search
for each family’s Twitter account in the asset management company’s website. In case that more than one
Twitter account is used by the fund family, we use the tweets from all accounts.

Once the list of Twitter accounts is collected, we obtain all tweets from accounts that are active on
three different dates: February 2018, December 2021, and July 2023. It is important to notice that if a
fund family was on Twitter and decided to cancel its Twitter account before February 2018, we would not
be able to get information on that family’s tweets. Similarly, for accounts that existed in February 2018
and were canceled before December 2021, we would have no information in that sub-period. To ensure we
downloaded all information, we compare the earliest tweet obtained for each company with the true first
tweet of the account as provided by Twitter.® Our database contains 1,664,188 tweets from 284 different

usernames, from January 2009 to December 2020.

6We thank Yeonjeong Ha and Kwangsoo Ko for kindly sharing their data with us.

"Evans and Sun (2020) show that mutual fund flows have become more sensitive to three-factor abnormal returns since
Morningstar changed its methodology to compute fund ratings that account for funds’ investment style.

8The first tweet of any active account was found using the webpage https://discover.twitter.com/first-tweet, which
is no longer available, although other websites provide the same service.
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We score the sentiment of each tweet with Valence Aware Dictionary and sEntiment Reasoner
(VADER), a sentiment classifier designed specifically for social media. Hutto and Gilbert (2014) propose
VADER as a sentiment classifier for short messages that contain social text, like tweets, and show that
it outperforms naive dictionary-based methods. VADER does not require training data. Instead, it relies
on a human-validated sentiment lexicon and general grammatical rules, which makes it a transparent and
easily adaptable method. It is particularly appropriate for texts that are commonly used in social media
posts, which tend to employ a specific vocabulary and punctuation, as well as emoticons. Because of these
advantages, VADER is becoming a popular sentiment analysis tool in the academic literature that stud-
ies social media in Finance (Long et al., 2023; Cookson and Niessner, 2023; Cookson et al., 2023, 2024a).
Specifically, we use the VADER algorithm to compute a raw sentiment score based on the words contained
in the tweet. The VADER algorithm is an aggregate of a negative component, a neutral component, and a
positive component that load on negative, neutral and positive sentiment tokens, respectively. To compute
sentiment, the VADER algorithm aggregates across these sub-components to form a sentiment score for
each tweet, which is a number between -1 (very negative) and 1 (very positive). We classify a tweet as pos-
itive (negative) if the composite VADER score is greater (less) than 0.05 (-0.05), and classify it as neutral
otherwise.

Figure 1 displays the total number of tweets across all mutual fund families, as well as the number
of positive, negative, and neutral tweets per month. The figure shows a sharp increase in Twitter usage by
mutual fund families over the sample period, with a peak in 2016. As expected, neutral tweets predomi-
nate, followed by positive and negative tweets.”

Out of 848 fund families in the final CRSP sample, 269 fund families tweet at least once during the
sample period. This is the subsample we use in most of our analysis. Across all months in our sample,
fund families that use Twitter collectively manage 3.16 USD trillion in an average month across their do-
mestic equity funds, which corresponds to 65.2% of the total assets of non-index U.S. diversified equity
funds. Moreover, they operate 6,252 different funds on average, which is 52% of the total number of funds
in the sample. To understand how this subsample differs from the rest, Table 1 presents descriptive statis-
tics of both fund and family characteristics for the Twitter subsample and the full sample. At the fund
level, there are no clear differences between funds managed by fund families in the Twitter subsample and
funds in the entire sample. However, at the family level, differences between fund families in both samples
become more evident. Fund families in the Twitter subsample are on average older, manage more assets,

more funds, and funds in more different investment categories.

9In unreported tests, we check the robustness of our results using a series of supervised machine learning algorithms with
a training sample manually constructed, as well as using Large Language Models (LLMs) for sentiment analysis.



We explore the content of the tweets in our sample using a Latent Dirichlet Allocation (LDA) topic
modelling algorithm (Blei et al., 2003). Under the LDA algorithm, tweets are represented as a mixture
of topics, and a topic can be understood as a distribution of words (or lemmas). The LDA is a hierar-
chical Bayesian factor model for discrete data that has shown success in reducing the dimensionality of
textual data in economic applications (Hansen et al., 2018; Bandiera et al., 2020). We estimate the LDA
algorithm with three topics over the entire sample of tweets after removing common stop-words in tweets,
lemmatizing the remaining words, and considering common bigrams in the sample. We identify that the
three topics estimated correspond to three different types of communication: i) Market Commentary, ii)
Customer Service (or general communications), and iii) Financial Advice. Figures 2, 3, and 4 present word-
clouds of the three topics estimated in which the size of the word is proportional to its relevance in the
topic. We label the first topic as Market Commentary as the words global, ipo, investors, markets, invest-
ment, investing and equity are the most common within the topic. We label the second topic as Customer
Service as the words help, us, hi, please, thanks, call, number and sorry are the most common within the
topic. Finally, we label the third topic as Financial Advice as the words help, new, financial, bank and
great are the most common within the topic.

To save on notation we define the set of topics as
T = {Market Commentary, Customer Service, Financial Advice} (2)

The LDA algorithm provides weights (or coordinates) across these three topics such that each tweet can

be represented with the tuple

0=(0")er (3)

such that #7 > 0Vj € T, Zje’r 67 < 1, and the remaining weight 1 — Zje’r 67 captures potential omit-
ted topics not considered in the analysis, rounding errors in the estimation, and tweets that cannot be
explained with the three topics. In our sample the average sum of weights equals 99.99 %. In unreported
tests we estimate the model using two and four topics and find that in the first case the two topics resem-
ble the market commentary and customer service identified in the paper, and in the second case the fourth
topic has no clear separation from the other three topics. Moreover, we compare the coherence score of the
trained models, a measure of out-of-sample performance, and conclude that three topics properly explain
the distribution of tweets in our sample.

We define a tweet k as conveying information about topic [ if not all of its coordinates are zero and
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the weight on topic [ is the largest.”

. 1, ifl=argmax{6'} and max{f} # 0
Trt = (4)

0, otherwise

Using this definition, we also compute topic specific counts of tweets aggregating only over tweets classi-
fied with each of the three topics for positive, neutral and negative tweets. Our database contains 981,721
(59%) tweets classified as Market Commentary, 420,229 (25.25%) as Customer Service, and 262,238 (15.75%)
as Financial Advice. Out of the Market Commentary tweets, 54.85 % are classified as positive, 13.38% as
negative, and 31.75% as neutral. For Customer Service, and Financial Advice these numbers are (70.5%,
9.3%, 20.19%) and (57.83%, 8.3%, 33.87%) respectively.

We illustrate how our classification procedure works in practice by examining five tweets posted
by asset management companies in our sample. The first example, presented in Figure 5, corresponds to
a post written by Northern Trust which is classified as negative with a score of 0.994. The second tweet
presented in Figure 6 written by PIMCO is classified as positive with a score of 1. Finally, we provide ex-
amples of the topic modelling of tweets. Figure 7 provides an example of a tweet classified as being related
to Market Commentary, Figure 8 provides an example of a tweet classified as being related to Customer
Service, and finally Figure 9 provides an example of a tweet classified as being related to Financial Advice
together with their tone classification.

Finally, for part of our analysis, we obtain intraday data on ETF prices and volumes from FirstRate
Data. Prices are adjusted for both splits and dividends. Using the ticker code of the ETF and focusing
on ETFs within fund families that have a Twitter account, we are able to match intraday data for 867

different ETF tickers in our sample.

3 DETERMINANTS OF TWITTER ACTIVITY BY MUTUAL FUND FAMILIES

We start our analysis by investigating the determinants of Twitter usage by fund families. Although so-
cial media communication has low explicit costs, the implicit costs are non-trivial. Managing a social
media communication strategy requires that social media managers coordinate with the marketing depart-
ment and senior management in the process of setting goals and engaging with the public. In addition,
social managers must create contents, promote the firm’s social media presence, and carefully monitor and

evaluate the whole process. Since such costs are likely to have a fixed component, we expect larger asset

10We impose this restriction since around 0.3% of tweets cannot be explained by these three topics and have zero weights
on all topics. These tweets tend to be short, use images, post urls or contain spelling mistakes which makes it improbable for
the LDA algorithm to explain them.
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management firms to be more likely to use social media. To proxy for family size, we use the log of the
family’s total assets under management, the number of funds and the number of different categories (both
in logs) in which families offer funds. Considering the potential benefits of social media, we conjecture that
younger asset management firms have stronger incentives to use social media to gain visibility. Also, it
seems plausible to think that asset management companies are more likely to communicate with investors
when their funds have recently experienced better performance. We compute family age and performance
as the age of the oldest fund in the family and the asset-weighted average CAPM alpha of the funds in
the family over the previous 12 months, respectively. In addition to these variables of interest, we control
for the characteristics of funds aggregated at the family level: asset-weighted average expense ratio; and
asset-weighted average volatility of fund returns in the previous 12 months.

We analyze both the extensive and the intensive margins of fund families’ Twitter usage. We first
estimate a linear probability model in a panel data at the family-month level with the Number of Tweets
> 0 indicator as the dependent variable. In this regression, we use the full sample. Explanatory variables
are lagged one month and we include time, and fund family fixed effects. Estimation results are presented
in columns (1)-(3) of Table 2. As expected, all three proxies for family size are positively and significantly
associated with the probability of tweeting. Moreover, family age is negatively associated with this prob-
ability, which indicates that younger families are more likely to use twitter at any point. Better fund per-
formance and lower risk are both associated with a higher probability of using Twitter. In columns (2)
and (3) we also find that fund families with lower expense ratios are more likely to use twitter in a given
month.

We then regress the natural logarithm of 1 plus the Number of Tweets on the same set of explana-
tory variables as in the previous regression. In this case, we naturally restrict the sample to families that
tweet at least once in our sample period. We include family and time fixed effects and compute standard
errors clustered at the month level. Estimation results are presented in columns (4)-(6) of Table 2. Con-
ditional on having a Twitter account and using it at least once in the sample, larger firms, as measured
by total assets, tend to tweet more. However, families with funds in more investment categories tend to
tweet less frequently. The sign on age remains negative but it is only significant in column (4) when using
total assets as a proxy of size. Fund families with better recent performance tweet more actively, as well as
families with lower volatility of returns.

The results in this section suggest that economies of scale are a key determinant of social media

usage by asset managers, a feature that is shared with traditional advertisement (Sutton, 2007).
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4 TWITTER ACTIVITY AND FUND FLOWS

In this section, we investigate whether mutual fund investors respond to the Twitter activity of asset man-
agement companies. More specifically, we study how the flows of money into the funds of a family are
related to the family’s number of tweets and tone of those tweets in the previous month, controlling for
fund performance and other well-documented flow determinants. To perform the analysis, we restrict the
sample to funds of fund families that tweet at least once between January 2009 and December 2020.
Following the literature, we compute net flows to fund i between month ¢ and month ¢ 4+ 7 as the

growth rate in total net assets net of the fund’s return:

TNA; 4 4r — TNA; (1 + 75 447)

TNA;; ’ 5)

Flows; ¢4+ =

where TNA;; is the total net assets of fund ¢ at the end of month ¢, and r; ¢4 is the fund’s compound
monthly return between ¢ and ¢ + 7. To minimize the impact of outliers - mostly small funds with large
percentage of inflows or outflows - we follow the literature and winsorize flows at the 1% level.

Like Sirri and Tufano (1998), we allow for a non-linear flow-performance relationship. To model de-
pendence on performance, we employ two different approaches. First, we define the variable Rank;; as the
ranking of fund i’s CAPM alpha in the 12-month period ending in month ¢ against all other funds in the
same Lipper category, normalized to be between 1/N (lowest performing fund) and 1 (highest performing
fund), where N denotes the number of funds in the corresponding category and month. Second, we use
objective-adjusted abnormal return (OAR) as in Ha and Ko (2019). We compute OAR;; by standardizing
the 12-month CAPM alpha to have zero mean and unit standard deviation across all funds in the same
investment category.

For both Performance;; € {Rank;;, OAR;;}, we compute the following variables:

Low Performance;; = min(Performance;, p20)
Mid Performance;; = min(Performance;; — Low Performance;;, p80 — p20) (6)

High Performance;, = Performance;; — Mid Performance;; — Low Performance;;,

where p20, p80 denote the 20th and 80th percentiles, respectively, of either the cross-sectional distribution
of performance rank or OAR.

To analyze the link between a fund family’s Twitter activity and subsequent flows, we estimate the
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regression equation:

Flows; 141 = Y0 + 71 x Twitter Activity;,
+ 2 x Low Performance;; + 3 x Mid Performance;; + 74 x High Performance;, (7)

+ 1 x Xy + 0t + Xi + teat + Ofam + Vi,

where Twitter Activity corresponds to either the Number of Tweets written by the fund family in a month
in thousands, or the natural logarithm of one plus the number of tweets in thousands. Flows; ;1 is in %.
Low, Mid, and High Performance are calculated using alternatively Rank or OAR based on the fund’s 12-
month CAPM alpha, as in equation 6.'! Following the large literature on the determinants of fund flows,
the vector of lagged controls, X;;, includes the natural logarithm of the fund’s total net assets, the fund’s
expense ratio, the fund’s age (log of months since inception), contemporaneous flows to funds in the same
investment category excluding the instantaneous fund, return volatility in the previous 12 months, flows
to the fund in the previous month. We also control for family size (log of assets under management) and
family age (age of the family’s oldest fund). &, A, fteat, and 4 denote month, fund, investment cate-
gory, and family fixed effects, respectively.!? Finally, v; ;11 denotes the error term. We estimate equation
(7) using pooled OLS and compute standard errors clustered at the month, fund family, and month-fund
family levels.

Table 3 presents the results. In columns (1)-(3) we report results for OAR, and in columns (4)-(6)
we use Ranks. Columns (1) and (4) are the baseline specifications without Twitter activity. In columns
(2) and (5), we include Number of Tweets in thousands as the measure of Twitter activity. The coefficient
on this variable is positive and statistically significant at the 1% level. To account for the possible non-
linearity of the relation between flows and twitter activity, we also measure Twitter activity as the natural
logarithm of 1 plus the number of tweets in thousands in columns (3) and (6).

Using objective-adjusted alpha as a measure of performance and the Number of Funds (columns
2 and 3), the estimated coefficients (0.50 and 0.69, respectively) imply that a one standard deviation
increase in the number of tweets in a given month (69.59, as reported in Table 1) is associated with an
increase in flows in the following month of approximately 0.035% (= 0.50% x 0.06959) when using the
number of tweets to measure social media activity and 0.047% when using the variable in logs (evaluated

at the average number of tweets per family and month, 29.5, as reported in Table 1).!* The results are al-

11 As explained above, we choose the CAPM to evaluate fund performance because this is the model that best explains
fund flows (Barber et al., 2016; Berk and van Binsbergen, 2016).

12In our sample, some funds change investment categories and fund families through time.

I3For the variable in logs, we approximate the change in flows as A(Flows) = 0.69% x dlngﬁ}jﬂfzrb?f %fwzzvte:ts) X

A(Number of Tweets). Evaluating the derivative at the average number of tweets implies an increase in flows of 0.69% x
x 0.06959 = 0.047% for a one standard deviation increase in tweets.

1
140.0295
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most identical if we use the estimated coefficients from the specification that models the flow-performance
relation with performance ranks, rather than objective-adjusted returns (columns 5 and 6).

Another way to evaluate the size of the effect is to note that for an estimated coefficient of 0.50
on Number of Tweets (in thousands) and an average number of 29.5 tweets per family and month, and
assuming a homogeneous effect of social media on flows across funds, Twitter activity generates net inflows
of 0.01475% (= 0.50 x 0.0295) each month per family. Since the average family in the Twitter sample
manages assets worth USD 21,877.56 million, those inflows amount to USD 3.22 million each month for
the average family.

Consistently with the literature, we find a convex relation between flows and performance for both
ways of modelling non-linearity. Also, fund size, flows to funds in the same category, and volatility are all
negatively associated with flows. Flows are persistent as evidenced by the positive and significant coeffi-
cient on lagged flows. Finally, younger funds capture more flows in percentage.

One concern in our analysis is that fund families could be tweeting about specific investment styles
that experience higher flows as investors’ preferences or expectations change through time. To tackle this
potential concern, we repeat Table (3) removing time and investment category fixed effects, but including
time-investment category fixed effect in the specification. Naturally, we remove the flows to the same
category control from the specification. Results are presented in Table (4). Our main conclusions are
unaltered, the estimated coefficients on the Number of Tweets and the log of the number of tweets become
only slightly smaller relative to those in Table (3) and the standard errors are identical.

In the Internet Appendix we address a potential sample-selection bias in our tests due to the fact
that we only include in the flow regressions those fund families that tweet at least once in our sample. In
particular, we perform a two-step Heckman procedure where in the first step, we estimate a probit model
of a fund belonging in the sample with fund and fund family characteristics, and then include the Mill’s
ratio as an explanatory variable in the second step. We find that the coefficient of positiveness remains

unchanged, which alleviates the concern of a potential sample-selection bias in our results.

5 TONE OF TWEETS AND FUND FLOWS

In this section, we investigate whether the tone of the fund family’s tweets and not just the number of
tweets influence investor decisions. In Table (5) we repeat the regression analysis for the specification

of equation (7) but including separately the number of positive tweets and the number of non-positive
tweets (neutral + negative) in a given month, both in thousands. In columns (2) and (4) we find that the

coefficient on the number of positive tweets in the month is positive and statistically significant while the
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coefficient on the number of non-positive tweets in is negative and statistically significant. The coefficient
on the number of positive tweets is twice the size the coefficient on the number of tweets in Table (3).

A one standard deviation increase in the number of positive tweets is associated with a flow of USD 6.9
million to the average family (1.09% x (29.04/1000) x 21,799). On the other hand, a one standard deviation
increase in the number of non-positive tweets is associated with a decrease in flows of USD 9.098 million
(—1.7% x (24.55/1000) x 21, 799).

One possible concern with these results is that tweets with different tones could be capturing differ-
ent types of information. If differences in tone explain flows because they capture differences across topics,
then we would observe no link between tone and flows if we restrict our attention to tweets of only one
topic at a time. To perform this test, we count the number of positive, neutral, and negative tweets posted
by each family and month in each one of the three main topics: Market Commentary; Financial Advice;
and Customer Service. We then regress flows on the number of positive and non-positive (neutral and
negative) tweets for each topic separately. The results of this test are reported in Table (6). We find that
a larger number of positive (non-positive) tweets is associated with higher (lower) flows for each one of
the three topics. However, both coefficients are statistically significant only for tweets classified as Market
Commentary. For tweets classified as Customer Service, only the coefficient on positive flows is significant
(at the 10% significance level). In the case of Financial Advice tweets, we find no statistically significant
relation between the tone of the family’s tweets and next-month flows. We conclude that the relation be-
tween positive tweets and subsequent flows survives after isolating tweets in different topics, although it
remains statistically significant only for Market Commentary tweets.

These results also suggest that asset management tweets do not influence investors simply by pro-
viding a valuable customer service to their investors through social media. While we cannot rule out that
possibility, the fact that Market Commentary tweets by themselves drive investor flows indicate that social
media is more than just a channel for customer service for asset management firms.

Our results suggest that it is profitable for fund families to tweet massively in order to attract
money from investors. However, the fact that not all fund families have a Twitter account nor tweet inces-
santly, particularly posts with a positive tone. This observation suggests that there must be some implicit
costs associated with tweeting. We conjecture that reputational costs play a key role in determining the
optimal twitter activity. For example, investors might evaluate ex-post the consistency between the tone
of the tweets and respond more favorably when the sentiment of past tweets better reflects the current
performance of the fund. They may also react negatively to tweets if the subsequent performance of the
family’s funds is mediocre.

To test this conjecture, We define variables of Consistency and Deception based on the overall tone
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of the fund family’s communications at time ¢ — 1 and the OAR of the fund at time ¢. More specifically, we

define the following variables:

Consistency(+) = (Positive Tweets;; > Negative Tweets,;;) and (OAR;; > 0)
Consistency(—) = (Positive Tweets;; < Negative Tweets;;) and (OAR;; < 0)
Consistency = Consistency(+) + Consistency(—)

Deception = (Positive Tweets;; > Negative Tweets;,) and (OAR;; < 0)

We then augment the regression equation (7) in Table (7) by adding these four variables in addition
to Number of Tweets. Importantly, we continue to control for fund performance and other characteristics.
In column (1) we include Consistency. In column (2) we include both Consistency(+) and Consistency(—).
In column (3), we include only Deception. The estimated coefficient on Number of Tweets remains signifi-
cant at the 10% level in columns (1) and (2) and at the 5% level in column (3). The estimated coefficients
on our consistency measures suggest that investors prefer funds that have a performance consistent with
the tone of the recent posts by their fund families. Funds with Consistency = 1 receive on average 0.2%
higher net flows in a month than funds of the same performance and in families with similar Number
of Tweets. However, in column (2) we observe that this relation is fully explained by the variable Con-
sistency(+), whose estimated coefficient is identical to that on Consistency, whereas the coeflicient on
Consistency(—) is not statistically significant. Investors prefer funds in families with net positive com-
munications if those funds subsequently outperform. Finally, the negative and significant coefficient on
Deception in column (3) suggests that investors penalize funds that exhibit poor performance following
net positive communications by their fund family. These funds receive on average 0.26 % fewer flows in
a month than funds with similar performance and from families with similar Number of Tweets. Over-
all, these results are suggestive that indeed, there may be a cost to asset management companies posting

positive tweets in terms of lower flows if funds’ subsequent performance is relatively poor.

6 ALTERNATIVE EXPLANATIONS

Our results so far suggest that more activity on Twitter by asset management firms is positively associated
with subsequent flows to their funds, controlling for previously documented fund flow determinants as
well as time-invariant fund and fund family characteristics. However, it is unclear whether social media
communications themselves attract flows of money or, instead, they simply happen to be correlated with

other asset management companies’ activities or events that determine flows. In the remainder of this
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section, we consider and test three alternative explanations for a positive association between Twitter
activity and mutual fund flows. We also perform a high-frequency analysis that allows us to isolate the
impact of tweets on investor decisions from any confounders.

Our first alternative explanation is that asset management companies’ tweets are simply correlated
with their marketing efforts. If posts on social media take place simultaneously with online, print, televi-
sion advertising or with incentives to brokers, and we fail to control for such marketing activities, then
social media posts are just a proxy for management companies’ marketing efforts, and not necessarily
drivers of flows. To test this hypothesis, we perform two different tests. First, we control for the “virality”
of the fund family’ tweets, i.e., the total number of “likes”, replies, and retweets (RT) for those tweets
(divided by 10,000). The idea of the test is that if marketing—and not tweets—attract flows, then there is
no reason why users’ response to tweets should be associated with flows. If, on the other hand, Twitter is
an independent channel for flows, we would expect users’ reactions to be associated with subsequent flows.
The estimation results are reported in Table 8. In column (1), we find that the estimated coefficient on the
number of interactions with the fund family’s tweets is positive and statistically significant at the 1% level.
The estimated coefficients on Number of Tweets (in 1,000) and virality (in 10,000), equal 0.49 and 0.03,
respectively. In our sample, the average number of likes, replies and retweets per family and month equals
437, so users’ interactions with fund families’ tweets account for only a small fraction of the influence of

social median on flows. To equate its influence, each tweet of the family would have to receive 163 likes,

replies, and retweets (= 393 x 11%00000).
In a second test, we control explicitly for the fund family’s marketing efforts, as proxied by funds’
expenses used for advertising, marketing, and compensation to brokers. More specifically, we first com-
pute for each share class the sum of 12b-1 fees and annualized loads. To compute annualized loads we
divide the maximum loads of the share class by 3.'* We then compute the asset-weighted average of mar-
keting expenses across all share classes (within our sample) in the family, as a proxy for the marketing
efforts of the fund’s family. To allow for a non-linear effect of marketing on flows, we compute terciles of
this variable for every month at the family level and include two indicator variables for the second and
third terciles. The results are shown in columns (2) and (3). In column (2) we include only our proxies for
marketing expenses. In column (3), we include also the interaction between the number of tweets and mar-
keting expenses. We find that marketing expenses are positively associated with fund flows, consistently
with research on mutual fund marketing (Jain and Wu, 2000; Cronqvist, 2006; Gallaher et al., 2015). This

effect is economically significant. Funds whose fund family has marketing expenses in the top (second)

tercile of the distribution receive in average 0.27% (0.11%) higher flows compared to funds in the bottom

M The average holding period of equity mutual funds is estimated to be between 2 and 3 years (O’Neal, 2004).
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tercile. However, the coefficient on Number of Tweets remains positive and significant. In column (3) we

find that the interaction between Number of Tweets and the top tercile dummy is positive and statistically
significant. The estimated coefficients suggest that funds from fund families in the top tercile of marketing
expenses have a marginal benefit of tweeting of 0.63 compared to 0.38 for the second tercile and -0.37 in

the bottom tercile.

These findings give further credence to the notion that tweets are not just proxying for marketing
efforts through other channels. Our results are consistent with asset managers’ social media strategy being
a separate channel from marketing, although both channels for attracting flows seem to reinforce each
other, at least for families that invest a lot in marketing.

Third, we consider the possibility that tweets convey information that is already publicly available
and relevant for future fund flows. Accordingly, Twitter activity itself may have no impact on fund flows
and the estimated association is the consequence of omitted variable bias. To explore this possibility, we
reestimate the flow regression equation controlling for the following information: i) a change in the fund’s
management company in the previous month; ii) a change in the fund’s portfolio manager or manager
team in the previous month; iii) an indicator variable if the fund is in the Top quintile of its OAR distri-
bution. Changes in the fund’s management could be perceived by investors as a positive signal of future
returns (Khorana, 2001). Stellar performance may attract disproportionate flows as they capture attention
from the media (Kaniel and Parham, 2017). Results in Table 9 indicate that the association between Num-
ber of Tweets and fund flows remains positive, similar in magnitude, and statistically significant at the 1%
level after controlling for changes in management, or stellar performance.

Of course, the set of events we have considered in Table 9 is not exhaustive. Without a source of
exogenous variation in Twitter activity, isolating the effect of tweets on open-end mutual fund flows from
confounders is not possible. Instead, we propose to identify the effect of asset management companies
tweets on investor decisions by exploiting the high-frequency nature of social media communications in
combination with intraday ETF price data. The analysis is based on the idea that asset management
companies’ positive tweets increase the demand not just for their open-end mutual funds but also for their
ETFs. Since ETF shares are traded in an exchange, we expect a family’s positive tweets to put upward
pressure on the price of its ETFs. The main advantage of using ETFs over open-end mutual funds for
the purpose of this analysis is that ETFs are traded intradaily, which allows us to identify the effect of
tweeting activity on prices using the high-frequency methodology of Bianchi et al. (2023) and Bianchi et al.
(2024). More specifically, we study whether an ETF’s price changes in a very short time window around
the time when the ETF’s family tweets. As explained by those authors, this high-frequency approach

allows for clean identification of the effect of tweets on prices with the identifying assumption being that
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over such a short window of time no other relevant information affecting the security’s price is released.
To perform the test, we follow closely Bianchi et al. (2024). First, we use the timestamp in Eastern Time
of every tweet in our sample to determine two 10-minute windows: one from 15 to 5 minutes before the
tweet and another one from 5 to 15 minutes after the tweet. Second, for each one of the family’s ETFs,
we identify the price of the last trade in the [-15,-5] minute window and the price of the first trade in the

[+5,415] minute window as depicted below:'?

———0—0—0—0— O — P —M8MM 00— 0—0—0—0—0—>
t—15 Pt—r t—35 t t+5 Ptyr t+ 15

Finally, we compute the change in log prices and regress it on the tweet’s Vader Score.'® Following
Bianchi et al. (2023) and Bianchi et al. (2024) we include fund fixed effects. That is, we estimate the
regression equation:

Ap;+ = a+ b x Vader Sentiment; ; + 6; + €; ¢,

where Ap; ; is the change in ETF i’s log price between the last trade of the [-15,-5] minute window and
the first trade of the [+5,4+15] minute window around a tweet by 4’s family taking place at time t.
Estimation results are reported in Table 10. In column (1) we study the effect of family tweets on
its ETF share prices between 5 minutes before the tweet and 5 minutes after each tweet. The estimated
coefficient is positive and statistically significant at the 5% significance level, which indicates that family
tweets with a positive tone push up the prices of their ETFs relative to neutral tweets. Based on the esti-
mated coefficient, a tweet with a VADER sentiment of one increases ETF share prices by 0.09 basis points.
This result is strong evidence in favor of the hypothesis that tweets themselves drive flows of money to the
fund family’s products, and do not simply proxy for omitted actions of fund families or other events.
Although this result is consistent with tweets increasing the demand for the fund family’s prod-
ucts, it could also be that tweets correctly predict positive information about the ETF’s underlying assets.
For instance, asset managers tweet good news about the market that the ETF tracks. If that is true, we
would expect the effect on prices to be temporary, as any price deviations from fundamentals (the ETF’s
net asset value) will be arbitraged away by authorized participants. In this case, the ETF shares would
quickly revert to the net asset value, although the ETF would grow in size. If, on the other hand, tweets
anticipate an increase in the value of the ETF’s assets, then the increase in price would be permanent.

To distinguish between both possibilities, we consider 10-minute windows that start later after the tweet.

15We exclude the observation from the analysis if either the last price in the window before the tweet or the first price in
the window after the tweet have zero associated volume in our dataset
16We winsorize price changes at the 1% level.
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More specifically, we consider eight different 10-minute windows starting at ¢ + 15, and finishing at ¢ + 85
and recalculate Ap; ; accordingly always using the same before price. In column (2) we move forward the
window after the tweet by 10 minutes and estimate an even larger and statistically significant marginal
impact of 0.2 basis points. The larger coefficient could be explained by the fact that we are giving in-
vestors more time to react. Also, the impact of one tweet is likely amplified over time through retweets
and cross-posting in social media. When we study price changes 35 minutes after the tweet (column 4),
the estimated coefficient has a value of 0.65 basis points. After this time the marginal coefficient decreases,
and in column (8) it has a value of 0.08 and it is no longer significant, so the effect of a tweet is completely
reversed 75 minutes after the tweet. This finding is consistent with tweets increasing the demand for the
fund family’s products and not with tweets anticipating increases in the value of the portfolio’s assets.

Since the individual impact of a tweet on ETF prices might not be symmetric across positive and
negative tweets we repeat the analysis by computing the positive and negative component of the VADER
Score separately. Each variable is defined on the interval [0, 1] and they are not simultaneously positive.
The results are presented in Table (11), we observe that the marginal impact of a positive tweet dissapears
after 55 minutes, while negative tweets have a positive impact in the first 15 minutes and their impact
reverses after 45 minutes and dissapears after 75 minutes.

One possible concern about the high-frequency tests is that they may not be sufficient to isolate
the effect of tweets on ETF prices. For instance, on a day when favorable news is released, ETF prices
might increase throughout the day as investors digest the information. If asset management companies
tweet about that event, it could appear that ETF prices respond favorably to those tweets, whereas, in
reality, the prices are incorporating the news with some lag. To alleviate this concern, we exploit the high-
frequency nature of our data and include day fixed effects in our specification. The day fixed effects absorb
the impact on ETF prices of any events or news that affect prices on a given day. The results of this high-
frequency analysis are reported in the Internet Appendix. The estimated coefficients are positive and
statistically significant for the VADER sentiment score of the tweets. When regressing ETF price changes
on the positive and negative scores separately, we continue to find that ETF prices increase with positive
tweets and decrease with negative tweets.

In the Internet Appendix, we also include fund-month fixed effects to control for all observable and
unobservable ETF characteristics that change from month to month and which may influence ETF price
changes. The results corroborate that ETF prices respond to the tone of asset management companies’
tweets.

Taken together, the results in this section provide strong support to the hypothesis that the social

media communications of asset management companies are a distinct channel for influencing investor deci-

21



sions that operates independently from marketing. In other words, asset managers’ social media strategy
does not simply mirror their marketing strategy. Social media is not a mere vehicle for customer service,

either. Finally, social media in asset management does not simply echo publicly available information. In-
stead, our findings suggest that social media is a powerful new tool in the hands of asset managers with a

larger potential to influence investor decisions.

7 ECONOMIC MECHANISMS

In this section, we investigate the mechanism through which the social media activity of asset management
companies attracts investors’ money to the funds they manage. More specifically, we consider four possi-
ble hypotheses. First, asset management companies use social media to reduce search costs for investors.
Second, asset management companies’ tweets increase the attention that investors pay to their managed
funds. Third, asset management companies use social media to convey to investors performance-relevant
information that is not publicly available. Fourth, fund families use social media as a tool to persuade
investors, i.e., to create uninformative messages that exploit investor biases.

We start by testing whether asset management companies use social media to reduce search costs
for investors. This can be achieved by facilitating investors’ access to information that is already available
but difficult to locate for investors, such as information about fund offerings, fees, past performance, or
investment strategy. An example of such tweets is shown in Figure (8) where BlackRock explains the
strategy of its Global Allocation Fund. Building on the work of Sirri and Tufano (1998) and Hortagsu and
Syverson (2004), we posit that a reduction in search costs increases flows of money from new investors,
as more investors are willing to pay the cost of searching for the family’s funds. But lower search costs
also decrease the flow-performance sensitivity, particularly in the high-performance region, as potential
investors facing lower search costs are willing to consider more of the family’s funds and not just those at
the very top of the performance distribution (Huang et al., 2007).

To test these theoretical predictions, we investigate how Inflows and Outflows and their relation to
performance changes with Number of Tweets. More specifically, we define Inflows and Outflows for fund

in month ¢ + 1 as:

New Sales; +11
TNA,; ,
Redeemed Cash; ¢+41
TNA,; ;

Inﬂowsi}w 1=

Outflows; ;41 =

As argued by Ha and Ko (2019) inflows and outflows are simultaneously determined by investors’ rebal-
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ancing strategies. To tackle the mutual dependence between inflows and outflows we follow closely the
methodology proposed by Ha and Ko (2019). In particular, we first estimate the following OLS regressions

for inflows and outflows separately:

11
Inflows; +41 = a + Z bs x Inflows; ;s + ¢ X Xit + V; 441,
s=0
11
Outflows; ;11 = a + Z bs x Outflows; 15 + ¢ X Xt + Vj t41,
s=0

where X;; contains the same controls used in the flow regressions. We then regress inflows and outflows on
the fitted values on outflows and inflows, respectively, and keep the residuals. Finally, residual inflows and
residual outflows are regressed on Number of Tweets and performance (Rank and OAR).

In Table 12, we show estimation results for inflows in columns (1) to (4) and for outflows in columns
(5) to (8). In the odd columns, we include no interactions of Number of Tweets with performance. In the
even columns, we include both Number of Tweets and their interactions with the measures of performance
that define the piecewise-linear function. The coefficient of Inflows on Number of Tweets is positive and
significant for both OAR and Rank (Columns 1 and 3). With respect to the interactions, we find that the
interaction between Number of Tweets and performance in the high-performance region is positive signif-
icant for OAR but it is not significant for Rank. Therefore, the results are consistent with the prediction
that tweets attract money from new investors, but not with the prediction that the relation between flows
of money from new investors and performance becomes flatter in the high-performance region. Although
these results are not supportive of the search-cost hypothesis, they should be taken with caution. Tweeting
is an endogenous decision. In particular, fund families could be strategically posting in times when their
overall performance is high. Such good general performance would by itself make the family’s funds more
visible to outside investors, so a larger number of tweets by the family would have little impact on the
relation between performance and new money, particularly in the high-performance range.

The results of Table 12 are also informative about the attention hypothesis. Models of rational inat-
tention predict that increases in investor attention to stocks result in more retail investors considering
both purchases and sales of stocks, although the increase in purchases by retail investors should be higher
than the increase in sales due to costs and constraints affecting short sales (Barber and Odean, 2008; Da
et al., 2011). The increase in inflows following a higher number of tweets that we observe in Table 12 is
consistent with this story. However, we also find that a higher number of tweets reduces outflows across
funds, which contradicts the theoretical prediction. Also, when investors are paying attention, underper-

forming funds in families with good overall performance should experience more withdrawals, as investors
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would discriminate more between the worst funds in the family and others. In Table 12 (columns 6 and
8), we find exactly the opposite result: Outflows become less sensitive to performance in the low perfor-
mance region (for both measures of performance) following an increase in the number of tweets by the
family. More specifically, while outflows decrease with higher performance, a higher number of tweets
make the slope of the flow-performance relation less negative in the low-performance region: A one stan-
dard deviation increase in the number of tweets is associated with an increase in the slope of the outflow-
performance relation of about 13% the size of the slope for families that do not tweet. In sum, the findings
from the analysis of inflows and outflows are not supportive of the attention hypothesis, either.

We now move on to testing the hypothesis that asset management companies use social media to
convey to investors performance-relevant information that is not publicly available. The model of Du-
mitrescu and Gil-Bazo (2016) of strategic communication by asset managers predicts that asset manage-
ment companies will choose to communicate only privately observed information that is favorable with
respect to future fund performance. Since in equilibrium, such communications are truthful, not previously
known, and favorable to the fund, they should have a positive impact on flows. But such communica-
tions should also possess predictive ability with respect to future fund performance beyond and above
public information. To test this prediction of the theory, we regress one-month ahead performance on
Number of Tweets while controlling for past performance and fund and family characteristics that have
been documented in the literature to predict performance. One difficulty that arises with this test is the
fact that net performance is partially determined by investors’ reaction to Twitter Activity. In particular,
if there are diseconomies of scale in asset management, fund performance will deteriorate as money flows
into the fund (Berk and Green, 2004). To account for diseconomies of scale, we control also for fund size

and past flows. More specifically, we estimate:

&1 = po + p1 X @ t—3.4 + p2 x Number of Tweets (1,000)i’t + P x Xy + 0 4+ N + feat + Ofam + Vi,
(9)

where o; ;3. is the fund’s abnormal return in the previous three months. Xj; is a vector of control vari-
ables that includes: fund size; expense ratio; flows (in month t); portfolio turnover; 12-month return
volatility; an indicator variable that equals one if the fund charges loads; fund age; family size and family
age. We also control for our Retail indicator since this variable may correlate both with Twitter activity
and performance. 041, Ai, flcat, and 04y, denote time, fund, investment category, and family fixed effects,
respectively. Standard errors are clustered at the family, month, and family-month levels.

Table 13 shows the estimation results. In column (1), we use CAPM alpha both as the dependent
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variable and as a control (in this case, measured over the previous three months). In column (2), our
measure of performance is the Fama and French (1993) 3-factor alpha. In column (3), we use Carhart’s
(1997) four-factor alpha. In column (4), we use Fama and French (2015) five-factor alpha. And in column
(5) we estimate alpha using the five-factor model of Fama and French (2015) augmented with momentum.
The coefficients on Number of Tweets are insignificant in all specifications. Therefore, regardless of the
factor model we use to measure performance, Number of Tweets of fund ¢ in month ¢ does not predict
whether the fund will outperform in month ¢ 4+ 1. These findings do not support the hypothesis that positive
tweets reduce asymmetric information about future fund performance.

It could be argued that not all categories of tweets are equally informative about future perfor-
mance. We exploit our topic classification and repeat the analysis separately for tweets in each topic. That
is, we compute the variable Number of Tweets counting tweets within one topic classification at a time.
We then regress flows on these three variables and the rest of potential flow determinants. The estimation
results, are included in the Internet Appendix. We find no evidence that tweets of any topic predict future
fund performance for any of the measures of performance considered.

Although these results do not support the hypothesis that tweets may contain valuable information
about future performance, it should be noted that not all categories of tweets are equally informative. To
test whether at least some tweets predict performance, we exploit our topic classification and repeat the
analysis separately for tweets in each topic. That is, we compute the variable Number of Tweets counting
tweets within one topic classification at a time. We then regress flows on these three variables and the
rest of potential flow determinants. According to the estimation results, which we include in the Internet
Appendix, tweets in all three topics show no predictive power with respect to future fund performance.

It could also be that the average predictability across all funds in the family masks a stronger link
between Twitter activity and subsequent performance for specific groups of funds. To explore this possi-
bility, we identify tweets that make reference to a particular investment category. Given that our sample
consists of US diversified equity mutual funds, we focus on the investment styles in the 3x3 Morningstar
matrix (size by value). Using a dictionary of words commonly used to refer to specific investment styles,
we find very few such tweets. For instance, the most commonly referenced investment style in tweets ac-
cording to our dictionary is “small caps’ On average, a family posts only 0.09 small-cap tweets in a given
month, as opposed to almost 30 total tweets. Only 0.24% of all the tweets in our sample contain words
that make reference to small caps. For other styles, that fraction ranges between 0.11% and 0.02% of all
tweets. Nevertherless, we count the number of tweets in each style and perform the regression analysis
restricting the sample to mutual funds in that style (as classified by Lipper). The estimation results are

reported in the Appendix. We find no evidence that the number of tweets in a given investment predicts
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performance of funds in that category. However, the test probably has little power given the sparsity of
the variable of interest.

We then study whether Twitter activity predicts future performance for funds that benefit the most
from tweets.!” One way of testing this conjecture is to first determine the fund characteristics that are
associated with higher flows due to social media activity and then test whether the number of tweets
predicts higher performance for funds with those characteristics. In Table 14, we run flow regressions that
include interactions between the number of tweets and several fund characteristics. We find that funds
charging lower expense ratios, funds in larger and older families, and funds with higher recent past flows
benefit the most from family tweets. Given these results, in Table 15, we regress CAPM alpha on the
number of tweets in the previous month and interactions with those four characteristics. We find that
only the interaction with expense ratio is statistically significant: A higher number of tweets predicts
significantly higher alpha for cheaper funds. In the Internet Appendix, we repeat the analysis for other
measures of performance.

Overall, we find no evidence that social media activity predicts superior fund performance, with the
exception of low-fee funds.

Finally, we test the persuasion hypothesis, i.e., the notion that asset managers influence investor
decisions through uninformative messages. To investigate the persuasion hypothesis directly, we build on
the work of Mullainathan and Shleifer (2005) and Mullainathan et al. (2008) and test their theoretical
prediction that persuasion requires that the message conveyed to investors be adapted to different circum-
stances. More specifically, in times of low investor sentiment, asset managers will want to associate their
products to safety and trust, whereas in times of high investor sentiment, asset managers will favor the
idea of seizing investment opportunities. Consequently, successful persuasion will lead investors towards
safer products such as money market or bond funds in low-sentiment markets and towards riskier prod-
ucts, such as equity funds, in high-sentiment markets. Since our sample consists of only equity funds, if
social media activity is used to persuade investors, we would expect Number of Tweets to be more strongly
associated with flows in times of high investor sentiment.

However, when testing for this hypothesis, we need to be aware of a potential confounder. Market
sentiment may correlate with a higher fraction of purchases coming from retail investors and that retail
investors are generally more sensitive to social media activity. Therefore, we need to control for both our

Retail dummy and its interaction with Number of Tweets.

17We have also identified individual funds that have recently benefitted the most (top tercile of flows in their family) when
their asset management companies have tweeted a lot (top tercile of the Number of Tweets distribution). We jhave found no
evidence that a higher Number of Tweets in the previous month predicts higher performance for those funds. However, the
performance of those funds, regardless of the Number of Tweets, tends to decline.
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We first test whether flows from retail investors are more responsive to asset management compa-
nies’ tweets. To do this, we regress flows on Number of Tweets, the Retail dummy, the interaction between
these two variables, and controls. The results, reported in Table 16 confirm that net purchases of mutual
funds by retail investors are indeed more sensitive to Number of Tweets. In fact, once we include the inter-
action between Retail and Number of Tweets, the main effect of Number of Tweets is no longer significant,
which suggests that the influence of social media on mutual fund flows is driven by retail investors.

Having confirmed the higher sensitivity of retail investor flows to tweets, we test whether the link
betwen Number of Tweets and Flows is stronger in times of high market sentiment, controlling for the
retail dummy and its interaction with Number of Tweets. The results are shown in Table 17. First, we
regress flows on only the Sentiment measure of Baker and Wurgler (2006).!® The coefficient on Sentiment
is not significant. In column (2) we include Number of Tweets and its interaction with Sentiment and
find that only the coefficient on the interaction is positive and statistically significant (at the 10% level).
In column (3), we repeat the analysis replacing Number of Tweets with the number of Positive Tweets,
which we would expect to be the most persuasive in times of high investor sentiment. In this case, both
the coefficient on Positive Tweets and its interaction with Sentiment are positive and significant. These
results confirm that Twitter activity is more effective in times of high market sentiment.

If we add the Retail dummy and its interaction with Number of Tweets (column 4), we find that
the coefficient on the interaction between Number of Tweets and Sentiment does not change substantially
and retains its significance. When we repeat the analysis replacing the number of tweets with the number
of positive tweets, we reach similar conclusions. Therefore, the increased link between social media activ-
ity and flows during times of high investor sentiment does not seem to be driven by more retail investor
activity during those periods.

Taken together, the results in this section do not support that asset management firms use social
media to reduce search costs for their funds. They do not support, either, the hypothesis that Twitter
activity by fund families draws investors’ attention towards their funds. We also find no evidence that
asset management companies use social media to convey private performance-relevant information to in-
vestors. However, the results seem consistent with asset managers using social media to persuade investors

by creating uninformative messages that attract flows and slow withdrawals.

18We download from Jeffrey Wurgler’s website a measure of investor sentiment based on the first principal component of
five sentiment proxies as well as a different measure, where each of the proxies has first been orthogonalized with respect to a
set of six macroeconomic indicators.
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& (CONCLUSIONS

We unveil Twitter as a novel channel for attracting flows to mutual funds. Asset management companies’
social media communications predict subsequent flows of money to their equity funds. This association be-
tween social media activity and future flows is not explained by social media activity being correlated with
fund families’ marketing efforts. Instead, social media strategies are distinct from marketing strategies al-
though both strategies reinforce each other. Social media in asset management is not merely a vehicle for
customer service or for reiterating public announcements, either. Our high-frequency analysis exploiting
ETF trade data gives credence to the idea that that tweets themselves impact investor decisions.

An analysis of inflows and outflows does not support a search cost or an attention mechanism driv-
ing our results. The fact that tweets have not predictive ability with respect to future performance also
suggests that asset managers do not use social media to alleviate information asymmetries.

Instead, our results support the persuasion hypothesis. Tweets, particularly those with a more
positive tone, attract more money from investors to equity funds. Tweets are most effective for retail
investors and when investor sentiment is higher, consistently with asset managers creating uninformative

managers to reinforce investors’ perceptions of increased opportunities in capital markets.
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Figure 1: Evolution of the number tweets by all fund families through time. The figure shows the number
of tweets posted by all fund families per month. The solid black line shows the total number of tweets.
The dashed, doted, and dot-dashed lines represent the number of tweets classified as positive, negative,
and neutral respectively.
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Figure 2: First topic estimated using LDA. The topic corresponds to lemmas commonly used in tweets
providing market commentary.
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Figure 3: Second topic estimated using LDA. The topic corresponds to lemmas commonly used in tweets
providing customer service.
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Figure 4: Third topic estimated using LDA. The topic corresponds to lemmas commonly used in tweets
providing financial advice.
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Northern Trust
@NorthernTrust
Robust growth is a challenge in #India, #Brazil and #Indonesia, says our

Chief Economist: bit.ly/Gzywvf

9:33PM- Oct 11,2013

Figure 5: Example of a tweet classified as negative with a score of 0.994. The tweet was written by asset
management company Northern Trust (@NorthernTrust) on October 1 2013.

PIMCO
@PIMCO

The U.S. labor market is one reason for PIMCO’s solid growth outlook for
the year ahead pim.co/vzehk

U.S. LABOR MARKET HEALTH IS STRONG

Most labor market indicators
show little sign of slack.

v

Better than recesdmmyl’ Better than pre-2008 average
wo‘m@mmmnmmanmmm
PIMCO

4:05PM - May 26, 2018

Figure 6: Example of a tweet classified as positive with a score of 1. The tweet was written by asset man-
agement company PIMCO (@QPIMCO) on May 26, 2018.
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361 Capital, a division of Hamilton Lane

501 @361Capital

$SPX +0.4% to new ATH

German IFO 92.6 bte to Feb high
July New Home Sales 901Kk bte,

and supply falls to 4.0 months.
Richmond Fed Mfg +18 bte

Aug Cons Conf 84.8 wte

Bonds fall: T econ data + 1T supply
Best: Oil, Ag, EM, $QQQ, Ind Metals
Worst: Energy, Utes, Bonds, US$

10:41 PM - Aug 25, 2020

Figure 7: Example of a tweet with topic loadings of 0.99 for market commentary, 0.0 for customer service
and 0.0 for financial advice.
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L TIAA
 @TIAA

One of the cheapest times to #travel is weeks away. Visit
#MyRetirement for tips on travel deals in #retirement bit.ly/1yAgFNu

11:01 PM - Nov 20, 2014

Figure 8: Example of a tweet with topic loadings 0.01 for market commentary, 0.98 for customer service
and 0.0 for financial advice.

UMB Bank

@UMBBank
A5: Know if your HDHP is HSA-qualified otherwise you will have a high
deductible without the benefit of putting tax-free money away to help

pay for current and future medical expenses. #HSAsHelp
#HSAsHelpChat

7:21 PM - Oct 15, 2019

Figure 9: Example of a tweet with topic loadings 0.13 for market commentary, 0.07 for customer service
and 0.79 for financial advice.
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Figure 10: Evolution of Tweets by Topic.
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Table 1: Descriptive Statistics, Fund and Fund Family characteristics

This table contains summary statistics of fund and fund family characteristics for two samples. The first sample, Twitter Subsample, consists of fund
families managing U.S. equity funds that have tweeted at least once from January 2009 to December 2020. The Full Sample includes all families
managing U.S. equity funds in the same period. The first set of rows show descriptive statistics for variables computed at the fund-month level, while
the second set of rows show descriptive statistics for variables computed at the fund family level. Average front (back) loads are the average of loads
charged by the fund across all investment (redemption) intervals. The tenure is computed as the number of months that the manager has been
consecutively in office in months. Flows to the same category in percentage is computed as the flows to all funds in the same Lipper investment
classification excluding the instantaneous fund. All remaining variables are defined in Section (2).

Twitter Subsample Full Sample
Variable mean median _ s.d. pl P99 N [ mean median  s.d. pl P99 N
Fund Level
Positive Tweets 22.07 2.22 51.73  0.00 256.48 530921
Negative Tweets 1.97 0.13 3.58 0.00  16.28 530921
Neutral Tweets 13.41 2.00 21.74 0.00 94.00 530921
Total Tweets 59.88  24.00 93.92 0.00 405.00 530921
Flows (%) -0.39  -0.60 5.66 -18.33 18.65 525906 -0.39  -0.60 5.66 -18.33 18.65 525906
Age (months) 161.18 139.00 120.35 31.00 709.00 530921| 161.18 139.00 120.35 31.00 709.00 530921
Expense Ratio 0.01 0.01 0.01 0.00  0.02 530921| 0.01 0.01 0.01 0.00  0.02 530921
Total Net Assets (USD millions) | 892.29 149.40 3383.27 15.70 13358.40 530921| 892.29 149.40 3383.27 15.70 13358.40 530921
Average Front Load 0.04 0.04 0.00 0.02 0.05 104472 0.04 0.04 0.00 0.02 0.05 104472
Average Back Load 0.01 0.01 0.01 0.00  0.02 57547 | 0.01 0.01 0.01 0.00  0.02 57547
Turnover 0.71 0.47 1.99 0.00  4.81 530921| 0.71 0.47 1.99 0.00  4.81 530921
Tenure (months) 104.82  94.00 62.62 10.00 290.00 465801| 104.82 94.00 62.62 10.00 290.00 465801
Flow to Same Category (%) -0.14  -0.32 1.19  -2.61 4.22 525897 -0.14  -0.32 1.19  -2.61 4.22 525897
Fraction of Positive Tweets 0.49 0.46 0.22 0.00 1.00 296900, 0.49 0.46 0.22 0.00 1.00 296900
CAPM alpha (%) -0.15  -0.15 212  -5.82 5.9 530921 -0.15  -0.15 212 -5.82  5.59 530921
Fund Family Level
Positive Tweets 9.08 0.00 29.04 0.00 131I.50 22839
Negative Tweets 1.26 0.00 3.36 0.00 16.90 22839
Neutral Tweets 8.38 0.00 19.73  0.00 93.00 22839
Total Tweets 29.50 1.00 69.59 0.00 318.00 22839
Flows (%) -0.01 -0.01 0.07 -0.13 0.16 22757 | -0.00 -0.01 0.15 -0.14 0.18 65277
Age (months 348.30 246.00 293.52 32.00 1075.00 22839 | 264.22 203.00 231.69 31.00 1035.00 65677
Volatility (% 4.47 4.06 2.23 1.05 11.72 22839 4.50 4.08 2.25 0.92 11.47 65677
Funds with Loads (%) 92.99 100.00 13.03 41.18 100.00 22839 | 94.50 100.00 12.93 48.28 100.00 65677
Expense Ratio 0.01 0.01 0.00 0.00 0.02 22839 | 0.01 0.01 0.00 0.00  0.02 65677
Avg. CAPM alpha 12 months (%)| -0.00  -0.00 0.01 -0.02 0.02 22839 | -0.00 -0.00 0.01 -0.02 0.02 65677
Number of Funds 25.69 6.00 45.17  1.00 199.00 22839 | 16.03 2.00 77.25 1.00 150.00 65677
Number of Investment Categories | 6.45 4.00 6.74 1.00 28.00 22839 | 3.98 2.00 5.21 1.00 25.00 65677
Total Net Assets (USD millions) |21799.40 1578.10 82152.02 17.60 4.8e+05 22839 |11296.54 390.20 62090.32 16.50 2.1e+05 65677
Unique fund families 269 848




ov

Table 2: Determinants of Twitter Activity

This table shows estimation results for regressions of Twitter activity on family characteristics. Columns (1) to (3) provide results of running a
regression of a dummy variable that equals 1 if a fund family tweets at least once in a month on lagged fund family characteristics. Finally columns (4)
to (6) regress the logarithm of one plus the number of tweets posted by a fund family in a given month on fund family characteristics lagged one month
only for fund families that tweet at least once in our sample. Standard errors clustered at the month level are presented in columns (1) to (6). Finally,
*ak % and * denote statistical significance at the 1%, 5%, and 10% significance level, respectively.

Number of Tweets > 0 log(1+Number of Tweets)

1) (2) 3) (4) (5) (6)
log(TNA (USD millions)) 0.023*** 0.120%**
(0.002) (0.013)
log(Number of Funds) 0.034*** -0.025
(0.004) (0.019)
log(Number of Inv. Categories) 0.043%** -0.067***
(0.004) (0.024)
log(1+Age (months)) -0.063***  _0.062*%** -0.061*** -0.152*¥** .0.074 -0.065
(0.009) (0.009) (0.009) (0.052) (0.049) (0.049)
Avg. CAPM alpha 12 months (%) 0.643*** 0. 757FF*  (Q.757**¥*  2.972%¥Fk  Z 501*F**  3.436%**
(0.222) (0.219) (0.219) (1.081) (1.135) (1.130)
Expense Ratio -0.186 -0.870* -1.185**  5.176 -2.873 -3.122
(0.494) (0.480) (0.492) (4.676) (4.599) (4.554)
Volatility (%) -0.010%**  -0.010*%** -0.010*** -0.063*** -0.064*** -0.065***
(0.001) (0.001) (0.001) (0.010) (0.010) (0.010)
Observations 64706 64706 64706 22591 22591 22591
Adjusted R? (%) 68.65 68.62 68.62 70 69.91 69.91
Time FE Yes Yes Yes Yes Yes Yes
Fund Family FE Yes Yes Yes Yes Yes Yes
Sample Full Full Full Twitter Twitter Twitter



Table 3: Twitter Activity and Flows

This table shows estimation results for regressions of mutual fund flows in percentage points on the num-
ber of tweets, the logarithm of one plus the number of tweets, and control variables. Standard errors clus-
tered at the month, fund family, and month-fund family level, are shown in parentheses. All variables

are defined in Section (2). Finally *** ** and * denote statistical significance at the 1%, 5%, and 10%
significance level, respectively.

(1) (2) ®3) (4) () (6)

Number of Tweets (1,000) 0.50%*** 0.49***
(0.16) (0.16)
log(1+Number of Tweets (1,000)) (0.69;‘** (0.67;‘**
0.21 0.21
Low OAR 0.33%** (.33*** (.33***
(0.03)  (0.03) (0.03)
Mid OAR 0.67**%*  0.67*** (.67***
(0.02)  (0.02) (0.02)
High OAR 0.79%** (.79%** (. 79***
(0.04)  (0.04) (0.04)
Low Rank 2. 73¥KK 9 qRAK Q pRHK
(0.23)  (0.23)  (0.23)
Mid Rank LO7T**¥*  1.67F** 1.67***
(0.06) (0.06)  (0.06)
High Rank 8.42%** R 42FFK R 4oHH*
(0.43) (0.43) (0.43)
log(TNA (USD millions)) -0.64%F* _0.64%** _0.64F** -0.65%** -0.65%** -0.65***
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Expense Ratio 5.08%*%  5.06** 5.03** 5.27FF 525%F 522%*
(2.36) (2.34) (2.34) (2.46) (2.45) (2.44)
Volatility (%) -0.88¥F* _Q RTHHK _Q Q7F*K R 0FF* 7. 99¥F*k T ggFHk
(1.14) (1.14) (1.19) (1.13) (1.13)  (1.13)
Family Age (log) -0.20%*%  -0.20** -0.20*%* -0.21** -0.21** -0.21**
(0.09) (0.09) (0.09) (0.09) (0.09) (0.09)
Fund Age (log) S1.90%F* 1 .8Q*H* _] OF*K ] gaFFk* ] gq¥Fkk _] ggrEk
(0.10)  (0.10) (0.10) (0.10) (0.10) (0.10)
Family Size (log) 0.27%* .27k .27k (. 28%HK . 28%HF (. 28%**
(0.05)  (0.05) (0.05) (0.05) (0.05) (0.05)
Past Flows 0.14%*%*  0.14**%* (0.14%** (0.15%** (.15%** (.15%**
(0.01) (0.01 (0.01) (0.01) (0.01) (0.01)
Flow to Same Category (%) 0.447%%*  (.44%F* (. 447K (. 43%0F  0.43%H0F .43%**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Constant 10.87*** 10.82*** 10.81*%** 10.31*** 10.26*** 10.25***
(0.90)  (0.90) (0.90) (0.90) (0.90)  (0.90)
Observations 453572 453572 453572 453599 453599 453599
Adjusted R? (%) 13.21 13.22 13.22 13.16 13.17 13.17
Time FE Yes Yes Yes Yes Yes Yes
Inv. Category FE Yes Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes Yes
Fund Family FE Yes Yes Yes Yes Yes Yes
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Table 4: Twitter Activity and Flows (alternative specification)

This table shows estimation results for regressions of mutual fund flows in percentage points on the num-
ber of tweets, the logarithm of one plus the number of tweets, and control variables. Standard errors clus-
tered at the month, fund family, and month-fund family level, are shown in parentheses. All variables

are defined in Section (2). Finally *** ** and * denote statistical significance at the 1%, 5%, and 10%

significance level, respectively.

(1) (2) ®3) (4) () (6)

Number of Tweets (1,000) 0.45%*** 0.45***
(0.16) (0.16)
log(1+Number of Tweets (1,000)) 0.63*** 0.63***
(0.21) (0.21)
Low OAR 0.32%%%  (0.32%%* (),32%**
(0.03)  (0.03) (0.03)
Mid OAR 0.65%F*%  0.65%** 0.65***
(0.02) (0.02) (0.02)
High OAR 0.81HFFF (.81%** (.81***
(0 04) (0.04) (0.04)
Low Rank 2. 69*** 2.69%FF 2 69*H*
(0.23)  (0.23)  (0.23)
Mid Rank 1.66***  1.66*** 1.66%**
(0.06) (0.06)  (0.06)
High Rank N N ol W ¢ ol
(0.43) (0.43) (0.43)
log(TNA (USD millions)) -0.67FFF 0.67FFF ~0.67*F*FF -0.68%** -0.68*** -0.68%**
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Expense Ratio 4.16* 4.11% 4.08* 4.59% 4.54%* 4.51%
(2.23)  (2.22) (2.21) (2.36) (2.34) (2.34)
Volatility (%) -21.84%HK.2] TEHHH-21. TEH**_17.48%**_ 17 40FF*-17 40%**
(1.83) (1.83) (1.82) (2.04) (2.03) (2.03)
Family Age (log) -0.18%*  -0.18%* -0.18*%* -0.19*%* -0.19%* -0.19**
(0.09) (0.09) (0.09) (0.09) (0.09) (0.09)
Fund Age (log) S1.84%HK ] 84K ] g4NHKK ] REFHFK _1.86%FF -1.86%**
(0.11)  (0.11) (0.11) (0.11) (0.11) (0.11)
Family Size (log) 0.23%F% (.23%¥% (.23%** (.24%** (. 24%F*F (. 24%H*
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05)
Past Flows 0.147%8% Q. 14%#% (. 14%** (. 14%** (. 14%%F (. 14%H*
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Constant 11.57*** 11.52%** 11 51FFF 10.76%** 10.71*** 10.70%***
(0.92)  (0.92) (0.92) (0.92) (0.92) (0.92)
Observations 453499 453499 453499 453499 453499 453499
Adjusted R? (%) 14.09 14.09 14.09 14.05 14.05 14.05
Time FE No No No No No No
Inv Category FE No No No No No No
und F Yes Yes Yes Yes Yes Yes
Fund Famll FE Yes Yes Yes Yes Yes Yes
Time FE x Inv Category FE Yes Yes Yes Yes Yes Yes
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Table 5: Twitter Tone and Flows

This table shows estimation results for regressions of mutual fund flows in percentage points on the number of
psoitive and non positive (neutral 4+ negative) tweets, and control variables. Lagged Flows are computed equiva-
lently in the last month, last three, last six, and last twelve months. Standard errors clustered at the month, fund
family, and month-fund family level, are shown in parentheses. All variables are defined in Section (2). Finally
*xx k% and * denote statistical significance at the 1%, 5%, and 10% significance level, respectively.

(1 (2) ®3) (4)

Positive Tweets (1,000) 1.09%** 1.01%%*
(0.35) (0.34)
Non-Positive Tweets (1,000) -1.70%* -1.52%%
(0.72) (0.72)
Low OAR 0.33%** (.33***
(0.03)  (0.03)
Mid OAR 0.67*** 0.66***
(0.02) (0.02)
High OAR 0.79%** (.79%**
(0.04)  (0.04)
Low Rank 2.73¥**  Q 7IHA*
(0.23)  (0.23)
Mid Rank 1.67F** 1.66%**
(0.06)  (0.06)
High Rank 8.42%F* 8 40***
(0.43) 0.43)
log(TNA (USD millions)) -0.64%** _0.64*** _0.65*** -0.65%**
(0.03)  (0.03) (0.03) (0.03)
Expense Ratio 5.08%*  5.22%F 527k  5.39%*
(2.36) (2.37) (2.46) (2.47)
Volatility (%) -0.88%** _Q O*** _8.00*** -7.93***
(1.14)  (1.14) (1.13) (1.13)
Family Age (log) -0.20%*%  -0.20** -0.21*%* -0.21**
(0.09) (0.09) (0.09) (0.09)
Fund Age (log) -1.90%HK ] 8YHHH ] gk ] g3HAH
(0.10)  (0.10)  (0.10)  (0.10)
Family Size (log) 0.27HFF Q.27%FF (.28%** (.28%***
(0.05)  (0.05) (0.05) (0.05)
Past Flows 0.14%*%* (0.14%*%* (.15%** (.15%**
(0.01) (0.01) (0.01) (0.01)
Flow to Same Category (%)  0.44%** (.44*** (.43%*** (.43%**
(0.01) (0.01) (0.01) (0.01)
Constant 10.87*** 10.86*** 10.31*** 10.30***
(0.90)  (0.90)  (0.90)  (0.90)
Observations 453572 453572 453599 453599
Adjusted R? (%) 13.21 13.22 13.16 13.17
Time FE Yes Yes Yes Yes
Inv. Category FE Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes
Fund Family FE Yes Yes Yes Yes
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Table 6: Twitter Tone, Topics, and Flows

This table shows estimation results for regressions of mutual fund flows in percentage points on the number of
positive and non-positive (neutral+negative) tweets that are classified as market commentary, customer service
or financial advice. Control variables are defined in Section (2). Standard errors, clustered at the month-family
level, are shown in parentheses. Finally *** ** and * denote statistical significance at the 1%, 5%, and 10%
significance level, respectively.

n @ 6
Positive Tweets (Market Commentary) (1,000) (2.52;‘**
0.68
Non-Positive Tweets (Market Commentary) 1000 (—6.98)***
2.00
Positive Tweets (Customer Service) (1,000) (3.19;’<
1.89
Non-Positive Tweets (Customer Service) 1000 (—8.88)
7.08
Positive Tweets (Financial Advice) (1,000) (9.08)
9.71
Non-Positive Tweets (Financial Advice) 1000 —(11.2{))
9.24
Low OAR 0.40%F*%  0.40%**  (0.40***
(0.09)  (0.09)  (0.09)
Mid OAR 0.66***  0.66™** 0.66***
(0.08)  (0.08) (0.08)
High OAR 0.78%** (.78%4% (. 79%**
(0.10)  (0.10)  (0.10)
log(TNA (USD millions)) -2.19%F% 2 19%k 9 gk
0.25)  (0.25)  (0.25)
Expense Ratio 12.65 12.59 12.38
(10.23) (10.24) (10.21)
Volatility (%) -8.80*  -8.96*  -8.97*
(5.01)  (5.01) (5.01)
Family Age (log) -0.05 -0.08 -0.08
(0.23)  (0.23) (0.23)
Fund Age (log) -1.046% _1.06%** 1,07
(0.20)  (0.29)  (0.29)
Family Size (log) 0. 85*** 0.86%** 0.86%**
(0.23) (0.23)  (0.23)
Past Flows 0. 13*** 0.13%%% (. 13%**
(0.01)  (0.01) (0.01)
Flow to Same Category (%) 0.53***  0.53%4* (.52%**
(0.04)  (0.04)  (0.04)
Constant 8.21¥¥¥ 8 7HHK 8 QK
(2.86) (2.87) (2.85)
Observations 452509 452509 452509
Adjusted R? (%) 1.75 1.74 1.75
Time FE Yes Yes Yes
Inv. Category FE Yes Yes Yes
Fund FE Yes Yes Yes
Fund Family FE Yes Yes Yes
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Table 7: Twitter Tone, Consistency of Information, and Flows

This table shows estimation results for regressions of mutual fund flows for one, three, six, and twelve months

in percentage points on the number of tweets, the consistency of Twitter communications, and control variables.
Consistency(+) is a dummy variable that takes the value of one if at month ¢ — 1 the fund family tweets more posi-
tive than negative tweets, and at month ¢ the OAR of the fund is positive. Consistency(—) is a dummy variable
that takes the value of one if at month ¢ — 1 the fund family tweets more negative than positive tweets, and at
month ¢ the OAR of the fund is negative. Consistency is defined as Consistency(+) + Consistency(—). Deception
is a dummy variable that takes the value of one if at month ¢ — 1 the fund family tweets more positive than neg-
ative tweets, and at month ¢ the OAR of the fund is negative. Lagged Flows are computed equivalently in the
last month, last three, last six, and last twelve months. Standard errors, clustered at the month, fund family, and
month-fund family levels are shown in parentheses. All variables are defined in Section (2).*** ** and * denote
statistical significance at the 1%, 5%, and 10% significance level, respectively.respectively.

(1) (2) 3)
Number of Tweets (1,000) 0.67*  0.67*  0.78**
(0.38)  (0.38)  (0.38)

Consistency 0.21%*
(0.11)
Consistency(+) 0.21*
(0.11)
Consistency(—) 0.10
(0.18)
Deception -0.26**
(0.12)
Low OAR 0.41*%*%  (0.41%%* (.42%%*
(0.09) (0.09) (0.09)
Mid OAR 0.56%*%* (.56*** (.53***
(0.12)  (0.12)  (0.11)
High OAR 0. 80*** 0.80*** 0.80***
(0.10 (0.10)  (0.10)
log(TNA (USD millions)) 191K 1gRRE L9 (i
(0.25)  (0.25)  (0.25)
Expense Ratio 12.30 12.29 12.31
(10.17) (10.17) (10.18)
Volatility (%) -9.08% -9.09% -9.09%
(5.01) (5.01) (5.02)
Family Age (log) -0.09 -0.09 -0.06
(0.23) (0.23) (0.23)
Fund Age (log) -1.05%*% _1.05%** _1.05%**
(0.29) (0.29) (0.29)
Family Size (log) 0.87#¥* 0.87*** ().85%**
(0.23) (0.23) (0.23)
Past Flows 0.13*** (0.13%%* (.13***
(0.01) (0.01) (0.01)
Flow to Same Category (%)  0.53%#* (.53*** (.53%**
(0.04) (0.04) (0.04)
Constant 8.21HH* 8 ok R B
(2.87) (2 87)  (2.87)
Observations 452509 452509 452509
Adjusted R? (%) 1.75 1.75 1.75
Time FE Yes Yes Yes
Inv. Category FE Yes Yes Yes
Fund FE Yes Yes Yes
Fund Family FE Yes Yes Yes
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Table 8: Tweets’ Virality, Marketing, and Flows

This table shows estimation results for regressions of mutual fund flows in percentage points on the number of
tweets, the total number of likes plus replies plus retweets across all tweets posted by a family, and two dummies
that indicate if a fund family marketing expenses correspond to the last two terciles of the distribution in a month.
Control variables are defined in Section (2). Standard errors clustered at the month, fund family, and month-fund
family level, are shown in parentheses. All variables are defined in Section (2). Finally *** ** and * denote
statistical significance at the 1%, 5%, and 10% significance level, respectively.

(1) (2) 3)

Number of Tweets (1,000) 0.49%%*  0.37**  -0.37
(0.16)  (0.16)  (0.36)
(Likes + Replies + Retweets) (10,000) (0.03’)"**
0.01
Marketing Expenses Family (T=2) 0.11**  0.09*
(0.05)  (0.05)
Number of Tweets (1,000) x Marketing Expenses Family (T=2) (0.75)
0.50
Marketing Expenses Family (T=3) 0.27%%% (. 21%K*
0.07)  (0.08)
Number of Tweets (1,000) x Marketing Expenses Family (T=3) (1.00’)“*
0.41
Low OAR 0.33*%**  (.33%*k* (). 33%**
(0.03)  (0.03)  (0.03)
Mid OAR 0.66™**  0.67***  0.67***
(0.02)  (0.02)  (0.02)
High OAR 0.79%**  0.79%k* (. 79%**
(0.04)  (0.04)  (0.04)
log(TNA (USD millions)) -0.647FFF  -0.64%**  -0.64***
(0.03)  (0.03)  (0.03)
Expense Ratio 5.06** 5.05%* 5.14**
(2.34) (2.34) (2.35)
Volatility (%) SQ.87HRE g gORHK g T
(1.14)  (1.14)  (1.14)
Family Age (log) -0.20%%  -0.21%*F  -0.20**
(0.09)  (0.09)  (0.09)
Fund Age (log) -1.89HFF 1. 89FH* ] .89FH*
(0.10)  (0.10)  (0.10
Family Size (log) Q.27 Q27K (270K
(0.05)  (0.05)  (0.05
Past Flows 0.147%%%  (Q.14%%% (. 14%H0%
(0.01)  (0.01)  (0.01
Flow to Same Category (%) 0.44%FF% 0.44%%*  (.44%**
(0.01)  (0.01)  (0.01)
Constant 10.82%#*  10.77HFF*  10.76%H*
(0.00)  (0.89)  (0.89)
Observations 453572 453572 453572
Adjusted R? (%) 13.22 13.22 13.22
Time FE Yes Yes Yes
Inv. Category FE Yes Yes Yes
Fund FE Yes Yes Yes
Fund Family FE Yes Yes Yes
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Table 9: Twitter Activity, Fundamental Information, and Flows

This table shows estimation results for regressions of mutual fund flows in percentage points on the number of
tweets, three variables that reflact changes in fundamentals and control variables. Change Family is a dummy
variable that takes the value of one if there is a change in the variable mgmt_cd in CRSP between two consecutive
months, Change Manager is a dummy variable that takes the value of one if there is a change in the variable
mgr_name in CRSP between two consecutive months accounting for team managed funds and non-alphanumeric
characters. Top Quintile OAR is a dummy variable that takes the value of one if the fund’s OAR is in the top
quintile of the OAR distribution. Control variables are defined in Section (2). Standard errors clustered at the
month, fund family, and month-fund family level, are shown in parentheses. All variables are defined in Finally ***,
** and * denote statistical significance at the 1%, 5%, and 10% significance level, respectively.

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

Number of Tweets (1,000) 0.51%** 0.50%** 0.51%**
(0.16) (0.16) (0.16)
Change Family -0.15 -0.15
(0.20)  (0.20)
Change Manager -0.21%%% (0,21 %F*

—~
sl
s}
BN

~—

—~
sl
s}
BN

~

Top Quintile OAR 0.13%%* (. 13%%*
(0.04) (0.04)
Low OAR 0.33%**  (0.33%**  (.33%¥F*  (.33*¥FF  (.34%*F*F  (.34*F**
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Mid OAR 0.67**F%  0.67**F  0.67***  0.67F**  (0.62%¥F*  (.62%**
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
High OAR 0.79%**  (0.79%** (. 79%k* (.79¥F* (. 72¥Fk (. 72F¥*
(0.04) (0.04) (0.04) (0.04) (0.05) (0.05)
log(TNA (USD millions)) -0.64%%%F  L0.64%FF  _0.64%FF  _0.64%FF  _0.64%FF  -0.64***
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Expense Ratio 5.08%* 5.06** 5.09%* 5.06** 5.12%* 5.09%*
(2.36)  (2.34)  (2.36)  (2.35)  (2.37)  (2.35)
Volatility (%) S0, 88F*K g gTHKK Q9 ROFHKK  _Q RR¥HKK g 7k _g TokHK
(1.14) (1.14) (1.14) (1.14) (1.14) (1.14)
Family Age (log) -0.20%%  -0.20%*  -0.20**  -0.20%*  -0.20%*  -0.20**
(0.09) (0.09) (0.09) (0.09) (0.09) (0.09)
Fund Age (log) -1.90%H%  1.89%*%  _1.00***  _1.89%HK 1 90k _1.90%H*
(0.10) (0.10) (0.10) (0.10) (0.10) (0.10)
Family Size (log) 0.27F%% Q. 27FFF Q. 2TFF*x  (.27FFF  .27FFF  (.27F*F
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05)
Past Flows 0.14%*%*  0.14%*%*  0.14%%*  0.14%*F*  (0.14***  (0.14***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Flow to Same Category (%) 0.44%F% 0.44%FF Q44706 0.44%*F  0.44%** (.44%F*
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Constant 10.87*F%*  10.82%** 10.87*** 10.82*** 10.92*** 10.86***
(0.90) (0.90) (0.90) (0.90) (0.90) (0.90)
Observations 453572 453572 453572 453572 453572 453572
Adjusted R? (%) 13.21 13.22 13.22 13.22 13.22 13.22
Time FE Yes Yes Yes Yes Yes Yes
Inv. Category FE Yes Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes Yes
Fund Family FE Yes Yes Yes Yes Yes Yes
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Table 10: High Frequency Analysis: Twitter Tone

This table presents OLS estimates for the impact of the sentiment of tweets posted by fund families in our sample on their ETFs’ price changes. In all
regressions the dependent variable Ap is the log change in the ETF’s price between the last trade of the [—15, —5] minute window and the first trade in the
time window presented in parenthesis in every column. Price changes are winsorized at the 1% level and are expressed in basis points. Vader Sentiment is
defined in the interval [—1, 1]. Standard errors clustered at the fund, month, and fund-month levels are presented in parenthesis. Finally *** ** and * denote
statistical significance at the 1%, 5%, and 10% significance level.

(1) (2) (3) (4) () (6) (7) (8)
Ap(5,15)  Ap(15,25)  Ap(25,35) Ap(35,45) Ap(45,55) Ap(55,65) Ap(65,75)  Ap(75,85)
Vader Sentiment 0.09%* 0.20%** 0.40%** 0.65%** 0.51%** 0.27%%* 0.19* 0.08
(0.04) (0.05) (0.06) (0.08) (0.09) (0.09) (0.10) (0.11)
Constant -0.17F** -0.23%** -0.20%** -0.16%** -0.12%** -0.25%** -0.28%*** -0.20***
(0.02) (0.02) (0.03) (0.04) (0.04) (0.05) (0.05) (0.06)
Observations 1789392 1756007 1723952 1672237 1669693 1625233 1547799 1516605
Adjusted R? (%) .07 .07 .07 .07 .07 .07 .07 .07
Fund FE Yes Yes Yes Yes Yes Yes Yes Yes

Table 11: High Frequency Analysis: Positive and Negative Tweets

This table presents OLS estimates for the impact of the sentiment of tweets posted by fund families in our sample on their ETFs’ price changes. In all
regressions the dependent variable Ap is the log change in the ETF’s price between the last trade of the [—15, —5] minute window and the first trade in the
time window presented in parenthesis in every column. Price changes are winsorized at the 1% level and are expressed in basis points. Vader Positive is
defined as the Vader Sentiment if it is positive and zero otherwise. Vader Negative is defined as the negative of the Vader Sentiment if it is negative and
zero otherwise. Standard errors clustered at the fund, month, and fund-month levels are presented in parenthesis. Finally *** ** and * denote statistical
significance at the 1%, 5%, and 10% significance level.

(2) 3) (4) (5) (6) (7) ®)

5,25)  Ap(25,35) Ap(35,45) Ap(45,55) Ap(55,65) Ap(65,75)  Ap(75,85)

Vader Positive 0.48%%% 0.39%%* 0.547%%% 0.75% 0.52%%% 0.12 0.08 0.03

(0.04) (0.06) (0.07) (0.09) (0.10) (0.11) (0.12) (0.13)
Vader Negative 1.03%** 0.327%* 0.01 -0.37* -0.49%* -0.70%** -0.49* -0.25

(0.11) (0.15) (0.18) (0.21) (0.23) (0.26) (0.28) (0.31)
Constant -0.34%FF (.31 %k -0.26%** (.21 % -0. 135 -0.19%** -0.23 %% (. 17%%*

(0.02) (0.03) (0.03) (0.04) (0.04) (0.05) (0.06) (0.06)
Observations 1789392 1756007 1723952 1672237 1669693 1625233 1547799 1516605
Adjusted R? (%) .08 .07 .07 .07 .07 .07 .07 .07

Fund FE Yes Yes Yes Yes Yes Yes Yes Yes



Table 12: Twitter Activity, Inflows and Outflows

This table shows estimation results for regressions of residual inflows and residual outflows (both in %) on the number of tweets and fund performance. In a
first stage (not reported) Inflows (Out- flows) are regressed on 12 lags of the variable and controls: Size, Flows to the same category, Volatility, Expense Ratio,
Age, one-month lagged flows to the fund, Family size, and Family age. In a second stage (not reported) we regress Inflows (Outflows) on the fitted values of
Ouflows (Inflows) estimated in the first stage. Fitted residuals from the regression are then regressed on the number of tweets and the performance variables.

67

OLS robust standard errors are presented in parentheses. *** ** and * denote statistical significance at the 1%, 5%, and 10% significance level, respectively.
Inflows Outflows
(1) (2) (3) (4) (5) (6) (7) (8)
Number of Tweets (1,000) 2.51*%%  -2.61 2.35* 1.62 -1.49%*%* 546 -1.47%*%* _10.89***
(1.22)  (2.63)  (1.20)  (2.10)  (0.56)  (4.23)  (0.56)  (4.20)
x Low OAR -1.88 8.57*
(1.97) (4.57)
x Mid OAR 3.92 -0.17
(2.68) (1.04)
» High OAR 5.25% 1.14
(2.27) (1.12)
x Low Rank -19.67 50.17**
(20.29) (23.80)
x Mid Rank 15.46 0.01
(11.76) (2:51)
x High Rank -16.99 11.55
(54.85) (12.13)
Low OAR 0.11 0.15 S1.74%%* 1 83**
(0:20)  (0.20) 0.67)  (0.71)
Mid OAR 0.63***  (.54*** -0.04 -0.05
0.17)  (0.12) (0.16)  (0.17)
High OAR 0.55**%*  (.52%*** -0.41%F* (0. 41%**
(017)  (0.18) (0.15)  (0.15)
Low Rank -0.1 0.27 -10.70%%* J11.43%**
(1. 61) (1.56) (3.56)  (3.91)
Mid Rank 2.07F¥* 1 THRH* 0.01 0.00
(0.66)  (0.43) (0.33)  (0.36)
High Rank 1.42 1.88 -5.66**  -5.86**
(3.88)  (3.24) (2.21)  (2.40)
Constant -0.53**  -0.42* -0.61%%*  -0.60**  -1.37%¥F  -1.42*%*  2.00%** 2.13*%**
(024)  (0.22) (0.22)  (0.24)  (0.63) (0.68) (0.62)  (0:68)
Observations 111318 111318 111328 111328 111318 111318 111328 111328
Adjusted R? (%) .02 .02 .02 .02 .05 .05 .03 .03



Table 13: Twitter Activity and Future Fund Performance

Note: This table shows estimation results of regressions of fund’s monthly alpha (in basis points) on the number of
tweets, past performance, and control variables. Columns (1) to (5) use the monthly alpha using the CAPM, Fama
and French 3 Factors, Carhart’s, Fama and French 5 Factors, and Fama and French 5 Factors plus Momentum models.
Retail is a dummy variable that takes the value of one if the fund is classfiied as a retail fund. Standard errors
clustered at the family, month, and family-month levels are presented in parentheses. All variables are defined in
Section (2). Finally *** ** and * denote statistical significance at the 1%, 5%, and 10% significance level, respectively.

(1) @ FF?ggg\/I @ FF(55)M
Q¢—yt41 DD Oéfjtil bp Oét_>t_:_1 bp afjtf)—i-l bp O‘t—>t-:_1 bp
Number of Tweets (1,000) 13.29 12.42 11.70 10.85 11.12
(9.98) (8.90) (8.49) (8.41) (8.00)
Qi3 bp 0.00
(0.01)
af P, bp -0.01
(0.01)
af_@ﬁtM bp -0.01
(0.01)
a2, bp -0.00
(0.01)
o My 0.00
(0.01)
log(TNA (USD millions)) -8.97HHK -10.56%** -10.00%** 7.55%H* ST 447K
(0.99) (0.79) (0.75) 0.74) (0.71)
Expense Ratio 307.34* 366.30* 291.48* 312.03* 274.91%
(181.60) (190.62) (161.91) (162.79 (146.77)
Volatility (%) -205.80 40.06 26.96 207.31 84.66
(199.07) (191.85) (182.80) (188.01) (179.32)
Family Age (log) -6.49* -3.81 -3.83 -4.37 -4.23
(3.84) (3.34) (3.20) 3.15) (3.01)
Fund Age (log) 17.10%** 12.20%** 12.95%** 9.95%** 11.14%%*
(3.38) (2.79) (2.67) (2.61) (2.48)
Family Size (log) -5.16%* -4.14%* -2.93 -2.23 -0.84
(2.84) (2.23) (2.12) (2.08) (1.97)
Flow to Same Category (%) 24 87K 18.97*** 17.33%** 16.38%*** 15.12%#%
(1.17) (1.03) (0.98) (0.90) (0.87)
Retail 1.72 2.47 3.33 1.60 2.81
(3.00) (2.58) (2.45) (2.39) (2.28)
log(Number of Funds) 6.53 3.29 1.82 2.35 1.02
(4.47) (3.74) (3.51) (3.48) (3.26)
Constant 22.80 28.63 17.20 7.71 -3.76
(35.23) (29.73) (28.35) (27.97) (26.49)
Observations 511965 511965 511965 511965 511965
Adjusted R? (%) 9.6 7.04 6.97 6.88 7.04
Time FE Yes Yes Yes Yes Yes
Inv. Category FE Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes
Fund Family FE Yes Yes Yes Yes Yes
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Table 14: Twitter Activity, Fund Characteristics, and Flows

This table shows estimation results for regressions of mutual fund flows in percentage points on the number of
tweets, control variables, and its interactions. Control variables are defined in Section (2). Standard errors clustered
at the month, fund family, and month-fund family level, are shown in parentheses. All variables are defined in
Section (2). Finally *** ** and * denote statistical significance at the 1%, 5%, and 10% significance level.

(1) (2) 3) (4) (5) (6) (7)

Number of Tweets (1,000) 1.08*%*  0.43 1.11%%*  -0.08 S2.57FFE 3.42% .57k
(0.47) (0.27) (0.30) (1.34) (0.64) (1.98) (0.17)
x log(TNA (USD millions)) (—0.10)
0.07
x Volatility (%) 1.96
(5.89)
x Expense Ratio -63.33%*
(24.60)
x Fund Age (log) 0.11
(0.25)
x Family Size (log) 0.28%**
(0.06)
x Family Age (log) 0.60%*
(0.30)
x Past Flows 0.09**
(0.05)
log(TNA (USD millions)) -0.63FFF _0.64%*F  _0.64*** _0.64%** _0.64FFF _0.64***F -0.64%**
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Low OAR 0.33%** (.33***  (.33*** (.33***  (.33FFF (.33 (.33***
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Mid OAR 0.67*%F 0.67*** 0.66*** 0.67*** 0.66*** 0.66%** 0.66***
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
High OAR 0.79%¥%  Q.79%** (. 79%** (. 79%*x (. 791Kk (. 79Tk (). TQH**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
Expense Ratio 5.08%%  5.04%F  18.41*%** 5.03** 5.23%%  5.14%F  5.07**
(2.35) (2.34) (6.15) (2.34) (2.36) (2.35) (2.34)
Volatility (%) -9.87FFF _10.03%FHFF -9 87FF* 9. 86KH* 9. 8IFF* _Q.8F¥** _g @ik
(1.14) (1.27) (1.14) (1.14) (1.14) (1.14) (1.14)
Family Age (log) -0.20%%  -0.20%F  -0.20%*  -0.20%* -0.19%* -0.21** -0.20**
(0.09 (0.09) (0.09) (0.09) (0.09) (0.09) (0.09)
Fund Age (log) -1.00%HK ] 80K ] gOF*K 1 89K 18X ] 8gHHE 1 90HH*
(0.11) (0.10) (0.10) (0.11) (0.10) (0.10) (0.10)
Family Size (log) 0.27%¥% Q.27F¥*  (.28%¥*  (.27F**  (.26%FF (. 27FFF (.27F**
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)
Past Flows 0.14%%%  0.14%8%  0.14%F%  0.14%F%  0.14%%* 0. 14%8F  0.14%**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01
Flow to Same Category (%) 0.44%%% 0.44%HFF 0.44%FF 0.44%FF  0.44%%%  0.44%FFF  (.44%**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) .01)
Constant 10.84%#% 10.82%*** 10.71*%** 10.81*%** 10.84*** 10.86*** 10.85%**
(0.90) (0.90) (0.90) (0.90) (0.90) (0.90) (0.90)
Observations 453572 453572 453572 453572 453572 453572 453572
Adjusted R? (%) 13.22 13.22 13.22 13.22 13.22 13.22 13.22
Time FE Yes Yes Yes Yes Yes Yes Yes
Inv. Category FE Yes Yes Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes Yes Yes
Fund Family FE Yes Yes Yes Yes Yes Yes Yes
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Table 15: Twitter Activity, Fund Characteristics, and Future Fund Performance

Note: This table shows estimation results of regressions of fund’s monthly alpha (in %) on the number of tweets, past
performance, control variables, and their interactions. Variables with (z) are standardized to have a mean of zero
and a standard deviation of one. Retail is a dummy variable that takes the value of one if the fund is classfiied as a
retail fund. Standard errors clustered at the family, month, and family-month levels are presented in parentheses.
All variables are defined in Section (2). Finally *** ** and * denote statistical significance at the 1%, 5%, and 10%
significance level, respectively.

(1) (2) (3) (4)
Number of Tweets (1,000) 7.72 11.36 14.67 13.40
(10.35)  (9.14)  (9.86)  (9.95)
x Expense Ratio (z) -24.47HF*
(6.83)
x Family Size (log) (z) 4.77
(7.01)
x Family Age (log) (z) -3.57
(9.06)
x Past Flows (z) -1.11
(5.38)
Expense Ratio (z) 6. 71
(1.89)
Q¢—3-¢ DD 0.00 0.00 0.00 0.00
(0.01)  (0.01)  (0.01)  (0.01)
log(TNA (USD millions)) -8.08%H* 8 ggFHE R QG _8.8GFH*
(0.99) (0.99) (1.00) (0.99)
Volatility (%) -206.30  -204.97  -206.21  -209.06
(199.08)  (199.08) (199.06) (199.12)
Family Age (log) -6.71* -6.35%* -6.52%
(3.83) (3.84) (3.84)
Fund Age (log) 16.72%*% 17,1788k 17.05%**  16.23%**
(3.39)  (3.38)  (3.38)  (3.37)
Family Size (log) -5.04%* -5.15% -5.15%
(2.84) (2.84) (2.84)
Flow to Same Category (%) — 24.92%** 24.87#¥%* 24 86*** 24.93%+*
(1.17) (1.17) (1.17) (1.17)
Retail 1.95 1.61 1.79 1.75
(3.01)  (3.00)  (2.98)  (3.00)
log(Number of Funds) 6.55 6.53 6.56 6.40
(4.47)  (447)  (447)  (4.47)
Family Size (log) (z) -9.76*
(5.24)
Expense Ratio 309.13*  306.48*%  311.17*
(181.78)  (181.39) (182.56)
Family Age (log) (z) -4.19*
(2.48)
Past Flows (z) -1.26%%*
(0.45)
Constant 28.01 -31.93 -17.97 27.20
(35.22)  (33.45)  (30.76)  (35.26)
Observations 511965 511965 511965 511965
Adjusted R? (%) 9.61 9.6 9.6 9.61
Time FE Yes Yes Yes Yes
Inv. Category FE Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes
Fund Family FE Yes Yes Yes Yes
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Table 16: Twitter Activity, Investor Sophistication, and Flows

This table shows estimation results for regressions of mutual fund flows in percentage points on the number of tweets,
control variables, and an interaction with a retail dummy. Control variables are defined in Section (2). Standard
errors clustered at the month, fund family, and month-fund family level, are shown in parentheses. All variables are
defined in Section (2). Finally *** ** and * denote statistical significance at the 1%, 5%, and 10% significance level.

(1) (2)
Number of Tweets (1,000) 0.49*** -0.18
(0.16)  (0.24)
Retail 0.18*  0.11
0.07)  (0.07)
Number of Tweets (1,000) x Retail (0.87;‘**
0.26
Low OAR 0.33%%*  (0.33***
(0.03)  (0.03)
Mid OAR 0.67FF*F  0.67***
0.02)  (0.02)
High OAR 0.79%#%  (.79%**
(0.04)  (0.04)
log(TNA (USD millions)) -0.647%FF  -0.64***
(0.03)  (0.03)
Expense Ratio 5.04%%  5.05%*
(2.34)  (2.34)
Volatility (%) 19,8 H% g TR
(114)  (1.14)
Family Age (log) -0.18*  -0.18*
(0.09)  (0.09)
Fund Age (log) -1.89%H% -1.89%**
(0.10)  (0.10)
Family Size (log) 0.28%** () 27w
(0.05)  (0.05)
Past Flows 0.147%%*  (.14%%*
(0.01)  (0.01)
Flow to Same Category (%) 0.44%%%  (.44%%%
(0.01)  (0.01)
Constant 10.53%** 10.60%**
(0.90)  (0.90)
Observations 453572 453572
Adjusted R? (%) 13.22  13.22
Time FE Yes Yes
Inv. Category FE Yes Yes
Fund FE Yes Yes
Fund Family FE Yes Yes
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Table 17: Twitter Activity, Investor Sentiment, and Flows

This table shows estimation results for regressions of mutual fund flows in percentage points on the number of
tweets, control variables, and an interaction with the aggregate orthogonal sentiment variable of Baker and Wurgler
(2006). Control variables are defined in Section (2). Standard errors clustered at the month, fund family, and
month-fund family level, are shown in parentheses. All variables are defined in Section (2). Finally *** ** and *
denote statistical significance at the 1%, 5%, and 10% significance level.

(1) 2) 3) (4) ()
Sentiment (Orthogonalized) 0.10 0.04 0.08 0.08 0.10
(0.11)  (0.11)  (0.11)  (0.11)  (0.11
Retail 0.06 0.09
0.07)  (0.07)
Number of Tweets (1,000) 0.55 -0.25
(0.41) (0.52)
x Sentiment (Orthogonalized) 1.26* 1.18*
(0.67) (0.65)
x Retail 0.92%**
(0.35)
Positive Tweets (1,000) 0.70%* -1.08
(0.30) (0.91)
x Sentiment (Orthogonalized) 1.48* 1.44*
(0.83) (0.86)
x Retail 1.80*
(0.99)
Low OAR 0.35%#%  (.35%**  (.35%Fk  (.35%HK  ().35%**
(0.06)  (0.06)  (0.06) (0.06)  (0.06)
Mid OAR 0.66*** 0.66*** 0.66%** 0.66*** 0.66%**
(0.05)  (0.05) (0.05) (0.05)  (0.05)
High OAR 0.78%¥% (. 78%** (. 78%FF (.78%HF (. 78%**
(0.11)  (0.11)  (0.11)  (0.11)  (0.11)
log(TNA (USD millions)) L0.637H% L0.6FFFE L0.6370F L0.63FFF (.63%*
(0.0 ) (0.07)  (0.07)  (0.07)  (0.07)
Expense Ratio 4.6 4.61 4.70 5.17 5.29
(4. 90) (5.04)  (4.99) (4.87)  (4.83)
Volatility (%) S5.QIRK B g G ROHAK b TR 5 TRk
(1.47)  (1.40)  (1.46)  (1.40)  (1.46)
Family Age (log) 022 -020 020  -020  -0.20
(0.13)  (0.13)  (0.13)  (0.13)  (0.13)
Fund Age (log) -1.92%HK ] g3FHK ] gFHHK D (2K D Q4K
(0.16)  (0.16)  (0.16)  (0.16)  (0.16)
Family Size (log) 0.30%** 0.30%** (0.30%F*F (.28%** (.28%**
(0.10)  (0.10)  (0.10)  (0.11)  (0.11)
Past Flows 0.14%%* 0. 14%FFF  0.14%%*F  0.14%%*  (.14%F*
(0.01)  (0.01) (0.01) (0.01)  (0.01)
Flow to Same Category (%) 0.49%*%  0.49%F%  0.49%F*  0.50%*F*  0.50%**
(0.04)  (0.04) (0.04) (0.04)  (0.04)
Constant 10.60%** 10.64%**% 10.67*** 11.18%** 11.24%**
(1.59)  (1.59) (1.57) (1.61)  (1.63)
Observations 453572 453572 453572 453572 453572
Adjusted R? (%) 13.07  13.08  13.07  13.08  13.08
Time FE No No No No No
Inv. Category FE Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes
Fund Family FE Yes Yes Yes Yes Yes
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